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Abstract

This study addresses the challenges of data noise and model interpretability in
depression diagnosis by proposing an intelligent diagnostic framework based
on real-world medical scenarios. Utilizing a labeled dataset of 11,188 Chinese
online consultation records, we developed a dual-channel architecture inte-
grating BERT/RoBERTa pre-trained models with the SHAP interpretability
framework for depression severity classification. Experimental results demon-
strated that the BERT model achieved 92% overall accuracy, with 93% accu-
racy specifically for severe depression detection. SHAP analysis revealed the
model’s focus on clinically relevant features like suicidal tendencies and low
mood, showing significant alignment with DSM-5 diagnostic criteria. The
study confirms pre-trained models’ capability in extracting pathological se-
mantics from medical texts, while the “prediction-interpretation” framework
provides a technical prototype for overcoming clinical application barriers of
black-box models.
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1. Introduction

Depression, a pressing global public health issue, presents a significant challenge
to human society. The World Health Organization (WHO) reports that the num-

ber of individuals affected by depression worldwide has surged to 280 million in

2022. The COVID-19 pandemic has further exacerbated this crisis, leading to over

53 million new cases and more than 700,000 related suicide incidents annually [1]
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[2]. Despite the widespread recognition of its dangers, real-world diagnosis and
treatment continue to face systemic challenges. These challenges include patient
stigma, uneven distribution of medical resources, and a shortage of professionals
[3]. In this context, the emergence of Al-based automated depression detection
technology has become a crucial research direction to overcome the barriers in
diagnosis and treatment.

In recent years, text analysis of social media has provided new insights for pre-
dicting depression. Multiple studies have identified high-risk populations by
mining user-generated content (e.g., Reddit posts), achieving model accuracies
comparable to clinical screening levels [4]-[6]. The CLEF eRisk competition has
even attempted to automate the scoring of the Beck Depression Inventory (BDI)
directly from social media [7]. However, excessive unrelated content in social
media data limits the clinical applicability of model prediction accuracy [7]-[10].
Meanwhile, most research has focused on feature engineering and algorithm op-
timization of predictive models, lacking in-depth exploration of model decision
interpretability [11]. To address this research gap, our study poses two important
questions: 1) How can we leverage data from real medical scenarios to enhance
the accuracy of depression severity predictions? 2) How can we elucidate the de-
cision-making rationale of deep learning models to enhance their clinical credi-
bility?

To address these questions, this study focuses on three key areas. First, we con-
structed a labeled dataset for depression severity from Chinese online consulta-
tions, featuring text directly reflecting real-world medical scenarios, thereby
providing high signal-to-noise inputs for model training. Methodologically, we
developed a dual-channel architecture for “prediction-semantics-level explana-
tion” by integrating pre-trained language models (BERT [12], RoBERTa [13])
with the SHAP (SHapley Additive exPlanations), an interpretability framework
rooted in game theory designed to elucidate the prediction outcomes of machine
learning models [14], enabling simultaneous depression severity classification and
key feature extraction. Finally, we systematically decoded the pathogenesis of de-
pression in Chinese medical texts, establishing semantic features mappable to
clinical diagnostic standards, aiming to provide interpretable decision support for
intelligent assisted diagnosis.

The core value of this research lies in theoretically validating the pathological
semantic encoding capability of deep learning models for Chinese medical texts,
offering novel insights for computational linguistic analysis of mental disorders.
Crucially, the “algorithmic decision-clinical experience” corroboration mecha-
nism enabled by the interpretability framework provides a technical prototype to
overcome the clinical application barriers of “black box models.” Amid the rapidly
growing demand for mental health services, this approach—combining predictive
accuracy with interpretability—has the potential to redefine the collaboration be-
tween artificial intelligence and clinical medicine, paving the way for more effec-

tive and efficient mental health care.
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2. Literature Review
2.1. Advances in Structured Data-Based Depression Prediction

Machine learning technologies have demonstrated significant potential in mental
disorder prediction, with core breakthroughs manifested in two aspects: predic-
tive performance enhancement and model interpretability improvement.

Early studies primarily relied on structured clinical data or questionnaire infor-
mation to construct predictive models. Hueniken et al. [15] achieved dual break-
throughs in anxiety and depression identification (accuracy 85% - 88%) by inte-
grating demographic features and mental health scale data using random forest
and gradient boosting algorithms. Similarly, Nemesure et al [16] developed a
multimodal prediction framework based on college students’ mental health rec-
ords, achieving a 17% performance improvement over traditional statistical meth-
ods. Significant progress has also been made in special population studies: Nguyen
et al. [17] developed a deep neural network model for elderly populations that
achieved 89.9% accuracy in depression risk prediction, while Nordin’s team [18]
designed an ensemble learning model that successfully identified 86% of suicide-
prone individuals.

Interpretability integration represents another key research trend. Amit et al
[19] identified gestational complications and sleep disorders as core predictors of
postpartum depression through SHAP value analysis. Similarly, Nguyen e al. [17]
demonstrated the critical impact of social isolation on geriatric depression using
the LIME framework. These findings not only validate the clinical applicability of
machine learning but also uncover potential disease mechanisms. However, limi-
tations remain: 1) Heavy reliance on structured data (e.g., EHRs [19], question-
naires [16]) limits dynamic associations with patients’ emotional states and life
contexts; 2) Feature engineering depends extensively on prior medical knowledge,

constraining models’ ability to autonomously discover latent risk factors.

