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Abstract  

Action representation is thought to rely on hierarchical 

processing, whereby action-related information is represented 

across different levels of abstraction. The visual processing of 

human actions is subserved by the Action Observation 

Network (AON), spanning separate anatomical areas. Rather 

than relying on a modular organization based on the 

segregation of action features, the AON organization may be 

based on distributed representations, overlapping across a wide 

expanse of the cortex and supporting a high-dimensional 

representational space. Coherently with modern perspectives of 

distributed interactive cortical systems, it has been proposed 

that the same representational systems are shared between 

action, perception, and higher-level cognitive functions; in this 

view, action and perception are interdependent systems 

characterized by reciprocal influences. 

In the first and second studies, we aimed to better characterize 

the organization of the AON at different levels of the action 

hierarchy by measuring brain hemodynamic activity and 

representational geometries during observation of transitive 

and intransitive gestures. In the third study, we propose a novel 

methodological and analytical framework aimed at 

investigating the interplay between action and perceptual 

processes during active perception; we tested the validity of the 

proposed approach by recording participants’ motor and 

perceptual behavior during a perceptual decision-making task 

and assessing the influence of motor control features on 

decision formation. 

The results of the first and the second study indicate that 

actions categories are not encoded in a segregated manner and 

that the same areas of the AON participate in the 

representations of multiple action features; moreover, the 

representational content of the AON is not constrained by 



xiv 

 

anatomical proximity, as anatomically distant regions shared 

similar information content. These findings support the notion 

that the AON relies on overlapping and distributed coding and 

may act as a unique representational space. In the third study, 

we established a link between motor and perceptual behavior, 

as changes in movement kinematics continuously tracked the 

decision formation process, and we revealed a significant 

contribution of grip force to perceptual decisions. These results 

support the validity of the proposed approach in exploring the 

relationship between patterns of motor behavior and decision 

processes and the neurophysiological correlates underlying 

decision-making mechanisms.  
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Introduction  

1. 1 Action Representation  

A fundamental problem in motor neuroscience is understanding 

how the brain represents distinct motor features and combines 

them to form a high-level representation of a finalized act. 

Grafton and Hamilton (2007) proposed a model of action 

organization based on hierarchical processing, where stimuli are 

processed over multiple consecutive stages and information is 

carried on and made explicit from one level to another. Within 

this framework, action is thought to rely on a control hierarchy 

chaining and integrating movement elements into single units 

that can be adaptively recombined to deal with changing 

contexts and achieve distant goals. Action-related information is 

represented at a concrete level of specific motor features and at 

an abstract level (e.g., goal) to ensure performance and 

simultaneously allow for flexibility of behavior (Spunt et al., 

2016; Turella et al., 2020). Evidence supporting the notion of an 

action hierarchy is provided by studies on apraxia, of which 

Liepmann (1988) described two forms, seemingly affecting 

different stages of the action hierarchy: ideomotor apraxia, that 

is, the inability to perform purposeful movements, despite 

preserved motor functions, and ideational apraxia, which 

consists in a deficit in concatenating motor elements. 
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1.1.1 Action Observation Network  

A large corpus of evidence demonstrates a significant overlap 

between networks sub-serving action observation and execution 

(e.g., Buccino et al., 2001; Gazzola & Keysers, 2009; Mukamel et 

al., 2010; Molenberghs et al., 2012). A recent metanalysis 

(Hardwick et al., 2018) identified consistently shared activations 

in parietal areas, such as the inferior parietal lobule (IPL), and in 

premotor regions, including bilateral pre-supplementary motor 

area (pre-SMA), left supplementary area (SMA), bilateral ventral 

premotor cortex (PMv), right dorsal premotor cortex (PMd). This 

shared network is part of a broader action observation network 

(AON), specialized for the representation of human actions and 

spanning bilateral frontal, parietal, and posterior temporal areas 

(Culham & Valyear, 2006; Caspers et al., 2010; Kilner, 2011; 

Filimon et al., 2015; Reynaud et al., 2019; Vannuscorps et al., 

2019). 

1.1.1.1 Parietal areas 

The role of the posterior parietal cortex in action-related 

processing is well established (Culham & Valyear, 2006; Caspers 

et al., 2010; Hardwick et al., 2018), and evidence indicates it is 

functionally divided into sub-regions responding to observation 

of different classes of actions (Urgen & Orban, 2021; Jastorff et 

al., 2010; Abdollahi et al., 2013). 

The intraparietal sulcus (IPS) and IPL have been implicated in 

the execution and observation of object-directed movements, 
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with anterior parts (aIPS) specialized for grasping and object 

manipulation (Culham & Valyear, 2006; Abdollahi et al., 2013), 

while activations in posterior parts reflect processing of action-

relevant object features (Gallivan et al., 2013; Villarreal et al., 

2008). The role of aIPS in grasping seems to relate to the level of 

precision required as it shows greater activation for precision 

grips regardless of the number of digits (Cavina-Pratesi et al., 

2018), and it encodes action type (i.e., precision grip vs. whole-

hand grasp) independently of effector and low-level kinematic 

features (Turella et al., 2020). These findings suggest that aIPS 

could integrate information about object properties and task 

demands to compute appropriate hand configurations (Cavina-

Pratesi et al., 2018). Conversely, activations in superior parietal 

areas (SPL) are associated with directional arm movements, e.g., 

reaching and pointing, suggesting a role of SPL in processing the 

arm transport component of hand movements (Savaki et al., 

2022; Filimon et al., 2007; Fabbri et al., 2014; Cavina-Pratesi et al., 

2018). 

Neuroimaging studies have also implicated IPL in encoding 

observed actions at different levels of abstraction, generalizing 

across kinematics and object category (Wurm & Lingnau, 2015), 

and in the representation of immediate action goals, understood 

as the observable end state of an action (Urgen & Orban, 2021; 

Jastorff et al., 2010; Wurm et al., 2016; Urgen et al., 2019). Koul et 

al. (2018) found that IPL and SPL encoded goal-related 

information conveyed by variations in movement kinematics, 

suggesting that agents’ intentions can be inferred from 
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kinematic-related information coded in these areas even in the 

absence of contextual clues. 

1.1.1.2 Temporal areas 

Temporal areas of the AON receive inputs from the visual 

system and relay this information to other action observation 

areas for further processing (Kilner, 2011; Urgen & Orban, 2021). 

Recently, Wurm and Caramazza (2022) proposed that AON 

temporal areas, specifically the lateral occipitotemporal cortex 

(LOTC), may be part of a visual pathway dedicated to action 

recognition, analogous to the ventral stream for object 

recognition (Goodale & Milner, 1992). While frontoparietal areas 

are mainly sensitive to ‘how’ aspects of action representation, 

e.g., kinematics of manipulation actions, LOTC is involved in the 

representation of features relevant for action recognition and is 

organized along a posterior-to-anterior gradient from perceptual 

aspects, such as biological motion, to conceptual representations 

(Wurm & Caramazza, 2022). Consistently with this notion, the 

involvement of posterior temporo-occipital areas in the 

perception of biological motion is well established (Peuskens et 

al., 2005; Zeki, 2015), while the middle temporal gyrus (MTG) 

has been implicated in semantic processing (Villarreal et al., 

2008; Xu et al., 2009; Kubiak & Króliczak, 2016). Moreover, the 

representational organization of the posterior superior temporal 

sulcus (pSTS) has been shown to correlate with models 

describing the visual form and trajectory of the stimuli and the 

type of action, suggesting this area integrates form and motion 
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information to encode action type (Urgen et al., 2019). Notably, 

action-related representations in MTG are also organized along a 

posterior-to-anterior gradient, with posterior regions encoding 

symbolic gestures and pantomimes and anterior areas showing 

higher activation to word stimuli (Papeo et al., 2019). 

1.1.1.3 Frontal areas 

Frontal areas are considered a second-level anatomical stage in 

the AON (Urgen & Orban, 2021), receiving input from visual 

areas and other AON regions. Specifically, premotor areas 

receive sensorimotor and hand-object interaction information 

and integrate it into the appropriate concrete motor program to 

understand observed action (Kilner, 2011; Caspers et al., 2010).  

Activations in PMv and PMd have been associated with both 

planning and observation of grasping movements, 

independently of the effector involved in the action (Villarreal et 

al., 2008; Caspers et al., 2010; Gallivan et al., 2013), although 

some evidence indicates a dissociation between these two areas 

in coding grasping and reaching, respectively (Filimon et al., 

2007; Filimon, 2010; Fabbri et al., 2014; Cavina-Pratesi et al., 

2018). Overall, PMv seems to encode mainly low-level features of 

observed movements (Wurm & Lingnau, 2015), suggesting it 

provides a kinematics-based representation of action (Savaki et 

al., 2022). 

Conversely, IFG is involved in action representation at higher 

levels of abstraction, as it has been shown to respond to goal-
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directed actions and to code agents’ intentions (Koul et al., 2018; 

Savaki et al., 2022); moreover, lesions to this area have been 

associated with impairments in action goals recognition 

(Kalénine et al., 2013). IFG has been suggested to be part of a 

ventral pathway within the AON from middle temporal areas to 

anterior to posterior parts of IFG, representing actions along a 

gradient from conceptual to concrete level (Kilner, 2011; Bischoff 

et al., 2014; Möttönen et al., 2016): representations of the actions 

associated with an object would be encoded from an abstract 

level, such as goals, to the appropriate motor parameters for 

interacting with the object, along the anterior-to-posterior axis in 

the inferior frontal cortex (Badre & D’esposito, 2009). 

1.1.2 Organization of the Action Observation Network 

In accordance with the model proposed by Grafton and 

Hamilton (2007), action information processing in the AON is 

hypothesized to be hierarchical: visual information is transferred 

from one anatomical level of the AON to the other, representing 

increasingly abstract and complex aspects of the observed act 

(Urgen et al., 2019; Urgen & Orban, 2021). The hierarchical 

organization of the AON is supported by neuroimaging findings 

of action encoding at different levels of abstraction, from motion 

and kinematics to immediate goals and outcomes. These studies 

found differential activation in areas of the AON, representing 

actions at either a concrete level, e.g., encoding of appearance-

based features, or intermediate and higher levels, generalizing 
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across kinematics, effector, or target object (Grafton & Hamilton, 

2007; Tucciarelli et al., 2015; Wurm & Lingnau, 2015; Urgen et al., 

2019; Tarhan et al., 2021). 

Expanding on the hierarchical account of action representation, 

the predictive coding model postulates that the AON generates 

predictions about action goals and how the action will be 

performed and then uses the kinematics of the observed action 

to verify these predictions (Kilner, 2011; Koul et al., 2018; Decroix 

& Kalénine, 2019). Action observation is thus equated to a 

hypothesis testing process disambiguating between predictions 

(Donnarumma et al., 2017). According to this account, goal 

predictions are generated through the ventral pathway linking 

posterior temporal areas with IFG, while dorsal areas generate a 

concrete instance of the predicted actions and select the most 

likely hypothesis based on the observed kinematics. Predictive 

coding accounts are supported by evidence that goal-related 

information is more salient than appearance-based information 

during action processing (Decroix & Kalénine, 2019; Tarhan et 

al., 2021) and that LOTC is recruited earlier than frontal areas 

during action observation (Tucciarelli et al., 2015). 

Other evidence suggests that the representational organization 

of the AON relies on distributed representations: observed 

actions are encoded at larger spatial scales by populations 

encompassing multiple voxels tuned to specific features (Giese & 

Rizzolatti, 2015; Handjaras et al., 2015; Tucciarelli et al., 2019). 

These distributed representations partially overlap, with voxels 

participating in multiple representations while carrying 
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discriminative information (Filimon et al., 2015; Handjaras et al., 

2015). Localized activations to different categories of stimuli can 

be explained by distributed representations with specific 

topographies that involve neurons to different degrees 

(Pulvermüller, 2005). 

The overlap between multiple representations means that 

different kinds of information coexist at different spatial scales 

(Grill-Spector & Weiner, 2014) and may reflect the necessity of 

supporting a high-dimensional representational space (Haxby et 

al., 2014). 
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1. 2 Action and Perception in Embodied Theories 

Modern perspectives on brain organization have moved away 

from a modular view based on independent functional modules, 

suggesting instead that cortical functions are served by 

distributed interactive systems (Pulvermüller, 2005).  

Coherently with this perspective, embodied theories of cognition 

postulate shared representational systems involved in action, 

perception, and higher-level cognitive abilities, with 

sensorimotor representations providing the scaffolding upon 

which cognitive functions are constructed (Gordon et al., 2021). 

Action perception in the embodied cognition framework is 

considered not a passive but an active process, embodied in the 

AON and engaging sensorimotor representations to recognize 

and understand the observed actions (Caramazza et al., 2014; 

Donnarumma et al., 2017). The embodied view also postulates 

that the action system affects perception processes. Since 

perception, understood as information sampling from the 

environment, necessarily requires movement, this results in an 

integrated perception-action loop characterized by reciprocal 

influences between the two systems (Creem-Regehr & Kunz, 

2010). 

For this reason, embodied theories offer an ecologically valid 

perspective for the study of perceptual decision-making, in that 

they account for the situated aspects of a decision and are better 
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suited to model the kind of scenarios in which neural systems 

underlying decision-making have evolved (Gordon et al., 2021).  

1.2.1 The role of action in perceptual decision-making 

Perceptual decision-making is a competitive process involving 

the accumulation and evaluation of sensory information guiding 

motor behavior (Hauser & Salinas, 2014). Several frameworks 

have been proposed to describe perceptual decision-making and 

its links to action. The classical framework generally views 

decision-making as a serial process, where a decision is made 

and then the action to report the choice is selected and executed 

(Newell & Simon, 1972). Thus, serial models neglect the role of 

action, assuming functional and temporal segregation between 

decision-related and motor processes. While serial models adapt 

well to the methodological constraints of laboratory settings, 

they fail to capture the range of behaviors observed in real-life 

scenarios in which decisions are deployed (Gordon et al., 2021). 

Indeed, the temporal segregation between the decision and the 

response expression stages has been challenged by evidence of 

action preparation and initiation before decision completion 

(Cisek & Kalaska, 2005; McKinstry et al., 2008; Freeman et al., 

2011; Selen et al., 2012), suggesting that decisional and motor 

processes may unfold in parallel. Consequently, parallel models 

of decision-making have been proposed, in which a continuous 

flow of information or evidence is transferred from the decision 

layer to the action component (Coles et al., 1985) and used to 
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update and adjust the motor response. Compared to serial 

models, the role of action is extended, starting early in the 

decision process and being continuously revised (Freeman et al., 

2011; Selen et al., 2012). Both covert and overt components of 

action dynamics are now taken into account, reflecting 

uncertainty in the evolving decision-formation process (Lepora 

& Pezzulo, 2015). Continuous flow models can also explain 

changes of mind (Resulaj et al., 2009), i.e., revisions of decision 

once the response movement has already started: response 

initiation is triggered by the accumulated evidence passing a 

threshold, though new information or information not initially 

considered may be transferred to the motor system after 

movement initiation triggering the opposite response (Resulaj et 

al., 2009; Lepora & Pezzulo, 2015).  

Parallel models consider only forward influences from the 

decision layer to action. However, from an ecological 

perspective, sensory information is not passively received from 

the external world but is shaped by active interaction with the 

environment. In decision-making contexts, this translates to the 

features of the action associated with the choice themselves 

influencing perceptual decisions (Gallivan et al., 2018).  

In accordance with this notion, the Embodied Choice framework 

(Lepora & Pezzulo, 2015) considers action and decision-making 

as interdependent processes and emphasize the situated 

characteristics of choice. Action is no longer simply a way to 

express a choice but is part of the decision-making process, 

changing both the perceptual and the decision landscapes 
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(Gordon et al., 2021). Embodied decision models propose 

feedback influences from action dynamics to the decision 

process, which is biased by the constraints of the motor system 

(Lepora & Pezzulo, 2015). Specifically, the physical effort 

associated with the action to report the choice, i.e., the cost of 

action, can influence perceptual decisions towards the 

alternative with the lower cost (Marcos et al., 2013; Burk et al., 

2014; Hagura et al., 2017). Motor costs are not determined a 

priori but may change depending on the action dynamics of 

already initiated responses (Lepora & Pezzulo, 2015). Once an 

action is initiated, the sensory evidence required to change the 

decision increases, as it must outweigh the commitment from 

having already selected a response: this generates commitment 

effects, which can also bias decisions and affect the occurrence of 

changes of mind (Thura & Cisek, 2014; Wiener et al., 2019; Cos et 

al., 2021). 

