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Abstract

Background: This study aimed to explore the potential relationship between resting-state brain network attributes and adolescent major
depressive disorder (MDD), with a focus on understanding how resting-state electroencephalogram (EEG) network features correlate
with Hamilton Depression Rating Scale (HAMD) scores, and to identify potential physiological biomarkers for predicting HAMD scores
in adolescents with MDD. Methods: Adolescent MDD presents unique neurodevelopmental challenges, yet the neurophysiological
correlates of symptom severity remain poorly characterized. This study investigated resting-state EEG network topology and its rela-
tionship with HAMD scores in adolescent MDD, aiming to identify potential neural biomarkers for depression severity. Results: MDD
patients exhibited significantly enhanced frontal-parietal connectivity compared with healthy controls (HC) (p < 0.05, false discovery
rate (FDR)-corrected). HAMD scores correlated positively with coefficient (Clu) (r = 0.401), global efficiency (Ge) (r = 0.408), and
local efficiency (Le) (r = 0.402), while showing a negative correlation with characteristic path length (Cpl) (r = —0.408; all PFDR <
0.05). The regression model achieved strong prediction accuracy (R? = 0.38, p < 0.001; root mean square error (RMSE) = 2.83), and
network features distinguished MDD from HC with 94% classification accuracy. Conclusion: These preliminary findings deepen our
understanding of adolescents with MDD and suggest that resting-state brain network attributes in the alpha band may serve as a potential
physiological biomarker for predicting HAMD scores.
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1. Introduction Previous studies based on structural magnetic reso-
nance imaging (MRI) have reported morphological and mi-
crostructural changes, such as reductions in gray matter
in the prefrontal regions, hippocampal volume, and total
cortical surface area [6—8], as well as alterations in the
microstructure of white matter fiber bundles [9,10] in the
brains of adolescents with MDD. Recent reviews on func-
tional MRI (fMRI) studies of MDD have found that abnor-
mal brain function can lead to changes in the default mode
network (DMN) and frontoparietal network (FPN) [6,11—
15]. Notably, investigations focusing on the frontopari-
etal regions in individuals with MDD have revealed signif-
icantly elevated levels of both functional and effective con-
nectivity between the parietal and prefrontal cortices during
task-related states. Moreover, the strength of this connec-
tivity has been shown to exhibit a positive correlation with
depression severity [16,17].

Major depressive disorder (MDD) is a complex con-
dition characterized by disrupted neural networks and im-
pairments in cognitive and emotional processing, typically
marked by persistent low mood, pessimism, heightened
sensitivity, and dysregulation of cognitive control [1,2].
Recently, the prevalence of MDD has exhibited a notable
shift toward younger populations, affecting up to 20% of
adolescents. This early onset poses serious concerns, as it
substantially interferes with academic performance, daily
functioning, and elevates the risk of suicide [3,4]. While
clinical manifestations of adolescent MDD—such as emo-
tional instability, irritability, and heightened sensitivity—
are increasingly recognized, the underlying neurobiologi-
cal mechanisms, particularly those involving aberrant func-
tional connectivity between brain regions, remain inade-
quately understood [5].
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The brain usually operates as a large-scale complex
network composed of interconnected regions, transmitting
and integrating information between these spatially sepa-
rated but functionally coupled areas to ensure efficiency in
responding to upcoming stimuli [18]. The brain continues
to function in a resting state, and its spontaneous neuronal
activity may reflect the brain’s underlying information-
processing capabilities [19]. Particularly, the resting-state
network can thus effectively reflect the internal allocation
of brain resources. Given the millisecond-level information
processing capabilities of the brain, the electroencephalo-
gram (EEG), with its high temporal resolution, has greater
advantages over fMRI in analyzing time-varying brain net-
works [20].

