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A B S T R A C T

Background: With the continuous advancement of age in China, attention should be paid to the mental well-being 
of the elderly population. The present study uses a novel machine learning (ML) method on a large representative 
elderly database in China as a sample to predict the risk factors of depression in the elderly population from both 
holistic and individual level.
Methods: A total of participants met the inclusion criteria from the fourth waves of the China Health and 
Retirement Longitudinal Study (CHARLS) were analyzed with ML algorithms. The level of depression was 
assessed by the 10-item Center for Epidemiological Studies Depression Scale (CESD-10).
Results: The current study found top 5 factors that were important for predicting depression in the elderly 
population in China, including average sleep time, gender, age, social activities and nap time during the day. The 
results also provide reliable diagnostic likelihood at the individual level to support clinicians identify the most 
impactful factors contributing to patient depression. Our findings also suggested that activities such as inter-
acting with friends and play ma-Jong, chess or join community clubs may have a positive collaborative effect for 
elderly’s mental health.
Conclusions: Holistic approaches are an effective method of deriving and interpreting sophisticated models of 
mental health in elderly populations. More detailed information about a patient’s demographics, medical history, 
sleeping patterns and social/leisure activities can help to inform policy and treatment interventions on a pop-
ulation and individual level. Large scale surveys such as CHARLS are effective methods for testing the most 
accurate models, however, further research using professional clinical input could further advance the field.

1. Introduction

Currently the world population increases to lean towards older 
average age, a trend that is expected to only increase as the number of 
elderly people over the age of 65 predicted to reach 16 % by 2050, and 
out-pacing both age groups 0–14 and 15–24 by 2075 (United Nations, 
2022).

With the continuous advancement of age, greater support is required 
to maintain active lifestyle, good quality of life as well as mental well- 
being (Huang et al., 2022; Van Lente et al., 2012). With ever 
increasing number of elderly people several countries are experiencing 

challenges providing their elderly with the support and resources to do 
this. Large sections of a developed nations budget is dedicated to the 
physical needs of elderly people (Rudnicka et al., 2020), resulting in less 
availability for their mental well-being. One of the most prominent 
mental health disorders in both younger and older populations is 
depression (Major Depressive Disorder), characterized by a profound 
loss of pleasure, often accompanied by physical and cognitive changes, 
significantly affecting an individual’s social or professional function 
(Uher et al., 2014). Depression is one of the three leading causes of 
Nonfatal Health Loss (James et al., 2018), and in recent years, the 
prevalence rate of depression has been rising, and the lifetime 
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prevalence rate has reached 3.4 % (Huang et al., 2019). Depression is 
also one of the most common mental diseases among elderly population. 
The rate of depression among the elderly is between 5 % and 15 % in 
developed countries (Anderson, 2001) and >20 % in developing coun-
tries (Andrade et al., 2016).

Studies have shown that depressive symptoms are highly related to 
quality of life factors (Felce and Perry, 1995), that can be dispropor-
tionately impacted among older adults under certain circumstances 
(Cheraghi et al., 2019). Recent events such as the COVID-19 pandemic 
have gone on to exacerbate many of the areas of concern effecting the 
mental health of elderly individuals. Vectors of particular interest 
among researchers range from age related cognitive disorders like de-
mentia (Borg et al., 2021; Gedde et al., 2022), to active lifestyle factors 
such as limited physical activity (Cvecka et al., 2015; Udeh-Momoh 
et al., 2021), social isolation (LeVasseur, 2021) and socio-economic 
factors related to marital status, income and leisure activities 
(Alexandre et al., 2009). Depression has a higher risk of recurrence, with 
a cumulative recurrence rate of 27.1 % within 20 years for individuals in 
remitted depression (Ten Have et al., 2018)., This is particularly 
damaging for older patients. Although depression has been shown to be 
treatable, the proportion of elderly people who seek help from medical 
institutions and receive timely treatment is often very low (Unützer 
et al., 2002)..Early identification of the elderly as population with a high 
risk of depression and a comprehensive description of the relevant risk 
factors is the key to early intervention to prevent depression in the 
elderly population.

