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A B S T R A C T

Background: At present, the relationship between depression and the triglyceride glycemic (TyG) 
index remains a topic of debate. This study sought to elucidate the relationship between 
depression and the TyG index to create a predictive model that would help doctors diagnose 
patients.
Methods: We conducted a cross-sectional study utilizing the National Health and Nutrition Ex-
amination Survey (NHANES) dataset, which comprises data from 2009 to 2018. The analysis 
involved 11,222 adults with a Patient Health Questionnaire-9 (PHQ-9) score of 5 or higher, 
indicating the presence of depression. As part of the analysis, multiple regression models were 
used to test whether a linear relationship existed between the TyG index and depression. A 
threshold effects analysis was used to generate smoothed curves and detect nonlinear correla-
tions. Additionally, the Least Absolute Shrinkage and Selection Operator (LASSO) regression were 
employed to identify the key risk factors associated with depression. The factors identified were 
then used to construct the risk prediction nomogram. Finally, Receiver Operating Characteristic 
(ROC) curves were used to evaluate the discriminative performance of the model.
Results: Multivariable linear regression analysis indicated a strong positive correlation between 
depression and the TyG index (β: 0.38, 95 % CI: 0.16–0.60, p = 0.0008). A U-shaped relationship 
with an inflection point was observed at a TyG index of 8.16. The nomogram model, constructed 
using risk factors identified by LASSO, exhibited a significant predictive value (AUC = 0.888).
Conclusions: The results of this investigation point to a U-shaped association between depression 
risk and the TyG index among Americans. Those with a TyG index of over 8.16 are significantly 
more likely to develop depression. These results suggest a possible causal relationship and 
emphasize the importance of monitoring the TyG index in depression risk assessment.

1. Background

Depression is a widespread mental disorder that affects an increasing number of individuals [1]. The World Health Organization 
(WHO) projected that by 2019, roughly 280 million individuals would be affected by depression, with a higher prevalence among 
women [2]. Depression places a heavy burden on patients and public health expenditures [3]. Major depressive disorder affects 6.7 % 
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of the U.S. population who reported having at least one major depressive episode in 2017 [4]. Given the high recurrence rate of major 
depression and its comorbidity with other disorders, developing effective prevention strategies is urgently needed.

Numerous studies have established a strong link between depression and chronic physical ailments. In particular, diabetic patients 
with insulin resistance (IR) are at a higher risk of developing depression. Furthermore, compared to healthy controls, patients with 
mental disorders may show variable degrees of IR and larger variations in lipid, glucose, and insulin parameters early in the course of 
the disease [5]. Traditionally, the Homeostasis Model Assessment of Insulin Resistance (HOMA-IR) has been used as the gold standard 
for measuring IR because of its accuracy and predictability. It is effective in predicting cardiovascular disease [6–8]. However, this 
requires measurement of the patient’s fasting insulin level and has limited clinical utility. The triglyceride-glucose (TyG) index is a 
simple surrogate for IR and is easily obtained from clinical laboratory test results [9]. The TyG index is calculated as fasting tri-
glycerides (mg/dL) * fasting glucose (mg/dL)/2. It was proposed by Mendía et al. in 2008 and has been studied extensively [10]. 
Recent research has shown that the TyG index is a more reliable and practical diagnostic tool for recognizing IR [11–17]. Studies have 
shown that the TyG index is associated with heart failure, coronary heart disease, atherosclerosis, carotid atherosclerosis, hypertension 
and stroke [18–23].

This study investigated the connection between depression and the TyG index among participants in the National Health and 
Nutrition Examination Survey (NHANES). A U-shaped association between the TyG index and depression was observed in the general 
American population, which aligns with previous research that has found similar relationships between the TyG index and other 
ailments, such as obesity and hyperuricemia. In addition, we introduced machine learning techniques such as LASSO regression 
analysis and histogram modeling to identify key risk factors associated with depression. This approach provides valuable insights for 
identifying populations at high risk of depression. The NHANES is a comprehensive national survey covering non-institutionalized U.S. 
citizens nationwide through an unbiased selection process, data processing, and quality control. These rigorous methods ensure the 
authenticity and reliability of the published results.

2. Methods

2.1. Information in our research

The data used came from the 2009–2018 NHANES, a health survey conducted by the Centers for Disease Control and Prevention 

Fig. 1. Flowchart of subject selection.
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(CDC) and the National Center for Health Statistics (NCHS). Participants who were at least 20 years of age, had complete fasting blood 
glucose and fasting lipids, were assessed, and received a comprehensive depression rating were selected for this study [24]. For this 
study, participants had been assessed using the TyG index, and had undergone full depression ratings were selected. Following the 
exclusion of respondents with missing covariate data, 11,222 individuals were enrolled in the study. A schematic representation of this 
procedure is provided in Fig. 1. Additional ethical clearance was not needed because an ethics committee had approved all the datasets 
used.