Lepora and Pezzulo (2015) demonstrated that action preparation, 

changes of mind and commitment effects are all necessary to 

explain the full range of speed-accuracy tradeoffs observed in 

decision-making scenarios, supporting the embodied view of 

reciprocal interaction between action, perception, and decision-

making.  
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Interaction of Transitivity and Goal-directedness 

during Action Observation 

2. 1 Introduction 

Action Observation Network (AON) activity is modulated by a 

wide range of factors, mainly pertinent to features of the 

observed action, such as transitivity, kinematics of the 

movement and the goal of the actor (Kemmerer, 2021). Previous 

research primarily focused on investigating the neural correlates 

of action features in isolation, e.g., distinguishing transitive vs. 

intransitive (Villarreal et al., 2008; Handjaras et al., 2015; Kubiak 

& Króliczak, 2016) and meaningful vs. meaningless (Lui et al., 

2008; Möttönen et al., 2016; Papeo et al., 2019) movements. 

Transitivity, which refers to whether actions involve interaction 

with and manipulation of objects, has been extensively 

investigated in research on action observation. Transitive and 

intransitive actions have been shown to recruit a shared network 

of areas within the AON (Villarreal et al., 2008; Króliczak & Frey, 

2009; Andric et al., 2013; Kubiak & Króliczak, 2016), including 

the intraparietal sulcus (IPS), posterior superior and middle 

temporal cortex (pSTS, pMTG), and frontal areas such as ventral 

premotor cortex (PMv) and inferior frontal gyrus (IFG); however, 

object-directed actions elicit stronger and more widely spread 

responses than non-object-directed ones (Caspers et al., 2010; 

Kubiak & Króliczak, 2016).  
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Activity in the AON is also influenced by the goals of the 

observed actions (Kemmerer, 2021), defined in terms of the 

agent’s abstract purposes. Goal-oriented actions include 

intransitive communicative gestures and transitive actions 

involving a meaningful interaction with the target object, such as 

grasping (Andric et al., 2013). Purposeful actions have been 

shown to recruit bilateral parietal and frontal areas (Jastorff et 

al., 2010; Andric et al., 2013; Wurm & Lingnau, 2015; Möttönen et 

al., 2016). Symbolic gestures, or emblems, constitute a particular 

subgroup of purposeful hand actions, in that they carry semantic 

content and subserve a communicative function; they are also 

distinct from speech-related gesticulation or pantomimes, as 

they are voluntary, learned and culturally shared, and function 

as independent units of speech (Xu et al., 2009). Compared to 

nonsense movements, symbolic gestures have been shown to 

evoke overlapping responses in frontal (e.g., IFG) and temporal 

(e.g., MTG) cortices (Lui et al., 2008; Möttönen et al., 2016; Papeo 

et al., 2019), whereas dissociations emerge in the parietal cortex: 

nonsense gestures recruit more dorsal regions in IPS/SPL, while 

emblems recruit the supramarginal gyrus (SMG) and inferior 

parietal lobule (IPL; Lui et al., 2008; Möttönen et al., 2016; 

Lesourd et al., 2018). Moreover, partial lateralization has been 

observed with emblems more strongly activating left IFG 

(Möttönen et al., 2016) and left MTG (Papeo et al., 2019). Indeed, 

emblems and speech engage partially overlapping areas in the 

temporal and frontal cortices (Xu et al., 2009; Andric et al., 2013; 

Papeo et al., 2019), indicating that observing symbolic gestures 

engages semantic processing and recruits some of the same 
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resources as language comprehension. 

The evidence of partially overlapping representations across 

different action categories may suggest that they are not encoded 

independently. However, previous studies failed to thoroughly 

explore the neural representations of actions differing in 

multiple factors, limiting their findings to category-specific 

activations. 

In the present functional magnetic resonance imaging (fMRI) 

study, we investigate the neural correlates of observing actions 

differing in both transitivity and purposefulness. Specifically, we 

measured neural responses to four types of actions: transitive, 

either purposeful or purposeless, and intransitive, either 

purposeful or purposeless; using a mixed effect approach, we 

assessed the main effects of transitivity and purposefulness, as 

well as their interaction. Contrasting all the possible 

combinations between factor levels allowed us to emphasize 

different features shared between or specific to each category 

and to explore how such features interact. 
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2. 2 Methods 

2.2.1 Participants 

Twenty-five healthy right-handed participants (11 males, mean 

age ± SD: 26±4 years) were enrolled in the fMRI protocol. All 

subjects received a medical examination, including a brain 

structural MRI scan, to exclude any disorder affecting brain 

structure or function. All participants gave their written 

informed consent after being explained the study procedures 

and potential risks. The study was conducted under a protocol 

approved by the University of Modena and Reggio Emilia 

Ethical Committee. 

2.2.2 Stimuli and procedure 

Participants were presented with a continuous video depicting 

an actor, whose arms and trunk only were visible, sitting at a 

table with nine everyday artificial objects placed in front of him; 

every 17.5 seconds, the actor performed a movement with the 

upper limb, which pertained to one of the following four classes: 

intransitive, either purposeful (i.e., symbolic) or purposeless (i.e., 

nonsense), and transitive, either purposeful (i.e., grasping an 

object) or purposeless, i.e., touching an object without hand pre-

shaping for grasping. In the present study, we considered 
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touching as a purposeless gesture based on previous evidence 

that cortical activity associated with object-directed reaching is 

modulated by whether grasping is possible or not (Bozzacchi et 

al., 2012): this finding suggests that the act of touching an object 

without grasping it recruits different cognitive resources than 

when the goal of grasping is present. Some nonsense actions 

were taken from the Goldenberg apraxia test (Goldenberg, 1995), 

while others were created appositely for the study. Movies were 

presented using an in-house developed software via the IFIS-SA 

fMRI System (Invivo Corp, FL USA; visual field: 15°, 7’’, 352 x 

288 pixels, 60 Hz). Participants were instructed to observe and 

pay attention to the video while undergoing fMRI. Catch trials, 

lasting 20 seconds, were interspersed among experimental ones 

to ensure participants were attending the stimuli: during these 

trials, a static image of the same actor in the same environment 

was presented, and a red cross appeared on the screen as a cue 

for the subjects to press a button. Participants completed a total 

of 81 trials divided into three runs; in each run, six examples of 

each of the four actions were presented (24 experimental trials 

per run plus catch trials - 3 in the first run, 2 in the second and 4 

in the third). No stimulus was repeated during each session. 

2.2.3 Image acquisition and analysis 

Functional brain images were acquired using a 3T Philips Intera 

scanner (TR = 2.5 s, TE = 34 ms; in-plane matrix size = 64 × 64; 

slice thickness = 4.6 mm; FOV = 243.2 x 243.2 x 115 mm; voxel 
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size = 3.8 x 3.8 x 4.6 mm; 25 sequential descending axial slices; 

576 volumes in total for the three runs). T1-weighted anatomical 

images (FOV = 170 x 256 x 256 mm, matrix size = 170 x 256 × 256; 

1 mm isotropic voxel; 170 sagittal slices) were acquired at the 

beginning of the experimental session. The anatomical volume 

was corrected for field inhomogeneity, skull stripped using the 

Advanced Normalisation Tools package (ANTs; Avants et al., 

2009), co-registered to the functional image and then aligned to 

the MNI template (Fonov et al., 2009). Functional preprocessing 

was performed using the AFNI software package (Cox, 1996): 

scanner-related noise was removed through despiking 

(3dDespike), and all volumes comprising a run were temporally 

aligned (3dTshift) to correct for slice timing delays. The resulting 

time series were corrected for head motion (3dvolreg) using the 

first run as the reference volume; spatial smoothing with a 

Gaussian kernel of 6mm (full width at half maximum, 

3dBlurToFWHM) was applied, and each run was normalized as 

percent signal change. Single-subject preprocessed images were 

entered a GLM (3dDeconvolve), modeling each unique stimulus 

as a separate regressor and including motion parameters and 

outlier frames (Power et al., 2012) as noise regressors. 

At the group level, a 2x2 mixed effects analysis was performed in 

AFNI using 3dMEMA (Chen et al., 2012), which takes into 

account within-subject variability and weights each subject's 

contribution to the final statistics accordingly. The main effects 

for the transitivity factor (grasping + touching vs. symbolic + 

nonsense) and the goal-directedness factor (grasping + symbolic 
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vs. touching + nonsense) were calculated, as well as their 

interaction (grasping + nonsense vs. touching + symbolic). Group 

maps were corrected for multiple comparisons using cluster-

based correction (voxel-wise threshold of 0.001, corrected p-

value of 0.05).   
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2. 3 Results  

2.3.1 Main effects of Transitivity and Goal-directedness 

The main effect of transitivity (p<0.05, corrected; Fig. 2.1A) 

highlighted significantly greater activation to observed grasping 

and touching in the superior parietal lobule (SPL), IPS, collateral 

sulcus (CS) and in the right superior frontal gyrus (SFG). 

Conversely, voxels encoding intransitive actions were found in 

IFG, the superior temporal sulcus (STS), the median wall of the 

SFG, the thalamus, the posterior cingulate cortex, and the right 

lateral occipital cortex (LOC). Although significant activations to 

these gestures were found bilaterally, they extended over a 

larger area in the left hemisphere, indicating that processing of 

intransitive actions recruits left-lateralized brain regions to a 

greater degree. 

The activation map for the main effect of goal-directedness (Fig. 

2.1B) showed recruitment of left STS extending to SMG, medial 

SFG and left superior frontal sulcus (SFS) during observation of 

purposeful actions. On the other hand, touching and nonsense 

gestures elicited increased activity in SPL and the post-central 

sulcus (PCS). 
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Figure 2.1. Brain areas encoding the dimensions of transitivity and goal-
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directedness (p < 0.05, corrected). A. Main effect for transitivity factor: 

increased activity associated with grasping and touching (in yellow) 

and symbolic and nonsense actions (in blue). B. Main effect for goal-

directedness factor: increased activity associated with grasping and 

symbolic actions (in yellow) and touching and nonsense actions (in 

blue). Statistical maps are projected onto the inflated surface template. 

CS: collateral sulcus; IFG: inferior frontal gyrus; IPS: intraparietal 

sulcus; PCS: post-central sulcus; SFG: superior frontal gyrus; STS: 

superior temporal sulcus; SPL: superior parietal lobule. 

2.3.2 Interaction 

Clusters of significant activations for the interaction effect 

between transitivity and goal-directedness (p<0.05, corrected) 

were found in an extended network of regions, spanning 

parietal, temporal and frontal cortices (Fig. 2.2): grasping and 

nonsense gestures compared to touching and symbolic actions 

elicited stronger responses in bilateral SPL, right pMTG, as well 

as right SFG and post-central sulcus. On the other hand, the left 

SMG, anterior cingulate cortex, precuneus and right central 

sulcus responded more strongly to touching and symbolic 

gestures. 
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Figure 2.2. A. Brain areas showing significant interaction effect between 

factors (p < 0.05, corrected). The interaction effect between transitivity 

and goal-directedness was tested by contrasting grasping and nonsense 

actions against touching and symbolic actions (in yellow) and vice versa 
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(in blue). Statistical maps are rendered onto the ICBM152 template. B. 

Two brain areas showing an interaction effect. The right middle 

temporal gyrus responded more strongly to grasping and nonsense 

gestures compared to touching and symbolic actions, while the left 

supramarginal gyrus demonstrated the opposite response pattern. 

MTG: middle temporal gyrus; PCS: post-central sulcus; SFG: superior 

frontal gyrus; SMG: supramarginal gyrus; SPL: superior parietal lobule.  

  



25 

 

2. 4 Discussion 

By contrasting actions differing in both transitivity and 

purposefulness, we emphasized different features shared 

between or specific to each category and investigated neural 

representations relating to particular features. The findings of a 

significant interaction effect between transitivity and goal-

directedness and of partially non-overlapping activations across 

contrasts suggest that each type of action likely activates a 

distributed network of areas spanning the borders of commonly 

understood category-specific regions. Actions may be 

differentially encoded according to the combination of specific 

features, with categories differentially recruiting specific 

features-encoding regions. 

Interaction effect. Significantly stronger responses for the grasping 

and nonsense vs. touching and symbolic contrast were identified 

in bilateral SPL, right pMTG, right SFG and post-central sulcus. 

Consistently with previous findings, parietal activation may 

reflect the processing of visuospatial features of hand actions 

(Caspers et al., 2010; Gallivan & Culham, 2015; Möttönen et al., 

2016), e.g., hand postures, which would be the most salient 

feature characterizing both grasping and nonsense gestures. 

pMTG is known to be involved in the perception of biological 

motion (Peuskens et al., 2005; Zeki, 2015; Hodgson et al., 2022), 

but it has also been linked to transitivity, specifically to the 

processing of object features relevant to action recognition 
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(Wurm et al., 2017; Wurm & Caramazza, 2019). Responses to 

observed touching and symbolic gestures against grasping and 

nonsense were less pronounced and mainly located in left SMG; 

this area has been implicated in comprehension of intransitive 

gestures (Lui et al., 2008; Króliczak & Frey, 2009; Andric et al., 

2013), but only in specific conditions suggesting it might serve a 

specialized function (Yang et al., 2015).  

Transitivity. Results emerging from the transitivity contrast (i.e., 

transitive vs. intransitive actions) were in agreement with 

previous literature on action observation. Specifically, we found 

encoding of transitive actions in bilateral SPL and IPS, which 

have been implicated in the processing of directional arm 

movements and object features relevant for manipulation 

(Gallivan et al., 2013; Gallivan & Culham, 2015; Cavina-Partesi et 

al., 2018). This result provides further support to the well-

established involvement of parietal regions during observation 

of object-oriented hand actions (Culham & Valyear, 2006; 

Caspers et al., 2010; Abdollahi et al., 2013; Gallivan & Culham, 

2015; Reynaud e al., 2019; Aflalo et al., 2020; Urgen & Orban, 

2021). Conversely, observed intransitive gestures recruited IFG 

and STS, consistently with evidence that these areas are involved 

in processing communicative actions (Villarreal et al., 2008; Yang 

et al., 2015; Möttönen et al., 2016). Moreover, this category of 

actions recruited left cortices to a greater extent, in accordance 

with findings of shared neural substrates for gestures and 

language comprehension (Xu et al., 2009; Andric et al., 2013; 

Papeo et al., 2019).  
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Goal-directedness. Results from the contrast between purposeful 

and purposeless actions are less conclusive: we found significant 

activations associated with purposeful actions in left STS and 

medial SFG, while activation of SPL and post-central sulcus was 

associated with observation of purposeless movements. These 

areas do not match brain regions areas identified by previous 

studies as representing action goals, e.g., IPL and IPS and 

posterior temporal cortex (Jastorff et al., 2010; Wurm & Lingnau, 

2015; Wurm et al., 2016). A possible explanation for this 

difference is that rather than contrasting purposeful vs. 

purposeless actions, these studies tested discrimination of 

transitive action types generalizing across effector and object, 

thus identifying neural correlates of representing action identity 

at an abstract level rather than actor’s intentionality. Another 

possibility is that, in our study, participants may have attributed 

a communicative intent to nonsense gestures, similar to 

emblems; this would explain why activations for the purposeful 

vs. purposeless contrast were not particularly extended, as well 

as the lack of activation in IFG, which has been implicated in 

representing purposeful hand action (Andric et al., 2013; 

Möttönen et al., 2016; Koul et al., 2018; Savaki et al., 2022). 

 

In conclusion, we expanded on previous findings by 

demonstrating a significant interaction between the categories of 

transitivity and goal-directedness, indicating that these two 

dimensions are not represented in an independent manner. 
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Going beyond the view that different brain areas are dedicated 

to the processing of specific action classes, our results indicate 

that actions may be differentially encoded according to the 

combination of specific motor (i.e., kinematics, affordances) and 

cognitive (i.e., semantics) features, with categories differentially 

recruiting specific features-encoding regions depending on the 

distinct combination of such characteristics. 
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Sensitivity and Specificity of the Action 

Observation Network to Kinematic, Target 

Object and Gesture Meaning  

3. 1 Introduction 

Several behavioral, neuropsychological, and brain-functional 

observations support a model of action processing based on a 

hierarchical organization (Filimon, 2010; Kilner, 2011; Gallivan & 

Culham, 2015; Tarhan et al., 2021). Within this framework, 

action-related information is thought to be represented across 

different levels of abstraction, with brain areas being 

differentially activated as a function of information complexity, 

from low-level appearance and kinematics (e.g., effector, the 

trajectory of the arm, grip configuration, the orientation of the 

hand to the object), to object-related features (i.e., identity and 

function of the object), to higher-level goal and action outcomes 

(Grafton & Hamilton, 2007). In support of this perspective, 

neuroimaging studies report the existence of different levels of 

feature representation during both observation and execution 

(Gallivan et al., 2013; Wurm & Lingnau, 2015; Urgen et al., 2019; 

Turella et al., 2020). 

