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Abstract. Major depressive disorder (MDD) is one of the most widespread mental illnesses, which necessitates the search
for factors of increased predisposition to this disorder. Single nucleotide polymorphisms in genes of the brain’s neurotrans-
mitter systems are often considered as molecular genetic markers of MDD. Indicators of individual single nucleotide vari-
ability in neurotransmitter genes are used to assess the risk of MDD before its symptomatology at the behavioral level.
However, the predictive capabilities of analyzing genomic variations to assess the risk of depression are not yet sufficiently
reliable and are complemented by behavioral and neurophysiological information about patients. Neurophysiological
markers of MDD provide the most reliable estimates of the severity of pathological symptoms, but they reflect a person’s
state at the time of examination, and not a predisposition to the occurrence of this pathological state and do not allow
assessing the risk of its appearance in the future. Major depressive disorder is often accompanied by abnormalities in a
person’s ability to control motor responses, including the ability to voluntary suppress inappropriate behavior. The “stop-
signal paradigm” (SSP) is an experimental method for assessing the functional balance between the inhibitory and activa-
tion systems of the brain during targeted movements. Combined with EEG recording, this experimental method allows
for the consideration of not only participants’ behavioral characteristics, such as speed or accuracy of responses, but also
the brain’s neurophysiological features associated with behavior control. The objective of this study was to evaluate the
relationship between EEG responses in the stop-signal paradigm and individual single nucleotide variability in candidate
genes for MDD detection. Dimensionality in the original genetic and neurophysiological experimental data was reduced
by principal component analysis (PCA) to subsequently detect an association between EEG response components recorded
during the control of random motor responses and single nucleotide variations in genes, the variability of which is asso-
ciated with MDD risk. Variability in these genes has been shown to be associated with the amplitude of brain responses
under the conditions of test subjects using the PCA method. The results obtained can be used to develop systems for the
early diagnosis of depression, identify individual patterns of impairment in the brain, select methods for correcting the
disease and control the effectiveness of therapy.
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The SNV of genes-candidate for depressive disorder
depends on EEG reactions in the stop-signal paradigm

