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Abstract

Background: Heterogeneous pathophysiological characteristics in patients with major depressive disorder (MDD) lead to individually
differentiated sensitivities to antidepressants. Based on the hypothesis that gamma-band dynamic fluctuations in cortical functional
connectivity (FC) in response to salient stimuli are linked to pathophysiological characteristics, we conducted a classification analysis
for antidepressant responsiveness prediction.

Methods: Biosignals and psychological measures were acquired from 47 patients with MDD prior to treatment. After 8 weeks of
antidepressant therapy, patients were divided into non-remitted MDD (nrMDD; aged 42.55+11.52 years; n=20) and remitted MDD
(rMDD; aged 47.22 +11.59 years; n=27) groups based on their depressive symptom reduction. Electroencephalography (EEG) signals
were acquired during the duration-variant auditory mismatch negativity paradigm. From the deviant condition, gamma-band weighted
phase-lag index-based dynamic fluctuations were evaluated using a template generated from 21 demography-matched healthy control
(aged 43.81+14.10 years) data.

Results: Using these dynamic functional connectivity (dFC) features, a machine learning-based classification analysis was performed
for ntMDD and rMDD. Using leave-one-out cross-validation, the linear discriminant analysis classifier achieved the best accuracy
(82.98%) for classifying ntMDD and rMDD. Further simple effect analyses identified three core dFC features for ntMDD: (i) relatively
intact time-dependent FC between the left frontal and right temporal regions; (ii) disrupted right frontoparietal FC; and (iii) disrupted
left fronto-temporal FC. These dFC features commonly exhibit transient hyperconnections in patients with nrMDD.

Conclusions: We demonstrated that gamma-band dFC responses to salient stimuli could serve as potential biomarkers for
antidepressant responsiveness prediction in patients with MDD.

Keywords: electroencephalography; major depressive disorder; antidepressant responsiveness; dynamic functional connectivity;
mismatch negativity.

Significance Statement

Predicting antidepressant responsiveness in patients with major depressive disorder (MDD) remains a clinical challenge due to their
heterogeneous pathophysiology. Here, we propose that aberrant gamma-band dynamic functional connectivity (dFC) during auditory
mismatch negativity experimental paradigm may serve as potential biomarkers for predicting antidepressant responsiveness. Using
machine learning classifiers, we demonstrated that these dFC measures acquired during the baseline period could classify patients
as non-remitted MDD or remitted MDD. Further statistical analyses suggest that transient inter-regional hyperactivity contributed
to this result, potentially associated with N-methyl-D-aspartate receptor dysfunction. Consistent with previous static FC findings,
non-remitted MDD could be characterized by altered functional network patterns compared to demographically matched healthy
controls. These results suggest that pre-treatment gamma-band dFC features could provide objective neural markers, facilitating
future treatment planning in MDD.
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INTRODUCTION

Prediction of antidepressant responsiveness in patients with
major depressive disorder (MDD) remains a critical challenge.
Although antidepressant treatment is one of the foremost
therapies, ~20%-30% of patients do not respond favorably to
it."? This empirical, trial-and-error treatment approach can
expose treatment-resistant patients to unnecessary side effects
of medicines that significantly influence the central nervous sys-
tem.”> Numerous clinical studies have indicated that antidepres-
sant responsiveness is associated with various heterogeneities in
patients with MDD. For instance, those who exhibit more severe
clinical symptoms involving functional brain networks, such as
anhedonia, attentional deficits, or socio-affective impairments,
tend to show greater resistance to pharmacotherapy.*® This led
to the hypothesis that MDD encompasses several subtypes with
diverse pharmacotherapeutic responsiveness.

Neuroimaging studies are advantageous for subtype analyses.
They offer pathophysiological insights into treatment-resistance
traits by providing objective neurobiological evidence. Among var-
ious neuroimaging modalities, electroencephalography (EEG) is a
promising tool for investigating biomarkers to predict antidepres-
sant responsiveness prior to treatment. Specifically, EEG directly
captures complex neurophysiological activities with superior
temporal resolution compared to functional magnetic resonance
imaging (fMRI).”® Several EEG-based studies have demonstrated
that treatment responsiveness can be predicted via various
neural patterns, such as power spectral density (PSD), event-
related potential, and functional connectivity (FC).°'* Despite this
potential, prediction of antidepressant responsiveness remains
challenging. Although most pathophysiological findings have
been validated statistically, there is a need for validation at the
individual level to develop practical clinical applications.