The visual processing of action-related information is organized 

over the Action Observation Network (AON), spanning separate 

anatomical areas (Culham & Valyear, 2006; Caspers et al., 2010; 

Kilner, 2011; Filimon et al., 2015; Reynaud et al., 2019; 
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Vannuscorps et al., 2019). The AON relies on distributed 

representations, where low-level visual features (e.g., biological 

motion; Giese & Poggio, 2003; Zeki et al., 2015) are processed in 

specific patches of the cortex, while more abstract properties 

(e.g., semantics) are encoded at a larger spatial scale (Giese & 

Rizzolatti, 2015; Handjaras et al., 2015; Tucciarelli et al., 2019). 

Consequently, distinct action representations overlap across a 

wide expanse of the cortex and support a high-dimensional 

representational space (Filimon et al., 2015; Handjaras et al., 

2015; Wurm & Caramazza, 2019). 

In accordance with this functional perspective of action 

representation, the present study aims to better characterize the 

complex hierarchy of the AON by studying action organization 

at different levels of granularity (i.e., differentiation), from the 

representation of elementary descriptors, such as kinematics, 

object categories and their mutual interactions, to the 

representation of higher-level information, such as the meaning 

of gestures. Consistently with previous accounts of distributed 

representations, we propose a novel functional parcellation of 

the cortex based on representational similarity, where the 

clustering of voxels is guided by their information content rather 

than their anatomical proximity. Our approach aims to better 

characterize the intrinsic dimensionality and organization of the 

AON by testing whether and to what extent similar categorical 

information is distributed in multiple functional parcels when 

the anatomical proximity constraint is deliberately neglected. For 

this purpose, representational similarity analysis (RSA; 
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Kriegeskorte et al., 2008a) and clustering techniques (Maaten & 

Hinton, 2008) were employed in two fMRI experimental 

protocols to describe the representational geometries of the AON 

by examining multiple sets of theoretical categorical models and 

using the sensitivity index d' (Macmillan & Creelman, 2004) to 

measure discriminability of each action model. In the first fMRI 

experiment, we identified functional clusters of voxels encoding 

observed object-directed actions and investigated their specific 

tuning to different dimensions characterizing transitive actions 

(i.e., kinematic trajectory, animacy, and target object category), 

which have been previously shown to modulate brain responses 

during action observation (Kemmerer, 2021). In the second fMRI 

experiment, we tested the reliability of voxel responses to a 

different set of transitive gestures. Finally, by looking at the 

representation of intransitive gestures and quantifying the 

cortical overlap among action properties, we evaluated the 

sensitivity and specificity of the AON.  

We expected the same brain regions to participate at multiple 

levels of action representation and the great majority of the 

information content to be spread across the cortex. This result 

would favor the hypothesis of a unique, high-dimensional space 

for action representation rather than a representational system 

with a modular organization based on segregated action 

features. 
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3. 2 Methods 

Two independent fMRI experiments involving two different 

action observation paradigms were used in the present study. 

The second experimental protocol has been already described in 

the previous chapter (chapter 2). Both experimental protocols 

employed visual presentation of action stimuli in the form of 

video clips: in the first protocol, distinct clips depicting only 

transitive actions directed at different categories of objects were 

presented; in the second protocol, transitive and intransitive 

actions were embedded in a continuous visual stimulation. The 

dimensions characterizing the stimuli feature space in the first 

experiment were: the kinematic trajectory of transitive actions, 

animacy, and category of the target of the action. The features 

taken into consideration in the second experiment were: the 

kinematics and the target object identity of transitive actions and 

the meaning of non-object-directed, intransitive gestures. 

Representational similarity analysis (RSA) was performed in 

both experiments. Brain voxels were then clustered based on 

their similarity structures, and the resulting representational 

spaces were compared to multiple categorical models to 

highlight, in any given cortical region, the dominant dimensions 

driving stimulus representation. 
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3.2.1 Participants 

Fourteen healthy right-handed subjects (4 males, mean age ± SD: 

37 ± 6 years) participated in the first study. Twenty-five healthy 

right-handed participants (11 males, mean age ± SD: 26±4 years) 

were enrolled in the second experiment.  

All participants received a medical examination, including a 

brain structural MRI scan, to exclude any disorder affecting 

brain structure or function. All participants gave their written 

informed consent after being explained the study procedures 

and potential risks. The studies were conducted under protocols 

approved by the University of Modena and Reggio Emilia 

Ethical Committees. 

3.2.2 Stimuli and procedure 

Experiment 1 

Subjects were presented with movie clips depicting a hand-

performed transitive action, represented in a third-person 

perspective, with only the agent’s right arm and hand visible. 

The performed action varied in three categorical features: one 

kinematic-based dimension (‘grasping to lift’, ‘pushing away’, 

‘putting down’), and two object-based dimensions, i.e., animacy 

of the distal object (ten animate and ten inanimate exemplars for 

each kinematic-based dimension) and its category (i.e., animals, 

body parts, natural objects, such as vegetables and fruits, 

artificial objects). For a complete list, please refer to 
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Supplementary Table 1. The sixty clips were 3 seconds long, 

presented with an inter-trial interval of 7 seconds, and each clip 

was filmed twice. Thus, participants observed 120 clips, 

randomly alternating between different action types. 

Experiment 2 

The experimental procedure for the second experiment has 

already been described in detailed in section 2.2.2. Briefly, 

participants were presented with a continuous video depicting 

an actor performing an upper-limb movement every 17.5 

seconds, which pertained to one of the following four classes: 

transitive, either grasping an object or touching an object, and 

intransitive, either symbolic or nonsense. For a complete list, 

please refer to Supplementary Table 2. Catch trials were 

interspersed among experimental ones to ensure participants’ 

attention. Participants completed a total of three runs; in each 

run, six examples of each of the four actions were presented and 

no stimulus was repeated during each session. 

3.2.3 Image acquisition and preprocessing 

In the first experiment, functional brain images were acquired 

during stimulus presentation using a 3T Philips Intera scanner 

(gradient echo echo-planar images, 35 axial slices, TR 2.5s, TE 35 

ms, 3 mm isovoxel) with an fMRI six runs slow event-related 

design. T1-weighted spoiled gradient recall images (TR 9.9 ms, 

TE 4.6 ms, 170 sagittal slices, 1 mm isovoxel) were obtained for 

each participant to provide detailed brain anatomy. In the 
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second experiment, functional brain images were acquired using 

the same scanner (TR: 2.5 s, TE: 34 ms, 25 axial slices, voxel size: 

3.8x3.8x4.6 mm). T1-weighted anatomical images (170 sagittal 

slices, 1 mm isovoxel) were acquired at the beginning of the 

experimental session.  

In both protocols, visual stimulation was provided with the same 

equipment, using an in-house developed software via the IFIS-

SA fMRI System (Invivo Corp, FL USA; visual field: 15°, 7’’, 352 

x 288 pixels, 60 Hz).  

MRI and fMRI data were preprocessed following the same 

pipeline for both experiments. The anatomical volume was 

corrected for field inhomogeneity, skull-stripped using the 

Advanced Normalization Tools package (ANTs; Avants et al., 

2009), co-registered to the functional image and then aligned to 

the MNI template (Fonov et al., 2009). Functional data were 

processed using AFNI (Cox, 1996). Despiking (3dDespike) and 

slice timing correction (3dTshift) were applied to each functional 

volume; the resulting time series were motion corrected 

(3dvolreg) and spatially smoothed at full-width-at-half-maximum 

Gaussian kernel of 6 mm (3dBlurToFWHM). Single-subject 

images were entered into a GLM (3dDeconvolve), modeling each 

unique stimulus as a separate regressor and including motion 

parameters and outlier frames (Power et al., 2012) as noise 

regressors. 
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3.2.4 Representational similarity analysis 

For both datasets, t-score maps from the GLM were spatially 

normalized to the MNI template and resampled into 2 mm 

isovoxels. A volume-based searchlight approach (Kriegeskorte et 

al., 2006) was employed, restricting the analysis to grey matter 

cortical voxels: for each voxel, data was extracted from a 

searchlight of a 10 mm radius, normalized and de-noised with 

principal component analysis (PCA), retaining only those 

components that explained 75% of the variance; median activity 

patterns were computed across subjects. Stimuli activity patterns 

were then compared to each other using a dissimilarity metric (1 

- Pearson’s r correlation coefficient) to obtain a Representational 

Dissimilarity Matrix (RDM; Kriegeskorte et al., 2008a). 

Within each searchlight, the ability to discriminate between 

categorical features was evaluated with sensitivity index d' 

(Macmillan & Creelman, 2004), which quantifies the separation 

between the average dissimilarity computed between stimuli of 

different classes and the average within-class dissimilarity. The 

index was calculated as: 

𝑑′ =  
𝑑̅𝑏  −  𝑑̅𝑤

√1
2

(𝜎𝑏
2  + 𝜎𝑤

2 )

 

where 𝑑̅𝑏 is the average between-category dissimilarity, 𝑑̅𝑤  is the 

average within-category dissimilarity, 𝜎𝑏
2 is the variance of 

between-category dissimilarity, and 𝜎𝑤
2   is the within-category 

dissimilarity variance. d' is equal to 0 if the between-category 
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and within-category distances are comparable, and increases as 

the between-category dissimilarity broadens (Fig. 3.1A).  

The first dataset was tested comparing single voxel RDMs to 

four theoretical categorical models; the models were constructed 

based on the kinematic dimension (kinematic model, i.e., 

‘grasping to lift’, ‘pushing away’, ‘putting down’), the animacy 

dimension (animacy model, i.e., animate vs. inanimate), the 

category of the action target (category model, i.e., animals, body 

parts, natural and artificial objects), and the specific combination 

of the kinematic and animacy dimensions (i.e., the granularity 

model). The granularity model encoded actions as gestures with 

specific kinematics and acted upon distinct targets. The resulting 

representational space was characterized by a higher level of 

specificity in the action hierarchy (Fig. 3.1B). The second 

experiment tested five theoretical categorical models, evaluating 

the following dimensions (Fig. 3.1C): transitivity (i.e., object-

directed actions considered as within category), kinematics (i.e., 

‘grasping’ and ‘touching’ considered as distinct categories), 

object identity (i.e., every unique object considered as a category) 

and meaning of intransitive gestures (i.e., symbolic and nonsense 

considered as separate categories).  
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Figure 3.1. Categorical models used to obtain d’ values. Sensitivity 

index d’ is computed by contrasting the average between-category 

dissimilarity (in red) with the average within-category dissimilarity (in 

blue). If a voxel is tuned to a categorical dimension, dissimilarity 

averaged across blue squares should be lower than dissimilarity 
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averaged across red squares, resulting in a higher d’ value. A. Examples 

of d’ computed by comparing simulated data with decreasing noise 

levels (from left to right) for the animacy model; d’ increases as a 

function of dissimilarity. B. Models tested in the first experiment: 

animacy model assessed voxel tuning to animacy of the target object; 

kinematic model tested voxel tuning to action type, independently of 

the action target; category model tested voxel tuning to target semantic 

domain; granularity model is built on the specific combination of 

movement type and animacy dimension of the target, describing a 

higher level of specificity in the action hierarchy. C. Models tested in 

the second experiment: transitivity model assessed voxel tuning to 

transitive actions using a different set of stimuli to demonstrate the 

reliability of voxels response; the object identity model assessed the 

generalizability of voxel tuning to object properties and the level of 

specificity in their representational content; symbolic and nonsense 

models tested discriminability of intransitive gestures to evaluate the 

specificity of voxel tuning.  

 

Statistical significance of the obtained d' values was tested using 

a permutation test: for each voxel, a null distribution of d' values 

was obtained by shuffling the stimuli labels 1,000 times and 

computing dissimilarity and d' on the shuffled activity patterns; 

the exact p-value for each voxel was computed approximating 

the tail of the null distribution to the Pareto distribution (Winkler 

et al., 2016) and False Discovery Rate (FDR; Benjamini & 

Yekutieli, 2001) was used to correct for multiple comparisons. 
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3.2.5 Clustering and voxel tuning 

In order to isolate brain regions responding to action 

observation, voxels from the first dataset with statistically 

significant d' values for the granularity model (q<0.01) were 

selected. t-distributed Stochastic Neighbor Embedding (t-SNE; 

Maaten & Hinton, 2008) was applied on the voxels RDMs 

obtained during the searchlight analysis and projected onto a 2D 

embedding space so that spatially close points reflect voxels with 

similar representational geometry. The k-means algorithm (Lloyd, 

1982) was then used to identify the main clusters based on the 

spatial distance between voxels projections (Fig. 3.2). 

Tuning of selected voxels to different stimulus features was 

evaluated by color coding p-values associated with d’ for 

different models and mapping them onto the space defined by 

the t-SNE to highlight the relative contribution of each voxel to a 

specific dimension. Firstly, voxel sensitivity to kinematic, 

animacy, and object category dimensions was represented by 

associating each one to a different RGB color scale channel (Fig. 

3.3). Secondly, data from the second experiment was extracted at 

the same coordinates of selected voxels, and p-values associated 

with the discriminability of object-directed actions were mapped 

onto the t-SNE space; the contribution of object identity was also 

assessed (Fig. 3.4). To explore the representational geometry at a 

larger scale, we selected the clusters with the highest d’ values 

for the kinematic and the object-based models, and performed 

multidimensional scaling (Kruskal, 1964) on the RDMs (Fig. 3.5): 
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multidimensional scaling transforms information about the 

dissimilarity between stimuli into Euclidean distances, so that 

spatial arrangement of individual data points reflects activity 

pattern similarity, and allows to visualize the dominant features 

that drive stimulus representations, without any a priori 

assumption about the representational organization 

(Kriegeskorte et al., 2008b). 

Lastly, we tested the specificity of selected clusters to transitive 

actions by evaluating the discriminability of intransitive gestures 

from the second experiment, that is, by mapping sensitivity to 

symbolic versus nonsense gestures (Fig. 3.6). 
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3. 3 Results 

3.3.1 Sensitivity of the AON to action features 

Brain areas showing sensitivity to both kinematic- and object-

related features and therefore encoding actions at a high 

differentiation level were identified by selecting voxels 

associated with a statistically significant d’ (granularity model, 

q<0.01, FDR corrected; Fig. 3.2A).  

 

Figure 3.2. A. Areas showing significant sensitivity to both kinematic 

and object-based features (i.e., granularity model): voxels were selected 

by computing d’ on the RDM (q<0.01, FDR corrected). B. Selected voxels 

were projected as points onto a 2D embedding space defined on RDM 

similarities, using t-SNE: the relative distance of voxels/points reflects 

similarities in the representational space; based on their spatial distance, 
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voxels were grouped into 11 clusters using the k-means algorithm. L: 

left; R: right; FrontOper: frontal operculum; OTS: occipito-temporal 

sulcus; dPreCS: dorsal precentral sulcus; PostCS: dorsal postcentral 

sulcus; FusG: fusiform gyrus; Ling: lingual gyrus; Mid-CC: middle 

cingulate cortex; MOG: middle occipital gyrus; ParOper: parietal 

operculum; PeriCalc: pericalcarine cortex; pIFS: posterior inferior frontal 

sulcus; pMTG: posterior middle temporal gyrus; PostCG: postcentral 

gyrus; PostCS: postcentral sulcus; PreCS: precentral sulcus; PreCun: 

precuneus; pSTS: posterior superior temporal sulcus; TOS: transverse 

occipital sulcus. 

Significant voxels were found in ventral occipito-temporal 

cortices (occipito-temporal sulcus – OTS, fusiform gyrus – FusG, 

and lingual gyrus – Ling), sensory-motor cortices (precentral 

sulcus – PreCS, postcentral sulcus – PostCS, postcentral gyrus – 

PostCG, and parietal operculum – ParOper), posterior temporal 

areas (superior temporal sulcus – pSTS, and middle temporal 

sulcus – pMTG), occipital areas (middle occipital gyrus – MOG, 

pericalcarine cortex – PeriCalc, transverse occipital sulcus – TOS), 

precuneus (PreCun), middle cingulate cortex (Mid-CC) and 

posterior inferior frontal sulcus (pIFS). These areas are consistent 

with previous literature, matching the well-known network of 

regions involved in action observation (e.g., Hardwick et al., 

2018).  

Next, a t-SNE dimensionality reduction was applied to perform a 

functional parcellation that grouped brain regions based on their 

similarity in the representational space without considering 

anatomical constraints. Using a clustering algorithm, 11 clusters 
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were identified (Fig. 3.2B), with individual clusters 

encompassing anatomically distant brain regions. 

