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Respiratory failure (RF) lead to high mortality rates and extended hospital stays in intensive care unit 
(ICU). The Triglyceride-Glucose (TyG) index, a reliable surrogate marker for insulin resistance (IR), 
predicted adverse outcomes in various diseases. Combining weight-related indices like body mass 
index (BMI) with TyG to form the TyG-BMI enhanced the assessment of IR and its impact on patient 
outcomes. However, the association between TyG-BMI and outcomes in patients with RF remained 
underexplored. This study retrospectively analyzed data from the MIMIC-IV database, focusing on 
critically ill patients with RF. From an initial cohort of 19,429 patients, 2177 met the inclusion criteria 
and were divided into quartiles based on TyG-BMI values. Key clinical information was collected 
within the first 24 h of ICU admission, including demographics, lab results, vital signs, and scoring 
systems such as SAPS II and SOFA. Primary outcome was 28-day, secondary outcomes were 180-day 
and 1-year mortality. Data were analyzed using multivariable Cox regression models, Kaplan–Meier 
survival curves, and restricted cubic splines to assess the nonlinear relationship between TyG-BMI and 
mortality. The study found significant differences in baseline characteristics across TyG-BMI quartiles. 
Kaplan–Meier survival curves indicated a higher survival probability for patients in the lowest TyG-BMI 
quartile (Q1) compared to higher quartiles (Q2–Q4). Adjusted hazard ratios demonstrated a nonlinear 
association between higher TyG-BMI values and increased mortality risk at all three time points. The 
RCS-derived cut-off value of 269 for TyG-BMI was identified as a significant threshold, with higher TyG-
BMI values correlating with lower mortality risks. Subgroup analyses reinforced these findings across 
different patient demographics and clinical profiles. Higher TyG-BMI was associated to lower short-
term and long-term mortality, suggesting a potential protective effect. These findings highlighted the 
importance of the TyG-BMI as a robust prognostic marker, providing valuable insights for improving 
treatment strategies for patients with RF.
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CITI	� Collaborative Institutional Training Initiative
ICD	� International Classification of Diseases
SAPS II	� Simplified Acute Physiology Score II
SOFA	� Sequential Organ Failure Assessment
SQL	� Structured query language
ARDS	� Acute respiratory distress syndrome
CAD	� Coronary artery disease
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T2DM	� Type 2 diabetes mellitus
MAP	� Mean arterial pressure
WBC	� White blood cell
PO2	� Arterial oxygen pressures
PCO2	� Arterial carbon dioxide pressures
RCS	� Restricted cubic splines
SD	� Standard deviation
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Background
Respiratory failure (RF) is a common organ failure in intensive care unit (ICU)1,2, contributing to increased 
mortality rates and prolonged ICU stays3. This syndrome is characterized primarily by impairments in 
oxygenation or ventilation, stemming from both pulmonary and extrapulmonary diseases4. Critically ill 
patients, including those with RF, exhibit significant metabolic disturbances, with insulin resistance (IR) being 
a important factor5,6.

IR, defined as a reduced biological response to insulin, is commonly observed among critically ill patients 
and is a key contributor to metabolic dysregulation in this population7. IR can precipitate hyperglycemia, which 
exacerbates systemic inflammation and oxidative stress, thereby worsening the prognosis of these patients5,8. 
Notably, IR frequently occurs in primary diseases causing RF, such as chronic obstructive pulmonary disease 
(COPD)9, asthma10, pulmonary infections11, and extrapulmonary diseases12,13, resulting in decreased pulmonary 
function and poorer outcomes.

The Triglyceride-Glucose (TyG) index, calculated from fasting triglyceride and glucose levels, has emerged 
as a reliable surrogate marker for insulin resistance14. It demonstrates predictive value for outcomes in 
cardiovascular diseases, including coronary artery disease15, acute myocardial infarction16, and heart failure17, as 
well as in sepsis18 and critically ill patients19. An elevated TyG index is strongly associated with adverse outcomes 
in these conditions, underscoring the harmful effects of insulin resistance. Similarly, the TyG index effectively 
predicts poor outcomes in patients with COPD20 and asthma21, proving particularly useful for assessing IR 
regardless of concurrent diabetes.

Recent studies suggested that combining weight-related indices, such as body mass index (BMI) and waist 
circumference, enhanced the assessment of insulin resistance22. The TyG-BMI, which integrates these parameters, 
has been shown to be effective in assessing IR and predicting outcomes23–25. The innovation of TyG-BMI in 
respiratory failure contexts lies in its synergistic capture of dual metabolic risks: lipid-glucose axis dysregulation 
(reflected by TyG) and chronic adipose tissue burden (quantified by BMI)26. This integration proves particularly 
relevant for RF populations where both components exhibit unique pathophysiological interactions. Adiposity-
related cytokines (e.g., leptin, adiponectin) modulate pulmonary inflammation and ventilator weaning outcomes, 
while acute hypoxia in RF directly impairs insulin signaling through HIF-1α pathways27. Traditional single-
dimension indices like TyG or BMI alone cannot address this multidimensional interplay. TyG-BMI’s combined 
metric may therefore provide superior risk stratification by concurrently evaluating metabolic derangements and 
their adipose amplification effects. However, despite TyG-BMI’s emerging utility in metabolic-cardiovascular 
contexts, its prognostic value remains unexplored in RF populations where hypoxia-induced insulin resistance 
and obesity-related inflammation create distinct pathophysiological dynamics.