Previous EEG-based studies have demonstrated that machine
learning (ML)-based classifiers could predict antidepressant
responsiveness.®- 191418 These studies generally integrated feature
candidates derived from both the baseline (ie, Oth week) and
early treatment phases (Ist or 2nd week) to enhance the
classification performance.®’>'/ However, these short periodic
antidepressant dosages can also significantly influence the
central nervous system,'®?? potentially causing side effects owing
to neurotransmitter activity modulation. Moreover, the reported
performance by some studies was inflated owing to wrong
validation processes, such as information leakage or overfitting.

Expanding the number of biomarker candidates could be a
breakthrough in the development of reliable predictive systems.
Although most previous ML-based studies primarily utilized
resting-state PSD-related features, recent suggestions indicate
that a combination of diverse biomarkers could enhance the
ML performance by capturing the heterogeneous characteristics
of individual patients with MDD.!%:/:?1 In particular, it is well
known that various well-established EEG biomarkers derived
from passive experimental paradigms, which do not require
overt behavioral responses, reflect distinct pathophysiological
characteristics of MDD. For example, duration-variant auditory
mismatch negativity (MMN) is influenced by disrupted N-methyl-
D-aspartate receptor (NMDAR) activity in MDD.??:?* Furthermore,
it is worth noting that the MMN paradigm offers emotionally
neutral yet salient stimuli, enabling the exploration of neural
mechanisms involved in salient information processing and
the expansion of clinically relevant biomarker candidates. For
instance, gamma-band EEG activity, which is known to involve
temporal synchronization across cortical networks influenced by

NMDAR functioning,?*?/ potentially provides neurophysiological
information regarding dynamic cortical communication during
these cognitive processes.

Non-zero phase-lag gamma-band inter-regional synchroniza-
tions have recently been suggested to play a role in feed-forward
communication.’®?° This high-frequency band is particularly
advantageous for assessing neural dynamics. Technically,
it can provide sufficient oscillations for reliable frequency
analysis within the limited temporal windows. Furthermore,
neurobiologically, it is not only associated with the NMDAR
functioning, but also suitable for reflecting dynamic neural
processes.*>-3!  Nevertheless, various studies have analyzed
gamma-band networks on the assumption of stable connectivity
patterns,t'?:32 reporting that treatment-resistant MDD generally
exhibits more altered neural pathways. Unlike this static network
assumption, dynamic functional connectivity (dFC) captures
time-varying changes in inter-regional interactions, offering
insights into transient neural communication patterns. Therefore,
investigating dFC patterns may broaden the understanding of
pathophysiology underlying antidepressant treatment resistance,
serving as novel biomarkers.

In this study, we investigated whether pre-treatment FC
dynamics in response to salient stimuli can predict antidepres-
sant responsiveness. Specifically, gamma-band dFC was evalu-
ated to capture transient information flow and then employed as
a feature candidate to discriminate between non-remitted MDD
(nrMDD) and remitted MDD (rMDD) under the MMN paradigm.
The feasibility of dFC features was demonstrated using ML-
based classification models. Further statistical analyses and
pathophysiological interpretations were conducted to identify
powerful features. We hypothesized that patients with nrMDD
would exhibit aberrant salient information processing, which is
associated with their pathophysiological characteristics.

METHODS
Participants

Atotal of 51 patients with drug-naive MDD (aged 45.22 & 12.20 years;
Males: 3) were enrolled in the study from the Department of Psy-
chiatry at the Inje University, Ilsan Paik Hospital. Diagnoses were
made by board-certified psychiatrists based on the Structured
Clinical Interview for the DSM-5. None of the patients had any
history of neurological illness, intellectual disability, substance
abuse, traumatic brain injury, psychotic disorder, bipolar disorder,
personality disorder, post-traumatic stress disorder, obsessive
compulsive disorder, or hearing impairment. Furthermore, none
of the patients were pregnant. They refrained from taking any
psychotropic medication for at least 1 month prior to data
acquisition.

