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ABSTRACT

Background and Objective: Eye-movement trajectories are rich behavioral data, providing a window on
how the brain processes information. We address the challenge of characterizing signs of visuo-spatial
neglect from saccadic eye trajectories recorded in brain-damaged patients with spatial neglect as well
as in healthy controls during a visual search task. Methods: We establish a standardized pre-processing
pipeline adaptable to other task-based eye-tracker measurements. We use traditional machine learning
algorithms together with deep convolutional networks (both 1D and 2D) to automatically analyze eye
trajectories. Results: Our top-performing machine learning models classified neglect patients vs. healthy
individuals with an Area Under the ROC curve (AUC) ranging from 0.83 to 0.86. Moreover, the 1D con-
volutional neural network scores correlated with the degree of severity of neglect behavior as estimated
with standardized paper-and-pencil tests and with the integrity of white matter tracts measured from
Diffusion Tensor Imaging (DTI). Interestingly, the latter showed a clear correlation with the third branch
of the superior longitudinal fasciculus (SLF), especially damaged in neglect. Conclusions: The study intro-
duces new methods for both the pre-processing and the classification of eye-movement trajectories in
patients with neglect syndrome. The proposed methods can likely be applied to other types of neurologi-
cal diseases opening the possibility of new computer-aided, precise, sensitive and non-invasive diagnostic
tools.

1. Introduction

lar via saccadic eye-movements, has been the focus of decades
of research linking functional oculomotor behavior to dysfunction

Eye-movements are non-invasive and readily accessible behav- [1]. For instance, saccadic eye-movements can be a precursor of
ioral readouts, providing a window onto how the brain processes brain pathology and may also constitute an important biomarker
information. The behavioral performance of the eyes, in particu- for early diagnosis of brain impairments [2]. They may also be par-
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ticularly affected after a focal brain lesion, such as in patients suf-
fering from neglect [3-5]. Left visuo-spatial neglect (hereafter sim-
ply ‘neglect’) is a frequent, but still poorly understood neurological
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sional stimuli following right hemispheric damage [6]. The diagno-
sis of neglect is important since this syndrome is associated with
poor functional outcomes [7]. A high degree of overlap between
attentional orienting deficits in neglect patients and their oculo-
motor performance has been demonstrated. Neglect patients ex-
hibit saccadic impairments, including direction-specific deficits of
saccadic production [8,9], saccadic amplitude or difficulty retaining
locations across saccades [10]. Previous studies have shown that
saccadic eye-movements are a sensitive measurement to character-
ize neglect [11]. This is an important observation since paper-and-
pencil tests administered to evaluate neglect have limited sensitiv-
ity [12]. Furthermore, the neural mechanisms underlying neglect
remain debated. Neglect has been linked with structural damage
of key parietal regions such as the temporo-parietal junction (TPJ)
or the inferior parietal lobule [13]. Other studies indicated that
damage of long-range white matter tracts, connecting frontal and
parietal areas, may represent crucial antecedents of neglect [14,15].
Neglect has been reported following damage to the second and
third branches of the superior longitudinal fasciculus (SLF) or to
the inferior fronto-occipital fasciculus (IFOF), disrupting connectiv-
ity within attentional network of the brain [16,17].

Machine learning (ML) algorithms have been vastly employed
in the analysis of medical data [18,19] due to increased need
of automatising and accelerating data-analysis. In particular, con-
volutional neural networks (CNNs) have proven to be extremely
successful machine learning architectures, for instance in super-
vised image classification [20]. CNNs are known to better scale
with larger input datasets, when compared to traditional machine
learning algorithms (e.g. kernel methods). Indeed, thanks to the
enormous amount of data generated within the healthcare sec-
tor, CNNs have been effectively employed in a variety of image-
driven medical diagnosis domains (e.g. radiology [21,22], ophthal-
mology [23]). Current research on machine learning techniques ap-
plied to eye-tracking data have hitherto focused on different fields,
such as classification of eye movements (fixation, saccades, etc.)
[24], or computer-assisted diagnosis tools [25]. Machine learning
algorithms provide early diagnosis methods for classification and
detection of neuro-developmental disorders [26], methods aim-
ing at detecting the presence of strabismus [27], the detection
of Alzheimer’s disease [28,29], or of Mild Cognitive Impairment
[30] based on eye-movement behavior identification. For instance,
the authors in [28] use deep neural networks to identify patients
with Alzheimer’s disease (AD). In particular their study highlights
how in principle CNNs can be used for early diagnosis of AD. Other
examples of the clinical application of CNNs include for neuro-
developmental disorders [31] and strabismus [27], wherein CNNs
were employed to capture subtle geometric features of eye trajec-
tories regarding a patient’s status, to which common diagnostics
could be blinded. Similarly, a support vector machine algorithm
successfully classified patients with memory impairments [30], or
readers with dyslexia [26].

