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Purpose: Schizophrenia is a burden on patients’ health and finances and long-term antipsychotic treatment is required; treatment 
response differs among patients. This study aims to leverage data from Chinese hospitals to develop a machine learning (ML) model 
that predicts antipsychotic treatment efficacy in patients with schizophrenia and to conduct a payer-perspective cost-effectiveness 
analysis to inform clinical practice.
Patients and Methods: This single-center, real-world retrospective cohort study included 834 patients with schizophrenia from 
a Chinese hospital. Eight models were constructed using ML and performance was assessed. The model with highest accuracy was 
determined based on the area under the receiver operating characteristic curve (AUC). We used the Shapley Additive Explanations (SHAP) 
values to determine the relative importance of each factor. Cost-effectiveness and incremental cost-effectiveness analyses were performed to 
assess cost-effectiveness of various treatments. A univariate sensitivity analysis was also conducted to validate the results.
Results: The top 10 strongly correlated variables, identified through the Boruta algorithm, were selected for in-depth analysis to 
construct the model. GBM demonstrates the highest performance following a comprehensive evaluation. On the independent test set, 
our model achieved an AUC of 0.879 (95% CI: 0.833–0.924), an accuracy of 0.836, and a recall of 0.823. Based on this model, we 
developed and made publicly available an online prediction calculator to assist in clinical decision-making. Among all the treatment 
regimens, risperidone was the most cost-effective.
Conclusion: The GBM model and its online calculator predict the treatment efficacy for hospitalized schizophrenia patients, aiding 
doctors in tailoring personalised treatment strategies. Risperidone tablets exhibit the highest cost-effectiveness in treatment, guiding 
the optimization of treatment plans and cost reduction.
Keywords: machine learning, schizophrenia, prediction, antipsychotics, cost-effectiveness

Introduction
Schizophrenia is a chronic, multifaceted, and heterogeneous mental disorder that has long posed significant challenges to 
public health.1 Epidemiological surveys in China have shown that the weighted lifetime prevalence of schizophrenia is 
0.7%.2 Research indicates that men typically experience the onset of schizophrenia earlier than women, with the initial 
occurrence in men generally between the ages of 20 and 24, while in women, it tends to occur approximately five years 
later or even beyond.3 Modern medicine has made significant progress on mental health, institutions now offer systematic 
treatment plans for schizophrenia which combine antipsychotic medications with psychosocial treatments. These plans 
aim at improving the condition of patients and improving quality of life. Relapse rate remains a problem and can reach 
63% within 2 years and 80% within 5 years.4,5 Keeping patients stable requires significant psychosocial resources and 
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long-term use of antipsychotic drugs to maintain.6 Doctors typically choose antipsychotic drugs based on the effect of the 
drugs on side effects.7 Among Chinese patients, 87.3% received monotherapy; of these, 78.9% were treated primarily 
with oral second-generation antipsychotics (APs). The most common combination regimen involved coadministration of 
two oral APs, while only 0.3% of patients received combinations of three or more drugs.8 In public health the economic 
efficiency of drugs is assessed by weighing efficacy, side effects and costs to optimize treatment results within patients’ 
financial means.7

Machine learning (ML), a fundamental aspect of artificial intelligence, is increasingly showing significant potential in 
clinical applications.9–11 Machine learning dynamically assesses medical data using artificial intelligence to extract treatment 
outcome-related features from intricate interactive variables, encompassing clinical, genetic, and environmental factors. This 
approach develops an efficacy prediction model applicable for real-world clinical analysis, facilitating medical decision- 
making.10,12,13 Machine learning models are widely used in medical research. However, their “black-box” nature produces 
opaque decision-making logic that presents a major obstacle to clinical translation and practical application.14 To improve 
model interpretability and clarify feature contributions, we applied the Shapley Additive exPlanations (SHAP) framework for 
post-hoc attribution analysis. By quantifying each feature’s contribution to classification outcomes, SHAP systematically 
evaluated the relative importance of features and provided a transparent, interpretable basis for model decision-making.15

In machine learning modeling, selecting outcome indicators requires consideration of data accessibility, clinical relevance, 
and comparability with prior research. For schizophrenia, efficacy assessment should encompass core dimensions such as 
symptom severity and changes in treatment response. We selected the Brief Psychiatric Rating Scale (BPRS) primarily 
because it provides a comprehensive evaluation of symptom severity and treatment response and meets the practical needs of 
real-world clinical follow-up. The BPRS is widely used in real-world studies of schizophrenia and related heterogeneous 
populations; it effectively quantifies psychopathology, assesses intervention effects, and has been validated as a pragmatic 
cross-diagnostic tool with high clinical compatibility and low measurement bias.16