2.2. Deep Learning Exploration with Textual Data

As social media emerges as a critical platform for mental health information, re-
searchers have increasingly explored depression detection through user-generated
content. Current research can be categorized into two main approaches:
¢ Binary Risk Prediction

Eichstaedt et al. [4] pioneered the use of Facebook posts for depression predic-
tion, achieving an AUC of 0.69, which highlights the predictive potential of lin-
guistic features. Subsequent studies have focused on improving performance
through algorithmic advancements. For example, Yates et a/ [20] and Shrestha et
al. [5] leveraged advanced deep learning frameworks, such as Convolutional Neu-
ral Networks (CNN) and Recurrent Neural Networks (RNN), on platforms like
Reddit and various online forums to predict users’ depressive tendencies. Shrestha
et al. [5] enhanced the F1-score of RNN to 0.64 by integrating linguistic features
with social network metrics. Additionally, Tadesse et al [6] utilized Reddit user

content for suicide risk prediction, further demonstrating the effectiveness of deep
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learning models in such tasks. These findings underscore the strengths of deep
learning in text representation. However, the clinical application of these models
remains limited by inherent data challenges, including the presence of significant
disease-irrelevant noise in social media texts and the compromised authenticity
of data due to user anonymity.
e Multi-class Severity Assessment

The CLEF eRisk competition [7] first attempted BDI-based four-class predic-
tion using Reddit posts, yet the best model achieved only 45% average accuracy.
Even with BERT, Bucurer ef al. [21] reported suboptimal classification perfor-
mance. In Chinese contexts, Yang et al [8] developed a Weibo-based severe de-
pression identification model with a 62.2% F1-score, though misclassification
rates for mild/moderate cases exceeded 35%. This performance gap likely arises
from weak correlations between social media content and disease markers, limit-

ing models’ ability to capture progressive severity features.

2.3. Critical Analysis

Current depression prediction research exhibits a dichotomy: models based on
structured clinical data benefit from interpretability but are constrained by limited
information dimensions [15]-[19], while social media-based deep learning models
expand data sources but grapple with semantic noise and interpretability chal-
lenges [4]-[10] [20] [21]. This landscape highlights two critical issues:

e Data Modality Disparity.

Semantic gaps between structured clinical data and patients’ authentic language
expressions hinder a comprehensive understanding of disease mechanisms. For
example, questionnaire-based “insomnia frequency” metrics cannot fully capture
patients’ descriptions of “sleepless nights with palpitations” [16].

e Interpretability Limitations.

Existing methods (e.g., SHAP) perform effectively with structured data [19] but
often produce clinically incoherent explanations for unstructured text [11]. Addi-
tionally, the alignment between pre-trained language models’ hierarchical atten-
tion mechanisms and medical knowledge systems remains unclear [5] [6] [8] [20]
[21]. This study aims to address these limitations by: 1) Leveraging authentic pa-
tient narratives as data sources, achieving symptom-semantic alignment through
professional annotation; and 2) Developing an interpretability framework tailored
for Chinese medical texts to uncover deep learning models’ encoding patterns of
depressive pathology. By implementing a tripartite “data-algorithm-interpreta-
tion” research paradigm, we aim to provide novel theoretical frameworks and

practical tools for intelligent mental health assessment.”

3. Methodology

This study develops a depression pre-diagnosis model based on real-world online
consultation records. The technical framework comprises two core modules: multi-

stage data modeling and explainability analysis. To effectively extract deep seman-
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--------------------------------------------------

1| Data Processing

tic features from consultation texts, two pre-trained language models, BERT [12]
and RoBERTa (Robustly Optimized BERT approach) [13], were utilized to gener-
ate embedding vectors. Furthermore, the explainable machine learning method
SHAP [14] was integrated to analyze the relationship between patient conditions
and consultation texts, aiming to identify key features indicative of disease sever-

ity. The overall research process is illustrated in Figure 1.

Data source

http:/www.hadfu.com

Modeling

Data Collection

Pre-trained Model
BERT/RoBERTa

compiling corpus :: Caicuiating SHAP value
: for Chinese words and | !

phrases

Fine-tuning

Data Labelling

Depression Severity
Training Set Prediction Model

Medical consuitations {

Evaluation

Test Set

Figure 1. Research flow diagram.

Using this annotated corpus, we developed a depression pre-diagnosis model
through fine-tuning strategies applied to the pre-trained models BERT and RoB-
ERTa. The performance of the model was evaluated on a test set to identify the
optimal parameter configuration. Additionally, SHAP analysis was employed to
interpret the best-performing model, allowing us to explore common symptoms
across different severity levels and gain insights into the model’s decision-making

process from both global and individual perspectives.

3.1. Corpus Construction

A corpus was constructed through a three-stage process: data collection, prepro-
cessing, and annotation. Samples were extracted from detailed consultation rec-
ords, focusing on the “patient narrative” section. The corpus was annotated by
integrating automated recognition techniques with manual review, assigning each

sample a class label corresponding to condition severity.

3.1.1. Data Source and Data

The well-known Chinese health and medical platform Hao-Da-Fu Online
(https://www.haodf.com/) was utilized as the primary data source in the study.
We initiated the data collection process in January 2023, amassing a dataset com-
prising approximately 300,000 user consultation records, with the temporal scope
covering the period from 2018 to 2022. After data cleaning and deduplication,
71,654 depression-related records were obtained. Each record includes details
such as disease name, patient gender, age, and consultation text, which comprises
the patient narrative. The patient narrative encompasses symptoms, emotions, be-
haviors, treatment history, causes, and requests, forming the core corpus of this

study. Figure 2 illustrates the data collection interface.
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Figure 2. Interface of a consultation record on Hao-Da-Fu Online.

3.1.2. Data Preprocessing and Annotation

For each patient narrative, preprocessing involved Chinese word segmentation
using Python’s Jieba, with numbers, punctuation, and non-semantic characters
removed to reduce noise. Duplicates were filtered using regular expressions, and
texts with insufficient or excessive information were excluded. Text length was
standardized to 20 - 500 characters to ensure a high-quality input space.

Annotation followed DSM-5 criteria' with a multi-stage validation system: 1)
Automated Screening: A rule-based engine classified cases using a keyword list of
DSM-5 core symptoms (e.g., depressed mood, lack of interest) and additional
symptoms (e.g., sleep disturbance, suicidal ideation). For example, reports explic-
itly stating “diagnosed with severe depression” or containing keywords like “sui-
cidal” were tagged as severe depression. 2) Review: Three research assistants
cross-validated the results, ensuring narratives met DSM-5 criteria, including at
least two core symptoms, five total symptoms, and a minimum two-week dura-
tion. 3) Quality Control: Unclear cases were excluded, leveraging the ample vol-
ume of online consultation samples.

