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Abstract

Background: Differentiating between bipolar depression (BD) and unipolar depression (UD) presents a significant clinical challenge.
Identifying the potential clinical features that distinguish between these two disorders is essential for optimizing personalized management
strategies for individuals with depression. In this study, we employed machine learning to develop a classification model to distinguish
between BD and UD based on demographic and clinical features. Methods: Patients with either BD or UD were included in this
study. Three machine learning classifiers, including logistic regression (LR), random forest (RF), and support vector machine (SVM)
were developed and compared using a dual evaluation strategy: (i) nested stratified cross-validation (5-fold outer, 3-fold inner) for
unbiased model comparison; and (ii) an independent stratified hold-out split for final validation. In the latter phase, hyperparameters
were optimized on the training set via grid search, with performance reported on the test set using bootstrapped 95% confidence intervals.
Shapley Additive Explanations (SHAP) analysis was applied to the optimal model to elucidate feature importance. Results: A total of
449 patients (239 UD and 210 BD) were included. All three models achieved a consistent area under the receiver operating characteristic
curve (ROC-AUC) of approximately 0.78, indicating moderate discriminative capacity, with the RF model demonstrating a more balanced
error distribution. The top six predictive features were: family history, age, sleep disturbance (Patient Health Questionnaire-9 [PHQ9]
item 3), fatigue (PHQ9 item 4), use of sleep medication (Pittsburgh Sleep Quality Index [PSQI] item 6), and suicidal ideation (PHQ9 item
9). The SHAP analysis suggested that younger age, “uncertain/unknown” family history, and the use of sleep medication tended to push
predictions toward BD, whereas suicidal ideation, sleep disturbance, and fatigue tended to push predictions toward UD. Conclusions:
Our machine learning approach identified key predictors—including age, family history, and sleep-related symptoms—to differentiate
UD from BD in adolescent and young adult patients. Although achieving moderate accuracy, the model may serve as a supportive
screening tool to enhance clinical decision-making.
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Main Points 1. Introduction
- 1. Age, family history, and clinical features de- Bipolar depression (BD) and unipolar depression
rived from multiple psychometric scales (specifically pa- (UD) share extensive overlap in clinical presentation dur-

tient. hea'llth questionnaire-9 (.P HQ?) anq pittsburgh slc?ep ing depressive episodes, making accurate differentiation a
quality index (PSQI)) can distinguish bipolar depression  persistent diagnostic challenge [1]. Depressive episodes are
(BD) from unipolar depression (UD) in adolescent and more common than manic or hypomanic episodes in BD

young adult patients. o [2]. Approximately 85% of BD patients experience a de-

2. The Random Forest model exhibited the most bal-  pressive episode as their initial manifestation [3], result-
anced performance in assessing the classification risk be- ing in nearly 60% being initially misdiagnosed with ma-
tw§er.1 BD and UD, achieving a receiver operating charac- jor depressive disorder (MDD) [4]. Consequently, relying
teristic area under the curve (ROC-AUC) of 0.78. on the history of manic or hypomanic episodes yields low

3. Shapley Additive Explanations (SHAP) analysis re- sensitivity for distinguishing BD from MDD, particularly in
vealed that younger age, use of sleep medication (PSQIitem  pop-psychiatric settings. Misdiagnosis can lead to the inap-
6), and the “uncertain” family history status (serving as a  propriate use of antidepressants in BD patients, increasing
proxy for clinical ambiguity rather than a biological risk)  the risk of manic or mixed episodes and exacerbating the
are the most crucial predictive factors for identifying BD. severity of the illness [5]. Accurate early differentiation is

therefore crucial to ensuring appropriate treatment, reduc-
ing healthcare costs, and improving patient quality of life
[6]. Predictive factors such as early onset and severe mood
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symptoms, family history of BD, and emotional dysregu-
lation have been linked to the future development of BD
[7.8].

In recent years, machine learning (ML) has emerged
as a promising approach for classifying mood disorders ow-
ing to its ability to integrate heterogeneous data sources, in-
cluding neuroimaging data (structural and functional mag-
netic resonance imaging [MRI]), clinical rating scales [9],
electronic health records, genetic information, and other
biomarkers. Studies using multimodal neuroimaging have
reported classification accuracies ranging from approxi-
mately 70% to 90% for differentiating BD from UD [10,11].
However, despite these promising results, neuroimaging-
based approaches often face limitations such as small sam-
ple sizes, high acquisition costs, and limited accessibil-
ity, which restrict their routine use in clinical practice.
Conversely, studies utilizing purely clinical or combined
datasets have achieved competitive accuracies, often ex-
ceeding 80% [12]. This suggests that robust clinical mark-
ers alone could offer cost-effective and scalable diagnostic
tools.