Combined antipsychotic drug regimens are common in clinical practice. However, their utility as a quantifiable 
predictor in machine-learning models developed from real-world data has not been systematically evaluated. Most 
current prediction models rely primarily on conventional variables—clinical data, neuroimaging, and monotherapy—and 
do not incorporate integrated analyses of complex treatment regimens.17–19 More importantly, existing studies generally 
focus on developing single prediction models and lack an integrated evaluation framework that combines treatment-effect 
prediction, individualized risk assessment, and cost-effectiveness analysis. This disconnect among components has 
impeded the effective translation of machine-learning models into clinical decision-support tools. Therefore, the goal 
of future research should be to translate these findings into clinical practice.20

This study aimed to systematically construct and validate a ML model that predicted antipsychotic drug efficacy at 
6 weeks in patients with schizophrenia, using retrospective inpatient data from Chinese hospital information systems. We 
evaluated the importance of key predictors and applied the SHAP framework to enhance model interpretability, clarifying 
how individual variables influenced treatment outcomes within single samples.21 Building on these results, we developed 
an online clinical calculator that translated model outputs into individualized risk assessments. Concurrently, a cost- 
effectiveness analysis from the payer’s perspective provided a foundation for optimizing health resource allocation. 
Ultimately, the study established a full-chain methodological framework that integrated machine learning prediction, 
digital tool assessment, and health economic evaluation, offering real-world evidence–based support for clinical decision- 
making in precision treatment of schizophrenia.

Research Methods
Data Sources and Study Subjects
This retrospective study analyzed electronic medical records of schizophrenia patients hospitalized at a tertiary psychia
tric hospital in Daqing City, Heilongjiang Province, China, from January 2022 to December 2024, using data from the 
hospital information system. Inclusion criteria were: (1) diagnosis of schizophrenia (ICD-10 F20); and (2) age >18 years. 
Exclusion criteria were: (1) missing data; (2) diagnosis of other primary mental disorders, such as schizoaffective 
disorder (ICD-10 F25), bipolar disorder, or substance-induced mental disorder; (3) presence of neurological or organic 
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somatic conditions capable of directly producing psychotic symptoms (eg, dementia, epilepsy, brain tumor, thyroid 
crisis); (4) severe, uncontrolled somatic diseases likely to compromise treatment tolerance or outcome assessment (eg, 
end-stage renal failure, decompensated liver cirrhosis, active malignant tumor); and (5) history of alcohol or illicit drug 
abuse or dependence. We included 834 patients with enough complete demographic and clinical data. 595 patients 
received one AP and 239 received two APs.

Definitions and Clinical Variables
44 clinical factors potentially influencing therapeutic effects were extracted from the hospital information system. These 
factors encompass patients’ basic characteristics, including marital status, educational level, gender, age, body mass 
index (BMI), allergy history, family history, smoking and drinking histories, length of hospital stay, and history of 
schizophrenia. The comorbidities considered were anemia, hypertension (HTN), hyperlipidemia (HLD), diabetes mellitus 
(DM), coronary heart disease (CHD), thyroid disease, Cerebrovascular Accident (CVA), hyperprolactinemia (HPRL), 
extrapyramidal symptoms (EPS), common cold, and constipation. Pre-medication laboratory test indicators included 
High-density lipoprotein cholesterol (HDL-C), heart rate (HR), fasting blood glucose (FBG), hemoglobin (Hb), neu
trophils (NEUT), aspartate aminotransferase (AST), low-density lipoprotein cholesterol (LDL-C), triglyceride (TG), 
serum creatinine (SCR), alanine aminotransferase (ALT), γ-glutamyl transferase (GGT), blood urea nitrogen (BUN), total 
cholesterol (TC), red blood cell (RBC), white blood cell (WBC) and lactate dehydrogenase (LDH). Treatment measures 
comprised the administration of one or two antipsychotic drugs, sedative-hypnotic drugs, and modified electroconvulsive 
therapy (MECT). During treatment, the the Treatment Emergent Symptom Scale (TESS) and BPRS were utilised. The 
BPRS scale is used to measure clinical improvement and the TESS measures adverse reactions.

The primary outcome of this study was the short-term therapeutic efficacy of antipsychotic drugs. Efficacy was 
assessed at the sixth week of treatment (approximately 42 days). This time point was selected with reference to relevant 
clinical practice guidelines and aligned with the routine observation cycle at our institution, aiming to evaluate the early 
core response to pharmacotherapy. Symptom changes were measured using the BPRS and dichotomized for analysis: 
after 6 weeks of treatment, patients whose total BPRS score decreased by < 25% from baseline were classified as 
“treatment non-responders” and designated as positive examples (target category) for the ML model, all others were 
classified as “treatment responders.”

