
R E V I E W

Machine Learning-Based Depression Risk 
Prediction Models for Older Adults Analyzing 
From the Perspective of the Health Ecology 
Model: A Scoping Review
Jie Yang1,2, Xinyu Hao2, Xiao Sang2, Enshe Jiang 1,2, Xiaoguang Zhang1

1Department of Neurosurgery, The First Affiliated Hospital of Henan University, Henan University, Kaifeng, People’s Republic of China; 2Institute of 
Nursing and Health, School of Nursing and Health, Henan University, Kaifeng, People’s Republic of China

Correspondence: Enshe Jiang, Xiaoguang Zhang, Department of Neurosurgery, The First Affiliated Hospital of Henan University, Henan University, 
Kaifeng, People’s Republic of China, Email esjiang@gmail.com; 13523781771@163.com

Objective: This review systematically examined the current research on machine learning-based depression risk prediction models 
for domestic and international older adults, aiming to provide references for methodological development and application in this field.
Design: A scoping review approach was used, following the Participants, Concept, and Context (PCC) framework and incorporating 
the Health Ecology Model (HEM) as the analytical theoretical framework.
Methods: Based on the PCC principles, the study scope was defined, and a systematic search was conducted in Web of Science, 
PubMed, Cochrane Library, Embase, CINAHL, CNKI, VIP Database, Wanfang Database, and the Chinese Biomedical Literature 
Database for literature related to depression in older adults, covering publications up to October 12, 2025. Two researchers 
independently screened the literature, extracted data, and summarized and analyzed the papers’ content.
Results: After screening and full-text review, 15 studies on machine learning-based depression risk prediction models for older adults 
were included. A total of 90 risk prediction models were covered, with area under the curve (AUC) values ranging from 0.73 to 0.943. 
Most models were only internally validated, with only 20 models undergoing external validation. Predictors of depression in older 
adults were mainly at the individual intrinsic traits level (e.g. age, gender, number of chronic diseases, cognitive scores, pain) and the 
behavioral characteristics level (e.g. sleep duration, physical activity, smoking, drinking) of the HEM. At the same time, interpersonal 
network, community, environmental, and policy-level factors were less involved. These models are applicable in various settings, 
including community health service centers, outpatient clinics, long-term care institutions, and home health management.
Conclusion: Research on depression risk prediction models for older adults in China is still in its early stages. Existing models 
demonstrate good predictive performance, with a manageable risk of bias, and can provide more reliable decision support for 
healthcare professionals.
Keywords: depression, older adults, machine learning, depression risk, health ecology model

Introduction
The proportion of the global elderly population (aged 60 and above) continues to rise, reaching 2.1 billion by 2050, with 
the population aged over 80 expected to triple to 426 million over the same period.1 As China’s population ages rapidly, 
the risk of depression among older adults is increasingly prominent. The overall detection rate of depression among older 
adults in China is 20.6%, and the rate of seeking medical treatment is relatively low.2This indicates that a considerable 
proportion of elderly patients with depression experience delays in diagnosis and treatment, posing a significant 
challenge to their healthy aging process.

Depression in the elderly is a pathological condition that requires professional intervention, widely affecting 
emotions, cognition, behaviour and social functioning, and is not merely a matter of low mood or declining willpower.3
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Compared with adult depression, its clinical manifestations are unique, with core features summarized as: significant 
somatic symptoms, accompanying cognitive impairments, and emotional vulnerability.4 The dual challenges of health 
decline and lack of social support in aging not only easily damage the self-esteem of older adults, but if not timely 
intervened, may also trigger depression.5 Studies show that depression is a common mental disorder among the elderly, 
which not only shortens patients’ life expectancy, impairs their quality of life, but also increases family caregiving 
burdens and raises health economic expenditures for society as a whole.6Currently, the clinical management of depres
sion in the elderly focuses on strengthening the combined use of pharmacotherapy and comprehensive care models to 
improve patient outcomes.7

