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Abstract (English version) 
 
Verbal deception detection refers to techniques that enable the detection 
of deceptive intentions or deceptive content in written or transcribed 
statements. Nowadays, deception detection remains a well-known and 
unsolved problem with significant implications in various high-stakes 
contexts, including criminal investigations, financial fraud, and decep-
tive behaviors in online platforms. This thesis aimed to research the ex-
tent to which computational methods from artificial intelligence (AI) can 
be leveraged for the automated detection of verbal deception. This re-
search question was addressed by investigating opportunities (Chapters 
2, 3) and challenges (Chapters 3, 4, and 5) for automated verbal decep-
tion detection. 
Chapter 1 presents an overview of automated verbal deception detection 
by systematically reviewing 248 papers and 5,148 machine learning (ML) 
models. Findings revealed that deception detection research is undergo-
ing a technological shift, transitioning from training statistical models on 
low-level features (e.g., word frequency, part-of-speech, word statistics) 
to fine-tuning language models on high-level features (e.g., semantics). 
However, to advance the reliability and applicability of such models in 
real-life contexts, important limitations still concern the establishment of 
a clear ground truth, the investigation of deceptive strategies beyond 
fabrication, and a sufficient out-of-domain generalization performance.  
To further explore the topic of automated verbal deception detection, 
Chapters 2 and 3 investigate its opportunities for automated coding of 
statements and prediction of deception. Specifically, Chapter 2 closely 
compares the performance of naïve judges and expert judges trained on 
Reality Monitoring with that of theory-led and data-driven machine 
learning (ML) models in detecting verbal deception. Findings showed 
that both theory-led (accuracy=69.4%) and data-driven (accu-
racy=77.3%) ML algorithms significantly outperformed naïve (accu-
racy=54.7%) and expert judges (accuracy=59.4%), suggesting that such 
models may represent a valid alternative when psychological manual 
approaches to deception fall short. Chapter 3 builds upon these findings 
and investigates whether fine-tuning a large language model for decep-
tion detection is effective and robust in cross-domain detection (Chapter 
3). Findings revealed that LLMs outperform previous models when 
trained on a single dataset or a combination of them, reaching an accu-
racy of up to 79.31%. However, the accuracy rate dropped dramatically 
to chance level when the model was tested on a novel dataset. These re-
sults revealed that there is not a “universal rule” for deception and that 
previous exposure to deceptive examples is necessary to achieve forms 
of generalization. 
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Conversely, Chapters 4 and 5 provide more critical insights into the chal-
lenges associated with such automated methods. One limitation of pre-
vious studies is that they mostly investigate deception in fabricated 
statements, overlooking that a more ecological form of deception in-
volves the incorporation of deceptive information into truthful state-
ments. This resulting type of deception is known as embedded lies. By 
collecting 2,088 truthful and deceptive statements with annotated em-
bedded lies, findings showed that, this time, a fine-tuned language 
model (Llama-3-8B) could detect embedded lies with 64% accuracy at 
best. Additional findings on individual differences, linguistic properties, 
and explainability analysis revealed that embedded lies pose a signifi-
cant challenge for automated verbal deception detection (and also for 
deception detection in general), due to their incorporation of truthful in-
formation. Finally, with the vision that automated methods may be inte-
grated into real-life settings to aid experts in deception detection, Chap-
ter 5 investigates the extent to which humans would endorse such algo-
rithmic predictions. With only a few available studies on hybrid deci-
sion-making, this chapter developed a behavioral experiment to exam-
ine how humans rely on or reject AI predictions based on varying de-
grees of information about the AI model (i.e., accuracy and confidence). 
Findings showed that the model’s accuracy played a role, as humans fol-
lowed predictions from a highly accurate model more than from a less 
accurate one. Additionally, confidence had an unexpected effect: human 
judgments deviated more from highly confident AI predictions, espe-
cially if the model predicted deception. Ultimately, human interaction 
with algorithmic predictions either hindered the machine’s performance 
or was ineffective. These results on human aversion to AI judgments 
provide practical insights and limitations for future integrations of hu-
man oversight in algorithmic decision-making. 
Altogether, the findings from these five studies contribute to highlight-
ing not only contexts where computational methods clearly outperform 
human performance but also their current methodological, conceptual, 
and practical shortcomings, underscoring the conditions under which 
model application in real-life settings is constrained. 
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Abstract (Dutch version) 
 
Verbale leugendetectie verwijst naar technieken die het mogelijk maken 
om misleidende intenties of misleidende inhoud te detecteren in 
geschreven of getranscribeerde verklaringen. Tegenwoordig blijft leu-
gendetectie een bekend en onopgelost probleem met belangrijke im-
plicaties in verschillende risicovolle contexten, waaronder 
strafrechtelijke onderzoeken, financiële fraude en misleidend gedrag op 
online platforms. Dit proefschrift had tot doel te onderzoeken in 
hoeverre computationele methoden uit de kunstmatige intelligentie (AI) 
kunnen worden ingezet voor de geautomatiseerde detectie van verbale 
misleiding. Deze onderzoeksvraag werd benaderd door zowel de mo-
gelijkheden (Hoofdstukken 2 en 3) als de uitdagingen (Hoofdstukken 3, 
4 en 5) van geautomatiseerde verbale leugendetectie te onderzoeken. 
Hoofdstuk 1 biedt een overzicht van geautomatiseerde verbale leu-
gendetectie door middel van een systematische review van 248 artikelen 
en 5.148 machine learning (ML)-modellen. De bevindingen tonen aan 
dat het onderzoek naar leugendetectie een technologische verschuiving 
doormaakt: van het trainen van statistische modellen op laag-niveau 
kenmerken (bijv. woordfrequentie, woordsoorten, woordstatistieken) 
naar het verfijnen van taalmodellen op hoog-niveau kenmerken (bijv. se-
mantiek). Om de betrouwbaarheid en toepasbaarheid van dergelijke 
modellen in praktijksituaties te verbeteren, blijven echter belangrijke 
beperkingen bestaan, zoals het vaststellen van een duidelijke ‘ground 
truth’, het onderzoeken van misleidingsstrategieën die verder gaan dan 
pure verzinsels, en het behalen van voldoende generaliseerbaarheid 
buiten de trainingscontext. 
Om het onderwerp verder te verkennen, onderzoeken Hoofdstukken 2 
en 3 de mogelijkheden van geautomatiseerde verbale leugendetectie 
voor het automatisch coderen van verklaringen en het voorspellen van 
misleiding. Hoofdstuk 2 vergelijkt specifiek de prestaties van le-
kenbeoordelaars en experts (getraind in Reality Monitoring) met die van 
theoriegestuurde en datagedreven machine learning-modellen bij het 
detecteren van verbale misleiding. De resultaten tonen aan dat zowel 
theoriegestuurde (nauwkeurigheid = 69,4%) als datagedreven (nau-
wkeurigheid = 77,3%) ML-algoritmen significant beter presteren dan le-
ken (nauwkeurigheid = 54,7%) en experts (nauwkeurigheid = 59,4%). Dit 
suggereert dat dergelijke modellen een waardevol alternatief kunnen 
vormen wanneer psychologische handmatige methoden tekortschieten. 
Hoofdstuk 3 bouwt hierop voort en onderzoekt of het verfijnen van een 
groot taalmodel effectief en robuust is voor leugendetectie over verschil-
lende domeinen heen. De bevindingen tonen aan dat LLM’s beter pres-
teren dan eerdere modellen wanneer ze worden getraind op één dataset 
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of een combinatie daarvan, met een nauwkeurigheid tot 79,31%. Wan-
neer het model echter werd getest op een nieuwe dataset, daalde de nau-
wkeurigheid drastisch tot kansniveau. Deze resultaten tonen aan dat er 
geen “universele regel” voor misleiding bestaat en dat eerdere bloot-
stelling aan misleidende voorbeelden noodzakelijk is om generalisatie te 
bereiken. 
Daarentegen bieden Hoofdstukken 4 en 5 een kritischer perspectief op 
de uitdagingen van dergelijke geautomatiseerde methoden. Een beperk-
ing van eerdere studies is dat zij zich voornamelijk richten op verzonnen 
verklaringen, terwijl een meer realistische vorm van misleiding juist 
bestaat uit het verweven van misleidende informatie in waar-
heidsgetrouwe verklaringen. Dit type misleiding staat bekend als ‘em-
bedded lies’. Op basis van 2.088 waarheidsgetrouwe en misleidende 
verklaringen met geannoteerde embedded lies tonen de resultaten aan 
dat een verfijnd taalmodel (Llama-3-8B) deze embedded lies met maxi-
maal 64% nauwkeurigheid kan detecteren. Verdere analyses naar indi-
viduele verschillen, taalkundige eigenschappen en verklaarbaarheid 
laten zien dat embedded lies een aanzienlijke uitdaging vormen voor 
geautomatiseerde (en algemene) leugendetectie, juist omdat zij waar-
heidsgetrouwe informatie bevatten. 
Tot slot onderzoekt Hoofdstuk 5, vanuit de gedachte dat geautoma-
tiseerde methoden in de praktijk experts kunnen ondersteunen, in 
hoeverre mensen dergelijke algoritmische voorspellingen accepteren. 
Met slechts een beperkt aantal studies over hybride besluitvorming 
werd een gedragsexperiment opgezet om te analyseren hoe mensen om-
gaan met AI-voorspellingen, afhankelijk van informatie over de nau-
wkeurigheid en het vertrouwen van het model. De resultaten tonen aan 
dat de nauwkeurigheid van het model een rol speelt: mensen volgen 
voorspellingen van zeer nauwkeurige modellen vaker dan die van 
minder nauwkeurige modellen. Tegelijkertijd had het vertrouwen (con-
fidence) een onverwacht effect: menselijke oordelen weken juist sterker 
af van zeer zekere AI-voorspellingen, vooral wanneer het model mis-
leiding voorspelde. Uiteindelijk bleek dat menselijke interactie met algo-
ritmische voorspellingen de prestaties van het model eerder verslecht-
erde of geen effect had. Deze bevindingen over menselijke te-
rughoudendheid ten opzichte van AI-oordelen bieden belangrijke 
inzichten en beperkingen voor toekomstige integratie van menselijke 
controle in algoritmische besluitvorming. 
Samengevat dragen de bevindingen uit deze vijf studies bij aan het iden-
tificeren van contexten waarin computationele methoden duidelijk beter 
presteren dan mensen, maar ook aan het blootleggen van hun huidige 
methodologische, conceptuele en praktische tekortkomingen. Daarmee 
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worden de voorwaarden verduidelijkt waaronder de toepassing van 
dergelijke modellen in realistische settings beperkt blijft. 
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Preface 
 
Deception has been defined as the deliberate attempt to convince some-
one else to accept as true something that the lie-teller knows is false in 
order to obtain benefits or avoid a loss (Abe, 2009). In some contexts, the 
adoption of deceptive communication can have significant implications. 
For example, in legal and forensic scenarios, detecting deception during 
investigative interviews is paramount as distorted information can mis-
lead investigations and result in wrongful convictions, undermining 
public trust in the legal system. In the financial services sector, deception 
can lead to fraud. In online platforms, deceptive practices, such as post-
ing fake reviews, can manipulate public opinion and erode trust.  
Given these implications, deception detection has a long-standing re-
search tradition. Among the various approaches developed over the 
years, detecting deception from verbal cues has been found to be the 
most promising (Amado et al., 2016; Gancedo et al., 2021; Vrij et al., 2016; 
Vrij & Granhag, 2012). More specifically, verbal deception detection in-
volves implementing techniques that enable the recognition of deceptive 
intentions or content from written or transcribed statements. This line of 
research originated in the psychology field, with authors proposing 
truth criteria for statement evaluation (e.g., Criteria-Based Content Anal-
ysis; Amado et al., 2016), but it still remains a well-known unsolved 
problem for its application in real-life settings. For example, many ap-
proaches have been found to be promising at the group-level, but they 
cannot be easily translated into single-subject predictions (Cooke & 
Michie, 2010; McManus et al., 2023; Yarkoni & Westfall, 2017). Addition-
ally, most validation methods lack safeguards against performance over-
estimation, particularly when studies rely on small sample sizes (Klein-
berg et al., 2019). Lastly, many of these approaches rely on human eval-
uation and coding, which limits the possibility of detecting deception at 
scale and introduces errors related to inter-rater disagreement (Aroyo & 
Welty, 2015).   
However, these limitations may be overcome by resorting to new ap-
proaches that pertain to computer science. In fact, deception detection 
has also been recently investigated by computer scientists, who have 
proposed automated methods for detecting verbal deception, leveraging 
machine learning (ML) and natural language processing (Constancio et 
al., 2023). In fact, once ML models are trained, predictions can be made 
at the single-subject level on a large scale, thereby reducing the effort and 
time required for evaluating thousands of statements.  
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This possibility opened new avenues for deception detection, shifting to 
automated verbal deception detection. Yet, relying on automated ap-
proaches comes with its own limitations, as ML models often fail to gen-
eralize to out-of-distribution data and risk introducing new biases (Zhou 
et al., 2023). 
To bridge the gap between research in psychology and computer sci-
ence, this thesis aims to further explore the topic by replying to the fol-
lowing overarching research question:  

To what extent can we rely on automated methods for the detection of 
verbal deception?  

This research question is addressed by investigating both opportunities 
(Chapters 2 and 3) and challenges (Chapters 3, 4, and 5) for automated 
verbal deception detection. The outline of this thesis is provided below. 

 
Outline of this thesis 
Chapter 1 
In the first Chapter, we provide a broad introduction to psychological 
research on human abilities in deception detection and existing leading 
theories of deception, with a focus on how and why verbal cues of de-
ception are the most promising. We also introduce recent advances in 
computation that have enabled more sophisticated methods for auto-
mated verbal deception detection. Finally, we present the state of auto-
mated verbal deception detection in a systematic review. 
Chapter 2 
In Chapter 2, we begin by examining and comparing the performance of 
naïve judges, expert judges trained on a well-established technique for 
credibility assessment (i.e., Reality Monitoring; Johnson & Raye, 1981), 
and theory-led and data-driven statistical learning models in detecting 
verbal deception. By closely comparing these four conditions, this chap-
ter provides insights into the effectiveness and reliability of each ap-
proach, underscoring the advantage of automated methods in overcom-
ing human limitations in manual coding and predictions. 
Chapter 3  
This chapter builds upon the findings in Chapter 2 and tests the effec-
tiveness and robustness of fine-tuning large language models (LLMs) for 
automated verbal deception detection. LLMs are known for their ability 
to learn human language representations and generate text that is often 
indistinguishable from human writing (Jakesch et al., 2023). For this 
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work, we developed three scenarios to study the deception detection 
performance of LLMs within personal opinions, autobiographical mem-
ories, and future intentions. This chapter provides further insights into 
the potential and limitations of LLMs for cross-domain deception detec-
tion. 
Chapter 4 
Moving beyond binary distinctions, this study examines a more nuanced 
and ecological form of deception, known as embedded lies. Embedded 
lies consist of the incorporation of deceptive information into otherwise 
truthful statements (Verigin et al., 2020). To this aim, this chapter intro-
duces a new dataset of 2,088 truthful and deceptive statements with an-
notated embedded lies. This chapter highlights the challenge of detect-
ing deception when lies are embedded into truthful statements and pro-
vides a new resource for advancing research in this area. 
Chapter 5  
Despite the advantages of relying on fully automated approaches to save 
time and reduce efforts, human oversight of AI predictions is still neces-
sary in high-stakes contexts, such as in the legal domain, where accusa-
tions of deception carry significant consequences. Therefore, this chapter 
brings humans back into the loop to examine the extent to which humans 
would rely on AI-based judgments for deception detection. Addition-
ally, it will test whether the human-AI interaction surpasses the perfor-
mance of an AI model in isolation. This chapter offers practical insights 
and limitations for future integrations of human oversight of algorithmic 
decisions.  
Chapter 6 
This final chapter provides a comprehensive answer to the overarching 
research questions by discussing the potential and limitations of auto-
mated verbal deception detection based on the findings collected 
throughout this thesis. More specifically, this chapter discusses the 
promises of automated methods for coding statements and predicting 
deception, as well as their limitations in generalizing findings across dif-
ferent contexts and types of deception, and the potential human aversion 
to algorithmic predictions. 
To sum up, this thesis contributes to showing applications where auto-
mated methods clearly outperform human performance and highlight-
ing the conditions, with a focus on forensic contexts, under which model 
application in real-life settings is constrained.  
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Chapter 1  
 
The state of automated ver-
bal deception detection 
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Abstract 
The limitations of human verbal deception detection abilities have 
sparked an interest in automated methods enabled by advances in natu-
ral language processing and machine learning. Advancing that research 
is challenging because of its fragmentation into two scientific disciplines 
(i.e., psychology and computer science) and because of wide variety in 
research practices. This systematic review maps the research practices of 
automated verbal deception detection research to highlight important 
gaps and help future research in the area. We identified 23,773 published 
and unpublished records that were screened for title-and-abstract using 
the ASReview Lab software. Of these, a total of 248 records, involving 
5,148 models for verbal deception detection, were included for this re-
view. The analysis revealed that deception is predominantly operation-
alized as fabrication (59.3%) and studied in fake reviews (43.2%). The 
ground-truth of deception was poorly operationalised, with only the 
13.71% providing a clear and fully verifiable ground truth. Most research 
relies on existing datasets (53.6%), focused on English language (82.3%). 
For the analytical approach, the adoption of more computationally com-
plex approaches, including embeddings for text-representation and neu-
ral networks or transformers for models’ architectures, increased over 
time. However, only 18.05% of models were tested on new data to test 
the generalizability of performance. Key strengths in automated verbal 
deception detection are represented by research replicability and shifts 
toward methodological advances. Key limitations concern the need for 
more rigorous ground truth standards, broader operationalizations of 
deception, and rigorous out-of-domain evaluation to advance the relia-
bility and applicability of automated approaches for detecting verbal de-
ception. 
 
Keywords: systematic review, verbal deception detection, machine 
learning, natural language processing 
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1. Introduction 
Deception has been defined as the “psychological process by which one indi-
vidual deliberately attempts to convince another person to accept as true what 
the liar knows to be false, typically for the liar, or sometimes for others, to gain 
some type of benefit or to avoid loss” (Abe, 2009).  
Deceptive intentions and communications occur daily (Serota & Levine, 
2015) across a wide range of contexts (e.g., in political statements, Bond 
et al., 2017; airport security, Kleinberg et al., 2017; and criminal proceed-
ings, Steller & Koehnken, 1989Bond et al., 2017). While typical everyday 
lies are often trivial, such as pretending to be busy to avoid a social event, 
in other contexts, deception carries significant implications. For instance, 
in legal and forensic settings, assessing deception is crucial for evaluat-
ing the suspect’s credibility during investigative interviews. False or dis-
torted information can mislead investigations, delay case resolution, and 
even result in wrongful convictions, allowing the actual offender to re-
main free and undermining justice and public trust in the legal system. 
In financial services, deception can translate into fraud when individuals 
or organizations manipulate transaction records to gain unfair and un-
lawful economic advantage. In online platforms, deceptive practices can 
erode trust, for example, by posting fake reviews that distort consumer 
perceptions and unfairly promote certain businesses. These important 
risks and concerns posed by deception have motivated academic re-
searchers to develop effective methods for deception detection. 
In this chapter, we first discuss psychological research on human abili-
ties in deception detection and existing leading theories of deception, to 
then focus on how and why verbal cues of deception are the most prom-
ising. Second, we introduce how recent advances in the analysis of tex-
tual data, thanks to developments in machine learning (ML) and natural 
language processing (NLP), have enabled more sophisticated ways to 
approach verbal deception detection in automated manners. Finally, we 
detail the state of automated verbal deception detection through an ex-
tensive systematic review of journal articles, conference papers, and pre-
prints.  

1.1 Psychological deception research 

Human ability in deception detection and the rise of the Truth-Default 
Theory 
Decades of research suggest that humans are generally poor at detecting 
deception. One meta-analysis revealed that in the absence of any prior 
contextual knowledge, personal familiarity, or specialized training, lay 
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people’s accuracy is only slightly better than what can be expected from 
chance (average accuracy = 54%; Bond & DePaulo, 2006). This finding 
was also replicated for presumed lie experts, such as law enforcement 
professionals and people who work daily with deception (Aamodt & 
Custer, 2006; C. F. Bond & DePaulo, 2006; Hartwig & Bond, 2011). One 
explanation for this poor performance is that humans often rely on cues 
that are weak in detecting deception (Hartwig & Bond, 2011).  
To overcome this limitation, researchers have systematically explored 
which cues might improve deception accuracy. A seminal meta-analysis 
examined 158 potential cues for deception and found that behavioral 
cues (e.g., gaze aversion, fidgeting) were largely ineffective, whereas ver-
bal cues (e.g., response length, level of detail) showed considerable po-
tential (DePaulo et al., 2003). Subsequent meta-analytical work sug-
gested that deception could theoretically be detected with up to 67.86% 
accuracy when multiple cues would effectively be combined together, 
and this level of accuracy remained stable across different contexts, such 
as lab experiments and real-life situations (Hartwig & Bond, 2014).  
The debate becomes more complicated as more recent research has chal-
lenged the notion that humans are poor at detecting deception. For ex-
ample, one study showed, in nine experiments, that when humans use a 
heuristic approach, namely judging the detailedness of statements in-
stead of their veracity, their average judgment accuracy rises to 70% 
(Verschuere et al., 2023). Moreover, a recent reanalysis of Bond and De-
Paulo’s meta-analysis concluded that the “54% accuracy” claim needs to 
be contextualized under Truth Default Theory (TDT) and suggested that 
practical accuracy may even be higher (Levine & Serota, 2025). In fact, 
according to TDT (Levine, 2014), deception is relatively infrequent and 
often produced by a few prolific liars. Consequently, people presume 
honesty in communication by default and become suspicious of decep-
tion only when strong triggers disrupt this assumption. Therefore, with 
the real-world truth–lie base rates being way far from 50–50, and humans 
being truth-biased (i.e., more accurate detecting truthful statements com-
pared to deceptive ones), this 54% accuracy might actually be an under-
estimation if translated to real-world scenarios (Levine & Serota, 2025). 
However, before the TDT, researchers focused on hunting the most di-
agnostic cue of deception. This led to the development, over the years, of 
several theories of deception, each focused on different categories of 
cues, but the most prominent ones remain the following two: the arousal 
theory and the cognitive theory of deception. 
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The arousal theory of deception 
The arousal theory posits that the cognitive state of lying can be inferred 
from the arousal experienced with lying (Vrij et al., 2010). With deception 
being associated with the stress of being caught, the underlying assump-
tion is that the lie-teller involuntarily displays physiological and emo-
tional signs that are indicative of their mental state of deception. Com-
mon ways to detect such changes in arousal include measuring physio-
logical responses with a polygraph, relying on nonverbal indicators (the 
so-called body language), and detecting facial expressions of emotions.   
The polygraph measures arousal through physiological responses, such 
as respiration, pulse, blood pressure, and the electrodermal galvanic re-
sponse, and is commonly employed in association with questioning tech-
niques. One technique is the control question test (CQT; Kircher & 
Raskin, 1988) and consists of comparing the level of arousal during ques-
tions relevant to the crime (target questions) with questions unrelated to 
the crime (control questions). The examiner may conclude that the sus-
pect is lying when there is a significant change in arousal during target 
questions compared to control questions. Another technique is the guilty 
knowledge test (GKT; Ben-Shakhar & Elaad, 2003) and consists of strate-
gically using pieces of evidence known only to law enforcement and the 
offender, but not to other innocent people or the media. In these cases, 
the polygraph measures the arousal associated with multiple-choice 
questions about that piece of evidence (e.g., is this the gun used in the 
crime?). If the suspect’s arousal increases when the correct answer is 
shown, rather than the incorrect ones, this indicates that the suspect may 
have personal knowledge about details of the crime. The big shortcom-
ings of this approach are that i) arousal responses are not universal, with 
some clinical populations displaying attenuated physiological responses 
(Stern & Krapohl, 2004); ii) the polygraph is susceptible to simple coun-
termeasures (e.g., counting backwards, scrunching one’s toes while an-
swering control questions; Nortje & Tredoux, 2019), making the poly-
graph ineffective as changes in arousal between target and control ques-
tions become negligible; iii) the questioning protocol is problematic as 
target questions (e.g., “did you commit the murder?”) inherently elicit a 
different emotional response than control questions (e.g., “what’s your 
name?”), regardless of the individual’s innocence (Verschuere et al., 
2011).   
Nonverbal indicators have also been extensively studied, as the stress 
associated with lying is believed to be manifested in behavioral and emo-
tional displays. Most laypeople and practitioners, indeed, believe that 
such nonverbal cues, including gaze aversion, fidgeting, and increased 
movement, are clear indicators of deception (Aamodt & Custer, 2006; Bo-
gaard et al., 2016; C. F. Bond & DePaulo, 2006; Hartwig & Bond, 2011). 
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Interestingly, due to their self-reported lie-detection ability and experi-
ence, practitioners tend to be even more confident in these beliefs than 
laypeople (Bogaard et al., 2016).  However, it is now a robust finding that 
these beliefs are wrong. One meta-analytical study (Sporer & Schwandt, 
2007) of 41 studies concluded that, of eleven behavioral cues, most are 
unreliable indicators of deception, and the few significant ones (e.g., 
nodding, leg, and hand movements) were, conversely, indicators of 
truthfulness. The study also concluded that the effect sizes of the rela-
tionships between nonverbal cues and deception are generally small and 
heterogeneous, suggesting that context is an important moderator and 
these correlations are far weaker than most people assume (Sporer & 
Schwandt, 2007). 
Switching the focus from the body to the face, a line of research focused 
on detecting deception from facial micro-expressions. The term “micro-
expressions” was first introduced by Paul Ekman (Ekman, 2003) and re-
fers to brief displays of facial expressions (i.e., lasting less than 40 ms) 
that can be detected from the analysis of video footage and reveal con-
cealed emotions. The underlying theory is that humans evolved with six 
basic emotions that are uniquely associated with facial expressions be-
yond voluntary control. Therefore, concealing emotions can only result 
in shallow masking, with the true underlying emotion leaving traces in 
the form of micro-expressions. Over time, training programs to infer de-
ception from the detection of such micro-expressions have been devel-
oped (Matsumoto & Hwang, 2011), but independent research suggests 
there is little supporting evidence in their favour (Lahay et al., 2025; Vrij 
& Granhag, 2012). The problem with this approach is that micro-expres-
sions do not measure deception itself but rather potential discrepancies 
between expressed and experienced emotions (Vrij et al., 2010).  
To conclude, despite the spark of interest in the arousal theory of decep-
tion, the big shortcoming of this theory is that arousal represents a direct 
indicator of an emotional response or stress, but only indirectly suggests 
the presence of deception (Sternglanz et al., 2019). Put differently, truth-
tellers might also display arousal during investigations because of anxi-
ety or fear, for example, simply because they are suspected of murder 
despite being innocent, and regardless of deception. In addition, the con-
flicting evidence found for the arousal theory led researchers to seek al-
ternative explanations. Increased efforts to unravel the cognitive mecha-
nisms behind deception shifted the deception detection community to-
wards a cognitive theory of deception. 



13 

 

The cognitive theory of deception  
The cognitive theory posits that the increased cognitive load resulting 
from lying leads to the leakage of cues of deception (Vrij et al., 2008, 2015, 
2016). Behavioral evidence of this cognitive load was shown in a meta-
analysis of 114 studies examining reaction times in computerized tasks 
for deception detection (Suchotzki et al., 2017). Their findings indicated 
that “lying takes time”, as lie-tellers needed longer reaction times than 
truth-tellers to perform the task, explaining this delay as the behavioral 
leakage of the cognitive cost of lying. Other research has provided addi-
tional evidence of the cognitive demands of deception through behav-
ioral cues, such as pupil dilation (Dionisio et al., 2001), blink rate 
(Monaro et al., 2020), and mouse and keyboard dynamics (Monaro et al., 
2017, 2018). Neuroscientific research provided support to this theory, 
too. Deception has been found to consistently engage multiple brain re-
gions associated with executive control, particularly within the prefron-
tal cortex (Christ et al., 2009). Among executive functions, working 
memory appears to play a central role, with activation of the dorsolateral 
prefrontal cortex and posterior parietal cortex reflecting the need to 
maintain and manipulate information while lying (Christ et al., 2009). 
Moreover, socially interactive deception was found to recruit additional 
areas involved in theory of mind and moral reasoning, such as the ante-
rior cingulate cortex and posterior superior temporal gyrus, highlighting 
that interpersonal lies require conflict monitoring and perspective-tak-
ing, further increasing cognitive complexity (Lisofsky et al., 2014).  
The cognitive theory has also been translated into strategic approaches 
to elicit information (Vrij et al., 2016), shifting the focus from behavioral 
to verbal cues. This approach, known as the information-gathering ap-
proach, relies on designing interview strategies that maximize the 
amount of elicited information from truth-tellers and diagnostic cues of 
deception in terms of errors and contradictions from lie-tellers. Among 
these, the most promising ones are the Strategic Use of Evidence (SUE) 
and the Increase in Cognitive Load (CL) approach. 
The SUE can be used in situations where investigators possess incrimi-
nating evidence, and the suspect is unaware of it. It consists of withhold-
ing knowledge of incriminating evidence from suspects until after they 
provide their own account, and it is based on the idea that guilty indi-
viduals tend to avoid mentioning incriminating details, while innocent 
ones tend to share freely. By delaying the disclosure of evidence, inves-
tigators can significantly enhance deception detection through the iden-
tification of omissions and inconsistencies between the suspect’s story 
and external evidence (Hartwig et al., 2014).  
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The CL approach places greater emphasis on the increased cognitive de-
mand that characterizes lie-tellers to develop interviewing strategies 
(Vrij et al., 2015). While a truth-teller simply has to recollect and describe 
existing memories, a lie-teller must keep in mind both the original and 
alternative versions of the event, thereby increasing the use of working 
memory (Christ et al., 2009). When implementing a CL approach to de-
ception detection, the interviewer might i) intentionally increase the sus-
pect’s cognitive load (e.g., by asking them to tell the story backward or 
to perform a second task meanwhile), ii) encourage them to add more 
details, or iii) ask unexpected questions (Vrij et al., 2016). A meta-analysis 
indicated that the CL approach was more accurate than the standard ap-
proach in detecting deception, with an overall accuracy of 71% (Vrij et 
al., 2015).  
Drawing from research on memory detection, deception detection has 
also been investigated from the content-analysis perspective. Of these, 
the most investigated approaches are derived from Criteria-Based Con-
tent Analysis (CBCA; Steller & Koehnken, 1989) and Reality Monitoring 
(RM; Johnson & Raye, 1981). Both approaches are based on previous ev-
idence showing that truthful statements about past personal experiences 
include more contextual and perceptual details than fabricated stories, 
which rely more on cognitive processes, such as imagination. Based on 
this evidence, a list of criteria was developed to evaluate statements. A 
meta-analytical study testing the effectiveness of CBCA and RM in de-
tecting deception reported an accuracy rate of 70% with no significant 
difference between the two techniques (Oberlader et al., 2021), under-
scoring their potential for the evaluation of statements in forensic con-
texts. Building on these principles, the Verifiability Approach (VA) has 
been later developed as a coding scheme on top of RM, extending the 
idea that truthful accounts should contain more details that can be sub-
sequently verified, whereas lie-tellers refrain from providing such de-
tails (Nahari et al., 2012). Two independent meta-analyses confirmed 
that truth-tellers provide a higher absolute and relative number of veri-
fiable details, while unverifiable details were not significantly more pre-
sent in deceptive statements (Palena et al., 2021; Verschuere et al., 2021).  
In conclusion, the cognitive theory represents a more valid alternative to 
the arousal theory and has paved the way for further research into verbal 
cues of deception, stemming from either strategic interviewing or con-
tent analysis. In general, verbal cues have been shown to be the most 
effective indicators of deceit (DePaulo et al., 2003; Hartwig & Bond, 2014; 
Vrij et al., 2016). Their promise, however, lies not only in their diagnostic 
accuracy but also in their practical accessibility, as verbal data are easy 
to collect and often readily available across various contexts (e.g., from 
forensic settings where law enforcement and judges are accustomed to 
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collecting and analyzing statements to online scenarios where fake re-
views are presented almost exclusively in their textual format). This 
promise underscores the need for future research in the area, especially 
given the recent advances in computational approaches that are able to 
work with linguistic data, opening new avenues for an automated detec-
tion of verbal deception.   

1.2 Computational approaches to verbal deception detection 
Aware of the limitations of human judgment, recent research has focused 
on automated methods for deception detection. Advances in computing 
and machine learning (ML) have enabled approaches that aim to in-
crease the scalability and reliability of traditional manual techniques for 
detecting verbal deception. Among the most prominent computational 
approaches, those leveraging textual data, combining Natural Language 
Processing (NLP) with ML models, are particularly promising.  
On the one hand, NLP methods enable the representation of texts in a 
numerical vector form at various levels of granularity. For instance, dic-
tionary-based approaches, such as the Linguistic Inquiry Word Count 
(LIWC; Boyd et al., 2022; Tausczik et al., 2010), count the frequency of 
words in a statement that match words in validated dictionaries, reflect-
ing various psychological and linguistic processes. Machine-learning ap-
proaches rely on pre-trained models to automatically tag words as gram-
matical categories (e.g., part-of-speech tagging; POS) or label specific in-
formation (e.g., named-entities recognition; NER) to broader categories 
(e.g., 27.11.2025 into DATES, Trafalgar Square into LOCATIONS, Apple 
into ORGANIZATIONS; see Kleinberg, Mozes, et al., 2017,for an appli-
cation to deception detection). Other approaches rely on term frequency, 
for example, bag-of-words models, but lack the context and semantics of 
texts. Finally, embeddings generate a vectorial numerical representation 
of texts that incorporates semantic and contextual information, allowing 
similar terms to have closer vector representations in a multidimensional 
space (Joulin et al., 2017; Mikolov et al., 2013; Pennington et al., 2014). In 
general, this numerical representation of text can be grounded in theories 
and automate verbal credibility assessment techniques, or can be ex-
tracted following a completely data-driven approach. 
On the other hand, ML leverages features to identify patterns and make 
predictions. ML is an umbrella term that, depending on taxonomies, in-
cludes not only statistical learning models (e.g., logistic regression, sup-
port vector machine, k-means) and ensemble models (e.g., random for-
est), but also deep learning models, such as artificial neural networks, 
transformer-based models, and the most recent large language models.   
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To recap, applications in verbal deception detection draw from the inter-
play between NLP and ML. NLP methods enable the extraction of nu-
merical features from textual data, which will be used to train ML mod-
els in distinguishing between truthful and deceptive statements in a su-
pervised classification task. A previous meta-analytical work on the 
topic showed the potential of early computational approaches, primarily 
based on LIWC, for automated detection of verbal deception (Hauch et 
al., 2015). By integrating operational definitions for 79 cues across 44 
studies, the meta-analysis revealed systematic differences between liars 
and truth-tellers. For example, liars exhibited a greater cognitive load, 
distanced themselves from the events, and used fewer sensory-percep-
tual words. Although the small effect sizes and the impact of some mod-
erators (e.g., even type, emotional valence, and motivation), these find-
ings provide empirical support for the notion that linguistic and diag-
nostic cues of deception can be detected by computer programs.  
Expanding on this, a subsequent systematic review revealed a growing 
body of research applying ML to deception detection in the last decade, 
involving diverse datasets, algorithms, and multimodal approaches 
(Constancio et al., 2023). However, this review focused more on how ML 
can be employed to predict deception from any cues, including non-ver-
bal, verbal, and paraverbal cues, and did not specifically investigate how 
NLP was employed for automated detection of verbal deception. This 
leaves open the need for a systematic review dedicated to automated 
verbal deception detection, which would consolidate existing ap-
proaches, highlight methodological gaps, and guide future research in 
this area. 

1.3 Aim and research questions 
In this thesis, automated verbal deception detection is defined as the ap-
plication of computational techniques (e.g., stemming from NLP) to ex-
tract verbal features that will be used to predict human deception in 
statements through ML models. 
Research on automated verbal deception detection is currently frag-
mented across various disciplines, but mostly within psychology and 
computer science. These two disciplines differ in terms of goals, meth-
ods, and traditions. For example, psychological research has mostly fo-
cused on explaining phenomena by relying on experiments that allow 
hypothesis testing and the development of new theories. On the con-
trary, research in computer science aims at predicting outcomes by de-
veloping ML models trained on previously collected data and with a 
greater focus on achieving the highest performance. Furthermore, re-
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search practice in these areas involves several degrees of freedom, in-
cluding choices related to dataset characteristics, extraction of linguistic 
features, and analytical approaches (e.g., algorithmic modeling, training 
procedure, and evaluation metric). These variations complicate efforts to 
synthesize findings and establish best practices in the domain, under-
scoring the need for a systematic mapping of current research practices 
in automated verbal deception detection.  
Furthermore, given the recent advances in NLP and its related applica-
tions to verbal deception detection, updates to the field are necessary. 
Recent developments have moved beyond the static dictionary-based 
approaches analyzed in Hauch et al. (2015). For example, the develop-
ment of machine-learning approaches, such as NER, for a richer repre-
sentation of text is particularly relevant for deception detection and has 
been previously explored by Kleinberg, Mozes, et al. (2017). Trans-
former-based architectures, such as BERT (Devlin et al., 2018) and RoB-
ERTa (Liu et al., 2019), moved the field toward more dynamic and con-
text-aware representations of text (see Fornaciari et al., 2021, for applica-
tions in deception detection). Advances in pre-trained language models 
also facilitate transfer learning across domains (Chung et al., 2022), ena-
bling the fine-tuning of models for deception detection purposes (Lo-
conte et al., 2023). These innovations justify revisiting earlier findings 
and assessing how modern NLP methods are applied to investigate the 
detection of verbal deception. 
The present chapter, therefore, builds on and expands previous works 
(Constancio et al., 2023; Hauch et al., 2015) by providing a structured 
overview of the state of automated verbal deception detection by ad-
dressing the following research questions:   

i. How was deception operationalized? 
ii. Which datasets have been used to investigate deception, and 

what are their characteristics? 
iii. What types of linguistic features have been employed for decep-

tion detection? 
iv. Which analytical approaches have been employed?   

2. Methods 

2.1 Protocol and Preregistration  
This review followed the Preferred Reporting Items for Systematic re-
views and Meta-Analyses (PRISMA) protocol (Page et al., 2021) and the 
whole protocol was preregistered following the Generalized Systematic 
Review Registration in Open Science Framework 



18 

 

(https://osf.io/wxme6/ ). Figure 1 shows the adapted and condensed 
version of the PRISMA flow diagram (Page et al., 2021), that summarizes 
the records selection process (the version of the PRISMA flow diagram 
with full details is available at https://osf.io/rmuq8/files/jt5c4) . 

2.2 Eligibility criteria 
Identified records were selected according to predefined inclusion and 
exclusion criteria1. First, eligible records were empirical works, pub-
lished in English in peer-reviewed journal, conference proceeding, book 
chapters, and preprints. Opinion papers, systematic reviews and meta-
analysis were excluded.  
Second, records eligible for this review had to address the topic of auto-
mated detection of human deceptive statements (either typed or tran-
scribed) from verbal cues. Only records that applied automated tech-
niques for both the extraction of features or verbal cues and for the pre-
diction judgment were included. Specifically, all types of verbal cues 
were considered eligible, as long as they were automatically extracted. 
In contrast, research targeting non-verbal indicators—such as vocal, fa-
cial, body, or physiological signals—was omitted. Records on multi-
modal deception detection were included if they also reported the per-
formance of models trained exclusively on textual features. 
Furthermore, eligible records had to utilise predictive models and report 
classification metrics in their analysis. Research solely reporting explan-
atory findings (e.g., using ANOVA for explaining main and interaction 
effects of factors), relying on unsupervised methods (e.g., clustering), or 
focusing on the accuracy of human judgment - in the absence of a com-
putational model - was excluded.  
Third, all forms of human deception, such as fabrication, omissions, em-
bedded lies, were eligible. However, following our definition of decep-
tion, research related to i) fake news or misinformation, ii) deception by 
LLMs, and iii) the detection of human-written vs AI-generated content 
was excluded.  
  

 
1 Records addressing the topic of automated verbal deception detection but with very low 
quality of reporting were excluded. Low quality of reporting consisted in either big incon-
sistencies about the methods and findings within the main text or between what written in 
the sections and what reported in tables/figures or performance metrics reported only in 
figures and hardly derivable. Among 396 eligible records, only 23 were excluded for this 
reason.  

 

https://osf.io/wxme6/
https://osf.io/rmuq8/files/jt5c4
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FIGURE 1. Adapted and condensed version of the PRISMA flow diagram.  
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2.3 Search strategy 
Seven databases were searched for relevant research. Literature in com-
puter science and computational linguistics was searched in (1) the ACL 
Anthology, (2) the ACM Digital Library, (3) IEEEXplore. Literature in psy-
chology was searched in (4) Web of Science, (5) Scopus, and (6) PsychINFO. 
Preprints were searched on (7) ArXiv. The search strategy included terms 
associated with the following semantic areas: (1) automated, (2) verbal, 
(3) deception, and (4) detection. The employed full search string is re-
ported in Supplementary Materials (SM). A total of 23,773 records were 
identified. After removing 7,520 duplicates, 153 books, 147 dissertations, 
13 retracted papers, and 132 records marked ineligible by Zotero, 15,808 
records remained for title-and-abstract screening. We confirmed the 
quality of our search strategy by double-checking the inclusion of key 
records from two past relevant reviews and meta-analyses on deception 
detection (Constancio et al., 2023; Hauch et al., 2015). Key records were 
defined and preregistered before starting the search (see SM2 for the ref-
erence list) and used later to also assess the quality of the title-and-ab-
stract screening phase. 

2.4 Data selection with ASReview LAB 
ASReview LAB v.1 (https://asreview.nl) was used for the title-and-ab-
stract screening. ASReview LAB is a free, open-source tool for screening 
and labelling a large collection of records for systematic reviews and 
meta-analysis (van de Schoot et al., 2021). The core of the tool relies on 
active learning, wherein the researcher – as human-in-the-loop - labels 
records as relevant or irrelevant for the review and is in interaction with 
a ML model, which updates a ranking algorithm to continuously re-rank 
the literature records from the most to the least relevant. Each time the 
researcher labels a new record, the rank order is updated. The active 
learning cycle is repeated until a stopping rule is reached (i.e., a prede-
fined criterion that makes the screeners sufficiently confident that all rel-
evant records were seen).  
For this review, the title-and-abstract screening through ASReview was 
conducted by two screeners, who independently screened records, fol-
lowing the SAFE procedure (detailed below, Boetje & van de Schoot, 
2024). The whole screening eventually resulted in 415 records deemed 
eligible for retrieval. 

Phase 1: Screening a random set for training data  
The screening with AS Review requires adding prior knowledge to a 
model (i.e., a small set of records labelled as relevant or irrelevant).  The 

https://asreview.nl/
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best procedure recommended in the SAFE guidelines (Boetje & van de 
Schoot, 2024) consisted of labeling a random and stratified 1% of total 
records (n=158 out of 15,808) for the training data. Stratification was 
done for years of publication, database (e.g., ACL, ArXiv, Psychinfo) and 
type of document (e.g, preprint, full paper, conference proceeding). Two 
researchers independently screened the records from the same training 
set and solved disagreements by discussion. Of the 158 records, eight 
were marked as relevant and 150 as irrelevant.  

Phase 2: Screening titles-and-abstracts with active learning 
Two screeners uploaded the same training data labelled in Step 1 as prior 
knowledge to train the same active learning model but started screening 
records independently. For this stage, a naïve-bayes model was trained 
on a TF-IDF document representation (for details see SM3). Both screen-
ers stopped the screening after all of the following criteria were met 
(Boetje & van de Schoot, 2024):  

1. All key records were marked as relevant; 
2. At least 10% of the total records was screened (n=1,500); 
3. At least twice the estimate of relevant records (ERR)2 was 

screened (n=1,600); 
4. No relevant records were identified in the last consecutive 50 

records. 
After the independent screening ended, the records that were seen by 
only one of the two screeners were evaluated by the other screener and 
all disagreements were resolved by discussion. A total of 1,693 titles-and-
abstracts were screened, of which 381 (22.50%) were labelled as relevant.  

Phase 3: Locating hard-to-find records  
As a safeguard against missing records in the screening procedure de-
scribed above, a final round of automated screening was performed by 
switching to a more advanced text classification model (see Teijema et 
al., 2023). With the partly labelled dataset obtained from Step 2 as prior 
knowledge, we used a XGBoost model trained on a TF-IDF3 text repre-
sentation to initiate a new active-learning cycle. The stopping rule was 

 
2 The ERR is a crude estimate of the number of relevant records in the total dataset com-
puted by dividing the number of relevant records found in the training set by the number 
of records in the training set, multiplied by the total number of records in the whole dataset. 
In this case, the estimate of relevant records was equal to ERR = (8/158) * 15,808 = 800. 
3 We preregistered this phase slightly differently as we aimed to employ a logistic regres-
sion trained on a sBERT document representation to rely on embeddings instead of word-

https://asreview.readthedocs.io/en/latest/data_labeled.html#partially-labeled-data
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set to 100 consecutive irrelevant records. After the independent screen-
ing ended, records seen by only one of the two screeners were evaluated 
by the other screener and all disagreements were resolved by discussion. 
In this phase, an additional 375 title-and-abstracts were screened, with 
six records identified as relevant. 

Phase 4: Quality check for excluded records  
Lastly, to assess whether records were incorrectly excluded (e.g., due to 
screening fatigue), a second screening was conducted on excluded rec-
ords (see Boetje & van de Schoot, 2024). This quality check was run by 
using as prior knowledge the ten highest- and lowest-ranked records 
from Phase 3 with a simple model (here: naïve bayes + TF-IDF). In other 
words, the two screeners double-checked for the initially excluded rec-
ords but rank-ordered on relevance scores until the stopping rule of 50 
consecutive excluded records was reached. After the independent 
screening ended, records seen by only one of the two screeners were 
evaluated by the other screener and disagreements were solved by dis-
cussion. Of 1,831 initially excluded records, 220 title-and-abstracts were 
doubled-checked, and 26 records were marked back as relevant. 

2.5 Full-text screening 
After the titles-and-abstracts screening, 415 eligible records were as-
sessed for full-text screening. Of these, five could not be retrieved and 14 
were duplicates, leaving 396 records for full-text eligibility assessment. 
After full-text review, 148 records were excluded for reasons such as: 
language other than English (n=1), focus on human deception detection 
(n=3), use of synthetic/generated data (n=7), non-empirical work (n=9), 
manual extraction of verbal cues (n=5), low quality of reporting (n=23), 
focus on fake news/rumor detection (n=25), no use of supervised ML 
models (n=26), and lack of focus on verbal deception detection (n=49). 
Ultimately, 248 records were included in the review: 121 (48.79%) con-
ference papers, 116 (46.77%) peer-reviewed journal articles, and 11 
(4.44%) preprints. Full list of included records is available at 
https://osf.io/rmuq8/files/r6kyp.  

 
frequency. However, given that the switch to a transformer-based model was too compu-
tationally intense for our resources, we decided to keep the TF-IDF text representation and 
switch to a more computationally comple model for training (here: XGBoost instead of lo-
gistic regression). The stopping rule was initially set to 50 irrelevant consecutive records 
but then increased to 100 for a more extensive screening. 

https://osf.io/rmuq8/files/r6kyp
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2.6 Coding scheme 
Data extraction was conducted on the full-text versions of the final set of 
248 records, using the coding scheme presented in Table 1. We piloted 
the initial coding scheme and trained three reviewers by independently 
coding 42 records (16.93%), which allowed us to refine the coding 
scheme for its final form and confirm the agreement of included records 
among coders (percentage agreement = 0.78 - 0.79). Based on a satisfac-
tory agreement and the large number of records, we assigned a subset of 
records to three independent reviewers4. All reviewers had the possibil-
ity to discuss with each other how to handle difficult cases.  
TABLE 1. List of overarching categories, labels, descriptions, and levels of coded 
variables for the included records. 
 

Item category Item label Description Levels 

 
General 
information 

Author(s) Author’s last name or 
first author’s last 
name with the 
abbreviation et al. 
when appropriate 

For example, Ott, Ott et al. 

 Years of 
publication 

Year of publication 
(YYYY) 

For example, 2024 

 Title Title of the 
publication  

For example, Examining 
embedded lies through 
computational text analysis 

 Publication 
type 

Type of publication 
ranging from journal 
article, conference 
paper, and preprints 

Journal article and 
Conference paper 

 
Deception 
operationali- 
zation 

Type of 
deception 

Label of the type of 
deception 
investigated  

Concealment, Embedded 
lies, Exaggeration or 
Minimization, Fabrication, 
Falsification, Social 
desirability, Mixed, and 
Unclear 

 Topic of 
investigation 

Label of the topic 
employed to study 
deception 

For example, fake reviews, 
personal opinions, past 
experiences 

 Ground truth Label of the level of 
clarity of the ground 
truth for the data 
used  

Clear and verifiable, Clear 
but not verifiable, Directly 
inferred, Indirectly inferred, 
Mixed, and None  

 
 
Dataset 

Data reuse  Label of whether the 
record collected new 
data or analyzed 

Yes, No, and Unclear 

 
4 Initially, we planned to have two independent coders coding full texts of all included 
studies, followed by verification through inter-rater agreement and discussion. However, 
given the large number of included records, we decided to split the task between three 
coders, after reaching substantial agreement on an independent training set of 42 records.  
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Item category Item label Description Levels 
already available 
dataset 

 Language Language of the 
dataset used  

For example, English, 
Italian, Dutch 

 Data source  Source of the data 
collection 

Online, and Offline 

 Research 
design 

Research design for 
data collection 

Experimental, Quasi-
experimental, Naturalistic, 
Mixed, and Unclear 

 Size No. of statements/ 
utterances used for 
training the model or 
available in the 
dataset 

For example, 1,200 

 
Linguistic 
features 

Features 
category  

Label of the category 
that groups a type of 
linguistic features 
used to train the 
model 

Linguistic and statistical 
features, Term frequencies, 
Embeddings, Topic and 
latent semantic features, 
and Hybrid approaches 

 

Connection to 
theories 

Label of whether the 
features extracted are 
connected to theories 

Yes, No, Unclear 

Analytical 
approach 

Model 
category 

Label of the category 
of ML model 
employed for the 
experiment 

Statistical models, Ensemble 
models, Neural networks, 
Transformer-based models, 
and Large language models  

 

Evaluation Label of the 
procedure adopted to 
evaluate the quality of 
the training 

Hold-out test-set, Within 
cross-validation, and 
Different dataset 

 

Metrics Metric used to 
evaluate the quality of 
the training 

Accuracy, F-1 score, 
Precision, and Recall 

Note. All levels of coded variables are reported in the Levels column (in italic), except for 
those variables that contained too many levels (e.g., Language), for which only examples 
are provided. 

Using a spreadsheet (available at: https://osf.io/rmuq8/files/8pxv2), 
full texts were coded at the level of the individual ML model, meaning 
that we created a separate entry for each model trained to perform auto-
mated verbal deception detection, with multiple entries within the same 
record. This approach allowed us to capture model-specific features 
while maintaining the ability to aggregate results at the record-level 
when appropriate. Following an inductive (bottom-up) approach, varia-
bles, such as type of deception and topic of investigation, dataset reuse, 
language, and size, features and model categories, were first coded fol-
lowing what was reported in the full-text and then eventually mapped 

https://osf.io/rmuq8/files/8pxv2
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into overarching categories. In contrast, a deductive (top-down) ap-
proach, where full texts were coded using pre-defined codes, was em-
ployed for coding the variables of data source, ground truth, and evalu-
ation procedure.  

Data source and research design 
A hierarchical coding scheme was developed to systematically capture 
the source of datasets. At the first level, data sources were classified as 
either online or offline and further divided into research design within 
three levels: experimental, quasi-experimental, and naturalistic design 
(see definitions in SM 4). Records that combined multiple data origins 
were coded as mixed sources.  

Ground truth 
The term ground truth (GT) originates from remote sensing science and 
geography and refers to when humans verify digitalized information 
(e.g., pictures) about a landmark taken from the air (Hoffer, 1972). By 
extension, this term has become very popular in deception detection re-
search, and it has been intended as what we know to be true as proved 
by empirical evidence (e.g., direct observation and measurement) and 
not by inference (Kühne et al., 2024). To code GT in the included records, 
we developed a deductive coding scheme that coded GT within six levels 
(Table 2):  
TABLE 2. Explanations and examples of the six levels used to code ground truth. 
 

Level Explanation Examples 

Clear and 
verifiable 

The GT is fully transparent and 
verifiable, allowing confirmation of 
whether each statement is truthful or 
deceptive  

Object descriptions, videos, 
mock crimes 

Clear but not 
verifiable 

The GT is clearly defined through 
experimental manipulation, but the 
experimenter has not the full control 
to verify individual statements. This 
means GT is mostly based on 
participants compliance to 
instructions. 

Assigning participants to 
truthful vs. deceptive 
condition to write personal 
opinions or recount a past 
holiday, without the 
possibility of double-
checking their statements. 

Directly 
inferred  

The GT is inferred from plausible but 
indirect indicators, making its validity 
error prone and open to interpretation 

Court trial transcripts 
where deception is inferred 
from the final verdict, 
assuming the judge is 
always correct. 
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Level Explanation Examples 

Indirectly 
inferred  

The GT is based on weak inference 
methods, reducing confidence in its 
reliability  

Relying on human 
impressions of deception or 
on classifications stemming 
from a filtering algorithm, 
without objective validation 
and clear specifications 

Mixed The record combines multiple 
datasets with varying levels of GT 
clarity resulting in heterogeneous GT 
reliability  

A record working on 
multiple datasets, merging 
experimentally 
manipulated data with real-
world court trial transcripts 

None No documentation is available 
regarding how GT was established 

Lack of methodological 
details in the record or use 
of datasets not documented 
in an academic outlet. 

Abbreviations: GT = ground truth 

Evaluation 
Three overarching categories were predefined to code the evaluation ap-
proach of trained ML models: 

1. Hold-out test set, including models tested on a random subset of 
the dataset that was not used during training. 

2. Within cross-validation, including models evaluated through 
cross-validation, in which the dataset is randomly split into k 
partitions (folds). The model is iteratively trained on k − 1 folds 
and tested on the remaining one, with the overall performance 
computed as the average of the evaluation metrics across all k 
iterations. This procedure is typically more robust than the hold-
out test set approach, as it reduces the impact of random varia-
tion in test data composition. 

3. Tested on different data, including models trained on one dataset 
and tested on a separate, independent dataset. 

3. Results 
The final dataset for this review consisted of 248 records, of which 48.79% 
of records (n=121) were conference papers, 46.77% (n=116) consisted of 
peer-reviewed journal articles, and 4.44% (n=11) were preprints. The 
number of included records per publication year spanned from 1982 to 
2025, with an increased number of publications in the last 15 years (see 
Figure S1 in SM5).  



27 

 

In the following sections, findings related to deception operationaliza-
tion and dataset characteristics are reported at the record level, while 
findings related to linguistic features and the analytical approach (e.g., 
model categories, evaluation procedure, and performance metrics) are 
reported at the model level. 

3.1 Deception operationalization 

Types of deception 
The type of deception investigated varied across the included records. 
The most frequently examined form was fabrication (e.g., production of 
a made-up statement), reported in 59.68% of records (n=148). For 35.48% 
(n=88) of records, mixed forms of deception were investigated as a result 
of either tasks where participants were free to choose and combine any 
forms of deception or combinations of different datasets for the same ex-
periment. The remaining 4.44% of records involved less frequently stud-
ied types of deception, such as embedded lies (n=5), falsification (n=3), 
concealment or omission (n=2), and social desirability (n=1). Only one 
record was unclear in the type of deception investigated. This distribu-
tion indicates a strong research focus on fabrication, with other forms of 
deception receiving limited attention. Noteworthy, coding the type of 
deception proved challenging, as this information was rarely stated ex-
plicitly.  
TABLE 3. Number of records investigating different forms of deception by 
source and research design.   
 

 Experimental Quasi-experimental Naturalistic 

 Offline Online Offline Online Offline Online 

Concealment 2 - - - - - 

Embedded lies 2 2 - - 1 - 

Fabrication 16 16 2 54 7 37 

Falsification 2 - - - - 1 

Social Desirability 1 - - - - - 

Mixed 18 5 - 1 37 11 

Unclear - - - - - 1 

Note. Records (n=32) that relied on multiple sources of data collection were excluded 
from this table as the type of deception could not be derived. 
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When examining the interplay between the type of deception, data 
source, and research design, Table 3 reveals that offline experimental de-
signs addressed the widest range of deception types, including conceal-
ment, embedded lies, falsification, and social desirability, although fab-
rication remained the most frequently investigated. In contrast, quasi-
experimental designs focused almost exclusively on fabrication, while 
naturalistic designs predominantly examined fabrication and mixed 
forms of deception. Overall, experimental approaches appeared to be the 
most versatile research design for covering different types of deception. 

Topic of deception  
Concerning the topic of deception, substantial variability was found 
among the included records. Most research focused exclusively on 
online fake reviews (n=107, 43.15%). In addition, 17.74% of records fo-
cused on past events (n=44), including either real-life data such as trial 
hearings and experimental settings where participants were asked to rec-
ollect memorable events or take part in a mock crime on campus. Most 
of these records aimed to investigate deception in episodic and autobio-
graphical memories in order to derive insights relevant to the legal and 
forensic domains. Other commonly studied topics included personal 
opinions on sensitive topics (e.g., abortion, death penalty, and immigra-
tion policy; n=18, 7.26%) and lies about identity and personal infor-
mation (7.26%, n=18). In contrasts, topics rarely addressed included fi-
nancial or scientific fraud (3.23%, n=8), email or sms spam (2.02%, n=5), 
and cheating on a test (n=5, 2.02%), personal feelings (n=4, 1.61%), future 
intentions and promises (n=3, 1.21%), object description (n=3, 1.21%), 
and open-domain statements (n=3, 1.21%). A total of 12% of works 
(n=30) combined multiple datasets, resulting in multiple and mixed top-
ics of deception. This distribution highlights a strong emphasis on online 
deception in fake reviews and past experiences. 

Ground truth  
The quality of GT was coded across records within six levels. Only 
13.71% (n=34) of records provided a clear and verifiable GT (e.g., object 
description, video recollection), while 41.13% (n=102) of records offered 
a clear but not verifiable GT. A typical experimental manipulation for this 
GT level consists of assigning participants to two different conditions 
(i.e., truthful vs deceptive), but the veracity of statements relies on par-
ticipants’ compliance to follow the instructions (e.g., personal opinions, 
past holidays), without the possibility to fully double-check what is re-
ported by participants. Another 14.11% (n=35) of records were classified 
as directly inferred GT, given that GT was inferred from plausible but in-
direct indicators (e.g., trial hearings of false testimony). Moreover, 
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11.69% (n=29) of records were labeled as indirectly inferred GT because 
they relied on uncommon or questionable inference methods, such as on 
human impression of deception for classifying job posts (whose accuracy 
is known to be at chance level) or on a non-transparent filtering algo-
rithm of the Yelp website for fake reviews. Finally, 15.32% (n=38) of rec-
ords were categorized as mixed, incorporating datasets with varying lev-
els of GT reliability. For only 4% of records (n=10), no information on GT 
was available. These findings reveal significant variability in the rigor of 
GT manipulation and documentation across deception detection re-
search. 

3.2 Datasets used in automated verbal deception detection 
Automated verbal deception detection was investigated using different 
data collection approaches. Among the included records, the majority 
(n=133, 53.63%) reused existing datasets, while a minority (n=89, 35.89%) 
collected new datasets. For 4.43% of records (n=11), it was unclear 
whether they reused available datasets or collected a new one. Addition-
ally, 6.05% of records (n=15) used a mixed approach, combining newly 
collected data, previously available datasets, or data of unclear origin.  
A total of 51 datasets were reused and reanalyzed for new research (see 
Table S2 for full details). The most frequently reused dataset was the De-
ceptive Opinion Spam dataset (Ott et al., 2011, 2013)5, which accounted 
for 46.61% of the reused datasets and was used in 25% (n=62) of all rec-
ords. This dataset contains 800 genuine reviews scraped from TripAdvi-
sor and 800 crowdsourced fake reviews of the 20 most popular hotels in 
Chicago. The second most reused dataset was the Real-life trial dataset 
(Pérez-Rosas et al., 2015), accounting for 16.54% of reused datasets and 
being used in 8.87% (n=22) of records. It consists of 121 transcripts from 
videos of public court trial hearings. The third most reused dataset en-
tails customer-generated truthful reviews, crowdsourced-generated 
deceptive reviews, and employee-generated deceptive reviews (Li et al., 
2014). The dataset is composed of 3,032 reviews about hotels, restaurants, 
and doctors, and accounted for 11.27% of re-used datasets, but was used 
in only 6.05% (n=15) of records.  

 
5 Despite this being two different datasets published in two different conference papers 
and years, most research incorrectly referred to them as one single dataset, sometimes cit-
ing only one of the two references. Therefore, we decided to combine the two datasets to-
gether for easiness of computation.  
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Language distribution 
Most records (82.26%, n=204) worked with data in English. Other lan-
guages were underrepresented, with only 2.42% (n=6) of records in Chi-
nese and 2.42% (n=6) of records in Italian. Additional languages in-
cluded Arabic (n=3, 1.2%), Polish (n=3, 1.2%), Spanish (n=3, 1.2%), Thai 
(n=2, 0.8%), Mandarin (n=2, 0.8%), Russian (n=2, 0.8%), and single in-
stances of Bengali (n=1, 0.4%), Dutch (n=1, 0.4%), German (n=1, 0.4%), 
Korean (n=1, 0.4%), Indonesian (n=1, 0.4%), Roman Urdu (n=1, 0.4%), 
and Serbian (n=1, 0.4%). Finally, six records (2.42%) utilized mixed-lan-
guage datasets, and in four records (1.6%), the language of the datasets 
used was unspecified and unclear. This distribution underscores the 
strong dominance of English-language resources in the field. 

