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Abstract

Background and Objective: Adolescent bipolar disorder (BD) has substantial symptom
overlaps with other psychiatric disorders. Identifying its distinctive candidate neuroim-
aging markers may be helpful for exploratory early differentiation and to inform future
translational studies after independent validation. Methods: This cross-sectional study
enrolled adolescents with BD and age- and sex-matched healthy controls. Assessments
included clinical/behavioral scales and an emotional Go/NoGo task-based fMRI (Go trials
require a response; NoGo trials require response inhibition) acquired across three mood
states (depression, mania, and remission) and matched controls. We applied several con-
ventional machine learning classifiers to task-fMRI data to classify BD versus healthy con-
trols and to identify the most relevant neuroimaging predictors. Results: A total of 43
Academic Editor: Yong-An Chung adolescents with BD (15 in remission, 11 with depression, and 17 with mania) and 43
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rived features in the remission state showed the strongest discrimination, with RF achiev-
ing the best performance (accuracy = 94.29%, AUC = 98.57%). These findings suggest that
task-evoked functional alterations may remain detectable during remission. In addition,
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activation patterns in regions within the limbic system, prefrontal cortex, and default
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o ] mode network were significantly correlated with clinical scales and behavioral measures
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limbic system, prefrontal cortex, and default mode network, which may serve as a poten-
tial candidate neuroimaging signature of adolescent BD.

Keywords: adolescent bipolar disorder; task-based fMRI; machine learning; neuroimag-
ing biomarker; prefrontal cortex; default mode network; mood states

1. Introduction

Bipolar Disorder (BD) is a complex chronic mental disorder that typically manifests
in adolescence [1-3]. Early diagnosis and intervention are crucial for alleviating symp-
toms, reducing disease burden, and improving long-term outcomes for patients with BD
[3,4]. BD is characterized by distinct mood states, including depressive episodes, manic
episodes and remission states, each representing external manifestations of the dynamic
evolution of the disease [5-7]. Clinically, BD is often misdiagnosed as other mood disor-
ders such as major depressive disorder or emotional disturbance due to similar presenta-
tions and overlapping symptoms [8-10]. resulting in missing of the optimal treatment
window [11]. Moreover, the neuropathological mechanisms of BD are not fully under-
stood, which limits the capability of diagnostic methods for accurate early diagnosis [12].

Brain functional magnetic resonance imaging (fMRI) techniques have been useful for
uncovering the neurobiological basis of BD. Unlike resting-state fMRI, which is used to
capture spontaneous brain activity [8,9,13-15], task-based fMRI assesses brain activation
patterns linked to disease states during cognitive or emotional tasks, reducing the inter-
ference from spontaneous brain activity [16,17]. Previous studies have identified abnor-
mal functional connectivity in key brain regions such as the default mode network and
the limbic system in patients with BD [18,19]. However, most existing task-based fMRI
studies have relied on traditional statistical methods (e.g., univariate GLM analysis, voxel-
wise group-level t-testsf ANOVA, random field theory multiple comparison correction,
small-volume ROI analysis, etc.) which are not effective at distinguishing the different
disease states (e.g., depressive, manic, and remission phases) in patients with BD, or in
classifying individual disease status [20-22]. Additionally, although mood-state-specific
neuroimaging findings have been reported, cross-state comparability in adolescents re-
mains limited due to small sample sizes and heterogeneous tasks, contrasts, and analytic
choices. As a result, studies that systematically evaluate multiple mood states using a uni-
fied task-fMRI protocol and a harmonized machine learning framework remain scarce
[23]. More studies with advanced analytic approaches that takes into consideration of
complex neural activity across different BD states are needed to assess the underlying
changes responsible for the drastic shifting of the bipolar states.

Machine Learning (ML) is a data-driven analytical approach capable of detecting pat-
terns and relationships within complex data [24]. which has been used for brain imaging
analysis for patients with BD. For instance, machine learning has been used to predict BD
episodes, identify BD-related brain regions, and provide neurobiological insights con-
sistent with prior network-level models of BD [25-27]. However, the existing machine
learning studies are often based on a small sample size, with limited model generalizabil-
ity [28,29]. In addition, the interpretability of features extracted by these models is inade-
quate, hindering their direct association with specific neuropathological mechanisms
[29,30]. Therefore, it is prudent to expand machine learning applications in BD research
and to assist in development of approaches that may inform future translational studies
after independent validation.