After data acquisition, antidepressant treatment, either vor-
tioxetine or escitalopram, was administered for 8 weeks. Par-
ticipants received 10 mg po for the 1st week, which was then
flexibly adjusted to a range of 10-20 mg po until the 8th week.
Afterward, the patients were divided into two groups according to
their depressive symptom severity level at the end of treatment,
based on the Hamilton Depression Rating Scale for the 8th week
(Ham-Dg; details in the following section): (i) ntMDD (Ham-Dg > 8,
n=20) and (i) rtMDD (Ham-Dg < 8, n=27). It should be noted that
data analysis was conducted with 47 patients with MDD (aged
46.61+10.05 years; Males: 3) due to data quality issues (details
in the Supplementary Material). Several patients had comorbidi-
ties: panic disorder (ntMDD =4 vs. tMDD = 8), insomnia (3 vs. 6),
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adjustment disorder (1 vs. 4), agoraphobia (2 vs. 1), anxiety dis-
order (0 vs. 2), neurotic disorder (1 vs. 0), dysthymia (1 vs. 0),
somatization (0 vs. 1), and palpitation (0 vs. 1).

In addition, a total of 22 healthy controls (HCs; aged 46.61+
14.00 years; Males: 3) were recruited from the local commu-
nity using flyers and posters. None had any major psychiatric
or neurological disorders, head injuries, or hearing impairment.
Furthermore, they had no family history of psychiatric disor-
ders. Due to data quality issues, one participant was excluded
from further analysis. As a result, the data from 21 HCs (aged
43.81+14.10 years; Males: 3) were analyzed.

This study was conducted in accordance with the Declaration
of Helsinki. All individuals provided written informed consent
and fully understood the nature of the experiment prior to their
participation. Ethical review and approval of this study were
obtained from the Inje University, Ilsan Paik Hospital Institutional
Review Board (Nos. 2016-08-017-007 and 2015-04-316-019).

Psychiatric Measures

To assess depressive and anxiety symptom severity, the Hamil-
ton Depression Rating Scale (Ham-D) with 17 items®* and the
Hamilton Anxiety Rating Scale (Ham-A) with 14 items were
employed. In addition, to assess psychomotor and working mem-
ory processing speed, the Digit-Symbol Substitution Test (DSST)*
was employed. These psychiatric measures were obtained at the
baseline (ie, Oth week) and after the treatment (ie, 8 week).

Experimental Paradigm

All participants engaged in a duration-variant auditory MMN
paradigm. The probability of a deviant stimulus was set to 10%
for 750 trials. The participants were asked to watch a silent movie
(Charlie Chaplin silent film) during auditory stimulus presenta-
tion without focusing on the auditory stimuli. Auditory stimuli
were presented binaurally using noise-canceling MDR-D777 head-
phones (Sony, Tokyo, Japan). The pitch and loudness of all stimuli
were set to 1000 Hz and 85 dB, respectively. The interstimulus
interval was fixed at 600 ms. The duration of the stimulation was
set to 50 ms for the standard stimuli and 100 ms for the deviant
stimuli, with the rising and falling edges set to 10 ms. The detailed
information is accessible in our previous study.*?

Signal Acquisition

The participants were asked to sit comfortably on a chair. Biosig-
nals were acquired using Neuroscan SynAmps?2 (Compumedics,
El Paso, TX, USA). A total of 64 Ag-AgCl electrodes mounted on
a QuikCap were placed according to the extended 10-20 system
to record the EEG signals. To record the horizontal and vertical
electrooculogram components, four additional electrodes were
placed on the outer canthi above and below the left eye. An
additional channel was attached below the clavicle to record the
electrocardiogram signals. The impedance of all electrodes was
maintained below 5 k2 during the recording. Biosignals were
recorded at a 1000-Hz sampling rate, before applying a bandpass
filter with cutoff frequencies of 0.1 and 100 Hz. A 60-Hz notch
filter was applied to reject power-line noise.

