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Introduction: In elderly populations, depression is highly prevalent among those 
with chronic diseases and cognitive impairment, leading to distress, disability, 
and poor medical outcomes. With the aging of the population, the prevalence 
of geriatric depression is rising rapidly. The Comprehensive Geriatric Assessment 
(CGA), a multidimensional approach, evaluates medical, psychological, and 
functional capacities to identify highrisk individuals and may be correlated with 
depression in the elderly.

Methods: From 2021 to 2023, a total of 219 geriatric patients were recruited. 
These patients were divided into two groups: a modeling group of 153 patients 
and a validation group of 66 patients. We collected patients’ basic information 
and CGA results and analyzed them using univariate and multivariate regression. 
Independent variables influencing depression were identified.

Results: Multivariate regression analyses revealed that several factors had an impact 
on depression in these patients, including social support level (SSRS), Pain, Anxiety, 
Basic Activities of Daily Living (BADL) and Gender. By integrating these factors into the 
nomogram, we found good predictive performance in the training set (AUC 0.867, 
95% CI: 0.799–0.936) and in the test set (AUC 0.724, 95%CI:0.5919–0.894). The 
calibration and discrimination accuracy of the nomograms for predicting depression 
risk in the elderly were satisfactory, and the decision curve analysis demonstrated 
significant clinical utility.

Discussion: The model demonstrated robust performance in our study and may 
constitute a valuable tool for clinical screening.
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1 Introduction

Depression is a common and serious mental disorder. It has a high prevalence among the 
older population and profoundly impacts their lives. Global epidemiological data show that 
the prevalence of depression among community-dwelling older persons is approximately 
10–15% (Gundersen and Bensadon, 2023). This prevalence can be as high as 30–40% among 
older persons with chronic illnesses or those in need of long-term care (Borges et al., 2021; Li 
et al., 2022). The disease not only impairs patients’ emotional wellbeing and quality of life, but 
also significantly increases the likelihood of cognitive decline, physical illness worsening, 
suicide risk, and premature death (Wang et al., 2025; Dai et al., 2024). As the global population 
ages, the prevalence of depression in the elderly is expected to rise further. It constitutes a 
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growing public health burden due to increased functional dependence, 
dramatic increases in healthcare resource consumption, and heavy 
caregiver burden (Loyal et al., 2025; Dafsari et al., 2023). With the 
acceleration of global aging, exploring effective strategies for early 
identification and accurate prediction of geriatric depression has 
become a key breakthrough for improving health outcomes and 
optimizing healthcare resource allocation in older adults (Schutz 
et al., 2022).

Geriatric depression is a complex disorder characterized by multiple 
biological, psychological, and social factors. Studies have shown that 
reduced levels of brain-derived neurotrophic factor (BDNF) are 
associated with depressive symptoms. Additionally, some inflammatory 
factors, such as interleukin-6 (IL-6) and tumor necrosis factor-alpha 
(TNF-α), may be  associated with depression and cognitive decline 
(Borges et al., 2022; Xue et al., 2025). Furthermore, studies have shown 
that depression in the elderly results from the dynamic interaction of 
multiple factors such as quality of life, emotional health, social 
engagement, and physical health. These factors form a complex 
‘biopsychosocial’ etiological network (Han et al., 2023; Wang et al., 2020).

Studies have shown that active and healthy lifestyle factors can 
significantly buffer the risk of depression (Linnan et al., 2020): a strong 
social network provides emotional support and a sense of belonging; 
regular social activities and physical exercise play an antidepressant 
role by enhancing neuroplasticity and self-worth (Gao et al., 2024); 
and maintaining Activities of Daily Living (ADL) and Instrumental 
Activities of Daily Living (IADL) helps reduce depression risk and 
lowers the likelihood of developing depression (Cole et al., 2023). 
Leisure activities enhance social support, emotional wellbeing, and 
overall life satisfaction (Parra-Rizo et al., 2022). Maintaining these 
functions is the basis for dignity and social participation. These factors 
are not only indicators of health status, but also provide precise targets 
for preventive interventions (e.g., social promotion programs, exercise 
prescription) (Kris-Etherton et al., 2021).

