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Introduction

As global population aging accelerates, China is facing 
severe social and health challenges (1). The country's 
older adult population now exceeds that of all European 
nations combined, making aging a major public health 
concern (2). Chronic diseases are among the most serious 
consequences of aging, contributing to a substantial 
societal burden and imposing significant psychological 
and economic stress on both patients and their families 
(3). In China, 75.8% of older adults have at least one 
chronic condition (4), and the risk of multimorbidity 
increases with age (5).
 Depression, characterized by low mood and 
anhedonia, is also common in older adults (6,7). It is 
strongly associated with chronic illness, with individuals 
experiencing multiple conditions exhibiting a higher risk 
of depression (8,9). Furthermore, studies have shown 
that the incidence of depression exhibits clear temporal 

dynamics, with the risk of chronic diseases increases 
progressively with age (10). Despite the increasing 
prevalence of depression and chronic diseases, research 
on the developmental trajectory patterns between 
depression and chronic diseases remains relatively 
limited. Therefore, investigating the joint development 
trajectories of depression and chronic diseases is crucial 
for formulating effective prevention and intervention 
strategies.
 Although prior studies have investigated the 
trajectories of depression or chronic disease separately, 
few have integrated both to assess the heterogeneity and 
interrelation in their progression (11,12). Traditional 
statistical models, such as multiple regression, often fail 
to capture nonlinear trends and higher-order interactions 
(13). Machine learning methods address these limitations 
by modeling complex, nonlinear relationships and 
improving predictive accuracy (14). However, the 
application of machine learning to chronic disease 
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trajectories remains limited (15).
 This study aims to address the following key 
scientific questions: First, using group-based multi-
trajectory modeling (GBMTM), we will analyze the 
dynamic changes in depression and chronic disease 
trajectories over eight years among adults aged 45 and 
older in the China Health and Retirement Longitudinal 
Study (CHARLS). Second, based on feature selection 
techniques including Least Absolute Shrinkage and 
Selection Operator (LASSO) and Recursive Feature 
Elimination (RFE), we will construct and evaluate nine 
machine learning algorithms —Logistic Regression 
(LR), Multi-Layer Perceptron (MLP), LightGBM, 
Elastic Net (Enet), Decision Tree (DT), Support Vector 
Machine (SVM), k-Nearest Neighbors (KNN), Random 
Forest (RF), and Extreme Gradient Boosting (XGB) — 
to systematically classify and predict trajectory groups 
of depression and chronic disease. The performance of 
each algorithm will be assessed in terms of predictive 
accuracy. Third, we will use SHAP (SHapley Additive 
exPlanations), logistic regression, and nomograms to 
identify and visualize the most influential predictors of 
the identified trajectories.

Materials and Methods

Data source

This study is based on data from the CHARLS conducted 
in 2011, 2013, 2015, and 2018. CHARLS is a nationally 
representative cohort study, with the baseline survey 
conducted in 2011 through a multistage probability 
sampling method. The survey covers 28 provinces, 150 
counties, and 450 villages or urban communities across 
China. Follow-up surveys were conducted in 2013, 2015, 
and 2018, aiming to comprehensively collect data on 
the health status and related factors of older adults in 
China. CHARLS was approved by the Biomedical Ethics 
Committee of Peking University (IRB00001052-11015), 
and all participants provided written informed consent 
(16). The present analysis adheres to the Strengthening 
the Reporting of Observational Studies in Epidemiology 
(STROBE) guidelines (17).
 In this study, the exclusion criteria were as follows: 
participants who were younger than 45 years of age at 
baseline (n = 2,547), those missing baseline depression 
scores or chronic disease data (n = 1,606), or those 
lacking key information (e.g., education level, marital 
status, smoking habits, drinking habits, self-reported 
health status, and related diseases) (n = 24,565). 
Additionally, 4,569 participants were excluded due 
to missing follow-up data on depression and chronic 
disease. To ensure the robustness of the results, 6,691 
individuals who had data from only one measurement 
were also excluded. Ultimately, a total of 13,073 
participants with complete data from at least two time 
points were included in the final analysis (Supplemental 

Figure S1, https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).

