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Abstract

This paper presents an approach to the modeling and diagnostic analysis
of the human eye movement system (EMS) based on nonlinear integral models
and Volterra polynomial representations in the form of multidimensional
transient characteristics. Experimental ‘input-output” data were obtained
using eye-tracking technology during identification experiments with three
test visual stimuli positioned at different distances relative to the initial fixation
point. The proposed methodology enabled the construction of adequate
EMS models that combine high identification accuracy with a relatively
simple mathematical representation. Two EMS models were formed from the
experimental data: Modell, derived from horizontal experiments, and Model2,
obtained from vertical experiments. Diagnostic feature spaces were generated
using the transient characteristics of models for further psychophysiological
state classification by machine learning methods. Two categories of feature
spaces were investigated: heuristic features and features obtained from
approximation and detail coefficients produced by wavelet decomposition
of EMS transient characteristics. To improve dataset representativeness,
augmentation with Gaussian noise levels of 1%, 3%, and 5% was performed.
Classification efficiency was evaluated using Stratified K-Fold cross-validation
with 8 folds for the original datasets and 32 folds for the augmented datasets.
An exhaustive computational search was applied to determine the most
informative feature combinations according to the probability of correct
recognition (PCR) criterion. Pairwise feature combinations were analyzed for
all datasets, whereas triplet combinations were additionally investigated for
augmented data. The obtained results indicate that dataset augmentation
considerably improves classification performance compared to the original
data. In the heuristic feature spaces, the maximum PCR increased from 87.5%
for the original datasets to 98.44% after augmentation for feature pairs, while
the analysis of triplet combinations on augmented datasets produced PCR
values approaching 100% within the applied cross-validation procedure. In
the wavelet-based feature spaces, PCR values increased from 68.75% to
85.94% for augmented feature pairs and up to 95.31% for triplet combinations.
The obtained findings confirm the effectiveness of the proposed intelligent
information technology for psychophysiological state diagnostics based
on quadratic Volterra EMS models and machine learning techniques. The
proposed approach can be considered a basis for further development of
machine learning methods for eye-tracking-based psychophysiological state
assessment.
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Introduction

The human eye movement system (EMS) plays a crucial
role in neuroscience, medicine, and artificial intelligence,
since its parameters provide valuable information
about cognitive activity, psychophysiological states, and
neurological disorders. Eye-tracking technology, as a non-
invasive tool, has been widely employed to investigate these
processes and to develop diagnostic and predictive models
of human behavior. In this context, accurate modeling of EMS
dynamics is of particular importance for both theoretical
understanding and practical applications.

A growing body of research has demonstrated the
relevance of eye-tracking in the diagnosis of cognitive and
neurological impairments. For example, eye movement
parameters have been analyzed to characterize Parkinson’s
disease [1,2], while eye-tracking biomarkers have been
proposed for the diagnosis of autism in primary care [3].
Similarly, specific oculomotor features were studied in
the context of dyslexia, contributing to the development of
assistive technologies for individuals with reading difficulties
[4]. Other studies have focused on the relationship between
eye movement parameters, mental workload, and fatigue,
showing their applicability for assessing psychophysiological
states in professional activities with high cognitive demands
[5,6]. Furthermore, machine learning approaches have been
applied to predict individual mental states from EMS data,
illustrating the potential of combining eye-tracking with
artificial intelligence methods [7].

Recent progress in Al-based data analysis has further
enhanced the potential of EMSresearch. Deeplearning models
have been employed for detecting pathological changes in eye
movements and for early diagnosis of neurological disorders
[8-10]. Additionally, transfer learning approaches have
been utilized to improve the accuracy and generalization of
eye-disease detection systems, demonstrating the growing
synergy between biomedical signal processing and Al [9].

Another promising direction is the use of nonlinear system
identification methods for modeling EMS dynamics. Integral
nonlinear models based on Volterra polynomials allow for
capturing the inherent nonlinearities of eye movement
responses. Prior studies have applied such models for the
analysis of neurophysiological signals [11], while Volterra-
Laguerre structures have been proposed for the description of
smooth pursuit movements [12]. The theoretical foundations
of Volterra-based modeling for system identification and
control are well established in classical works [13].

In addition to medical and cognitive research, eye-tracking
technologies are increasingly applied in broader contexts,
including teamwork evaluation in healthcare [14], biometric
authentication [15], motor imagery analysis [16], cognitive
assessment in education [17], learning analytics [18], brain-
computer interface development [19], software engineering
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tasks [20], and training for vision-intensive professions such
as aviation [21]. Recent advances further confirm that eye
movement parameters constitute an informative source
for assessing psychophysiological and cognitive states, as
demonstrated by studies on mental fatigue recognition
using deep learning [22], cognitive assessment of patients
with disorders of consciousness [23], eye-tracking-based
attention training in poststroke rehabilitation [24], and the
identification of cognitive and social intention states based
on eye gaze parameters and oculomotor behavior [25]. These
applications highlight the versatility of EMS analysis, bridging
multiple disciplines from medicine to artificial intelligence.

Therefore, EMS research represents a highly
interdisciplinary field with wide-ranging applications.
In this study, we propose an approach for modeling eye
movements using nonlinear Volterra models. The objective
is to improve the accuracy of EMS identification and to
provide a methodological basis for psychophysiological
state assessment and applied developments across medical,
cognitive, and engineering domains.

Problem statement

The human EMS reflects essential cognitive and
psychophysiological processes, and its modeling provides
valuable tools for assessing the functional state of the central
nervous system. Conventional approaches to eye movement
analysis mainly rely on empirical methods and simplified
parametric models, which often fail to capture the nonlinear
dynamic properties of the EMS. In contrast, integral nonlinear
models, in particular first- and second-order Volterra
representations in the form of transient characteristics,
have demonstrated significant potential for improving the
diagnostic evaluation of psychophysiological states [26].

