
ORIGINAL RESEARCH

SN Computer Science            (2026) 7:26 
https://doi.org/10.1007/s42979-025-04606-w

Introduction

Human larynx plays a pivotal role in our ability to com-
municate, swallow, and breathe [1]. Its function, however, 
can be severely compromised by various disorders, includ-
ing Parkinson’s disease, laryngeal nerves injury, stroke, 
and Laryngeal Cancer (LC) [2]. One of the key indicators 
of laryngeal health is laryngeal motility, which allows to 
close and open the airway while swallowing, breathing, 
and speaking [3]. A correct motility assessment is crucial 
for the diagnosis, management, and treatment of laryngeal 
disorders. For instance, in LC patients, reduced motility 
significantly impacts prognosis and treatment decisions [4]. 
Considering that laryngeal motility can also be impaired by 
tumors’ vocal muscle or vocal cord-arytenoid unit invasion 
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Abstract
Laryngeal motility assessment is essential for diagnosing and managing laryngeal disorders. However, paralysis evalua-
tions suffer from high inter-rater variability, necessitating a more objective and quantitative approach. This study intro-
duces a novel AI-driven pipeline that leverages computer vision techniques to classify 155 video-laryngoscopies into 
unilateral paralysis (n = 68), bilateral paralysis (n = 50), and healthy laryngeal function (n = 37). Our approach includes 
several advancements over existing literature. We extract the vocal fold positions from each video and automatically 
identify the most informative, noise-cleaned video segments for classification. We define novel movement-based features 
that quantitatively capture the restricted mobility characteristics of laryngeal paralysis. These features are used to train two 
classification models using a 5-fold cross-validation strategy: one model for binary classification (healthy vs. paralyzed) 
and the other for multi-class classification (healthy vs. unilateral paralysis vs. bilateral paralysis). To assess the importance 
of these features, we conduct an ablation study using Shapley values. Our method achieves a precision of 0.83, sensitivity 
(recall) of 0.85, F1-score of 0.84, and balanced accuracy of 0.85 for distinguishing between healthy and paralyzed indi-
viduals. For multi-class classification (healthy vs unilateral paralysis vs bilateral paralysis), our model achieves a precision 
of 0.80, sensitivity of 0.83, F1-score of 0.81, and a balanced accuracy of 0.83. These results highlight the effectiveness 
of our method and underscore the relevance of our features, further validated by the ablation study. Our AI-grounded 
approach enhances the accuracy and reliability of automatic laryngeal motility assessment. By introducing novel metrics 
to quantify paralysis severity, we provide a more objective, reproducible, and clinically valuable evaluation tool.
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or compression, not even laryngeal electromyography can 
be considered a gold standard for motility assessment and 
therefore, most of the time, laryngeal paralysis is diagnosed 
based on endoscopic findings. However, the assessment of 
laryngeal motility requires time and expertise and is charac-
terized by considerable variability both between and within 
raters [5, 6]. This often leads to subjective assessments that 
rely heavily on the clinician’s expertise and experience. 
Naturally, this approach has limitations, including potential 
variability and errors. To address these challenges, research-
ers have begun to explore the potential of Artificial Intel-
ligence (AI) techniques in providing a more objective and 
comprehensive assessment of laryngeal motility. Some of 
these applications, for instance, have focused on developing 
classification models to diagnose laryngeal paralysis based 
on the patient’s voice [7]. However, voice can be impaired 
by many factors, thereby limiting the utility of voice analy-
sis for screening purposes and pushing researchers to focus 
on endoscopic findings. In this setting, to extract more tan-
gible information, the majority of the literature in this field 
has focused on computer vision techniques to automatically 
extract quantifiable features that describe the reduced pat-
terns of movements shown by impaired vocal folds in video-
laryngoscopies [8–11]. Among these, the Automated Glottic 
Action Tracking by artificial Intelligence (AGATI) toolbox, 
developed in [8], enables the tracking of the vocal folds’ 
free edge position in each frame of the video-laryngoscopy. 
This position is used to measure the value of the Anterior 
Glottic Angle (AGA) and the angle between one of the two 
vocal folds and a reference vertical half-line. Recent works 
[9, 12] leverage similar mechanisms, enabling the tracking 
of the AGA value in real-time. However, these methods can 
fail when vocal folds are not aligned as expected or are not 
well-framed. Another work [10] instead allows the segmen-
tation of the area comprised between the two vocal folds 
through the application of a Gabor filter [13] and a Chan-
Vese segmentation [14] to a single frame. Similarly, deep 
learning was recently applied to vocal-fold segmentation 
from laryngoscopy images [15]. These methods, allowing 
for feature extraction, led to the development of novel clas-
sification models. Kuo and colleagues [16], for instance, 
used a decision tree trained on the output of another work 
[10] to categorize subjects into healthy, paralyzed, and 
patients with nodules. These works helped identify the most 
straightforward and crucial features for assessing laryn-
geal paralysis. As observed by clinicians in daily practice, 
previous works [17, 18] identified the minimum and maxi-
mum AGA values observed in each video-laryngoscopy as 
a robust, generalizable, and reliable feature for paralysis 
assessment. However, the AGA value is not always easily 
measurable, as in the case of LC patients or when dealing 
with noisy video recordings. This issue becomes even more 

critical when comparing patients with unilateral paralysis 
to healthy subjects, as inaccurate estimates of AGA values 
can result in misclassification. This question is addressed in 
recent works, which apply deep learning to automatically 
estimate vocal fold pose from video-laryngoscopy frames 
[19]. Lately, there was a growing interest in AI-assisted 
endoscopy, where automated pipelines can reduce subjec-
tivity and increase throughput [20–22]. Notable examples 
of recent and relevant studies that also address vocal fold 
paralysis classification using video-laryngoscopy are the 
study by Villani et al. [23] and by Zhang et al. [24]. Both 
focus on the recognition of landmarks from frames of video-
laryngoscopies, but while the first uses machine learning 
models to classify vocal fold fixation based on manual 
landmark annotations and image features, the second lever-
ages a multimodal approach that combines video and audio 
data to classify vocal fold paralysis and distinguish between 
unilateral and bilateral paralysis. While Villani et al. [23] 
require manual intervention for feature extraction and land-
mark annotation, Zhang et al. [24] benefit from automated 
segmentation and audio-assisted frame classification, which 
adds complexity but also increases the robustness of their 
system under controlled conditions.

Building on the outlined framework, this work pres-
ents an innovative and quantitative approach to computer-
assisted laryngeal paralysis assessment, aiming to enhance 
diagnostic reliability with potential extension to more com-
plex cases, such as LC patients. It mainly builts upon the 
application and the analysis of AGATI [8], contributing 
to establishing robust frameworks for computer-assisted 
evaluation, advancing clinical outcomes in laryngology, 
and offering the following novel contributions to the current 
state-of-the-art:

	● Providing an innovative technique to automatically se-
lect and extract the important video segments for a cor-
rect assessment, i.e., those showing both abduction and 
adduction of vocal folds.