This process yielded 8,391 annotated cases: 3090 severe, 3,016 moderate, and
2285 mild depression. To complete the dataset, 2797 random non-mental health
consultations were added as negative controls. The final dataset (11,188 records)
includes two fields: patient narrative and depression severity, the latter classified
as [0, 1, 2, 3] for non-depressed, mild, moderate, and severe depression, respec-
tively.

3.2. Modeling

This study employs pre-trained language models, BERT and RoBERT4, to extract
semantic features from patient narratives and fine-tunes these models to develop

'DSM-5 Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition, Chinese version
https://www.mhealthu.com/index.php/list liangbiao/120/2672page=3
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a depression pre-diagnosis model. Additionally, SHAP is utilized to identify key

narrative elements indicative of depression severity.

3.2.1. BERT and RoBERTa Models

BERT (Bidirectional Encoder Representations from Transformers) is a ground-
breaking model in the field of natural language processing. It utilizes a bidirec-
tional Transformer architecture, which captures contextual information from
both the left and right sides of the text. This dual-direction understanding en-
hances BERT’s ability to grasp word meanings and syntactic relationships, thereby
improving its semantic comprehension accuracy. The BERT framework consists
of two essential stages: Pre-Training and Fine-Tuning. In the pre-training phase,
BERT acquires general language representations from extensive datasets. These
pre-trained representations can then be fine-tuned with smaller, domain-specific
corpora tailored for particular tasks. Typically, only the parameters of the final
few layers require adjustment, resulting in a significant reduction in the compu-
tational cost associated with developing deep learning models.

This study utilizes BERT to generate semantic vectors for “patient narrative”
texts. The semantic vectors derived from BERT more effectively represent content
compared to text models based on word frequency. Specifically, we employ the
Chinese BERT pre-trained model developed by Google and fine-tune it using the
corpus created for this research [22]. In text classification tasks, BERT adds a spe-
cial token, [CLS], at the beginning of the input text. Through iterative computa-
tions, the output at the [CLS] position, denoted as /4, encapsulates a vectorized
representation of the semantic content of the input. This semantic vector Ais then
linked to the softmax function to compute the probability A(cl/A) of the input text
belonging to category c (see Equation (1)). Wrepresents the parameter matrix of
the classification model. During the fine-tuning process, the model is trained for
downstream tasks by adjusting all parameters of BERT and W to maximize the
logarithmic probability of the correct label.

P(dh) = softmax( W*h) (1)

RoBERTa (A Robustly Optimized BERT Pretraining Approach) enhances and
refines the training strategies and structural components of BERT. Unlike BERT,
RoBERTa is trained in a more diverse linguistic context, which allows it to capture
richer language patterns. By increasing the number of training iterations, RoB-
ERTa achieves a more thorough data fitting, leading to improved learning out-
comes. One of its most significant features is the implementation of a dynamic
masking strategy, where masked positions are randomly chosen during pre-train-
ing. This method enables the model to better understand contextual information
across various masking scenarios, thereby improving its adaptability to different
linguistic contexts. In theory, RoOBERTa is better suited for tasks that demand a
deeper understanding of textual content.

In light of the characteristics of BERT and RoBERTa, along with the specific

features of the corpus and the requirements of the task in this study, both pre-
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trained models were chosen to develop the depression pre-diagnosis model. It is
anticipated that RoBERTa may exhibit superior performance. The BERT model
utilized in this research is “bert-base-chinese,” a pre-trained model developed by
Google based on the Chinese Wikipedia corpus. For the RoBERTa component,
the “RoBERTa-base” pre-trained model from the Hugging Face Transformers li-
brary was employed.

3.2.2. Interpretable Model SHAP

The SHAP (SHapley Additive exPlanations) framework, rooted in cooperative
game theory [23], leverages the mathematically rigorous Shapley value to interpret
machine learning predictions. In coalition game theory, participants collaborate
to achieve collective goals, and the subsequent reward distribution (“payout”) is
determined by their individual contributions to the outcome. Analogously, when
interpreting predictive models through SHAP, features are conceptualized as co-
operative players, with their collective influence generating the final prediction for
a target instance s. Formally, the Shapley value quantifies each feature’s additive
contribution by evaluating its average marginal effect across all possible feature
combinations (coalitions). For a given instance s, this involves calculating the de-
viation between the model’s prediction for sand the baseline prediction (typically
the dataset average). This deviation is then apportioned to individual features pro-
portionally to their contribution across all possible feature subsets.

Shapley demonstrated that the Shapley value is the only attribution method that
satisfies the properties of efficiency, symmetry, dummy feature compliance, and
additivity [23]. The Shapley value of a feature is defined as its average marginal
contribution across all possible coalitions (feature subsets). In practical applica-
tions, the Shapley value is typically computed using approximation methods, as
exact calculations are computationally intensive. SHAP is an optimized algorithm
designed to estimate Shapley values efficiently. Let y; denote the Shapley value of
feature j. Its computation is detailed in Equation (2) [23] [24]. Here, {xi, ..., X5}
represents the set of all input features, p is the number of input features, and
{xi, ..., x}/{x;} is the set of all possible input features excluding {x}. £x(S) denotes
the prediction value associated with the feature subset S.

v, ZZSC{%“A’XP/XJ}W( fX(S u{xj})— fX(S)) ()

SHAP inherits three foundational properties from Shapley attribution theory:
local accuracy, missingness, and consistency. Local accuracy ensures that SHAP
can precisely capture the discrepancy between the expected output and the actual
prediction for a given instance, showcasing the effectiveness of Shapley values in
attribution. Missingness guarantees that features not present in an instance are
assigned a Shapley value of zero, explicitly indicating their lack of contribution to
the prediction. Consistency ensures that if a feature’s marginal contribution in-
creases or remains stable due to changes in the model, its Shapley value does not

decrease, reflecting the additive nature of Shapley values.
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The primary advantage of SHAP lies in its model-agnostic nature [24] [25], en-
abling it to seamlessly integrate with various machine learning methods, including
deep learning architectures. This adaptability makes SHAP a powerful tool for in-
terpreting complex models. In this study, SHAP analysis is employed to interpret
a deep learning-based depression pre-diagnosis model. The model takes patient
narratives as input and predicts the severity of depression as output. By applying
SHAP, we quantify the Shapley values of text-level features (characters, words,
and sentences) derived from patient narratives. This analysis reveals critical tex-
tual indicators of depression severity, providing insights into the diagnostic rea-
soning of the pre-diagnosis model and enhancing its interpretability for clinical

applications.