The contributions of the present work are threefold. First, the
pre-processing of eye-tracker trajectories oftentimes is not detailed
in its steps, despite data needing to undergo cleaning and re-
organisation prior to analysis. Eye-tracking data typically contain
errors and noise that must be accounted for [32]. As a first contri-
bution, we thus provide an overview (and the corresponding code)
of the pre-processing required for the task at hand, together with
a standardized version of it to outlay a pipeline adaptable to other
task-based eye-tracker measurements. Second, this paper demon-
strates how modern machine learning algorithms, namely Support
Vector Machine, Random Forests, AdaBoost and CNNs (1D and 2D),
allow learning of representations of features of data that are partic-
ularly effective in classifying pathological versus non-pathological
conditions from patterns of eye-movements. Our methods are sit-
uated within the growing field of automatic diagnostic tools, a

branch of non-invasive techniques at the interface between neu-
roscience and computer science, which can transform a simple
task into an automatic diagnostic procedure. Finally, we explored
the anatomical correlates of eye-tracking trajectories at a network
level, by combining diffusion tensor imaging (DTI) with the 1D-
CNN output as predictor. To the best of our knowledge, this is the
first time that machine learning methods are used to determine
and quantify the presence of neglect through eye-movement anal-
ysis during a visual search task and that a link between the algo-
rithm’s outputs and anatomical markers is established.

2. Material and methods
2.1. Behavioral and neuroimaging data collection

Participants We analyzed eye movement data in a sample of 15
right-brain damaged patients with left visuo-spatial neglect and 9
healthy controls, recruited from a previous study [33]. Seven out
of the 15 patients had varying degrees of left visual field defect,
as assessed by confrontation testing or perimetry. Patients were
considered as having significant neglect if they manifested some
behavioral signs of visual neglect such as unawareness of persons
or objects placed contralesionally, as well as objective signs of ne-
glect assessed with a paper-and-pencil neglect battery. Patients di-
agnosed by neurologists as presenting such clinical signs of neglect
could take part in the experimental session. Demographic and clin-
ical characteristics of the patients are presented in Table 1 (1, A).
Healthy individuals were age-matched with the patients (mean age
58 years, range 45-69, t < 1) and had no neurological or psychi-
atric history.

Apparatus, stimuli and procedure Participants were asked to per-
form a visual search task (Fig. 1) [33]. Each trial started with the
presentation of a cue that lasted for 3000 ms. The cue corre-
sponded to a white central circle surrounded by eight peripheral
grey circle. The central circle was imaginarily subdivided in four
quadrants; at the beginning of each trial, one of these quadrants
could be filled in white, serving as an attentional cue, which in-
dicated the most likely location of target appearance. The cue cor-
rectly indicated the target location on 73% of the trials (valid lo-
cation). The target appeared in one of the three uncued quadrants
(invalid location) on 18% of the trials. The target was not present
on the remaining 9% of the trials (catch trials), which were in-
cluded in the design to avoid guesses and anticipation. After the
cue period of 3000 ms, patients were explicitly asked to main-
tain their gaze on the central cue and to freely move their eyes
as soon as the cue disappeared. The target was presented until
a manual response was made, or for 6000 ms in case of no re-
sponse. The target was created by eliminating either the upper or
the lower part (0.4° of visual angle) of one of the eight peripheral
circles (see Fig. 1b). The remaining seven peripheral circles pre-
sented together with the target operate as distractors. The color of
each target and distractors (blue, orange, red, and green) changed
randomly in each trial, thus requiring an attention-demanding se-
rial search. Participants were asked to move a joystick up when
the upper part of the circle was missing, or down when the lower
part was missing, as fast and as accurately as possible with their
right hand. The reaction time (i.e. timestamp of the subject moving
the joystick) is a psychophysical measure of the decision based on
conscious perception. Therefore, in this task, errors due to involun-
tarily landing on the target location and resulting from the patient
performing saccadic exploration are avoided by the experimental
design.Eye-movements were recorded at a sampling rate of 300Hz
with a Tobii TX300 eye-tracker. This experiment was composed of
a total of 176 trials. Neuroimaging data collection Diffusion Tensor
Imaging (DTI) tractography was used to study long-range of sub-
cortical white matter pathways. For the complete pre-processing