However, in clinical practice, early identification of depression in older adults (especially those with cognitive 
impairment) is significantly difficult. Traditional assessment methods mainly rely on self-report questionnaires and 
clinical interviews, which not only have limited sensitivity and specificity, potentially leading to missed diagnoses,8 

but also highly depend on the cooperation of the assessed individual and the subjective experience of the clinician, 
making the assessment process complex and difficult to achieve rapid screening. Machine learning models can robustly 
predict the onset of depressive symptoms in healthy elderly individuals over the next two years and their trajectory over 
the following seven years, and the information relied upon by these predictive models is easily accessible.9

In recent years, several systematic reviews and scoping reviews on machine learning predictions of late-life 
depression have been published. Some studies have systematically reviewed risk prediction models for late-life depres
sion, focusing on model performance and risk of bias assessment, but without deeply exploring the ecological dimensions 
of predictive factors;10 other studies have provided an overall overview of depression prediction machine learning 
techniques across age groups, but without particular attention to the older population or the introduction of theoretical 
analysis frameworks.11 In addition, systematic reviews of depression prediction models based on electronic health 
records have largely focused on clinical populations and diagnostic outcomes, with less attention to community- 
dwelling older adults or risk prediction for screening purposes.12 Therefore, this study adopts a scoping review approach, 
using the Health Ecology Model (HEM) as an analytical framework, to systematically review the application of machine 
learning in predicting depression risk in domestic and international older adults, summarize relevant algorithms and 
predictive factors, and provide evidence-based support for clinical decision-making.

Methods
Definition of Research Objectives QUADAS-2
Based on the PCC principle of participants, concept, and context,13 the study participants are older adults; the research 
concept is a depression risk prediction model constructed using machine learning methods; and the research context is the 
field of depression care for older adults. Based on a literature review, the final research objectives were determined: ① In 
elderly depression care, what are the commonly used machine learning algorithms? What predictive factors are usually 
included? ② How is the performance of these machine learning models? Have internal or external validations been 
conducted? ③ What are the application scenarios of machine learning in elderly depression care? This study strictly 
follows the PRISMA-ScR guidelines for reporting.14 Although the research protocol was not preregistered, the standar
dised application of these guidelines systematically presents key aspects such as the search strategy, screening process, 
data extraction and results synthesis, significantly enhancing the methodological transparency and reproducibility of the 
study.

Literature Search Strategy
Systematic searches were conducted in Web of Science, PubMed, Cochrane Library, Embase, CINAHL, China National 
Knowledge Infrastructure (CNKI), VIP Database, Wanfang Data, and Chinese Biomedical Literature Database (CBM). 
Searches combined subject headings, free-text terms, and Boolean, with the time range from database inception to 
October 12, 2025. Taking PubMed as an example, the search strategy was as follows: #1:machine learning, #2: machine 
learning OR supervised learning OR unsupervised learning OR intensive learning OR deep learning OR decision tree OR 
support vector machine OR Bayesian classifier OR ensemble learning OR dimensionality reduction OR metric learning 
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OR neural networks OR random forest, #3:#1 OR #2, #4:aged, #5:aged OR elderly OR older people OR older adult, #6: 
#4 OR #5, #7:Depressive Disorder, #8:Depressive Disorder OR Mental Disorders OR mental health* OR psycholog* OR 
depressi* OR negative emotions OR stress, #9:#7 OR #8, #10:#3 AND #6 AND #9. To ensure comprehensive coverage, 
manual searches using the reference-tracing method were also conducted.

Inclusion and Exclusion Criteria
Inclusion Criteria: ① Study Population: Older adults, age ≥ 60 years; ② Study Content: Design of machine learning 
methods; ③ Study Context: Use of machine learning methods in clinical nursing, community nursing, and nursing in 
elderly care institutions to predict depression risk in older adults and address nursing issues for elderly patients with 
depression. Exclusion Criteria: ① Full text not accessible or published in languages other than Chinese or English; ② 

Document types such as reviews, commentaries, letters, patents; ③ Lack of independent research design and empirical 
data, or no clear data sources, or use of virtual data; ④ Duplicate publications.

Literature Screening and Data Extraction
The retrieved literature was imported into EndNote 20 software, and duplicate references were removed. In this study, 
two researchers independently completed literature screening and data extraction. During the literature screening stage, 
the two researchers conducted the screening using established inclusion and exclusion criteria. If disagreements arose 
during screening or subsequent data extraction, a third researcher was consulted and made the final decision.