Despite these advances, two critical knowledge gaps persist: (1) Existing mortality prediction models for 
respiratory failure predominantly rely on pulmonary function parameters (e.g., PaO2/FiO2) and generic severity 
scores (APACHE II), neglecting the prognostic weight of metabolic-adipose axis dysregulation; (2) No study 
has evaluated whether TyG-BMI’s predictive power extends beyond cardiovascular outcomes to respiratory 
mortality contexts where hypoxia-hypercapnia may fundamentally alter insulin signaling pathways28. Therefore, 
this study aimed to elucidate the association of the TyG-BMI with mortality in patients with RF and investigate 
whether it could serve as a robust prognostic marker in this critically ill population.

Methods
Data source
The study was a retrospective analysis, utilizing data extracted from the Medical Information Mart for Intensive 
Care IV (MIMIC-IV) database, version 2.029,30. The MIMIC-IV database comprised detailed demographics, 
laboratory test results, administration of medication, vital signs, complication, and both in-hospital and post-
discharge survival status records from 2008 to 2019, which were collected with MetaVision system at the Beth 
Israel Deaconess Medical Center (BIDMC) in Boston, Massachusetts, United States. One of our team members 
has successfully completed the Data or Specimens Only Research course, which is organized by the Collaborative 
Institutional Training Initiative (CITI) Program. Consequently, our team has been officially granted access to 
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the MIMIC-IV database (Record ID 6775305). The Institutional Review Board (IRB #2001P001699) of the 
Beth Israel Deaconess Medical Center approved a waiver of informed consent, as all patient information within 
the database had been de-identified to protect patient privacy. All methods and procedures in this study were 
performed in accordance with the principles of the Declaration of Helsinki. Additionally, this study adheres 
to the guidelines outlined in the RECORD (Reporting of Studies Conducted using Observational Routinely-
collected health Data) Statement for the reporting of observational studies.

Study population and data collection procedures
The current study focused on the association of the TyG-BMI and the prognosis of adult patients with RF. 
To identify eligible patients, we first extracted all ICU admissions with a primary or secondary diagnosis of 
RF using the codes of International Classification of Diseases, Ninth (ICD-9) and Tenth (ICD-10) Editions. 
Patient demographics, clinical measurements, and laboratory test results were retrieved from the electronic 
ICU database. Specifically, we collected information on blood glucose, triglycerides (TG), height, and weight 
recorded on the first day of ICU admission. These variables were necessary for calculating the TyG-BMI index. 
Data extraction was performed by trained researchers using a standardized protocol to ensure accuracy and 
consistency. 

Exclusion criteria were established as follows: (1) patients under the age of 18, and (2) patients lacking data 
on fasting blood glucose, triglycerides (TG), height, or weight on the first day of ICU admission (necessary for 
BMI calculation). Based on these criteria, we selected 2177 patients and subsequently divided them into four 
groups according to the TyG-BMI quartiles (Q1, Q2, Q3 and Q4) for further analysis (Fig. 1).

Data extractioneading
We collected all relevant clinical information within the first 24  h of ICU admission, which included 
demographic details, study outcomes, laboratory results, vital signs, and widely recognized scoring systems such 
as the Simplified Acute Physiology Score II (SAPS II) and Sequential Organ Failure Assessment (SOFA) score. 
These data provide valuable insights into the severity of illness and organ dysfunction, allowing for a more 
comprehensive and reliable assessment of patient condition.

To efficiently extract the necessary data from the MIMIC-IV database, we developed and rigorously tested 
structured query language (SQL) codes using DBeaver Community version 23.0.0, a powerful database 
management software. The DBI package, a database interface for R, was then employed to execute these SQL 
codes seamlessly. This process facilitated the creation of relevant tables within the MIMIC-IV database and the 
generation of associated variables in the R global environment, streamlining the data collection process and 
ensuring data integrity.

The combination of DBeaver and the DBI package provided a robust and reliable workflow for data extraction, 
enabling us to efficiently handle the complex structure of the MIMIC-IV database and extract the specific patient 
information required for our study.

Outcomes
The primary outcome of our study was 28-day mortality. Secondary outcomes were 180-day and 1-year mortality.

Calculation of TyG-BMI
The TyG-BMI, a novel indicator combining the TyG index and BMI, was calculated using a multi-step process. 
First, the TyG index was determined using the formula: ln[fasting glucose (mg/dl) × fasting triglycerides (mg/
dl)] / 2, as described by Simental-Mendía et al.14. This index provides an estimate of IR based on fasting glucose 

Fig. 1.  Study flowchart.
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and triglyceride levels. Next, BMI was calculated using the standard formula: body weight (kg)/height2 (m). 
BMI is a widely used measure of body fat based on an individual’s weight and height. Finally, the TyG-BMI was 
computed by multiplying the TyG index and BMI, as represented by the equation: TyG-BMI = TyG index × BMI.

Variables selection
In this retrospective study, we identified a comprehensive set of potential confounders and categorized them into 
five distinct clusters. The first cluster encompassed demographic and admission profiles, including age, gender, 
race, weight, SAPS II, SOFA score, and the Charlson comorbidity index. The second cluster consisted of various 
therapeutic interventions, such as mechanical ventilation, renal replacement therapy, sedative therapy, albumin 
infusion, and vasopressor therapy. The third cluster comprised a wide range of pre-existing comorbidities, 
including pneumonia, asthma, acute respiratory distress syndrome (ARDS), COPD, coronary artery disease 
(CAD), heart failure (HF), hypertension, atrial fibrillation (AFIB), type 2 diabetes mellitus (T2DM), chronic 
renal disease, liver disease, stroke, and malignancy. The fourth cluster included crucial physiological parameters, 
such as respiratory rate, heart rate, mean arterial pressure (MAP), and temperature. Finally, the fifth cluster 
encompassed a comprehensive array of hematological and biochemical assays, including white blood cell (WBC) 
count, hemoglobin, platelet count, potential of hydrogen (pH), arterial oxygen and carbon dioxide pressures 
(PO2 and PCO2), lactate levels, and creatinine.