The relative contribution of the kinematic, animacy and category 

dimensions at the voxel level was mapped to evaluate the tuning 

of selected voxels to different stimulus features. Results showed 

a partial dissociation between the kinematic-based and the 

object-based dimensions (Fig. 3.3A): inferior temporal and 

premotor areas retained primarily object-related information, 

while precentral/postcentral and temporo-parieto-occipital areas 

exhibited higher sensitivity to kinematic-related features, 

reflecting the dichotomy between ventral and dorsal streams 

(Goodale & Milner, 1992).  

Notably, 30% of the selected voxels showed significant tuning 

(q<0.05, FDR corrected) to all three dimensions (Fig. 3.3B), 

revealing overlapping representations of action features. 

Considerable overlap for the category and animacy dimensions 

was found in most clusters (Fig. 3.3C), particularly in inferior 

temporal areas showing sensitivity to both features. 
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Figure 3.3. A. Dimensions describing the first set of stimuli were 

mapped using the p-value associated with d’ onto the space defined by 

the t-SNE; kinematic dimension was coded in red, animacy in green 

and object category in blue; maximal saturation of each channel reflects 
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an uncorrected p < 1E-08.  B. The Venn diagram represents the 

proportion of voxels tuned to each dimension: voxels associated with a 

statistically significant d’ (q<0.05, FDR corrected) were 45.8%, 89.1% and 

86.2% for kinematic, animacy and category, respectively; 4.4% of the 

voxels showed sensitivity to both kinematic and animacy dimensions, 

but not to object category, 54.0% were tuned to both animacy and 

object category but not to kinematic features, while 9.3% were tuned to 

kinematic features only; 30.6% of the voxels showed sensitivity to all 

three dimensions. C. d’ distributions and clusters averages (black dot) 

for the animacy, kinematic and category dimensions; bootstrap 

confidence intervals (95%) were computed for each d’ value and 

averaged across voxels (solid black line) within a cluster; the critical 

value at α = 0.05 (dotted line) was obtained from the null distribution. 

3.3.2 Generalizability of the AON to different kinematics, 

objects and action categories 

To assess whether identified clusters were consistently tuned to 

transitive gestures, the discriminability of transitive actions was 

further tested in the second experiment (Fig. 3.4A, left plot): 

roughly 73% of the identified voxels were still significant (q<0.05, 

FDR corrected; Fig. 3.4B), demonstrating the generalizability of 

the effect to a new stimulus set and tuning to a different feature 

space characterizing transitive actions. 

Sensitivity to object identity was also tested using stimuli from 

the second experiment to confirm tuning to object-related 

features. Object identity discriminability was observed in most 

selected voxels, indicating high specificity in their 

representational content (Fig. 3.4A, right plot). 
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Figure 3.4. A. Voxels tuning to transitive actions was further tested 

using an independent dataset, and p-values from the second set were 
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mapped onto the same 2D space. Voxels associated with uncorrected p-

values < 0.05 were mapped in white (left). Sensitivity to the object-

identity feature was also mapped, and voxels associated with 

uncorrected p-values < 0.05 were colored in cyan (right). B. The Venn 

diagram represents the proportion of voxels tuned to each dimension: 

voxels associated with a statistically significant d’ (q<0.05, FDR 

corrected) were 73.2 % and 37.9% for transitivity and object identity, 

respectively, with 34.1% of voxels tuned to both dimensions. C. d’ 

distributions and clusters averages (black dot) with 95% bootstrap 

confidence intervals for transitivity and object identity dimensions; 

dotted lines represent the critical value at α = 0.05 obtained from the 

null distribution.  

Substantial tuning to this feature was found in the left superior 

temporal cortex and bilaterally in the occipito-temporal cortex, 

fusiform gyri, and occipital regions, including the pericalcarine 

cortex. 

Moreover, most of the voxels significantly encoded the 

categories of movement types (grasping vs. touching): voxels 

tuned primarily to grasping were found in frontal areas, such as 

the precentral gyrus, while touching-only tuning was observed 

in occipito-temporal areas, such as the middle occipital gyrus, 

the occipito-temporal sulcus and the posterior middle temporal 

gyrus, and parietal areas (see Supplementary Fig. S1). 

To further characterize the organization of action representations 

along different dimensions, clusters with the highest sensitivity 

for object-related features, aside from early visual areas, were 

selected (Fig. 3.3C). These clusters included: cluster 2, a set of 

cortical areas pertaining to the ventral visual stream (e.g., 



49 

 

occipito-temporal sulcus, fusiform gyrus), and cluster 5, 

encompassing the left superior temporal cortex. We also 

identified two clusters for the kinematic model: cluster 4, which 

included the right middle occipital cortex and superior temporal 

cortex, and cluster 9, comprising dorso-occipital, superior 

parietal and sensorimotor cortex and pertaining to the dorsal 

visual stream. Multidimensional scaling on the first experimental 

protocol showed that the same dimension-based dissociation 

found at the voxel level was also present at the cluster level: 

stimulus representations were organized primarily around the 

animacy of the object in clusters 2 and 5 and around movement 

types in clusters 4 and 9 (Fig. 3.5A). The same effect, although 

less pronounced, was found when performing multidimensional 

scaling on the second experimental protocol (Fig. 3.5B): 

representations in clusters 4 and 9 were organized primarily 

around kinematic-based features, as revealed by the separation 

in the representational space between grasping and touching, 

whereas the same organization was not present in clusters 2 and 

5. 
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Figure 3.5. Multidimensional scaling for clusters 2 and 5 from the 

ventral stream, and 4 and 9 for the dorsal stream. Multidimensional 

scaling was performed on the cluster RDM. Euclidean distances 
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between data points reflect activity pattern similarity between stimuli. 

A. First experimental protocol: action type is coded by symbols, while 

animacy and object category are color-coded; in clusters 2 and 5, 

animate and inanimate objects are further apart, reflecting higher d’ for 

the animacy model, while the effect for object category is weaker, but 

still present; in clusters 4 and 9, stimuli are grouped closer together 

based on action type, rather than object-related dimensions. B. Second 

experimental protocol: action type is coded by symbols, object identity 

is color-coded, and dashed lines connect data points representing the 

same object. 

 

Lastly, we tested the sensitivity of the AON to different 

categories of actions, a set of intransitive gestures which do not 

involve objects and subserve symbolic and/or communicative 

functions. Specifically, we considered two classes of intransitive 

actions, meaningful symbolic (e.g., waving) and meaningless, 

nonsense gestures. Information related to intransitive gestures 

was represented in the AON: results showed that areas coding 

transitive actions in the first experiment generalized to novel 

features, with voxels exhibiting significant tuning to both 

symbolic and nonsense stimuli of the intransitive dimension 

(Fig. 3.6). 
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Figure 3.6. A. The same voxels identified through their tuning to 

transitive action features were tested for sensitivity to other action 

dimensions (meaning of intransitive actions), and the relative 
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contribution of voxels’ sensitivity to symbolic to nonsense gestures was 

mapped with a color scale ranging from red to magenta to blue; 

maximal saturation of each channel reflects an uncorrected p < 1E-06. B. 

The Venn diagram represents the proportion of voxels tuned to each 

dimension: voxels associated with a statistically significant d’ (q<0.05, 

FDR corrected) were 82.8% and 87.5% for symbolic and nonsense 

gestures, respectively, with 72.8% of voxels tuned to both stimuli. C. d’ 

distributions for clusters 2, 4, 5 and 9 with cluster average (black dot) 

and 95% bootstrap confidence intervals; the dotted line represents the 

critical value at α = 0.05 obtained from the null distribution. 
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3. 4 Discussion 

Using representational similarity analysis and measuring 

sensitivity index d’, we localized cortical areas responding to a 

high level of representation (granularity model), where actions 

were encoded as gestures with specific kinematics and distinct 

targets. These AON regions were projected onto a two-

dimensional embedding space based on voxel similarity to 

extract a set of functional clusters representing the various action 

features. Replicability and generalizability of action 

representation were tested in a second experiment using 

transitive gestures involving different target objects and 

kinematics. Finally, voxel specificity to the transitivity dimension 

was evaluated by means of a set of intransitive gestures 

modulating their information content. We provided evidence 

only for a partial dissociation between kinematic, object 

characteristics and meaning in the occipito-parietal, ventro-

temporal and lateral occipito-temporal cortex, respectively. 

Notably, the great majority of the AON exhibited low specificity 

to all the explored action dimensions, and its representational 

content did not depend on proximity constraints, as 

anatomically distant cortical patches shared similar tunings.  
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3.4.1 A common representational space for action 

recognition 

Wanting to explore action representation across the action 

hierarchy, we first selected brain areas responding to action 

observation at a high level of differentiation, i.e., tuned to the 

specific combination of different action features (e.g., grasping 

an inanimate target). Then, we assessed voxel tunings to action 

dimensions and across different sets of transitive and intransitive 

gestures. We found considerable overlap between the 

representation of action features in the AON. Specifically, of the 

voxels identified through the first experiment, 30% were tuned 

to all three dimensions (i.e., kinematic, animacy and target 

category), 34% responded to both transitivity and object identity 

in the second experiment, and 73% of voxels encoded 

intransitive gestures, regardless of their meaning. This evidence 

suggests that the same cortical patches participated in 

representations of multiple stimuli characterized by diverse 

features.  

Moreover, we purposely neglected anatomical constraints in 

defining our clusters, which were identified based solely on their 

representational content. The resulting functional parcellation 

included anatomically distant areas grouped in the same cluster, 

such as the inferior temporal cortex and the inferior frontal 

sulcus in cluster 11, which shared related tunings. This 

functional parcellation, together with the finding of substantial 

overlap in features tuning, supports the notion that the 
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organization of the AON relies on overlapping and distributed 

representations, whereby, on the one hand, the same brain 

regions participate at multiple levels of the representation, and, 

on the other, the same information is spread across the cortex 

without being necessarily constrained by anatomical proximity.  

This organization of the AON is also supported by clinical and 

neuromodulation studies and evidence on the elusive association 

between brain regions and deficits using lesion mapping (Mah et 

al., 2014). Specifically, impairments in recognition of both 

transitive and intransitive actions have been reported following 

lesions to the IFG (Pazzaglia et al., 2008) or by applying TMS on 

the frontal cortex (Ward et al., 2022). Left hemisphere stroke 

patients with damage to pMTG showed lower performance on 

action recognition tasks based on either semantic or kinematic 

features (Kalénine et al., 2010). Moreover, performance in goal 

recognition was affected by stimulation of both the frontal and 

the somatosensory cortex (Jacquet & Avenanti, 2015), while 

impairments in stroke patients did not seem to be associated 

with selective brain lesions (Kalénine et al., 2013), suggesting 

that the coding of action goals may depend on a more 

distributed network.  

Our results are in line with evidence from other cognitive 

domains, like vision (Haxby et al., 2001), language (Huth et al., 

2016), and semantics of object categories (Connolly et al., 2012; 

Huth et al., 2012), and suggest the existence of a unique, high-

dimensional space even for action observation (Haxby et al., 

2011).  
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3.4.2 The cortical representation of transitive actions 

Despite overlapping responses, mapping of single voxel tuning 

still revealed incomplete segregation between movement types 

and object-related properties, reflecting the classical distinction 

between ventral and dorsal streams (Goodale & Milner, 1992). In 

particular, we found that inferior temporal areas, i.e., right OTS 

and bilateral FusG, retained primarily object-related information, 

consistent with previous literature indicating the involvement of 

ventral temporal areas in object processing and encoding of 

object categories (Haxby et al., 2001; Haxby et al., 2011; Grill-

Spector & Weiner, 2014). On the other hand, dorsal occipital, 

precentral and postcentral regions (PreCS, PostCS, PostCG) 

exhibited higher sensitivity for kinematic-related features: these 

areas have been shown to process kinematic-based components 

of movement and trajectory (Grafton & Hamilton, 2007; Cavina-

Pratesi et al., 2018; Turella et al., 2020) and are part of the dorsal 

pathway, which supports visually guided actions (Kravitz et al., 

2011). The dissociation between ventral and dorsal pathways 

appeared to generalize to the second paradigm used, as 

representational geometries at the cluster level were similar 

between the first and second experiment: representations in 

clusters pertaining to the ventral stream organized along the 

animacy and object-identity dimensions, respectively, while 

representations in the dorsal stream organized primarily around 

kinematic-based features.  
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Growing evidence suggests object-related processing in the 

dorsal pathway, with caudal-medial portions responding to 

more visual and perceptual properties of the object and the 

rostral-lateral part representing action-based properties (Freud et 

al., 2016). In line with this evidence, we found object-related 

tuning in voxels pertaining to posterior parts of the dorsal 

stream (e.g., TOS and precuneus). Overall, the evidence suggests 

that a degree of functional segregation between the two streams 

exists, while their interconnectedness might subserve the 

integration of information processed by the two pathways to 

support more complex behaviors (Budisavljevic et al., 2018).  

Interestingly, we also found a dissociation between left and right 

posterior temporo-occipital areas: voxels in left MOG, pSTS and 

pMTG were mostly tuned to animacy and category, while right 

MOG and pSTS showed higher discriminability for kinematic 

features. Posterior temporal regions are considered part of a 

third pathway, separate from ventral and dorsal streams (Pitcher 

& Ungerleider, 2021) and involved in the perception of biological 

motion (Peuskens et al., 2005; Zeki, 2015). Wurm and 

Carammazza (2022) proposed a conceptualization of this lateral 

pathway, particularly the lateral occipitotemporal cortex 

(LOTC), as an analogous of the ventral stream, subserving 

recognition of actions rather than objects. This third lateral 

pathway is characterized by a posterior-to-anterior gradient 

processing action-related representations from more concrete 

and perceptual features (Han et al., 2013) to more conceptual 

semantic aspects, mainly left-lateralized (Tucciarelli et al., 2019). 
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Other clusters responding to action observation were identified 

in bilateral pIFS, which showed high sensitivity to object-related 

properties, comparably to inferior temporal representations. The 

prefrontal cortex has been suggested to play an important role in 

spatial- and feature-based attention, in coordination with early 

visual and inferior temporal areas, to maintain the attentional 

template on the relevant location or object (Baldauf & Desimone, 

2014). Thus, the involvement of pIFS may be explicitly ascribed 

to information coding in an object-based representational format 

(Bedini & Baldauf, 2021). 

3.4.3 The specificity of the AON: intransitive gestures 

In order to test the specificity of the AON areas, identified solely 

based on their response to features characterizing transitive 

actions, we assessed sensitivity to a different category of actions, 

i.e., intransitive gestures, which do not involve objects and 

subserve symbolic and/or communicative functions. Research on 

non-object-related actions described greater contributions of left-

lateralized brain regions in the representation of these gestures 

(Króliczak & Frey, 2009; Kubiak & Króliczak, 2016), with 

particular involvement of posterior temporal areas (Caspers et 

al., 2010; Handjaras et al., 2015; Kubiak & Króliczak, 2016; Papeo 

et al., 2019). Our results showed that intransitive gestures, either 

symbolic or nonsense, were encoded across the AON. In the 

lateral pathway, we reported a dissociation between the left and 

right hemispheres for intransitive gestures: left pSTS and pMTG 
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primarily encoded symbolic gestures, consistently with reports 

of semantic processing of actions (Wurm & Caramazza, 2019; 

Tucciarelli et al., 2019), while right posterior temporal areas 

showed higher sensitivity to nonsense stimuli, probably 

reflecting salience of kinematic information. This additional 

evidence from our second experimental protocol further 

supports the hypothesis that the representation of actions in the 

left hemisphere is connected to language (Pulvermüller, 2005; 

Hodgson et al., 2022), whereas, in the right hemisphere, neural 

activity during action observation was more strongly associated 

with visual properties, akin to biological motion (Han et al., 

2013; Sokolov et al., 2018).  

3.4.4 Action representation in early visual areas 

In both experiments, we highlighted the role of early visual 

cortices (i.e., cluster 8) in representing action features (Nishimoto 

et al., 2011). Specifically, voxels pertaining to the visual cortex 

were tuned solely to kinematics in the first experiment, while in 

the second experiment, they mapped kinematics, objects and 

even classes of intransitive gestures. This complete 

representation may be related to the naturalistic set of visual 

stimuli, where objects were always located in the lower part of 

the visual field, and hand trajectories were consistently present 

in the upper part. This bias was particularly evident in the 

second experiment, where stimuli were administered to 

participants as a continuous video, and objects remained at the 
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same location in space both when grasped and when touched, 

linking the specific identity of that object to its position in the 

visual field. 

 

By testing the sensitivity of the AON, we demonstrated a general 

low specificity to action properties, with anatomically distant 

voxels sharing the great majority of their information content. 