Geriatric depression has a complex etiology and diverse 
manifestations. The Comprehensive Geriatric Assessment (CGA) is a 
multidimensional approach that assesses medical, psychological, and 
functional abilities (Schutz et  al., 2022). It has been shown to 
be uniquely valuable for systematically identifying predictive features 
and individuals at high risk of geriatric depression. Multiple studies 
confirm that CGA dimensions such as functional dependence, 
cognitive impairment, polypharmacy, and social isolation significantly 
predict depression development in the elderly (Dafsari et al., 2023). Its 
strength lies in its ability to go beyond a single biological perspective 
and to capture the complex biopsychosocial interactions behind 
geriatric depression (Zhang et al., 2024).

Although CGA offers a rich database for identifying geriatric 
depression risks and multidimensional risk and protective factors are 
well recognized, there is no user-friendly, visual predictive tool based 
on CGA data. This gap limits CGA’s full potential for prospective 
prediction and personalized prevention. This gap limits the full 
potential of the CGA for prospective risk prediction and personalized 

prevention. To address this critical need, this study aims to construct 
an integrated depression screening model using the core components 
of the CGA. We  hypothesized that lower levels of social support, 
greater functional impairment, and higher anxiety or pain scores—as 
measured by the CGA—would be  significantly associated with 
depressive symptoms in elderly patients.

2 Methods

2.1 Study population, general 
characteristics, and chronic diseases

A cross-sectional design was selected to explore associations 
between CGA parameters and depressive symptoms in a defined 
hospital-based elderly population. The determination of the study 
sample size followed the rule that the number of events must be at 
least 10 times the number of variables in the model (Steyerberg, 2016). 
From June 2021 to June 2023, we conducted a cross-sectional study of 
219 elderly patients from the Geriatrics Department of Fuzhou First 
General Hospital Affiliated with Fujian Medical University. All elderly 
patients aged ≥65 years with complete comprehensive geriatric 
assessment data who agreed to participate in the study were included. 
Patients unable to walk due to neuromusculoskeletal disorders, such 
as severe cerebrovascular disease, Parkinson’s disease, knee or hip 
osteoarthritis, and lumbar spinal stenosis, as well as participants with 
severe cognitive impairment, autoimmune dis-eases, severe liver and 
kidney dysfunction, or malignant tumors, were excluded from the 
study. The study was conducted in accordance with the Declaration of 
Helsinki and approved by The Ethics Committee of The Fuzhou First 
General Hospital Affiliated with Fujian Medical University (Approval 
Number: 20230304). A structured and pre-tested questionnaire was 
administered by trained clinicians to collect baseline 
sociodemographic and clinical data. Patient name, sex, age, BMI, 
hospitalization number, and chronic diseases (diabetes, cardiovascular 
disease, peptic ulcer disease) were evaluated using a custom-designed 
face-to-face interview questionnaire. Comorbidity data were initially 
collected from patient interviews and subsequently verified using 
electronic medical records, covering all records from 1 year before 
admission to 6 months after the first diagnosis. The medical record 
system used ICD-10 and ICD-9-CM codes to identify the comorbid 
conditions. Patients were randomly assigned using a computer-
generated sequence in a 7: 3 ratio to either the training (n = 153) or 
validation (n = 66) cohort.

2.2 Comprehensive geriatric assessment

A comprehensive geriatric assessment (CGA) was performed by 
trained clinicians on the first day of admission for patients who met 
the inclusion criteria. The assessment mainly included the following: 
The 15-item Geriatric Depression Scale (GDS-15), which was 
culturally validated for Chinese populations (Zhang et al., 2020), is a 
short form of the GDS and is used to screen, diagnose, and evaluate 
depression in elderly individuals. Patients with a GDS-15 score ≥5 
were considered to have clinically significant depressive symptoms, as 
per established thresholds in prior validation studies (Shin et  al., 
2019). When the critical score is <5 points indicates no depressive 

Abbreviations: CVD, Cardiovascular Disease; PUD, peptic ulcer disease; GDS, 

Geriatric Depression Scale; SAS, The Self-Assessment Scale for Anxiety; MNA, Mini 