Methodological Quality Assessment
This study followed the strategy of previous research and used the QUADAS-2 (Quality Assessment of Diagnostic 
Accuracy Studies 2) tool to assess the risk of bias and applicability of the included studies.10 QUADAS-2 comprises four 
domains: patient selection, index test, reference standard, and flow and timing. Each domain evaluates the risk of bias, 
and the first three domains also consider applicability concerns. Two reviewers conducted the assessments independently, 
and any disagreements were resolved by a third reviewer.The rules for the overall rating of bias risk in each domain are: 
① if all signaling questions in the domain are answered “yes,” the risk is rated as “low”; ② if any signaling question in 
the domain is answered “no,” the risk is rated as “high”; ③ if there are no “no” answers but at least one “unclear” answer, 
the risk is rated as “unclear.” The assessment of applicability in each aspect is based on a single question, and its direct 
result r①epresents the final rating for that aspect, classified as “high,” “low,” or “unclear.” Two researchers indepen
dently evaluated the risk of bias and applicability of the included models. A third researcher resolved any disputes arising 
during the assessment.

Results
Literature Screening Results and Basic Characteristics of Included Studies
The initial search yielded 7,271 articles. After removing duplicates, conducting preliminary abstract screening, and 
performing full-text reviews in three rounds, 15 studies were ultimately deemed eligible for inclusion (Figure 1). The 
publication years of these 15 studies ranged from 2017 to 2025, with 3 published in Chinese and 12 in English. 
Geographically, most studies were conducted in China (66.7%), followed by the United States (20%), South Korea 
(13%), and India (6%). Study types included cross-sectional (n=7), longitudinal (n=7), and observational (n=1). The 
basic characteristics of the included studies are shown in Table 1.

Model Bias Risk Assessment Results
A comprehensive evaluation of the prediction model developed in this study was conducted based on the QUADAS-2 
criteria. Although QUADAS-2 was originally developed for diagnostic accuracy studies, it has been widely used to 
assess clinical prediction models, including those based on machine learning.15 The assessment covers four key areas: 
patient selection, index test, reference standard, and flow and timing. For each area, the risk of bias is rated as “low”, 
“high” or “unclear” according to the following criteria: ① if all signalling questions are answered “yes”, the risk is rated 
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“low”; ② if any signalling question is answered “no”, the risk is rated “high”; ③ if there are no “no” answers but at least 
one “unclear” answer, the risk is rated “unclear”. Applicability is assessed for the first three areas. Two researchers 
independently evaluate each study, and any disagreements are resolved through consultation with a third researcher. 
Research shows16 the importance of adapting QUADAS-2 for machine learning-based predictive models, especially in 
terms of algorithm transparency and external validation.The results indicate that the risk of bias in critical areas such as 
case selection, flow, and timing is low, and the overall applicability is good. The evaluation results are shown in Figure 2.

Types of Machine Learning Algorithms and Predictors Used in Depression Care for 
the Elderly
Among the included studies, 15 used supervised machine learning algorithms, of which 14 used random 
forests,8,9,17–28Logistic regression appeared in 11 studies,8,9,18,19,21–24,26–28support vector machines in 9 
studies,8,18,19,23,24,26–29decision trees18,19,21,22,25–27 and extreme gradient boosting8,18–20,22,25,26 in 7 studies each, 
K-Nearest Neighbors,9,22,25,27 light gradient boosting machine8,18,22,27 and multilayer perceptron8,18,24,29 in 4 studies 
each, gradient boosting9,20,22 and naive Bayes9,22,24 in 3 studies each, gradient boosted decision trees25,26 in 2 
studies, and categorical variable boosting,18 bootstrap aggregation,18 histogram gradient boosting,18 neural 

Records identified (n = 7271)1
China National Knowledge 
Infrastructure (n = 325)
Wanfang Data (n = 16)
VIP Database (n = 5)
Web of Science (n = 1442)
PubMed (n = 1546)
Cochrane Library (n = 221)
Embase (n = 3716)

Records removed before screening
Duplicate records removed (n = 4378)

Records screened 
(n = 2,893)

Records excluded (n = 2,751)
Irrelevant to research topic (n = 2,589)
Ineligible study design (n = 109)
Non-Chinese/English publications (n = 24)
Reviews or inaccessible full-text (n = 29)