However, translating these findings into routine prac-
tice remains challenging due to the nuanced symptom pro-
files of the two disorders. While BD and UD share a
core depressive syndrome, prior research suggests distinct
pathophysiological signatures. Specifically, sleep circadian
misalignment in BD is often characterized by hypersom-
nia, delayed sleep phase, and greater rhythm fragmenta-
tion, contrasting with the typical insomnia and early awak-
ening seen in UD [13]. Similarly, mechanistic disparities
in emotion regulation often manifest as higher severity of
comorbid anxiety and somatic burden in BD, likely reflect-
ing heightened inflammatory states or affective instabil-
ity/impulsivity [14,15]. In real-world settings, physicians
administer a battery of scales (e.g., Pittsburgh Sleep Qual-
ity Index, Generalized Anxiety Disorder-7, Patient Health
Questionnaire-15) to capture these domains [16,17]. A re-
cent large-scale cohort study [18] demonstrated that age-
dependent developmental trajectories and genetic back-
grounds are pivotal in shaping psychiatric outcomes. How-
ever, due to the extensive phenotypic overlap, relying solely
on aggregate total scores often masks these critical fine-
grained distinctions. Consequently, there is a paucity of re-
search dissecting the granular feature importance of these
symptoms to identify which specific items beyond broad
symptom categories possess the high specificity necessary
to disentangle BD from UD.

Based on these findings, the present study aims to de-
velop and evaluate an ML-based classification model that
relies solely on routinely collected demographic variables
and clinical features derived from multiple psychometric
scales. By addressing the cost and accessibility barriers
of neuroimaging, this approach offers a resource-efficient
screening tool to facilitate early diagnosis in real-world
clinical settings.

2. Materials and Methods
2.1 Study Design and Participants

This retrospective study analyzed clinical data from
patients presenting with mood-related symptoms at the
Sleep Disorders Clinic of Hangzhou Seventh People’s Hos-
pital of between April 2016 and October 2024. The study
was approved by the Ethics Committee of Hangzhou Sev-
enth People’s Hospital (Ethics Approval Number: 2025-
005) and adhered to the Declaration of Helsinki. For this
retrospective study, the Ethics Committee granted a waiver
of informed consent. All patient data were anonymized and
stored securely, with access restricted to authorized person-
nel.

The inclusion criteria were: (1) Age between 12 and
30 years. This range was selected to capture the critical
neurodevelopmental period [19] and the peak incidence of
mood disorders [20,21], while also addressing the diagnos-
tic latency common in bipolar disorder [22]; (2) Diagno-
sis of bipolar I disorder, bipolar II disorder, bipolar disor-
der not otherwise specified (NOS), major depressive dis-
order, depressive disorder NOS, or dysthymia. Initial diag-
noses were established by psychiatrists using the Structured
Clinical Interview for DSM-5 (SCID-5) and retrospectively
confirmed via longitudinal follow-up records of at least 2
years to rule out diagnostic conversion; (3) A Patient Health
Questionnaire-9 (PHQ9) score >5.

The exclusion criteria were: (1) Presence of psychotic
symptoms; (2) Comorbidity with other mental disorders, in-
cluding substance use disorders, personality disorders, or
obsessive-compulsive disorder; (3) Presence of severe so-
matic diseases or unstable medical conditions; (4) History
of head injury, organic brain disease, or neurological disor-
ders; (5) Pregnancy or lactation.

2.2 Clinical Assessment and Data Acquisition

Demographic and clinical characteristics were re-
trieved from the “Good Sleep 365" platform (version
4.8.8, Hangzhou Slanhealth Co., Ltd, Hangzhou, Zhejiang,
China), where psychometric scales are routinely adminis-
tered to all patients as part of the standard outpatient as-
sessment. The analysis utilized data recorded at the initial
clinical evaluation, irrespective of illness stage, to establish
a pre-treatment baseline. The “Good Sleep 365 platform
is a clinically validated mobile health (mHealth) application
that is voluntarily utilized and has been fully integrated into
the hospital’s routine clinical workflow. While primarily
designed to deliver digital Cognitive Behavioral Therapy
for Insomnia (dCBT-I), this app simultaneously functions
as an electronic data capture system to support the compre-
hensive longitudinal management of sleep and mood [23].
Our previous work has demonstrated its clinical efficacy in
enhancing treatment adherence and outcomes, as well as its
feasibility in real-world settings [24].