AHHoTauuA. bonbluoe fenpeccrBHoe paccTpoicTBo (BP) oTHOCUTCA K Hanbonee WMPOKO PacnpoCTPaHEHHbIM NCUXU-
YyecknMMm 3aboneBaHUAM, 4To 00yCNoBAMBaET HEOOXOAMMOCTb NMOMCKa GpaKTOPOB MOBbILEHHOW NPEeAPaACMNONOKEHHOCT K
3TOMY HapylueHunio. B KauecTBe MonekynAapHo-reHeTuyecknx Mmapkepos BJIP yacTo paccmaTprBaloT OfHOHYKIEOTUAHbIE
nonumopdrambl reHoB HepoMeanaToOpHbIX cucteM Mo3ra. MNokasatenu MHAUBUAYaNbHON OJHOHYKIEOTUAHOW Bapwua-
6€eNbHOCTN B reHax HelMpomMeaMaTOPOB NPUMEHAIOTCA ANA OLEHKU pucka noasneHna BIP oo npoasneHua ero cumnto-
MaTMKM Ha noBefieHYeckom ypoBHe. OfHaKo NPOrHOCTMYECKe BO3MOXKHOCTY aHann3a reHOMHbIX Bapuvauuii Ana OLeHKU
purcKa Aenpeccun Ao HACTOALLEero BpeMeHN HeloCTaTOYHO HafleXHbl 1 [JOMOJIHAITCA NOBeAeHYeCcKon 1 Henpodursnono-
rmyeckon nHpopmaumein o naymeHTax. Hemmpodusmonornueckre mapkepbl P fatot Hanbonee HageXHble OLEHKM Bblpa-
YKEHHOCTW MaToNOrMYecKol CUMNTOMATVKM, HO OHU OTParkatloT COCTOAHME YenoBeKa B MOMEHT 06C/1ieloBaHNA, a He npea-
PacnonoKeHHOCTb K BO3HUKHOBEHWIO 3TOMO NMaTOIOMMYeCKOro COCTOAHUA U He NO3BOMAIOT BbIMOMHNUTL OLIEHKY pUCKa ero
nosaeneHua B 6ygywem. bonblioe penpeccnBHoOe pacCcTPOMCTBO YaCTO COMPOBOXKAAETCA OTKIOHEHMAMU B CMOCOBHOCTM
yenioBeKka KOHTPONMPOBATb ABUraTeNbHbIE PeaKLK, BKIOYasa BO3MOXHOCTb MPOU3BO/IbHO MNOAABNATb HeafekBaTHoe Nno-
BefeHue. «Cron-curHan napagurma» (CCr) — sKCneprMEHTaNbHbIN METOZ, AA OLeHKM GYHKLUMOHANbHOro 6anaHca mexay
TOPMO3HbIMM 1 aKTUBALMIOHHBIMW CCTEMaMV FOSIOBHOTO MO3ra B YC/IOBUAX BbINOMHEHMWA LieneHanpaBieHHbIX ABUXEHW.
O6beanHEHHbIN ¢ pernctpaumnent 331, STOT SKCNEePMMEHTaNbHbIM METOA NO3BOJIAET YUNTbIBATb HE TOSIbKO NMOBEAEHYeCK e
XapaKTePUCTUKN YUYACTHUKOB, TaKMe Kak CKOPOCTb MM TOYHOCTb OTBETOB, HO 1 Hepodr3nonornieckne ocobeHHoOCTA
rOIOBHOMO MO3ra, aCCOLMNPOBaHHbIE C KOHTPONEM Hafj noBefeHueM. Llenb HacToALero nccnefoBaHus 3akstodanach B
OLeHKe 3aBUCUMOCTY Mexay 0cobeHHoCTAMY 33T peakLuid B yCNOBUAX Napagnrmbl CTOM-CUFHAN U UHAUBUAYaNbHOW OLHO-
HYKJIEOTUAHOW BapuabenbHOCTbIO B reHax-KaHAMAaTax ana BblAsneHns BP. Pa3amepHOCTb B UCXOLHbIX FreHETUYECKUX U
HeNnpodU3NONOrMYecKnx SKCNepPMMEHTANbHbIX JaHHbIX Oblla CHUXKEHa NPY MOMOLLM aHanm3a rnaBHbIX KOMNoHeHT (PCA)
INA nocneayoLero BbiABNEHNA accoLmaumm Mexay KomnoHeHTamu 331 peaKkuuid, permcTpupyemMbiMy B yCTIOBUAX KOHTPO-
NA MPOU3BONIbHbIX ABUraTENbHbIX PeaKkLni, 1 O4HOHYKIEOTUAHBIMA BapnaLUAaMUN B reHaX, MU3MEHUMBOCTb KOTOPbIX acCo-
LuMmnpoBaHa ¢ puckom BIP. YcTaHOBNEHO, UTO M3MEHUYMBOCTDL B 3TVX FeHaxX acCoLMMPOBaHa C aMMIUTYAHbIMI NOKa3aTensamm
MO3rOBbIX OTBETOB B YC/IOBUAX TECTUPOBaHNA UCMbITyeMblx MeTogom CCI1. MonyyeHHble pe3ynbTaTbl MOFyT ObiTb UCMONb-
30BaHbl A1 Pa3paboTKM CMCTEM PaHHEN AMarHOCTUKU AeNPeCccuy, BbISBAEHNA MHAMBUAYabHbIX NAaTTEPHOB HAaPYLLEHVA B
paboTe rofoBHOro Mo3ra, nogbopa MeETOAOB KOPPEKLMUN 3a6011eBaHNA U KOHTPOSIA Hag 3G dEKTVBHOCTBIO Tepanun.