Signal Pre-Processing

The acquired EEG signals were pre-processed using the EEGLAB
toolbox*® in MATLAB R2023a (MathWorks, Natick, MA, USA). The
EEG signals were pre-processed using independent component
analysis, bandpass filtering between 0.1 and 50 Hz, bad block
removal, and bad channel interpolation (further details can be
found in the Supplementary Material). The cleaned EEG signals

were segmented into 700 ms, ranging from —100 to 600 ms
according to the stimulus onset. Subsequently, the signals were
detrended and baseline-corrected. Among them, 45 deviant
condition segments were randomly selected from those with
absolute maximum amplitudes of less than 75 uV.

Construction of the Dynamic Functional Network

To construct functional brain networks, source-level signals were
reconstructed using the Brainstorm toolbox.>” From the common-
average referenced sensor-level EEG signals, source activities were
calculated using a depth-weighted L2-norm estimator. The lead
field matrix was acquired for 15002 cortical voxels based on the
Colin27 MRI brain template using a three-layer boundary element
model implemented in the OpenMEEG project software.®

A total of 31 cortical regions were used as representative
functional nodes. These regions of interest (ROIs) were deter-
mined based on previous resting-state fMRI studies.’>?:4° Their
representative source activities were reconstructed as the first
principal components of the neighboring voxels within a 5-
mm Euclidean distance from their representative Montreal
Neurological Institute coordinates. Whole-brain ROIs were
included in one of the six modules (Table S1 and Figure S1): (i)
visual network (VN; R1-R2); (ii) somatosensory network (R3-R4);
(iii) dorsal attention network (R5-R12); (iv) default mode network
(DMN; R13-R16); (v) central executive network (CEN; R17-R24);
and (vi) salience network (R25-R31).

Hilbert-transform-based weighted phase-lag indices (wPLIs;
Supplementary Material)*"*> were evaluated between pairs of
nodes for the gamma band as FCs (ie, edges). The reconstructed
source-level segments were bandpass-filtered between 30 and
50 Hz using a sixth-order Butterworth filter. To assess the dynamic
fluctuations of the FCs, wPLIs were calculated for every 5-ms time
point using a 150-ms rectangular sliding window with 10 ms at
both ends being eliminated to minimize edge effects. The wPLIs
were calculated between 0 and 500 ms within each segment
to minimize stimulus-irrelevant effects. It should be noted that
among the various frequency bands, gamma-band analysis is the
only methodologically reliable within the short temporal window
used in this study, as fewer than four oscillations are captured for
frequency components lower than 30 Hz. To mitigate noise and
artifactual effects, we averaged the time-variant wPLIs across the
randomly selected 45 epochs.

To evaluate the temporal dynamics of FCs, a template was
created using demography-matched HC data. Specifically, the
‘normative” template was acquired by grand-averaged time-
dependent wPLIs of HCs. Pearson correlations were computed
across time points (0-500 ms) between the template and each
patient’s time-dependent wPLI trajectories for every pair of nodes.
This approach was carefully designed to efficiently compress the
feature space while capturing this pathophysiological character-
istic, without relying on prior information about the dataset.

Pearson correlation coefficients were computed between the
template and the corresponding time-dependent wPLIs for each
patient for dFC evaluation. The correlation coefficients were then
Fisher’s r-to-z transformed for the distribution to follow normality
(Supplementary Material). Ultimately, 465 dFC feature candidates
(e, all possible edges among 31 nodes) were extracted from each
patient.

ML-Based Classification Analysis

An ML-based classification analysis was performed to demon-
strate the potential of dFC features. Three types of classifica-
tion models, namely, linear discriminant analysis (LDA), k-nearest


https://academic.oup.com/ijnp/article-lookup/doi/10.1093/ijnp/pyaf042#supplementary-data
https://academic.oup.com/ijnp/article-lookup/doi/10.1093/ijnp/pyaf042#supplementary-data

4 | International Journal of Neuropsychopharmacology, 2025, Vol. 28, No. 7

neighbors (KNNs), and support vector machine, were employed
for ntMDD and rMDD classification. The model hyperparameters
were set as their default values (Supplementary Material), except
for the number of neighbors for the KNN model, which ranged
from 2 to 10. Leave-one-out cross-validation (LOOCV) was used
to validate the classifier performance. For each fold (n=47), a
maximum of five features were independently selected from the
training set to prevent dimensionality-related overfitting. Specif-
ically, from the 465 dFC feature candidates, we selected those
with the top Fisher scores, calculated as the ratio of between-
class variance to within-class variance.*® It should be noted that
no other feature candidates, aside from dFCs, were included in
constructing the ML models.

