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Abstract 

Depression represents a major concern for cancer survivors, and early detection of depressive 

symptomatology is essential for timely intervention. This work set out to construct and validate 

a model capable of estimating depression risk in cancer survivors. A total of 2,279 cancer 

survivors from the National Health and Nutrition Examination Survey (NHANES) were 

analyzed. Participants were randomly divided into training and validation cohorts at a 7:3 ratio. 

Independent determinants of depression—defined as a PHQ-9 score ≥ 10—were identified 

using least absolute shrinkage and selection operator regression followed by multivariable 

logistic regression, and these factors were incorporated into a nomogram. Model discrimination 

was evaluated through receiver operating characteristic analysis, and its reliability was 

examined using calibration plots, the Hosmer–Lemeshow goodness-of-fit test, and decision 

curve analysis. Seven predictors were ultimately retained: age, education, poverty-to-income 

ratio, smoking behavior, congestive heart failure, sleep disorders, and number of cancers. A 

nomogram based on these variables was created. The area under the curve in the training cohort 

reached 0.802 (95% CI: 0.767–0.836), while the validation cohort yielded 0.794 (95% CI: 

0.740–0.849). Bootstrapped internal validation generated an optimism-adjusted AUC of 0.812 

(95% CI: 0.784–0.840). Calibration assessments confirmed strong agreement between predicted 

and observed risks, and decision curve analysis demonstrated meaningful clinical benefit. 

Collectively, this study presents a nomogram capable of estimating depression risk among 

cancer survivors, offering a potentially valuable tool for recognizing individuals who may 

require further psychological evaluation. 
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Introduction 

With continual progress in cancer screening and 

therapeutic modalities, the number of cancer survivors has 

risen substantially over recent decades [1]. Although 

extended survival is increasingly achievable, individuals 

who have lived through cancer frequently continue to 

experience a wide array of adverse consequences. 

Persistent physical symptoms, treatment-related 

complications, and disruptions to daily functioning—

including work, interpersonal relationships, and lifestyle 

habits—remain common after the completion of therapy 

[2]. As a result, depression has emerged as a pervasive 

concern within the cancer survivor population [3]. 

Compared with adults in the general community, people 

with cancer are estimated to exhibit nearly double the 
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prevalence of major depressive disorder [4]. A meta-

analysis reported that in non-palliative contexts, 

approximately 16.3% of cancer patients experience 

depression (95% CI: 13.4–19.5%) [5]. Importantly, 

depressive symptoms may arise at any point along the 

survivorship continuum [6]. 

The coexistence of depression and cancer imposes wide-

ranging negative consequences on survivors’ health 

outcomes and overall functioning. Depressive symptoms 

diminish quality of life, hinder adherence to treatment 

plans and follow-up care, and may even accelerate disease 

progression [7]. Depression is also associated with 

elevated inflammatory activity and impaired immune 

responses [8]. Moreover, depression substantially 

heightens the risk of suicidal ideation [9]. Over time, it has 

been recognized as an independent predictor of both 

cancer-specific and all-cause mortality [10]. Given these 

far-reaching implications, timely recognition of 

depression in cancer survivors is essential. 

However, depressive symptoms in cancer survivors are 

often overlooked [11]. Emotional distress may be 

dismissed as an expected reaction to diagnosis or masked 

by somatic manifestations such as fatigue. Additionally, 

the determinants of depression in this population are 

multifaceted, encompassing sociodemographic factors 

like age, sex, race, educational level, and marital status 

[12], as well as behavioral characteristics, comorbid 

physical illnesses, and cancer-related features such as 

tumor type [13]. Thus, a practical and accurate tool that 

can help clinicians anticipate depression risk among 

cancer survivors is of substantial value. 

A nomogram provides a visual mechanism for 

transforming complex statistical models into intuitive 

prognostic tools, enabling clinicians to estimate 

individualized risk and support decision-making [14]. 