	● Introducing an innovative set of multimodal (i.e., com-
bining images and statistical data) features to describe 
quantitatively and objectively vocal folds motility.

	● Defining a model combining a Convolutional Neural 
Network (CNN) and a Multi Layer Perceptron (MLP), 
exploiting transfer learning and fine-tuning to classify 
patients based on their laryngeal motility. This classi-
fication model achieves an accuracy of 0.85 for binary 
patient-wise classification and 0.84 for multi-class pa-
tient-wise classification.
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Methods

Methodology Overview

The methodology employed in this study encompasses an 
integrated approach to assess vocal folds motility through a 
reproducible pipeline with possible applications in cases of 
laryngeal disorders.

In consideration of the limitations highlighted in a 
recent research [25] on the scarce heterogeneity character-
izing the datasets used in previous studies and the lack of 
available public repositories, in this work, we exploited a 
multi-centric dataset comprising 155 video-laryngoscopies 
that we collected in the Hospital Clínic de Barcelona and in 
the Azienda Ospedale–Università di Padova. Each of these 
video recordings, representing a different subject, was ret-
rospectively analyzed and categorized as a healthy subject 
or a patient with laryngeal paralysis, making further distinc-
tions between unilateral and bilateral paralysis [26]. To sup-
port accurate laryngeal motility assessment, we developed 
a robust pipeline that incorporates advanced feature extrac-
tion and classification techniques. At first, we extracted the 
vocal fold positions and the AGA values over frames using 
the AGATI toolbox [8]. A Gaussian Mixture Model (GMM) 
[27] was then used to filter each video for salient informa-
tion, automatically extracting video segments (referred to as 
trials in this work) that show the full excursion of AGA val-
ues, from abduction to adduction. This resulted in a larger 
and less noisy dataset, as it was typically possible to extract 
more than one trial per patient while removing, for instance, 
frames where the vocal folds were not visible.

Each of these trials was then analyzed and character-
ized through a newly defined set of features, providing a 
quantitative and robust description of the patterns of vocal 
folds’ movements represented. These features were then 
processed by a composite model combining a CNN and an 
MLP. To enhance performance, generalizability, and robust-
ness, the backbone of the CNN is based on the ResNet-18, 
pre-trained on the ImageNet dataset provided by PyTorch 
[28]. This model was used to perform two different classi-
fications: a binary classification (healthy vs paralyzed) and 
a multi-class classification (healthy vs unilateral paralysis 
vs bilateral paralysis). Evaluations were conducted on both 
trials and patients, with trial results aggregated to provide 
patient-level insights. An ablation study [29], which applied 
the Shapley value [30], enabled us to isolate the impact of 
each group of features on the model’s performance, thereby 
ensuring the tool’s efficiency and robustness.

Dataset

Our dataset comprised 155 in-office video-laryngoscopies, 
each representing a different subject with either normal or 
reduced laryngeal motility, recorded at a frame rate of 35 
frames per second. We retrospectively collected this dataset 
across two different countries and clinical settings, includ-
ing academic medical centers and community hospitals: 
the Hospital Clínic de Barcelona and the Azienda Osped-
ale–Università di Padova. After the preprocessing steps 
described below, this dataset yielded a total of 404 analyz-
able trials. This allowed us to enlarge the heterogeneity of 
our dataset with respect to the ones used in previous studies, 
capturing variations in patient demographics and clinical 
practices, thereby enhancing the generalizability and robust-
ness of our findings. Inclusion criteria were: (1) patients in-
office endoscopically assessed for laryngeal motility; (2) 
availability of recorded video-laryngoscopies (3) transna-
sal flexible video-laryngoscopic assessment. For this pilot 
study, for homogeneity reasons, LC patients were excluded. 
The decision to exclude such patients stems from the need to 
proceed step by step and develop expertise within our work-
ing group, starting with simpler cases in which the muco-
sal morphology of the larynx is not altered by a neoplasm. 
Similar to other studies [17], patients were asked to make 
the “ee” sound (/i:/) followed by a deep inhalation to allow 
the assessment of maximal adduction and maximal abduc-
tion of their vocal folds. This led to a bimodal distribution of 
the values assumed by the AGA. Stroboscopic examinations 
were not included in the dataset for higher homogeneity, as 
the vocal folds movements are sampled with low frequency 
in those cases. Based on the collected videos, patients were 
categorized into three classes: unilateral laryngeal paralysis 
(n=68), bilateral laryngeal paralysis (n = 50), and normal 
healthy laryngeal function (n = 37). In particular, the first 
two classes can be further grouped together in a broader 
class of patients with paralysis. To assess laryngeal paralysis 
and establish the ground truth labels, clinicians reviewed the 
video-laryngoscopies and reached a consensus on whether 
to classify patients as healthy, unilaterally paralyzed, or 
bilaterally paralyzed. When a consensus was not found, the 
mode among all the different ratings was used to define the 
final category. Data were acquired with informed consent 
following the principles of the Helsinki Declaration, and 
ethical approval was obtained by the local ethical commit-
tee of each of the hospitals involved1. Patients’ identifica-
tion data were anonymized.

1  Hospital Clínic de Barcelona Reg. HCB/2023/0897 and Azienda 
Ospedale–Università di Padova 190n/AO/21.
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used the frame-wise AGA time series extracted by the 
AGATI toolbox. A video segment was considered informa-
tive if it contained at least one full opening–closing cycle 
of the vocal folds, i.e., a complete excursion of AGA values 
from abduction to adduction.

For each video, we modeled the empirical distribution 
of AGA values using a two-component Gaussian Mix-
ture Model (GMM) [34, 35], which approximated the two 
extreme states of the vocal folds (abducted vs. adducted), 
as illustrated in Fig. 1. Candidate trials were defined around 
transitions between the two components of the GMM in 
the AGA time series, corresponding to the opening–closing 
cycles of the vocal folds.

To ensure that the trials captured full excursions and 
were not dominated by noise, we retained only those seg-
ments whose AGA values spanned from below the mean of 
the first Gaussian (abducted position) to above the mean of 
the second Gaussian (adducted position). Additionally, to 
enhance robustness, we required each trial to meet a mini-
mum duration threshold of 100 frames (approximately 4 s), 
with at least 10% of the frames below the first Gaussian 
mean and at least 10% above the second Gaussian mean. 
This ensured that only full cycles of motion were included, 
preventing the inclusion of overlapping or incomplete trials.

By applying these criteria, we ensured that the trials 
automatically extracted from each video comprehensively 
represented the full range of vocal fold motion, from com-
plete abduction to adduction, thus enhancing the reliability 
of our findings. These criteria were predefined and applied 
consistently across all subjects, enabling the extraction of 
multiple informative trials from each video-laryngoscopy. 
This approach ultimately increased the effective dataset size 
while focusing on the most relevant segments for laryngeal 
motility assessment.