Nutritional Assessment; SSRS, Social Support Rating Scale; AIS, Athens Insomnia 

Scale; BADL, Basic Activity of Daily Living; ROC, Receiver Operating Characteristic 

Curve; AUC, Area Under the Curve; DCA, Decision Curve Analysis.
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status, and ≥5 points indicates depressive status, the higher the score 
is, the more obvious the depression tendency. The Self-Assessment 
Scale for Anxiety (SAS) contains 20 items reflecting subjective feelings 
of anxiety, and each item is rated on a four-point scale according to 
the frequency of symptoms (Yue et al., 2020). The SAS was developed 
to assess anxiety: <50 points for no anxiety symptoms, 50–59 points 
for mild anxiety, 60–69 points for moderate anxiety and ≥69 points 
for severe anxiety. The Mini Nutritional Assessment (MNA) can 
be used to rapidly and effortlessly evaluate the nutritional status of 
geriatric patients in a reliable and noninvasive manner (Mastronuzzi 
and Grattagliano, 2019). The MNA score ranged from ≥24 points for 
good nutrition, 17–23.5 points for potentially poor nutrition and 0–17 
points for poor nutrition. The SSRS (Social Support Rating Scale) was 
originally developed by Xiao Shuiyuan in 1986 for the Chinese 
population (Mcmahon et al., 2017). It has already been widely used in 
various studies in different Chinese communities and has been shown 
to have good validity and reliability, with scores ranging from 0 to 19 
points for less social support, with scores ranging from 20 to 30 points 
for general social support and >30 points for satisfactory social 
support. The insomnia assessment included the use of the AIS scale: 
0–3 points for no insomnia disorder, 4–6 points for suspected 
insomnia, and 7–24 points for insomnia. BADL (Basic Activity of 
Daily Living) were evaluated through six subscales: Bathing, Dressing, 
Toileting, Indoor mobility, Continence of defecation, and Eating 
(Zhang et al., 2021). A total of 100 points indicated normal daily life 
function, 61–99 points indicated mild functional impairment, 41–60 
points indicated moderate functional impairment, and ≤40 points 
indicated severe functional impairment. The insomnia assessment 
included the use of the AIS (Athens Insomnia Scale): 0–3 points for 
no insomnia disorder, 4–6 points for suspected insomnia, and 7–24 
points for insomnia. The visual analog method was used for pain 
assessment, with scores ranging from 0 for no pain, 1–3 for mild pain, 
4–6 for moderate pain and 7–10 for severe pain.

2.3 Statistical analysis process

SPSS 25.0 was used for the analysis of the data. Categorical data 
are presented as frequencies and proportions, and the variables were 
compared using either the chi-square test or Fisher’s exact test in 
univariate analysis. Continuous data are expressed as medians and 
interquartile ranges, and the Mann–Whitney U test was used for 
comparisons of these variables. To obtain the most accurate results, 
variables with a p value less than 0.10 (Chen et  al., 2024) in the 
univariate analysis were subjected to stepwise backward multivariate 
logistic regression analysis. A two-tailed p value of less than 0.05 was 
considered to indicate statistical significance (p < 0.05). The adjusted 
odds ratios (aORs) and 95% confidence intervals (CIs) for the 
predictive features were obtained by means of multivariate-adjusted 
binary logistic regression. R version 3.6.11 and the “rms” and “ggplot2” 
packages were used to construct a nomogram. The significant 
predictive features identified in the multivariate analysis were selected 
for inclusion in the prediction nomogram. In the nomogram, each 
variable is assigned a distinct predicted score, and the total score is 

1 http://www.r-project.org

obtained by summing all the scores. The total predicted scores are 
then converted into predicted probabilities. The receiver operating 
characteristic (ROC) curve and the area under the curve (AUC) were 
calculated to evaluate the accuracy of the nomogram. Based on the 
cutoff points, the sensitivity and specificity were calculated. Internal 
validation was performed using 1,000 bootstrap resamples and 
Hosmer–Lemeshow test were performed to test the internal validation 
and stability of fit. In addition, calibration plots were generated, and 
decision curve analysis (DCA) was performed to quantify the 
performance ability and clinical utility of the model.