KnioueBble cnoBa: cTon-curHan napaanrma; 33I; Bbi3BaHHbIE NOTEHLMASbl; O4HOHYKIEOTUAHbBIE NoAMopdU3Mbl; 6onbLLoe

[lenpeccrMBHOE PacCTPONCTBO; METOS MMaBHbIX KOMMOHEHT; PErpPeCcCMOHHbIN aHanm3

Introduction

Major depressive disorder (MDD), also known as clinical
depression, is a psychiatric disorder characterized by sym-
ptoms including depressed mood, loss of interest or pleasure
in previously enjoyable activities, fatigue or loss of energy,
alterations in sleep and appetite, difficulties with concentration
and memory, as well as feelings of guilt and low self-esteem
(DSM-5, 2013). MDD ranks among the most prevalent psy-
chiatric disorders (Wong, Licinio, 2001). Susceptibility to
various forms of depressive disorders is known to depend on
both genetic factors and individual life experiences, particu-
larly during the period preceding the onset of MDD symptoms
(Cross-Disorder Group, 2013; Northoff, 2013; Haase, Brown,
2015; lvanov et al., 2019; Whitney et al., 2019). For many
years, the monoamine theory of depression was considered the
most plausible, and allelic polymorphisms in genes encoding
components of the brain’s monoaminergic neurotransmit-
ter systems have frequently been investigated as molecular
markers of depression susceptibility (Willner et al., 2013).
However, attempts to predict depression risk based solely on
genetic data have generally proven unsatisfactory (Duncan
et al., 2014; Halldorsdottir, Binder, 2017), as depression is a
multifactorial disorder arising from the interplay of multiple
genetic and environmental factors (Ivanov et al., 2019; Wang
et al., 2025). Consequently, the identification of reliable bio-
markers for depression necessitates the concurrent use of not
only genetic but also neurophysiological indicators reflecting
the functional state of the human brain.

Neurophysiological markers of depression may include the
amplitude and latency of event-related potentials (ERPs) de-
rived from electroencephalography (EEG) (Stone et al., 2025).
It is well established that depression is frequently associated

with impairments in inhibitory control, manifesting at both
behavioral and neurophysiological levels (Shetty et al., 2025).
An example of a method used to assess individual capacity
for behavioral self-control is the stop-signal paradigm (SSP)
(Band et al., 2003). This experimental paradigm provides an
objective measure of the functional balance between brain acti-
vation systems that govern goal-directed actions and inhibitory
systems responsible for suppressing inappropriate behavior.

A major challenge in the comprehensive investigation of
depression lies in the need to account for a large number of
variables, the interrelationships of which are not initially
evident to the researcher. This challenge can be addressed
through the application of dimensionality reduction techniques
designed to uncover latent dependencies among factors. In
particular, principal component analysis (PCA) is widely
employed to reduce the dimensionality of original datasets
and to identify the most informative features (Gewers et al.,
2021). PCA transforms the original variables into a lower-
dimensional space, thereby reducing the number of parameters
under analysis and mitigating redundancy inherent in high-
dimensional data (Subasi, Gursoy, 2010).

The aim of the present study was to investigate the associa-
tion between neurophysiological measures recorded during
the stop-signal paradigm and individual single-nucleotide
variability in genes linked to an elevated risk of depression.

In this work, we analyzed genetic and neurophysiological
data obtained from the publicly available ICBrainDB, deve-
loped by researchers at the Institute of Cytology and Genetics,
Siberian Branch of the Russian Academy of Sciences (ICG
SB RAS), and the Institute of Neuroscience and Medicine,
and hosted on the ICG SB RAS website (Ivanov et al., 2022).
Candidate genes for MDD had been previously selected
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through a bioinformatic analysis of scientific publications
retrieved from open-access databases containing information
on depressive spectrum disorders diagnosed in the studied
individuals (Ivanov et al., 2019).

Materials and methods

Participant sample. The sample comprised 212 individuals
for whom both genomic and EEG data were analyzed. Among
them, 47 participants residing in Novosibirsk had a clinically
diagnosed major depressive disorder, while 165 participants
had no diagnosed depression; of these, 67 resided in Novo-
sibirsk, 50 in Yakutsk, and 48 in Khandyga, Sakha Republic.