Through this model, we were able to identify the frames 
where the vocal folds were at maximum abduction or adduc-
tion. This kind of feature selection was conducted for each 
patient independently of their class. On average, 4.21 trials 
were extracted per video, giving a larger dataset compris-
ing 404 trials (135 referring to subjects with normal healthy 
motility, 198 referring to patients with unilateral paralysis, 
and 71 referring to patients with bilateral paralysis).

Definition and Extraction of Innovative Features

After defining the trials, we conducted feature extraction to 
provide a quantitative description of vocal fold movements, 
enabling differentiation between classes. With this aim, we 
considered the maximum and the minimum AGA values, 
i.e., those characterizing maximal adduction and abduc-
tion of the vocal folds. The AGA feature was suggested by 
doctors in our research team. Furthermore, it was already 

AGATI Toolbox

We began by extracting the first features from video-laryn-
goscopies using the AGATI toolbox to track the position of 
each vocal fold across frames. The AGATI toolbox, built 
upon the DeepLabCut toolbox [31], implements a deep 
learning-based object detection and tracking algorithm for 
markerless pose estimation, which enables the tracking of 
vocal fold positions in video-laryngoscopies [8]. Further-
more, always based on the positions of vocal folds, the 
AGATI toolbox allows the extraction of the values of the 
following features: anterior glottic angle, left and right 
vocal fold angles, and velocity and acceleration of adduc-
tion and abduction of the vocal folds.

The most robust feature provided by the AGATI toolbox 
was the AGA value, which effectively handles intricate pat-
terns of noise, including rotational and translational blends, 
as well as scale-varying distortions. Indeed, in principle, the 
AGA value is not influenced by rotational and translational 
noise, unlike left and right angles, which are defined in the 
framework of the AGATI toolbox as the angles that extend 
from each vocal fold to an imaginary vertical half-line. 
However, in some cases, distinguishing between unilateral 
paralyzed patients and normal healthy controls using the 
AGA value was insufficient, especially when measurement 
was affected by noise. That’s why we needed more robust 
and reliable features together with a method to increase the 
“signal-to-noise” ratio, focusing on important parts of the 
videos while filtering out the noise.

Automatic Trial Selection

In a similar perspective to the selection of salient frames per-
formed manually in the work by Villani and colleagues [23] 
and by an AI classification model in the work by Yao and 
colleagues [32], Baldini and colleagues [33] and Zhang and 
colleagues [24], we automatically extracted trials from each 
video recording. In this way, we extracted the salient part of 
the videos, removing all those parts where, for instance, the 
vocal folds were not framed.

The idea behind this was as follows: to perform an accu-
rate assessment of laryngeal motility, only a few seconds 
per video are relevant. Still, these seconds have to show the 
entire excursion of the vocal folds, from complete abduction 
(first condition) to complete adduction (second condition). 
These two conditions can be represented quantitatively by 
examining the lowest and largest AGA values obtained 
using the AGATI toolbox. Specifically, complete adduction 
is represented by the lowest values of the AGA, whereas 
complete abduction is represented by its largest values.

To automatically identify informative segments of the 
video-laryngoscopies, hereafter referred to as “trials”, we 
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a more mathematical definition of each of these features, we 
refer the reader to the Appendix.

Finally, similarly to what was done in the context of 
facial paralysis [38], an image feature accounting for the 
difference in the positions of the entire anatomical region 
surrounding and including the vocal folds was extracted. 
Specifically, from each trial, we extracted the frames asso-
ciated with maximal abduction and adduction. Then, we 
standardized the intensity distribution across pixels. After 
subtracting the frames and computing the absolute differ-
ence, we rescaled the pixel intensities to a range of 0 to 255. 
As an example, in Fig. 2, we sketch the definition of one of 
those image features obtained starting from the images of 
maximal abduction and adduction of the same trial.

Classification Model

The feature extraction process yielded a multimodal set of 
features that needed to be input into a classification model to 
categorize patients based on their laryngeal motility.

Since our set of features included both images and 
numerical statistical features, we employed a model com-
bining a CNN, commonly used in medical image analysis 
[39–41], and an MLP.

highlighted as important for laryngeal motility assessment 
in [8, 17], as it provides important information when distin-
guishing between healthy subjects and patients with paral-
ysis. Then, we computed its standard deviation, and, in a 
similar manner as described in the previous subsection, the 
difference of the two means extracted through the GMM, 
which was applied in this case to trials. In order to give a 
suitable description that could allow the identification of the 
asymmetrical movements of vocal folds in cases of unilat-
eral paralysis, we computed Kendall’s correlation [36] and 
Granger’s causality [37] between left and right angles. Here, 
Kendall’s correlation measures the similarity of the rankings 
characterizing the values assumed by right and left angles, 
while Granger’s causality quantifies whether one of the two 
time series (the left angle or the right angle) anticipates the 
other. Additionally, we compared the dispersion of the val-
ues assumed by left and right angles in each trial, examin-
ing their difference and the lowest values of their standard 
deviations. Although some of these features are computed 
based on noisy estimates of left and right angles, the way we 
combine these estimates makes our features more reliable. 
For instance, if the vocal folds are not aligned with the verti-
cal half-lines, the estimates of right and left angles given by 
AGATI are wrong and noisy, while the standard deviation 
of the values assumed by the two is way more reliable. For 

Fig. 1  Fit of the distribution of the Anterior Glottic Angle (AGA) 
using a Gaussian Mixture Model (GMM) consisting of a mixture of 
two Gaussian distributions. Row (a): subject with healthy motility; 

row (b): patient affected by laryngeal paralysis, where abduction and 
adduction are inevitably more similar. AGA values are shown in red in 
the top-left part of each frame
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both binary and multi-class classification, where the differ-
ence between the models was only in the number of out-
put neurons, which was 1 for binary classification and 3 for 
multi-class classification. The entire pipeline, including the 
model we described, is sketched in Fig. 3.

In alignment with recent research demonstrating the 
substantial benefits of transfer learning for enhancing the 
robustness and stability of medical imaging models [42], we 
applied this approach to our model. Specifically, to further 
evaluate its impact, we also trained the same model using 
random weight initialization (i.e., without applying trans-
fer learning) under identical hyperparameter tuning set-
tings. This allowed us to directly compare the performance 
improvements facilitated by transfer learning (through pre-
training). The results of this comparison can be found in the 
Appendix.

Training and Evaluation Strategies

First, subjects were partitioned into a training/validation 
set (80%) and an independent held-out test set (20%) using 

Although the dataset size was limited with respect to typi-
cal deep-learning requirements, several design choices were 
adopted to mitigate overfitting and improve generalization. 
Specifically, we employed transfer learning, fine-tuning a 
ResNet-18 backbone pre-trained on ImageNet, a trial-based 
data augmentation strategy through automatic segmentation 
of each video into multiple informative trials, and subject-
wise cross-validation with a weighted loss function.