2.2. Variables

2.2.1. TyG index
In this study, the primary variable of importance was the TyG index. By drawing blood in the morning [25] following an overnight 

period of fasting, data on total cholesterol, high-density lipoprotein (HDL), low-density lipoprotein (LDL), triglycerides (TG), fasting 
blood glucose (FBG), and insulin was collected. By drawing blood in the morning 21 following an overnight period of fasting, data on 
total cholesterol, high-density lipoprotein (HDL), low-density lipoprotein (LDL), triglycerides (TG), fasting blood glucose (FBG), and 
insulin was collected. The Laboratory Blood Assay Related Data Researcher dispenses blood into containers for storage and trans-
portation to laboratories throughout the United States for analysis and serum into containers for future research and storage. The 
purpose of filling cell processing is to dispense washed filling cells to two different analytical laboratories for storage and trans-
portation. Processing includes centrifuging and storing blood collection tubes; dispensing whole blood into storage tubes; centrifuging, 
separating, and dispensing plasma and serum into storage containers; performing dilutions; washing and lysing whole blood cells; and 
storing specimens. The TyG index was calculated using the formula TyG = In [TG (mg/dL) × FBG (mg/dL)/2].

2.2.2. Depression
Symptoms of depression were assessed using the ninth edition of the Patient Health Questionnaire (PHQ-9). This questionnaire 

rates nine depressive symptoms on a scale from 0 (none) to 3 (nearly daily). According to the study criteria, participants were classified 
as experiencing depression if their total PHQ-9 score exceeded 5 [26,27]. In this assessment, each item is scored on a scale from 0 to 3, 
with 0 indicating no symptoms and 3 indicating severe symptoms. The total score, which is the sum of all item scores, can range from 
0 to 30. A total score exceeding 9 suggests the presence of significant depressive symptoms. The depression variable is categorized into 
three levels: no depression (values ≤ 5), moderate depression (values > 5 and ≤ 19), and severe depression (values > 19).

2.2.3. Covariate information
Based on the existing literature and drawing from biological rationale, we selected a comprehensive set of covariates known to have 

confounding effects on depression. Demographic and health-related data were collected through NHANES at-home interviews. This 
included basic personal information, such as gender, education, marital status, household income to poverty ratio, body mass index 
(BMI), and waist circumference. Adults who were 20 years old or above were selected for the study. Mexican American, other Hispanic, 
non-Hispanic White, non-Hispanic Black, and other races were among the race categories of the participants enrolled. The following 
question was used to determine lifestyle habits, “On days when {you/SP} consumed alcoholic beverages in the past 12 months, how 
many drinks did {you/he/she} consume on average?” This question was used to understand patterns of alcohol consumption.

Data on the participant’s clinical parameters, including insulin, TG, FBG, HDL-C, and LDL-C, were also obtained from NHANES 
laboratory records. To improve the methodological transparency of the study, comprehensive data on variables was obtained from 
previous research [28,29]. The existence or absence of ten diseases – asthma, arthritis, chronic heart failure, coronary heart disease 
(CHD), angina pectoris, emphysema, stroke, chronic obstructive pulmonary disease (COPD), cancer, and hypertension – was deter-
mined by a “yes” or “no” response. Diabetes was defined as a “yes” or “no” and “borderline.”

2.3. Statistical analysis

2.3.1. Cross-sectional study
R software (4.1.6) was used for statistical analysis. Sample weights from several study periods were taken into account in our 

analytical technique to accurately estimate health-related data because the NHANES survey uses a variety of intricate selection de-
signs. Using multivariate logistic regression analysis, we were able to derive β-values and 95 % confidence intervals (CIs) between 
depression and the TyG index.

One of the primary reasons for choosing multivariate logistic regression is its interpretability. Logistic regression provides clear and 
easily interpretable coefficients that represent the odds ratios associated with each predictor variable. This level of transparency is 
particularly important in clinical and epidemiological research, where understanding the relationship between covariates and out-
comes is critical. In contrast, while methods like GBM, SVM, and CART can provide high predictive accuracy, they are often considered 
“black box” models, making it more challenging to derive clear, actionable insights from the results. Our dataset is relatively balanced 
and does not contain large-scale, complex interactions that might necessitate the use of more advanced techniques like GBM or SVM. In 
preliminary analyses, we found that logistic regression performed comparably to these more complex models in terms of predictive 
accuracy, without the need for extensive hyperparameter tuning or computational resources. Additionally, logistic regression is robust 
to overfitting in situations with smaller sample sizes or when the number of predictors is manageable, which was the case in our study.

