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Background: Insulin resistance (IR) is a key cardiovascular disease (CVD) risk

factor. The estimated glucose disposal rate (eGDR) is a reliable IRmarker linked to

CVD risk. This study is the first extensive meta-analysis of this correlation in a

general population free from baseline CVD.

Methods: We searched electronic databases such as PubMed, Web of Science

and Embase for cohort studies reporting eGDR and CVD risk. Studies included

adults without baseline CVD, measured eGDR at baseline, and reported hazard

ratio (HR) [95% confidence interval (CI)]. The combined HR and its 95% CI were

determined through the application of random or fixed effects models. Meta-

regression with robust error was utilized to depict the nonlinear dose-

response relationship.

Results: Twelve cohort studies with 547,287 subjects were included, with follow-

up durations ranging from 5.6 to 14.1 years. Participants with the highest eGDR

category had a lower risk of CVD (HR: 0.58, 95% CI 0.53–0.63), stroke (HR: 0.62,

95% CI: 0.56–0.69), and coronary heart disease (HR: 0.46, 95% CI: 0.25–0.83)

compared with the lowest eGDR category. This aligns with the meta-analysis

results, where eGDR as a continuous variable had HRs of 0.88 (95% CI: 0.85–

0.91) for CVD, 0.84 (95% CI: 0.76–0.93) for stroke, and 0.85 (95% CI: 0.83–0.87)

for coronary heart disease. Subgroup analyses revealed that sex, sample size,

follow-up duration, and prediabetes/diabetes status did not significantly affect

the results. Dose–response analysis indicated that there was a linear negative

association of the eGDR with the risk of CVD (Pnonlinear=0.120) or

stroke (Pnonlinear=0.084).

Conclusions: The higher eGDR is associated with lower risk of CVD, stroke, and

coronary heart disease in individuals without baseline CVD. However, the

observational design and high heterogeneity across studies prevent

causal inference.
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Introduction

Globally, cardiovascular diseases (CVD) are still the primary

contributor to mortality and morbidity (1), with insulin resistance

(IR) being a significant underlying factor (2). IR is defined by a

lowered capacity of tissues to react to insulin, and it is strongly

connected to metabolic syndrome. This condition is also typically

linked to a Western living pattern that includes calorie-dense foods,

a lack of physical activity, and persistent stress (3). This condition

can lead to hyperglycemia and hyperinsulinemia, which in turn

disrupt glucose metabolism and trigger a cascade of adverse health

effects. These factors—such as impaired adipose tissue function,

dyslipidemia, inflammation, obesity, increased reactive oxygen

species (ROS) generation, endothelial dysfunction, hypertension,

and atherosclerosis—are all strongly linked to the development of

CVD (4, 5). The estimated glucose disposal rate (eGDR), a

composite index obtained from anthropometric and laboratory

data, has emerged as a reliable surrogate marker for IR. Recent

studies have demonstrated that eGDR is independently linked to

the risk of CVD, coronary heart disease (CHD), and stroke in

diabetes or prediabetes (6). However, the consistency of this

relationship across diverse cohorts and its potential as a

predictive tool warrant further investigation.