Data source and research design 
Data collection methods were distributed across offline and online set-
tings. Most records (n=128, 51.61%) relied on online sources, while 
35.48% of records (n=88) gathered data offline. Only 12.90% of records 
(n=32) utilized mixed sources, integrating both online and offline data. 
Of those collecting data online, 42.97% of records (n=55) relied on online 
quasi-experiments, lacking full control on conditions randomization, 
39.06% of records (n=50) used naturalistic designs by scraping data from 
online platforms (e.g., Twitter, Amazon, Yelp), and only 17.97% of rec-
ords (n=23) conducted online controlled experiments (e.g., via Prolific or 
Amazon Mechanical Turk). In contrast, of those collecting data offline, 
51.13% of records (n=45) gathered data from real-life contexts using nat-
uralistic designs (e.g., trial hearings, TV game shows), 46.59% of records 
(n=41) relied on laboratory-controlled experiments, and only 2.27% of 
records (n=2) employed quasi-experimental designs.  

Size 
Dataset sizes varied substantially across sources and research designs 
(Table 4; see Table S1 in SM6 for descriptive statistics reported at the 
model-level). Overall, offline sources yielded smaller datasets compared 
to online sources, reflecting how online platforms enable large-scale 
studies thanks to greater data availability and accessibility, whereas 
achieving similar volumes offline requires more substantial effort. 
Among online sources, naturalistic designs that scraped data from plat-
forms (e.g., Facebook, Amazon, Yelp) produced larger datasets (Me-
dian=9,216; range: 103–2,542,553). For offline sources, larger datasets 
came from quasi-experimental studies (Median=142; range: 18–17,880), 
although these accounted for only 0.81% of all records and 2.27% of of-
fline sources, followed by offline experiments (Median=300; range: 20–



31 

 

9,104). This wide range highlights the heterogeneity of resources used in 
deception detection research, spanning small-scale controlled experi-
ments to large-scale online data, which likely reflect differences in re-
search goals, feasibility, and data accessibility.   
TABLE 4. Descriptive statistics of no. of statements (M, SD) by source of data 
collection and research design.  
 

Source Design N (%) M SD Median Range 

 

Offline 

Experiment 35 (14.11%) 1,430.54 2182.78 300 20 - 9,104 

Quasi-experi-
ment 

2 (0.81%) 1,328.00 667.51 1,328 856 - 1,800 

Naturalistic 43 (17.34%) 1,271.68 3,650.42 142 18 - 17,880 

 

Online 

Experiment 22 (8.87%) 1,928.14 2,211.78 1,014.50 38 - 7,168 

Quasi-experi-
ment 

54 (21.77%) 2,692.62 5,115.70 1,600 640 – 
31,146.68 

Naturalistic  49 (19.76%) 94,018.12 374,226.33 9,216 103 – 
2,542,553 

Mixed Mixed 32 (12.90%) 54,791.86 287,698.32 928.10 121 – 
1,630,263.25 

Note. No. of statements was averaged per record before computing the descriptive statistics 
by source and design.  
Abbreviations. N = number of records that reported the number of statements in full text. 

3.3 Linguistic features 
Linguistic feature categories were coded at the model level (n=5,148) by 
first following a bottom-up inductive approach and then recoding those 
codes into overarching categories. We found the following five feature 
categories:  

1. Linguistic and statistical features: features derived from diction-
ary-based methods, machine-learning analysis, or statistical 
properties of text. Examples include Linguistic Inquiry and 
Word Count (LIWC) features, Part-of-Speech (POS) tags, Named 
Entity Recognition (NER), syntactic dependencies, readability 
scores, and lexical diversity measures; 

2. Term frequencies: text-representation based on word frequency, 
ignoring word order. It includes simple counts, and binary indi-
cators (i.e., bag-of-words), weighted schemes (e.g., term fre-
quency-inverted document frequency; TF-IDF), and often ex-
tended with n-grams for limited context (e.g., bigrams and tri-
grams); 
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3. Embeddings: dense vector representations capturing semantic as-
pects of textual data. It includes static embeddings (e.g., 
Word2Vec, Mikolov et al., 2013; GloVe, Pennington et al., 2014; 
FastText, Joulin et al., 2017), contextual embeddings (e.g., BERT, 
GPT, ELMo), and sentence/document embeddings (e.g., Sen-
tence-BERT, Doc2Vec); 

4. Topic and latent semantic features: hidden themes or semantic 
structures in text using dimensionality reduction or probabilistic 
models such as topic modeling or Latent Dirichlet Allocation 
(LDA). 

5. Hybrid Approaches: combining multiple strategies (e.g., embed-
dings + linguistic features, or TF-IDF + topic modeling).   

Linguistic and statistical features (e.g., LIWC features, POS-tags, and text 
statistics) accounted for 23.7% (n=1,222) of models. Among these, 46.2% 
(n=564) of models explicitly connected feature selection to theoretical 
frameworks or previous research, while 35.7% (n=436) of models were 
purely data-driven. The remaining 18.2% (n=222) of models were un-
clear regarding their theoretical grounding. However, the most frequent 
linguistic features relied on term frequencies, such as n-grams, bag-of-
words, and TF-IDF, representing 30.7% of all models (n=1,580). Embed-
ding-based features (e.g., word2vec, BERT embeddings, Doc2vec) were 
used in 21.8% of models (n=1,121). In contrast, topic and latent semantic 
features appeared in only 1.3% of models (n=69), and 0.4% of models 
(n=21) were classified as unclear due to insufficient methodological de-
tail. Finally, hybrid approaches, which combine multiple strategies such as 
linguistic features with term frequency, comprised 22.0% (n=1,135) of 
models. 
Figure 2 illustrates temporal trends in the use of different linguistic fea-
ture categories in deception detection research from 2000 to 2025. Term 
frequencies and linguistic and statistical features dominated early work, 
showing growth since 2010, but remaining steady after 2018. Topic and 
latent semantic features remained less prevalent overall. In contrast, em-
beddings exhibit a sharp and sustained increase starting around 2018, 
surpassing all other feature types by 2021 and maintaining the highest 
frequency through 2025. Hybrid approaches emerged gradually after 
2010, reaching moderate levels compared to term frequencies and em-
beddings. These patterns indicate a methodological shift from traditional 
lexical and statistical features toward representation learning ap-
proaches, reflecting the technological evolution of NLP techniques for 
text representation.  
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FIGURE 2. Distribution, at the model-level, of feature categories over time in 
verbal deception detection research. 

 

 
Note. One model from 1982, included in the systematic review, was excluded from the plot 
for a better visualization. Displayed values were computed using a 5-year rolling average 
to minimize volatility in the visualization. 

3.4 Analytical approach 

Model categories 
Related to the analytical approach of the included records, the model cat-
egories and evaluation approaches were coded at the model level 
(n=5,148). Model categories were first coded following a bottom-up de-
ductive approach and then recoded into overarching categories. The fol-
lowing five model categories were found: 
 

1. Statistical learning models, including models that require explicit 
text representations (e.g., linguistic and statistical features, bag-
of-words, and embedding representations) and are based on sta-
tistical principles, such as logistic regression, naïve bayes, and 
support vector machine (SVM). 
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2. Ensemble models, including models that combine predictions 
from multiple models to enhance overall accuracy and robust-
ness. Common ensemble techniques include bagging, boosting, 
and voting. Some algorithms, such as Random Forest, XGBoost, 
and LightGBM, inherently implement these ensemble strategies.  

3. Neural networks, including models that learn representations 
through interconnected layers and neurons through shallow 
(e.g., feedforward networks) and deep architectures (e.g., convo-
lutional neural networks, CNN; recurrent neural networks, 
RNN; long-term short memory, LSTM) 

4. Transformer-based language models, including deep learning mod-
els pretrained on large corpora capturing long-range dependen-
cies and contextual meaning thanks to self-attention mecha-
nisms (e.g., Bidirectional Encoder Representation from Trans-
formers, BERT; Robustly Optimized BERT Pretraining Ap-
proach, RoBERTa). These models can be fine-tuned on smaller, 
task-specific datasets for classification without requiring retrain-
ing from scratch. 

5. Large language models, including large-scale, transformer-based 
models pretrained on extensive corpora and capable of perform-
ing few-shot or zero-shot classification through prompt engi-
neering (e.g., GPT-4.5, FLAN-T5, Llama-2). 

The analysis revealed that statistical learning models, such as logistic re-
gression, SVM, and naïve bayes, were the most frequent (n=2,842, 
55.22%) of all models. Models using neural network architectures, such 
as CNN, RNN, and LSTM, represented the second largest group at 
20.52% (n=1,056). Ensemble Models, which combine predictions from 
different models, constituted 13.19% (n=673) of models. Transformer-
based models, such as BERT models and their variants (e.g., RoBERTa, 
distilBERT), accounted for only 9.17% (n=472), while LLMs were the 
least used models, comprising only 1.90% (n=98).  
In terms of models’ adoption over time, Figure 3 shows clear trends 
driven by the technological evolution in NLP and the availability of 
large-scale datasets. Statistical learning models dominated from 2010 on-
ward, peaking around 2018, and remained, overall, the most frequently 
used models. Ensemble models gained traction after 2015, reaching their 
peak near 2020 before experiencing a slight decline. Neural networks 
emerged around 2015 and have continued to grow steadily, marking a 
shift toward deep learning approaches. Transformer-based models 
emerged around 2019, followed shortly by LLMs, which appear only in 
the most recent years. 
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FIGURE 3. Distribution, at the model-level, of model categories over time in ver-
bal deception detection research. 

 
Note. One model from 1982, included in the systematic review, was excluded from the plot 
for a better visualization. Displayed values were computed using a 5-year rolling average 
to minimize volatility in the visualization. 

Evaluation procedure and performance metrics  
Concerning the evaluation procedures, 53.44% of models (n=2,751) were 
evaluated using within cross-validation approaches, indicating a strong 
preference for methods that provide more robust and reliable estimates 
of model performance. Another 25.14% (n=1,294) employed a hold-out 
test set for evaluation, and 18.05% of models (n=929) were tested on dif-
ferent data, including both new data from the same domain and data 
from different domains. Only 0.52% of models (n=27) employed an in-
sample evaluation procedure and, for the remaining 2.85% of models 
(n=147), the evaluation approach was not specified in the record. Evalu-
ation performance was reported in terms of accuracy (n=2,246, 43.62% of 
models) or in terms of F1 score (n=1,255, 24.38% of models). Only 27.39% 
(n=1,410) of models reported both metrics, while the remaining 4.6% 
(n=237) used other metrics, such as the area under the curve (AUC), pre-
cision, or recall 
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Methodological interplay  
We finally investigated the interplay between the three key methodolog-
ical choices in automated verbal deception detection: i) linguistic fea-
tures categories (e.g., term frequencies, linguistic and statistical features, 
embeddings), ii) model categories (e.g., statistical learning models, en-
semble models, neural networks), and iii) evaluation procedures (i.e., 
cross-validation, hold-out testing, testing on different datasets). Figure 4 
illustrates the heterogeneity of feature–model–evaluation pathways and 
the predominant use of statistical learning models trained on term fre-
quencies and linguistic and statistical features, typically evaluated 
within cross-validation frameworks. In contrast, embedding representa-
tions were mostly used to train neural networks, transformer-based 
models, and LLMs. 
FIGURE 4. Sankey diagram illustrating the interplay between three methodo-
logical choices: linguistic features, model category, and evaluation procedure.  

 

4. Discussion 
Given the recent rapid advances in computational methods for analyzing 
textual data, this systematic review updates the state of automated ver-
bal deception detection by focusing on deception conceptualization and 
current research practices. With this aim, we reported the combined re-
sults of 248 records, including journal articles, conference papers, and 
preprints, with a total of 5,148 included models. To the best of our 
knowledge, this is the largest systematic review available on the topic. 
While a previous meta-analysis of 44 studies investigated automated 
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verbal deception detection primarily through dictionary-based ap-
proaches (Hauch et al., 2015), this work covers a broader array of meth-
ods that have been developed and employed over the last decade. Fur-
thermore, we build upon a previous systematic review on the use of ML 
for deception detection (Constancio et al., 2023) by providing a more ex-
tensive and focused knowledge on automated verbal deception detec-
tion. Specifically, we include a larger number of records from seven da-
tabases, covering both published journal articles and grey literature, and 
focus exclusively on the application of computational methods for iden-
tifying deception through verbal cues, rather than any other potential 
cues. We discuss below the key strengths of research practices and 
knowledge gaps in the area, underscoring the need for further research 
on less-investigated forms of deception and on safeguards to improve 
the generalizability of findings.  

4.1 Deception investigation 

Internal validity  
In deception research, the level of ground truth (GT) is crucial, as it de-
fines what we know to be true, as proven by empirical evidence, and in 
contrast to what can be simply inferred (Kühn et al., 2024). Establishing 
a reliable GT is fundamental for internal validity because it ensures that 
observed effects can be attributed to actual deception rather than meas-
urement error or ambiguous labelling (Vrij et al., 2010). Without a robust 
GT, the causal relationship between linguistic cues and deceptive behav-
ior becomes questionable (Vrij et al., 2010), introducing confounds, such 
as different data origins or errors in data labelling, that undermine the 
reliability of findings. High internal validity depends on minimizing 
such threats, as it directly impacts the strength of causal inference and 
the reproducibility of results (Cook et al., 2002). 
Our findings show that only 13.71% (n=34) of records provided a clear 
and verifiable GT. These studies employed tasks that, for example, relied 
on object description (e.g., Soldner et al., 2019), video recollection (e.g., 
Bond & Lee, 2005), and mock crimes (Matsumoto & Hwang, 2015), al-
lowing the researcher to fully verify participants’ statements. In contrast, 
most research (41.13%, n=102) studied deception under a clear but not 
fully verifiable ground truth. Examples of this research include studies 
that experimentally manipulate deception by assigning participants to 
two different conditions (i.e., truthful vs. deceptive), but lack control 
over what participants report, thus relying mostly on participants’ com-
pliance with the instructions. For example, when participants are asked 
to fabricate a past holiday in Mexico to resemble those who have actually 
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visited the country, researchers typically have limited control over how 
the fabricated statement is generated and to what extent participants 
truly make up details or draw on similar previous truthful experiences 
to fabricate (see Loconte & Kleinberg, 2025 for findings on sources of em-
bedded lies). Conversely, previous research has already shown that even 
truthful statements may incorporate deceptive details, albeit to a lesser 
extent than in deceptive statements (Markowitz, 2024), thereby under-
mining the solid assumption that manipulating instructions is sufficient 
to determine a valid GT. 
Even more concerning is that a minority of research worked with a level 
of GT that was either inferred from direct or indirect indicators or whose 
operationalization was not documented. For example, for the Real-life 
trial dataset (Pérez-Rosas et al., 2015), one of the most widely used da-
tasets for investigating deception in ecological settings, video clips of de-
fendants accused of guilt were labeled as deceptive, and clips of wit-
nesses in the same trial were labeled as truthful. This GT labelling, how-
ever, overlooks the possibility that witnesses, law enforcement, and even 
judges may be error-prone and commit mistakes in trials, thereby possi-
bly introducing bias and confounders in the data. Other works relied on 
even more uncommon or questionable inference methods. For example, 
one study asked a so-called “expert” practitioner in lie detection to dis-
entangle truthful from deceptive police reports (Quijano-Sánchez et al., 
2018), despite the well-established knowledge that experts, as well as 
laypeople, perform close to chance level in deception detection tasks 
(Aamodt & Custer, 2006; C. F. Bond & DePaulo, 2006; Hartwig & Bond, 
2011). Another study (Belbachir & Alkan, 2022) classified reviews as re-
liable (i.e., truthful) when they were labeled as helpful by at least two us-
ers, and as unreliable (i.e., deceptive) otherwise, again assuming that hu-
mans are good lie detectors.  
These findings highlight a significant lack of rigor in the manipulation 
and documentation of GT across deception detection research, with im-
portant implications for the internal validity of these studies. Without 
reliable GT, conclusions about linguistic markers of deception risk being 
speculative rather than evidence-based, as we potentially introduce con-
founders and weaken causal inferences. Therefore, strengthening the op-
erationalization of GT becomes a fundamental requirement for future re-
search in this area to advance the reliability and theoretical integration 
of findings. 
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External validity 
External validity, the extent to which research findings generalize be-
yond the context of the study, is a critical yet often overlooked dimension 
in deception detection studies (Konečni & Ebbesen, 1979). 
Deception was mostly examined in terms of fabrication (n=148, 59.68% 
of records), which is defined as the production of completely made-up 
statements and represents the most extreme form of deception. The sec-
ond most investigated type of deception (n=88, 35.48%) was the mixed 
form. Mixed forms of deception emerged either because participants 
were free to use any deceptive strategies, such as combining embedded 
lies with omissions, mixing exaggeration with minimization, or fabricat-
ing statements driven by social desirability, or because multiple datasets 
were merged, thereby testing models on several forms of deception sim-
ultaneously. Research focusing exclusively on other forms of deception 
(i.e., embedded lies, falsification, concealment, and social desirability) 
accounted for only 5.25% (n=11) of records.  
While focusing on fabrication may facilitate research in magnifying dif-
ferences between truthful and deceptive statements, real-life deception 
has been shown to occur mostly in more nuanced forms (Loconte & 
Kleinberg, 2025; Markowitz, 2024; Verigin et al., 2019), underscoring the 
need for research that has greater external validity and that covers a 
broader array of deception forms. To address this need, our findings sug-
gest that experimental research designs are the most versatile, enabling 
researchers to investigate various deceptive strategies within controlled 
yet adaptable settings.  
Furthermore, we found a strong emphasis in research studying decep-
tion in online fake reviews and in past experiences, reflecting two dis-
tinct disciplinary focuses. Research on fake reviews originates from com-
puter science and aims to examine deception to develop scalable and au-
tomated solutions that mitigate deceptive content in online environ-
ments. Conversely, most research on past experiences comes from psy-
chology and aims to investigate deception in episodic and autobiograph-
ical memories, using experimental tasks that involve mock crimes or 
real-life data from trial hearings, to derive insights relevant to the legal 
and forensic domain. 
Finally, most studies investigated deception detection using English-lan-
guage datasets (n=204, 82.26%). Our findings confirm what was previ-
ously found in other studies (Constancio et al., 2023; Hauch et al., 2015): 
automated verbal deception detection is an English-centric research area. 
This limits the applicability of findings in other languages and even cul-
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tures (Papantoniou et al., 2022), underscoring the need for more multi-
lingual, culturally diverse datasets and novel approaches that move be-
yond English. 
Taken together, these findings reveal that deception research often pri-
oritizes methodological convenience over external generalizability, with 
a greater preference for fabrication, deception in fake reviews or past 
events, and English-language contexts. This narrow scope constrains ex-
ternal validity, reducing the applicability of models to real-world set-
tings where deception is typically subtle (Loconte & Kleinberg, 2025; 
Markowitz, 2024), context-dependent (Blair et al., 2010), and culturally 
mediated (Papantoniou et al., 2022). To advance the field, future research 
must engage more in experimental and naturalist designs that capture 
the full spectrum of deceptive strategies (e.g., embedded lies, omissions, 
denials), integrate cross-cultural perspectives, and focus on different 
contexts of deception (e.g., malicious intentions, self-presentations, per-
sonal opinions and feelings).  

Ecological validity 
Ecological validity extends the concept of external validity by concerning 
the extent to which findings can be generalized to real-world settings 
(Schmuckler, 2001). In other words, it measures how well the conditions, 
tasks, and behaviors observed in research reflect what happens in every-
day life. 
Data sources and research designs are relevant for the ecological validity 
of findings. We found that data collection methods were evenly distrib-
uted across both offline and online settings, as well as various research 
designs, including controlled experiments, quasi-experiments, and real-
life data collection. This diversity is beneficial for enhancing both exter-
nal and ecological validity and ensuring that findings are not limited to 
artificial laboratory conditions. By incorporating multiple contexts and 
designs, studies can better capture the complexity of real-world decep-
tion, which strengthens the robustness and applicability of models.  
Furthermore, dataset sizes varied substantially across sources and re-
search designs, spanning from small-scale controlled experiments to 
large-scale online scraped data, with offline sources generally yielding 
smaller datasets compared to online sources. This reflects how online 
platforms enable large-scale studies due to greater data availability and 
accessibility, whereas achieving similar volumes offline requires more 
substantial effort. This heterogeneity in scale and data origin may also 
reflect differences among disciplines. In fact, psychology and computer 
science often differ in research goals, methodology, and data accessibil-
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ity, with psychology focusing more on controlled lab experiments to ex-
amine the effect of manipulated variables on the outcome, and computer 
science research aiming at scraping real-life data at a large scale to build 
robust and efficient models. 
In terms of ecological validity, investigating deception in naturalistic set-
tings, such as scraping fake reviews on online platforms (Fornaciari & 
Poesio, 2014), may differ substantially from lab-based psychological ex-
periments where deception is investigated in mock crimes (Matsumoto 
& Hwang, 2015). Outside the lab, lie-tellers self-select and engage decep-
tion as a problem-solving activity and are not instructed by researchers 
(Levine, 2018); on the other hand, receivers of deception generally face a 
truth-lie base rate that differs from the 50–50 distribution, typical of ex-
perimental settings, and decisions about honesty are not immediate or 
prompted by the experimenter (Levine, 2018). However, despite the ad-
vantage of capturing different aspects of deception, field studies often 
face challenges in establishing a reliable ground truth (Vrij et al., 2010). 
Deception labels are, in fact, frequently inferred rather than verified, 
compromising internal validity (Vrij et al., 2010). In contrast, laboratory 
experiments typically allow for greater control over conditions and ver-
ification of truthfulness, thereby strengthening causal inference (Cook et 
al., 2002; Vrij et al., 2010).  
These differences underscore the importance of balancing ecological va-
lidity with internal validity (i.e., clear definitions and operationalizations 
of ground truth) when interpreting findings and assessing their general-
izability. 

4.2 Research practice 

Research replicability 
Automated verbal deception detection has been primarily investigated 
through the reanalysis of existing datasets (n=133, 53.63%). In contrast, a 
minority of studies collected new datasets (n=89, 35.89%) or employed a 
mixed approach (n=15, 6.05%), combining newly collected data, previ-
ously available datasets, or data of unclear origin. Among the studies 
that reused datasets, we identified a total of 51 unique and open-source 
datasets (see Table S1 for full details). This reliance on existing resources 
is often seen as beneficial for addressing the replicability crisis in psy-
chology (Anvari & Lakens, 2018), as it facilitates the verification and 
comparison of findings across studies. We believe this represents a val-
uable resource for future research to conduct mega analytical studies in-
volving a diverse array of deceptive settings, topics, and strategies. Con-
versely, the advantage of creating new datasets lies in guaranteeing data 
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enrichment, thereby facilitating the development of more robust and 
generalizable models and helping broaden the external validity of find-
ings. Together, the practice of reanalyzing existing datasets and collect-
ing new ones represents a good balance between enhancing the replica-
bility of findings and generating new knowledge to move forward with 
research in automated verbal deception detection. 
Furthermore, to strengthen reproducibility and transparency, future 
work should also adopt standardized practices that make models and 
methodologies more accessible and verifiable. For example, future re-
search should resort to model cards (Mitchell et al., 2019), which consist 
of concise yet detailed reports of models, to disclose details about da-
tasets, training procedures, evaluation methods, and contexts of use. In 
addition, adapted protocols for pre-registering predictive modeling 
should be used to enhance transparency in ML practices (Hofman et al., 
2023). One example of such pre-registration flow for predictive model-
ling include:  i) pre-registering the problem statement and research ques-
tions, ii) training models, iii) choosing the one that yields the best perfor-
mance (i.e., validation), iv) pre-registering details of such finalized 
model and of the evaluation approach, and finally v) test this model on 
a test set of new collected data. By adopting practices such as model 
cards and pre-registration protocols, reproducibility and transparency in 
automated verbal deception detection can be enhanced, fostering greater 
trust, accountability, and scientific progress in the domain. 

The case of deceptive hotel reviews 
The Deceptive Opinion Spam datasets (Ott et al., 2011, 2013) were the 
most frequently reused datasets for examining automated verbal decep-
tion detection, accounting for 46.61% of the reused datasets and 25% 
(n=62) of all records. This dataset comprises 1600 genuine and fake re-
views of the 20 most popular hotels in Chicago.  
Despite its popularity, this dataset has big limitations that limit the gen-
eralizability of findings. One limitation entails the source of data collec-
tion. Genuine reviews were scraped from Tripadvisor, while fake re-
views were crowdsourced by asking participants to write a fake review 
that matched a genuine one.  This artificial setup introduces a confound, 
as fake reviews may differ from genuine ones, not because of their ve-
racity, but due to a different data collection procedure. The second limi-
tation is that individuals who wrote these fake reviews lack the experi-
ence to lie about it in a credible way. In fact, it is likely that crowdsourced 
participants, who are paid a few dollars for completing surveys or ex-
perimental tasks, represent a different population from those who can 
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afford an expensive hotel in Chicago, thus introducing a second con-
found in the dataset. Previous research experimentally manipulated data 
origin (i.e., if the dataset comes from one or multiple sources) and prod-
uct ownership (i.e., if reviewers had already some experience with the 
product) to test their effect on performance (Soldner et al., 2022). Find-
ings showed that these variables constitute important confounds, and 
when combined, they can inflate the deception detection performance by 
24.89–46.23% (Soldner et al., 2022). The fact that 25% of all reported find-
ings stemming from datasets with these inherent limitations raises con-
cerns about the generalizability of these findings and possible overesti-
mations. This suggests that we may have 62 records on automated verbal 
deception detection, with overestimated findings up to 46.23%. We 
therefore suggest that when designing new datasets or reanalyzing ex-
isting ones, it is paramount to control for the quality of the datasets and 
the presence of potential confounds to avoid performance overestima-
tion that may compromise the validity of results.   

Linguistic features and model interplay 
Research in automated verbal deception detection extracted linguistic 
features that fall within five main categories that primarily differ in their 
ability to capture information and nuances from text: (1) Linguistic and 
statistical features, (2) Term frequencies, (3) Embeddings, (4) Topic and latent 
semantic features, and (5) Hybrid Approaches. Once features were extracted, 
studies relied on five clusters of model categories that vary in their com-
putational complexity: (1) Statistical learning, (2) Ensemble models, (3) Neu-
ral networks, (4) Transformer-based language models, and (5) Large language 
models. 
Regarding the linguistic features, all categories were employed in ap-
proximately equal measure, with the exception of the topic and latent se-
mantic features, which were used to a lesser extent. However, over time, 
and specifically after 2015, we observed a methodological shift from tra-
ditional lexical and statistical features toward representation learning ap-
proaches, such as embeddings. This transition reflects the evolution of 
NLP techniques for improved text representations and marks a substan-
tial deviation from earlier practices, as highlighted in Hauch et al. (2015), 
where dictionary-based approaches (e.g., LIWC) dominated verbal cred-
ibility research. The transition to embeddings reflects not only techno-
logical progress but also a growing emphasis on capturing nuanced se-
mantic and contextual information that static word lists cannot provide. 
Regarding model categories, statistical learning models remain the most 
frequently used models (n=2,842, 55.22%). However, recent years have 
also seen the emergence of deep learning, transformer architectures, and 
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the most recent LLMs. This trend reflects the gradual adoption of in-
creasingly complex computational models over time, driven by techno-
logical evolution in NLP and the availability of large-scale datasets. This 
progression mirrors the broader trend reported in previous research 
(Constancio et al., 2023) and further extends such previous findings by 
highlighting the recent emergence of transformers and LLM, which were 
neither yet available nor prominent in previous years. 
One advantage of relying on such pre-trained language models (e.g., 
BERT, Devlin et al., 2018; FLAN-T5, Chung et al., 2022; Llama models, 
Grattafiori et al., 2024) lies in the possibility of leveraging the pre-existing 
language representation of these models and fine-tuning it for deception 
detection purposes. Previous research that already adopted this ap-
proach showed how it reduces the need for a labor-intensive process of 
manually engineering features or determining which features to extract 
and select (Fornaciari et al., 2021; Loconte et al., 2023; Loconte & Klein-
berg, 2025), which we argue is a practice that often introduces variability 
and fragmentation within research methodologies. By fine-tuning large 
language models, researchers can directly work with raw text inputs, 
streamlining the workflow and enhancing consistency across studies. 
However, a notable limitation of this approach is its lack of interpreta-
bility compared to simpler, feature-based models. While term frequency, 
embeddings, and topic or latent semantic approaches are primarily data-
driven, linguistic and statistical features offer the advantage of being theo-
retically grounded. For instance, prior studies have employed diction-
ary-based methods to automate traditional manual approaches, such as 
the RM (Kleinberg, van der Vegt, et al., 2019; Schutte et al., 2021), linked 
statistical properties of texts to cognitive load (Sarzynska-Wawer et al., 
2023), or leveraged ML-based techniques like NER as proxies for extract-
ing verifiable details (Kleinberg et al., 2017, 2018). All these examples 
highlight how a features-based text representation, despite its simplicity, 
may be more effective in terms of connecting machine predictions of de-
ception to specific and theoretically based verbal cues. Translational re-
search in high-stakes contexts (e.g., court proceedings, airport security, 
fraud prevention) emphasizes that, whenever possible, simpler and 
more explainable models should be favored over highly accurate but 
opaque alternatives (Oswald et al., 2018). Additionally, a previous study 
demonstrated that fine-tuned language models are not necessarily more 
robust than simpler bag-of-words models against adversarial attacks 
that leverage text paraphrasing (Kleinberg et al., 2025). In such scenarios, 
understanding the rationale behind algorithmic decisions is as crucial as 
the decision itself (Oswald et al., 2018); therefore, employing models 
grounded in psychological theories of deception provides a significant 
advantage for enhancing interpretability and explainability. 
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“Being accurate about accuracy”6 
Regarding the evaluation procedures, our findings reveal a marked dif-
ference compared to practices employed in psycholegal research. A pre-
vious investigation highlighted that 81% of studies in psycholegal re-
search evaluated the effectiveness of manual approaches using in-sam-
ple estimation, leading to inflated accuracy estimations (Kleinberg et al., 
2019). The solution proposed by the authors was to rely on cross-valida-
tion when testing on an independent sample is not feasible (Kleinberg et 
al., 2019). Interestingly, we observe that for automated verbal deception 
detection, in-sample validation was only used in 0.52% of models (n=27). 
In contrast, cross-validation was already common practice (n=2,751, 
53.44% of models), followed by the use of a hold-out test set (n=1,294, 
25.14% of models), and with a minority of models being tested even on 
an independent sample (n=929, 18.05% of models). This widespread 
adoption of out-of-sample validation, on one hand, reduces the risk of 
overestimating performance and increases the reliability of reported re-
sults. On the other hand, it increases the reliability of results in auto-
mated verbal deception detection research compared to those found in 
psycholegal research on manual approaches.  
Despite this positive note, the poor reliance on independent samples for 
evaluation (e.g., testing on new data or new domains), raises concerns 
about the external validity of these models. Without testing on unseen or 
out-of-domain data, it is difficult to assess whether models can general-
ize beyond the conditions under which they were trained. Previous stud-
ies have already showed how testing apparent accurate models on new 
domains brings their performance back to chance level (Velutharambath 
& Klinger, 2023), and this happens also when testing models across dif-
ferent cultural dimensions of individualism and collectivism (Papanto-
niou et al., 2022), with some researchers even wondering whether decep-
tion can actually be detected at all (Velutharambath et al., 2025).  Conse-
quently, future research should consider testing their models using both 
cross-validation and independent samples to validate the robustness of 
their findings and ensure a fair performance estimation. 

 
6 This expression comes from Kleinberg et al. (2019), and has been borrowed to refer to the 
importance of using correct validation procedures to obtain fair estimates of performance. 
The results in this paragraph cite and take into consideration the results of Kleinberg et al. 
(2019). 
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4.3 Limitations and future outlooks  
This systematic review is subject to three limitations that should be 
noted. First, as with every systematic review, the choices regarding eli-
gibility criteria and search strategy inevitably shape the scope and com-
prehensiveness of our findings.  For example, we excluded all research 
related to fake reviews and misinformation because, although they con-
stitute a form of deception in the media and news domain (Galeotti & 
Meini, 2022), they represent a separate research line that would have 
overly influenced our review. Moreover, excluding records that dis-
cussed fake news was sometimes challenging, as some works explicitly 
conceptualized fake news as deception (e.g., studies using datasets of 
fake news in political statements; Wang, 2017), and this may create disa-
greements among researchers who aim to replicate our findings. Second, 
some full texts, especially those found in conference proceedings, 
showed substandard reporting quality. This may have introduced errors 
in the coding phase, particularly for variables that were rarely explicitly 
detailed, such as the type of deception or the ground truth, and that we 
often had to infer. Finally, while using ASReview Lab to assist human 
reviewers enabled an extensive coverage of the available literature, both 
manual and semi-automated approaches introduce measurement error, 
with disagreements and edge cases invariably remaining. However, the 
hunt for the very last paper is a myth, as previous research has shown 
that, regardless of the methods employed, some relevant papers will in-
evitably be missed (Schoot et al., 2025). 
An important avenue for future research involves conducting meta-anal-
yses to estimate the average accuracy of automated verbal deception de-
tection methods under varying conditions, such as research design, data 
sources, or model types. Such analysis would enable a more nuanced 
understanding of performance variability and identify methodological 
factors that systematically influence outcomes. Moreover, given the sub-
stantial amount of research that has shared data online, future studies 
should leverage these resources to systematically re-analyze existing da-
tasets to i) test multiple models for robustness and ii) evaluate verbal 
cues that consistently contribute to deception detection across contexts. 
Finally, beyond meta-analysis and re-analysis of findings, there is also a 
pressing need for a mega-analysis that aggregates all available datasets 
on deception to create a unified, large-scale resource. Some studies have 
already attempted to address this issue. For example, one study exam-
ined deception in relation to cultural dimensions of individualism and 
collectivism across multiple datasets (Papantoniou et al., 2022), while an-
other work focused on developing a unified corpus of deceptive texts for 
cross-corpus deception detection (Velutharambath & Klinger, 2023). 
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Such efforts would facilitate robust benchmarking and support the de-
velopment of more generalizable models.  

Conclusion 
This Chapter mapped deception operationalization and research prac-
tices from 248 records and 5,148 models, being, to the best of our 
knowledge, the most extensive systematic review on automated verbal 
deception detection.  Key strengths include the balanced approach of re-
analyzing existing datasets, reducing the replicability crisis, and collect-
ing new data, which enrich the available resources for training new mod-
els. Research diversity in design, data sources, text representations, and 
model categories further enables opportunities for future research to test 
generalizability across contexts and approach ecological validity. Nota-
bly, the adoption of more advanced computational techniques, such as 
text embeddings and neural architectures like transformers, has in-
creased over time, suggesting methodological progress. However, im-
portant limitations remain. Deception is predominantly operationalized 
as fabrication and studied in fake reviews and English datasets, limiting 
linguistic and contextual variety. Moreover, ground truth was poorly op-
erationalized, with only 13.71% of records providing a clear and fully 
verifiable ground truth, undermining internal research validity. Finally, 
despite methodological improvements compared to research practices in 
validating manual approaches, only 18.05% of models were tested on 
new data to test the generalizability of performance out-of-sample. These 
gaps underscore the need for more rigorous ground truth standards, 
broader operationalizations of deception, and rigorous out-of-domain 
evaluation to advance the reliability and applicability of automated ap-
proaches for detecting verbal deception. 
In the next Chapter, we begin by highlighting the advantages of auto-
mated approaches for detecting verbal deception as a means to overcome 
the limitations of manual coding of statements and human prediction of 
verbal deception. To this aim, the next Chapter will explore and com-
pare, in four experiments, the performance of naïve judges, expert judges 
trained on Reality Monitoring (Johnson & Raye, 1981), and theory-led 
and data-driven statistical learning models in detecting verbal decep-
tion.  
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Supplementary Materials 
 

1. Search string  
The employed full search string is reported below. In bold the main key-
word, followed by the other semantically-related terms.  
 

((automat* OR comput* OR “machine learning” OR 
"deep learning" OR “natural language processing” OR 
AI OR “artificial intelligence” OR "language models" OR 
LLMs)  
AND  
(verbal OR text* OR narrative* OR written OR state-
ment* OR content)  
AND  
(decept* OR lie* OR lying OR deceit* OR dishonest* OR 
credibility OR veracity OR truth* OR believability)  
AND  
(detect* OR identif*)) 
NOT  
(“fake news” OR disinformation OR misinformation). 

 

2. List of key records  
Key records from Hauch et al (2015) 
Bond, G. D., & Lee, A. Y. (2005). Language of lies in prison: Linguistic 
classification of prisoners’ truthful and deceptive natural language. Ap-
plied Cognitive Psychology, 19, 313-329. doi:10.1002/acp.1087  
Evans, A. D., Brunet, M. K., Talwar, V., Bala, N., Lindsay, R. C. L., & Lee, 
K. (2012). The effects of repetition on children’s true and false reports. 
Psychiatry, Psychology and Law, 19, 517-529. 
doi:10.1080/13218719.2011.615808  
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Humpherys, S. L., Moffitt, K. C., Burns, M. B., Burgoon, J. K., & Felix, W. 
F. (2011). Identification of fraudulent financial statements using linguis-
tic credibility analysis. Decision Support Systems, 50, 585-594. 
doi:10.1016/j.dss.2010.08.009  
Newman, M. L., Pennebaker, J. W., Berry, D. S., & Richards, J. M. (2003). 
Lying words: Predicting deception from linguistic style. Personality and 
Social Psychology Bulletin, 29, 665-675. doi:10.1177/0146167203029005010  
Ott, M., Choi, Y., Cardie, C., & Hancock, J. T. (2011, June). Finding de-
ceptive opinion spam by any stretch of the imagination. In Proceedings of 
the 49th annual meeting of the Association for Computational Linguistics (pp. 
309-319). Portland, Oregon: Omnipress Incompany. 
 
Key records from Costancio et al. (2022) 
Papantoniou, K., Papadakos, P., Patkos, T., Flouris, G., Androutsopou-
los, I., & Plexousakis, D. (2022). Deception detection in text and its rela-
tion to the cultural dimension of individualism/collectivism. Natural 
Language Engineering, 28(5), 545-606. 
Kleinberg, B., & Verschuere, B. (2021). How humans impair automated 
deception detection performance. Acta psychologica, 213, 103250. 
Barsever, D., Singh, S., & Neftci, E. (2020, July). Building a better lie de-
tector with BERT: The difference between truth and lies. In 2020 Interna-
tional Joint Conference on Neural Networks (IJCNN) (pp. 1-7). IEEE. 
Hu, S. (2019, July). Detecting concealed information in text and speech. 
In Proceedings of the 57th Annual Meeting of the Association for Computa-
tional Linguistics (pp. 402-412). 
Kopev, D., Ali, A., Koychev, I., & Nakov, P. (2019, December). Detecting 
deception in political debates using acoustic and textual features. In 2019 
IEEE Automatic Speech Recognition and Understanding Workshop (ASRU) 
(pp. 652-659). IEEE.  
Mbaziira, A. V., & Murphy, D. R. (2018, March). An empirical study on 
detecting deception and cybercrime using artificial neural networks. In 
Proceedings of the 2nd International Conference on Compute and Data Analysis 
(pp. 42-46). 
Kleinberg, B., Van Der Toolen, Y., Vrij, A., Arntz, A., & Verschuere, B. 
(2018). Automated verbal credibility assessment of intentions: The model 
statement technique and predictive modeling. Applied cognitive psychol-
ogy, 32(3), 354-366. 
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Hosomi, N., Sakti, S., Yoshino, K., & Nakamura, S. (2018, November). 
Deception detection and analysis in spoken dialogues based on FastText. 
In 2018 Asia-Pacific Signal and Information Processing Association Annual 
Summit and Conference (APSIPA ASC) (pp. 139-142). IEEE. 
Levitan, S. I., Maredia, A., & Hirschberg, J. (2018, June). Linguistic cues 
to deception and perceived deception in interview dialogues. In Proceed-
ings of the 2018 Conference of the North American Chapter of the Association 
for Computational Linguistics: Human Language Technologies, Volume 1 
(Long Papers) (pp. 1941-1950). 
Pak, J., & Zhou, L. (2015, May). A comparison of features for automatic 
deception detection in synchronous computer-mediated communica-
tion. In 2015 IEEE International Conference on Intelligence and Security In-
formatics (ISI) (pp. 141-143). IEEE. 
Pérez-Rosas, V., & Mihalcea, R. (2015, September). Experiments in open 
domain deception detection. In Proceedings of the 2015 conference on em-
pirical methods in natural language processing (pp. 1120-1125). 
Briscoe, E. J., Appling, D. S., & Hayes, H. (2014, January). Cues to decep-
tion in social media communications. In 2014 47th Hawaii international 
conference on system sciences (pp. 1435-1443). IEEE. 
Mihalcea, R., Pérez-Rosas, V., & Burzo, M. (2013, December). Automatic 
detection of deceit in verbal communication. In Proceedings of the 15th 
ACM on International conference on multimodal interaction (pp. 131-134). 
Rubin, V. L., & Conroy, N. (2012). Discerning truth from deception: Hu-
man judgments and automation efforts. First Monday, 17(5). 
Fornaciari, T., & Poesio, M. (2012, April). On the use of homogenous sets 
of subjects in deceptive language analysis. In Proceedings of the Workshop 
on Computational Approaches to Deception Detection (pp. 39-47). 
Almela, A., Valencia-García, R., & Cantos, P. (2012, April). Seeing 
through deception: A computational approach to deceit detection in 
written communication. In Proceedings of the workshop on computational 
approaches to deception detection (pp. 15-22). 
Feng, S., Banerjee, R., & Choi, Y. (2012, July). Syntactic stylometry for 
deception detection. In Proceedings of the 50th Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 2: Short Papers) (pp. 171-175). 
Rubin, V. L., & Conroy, N. J. (2011). Challenges in automated deception 
detection in computer-mediated communication. Proceedings of the Amer-
ican Society for Information Science and Technology, 48(1), 1-4. 
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3. Active learning model’s details 

 
ASReview allows the researcher to select between multiple combinations 
of features extractors and classifiers.  
For feature extraction, the simplest approach relies on Term Frequency-
Inverse Document Frequency (TF-IDF). Term frequency (TF) measures 
how frequently a term occurs in the abstract. Inverse document fre-
quency (IDF) measures how often the term appears across all the ab-
stracts in my records. By multiplying the TF and IDF, we obtain the TF-
IDF of a specific word and it represents the importance of that word in 
the abstract relative to the whole dataset. By repeating this process with 
every word, the TF-IDF converts the textual version of the abstract into 
its numerical format. The inherent limitations of this approach are that 
the TF-IDF does not incorporate information related to words order, con-
texts, and semantics of words. 
In contrast, the Sentence-Bidirectional Encoder Representations from 
Transformers (S-BERT) relies on transformer architectures to generate a 
numerical vector representation of sentences, known as embeddings, 
that also captures semantics. One limitation for this approach is that 
computing embeddings can be time-consuming and computationally ex-
pensive.   
After processing the abstracts into their numerical format, classifiers can 
be used to sort data into categories (here: relevant or irrelevant for the 
systematic review). Different models were available in asreview, such as 
logistic regression, naïve bayes, and XGBoost. Logistic regression esti-
mates the probability that a given input point belongs to a certain class. 
Naïve Bayes Classifier is a classifier based on Bayes’ theorem and as-
sumes that the presence of a particular feature in a class is unrelated to 
the presence of any other feature. XGBoost works by building an ensem-
ble of decision trees sequentially, where each new tree corrects the errors 
of the previous ones using gradient boosting and regularization to im-
prove accuracy and prevent overfitting. Both logistic regression and na-
ïve bayes are very fast in computation, while XGBoost are more expen-
sive. Further information are available at https://asre-
view.nl/blog/asreview-model-selection-guide/    
 
  

https://asreview.nl/blog/asreview-model-selection-guide/
https://asreview.nl/blog/asreview-model-selection-guide/
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4. Definitions of sources and research designs 

Online sources: Data gathered through internet-based sources, includ-
ing web platforms, social media, online surveys, or data scraping from 
digital environments. 

Offline sources: In contrast to online data, offline data collected are col-
lected in vivo, either in controlled or natural settings, without using the 
internet. Examples include laboratory experiments, field studies, or face-
to-face interviews.  

For either data collected online or offline, we defined the research de-
signs as follows: 

• Experiments: Studies in which researchers actively manipulate 
one or more variables under controlled conditions to establish 
cause-and-effect relationships. 

• Quasi-experiments: Research designs that examine causal rela-
tionships without full randomization or control, often using nat-
urally occurring groups or conditions or by mixing observa-
tional data with experimentally manipulated data. 

• Naturalistic: Information collected from real-life settings with-
out experimental manipulation, reflecting authentic behaviors, 
events, or interactions as they occur in everyday contexts. Usu-
ally, data points are assigned to different conditions (here: truth-
ful vs deceptive) based on predefined inferred criteria. For 
online naturalistic data, we mean data that are naturally pro-
vided in online platforms (e.g., on Facebook) in contrast to 
online experiments where the researcher collects new data via 
crowdsourcing (e.g., Prolific, Amazon Turk). 

• Mixed: Records that combined multiple data origins and de-
signs. 
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5. Distribution of included records per publication year 
FIGURE S1. Distribution of published records over time (2000-2025).  

 
Note. One model from 1982, included in the systematic review, was excluded from the plot 
for a better visualization. 
 
 

6. Number of statements by source and research design 
TABLE S1. Descriptive statistics of no. of statements (M, SD) by source of data 
collection and research design at the model-level.  
 

Source Design N (%) M SD Median Range 
 
Offline 

Experiment 724 
(14.06%) 

584.19 1,237.39 217 20 - 9,104 

Quasi-
experiment 

14 (0.27%) 1,665.14 342.80 1,800 856 - 1,800 

Naturalistic 
data 

504 (9.79%) 1,470.10 3,804.44 202 18 - 17,880 

 
Online 

Experiment 1,044 
(20.28%) 

840.49 1,513.01 346 38 - 14,343 

Quasi-
experiment 

1,918 
(37.26%) 

3,763.31 28,628.84 1,600 200 - 
501,472 

Naturalistic 
data  

829 
(16.10%) 

82,342.34 435,110.78 5,854 78 - 
3,868,306 

Mixed Mixed 108 (2.10%) 647.58 998.75 220 200 - 4018 

Note. Seven models with unclear data source are not reported in this table.   
Abbreviations. N = number of models from included records. 
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7. Reused datasets 

 
Table S2. Reference list and details of reused datasets that were reported in an academic outlet and fit within the first three 
levels of ground truth.  
 

Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Bluff the Listener 
(BLUFF; Skalicky 
et al., 2020) 

753 0.5 Typed English Radio game 
broadcast 

Fabrication Offline 
naturalistic 

Clear and 
verifiable 

Boulder Lies and 
Truth corpus 
(Salvetti et al., 
2016) 

1,492 0.43 Typed English Reviews Fabrication 
and 
embedded 
lies 

Offline 
naturalistic 

Clear but 
not 
verifiable 

Box of Lies corpus 
(Soldner et al., 
2019) 

1,049 0.22 Transcribed English Object 
description 

Fabrication Offline 
naturalistic 

Clear and 
verifiable 

CliPS stylometry 
investigation 
coprus 
(Verhoeven & 
Daelemans, 2014) 

1298 1 Typed Dutch Reviews Fabrication Offline 
naturalistic 

Clear but 
not 
verifiable 

Columbia X 
Cultural 
Deception (CXD) 

139 1 Transcribed English Interview on 
biographical 
questions 

mixed Offline 
experiment 

Clear but 
not 
verifiable 
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Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Corpus (Levitan et 
al., 2015) 

Columbia-SRI-
Colorado (CSC) 
Deceptive Speech 
dataset 
(Hirschberg et al., 
2005) 

32 0.5 Transcribed English Interview on 
task 
performance 

Exaggeration, 
minimization 

Offline 
experiment 

Clear and 
verifiable 

Cross-cultural 
deception (Pérez-
Rosas & Mihalcea, 
2014) 

1550 1 Typed American 
English, 
Indian 
English, 
Spanish 

Personal 
opinions 

Fabrication Online 
experiment 

Clear but 
not 
verifiable 

Daily Deceptive 
Dialogues corpus 
of Mandarin 
(Huang et al. 
2019) 

2764 - Transcribed Mandarin Dyadic 
interactions, 
asking 
questions 
about past 
experiences 

mixed Offline 
experiment 

Clear but 
not 
verifiable 

Deception Corpus 
(Almela et al., 
2012) 

600 1 Typed Spanish Personal 
opinions 

fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Deception in 
Reviews (DeRev; 
Fornaciari & 
Poesio, 2014) 

236 1 Typed English Reviews fabrication Online 
naturalistic 

Directly 
inferred 
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Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Deception in 
Reviews (DeRev; 
Fornaciari & 
Poesio, 2020) 

1552 1 Typed English Reviews fabrication Online 
experiment 

Clear but 
not 
verifiable 

Deception on 
Facebook 
(Songram et al., 
2016) 

2387 1 Typed Thai Job posts fabrication Online 
naturalistic 

Directly 
inferred 

Deception Speech 
Database (DSD; 
Schuller et al., 
2016) 

1555 2.6 Transcribed English Mock crime fabrication Offline 
experiment 

Clear and 
verifiable 

Deceptive 
Interview Corpus 
(Burgoon, et al., 
1999) 

732 1 Transcribed English Self-
presentation 

mixed Offline 
experiment 

Clear but 
not 
verifiable 

Deceptive 
Opinion Spam 
(Ott et al., 2011) 

800 1 Typed  English Reviews  fabrication Online 
quasi-
experiment 

Clear but 
not 
verifiable 

DeCop (Capuozzo 
et al., 2020) 

2500 1 Typed English Personal 
opinions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 

DeCop (Capuozzo 
et al., 2020) 

2500 1 Typed Italian Personal 
opinions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 



67 

 

Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

DECOUR - 
DEception in 
COUR (Fornaciari 
and Poesio; 2012) 

3015 1.27 Transcribed Italian Trial 
hearings 

mixed Offline 
naturalistic 

Directly 
inferred 

Deeb et al. (2020) 243 1 Transcribed English Past 
memorable 
experience  

fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Deeb et al., 
(2022a) 

112 1 Transcribed English Lab mission fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Deeb et al., 
(2022b) 

211 1 Transcribed English Lab mission fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Deeb, Vriij, Leal, 
& Burkhardt 
(2021) 

243 1 Transcribed English Past 
memorable 
experience  

fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Deeb, Vrij, Leal & 
Mann (2021) 

175 1 Transcribed English Video 
footage 

fabrication Offline 
experiment 

Clear but 
not 
verifiable 

DeFaBel 
(Velutharambath, 
Wuhrl & Klinger, 
2024) 

1031 0.61 Typed German Personal 
opinions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 
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Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Desert Survival 
Problem (Zhou et 
al., 2004) 

30 0.88 Typed English Personal 
opinions 

fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Diederik Stapel 
dataset 
(Markowitz & 
Hancock, 2014) 

49 1.04 Typed English Scientific 
fraud  

fabrication Offline 
naturalistic 

Clear and 
verifiable 

Essays Corpus 
(Mihalcea & 
Strapparava, 2009) 

600 1 Typed English Personal 
opinions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 

Hippocorpus (Sap 
et al., 2022) 

6854 1 Typed English Past 
memorable 
experience 

fabrication Online 
experiment 

Clear but 
not 
verifiable 

Intentions dataset 
(Kleinberg & 
Verschuere 2021) 

1640 0.91 Typed English Future 
intentions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 

Li et al., (2014) 3032 0.46 Typed English Reviews fabrication Online 
quasi-
experiment 

Clear but 
not 
verifiable 

Mafia Game 
Dataset (Ibraheem 
et al., 2022) 

2162 1.81 Typed English Mafia game mixed  Online 
experiment 

Clear and 
verifiable 

Mafiascum 
dataset (de Ruiter 
& Kachergis, 2019) 

10,000 - Typed English Mafia game mixed Online 
naturalistic 

Clear and 
verifiable 
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Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Miami University 
Deception 
Detection Dataset 
(MU3D; Lloyd et 
al., 2019) 

320 1 Transcribed English Personal 
opinions 

fabrication Offline  
experiment 

Clear but 
not 
verifiable 

Monaro et al., 
(2022) 

62 1 Transcribed Italian Past trip fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Negative 
Deceptive 
Opinion Spam 
(Ott et al., 2013) 

800 1 Typed English Reviews fabrication Online 
quasi-
experiment 

Clear but 
not 
verifiable 

Open Domain 
Dataset (Pérez-
Rosas & Mihalcea, 
2015) 

7168 1 Typed English Open 
domain 

fabrication 

 

Online 
experiments 

Clear but 
not 
verifiable 

Real-life trial 
dataset (Pérez-
Rosas et al., 2015) 

121 0.98 Transcribed English Trial 
hearings 

fabrication Offline 
naturalistic 

Directly 
inferred 

Russian Deception 
Bank (Litvinova et 
al., 2017) 

226 1 Typed Russian Past 
experiences 

fabrication Lab 
experiment 

Clear but 
not 
verifiable 

Samsung Dataset 
(Chen & Chen 
2015) 

251,984 80.87 Typed Chinese Reviews fabrication Online data Directly 
inferred 
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Dataset No of 
statements 
or 
utterances 

truthful / 
deceptive 
proportion 

Format Language Topic Type of 
deception 

Source and 
research 
design 

Ground 
truth 

Stony Brook 
University (SBU) 
deception dataset 
(Banerjee et al., 
2020) 

2600 1 Typed English Personal 
Opinions 

fabrication Online 
experiment 

Clear but 
not 
verifiable 

Vrij et al., (2020) 201 1 Transcribed English Past trip fabrication Offline 
experiment 

Clear but 
not 
verifiable 

Vrij, Leal, Deeb, 
Castro Campos et 
al., (2022) – 
experiment 1 and 
2 

430 1 Transcribed English Past trip fabrication Offline 
experiment 

Clear but 
not 
verifiable 
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Chapter 2 
 
Detecting deceptive narra-
tives through Natural Lan-
guage Processing: compar-
ing naïve and expert judges 
vs. theory-led and data-
driven models 
 

 
 
 
 
 
 
 
 
 
 
This chapter is based on: Loconte, R., Battaglini, C., Maldera, S., Pietrini, 
P., Sartori, G., Navarin, N., & Monaro, M. (2025). Detecting Deception 
Through Linguistic Cues: From Reality Monitoring to Natural Language 
Processing. Journal of Language and Social Psychology, 44(3-4), 523-552. 
https://doi.org/10.1177/0261927X251316883 

https://doi.org/10.1177/0261927X251316883
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Abstract  
Detecting deception in interpersonal communication is a pivotal issue in 
social psychology, with significant implications for court and criminal 
proceedings. In this study, four experiments were designed to compare 
the performance of natural language processing (NLP) techniques and 
human judges in detecting deception from linguistic cues in a dataset of 
62 transcriptions of videotaped interviews (32 genuine and 30 decep-
tive). The results showed that machine-learning (ML) algorithms signif-
icantly outperform naïve (accuracy=54.7%) and expert judges (accu-
racy=59.4%) when trained on features from the reality monitoring (RM) 
and cognitive load (CL) frameworks (accuracy=69.4%) or on features au-
tomatically extracted through NLP techniques (accuracy=77.3%), but not 
when trained on the RM criteria alone. This evidence suggests that NLP 
algorithms, due to their ability to handle complex patterns of linguistic 
data, might be helpful for better disentangling truthful from deceptive 
narratives, outperforming traditional theoretical models. 
Keywords: deception, Reality Monitoring, Natural Language Pro-
cessing, lie detection, deception linguistic cues  
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1. Introduction 
Detecting deception in interpersonal communication is a pivotal issue in 
social psychology, with significant implications for criminal investiga-
tions, court proceedings, and criminal trials. For example, assessing the 
credibility of a suspect during interrogation is relevant, as false or dis-
torted information may lead the investigation in the wrong direction. 
Moreover, in some cases, such as in the Italian court, allegations of sexual 
harassment are often based on the victims’ declarations, which are 
treated as evidence, and most often without clear and independent evi-
dence of the offence. In such situations, a police officer or a judge is 
tasked with determining the veracity of the information provided and of 
the alleged accusation (Oberlader et al., 2021). However, humans exhibit 
inherent biases when it comes to detecting lies. In the absence of prior 
knowledge of the context, human intuitive judgment in deception detec-
tion has been shown to be only slightly above chance level (Bond & De-
Paulo, 2006; Ekman & O’Sullivan, 1991). Even experts in the field, such 
as police officers, tend to commit false-negative and false-positive errors 
(Elaad, 2009; Vrij et al., 2008). For naïve judges, the truth bias (i.e., the 
human inclination to presume others as honest) has been proposed as 
one possible explanation for this poor performance (Levine, 2014; Street 
& Masip, 2015). For expert judges, instead, the debate remains open on 
whether the problem stems from the identification of the cue (i.e., during 
the evaluation process) or the difficulty of combining several cues (due 
to limited cognitive resources) to then make a straightforward decision 
(Verschuere et al., 2023).  
Recently, researchers have increasingly relied on automated approaches 
to deception detection based on machine learning (ML) techniques, i.e., 
computational methods that enable computer algorithms to identify pat-
terns in data and make predictions based on these patterns (see Constan-
cio et al., 2023 for a review). One of the most widely exploited techniques 
is natural language processing (NLP), a field of artificial intelligence (AI) 
that focuses on enabling machines to interpret, analyze, and respond to 
human language. NLP has been applied mainly in detecting deception 
online, such as for identifying fake reviews (Ott et al., 2011) or misinfor-
mation (Pérez-Rosas et al., 2018). Typically, NLP-based approaches are 
heavily data-driven. This means that they rely on extracting features di-
rectly from textual data, such as word frequencies, syntactic patterns, 
and word embeddings (i.e., numerical representations of word co-occur-
rences), without necessarily incorporating insights from psychological 
theories that have been used to identify cues of deception in language.  
In this context, NLP techniques can be leveraged to transform textual 
data into numerical features based on theoretical frameworks, which will 
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then be used to feed ML models trained to identify subtle verbal indica-
tors in datasets where truthful and deceptive examples are already la-
beled (i.e., supervised learning). The advantage of this approach is that, 
after the training is complete, a well-trained ML model can be used to 
predict whether new statements are likely to be deceptive or truthful, 
based on learned patterns, and evaluate the efficacy of a specific psycho-
logical theory of deception. 

1.1 Investigating the veracity of verbal content using reality 
monitoring  
Deception may imply reporting fabricated details or intentionally omit-
ting relevant information conveyed in such a way as to seem truthful to 
the interlocutor (Newman et al., 2003). The Undeutsch hypothesis sug-
gests that deceitful information is qualitatively different in form and con-
tent from truthful information (Vrij et al., 2000). Nevertheless, there is no 
verbal cue that is inherently associated with deception (Vrij, 2008). 
Among the several verbal lie detection tools, reality monitoring (RM; 
Johnson & Raye, 1981) was developed on the basis of evidence from cog-
nitive psychology and currently stands out in the literature for its theo-
retical robustness, being the most commonly employed approach by re-
searchers. This approach is grounded in the notion that memories of ac-
tual experiences exhibit stronger connections to external stimuli than 
memories of imagined events. Accordingly, memories originating from 
perceptual experiences should feature contextual, sensory, and affective 
details, whereas internally generated memories, stemming from 
thoughts or imagination, should be marked by references to cognitive 
processes. Eight criteria were outlined to distinguish between these two 
types of memories, with the presence of cognitive operations being the 
only lie-criterion (Johnson & Raye, 1981; Sporer, 1997, 2004). Research 
indicates that when scores are combined from these eight criteria, the 
average accuracy RM rate is comparable to that of other content-based 
techniques (e.g., the criteria-based content analysis), ranging between 
61% and 83%, with an average of 69% (Vrij, 2008). Among the individual 
criteria, contextual factors, such as temporal and spatial criteria, appear 
to hold the most significant diagnostic value (Masip et al., 2005). 
Systematic reviews (Masip et al., 2005; Vrij, 2005, 2008) and meta-anal-
yses (Amado et al., 2015, 2016; Hauch et al., 2017; Oberlader et al., 2016) 
have demonstrated that RM exhibits satisfactory inter-rater reliability 
and empirical validity across diverse study designs and populations, 
possibly because of its straightforward application (Sporer, 1997; 
Strömwall et al., 2004; Vrij et al., 2000). Indeed, RM is not time-consum-
ing, involves less subjective decision-making (Oberlader et al., 2016), and 
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holds precise criteria that are easy to operationalize. Despite these find-
ings, caution is advised when using RM due to the lack of an objective 
decision rule, namely a numerical cutoff for scores that allows the user 
to classify a narrative as honest or fake (Amado et al., 2015, 2016).  