To determine the importance of these variables, we employed two distinct approaches. First, we utilized 
the Boruta package, which implements a feature selection method based on the random forest algorithm. This 
technique assesses the significance of each variable by comparing its relevance to randomly generated shadow 
features using the Z-score as a criterion. Variables that consistently demonstrate higher Z-scores than their 
shadow counterparts are considered essential and retained, while those with lower scores are deemed redundant 
and removed from the model. This statistical process ensures that only the most influential variables are included, 
resulting in a more robust and predictive model.

In addition to the Boruta package, we also applied univariate Cox regression to select variables. Variables 
that achieved P < 0.1 in the univariable analysis were subsequently incorporated into multivariable models. This 
approach complements the feature selection performed by the Boruta package, providing a more comprehensive 
assessment of variable importance31.

Sensitivity and subgroup analyses
By employing these two complementary methods for variables selection, we aimed to identify the most significant 
confounders and risk factors associated with the outcomes of interest in our study. The sensitivity analyses were 
performed with the random forest-based and univariate Cox regression for variables selection, allows for a 
thorough evaluation of the complex relationships between the variables and the studied outcomes, ultimately 
enhancing the validity and reliability of our findings. In addition, we also used restricted cubic splines (RCS) 
analyses based on Cox regression model to explore the nonlinear relationship between TyG-BMI and mortality, 
and then set the corresponding effect threshold, and generated a new cohort divided by this threshold as an 
effective measure of sensitivity analysis, in order to prove the robustness of our study and confirm the threshold 
effect. Meanwhile, the Cox regression was also applied to subgroup analyses according to different stratified 
factors to explore the influence of TyG-BMI on the prognosis of patients with RF in different subgroups.

Statistical analysis
We assessed the data normal distribution with the Shapiro–Wilk normality test and evaluated the homogeneity 
of variances with the Levene test. For continuous covariates, we applied the one-way ANOVA when the data 
followed a normal distribution and exhibited variance homogeneity. In cases where these conditions were not 
met, we employed the Wilcoxon rank-sum test as a non-parametric alternative. Categorical covariates were 
analyzed using the Chi-square test. Continuous variables were presented as mean with standard deviation (SD), 
while categorical variables were expressed as count and percentage.

To handle missing data in the original cohort, we performed multiple imputations using the mice package. 
Variables with more than 40 percent missing values were excluded from the analysis32. Survival estimates for the 
original cohort were obtained using the unadjusted log-rank test within the survival package33.

To ensure the robustness of our findings, we conducted sensitivity analyses using three different models for 
28-day, 180-day, and 1-year mortality. The first model employed multivariable Cox regression, adjusting for 
all covariates. The second model included covariates identified through univariable analyses, while the third 
model incorporated covariates selected by the random forest algorithm. We assessed the proportional hazards 
assumption by examining Schoenfeld residuals. In cases of statistical significance, we integrated time-varying 
covariates into the Cox model using the “tt” function to account for time-dependent effects. Subgroup analysis 
was performed using the Cox regression model.

All statistical analyses were conducted using R version 4.3.1, with two-sided P < 0.05 was considered 
statistically significant. By employing a combination of parametric and non-parametric tests, handling missing 
data through multiple imputations, and validating our findings through sensitivity analyses and subgroup 
analysis, we aimed to provide a comprehensive and reliable assessment of the associations between the variables 
of interest and the studied outcomes.

Results
Baseline characteristics of included patients
Figure 1 illustrated the process of patient inclusion and exclusion for the study. Initially, 19,429 patients with RF 
were identified based on ICD codes in the MIMIC-IV database. The exclusion criteria were then applied to this 
cohort. First, patients under 18 years old were excluded, but none met this criterion. Next, 4098 patients were 
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excluded due to the unavailability of blood glucose data. Subsequently, 12,523 patients were excluded because 
triglyceride data was not available. Finally, 631 patients were excluded due to the absence of BMI data. After 
applying the exclusion criteria, the final cohort consisted of 2177 patients. The final cohort of 2177 patients 
was divided into four quantiles based on the values of the TyG-BMI. The cutoff points for these quantiles 
were 221.90, 269.42, and 331.56. Quantile 1 (Q1) included patients with TyG-BMI values less than or equal to 
221.90, Quantile 2 (Q2) consisted of patients with TyG-BMI values between 221.90 and 269.42, Quantile 3 (Q3) 
comprised patients with TyG-BMI values between 269.42 and 331.56, and Quantile 4 (Q4) included patients 
with TyG-BMI values greater than 331.56. Each quantile contained either 544 or 545 patients.

Table 1 presented the baseline characteristics of the study cohort (N = 2177), stratified by quartiles, which 
was divided into 4 quartile groups (Q1–Q4) based on the TyG-BMI. Comparative analysis revealed significant 
differences (P < 0.05) in several variables across these groups. The mean age of the overall cohort was 61.41 (SD 
15.96) years, and 38.22% were female. The majority of patients were White (59.49%), followed by Other (28.43%), 
Black (9.60%), and Asian (2.48%). The mean SAPS II score was 44.23 (SD 15.59), SOFA score was 7.81 (SD 4.25). 
Demographic characteristics exhibited variations, with age and race distribution differing significantly among 
the quartile groups. Notably, the Q4 group had the lowest mean age (58.87 years) compared to the other groups, 
suggesting a potential age-related effect on the exposure variable or outcomes. Clinical parameters, including 
disease severity scores (SAPS II and SOFA), and requirements for critical care interventions like mechanical 
ventilation, sedation, and vasopressors within the first 24 h, also varied significantly across the quartile groups. 
Comorbidity profiles differed among the groups, with varying prevalence rates of conditions such as ARDS, 
COPD, CAD, hypertension, T2DM, chronic renal disease, liver disease, and malignancy. Vital signs and 
laboratory parameters measured within the first 24  h, including mean arterial pressure, temperature, white 
blood cell count, hemoglobin, platelet count, pH, partial pressures of oxygen and carbon dioxide, lactate levels, 
and creatinine levels, also exhibited significant differences across the quartile groups. These observed differences 
across the quartile groups highlight the importance of accounting for potential confounders in the subsequent 
analyses to accurately evaluate the association between the exposure variable and outcomes of interest. We 
employed multivariable regression models or sensitivity analyses to adjust for these confounding factors and 
obtain unbiased effect estimates in the further data analysis. The percentage of missing data was generally low, 
with the highest being 18.19% for PCO2.