To prevent bias due to sample imbalance, the misclassification
cost was set as the inverse ratio of patients in each group (ie,
0.5745 and 0.4255 for ntMDD and rMDD, respectively). To assess
the classification performance, classification accuracy, sensitivity,
and specificity were calculated with respect to ntMDD. Finally, the
receiver operating characteristic (ROC) curve was acquired for the
outperforming classifier.

Statistical Analysis

It was assumed that all data followed a normal distribution
because all absolute values of skewness and kurtosis were less
than two and seven, respectively.** Demographic data were com-
pared among the three groups, including ntMDD, rMDD, and HC,
using a t-test for age and education and a Chi-squared test for
gender. Psychiatric measures were compared between the ntMDD
and rMDD groups using t-tests.

A simple effect analysis was employed for “core” dFC features,
which were most frequently selected in the LOOCV step. The
core dFCs between the nrMDD and rMDD groups were compared
using a permutation test (n=5000) to avoid multiple correction
issues.*> A further cluster-based permutation test (n=5000) was
employed along the temporal dimension to identify specific time
ranges contributing to significant group differences.*® Further-
more, a Pearson correlation analysis was performed between the
core dFCs and the change ratio of Ham-D between pre- and
post-treatment (Supplementary Material). A bias-corrected and
accelerated bootstrap resampling technique (n=5000) was used
to avoid multiple comparison issues and to account for potential
bias and skewness.”” The statistical tests were performed using
SPSS 27 (SPSS, Inc., Chicago, IL, USA) and MATLAB R2023a (Math-
Works, Natick, MA, USA).

RESULTS

Demographic and Psychological Measures

There were no significant demographic differences between the
groups (Ps > .05; Table 1). Furthermore, there were no significant
differences in baseline psychiatric measures between the ntMDD
and rMDD groups (Ps > .05).

Classification Analysis

In the classification analysis, the best classification performance
was achieved when the LDA classifier was employed with three
features. Specifically, we achieved classification accuracy, sensi-
tivity, and specificity of 82.98%, 95.00%, and 74.07%, respectively.
The area under the curve (AUC) for the ROC curve was 0.8315
(Figure 1A). Among the dFC feature candidates, three of them
were most frequently selected (Figure 1B): (i) between the left
posterior middle frontal gyrus and right supramarginal gyrus

(referred to as IPMFG-rSup; n=47); (ii) between the right angu-
lar gyrus and right anterior middle frontal gyrus (rAng-rAMFG;
n=47); and (iii) between the left primary visual cortex and left
middle temporal gyrus (IV1-IMTG; n=45). Therefore, these three
dFCs were regarded as core features for further analysis.

Statistical Analysis

Group comparisons were performed exclusively for the three
core dFC features. In the simple effect analyses, permutation test
results revealed that ntMDD showed increased dFC in the IPMFG-
rSup (nrMDD=0.2742 >rMDD=0.0181; P=.001, Figure 2A) but
decreased dFCs in the rAng-rAMFG (nrMDD=—0.0271 <rMDD =
0.2336; P=.015, Figure 2B) and IV1-IMTG (nrMDD=-0.0424 <
rMDD =0.1835; P=.007, Figure 2C) compared to tMDD (Figure 1B).
Further cluster-based permutation test results identified sig-
nificantly increased time-dependent wPLIs between the IPMFG
and rSup, ranging from 195 to 265 ms (P=.0203, Figure 2A),
and between the rAng and rAMFG, ranging from O to 40 ms
(P=.0437, Figure 2B), in patients with nrMDD. No other significant
intergroup differences were observed.

In the correlation analyses, there was a positive correlation
between dFC in the IPMFG-rSup and the Ham-D change ratio
(r=0.485; P=.001; 95% confidence interval (CI): 0.313-0.624;
Figure 3A). In addition, there was a negative dFC correlation
between the IVI-IMTG and Ham-D ratio (r=-0.291; P=.047; 95%
CI: —0.537 to —0.069; Figure 3B).