Logistic regression is widely accepted and understood in the medical community, making it easier to communicate findings to 
clinicians and policymakers. The ability to produce odds ratios and confidence intervals allows for straightforward translation of 

C. Ding et al.                                                                                                                                                                                                            Heliyon 10 (2024) e38615 

3 



results into clinical practice, which is less feasible with more complex models like SVM or GBM. Logistic regression tends to generalize 
well to new data, particularly when the underlying relationships are linear or approximately linear. The simplicity of the model helps 
prevent overfitting, which can be a risk with more complex models like GBM or SVM, especially in studies with smaller sample sizes.

A second model (Model 2) considered factors such as gender, age, race, education, marital status, and family the ratio of income to 
poverty (RIP), while an initial model (Model 1) was left uncorrected. In addition, a third model (Model 3) was designed to take in the 
inputs of BMI, waist circumference, HDL, LDL, insulin, asthma, arthrolithiasis, and chronic heart failure and was corrected for age, 
gender, race, marital status, education, family RIP. heart attack, angina pectoris, stroke, COPD, pulmonary emphysema, cancer, 
diabetes, and hypertension. Smoothed curve fitting was performed post-adjustment to identify inflection points between the TyG index 
and depression using a threshold effect analysis model. We also conducted subgroup analyses and interaction tests to delve deeper into 
the dynamics of the relationship between depression and the TyG index.

2.3.2. Machine learning
Using the regression model Least Absolute Shrinkage and Selection Operator (LASSO), we were able to determine the most 

important depression predictors while controlling for covariation among covariates. LASSO is a type of regression analysis that en-
hances both the prediction accuracy and interpretability of statistical models. It does this by adding a penalty to the regression 
equation that is proportional to the sum of the absolute values of the coefficients. This penalty shrinks some coefficients to zero, 
effectively performing variable selection and regularization simultaneously. This makes LASSO particularly useful in models with 
many predictors, where it helps to avoid overfitting and improve model generalization [30]. For model evaluation and parameter 
optimization, we utilized a cross-validation method, systematically dividing the dataset into ten subsets. Each subset sequentially 
served as a validation set against the model trained on the remaining nine subsets, facilitating robust evaluation and optimal parameter 
determination. During the cross-validation, we plotted a curve against various lambda values to assess model performance across these 
settings. The term “minimum deviation” refers to the lambda value corresponding to the lowest deviation observed, indicating the best 
fit to the data. To enhance model stability and prevent overfitting, we opted for a lambda value slightly higher than the minimum, 
typically increased by one standard deviation. This adjustment aims to improve the generalizability of the model to new datasets. 
Furthermore, we developed a risk prediction model incorporating several key variables related to depression. The discriminative 
ability of this model to predict depression risk was validated through Receiver Operating Characteristic (ROC) curves, providing a 
measure of the model’s efficacy in distinguishing between cases with and without depression.

3. Results

3.1. Cross-sectional research design

3.1.1. Participant characteristics
The fundamental traits of the 11,222 study participants are displayed in Table 1. Several significant indications, including age, 

gender, BMI, and laboratory test results, are included in these features. These data helped researchers better grasp the diversity and 
representativeness of the study sample and served as the foundation for additional analysis. Of them, 2808 (25.02 %) had a diagnosis of 
depression. The proportion of female, Mexican American, non-Hispanic Black participants with underlying conditions (e.g., asthma, 
arthrolithiasis, chronic heart failure, CHD, angina pectoris, stroke, COPD, pulmonary emphysema, diabetes, and hypertension) 
demonstrated an increase of statistical significance in the group suffering depression as opposed to the group with no depression (P <
0.05). Furthermore, individuals with depression exhibited an elevated BMI, insulin, TyG index, and waist circumference, although 
their HDL was notably lower (P < 0.05) in comparison to the non-depressed group. Married individuals and those with greater 
educational attainment had lower rates of depression (P < 0.05).

3.1.2. Characteristics of the participants according to the quartiles of the TyG index
A summary of the fundamental traits of the study population, based on the TyG index tertiles, is provided in Table 2, including age, 

sex, family RIP, marital status, race, education, BMI, waist circumference, arthritis, chronic heart failure, CHD, angina pectoris, stroke, 
diabetes, hypertension, COPD, cancer, emphysema, insulin, HDL, LDL, and depression. Statistically significant differences were 
observed between the TyG index tertiles, while no statistically significant differences were observed for alcohol consumption and 
asthma.

3.1.3. Relationship between the TyG index and depression
The results in Table 3 demonstrate a statistically significant association between the TyG index and depression among Americans 

over the age of 20. The TyG index, which is a marker of insulin resistance, was examined in three models: a crude model with no 
covariate adjustments (Model 1), a minimally adjusted model (Model 2), and a fully adjusted model accounting for a wide range of 
potential confounders (Model 3).