The objective of the present study is to examine the
diagnostic effectiveness of second-order Volterra models of
the EMS, obtained from experimental “input-output” eye-
tracking data. Unlike previous studies, where test stimuli
were applied exclusively in the horizontal direction, the
current work expands the experimental design by including
both horizontal and vertical trajectories of visual stimulation.
This extension enables a more comprehensive assessment
of the EMS and allows for analyzing the effect of stimulus
direction on the accuracy of psychophysiological state
classification.

The subject of investigation comprises computational
methods and software tools for extracting diagnostic
features from EMS identification data, parameterized as
first- and second-order transient characteristics. Particular
attention is given to the formation of feature spaces and the
construction of classifiers, including Bayesian and Support
Vector Machine approaches, with a focus on evaluating how
the choice of stimulus direction influences the classification
performance.
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This research represents a further step in the
development of intelligent information technologies
for psychophysiological state assessment, advancing
earlier approaches by introducing multidirectional EMS
identification and systematically studying its impact on
diagnostic reliability.

Theoretical background

For the identification of the nonlinear dynamic system
(NDS), mathematical models in the form of Volterra integro-
power polynomials are employed. The least squares method
(LSM) [26] is used for EMS identification. In this study,
two models are utilized for EMS identification: Modell and
Model2. Modell is based on horizontal test visual stimuli,
whereas Model2 is constructed from orthogonal vertical test
experiments.

The time-domain identification method is applied for
building Modell, which is based on approximating the
response y(t) of the NDS to an input deterministic signal x(t)
by an integro-power polynomial of order N (where N is the
order of the approximation model):

Yn® =29, =
"~ (1)
-0 )H X(6,)do,,

where y (t) denotes the partial components of the model
response (with n being the convolution dimension), and

Wn(t Ty b= ‘r”) is the Volterra kernel of order n.

The following statement holds [26].
Statement. Let the test signals a x(t), a,x(t), ..., a,x(t) be
sequentially applied to the input of the NDS; L > N a,a,..d,

are distinct real numbers satisfying the condition 0< a,<1, for
Vj=1,2,.., L; and x(t) is a deterministic signal. Then:

N

¥y (a;x(t) :Z (a;x(t) =
ia J.nu'mes-‘.w (t-9,,....t-0 )Hx(o (2)

2.9,
=1

The partial components in the approximation model are
determined using the LSM. This makes it possible to obtain
such estimates, for which the sum of squared deviations of
the responses of the identified NDS y(a].x(t)) =y(t| aj) from
the responses of the model is minimized, i.e., it ensures
the minimum of the mean square error criterion. The
minimization of the criterion reduces to solving the system
of Gauss normal equations, which can be written in vector-
matrix form as:
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A'Ay=Aly, 3)
where

a, a a y(tla,) 0]
O R R UL R R A0

a ay oag y(tla,) I (®

and denotes the transposed matrix.
From equation (3), we obtain
y=(A'A)"Al, (4)

If step test signals with amplitudes a,, a,,.., a, are applied
to the input of the system to be identified, the estimates of
the transient characteristics h™’(t) = y,(t) and diagonal
cross-sections of the NDS transient characteristics
AN (1) = 9, (), - AV (t,...,t) = §,, () are obtained [26].

The responses of the investigated EMS models in the
general case are computed based on the expression:

Vitla)=2a,9,(t)+ajy,(t)+..+a) g,(t) (5)
or
¥,tla)=ah™®+ah™ ) +..+alh (t,....1) (6)

Model2, based on vertical orthogonal data, is constructed
analogously to Modell.

The test signals b u(t), b,u(t), .., bu(t) are applied
sequentially to the input of the NDS, where b,, b,,....b, (L = N)
are distinct real numbers satisfying the condition 0< b]. <1, for
Vj=1,2,.., L; and u(t) is an input deterministic signal.

The partial components in the approximation model
are determined using the LSM, ensuring that the sum
of squared deviations of the responses of the identified
NDS z(b].u(t)) =z(t | bj) from the responses of the model is
minimized. The minimization of the criterion reduces to
solving the system of Gauss normal equations, which can be
written in vector-matrix form as:

BBz=B'z, (7)
where
b, b12 b1N z(t[b) Z,(t)
B= bz bzz sz 7= Z(t|b2) 5= 22(t)
b, b’ b/ 2(t|by) Zy (1)
and denotes the transposed matrix.
From equation (6), we obtain
=(BB) 'Bz- (8)
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If step test signals with amplitudes b,, b,,...,b, are applied
to the input of the system to be identified, the estimates of the
transient characteristics §{"(t) = 2,(t) and diagonal cross-

sections of the NDS transient characteristics §{"'(t,t) = 2, (t)
,-.. are obtained in the same way as in Model1l.

The responses of the EMS model, based on Model2, are
computed using the expression:

Z,(t|b;) =b,2,(t) +b2,(t) +...+b) 2, (1) 9

or
Z,(t[b)=b,6"®)+b}g" . +...+b/ g (t...t)  (10)
EMS data acquisition procedure

The problem of accuracy evaluation of EMS models
based on Volterra series was previously investigated in [26],
where three model orders and identification methods were
compared. In the present study, the analysis is focused on the
quadratic Volterramodel identified by the LSM using step test
signals of different amplitudes. The EMS response to test step
signals of the form x(t)=aj6(t), j=1, 2, 3, where 8(t) denotes
the Heaviside function, is analyzed with amplitudes a, =1, 2,
3):a,=(1/3)1,a,=(2/3)l, a,=I (I denotes the screen width of
a computer monitor in pixels) was investigated in the context
of constructing Volterra models (for higher model accuracy,
additional test signals, e.g., 4, 5 or more, can also be used).

For vertical experiments, analogous EMS responses to
test step signals are defined as u(t)=b,0(t) with amplitudes b,
(k=1, 2, 3): b,=(1/3)l, b,=(2/3)1, b,=], where [ denotes the
screen height in pixels. The application of such test signals
allows obtaining first-order transient functions and only the
diagonal sections of higher-order EMS transient functions, as
follows from the interpretation of the identification algorithm
using the specified test stimuli (5), (6), (9), (10).