3.3. SHAP Value Calculation for Chinese Words and Sentences

Within the SHAP interpretability framework, feature influence is quantified by
SHAP values. The Chinese pre-trained model BERT encodes individual characters
into vector representations, and the SHAP model outputs SHAP values for each
character. However, individual Chinese characters often lack semantic interpret-
ability. To achieve linguistically coherent word- and sentence-level interpreta-
tions, we leverage the additive property of SHAP values, aggregating character-
level SHAP values into meaningful word and sentence units. Specifically, the con-
tribution of a word or sentence is measured as the sum of its constituent charac-
ters’ SHAP values. For a given statement sin the patient narrative, its SHAP value

is calculated as shown in Equation (3), where token; represents a single character.
SHAP_value(s) =" SHAP_value(token, ) 3)

After obtaining word- and sentence-level SHAP values, we analyze the overall
feature importance of the prediction model, enabling a comparative study of pa-
tient conditions across depression severity levels. Finally, we select representative
cases to explore the reasoning behind the deep learning model’s “black-box” dis-

ease interpretation, providing insights into its decision-making process.

4. Experiments and Results

4.1. Experimental Design

Following the research workflow (see Figure 1), we conducted two main experi-
ments. Experiment 1 focused on developing a depression pre-diagnosis model to
evaluate its effectiveness based on patient narratives. In this phase, patient narra-
tives were transformed into semantic vectors using the pre-trained BERT and RoB-
ERTa models, which were then fine-tuned to create a multi-classification model for
predicting depression severity. Experiment 2 employed SHAP to analyze the op-
timal prediction model, uncovering key narrative elements that reflect patient
conditions by investigating the model’s decision-making process. Implementation
was carried out using Python 3.6, with the deep learning model built on the Scikit-
learn and PyTorch frameworks. The Deep SHAP algorithm (integrated within the
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Table 1. Key parameters of the model.

SHAP package) was used to calculate SHAP values.

4.2. Parameter Settings and Evaluation Metrics

The experimental corpus was split into training and testing sets at an 8:2 ratio.
The model was fine-tuned on the training set, and its performance was evaluated
on the testing set to identify the optimal parameter configuration. Key hyperpa-
rameters are detailed in Table 1. Among these, MAX_LEN—the maximum length
of patient narratives—is a critical parameter. While BERT’s default MAX_LEN is
512, this often demands significant computational resources, resulting in ineffi-
ciency. Conversely, setting MAX_LEN too low may degrade the quality of BERT’s
semantic feature extraction. To address this, MAX_LEN was determined based on
the length distribution of patient narratives in the corpus. Four quartiles of the
default maximum length (50%, 75%, 80%, and 85%) were tested, corresponding
to MAX_LEN values of [128, 200, 256, 325].

Parameters Value assignment Interpretation Function

TRAIN_BATCH_SIZE 4,8,16,32

Batch size during training ~ Hyperparameter, affecting the training speed of the

iterations model, related to hardware resources
Batch size during validation Hyperparameter, related to the computational efficiency
VALID_BATCH_SIZE 4,8,16,32 . . . L
iterations of evaluation results and validation process
Hyperparameter, appropriate number of EPOCHS can
EPOCHS 1,2,3,4,5 Training epochs yperp PProp )
prevent overfitting or underfitting of the model
. Hyperparameter, determines the extent of each
LEARNING_RATE le—5, 2e-5 Learning rate . .
parameter update, selected through experimentation
Maximum character length .
MAX_LEN 128, 200, 256, 325 Model parameters, affecting model performance

of input text

For evaluation, the pre-diagnosis model was treated as a multi-classification
task. Performance was assessed using metrics such as accuracy, precision, recall,
and the macro-average F1 score. A confusion matrix was generated to visualize
the predictive performance of the multi-classifier. Additionally, SHAP analysis
was applied to interpret the model, with case studies used to illustrate the reason-

ing behind its predictions.

4.3. Experimental Results and Analysis

4.3.1. Depression Pre-Diagnosis Model Based on Patient Narratives
Guided by the parameter ranges outlined in Table 1, this study explored various
parameter combinations to identify the optimal hyperparameter set. Detailed ex-
perimental results are presented in Table 2. Overall, the BERT model consistently
outperformed the RoBERTa model. The length of input text, controlled by
MAX_LEN, significantly impacted model performance. Longer input texts gener-
ally yielded better results, with the BERT model achieving its highest performance
at MAX_LEN = 325, where the F1 score reached 0.92.
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Table 2. Model performances.

Model EPOCH MAX_LEN Accuracy Precision Recall  Fl-score
3 128 0.89 0.89 0.90 0.90
BERT 2 256 0.91 0.91 0.91 0.91
3 325 0.92 0.91 0.92 0.92
5 128 0.76 0.76 0.75 0.75
RoBERT 2 256 0.80 0.81 0.78 0.79
3 325 0.90 0.89 0.90 0.89

Note: LEARNING_RATE = 1e-05, TRAIN_BATCH_SIZE =8, VALID_BATCH_SIZE = 4.

The performance of the optimal BERT model across different depression sever-
ity categories is depicted in Figure 3. Analysis of the confusion matrix yielded the
following key observations: 1) Strong Overall Predictive Performance: The model
achieved an accuracy exceeding 0.85 for each category, highlighting its robustness.
2) High Accuracy for Non-Depression Cases (label = none): The prediction accu-
racy for non-depression cases reached 0.98, suggesting that the content of narra-
tive from non-depressed patients markedly differs from that of depressed patients.
3) Reliable Diagnosis of Severe Depression (label = severe): The accuracy for se-
vere depression cases was 0.93, with only 3% misclassified as moderate or mild. 4)
Moderate Depression Diagnosis (label = moderate): The accuracy for moderate
depression cases was 0.86, with 7% misclassified as mild and 6% as severe. 5) Mild
Depression Diagnosis (label = mild): The accuracy for mild depression cases was

0.90, with 5% misclassified as moderate.