The current research identifies three main aspects, as follows: (a) 
demographics and bio-information, such as gender (Potter and Yoon, 
2023), age (Niu et al., 2023) and sleep (Nielson et al., 2023); (b) social 
activities, including internet use (Goh et al., 2023), physical activity 
(Glaus et al., 2023), leisure activities (Pan et al., 2023); (c) chronic 
disease risk factors, such as heart disease (Krittanawong et al., 2023), 
diabetes mellitus (Bao et al., 2023), cancer (Liu and Jia, 2023), cognitive 
function (Cullen et al., 2023).

Although most of these studies analyse the relationship between 
depression risk factors, there are some notable limitations to these 
studies when applying across age. Much of the prior research focuses on 
the relationship with biological indicators as risk factors, examining the 
genetic, neuroimaging testing comorbidity with other chronic diseases, 
and insomnia (Buch and Liston, 2021; Riemann et al., 2020). However, 
biological indicators can be difficult to interpret as they are also often 
used as diagnostic criteria, presenting a cyclical argument of causality 
(Gao et al., 2018; Jiang et al., 2016; Song et al., 2018; Xiao et al., 2018). 
Secondly, there were also studies investigated depression related risk 
factors based on cross-sectional data using traditional method such as 
logistic models; while these are the most prevalent method for their 
predictive efficacy they are limited by need for linear relationships, and 
are less effective for examining the more monotonic relationships ex-
pected in aging samples. With advancements in machine learning and 
generalized models it is possible to examine a multi-factor influence on a 
more individual basis moving away from the over-generalized methods 
previously used.

An often debated issue demonstrated with the previous research is 
the lack of predictive value at the individual level (Dunn et al., 2003). 
Regression and logistical modelling may work well on population bases, 
but are impractical and not particularly cost effective for diagnosing and 
correcting the issues suffered by elderly people (Dunn et al., 2003).

Compared with traditional prediction models, machine learning 
procedures have demonstrated excellent efficacy identifying nonlinear 
interactions between variables, being capable of aiding the analysis and 
interpretation across complex variables, particularly in multi-factorial 
situations where it is able to identify the most impactful variables and 
produce more robust predictive models (Iyortsuun et al., 2023). The 
utilisation of machine learning (ML) and deep learning techniques en-
ables the iterative analysis of nonlinear, high-dimensional correlations 
among risk factors while simultaneously capturing temporal 

relationships between them (Lee et al., 2018; Orrù et al., 2012; Zhang 
et al., 2019). While a relatively new approach to data processing and 
analysis it is clear that researchers are slowly turning to machine 
learning as it provides greater accuracy in predictive modelling, espe-
cially when techniques are compared with each other and more tradi-
tional frequentist statistics (Sau and Bhakta, 2017). Several machine 
learning techniques have been adopted and tested over to past decade 
demonstrating a great deal of potential when combined with large 
datasets (Abd Rahman et al., 2020). The application of deep learning 
methods is of particular interest due to their ability to address many of 
the issues faced by clinicians and patients during the diagnosis and 
treatment selection process (Benrimoh et al., 2018).

Although the current literature appears promising, there are still 
several unanswered questions about the application of machine learning 
techniques, in addition to its inherently complex nature, which is pre-
venting it from being applied more widely (Abd Rahman et al., 2020). 
The present study aimed to present how machine learning techniques 
can provide detailed information about the contributing factors to 
depression on a sample/population level as well as specific details at an 
individual level. The aims being to demonstrate the impact of this 
technology for researchers, policy makers as well as clinicians and pa-
tients. The algorithm will be trained on a large sample of the Chinese 
population based on the large and nationwide aging population data-
base in China. This database, CHARLS (wave 4) has collected compre-
hensive information from >19,000 participants, including cognition and 
depression scale, such as the 10-item Center for Epidemiological Studies 
Depression Scale (CES-D-10), life satisfaction and other general mea-
sures including demographic backgrounds, health status and 
functioning.