Table 1

Classification results across the 10 random runs using the x spatial coordinate (Row 1,3,5,7), the y spatial coordinate (Row
2,4,6,8) and the 2D trajectories represented as images in the xy plane (Row 9) and concatenation of x and y coordi-
nates into two-dimensional tensor (Row 10). Values are presented as mean =+ standard deviation. SVM = Support Vector
Machine; RF = Random Forest; AB = AdaBoost; Coord = spatial coordinate; Acc = accuracy; Sens = sensitivity; Spec =
specificity; PPV = positive predictive value; NPV = negative predictive value; F1 = F1-score; AUC = area under the ROC

curve; AUPR = area under the PR curve.

Model Coord  Acc (%) Sens (%) Spec (%) PPV (%) NPV (%) F1(%) AUC AUPR

1D-CNN X 86 5 80 11 893 826 88 6 818 .850.06 .85 0.06
1D-CNN y 853 79 6 88 4 80 5 88 3 79 4 .83 0.03 .830.03
SVM X 88 4 72 6 97 3 93 7 853 816 .84 0.04 .88 0.05
SVM y 77 2 70 5 814 70 4 822 70 3 .76 0.02 .75 0.02
RF X 88 3 745 96 4 92 8 86 2 825 .85 0.04 .88 0.05
RF y 87 2 78 0 923 86 4 87 0 812 .85 0.01 .86 0.02
AB X 893 76 7 97 3 95 6 873 845 .86 0.04 .90 0.04
AB y 87 4 815 90 5 837 893 825 .86 0.04 .86 0.05
CNN 2D-image  xy 78 5 727 827 718 83 4 716 .77 0.05 .77 0.05
CNN 2D-vector Xy 855 83 15 875 79 5 918 80 8 .85 0.07 .84 0.05

pipeline, see [33]. The mean fractional anisotropy values of the
three branches of the superior longitudinal fasciculus (SLF), the
cingulum, and the inferior fronto-occipital fasciculus (IFOF) were
extracted in the right hemisphere. These tracts were chosen on the
basis of their implication in attention networks and in visual ne-
glect [14]. The analysis was conducted on n=13 patients, because
the MRI scans were not available for two patients.

2.2. Data processing and analysis

Pre-processing Targets presented within the left visual field were
considered for the analysis, as neglect symptoms concern first
and foremost attentional orienting towards the left, contralesional
hemispace. Most studies report that neglect patients show dis-
tinct eye movement patterns, with the majority of studies indi-
cating that more eye movements were made towards the ipsile-
sional right side of space [35]. However, in our previous study
[33], specific patterns of eye-movements were observed when left-
sided targets were presented. We thus aimed at quantifying these
left side trajectories which could represent a unique signature
in neglect. Recorded eye-tracking trajectories underwent a pre-
processing procedure to standardize the dataset before analyzing
it. The code was developed with Matlab R2019b, see paragraph 2.2.
First, the duration of the trajectories was standardized across trials,
as the following machine learning models must have same-length
vectors as input. All trials - those where the participant replied
with the joystick and those were the participant could not reach
the target - were uniformed in order to be 9000 ms long. Time se-
ries corresponding to trials ending before 9s were filled with NaN
(not a number, missed recording), for a pure pre-processing reason.
An actual number was attributed in a second phase of the pre-
processing. The analysis focused on those trials both valid, invalid
and not missed by the subject, according to the definition given in
Section 2.1. As the eye-tracker continuously acquires across time
and we were interested in the visual search part of the proto-
col, only time-stamps recorded after the first 3000 ms and be-
fore 9000 ms were first taken into account. A loop over the to-
tal number of targets seen by each subject was iterated to an-
alyze all trajectories recorded per each participant. For each tar-
get i the set of trajectories’ coordinates (Eyex, Eyey); was extracted
and coordinates corresponding to outliers (such as points outside
the screen or above 9000 ms) were respectively filled with NaN
if acquired between 3000 and 9000 ms, otherwise removed. All
missed recordings were then re-filled according to the following
criteria: if a NaN was present at the beginning of the trial, the NaN
value was replaced with the center of the screen coordinates (i.e.
at pixels (384,512)). If a NaN was in the middle of the time se-
ries, this value was interpolated (nearest neighbor) using the avail-