For clarity, models derived from horizontal data are
denoted as Model1l, and those from vertical data as Model2.

For EMS identification, empirical data were obtained in
“input-output” experiments using advanced eye-tracking
technology. The Tobii Pro TX300 eye tracker was employed
to record ocular responses to orthogonal step visual stimuli,
presented separately along horizontal and vertical axes.
Measurements were carried out at different times of the
day, including “Morning” (before work) and “Evening” (after
work), as well as on different days [27]. Each complete
EMS research cycle for a single participant included three
experiments with test signals of increasing amplitude,
performed sequentially along each axis.

During each EMS research cycle, the participant initially
fixates on the starting position (red point). After a short
delay (1-2 sec), the red point disappears, and a test stimulus
(blue point) is presented (2-3 sec) at the first test amplitude

https://doi.org/10.29328/journal.jnnd.1001117

5,

along the corresponding axis. The red fixation point then
reappears, allowing the participant to return their gaze to the
initial position. The same procedure is then repeated for the
second and third test amplitudes, each separated by a brief
interstimulus interval.

The horizontal experiment sequence is illustrated in
Figure 1, which shows the initial fixation and successive
presentations of the test stimulus at increasing horizontal
positions. The corresponding raw eye-tracking signals for
horizontal displacements are presented in Figure 2 for the
“Morning” and “Evening” conditions.

It should be noted that the recorded eye movements
correspond specifically to saccades, i.e., rapid, ballistic
movements of the eye that shift the point of fixation from
one target to another. Other types of ocular movements,
such as smooth pursuit, were not considered in the current
experimental setup. Both horizontal and vertical experiments
were conducted sequentially within the same session to
ensure consistent physiological and attentional conditions
for the participant.

0 .
a b

0 [
c d

0 .

Figure 1: Test stimulus: @), ¢), e) - initial position; b) — test stimulus

position (@, =1/3); d) — test stimulus position (a, = 2/3); f) - test stimulus
position (03 =1); Source: created by the authors.

Morming

Figure 2: Raw eye tracker output signals recorded during horizontal
experiments for the respondent’s state: a) “Morning”, b) “Evening’
Source: created by the authors.
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The vertical experiment follows an analogous procedure,
with stimuli presented from the top toward the bottom of the
screen. The initial fixation and successive vertical positions
of the test stimulus are illustrated in Figure 3, and the
corresponding raw eye-tracking signals are shown in Figure
4 for the “Morning” and “Evening” conditions.

EMS modell and model2

This section investigates the specifics of applying
empirical data to construct EMS models and evaluates the
variability of averaged transient characteristics depending
on the psychophysiological state of the subject in the
“Morning” and “Evening” conditions. In accordance with
the identification algorithm (3), all EMS response data were
aligned to a common initial point (synchronization was
performed).

The empirical data obtained from horizontal experiments
are designated as Datasetl, while those from vertical
experiments are designated as Dataset2. Dataset1 comprises
eight observations corresponding to the “Morning” state

[]
.
a b
(]
o
c d
[]

Figure 3: Test stimulus: a), ¢), e) — initial position; b) — test stimulus
position (Io1 =1/3); d) - test stimulus position (b2 =2/3): f) - test stimulus
position (b3 =1); Source: created by the authors.

Marning

Pespanse

0 00 1000 1500 2000 2500

Figure 4: Eye tracker output signals for the respondent’s state: a)
“Morning’, b) “Evening’; Source: created by the authors.
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and eight observations corresponding to the “Evening”
state, as illustrated in Figure 5. Dataset2 comprises seven
observations for the “Morning” state and eight observations
for the “Evening” state.

To increase the dataset diversity and ensure the stability
of further statistical analysis, additional synthetic data were
generated based on seven real experimental observations
using a Variational Autoencoder (VAE) model implemented
in Python with the TensorFlow and Keras libraries. The
algorithm encoded empirical EMS responses into a low-
dimensional latent space and then reconstructed new
samples through probabilistic decoding. This approach
preserved the nonlinear temporal dynamics of the original
eye movement signals while introducing controlled
variability. The generated signals were constrained to start
from zero and normalized within the range [0, 1], maintaining
consistency with the physical characteristics of the real data.
For visual comparison, one representative VAE-generated
synthetic response is shown in Figure 6a using a dashed line,
while the remaining curves correspond to real experimental
observations. The vertical experimental data are presented
in Figure 6.

EMS models Modell and Model2 were constructed
separately based on horizontal and vertical experimental
data. The transient characteristics derived from the Dataset1
are denoted as and while those obtained from the Dataset2
are denoted as and §{”(t,t). The corresponding functions
of the first and second orders are presented in Figure 7 and
Figure 8, respectively, together with their averaged values in
the “Morning” and “Evening” states.

Respondent' s Morning responses

Figure 5: Datasetl — Empirical eye movement responses in the
horizontal direction for the states: a) “Morning”; b) “Evening.”
Source: created by the authors.
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Respondent’ s Morning responses Transient functions of N=2 model Morning

Figure 6: Dataset 2 — Empirical eye Movement responses in the vertical

direction for the states: a) “‘Morning” (the dashed curve denotes a Figure 8: Transient characteristics of the first- and second-order of the
representative VAE-generated synthetic sample); b) “Evening.” EMS Model2 obtained from Dataset2 and their averaged values in the
Source: created by the authors. states: a) “Morning’; b) “Evening”; Source: created by the authors.

_ _ _ The variability (deviation) of the averaged transient
125 e m_o_de' s characteristics of the EMS models Model1 for the respondent’s
' ' “Morning” h{(t,) and “Evening” A (t,) conditions was
evaluated using the following metrics:

o0, — maximum deviation

o = max A ()~ () (11)

mel

¢, — hormalized root mean square deviation (NRMSD)
1/2

S (R (t,) A ,))
SN _ r;)( nN (m) nN (m)) : [12)

> (fea,)

m=0

wheren=1,2,...,N.