1.2 Investigating the veracity of verbal content by imposing cog-
nitive load  
In interviews, lie-tellers are known to consume more cognitive resources 
because they need to fabricate responses that are congruent with other 
fabricated information while maintaining their credibility during the ex-
amination (Vrij et al., 2008). This cognitive load (CL) is often reflected in 
several indices (e.g., behavioural, physiological, verbal, and neural, 
among others) that can be leveraged to distinguish truthful from decep-
tive statements  (Vrij et al., 2008).   
The “imposing cognitive load approach” (Vrij et al., 2015) exploits this 
vulnerability in lie-tellers, utilizing interviewing strategies that further 
deplete their cognitive resources while maintaining a manageable de-
mand for truth-tellers (Walczyk et al., 2013). These strategies may in-
volve asking the examinee to perform a second task during the interview 
or to continuously switch between two tasks, imposing time restrictions 
on answering questions, recalling events in reverse order, or asking the 
examinee unexpected questions (Vrij et al., 2009; Walczyk et al., 2013).  
Among these, the strategy of asking unexpected questions has proven 
effective, achieving accuracy rates ranging from 80% to 95% (e.g., Lan-
caster et al., 2013; Monaro et al., 2017, 2018). It involves the examiner in-
itially asking anticipated questions, i.e., questions that the lie-tellers ex-
pect and prepare in advance, and then switching to questions that cannot 
be foreseen and for which the responses were not prepared. For example, 
in the context of fake identities, lie-tellers may prepare answers about the 
name, surname, and date of birth of the stolen identity, but it is unlikely 
they would prepare the answer for their zodiac sign (Monaro et al., 2017). 
Responses to unexpected questions in lie-tellers are associated with 
slower reaction times and a higher number of inconsistencies compared 
to truth-tellers (Melis et al., 2024; Monaro et al., 2017). Lie detection ap-
proaches that impose cognitive load yield higher accuracy rates com-
pared to standard approaches in detecting deception (Vrij et al., 2015). 
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1.3 Investigating the veracity of verbal content using natural lan-
guage processing  
The advent of NLP for analyzing human language has provided new op-
portunities for the automatic detection of deception (Fitzpatrick et al., 
2015). These techniques allow to extract features at different level of 
granularity: i) the n-gram model breaks the text into linear sequences of 
tokens and reveal frequent patterns; ii) part-of-speech (POS) tagging as-
signs grammatical categories (nouns, verbs, and adjectives) to words, 
thus informing on shallow syntactic text structure; iii) word/sentence 
length and number are extracted to evaluate text complexity; iv) the Lin-
guistic Inquiry and Word Count (LIWC; Boyd et al., 2022; Pennebaker et 
al., 2015) categorizes words into psychological, social, and emotional di-
mensions (e.g., positive/negative affect, social words, etc) providing the 
semantic content of the text; v) named-entity recognition (NER), auto-
matically identifies and categorizes proper nouns (such as names of peo-
ple, places, and organizations) within texts. 
Moreover, these computational techniques can be applied in conjunction 
with various methodologies. Data-driven approaches are based on sta-
tistical procedures to perform feature extraction and selection. Theory-
led approaches investigate samples of features derived from psycholog-
ical theoretical models of deception. Lastly, hybrid models rely on theory 
to select variables that are restricted to those found to be statistically sig-
nificant. 
The RM and CL frameworks have been proven suitable for investigation 
using this computational perspective. Recent studies highlighted how 
manual coding is not necessarily superior to automated coding of RM 
(Deeb et al., 2024; Schutte et al., 2021). In addition, a meta-analysis by 
Hauch et al. (2015) demonstrated the effectiveness of RM in detecting 
verbal deception when using LIWC features. The same meta-analysis 
also found evidence in favor of the CL theory, showing that lie-tellers 
produce shorter, less elaborate, and less complex statements (Hauch et 
al., 2015). These characteristics can be automatically captured in state-
ments through linguistic features such as the number of words, number 
of sentences, average sentence length, type-token ratio, word length, and 
use of exclusive words (e.g., but, except, without).  
Furthermore, a recent study found that verbal cues of CL effectively dis-
tinguished truthful from deceptive statements in a mixed dataset that 
included different contexts of deception (i.e., personal opinions vs. auto-
biographical memories vs. future intentions), suggesting the potential 
for these features to serve as more generalizable cues compared to others 
(Loconte et al., 2023).  
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TABLE 1. Studies employing ML techniques on verbal content for lie-detection 
tasks, as reported in Constancio et al. (2023).    
 

Authors Dataset Features Algorithm Ac-
cu-

racy 

Rubin and 
Conroy 
(2011) 

Stories written by vol-
unteers 

LIWC categories, 
Lexical measures 

Support 
Vector Ma-

chine (SVM) 

0.65 

Fentg et al. 
(2012) 

Reviews of 35 Italian 
restaurants 

Bigrams, POS tags, 
Syntax complexity, 

Unigrams 

SVM 0.91 

Fornaciari 
et al. (2012) 

DeCour corpus LIWC categories, 
Lexical measures, N-

grams, POS tags 

SVM 0.69 

Rubin and 
Conroy 
(2012) 

Stories written by vol-
unteers 

LIWC categories, 
Lexical measures 

Decision 
Tree 

0.65 

Perez-
Rosas et al. 
(2013) 

Video recordings from 
volunteers 

Unigrams SVM 0.74 

Briscoe et 
al. (2014) 

Statements provided by 
volunteers in a mock 

chat room 

Emoticons, Informal-
ity, Sentiment, Syn-

tax complexity 

Gradient 
Boosting 

0.91 

Pak and 
Zhou 
(2015) 

Communications dur-
ing sessions of the 
online Mafia game 

LIWC categories, 
Syntax complexity, 

Unigrams 

Decision 
Tree 

0.98 

Kleinberg 
et al. (2018) 

Interviews on weekend 
plans collected from 

volunteers 

LIWC categories, 
Named entities, Psy-
chological processes 

SVM 0.77 

Mbaziira 
et. al (2018) 

Combination of four 
publicly available da-

tasets 

Syntax complexity Neural Net-
work 

0.80 

Barsever et 
al. (2020) 

Ott Deceptive Opinion 
Spam Corpus 

BERT embeddings Neural Net-
work 

0.94 

Kleinberg 
et al. (2021) 

True and deceptive 
statements collected by 
a web application from 

volunteers 

LIWC categories, 
POS tags 

Random 
Forest 

0.69 

Note. The type of dataset, the features extracted, the algorithm employed, and the highest 
accuracy reached in the test set are reported as they appear in the original study, rounded 
to two decimal places. 
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Finally, previous works employed NER as a proxy for the automated 
scoring of details and verifiable details, accurately classifying truthful 
and deceptive hotel reviews and future intentions (Kleinberg, Mozes, et 
al., 2018; Kleinberg, van der Toolen, et al., 2018).  
Parallel to these theory-led approaches, the detection of verbal deception 
has also been investigated using a data-driven approach. For example, 
Mihalcea & Strapparava (2009) and Ott et al. (2011) detected deceptive 
opinions by training a naïve Bayes and a support vector machine model 
on n-grams and a combination of n-grams and LIWC features, respec-
tively. Pérez-Rosas & Mihalcea (2015) investigated an open-domain da-
taset using n-grams, shallow and deep syntactic features (using POS tag-
ging), semantic features from LIWC, and readability and syntactic com-
plexity metrics.  
A recent review of studies from Constâncio et al. (2023) on ML and NLP 
techniques for lie detection showed that automatic verbal analysis sig-
nificantly outperformed chance and human-level performance across 
various datasets (see Table 1). Furthermore, a short review of the litera-
ture on the use of LIWC software for lie detection (Van Der Zee et al., 
2022) showed that studies using a data-driven approach reached an ac-
curacy rate ranging from 65% to 74%, whereas studies using a theory-led 
approach reached an accuracy rate ranging from 51% to 69%. Studies 
that employed a hybrid approach, training ML models only on statisti-
cally significant theoretical variables, reached an accuracy rate ranging 
from 50% to 69%. These findings underscore the importance of selecting 
the most appropriate approach, as it can significantly impact the perfor-
mance of ML models (Van Der Zee et al., 2022). 

1.4 The current study 
This study examines deception detection through the theoretical lenses 
of RM and CL in the context of transcripts of interviews with unexpected 
questions. Through four experiments, this study compared the perfor-
mances of naïve judges, expert judges trained on RM, and both theory-
led and data-driven ML models in detecting deception, offering critical 
insights into the relative effectiveness and reliability of each approach. 
Specifically, in Experiment 1, we compared the performance of laypeo-
ple (i.e., naïve judges) to that of individuals with expertise in the forensic 
field (i.e., expert judges). Expert judges were trained in the application 
of RM criteria for lie detection. The main hypothesis (Hyp. 1a) posits that 
expert judges achieve higher accuracy than naïve judges because studies 
have demonstrated the effectiveness of RM criteria in distinguishing 



 

79 

 

truth from deception in verbal content (Amado et al., 2016; Gancedo et 
al., 2021; Vrij, 2008; Vrij et al., 2022). 
However, we saw expert judges performing poorly in Experiment 1. 
Therefore, in Experiment 2, we aimed to investigate the reasons behind 
this poor performance, attempting to disentangle whether it was associ-
ated with limitations in the effectiveness of RM when applied to specific 
datasets or whether the problem lay in experts’ limitations in their eval-
uation and decision-making skills. We employed a computational ap-
proach for this purpose. Specifically, four ML models were trained on 
two sets of RM ratings: those assigned to each transcription by expert 
judges in Experiment 1 and those provided by leveraging NLP tech-
niques. Three alternative hypotheses were defined for this study: 

• Hyp. 2a) Expert judges performed poorly in Experiment 1 be-
cause they were poor evaluators. Specifically, expert judges may 
not be able to assess RM criteria effectively. If this hypothesis is 
true, a poor performance is expected from ML models trained 
on expert ratings, similar to that obtained by forensic experts in 
Experiment 1. Moreover, they are expected to show lower accu-
racy than those trained on ratings derived through NLP tech-
niques. 

• Hyp. 2b) Expert judges performed poorly in Experiment 1 be-
cause RM criteria were poorly informative for this type of da-
taset. If this hypothesis is true, both ML models trained on expert 
and NLP-based ratings of RM are expected to underperform, 
with an accuracy similar to that obtained by forensic experts in 
Experiment 1. 

• Hyp. 2c) The RM criteria were informative, and expert judges 
were effective evaluators but may have struggled in effectively 
combining all the information to derive a final decision. If this 
hypothesis is true, ML models trained on expert ratings of RM 
are expected to outperform the accuracy obtained by expert 
judges in Experiment 1 (Monaro et al., 2020). 

Finally, Experiments 3 and 4 concerned the performance of ML models. 
Specifically, we examined the effectiveness of theory-led vs. data-driven 
approaches in feature extraction.  
Experiment 3 employed linguistic features from two theoretical frame-
works: RM and CL. This procedure was adopted for two reasons: i) a 
previous meta-analysis on deception detection indicated that the CL ap-
proach yields higher accuracy rates than standard approaches (Vrij et al., 
2015); ii) the dataset under analysis was specifically designed to estab-
lishing a minimum of 10 judges per statement, replicating the original 
recruiting and evaluation procedure as in Monaro et al., (2022). The first 
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hypothesis for this experiment posits that adding linguistic features as-
sociated with the CL framework potentially increases ML models’ accu-
racy in detecting verbal deception compared to models trained solely on 
features from RM (Hyp. 3a). The second hypothesis postulates that vari-
ous interview phases (free recall vs. unexpected questions vs. full text) 
influence ML models’ performance. Specifically, ML models trained on 
features extracted from unexpected questions (or full text) will yield 
higher accuracy than those trained on features extracted solely from free 
speech, based on the assumption that CL features are more prevalent in 
responses to unexpected questions (Hyp. 3b). 
Experiment 4 was designed to investigate whether a data-driven ap-
proach could outperform the previous theory-based methods. To this 
end, NLP techniques were employed to extract a broad set of linguistic 
features, along with a data-driven feature selection strategy, to identify 
a subset of highly informative features (Ghosh, 2022). The main hypoth-
esis of this study posits that a data-driven approach may outperform the-
ory-led approaches, particularly in scenarios where theory-based meth-
ods have already shown limited effectiveness. Specifically, a data-driven 
method is hypothesized to achieve superior performance by directly ex-
trapolating rules from data, rather than relying on general theories (Hyp. 
4a). 
Experiments 1 to 4 altogether allow us to test a final hypothesis for this 
study, which posits that theory-led and data-driven ML approaches are 
expected to outperform naïve and expert human judges in identifying 
deception (Hyp. 4b). This hypothesis stems from ML models’ computa-
tional ability to integrate and analyze complex datasets more compre-
hensively than humans.  

2. Experiment 1: Naïve vs Expert judges 

2.1 Materials and methods  

Participants 
The sample size was determined through an a priori power analysis us-
ing G*Power (Faul et al., 2007). For the sample of naïve judges, the results 
indicated that a sample size of 42 is sufficiently large to achieve a statis-
tical power (1-β)=0.8 in a one-tailed Wilcoxon signed-rank test (one-sam-
ple case), given a significance level α=0.05 and a medium effect size 
(d=0.4; Bond & DePaulo, 2006). Since we had access to a larger sample 
size, we collected a significantly higher number of participants, ensuring 
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a minimum of 10 judges per statement, thereby replicating the original 
recruiting and evaluation procedure as described in Monaro et al. (2022). 
Therefore, the sample of naïve judges consisted of 121 Italian-speaking 
participants (75 females). Age ranged from 18 to 62 years (M=33.92, 
SD=12.40), with years of education ranging from 8 to 21 (M=15.84, 
SD=2.40). Participants were recruited as volunteers through a snowball 
sampling procedure. One participant did not complete the task and was 
excluded from the analysis. 
For the sample of expert judges, the results of the power analysis indi-
cated that a sample size of 23 is sufficiently large to achieve a statistical 
power (1-β)=0.8 in a one-tailed Wilcoxon signed-rank test (one-sample 
case), given a significance level α=0.05 and a medium effect size (d=0.55; 
Gancedo et al., 2021). Since having only 23 participants would result in 
fewer than two expert judgments per stimulus, we decided to expand 
the sample size to ensure at least three judges for each statement. There-
fore, the sample of expert judges resulted in 36 Italian-speaking partici-
pants (27 females). Experts were recruited among psychology students 
attending the Master’s course in Forensic Psychology and among the au-
thors’ professional network. Participation in the study was on a volun-
tary basis. Age ranged from 22 to 55 years (M=30.17, SD=7.77), with 
years of education ranging from 13 to 21 (M=18.86, SD=2.18). Nineteen 
experts were psychology students, and 17 were practitioners (i.e., psy-
chologists, psychotherapists, psychiatrists, and lawyers). Experts were 
also asked to specify their level of expertise in forensic psychology via a 
multiple-choice question: 11.1% had only completed a course in forensic 
psychology, 27.8% had undergone additional training in the field, 47.2% 
held a master’s degree in forensic psychology, and the remaining 13.9% 
were currently employed in the field.  
All participants provided their informed consent before starting the ex-
periment. The Board of the School of Psychology at the University of Pa-
dova approved the experimental procedure.  

Dataset 
The dataset consisted of 62 videotaped interviews with Italian partici-
pants (43 females, aged 20-29, who voluntarily participated in the study) 
in a low-stakes scenario (recalling a holiday experience). The dataset was 
collected by Monaro et al. (2020) in a previous study and was analyzed 
to detect deception through blink rate (Monaro et al., 2020) and facial 
expressions (Monaro et al., 2022).  
The dataset comprised 32 participants allocated to the truthful condition, 
who were instructed to describe a holiday experience that had occurred 
within the preceding 12 to 18 months. Thirty participants were assigned 
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to the deceptive condition and were required to describe an entirely fab-
ricated holiday. Each videotaped interview comprised three distinct 
phases: 

1. Baseline, in which the interviewee provided their autobio-
graphical information 

2. Free speech, in which the interviewee freely recalled their 
holiday experience for approximately two minutes 

3. Unexpected Questions, in which the interviewer asked un-
expected questions about the holiday experience to increase 
the interviewee’s CL (e.g., “Did a particular event occur during 
the holiday that made it necessary to revise the initial plans?”).  

The average length of the videos was 9.56 minutes. A more detailed de-
scription of the dataset is reported in Monaro et al. (2020) and in the Sup-
plementary Materials. 

Narrative transcription procedure 
Interviews were manually transcribed verbatim. Then, a linguistic expert 
checked and modified raw transcriptions, following the guidelines in 
CLIPS (Savy, 2006). Adaptations tailored for the present study were 
made to ensure readability for the naïve readers. Regionalisms were sub-
stituted with the standard Italian alternative. Hesitations, false starts, 
and repetitions were transcribed as accurately as possible. False starts 
were reported with the symbol +, following Savy (2006): “abbiamo 
spos+, cioè abbiamo trovato” (“we have mov+, I mean we have found”). 
Pauses were signaled using punctuation. Sentence boundaries, signaled 
with a full stop and commas, were inserted using the standard Italian 
rules for punctuation. Hesitations and laughter were reported using 
standardized formulas (see Table 1S in Supplementary Materials). 

Reality monitoring scoring 
Following Sporer (1997, 2004), the RM framework consisted of eight cri-
teria, as outlined in Table 2. Previous research employed three primary 
units of measurement to evaluate a statement according to the RM crite-
ria: rating scales, categorical measures (presence vs. absence), and fre-
quency/density counts (see Gancedo et al., 2021, for a meta-analytical 
review on the use of RM in the forensic context). For this experiment, RM 
criteria were evaluated using a 7-point rating scale (1=none, 7=very 
much). Previous findings showed that frequency counts may offer better 
performance and reliability than rating scales (Nahari, 2016). However, 
rating scales present other advantages: they require less training for hu-
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man raters, are quick to apply, and provide a clear minimum and maxi-
mum score, helping the raters understand whether the obtained score 
falls within a higher or lower range. This is particularly helpful, given 
that the RM approach does not rely on a standardized cutoff to ulti-
mately determine whether an account is truthful or deceptive (Amado et 
al., 2015, 2016). Moreover, using rating scales (or categorical measures) 
ensures consistency across all RM criteria. Indeed, when we use relative 
or absolute frequencies, only five out of eight criteria can be scored by 
frequency (i.e., perceptual information, spatial information, temporal in-
formation, affective information, and cognitive operations). Conversely, 
the remaining three criteria (i.e., vividness, reconstructability, and real-
ism) are commonly evaluated on a rating or a categorical scale (see Table 
2). The formula for calculating the overall RM score is reported in for-
mula (1) (Sporer, 2004). The total RM score ranged from 0 to 48, with 
higher scores indicating higher narrative genuineness.  

(1) RM score = Vividness + Realism + Reconstructability + Perceptual 
information + Sensory information + Temporal information + Affec-
tive information - Cognitive Operation 

Experimental procedure 
Twelve questionnaires were created on the Qualtrics platform. The tran-
scriptions of the 62 videoclips were randomly distributed among the 12 
questionnaires, as in Monaro et al. (2022), to balance the number of truth-
ful and deceptive transcriptions for each questionnaire. Therefore, each 
questionnaire consisted of 5 transcriptions, with the exception of only 
two questionnaires with 6 transcriptions. All participants provided in-
formed consent and demographic information before starting the ques-
tionnaire. Moreover, expert judges were assessed for their level of exper-
tise in the forensic psychology field. After providing the instructions, the 
experimenter randomly gave each participant one of the 12 question-
naires. 
Specifically, naïve judges were instructed to read each transcript care-
fully and rate its credibility on a 10-point scale (1=totally fabricated, 
10=totally genuine). Forensic experts were first trained on the use of RM 
criteria for lie detection through a video lesson, which explained the the-
oretical background of the RM framework, the operationalization of the 
eight criteria, and how to compute the final RM score; moreover, it pro-
vided two practical examples of application of the RM criteria to tran-
scripts. After the training session, the experimenter remained available 
to answer any questions the experts had related to the RM procedure. 
Then, they were randomly assigned one of the 12 questionnaires. For 
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each transcription, they were instructed to read the text carefully, evalu-
ate it based on the eight RM criteria, and calculate the overall RM score 
using formula (1). Based on the final RM score, they were then asked to 
rate the transcripts’ credibility on a 10-point scale (1=totally fabricated, 
10=totally genuine). Other measures were also collected for naïve and 
expert judges, but were not included in the analysis (see Supplementary 
Materials for a detailed description).  
TABLE 2. List of Reality Monitoring criteria adapted from Sporer (2004)  
 

Reality Monitoring criteria Automatic score Human scoring 

Vividness -  

rating scales, 

categorical measures 
(presence vs. absence) 

Realism - 

Reconstructability - 

Temporal information 
LIWC “Tempo” + NER 

“DATE + NER “Time” + 
NER “Event” 

 

 

 

rating scales,  

categorical measures 
(presence vs. absence), 

absolute / relative fre-
quency 

Spatial information 
LIWC “Spazio” + NER 
“GPE + NER “LOC” + 

NER “FAC” 

Perceptual information LIWC “Proc_Sen” 

Affective information LIWC “Affett” 

Cognitive operations LIWC “Mec_Cog” 

Note. LIWC and NER features selected for Experiment 2 to automatically compute RM cri-
teria are provided in the second column. The general human scoring procedure for each 
criterion is provided in the third column.   
Abbreviations: LIWC = Linguistic Inquiry and Word Count; NER = Named-Entity Recogni-
tion  

2.2 Results 
Accuracy was first computed at the subject level (i.e., the number of cor-
rect classifications divided by the total number of transcripts) and then 
averaged across naïve judges and forensic experts. The random baseline 
was established using the zero rule (see the Supplementary Materials for 
further details). Nonparametric analyses were conducted after verifying 
that the data distribution did not violate normality assumptions. Data 
were preprocessed in Python using the Google Colab interface, and sta-
tistical analyses (i.e., Wilcoxon signed-rank and Mann-Whitney U tests) 
were conducted in RStudio.  
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The results showed that naïve judges and forensic experts achieved an 
average accuracy slightly above chance level (accuracyNJ = 54.1% ± 20.1, 
accuracyFE = 59.4% ± 19.9) in identifying lie-tellers and truth-tellers. 
However, a Wilcoxon signed-rank test revealed that the naïve judges’ 
performance was not significantly higher than chance level (V=3831.00, 
p=0.30, rrb=0.05, 95% CI [- 0.15, 0.26]). A Wilcoxon signed-rank test also 
showed that forensic experts’ performance was not significantly higher 
than chance level (V=431.00, p=0.06, rrb=0.30 [- 0.07, 0.59]). Contrary to 
expectations, a Mann-Whitney U test also showed that the forensic ex-
perts’ average accuracy was not significantly higher than that of naïve 
judges (U=2417.5, p=0.134, rrb=0.12 [- 0.10, 0.32]), suggesting there is not 
enough evidence in favor of Hypothesis 1a. In the Supplementary Mate-
rials, we report the accuracy achieved by naïve judges and forensic ex-
perts in each experimental condition (truth-tellers vs. lie-tellers).  

3. Experiment 2: machine-learning models trained on ex-
pert vs computerized reality monitoring scores 

3.1 Methods and Materials 

Text preprocessing 
Before we extracted linguistic features, two raters manually prepro-
cessed each transcription by removing semantic repetitions (“we left at 
noon… yes at noon”) and false starts (“What I remember uhm… we went to 
London.”). Using a two-way mixed-effects model for single measures 
(Shrout & Fleiss, 1979) with the JASP software (JASP Team., 2024), the 
intraclass correlation coefficient (ICC3,1) was found to be ICC=0.99 [0.98, 
0.99] for repetitions and ICC=0.98 [0.96, 0.99] for false starts, indicating 
excellent reliability among raters.  
NER and feature extraction of the CL were computed after this prepro-
cessing step. For the LIWC scoring, an additional preprocessing step was 
conducted before the computation. It consisted of automatic lowercase 
and tokenization of text using SpaCy and manual adjustment of bigrams 
(Italian: “non so,” bigram: “nonso,” English: “I don’t know”) and tri-
grams (Italian: “al di fuori,” trigram: “aldifuori,” English: “outside”). 
Word stemming was already included in the LIWC dictionary. 
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Feature extraction for reality monitoring 
In this experiment, the RM criteria were automatically computed for 
each transcription using the LIWC software in combination with the 
NER technique.  
LIWC is the gold standard software for analyzing word usage to identify 
psychosocial processes (Tausczik et al., 2010). It calculates the percentage 
of words in a text corresponding to more than 80 categories related to 
linguistic and psychosocial dimensions, as defined in validated diction-
aries (a detailed description of the LIWC-15 software's functioning and 
categories is reported in Pennebaker et al., 2015). Using the Italian dic-
tionary (software version LIWC-15), semantic features related to time, 
space, affect, sensory processes, and cognition were computed to reflect 
five of the eight RM criteria. The RM criteria of vividness, reconstructa-
bility, and realism are subjective scores that do not fit any LIWC catego-
ries (see Table 2) and are therefore often excluded from computation.  
NER is an NLP technique that identifies and extracts information (named 
entities) from texts and classifies them into predefined categories, such 
as people, locations, organizations, and times. Named entities were au-
tomatically extracted using SpaCy, a Python library for NLP, on prepro-
cessed text using a transformer-based model for the Italian language, 
available in Huggingface (ita_nerIta_trf, https://huggingface.co/bull-
mount/it_nerIta_trf). Table 2S in the Supplementary Materials lists all 
entities available in the ita_nerIta_trf model with their descriptions and 
examples. Figure 1S in the Supplementary Materials depicts a common 
way to represent text with annotated named entities.  
Named entities related to “DATE,” “TIME,” and “EVENT” and “GPE”, 
“LOC,” and “FAC” were added to the LIWC features related to time 
(Tempo) and space (Spazio), respectively. This procedure was adopted 
because the LIWC software was mainly focused on words with a mean-
ing associated with time and space (e.g., adverbs such as “then” and 
“now” and verbs such as “to go”) without taking into account specific in-
formation about space and time (e.g., toponymies, such as “Ibiza,” and 
terms indicating time, such as “Monday” and “11am”) that were detected 
using the NER technique. Table 2 provides a summary of how the RM 
features using LIWC and NER scores were computed.  

Machine-Learning Models and Training  
Logistic regression, support vector machine (SVM), decision tree, and 
random forest were employed for the computational analysis, conceptu-
alizing the lie detection task as a binary classification problem. The in-

https://huggingface.co/bullmount/it_nerIta_trf
https://huggingface.co/bullmount/it_nerIta_trf
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clusion of four ML models was intended to ensure that the obtained re-
sults were not dependent on the specific model assumptions and were 
stable across classifiers. The performance of the aforementioned models 
was evaluated and discussed in terms of accuracy. A random baseline 
was set using the zero rule. In the Supplementary Materials, we provide 
a brief description of each model and include additional metrics to add 
interpretations, such as the Area Under the Curve (AUC), precision, re-
call, and F1 score.  
A nested cross-validation (NCV) framework was employed to evaluate 
the performance of ML models. NCV is a robust method for model eval-
uation and hyperparameter tuning in ML, especially in scenarios in 
which unbiased estimation of model performance is required (Müller & 
Guido, 2016). This method incorporated two layers: an inner loop for hy-
perparameter optimization and an outer loop for evaluating model per-
formance. The inner loop, dedicated to hyperparameter optimization, 
utilized Grid Search for a systematic exploration of hyperparameter 
space to identify the optimal hyperparameter combination for each 
model. This process was repeated across the 10 folds of the inner cross-
validation, ensuring that the hyperparameter selection was based solely 
on the training subset and not influenced by the test data. The best hy-
perparameter combination identified in the inner loop was then used to 
train the model on the entire training set of the outer loop. The outer loop 
then assessed the model's generalizability using a 10-fold cross-valida-
tion. To enhance the robustness and reliability of the performance esti-
mates, the NCV process was repeated with three random seeds, thereby 
mitigating the effects of random variations in data partitioning and 
providing a robust, unbiased estimation of the model’s performance. 
Following this rigorous procedure, the assessment of the model was safe-
guarded against overfitting and accurately reflected the model’s capabil-
ity to classify truthful and deceptive statements in our dataset.  

Procedure  
Figure 1 depicts the steps adopted to conduct the computational analyses 
in this experiment. Specifically, ML models were trained on two sets of 
ratings. For the first set, the scores provided by the three experts in Ex-
periment 1 for the eight RM criteria were averaged for each story. This 
resulted in a vector of eight scores per story, which was then used to train 
the ML models with an NCV procedure. For the second set, the RM fea-
tures were extracted using NLP techniques following the procedure de-
scribed in section 3.1.2. This resulted in a vector of five scores per story, 
which was employed to train the ML models with an NCV procedure. 
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FIGURE 1. Procedure employed in Experiment 2 to obtain two sets of features 
to train ML models.  

 
Note. The first set of features was obtained by averaging the ratings provided by three fo-
rensic experts for each RM criterion (upper part of the figure) for each text. A second set of 
features was obtained by leveraging NLP techniques (i.e., LIWC and NER) to extract lin-
guistic features that mimic RM criteria on each text.  
Abbreviations: ML= Machine Learning; RM = Reality Monitoring; NLP = Natural Language 
Processing; LIWC = Linguistic Inquiry and Word Count; NER = Named-Entity Recogni-
tion. 

3.2 Results  
Table 3 provides the results of Experiment 2. Table 3S (in the Supplemen-
tary Materials) reports the average performance and standard deviation 
in terms of accuracy, AUC, precision, recall, and F1 score obtained from 
the four ML models when they are trained on expert ratings of RM and 
computerized RM applied to full text.  
When we used expert ratings of RM, the SVM and random forest models 
produced the highest average accuracy, 57.9% (±17.4) and 56.1% (±20.0), 
respectively. However, these performances were only slightly above 
chance level. Similarly, when we used computerized RM scores, the de-
cision tree model exhibited the highest average accuracy, 57.1% (±15.8), 
but this performance was only slightly above the chance level. A Krus-
kal-Wallis test showed that the average accuracy of forensic experts from 
Experiment 1 was not significantly different from that of the best ML 
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models trained with expert and computerized RM scores in Experiment 
2 (H(2)=0.01, p=0.997, η²(H)=0 [0, 0.05]). These findings support the sec-
ond hypothesis (Hyp. 2b), namely that expert judges performed poorly 
in the lie detection task because the RM criteria were poorly informative 
for this type of dataset.  
TABLE 3. The performance of ML models is reported in terms of average accu-
racy using a 10-fold nested cross-validation.   
 
  Experiment 2 Experiment 3  Experiment 4 

Dataset ML models 

RM -  
Expert 
Scores 

RM -  
Computerized 

Scores RM + CL 
Data-driven ap-

proach 

Free speech 
  
  
  

Logistic regres-
sion - - 68.3 (±20.6) 68.9 (±21.1) 

SVM - - 64.1 (±19.7) 69.0 (±18.3) 

Decision Tree - - 60.3 (±18.5) 59.6 (±18.8) 

Random Forest - - 69.4 (±16.5) 68.2 (±17.9) 

Unexpected 
questions 
  
  
  

Logistic regres-
sion - - 56.9 (±19.1) 66.2 (±19.5) 

SVM - - 53.3 (±19.2) 64.7 (±17.3) 

Decision Tree - - 60.8 (±14.6) 57.5 (±18.6) 

Random Forest - - 60.6 (±18.5)  67.4 (±18.8) 

Full text 
  
  
  

Logistic regres-
sion 53.4 (±19.8) 40.2 (±18.0) 67.2 (±19.1) 73.3 (±18.6) 

SVM 57.9 (±17.4) 48.8 (±22.9) 62.3 (±17.6) 77.3 (±17.2) 

Decision Tree 49.9 (±19.7) 57.1 (±15.8) 57.2 (±16.6) 53.5 (±21.7) 

Random Forest 56.1 (±20.0) 52.8 (±20.4) 64.9 (±20.3) 75.1 (±17.5) 

Note. Standard deviations are reported in brackets. The best accuracy achieved in each ex-
periment for each part of the dataset analyzed is in bold.   
Abbreviations: ML = Machine Learning; RM = Reality Monitoring; CL = Cognitive Load; 
SVM = Support Vector Machine.  
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4. Experiment 3: Theory-led approach combining RM and 
CL 

4.1 Methods and Materials 

Feature Extraction for Cognitive Load  
Previous research employed statistics regarding the text’s length, reada-
bility, and complexity to extract linguistic features associated with CL in 
deception studies (Hauch et al., 2015; Pérez-Rosas & Mihalcea, 2015; 
Sarzynska-Wawer et al., 2023; Solà-Sales et al., 2023; Zhou et al., 2004). 
Statistics associated with CL were automatically computed on prepro-
cessed text using the Python library TEXTSTAT and are reported in Ta-
ble 4.   
TABLE 4. List of the linguistic features associated with the cognitive load frame-
work and their operational definition.   
 

Features associated with cog-
nitive load 

Operational definition 

num_sentences Total number of sentences 

word_count Total number of words 

num_unique_words Total number of unique words 

type-token ratio Total number of unique words divided by the total 
number of words 

num_syllables Total number of syllables 

avg_num_syllables_per_word Average number of syllables per word 

num_content_words Total number of words that express lexical meaning 

num_unique_content_words Total number of unique content words 

content-word diversity Total number of unique content words divided by the 
total number of content words 

fk_grade The Flesch-Kincaid Grade Level Index expressing the 
grade level required to understand the text 

fk_read The Flesch Reading-Ease Level Index expressing the 
texts’s readability 
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Procedure  
Figure 2 depicts the procedure adopted for the computational analyses 
in Experiments 3 and 4. Specifically, the dataset was first split into three 
sections:   

i. Free Speech, which contained the transcription of the free recall 
of the holiday;  

ii. Unexpected Questions, which contained the responses to unex-
pected questions;  

iii. Full Text, intended as the combination of text from the Free 
Speech and Unexpected Questions sections.   

 
Then, linguistic features associated with RM and CL were automatically 
extracted following the procedure defined in sections 3.1.2 and 4.1.1. 
Subsequently, the same ML models and NCV procedure employed in 
Experiment 2 were applied to each section of the dataset.  

4.2 Results  
Table 3 reports the results from this experiment (see also Table 4S in the 
Supplementary Materials). Considering the four ML models trained on 
linguistic features extracted from the Full Text dataset, using the RM and 
CL framework, we observed a general increase in the obtained predictive 
performance. In fact, after combining features from two theoretical 
frameworks, we reached an accuracy of 69.4% (±16.5), with an improve-
ment of up to 9.3% over models trained solely on expert or computerized 
RM scores. The results show that the inclusion of linguistic features as-
sociated with the CL framework resulted in enhanced accuracy of ML 
models in detecting verbal deception compared to models trained solely 
on features from RM, confirming our hypothesis (Hyp. 3a). 
Additionally, features from RM and CL were specifically extracted from 
statements in the Free Speech, Unexpected Questions, and Full Text sec-
tions to investigate their potential informative and predictive role. Find-
ings comparing the performance obtained from ML models trained on 
each section showed that linguistic features from the Free Speech section 
significantly contributed to an increase in overall accuracy across the 
four models. Contrary to our expectations (Hyp. 3b), linguistic features 
from the Unexpected Questions section yielded lower accuracy rates, 
similar to those achieved by models trained exclusively on expert and 
computerized RM scores. Interestingly, when we leveraged the Full Text 
section for feature extraction, there was a slight decline in performance, 
with the highest average accuracy recorded at 67.2% (±19.1).  
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5. Experiment 4: Data-driven approach using NLP features 

5.1 Methods and Materials 

Feature Extraction and Selection 
This experiment involved the extraction of a comprehensive set of 128 
linguistic features, using a combination of NLP techniques on prepro-
cessed texts. The Python library TEXTSTAT was employed to compute 
11 basic textual features related to the text’s length, readability, and com-
plexity, as in Experiment 3. The LIWC software was employed to extract 
85 psychological, linguistic, and affective dimensions from texts. The Py-
thon SpaCy library was employed to extract 15 named entities (with the 
NER technique) and 17 grammatical and syntactical parts of speech 
(with the POS-tagging technique) in the text.  
Using the scikit-learn library in Python, the original set of 128 features 
was narrowed down to a more manageable and informative set of 20 fea-
tures that best captured the nuances of the textual data, following these 
steps:  

1. Removing POS features unrelated with the purpose of the task, 
such as the number of spaces (using spacebar; SPACE), punctu-
ation usage (PUNCT), the number of symbols (SYM), and other 
noncanonical pos tags (X); those features were more related to 
the transcription process than to telling a truthful or a deceptive 
story and could represent a confounder if included in the analy-
sis.  

2. Removing duplicates, such as the numerical features in LIWC 
and POS tagging that were already detected with the NER tech-
nique and the LIWC “Non_flu” category, which was a duplicate 
of the POS tag “INTJ.”  

3. Removing LIWC linguistic features overlapping with the gram-
matical and syntactic features extracted with the POS-tagging 
technique, given that the latter is more efficient and complete in 
extracting these features than the LIWC software. 

4. Feature-engineering a new variable named “fillers” by summing 
filler words and non-fluencies, typical of hesitation and oral 
speech patterns, extracted with the LIWC software and the POS 
tagging. Specifically, the LIWC “riempiti” category was added 
to the POS tag “INTJ.”  

5. Removal of features that showed more than 60% of zero values 
across the dataset.  
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6. Selection of the best 20 features after testing for mutual infor-
mation, which measures the linear and nonlinear dependency 
between random variables, ensuring that each selected feature 
contributed significantly to the predictive models (Ross, 2014). 
This selection process was performed using the function 
sklearn.feature_selection.SelectKBest (Pedregosa et al., 2011). 

Procedure 
Figure 2 depicts the procedure adopted for the computational analyses 
in Experiments 3 and 4. As in Experiment 3, the dataset was first divided 
into three sections (i.e., Free Speech vs. Unexpected Questions vs. Full 
Text). Then, following the feature-extraction and selection process de-
scribed in the previous section, four ML models were trained using an 
NCV procedure on the best 20 linguistic features from each section of the 
dataset. The ML models and the NCV procedure are described in Section 
3, subsection ML Models and Training. 
FIGURE 2. Procedures employed in Experiments 3 and 4 to create a set of lin-
guistic features to feed ML models.  

 

 
Note. In Experiment 3, ML models were trained on linguistic features that mimic RM and 
CL using NLP techniques. In Experiment 4, a wider range of linguistic features was ex-
tracted from texts using NLP techniques; then, an automatic feature selection step was ap-
plied to obtain a final set of features used to train ML models.   
Abbreviations: NLP = Natural Language Processing; LIWC= Linguistic Inquiry and Word 
Count; NER = Named Entity Recognition; POS = Part-of-Speech; RM = Reality Monitoring; 
CL = Cognitive Load.  

5.2 Results 

Data-driven approach 
The data-driven approach demonstrated an overall improvement in per-
formance compared to Experiment 3 (Table 3; see also Table 5S in Sup-
plementary Materials), providing evidence in support of the superior 
performance of data-driven approaches compared to theory-led ap-
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proaches (Hyp. 4a). Specifically, the Full Text section showed a signifi-
cant leap in accuracy, particularly with the SVM, which reached the 
highest accuracy (77.3% ±17.2). The Unexpected Questions section, de-
spite having the lower performance, showed a noticeable improvement 
in accuracy, with the random forest model performing the best, at 67.4% 
(±18.8). In the Free Speech section, the SVM achieved the highest accu-
racy, 69.0% (±18.3), but it did not surpass the performance of the best 
model trained with RM and CL in the same section.  
FIGURE 3. Bar plot of the average accuracy (and standard deviation) obtained 
from the four experiments.  

 
Note. Error bars represent standard deviations. The red dashed line represents the chance 
level (51.6%) as defined using the zero rule. Significant comparisons are reported only for 
human vs. machine approaches. Naive judges’ and forensic experts’ accuracy are derived 
from Experiment 1; ML-Expert RM scores: best accuracy achieved in Experiment 2 using 
ML models trained on RM scores provided by forensic experts in Experiment 1. ML-NLP 
RM scores: best accuracy achieved in Experiment 2 using ML models trained on RM 
scores computed with NLP techniques; ML-NLP RM+CL: best accuracy achieved in Ex-
periment 3 using ML; ML-data-driven: best accuracy achieved in Experiment 4 using ML. 
Abbreviations: ML = machine learning; RM = Reality Monitoring; CL = Cognitive Load 
* p < 0.05; ** p < 0.01; *** p < 0.001 

Comparing accuracy among experiments 
Figure 3 presents the accuracy achieved by human judges and the best 
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ML models in each experiment. A Kruskal-Wallis test revealed a statisti-
cally significant difference in the average accuracy scores across experi-
ments (H(5)=39.21, p< 0.01, η²(H)=0.13 [0.07, 0.24]). Dunn’s post hoc tests 
with false-discovery rate correction were applied to assess differences 
between pairs of conditions. Notably, the average accuracy of the best 
ML model trained on RM and CL features was significantly higher than 
the average accuracy achieved by naïve judges (z=3.92, p<0.01) and fo-
rensic experts (z=2.39, p=0.02) in Experiment 1. Similarly, the average ac-
curacy of the best ML model trained on features extracted using a data-
driven approach was found to be significantly higher than that of naïve 
judges (z=5.47, p<0.001) and forensic experts (z=3.67, p<0.01) in Experi-
ment 1. Table 6S of the Supplementary Materials presents the remaining 
post hoc comparisons. These findings support our last hypothesis, prov-
ing that theory-led and data-driven approaches leveraging ML and NLP 
techniques are more effective in detecting verbal deception than human 
judges (Hyp. 4b). 

6. General Discussion 
This series of studies contributes to deception detection research by ex-
amining the theoretical frameworks of Reality Monitoring (RM) and 
Cognitive Load (CL) through computational methods, advancing our 
understanding of how these frameworks function in the analysis of de-
ceptive language. In addition, through four experiments, we assessed the 
effectiveness of human (naïve vs. experts) and ML-based (theory-led vs. 
data-driven) approaches in deception detection when applied to a da-
taset of interviews with unexpected questions. 
In the first experiment, we tested the RM framework by comparing the 
performance of naive and expert judges, with the latter having been 
trained in RM. Neither naïve judges nor forensic experts surpassed the 
chance level (accuracyNJ = 54.1% ± 20.1, accuracyFE = 59.4% ± 19.9). Addi-
tionally, the average accuracy of forensic experts was not significantly 
higher than that of naïve judges. Although this result was expected for 
naïve judges and aligns with previous studies (Bond & DePaulo, 2006; 
Curci et al., 2019; DePaulo et al., 2003; Pérez-Rosas & Mihalcea, 2015), it 
was contrary to expectations for forensic experts (Hyp. 1a). In fact, pre-
vious research proved the effectiveness of RM criteria in verbal-decep-
tion detection, reaching approximately 70% accuracy (Amado et al., 
2016; Gancedo et al., 2021; Vrij, 2008; Vrij et al., 2022). Additionally, a 
meta-analysis of studies has shown that the average accuracy that can be 
obtained by following different cues is 67% (Hartwig & Bond, 2014). 
To address the reasons behind this poor performance of experts in Ex-
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periment 1, we introduced a second experiment that leverages computa-
tional techniques and ML models. ML models were trained on two sets 
of ratings, those given by expert judges using the RM criteria (i.e., expert 
ratings) in Experiment 1 and those obtained by computerized methods 
using NLP techniques for RM (i.e., computerized ratings), to determine 
whether experts’ poor performance was due to an inaccurate assessment 
of RM criteria, a lack of informativeness of those criteria for this dataset, 
or a decision-making problem in combining all the information. Our 
findings showed that the average accuracy of forensic experts was not 
significantly higher than those of the best ML models trained on experts 
ratings (accuracy = 57.9% ± 17.4) or computerized ratings of RM (accu-
racy = 57.1% ± 15.8), supporting the hypothesis that RM criteria might be 
poorly informative for the dataset under analysis, regardless of whether 
they were evaluated by forensic experts or derived from computational 
methods (Hyp. 2b).  
The results of Experiments 1 and 2, collectively, challenged the pre-
sumed robustness of RM in deception detection and raises questions 
about its sensitivity across different datasets and contexts. Furthermore, 
these results challenge the efficacy of computational approaches built on 
theoretical frameworks that ultimately exhibit limited effectiveness, as 
demonstrated in this case with the RM. Considering these premises, we 
tested in a third experiment whether the combination of multiple theo-
retical frameworks, specifically the RM and CL frameworks, could en-
hance ML models’ accuracy in detecting verbal deception (Hyp. 3a).  
The results from Experiment 3 demonstrated that the combination of fea-
tures from two theoretical frameworks resulted in an accuracy of 69.4% 
(±16.5), with an improvement of 9.3% compared to models trained solely 
on expert or computerized RM scores. Furthermore, the average accu-
racy of the ML model trained on RM and CL features was significantly 
higher than that of naïve and expert judges in Experiment 1. This finding 
may be attributed to the fact that the dataset under analysis was specifi-
cally designed to increase CL in lie-tellers by posing unexpected ques-
tions (Monaro et al., 2020, 2022) and to the inherently higher accuracy of 
the CL approach (Vrij et al., 2015). Alternatively, the simple inclusion of 
a higher number of relevant features might have led to this higher accu-
racy. Because CL features were more prevalent in responses to unex-
pected questions, we hypothesized that ML models trained on features 
extracted from Unexpected Questions would yield higher accuracy than 
those trained on features extracted from Free Speech (Hyp. 3b). Contrary 
to this hypothesis, the results indicated that linguistic features derived 
from the Free Speech dataset significantly contributed to an increase in 
overall accuracy across all models. Linguistic features derived from the 
Unexpected Questions dataset yielded lower accuracy, similar to that 
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achieved by models trained exclusively on expert and computerized RM 
scores. Notably, when we employed the Full Text dataset for feature ex-
traction, performance slightly declined, with the highest average accu-
racy recorded at 67.2% (± 19.1). One possible interpretation of this result 
is that the extraction of linguistic markers useful for detecting deceptive 
narratives is more effective with longer texts, as seen in the Free Speech 
and Full Text datasets.  
Finally, when NLP techniques are employed, various methodologies are 
available for extracting features from textual data, including theory-led, 
data-driven, and hybrid approaches (Van Der Zee et al., 2022). Although 
hybrid models are generally preferred over data-driven models in foren-
sic contexts, given that data-driven models may be effective at prediction 
but ineffective at explanation, studies have shown a lower effectiveness 
of hybrid approaches compared to data-driven models (Van Der Zee et 
al., 2022). Therefore, in the fourth experiment, we investigated the per-
formance of a data-driven approach in this lie detection task and com-
pared the results with those of previous experiments. Specifically, com-
parisons from Experiments 3 and 4 allow us to examine the effectiveness 
of theory-led vs. data-driven approaches. NLP techniques were em-
ployed to extract a broad set of linguistic features, and a data-driven fea-
ture selection strategy (Ghosh, 2022) was used to identify a subset of 
highly informative features.  
The results from Experiment 3 showed that training ML models on com-
bined linguistic features from two deception frameworks (i.e., RM and 
CL) yielded higher but moderate accuracy (best_accuracyfreespeech = 69.4% 
± 16.5). However, in Experiment 4, there was a significant leap, particu-
larly with the SVM, which reached the highest accuracy (best_accuracy-
fulltext = 77.3% ± 17.2). This performance was also significantly better than 
that of naïve judges and forensic experts (Experiment 1). These findings 
underscore the efficacy of a data-driven approach in discerning patterns 
in comprehensive textual data, compared to theory-led approaches that 
combine linguistic features derived from the RM alone or in combination 
with the CL framework. We confirmed our hypothesis that a data-driven 
approach may be particularly relevant in contexts in which theory-based 
methods have demonstrated limited effectiveness (Hyp. 4a). Indeed, 
while previous studies have shown that RM typically achieves around 
70% accuracy in distinguishing truth from deception (Vrij, 2008), it 
yielded lower accuracy in our study (from around 57% to 59%).  In con-
trast, our data-driven NLP approach surpassed the expected 70% accu-
racy, suggesting that it could serve as a reliable alternative in cases where 
traditional and theory-based methods, like RM, fall short. 
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Most importantly, the results from Experiments 1 to 4 suggest that train-
ing ML models on features extracted using NLP techniques may repre-
sent a more advantageous approach in detecting deception from narra-
tives, overcoming the modest accuracy achieved by naïve and expert 
judges because of their ability to handle complex patterns of language 
data (Hyp. 4b). Moreover, they could help identify which linguistic fea-
tures are more informative to derive a final decision.  

6.1 Limitations and future perspectives 
Although this study’s results highlight significant advancements in the 
field of deception detection, comparing human judgments to computa-
tional predictions, several limitations must be acknowledged to contex-
tualize the results and guide future research properly. 
First, the reliance on a relatively small dataset significantly constrains the 
generalizability of the findings. The dataset, comprising only 62 narra-
tives and solely in Italian, limits our ability to confidently extend these 
results to broader and more heterogeneous contexts. Future studies rep-
licating our experiments using larger and more varied datasets in differ-
ent languages would enhance the robustness of our findings and poten-
tially reveal cultural and linguistic nuances in deception detection. Ad-
ditionally, the dataset under analysis was designed to collect outright 
false statements. However, a more frequent and ecological form of de-
ception is constituted by embedded lies (Caso et al., 2023; Verigin et al., 
2019), where people interweave truth and lies together. As a conse-
quence, the detection rates found in our series of studies may be even 
lower when considering this type of deception. 
Secondly, forensic experts assessed the RM criteria on a 7-point scale to 
judge the narratives’ veracity. However, other approaches are available 
in the literature. For example, one approach involves evaluating the ab-
sence and presence of each criterion on a 3-point scale (0=absent, 1=par-
tially present, 2=totally present), and another counts the frequency of de-
tails for at least five of the eight criteria. The study’s results provide in-
sights limited to the qualitative assessment of RM criteria on a 7-point 
scale and may not be generalizable to methodologies that utilize the fre-
quency of details. Future research could employ a different approach for 
RM assessment, for instance, by taking into account the frequency of de-
tails.  
Third, by focusing exclusively on specific deception cues, such as those 
provided by the RM criteria, people may overlook other potentially in-
formative cues. For instance, the verifiability of details plays a crucial 
role in deception detection, suggesting that truth-tellers provide a higher 
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proportion of verifiable details (Nahari et al., 2012; Palena et al., 2021; 
Verschuere et al., 2021). Accordingly, a recent study found that asking 
judges to assess narratives for their verifiability or detailedness, rather 
than veracity, yields higher accuracy, up to 70% (Verschuere et al., 2023). 
In our study, forensic experts may have underperformed relative to ML 
models because they employed an ineffective heuristic, as also evidenced 
by the results from Experiment 2, which demonstrated the RM’s limited 
informativeness in determining the veracity of our dataset. Our research 
can therefore be extended by asking forensic experts to use different de-
ception cues, such as assessing the verifiability of details or employing 
criteria-based content analysis (Steller & Koehnken, 1989). 
Lastly, we found that a data-driven approach yielded the highest accu-
racy when testing the models using nested cross-validation. However, it 
is essential to recognize the limitations of these results, especially con-
sidering the potential impact of error rates in forensic contexts. Although 
our model achieved a significant improvement, the approximate 30% er-
ror rate remains a concern, particularly given the serious implications of 
misclassification in legal settings where credibility assessments can in-
fluence case outcomes. These findings underscore the need for ongoing 
research and refinement of NLP and machine learning methods to en-
hance reliability in high-stakes applications. Indeed, there is substantial 
room to explore more sophisticated ML approaches in future studies. For 
example, techniques such as word embeddings offer a promising avenue 
for future research. Word embeddings offer a means to capture semantic 
relationships between words by representing them in a high-dimen-
sional space (Loconte et al., 2023), thereby uncovering subtle linguistic 
patterns associated with deceptive speech that traditional models often 
overlook. Moreover, using neural-network architectures, such as long 
short-term memory networks and transformers, would allow future re-
search to process sequential data more effectively, potentially achieving 
higher accuracy in models trained on textual data. Finally, fine-tuning 
large language models has also been proven to be effective in detecting 
deception in raw texts (Loconte et al., 2023). 
However, a significant limitation of data-driven approaches is their lack 
of explainability, which is particularly relevant in forensic settings, in 
which understanding the rationale behind an algorithm’s decision is as 
crucial as the decision itself. Although data-driven methods can effi-
ciently identify patterns, make predictions, and sometimes explain 
which specific linguistic features contributed to those predictions, these 
outputs often are not easy to interpret. This opacity makes it challenging 
to align these findings with general theories of memory and deception, 
which is necessary for forensic credibility. Ensuring that computational 
techniques not only predict but also explain their predictions in terms 
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that relate to established psychological theories will be essential for their 
acceptance and ethical application in legal contexts. 
Overall, these future perspectives suggest a trajectory toward more inte-
grated and sophisticated systems that leverage a combination of theoret-
ical insights and cutting-edge ML techniques. By broadening the theo-
retical frameworks and enhancing the computational methods used in 
deception detection, researchers can provide more accurate, reliable, and 
explainable tools for forensic and other critical applications. This pro-
gression promises not only to advance the understanding of deception 
but also to enhance practical lie detection capabilities in real-world set-
tings. 

Conclusion 
To conclude, the experimental results from four experiments provided 
theoretical and practical considerations for advancing research on verbal 
deception detection.  
From a theoretical perspective, the exploration of multiple theoretical 
frameworks, such as RM and CL, through computational methods, has 
demonstrated the potential to enhance accuracy in identifying deceptive 
narratives and calls for the fusion of more diverse theoretical perspec-
tives to offer more robust tools for deception detection, especially when 
one framework alone falls short.    
From a practical perspective, the integration of computational methods 
in deception detection has significant implications in forensic contexts, 
particularly when credibility assessment is required in criminal proceed-
ings. Potentially, computational methods may aid forensic experts when 
they perform only slightly above chance level, even after being trained 
on well-established frameworks.  
However, the ethical implications of deploying computational methods 
in such sensitive settings are significant. Ethical considerations must in-
clude discussions on the transparency of the algorithms used (von Esch-
enbach, 2021; Zerilli et al., 2019), the potential for overreliance on auto-
mated systems without adequate human oversight, and the need for on-
going evaluation of the efficacy and fairness of these systems, especially 
when they influence judicial outcomes. Although our results in Experi-
ment 3 were modest compared to those in Experiment 4, we emphasize 
the importance of employing hybrid approaches that combine data-
driven and theory-led methodologies. Such approaches would provide 
a more explainable model, which is crucial in forensic contexts in which 
the reasoning behind decisions must be transparent and justifiable. 
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The results of this series of studies suggest the need for future studies 
that aim to integrate advanced computational techniques for deception 
detection, as well as to provide transparent algorithms for translating re-
sults in high-stakes scenarios, like forensic contexts. 
In the next Chapter, we build upon the findings from this Chapter and 
test whether resorting to embedding representations of statements, 
stemming from fine-tuned large language models, can improve perfor-
mance in deception detection. 

Data availability statement 
Data and scripts used to run the experiments are available at 
https://osf.io/usz26/   

https://osf.io/usz26/
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Supplementary Materials  
 
Materials and methods  
Dataset 
The dataset employed for this study was previously collected by Monaro 
et al. (2020). The same dataset was also analyzed in previous studies to 
detect deception through blink rate (Monaro et al., 2020) and facial ex-
pressions (Monaro et al., 2022), comparing the performance of human 
judges and ML models.  
The dataset consisted of 62 videotaped interviews of Italian participants 
(43 females, age range 20-29, who voluntarily participated in the study) 
talking about a previous holiday experience. A total of 32 participants 
were allocated to the truthful condition, wherein they were instructed to 
describe a real holiday experience that occurred within the preceding 12 
to 18 months. Conversely, the remaining 30 participants were designated 
to the deceptive condition, where they were required to describe an en-
tirely fabricated holiday. Notably, previous studies already used past 
holidays as a target event for lying (Sartori et al., 2008; Curci et al., 2019) 
because the recollection of a holiday involves the same cognitive pro-
cesses as telling an alibi during a criminal investigation. Therefore, in this 
context, recalling a past holiday can be considered the analogue of telling 
a false alibi in a low-stakes scenario. 
Participants in the truthful condition were asked to recall some infor-
mation about their holiday by filling out a form before the interview. 
This procedure was adopted to avoid truth-tellers producing biased 
memories because of the time elapsed between the original holiday ex-
perience and the interview. Additionally, they were instructed to ex-
clude any details that they could not recall accurately and were allowed 
to use supporting materials such as photographs and videos to aid in 
memory recall and ensure the veracity of their recollections. Similarly, to 
minimize the likelihood of participants in the deceptive condition incor-
porating factual details into their fabricated narratives, they were sup-
plied with a pre-filled form containing specific, predetermined infor-
mation about the fictitious holiday they were required to simulate as 
their own experience. Each videotaped interview was composed of three 
distinct phases: 
 

1. Baseline, in which the interviewee provided their autobio-
graphical information. 
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2. Free speech, in which the interviewee freely recalled their 
holiday experience for approximately two minutes. 

3. Unexpected Questions, in which the interviewer asked un-
expected questions about the holiday experience to increase 
the interviewee’s cognitive load (e.g., “Did a particular event 
occur during the holiday that made it necessary to revise the 
initial plans?”).   

The average length of the videos was 9.56 minutes.  
Each videotaped interview was manually transcribed following the pro-
cedure described in the Manuscript (Methods section in Experiment 1). 
In Table S1, the standardization of hesitations and laughter utterances is 
reported. 
TABLE 1S. Standardized transcription of hesitations and laughter utterances. 
 

Original utterance Standardized transcription 
mmm uhm 

eee eh 

aaa ah 

ooo oh 

uuu uh 

emm ehm 

ahahah [risata] 

 
Procedure - Experiment 1 
After providing the credibility rating, naïve judges were also asked: (i) 
to provide their confidence level, rated on a 10-point scale (1=totally un-
confident, 10= totally confident); ii) to indicate which elements sup-
ported their decisions (open-ended question); (iii) to point out which in-
terview phase (Free speech vs. Unexpected questions vs. both vs. I didn’t 
pay attention to it) was the most useful for making the decision; (iv) to 
indicate on which of the eight RM criteria they based their judgment. 
Notably, naïve judges did not know that the criteria listed were referred 
to a psychological framework associated with deception. 
Forensic experts, after providing the credibility rating, were asked to rate 
on a 10-point scale how difficult was the task (1=totally easy, 10= totally 
difficult), how much the total RM score helped in driving the credibility 
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judgment (1=totally unhelpful, 10=totally helpful), and how much the 
credibility judgment driven by the total RM score agreed with their in-
tuitive judgment (1=totally disagree, 10= totally agree). These measures 
were not included in the analyses for this study.  
Machine-learning models 
Four machine learning models (Alzubi et al., 2018) were included in this 
study for Experiments 2, 3, and 4:  

• Logistic Regression, which estimates the probability that a 
given input belongs to a particular category using a logistic func-
tion; 

• Support Vector Machine (SVM), which is a classifier that iden-
tifies the hyperplane that best separates different classes in the 
feature space; 

• Decision Tree, which is a non-parametric method that models 
decisions and their possible consequences as a tree-like struc-
ture, where each internal node represents a test on an attribute, 
each branch represents the outcome of the test, and each leaf 
node represents a class label; 

• Random Forest, which is an ensemble learning technique that 
consists of developing multiple decision trees for the training 
phase and considering, as a final output, the most frequently oc-
curring class from those outputted by the individual trees. 
 

Named-Entity Recognition 
In Figure 1S, a common way of visualizing automated named-entity ex-
tractions in Python using the SpaCy library is depicted. The list of the 
possible named entities detected is in Table 2S. 
FIGURE 1S.  Narrative of an autobiographical event annotated with named en-
tities using Named-Entities Recognition in SpaCy.  

Note. Examples of entities automatically detected in this narrative refer to named people 
(e.g., Lucio Dalla), locations (e.g., Piazza Maggiore, Bologna), dates (e.g., weekend), and 
times (e.g.,  venerdì pomeriggio).  
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TABLE 2S. Labels, brief descriptions, and a few examples of the extracted named 
entities with the Python library SpaCy.   
 

Entity Description Example 
DATE Absolute or relative dates or 

periods 
“December 25, 2022”, “10th Au-
gust 1998”, “Yesterday” 

TIME Times smaller than a day “2:30 PM”, “9 o’clock”, “morn-
ing” 

GPE    Countries, cities, states “United States”, “Paris”, “To-
kyo” 

LOC Non-GPE locations, mountain 
ranges, bodies of water 

“Central Park”, “Mount Ever-
est”, “Amazon Rainforest” 

PER People, including fictional “Steve Jobs”, “Emma Johnson”, 
“Harry Potter” 

ORDINAL “first”, “second”, etc. “First”, “Third”, “Tenth” 

ORG   Companies, agencies, institu-
tions, etc. 

“Google”, “Apple Inc.”, “United 
Nations” 

QUANTITY Measurements, as of weight 
or distance 

“10 kilograms”, “5 liters”, “100 
meters” 

WORK_OF_ART          Titles of books, songs, etc. “Mona Lisa”, “Hamlet”, “Gone 
with the Wind” 

PRODUCT    Objects, vehicles, foods, etc. 
(not services) 

“iPhone”, “Coca-Cola”, “Nike 
shoes” 

CARDINAL Numerals that do not fall un-
der another type 

“Five”, “Twenty”, “One hun-
dred” 

NORP Nationalities or religious or 
political groups 

“American”, “Muslim”, “Re-
publican” 

MONEY       Monetary values, including 
unit 

“$10”, “€50”, “¥1000” 

LANGUAGE Any named language “English”, “Spanish”, “French” 

FAC Buildings, airports, highways, 
bridges, etc. 

“Eiffel Tower”, “White House”, 
“Golden Gate Bridge” 

EVENT Named hurricanes, battles, 
wars, sports events, etc. 

“Olympic Games”, “Wedding 
ceremony”, “Concert” 

PERCENT Percentage, including “%” “50%”, “10.5%”, “75.2%” 

LAW Named documents made into 
laws. 

“Constitution”, “Copyright 
Act”, “Traffic laws” 
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Results  
 
Random Baseline 
Given that the dataset was unbalanced for the number of transcripts per 
condition (truthful=32 vs. deceptive=30), the random baseline was com-
puted using the Zero Rule (ZeroR), which considers the probability pre-
diction of the majority class and provides an unbiased performance esti-
mation (Kubat & Matwin, 1997). Using the formula (1) reported below, 
the chance level was computed as the ratio between the number of tran-
scripts in the majority class (truthful=32) and the total number of tran-
scripts (Ntotal=62), and was set to 0.516.  
 

