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Introduction:Middle-aged and older adults are highly susceptible to depression.

For this reason, early identification and intervention can substantially reduce its

prevalence. This study innovatively proposed a visual risk prediction system for

depressive symptoms and depression in middle-aged and older adults, rooted in

machine learning and visualization technologies.

Methods: Using cohort data from the China Health and Retirement Longitudinal

Study (CHARLS), involving 8,839 middle-aged and older adult participants,

the study developed predictive models based on eight machine learning

algorithms, primarily including LightGBM, XGBoost, and AdaBoost. To enhance

the interpretability of the XGBoost model, SHAP technology was employed to

visualize the prediction results. The model was then deployed on a web platform

to establish the risk prediction system.

Results: Among the models, XGBoost demonstrated the best performance,

achieving an average ROC-AUC of 0.69, and was ultimately selected as

the predictive model for depressive symptoms and depression risk in this

population. The developed risk prediction system can output the probability

of users developing depressive symptoms or depression within five years and

provide explanations for the prediction results, improving user accessibility and

interpretability.

Discussion: Rooted in China’s national longitudinal cohort, this platform

integrates machine learning analytics with interactive visualization, with web

deployment enhancing its clinical translational value. By enabling early

depression detection and evidence-based interventions for middle-aged and

older adult populations, it establishes a novel health management paradigmwith

demonstrated potential to improve quality of life.
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FIGURE 3

ROC curves for di�erent machine learning models predicting various depression classes. The blue curve represents no depressive symptoms

(Class 0), the yellow curve represents depressive symptoms (Class 1), and the red curve represents depression (Class 2). The average curve,

represented by the blue dashed line, is the mean of the ROC curves for all three categories.

and “depression”, overcoming the limitations of traditional binary

classification models. After comparing the performance of various

machine learning algorithms, the XGB algorithm was selected to

build the risk prediction model, while SHAP technology was used

to augment the interpretability of the model. On top of that, we

developed a web-based system integrating both prediction and

explanation functions, ultimately ameliorating the practicality of

the research.

Above all, the primary contribution of this study lies in

predicting depression symptoms and depression risk among

middle-aged and older adults by adopting cohort data and machine

learning algorithms. Historically, most depression prediction
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TABLE 1 Precision, recall and F1-score of the eight machine learning models.

Metric Class XGB LGBM ADA RF GBT DT SVM LR

Precision Average 0.4238 0.4179 0.3536 0.417 0.3948 0.3787 0.3719 0.3936

Class 0 0.8433 0.8332 0.7729 0.8447 0.8226 0.8038 0.7921 0.8165

Class 1 0.3246 0.3101 0.2125 0.3174 0.2892 0.2739 0.261 0.2759

Class 2 0.1034 0.1102 0.0755 0.0889 0.0725 0.0585 0.0625 0.0884

Recall Average 0.5184 0.5159 0.4143 0.514 0.4255 0.4089 0.4206 0.4565

Class 0 0.6857 0.6817 0.5697 0.6607 0.6327 0.6407 0.6282 0.5892

Class 1 0.4196 0.3993 0.3232 0.4146 0.4772 0.4027 0.3503 0.4636

Class 2 0.45 0.4667 0.35 0.4667 0.1667 0.1833 0.2833 0.3167

F1-score Average 0.4302 0.4258 0.3455 0.4168 0.3921 0.3759 0.3674 0.3895

Class 0 0.7563 0.7499 0.6559 0.7414 0.7153 0.713 0.7007 0.6845

Class 1 0.3661 0.3491 0.2564 0.3595 0.3602 0.326 0.2991 0.346

Class 2 0.1682 0.1783 0.1243 0.1493 0.101 0.0887 0.1024 0.1382

FIGURE 4

Feature importance charts for di�erent depression classes (The detailed description of the features can be found in Supplementary Table S2).

(A) Feature importance chart for the no depressive symptoms class, (B) feature importance chart for the depressive symptoms class, and (C) feature

importance chart for the depression class.

models in existing research have depended on cross-sectional

datasets. While this approach can capture characteristics associated

with depressive symptoms at a specific point in time, it cannot

determine the causal association between these characteristics and

depression. Cross-sectional data typically mirror the status of

subjects at a single moment, which illustrates that some features

may stem from changes in the outcome variable. In contrast,

this study utilized longitudinal data, which effectively identified

risk factors that may bring about depression, thereby offering a

clearer window into depression’s developmental trajectory. Apart

from that, unlike previous studies (45, 46), which often categorized

populations into those with and without depressive symptoms,

this study further divided the population into three, namely

no depressive symptoms, depressive symptoms and depression.

This three-class classification approach is beneficial for identifying

individuals who gradually progress from having no depressive

symptoms to developing depression. Model interpretation enables

granular analysis of risk factors across depressive symptom

stages, yielding evidence-based guidance for tailored interventions.