Although machine-learning models may offer improved 

predictive performance, their limited interpretability often 

restricts clinical implementation. Nomograms, by 

contrast, supply transparent and user-friendly 

representations of predictive relationships. Previous 

efforts have produced nomograms aimed at forecasting 

depression among individuals with colorectal [15], breast 

[16, 17], and lung cancers [18]. These tools, however, 

primarily target single cancer types and frequently rely on 

inpatient populations, potentially limiting applicability to 

broader groups of cancer survivors living in the 

community. Research addressing depression risk across 

diverse cancer types remains scarce. A recent investigation 

by Zuo and Yang [19] introduced a dynamic nomogram 

constructed from four factors using NHANES data, but 

that model did not integrate several clinically meaningful 

variables, including comorbid conditions and cancer-

related attributes such as the number of tumors. 

In line with earlier findings, we posited that a concise set 

of readily accessible demographic, clinical, and lifestyle 

indicators could be synthesized into an effective model for 

detecting depression risk among cancer survivors. 

Drawing on NHANES—a nationally representative, large-

scale cross-sectional survey conducted in the United 

States—we sought to broaden the range of evaluated 

factors and develop a nomogram capable of estimating 

depression risk in adult cancer survivors. The primary aim 

of this study was to construct a more comprehensive 

predictive tool to facilitate the identification and 

appropriate management of survivors at heightened risk 

for depression. 

Materials and Methods 

Study design and data source 

This study employed a secondary analysis of data drawn 

from the cross-sectional National Health and Nutrition 

Examination Survey (NHANES). NHANES is a 

nationwide program in the United States conducted in 

biennial cycles, designed to generate health and nutritional 

information that reflects the demographic composition of 

the national population. For this investigation, the 

combined NHANES cycles from 2005 to 2018—spanning 

seven 2-year waves—served as the analytical foundation. 

NHANES is publicly accessible, and all procedures were 

approved by the Ethics Review Committee of the National 

Center for Health Statistics (NCHS). Written informed 

consent was obtained from all study participants, and all 

analyses adhered to the ethical standards outlined in the 

Declaration of Helsinki. 

Participants 

Cancer status was determined using self-reported 

responses from the NHANES “Medical Conditions 

Questionnaire.” Participants were asked, “Have you ever 

been told by a doctor or other health professional that you 

had cancer or a malignancy of any kind?” Individuals 

responding “yes” were classified as cancer survivors. 

Eligible participants were required to be at least 20 years 

old and have a documented history of cancer or 

malignancy. Exclusion criteria consisted of age under 20 

years, absence of a cancer diagnosis, and incomplete 

information regarding PHQ-9 scores or other essential 

covariates. From an initial pool of 70,190 survey entries, 

3782 adults reported having cancer. After removing cases 

with incomplete or invalid data, the final analytic sample 

comprised 2279 cancer survivors. 

Assessment of depression 

Depression severity was evaluated using the Patient 

Health Questionnaire-9 (PHQ-9), a validated instrument 

composed of nine symptom-based items. The 
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questionnaire assesses domains such as anhedonia, low 

mood, sleep disturbances, fatigue, appetite change, 

negative self-perception, impaired concentration, 

psychomotor changes, and suicidal ideation. Each item is 

rated from 0 (not at all) to 3 (nearly every day), producing 

a composite score ranging from 0 to 27. Higher totals 

indicate greater depressive severity. Consistent with prior 

research, PHQ-9 scores ≥10 were treated as indicative of 

clinically relevant depression [20]. 

Data selection and interpretation of predictors 

The analysis incorporated a broad set of 

sociodemographic, behavioral, and clinical variables 

previously linked to depression and cancer outcomes. 

Demographic indicators included age, sex, racial/ethnic 

classification, educational level, and marital status. Age 

was grouped into 20–44, 45–64, and ≥65 years, aligning 

with standard NCHS life-stage categories [21]. 

Socioeconomic position was measured using the poverty-

to-income ratio (PIR), which was divided into <1.3, 1.3–

3.5, and >3.5, representing decreasing economic security 

[22]. Lifestyle measures consisted of smoking behavior, 

alcohol consumption, sleep duration, and body mass 

index. Comorbid conditions were identified from self-

reports on the “Medical Conditions Questionnaire,” with 

affirmative responses indicating the presence of each 

illness. 