Assessment of depression and chronic disease count

Depressive symptoms were assessed using the 10-
item version of the Center for Epidemiologic Studies 
Depression Scale (CESD-10), which has demonstrated 
validity for evaluating depression among Chinese adults 
(18). The scale consists of 10 items, each with four 
response options referring to the frequency of symptoms 
over the past week: i) rarely or none of the time (< 
1 day), ii) some or a little of the time (1–2 days), iii) 
occasionally or a moderate amount of time (3–4 days), 
and iv) most or all of the time (5–7 days). The total score 
ranges from 0 to 30, with higher scores indicating more 
severe depressive symptoms. In the study, a CESD-
10 score of ≥ 10 was used to define the presence of 
depressive symptoms (19).
 The number of chronic diseases was assessed using 
a standardized questionnaire, which asked participants 
whether they had ever been diagnosed by a physician 
with any of the following conditions: hypertension, 
dyslipidemia, diabetes, cancer, chronic pulmonary 
disease, liver disease, heart disease, stroke, kidney 
disease, digestive system diseases, emotional or 
psychiatric disorders, memory-related diseases, arthritis 
or rheumatic diseases, or asthma. The total number of 
chronic diseases was then calculated (ranging from 0 
to 14). Participants were classified into four groups: 
0 (no chronic diseases), 1 (one chronic disease), 2 
(two chronic diseases), and ≥ 3 (three or more chronic 
diseases) (20).

Heterogeneous trajectory grouping

This study utilized the GBMTM to identify groups 
of individuals with similar trajectories of depressive 
symptoms and chronic disease count. GBMTM is 
primarily used to analyze longitudinal data, aiming to 
cluster individuals with comparable developmental 
patterns and to identify distinct trajectory subgroups 
(21). Detailed information on the implementation 
of the trajectory model is provided in Supplemental 
Method 1 (https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).
 The selection of the trajectory model was based on 
several criteria, including the Bayesian Information 
Criterion (BIC), Akaike's Information Criterion (AIC), 
log-likelihood (LL), and entropy. Additionally, to further 
validate the model's robustness, we used Average 
Posterior Probability (AvePP, requiring a value above 
0.7) and the Predicted Probability of Group Membership 
(PPGM, requiring a value above 5%) as supplementary 
statistical indicators (22).

Predictive variables
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ability of different models to assess feature importance.
 Ultimately, considering both the LASSO and 
RFE selection results ,  six key variables were 
identified (Supplemental Figure S2, https://www.
globalhealthmedicine.com/site/supplementaldata.
html?ID=104). This multi-method feature selection 
strategy not only effectively improved the predictive 
performance of the model but also significantly reduced 
redundant features, further enhancing the model's 
simplicity and generalizability.

Development and validation of trajectory group 
prediction models

The development and validation of predictive models 
followed the Transparent Reporting of a Multivariable 
Prediction Model for Individual Prognosis or Diagnosis 
(TRIPOD) statement (26). Although a single algorithm 
may suffice for prediction in practical applications, 
to avoid model selection bias, we tested multiple 
algorithms, including LR, Enet, KNN, LightGBM, 
DT, MLP, RF, SVM, and XGBoost (27-29). A detailed 
description of the methods is provided in Supplemental 
Method S5 (https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).
 The data was randomly divided into a training set 
(70%) and a testing set (30%). Given the imbalanced 
distribution of depression symptoms and sleep duration 
trajectory groups, Synthetic Minority Over-sampling 
Technique (SMOTE) was applied to resample the 
training set to reduce predictive bias caused by data 
imbalance (30).
 To avoid data leakage and result bias, data 
preprocessing, including missing value imputation, 
feature selection, standardization, one-hot encoding, and 
resampling, was first completed on the training set after 
the testing data was separated (31). Hyperparameters 
for the training set were optimized using 10-fold cross-
validation and grid search, with the best hyperparameters 
selected based on predictive accuracy. Finally, internal 
validation was conducted on the testing set using 1,000 
bootstrap resamples to assess the model's generalizability 
(32,33).
 We performed a comprehensive comparison of the 
nine machine learning models' performances, using 
various evaluation metrics to assess model performance, 
including area under the receiver operating characteristic 
curve (AUROC), accuracy, Kappa coefficient, sensitivity, 
specificity, Matthews correlation coefficient (MCC), 
Youden index, balanced accuracy, precision, recall, F1 
score, and Brier score (Supplemental Method 6, (https://
www.globalhealthmedicine.com/site/supplementaldata.
html?ID=104). These metrics allowed for a multi-
dimensional assessment of the models' classification 
capabilities.
 Furthermore, to evaluate the practical effectiveness 
of the models, we introduced decision curve analysis 