3 Results

3.1 Participant characteristics and 
predictive features

Table 1 presents the general characteristics of the 219 patients, 
including 61.2% women and 38.8% men. Many subjects were assessed 
for various factors, including Album, Mini Nutritional Assessment 
(MNA), Mini-Mental State Examination (MMSE), Anxiety, 
Cardiovascular Disease (CVD), Peptic Ulcer Disease (PUD), Diabetes, 
Pain, Insomnia, Constipation, Basic Activity of Daily Living (BADL), 
and Age.

As shown in Table  2, univariate and multivariate logistic 
regression analyses using the AIC-based backward procedure 
identified several independent factors influencing the onset of 
depression in elderly patients. These factors included SSRS 
(OR = 0.909; CI: 0.852–0.964, p = 0.002), Pain (OR = 3.092; CI: 1.128–
8.924, p = 0.031), Anxiety (OR = 2.061; CI: 1.228–3.562, p = 0.007), 
BADL (OR = 5.060; CI: 2.471–11.82, p = 0), and Gender (OR = 3.034; 
CI: 1.073–9.498, p = 0.044).

3.2 Nomogram construction and validation

Utilizing these distinct variables, we  created a nomogram to 
predict the risk of depression among senior patients, as illustrated in 
Figure 1. The location of each point is determined by the intersection 
of the respective variable with the vertical line of the point axis. By 
aggregating the points associated with each variable, we obtain the 
total risk score. The likelihood of depression can then be ascertained 
from the total score axis.

We validated this nomogram. Collectively, these results indicate 
that the nomogram is a reliable tool for predicting depression in 
patients older than 65 years. The Hosmer–Lemeshow test for the 
training set was 0.172 (p > 0.05), suggesting good calibration. At the 
optimal cutoff value of 0.273 determined by maximizing Youden’s 
index, the model demonstrated a sensitivity of 0.862 and specificity of 
0.757  in the training set (Figure 2A), and sensitivity of 0.615 and 
specificity of 0.857  in the test set (Figure  2B). The AUCs of the 
nomograms were 0.867 (95% CI: 0.799–0.936) in the training set 
(Figure 2C) and 0.724 (95% CI: 0.5919–0.894) in the test set, indicating 
robust discriminative ability in the training cohort and moderate 
generalizability in external validation.

Figure  3 presents the calibrated curve that was generated 
using the bootstrap method. This approach was iteratively 
employed 1,000 times to shape the curves, and the results 
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revealed that both the bias-adjusted and visible curves closely 
mirrored the reference line, signifying a robust correlation 
between the estimated and actual risks of depression. A 
subsequent Hosmer–Lemeshow test of model adequacy yielded a 
chi-squared statistic of 5.265 with a p value of 0.729 reinforcing 
the adequacy of the model’s fit. Furthermore, to evaluate the 
clinical significance of our nomogram, we constructed a decision 
curve analysis (DCA) plot. The DCA curve findings indicated 
that the model provides a substantial net benefit across a 
substantial threshold range, ranging from approximately 5–80%, 
thereby underlining its practicality in guiding decision-making 
in clinical contexts (Figure 4).

4 Discussion

This study represents a novel approach for constructing a 
depression screening model of depression risk in elderly patients. The 
incorporation of CGA parameters represents a significant advance in 
the field. The findings of this study indicate that a number of indicators 
are strongly associated with depression. In particular, the results 
indicate that anxiety level, pain, level of social support (SSRS), ability 
to perform activities of daily living (BADL) and gender are associated 
with depression in elderly patients. The calibration curves of the 
modeling and verification groups demonstrated that the model 
exhibited favorable discrimination and fit. Depression is characterized 

TABLE 1 Characteristics of the subjects according to the prevalence of depression, N (%).