The present study uses a large representative elderly database in 
China as a sample to investigate the following: 1) the use of the ML 
model to predict the risk factors of depression in the elderly population; 
2) identify the most impactful of these risk factors for the purposes of 
targeted and efficient policy, and 3) demonstrate the potential diag-
nostic capacity of ML models to identify the risk of depression for elderly 
individuals and what are the most impactful factors for those 
individuals.

2. Method

2.1. Participants

All the data was collected using the fourth wave of the China Health 
and Retirement Longitudinal Study (CHARLS) collected in 2018. 
CHARLS is an ongoing longitudinal survey that aims to collect repre-
sentative data from the Chinese population of people aged 45 and older 
for use in scientific research. The fourth wave was administered to 
19,816 participants from 450 villages in 28 provinces, 150 counties/ 
districts across China since 2011 (Zhao et al., 2020). CHARLS Data were 
collected through face-to-face interviews by trained investigators, and is 
considered to be one of the most comprehensive and well validated 
survey of its type, having been featured in several internationally rec-
ognised papers (Jiang et al., 2020; Wang et al., 2024; Yang and Hou, 
2024). The complete data have been publicly released on the CHARLS 
website by the Institute of Social Science Survey at Peking University 
(Zhao et al., 2020).

From the survey dataset of 19,816 participants, a sample of 1558 was 
retained based on those who completed the questionnaires related to the 
core features of this study and were 60 years or older. Of these a further 
289 were removed due to ambiguous answers such to core questions 
such as “I don’t know” or “refuse to answer”. This study selected a sub- 
sample of 1269 participants from the survey. Age was identified by 
asking for date of birth and subtracting from the date of the survey, for 
individuals who just provided their year of birth, a difference between it 
and the year of the survey was used. The average age of the sample was 
67.54 with an age range of 60–94.
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Of the final 1269 participants, 662 of the sample were male, and 607 
were female. All participants were native born Chinese, with Mandarin 
Chinese being the most common first language and the language the 
survey was administered.

2.2. Measurement of depression/outcome variables

Part of the CHARLS measured the levels of depression using the 
Center for Epidemiological Studies Depression Scale-10 (CESD-10 
scale), which is an effective screening instrument used by numerous 
studies researching depression among elderly populations (Irwin et al., 
1999). The CESD-10 is a shortened version of the CESD-20 measure, and 
has been demonstrated to have good internal reliability (Cronbach’s 
alpha = 0.86), and inter-rater reliability as compared to the CESD-20 
(Kappa = 0.85) (Williams et al., 2020). The CESD-10 is most 
commonly used as a screening tool for depression in adult populations. It 
consists of 10 questions originally based on the diagnostic criteria for 
depression according to the DSM-III. Examples of the questions include 
“1. I was bothered by things that usually don’t bother me.” and “7. My 
sleep was restless.”. The original CESD-10 items were measured on a 
scale of 0–3 with 0 representing “Rarely or none of the time (<1 day)”, 1 
representing “Some or a little of the time (1-2 days)”, 2 representing 
“Occasionally or a moderate amount of the time (3-4 days)” and 3 
representing “Most or all of the time (5-7 days)”. The CHARLS version of 
the test also added an option for “Don’t Know(DK)” and “Refuse to 
answer(RF)”. The total score of the 10 questions ranged from 0 to 30, 
calculated by totalling all items scored after reverse scoring items 5 “I 
felt hopeful about the future.” and 8 “I was happy.”. Higher scores 
represented greater symptoms of depression, with a cut-off score of 10 
representing the point at which the test is sensitive enough to identify 
clinical depression (Irwin et al., 1999). Four ordinal levels were 
analyzed based on clinical style cut-off points of <10 for no depressive 
symptoms, 10–14 for mild, 15–19 moderate, and > 20 for severe 
depressive symptoms (Andresen et al., 1994).

