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Objective: To construct a prediction model for the risk of depression in the obese population, aiming to facilitate the early identification of high-risk individuals and guide personalized preventive interventions.

Methods: This study was based on the data from the China Health and Retirement Longitudinal Study (CHARLS 2015), the Center for Epidemiologic Studies Depression Scale-10 (CES-D10) to assess the depression of obese patients, Lasso regression and multivariable logistic regression were used to select predictors, the construction of a nomogram model, and the use of the random splitting method divided into a training set (n = 974) and a validation set (n = 418) by the 7:3 method, and the model was evaluated by the ROC curves and the AUC, the H-L goodness-of-fit test, the calibration graphs, and the clinical decision-making curve to assess the model.

Results: A total of 1,392 obese patients were finally included, with a prevalence of depression of 32.68%. Age, respiratory function, renal disease, digestive disease, grip strength, rheumatism and arthritis, and sleep duration were selected to construct the predictive nomogram model of depression risk in obese patients, and the AUCs of the training set and validation set were 0.715 (95% CI = 0.681–0.749) and 0.716 (95% CI = 0.665–0.767). This suggests that the model has moderate discriminatory power. Respectively, the H-L test was statistically insignificant (p > 0.05, H-L test; p > 0.05). Goodness of fit, calibration curves showed significant agreement between the model and actual observations, and clinical decision curves indicated good model calibration and net benefit.

Conclusion: The model constructed in this study has good efficacy in predicting the occurrence of depression in the obese population and can be used for the early identification of high-risk groups and the adoption of targeted preventive measures to reduce the risk of depression.

Keywords
 obesity; risk of depression; predictive models; nomogram; Chinese population


1 Introduction

Currently, obesity has become a major public health problem in China and worldwide (1). With the rapid social and economic development, the lifestyle and dietary structure of the population have undergone significant changes, and the prevalence of overweight and obesity among Chinese residents has shown a significant upward trend (2). In China, more than 50% of adults have overweight or obesity problems (3). Studies have shown that obesity increases the risk of hypertension, diabetes mellitus, coronary heart disease, stroke, specific cancers, osteoporosis, and many other chronic diseases (4–7), which seriously affects daily activities and quality of life. At the same time, obesity is closely associated with mood disorders, increasing the risk of depression and anxiety (8), and studies have shown that obese adults are 23–36% more likely to develop depression compared to non-obese people, and that an elevated body mass index (BMI) even predicts the chronic course of depression and anxiety symptoms (9). At the same time, obesity and depression are potentially linked in a multidimensional way. Current research has focused on inflammation, gut flora, GBA/microbiota-GBA, neuroplasticity and HPA axis abnormalities. Studies have shown that dysregulation of hormones such as leptin and adiponectin secreted by adipose tissue may affect brain neurotransmitters, leading to mood disorders (10, 11). Obesity-associated chronic low-grade inflammation can cross the blood–brain barrier and trigger neuroinflammation (12), directly impairing mood regulation. At the same time, both are associated with reduced intestinal flora diversity, and flora metabolites may affect mood and appetite regulation through the ‘gut-brain axis’ (13). Both obese and depressed patients have hyperactivation of the HPA axis, which leads to elevated cortisol levels (14, 15). Chronic high cortisol levels can damage the hippocampus and exacerbate depressive symptoms (16). In addition, in terms of shared genetic risk, some genes may increase susceptibility to both obesity and depression, with NEGR1 identified as the most important functional gene and associated with both at a genome-wide significance level (17).

The development of depression is reversible to some extent, including at the physical, psychological, and social support levels (18). Early screening and intervention in high-risk groups are essential to delay the onset and progression of depression. Risk prediction models are widely used in various diseases to identify the risk of developing depression in high-risk groups (19, 20). Previous studies have focused on investigating the status of depression and the factors that influence it, and little attention has been paid to developing risk prediction models to screen patients at high risk of depression in the obese population. This study aimed to identify factors associated with depression in obese patients and incorporate them into a nomogram constructed based on a model for predicting depression in obese patients. The constructed nomogram can help obese people to self-check whether they have high-risk factors for depression and intervene on their own. At the same time, based on the predictive model of the nomogram, clinical staff can quickly screen out patients with a high risk of depression in the obese population, thus providing a basis for the development of mental health education and prevention strategies for the obese population.



2 Methods


2.1 Study design

We used data from the China Health and Retirement Longitudinal Study (CHARLS), which is publicly available at http://charls.pku.edu.cn. It was approved by the Biomedical Ethics Committee of Peking University (Beijing, China). The data were of high quality and large sample nature, which provided real and effective data support for the analyses in this paper. Data from the CHARLS 2015 were selected for analysis in this study. Which included participants with a BMI ≥ 28 kg/m2, no key variables missing from the data, and age ≥18 years, after excluding participants with >20% missing data. 1,392 patients were included in the analysis. Our study was conducted by the Declaration of Helsinki. The original CHARLS was approved by the Ethics Review Board of Peking University (IRB00001052-11,015), and all participants signed an informed consent form at the time of participation.



2.2 Data collection


2.2.1 Body mass index

Weight and height were collected at baseline and during follow-up interviews. BMI was calculated as weight (kg) divided by height squared (m2). Referring to the Chinese adult standard, underweight was defined as a BMI of less than 18.5 kg/m2, normal weight was defined as a BMI between 18.5 and 23.9 kg/m2, overweight was defined as a BMI between 24 and 27.9 kg/m2, and obesity was defined as a BMI of 28 kg/m2 or higher.



2.2.2 Depression assessment

The CES-D10 scores were obtained directly from the CHARLS 2015 contains 10 items, each of which is scored as 0 (rarely or not at all), 1 (sometimes), 2 (most of the time), or 3 (all the time). The total score ranges from 0 to 30, with lower scores indicating lower levels of depressive symptoms. Studies have shown that the threshold of 10 has reasonable sensitivity and specificity for Chinese older adults (21). Therefore, we defined the CES-D10 score as 10 ≥ depression (22).



2.2.3 Socio-demographic factors

Socio-demographic factors included age, gender, education level, marital status, and place of residence. Gender was defined as male or female. Educational level was categorized as ‘illiterate’, ‘primary schools’, ‘middle/high school’, and ‘college and above’. Marital status was defined as married if the participant was currently married and living with a spouse or married but currently separated, and unmarried if the participant was divorced, widowed, or never married to a spouse. Residence was defined as urban or rural.



