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Abstract: This paper focuses on exploring the application of AI-based clinical decision support sys-
tems in the precise treatment of mental disorders, and analyzes their mechanisms of action, key 
techniques, and technical solutions. This paper proposes a series of system architecture methods, 
including unstructured data processing, multi-modal feature fusion, individualized treatment mod-
eling, and interpretable process design, to improve the efficiency and individualization of precise 
treatment for mental disorders. Meanwhile, an experimental verification system was proposed to 
comprehensively verify the functional performance and practical value of the system, providing 
good technical support for the intelligent diagnosis and treatment of clinical mental disorders by 
this system. 
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1. Introduction 
The causes of mental disorders are diverse; the symptoms are complex; and individ-

ual differences are significant. Therefore, there are unknown and subjective uncertainties 
in the process of onset and diagnosis and treatment, making it difficult to improve the 
precise treatment path. With the application of AI in the medical field, the clinical decision 
support system (CDSS) based on AI has continuously become a key factor in improving 
the precise diagnosis of mental disorders. This article mainly systematically summarizes 
the key issues in the precise treatment of mental disorders by AI, discusses its basic theo-
ries, technical frameworks and application effects, and proposes specific solutions for the 
construction of intelligent mental health management. 

2. The Theoretical Basis and Key Technologies of AI in the Precise Treatment of Men-
tal Disorders 
2.1. Theoretical Roots of the Complexity in the Diagnosis and Treatment of Mental Disorders 
and the Demand for Precise Intervention 

Mental disorders have extremely high heterogeneity. They are caused by multi-
source factors including neurobiological, psychosocial, genetic and other factors. The clin-
ical manifestations are diverse, with variable forms and changes, and different patients 
have inconsistent responses in terms of therapeutic effects. Therefore, the empirical diag-
nosis and treatment model is difficult to achieve the goal of precise treatment. To solve 
this problem, precise intervention must be adopted. Besides requiring a higher level of 
ability to construct specific patient models, it also requires technologies that can provide 
dynamic and individualized treatment suggestions [1]. Due to its technical advantages 
such as the ability to process multiple types of information, the ability to establish nonlin-
ear patterns, and the ability to predict, artificial intelligence can become a key means to 
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overcome the instability and complexity of the diagnosis and treatment of mental disor-
ders, and gradually become an important factor in promoting the development of precise 
medical treatment for mental disorders. 

2.2. Core Principles of Artificial Intelligence Empowering Clinical Decision Support 
AI establishes and improves the clinical pathways of mental disorders by mining the 

hidden connections contained in multimodal clinical big data. The clinical decision sup-
port system is essentially to construct a prediction function 1, where 2 represents the 
multi-dimensional characteristics of the patient (such as symptoms, images, physiological 
indicators, etc.), and 3 is the diagnostic or therapeutic output. The training objective of the 
model is: 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑓𝑓∈𝐹𝐹

1
𝑁𝑁
∑ 𝜗𝜗(𝑓𝑓(𝑥𝑥𝑖𝑖),𝑦𝑦𝑖𝑖)𝑁𝑁
𝑖𝑖=1 + 𝜆𝜆Ω(𝑓𝑓)         (1) 

Among them, 𝜗𝜗 is the loss function, which measures the prediction error; 𝛺𝛺(𝑓𝑓) is 
the regularization term, which is used to prevent overfitting. Complex features are con-
structed through deep learning structures (such as CNN, RNN, Transformer, etc.) to im-
prove the accuracy of diagnosis. The interpretability of this model is also a key factor that 
can enhance the trust of medical staff in it. Common ones include the application of atten-
tion mechanism, SHAP and LIME, which can explain the important factors for the model 
to make decisions, helping doctors understand and judge the results, and further achiev-
ing the intelligent decision-making mode of "human-machine collaboration" [2]. 

2.3. Key Technical System of AI Decision Support for Mental Illness 
The key to the AI clinical decision support system for mental illness lies in the unified 

modeling and precise reasoning of multi-source heterogeneous data, and its core is to con-
struct a fused, interpretable and individualized prediction model architecture. For differ-
ent modal data (such as electronic medical records, brain images, biochemical indicators, 
behavioral trajectories, etc.), the system first extracts feature representations through 
modal-specific encoders 𝐸𝐸𝑖𝑖�𝑥𝑥(𝑖𝑖)�, and then integrates them into a unified latent represen-
tation 𝑧𝑧 through a fusion mechanism: 