2.3. Predictors

The predictors used in this study can be split into 4 broad categories; 
(a) Demographic Backgrounds, such as gender and age; (b) Relationship 
with sleep，such as average hours of sleep at night, time spent asleep 
during the day (nap time). (c) Disease history, such as heart attack, 
dyslipidemia, chronic lung diseases, diabetes, kidney disease, stroke, 
liver disease, memory-related disease, and asthma; (d) Frequency of 
leisure and social behaviours associated with an active lifestyle, such as 
social activities with friends and family, playing board/table games, 
joining community clubs, and Internet use.

2.4. Data processing

Several regression based ML algorithms were conducted by AIfor-
Science and produced by Beijing Diji Tech. All algorithms were regres-
sion based and included a Neural Network, AdaBoost, Elastic Net, 
Gradient Boosting Regression, Lasso Regression, Ridge Regression, and 
Random Forest Regression. They were trained using the CHARLS 2018 
data set, with the aim of predicting severity of depressive symptoms 
based on a range of predictive factors. For each model the sample was 
split randomly into a training and test set with a 7:3 ratio. Each model 
was evaluated based on their R2, the RMSE, SSE, and MAPE values.

The model with the best performance metrics were then examined 
further through model’s feature importance and Shapley Additive 
Explanation (SHAP). SHAP is a powerful model interpretation package 
that enables examination of how the model achieved its conclusion by 
calculating the contribution of each predictor. It improves legibility and 
transparency while, crucially also being capable of providing informa-
tion at the individual and feature level, enabling an understanding of the 
directionality of individual predictions. The higher SHAP value for a 

given prediction the more that predictor/feature contributed to the 
predicted outcome. Due to it’s high computational cost limitations are 
typically present with the amount of data that can be evaluated at this 
level. In this case only the best preforming model was assessed.

3. Results

This study aimed to identify the contributing factors of depression 
among older adults. Regression based supervised machine learning al-
gorithms were used to predict the level of depression, using de-
mographic, medical and lifestyle information.

3.1. Descriptive statistics

The ordinal depression groups were heavily weighted towards the no 
depression (N = 776), the mild depression (N = 222), moderate 
depression (N = 165), and severe depression (N = 106) groups made up 
approximately a third of respondents (Mdn = 0, IQR = 1/M = 0.69, SD =
0.99).

Scores for the 27 predictors can be categorised into 4 broad cate-
gories, demographic information, relationship with sleep, medical his-
tory and social/leisure engagement. Means, standard deviations and 
percentage frequencies are provided as appropriate (Table 1).

Given the older demographic under investigation, engagement with 
many of these activities appeared rather low. In an effort to identify 
whether abstaining from any social or leisure activities were a predictor 

Table 1 
Means, standard deviations and sample proportions for the predictor variables.

Variable Mean Standard deviation

Demographic data
Age (years) 67.54 6.18
Gender (percentage female) 47.83 49.97

Relationship with sleep
Sleep per night (hours) 6.09 2.1
daytime napping (min) 41.36 48.69

Leisure and social activitiesa

Interact with friends 58.71 105.06
Ma-jong, chess, cards, or community club 33.88 83.98
Provide help to family, friends, or neighbours 17.18 51.37
Sport, social, or other kind of club 13.48 59.17
Take part in a community-related organization 3.31 22.57
Voluntary or charity work 1.97 16.5
Care for a sick or disabled adult 5.44 34.54
Educational or training course 0.87 13.44
Stock investment 1.34 18.79
Use the internet 14.26 62.87
Other activities 2.05 20.92
Social activities (Y/N) 67.54 6.18

Variable Percentage

Medical historyb

Dyslipidemia 8.83
Diabetes 5.44
Cancer 1.42
Chronic lung diseases 6.78
Liver disease 3.15
Heart attack 7.57
Stroke 4.26
Kidney disease 5.20
Emotional problems 0.63
Memory-related disease 1.65
Asthma 1.65

a Medical history section provides the prevalence of several common condi-
tions within the sample as a percentage.

b Leisure and Social activities were recorded on a 4 point Likert scale 
measuring frequency of engagement, higher scores represent higher engagement 
with that activity. Original wording translated from the CHARLS Chinese user 
manual.
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of depression an additional binary classification was considered labeled 
“Social Activities (Y/N)”. If the participant did not engage in any of the 
12 social and leisure activities then they received a score of 12, whereas 
if they took part in any of the activities they received a score of 0. Using 
this method 54 % of participants were found to not engage in any of the 
activities.