Given the multifactorial nature of IR and its profound impact

on cardiovascular health, understanding the correlation between

eGDR and CVD risk is crucial. Prior meta-analyses have explored

the role of eGDR in predicting cardiovascular risk. For example, Lei

Guo et al. (7) found that higher eGDR was associated with a lower

risk of CVD events in general and diabetes populations. Parham

Dastjerdi et al. (8) reported similar findings in type 1 diabetes

patients. Diar Zooravar et al. (9) highlighted eGDR’s potential in

predicting microvascular complications in type 1 diabetes. Despite

these valuable insights, prior research has not specifically examined

eGDR’s association with incident CVD in populations free from

baseline CVD, limiting its applicability to primary prevention. This

meta-analysis advances prior knowledge by exclusively focusing on

CVD-free participants to isolate true primary prevention effects,

restricting inclusion to prospective cohort studies to establish

temporality and minimize recall bias, and incorporating dose–

response modeling to precisely quantify the shape and magnitude

of the association. These enhancements provide more robust

evidence regarding eGDR’s predictive utility and its continuous

relationship with CVD risk.
Methods

Literature search

This study was conducted according to the Meta-analysis of

Observational Studies in Epidemiology (MOOSE) Statement (10) and

PRISMA 2009 statement (11). The study selection process is shown

in the PRISMA (Preferred Reporting Items for Systematic Reviews

and Meta-Analyses) flow diagram (Figure 1). Electronic databases

such as PubMed, Web of Science and Embase were searched in
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accordance with combined terms: (1) “estimated glucose disposal

rate” OR “eGDR” and (2) “cardiovascular” OR “peripheral arterial

disease” OR “coronary artery disease” OR “stroke” OR

“cardiovascular disease” OR “coronary heart disease” OR” ischemic

stroke” OR “CHD” OR “CVD” OR “CAD” OR “PAD” OR “IS”. The

search strategy used filters to select studies involving humans and

available in English. The search for final literature concluded on

March 28, 2025, and the specific strategy is detailed in the

Supplementary material Table 1. The protocol for this study has

been registered in the International Prospective Register of Systematic

Reviews (PROSPERO 2025 CRD 420251147324. Available from

https://www.crd.york.ac.uk/PROSPERO/view/CRD420251147324).
Study selection

The meta-analysis included studies based on these criteria: (1)

The studies were cohort studies published in full. (2) eGDR was

assessed at the start. (3) Participants were adults without baseline

CVD. (4) Outcomes included new cases of CVD, CHD, or stroke. (5)

hazard ratio (HR) [95% confidence interval (CI)] values were given.

(6) The studies adjusted risk factors for possible confounders. Studies

were excluded if: (1) Participants were under 18. (2) The population

had baseline CVD. (3) eGDR wasn’t measured. (4) The study wasn’t a

cohort design. (5) HR (95%CI) values weren’t reported.

The eGDR was calculated as (mg/kg/min) 21.158-(0.09*WC) -

(3.407*HT) - (0.551*HbA1c) [WC = waist circumference (cm),

HT = hypertension (yes = 1/no = 0), and HbA1c = HbA1c (%

DCCT)] (12). Hypertension was defined as systolic blood

pressure ≥ 140mmHg and/or diastolic blood pressure

≥ 90mmHg, self-reported history of hypertension, or current use

of prescribed medicine for HT. HbA1c was measured by the high-

performance liquid chromatography method. Furthermore, the unit

in mmol/mol was transformed to a percentage (%) using the

equation: (0.09148 × HbA1c mmol/mol) + 2.152 (13). CVD was

identified based on self-reported physician’s diagnosis or the

International Classification of Diseases (ICD-10). The main

outcome was CVD, either alone or within a composite. Secondary

outcomes were CHD and stroke. CAD involved chronic ischemic

heart disease, angina and acute myocardial infarction. Stroke cases

included both ischemic and hemorrhagic types.

Articles from Embase, Web of Science and PubMed were

transferred to EndNote X9. Duplicates were identified and

removed using the “duplicate identifier” function. Titles and

abstracts were initially screened and categorized as potentially

eligible, uncertain eligibility, or clearly ineligible. For potentially

eligible or uncertain articles, full - text reviews were conducted to

assess their final eligibility against the inclusion and

exclusion criteria.
Data extraction

Two researchers (Zhijun Zhang and Beibei Wang) separately

performed information extraction from the articles. The data
frontiersin.org
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extracted included the following: (1) publication year, the first

author’s name, and country; (2) the study design/mean follow-up

time; (3) participant characteristics, such as the mean age, sample

size, proportion of participants with prediabetes and diabetes, and

proportion of male participants; (4) the analysis model used for the

eGDR index; (5) the reported endpoint outcomes; and (6) the

covariates controlled for within the multivariate analysis. Following

the extraction process, the investigators cross-checked the data to

verify its accuracy. Any discrepancies were resolved by consulting a

third researcher (Lijuan Qu), whose judgment was accepted as the

final decision.
Quality evaluation

The quality of each study was assessed using the Newcastle–

Ottawa Scale (14). This scale evaluates the quality of cohort studies

in three aspects: study selection, comparability between groups, and

outcome assessment, with scores ranging from 1 to 9 points. Studies

with a score of over 6 points were regarded as high-quality.
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Data analyses