Overall, results support the view that the AON relies on 

overlapping and distributed coding and may be considered a 

unique representational space instead of a system with a rigid 

modular organization based on the segregation of action 

features. 
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Action-Perception Continuum:  

A novel approach for investigating the interplay 

between action, perception and decision-making 

4. 1 Introduction 

The ability to collect information via interaction with the 

environment and to make perceptual decisions based on the 

sampled information depends on the interplay between action, 

perception, and decision-formation processes. Theoretical and 

methodological approaches proposed to explore and explain this 

interaction have focused on three main components (cf. Lepora 

& Pezzulo, 2015; Hagura et al., 2017; Ozbagci et al., 2021):  

a) sensory encoding: accumulation of sensory information 

about object features to be assessed and their encoding into 

decision-related evidence, 

b) decision expression: choice selection and implementation 

based on sampled information, 

c) motor component, underlying the physical interaction with 

the environment to collect information or execute a 

response, i.e., interaction movements. 

Experimental approaches investigating perceptual decision-

making have assigned different roles to each of these 

components according to their theoretical frameworks. 
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Experimental designs based on serial models of decision-making 

have usually neglected the role of the motor component. The 

serial framework is characterized by decide-then-act protocols 

(Gordon et al., 2021; Fig. 4.1A), where a decision is made, and the 

associated response is executed after deliberation (e.g., button 

press). On the other hand, parallel models (e.g., continuous flow; 

Coles et al., 1985) regard decision-making as an evolving 

process, continuously supplying the motor system with the 

accumulated evidence in order to prepare response execution. 

Consequently, continuous flow experimental designs entail the 

investigation of covert and overt components of action dynamics 

to track the evolution of the decision process (Fig. 4.1B), e.g., 

motor system preparation reflecting evidence accumulation 

(Selen et al., 2012) and changes of mind reflecting the revaluation 

of sampled information (Resulaj et al., 2009). More recent 

approaches, proposed in the context of the embodied choice 

framework (Lepora & Pezzulo, 2015), have taken into account 

also feedback processes from the motor component to the 

decision layer. Embodied experimental approaches allow 

evaluation and quantification of the role of action on perceptual 

and decision processes (Fig. 4.1C) by measuring, for example, the 

cost of the action involved in expressing a decision and 

commitment effects biasing the decision process (Marcos et al., 

2013; Burk et al., 2014; Hagura et al., 2017; Thura & Cisek, 2014; 

Wiener et al., 2019). 
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Figure 4.1. Previous and present approaches to the study of the 

interplay between action, perception, and decision-making. A. Serial 

models are characterized by a decide-then-act approach (e.g., key-press 

task), whereby the motor component and its influence on decision-

making are neglected. B. Parallel models have the advantage of 

regarding decision-making as an evolving process, continuously 

feeding accumulated evidence to the motor system. By tracking 

changes in motor system states, it is possible to investigate the 

evolution of the decision process. C. Embodied choice approaches 

conceptualize perceptual decision-making as a perception-action loop, 

where action dynamics have a feedback influence on perceptual and 

decision layers. D. The present approach aims at investigating what 
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and to what extent motor behaviors contribute to perceptual decision-

making. The novelty of the approach is to establish an action 

continuum along which all the stages of the decision process lie: 

interaction movements underlying stimulus exploration and those 

involved in decision expression are performed using the same end-

effector, thus ensuring that response execution is a direct continuation 

of the stimulus encoding phase. Continuous recording of multiple 

variables throughout the interaction time allows the evaluation of 

perceptual and decision-making behavior at any time during the 

decision process and the investigation of neurophysiological correlates 

of perceptual decision-making. 

Although suitable for advancing the understanding of 

perceptual decision-making, the previous approaches were not 

designed to explore the mechanisms linking spatiotemporal 

features of motor control to sensory encoding and decision 

formation. In particular, the main limitation of these protocols 

lies in the dissociation between interaction movements and 

sensory encoding or decision expression. Decoupling stimulus 

information sampling from motor behaviors involved in decision 

expression prevents the investigation of the interplay between 

sensory encoding and interaction movements and the extent to 

which motor patterns may correlate with or influence perceptual 

decision formation (Ozbagci et al., 2021). Conversely, decoupling 

interaction movements underlying stimulus information 

sampling from response execution limits the investigation of the 

evolution of pre- and post-decision behaviors. Importantly, 

previous approaches lack a continuous assessment of the motor 

component throughout the interaction time, which prevents 

testing correlative and causative hypotheses on the relation 
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between action, perception, and decision-making (Gordon et al., 

2021). 

In this chapter, we present a novel methodological and analytical 

framework to integrate and advance previous designs by 

addressing their limitations (Fig 4.1D). The rationale of this 

framework is to provide a comprehensive approach capable of a) 

describing the modulation of perceptual decision formation at 

any time of the interaction; b) determining the minimum amount 

of time and sampled information necessary to make a perceptual 

decision in interactive contexts; c) establishing correlations 

between patterns of motor behavior and the unfolding of 

perceptual decisions; d) testing hypotheses on the underlying 

neurophysiological correlates of perceptual decision-making 

mechanisms. The proposed approach was therefore designed to 

assess the spatiotemporal relationship between interaction 

movements, information sampling, and decision-related actions 

in different contexts of active perceptual decision-making. 
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4. 2 Methods 

4.2.1 Methodological framework 

The proposed experimental and analytical approach aims to 

advance the understanding of the role of motor behavior in 

active perceptual decision-making. Prior approaches were not 

designed to address what and to what extent motor behaviors 

contribute to perceptual decisions in interactive contexts. To fill 

this gap, we developed a novel methodological framework 

based on the combination of the following principles: 

• definition of an action continuum, from early phases of 

stimulus interaction to response execution, along which all 

the decision phases lie, i.e., stimulus encoding, decision 

formation and expression. 

• interdependence between interaction movements and 

stimulus encoding, i.e., stimulus features to be evaluated 

can be accessed exclusively through active movements. 

• seamless and synchronous tracking of motor, 

psychophysical and neurophysiological aspects of the 

interaction underlying decision formation. 

These principles allow a thorough and quantitative exploration 

of the mechanisms linking action, perception and decision from 

a motor, psychophysical and neurophysiological standpoint. 
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4.2.1.1 Action continuum from movement initiation to response 

completion 

A crucial characteristic of the present approach is establishing an 

action continuum whose beginning is defined by the motor 

components driving stimulus encoding and whose end consists 

of the action patterns expressing the decision, i.e., response 

execution and completion. Previous approaches did not consider 

this continuum in its entirety, for instance, by decoupling the 

action involved in the interaction from the stimulus features to 

be judged or decoupling interaction movements from the actions 

involved in response execution. 

To address this limitation, we designed our approach, ensuring 

that pre- and post-decision motor patterns occurred along the 

same continuum: we asked participants to express their 

perceptual decisions using the same end-effector involved in the 

early phase of the interaction. Consequently, response execution 

is a direct continuation of the stimulus encoding phase (Fig. 

4.1D). Notably, establishing an action continuum allows the 

decomposition of the entire decision-formation process into 

different interaction epochs. These epochs can be identified by 

detecting changes in motor behavior associated with the 

beginning of the interaction, the response initiation, and the 

completion of response execution (Fig. 4.3 and 4.2.3.1 in Data 

Analysis).  
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4.2.1.2 Interdependence between sensory encoding and 

interaction movements 

In the current approach, the task is designed so that the stimulus 

features to be evaluated can only be accessed through active 

interaction. The interdependent relation between interaction 

movements and stimulus encoding ensures a spatial and 

temporal coupling between the sensory inflow underlying 

perceptual decision formation and the unfolding of motor 

actions (i.e., blue, red and green arrows in Fig. 4.1D). An 

advantage of this coupling, which can be examined seamlessly 

throughout the entire interaction time, is the possibility to 

identify and assess salient changes in the motor and perceptual 

domains before, during and after a response has been initiated. 

Thus, the proposed framework can potentially uncover 

relationships between the perceptual and motor domains that 

would otherwise remain unobserved. 

4.2.1.3 Synchronous tracking of motor, psychophysical and 

neurophysiological variables 

A third characteristic of our approach is the seamless and 

continuous recording of multiple variables describing 

participants’ motor, perceptual and decision-making behavior 

emerging during the interaction, as well as their 

neurophysiological underpinnings. Motion tracking was 

included in our paradigm to continuously track the modulation 

of motor variables across all interaction phases. This aspect 

enables considering and correlating changes in action kinematics 
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and dynamics with psychophysical measures throughout the 

interaction time (Coles et al., 1985; Gratton et al., 1988; Lepora & 

Pezzulo, 2015; Wiener et al., 2019). 

Unlike most previous approaches, our method allows the 

extraction of psychophysical variables, such as reaction times 

and accuracy, at any point in the interaction, rather than only 

when the decision has been expressed (Fig. 4.3 and 4.4). 

Reaction/response time (RT) is the time elapsed from stimulus 

presentation to response initiation/completion, whereas response 

accuracy is the rate of correct responses. The relation between 

these two variables has been shown to be highly effective in 

describing decision-making strategies (e.g., speed-accuracy 

tradeoff; Luce, 1986) and for implementing computational 

models of decision-making (e.g., the drift-diffusion model; 

Ratcliff, 1978).  

Furthermore, our approach allows for the continuous recording 

of neurophysiological variables, consistent with previous work 

correlating EMG (Gratton et al., 1988; Selen et al., 2012) and EEG 

(O’Connell et al., 2012; Delis et al., 2018) with the modulation of 

psychophysical variables tracked across stimulus presentation, 

encoding and response execution phases.  

4.2.2 Experimental approach 

The experimental approach was designed to translate the 

working principles characterizing our framework into a task 

resembling everyday life activities in terms of motor and 
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perceptual demands. We designed a weight discrimination task 

in which participants had to compare the weight of two objects 

by lifting them and express their perceptual decision by 

deviating the lift on the horizontal plane; participants’ arm/hand 

kinematics, grip force and muscular activity were recorded while 

performing the task. 

4.2.2.1 Participants 

Sixteen healthy, right-handed participants (4 females; mean age ± 

SD: 23 ± 3.7 years) volunteered for this study. Each participant 

was compensated for the time spent in the laboratory ($10/h). All 

subjects had normal or corrected to normal vision. Subjects gave 

written informed consent to the procedures approved by the 

Office of Research Integrity and Assurance at Arizona State 

University, in conformity with the Declaration of Helsinki on the 

use of human subjects in research. 

4.2.2.2 Experimental set-up  

The experimental set-up (Fig. 4.2A) consisted of a 3-D printed 

instrumented object, two haptic interfaces (Phantom, Geomagic), 

an inertial sensor, and a surface electromyography (EMG) 

system (9 Trigno wireless electrodes, Delsys). The instrumented 

object used to measure participants’ grasp force consisted of two 

grasp surfaces with a force/torque sensor (Nano 25, ATI 

Industrial Automation, NC, USA) mounted at the object's center 

and connected to a PC (1 kHz sampling rate). An inertial sensor 
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(3-dof accelerometer, Delsys) was placed on top of the object 

base to track object acceleration, and the slot at the object base 

was used to place additional weights to increase object mass 

(Fig. 4.2A). Two 3-dof haptic devices (Phantom premium 1.5; 

Geomagic) were used to track (1 kHz sampling rate) hand 

position along the vertical (Z), horizontal (Y) and frontal (X) axis. 

Hand position was extracted by averaging the three-dimensional 

positions of the two endpoints of the device attached to the 

middle and proximal phalanx of the index finger and thumb, 

respectively. Time-varying endpoint positions were also used to 

render online visual feedback of the digits interacting with the 

object. A 3-D virtual object representing the actual object was 

also rendered and displayed on a monitor about 50 cm from the 

participant’s eyes. A drape attached to the monitor between 

participants and the haptic interfaces prevented the view of the 

real object while allowing unhindered lifting movements. The 

virtual environment was rendered through a CHAI3d library 

included in a customized C++ code, which was used to control 

visual rendering during the different experimental stages and to 

store haptic device endpoint positions (500 Hz sampling rate). 

Surface electromyographic activity (EMG) from shoulder and 

arm muscles was recorded by a TRIGNO wireless system 

(Delsys, Boston). Communication between the base station and 

PC was established by analog output and then digitized by a 

data acquisition module (1 kHz sampling rate). We recorded 

nine shoulder and arm muscles: upper trapezius, middle deltoid, 

anterior deltoid, pectoralis major, biceps brachii, extensor carpi 
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radialis, flexor carpi radialis, opponens pollicis and first dorsal 

interosseous. 

 

Figure 4.2. A. Experimental set-up. Participants sat in front of a monitor 

about 50cm from the participant's eyes, onto which a 3-D virtual 

representation of the object and participants’ right index and thumb (as 
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spheres) was displayed. Two haptic interfaces (Phantom, Geomagic) 

were attached to the participant’s index finger and thumb. One and two 

horizontal lines during the first and second lifts, respectively, were also 

displayed on the monitor to give participants visual cues on the lifting 

movement endpoint and whether they should respond (left). The 3-D 

printed object was concealed from participants’ view by a drape attached 

to the base of the monitor; the object (right) was provided with an 

embedded force sensor (6-dof ATI sensor), and an accelerometer (3-dof, 

Delsys) was applied at its base. The object base was composed of a slot 

where weights could be applied to increase object mass. B. Task and 

procedure. During each trial, participants were asked to lift two objects of 

different weights sequentially. During the first stimulus presentation 

(left), participants were asked to lift the object vertically while estimating 

its weight. During the second stimulus presentation (right), participants 

were asked to judge whether the lifted object was heavier or lighter than 

the previous one. Participants expressed their perceptual decision by 

deviating their second lifting movement towards the right or the left. 

4.2.2.3 Task procedure 

During each trial, two sequential lifting movements were 

performed on two objects of different weights (Fig. 4.2B). 

Participants started by placing their right hand in the resting 

position without touching the object. Then, instructions on the 

monitor informed the participants to grasp and lift the first 

object approximately 20 cm from the resting position while 

estimating and memorizing its weight (first stimulus 

presentation, Fig. 4.2B). Once the lifting movement was 

completed, participants were asked to drop the object and place 

their right hand in the resting position again. They were then 

cued to grasp and lift the second object (second stimulus 
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presentation, Fig. 4.2B). While lifting the second object, 

participants had to estimate its weight and judge whether the 

object being lifted was heavier or lighter than the first one. 

Participants expressed their perceptual decisions by deviating 

the trajectory of their hand horizontally towards the right or the 

left. Thus, on each trial, the hand’s horizontal position (along the 

Y-axis) at the end of the second lifting movement determined the 

perceptual decision at the end of response execution, hereafter 

labeled as END. Participants were asked to drop the object 

without replacing it on the table at the end of each lifting 

movement; this was done to prevent subjects from experiencing 

the first object weight twice, i.e., during the lifting and replacing 

movements, whereas the second object’s weight could only be 

experienced once before providing the perceptual response.  

At the beginning of each lift, a 3-D virtual representation of the 

object was displayed along with two spheres representing online 

visual feedback of participants’ right index and thumb (Fig. 

4.2A). Visual feedback of the 3-D object and digits was 

extinguished when participants grasped the real object. 

Throughout the trial, one and two horizontal lines were 

displayed during the first and second lifts, respectively, to give 

participants visual cues on where the lifting movement should 

terminate (Fig. 4.2A, upper left inset). Participants were 

instructed to perform smooth lifting movements (single-peak 

vertical velocity profile) and to keep movement velocity 

consistent throughout a trial and not slower than 6.5 cm/s. 
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Movements too slow or uneven were classified as “invalid 

movement”. 

4.2.2.4 Experimental design  

The sequence and range of object weight presentation followed a 

constant stimuli method within a two alternative-forced choice 

(2AFC) design (Supplementary Table 3). On each trial, a 

standard and comparison object weight were presented either as 

the first or the second object to be lifted; the order of 

presentation was counterbalanced across trials. We used five 

comparison weights (CMP) ranging from 310 to 710 g (fixed 

interval of 100 g), and the standard weight (STD) was set to 510 

g. Hereafter, we will refer to stimulus weights in terms of 

absolute or relative values (∆ Weight), i.e., the difference 

between each comparison weight minus the standard weight.  

Before the experimental session, each participant performed 40 

familiarization trials. During the first 20 trials, participants were 

asked to familiarize themselves with the motor component of the 

task: resting position, object grasping, lifting, and dropping 

phase. Participants were given 3D visual feedback of digit 

movements, and messages on the monitor informed them 

whether they performed an invalid movement (i.e., too slow or 

uneven). During the second set of 20 familiarization trials, 

participants were also asked to pay attention to the perceptual 

component of the task, hence providing a perceptual decision 

about object weight while performing the second lift. 

