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Introduction
Cancer survivors represent a rapidly growing global population, thanks to the rapid 

advancements in medical technology that have significantly increased patient survival rates [1]. 
However, the post-treatment recovery process presents many challenges, particularly in the realm of 
mental health [2]. The most common issues are adjustment disorders, with anxiety and depression 
being particularly prevalent [3]. The incidence of anxiety and depression among cancer patients 
shows considerable variability across different studies, with rates ranging from 24.8% to 42.7% [4]. 
This significant variability may be related to various factors, including ongoing physical discomfort, 
complex treatment experiences, and changes in quality of life [5]. Additionally, different types of 
cancer and treatment methods may also lead to variations in psychological stress [6].

Early studies suggest that cancer patients who had experienced depression or anxiety before 
diagnosis are at a higher risk of psychological stress [7]. Research identifies several risk factors 
associated with higher levels of depression among cancer patients, including social isolation, pain, 
and financial stress [8]. In primary care, depression is often severely underestimated and sometimes 
even misdiagnosed [9]. Moreover, there is often a discrepancy between healthcare providers' 
assessments of anxiety and depression in cancer patients and the patients' self-assessments [10]. 
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Abstract
Background: Depression significantly impacts the recovery and quality of life of cancer survivors. 
This study developed and validated a prognostic model to assess depression risk using data from 
the China Health and Retirement Longitudinal Study (CHARLS) and five external medical centers.

Methods: Data from 574 cancer survivors in the CHARLS dataset were analyzed, with 216 diagnosed 
with depression. An additional cohort of 503 cancer patients from five medical centers served as the 
external validation group. Predictive factors included demographic characteristics, lifestyle habits, 
and medical history. Least Absolute Shrinkage and Selection Operator (LASSO) regression was used 
to refine the variables, and multivariate logistic regression identified significant predictors. Model 
performance was evaluated using the C-index, calibration curves, Hosmer-Lemeshow test, Decision 
Curve Analysis (DCA), and Clinical Impact Curve (CIC).

Results: Five independent predictors of depression were identified: Rural residency, self-reported 
health, arthritis, memory efficiency, and life satisfaction. The model demonstrated excellent 
discrimination in the CHARLS cohort (C-index 0.854; 95% CI: 0.821-0.887), test group (C-index 
0.902; 95% CI: 0.784-0.915), and external validation group (C-index 0.827; 95% CI: 0.762-0.892). 
The Hosmer-Lemeshow test yielded a value of 0.910. Calibration curves, DCA, and CIC analyses 
further confirmed its predictive accuracy and clinical relevance.

Conclusion: The developed model is a precise and clinically significant tool for predicting depression 
risk among cancer survivors. It enables early identification of high-risk individuals, facilitating 
timely and appropriate interventions.
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Due to the lack of specialized training among non-specialist clinicians 
and nurses in identifying psychological stress in cancer patients, there 
is an urgent need to develop simple and practical diagnostic methods.

The incidence of depression among cancer survivors is high, 
posing a significant threat to their health [11]. Therefore, identifying 
potential high-risk groups for depression and implementing timely 
interventions is crucial for improving their quality of life and long-term 
survival [12]. To this end, we have developed a predictive model aimed 
at identifying patients likely to be depressed. This model is designed to 
enhance the early identification of patients at high psychological risk, 
thereby facilitating the implementation of personalized psychological 
interventions and optimizing overall treatment plans. The integration 
of psychological assessment tools in clinical practice underscores the 
central role of psychological evaluations in cancer management [13]. 
This study explores the potential for predicting levels of anxiety and 
depression in cancer patients, to identify those at risk early on, so 
that timely psychological interventions can be provided. We tested 
the predictive model in a diverse sample of cancer patients, aiming 
to identify the main psychological factors affecting cancer adaptation 
and to optimize prediction and intervention outcomes.