Using the transient characteristics of Model2, the metrics
can be formally represented in the same form as formulas
(11) and (12) by considering the “Morning” §\" (t,) and
“Evening” §m (t») conditions.

.00

-0.25

The variability metrics of the averaged transient
characteristics for Modell and Model2 are presented in
g o Table 1.

-0.50

Table 1: Variability indicators of the averaged transient characteristics for Modell
and Model2, Source: created by the authors

Figure 7: Transient characteristics of the first- and second-order EMS
Model 1 obtained from Datasetl and their averaged values in the states:
a) “Morning’; b) “Evening.” Model1 0.045 0.0706 0.2444 0.0796

Source: created by the authors. ‘ Model2 01257 0.3209 0.7174 03226
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Dataset formation

In this work, machine learning techniques are employed
to evaluate the efficiency of feature spaces derived from linear
and quadratic transient characteristics for the classification
of psychophysiological states.

To facilitate further analysis, the following designations
are used:

E, - a feature space composed of heuristic parameters
extracted from EMS Modell;

]:30 - a feature space composed of heuristic parameters
extracted from the EMS Model2;

W - a feature space obtained from approximation and
detail coefficients produced by wavelet decomposition of the
Modell transient characteristics;

W - a feature space obtained from approximation and
detail coefficients produced by wavelet decomposition of the
Model2 transient characteristics.

Feature spacesE and Eo

The heuristic feature space E; is constructed using
transient characteristics of the second-order Volterra model.
The choice of these heuristic parameters is justified by earlier
research, which demonstrated both informativeness and
sensitivity to variations in the subject’s psychophysiological
condition. The list of EMS heuristic features derived from the
Modell represents a subset of the features investigated in
[26].

In the present study, the subset of heuristic features is
grouped into four functional categories depending on their
mathematical interpretation and the transient characteristic
from which they are derived.

Group 1 - Integral features:

Zlh (t,) ] (13)

M
» =2 M (s t) (14)
m=0

Group 2 - Features corresponding to the argument and
value at the maximum derivative of transient characteristics:

e, = max h, ().

me[0, M ! (15)
s =argmax h(t,); (16)
me[0,M ]
e6 = max h; (tm 3tm) ; (17)
me[0,M ]
e, = argmax h, (t,,.t,,). (18)
me[0,M]
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Group 3 - Features corresponding to the argument and
value at the minimum derivative of transient characteristics:

&, =minhj(t,); (19)
me[0,M ]
g, =argmin h (L) (20)
me[0, M
e, =minhy(t_,t ); (21)
me[0O,M]
e, =argminh,(t,,t ) (22)
me[0,M]

Group 4 - Features corresponding to the argument and
value at the maximum transient response:

e, =max |h(t,)[; (23)
me[0,M ]
e, =argmax | h(t )| (24)
me[0,M ]
e, =max |h,(t,,t.)]; (25)
me[O,M]
e, =argmax | h,(t,,t,)|. (26)
me[0,M]

Here, and represent the first- and second-order transient
characteristics of the EMS, and their derivatives are denoted
by and h; (t,,,t,.), respectively.

The feature space ]:30 is formed analogously to E , following
the same definitions provided above, with the first- and
second-order transient characteristics of Model2 substituted
for the corresponding Model1 characteristics. The list of EMS
heuristic features derived from the Model2 represents a
subset of the features &, € E,,k=1,21.

Feature spaces W and W

The W feature space is generated through wavelet
decomposition [28,29] of the transient characteristics of the
first and second orders. The decomposition is performed
using the discrete wavelet transform (DWT), where Coiflet 4
serves as the mother wavelet with a decomposition level of 2.
The feature vector is formed from the first five approximation
coefficients (ca) together with the first five detail coefficients
(cd) obtained at the second decomposition level. Each
feature in the W space is denoted as w, e W,m=1,10,
where w, = ca[l], .., w,=ca[5], w, = cd[1],..., w =cd[5]; m
is the feature index corresponding to the selected wavelet
coefficients.

For Modell, the features of the feature space W are
denoted as w,_, whereas for Model2, the corresponding
features of the feature space W are denoted as w .

Bayesian classifier

To assess the psychophysiological state of a person, a
Bayesian classifier based on experimental EMS data was
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developed. The classification procedure was implemented
using the Gaussian Naive Bayes (GaussianNB) algorithm
from the scikit-learn library in Python.

Given the limited size of the dataset, the Stratified
K-Fold cross-validation technique was applied to provide
a statistically balanced evaluation while preserving class
proportions within each fold. The procedure was used to
assess the stability of classification results obtained for the
most informative feature combinations identified within
the predefined feature spaces. It should be noted that the
available experimental data were obtained from repeated
measurements of a single respondent, and no independent
external test set was available. Therefore, the reported PCR
values should be interpreted as indicators of the internal
validation performance of the proposed methodology
rather than as estimates of population-level generalization
capability. For the best-performing feature combinations,
95% confidence intervals (CI) were additionally estimated
from the cross-validation results using Student's
t-distribution.

The classification procedure was carried out in
specially formed feature spaces E, E, W, and W. The
evaluation of classification efficiency relied on analyzing
the informativeness of different feature combinations using
the probability of correct recognition (PCR) criterion. An
exhaustive search strategy was applied to systematically
evaluate all possible feature pairs and identify the most
diagnostically informative combinations.

Original dataset (8-Fold Cross Validation)

At the first stage of the study, classification was
performed using the original dataset. The experimental data
were divided into 8 stratified folds to ensure a balanced
representation of both classes within each validation subset.