Here, we used an emotional Go/NoGo task fMRI paradigm to investigate emotion-
related, task-evoked brain function abnormalities in adolescents with bipolar disorder
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(BD) across three mood states (mania, depression, and remission), with age- and sex-
matched healthy controls (HCs) as a reference. All participants completed the task fMRI
scan and the corresponding neuropsychological scale assessments. We conducted cross-
sectional, mood-state-stratified analyses, where the mania, depression, and remission
groups were independent cohorts and each BD participant was assigned to only one
mood-state subgroup based on the state at the time of scanning. Our main aims were to:
(i) classify adolescents with BD in a specific mood state (mania/depression/remission) ver-
sus HCs using task-fMRI activation features, and (ii) examine whether discriminative ac-
tivation patterns differ across mood-state strata. Methodologically, we constructed ROI
activation features within a rigorous cross-validation framework and evaluated multiple
classification models to ensure reliable performance assessment. To improve clinical in-
terpretability and translational value, we further applied SHAP to attribute model out-
puts, identify the regional features that contribute most to classification decisions, and test
associations between key imaging features and clinical scale scores as well as related clin-
ical variables. Significant associations were reported after multiple-comparison correc-
tion, enabling the identification of key brain networks linked to functional abnormalities.

Our hypothesis included the following: there would be differential brain activation
patterns on the task-based fMRI between the adolescents with BD and the HC partici-
pants, and the task-based functional abnormalities in adolescents with BD may primarily
involve key brain regions such as the prefrontal cortex, limbic system, and default mode
network, which would be correlated with clinical scales and cognitive measures. This
study should contribute to our understanding of neural correlates for adolescent BD
across all spectrum of the disease states, which may assist in accurate diagnosis and treat-
ment of adolescent BD.

2. Methods
2.1. Participants

The data used in this study come from a larger project conducted at Xiangya Hospital
of Central South University. All data collection procedures were approved by the Ethics
Committee of Xiangya Hospital (approval no. 2022020227). After quality control (Section
2.3), the final analysis included 43 BD participants (15 remission, 11 depression, 17 mania)
and 43 age- and sex-matched HCs; 21 of the 64 initially recruited BD participants were
excluded after quality control because of excessive motion and/or other data-quality prob-
lems, including incomplete fMRI time series and acquisition-related artifacts. All partici-
pants were screened to exclude comorbid psychiatric disorders and substance abuse. Medica-
tion exposure at the time of scanning was recorded for all patients with BD. This study was
approved by the ethics committee, and informed consent was obtained from all participants
and their guardians. The demographic information of the data is shown in Table 1.

This was a cross-sectional, state-stratified design; each participant contributed one
scan, and no participant was included in more than one mood-state group.

Table 1. Demographic Information of the study cohort including adolescents with bipolar disorder
(BD) and the healthy control (HC) participants.

Participant N f Partici- Male/Fe-

. ar .1c1pans umber of Partici Age(Mean £ SD) Gender (Male/Fe
Diagnosis States pants male)
Remission 15 1533 + 1.75 7/8
pp  DePres 11 14.41 + 1.66 7/4

sion

Mania 17 14.93 + 1.77 8/9
HC 43 15.81+1.12 18/25
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2.2. Task-Based fMRI Experimental Design

The task-based Go/NoGo fMRI was performed following the procedural protocol de-
scribed in Wessa's study [31], utilizing comparable stimulus sets and trial timing param-
eters. Stimuli consisted of three facial-expression categories: happy faces (Go), sad faces
(NoGo), and neutral faces (Neutral). During the task, participants were instructed to re-
spond on Go (happy) trials and inhibit the response on NoGo (sad) trials, while neutral
faces served as a non-emotional comparison condition.

For analysis, we derived six predefined first-level GLM contrasts/conditions from the
same task run (Table 2). These contrasts/conditions included four emotional contrasts
(Go-NoGo, GotNoGo, Go-Neutral, and NoGo-Neutral) and two single-condition con-
trasts (Go and NoGo). To ensure consistent task demands across participants, the trial
sequence and timing were kept identical across subjects. The specific contrast definitions
are summarized in Table 2.

Table 2. First-level contrasts/conditions for the emotional Go/NoGo task.