Since, as shown in Fig. 2, the image features exhibited 
relatively simple patterns, we chose to build the model on 
one of the simplest yet effective pre-trained CNNs available 
in PyTorch, namely ResNet-18, pre-trained on the ImageNet 
dataset. More specifically, we fed the image feature into the 
convolutional layers, followed by an MLP layer, aimed at 
achieving a proper non-linear dimensionality reduction of 
the 512 features output by the ResNet. The output of this 
MLP layer was then concatenated with all the other fea-
tures. Finally, a second set of MLP layers, whose number 
was optimized through a cross-validation described in the 
following subsection, was applied to obtain the final predic-
tion. This resulted in an end-to-end model that we used for 

Fig. 3  The figure illustrates the classification pipeline utilized for 
patient categorization. Initially, video-laryngoscopies were processed 
through the AGATI toolbox, followed by trial definition and feature 
extraction. Subsequently, a combined CNN/MLP model was used to 
optimize predictions by leveraging the extracted image features, along 
with other statistical features, in an end-to-end model. This model 

passed the image feature to the Resnet-18 convolutional layers [43]. 
The output of the CNN was then passed to an MLP layer for dimen-
sionality reduction. Finally, after concatenating all the remaining fea-
tures, the model produced the prediction using a few additional MLP 
layers

 

Fig. 2  In the right image, we show the image feature obtained by com-
paring the two left images representing the vocal folds in maximal 
abduction and maximal adduction. The resulting feature is an image 

representing the motion and changes in anatomical configuration 
between the two poses, where white pixels indicate the areas with the 
highest difference between the two frames
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Ablation Study

In order to study the importance of the newly introduced 
features, we performed an ablation study by systemati-
cally removing either individual features or combinations 
of features. This allowed us to assess the contribution of 
each component to the overall model performance, thereby 
identifying the most critical subsets of features that drive 
accurate predictions in both binary and multi-class classi-
fication tasks.

Following the Shapley value approach [30], a widely 
adopted explainability approach in medical imaging used to 
quantify feature contribution and improve model transpar-
ency [44], we defined 4 players, defined as groups of one or 
more features, each one allowing to assess the relevance of 
the newly defined features to the predictions of the models. 
We defined the four players as follows:

	● The first player includes only one feature: the image 
fed into the CNN. This allows us to check whether the 
inclusion of this feature, which led us to increase the 
complexity of the model, using the CNN, is indeed 
necessary.

	● The second player includes those features that were 
already found as relevant for laryngeal motility assess-
ment in other studies in the literature. This player in-
cludes the minimum and maximum values of the AGA 
for each sample. This allows isolating the contribution 
of the traditionally used features while, at the same time, 
determining if the newly defined features led to an im-
provement in the model’s performance.

	● The third player includes the difference between the two 
means of the two Gaussians found by the GMM model, 
the standard deviation of the AGA value distribution, 
and the minimum standard deviation of the two angles, 
left and right. These features should allow to distinguish 
between healthy control and patients with bilateral 
paralysis.

	● The fourth player includes the correlation and Grang-
er’s causality values between the values assumed by 
the right and left angles, together with the difference of 
the standard deviations of left and right angles. These 
features should be critical to distinguish subjects with 
unilateral paralysis.

In the following, we will refer to these groups of features as 
player 1, 2, 3, and 4.

Following the Shapley value approach, our model was 
trained on all possible coalitions (subsets) of these players, 
including those comprising only one player. As described 
above, for each coalition, the model was trained through a 
combination of 5-fold cross-validation and grid search, with 

stratified sampling to preserve class proportions. The test set 
was used exclusively for the final evaluation and was never 
involved in model selection or hyperparameter tuning. 
Then, a 5-fold subject-wise cross-validation was employed 
to partition the training/validation sets, avoiding data leak-
age and ensuring that all trials belonging to the same patient 
were always assigned to the same subset, thereby enhancing 
generalizability. A grid search on a predefined set of hyper-
parameters (Table 1) was subsequently applied. Besides 
batch size and learning rate, our grid search allowed us to 
optimize the number of neurons in the second MLP, as well 
as the number of features output by the first MLP, which 
was applied to reduce the dimensions of the CNN output 
features.

At the start of each iteration of the cross-validation, a com-
bination of the above hyperparameters was selected, and the 
five models were trained. We employed Adam optimization 
and used the cross-entropy loss for multi-class classification 
and the binary cross-entropy loss for binary classification, 
both with class-specific weights to mitigate the imbalanced 
influence of each class. Moreover, to address potential class 
imbalances, we maintained the same proportions of classes’ 
occurrences in every set. Furthermore, we assigned a weight 
equal to the ratio of the total number of examples to the total 
number of positive examples for each class. In this way, a 
weighted loss function was defined to balance the training 
process. The combined model was trained using an optimi-
zation algorithm with a learning rate specified by one of the 
hyperparameters, for up to 1000 epochs. An early stopping 
criterion was used to terminate training when the model 
failed to show improvements in the validation loss for more 
than 20 epochs, while ensuring the model was trained for a 
minimum of 50 epochs.

Patient-level predictions were derived by averaging 
trials’ (belonging to the same patient) assignment prob-
abilities. The class with the highest probability was then 
assigned to each patient. Finally, results were evaluated both 
at the patient and trial level. Evaluations were performed on 
the test set across all five models obtained through model 
optimization on the five folds, ultimately yielding a distribu-
tion of performance metrics from which we computed the 
median and the Median Absolute Deviation (MAD).

Table 1  Hyperparameter search space with optimization of the follow-
ing hyperparameters: batch size, learning rate, number of neurons in 
the second MLP, and dimension of features outputted by the first MLP
Hyperparameter Values
Batch Size {4, 8, 16}
Learning Rate {0.01, 0.001}
Number of MLP Neurons {[8], [32], [32, 8, 3], [8, 32, 1], [8, 32]}
CNN Output Dimension {1, 8}
 The selected values are shown in bold for multi-class classification 
and underlined for binary classification
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healthy subjects and patients affected by laryngeal paraly-
sis, the latter group including both unilateral and bilateral 
paralysis. We assessed the variability of the performance 
of the model on the test set for both the cases of trial and 
patient classification computing the median and the MAD 
of the performance of the model resulting from each fold2 
to assess the impact of performance outliers. Our binary 
model reached a median balanced accuracy of 0.73 on tri-
als and 0.85 on patient classification. The metrics obtained 
are shown in Table 2, while in Fig. 4 we show the median 
confusion matrices related to trials and patients.