To ensure rigorous symptom quantification, we uti-
lized a battery of internationally validated assessment in-
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struments, including the Pittsburgh Sleep Quality Index
(PSQI) [25], Generalized Anxiety Disorder-7 (GAD7) [26],
Patient Health Questionnaire-9 (PHQ9) [27], Patient Health
Questionnaire-15 (PHQ15) [16], and the Epworth Sleepi-
ness Scale (ESS) [28]. These instruments were selected for
their robust psychometric properties and demonstrated ef-
fectiveness in distinguishing the overlapping phenotypes of
somatic symptoms, insomnia, anxiety, and depression com-
monly observed in BD and UD [16,17]. The scoring criteria
for these instruments are well-documented in the cited ref-
erences.

2.3 Operationalization of Variables

Predictor Variables: To mitigate the risk of mul-
ticollinearity and overfitting caused by including redun-
dant variables (i.e., total scores being the sum of item
scores), we excluded aggregate total scores from the fea-
ture set. Instead, the final model utilized demographic vari-
ables (age, family history of mental disorders) and item-
level scores from the GAD7, PHQ9, PHQI15, ESS, and
PSQI scales. This approach allowed us to explore the
differential diagnostic value of specific symptom patterns
even when overall severity might be comparable between
groups. Our modeling approach integrated demographic
predictors alongside clinical scale scores. This strategy
aligns with recent large-scale population-based studies,
which have demonstrated that incorporating developmen-
tal trajectories and genetic proxies is essential for robustly
modeling psychiatric outcomes and accounting for biolog-
ical heterogeneity [18].

Outcome Variable: The outcome variable was the con-
firmed diagnosis of UD or BD. As detailed in Section 2.1,
this diagnosis was ascertained retrospectively via a longi-
tudinal follow-up to minimize the risk of misclassification
and diagnostic conversion. All clinical assessments were
performed by the same team of psychiatrists and psycholo-
gists.

2.4 Data Preprocessing

Cohort Selection and Partitioning: Following strict in-
clusion criteria, eligible records were partitioned into train-
ing and test sets at an 80:20 ratio using stratified sampling
to preserve class distribution. The training set was used for
model construction, while the test set was reserved for in-
dependent validation. Fig. | was created using WPS Of-
fice Software (version 12.1.0.25225, Beijing Kingsoft Of-
fice Software, Inc, Beijing, China).

Data Preprocessing and Feature Engineering: A rig-
orous pipeline was implemented to ensure data quality.
First, protocols for missing data were established: mean
imputation was designated for continuous variables, and
mode (most frequent value) imputation for discrete vari-
ables. In this dataset, item-level scale data were complete
because the mHealth application enforces mandatory field
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entry; therefore, imputation would only apply if a miss-
ing value were present. Second, to eliminate scale dis-
crepancies, continuous variables underwent standardiza-
tion. Importantly, standardization parameters (mean and
standard deviation) were estimated exclusively from the
training set and then applied to the corresponding valida-
tion/test set without re-estimation, implemented via a scikit-
learn Pipeline (1.3.2, INRIA, Paris, France) to prevent data
leakage. Third, categorical variables were numerically en-
coded; specifically, family history was coded as -1 (Un-
clear/Unknown), 0 (No), and 1 (Yes). Consequently, the fi-
nal feature vector comprised 48 predictors: age, family his-
tory, and 46 item-level scores from the assessment scales.
The outcome variable was binary-encoded, with BD labeled
as 1 and UD as 0.

2.5 Machine Learning Framework

Classification Algorithms: We conducted a compar-
ative evaluation of three distinct machine learning algo-
rithms: logistic regression (LR) [29], random forest (RF)
[30,31], and Support vector machine (SVM) [32]. Based
on comparative performance metrics, the RF model was
identified as the optimal algorithm for subsequent analy-
ses. Random Forest is an ensemble learning method based
on decision trees that excels in handling complex, high-
dimensional datasets [33,34]. Mechanistically, the algo-
rithm employs bootstrap aggregating (bagging) and random
feature selection to construct multiple uncorrelated decision
trees. This ensemble approach effectively reduces variance
and mitigates the risk of overfitting, thereby enhancing the
model’s generalizability to unseen data.