Cancer-related information was also obtained from self-

report items. The number of cancers an individual had 

experienced (one, two, or multiple) and the reported 

cancer type were recorded. The initial cancer reported was 

treated as the primary cancer and classified according to 

anatomical system categories [23]: non-melanoma skin, 

genitourinary, breast, gynecologic, 

digestive/gastrointestinal, skin unspecified, and 

melanoma. Less common cancers were aggregated into an 

“other” group. Information on age at diagnosis and 

duration since diagnosis was computed using the time 

interval between the reported cancer onset and the 

examination date. Additionally, laboratory variables 

relevant to routine monitoring in cancer survivors—such 

as blood cell counts, liver function markers, renal indices, 

and lipid profiles—were extracted. 

Statistical analysis 

Survey weighting procedures were applied to ensure 

national representativeness. NHANES stratification 

(SDMVSTRA), clustering (SDMVPSU), and MEC 

examination weights (WTMEC2YR) were incorporated 

according to analytic guidelines. Continuous variables 

were summarized as weighted means ± standard 

deviations and compared using weighted independent-

samples t-tests. Categorical variables were expressed as 

weighted frequencies or percentages, with differences 

assessed using the Pearson chi-square test. 

Participants were randomly assigned to training and 

validation sets in a 7:3 ratio for model development. 

Variable reduction was performed using least absolute 

shrinkage and selection operator (LASSO) regression, 

after which weighted multivariable logistic regression was 

used to determine independent predictors of depression. A 

nomogram for estimating depression risk among cancer 

survivors was constructed using the final predictors. 

Robustness was evaluated through sensitivity analyses 

involving multiple imputation (m = 20) using the mice R 

package. For each imputed dataset, LASSO and 

multivariable logistic regression were repeated, and results 

were combined using Rubin’s rules. 

Discriminative performance in the training and validation 

sets was quantified using the area under the receiver 

operating characteristic curve (AUC). Internal validation 

relied on 1000-sample bootstrapping to derive optimism-

corrected performance metrics. Calibration was assessed 

with calibration plots comparing predicted and observed 

probabilities; proximity to the ideal 45-degree reference 

line indicated accurate prediction. The Hosmer–

Lemeshow goodness-of-fit test provided additional 

evaluation of calibration. Decision curve analysis (DCA) 

was conducted to examine the potential clinical utility of 

the model across a range of threshold probabilities. 

Statistical significance was defined as P < .05. All analyses 

were conducted with R version 4.2.1 (R Foundation for 

Statistical Computing, Vienna, Austria). 

Results and Discussion 

Baseline characteristics 

The final sample included 2279 cancer survivors, among 

whom 241 individuals (10.6%) met the PHQ-9 criteria for 

depression and 2038 (89.4%) did not, yielding a weighted 

depression prevalence of 9.0%. Compared with their non-

depressed counterparts, cancer survivors with depression 

tended to be middle-aged, predominantly female, have 

lower educational attainment, and exhibit reduced PIR 

values. Depressed individuals also showed higher 

frequencies of coronary heart disease, stroke, asthma, 

arthritis, congestive heart failure, angina, and chronic 

bronchitis. Additionally, shorter sleep duration, elevated 

rates of sleep disorders, and higher smoking prevalence 

were observed. Significant differences between groups 

were likewise identified for race, age at cancer diagnosis, 

cancer type, HDL levels, blood urea nitrogen, and 

triglycerides. Weighted descriptive statistics are provided 

in Table 1. 

The dataset was randomly partitioned into a training set (n 

= 1594) and a validation set (n = 685) in a 7:3 ratio. 

Comparative analyses demonstrated that the two subsets 
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did not differ significantly across baseline variables (P > 

.05), supporting their suitability for model construction 

and evaluation. 