DISCUSSION

In this study, we investigated the potential of dFC in response to
salient stimuli as an antidepressant responsiveness predictor in
patients with MDD. It was demonstrated that the dFC features
could effectively discriminate between nrMDD and rMDD. Specif-
ically, HC template-based analyses indicated that patients with
nrMDD were characterized by intact time-dependent FC patterns
in the IPMFG-rSup but disrupted patterns in the rAng-rAMFG and
IV1-IMTG. Among them, increased 1V1-IMTG dFC and decreased
IPMFG-rSup similarities were associated with the improvementin
depressive symptoms.

Methodologically, HC template-based Pearson correlation
analyses were used to evaluate FC dynamics for each patient.
Pearson’s correlation was employed to effectively capture the
time-dependent characteristics. It is to be noted that Pearson’s
correlation was employed to evaluate FC in fMRI studies based on
this trait.*® In addition, the correlation-based analytical approach
was developed following recent resting-state functional network
findings reporting that patients showing intact, namely similar to
HC, FC patterns generally respond better to antidepressant.?-'4?
Indeed, patients with nrMDD exhibit remarkably altered FC
dynamics (Figure S2). Our findings not only support but also
expand upon the findings of previous studies: patients with MDD
exhibiting intact FC dynamics as well as resting-state connec-
tomes might respond more sensitively to pharmacotherapy. In
particular, two of the three core features (rAng-rAMFG and 1V1-
IMTG) corroborated this hypothesis.

Aberrant gamma-band dFCs have been hypothesized to be
linked to the NMDAR model. Recent molecular psychiatric studies
have focused on excessive NMDAR activation in patients with
MDD.>%°! For example, ketamine, an NMDAR antagonist, has been
reported to rapidly improve depressive symptom severity°!>?
Furthermore, it is widely accepted that NMDAR malfunction-
ing contributes to aberrant gamma-band activity.’®-?” Given that
gamma-band activity plays a crucial role in precise temporal
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Table 1. Demographic and symptom severity comparison. While the demographic measures, including age, gender, and education were
compared for three groups, the clinical measures were compared between nrMDD and rMDD groups.

nrMDD (n =20) MDD (n=27) HC (n=21) P

Age 42.55+11.52 47.22+£11.99 43.81+14.10 416
Gender (M/F) 1/19 3/18 546
Education 13.35+£2.88 13.44+£3.07 13.43+4.19 .995
Ham-D

Week 0 29.11+£5.78 25.444+6.57 .054

Week 8 16.90+£9.11 3.67+2.02 <.001
Ham-A

Week 0 26.60£6.15 24.59+5.46 .244

Week 8 17.15+£8.28 3594271 <.001
DSST

Week 0 32.70£15.10 32.93+£1551 .960

Week 8 37.44+16.71 34.35+14.10 .510

Abbreviations: ntTMDD, non-remitted MDD; rMDD, remitted MDD; HC, healthy control; Ham-D, Hamilton Depression Rating Scale; Ham-A, Hamilton Anxiety

Rating Scale; DSST, Digit-Symbol Substitution Test.
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Figure 1. Best classification performance and core feature subset. (A) ROC curve with its classifier AUC. The star indicates the selected criterion of the
model. (B) Core features. Nodes belong to four functional networks: VN - 1V1; CEN - IPMFG; DMN - rAng, IMTG; SN — rAMFG, rSup (refer to Figure S1).
dFC between IPMFG and rSup was increased in the ntMDD group compared to the rMDD group, whereas all other connections showed reduced dFC in
nrMDD. ROC: Receiver operating characteristic; AUC: area under the curve; 1-: left hemispheric; r-: right hemispheric; AMFG: anterior middle frontal
gyrus; PMFG: posterior middle frontal gyrus; Sup: supramarginal gyrus; MTG: middle temporal gyrus; V1: primary visual cortex; Ang: angular gyrus;

NR: non-remitted MDD; R: remitted MDD.

synchronization across cortical networks,?*?> we propose that
gamma-band FC dynamics could provide a sensitive NMDAR mal-
functioning measure. Abnormal hyperconnections were observed
for IPMFG-rSup and rAng-rAMFG (Figure 2A and B, respectively),
which supports our hypothesis.