Variable ALL N = 219 No depression, N% Depression, N% p. overall

Gender: 0.923

  Female 85 (38.81%) 66 (39.29%) 19 (37.25%)

  Male 134 (61.19%) 102 (60.71%) 32 (62.75%)

Age 87.00 [78.00; 91.00] 86.50 [78.00; 91.00] 88.00 [79.50; 92.00] 0.361

Alb 38.20 [35.25; 41.00] 38.55 [35.10; 41.10] 37.80 [35.65; 40.45] 0.782

BADL: <0.001

  No 59 (26.94%) 50 (29.76%) 9 (17.65%)

  Mild 118 (53.88%) 102 (60.71%) 16 (31.37%)

  Moderate 33 (15.07%) 13 (7.74%) 20 (39.22%)

  Severe 9 (4.11%) 3 (1.79%) 6 (11.76%)

MNA 22.00 [19.00; 25.00] 23.00 [19.00; 26.00] 20.00 [16.00; 22.75] <0.001

MMSE 24.00 [20.00; 27.00] 24.00 [20.00; 27.00] 24.00 [20.00; 26.00] 0.714

Anxiety: 0.001

  No 132 (60.27%) 110 (65.48%) 22 (43.14%)

  Mild 55 (25.11%) 42 (25.00%) 13 (25.49%)

  Moderate 23 (10.50%) 13 (7.74%) 10 (19.61%)

  Severe 9 (4.11%) 3 (1.79%) 6 (11.76%)

Pain: 0.014

  No 149 (68.04%) 122 (72.62%) 27 (52.94%)

  Yes 70 (31.96%) 46 (27.38%) 24 (47.06%)

CVD: 0.106

  No 114 (52.05%) 93 (55.36%) 21 (41.18%)

  Yes 105 (47.95%) 75 (44.64%) 30 (58.82%)

Diabetes: 0.788

  No 143 (65.30%) 111 (66.07%) 32 (62.75%)

  Yes 76 (34.70%) 57 (33.93%) 19 (37.25%)

PUD: 0.195

  No 190 (86.76%) 149 (88.69%) 41 (80.39%)

  Yes 29 (13.24%) 19 (11.31%) 10 (19.61%)

Insomnia 2.00 [0.00; 10.00] 1.50 [0.00; 7.25] 6.00 [0.00; 11.50] 0.024

SSRS 27.00 [21.00; 32.50] 28.00 [23.00; 34.00] 21.00 [15.50; 27.50] <0.001

Constipation: 0.490

  No 123 (56.16%) 97 (57.74%) 26 (50.98%)

  Yes 96 (43.84%) 71 (42.26%) 25 (49.02%)
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by a low mood or feeling sad and a loss of interest or pleasure in 
daily activities.

In the relationship between depression and anxiety, previous 
studies have suggested that anxiety and depression are causative of 
each other, with similarities in biological basis and causative factors, 
and that they can produce pathological shaping of the patient’s 
personality, which is reversible but irreversible to the physiological 
functions of the organism (Frances et al., 1992). Although anxiety and 
depression are considered two distinct entities according to the 
diagnostic criteria, anxious depression is a relatively common 

syndrome (Choi et al., 2020). Research indicates that a broad range of 
depressive and anxiety symptoms are linked to a heightened risk of 
disability in the later stages of life (Dong et al., 2020).

A study revealed that among Chinese senior citizens, those 
experiencing difficulties in basic and instrumental activities of 
daily living (BADL/IADL), particularly BADL, had a significant 
correlation with depressive symptoms (Liu et  al., 2023). The 
dynamics of this relationship are complex. Seniors often face initial 
issues with instrumental activities of daily living (IADL), 
progressing to issues with basic activities of daily living (BADL). 

TABLE 2 Independent predictors of depression in elderly patients.