able neighboring sampled data, corresponding to actual recordings.
Nearest neighbor was chosen to imitate the non-continuous nature
of saccades in this experiment, where the participants were asked
to follow the presentation of stimuli in different loci. If the tar-
get was reached at a certain timestamp, all remaining points (to
reach the 9000 ms upper limit) were filled with the target coordi-
nates. The first 3000 ms of Eyey and Eye, was erased, as they cor-
responded to the fixation part, leaving us with a shortened time
series 6000 ms long, now cleaned and interpolated. Also, the lat-
ter 3000 ms were eliminated to avoid piece-wise constant trajecto-
ries, as participants in the considered trials were reaching the tar-
get beforehand (see Fig. 1). This avoided injecting a constant piece
of the trajectory in the network, as the goal here was to assess eye-
trajectory variability. The post-processed time-series correspond to
the first 3000ms of the visual search task. Every trial for every sub-
ject and every target i, (Eyey, Eyey);, was z-scored by subtracting
its mean and dividing by its standard deviation. All pre-processing
steps are schematized in Fig. 1. Only targets presented to the left
visual field of the participant were considered. To extend this pre-
processing pipeline to other oculomotor experiments one should
consider applying the following steps: 1) standardize the vectors
length for the various ML models employed, 2) flag the outliers, 3)
treat the missing recording and outliers via interpolation - prefer-
ably nearest neighbour to preserve the eye behavior, 4) discard
constant tales at the end of the vector, and 5) normalize each tra-
jectory.

Classifying healthy vs. neglect patients from eye-tracking trajecto-
ries

In this section, we discuss the methodology we applied to esti-
mate healthy versus neglect patients’ status from a subset of eye-
tracking trajectories, i.e. those corresponding to targets within the
left hemispace. Left hemispace targets are more challenging for
patients affected by this syndrome. For this purpose, we formu-
lated the estimation problem as a classification task, i.e. learning
the mapping between an appropriate representation of the eyes’
trajectories and the patient’s label. In particular, we separately an-
alyzed the x coordinates and y coordinates of the trajectories (x-
projection and y-projection), of targets presented to the left visual
field of the participant. The resulting vectors have length d = 1001
and are used as input samples to our classifiers. We fed the 1D
trajectories to several machine-learning classifiers, namely Support
Vector Machine (SVM), Random Forest (RF), AdaBoost (AB) and a
1D-CNN. In addition, since the eye movements are intrinsically 2-
dimensional, we also investigated the performances of our CNN
when trained both on 2D images representing the trajectories in
the xy plane (henceforth called CNN 2D-image) and on a two-
dimensional tensor consisting of a concatenation of the x and y
coordinates (henceforth called CNN 2D-vector). In the former sce-
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Cut-off scores: Bells cancellation. difference between left and right omissions =2 (Azouvi et al.. 2006): Letter cancellation, one target in each field can rest
undetected (Mesulam, 1985), Line bisection, -7.3 mm for leftward deviation. 6.5 mm for rightward deviation (Azouvi et al.. 2006): Landscape drawing scores
=0 (Azouvi et al.. 2006); Reading. difference between left and right omissions >0 (Azouvi et al., 2006).
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Fig. 1. (Top). A. Demographic and clinical characteristics of neglect patients, with their performance on visuo-spatial tests. Asterisks denote pathological performance com-
pared to normative data. For line bisection, positive values indicate rightward deviations, negative values indicate leftward deviations. Scores for the landscape drawing
[34] indicate the number of omitted left-sided details. I, ischemic; H, hemorrhagic; NA, not available. B. The pre-processing steps required to analyse the eye-tracker data
and the corresponding parts of the visual search behavioral paradigm task they refer to. (Bottom-right) An example of pre-processed trial, as well as the mean trajectories
over all trials of a subset of subjects for each target. In the bottom row the left yellow box refers to the left-sided targets used for the analysis. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