𝑧𝑧 = 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖𝑓𝑓𝑓𝑓 �𝐸𝐸1�𝑥𝑥(1)�,𝐸𝐸2�𝑥𝑥(2)�, . . . ,𝐸𝐸𝑚𝑚�𝑥𝑥(𝑚𝑚)��       (2) 
Among them, 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖𝑓𝑓𝑓𝑓 can be fusion strategies such as attention weighting, tensor in-

teraction, or cross-modal Transformer. Finally, diagnostic suggestions, intervention plans 
or risk assessment results are output through prediction function 𝑓𝑓(𝑧𝑧). This system em-
phasizes the collaborative expression of cross-modal features, individualized path mod-
eling and the interpretability of prediction results, ensuring that the model has robustness, 
adaptability and clinical practical value in complex scenarios, and providing intelligent 
support for the precise diagnosis and treatment of mental disorders [3]. 

3. Design of Clinical Decision Support System for Mental Disorders and Implementa-
tion of Key Technologies 
3.1. Heterogeneous Medical Data Collection and Intelligent Preprocessing Mechanism 

The data sources of patients with mental disorders are numerous and diverse, in-
cluding structured electronic medical record information, results of various scales, labor-
atory test results, as well as unstructured disease course information, medical images, and 
temporal behavior information obtained from mobile devices and wearable devices [4]. 
These data have diverse patterns, inconsistent attributes and inconsistent acquisition rates, 
which bring great problems to the synchronization and accuracy of the input of the deci-
sion-making system. 

The system has constructed a multi-source and heterogeneous data access module, 
mapping all heterogeneous data into low-level feature Spaces. Transform structured data 
into vectors through field matching and normalization [5]. Medical entity recognition and 
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context-filling technologies are adopted for the text; The image data uses the trained con-
volutional neural network to capture spatial features; Temporal behavior data generate 
continuous input sequences through the sliding window model and frequency filling 
method. By using information gain and minimizing redundancy as the guiding principles 
for feature selection, the efficiency of the modeling process is improved. 

Multimodal data are integrated through the weighted fusion strategy, and the overall 
representation form is as follows: 

𝑧𝑧𝑖𝑖 = ∑ 𝛼𝛼𝑘𝑘 ⋅ 𝜓𝜓𝑘𝑘�𝑥𝑥𝑖𝑖
(𝑘𝑘)�𝐾𝐾

𝑘𝑘=1            (3) 
Among them, 𝑥𝑥𝑖𝑖

(𝑘𝑘) represents the original feature of the 𝑘𝑘-th mode, 𝜓𝜓𝑘𝑘 is the corre-
sponding feature encoding function, and 𝛼𝛼𝑘𝑘 is the modal weight learned by the model, 
satisfying ∑ 𝛼𝛼𝑘𝑘𝐾𝐾

𝑘𝑘=1 = 1. This model can dynamically allocate the importance of corre-
sponding patterns according to the adaptability of the samples, and better solve the prob-
lem of the comprehensive representativeness of the entire model. Through the prepro-
cessed consistent feature vectors, they are input into the model as interfaces to ensure the 
reliability, accuracy and cross-mode adaptability of the modeling. 

3.2. Multimodal Feature Modeling and Deep Fusion Strategies 
For the diagnosis and treatment suggestions of mental disorders, it is necessary to 

use information of various modalities to train appropriate predictive models and provide 
reasonable suggestions. That is, data of different modalities, including demographic pa-
rameters, laboratory data, medical records and psychological test results, etc., all need to 
be incorporated into the system. By adopting a parallel approach to analyze different 
types of information and setting up corresponding sub-modules, the system can automat-
ically identify the deep implicit meanings of different modal data. Take structured data 
as an example. Structured data is constructed using MLP. For text, deep networks such as 
BERT or Clinical BERT are used to learn the medical context of the text. For images, con-
volutional neural networks such as ResNet and DenseNet are used to capture the spatio-
temporal features of the images. Behavioral data uses bidirectional GRU or Transformer 
to capture time-related semantic background transitions. 

After completing the internal modeling of the modalities, the entire system will 
achieve a unified synthesis method for multiple modalities, mixing the data information 
of each modality. For example, it can be accomplished through attention-weighted alloca-
tion, optimized by a multimodal matching loss function (such as one based on contrastive 
learning), or by incorporating co-representation space mapping as an intermediate step. 
In order to increase overall stability, co-attention and self-attention layers are introduced, 
thereby making the information exchange among various modalities more flexible and 
retaining the initial characteristic information of each modality. The model then transmits 
the comprehensive expression to the decision-level network to achieve purposes such as 
classification, regression and decision suggestions. 