 

Table 1. Characteristics of cancer survivors with and without depression included in the study 

Variables Without Depression* With Depression* Overall* P-value† 

Total N = 2,038 (91.0%) N = 241 (9.0%) N = 2,279 (100.0%)  

Age (years)    <.001 

20–44 184 (11.5%) 45 (20.0%) 229 (12.3%)  

45–64 600 (36.8%) 107 (53.1%) 707 (38.2%)  

≥65 1,254 (51.7%) 89 (27.0%) 1,343 (49.5%)  

Gender    .031 

Male 989 (44.1%) 80 (33.6%) 1,069 (43.1%)  

Female 1,049 (55.9%) 161 (66.4%) 1,210 (56.9%)  

Race/Ethnicity    .001 

Non-Hispanic White 1,482 (88.8%) 152 (80.0%) 1,634 (88.0%)  

Non-Hispanic Black 270 (4.5%) 29 (6.1%) 299 (4.6%)  

Mexican American 100 (1.7%) 32 (4.8%) 132 (2.0%)  

Other Hispanic 117 (2.2%) 14 (2.1%) 131 (2.1%)  

Other (including multi-racial) 69 (2.9%) 14 (7.0%) 83 (3.3%)  

Education level    <.001 

Less than 9th grade 156 (3.8%) 43 (9.3%) 199 (4.3%)  

9–11th grade 219 (7.3%) 39 (12.1%) 258 (7.7%)  

High school graduate/GED 458 (20.3%) 55 (26.4%) 513 (20.8%)  

Some college or associate degree 611 (32.0%) 74 (37.7%) 685 (32.5%)  

College graduate or higher 594 (36.7%) 30 (14.5%) 624 (34.7%)  

Poverty Income Ratio (PIR)    <.001 

<1.3 411 (12.3%) 122 (37.6%) 533 (14.6%)  

1.3–3.5 841 (36.2%) 86 (40.4%) 927 (36.6%)  

≥3.5 786 (51.5%) 33 (22.1%) 819 (48.9%)  

Marital status    <.001 

Married 1,225 (64.0%) 98 (48.8%) 1,323 (62.6%)  

Widowed 337 (13.4%) 41 (13.1%) 378 (13.3%)  

Divorced 241 (11.2%) 56 (21.3%) 297 (12.1%)  

Separated 55 (2.2%) 16 (6.5%) 71 (2.6%)  

Never married 112 (5.6%) 23 (7.2%) 135 (5.7%)  

Living with partner 68 (3.7%) 7 (3.2%) 75 (3.6%)  

Body Mass Index (BMI)    .10 

Underweight (<18.5) 33 (1.7%) 3 (0.9%) 36 (1.7%)  

Normal (18.5–24.9) 534 (28.2%) 61 (24.3%) 595 (27.8%)  

Overweight (25.0–29.9) 735 (35.3%) 68 (30.2%) 803 (34.9%)  

Obese (≥30.0) 736 (34.8%) 109 (44.6%) 845 (35.6%)  

Comorbid conditions     
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Diabetes 358 (14.5%) Yes 60 (16.5%) Yes 418 (14.6%) Yes .4 

Coronary heart disease 168 (6.6%) Yes 32 (11.9%) Yes 200 (7.1%) Yes .009 

Stroke 157 (5.3%) Yes 36 (11.8%) Yes 193 (5.9%) Yes <.001 

Asthma 311 (16.4%) Yes 61 (24.9%) Yes 372 (17.2%) Yes .029 

Arthritis 1,021 (48.0%) Yes 156 (62.0%) Yes 1,177 (49.3%) Yes .004 

Congestive heart failure 121 (4.9%) Yes 32 (11.1%) Yes 153 (5.5%) Yes <.001 

Angina 102 (3.8%) Yes 22 (9.0%) Yes 124 (4.3%) Yes .003 

Heart attack 174 (6.5%) Yes 31 (9.6%) Yes 205 (6.8%) Yes .073 

Chronic bronchitis 169 (9.2%) Yes 44 (17.7%) Yes 213 (10.0%) Yes .001 

Thyroid problems 390 (19.7%) Yes 52 (22.0%) Yes 442 (19.9%) Yes .5 

Sleep duration    .001 

≤7 hours 1,129 (53.2%) 159 (67.2%) 1,288 (54.4%)  

7–9 hours 806 (42.6%) 67 (27.6%) 873 (41.2%)  

>9 hours 103 (4.2%) 15 (5.2%) 118 (4.3%)  

Sleep disorder 661 (35.3%) Yes 155 (70.7%) Yes 816 (38.5%) Yes <.001 

Smoking status    <.001 

Current smoker 270 (13.8%) 85 (38.0%) 355 (15.9%)  