Participants were considered familiarized with the task - hence 
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ready to start the experimental session - when the percentage of 

correct responses was equal to or higher than 60% and the total 

number of invalid movements was equal to or less than 15. If 

these criteria were not met at the first familiarization session (40 

trials), the participant was asked to complete additional 20 trials 

until all familiarization criteria were met.  

The experimental session consisted of 50 lifts of each of the five 

standard/comparison combinations (250 trials) plus 48 confound 

trials (total of 298), comprising comparison weights for both the 

first and the second object lift. Confound trials were pseudo-

randomly interleaved with the experimental trials and used to 

interfere with the subject’s ability to infer upcoming 

standard/comparison combinations. The correspondence 

between movement direction and the response was 

counterbalanced across participants. Thus, half of the 

participants provided their answer ‘heavier’ and ‘lighter’ by 

deviating their lifting movements to the right and left, 

respectively, while for the other half, right and left deviations 

were associated with ‘lighter’ and ‘heavier’ answers, 

respectively. Trials where participants performed an invalid 

movement (see section 4.2.2.3) or did not execute an apparent 

response movement (e.g., the horizontal trajectory of the second 

lift did not deviate from the first) were excluded from further 

analysis. 
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4.2.3 Data-analysis and validation  

This section outlines the set of analyses used to validate our 

experimental approach. This step also ensures the possibility of 

using our approach in other contexts of active perceptual 

decision-making beyond the one tested here. We first test the 

reliability of the kinematic analysis for detecting and classifying 

participants’ decisions based on early components of response 

execution (section 4.2.3.1). Secondly, we demonstrate the ability 

of the proposed framework to quantify participants’ perceptual 

performance at any time during the interaction rather than 

exclusively after response expression (section 4.2.3.2). Finally, we 

provide evidence of the ability of the proposed approach to link 

the evolution of motor patterns to decision formation (e.g., 

response time modulation) and perceptual performance (section 

4.2.3.3). While EMG data were recorded throughout the 

experimental session, here we limited our analysis to kinematic 

and dynamic variables only. 

4.2.3.1 Response detection based on within-trial movement 

analysis 

The initial step of our analysis aimed at estimating a response 

time approximating as closely as possible actual decision time, 

i.e., minimizing the delay between when a decision has been 

reached and when its overt expression is detected. We achieved 

this by devising a method to identify the earliest time perceptual 

decisions can be identified based on trial-by-trial analysis of the 
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participant’s movements. Specifically, we defined a criterion to 

detect, within the interaction time, the earliest change in the 

kinematics of the lifting movement that represents the initiation 

of a response execution, i.e., a deviation either to the right or to 

the left from the vertical lifting motion (Fig. 4.2B). We found the 

modulation of horizontal hand velocity to be a reliable variable 

for detecting and classifying participants’ responses (Fig. 4.3). 

Participants’ horizontal and vertical hand velocity was obtained 

from the first derivative (2nd order Butterworth filter, 5 Hz cut-

off) of the averaged endpoints’ positions of the haptic devices 

attached to the participants’ digits. For each trial, we extracted 

peak horizontal velocity on the first and second object lift (vpk; 

green and red dots in Fig. 4.3, respectively).  

 

Figure 4.3. Detection of response time based on single trial kinematics. 

The earliest expression of response (i.e., response time) was defined as 

the time 𝑡𝑧 when the module of horizontal velocity exhibited during the 

second object lift (black profile) exceeds the peak of horizontal velocity 

shown during the first object lift (green dot on blue profile). Response 
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assignment (heavier/lighter) was then determined by considering the 

sign of horizontal velocity value at 𝑡𝑧, where positive values indicate a 

rightward response, negative otherwise. In the context of our 

framework (diagram on the left), 𝑡𝑧 sets the transition point within the 

interaction time when interaction movements underlying stimulus 

encoding start evolving into decision expression. 

We then identified, on the second object lift, the first (absolute) 

value of hand horizontal velocity that exceeded the (absolute) 

value of peak horizontal velocity of the first lift and after which 

horizontal velocity continued to increase until reaching vpk (vz; 

blue dot, Fig. 4.3). Consequently, the response time (RTZ) was 

defined as the time tz at which vz occurred, corresponding to the 

earliest detection of the decision expression. Perceptual decisions 

were classified considering the sign of vz at tz, positive and 

negative values indicating a rightward and leftward response, 

respectively (hence, heavier and lighter response, respectively, 

for half of the participants and vice-versa for the other half). 

Importantly, by comparing the second with the first object lift 

and choosing vz as the suprathreshold point closest in time to vpk, 

we reduced misclassification errors that may occur due to the 

intrinsic variability of vertical lifting movements, i.e., 

unintentional deviations along the horizontal axis.  

Validation of RT detection method 

A fundamental step to ensure the reliability of the proposed 

detection and classification method was to exclude the 

possibility that the resulting RT distributions and associated 



81 

 

perceptual performance were misestimated. First, we addressed 

whether our method could correctly detect decision time during 

the early phase of response execution without overlooking 

crucial steps of decision formation. For this purpose, we 

compared the distribution of the median RTz as a function of ∆ 

Weights with the median time to peak horizontal velocity during 

the second lift (RTpk; Fig. 4.4A). RTpk is regarded as the reference 

reaction time distribution as both RTz and RTpk depend on the 

same decision strategies captured at different times of the same 

response execution kinematics, vz and vpk, respectively. Thus, if 

our detection method based on RTz provided a reliable 

description of the decision-making process, modulation of RTz as 

a function of ∆ Weights should be significantly correlated with 

RTpk medians modulations, with RTz distribution medians being 

characterized by shorter reaction time values. 

To further validate our response classification method based on 

vz, we compared perceptual responses, i.e., probability of 

responding comparison heavier than standard as a function of 

object weights, associated with RTz, RTpk and end of response 

execution (END; Fig. 4.4A). For each participant, we obtained 

three psychometric curves by fitting a Probit function to 

probabilities of response based on hand position at END and the 

sign of horizontal velocity at RTz and RTpk (Fig. 4.4B). If the 

proposed response classification method can reliably assess 

participants’ perceptual performance, the psychometric curve 

based on the RTz data should fit the END probabilities of judging 

the comparison heavier than the standard weight, i.e., p(CMP > 



82 

 

STD), not worse than the fit exhibited by the END psychometric 

curve. In this analysis, the END curve was considered the 

reference psychometric curve since it is obtained from the 

participants’ final decision (i.e., end of overt response 

expression). 

 

Figure 4.4. Validation analysis of the RT detection method. Data from a 

representative participant. A. Within each trial, three different time 

points were considered: the very early phase of response execution 

(RTz), the middle of response execution (RTpk) and response completion 

(END). B. Probability of responding comparison heavier than standard 

(CMP>STD) as a function of ∆ Weight was calculated at each time point, 

based on the sign of horizontal velocity at RTz and RTpk and the sign of 

horizontal position at END. Three psychometric curves were fitted on 

these probabilities to describe the participant’s perceptual decision-

making. C. Reliability of the RT detection method to classify perceptual 

decisions was assessed by testing whether its associated psychometric 

curve fitted actual response probabilities not worse than the END curve 

(Deviance Ratio plot). JNDs resulting from the three psychometric 

curves were also tested for statistical differences (JND plot). 
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Quantification of these comparisons was obtained using the 

Deviance Ratio Test (Fig. 4.4C, lower plot; Toma & Santello, 

2019), which considers the ratio between the fitting deviances 

resulting from the RT curve (either RTz or RTpk) and the END 

curve: 

𝛾 =
𝐷𝐸𝑉𝑅𝑇 

𝐷𝐸𝑉𝐸𝑁𝐷
 , 

where γ is distributed as χ² for 2 degrees of freedom, DEVRT is 

the deviance between RT psychometric curve (either RTz or RTpk) 

and observed probabilities (i.e., probability of responding CMP > 

STD at each ∆ Weight) based on hand position at END, and 

DEVEND is the deviance obtained between the END psychometric 

curve and the same probabilities. Therefore, a γ value lower than 

the critical value would indicate that the two curves were not 

statistically different in describing participants’ perceptual 

behavior. Finally, we extended the comparison of the three 

curves by testing for statistical difference between their Just 

Noticeable Difference (JND) values (Fig. 4.4C, upper plot), 

calculated as the ratio between the critical value (ϑp) and the 

slope (β) of the Probit function: ϑp / β, where ϑp = 0.645 for p = 

0.75 for the standardized normal probability distribution.  
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4.2.3.2 Analysis of perceptual behavior as a function of time  

An advantage of our approach is the possibility to explore 

dynamic aspects of perception, e.g., the modulation of 

perceptual behavior over time.  

Fig. 4.5A shows how perceptual performance can be quantified 

at any given point within the interaction time. In this example, 

we assessed perceptual performance before, during, and after 

response initiation. Specifically, we extracted individual subject’s 

probability of responding CMP > STD based on the sign of 

horizontal velocity at four time-points before RTz, at RTz, and at 

two time-points after response initiation (i.e., RTpk and END; Fig. 

4.5A, left plot). Psychometric Probit functions were fitted on the 

resulting probabilities, thus obtaining seven curves describing 

the evolution of the perceptual decision throughout the 

interaction time (Fig. 4.5A, right plot). Response precision (JND) 

was calculated for each curve as ϑp / β, and the Deviance Ratio 

Test was used to quantify the goodness of fit of each curve to 

observed probabilities at END compared to the END curve. 

Single-subject curves and JND values were then averaged across 

subjects to assess overall participants’ perceptual performance 

across interaction time. 

The JND-Quantile (JQ; Fig. 4.5B) plot explores the modulation of 

perceptual decision-making over the range of decision times 

(Rank & Di Luca, 2015). 
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Figure 4.5 Perceptual behavior as a function of time. Data from a 

representative participant. A. Perceptual behavior was evaluated 

throughout the interaction time by extracting probabilities of response 

at four time-points before decision time (t1, t2, t3, t4), at decision time 

(RTz), and after (RTpk and END). Seven psychometric curves were 

fitted on the resulting probabilities describing the evolution of the 

perceptual decision. B. The RTz distribution (from all Δ Weights) was 

divided into five inter-quantile ranges (IQ), at 0%, 20%, 40%, 60%, 80% 

and 100% (vertical red lines) of the distribution. Heavier/lighter 

responses associated with the RTz within each IQ range were then used 

to calculate within-IQ p(CMP>STD). Five different psychometric curves 

(colored curves, left plot) were then fitted to each IQ observed 

probabilities of response. 
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For each participant, the whole RTz distribution was divided into 

five inter-quantile (IQ) intervals (Fig. 4.5B, left plot), i.e., 0% to 

20% (IQ1), 20% to 40% (IQ2), 40% to 60% (IQ3), 60% to 80% 

(IQ4), and 80% to 100% (IQ5). Responses heavier/lighter 

associated with the RTz within each IQ range were then used to 

calculate p(CMP > STD), and a psychometric Probit function was 

fitted separately to the probabilities observed within each inter-

quantile interval (Fig. 4.5B, right plot). Thus, each resulting curve 

captures participants’ perceptual sensitivity in discriminating 

object weights across different phases of the interaction. At the 

group level, single-subject observed probabilities (i.e., p(CMP > 

STD)) were pooled across IQs defined independently for each 

participant. Psychometric curves were fitted on pooled data, 

resulting in five separate curves capturing the across-participant 

modulation of perceptual performance over time. The Deviance 

Ratio Test was used to quantify the goodness of fit of each IQ 

curve by comparing fitting curve deviance against the null fitting 

model (slope β=0); curves that were not significantly different 

from the null model were excluded for further analysis. JND and 

accuracy (PSE) values were extracted from each curve, where 

PSE was calculated as the ratio between the intercept (α) and the 

slope of the Probit function: -α / β. JND and PSE confidence 

intervals were calculated using parametric bootstrapping (200 

iterations). 
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4.2.3.3 Receiver Operating Characteristic analysis  

As mentioned, the present framework allows the in-depth 

investigation of the role of motor behaviors in perceptual 

decision-making. We pursued this objective by incorporating 

additional analytic steps to assess the contributions of kinematic, 

dynamic, and neurophysiological variables to perceptual 

decision formation. These analyses were based on a framework 

extensively used in sensorimotor control and perception 

research: the Receiver Operating Characteristic analysis (ROC; 

Green & Swets, 1966). We used ROC analysis to estimate how 

accurately an ideal observer could discriminate between across-

trial modulation of a motor variable and to evaluate whether the 

timing and direction of this modulation resembled 

psychophysical performance (i.e., response times and perceptual 

decisions). As done in previous studies (Corneil et al., 2004; 

Pruszynski et al., 2008; Pruszynski et al., 2010), we performed 

ROC analysis separately for each participant and stimulus 

intensity (Δ Weight). 

We first performed kinematic-based ROC analysis to quantify 

the extent to which the first and second object lift could be 

discriminated based on the difference in horizontal hand velocity 

profiles across all trials characterized by the same Δ Weight (Fig. 

4.6A). Each velocity profile was considered from the time of 

object liftoff to the participant’s median distribution of time-to-

peak horizontal velocity. From each sample n (1 ms) of 

horizontal velocity profiles, we obtained the ROC curve and the 

associated Area Under the Curve (AUC) value, which is 
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equivalent to the probability of correctly discriminating between 

the first ‘lift only’ and the second ‘lift plus response’ movements. 

The resulting AUC time-series profile represented the ideal 

observer kinematic-based discrimination performance over time 

(Fig. 4.6A, bottom plot). AUC values of 0.5 indicate 

discrimination performance at a chance level (no difference 

between the first and the second lift velocity profiles). 

Conversely, AUC greater than 0.5 indicates classification of 

horizontal velocity exhibited during the second object lift as 

higher than the velocity exhibited during the first movement.  

Due to the direct relation between changes in hand horizontal 

velocity and response execution, our method allows the 

interpretation of the AUC output as response detections based 

on cross-trial kinematic changes, i.e., deviations of hand velocity. 

Therefore, following the same procedure used in Pruszynski et 

al. (2010), we extracted from each AUC time series a 

discrimination time (DT) defined as the time when the AUC 

profile was < 0.33 or > 0.66 for at least ten consecutive samples, 

and indicating an above chance level discrimination of lift-only 

velocity profiles from lift+response movements (Fig. 4.6A). If 

multiple discrimination times were identified within the same 

time series, the last one was chosen as the actual DT. As a result, 

we obtained five discrimination times for each participant, one 

for each weight, which can be directly compared with RTz (Fig. 

4.6B). Such comparison allows evaluating to what extent within-

trial identification of participants’ response time (RTz) resembles 
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cross-trial (ROC-based) output, thus providing a measure of the 

robustness of the kinematic-based response time estimation. 

 

Figure 4.6. ROC analysis on horizontal hand velocity profiles. Data 

from a representative participant. A. The ideal observer discrimination 

analysis was performed across all trials with the same Δ Weight. A 

ROC curve and associated AUC (Area Under the Curve) value were 

obtained for each sample n (1 ms) of velocity profiles representing the 

probability of correctly discriminating between first and second lift, i.e., 

lift only and lift+response movements. AUC values of 0.5 indicate 

discrimination performance at the chance level; AUC equal to 1 

indicates perfect classification performance. A threshold was set at 

>0.66 and <0.33 to identify above-chance level performance. B. From the 
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five AUC time-series (one per Δ Weight), five DTs were obtained and 

compared with RTz modulation as a function of Δ Weight. 

Discrimination Time (DT, vertical dashed red line) was defined as the 

time when the AUC profile was < 0.33 or > 0.66 for at least ten 

consecutive samples (10 ms). 

The same analysis was performed on grip force profiles to 

quantify the accuracy of an ideal observer in discriminating 

between grip force exerted while lifting the standard and the 

comparison object across all trials characterized by the same Δ 

Weight (Fig. 4.7A). Moreover, we also assessed whether and to 

what extent the modulation of grip force correlates with 

participants’ perceptual performance. The procedure to obtain 

AUC time series and DT values was the same as the one 

described above, except grip force profiles were grouped by type 

of stimulus presented, i.e., comparison versus standard object 

weight, independently of the order of presentation. AUC values 

of 0.5 indicate an ideal observer discrimination performance at 

chance level, indicating that grip force modulation during 

comparison weight lift (GFcmp) is indistinguishable from grip 

force exerted during standard weight lift (GFstd). Conversely, 

AUC values greater (less) than 0.5 indicate an increase (decrease) 

in grip force while lifting the comparison weight relative to the 

standard (Fig. 4.7A). 