nario, we cropped the images around the non-zero xy coordinates
to reduce sparsity (by using the full images the network did not
converge) and then we zero-padded them to have a uniform im-
age shape across all samples.

For the traditional ML classifiers (i.e. SVM, RF and AB), we used
the vanilla implementations from scikit-learn. Instead, for the 1D
(and 2D) CNNs, we built a custom model with building blocks in-
spired by the VGG-16 network [36]. Specifically, our network is
composed of a sequence of 3 blocks of convolutional layers, each

one separated by a pooling layer that halves the output vector di-
mension. A kernel size of 3 and zero padding were used in all con-
volutional layers. To obtain the desired classification output, the
convolutional blocks are followed by three dense, fully connected
(FC) layers. We applied the ReLU activation function for all layers,
except for the last layer which is followed by a sigmoid function.
We used Xavier initialization [37] for all layers. Biases were ini-
tialized to 0 and a batch size of 16 was chosen. Batch normaliza-
tion and dropout (rate = 0.3) were used to avoid overfitting in the
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Fig. 2. The 1D-CNN architecture used in our experiments. Three convolutional blocks with batch normalization and pooling are followed by two dense layers with dropout.
Dimensions of each layer are reported in the image. The final output is the probability that each input trajectory has to either belong to a healthy control or to a patient
with spatial neglect. To assign the final class (healthy vs. neglect) to one subject, we performed a majority voting across all trajectories of that subject.

convolutional blocks and in the FC layers, respectively. To fit the
model, the Adam optimization algorithm [38] was applied, with a
learning rate of 0.0001. We trained the model for 25 epochs and
we adopted the binary cross-entropy loss function. The total num-
ber of trainable parameters in our network is 264,377. Training and
inference were implemented using Tensorflow (version 2.5). The
detailed structure of our 1D-CNN is illustrated in Fig. 2. For the 2D
experiments (CNN 2D-image and CNN 2D-vector), we simply con-
verted the 1D-CNN to 2D without any modifications to the order of
the layers (further details about the network implementation can
be found in the github repository - see paragraph Code and Dataset
release).

To compute unbiased test results, we applied a 5-fold cross-
validation (CV) at the individual participant level. This ensured that
multiple trajectories of the same participant did not appear both in
the test and training set. Furthermore, to account for the variability
introduced by the random choice of patients at each CV split, the
whole CV was repeated 10 times (10 runs), each time performing
the splitting anew, and results were averaged. The CV strategy par-
tially remedies the lack of a large and more heterogeneous popu-
lation of patients, by simulating an untouched test set and control-
ling for possible overfitting of the model. To statistically compare
the different classifiers (e.g. 1D-CNN vs. SVM, or 1D-CNN vs. CNN
2D-image vs. CNN 2D-vector), we performed a Wilcoxon signed-
rank test [39] of the AUC values across the 10 random runs, setting
a significance threshold level o = 0.05.

Finally, we computed the confidence score for each participant.
This corresponds to the ratio between the correctly classified tra-
jectories and the total number of trajectories. It can be interpreted
as a measure of confidence ¢ with respect to the final prediction.
For instance, ¢ = .99 implies an extremely confident correct clas-
sification; ¢ = .65 implies a moderately confident correct classifi-
cation; ¢ < .5 implies a wrong classification. To obtain one sin-
gle confidence score per participant, we averaged the confidence
scores of each participant across the 10 random runs. The devel-
oped code can be adapted to the analysis of visual search tasks
and possibly integrated in existing algorithms, such as those iden-
tifying fixation and regions of interest of eye-tracker trajectories
[40] as well as those assessing data quality [41].