Survival analyses
Figure 2 presented the Kaplan–Meier survival curves for patients stratified by quartiles over 28 days (A), 180 days 
(B), and 1 year (C). Panel A shows the 28-day survival probability. The survival probability was highest in the 
Q1 group, followed by Q2, Q3, and Q4 groups. The difference in survival probability among the four groups was 
statistically significant (P = 0.007). Panel B illustrated the 180-day survival probability. The survival probability 
remained highest in the Q1 group, followed by Q2, Q3, and Q4 groups. The difference in survival probability 
among the four groups was statistically significant (P < 0.001). Panel C depicted the 1-year survival probability. 
Similar to the 28-day and 180-day results, the survival probability was highest in the Q1 group, followed by Q2, 
Q3, and Q4 groups. The difference in survival probability among the four groups was statistically significant 
(P < 0.001).

As the follow-up time increased, the difference in survival probability among the four groups gradually 
widened, suggesting that the impact of grouping on prognosis may be time-dependent. Overall, the Q1 group 
had the best long-term survival, while the Q4 group had the worst survival outcome. The results indicated that 
the variable used for stratification was a significant associated with patient survival over time.

Nonlinear relationship between TyG-BMI and mortality
Figure 3 presented the adjusted hazard ratios for mortality at 28-day (A), 180-day (B), and 1-year (C) across 
the range of TyG-BMI values using RCS with the Cox regression model. The results demonstrated a significant 
nonlinear association between higher TyG-BMI values and increased mortality risk at all three time points 
(overall P < 0.01 and nonlinear P < 0.05 for 28-day mortality; overall and nonlinear P < 0.001 for both 180-day 
and 1-year mortality). The cut-off value for the TyG-BMI is set at 269 for all three time points. The adjusted 
hazard ratio increased more rapidly when the TyG-BMI exceeds approximately 300, suggesting a potential 
threshold effect.

Primary and secondary outcomes for the cohort
The Boruta random forest algorithm was employed to identify the most relevant variables associated with the 
outcome of interest. The algorithm created shadow features, which were shuffled copies of the actual features, 
to provide a benchmark for feature importance. Figure S1 were presented in the feature importance plot, where 
features are ranked based on their relative importance scores. The plot categorizes the features into four groups: 
Confirmed, Tentative, Rejected, and Shadow. The Confirmed features, shown in green, were the most important 
variables that have been conclusively deemed relevant by the algorithm. These include Charlson comorbidity 
index, SAPS II score, age, SOFA score, lactate levels, presence of liver disease, platelet count, temperature, 
hemoglobin levels, and creatinine levels. This feature selection was processed as well as univariate Cox regression 
model highlighted the most influential variables that should be considered in subsequent analyses, such as 
multivariable regression models as sensitivity analyses, to accurately assess the association between the exposure 
variable and the outcome while adjusting for relevant confounders.

The study analyzed the association between different quartile groups (Q1–Q4) and mortality outcomes 
(28-day, 180-day, and 1-year mortality) using three Cox proportional hazards models with different covariate 
adjustment approaches (Table 2). For 28-day mortality, all three models consistently showed a significant 
reduction in mortality risk for quartile groups Q2, Q3, and Q4 compared to the reference group Q1. The hazard 
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Overall (N = 2177)
Q1
(N = 545)

Q2
(N = 544)

Q3
(N = 544)

Q4
(N = 544) P-value Missing data (%)

Age 61.41 (15.96) 62.79 (17.66) 63.08 (16.48) 60.92 (14.99) 58.87 (14.15)  < 0.001 0.00

Gender (Female) 832 (38.22%) 216 (39.63%) 206 (37.87%) 190 (34.93%) 220 (40.44%) 0.248 0.00

Race

  Asian 54 (2.48%) 28 (5.14%) 15 (2.76%) 10 (1.84%) 1 (0.18%)  < 0.001 0.00

  Black 209 (9.60%) 53 (9.72%) 49 (9.01%) 48 (8.82%) 59 (10.85%)

  White 1295 (59.49%) 312 (57.25%) 345 (63.42%) 325 (59.74%) 313 (57.54%)

  Other 619 (28.43%) 152 (27.89%) 135 (24.82%) 161 (29.60%) 171 (31.43%)

Weight 88.54 (28.69) 62.91 (11.31) 78.06 (11.45) 91.61 (13.82) 121.61 (31.20)  < 0.001 0.00

SAPS II 44.23 (15.59) 42.79 (14.66) 44.01 (16.36) 45.50 (15.94) 44.61 (15.27)  < 0.05 0.00

SOFA score 7.81 (4.25) 7.02 (4.06) 7.67 (4.32) 8.06 (4.29) 8.48 (4.21)  < 0.001 0.00

Charlson comorbidity index 5.17 (2.98) 5.40 (3.05) 5.24 (3.05) 5.09 (2.98) 4.96 (2.81) 0.079 0.00

Interventions (boolean for 1st 24 h)

  Mechanical ventilation (Yes) 1775 (81.53%) 431 (79.08%) 436 (80.15%) 444 (81.62%) 464 (85.29%)  < 0.05 0.00