1. 	𝑍𝑒𝑟𝑜𝑅	 = 	!"#$%&'&(_*+#,,
!-%-#+

= 0.516   

 
Experiment 1  
When analyzing the performance for transcripts in the two experimental 
conditions (truth-tellers vs. liars), both naïve judges and forensic experts 
reached a better performance in detecting truth-tellers than liars (naïve 
judges: accuracytruth= 63.54 ± 29.57, accuracyliars=44.72 ± 29.39; forensic ex-
perts: accuracytruth= 68.51 ± 24.89, accuracyliars=51.39 ± 34.36 ). This was in 
line with what the literature considers as truth-bias, namely, the tendency 
to presume others as honest and to be more accurate in evaluating hon-
esty (Levine et al., 1999; Levine, 2014; Street & Masip, 2015). 
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Experiment 2  
In Table 3S, the performance of the ML models from Experiment 2 in 
terms of Accuracy and Area Under the Curve (AUC), Precision, Recall, 
and F1 score is reported.                           
TABLE  3S. Performance of ML model trained on Expert and Computerized RM 
scores (Experiment 2)  
 

ML models Trained on 
Accu-
racy AUC 

Preci-
sion Recall F1 score 

Logistic re-
gression Expert RM 

53.4 
(±19.8) 

56.3 
(±21.5) 

61.7 
(±24.5) 

53.4 
(±19.8) 

52.0 
(±21.3) 

 
Computer-
ized RM 

40.2 
(±18.0) 

46.6 
(±17.7) 

59.7 
(±26.3)  

40.2 
(±18.0)  

34.1 
(±20.5) 

SVM Expert RM 
57.9 
(±17.4) 

59.1 
(±20.3) 

64.3 
(±20.1) 

57.9 
(±17.4) 

57.8 
(±17.6) 

 
Computer-
ized RM 

48.8 
(±22.9) 

52.3 
(±23.1) 

58.8 
(±26.1)   

48.8 
(±22.9)   

48.5 
(±23.2) 

Decision 
Tree Expert RM 

49.9 
(±19.7) 

53.4 
(±20.9) 

61.1 
(±25.5) 

49.9 
(±19.7) 

46.7 
(±20.6) 

 
Computer-
ized RM 

57.1 
(±15.8) 

59.7 
(±16.6) 

67.8 
(±17.9)  

57.1 
(±15.8)  

55.5 
(±18.7) 

Random 
Forest Expert RM 

56.1 
(±20.0) 

58.9 
(±18.8) 

68.5 
(±19.1) 

56.1 (± 
20.0) 

54.0 
(±21.6) 

 
Computer-
ized RM 

52.8 
(±20.4) 

54.3 
(±19.7) 

62.5 
(±22.4)   

52.8 
(±20.4)   

51.3 
(±22.5) 

Note. Performance is evaluated in terms of Accuracy, AUC (= Area Under the Curve), Pre-
cision, Recall, and F1 Score. In bold are reported the models with the best accuracy. 
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Experiment 3 
In Table 4S, the performance of the ML models from Experiment 3 in 
terms of Accuracy and Area Under the Curve (AUC), Precision, Recall, 
and F1 score is reported.  
TABLE 4S. Performance of ML model trained on Computerized RM and CL 
scores (Experiment 3)   
 
Dataset ML models Accuracy AUC Precision Recall F1 score 

Free speech 
 

Logistic regres-
sion 

68.3 
(±20.6) 

70.4 
(±20.7) 

78.0 
(±18.6) 

 68.3 
(±20.6)  

68.3 
(±20.6) 

 SVM 
64.1 

(±19.7) 
63.6 

(±21.8) 
72.2 

(±19.7)   
64.1 

(±19.7)  
 64.3 

(±19.1) 

 Decision Tree 
60.3 

(±18.5) 
62.0 

(±18.0) 
 72.9 

(±17.6)   
60.3 

(±18.5)  
 59.0 

(±18.6) 

 Random Forest 
69.4 

(±16.5) 
71.0 

(±15.0) 
78.3 

(±15.3) 
 69.4 

(±16.5)   
68.9 

(±17.2) 

Unexpected ques-
tions 
  
  
  

Logistic regres-
sion 

56.9 
(±19.1) 

55.6 
(±23.2) 

63.1 
(±20.3)   

56.9 
(±19.1)  

 57.6 
(±18.5) 

SVM 
53.3 

(±19.2) 
54.6 

(±22.5) 
64.0 

(±22.0)  
53.3 

(±19.2)  
53.6 

(±18.4) 

Decision Tree 
60.8 

(±14.6) 
64.1 

(±16.6) 
70.2 

(±17.5) 
 60.8 

(±14.6)  
60.1 

(±16.1) 

Random Forest 
60.6 

(±18.5)  
63.3 

(±20.9) 
70.2 

(±20.3)  
 60.6 

(±18.5)  
 61.4 

(±18.0) 

Full text   
Logistic regres-

sion 
67.2 

(±19.1) 
67.1 

(±21.9) 
74.6 

(±18.3)  
67.2 

(±19.1)  
67.4 

(±18.4) 

 SVM 
62.3 

(±17.6) 
61.1 

(±21.0) 
70.9 

(±19.5)  
62.3 

(±17.6)  
61.3 

(±17.5) 

 Decision Tree 
57.2 

(±16.6) 
59.6 

(±19.9) 
67.4 

(±19.6)  
57.2 

(±16.6)  
57.4 

(±16.5) 

 Random Forest 
64.9 

(±20.3) 
67.4 

(±20.5) 
75.6 

(±18.8)  
64.9 

(±20.3)  
65.0 

(±20.0) 

Note. Performance is evaluated in terms of Accuracy, AUC (= Area Under the Curve), Pre-
cision, Recall, and F1 Score. In bold are reported the models with the best accuracy. 
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Experiment 4 
In Table 5S, the performance of the ML models from Experiment 4 in 
terms of Accuracy and Area Under the Curve (AUC), Precision, Recall, 
and F1 score is reported.  
TABLE 5S. Performance of ML model trained on features extracted and selected 
through a data-driven approach (Experiment 4).   
 
Dataset ML models Accuracy AUC Precision Recall F1 score 

Free speech 
  

Logistic regres-
sion 

68.9 
(±21.1) 

69.3 
(±22.2) 

77.9 
(±18.9)  

68.9 
(±21.1)  

68.8 
(±20.6) 

 SVM 
69.0 

(±18.3) 
69.9 

(±19.7) 
78.0 

(±16.5)  
69.0 

(±18.3)  
68.6 

(±18.5) 

 Decision Tree 
59.6 

(±18.8) 
57.9 

(±21.4) 
66.4 

(±20.1)  
59.6 

(±18.8)  
59.4 

(±18.5) 

 Random Forest 
68.2 

(±17.9) 
68.3 

(±19.2) 
76.6 

(±16.9)  
68.2 

(±17.9)  
68.0 

(±17.5) 

Unexpected ques-
tions  

Logistic regres-
sion 

60.9 
(±18.7) 

61.9 
(±20.2) 

67.8 
(±22.2)   

60.9 
(±18.7)   

60.2 
(±19.6) 

 SVM 
69.4 

(±20.5) 
69.3 

(±23.5) 
75.5 

(±21.4)   
69.4 

(±20.5)   
69.3 

(±20.6) 

 Decision Tree 
52.1 

(±20.8) 
51.8 

(±23.5) 
59.1 

(±26.0)  
52.1 

(±20.8)  
50.4 

(±21.7) 

 Random Forest 
64.9 

(±19.2) 
64.4 

(±21.8) 
71.0 

(±19.5)  
 64.9 

(±19.2)   
65.2 

(±18.7) 

Full text 
   

Logistic regres-
sion 

73.3 
(±18.6) 

73.7 
(±21.0) 

82.2 
(±14.4)   

73.3 
(±18.6)   

72.9 
(±19.4) 

 SVM 
77.3 

(±17.2) 
78.6 

(±19.2) 
83.8 

(±16.4)   
77.3 

(±17.2)   
77.3 

(±17.5) 

 Decision Tree 
53.5 

(±21.7) 
53.9 

(±23.3) 
61.0 

(±23.9)   
53.5 

(±21.7)   
54.0 

(±21.4) 

 Random Forest 
75.1 

(±17.5) 
76.5 

(±18.8) 
82.6 

(±15.9)  
 75.1 

(±17.5)   
75.3 

(±17.5) 

Note. Performance is evaluated in terms of Accuracy, AUC (= Area Under the Curve), Pre-
cision, Recall, and F1 Score. In bold are reported the models with the best accuracy. 
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Comparing accuracy among Experiments 
TABLE 6S. Dunn’s post-hoc tests comparing pairwise conditions among the four 
experiments.  
 
group1 group2 n1 n2 t p  

Naive judges Forensic experts 120 36 1.10 4.08e-01 

Naive judges ML - Expert RM scores 120 30 0.93 4.76e-01 

Naive judges ML - NLP RM scores 120 30 0.88 4.76e-01 

Naive judges ML - NLP RM+CL 120 30 3.92 6.67e-04*** 

Naive judges ML - datadriven 120 30 5.47 6.90e-07*** 

Forensic experts ML - Expert RM scores 36 30 -0.08 9.68e-01 

Forensic experts ML - NLP RM scores 36 30 -0.12 9.68e-01 

Forensic experts ML - NLP RM+CL 36 30 2.39 3.38e-02* 

Forensic experts ML - datadriven 36 30 3.67 9.99e-04*** 

ML - Expert RM scores ML - NLP RM scores 30 30 -0.04 9.68e-01 

ML - Expert RM scores ML - NLP RM+CL 30 30 2.36 3.38e-02* 

ML - Expert RM scores ML - datadriven 30 30 3.59 9.99e-04*** 

ML - NLP RM scores ML - NLP RM+CL 30 30 2.41 3.38e-02* 

ML - NLP RM scores ML - datadriven 30 30 3.63 9.99e-04*** 

ML - NLP RM+CL ML - datadriven 30 30 1.22 3.69e-01 

Note. The reported p-values are adjusted using False Discovery Rate (FDR) correction. Naive 
judges and Forensic experts’ accuracy is derived from Experiment 1; ML-Expert RM scores: 
best accuracy achieved in Experiment 2 using ML models trained on RM scores provided 
by Forensic Experts in Experiment 1. ML-NLP RM scores: best accuracy achieved in Exper-
iment 2 using ML models trained on RM scores computed with NLP techniques; ML-NLP 
RM+CL: best accuracy achieved in Experiment 3 using ML; ML-data-driven: best accuracy 
achieved in Experiment 4 using ML. 

Abbreviations: ML = Machine Learning; RM = Reality Monitoring; CL = Cognitive Load  

* p < 0.05; ** p < 0.01; *** p < 0.001 
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Chapter 3 
 
Fine-tuning large language 
models for verbal deception 
detection 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter is based on: Loconte, R., Russo, R., Capuozzo, P., Pietrini, 
P., & Sartori, G. (2023). Verbal lie detection using large language models. 
Scientific reports, 13(1), 22849. https://doi.org/10.1038/s41598-023-
50214-0   

https://doi.org/10.1038/s41598-023-50214-0
https://doi.org/10.1038/s41598-023-50214-0
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Abstract  
Human accuracy in detecting deception with intuitive judgments has 
been proven not to go above the chance level. Therefore, several auto-
mated verbal lie detection techniques employing machine learning and 
Transformer models have been developed to reach higher levels of accu-
racy. This study is the first to explore the performance of a Large Lan-
guage Model, FLAN-T5 (small and base sizes), in a lie-detection classifi-
cation task in three English-language datasets encompassing personal 
opinions, autobiographical memories, and future intentions. After per-
forming stylometric analysis to describe linguistic differences in the 
three datasets, we tested the small- and base-sized FLAN-T5 in three Sce-
narios using 10-fold cross-validation: one with train and test set coming 
from the same single dataset, one with train set coming from two da-
tasets and the test set coming from the third remaining dataset, one with 
train and test set coming from all the three datasets. We reached state-of-
the-art results in Scenarios 1 and 3, outperforming previous benchmarks. 
The results also revealed that model performance depended on model 
size, with larger models exhibiting higher performance. Furthermore, 
stylometric analysis was performed to carry out explainability analysis, 
finding that linguistic features associated with the Cognitive Load 
framework may influence the model’s predictions.   
Keywords: verbal deception detection, large language models, fine-tun-
ing, natural language processing 
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1. Introduction 
Lie detection involves the process of determining the veracity of a given 
communication. When producing deceptive narratives, lie-tellers em-
ploy verbal strategies to create false beliefs in the interacting partners 
and are thus involved in a specific and temporary psychological and 
emotional state (Walczyk et al., 2014). For this reason, the Undeutsch hy-
pothesis suggests that deceptive narratives differ in form and content 
from truthful narratives (Amado et al., 2015). This topic has always been 
under constant investigation and development in the field of cognitive 
psychology, given its significant and promising applications in the fo-
rensic and legal setting (Vrij et al., 2022). Its potential pivotal role is in 
determining the honesty of witnesses and potential suspects during in-
vestigations and legal proceedings, impacting both the investigative in-
formation-gathering process and the final decision-making level (Vrij & 
Fisher, 2016).  
Decades of research have focused on identifying verbal cues for decep-
tion and developing effective methods to differentiate between truthful 
and deceptive narratives, with such verbal cues being, at best, subtle and 
typically resulting in both naive and expert individuals performing just 
above chance levels (Bond & DePaulo, 2006; DePaulo et al., 2003). A po-
tential explanation coming from social psychology for this unsatisfactory 
human performance is the intrinsic human inclination to the truth bias 
(Levine, 2014; Levine et al., 1999), i.e., the cognitive heuristic of presump-
tion of honesty, which makes people assume that an interaction partner 
is truthful unless they have reasons to believe otherwise (Levine, 2014; 
Street & Masip, 2015). However, it is worth mentioning that a more re-
cent study challenged this solid result, finding that instructing partici-
pants to rely only on the best available cue, such as the detailedness of 
the story, enabled them to consistently discriminate lies from the truth 
with accuracy ranging from 59-79% (Verschuere et al., 2023). This finding 
moves the debate on 1) the proper number of cues that judges should 
combine before providing their veracity judgment, with the suggestion 
that the use-the-best heuristic approach is the most straightforward and 
accurate, and thus on 2) the diagnosticity level of this cue. 
More recently, the issue of verbal lie detection has also been tackled by 
employing computational techniques, such as stylometry. Stylometry re-
fers to a set of methodologies and tools from computational linguistics 
and artificial intelligence that allow for conducting quantitative analysis 
of linguistic features within written texts to uncover distinctive patterns 
that can infer and characterize authorship or other stylistic attributes (H. 
Chen, 2011; Chen et al., 2011; Daelemans, 2013). Albeit with some limita-
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tions, stylometry has been proven to be effective in the context of lie de-
tection (Hauch et al., 2015; Tomas et al., 2022). The main advantage is the 
possibility of coding and extracting verbal cues independently from hu-
man judgment, hence reducing the problem of inter-coder agreement, as 
researchers using the same technique for the same data will extract the 
same indices (Tomas et al., 2022). 
Alongside this trend, several recent studies have explored computa-
tional analysis of language in different domains, such as fake news 
(Conroy et al., 2015; Pérez-Rosas et al., 2018), transcriptions of court cases 
(Fornaciari & Poesio, 2012, 2013; Pérez-Rosas et al., 2015), evaluations of 
deceptive product reviews (Fornaciari & Poesio, 2014; Kleinberg, Mozes, 
et al., 2018; Ott et al., 2011), investigations into cyber-crimes (Mbaziira & 
Jones, 2017), analysis of autobiographical information (Levitan et al., 
2018), and assessments of deceptive intentions regarding future events 
(Kleinberg et al., 2017). Taken together, most of those studies focused on 
the usage of machine learning and deep learning algorithms combined 
with Natural Language Processing (NLP) techniques to detect deception 
from verbal cues automatically (see Constâncio et al., 2023, for a system-
atic review of the computerized techniques employed in lie-detection 
studies).  
More recently, a great step in advance has been made in the field of AI 
and NLP with the advent of Large Language Models (LLMs). LLMs are 
Transformer-based language models with hundreds of millions of pa-
rameters trained on a large collection of corpora (i.e., pre-training phase, 
Zhao et al., 2023). Thanks to this pre-training phase, LLMs have proven 
to capture the intricate patterns and structures of language and develop 
a robust understanding of syntax, semantics, and pragmatics, being able 
to generate coherent text resembling human natural language. In addi-
tion, once pre-trained, these models can be fine-tuned on specific tasks 
using smaller task-specific datasets. Fine-tuning refers to the process of 
continuing the training of a pre-trained model on a new dataset, allow-
ing it to adapt its previously learned knowledge to the nuances and spec-
ificities of the new data, thereby achieving state-of-the-art results (Zhao 
et al., 2023). Common tasks for LLMs fine-tuning include NLP tasks, 
such as language translation, text classification (e.g., sentiment analysis), 
question-answering, text summarization, and code generation. There-
fore, LLMs excel at a wide range of NLP tasks, as opposed to models 
uniquely trained for one specific task (Zhao et al., 2023).  However, to the 
best of our knowledge, despite the extreme flexibility of LLMs, the pro-
cedure of fine-tuning an LLM on small corpora for a lie-detection task 
has remained unexplored.  
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1.1 Related works in the Psychology field    
Among previous psychological frameworks aimed at identifying reliable 
cues of verbal deception, the Distancing framework, the Cognitive Load 
(CL) theory, the Reality Monitoring (RM) framework, and the Verifiabil-
ity Approach (VA) have been extensively studied, gaining empirical sup-
port for their efficacy not only from primary research but also from meta-
analytic studies.  
The Distancing framework (Newman et al., 2003; Vrij et al., 2022) of de-
ception states that liars tend to distance themselves from their narratives 
as a mechanism to handle the negative emotions experienced while lying 
by using fewer self-references (e.g., "I," "me") and employing more other-
references (e.g., "he," "they").  
The CL framework states that liars consume more cognitive resources 
while fabricating their fake responses, checking their congruency with 
other fabricated information, and maintaining credibility and con-
sistency in front of the examiner (Monaro et al., 2018), resulting in 
shorter, less elaborate, and less complex statements. A meta-analysis 
found that approaches based on CL theories produce higher accuracy 
rates in detecting deception than standard approaches (Vrij et al., 2015). 
The RM framework bases its assumptions on the memory characteristics 
literature, hypothesizing that truthful recollections are based on experi-
enced events, while deceptive recollections are based on imagined 
events (Johnson & Raye, 1981). Therefore, RM derives its predictions 
about truthful narratives from sensory, spatial, and temporal infor-
mation and from emotions and feelings experienced during the event. 
On the contrary, predictions about deception are drawn from the num-
ber of cognitive operations (e.g., thoughts and reasonings; Masip et al., 
2005; Sporer, 1997, 2004). The total RM scores appear to be diagnostic 
(d=0.55) in the detection accuracy of truthfulness (Amado et al., 2016; 
Gancedo et al., 2021; see also Vrij et al., 2022, for an extensive review of 
verbal lie-detection methods). More recently, the RM framework was in-
vestigated through concreteness in language (Kleinberg et al., 2019). In 
this study, one underlying and partially supported assumption was the 
truthful concreteness hypothesis, which suggests that truthful state-
ments usually consist of concrete, specific, and contextually relevant de-
tails. In contrast, deceptive or false statements often include more ab-
stract and less specific information, being more associated with the RM 
criterion of cognitive operations.  
The VA in verbal lie detection suggests that truthful statements are more 
likely to be verifiable than false or deceptive statements, as liars avoid 
mentioning details that could be verified with independent evidence to 
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conceal their deception (Nahari et al., 2012; Vrij & Nahari, 2019). Verifia-
ble details may be represented by activities involving or witnessed by 
identified individuals, documented through video or photographic evi-
dence, or leaving digital or physical traces (e.g., phone calls or receipts; 
Nahari et al., 2012; Vrij & Nahari, 2019).   
Notably, these frameworks offer detectable linguistic cues that can be 
readily identified using NLP techniques and have been extensively stud-
ied in this sense. Hauch et al. (2015) conducted a meta-analysis of studies 
on computer-based lie detection, with most of the included studies rely-
ing on the Linguistic Inquiry and Word Count software (LIWC; Boyd et 
al., 2022; Pennebaker et al., 2015). LIWC is the gold standard tool for 
studying lexical diversity and text semantic content. Given a text, LIWC 
calculates the percentage of total words corresponding to more than 100 
categories in the dictionary related to different psychosocial dimensions, 
which have been validated by human evaluators using rigorous proce-
dures. Among Houch’s meta-analysis findings, LIWC metrics reflecting 
Distancing, CL, and RM frameworks of deception found support from 
the results and can detect verbal deception through computerized tech-
niques. Usually, for distancing metrics, researchers compute the number 
of self and other-references by summing the frequency of first-person 
pronouns in contrast with second and third-person pronouns (Newman 
et al., 2003; Vrij et al., 2022). When employing CL theory in texts, re-
searchers usually employ and analyze statistics about the number of 
words and sentences, the readability, and the complexity of texts (Chen, 
2011; Chen et al., 2011; Hauch et al., 2015). RM is often investigated with 
LIWC (Bond et al., 2017; Bond & Lee, 2005; Kleinberg et al., 2017). Schutte 
et al. (2021) provided evidence that human coding of perceptual and con-
textual details in discriminating lies from truths is not conclusively su-
perior, thereby highlighting the potential advantages of automated tech-
niques. Additionally, recent studies extracted verifiable details by using 
named-entity recognition (NER), proving to be an effective automated 
procedure for the detection of deception in hotel reviews (Kleinberg, 
Mozes, et al., 2018) as well as in participants’ intentions on their weekend 
plans (Kleinberg, van der Toolen, et al., 2018).  
The promising results in applying NLP techniques for psychological re-
search suggest the possibility of combining metrics from different psy-
chological frameworks in a new theory-based stylometric analysis, offer-
ing the possibility to investigate verbal lie detection from multiple per-
spectives in one shot.         
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1.2 Related works in the AI field 
Previous works from the AI field have applied machine learning and 
deep learning models in a binary classification task for data-driven ver-
bal deception detection. One study developed a database of future inten-
tions to investigate whether combining machine and human judgments 
may improve accuracy in predicting deception (Kleinberg & Verschuere, 
2021). While finding that human judgment impairs automated deception 
detection accuracy, the authors implemented two machine learning 
models (i.e., vanilla random forest) trained respectively on LIWC and 
Part-of-Speech features (e.g., frequency of names, adjectives, adverbs, 
verbs) reaching an accuracy of 69% (95% CI: 63% - 74%) and 64 (95% CI: 
58%, 69%), respectively. On the same dataset, another work evaluated 
six deep-learning models, including combinations of BERT (and RoB-
ERTa), MultiHead Attention, co-attentions, and Transformers models, 
achieving up to 70.61% (± 2.58%) using a BERT with co-attention model 
(Ilias et al., 2022). The authors also provided an explainaibility analysis 
to understand how the models reached their decisions using a combina-
tion of LIME (a tool used to explain deep learning predictions in more 
straightforward and understandable terms by showing which specific 
words of the text influenced the outcome) and LIWC. 
Capuozzo et al. (2020) developed a new cross-domain and cross-lan-
guage dataset of opinions, asking English-speaking and Italian-speaking 
participants to provide truthful or deceptive opinions on five different 
topics. After encoding the texts with FastText word-embedding, they 
trained Transformers models in multiple scenarios using 10-fold cross-
validation, with averaged accuracy ranging from 63% (± 8.7%) in the 
“within-topic” scenario to a high of 90.1% (± 0.16%) in the “author-
based” scenario.  
In contrast, Sap et al. (2022) developed a new dataset of narratives gen-
erated from memories and imagination and used an LLM (GPT-3) to 
compute a new metric called “sequentiality”. Sequentiality is a metric of 
narrative flow that compares the probability of a sentence with and with-
out its preceding story context. While providing insights into the cogni-
tive processes of storytelling with an innovative computational ap-
proach, the authors did not employ a fine-tuning procedure for an LLM 
to classify different narratives.   
The findings in the AI domain indicate that as the model’s complexity 
increases, there is a heightened accuracy in predicting deception from 
texts. However, this increase in accuracy often comes at the expense of 
explainability for these predictions. LLMs are currently among the most 
cutting-edge models capable of handling vast amounts and complexities 
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of linguistic data, and the lack of literature on fine-tuning LLMs for lie-
detection tasks provides worthwhile reasons to investigate this area. 

1.3 Aims and hypotheses of the study 
The main objectives and hypotheses of this study are outlined as follows: 

Hypothesis 1a): Fine-tuning an LLM can effectively classify the ve-
racity of short narratives from raw texts, 1b) outperforming classical 
machine learning and deep learning approaches in verbal lie detec-
tion.  
Hypothesis 2): Fine-tuning an LLM on deceptive narratives enables 
the model to also detect new types of deception;  
Hypothesis 3): Fine-tuning an LLM on a multiple-context dataset en-
ables the model to obtain successful predictions on a multi-context 
test set; 
Hypothesis 4): Model performance depends on model size, with 
larger models showing higher accuracy; 
Hypothesis 5a): The linguistic style distinguishing truthful from de-
ceptive statements varies across different contexts, 5b) and can be a 
significant feature for model prediction. 

To test Hypothesis 1a, we fine-tuned an open-source LLM, FLAN-T5, us-
ing three datasets: personal opinions (the Deceptive Opinions dataset, 
Capuozzo et al., 2020), autobiographical experiences (the Hippocorpus 
dataset, Sap et al., 2022) and future intentions (the Intention dataset, 
Kleinberg & Verschuere, 2021). Given the extreme flexibility of LLMs, 
this approach is hypothesized to detect deception from raw texts above 
the chance level. To test the advantage of our approach compared to clas-
sical machine and deep learning models (Hypothesis 1b), we decided to 
compare the results with two benchmarks, further described in the Meth-
ods and Materials section.  
With regard to Hypotheses 2 and 3, according to empirical evidence, 
classical machine learning models tend to experience a decline in perfor-
mance when trained and tested on the aforementioned scenarios (Her-
nández-Castañeda et al., 2016; Mihalcea & Strapparava, 2009; Pérez-
Rosas & Mihalcea, 2014). In contrast, LLMs have acquired a comprehen-
sive understanding of language patterns during the pre-training phase. 
We posit that a fine-tuned LLM is capable of generalizing its learning 
across various contexts. Related to Hypothesis 4, we believe this gener-
alization ability is further enhanced in larger models, as their size is as-
sociated with a more sophisticated representation of language.   
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Finally, to test Hypothesis 5, we introduced a new theory-based stylo-
metric approach, named DeCLaRatiVE stylometry, to extract linguistic 
features related to the psychological frameworks of Distancing (New-
man et al., 2003), Cognitive Load (Vrij et al., 2015), Reality Monitoring 
(Johnson & Raye, 1981), and Verifiability Approach (Nahari et al., 2012; 
Vrij & Nahari, 2019), providing a pragmatic set of criteria to extract fea-
tures from utterances. We will apply DeCLaRatiVE stylometry to com-
pare truthful and deceptive statements in the three aforementioned da-
tasets in order to explore potential differences in terms of linguistic style. 
Our hypothesis suggests that the linguistic style distinguishing truthful 
from deceptive statements may vary across the three datasets, as these 
types of statements originate from distinct contexts. We also applied the 
DeCLaRatiVE stylometry technique to provide explainability analysis of 
the top-performing model. 

2. Methods and Materials 

2.1 Datasets 
Three datasets were employed for this study: the Deceptive Opinions da-
taset (Capuozzo et al., 2020), from now on Opinion Dataset, the Hip-
pocorpus dataset (Sap et al., 2022), from now on Memory Dataset, and 
the Intention dataset (Kleinberg & Verschuere, 2021). For each dataset, 
participants were required to provide genuine or fabricated statements 
in three different domains: personal opinions on five different topics 
(Opinion dataset), autobiographical experiences (Memory dataset), and 
future intentions (Intention Dataset). Notably, the specific topic within 
each domain was counterbalanced among liars and truth-tellers. A more 
detailed description of each dataset is available in the SM as well as in 
the method section of each original article. 
Table 1 displays an example of truthful and deceptive statements about 
opinions, memories, and intentions. Table 2 reports descriptive statistics 
for each dataset, both overall and when grouped by truthful and decep-
tive sets of statements. These statistics include the minimum, maximum, 
average, and standard deviation of word counts. Word counts were com-
puted after text tokenization using spaCy, a Python library for text pro-
cessing. Additionally, Table 2 provides Jaccard similarity index values 
between truthful and deceptive vocabulary sets. Jaccard's index was de-
rived by calculating the intersection (common words) and union (total 
words) of these two sets (Ilias et al., 2022; Ríssola et al., 2020). The result-
ing index ranges from 0, indicating a completely different vocabulary 
between the two sets, to 1, indicating a completely identical vocabulary 
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between the two sets. We reported the Jaccard similarity index to pro-
vide a measure of similarity or overlap between the word choices of 
truthful and deceptive statements within the respective datasets. In SM, 
we offer a detailed methodology for calculating the Jaccard similarity in-
dex.  
TABLE 1. Truthful and deceptive example statements about opinions, memories, 
and intentions. In brackets, the topic assigned to the participant in the deceptive 
condition to fabricate the narrative.   
 

 TRUTHFUL DECEPTIVE 

OPINION 
(Abortion) 

While I am morally torn on the 
issue, I believe that ultimately it 
is a woman’s body and she 
should be able to do with it as 
she pleases. I belive people 
should not dehumanize the fe-
tus tough, to make themselves 
feel better. The decision about 
laws regarding this issue 
should be left up to the states to 
decide. To combat this prob-
lem, birth control should be 
easily accessible. 

Abortion is the termination of a 
life and should not be al- 
lowed. If a fetus has made it to 
the point of being able to sur-
vive “on its own” outside its 
mother’s body, what right do 
we have to cut its life short. If 
the mother’s life is in danger, 
she already chose that she was 
willing to sacrifice her life to 
have a child when she con-
sented to procreating. 

MEMORY 
(My boyfriend 
and I went to a 
concert together 
and had a great 
time. We met 
some of my 
friends there and 
really enjoyed 
ourselves watch-
ing the sunset.) 

The day started perfectly, with 
a great drive up to Denver for 
the show. Me and my boyfriend 
didn’t hit any traffic on the way 
to Red Rocks, and the weather 
was beautiful. We met up with 
my friends at the show, near the 
top of the theater, and laid 
down a blanket. The opener 
came on, and we danced our 
butts off to the banjoes and 
mandolins that were playing 
on-stage. We were so happy to 
be there. That’s when the sun-
set started. It was so beautiful. 
The sky was a pastel pink and 
was beautiful to watch. That’s 
when Phil Lesh came on, and I 
just about died. It was the hap-
piest moment of my life, seeing 
him after almost a decade of not 
seeing him. I was so happy to 
be there, with my friends and 
my love. There was nothing 
that could top that night. We 
drove home to a sky full of stars 
and stopped at an overlook to 
look up at them. I love this 

Concerts are my most favorite 
thing, and my boyfriend knew 
it. That’s why, for our anniver-
sary, he got me tickets to see 
my favorite artist. Not only 
that, but the tickets were for an 
outdoor show, which I love 
much more than being in a 
crowded stadium. Since he 
knew I was such a big fan of 
music, he got tickets for him-
self, and even a couple of my 
friends. He is so incredibly nice 
and considerate to me and 
what I like to do. I will always 
remember this event and I will 
always cherish him. On the day 
of the concert, I got ready, and 
he picked me up and we went 
out to a restaurant beforehand. 
He is so incredibly romantic. 
He knew exactly where to take 
me without asking. We ate, 
laughed, and had a wonderful 
dinner date before the big 
event. We arrived at the con-
cert and the music was so in-
credibly beautiful. I loved 
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 TRUTHFUL DECEPTIVE 
place I live. And I love live mu-
sic. I was so happy. 

every minute of it. My friends, 
boyfriend, and I all sat down 
next to each other. As the music 
was slowly dying down, I 
found us all getting lost just 
staring at the stars. It was such 
an incredibly unforgettable 
and beautiful night. 

INTENTION 
 

INTENTION 

(Going swim-
ming with my 
daughter) 

We go to a Waterbabies class 
every week, where my 16-
month-old is learning to swim. 
We do lots of activities in the 
water, such as learning to blow 
bubbles, using floats to aid 
swimming, splashing and 
learning how to save them-
selves should they ever fall in. I 
find this activity important as I 
enjoy spending time with my 
daughter and swimming is an 
important life skill. 

I will be taking my 8-year-old 
daughter swimming this Satur-
day. We’ll be going early in the 
morning, as it’s generally a lot 
quieter at that time, and my 
daughter is always up early 
watching cartoons anyway (5 
am!). I’m trying to teach her 
how to swim in the deep end 
before she starts her new 
school in September as they 
have swimming lessons there 
twice a week. 

 
TABLE 2.  Summary statistics of the number of words and Jaccard similarity for 
each dataset and subset of truthful and deceptive statements.  
 

Dataset 
(total number) 

Min-Max 
number of 
words 

Average num-
ber of words 
(SD) 

Jaccard Similar-
ity Index (quali-
tative interpreta-
tion) 

All Opinions (2500) 6 - 338 59.05 (30.66) 0.35 

(low similarity) Truthful Opinions (1250) 7 - 338 66.74 (31.95) 

Deceptive Opinions (1250) 6 - 232 51.36 (27.24) 

All Intentions (1640) 15 - 251 50.44 (30.11) 0.34 

(low similarity) Truthful Intentions (783) 15 - 206 47.04 (28.36) 

Deceptive Intentions (857) 15 - 251 53.55 (31.31) 

All Memories (5506) 22 - 625 255.24 (92.36) 0.34 

(low similarity) Truthful Memories (2770) 22 - 625 269.78 (94.14) 

Deceptive Memories (2736) 22 - 609 240.51 (88.12) 

Note. Jaccard Similarity Index (with qualitative interpretation in brackets) refers to the sim-
ilarity between truthful and deceptive vocabulary sets for each dataset.  
Abbreviation: SD = standard deviation. 
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2.2 FLAN-T5 

We adopted FLAN-T5, an LLM developed by Google researchers and 
freely available through HuggingFace Python’s library Transformers 
(https://huggingface.co/docs/transformers/model_doc/flan-t5). Hug-
ginFace is a company that provides free access to state-of-the-art LLMs 
through Python API. Among the available LLMs, we chose FLAN-T5 be-
cause of its valuable trade-off between computational load and goodness 
of the learned representation. FLAN-T5 is the improved version of MT-
5, a text-to-text general model capable of solving many NLP tasks (e.g., 
sentiment analysis, question answering, and machine translation), which 
has been improved by pre-training (Chung et al., 2022). The peculiarity 
of this model is that every task they were trained on is transformed into 
a text-to-text task. For example, while performing sentiment analysis, the 
output prediction is the string used in the training set to label the positive 
or negative sentiment of each phrase rather than a binary integer output 
(e.g., 0=positive; 1=negative). Hence, their power stands in both the gen-
eralized representation of natural language learned during the pre-train-
ing phase and the possibility of easily adapting the model to a down-
stream task with little fine-tuning, without adjusting its architecture.  

2.3 DeCLaRatiVE stylometric analysis 
This study employed stylometric analysis to achieve two primary objec-
tives. First, we aimed to describe the linguistic features that distin-
guished the three datasets before initializing the fine-tuning process. Sec-
ond, we conducted explainability analysis to gain insights into the role 
of linguistic style that differentiated truthful and deceptive statements in 
the model's classification process. For this purpose, a new framework 
that we referred to as DeCLaRatiVE stylometry was adopted, which in-
volved the extraction of 26 linguistic features in conjunction with the 
psychological frameworks of Distancing (Newman et al., 2003), Cogni-
tive Load (Vrij et al., 2015), Reality monitoring (Johnson & Raye, 1981), 
and Verifiability Approach (Nahari et al., 2012; Vrij & Nahari, 2019). A 
full list of the 26 linguistic features with a short description is shown in 
Table 3. This comprehensive approach enabled the analysis of verbal 
cues of deception from a multidimensional perspective. 
Features associated with the CL framework consisted of statistics about 
the length, readability, and complexity of the text (Hauch et al., 2015; 
Sarzynska-Wawer et al., 2023; Solà-Sales et al., 2023; Zhou et al., 2004) 
and were extracted using the Python library TEXTSTAT. 
 

https://huggingface.co/docs/transformers/model_doc/flan-t5
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TABLE 3. List and short description of the 26 linguistic features pertaining to the De-
CLaRatiVE Stylometry technique.   
 

Label Description 
num_sentences Total number of sentences 
num_words Total number of words 
num_syllables Total number of syllables 
avg_syllabes_per_word Average number of syllables per word 
fk_grade Index of the grade level required to understand the text 
fk_read Index of the readability of the text 
Analytic LIWC summary statistic analyzing the style of the text in 

term of analytical thinking (0 - 100) 
Authentic LIWC summary statistic analyzing the style of the text in 

term of authenticity (0 - 100) 
Tone Standardized difference (0-100) of ‘tone_pos’ - ‘tone_neg’ 
tone_pos Percentage of words related to a positive sentiment (LIWC 

dictionary) 
tone_neg Percentage of words related to a negative sentiment (LIWC 

dictionary) 
Cognition Percentage of words related to semantic domains of cogni-

tive processes (LIWC dictionary) 
memory Percentage of words related to semantic domains of 

memory/forgetting (LIWC dictionary) 
focuspast Percentage of verbs and adverbs related to the past (LIWC 

dictionary) 
focuspresent Percentage of verbs and adverbs related to the present 

(LIWC dictionary) 
focusfuture Percentage of verbs and adverbs related to the future 

(LIWC dictionary) 
Self-reference Sum of LIWC categories ‘i’ + ‘we’ 
Other-reference Sum of LIWC categories ‘shehe’ + ‘they’ + ‘you’ 
Perceptual details Sum of LIWC categories ‘attention’ + ‘visual’ + ‘auditory’+ 

‘feeling’ 
Contextual Embedding Sum of LIWC categories ‘space’ + ‘motion’ + ‘time’ 
Reality Monitoring Sum of Perceptual details + Contextual Embedding + Af-

fect - Cognition 
Concreteness score Mean of concreteness score of words 
People Unique named-entities related to people: e.g., ‘Mary’, 

‘Paul’, ‘Adam’ 
Temporal details Unique named-entities related to time: e.g., ‘Monday’, ‘2:30 

PM’, ‘Christmas’ 
Spatial details Unique named-entities related to space: e.g., ‘airport’, ‘To-

kyo’, ‘Central park’ 
Quantity details Unique named-entities related to quantities: e.g., ‘20%’, ‘5 

$’, ‘first’, ‘ten’, ‘100 meters’ 
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Features related to the Distancing and RM framework were computed 
using LIWC (Boyd et al., 2022; Pennebaker et al., 2015), the gold standard 
software for analyzing word usage. Using the English dictionary, we 
scored each text along with all the categories present in LIWC-22. LIWC 
scoring was computed on tokenized text using the English dictionary. 
The selection of the LIWC categories related to the Distancing and RM 
framework was guided by previous research on computerized verbal lie-
detection (Ilias et al., 2022; Kleinberg & Verschuere, 2021; Newman et al., 
2003; Ríssola et al., 2020; Sap et al., 2022) and a previous meta-analysis 
(Hauch et al., 2015). RM was also investigated through the linguistic con-
creteness of words (Kleinberg et al., 2019). To determine the average 
level of concreteness for each statement, we utilized the concreteness an-
notation dataset developed by Brysbaert et al. (2014). For the calculation 
of concreteness scores, a preprocessing pipeline was applied to textual 
data using the Python library SpaCy: text was converted to lowercase 
and tokenized; then stop words were removed, and the remaining con-
tent words were lemmatized. These content words were then cross-ref-
erenced with the annotated concreteness dataset to assign the respective 
concreteness value when a match was found. The concreteness score for 
each statement was then computed as the average of the concreteness 
scores for all the content words in that statement. For what concerns ver-
ifiable details, they were estimated by the frequency of named entities. 
Named entities were extracted with the NER technique using Python’s 
library SpaCy through the Transformer algorithm for the English lan-
guage (en_core_web_trf, https://spacy.io/mod-
els/en#en_core_web_trf). Further details on how the 26 linguistic fea-
tures were computed are provided in the Supplementary Materials (SM).  

2.4 Experimental set-up  
In this section, we describe the methodology that we applied in this 
work. As a first step, we wanted to perform a descriptive linguistic anal-
ysis of our datasets, trying to provide a response to Hypothesis 5a), i.e., 
whether the linguistic style distinguishing truthful from deceptive state-
ments varies across different contexts. To achieve this result, we em-
ployed the DeCLaRatiVE stylometric analysis. As a second step, we pro-
ceeded to test the capacity of the FLAN-T5 model to be fine-tuned on a 
Lie Detection task. To do so, we provided three scenarios to verify the 
following hypothesis: 

Hypothesis 1a): Fine-tuning an LLM can effectively classify the ve-
racity of short narratives from raw texts, 1b) outperforming classical 
machine learning and deep learning approaches in verbal lie detec-
tion. 

https://spacy.io/models/en#en_core_web_trf
https://spacy.io/models/en#en_core_web_trf
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Hypothesis 2): Fine-tuning an LLM on deceptive narratives enables 
the model to also detect new types of deception;  
Hypothesis 3): Fine-tuning an LLM on a multiple-context dataset en-
ables the model to obtain successful predictions on a multi-context 
test set; 
Hypothesis 4): Model performance depends on model size, with 
larger models showing higher accuracy; 

We expected hypotheses 1a,1b, 3, and 4 to be verified, while we did not 
have any a priori expectation for the second hypothesis. The scenarios 
are described below: 
Scenario 1: The model was fine-tuned and tested on a single dataset. This 
procedure was repeated for each dataset with a different copy of the 
same model each time (i.e., the same parameters before the fine-tuning 
process) (Fig. 1). This Scenario assesses the model’s capacity to learn how 
to detect lies related to the same context and responds to Hypothesis 1a; 
FIGURE 1. Visual illustration of Scenarios 1 and 3.  

 
Scenario 2: The model was fine-tuned on two out of the three datasets 
and tested on the remaining unseen dataset. As for the previous Sce-
nario, this procedure was iterated three times, employing separate in-
stances of the same model, each time with a distinct combination of pair-
ings (Fig. 2). This Scenario assesses how the model performs on samples 
from a new context to which it has never been exposed during the train-
ing phase and provides a response for Hypothesis 2; 
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FIGURE 2. Visual illustration of Scenario 2. 

Scenario 3: We first aggregated the three train and test sets from Scenario 
1. Then, we fine-tuned the model on the aggregated datasets and tested 
the model on the aggregated test sets (Fig. 1). This Scenario assesses the 
capacity of the model to learn and generalize from samples of truthful 
and deceptive narratives from multiple contexts and provides a response 
for Hypothesis 3. 
In Scenarios 1 and 3, each experiment underwent a 10-fold cross-valida-
tion. N-fold cross-validation is a statistical method used to estimate the 
performance of a model by dividing the dataset into n partitions (n=10 
for this study). For each partition i, we created a training set composed 
of the remaining n-1 partitions using the i partition as a test set (i.e., 90% 
of the data belongs to the training set, and 10% of the remaining data 
belongs to the test set). For each iteration, performance metrics are com-
puted on the test set, stored, and then averaged. This procedure ensures 
an unbiased performance estimation and allows a fair comparison be-
tween different models. For our study, we employed identical train-test 
splits within scenarios 1 and 3 and for both model sizes to guarantee a 
fair performance comparison. The average test accuracy from each fold 
and its corresponding standard deviation are presented as performance 
metrics. Conversely, in Scenario 2, each pairing combination underwent 
fine-tuning using the entire two paired datasets as a training set, while 
the model's performance was assessed using the complete unseen da-
taset as a test set. 
Notably, the Opinion dataset was developed to have each participant's 
truthful and deceptive statements for a total of five opinions. Therefore, 
we treated each opinion as a separate sample. In order to avoid the 
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model exhibiting inflated performance on the test set as a result of learn-
ing the participants’ linguistic style, we adopted the following precau-
tionary measure. Specifically, we ensured an exclusive division of par-
ticipants between the training and test sets, such that any individual 
whose opinions were assigned to the training set did not have their opin-
ions assigned to the test set, and vice versa. 
Together, Scenarios 2 and 3 provide evidence about the generalized ca-
pabilities of the fine-tuned FLAN-T5 model in a lie-detection task when 
tested on unseen data and on a multi-domain dataset. Furthermore, we 
tested whether model performance may depend on model sizes. There-
fore, we first fine-tuned the small-sized version of FLAN-T5 in every sce-
nario, and then we repeated the same experiments in every scenario with 
the base-sized version, providing a response for Hypothesis 4.  
To test Hypothesis 1b, i.e., to test the advantage of our approach when 
compared to classical machine learning models, we decided to compare 
the results with two benchmarks:  

i) A basic approach consisting of a bag-of-words (BoW) encoder 
plus a logistic regression classifier (Lin et al., 2023), following the 
experimental procedure of Scenario 1;  

ii) A literature baseline based on previous studies providing accu-
racy metrics on the same datasets using a machine learning or a 
deep learning approach (Capuozzo et al., 2020; Ilias et al., 2022; 
Kleinberg & Verschuere, 2021). For the Opinion dataset, charac-
terized by opinions on five different topics per subject, we com-
pared our results to the performance obtained in (Capuozzo et 
al., 2020) with respect to their “within-topic” experiments be-
cause our approach is equivalent to theirs, with the only differ-
ence that we addressed all the topics in one model.  

As a final step, we conducted an explainability analysis to investigate the 
differences in linguistic style between the truthful and deceptive state-
ments that were correctly classified and misclassified by the model. This 
procedure aimed to provide a response to Hypothesis 5b, i.e., whether 
the model takes into account the linguistic style of statements for its final 
predictions.  To achieve this result, we employed the DeCLaRatiVE sty-
lometric analysis. In Figure 3, we provided a flow chart of the whole ex-
perimental setup.  

2.5 Fine-tuning strategy 
Fine-tuning of LLMs consists of adapting a pre-trained language model 
to a specific task by further training the model on task-specific data, 
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thereby enhancing its ability to generate contextually relevant and co-
herent text in line with the desired task objectives (Chung et al., 2022). 
FIGURE 3. Visual illustration of the whole experimental setup.  

 
Note. The Opinion, Memory, and Intention dataset underwent Descriptive Linguistic Anal-
ysis using DeCLaRatiVE stylometry. A baseline model consisting of Bag of Words (BoW) 
and Logistic Regression (Scenario 1) was also established for the three datasets. Then, the 
FLAN-T5 model in small and base versions was fine-tuned across Scenarios 1, 2, and 3. 
Finally, an Explainability Analysis was conducted on the top-performing model using De-
CLaRatiVE stylometry to interpret the results 

We fine-tuned FLAN-T5 in its small and base sizes using the three da-
tasets and following the experimental setup described above. We ap-
proached the lie-detection task as a binary classification problem, given 
that the three datasets comprised raw texts associated with a binary la-
bel, specifically instances classified as truthful or deceptive.  
To the best of our knowledge, no fine-tuning strategy is available in the 
literature for this novel downstream NLP task. Therefore, our strategy 
followed an adaptation of Hugginface’s guidelines on fine-tuning an 
LLM for translation. Specifically, we chose the same optimization strat-
egy used to pre-train the original model and the same loss function. 
Notably, the classification task between deceptive and truthful state-
ments has never been performed during the FLAN-T5 pre-training 
phase, nor is it included in any of the tasks the model has been pre-
trained on. Therefore, we performed the same experiments, described in 
the Experimental set-up section, multiple times with different learning 
rate values (i.e., 1e-3, 1e-4, 1e-5), and we finally chose the configuration 
shown in Table 4, which yielded the best performance in terms of accu-
racy. All experiments and runs of the three scenarios were conducted on 
Google Colaboratory Pro+ using their NVIDIA A100 Tensor Core GPU.  
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TABLE 4. FLAN-T5 hyperparameters configuration for the small- and base-sized 
versions.  
 

Model Hyperparameter Value 
FLAN-T5 small Learning rate 5e-4 

Weight decay coefficient 0.01 

Batch size 2 

 Number of Epochs 3 

FLAN-T5 base  Learning rate 5e-5 

Weight decay coefficient 0.01 

Batch size 2 

Number of Epochs 3 

Note. The initial learning rate for every scenario was 5e-4 for the small model and 5e-5 for 
the base model. This choice was motivated by preliminary experiment results, with the 
smaller model, but not the base model, generally performing better with higher learning 
rates. The weight decay coefficient was set to 0.01 in all models and Scenarios. The batch 
size was set to 2 for computational reasons, specifically to avoid running out of available 
memory, even though it is known that a larger batch size usually leads to better perfor-
mance. Finally, the number of epochs was set to 3 after preliminary experiments showing 
the maximum test accuracy after the third epoch without overfitting.  

2.6 Statistical Procedure for Descriptive Linguistic Analysis 
After applying the DeCLaRatiVE stylometry technique, we obtained a 
stylistic vector of 26 linguistic features for each text of the three datasets. 
In order to assess the significance of the observed differences between 
the groups, a permutation t-test was employed (Moore, 1999). This non-
parametric method involves pooling all observations and then randomly 
redistributing them into two groups, preserving the original group sizes. 
The test statistic of interest (i.e., the difference in means) is then com-
puted for these permuted groups. By repeating this process thousands 
of times (i.e., n=10,000), we generated a test statistic distribution under 
the null hypothesis of no difference between the groups. The observed 
test statistic from the actual data was then compared to this distribution 
to compute a p-value, indicating the likelihood of observing such a dif-
ference if the null hypothesis was true. The advantage of using a permu-
tation t-test is that no assumption about the distribution of data is 
needed. This analysis was conducted in Python using SciPy and the 
Pingouin library. 
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For the Memory and Intention dataset, we computed a permutation t-
test (n=10,000) for independent samples for the 26 linguistic features to 
outline significant differences between the truthful and deceptive texts.  
For the Opinion dataset, our analysis proceeded as follows. Firstly, we 
computed the DeCLaRatiVE stylometry technique for all the subjects’ 
opinions. This resulted in a 2500 (opinions) x 26 (linguistic features) ma-
trix. Then, since each subject provided five opinions (half truthful and 
half deceptive), we averaged the stylistic vector separately for the truth-
ful and deceptive sets of opinions. This procedure allowed us to obtain 
two different averaged stylistic vectors for the same subject, one for the 
truthful opinions and one for the deceptive opinions. Importantly, this 
averaging process enabled us to obtain results that are independent of 
the topic (e.g., abortion or cannabis legalization) and the stance taken by 
the subject (e.g., in favor of or against that particular topic). Finally, we 
validated the statistical significance of these differences by conducting a 
paired sample permutation test (n=10,000). Results for each dataset were 
corrected for multiple comparisons with Holm-Bonferroni correction.  
The effect size was expressed by Common Language Effect Size (CLES) 
with a confidence interval of 95 % (95 % CI), which is a measure of effect 
size that is meant to be more intuitive in its understanding by providing 
the probability that a specific linguistic feature, in a picked-at-random 
truthful statement, will have a higher score than in a picked-at-random 
deceptive one (McGraw & Wong, 1992). The null value for the CLES is 
the chance level at 0.5 (in a probability range from 0 to 1) and indicates 
that, when sampled, one group will be greater than the other, with equal 
chance. Cohen’s d effect size with 95 % CI was also computed to add 
interpretation. 

2.7 Statistical Procedure for Explainability Analysis 
To examine whether the linguistic style of the input statements exerted 
an influence on the resulting output of the model and to provide expla-
nations for the wrong classification outputs, we applied a DeCLaRatiVE 
stylometric analysis of statements correctly classified and misclassified 
by the top-performing model identified in Scenario 3 (Flan-T5 base) 
To this aim, during each iteration of cross-validation, we paired the sen-
tences belonging to the test set and their actual labels with the labels pre-
dicted by the model. After the cross-validation ended, for each of the ten 
folds and for each of the 26 linguistic features of the sentences that com-
posed the test set for that fold, we performed a non-parametric permu-
tation t-test for independent samples (n=10,000) for the following com-
parison of interest:  
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a) truthful statements misclassified as deceptive (False Negatives), 
with deceptive statements misclassified as truthful (False Posi-
tives);  

b) statements correctly classified as deceptive (True Negatives) vs. 
truthful statements misclassified as deceptive (False Negatives); 

c) statements correctly classified as truthful (True Positives) vs. de-
ceptive statements misclassified as truthful (False Positives). 

d) truthful vs. deceptive statements correctly classified by the 
model (True Positives vs. True Negatives). 

To compute the effect size, we computed the average of the CLES and 
Cohen’s d effect size scores with their respective 95 % CI obtained from 
each fold.  

2.8 Data and code availability. 
For the Opinion dataset, we obtained full access after contacting the cor-
responding author. The Memory dataset is downloadable at the link: 
https://www.microsoft.com/en-us/download/de-
tails.aspx?id=105291. The Intention dataset is publicly available at the 
link: https://osf.io/45z7e/.  
All the Colab Notebooks to perform linguistic analysis on the three da-
tasets, fine-tune the model in the three Scenarios, and conduct explaina-
bility analysis are available at https://github.com/robecoder/Verbal-
LieDetectionWithLLM.git. 

3. Results 

3.1 Descriptive Linguistic Analysis 
This section outlines the results of the descriptive linguistic analysis in 
terms of DeCLaRatiVE stylometric analysis to compare the three da-
tasets on linguistic features.  
For the three datasets, Figures 4, 5, and 6 show the differences in the 
number, the type, the magnitude of the CLES effect size, and the direc-
tion of the effect for the linguistic features that survived post-hoc correc-
tions. To make an example of these differences, the concreteness score of 
words (‘concr_score’) presented the largest CLES within the Intention 
dataset towards the truthful statements (Fig. 6), while in the Opinion da-
taset, it showed the largest CLES towards the deceptive statements (Fig. 
4).  

https://www.microsoft.com/en-us/download/details.aspx?id=105291
https://www.microsoft.com/en-us/download/details.aspx?id=105291
https://osf.io/45z7e/
https://github.com/robecoder/VerbalLieDetectionWithLLM.git
https://github.com/robecoder/VerbalLieDetectionWithLLM.git
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FIGURE 4. Horizontal stacked bar chart presenting the Common Language Ef-
fect Size (CLES) estimates for the significant linguistic features that survived 
post-hoc corrections in the Opinion dataset.  

 
Note. The CLES estimates represent the probability (ranging from 0 to 1) of finding a spe-
cific linguistic feature in truthful opinions (sky blue) than in deceptive ones (salmon). The 
CLES for truthful opinions are sorted in descending order, while the CLES for deceptive 
opinions are sorted in ascending order.  

FIGURE 5. Horizontal stacked bar chart presenting the Common Language Ef-
fect Size (CLES) estimates for the significant linguistic features that survived 
post-hoc corrections in the Memory dataset.  

 
Note. The CLES estimates represent the probability (ranging from 0 to 1) of finding a spe-
cific linguistic feature in truthful memories (sky blue) than in deceptive ones (salmon). The 
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CLES for truthful memories are sorted in descending order, while the CLES for deceptive 
memories are sorted in ascending order. 

FIGURE 6. Horizontal stacked bar chart presenting the Common Language Ef-
fect Size (CLES) estimates for the significant linguistic features that survived 
post-hoc corrections in the Intention dataset.  

 
Note. The CLES estimates represent the probability (ranging from 0 to 1) of finding a spe-
cific linguistic feature in truthful intentions (sky blue) than in deceptive ones (salmon). The 
CLES for truthful intentions are sorted in descending order, while the CLES for deceptive 
intentions are sorted in ascending order. 

Overall, the Intentions dataset displayed fewer significant differences in 
linguistic features among truthful and deceptive statements than the 
Opinion and Memory datasets. In Table S5 (SM), we reported, for all the 
linguistic features and the three datasets, all the statistics, corrected p-
values, effect-size scores (expressed as CLES and Cohen’s D with 95% 
CI), and the direction of the effect for all linguistic features and the three 
datasets. 

3.2 Performance on the Lie-Detection classification task 
This section presents the performance, in terms of average accuracy (and 
standard deviation) of the 10-folds, on the test sets after the last epoch of 
the small and base models in all the Scenarios.  

Scenario 1. 
In Table 5 are depicted the test accuracies for the FLAN-T5 model, cate-
gorized by dataset and model size in Scenario 1. In each case, the base 
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model, on average, outperformed the small model, with the Memory da-
taset showing the largest improvement of 4% and the Intention dataset 
showing just a 0.06% increase in average accuracy. These results indicate 
that the larger model size generally leads to improved performance 
across the three datasets, with higher accuracy observed in the base ver-
sion.  
TABLE 5. Test accuracy of the FLAN-T5 models in Scenarios 1 and 3 for the three 
datasets.  
 

Model Opinion Memory Intention 
Bag-of-words baseline 76.16 ± 2.9 % 57.57 ± 7.66 %   67.07 ± 3.18 % 

Literature baseline 65.16 ± 5.7 % - 69.00 [63; 74] %   

69.86 ± 2.34 % 

70.61 ±2.58 % 

Flan-T5 small - Scenario 1 80.64 ± 2.03 % 76.87 ± 2.06 % 71.46 ± 3.65 %  

Flan-T5 base - Scenario 1 82.60 ± 3.01 % 80.61 ± 1.41 % 71.52 ± 2.21 % 

Flan-T5 small - Scenario 3 79 ± 2.11 % 75.67 ± 1.90 % 69.32 ± 3.75 % 

Flan-T5 base - Scenario 3 82.72 ± 2.39 % 79.87 ± 1.60 % 72.25 ± 2.86 % 

Note. Reported values are means ± standard deviation of the 10 folds. Best results per eval-
uation metric are in bold. The literature baseline for the Opinion dataset refers to the aver-
age accuracy and standard deviation from all within-topic accuracies from FastText Em-
bedding + Transformer (Capuozzo et al., 2020). The literature baseline for the Intention 
dataset refers to the accuracy from Vanilla Random Forest using LIWC features (confidence 
interval in square brackets) (Kleinberg & Verschuere, 2021), the averaged accuracy and 
standard deviation from RoBERTa + Transformers + Co-Attention model and BERT + co-
attention model (Ilias et al., 2022), respectively.  

Scenario 2. 
This scenario aimed to investigate our fine-tuned LLM’s generalization 
capability across different deception domains. As presented in Table 6, 
the test accuracy for the three experiments in this scenario significantly 
dropped to the chance level, showing that the model, in any case, was 
able to learn a general rule to detect lies coming from different contexts. 

Scenario 3. 
In Scenario 3, we tested the accuracy of the FLAN-T5 small and base ver-
sions on the aggregated Opinion, Memory, and Intention datasets. The 
small-sized FLAN-T5 achieved an average test accuracy of 75.45% 
(SD=1.6), while the base-sized FLAN-T5 exhibited a higher average test 
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accuracy of 79.31% (SD=1.3). In other words, the base-sized model out-
performed the small model by approximately four percentage points.  
TABLE 6. Test accuracy of FLAN-5 Models in Scenario 2 (three combinations of 
train sets).   
 

Train set Test set Model Size Test Accuracy 
 

Opinion + Memory 

 

Intention 

Flan-T5 small 55.37 

Flan-T5 base 55.67 

 

Opinion + Intention 

 

Memory 

Flan-T5 small 55.37 

Flan-T5 base 54.23 

 

Memory + Intention 

 

Opinion 

Flan-T5 small 53.12 

Flan-T5 base 49.40 

Note. The performance comparison is conducted among the small and base versions of the 
FLAN-T5 model in three combinations of training sets: opinion + memory, opinion + in-
tention, and memory + intention. 

Results in Table 5 show the disaggregated performance on individual 
datasets between the small and base FLAN-T5 models in Scenario 3, with 
a comparison to their counterparts in Scenario 1. These comparisons 
show that FLAN-T5-small in Scenario 3 exhibited worse performance 
than in Scenario 1. Instead, in Scenario 3, the base model barely outper-
formed its counterparts of Scenario 1 on the Opinion and Intention da-
tasets by less than 1% and slightly underperformed its counterpart of 
Scenario 1 on the Memory dataset.   
We identified the top-performing model as the FLAN-T5 base in Sce-
nario 3 because of its higher accuracy in the overall performance. The 
averaged confusion matrix of the 10 folds for this model is depicted in 
Figure 7. Notably, in each case, we were able to outperform both the bag-
of-words + logistic regression classifier baseline and the performance 
achieved on the same datasets in previous studies (Capuozzo et al., 2020; 
Ilias et al., 2022; Kleinberg & Verschuere, 2021). 

3.3 Explainability Analysis 
This section aims to gain a deeper understanding of the top-performing 
model identified in Scenario 3 (FLAN-T5 base) through a DeCLaRatiVE 
stylometric analysis of statements correctly classified and misclassified 
by the model. The purpose of this analysis was to examine whether the 
linguistic style of the input statements exerted an influence on the result-
ing output of the model and to provide explanations for the wrong clas-
sification outputs. For this analysis, we compared:  
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FIGURE 7. Averaged confusion matrix of the top-performing model identified 
as FLAN-T5 base in Scenario 3.  

 
Note. In each square, the results obtained represent the average (and standard deviation) 
from the test set of each iteration of the 10-fold cross-validation.  

 

a) truthful statements misclassified as deceptive (False Negatives), 
with deceptive statements misclassified as truthful (False Posi-
tives);  

b) statements correctly classified as deceptive (True Negatives) vs. 
truthful statements misclassified as deceptive (False Negatives); 

c) statements correctly classified as truthful (True Positives) vs. de-
ceptive statements misclassified as truthful (False Positives). 

d) truthful vs. deceptive statements correctly classified by the 
model (True Positives vs. True Negatives). 

The statistically significant features reported survived post-hoc correc-
tion for multiple comparisons in each fold. Overall, for comparison a), 
b), and c), we observed no statistically significant differences (p < 0.05) 
in any linguistic features for most of the splits, with the only exception 
of:  

1) ‘fk_read’ in fold 1 (t=5.30, p=0.04, CLES = 0.63 [0.55, 0.71], d=0.46 
[0.18, 0.75]) and ‘Reality Monitoring’ in fold 6 (t=4.74, p=0.047, 
CLES=0.62 [0.54, 0.70], d=0.46 [0.17, 0.75]) for the a) comparison; 

2) ‘Reality Monitoring’in fold 6 (t=-3.39, p=0.04, CLES=0.40 [0.34, 
0.46], d=-0.34 [-0.55, -0.13]) and ‘Reality Monitoring’ (t=-3.16, 
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p=0.04, CLES = 0.41 [0.34,0.47], d = -0.34 [-0.56, -0.12]) and ‘Con-
textual Embedding’ (t=-2.11, p=0.01, CLES=0.39 [0.33, 0.45], d=-
0.42 [-0.63, -0.2]) in fold 7 the b) comparison; 

3) ‘num_syllables‘(t=76.87, p=0.01, CLES=0.64 [0.57, 0.7], d=0.46 
[0.27, 0.7]) and ‘word_counts’(t=59.63, p=0.01, CLES=0.64 [0.57, 
0.71], d=0.46 [0.21, 0.7]) in fold 9 for the c) comparison. 