2.2.4 Behavioral factors

Behavioral factors included social activities, smoking history, alcohol consumption history, sleep quality status, and nighttime sleep duration. Drinking history, smoking history, and social interaction history were categorized as ‘yes’ or ‘no’. Sleep quality was assessed based on responses to ‘my sleep was restless’. Total nighttime sleep duration data were obtained from the question ‘In the past month, how much sleep you got at night (average number of hours in a night)’.



2.2.5 Health status

Based on previous studies and clinical expertise (23–29), the factors selected as possible predictors of depression were history of chronic disease [Hypertension (HTN), Cancer (CA), Chronic Lung Disease (CLD), Heart Disease (HD), Stroke (STK), Arthritis/Rheumatism (AR), Liver Disease (LiverD), Chronic Kidney Disease (CKD), Digestive Disorders (DigestD), or asthma], waist circumference, grip strength, satisfaction with life, self-perceived health, ADL score, vision, Hearing, Pain.



2.2.6 Physical fitness

Physical fitness includes respiratory function (Average of three measurements of peak expiratory flow), grip strength, balance, walking speed, and standing from the physical examination questionnaire.



2.2.7 Blood tests

The blood test indicators were selected from those that have been shown to be more important and relevant in the prediction of depression (30–34), hemoglobin (bl_hgb, g/L), C-reactive protein (bl_crp, mg/L), uric acid (bl_ua, μmol/L), creatinine (bl_crea, μmol/L), blood urea nitrogen (bl_bun, mmol/L), cystatin C (bl_cysc, mg/L), total cholesterol (bl_cho, mmol/L), triglycerides (bl_tg, mmol/L), and low-density lipoprotein cholesterol (bl_ldl, mmol/L).



2.2.8 Variable definition criteria

Chronic diseases and pain were based on self-reported diagnoses and were defined as ‘yes’ or ‘no. Life satisfaction, self-perceived health, vision, and hearing were categorized as ‘good’, ‘fair’, and ‘poor’. Activities of daily living were measured using the Index of Independence in Activities of Daily Living (35) (KatzADL), the CHARLS questionnaire consists of 6 items: eating, dressing, transferring, going to the toilet, bathing, and grooming; ‘No, I do not have any difficulties’ and ‘I have difficulties but I can still do it!’ scored 1, and ‘Yes, I have difficulties and need help’ and ‘I cannot do it’ scored 0; therefore, the total KatzADL score indicates the degree of dependence, with lower scores indicating a higher degree of dependence.




2.3 Statistical methods

SPSS 26.0 software was used to process the data, and normally distributed measures were (x¯ ± s)The data were processed using SPSS 26.0 software, with normally distributed measures expressed as (x¯ ± s), non-normally distributed measures expressed as M(P25, P75), and qualitative data expressed as frequency counts and percentages (%). LASSO regression was used to screen for the most valuable characteristic variables first, and then multifactorial logistic regression analysis was used to screen for the relevant influencing factors and to construct the prediction model of the nomograms, and to plot the subjects’ work characteristics (ROC) curves, the calibration curves, and the clinical The predictive ability of the nomogram model was assessed by drawing the ROC curve, calibration curve and clinical decision curve. The maximum missing values of all variables extracted did not exceed 20%, and multiple interpolation was used to deal with missing data (36).




3 Results


3.1 Participant characteristics

A total of 1,392 obese patients were included in this study. The demographic and clinical characteristics of the participants are listed in Table 1. There were 303 (21.8%) male patients and 1,089 (78.2%) female patients. The prevalence of depression in the obese population was 32.68% (455/1392). Several factors including gender, marriage, pain, grip strength, respiration, bl_crea, health status, chronic liver disease, chronic kidney disease, arthritis and rheumatism, heart disease, digestive disorders, ADLs, hearing, vision, and hours of sleep differed significantly between depressed and non-depressed patients (p < 0.01).



TABLE 1 Baseline characteristics of the study population.
[image: Table1]



3.2 Baseline comparisons results for the training and validation sets

The training (n = 974) and validation (n = 418) sets showed balanced baseline characteristics for most variables, including age, gender, education, chronic diseases (e.g., hypertension, diabetes), and key predictors like grip strength and respiratory function (p > 0.05). Minor differences were observed in alcohol (validation: 27.8% vs. training: 22.2%, p = 0.03) and hearing/vision slightly higher in validation, p < 0.05, likely due to random sampling variability. Sensitivity analyses confirmed these differences did not affect model performance. Overall, the cohorts are sufficiently comparable, and the model’s validity remains robust. Baseline comparisons and results for the training and validation sets are shown in Table 2.



TABLE 2 Multifactor logistic regression model.
[image: Table2]



3.3 Depression risk in obese patients: LASSO regression results

In the LASSO regression model, variables were selected using the 1seλ criterion of cross-validation with MSE. The LASSO regression model was used in Figures 1A,B for demographic and clinical feature selection. Based on the logarithmic (lambda) sequence, a coefficient distribution is generated, and the optimal lambda generates non-zero coefficients. The best parameters (lambdas) in the LASSO model are selected by tenfold cross-validation using the minimum criteria. A partial likelihood bias (binomial bias) curve is plotted relative to the logarithmic (lambda). Draw a virtual vertical line at the optimal value using one SE (1-SE standard) of the minimum standard.

[image: Figure 1]

FIGURE 1
 (A) LASSO regression model. (B) LASSO regression model.




3.4 Logistic regression results of depression risk in obese patients

Then, we further used a multivariate logistic regression model for final variable screening. Finally, seven key predictors were identified: age, respiratory function, kidney disease, grip strength, rheumatism and arthritis, ADL score, and sleep duration. See Table 2.



3.5 Results of the depression risk prediction model for obese patients

The predictive model consists of variables with a p value of less than 0.05 in multivariate logistic regression. These variables include age, respiratory function, kidney disease, grip strength, rheumatism and arthritis, ADL, and sleep duration as predictors. The predictive model is represented using a nomogram. For each feature in the nomogram, find the corresponding value. Draw a vertical line from that value to the top ‘Points’ scale to determine the score for that characteristic. Calculate Total Score: Add up all the scores for each characteristic to get a ‘total’ score. Estimate Risk: Match the total score with the ‘Risk’ scale at the bottom of the chart to get an estimated probability of risk. For example, a 50-year-old patient with respiratory dysfunction (PEF = 300 L/min), a grip strength of 60 kg, arthritis and renal disease, an ADL score of 4, and 8 h of sleep for a total score of 180 equates to a 50% risk of depression which can be used to quantitatively predict the risk of depression in obese patients (Figure 2).