Model training and Performance evaluation: We used
a two-stage model evaluation framework to clearly separate
algorithm comparison from final performance reporting.
First, for model comparison and to reduce optimistic bias
during algorithm selection, we conducted a nested strati-
fied cross-validation on the full cohort (outer 5-fold CV for
unbiased evaluation; inner 3-fold GridSearchCV for hyper-
parameter tuning; optimization metric: area under the re-
ceiver operating characteristic curve [ROC-AUC]; Fig. 1).
Model-comparison results were summarized as the (mean
4 SD) across the five outer folds. Second, for final perfor-
mance reporting with confidence intervals, we performed
an independent 80/20 stratified hold-out split. Hyperparam-
eters were tuned on the training set using cross-validation,
after which the best-performing model was refit on the full
training set and evaluated once on the test set. Predic-
tive performance on the hold-out test set was evaluated us-
ing ROC-AUC, sensitivity, specificity, weighted F1 score,
and accuracy; 95% confidence intervals were estimated by
bootstrapping the hold-out test predictions. To interpret the
“black-box” nature of the Random Forest model and iden-
tify key predictors, we employed the Shapley Additive Ex-
planations (SHAP) framework [35,36]. Global feature im-
portance was quantified by calculating the mean absolute
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Fig. 1. Schematic illustration of the machine learning workflow. BD, Bipolar Depression; UD, Unipolar Depression; LR, Logistic
Regression; RF, Random Forest; SVM, Support Vector Machine; PHQ9, Patient Health Questionnaire-9; ROC-AUC, area under the
receiver operating characteristic curve; SHAP, Shapley Additive Explanations; ACC, Accuracy; CV, Cross-Validation; F1, F1 Score;
Sens, Sensitivity; Spec, Specificity; F1w, Weighted F1 Score.

SHAP value for each predictor, representing the average I errors, all p-values were adjusted for the false discovery

magnitude of the feature’s impact on model output. rate (FDR) using the Benjamini-Hochberg procedure. Sta-
tistical significance was defined as a two-tailed p-value <
2.6 Statistical Analysis 0.05. Stratified analyses were performed by age and family

history, with additional sensitivity analyses conducted for
family history. In the machine learning phase, we utilized
ical characteristics were performed using SPSS version o Scikit-learn library (Python 3.10.12, Python Software
20.0 (IBM Corporation, Armonk, NY, United States).  poundation, Beaverton, Oregon, USA) to implement and
Since continuous variables—including age and symptom o mnare three distinet classification algorithms: LR, SVM,
scales (GAD7, PHQY, PSQL ESS, and PHQ15)—exhibited  ang RF. This data-driven modeling approach was adopted
non-normal distributions, they were expressed as medians ¢, 4ion with analytic standards established in large-scale
(QI(25th percentile), Q3(75th percentile)) and compared psychiatric studies (Koutsouleris et al. [37]), thereby en-
using the Mann—Whitney U test. Categorical variables, suring methodological rigor and reproducibility.

such as sex, educational level, and family history, were an-

alyzed using the Chi-square test. To quantify the magni-
tude of differences, Cramér’s V and Cliff’s delta were cal-
culated as effect sizes, respectively. To control for Type

Statistical analyses regarding demographic and clin-
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Table 1. Clinical characteristics of UD and BD.

Variables UD (239) BD (210) x2/Z  Effect size p pFDR

Age (years) Md (Q1, Q3) 23 (18, 27) 19 (16, 23) -5.7° —-0.31 <0.001* <0.001*

Sex (female/male) 161/78 156/54 2.6 0.07 0.120 0.30

. Primary and secondary school 89 (37.2%) 109 (51.9%)

Educational level (n,%) . . 9.8b 0.16 0.002* 0.07
University and above 150 (62.8%) 101 (48.1%)

Family history (N/Y/Unclear) (n,%) 117 (49.0%)/64 (26.8%)/58 (24.3%) 49 (23.3%)/20 (9.5%)/141 (67.1%)  83.9° 0.43 <0.001* <0.001*

GAD7 4Md (Q1, Q3) 2(1,3) 2(1,3) -2.32 —0.12 0.021* 0.07
PHQ9 3 3(2,3) 2(1,3) —4.0? -0.20 <0.001* <0.001*
PHQ9 4 2(2,3) 2(1,3) -3.72 —0.12 <0.001* 0.02*

PHQ9 items Md (Q1, Q3) PHQ9 6 3(2,3) 3(L,3) -3.12 —-0.15 0.002* 0.02*
PHQ9 8 2(1,3) 2(1,3) -2.6* —0.12 0.019* 0.07
PHQ9 9 2(1,3) 2(1,3) -2.6* -0.14 0.009* 0.05
PSQI 1 2(2,3) 2(2,3) -1.92 -0.10 0.047* 0.14