Dataset based on Modell: Feature space E;: For
the dataset based on Modell, the Bayesian classifier
demonstrated a maximum probability of correct recognition
of 87.5% for the feature pair:

(64 = max ﬁ] (t, )j & (eS = arg max ﬁl (t, )] . (27)

me[0,M ] me[0,M ]

Feature space W: In the wavelet-based feature space
W, the classification accuracy was 68.75%, which indicates
a lower discriminative capacity compared to the heuristic
features.

Dataset based on Model2: Feature space EO: For Model?2,
the maximum PCR in the heuristic feature space I:ZO reached
75%, which is lower than the corresponding result obtained
for Modell.

Feature space W: In the wavelet feature space W, the
achieved PCR was 68.75%, remaining consistent with the
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result obtained for the analogous wavelet-based space W and
indicating limited discriminative capacity.

Dataset based on Modell and Model2: Feature spaces
E, and EO: When combining the datasets from Modell and
ModelZ, the joint heuristic feature spaces E, and E, provided
a maximum PCR of 87.5%, matching the highest value
obtained for Modell. The following feature pairs yielded this
result:

e, =maxh (tm)j & [64 = max §| (tm)j; (28)

me[0,M] me[0,M]

e, = max ﬁl'('[m)j&(é13 =argmin Q;(tm,tm)j; (29)

me[0,M ] me[0,M ]

¢, =min h;(tm,tm)J&(ém = max | §,(t,) |j . (30)
me[0,M ] me[0,M ]

Feature spaces W and W: In the combined wavelet feature
spaces W and W, the classifier achieved a PCR of 68.75%,
which is comparatively low and not suitable for reliable
classification.

The positioning of training dataset objects in the combined
heuristic feature spaces E and EO for the feature pair e,&é€, is
shown in Figure 9.

Augmented dataset (32-Fold Cross Validation)

For the second stage of the study, the original EMS datasets
were augmented by additive Gaussian noise at levels of 1%,
3%, and 5%. This procedure increased the effective size of
the training datasets, allowing for more robust evaluation of
classifier performance. In connection with the augmented
dataset, the number of cross-validation folds was increased to
32 to maintain statistically balanced subsets. The expansion
of the dataset also made it possible to investigate not only
feature pairs but also feature triplets, which provided a
deeper analysis of multidimensional relationships among
heuristic and wavelet-based features.

Distribution of e4 and &4: Morning vs Evening

Time of Day A
0451 o Momning
4 Evening
0.40
0.35 4
A
= 030 I
A
0254 4
.
.
. i
020 L . A
.
0.15 4 se
&

Figure 9: Distribution of training dataset objects e,&€, in combination
with heuristic feature spaces E, and E,; Source: created by the authors.
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The augmented datasets were used to investigate the
influence of increased data variability on classification
performance. Although the generated samples preserved
the dynamic properties of the original EMS responses and
improved the stability of classifier evaluation, they were
derived from the original recordings and therefore cannot be
regarded as fully independent observations. Consequently,
the obtained results should be interpreted as evidence of the
robustness of the proposed methodology under controlled
augmentation conditions.

Dataset based on Model1: Feature space E: For Modell,
the maximum PCR in the heuristic feature space E, reached
93.75% for the following feature pair:

[es — argmax h, (tm)J & (en = minh) (¢t ) SN 1Y)
me[0,M ] me[0,M ]

Feature space W: In the wavelet-based feature space W,
the classifier achieved a PCR of 85.94% for the feature pair
w,&w,, demonstrating improved accuracy compared to the
original dataset.

Dataset based on Model2: Feature space EO: For Model?2,
the maximum PCR in the heuristic feature space EO reached
87.5% for the feature pair:

me[0,M] me[0,M ]

(én =argmin Q;(tm,tm)]&(ém =max | §,(t,) |j- (32)

A slightly lower PCR of 85.94% was obtained for the
feature pair:

(éIB =argmin @;(tmﬂtm)] & [éIS =max | g, (t,.t,) ] . (33)
me[0,M] me[0,M]
Feature space W: In the wavelet-based feature space W,
the achieved PCR was 81.25% for the feature pair w.&w,.

Dataset based on Modell and Model2: Feature spaces
E, and EO: When combining the augmented datasets from
Modell and Model2, the joint heuristic feature spaces E;
and ]::0 provided a noticeable improvement in classification
accuracy compared to the individual models. A maximum
PCR of 98.44% (95% CI: 95.25-100.00%) was obtained for
the feature pair:

(elz = min ﬁ;(tm,tm)j&(é4 :maxgi(tm)j. (34)

me[0,M ] me[0,M]

A PCR of 96.88% was achieved for the feature pair:

(elz — min ﬁ;(tm,tm)J &(é12 — min g;(tm,tm)j . (35)

me[0,M ] me[0,M]

Feature spaces W and W: In the combined wavelet feature
spaces Wand W, the classifier reached a PCR of 85.94% for the
feature pair w &w,, which is comparable to the PCR obtained
for the horizontal Dataset1 alone. This indicates that, unlike
heuristic features, combining horizontal and vertical datasets
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does not lead to an improvement in classification accuracy
for wavelet-based features.

The positioning of training dataset objects in the combined
heuristic feature spaces E, and ]::0, reflecting the impact of 1,
3, and 5% noise levels for the feature pair e1z&é4, is shown in
Figure 10.

Feature Triplet Analysis: The availability of the
augmented dataset enabled the examination of feature
triplets, allowing for the identification of more complex
diagnostic relationships. The results obtained for three-
feature combinations in all six feature spaces are summarized
below.

Feature space E;: For the heuristic feature space
constructed from Modell, the highest PCR value of 93.75%
was achieved for feature triplets: e &e&e, , e&e&e ,
e,&e&e e &e &e  ande&e &e ..

12’

12’ 12’

Feature space ]::0: For the vertical Model2, the highest PCR
of 96.88% was obtained for the triplet € && &€, ., while PCR
of 93.75% was achieved for the combination & &€& &€ .,
indicating slightly better discriminative potential compared
to the horizontal Modell.