Methods
Research design and data sources

This study is based on data from the China Health and Retirement 
Longitudinal Study (CHARLS), which is publicly available at http://
charls.pku.edu.cn. CHARLS employs a multi-stage clustered sampling 
method and has recruited 10,257 households encompassing 17,708 
participants across 28 provinces in mainland China since 2011 [14]. 
Data collection began with a baseline survey in 2011-2012 and has 
continued biennially with face-to-face computer-assisted personal 
interviews, culminating in five waves of data collection completed 
in 2013-2014 (second wave), 2015-2016 (third wave), 2018 (fourth 
wave), and 2020 (fifth wave) [15]. This study has been approved 
by the Biomedical Ethics Review Committee of Peking University 
(IRB00001052-11015), and informed consent has been obtained 
from all participants. All research methods were conducted in strict 
accordance with the ethical guidelines of the Declaration of Helsinki.

The analysis incorporated data from the years 2011, 2013, 2015, 
2018, and 2020, totaling 96,628 survey results. After excluding 
samples with missing core variables and responses of "don't know" or 
"refuse to answer," we obtained 28,037 samples. By further excluding 
27,462 non-cancer patients, the study retained 575 valid samples 
of cancer survivors. Additionally, our external validation cohort 
was sourced from five medical centers located in various regions of 
China, including the Northeast, Northwest, Southeast, Southwest, 
and Central areas. Data collection for the external validation cohort 
of cancer survivors took place from September 2021 to March 2024. 
This diverse distribution and timing ensure a broad representation of 
the population, enhancing the generalizability of our findings across 
different geographical and cultural contexts within the country.

Data collection
Sociodemographic factors: Participants' age, gender, and 

residence (urban vs. rural) were recorded. The highest level of 
educational attainment was documented, and marital status was 
categorized as married, single, divorced, or widowed. Data on 
personal or household income were collected, and insurance status 
was assessed to determine the type and extent of health insurance 
coverage each participant had.

Behavioral factors: Behavioral attributes were closely examined, 
starting with smoking history, classified as 'ever smoked' or 'never 
smoked'. Drinking history was similarly categorized as 'ever drink' 
or 'never drink'. The study also assessed participants' engagement in 
social activities and their exercise habits, focusing on the frequency 
and intensity of physical activity.

Health status: Participants provided information on various 
chronic diseases, including hypertension, heart disease, stroke, 
dyslipidemia, digestive diseases, mental illnesses, arthritis, kidney 
disease, liver disease, and lung disease. Self-perceived health status 
was evaluated, with participants rating their health from 'very healthy' 
to 'very unhealthy'. The Activity of Daily Living (ADL) scale was used 
to measure functional independence, with higher scores indicating 
greater dependency.

Mental health factors: The CESD-10 scale was used to assess 
symptoms of depression, with scores ranging from 0 to 30, where 
a score of 10 or above typically indicates significant depressive 
symptoms. Sleep quality was evaluated to understand sleep patterns 
and disturbances. Life satisfaction was measured to gauge overall 
contentment with life, and social participation was assessed to 
determine the level of involvement in community or social activities.

Cognitive function assessment: Cognitive abilities were 
evaluated using various tests. Visual-spatial skills were assessed by 
having participants redraw two overlapping pentagons, with accuracy 
noted as correct or incorrect. Memory capacity was evaluated 
through the immediate and delayed recall of ten words, awarding 
points for each correctly recalled word. Orientation and attention 
were measured using tasks such as identifying the current date and 
performing serial subtractions, with a maximum possible score of ten.

Statistical methods
Continuous variables were summarized using the mean ± 

Standard Deviation (SD) or the median with Interquartile Range 
(IQR), as appropriate. Group comparisons for these variables were 
conducted using a t-test or Mann-Whitney U test based on the 
distribution. Categorical variables were expressed as frequencies 
(percentages) and analyzed using Chi-square tests for group 
differences. To develop and evaluate the nomogram, the dataset 
was randomly divided into a training set, constituting 70% of the 
participants, and a validation set, comprising the remaining 30%. The 
training set was employed to pinpoint the most pertinent predictors 
via the LASSO regression method. Key predictors identified were 
then analyzed using multivariate logistic regression to determine 
independent predictors, adopting a p-value threshold of <0.05 for 
inclusion.