  RRT (Yes) 165 (7.58%) 33 (6.06%) 37 (6.80%) 42 (7.72%) 53 (9.74%) 0.115 0.00

  Sedative therapy (Yes) 1802 (82.77%) 434 (79.63%) 449 (82.54%) 451 (82.90%) 468 (86.03%)  < 0.05 0.00

  Albumin therapy (Yes) 350 (16.08%) 72 (13.21%) 94 (17.28%) 93 (17.10%) 91 (16.73%) 0.213 0.00

  Vasopressor therapy (Yes) 1215 (55.81%) 289 (53.03%) 293 (53.86%) 310 (56.99%) 323 (59.38%) 0.13 0.00

Comorbidities (Boolean)

  Pneumonia (Yes) 1177 (54.07%) 296 (54.31%) 288 (52.94%) 287 (52.76%) 306 (56.25%) 0.635 0.00

  Asthma (Yes) 187 (8.59%) 44 (8.07%) 26 (4.78%) 37 (6.80%) 80 (14.71%)  < 0.001 0.00

  ARDS (Yes) 70 (3.22%) 14 (2.57%) 16 (2.94%) 20 (3.68%) 20 (3.68%) 0.658 0.00

  COPD (Yes) 383 (17.59%) 100 (18.35%) 91 (16.73%) 93 (17.10%) 99 (18.20%) 0.867 0.00

  CAD (Yes) 515 (23.66%) 116 (21.28%) 128 (23.53%) 162 (29.78%) 109 (20.04%)  < 0.001 0.00

  HF (Yes) 739 (33.95%) 173 (31.74%) 168 (30.88%) 194 (35.66%) 204 (37.50%) 0.065 0.00

  Hypertension (Yes) 1362 (62.56%) 303 (55.60%) 324 (59.56%) 367 (67.46%) 368 (67.65%)  < 0.001 0.00

  AFIB (Yes) 270 (12.40%) 67 (12.29%) 68 (12.50%) 71 (13.05%) 64 (11.76%) 0.935 0.00

  T2DM (Yes) 663 (30.45%) 108 (19.82%) 110 (20.22%) 191 (35.11%) 254 (46.69%)  < 0.001 0.00

  Renal (Yes) 491 (22.55%) 114 (20.92%) 118 (21.69%) 119 (21.88%) 140 (25.74%) 0.225 0.00

  Liver (Yes) 250 (11.48%) 67 (12.29%) 64 (11.76%) 54 (9.93%) 65 (11.95%) 0.613 0.00

  Stroke (Yes) 420 (19.29%) 115 (21.10%) 120 (22.06%) 99 (18.20%) 86 (15.81%)  < 0.05 0.00

  Malignancy (yes) 394 (18.10%) 114 (20.92%) 108 (19.85%) 83 (15.26%) 89 (16.36%)  < 0.05 0.00

Vital signs (1st 24 h)

  Respiratory rate 21.51 (6.61) 21.18 (6.59) 21.54 (6.35) 21.58 (6.60) 21.74 (6.91) 0.378 0.23

  Heart rate 94.88 (22.16) 93.87 (22.19) 94.19 (21.97) 95.01 (22.37) 96.47 (22.06) 0.207 0.23

  MAP 84.01 (19.73) 84.40 (19.19) 83.72 (18.44) 85.57 (21.16) 82.34 (19.94)  < 0.05 0.23

  Temperature 36.84 (1.01) 36.74 (0.99) 36.86 (1.02) 36.81 (0.93) 36.94 (1.07)  < 0.001 3.81

Laboratory tests (1st 24 h)

  WBC count 14.30 (11.42) 13.37 (10.68) 14.21 (9.47) 14.14 (7.71) 15.47 (16.03)  < 0.01 0.05

  Hemoglobin 10.79 (2.49) 10.56 (2.45) 10.62 (2.41) 10.96 (2.59) 11.03 (2.47)  < 0.01 0.05

  Platelet 204.47 (116.88) 212.76 (129.91) 193.83 (117.39) 203.43 (106.22) 207.84 (112.16)  < 0.05 0.05

  pH 7.33 (0.12) 7.35 (0.11) 7.34 (0.12) 7.32 (0.11) 7.31 (0.11)  < 0.001 5.37

  PO2 137.29 (97.25) 148.25 (105.19) 142.44 (103.17) 139.80 (96.17) 120.17 (81.98)  < 0.01 17.13

  PCO2 44.67 (15.81) 42.54 (14.30) 42.88 (14.95) 43.89 (15.17) 48.95 (17.57)  < 0.001 18.19

  Lactate 2.74 (2.59) 2.43 (2.29) 2.82 (2.77) 2.95 (2.85) 2.74 (2.39)  < 0.05 6.71

  Creatinine 1.75 (1.70) 1.54 (1.63) 1.59 (1.51) 1.89 (1.81) 1.98 (1.80)  < 0.001 0.00

Outcomes (Boolean)

  28-day mortality (Death) 660 (30.32%) 195 (35.78%) 164 (30.15%) 160 (29.41%) 141 (25.92%)  < 0.01 0.00

  180-day mortality (Death) 935 (42.95%) 281 (51.56%) 232 (42.65%) 221 (40.62%) 201 (36.95%)  < 0.001 0.00

  1-year mortality (Death) 1018 (46.76%) 304 (55.78%) 252 (46.32%) 243 (44.67%) 219 (40.26%)  < 0.001 0.00

Table 1.  Basic demographic characteristics of the original cohort. Values are presented as mean (standard 
deviation) for continuous variables and number (percentage) for categorical variables. Variables in bold have 
p-value < 0.05
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ratios (HRs) ranged from 0.54 to 0.72, with P < 0.01 across all models and quartile groups. Similarly, for 180-day 
mortality, the quartile groups Q2, Q3, and Q4 had significantly lower mortality risk compared to Q1, with HRs 
ranging from 0.53 to 0.70 (P < 0.01) across all models. The results for 1-year mortality followed a similar pattern, 
with quartile groups Q2, Q3, and Q4 showing significantly reduced mortality risk compared to the reference 
group Q1. The HRs ranged from 0.58 to 0.72, with P < 0.01 for all models and quartile groups. These findings 
consistently demonstrate a significant inverse association between the quartile groups and mortality outcomes 
at different time points (28-day, 180-day, and 1-year), suggesting a potential protective effect of higher quartile 
levels on mortality risk in the studied cohort. The results were robust across different covariate adjustment 
approaches used in the different models (Table S1–S9).

