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Objective

Depression is highly prevalent among individuals with type 2 diabetes mellitus (T2DM), often compounded by multiple chronic conditions. This study aimed to identify the key factors influencing depression in this population, with a particular focus on the relationship between the Cumulative Illness Rating Scale (CIRS) score and depression, and to evaluate the predictive value of a model incorporating sex, body mass index (BMI), low-density lipoprotein cholesterol (LDL-C), and CIRS score.





Methods

A total of 308 hospitalized patients with type 2 diabetes from Quzhou Hospital, Wenzhou Medical University were enrolled. Their clinical and biochemical data were collected, alongside assessments of comorbidities and depressive symptoms using the CIRS and Self-Rating Depression Scale (SDS), respectively. LASSO regression with 10-fold cross-validation was used to identify the optimal variables for the predictive model. Multivariate analysis was performed to assess the independent associations between sex, BMI, LDL-C, and CIRS score with depression. The relationship between CIRS scores and depression was further explored across various subgroups. The predictive model’s value was assessed through ROC curve analysis.





Results

Female sex (OR: 2.48, 95% CI: 1.50-4.10, p < 0.001), lower BMI (OR: 0.92, 95% CI: 0.86-0.98, p = 0.015), lower LDL-C (OR: 0.77, 95% CI: 0.61-0.98, p = 0.031), and higher CIRS scores (OR: 1.11, 95% CI: 1.05-1.18, p < 0.001) were independently linked to depression after adjusting for clinical variables. A strong association between CIRS score and depression was observed, particularly in males, patients under 60 years old, those with a disease duration of less than 5 years, and individuals with no history of smoking or alcohol consumption. Additionally, a predictive model incorporating sex, BMI, LDL-C, and CIRS score demonstrated high accuracy in identifying patients at risk for depression.





Conclusions

Female, lower BMI, lower LDL-C and higher CIRS score were independently associated with depression in patients with type 2 diabetes. The CIRS score appeared to be more effective in predicting depression risk in people who were male, younger, shorter DM duration, no smoking or no drinking. A more comprehensive prediction model could help clinicians identify patients with type 2 diabetes who are at risk for depression.
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1 Introduction

Diabetes mellitus (DM) is a chronic metabolic disorder that has reached epidemic proportions worldwide. The global prevalence of diabetes exceeds 500 million individuals, with projections indicating a staggering rise to 1.31 billion cases by 2050 (1). As one of the leading contributors to disability and mortality, diabetes represents a major public health challenge of the 21st century, as underscored by The Lancet (2). Beyond its direct physiological impact, diabetes significantly amplifies the burden of healthcare systems due to its association with an array of comorbid conditions.

Comorbidities, defined as the co-occurrence of two or more chronic diseases within the same individual, are particularly prevalent among patients with diabetes (3, 4). These conditions, which commonly include hypertension, cardiovascular disease, nephropathy, and depression, complicate disease management, adversely affect prognosis, and substantially reduce quality of life. Studies indicate that people with type 2 diabetes generally have multiple comorbidities, and at least 77% of them have more than one comorbidities (5). This high burden of comorbidities underscores the need for a more holistic approach to the management of diabetic patients, one that accounts for both physiological and psychological health. Among the various comorbidities associated with diabetes, depression has emerged as a particularly critical concern due to its bidirectional relationship with diabetes and its profound implications for patient outcomes (6–8). Depression is more prevalent in diabetic populations than in the general population, affecting nearly 23.2% of diabetic patients (9). The risk of depression is particularly pronounced among women, with studies consistently reporting higher prevalence rates in females compared to males (10). Prevalence rates among diabetic individuals vary widely, ranging from 3.8% to 49.5%, reflecting differences in population demographics, diagnostic criteria, and healthcare access (11). Depression in diabetic patients is associated with a cascade of adverse outcomes, including poor glycemic control (12), reduced adherence to treatment (13), diminished quality of life (14), and increased all-cause mortality (15). The interplay between diabetes and depression forms a self-perpetuating cycle, wherein the stress of managing diabetes exacerbates psychological distress, which in turn worsens metabolic control and accelerates diabetes-related complications (16). This complex relationship necessitates early identification and management of depression to mitigate its impact on diabetes progression and overall health outcomes.