Former smoker 823 (39.0%) 79 (32.1%) 902 (38.4%)  

Never smoker 945 (47.3%) 77 (29.9%) 1,022 (45.7%)  

Alcohol consumption    .8 

Current drinker 1,460 (76.3%) 168 (76.8%) 1,628 (76.3%)  

Former drinker 323 (13.4%) 43 (14.4%) 366 (13.5%)  

Never/lifetime abstainer 255 (10.3%) 30 (8.9%) 285 (10.1%)  

Hypertension 1,153 (50.6%) Yes 142 (53.4%) Yes 1,295 (50.9%) Yes .5 

Age at cancer diagnosis (years), mean (SD) 51.12 (16.87) 44.10 (16.49) 50.49 (16.96) <.001 

Years since cancer diagnosis, mean (SD) 11.69 (11.46) 11.92 (10.77) 11.71 (11.40) .8 

Number of cancers    .2 

1 1,836 (89.6%) 212 (87.0%) 2,048 (89.4%)  

2 186 (9.4%) 23 (10.6%) 209 (9.5%)  

≥3 16 (1.0%) 6 (2.5%) 22 (1.1%)  

Cancer type    <.001 

Non-melanoma skin 360 (23.4%) 27 (16.9%) 387 (22.8%)  

Genitourinary 357 (11.5%) 24 (8.4%) 381 (11.2%)  

Breast 313 (14.0%) 38 (13.9%) 351 (14.0%)  

Gynecological 244 (12.1%) 65 (27.4%) 309 (13.4%)  

Digestive/gastrointestinal 198 (7.7%) 32 (8.6%) 230 (7.8%)  

Skin (unknown type) 159 (9.3%) 17 (7.0%) 176 (9.1%)  

Melanoma 130 (7.8%) 11 (5.8%) 141 (7.6%)  

Other 277 (14.4%) 27 (12.0%) 304 (14.1%)  

Laboratory measures, mean (SD)     

Total cholesterol (mmol/L) 5.08 (1.15) 5.19 (1.23) 5.09 (1.15) .3 

HDL cholesterol (mmol/L) 1.44 (0.46) 1.31 (0.43) 1.42 (0.46) <.001 

Hemoglobin A1c (%) 5.75 (0.81) 5.88 (1.14) 5.76 (0.84) .13 
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Albumin (g/L) 5.56 (2.32) 4.90 (2.40) 5.50 (2.34) .001 

Creatinine (µmol/L) 42.30 (3.17) 41.97 (3.64) 42.27 (3.21) .3 

Blood urea nitrogen (mg/dL) 83.76 (38. 24) 81.21 (37.82) 83.53 (38.20) .4 

Aspartate aminotransferase (U/L) 25.56 (11.38) 26.11 (16.00) 25.61 (11.86) .6 

Alanine aminotransferase (U/L) 23.73 (14.92) 25.80 (22.12) 23.91 (15.71) .15 

Triglycerides (mmol/L) 1.81 (1.76) 2.11 (1.53) 1.84 (1.74) .053 

*n (unweighted) (% (weighted)); mean (SD) or frequency (percentage). 

†Pearson’s X2: Rao & Scott adjustment; design-based t-test. 

Predictor screening and nomogram construction 

To identify the variables most relevant for model 

development, predictor reduction was carried out through 

LASSO regression using a 10-fold cross-validation 

procedure. The regularization parameter was selected 

according to the one-standard-error criterion (lambda.1se), 

ensuring a parsimonious and stable model. The initial pool 

consisted of 62 potential predictors spanning demographic 

features, socioeconomic indicators, chronic disease 

history, cancer-specific measures, and biochemical 

laboratory values. Following penalization, LASSO 

retained 11 variables with non-zero coefficients (Figure 

1). No additional subjective removal of borderline 

predictors was undertaken after the automated selection. 

Subsequently, weighted multivariable logistic regression 

was used to validate the LASSO-derived variables. This 

analysis identified seven predictors with statistically 

significant independent associations with depression risk 

(Table 2). These included being in the middle-age 

category, having lower educational attainment, reduced 

PIR, a history of congestive heart failure, the presence of 

sleep disorders, current smoking behavior, and having 

multiple cancer sites.  