dFC features, including rAng-rAMFG and 1V1-IMTG, were dis-
rupted in patients with ntMDD. The aberrant dynamics between
rAng and rAMFG may stem from hyperconnectivity during the
initial period (0-40 ms, Figure 2B). rAMFG, an anterior part of the
dorsolateral prefrontal cortex (DLPFC) in the right hemisphere,>
is one of the main targets of transcranial electric or magnetic
neuromodulation therapy.>* It is widely accepted that right DLPFC
hyperactivation increases withdrawal motivation.”® Furthermore,
efficient information transmission may be hindered by the initial
hyperconnection period with rAng, a central region of the DMN,
which should be deactivated according to external stimuli.”® In
contrast, the dFC of the left hemispheric temporo-occipital region
(ie, IMTG and 1V1) might reflect the flexibility of the functional
network. The interaction between the VN and CEN modules is
not thought to be directly involved in salient processing; instead,
this dFC feature might display appropriate inhibitory functioning.

Specifically, ntMDD exhibited increased wPLIs within 200-300 ms,
whereas others exhibited decreased wPLIs. This range coincided
with the temporal window in which the MMN component is
typically observed, suggesting a potential impairment in efficient
reconfiguration for salient processing.

Contrary to the findings of other studies, the IPMFG—rSup dFC
was altered in patients with rMDD but not in those with ntMDD.
Although patients with intact FC patterns generally show antide-
pressant responsiveness, as mentioned previously, there are a few
contradictory FCs.* Several factors may have contributed to this
result. The first is the NMDAR model. The higher temporal cor-
relation for ntMDD might have resulted from hyperconnectivity
ranging from 195 to 265 ms (Figure 2A). Despite the opposite trend
of the other core dFC features, this result is ultimately consistent
with the other dFCs. The second is the ceiling effect. Interest-
ingly, the IPMFG-rSup dFC exhibited a significant mediating effect
between the Ham-D change ratio (r=0.485; P=.001; 95% CI: 0.313-
0.624; Figure 3) and pre-treatment DSST score (r=0.270; P=.067;
95% CI: 0.025-0.498; Figure 4). Although no direct significant cor-
relation was observed between the Ham-D change ratio and pre-
treatment DSST score (P>.1), the IPMFG-rSup dFC mediated a
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Figure 2. Comparison between core dFC features. The left panels illustrate the temporal dynamics of the FCs for nrtMDD, rMDD, and HC. Their
time-dependent wPLIs are displayed with standard errors for both MDD groups shaded. The time intervals in which ntMDD and rMDD showed
significant differences are highlighted with shaded areas based on the cluster-based permutation test. The right panels display the group comparisons
for the dFCs. (A) dFC comparison in the IPMFG-rSup. (B) dFC comparison in the rAng-rAMFG. (C) dFC comparison in the IV1-IMTG. It should be noted
that ML classification and statistical analyses were conducted using overall dFC measures shown in the right panels. *P < .05; **P < .01. L-: left; r-: right;
AMFG: anterior middle frontal gyrus; PMFG: posterior middle frontal gyrus; Sup: supramarginal gyrus; MTG: middle temporal gyrus; V1: primary
visual cortex; Ang: angular gyrus; ntMDD: non-remitted MDD; rMDD: remitted MDD; wPLI: weighted phase-lag index.
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Figure 3. Correlations between the core dFCs and the Ham-D change ratio. (A) Correlation result of the dFC in the IPMFG-rSup. (B) Correlation result of
the dFC in the IV1-IMTG. It should be noted that a negative Ham-D ratio indicates better antidepressant responsiveness (Eq. S3). Ham-D: Hamilton
Depression Rating Scale; IPMFG: left posterior middle frontal gyrus; rSup: right supramarginal gyrus; 1V1: left primary visual cortex; IMTG: left middle

temporal gyrus.
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Figure 4. Correlation between the dFC in the IPMFG-rSup and the
pre-treatment DSST score. DSST: Digit-Symbol Substitution Test; IPMFG:
left posterior middle frontal gyrus; rSup: right supramarginal gyrus.

significant relationship between them. This suggests that the
intact cognitive processing speed in patients with MDD may limit
the effectiveness of the antidepressants, which is known as the
ceiling effect. Notably, a meta-analysis reported that vortioxetine
improves cognitive impairment,”’ supporting our findings.