Then, we employed the same model introduced in Sub-
section 2.6 to perform a multi-class classification of unilat-
eral laryngeal paralysis, bilateral laryngeal paralysis, and 
healthy laryngeal function. For the multi-class classifica-
tion, we achieved a balanced accuracy of 0.70 for trials and 
0.83 for patients, based on the median across the 5 folds. 
The detailed class-wise performance is presented in Table 
3, while in Fig. 5 we show the median confusion matrices 
related to trials and patients.

For more detailed results on the model’s performance for 
each fold, please refer to the Appendix.

Results of the Ablation Study

As described in Subsection 2.8, we performed an ablation 
study through a Shapley value approach both for the binary 
and the multi-class classification. This allowed us to assess 
whether the newly defined group of features was actually 
informative for predicting laryngeal paralysis.

These results were combined to compute, first for binary 
classification and then for multi-class classification, the 
Shapley value of each player using Eq.   (1). The values 

2  I.e., given the optimal choice of the hyperparameters, for each fold 
the model was trained on the whole dataset excluding the test set and 
the validation set associated with that fold.

the hyperparameters considered to be the same as those 
shown in Table 1. These hyperparameters were chosen by 
balancing the optimization of model performance while 
minimizing changes to the model. The results obtained by 
the model for each coalition were then combined to obtain 
the average marginal contribution, namely the Shapley 
value, of each player i, expressed by the following formula:

ϕi =
∑

S⊆N\{i}

|S|! (|N | − |S| − 1)!
|N |!

(v(S ∪ {i}) − v(S)) ,� (1)

where N is the number of players, S is any coalition that 
does not include the player i, and v(S) is the balanced accu-
racy (evaluated on the test set) obtained by the model on the 
coalition S [45].

Results

Model Performance

Standard metrics were used to evaluate the outcome as 
previously reported for this field [46]. After automatic trial 
identification and extracting features, we proceeded to train 
the classification model. The dataset splitting was based 
on subject IDs, as multiple trials could be extracted from 
a single patient. We first trained a binary model to classify 

Table 2  Median and Median Absolute Value (MAD) of the perfor-
mance obtained by the binary classification model across the 5 folds
Metric Trials Patients
Precision 0.73±0.03 0.83±0.05
Sensitivity 0.73±0.01 0.85±0.07
F1-score 0.73±0.01 0.84±0.05
Balanced accuracy 0.73±0.01 0.85±0.07
Here we report the values of Balanced Accuracy, F1-score, Sensitiv-
ity, and Precision. We do this for both trials and patients, where pre-
dictions from several trials related to specific subjects are aggregated

Fig. 4  Median confusion matrices 
obtained by the binary classification 
model across folds. Here, each entry 
shows the percentage of subjects actually 
categorized in the class characterizing its 
row and predicted as the class assigned 
to its column. The median is computed 
between the different percentages 
obtained across folds
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Discussion

Interpretation of Results and Implications

In this paper, we presented an innovative pipeline to increase 
the reliability and transparency of automatic laryngeal 
endoscopic motility assessment using AI-based techniques. 
By leveraging a dataset of 155 video-laryngoscopies and the 
AGATI toolbox, we were able to extract meaningful features 

obtained (all of which turned out to be positive) are depicted 
in Fig. 6.

For more detailed results about the performance of the 
models trained during the ablation study, considering the 
different players, please refer to the Appendix.

Table 3  Median and Median Absolute Value (MAD) of the performance obtained by the multi-class classification model across the 5 folds
Trials Patients

Metric Healthy Unilateral Bilateral Healthy Unilateral Bilateral
Precision 0.78±0.02 0.59±0.01 0.55±0.05 0.75±0.05 0.83±0.08 0.83±0.05
Sensitivity 0.64±0.04 0.67±0.04 0.89±0.12 0.86±0.00 0.62±0.08 1.00±0.10
F1-score 0.69±0.02 0.60±0.02 0.67±0.07 0.80±0.03 0.71±0.07 0.91±0.07
General performance Balanced accuracy: 0.70±0.03 Balanced accuracy: 0.83±0.06
Here, we report the values of the one-vs-rest Balanced Accuracy, F1-score, Sensitivity, and Precision obtained in a one-vs-all (micro) approach. 
This is done both for trials and patients, where the predictions on the several trials related to specific subjects are aggregated

Fig. 6  Here we show, for both binary and multi-class classification, the 
Shapley value of each player, computed through Eq.  (1). In the left 
plot, we show the Shapley values of the players in the binary classifi-
cation. In the right plot, we show the Shapley values of the same play-

ers in the multi-class classification. Color intensities are defined to be 
proportional to Shapley values, ranging from 0, the value that would 
be assumed by a player that does not contribute to the classification, to 
the maximum Shapley value observed in the two bar plots

 

Fig. 5  Median confusion matrices obtained by the multi-class classi-
fication model across folds. Here, each entry shows the percentage of 
subjects actually categorized in the class characterizing its row and 

predicted as the class assigned to its column. The median is computed 
between the different percentages obtained across folds
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Villani et al. [23]. Notably, this added level of detail was 
achieved without a significant drop in performance: at a 
patient level, the binary classification model reached a bal-
anced accuracy of 0.85, while the multi-class classification 
model achieved 0.83. These findings indicate that our newly 
defined features are highly effective for achieving more 
granular classification.

More insights on these results were obtained through a 
Shapley value approach. In both classifications, all the play-
ers defined are characterized by Shapley values greater than 
0, indicating that all the groups of features defined are rel-
evant and contribute to the classification. In the left plot, 
related to binary classification, the most relevant group of 
features appears to be the first player, i.e., the image feature. 
Indeed, in patients with laryngeal paralysis, the whole area 
surrounding and including the vocal folds hardly moves 
compared to patients with healthy laryngeal motility. This 
results in very different images. At the same time, in the 
right plot, related to multi-class classification, the highest 
Shapley value is assigned to the third player, a group of 
newly defined features that include correlation, Granger’s 
causality, and the difference between the standard devia-
tions of the left and right angles. This group of features was 
indeed designed with the goal of helping in the multi-class 
classification to recognize subjects with unilateral paraly-
sis. Interestingly, the features identified as relevant in the 
literature, namely the minimum and maximum AGA values 
[17, 18], characterizing the second player, were never found 
to be the most relevant. Probably, the correlation between 
some of the features belonging to the second and fourth 
players played a role in this. However, the higher Shapley 
value obtained in both classifications by the fourth player 
with respect to the second suggests a higher reliability of 
the fourth player’s features compared to those highlighted 
in the literature. Overall, our study’s results demonstrate the 
efficacy of the introduced features in quantitatively describ-
ing laryngeal motility in patients with normal superficial 
anatomy, as well as our model’s capability to discriminate 
between the various classes.