Normalized confusion matrix

none %3- 0.01 0.00
mild : .= 0.05 0.03 -06
moderate ; L !! 0.06 -04

L
sovere 001 003 003 EE s

0.01
-0.8

True label

Q ’
& &S
Predicted label

Figure 3. Confusion matrix of the depression severity prediction model (Running Screen-
shot).

In summary, leveraging patient narratives, the BERT model achieved excep-
tional accuracy, exceeding 90%, in predicting depression risk and severity. While

minor discrepancies between mild and moderate cases persist, this reflects the in-
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herent ambiguity in clinical diagnosis, where intermediate conditions often ex-

hibit overlapping symptoms.

4.3.2. Feature Importance Analysis Based on SHAP Values

To gain a global perspective on feature importance, we applied SHAP analysis to
the optimal model, extracting keywords or phrases from patient narratives that
significantly influence prediction outcomes (i.e., depression severity). This analy-
sis aimed to identify typical symptoms associated with varying levels of depres-
sion.

We began by identifying words with SHAP values above zero from the reports
of patients across all four depression categories, sorted by descending frequency
(see Figure 4). Positive SHAP values indicate that these words support the pre-
diction of severe depression, and distinct patterns emerged when comparing the
narratives of depressed and non-depressed patients. High-frequency words in
non-depressed patients’ narratives lacked depressive markers, highlighting a lin-
guistic divergence from depression cases. In contrast, depression cases were char-
acterized by narratives consistently featuring elements directly associated with de-
pressive disorders, e.g., “fIfll” (depression), “HIHl%iE” (depressive disorder), “F
L7 (self), “fEJE” (anxiety), and “/E %5~ (mood), reflecting common psychological
and emotional states of depression.

Non-depression(positive gain words) Mild depression(positive gain words)

& B (hospital) 148 (depression)
TF3fi(start) HHRIE (depressive disorder)
JAJT (treatment) B E(self)

—one) 14 (mood) N

—H(continuously) 5t (fecling) NG
BT (kid) B (anxicty) |
Z Ji(afterwards) FF4fi(start)
& R(relapse) 124 (taking medication) [ NNRGNGNGNGNG
I (taking medication) — H (always)
23R (efect) ¥ (none)
0 25 50 75 125 150 175 200 225 250 0 25 50 75 100 125 150 175 200
Frequency Frequency
Moderate depression(positive gain words) Severe depression(positive gain words)
o ¥ (moderate) H ¥ (severe)
V% (depression) VK (depression)
B (depressive disorder) HM1454iE (depressive disorder)
B E(self) B E(eelt)
— o
B Ak (suicide) N
Rii(aiets) 4 (mood)
FFifi(start) B (none)
fh & (mood) BB (hospital) I
£ Wi(diagnosis) [N 7 8 (serious) [N
0 25 50 100 125 150 175 200 0 25 50 75 100 125 150 175 200 225 250
Frequency

Figure 4. Words Positively Correlated with Depression Severity (Based on Frequency Ranking, Top 10).

Further analysis revealed nuanced variations in language use across different
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severity levels. Patients with mild depression frequently employed words such as
“fE4” (mood), “JE I (feeling), “HifE” (anxiety), and “NZ%4” (taking medica-
tion), reflecting a focus on subjective experiences and self-directed actions. In
moderate to severe depression, terms like “iZWi” (diagnosis) and “BXFt” (hospi-
tal) were prominent, indicating active medical engagement and heightened levels
of distress. For severe depression, the recurrent use of words such as “ [ %" (sui-
cide) and “/™Hi” (serious) highlighted the critical, often life-threatening nature of
their condition. These findings illustrate systematic language variations across de-
pression severity levels, offering valuable insights into patients’ psychological

states and help-seeking behaviors.

Non-depression(positive gain words) Mild depression(positive gain words)
FAK TR (lack of desire or ambition) [ *8 (rumination) |G
4t 3 (responsible) 714 A 2 (questionnaire survey) |GG
X% 71 (energy) A& TG T (duloxetine) |G
HE4T A (sexual activity) %A B (lack of courage) (NG
JF ¥ (expenses) fFi(annoyed) |GGG
3 (cry) 5 F (duloxetine Hydrochloride enteric-... [ R
i Z (fatigue) F 1% (expression)
M (get rid of) L&A T (restless or uneasy mood) [ NG
Kb 75 (prescription) 754 (dormitory) |G
%z )L.(daughter) Pt Z(dispensing medication)
0 0204 06 08 1 12 14 16 18 2 0 020406 08 1 1214 1618 2
SHAP value SHAP value
Moderate depression(positive gain words) Severe depression(positive gain words)
T A (extreme pain) NG WiFE A $L(struggling to survive) [ NG
K& (gloom) NG # 4 (throughout one's life)
FERLE (student) 15iZ%  7 (bankruptcy) IR
H 8. (inferiority complex) [N HBARSENK (depressed) NG
B #% H B (self-esteem) NG i (non-communication) |G
[H % (factors) i #% 3% (Ibuprofen)
K¥P(heated arguments) EJLE 15 (wavering between life and death) [N
FJE MR (lethargic/dejected) NG #1% (ranting) GG
H & K% (suicide attempt) NG B (authority)
# i (reasons) #7F £ (unable to carry out) |G
0 0.2 0.6 0.8 1 1.2 002040608 112141618 2 2224
SHAP value SHAP value

Figure 5. Words positively correlated with depression severity (Based on SHAP value Ranking, Top 10).