Reports sought for retrieval 
(n = 142)

Reports assessed for eligibility
(n = 132)

Reports excluded (n = 117)
High risk of bias (n = 29)
Model predictor unavailable (n = 88)

Studies included in review 
(n = 15)
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(n = 15)
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Figure 1 Flow diagram of the literature screening process. This flow diagram was adapted from the PRISMA-ScR flow diagram template. 
Abbreviation: PRISMA-ScR, Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews.
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Table 1 Basic Characteristics of the Included Literature (n=15)

Study Study 
Design

Country Study 
Population

Sample 
Size

Machine Learning 
Algorithm(s)

Best model/ 
Discriminative 
Ability (AUC)

Predictive Factors Validation 
Method

Model 
Presentation 
Form

17Liu et al 2025 CS China OA-FD 4322 LR, RF, GBC, KNN, NB LR/0.75 Age, sex, sleep duration, life satisfaction, 
cognitive score, residential area, self-rated 

health status, among 12 variables in total

Internal 
validation

Nomogram, 
SHAP plot

18Xin et al 2022 CS China UR-DOA- 
China

1460 RFC RFC/rural elderly 
with disabilities 

0.79, urban 

elderly with 
disabilities 0.78

Age, sex, sleep duration, life satisfaction, 
education level, smoking, and alcohol 

consumption, among 30 variables in total

Internal 
validation 

and external 

validation

SHAP plot

19Jin et al 2025 LS China DOA-China 8637 LR, HistGBM, MLP, 

XGBoost, Bagging, DT, 
LightGBM, RF, SVM, 

CatBoost

HistGBM//0.779 Age, sex, sleep duration, life satisfaction, 

education level, smoking, alcohol 
consumption, chronic diseases, BMI, and 

self-rated health, among 21 variables in total

External 

validation

SHAP plot

26Hong et al 2024 LS China DOA 2753 LR, RF, SVM, DT, 
XGBoost

XGBoost/ 0.76 Sleep duration, self-rated health, social 
interaction, cognition, and place of 

residence, among five key variables

Internal 
validation 

and external 

validation

SHAP plot

8Li et al 2025 CS USA OA-CI 3472 LR, RF, SVM, LightGBM, 

MLP, XGBoost, KNN

XGBoost/ 0.868 Age, sex, sleep duration, marital status, 

education level, and body mass index (BMI), 
among others

Internal 

validation

SHAP plot

20Xu et al 2025 LS China C-OA-CD 1,921 RF, GBC, XGBoost XGBoost /0.893 Sleep duration, life satisfaction, education 

level, gastrointestinal health, and decline in 
daily living, among others

Internal 

validation

SHAP plot

21Kim et al 2023 CS Korea K-LI-MA 

/OA

2975 LR, RF, DT, NN DT/Accuracy 

97.3%

Age, sex, life satisfaction, education level, 

number of household members, and 
disability status, among others

Internal 

validation

SHAP plot

22Park et al 2025 LS Korea OA 5153 RF, GBC, LightGBM, ET, 

LR, LDA, QDA, NB, 
ADA, DT, KNN, 

XGBoost,

RF /0.74 Age, sex, low-income status, pain, frequency 

of meeting friends, participation in social 
gatherings, residence in a large city, hearing 

discomfort, and visual discomfort, among 

others

Internal 

validation

–

(Continued)

N
europsychiatric D

isease and Treatm
ent 2026:22                                                                              

https://doi.org/10.2147/N
D

T.S594239                                                                                                                                                                                                                                                                                                                                                                                                       
5

Yang et al

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



Table 1 (Continued). 