PSQI items Md (Q1, Q3) PSQI 3 2(0,3) 2(0,3) -2.92 —-0.15 0.004* 0.03*
PSQI 4 2(0,3) 1(0,2) 2.4 —0.12 0.017* 0.07
PHQI15 7 2(2,2) 2(1,2) -3.12 —0.12 0.002* 0.02*
PHQI15 9 0(0,1) 1(0,1) -2.6* —0.13 0.009* 0.05

PHQIS5 items Md (Q1,Q3) PHQI15_10 0(0,1) 1(0,1) -1.92 0.10 0.049* 0.14
PHQI15_11 0(0,1) 1(0,1) -2.1* 0.10 0.038* 0.13
PHQI15 15 0(0,1) 0(0,1) —2.42 0.11 0.017* 0.07

Md, median; Q1, 25th percentile; Q3, 75th percentile; GAD7, Generalized Anxiety Disorder 7-item scale; GAD7_4, Trouble relaxing; PHQ9 3, Sleep Disturbance; PHQ9 4, Fatigue or loss
of'energy; PHQ9 6, Worthlessness/Excessive Guilt; PHQ9 8, Psychomotor agitation or retardation; PHQ9 9, Suicidal ideation; PSQI, Pittsburgh Sleep Quality Index; PSQI 1, Sleep quality;
PSQI 3, Sleep duration; PSQI 4, Sleep efficiency; PHQ1S5, Patient, Health Questionnaire-15; PHQ15 7, Dizziness; PHQ15 9, Feeling your heart pound or race; PHQ15 10, Shortness of
breath; PHQ15 11, Pain or problems during sexual intercourse; PHQ15 15, Trouble sleeping; FDR, false discovery rate. *p < 0.05 was considered a statistical difference. Note: Only items

with statistically significant differences (p < 0.05) are displayed. The full list of clinical characteristics is provided in Supplementary Table 1.

aMann—Whitney U test.
bChi-square test.
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3. Results
3.1 Demographic and Clinical Characteristics

A total of 449 participants were included in the study,
consisting of 239 patients with UD and 210 patients with
BD Comparisons of demographic and clinical variables are
presented in Table 1. Regarding demographic characteris-
tics, significant differences were observed in age and family
history. Patients in the UD group were significantly older
(median [Md] = 23 years) compared to the BD group (Md
=19 years; Z = —5.7, pFDR <0.001), with a medium ef-
fect size of —0.31. Significant differences were also found
in family history distributions (x? = 83.9, pFDR <0.001),
with a moderate-to-large effect size of 0.43. While the UD
group had a higher proportion of participants with a univer-
sity education or above compared to the BD group (62.8%
vs. 48.1%), this difference was not statistically significant
after FDR correction (p = 0.002, pFDR = 0.07). No signif-
icant difference was found in sex distribution. Regarding
specific clinical symptoms, several items remained signif-
icant after FDR correction: PHQ9 3, PHQ9 4, PHQ9 6,
and PHQ9 9; PSQI 3; and PHQI15_ 7 and PHQ15 9 (all
pFDR < 0.05).

Stratified Analysis of Age and Family History: To
validate the robustness of these baseline differences, we
conducted stratified analyses (detailed in Supplementary
Tables 2,3). Age Stratification: Analysis by age quartiles
confirmed an age-dependent distribution pattern. The pro-
portion of BD patients was highest in the youngest quar-
tile (12—17 years: 63%) and progressively decreased in the
oldest quartile (25-30 years: 27%), reinforcing the associa-
tion between younger age and BD diagnosis in this sample.
Family History Stratification: Further analysis clarified the
nature of the family history discrepancy. In the BD group,
data quality was the limiting factor. Approximately 67.1%
of patients were classified as “Unknown” while only 9.5%
had a confirmed positive family history. In the UD group,
records were significantly more complete. Only 24.3%
were “Unknown” with the majority having confirmed status
(48.9% negative and 26.8% positive).

3.2 Performance of Classification Models

UD from BD using a feature set comprising age, fam-
ily history of mental disorders, and item-level scores was
derived from all clinical scales. Overall performance met-
rics are summarized in Table 2, and corresponding ROC
and precision-recall (PR) curves are shown in Fig. 2; The
confusion matrices and calibration curves are detailed in
Supplementary Figs. 1A-C, 2A-C, respectively. In the