The hazard ratio (HR) and 95% confidence interval (CI) were

utilized as a general measure to indicate the association between the

eGDR and CVD risk in individuals without baseline CVD. For

studies with the eGDR analyzed as a continuous variable, the HR

(95% CI) of CVD risk per 1-unit increment of the eGDR was

extracted. For studies that categorized the eGDR, the HR (95% CI)

for CVD risk comparing individuals with the highest levels to those

with the lowest levels of the eGDR was extracted. The heterogeneity

among the included cohort studies was evaluated using the I²

statistic (15). If the I² value exceeded 50%, it indicated significant

heterogeneity and a random effects model was employed to pool the

HR (95% CI) data; otherwise, a fixed-effects model was used for

analysis. Moreover, the robustness of the results was assessed

through sensitivity analyses executed by excluding each study

once at a time (16). Predefined subgroup analyses were conducted

to assess how study characteristics such as males sex (%),

prediabetes/diabetes state (%), sample size, and mean follow-up

time might influence the correlation between the eGDR and CVD
FIGURE 1

Flowchart of the database search and study identification.
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risk. The potential for publication bias was initially evaluated by

visually examining the symmetry of funnel plots (17). Subsequently,

the trim-and-fill method, along with Egger’s (18) and Begg’s (19)

tests, was employed as quantitative methods to further assess

publication bias.

We computed the linear trends and 95% CI by applying the

natural logarithm of the effect sizes and the 95% CI for the eGDR

categories, in accordance with the method described by Greenland

and Longnecker (20). Nonlinear dose - response analyses were

performed via robust error meta-regression., as per the approach

described by Ma and Xu et al. (21, 22) The sample fitting process

was conducted in two stages. Initially, a dose–response analysis was

conducted separately for each study. Subsequently, the dose–

response data from these individual studies were integrated using

a random-effects model. This model necessitates information on the

known levels of eGDR, the natural logarithm of the HR, the number

of cases and the person-year (calculated by multiplying the average

follow-up time by the number of cases) within each exposure range

(22). When quantitative eGDR values were unavailable, missing

values were imputed using the method detailed by Xu et al. (21).

This approach allows for the use of either the exposure median or

mean. In cases where neither the mean nor median is provided but a

range of values is reported, the exposure level can be approximated

as follows: for closed intervals, the midpoint between the upper and

lower bounds is used; for open intervals, the interval length is

inferred from the adjacent group, and the midpoint of this interval

is taken as the average exposure level (23). The meta-analysis and

statistical analysis were performed using R (4.2.2) software. A p-

value less than 0.05 or 95% CI excluding 1 was regarded as

statistically significant.
Results

Literature search

As depicted in Figure 1, the database search process was

conducted systematically. A total of 614 articles were retrieved

from the initial search of Web of Science, PubMed and Embase

databases, following the removal of duplicate entries. During the

preliminary screening of titles and abstracts, 571 articles were

deemed irrelevant and excluded. Subsequently, 31 articles were

further excluded based on the criteria outlined in Supplementary

material Table 2. In the end, twelve cohort studies (24–35) were

finalized for inclusion in the meta-analysis.
Study characteristics

The characteristics of the twelve cohort studies are shown in

Supplementary material Table 3. Twelve cohort studies with

547,287 subjects were included, with follow-up durations ranging

from 5.6 to 14.1 years. These studies were carried out in China,
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Sweden, England, and the United States of America. All studies

were cohort studies and published between 2022 and 2024.The

average age of the participants across the twelve studies spanned

from 56.3 to 62.9 years. Two studies had a male participant

proportion exceeding 50%, while the remaining studies featured a

male participant proportion under 50%. Additionally, three articles

featured sample sizes exceeding 10,000, whereas nine articles

reported sample sizes below 10,000.
Quality evaluation

This meta-analysis included twelve cohort studies. Their quality

was evaluated via the Newcastle–Ottawa Scale, where the highest

possible score is 8. The assessment showed that three studies

achieved a score of 7, while the remaining seven studies scored 8.