Experimental design. Participants performed a series of
tasks in a stop-signal paradigm modified by A.N. Savostyanov
and colleagues (2009). During the task, one of two visual
stimuli was presented on the screen; upon the appearance
of the target stimulus, participants were required to press a
button on the keyboard. On a subset of trials, a stop-signal
appeared shortly after the target stimulus, instructing the par-
ticipant to abort the already initiated motor response. Across
the experiment, each participant completed 135 trials, 35 of
which included a stop-signal. EEG was recorded using a
128-channel NVX-132 amplifier. Electrodes were positioned
according to the international 10-5 system, with AFz serving
as the ground electrode and Cz as the reference. The signal
bandwidth was set between 0.3 and 100 Hz, and the sampling
rate was 1,000 Hz.

EEG signal processing. Raw EEG recordings contained
non-neural noise, including ocular movement artifacts, facial
muscle activity, cardiac electrical activity, and vascular arti-
facts. All non-neural artifacts were removed using independent
component analysis (ICA), implemented in the EEGLAB
toolbox (Delorme, Makeig, 2004). ICA is a computational
algorithm that decomposes multichannel data into statistically
independent components. In contrast, PCA identifies compo-
nents characterized by high mutual dependence.

From the preprocessed EEG data, two types of epochs were
extracted: go-epochs (intervals of brain activity time-locked to
the participant’s button press following the target visual stimu-
lus) and stop-epochs (intervals corresponding to successful
inhibition of the motor response after stop-signal presentation).
Epoching for go-trials was performed relative to the onset of
the target stimulus, whereas for stop-trials it was aligned to the
onset of the stop-signal. Within go-epochs, two distinct EEG
peaks were identified: a premotor peak (400-600 ms post-
stimulus) and a postmotor peak (700—800 ms post-stimulus).
The premotor peak reflects brain activity associated with
motor preparation, whereas the postmotor peak corresponds
to neural processes occurring during movement execution.

In stop-epochs, two additional peaks were identified, either
preceding or following the suppression of the motor response.
These peaks and their corresponding time windows were de-
termined based on visual inspection of event-related potential
(ERP) waveforms recorded at electrode C3, which overlies the
motor cortex of the left hemisphere. Using the ERPLAB tool-
box (Lopez-Calderon, Luck, 2014), for each of these peaks,
the following quantitative measures were computed separately
for each participant and each EEG channel: peak maximum
amplitude, mean amplitude within the peak window, and peak
latency. Since each participant completed 100 go-trials and
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35 stop-trials during the experiment, brain responses were
averaged across trials for each participant. EEG channels were
grouped into 12 spatially defined regions: left frontal, medial
frontal, right frontal, left temporal, left central, medial central,
right central, right frontal, left parietal, medial parietal, right
parietal, and a combined occipital group. Consequently, the
initial EEG dataset comprised 144 parameters: 12 (electrode
groups) x 2 (ERP peaks) x 3 (quantitative measures: maxi-
mum amplitude, mean amplitude, latency) x 2 (experimental
conditions: go or stop).

Genetic data. Genetic material, collected as either whole
blood or buccal epithelial cells, was obtained from all par-
ticipants. Targeted sequencing of 164 genes was performed
using this material. These genes were selected based on prior
reconstruction and analysis of a gene network associated
with susceptibility to MDD (Ivanov et al., 2019). Targeted
sequencing libraries were prepared for these 164 genes, and
high-coverage next-generation sequencing (NGS) was
conducted for all participants. For each allele of every gene
in the list, a binary variability index was assigned for each
participant relative to the reference genome (lvanov et al.,
2022). If a participant’s allele sequence matched the reference
genome exactly, the variability index was set to 0; if one or
more nucleotide substitutions were present, the index was
set to 1 (regardless of the number of substitutions within the
allele). Across all participants, 799 single-nucleotide poly-
morphisms were identified in 121 of the 164 sequenced genes.
No nucleotide substitutions were detected in any participant
for the remaining 43 genes. Thus, the total number of input
genetic parameters was 242 (121 genes x 2 alleles per gene).