nested cross-validation used for model comparison, LR,
RF, and SVM showed comparable discrimination (mean
AUC =+ SD: LR 0.755 £ 0.047; RF 0.747 &+ 0.061; SVM
0.739 +£ 0.060), with similar calibration error (mean Brier
£ SD: LR 0.206 + 0.013; RF 0.207 £ 0.015; SVM 0.213
=+ 0.020). On the independent hold-out test set, ROC anal-
yses indicated broadly similar discrimination. ROC-AUC
values clustered around 0.78 (RF: 0.776; LR: 0.779; SVM:
0.780), suggesting a moderate ability to distinguish UD
from BD based on the combined demographic and clini-
cal features. Consistent with these findings, overall accu-
racies and weighted F1 scores differed only modestly (Ta-
ble 2). However, RF demonstrated a more balanced trade-
off between sensitivity and specificity, whereas LR tended
to favor higher sensitivity at the cost of lower specificity;
SVM performance fell between these two patterns. No-
tably, inspection of the confusion matrices revealed that
RF distributed errors most evenly between the two classes.
To ensure reproducibility, the optimal hyperparameters of
RF identified via grid search were: n_estimators = 200,
max_depth = 10, min_samples_split = 2, and class_weight
= None. Given its balanced predictive capability, we pro-
ceeded with the RF model for further analysis (Figs. 3,4).

3.3 Sensitivity Analysis of Family History Coding

Because the “unknown/uncertain” category could re-
flect information availability rather than true familial risk,
we conducted a sensitivity analysis by re-running a Random
Forest model under three strategies: (A) excluding records
with unknown family history (N = 250), (B) treating un-
known family history as missing and imputing it (N = 449),
and (C) modeling unknown family history as its own cat-
egory (N = 449). Discrimination was highest when un-
known was modeled as its own category (AUC = 0.782)
and slightly lower when treated as missing (AUC = 0.748),
whereas excluding unknown substantially degraded perfor-
mance (AUC = 0.618) and produced a degenerate sensitiv-
ity of 0.0.

3.4 Identification of Key Clinical Discriminators _for BD
and UD via SHAP Analysis

To identify which demographic and clinical features
are most critical for distinguishing BD from UD, we cal-
culated SHAP values based on the Random Forest model.
SHAP values offer an interpretable method to evaluate
how individual features contribute to decision-making. As
shown in the feature importance ranking (Fig. 3), family
history and age emerged as the dominant predictive factors.

Table 2. Performance metrics for the models.

Model  Accuracy (95% CI) AUC (95% CI) Sensitivity ~ Specificity =~ Weighted F1 (95% CI)
RF 0.73 (0.64-0.82) 0.776 (0.68-0.87) 0.76 0.71 0.74 (0.61-0.80)
LR 0.71 (0.61-0.80) 0.779 (0.68-0.86) 0.85 0.58 0.71 (0.60-0.79)
SVM 0.76 (0.57-0.77) 0.780 (0.67-0.86) 0.66 0.68 0.67 (0.57-0.77)
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Fig. 2. ROC curves and PR curves for RF, LR, and SVM. PR, precision-recall; ROC, receiver operating characteristic.

&9 IMR Press



https://www.imrpress.com

Feature Importance (SHAP) - RF
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Fig. 3. Feature importance ranking for the Random Forest
model based on SHAP values. ESS, epworth sleepiness scale.

Specific clinical scale items—notably PHQ9 items 3, 4, and
9, along with PSQI item 6—were identified as highly influ-
ential.

The SHAP summary plot (Fig. 4) further revealed
the directional impact of these features. Regarding de-
mographic characteristics, younger age and an “unclear”
family history (represented by lower feature values) were
strong predictors associated with a diagnosis of BD (posi-
tive SHAP values). In terms of symptoms, the use of sleep
medication (PSQI item 6) was a significant predictor for
BD. In contrast, higher scores on PHQ9 item 9 (suicidal
ideation), item 3 (sleep disturbance), and item 4 (fatigue or
loss of energy) favored a diagnosis of UD (negative SHAP
values).

4. Discussion

This study aimed to develop and compare three su-
pervised learning models (RF, LR, and SVM) for distin-
guishing BD from UD using demographic information and
clinical scale profiles. All three models demonstrated com-
parable discriminative capacity on the test set, with ROC-
AUC values around 0.78. This performance falls within the
range of established screening instruments like the Mood
Disorder Questionnaire(MDQ) and Hypomania Checklist-
32 (HCL-32), which generally report AUC values between
0.73 and 0.86 in validation studies and meta-analyses [38].
Given the high rate of initial misdiagnosis (60%) in rou-
tine clinical practice [4], our automated approach repre-

sents a viable, cost-effective triage tool to identify high-risk
individuals warranting specialist assessment, thereby serv-
ing as an adjunct to—rather than a substitute for—clinical
judgment. Although the AUC values were similar, the RF
model exhibited a more balanced error distribution in the
confusion matrix and a robust trade-off between sensitiv-
ity and specificity. Consequently, RF was selected for in-
terpretability analysis (SHAP) to identify potential clini-
cal discriminators (Figs. 3,4). Clinically, misdiagnosing
BD as UD can delay mood stabilizer intervention or in-
duce mania/rapid cycling [39]. Therefore, even a model
with moderate AUC holds practical value if it can identify
high contribution features to aid in stratified screening.
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Fig. 4. SHAP values for each feature included in the RF model.
The y-axis ranks the top 20 features by mean influence. The x-
axis shows SHAP values, where the left side indicates unipolar

depression and the right indicates bipolar depression.