Primary and secondary outcomes for the cut-off cohort
The cohort was stratified into two groups based on the RCS-derived cut-off value of 269 for the TyG-BMI (Table 
S10). As shown in Table 3, in terms of 28-day mortality, the HRs for patients with TyG-BMI ≥ 269 ranged from 
0.76 (95% CI 0.62–0.94, P < 0.05) to 0.81 (95% CI 0.67–0.99, P < 0.05), indicating a 19–24% lower risk of 28-
day mortality compared to the reference group (TyG-BMI < 269). For 180-day mortality, the HRs for the TyG-
BMI ≥ 269 group ranged from 0.78 (95% CI 0.65–0.92, P < 0.01) to 0.80 (95% CI 0.67–0.94, P < 0.01), suggesting 
a 20–22% lower risk of 180-day mortality compared to the reference group. Similarly, for 1-year mortality, 
patients with TyG-BMI ≥ 269 had HRs ranging from 0.80 (95% CI 0.67–0.94, P < 0.01) to 0.82 (95% CI 0.70–0.97, 
P < 0.05), indicating an 18–20% lower risk of 1-year mortality compared to the TyG-BMI < 269 group (Table S1–
S19). These consistent findings across different mortality outcomes and covariate adjustment approaches suggest 

Fig. 3.  The nonlinear relationship of TyG-BMI and the risk of mortality fit by multivariable Cox regression 
with RCS analyses. (A) the nonlinear relationship of TyG-BMI and the risk of 28-day mortality. (B) the 
nonlinear relationship of TyG-BMI and the risk of 180-day mortality. (C) the nonlinear relationship of TyG-
BMI and the risk of 1-year mortality. The cut-off value for the TyG-BMI is set at 269 for all three time points.

 

Fig. 2.  Unadjusted Kaplan–Meier survival curve for 28-day mortality (A), 180-day mortality (B) and 1-year 
mortality (C) of original cohort. The y-axis represents survival probability, and the x-axis represents time 
(days). The P-values (P = 0.007 for 28-day, P < 0.001 for 180-day and 1-year mortality) were calculated using 
the log-rank test, indicating significant differences between groups. The numbers below each panel indicate the 
cumulative number of patients at risk at different time points.
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that a higher TyG-BMI was associated with a lower risk of mortality in this cohort. The RCS-derived cut-off 
value of 269 for TyG-BMI appeared to be a clinically threshold for stratifying patients into distinct risk groups.

Subgroup analyses
As shown in Fig.  4, the subgroup analysis revealed a consistent pattern of lower risk associated with TyG-
BMI ≥ 269 compared to TyG-BMI < 269 for 28-day mortality, although the associations were not statistically 
significant in all subgroups. The significant associations were observed in subgroups defined by age ≥ 65 years 
(HR 0.74, 95% CI 0.60–0.91, p = 0.004), SOFA score < 5 (HR 0.54, 95% CI 0.36–0.79, p = 0.002), non-HF (HR 
0.81, 95% CI 0.67–0.99, p = 0.035), non-CAD (HR 0.81, 95% CI 0.67–0.97, p = 0.02), and non-T2DM (HR 0.67, 
95% CI 0.50–0.90, p = 0.007).

For 180-day mortality (Fig.  S2A), patients with TyG-BMI ≥ 269 exhibited a significantly lower risk compared 
to those with TyG-BMI < 269 in several subgroups, including age (≥ 65  years: HR 0.77, 95% CI 0.65–0.92, 
P = 0.002), SOFA score (< 5: HR 0.57, 95% CI 0.42–0.78, P < 0.001; ≥ 5: HR 0.80, 95% CI 0.69–0.93, P = 0.003), 
HF (HR 0.76, 95% CI 0.62–0.94, P = 0.01), non-HF (HR 0.77, 95% CI 0.66–0.91, P = 0.02), non-CAD (HR 0.92, 
95% CI 0.88–0.95, P < 0.001), T2DM (HR 0.69, 95% CI 0.55–0.88, P = 0.002), and non-T2DM (HR 0.80, 95% CI 
0.69–0.94, P = 0.007).

Similarly, for 1-year mortality (Fig. S2B), patients with TyG-BMI ≥ 269 consistently exhibited a significantly 
lower risk compared to those with TyG-BMI < 269 across most subgroups, including age (≥ 65 years: HR 0.77, 
95% CI 0.66–0.91, P = 0.002), SOFA score (< 5: HR 0.59, 95% CI 0.44–0.79, P < 0.001; ≥ 5: HR 0.81, 95% CI 0.70–
0.92, P = 0.002), HF (HR 0.78, 95% CI 0.64–0.95, P = 0.012), non-HF (HR 0.77, 95% CI 0.66–0.90, P = 0.001), 
and non-CAD (HR 0.73, 95% CI 0.63–0.84, P < 0.001), T2DM (HR 0.67, 95% CI 0.54–0.84, P < 0.001), and non-
T2DM (HR 0.81, 95% CI 0.70–0.95, P = 0.007).