Feature Selection and Model Construction
Enrolled patients were randomly assigned to a training set (70%, n = 584) and a test set (30%, n = 250). The training set 
was used to develop the model, while the test set was used to evaluate its performance.

Feature selection is a crucial component of data preprocessing: finding the most representative and valuable features 
of the set without removing unnecessary ones. This process enhances model performance, making it a critical aspect of 
model construction. In this study, the Boruta algorithm was employed to screen baseline variables and identify the most 
predictive features.22 Boruta is a feature-selection method that relies on variable-importance measures derived from 
random forests. Its core procedure compares the Z-values of real features with those of randomly generated “shadow 
features” and systematically retains variables whose importance exceeds random noise, thereby constructing a core 
feature set for the final prediction model.23 Based on Boruta’s importance ranking, the top ten variables were selected as 
the core features for model construction.

The model incorporated 10 variables and was trained on a sample of 834. Consequently, the sample-to-variable ratio 
far exceeded the commonly accepted empirical guideline in clinical prediction modeling—that the sample size should be 
at least 10–20 times the number of predictors (EPV ≥ 10)—thereby providing substantial protection against overfitting 
and supporting robust model training and validation.

Eight algorithms were used to build a prediction model for antipsychotic drugs in patients with schizophrenia, 
including k-nearest neighbours (KNN), extreme gradient boosting (XGBoost), support vector machine (SVM), logistic 
regression (LR), categorical boosting (CatBoost), neural networks (NN), light gradient boosting machine (LightGBM) 
and gradient boosting machine (GBM). The models can be categorized as follows: LR, KNN, SVM, and ANN are 
traditional single learners, while XGBoost, LightGBM, GBM, and CatBoost belong to the family of boosting ensemble 
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algorithms. Unlike logistic regression, ensemble learning models can detect more complex latent patterns in high- 
dimensional data.24

In this study, the model was developed using 10-fold cross-validation, repeated five times. Hyperparameters were 
automatically optimised through a grid search process in the training phase.25 To evaluate the prediction model’s performance 
systematically, we employed a multi-dimensional validation strategy. First, we assessed the model’s overall discriminative 
ability by plotting the receiver operating characteristic (ROC) curve and calculating the area under the curve (AUC). We 
reported results as AUC values with 95% confidence intervals (CI) for the training set and the test set, respectively. In addition, 
we used core classification metrics, namely accuracy, precision, recall, and the F1 score, as supplementary evaluations to 
address prediction correctness, positive-prediction reliability, recognition completeness, and their trade-offs. Given the class- 
imbalanced distribution of the data in this study, we also plotted a precision–recall (PR) curve and calculated the average 
precision (AP) to provide a more thorough assessment of the model’s performance in identifying positive cases. Finally, we 
applied decision curve analysis (DCA) to evaluate the model’s clinical net benefit across different decision thresholds, thereby 
quantifying its practical application value. SHAP serves as a comprehensive framework for interpreting ML models, 
evaluating prediction outcomes by assessing the contribution and significance of each feature.23 We used the SHAP tool to 
interpret the ML model with the optimal performance.

Cost-Effectiveness Analysis
This study evaluated the cost-effectiveness ratios of monotherapy using four antipsychotic drugs. While both direct and 
indirect costs typically factor into treatment cost calculations, in this instance, all patients received oral formulations. 
Apart from sedative-hypnotics, the costs associated with other treatment items were largely comparable and effectively 
balanced each other out. In this regard we simplified the calculation using only drug price, and excluded other costs. 
Cost-effectiveness analysis and incremental cost-effectiveness analysis were utilised, with costs measured in Chinese 
Yuan (CNY). Given the strong correlation between cost-effectiveness analysis outcomes and parameter selection, a one- 
way sensitivity analysis of the results has been planned for further exploration.

The drug prices were obtained from the winning bid prices of centralized drug procurement by medical institutions on the 
medical insurance service platform in Heilongjiang Province, China. Quetiapine was obtained from Guangdong 
Dongyangguang Pharmaceutical Company Limited (Dongguan, Guangdong, China), with the batch number H20213870. 
Clozapine was provided by Jiangsu Enhua Pharmaceutical Joint Stock Company Limited (Xuzhou, Jiangsu, China), with the 
batch number H32022962. Olanzapine was supplied by Qilu Pharmaceutical Company Limited (Jinan, China), with the batch 
number H20183501. Risperidone was supplied by Qilu Pharmaceutical Company Limited (Jinan, China), with the batch 
number H20041808.