3.2. Model prediction performance

The diagnosis of a depressive disorder relies on a combination of 
standardised psychometric testing and discussions with a clinician. 
While the more detailed interviews are crucial for this process, clinicians 
still rely on a categorical approach when initially screening for depres-
sion to make the decision to investigate further. In the CHARLS dataset, 
the CESD-10 represents this as 4 potential levels ranging from no 
depression to mild and then moderate and severe.

Several supervised regression based models were trained on the 
CHARLS dataset in an attempt to identify patterns in risk factors that 
could contribute to contribute to scoring more highly on initial diag-
nostic tests. A summary of their performance is provided in Table 2. Of 
the models trained the neural network regression model was able to 
explain the most variability for the measure of depression according to 
the CESD-10 criteria (R2 = 0.69), with the closest comparative score 
being that of the Random forest regression (R2 = 0.52). The RMSE of 
0.61 signifies that the average prediction error is 0.61 units on the 
depression scale, reflecting a reasonable level of precision. The SSE 
value of 138.06 represents the total squared deviation of the predicted 
values from the actual values, providing an aggregate measure of the 
model’s error. Additionally, the MAPE of 0.14 indicates that the model’s 
predictions are, on average, 14 % off from the actual values, demon-
strating a satisfactory level of accuracy.

Overall, these results highlight that the neural network regression 
model performs competently in predicting depression scores, though 
there is still room for enhancement through further model refinement 
and optimization.

3.3. Feature importance

Due to scaling differences in the calculation of SHAP values they 
cannot be compared between different underlying models, as such 
further evaluation focused on the neural network model. One utilisation 
of SHAP values are at the general feature level, identifying the most 
impactful variables for the output. Fig. 1 shows the SHAP values for the 
combination of feature importance for all predictors based on the 
developed prediction model. The X-axis represents the SHAP value, and 
the Y-axis shows each variables with the most impactful at the top. The 
result indicated that average hours of sleep is the most important feature 
in predicting depressive symptoms. Secondary to the hours of sleep is 
gender. Age, activities, nap time and interaction with friends are also 
among the predictors with highest contributions in predicting depres-
sion among CHARLS participants.

3.4. Interpretation of model features

One of the most important feature of a prediction model is that it can 

be directly explained and interpreted, The SHAP approach computed 
each variable’s contribution to the prediction. Fig. 2 shows how pre-
dictors effect the estimated risk of depression, and the top five important 
predictors based on the SHAP value calculation were selected and 
plotted out in order to facilitate understanding of how a single predictor 
affects the output of the prediction model. The Y-axis indicates the SHAP 
values calculated by the model, and the X-axis represents the data for 
that variable. Each dot represents an individual response and it’s impact 
on the prediction outcome. The value 0 represents a cut off point for the 
SHAP value, positive values indicate a higher push to the prediction of 
depression. Fig. 2A showed gradual pattern of SHAP value decline 
indicating those who had more sleep (particularly 5.5 to 8.5 h), 
contributing less to a prediction of depression. Fig. 2B demonstrated that 
being female increased the likelihood of a prediction of depression. 
Fig. 2C depicted that individuals in their early 60s are more prone to 
have higher level of depression, and the trend gradually declined as they 
reaches 70, particularly there is limited evidence of the influence of age 
between 65 and 75. After 75 SHAP values have greater variability but 
generally trend downwards. Indicating a potential trend of lower 
depression at the further ends of the scale, but also that data becomes 
more sparse. Fig. 2D indicated that individuals who did not engage in 
social activities contributed to greater predictions of depression. Finally, 
Fig. 2E illustrated that those who sleep longer hours during the day were 
overall more likely to lead to greater predictions of depression, however 
the chart presents a widening variability in SHAP values with greater 
daytime sleep, suggesting that the influence of sleep during the day may 
interact with other variables. Each plot shows that while there are 
general trends, for some individuals the feature had no impact on 
depression, or even mitigated against it according to the model.