Previous EEG studies on MDD have mainly focused
on abnormalities in the emotional face, auditory attention,
and feedback [4,15,21,22]. Although emerging evidence
indicates that aberrant brain functional connectivity may be
present in adolescents with MDD, these alterations appear
to be linked with the severity of clinical symptoms [23-25].
The systematic review literature highlights that abnormal
alpha band activity in brain oscillations is significantly cor-
related with depressive symptom severity and serves as a
biomarker for cognitive dysfunction in depression [20,26].
Recent studies have suggested that alpha activity has po-
tential significance in assessing the severity of depression
as a supplementary diagnostic tool [27,28]. Previous inves-
tigations of alpha-band activity in individuals with MDD
have predominantly concentrated on metrics such as peak
amplitude and frequency. However, the role of underly-
ing functional network topological properties—which are
critical for optimizing neural information processing—has
received comparatively limited attention [29]. Specifically,
while alpha oscillations are acknowledged as neurophysio-
logical markers relevant to cognitive performance, the topo-
logical features of the brain’s functional framework within
this frequency band remain underexplored in the context of
MDD [30].

Specifically, indices of brain network topological at-
tributes such as the clustering coefficient (Clu), global ef-
ficiency (Ge), local efficiency (Le), and characteristic path
length (Cpl) can depict the brain network’s information in-
tegration and segregation capabilities from different per-
spectives [31]. Notably, abnormalities in these attributes
have been observed in adult MDD [32]. However, due to
enhanced neuroplasticity in the adolescent brain, its net-
work topology may exhibit unique compensatory or patho-
logical patterns—a direction that has not yet been system-
atically explored [33]. To bridge this gap, the current
study examined the association between resting-state EEG-
derived functional brain networks and Hamilton Depres-
sion Rating Scale (HAMD) scores. Furthermore, we as-
sessed the feasibility of predicting HAMD scores within
the MDD group based on connectivity features extracted
from resting-state EEG. These findings may contribute to

the identification of potential neurophysiological biomark-
ers for the diagnosis and clinical evaluation of adolescent
MDD.

2. Materials and Methods
2.1 Participants

This study was approved by the Institutional Re-
view Board and Ethics Committee of the Second Affiliated
Hospital of Xinxiang Medical University (approval num-
ber: XYEFYJSSJ-2023-12), and all participants and their
guardians signed a written informed consent form. Our
study conformed to the ethical guidelines of the World Med-
ical Association Declaration of Helsinki. Twenty-seven
MDD patients were recruited from the outpatient depart-
ment and inpatient department of the Second Affiliated
Hospital of Xinxiang Medical University from October
2023 to May 2024. The inclusion criteria were: (1) A di-
agnosis of depression that met the diagnostic criteria for
MDD in the Kiddie-Schedule for Affective Disorders and
Schizophrenia Present and Lifetime Version (K-SADS-PL)
and the Diagnostic and Statistical Manual of Mental Disor-
ders, 4th Edition (DSM-IV); (2) no antipsychotic medica-
tion treatment within one month before admission; (3) Han
ethnicity and right-handed. The exclusion criteria were: (1)
Co-occurring craniocerebral trauma, stroke, and other cen-
tral nervous system diseases; (2) Presence of obvious brain
organic lesions; (3) Severe metabolic and endocrine system
diseases; (4) Other types of mental disorders as described
in K-SADS-PL and DSM-IV.

The MDD group included a total of 10 males and 17
females. During subsequent analysis, two female partic-
ipants were excluded due to excessive artifacts in resting-
state EEG data, resulting in a final selection of 10 males and
15 females. The mean age was (14.24 £ 1.23) years, rang-
ing from 11 to 18 years; the duration of illness was (10.60
=+ 4.43) months, ranging from 6 to 16 months; the 17-item
Hamilton Depression Scale (HAMD-17) score was (24.76
=+ 3.70). Additionally, 26 healthy controls (HC) matched
for gender and age with the MDD patients were recruited
from a middle school in Xinxiang City during the same pe-
riod. All members of the HC and their first-degree relatives
had no history of mental illness, and the exclusion crite-
ria were the same as for the MDD group. The HC initially
included 11 males and 15 females, but due to excessive ar-
tifacts in the resting-state EEG data, one male participant
was excluded, resulting in a final selection of 10 males and
15 females. The mean age was (13.96 + 1.02) years, rang-
ing from 11 to 18 years. There were no statistically signifi-
cant differences in the gender ratio or age between the two
groups (x2 =0.87,p=0.390;t=0,p=1).