Despite the growing recognition of depression as a critical comorbidity, its detection in diabetic patients remains challenging. Conventional screening methods often fail to capture the multifactorial nature of depression risk in this population. In this context, the Cumulative Illness Rating Scale (CIRS) has emerged as a promising tool. The CIRS provides a comprehensive assessment of comorbid burden by quantifying the severity of chronic illnesses across multiple organ systems (17). While extensively validated in geriatric populations and patients with multimorbidity, the utility of the CIRS in predicting mental health outcomes, particularly depression, in diabetic patients remains underexplored.

This study aims to fill this gap by investigating the relationship between CIRS scores and depression in patients with type 2 diabetes. Using a cohort of hospitalized diabetic patients, we examine the role of demographic factors (e.g., sex), clinical parameters (e.g., body mass index [BMI], low-density lipoprotein cholesterol [LDL-C] levels), and comorbid burden (CIRS scores) in predicting depression risk. By developing and validating a predictive model, we aim to equip clinicians with a practical tool for early identification of high-risk patients, thereby facilitating timely interventions. This approach not only addresses the immediate psychological needs of diabetic patients but also has the potential to improve their long-term physical and metabolic outcomes.




2 Methods and materials



2.1 Study design

This study included 337 patients with T2DM hospitalized at Hospital, between March 2023 and April 2024. According to the inclusion and exclusion criteria, 308 patients with T2DM were screened. Inclusion criteria: (1) Adults (≥18 years old) with a confirmed diagnosis of T2DM based on standard diagnostic criteria; (2) Presence of at least one additional chronic condition lasting ≥ 6 months, such as hypertension or chronic obstructive pulmonary disease (COPD); (3) Ability to communicate effectively and cooperate to complete the required assessments; (4) Availability of comprehensive medical records. Exclusion criteria: (1) Current or past diagnosis of psychiatric disorders, or ongoing treatment with antipsychotic medications; (2) Positive family history of mental illness; (3) Withdrawal due to lack of cooperation or incomplete participation; (4) Insufficient clinical data for evaluation. The screening process is shown in Figure 1. Ethical approval was obtained from the institutional review board, and all participants provided written informed consent prior to inclusion.




Figure 1 | Flowchart for screening research subjects.






2.2 Data collection



2.2.1 Demographic and clinical information

Baseline data including age, sex, education level, smoking history and alcohol use, and body mass index (BMI) and duration of diabetes were collected. Biochemical parameters, such as fasting blood glucose (FPG), glycated hemoglobin (HbA1c), triglyceride (TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), and C-reactive protein (CRP), were recorded at admission.




2.2.2 Psychological assessment

The psychological status of participants was assessed using the self-rating Depression Scale (SDS), developed by Zung (18). The SDS evaluates subjective experiences of depression using 20 items, scored on a four-point Likert scale. The depression index was calculated as the cumulative score divided by 80, with the following classifications: (1) No depression: < 0.50; (2) Mild depression: 0.50–0.59; (3) Moderate depression: 0.60-0.69; (4) Severe depression: ≥ 0.70.




2.2.3 Comorbidity assessment

The CIRS provides a comprehensive assessment of comorbidities by evaluating the degree of damage across various organ systems. Unlike other scales that focus solely on current diseases, the CIRS also accounts for historical diseases, allowing for a more thorough evaluation of both present and past health conditions. The scale has been widely adopted due to its ability to predict clinical outcomes, including hospital readmission rates and both short-term and long-term mortality (19–22).