Thus, all included cohort studies were deemed high-quality

(Supplementary material Table 4).
eGDR and CVD risk

For CVD analysis, a total of nine cohorts (25–29, 31, 33–35)

were examined, covering 73,577 participants. A random-effects

model was used, with eGDR being treated as a categorical

variable. The pooled results from the nine cohorts demonstrated

that participants in the highest eGDR category experienced a

significantly reduced CVD risk compared to those in the lowest

eGDR category at baseline (HR = 0.58; 95% CI 0.53–0.63; I2 =

52.4%; Figure 2A). This matched the meta-analysis of eGDR as a

continuous variable, with a 12% (HR: 0.88, 95% CI 0.85–0.91,

I²=77.4%) reduction in CVD risk for every 1-unit increase

(Figure 2A). Dose-response curves treating eGDR as a categorical

variable showed a negative linear relationship was observed between

the eGDR and CVD risk (Pnonlinear = 0.120) (Figure 3A).

Supplementary material Table 5 presents estimates for the linear

exposure effect analysis for eGDR.

In subgroup evaluations, those in the highest eGDR group showed

a significantly lower CVD risk than the lowest group, and this finding

was consistent regardless of male sex (%), prediabetes/diabetes statue

(%), sample size, and mean follow-up time (P > 0.05 for each

subgroup; Table 1). Omitting one study at a time in sensitivity

analyses generated analogous results (HR for the eGDR analyzed as

a categorical variable: 0.57–0.60, all P<0.05) (Supplementary material

Figure 1A). Funnel plots exhibited symmetrical features on visual

inspection when eGDR was evaluated as a categorical variable,

implying a low propensity for publication bias (Supplementary

Figure 1B). The P values were 0.750 and 0.835 based on Begg’s and

Egger’s regression, respectively, further suggesting no publication bias

(Supplementary material Figures 2A, B). After incorporating one

study using the trim-and-fill method, the HR (95% CI) remained

largely unchanged, indicating that the combined effect size results are

reliable (Supplementary material Figures 3A, B).
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eGDR and stroke risk

Nine cohorts (25–30, 32–34)were included in the stroke

analysis. The combined findings showed that higher eGDR

corresponded to a lower stroke risk when comparing the highest

and lowest categories (HR = 0.62; 95% CI 0.56–0.69; I²=24.8%)

(Figure 2B). These findings were aligned with the meta-analysis of

eGDR as a continuous variable, with a 16% (HR: 0.84, 95% CI 0.76–

0.93, I²=83.0%) reduction in stroke risk for every 1-unit increase

(Figure 2B). Dose-response analysis treating eGDR as a categorical

variable showed a negative linear correlation between eGDR and

stroke risk (Pnonlinear=0.084) (Figure 3B). Supplementary material

Table 5 presents HR(95%CI) estimates for the linear exposure effect

analysis for the eGDR. Omitting one study at a time in sensitivity

analyses generated analogous results (HR for the eGDR analyzed as

a categorical variable: 0.59–0.65, all P<0.05) (Supplementary

material Figure 1C). When eGDR was analyzed as a categorical

variable, the funnel plots appeared symmetric upon visual

assessment, indicating a minimal risk of publication bias.

(Supplementary material Figure 1D). The P values were 0.061 and
Frontiers in Endocrinology 05
0.181 based on Begg’s and Egger's regression, respectively

(Supplementary material Figures 2C, D). The trim-and-fill

method was used to add three studies, and the HR (95% CI) did

not change significantly, indicating that the combined effect size

results were robust (Supplementary material Figures 3C, D).