The contribution of this paper is not limited to improv-
ing the automatic laryngeal motility assessment compared 
to the state-of-the-art, as it also aims to provide reliable fea-
tures for describing laryngeal motility, potentially inspiring 
new studies and suggesting a more objective way to diag-
nose laryngeal motility disorders. This is essential since 
traditional laryngoscopic evaluations are subject to inter-
observer variability, which can lead to a tremendous rate 
of inconsistent diagnoses, e.g., in the case of LC patients. 
In the paper by Ferrari et al. [6], 22 clinicians evaluated 
366 videos of laryngeal cancer patients, for a total of 2170 
evaluations. The concordance of clinical rating was excel-
lent in only 22.7% of cases, with an overall weak inter- and 

from each video, such as the trajectories of the vocal folds. 
These features provided a quantitative description of vocal 
folds’ motion, which was used in combination with a Gauss-
ian mixture model to extract trials representing the full excur-
sion of the vocal folds. In principle, these trials contained all 
the necessary information for a correct assessment of each 
subject. This step made it possible to reduce noise, focusing 
only on relevant segments of the video, while augmenting 
the size of the available dataset, allowing for the extraction 
of multiple trials from each video-laryngoscopy. From these 
trials, by combining the outputs of the AGATI toolbox in a 
convenient manner to reduce noise and represent the three 
classes we considered, we extracted new, additional features 
that quantitatively described subjects’ laryngeal motility. 
These features were fed into a model that combined a con-
volutional neural network based on ResNet-18, pre-trained 
on the ImageNet dataset, and a multi-layer perceptron to 
leverage the multimodal nature of the feature set. Transfer 
learning was performed to improve generalizability, given 
the limited amount of available data for our specific classi-
fication tasks, in line with recent work showing that transfer 
learning can substantially improve robustness and stability 
of medical imaging models [42]. In the multi-class classifi-
cation task, the pre-trained model consistently outperformed 
the non-pre-trained model (see the Appendix). Specifically, 
the pre-trained model showed a higher balanced accu-
racy across all classes: Healthy, Unilateral, and Bilateral. 
These results highlight the advantage of transfer learning in 
improving classification. The non-pretrained model, due to 
its limited data, struggled to generalize effectively, result-
ing in slightly lower performance. The binary classification 
model achieved better performance than other similar stud-
ies in the literature. While our performance is slightly better 
than that reported in [23], it is somewhat worse than the 
results in [24]. This difference could be attributed primarily 
to the much larger sample size in [24], as well as differences 
in trial extraction methods. While this work is undoubt-
edly valuable and introduces an interesting trial selection 
procedure, we believe our approach offers novel and useful 
techniques that go beyond mere performance comparison. 
Specifically, in [24], trials were extracted using audio data, 
which is a useful method but not always reliable, especially 
in cases of vocal fold paralysis. In such cases, the sound-
related information is often so compromised that patients 
require specialized treatments to regain their ability to speak 
[47], a particular challenge in bilateral fold paralysis. Our 
approach, which combines AGATI [8] with automatic trial 
extraction, circumvents this limitation.

Furthermore, our multi-class classification model enables 
finer granularity in classifying laryngealparalysis by distin-
guishing between monolateral and bilateral paralysis, which 
is an important contribution not addressed, for instance, by 
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lack of usable trials from some of the video laryngoscopies. 
Those patients are indeed characterized by a distribution of 
AGA values that is more approximable by a uniform dis-
tribution than by a bimodal distribution. Moreover, in this 
case, the values within the uniform distribution are assigned 
in a more random manner, since even AGATI works worst 
for patients with bilateral paralysis, and the extreme values 
typically do not correspond to frames representing maximal 
abduction and adduction. A possible improvement to the 
work can be achieved by retraining the AGATI model to 
make it more robust and less sensitive to noise. It is essential 
to emphasize that this technique is designed to aid physi-
cians in selecting relevant trials for evaluation. In this, we 
were conservative, opting for a more reliable and reproduc-
ible across-classes algorithm that retains only the best tri-
als, i.e., those that we could expect to actually contain the 
information required. This inevitably excluded those trials 
that were more subtle. Moreover, additional features, pos-
sibly less sensitive to noise, can be introduced to describe 
laryngeal motility. Specifically, our model performs well if 
the movements of the vocal folds can be extracted from the 
videos, while disregarding other movements of the anatomi-
cal region surrounding the vocal folds that are not consid-
ered important for clinical decision-making. However, clear 
visibility of the vocal folds is not always possible since 
laryngeal cancer patients typically have tumors that cover 
partially or completely this area. This is the reason why we 
introduced the image feature described above, which, to our 
knowledge, is the first in the literature to allow for the con-
sideration of broader clinically significant movements in the 
area surrounding the vocal folds, potentially enabling appli-
cations even in cases of laryngeal cancer patients. However, 
the definition of additional robust features, intended to go 
in this direction, is still required. Hence, the adoption of AI 
techniques to classify laryngeal motility in such patients 
remains an unmet need.

Future Directions

We intend to focus future works on validating our approach 
in larger and more diverse patient populations while explor-
ing its applicability to additional laryngeal disorders where 
the image feature could turn out to be crucial. Another impor-
tant validation we plan to conduct is a further comparison 
between AI outputs and clinician evaluations, with the goal 
of identifying cases where uncertainty is higher and deter-
mining which method yields the best performance. Indeed, 
as highlighted in recent reviews on AI in upper aerodiges-
tive tract endoscopy and beyond, this is a necessary step for 
any real-world deployment [52–54]. Hence, we believe that 
in the future, AI models will be crucial for detecting subtle 
changes in laryngeal motility that may be imperceptible to 

intra-rater agreement. In this context, AI-driven systems 
may offer standardized assessments, thereby reducing sub-
jectivity and improving diagnostic precision. Building on 
the intuition by DeVore and colleagues [48] that AGA is sta-
tistically different between patients with laryngeal paralysis 
and healthy individuals, our work has the merit of devel-
oping an automatic pipeline for direct motility assessment 
and disease classification. Particularly in the work by Vil-
lani et al. [23], the authors addressed as a potential limita-
tion of their method the time-consuming manual annotation 
of laryngeal anatomical key points and suggested that, as 
future work, to support clinicians in the actual clinical prac-
tice, a classification model could be included within other 
computer-assisted algorithms for frame selection and auto-
matic key-points regression. This is what we have achieved 
in our work: a pipeline capable of automatically identifying 
laryngeal abduction and adduction poses, extracting trials, 
and classifying paralysis, all without requiring any manual 
input from physicians. This is particularly relevant in light 
of a streamlined workflow and efficiency view, where auto-
mating the analysis of laryngeal motility could reduce the 
time required for manual assessments, allowing clinicians to 
allocate more time to patient care. This efficiency could lead 
to increased throughput in clinical settings and potentially 
reduce healthcare costs, likewise in other medical appli-
cations of AI to medicine, such as breast cancer detection 
[49–51].