Variable Univariate analysis Multivariate analysis

OR 95% CI p value OR 95% CI p value

Constipation 1.006 1.006 (0.471–2.117) 0.988

SSRS 0.915 0.915 (0.868–0.959) 0 0.91 0.909 (0.852–0.964) 0.002

Insomnia 1.034 1.034 (0.977–1.093) 0.24

PUD 1.677 1.677 (0.546–4.704) 0.338

Diabetes 1.069 1.069 (0.482–2.302) 0.866

CVD 1.997 1.997 (0.948–4.278) 0.07 2.002 2.002 (0.746–5.579) 0.172

Pain 2.05 2.05 (0.954–4.396) 0.064 3.092 3.092 (1.128–8.924) 0.031

Anxiety 2.104 2.104 (1.398–3.242) 0 2.061 2.061 (1.228–3.562) 0.007

MMSE 0.996 0.996 (0.924–1.08) 0.925

MNA 0.886 0.886 (0.812–0.964) 0.006 0.941 0.941 (0.831–1.063) 0.331

BADL 4.431 4.431 (2.475–8.652) 0 5.06 5.060 (2.471–11.82) 0

Alb 0.995 0.995 (0.917–1.081) 0.905

Age 1.023 1.023 (0.981–1.068) 0.299

Gender 1.988 1.988 (0.917–4.545) 0.09 3.034 3.034 (1.073–9.498) 0.044

FIGURE 1

The nomogram model for the prediction of depression in elderly patients.
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These issues lead to decreased purposeful actions, negative affect, 
and emotional impacts from physical decline. Impairments can 
disrupt routines and social interaction and can trigger depression 
(Bacon et al., 2016; Bruce, 2001; Luo et al., 2017). Moreover, these 
impairments can curtail daily routines and diminish social 
interaction, contributing to the onset of depression (Bacon et al., 
2016; Bruce, 2001).

Chronic pain demonstrates significant predictive value for 
depression onset and progression in elderly populations, with pain-
related functional interference emerging as the strongest independent 
predictor (Landi et al., 2005). This suggests that chronic pain may not 
only directly affect mood through biological pathways involving 
cytokines and neuroinflammation, but also indirectly by impairing 
physical function and reducing quality of life. Prospective 
investigations reveal a dose–response relationship, evidenced by a 

Hong Kong cohort study (N = 318) where baseline pain severity 
predicted depressive symptom exacerbation at 12-month follow-up 
(β = 0.32, p < 0.01) after adjusting for confounding factors (Chou and 
Chi, 2005). This temporal association is further substantiated by large-
scale data (N = 5,372) showing daily pain exposure correlates with 
44% higher depression scores (3.6 vs. 2.5 points) and 1.5–2.3 fold 
increased risks of core depressive symptoms compared to pain-free 
individuals (Landi et al., 2005).

Gender serves as a significant predictor of depression in elderly 
patients, with robust evidence highlighting sex-specific disparities in 
prevalence and clinical manifestations. These findings suggest not only 
biological (e.g., hormonal) but also psychosocial determinants—such 
as caregiving roles, social expectations, and access to care—may 
explain gender disparities in late-life depression. Population-based 
studies reveal that elderly women exhibit higher rates of depressive 

FIGURE 2

The ROC curve for assessing the predictive accuracy of the nomogram model (A,C: training set; B,D: test set).
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symptoms compared to men, with community-dwelling women 
showing a 15% prevalence of depressive symptoms versus 1–3% for 
major depressive disorder in men (Heo et al., 2023). This disparity 
persists in disease-specific cohorts: women with heart failure 
demonstrated nearly double the prevalence of clinically significant 
depressive symptoms (CES-D ≥ 16: 39% vs. 21%, p < 0.001) (Heo 
et al., 2023), and those with chronic vestibular dysfunction showed 
stronger associations between female sex and depressive symptom 
severity (β = 1.32, p < 0.05) (Gazzola et  al., 2009). Metabolic 
syndromestudies further revealed sex-dimorphic patterns, where male 
patients with optic neuritis exhibited a significantly higher risk of 
developing depressive disorders compared to female patients, with an 
adjusted hazard ratio (HR) of 1.450 (95% CI: 1.338–1.571) (Kim et al., 
2025). These findings underscore sex-related biological vulnerabilities 
sociocultural factors as key mediators of depression risk stratification 
by gender in aging populations (Targum et al., 1992).