Two cohorts (24, 30)were included in the ischemic stroke

analysis. The aggregated data showed that participants in the

highest eGDR group exhibited a decreased risk of ischemic stroke

risk (HR = 0.64; 95% CI 0.49–0.85; I²=68%) when compared with

those in the lowest eGDR group (Figure 2C). This results was in line

with the Huan et al. (24) treating eGDR as a continuous variable,

with a 13% (HR: 0.87, 95% CI 0.83–0.90) reduction in ischemic

stroke risk for every 1-unit increase (Supplementary material

Table 1).
eGDR and CHD risk

The pooled estimates from two cohort studies (27, 28) indicated

that higher eGDR was related to a lower CHD risk when treated as a
FIGURE 2

Forest plot for meta-analysis. (A) Association between eGDR (mg/kg/min) and CVD risk. Pooled HR: 0.58 (95% CI: 0.53–0.63) for highest vs. lowest
eGDR; 0.88 (95% CI: 0.85–0.91) per 1-unit. Random-effects models used (I² = 52.4% for highest vs. lowest eGDR and 77.4% for per 1-unit). (B)
Association between eGDR (mg/kg/min) and stroke risk. Pooled HR: 0.62 (95% CI 0.56–0.69) for highest vs. lowest eGDR, 0.73 (95% CI 0.65–0.81)
for per 1-unit. Models: Random-effects (I² = 83%) for per 1-unit; fixed-effects (I² = 24.8%) for highest vs. lowest eGDR. (C) Association between
eGDR (mg/kg/min) and IS risk: Pooled HR: 0.64 (95% CI 0.49–0.85) for highest vs. lowest eGDR. Random-effects model (I² = 68%). (D) Association
between eGDR and CHD risk: Pooled HR: 0.46 (95% CI 0.25–0.83) for highest vs. lowest eGDR, 0.85 (95% CI 0.83–0.87) for per 1-unit). Models:
Random-effects (I² = 88.8%) for highest vs. lowest eGDR; fixed-effects (I² = 49.6%) for per 1-unit. (E) Association between eGDR and MI risk: Pooled
HR: 0.51 (95% CI 0.33–0.78) for highest vs. lowest eGDR, 0.82(95% CI 0.68–0.99) for per 1-unit. Random-effects models used (I² = 57.5% for highest
vs. lowest eGDR and 69.8% for per 1-unit). HR, hazard ratio; CI, confidence interval; eGDR, estimated glucose disposal rate; CVD, cardiovascular
disease; CHD, coronary heart disease; MI, myocardial infarction; IS, ischemic stroke.
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categorical variable (HR = 0.46; 95% CI 0.25–0.83; I²=88.8%), and

consistent results were found when eGDR was treated as a

continuous variable (HR = 0.85; 95% CI 0.83–0.87; I²=49.6%)

(Figure 2D). Similarly, higher eGDR was correlated with a

reduced myocardial infarction risk in both categorical (HR =

0.51; 95% CI 0.33–0.78; I2 = 57.5%) and continuous analyses

(HR = 0.82; 95% CI 0.68–0.99; I2 = 69.8%) (Figure 2E).
Discussion

IR is a cornerstone in the pathogenesis of CVD, and the eGDR

has become a promising alternative measure for assessing IR. The

results of our meta-analysis are consistent with those of previous

studies (6, 36, 37) that demonstrated the link between IR and CVD

risk. The pooled HR for CVD, stroke, and CHD across different

eGDR categories and continuous eGDR further strengthen the

notion that better insulin sensitivity, as indicated by higher

eGDR, is protective against CVD events. We conducted

sensitivity analyses by excluding each study one at a time, which

consistently yielded similar results, thereby confirming the stability

of our findings. Additionally, dose–response analyses revealed a

linear trend, supporting the idea that even small improvements in

eGDR could translate into meaningful reductions in CVD risk.