Conversely, for the d) comparison, several significant features emerged 
in all the folds and survived corrections for multiple comparisons. Figure 
8 depicts the CLES effect size scores of linguistic features, sorted accord-
ing to the number of times they were found to be significant among the 
ten folds. The top six features in Fig. 8 represented a cluster of linguistic 
features related to the Cognitive Load framework. 
FIGURE 8. Linguistic features in Truthful and Deceptive statements that were 
accurately classified by FLAN-T5 base in Scenario 3.  

 
Note. The bar plot shows the averaged Common Language Effect Size among the ten folds 
of linguistic features that survived post-hoc corrections. Linguistic features are sorted in 
descending order according to the number of times they were found to be significant 
among the 10 folds (displayed at the side of each bar). Linguistic features higher on average 
in truthful texts are shown in sky blue, while those higher on average in deceptive texts are 
shown in salmon. 

4. Discussion 
At the time of writing and to the best of our knowledge, this is the first 
study involving the use of an LLM for a lie-detection task. LLMs are 
Transformer-based models trained on large corpora of text that have 
proven to generate coherent text in human natural language and have 
extreme flexibility in a wide range of NLP tasks (Zhao et al., 2023). In 
addition, these models can be further fine-tuned on specific tasks using 
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smaller task-specific datasets, achieving state-of-the-art results (Zhao et 
al., 2023). In the present Chapter, we investigated the efficacy of a Large 
Language Model (LLM), specifically FLAN-T5 in its small and base ver-
sions, in learning and generalizing the intrinsic linguistic representation 
of deception across different contexts. To accomplish this, we employed 
three datasets encompassing genuine or fabricated statements regarding 
personal opinions, autobiographical experiences, and future intentions. 

4.1 Descriptive Linguistic Analysis 
Descriptive linguistic analysis was performed to compare the three da-
tasets on linguistic features by exploring the differences in the DeCLaR-
atiVE style, i.e., analyzing 26 linguistic features extracted from the psy-
chological frameworks of Distancing, Cognitive Load, Reality monitor-
ing, and Verifiability approach. This analysis aimed to test Hypothesis 
5a, which postulates a variation in the linguistic style that differentiates 
truthful from deceptive statements across varying contexts (i.e., personal 
opinions vs. autobiographical memories vs. future intentions).  The re-
sults from this analysis confirmed our hypothesis, showing that the lin-
guistic features exhibiting statistically significant differences between 
truthful and deceptive statements indeed varied across datasets. This 
variation was observed in terms of the total number and type of features, 
the magnitude of the effect size (from very small to medium), and the 
direction of the effect. In the following paragraphs, the interpretation of 
the significant linguistic features of each dataset will be discussed. 

Opinions 
After analyzing truthful and deceptive opinions using the DeCLaRatiVE 
stylometry, different linguistic features - related to the theoretical frame-
works of CL, RM, and Distancing - were found to be significant. In line 
with the CL framework, we observed that truthful opinions were char-
acterized by greater complexity, verbosity, and more authenticity in lin-
guistic style (Hauch et al., 2015; Vrij et al., 2015). For features related to 
the RM framework, truthful opinions were characterized by a lesser 
number of concrete words and a greater number of cognitive words, as 
also previously shown (Mihalcea & Strapparava, 2009); in contrast, de-
ceptive opinions showed higher scores in the concreteness of words, con-
textual details, and reality monitoring. These differences may reflect, on 
one side, the reasoning processes that truth-tellers engage in evaluating 
the pros and cons of abstract and controversial concepts (e.g., abortion), 
while for deceivers, it may be indicative of difficulty in abstraction, re-
sulting in fake opinions that sound more grounded in reality. Finally, in 
line with previous literature on distancing framework (Hancock et al., 
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2007; Newman et al., 2003) and deceptive opinions (Mihalcea & Strap-
parava, 2009; Pérez-Rosas & Mihalcea, 2015), deceivers utilized more 
other-related word classes (‘Other-reference’) and fewer self-related 
words (‘Self-reference’), confirming that individuals may tend to avoid 
personal involvement when expressing deceptive statements. 

Memories 
Following the analysis of truthful and deceptive narratives of autobio-
graphical memories through DeCLaRatiVE stylometry, various linguis-
tic features associated with the theoretical frameworks of CL, RM, VA, 
and Distancing were found to be significant. As for opinions, according 
to the CL framework, truthful narratives of autobiographical memories 
exhibited higher levels of complexity and verbosity and appeared to be 
more analytical in style (Hauch et al., 2015; Vrij et al., 2015). In accord-
ance with the RM framework (Amado et al., 2016; Gancedo et al., 2021; 
Johnson & Raye, 1981; S. Sporer, 1997; S. L. Sporer, 2004), posing that 
truthful memory accounts tend to reflect the perceptual processes in-
volved during the experience of the event, while fabricated accounts are 
constructed through cognitive operations, we found genuine memories 
exhibiting higher scores in memory-related words and the number of 
words associated with spatial and temporal information (‘Contextual 
Embedding’), as well as an overall higher RM score. Conversely, we 
found deceptive memories showing higher scores in words related to 
cognitive processes (e.g., reasoning, insight, causation). Furthermore, in 
line with Kleinberg’s truthful concreteness hypothesis (Kleinberg et al., 
2019), truthful memories were overall characterized by words with 
higher scores of concreteness. Along with the VA, truthful memories 
contained more verifiable details, as indicated by the greater number of 
named entities about times and locations (Kleinberg, Mozes, et al., 2018; 
Kleinberg, van der Toolen, et al., 2018). Notably, we found this effect alt-
hough participants lied in a low-stakes scenario. However, deceptive 
memories were unexpectedly characterized by a higher number of self-
references and named entities of ‘People’. This result is in contrast with 
previous literature on the distancing framework (Hauch et al., 2015; 
Newman et al., 2003). One possible explanation of this significant but 
small effect is that liars may try to increase their credibility by fostering 
a sense of social connection.  

Intentions 
Upon examining truthful and deceptive statements of future intentions 
through DeCLaRatiVE stylometry, several linguistic features were 
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found to be significant. Our findings are consistent with previous re-
search claiming that genuine intentions contain more ‘how-utterances’, 
i.e., indicators of careful planning and concrete descriptions of activities. 
In contrast, false intentions are characterized by ‘why-utterances’, i.e., 
explanations and reasons for why someone planned an activity or for 
doing something in a certain way (Kleinberg, van der Toolen, et al., 
2018). Indeed, we found that true intentions were more likely to provide 
concrete and distinct information about the intended action, grounding 
their statements in real-world experiences and providing temporal and 
spatial references. Additionally, true intentions were characterized by a 
more analytical style and a greater presence of numerical entities. In con-
trast, false intentions exhibited a higher number of cognitive words and 
expressions and were temporally oriented toward the present and past. 
Furthermore, we found evidence in line with the claim that liars may 
over-prepare their statements (Kleinberg, van der Toolen, et al., 2018), as 
indicated by higher verbosity. Finally, in contrast with the distancing 
framework (Hauch et al., 2015; Newman et al., 2003), we found a signif-
icantly higher proportion of self-references and mentions of people in 
deceptive statements. However, the effect size for this finding is small. 
As for deceptive memories, one possible interpretation is that liars may 
attempt to appear more credible by creating a sense of social connection. 

4.2 Lie Detection Task 
In order to test the feasibility of fine-tuning a FLAN-T5 model for a lie 
detection task, we developed three scenarios.  
In Scenario 1, we tested whether fine-tuning LLMs can effectively clas-
sify the veracity of short statements based on raw texts with performance 
highly above the chance level (Hypothesis 1a). To this aim, we fine-tuned 
FLAN-T5 in its small version to perform lie detection as a classification 
task. We repeated this procedure for the three datasets (i.e., opinions vs. 
memories vs. intentions). This fine-tuning process yielded promising re-
sults confirming our hypothesis, with an average accuracy of 80.64% 
(SD=2.03) for the Opinion dataset, 76.87% (SD=2.06) for the Memory da-
taset, and 71.46% (SD=3.65) for the Intention dataset.  
In Scenario 2, we tested whether fine-tuning an LLM on deceptive nar-
ratives enables the model to detect new types of deception (Hypothesis 
2). To verify this hypothesis, we fine-tuned FLAN-T5 (small version) on 
two datasets and tested on the third one (e.g., train: opinion + memory; 
test: intention). Our findings show that the model performed at chance 
level in all three combinations of this Scenario, suggesting that there are 
no universal rules the model can learn to distinguish truthful from de-
ceptive statements, enabling a generalization of the task across different 
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contexts. Indeed, as shown in the Descriptive Linguistic Analysis section, 
the three datasets differed significantly in terms of the content and the 
linguistic style by which truthful and deceptive narratives are delivered. 
Therefore, the model struggled to identify a specific pattern of linguistic 
deception and appeared to engage in domain-specific learning, tailoring 
its classification capabilities to that specific domain of deception.  
In Scenario 3, we tested whether fine-tuning an LLM on a multiple-con-
text dataset enables the model to obtain successful predictions on a 
multi-context test set (hypothesis 3). To achieve this aim, we fine-tuned 
and tested FLAN-T5 (small version) with the three aggregated datasets 
(i.e., opinion + memory + intention). The small-sized FLAN-T5 achieved 
an average accuracy of 75.45% (st. dev. ± 1.6). Additionally, the disaggre-
gated performance on individual datasets compared to their counterpart 
in Scenario 1 exhibited solely a small decrease in accuracy (around 1%). 
These findings confirmed our hypothesis, providing evidence of LLMs’ 
ability to generalize when fine-tuned and tested on a multi-context da-
taset, in contrast to previous empirical evidence showing a decline in 
performance in machine learning models on the same scenarios (Her-
nández-Castañeda et al., 2016; Mihalcea & Strapparava, 2009; Pérez-
Rosas & Mihalcea, 2014). 
To test whether the model performance increases when employing 
larger models (Hypothesis 4), we repeated the same experiments in Sce-
narios 1, 2, and 3 with the base version of FLAN-T5. In Scenario 1, we 
found that the base version of FLAN-T5 provided higher accuracy than 
the small version. In Scenario 3, the base version of the model achieved 
an average accuracy of 79.31% (SD=1.3), outperforming the small model 
by approximately four percentage points.  Additionally, this increase in 
the general accuracy did not compromise the performance on any indi-
vidual dataset when compared to what was achieved by the smaller 
model or by the FLAN-T5 base in Scenario 1. In contrast, the base version 
of FLAN-T5 in Scenario 2 still obtained performance around the chance 
level. On one hand, the findings obtained from the base model in Scenar-
ios 1 and 3 confirmed the hypothesis that the model size does influence 
the performance, likely because a bigger model is able to learn a better 
representation of linguistic patterns of genuine and deceptive narratives. 
Specifically, in Scenario 3, the FLAN-T5 base, with its larger size, pos-
sessed the capability to comprehend and integrate the features of the 
three distinct datasets altogether, thereby maintaining consistent perfor-
mance across all individual datasets. In contrast, the smaller FLAN-T5 in 
Scenario 3 seemed to relinquish certain specialized abilities that are ben-
eficial for specific datasets to classify deception across different contexts. 
On the other hand, findings from Scenarios 2 and 3 (with small and base 
FLAN-T5) showed that LLMs, despite having acquired a comprehensive 
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understanding of language patterns, still require exposure to prior ex-
amples to accurately classify deceptive texts within different domains. 
Given the results achieved, we highlight the importance of a diversified 
dataset to achieve a generalized good performance. We also consider 
crucial the balance between the diversity of the dataset and the size of 
the LLM, suggesting that the more diverse the dataset, the larger the 
model required to achieve higher-level accuracy. 
Lastly, to test whether our approach outperforms classical machine 
learning and deep learning approaches in verbal lie detection (Hypothe-
sis 1b), we compared the results obtained from FLAN-T5 in its small and 
base versions with the performance of a simpler baseline of a logistic re-
gressor based on BoW embedding (Lin et al., 2023) and Transformer 
models previously employed in the literature on the Opinion (Capuozzo 
et al., 2020) and Intention datasets (Ilias et al., 2022; Kleinberg & 
Verschuere, 2021). Specifically, when comparing the Memory dataset to 
the logistic regression baseline, there was a 32% increase in performance. 
This improvement might be attributed to the longer and more complex 
nature of the stories in the Memory dataset, which challenges the effec-
tiveness of more straightforward methods like logistic regression based 
on BoW in a lie detection task. In contrast, LLMs already possess a robust 
language representation; thus, fine-tuning LLMs leverages this represen-
tation, tailoring their NLP proficiency specifically for a lie detection task, 
yielding higher accuracy. The performance gained by fine-tuning LLMs 
was less pronounced for the Opinion and Intention datasets. For the 
Opinion dataset, this could be due to the relative ease of classification in 
these datasets, where simpler models can already achieve good perfor-
mance, leaving a smaller margin for improvement. Nonetheless, the dif-
ference between our approach and the baselines is not negligible. In the 
Opinion dataset, we outperformed the literature baseline of a Trans-
former model trained from scratch by 17% accuracy and surpassed our 
logistic regression baseline by six percentage points. For the Intention 
dataset, our approach showed a 5-percentage point improvement over 
the logistic regression baseline and around 1-2% improvement over the 
best literature baseline. Notably, the best literature baseline for the Inten-
tion dataset (averaged accuracy: 70.61 ±2.58 %) used a similar approach 
to ours in terms of the type of model used, involving a Transformer-
based model (BERT + Co-attention), which may explain the narrower 
performance gap.  
Besides the differences in performance, the main advantage of our ap-
proach is its simplicity and flexibility compared to those used in previ-
ous studies (Capuozzo et al., 2020; Ilias et al., 2022; Kleinberg & 
Verschuere, 2021). Fine-tuning an LLM leverages an existing encoding 
procedure of language that effortlessly handles any type of statement, 
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unlike logistic regression based on BoW or training a new Transformer-
based model from scratch. Taking all these aspects together, fine-tuning 
LLMs resulted in being more advantageous in terms of feasibility, flexi-
bility, and performance accuracy. 

4.3 Explainability Analysis 
To improve the explainability of the performance collected, we investi-
gated whether the linguistic style that characterizes truthful and decep-
tive narratives could have a role in the model’s final predictions (Hy-
pothesis 5b).  For this aim, we applied a DeCLaRatiVE stylometric anal-
ysis on statements that were correctly classified and misclassified by the 
top-performing model identified in Scenario 3 (i.e., FLAN-T5 base).  
In the misclassified sample, truthful and deceptive statements did not 
differ significantly for any linguistic feature extracted with the DeCLaR-
atiVE stylometry technique. The only exception was fold 1, which 
showed significant differences in the text’s readability score. No signifi-
cant differences were detected in each fold in linguistic features between 
deceptive statements that were correctly classified as deceptive (True 
Negatives) and truthful statements that were misclassified as deceptive 
(False Negatives), with the exception of Reality Monitoring in folds 6 and 
7 and Contextual Embedding score in fold 7. Finally, truthful statements 
that were correctly classified as truthful (True Positives) and deceptive 
statements that were misclassified as truthful (False Positives) exhibited 
no significant differences, except for the number of syllables and the 
number of words in fold 9.  We argue that the observation of significant 
differences in selected linguistic features across specific folds is more in-
dicative that these findings may not be generalizable and are likely in-
fluenced by the particular fold under analysis. When taken together, 
most of the analyzed folds showed a substantial overlap in linguistic 
style. Consequently, the model might have exhibited poor classification 
performance for those statements because, while deceptive, they showed 
a linguistic style resembling truthful statements and vice versa.  
In contrast, correctly classified statements displayed several significant 
differences between truthful and deceptive statements. Notably, the top 
six linguistic features in Fig. 8 resulted in statistical significance in at least 
6 out of 10 folds. The fact that we found a consistent pattern of linguistic 
features in correctly classified statements but not in misclassified state-
ments provides evidence for our hypothesis, suggesting that the linguis-
tic style of statements does have a role in the model’s final predictions. 
More in detail, the top-six linguistic features depicted in Fig. 8 represent 
a cluster of linguistic cues associated with the CL framework (Vrij et al., 
2015), specifically low-level features related to the length, complexity, 



 

152 

 

and analytical style of the texts that may have enabled the distinction 
between truthful and deceptive statements. The fact that linguistic cues 
of CL survived among the several features available in a mixed dataset 
of utterances reflecting opinions, memories, and intentions raises the 
question of whether CL cues may be more generalizable than other cues 
that are, in contrast, more specific to a particular type of deception.  

4.4 Limitations and future outlooks  
Despite the demonstrated success of our model, three significant limita-
tions impact the ecological validity of our findings and their practical 
application in real-life scenarios. 
The first notable limitation pertains to the narrow focus of our study, 
which concentrated solely on lie detection within three specific contexts: 
personal opinions, autobiographical memories, and future intentions. 
This restricted scope limits the possibility of accurately classifying de-
ceptive texts within different domains. A second limitation is that we ex-
clusively considered datasets developed in experimental setups de-
signed to collect genuine and completely fabricated narratives. How-
ever, individuals frequently employ embedded lies in real-life scenarios, 
in which substantial portions of their narratives are true, rather than fab-
ricating an entirely fictitious story. Finally, the datasets employed in this 
study were collected in experimental low-stakes scenarios where partic-
ipants had low incentives to lie and appear credible. Because of all the 
above issues, the application of our model in real-life contexts may be 
limited, and caution is advised when interpreting the results in such sit-
uations.  
The limitations addressed in this study underscore the need for future 
research to expand the applicability and generalizability of lie-detection 
models for real-life settings. Future works may explore the inclusion of 
new datasets, trying different LLMs (e.g., the most recent GPT-4), differ-
ent sizes (e.g., FLAN-T5 XXL version), and different fine-tuning strate-
gies to investigate the variance in performance within a lie-detection 
task. Furthermore, our fine-tuning approach completely erased the pre-
vious capabilities possessed by the model; therefore, future works 
should also focus on new fine-tuning strategies that do not compromise 
the model’s original capabilities.  

Conclusion 
In the present Chapter, we investigated the efficacy of a Large Language 
Model (LLM), specifically FLAN-T5 in its small and base versions, in 
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learning and generalizing the intrinsic linguistic representation of decep-
tion across three different contexts.  
To this aim, we first tested whether fine-tuning an LLM is a valid proce-
dure to detect deception from raw texts above chance level and outper-
form the classical machine learning and deep learning approaches. We 
found that fine-tuning FLAN-T5 on one context is a valid procedure to 
obtain a state-of-the-art accuracy, as proved by the fact that this proce-
dure outperformed the baseline model (BoW + logistic regression) and 
previous works that applied machine and deep learning techniques on 
the same contexts (Capuozzo et al., 2020; Ilias et al., 2022; Kleinberg & 
Verschuere, 2021; Lin et al., 2023). 
Second, we wanted to investigate whether fine-tuning an LLM on decep-
tive narratives enables the model to also detect new types of deceptive 
narratives. Findings from Scenario 2 disconfirm this hypothesis, suggest-
ing that the model requires previous examples of different deceptive nar-
ratives to provide adequate accuracy in this classification task.  
Third, we investigated whether it is possible to successfully fine-tune an 
LLM on a multiple-context dataset. Results from Scenario 3 confirm that 
a fine-tuned LLM may provide adequate accuracy in detecting deception 
from different contexts. We also found that fine-tuning on multiple da-
tasets can increase the performance with respect to when fine-tuned on 
a single context.  
Furthermore, we hypothesized that the model performance may depend 
on the model size, given that the larger the model, the better the model 
forms its inner representation of language. Results from Scenarios 1 and 
3 confirmed that the base-sized model of FLAN-T5 provides higher ac-
curacy than the small-sized version.  
Finally, with our experiments, we introduced the DeCLaRatiVE stylom-
etry technique, a new theory-based stylometric approach to investigate 
deception in texts from four psychological frameworks in one shot (Dis-
tancing, Cognitive Load, Reality Monitoring, and Verifiability Ap-
proach). We employed the DeCLaRatiVE stylometry technique to com-
pare three datasets on linguistic features, and we found that fabricated 
statements from different contexts exhibit different linguistic cues of de-
ception. We also employed the DeCLaRatiVE stylometry technique to 
conduct an explainability analysis and investigate whether the linguistic 
style by which truthful or deceptive narratives are delivered is a feature 
that the model takes into account for its final prediction. To this aim, we 
compared correctly classified and misclassified statements by the top-
performing model (FLAN-T5 base in Scenario 3), finding that correctly 
classified statements share linguistic features related to the cognitive 
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load theory. In contrast, truthful and deceptive misclassified statements 
do not present significant differences in linguistic style.   
Altogether, the findings in this Chapter, together with findings in Chap-
ter 2, have highlighted the potential of resorting to computational meth-
ods stemming from natural language processing and machine learning 
for the coding of statements and the prediction of verbal deception de-
tection. However, these approaches have been tested so far on fabricated 
statements, which involve producing a completely made-up statement. 
Therefore, in the next chapter (Chapter 4), we will investigate to what 
extent the opportunities highlighted so far also apply to a more nuanced 
and ecological form of deception, also known as embedded lies. 
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Supplementary Materials 
 
Dataset description 
The Deceptive Opinions dataset (Capuozzo et al., 2020) consists of 5000 
opinions about highly controversial issues such as abortion, cannabis le-
galization, gay marriage, euthanasia, and policy on migrants. The da-
taset was collected from two samples in the US and Italy through Ama-
zon Mechanical Turk, and participants were asked to provide both truth-
ful and deceptive opinions in their native language (i.e., English or Ital-
ian). The experimental paradigm employed a ground-truth approach in 
which participants were instructed to provide both truthful and decep-
tive opinions for half of the topics, ensuring counterbalancing of the pro-
portion of truthful and deceptive opinions for each topic. For our study, 
we selected opinions collected from the English (US) sample for a total 
of 2500 opinions from 500 participants.  
The Hippocorpus dataset (Sap et al., 2022) is a collection of stories gath-
ered through three stages on Amazon Mechanical Turk. The first stage 
involved workers writing a story about a memorable event they experi-
enced in the past six months. The second stage involved workers from 
the first stage retelling their stories after 3-6 months. In the third stage, 
new workers were assigned a subset of story topics from the first stage 
and instructed to imagine a complete narrative based on that topic. They 
were then asked to write down the story as if they had personally expe-
rienced it. After writing, workers completed a questionnaire about the 
personal significance of their stories. The dataset contains 6,854 stories: 
2,779 recalled stories, 2,756 imagined stories, and 1,319 retold stories. For 
the aim of this study, we included only recalled and imagined stories. 
Additionally, 11 stories were excluded due to missing data, and 19 sto-
ries containing a number of words below 2.5 standard deviations from 
the average (narratives with fewer than 24.34 words) were removed. We 
considered these stories to have too few words for analysis and indica-
tive of a lack of engagement among the Turkers. Therefore, the final sam-
ple of stories employed for the study was 5,506.  
The Intention dataset (Kleinberg & Verschuere, 2021) is a collection of 
statements about participants’ most significant non-work-related activ-
ity recruited via Prolific Academic. Participants were instructed to pro-
vide convincing answers to two brief questions:  

- Q1. “Please describe your activity as specifically as possible.”; 
- Q2. “Which information can you give us to reassure us that you 

are telling the truth?”  
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The activity described was required to be specific and not a continuous 
or daily activity occurring within the next seven days, with a defined 
start and end time. 
Participants were randomly assigned to either the truthful or deceptive 
condition. In the deceptive condition, participants were assigned 
matched activities from the truthful condition. The dataset contains 1640 
statements (857 deceptive and 783 truthful) with two answers per partic-
ipant. For the aim of this study, we selected only statements from Q1, for 
a total of 1640 statements.  
 
Vocabulary Uniqueness  
Vocabulary uniqueness was computed by applying Jaccard’s index to 
the truthful and deceptive vocabulary sets for each dataset, as in Ríssola 
et al. (2020) and Ilias et al. (2022). Jaccard’s index is a measure of similar-
ity between two sample sets. In the context of text analysis, we used 
Jaccard’s index to compare the vocabulary used in truthful and deceptive 
statements, as in the following equation:  

𝐽	 = 	 (𝑠𝑒𝑡𝑇𝑟𝑢𝑒	 ∩ 𝑠𝑒𝑡𝐹𝑎𝑙𝑠𝑒)	/	(𝑠𝑒𝑡𝑇𝑟𝑢𝑒	 ∪ 	𝑠𝑒𝑡𝐹𝑎𝑙𝑠𝑒)  (1) 
To ensure the accuracy of our Jaccard’s index calculations, we imple-
mented a series of preprocessing steps on the text data using the Python 
library SpaCy. These steps included converting all text to lowercase, ap-
plying tokenization to segment the text into individual words, removing 
stop words, and lemmatizing the remaining words. This preprocessing 
was necessary to focus solely on content words when computing Jac-
card’s index.  
Subsequently, we transformed the preprocessed text samples for each 
group (truthful vs. deceptive) into sets of unique words utilizing the 
split() and explode() methods available in the Pandas library. This ap-
proach allowed us to construct sets comprising all the distinct words pre-
sent in the truthful and deceptive text samples. Jaccard's index was de-
rived by calculating the intersection (common words) and union (total 
words) of these two sets. The resulting index ranges from 0, indicating a 
completely different vocabulary between the two sets, to 1, indicating a 
completely identical vocabulary between the two sets. This index served 
as a measure of similarity or overlap between the word choices of truth-
ful and deceptive statements within the respective datasets. 
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DeCLaRatiVE STYLOMETRY 
Using several Natural Language Processing (NLP) techniques, we com-
puted DeCLaRatiVE stylometry to a) describe linguistic differences in 
truthful and deceptive statements in the three datasets and b) conduct 
explainability analysis by exploring the linguistic style of sentences the 
model correctly classified and misclassified in order to understand 
whether the style of those sentences was a relevant feature for the model 
to generate its predictions. DeCLaRatiVE stylometry consisted of the ex-
traction process of 26 linguistic features among the psychological frame-
works of Distancing (Newman et al., 2003), Cognitive Load (Vrij et al., 
2015), Reality monitoring (Johnson & Raye, 1981), and Verifiability Ap-
proach (Nahari et al., 2012; Vrij & Nahari, 2019). The extraction process 
for each framework is well described in the paragraphs below.  
 
Cognitive Load: 
Previous research has associated statistics about length and readability 
of the text with complexity and has employed them to study deception 
along with the cognitive load framework (see Hauch et al. (2015) for a 
meta-analysis of studies of linguistic cues for deception).  
Using the Python library TEXTSTAT, we automatically computed sev-
eral statistics from raw texts:   

• number of sentences (num_sentences),  
• number of words (num_words),  
• number of syllables (num_syllables),  
• the average number of syllables per word (avg_sylla-

bles_per_word),  
• the Flesch-Kincaid Grade Level (fk_grade), 
• the Flesch Reading-Ease Level (fk_read) 

The Flesch-Kincaid Grade Level and the Flesch Reading-Ease Level were 
used to determine the difficulty of understanding a passage in English. 
Both tests utilize the same basic measures of word length and sentence 
length, but differ in their weighting factors.  
The results of these tests are inversely correlated: a text with a high score 
on the Reading Ease test will typically have a lower score on the Grade-
Level test. Higher scores on the Flesch Reading-Ease test indicate that the 
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material is easier to read, while lower scores indicate more difficult pas-
sages. The Flesch reading-ease7 score is computed as in equation 1): 

1) 206.835	 − 	1.015(𝑡𝑜𝑡𝑎𝑙	𝑤𝑜𝑟𝑑𝑠/𝑡𝑜𝑡𝑎𝑙	𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠) 	−
	84.6(𝑡𝑜𝑡𝑎𝑙	𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠/𝑡𝑜𝑡𝑎𝑙	𝑤𝑜𝑟𝑑𝑠) 

The Flesch-Kincaid Grade Level Formula8 produces a score correspond-
ing to a U.S. grade level, providing an intuitive index of the readability 
level of texts. The index may be interpreted as the years of education 
typically required to understand the text. The grade level is computed as 
in equation 2): 

2) 0.39(𝑡𝑜𝑡𝑎𝑙	𝑤𝑜𝑟𝑑𝑠/𝑡𝑜𝑡𝑎𝑙	𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠) 	+ 	11.8(𝑡𝑜𝑡𝑎𝑙	𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠/
𝑡𝑜𝑡𝑎𝑙	𝑤𝑜𝑟𝑑𝑠) − 15.59 

 
Reality Monitoring and Distancing Framework 
LINGUISTIC INQUIRY AND WORD COUNT (LIWC) 
Linguistic Inquiry and Word Count (LIWC) is the gold standard soft-
ware for analyzing word usage (Boyd et al., 2022). Given a text, it calcu-
lates the percentage of total words corresponding to more than 100 cate-
gories in the dictionary related to different psychosocial dimensions, 
which have been validated by human evaluators using rigorous proce-
dures. A detailed description of LIWC-22 functioning and categories is 
reported in (Tausczik et al., 2010). Using the English dictionary, we 
scored each text along with all the categories present in LIWC-22.  
LIWC scoring was computed on tokenized text using the English dic-
tionary. The selection of the LIWC categories was guided by previous 
research on computerized verbal lie-detection (Newman et al., 2003; Sap 
et al., 2022) and a recent meta-analysis (Hauch et al., 2015). Therefore, we 
employed LIWC to investigate the presence of verbal cues related to the 
Reality Monitoring and Distancing frameworks. Additionally, we com-
puted summary scores about the analytical style, the authenticity, and 
the tone of the text, as well as indices about the writer’s temporal orien-
tation. 

 
7 Flesch, R. How to write plain English. University of Canterbury. Available at 
http://www.mang. canterbury. ac. nz/writing_guide/writing/flesch.shtml. [Retrieved 5 
February 2016]. (1979) 
8 Kincaid, J. P., Fishburne Jr, R. P., Rogers, R. L., & Chissom, B. S. Derivation of new 
readability formulas (automated readability index, fog count and flesch reading ease 
formula) for navy enlisted personnel. Naval Technical Training Command Millington TN 
Research Branch. (1975). 
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The selected and compounded linguistic features of interest are listed 
below:  

● Summary statistics: 
○ ‘Analytic’: It describes the degree to which people use 

words that suggest formal, logical, and hierarchical 
thinking patterns, also known as Analytic Thinking. 
People low in Analytical Thinking tend to write and 
think using more intuitive and personal language. Lan-
guage scoring high in Analytic Thinking tends to be re-
warded in academic settings and correlates with grades 
and reasoning skills. Language scoring low in Analytic 
Thinking tends to be viewed as less cold and rigid and 
more friendly and personable. 

○ ‘Authentic’: It describes the degree to which a person is 
self-monitoring while speaking or writing. Examples of 
texts that score low in authenticity include prepared 
texts (i.e., speeches written ahead of time) and texts 
where a person is being socially cautious. Examples of 
highly authentic texts tend to be spontaneous conversa-
tions between close friends or political leaders with little 
to no social inhibitions. 

○ ‘Tone’: Although LIWC-22 includes both positive and 
negative tone dimensions, the Tone variable puts the 
two dimensions into a single summary variable. The al-
gorithm is built so that the more positive the tone, the 
higher the score. Scores below 50 suggest a more nega-
tive emotional tone. 

● Basic Dictionary: 
○ ‘tone_pos’: provides the percentage score of words re-

lated to a positive sentiment (rather than positive emo-
tion per se). It includes words related to positive emo-
tions (e.g., happy, joy) and words related to those emo-
tions (e.g., birthday, beautiful). 

○ ‘tone_neg’: provides the percentage score of words re-
lated to a negative sentiment (rather than negative emo-
tion per se). It includes words related to negative emo-
tions (e.g., sad, angry) and words related to those (e.g., 
kill, funeral). 

○ ‘Cognition’:  It is the overarching dimension that re-
flects different ways people think or refer to their think-
ing. It includes the subcategories of all-or-none thinking, 
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different cognitive processes (i.e., insight, causation, dis-
crepancy, tentative, certitude, differentiation), and 
memory.  

■ ‘memory’: (e.g., remember, forget) reflects peo-
ple’s references and attention to their memories, 
beliefs about memory, and the processes of re-
call and forgetting. 

● Writer’s temporal orientation: 
○ ‘focuspast’: refers to the use of past tense verbs and ad-

verbs related to the past in language.  
○ ‘focuspresent’: refers to the use of present tense verbs 

and adverbs related to the present in language. 
○ ‘focusfuture’: refers to the use of future tense verbs and 

adverbs related to the future in language. 
The following scores were computed by feature-engineering the availa-
ble LIWC features according to theories on lie detection: 

● To investigate the use of personal pronouns along with the Dis-
tancing framework, we computed two metrics (Newman et al., 
2003):  

○ Self-reference: computed as the sum of LIWC catego-
ries: ‘i’ + ‘we.’ 

○ Other-reference: computed as the sum of LIWC catego-
ries: ‘shehe’ + ‘they’ + ‘you.’ 

● To investigate the Reality Monitoring framework, we com-
puted the following metrics below, following the same proce-
dure as in Bond et al. (2017), Bond & Lee (2005), Kleinberg et al. 
(2017): 

○ Contextual Embedding: computed as the sum of LIWC 
categories: ‘space’ + ‘motion’ + ‘time.’ 

○ Perceptual Details: computed as the sum of LIWC cate-
gories: ‘attention’ + ‘visual’ + ‘auditory’ + ‘feeling.’ 

○ Reality Monitoring:  computed as the sum of LIWC cat-
egories: Contextual Embedding + Perceptual Details + 
‘Affect’ - ‘Cognition.’  

CONCRETENESS SCORE  
Another way to investigate the assumption of Reality Monitoring is 
through the linguistic concreteness of words used in truthful and decep-
tive texts. Kleinberg et al. (2019) have already investigated the concrete-
ness of words in the framework of lie detection, postulating the truthful 
concreteness hypothesis, which states that truthful accounts are typically 
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characterized by specific, concrete, and situationally embedded infor-
mation, while deceptive and fabricated statements tend to contain more 
abstract and less concrete information.  
To determine the average level of concreteness for each statement, we 
utilized the concreteness annotation dataset developed by Brysbaert et 
al. (2014) (download is available in the Supplementary Materials here: 
https://link.springer.com/article/10.3758/s13428-013-0403-5#Sec10). 
This dataset involved around 40.000 English word lemmas, which were 
scored by a large group of human annotators using a five-point Likert 
scale, ranging from 1 (abstract) to 5 (concrete).  
As for the computation of the Jaccard’s index, we implemented a series 
of preprocessing steps on the text data using the Python library SpaCy 
to ensure the accuracy of our concreteness score calculation. These steps 
included converting all text to lowercase, applying tokenization to seg-
ment the text into individual words, removing stop words, and lemma-
tizing the remaining words. This process resulted in a list of lemmatized 
content words. Lemmatization was a necessary step to ensure a con-
sistent overlap between our list of content words and those in the anno-
tated concreteness dataset.  
To compute the average concreteness score for each text, we cross-refer-
enced the content words with the annotated concreteness dataset, assign-
ing the respective concreteness scores when a match was found. Finally, 
we computed our dependent variable ‘concr_score’ by averaging the 
concreteness scores of all content words in the list. Higher values of the 
‘concr_score’ indicated a greater degree of concreteness in the language 
employed within the statements. 
 
Verifiability Approach 
The verifiability approach in verbal lie detection suggests that truthful 
statements are more likely to be verifiable than false or deceptive state-
ments, as liars avoid mentioning details that could be verified with inde-
pendent evidence to conceal their deception (Nahari et al., 2012; Vrij & 
Nahari, 2019). Verifiable details may be represented by activities involv-
ing or witnessed by identified individuals, documented through video 
or photographic evidence, or leaving digital or physical traces (e.g., 
phone calls or receipts) (Nahari et al., 2012; Vrij & Nahari, 2019).  
Automatically extracting verifiable details by using named-entity 
recognition (NER) has been proven to be effective for the detection of 
deception in hotel reviews (Kleinberg, van der Toolen, et al., 2018) as 
well as in participants’ intentions on their weekend plans. 

https://link.springer.com/article/10.3758/s13428-013-0403-5#Sec10
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Named Entity Recognition (NER) is a Natural Language Processing 
(NLP) technique that deals with identifying and extracting information 
from text (so-called named entities) and classifying them into predefined 
categories, such as persons, locations, organizations, time, and many 
more. Using SpaCy, a Python library for NLP, we automatically ex-
tracted unique named entities from each raw statement through a Trans-
former algorithm for the English language (en_core_web_trf, 
https://spacy.io/models/en#en_core_web_trf ). Table S3 shows the list 
of all entities available in SpaCy with their descriptions and some exam-
ples.  
TABLE S3. List of the labels, brief descriptions, and a few examples of the ex-
tracted named-entities with the Python library SpaCy.  
 

Entity Description Example 
DATE  Absolute or relative dates or 

periods 
“December 25, 2022”, “10th Au-
gust 1998”, “Yesterday” 

TIME  Times smaller than a day “2:30 PM”, “9 o’clock”, “morn-
ing” 

GPE  Countries, cities, states “United States”, “Paris”, “To-
kyo” 

LOC Non-GPE locations, mountain 
ranges, bodies of water 

“Central Park”, “Mount Ever-
est”, “Amazon Rainforest” 

PERSON People, including fictional “Steve Jobs”, “Emma Johnson”, 

“Harry Potter” 

ORDINAL “first”, “second”, etc. “First”, “Third”, “Tenth” 

ORG  Companies, agencies, institu-
tions, etc. 

“Google”, “Apple Inc.”, “United 
Nations” 

QUANTITY Measurements, as of weight 
or distance 

“10 kilograms”, “5 liters”, “100 
meters” 

WORK_OF_ART
  

Titles of books, songs, etc. “Mona Lisa”, “Hamlet”, “Gone 
with the Wind” 

PRODUCT
  

Objects, vehicles, foods, etc. 
(not services) 

“iPhone”, “Coca-Cola”, “Nike 
shoes” 

CARDINAL Numerals that do not fall un-
der another type 

“Five”, “Twenty”, “One hun-
dred” 

NORP Nationalities or religious or 
political groups 

“American”, “Muslim”, “Re-
publican” 

MONEY  Monetary values, including 
unit 

“$10”, “€50”, “¥1000” 

LANGUAGE Any named language “English”, “Spanish”, “French” 

https://spacy.io/models/en#en_core_web_trf
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Entity Description Example 
FAC Buildings, airports, highways, 

bridges, etc. 
“Eiffel Tower”, “White House”, 
“Golden Gate Bridge” 

EVENT Named hurricanes, battles, 
wars, sports events, etc. 

“Olympic Games”, “Wedding 
ceremony”, “Concert” 

PERCENT Percentage, including “%” “50%”, “10.5%”, “75.2%” 

LAW Named documents made into 
laws. 

“Constitution”, “Copyright 
Act”, “Traffic laws” 

 
Table S4 shows the list of the combined entities along with the Verifia-
bility approach. 
TABLE S4. New linguistic features derived after grouping named entities. 
 

Label Grouped Entities 

People PERSON 

Temporal details DATE + TIME + EVENT 

Spatial details GPE + LOC + FAC 

Quantity details PERCENT + MONEY + QUANTITY + CARDINAL + ORDINAL 

The example depicted in Figure S1 is a common way to represent text 
with annotated named-entities. 
FIGURE S1.  Narrative of an autobiographical event annotated with named en-
tities using Named-Entities Recognition in SpaCy.  

 
Note. In this narrative, entities related to named people (e.g., Lynn and Eric), location (e.g., 
Acadia National Park), dates (e.g., this day, three months ago), and times (e.g.,  moments 
later, morning) were automatically detected.     
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Descriptive Linguistic Analysis  
In Table S5, we provided the results of the descriptive linguistic analysis 
conducted on the three datasets using the DeCLaRatiVE stylometry.  
TABLE S5. Linguistic differences in the DeCLaRatiVE features between truthful 
and deceptive statements for each dataset.   
 

Linguistic  
Feature 

Dataset Permu-
tation t-
statistic 

Cor-
rected 
p-value 

CLES 

(95 % CI) 
Cohen’s d 

(95% CI) 
Direction 

num_sentences 

 

 

Opinion 0.264 0.006** 0.57  
(0.55, 0.59) 

0.19 
(0.1, 0.28) 

Truthful 

Memory 0.138 0.365 0.52  
(0.5, 0.53) 

0.04  
(-0.02, 0.09) 

Truthful 

Inten-
tion 

-0.092 1 0.47  
(0.44, 0.5) 

-0.06  
(-0.15, 0.04) 

Deceptive 

word_counts Opinion 15.508 0.005** 0.68  
(0.66, 0.7) 

0.57  
(0.48, 0.67) 

Truthful 

Memory 29.268 0.005** 0.6  
(0.59, 0.62) 

0.32  
(0.27, 0.37) 

Truthful 

Inten-
tion 

-6.509 0.005** 0.43  
(0.4, 0.46) 

-0.22  
(-0.31, -0.12) 

Deceptive 

num_syllables Opinion 23.182 0.005** 0.68  
(0.66, 0.7) 

0.61  
(0.51, 0.7) 

Truthful 

Memory 41.277 0.005** 0.61  
(0.6, 0.62) 

0.35  
(0.3, 0.41) 

Truthful 

Inten-
tion 

-7.5 0.005** 0.44  
(0.41, 0.47) 

-0.20  
(-0.3, -0.1) 

Deceptive 

avg_ 
syllabes_ 
per_word 

Opinion 0.027 0.005** 0.58  
(0.55, 0.6) 

0.27  
(0.18, 0.36) 

Truthful 

Memory 0.015 0.005** 0.56  
(0.54, 0.57) 

0.21  
(0.16, 0.27) 

Truthful 

Inten-
tion 

0.003 1 0.50  
(0.47, 0.53) 

0.03  
(-0.07, 0.13) 

Truthful 

fk_grade 

 

Opinion 1.395 0.005** 0.67  
(0.65, 0.69) 

0.56  
(0.47, 0.66) 

Truthful 

Memory 0.863 0.005** 0.63  
(0.61, 0.64) 

0.46  
(0.4, 0.51) 

Truthful 

Inten-
tion 

-0.465 0.094 0.46  
(0.43, 0.49) 

-0.13  
(-0.23, -0.03) 

Deceptive 

fk_read Opinion -5.095 0.005** 0.37  
(0.34, 0.39) 

-0.48  
(-0.57, -0.39) 

Deceptive 

Memory -3.133 0.005** 0.39  
(0.37, 0.4) 

-0.39  
(-0.45, -0.34) 

Deceptive 

Inten-
tion 

0.984 1 0.52  
(0.49, 0.55) 

0.08  
(-0.02, 0.17) 

Truthful 
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Linguistic  
Feature 

Dataset Permu-
tation t-
statistic 

Cor-
rected 
p-value 

CLES 

(95 % CI) 
Cohen’s d 

(95% CI) 
Direction 

Analytic Opinion 0.624 0.623 0.50  
(0.47, 0.53) 

0.03  
(-0.06, 0.12) 

Truthful 

Memory 5.139 0.005** 0.57  
(0.55, 0.58) 

0.23  
(0.18, 0.29) 

Truthful 

Inten-
tion 

5.859 0.005** 0.57  
(0.54, 0.59) 

0.21  
(0.12, 0.31) 

Truthful 

Authentic Opinion 14.984 0.005** 0.69  
(0.67, 0.72) 

0.70  
(0.6, 0.8) 

Truthful 

Memory 0.605 0.415 0.5  
(0.49, 0.52) 

0.02  
(-0.03, 0.07) 

Truthful 

Inten-
tion 

3.329 0.449 0.54  
(0.51, 0.56) 

0.10  
(0.01, 0.2) 

Truthful 

Tone Opinion 8.191 0.005** 0.63  
(0.59, 0.66) 

0.41  
(0.32, 0.51) 

Truthful 

Memory -2.545 0.015* 0.48  
(0.46, 0.49) 

-0.08  
(-0.13, -0.03) 

Deceptive 

Inten-
tion 

-4.505 0.073 0.47  
(0.44, 0.49) 

-0.14  
(-0.24, -0.05) 

Deceptive 

tone_pos Opinion 0.633 0.005** 0.62  
(0.58, 0.65) 

0.37  
(0.28, 0.46) 

Truthful 

Memory -0.334 0.005** 0.45  
(0.44, 0.47) 

-0.16  
(-0.21, -0.1) 

Deceptive 

Inten-
tion 

-0.307 0.664 0.46  
(0.44, 0.49) 

-0.09  
(-0.19, 0.01) 

Deceptive 

tone_neg Opinion -1.138 0.005** 0.38  
(0.34, 0.41) 

-0.42  
(-0.51, -0.33) 

Deceptive 

Memory -0.1 0.029* 0.48  
(0.47, 0.49) 

-0.08  
(-0.13, -0.02) 

Deceptive 

Inten-
tion 

-0.01 1 0.48  
(0.47, 0.5) 

-0.01  
(-0.11, 0.09) 

Deceptive 

Cognition Opinion 1.201 0.005** 0.59  
(0.55, 0.62) 

0.26  
(0.17, 0.35) 

Truthful 

Memory -0.991 0.005** 0.43  
(0.41, 0.44) 

-0.27  
(-0.32, -0.22) 

Deceptive 

Inten-
tion 

-1.175 0.005** 0.42  
(0.39, 0.45) 

-0.25  
(-0.35, -0.16) 

Deceptive 

memory Opinion -0.003 0.595 0.50  
(0.49, 0.51) 

-0.03  
(-0.12, 0.05) 

Deceptive 

Memory 0.054 0.005** 0.54  
(0.53, 0.55) 

0.12  
(0.07, 0.17) 

Truthful 

Inten-
tion 

-0.013 1 0.50  
(0.49, 0.5) 

-0.05  
(-0.15, 0.05) 

Deceptive 
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Linguistic  
Feature 

Dataset Permu-
tation t-
statistic 

Cor-
rected 
p-value 

CLES 

(95 % CI) 
Cohen’s d 

(95% CI) 
Direction 

focuspast Opinion 0.23 0.048* 0.56  
(0.52, 0.59) 

0.18  
(0.09, 0.27) 

Truthful 

Memory 0.213 0.064 0.51  
(0.5, 0.53) 

0.07  
(0.01, 0.12) 

Truthful 

Inten-
tion 

-0.835 0.005** 0.40  
(0.38, 0.43) 

-0.36  
(-0.46, -0.26) 

Deceptive 

focuspresent 

 

Opinion -0.489 0.029* 0.45  
(0.42, 0.48) 

-0.20  
(-0.29, -0.11) 

Deceptive 

Memory -0.226 0.005** 0.46  
(0.45, 0.48) 

-0.13  
(-0.18, -0.08) 

Deceptive 

Inten-
tion 

-0.605 0.005** 0.44  
(0.41, 0.46) 

-0.20 (-0.3, -
0.1) 

Deceptive 

focusfuture 

 

Opinion -0.264 0.008** 0.46  
(0.43, 0.49) 

-0.21  
(-0.3, -0.12) 

Deceptive 

Memory -0.228 0.005** 0.45  
(0.44, 0.47) 

-0.2  
(-0.25, -0.14) 

Deceptive 

Inten-
tion 

0.107 1 0.51  
(0.48, 0.54) 

0.03  
(-0.07, 0.12) 

Truthful 

Self-reference 

 

 

Opinion 1.052 0.005** 0.62  
(0.59, 0.65) 

0.41  
(0.32, 0.5) 

Truthful 

Memory -0.536 0.005** 0.44 
(0.43, 0.46) 

-0.18  
(-0.23, -0.13) 

Deceptive 

Inten-
tion 

-0.572 0.039* 0.45  
(0.42, 0.48) 

-0.15  
(-0.25, -0.05) 

Deceptive 

Other-reference 

 

Opinion -0.654 0.005** 0.43  
(0.39, 0.46) 

-0.29  
(-0.38, -0.2) 

Deceptive 

Memory -0.128 0.342 0.49  
(0.47, 0.5) 

-0.04  
(-0.1, 0.01) 

Deceptive 

Inten-
tion 

-0.42 0.048* 0.45  
(0.43, 0.48) 

-0.14  
(-0.24, -0.05) 

Deceptive 

Perceptual de-
tails 

 

Opinion 0.469 0.005** 0.65  
(0.62, 0.69) 

0.45  
(0.36, 0.54) 

Truthful 

Memory -0.089 0.083 0.48  
(0.47, 0.5) 

-0.06  
(-0.11, -0.01) 

Deceptive 

Inten-
tion 

-0.203 1 0.46  
(0.44, 0.49) 

-0.07  
(-0.17, -0.03) 

Deceptive 

Contextual Em-
bedding 

 

Opinion -0.736 0.007** 0.44  
(0.4, 0.47) 

-0.22  
(-0.31, -0.13) 

Deceptive 

Memory 0.729 0.005** 0.55  
(0.54, 0.57) 

0.19  
(0.14, 0.24) 

Truthful 

Inten-
tion 

1.84 0.005** 0.56  
(0.54, 0.59) 

0.24  
(0.15, 0.34) 

Truthful 
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Linguistic  
Feature 

Dataset Permu-
tation t-
statistic 

Cor-
rected 
p-value 

CLES 

(95 % CI) 
Cohen’s d 

(95% CI) 
Direction 

Reality Moni-
toring 

 

Opinion -1.994 0.005** 0.42  
(0.38, 0.45) 

-0.27  
(-0.36, -0.18) 

Deceptive 

Memory 1.217 0.005** 0.55  
(0.54, 0.57) 

0.2  
(0.14, 0.25) 

Truthful 

Inten-
tion 

2.474 0.005** 0.58  
(0.55, 0.6) 

0.26  
(0.17, 0.36) 

Truthful 

Concreteness 
score 

 

Opinion -0.112 0.005** 0.32  
(0.29, 0.35) 

-0.60  
(-0.69, -0.5) 

Deceptive 

Memory 0.037 0.005** 0.54  
(0.53, 0.56) 

0.17  
(0.11, 0.22) 

Truthful 

Inten-
tion 

0.125 0.005** 0.61  
(0.59, 0.64) 

0.39  
(0.29, 0.49) 

Truthful 

People 

 

Opinion -0.038 0.111 0.49  
(0.48, 0.51) 

-0.10  
(-0.19, -0.01) 

Deceptive 

Memory -0.001 0.005** 0.45  
(0.44, 0.46) 

-0.23  
(-0.28, -0.17) 

Deceptive 

Inten-
tion 

-0.335 0.005** 0.45  
(0.43, 0.47) 

-0.24  
(-0.34, -0.14) 

Deceptive 

Temporal de-
tails 

 

Opinion 0.011 0.663 0.52  
(0.5, 0.55) 

0.03 
(-0.06, 0.12) 

Truthful 

Memory 0.002 0.005** 0.56  
(0.54, 0.57) 

0.2 
(0.15, 0.25) 

Truthful 

Inten-
tion 

0.105 1 0.50  
(0.47, 0.53) 

0.03 
(-0.06, 0.13) 

Truthful 

Spatial details 

 

Opinion 0.003 0.934 0.51  
(0.49, 0.54) 

0.01 
(-0.08, 0.09) 

Truthful 

Memory 0.001 0.005** 0.53  
(0.51, 0.54) 

0.09  
(0.04, 0.15) 

Truthful 

Inten-
tion 

-0.096 1 0.47  
(0.45, 0.49) 

-0.05  
(-0.15, 0.04) 

Deceptive 

Quantity  

details 

Opinion 0.022 0.448 0.52  
(0.5, 0.55) 

0.05  
(-0.04, 0.14) 

Truthful 

Memory 0.002 0.005** 0.58  

(0.56, 0.59) 

0.29  
(0.23, 0.34) 

Truthful 

Inten-
tion 

0.352 0.005** 0.53  
(0.51, 0.55) 

0.22  
(0.12, 0.31) 

Truthful 

Note. The table reports the descriptive linguistic analysis from the DeCLaRatiVE stylome-
try for each dataset (Opinion, Memory, Intention), statistic of the permutation t-test, p-val-
ues after Holm-Bonferroni correction (* p < .05, ** p < .01, *** p < .001), effect size (Common 
language effect size and Cohen’s d) with 95 % confidence intervals, and direction of the 
effect (truthful vs. deceptive).  
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Chapter 4 
 
When lies are mostly truth-
ful: examining embedded 
lies through computational 
text analysis 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter is based on: Loconte, R., & Kleinberg, B. (2025). Examining 
embedded lies through computational text analysis. Scientific Re-
ports, 15(1), 26482. https://doi.org/10.1038/s41598-025-11327-w   

https://doi.org/10.1038/s41598-025-11327-w
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Abstract  
Verbal deception detection research relies on narratives and commonly 
assumes statements as truthful or deceptive. A more realistic perspective 
acknowledges that the veracity of statements exists on a continuum, with 
truthful and deceptive parts being embedded within the same statement. 
However, research on embedded lies has been lagging behind. We col-
lected a novel dataset of 2,088 truthful and deceptive statements with 
annotated embedded lies. Using a counterbalanced within-subjects de-
sign, participants provided two versions of an autobiographical event. 
One was described truthfully, and the other one deceptively by includ-
ing embedded lies. Participants later highlighted those embedded lies 
and judged them on lie centrality, deceptiveness, and source. We show 
that a fine-tuned language model (Llama-3-8B) can classify truthful state-
ments and those containing embedded lies significantly above the 
chance level (64% accuracy). Individual differences, linguistic properties, 
and explainability analysis suggest that the challenge of moving the dial 
towards embedded lies stems from their resemblance to truthful state-
ments. Typical deceptive statements consisted of 2/3 truthful infor-
mation and 1/3 embedded lies, largely derived from past personal expe-
riences and with minimal linguistic differences from their truthful coun-
terparts. We present this dataset as a novel resource to address this chal-
lenge and foster research on embedded lies in verbal deception detec-
tion.  
Keywords: Deception, Embedded Lies, Lying Profile, Natural Language Pro-
cessing, Individual Differences.   
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1. Introduction 
Everyone engages in some form of deception daily (Verigin et al., 2019). 
Rather than fabricating entirely false accounts, however, most individu-
als tend to combine elements of truth with elements of falsehood (Mar-
kowitz, 2024). This deception strategy is known as the embedding of lies. 
Embedded lies present a distinctive challenge in deception research and 
remain a largely under-investigated phenomenon.  

1.1 Verbal deception detection 
Research on verbal deception detection has often been focused on meth-
ods using manual coding, which involve training human judges to eval-
uate statements based on predefined verbal cues. One of the most com-
mon and widely applied techniques in real-world settings is the Criteria-
Based Content Analysis (CBCA, Amado et al., 2016). CBCA was origi-
nally developed to evaluate children's testimonies on alleged sexual 
abuse cases and is now used to assess the credibility of testimonies in 
legal contexts. CBCA requires a human to identify and score a narrative 
on specific verbal cues, such as the amount of detail, unexpected compli-
cations, or spontaneous corrections, that truth-tellers are more likely to 
exhibit than deceivers. Another widely investigated technique in re-
search is Reality Monitoring (RM, Johnson & Raye, 1981; Sporer, 2004), 
which distinguishes between truth and lies by focusing on the richness 
of sensory and contextual details provided by the speaker. Truth-tellers 
are thought to provide more vivid and detailed sensory information than 
deceivers, who typically rely on fabricated or imagined events. Building 
on the RM, the Verifiability Approach (VA, Nahari et al., 2012) capital-
ises on the tendency of truth-tellers to provide more verifiable details 
compared to lie-tellers, who avoid that because it could expose their de-
ceit. While these methods have promise (Amado et al., 2016; Gancedo et 
al., 2021; Palena et al., 2021; Verschuere et al., 2021), they are more time-
consuming and reliant on the expertise of practitioners than automated 
procedures with computational models, limiting their scalability (Fitz-
patrick et al., 2015). 

1.2 Computer-automated verbal deception detection 
Recent advances in Natural Language Processing (NLP), often combined 
with methods from machine learning (ML), have introduced automated 
methods for detecting deception, enhancing both scalability and objec-
tivity. NLP techniques allow the representation of textual data in a nu-
merical vector form, with different levels of granularity.  For instance, 
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the Linguistic Inquiry and Word Count (LIWC, Boyd et al., 2022)  com-
putes the frequency of words that pertain to psychological, social, and 
emotional dimensions (e.g., cognitive words, affective words, social 
words, etc); part-of-speech (POS) tagging informs on the shallow syntac-
tic text structure by automatically assigning grammatical categories (e.g., 
nouns, verbs, pronouns) to words; named-entity recognition (NER) iden-
tifies and labels proper nouns and piece of information into predefined 
broader categories (i.e., 25.12.2024 into DATES, Central Park into LOCA-
TIONS, Google into ORGANIZATIONS); n-gram models represents the 
text into frequency patterns of tokens; and embeddings use a vectorial 
numerical representation of words or statements that preserves the se-
mantic and contextual relationship, allowing similar items to have closer 
representations in a multi-dimensional space.  
Early approaches in computer-automated verbal deception detection 
(e.g., Hauch et al., 2015; Kleinberg et al., 2017; Mihalcea & Strapparava, 
2009; Ott et al., 2011) first extract information from textual data and then 
use supervised machine learning to train models that use these extracted 
variables to derive a truthfulness judgment (see Constancio et al., 2023; 
Fitzpatrick et al., 2015; Hauch et al., 2015) for an extensive overview on 
the topic).  For example, a previous study detected deceptive opinions 
by training a naïve Bayes and a support vector machine classifier on n-
grams reaching 70.8% and 70.1% accuracy (Mihalcea & Strapparava, 
2009). Likewise, another study detected deceptive opinions after training 
a support vector machine classifier on a combination of n-grams and 
LIWC features, reaching 89.8% accuracy (Ott et al., 2011). Finally, other 
scholars extracted the proportion of unique named-entities and found a 
significant discriminative power of 0.67 and 0.65 in detecting positive 
and negative deceptive hotel reviews, respectively (Kleinberg et al., 
2017).  
In contrast, more recent approaches go beyond feature extraction and 
use recent advances with Transformer-based models (Vaswani et al., 
2017) that already incorporate a semantic representation of texts. For ex-
ample, a previous study employed a Bidirectional Encoder Representa-
tions for Transformers (BERT,(Devlin et al., 2018) to incorporate contex-
tual embeddings with attention-based mechanisms and detected decep-
tive utterances in a dataset of transcripts of criminal proceedings hear-
ings, reaching 71.61% accuracy (DeCour, Fornaciari & Poesio, 2012). An-
other study fine-tuned a large language model (i.e., FLAN-T5, (Chung et 
al., 2022) to classify deceptive statements in three datasets encompassing 
personal opinions, autobiographical events, and future intentions, reach-
ing 79.31% accuracy (Loconte et al., 2023). 
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This increasing sophistication of NLP techniques paves the way for fu-
ture research to further refine methods and address more complex chal-
lenges in automated deception detection, such as the detection of embed-
ded lies. 

1.3 Embedded deception 
The concept of embedded lies emerged when researchers started to ask 
lie-tellers about their lying strategies. Across a range of different contexts 
and studies, lie-tellers were found to frequently draw on past experi-
ences to make their lies more believable (Bell & DePaulo, 1996; DePaulo 
et al., 2003; Hartwig et al., 2007; Leins et al., 2017; Wang et al., 2004). For 
instance, in two studies, 67% and 86% of liars, respectively, chose to con-
struct their deceptive statements by incorporating elements of previ-
ously experienced events (Leins et al., 2013). Similarly, in another re-
search, over 20% of deceptive statements consisted of truthful infor-
mation (Nahari et al., 2012).  
Despite being widely acknowledged within the field of deception detec-
tion, only a limited number of studies have directed their attention to-
wards the phenomenon of embedded lies. Most research has focused on 
fabrication, conceptualising fabricated stories as entirely false and result-
ing in a dichotomous view of deception as either completely deceptive 
or not deceptive at all. A study typical of this perspective research re-
quires a between-subjects design where participants engage in or view a 
mock crime event and are then allocated to one of two conditions: truth-
tellers, in which they recollect exactly what they watched or experienced, 
and lie-tellers, in which they fabricate the event. For example, in a previ-
ous study, truth-tellers played a game during a staged event with a con-
federate, while lie-tellers, who did not participate in the event, were in-
structed to steal £10 from a wallet and then fabricated their involvement 
in the staged activities during a subsequent interview (Vrij et al., 2008). 
In other experiments, researchers implemented a matched-pairs design 
to match participants with the specific content of false statements (Klein-
berg & Verschuere, 2021; Monaro et al., 2022; Sap et al., 2022). For exam-
ple, participants in the honest condition were asked to tell the researcher 
about their past holidays, whereas, in the deceptive condition, partici-
pants were instructed to pretend to have experienced that same holiday 
(Monaro et al., 2022). 
However, a more nuanced and realistic perspective acknowledges that a 
deceptive statement exists on a continuum where truthful and deceptive 
parts are embedded within the same statement (see Fig. 1). We, hence, 
adopted this framework in this Chapter to address the challenge of mov-
ing the dial towards embedded lies.  
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FIGURE 1 Graphical representation of the deception continuum frame-
work.(Monaro et al., 2022) 

 
Note. Deception is embedded into truthful statements in a continuous range from 0% (= no 
lies are present) to 100% (= the whole statement is made up). Levels in between represent 
various degrees of deception in the form of embedded lies.  