[image: Figure 2]

FIGURE 2
 Nomogram of the prediction model.




3.6 Validation of depression risk prediction model for obese patients

AUC values were calculated to assess the discriminatory performance of the predictive model by examining the occurrence of depression in obese patients in the training set and validation set. As shown in Figures 3A,B, the area under the ROC curve of the predicted model in the training set was 0.715 (95% CI = 0.681–0.749), specificity was 0.672, sensitivity was 0.680, AUC = 0.716 (95% CI = 0.665–0.767), specificity was 0.739, and sensitivity was 0.616, in the validation set. These data suggest that nomograms have good discriminative ability and predictive value and can correctly identify depressed and non-depressed patients.

[image: Figure 3]

FIGURE 3
 (A) AUC curve of the training set. (B) AUC curve of the test set.




3.7 Calibration of depression risk prediction model for obese patients

The nomogram were evaluated using calibration plots and the Hosmer-Leme show goodness-of-fit test (p > 0.05 indicating that the model exhibited a very good fit). The test results show that the calibration curve is a straight line close to 1 and that the model fits very well for both the training (χ2 = 5.44, df = 8, p = 0.931) and validation sets (χ2 = 13.45, df = 8, p = 0.926). The calibration plots of the training and validation sets based on the multifactor Logistic regression model are shown in Figures 4A,B. The calibration curves of the columnar plots show a high degree of agreement between the predicted probability of depression in training and the actual probability of Figure 4A, and validation sets (Figure 4B).

[image: Figure 4]

FIGURE 4
 (A) Training set calibration curve. (B) Test set calibration curve.




3.8 Evaluation of the clinical validity of the depression risk prediction model in obese patients

The clinical validity of the models was assessed using the DCA method, and the results are shown in Figures 5A,B. From the decision curves, the net gain of the predictive model for the internal validation set was significantly higher than the two extreme cases, indicating that the nomogram graph model has better net gain and predictive accuracy.

[image: Figure 5]

FIGURE 5
 (A) Training set decision curve. (B) Test set decision curve.





4 Debate

In this study, the prevalence of depression in the obese population was 32.68% (455/1392), which was significantly higher than the prevalence among the general population in China (37), which may be due to the existence of common biology between the two (8), thus increasing the prevalence of depression in the obese population. In the present study, variables were screened by LASSO regression and multifactorial logistic regression, and the results showed that age, respiratory function, ability to perform activities of daily living, grip strength, arthritis and rheumatism, renal disease, and sleep duration were independent influences on depression in the obese population. While the nomogram includes variables accessible in clinical settings (e.g., grip strength, sleep duration), some indicators (e.g., renal function) require medical evaluation. Therefore, this tool is primarily intended for clinicians to screen high-risk obese patients, rather than self-assessment by individuals.

Impairment of respiratory function may lead to cerebral hypoxia and metabolic disorders (38), which in turn triggers an inflammatory state in which the body releases a large number of pro-inflammatory factors and the level of systemic inflammatory response increases, leading to the development of depressive symptoms (39). Relevant studies have shown that a good state of respiratory function is conducive to the prevention of depression (40), at the same time, the risk of depression in people with abnormal respiratory function is significantly higher (41, 42), in addition, respiratory training for respiratory function can effectively improve the respiratory function and depressive symptoms, reducing the risk of depression (43–45). Therefore, obese patients should pay attention to respiratory function, and patients with decreased respiratory capacity should undergo respiratory training as early as possible to reduce the risk of depression and help prevent depression.

The results of this study showed that lower grip strength was associated with depression, which is consistent with the results of several related studies (46). Grip strength reflects muscle strength to some extent. When a muscle contracts, the body releases a variety of bioactive substances, including irisin. Irisin is a peptide hormone secreted by muscles, which can act on the brain to regulate the neuroendocrine system and promote neurogenesis in the hippocampus, a brain region closely related to emotion regulation and memory. The hippocampus of depressed patients often suffers from atrophy and dysfunction, and appropriate grip strength training can increase irisin secretion, which helps to improve the function of the hippocampus, which may be one of the potential mechanisms for its improvement of the depressive state (47). Meanwhile, changes in grip strength may also affect the activity of the hypothalamic–pituitary–adrenal (HPA) axis (48). Prolonged stress or depression can lead to dysfunction of the HPA axis, resulting in abnormal secretion of stress hormones such as cortisol. Exercise training can regulate the body’s stress response, make the secretion of cortisol more rational, and alleviate depression-related neuroendocrine abnormalities (49), and grip strength, as a manifestation of muscle strength, may have a similar regulatory effect. Meanwhile, since HGS is a simple, non-invasive and inexpensive measure, it can be easily used in clinical practice to test patients help to identify those at higher risk of mental health problems early (50), and grip strength training for obese people with low grip strength to effectively reduce the risk of developing depression.

The results of this study showed that age was associated with the incidence of depression, i.e., age was negatively correlated with depression in the obese population, which may be due to the fact that adolescents are in the stage of rapid physical and mental development and are highly concerned about their self-image compared with the middle-aged and older adult population. In the face of pressure brought by obesity, such as social discrimination and health problems, they are prone to depression due to external evaluations, and several systematic evaluations have confirmed that obesity significantly increases the risk of depression in adolescents (51, 52). In contrast, middle-aged and older adults may be more likely to view others’ perceptions of their obese body size more favorably, thus reducing the likelihood of obesity-induced dysphoria. Studies have confirmed that among middle-aged and older adults, obese patients are relatively more likely to suffer from depressive symptoms (21, 53). This is consistent with our findings.

Our predictive model showed that low ADL scores were also associated with depression. Several studies have shown that limited physical functioning leads to an increased prevalence of depression (54–56). Individuals with low ADL scores tend to be less socially active as a result of limited physical activity, have less contact and communication with the outside world, and tend to fall into loneliness and self-isolation, which is one of the important risk factors for depression. A previous cross-sectional study also demonstrated the relationship between loss of functioning and depression and further confirmed that the ADL score is a predictor of depression (55). ADL reflects an individual’s ability to take care of him/herself. Individuals with impaired ADL usually feel helpless and frustrated and have low self-esteem, and being in this state for a long period tends to trigger depressive moods. In addition, a large number of studies have included ADL scores in risk prediction models for depression (57–59), which reinforces that ADL scores are an important predictor of depression risk.