To predict the trajectory groups of depression, this study 
initially screened 14 variables based on previous research 
(20,23). These variables were consistently recorded 
across all four waves of data and were considered relevant 
to depression status. The specific descriptions and 
definitions of the variables can be found in Supplemental 
Method 2 (https://www.globalhealthmedicine.com/
site/supplementaldata.html?ID=104), with detailed 
information provided in Supplemental Table S1 (https://
www.globalhealthmedicine.com/site/supplementaldata.
html?ID=104).
 The predictive variables in the study were divided 
into three major categories: sociodemographic 
characteristics, health status, and health behaviors.
 i) Sociodemographic Characteristics: This category 
includes basic information such as age, gender, education 
level, marital status, and place of residence.
 ii) Health Status: This category encompasses various 
factors closely related to both physical and mental health, 
including average daily sleep duration, self-reported 
health status (compared to the previous year), Activities 
of Daily Living (ADL), Instrumental Activities of Daily 
Living (IADL), cognitive status (MMSE), and the 
presence of any disability.
 iii) Health Behaviors: This includes smoking 
status, drinking status, participation in exercise, and 
involvement in leisure activities.
 To minimize the impact of missing data on model 
prediction performance, missing values were imputed 
using the missForest algorithm, which is based on 
the assumption of randomness for the missing values. 
This algorithm performs well with mixed-type data, 
and its implementation is described in Supplemental 
Method 3 (https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).

Analysis methods

Feature selection
Simplicity is one of the core principles in building 
predictive models to prevent overfitting, which can be 
achieved through feature selection (24). Thus, this study 
employed a two-stage selection approach, including 
LASSO and RFE. In RFE, RF, DT, and Naive Bayes (NB) 
were compared as base models. A detailed description of 
the feature selection process is provided in Supplemental 
Method 4 (https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).
 Initially, LASSO and RFE were used separately to 
perform feature selection on the initial set of variables. 
The LASSO model applies L1 regularization to select a 
sparse subset of features that are significantly associated 
with the target variable. LASSO has a notable advantage 
in handling multicollinearity among features and 
generates models with high interpretability (25). During 
the RFE phase, recursive feature selection was conducted 
based on DT, LR, and NB base models to leverage the 
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(DCA) to compare the net benefits of the models. This 
comprehensive evaluation helps to better understand 
the advantages and limitations of each model and 
provides a scientific basis for model selection in practical 
applications.
 Additionally, based on the results of the LR model, 
we created a forest plot to display the key factors 
influencing the trajectory groups of depression and 
chronic disease count. We also developed a nomogram 
based on the LR model for practical application. Finally, 
a dynamic nomogram was constructed for the dynamic 
prediction of depression status and chronic disease 
trajectory groups (33). The overall workflow for model 
development and validation is shown in Figure 1.

Sensitivity analysis

A sensitivity analysis was performed to evaluate the 
robustness of the primary findings. Given that trajectory 
analysis yields more stable results for individuals 
with more frequent assessments, we included 8,241 
participants who completed at least three waves of the 
CES-D 10 and chronic disease questionnaires. The 
results of the trajectory analysis were consistent with 
the main analysis (Supplemental Figure S3, https://
www.globalhealthmedicine.com/site/supplementaldata.
html?ID=104).

Statistical analysis

Statistical analyses were performed using R software 
(version 4.4.1) and Stata (version 18.0). Continuous 
variables are presented as Mean ± SD and were 
compared using the Student's t-test or the Mann-Whitney 
test; categorical variables are described as frequencies 
(percentages) and were compared using chi-square tests 
or Fisher's exact test.
 The development of machine learning models was 
conducted using the "tidymodels" package in R. Static 
and dynamic nomograms were constructed using the 
"rms", "regplot", "DynNom", and "shiny" packages. A 
two-sided P-value < 0.05 was considered statistically 
significant.

Results

Depression symptoms and chronic disease count 
trajectory groups

Based on depression status and chronic disease count, 
three trajectory groups were identified as the best-
fitting model (BIC = –232,734.10, AIC = –232,629.40, 
log-likelihood: –232,601.40, Entropy = 0.927) (Figure 
2). The single trajectory analysis of depression 
status and sleep duration, along with their estimated 
parameters, is provided in Supplemental Table S2 
and S3 and Supplemental Figure S4 (https://www.
globalhealthmedicine.com/site/supplementaldata.
html?ID=104).
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Figure 1. Workflow of model development and validation.
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 As shown in Figure 2, 26.9% of individuals exhibited 
a relatively stable and low level of both CES-D 10 scores 
(indicating depression status) and chronic disease count, 
which was defined as the "normal healthy" trajectory 
group (Group 1). In addition, 55.6% of individuals 
showed an increasing trend in depression status and 
chronic disease count over time, with depression levels 
at a threshold that suggested potential depression; this 
group was defined as the "potential depression and 
disease increase" trajectory group (Group 2). On the 
other hand, 17.5% of individuals exhibited more severe 
depression and an increased chronic disease burden, with 
a rising trend in both factors during the follow-up period, 
which was defined as the "high depression and disease 
burden" trajectory group (Group 3).