In addition, nested cross-validation within the train-
ing set showed stable discrimination across folds, support-
ing that the reported hold-out performance is not driven
by a single favorable split. Feature importance analy-
sis of the RF model identified family history and age as
key predictors (Fig. 3). Following these were specific
depression- and sleep-related items (PHQ9 3, PHQ9 4,
PSQI 6, and PHQ9 9). This aligns with existing litera-
ture highlighting the significant roles of genetic predisposi-
tion and age-related risk patterns in the pathogenesis of BD
[40—42]. These findings comply with the Canadian Net-
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work for Mood and Anxiety Treatments (CANMAT) guide-
lines, which similarly identify sleep changes, rhythm dis-
turbances, and irritability as critical dimensions for differ-
entiating mood disorders [43]. Consistent with prior re-
search, our results underscore that while individual clini-
cal features are informative, they lack sufficient diagnostic
specificity in isolation. This necessitates the integration of
multidimensional parameters to enhance phenotypic char-
acterization and diagnostic accuracy [44]. From a mech-
anistic perspective, these distinct symptom profiles likely
reflect underlying dynamic network alterations and com-
pensatory neural mechanisms. Recent evidence on nat-
uralistic emotion processing indicates that the fluctuating
rhythm and emotional instability characteristic of BD may
stem from aberrant dynamic functional connectivity states
and a failure in network reorganization during emotional
arousal, distinguishing it from the network rigidity often ob-
served in UD [45]. Furthermore, the prominence of reward-
related features (e.g., sleep medication use, energy loss) in
our model aligns with disrupted thalamo-cortical signaling
and reward circuit dissociation, which impairs bottom-up
processing and necessitates compensatory neural recruit-
ment to maintain homeostasis [46]. Thus, the demographic
and clinical features identified by our machine learning ap-
proach may serve as accessible macroscopic proxies for
these complex, transdiagnostic neural plasticity and circuit
disruption processes [47].

SHAP value analysis provided local explanations for
how feature values influenced predictions (Fig. 4). No-
tably, an “uncertain/unknown” family history (coded as 1)
emerged as a significant predictor for BD. This aligns with
the significantly higher proportion of “unclear” reports ob-
served in the BD group (Supplementary Table 3). It is
crucial to interpret this correctly: a low feature value in
this context represents “unknown status”, rather than a con-
firmed “negative history”. Therefore, this finding does not
contradict established evidence that a positive family his-
tory correlates with high disease risk [48,49]. Instead, it
indicates that the model leveraged this “uncertainty” as a
latent marker of the early-onset clinical profile. In clinical
practice, obtaining an accurate family history from younger
patients with BD can often be challenging [50], due to re-
call bias, interrupted follow-ups, or stigma-induced con-
cealment. Consequently, “uncertainty” itself becomes a
predictive signal. This implies that future standardization
for collecting family history could alter the model’s perfor-
mance and feature rankings, highlighting the necessity for
external validation.

To address the concern that this effect could be an ar-
tifact of coding or missingness, we conducted a sensitiv-
ity analysis under three family history strategies. The re-
sults showed that treating “unknown/uncertain” as an ex-
plicit category (AUC = 0.782) performed best and was con-
sistent with the main analysis, whereas excluding unknown
substantially degraded discrimination (AUC = 0.618) and
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produced a degenerate sensitivity of 0.0. These findings
suggest that the predictive power of the “unknown” cate-
gory likely stems from the specific demographic or clinical
context of these patients (e.g., less contact with caregivers
or onset ambiguity) rather than the “unknown” status acting
as a biological risk factor itself.

Younger age was associated with a prediction of BD.
This is consistent with observations that BD is character-
ized by earlier onset, a prolonged course, and greater re-
currence rates in younger populations [51,52]. In a hypo-
thetical scenario where age is evenly distributed, the model
might lose this critical “early-onset” diagnostic signal. The
use of sleep medication (PSQI_6) contributed to predict-
ing BD, whereas suicidal ideation (PHQ9_9), sleep distur-
bance (PHQ9 3), and fatigue or loss of energy (PHQ9 4)
tended to predict UD. This pattern may reflect the fact that
BD patients are more frequently treated pharmacologically
for sleep rhythm disturbances [53], making the “medica-
tion” item a discriminative signal. Conversely, the promi-
nence of specific PHQY items in the UD group suggests a
more concentrated burden of typical depressive symptoms.
Machine learning models excel at capturing these complex,
nonlinear relationships, which traditional statistical frame-
works may overlook.