Feature spaces E; and Eo: When merging the heuristic
feature spaces, a nearly perfect classification performance
(PCR = 100%) was achieved for several combinations,
including:

e, = max ﬁ;(tm,tm)}s{e,2 =min ﬁ'z(tm,tm)j&
me[0,M ] me[0,M ] (36)
€, =min @;(tm,tm)) ;
me[0,M ]
e, =min ﬁ'z(tm,tm)jzg{e18 = max | h,(t, .t ) J&
me[0,M] me[0,M] [37)
€, =min g“z(tm,tm)) .

me[0,.M]

Distribution of @12 and 4: Morning vs Evening

A Time of Day

0.45 1 ® Morning

® Morning (+1% noise)
Morning (+3% noise)

0.40 Morning (+5% noise)
A Evening
4 Evening (+1% noise)
0.35 4 Evening (+3% noise)

Evening (+5% noise)

0.30

&4

=0.16 =0.14 =0.12 =0.10 =0.08 =0.06
el2

Figure 10: Distribution of training dataset objects e12&&4, reflecting

the impact of 1, 3, and 5% noise in combination with heuristic feature
spaces EO and EO; Source: created by the authors.
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A PCR 0f 98.44% (95% CI: 95.25-100.00%) was recorded
for the triplets e &e &€, and e ,&é &€ ., confirming the
synergistic improvement resulting from the joint use of
horizontal and vertical heuristic features.

Feature space W: For the wavelet-based space W, the
triplets w, &w,&w, and w,&w. &w, provided the maximum
PCR of 81.25%, which is lower than the corresponding
results obtained in the heuristic feature domain.

Feature space W: For Model2, the triplet w,&w,&w,
achieved the highest PCR of 85.94%, while combinations
such as w,&w,&w, yielded 81.25%. These results indicate
a consistent yet moderate improvement compared with the
pairwise feature configurations.

Feature spaces W and W: When combining the horizontal
and vertical wavelet feature spaces, the classifier reached a
maximum PCR of 95.31% (95% CI: 89.97-98.84%) for the
triplet w,&w &w,. Slightly lower results (PCR = 93.75%)
were obtained for the triplets w,&# &w, and w,&Ww, &w,,
demonstrating a limited but measurable benefit from the
integration of the two wavelet domains, though the accuracy
remains lower than that observed in the heuristic feature
spaces.

The summarized results of all experiments with the
Bayesian classifier are presented in Table 2. The table
compares the maximum PCR values obtained using the
original and augmented datasets across different feature
spaces.

The comparative visualization of these results is shown
in Figure 11 as a bar chart, which clearly illustrates the effect
of data augmentation on the classifier's performance in
different feature spaces.

SVM classifier

To further assess the potential of the feature spaces in
classifying psychophysiological states, a support vector
machine (SVM) classifier with a Gaussian (RBF) kernel was
implemented. The classifier was trained and evaluated in the
Python environment using the sklearn.svm.SVC class from the
Scikit-learn library. Classification performance metrics were
calculated using functions from the sklearn.metrics module.
Given the limited size of the datasets, Stratified K-Fold cross-

Table 2: Maximum PCR values obtained using the Bayesian classifier for
original and augmented data in heuristic and wavelet-based feature spaces, %
Source: created by the authors
Feature space Original Augmented (pairs) A(liﬁgle;t;;d
E, 87.5 93.75 93.75
E, 75 87.5 96.88
E,&E, 87.5 98.44 ~100
w 68.75 85.94 81.25
w 68.75 81.25 85.94
we&W 68.75 85.94 95.31
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Bayesian Classifier Performance Across Feature Spaces

m Original
mm Augmented (pairs)
E Augmented (triplets)

100 +

B0 4

60 1

PCR (%)

204

EO E0 EO & EO w w wWaW

Figure 1: Comparison of maximum PCR values obtained using
the Bayesian classifier for original and noise-augmented datasets

(pairwise and triplet feature configurations)
Source: created by the authors.

validation was applied to provide a statistically balanced
evaluation of the classifier performance, with fold numbers
corresponding to the dataset type (8-fold for original and 32-
fold for augmented datasets).

For the best-performing feature combinations, 95%
confidence intervals were estimated from the cross-
validation results using Student’s t-distribution.

Original dataset (8-Fold Cross Validation)

At this stage, classification was performed using the
original dataset. The results for individual EMS models and
their combination are summarized below.

Dataset based on Model1: Feature space E: For Modell,
the SVM classifier achieved a maximum PCR of 81.25% for
the following feature pairs:

me[0,M ] me[0,M]

(64 = maxh, (tm)J & (em — minh (tm)j ; (38)

[e4 = max h, (tm)J & [en = minh)(t,_,t_ j . (39)

me[0,M ] mef0,M ]

Feature space W: In the wavelet feature space W, the
maximum PCR was 75% for the feature pairs: w,&w, and
W &wW,.

Dataset based on Model2: Feature space ]:30: For Model2,
the maximum PCR in the heuristic feature space EO reached
81.25% for the feature pairs:

(éé = max @;(tm,tm)]&(éu = min g;(tm7tm)j; (40)

me[0,M ] me[0,M ]

(én =argmax | §,(t,) |j&(é19 =argmax | §,(t,,t,) |j . (41

me[0,M ] me[0,M ]

Feature space W: In the wavelet feature space W, the
achieved PCR was 68.75%.
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Dataset based on Modell and Model2: Feature spaces
E, and EO: When combining the original datasets from
Modell and ModelZ, the joint heuristic feature spaces E  and
]:30 provided a maximum PCR of 81.25% for the following
feature pairs:

(66 — max h,(t,, m)j [54 =max ¢, (t, )j ; (42)

me[0,M ] me[0,M ]

e, =maxh,(t, .t j&[elz =min§,(t,,t, J; (43)

me[0,M ] me[0,M ]

€, =argmax ﬁ;(tm, m)) ( ., =max §,(t,, )) (44)

me[0,M] me[0,M ]

(
(
(e minfi ) (
(
(

= min g (t,,.t m)j (45)

me[0,M ]
6, =minh,(t,.t,) |&| &, =ming(t,) |; (46)
me[0,M ] me[0,M]

me[0,M ] me[0,M]

16_max|h(t )|j [16_max|g(t )|j (47)

The positioning of training dataset objects in the combined
heuristic feature spaces E and EO for the feature pair e &€, is
shown in Figure 12.