 

 
a) 

 
b) 

Figure 1. (a) Trajectory of coefficient estimates 

generated through the LASSO regression procedure. (b) 

Cross-validation plot illustrating the tuning of the 

LASSO penalty parameter. 

 

Table 2. Results of multivariate logistic regression for variables identified by LASSO. 

Variables P-value 95% CI OR 

Age <.001   

45–64  — — 

20–44  0.25, 1.07 0.52 

≥65  0.23, 0.64 0.39 

Education .013   

<9th grade  — — 

9–11th grade  0.18, 1.06 0.43 
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High School graduate or equivalent  0.26, 1.50 0.62 

Some college or AA degree  0.28, 1.54 0.65 

College graduate or above  0.10, 0.67 0.26 

PIR <.001   

<1.3  — — 

1.3–3.5  0.32, 0.96 0.55 

≥3.5  0.15, 0.51 0.27 

Congestive heart failure <.001   

Yes  — — 

No  0.15, 0.60 0.29 

Sleep disorder <.001   

Yes  — — 

No  0.15, 0.38 0.24 

Smoking status .012   

Current  — — 

Former  0.20, 0.85 0.42 

Never  0.22, 0.77 0.41 

Number of cancer .035   

1  — — 

2  0.75, 3.61 1.65 

Multiple  1.33, 34.3 6.76 

Age at cancer diagnosis .3 0.97, 1.01 0.99 

Cancer type .5   

Skin (non-melanoma)  — — 

Genitourinary  0.56, 3.30 1.36 

Breast  0.43, 2.63 1.07 

Gynecological  0.49, 2.89 1.19 

Digestive/Gastrointestinal  0.38, 1.71 0.81 

Skin (unknown kind)  0.38, 2.50 0.97 

Melanoma  0.22, 2.66 0.77 

Other  0.24, 1.71 0.64 

Hemoglobin A1c .2 0.92, 1.47 1.16 

Aspartate aminotransferase (AST) .10 1.00, 1.02 1.01 

CI: confidence interval, LASSO: least absolute shrinkage and selection operator, OR: odds ratio, PIR:  poverty-to-income ratio. 

Findings from the multiple imputation sensitivity 

assessment further reinforced the stability of the complete-

case results. The same 7 baseline predictors continued to 

show statistically meaningful associations, and both their 

estimated effects and corresponding confidence intervals 

remained virtually unchanged. The analysis did not reveal 

any new significant predictors. Using these 7 established 

predictors, we developed a nomogram that visually 

translates the model into an individualized risk-estimation 

tool for depression among cancer survivors, illustrated in 

Figure 2. In this diagram, each predictor contributes a 

defined number of points on the upper scoring scale; these 

individual point contributions are then summed. The 

cumulative total is matched to the total-points line, which 

in turn yields the estimated probability of depression on 

the final risk scale. To illustrate its application, consider a 

70-year-old individual with primary-school education, a 

PIR of 1.0, no congestive heart failure, presence of a sleep 

disorder, no history of smoking, and a single cancer site. 

Their combined score would reach 202 points, 

corresponding to an estimated depression probability of 

roughly 48%. 
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Figure 2. Nomogram for estimating depression risk in cancer survivors. 

Predictive model validation 

The accuracy of the constructed nomogram was evaluated 

using receiver operating characteristic (ROC) curves in 

both the training and validation datasets. The model 

displayed strong discriminative ability, with area under the 

curve (AUC) values of 0.802 (95 percent CI: 0.767–0.836) 

for the training cohort and 0.794 (95 percent CI: 0.740–

0.849) for the validation cohort, reflecting reliable 

predictive performance (Figure 3). To further assess the 

stability of the model, bootstrap resampling with 1000 

iterations was conducted, resulting in an optimism-

adjusted AUC of 0.812 (95 percent CI: 0.784–0.840). 

 

a) 

 

b) 

Figure 3. ROC analysis for the training set (a) and 

validation set (b). 