Baseline characteristics of participants

At baseline, the mean age of participants was 57.31 ± 
8.64 years, with 49.3% of participants being female. 
The average CES-D 10 score was 7.68 ± 5.99, and 
the average sleep duration was 6.40 ± 1.76 hours. 
Additionally, comparisons of other participant 
characteristics and baseline features across different 
trajectory groups are provided in Supplemental Table 
S4 (https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104).

Predictors of depression and chronic disease count 
trajectory groups

This study utilized both LASSO regression and RFE 
methods to optimize the selection of predictors for the 

depression trajectory groups. LASSO regression analysis 
identified 6 key predictive variables from an initial set 
of 14 candidate variables. After considering both the 
simplicity and accuracy of the predictive model, and 
integrating the results from LASSO and RFE, a final 
set of 6 core predictive features was determined. These 
features included baseline age, gender, disability status, 
place of residence, self-reported health status, and 
average sleep duration. The related analysis results are 
detailed in Supplemental Figure S2 and Supplemental 
Table S5 and S6 (https://www.globalhealthmedicine.com/
site/supplementaldata.html?ID=104).

Performance evaluation of trajectory prediction models

The performance evaluation results of the machine 
learning models based on the test set are shown in 
Figure 3 and Supplemental Table S7 (https://www.
globalhealthmedicine.com/site/supplementaldata.
html?ID=104). Figure 3 illustrates the performance of 
various models across recall, sensitivity, specificity, F1 
score, accuracy, balanced accuracy, AUROC, precision, 
and Brier score. The predictive models constructed 
using the 6 key features identified by LASSO regression 
and RFE achieved AUROCs of 0.65 or higher on the 
test set. Among these models, SVM demonstrated 
the highest performance, with an AUROC of 0.72. In 
contrast, other models, including LR and XGBoost, 
also exhibited AUROCs exceeding 0.7. Specificity 
remained consistently high across all models, around 
0.70, indicating reliable identification of negative cases. 
XGBoost achieved the highest precision (0.54), while 
the F1 score and balanced accuracy remained stable 
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Figure 2. Trend for the single outcome within (reading down) and between (reading across) the two groups (at least two 
waves, n = 13,073). Group 1: normal healthy trajectory group; Group 2: potential depression and disease increase trajectory 
group; Group 3: high depression and disease burden trajectory group. CES-D 10, The 10-item Center for Epidemiologic Studies 
Depression Scale.
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across models, ranging from 0.47 to 0.50 and 0.56 to 
0.59, respectively. Calibration, measured by the Brier 
score, revealed low predictive errors across the models, 
reflecting their overall reliability. While SVM exhibited 
the strongest discriminative power, other models showed 
unique advantages: XGBoost achieved the highest 
precision, random forest excelled in specificity, and 
logistic regression and ensemble methods maintained 
consistent calibration, highlighting the complementary 
strengths of different machine learning models across 
various performance metrics.
 Figure 4 (A-C) presents the ROC curves and their 
corresponding AUC values for different machine 
learning models in predicting the three trajectory groups. 
Overall, the models demonstrated strong predictive 
performance in Group 1 and Group 3, with AUC values 
approaching 0.7, indicating good overall predictive 
accuracy. Among these models, SVM, LR, and XGBoost 
performed particularly well, exhibiting stable and 
superior predictive capabilities. However, the models 
performed relatively poorly in Group 2, with notably 
lower AUC values. This phenomenon may be attributed 
to class imbalance or greater heterogeneity within Group 
2.
 Figure 4 (D-F) further evaluates the net benefit of 
different models at various decision thresholds through 
clinical DCA. The DCA results provide insights into 
the potential clinical utility of these models. In Group 
1 (Figure 4D), most models showed higher net benefit 
within a lower decision threshold range (less than 0.3), 
particularly LR and XGBoost, demonstrating their 
potential for practical application in clinical decision-

making. In Group 2 (Figure 4E), the net benefit of the 
models was generally lower and exhibited some degree 
of fluctuation. For Group 3 (Figure 4F), XGBoost 
and SVM showed higher net benefit within the lower 
threshold range, further confirming their predictive 
advantage and clinical applicability in Group 3.