In Model 3, after adjusting for all relevant covariates, the TyG index remained significantly negatively associated with depression 
(β: 0.38, 95 % CI: 0.16–0.60, p = 0.0008). This suggests that higher levels of insulin resistance, as indicated by the TyG index, are 
associated with lower levels of depression, even when controlling for factors such as demographic variables, lifestyle factors, and 
comorbid conditions.

To further explore this relationship, we divided the TyG index into tertiles. The results show an interesting trend:In the second 
tertile (T2) compared to the first tertile (T1), the association with depression was significant in Models 1 and 2 (β: 0.24, 95 % CI: 
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Table 1 
Characteristics of the study population.

Characteristic Non-depression (n = 8414) Depression (n = 2808) P-value

Age 48.27 ± 16.92 48.28 ± 16.69 0.9950
Gender (%)   <0.0001
Male 51.75 39.95 
Female 48.25 60.05 
Family RIP 58.33 45.65 <0.0001
Marital Status (%)   <0.0001
Married 58.33 45.65 
Widowed 5.09 6.82 
Divorced 9.28 15.33 
Separated 1.68 3.52 
Never married 17.16 19.39 
Living with partner 8.47 9.29 
Race (%)   0.0065
Mexican American 8.47 8.75 
Other Hispanic 5.84 6.76 
Non-Hispanic White 67.92 65.95 
Non-Hispanic Black 9.75 11.62 
Other Races 8.03 6.92 
Education (%)   <0.0001
Less Than 9th Grade 4.39 6.52 
9-11th Grade (Includes 12th grade with no diploma) 9.11 13.33 
High School Grad/GED or Equivalent 21.72 26.05 
Some College or AA degree 31.05 33.58 
College Graduate or above 33.74 20.52 
Alcohol 4.45 ± 25.17 4.24 ± 20.09 0.7568
BMI 29.37 ± 6.93 31.77 ± 6.74 <0.0001
Waist circumference 100.48 ± 16.02 107.55 ± 15.21 <0.0001
Asthma (%)   0.9403
Yes 13.59 20.15 
No 86.41 79.85 
Arthrolithiasis (%)   <0.0001
Yes 3.84 5.31 
No 96.16 94.69 
Chronic heart failure (%)   <0.0001
Yes 2.01 4.70 
No 97.99 95.30 
CHD (%)   0.0007
Yes 3.32 4.73 
No 96.68 95.27 
Angina pectoris (%)   <0.0001
Yes 1.79 4.14 
No 98.21 95.86 
Stroke (%)   0.0047
Yes 2.38 4.56 
No 97.62 95.44 
COPD (%)   <0.0001
Yes 4.40 10.94 
No 95.60 89.06 
Cancer (%)   0.1887
Yes 10.16 11.05 
No 89.84 88.95 
Pulmonary emphysema (%)   0.0073
Yes 1.49 3.09 
No 98.51 96.91 
Diabetes (%)   <0.0001
Yes 9.22 14.11 
No 88.51 82.87 
Borderline 2.26 3.02 
Hypertensive (%)   <0.0001
Yes 31.95 40.12 
No 68.05 59.88 
LDL-C 2.93 ± 0.89 2.96 ± 0.97 0.2366
HDL-C 1.42 ± 0.43 1.37 ± 0.41 <0.0001
Insulin 77.47 ± 93.78 89.87 ± 114.11 <0.0001
TyG index 8.55 ± 0.65 8.67 ± 0.71 <0.0001

Mean + SD for continuous variables: the P value was calculated by the weighted linear regression model; (%) for categorical variables: the P value was 
calculated by the weighted chi-square test.
Abbreviations: RIP, ratio of family income to poverty; BMI, body mass index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; TyG index, 
triglyceride glucose index; COPD, chronic obstructive pulmonary disease; CHD, coronary heart disease.
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Table 2 
Characteristics of the participants according to the tertiles of the TyG index.