Study Study 
Design

Country Study 
Population

Sample 
Size

Machine Learning 
Algorithm(s)

Best model/ 
Discriminative 
Ability (AUC)

Predictive Factors Validation 
Method

Model 
Presentation 
Form

9Lin et al 2023 LS China H-OA 2650 LR, RF, GBDT, SVM GBDT/ 0.770 Sex, sleep duration, life satisfaction, marital 

status, geographic region, education level, 

per capita household income, household 
registration type, and medical insurance, 

among others

Internal 

validation

–

23Sau et al 2017 LS India OA 510 BN, NB, LR, MLP, SMO, 
KS, RS, J48, RF, RT

RF/0.943 Age, sex, marital status, employment status, 
recent bereavement, multi-site/widespread 

pain, diabetes, hypertension, visual 

impairment, and hearing impairment, among 
others

External 
validation

–

29Xu et al 2019 LS USA OA 20000 MLP,SVM,DBN,Single- 

task LSTM,Multitask 
LSTM (without auxiliary 

variables),Multitask 

LSTM (full model)

Multitask LSTM 

(full model) / 
0.873

Age, sex, marital status, mobility index, 

smoking status, self-rated health status, 
history of cancer, history of diabetes, and 

employment status, among others

Internal 

validation

–

27Ding et al 2024 CS China OA 8258 XGBoost, RF, DT, KNN, 

GNB

XGBoost /0.804 Age, sex, nighttime sleep duration, life 

satisfaction, marital status, place of 

residence, education level, pension 
insurance, and medical insurance, among 

others

Internal 

validation

SHAP plot

28Su et al 2025 OS China OA 5954 LR, RF, DT, SVM, 
XGBoost

XGBoost-RFE- 
RF /0.732

Age, sex, nighttime sleep duration, life 
satisfaction, marital status, education level, 

household registration type, and support 

from children, among others

Internal 
validation

SHAP plot

24Song et al 2025 CS China OA 7880 LR, KNN, DT, SVM, RF, 

LightGBM

LightGBM/ 0.73 Age, sex, nighttime sleep duration, nap 

duration, marital status, education level, 

region, living alone status, and self-rated 
health, among others

Internal 

validation

SHAP plot

25Lin et al 2025 CS China C-OA 92 RF, SVM, GBDT, LR, RF /0.911 Body sway, right arm swing, left step length, 

right step length, left step height, gait speed, 
step width, right stride length, and left step 

height

Internal 

validation

SHAP plot

Note: “-”: not reported. 
Abbreviations: CS, cross-sectional; LS, longitudinal study; OS, observational study; USA, the United States of America; OA-FD, older adults with functional disability; UR-DOA (China), urban and rural - disabled older adults; DOA- 
China, disabled older adults in China; DOA, disabled older adults; OA-CI, older adults with cognitive impairment; C-OA-CD, Chinese older adults with cognitive decline; K-LI-MA/OA: middle-aged and older adults from low-income 
households in south Korea; OA, older adults; H-OA, home-dwelling older adults; C-OA, community-dwelling older adults; NN, Neural Network.
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networks,21 extreme trees,22 linear discriminant analysis,22 quadratic discriminant analysis,22 adaptive boosting,22 

Bayesian networks,24 sequential minimal optimization,24 K*24 random subspace,24 J48,24 random trees,24 dynamic 
Bayesian networks,29 Gaussian naive Bayes29 and multitask LSTM models29 in 1 study each. The specific distribu
tion of each algorithm is shown in Figure 3.

This study analyzed 90 predictive models, with the study population primarily older adults and sample sizes ranging 
from 92 to 20,000. The number of predictive factors included in the models gradually increased from 4 to 30. The 

Figure 2 The quality assessment for the included literature (n=15). This figure was generated using R software (Version 4.5.2) based on study data. R is a programming 
language for statistical computing and data visualization.

Figure 3 The use frequency of the included machine learning model algorithms. This figure was generated using R software (Version 4.5.2) based on study data.
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predictive factors in existing models are highly concentrated in the layer of personal intrinsic characteristics (such as age, 
sex, number of chronic diseases, cognitive scores, pain) and behavioral factors (such as sleep duration, physical activity, 
smoking, alcohol consumption), which appeared most frequently in the included studies.24,25 Some studies included 
variables related to interpersonal networks.21 Only a few studies indirectly included community and environmental 
layers, and variables at the policy and social levels were not reflected in any of the included studies. In addition, among 
the 9 models with an area under the curve (AUC≥0.75) for participant work characteristics, sleep duration was included 
as a predictor in all cases. Research has shown that abnormal sleep duration is a potential risk factor for depressive 
symptoms in the elderly population, and this association is generally observed across different genders.30 The distribution 
of depressive risk factors in older adults, based on the health ecological model, is shown in Table 2.