Arthritis and rheumatic diseases are a large group of diseases that involve the joints and their surrounding tissues, and there is a complex association between them and depression. They cause chronic pain that constantly stimulates nerves, which are transmitted via peripheral nerves to the central nervous system. The constant pain signaling affects the balance of neurotransmitters and leads to depression. In addition, chronic pain in patients with arthritis and rheumatism often causes sleep problems. Sleep deprivation or sleep disruption interferes with the neuroendocrine system, affecting the normal secretion of hormones, such as cortisol, and causing the production of adverse moods. A large cohort study from Canada (60) showed that 1 in 10 people with arthritis had a level of major depression and that people with arthritis had higher levels of depression compared with people without arthritis. Therefore, it is important to pay particular attention to the mood of patients with arthritis and rheumatism in the obese population to reduce the risk of depression.

Kidney disease is a common chronic disease; depression is especially common in chronic kidney disease (61–63). In different stages of kidney disease development, there are different degrees of depression and anxiety changes (64). The development of the disease will increase the related complications, which will seriously affect the quality of life of the patients and bring a great impact on the mental health of the patients, thus developing into depression.

Sleep duration: At present, studies in several countries have shown that a short sleep duration is significantly associated with an increased risk of developing depression (65, 66). Sleep is crucial for the regulation of neurotransmitters, and the lack of sleep causes abnormal expression of neurotransmitters such as GABA, NPY, and 5-HT, and when inhibitory neurotransmitters are at low levels, it causes the patient’s brain to be in a depressed state, reducing the patient’s expression of emotion and the emergence of a depressive state. In addition, sleep has an important regulatory role in the function of the hypothalamic–pituitary–adrenal (HPA) axis (67). Normal sleep helps to maintain the normal rhythm of the HPA axis and keeps the secretion of stress hormones, such as cortisol, at a reasonable level. Reduced sleep duration leads to dysfunction of the HPA axis and an abnormal increase in cortisol secretion. Prolonged exposure to high cortisol can have adverse effects on the brain, such as damaging brain areas related to memory and mood regulation, such as the hippocampus, thereby increasing the risk of depression. Therefore, when dealing with obese patients with sleep problems, it is necessary to keep an eye on their mental health and be alert to negative emotions to prevent the development of depression.

Nomograms are commonly used as predictive models in many clinical areas of research. Predictive models based on nomograms have the characteristics of high accuracy, simplicity, and practicality. In this study, LASSO regression was used in combination with multifactor logistic regression analysis to screen seven variables that were highly correlated with depression, which reduced the problem of multicollinearity among factors and further improved the accuracy of model prediction. Although the AUC values (0.715–0.716) indicate moderate discrimination, the model achieves a balanced sensitivity (68.0%) and specificity (73.9%). The calibration curves show that there is significant agreement between the nomogram model and the actual observations. Furthermore, the DCA curve and net gain curve of the model indicate that the model has a high gain in predicting depression, supporting its utility in clinical screening.

There are also some limitations of this study. First, although the CES-D-10 is a commonly used tool for assessing clinically meaningful depressive symptoms, the CES-D-10 was used to examine the number of self-reported depressive symptoms in the past week, which may introduce recall bias. Second, the nomogram was developed based on data from China, and whether the results of this study can be extended to other regions and countries needs to be further validated using data from external cohorts. This study did not account for genetic predisposition or acute psychosocial stressors, which may influence depression risk. Future models should integrate these factors to validate the model in a multicenter cohort to improve predictive accuracy.



5 Conclusion

This study developed and validated a nomogram model that can predict the risk of depression in obese patients, conclusively identifying age, respiratory function, renal disease, digestive disease, grip strength, rheumatism and arthritis, and sleep duration as risk factors for the development of depression in the obese population. This may provide assistance to clinicians in screening at-risk populations and optimize personalized prevention strategies for healthcare professionals.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found at: http://charls.pku.edu.cn.



Ethics statement

Ethical review and approval were not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent from the [patients/ participants OR patients/participants legal guardian/next of kin] was not required to participate in this study in accordance with the national legislation and the institutional requirements.



Author contributions

CY: Methodology, Software, Writing – original draft, Writing – review & editing. JC: Data curation, Investigation, Writing – review & editing. WC: Data curation, Writing – original draft. EH: Project administration, Supervision, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This study was supported by the NATCM’s Project of High-level Construction of Key TCM Disciplines (No.zyyzdxk-2023111) and Jiangxi Traditional Chinese Medicine Administration Clinical Characteristics and Advantages of Traditional Chinese Medicine Project (No. YWB2021120703) and the Jiangxi Provincial Chinese Medicine Standard Committee (No. 2022B10).



Acknowledgments

We thank the China Health and Retirement Longitudinal Study (CHARLS) team for providing nationally representative data.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The author(s) declare that no Gen AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 1. Ll, Z, Li, M, and Wang, J. Epidemiological status and prevention of overweight and obesity in China. Chinese J Prevent Med. (2024) 25:406–12. doi: 10.16506/j.1009-6639.2024.04.004

 2. Chinese Expert Group on Obesity Prevention and Control. Expert consensus on obesity prevention and treatment in Chinese residents. J Xi’an Jiaotong University (Med Sci). (2022) 43:619–31. doi: 10.3760/cma.j.cn112338-20220402-00253

 3. Wang, Y, Zhao, L, and Gao, L. Health policy and public health implications of obesity in China. Lancet Diabetes Endocrinol. (2021) 9:446–61. doi: 10.1016/S2213-8587(21)00118-2 

 4. Lagou, MK, and Karagiannis, GS. Obesity-induced thymic involution and cancer risk. Semin Cancer Biol. (2023) 93:3–19. doi: 10.1016/j.semcancer.2023.04.008 

 5. Friedenreich, CM, Ryder-Burbidge, C, and Mcneil, J. Physical activity, obesity and sedentary behavior in cancer etiology: epidemiologic evidence and biologic mechanisms. Mol Oncol. (2021) 15:790–800. doi: 10.1002/1878-0261.12772 

 6. Piché, ME, Tchernof, A, and Després, JP. Obesity phenotypes, diabetes, and cardiovascular diseases. Circ Res. (2020) 126:1477–500. doi: 10.1161/Circresaha.120.316101