The quetiapine group received quetiapine tablets, 100 mg × 30 tablets, costing 0.92 yuan per tablet, with a maintenance dose 
of 300–450 mg/day. The clozapine group received clozapine tablets, 25 mg × 100 tablets, costing 0.04 yuan per tablet, with 
a maintenance dose of 100–200 mg/day. The olanzapine group received olanzapine tablets, 5 mg × 14 tablets, costing 1.01 yuan 
per tablet, with a maintenance dose of 5–20 mg/day. The risperidone group received risperidone tablets, 1 mg × 30 tablets, costing 
0.05 yuan per tablet, with a maintenance dose of 2–6 mg/day.

Statistical Analysis
In this study, data analysis, development, and validation were conducted using R 4.5.1. Count data were presented as 
percentages (%), and inter-group comparisons were conducted using either the χ2 test or Fisher’s exact test, as 
appropriate. To assess whether measurement data adhered to a normal distribution, kurtosis and skewness tests were 
conducted; all measurement data in this study were found to follow a non-normal distribution. For data not following 
a normal distribution, results were expressed as medians with interquartile ranges (M [P25, P75]). The Mann–Whitney 
U-test or the Kruskal–Wallis test was employed for inter-group comparisons where necessary.

All statistical analyses and modeling in this study were conducted in the R environment (version 4.5.1). Feature 
screening was performed with the “Boruta” package, while model training and hyperparameter optimization were carried 
out using the “caret” package; hyperparameters were automatically tuned via that package’s built-in grid search. Model 
interpretability analyses were completed using the “shapviz” package. A complete list of R packages and their specific 
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version numbers (eg, kernelshap_0.5.0) required for the analyses, together with the hyperparameter grid used during 
model training, are provided in the supplementary materials (Table S1 and List S1, S2) to ensure reproducibility.

Result
Baseline Characteristics
A total of 834 eligible patients were included and allocated to a training set (n = 584) and a test set (n = 250). In the training and 
test sets, 149 (25.5%) and 81 (32.4%) patients were smokers, respectively. Median HDL-C and LDL-C in the training set were 
1.33 (IQR: 1.22, 1.40) and 3.04 (IQR: 2.46, 3.35); corresponding medians in the test set were 1.31 (IQR: 1.24, 1.40) and 3.04 
(IQR: 2.50, 3.35). At admission, the median BPRS score was 41 (IQR: 36, 45) in the training set and 40 (IQR: 36, 46) in the 
test set. As shown in Table 1, the training and test groups were well balanced on the key clinical and demographic 
characteristics selected by the Boruta algorithm. No statistically significant differences were observed between the two groups 
for the 10 core predictive variables—including smoking history, laboratory indicators, and baseline symptom severity (BPRS 
score) (all p > 0.05). In this retrospective cohort, the actual median treatment duration was 48 days (IQR: 41, 56), which 
closely matched the pre-set efficacy evaluation time point of 6 weeks and thus supports the feasibility of that time point with 
real-world data. All baseline characteristics are provided in Supplementary Table S2. The results showed no systematic bias 
among the collected variables between groups, further supporting the homogeneity of the study population.

Feature Selection
Boruta algorithm distinguishes strongly-correlated variables from weak ones, and thus increases prediction accuracy. The 
yellow boxes represent shadow features automatically generated by the algorithm, which have been excluded from the 
analysis to ensure focus on the most influential core variables.26,27 In this study, we applied the Boruta algorithm to the 
included variables and thereby identified the key predictors: Smoking, HLD, CHD, DM, CVA, BPRS, GGT, ALT, HDL- 
C, and LDL-C (Figure 1).

Table 1 Baseline Characteristics of the Dataset

Variables Total  
(N = 834)

Training Set  
(N = 584)

Test Set  
(N = 250)

P-value

Smoking, n (%) 0.051

No 604 (72.4) 435 (74.5) 169 (67.6)

Yes 230 (27.6) 149 (25.5) 81 (32.4)
HLD, n (%) 0.807

No 678 (81.3) 472 (80.8) 205 (82.0)
Yes 156 (18.7) 112 (19.2) 45 (18.0)

CHD, n (%) 0.644

No 598 (71.7) 422 (72.3) 176 (70.4)
Yes 236 (28.3) 162 (27.7) 74 (29.6)

CVA, n (%) 0.967

No 735 (88.1) 514 (88.0) 221 (88.4)
Yes 99 (11.9) 70 (12.0) 29 (11.6)

DM, n (%) 0.797

No 634 (76.0) 441 (75.5) 192 (76.8)
Yes 200 (24.0) 143 (24.5) 58 (23.2)