Prediction Model Validation and Performance
In this study, 15 studies were ultimately included. Regarding model validation, 12 studies conducted internal validation, 
while only 4 studies18–20,25 conducted external validation. The performance evaluation showed that 14 studies reported 
model discrimination metrics, and 11 also reported calibration results. Among them, 3 studies24,28,29 used the Brier score 
to assess calibration, with all scores ≤0.1, indicating good overall predictive performance of the models. Research31 

shows that, when comparing two risk prediction models, the Brier score,27 which comprehensively captures model 
performance, can serve as a suitable single evaluation metric. Across the 15 studies analyzed, all models reported the area 
under the receiver operating characteristic curve, with values ranging from 0.738 to 0.943, indicating generally good 
predictive performance.

Application Scenarios of Machine Learning in Predicting Depression Risk in the Elderly
Among the 15 included studies, 14 models9,17–29 are suitable for community health service centers; 8 models8,9,21,24–28 

are appropriate for outpatient settings, including geriatric, rehabilitation and psychiatric outpatient departments in tertiary, 
secondary and community hospitals; 6 models9,17–19,23,27 are suitable for long-term care institutions such as nursing 
homes and care homes; 6 models17,18,20–22,27 are ideal for home health management. Among them, 4 models20–22,27 are 
suitable for multiple environments.

Table 2 Distribution of Predictive Factors for Depression Risk in the Elderly Based on the Health Ecological Model (n = 15)

HEM Level Typical Predictors Studies 
Reporting 

Levels

Illustrative Studies

Intrapersonal 

Level

Age, sex, number of chronic 

conditions, cognitive score, and pain, 
among others

15 17Liu et al,18Xin et al,19Jin et al,26Hong et al,8Li et al,20Xu et al,21Kim 

et al,22Park et al,9Lin et al,23Sau et al,29Xu et al,27Ding et al,28Su 
et al,24Song et al,25Lin et al

Behavioral Level Sleep duration, physical activity, 

smoking, and alcohol consumption, 
among others

10 18Xin et al,19Jin et al,26Hong et al,20Xu et al,21Kim et al,22Park 

et al,9Lin et al,29Xu et al,24Song et al,25Lin et al

Interpersonal 

Network Level

Marital status, social support, and 

contact with children, among others

7 18Xin et al,19Jin et al,26Hong et al,29Xu et al,27Ding et al,28Su et al

Community and 

Environmental 

Level

Place of residence (urban/rural), 

among others

3 18Xin et al,27Ding et al,24Song et al

Policy and 

Societal Level

— — —

Note: “—”: not reported. 
Abbreviation: HEM, Health Ecological Model.
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Discussion
Older-Adult Depression Machine-Learning Models Primarily Employ Supervised 
Learning Algorithms
In the 15 studies included in the analysis, supervised machine learning algorithms were employed, indicating that this 
method has a solid foundation in the care of elderly patients with depression. Research shows that, when evaluating 
existing elderly depression prediction models, the vast majority rely on supervised learning algorithms.27 Supervised 
machine learning algorithms can analyze large datasets and comprehensively evaluate models using metrics such as 
accuracy, sensitivity, and specificity, ultimately selecting the best predictive model.21 These primarily include decision 
trees, random forests, neural networks, and logistic regression; each algorithm has distinct advantages and 
disadvantages.31 All 15 studies used multiple algorithms to construct models and conduct comparisons, and the 
recommended best algorithms varied between studies. For example, Sau et al23 and Xu et al20 respectively recommended 
the use of random forests and extreme gradient boosting. This heterogeneity may be related to research objectives, model 
functions, predictive variables and dataset characteristics.

In summary, apart from the frequency of algorithm usage, this review reveals the trade-off between model interpret
ability and predictive performance. Linear models such as logistic regression are highly interpretable, allowing clinicians 
to understand the direct contribution of each predictive factor (such as sleep duration, age, and the number of chronic 
diseases); whereas ensemble methods like random forests and extreme gradient boosting, although offering superior 
discriminative performance (with AUC reaching up to 0.943), often exhibit “black box” characteristics that obscure the 
relationship between inputs and outputs. This trade-off has direct implications for clinical practice: in community 
screening scenarios, highly interpretable models facilitate doctor-patient communication; in complex risk stratification 
studies, acceptable predictive accuracy may take precedence over interpretability. Future research should focus on 
developing interpretable artificial intelligence techniques suitable for predicting geriatric depression to bridge the gap 
between accuracy and interpretability. Furthermore, algorithm selection should be based on specific data characteristics 
and application scenarios, rather than simply applying common methods.