2.2 Experimental Procedure

According to the experimental setup, we gathered
resting-state EEG data from the participants, which in-
cluded five minutes of resting with their eyes closed. Ask-
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ing a participant to (1) remain relaxed and focused, and (2)
refrain from excessive head motion to ensure the validity of
the EEG data.

2.3 EEG Acquisition

Using the EEG amplifier from Brain Products along
with the data acquisition software, BrainVision 2.0 (Brain
Products GmbH, Gilching, Germany), we collected 32-
channel resting-state EEG data. The arrangement of the
scalp electrodes was based on the internationally standard-
ized 10/20 system. The basic parameters of the amplifier
included a sampling frequency of 1000 Hz, and an on-
line band-pass filter scope of 0.01-100 Hz, with the FCz
electrode serving as the reference and AFz electrode as
the ground. The horizontal electrooculogram (HEOG) was
placed below the left eye, and the vertical electrooculogram
(VEOQG) was placed at the outer corner of the right eye to
monitor and record the participants’ blink activity. To en-
sure signal reliability, an appropriate amount of conduc-
tive gel was applied to the electrodes to keep the contact

impedance between the electrodes and the scalp below 5
k2.

2.4 EEG Analysis

The processing of resting-state data aimed to struc-
ture the resting-state network and extract related network
attribute measures. Below, we describe the analysis pro-
cess for each section in detail.

2.4.1 Resting-state EEG Brain Network

To mitigate the volume conduction effect, we selected
21 electrodes (Fpz, Fpl, Fp2, Fz, F3, F4, F7, F8, Cz, C3,
C4, T7, T8, Pz, P3, P4, P7, P8, Oz, O1, O2) from the 32
electrodes of the 10/20 system that were sparsely distributed
and covered the whole brain to makeup the resting-state
networks. The preprocessing procedures included refer-
ence electrode standardization technique (REST) referenc-
ing, 0.5—40 Hz bandpass filtering, segmenting the data into
multiple bands (delta: 0.5-4 Hz, theta: 4-8 Hz, alpha: 8-
13 Hz, beta: 13-30 Hz, and gamma: 30-45 Hz) by Finite
Impulse Response (FIR) filter in Matlab, artifact removal
(with a threshold of 60 uV), and segmenting the data into
5-s epochs. This epoch length was chosen based on pre-
vious study [34], which demonstrated that 5-second win-
dows provide a suitable trade-off between temporal resolu-
tion and signal stability for alpha-band phase synchroniza-
tion analysis. After the preprocessing of the EEG data, the
ranges of effective segments for the HC and MDD groups
were 91 + 31 and 73 + 10, respectively. We conducted
an independent samples #-test to compare the number of
clean segments between the MDD and control groups. The
results revealed a significant difference: ¢ = 2.7585, p =
0.0082 (p < 0.05), indicating that the MDD group had ex-
pressively fewer clean segments compared to the healthy
controls. Based on the average number of data segments of
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the subjects in the MDD group, for each subject in the con-
trol group, the number of data segments consistent with the
average was randomly selected. Network attributes were
calculated using the Brain Connectivity Toolbox [35].

Based on the preprocessed resting-state segments, we
construct resting-state brain network by phase locking value
(PLV) algorithm. As a nonlinear measure, the PLV can
provide information on phase synchronization between dif-
ferent brain regions and calculate the phase synchroniza-
tion between per pair of electrodes. After constructing the
related resting-state networks, let C;; represent the PLV
between nodes i and j within the network, d;; represents
the weighted shortest path length between nodes i and j,
N represents the number of network nodes, and © repre-
sents the set of all nodes within the network. Using graph
theory and the Brain Connectivity Toolbox, we calculated
multiple network attributes that quantify the efficiency of
brain information processing, containing the clustering co-
efficient (Clu), characteristic path length (Cpl), global effi-
ciency (Ge), and local efficiency (Le).
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2.4.2 Prediction of HAMD Scores Grounded on
Multivariable Linear Regression Model

Thereafter, we used the resting-state network topolo-
gies (network connectivity edges) and attributes (Clu, Le,
Ge, and Cpl) of adolescent MDD as variables in a multi-
variable linear regression model to construct a prediction
model. The prediction model is as follows:

HAMD = B¢+, Topo+B2Prop+e 5

where HAMD represents the HAMD scores, .. 2 indicates
the regression coefficients, Topo denotes the network con-
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Fig. 1. Overview of the EEG-based resting-state network analysis pipeline for regression and classification of depression. PLV,

phase locking value; EEG, electroencephalogram.

nectivity edge, Prop represents the network attributes and &
is the error term.