 7. Kim, MS, Kim, WJ, and Khera, AV. Association between adiposity and cardiovascular outcomes: an umbrella review and meta-analysis of observational and Mendelian randomization studies. Eur Heart J. (2021) 42:3388–403. doi: 10.1093/eurheartj/ehab454 

 8. Milaneschi, Y, Simmons, WK, and Van Rossum, EFC. Depression and obesity: evidence of shared biological mechanisms. Mol Psychiatry. (2019) 24:18–33. doi: 10.1038/s41380-018-0017-5 

 9. Zhao, G, Ford, ES, and Dhingra, S. Depression and anxiety among us adults: associations with body mass index. Int J Obes. (2005) 33:257–66. doi: 10.1038/ijo.2008.268 

 10. Delpech, JC, Madore, C, and Nadjar, A. Microglia in neuronal plasticity: influence of stress. Neuropharmacology. (2015) 96:19–28. doi: 10.1016/j.neuropharm.2014.12.034

 11. Marques, M, Perre, S, and Aertgeerts, A. Critical illness induces nutrient-independent adipogenesis and accumulation of alternatively activated tissue macrophages. Crit Care. (2013) 17:R193. doi: 10.1186/cc12887 

 12. Gómez-Apo, E, Mondragón-Maya, A, and Ferrari-Díaz, M. Structural brain changes associated with overweight and obesity. J Obes. (2021) 2021:6613385–18. doi: 10.1155/2021/6613385 

 13. Kabouridis, PS, and Pachnis, V. Emerging roles of gut microbiota and the immune system in the development of the enteric nervous system. J Clin Invest. (2015) 125:956–64. doi: 10.1172/Jci76308

 14. Ruiz, NAL, Del Ángel, DS, and Olguín, HJ. Neuroprogression: the hidden mechanism of depression. Neuropsychiatr Dis Treat. (2018) 14:2837–45. doi: 10.2147/Ndt.S177973 

 15. Ly, M, Yu, GZ, and Mian, A. Neuroinflammation: a modifiable pathway linking obesity, Alzheimer’s disease, and depression. American J Geriatric Psychiatry: Official J American Association for Geriatric Psychiatry. (2023) 31:853–66. doi: 10.1016/j.jagp.2023.06.001 

 16. Tafet, GE, Toister-Achituv, M, and Shinitzky, M. Enhancement of serotonin uptake by cortisol: a possible link between stress and depression. Cogn Affect Behav Neurosci. (2001) 1:96–104. doi: 10.3758/cabn.1.1.96 

 17. Zhang, H, Zheng, R, and Yu, B. Dissecting shared genetic architecture between depression and body mass index. BMC Med. (2024) 22:455. doi: 10.1186/s12916-024-03681-9 

 18. Mirchandaney, R, Barete, R, and Asarnow, LD. Moderators of cognitive behavioral treatment for insomnia on depression and anxiety outcomes. Curr Psychiatry Rep. (2022) 24:121–8. doi: 10.1007/s11920-022-01326-3 

 19. Zhang, X, Lu, J, and Ding, Z. Development and validation of a risk prediction model for cognitive impairment in breast cancer patients. BMC Psychiatry. (2024) 24:809. doi: 10.1186/s12888-024-06278-x 

 20. Li, Z, Yin, J, and Liu, Y. A risk prediction model for endometrial hyperplasia/endometrial carcinoma in premenopausal women. Sci Rep. (2025) 15:1019. doi: 10.1038/s41598-024-83568-0 

 21. Luo, H, Li, J, and Zhang, Q. Obesity and the onset of depressive symptoms among middle-aged and older adults in China: evidence from the Charls. BMC Public Health. (2018) 18:909. doi: 10.1186/s12889-018-5834-6 

 22. Khandaker, GM, Pearson, RM, and Zammit, S. Association of serum interleukin 6 and C-reactive protein in childhood with depression and psychosis in young adult life: a population-based longitudinal study. JAMA Psychiatry. (2014) 71:1121–8. doi: 10.1001/jamapsychiatry.2014.1332 

 23. Khawagi, WY, Al-Kuraishy, HM, and Hussein, NR. Depression and type 2 diabetes: a causal relationship and mechanistic pathway. Diabetes Obes Metab. (2024) 26:3031–44. doi: 10.1111/dom.15630 

 24. Farhadi, A, Javadian, H, and Vahedparast, H. Association between depression and blood pressure in community-dwelling older adults: focus on Bushehr elderly health (Beh) program. BMC Public Health. (2023) 23:1565. doi: 10.1186/s12889-023-16288-1 

 25. Grassi, L, Caruso, R, and Riba, MB. Anxiety and depression in adult cancer patients: Esmo clinical practice guideline. Esmo open. (2023) 8:101155. doi: 10.1016/j.esmoop.2023.101155 

 26. Krittanawong, C, Maitra, NS, and Qadeer, YK. Association of Depression and Cardiovascular Disease. Am J Med. (2023) 136:881–95. doi: 10.1016/j.amjmed.2023.04.036 

 27. Marques, A, Gaspar De Matos, M, and Henriques-Neto, D. Grip strength and depression symptoms among middle-age and older adults. Mayo Clin Proc. (2020) 95:2134–43. doi: 10.1016/j.mayocp.2020.02.035

 28. Yan, Y, Du, Y, and Li, X. Physical function, Adl, and depressive symptoms in Chinese elderly: evidence from the Charls. Front Public Health. (2023) 11:1017689. doi: 10.3389/fpubh.2023.1017689 

 29. Dudeney, J, Aaron, RV, and Hathway, T. Anxiety and depression in youth with chronic pain: a systematic review and Meta-analysis. JAMA Pediatr. (2024) 178:1114–23. doi: 10.1001/jamapediatrics.2024.3039 

 30. Penninx, BW, Guralnik, JM, and Ferrucci, L. Depressive symptoms and physical decline in community-dwelling older persons. JAMA. (1998) 279:1720–6. doi: 10.1001/jama.279.21.1720 

 31. Chae, WR, Nübel, J, and Baumert, J. Association of depression and obesity with C-reactive protein in Germany: a large nationally representative study. Brain Behav Immun. (2022) 103:223–31. doi: 10.1016/j.bbi.2022.04.024

 32. Zhang, W, Cheng, Z, and Fu, F. Serum uric acid and prognosis in acute ischemic stroke: a dose-response meta-analysis of cohort studies. Front Aging Neurosci. (2023) 15:1223015. doi: 10.3389/fnagi.2023.1223015 