3.5. Force plots for individual predictions

One of the more interesting applications is the assessment of in-
dividuals using SHAP values. Fig. 3 shows the SHAP force plot for pre-
dicting depression among elderly population. The explainable machine 
learning model proposed in this study can perform customized analysis 
for individual participants. As shown in Fig. 3, the model can provide 
explanation of how each variable specifically affects the prediction at an 
individual level. The present study selected four cases as sample cases 
for customized analysis for individuals, including one case (Fig. 3A) of 
an individual with the greatest depression score on the (depression 
score = 3), one case of an individual (Fig. 3B) with no evidence of 
depression (depression score = 0), one case of an individual (Fig. 3C) 
among the oldest sampled (age = 94), and a random case (Fig. 3D). The 
output value (the bold number above the force plot) represents 

Table 2 
Regression model performance metrics.

Model R2 RMSE SSE MAPE

Adaboost regression 0.35 0.81 510.82 0.48
Lasso regression 0.32 0.81 486.36 0.46
Ridge regression 0.42 0.79 376.03 0.42
ElasticNet linear regression 0.28 0.80 673.94 0.51
Gradient boosting regression 0.42 0.77 358.77 0.37
Random forest regression 0.52 0.73 292.51 0.26
Neural network 0.69 0.61 138.06 0.14

Fig. 1. The average SHAP value for feature contribution to the predictive 
model in descending order of feature importance.
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Fig. 2. SHAP value by features for the most impactful according to the mean feature importance. 
Note: Higher SHAP value indicates greater contribution to the predicted outcome (scoring higher for depression according the CESD-10).
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predicted value of the depression scale for that individual. As SHAP 
values are all relative to certain base value, the base value (as indicated 
by the location of the grey text) represents the mean of the raw model 
predictions for the training data. The red features on the left of each 
force plot represents the variables contributing to an increase in the 
prediction of the depression score (drives ML prediction value up), while 
the blue features on the right represents the variables that reduce the 
prediction of depress (drives ML prediction value down). In clearer 
terms, red variables contribute to depression while blue variables miti-
gates against depression according to the model. Each set of features is 
ranked in order of their impact on the value, and the features with the 
greatest impact are labeled.

Fig. 3A describes the case that had the highest prediction of 
depression over the average prediction across the whole sample. Top 
features contributing to the prediction of depression were the lack of 
average sleep time (2.5 h), long periods of day-time sleeping (180 min of 
nap time), lack of social activities (no social or leisure activities re-
ported) and their gender (female). Top mitigating features were their 
relatively young age (63) and lack of interaction with friends (no 
interaction). Fig. 3B represents a case that did not show evidence of 
depression according to the CESD-10, that the model correctly identified 
as not exhibiting signs of depression. Top mitigating features included 
the average sleep time (7 h), nap time (120 mins), social activities 
participation, age (63) and playing ma-jong, chess, cards or partici-
pating in a community club. Fig. 3C represents the oldest participant in 

the sample. Top mitigating features are Age (94) and Gender (male). 
Fig. 3D depicts case selected at random from the sample. Top features 
contributing to depression were lack of social activities. Top mitigating 
feature are average sleep time (6 h), gender (male), no heart attack and 
no regular day time sleeping.

4. Discussion

In this study, individual risk factors for developing depressive dis-
order in the elderly population were found to be predicted with 
reasonable accuracy by using well trained neural networks. Addition-
ally, the developed model identified the top factors that were important 
for predicting depression in the elderly population from the compre-
hensive survey of predictors, including average night time sleep, gender, 
age, social activities and day time sleeping. The impactful features 
identified in this study are largely consistent with other machine 
learning studies, who typically utilise classification based models with 
high levels of accuracy and AUC metrics ranging between 0.67 and 0.96 
(Hatton et al., 2019; Kim et al., 2019; Lin et al., 2023). These are typi-
cally higher than regression and other classical statistics based methods 
(Hatton et al., 2019), however more sophisticated regression based 
techniques may be able to offer more nuanced insights into complex 
disorders with multifactorial causes, symptomologies and requirement 
(Lu et al., 2021).