Results

As previously stated, the aim of this study was to assess the
association between EEG responses recorded during the stop-
signal paradigm and individual single-nucleotide variability in
candidate genes linked to MDD risk. To achieve this objective,
amulti-stage analysis of the experimental data was conducted,
and the results are presented below.

Task 1. Identification of MDD candidate genes exhibiting
significant associations between single-nucleotide
variability and EEG measures
To address Task 1, a series of linear models was constructed,
wherein each EEG parameter served as a dependent variable
and the binary indicator of the presence or absence of single-
nucleotide variants (SNVs) in a specific gene served as the
independent variable. The term “linear model series” refers
to separate linear regression analyses performed for each
unique pair of “EEG parameter — single-nucleotide variabi-
lity” (Table 1). Given 144 EEG parameters and 242 genetic
parameters, the initial number of parameter pairs subjected to
linear regression totaled 34,848. An individual linear regres-
sion model was formulated as follows:
EEG_parameter =By + By + e.

Here, B4 represents the binary predictor coded as 0 (no nuc-
leotide substitution in the allele) or 1 (at least one substitution
present).

The dependent variable was a quantitative EEG measure,
while the predictor was the binary indicator of nucleotide
substitution presence in a given gene allele. If at least one
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Table 1. Example of a parameter pair used in linear regression analysis.
The first parameter is individual variability in the ADRA2B gene; the second is the amplitude

of the premotor ERP peak in the right parietal cortex

Participant ID ADRAZB gene
(0 — no variability;

1 - variability present)
D_Nov_001 0
D_Yak_2016_001 1

substitution was present in one allele, the binary indicator
was assigned a value of 1. The two alleles of the same gene
were treated as two distinct binary predictors. This approach
enabled testing whether single-nucleotide variability in each
candidate gene was associated with alterations in a given
EEG parameter.

In addressing Task 1, multiple comparisons were corrected
using the Benjamini—Hochberg procedure (False discovery
rate, FDR) to control the expected proportion of false rejec-
tions of the null hypothesis (Benjamini, Hochberg, 1995).
The FDR method is more statistically powerful than the
Bonferroni correction and is particularly advantageous when
the number of tested hypotheses is large or when minimizing
false positives is prioritized over strict per-hypothesis control
of Type I error.

Associations were tested between all 144 EEG measures
and variability in each of the 121 genes in which at least one
SNV was detected in at least one participant. This analysis
revealed statistically significant associations (FDR-corrected
significance threshold g <0.05) for only five genes — ADRA2B,
TF, HCRTR2, WFS1, and PENK — and four EEG measures
recorded during go-epochs in the medial frontal, right parietal,
left parietal, and combined occipital cortical regions (Table 2).
Notably, significant associations for three genes (ADRA2B, TF,
HCRTR2) were observed across three cortical regions (right
parietal, left parietal, and occipital), whereas for the remaining
two genes (WFS1 and PENK), significant associations were
confined to the medial frontal cortex. These five genes were
subsequently included in further analyses.

Table 2 summarizes the linear regression results linking
EEG measures to polymorphisms in MDD candidate genes. It
lists 11 most significant “gene—EEG measure” pairs with the
lowest FDR-corrected p-values (g-values), along with their
uncorrected p-values. All reported associations are significant
at FDR < 0.05.

The average frequency of single-nucleotide variants for
each of the five selected genes across the entire participant
sample is presented in Table 3. The prevalence of variant car-
riers for these genes ranged from approximately one-third to
two-thirds of participants, ensuring sufficient variability for
robust statistical analysis.

Task 2. Dimensionality reduction

of neurophysiological data using principal

component analysis

In addressing Task 2, PCA with prior feature standardization
was applied to reduce the dimensionality of the EEG dataset
(Rokhlin et al., 2010). From the original set of 144 EEG
variables, 15 principal components were extracted. The

Amplitude of the postmotor EEG peak in the “go”
condition in the right parietal cortex, uv

1.68
8.05

Figure demonstrates that these 15 components collectively
account for approximately 80 % of the total variance in the
original EEG parameters, thereby capturing the majority of
inter-individual variability.