For this study, two specially trained researchers used the CIRS to assess the comorbidity status of patients. Detailed patient medical histories, including past medical records, were collected to ensure accuracy in scoring. The CIRS evaluates 14 organ systems, including heart, blood vessels, respiration, eye, ear, nose and throat, digestive system, reproductive system, bone and skin, and nervous system. Each system is scored based on disease severity, with 5 grades: (1) Grade 0, no damage (0 points); (2) Grade 1, mild damage (1 point); (3) Grade 2, moderate damage (2 points); (4) Grade 3, severe damage, with limited function and potential disability (3 points); (5) Grade 4, life-threatening damage (4 points). The total score ranges from 0 to 56, with higher scores indicating more severe comorbidity.





2.3 Statistical analysis

The statistical analyses were performed using R, a software environment (R version 3.3.2). Continuous variables were tested for normality using the Shapiro-Wilk test. Normally distributed data were presented as mean ± SD and compared using the independent-samples t-test. Non-normally distributed data were expressed as medians (interquartile range, IQR) and analyzed using the Mann-Whitney U test. The categorical variables were expressed as number and percentage and analyzed with the chi-square test. The best variables screened from the Lasso regression were included in the multivariate logistic regression for analysis, and a prediction model was constructed. To assess the predictive capability of prospective factors and model,receiver operating characteristic (ROC) analysis were conducted. In addition, patients were grouped according to different population characteristics, and the relationship between variables among different populations was analyzed by logistic regression. p < 0.05 was considered to be statistically significant.





3 Result

This study included 308 patients with T2DM, comprising 62.66% males (193/308) and 37.34% females (115/308). The median age of the patients was 60 years (IQR: 51, 70), and the median CIRS score was 10 (IQR: 7, 13). Among the cohort, 58.44% (180/308) exhibited no depression, while 41.56% (128/308) had depression (Table 1).


Table 1 | The characteristics of the patients included in our study.



To understand the factors that may contribute to depression in people with T2DM, we use LASSO regression, which can help us to reduce the risk of overfitting by eliminating irrelevant or redundant variables when there are too many of them. This method helps us identify the most important variables that could be linked to depression. Our analysis highlighted several key factors: sex, educational level, BMI, TC, LDL-C, and CIRS score (Figure 2). These variables were subsequently incorporated into a multivariate logistic regression model. Multivariate analysis showed that being female [odds ratio (OR): 2.48, 95% CI: 1.50-4.10, p < 0.001], having a lower BMI (OR: 0.92, 95% CI: 0.86-0.98, p = 0.015), lower LDL-C (OR: 0.77, 95% CI: 0.61-0.98, p = 0.031), and higher CIRS score (OR: 1.11, 95% CI: 1.05-1.18, p < 0.001) were independent associated with the risk of depression (Table 2).




Figure 2 | Predictor selection using LASSO regression. (A) The coefficient profile generated for non-zero coefficients based on the logarithmic (lambda) sequence. (B) The optimal lambda value selected via tenfold cross-validation. The partial likelihood deviation (binomial deviation) curve relative to log (lambda) was plotted. A virtual vertical line at the optimal value was drawn using one SE of minimum criterion (the 1-SE criterion).




Table 2 | Multivariate logistic regression for depression predictors.



To explore the relationship between CIRS scores and depression, we analyzed the associations across different subgroups based on sex, age, duration of DM, smoking history, and drinking history. Interestingly, the CIRS score exhibited a more robust association with depression in certain populations. Among the different groups, the relationship between the CIRS score and depression was statistically significant in the following subgroups: males (OR:1.14, 95% CI: 1.06-1.22, p < 0.001), individuals under 60 years of age (OR: 1.16, 95%CI: 1.05-1.28, p = 0.004), those with a DM duration less than 5 years (OR: 1.24, 95% CI: 1.07-1.42, p = 0.003), individuals with no smoking history (OR:1.12, 95% CI: 1.02-1.24, p = 0.018), and those without a history of alcohol use (OR: 1.15, 95% CI: 1.05-1.25, p = 0.003). In contrast, the association was weaker and not statistically significant in females (OR: 1.08, 95% CI: 0.98-1.19, p = 0.141), those aged 60 years or older (OR: 1.07, 95% CI: 0.98-1.16, p = 0.123), individuals with diabetes for 5 years or longer (OR: 1.04, 95% CI: 0.97-1.12, p = 0.295), and those with a history of smoking (OR: 1.10, 95% CI: 1.01-1.21, p = 0.038), or alcohol use (OR: 1.09, 95% CI: 0.98-1.22, p = 0.094) (Table 3).