A leave-one-out cross-validation (LOOCV) strategy
was employed to predict HAMD scores [36]. For n sam-
ples, in each cross-validation iteration, n — 1 samples were
used as the training set, and the remaining one sample was
used as the test sample. Based on the n — 1 samples, the
regression coefficients for each variable can be estimated,
thereby establishing a prediction model. This model can be
used to predict the HAMD scores within the test set. This
procedure is repeated n times until all samples have been
served as a test sample.

To quantitatively measure the predictive result of this
prediction model, the correlation between the actual and
divinable HAMD scores was analyzed using Pearson’s cor-
relation. Additionally, the prediction error was further mea-
sured by the root mean square error (RMSE), which is
specifically defined as follows,

N
1
RMSE = N;(Xt ~Y;)?2 (6)

where N is the number of samples. X and Y represent the
observed and predicted HAMD scores, respectively, and a
smaller RMSE represents better prediction.

2.4.3 Classification Based on Network Features

During the training process, the resting-state network
characteristics extracted from the training set were used to
train the corresponding classifiers. Specifically, for net-
work features, the network features of the resting-state
training set were obtained based on a 21 x 21 adjacency
matrix; for network attributes, the resting-state weighted
network attributes of the training set were calculated ac-
cordingly. Linear discriminant analysis (LDA) was em-
ployed as the classifier and was trained with the resting-
state multi-type feature sets, resulting in the acquisition of
model parameters. During the testing process, for the test
set, the resting-state weighted network attributes of the test
set were calculated in a manner similar to the training pro-
cess; finally, grounded on the aforementioned features (i.e.,
network topology and attributes), the trained LDA classifier
was used to diagnose and differentiate adolescent depres-
sion patients from healthy controls in the test data.

2.5 Statistical Analysis

Independent sample ¢-tests were used to evaluate the
differences in resting-state EEG network topology between
the MDD and HC groups. Within the MDD group, Pear-
son’s correlation was employed to investigate the relation-
ships between HAMD scores and resting-state network
edges, as well as network attributes. Furthermore, the false
discovery rate (FDR) was applied to correct these results,
with a p-value of less than 0.05 considered statistically sig-
nificant. Fig. 1 shows the pipeline of our method.
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Table 1. Baseline characteristics of the MDD and HC groups.

Characteristic MDD Group (n=25) HC Group (n = 25) P
Age (years, mean + SD) 1424 +1.23 13.96 + 1.02 0.33
Gender, n (%) 1.00
Male 10 (40%) 10 (40%)
Female 15 (60%) 15 (60%)
Illness duration (months) 10.60 +4.43 - -
HAMD scores 24.76 £3.70 0 <0.001

Note: MDD, major depressive disorder; HC, healthy controls; SD, standard deviation;
HAMD, hamilton depression rating scale. The HAMD score for the HC group is 0 as
they had no depressive symptoms, and thus no statistical test was performed for this

comparison.

Fig. 2. Differential resting-state network topology pattern in the aspect of the alpha band between the MDD and HC groups. (a)

Spatial topology. Red solid lines represent the MDD being greater than that in the HC group, while blue lines indicate the opposite. (b)

Degree distribution where the MDD is larger than the HC group. (c) Degree distribution where the MDD is smaller than the HC group.

3. Result
3.1 Baseline Characteristics of the MDD and HC Groups

The Table 1 provides an overview of group demo-
graphics and key clinical variables, assessing the compa-
rability of the two groups. For example, it explicitly shows
that there were no significant differences in age (t = 0.98,
p = 0.33) or gender ratio (x? = 0.00, p = 1.00) between the
groups, while the MDD group had a mean HAMD score
of 24.76 £ 3.70, which is significantly higher than that of
the HC group (as expected, since HC participants had no
depressive symptoms).

