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The additive effect of the stress hyperglycemia @
ratio on type 2 diabetes: a population-based
cohort study
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Abstract

Background The stress hyperglycemia ratio (SHR) has recently gained attention as a marker for acute hyperglycemia,
which has been linked to adverse clinical outcomes. However, its independent role in the development of type

2 diabetes (T2D) remains understudied. This cohort study aimed to assess the association between SHR and the
incidence of T2D.

Methods The study included 8978 participants aged 45 or older, free of diabetes at baseline, from the China Health
and Retirement Longitudinal Study (CHARLS). Incident T2D up to December 31, 2020, was the primary outcome.
Participants were divided into SHR quartiles, and Cox proportional hazards regression and fine-gray competing risk
models were used to assess SHR's association with T2D onset, adjusting for fasting glucose and HbATc.

Results The mean age of participants was 59.0+ 9.5 years, and 51.5% were women. Over a mean follow-up of 7.8
years, 1084 participants developed T2D. Cox regression analysis revealed that individuals in the highest SHR quartile
had a significantly higher risk of T2D onset compared to those in the lowest quartile (HR 1.48, 95% Cl 1.26-1.75, P
for trend <0.001). Stratified analyses by sex, obesity, and smoking showed consistent results. Adding SHR to fasting
glucose and HbA1c models improved the AUC for T2D prediction (DelLong Test, P=0.013).

Conclusion SHRis independently associated with incident T2D, suggesting its potential use in the risk stratification
and prediction for T2D, beyond glucose and HbATc.
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Background

Type 2 diabetes (T2D) has become one of the most
prevalent non-communicable diseases worldwide, con-
tributing to a significant burden of morbidity, mortality,
and healthcare costs. The prevalence of diabetes is esti-
mated over 500 million cases globally [1]. Traditionally,
fasting glucose, glycated hemoglobin (HbAlc), and insu-
lin resistance have been key biomarkers used to diag-
nose and predict T2D [2]. Stress-induced hyperglycemia
occurs due to an illness that leads to insulin resistance,
decreased insulin secretion, and elevated blood glu-
cose [3]. Acute stress-induced hyperglycemia has gained
attention as a potentially significant indicator of long-
term metabolic dysregulation.

The stress hyperglycemia ratio (SHR), a novel marker
that reflects the extent of acute hyperglycemia relative to
chronic glycemic control, is emerging as a valuable tool
in various clinical settings [4]. The blood glucose level at
admission cannot reveal the chronic glucose level, and
HbAlc is a well-established marker of glycemia over the
previous 3 months, reflecting the estimated average glu-
cose concentration. Initially studied in patients with criti-
cal illnesses, e.g., myocardial infarction, acute coronary
syndrome, and heart failure, SHR has shown predictive
value for adverse outcomes, such as increased mortal-
ity and rehospitalization [5-8]. Despite these insights,
limited research has explored the effects of SHR in the
general population. Recently, SHR is claimed as a risk
factor for mortality in diabetic or pre-diabetic population
[4]. However, the relationship between the SHR and the
onset of T2D remains unclear.

Understanding the role of SHR in T2D onset may pro-
vide a new biomarker for early identification of high-risk
individuals. This study aimed to explore the indepen-
dent association between SHR and incident T2D, using
data from the China Health and Retirement Longitu-
dinal Study (CHARLS), a large, nationally representa-
tive cohort. We hypothesized that elevated SHR would
be associated with an increased risk of developing T2D,
even after accounting for traditional risk factors like fast-
ing glucose and HbAlc.

Methods

Data source and study population

This current study was a secondary analysis using data
from China Health and Retirement Longitudinal Study
(CHARLS). CHARLS (http://charls.pku.edu.cn/) is a
national project aiming to investigate the policy and
health related data among adults aged 45 years or older
and solve the population aging issue. There are five sur-
veys between 2011 and 2020, with participants recruited
from both rural and urban residence using multistage
stratified probability proportional-to-size sampling strat-
egy. Details of the study design and cohort profile have
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been previously described [9]. CHARLS data have been
widely used in the epidemiolocal research [10-12].

Following the study design of previous study [12, 13],
the first survey (2011-2012) was set as baseline and
participants were then followed at four subsequent vis-
its (2013-2014, 2015-2016, 2017-2018, 2019-2020).
Participants with no history of cardiovascular diseases,
cancer, or T2D were primarily included in the current
analysis. People lacking sociodemographic characteris-
tics (age and sex) and necessary blood tests (glucose and
HbA1c) or lost to follow-up were excluded. Then, a total
of 8978 participants were included in the final analysis
(Figure S1).