 33. Palmer, S, Vecchio, M, and Craig, JC. Prevalence of depression in chronic kidney disease: systematic review and meta-analysis of observational studies. Kidney Int. (2013) 84:179–91. doi: 10.1038/ki.2013.77 

 34. Zhou, X, Wang, J, and Lu, Y. Anti-depressive effects of Kai-Xin-san on lipid metabolism in depressed patients and Cums rats using metabolomic analysis. J Ethnopharmacol. (2020) 252:112615. doi: 10.1016/j.jep.2020.112615 

 35. Li, Q, Cen, W, and Yang, T. Association between depressive symptoms and sarcopenia among middle-aged and elderly individuals in China: the mediation effect of activities of daily living (Adl) disability. BMC Psychiatry. (2024) 24:432. doi: 10.1186/s12888-024-05885-y 

 36. Austin, PC, White, IR, and Lee, DS. Missing data in clinical research: a tutorial on multiple imputation. Can J Cardiol. (2021) 37:1322–31. doi: 10.1016/j.cjca.2020.11.010 

 37. Lu, J, Xu, X, and Huang, Y. Prevalence of depressive disorders and treatment in China: a cross-sectional epidemiological study. Lancet Psychiatry. (2021) 8:981–90. doi: 10.1016/S2215-0366(21)00251-0 

 38. Ma, YH, Shen, LX, and Li, YZ. Lung function and risk of incident dementia: a prospective cohort study of 431,834 individuals. Brain Behav Immun. (2023) 109:321–30. doi: 10.1016/j.bbi.2023.02.009 

 39. Han, X, Li, C, and Zhu, Y. Relationships of persistent depressive symptoms with subsequent lung function trajectory and respiratory disease mortality. J Affect Disord. (2022) 309:404–10. doi: 10.1016/j.jad.2022.04.141 

 40. Kandola, A, Ashdown-Franks, G, and Stubbs, B. The association between cardiorespiratory fitness and the incidence of common mental health disorders: a systematic review and meta-analysis. J Affect Disord. (2019) 257:748–57. doi: 10.1016/j.jad.2019.07.088 

 41. Ren, X, Wang, S, and He, Y. Chronic lung diseases and the risk of depressive symptoms based on the China health and retirement longitudinal study: a prospective cohort study. Front Psychol. (2021) 12:585597. doi: 10.3389/fpsyg.2021.585597 

 42. Giltay, EJ, Nissinen, A, and Giampaoli, S. Low respiratory function increases the risk of depressive symptoms in later life in men. Psychosom Med. (2010) 72:53–60. doi: 10.1097/Psy.0b013e3181c2ca39 

 43. Metin Ökmen, B, Şengören Dikiş, Ö, and Ökmen, K. Investigation of the effect of kinesiotaping on the respiratory function and depression in male patients with chronic obstructive pulmonary disease: a prospective, randomized, controlled, and single-blind study. Aging Male: Official J Int Society Study Aging Male. (2020) 23:648–54. doi: 10.1080/13685538.2019.1567703 

 44. Holloway, EA, and West, RJ. Integrated breathing and relaxation training (the Papworth method) for adults with asthma in primary care: a randomised controlled trial. Thorax. (2007) 62:1039–42. doi: 10.1136/thx.2006.076430 

 45. Tamburlani, M, Cuscito, R, and Servadio, A. Effectiveness of respiratory rehabilitation in Covid-19’s post-acute phase: a systematic review. Healthcare (Basel). (2023) 11:1071. doi: 10.3390/healthcare11081071 

 46. Brooks, JM, Titus, AJ, and Bruce, ML. Depression and handgrip strength among U.S. adults aged 60 years and older from Nhanes 2011-2014. J Nutr Health Aging. (2018) 22:938–43. doi: 10.1007/s12603-018-1041-5 

 47. Lee, H, Kim, SY, and Lim, Y. Solanum melongena extract supplementation protected skeletal muscle and brain damage by regulation of Bdnf/Pgc1α/irisin pathway via brain function-related myokines in high-fat diet induced obese mice. J Nutr Biochem. (2024) 124:109537. doi: 10.1016/j.jnutbio.2023.109537 

 48. Budde, H, Velasques, B, and Ribeiro, P. Does intensity or youth affect the neurobiological effect of exercise on major depressive disorder? Neurosci Biobehav Rev. (2018) 84:492–4. doi: 10.1016/j.neubiorev.2016.09.026 

 49. Ignácio, ZM, Da Silva, RS, and Plissari, ME. Physical exercise and Neuroinflammation in major depressive disorder. Mol Neurobiol. (2019) 56:8323–35. doi: 10.1007/s12035-019-01670-1 

 50. Cabanas-Sánchez, V, Esteban-Cornejo, I, and Parra-Soto, S. Muscle strength and incidence of depression and anxiety: findings from the Uk biobank prospective cohort study. J Cachexia Sarcopenia Muscle. (2022) 13:1983–94. doi: 10.1002/jcsm.12963 

 51. Rao, WW, Zong, QQ, and Zhang, JW. Obesity increases the risk of depression in children and adolescents: results from a systematic review and meta-analysis. J Affect Disord. (2020) 267:78–85. doi: 10.1016/j.jad.2020.01.154 

 52. Quek, YH, Tam, WWS, and Zhang, MWB. Exploring the association between childhood and adolescent obesity and depression: a meta-analysis. Obes Rev. (2017) 18:742–54. doi: 10.1111/obr.12535 

 53. Qian, J, Li, N, and Ren, X. Obesity and depressive symptoms among Chinese people aged 45 and over. Sci Rep. (2017) 7:45637. doi: 10.1038/srep45637 

 54. Liu, H, Ma, Y, and Lin, L. Association between activities of daily living and depressive symptoms among older adults in China: evidence from the Charls. Front Public Health. (2023) 11:1249208. doi: 10.3389/fpubh.2023.1249208 

 55. Feng, Z, Li, Q, and Zhou, L. The relationship between depressive symptoms and activity of daily living disability among the elderly: results from the China health and retirement longitudinal study (Charls). Public Health. (2021) 198:75–81. doi: 10.1016/j.puhe.2021.06.023 

 56. Kim, BJ, Liu, L, and Nakaoka, S. Depression among older Japanese Americans: the impact of functional (Adl & Iadl) and cognitive status. Soc Work Health Care. (2018) 57:109–25. doi: 10.1080/00981389.2017.1397588 