Furthermore, we ranked words/phrases by their SHAP values to identify fea-
tures driving the model’s diagnostic decisions (Figure 5). Unlike frequency-based
rankings, SHAP-selected terms better captured clinically meaningful patterns. For
mild depression, the model focused on personal emotions (e.g., 4 rumina-
tion, &1 "X lack of courage), self-care actions (e.g., MG E HM self-as-
sessment, FLi& PGV /L4 %  duloxetine/vortioxetine use), and identity cues
(e.g., TH+ dormitory). Moderate depression narratives emphasized intensified
negativity (e.g., Jiivh N extreme pain, &M% gloom, H%..0» inferiority com-
plex, H#H Mk self-esteem) and extreme acts (e.g., Fl AAKZE suicide attempt).

Severe depression accounts featured terminal despair (e.g., fFHAEZEM depressed,
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P4l struggling to survive), behavioral dysregulation (e.g., /it non-com-
munication, 1% ranting), and potential triggers (e.g., %% bankruptcy).
Non-depressed individuals’ language showed minimal overlap with depressed
groups. Many of these SHAP-interpreted latent features, extracted via deep learn-

ing, align with DSM-5 core symptoms.

4.3.3. Case-Specific Interpretation

This study applied SHAP interpretability modeling to measure how different text
elements (characters, words, sentences) in patient narratives influence predic-
tions. The visualization system (Figure 6(a), Figure 6(b)) clarifies the model’s
reasoning. In Figure 6(a)’s force diagram, each Chinese character is shown as an
arrow whose length reflects its impact strength (absolute SHAP value), and
red/blue arrows denote positive/negative contributions (SHAP > 0/<0), with color
intensity matching effect magnitude. For Case 1, the model output fx) = 5.603
(99.6% severe depression probability) highlights the characters “EL” and “F&” as
key drivers, while others show weak impacts (faded colors).

base value f(inputs)
-2.27351 5.60358

) ———— — T

Sen4:Severe depression

inputs

DR, ER—DPAR, WX T—F, BENH

Senl1:Feeling downcast I 0.25

Sen2:Preferring to be alone

Sen3:Took a test !

SHAP{E

-1 1 3 5 7 9 11 13 15 17

Chinese//English Sentences

Sen1: V&Y% //Feeling downcast
Sen2:EXX—/" A& //Preferring to be alone
Sen3:illik ¥ —T//Took a test
Sen4:E J¥ 114 / /Severe depression

(b)

Figure 6. (a) Force Plot for Case 1 Derived from SHAP Text Analysis (Predicted Severe Depression Risk: 99.6%); (b) Sentence
Importance Analysis Based on SHAP Values (Case 1, Severe Depression Risk Value 99.6%).

Whereas, BERT’s character-level tokenization of Chinese text introduces se-
mantic fragmentation in SHAP analyses, compromising attribution clarity. To

address this, we employ the aggregation algorithm (Section 3.3.3) to quantify
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and visualize SHAP values at the sentence level. As demonstrated in Figure 6(b),
the diagnostic phrase “Sen4: # & I fji//Severe depression” exerts the strongest
predictive influence (SHAP 14.69), while the symptom descriptor “Senl: /[ f#
fik¥% //Feeling downcast” contributes modestly yet remains clinically coherent
(SHAP 0.25). Otherwise, the phrase “Sen3: Jlli— T //Took a test” exhibits
counter_predictive effects, contrasting sharply with “= 1> (ASHAP 17.6).
Clearly, the model prioritizes explicit pathological markers like “T J& #l1f//Se-
vere depression” while contextualizing auxiliary symptoms, achieving diagnos-
tic conclusions that align precisely with clinical terminology in patient narra-

tives.

base value flinputs)

6 ‘ 4.11821

) e e L

CBEAT, —1MPHNSRERATRNS, \BRXAALARMELA-—EFZRANECEH, GUE—HENSAK, RERSFEAE. HHEREMERCRES, 2828 H2EESRIER
FHEL, EEREURBENFET. BARET AL B X s Lo cRUEBEIE, ERFRRANESODSNEREN, B TEERZEAD, TEABSART

(a)

Sen7:Previously tried to act normal to avoid worrying parents, 1.194

Sen6: Significant slowness and rigidity in behavior, 1.16
Sen9: Essentially isolated from any social interactions.
Sen10: I lock myself in my room every day.

Sen8: But recently, it's becoming increasingly uncontrollable.

Senl: I Haven't taken medication for a long time.

Sen4: Heart p ding i ly, like every

Sen5: Recently, I haven't been feeling well.

Sen13: I am truly in too much pain and too tired.

Sen12:T Want to ask the doctor what I should do.

Sen11:Finding it very difficult to respond to messages from relatives and friends.
Sen3:Since that day, my ears have been moving uncontrollably on their own.

Sen2: I overdosed on sedatives a month ago. SHAP{H

-0.1 13 1.5

Chinese//English Sentences

Sen1:A5Z51R A T //1 Haven’t taken medication for a long time.

Sen2:— A~ A ATt EMRA T Z#245//T overdosed on sedatives a month ago.

Sen3: AR K46 TR ) H- 2 — BELANSZ 4% 1 (1% [ CW30//Since that day, my ears have been moving uncontrollably on their own.
Sen4:A% 0o Il —FERFIN 15 Z 6/ /Heart pounding incessantly, like every moment.

Sen5: I IRA AN 2 fR 4 //Recently, T haven’t been feeling well.

Sen6:17 AR 2 B AL LL 4% /™ H //Significant slowness and rigidity in behavior.

Sen7:Z I 45 %% F18 A IE H AL B0/ /Previously tried to act normal to avoid worrying parents.

Sen8:{H 2 il R 4% il N T //But recently, it’s becoming increasingly uncontrollable.

Sen9:HE A 4L T /T fil #1352 //Essentially isolated from any social interaction.

Sen10:5 KA B O R BHTE S 18] 71//1 lock myself in my room every day.

Senl 1:3 A 4T A& R 113 JE. I8 52 4R A 3 //Finding it very difficult to respond to messages from relatives and friends
Sen12:48 8] — T & AE FRi% 54 J1//1 want to ask the doctor what I should do.

Sen13:3L7F RJF T A 2 T//1 am truly in too much pain and too tired.