The nomogram's effectiveness was gauged using the Receiver 
Operating Characteristic (ROC) curve, with the Area under the 
Curve (AUC) statistic as the indicator of predictive precision. The 
calibration of the model was checked using the Hosmer–Lemeshow 
test and depicted through calibration plots. Furthermore, the clinical 
utility of the nomogram was examined via clinical Decision Curve 
Analysis (DCA) [16], and Clinical Impact Curve (CIC) [17], and the 
optimum threshold for clinical use was determined by identifying the 
highest Youden index. These validation steps, including evaluations 
of discriminative capacity and model calibration, were also applied to 
the validation set. All statistical procedures were performed using R 
software, version 4.3.1.



3

Wang P, et al., Clinics in Oncology - Gynecology

Remedy Publications LLC., | http://clinicsinoncology.com/ 2024 | Volume 9 | Article 2084

Results
Baseline clinical characteristics

In this study, we differentiated subjects into two groups based 
on depression status to evaluate their baseline characteristics. The 
non-depression group consisted of 358 participants with a mean age 
of 63.01 ± 9.44 years, including 152 males (42.5%) and 206 females 
(57.5%). The depression group included 216 participants, averaging 
61.63 ± 9.00 years in age, with a nearly equal gender distribution of 84 
males (38.9%) and 132 females (61.1%).

Our comparative analysis, as detailed in Supplementary Table 1, 
underscored significant distinctions in health indicators between the 
groups. Pathological features such as the prevalence of liver disease 
were markedly different. Lifestyle factors like alcohol consumption, 
smoking, and exercise habits also varied significantly, indicating 
behavioral patterns that may influence overall health outcomes. 
Besides, differences in total income and cognitive scores were notable, 
reflecting the physiological and socio-economic changes associated 
with varying health conditions.

Association of candidate predictive variables with 
depression

An initial analysis was carried out to ascertain the AUC values 
for each potential predictor, subsequently arranging these values 
in descending order as illustrated in Figure 1. Following the 
examination of these outcomes, it was observed that the AUC values 
for all assessed variables, except for education, insurance, drinking, 
gender, exercise, hypertension, and dyslipidemia, exceeded 0.5. Given 
that the correlations among variables were deemed to be within 
acceptable ranges, a multifactor analysis was initiated to identify the 
ultimate predictors.

The LASSO regression method pinpointed 14 variables with 
significant coefficients in the training set, specifically sleep quality, 

rural, self-perceived health, lunge, arthritis, digestive disease, 
memory disorder, life satisfaction, social activities, education, 
insurance, age, cognitive function, activity of daily living dependence, 
and sedentary lifestyle (Figure 2). Further analysis through multiple 
logistic regression confirmed six variables as independent predictors 
of depression, yielding the following results: Rural (Odds Ratio [OR]: 
1.957, 95% Confidence Interval [CI]: 1.136–3.371, P=0.016), self-
perceived health (OR: 0.649, 95% CI: 0.477–0.884, P=0.006), memory 
disorder (OR: 5.508, 95% CI: 1.637–18.540, P=0.006), arthritis (OR: 
2.209, 95% CI: 1.268–3.848, P=0.005), life satisfaction (OR: 0.243, 95% 
CI: 0.156–0.380, P=0.001) and cognitive function (OR: 0.912, 95% CI: 
0.834–0.996, P=0.041). These identified factors were integrated into 
the construction of the nomogram (Figure 3A). To refine the model, 
logistic regression was employed to identify and retain only the six 
most impactful variables, resulting in a streamlined version of the 
simple model (Figure 3B).