In summary, the subgroup analyses consistently demonstrated a lower risk of mortality associated with 
TyG-BMI ≥ 269 compared to TyG-BMI < 269 across various subgroups and mortality outcomes, although the 

Model Group

28-day mortality 180-day mortality 1-year mortality

P-value Result P-value Result P-value Result

Model 1a
TyG-BMI < 269 1 (Reference) 1 (Reference) 1 (Reference)

TyG-BMI >  = 269  < 0.05 0.79 (0.65, 0.98)  < 0.05 0.79 (0.66, 0.94)  < 0.05 0.81 (0.69, 0.96)

Model 2a
TyG-BMI < 269 1 (Reference) 1 (Reference) 1 (Reference)

TyG-BMI >  = 269  < 0.05 0.76 (0.62, 0.94)  < 0.01 0.78 (0.65, 0.92)  < 0.01 0.8 (0.67, 0.94)

Model 3a
TyG-BMI < 269 1 (Reference) 1 (Reference) 1 (Reference)

TyG-BMI >  = 269  < 0.05 0.81 (0.67, 0.99)  < 0.01 0.8 (0.67, 0.94)  < 0.05 0.82 (0.70, 0.97)

Table 3.  Primary and secondary outcome analyses with different models for cut-off cohort. Statistical analyses 
of different models with p-value < 0.05 were displayed in bold. aHR Hazard ratio, CI Confidence interval. 
aModel 1: Cox model adjusted with all covariates [HR (95% CI)] Model 2: Cox model adjusted with covariates 
selected by uni-variable analyses [HR (95% CI)] Model 3: Cox model adjusted with covariates selected by 
selected by random forest algorithm [HR (95% CI)].

 

Model Group

28-day mortality 180-day mortality 1-year mortality

p-Value Result P-value Result P-value Result

Model 1a

Q1 1 (Reference) 1 (Reference) 1 (Reference)

Q2  < 0.01 0.72 (0.58, 0.90)  < 0.001 0.68 (0.57, 0.82)  < 0.001 0.69 (0.57, 0.82)

Q3  < 0.01 0.67 (0.52, 0.86)  < 0.001 0.65 (0.52, 0.80)  < 0.001 0.66 (0.54, 0.81)

Q4  < 0.01 0.56 (0.40, 0.80)  < 0.001 0.54 (0.40, 0.73)  < 0.001 0.55 (0.41, 0.73)

Model 2a

Q1 1 (Reference) 1 (Reference) 1 (Reference)

Q2  < 0.01 0.70 (0.56, 0.87)  < 0.001 0.68 (0.57, 0.82)  < 0.001 0.68 (0.57, 0.82)

Q3  < 0.001 0.63 (0.49, 0.81)  < 0.001 0.63 (0.51, 0.78)  < 0.001 0.64 (0.53, 0.79)

Q4  < 0.001 0.53 (0.38, 0.75)  < 0.001 0.54 (0.40, 0.72)  < 0.001 0.54 (0.41, 0.72)

Model 3a

Q1 1 (Reference) 1 (Reference) 1 (Reference)

Q2  < 0.01 0.72 (0.58, 0.90)  < 0.001 0.70 (0.59, 0.85)  < 0.001 0.71 (0.59, 0.85)

Q3  < 0.01 0.69 (0.54, 0.88)  < 0.001 0.66 (0.54, 0.82)  < 0.001 0.68 (0.56, 0.83)

Q4  < 0.01 0.59 (0.42, 0.83)  < 0.001 0.58 (0.44, 0.77)  < 0.001 0.60 (0.46, 0.78)

Table 2.  Primary and secondary outcome analyses with different models for cohort. Statistical analyses of 
different models with p-value < 0.05 were displayed in bold. aHR Hazard ratio, CI Confidence interval. aModel 
1: Cox model adjusted with all covariates [HR (95% CI)] Model 2: Cox model adjusted with covariates selected 
by uni-variable analyses [HR (95% CI)] Model 3: Cox model adjusted with covariates selected by selected by 
random forest algorithm [HR (95% CI)].
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strength of the association varied across different subgroups. These findings suggested that the protective effect 
of higher TyG-BMI was robust and consistent across different patient populations, reinforcing the potential 
clinical relevance of this risk stratification approach.

Discussion
To our knowledge, this study was the first to investigate the relationship between the TyG-BMI and all-cause 
mortality in critically ill patients with RF. We discovered that the TyG-BMI is significantly associated with 
mortality at 28 days, 180 days, and 1 year. A lower TyG-BMI correlates with a higher risk of mortality in these 
patients. These findings may contribute to enhancing treatment protocols for patients suffering from RF.

IR describes a condition where the body’s response to insulin is impaired, commonly seen as a metabolic 
disorder among critically ill and obese populations34,35. The pathophysiological mechanisms linking IR and RF 
may vary based on different primary diseases. Generally, there is a bidirectional influence between IR and RF. 
Primary diseases of RF often exhibit an overactive inflammatory response, such as in asthma21,36, infections37, 
heart failure38, or chronic inflammatory conditions like COPD39. These heightened inflammatory responses can 
lead to abnormal inflammatory factor expression and mitochondrial dysfunction, precipitating a state of IR40–42. 
Conversely, the presence of IR might promote the onset of RF. The mechanisms are multifaceted; for example, 
IR can reduce skeletal muscle glucose utilization, leading to respiratory muscle dysfunction and exacerbating 
RF43,44. Additionally, IR contributes to stress-induced hyperglycemia, weakening host immunity and enhancing 
microbial virulence, thereby increasing the risk of pulmonary infections and worsening RF45,46. Moreover, IR can 
induce systemic inflammation and oxidative stress, leading to lung and bronchial damage from inflammatory 
infiltration, thus promoting RF47,48.