BPRS, (scores) 40.0 (36.0, 45.3) 41.0 (36.0, 45.0) 40.0 (36.0, 46.0) 0.790

GGT, (U/L) 31.0 (24.0, 40.0) 30.5 (24.0, 40.0) 31.5 (24.0, 41.0) 0.721
ALT, (U/L) 33.0 (27.0, 39.0) 33.0 (27.0, 39.0) 32.0 (27.0, 38.0) 0.354

HDL-C, (mmol/L) 1.31 (1.22, 1.40) 1.33 (1.22, 1.40) 1.31 (1.24, 1.40) 0.682

LDL-C, (mmol/L) 3.04 (2.48, 3.35) 3.04 (2.46, 3.35) 3.04 (2.50, 3.35) 0.892

Abbreviations: HLD, hyperlipidemia; DM, diabetes mellitus; CVA, Cerebrovascular Accident; CHD, coronary 
heart disease.
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Model Evaluation
This study evaluates the model’s performance based on accuracy, precision, sensitivity, F1 score, and AUC (Table 2). The 
AUC values of Logistic, Neural Network, XGBoost, LightGBM SVM, GBM, CatBoost, and KNN on testing set are 
0.842, 0.855, 0.879, 0.850, 0.879, 0.831, 0.822, and 0.838 respectively (Figure 2 and Table 2). Both XGBoost and GBM 
have 0.879 AUC and the difference between training and test set is 0.044 indicating less noise and greater generalization 
stability. The difference between training and test set is 0.071 in the AUC difference and implies more overfitting as it is 
rated for the test set. In the calibration curve for the test set (Figure 2D), the GBM curve lies closest to the diagonal, 
indicating the greatest agreement between predicted and observed probabilities. By contrast, models such as XGBoost 
exhibit more pronounced calibration deviations. At the clinical decision-making level, the DCA based on GBM provided 
substantially higher clinical net benefit than other models across the entire reasonable threshold range (Figure 2F). The 
precision–recall curve showed that GBM had the smallest decline in average precision (ΔAP = 0.02) between the training 
and test sets, demonstrating superior generalization robustness on class-imbalanced data (Figure 3). Overall, GBM 
maintained excellent discriminative performance on the test set (AP = 0.94) and achieved the best balance of high 
precision and robustness. Considering its calibration, clinical net benefits, and generalization ability, GBM offered greater 

Figure 1 Boruta algorithm feature selection. 
Notes: Variables are ranked by importance. The final decision for each variable is color-coded: green (Confirmed), yellow (Tentative), and red/blue (Rejected). 
Abbreviations: APs, antipsychotics; HLD, hyperlipidemia; CHD, coronary heart disease; HPRL, hyperprolactinemia; DM, diabetes mellitus; CVA, Cerebrovascular Accident; 
HTN, hypertension.
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prediction reliability, clinical utility, and resistance to overfitting. Given these performance, GBM is the most suitable 
predictor of the data set and hence we selected GBM for further analysis.

GBM Model Analysis and the Accompanying Web Calculator
This study assesses the significance and contribution of strongly correlated variables in the GBM model through the Shap 
algorithm (Figure 4A). The model identified DM, baseline BPRS score, pre-medication ALT, pre-medication LDL-C, and 
smoking as the top five predictors in terms of importance. SHAP values distinguished positive and negative factors 
influencing efficacy prediction, enhancing the understanding of correlations between predicted and actual outcomes 
(Figure 4B). This study validated the model’s interpretability using a schizophrenia-prediction case. The results showed 
that patients with lower BPRS scores, no smoking history, no history of CHD or DM, and normal lipid indicators had 
higher treatment efficiency (Figure 4C).

For continuous variables, a deeper purple indicates a smaller value, whereas a more vibrant yellow signifies a larger 
value. Comorbid physical conditions such as DM, CVA, and CHD, along with baseline BPRS score, smoking, and 
elevated pre-medication ALT and LDL-C, were found to negatively correlate with efficacy prediction. Conversely, 
increased pre-medication HDL-C positively correlated with efficacy prediction. An online calculator, based on the GBM 
model, has been developed at https://treatment-efficacy.shinyapps.io/make_web/to assist in predicting treatment efficacy 
for hospitalized schizophrenia patients.

Cost-Effectiveness Analysis and Sensitivity Analysis
The Boruta algorithm excluded both combination antipsychotic drug treatment and monotherapy as weakly correlated 
variables, suggesting that combination drug treatment did not significantly enhance treatment efficacy in patients. This 
study chose monotherapy for the cost-effectiveness analysis. Patients were allocated to four treatment groups: quetiapine, 
clozapine, olanzapine and risperidone. No statistically significant differences were observed in the therapeutic effects, 
adverse reactions, or average 6-week treatment courses among the four patient groups (Table 3).