1.4 Detecting embedded lies 
While embedded deception has been acknowledged as a problem by 
many (Bell & DePaulo, 1996; DePaulo et al., 2003; Hartwig et al., 2007; 
Leins et al., 2013, 2017; Nahari et al., 2012; Wang et al., 2004), only a few 
studies reported on the nature and detection of embedded lies.  
Using manual coding methods, two studies investigated embedded lies 
as fabricated statements contained within otherwise truthful statements 
(Verigin, Meijer, & Vrij, 2020; Verigin, Meijer, Vrij, et al., 2020). The first 
found that lies embedded in a fabricated statement were not qualita-
tively different from lies embedded in an otherwise truthful statement, 
suggesting that verbal credibility assessment tools may be robust against 
the embedding of lies. The second was a follow-up study employing the 
within-statement baseline comparison (Vrij, 2016), which is a strategy 
based on the idea that deception can be better detected if compared with 
a truthful baseline. However, the results showed that this strategy was 
not effective in improving the deception detection rate. 
Another work investigated embedded lies to test whether specific man-
ually annotated verbal cues, such as complications, common knowledge 
details, and self-handicapping strategies, varied across different 
amounts of lying in statements (Caso et al., 2023). The study found only 
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a significant difference in the number of complications, with a larger dif-
ference between truthful and outright deceptive statements compared to 
truthful and embedded lies.   
Another work challenged the dichotomy between bald-faced lies and 
bald-faced truths (Markowitz, 2024). It was hypothesized that both truth-
ful and deceptive narratives draw from a common pool of information 
so that lies and truths are not mutually exclusive but rather coexist 
within the same accounts. In this study, participants were randomly al-
located to the truthful or deceptive condition and were tasked with writ-
ing opinions about their friends. They were then instructed to indicate 
within their statements the specific parts that were deceptive and those 
that were truthful. The results suggested that truthful narratives inher-
ently include a certain proportion of embedded lies (37.06% of embed-
ded lies in deceptive texts compared to 29.21% in truthful texts). While 
deceptive narratives contained a significantly higher rate of fabrications 
than truthful narratives, it is noteworthy that even the latter was aplenty 
with fabrications. 
The few studies to date have not yet addressed two important challenges 
in lie detection research. Firstly, measuring embedded lies is inherently 
complex, with few studies employing within-subjects designs that con-
trol for individual differences and statement topics. Secondly, the lack of 
granular analytical methods hampered the detection of embedded lies, 
which are harder to identify than general deception. These methodolog-
ical limitations have hindered the exploration of embedded lies, leaving 
them underrepresented in the literature despite their significance. Addi-
tionally, previous scholars have mentioned the importance of individual 
differences (e.g., demographic factors, personality traits, cognitive styles, 
and emotional states) in engaging in deceptive behaviour and in the type 
and dynamic of the deception involved (Halevy et al., 2014; C. L. Hart et 
al., 2020; Jones & Paulhus, 2017; Kashy & DePaulo, 1996; Levine et al., 
2013; Serota et al., 2010; Serota & Levine, 2015; Weiss & Feldman, 2006); 
for a recent and complete review, see (Semrad et al., 2019). In the context 
of embedded lies, only one study explored whether and how personality 
(i.e., dark triad traits, Paulhus & Williams, 2002) and demographic fac-
tors (i.e., age, gender, ethnicity, and political ideology) influence this spe-
cific form of deception (Markowitz, 2024). However, no significant dif-
ferences emerged from this specific study. Hence, with respect to indi-
vidual differences, embedded lies represent an even more unexplored 
phenomenon. We, therefore, aim to connect these two streams of re-
search in this Chapter by also promoting the investigation of individual 
differences in embedded lies.   
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1.5 The current study  
This Chapter aims to help bridge the gap between deception practice and 
research by focusing explicitly on embedded lies. Prior work has usually 
employed between-subject or matched-pairs designs to study deception 
intended as fully fabricated accounts. Further, the majority of deception 
work relies on relatively small datasets (Kleinberg et al., 2019) and man-
ual procedures (e.g., Vrij et al., 2022). Embedded lies also need further 
investigation in terms of individual differences, with only one study fo-
cusing on demographic and individual traits affecting embedded decep-
tion (Markowitz, 2024). We seek to address these limitations. First, we 
present a new dataset of embedded lies collected in a within-subjects ex-
perimental design that is sufficiently large to conduct meaningful com-
putational analysis, including predictive modelling. Second, we enrich 
the scope of the dataset beyond the narratives and provide data at the 
individual level, allowing for analyses of individual differences in verbal 
deception behaviour. Third, we utilize automated approaches to retrieve 
variables from the narrative data using NLP methods and further resort 
to supervised machine learning to train models in detecting embedded 
deception.  

2. Materials and Method 

2.1 Participants 

We recruited a total of 1058 participants9 fluent in English from the gen-
eral population through the online participant pool Prolific. Each partic-
ipant provided informed consent before taking part in the Qualtrics-ad-
ministered experimental task. Participation in the study was reimbursed 
2$ upon experiment completion. Eight participants who did not follow 
the instructions (i.e., repeated the same phrase in multiple boxes) or pro-
vided non-sensical completions to the open-answer fields (e.g., writing 
random characters to fill the box) were removed for analysis. Eight par-
ticipants from the subset of participants that freely recall a memorable 
event (after selecting the option “None of them”) were removed because 
provided a title story that was too long (i.e., with a number of words 

 

9 An a priori power analysis for a small effect with a power of 0.90 (Cohen’s d=0.20, α=.05, 
two-tailed) resulted in a sample size of 265 participants. Since we aimed to present a dataset 
adequate for computational analyses, we collected significantly more data. 



 

183 

 

higher than two standard deviations from the average) and were basi-
cally anticipating the main story in the wrong section. The final sample 
consisted of 1042 participants (58.23% females, 41.17% males, 0.19% pre-
ferred not to say, 0.38% expired data or removed consent on Prolific). 
The mean age was 30.32 years (SD=9.35, range: 18-105). 

2.2 Experimental task 
A previous study found that truthful statements may contain deceptive 
parts (Markowitz, 2024). However, we argue that truthful statements 
may also be, by definition, completely truthful, and those that are par-
tially deceptive might be residuals from research design. Therefore, in 
this study, we developed an experimental task that followed a different 
perspective, considering fabrication on a continuum from 0 (fully truth-
ful statements) to 100 (fully deceptive statements). The experiment was 
conducted in a counterbalanced within-subjects design (Fig. 2) where 
half of the participants performed the truth-telling task and then the de-
ceptive task, followed by the embedded lie selection and rating. The 
other half performed the deceptive task first, followed by the embedded 
lie selection and rating, and then the truth-telling task. Additionally, we 
collected demographic variables and participants’ lying attitudes to ad-
vance the understanding of individual differences in embedded lies. 
FIGURE 2. Experimental procedure adopted in the experiment.  

 
Note. The order of tasks two and three was counterbalanced across participants. 
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Step 1: Event selection  
The experiment started with the event selection task. Participants were 
provided with a list of eleven pre-selected autobiographical events that 
they might have experienced in the past 24 months. The events were 
deemed relevant for lying in the subsequent deceptive writing task. Af-
ter participants selected all of the events that they had experienced them-
selves in the past 24 months, they were randomly assigned to one of 
them and answered five questions about the event with the aim of col-
lecting the following memory-related variables:  

i) time: “how long ago did the event happen?” through a multiple-
choice question with 25 options (from <1 months to 24 months); 

ii) recollection: “how often do you think or talk about this event?” 
on a 5-point scale (1=never; 5=always);   

iii) importance: “how important is this event to you?” on a 5-point 
scale (1=not important at all; 5=extremely important);  

iv) accuracy: “how well do you remember this event?” on a 5-point 
scale (1=not well at all; 5=extremely well);   

v) valence: “how would you rate this event in emotional terms?” 
on a 5-point scale (-1=extremely negative; 1=extremely positive).  

The assigned event served as the basis for the remainder of the task. If 
participants did not experience any of the events in the list, they were 
instructed to choose the option “none of them”. They were then asked to 
think about a positive or negative event occurring in the last 24 months 
that was memorable, emotional, and that directly involved them and 
were asked to provide a short title for the event. The 18.91% (n=197) of 
participants chose the “none of them” option. 
We focused on autobiographical events that were deemed relevant for 
lying to mirror real-world scenarios and enhance the practical applica-
tion of our research findings in improving the accuracy of deception de-
tection. 

Step 2: Truth-telling task 
In the truth-telling task, participants were required to write an accurate 
and truthful account of the event in question. They were also asked to 
use correct spelling and grammar and were reminded not to use AI as-
sistants in the writing task. Copy-pasting was blocked to prevent it. This 
task required a minimum of 3000 characters to move to the next phase of 
the experiment. Full instructions are provided in Supplementary Mate-
rials (SM) 1. 
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Step 3a: Deception task  
For the deception task, participants were provided with a context rele-
vant to lying and instructed to write a deceptive account of the selected 
event by incorporating false information. Specifically, participants were 
told to write an alternative version of the selected event in order to get a 
specific advantage from lying. Participants were also warned not to 
make up a statement about a new event and not to mention in any way 
that they were lying.  
The list of contexts, matched for each event, and the number of partici-
pants allocated are provided in Table 1. Other than the deceptive instruc-
tions, the general writing instructions were identical to the truthful task. 
To motivate participants to do their best, they were informed about the 
chance of winning an extra 50£ if their statement was considered credible 
by the experts. In reality, all participants were included in the draw and 
the payment was distributed to a randomly selected participant after the 
data collection concluded. Full instructions are provided in SM 1. 
TABLE 1. List of events, contexts for lying, and number (percentages) of partici-
pants allocated to that event. 
 

Events Context for lying No. of participants 
allocated (%) 

A job interview for your 
dream job 

Inflate your past experiences to 
get the job 

160 (15.36%) 

Being hospitalized and 
undergoing surgery 

Exaggerate some side effects to 
receive extra compensation from 
your health insurance 

70 (6.67%) 

Being involved in a car ac-
cident 

Increase the claimed amount of 
damage you received to get more 
money 

47 (4.51%) 

Causing a car accident Describe the event so that it's not 
your fault 

15 (1.44%) 

Cheating on an exam Describing how you passed the 
exam, given that you cannot ad-
mit that you cheated 

48 (4.61%) 

Cheating on your partner Convince your partner that you 
didn't cheat on them 

36 (3.45%) 

Ending a long romantic re-
lationship 

Pretend that you just had an argu-
ment with your partner 

152 (14.59%) 

Getting a speeding fine Pretend it wasn't you driving the 
car that day 

62 (5.95%) 

Getting fired Pretend that you just had a bad 
day at work 

34 (3.26%) 
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Events Context for lying No. of participants 
allocated (%) 

Missing a deadline at 
work because of bad or-
ganization 

Find excuses that allow you not to 
appear forgetful or disorganised 

97 (9.31%) 

None of them - 197 (18.91%) 

Taking the bus/train with-
out the ticket 

Convince the ticket inspector that 
they shouldn't fine you for not 
having the ticket 

124 (11.90%) 

Step 3b: Embedded lies  
Once participants had written the deceptive account, participants were 
instructed to copy and paste words, phrases, or sentences from their de-
ceptive statements into a maximum of 20 text boxes (similar to Marko-
witz, 2024). For each word or phrase that was copy-pasted, participants 
rated the deceptiveness (“how deceptive was this detail for your whole lie 
statement?”) and centrality (“how central was this detail for your whole lie 
statement?”) of each embedded lie on a 5-point scale (1=not at all decep-
tive/central to 5=extremely deceptive/central). 
Through a multiple-choice question, participants provided the source on 
which they relied for the embedded lie. The source options were based 
on liars’ relying on their past experiences or cognitive processes (i.e., 
from memory, imagination, and planning). The following source options 
were provided: 1) you connected the detail to a past personal experience; 
2) you saw a similar event happen to someone else and used that as a 
basis for the detail; 3) you derived the detail from a story another person 
told you, or from a book, or a movie; 4) you imagined the detail without 
any specific memory or experience; 5) you used planned, future activities 
as a reference.   
To account for individual variability (i.e., participants copy-pasting a sin-
gle word vs. multiple phrases or sentences), the number of embedded 
lies was also standardized for each subject by computing the ratio be-
tween the number of words provided in the 20 boxes and the total num-
ber of words in their deceptive text. The standardized number of embed-
ded lies ranged from 0 to 1.  

Step 4: Additional variables 
Once the two writing tasks were completed, participants rated the fol-
lowing additional variables on a 5-point scale (1=completely disagree; 
5=completely agree): i) difficulty of the task (i.e., “I found the task was dif-
ficult”); ii) clarity of instructions (i.e., “I found the instructions were clear”); 
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iii) motivation of telling the truth (i.e., “I was motivated to provide a con-
vincing truthful statement”); iv) motivation of lying (i.e., “I was motivated 
to provide a convincing deceptive statement”).  

Step 5: Liars’ profile  
To measure potential individual differences in participants’ lying atti-
tudes, the lying profile questionnaire (Makowski et al., 2023) was admin-
istered. The lying profile questionnaire measured dispositional traits of 
deception and was composed of 16 items grouped into four factors: fre-
quency of lying (frequency); ability to lie (ability); negative attitude to-
wards lying (negativity); and positive attitudes toward lying depending 
on the context (contextuality). Since participants may be prone to mask 
their lying attitude, the Balanced Inventory of Socially Desirable Re-
sponding Short Form (BIDR, (C. M. Hart et al., 2015) was also adminis-
tered and used to correct the lying profile scores for potential effects of 
social desirability. The BIDR was a 16-item questionnaire which meas-
ured two main dimensions of social desirability: 1) self-deception en-
hancement (SDE): the unconscious tendency of individuals to provide 
honest but positively biased self-reports to protect self-esteem; 2) impres-
sion management (IM): the habitual and conscious tendency of individ-
uals to present themselves of a favourable public image. We report re-
sults on both the raw lying profile scores as well as the ones after correct-
ing for the BIDR scores. The correction procedure was conducted by fit-
ting a general linear model that regressed out the SDE and IM scores 
from each lying profile factor.  

2.3 Textual analysis of narrative data 

Linguistic Inquiry and Word Count analysis  
The Linguistic Inquiry and Word Count (LIWC, Boyd et al., 2022; Penne-
baker et al., 2015) software is the gold standard for analysing word usage 
and semantics in texts across more than 100 features by calculating the 
percentage of total words corresponding to each category using vali-
dated dictionaries of words associated with psychosocial dimensions. 
Specifically, the English dictionary (version LIWC-22) was employed for 
this analysis, and 118 features were extracted from tokenized text.  

DeCLaRatiVE stylometry 
The DeCLaRatiVE stylometry approach (Loconte et al., 2023) subsumes 
26 linguistic variables derived from four theoretical lines in verbal de-
ception research: Distancing (Newman et al., 2003), Cognitive Load 
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(Monaro et al., 2018; Vrij et al., 2015), Reality Monitoring (Johnson & 
Raye, 1981; S. Sporer, 1997), and VErifiability Approach (Nahari et al., 
2012; Palena et al., 2021). Linguistic variables associated with the cogni-
tive load, such as text length, readability, and complexity, were com-
puted using the Python library TEXTSTAT. Those related to the Distanc-
ing and RM framework were computed using LIWC-22 features ex-
tracted from tokenized text. RM was also investigated through linguistic 
concreteness by cross-referencing an annotated dataset (Brysbaert et al., 
2014) with the content words in our dataset and averaging the final 
scores per statement. The preprocessing steps to derive content words 
from statements were tokenization, conversion to lowercase, stop-word 
removal, and lemmatization and were run with the SpaCy library in Py-
thon. Finally, verifiable details were extracted as entities with the named-
entity recognition (NER) model available on the SpaCy library 
(en_core_web_trf, https://spacy.io/models/en#en_core_web_trf). A 
full list of the 26 linguistic variables, along with a brief description, is 
presented in Table 2 (see Loconte et al., 2023, for a more detailed under-
standing of the approach). 
TABLE 2.  List and short description of the 26 linguistic features pertaining to 
the DeCLaRatiVE Stylometry technique.   
 

Label Description 
num_sentences Total number of sentences 
num_words Total number of words 

num_syllables Total number of syllables 

avg_syllabes_per_word Average number of syllables per word 

fk_grade Index of the grade level required to understand the text 

fk_read Index of the readability of the text 

Analytic LIWC summary statistic analyzing the style of the text in 
term of analytical thinking (0 - 100) 

Authentic LIWC summary statistic analyzing the style of the text in 
term of authenticity (0 - 100) 

Tone Standardized difference (0-100) of ‘tone_pos’ - ‘tone_neg’ 

tone_pos Percentage of words related to a positive sentiment (LIWC 
dictionary) 

tone_neg Percentage of words related to a negative sentiment (LIWC 
dictionary) 

Cognition Percentage of words related to semantic domains of cogni-
tive processes (LIWC dictionary) 

https://spacy.io/models/en#en_core_web_trf
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Label Description 
memory Percentage of words related to semantic domains of 

memory/forgetting (LIWC dictionary) 

focuspast Percentage of verbs and adverbs related to the past (LIWC 
dictionary) 

focuspresent Percentage of verbs and adverbs related to the present 
(LIWC dictionary) 

focusfuture Percentage of verbs and adverbs related to the future 
(LIWC dictionary) 

Self-reference Sum of LIWC categories ‘i’ + ‘we’ 

Other-reference Sum of LIWC categories ‘shehe’ + ‘they’ + ‘you’ 

Perceptual details Sum of LIWC categories ‘attention’ + ‘visual’ + ‘auditory’+ 
‘feeling’ 

Contextual Embedding Sum of LIWC categories ‘space’ + ‘motion’ + ‘time’ 

Reality Monitoring Sum of Perceptual details + Contextual Embedding + Af-
fect - Cognition 

Concreteness score Mean of concreteness score of words 

People Unique named-entities related to people: e.g., ‘Mary’, 
‘Paul’, ‘Adam’ 

Temporal details Unique named-entities related to time: e.g., ‘Monday’, ‘2:30 
PM’, ‘Christmas’ 

Spatial details Unique named-entities related to space: e.g., ‘airport’, ‘To-
kyo’, ‘Central park’ 

Quantity details Unique named-entities related to quantities: e.g., ‘20%’, ‘5 
$’, ‘first’, ‘ten’, ‘100 meters’ 

n-gram differentiation   
Using the n-gram differentiation test (as in Mozes et al., 2021), we com-
pared the frequencies of unigrams, bigrams, and trigrams in truthful and 
deceptive statements within each event. This comparison was made us-
ing a signed rank sum test approach. Ties in ranks were fixed by averag-
ing random ranks in 500 iterations. Statements were first pre-processed 
using SpaCy library in Python by removing stop words and lemmatising 
the remaining words. Only n-grams that appeared in at least 5% of all 
documents were included in the analysis. The effect size used for the fre-
quency comparisons was r, which ranged from -1.0 to 1.0.  
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2.4 Machine-learning classification  
To investigate whether deceptive statements with embedded lies can be 
distinguished from truthful statements, we performed a document clas-
sification task using different state-of-the-art ML approaches. The mod-
els included both traditional and advanced architectures. Specifically, 
four Random Forest (RF) classifiers were trained on Bag of Words (BOW) 
representations (Ignatow & Mihalcea, 2017), LIWC variables (Boyd et al., 
2022), DeCLaRatiVE variables (Loconte et al., 2023), and GPT-embed-
ding representations10, respectively. Additionally, we tested the perfor-
mance of different fine-tuned language models, such as distilBERT (Sanh 
et al., 2019), FLAN-T5 base (Chung et al., 2022), and Llama-3-8B (Sanh et 
al., 2019). We finally explored the performance of a deception language 
model from a previous study (Loconte et al., 2023), which was a FLAN-
T5 base model fine-tuned on three large datasets of deception with 
79.31% (± 1.3) accuracy. Language models (i.e., distilBERT, FLAN-T5, 
and Llama-3) were trained using the HuggingFace library and the 
Google Colaboratory Pro + interface with the A100 Tensor Core GPU. 
Cross-validation was performed to ensure robust evaluation. Specifi-
cally, RF models were trained using 10-fold nested cross-validation, 
while language models were fine-tuned with 5-fold cross-validation to 
optimize computational costs. Classification performance was assessed 
in terms of overall accuracy (Formula 1), as well as precision, recall, and 
F1-score by condition (truthful vs deceptive). Specifically, for each con-
dition, precision measured the proportion of positive predictions that 
were actually positive (Formula 2); recall measured the proportion of ac-
tual positives that were correctly classified as positives (Formula 3); and 
F1 was the harmonic mean of precision and recall (Formula 4). Details of 
each model and the training procedure are reported in SM 4.   
 

(1) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 .!/	."
.!/1!/."/1"

 

(2)  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	 !!
!!"#!

 

(3) 𝑅𝑒𝑐𝑎𝑙𝑙 = 	 !!
!!"#"

 

(4) 𝐹1	𝑠𝑐𝑜𝑟𝑒 = 	 2	⋅	4&5*','%6	⋅	75*#++
4&5*','%6	/	75*#++

 

 
10 https://platform.openai.com/docs/guides/embeddings  

https://platform.openai.com/docs/guides/embeddings
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Annotations: TP = True positives, TN = True negatives, FP = False positives, and FN = False 
negatives. 

2.5 Analysis Plan   
We first looked at the subject level to examine characteristics of the re-
ported embedded lies, such as their frequency, source, deceptiveness, 
and centrality for a deceptive account. Second, we examined individual 
differences related to demographic variables and lying profiles. Further-
more, we assessed linguistic differences between the narratives by using 
the LIWC and DeCLaRatiVE approach. From the LIWC, we obtained for 
each subject 118 variables; from the DeCLaRatiVE stylometry technique, 
we obtained 26 variables. A within-subject permutation t-test with 9,999 
permutations (Moore, 1999) was employed to test for statistical differ-
ences in these variables by statement veracity (truthful vs deceptive). Re-
sults from multiple comparisons were corrected using Bonferroni correc-
tion. Truthful and deceptive statements were also analysed in terms of 
n-grams by using the n-grams differentiation test. These analyses were 
conducted in R using the MKinfer and effectsize libraries. Finally, state-of-
the-art machine learning approaches were employed in a classification 
task to differentiate truthful from deceptive statements with embedded 
lies.  

2.6 Transparency statement  
The study was approved by the Ethics Review Board of the Tilburg 
School of Social and Behavioral Sciences (Reference Number: 
TSB_RP1442). Data collection reported in this Chapter was conducted in 
accordance with the Declaration of Helsinki. Informed consent was ob-
tained from all participants prior to their involvement in the study, and 
they were subsequently debriefed once their participation had been com-
pleted. Data and scripts used to run the experiments are available at 
https://osf.io/jzrvh.  

https://osf.io/jzrvh
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3. Results  

3.1 Corpus descriptives 
We collected a corpus of 2084 truthful and deceptive statements, collec-
tively, across 11 events deemed relevant for lying11. We found deceptive 
statements (M=7.13, SD=4.65) containing a significantly higher average 
number of sentences than truthful statements (M=6.77, SD=4.48), t(9999)= 
-0.37, p=.003, d =-0.08 [-0.14, -0.03]. Likewise, the number of words was, 
on average, significantly higher in deceptive (M=145.29, SD=83.65) than 
in truthful statements (M=131.74, SD=78.49), t(9999)=-13.55, p<.001, d=-0.17 
[-0.22, -0.12]. However, these findings might be an artefact of the instruc-
tions, as participants were instructed to add details to appear deceptive 
and achieve a specific goal, resulting in producing longer statements. 

3.2 Embedded lies 
Embedded lies included an average of 5.03 lies per text with an average 
number of words of 46.27 (SD=42, Median=35, see Table 3).  
TABLE 3. Descriptive statistics of participants’ responses in variables associated 
with embedded lies (M, SD, Median).   
 

 Embedded lies 
 M SD Median 
    
Words 46.27 42.23 35 
Absolute no. of embedded lies 5.03 3.35 4 
Standardized no. of embedded lies 0.32 0.20 0.29 
Deceptiveness 3.94 0.79 4 
Centrality 3.55 0.82 3.59 

 
The average ratio between the number of words in the annotated embed-
ded lies and the respective deceptive statement was 0.32 (SD=0.20, Me-
dian=0.29). The average of embedded lies for each event is reported in 
Table 4S (SM 2). Using a 5-point scale, embedded lies were rated as mod-
erately deceptive (M=3.94, SD=0.79, Median=4) and central to the overall 
narrative (M=3.55, SD=0.82, Median=3.59). Further, 35.86% of embedded 
lies (n=1881) relied on personal past experiences that involved partici-
pants directly and 10.41% (n=546) indirectly; 33.86% of embedded lies 
(n=1776) relied on participants’ imagination, while 14.95% (n=784) on 

 
11 Descriptive statistics of the variables associated with the events are reported in Table 3S 
in SM 2. 
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others’ experiences and only 4.92% (n=258) on personal future plans. An 
example of subjects’ responses is provided in Box 1. Correlational analy-
sis between variables associated with embedded lies, lying profile and 
BIDR scales is provided in SM 2. 
BOX 1. Example of a statement provided by participants during the task  

 

Note. On the left side is a sample truthful statement from a participant about being involved 
in a car accident. On the right side, the same participant provided the deceptive statements 
about the same event following the given instructions. In bold, the embedded lies identi-
fied by the participant.  

3.3 Individual differences   
We investigated individual differences in the absolute and standardized 
number of embedded lies, deceptiveness, and centrality scores. Regard-
ing demographic factors (see also SM 2), we found a gender difference 
for the average deceptiveness scores (diff=0.11 ± 0.05, p=0.03, d=0.14 [0.02, 
0.26]), with females (M=3.98, SD=0.79) reporting higher values than 

EVENT: Being involved in a car accident  

INSTRUCTIONS: lie about the event 
to increase the claimed amount of dam-
age you received to get more money 

 

«I was driving home after I got my dog from 
her sitter. My mom and dog were sitting in the 
passenger seat, my dog likes to ride on the 
ground between my moms legs. We came 
across quite a bit of traffic and were moving 
slowly towards our destination. As I move 
through this intersection, where cars on the 
right have a STOP sign (so they have to stop, 
and I have priority), this guy thats at least 60 
years old, completely ignores the sign and ad-
vances towards us at quite a speed. Because 
there was traffic in front of me, I could noth-
ing but watch as the car crashed into us, di-
rectly on the passengers side. My mom was 
thrown to my side, kept in place only by the 
seat belt, and her leg was pretty badly hurt, 
cause she used her body to protect our 
doggy. This experience is clear in my mind 
because after I got off I had to have a fight 
with the other driver because he was in-
capable of acknowledging fault». 

 

EVENT: Being involved in a car accident  

 

 

 

«I was driving home after getting my dog from 
her sitter. My mom was sitting next to me to keep 
company to the dog, when we got met with a lot 
of traffic. So we were advancing quite slowly to-
wards our destination when we come across this 
intersection, where on the right the cars have a 
STOP sign. This guy, very old, probably in his 
60s, doesn't stop and continues moving towards 
us. I stomped on the break, but it wasn't in time, 
and the car crashed against our side. It had been 
years since I was involved in anything of the sort, 
so while I was pretty sure it was not my fault, I 
was shaking the entire time I was dealing with the 
men to fill out the paperwork». 
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males (M=3.88, SD=0.77). As for age, we found a small, significant posi-
tive correlation between age and deceptiveness (rho=0.075, S=172823388, 
p=0.015). 
FIGURE 3. Radar plot of the average values at the four lying profile factors in the 
trickster and virtuous cluster. 

 

Note. The scores at the lying profile factors are corrected for Social Desirability. 

Furthermore, we investigated the presence of subpopulations of liars by 
a cluster analysis of participants’ scores in the four-factor lying profile 
questionnaire (Makowski et al., 2023). Lying profile scores were first ad-
justed for social desirability12. We then followed the procedure in Ma-
kowski et al. (2023) to cluster participants (see SM 3). Our dataset was 
deemed suitable for clustering (Hopkins’ H=0.25)13. The method agree-
ment procedure supported the existence of two clusters, as indicated by 
ten methods out of 29 (34.48%). After applying the k-means clustering 
algorithm, the two clusters accounted for 31.97% of the total variance of 

 
12 The correction procedure employed a Generalized Linear Model approach to regress out 
the scores of each lying profile factor (i.e., LIE_Ability, LIE_Contextuality, LIE_Frequency, 
LIE_Negativity) for social desirability effects (i.e., SDE and IM). The adjusted scores were 
calculated using the adjust function from the datawizard package in Rstudio. 
13 The Hopkins' H statistic checks whether the data is appropriate for clustering. We can 
reject the null hypothesis and conclude that the dataset is significantly clusterable when H 
< 0.5. A value for H lower than 0.25 indicates a clustering tendency at the ⁠90% ⁠ confidence 
level (Lawson & Jurs, 1990). The H statistic was computed using the check_clusterstructure 
function from the performance package in Rstudio. 
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the original data. The first cluster (44.72% of the sample) was character-
ized by participants with very low reported lying ability, low levels of 
frequency and contextuality, and strong negative attitudes towards ly-
ing; the second cluster (55.28% of the sample) was characterized by peo-
ple with higher levels of contextuality and frequency of deception, very 
high levels of ability and low levels of negative attitudes towards lying 
(Fig. 3). Following the original work (Makowski et al., 2023), we labelled 
the first cluster as the virtuous and the second as the trickster cluster. To 
test the validity of this two-cluster solution, we trained a logistic regres-
sion that used, as features, the adjusted scores of the four scales of the 
lying profile questionnaire and, as a predicted variable, the labels ob-
tained from the cluster analyses (as in Bambini et al., 2022). We obtained 
an almost perfect classification (accuracy=0.99). This result supported the 
validity of our two-cluster solution, confirming that the labels associated 
with each participant were not randomly assigned but actually reflected 
an inherently different pattern of responding. However, no significant 
differences were found in any dependent variable in the two groups (see 
Table 6S in SM 3).  

3.4 Textual analysis of narrative data 
Tables 4 and 5 suggest that a few linguistic indicators were significantly 
indicative of deception, albeit often with small effect sizes. LIWC varia-
bles associated with deceptive statements pertained mainly to using 
emotional and social words and references (i.e., social words, social ref-
erences, pronouns and personal pronouns, social behaviour, language of 
status and leadership; Table 4). In contrast, LIWC features associated 
with truthfulness included mainly words associated with memory (i.e., 
remember, forget, remind) and numbers.  
When we conducted the analysis by event, significant differences 
emerged for some LIWC variables by statement veracity for four events 
(i.e., Being hospitalized and undergoing surgery, Ending a long romantic 
relationship, Getting a speeding fine, and Taking the bus/train without 
the ticket).  
TABLE 4. Effect sizes (and CIs) of significant LIWC features for the entire dataset 
and specific events.   
 

Topic LIWC  
feature 

LIWC  
interpreta-
tion 

LIWC  
example 
words 

Cohen’s d Adjusted CI Direction 

Overall Social Social 
words 

Argue, boy-
friend, chat 

-0.22 -0.33, -0.11 D > T 

WC Total word 
counts 

- -0.19 -0.30, -0.08 D > T 
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Topic LIWC  
feature 

LIWC  
interpreta-
tion 

LIWC  
example 
words 

Cohen’s d Adjusted CI Direction 

Period Number of 
periods 

. 0.19 0.07, 0.29 T > D 

socrefs Social refer-
ences 

you, we, he, 
she 

-0.18 -0.29, -0.07 D > T 

shehe Third sin-
gular per-
sonal pro-
nouns 

she, he, her, 
his 

-0.18 -0.29, -0.07 D > T 

ppron Personal 
pronouns 

I, you, my, me -0.17 -0.28, -0.06 D > T 

memory Memory 
words 

remember, 
forget, remind 

0.17 0.06, 0.28 T > D 

socbe-
hav 

Social be-
havior 
words 

said, love, say, 
care 

-0.15 -0.25, -0.04 D > T 

male Male refer-
ences 

he, his, him, 
man 

-0.14 -0.25, -0.03 D > T 

number Numbers  one, two, first, 
once 

0.14 0.03, 0.25 T > D 

emo_an-
ger 

Emotion of 
anger 

hate, mad, an-
gry, frustr* 

-0.14 -0.25, -0.03 D > T 

pro-
noun 

Pronouns I, you, that, it -0.13 -0.24, -0.02 D > T 

det Determin-
ers 

the, at, that, 
mine 

-0.13 -0.23, -0.02 D > T 

Clout Language 
of leader-
ship, status 

- -0.11 -0.22, -0.001 D > T 

Being 
hospital-
ized and 
undergo-
ing sur-
gery 

Tone Emotional 
tone 

- 0.49 0.04, 0.94 T > D 

Period Number of 
periods 

. 0.48 0.03, 0.92 T > D 

WC Total word 
count 

- -0.47 -0.92, -0.02 D > T 

power Words of 
power 

own, order, al-
low, power 

-0.45 -0.89, -0.002 D > T 

Ending a 
long ro-
mantic re-
lationship 

emo_an-
ger 

Emotion of 
anger 

hate, mad, an-
gry, frustr* 

-0.41 -0.71, -0.12 D > T 

conflict Conflict 
words 

fight, kill, 
killed, attack 

-0.36 -0.66, -0.06 D > T 

ppron Personal 
pronouns 

I, you, my, me -0.34 -0.63, -0.04 D > T 
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Topic LIWC  
feature 

LIWC  
interpreta-
tion 

LIWC  
example 
words 

Cohen’s d Adjusted CI Direction 

socbe-
hav 

Social be-
havior 
words 

said, love, say, 
care 

-0.32 -0.61, -0.02 D > T 

Getting a 
speeding 
fine 

Social Social 
words 

Argue, boy-
friend, chat 

-0.75 -1.26, -0.24 D > T 

socrefs Social refer-
ences 

you, we, he, 
she 

-0.70 -1.20, -0.19 D > T 

shehe Third sin-
gular per-
sonal pro-
nouns 

she, he, her, 
his 

-0.68 -1.18, -0.18 D > T 

Clout Language 
of leader-
ship, status 

- -0.56 -1.04, -0.07 D > T 

Taking 
the 
bus/train 
without 
the ticket 

Social Social 
words 

Argue, boy-
friend, chat 

-0.65 -1.00, -0.30 D > T 

shehe Third sin-
gular per-
sonal pro-
nouns 

she, he, her, 
his 

-0.57 -0.92, -0.23 D > T 

socrefs Social refer-
ences 

you, we, he, 
she 

-0.56 -0.90, -0.22 D > T 

male Male refer-
ences 

he, his, him, 
man 

-0.54 -0.88, -0.20 D > T 

socbe-
hav 

Social be-
havior 
words 

said, love, say, 
care 

-0.50 -0.84, -0.16 D > T 

comm Communi-
cation 
words 

said, say, tell, 
thank* 

-0.46 -0.79, -0.13 D > T 

ppron Personal 
pronouns 

I, you, my, me -0.41 -0.74, -0.08 D > T 

pro-
noun 

Pronouns I, you, that, it -0.41 -0.74, -0.07 D > T 

Cogni-
tion 

Words of 
Cognition 

know, think, 
but, if 

0.37 0.04, 0.70 T > D 

WC Total word 
count 

- -0.35 -0.68, -0.03 D > T 

tentat Words of 
tentative-
ness  

if, or, any, 
something 

0.34 0.01, 0.67 T > D 

visual Visual 
words 

see, lool, eye*, 
saw 

-0.33 -0.65, -0.002 D > T  
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Note. Confidence intervals are adjusted for multiple comparisons using Bonferroni correc-
tion. Linguistic features are sorted by the absolute value of the effect size magnitude for 
each event. For the direction of the effect, T = truthful and D = deceptive.  

For DeCLaRatiVE linguistic features (Table 5), only a few of them were 
significantly indicative of deception in five out of eleven events. When 
testing the whole dataset, the only significant features for deceptive 
statements were references to others, the number of words and number 
of syllables. In contrast, significant features for truthful statements were 
memory-related words and temporal details. 
TABLE 5. Effect sizes (and CIs) of significant DeCLaRatiVE features for the en-
tire dataset and specific events.   
 

Topic DeCLaRatiVE feature Cohen’s d Adjusted 
CI 

Direction 

Overall Other-reference -0.19 -0.29, -0.10 D > T 

 num_syllables -0.19 -0.29, -0.09 D > T 

 num_words -0.19 -0.28, -0.09 D > T 

 memory 0.17 0.07, 0.27 T > D 

 Temporal details 0.10 0.0004, 0.19 T > D 

A job interview for your dream 
job 

memory 0.25 0.003, 0.51 T > D 

Being hospitalized and under-
going surgery 

Tone 0.49 0.09, 0.88 T > D 

 num_words -0.47 -0.87, -0.08 D > T 

 num_syllables -0.47 -0.86, -0.08 D > T 

Getting a speeding fine Other-reference -0.66 -1.10, -0.22 D > T 

Missing a deadline at work be-
cause of bad organization 

Other-reference -0.35 -0.67, -0.02 D > T 

memory 0.33 0.006, 0.66 T > D 

Taking the bus without the 
train ticket 

Other-reference -0.52 -0.82, -0.22 T > D 

 Cognition 0.37 0.08, 0.66 T > D 

 num_words -0.35 -0.64, -0.06 D > T 

 num_syllables -0.35 -0.64, -0.07 D > T 

Note. Confidence intervals are adjusted for multiple comparisons using Bonferroni correc-
tion. Linguistic features are sorted by the absolute value of the effect size magnitude for 
each event. For the direction of the effect, T = truthful and D = deceptive.  

Finally, the n-gram differentiation analysis (Table 6) revealed how 
deceptive statements with embedded lies may appear very similar 
to their truthful counterparts, resulting in few or no significant 
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differences in word usage. This result highlights the reasons why 
detecting embedded lies is a hard task. 
 

TABLE 6. Effect sizes (r) and CIs of significant n-grams for specific events after 
using the n-grams differentiation test.   
 

Event n-gram r Adjusted 
CI 

Direc-
tion 

Taking the bus/train without the train 
ticket 

tell -0.20 -0.37, -0.02 D > T 

ticket -0.18 -0.23, -0.14 D > T 

time -0.14 -0.26, -0.01 D > T 

Ending a long romantic relationship relationship -0.07 0.001, 0.13 T > D 

Missing a deadline at work because of bad 
organisation 

time 0.10 0.004, 0.20 T > D 

Cheating on your partner feel 0.33 0.06, 0.60 T> D 

Being hospitalized and undergoing sur-
gery 

pain -0.22 -0.38, -0.06 D > T 

surgery -0.14 -0.22, -0.05 D > T 

Getting fired fire 0.25 0.09, 0.40 T > D 

Getting a speeding fine speed 0.10 0.005, 0.20 T > D 

Cheating on an exam study -0.28 -0.43, -0.13 D > T 

answer 0.19 0.01, 0.36 T > D 

Causing a car accident drive -0.21 -0.38, -0.03 D > T 

Note. Confidence intervals are adjusted for multiple comparisons using Bonferroni correc-
tion. N-grams are sorted by effect size after comparing truthful and deceptive statements 
for each event. For the direction of the effect, T = truthful and D = deceptive.  

3.5 Predictive modelling performance   
We trained different machine learning and language models to distin-
guish deceptive statements with embedded lies from truthful ones. Table 
7 shows that all models could classify statements better than the chance 
level (with p < .01 after running an exact binomial test), but the highest 
performance reached 64% accuracy after fine-tuning a Llama-3 model. 

3.6 Exploratory explainability analysis  
To add interpretations to the achieved performance, we conducted an 
explainability analysis on the Llama-3 and deception language model. 
We computed Spearman’s rank correlations between the deceptive class 
probabilities and the absolute and standardized number of embedded 
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lies, deceptiveness, and centrality scores (Table 7S in SM 4). There was a 
significant positive correlation between the class probability of decep-
tiveness and the absolute (rho=.10, S=170216978, p < .01) and standard-
ized number of embedded lies (rho=.10, S=170565831, p = .001). For the 
deception language model, we found a significant positive correlation 
between the absolute number of embedded lies and class probability 
(rho=.09, S=171758230, p=.004).  Finally, only for the Llama-3 model, we 
found correct classifications having a significantly higher amount of ab-
solute number of embedded lies (M=5.31, SD=3.39) compared to incor-
rect ones (M=4.43, SD=2.83), d=0.27 [0.14, 0.40]. Similarly, a standardized 
number of embedded lies was significantly higher in correctly classified 
statements (M=0.34, SD=0.21) with respect to incorrect ones (M=0.29, 
SD=0.19), d=0.22 [0.09, 0.35] (see Table 8S in SM 4). These findings sug-
gest that the more a statement is fabricated, namely, the greater the num-
ber of embedded lies within an otherwise truthful statement, the higher 
the probability of a language model to accurately and confidently predict 
the class of that statement. 
TABLE 7. Classification performance of predictive models.  
 

  Truthful Deceptive 

Model Accu-
racy 

Preci-
sion 

Recall F1 Preci-
sion 

Recall F1 

        

BOW + RF .55 (.03) .55 (.03) .53 (.04) .54 (.03) .55 (.03) .56 (.04) .55 (.03) 

LIWC + RF .57 (.03) .58 (.03) .55 (.03) .57 (.03) .57 (.03) .60 (.05) .58 (.04) 

DeCLaRatiVE + 
RF 

.56 (.02) .56 (.02) .55 (.06) .55 (.04) .56 (.02) .56 (.06) .56 (.03) 

GPT-embed-
dings + RF 

.62 (.03) .62 (.03) .62 (.05) .62 (.03) .62 (.03) .62 (.05) .62 (.03) 

distilBERT .60 (.02) .64 (.05) .51 (.19) .55 (.10) .60 (.05) .69 (.16) .63 (.05) 

Fine-tuned 
FLAN-T5 base 

.60 (.02) .60 (.06) .57 (.03) .59 (.03) .59 (.04) .63 (.04) .61 (.01) 

Fine-tuned 
Llama-3-8B 

.64 (.04) .67 (.05) .55 (.13) .60 (.08) .62 (.05) .73 (.10) .67 (.05) 

Deception lan-
guage model 

.56 .54 .76 .63 .60 .35 .44 

Note. The values refer to the average performance after performing cross-validation. In 
brackets, the standard deviation is reported. The deception language model was only em-
ployed to predict the class in our dataset; therefore, no cross-validation was performed. All 
models were significantly better than the chance level with p < .01. In bold is the perfor-
mance of the best model.  
Abbreviations: BOW = bag of words; RF = random forest; LIWC = Linguistic inquiry and 
word count. 
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4. Discussion 

4.1 Moving forward on embedded lies  
In this Chapter, we sought to spark renewed research interest in verbal 
deception detection and to move the dial towards embedded lies. With 
this aim, we presented a dataset of 2084 statements (i.e., truthful vs. de-
ceptive with embedded lies) about eleven categories of autobiographical 
events deemed relevant for lying. We focused on autobiographical mem-
ories because of their relevance in forensic contexts, where the credibility 
of witnesses’ and suspects’ statements is assessed and often centred on 
autobiographical events. Additionally, this new dataset was collected in 
a within-subjects design, providing data at the statement and the indi-
vidual level. Specifically, it provides granular information on the state-
ment level, including annotations and ratings of embedded lies and 
memory-related measures about each event (e.g., how in the past, how 
frequently it is remembered, how important it is, etc.) and demographic 
data and personality-related measures, such as attitudes towards lying 
and social desirability, at the individual level. We believe this resource 
might be valuable in fostering psychological research on linguistic, con-
textual, and individual differences associated with embedded lies.  

4.2 The nature of embedded lies 
Our findings suggest that participants used, on average, five embedded 
lies in their statements to achieve a predefined deception goal. About 1/3 
of the length of deceptive statements were embedded lies. Similar figures 
are reported in previous research(Markowitz, 2024) for embedded lies in 
faked opinions about friends (37%). As for the source of embedded lies, 
most participants relied, whether directly or indirectly, on their personal 
experiences (46.27%), while a smaller percentage used their imagination 
(33.86%) or drew from others’ experiences (14.95%). This finding sup-
ports the notion that liars often integrate elements of truth into their lies 
to enhance plausibility, making the detection of deception more difficult 
(Markowitz, 2024). A realistic deceptive statement (i.e., one with embed-
ded lies rather than a full-blown deceptive narrative) can thus be typified 
as one that consists of about 2/3 of truthful information and 1/3 of em-
bedded lies, which are most likely to be derived from personal experi-
ence. 
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4.3 Individual differences in embedded lies  
We further investigated individual differences in the nature of embed-
ded lies. We found gender playing a role in how individuals self-rated 
the deceptiveness of their embedded lies, with females scoring higher in 
deceptiveness than males, albeit with small effect sizes. Age also played 
a role, with older participants being more openly deceptive in their state-
ments. 
In terms of lying attitude, the results of the cluster analysis were slightly 
different from the original paper (Makowski et al., 2023). We identified 
only two, rather than three, clusters of liars that resembled the original 
virtuous and trickster clusters. Specifically, the virtuous cluster was 
mainly characterised by a strong aversion to deception, while the trick-
sters tended to lie more frequently, to perceive themselves as good liars, 
and to adapt their lying behaviour to the context. However, despite this 
clear distinction, no significant differences were reflected in their behav-
iour and, specifically, in the absolute and standardised number of em-
bedded lies, as well as in their deceptiveness and centrality scores. A 
possible explanation for why the difference in the lying attitude was not 
reflected in the lying behaviour (i.e., in the number of embedded lies) 
might be that all participants were instructed to write the statement de-
ceptively by adding embedded lies, and this might have reduced the var-
iability in their responses.  

4.4 Textual properties of embedded lies 
In addition to individual differences among liars, we examined linguistic 
properties of embedded lies by leveraging automated NLP techniques. 
Linguistic analysis using psycholinguistic variables and a deception-spe-
cific set of variables (DeCLaRatiVE) revealed few differences between 
truthful statements and those with embedded lies, with small effect 
sizes. Deceptive statements contained a larger proportion of social refer-
ences, while truthful statements tended to include more references to 
memory processes. Similarly, the DeCLaRatiVE analysis suggested that 
deceptive statements contained more references to other people, which 
is in line with the distancing framework (Newman et al., 2003) and a 
higher number of words and syllables, which may reflect the experi-
mental instructions that encouraged participants to add more details to 
achieve their deceptive goals. Conversely, truthful statements contained 
more memory-related words and temporal details, which is more in line 
with the Reality Monitoring framework (Johnson & Raye, 1981; S. L. 
Sporer, 2004).  
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When we zoomed in on the event level, we found significant differences 
in LIWC variables only in four out of eleven events and in DeCLaRatiVE 
variables in five out of eleven events. Altogether, these findings suggest 
that while there are some discernible differences between truthful and 
deceptive statements, these differences are often subtle and context-de-
pendent. This is also in line with previous studies showing that truthful 
statements do not necessarily contain more details than embedded lies 
(Markowitz, 2024; Verigin, Meijer, Vrij, et al., 2020). 
A term frequency analysis of n-grams underscored the difficulty of de-
tecting deception through word usage when embedded lies are in-
volved. In nine out of eleven events, we found negligible effects, with 
only one or two significant n-grams per event (e.g., “pain” and “surgery” 
as significant n-grams in deceptive statements for the event “Being hos-
pitalized and undergoing surgery”) and with small effect size, highlight-
ing the subtle nature of embedded lies. This supports previous findings 
that verbal detection remains challenging, particularly when lies are 
carefully embedded within otherwise truthful narratives (Markowitz, 
2024; Vrij et al., 2010). In addition, this overlap can be attributed to the 
within-subject design employed for this study, which eliminated any po-
tential linguistic confounders derived from having different participants 
write about the same task under two conditions (honest vs. deceptive), 
typical of between-subjects studies.  

4.5 Detecting embedded lies 
By collecting a dataset that was sufficiently large to perform predictive 
modelling, we resorted to simpler supervised approaches based on ma-
chine learning models trained on extracted features and on state-of-the-
art language models to classify statements as completely truthful or with 
embedded lies. The results showed that embedded lies present a signifi-
cant challenge for deception detection due to their incorporation of truth-
ful elements. Specifically, the highest performance of a language model 
with competitive capabilities (Llama-3.1-8B, Grattafiori et al., 2024), 
which we fine-tuned for this specific task, reached 64% accuracy. The re-
sult from our Llama model was in line with commonly reported perfor-
mances in previous research (Fornaciari & Poesio, 2012b; Kleinberg & 
Verschuere, 2021; Rubin & Conroy, 2012, 2011). Notably, a language 
model published in a previous study (Loconte et al., 2023), which re-
ported an accuracy of 79.31% in detecting fabricated statements across 
different contexts, dropped to 56% accuracy when applied to our study. 
An explanation for that drop could be attributed to overfitting. Related 
works have shown, in fact, that deception classifiers drop remarkably 
when tested on new samples (Kleinberg et al., 2018). However, we argue 
this was not the case. In the original study, the detection rate (i.e., the 
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recall) for truthful (81%) and deceptive statements (78%) was balanced. 
In contrast, in our study, the deception language model showed a recall 
of 76% for truthful statements, similar to that of the original study, but a 
remarkable drop to 35% specifically for deceptive statements. This drop 
indicates that the struggle was mainly in the detection of embedded lies, 
which were often misclassified as truthful statements (here: 65% of em-
bedded lies were misclassified as truthful, vs. 22% in the original study). 
If it were a matter of overfitting, we would have also expected a remark-
able drop in the recall of truthful statements. However, this decline was 
not observed, which indicates that while the deception model was able 
to resort to what was learnt during the training phase to classify new 
samples of truthful statements correctly, it was unable to do so for the 
deceptive ones. We argue this was attributed to the fact that the decep-
tion involved was different (here: embedded lies vs. fabrication in the 
original study). Moreover, the explainability analyses on the Llama-3 
and deception language model provided further evidence for the notion 
that the more nuanced the embedded lies are, the harder they are to de-
tect.  
Finally, when employing other common approaches, typically employed 
to detect deception (i.e., ML models trained on BOW representation, 
LIWC features, and embeddings), performance was significantly better 
than chance – albeit reaching just 55% to 62% accuracy. Other fine-tuned 
language models (here: distilBERT and FLAN-T5 base) were no more ef-
fective in performing the task. Altogether, these findings indicate that 
the challenge in identifying embedded lies stems from their resemblance 
to truthful statements and, as the degree of fabrication increases, the clas-
sification process becomes more straightforward.  

4.6 Limitations and future outlooks   
Despite the study’s aim to overcome known limitations related to decep-
tion detection research (e.g., focus on fabrication, use of between-subjects 
designs, and small sample sizes), it comes with its own limitations in 
methodology and findings.    
Regarding methodology, embedded lies were both self-reported and 
self-annotated by the participants, leading to subjective interpretations 
of what constitutes an embedded lie. This subjectivity could reduce the 
consistency and reliability of the data. In our analysis, we standardized 
the number of embedded lies by computing the ratio of words in embed-
ded lies to the total number of words in the deceptive statement to ensure 
that the results were not influenced by individual interpretations of what 
a unit of embedded lie was. We recommend future researchers adopting 
this or other forms of standardization (even during the data collection 
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process) to ensure consistency. Second, while we recruited a Prolific sam-
ple that was sufficiently large to conduct meaningful computational 
analysis, these findings should be replicated with laboratory experi-
ments where participants are in contact with the interviewer and can of-
fer a longer verbal narrative, instead of a short written account. Addi-
tionally, previous research showed that more proactive interviewing 
techniques, such as the strategic use of evidence, the use of unexpected 
questions, or the Reality Interview (see Vrij et al., 2022, for an overview 
of these approaches), increase differences between truth-tellers and lie-
tellers, enhancing deception detection rates. Therefore, further investiga-
tion on the detection of embedded lies using these interviewing ap-
proaches is needed, as they might promise higher accuracy rates. Third, 
while the dataset covers eleven distinct events, focusing the investigation 
on individual events, it may result in smaller sample sizes, limiting the 
statistical power and the ability to conduct predictive analyses within 
specific events. Finally - and in contrast to the study design employed by 
Markowitz (2024) - we conceptualised truthful statements as entirely 
truthful, while deceptive statements were situated on a continuum rang-
ing from embedded lies to completely fabricated statements. While it is 
reasonable that individuals may occasionally offer partial truths, it is also 
feasible to convey completely truthful statements. Consequently, we 
opted to narrow our focus of investigation by contrasting completely 
truthful statements with varying degrees of embedded lies. A potential 
avenue for future research could involve incorporating partial truths, as 
Markowitz (2024) did in his design, or alternatively, having three ver-
sions of the statement: truthful, embedded lies, and fully deceptive.
  
Regarding findings, we focused on predictive modelling, with the task 
being conceptualized as a classification task (i.e., whether a statement is 
truthful or contains embedded lies). However, future studies can go be-
yond this binary classification and conceptualize the task as a regression 
task where ML models quantify the extent of deception (e.g., the number 
of embedded lies) in a given statement. Additionally, future studies 
might focus on a sequence classification task to predict how and where 
lies are embedded within truthful narratives. Another obvious limitation 
is that the models tested were not compared with truth/lie judgments of 
untrained humans. Although meta-analytical evidence indicates that un-
trained judges perform close to the chance level (Bond & DePaulo, 2006), 
this finding is worth replication when lying involves embedded lies. Fur-
ther, previous theoretical frameworks of deception and theories relying 
on manual coding, such as the use-the-best heuristic (Verschuere et al., 
2023), the verifiability approach (Nahari et al., 2012), as well as the role 
of complications, common knowledge details, or self-handicapping 
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strategies (Caso et al., 2023), should be tested on this new dataset of de-
ception to provide novel insights on what works on embedded lies. 

Conclusion  
In this Chapter, we addressed the first challenge for automated verbal 
deception detection: the robustness against a more nuanced form of de-
ception. To this aim, we presented a novel dataset as a resource to en-
courage research on embedded lies in verbal deception detection. The 
analysis of individual differences and linguistic properties, as well as the 
results from predictive modelling and explainability analysis, high-
lighted how the unique challenge in detecting embedded lies stems from 
their mixed nature and resemblance to truthful statements. 
In the next Chapter, we will address another challenge for automated 
verbal deception detection: human adoption or aversion toward algo-
rithmic predictions. We examined the opportunities of automated meth-
ods for verbal deception detection for data coding and prediction in 
Chapters 2 and 3; however, especially for the case of automated predic-
tions, little is known about the extent to which humans rely on such pre-
dictions. This question will be further investigated in the next Chapter. 
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Supplementary Material - 1 
 
Instructions 
TABLE 1S. Full instructions provided to participants when the order of presen-
tations of conditions was first truthful and then deceptive. 

Truthful condition Deceptive condition 

Your task is to write about the event “Being 
involved in a car accident” twice. For now, 
provide a completely truthful statement. 
Then, you are going to write an alternative 
version of the same event following additional 
instructions. This means that for now you 
should provide a detailed, truthful account 
of that event. 

Make sure to use correct spelling and gram-
mar and separate your sentences with punctu-
ation. 

Describe what happened, who was involved, 
where and when it took place, and why it was 
memorable to you. Your statement should be 
at least 300 characters. 
 
IMPORTANT: 
We are aware that AI-assistant tools (e.g., 
ChatGPT) are increasingly used for tasks on 
Prolific. Please do not use it for this task. We 
seek to understand how humans write these 
statements. If you feel unable to do the task, 
please leave this spot open for others. 
 
Write your statement about the event “Being 
involved in a car accident” here:” 

 

In the previous task, you wrote about “Being 
involved in a car accident” 

This time you have to lie about the event you 
just described in order to obtain a benefit or 
avoid a loss. Specifically, you have to write an 
alternative version of the story about “Being 
involved in a car accident” in which you are 
deceptive to increase the claimed amount 
of damage you received to get more 
money. 

Specifically, the event should essentially 
be the same, but you have to fabricate de-
tails. Afterward, we are going to ask you in 
which specific part of the story you lied and 
how. 

Now, write the deceptive version of your 
story about “Being involved in a car acci-
dent”. 

Your statement should be at least 300 charac-
ters. Please don't mention in any way that you 
are lying in this statement.  
 
IMPORTANT:  
Try to be as convincing as possible. A re-
searcher who is an expert in verbal-lie detec-
tion will evaluate your statement. If the exper-
imenter would consider your statement as 
credible, you will have the chance to win an ex-
tra 50£ compensation by participating in a 
draw. 
 
We are aware that AI-assistant tools (e.g., 
ChatGPT) are increasingly used for tasks on 
Prolific. Please do not use it for this task. We 
seek to understand how humans write these 
statements. If you feel unable to do the task, 
please leave this spot open for others. 
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TABLE 2S. Full instructions provided to participants when the order of presen-
tations of conditions was first deceptive and then truthful.  
 

Deceptive condition Truthful condition 

You are going to write about the event “Being 
involved in a car accident” twice. 

Now you have to lie about the event in order 
to obtain a benefit or avoid a loss. Specifically, 
you have to write an alternative version of the 
story about “Being involved in a car acci-
dent” in which you are deceptive to increase 
the claimed amount of damage you re-
ceived to get more money. 

Specifically, the event should essentially 
be the same but you have to fabricate de-
tails. Afterward, we are going to ask you in 
which specific part of the story you lied and 
how. 

Now, write the deceptive version of your 
story about “Being involved in a car acci-
dent” using the fabrication strategy. 
Your statement should be at least 300 charac-
ters. Please don't mention in any way that you 
are lying in this statement. 
 
IMPORTANT:  
Try to be as credible as possible because the ex-
perimenter is an expert in verbal-lie detection 
and will read your statement to evaluate it as 
credible or not. If the experimenter would con-
sider your statement as credible, you will have 
the chance to win an extra 50£ compensa-
tion by participating in a draw. 

We are aware that AI-assistant tools (e.g., 
ChatGPT) are increasingly used for tasks on 
Prolific. Please do not use it for this task. We 
seek to understand how humans write these 
statements. If you feel unable to do the task, 
please leave this spot open for others. 

 

In the first task we asked you to lie about your 
experience with “Being involved in a car 
accident”. 

Now we ask you to provide the truthful ver-
sion of the same story. 

This means you should provide a complete 
truthful statement of what happened, with-
out omitting relevant information or adding 
made-up details, as you may have done before! 

Make sure to use correct spelling and gram-
mar and separate your sentences with punctu-
ation. Your statement should be at least 300 
characters. 
 
IMPORTANT: 
We are aware that AI-assistant tools (e.g., 
ChatGPT) are increasingly used for tasks on 
Prolific. Please do not use it for this task. We 
seek to understand how humans write these 
statements. If you feel unable to do the task, 
please leave this spot open for others. 

How did things really turn out? 
Now, re-write the truthful version of your 
statement here.  

Describe what happened, who was involved, 
where and when it took place, and why it was 
memorable to you. 
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Supplementary Material - 2 
 
Descriptive statistics  
Here we report the descriptive statistics (M, SD, Median) of the memory-
related variables associated with the events, such as the time elapsed 
since the event occurred (in months), frequency of recollection, im-
portance, accuracy of the recollection, and emotional valence (Table 3S). 
TABLE 3S. Descriptive statistics (M, SD, Median) of participants’ responses on 
anchored scales regarding the time elapsed since the event occurred (in months), 
frequency of recollection, importance, accuracy of the recollection, and emotional 
valence of the event.  
 

 M SD Median Range 

Time 

“how long ago did the event happen?” (in months) 

 

8.80 

 

6.69 

 

7 

 

0 - 24 

Recollection  

“how often do you think or talk about this event?” 

 

2.58 

 

1.09 

 

2 

 

1 - 5 

Importance 
“how important is this event to you?” 

 

3.28 

 

1.34 

 

4 

 

1 - 5 

Accuracy 

“how well do you remember this event?” 

 

4.04 

 

0.92 

 

4 

 

1 - 5  

Valence 
“how would rate this event in emotional terms?” 

 

-0.19 

 

0.7 

 

-0.5 

 

-1 - +1 
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Embedded lies per event 
Table 4S reports the descriptives (mean and standard deviation) of the 
absolute and standardized number of embedded lies split by events.  
TABLE 4S. Average absolute and standardized number of embedded lies per 
event.  
 

Events Absolute number of 
embedded lies 

Standardized number of 
embedded lies 

A job interview for your dream job 5.53 (3.68) 0.34 (0.20) 

Being hospitalized and undergo-
ing surgery 

5.91 (3.87) 0.30 (0.18) 

Being involved in a car accident 4.89 (2.36) 0.31 (0.18) 

Causing a car accident 5.20 (3.59) 0.22 (0.16) 

Cheating on an exam 4.19 (3.37) 0.28 (0.15) 

Cheating on your partner 6.75 (4.33) 0.31 (0.17) 

Ending a long romantic relation-
ship 

5.66 (3.38) 0.33 (0.23) 

Getting a speeding fine 4.63 (2.08) 0.34 (0.21) 

Getting fired 5.38 (3.46) 0.36 (0.22) 

Missing a deadline at work be-
cause of bad organization 

4.97 (3.27) 0.34 (0.21) 

None of them 4.50 (2.92) 0.30 (0.19) 

Taking the bus/train without the 
ticket 

4.00 (2.20) 0.35 (0.19) 

Note. Standard deviation is reported in brackets. 
  



 

218 

 

Correlational analysis 
In Figure 1S we show the significant Spearman’s rank correlations be-
tween the lying profile and BIDR scales and the dependent variables as-
sociated with embedded lies. 
FIGURE 1S. Correlation matrix. 

 
Note. Only significant correlations with p < .05 that survived FDR correction for multiple 
comparisons are reported. 

Abbreviations: 
Num_embedded_lies = number of embedded lies 
Stan_num_embedded_lie = standardized number of embedded lies 
BIDR = Balanced Inventory of Social Desirability Responding scale 
SDE = self-deception enhancement subscale of BIDR 
IM = impression management subscale of BIDR 
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Individual differences 
After excluding participants who preferred not to express their gender, 
expired, or revoked their consent to show gender-related data (n = 6), we 
tested for gender differences in the variables of interest. Specifically, re-
sults from a permutation t-test (nperm = 9.999) revealed a significant differ-
ence between males (M = 4.68, SD = 2.29) and females (M = 5.26, SD = 
3.39) in the absolute number of embedded lies (diff = 0.58 ± 0.20, p = 0.003, 
d = 0.18 [0.06, 0.31]) but not in the standardized number of embedded 
lies (diff = 0.01 ± 0.01, p = 0.41, d = 0.05 [-0.07, 0.17]). Therefore, these find-
ings suggest that the difference in gender was mainly driven by state-
ments’ length.   
There was another gender difference for the average deceptiveness 
scores (diff = 0.11 ± 0.05, p = 0.03, d = 0.14 [0.02, 0.26]), with females (M = 
3.98, SD = 0.79) reporting higher values than males (M = 3.88, SD = 0.77), 
but not for the average centrality scores (diff = 0.01 ±  0.05, p = 0.85, d = 
0.01 [-0.11, 0.14]). Using Spearman’s rank correlations, we found only a 
small but significant positive correlation between age and deceptiveness 
(rho = 0.075, S = 172823388, p = 0.015). However, we found no significant 
correlation between age and the absolute number of embedded lies, the 
standardized number of embedded lies, as well as age and centrality 
scores (Table 5S).   
TABLE 5S. Spearman’s rank correlations between age and the dependent varia-
bles. 
 