Task 3. Assessment of the influence of variability

in MDD candidate genes on integrated measures

of brain activity derived from PCA

In Task 3, for each of the five selected genes showing statis-
tically significant associations with specific EEG measures
(Table 2), a regression analysis was performed between the
principal components (PCs) and the binary indicators of poly-
morphism presence. Unlike in Task 1, where regression was
conducted on individual EEG parameters, here the analysis
was performed on integrated composite measures (the prin-
cipal components) that collectively explain 80 % of the total
inter-individual variance in the EEG data (see the Figure).

Among the 15 PCA-derived components of brain activity,
only the third principal component (PC3) exhibited a statisti-
cally significant association with genetic variability in the
MDD candidate genes. This finding is summarized in Table 4,
which presents the results of statistical significance testing for
the effects of genetic variability in the five candidate genes on
the three most informative PCA components.

To provide a neurophysiological interpretation of the
observed associations, factor loadings for the third principal
component (PC3) were computed for each of the original EEG
measures. In the context of PCA, a factor loading represents
the correlation coefficient between an original variable and a
principal component, indicating the strength and direction of
their association. The factor loadings of the original EEG mea-
sures for PC3 are presented in Table 5. As evident from these
results, PC3 is most strongly associated with brain activity in
occipito-parietal cortical regions and, to a somewhat lesser
extent, with frontal cortical activity. This cortical topography
is characteristic of functional processes involved in attentional
control during visual stimulus recognition. Furthermore, it is
apparent that both premotor and postmotor ERP peaks-across
both go- and stop-episodes contributed most substantially to
this component.

Task 4. Prediction of candidate gene variability based on
composite EEG measures (solving the inverse problem)

To address this task, logistic regression with L1 regularization
(Flach, 2016) was employed to predict the presence or absence
of single-nucleotide variants in MDD candidate genes using
the first 15 EEG-derived principal components (PC1-PC15).
Unlike linear regression, which models continuous dependent
variables, logistic regression is designed for binary outcomes.
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Table 2. Results of the association analysis between the amplitude of the postmotor ERP peak in go-episodes
of the stop-signal paradigm and binary variability in MDD candidate genes

Gene with identified Cortical region in which EEG responses

Significance level FDR-corrected significance

variability depended on gene variability (p-value) level (g-value)
ADRA2B right parietal 7.35E-34 1.15E-29
left parietal 9.88E-26 1.03E-22
occipital 2.65E-28 5.91E-25
TF right parietal 1.48E-32 7.70E-29
left parietal 1.66E-26 1.85E-23
occipital 1.34E-29 4.17E-26
HCRTR2 right parietal 1.48E-32 7.70E-29
left parietal 1.66E-26 1.85E-23
occipital 1.34E-29 4.17E-26
WFS1 medial frontal 4.93E-27 8.53E-24
PENK medial frontal 5.44E-28 1.06E-24

Table 3. Mean number of single-nucleotide variants in selected MDD* candidate genes

MDD candidate gene Mean variability**

Standard deviation (Std)

Percentage of individuals with no substitutions

in this gene
ADRA2B 0.29 0.45 70.54
TF 0.34 0.47 65.75
HCRTR2 0.34 0.47 65.75
WFS1 0.65 0.48 34.93
PENK 0.63 0.48 36.98

* Data are shown only for genes exhibiting significant associations between genetic variability and EEG measures. ** In this context, mean values represent the
proportion of participants in the sample who carried at least one nucleotide substitution in the respective gene.

14 o 4
ES o [

Proportion of Explained Variance

o
[N

1 2 3 4 5 6

Threshold: 80 % Variance

7 8 9 10 1 12 13 14 15

Number of Principal Components

Cumulative variance explained by principal component analysis of EEG data.

The red dashed line indicates the 80 % variance threshold.