3.3. Design of Individualized Intervention Path Planning Model 
In this intelligent process model of psychological intervention, the intelligent path 

selection mode is an intermediate link that connects behavioral and strategic decisions. 
The model establishes a decision-making path state diagram and generates several possi-
ble treatment options (such as adjusting drug dosage, psychological counseling, behav-
ioral therapy, physical therapy, etc.), and uses these options as nodes in the diagram. Each 
edge represents a possible path from one option to another, and its weight is calculated in 
real time based on factors such as the possibility of therapeutic effect, side effects, the pos-
sibility of compliance, and available medical resources. The patient's state is encoded with 
multivariate data to form a state vector, which becomes the starting position of graph 
search. 
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On this basis, reinforcement learning algorithms or heuristic graph search methods 
can be adopted to optimize the strategy in order to achieve the path that meets the maxi-
mum medical benefits of the goal. During this period, past treatment experiences can be 
used as environmental feedback, and the reward function can be used to measure and 
learn the treatment effect to extract useful treatment plans from it. This system has an 
iterative feedback loop that can receive real-time feedback from patients, thereby updat-
ing their state expressions and re-optimizing strategies to enable self-regulation of treat-
ment paths, so as to adaptively adjust to changing disease conditions. 

3.4. Decision Support System Architecture and Clinical Interpretability Module 
In the AI decision support system for mental illness, it should be suitable for handling 

extremely complex and multi-source data usage scenarios, capable of efficiently pro-
cessing data, achieving clear model components, rapid responses, and controllable clinical 
outputs. This system is based on the idea of hierarchical design and consists of four as-
pects: the data entry layer, the feature construction layer, the intelligent decision-making 
layer, and the interpretation output layer. The data entry layer can access data streams 
from various clinical sources, including structured data (such as diagnostic codes and test 
results), semi-structured data (such as doctors' written results), unstructured data (such 
as brain magnetic resonance images), and motion data (such as sleep patterns and wear-
able device data on movement trajectories). All standardized data are processed by fea-
ture extraction modules to achieve consistent representations through embedding, many-
to-one mapping, and time series analysis methods. 

At this point, multiple modal deep models are fused, such as using the Transformer 
model to learn time series data, the CNN model to learn medical images, and the BERT-
like pre-trained model to learn diagnostic texts, etc., to construct the global model of the 
patient; Meanwhile, the results of each model are input into the intelligent decision-mak-
ing link to conduct graph search or reinforcement learning to generate customized inter-
vention paths, or to generate risk scoring indices based on classifiers and regression mod-
els; Visualization is performed through causal analysis of interpretable models, including 
the representation of feature importance and local explanations, such as segmentation 
with SHAP values or direct textual explanations. Output the diagnostic suggestions, in-
tervention approaches and prediction basis, record the feedback information of doctors in 
real time for model improvement, and achieve the process of "prediction-explanation-in-
tervention-feedback" in a closed loop, making the system usable and scalable (see Figure 
1). 

 
Figure 1. Flowchart of the Overall Architecture of the AI Decision Support System for Mental Ill-
ness. 
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4. Experimental Verification and Performance Evaluation of AI Decision Support Sys-
tem for Mental Illness 
4.1. Experimental Data Set and Verification Process Design 

In the experimental verification design, the system will construct a universal detec-
tion system with data of various types of mental health problems, thereby ensuring rich-
ness and verifiability. The experimental data include four types: structured medical re-
ports, brain imaging, event sequences, and natural language. The natural language and 
event sequence data come from a real psychotherapy conversation database, while the 
other data are sourced from corresponding clinical repositories. All the data undergo de-
sensitization processing and labeling standardization processes and are input into the 
data cleaning stage. The interpolation strategy is used to solve the missing problem, and 
the numerical characteristics are normalized. The word analysis method and the embed-
ding space construction method are adopted to process the text data, thereby ensuring the 
consistent transfer of different types of data. 

At this stage, multimodal deep neural networks are used for joint training, mapping 
the features of each modal to the shared domain, and the attention mechanism is em-
ployed to achieve the mixed trade-offs among different modalities. Five-fold cross-vali-
dation was conducted on the training set, and the test set was used for final evaluation. 
Three outputs were generated: diagnosis category, treatment process sequence, and esti-
mated severity rating. In the evaluation part, the standard classification indicators (preci-
sion rate, F1 value, recall rate), path matching accuracy and prediction stability are mainly 
comprehensively considered. Meanwhile, the interpretability module is provided, which 
offers SHAP value analysis graphs, attention distributions and text annotations to assist 
experts in decision-making. Finally, through the doctor's review of the prediction results 
and analysis contents, the cycle of model accuracy identification and system update is 
completed (see Figure 2). 