The CHARLS study was performed in accordance with
the principles of the Declaration of Helsinki and was
approved by the Institutional Review Board of Peking
University (IRB00001052-11015). All participants pro-
vided written informed consent before participating in
the CHARLS study. This study was conducted following
the Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) reporting guidelines.

Exposures

Fasting venous blood samples were collected by medical
staff from the Chinese Centre for Disease Control and
Prevention based on the standard protocol. These assays
were performed at the Youanmen Center for Clinical
Laboratory of Capital Medical University. Plasma glu-
cose was analyzed using enzymatic colormetric test, and
HbAlc was tested using Boronate affinity high-perfor-
mance liquid chromatography (HPLC). The coefficient of
variation (CV) of blood marker measurement was 0.9%
for glucose and 1.9% for HbAlc. The SHR was calculated
by the formula [FPG (mmol/L)]/[1.59 * HbAlc (%)-2.59]
[14]. All patients were classified into four groups (Q1, Q2,
Q3, and Q4) by quartile of SHR, with Q1 as the reference

group.

Ascertainment of T2D

The study outcome was the incidence of T2D. In line
with previous studies [15, 16], incident T2D events were
defined using physician-diagnosis records assessed by the
standardized questions: “Have you been told by a doctor
that you have been diagnosed with T2D?” or “Have you
been taking insulin or hypoglycemia medications?” The
outcomes were assessed by rigorously trained interview-
ers through standardized questionnaires that are harmo-
nized to international leading aging surveys in the Health
and Retirement Study (HRS) [17, 18]. Quality control of
data recording and checking was conducted to ensure
data reliability.


http://charls.pku.edu.cn/
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Covariates

Baseline measurements of age, sex, education level, mari-
tal status, residence location, BMI, smoking, and drink-
ing were included as covariates in the current study.
Educational level was categorized as “primary education,’
“secondary education or above” Marital status included
“married” and “others” Residence location included
“urban” and “rural” Smoking status was defined as “never
smoking’, “current smoker” and “former smoker” Body
mass index (BMI) was calculated as weight (in kilo-
grams)/height? (in meters squared) [19]. Obesity was
defined as BMI>28.0 km/m? Hypertension and dyslip-
idemia were self-reported as the physician-diagnosis his-
tory or using medications.

Statistical analysis

Data are described as the means and standard deviation
(SD) for continuous variables. Frequency with percent-
age was used to describe categorical variables. P values
were calculated by one-way ANOVA for continuous
variables and by Pearson’s chi-square test for categorical
variables. We computed the person-time of follow-up for
each participant from the date of the baseline to the end
of follow-up of the T2D diagnosis, death, or the end of
follow-up (2019-2020 survey), whichever came first. The
log-rank test and Kaplan—Meier (K-M) survival analyses
were performed to explore differences in T2D incidence
between the four groups. A multivariate Cox propor-
tional hazards regression model was applied to calculate
the calculate the hazard ratio (HR) with 95% confidence
interval (CI), considering the time-to-event framework
using age as time scale [20]. The proportional hazards
assumption was tested using Schoenfeld residuals, and
no potential violation was observed. Age (continuous),
sex were adjusted in model 1, and in model 2, residence
(rural, urban), education level (primary, secondary or
above), marital status (married, others), smoking status
(current, former or never), current drinking (yes, no),
obesity (yes, no), hypertension (yes, no), and dyslipid-
emia (yes, no) were further adjusted to account for the
impacts of demographic, lifestyle, and comorbidity. To
explore the association between SHR and T2D, Cox pro-
portional hazards regression models with restricted cubic
spline (RCS) analyses were performed with four knots.
The reference point is set as the median value of vari-
ables among the corresponding populations. Subgroup
analyses were also performed to assess the influence of
SHR on T2D incidence in different subgroups stratified
by sex, obesity and smoking status. Sensitivities analyses
were performed by repeating the analysis using the com-
plete dataset without missing data, considering death as
the competing event of incident T2D by using Fine-Gray
sub-distribution models, or adjusting FPG and HbAlc to
test the independent association between SHR and T2D.
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We calculated the time-dependent Harrell’s C-index (95%
CI) to evaluate the additive capacity of SHR for predict-
ing new-onset T2D beyond glucose and HbAlc, and
compared the C-index difference using DeLong Test [21].