In our case, the logistic model aimed to estimate the pro-
bability of genetic variability in MDD candidate genes based
solely on EEG-derived features, thus constituting the inverse
problem. The input features consisted of the first 15 princi-
pal components extracted from the original EEG parameter
space, while the target variables were binary indicators of

deviation from the human reference genome in the five genes
previously shown to exhibit significant associations with EEG
components: ADRA2B, WFS1, PENK, TF, and HCRTR2.
Model performance was evaluated using the area under the
receiver operating characteristic curve (AUC), computed
via 5-fold stratified cross-validation. The accuracy estimates
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(AUC values) and their standard deviations across the five
cross-validation folds are presented in Table 6. As shown in
Table 6, prediction accuracy for binary genetic variability in
three of the five candidate genes ranged from 0.73 to 0.78,
with standard deviations between 0.13 and 0.18. These results
indicate that the presence of binary variability in MDD candi-
date genes can be predicted from EEG data recorded during
the stop-signal paradigm with 70-80 % accuracy, thereby
providing convergent evidence for a robust link between
genetic susceptibility and neurophysiological phenotypes.

Thus, the sequential accomplishment of the four objectives
of our study enabled us to: (1) identify a list of candidate genes
for MDD, the variability of which is associated with measures
of brain activity during behavioral control; (2) determine com-
posite characteristics of brain activity accounting for 80 % of
the variance in EEG data; (3) identify an integrated measure of
brain activity most robustly associated with single-nucleotide
variability in MDD candidate genes; and (4) solve the inverse
problem by predicting variability in MDD candidate genes
based on EEG-derived measures.

Discussion

A fundamental challenge in identifying candidate genes for
most psychiatric disorders is that the behavioral effects of
single-nucleotide variations in any individual selected gene are
relatively weak (Duncan et al., 2014). Depression exemplifies
a disorder for which no direct and unambiguous associations
with specific g-enes have been established (Halldorsdottir,
Binder, 2017). This suggests that the genetic underpin-
nings of depression are highly heterogeneous across indivi-
duals and cannot be reduced to a small set of genes and their
mutations.

This has motivated a shift in focus from analyzing the con-
tribution of individual genes or mutations toward investigating
interconnected complexes of genes, their protein products,
and metabolites. Such gene complexes are referred to as
“gene networks” (Kolchanov et al., 2013). A gene network
may encompass dozens to hundreds of genes, along with the
multitude of proteins and metabolites they encode. Previously,
using bioinformatic approaches, fragments of a gene network
implicated in susceptibility to major depressive disorder

Table 5. Factor loadings of original brain activity measures for PC3

The SNV of genes-candidate for depressive disorder
depends on EEG reactions in the stop-signal paradigm

Table 4. Results of linear regression between the first three EEG
principal components (PC1-PC3) and variability in the five MDD
candidate genes*

Gene, the variability of which
influenced brain activity

Significance level (p-value)

PC3
WFS1 0.0055
TF 0.0065
HCRTR2 0.0065
PENK 0.0065
ADRA2B 0.0258

PC1
ADRA2B 0.3297
TF 0.2844
HCRTR2 0.2844
WFS1 0.2876
PENK 0.2844

PC2
TF 0.3109
HCRTR2 0.3109
WFS1 0.3028
PENK 0.3109
ADRA2B 0.3933

* Results are ordered by the significance level of the linear regression.

(MDD) were reconstructed (lvanov et al., 2019). In the same
study, a comprehensive dataset was assembled, integrating
psychometric, neurophysiological, and genetic data reflecting
the analysis of SNPs across 164 genetic loci incorporated into
the depression-related gene network (Ivanov et al., 2022). The
aim of the present study was to identify genes associated not
only with psychometric traits but also with neurophysiolo-
gical characteristics of brain activity, which may likewise be
considered as manifestations of depression.