Comparing the results of the machine learning algorithm with the 

Fig. 3. Force plot representing the influence of specific feature on individual predictions. 
Note: According to the Survey of CHARLS, gender (1 = male, 2 = female); activities (0 = Yes, and 12 = None); average sleep time (number of hours spent sleeping 
each night); nap time (number of minutes napping during the day); heart attack (1 = Yes, 2 = No); dyslipidemia (1 = Yes, 2 = No); ma-jong, chess, card, or 
community club (0 = None, 1 = Not Regularly, 2 = Almost Every Week, 3 = Almost Every Day); interact with friend (0 = None, 1 = Not Regularly, 2 = Almost Every 
Week, 3 = Almost Every Day).
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findings of previous research indicated convergence around the factor of 
sleep and it’s strong associations with depression (Lyall et al., 2023; 
Simjanoski et al., 2022; Chuinsiri, 2021). This method argues that sleep 
is not only a symptom, but also a risk factor of depression. The results of 
the current study indicates that majority of individuals who sleeps 5.5 to 
8.5 h per night have a lower risk of depression. Sleep is a very important 
factor affecting health, studies indicated that lack of sleep at night may 
contribute to the onset of mental disorders (Hong et al., 2019; Li et al., 
2017; Gehrman et al., 2013; Luik et al., 2015). Sleep deficiency can 
disrupt the circadian rhythm or cause hormonal changes (Kim et al., 
2015). Daytime physical fatigue or mental fatigue is also correlated with 
poor night sleep quality, resulting in higher risk of depression. The result 
of our studies showed that individuals with substantial time of nap 
during the day have a lower chance of suffering from depression.

The results of the model are largely consistent with previous research 
demonstrate across the majority of the tested predictors. In particular 
the model was able to support the widely discussed finding that female 
elderly population are general are more likely to suffer from later-life 
depression when compared to age matched males (Kiely et al., 2019). 
Several potential arguments have been presented for the higher rates of 
depression among elderly females. This includes physiological factors 
such as a drop in oestrogen levels due to menopause and physical 
discomfort (Lokuge et al., 2011); social factors, such as the stress of 
societal expectations not present for elderly males, such as being pri-
marily responsible for maintaining the household while her husband has 
likely retired from his work. In addition to recorded psychological/ 
personality trait differences between males and females making women 
more prone to feelings of depression (Bareeqa et al., 2021; Li et al., 
2022). Interestingly, previous research has demonstrated that unmar-
ried or women who widowed early into their 60 were less likely to 
display symptoms of depression (Bulloch et al., 2017). Indicating an 
interaction between the variables. While this was not examined directly 
in this study, individuals assessments using the force plots identified 
several features/predictors that had seemingly contradictory effects on 
the predictions of depression. A potential explanation for this could be 
the model identifying that specific combinations of features could lead 
to an increase or a mitigation of other risk factors. This is could be highly 
beneficial for clinicians who wish to have more nuanced diagnostic tool 
that can factor in multiple relevant aspects of an individual’s circum-
stance to provide more accurate and effective treatment plans.

The current study found an interesting and novel curvilinear rela-
tionship between age and depression. The results indicated that elderly 
in their early 60 appear to be more depressed, but the symptoms start to 
attenuate and remain stable for individuals age 65 to 70. The level of 
depression starts to increase among elderly aged 75, and may decrease 
again after age 85. These trends may be the product of interaction be-
tween the assessed variables, as seen in the force plots where a younger 
age was seen as both a contributing and mitigating factor in different 
participants. Other extraneous variables are also likely to confound the 
impact of age in these circumstances. As the data for participants over 80 
was more sparse the SHAP diagrams showed that there was greater 
variability in this older demographic. More finely tuned models with 
larger samples and broader feature sets may help to identify the multi- 
factorial nature of this trend.