Feature spaces W and W: In the combined wavelet feature
spaces W and W, the maximum PCR was 75% for the feature
pair w,&w,, showing that combining datasets does not
substantially improve classification accuracy for wavelet-
based features under the original dataset conditions.

Augmented dataset (32-Fold Cross Validation)

For this stage, the datasets were expanded by adding
Gaussian noise at 1%, 3%, and 5% levels. Consequently,
the number of cross-validation folds was increased to 32
to maintain statistical balance and provide a more reliable
estimate of classifier performance.

Distribution of e6é and &4: Morning vs Evening

A Time of Day
043 e Maorning
a4 Evening
0.40 4
0.35
A
3 0301 +
A
0.25 A
L]
L]
L ] A
0.20 1 * ¢
L
015 L] ®
A

Figure 12: Distribution of training dataset objects e &6, in combination
of heuristic feature spaces E, and E; Source: created by the authors.
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Dataset based on Model1: Feature space E: The SVM
classifier achieved a maximum PCR of 85.94% for the feature
pair:

(em = min hl'(tm)j&(e12 = min h;(tm,tm)j. (48)
me[0,M ] me[0,M ]

Feature space W: In the wavelet space W, the maximum
PCR reached 87.5% for the feature pair w,&w,.

Dataset based on Model2: Feature space EO: For Model2,
the heuristic feature space EO yielded a maximum PCR of
93.75% for the feature pairs:

(éls =argmin gAlz(tma m)j ( s =max | §,(t,,t,) |j (49)

me[0,M ] me[0,M ]

[ &, =argmax| §,(t, >|j [ 8, =argmax| 4, (t,.t, )|j (50)

me[0,M ] me[0,M ]
Feature space W: In the wavelet space W, the classifier

reached a PCR of 89.06% for the feature pair W, &W,, while a
PCR of 87.5% was observed for the pairs W, &W,, W, &W,.

Dataset based on Modell and Model2: Feature spaces
E, and EO: Combining the augmented datasets from Modell
and Model2 led to a substantial improvement in classification
performance for heuristic features. A maximum PCR of
98.44% (95% CI: 95.25-100.00%) was obtained for the
feature pairs:

(elz =min ) t,.t m)] ( o =min g, (t, )J (51)

me[0,M ] me[0,M]
e,=minh,(t .t )|&| &, =mind,(t .t )| (52)
me[0,M ] me[0,M ]

The positioning of training dataset objects in the combined
heuristic feature spaces E, and EO, reflecting the impactof 1, 3,
and 5% noise levels for the feature pair e ,&€,, is shown in
Figure 13.

Distribution of 12 and €12: Morning vs Evening

=0.05 4 »
=0.10
=0.15 1

=0.20 1

&1z

=0.23 4

Time of Day
Morming
Marming (+1% noise)
Marning {+ 3% noise)
=0.35 Morning {+5% noise)
4 Evening
4 Evening (+1% naise)
Evening (+3% noisa)
& Evening (+5% noise)

=0.30 1

=0.40 1

-0.16 -0.14 -0.12 -0.10 -0.08 -0.06
el?

Figure 13: Distribution of training dataset objects e &&,, reflecting the

impact of 1, 3, and 5% noise in combination with heuristic feature spaces
E, and E, Source: created by the authors.
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Feature space W and W: In the combined wavelet
feature spaces W and W, the SVM classifier achieved a PCR
of 89.06% for the feature pair w,&W,, demonstrating a
modest improvement compared to individual models. Unlike
heuristic features, combining datasets for wavelet-based
features provides only a moderate gain in classification
accuracy.

Feature triplet analysis: The expansion of the dataset
through augmentation made it possible to analyze three-
feature combinations and evaluate their contribution to
classification performance.

Feature space E;: For the heuristic space based on
Modell, the highest PCR of 84.38% was achieved for the
triplet e, &e &e, ,, while a slightly lower value of 82.81% was
obtained for e ,&e, &e,,.

Feature space EO: For Model2, the top PCR of 93.75% was
achieved for several triplets, including & &E & € &E &é

€,,&eé ., &é , € && &é  andé &é &€ ..

18’

Feature spaces E; and EO: When merging the heuristic
feature spaces, the classifier reached a maximum PCR of
93.75% (95% CI: 87.69-96.66%) for multiple triplets, such
as:

(96 = max ﬁ;(tm,tm)J & [éw = argmin Q'Z(tm,tm)j &

me[0,M ] me[0,M ] (53)
(éIS =max | Qz(tmstm) |J ;
me[0,M ]
(elz =minh, (tm,tm)j & [éB = argmin Q;(tm,tm)j &
me[0,M] me[0,M] (54)
(éls =max ‘ gz(tmntm) |] 5
me[0,M]
[elg =max | hz(tmstm) |j &(éw = argmin g’\'z(tmstm)) &
€[0,M e[0,M
me[0,M] me[0,M] (55)
[élfi =max | gz(tmatm) |j .
me[0,M ]

Slightly lower results (PCR = 92.19%) were obtained
for e ,&é &€ , while the feature pairs provided higher
classification accuracy.

Feature space W: In the wavelet-based space, the
maximum PCR of 87.5% was achieved for several triplets,
including w,&w &w, w,&w &w, w&w.&w, w&we&w, ,
w&w &w,, and wE&W &W, .

Feature space W: For Model2, the triplet W, &W, &W,
yielded the highest PCR of 93.75%, while W, &W,&W,
produced 89.06%.