Variables rho S p Significance (p <.05) 
Age - Absolute no. of 
embedded lies 

-.046 178303408 .137 No 

Age - Standardized no. 
of embedded lies 

.002 186940849 .99 No 

Age - Deceptiveness .075 172823388 .015 Yes 

Age - Centrality .03 180713689 .28 No 
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Supplementary Material - 3 
 
Clusters of liars 
Following the original procedure in Makowski et al., (2023), we investi-
gated the presence of subpopulations of liars by clustering participants’ 
scores at the four-factor lying profile questionnaire. The only difference 
with the original procedure was that we used the lying profile scores 
corrected for social desirability. The correction procedure employed a 
Generalized Linear Model (GLM) approach to regress out the scores of 
each lying profile factor (i.e., LIE_Ability, LIE_Contextuality, LIE_Fre-
quency, LIE_Negativity) for social desirability effects (i.e., SDE and IM). 
The adjusted scores were calculated using the adjust function from the 
datawizard package in Rstudio. In our dataset, the agreement method 
procedure suggested an optimal solution with two clusters and a second 
solution with three clusters. This final two-cluster solution, that we re-
ported in the main text, reflected the trickster and the virtuous clusters 
from the original study. 
However, with the aim of replicating the findings of the original study, 
we also applied the k-means algorithm to compute the three-cluster so-
lution. As shown in Fig. 2S Panel D, the obtained clusters were very dif-
ferent from the original ones (see Fig. 2S Panel A). Specifically, we found 
a group of participants with very low self-reported lying ability, fre-
quency and contextuality, and strong negative emotions and moral atti-
tudes associated with lying, that closely resembled the virtuous cluster 
(40.88% of the sample). A second group of participants (26.20%), which 
should reflect the Average cluster in the original paper, actually, showed 
average levels of frequency and contextuality, higher levels of negative 
attitudes and, unexpectedly, extremely high levels of ability. This differ-
ent score distribution makes this group less analogous to the original 
one. The third group, which should reflect the trickster (32.92%) in the 
original paper, was composed by people showing very low levels of neg-
ativity, extremely high levels of frequency and contextuality and high 
levels of ability (but less high than in the original paper).    
To investigate whether the correction procedure altered the clustering 
output, we replicated the same analytical procedure as in Makowski et 
al., (2023), but this time using the raw lying profile scores. The dataset 
was deemed suitable for clustering (Hopkins’ H = 0.27). However, the 
method agreement procedure again supported the existence of 2 clusters, 
as indicated by 12 methods out of 29 (41.38%). For replication issues, we 
applied the k-means clustering algorithm and compared the results 
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when obtaining two and three clusters, respectively. The former ac-
counted for 37.76% of the total variance of the original data, and the latter 
accounted for 48.98%.  
When grouping participants into two clusters (Fig. 2S, Panel B), we 
found a group of people resembling the virtuous cluster in the original 
study and a group of people resembling the Average cluster, but with a 
lower level of reported frequency. In contrast, when participants were 
grouped into three clusters (Fig. 2S, Panel C), we obtained a more similar 
output, yet we failed to fully replicate the original findings due to the 
frequency scores being overall lower than in the original study. 
FIGURE 2S. Radar plot of the average values of the four lying profile factors in 
the two- and three-cluster solutions. 

 
Here we report in Table 6S the results of the paired permutation t-test on 
the differences between trickster and virtuous in the absolute and stand-
ardized number of embedded lies, deceptiveness, and centrality scores. 
No significant differences were found.  
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TABLE 6S. Embedded lies and associated measures between trickster and virtu-
ous profiles.  
  

 M (SD) diff (SD) p d 95% CI 

  
Trickster 

 
Virtuous 

    

       
Absolute no. 
of embedded 
lies 

4.91 (3.16)                 5.19 (3.35) -0.29 (0.20) .15 -0.09 -0.21, 0.03 

Standardized 
no. of embed-
ded lies 

0.32 (0.19) 0.33 (0.21) -0.003 (0.01) .78 -0.02 -0.14, 0.10 

Deceptiveness 3.94 (0.81) 3.94 (0.75) -0.01 (0.05) .99 -0.002 -0.12, 0.12 

Centrality 
 

3.57 (0.80)                3.53 (0.84) 0.04 (0.05) .46 0.05 -0.08, 0.17 

Note. The table reports means (M) and standard deviations (SD) for each variable. The 
mean differences (diff), p-values, Cohen’s d effect size, and 95% confidence intervals (CI) 
for the differences come from a permutation t-test with 9.999 permutations. 
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Supplementary Material - 4 
 
Machine-learning classification 
State-of-the-art ML models were employed in a classification task to dis-
tinguish truthful from deceptive statements with embedded lies. We 
adopted two approaches: a simpler approach where a Random Forest 
(RF) model was trained on extracted linguistic features, and a more so-
phisticated approach that involved fine-tuning pre-trained language 
models. 
 
Random forest models  
The simpler approach consisted of training four Random Forest (RF) 
models in a binary classification task using as features a Bag of Words 
representations (BOW, Ignatow & Mihalcea, 2017), LIWC variables 
(Boyd et al., 2022), DeCLaRatiVE variables (Loconte et al., 2023), and 
GPT-embeddings14. RF is an ensemble learning technique that leverages 
multiple decision trees in the training phase to then select as a final out-
put the most frequent prediction from the individual trees. Below, we 
provide the details on how we proceeded for the feature extraction: 

§ BOW: we used a bag-of-words representation of unigrams, 
bigrams, and trigrams to train the model. The bow model 
was applied on preprocessed text. Preprocessing included 
lowercasing, lemmatization and the removal of stop-words. 
We then included only n-grams that were present at least 5% 
of times across documents to exclude rare-words. This bow 
representation consisted of a vector of length 158. 

§ LIWC: we used the LIWC-22 software to extract 117 syntac-
tic and semantic features from raw text. All features were 
included in the training phase.  

§ DeCLaRatiVE: we followed the procedure described in Lo-
conte et al., (2023), and we extracted 26 linguistic features 
associated with four theoretical frameworks of deception 
(i.e., Distancing, Cognitive Load, Reality Monitoring, and 
Verifiability approach). All features were employed to train 
the model. 

 
14 https://platform.openai.com/docs/guides/embeddings/  

https://platform.openai.com/docs/guides/embeddings/
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§ GPT-embeddings: the embedding representation was ex-
tracting using the OpenAI embeddings models15. Specifi-
cally, we employed the text-embedding-3-large model and, 
following OpenAI guidelines, we specified a vectorial di-
mension of 256 using the dimension parameter. This allowed 
us to have a meaningful statement representation without 
falling in the dimensionality curse (i.e., when the number of 
features exceeds the number of observations).  

The training-test procedure employed a nested cross-validation frame-
work. Specifically, it consisted of an inner loop repeated across 10 folds 
for hyperparameter optimization and an outer loop across 10 folds for 
model performance evaluation. The hyperparameter optimization was 
conducted through Grid Search. Once, the best hyperparameter combi-
nation was identified in the inner loop, it was then used to train the 
model on the entire training set in the outer loop. Models’ performance 
was evaluated in terms of accuracy, precision, recall and F1 score. 
 
Fine-tuning language models  
The value of leveraging language models lies in two key areas: the robust 
numerical representation of natural language learned during the pre-
training phase and the ability to adapt the model to a downstream task 
with minimal fine-tuning of the parameters in the final layer(s), without 
altering the underlying architecture. Fine-tuning can be accomplished 
through further training on task-specific data, which improves the mod-
el's capacity to generate coherent and contextually relevant text that 
aligns with the target task.   
To assess models’ performance in a robust manner we conducted a 5-
fold cross-validation, ensuring that both truthful and deceptive state-
ments from the same participants were either present in training test or 
in test set. This procedure was employed to avoid information leakage 
and biased performance metrics. Models’ performance was assessed in 
terms of accuracy, precision, recall and F1 score. For our analysis, we 
tested the performance of fine-tuned versions of distilBERT (Sanh et al., 
2019), FLAN-T5 base (Chung et al., 2022), and Llama-3-8B (Grattafiori et 
al., 2024). All language models, with the exception of the deception lan-
guage model, were freely available through Hugginface platform. 
DistilBERT is a smaller, faster, and cheaper version of the original BERT 
base model. It was trained by distillation meaning that it was trained to 

 
15 https://platform.openai.com/docs/guides/embeddings/embedding-models  

https://platform.openai.com/docs/guides/embeddings/embedding-models
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predict the same probabilities as the original BERT model (https://hug-
gingface.co/docs/transformers/en/model_doc/distilbert ). In the pre-
sent study, distilBERT was fine-tuned using the following configuration 
of parameters: learning rate 5e-5; weight decay coefficient: 0.01; batch 
size: 32; number of epochs: 3.  
FLAN-T5 is a text-to-text general model developed by Google research-
ers and capable of solving many NLP task, such as sentiment analysis, 
question answering, and machine translation (https://hugging-
face.co/docs/transformers/model_doc/flan-t5). Among the several 
versions available we employed the FLAN-T5 base, which was fine-
tuned with the following configuration: learning rate 5e-5; weight decay 
coefficient: 0.01; batch size: 2; number of epochs: 3. 
Llama-3 model is the most refined version of Llama models, i.e., an open-
source collection of foundation language models, developed by Meta AI 
(https://huggingface.co/docs/transformers/en/model_doc/llama3 ). 
This generation of Llama models demonstrated state-of-the-art perfor-
mance on a wide range of benchmarks and showed improved reasoning. 
We employed the version with eight billion of parameters (Llama-3-8B), 
which was fine-tuned with a quantized low rank optimization (QLoRA) 
procedure and the following configuration: learning rate 1e-4; weight de-
cay coefficient: 0.01; batch size: 2; number of epochs: 3.  
The deception language model is a fine-tuned version of a FLAN-T5 base 
model to classify deceptive statements. In the original study, the decep-
tion language model was fine-tuned in three datasets encompassing 2500 
personal opinions, 5506 autobiographical memories, and 1640 future in-
tentions, reaching 79.31% accuracy (Loconte et al., 2023). For this study, 
the deception model was employed as it is to predict deception in our 
dataset without further fine-tuning. 
 
Exploratory explainability analysis 
Here, we report the exploratory explainability analysis we conducted on 
the Llama-3 model and deception language model in terms of correla-
tions between deception class probabilities and embedded lies-depend-
ent variables (Table 7S) and differences between correct and incorrect 
classifications in those dependent variables (Table 8S). 
 
 
  

https://huggingface.co/docs/transformers/en/model_doc/distilbert
https://huggingface.co/docs/transformers/en/model_doc/distilbert
https://huggingface.co/docs/transformers/model_doc/flan-t5
https://huggingface.co/docs/transformers/model_doc/flan-t5
https://huggingface.co/docs/transformers/en/model_doc/llama3
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TABLE 7S. Spearman’s rank correlations between class probability for deceptive 
statements and the dependent variables in the Llama-3 and deception language 
model.   
 

Model Variables rho S p 

Llama-3-8B model Absolute no. of embedded 
lies 

.10 170216978 .0009* 

 Standardized no. of embed-
ded lies 

.10 170565831 .001* 

 Deceptiveness .05 180010090 .10 

 Centrality .05 180335919 .11 

Deception language 
model 

Absolute no. of embedded 
lies 

.09 171758230 .004* 

 Standardized no. of embed-
ded lies 

.01 185868739 .645 

 Deceptiveness -.02 191376556 .630 

 Centrality -.03 193262992 .421 

Note. Positive correlations mean that the class probability of being deceptive (range 0.5 – 
1.0) is higher when the dependent variable of interest is higher.  
* p < .01 
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TABLE 8S. Embedded lies and associated measures between correct and incor-
rect classifications in the Llama-3-8B and deception language model.    
 

Model Variables M (SD) diff (SD) p d 95% CI 

  Correct Incor-
rect 

    

Llama 
3-8B 
model 

Absolute no. of 
embedded lies 

5.31 
(3.39) 

4.43 
(2.83) 

0.88 
(0.22) 

.0001* 0.27 0.14, 0.40 

Standardized no. 
of embedded lies 

0.34 
(0.21) 

0.29 
(0.19)         

0.04 
(0.01) 

.0005* 0.22      0.09, 0.35 

Deceptiveness 3.95 
(0.80)  

3.92 
(0.76)             

0.03 
(0.05)  

.6238 0.03 0.10, 0.16 

Centrality 3.57 
(0.81) 

3.50 
(0.85)            

0.07 
(0.05)  

.2212  0.08       -0.05, 0.21 

Decep-
tion  
language 
model 

Absolute no. of 
embedded lies 

4.90 
(3.30) 

5.10 
(3.22) 

-0.20 
(0.21) 

.3475 -
0.06 

-0.19, 0.07 

Standardized no. 
of embedded lies 

0.33 
(0.21) 

0.32 
(0.20)         

0.02 
(0.01) 

.2192 0.08      -0.05, 0.21 

Deceptiveness 3.93 
(0.83) 

3.94 
(0.77)           

-0.02 
(0.05)  

.7446 -
0.02 

-0.15, 0.11 

Centrality 3.58 
(0.87) 

3.53 
(0.80)           

0.05 
(0.05)  

.4156  0.06       -0.07, 0.18 

Note. The table reports means (M) and standard deviations (SD) for each variable. The 
mean differences (diff), p-values, Cohen’s d effect size, and 95% confidence intervals (CI) 
for the differences come from a permutation t-test with 9.999 permutations.  

* p < .01 
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Chapter 5 
 
Humans incorrectly reject 
confident accusatory AI 
judgments 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter is based on: Loconte, R., Monaro, M., Pietrini, P., 
Verschuere, B., & Kleinberg, B. (2026). Humans incorrectly reject con-
fident accusatory AI judgments. Computers in Human Behavior, 109019. 
https://doi.org/10.1016/j.chb.2026.109019  

https://doi.org/10.1016/j.chb.2026.109019
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Abstract  
Automated verbal deception detection using methods from Artificial In-
telligence (AI) has been shown to outperform humans in disentangling 
lies from truths. Research suggests that transparency and interpretability 
of computational methods tend to increase human acceptance of using 
AI to support decisions. However, the extent to which humans accept AI 
judgments for deception detection remains unclear. We experimentally 
examined how an AI model’s accuracy (i.e., its overall performance in 
deception detection) and confidence (i.e., the model’s uncertainty in sin-
gle-statement predictions) influence human adoption of the model’s 
judgments. Participants (n=373) were presented with veracity judgments 
of an AI model with high or low overall accuracy and various degrees of 
prediction confidence. The results showed that humans followed predic-
tions from a highly accurate model more than from a less accurate one. 
Interestingly, the more confident the model, the more people deviated 
from it, especially if the model predicted deception. We also found that 
human interaction with algorithmic predictions either worsened the ma-
chine’s performance or was ineffective. While this human aversion to ac-
cept highly confident algorithmic predictions was partly explained by 
participants’ tendency to overestimate humans’ deception detection abil-
ities, we also discuss how truth-default theory and the social costs of ac-
cusing someone of lying help explain the findings. 
Keywords: deception, verbal deception detection, human-AI interaction, 
decision-making, AI explainability 
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1. Introduction 
Detecting deception remains one of the most challenging tasks for re-
searchers and practitioners. Traditional methods often rely on subjective 
cues or limited behavioral indicators (DePaulo et al., 2003; Hartwig & 
Bond, 2011), making consistent and accurate detection difficult (Bond & 
DePaulo, 2006; Hartwig & Bond, 2014). Recent advances in artificial in-
telligence (AI) offer promising tools to enhance deception detection by 
analyzing complex patterns in language (Constancio et al., 2023; Hauch 
et al., 2015), improving both accuracy and scalability.  
However, in high-stakes domains, such as in the legal domain, where 
outcomes directly impact individuals’ lives, delegating decisions to ma-
chines is strongly disapproved, underscoring the need for including hu-
mans in the loop to oversee machine limitations (Kotsoglou & Oswald, 
2020; Orsini et al., 2025; van Dijck, 2022). This remarks the need for more 
research on how humans can benefit from the AI assistance while retain-
ing responsibility for their final decisions and, at the same time, under-
standing under which conditions AI-based judgments on the credibility 
of statements are endorsed or rejected by human decision-makers. 

1.1 Human deception detection 
Decades of research suggest that humans are truth-biased and tend to 
judge statements as truthful more frequently and to be more accurate in 
detecting truthful statements than deceptive ones. This truth bias is ex-
plained by the truth-default theory (TDT; Levine, 2014). According to 
TDT, people generally assume honesty in communication because de-
ception is quite rare, and its occurrence is limited to a few prolific liars 
(Levine, 2014; Serota et al., 2010). Indeed, deception is a strategic act that 
typically occurs only when truthfulness obstructs personal goals (Lev-
ine, Kim, & Blair, 2010; Levine, Kim, & Hamel, 2010). As a consequence, 
people become suspicious only in case of strong triggers that disrupt this 
default truth assumption (e.g., hidden goals, inconsistencies, or third-
party warnings).  
Another robust finding is that humans are poor at detecting deception. 
More specifically, meta-analytical evidence indicates that laypeople’s 
performance in discriminating between deceptive and truthful state-
ments is no better than chance level (Hartwig & Bond, 2011, 2014). Ad-
ditionally, expertise in the field (e.g., being a police officer dealing with 
potentially deceptive suspects) does not significantly improve the detec-
tion rate (Bond & DePaulo, 2006). In contrast, when relying on evidence-
based tools (e.g., Criteria-Based Content Analysis, Reality Monitoring), 
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interviewing strategies (e.g., Strategic Use of Evidence, Imposing cogni-
tive load), and heuristics (e.g., detailedness), human deception detection 
can be around 70% (Amado et al., 2016; Gancedo et al., 2021; Hartwig et 
al., 2014; Sporer et al., 2025; Verschuere et al., 2023; Vrij et al., 2008). 
However, these traditional deception detection methods require either a 
one-on-one interaction, especially for strategic interviewing, or human 
involvement in scoring verbal transcripts for content analysis, making 
scalability expensive in terms of time and resources (Kleinberg et al., 
2019b). Moreover, 70% accuracy is often considered low and unsatisfac-
tory when applied to real-life and sensitive settings (Kleinberg et al., 
2019a). A potential avenue for overcoming these limitations lies in the 
utilization of computational approaches to estimate the credibility of 
statements.  

1.2 Computational approaches  
Advancements in computational methods for deception detection have 
been made possible thanks to progress in computers, machine learning 
(ML), and natural language processing (NLP), enhancing both scalability 
and objectivity.  
For example, focusing on the well-established knowledge that “lying 
takes time” (Suchotzki et al., 2017), early computer-aided approaches in-
vestigated deception detection through the analysis of mouse (Monaro 
et al., 2017) and keyboard dynamics (Monaro et al., 2018), while more 
recent research trained ML models on response latencies and error rates 
to unexpected questions (Melis et al., 2024). On the other hand, studies 
focusing on computer vision developed ML models trained at detecting 
deception through the analysis of facial expressions (see Delmas et al., 
2024, for a review of studies).  
Among all the computational approaches available, those based on tex-
tual data – combining techniques from NLP and ML models - are the 
most useful because they can be applied to automate manual credibility 
assessment methods (e.g., Reality Monitoring, Verifiability Approach) 
and can be used in combination with interviewing techniques. For exam-
ple, one study employed the proportion of unique named-entities (NER) 
as a proxy of verifiable details to detect positive and negative deceptive 
hotel reviews, reaching an area under the curve (AUC) of 0.67 and 0.65, 
respectively (Kleinberg et al., 2017). Another study relied on a pretrained 
language model (i.e., Bidirectional Encoder Representations from Trans-
formers - BERT) to detect deceptive utterances in a dataset of transcripts 
of trial hearings, reaching 71.61% accuracy (Pérez-Rosas et al., 2015). Fi-
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nally, another work showed that ML algorithms significantly outper-
formed naïve (accuracy= 54.7%) and expert judges (accuracy= 59.4%) in 
detecting deception from transcripts of interviews with unexpected 
questions when trained both on theory-led (accuracy=69.4%) and data-
driven features (accuracy=77.3%) (Loconte et al., 2025).  
However, computational approaches for credibility assessment are not 
yet applied in real-life situations. Previous research has shown that these 
models show a broad range of accuracy (from 60% to 90%) and have lim-
ited generalisability to different domains (Kleinberg et al., 2019; Loconte 
et al., 2023; Velutharambath & Klinger, 2023). Nevertheless, we might 
imagine a near future where these limitations might be easily overcome 
and new language models on deception become available. If this is the 
case, a key problem with automated verbal deception detection is the 
inherent difficulty of relying exclusively on AI-based predictions in 
high-stakes domains. In fact, in sensitive contexts, such as forensic set-
tings, delegating decisions to machines has been strongly disapproved, 
while including humans in the loop has been encouraged (Kotsoglou & 
Oswald, 2020; Orsini et al., 2025; van Dijck, 2022). Therefore, further re-
search is needed on how humans can be effectively integrated into the 
loop to benefit from AI assistance while retaining responsibility. In fact, 
while hybrid decision-making has already been commonly used in 
online content moderation (Jhaver et al., 2019)and is becoming more 
popular in medical diagnoses (Bulten et al., 2020), it remains understud-
ied in the context of deception detection.  

1.3 Hybrid decision-making in deception detection  
Hybrid decision making consists of integrating human oversight into AI 
predictions, allowing decision-makers to leverage AI’s analytical 
strengths and scalability while maintaining responsibility. The rationale 
behind hybrid decision-making is that AI-based judgments are provided 
to the human decision-makers to obtain an overall better performance 
than either mode in isolation.  
In the context of deception detection, previous research investigated hy-
brid decision-making by integrating supervised ML with human judg-
ment and comparing the combined performance to that of each modality 
in isolation (Kleinberg & Verschuere, 2021). While ML alone achieved a 
classification accuracy of 69%, human involvement, by fully overruling 
or adjusting within given boundaries the AI-based predictions, did not 
significantly improve the deception detection performance and brought 
the accuracy back to chance level (Kleinberg & Verschuere, 2021).  
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Related work has built on that framework and examined how the avail-
ability of a lie-detection algorithm influences human judgment (von 
Schenk et al., 2024). Participants either received no algorithmic aid (con-
trol condition), were always shown AI predictions (forced condition), or 
could choose to access these predictions (choice condition). Notably, al-
gorithmic availability altered social dynamics: participants were less 
willing to accuse others without AI support, but those who actively 
sought and relied on algorithmic predictions (choice condition) were 
more likely to follow accusatory predictions, compared to those who 
were passively exposed in the forced condition. 
Together, these findings challenge the assumption that human-AI col-
laboration inherently improves decision-making and underscore the 
complexity of designing effective hybrid systems. In fact, integrating AI 
into human decision-making is not merely a technical problem but also 
a psychological and social challenge. One common limitation in these 
two studies is that both lacked manipulation of the information provided 
to participants about the model’s overall performance (i.e., accuracy) and 
uncertainty scores (i.e., confidence) for individual predictions.  Indeed, 
previous studies found accuracy and confidence as key drivers of human 
trust in AI models. It was found that higher AI stated and observed ac-
curacy reliably increased user reliance (Alufaisan et al., 2021; He et al., 
2023; Yin et al., 2019). Similarly, AI confidence levels influenced human 
self-confidence (Li et al., 2024; Zhang et al., 2020), with alignment effects 
persisting beyond the interaction (Zhang et al., 2020).  This leaves open 
the question of whether more fine-grained information—such as infor-
mation on the model’s accuracy and prediction confidence— affects hy-
brid decision-making on deception detection in a more nuanced way. In 
other terms, we need to understand under which conditions automated 
judgments on the veracity of statements are endorsed or rejected by hu-
man decision-makers, and whether this interplay is beneficial for im-
proved verbal deception detection. 

1.4 The present study  
The current study adds to research on hybrid human-machine deception 
detection by explicitly incorporating and manipulating information 
about (1) the overall accuracy of the AI model, (2) the AI uncertainty for 
individual predictions, and (3) the final veracity judgment of the AI 
model. To this aim, we developed an experimental task in which partic-
ipants made veracity judgments about statements presented in contexts 
relevant to lying and were provided with the predictions of a fictitious 
AI-based classifier for deception detection.  
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We conducted a 2 (Accuracy: low=54% vs high=89%) by 5 (Confidence: 
indecisive, poorly confident, moderately confident, confident, very con-
fident) by 2 (Classification: truthful vs deceptive) mixed-design experi-
ment. The experimental design allows us to isolate the effects of AI 
model characteristics on human deception judgments when interacting 
with the model. We hypothesized a two-way interaction between Accu-
racy and Confidence:  for a very accurate model (=89%), humans deviate 
less from AI predictions when these are made with high confidence com-
pared to low confidence predictions; for a low-accuracy model, confi-
dence does not exert any effect in human deviations, as the underlying 
predictions are inherently inaccurate regardless of confidence level.  
A second research question entails whether information on the model’s 
accuracy and confidence can improve verbal deception detection in the 
hybrid modality than with the AI mode in isolation. To reply to this re-
search question, we relied on the receiver operating characteristic (ROC) 
framework to test the diagnostic power of AI- and human AI-assisted 
judgments and compared the areas under the curve (AUC) to seek po-
tential differences under the two accuracy conditions.  

2. Materials and Methods 

2.1 Participants 
We recruited 493 participants fluent in English from the general popula-
tion through Prolific16. Each participant provided informed consent. 
Participants were excluded if they failed at least one of two attention 
checks. The first one consisted of asking participants to position two slid-
ers at designated points during the task (i.e., -20 and 33). However, since 
a few participants provided feedback and reported that the slider might 
have shifted slightly after submission, we were more lenient and re-
tained participants whose responses deviated by only ± 2 points, exclud-
ing n=66 participants. The second attention check consisted of asking 
participants, after the task, to recall the model’s accuracy in a multiple-

 
16 An a priori power analysis was conducted using G*Power (Faul et al., 
2007) to establish the required number of participants. The results indi-
cated that a sample size of 454 is sufficiently large to achieve a statistical 
power (1-β) of 0.95 in a mixed design with repeated measures (no. meas-
urements = 10) involving two experimental conditions, given a signifi-
cance level of α = 0.01, a small effect size (0.1), low correlation between 
repeated measures (0.1), and a non-sphericity correction ε = 0.1. 
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choice question with six answer options, excluding n=52 participants. 
After data collection, we checked for the presence of any outliers for the 
time taken to complete the task. Participants were considered outliers if 
they completed the task in a time that was two standard deviations lower 
than the average value, but any outlier was detected. Finally, we checked 
for careless responding consisting of more than three consecutive iden-
tical responses (using the careless package in R; Johnson, 2005). Two par-
ticipants were removed as they provided four and eight consecutive 
identical responses, respectively. The final remaining sample consisted 
of 373 participants (52.28% females, 47.72% males) with a mean age of 
39.42 years (SD=13.61, range: 18-72).  

2.2 Study design  
The experimental design was 2 (Accuracy: low vs high, between-sub-
jects) by 5 (Confidence: indecisive vs poorly confident vs moderately 
confident vs confident vs very confident, within-subjects) by 2 (Classifi-
cation: truthful vs deceptive, within-subjects). Specifically, participants 
were randomly assigned to one of the two Accuracy conditions 
(low=54% vs. high=89%). Accuracy conditions were manipulated in the 
task by showing participants a number of correct predictions equivalent 
to the model’s accuracy rate (e.g., the model with 89% accuracy showed 
89% of the time a correct prediction). Additionally, for correct predic-
tions, the veracity and confidence condition of the statement was also 
kept. In contrast, when a prediction was incorrect, the confidence range 
and value remained randomly assigned but flipped. Confidence was ma-
nipulated within-subjects, with participants evaluating ten statements 
(half truthful and half deceptive) paired with twice five different confi-
dence levels (i.e., indecisive, poorly confident, moderately confident, confident, 
very confident). Statements were randomly paired with confidence levels 
and then with a random value from a specific confidence range (for 
truthful statements: indecisive = 0-9, poorly confident = 10-19, moderately 
confident = 20-29,  confident = 30-39, very confident = 40-50; for deceptive 
statements: indecisive = 0 - -9; poorly confident = -10 - -19; moderately con-
fident = -20 - -29; confident = -30 - -39; very confident = -40 - -50). Classifi-
cation, i.e., whether the AI model predicted that statement as truthful or 
deceptive, was inherently manipulated within subjects. Positive values 
of confidence represented predictions of truthfulness, while negative 
values represented predictions of deception. Values equal to zero were 
excluded from the analysis. 
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2.3 Stimuli  
Statements were selected from a subset of a validated dataset of past au-
tobiographical experiences deemed relevant for lying (Loconte et al., 
2025). The deception involved in the original dataset was in the form of 
embedded lies. Specifically, we selected a total of 406 statements (203 
truthful and 203 deceptive) about i) being hospitalised and undergoing 
surgery, ii) being involved in a car accident, iii) causing a car accident, 
and iv) missing a deadline at work because of bad organisation (see Ta-
ble 1).  
The instruction for the main task reads as follows:  

📖  In this experiment, you will read twelve short statements about past expe-
riences that are either truthful or lies.  
Your task is to guess whether each statement is truthful ✅  or a lie 🤥  
These statements were randomly selected from a larger dataset containing both 
truthful and deceptive statements.  
To help you with your task, we provide you with the predictions of a lie detec-
tion algorithm based on artificial intelligence (AI) 🤖 .  
You'll see an example on the next pages.  

Please note that you should read the statements carefully, as after the 
task, you will also have to take a quick quiz. The quiz serves to validate 
your participation. 

Please read the following statement carefully: 

Topic: Being hospitalised and undergoing surgery 

Context: They might have lied to exaggerate some side effects and receive extra 
compensation from the health insurance. 

Statement 1: I was hospitalised for almost three months. I was sick, like really 
sick and doctors were unable to identify what is the problem. They kept me in 
hospital for almost a month just to keep on doing blood test and taking samples 
on my body, until they found out I'm diagnosed with lupus. It was a hard 
journey, I stated attending Albert Luthuli hospital for Rheumatologist, 
Ngwelezane hospital for Dermatologist, until I get better. 

The experiment was implemented in a web app designed with the Py-
thon-based library Streamlit (v.1.45.0; screenshots of the task available 
here: https://osf.io/28avp/files/4ta5x ). 
  

https://osf.io/28avp/files/4ta5x
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TABLE 1.    Context for lying, verbatim example of a statement, total number of statements, and average number of words (and 
SD) per topic.  
 

Topic Context for lying Example statement No. of 
state-
ments in 
topic 

Average no. 
of words 
(and SD) 

Being hospital-
ised and under-
going surgery 

The author of the 
statement might 
have lied to exagger-
ate some side effects 
to receive extra com-
pensation from the 
health insurance 

Six months ago I underwent planned surgery to remove a very 
large cyst from my scalp and several medium sized cysts. The sur-
gery took longer than planned and as a result I was very unwell 
afterwards. It took me some time to come round whilst in recov-
ery. The effects of general anaesthetic and anti-emetic drugs 
caused me to be violently sick, I could not even keep water down. 
I was rushed to another hospital and admitted to a ward for ob-
servation and to administer fluids via a drip. I waited four years 
for this surgery, during this time my details were lost and several 
appointments cancelled due to strikes and other issues. If I had 
received the surgery earlier, the procedure would not have taken 
so long and I would not have been so unwell after the surgery. 

138 157 (95.4) 

Being involved 
in a car accident 

The author of the 
statement might 
have lied to increase 
the claimed amount 
of damage received 
to later get more 
money from their in-
surance 

Last month, I was in a car accident exiting a mall. The street was-
n't all that busy and it was a fairly calm day. I arrived at the four 
way intersection to a red light and stopped accordingly. When the 
light turned green, I proceeded to make my turn when a car from 
the adjacent side ignored their red light and continued passing 
through and hit my car in the rear.  When I exited to confront the 
individual, they sped away. 

94 144 (76.7) 

Causing a car 
accident 

The author of the 
statement might 
have lied to describe 
the event in a way 

A morning i was driving my car to work and i was in a hurry 
because i was going to late. As i driving i reached traffic lights 
that was at that moment red. When the traffic lights became green 
i start moving again and all of a sudden the car in front of me 

30 169 (88.3) 
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Topic Context for lying Example statement No. of 
state-
ments in 
topic 

Average no. 
of words 
(and SD) 

so that it's not their 
fault. 

stopped withour a reason, causing me to collide with it. The 
woman driving the car, came out of the car and she was yelling 
at me saying that i caued the accident. But the fault was on her, 
because she stopped suddenly without a reason and all of the 
other vehicles were moving and also as i noticed she was talking 
on her cellphone. In my point of view she shouldn't using her 
phone while driving and be more cautious about the traffic lights 
and the vehicles behind her. 

Missing a dead-
line at work be-
cause of bad or-
ganisation 

The author of the 
statement might 
have lied to find ex-
cuses that allow 
them not to appear 
forgetful or disor-
ganised. 

I missed a timeline of the important work, because of bad organ-
isation of my colleague. I have been trying my best, but they were 
putting the task on hold since the time has passed and now they 
are trying to convince everybody that was not their fault, but 
mine. I have repeated many times that the task is important to 
finish just before 2nd half of May and now there is a lot of to catch 
up, but they preferred to be passive and take a lot of brakes caus-
ing the delay in the job accolated to our team. Now everyone has 
to work on the task, but our client is losing his patience and judge 
the whole company by the laziness of the teammates. 

144 127 (65.5) 

Note. Example statements are reported verbatim
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2.4 Procedure 
Participants read twelve statements (i.e., ten experimental statements 
and two attention checks) and were instructed to 1) act as a judge, 2) read 
each assigned statement paired with a fictitious AI judgment, and 3) de-
cide whether the statement was truthful or deceptive. The AI judgment 
was displayed in the form of a slider with a continuous scale from -50 to 
+50 and 0 as a midpoint. Specifically, values from -50 to 0 represented 
deceptive statements, and values from 0 to +50 represented truthful 
statements. Values closer to the extremes of the slider (i.e., -50 or 50) rep-
resented very high levels of confidence, and values closer to 0 repre-
sented indecisive judgments. This range was intended to mimic class 
probabilities, which here was defined as confidence to ensure naïve un-
derstanding. Participants provided their judgment using another slider 
with the same scale. In this way, we measured participants’ judgments 
and uncertainty in one shot. This similarity across sliders also ensured 
participants a fair understanding of what confidence means (Figure 1). 
The slider of each judgment started at the indecisive midpoint of 0, and 
participants could freely move it in any direction.  

FIGURE 1. Illustration of participants’ and AI’s sliders for judgments.   

 
Note. The upper part of the figure depicts the AI judgment in the form of a slider, 
providing information about the overall veracity judgment plus the confidence 
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level. The lower part of the picture depicts the participant’s slider that will be 
used to provide the final judgment. 

The average duration of each trial (i.e., reading the statement and mak-
ing a judgment) was 49.03 seconds (SD=28.97, Median=43.72). After per-
forming the task, participants rated on a 10-point scale their level of mo-
tivation (1=Not at all,10=Very much), difficulty of the task (1=Very easy, 
10=Very difficult), familiarity with machine learning models (1=Not fa-
miliar at all, 10=Very familiar), and their performance in the deception 
detection task (1=Algorithm performance is better, 10=My performance 
is better) as well as that of the average human compared to the AI model 
(1=Algorithm performance is better, 10=Human performance is better). 
After the experiment ended, participants were thanked and debriefed 
about the fictitious nature of the AI model. Participants were remuner-
ated with GBP 1.80. The duration of the task was, on average, 21.46 
minutes (SD=51.94, Median=15.82). 

2.5 Analysis plan  
The main and preregistered analyses are reported in the Confirmatory 
analyses paragraph of the Results section. For the main analysis, we re-
scaled the judgments from -50 - +50 to 0-100 to have all values in the 
positive range. The dependent variable was computed as the difference 
between human judgment and AI judgment (∆y = yhuman – yAI), where 
positive values indicated that humans judged the statement as more 
truthful than the AI, and negative values indicated that humans judged 
the statement as more deceptive. We used a linear mixed model to ac-
count for the nested structure of the data, as each participant provided 
multiple judgments and each statement was judged multiple times. We 
determined the optimal model structure by comparing three nested lin-
ear mixed-effects models in predicting ∆y (see Supplementary Materials, 
SM 1). Based on the results, ∆y was modelled as a function of the main 
effects and full interactions of Accuracy (low = 54% vs. high = 89%), Con-
fidence (five levels: indecisive, poorly confident, moderately confident, 
confident, very confident), and Classification (truthful vs. deceptive) as 
fixed effects. The model included one random intercept for participants 
and one for statements, to account for individual- and stimulus-related 
differences in baseline deviation.  

As a robustness check, we re-run the same analysis by including 
as covariates participants’ scores on i) motivation, ii) difficulty of the 
task, iii) familiarity with ML models, and iv) goodness of their perfor-
mance and that of the v) average human compared to AI. All analyses 
were conducted in R, using the lme4 and lmerTest libraries. The alpha 
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level for statistical significance was 0.01, and effect sizes are reported 
with 99% confidence intervals. 

2.6 Exploratory analysis 

Given that one-fourth (n=120) of the sample was excluded from the anal-
ysis due to failing attention and statistical checks, we re-run our main 
analysis on the whole sample as a robustness check.  
Moreover, we also analyzed the data from a different perspective by ex-
amining absolute values of human deviations (|∆y| = |yAI - yhuman|), 
namely deviations from model predictions irrespective of whether par-
ticipants judged statements as more truthful or more deceptive. Put dif-
ferently, the analysis focused on the magnitude of the deviation rather 
than the direction of the deviation.  
Finally, since findings show that participants tend to deviate from AI 
predictions under specific conditions, we tested whether these human 
corrections improve detection between deceptive and truthful state-
ments. With this aim, we used the ROC framework, which evaluates the 
diagnostic power of a continuous response variable (here: the human 
judgment) by plotting sensitivity against 1-specificity across all possible 
thresholds. The area under the curve (AUC) quantifies this performance, 
ranging from 0 (=perfectly inaccurate) to 1 (=perfectly accurate), with 
0.50 indicating chance-level discrimination. Differences in AUC between 
conditions were tested using the DeLong test (DeLong et al., 1988).  

2.7 Ethics and transparency statement  
The experiment was designed in accordance with the Declaration of Hel-
sinki and was approved by the local ERB (code: TSB_RP1450). The study 
design, methods, hypotheses, and confirmatory analyses were preregis-
tered at: https://aspredicted.org/cxy6-t3sq.pdf. All data, materials, 
and the code to reproduce the analysis are available at 
https://osf.io/28avp/overview.  

3. Results 

3.1 Preliminary analysis  
Descriptive statistics of participants’ deviation from AI scores (∆y) across 
conditions are reported in Table S1.  

https://aspredicted.org/cxy6-t3sq.pdf
https://osf.io/28avp/overview
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A permutation t-test with 9,999 permutations indicated no difference be-
tween the high vs low accuracy condition in i) the motivation to perform 
the task well, ii) the perceived difficulty of the task, and iii) the level of 
ML familiarity (Table 2). However, participants in the low-accuracy con-
dition scored significantly higher on believing that AI performs worse 
than the average human compared to those in the high-accuracy condi-
tion, d=0.31 [99% CI: 0.04, 0.58]. Participants in the low-accuracy condi-
tion also scored significantly higher on believing that their own judg-
ments were better than AI judgments compared to the high accuracy 
condition, d=0.29 [0.02, 0.56].  
After computing participant-level averages for deviations (∆y) and ab-
solute deviations (|∆y|), associations with self-reported covariates us-
ing Spearman rank correlations were examined. Results indicated a 
small positive correlation between the average deviation (∆y) from AI 
predictions and participants’ belief that the average human performs 
better than the AI model (rs(371)=0.18, p=0.002). Small positive corre-
lations were also found between the average absolute deviation 
(|∆y|) and participants’ perception of outperforming the model 
(rs(371)=0.34, p<0.001) and individuals’ beliefs that the average human 
performs better than the AI model (rs(371)=.29, p<0.001). Correlations 
between the remaining covariates (i.e., motivation, difficulty, and ML fa-
miliarity) were not found to be significant (see Figure S1 in SM 2 for the 
correlation matrix). This suggests that participants who perceived the 
average human, or themselves, as more capable in spotting deception 
than the AI model tended to display larger deviations from the algorith-
mic predictions.  
TABLE 2. Mean, standard deviation, and Cohen’s d of the difference between 
covariates across accuracy conditions.   
 

 Accuracy low Accuracy high  

 Mean SD Mean SD d (99% CI) 

Motivation 8.75 1.43 8.66 1.53 0.06 (-0.21; 0.33) 

Difficulty  3.65 2.79 3.55 2.83 0.03 (-0.23; 0.30) 

ML familiarity  6.11 2.47 6.01 2.47 0.04 (-0.23, 0.31) 

AI vs Average Human 6.67 1.84 6.06 2.14 0.31 (0.04, 0.58) * 

AI vs Yourself 6.51 1.81 5.95 2.01 0.29 (0.02, 0.56) * 

Abbreviations: SD = Standard deviation; CI = Confidence intervals.   
* p < .01 
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3.2 Confirmatory analyses 
For the main analysis, a linear mixed-effects model was fitted with ran-
dom intercepts for participants and statements (see Table S2 in SM3). Us-
ing the anova( ) function, type III F-tests were conducted to investigate 
the main and interaction effects of the categorical predictors.  
The 2 (Accuracy: low vs. high) by 5 (Confidence: indecisive vs poorly 
confident vs moderately confident vs confident vs very confident) by 2 
(Classification: truthful vs deceptive) ANOVA showed significant main 
effects of Classification, a significant two-way interaction effect of Accu-
racy by Classification and Confidence by Classification, and a significant 
three-way interaction effect of Accuracy by Confidence by Classification 
(Table 3).  
TABLE 3. Type III Analysis of Variance for the Linear Mixed Model predicting 
human deviation. 

Effect Sum of 
Sq 

Mean 
Sq 

Num 
DF 

Den 
DF F-value 𝜂2 (99% CI) 

Accuracy  9 9 1 377.5 0.02 0.00 (0.00, 0.00) 

Confidence  928 232 4 180.0 0.46 0.01 (0.00, 0.05) 

Classification  514,132 514,132 1 3,425.6 1026.21** 0.23 (0.20, 0.26) 

Accuracy × Confidence 2,594 649 4 3,241.6 1.29 0.00 (0.00, 0.01) 

Accuracy × Classification 20,655 20,655 1 3,426.1 41.23** 0.01 (0.00, 0.02) 

Confidence × Classification 287,802 71,951 4 3,426.4 143.61** 0.14 (0.12, 
0.017) 

Accuracy × Confidence × 
Classification 8,370 2,092 4 3,426.4 4.18* 0.01 (0.00, 0.01) 

Note. For this model, the bobyqa optimiser was used to fit the model. Results are based on 
Satterthwaite’s approximation for degrees of freedom. In bold are reported significant F-
values. 
Abbreviations: Num DF= number of degrees of freedom; Sq = squares  
* p < .01, ** p < .001 

The main effect of Classification suggested that the human deviation 
from model predictions was significantly higher when the model pre-
dicted deceptive (M=19.40, SE=0.76) than when it predicted truthful 
(M=-5.25, SE=0.77), d=0.55 [0.50, 0.59]. 
For the two-way interaction of Accuracy by Classification, the human 
deviation from the model’s predictions of deceptiveness was signifi-
cantly higher for the low-accuracy model (M=21.80, SE=0.97) than for the 



 

 
 

245 

 

high-accuracy one (M=16.99, SE=0.99), d=0.13 [0.04, 0.22], moving the AI 
judgment towards more truthful but with a greater extent for the low-
accuracy model. Similarly, the average deviation from the model’s pre-
dictions of truthfulness was significantly more pronounced in the low-
accuracy condition (M=-7.79, SE=0.98) than in the high-accuracy condi-
tion (M=-2.71, SE=1.02), d=-0.13 [-0.22, -0.05]. The negative deviation val-
ues reflect participants changing the initial AI judgment towards more 
deceptive, but did so to a greater extent in the high-accuracy than in the 
low-accuracy. 
For the two-way interaction of Confidence by Classification, human de-
viation from AI predictions of deceptiveness increased significantly with 
each step up in the confidence range, except between the indecisive and 
poorly confident, and poorly confident and moderately confident range, 
suggesting that the higher the model’s confidence, the higher the human 
deviation from AI judgments of deception. Similarly, for AI predictions 
of truthfulness, deviations were significantly more pronounced across 
steps up in the confidence range, except between indecisive and poorly 
confident, and between moderately confident and confident (see Table 
S3 for pairwise contrasts in SM).  
Most importantly, we found a significant three-way interaction between 
Accuracy, Confidence, and Classification, which we unpacked by Accu-
racy (Figure 2).  
FIGURE 2. Average values of deviation ∆y across Accuracy (low vs. high), Con-
fidence (indecisive vs. poorly confident vs. moderately confident vs. confident 
vs. very confident), and Classification (deceptive vs. truthful) conditions. 

 
Note. Error bars represent 99% CI. 
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Low accuracy model  
Under the low-accuracy condition, the Confidence by Classification 
ANOVA indicated a significant main effect of Classification and a signif-
icant interaction effect. For the main effect of Classification, F(1, 
1812.3)=696.31, p<.001, 𝜂2=0.28 [0.23, 0.32], human deviation was signifi-
cantly higher for AI predictions of deceptiveness (M=21.96, SE=1.03) 
than for predictions of truthfulness (M=-7.73, SE=1.05), d=0.62 [0.55, 
0.69], indicating that humans tended to disagree more from AI accusa-
tions of deception.  
The significant interaction between Confidence and Classification, F(4, 
1832.56)=84.25, p<0.001, 𝜂2=0.16 [0.12, 0.19]. revealed that human devia-
tion from AI predictions of deceptiveness increased significantly with 
each step up in the confidence range, except between poorly confident and 
moderately confident, and between moderately confident and confident levels. 
For AI predictions of truthfulness, deviation was more pronounced 
within steps up in confidence levels, except between indecisive and poorly 
confident, and between moderately confident and confident. These findings 
suggest that, for both types of AI predictions (i.e., truthful and decep-
tive), human deviation from the initial AI judgment tends to grow as the 
AI expresses greater confidence (see Table S4 for pairwise contrasts in 
SM), although in different directions, namely judging deceptive state-
ments as more truthful and truthful statements as more deceptive. 

High accuracy model 
Similarly to the low accuracy condition, the Confidence by Classification 
ANOVA indicated a significant main effect of Classification and a signif-
icant interaction effect for the high-accuracy condition. Concerning Clas-
sification, F(1, 1605.6)=364.58, p<.001, 𝜂2=0.19 [0.14, 0.23], humans devi-
ated more from AI predictions of deceptiveness (M=17.15, SE=0.95) than 
from predictions of truthfulness (M=-2.79, SE=0.98), d=0.48 [0.41, 0.54].  
The interaction between Confidence and Classification, F(4, 
1611.0)=58.76, p<.001, 𝜂2=0.13 [0.09, 0.17] revealed a more nuanced pat-
tern of human deviation across confidence levels. When the AI classified 
statements as deceptive, deviations increased significantly only at higher 
levels of confidence (i.e., confident and very confident) compared to 
lower levels. Yet, the difference between confident and very confident 
was not significant. In contrast, when the AI classified statements as 
truthful, deviations remained more constant, with significant differences 
emerging at least every two steps up the confidence scale (e.g., moder-
ately confident was significantly different from very confident but not 
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from confident). These results suggest that, under high-accuracy condi-
tions, only high levels of confidence significantly influence human devi-
ations from AI predictions of deceptiveness, while deviations from truth-
ful AI predictions increase more gradually across confidence levels (see 
Table S5 in SM). 

3.3 Exploratory analysis 

Robustness check 
As a robustness check, the same analysis was re-run on a new model that 
included participants’ scores of covariates and on a new model including 
the participants who failed the attention checks (n=120) and were previ-
ously excluded from analysis. Our findings were unaffected by the in-
clusion of the covariates (see Table S6). However, when previously ex-
cluded participants were included in the analysis, the three-way interac-
tion effect was no longer significant (see Table S7). This suggests that, 
while the observed effects were not driven by individual differences in 
the covariates, participants’ attention during the task was important.  

Magnitude of deviation 
Full analyses of the magnitude of human deviation (i.e., irrespective of 
whether participants judged statements as more truthful or more decep-
tive) are provided in SM6, while a summary of important results is re-
ported below. 
A first relevant finding was that, regardless of the condition, the magni-
tude of deviation was always significantly greater than zero (see Figure 
3). Moreover, we observed a significant interaction between AI classifi-
cation and confidence level, F(4, 3463.4)=13.13, p<.001, 𝜂2=0.01 [0.01, 
0.03]. As illustrated in Figure 3 (left panel), deviations from model pre-
dictions of truthfulness did not vary significantly across confidence lev-
els (see Table S11). In contrast, participants’ magnitude of deviations sig-
nificantly increased with increases in confidence levels for predictions of 
deceptiveness (see Table S11). Finally, we found a significant interaction 
between confidence level and model accuracy, F(4, 3293.6)=5.27, p<.001, 
𝜂2=0.006 [0.00, 0.01] (see Figure 3, right panel). Between the two condi-
tions, a significant difference in magnitude was observed only for very 
confident predictions stemming from the low-accuracy model than from 
the high-accuracy one. Relatedly, no differences were found for the high-
accuracy condition within confidence levels, while, for the low-accuracy 
condition, the average magnitude at the very confident level was signifi-
cantly greater than those at the remaining lower levels (see Table S12).  
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FIGURE 3. Average values of absolute deviation between i) Classification and 
Confidence (left panel) and ii) Accuracy and Confidence (right panel). 

 
Note. Error bars represent 99% CI. 

This pattern of findings confirms that participants tend to reject more 
over-confident predictions, especially those stemming from a low-accu-
racy model and those predicting deception. 

Human performance in detecting deception  
Participants guided by the high-accuracy model achieved a detection 
performance that was significantly higher than chance (AUC=0.76 [0.73; 
0.79]) and significantly higher than participants’ performance under the 
low-accuracy model condition (AUC=0.57 [0.54; 0.60]; DeLong test: 
D(3692.5)=11.23, p<.001). Yet, this detection rate was significantly lower 
than that of the highly accurate model (AUC=0.90 [0.88; 0.92]; DeLong 
test for two correlated ROC curves: z=-12.42, p<.001), suggesting that hu-
man interaction with the model’s predictions worsens detection perfor-
mance compared to relying entirely on the AI model.  
As for participants’ performance under the low-accuracy model condi-
tion (AUC=0.57 [0.54;0.60]), this was not significantly better than the 
model’s performance alone (AUC=0.54 [0.51,0.57]), z=-1.82, p=.06.  
This pattern of findings suggests that participants were influenced by 
model predictions in both conditions, with human performance mirror-
ing that of the corresponding model, yet without overcoming the 
model’s detection rate. 
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4. Discussion 
This study investigated hybrid deception detection by exploring under 
which conditions algorithmic judgments on statement veracity are en-
dorsed or rejected by human decision-makers. Specifically, this study fo-
cused on the role of the model’s accuracy and uncertainty for individual 
predictions. Using statements about past events deemed relevant for ly-
ing (Loconte & Kleinberg, 2025), participants were provided with pre-
dictions from a fictitious AI-based deception classifier and were in-
structed to act as a judge and evaluate the veracity of statements. The 
experimental task was designed to isolate the effects of the model’s char-
acteristics (i.e., accuracy and confidence) on human deviations from the 
model’s judgments. We predicted a two-way interaction effect between 
the model’s accuracy and confidence, so that, only for the highly accurate 
model, but not the lowly accurate one, human deviation significantly de-
creases as the model’s confidence increases. In other words, for a very 
accurate model, higher confidence in predictions produces greater en-
dorsement of the model’s predictions by humans. However, this hypoth-
esis was only partially supported.  

4.1 Main findings 
Contrary to our expectations, humans tended to reject AI judgments 
more when these were made with high confidence. That rejection was 
more pronounced when the prediction indicated deception, compared to 
predictions indicating truthfulness, and when stemming from a low-ac-
curacy model than from a very accurate one. As for the direction of the 
deviation, the more the AI was confident in predicting deception, the 
more participants leaned their judgment towards less deceptive (hence, 
as more truthful). In contrast, the more the model predicted truthfully 
with greater confidence, the more participants leaned towards less truth-
ful (hence, more deceptive).  
These findings are partially in contrast with previous studies showing 
that accuracy and confidence are key drivers of human trust, with higher 
levels of AI accuracy and confidence being associated with higher levels 
of trust in AI models (Alufaisan et al., 2021; He et al., 2023; Li et al., 2024, 
2025; Yin et al., 2019). While our findings are consistent with existing lit-
erature on AI-accuracy, suggesting that an increase in the stated model 
accuracy leads to a greater degree of human trust in these models (He et 
al., 2023; Yin et al., 2019), we observed a different direction for the effect 
of confidence (Li et al., 2024, 2025). Specifically, we observed greater de-
viations from very confident predictions than from low-confident ones. 
Furthermore, we did not replicate a full truth-bias effect that was found 
in previous studies on hybrid deception detection (Kleinberg & 
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Verschuere, 2021; Levine, 2014; von Schenk et al., 2024). While partici-
pants tended to judge deceptive statements as more truthful, especially 
when predicted with higher levels of confidence, this was not mirrored 
for truthful statements, which were judged as less truthful under the 
same high-confidence conditions in our experiment.  
Finally, our findings add to the emerging work on hybrid deception de-
tection. Others report that AI availability can increase the accusation rate 
in deception settings (von Schenk et al., 2024). In our work, we show that 
providing users with transparent information about the model’s perfor-
mance and uncertainty can discourage them from blindly following an 
accusatory AI judgment. Confidence cues, in particular, play a critical 
role in this sense: when users learn that an algorithm displays high con-
fidence in a deceptive judgment, they are less likely to accept it.  
We argue that there are two possible explanations for this high-confi-
dence aversion effect. First, humans’ beliefs about their own ability in 
detecting deception, or that of the average human, could explain why 
participants tended to disagree more with AI predictions. Recent studies 
have suggested that the type of task assigned to an AI influences the ex-
tent to which humans rely on its output (Thorp et al., 2025): when per-
forming objective tasks (e.g., counting dots in an image), people conform 
more to AI, while, in subjective tasks (e.g., interpreting emotions in an 
abstract image), they align more with responses of other humans (Riva 
et al., 2022). Being deception detection somehow subjective, it is likely 
that humans tend to rely more on their judgment than on that of an AI 
model. Furthermore, by overestimating human ability in spotting decep-
tion, individuals may perceive the high-confident model’s judgments as 
overconfidence, thus raising skepticism toward AI predictions. Prior re-
search already showed that laypeople and practitioners who strongly be-
lieved in the wrong cues for deception detection (e.g., behavioral and 
non-verbal cues such as gaze aversion) were also less inclined to rely on 
the most relevant ones (i.e., verbal cues). Similarly, individuals who hold 
strong beliefs about the average human performance in detecting decep-
tion might be less inclined to trust an AI model, regardless of its stated 
level of accuracy.  
The distrust in AI possibly also explains why we did not replicate a full 
truth-bias effect, as participants who relied more on their capabilities 
might have disagreed with AI judgments regardless of the classification 
label. However, since these associations are small, other factors may con-
tribute to explaining these findings. A second explanation, through the 
lens of Truth Default Theory (TDT; Levine, 2014), is that participants 
were more comfortable making judgments with moderate levels of con-
fidence. According to TDT, people generally assume honesty unless they 
have reasons to suspect otherwise. Highly confident AI accusations of 
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deception may have lacked sufficient justification to prevail over this 
truth-default status, thus favoring a more cautious stance, more aligned 
with their expectation of truthfulness, and acknowledging the social 
costs of falsely accusing someone of lying. 

4.2 Humans-AI performance in deception detection 
This study also tested whether human oversight on machine predic-
tions was beneficial or simply worsened the algorithmic perfor-
mance. We found participants exposed to predictions from a low-ac-
curacy model performed only slightly better than chance (accuracy: 
0.57), but without significantly improving the accuracy of the model 
itself. In contrast, participants guided by the high-accuracy model, 
despite showing a detection rate that was significantly better than 
chance (accuracy: 0.76), performed significantly lower than the high-
accuracy model (accuracy: 0.90). Notably, had participants under the 
latter condition relied entirely on the algorithmic predictions, their 
performance would have closely matched the 89% accuracy. Moreo-
ver, this drop suggests that participants’ modifications were not just 
a mere deviation in the confidence level but represent a substantial 
modification in the classification itself. In other words, participants 
deviated from AI judgments to an extent that reversed the classifica-
tion judgment from deceptive to truthful, and vice versa.  
These findings align with previous research suggesting that the hu-
man interplay with algorithmic predictions either worsens machine 
performance or is simply ineffective (Kleinberg & Verschuere, 2021; 
von Schenk et al., 2024). What we added to the previous body of re-
search is that adding a transparency and interpretability layer on the 
model’s accuracy and confidence is not sufficient to achieve a hybrid-
performance that is better than that of the model in isolation. One 
possible interpretation for this finding is that the nature of the task 
itself might be a critical factor. Prior meta-analytical evidence showed 
that human-AI collaboration tends to be beneficial in tasks where hu-
mans already outperform AI, whereas impairments are observed 
when AI alone outperforms humans (Vaccaro et al., 2024). Given that 
humans are known to be poor at deception detection (Bond & De-
Paulo, 2006; DePaulo et al., 2003; Hartwig & Bond, 2011), it is plausi-
ble that, for this task, a hybrid modality is unlikely to exceed the per-
formance of an AI model in isolation.  
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4.3 Limitations and future research 
A few limitations are worth mentioning for this study. First, our study 
entails the fact that the model’s predictions were always available to par-
ticipants. In related work (von Schenk et al., 2024), some participants al-
ways received predictions from a lie-detection algorithm (i.e., forced 
condition) before making their own judgments, while others could 
choose to request such predictions (i.e., choice condition), and others per-
formed the task without any AI aid (i.e., control condition). Their find-
ings show that model availability increases the accusation rate, espe-
cially among those who actively seek such algorithmic predictions. Our 
study adds more nuance to these findings by showing that including a 
transparency layer on the model’s performance and uncertainty can dis-
courage users from blindly following an accusatory AI judgment. How-
ever, unlike von Schenck et al. (2024), our study explored the role of 
transparency on trust exclusively under a forced condition, namely, with 
participants always having access to the AI predictions.  Future studies 
should, instead, investigate the role of transparency in human trust by 
also including conditions where participants are free to choose whether 
to access or not to AI predictions (i.e., choice condition).  
Second, we run our experiment in a non-incentivised task, and we did 
not provide any information about possible consequences that the au-
thor of the statements would have experienced if accused of lying. It 
might be that by adding this information, participants could have been 
even more averse towards over-confident AI predictions. Future re-
search may try to investigate the role of accuracy and confidence in an 
incentivized task that also incorporates the possibility to choose whether 
or not participants want to seek AI predictions.  
Third, in our study, humans were not aware of their inherent limited ca-
pability for deception detection, and, indeed, we found that greater de-
viations positively correlated with this erroneous belief that their own 
performance, or that of the average human, is usually better than that of 
an AI model. Future research should explore whether and how inform-
ing users about their inherent limitations in deception detection changes 
their trust in AI predictions. Finally, while we informed participants on 
the model’s accuracy and predicting confidence, the role of the model’s 
explainability was not explored in this study. Explainability has been 
proposed as a mechanism to improve trust and decision-making by 
providing users with insights into the rationale behind predictions and 
by potentially enabling better understanding and error correction 
(Alufaisan et al., 2021). However, while some studies from other do-
mains support the benefits of explainability (Balasubramaniam et al., 
2023; Oswald et al., 2018; Sadeghi et al., 2024), meta-analytic evidence 
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suggests that its impact on performance may not exceed that of AI pre-
dictions alone (Schemmer et al., 2022). These mixed findings highlight 
the need for further research into how and whether explainability can 
improve human trust in AI, specifically for deception detection.  

Conclusion 
This study investigated how the accuracy and confidence of a fictitious 
AI model for deception detection influence human reliance on AI-based 
veracity judgments. Human judges refrained from relying on highly con-
fident AI predictions, especially when accusing someone of deception or 
stemming from a low-accuracy model. Human aversion toward AI pre-
dictions was partially explained by participants’ tendency to overesti-
mate their own deception detection capabilities. In line with the truth-
default theory, such aversion also reflected users’ cautiousness in decep-
tion accusations, given the social costs of falsely accusing someone of ly-
ing. This caution, however, comes at the expense of reducing individu-
als’ own ability to detect deception effectively. 
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Supplementary Material 
 

1. Optimal linear-mixed model structure  
To determine the optimal model structure, we compared three nested 
linear mixed-effects models predicting the absolute deviation from AI 
judgments.  
Model 1 included fixed effects for the two-way interaction between Ac-
curacy and Confidence, considered AI Classification as a covariate, and 
included random intercepts for participants and statements. Model 2 
added a three-way interaction among the predictors. Model 3 included 
the same fixed effects as Model 2 but added random slopes for Confi-
dence by participant to account for individual differences in how partic-
ipants adjust their deviation across confidence levels. 
 

1)	∆𝑦	 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 ∗ 	𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 + 	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 +
(1	|	Participant_id) + (1|	Statement_id)    

2)	∆𝑦	 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 ∗ 	𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒	 ∗ 	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 +
(1|	Participant_id)	) + (1|	Statement_id)   

3)	∆𝑦	 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 ∗ 	𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒	 ∗ 	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 + (1 +
Confidence	|	Participant_id) + (1|	Statement_id)   
 
A likelihood ratio test comparing the models (refitted using maximum 
likelihood) showed that Model 2 provided a significantly better fit than 
Model 1, c2(9) = 589.41, p < .001, and Model 3 did not significantly out-
perform Model 2, c2 (14) = 12.35, p = .578. 
Based on these results, we selected Model 2 as the final model, indicating 
that the inclusion of a three-way interaction and a random intercept for 
participants and statements was enough to significantly improve the 
model fit. 
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2. Preliminary Analysis 

 

TABLE S1. Mean, standard deviation, and median values of participants’ devia-
tion from AI (∆y) across conditions.  
 