These three core features were consistently selected through-
out the validation set except for two samples that shared several
characteristics. First, although these two samples were originally
classified as rMDD, they were misclassified as such. Second, in the
training set, the feature rank of IV1-IMTG was fourth, leading to
the selection of an alternative dFC feature, whereas the other two
dFC features were commonly selected. Intrigued by this anomaly,
we performed an additional classification analysis for these two
validation sets using the three core features. Remarkably, these
two initially misclassified samples were correctly classified as
rMDD. This outcome not only confirms the robustness of the
three proposed core features but also highlights the validity of our
classification model.

Using only dFC features, we achieved a promising classification
performance. Although predicting antidepressant responsiveness
using EEG features remains challenging,'*->® previous ML-based
studies have reported an ~80% classification accuracy using PSD-
related features (Table S2),°10.1>18 which is similar to the perfor-
mance of our model. However, it should be noted that most of
them enhanced classification performance by employing changes
in EEG patterns in response to early antidepressant therapy.® >/
Consequently, this approach requires the intake of medicines,
potentially leading to acute side effects,'®:?° as well as additional
data acquisition, undermining its practicality. More importantly,
their performance may be exaggerated owing to several issues,
such as erroneous cross-validation-related information leakage
and high-dimensionality-related overfitting >/

In future studies, ML performance could be enhanced by
identifying novel and robust biomarkers or determining the
optimal biomarker combination. Among previous ML-based
studies, Mumtaz et al.'® achieved the best performance using
multi-paradigm baseline EEG features, including resting-state
and visual oddball paradigms. Despite using different criteria for
treatment responsiveness, their results highlight the potential
benefits of expanding the biomarkers to effectively capture the
heterogeneous pathophysiological characteristics of patients with
MDD?! In addition to neurophysiological markers, incorporating
demographic, clinical, or genetic characteristics could also
improve prediction performance and provide valuable patho-
physiological insights. Moreover, employing more sophisticated
ML-based models could enhance performance by optimally
covering various biomarkers. It should also be noted that further
refinement of the extracted features is required, as our HC
template-based correlation approach may be suboptimal in fully
avoiding data leakage.

Despite its many advantages, this study had some limitations.
First, the sample size was not sufficiently large enough to
generalize our findings. Due to the limited sample size, we
could not validate the proposed performance of the ML using
an independent dataset. The small sample size of HC may
limit the robustness and generalizability of the constructed
normative template. To enhance robustness of our results, further
replication studies with diverse cohorts are required. Second, we
focused only on the 8-week treatment responsiveness. In future
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studies, consideration of other prognostic factors (eg, relapse)
could broaden our understanding of its pathophysiology. Third,
a placebo control group was not included in the present study.
Fourth, there may have been confounding effects of comorbidities
in our study. Furthermore, due to data imbalance, we adopted a
classification approach for “remission” for each patient, rather
than “responsiveness.” Fifth, inter-regional gamma-band FC
should be carefully interpreted as gamma-band activities are
not necessarily linked to direct functional communications® as
well as vulnerable to noises and artifacts. At the current level of
analysis, it remains challenging to delineate the precise neural
basis. Finally, as all patients in this study were treated with
either vortioxetine or escitalopram, the proposed dFC features
might exhibit different performance for predicting effects of
antidepressants with different mechanisms.

In this study, we propose that pre-treatment dynamic gamma-
band FC responses to salient stimuli could serve as biomarkers
for antidepressant responsiveness prediction in patients with
MDD. Patients were successfully classified into ntMDD and rMDD
groups using three pathophysiological dFC features: IPMFG-
rSup, rAng-rAMFG, and 1IV1-IMTG. Notably, patients with ntMDD
exhibit aberrant transient hyperconnections, which may be
associated with NMDAR malfunctioning. We hope that the
methodology and findings of this study expand the neurobio-
logical understanding of MDD and contribute to neurodynamic
biomarker identification.
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