Statistical differences were observed among the four patient groups in their use of sedative-hypnotics, educational 
background, marital status, family history, and history of schizophrenia (P < 0.005). Other variables showed no statistical 
differences (P > 0.005). Further detailed analysis is available in Supplementary Table S3.

Table 2 Model Performance Metrics Across the Training and Testing Sets

Model Accuracy Precision Sensitivity AUC F1-Score 95% CI

Training set
Logistic 0.726 0.911 0.675 0.838 0.775 0.802−0.873

SVM 0.795 0.877 0.822 0.857 0.848 0.823−0.891

GBM 0.849 0.919 0.861 0.923 0.889 0.900−0.946
NN 0.748 0.904 0.716 0.837 0.799 0.802−0.873

XGBoost 0.872 0.951 0.861 0.950 0.904 0.932−0.968

KNN 0.884 1.000 0.834 0.958 0.909 0.945−0.972
LightGBM 0.93 0.944 0.956 0.964 0.95 0.947−0.980

CatBoost 0.83 0.908 0.844 0.894 0.875 0.865−0.923
Test set
Logistic 0.824 0.923 0.817 0.842 0.867 0.785−0.900

SVM 0.804 0.914 0.794 0.855 0.850 0.804−0.905
GBM 0.836 0.935 0.823 0.879 0.875 0.833−0.924

NN 0.824 0.917 0.823 0.850 0.867 0.794−0.905

XGBoost 0.784 0.929 0.749 0.879 0.829 0.835−0.924
KNN 0.804 0.858 0.863 0.831 0.860 0.776−0.885

LightGBM 0.764 0.897 0.749 0.822 0.816 0.766−0.878

CatBoost 0.788 0.907 0.777 0.838 0.837 0.786−0.890
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Figure 2 Performance evaluation of eight machine learning classifiers. 
Notes: (A) ROC curves of ML models in training set. (B) ROC curves of ML models in test set. (C) Calibration curves of ML models in training set. (D) Calibration curves 
of ML models in test set. (E) DCA of ML models in training set. (F) DCA of ML models in test set. 
Abbreviations: ROC, Receiver Operating Characteristic; ML, machine learning; DCA, Decision curves analysis.

https://doi.org/10.2147/NDT.S582314                                                                                                                                                                                                                                                                                                                                                                                                                                          Neuropsychiatric Disease and Treatment 2026:22 8

Zhang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Figure 3 Precision-recall curves of machine learning models. 
Notes: (A) Precision-Recall curves for the training set. (B) Precision-Recall curves for the independent test set. 
Abbreviation: PR, Precision-Recall.

Figure 4 GBM model analysis. 
Notes: (A) SHAP variable importance ranking of the GBM model. (B) Beeswarm plot of SHAP values for the GBM model. (C) Examples of SHAP interpretation for efficacy. 
Abbreviations: CVA, cerebrovascular accident; CHD, coronary heart disease; DM, diabetes mellitus; GBM, gradient boosting machine; HLD, hyperlipidemia; SHAP, SHapley 
Additive exPlanations.
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In this study, the Risperidone group exhibited the lowest cost-effectiveness ratio. Using the group with the lowest 
treatment effectiveness rate as a benchmark, the Clozapine group demonstrated the most favourable incremental cost- 
effectiveness ratio (Table 4). The uncertainty in drug pricing directly impacts its cost-effectiveness ratio, necessitating 
a sensitivity analysis. Assuming a 10% reduction in drug price while all other parameters remain unchanged, a one-way 
sensitivity analysis was conducted (Table 4).

Discussion
Schizophrenia, affecting 0.32% of the global population, is a major cause of disability worldwide.28,29 Schizophrenia 
significantly impacts both the health and economic well-being of patients, potentially reducing their lifespan by several 
decades, with a threefold higher mortality risk compared to the general population.30,31 Treatment options encompass 
medications and psychological interventions, the average monthly cost is over four times greater than for non-patients 
with similar demographics.32 Treatment responses vary significantly among individuals.1 Predicting the efficacy of 
schizophrenia treatments and assessing the costs associated with atypical antipsychotic treatments using real-world 
data from China holds considerable clinical value.