Characteristic Tertiles of TyG index

T1 T2 T3 p-value

Age 44.01 ± 17.08 49.03 ± 17.05 52.10 ± 15.36 <0.0001
Gender (%)    <0.0001
Male 41.51 50.17 55.81 
Female 58.49 49.83 44.19 
Family RIP 3.07 ± 1.65 2.98 ± 1.66 2.86 ± 1.62 <0.0001
Marital Status (%)    <0.0001
Married 51.70 55.08 59.55 
Widowed 3.80 5.91 6.91 
Divorced 9.11 11.25 11.85 
Separated 1.82 2.42 2.11 
Never married 23.53 16.79 12.27 
Living with partner 10.02 8.55 7.30 
Race (%)    <0.0001
Mexican American 6.35 9.00 10.43 
Other Hispanic 5.46 6.26 6.48 
Non-Hispanic White 65.05 68.26 69.21 
Non-Hispanic Black 15.15 9.02 6.04 
Other Races 7.99 7.47 7.84 
Education (%)    <0.0001
Less Than 9th Grade 3.28 4.88 6.65 
9-11th Grade (Includes 12th grade with no diploma) 8.07 10.25 12.15 
High School Grad/GED or Equivalent 19.92 23.73 24.76 
Some College or AA degree 31.91 31.11 31.91 
College Graduate or above 36.83 30.04 24.54 
Alcohol 5.12 ± 22.80 3.56 ± 6.78 4.45 ± 34.23 0.0795
BMI 26.82 ± 6.50 29.37 ± 6.93 31.77 ± 6.74 <0.0001
Waist circumference 92.61 ± 15.40 100.48 ± 16.02 107.55 ± 15.21 <0.0001
Asthma (%)    0.9403
Yes 15.00 15.29 15.13 
No 85.00 84.71 84.87 
Arthrolithiasis (%)    <0.0001
Yes 2.35 3.41 6.97 
No 97.65 96.59 93.03 
Chronic heart failure (%)    <0.0001
Yes 1.65 2.02 4.35 
No 98.35 97.98 95.65 
CHD (%)    <0.0001
Yes 2.46 3.21 5.40 
No 97.54 96.79 94.60 
Angina pectoris (%)    <0.0001
Yes 1.26 2.13 3.74 
No 98.74 97.87 96.26 
Stroke (%)    0.0047
Yes 2.19 3.26 3.29 
No 97.81 96.74 96.71 
COPD (%)    <0.0001
Yes 3.67 6.40 7.91 
No 96.33 93.60 92.09 
Cancer (%)    <0.0001
Yes 8.50 10.57 12.18 
No 91.50 89.43 87.82 
Pulmonary emphysema (%)    0.0073
Yes 1.32 2.05 2.25 
No 98.68 97.95 97.75 
Diabetes (%)    <0.0001
Yes 2.86 6.87 22.13 
No 95.67 90.44 74.64 
Borderline 1.47 2.69 3.23 
Hypertensive (%)    <0.0001
Yes 22.57 33.51 46.45 
No 77.43 66.49 53.55 
LDL-C 2.65 ± 0.77 3.05 ± 0.87 3.13 ± 1.02 <0.0001
HDL-C 1.63 ± 0.46 1.41 ± 0.37 1.16 ± 0.31 <0.0001
Insulin 51.84 ± 48.13 75.31 ± 76.50 116.41 ± 140.72 <0.0001
Depression 2.77 ± 3.91 2.99 ± 4.08 3.62 ± 4.74 <0.0001

Mean + SD for continuous variables: the P value was calculated by the weighted linear regression model; (%) for categorical variables: the P value was 
calculated by the weighted chi-square test.
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0.04–0.45, p = 0.0211 in Model 1; β: 0.29, 95 % CI: 0.08–0.50, p = 0.0078 in Model 2). However, in the fully adjusted Model 3, this 
association was no longer significant (β: 0.01, 95 % CI: 0.28–0.29, p = 0.9679), indicating that the relationship in this middle range of 
the TyG index may be largely explained by other covariates.In the third tertile (T3), which represents the highest levels of insulin 
resistance, the TyG index consistently showed a strong positive association with depression across all models (β: 0.86, 95 % CI: 
0.65–1.07, p < 0.0001 in Model 1; β: 0.86, 95 % CI: 0.64–1.08, p < 0.0001 in Model 2; β: 0.39, 95 % CI: 0.05–0.72, p = 0.0228 in Model 
3). This suggests that individuals with the highest TyG index values are at an increased risk of depression, and this association persists 
even after adjusting for a wide range of potential confounders.

3.1.4. Subgroup analyses
During subgroup analyses conducted by gender, age, race, hypertension, and diabetes in both the male and female populations, a 

strong association was observed between the TyG index and depression levels. A 100-unit increase in the TyG index was associated 
with a 0.47-point increase in overall depression scores, with a 0.64-point increase specifically among non-Hispanic Black participants. 
No significant association was observed in other racial groups. This suggests that while higher TyG index values are generally asso-
ciated with higher depression scores, the effect is particularly pronounced in the non-Hispanic Black population. The TyG index was 
significantly and positively associated with depression scores in participants with hypertension, as well as in all populations with or 
without diabetes. In addition, as illustrated in Fig. 2, no interaction effect was observed between the TyG index and potential mediators 
(Supplementary Table 1).

3.1.5. Nonlinear correlation analysis
Fig. 3 presents the U-shaped nonlinear connection between the TyG index and depression scores, as determined by nonlinear 

regression analysis. To investigate this relationship further, we conducted a threshold effect analysis, which is summarized in Table 4. 
This analysis revealed different effects of the TyG index on depression depending on specific threshold values.