Previous studies suggested that social activities is one of the pre-
dictive factors for depression (Chiao et al., 2011; Wang et al., 2020). The 
result of the current study supported these findings that elderly in-
dividuals with more social activities present a lower risk of depression 
compared with those who report no social activities. Our findings also 
suggested that activities such as interact with friends and play ma-jong, 
chess or join community clubs are positive promoting effect for elderly’s 
mental health.

A common limitation of machine learning approaches are the num-
ber of potential trade-offs when selecting variables, tuning and the use of 
different types of models (Stenwig et al., 2022). While different ap-
proaches were tested, refining the model through better data selection 

and model tuning could help provide more accurate models. Importantly 
in this study the SHAP values provide greater insight and transparency 
regarding the prediction process of the model. SHAP values enabled a 
more nuanced understanding of the influence of individual datapoints 
for each variable, beyond what can be communicated by performance 
metrics alone. Of particular note was that the SHAP value visualisations 
show clearly how some features could be a strong predictor of depres-
sion in one instance but offer little evidence in different circumstances. 
This is most strongly conveyed in the force plots for individual partici-
pants. With it clearly demonstrating the complicated relationship be-
tween features. The findings presented in this study demonstrate that 
using novel machine learning techniques can support a nuanced inter-
pretation of large and complex assessments to examine trends and 
commonalities, presenting the findings in a more intuitive manner that 
may aid researchers when discussing potential risk factors at both a 
population level and an individual level. Supporting communication 
between researchers and policy makers, as it can demonstrate the most 
consistent factors to target, while also identifying the situation where 
intervention may have diminishing returns or limited efficacy.

On a more individual level it also provides a data-driven diagnostic 
likelihood that may support clinicians in identifying the most influential 
factors contributing to a patient’s depression. It is important to clarify 
that the force plots presented still need to be interpreted with care, they 
are not prescriptive of any one individual, as they still rely on the av-
erages across the entire dataset, attempting to highlight features that the 
model has determined to be important based on other individuals in 
similar circumstances. However, with larger and more detailed datasets, 
in combination with well optimised algorithms, this could provide more 
bespoke insights that may lead to precise treatment plans tailored at the 
individual level (Bohr and Memarzadeh, 2020). Currently the limited 
application of ML methods within health care limits their efficacy in real 
world settings. Apprehension around the use of such models is in part 
due to a lack of transparency and understanding of how ML model reach 
their predictions and how they can be interpreted safely (Amann et al., 
2020).

While SHAP values offer a promising direction for improving inter-
pretability of machine learning predictions, this study is similarly 
limited as a practical use case. To support accurate prediction large 
amounts of data are required, lending itself more to fields outside of 
manpower intensive field of psychology where participant numbers are 
unable to match the millions of data points seen in comparable computer 
science and bioscience studies. The use of national surveys such as the 
CHARLS provide the greatest access to larger samples, however this also 
comes with needing to rely on relatively shallow assessments of mental 
health. Here the measure of depression relies on CESD-10, the utilisation 
of a screening scale are not as accurate as the clinical diagnosis from a 
professional clinical psychologist or a psychiatrist (Zhou et al., 2021). 
Future research incorporating the experience of clinicians could help to 
train models to provide accurate diagnosis based on real life data. This 
could help find patterns more quickly and reduce the trial and error of 
treatment plans effecting most mental health disorders. Despite 
depression being one of the most prevalent psychological disorder 
impacting of the Chinese population, and costing approximately $42.67 
per capita, it is often overlooked or misdiagnosed with a detection rate 
of 30.3 % (Nisar et al., 2020). A delay or lack of diagnosis of depression 
can have severe adverse effects leading to substantial depression in 
quality of life similar to that of other chronic medical conditions. Im-
provements in the efficiency and speed of diagnosis offered by machine 
learning can result in improvements to the life of a large section of the 
population and ease the financial burden placed on governments.
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