The literature has become increasingly focused on how artificial intelligence can predict treatment outcomes for 
schizophrenia.33 Various studies have utilised models incorporating diverse input features to forecast these outcomes. Most 
of the research focusses on factors in neuroimaging and clinical data, with relatively few studies examining the role of 
antipsychotic drugs.34,35 While traditional logistic regression is simple, easily interpretable, and clearly articulated, it falls 
short in capture the nonlinear relationships between variables and outcomes.36 Machine learning is well-suited to handle high- 

Table 3 Patient Characteristics and Baseline Variables

Variables Quetiapine  
(N = 99)

Clozapine  
(N = 238)

Olanzapine  
(N = 177)

Risperidone  
(N = 81)

P-value

Result 0.912

Ineffective 31 (31.3) 66 (27.7) 53 (29.9) 23 (28.4)

Effective 68 (68.7) 172 (72.3) 124 (70.1) 58 (71.6)
TESS, n (%) 0.997

0 79 (79.8) 185 (77.7) 142 (80.2) 65 (80.2)

1–3 17 (17.2) 45 (18.9) 30 (17.0) 14 (17.3)
4–6 3 (3.0) 8 (3.4) 5 (2.8) 2 (3.1)

Time, (days) 48.0 (42.5, 56.0) 47.0 (40.0, 54.7) 46.0 (40.0, 56.0) 50.0 (43.0, 55.0) 0.158

Note: The TESS score of 0 indicates that no adverse reactions occurred during treatment.

Table 4 Cost-Effectiveness Analysis and Sensitivity Analysis

C (CNY) E(%) C/E (CNY) ΔC ΔE ΔC/ΔE

Cost-effectiveness analysis
Quetiapine 173.88 68.7 2.53 – – –

Clozapine 10.08 72.3 0.14 163.8 3.6 45.5

Olanzapine 106.05 70.1 1.51 67.83 1.4 48.45
Risperidone 8.40 71.6 0.12 165.48 2.9 57.06

Sensitivity analysis
Quetiapine 156.49 68.7 2.28 – – –
Clozapine 9.08 72.3 0.13 147.41 3.6 40.95

Olanzapine 95.45 70.1 1.36 61.04 1.4 43.6

Risperidone 7.56 71.6 0.11 148.93 2.9 51.36

Abbreviations: C, cost; E, effectiveness indicator; ΔC, incremental cost; ΔE, incremental effectiveness; ΔC/ΔE, 
incremental cost-effectiveness.
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dimensional nonlinear data and produce highly accurate predictions.37 Over the last three years there have been a lot of 
publications in psychiatry focusing on ML.38

The findings of this study should be interpreted within the context of a real-world inpatient cohort. This study used 
eight different ML algorithms to construct a predictive model of schizophrenia treatment effectiveness for patients with 
schizophrenia. We found that GBM obtained high AUC in training sets and maintained strong prediction in test sets 
(AUC = 0.879, 95% CI: 0.8330.924). GBM performed well in this work. When broadening the application settings, it 
needs to be aware of its imbalanced data set due to which stability and generalization are compromised.

The opaque nature of ML algorithms has sparked concerns within the academic community regarding their transparency 
and potential biases. This has restricted their widespread use in clinical settings.39 The SHAP algorithm was employed to 
elucidate the specific influence of each feature on efficacy prediction.40 The findings revealed that somatic comorbidities, 
including DM, coronary heart disease, and CVA, alongside smoking, liver function indicators, and blood lipid levels, were 
pivotal in forecasting treatment outcomes. It is well-known that schizophrenia patients have high incidence of diseases such 
as anaemia, cardiomyopathy, DM, CVA and CHD.41 The impact of these diseases on treatment prognosis is frequently 
underestimated.42 Many schizophrenia patients are confronted with physical comorbidities which can interact and 
complicate treatment. Chronic somatic diseases may lead to psychiatric readmission.42,43 Schizophrenia patients with 
these comorbidities often suffer adverse reactions, potentially disrupting otherwise effective treatments.28 The initial 
severity of psychiatric symptoms is directly related to treatment. High scores on the BPRS, when admitted, tend to be 
detrimental to treatment. Poor liver function can lead to accumulation of active metabolites from antipsychotic drugs, 
changing blood drug concentrations and affecting treatment. Patients with liver cirrhosis exhibit significantly different 
clearance rate of quetiapine 48 hours after treatment than normal liver function patients. Individuals suffering from liver 
disease should increase dosages carefully.44 Research has shown metabolic syndrome is important predictor of schizo
phrenia treatment efficacy and correlates with treatment response, which corresponds to dyslipidemia.18 Smoking was 
found to be a predictor of treatment response. Schizophrenia sufferers smoke more frequently and find it harder to quit than 
general population.45,46 Smoking is shown to be associated with decreased effectiveness of olanzapine therapy due to 
CYP1A1/1A2 genotype and CYP2D6 metabolic status.47 The tobacco smoke constituents can increase metabolic rate of 
antipsychotic drugs, leading to reduced concentrations of these drugs in smokers.48 The baseline severity of psychiatric 
symptoms and somatic disorder were found to be predictive factors for antipsychotic treatment outcomes.49–51 The GBM 
model in this study demonstrated a predictive capability, indicating its feasibility and adaptability for clinical use. Clinicians 
may utilise the online calculator to forecast treatment efficacy and tailor personalised treatment plans, including pharma
cogenetic testing, for patients with poor predicted treatment responses. SHAP-based interpretability analysis in this study 
showed that combined antipsychotic medication regimens were not strong predictors of treatment outcomes, consistent 
with prior meta-analytic evidence that combination therapy is not significantly superior to monotherapy in efficacy.52 This 
finding suggests that patients’ intrinsic pathophysiological characteristics may provide greater predictive value than the 
specific treatment regimen. Accordingly, the model serves not only as a prognostic tool but also as a methodological 
framework for empirically testing or challenging clinical hypotheses using real-world data. Clinicians can therefore use the 
online calculator to predict patients’ 6-week treatment responses and to tailor personalized treatment plans for those 
forecast to have poor responses, including individualized options such as pharmacogenetic testing.