Several clinical studies have investigated these phenomena. For instance, a prospective cohort study in Korea 
involving 4827 patients found that for every unit increase in log-transformed HOMA-IR, there was a 0.23% 
decrease in FEV1 and a 0.20% decrease in FVC, highlighting the detrimental effects of IR on lung function49. 
Another study indicated that in patients with COPD, HOMA-IR significantly increased with higher GOLD 
stages and was inversely related to patients whose FEV1 was below 60% prediction, underscoring that IR is a 
risk factor for worsening lung function and RF50. Another cross-sectional study showed that the proportion of 
abnormal lung function was significantly higher in patients with comorbid IR than in those without IR (30.2% 
vs. 16.6%, p = 0.039), suggesting that lower lung function is associated with IR status51.

The TyG index, an effective alternative marker for assessing IR, has been reported to be closely associated 
with various respiratory diseases. For example, research by Tianshi David Wu and others found that a higher 
TyG index correlates with a higher likelihood of respiratory symptoms (such as cough, phlegm production, 
wheeze, exertional dyspnea) and lower lung function (such as FEV1, FVC), even after adjusting for HOMA-
IR52. Zhou and colleagues, through a retrospective cohort study involving 684 patients, discovered that a high 
TyG index correlates with higher 90-day and 180-day mortality rates among COPD and asthma patients in 
critical condition20. During the COVID-19 pandemic, several studies also indicated that an elevated TyG index 

Fig. 4.  Forest plot of subgroup analysis for 28-day mortality. P-values are reported for each subgroup, with 
significant results highlighted. The vertical dashed line at HR = 1 indicates the reference point (no effect).
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significantly correlates with increased mortality risk among COVID-19 and ARDS patients53,54. These findings 
underscore the prognostic importance of the TyG index in respiratory-related diseases.

However, there is currently a lack of research on the correlation between TyG-BMI and RF, particularly in 
critically ill patients with RF. Our research demonstrates that the TyG-BMI can predict both short-term and 
long-term all-cause mortality in patients with severe RF. Specifically, the relationship between the TyG-BMI and 
mortality in patients with severe RF is L-shaped. A higher TyG-BMI correlates with lower 28-day, 180-day, and 
one-year mortality rates, especially in patients over 60 years old. This finding can help identify patients at higher 
risk of mortality from RF. Additionally, the protective effect of a higher TyG-BMI is independent of the SOFA 
score and diabetes status. This discovery might be linked to the widely discussed “obesity paradox” observed 
among critically ill and respiratory disease patients in clinical settings55,56.

Previous research has revealed that among critically ill patients, a higher BMI correlates with a lower 
mortality57,58. However, the relationship between obesity and the incidence and prognosis of respiratory diseases 
remains controversial. Many studies have identified obesity as a risk factor for various conditions, including 
ARDS59, COPD60, and asthma61. Patients with obesity are at an increased risk of RF compared to those with 
normal weight. However, some studies offer contrary viewpoints. For instance, a meta-analysis involving 6,268 
patients demonstrated that in severe cases of ARDS, obesity was associated with a lower mortality rate (OR 
0.68, 95% CI 0.57–0.80, P < 0.00001)62. Similar findings have been observed in patients with COPD, as noted 
in the SUMMIT study, where overweight (HR 0.62, 95% CI 0.52–0.73) and class I obese (HR 0.75, 95% CI 
0.62–0.90) patients exhibited lower mortality63. Clinical studies have also highlighted a significant inverse trend 
between BMI and mortality from pneumonia64,65. This inverse correlation between the TyG-BMI and mortality 
has been observed in studies on heart failure66 and atrial fibrillation67. These phenomena are consistent with our 
observations and might provide a reasonable explanation for our study results.

The obesity paradox in RF could be attributed to several potential mechanisms. Firstly, obesity may induce 
a state of chronic low-level inflammation, providing a pre-conditioning effect that protects the lungs from 
further damage during subsequent high-level inflammatory states68. Additionally, the fat and muscle reserves 
in obese patients might offer an energy source during the catabolic process of RF, potentially reducing the risk 
of mortality69,70. Another perspective is that clinicians’ awareness of obesity might lead to early preventative 
measures, such as stricter fluid and glucose control, more precise adjustments of mechanical ventilation 
parameters, and other care practices, possibly improving the prognosis for patients with obesity and RF55,71.

The relationship and underlying mechanisms between obesity and RF are complex and require further 
validation through extensive clinical and basic research. TyG and BMI are clinically accessible parameters and 
effective substitutes for identifying metabolic abnormalities. Our study provides a simple clinical parameter that 
can help swiftly identify high-risk patients, facilitating more efficient stratification and management.

Limitations
Our study has several limitations. Firstly, research based on databases often encounters issues such as missing 
values and potential confounders that are not identified but could influence outcomes. Secondly, the values we 
used for calculations were the initial measurements of patients’ blood sugar and lipids, and it is unclear whether 
these were measured in a fasting state. Thirdly, as the database did not record the time of diagnosis, we could 
not determine the exact timing of RF occurrence in relation to the TyG-BMI. Lastly, our study did not provide 
a biological explanation for the link between the TyG-BMI and mortality in critically ill patients with RF. These 
issues should be carefully considered in future prospective clinical trials. Further investigations are warranted 
to understand the complex interplay between insulin resistance, adiposity, and clinical outcomes in this patient 
population.

Conclusion
Higher TyG-BMI was closed to lower short-term and long-term mortality, suggesting a potential protective 
effect for critically ill patients with RF. These findings highlighted the importance of the TyG-BMI as a robust 
prognostic marker, providing valuable insights for improving treatment strategies for patients with RF.

Data availability
The MIMIC-IV database is publicly available on PhysioNet (https://www.physionet.org/content/mimiciv/2.0/). 
Concepts codes are available in the MIMIC Code Repository (https://github.com/MIT-LCP/mimic-code/).
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