Table 3 | Association between CIRS score and depression in different populations.



Subsequently, we performed a ROC analysis to assess the predictive capacity of the CIRS score for depression. The analysis revealed an AUC of 0.634 (95%CI: 0.572-0.696, p < 0.001), with an optimal cutoff value of 8.5, yielding a sensitivity of 0.734 and specificity of 0.478. In multivariate analysis, we integrated additional variables, including sex, educational level, BMI, TC, LDL-C, and CIRS score, to construct a predictive model. The AUC of this model was 0.710 (95% CI: 0.651-0.769, p < 0.001), with a cutoff value of 0.404, resulting in a sensitivity of 0.688 and specificity of 0.650. (Table 4; Figure 3).


Table 4 | Receiver operating characteristic model and the predictive values.






Figure 3 | Curves of receiver operating characteristic.






4 Discussion

This study provides important insights into the risk factors for depression in patients with type 2 diabetes. Our main findings include: (1) female sex, lower BMI, lower LDL-C levels and higher CIRS score were identified as independent risk factors for depression in T2DM patients; (2) CIRS scores showed a more significant association with depression in specific subgroups (men, age < 60 years, DM duration < 5 years, and no smoking or drinking history); (3) A predictive model incorporating sex, BMI, LDL-C and CIRS score demonstrated high accuracy in assessing depression risk.

Our study found that female sex was independently associated with a higher risk of depression, a finding consistent with numerous studies (23–25). Research has consistently showed that women with T2DM experience higher rates of depression compared to men, with one study indicating that the prevalence of depression among women was significantly higher (17.1% vs. 9.3%) than in men with diabetes ability could be due to a combination of hormonal, psychosocial, and genetic factors, although further investigation into the underlying mechanisms is needed (26). Our findings (OR=2.48, 95% CI: 1.50-4.10, p < 0.001) confirm that female sex is an independent risk factor for depression in T2DM, aligning with previous research and highlighting the need for gender-specific strategies in the management of diabetes and associated depression.

Previous studies have produced mixed results regarding the association between BMI and depression. Some studies suggested that individuals with high BMI are more prone to developing depression (27–30), a relationship often explained by factors such as physical inactivity, poorer quality of life, and increased vulnerability to social stigma, all of which are commonly observed in obese individuals (31). In contrast, other studies have reported a negative correlation between BMI and depression, with underweight individuals also showing a heightened risk for depressive symptoms (32). In addition, some studies have found no significant relationship between BMI and depression, but they cannot rule out the association between them (33). However, recent literature increasingly supports a non-linear, U-shaped association between BMI and depression. Both high and low BMI extremes appear to contribute to an elevated risk of depression (34–36). A pivotal study identified a BMI inflection point at approximately 25.719 kg/m2, suggesting that the lowest depression risk occurs within the World Health Organization’s defined healthy BMI range (18.5 ≦ BMI < 25.0) (37). This discrepancy in findings across studies may stem from variations in sample size, population characteristics, and study design, as some studies may not have adequately accounted for underweight individuals or focused exclusively on specific cohorts, such as the elderly, students, or middle-aged individuals (38, 39). Our findings support this U-shaped relationship, with a negative association between BMI and depression observed in our type 2 diabetes cohort (OR=0.92, 95% CI: 0.86-0.98, p=0.015). While our study population was limited to individuals with type 2 diabetes, the data are consistent with the broader literature, indicating that both low and high BMI are associated with an increased risk of depression. Specifically, our study suggests that low BMI may also serve as an independent risk factor for depression in this group, reinforcing the need for a nuanced approach to weight management in the clinical setting. Clinically, these findings highlight the importance of maintaining a balanced and healthy body weight. Excessive pursuit of weight loss, particularly at the expense of nutritional or psychological well-being, may not only fail to improve mental health but could, in fact, exacerbate depressive symptoms. Therefore, clinicians should prioritize a holistic approach to managing both physical and mental health, advocating for regular physical activity, balanced nutrition, and fostering a positive body image. These strategies are essential not only for managing type 2 diabetes but also for promoting overall mental health in this population.