The improvement of medication adherence is essential for schizophrenia patients in order to prevent psychotic relapse 
and to remission and recovery.28 This study ranked the efficacy of monotherapies as follows: Clozapine, Risperidone, 
Olanzapine, and Quetiapine. Clozapine’s relatively high incidence of adverse reactions has constrained its clinical use, 
and it is reserved as the first-line option only for treatment-resistant schizophrenia.53 Network meta-analysis of 32 APs 
showed Clozapine, Amisulpride, Olanzapine, Risperidone and Zotepine are more effective than other APs for primary 
outcomes, with no difference in efficacy between the remaining drugs.54 Cost-effectiveness analysis showed that 
Risperidone tablets cost 0.12 CNY per unit of effect, and therefore are the most economical choice. This reduces the 
burden on patients and families. These results are consistent with previous studies, which show Amisulpride, Olanzapine 
and Risperidone are the top three antipsychotic drugs based on cost effectiveness.7 Cost-effectiveness analysis also 
showed that Clozapine tablets cost 40.95 CNY per unit of effect, which is the lowest cost for refractory patients.55 

Beyond clinical effectiveness, doctors should consider economic implications when treating schizophrenia patients.56
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This study addresses a practical gap: when first-line antipsychotic agents demonstrate comparable efficacy at the 
population level, clinicians often lack quantitative tools to combine individual-level efficacy risk with treatment costs. 
We developed a framework that first identifies patients at high risk of treatment failure using ML models and then 
integrates an independent cost-effectiveness analysis, thereby offering clinicians a more cost-effective decision-support 
strategy grounded in individualized risk assessment and health-economics comparisons among options with similar 
efficacy. The clinical manifestations of this disorder are, however, highly heterogeneous: patients display substantial 
variation in symptom profiles, disease trajectories, and treatment responses. Such heterogeneity complicates efforts to 
capture the complex interactions among multiple variables and may reduce the accuracy and robustness of prediction 
models.

This study had three limitations. First, external generalizability at the research-design level requires further verifica
tion. As a single-center retrospective study, we depended on one institutional cohort; multi-center, large-sample 
prospective cohort studies are therefore needed for external validation. That step was indispensable before the conclu
sions could be broadly applied in clinical practice. Second, regarding assessment tools, most existing studies use the 
PANSS scale, while only a small number use the BPRS as the primary efficacy-evaluation instrument.57–59 We employed 
the BPRS for symptom assessment. Although the BPRS is widely used in clinical settings and yields readily accessible 
data, we did not include the PANSS for cross-validation, which may have limited the breadth of symptom-assessment 
dimensions. Subsequent studies should administer both scales concurrently and perform cross-validation across instru
ments to improve the comprehensiveness and accuracy of symptom assessment. Third, regarding outcome indicators, this 
study focused on short-term measures. Although these findings have direct implications for optimizing in-hospital 
treatment plans, the study lacked follow-up on patients’ long-term prognoses. Future studies will extend the follow-up 
period, incorporate long-term outcomes such as recurrence rate, social function recovery, and quality of life, and 
construct a more complete efficacy-evaluation system to provide more comprehensive evidence for the long-term 
standardized management of this disease.

Conclusion
Eight ML models were employed to review the hospitalization data of schizophrenia patients within the hospital 
information system, to develop an efficacy prediction model and an online calculator to improve the efficacy prediction 
in clinical practice. Cost effectiveness analysis was used to evaluate various drugs to determine which option best 
balances clinical benefits and medical expenses.
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