Interpretability analysis of the predictive model

In this study, the logistic regression model exhibited 
excellent performance. To further interpret the predictive 
results of the logistic regression model, we introduced 
SHAP values, which help to elucidate the contribution 
of each variable to the model's predictions. SHAP 
decomposes the model's predictions into the individual 
contributions of each input feature, allowing for a 
quantification of how each variable affects the model's 
outcome. As shown in Figure 5 (A-C), the SHAP analysis 
revealed that self-reported health status, age, sleep 
duration, and disability status were the most influential 
variables in predicting the trajectory groups 1, 2, and 3. 
These features were central to the model's output and 
provide valuable insights for future strategies aimed at 
preventing depression and chronic disease burdens.
 To further explore the relationship between the core 
variables and the burden of depression and chronic 
diseases, and to simplify the analysis, we combined 
trajectory groups 2 and 3 into a single group representing 
the increased burden of depression and chronic diseases. 
Based on restricted cubic splines (RCS) analysis 
(Figure 5D, 5E), the results showed that increasing age 
significantly elevated the risk of depression and chronic 
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Figure 3. Heatmap for the performance of machine learning models.



Global Health & Medicine. 2025; 7(3):241-251.Global Health & Medicine. 2025; 7(3):241-251.

(247)

disease burden, whereas longer sleep duration was 
associated with a significantly reduced risk. This finding 
was further validated by logistic regression analysis. 
Overall, changes in age and sleep duration were found 

to be crucial determinants of the risk for depression and 
chronic disease burden, providing a scientific basis for 
the development of targeted intervention strategies.
 To further enhance the interpretability of the model, 

www.globalhealthmedicine.com

Figure 4. ROC and DCA curves for the machine learning models. ROC, receiver operating characteristics curves; DCA, 
decision curve analysis.

Figure 5. Interpretability analysis with SHapley Additive exPlanations and RCS based on logistic regression to analyze the 
relationship between important variables including age and sleep duration and depression and chronic disease trajectory. 
RCS, restricted cubic spline.
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we incorporated the confusion matrix (Supplemental 
Figure S5, https://www.globalhealthmedicine.com/site/
supplementaldata.html?ID=104), which provides a 
more intuitive representation of the model's predictive 
accuracy across different trajectory groups, thereby 
further supporting the validity and reliability of the 
model's results.

Nomogram for predicting trajectory groups

As shown in Figure 6A, logistic regression analysis 
(Supplemental Table S8,  https://www.globalhealthmedicine.
com/site/supplementaldata.html?ID=104) revealed that 
baseline characteristics play a significant role in predicting 
the trajectory groups of "potential depression and disease 
increase" and "high depression and disease burden". The 
results are presented in the form of a forest plot. Feature 
selection through LASSO and RFE methods identified 
six key factors as important predictors of these two 
trajectory groups. Specifically, younger age, male sex, 
rural residence, absence of disability, better self-reported 
health, and longer sleep duration were identified as 
protective factors, significantly reducing the likelihood of 
individuals entering the "potential depression and disease 
increase" and "high depression and disease burden" 
trajectory groups.
 To further simplify the model and enhance its 
practical utility, we combined the "potential depression 
and disease increase" and "high depression and disease 
burden" trajectory groups into a single group labeled 
"worsening depression and chronic disease burden", 
as both represent poor depression status and increased 
chronic disease burden (34). Based on this, we developed 
a static nomogram (Figure 6B) and a dynamic nomogram 
(Figure 6C, link: https://ranyandynamicnomogram.
shinyapps.io/dynnomapp-2/) to predict the probability of 

future increases in depression and chronic disease burden 
for individuals.