In contrast to previous studies that have linked higher LDL-C levels with an increased risk of depression in patients with type 2 diabetes (40), our findings indicate that lower LDL-C levels are more likely to be associated with depression (OR=0.77, 95% CI: 0.61-0.98, p=0.031). This discrepancy may be partially explained by the influence of lipid-lowering drug adherence. Previous research has shown that individuals with poor adherence medication tend to have elevated LDL-C levels, which might explain the higher observed LDL-C levels in depressed patients compared to the normal those in the general population (41). In contrast, patients with better adherence may exhibit lower LDL-C levels, potentially contributing to the divergent findings in the literature. Furthermore, the relationship between depression and LDL-C is complex and involves intricate biological mechanisms. Cholesterol, transported by LDL-C particles in peripheral circulation, is also synthesized within the brain (42). Lower peripheral LDL-C levels could reflect a depletion of cholesterol in the brain, which may impair neuronal function. A reduction in brain cholesterol has been shown to decrease serotonin activity, a key neurotransmitter implicated in depression. Thus, lower LDL-C levels in peripheral systems may be linked to a reduction in serotonin and its receptors, leading to depressive symptoms (43, 44). The association between depression and LDL-C levels is still controversial (45). Some studies reported slightly higher LDL-C levels in depressed patients (46), while others failed to show a positive correlation (47). In addition, several studies have proposed a U-shaped relationship between serum LDL-C and depression, suggesting that both high and low serum LDL-C levels may increase depression risk (48). It is hypothesized that lower LDL-C levels may precede depression onset, but as depressive symptoms progress, patients may engage in behaviors leading to weight gain, ultimately resulting in elevated LDL-C levels. This highlights the dynamic, multifactorial nature of the relationship between LDL-C and depression. It is important to note that since serum samples from patients are only taken once, this may misrepresent the true serum cholesterol before depressive symptoms occur. In addition, detailed statin use data were lacking in our study, which could affect the relationship between depression and LDL-C. But other studies have found that the relationship may not be related to preventative use of cholesterol-lowering drugs (49). Future studies are essential to unravel the complex interplay between LDL-C levels, lipid metabolism, statin use and depression in patients with type 2 diabetes, providing a clearer understanding of their mechanistic links and clinical implications.

In examining the relationship between comorbidities and depression in T2DM, previous studies have generally not addressed the combined effect of multiple comorbid conditions as a whole. To fill this gap, we utilized the CIRS to evaluate the overall burden and severity of comorbidities in this population. Our study demonstrated that higher CIRS scores were independently associated with an increased risk of depression (OR=1.11, 95%CI: 1.05-1.18, p < 0.001), further corroborating the notion that comorbidities contribute significantly to the development of depression in diabetic patients (50). Previous research has shown that comorbidities related to both macrovascular and microvascular complications are important predictors of depression in diabetes (51–53). These findings underscore the critical role that comorbid conditions play in both the prognosis and overall quality of life of individuals with diabetes. The association between CIRS scores and depression can be elucidated through the lens of cytokine mechanisms. Elevated levels of proinflammatory cytokines, which are frequently observed in patients with multiple comorbidities, have the potential to disrupt neurobiological pathways that are crucial for mood regulation. For instance, chronic non-infectious diseases such as diabetes mellitus (54), coronary artery disease (55), hypertension (56), and chronic obstructive pulmonary disease (57) are known to lead to increased levels of cytokines (e.g., interleukin-2, tumor necrosis factor), which can induce depressive symptoms (58, 59). This suggests that the burden of multiple chronic diseases can result in heightened psychological stress, which in turn can precipitate depression. Clinicians can leverage the CIRS score to identify patients who are at a higher risk of developing depression and intervene accordingly (60). In our study, we considered the cumulative effect of these comorbidities and found that, when assessed together, they were a significant independent risk factor for depression in T2DM patients. Further analysis revealed that the association between the CIRS score and depression varied across different subgroups. Specifically, we observed a stronger correlation in men, younger patients (<60 years), those with a shorter duration of diabetes (<5 years), and individuals without a history of smoking or alcohol consumption. These findings suggest that the interplay between comorbidities and depression may be influenced by demographic and clinical factors, and certain subgroups may be more vulnerable to the mental health impacts of comorbidity burden. Further investigation into the CIRS-depression link is crucial to elucidate the role of multi-system comorbidities in the mental health outcomes of T2DM patients.