  Accuracy low Accuracy high 

Classifica-
tion 

Confidence M SD Median M SD Median 

 

 

Deceptive 

Indecisive 5.83 24.75 8 7.85 21.80 6 

Poorly 
Confident 

15.87 26.31 15.5 11.57 23.51 6 

Moderately 
Confident 

21.01 25.82 15 14.9 23.43 10 

Confident 27.21 28.07 20 25.16 26.15 19.5 

Very 
Confident 

39.5 29.90 31 26.37 26.45 20 

 

 

Truthful 

Indecisive 6.07 23.09 12 8.20 19.54 9.5 

Poorly 
Confident 

0.12 22.55 6 4.55 18.91 9 

Moderately 
Confident 

-10.15 22.06 -3 -3.68 20.37 1.5 

Confident -12.07 22.73 -6 -8.45 22.0 -1.5 

Very 
Confident 

-22.61 25.17 -15 -15.06 20.88 -9 
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FIGURE S1. Correlation matrix of Spearman correlations between the partici-
pant’s average deviation and absolute deviation and covariates of motivation, 
difficulty, machine learning familiarity, belief in performing better than the AI, 
and belief that the average human performs better than the AI. 

Note: Only significant correlations at p < .01 after false discovery rate correction for multiple 
comparisons are displayed in the correlation matrix.  
Abbreviations:  
(1) abs_delta_y = average absolute human deviation at the participant-level (dependent 
variable); (2) delta_y = average human deviation at the participant-level (dependent vari-
able); (3) algo_vs_avg_human = covariate of belief that average human’s performance is 
better than that of the AI; (4) algo_vs_yourself = covariate of belief that individual’s per-
formance is better than that of the AI; (5) difficulty = covariate of difficulty of the the task;  
(6) ML_familarity = covariate of familiarity with machine learning models; (7) motivation 
= covariate of motivation in performing the task well. 
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3. Confirmatory Analysis 
 
TABLE S2. Variance, Standard Deviation (SD), and adjusted Intraclass Correla-
tion Coefficient (ICC) for Random Effects from Model 2. 
 

Random Effects 

Group Variance SD ICC 

Participant_id 39.44 6.28 0.07 

Statement_id 35.91 5.99 0.06 

Residual 501.00 22.38 - 

 
TABLE S3. Pairwise contrasts for Confidence range by Classification. 
 

Pairwise contrast  AI Classification = deceptive AI Classification = truthful 

 Diff (SE) d (99% CI) Diff (SE) d (99% CI) 

indecisive – poorly con-
fident 

-6.36 (2.14)  -0.14 (-0.27, -0.02) 3.86 (2.13)  0.09 -(0.04, 0.22) 

indecisive – moderately 
confident 

-11.14 (2.27) ** -0.27 (-0.42, -0.13) 13.10 (2.43) ** 0.27 (0.14, 0.40) 

indecisive – confident -19.01 (2.21) ** -0.45 (-0.58, -0.31) 16.84 (2.23) ** 0.38 (0.25, 0.52) 

indecisive – very confi-
dent 

-26.30 (2.15) ** -0.63 (-0.78, -0.49) 24.93 (2.22) ** 0.55 (0.42, 0.69) 

poorly confident – 
moderately confident 

-4.78 (2.18) -0.12 (-0.26, -0.02) 9.23 (2.25) ** 0.21 (0.08, 0.34) 

poorly confident – con-
fident 

-12.65 (2.11) ** -0.30 (-0.43, -0.17) 12.98 (2.03) ** 0.34 (0.20, 0.48) 

poorly confident – very 
confident 

-19.95 (2.05) ** -0.48 (-0.61, -0.35) 21.06 (2.01) ** 0.53 (0.39, 0.67) 

moderately confident – 
confident 

-7.87 (2.24) ** -0.20 (-0.34, -0.05) 3.74 (2.35)  0.08 (-0.05, 0.21) 

moderately confident – 
very confident 

-15.16 (2.18) ** -0.39 (-0.54, -0.24) 11.83 (2.33) ** 0.25 (0.12, 0.38) 

confident – very confi-
dent 

-7.29 (2.11) * -0.18 (-0.31, -0.04) 8.09 (2.12) ** 0.20 (0.06, 0.33) 

Note. M = estimated marginal means; SE = standard error; d = Cohen’s d, CI = confidence 
interval.  
* p < .011  
** p < .001   
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TABLE S4. Pairwise contrasts for Confidence range by Classification under the 
low-accuracy condition.  
 

                                                                            Low-accuracy condition 

Pairwise  
contrast  

AI Classification = deceptive AI Classification = truthful 

 Diff (SE) d (99% CI) Diff (SE) d (99% CI) 

indecisive – poorly 
confident 

-9.60 (2.90) * -0.16 (-0.28, -0.03) 4.37 (2.92)  0.07 (-0.05, 0.19) 

indecisive – mod-
erately confident 

-15.47 (3.06) ** -0.27 (-0.41, -0.13) 14.62 (3.24) ** 0.22 (0.09, 0.35) 

indecisive – confi-
dent 

-20.79 (2.96) ** -0.35 (-0.49, -0.22) 17.12 (3.06) ** 0.27 (0.14, 0.40) 

indecisive – very 
confident 

-33.44 (2.91) ** -0.57 (-0.70, -0.43) 26.83 (3.02) ** 0.42 (0.30, 0.55) 

poorly confident – 
moderately confi-
dent 

-5.86 (2.96) -0.10 (-0.23, 0.03) 10.24 (2.98) * 0.17 (0.04, 0.31) 

poorly confident – 
confident 

-11.19 (2.85) * -0.19 (-0.31, -0.06) 12.75 (2.78) ** 0.23 (0.10, 0.36) 

poorly confident – 
very confident 

-23.84 (2.81) ** -0.40 (-0.52, -0.27) 22.46 (2.73) ** 0.40 (0.27, 0.54) 

moderately confi-
dent – confident 

-5.32 (3.01)  -0.09 (-0.23, 0.04) 2.50 (3.11)  0.04 (-0.09, 0.17) 

moderately confi-
dent – very confi-
dent 

-17.97 (2.97) ** -0.32 (-0.46, -0.18) 12.21 (3.07) ** 0.20 (0.07, 0.33) 

confident – very 
confident 

-12.65 (2.87) ** -0.22 (-0.35, -0.09) 9.71 (2.88) * 0.17 (0.04, 0.30) 

Note. Diff = estimated difference of marginal means; SE = standard error; d = Cohen’s d, CI 
= confidence interval.  
* p < .01  
** p < .001  
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TABLE S5. Pairwise contrasts for Confidence range by Classification under the 
high-accuracy condition.  
 

                                                               High-accuracy condition 

Pairwise  
contrast  

AI Classification = deceptive AI Classification = truthful 

 Diff (SE) d (99% CI) Diff (SE) d (99% CI) 

indecisive – poorly 
confident 

-3.42 (2.68)  -0.06 (-0.18, 0.06) 3.31 (2.60)  0.06 (-0.06, 0.19) 

indecisive – mod-
erately confident 

-6.75 (2.77)  -0.13 (-0.27, 0.01) 11.30 (3.06) * 0.17 (0.05, 0.29) 

indecisive – confi-
dent 

-17.21 (2.74) ** -0.31 (-0.44, -0.18) 16.42 (2.72) ** 0.30 (0.17, 0.43) 

indecisive – very 
confident 

-18.69 (2.64) ** -0.36 (-0.49, -0.22) 22.61 (2.74) ** 0.38 (0.26, 0.51) 

poorly confident – 
moderately confi-
dent 

-3.32 (2.65) -0.07 (-0.20, 0.07) 7.99 (2.85) 0.13 (0.01, 0.25) 

poorly confident – 
confident 

-13.79 (2.62) ** -0.25 (-0.37, -0.13) 13.12 (2.47) ** 0.27 (0.14, 0.41) 

poorly confident – 
very confident 

-15.27 (2.51) ** -0.29 (-0.42, -0.17) 19.30 (2.49) ** 0.38 (0.25, 0.51) 

moderately confi-
dent – confident 

-10.46 (2.72) * -0.21 (-0.35, -0.07) 5.12 (2.95)  0.08 (-0.04, 0.20) 

moderately confi-
dent – very confi-
dent 

-11.95 (2.61) ** -0.26 (-0.41, -0.11) 11.31 (2.97) * 0.17 (0.05, 0.29) 

confident – very 
confident 

-1.48 (2.58)  -0.03 (-0.16, 0.10) 6.19 (2.62)  0.12 (-0.01, 0.24) 

Note. Diff = estimated difference of marginal means; SE = standard error; d = Cohen’s d,  
CI = confidence interval.  
* p < .01  
** p < .001  
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4. Robustness check by including covariates 
Covariates: 

- Motivation: “How much were you motivated to perform well?” 
(0=Not at all, 10=Very much)  

- Difficulty: “How difficult did you find the study?” (0=Very easy, 
10=Very difficult) 

- ML familiarity: “How familiar are you with AI-based algorithms?” 
(0=Not familiar at all, 5=Neutral, 10=Very familiar) 

- AI vs Average human: “How good do you think the average human 
performance is compared to the performance of the AI-based lie detec-
tor in predicting whether a statement is true or false?” (0=Algo-
rithm’s performance is better, 5=Equal, 10=Human’s perfor-
mance is better) 

- AI vs Yourself: “How good do you think your performance is com-
pared to the performance of the AI-based lie detector in predicting 
whether a statement is true or false?” (0=Algorithm’s performance 
is better, 5=Equal, 10=My performance is better) 

 
TABLE S6. Type III Analysis of Variance for the Linear Mixed Model predicting 
human deviation.  
 

Effect Covariates Sum 
of Sq 

Mean 
Sq 

Num 
DF 

Den 
DF F-value 𝜂2 (99% CI) 

Accuracy  Excluded 9 9 1 377.5 0.02 0.00 (0.00, 0.00) 

 Included 244 244 1 373.0 0.49 0.00 (0.00, 0.03) 

Confidence  Excluded 928 232 4 180.0 0.46 0.01 (0.00, 0.05) 

 Included 920 230 4 180.3 0.46 0.01 (0.00, 0.05) 

Classification  Excluded 514,132 514,132 1 3,425.6 1026.21** 0.23 (0.20, 0.26) 

 Included 512,845 512,845 1 3,427.3 1023.20** 0.23 (0.20, 0.26) 

Accuracy × Confi-
dence 

Excluded 2,594 649 4 3,241.6 1.29 0.00 (0.00, 0.01) 

 Included 2,669 667 4 3,242.5 1.22 0.00 (0.00, 0.01) 

Accuracy × Classi-
fication 

Excluded 20,655 20,655 1 3,426.1 41.23** 0.01 (0.00, 0.02) 

 Included 20,854 20,854 1 3,431.6 41.61** 0.01 (0.00, 0.02) 
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Effect Covariates Sum 
of Sq 

Mean 
Sq 

Num 
DF 

Den 
DF F-value 𝜂2 (99% CI) 

Confidence × Clas-
sification 

Excluded 287,802 71,951 4 3,426.4 143.61** 0.14 (0.12, 0.017) 

 Included 287,726 71,931 4 3,460.5 143.51** 0.14 (0.12, 0.017) 

Accuracy × Confi-
dence × Classifica-
tion 

Excluded 
8,370 2,092 4 3,426.4 4.18* 0.01 (0.00, 0.01) 

 Included 8,470 2,118 4 3,468.6 4.22* 0.01 (0.00, 0.01) 

Note. For this model, the bobyqa optimiser was used to fit the model. Results are based on 
Satterthwaite’s. In bold are reported significant F-values.  
Abbreviations: Num DF= number of degrees of freedom; Sq = squares  
* p < .001  
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5. Robustness check by including previously excluded par-
ticipants 

 
TABLE S7. Type III Analysis of Variance for the Linear Mixed Model predicting 
human deviation.  
 

Effect Sample Sum of 
Sq 

Mean 
Sq 

Num 
DF 

Den 
DF F-value 𝜂2 (99% CI) 

Accuracy  Reduced 9 9 1 377.5 0.02 0.00 (0.00, 0.00) 

 Full 53 53 1 499.7 0.10 0.00 (0.00, 0.00) 

Confidence  Reduced 928 232 4 180.0 0.46 0.01 (0.00, 0.05) 

 Full 1730 432 4 182.2 0.85 0.02 (0.00, 0.08) 

Classification  Reduced 514,132 514,132 1 3,425.6 1026.21** 0.23 (0.20, 0.26) 

 Full 749,367 749,367 1 4,591.6 1470.48** 0.24 (0.22, 0.27) 

Accuracy × Confi-
dence 

Reduced 2,594 649 4 3,241.6 1.29 0.00 (0.00, 0.01) 

 Full 1,942 486 4 4,341.4 0.95 0.00 (0.00, 0.00) 

Accuracy × Classifi-
cation 

Reduced 20,655 20,655 1 3,426.1 41.23** 0.01 (0.00, 0.02) 

 Full 13,602 13,602 1 4,596.6 26.69** 0.01 (0.00, 0.01) 

Confidence × Classi-
fication 

Reduced 287,802 71,951 4 3,426.4 143.61** 0.14 (0.12, 0.017) 

 Full 393,315 98,329 4 4,624.5 192.95** 0.14 (0.12, 0.017) 

Accuracy × Confi-
dence × Classification 

Reduced 8,370 2,092 4 3,426.4 4.18* 0.01 (0.00, 0.01) 

 Full 5,866 1,466 4 4,627.2 2.88 0.00 (0.00, 0.01) 

Note. For this model, the bobyqa optimiser was used to fit the model. Results are based on 
Satterthwaite’s. Reduced sample refers to the sample after excluding participants who failed 
attention and statistical checks. Full sample refers to the whole sample of participants col-
lected without any exclusion. In bold are reported significant F-values.  
Abbreviations: Num DF= number of degrees of freedom; Sq = squares  
* p < .01  
** p < .001  
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6. Absolute values of human deviation 

Model equation:  
|∆𝑦| = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 ∗ 	𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒	 ∗ 	𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 + (1|	Participant_id)	) +
(1|	Statement_id)   
 

TABLE S8. Variance, Standard Deviation (SD), and adjusted Intraclass Correla-
tion Coefficient (ICC) for Random Effects.  
 

Random Effects 

Group Variance SD ICC 

Participant_id 45.84 6.77 0.13 

Statement_id 2.05 1.43 0.01 

Residual 318.11 17.84 - 

 
TABLE S9. Type III Analysis of Variance for the Linear Mixed Model predicting 
absolute values of human deviation.  
 

Effect Sum of 
Sq 

Mean 
Sq 

Num 
DF 

Den 
DF F-value 𝜂2 (99% CI) 

Accuracy  7,126 7,126 1 376.9 22.40** 0.06 (0.01, 0.13) 

Confidence  27,204 6,801 4 159.4 21.38** 0.35 (0.19, 0.47) 

Classification  56,292 56,292 1 3,440.4 176.96** 0.05 (0.03, 0.07) 

Accuracy × Confidence 6,712 1,678 4 3,293.6 5.27** 0.00 (0.00, 0.01) 

Accuracy × Classification 1,401 1,401 1 3,441.9 4.40 0.00 (0.00, 0.01) 

Confidence × Classification 16,704 4,1761 4 3,463.4 13.13** 0.01 (0.01, 0.03) 

Accuracy × Confidence × 
Classification 591 148 4 3,470.4 0.46 0.00 (0.00, 0.00) 

Note. For this model, the bobyqa optimiser was used to fit the model. Results are based on 
Satterthwaite’s approximation for degrees of freedom. In bold are reported significant F-
values. 
Abbreviations: Num DF= number of degrees of freedom; Sq = squares 
* p < .01, ** p < .001 
  



 

 
 

270 

 

TABLE S10. Pairwise contrasts for the main effects of accuracy, confidence, and 
classification.  
 

Main effect Pairwise contrast Diff. (SE) d (99% CI) 

Accuracy low-accuracy – high-accuracy 4.36 (0.92) ** 0.24 (0.11, 0.38) 

 

 

Confidence 

indecisive – poorly confident -0.06 (0.99) -0.00 (-0.19, 0.18) 

indecisive – moderately confi-
dent 

-0.30 (1.07) -0.02 (-0.23, 0.18) 

indecisive – confident -3.17 (1.02) -0.24 (-0.44, -0.04) 

indecisive – very confident -7.35 (1.01) ** -0.55 (-0.75, -0.34) 

poorly confident – moderately 
confident 

-0.24 (1.01) -0.02 (-0.22, 0.18) 

poorly confident – confident -3.11 (0.95) -0.25 (-0.45, -0.05) 

poorly confident – very confi-
dent 

-7.28 (0.94) ** -0.58 (-0.78, -0.37) 

moderately confident – confi-
dent 

-2.86 (1.04) -0.23 (-0.44, -0.01) 

moderately confident – very 
confident 

-7.04 (1.03) ** -0.55 (-0.77, -0.33) 

confident – very confident -4.18 (0.97) ** -0.33 (-0.54, -.013) 

Classifica-
tion 

deceptive – truthful  8.1 (0.61) ** 0.23 (0.18, 0.27) 

Abbreviations: Diff. = Estimated difference of marginal means; SE = standard error; d = 
Cohen’s d; CI = confidence interval   
** p < .001 
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TABLE S11. Pairwise contrasts for Confidence range by Classification.  
 

Pairwise  
contrast  

AI Classification = deceptive AI Classification = truthful 

 Diff (SE) d (99% CI) Diff (SE) d (99% CI) 
indecisive – poorly 
confident 

-2.28 (1.38) -0.07 (-0.17, 0.04)  2.16 (1.36)  0.06 (-0.04, 0.17) 

indecisive – mod-
erately confident 

-3.18 (1.41) -0.11 (-0.23, 0.02)  2.58 (1.57)  0.07 (-0.04, 0.17) 

indecisive – confi-
dent 

-8.94 (1.40) ** -0.27 (-0.39, -0.16)  2.60 (1.43)  0.08 (-0.03, 0.18) 

indecisive – very 
confident 

-13.15 (1.36) ** -0.41 (-0.53, -0.30) -1.55 (1.43) -0.04 (-0.14, 0.06) 

poorly confident – 
moderately confi-
dent 

-0.90 (1.37) -0.03 (-0.15, 0.09)  0.42 (1.44)  0.01 (-0.09, 0.12) 

poorly confident – 
confident 

-6.65 (1.36) ** -0.20 (-0.30, -0.09)  0.44 (1.28)  0.02 (-0.10, 0.13) 

poorly confident – 
very confident 

-10.87 (1.32) ** -0.33 (-0.43, -0.22) -3.70 (1.29) -0.12 (-0.22, -0.01) 

moderately confi-
dent – confident 

-5.75 (1.39) **  -0.20 (-0.32, -0.07)  0.02 (1.50)  0.00 (-0.11, 0.11) 

moderately confi-
dent – very confi-
dent 

-9.96 (1.35) ** -0.36 (-0.48, -0.23) -4.12 (1.50) -0.11 (-0.22, -0.01) 

confident – very 
confident 

-4.21 (1.34) -0.13 (-0.24, -0.02) -4.15 (1.35) -0.13 (-0.23, -0.02) 

Note. Diff = estimated difference of marginal means; SE = standard error; d = Cohen’s d, CI 
= confidence interval.  
** p < .001 
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TABLE S12. Pairwise contrasts for Confidence range by Accuracy condition. 
 

Pairwise contrast  Low-accuracy condition High-accuracy condition 

 Diff (SE) d (99% CI) Diff (SE) d (99% CI) 

indecisive – poorly 
confident 

-0.52 (1.34) -0.02 (-0.12, 0.09)  0.40 (1.38)  0.01 (-0.09, 0.11) 

indecisive – moder-
ately confident 

-1.02 (1.43) -0.03 (-0.15, 0.09)  0.41 (1.52)  0.01 (-0.10, 0.12) 

indecisive – confident -3.06 (1.37) -0.10 (-0.21, 0.02) -3.28 (1.43) -0.09 (-0.20, 0.01) 

indecisive – very con-
fident 

-10.85 (1.36) ** -0.34 (-0.46, -0.23) -3.84 (1.41) -0.11 (-0.21, -0.01) 

poorly confident – 
moderately confident 

-0.50 (1.35) -0.02 (-0.14, 0.10)  0.02 (1.44)  0.00 (-0.11, 0.11) 

poorly confident – 
confident 

-2.54 (1.29) -0.09 (-0.20, 0.03) -3.67 (1.33) -0.11 (-0.22, -0.01) 

poorly confident – 
very confident 

-10.33 (1.27) ** -0.35 (-0.46, -0.23) -4.24 (1.31) -0.13 (-0.24, -0.03) 

moderately confident 
– confident 

-2.04 (1.38)   -0.07 (-0.19, 0.05) -3.69 (1.47) -0.11 (-0.22, 0.00) 

moderately confident 
– very confident 

-9.83 (1.37) ** -0.34 (-0.47, -0.22) -4.26 (1.46) -0.12 (-0.23, -0.01) 

confident – very confi-
dent 

-7.79 (1.31) ** -0.27 (-0.38, -0.15) -0.57 (1.36) -0.02 (-0.13, 0.09) 

Note. Diff = estimated difference of marginal means; SE = standard error; d = Cohen’s d, CI 
= confidence interval.  
** p < .001  
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Chapter 6 
 
General discussion 
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1. Contribution of this thesis 
Research at the intersection between psychology and computer science 
has shown the potential of computational methods stemming from ma-
chine learning (ML) and natural language processing (NLP) for the au-
tomated detection of verbal deception (Constancio et al., 2023; Hauch et 
al., 2015). However, further exploration of the topic was necessary to un-
derstand the extent to which we can rely on such automated methods. 
The present thesis aimed to address this research question by exploring 
key opportunities (Chapters 2 and 3) and challenges (Chapters 3, 4, and 
5), among the many relevant issues, in automated verbal deception de-
tection. The findings are discussed below with a focus on forensic con-
texts.  

1.1 Opportunities for automated coding 
The potential of automated verbal deception detection was first explored 
in terms of automated coding of statements (Chapters 2 and 3).   
In this thesis, we could automatically extract several linguistic features, 
by resorting to NLP techniques, which we then linked to specific theo-
retical frameworks. In this manner, we could automate the most com-
mon manual approaches in psycholegal research. In one study, we em-
ployed this approach to mimic the Reality Monitoring (Johnson & Raye, 
1981; Sporer, 1997, 2004) and Cognitive Load (Vrij et al., 2008) (see Chap-
ter 2).  In a second study, we developed a new stylometric technique, 
which we named DeCLaRatiVE (Chapter 3). DeCLaRatiVE is a theory-
based stylometric technique that investigates 26 linguistic features asso-
ciated with deception, grounded in the psychological frameworks of 
Distancing (Newman et al., 2003), Cognitive Load (Vrij et al., 2008), Re-
ality Monitoring (Johnson & Raye, 1981; Sporer, 1997, 2004), and VErifi-
ability Approach (Nahari et al., 2012; Vrij & Nahari, 2019). The extraction 
of these features combines statistical features of text, dictionary-based 
approaches (e.g., the Linguistic Inquiry Word Count - LIWC; Boyd et al., 
2022; Tausczik et al., 2010), and machine-learning methods (i.e., named-
entity recognition). DeCLaRatiVE was applied to extract and compare 
the verbal cues of deception that emerged from different contexts (e.g., 
personal opinions, autobiographical memories, and future intentions; 
see Chapter 3) and to compare more nuanced forms of deception (i.e., 
embedded lies) with their truthful counterparts (Chapter 4). In contrast 
to the time and effort that manual coding would have required, this tech-
nique enabled the analysis of verbal cues of deception from a multi-the-
oretical perspective in a single shot.  
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Human coding is, in psychological research, the standard practice for 
verbal deception detection. It involves training individuals to read and 
evaluate statements according to predefined criteria before providing a 
final judgment on veracity. For example, according to the Criteria-Based 
Content Analysis (Steller & Koehnken, 1989) and Reality Monitoring 
(Sporer, 2004, 1997), statements can be evaluated through specific crite-
ria, such as the number of details, the plausibility of the story, or the viv-
idness of the recollection. The presence of these criteria can be coded us-
ing frequency counts (i.e., counting the number of details), categorical 
measures (i.e., presence vs. absence), or rating scales (e.g., scoring from 
1=none to 7=very much) (Gancedo et al., 2021). Similarly, along with the 
Verifiability approach (VA; Nahari et al., 2012; Vrij & Nahari, 2019), de-
ceptive statements can be distinguished from truthful ones based on the 
number of verifiable details (e.g., information that can be double-
checked by an independent witness, video footage, and other types of 
evidence). However, these procedures come with limitations that auto-
mated approaches can easily overcome. We present a close comparison 
between manual and automated approaches for coding statements in Ta-
ble 1, underscoring the opportunities of automated methods against the 
limitations of manual approaches.  
TABLE 1. Comparison between manual and automated coding in scalability, re-
liability, analysis of complex data, and learning.   
 

Property Manual coding Automated coding 

Scalability Manual coding procedures (e.g., 
CBCA, RM, VA) require considera-
ble effort and time and are, there-
fore, often validated on small sam-
ple sizes (Kleinberg et al., 2019). 

 

 

Manual coding is both demand-
ing and time-consuming, but not 
necessarily more accurate than 
automated methods (Hacking et 
al., 2023; Schutte et al., 2021; 
Szojka et al., 2025).  

 

Psychological research can rely 
on NLP techniques to automati-
cally extract features from state-
ments, thereby expanding inves-
tigations on a large scale and 
eliminating the need for valida-
tion on small sample sizes, 
which is typical of manual cod-
ing procedures.  

Reliability Manual coding procedures have 
been criticized for including crite-
ria that are difficult to operational-
ize and interpret, thereby introduc-
ing bias and disagreements among 
raters (Hauch et al., 2017), raising 

By coding linguistic features in 
an automated and replicable 
manner, we reduce concerns 
about raters’ disagreement or 
differing interpretations of con-
structs, as the same statement 
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Property Manual coding Automated coding 
the possibility that different raters 
may code the same statement dif-
ferently and, in the worst-case sce-
nario, even reach divergent judg-
ments regarding its veracity. 

will always be coded in the same 
way, thereby enhancing objec-
tivity and reproducibility.   

Complexity 
of textual 
data 

Manual approaches require human 
coders that focus on one or maxi-
mum a few criteria at a time, and 
rely on heuristics for their judg-
ments (Verschuere et al., 2023). 

Automated coding enables the 
possibility of extracting multiple 
features (see DeCLaRatiVE) and, 
by resorting to ML, those fea-
tures can be combined to result 
in one single judgment. 

Learning Human learning is bounded, as it 
also requires time and efforts, and 
the scale of improvements is lim-
ited. 

Automated approaches relying 
on ML models can learn from 
many data points (the more the 
better) and can be consistently 
updated with new data points to 
improve their predictions. 

Taken together, these advantages highlight how automated and machine 
learning–based methods not only address the practical and methodolog-
ical limitations of manual coding but also pave the way for more scalable, 
objective, and predictive approaches to deception detection. 

1.2 Opportunities for automated prediction 
The potential of automated verbal deception detection was also explored 
in terms of automated predictions (Chapters 2 and 3). 
In four experiments, we closely compared the performance of naïve 
judges, forensic experts, theory-led, and data-driven models in detecting 
deception from transcripts of interviews with unexpected questions 
(Chapter 2). Naïve judges relied on gut feeling and common knowledge 
for their judgments. Forensic experts were trained in and employed Re-
ality Monitoring for evaluating the credibility of statements. Previous 
meta-analytical evidence has shown that, using Reality Monitoring, de-
ception can be detected with around 70% accuracy (Gancedo et al., 2021). 
Theory-led and data-driven models leveraged features extracted 
through NLP. The theories involved in the theory-led models were Re-
ality Monitoring and Cognitive Load. For the data-driven, a selection of 
the most significant linguistic features was conducted. The results 
showed that both theory-led (accuracy=69.4%) and data-driven models 
(accuracy=77.3%) significantly outperformed naïve (accuracy=54.7%) 
and expert judges (accuracy=59.4%). While this finding was expected for 
naïve judges, who are known to be generally poor lie-detectors (Bond & 
DePaulo, 2006; Hartwig & Bond, 2011), it was somewhat unexpected for 
forensic experts, given previous research showing the effectiveness of 
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Reality Monitoring (Gancedo et al., 2021). From a practical perspective, 
this evidence suggests that computational methods may represent a 
valid alternative to aid forensic experts in those cases where they per-
form poorly, even when relying on well-established tools for credibility 
assessment. 
In a following study, we built upon the findings on Chapter 2 by inves-
tigating two key aspects: 1) the efficacy of Large Language Models 
(LLMs) (i.e., small and base versions of FLAN-T5) in automated verbal 
deception detection and 2) the robustness of their performance across 
different domains (i.e., three datasets: personal opinions, autobiograph-
ical experiences, and future intentions; see Chapter 3). Unlike traditional 
statistical models that rely on preselected features, LLMs are models of 
human language that have been trained on extensive corpora and are 
able to generate texts that look indistinguishable to humans (Jakesch et 
al., 2023) and are able to perform well in a wide range of NLP tasks 
(Chung et al., 2022). One advantage of these models is their ability to be 
fine-tuned17 for specific tasks (here: deception detection), while inher-
ently computing rich text embeddings, thereby eliminating the need for 
manual feature engineering or selection. Instead, they process entire 
statements in input in the form of embeddings and, in the case of decep-
tion detection, adapt their learned language representations to try distin-
guishing between deceptive and truthful statements. At the time of writ-
ing and to the best of our knowledge, this was the first study trying to 
fine-tune an LLM for verbal deception detection. Our findings showed 
that fine-tuning LLMs on a single dataset yields state-of-the-art perfor-
mance, outperforming a simpler baseline model (here: a bag-of-words 
model) and previous models on the same datasets (Capuozzo et al., 2020; 
Ilias et al., 2022; Kleinberg & Verschuere, 2021). However, while fine-
tuning on one domain did not generalize to new domains, training on 
multiple domains improved robustness and further enhanced perfor-
mance, reaching up to 79.31% accuracy. 
We argue that the approach of fine-tuning LLM represents the state-of-
the-art for automated verbal deception detection for three reasons.  
First, by training these models on a diversified dataset (i.e., including 
multiple domains), they achieve cross-domain generalizability. One im-
portant note is that the balance between LLM size and the number of 
domains is crucial, as our findings indicate that larger LLMs achieve 
higher performance, likely because greater dataset diversity requires a 

 
17 Importantly, this is true for early open-access LLMs, such as FLAN-T5 or Llama-2. In 
contrast, fine-tuning closed-source or very large models is often more challenging due to 
computational and accessibility constraints. In this latter case, prompt-tuning is more com-
mon.  
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larger model to reach higher accuracy. Second, once fine-tuned, these 
models can directly predict deception from raw texts, without requiring 
further preprocessing and feature extraction. This opens the door to real-
life applications where deception models become available and accessi-
ble to a wider non-technical audience. Finally, given the aforementioned 
limitations of manual approaches to deception detection, such as diffi-
culties in scalability and reliability, complexity of data, and limited hu-
man improvements through training, the approach of fine-tuning LLMs 
is by far a more robust and scalable solution.  

1.3 Challenges for a universal model of deception  
While the first chapters showcased the potential of automated methods 
for detecting deception, this thesis also explores their limitations and 
challenges. The two main challenges we explored for automated verbal 
deception detection entail i) their capability to generalize across different 
domains and types of deception, and ii) the extent of their adoption or 
aversion by a wider audience for real-life applications.  
If we aim for a universal model of deception, such a model should be 
able to generalize its performance across different domains, such as de-
ception in political opinions, fake alibis, and malicious intentions, as well 
as various deceptive strategies, including fabrications, omissions, and 
embedded lies.  

Generalization across domains 
Our findings on fine-tuning LLMs for deception detection (Chapter 3) 
showed that such models require training on datasets that encompass 
different domains to generalize across multiple domains; otherwise, per-
formance drops to chance level. Previous studies have already empha-
sized this challenge (Velutharambath & Klinger, 2023), extended it to dif-
ficulties in generalizing across different cultural dimensions of individ-
ualism and collectivism (Papantoniou et al., 2022), and some have even 
questioned whether deception can actually be detected at all (Velutha-
rambath et al., 2025).  This highlights a critical challenge: domain-specific 
linguistic patterns have a strong influence on model predictions, making 
single-domain training insufficient for real-world applications where de-
ceptive statements vary widely in context. To overcome this limitation, 
future research should prioritize the development and training of multi-
domain models of deception.  
However, this solution is not that straightforward. While training or fine-
tuning language models on multi-domain datasets of deception can open 
new avenues for a foundation model of deception (e.g., as already 
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claimed for a foundation model of human cognition; Binz et al., 2025), it 
also raises a fundamental concern, as deception is inherently contextual 
(Levine, 2014). In fact, linguistic markers of deception vary not only 
across topics (Velutharambath & Klinger, 2023) but also across cultures 
(Papantoniou et al., 2022) and contexts (Markowitz & Hancock, 2019), 
making it difficult to expect any model to cover all possible scenarios for 
a definitive and universal solution.  

Generalization across deceptive strategies 
Findings in Chapters 2 and 3 highlight the potential of automated meth-
ods for predicting deception in fabricated narratives. However, fabrica-
tion is the most extreme form of deception and represents only one of the 
many deception strategies available. In fact, in the worst-case scenario, 
the most critical information is not even fabricated: it is simply omitted 
(Leal et al., 2020, 2023). To account for this limitation, we investigated 
deception from a more nuanced and realistic perspective, acknowledg-
ing that deception lies on a continuum where truthful and deceptive in-
formation merge, and communications span from being completely 
truthful to completely fabricated, or mixed with embedded lies (Bell & 
DePaulo, 1996; Hartwig et al., 2007; Leins et al., 2013; Nahari et al., 2012; 
Wang et al., 2004; see Chapter 4). Little research has already investigated 
how people’s lies are embedded in overall truthful narratives (Caso et 
al., 2023; Verigin et al., 2020), and, as shown in our systematic review 
(Chapter 1), even less research has been conducted on the effectiveness 
of computational methods in detecting embedded lies (Markowitz, 
2024). Therefore, we further addressed this knowledge gap by develop-
ing a new large dataset of embedded lies to understand whether what 
we know about fabrication actually translates to embedded lies (Chapter 
4).  
Our results showed that embedded lies represent a significant challenge 
for automated verbal deception detection (but also for deception detec-
tion in general), due to their incorporation of truthful information. We 
examined the nature of embedded lies and related individual differences 
and linguistic properties, finding that typical deceptive statements are 
overall truthful, with only 1/3 of embedded lies, mostly stemming from 
past personal experiences, and with minimal individual and linguistic 
differences from completely truthful narratives. By relying again on fine-
tuning LLMs (here: Llama-3-8B), this time, we could only achieve 64% 
accuracy in classifying truthful from deceptive statements with embed-
ded lies. Notably, when resorting to the fine-tuned FLAN-T5 (from 
Chapter 3), its performance dropped drastically to 56% (its accuracy in 
Chapter 3 was 79.31%), albeit without difficulties in predicting truthful 
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statements, but with evident problems in detecting embedded lies cor-
rectly. Explainability analysis revealed that classification becomes more 
straightforward as the number of embedded lies increases and deception 
approaches fabrication. These findings, altogether, indicate that some 
forms of deception are more challenging than others, and that computa-
tional models require adaptation to various deceptive strategies for real-
life applications.  

1.4 Challenges for human adoption of algorithmic predictions  
In this thesis, we showed how automated methods may represent the 
state-of-the-art for verbal deception detection and should be taken as a 
valid alternative to aid human decision-makers in assessing the credibil-
ity of statements when traditional methods fall short (Chapters 2 and 3).  
If we envision a near future where the inherent limitations of automated 
verbal deception detection are overcome and a definitive deception lan-
guage model becomes widely available, we should already be research-
ing and discussing how to calibrate human trust in AI predictions. In 
high-stakes contexts, such as in the forensic domain, human judges must 
remain central to decision-making, with AI serving only as a supportive 
tool (Kotsoglou & Oswald, 2020; Orsini et al., 2025; van Dijck, 2022). This 
highlights the importance of research on how humans can benefit from 
AI assistance while maintaining responsibility for their own final deci-
sions. Put differently, it is crucial to understand the conditions under 
which AI-based judgments on statement veracity are accepted or rejected 
by human decision-makers, and whether this interplay enhances detec-
tion accuracy. 
However, while hybrid decision-making was already investigated in 
online content moderation (Jhaver et al., 2019) and medical diagnoses 
(Bulten et al., 2020), it remained understudied in the context of deception 
detection, with only two studies available (Kleinberg & Verschuere, 
2021; von Schenk et al., 2024). In Chapter 4, we built upon previous stud-
ies and addressed this topic by conducting an experiment that investi-
gated how transparency about a model’s overall accuracy and confi-
dence in individual predictions influences human trust in AI decisions. 
Our results showed that humans tended to follow more predictions 
stemming from a highly accurate model, but also rejected more confident 
accusations of deception. Moreover, we found that human interaction 
with algorithmic predictions had no effect or even reduced the model’s 
performance.  
These findings, while suggesting a degree of human aversion to AI judg-
ments, also indicate that the deployment of even highly accurate models 
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may encounter resistance in the general audience. Previous research 
highlights widespread concerns about AI replacing humans in high-
stakes roles, such as those of judges or doctors, although these fears vary 
across cultures (Dong et al., 2024).  More interestingly, these concerns 
seem to be influenced by perceived mismatches between psychological 
traits required for a role (e.g., human judge) and those attributed to AI 
(Dong et al., 2024). Alternatively, models’ explainability, namely clarify-
ing the rationale behind predictions, has been proposed as a mechanism 
to reduce concerns and improve trust in AI (Alufaisan et al., 2021), de-
spite some mixed findings about its actual effectiveness (Balasubrama-
niam et al., 2023; Oswald et al., 2018; Sadeghi et al., 2024; Schemmer et 
al., 2022). Future research should, therefore, investigate further how to 
reduce humans’ aversion to AI, either by discovering the psychological 
trait that humans believe an AI should possess to be a reliable deception 
detector or by studying how explanations behind the model's decision 
help foster trust.  

2. Implications of this thesis 

2.1 Implications for theories 
Although this thesis did not aim to expand existing theories or define 
new ones, its findings highlight how deception theories are generally 
weak and underspecified, operating differently across different domains 
(Chapter 3) and deceptive strategies (Chapters 2, 3, and 4). Details on 
how our findings support or contradict existing theories of verbal decep-
tion are provided in the paragraphs below, along with considerations on 
how computational methods can also be employed as tools to refine 
these theories. 

Distancing framework 
The distancing framework posits that individuals may tend to engage in 
psychological distancing when expressing deceptive statements (Han-
cock et al., 2007; Newman et al., 2003) by using more other-references 
(e.g., we, you, they) than self-references (e.g., I, me, my). Across domains, 
these predictions were only partially supported. Our findings, in fact, 
align with previous research on deceptive opinions (Mihalcea & Strap-
parava, 2009; Pérez-Rosas & Mihalcea, 2015), which shows that deceivers 
use more other-references than self-references. However, they contrast 
with previous studies on distancing in past memories and future inten-
tions (Hauch et al., 2015; Newman et al., 2003), as we found deceptive 
memories and intentions being more associated with a higher number of 
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self-references, suggesting that lie-tellers may have attempted to appear 
more credible by creating a sense of social connection. Finally, when 
shifting from fabrication to embedded lies, our findings still supported 
the distancing framework, as we found that deceptive statements with 
embedded lies contained more other-references than truthful statements. 

Cognitive Load 
The cognitive load approach posits that lie-tellers may engage in higher 
cognitive demand, given the effort required for lying (Vrij et al., 2008). 
However, these predictions were not consistent across domains and de-
ceptive strategies in our findings. In fact, while deceptive opinions and 
past experiences were shorter and linguistically less complex (Hauch et 
al., 2015; Vrij et al., 2015), deceptive intentions were characterized by 
greater verbosity, suggesting that intentions may be over-prepared by 
lie-tellers (Kleinberg, van der Toolen, et al., 2018). Furthermore, when 
applying the cognitive load theory to embedded lies, we observed effects 
in the opposite direction: participants provided longer statements for 
embedded deception than for truthful statements. Although this pattern 
may partly reflect the experimental instructions (i.e., adding embedded 
lies to a statement in order to achieve a goal), it is also possible that cog-
nitive load is more diagnostic of fabrication but loses its explanatory 
power for embedded lies, as mixing truthful and deceptive information 
may reduce cognitive demands, thereby eliminating the need for brevity. 

Reality Monitoring 
Reality Monitoring assumes that truthful accounts stem from episodic 
and autobiographical recollections and are therefore more characterized 
by perceptual details, contextual, and affective information, while fabri-
cated accounts stem more from cognitive processes, such as inferences, 
reasoning, and imagination (Johnson & Raye, 1981; Sporer, 1997, 2004) 
Across domains, the evidence in favor of Reality Monitoring was mixed. 
For past experiences and future intentions, findings were largely con-
sistent with Reality Monitoring predictions: truthful accounts exhibited 
higher RM scores and greater use of concrete, memory-related, spatial, 
and temporal information, whereas deceptive accounts relied more on 
abstract words and words reflecting cognitive processes (Amado et al., 
2016; Gancedo et al., 2021; Johnson & Raye, 1981; Sporer, 1997, 2004). In 
contrast to previous expectations, deceptive opinions showed higher 
scores in the concreteness of words, contextual details, and reality mon-
itoring. This different direction of effects was also previously shown 
(Mihalcea & Strapparava, 2009). These findings were interpreted as de-
ceivers show difficulties in abstraction, resulting in fake opinions that 
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sound more grounded in reality. Finally, when switching from fabrica-
tion to embedded lies, only a few indicators of Reality Monitoring were 
found to be more predictive of truthfulness (i.e., memory-related words 
and temporal information) than embedded deception. This suggests that 
Reality Monitoring may be more diagnostic for fully fabricated accounts 
than for narratives where deceptive information is embedded within 
truthful information.  

Verifiability approach 
Along with the verifiability approach, lie-tellers face the dilemma of 
providing as many details as possible to be believed, while avoiding, as 
much as possible, providing verifiable details (Nahari et al., 2012).  
Across domains, our findings align with the verifiability approach and 
previous research for past experiences (Kleinberg, Mozes, et al., 2018; 
Kleinberg, van der Toolen, et al., 2018) and future intentions (Kleinberg, 
van der Toolen, et al., 2018), with truthful statements being characterized 
by more verifiable details (measured as the proportion of named entities) 
than deceptive statements. Interestingly, deceptive statements of past ex-
periences and future intentions were also more characterized with refer-
ences to people, which, as for the distancing framework, we interpreted 
as lie-tellers want to foster their social connections to appear as more 
truthful. However, no features related to verifiable details differentiated 
truthful from deceptive opinions. Finally, when moving from fabrication 
to embedded lies, no significant differences emerged between truthful 
statements and embedded deception in terms of verifiable details. 

Truth-default theory 
According to the Truth-default theory (TDT; Levine, 2014), individuals 
generally assume honesty in communication and become suspicious of 
deception only in those cases where a strong trigger disrupts this default 
truth assumption (e.g., hidden goals, inconsistencies, or third-party 
warnings).  Findings from this thesis on hybrid deception detection 
(Chapter 4) strongly align with the TDT. We found that human judges 
tended to reject more confident algorithmic predictions of deception 
than confident predictions of truthfulness, suggesting that individuals 
do not abandon their truth-default status if such confident algorithmic 
accusations seem to lack clear evidence of deception. This also under-
scores that, in such cases, individuals tend to support a more thoughtful 
perspective that acknowledges the social costs of falsely accusing some-
one of lying and aligns with individuals’ expectations of truthfulness. 
Overall, our findings extend the TDT to hybrid human–algorithm con-
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texts, showing that the truth-default status applies not only to interper-
sonal communication but also to contexts involving the evaluation of al-
gorithmic deception judgments.  

General considerations for theories 
The findings of this thesis, when taken together, only partially support 
existing theories on verbal cues to deception, highlighting the challenges 
of generalizing across different domains and deceptive strategies, sug-
gesting that current theories are underspecified. For example, the Cog-
nitive Load theory has been criticized for failing to specify the presumed 
cognitive mechanisms underlying deception and for not being a falsifia-
ble theory (Neequaye, 2022). While this thesis did not aim to substan-
tially advance theoretical developments, as this went beyond its primary 
scope, it underscores the need for future research to formalize theories 
that can generalize across diverse contexts and deceptive strategies.  
In this regard, automated approaches may also play a role in theory de-
velopment and refinement. For instance, in this thesis, we resorted to ML 
models to understand whether forensic experts fail to detect verbal de-
ception due to inherent difficulties in combining multiple verbal cues or 
due to lack of informativeness of such criteria by comparing models 
trained on experts’ judgments and models trained on features derived 
from NLP (Chapter 2). Additionally, explainability analysis on why one 
trained model may fail to predict deception across different domains 
(Chapter 3) revealed that some statement may be misclassified because 
they mimic the narrative style of truthful statements, with successful 
classifications occurring only when features related to cognitive load are 
significantly present in such statements. Similarly, explainability analy-
sis was useful to understand that the challenge in predicting embedded 
lies stems from their similarity to truthful narratives (Chapter 4). Finally, 
we see opportunities in resorting to adversarial attacks to reveal how in-
dividuals think of and engage in deceptive narratives. Adversarial at-
tacks, in NLP, are a deliberate yet subtle manipulation of the input text, 
often achieved through word substitutions, misspellings, or paraphras-
ing, that does not alter the original meaning for humans but effectively 
misleads or degrades the performance of a language model (Morris et 
al., 2020). Previous research already pointed out that by asking human 
participants to challenge model predictions by paraphrasing statements 
or substituting single words, research can gain a deeper understanding 
of how individuals think deception works and can employ dynamic set-
tings where constant feedback from a classifier is provided, thereby 
holding the potential for new insights into the dynamics of deception 
and for refining existing theories (Kleinberg et al., 2025).  
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To conclude, these considerations underscore the pressing need for more 
robust and generalizable theories of verbal deception and encourage 
openness to resort to computational methods to help refine theoretical 
frameworks and achieve greater explanatory and predictive power. 

2.2 Implications for practice 
Practical implications of this thesis stem from using automated methods 
for coding statements on a large scale, as well as relying on trained ML 
models to predict deception when traditional methods fall short. In fact, 
in this thesis, we see automated approaches i) going beyond chance-level 
predictions, overcoming the performance of unaided naïve and expert 
judges (Aamodt & Custer, 2006; Bond & DePaulo, 2006; Hartwig & Bond, 
2011); ii) being well-suited for predicting in-sample data and learning 
from multiple observations and features, thereby enabling continuous 
learning and the integration of different theoretical perspectives at the 
same time (see DeCLaRatiVE); iii) overcoming limitations related to 
manual approaches in terms of scalability, reliability, and continuous 
learning from complex data, thereby representing the state-of-the-art in 
verbal deception detection 
However, despite these potential benefits, there are practical limitations 
that warrant mention. First, automated methods often show difficulties 
in generalizing out of their in-sample training, and in this thesis, we 
showed how they struggle in generalizing learning across different do-
mains of deception. Additionally, deception is typically predicted at the 
statement level, but the detection at the embedded lie level remains par-
ticularly challenging. Second, it is important to acknowledge that hu-
mans are somehow averse to algorithmic predictions of deception, 
thereby posing a challenge to the effective integration of algorithmic pre-
dictions and human decision-makers for hybrid deception detection. Im-
portantly, human-AI interaction often yields lower performance than the 
AI does in isolation in the domain of verbal deception detection. Further-
more, one note for the use of algorithmic prediction in forensic contexts 
concerns explainability. In such high-stakes settings, interpretable mod-
els should be preferred to highly complex, opaque systems, even when 
the latter offer relatively higher accuracy (Oswald et al., 2018). Explaina-
bility is, therefore, a fundamental requirement. However, some models, 
such as those relying on embeddings or deep architectures, are consid-
ered black boxes, as they often lack transparency, making it difficult to 
justify decisions in court or during investigative procedures (Garrett & 
Rudin, 2023). Conversely, we argue that models trained on theory-led 
features, as in the case of DeCLaRatiVE, provide greater practical value 
because they enable researchers and practitioners to explain which ver-
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bal cues were detected and how these cues align with established theo-
retical frameworks, with the potential to foster human trust in the system 
and support accountability (Alufaisan et al., 2021).  
In summary, while automated methods and ML models offer significant 
advantages in scalability, accuracy, and theoretical integration, their 
practical application requires careful consideration of limitations such as 
generalizability, explainability, and human aversion. Future progress in 
automated verbal deception detection will depend not only on improv-
ing algorithmic performance but also on fostering transparency and trust 
through interpretable models that can be effectively integrated into real-
world decision-making contexts. 

3. Limitations 
Despite the contributions of this thesis, a few considerations about the 
constraints on the generalizability of our findings are worth mentioning. 
First, as highlighted in our systematic review (Chapter 1), establishing a 
clear and verifiable ground truth is often a challenging task. In this thesis, 
we relied on a clear but non-verifiable ground truth level, meaning that 
participants were assigned to experimental conditions (here: truthful 
and deceptive), but without the possibility to verify what participants 
stated. Despite it being a common practice, this ground truth manipula-
tion constrains the validity of current findings, as it mostly relies on par-
ticipants’ compliance with instructions rather than the factual veracity of 
statements. Previous studies already showed that participants may not 
only embed truthful information in deceptive statements, but also de-
ceptive information in truthful ones (Markowitz, 2024; Verigin et al., 
2020; Vrij et al., 2010). Therefore, future research should start testing the-
ories and models of deception under experimental conditions where the 
ground truth can be clearly verified. For example, mock crime para-
digms, video recollection tasks, or object description experiments enable 
researchers to systematically manipulate and verify deceptive infor-
mation, as these settings allow for full control over who lies and who 
tells the truth, and ensure that every statement can be checked against a 
known reality. Once internal validity is established in such controlled 
contexts, the same predictions should then be tested in more naturalistic 
environments, such as real-life interviews or high-stakes situations, to 
assess external and ecological validity. This two-step approach would 
enhance the robustness and generalizability of findings and the scientific 
rigor of deception research. 
Second, we acknowledge that our studies involved low-stakes scenarios 
where individuals participate in lab or online experiments and have 
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nothing to lose if they are caught as liars. In contrast, people may resort 
to deception in real-world scenarios because the stakes are high: for ex-
ample, they deceive because otherwise they may lose money, reputation, 
or be sentenced to prison. However, low stakes are not necessarily a lim-
itation. While it is true that in high-stakes contexts, individuals may pre-
pare their deceptive stories more thoroughly (Porter & Ten Brinke, 2010), 
potentially reducing differences in cognitive load and diminishing de-
tection accuracy (Walczyk et al., 2018), it is also true that higher stakes 
may simply amplify the small observed effects that are already seen in 
psychological research. For example, in research experiments, partici-
pants may freely exaggerate their claims and fabricate unrealistic alibis 
(e.g., stating that they have been abroad), whereas in real-life high-stakes 
scenarios, deceptive narratives tend to be more constrained to appear 
plausible (e.g., if they travelled, they should have a receipt for their flight 
ticket). This aligns with the verifiability approach (Nahari et al., 2012; 
Vrij & Nahari, 2019), which states that lie-tellers tend to provide fewer 
verifiable details, and is partly reflected in investigative contexts where 
law enforcement actively verifies suspects’ statements, thereby limiting 
the feasibility of extreme fabrications and thereby suggesting that what 
is found in such low-stakes lab experiments may be even more effective 
in these naturalistic scenarios.  
Third, this thesis involved some static experimental settings, such as typ-
ing a deceptive statement instead of producing it spontaneously in 
speech. While investigating static deception may be relevant for certain 
online contexts (e.g., deception in fake reviews), in other contexts, such 
as investigative interviews, deception should be studied with more dy-
namic, interactive approaches that mimic real-life scenarios. This is par-
ticularly important, given that the cognitive load theory (Vrij et al., 2008) 
predicts that lie-tellers will be more affected by a higher demand for ly-
ing. However, asking participants to write rather than engage in a con-
versation may reduce the cognitive costs of lying, as writing gives more 
time to plan and formulate responses, potentially masking important 
cues of deception (Derrick et al., 2013; Hauch et al., 2015). Additionally, 
stylometric techniques are most effective for extended statements rather 
than yes/no or very brief answers, limiting their applicability in situa-
tions where individuals may be reluctant to provide detailed and exten-
sive responses. Future research should explore ways to overcome this 
constraint, such as developing hybrid models that combine stylometric 
features with other linguistic or behavioral cues, such as reaction times 
(Suchotzki et al., 2017), aggregating multiple short responses to approx-
imate longer texts, or leveraging interviewing strategies that maximize 
differences between truth-tellers and lie-tellers, making resistance an im-
portant cue of deception (Vrij et al., 2008; Vrij & Granhag, 2012). These 
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strategies would broaden the applicability of stylometric approaches be-
yond contexts like online reviews, fake news, and other digital commu-
nications. 
Finally, limitations on the reproducibility of findings pose a further con-
cern. Proprietary tools and libraries are not always fully transparent and 
stable over time.  For example, LIWC English dictionaries are not avail-
able to users but are embedded within the software, thereby limiting the 
possibility of scrutinizing and debating word-category assignments. 
Similarly, certain functions and models, such as those used for compu-
ting embeddings from closed-source LLMs like OpenAI’s GPT models, 
are under constant refinement, beyond the researcher's control. All these 
factors introduce uncertainty and hinder the long-term replicability of 
findings. By relying on open-source tools and models (e.g., Llama, Mis-
tral, and DeepSeek), future research can enhance the transparency, rep-
licability, and reproducibility of findings, thereby aligning with the prin-
ciples of open science. 

4. Future outlooks 
First, findings from our systematic review (Chapter 1) highlighted the 
need for more research on two key areas: 1) establishing a clearer and 
more verifiable ground truth by developing procedures that ensure the 
verifiability of statements, and 2) exploring forms of deception that ex-
tend beyond fabrication, including omissions and embedded lies, among 
others. Such developments would not only enhance the internal and ex-
ternal validity of deception research, but also fundamentally reshape 
how deception is conceptualized and studied. Establishing a clearer and 
verifiable ground truth would allow researchers to move beyond ambig-
uous or self-reported truthfulness, enabling rigorous testing of theoreti-
cal predictions and improving the reliability of automated detection sys-
tems. Similarly, expanding the scope beyond fabrication to include omis-
sions, embedded lies, and mixed strategies would reflect the complexity 
of real-world deception, where lies rarely occur as complete fabrication. 
This broader perspective could lead to both more general theories of de-
ception and more robust detection systems, capable of handling diverse 
and subtle forms of lying. Ultimately, these advances would bridge the 
gap between controlled laboratory studies and high-stakes applications, 
making deception research more scientifically robust and practically rel-
evant. 
Second, given the large body of available research, future research 
should prioritize meta-analyses to consolidate fragmented evidence and 
identify key moderators of detection accuracy. This is particularly im-
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portant because, while numerous meta-analyses exist for manual ap-
proaches to deception detection, automated methods remain largely un-
explored. In fact, the only meta-analysis on this topic (Hauch et al., 2015) 
was conducted 10 years ago and focused mostly on dictionary-based 
methods, leaving research with a knowledge gap on how modern auto-
mated approaches actually perform. Addressing this gap would enable 
researchers to quantify the overall detection accuracy of these methods 
and assess their robustness across various conditions. For example, 
meta-analyses could examine moderators, such as the impact of i) stakes 
(low vs. high), which affect the motivation of lie-tellers, ii) modality 
(written vs. transcribed), which have an impact on the cognitive load of 
individuals (Derrick et al., 2013; Hauch et al., 2015; Sporer, 2016), and iii) 
interaction level (static vs. dynamic), which determines whether decep-
tion occurs in isolated statements or in interactive exchanges, influencing 
both cue manifestation and detection strategies. By systematically ana-
lyzing these moderators, meta-analyses can reveal not only whether au-
tomated verbal deception detection works, but also under which condi-
tions it succeeds or fails, providing the first truly comprehensive and 
generalizable picture of its practical applicability. 
Third, mega-analysis of existing datasets represents another promising 
avenue, as it enables testing models across multiple domains and as-
sessing the feasibility of developing a foundational deception model, a 
large-scale, multi-domain model that captures universal deception cues 
while adapting to context-specific nuances. Similar to what was claimed 
about foundation models of cognition (Binz et al., 2025), such a model 
would represent a major leap forward, enabling researchers and practi-
tioners to move beyond fragmented, domain-limited approaches and to-
ward a generalizable framework for automated deception detection. 
However, while such foundation models offer scalability and predictive 
power, they are typically opaque because they rely on neural networks 
and embeddings (see again Binz et al., 2025). This raises concerns for 
high-stakes applications where transparency and accountability are es-
sential (Oswald et al., 2018). Therefore, future research should not only 
pursue accuracy but also prioritize interpretability. In this regard, the-
ory-led models, based on psychologically grounded features, may offer 
practical advantages, as they enable practitioners to explain which verbal 
cues are detected and how they relate to established theories, albeit at 
the cost of slightly lower accuracy and constrained generalization. One 
potential solution to this stems from dynamic deception detection and 
lies in developing Bayesian models that, starting from a 50-50 chance, 
progressively update probabilities as evidence accumulates from exist-
ing knowledge and new information (e.g., as provided during interactive 
interviews), until sufficient confidence is reached to predict truthfulness 
or deception. This can be designed as an interactive human-AI system, 
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and it would represent a similar approach to that adopted by law en-
forcement in forensic settings, thereby satisfying the requirement that al-
gorithmic decisions cannot and should not replace human decision-mak-
ing (Oswald et al., 2018). 
Additionally, in court trials, witnesses and suspects are asked to repeat 
the same story multiple times and to different people to assess the con-
sistency of the statement, thus creating multiple versions (or para-
phrases) of the same story (Fisher et al., 2009). However, previous re-
search has shown that paraphrasing a deceptive statement using, for ex-
ample, widely accessible language models (e.g., ChatGPT) is an effective 
strategy to mislead deception classifiers and appear as more truthful 
(Kleinberg et al., 2025). This suggests that future research should also fo-
cus on developing models of deception that are inherently robust against 
adversarial attacks, such as paraphrasing.  This finding introduces a crit-
ical challenge: automated systems may be vulnerable to adversarial at-
tacks that exploit linguistic variability. Unlike humans, who are unaf-
fected by subtle shifts in meaning or emphasis, current classifiers often 
rely on surface-level features, making them easy to fool through para-
phrasing or word substitutions. This vulnerability is particularly con-
cerning given the growing accessibility of generative AI tools, which al-
low individuals to produce convincing adversarial attacks at scale. Fu-
ture research should therefore focus on developing models that are in-
herently robust against such adversarial strategies, for example, by in-
corporating adversarial examples in the training phase to improve ro-
bustness against subtle textual variations. Addressing this issue is essen-
tial to ensure that automated deception detection remains reliable in 
high-stakes contexts such as legal proceedings, security screenings, and 
online fraud prevention. 
Finally, a parallel research line should examine human trust in AI-as-
sisted deception detection, an underexplored area with significant impli-
cations for deployment in high-stakes domains. This includes develop-
ing experiments that manipulate the level of explainability, user agency, 
and exposure to such models to investigate their influence on human ac-
ceptance of AI predictions, as well as employing quasi-experimental de-
signs to control for the effects of cultural and individual differences on 
human trust. Understanding these dynamics is essential if automated 
systems become widely accessible and integrated into forensic or secu-
rity practices.  
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Conclusion 
 
The present thesis investigated the extent to which computational meth-
ods can be employed for automated verbal deception detection. To ad-
dress this issue, this thesis explored key opportunities and challenges re-
lated to automated verbal deception detection, with findings holding 
both theoretical and practical implications. 
First, opportunities were identified in the automated coding of state-
ments, overcoming the practical and methodological limitations of man-
ual coding, while also paving the way for more scalable, objective, and 
predictive approaches to deception detection. Second, opportunities 
were identified in the automated prediction of verbal deception, as mod-
els trained to detect fabricated statements have been found to perform 
above chance level and to overcome limitations of human judgments and 
manual approaches, becoming the state-of-the-art for verbal deception 
detection. 
However, this thesis also identified important challenges. Current auto-
mated approaches for detecting verbal deception typically struggle to 
generalize across different domains and to more nuanced forms of de-
ception, such as embedded lies, thereby undermining their potential ap-
plication in out-of-sample data. Additionally, human aversion towards 
algorithmic predictions challenges the possibility of translating and in-
tegrating these models into real-life settings. 
The theoretical implications of these findings are rooted in the acknowl-
edgment that existing theories on deception are formulated too broadly, 
as their degree of support varies significantly depending on the context 
and the lying strategy employed. In other words, what appears con-
sistent with a theory in one domain may be contradicted in another, sig-
nalling a lack of specificity and predictive power. While this thesis did 
not aim to refine deception theories, it highlights their limitations and 
provides considerations on how computational methods can also serve 
as tools for theory refinement. 
Conversely, the practical implications of these findings stem from defin-
ing the key advantages of automated verbal deception detection, such as 
scalability, reliability, and accuracy, as well as its key challenges on gen-
eralizability, interpretability, and human aversion for real-life applica-
tions.  
To conclude, this thesis showcases that while computational methods of-
fer promising tools for verbal deception detection, their capabilities are 
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often overstated. Our findings show that these models can outperform 
human judgment under controlled conditions, yet their performance 
drops significantly when applied across domains or to nuanced forms of 
deception. Moreover, issues of interpretability and human trust remain 
unsolved, raising concerns about premature deployment in high-stakes 
contexts. These limitations highlight an important reality: methods from 
artificial intelligence are not a silver bullet for deception detection. Pro-
gress will require not only technical improvements but also rigorous val-
idation, theoretical refinement, and careful consideration of ethical and 
social implications. Until these challenges are addressed, automated de-
ception detection should be viewed as an exploratory solution or, at best, 
a complementary aid to human expertise. 
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