Comparison
Int tation/Definiti
Condition nterpretation/Definition
Condition 1 Go-NoGo Happy vs. sad faces (emotion-specific contrast)

Combined emotional condition (happy + sad faces; over-

Condition2  Go+NoGo . .
all emotional-face processing)

Condition3  Go-Neutral Happy vs. neutral faces
Condition4 NoGo-Neutral Sad vs. neutral faces
Condition 5 Go Happy (Go) condition only
Condition 6 NoGo Sad (NoGo) condition only

2.3. fMRI Data Acquisition and Preprocessing

MRI acquisition. The task fMRI data were acquired using a T2*-weighted single-shot
gradient-echo EPI sequence (TR = 2000 ms, TE = 30 ms, FOV = 240 mm x 240 mm, slice
thickness = 4 mm, gap = 0.4 mm, flip angle = 90°, matrix = 64 x 64, 30 slices). For each
participant, 310 volumes were collected. The first three volumes were discarded prior to
preprocessing to allow for signal stabilization. Before scanning, participants received
training on the task. During scanning, stimuli were back-projected from a computer onto
a screen and viewed through a mirror mounted above the head coil; stimulus presentation
was programmed in E-Prime. Behavioral measures and clinical scales were collected for
both adolescents with BD and healthy controls.

Preprocessing and head-motion control. Preprocessing was performed using
DPABI/DPARSF (v5.4; SPM-based) [32]. Functional images underwent slice-timing cor-
rection (interleaved acquisition; reference slice = 15) and rigid-body realignment. Head
motion was quantified using framewise displacement (FD; Jenkinson). Participants with
excessive gross motion (maximum translation > 3 mm and/or maximum rotation > 3°)
were excluded. For the remaining participants, motion outliers were controlled using vol-
ume-wise scrubbing (FD > 0.2 mm), and corresponding scrub regressors were included in
nuisance regression. Nuisance regression additionally included white-matter and CSF sig-
nals, 24 head-motion regressors (Friston-24 model), and a linear trend. Data were tempo-
rally filtered (0.01-0.10 Hz), normalized to MNI space, resampled to 3 x 3 x 3 mm?, and
spatially smoothed with a Gaussian kernel (FWHM = 4 mm). In total, 21 BD participants
were excluded due to data-quality/head-motion considerations; the final sample sizes are
reported in Table 1.
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2.4. Brain Region Activation Under Different Emotional States

A Generalized Linear Model (GLM) was used to characterize task-evoked activation
patterns under different emotional conditions. At the first level, we estimated subject-spe-
cific contrast z-maps for each comparison condition defined in Table 2. At the second level,
for each comparison condition, we fitted a group-level GLM to obtain the corresponding
group z-map. Multiple-comparison correction was performed using Gaussian random
field (GRF) correction (two-sided; voxel-wise p < 0.001 and cluster-wise p < 0.05) with a
minimum cluster size of 10 contiguous voxels. These GRF-corrected group maps are re-
ported as descriptive activation patterns to summarize condition-specific effects at the co-
hort level.

Importantly, the whole-sample GRF-corrected maps were used only for report-
ing/visualization and were not used to construct machine learning features. For machine
learning analyses, the second-level GLM and GRF thresholding were repeated within each
outer cross-validation fold using TRAIN subjects only, yielding fold-specific abnormal
voxel masks to prevent information leakage/circular analysis. These masks were inter-
sected with the AAL atlas to define abnormal AAL ROlIs, retaining regions with sufficient
overlap (=10 voxels), which were then used for ROI-level feature extraction (Section 2.5).

2.5. ROI Definition and Feature Construction (Abnormal AAL ROIs and ROI Time-Series Features)

Within each outer CV fold, we computed a TRAIN-only second-level group-contrast
z-map (the target BD group vs. HCs) and derived a fold-specific abnormal voxel mask by
thresholding the z-map using GRF correction (two-sided; voxel-level p < 0.001, cluster-
level p < 0.05; minimum cluster size of 10 contiguous voxels). The abnormal mask was
then intersected with the AAL atlas to obtain fold-specific abnormal AAL ROls, yielding
K ROIs for that fold. For each subject, we extracted ROI-mean fMRI time series within
these ROIs, producing a subject-level matrix of size T; X K where T; denotes the availa-
ble time points. To ensure a fixed input dimensionality without using any information
from the test set, we defined Ty, = miniTi(tmm) within each outer fold based on training
subjects only, and truncated all subjects” ROI time series (TRAIN and TEST) to the first
Tyuse time points. The resulting ROI time series were vectorized into a 1 X (T, - K) fea-
ture vector per subject. Feature scaling was performed in a leakage-free manner: the scaler
was fitted on TRAIN and applied to TEST within each outer fold. Detailed mathematical
formulations of ROI-mean extraction and time-series truncation are provided in Supple-
mentary Table S11.