 
Figure 2. Flowchart of Experimental Verification. 

4.2. Comparative Analysis of Multimodal Models and Evaluation of Feature Contributions 
Longitudinal studies were conducted on five models, namely the traditional machine 

learning method, the single-modal CNN, the single-modal Transformer, the multimodal 
fusion model, and the complete path optimization system. The training and testing of all 
models adopted the same dataset partitioning scheme to divide the training set and the 
validation set, and both were used as a measurement scale. The evaluation basis was the 
accuracy, precision, and the performance improvement brought by feature fusion (see Ta-
ble 1). 
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Table 1. Multi-Model Performance Comparison and Analysis Table. 

Model type Accuracy (%) Precision (%) ΔF1 (%) 
Random Forest 72.3 65.1 - 
CNN (Video) 76.8 69.5 +3.1 
Transformer 78.4 70.7 +4.5 

Multimodal fusion model 84.6 78.2 +9.8 
Fusion + path recommendation system 87.2 81.3 +11.6 

It can be seen from Table 1 that the feature representation capability of the original 
random forest model is limited and cannot effectively capture complex pathological asso-
ciations. The single-modal CNN and Transformer models have improved in the two mo-
dalities of image and text, but there are certain limitations due to the lack of cross-modal 
information interaction. The multimodal fusion model of attention and shared represen-
tation has improved its diagnostic accuracy and suggestion precision, increased the F1 
value, indicating that the comprehensive multi-information has an optimization effect on 
the high specificity of mental illness discrimination. Further combined with the route 
planning of graphics, an overall framework has been formed, achieving the best perfor-
mance in individualized recommendation tasks. It also indicates that this architecture and 
the idea of sequential optimization have practicality and technical advantages for individ-
ualized treatment. 

4.3. Evaluation of Interpretability and Clinical Consistency 
The research on interpretability and clinical consistency mainly analyzes whether the 

logic predicted by the system conforms to medical-related knowledge and whether the 
model results are reasonably adopted and used in clinical practice, etc. The explanation 
process integrates both quantitative and qualitative methods. In terms of quantitative as-
pects, an explanation interface for doctors was generated by using SHAP values, visuali-
zation of attention weights, and the order of feature importance, and at the same time, 
scores were given by psychiatric experts who have held relevant certificates. 

An analysis of Table 2 shows that the features calculated by the mixed data model 
are relatively stable, and the key indicators show consistent distribution. The average fea-
ture interpretability score of the model reaches 4.6 points (out of 5), indicating that it can 
clearly distinguish key influencing factors such as emotional scores and changes in brain 
region activity. 

Table 2. Evaluation Table of Model Interpretability and Clinical Consistency. 

Evaluation dimension Indicator value Explanation 
Average feature interpret-

ability score 4.6/5 
The doctor's score for the clarity of feature 

interpretation 
Proportion of diagnostic 

consistency 85.7% 
The sample proportion consistent with the 

doctor's diagnosis in the model 
Intervention pathway 

adoption rate 
79.3% The proportion of doctors accepting the 

model-recommended paths 
Average clinical confi-

dence score 4.4/5 The doctor's evaluation of the overall trust 
level of the system 

In the consistency verification stage, the manually labeled diagnostic results are com-
pared with the predicted results of the system, and the proportion of cases with consistent 
judgments is taken as the case-level consistency rate. The consistency between the sys-
tem's prediction results and the diagnosis results of senior physicians reached 85.7%. 
Good accuracy was still maintained in severe and difficult cases. Moreover, among the 
number of treatment plan suggestions given by the system, the number of plans ulti-
mately accepted and adopted by medical staff accounted for 79.3% of the total, indicating 
that the model has a high degree of reliability and is also practical and credible. In addition, 
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the overall credibility of the system was evaluated in combination with the feedback forms 
of medical staff, and the average satisfaction score obtained was 4.4 points. 

5. Conclusion 
This paper constructs an AI-based clinical decision support system for mental disor-

ders, capable of processing multiple types of data and supporting various modeling ap-
proaches. Meanwhile, it can generate personalized intervention paths and provide easily 
interpretable explanations. The experimental results of this system demonstrate strong 
diagnostic consistency and intervention guidance, providing practical and operational 
methods for the precise treatment of mental disorders. It has extremely wide applicability. 
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