91 

 

 

Figure 4.7. ROC analysis on grip force profiles. Data from a 

representative participant. A. The ideal observer discrimination 

analysis was performed across all trials with the same Δ Weight. A 

ROC curve and associated AUC (Area Under the Curve) value were 

obtained for each sample n (1 ms) of grip force profiles representing the 

probability of correctly discriminating between grip force exerted while 

lifting the standard and the comparison object weight. AUC values of 

0.5 indicate discrimination performance at a chance level; AUC equal to 

1 indicates perfect classification performance. A threshold was set at 

>0.66 and <0.33 to identify above-chance level performance. B. In the 

upper plot, the probability of perceiving the comparison weight heavier 

than the standard weight for each Δ Weight is plotted as a function of 

Max AUC, defined as the highest absolute value of the AUC time-series 
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profile after centering on 0.5. Vertical dashed lines represent the 

threshold of above-chance discrimination. AUC values < 0.33 are 

interpreted as ‘lighter’ response (𝑊𝑐𝑚𝑝 < 𝑊std), whereas AUC values > 

0.66 are interpreted as ‘heavier’ response (𝑊𝑐𝑚𝑝 > 𝑊std). In the lower 

plot, the psychometric blue curve and probabilities obtained from 

p(CMP > STD), i.e., perceptual probabilities, are compared with grip 

force (GF) -derived curve and probabilities (black). 

AUC values have been formally shown to correspond to the 

performance expected of an ideal observer in a 2AFC 

psychophysical paradigm (Green & Swets, 1966); they can thus 

be interpreted, in this instance, as the probability of classifying 

comparison objects as heavier than the standard relying on 

cross-trial grip force modulation. This approach allows 

translating AUC values in perceptual response terms and hence 

comparing grip force-based probabilities to the overt, RTz-based 

perceptual decisions, i.e., p(CMP > STD) (Fig. 4.7B, upper plot). 

Grip force-based probabilities, here max AUC, were obtained by 

identifying the most extreme value of the AUC time series 

relative to the chance level probability of 0.5. Notably, this 

comparison permits the estimation of the extent to which grip 

force modulation can account for perceptual performance. We 

performed this quantification by fitting a psychometric curve on 

the AUC-based probabilities (Fig. 4.7B, lower plot) and then 

extracting the amount of perceptual variance (R²) explained by 

the grip force-based curve. R² was computed as 

1 −
𝑆𝑆𝐸

𝑆𝑆𝑇
 , 
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where SSE is the sum of squared residual errors between RTz -

based observed probabilities and the probabilities predicted by 

the grip force-based curve, and SST is the sum of the squared 

difference between RTz -based observed probabilities and their 

average. The Deviance Ratio value was also calculated as the 

ratio between the deviances of the grip force-based curve fitting 

actual observed p(CMP > STD) and the RTz -based curve fitting 

the same probabilities. Medians and CIs of R² and Deviance 

Ratio were calculated through parametric bootstrap (1000 

iterations). To identify the subgroup of participants whose grip 

force modulation could account for perceptual performance, we 

first excluded participants whose grip force-based curve was 

significantly worse than the perceptual curve in explaining 

perceptual responses, i.e., whose Deviance Ratio ± 95% CI was > 

6 (critical χ² for 2 df). Secondly, we selected only those 

participants with an R² ± 95% CI higher than 0.7, that is, whose 

grip force modulation explained more than 70% of the 

perceptual variance. Psychometric perceptual and grip force-

based curves were averaged across this subset of subjects, and 

associated JND and PSE were tested for statistical differences.    
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4. 3 Results 

All sixteen participants completed the experimental task with an 

average accuracy of 82.39%. The overall percentage of invalid 

trials that were excluded from further analyses (e.g., slow 

vertical lifting movements, no apparent response movement) 

was 16.40%; the number of invalid movements appeared to be 

modulated by weight discrimination difficulty (Supplementary 

Fig. S2A), as harder-to-discriminate stimulus pairs were 

associated with a higher number of invalid movements (13%, 

17.63%, 22.38%, 14.64%, 14.37% excluded trials for -200, -100, 0, 

100, 200 Δ Weight, respectively).  

The percentage of fast response initiations (i.e., RTz < 100 ms) 

was also determined to estimate the number of possible 

prediction-driven decisions, guesses or other possible stimulus-

unrelated responses. The 100 ms criterion was chosen based on 

previous works reporting ≈100 ms as the time necessary for the 

Central Nervous System to encode proprioceptive feedback and 

drive a related motor response (Pruszynski et al., 2011; Scott, 

2012; Crevecoeur et al., 2016). Seven out of 16 participants did 

not exhibit any fast responses, and the overall percentage was 

less than 5% of all trials; the number of fast responses was 

modulated as a function of Δ Weights (Supplementary Fig. S2B) 

as well, as easier-to-discriminate stimulus pairs were associated 

with a higher number of these responses (4.31%, 3.04%, 2.25%, 

1.47%, 2.63% for -200, -100, 0, 100, 200 Δ Weight, respectively). 



95 

 

This modulation and the above-chance level percentage of 

correct answers associated with fast responses suggest that they 

reflected prediction-driven decisions, that is, expectations about 

the second object weight based on the object weight perceived 

during the first lift. 

Overall, these statistics show that participants engaged in an 

active perceptual task and modulated their motor behavior 

relative to stimulus characteristics, supporting the validity of the 

proposed protocol. 

4.3.1 Validation of the response detection and 

classification method 

To validate our early response detection method, we first 

compared the estimated RTz distribution with the reference 

reaction time RTpk. Participants’ RTz and RTpk medians ± 95% CI 

are shown in Fig. 4.8A as a function of Δ Weights. Critically, the 

modulation of the RTz distribution as a function of 

discrimination difficulty is significantly correlated with the 

modulation observed at RTpk (Pearson’s r = 0.92, p < 0.01). This 

finding provides empirical evidence for the validity of the 

proposed response detection method in capturing decision-

making strategies even at the early stages of decision expression.  

Moreover, perceptual decisions evaluated at early response 

execution stages (RTz) proved to be consistent with mid-response 

execution (RTpk) and response completion (END) data (Fig. 4.8B).  
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Figure 4.8. Validation of the response detection and classification 

method. A. Median RTz (blue squares) and RTpk (red squares) are 

plotted as a function of Δ Weights. The two distributions are 

significantly correlated, indicating that the response time modulation 

observed in the mid-response execution (RTpk) can be reliably detected 

earlier in the interaction (RTz). Error bars represent the 95% confidence 

intervals of the median. B. Three psychometric curves were fitted on 

subjects’ probabilities of response associated with RTz, RTpk and END 

and averaged across subjects. JND and Deviance Ratio values were 

obtained from single-subject psychometric curves, then averaged 

across subjects. JND (upper plot) values based on the early interaction 

dataset (RTz) are not statistically different from the RTpk and the END 
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curves parameters. Deviance ratio (lower plot) values indicate that the 

difference between the three curves in explaining perceptual variance is 

not statistically different. Error bars represent the 95% confidence 

intervals of the mean. 

Our early response classification method provides a description 

of perceptual sensitivity (JND) that is not statistically different 

from the JND values obtained from the reference curves RTpk and 

END (Repeated Measures ANOVA: F(2,30) = 1.65, p = 0.21). 

Similarly, the Deviance Ratio associated with RTz was lower than 

the critical value (Fig. 4.8B), providing evidence that the RTz 

curve explained perceptual variance, i.e., hand position at the 

end of the movement, not worse than the reference END curve. 

Overall, these results support the validity of the proposed 

kinematic-based early-response detection and classification 

method in reliably describing participants’ perceptual decisions. 

4.3.2 Exploration of active perception mechanisms 

throughout the interaction time  

The present methodological framework enables the exploration 

of the dynamics of perceptual behavior from the beginning of 

stimulus encoding and active sampling to the end of the 

interaction. Perceptual performance can be quantified at any 

given time within the interaction time, thus allowing assessment 

of the evolution of the decision process (Fig. 4.9A). This analysis 

revealed that, on average, participants needed a minimum time 
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of 480 ± 208 ms (average RTz) to build and start expressing a 

perceptual decision about object weight (Fig. 4.9A, left plot). The 

psychometric curves describing perceptual behavior before RTz 

explained perceptual decision-making statistically worse than 

the END reference curve, as evidenced by the associated 

Deviance Ratio values being higher than the critical value (Fig. 

4.9A, lower right plot), resulting in high JND variability (Fig. 

4.9A, upper right plot). This evidence suggests that perceptual 

decision-making before RTz is characterized by null or minimum 

discrimination sensitivity for object weight differences, 

supporting the identification of RTz as the earliest time, during 

the interaction, when perceptual behavior resembles actual 

decision-making. 

To further explore the modulation of perceptual decision-

making as a function of response time distribution, psychometric 

curves were fitted on data from different inter-quantile ranges 

within the RTz distribution (Fig. 4.9B), where IQ1 and IQ5 

represent the fastest and slowest set of responses, respectively, 

and IQ3 includes responses centered around the distribution 

median. This analysis allows the exploration of the extent to 

which perceptual accuracy (PSE) and sensitivity (JND) depend 

on the time taken to reach a decision. A one-way ANOVA (IQ as 

factor, 5 levels) on bootstrapped JND values revealed an effect of 

response time (IQ) on response sensitivity (F(4,995) = 560.51, p < 

0.01), suggesting that slower responses were associated with 

worse performance. On the other hand, PSE values were 
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consistently higher than the standard object weight (510g), 

suggesting an overall tendency to underestimate object weights. 

 

Figure 4.9. Perceptual behavior as a function of time. A. The 

psychometric curves describe perceptual decision-making before (blue, 

cyan and green curves), during (yellow curve) and after (red curves) 

response initiation. Each psychometric curve was fitted to each 
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subject’s response probabilities and then averaged across participants. 

The legend reports the times, across participants average ± pooled 

standard deviation, at which response probabilities were sampled. The 

right-side plots represent JND and Deviance Ratio values associated 

with each psychometric curve; values were extracted from single-

subject curves and then averaged across subjects. Shaded areas 

represent the 95% confidence intervals of the mean. B. The 

psychometric curves represent the overall modulation of participants’ 

perceptual behavior observed within the response time distribution. A 

psychometric curve was fitted on responses pooled across subjects for 

each of the four inter-quantile intervals. JND and PSE values were 

extracted from each curve and plotted as a function of response time. 

Error bars represent 95% confidence intervals computed using a 

parametric bootstrap procedure (200 iterations). 

4.3.3 Role of motor behaviors in perceptual decision-

making 

We incorporated ROC analysis into our approach to determine 

whether and to what extent kinematic and dynamic motor 

variables contribute to perceptual decision formation. 

Specifically, we tested across-trial discriminability of horizontal 

hand velocity and grip force profiles and quantified to what 

extent the modulation of ROC output was related to 

psychophysical performance exhibited over the interaction time. 

4.3.3.1 Correlation between motor variables and response time 

ROC analysis on horizontal hand velocity resulted in five AUC 

time series representing the probability at each time point of an 
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ideal observer classifying the second lift velocity as higher than 

the first lift velocity (AUC > 0.5) or vice versa (AUC < 0.5). As 

participants were asked to express the perceptual decision only 

during the second object lift, the AUC profiles mainly show 

modulations towards 1. Fluctuations toward the 0 were 

sometimes observed at the beginning of AUC profiles (e.g., Fig. 

4.6B), which probably reflected timing execution differences 

between the first and second movement: participants were more 

likely to perform first object lifts faster than second lifts, 

resulting in higher horizontal position variability at early time 

points in first object lifts compared to second object lifts.  

From the AUC time series, five discrimination times for each 

subject were identified, representing the time when the hand 

horizontal velocity during the first and the second lifts starts 

differing. Discrimination times were compared with response 

times identified based on within-trial movement analysis (Fig. 

4.10A). Correlation analysis revealed similar modulation of 

median discrimination times and RTz medians as a function of Δ 

Weights (Pearson’s r = 0.95, p < 0.01). Moreover, 2x5 repeated 

measures ANOVA (Time Estimates and Δ Weight as within-

subject factors) showed an effect of Δ Weight (F(4,60) = 14.54, p < 

0.01) and Time Estimates (F(1,15) = 19.08, p < 0.01). Notably, there 

was no significant interaction between Δ Weights and Time 

Estimates (F(4,60) = 0.38, p = 0.82), indicating that the modulation of 

RTz medians and discrimination times as a function of Δ Weight 

was not statistically different. In the context of our experimental 

validation, this result supports the robustness of our response 
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detection approach based on kinematic analysis. ROC analysis 

further demonstrates that the action involved in object lift, which 

underlies active stimulus sampling, can be distinguished from 

response expression based on kinematic changes during the 

interaction.  

ROC analysis enables the investigation of the relationship 

between response time modulations and any other motor 

continuous variables which may play a role in decision 

formation. Accordingly, we used ROC analysis to assess the 

discriminability of grip force profiles exhibited while lifting 

standard and comparison objects. Four discrimination times 

were identified based on the AUC time series, representing the 

time when cross-trial grip force profiles exhibited during 

standard lift start differing from comparison object profiles. As 

expected, the AUC time series for Δ Weight 0 never passed the 

above-chance threshold since the same object weight (510 g) was 

presented in standard and comparison object lifts. Correlation 

analysis showed that grip force-derived discrimination times 

were modulated as a function of weights similarly to kinematic-

based response time modulation (Fig. 4.10B; Pearson’s 

correlation r = 0.69, p < 0.01). Moreover, grip force-derived 

discrimination times tended to anticipate kinematic-based 

response time estimates: one-tailed paired sample t-tests showed 

discrimination time to be statistically shorter than RTz medians 

for ±200 g Δ Weight (t(13) = -4.16, p-corrected < 0.01, t(15) = -4.52, p-

corrected < 0.001) but not statistically different for ±100 g (t(8) = -

0.21, p -corrected = 0.42, t(9) = -1.39, p -corrected = 0.10). 
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Figure 4.10. Comparison between ROC-derived Discrimination Times 

and RTz. A. Discrimination times were obtained by performing ROC 

analysis on hand horizontal velocity exhibited during the first and 

second lifting movements. Across subjects medians of discrimination 

times and RTz are plotted in black and grey, respectively. Statistically 

significant correlation indicates comparable modulations of RTz and 

discrimination times medians as a function of Δ Weight. B. 

Discrimination times were obtained by performing ROC analysis on 

grip force exhibited while lifting comparison and standard object 

weight. Statistically significant correlation indicates comparable 

modulations of RTz and discrimination times medians as a function of 

Δ Weight. Δ Weight 0 has been omitted because its relative AUC values 

never passed the threshold for any subjects, indicating chance-level 

discrimination probability. Error bars represent the 95% confidence 

intervals of the median. 

The observation of lower discrimination times indicates that grip 

force modulation occurs before (as for ±200 g) or in parallel (as 

for ±100 g) to kinematic response initiation, hence excluding the 
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possibility that grip force changes might be a by-product of the 

response-dependent change in hand velocity.  

4.3.3.2 Correlation between motor variables and perceptual 

performance 

To quantify the extent to which grip force modulation can 

account for perceptual performance, we fitted psychometric 

curves on single-subject AUC-based probabilities derived from 

ROC analysis on grip force profiles. From grip force-based 

curves, we extracted R2 values and estimated the Deviance Ratio 

to quantify how well grip force-based psychometric curves fitted 

actual response probabilities compared to the kinematic-based 

psychometric curve. These two measures were used to identify a 

subgroup of participants whose grip force modulation accounted 

for more than 70% of the perceptual variance (R2 ±95% 

confidence intervals > 0.7) and whose grip force-based curve 

explained perceptual performance not worse than the kinematic-

based perceptual curve. About 60% of participants (10 out of 16) 

satisfied both criteria (Fig. 4.11A). 

The finding of a subgroup of participants whose grip force 

explained a significant amount of perceptual variance suggests 

that grip force can be one of the motor variables - among others - 

correlating with perceptual decision behavior during object 

weight estimation. To quantify the role of grip force in 

perceptual decision-making, we first averaged the grip force-

based psychometric curves of those participants that fulfilled 

both the R² and Deviance Ratio criteria (n = 10; Fig. 4.11B). 
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Figure 4.11. Contribution of grip force to perceptual behavior A. Single-

subject R2 values, quantifying perceptual variance explained by the 

grip force-based psychometric curve, are plotted against Deviance 

Ratio, which quantifies how well grip force-based psychometric curves 

fit actual response probabilities. Vertical and horizontal dashed lines 

represent the R2 and Deviance Ratio-based threshold criteria, i.e., 0.7 

and 6, respectively. These criteria were used to select participants 

whose grip force explained a significant amount of perceptual variance. 