(b)

Figure 7. (a) Force Plot for Case 421 Derived from SHAP Text Analysis (Predicted Severe Depression Risk: 98.3%); (b) Sentence
Importance Analysis Based on SHAP Values (Case 421, Severe Depression Risk: 98.3%).
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Figure 7(a) and Figure 7(b) present BERT’s interpretability analysis for Sample
421, where the model predicts severe depression with 98.3% confidence. In the
SHAP force diagram (Figure 7(a)), positive predictors (red) significantly outnum-
ber negative ones (blue), showing that clinically meaningful symptoms drive the
model’s decisions. The sentence-level analysis (Figure 7(b)) confirms this pattern—
all text segments contribute positively, aligning strongly with diagnostic criteria for
depression. Clinically, many of these text segments mirror DSM-5 standards di-
rectly, for instance.

“Sen7: ...tried to act normal.” - Criterion B (social impairment)

“Sené: ...slowness and rigidity in behavior.” & Criterion A5 (psychomotor re-
tardation)

“Sen13: ...too much pain and too tired.” - Criterion Al (persistent low mood)

Clearly, for this case, BERT detects depression through symptom semantics ra-
ther than explicit mentions. By analyzing implicit patterns (e.g., social withdrawal
cues in “Sen9: FEA[ELL [ {F{7#1.5C//Essentially isolated from any social inter-

«

action “, the model establishes diagnostic alignment with DSM-5 without direct
disease references. This symptom-driven reasoning—employing latent clinical
markers over overt declarations only—demonstrates AI’s capacity to augment
mental health evaluations, particularly for cases with subtle or context-dependent

symptom presentations.

f(inputs) base value
9 .91947
]

) ) e SN R R T (L

inputs

FEA40E+HEsRE. FENEEECEAHAAR. BRIRER E‘Eﬁgiﬁlﬁbm%ﬁ. Bir—fkzwrw. Boiiz. @, 288 RREEHEM

(a)

Sen6:Taking acid-suppressing medication for gastroesophageal reflux. 0.43
Sen2:I had two gastrointestinal hemorrhages when I was young. 0.178
Sen3:Currently, T am only paying attention to my diet and have not sought medical treatment for this reason.
Sen1:1 have a 40-year history of duodenal ulcers.

Sen5: Symptoms worsen when lying down.

Sen7:Taking acid-supp) ing ication for gastr reflux

SHAP{i

4:But I have been il il for the past year.

-1 0.8 -0.6 0.4 0.2 0 0.2 04 0.6

Chinese//English Sentence

Senl: BEAEA 40 -+ 4855 //1 have a 40-year history of duodenal ulcers.

Sen2: FEHRIN S5 A IE K H I /1 had two gastrointestinal hemorrhages when I was young.

Sen3: HETHZHERIKE, KFILMEEIT//Currently, I am only paying attention to my diet and have not sought medical
treatment for this reason.

Send: {HIT—4FRIZHK A Wi//But I have been coughing continuously for the past year.

Sen5: EMJIIE//Symptoms worsen when lying down

Sen6: MM //Sore throat

Sen7: & & Rk 2 24/ Taking acid-suppressing medication for gastroesophageal reflux

(b)

Figure 8. (a) Force Plot for Case 180 Derived from SHAP Text Analysis (Predicted Severe Depression Risk: 0.27%); (b) Sentence
Importance Analysis Based on SHAP value (Case 180, Severe Depression Risk 0.27%).
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The model’s interpretability analysis for Sample 180 (Figure 8(a) and Figure
8(b)) clarifies its reasoning for ruling out depression. With an extraordinarily low
predicted risk (0.27%, 99.73% confidence), the case demonstrates how textual se-
mantics drive non-depression classifications. Across both character and sentence
levels (Figure 8(a) and Figure 8(b)), dominant blue regions indicate widespread
negative feature impacts, for instance, descriptions of non-psychiatric conditions
like “Send: {HiT —4-KI% Wi A //But I have been coughing continuously for the
past year.” and “Sen7: % & i I 4L 24/ Taking acid-suppressing medi-
cation for gastroesophageal reflux” dilute depression likelihood. Limited positive
contributions (red features) include “Sen6: "AMxJiH//Sore throat” (SHAP = 0.43)
and “Sen2: fFALIN 56 5 W AL IE K HI LT IR//1 had two gastrointestinal hemor-
rhages when I was young.” (SHAP = 0.178), weakly reflecting potential somatic
depression correlates or stress-related physiological responses. Crucially, the
complete absence of core diagnostic markers (depression, low mood, anxiety; fre-
quency = 0) and the overall semantic focus on non-affective health issues form the
decisive framework for the model’s negative prediction. This dual analytical ap-
proach—sensitivity to subclinical indicators alongside strict semantic alignment
with diagnostic standards—validates the model’s precision in distinguishing non-
depressive cases through integrated symptom prioritization and terminology-

based exclusion criteria.

5. Discussion

5.1. Pre-Trained Language Models for Automatic Depression
Diagnosis

This study demonstrates the viability of BERT-based deep learning for automated
depression diagnosis using clinical narratives from online healthcare platforms.
Our fine-tuned multi-class model achieved 92% overall accuracy in severity as-
sessment, with class-specific performance reaching 98% (non-depression), 90%
(mild), 86% (moderate), and 93% (severe). These results significantly outperform
conventional ML approaches and establish the clinical validity of pre-trained lan-
guage models in psychiatric evaluation.

A key innovation of this study is the use of medical-contextualized data—pa-
tient narratives—instead of social media content for analysis. While BERT
achieved only a 62.2% F1 score on non-clinical texts (e.g., Yang et al’s social me-
dia analysis [7]), our medical-context model reached a 92% F1 score, highlighting
the diagnostic superiority of patient narratives in medical settings. Although data
limitations prevented direct access to patients’ demographic and socioeconomic
characteristics—critical for depression diagnosis—our model’s 92% accuracy sug-
gests it captures these features implicitly through contextual analysis, encoded as
latent semantic vectors. In our analysis, terms like “student,” “dormitory,” and
“bankruptcy” carried significant SHAP values. Thus, even without explicitly in-
corporating demographic or socioeconomic data, the BERT model can extract and

leverage such information from patient narratives through contextual analysis,
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enabling high predictive precision.