Furthermore, in comparison with other studies predicting

depression by utilizing large cohort data, the CHARLS database

included more participants (47, 48). In contrast to existing binary

depression prediction studies on the basis of the CHARLS database,

the prediction model exhibited a more favorable ROC-AUC value

(0.61 vs. 0.69) (49).

On top of that, the study adopted SHAP technology to

visually interpret the model, which is advantageous for elevating

the model’s interpretability. Traditional machine learning models

are often seen as “black boxes” (29, 50, 51), thus rendering it

challenging to understand their internal working mechanisms.

Nonetheless, SHAP technology offers a way to quantify feature

significance. For example, an in-depth exploration of SHAP

values revealed, that a wide spectrum of factors such as pain,

sleep duration, and living environment play significant roles in
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FIGURE 5

Visualization of the middle-aged and older adults depression symptoms and depression risk prediction system. (A) System homepage and (B)

information output page.

the model’s predictions. These findings coincide with existing

medical theories and clinical experience. For instance, Sanchez

et al. put forward a that pain and depression share the same

neurotransmitters. In addition, the presence of pain is positively

correlated with the severity of depression (52). Likewise, Zambelli

et al. (53) arrived at a conclusion that desirable sleep quality can

strikingly ameliorate depressive states, highlighting the significance

of sleep in managing depression. Furthermore, Rautio et al.’s (54)

research indicated that poor housing or building environments,

encompassing substandard housing quality, functional deficiencies,

insufficient green spaces, as well as noise and air pollution, are

remarkably associated with depressive moods. Gender (D1) also

appeared in the overall feature significance charts for all three

categories. As evidenced by the above findings, assuming that

a participant is male, they contribute positively to the model’s

prediction of no depressive symptoms. On the contrary, providing

that a participant is female, they positively contribute to predictions

of depressive symptoms or depression. Research by Nolen et al.

demonstrated that the likelihood of depression is twice as high

in females as in males (55). This higher prevalence in females

may be bound up with their larger share of household labor

(56). Participants who frequently experience bodily pain (H9)

are more prone to depression, whereas those free from such

pain demonstrate a substantial tendency to be free of depressive

symptoms, which corresponds with Magni et al.’s (57) perspective

that pain may bring about depression. Interestingly, participants

with broadband internet access at home (R6) exhibited an elevated

propensity to be predicted as having no depression. As evidenced

in the research conducted by Cotten et al. (58), internet use can

lower depression rates among retired individuals by 20%−28%.

Guo et al. (59) pointed out that improving mental health in

Middle-aged and older adults is one of the welfare effects brought

about by the development of internet infrastructure. Through

model visualization and partial corroboration of the model’s

predictive logic, this research enhances clinicians’ comprehension

of predictive mechanisms while informing actionable clinical

guidelines. More importantly, this study integrated the trained

model with SHAP technology to create a depression risk

prediction system for middle-aged and older adults on a

web platform, eventually heightening the research’s practical

applicability. In the future, with ongoing refinements, anticipated

implementation into standard screening protocols in primary

care settings could strengthen early depression detection and

intervention capabilities.

Nonetheless, this study is also less satisfactory in several

aspects. To start with, despite balancing the data during model

training, the accuracy of classifying the non-depressed population

was ∼20% higher than that of the depressed population. This

phenomenon illustrates that the model’s diagnostic accuracy in

detecting depression remains susceptible to underlying limitations.

It is essential for future research to take into account increasing the

sample size of depressed patients or using cost-sensitive learning

methods to elevate the model’s recognition ability. Additionally,

this study failed to conduct a comprehensive and profound

exploration into the cost-benefit analysis of interventions rooted

in model predictions. Given these considerations, a comprehensive

cost-effectiveness evaluation would enhance the assessment of

the prediction system’s real-world applicability. Finally, this study

only built the model grounded in participants’ self-reported data.

Although strong biological markers for depression have not yet

been established, increasing data diversity may be beneficial for

the reinforcement of the model’s predictive ability. Future research

should consider integrating different types of data to ameliorate the

accuracy and reliability of the model.
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Conclusions

To sum up, this research developed a predictive framework for

depressive symptoms and risk assessment in middle-aged to older

adults, utilizing longitudinal cohort data from 8,839 participants

and an ensemble methodology of eight machine learning

algorithms. The model’s interpretability was enhanced through

SHAP visualization, with subsequent web-based deployment for

clinical accessibility. This visualization system not only anticipates

the risk of developing depressive symptoms and depression in

individuals over the next 5 years but also outputs the main factors

influencing the risk probabilities through SHAP plots. By enabling

clinicians to interpret predictive outcomes more effectively,

this system offers actionable insights for clinical practice while

supporting proactive depression management. Future validation

through rigorous clinical trials could further substantiate its efficacy

and implementation potential.
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