Limitations

As already highlighted, video laryngoscopies are signifi-
cantly affected by various and complex patterns of noise. 
During registration, neither the patient nor the doctor relies 
on fixed supports to stabilize their positions. Furthermore, 
the camera is mounted on flexible supports and can capture 
vocal folds from various angles. This gives rise to very com-
plex patterns of noise that standard correction methods are 
not able to correct. This significantly impacts the reliability 
of the results obtained by each of the papers analyzed that 
used this kind of data. AGATI and its features are no excep-
tion in this regard. We attempted to mitigate the impact of 
noise on the data by defining the features in a convenient 
manner; however, much remains to be done. Our assump-
tion, anyway, was that the noise patterns did not affect the 
classification model’s performance, as noise should not be 
related to specific classes; hence, its influence should be 
evenly distributed.

Another limitation of the study can be attributed to the 
technique we used to extract the trials. Indeed, while this 
appears to perform very well on subjects with healthy motil-
ity and monolateral paralysis, it does not perform as effec-
tively on patients with bilateral paralysis, resulting in the 
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Appendix A.1 Statistical Features Based on the 
Anterior Glottic Angle

The first features we included in the study (in consideration 
of other works in the literature) are the maximum and the 
minimum AGA values that represent respectively the angles 
of maximal abduction and adduction:

max
t

xAGA,t, and min
t

xAGA,t.� (3)

Also, we took into consideration the standard deviation of 
the AGA values distribution:
√

1
N

∑
t

(xAGA,t − x̄AGA)2,� (4)

where N is the length of the AGA values time series extracted 
from the trial, and x̄AGA is the mean value of the AGA val-
ues distribution across time.

Finally, we fitted the AGA values distribution by means 
of a Gaussian Mixture Model (GMM) with two Gauss-
ians, then we computed the absolute value of the difference 
between the two means characterizing the two fitted Gauss-
ian distributions:
∣∣∣∣
∑

t γ1(xAGA,t) · xAGA,t∑
t γ1(xAGA,t)

−
∑

t γ2(xAGA,t) · xAGA,t∑
t γ2(xAGA,t)

∣∣∣∣ .� (5)

In this case, γ1(xAGA,t) and γ2(xAGA,t) are the posterior 
probabilities that the data point xAGA,t belongs, respec-
tively, to the first or to the second of the two Gaussian dis-
tributions. In general, γk(x), i.e., the posterior probability 
of a data point x to belong to the k-th component, can be 
expressed in the following manner:

γk(x) = πkN (x|µk, Σk)∑K
j=1 πjN (x|µj , Σj)

,� (6)

where πk is the mixing coefficient for the k-th Gaussian, 
representing the prior probability that a general observation 
x belongs to it, N (x|µk, Σk) is the probability density func-
tion of the Gaussian distribution with mean µk and cova-
riance Σk evaluated at the data point x, and K is the total 
number of components in the mixture model.

Appendix A.2 Statistical Features Based on the Left 
and Right Angles

To assess the capability of patients to move in a symmetric 
and synchronized manner the left and right vocal folds, we 
extracted features related to left and right angles. We started 

the human eye, facilitating the early identification of disor-
ders such as vocal fold paralysis or spasmodic dysphonia, 
where early detection is essential for timely intervention 
and improved patient outcomes. In oncology, the impair-
ment of laryngeal motility is a well-established risk fac-
tor with a pivotal role in influencing the treatment strategy 
and patient’s prognosis [55, 56]. By providing quantifiable 
metrics of laryngeal function, AI systems would enable cli-
nicians to precisely tailor the treatment for each case and 
monitor disease progression or response to therapy with 
greater objectivity. In the future, the application of AI in 
analyzing laryngeal motility via laryngoscopy might offer 
a transformative approach to otolaryngological practice, 
enhancing diagnostic accuracy, enabling early detection, 
providing objective monitoring, supporting education, 
improving efficiency, and ensuring standardization. These 
advancements collectively could significantly contribute to 
improved patient care and outcomes. We believe that our 
work represents a significant step forward in this. Moreover, 
it is the intention of this working group to proceed further 
with the use of AI for the classification of laryngeal motil-
ity and/or posterior laryngeal extension (which can cause an 
impairment of motility but is clinically more relevant than 
the latter) in the case of laryngeal cancer patients, possibly 
through a multi-omics approach (in the sense that the infor-
mation provided to AI would come not only from videos but 
also from other sources such as audio, clinical notes, and 
imaging).

Appendix A. Mathematical Formulation of 
Features

Here, we provide additional details regarding the math-
ematical formulation of the features used to quantitatively 
describe vocal folds’ motility. In the following subsections 
we denote the values at time t of the Anterior Glottic Angle 
(AGA), the left angle, and the right angle as xAGA,t, xleft,t, 
and xright,t, respectively.

These features were considered also in light of the incre-
ments of the left and right angle values from frame t to 
frame t + 1:

ẋleft,t = xleft,t+1 − xleft,t, and
ẋright,t = xright,t+1 − xright,t.

� (2)

These derived features, in the formulas that follow, were 
also used in place, respectively, of the values of right and left 
angles. However, such derived features were not included 
in the final version of the main manuscript, as being them 
strongly affected by noise.
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set of hyperparameters. We also computed patient-wise and 
trial-wise performance metrics. The confusion matrices 
shown in the main paper are the aggregate results of the 
confusion matrices shown in the following pages for both 
binary classification (see Figs. 7 and 8) and multiclass clas-
sification (see Figs.  9 and 10). Mean Receiver Operating 
Characteristic (ROC) curves and median Area Under the 
Curve (AUC) scores of the 5 folds for binary classification 
(Fig.  11) and multi-class classification (Fig.  12) are also 
shown.

Appendix B.2 Comparison with the Results Obtained 
Using a Non-Pretrained ResNet

To evaluate the effectiveness of using transfer learning to 
increase the performance of our model, we conducted a 
comparison between our ResNet-18-based model (pre-
trained on ImageNet) and a version of the same architecture 
without pre-training. Same models and hyperparameter tun-
ing settings were considered here, though CNN’s weights 
were randomly initialized.

For the multiclass classification, we obtained a median 
balanced accuracy of 0.68 across the five folds for the tri-
als-wise classification, with a MAD of 0.01. The patient-
wise classification yielded a median balanced accuracy 
of 0.82 across the five folds and a MAD of 0.02. Overall, 
we observed a slight improvement for both the trials and 
patient-wise classification when using transfer learning. For 
more detailed performance metrics, please see the results 
provided below in Figs. 13 and 14, and in Table 4.

These results highlight the advantages of transfer learn-
ing, particularly when working with relatively small data-
sets, such as the one used in the present work, confirming 
what was already highlighted by other studies in the litera-
ture [42].