The Predictive Factors of the Depression Risk Prediction Model for the Elderly Exhibit 
Centralized Distribution
This study, through a systematic analysis using the HEM framework, found that the factors included in existing machine 
learning prediction models show a clear “centralized” distribution pattern. As shown in Table 2, the predictive factors are 
primarily concentrated on personal intrinsic traits (eg., age, chronic diseases) and behavioral characteristics (eg., sleep 
duration), which underpin risk identification in current models. Our findings corroborate previous research, with age, 
gender, number of chronic diseases, and cognitive scores being the most common predictive factors.32 This centralised 
distribution is not merely based on empirical observation, but is increasingly supported by neurobiological and genetic 
evidence. For example, consistently including physical activity as a predictor can be linked to its modulatory effects on 
neural circuits involved in stress responses.33 Studies have shown that physical activity affects the prefrontal cortex- 
amygdala pathway, a core circuit in the pathophysiology of depression, providing a mechanistic explanation for its 
predictive value.34 Similarly, the prominent role of interpersonal factors such as social support can be interpreted through 
the lens of gene–environment interactions. Research has found that variations in the OXTR gene, associated with social 
connectivity, moderate the impact of social environments on depressive symptoms. These findings suggest that the 
predictors identified in current models are not merely statistical associations but exist due to their direct effects on known 
aetiological pathways. Incorporating this mechanistic understanding into future model development can enhance the 
interpretability and clinical credibility of machine learning predictions. Research shows that the quality of sleep at night 
is a key predictor of the occurrence of depression.27 The risk prediction model for depression in the elderly is a powerful 
tool that can assist healthcare professionals in more accurately identifying related risk factors, thereby optimizing care 
decisions and ultimately providing patients with a higher-quality medical service experience.35

Predictive factors in risk models for depression in older adults are critical.36 Still, existing models have not adequately 
integrated multidimensional risk factors, including environmental factors, dynamic social networks, and genetics, thereby 
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limiting the comprehensiveness of predictions. Before conducting depression prediction modelling, data mining techni
ques should be fully utilised to systematically explore patients’ baseline information, related scales, laboratory indicators 
and medical history in order to identify key predictive factors. Research has found that, compared with demographic 
variables, psychological factors (such as satisfaction with leisure activities, social support, subjective health awareness 
and family support) have a more prominent impact on depression, providing an important basis for subsequent variable 
selection and model construction.21 However, from the perspective of ecosystem integrity, existing models exhibit 
“incomplete ecology”. Firstly, the singularity and retrospective nature of data sources are the fundamental reasons. 
Among the studies included in the research institute, Three8,18,19 were retrospective cohort studies, and four20,22–24 were 
prospective cohort studies. In addition, five studies20,22,26,27,29 excluded missing data directly, which may lead to 
measurement errors and an increased risk of overfitting.35,36 It is recommended to handle missing data using imputation, 
filling, or retaining the missing value methods. Research shows that implicit inclusion criteria and variables based on 
patient self-reports can yield unrepresentative samples and misclassification, thereby overestimating the model’s pre
dictive performance.37 Finally, due to limitations in model validation strategies, only four studies17–19,24 conducted 
external validation.

Research has shown that the degree of greening in the living environment is significantly associated with the risk of 
depression in older adults.38 The lack of such validation makes it difficult for us to assess whether a model trained on 
“individual-centered” data remains robust when applied to new populations with different community characteristics, 
cultural backgrounds, and policy environments.

The Use of Machine Learning Models for the Care of Depression in Older Adults Is 
Extensive, but Their Construction Methods Require Further Optimization
Future research should guide the entire model-construction process by drawing on theoretical frameworks such as HEM. 
At present, depression prediction models for older adults in China are still in the early stages of development. Subsequent 
efforts should focus on methodological standards for model development and validation, on constructing prediction 
models based on large-sample, multicenter, prospective studies, thereby improving research design, enhancing the 
scientific validity and credibility of the prediction models, and ultimately providing a more reliable predictive tool for 
clinical practice.