2.6. Classification of the Adolescents with BD and the HCs

To evaluate whether activation-derived ROI time-series features can discriminate ad-
olescents with bipolar disorder (BD) from healthy controls (HCs) across the six task con-
trasts (Table 2), we considered two complementary evaluation settings. First, we per-
formed state-specific classification by comparing each mood-state subgroup (mania, de-
pression, or remission) against matched HCs, using fold-specific ROIs and features de-
rived within each outer CV fold from TRAIN subjects in the corresponding subgroup and
TRAIN HCs only. Second, we assessed BD-versus-HC generalization by testing whether
ROls/features derived from a given mood state could generalize to classify pooled BD
participants (mania + depression + remission) versus HCs, while keeping ROI definition
and all data-dependent processing strictly within TRAIN folds. Classification perfor-
mance was assessed using nested stratified cross-validation, with an outer 5-fold CV for
unbiased evaluation and an inner 3-fold grid-search CV for hyperparameter tuning. All
steps that could learn from the data, including ROI definition, Ty, selection, feature scal-
ing, and model fitting, were confined to TRAIN folds and then applied to the correspond-
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ing TEST fold. We evaluated multiple classical classifiers (Logistic Regression, SVM, Ran-
dom Forest, XGBoost, and Naive Bayes). The complete hyperparameter search grids for
all classifiers are summarized in Supplementary Table S12.

Model explainability was assessed using SHAP: within each outer fold, SHAP values
were computed on the held-out test set using an appropriate explainer for the fitted
model, and mean absolute SHAP values were aggregated to rank ROl importance. Finally,
we pooled out-of-fold predictions from the outer CV and estimated 95% confidence inter-
vals for AUC and accuracy via 10,000 nonparametric bootstrap resamples (excluding
resamples containing only one class for AUC computation).

2.7. Clinical Correlation and Regression Analysis

In the previous machine learning classification analysis, we identified brain activa-
tion patterns under specific contrast conditions that most effectively distinguished ado-
lescents with BD from HC. We hypothesized that these high-discriminability activation
patterns are associated with clinical indicators. To test this hypothesis, we performed lin-
ear regression analyses linking the identified activation patterns to the collected behav-
ioral measures and clinical scale scores, with the goal of identifying brain regions whose
activation profiles are closely related to clinical metrics. To examine clinical relevance, we
tested whether the most discriminative activation features were associated with behav-
ioral measures and clinical scale scores. For each contrast and mood-state block, voxelwise
regression was performed at the second level and statistical maps were corrected using
GRF (two-sided; voxel-wise p < 0.001; cluster-wise p < 0.05). For clusters surviving GRF
correction, we extracted mean regional activation values and fitted linear regression mod-
els for each clinical/behavioral metric. We report standardized coefficients ([3). Multiple
comparisons across region-metric tests were controlled using BH-FDR (q < 0.05) within
each contrast/mood-state block.

For clarity, clinical/behavioral association analyses were conducted separately within
each group (BD and HC), rather than fitting a single pooled model across all participants.
These models were not adjusted for additional covariates (e.g., age, sex, medication status,
or head-motion indices) to limit model complexity given the sample size; thus, the find-
ings are interpreted cautiously as exploratory.

3. Results

To further evaluate the effectiveness of activation patterns of brain regions under dif-
ferent comparison conditions in distinguishing depressive episodes, manic episodes, and
remission states from healthy controls, we used the brain region activation patterns spe-
cific to each disease state to identify that particular disease state, as well as BD as a whole.

3.1. Brain Activation Patterns for Identifying Corresponding Disease States of BD

The classification performance of brain activation patterns for distinguishing depres-
sive, manic, and remission states of BD from healthy controls (HC) under different com-
parison conditions is reported in Supplementary Tables 51-53. Overall, the remission
group (Table S2) showed the most stable performance: RF, SVM, and logistic regression
achieved AUCs above 90% across most conditions and reached 100% in several cases. In
the depression group (Table S1), performance was strong under the Go, Go-NoGo, and
Go+NoGo conditions, with RF/SVM/logistic regression frequently achieving an AUC of
100%, whereas XGBoost was generally lower (about 67-83%). In the mania group (Table
S3), AUCs were slightly lower than those in the depression and remission groups, but
RF/SVM/logistic regression still performed well (about 87-98%). XGBoost showed the
largest variability and the lowest AUCs (about 67-87%). In addition, Naive Bayes
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achieved high AUCs in all three groups (reaching 100% in some conditions), but its accu-
racy and sensitivity/specificity varied more across conditions.