Machine learning methodologies have emerged as
pivotal tools in the psychiatric domain, offering data-driven
insights to refine diagnostic precision, optimize treatment
selection, and predict prognostic trajectories [54,55]. How-
ever, translating these algorithms into tangible clinical ben-
efits is impeded by significant conceptual and methodolog-
ical challenges, notably the “black-box™ opacity that of-
ten hinders clinical adoption [55] and the risk of overfit-
ting inherent in retrospective, single-site designs [56]. To
mitigate these concerns, we implemented a rigorous ana-
lytical framework: we employed SHAP analysis to gener-
ate interpretable, clinically relevant feature attributions, and
utilized nested cross-validation combined with sensitivity
analyses to minimize optimism bias and ensure model sta-
bility. While external replication remains paramount, these
methodological choices represent a critical effort to bridge
the gap between computational performance and genuine
clinical utility, prioritizing both model transparency and re-
producibility.

Limitations

This study has several limitations. Firstly, the ret-
rospective design and reliance on the “Good Sleep 365”
mHealth platform imposed specific constraints on data
availability and patient selection. Notably, bipolar-specific
screening instruments (e.g., HCL-32 or MDQ) were ex-
cluded because they were administered selectively based
on clinical judgment rather than universally at baseline; in-
cluding them would have introduced substantial missing
data and selection bias. Furthermore, the platform’s manda-
tory completion requirement likely underrepresented pa-
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tients with severe psychomotor retardation, acute agitation,
or cognitive impairment. Consequently, our findings are
best generalized to patients with sufficient functional ca-
pacity to engage with digital tools. Secondly, the develop-
ment and validation of this model were based entirely on
a sample aged 12-30 years. Therefore, its performance is
primarily applicable within this age range, and caution is
warranted when extrapolating to older populations where
clinical phenotypes may differ. Relatedly, the relatively
small sample size may not fully capture the heterogenecous
manifestations of the disorder. Additionally, while exclud-
ing common psychiatric comorbidities (e.g., substance use
disorders) enhanced internal validity, it limits generalizabil-
ity to complex real-world settings where comorbidities are
prevalent. Third, the cross-sectional nature of the study
precludes inferences regarding disease trajectories. Finally,
given the prominent contribution of “uncertain” family his-
tory, the model’s robustness warrants re-evaluation in sce-
narios where data collection is more standardized to reduce
ambiguity.

Despite these limitations, the model holds significant
potential for clinical translation if implemented with appro-
priate safeguards. To mitigate the risk of antidepressant-
induced mania resulting from misdiagnosis, we propose a
clinically actionable, sensitivity-optimized threshold strat-
egy (e.g., prioritizing sensitivity >0.85). While LR inher-
ently showed high sensitivity, it suffered from low speci-
ficity (high false positives), which could lead to clinical
‘alarm fatigue’. In contrast, the Random Forest model,
with its superior balanced error distribution, allows us to
tune the threshold for high sensitivity while retaining ad-
equate specificity. In practice, this serves as a decision
support tool: for example, in a scenario where a young pa-
tient presents with depression and irregular sleep, a positive
model flag would not dictate a diagnosis but rather prompt
the clinician to screen rigorously for hypomania before pre-
scribing antidepressants.

5. Conclusions

This study developed machine learning models using
age, family history, and clinical features, achieving mod-
erate efficacy in differentiating UD from BD in adoles-
cent and young adult patients. Among the tested algo-
rithms, the RF model demonstrated a superior balance in
error distribution. SHAP analysis indicated that age, fam-
ily history (specifically the “unknown/uncertain” category),
and specific items related to sleep medication and depres-
sive symptoms (e.g., sleep disturbance, fatigue, and suici-
dal ideation) were significant contributors to the model’s
decision-making. Consequently, this model is best posi-
tioned as a low-burden screening tool to assist clinical judg-
ment, rather than a replacement for specialist diagnosis. Fu-
ture research should prioritize multi-center, real-world stud-
ies that include patients with common comorbidities. Such
studies must incorporate critical data on the bipolar spec-
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trum and disease course, while rigorously controlling for
unmeasured confounders and undergoing external valida-
tion.
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