The results of this study indicate that the predictive models from 15 included studies have been attempted in various 
settings, such as community health service centers, outpatient departments of medical institutions at all levels, long-term 
care facilities, and home health management, demonstrating the broad applicability of machine learning techniques in 
identifying depression risk in older adults. However, several key issues in the construction methods of current models 
remain and require urgent improvement. The samples in this study are relatively homogeneous, and the procedures for 
handling missing data are not sufficiently standardized, which may lead to selection bias and an increased risk of 
overfitting.39 The final establishment of the model must undergo rigorous external validation and continuous iterative 
optimization.36

In the absence of a logical explanation consistent with clinical mechanisms, the model’s interpretability is insufficient. 
However, the findings in our study are consistent with previous research, with the core of model evaluation lying in its 
applicability and generalizability.40 In model construction, external validation should be strengthened to assess the 
ecological validity of the model, thereby promoting the translation of a “full-ecological” model into clinical practice and 
providing a basis for personalized interventions. Research indicates that there is a significant association between the 
level of greenery in the living environment and the risk of depression among the elderly. Due to the lack of such 
validation, it is difficult for us to assess whether models trained on “individual-centred” data can maintain their 
effectiveness when applied to new populations with different community characteristics, cultural backgrounds and policy 
environments.41
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Limitations
This scoping review has several limitations. First, although we conducted a systematic and comprehensive search of nine 
international and Chinese databases, only studies published in English or Chinese were included, and this language 
restriction may result in publication bias and the omission of relevant studies published in other languages. Second, due 
to the methodological design of a scoping review, this study did not perform a formal meta-analysis or quantitative 
synthesis of model performance metrics, limiting the ability to directly compare the predictive accuracy between different 
algorithms and populations. Third, most of the included studies were cross-sectional in design, which cannot infer 
causality and may overestimate the predictive ability of certain factors due to unclear temporal sequences. Fourth, there is 
considerable heterogeneity across studies in terms of outcome definitions, predictor selections and reporting standards, 
posing challenges to cross-study comparisons and synthesis. Fifth, although this study used the health ecology model as 
an analytical framework to map the distribution of predictors, the original studies were not designed based on this model, 
which may limit the depth of theoretical interpretation. Finally, although the QUADAS-2 tool was used to assess study 
quality, there is currently no dedicated risk of bias assessment tool specifically for machine learning prediction models, 
which may affect the accuracy of methodological quality evaluation. As this field develops, future review studies should 
consider using updated specialised assessment tools.

Conclusions
This scoping review systematically examined 15 studies on machine learning-based models for predicting depression risk 
in older adults and analysed them from the perspective of the Health Ecology Model (HEM). The main conclusions are 
as follows: first, the predictive factors are primarily concentrated at the level of individual intrinsic traits (such as age, 
chronic diseases, cognitive scores) and behavioural characteristics (such as sleep duration, physical activity), while 
factors at the level of interpersonal networks, community, environment and policy are significantly underestimated. 
Second, although these models demonstrated good discriminative performance (AUC range: 0.73–0.943), only 20 models 
underwent external validation, raising concerns about their generalisability across different populations and settings. 
Third, supervised learning algorithms, particularly random forests and logistic regression, were used most frequently, but 
the trade-off between model interpretability and predictive accuracy remains inadequately addressed.

These findings are significant. However, the effects of insufficient external validation have yet to be fully articulated 
from an ecological perspective. Given the highly context-dependent nature of community and policy factors, the lack of 
cross-ecological validation may substantially undermine the generalizability of models, which deserve the further 
investigation.

Future research should focus on three directions. First, model development should be guided by ecological frame
works such as HEM, systematically incorporating multi-level determinants, including macro-environmental factors. 
Second, external validation across different geographical, cultural, and policy contexts is crucial for establishing the 
model’s reliability and ecological validity. Third, improving model interpretability through explainable artificial intelli
gence techniques, while enhancing predictive accuracy, will help facilitate the application of the model in clinical 
practice. Addressing these key issues will aid in developing models that are more ecologically sound, more generalisable, 
and better suited for predicting depression in older adults.
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