Prediction of depression in the development and 
validation groups

The efficacy of the nomogram was evaluated using ROC curve 
analysis across several cohorts. In the training group, the AUC was 
0.847 (95% CI: 0.808-0.886), illustrated in Figure 4A. For the test 
group, the AUC improved to 0.902 (95% CI: 0.784-0.915), as shown 
in Figure 4B. The development cohort, using a reduced model, 
achieved an AUC of 0.854 (95% CI: 0.821-0.887), detailed in Figure 
4C. Additionally, external validation demonstrated a consistent 
performance with an AUC of 0.827 (95% CI: 0.762-0.892), presented 
in Figure 4D, along with the corresponding calibration curve. 
This additional validation reinforces the nomogram's accuracy in 
forecasting depression, underlining its prospective value in clinical 
environments. These outcomes highlight the nomogram model's 
excellent capacity for discrimination and its predictive accuracy. At the 
maximum Youden index, the optimal cut-off value in the training set 
was 0.55. Calibration curves for both cohorts showed that the model's 

Figure 1: AUC Values for Health and Economic Predictors. This figure presents the Area under Curve (AUC) for several predictors, illustrating their diagnostic 
accuracy in a predictive model.



4

Wang P, et al., Clinics in Oncology - Gynecology

Remedy Publications LLC., | http://clinicsinoncology.com/ 2024 | Volume 9 | Article 2084

predicted probabilities align closely with actual outcomes, forming an 
approximate 45-degree angle. This alignment was further supported 
by the Hosmer-Lemeshow test, which indicated no significant lack 
of fit, with p-values of 0.910 in the training cohort. These results 
indicate a strong agreement between the model's predictions and 
observed realities, underscoring its reliability in estimating the risk 
of depression (Figure 5A-5C). DCA (Figure 5D, 5E) and CIC (Figure 
5F) revealed that the model provides substantial net benefits in the 
detection of depression risk within both sets, affirming its clinical 
value.

Discussion
Despite the existence of predictive models for depression in 

specific cancer patient subgroups, a comprehensive tool for accurately 
identifying at-risk individuals among broader cancer survivor 
populations remains undeveloped. Addressing this gap, our study 
leveraged data from the CHARLS collected in 2011, 2013, 2015, 2018, 
and 2020 to develop a nomogram. This model is designed to accurately 
predict the likelihood of depression among cancer survivors. While 
this method may sacrifice some degree of precision, it significantly 
enhances the utility of the model by making it applicable for initial 
depression screening across diverse cancer survivor groups.

This study found that cancer patients living in rural areas are more 
prone to depression compared to urban residents [18]. This may be 
due to the relative scarcity of medical resources in rural areas, the 
difficulty in accessing medical services, and the less developed social 
and psychological support systems compared to those in cities, all of 
which could exacerbate the psychological stress of patients [19,20]. 
Additionally, cultural factors and a lack of health education might 
also impact the mental health status of rural residents. Therefore, 
providing more mental health resources and support for rural cancer 
patients is particularly crucial [21].

Additionally, our research identified self-assessed health status 
as a key predictive factor for depression [22,23]. Survivors who 
hold negative views of their own health show a high sensitivity to 
depressive symptoms. This association may stem from a heightened 
focus on the adverse physical consequences of cancer treatment, 
such as ongoing pain and fatigue, which severely impact the quality 

of life [24,25]. Conversely, a positive view of health is associated 
with lower rates of depression, highlighting the importance of 
psychological interventions that address not only physical symptoms 
but also enhance health perception and coping strategies [26]. This 
finding underscores the significance of psychological attitude in 
managing emotional health within chronic disease management [27]. 
Implementing active psychological interventions, such as cognitive-
behavioral therapy, may help improve patients’ psychological states 
and thereby reduce the risk of depression [28]. Moreover, the 
study indicates that arthritis is associated with an increased risk of 
depression among cancer patients. Long-term pain and restricted 
activity may not only affect physical health but also negatively impact 
mental states [29]. This finding suggests that healthcare providers 
should pay attention to joint health and pain management while 
treating cancer, in order to reduce psychological stress and improve 
quality of life.