Abbreviations: RIP, ratio of family income to poverty; BMI, body mass index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; TyG index, 
triglyceride glucose index; COPD, chronic obstructive pulmonary disease; CHD, coronary heart disease.

Table 3 
|Association Between TyG index and depression.

β (95%CI), p-value

Crude model (Model 1) [1] Minimally adjusted model (Model 2) [2] Fully adjusted model (Model 3) [3]

TyG index 0.54 (0.42, 0.66) 0.58 (0.45, 0.72) 0.38 (0.16, 0.60)
<0.0001 <0.0001 0.0008

Tertiles of TyG index
T1 Ref. (1.00) Ref. (1.00) Ref. (1.00)
T2 0.24 (0.04, 0.45) 0.0211 0.29 (0.08, 0.50) 

0.0078
0.01 (− 0.28, 0.29) 0.9679

T3 0.86 (0.65, 1.07) <0.0001 0.86 (0.64, 1.08) <0.0001 0.39 (0.05, 0.72) 0.0228

1Model 1: no covariates were adjusted.
2Model 2: adjusted for gender, age, race, education, marital status, and family RIP.
3Model 3: adjusted for gender, age, race, education, marital status, family RIP., alcohol, body mass index, waist circumference, high-density lipo-
protein-cholesterol (HDL-C), low-density lipoprotein-cholesterol (LDL-C), insulin, asthma, arthrolithiasis, chronic heart failure, CHD, angina pectoris, 
pulmonary emphysema, stroke, COPD, cancer, diabetes and hypertensive.

Fig. 2. Forest plot of the Association between TyG index and Depression.
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In the Model 1, below the threshold of 8.12, the TyG index had no significant effect on depression (β: 0.17, 95 % CI: 0.64 - 0.30, p =
0.4711). However, when the TyG index was greater than 8.12, a significant positive effect on depression was observed (β: 0.70, 95 % 
CI: 0.54–0.86, p < 0.0001) (Fig. 3A).

After adjusting for Gender, Age, Race, Education, Marital Status, and Family RIP, similar to Model 1, no significant effect was 
observed for TyG index values below 8.73 (β: 0.03, 95 % CI: 0.38 - 0.32, P = 0.8810). For values above 8.73, the TyG index had a 
significant positive impact on depression scores (β: 0.86, 95 % CI: 0.47–1.24, P < 0.0001) (Fig. 3B). After adjusting for additional 
covariates like alcohol consumption, BMI, and various health conditions, the TyG index showed a significant positive effect on 
depression scores only when above the threshold of 8.16 (β: 0.69, 95 % CI: 0.52–0.86, p < 0.0001) (Fig. 3C).

3.2. Machine learning

3.2.1. Identify key risk factors associated with depression
In this study, a risk prediction model was constructed using LASSO regularized regression, which combined 28 covariates to 

identify the factors most strongly associated with depression (Fig. 4). LASSO regression facilitates variable selection by applying L1 
penalties (absolute value penalties) to ordinary least squares regressions, which reduces some coefficients to zero. This approach 
mitigates overfitting, enhances the generalizability of the model, and performs feature selection, thus improving the interpretability 
and performance of the model, particularly when dealing with large numbers of correlated features. Coefficient shrinking is accom-
plished using LASSO regularization by minimizing the L1 term and the loss function, thereby encouraging the reduction of selected 
coefficients to zero and effectively omitting the corresponding features. In the present study, the preliminary dataset was comprised of 
28 variables, including but not limited to RIP, gender, asthma, education, BMI, hypertension, marital status, TyG, waist circumference, 
diabetes, insulin, emphysema, arthritis, heart failure, age, bronchitis, HDL, ethnicity, alcohol consumption, cancer, triglycerides, 
stroke, LDL, heart disease, smoking status, angina, and fasting glucose.

3.2.2. Predictive performance of the model for depression
“A nomogram was developed based on twelve statistically significant predictive variables: emphysema, insulin, diabetes, waist 

circumference, TyG index, marital status, hypertension, BMI, educational level, asthma, gender, and RIP (Fig. 6A). Utilizing these 
variables and informed by prior research, the depression variable was categorized into three levels: no depression (values ≤ 5), 
moderate depression (values > 5 and ≤ 19), and severe depression (values > 19). This classification facilitated the construction of a tri- 
classification model (Fig. 5B). The final Lasso regression model achieved a receiver operating characteristic (ROC) area under the curve 
(AUC) of 88.8 % and demonstrated an accuracy of 84.98 % on the test data, thereby providing substantial evidence of its prognostic 
capability for depression (Fig. 5A). Additionally, histograms of the predictor variables were generated and ranked according to their 
contribution to the model. This analysis identified the twelve covariates most strongly associated with depression, establishing them as 
the most prominent risk factors (Fig. 6B).”