Code and Dataset release In compliance with open-source prac-
tices, we released a task-dependent version of the code used for

the analyses (pre-processing and machine-learning classification)
here:
https://github.com/bfranceschiello/EyeTracking_preprocessing_
and_ML_analysis. The full dataset used for the analysis can be
found at the following link: https://zenodo.org/record/6424677.

3. Results

Behavioral results In [33], oculomotor behaviour was studied
together with manual responses on a visual search task in ne-
glect to determine the relation between saccadic parameters and
sub-clinical disorders of spatial attention. The study showed the
occurrence of inappropriate rightward saccades during target se-
lection: when left-sided targets were presented, saccades were
equally likely to be performed towards the left side or towards
the right hemispace. Right-sided distractors may erroneously cap-
ture patients’ attention, leading to an over-exploration of the right
hemispace, consistent with the so-called magnetic attraction of
gaze typically observed in neglect [42]. Thus, pathological produc-
tion of eye movements should be considered as a subtle manifes-
tation of visuo-spatial disorders.

Classification results Rows 1 to 8 of Table 1 illustrate the clas-
sification test results averaged across the 10 random runs when
using the x and the y projections, respectively for the various ML
models employed. Row 9 reports the performance of the CNN 2D-
image experiment. Row 10 reports the performance of the CNN
2D-vector experiment. To assess whether one of these methods
had significantly higher performance, we compared the AUCs of
the random runs with several Wilcoxon signed-rank tests. Over-
all, classification results using the x-coordinate consistently proved
to be higher across all methods, a finding that is in agreement
with the observations in [3]. For this reason, we only compared
models for the x-coordinate. We found no statistically-significant
difference for the AUC distributions of 1D-CNN vs. SVM (W = 15,
p = 0.37). Similarly, we found no statistically-significant difference
when comparing 1D-CNN vs. Random Forest (W = 15.5, p = 0.40)
or the 1D-CNN vs. AdaBoost (W = 17, p = 0.88). These results in-
dicate that all models perform equally well when using the x-
projection as input.

The results we obtained are in line with both a technical and
clinical perspective. On the one hand, as mentioned in Section 1,
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patients’ healthy vs. unhealthy status can indeed be evaluated by
extracting salient features from the geometry of eye-trajectories
in visual tasks, using ML approaches. On the other hand, neglect
features can also be equally well identified either from x or y
trajectories [3], although the performance is more efficient on x-
ones. In the case of CNNs, when comparing the 1D-CNN (Row 1,
Table 1) with the CNN 2D-image (Row 9, Table 1) through the
Wilcoxon test, we found that AUCs of the CNN 2D-image were
significantly lower than those of the 1D-CNN (W = 2.5, p=0.01),
indicating that the 1D coordinates are more informative to dis-
tinguish healthy controls from patients with spatial neglect. Con-
versely, when comparing the 1D-CNN (Row 1, Table 1) with the
CNN 2D-vector (Row 10, Table 1), we found no significant differ-
ence for the AUCs. This indicates that the 1D x coordinates are al-
ready discriminative enough for the task at hand.

Relationship between 1D-CNN results and Neuroimaging

Given the equal performance of the 1D ML methods and our in-
tention to generalize the analysis to a larger dataset, we assessed
the correlation between the anatomical markers of the patients
and the model output only for the 1D-CNN. We performed Pear-
son correlations between the 1D-CNN algorithm confidence score
on the x and y-spatial coordinate and the FA of long-range of
white matter tracts connecting attentional networks. One patient
was considered as an outlier and was discarded from the analysis.
Such investigation is related to a previous study [33], where a sig-
nificant correlation between an abnormal saccadic exploration be-
havior and impairments of the right SLF2 was found. This suggests
that oculomotor behavior might be a better indicator of neglect
signs than paper-and-pencil tests alone, which require more volun-
tary top-down orienting of attention and which may partly lead to
a compensation of neglect-related deficits. Our results show a neg-
ative correlation (p = —0.77) between the 1D-CNN algorithm con-
fidence score on the x-spatial coordinate and damage of the SLF3
(p = 0.003 Bonferroni-corrected, see Fig. 3, left panel). The corre-
lations with the others tracts (SLF1, SLF2, IFOF, Cingulum), as well
as between the y-coordinate and all the other tracts did not reach
significance (all Bonferroni- corrected p > 0.011). Also, the 1D-CNN