This study shows that life satisfaction is significantly correlated 
with the depressive states of cancer patients, indicating that high 
life satisfaction can significantly reduce the risk of depression. Life 
satisfaction may be influenced by a variety of factors, including social 
relationships, economic status, and a sense of personal achievement 
[30]. Therefore, improving the life satisfaction of cancer patients, such 
as through enhanced social support and psychological counselling 
services, may be an effective way to prevent and treat depression. 
These results not only enhance our understanding of the risk factors 
for depression among cancer patients but also provide important 
guidance for clinical practice and public health strategies, especially 
in terms of how to holistically consider biomedical and socio-
psychological factors to optimize the overall health management of 
cancer patients [8].

A robust predictive model provides a scientific basis for 
implementing targeted interventions that can significantly improve 
patient outcomes. For example, Aarathi et al. applied digital cognitive-
behavioral therapy interventions, effectively reducing depressive 
symptoms, and demonstrating the potential of precise interventions 
[31]. Similarly, Meenakshi et al. proposed a model-based strategy 
to manage personalized physical activity programs, which not only 
alleviated depressive symptoms but also improved overall physical 

Figure 2: LASSO Regression for Feature Selection. This figure illustrates feature selection using LASSO regression in two parts: (A) showcases the coefficient 
profiles against varying logarithmic lambda values, identifying non-zero coefficients at the optimal lambda as key features; (B) presents the selection of the optimal 
lambda via 10-fold cross-validation, marked by the minimum criterion plus one standard error. This method effectively highlights the most relevant demographic 
and clinical predictors for the model.



5

Wang P, et al., Clinics in Oncology - Gynecology

Remedy Publications LLC., | http://clinicsinoncology.com/ 2024 | Volume 9 | Article 2084

Figure 3: Nomograms for Predicting Depression Probability. This figure showcases two nomograms for estimating depression risk in a development group: 
(A) the full model, utilizing an extensive range of predictors, and (B) the simplified model, focusing on key factors for a quicker assessment. Both models aim to 
provide an accessible means for calculating individual depression likelihood.
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Figure 4: ROC Curves for Depression Prediction. This figure illustrates the evaluation of depression prediction models in fracture patients, featuring ROC curves 
for the training, test, and external validation dataset (A-D).

Figure 5: Nomogram Calibration Curves. This figure displays calibration curves for the nomogram's depression predictions in the training set (A), test set (B), 
and external verification (C), measuring the accuracy of predicted probabilities against actual outcomes. (D) and (E): Clinical Decision Curve Analysis (DCA). The 
x-axis represents the range of threshold probabilities, while the y-axis shows the net benefit calculated relative to the standard strategies of treating all or none. (F): 
This panel illustrates the Clinical Impact Curve (CIC), showing the number of patients who would be positively diagnosed by the model across varying threshold 
probabilities (x-axis) and how many of these are true positive cases (y-axis).



7

Wang P, et al., Clinics in Oncology - Gynecology

Remedy Publications LLC., | http://clinicsinoncology.com/ 2024 | Volume 9 | Article 2084

function [32]. These examples highlight the transformative impact 
of data-driven interventions. As models incorporate data from a 
broader population, their predictive accuracy is expected to improve. 
This enhancement will enable more precise interventions, potentially 
more effectively mitigating the risk of depression among cancer 
survivors.

This study has several limitations. Firstly, the nomogram 
developed is based on data exclusively from China, raising concerns 
about its applicability to other regions or countries. Further 
validation using international datasets is necessary to confirm its 
external validity. Secondly, the study employs a retrospective design 
without long-term follow-up of cancer survivors, which may restrict 
our understanding of the disease progression dynamics and limit 
the depth of the model’s predictive capabilities. Additionally, the 
specific severity of cancer in the patient cohort was not accounted for, 
potentially introducing bias into the findings. Future research should 
incorporate long-term follow-up data to refine and enhance the 
accuracy of the current predictive model. These steps are crucial for 
ensuring the model’s relevance and utility in broader clinical settings.

Conclusion
This study utilizes CHARLS data and multicenter data to develop 

a nomogram that serves as an effective tool for predicting depression 
risk among cancer survivors. The model exhibits strong clinical 
predictive capabilities, enabling the accurate identification of those at 
high risk for depression.
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