3.2. Classification Performance Using Remission-Derived Activation Features for Distinguishing
BD from Healthy Controls

To evaluate whether activation patterns derived from the remission state can serve
as informative features for distinguishing bipolar disorder (BD) from healthy controls
(HCs), we trained machine learning models using remission-derived abnormal ROI fea-
tures obtained from the cross-validated pipeline described in Section 2.5. Cross-validated
classification performance across six task-derived contrasts (Go, NoGo, Go-NoGo,
Go+tNoGo, Go-Neutral, and NoGo-Neutral) using five classical classifiers is summarized
in Table 3. In addition, bootstrap 95% confidence intervals for the best-performing remis-
sion-derived model are reported in Supplementary Table S6. For BD-versus-HC results
using depression-derived and manic-derived features, see Supplementary Tables S4 and
S5, respectively.

Among the examined conditions, the Go-NoGo features provided the strongest sep-
aration between BD and healthy controls. In this condition, the Random Forest (RF) clas-
sifier achieved the best overall performance (Accuracy = 94.29%, Sensitivity = 91.43%,
Specificity = 97.14%, AUC = 98.57%). For contrasts involving neutral stimuli, robust dis-
crimination was also observed. Overall, these results suggest that remission-derived acti-
vation-related ROI features—particularly those capturing inhibitory-control differences
(Go-NoGo)—are informative for distinguishing BD from healthy controls in our cohort.
To characterize false-positive/false-negative trade-offs, we also reported PPV (precision),
NPV, and FDR derived from confusion matrices (Supplementary Tables S14-516).

Using pooled out-of-fold predictions from the outer 5-fold cross-validation, we esti-
mated 95% confidence intervals via 10,000 nonparametric bootstrap resamples. For the
best-performing setting (Go-NoGo with RF), the pooled out-of-fold AUC was 0.999 (95%
CI: 0.995-1.000) and accuracy was 0.971 (95% CI: 0.929-1.000) (Supplementary Tables S4
and S5). Given the modest sample size, these uncertainty estimates should be interpreted
cautiously and warrant independent external validation.

Table 3. Cross-Validated Classification Results Using Remission-Derived ROI Features for Distin-
guishing BD from Healthy Controls (ROI-mean fMRI time series).

C((Z)(I::l}::lai:il(s)zn Classifier Accuracy (%) Senz:/(t)l)vﬂy Spe(col/f;aty AUC (%) Fl-(?/:)o re
RF 84.76 86.07 83.21 9214 8467
SVM 82.10 83.21 81.07 9327 8222
o XGBoost 82.00 80.71 83.57 8949 8167
Naive Bayes 83.33 80.71 8571 89.80  82.69
Logls:icoiegres' 67.90 66.79 68.93 7332 67.69
RF 88.57 9143 8571 9592 89.22
SVM 88.57 9429 82.86 9633 8957
NoGo XGBoost 82.86 88.57 7714 9265 8355
Naive Bayes 90.00 88.57 9143 9592 9592
Logls:icoiegres' 88.57 91.43 85.71 96.33  89.22
RF 94.29 9143 97.14 9857  94.05
SVM 82.86 85.71 80.00 9224 8294
XGBoost 85.71 8571 8571 9592 8513

Go - NoGo -

Naive Bayes 90.00 80.00 100.00 973 8872
Logls:icoiegres' 85.71 85.71 85.71 9469  85.66

https://doi.org/10.3390/diagnostics16030466


https://doi.org/10.3390/diagnostics16030466

Diagnostics 2026, 16, 466

8 of 14

RF 88.57 88.57 88.57 9551 8871
SVM 87.14 91.43 82.86 9%.73 8796
XGBoost 82.86 80.00 8571 9143 8215
Go + NoGo -

Naive Bayes 88.57 88.57 88.57 9778 89.00
Logistic Regres- g4 57 91.43 85.71 9714  89.39

sion
RF 7758 7857 7643 8647 7730
‘ SVM 80.33 78.93 81.79 8968  79.88
© XGBoost 79.00 81.07 76.79 8603 78.89
Naive Bayes 80.33 84.64 7643 9192 8149

Neutral T osistic R
OBISUCBEBIES™ 033 81.79 79.29 89.69  80.36

sion
RF 88.57 97.14 80.00 9857  89.67
oG SVM 90.00 97.14 82.86 9837 9117
o0 XGBoost 84.29 85.71 82.86 8857 8415
Naive Bayes 90.00 88.57 9143 9592 90.03

Neutral LogisticR
0815 ;iconegres' 91.43 97.14 85.71 9837  92.33

Note: Values highlighted in bold indicate the best-performing classifier within each comparison
condition (i.e., within each block of five classifiers). Abbreviations: BD, bipolar disorder; ROI, re-
gion of interest; fMRI, functional magnetic resonance imaging; RF, random forest; SVM, support
vector machine; AUC, area under the receiver operating characteristic curve; XGBoost, extreme gra-

dient boosting.