Appendix B.3 Ablation Study

In the following, we report more detailed information about 
the results obtained by the binary and multi-class classifica-
tion models trained during the ablation analysis. As written 
in the main text, ablation was performed using a Shapley 
value approach. To see the meaning of each player, please 
refer to the main text. Tables 5 and 6 report the balanced 
accuracy obtained by each coalition for the binary and 
multi-class classification, respectively.

by computing the standard deviations of the left and right 
angles. Then, we considered the minimum of these two stan-
dard deviations and the absolute value of their difference:

min

(√
1
N

∑
t

(xleft,t − x̄left)2,

√
1
N

∑
t

(xright,t − x̄right)2

)
,� (7)

∣∣∣∣∣
√

1
N

∑
t

(xleft,t − x̄left)2 −
√

1
N

∑
t

(xright,t − x̄right)2

∣∣∣∣∣ .� (8)

Finally, we computed the Kendall’s correlation and Grang-
er’s causality between the absolute values of the left and 
right angles [36, 37], as well as between the increments in 
time of the two.

Specifically, Kendall’s correlation coefficient τ  is com-
puted as follows:

τ = number of concordant pairs − number of discordant pairs
total number of pairs

,� (9)

where, for each pair of variables (say, X and Y), the number 
of concordant pairs refers to pairs of observations that have 
the same ordering with respect to both variables (X and Y), 
while the number of discordant pairs refers to pairs of obser-
vations that have opposite ordering with respect to the two 
variables.

Finally, Granger’s causality refers to the fact that, in 
a linear regression model, past values of X have a statis-
tically significant effect on the current value of Y, taking 
into account also past values of Y as regressors. The null 
hypothesis for Granger’s causality test is that the first time 
series, X, does not Granger cause the second time series, Y. 
Such a null hypothesis is rejected if the p-value of Granger’s 
causality test is smaller than a desired α level. Specifically, 
we took into consideration the maximum value of the χ2 
statistics used for Granger’s causality test, resulting from its 
application to the left and right angles and vice versa, with 
a maximum time lag equal to 1. This was because the two 
angles were expected to change in an approximate synchro-
nous manner. For this part of the analysis, we used the Python 
function “statsmodels.tsa.stattools.grangercausalitytests”.

Appendix B. Detailed Results

Appendix B.1 Results in Terms of Confusion 
Matrices, Receiver Operating Characteristic (ROC) 
Curves and Area Under the Curve (AUC) Scores

We performed a training involving a combination of a 5-fold 
cross-validation approach and a grid search on a predefined 
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Fig. 7  Confusion matrices for trials 
(folds 1–5) - binary classification
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Fig. 8  Confusion matrices for 
patients (folds 1–5) - binary 
classification
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Fig. 9  Confusion matrices for trials 
with a focus on the 5 different folds 
for multi-class classification
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Fig. 10  Confusion matrices for 
patients with a focus on the 5 
different folds for multi-class 
classification
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Fig. 13  Median confusion matrices 
obtained by the non-pretrained 
ResNet multiclass classification 
model across folds. Here, each 
entry shows the percentage of 
subjects and trials actually catego-
rized in the class characterizing 
its row and predicted as the class 
assigned to its column. The median 
is computed between the different 
percentages obtained across folds

 

Fig. 12  Comparison of ROC-AUC curves for patients and trials in 
binary classification. FPR/TPR denote False/True Positive Rate. The 
shaded area represents the Median Absolute Deviation (MAD) of the 
AUC scores of the 5 folds

 

Fig. 11  Comparison of ROC-AUC curves for patients and trials in 
binary classification. FPR/TPR denote False/True Positive Rate. The 
shaded area represents the Median Absolute Deviation (MAD) of the 
AUC scores of the 5 folds
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Table 4  Median and Median Absolute Value (MAD) of the performance obtained by the non-pretrained ResNet multi-class classification model 
across the 5 folds

Trials (median ± MAD) Patients (median ± MAD)
Metric Healthy Unilateral Bilateral Healthy Unilateral Bilateral
Precision 0.82±0.05 0.56±0.01 0.57±0.11 0.85±0.06 0.80±0.02 0.80±0.07
Recall 0.60±0.04 0.64±0.08 0.77±0.11 0.85±0.04 0.62±0.14 0.80±0.09
F1-score 0.67±0.01 0.60±0.04 0.66±0.08 0.85±0.02 0.71±0.06 0.83±0.024
General Performance Balanced Accuracy: 0.68±0.02 Balanced Accuracy: 0.82±0.02
Here we report the values of Balanced Accuracy, F1-score, Sensitivity, and Precision obtained in a one-vs-all (micro) approach. This is done 
both for trials and patients, where the predictions on the several trials related to specific subjects are aggregated

Table 5  Balanced accuracy (median ± MAD) for trials and patients 
across different combinations for binary classification
Coalitions Trials (median ± MAD) Patients (median ± MAD)
1 0.69 ± 0.09 0.74 ± 0.07
2 0.76 ± 0.04 0.81 ± 0.07
3 0.77 ± 0.05 0.85 ± 0.06
4 0.76 ± 0.04 0.85 ± 0.09
1, 2 0.73 ± 0.08 0.85 ± 0.08
1, 3 0.76 ± 0.06 0.85 ± 0.03
1, 4 0.77 ± 0.05 0.92 ± 0.05
2, 3 0.64 ± 0.09 0.78 ± 0.11
2, 4 0.73 ± 0.06 0.88 ± 0.07
3, 4 0.73 ± 0.05 0.85 ± 0.08
1, 2, 3 0.70 ± 0.04 0.81 ± 0.06
1, 2, 4 0.64 ± 0.06 0.77 ± 0.06
1, 3, 4 0.76 ± 0.02 0.85 ± 0.03
2, 3, 4 0.73 ± 0.03 0.89 ± 0.03
 The participation of each player in each coalition is indicated in the 
left column through the number of each player. See the Methods for 
more details

Table 6  Balanced accuracy (median ± MAD) for trials and patients 
across different combinations for multi-class classification
Coalitions Trials (median ± MAD) Patients (median ± MAD)

1 0.37 ± 0.08 0.41 ± 0.06
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2, 3 0.63 ± 0.04 0.65 ± 0.04
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3, 4 0.61 ± 0.07 0.67 ± 0.11

1, 2, 3 0.67 ± 0.06 0.75 ± 0.08
1, 2, 4 0.61 ± 0.05 0.57 ± 0.05
1, 3, 4 0.70 ± 0.05 0.73 ± 0.10
2, 3, 4 0.61 ± 0.06 0.63 ± 0.10

The participation of each player in each coalition is indicated in the 
left column through the number of each player. See the Methods for 
more details

Fig. 14  Comparison of ROC-AUC curves for patients and trials in 
binary classification for the non-pretrained ResNet. The shaded area 
represents the Median Absolute Deviation (MAD) of the AUC scores 
of the 5 folds
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Appendix C. Code Availability

The complete pipeline for the automatic assessment of 
laryngeal paralysis from video-laryngoscopy data, includ-
ing feature extraction from glottic angle time series, super-
vised learning with deep neural networks and multimodal 
classifiers, and ablation studies for model interpretability 
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