algorithm score on the x-spatial coordinate correlated with the
number of left omissions in Bells cancellation [44]; a standard-
ized paper-and-pencil test use to diagnose neglect signs (p = 0.55,
p = 0.033) 3, right panel).

4. Discussion and conclusions

Neglect is a multi-component syndrome; dissociated perfor-
mance on different tests is often observed both between and
within patients. Some of these dissociations may depend on the
activity of compensatory mechanisms, such as top-down orient-
ing of attention [45], which is perhaps partly driven by the
healthy left hemisphere [46]. Sensitive behavioral techniques, such
as manual response times or eye movements characterization, [3-
5,47,48| may thus greatly help diagnosis of neglect.

Our work demonstrates how machine learning algorithms al-
low learning of representations of saccadic eye-movements’ fea-
tures that are particularly effective in classifying neglect versus
healthy conditions with AUCs in the range of 0.83 to 0.86. Overall,
all employed machine learning algorithms performed equally well
when using the x-projection of the trajectories. However, in the pa-
per we focused more on the CNN algorithm, because when given
a sufficiently large dataset as input, CNNs are capable of learning
more discriminative features from the input data with respect to
more traditional algorithms (like kernel machines). Future analyses
will involve a larger input dataset to exploit richer features within
the data and the CNN’s scalability. Our results highlight that, a 1D-
CNN trained on x projections of the eye trajectories performs bet-
ter then a CNN trained on 2D images containing the trajectories.
However, the same 1D-CNN performs on par with a CNN trained
on two-dimensional tensors made of the combined x and y coor-
dinates. To the best of our knowledge, this is the first time that
ML methods, and in particular CNNs, are used to determine the
presence of neglect through eye-movement analysis during a vi-
sual search task.

The correlation between the (1D-CNN) algorithm confidence
score output and the anatomical attributes of the patients’ DTI



benchmark the relevance of the technique and its specificity in
detecting neglect patients. Furthermore, the 1D-CNN algorithm
confidence score on the x-coordinates of the saccade trajectories
appears to be related to the disruption of the third branch of
the superior longitudinal fasciculus (SLF3). The SLF3 links pari-
etal and frontal regions and has been shown to be specifically im-
paired in neglect [49,50]. We also observed a correlation between
the 1D-CNN algorithm confidence score on the x-coordinates and
the degree of severity of neglect signs (p = 0.55, p=0.033). Al-
though the algorithm confidence scores are similar for the x and
y-projections of the saccades, the correlations with the anatomical
and behavioral data show that predominant features seem to be
contained in the x-projections.

Despite several studies that have highlighted pathological eye-
movement behavior as a consequence of impaired shifts of atten-
tion in neglect, the measurement of eye-movement behavior as a
tool to diagnose neurological pathology has only begun to be de-
veloped. In this respect our work therefore represents a contri-
bution to understand and predict the trajectory of individual pa-
tients, opening the possibility of a new computer-aided diagno-
sis and follow-up tool for neglect syndrome. Further investigations
should consolidate this link, allowing to differentiate and predict
patterns in agreement with the anatomical markers with unprece-
dented precision, especially as the neural substrates of neglect are
still debated, despite this syndrome representing a unique oppor-
tunity to underpin the underlying mechanisms of spatial process-
ing and conscious awareness. One limitation of the present study
comes from the lack of a larger and more heterogeneous popula-
tion of patients. In the future, we plan to extend our efforts in a
larger pool of subjects. In this respect, a CNN algorithm will be
our preferred methods given its scalability to large datasets. Fi-
nally, this work represents a first step towards the use of machine
learning techniques to other neurological conditions characterized
by impaired eye movements: a growing and exciting field of inves-
tigation.
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