All statistical analyses were performed using R software
(version 4.2.1). Cox regression analysis was performed
using the ‘survival’ package, and the time-dependent
Harrell's C-index was calculated using the ‘riskRegres-
sion’ package. A two-sided P value<0.05 was considered
statistically significant.

Results

Table 1 shows the baseline characteristics of the partici-
pants. A total of 8978 participants in CHARLS from 2011
to 2020 were included in the final analyses. The mean
(SD) age was 59.0 (9.5) years, including 4,620 (51.5%)
females. Compared to the lowest SHR quartile, those of
the highest SHR quartile were older, more males, tend to
be current drinker, and have hypertension (2<0.05).

During a mean follow-up of 7.8 years, 1,084 partici-
pants developed T2D. Figure 1 displays the Kaplan—
Meier curves of the cumulative incidence of T2D in the
overall study participants. Table 2 shows the associations
of the SHR index with incident T2D events. After adjust-
ing for potential confounders (in model 2), people in the
highest SHR quartile had a significantly higher risk of
T2D onset compared to those in the lowest quartile (HR
1.48, 95% CI 1.26-1.75, P for trend<0.001). The associa-
tion magnitudes were similar in males and females. Simi-
lar results were observed when stratified by obesity and
smoking status (Table S1). Figure 2 suggests a U-shaped
dose-responsive relationships of SHR and T2D risk, and
the inflection point of the lowest T2D risk was 1.

Results were consistent among sensitivity analyses.
After repeating the analysis among 7,619 participants,
people in the third quartile (HR 1.22, 95% CI 1.01-1.48,
P for trend 0.04) and highest quartile (HR 1.60, 95% CI
1.28-1.99, P for trend <0.001) of SHR had a significantly
higher risk of T2D onset compared to those in the low-
est. Figure S2 presents the Kaplan—Meier curves of the
cumulative incidence of T2D and the competing risk
of death. Using Fine-Gray sub-distribution models, the
effect sizes of SHR quartiles were attenuated with statis-
tical significance (Table S2). After additionally adjusting
for FPG and HbAlc, SHR was still independently associ-
ated with a higher risk of T2D.

We calculated time-dependent Harrell’s C-indices to
assess the predictive performance of the model for T2D
incidence after adding SHR to fasting glucose and HbAlc
(Fig. 3). These indices provide a measure of the model’s
ability to discriminate between individuals who develop
T2D and those who do not over time. By incorporating
SHR, we observed an improvement in the C-indices,
suggesting enhanced predictive accuracy of the model
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Table 1 Characteristics of 8 978 participants at baseline, 2011

Overall Q1 Q2 Q3 Q4 Pvalue
Participants, No 8978 2245 2245 2245 2243
Age, years 5899 (9.52) 5897 (941) 58.75(941) 58.78 (9.59) 59.47 (9.65) 0.043
Sex, female 4620 (51.5) 1157 (51.5) 1197 (53.3) 1188 (52.9) 1078 (48.1) 0.002
Residence 0.004
Rural 7498 (83.5) 1906 (84.9) 1850 (82.4) 1836 (81.8) 1906 (85.0)
Urban 1480 (16.5) 339(15.1) 395(17.6) 409 (18.2) 337(15.0)
Marriage, married 7966 (88.7) 1990 (88.6) 2010 (89.5) 1990 (88.6) 1976 (88.1) 0497
Educational level 0.028
Primary 6210 (69.2) 1595 (71.0) 1544 (68.8) 1505 (67.0) 1566 (69.8)
Secondary or above 2768 (30.8) 650 (29.0) 701 (31.2) 740 (33.0) 677 (30.2)
Smoking 0.016
Current 2745 (31.2) 734 (33.5) 660 (30.0) 647 (29.4) 704 (32.1)
Never 5338 (60.8) 1307 (59.6) 1367 (62.1) 1369 (62.3) 1295 (59.1)
Quit 703 (8.0) 152 (6.9) 176 (8.0) 182(8.3) 193 (8.8)
Current drinking 3143 (35.0) 742 (33.1) 735 (32.8) 798 (35.6) 868 (38.7) <0.001
BMI, kg/m2 23.28 (3.73) 23.06 (3.83) 23.26 (3.60) 23.39 (3.66) 2342 (3.82) 0.011
Obesity 767 (10.0) 186 (9.7) 187 (9.7) 197 (10.3) 197 (10.5) 0.79
SBP. mmHg 130.14 (21.46) 128.19 (21.48) 129.64 (21.48) 129.82 (21.22) 132.94 (21.40) <0.001
DBP, mmHg 75.65(12.17) 74.93 (12.40) 75.27 (12.20) 75.87(12.13) 76.54 (11.86) <0.001
Hypertension 1835 (204) 5(18.5) 419(18.7) 484 (21.6) 517 (23.0) <0.001
Dyslipidemia 546 (6.1) 103 (4.6) 127 (5.7) 169 (7.5) 147 (6.6) <0.001
Glucose, mg/dL 107.2 (28.9) 6(15.6) 100.8 (12.7) 106.1 (18.1) 129.6 (12.6) <0.001
HbA1c, % 5.19(0.66) 547 (0.63) 523(045) 5.09(0.61) 4.98 (0.80) <0.001
SHR 1.06 (0.23) 0.84 (0.09) 0.98 (0.03) 1.08 (0.03) 1.35(0.26) <0.001
Uric acid, mg/dL 447 (1.25) 444 (1.22) 439(1.21) 440 (1.23) 4.65(1.33) <0.001
eGFR, ml/minute/1.73 m? 100.60 (15.36) 100.68 (15.24) 101.34 (14.91) 101.08 (14.97) 99.28 (16.22) <0.001