Subgroup analyses across various factors such as sex, sample size,

follow-up duration, and prediabetes/diabetes status also

demonstrated consistent results, further strengthening the

credibility and generalizability of our conclusions. This finding

underscores the potential of eGDR as a predictive marker for

CVD risk and highlights its clinical and public health significance.
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While insulin resistance indices such as homeostatic model

assessment of insulin resistance (HOMA-IR) and the triglyceride

Glucose (TyG) Index have demonstrated associations with CVD

risk (38–41), eGDR offers distinct practical advantages for CVD risk

assessment. HOMA-IR requires fasting insulin measurements, which

are not routinely available in clinical practice and may be unreliable in

patients receiving insulin or insulin-sensitizing medications (42).

Furthermore, HOMA-IR primarily reflects hepatic insulin resistance

andmay not capture peripheral insulin sensitivity as comprehensively.

The TyG index, though more accessible as it uses fasting glucose and

triglycerides, has shown inconsistent predictive performance across

populations and may be less reliable in non-fasting states or in

individuals with significant hypertriglyceridemia. In contrast, eGDR

is calculated from three routinely measured clinical parameters—waist

circumference, hypertension status, and HbA1c—facilitating its

application in large-scale risk stratification. This composite

approach enables eGDR to capture both metabolic and

hemodynamic components of IS simultaneously. Notably, eGDR

demonstrates comparable accuracy to the hyperinsulinemic-

euglycemic clamp—the gold standard for insulin resistance

assessment—while avoiding its invasive nature and substantial cost

(2, 43, 44). The inclusion of waist circumference and hypertension

status may also explain eGDR’s strong association with cardiovascular

outcomes, as these factors independently predict CVD risk. This

combination of comprehensive risk capture, practical utility, and

strong correlation with outcomes underscores eGDR’s value as a

predictive marker for cardiovascular risk in routine clinical settings.

IR contributes to CVD through several mechanisms. First, IR

results in heightened free fatty acid concentrations in the bloodstream,

which can accumulate and exert toxic effects on the cardiovascular
FIGURE 3

Dose-response curves for the association between eGDR (mg/kg/min) and CVD risk were generated when eGDR was analyzed as a categorical
variable. The x-axis displays eGDR values ranging from 0 to 16.0 mg/kg/min, and the y-axis represents the estimated hazard ratio. The solid line
represents the estimated hazard ratio, and the dashed lines represent the 95% confidence interval for this continuous exposure model. (A)
Association with CVD risk. The relationship is linear (P for nonlinearity = 0.120). (B) Association with stroke risk. The relationship is linear (P for
nonlinearity = 0.084). Abbreviations: eGDR, estimated glucose disposal rate; CVD, cardiovascular disease.
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system (2, 45). Second, IR is related to various inflammatory markers,

such as monocyte chemoattractant protein-1, leptin, tumor necrosis

factor-alpha, plasminogen activator inhibitor-1, interleukin-6 and

adiponectin (2, 5). These markers promote the development of

atherosclerosis. Third, IR is frequently correlated with abnormal

lipid profiles, such as small dense low-density lipoprotein cholesterol

(LDL-C), elevated LDL-C, heightened hepatic triglycerides, and

reduced high-density LDL-C (2, 5, 43). Fourthly, in the state of IR,

the production of nitrogen species and reactive oxygen species

increases, leading to oxidative stress. These effects damage

endothelial cells and promote atherosclerosis (2, 44, 45). Fifth,

insulin helps maintain endothelial function by regulating nitric

oxide (NO) production. In IR, NO production is reduced, impairing

vasodilation and contributing to hypertension and atherosclerosis.