Architectural comparisons revealed unexpected performance about models:
while RoBERTa theoretically outperforms BERT in general contexts, the Chinese
BERT variant demonstrated superior effectiveness compared to the non-special-
ized RoBERTa implementation. Achieving optimal model performance necessi-
tated balancing computational constraints with clinical requirements—setting the
input length threshold at 325 characters (85th percentile of text length distribu-
tion) maintained 92% diagnostic accuracy while optimizing processing efficiency.
However, this configuration inherently truncates 15% of patient narratives ex-
ceeding this limit, potentially omitting clinically significant information con-
tained in extended descriptions. This fundamental conflict between algorithmic
efficiency and comprehensive clinical data integration represents a critical imple-
mentation barrier for Al-driven mental health assessment systems in practical

healthcare settings.

5.2. Insights from SHAP Interpretable Machine Learning Models

This study advances the interpretability of deep learning models for Chinese text
analysis through innovative SHAP-based methods. While SHAP has become a
standard tool for model interpretation, its application in understanding text-pre-
diction relationships remains limited. We developed a specialized SHAP frame-
work tailored for Chinese corpora, enabling word- and sentence-level analysis of
feature contributions. When applied to depression diagnosis, this approach re-
veals BERT’s sensitivity to key linguistic patterns: descriptions of mood states, be-
havioral changes, and treatment experiences consistently exhibit high SHAP val-
ues, strongly correlating with depression risk.

Moreover, the analysis uncovers clinically meaningful patterns across depres-
sion severity levels. As severity increases, expressions of negative affect and ex-
treme behaviors gain prominence in SHAP rankings. The model also identifies

> «22/F [/students”) and socioeco-

demographic markers (e.g., “f& #//dormitory,
nomic factors (e.g., “MiZ % "//bankruptcy”) as predictive features, suggesting
underlying associations between social context and mental health. Notably, the
SHAP-derived features align closely with DSM-5 diagnostic criteria, with phrases
such as “Wist% $L//struggling to survive” and “H % K Z%//suicide attempts” di-
rectly mapping to core depression symptoms.

These findings demonstrate BERT’s capability to capture clinically relevant se-
mantic patterns while validating SHAP’s utility for explaining model decisions in
mental health applications. By bridging the gap between machine learning outputs
and clinical diagnostic standards, this work provides robust evidence supporting

the reliability and interpretability of AI-driven diagnostic tools.

5.3. Limitations and Future Directions

This study advances the interpretability of text classification models using SHAP

methods, yet several challenges warrant further exploration. A key limitation
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arises from BERT’s constrained text length capacity, set at 325 characters due to
computational resource constraints. Given that depression-related medical rec-
ords often exceed this threshold, approximately 15% of the text was truncated,
potentially compromising prediction accuracy. This highlights the need for more
effective semantic modeling of long texts in medical applications.

Furthermore, the proposed Chinese word- and sentence-level SHAP value
computation method, although experimentally validated, is constrained by basic
tokenization techniques that may fail to capture domain-specific medical termi-
nology. This limitation can significantly affect SHAP analysis and overall model
interpretation, as missing key medical terms may reduce accuracy and reliability
in clinical settings. Exploring alternative tokenization strategies, such as subword
tokenization or rule-based methods, could greatly improve the identification of
relevant medical terms and represent a future optimization direction for this
study.

Additionally, the use of general-purpose models (BERT and RoBERTa) for an-
alyzing online patient-generated content raises questions about the potential ad-
vantages of medical domain-specific large language models in processing disease-
related texts. These concerns emphasize the importance of tailoring models for
specific medical contexts to enhance analysis accuracy.

Opverall, these limitations point to critical avenues for future research, including
corpus optimization, the development of medical-contextualized models, and en-
hanced semantic processing capabilities for long and complex texts. Addressing
these challenges is essential for improving model applicability and predictive ac-

curacy in clinical settings.

6. Conclusions

This study establishes an integrated “data-prediction-interpretation” framework
to advance intelligent depression diagnosis using Chinese medical texts. The key
findings are as follows:

e The deep learning model trained on real-world clinical data demonstrated supe-
rior predictive performance. Leveraging high-quality patient narratives from
online clinical consultation platforms, the BERT model achieved 92% overall
accuracy in a four-class classification task, significantly outperforming social
media-based approaches. This performance validates the semantic richness and
clinical relevance of medical context data. Notably, the model achieved 93% ac-
curacy in identifying severe depression cases, with misclassifications primarily
occurring in the mild-to-moderate transition zone, reflecting the inherent com-
plexity of clinical diagnosis.

e The study’s interpretability framework successfully decoded the model’s
pathological semantic encoding mechanisms. Using an improved SHAP value
computation method, it achieved the first quantitative analysis of word- and
sentence-level feature contributions in Chinese medical texts. The results re-

vealed a direct mapping between model decisions and DSM-5 diagnostic cri-
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teria. For instance, phrase like “Wisti%#$L” (struggling to survive) in severe
depression cases exhibited significantly higher mean SHAP values (2.22) com-
pared to terms such as “H 7 AKZE” (attempted suicide) in moderate cases
(mean SHAP: 0.57). This alignment between algorithmic decisions and clinical
standards addresses the “black box” challenge in mental health applications.

e The study uncovered a novel collaborative paradigm between intelligent diag-
nostic systems and clinical practice. Beyond explicit diagnostic statements, the
model demonstrated the ability to capture implicit symptom features through
semantic associations. In cases lacking diagnostic terminology, it is classified
based on descriptions like “social isolation” and “psychomotor retardation,”
showcasing a deep semantic understanding that transcends traditional key-
word matching. This capability establishes a novel collaborative paradigm be-
tween AI systems and clinical practice, providing clinicians with a multidi-
mensional decision-making framework.

In summary, the proposed interpretable diagnostic framework provides empir-
ical evidence and technical prototypes for building trustworthy intelligent mental
health assessment systems. Future research will focus on developing dynamic en-
coding algorithms for long texts, optimizing feature extraction using medical on-

tologies, and exploring multimodal data integration pathways.
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