4. Discussion

A total of 11,222 individuals took part in this study, making it the largest sample size for a study on depression to date. As a result, a 
U-shaped relationship was observed between the TyG index and the cohort’s depressed participants, with a notable turning point at a 
TyG index of 8.16. Furthemore, a strong correlation was also observed between raised TyG index values and a higher risk of depression 
within a particular range. This suggests that lowering the prevalence of depression could be achieved by maintaining the TyG index 
within a particular range. These findings underscore the complex interplay between metabolic dysregulation and mental health, 
providing valuable insights that could inform targeted therapeutic interventions, dietary modifications, and preventative strategies 
aimed at reducing the risk of depression. Particularly for individuals with diabetes, awareness of the heightened risk of depression 

Fig. 3. Dose-response relationship between the TyG index and depression.
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Table 4 
Threshold effects of the TyG index on depression were analysed using piecewise linear regression.

Outcome TyG Index

β(95%CI) P value P for log-likelihood ratio test

Model 1
<8.12 − 0.17 (− 0.64, 0.30) 0.4711 0.002
>8.12 0.70 (0.54, 0.86) <0.0001 
Model 2
<8.73 − 0.03 (− 0.38, 0.32) 0.8810 0.003
>8.73 0.86 (0.47, 1.24) <0.0001 
Model 3
<8.16 0.13 (− 0.33, 0.58) 0.5765 0.040
>8.16 0.69 (0.52, 0.86) <0.0001 

Model 1: no covariates were adjusted.
Model 2: adjusted for gender, age, race, education, marital status, and family RIP.
Model 3: adjusted for gender, age, race, education, marital status, family RIP., alcohol, body mass index, waist circumference, high-density li-
poprotein-cholesterol (HDL-C), low-density lipoprotein-cholesterol (LDL-C), insulin, asthma, arthrolithiasis, chronic heart failure, CHD, angina 
pectoris, pulmonary emphysema, stroke, COPD, cancer, diabetes and hypertensive.

Fig. 4. The LASSO penalized regression analysis for identifying key depressoin-related risk factors.(A) A 10-fold cross-validation of the LASSO 
regression model.LASSO, least absolute shrinkage and selection operator (B) The coefficient shrinkage process of all 28 covariates,we represent the 
changes in coefficients of different features under various levels of shrinkage by drawing lines of different colors.

Fig. 5. Development and validation of a risk prediction model for depression.(A) ROC curves are used to assess the depression prediction ability of 
the nomogram model.(B) Confusion matrix result for the trained model.LASSO, least absolute shrinkage and selection operator; ROC,receiver 
operating characxteristic.*P value < 0.05,**P value < 0.01,***p value < 0.001.

C. Ding et al.                                                                                                                                                                                                            Heliyon 10 (2024) e38615 

9 



associated with increased TyG index values is crucial. Additionally, this study pinpointed the 12 risk factors most strongly associated 
with depression. As a result, we were able to develop and validate a nomogram model that effectively predicted depression risk, of-
fering a practical tool for healthcare providers to identify and manage individuals at heightened risk of depression.

In recent decades, the prevalence of diabetes mellitus has been increasing year on year, becoming an important issue in the field of 
global public health [31]. Typical manifestations of diabetes are IR. In this study, the TyG index, which is an indicator of IR, was found 
to be positively correlated with depression, a correlation that persisted even after accounting for relevant confounders. IR was also 
found to be associated with depression, even in non-diabetic individuals. Previously, a cross-sectional study from Korea found that IR 
was correlated with a higher risk of depression, with a 4 % higher prevalence in non-diabetic individuals [32]. Discussions on the role 
played by lipids in the development of depression are widespread in the literature [33,34]. An elevated TyG index suggests not only 
insulin resistance but also ill health resulting from metabolic syndromes and lipid metabolism issues [35,36]. Numerous biological 
functions, including energy storage, cell membrane creation, and molecular signaling, depend on lipids. Phosphatidylcholine was 
discovered to be a female-specific biomarker by Jiang et al. utilizing UHPLC-Q-TOF-MS when investigating plasma metabolite bio-
markers in youthful MDD patients [37]. Depression can trigger a series of inflammatory changes, including the activation of 
mitogen-activated protein kinases (MAPKs). This activation can lead to the inhibition of extracellular signal-regulated kinase (ERK) by 
MAPK phosphatase (MKP), ultimately resulting in depression-like behaviors [38]. Another study also found that lower cholesterol 
levels due to a loss of appetite and weight loss led to a decrease in serotonin, which increased depression-like behaviors [39]. In the 
present study, a U-shaped relationship was observed between the TyG index and depression, with an inflection point around 8.16. This 
finding sheds light on the contradictory findings of previous research, wherein a TyG index above 8.16 increases the likelihood of 
depression, highlighting the need to maintain the index within a particular concentration range. The brain’s dependence on glucose 
and high energy levels for sophisticated information processing could account for this phenomenon. The brain uses a lot of energy, 
particularly while doing complicated tasks, which raises the need for glucose. Elevated amounts of energy guarantee optimal brain 
function, facilitating cognitive processes and information-processing capacities. Thus, modifications in energy metabolism may have a 
direct effect on the brain’s capacity for processing information and general functioning. However, long-term elevated blood sugar and 
fat levels can damage brain tissue by mechanisms including microangiopathy, increased production of reactive oxygen species (ROS), 
and advanced glycosylation end products, all of which can result in depression [40]. In another study, Lee et al. found that each 
standard deviation increase in genetically predicted triglycerides was associated with an 18 % increase in the odds of developing 
depression [41].