 

Prediction accuracy was further evaluated using 

calibration curves for both datasets. As shown in Figure 

4, the predicted probabilities closely matched the observed 

outcomes, with curves aligning near the ideal 45-degree 

line. In the training cohort, the calibration slope was 1.00 

with an intercept near 0, whereas in the validation cohort, 

the slope was 1.01 and the intercept −0.03. Additionally, 

the Hosmer–Lemeshow test supported the model’s 

calibration, yielding nonsignificant P-values of 0.112 for 
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the training set and 0.475 for the validation set, confirming 

satisfactory agreement between predicted and actual 

outcomes. 

 

 

a) 

 

b) 

Figure 4. Calibration curves depicting the nomogram’s 

predictive performance in the training set (a) and 

validation set (b). 

The clinical relevance of the nomogram was examined 

through decision curve analysis, which evaluates the net 

benefit of using the model across varying risk thresholds. 

In these plots, the x-axis represents different probability 

thresholds, while the y-axis shows the corresponding net 

benefit, facilitating a comparison of the model’s added 

value relative to alternative strategies. Figure 5 

demonstrates that the nomogram consistently provides a 

positive net benefit in both the training and validation 

cohorts, indicating that it could meaningfully inform 

clinical decisions and support risk-guided management in 

cancer survivors. 

 

 

a) 

 

b) 

Figure 5. Decision curve analysis (DCA) for the 

training set (a) and validation set (b). 

Using nationally representative NHANES data from 

2005–2018, this study developed and validated a 

predictive nomogram to assess depression risk among 

cancer survivors. Multivariable analysis revealed seven 

significant predictors: middle-aged status, lower 

educational attainment, reduced poverty-income ratio, 

current smoking, presence of congestive heart failure, 

sleep disturbances, and multiple cancer sites. The 

nomogram showed strong discriminative ability and 

practical clinical utility through extensive validation. 

Our findings indicate that middle-aged cancer survivors 

have a higher likelihood of depression, consistent with 

prior studies. Compared to older adults, those diagnosed 

during working age may face greater disruptions to 

employment and social life, leading to elevated depression 

rates [24, 25]. The study also identified low income as a 

robust predictor of depression among cancer survivors, 

aligning with previous research suggesting that limited 

financial resources exacerbate medical and living 

expenses, potentially restricting access to timely and high-
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quality care and increasing psychological stress [26, 27]. 

Furthermore, lower educational attainment emerged as a 

significant predictor of depression, with prior research on 

prostate cancer patients showing a 1.86-fold higher risk of 

depression among individuals with less education [28]. 

Limited education may hinder understanding of complex 

medical information and reduce the ability to adopt 

effective coping strategies necessary for managing cancer-

related emotional challenges [29]. 

Comorbid chronic conditions appear to further elevate 

depression risk in cancer survivors. Literature indicates 

that patients with chronic diseases have up to a 1.7-fold 

higher risk of depression than those without comorbidities 

[12]. In this study, congestive heart failure was identified 

as a notable predictor of depression. Previous evidence 

shows that up to 30% of patients with heart failure 

experience depressive symptoms [30], and this condition 

is commonly observed following cancer treatment, 

particularly in those receiving combined radiotherapy and 

chemotherapy [31, 32]. The mechanisms linking heart 

failure and depression in cancer survivors are not fully 

understood, but may involve reduced physical functioning 

and quality of life, which negatively impact mood [33], 

along with shared biological pathways such as 

neuroendocrine dysregulation [34] and elevated 

inflammatory markers (e.g., C-reactive protein and 

interleukin-6) [35, 36]. However, these explanations 

remain speculative, highlighting the need for further 

research to clarify how cardiac function affects mood in 

this population. 

Sleep disturbances were strongly associated with 

depression, with cancer survivors without sleep problems 

showing a markedly lower risk. These results are 

consistent with prior research, including a systematic 

review and meta-analysis reporting that 57.4% of cancer 

patients experience impaired sleep quality (95% CI: 53.3–

61.6%) [37], and meta-regression analyses indicate a 

positive correlation between poor sleep and comorbid 

depression [37]. Sleep problems can cause fatigue, 

cognitive deficits, and disruptions in metabolic and 

neuroendocrine function, which can diminish quality of 

life and exacerbate depressive symptoms [38, 39]. 