EEG parameter

Occipital cortex, postmotor peak, stop-episodes
Right parietal cortex, premotor peak, stop-episodes
Left parietal cortex, premotor peak, stop-episodes
Right frontal cortex, postmotor peak, stop-episodes
Occipital cortex, postmotor peak, go-episodes

Right parietal cortex, postmotor peak, go-episodes
Medial parietal cortex, postmotor peak, go-episodes
Medial parietal cortex, premotor peak, stop-episodes
Left frontal cortex, postmotor peak, stop-episodes

Left parietal cortex, postmotor peak, go-episodes

Factor loading* for PC3 (p < 0.05)
0.24
0.22
0.21
0.19
0.19
0.18
0.17
0.17
0.17
0.16

* Factor loading denotes the correlation coefficient between an EEG measure and the integrated score of PC3.
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Table 6. Results of logistic regression for predicting
the presence of mutations using the 15 EEG
principal components

Gene AUC - measure of the accuracy Standard deviation
in predicting variability

WFS1 0.78 0.15

PENK 0.76 0.18

TF 0.75 0.13

HCRTR2  0.75 0.13

ADRA2B  0.73 0.15

Behavioral control is one of the core cognitive functions
in humans, and its impairment constitutes a symptom of
numerous neuropsychiatric disorders. In the present study,
we analyzed the relationship between parameters of human
ERPs and the presence of single-nucleotide variations in
candidate genes for MDD within a combined sample com-
prising both healthy individuals and those diagnosed with
depressive disorder. Our results demonstrate that the ampli-
tude of the postmotor positivity in go-trials of the stop-signal
paradigm is associated with binary variability in five MDD
candidate genes: ADRA2B, TF, HCRTR2, WFS1, and PENK
(Table 2).

Associations with genetic variability were observed not
only for several localized EEG measures reflecting cortical
activity in specific brain regions during brief phases of task
performance but also for an integrated measure of global brain
activity derived via PCA, which captures more general fea-
tures of the nervous system’s functional state (Table 4). This
integrated brain activity measure significantly influenced by
genetic variability reflects the engagement of cortical regions
involved in visual signal perception and voluntary attentional
control (Table 5). Furthermore, we demonstrated that these
integrated EEG measures can serve as predictors of single-
nucleotide variability in MDD candidate genes with 70-80 %
accuracy when applying logistic regression (Table 6), thereby
indicating the feasibility of solving the inverse problem:
predicting genetic variability from neurophysiological data.

Additional findings from our prior work indicate that ERP
amplitudes during performance of the stop-signal paradigm
are positively correlated with the severity of depressive
symptoms (Zorina et al., 2025). Thus, a coherent link emerges
between specific genes, the variability of which is associated
both with depression at the behavioral level and with a neuro-
physiological marker of elevated depressive symptomatology.
Information from Ivanov et al. (2019) further clarifies the
biological roles of these genes: (a) ADRA2B encodes the alpha-
2B adrenergic receptor, a member of the G protein-coupled
receptor family; (b) TF encodes transferrin; (c) HCRTR2
encodes hypocretin (orexin) receptor type 2; (d) WFS1 en-
codes wolframin; and (e) PENK encodes the proenkephalin
precursor protein. Our new findings indicate that variability in
these MDD candidate genes is associated with brain activity
parameters reflecting an individual’s capacity for behavioral
self-control —a function impaired in MDD — thereby support-
ing the existence of a composite genetic-neurophysiological
marker linked to depression risk.

2025
29.7

SNV reHoB-KaHAMAATOB AeNpPecCMBHOIO PacCcTPONCTBa
3aBUCUT OT DII-peakLmii B napagmurme CTon-curHan

Conclusion
The present analysis revealed statistically significant associa-
tions between polymorphisms in the ADRA2B, TF, HCRTR2,
WFS1, and PENK genes and EEG signal characteristics
recorded during performance of the stop-signal paradigm.
Principal component analysis effectively reduced data dimen-
sionality and enabled the identification of the most informative
indices of integrated brain activity. Logistic regression models
demonstrated that EEG-derived parameters can predict, with
moderate accuracy, the presence of single-nucleotide substitu-
tions in MDD candidate genes. These results may facilitate
the assessment of complex interdependencies between genetic
and neurophysiological markers associated with depression.
Limitations. This study did not specifically evaluate differ-
ences between clinically diagnosed patients with depression
and healthy participants. A more detailed comparison of the
identified associations between neurophysiological and mo-
lecular biological markers of depression remains an objective
for future, more granular analyses currently planned in our
ongoing research.
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