The ROC analysis revealed that the AUC of the prediction model was 0.710 (95% CI: 0.651–0.769; p < 0.001), indicating a satisfactory level of predictive accuracy. The optimal cut-off value was determined to be 0.404, at which the model achieved a sensitivity of 0.688 and a specificity of 0.650. These results suggest that the model possesses a robust predictive capacity for identifying the occurrence of depression in patients with type 2 diabetes. The predictive power of the single-factor CIRS score was also impressive, with an AUC of 0.634 (95% CI: 0.572-0.696, p < 0.001), and demonstrated moderate predictive value with a sensitivity of 0.734 and a specificity of 0.478 when the optimal cut-off value was 8.5. We developed a predictive model incorporating sex, BMI, LDL-C, and CIRS scores to assess the risk of depression in T2DM patients, providing a robust, evidence-based framework for early identification of mental health risks in this population. This model can aid clinicians in pinpointing diabetic patients at high risk for depression, facilitating timely interventions that could improve both mental health and long-term outcomes.

However, this study has several limitations that should be acknowledged. Firstly, the primary limitation is the sample size. Although we included a substantial number of participants, the sample may not be representative of the broader population. This could potentially limit the generalizability of our findings to other populations or settings. Secondly, as a cross-sectional analysis conducted at a single center, it may be subject to selection bias and may not fully reflect the demographic diversity of broader populations. Future research should include multi-center, prospective studies with larger, more diverse cohorts to validate these results and explore their broader applicability. Thirdly, the reliance on self-reported questionnaires for assessing comorbidities and depression introduces potential reporting bias.




5 Conclusion

In conclusion, our study identified several independent risk factors for depression in patients with type 2 diabetes, including female sex, lower BMI, lower LDL-C levels, and higher CIRS scores. We also demonstrated that the CIRS score was particularly effective in predicting depression risk in specific subgroups, including males, individuals under 60 years of age, those with a disease duration of less than 5 years, and those without a history of smoking or alcohol consumption. Additionally, we developed a predictive model incorporating sex, BMI, LDL-C, and CIRS scores, which showed strong performance in assessing depression risk in this population. By evaluating both the traditional and multi-system comorbidities of diabetic patients, this study offers a comprehensive approach to understanding the complex interplay between physical health and mental well-being, providing valuable insights for early identification and intervention in the management of depression in type 2 diabetes. In the future, we may need to emphasize comorbidity and mental health assessment in routine diabetes care.
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Model was adjusted by gender, educational level, BMI, TC, LDL-C, and CIRS score with p < 0.05 in multivariate analysis. AUC, Area Under Curve; CI, confidence interval; *p < 0.05.
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OR, Odds Ratio; CI, Confidence Interval, *p < 0.05.
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*Median (1st Quartile, 3st Quartile) was used for continuous, non-normal distributed variables; ®The categorical variables were expressed as number and percentage *p < 0.05.