Additionally, consistent with existing literature [40], this 

study found that never-smokers and former smokers had 

lower depression risk compared to current smokers, 

potentially due to the pro-inflammatory effects of smoking 

that may trigger neuroimmune changes contributing to 

depression [41]. 

In this study, we also investigated cancer-specific factors 

associated with depression, identifying the number of 

tumors as a significant predictor: cancer survivors with 

multiple tumor sites had a markedly higher risk of 

depression than those with a single site (OR = 7.51, 95% 

CI: 1.66–33.90). A matched-cohort study in Japan 

reported similar findings, showing the highest depression 

risk in patients with multiple cancers compared to cancer-

free individuals [42]. Multiple tumors often reflect 

advanced disease stages or poorer overall health, and prior 

studies have linked advanced cancer stages to higher 

depression rates across various cancer types [12, 13]. The 

presence of multiple tumors can increase disease burden, 

necessitate more complex treatments, and cause greater 

somatic discomfort, while potentially triggering 

inflammation and hormonal imbalances, all of which may 

collectively heighten depression risk. 

Several prior studies have proposed predictive tools for 

depression in cancer patients. Consistent with Zuo and 

Yang (2025) [19], our study identified lower poverty-

income ratio (PIR) and sleep disturbances as key 

predictors, while also including additional clinically 

relevant factors—congestive heart failure, smoking status, 

and multiple cancer sites—that were not part of their 

model, enhancing clinical utility and risk stratification. 

Other studies on colorectal and breast cancer patients 

similarly identified lower income and multiple 

comorbidities as depression predictors [15, 16]. However, 

inpatient populations undergoing active treatment may 

have mental health influenced more heavily by treatment-

related factors such as pain, postoperative complications, 

and adjunctive therapies [15, 43]. Previous NHANES-

based models for depressive symptoms included over 20 

variables, limiting practical use and lacking validation for 

calibration and clinical efficacy [44]. In contrast, our 

approach employed LASSO regression to select variables 

before multivariable logistic regression, reducing 

overfitting and multicollinearity while simplifying the 

model. The resulting nomogram comprises seven easily 

obtainable clinical factors, and its validity and reliability 

were confirmed using calibration curves and DCA 

analysis. 

Early identification of depression among cancer survivors 

is crucial for timely intervention and improved prognosis. 

In low-income settings, depressive symptoms are often 

overlooked, as patients are more likely to present with 

advanced disease, limited treatment options, and poorer 

outcomes [27]. Additionally, primary care settings may 

lack sufficient psychiatric resources, hindering depression 

screening. The nomogram developed in this study enables 

clinicians to quantify depression risk based on seven key 

factors, facilitating early recognition of high-risk 

individuals and the delivery of targeted interventions. 

Special attention should be given to patients presenting 

with one or more of these risk factors. 

Several limitations should be acknowledged. First, 

NHANES data on medical conditions and depression rely 

on self-report or screening tools such as the PHQ-9, rather 

than clinician diagnosis, which may introduce reporting or 

recall bias. NHANES excludes institutionalized or 
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severely ill individuals, potentially causing survivorship 

bias and underestimation of depression prevalence. 

Second, the cross-sectional design precludes causal 

inferences, and unmeasured confounders—such as 

psychosocial factors and treatment-specific variables—

may influence the associations observed. Third, missing 

data were present due to the extensive covariate set, raising 

the possibility of selection bias, although multiple 

imputation sensitivity analyses yielded consistent results. 

Fourth, while internal validation was performed, the 

model lacks external validation, and its generalizability to 

non-U.S. populations, particularly in low- and middle-

income countries, remains uncertain due to differences in 

healthcare systems, cultural factors, and survivorship care. 

Future research should evaluate the model in diverse 

populations and explore additional psychosocial and 

treatment-related factors to enhance predictive accuracy. 

Conclusion 

This study developed and validated a visual nomogram to 

predict depression risk among cancer survivors, 

incorporating seven easily obtainable predictors. The 

model demonstrated strong discrimination, calibration, 

and clinical applicability, offering a practical tool for 

healthcare providers to identify high-risk individuals and 

facilitate early intervention. Future prospective studies and 

external validation are needed to assess generalizability 

across populations and healthcare settings and to confirm 

clinical utility. 
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