(2, 44, 45) Sixth, IR is closely linked to high blood pressure through

mechanisms such as overactivation of the renin-angiotensin-

aldosterone system, causing vasoconstriction and sodium retention,

as well as increased sympathetic nervous system activity, leading to

myocardial hypertrophy, interstitial fibrosis, and reduced contractile

function (2). Finally, IR causes myocardial metabolic disturbances,

characterized by increased fatty acid oxidation and decreased glucose

oxidation. This metabolic imbalance results in insufficient myocardial

energy production, affecting cardiac contraction and relaxation (43).
Strengths and limitations

As far as we are aware, this is the first meta-analysis to explore the

association between eGDR and CVD risk in a general population that

was free from CVD at baseline, which allows for a more accurate

assessment of the predictive value of eGDR in individuals without pre-

existing CVD. By exclusively including cohort studies, we

circumvented potential recall bias inherent in cross-sectional designs,

thereby strengthening the causal inference in the observed association.
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Moreover, we conducted separate meta-analyses treating eGDR as both

a categorical and a continuous variable, a methodological approach that

provided complementary perspectives and further validated the

robustness of our primary conclusions. Despite the presence of

significant heterogeneity, we conducted sensitivity, dose–response,

and subgroup analyses, which yielded robust and reliable results.

Additionally, cohort studies released in the past three years, all of our

selected studies were of high quality and they featured extensive sample

sizes along with lengthy follow-up intervals.

Although this meta-analysis has notable strengths and potential

clinical relevance, several limitations exist that warrant

consideration when evaluating the results. First, despite the use of

random-effects models to account for heterogeneity, significant

heterogeneity was still observed in some analyses. This

heterogeneity may stem from differences in participants’ races

and comorbidities, as well as methods for measuring eGDR and

CVD outcomes. Second, the potential for residual confounding,

such as dietary patterns (46, 47), sleep quality and sleep duration

factors (48), and liver fibrosis (49) may have an impact on eGDR, in

the original cohort studies cannot be fully excluded, although most

studies adjusted for multiple potential confounders. Third, most

studies were from China and only three from Sweden/USA, limiting

ethnic diversity and generalizability to global cardiovascular risk

patterns. Future research must validate eGDR cutoffs and predictive

accuracy in diverse Western and multi-ethnic cohorts. Fourth, it is

important to note that the observational nature of the included

studies limits our ability to establish causality between eGDR and

cardiovascular outcomes. While the findings suggest a strong

association, confounding factors and reverse causation cannot be

entirely ruled out. Finally, eGDR formula was originally validated

using clamp studies in type 1 diabetes populations, and its

metabolic validity in different populations has not been directly

established. However, this meta-analysis aims to evaluate predictive

validity rather than metabolic validity, and the potential non-
TABLE 1 Subgroup analyses for the association between the estimated glucose disposal rate analyzed as a categorical variable and the risk of
cardiovascular disease.

Subgrouped by Number of studies Effect value HR (95% CI) I-squared (%) P interaction

Male% 9 0.58 [0.53;0.63] 52.4%

0.58≥50% 3 0.62 [0.49;0.78] 80.9%

<50% 6 0.57 [0.53;0.63] 20.5%

Follow up 9 0.58 [0.53;0.63] 52.4%

0.07>7 years 6 0.55 [0.49;0.61] 46.4%

≤7 years 3 0.64 [0.56;0.73] 33.8%

Sample size 9 0.58[0.53;0.63] 52.4%

0.78≥7,000 3 0.57[0.49;0.66] 50.4%

<7,000 6 0.59[0.52;0.67] 68.5%

Pre-DM/DM 7 0.58[0.52;0.64] 58.4%

0.99≥20% 2 0.58[0.34;0.98] 82.2%

<20% 5 0.57[0.52;0.64] 52.1%
Pre-DM, pre- diabetes mellitus; DM, diabetes mellitus; HR, hazard ratio; CI, confidence interval.
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differential misclassification bias is more likely to make our risk

estimation conservative than exaggerated.
Conclusions

Our meta-analysis reveals that higher eGDR is associated with a

significantly lower risk of CVD, stroke, and CHD. This indicates

that eGDR could serve as a valuable marker for predicting CVD risk

in individuals without baseline CVD. Future research should focus

on further exploring the underlying mechanisms and assessing the

predictive power of eGDR in diverse populations.
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