Feature spaces W and W: When combining the horizontal
and vertical wavelet feature spaces, the classifier reached
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a maximum PCR of 95.31% (95% CI: 89.97-98.84%) for
w &w. &W,, with w,&w &Ww. showing a slightly lower value of
93.75%. This performance exceeds the best result obtained
for the pairwise wavelet feature combinations (PCR =
89.06%), indicating an additional gain from incorporating a
third complementary feature [28-30] .

The summarized results of all experiments with the
SVM classifier, including original and augmented data, are
presented in Table 3.

The comparative visualization of these results is shown
in Figure 14.

To complement the PCR analysis, additional SVM
performance metrics, including Recall, Precision, and F1-
score, were calculated for the most informative feature
combinations. The results are presented in Table 4.

Table 3: Maximum PCR values obtained using the Bayesian classifier for
original and augmented data in heuristic and wavelet-based feature spaces, %
Source: created by the authors

Feature space Original Augmented (pairs) Augmented (triplets)
E, 81.25 85.94 84.38
E, 81.25 93.75 93.75
E &E, 81.25 98.44 93.75
w 75 87.5 87.5
w 68.75 89.06 93.75
wWe&w 75 89.06 95.31

Table 4: Performance metrics of the SVM classifier for the most informative heuristic
and wavelet feature combinations; Source: created by the authors

Metric
PCR 0.9844 0.9375 0.8906 0.9375
Recall 0.9844 0.9375 0.8906 0.9375
Precision 0.9766 0.9062 0.8359 0.9062
F1-Score 0.9792 0.9139 0.8542 0.9167

SVM Classifier Performance Across Feature Spaces

= oOriginal
mm Augmented (pairs)
E Augmented (triplets)

100

80 4

PCR (%)

Figure 14: Comparison of maximum PCR values obtained using the
SVM classifier for original and noise-augmented datasets (pairwise
and triplet feature configurations).

Source: created by the authors.
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Conclusion

In this study, the human eye movement system was
investigated using nonlinear integral models represented
by quadratic Volterra polynomials in the form of
multidimensional transient characteristics. Experimental
“input-output” data were obtained with the help of advanced
eye-tracking technology, enabling the identification of EMS
models based on three test signals of different amplitudes.
This approach ensured adequate accuracy while maintaining
the simplicity of the mathematical description of the system.

Diagnostic feature spaces were constructed based
on the transient characteristics of the EMS models. The
informativeness of the heuristic feature space (E, and EO)
and the feature space (W and W) formed on the basis of
wavelet decomposition coefficients was analyzed. To assess
the human psychophysiological state, statistical machine
learning methods were applied within these diagnostic
spaces. Training datasets were formed for two experimental
orientations: horizontal (Model1) and vertical (Model2) eye
movements, as well as for a combined dataset integrating
both orientations.

To improve representativeness and generalization,
dataset augmentation was performed by adding Gaussian
noise at levels of 1%, 3%, and 5%. This procedure expanded
the available data and allowed the analysis of both feature
pairs and triplets. Classifier performance was evaluated using
Stratified K-Fold cross-validation to ensure class balance,
applying 8 folds to the original datasets and 32 folds to the
augmented ones. An exhaustive computer-based search of
feature combinations identified pairs and triplets with the
maximum probability of correct recognition (PCR).

A key novelty of this work lies in the integrated
experimental design, which includes classification not only
for horizontal and vertical datasets separately but also for
their combined version. This approach made it possible
to analyze the influence of experimental orientation on
recognition reliability and to evaluate the contribution of
feature combinations derived from integrated models to
diagnostic performance.

The results demonstrate the influence of dataset
augmentation and the obtained two- and three-feature
combinations on classification efficiency. For the Bayesian
classifier, using the original heuristic feature pairs derived
from Model1 yielded a maximum PCR of 87.5%, from Model2
- 75%, and from the combined dataset based on both models
- 87.5%. After dataset augmentation, PCR increased to
93.75% for Modell, 87.5% for Model2, and 98.44% for the
combined dataset.

In the wavelet-based spaces, the maximum PCR for
original feature pairs was 68.75% for all individual and
combined datasets, while augmentation improved the results
to 85.94% for Modell, 81.25% for Model2, and 85.94% for
the combined dataset.
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Analysis of feature triplets further enhanced recognition
performance, achieving PCR values of 93.75% (Modell),
96.88% (Model2), and 100% for the combined dataset
in heuristic spaces, and 81.25%, 85.94%, and 95.31% in
wavelet-based spaces, respectively.

SVM classifiers generally demonstrated lower reliability
compared to the Bayesian approach. For heuristic feature
pairs, the maximum PCR was 81.25% for Modell, Model2,
and the combined dataset. After augmentation, these
values increased to 85.94% (Modell), 93.75% (Model2),
and 98.44% (combined). In the wavelet-based spaces,
pairwise PCRs were 75% (Modell), 68.75% (Model2), and
75% (combined), increasing after augmentation to 87.5%,
89.06%, and 89.06%, respectively.

Triplet analysis provided further improvement, with
PCRs of 84.38%, 93.75%, and 93.75% in heuristic spaces,
and 87.5%, 93.75%, and 95.31% in wavelet-based spaces.
Both dataset augmentation and multi-feature combinations
improved classification accuracy, with Bayesian classifiers
generally outperforming SVM in the studied diagnostic
feature spaces.

The obtained results demonstrate the high efficiency of
the proposed intelligent diagnostic information technology
based on mathematical modeling of the EMS using quadratic
Volterra models built from experimental eye movement
data in horizontal and vertical directions with the help of
eye-tracking technology. These findings open prospects for
the further development of machine learning methods for
psychophysiological state assessment using eye-tracking data
in both horizontal and vertical orientations. Further studies
involving additional respondents and larger experimental
datasets will enable a more comprehensive evaluation of the
proposed methodology.
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