More importantly, however, we found a significant association 
between depression and the Mini Nutritional Assessment score, which 
has previously been shown to reflect nutritional levels in elderly 

hospitalized patients. Malnutrition may contribute to depression 
through mechanisms involving reduced tryptophan availability, 
impaired neurotransmitter synthesis, and inflammation. As the 
world’s population continues to age, researchers in a variety of fields 
are becoming increasingly concerned about the intersection of 
nutrition and depression in elderly people. A pertinent study 
published in the last year’s issue of nutrition highlighted a profound 
link between nutritional status and depression (Mcfarland et  al., 
2020). Similar research has also shown that elderly patients suffering 
from depression tend to score significantly lower on the Mini 
Nutritional Assessment than those without depression, suggesting a 
possible link between depression and malnutrition (German 
et al., 2008).

Our study revealed that higher levels of social support, which refers 
to the unpaid help that vulnerable groups in society receive from outside 
sources, such as moral and material assistance and services, significantly 
reduced the risk of depression in older patients. It is plausible that social 
support mitigates the psychological burden of functional limitations and 
chronic pain, thereby attenuating the depressive response. Consistent with 

FIGURE 3

The calibration curve of the nomogram model.
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our study, our research revealed that social support can affect an 
individual’s cognitive functioning and behavior and has a greater impact 
on the mental health of older people (Muhammad and Maurya, 2022). In 
particular, during the COVID-19 pandemic in recent years, social 
isolation has had a serious impact on the physical and mental health of 
older people, including mental illnesses such as anxiety and depression 
(Sepúlveda-Loyola et al., 2020). Another study showed that with strong 
social support, depressive symptoms were significantly reduced, and even 
chronic pain was reduced with increased levels of support (Sepúlveda-
Loyola et al., 2020; Hung et al., 2017). Family support, which focuses on 
emotional wellbeing, such as respect and under-standing, aids in reducing 
depression among elderly people. However, the importance of social 
support from friends is equally crucial and is becoming a growing area of 
focus (Taylor et al., 2018).

The present study has the following limitations. First, this model 
identifies variables statistically associated with depression status but 
cannot infer causality due to the cross-sectional design. Features such as 
anxiety may be consequences rather than causes of depression. Future 
longitudinal studies are required to establish causal roles. Second, the 
samples included were all elderly hospitalized patients aged 65 years and 
above, which cannot represent the entire elderly population. Since 
participants were all hospitalized, they may exhibit higher baseline 
functional impairment and comorbidity burden, which may overestimate 
the prevalence of depressive symptoms compared to community-dwelling 
older adults. In addition, the integrity and credibility of the comprehensive 
geriatric assessment are compromised by differences in medical standards 
between healthcare institutions and in patients’ understanding of their 

own past health, which affects the assessment results. Although our 
comprehensive geriatric assessment comprehensively assesses the overall 
condition of elderly people, some scales related to nutritional status and 
frailty, such as gait speed, grip strength, and leg circumference, were not 
included in this experiment. Future research on older people will continue 
to improve this topic.

This model has shown potential in aiding healthcare professionals 
with the early detection of patients at high risk and the formulation of 
tailored intervention strategies. Considering that machine learning 
methods can capture complex nonlinear relationships and 
interactions, future studies will further investigate the application of 
methods such as Random Forests, Gradient Boosting Machines 
(XGBoost, LightGBM), Support Vector Machines (SVM), and Neural 
Networks (Du et al., 2025a; Du et al., 2025b). To confirm its extensive 
applicability, especially in light of the constraints imposed by a single-
center data source and a moderate sample size, it is essential to 
perform external validation across multicenter cohorts and assess its 
predictive accuracy over time.

5 Conclusion

Geriatric depression is closely related to a variety of predictive 
features (i.e., multiple geriatric syndromes); thus, healthcare 
professionals should not only focus on the surface of geriatric 
depression but also intervene in geriatric syndromes. Second, the 
depression probability estimator constructed in this study is also 

FIGURE 4

The DCA curve of the nomogram model.
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effective, and early screening of predictive features will help healthcare 
professionals provide timely guidance to patients to prevent the 
occurrence of geriatric depression. Second, the model demonstrated 
robust performance in our study and may constitute a valuable tool 
for clinical screening, contingent upon external validation.
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