Error bars represent the 95% confidence intervals of the medians 

estimated through parametric bootstrapping (1000 iterations). B. Grip 

force-based and kinematic-based psychometric curves were averaged 

across subjects who satisfied both the R2 and the Deviance Ratio-based 

criteria. Bar plots depict median JND and PSE parameters associated 

with grip force-based (dark grey) and kinematic response-based (light 
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grey). Paired t-tests were performed on both parameters. * p < 0.01. 

Error bars and shaded areas represent the 95% confidence intervals. 

The Deviance Ratio test comparing the averaged grip force-

based curve with the null model confirmed that the grip force 

curve is statistically different from the null model in describing 

observed response probabilities (Deviance ratio = 60.05, p < 

0.001). The averaged grip force curve explained approximately 

95% of the perceptual variance (RTz-based observed 

probabilities). However, the grip force-based curve described 

across-participant perceptual behavior worse than the averaged 

RTz-based curve (Deviance ratio = 15, p < 0.001). Further analysis 

of curve parameters (Fig. 4.11B) revealed that the perceptual 

accuracy derived from grip force modulation was not 

statistically different from kinematic-based PSE (t(9) = 2.03, p = 

0.07). Conversely, we found a statistically significant difference 

between grip force- and RTz -derived JND values, with the grip 

force model accounting for lower perceptual sensitivity (t(9) = -

4.87, p < 0.01; Fig. 4.11B).  

Despite the variability across participants and the different 

degree of perceptual variance explained by the grip force-based 

model, these results demonstrate the potential afforded by our 

approach for exploring motor correlates of active perception 

using cross-trial ROC analysis. 
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4. 4 Discussion 

In the present study, we designed and validated a novel 

experimental and analytical framework to investigate perceptual 

decision-making in active interaction contexts. The proposed 

approach is devised to overcome previous protocols limitations, 

primarily the lack of an action continuum allowing thorough 

investigation of the interplay between action, perception and 

decision-making. To test the validity of our approach, we 

collected data from a 2AFC weight discrimination task; the task 

was designed so that response execution was a direct 

continuation of sensory encoding, thus ensuring that pre- and 

post-decision interaction movements occurred along the same 

continuum. Motor, perceptual, and physiological variables were 

continuously recorded throughout the interaction to assess the 

extent to which motor components contribute to perceptual 

decisions. 

First, we designed and implemented a method based on within-

trial analysis of hand movement kinematics for detecting and 

classifying participants’ decisions at early stages of response 

execution; the method proved to be reliable in estimating 

participants’ perceptual behavior (see Fig. 4.8 and section 4.3.1). 

Continuous tracking of hand kinematics enabled us to assess 

perceptual performance throughout the interaction time (see Fig. 

4.9 and section 4.3.2). By extracting hand velocity at different 

times during the interaction, we were able to differentiate 
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between pre- and post-decision motor behavior and establish 

that perceptual behavior before response time is characterized by 

low sensitivity for weight discrimination. Finally, we employed 

ROC analysis to establish whether and to what extent patterns of 

motor behavior are involved in perceptual decision formation, 

revealing a significant contribution of grip force to perceptual 

behavior (see section 4.3.3). 

4.4.1 Early detection of perceptual responses  

A relevant issue in investigating perceptual decision-making 

mechanisms through behavioral paradigms is the estimation of 

actual decision time (Lin & Tadin, 2021); since the only way to 

know a decision has been reached is to “wait” for its overt 

expression, decision time can only be approximated. Thus, the 

observed response time also depends on the time necessary to 

translate a decision into action (Gallivan et al., 2018); the earlier 

the detection of response initiation is, the more valid the 

assumption that response time approximates actual decision 

time. 

To address this issue, participants’ response times were 

identified based on within-trial changes in movement 

kinematics, namely horizontal hand velocity. Kinematic-based 

response times (RTz) showed the same modulation as a function 

of discrimination difficulty as the reference reaction times based 

on peak velocity. Notably, perceptual performance assessed at 

RTz was not statistically different from that assessed at the end of 
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the lifting movements, suggesting that the proposed response 

detection method captured participants’ decision-making at the 

very beginning of response execution. One of the advantages of 

our response detection method is that perceptual decision can be 

decoded before the completion of decision expression, i.e., 

arrival at the target position; this allows a better approximation 

of the actual decision time by reducing the time necessary to 

complete the response movement once the decision is made. 

Moreover, velocity has the advantage of signaling instant 

changes in movement directionality independently of actual 

position or distance from target positions. Indeed, our velocity-

based investigation of perceptual behavior across interaction 

time (see sections 4.2.3.1 and 4.3.2) revealed a significant 

difference between pre-RTz psychometric curves and the 

reference END curve in describing perceptual behavior; this 

evidence shows that RTz is the earliest time when perceptual 

behavior resembles the performance exhibited at response 

completion.  

Together, these findings support the validity of our response 

detection and classification method in identifying decision 

expression at very early stages of response execution, hence 

providing a more precise estimate of the actual decision time. 

4.4.2 Evolution of decision-making through time 

A relevant novelty of the proposed approach is the opportunity 

to investigate the mechanisms driving the modulation of 
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perceptual behavior as a function of time. Continuous tracking 

of the kinematic, dynamic, and neurophysiological behavior 

allows explorative analysis to provide insights into the link 

between response times, perceptual performance modulation 

and motor patterns characterizing the interaction. We 

implemented two types of analysis to explore this relation, 

assessing the evolution of perceptual behavior throughout the 

interaction time and the modulation of perceptual performance 

as a function of response time. 

Within-interaction analysis of perceptual behavior entailed 

evaluating participants’ performance at multiple time points 

throughout the interaction. Drawing from parallel approaches to 

decision-making, this methodology comprises the continued 

assessment of action dynamics to track the underlying decision-

formation process (Lepora & Pezzulo, 2015; Gordon et al., 2021). 

Importantly, it also allows differentiating, within the action 

continuum, between pre-decision (i.e., active sensing) and post-

decision (i.e., response execution) motor behaviors. Indeed, we 

found a clear dissociation in performance before and after 

response time, with null or minimum discrimination sensitivity 

for weight differences before RTz. Modulation of psychometric 

curves and associated JND values as a function of time provided 

a description of the evolution of perceptual behavior, revealing 

the time and the amount of sampled information necessary to 

build a perceptual decision (Plaisier et al., 2019). Before the 

sampled information threshold, weight discrimination 

performance was low but increased with accumulated sensory 
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evidence until passing the sampled information threshold and 

reaching a plateau. 

Modulation of perceptual performance as a function of response 

time was examined using JND-Quantile plots (Rank & Di Luca, 

2015), which capture perceptual sensitivity at different delays 

across the distribution of response times. The JQ plot illustrates 

the pattern of speed-accuracy tradeoffs (Luce, 1986), i.e., the 

relation between responses accuracy and the time taken to 

generate them. Speed-accuracy tradeoffs, namely faster error 

responses than correct ones, are generally observed in time-

constrained tasks, while slower error responses are observed 

when task instructions emphasize accuracy (Swensson, 1972; 

Luce, 1986). Our results showed that JND values increased with 

longer RTz, indicating that slower response times were generally 

associated with a higher error rate. This phenomenon has been 

explained within the framework of drift-diffusion models by 

implementing urgency signals, which decrease the amount of 

evidence needed to trigger a decision as the end of the response 

time window approaches (Ratcliff et al., 2016). Urgency signals 

amplify the accumulated evidence as time passes, lowering the 

sampled information threshold and producing slow error 

responses (Ditterich, 2006). In the context of our task, urgency 

signals would become more influential as participants approach 

the end of the vertical movement without having expressed a 

decision, thus leading to a higher number of slow erroneous 

responses. 
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4.4.3 Linking motor control to perceptual decision-

making 

ROC analysis was incorporated into our framework to enable 

precise quantifications of what and to what extent features of 

motor behavior play a role in the formation of perceptual 

decisions formation. ROC technique has been successfully used 

to provide insights into how sensory and motor signals are 

integrated for motor control (Pruszynski et al., 2008; 2010; 

Crevecoeur et al., 2012; 2016). Specifically, our goal was to 

quantify the extent to which timing and direction of the 

modulation of a given motor variable resemble the modulation 

of psychophysical performance exhibited over the interaction 

time, i.e., response times and perceptual performance. 

ROC analysis of hand velocity profiles revealed across trials 

above-chance discriminability between the first and the second 

lifting movement. Notably, discrimination times, i.e., the time at 

which first and second lift velocities start differing according to 

the ideal observer performance, closely approximated actual 

response times, further supporting the validity of our response 

detection method. Similarly, cross-trial analysis of grip force 

discriminability reached above-chance values and grip force-

derived discrimination times were significantly correlated with 

response times. Moreover, the psychometric curve fitted on grip 

force discrimination probabilities explained a large amount of 

perceptual performance variance in ~60% of participants. This 

result suggests that, at least in a subgroup of participants, grip 
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force might contribute to the final decision, consistent with 

previous works relating grip force and weight perception (van 

Polanen & Davare, 2015; Ellis & Lederman, 1999; Flanagan & 

Bandomir, 2000). 

Overall, these findings highlight the potential of employing ROC 

analysis to identify and quantify correlations between 

modulations of motor variables and the evolution of decision 

formation and decision expression as a function of stimulus 

features. 

4.4.4 Advantages of the proposed approach to the 

exploration of active perception mechanisms  

By integrating and advancing previous approaches to the study 

of perceptual decision-making, the proposed approach offers 

several advantages to investigating the interplay between action, 

perception, and decision processes. 

Firstly, the proposed response detection and classification 

method provides a means to more closely approximate decision 

time, identifying response movements at the earliest stages of 

their execution rather than relying on movement completion. 

Additionally, early response detection facilitates reliably 

differentiating within the action continuum between the sensory-

motor signals driving the decision (i.e., pre-response, sampling 

movements) and the motor patterns underlying decision 

expression (i.e., post-decision, response execution). The 

capability of operating this distinction, coupled with the 
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inclusion of an active sampling component in the experimental 

paradigm, permits assessing the influences from action 

dynamics to the decision vs. sensory encoding processes 

(Hagura et al., 2017; Ozbagci et al., 2021). Therefore, it allows for 

a comprehensive analysis of the interactions between the 

decision layer, the motor components underlying stimulus 

encoding and the motor components involved in response 

execution. 

The implementation of an action continuum from stimulus 

encoding to response execution and completion grants the 

possibility of extracting psychophysical, motor and physiological 

variables at any point in time during the interaction. 

Consequently, our approach allows the exploration of often-

overlooked dynamic aspects of perception (Rank & Di Luca, 

2014), such as the time required to build up a specific percept 

(Plaisier et al., 2019) and the modulation of perceptual 

performance over time (Rank & Di Luca, 2014; 2015). 

4.4.5 Possible applications and future directions 

Based on the results of the present study, we believe our 

analytical approach is suited for implementation in diverse 

contexts of active perceptual decision-making and could be 

expanded beyond the range of analyses described. In particular, 

the use of ROC analysis is not limited to the motor variables 

tested here but can be performed on any kinematic, dynamic, 

and neurophysiological variable continuously recorded 
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throughout the interaction, allowing precise temporal estimation 

of the influence of multiple motor components on decision. 

Indeed, previous works have used EMG (Selen et al., 2012; 

Servant et al., 2015) and EEG (for a review, see O’Connell & 

Kelly, 2021) to study the neurophysiological correlates of 

decision variables, identifying signals reflecting the evolution of 

perceptual decisions (Hauser & Salinas, 2014). In the present 

study, we limited our investigation to kinematic and dynamic 

variables to assess the role of motor behavior in perceptual 

performance; however, ROC analysis of physiological measures 

can provide a window into the underlying neurophysiological 

correlates of perceptual decision-making.  

Moreover, we suggest that our methodological approach is well 

suited for investigating decision-making within the framework 

of the Embodied Choice model (Lepora & Pezzulo, 2015), 

incorporating the notions of changes of mind, motor cost and 

commitment. Recent studies suggest that changes of mind not 

only reflect purely deliberative processes but also depend on the 

state of the motor system, and the probability of their occurrence 

is influenced by the degree of commitment and the motor cost 

associated with changing decisions (Burk et al., 2014; Cos et al., 

2021). However, it is still unclear what and how much sensory 

evidence is needed to trigger changes of mind and under which 

conditions they are more likely to occur (Gordon et al., 2021). 

Another open question in the Embodied Choice framework 

concerns at what stage of the decision process commitment 

effects emerge (Gordon et al., 2021) and whether they reflect 
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cognitive aspects of the choice or variability in the state of the 

motor system (Lepora & Pezzulo, 2015; Cos et al., 2021). These 

issues could be addressed in the context of our approach, which 

allows assessment of the contribution of different motor and 

neurophysiological variables to changes of mind and modeling 

commitment effects throughout the interaction, from object 

contact to response execution stages. 

The proposed approach also offers the possibility of clarifying 

the role of predictions and sensorimotor memory, i.e., how 

previous experience is combined with sensory evidence to 

influence decision formation and motor planning (Johansson & 

Westling, 1984; Summerfield & de Lange, 2014). As discussed in 

the Results section, response times lower than 100 ms were 

interpreted as predictions, meaning that decision was possibly 

driven by expectations about the object to be lifted based on the 

object weight detected in the previous lift. Grip force exerted 

between object contact and liftoff has been shown to reflect 

expectations about the object weight, scaling according to the 

predicted weight based on memory about the previously applied 

force (van Polanen & Davare, 2015; 2019). While we focused our 

analyses on the lifting phase, analysis of fingertip forces and grip 

force rate variations before liftoff could disentangle the effect of 

sensorimotor memory from active sensing mechanisms driving 

decision, quantifying the influence of predictions on motor and 

perceptual performance. 
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In this chapter, we presented a novel experimental and analytical 

framework aimed at assessing the spatiotemporal relationship 

between action, perception, and decision-making. The results of 

our validation and analytical procedure suggest that the 

proposed approach is capable of describing the modulation of 

perceptual decision formation through time and determining the 

time and amount of information necessary to reach a decision in 

interactive contexts. Moreover, it allows the assessment of 

correlations between patterns of motor behavior and decision 

processes and the exploration of the neurophysiological 

correlates underlying decision-making mechanisms. Overall, the 

evidence presented in the present study supports the validity of 

the proposed methodological approach for investigating 

perceptual decision-making in different contexts of active 

interaction. 
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Appendix 

Supplementary Figures 

Supplementary figure S1. 2D representation of voxel 

tuning to grasping and touching dimensions 

 

Dimensions describing the second set of stimuli were mapped using 

the p-value associated with d’ onto the space defined by the t-SNE. The 

relative contribution of action features from grasping to touching was 

mapped with a color scale ranging from yellow to magenta to cyan; the 

maximal saturation of each channel reflects an uncorrected p < 1E-06.  
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Supplementary figure S2. Percentages of invalid 

movements and fast responses as a function of Δ Weight 

 

A. Percentage of invalid movements is computed separately for each Δ 

Weight by pooling data from all participants (N=16). Invalid 

movements were defined as slow vertical lifting movements, multiple-

peaks vertical velocity profiles, absence of a clear response movement, 

or trials in which either the experimenter’s errors or hardware failures 

resulted in invalid datasets. Percentages are modulated as a function of 

Δ Weight, reflecting task difficulty: harder-to-discriminate stimulus 

pairs were associated with more invalid movements. B. Percentage of 

fast responses is computed separately for each Δ Weight by pooling all 

participants' data (N=16). Fast responses were defined as trials in which 

RTz < 100 ms; these responses are likely to reflect stimulus-unrelated 

decisions, e.g., predictions or guesses, since the response time was too 

short to allow for stimulus encoding, decision formation, and 

transmission of the decision computation to the motor system. 

Percentages are modulated as a function of Δ Weight, as easier-to-

discriminate stimulus pairs were associated with a higher number of 

these responses.  
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Supplementary Tables 

Supplementary Table 1.  

 
 

Participants were presented with movie clips depicting a hand-

performed transitive action. The target objects of the actions differed in 

the animacy dimension (ten animate and ten inanimate exemplars) and 

their category (i.e., animals, body parts, natural objects, such as 

vegetables and fruits, artificial objects). 
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Supplementary Table 2.  

 

Participants were presented with a continuous video depicting an actor 

performing a movement with the upper limb. The actor performed 18 

grasping and 18 touching movements directed to 18 target objects, and 

18 symbolic and 18 nonsense gestures. 
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Supplementary Table 3.  

 

On each trial, a standard and comparison object weight were presented 

either as the first or the second object to be lifted; the order of 

presentation was counterbalanced across trials. We used five 

comparison weights (CMP) ranging from 310 to 710 g (fixed interval of 

100 g), and the standard weight (STD) was set to 510 g. Hereafter, we 

will refer to stimulus weights in terms of absolute or relative values (∆ 

Weight), i.e., the difference between each comparison weight minus the 

standard weight. 
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