Discussion

This study, utilizing data from the CHARLS spanning 
from 2011 to 2018, is the first to explore the development 
trajectories of depressive symptoms and the number 
of chronic diseases in middle-aged and older adults in 
China, as well as their key predictors. Using GBMTM, 
we identified three major trajectories of depression and 
chronic diseases, finding that only 26.9% of participants 
exhibited stable depressive symptoms and chronic 
disease conditions over the study period. Additionally, 
by incorporating machine learning algorithms, we 
successfully identified the following six key predictive 
factors: baseline age, place of residence, disability status, 
average sleep duration, self-reported health status, and 
gender. SHAP analysis was employed to explain the 
importance of these factors in predicting the different 
trajectory groups, and RCS analysis revealed the non-
linear relationships between age, sleep duration, and the 
trajectories of increasing depression and chronic disease 
burden.
 The findings indicate that older age, urban residence, 
insufficient sleep, poorer health, and disability status 
in middle-aged and older women are more likely to be 
associated with trajectories of increasing depression 
and chronic disease burden. We observed a positive 
correlation between depressive symptoms and age, 
with the number of chronic diseases increasing as 
age progresses. Existing research supports the notion 
that depression may lead to further deterioration in 
neuropsychological functioning among older adults, and 
they are more susceptible to chronic diseases as they 
age (35). Notably, women have a higher risk of chronic 
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Figure 6. Forest plot, static and dynamic nomogram for the LR model. (A): Forest plot for Worsening Depression and 
Chronic Disease Burden based on LR; (B): Static Nomogram for Worsening Depression and Chronic Disease Burden; (C): 
Dynamic Nomogram for Worsening Depression and Chronic Disease Burden. LR: logistic Regression.
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diseases such as cardiovascular disease and diabetes 
(36), and the interplay of social and physiological factors 
makes them more vulnerable to depression (37,38).
 Both insufficient and excessive sleep have been 
linked to an elevated risk of depression and adverse 
physical health outcomes (39). Disability not only 
increases the prevalence of chronic diseases but is 
also associated with a higher incidence of depressive 
symptoms (40). Therefore, improving basic health and 
quality of life, along with maintaining good sleep quality, 
is crucial for promoting healthy aging. Individuals 
with poorer self-reported health status often experience 
more significant depression and chronic disease issues 
due to physical disabilities and emotional distress (41). 
Consequently, maintaining basic health and improving 
quality of life are essential for promoting positive aging.
 This study validates the potential of integrating 
machine learning techniques with existing health data 
as an effective screening tool. This tool not only helps 
optimize the assessment of depression and chronic 
disease conditions in middle-aged and older adults 
but also provides guidance for the personalization 
and flexibility of prevention and treatment strategies. 
Furthermore, the study identifies low-cost and easily 
accessible predictive factors, such as good sleep quality 
and maintaining overall health, which provide a scientific 
basis for developing preventive strategies targeted at 
high-risk groups. These strategies may help delay the 
progression of depressive and chronic disease symptoms.
 The practical value of this study is substantial. First, 
we used the GBMTM method to explore, for the first 
time, the group characteristics of depression and chronic 
diseases among the older population in China. Second, 
through LASSO and RFE feature selection methods, 
coupled with the further explanation provided by SHAP 
values, this study reveals the mechanisms through which 
various variables influence the trajectory categories 
of depression and chronic disease. Additionally, we 
analyzed the non-linear relationship between age, 
sleep duration, and the high-risk trajectory groups for 
depression and chronic disease using RCS curves. 
Finally, the static and dynamic nomogram tools designed 
in this study provide critical technical support for 
personalized risk assessment in community healthcare 
services, thus laying the foundation for the development 
of early prevention and intervention strategies.
 Despite the significant progress made in this study, 
there are some limitations. First, while internal validation 
was conducted at multiple time points to assess the 
generalizability of the model, external validation was 
not performed to confirm the model's stability. Second, 
because the dataset includes only CES-D 10 depression 
assessments and chronic disease questionnaire data 
from up to four time points, the model's applicability to 
data from additional time points could not be verified. 
Furthermore, although existing studies have shown a 
significant association between cognitive decline and 

depressive symptoms (42), this study did not further 
investigate the potential role of cognitive status in 
predicting depression and chronic disease trajectories 
due to limitations in data resources and research design. 
Future research should further explore these issues and 
address these limitations to enhance our understanding of 
aging health trajectories and the reliability of predictive 
models.

Conclusion

This study identified three trajectory patterns of 
comorbid depression and chronic disease among the 
middle-aged and older adults in China. The results 
indicate that women who are older, reside in urban 
areas, have disabilities, self-report poor health, and have 
shorter sleep durations are more likely to belong to the 
high-risk trajectory of increasing depression and chronic 
disease. Additionally, the dynamic nomogram proposed 
in this study provides a practical tool for early risk 
identification, offering new insights for the development 
of targeted mental health screening and intervention 
strategies for the middle-aged and older adults.
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