In a recent animal study, targeting ROS or p21 in the hippocampus was identified as a promising strategy for alleviating chronic 
stress-induced anxiety disorders [42]. Mitochondria play a key role in energy metabolism, apoptosis, and oxidative stress by gener-
ating ROS through oxidative phosphorylation [43]. The formation of excessive ROS or impaired mitochondrial antioxidant defenses 
can lead to damage in mitochondrial DNA, proteins, and lipids, which impairs mitochondrial function and triggers cell death through 
the release of pro-apoptotic factors from the mitochondrial membrane compartment, leading to neuroinflammation and subsequently 
depression [44,45]. Since glucose produces ATP, maintaining a constant level of glucose in the blood ensures that brain neurons’ 
energy needs are met, supporting the physiological functions of the brain [46]. Exceeding the inflection point, an elevated TyG index 
heightens the risk of depression. Sustained high blood glucose levels can result in detrimental effects, including mitochondrial damage 
and the inhibition of ATP production associated with irregular oxidative phosphorylation. According to our findings, the TyG index 
and depression among U.S. citizens exhibit a U-shaped association, wherein the risk of depression was remarkably strongly and 
significantly correlated with a TyG score greater than 8.16. This highlights the unfavorable correlation between IR and depression.

5. Strengths and limitations

The large number of participants in this study allowed for subgroup analyses to improve the validity and generalizability of the 
results. Such a large sample size also facilitated a more comprehensive investigation. Additionally, by using LASSO regression methods 
and creating a nomogram model, we determined the top risk variables for depression, thereby enabling accurate depression prediction. 
These findings provide insights valuable for the assessment and identification of individuals at high risk of depression in clinical 

Fig. 6. Development and validation of a risk prediction model for depression.(A) Nomogram model based on 12 major relevant risk factors 
identified by LASSO regression analysis.(B) Importance of 12 covariate characteristics.LASSO, least absolute shrinkage and selection operator.*P 
value < 0.05,**P value < 0.01,***p value < 0.001.
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practice.
This study has some limitations. Although the data was collected from a large and nationally representative sample, research on 

populations in other countries and regions is necessary. Furthermore, although every effort was made to account for confounding 
variables, external influences may still exist that could bias the results of this study. In addition, as the study used questionnaires to 
obtain data from individuals with chronic diseases, bias may exist in the data collection process since some individuals may find it 
difficult to participate in the interviews. Finally, the use of cross-sectional data to construct our nomogram model limits the predictive 
power of our findings. Therefore, a degree of caution is required when interpreting these results. The relationship between depression 
and the TyG index will need to be explored further through prospective studies.

6. Conclusions

In this study, a U-shaped relationship was observed between depression and the TyG index in the U.S. population. Specifically, a 
TyG index greater than 8.16 was found to be highly correlated with the likelihood of developing depression. In addition, several key 
risk factors for depression were also identified, from which a nomogram model was created to predict depression in the U.S. population 
as a whole. These findings suggest that the TyG index represents a predictive tool for depression in the general American population, 
particularly in individuals with metabolic conditions such as hyperglycemia and hyperlipidemia.

However, due to the inherent limitations of cross-sectional studies, further research is needed to validate these findings in lon-
gitudinal studies and to explore the causal relationships between the TyG index and depression. Future research should also investigate 
the underlying biological mechanisms that link metabolic dysfunction to depression, potentially involving inflammatory pathways or 
insulin resistance. Moreover, expanding the scope of this research to include diverse populations and considering other potential 
confounding factors would provide a more comprehensive understanding of how the TyG index can be utilized in clinical practice for 
depression screening and prevention. Finally, intervention studies could be conducted to determine whether modifying the TyG index 
through lifestyle changes or medication can effectively reduce the risk of depression.
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