As shown in Figure 1, SHAP analysis indicated that the Go-NoGo random forest clas-
sifier relied on a compact subset of ROIs rather than distributing importance uniformly
across all selected regions. Occipital_Mid contributed the most, followed by Cingu-
lum_Mid and Lingual, with additional contributions from Fusiform and Parietal_Inf. Fur-
ther informative regions included Cingulum_Ant, Frontal Inf Tri, Cuneus, and Tem-
poral_Sup, whereas cerebellar (Cerebellum_Crusl and Cerebellum_6) and motor-related
(Precentral) regions showed comparatively smaller contributions. Collectively, these find-
ings suggest that the discriminative signal captured by the Go-NoGo model is driven pri-
marily by a limited set of abnormal ROIs.

3.3. Correlation Analysis Between Activated Brain Regions and Clinical Indicators

The classification data showed that the Go-NoGo task under the remission state
achieved 94.29% accuracy, 98.57% sensitivity, 94.05% specificity, and 91.43% area under the
curve (AUC) in both the RF models (Table 3). The results show that activated brain regions in
the remission group significantly differed from those of the HCs, indicating that the neural
activity patterns in adolescent BD may be persistent even during periods of remission.

In the neurocognitive Stroop task, hippocampal and parahippocampal activations
were significantly associated with behavioral performance, as reflected by Stroop1l (Sup-
plementary Table S7, Cluster 8: standardized coefficient = -0.363, p = 0.005) and Stroop2
(standardized coefficient = -0.316, p = 0.030). In addition, the control Go omission rate
showed a significant association with activation in the hippocampus/parahippocampal
gyrus (Supplementary Table S8, Cluster 11: standardized coefficient = —0.610, p = 0.015).
Activations in the superior and middle temporal gyri were also significantly correlated
with clinical measures, including the Pittsburgh Sleep Quality Index (PSQI; Supplemen-
tary Table S7, Cluster 15: standardized coefficient = —0.326, p = 0.033) and Trail Making
Test Part B (TMT-B; standardized coefficient = -0.611, p = 0.022). Furthermore, prefrontal
regions (including the superior frontal gyrus, dorsolateral prefrontal cortex, and medial
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prefrontal cortex) showed significant associations with multiple measures, such as the re-
generation task (Supplementary Table S8, Cluster 7: standardized coefficient =-0.724, p =
0.021) and the Emotional Go omission rate (standardized coefficient = 0.716, p = 0.023).

SHAP ROI Importance: NoGo - Go (RF)
( A ) Ranked Importance (Top 12)

Occipital_Mid 136%

Global Importance Share
Cingulum_Mid

Lingual
Fusiform
Parietal_Inf

Cingulum_Ant

Frontal_inf_Tri
Cuneus 5%
.’ Temporal_Sup 6.1%
Cerebellum_Crus1 - 49%
ROI Contribution Precentral 8%
= Ocoipital_Mid Gingulum_Ant
= Cingulum_Mid Frontal_inf_Tri Cerebellum & 4%
— Lingual Cuneus -
w— Fusiform Others
s Pariotal_Inf - - T T - - T
0 2 4 6 8 10 12 “

Contribution Percentage (%)

SHAP Consensus ROI Importance: NoGo - Go

( B © Logistic Regression RF XGBoost 4 Consensus Mean

Occipital_Mid * ] 18.15%

Lingual ® L 13.53%

Cingulum_Mid * * 12.38%
Fusiform L * 8.20%
Cuneus L] * L 8.17%
Frontal_Inf_Tri EE ® 7.22%
Cingulum_Ant L] 2 2 6.44%
Temporal_Sup L 2 L] 5.90%
Parietal_Inf o4 5.69%
Cerebellum_Crus1 L2 4 3.79%
Precentral L 2 3.58%
Cerebellum_6 * 2.44%
SupraMarginal * 2.41%
Temporal_Inf L 1) 2.09%

0 5 10 15 20 2

Contribution Percentage (%)

Figure 1. SHAP-based ROI importance for the Go-NoGo classifier (Random Forest). (A) The top
plot shows the global importance share of the top 8 ROIs. (B) The bottom plot shows the ranked
contribution percentages for the top 12 ROIs.