3.2 Differential Network Topology Between MDD and HC
Group

We then explored the differential resting-state network
topologies between MDD group and HC group in the alpha
band in Fig. 2a. We found stronger frontal-parietal linkages
for the MDD comparison with the HC group in the alpha
band (p < 0.05, FDR corrected; Fig. 2b,c). There were no
significant differences in network properties in terms of the
alpha band across the two groups.

3.3 Network Topology Correlated With HAMD in the
MDD Group

Fig. 3 presents the significant network topology
proven to have a connection with the MDD group’s HAMD
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scores in the alpha band, in which only the long-range
frontal-parietal associations of the resting-state network
were found to be notably connection with HAMD score (p
< 0.05. FDR corrected). The stronger frontal-parietal con-
nectivity in the MDD group showed a medium-to-large ef-
fect size (Cohen’s d = 0.68).

3.4 Relationships Between HAMD Scores and
Resting-state Network Properties

We then explored the relationships between HAMD
scores and resting-state network properties. As illustrated
in Fig. 4, Clu (r = 0.401, p = 0.047), Ge (r = 0.408, p =
0.043), and Le (r = 0.402, p = 0.047) were demonstrated to
be significantly positively correlated with HAMD scores,
while Cpl/ was negatively correlated with HAMD scores (»
=-0.408, p = 0.043) (PFDR < 0.05).

3.5 HAMD Prediction Depending on Resting-state
Network Properties

Given that the MDD group showed a strong cor-
relation between the resting-state network properties and
HAMD score, resting-state network properties were there-
fore served as features to predict the HAMD scores in ado-
lescents with depressive symptoms. Fig. 5 presents the scat-
ter plots of the predicted and actual HAMD score (R? =
0.38, p < 0.001), where the x- and y-axes illustrate the ac-
tual and predicted scores, respectively, along with a RMSE
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Fig. 3. Network topology correlated with HAMD score in the MDD group. (a) Blue indicates a positive correlation, while red

indicates a negative correlation. (b) The frontal-parietal area was found to be activated in the analysis of weighted correlation values in

the MDD group.

of 2.8342. The resting-state network properties were even-
tually utilized to distinguish the two groups, which was also
successfully achieved for both the MDD and HC groups,
achieving an accuracy of 94%.

4. Discussion

This investigation found substantial differences in
resting-state network topology among MDD and HC
groups, characterized by heightened activation in frontal-
parietal regions and altered global/local connectivity pat-
terns, as evidenced by marked increases in Clu, Ge, Le, and
a substantial decrease in Cpl. Leveraging the four resting-
state brain network metrics as predictive and classification
features, a multivariate linear regression model was devel-
oped to quantify depression symptom severity, and a binary
classification model was constructed to differentiate patient
and control cohorts, achieving 94% accuracy. These al-
terations may reflect a disruption in the optimal topologi-
cal organization of adolescent brain networks, potentially
influencing information processing efficiency—though the
precise functional implications remain to be clarified with
future studies incorporating source localization.

From the perspective of differential brain network
connectivity, the MDD group exhibited abnormal resting-
state frontal-parietal topology (see Fig. 2). Some stud-
ies found that adolescent patients with depression showed
greater right frontal EEG activation and alpha asymme-
try during the resting state [37,38]. The activation of the
resting-state network and altered connectivity in frontal-
parietal regions in adolescent patients may be related to
their clinical symptoms [39].

This study identified pronounced correlations between
HAMD scores in the MDD group and resting-state network

topology (Fig. 3a). Furthermore, analysis of weighted cor-
relations revealed increased activation in frontal-parietal re-
gions within resting-state brain networks in the MDD group
(Fig. 3b). At the level of inter-network connections, the
significantly enhanced frontal-parietal control network con-
nections compared to healthy individuals may represent
some changes in subclinical depression [40—43]. As illus-
trated in the Fig. 3a, the neural connections traverse distinct
brain regions, exhibiting a spectrum of interregional dis-
tances, ranging from proximal local linkages to distal long-
range pathways. Depression exerts an impact not just on
long-range brain connections but also encompasses local
neural activity, with symptom severity bearing an inverse
relationship to the degree of local activity [44,45].