 57. Rong, J, Zhang, N, and Wang, Y. Development and validation of a nomogram to predict the depressive symptoms among older adults: a national survey in China. J Affect Disord. (2024) 361:367–75. doi: 10.1016/j.jad.2024.06.036 

 58. Su, D, Zhang, X, and He, K. Use of machine learning approach to predict depression in the elderly in China: a longitudinal study. J Affect Disord. (2021) 282:289–98. doi: 10.1016/j.jad.2020.12.160 

 59. Lin, S, Wu, Y, and Fang, Y. Comparison of regression and machine learning methods in depression forecasting among home-based elderly Chinese: a community based study. Front Psychol. (2021) 12:764806. doi: 10.3389/fpsyt.2021.764806 

 60. Fuller-Thomson, E, and Shaked, Y. Factors associated with depression and suicidal ideation among individuals with arthritis or rheumatism: findings from a representative community survey. Arthritis Rheum. (2009) 61:944–50. doi: 10.1002/art.24615 

 61. Levassort, H, Boucquemont, J, and Lambert, O. Urea level and depression in patients with chronic kidney disease. Toxins (Basel). (2024) 16:326. doi: 10.3390/toxins16070326 

 62. Adejumo, OA, Edeki, IR, and Sunday Oyedepo, D. Global prevalence of depression in chronic kidney disease: a systematic review and meta-analysis. J Nephrol. (2024) 37:2455–72. doi: 10.1007/s40620-024-01998-5 

 63. Liu, M, Zhang, Y, and Yang, S. Bidirectional relations between depression symptoms and chronic kidney disease. J Affect Disord. (2022) 311:224–30. doi: 10.1016/j.jad.2022.05.104 

 64. Liu, X, Chen, Y, and Wang, T. Anxiety and depression in patients with different stages of chronic kidney disease. Int J Psychiatry. (2024) 51:219–48. doi: 10.13479/j.cnki.jip.2024.01.063

 65. Ding, R, Ding, P, and Tian, L. Associations between sleep duration, depression status, and cognitive function among Chinese elderly: a community-based study. J Affect Disord. (2024) 366:273–82. doi: 10.1016/j.jad.2024.08.200 

 66. Zhai, L, Zhang, H, and Zhang, D. Sleep duration and depression among adults: a Meta-analysis of prospective studies. Depress Anxiety. (2015) 32:664–70. doi: 10.1002/da.22386 

 67. Asarnow, LD. Depression and sleep: what has the treatment research revealed and could the Hpa axis be a potential mechanism? Curr Opin Psychol. (2020) 34:112–6. doi: 10.1016/j.copsyc.2019.12.002 


Copyright
 © 2025 Yu, Cao, Chen and Hong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpubh-13-1574386-g005.jpg
>

Standardized Net Benefit
00 02 04 06 08 1.0

Nomogrammodel
Al
None

T T T 1
04 06 08 1.0
High Risk Threshold

23 32 41 1001
Cost:Benefit Ratio

Standardized Net Benefit
00 02 04 06 08 1.0

—— Nomogrammodel
—— None

T T T T 1
02 04 06 08 10
High Risk Threshold

T T T 1
14 23 32 41 1001
Cost:Benefit Ratio






OPS/images/fpubh-13-1574386-t001.jpg
Variable

Age [mean (SD)]
Gender (%)
Female

Male

Marital (%)
Married
Unmarried
Education (%)
literate

Primary
Second/high school
College/Uni+
Residence (%)
Rural

URBAN

Pain (%)

No

Yes

Balance (%)

Fail

Pass

Stands (%)

Fail

Pass

grip_strength [mean (SD)]
blcrp [mean (SD)]
bl_ua [mean (SD)]
bl_crea [mean (SD)]
bl_bun [mean (SD)]
bl_cysc [mean (SD))
bl_cho [mean (SD)]
bl_tg [mean (SD)]
bl_ldI [mean (SD)]
bl_hgb [mean (SD)]
breath [mean (SD)]
Hypertension (%)
No

Yes

Diabetes (%)
No

Yes

Health (%)

Fair

Good

Poor

HTN (%)

CLD (%)
No

Yes

HD (%)
No

Yes

STK (%)

LiverD (%)

No

Yes

CKD (%)

No

Yes

DigestD (%)

No

Yes

Asthma (%)

No

Yes

ALQ (%)

No

Yes

Smoking (%)

No

Yes

Sleep quality (%)
Rarely or none of the time
Some or alttle of the time

Oceasionally or a moderate

amount of the time
Most or all of the time
Life_satisfy (%)
Fair

Good

Poor

ADL _score [mean (SD)]
Waist [mean (SD)]
Hearing (%)

Fair

Good

Poor

Vision (%)

Fair

Good

Poor

Sleep hour [mean (SD)]

Overall
1392

545(12.2)

1,089(78.2)

303(21.8)

1,270(91.2)

122(88)

86(6.2)
133(96)
76(5.5)

1,097(78.8)

1,107(79.5)

285(20.5)

950(68.2)

442(31.8)

285(20.5)

1,107(79.5)

21(15)
1371(98.5)
27.8(9.8)
35(5.8)
5.1(1.4)
0.7(0.2)
14.7(4.0)
0.8(0.2)
187.8(35.6)
181.2(100.2)
104.2(29.3)
13.6(1.9)
2935(110.8)

872(62.6)
520(37.4)

1,366(98.1)
26(1.9)

685(49.2)
345(24.8)
362(26.0)

850(61.1)

542(38.9)

1,362(97.8)

30(2.2)

1,259(90.4)

133(9.6)

1,125(80.8)

267(19.2)

1,357(97.5)

35(25)

912(65.5)

480(34.5)

1,077(77.4)

315(22.6)

1315(94.5)

77(5.5)

1,309(94.0)
83(6.0)

1,107(79.5)
285(20.5)

1,337(96.0)
55(4.0)

1,060(76.1)

332(23.9)

1.239(89.0)
153(11.0)

722(51.9)
200(14.4)

206(14.8)

264(19.0)

722(51.9)
638(45.8)
3203)
59(0.4)

99.1(11.5)

720(51.7)
544(39.1)

128(9.2)

517(37.1)
641(46.0)
234(16.8)

65(1.9)

937

544(11.5)

687(73.3)

250(26.7)

877(93.6)

60(6.4)

56(6.0)
84(9.0)
61(6.5)

736(78.5)

729(778)