Overall, linear regression results linking remission-state task-evoked activation pat-
terns (across the Go/NoGo contrasts) to behavioral measures and clinical scales are pro-
vided in Supplementary Tables S7 and S8, including cluster sizes and anatomical labels of
significant regions. Correlation plots are presented in Supplementary Figures S1-S3. For
an overview of multiple-comparison adjustment, BH-FDR-corrected results are summa-
rized in Supplementary Table S9.

4. Discussion

In this study, we analyzed task-based fMRI activation patterns and applied ML)mod-
els to classify adolescents with BD versus HCs across mood states. We observed abnormal
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task-evoked activation in the hippocampus, superior temporal gyrus, and prefrontal cor-
tex. Among mood states, remission yielded the strongest BD-HC discrimination, particu-
larly under the Go-NoGo contrast. In addition, activation in key regions was associated
with clinical symptom severity and cognitive/behavioral measures.

This study showed that brain region activation patterns from the Go-NoGo task
demonstrated optimal performance in machine learning classification of adolescents with
BD from the HC participants during the remission state. The remission state in patients
with BD, positioned between depressive and manic episodes, represents a relatively stable
clinical state, which may better capture trait-like neurobiological features of BD [20]. This
study showed that even when emotional symptoms are alleviated, patients may still ex-
hibit neural functional abnormalities as described in the literature [20]. The Go-NoGo task
employed in this study was designed to induce responses to various emotional states.
Specifically, the “Go” task elicited positive emotional responses, while the “NoGo” task
provoked negative emotions, enabling the examination of neural responses to different
emotional stimuli [33]. In situations involving emotional conflict, the Go-NoGo task may in-
crease the load on emotional regulation by eliciting emotional responses. Therefore, emotional
conflict tasks in remission may provide more discriminative signals between BD and HC in
some cohorts, which may partly explain the relatively strong classification performance ob-
served here. The performance gain likely reflects that task-evoked regional activation fea-
tures capture group-level differences relevant to affective inhibitory control.

Abnormal activation in the hippocampus and parahippocampal gyrus was associ-
ated with multiple clinical and behavioral measures (e.g., PSQI, MFQ, Young scores, and
neutral Go omission rates). These associations suggest that limbic dysregulation relates to
affective symptom severity and task performance in adolescent BD. A prior study also
found that abnormal activation in the core components of the limbic system was closely
associated with cognitive deficits in patients with BD [32]. These observations further sup-
port the involvement of the hippocampus and surrounding regions in emotional and cog-
nitive regulation in BD, emphasizing their critical importance in maintaining stable emo-
tional responses and performing inhibitory tasks.

We observed altered activation in regions commonly linked to the default mode net-
work (DMN), including the superior and middle temporal gyri, during affective regula-
tion. The superior temporal gyrus and middle temporal gyrus are primarily involved in
cognitive functions such as self-reflection, episodic memory, and introspection [33,34].
Previous studies have found that patients with BD in remission exhibit significantly re-
duced activity in the right middle temporal gyrus during resting states, but activity in the
bilateral middle temporal gyrus and bilateral superior temporal gyrus is significantly en-
hanced during emotional and neutral tasks [35]. This suggests that functional abnormali-
ties in the superior temporal gyrus and middle temporal gyrus within the default mode
network of the patients with BD may contribute emotional state regulation and the exe-
cution of cognitive tasks. In addition, poor sleep quality and reduced cognitive flexibility
may further exacerbate difficulties in emotion regulation. The activity levels of these brain
regions may contribute to maintaining stable affective and cognitive functioning. We also
found that brain regions such as the superior frontal gyrus, dorsolateral prefrontal cortex,
and medial prefrontal cortex exhibited significant abnormal activation during emotional
tasks in adolescents with BD, which showed significant correlations with multiple clinical
scales such as the regeneration task and Emotional Go omission rate. These observations
indicated that abnormal activity in the prefrontal cortex was closely related to difficulties
in emotional regulation and cognitive control in adolescent patients with BD, consistent
with prior studies showing dorsolateral prefrontal cortex being a key brain region for reg-
ulating emotional and cognitive function in patients with BD [36-39].
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This study showed extensive neural alterations in key brain networks of the limbic
system, prefrontal cortex, and default mode network in adolescent patients with BD. Our
findings suggest that abnormal activation within the limbic system may be associated
with emotional instability in BD, whereas alterations in prefrontal regions may relate to
deficits in cognitive regulation and emotional inhibition. In addition, altered activity in
the default mode network may be relevant to self-referential and emotional processing,
supporting an association between DMN alterations and cognitive and affective symp-
toms in BD. Together, these observations suggest that emotional and cognitive dysfunc-
tion in BD may be related to alterations across core brain networks, which may inform
future hypothesis-driven and longitudinal studies. Even in the absence of acute mood
symptoms, patients continued to exhibit abnormal activity in the limbic system, prefrontal
cortex, and default mode network, suggesting that such neural alterations may persist
across disease stages and may be related to the enduring clinical course of BD. This inter-
pretation is consistent with frameworks proposing that psychiatric disorders may involve
persistent systems-level dysregulation even when symptoms subside [40].