The results in Fig. 4 suggested that HAMD scores
bore a positive relationship with Clu, Ge, and Le, and neg-
atively correlated with Cpl. Previous studies have shown
that MDD patients display diminished global and local effi-
ciency, which may reflect obstacles in the information pro-
cessing of the brain network [25,46,47]. The network-based
randomized controlled studies suggested that, in compari-
son with the HC group, MDD patients presented marked
network randomization, characterized by longer character-
istic path lengths and smaller coefficients of clustering,
and reduced global efficiency and local efficiency [47—
50]. Unlike previous studies, our research found increased
global and local efficiency in the brain networks of the
MDD group. It might potentially due to age-related differ-
ences (e.g., immature adolescent networks), disorder sever-
ity, and EEG frequency band selection [51,52].

To further verify the association between the depres-
sion and brain network topology and attributes, a predic-
tive analysis of HAMD scores and a classification task were
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Fig. 4. Relationships between HAMD scores and resting-state network properties of the MDD group.

conducted based on the topology and attributes of resting-
state network, which not only predicted the severity of
symptoms (r=0.637, p < 0.05) but also provided good clas-
sification results (an accuracy of 94%) for clinical diagno-
sis (see Fig. 5). This study found that resting-state network
properties can serve as objective biomarkers for predicting
the intensity of clinical depressive symptoms in adolescent
MDD patients.

Our research results partially accord with the existing
literature [53], yet some discrepancies were noted. Our re-
search found increased global and local efficiency in the
brain networks of the MDD group. The brain networks of
adolescents with MDD demonstrate reduced local segrega-
tion alongside increased global integration, reflecting a shift
toward a less organized and more homogeneous network
configuration [51,52]. Such alterations indicate impaired
modular information processing and reduced fault toler-
ance, which have been shown to correlate with the severity
of depressive symptoms. Such findings suggest a disrup-
tion in the optimal topological organization of brain net-
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works, potentially influencing the assessment and interpre-
tation of network-based neurophysiological measures [33].
Given the small sample size, our results should be inter-
preted as exploratory, and future studies with larger cohorts
are needed to validate these findings.

A study reveals circuit-level complementarity be-
tween frontoparietal alpha-band hyperconnectivity and
emotional network dysconnectivity in MDD adolescents,
implicating disinhibition in driving pathological connectiv-
ity that disrupts emotion-cognition integration [54]. The
convergent neuroimaging data from prefrontal-parietal de-
gree centrality and elevated global efficiency establishes
frontoparietal dysregulation as a core MDD mechanism, ac-
counting for both the 94% diagnostic accuracy of predictive
models and impaired emotion-cognitive processing [55].

Adolescent brain networks undergo a protracted mat-
uration process characterized by refinement of connectiv-
ity patterns, with frontal-parietal networks showing delayed
development of efficient small-world properties. The in-
creased global efficiency observed in our MDD group may
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reflect a disruption of this maturational trajectory, as im-
mature networks often exhibit less specialized connectivity
profiles before transitioning to more segregated, adult-like
organization.

5. Limitations

One limitation of this study is the quasistationarity
assumption for 5-second EEG segments in PLV calcula-
tion may overlook transient phase synchronization dynam-
ics. Second, the small sample size potentially limits gen-
eralizability and statistical power for detecting subtle ef-
fects. Future studies should employ larger, multisite co-
horts and time-resolved methods (e.g., sliding-window or
time-frequency analyses) to validate the stability of ob-
served network topology patterns and their relationship
with HAMD scores.

6. Conclusion

This study demonstrates that frontal-parietal connec-
tivity networks in adolescents with MDD are associated
with clinical symptom severity, as indexed by the HAMD.
Resting-state EEG network features not only distinguish

MDD patients from healthy controls but also predict symp-
tom severity with high accuracy. These findings clarify
the neurophysiological features underlying adolescent de-
pression and highlight the translational potential of frontal-
parietal connectivity as an objective biomarker for diag-
nostic refinement and therapeutic monitoring. Further in-
vestigations are needed to validate the specificity of these
biomarkers and their developmental trajectories in depres-
sion progression.
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