208(22.2)

754(80.5)

183(19.5)

157(16.8)

780(83.2)

8(0.9)
929(99.1)
29.1(10.0)

35(6.3)
5.2(14)
0.8(0.2)
147(3.9)
0.8(0.2)
186.5(36.0)
181.3(100.5)
103,5(29.3)
13.7(1.9)

308.2(113.3)

593(63.3)
344(36.7)

923(98.5)
14(1.5)

491(52.4)
290(30.9)

156(16.6)

588(62.8)

349(372)

923(98.5)

14(1.5)

867(92.5)

70(7.5)

780(83.2)

157(16.8)

920(98.2)

17(1.8)

670(71.5)

267(28.5)

738(78.8)

199(21.2)

882(94.1)

55(5.9)

902(96.3)
35(3.7)

777(82.9)
160(17.1)

907(96.8)
30(3.2)

692(73.9)

245(26.1)

817(87.2)

120(128)

618(66.0)
1390148)

85(9.1)

95(10.1)

424(45.3)
506(54.0)
70.7)
59(03)

99.4(10.9)

453(48.3)
430(45.9)
54(5.8)

312(33.3)
490(523)
135(14.4)

6.8(1.8)

lepression

Depression

455

54.6(13.5)

402(88.4)

53(11.6)

393(86.4)

62(13.6)

30(6.6)
49(108)
15(3.3)

361(79.3)

378(83.1)

77(16.9)

196(43.1)

259(56.9)

128(28.1)

327(71.9)

13(2.9)
442(97.1)
250(8.9)

36(45)
49(1.3)
07(02)
147(4.0)
08(02)
190.4(34.8)
180.9(99.6)
105.7(29.3)
135(19)

263.1(98.9)

279(61.3)

176(38.7)

443(97.4)
12(2.6)

194(42.6)
55(12.1)

206(45.3)

262(57.6)

193(42.4)

439(96.5)

16(35)

392(86.2)

63(13.8)

345(75.8)
110(24.2)

437(96.0)

18(4.0)

242(53.2)

213(46.8)

339(74.5)

116(25.5)

433(95.2)

22(48)

407(89.5)
48(10.5)

330(72.5)

125(27.5)

430(94.5)

25(5.5)

368(80.9)

87(19.1)

422(92.7)
33(7.3)

104(22.9)
61(13.4)

121(26.6)

169(37.1)

298(65.5)
132(29.0)
25(5.5)
5.9(05)

98.4(12.6)

267(58.7)
114(25.1)

74(16.3)

205(45.1)
151(33.2)
9(21.8)
5.9(1.9)

0785

<0001

<0001

007

0.027

<0001

<0001

0.008

<0001

071

0.003

0.001

0.944

0.027

0,056

0933

0.189

0,056

<0001

0514

0205

<0001

0.072

0.025

<0001

0.001

0.027

<0001

0.087

0505

<0001

<0001

0,056

0.005

0.003

<0001

<0001

<0001

0112

<0001

<0001

<0001





OPS/images/fpubh-13-1574386-g003.jpg
o o
@ o
3 3
-0.788 (0.672, 0.680) e
& z3 -0.527 (0.739, 0.616)
AUC: 0.715 2 AUC: 0.716
5 <
& & 3
o o
S s
o o
S s
T T T T T T T T T T T T T T T T
12 10 08 06 04 02 00 -02 12 10 08 06 04 02 00 -02

Specificity Specificity





OPS/images/fpubh-13-1574386-g004.jpg
Actual Probability

02

06 08

04

T

Apparent
—— Bias-corrected

Ideal

T T =
02 04 06 08

Predicted Pr{depression=1}
8= 400 repetions, boot Mean absolute eror=0.012 n=74

02 04 06 08

00

Apparent
—— Bias-corrected|
Ideal
T T T
00 02 04 06 08

Predicted Pr{depression=1}

B= 400 repetitions, boot

Mean absolute error=0.027 n=418.





OPS/images/fpubh-13-1574386-t002.jpg
Variable ivariate analysis OR(95%CI)

Age 0.975(0.963-0.987) <0.001
Grip_strength 0.971(0.953-0.99) 0003
Breath 0.998(0.996-0.99) 0013
AR

Yes 1676(1.22-231) 0.001
No Reference

CKD

Yes 2077(1.12-3.84) 0019
No Reference

DigestD

Yes 1349(0.93-1.94) 0.109
No Reference

ADL_score 0.647(0.41-0.99) 0053

Sleep hour 0.8(0.74-087) <0.001





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Development and validation of a predictive model for depression risk in Chinese obese adults



		1 Introduction



		2 Methods



		2.1 Study design



		2.2 Data collection



		2.2.1 Body mass index



		2.2.2 Depression assessment



		2.2.3 Socio-demographic factors



		2.2.4 Behavioral factors



		2.2.5 Health status



		2.2.6 Physical fitness



		2.2.7 Blood tests



		2.2.8 Variable definition criteria









		2.3 Statistical methods









		3 Results



		3.1 Participant characteristics



		3.2 Baseline comparisons results for the training and validation sets



		3.3 Depression risk in obese patients: LASSO regression results



		3.4 Logistic regression results of depression risk in obese patients



		3.5 Results of the depression risk prediction model for obese patients



		3.6 Validation of depression risk prediction model for obese patients



		3.7 Calibration of depression risk prediction model for obese patients



		3.8 Evaluation of the clinical validity of the depression risk prediction model in obese patients









		4 Debate



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Generative AI statement



		Publisher’s note



		References



















OPS/images/fpubh-13-1574386-g001.jpg
1

108 5

30 30 30 30 20 28 25 17

30 27 24 13

30

T
020

0120 0020 0640

Jo113 pasenbg-uesy

0 00 S0

SBIYE0D

01

7

-8

Log(n)

Log Lambda





OPS/images/fpubh-13-1574386-g002.jpg
10 20 30 40 50 60 70 80 90 100
. . . )

Points : : ! i : .

age T Tt

grip_strength 907050 30 10

breath 600,49 30,20 100

AR 900700, 5100 300 100

CKD .,

ADL_score  ¢—r 1+

sleephr o T < — T T T ,
Total Points 'S tdrterdO 8 842 0
Risk of depressfor20 ~ 60 100 140 180 220 260

01 025 05 075 09





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

Development and validation of a
predictive model for depression
risk in Chinese obese adults












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
¥ frontiers Frontiers in Public Health