5. Limitations

Several limitations warrant consideration. First, the modest sample size —particu-
larly after mood-state stratification —requires an exploratory interpretation of the classifi-
cation performance. We prioritized interpretable classical machine learning over deep
learning architectures, as the latter are highly prone to overfitting on high-dimensional
clinical datasets of this size. Second, as a single-site study lacking independent external
validation, the generalizability of these neural signatures remains to be established. How-
ever, while Chen et al. [9] suggested that such medications often ‘normalize’ brain activity,
we still observed significant functional dysregulation. This indicates that our findings
likely represent core trait markers of adolescent BD rather than treatment effects. Future
studies with drug-naive participants are essential to isolate illness-specific effects from
treatment. Finally, the absence of multimodal data (e.g., sMRI/DTI) and longitudinal
tracking constrains the comprehensive understanding of neuroprogression. Larger multi-
center studies are required to validate these preliminary findings.

6. Conclusions

In summary, this study identified mood-state-related alterations in task-evoked brain
activity within regions spanning the limbic system, prefrontal cortex, and default mode
network, and observed associations with cognitive functioning in adolescents with BD.
Using a leakage-controlled cross-validated pipeline, we further evaluated classical ma-
chine learning models based on activation-derived ROI time-series features to discrimi-
nate BD from healthy controls across emotional task contrasts. These findings suggest that
persistent functional dysregulation — particularly during remission —may reflect trait-like
neural signatures of adolescent BD. However, the present results should be viewed as
exploratory, and independent external validation in larger cohorts will be required before
these signatures can be considered clinically predictive or actionable.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/diagnostics16030466/s1, Supplementary Figure S1. Three-view an-
atomical visualization (A, anterior view) of abnormal brain regions identified in BD patients (BD vs.
healthy controls). Supplementary Figure S2. Three-view anatomical visualization (L, left view) of abnor-
mal brain regions identified in BD patients (BD vs. healthy controls). Supplementary Figure S3. Three-view
anatomical visualization (P, posterior view) of abnormal brain regions identified in BD patients (BD vs.
healthy controls). Supplementary Table S1. Within-depression classification performance across task con-

ditions and classifiers. Supplementary Table S2. Within-remission classification performance across task
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conditions and classifiers. Supplementary Table S3. Within-manic classification performance across task
conditions and classifiers. Supplementary Table S4. BD vs. HC dassification performance using depres-
sion-derived features across task conditions and classifiers. Supplementary Table S5. BD vs. HC classifica-
tion performance using manic-derived features across task conditions and classifiers. Supplementary Ta-
ble S6. Bootstrap 95% confidence intervals for pooled out-of-fold (OOF) performance of the best-perform-
ing model (NoGo-Go, Random Forest). Supplementary Table S7. Regression analysis results between sig-
nificantly activated brain regions in the remission group and BD group. Supplementary Table S8. Brain
regions showing significant activation in the remission group, along with remission-group regression out-
comes. Supplementary Table S9. Cluster-level associations with clinical and behavioral measures in BD
(linear regression): uncorrected p values and BH-FDR-adjusted q values. Supplementary Table S10. Clus-
ter-level associations with clinical and behavioral measures in BD (linear regression): uncorrected p values
and BH-FDR-adjusted q values (independent set). Supplementary Table S11. Feature extraction summary
(leakage-free, fold-wise). Supplementary Table S12. Hyperparameter grids used in inner-fold grid search
(nested CV). Supplementary Table S13. State-of-the-art (SOTA) comparison of machine learning studies
for bipolar disorder identification. Supplementary Table S14. Additional clinically interpretable metrics
(PPV, NPV, and FDR) for cross-validated classification using remission-state ROI-mean fMRI time-series
features (BD vs. healthy controls). Supplementary Table S15. Additional clinically interpretable metrics
(PPV, NPV, and FDR) for cross-validated classification using depression-state ROI-mean fMRI time-series
features (BD vs. healthy controls). Supplementary Table S16. Additional clinically interpretable metrics
(PPV, NPV, and FDR) for cross-validated classification using manic-state ROI-mean fMRI time-series fea-
tures (BD vs. healthy controls).
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