Data are presented as the mean (SD) or number (%), as appropriate

BMI was calculated as weight in kilograms divided by height in meters squared. Obesity was defined as BMI>28.0 km/m?

SHR was calculated by the formula [FPG (mmol/L)1/[1.59 * HbA1c (%)-2.59]

SD standard deviation, BM/ body mass index, SHR stress hyperglycemia ratio, eGFR estimated glomerular filtration rate

Quartiles — Q1 — Q2 — Q3 — Q4

Cumulative Hazard of Diabetes

£ 7
Age (years)

F

g. 1 Cumulative hazard risk of diabetes by baseline SHR groups

for incident T2D when accounting for acute hyperglyce-
mia in addition to traditional glycemic markers. During
the whole follow-up period, the C-indices significantly
increased from 0.727 (95% CI 0.707-0.748) to 0.736 (95%
CI 0.716-0.756) by DeLong Test (Z = — 2.492, P=0.013).

Discussion

In this large, population-based cohort study, we found
that an elevated SHR was independently associated with
an increased risk of developing T2D. Participants in the
highest quartile of SHR had a 60% greater risk of T2D
onset compared to those in the lowest quartile, even after
adjusting for fasting glucose and HbAlc levels. These
findings suggest that SHR may reflect an aspect of met-
abolic stress not fully captured by traditional glycemic
markers, i.e., glucose and HbA1c, thus offering additional
prognostic value in predicting T2D.

Our findings align with prior research demonstrating
SHR'’s role in predicting adverse outcomes in critically ill
patients [22, 23], further extending its relevance to T2D
risk. SHR is a potential predictor of adverse outcomes
in patients with sepsis [24], short-term and long-term
all-cause mortality among acute myocardial infarction
(AMI) patients [25], poor prognosis for patients with
acute coronary syndrome [26, 27], delirium in older hos-
pitalized patients [28], acute kidney injury in patients
with congestive heart failure [29], and short -term mor-
tality in patients in the cardiac ICU [30]. Among the
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Table 2 Association of SHR and risk of diabetes stratified by sex,
2011 to 2020

Model 1 Model 2
HR (95% ClI) Pvalue HR(95% Cl) P
value

Overall
SHR, Q1 1 (reference)
Q2 0.964 (0.806-1.155)  0.693 0.950(0.793-1.137) 0.574
Q3 1.083(0.908-1.291) 0374 1.037(0.869-1.237) 0.688
Q4 1512(1.283-1.781) <0001 1483 (1.258-1.748) <0.001
P for <0.001 64 (1.083-1.250) <0.001
trend
Males
SHR, Q1 1 (reference)
Q2 0.949 (0.715-1.259) 0.716 0913 (0.688-1.211) 0.527
Q3 1.198 (0.916-1.566) 0.187 27 (0.86-1.476) 0.385
Q4 1.523(1.186-1.956)  0.001 486( 155-1.911) 0.002
P for <0001 1249(1.116-1.397) <0.001
trend
Females
SHR, Q1 1 (reference)
Q2 0.971(0.768-1.226)  0.802 0974 (0.771-1.231) 0.826
Q3 1.001 (0.792-1.262) 0.998 0.971(0.769-1.227) 0.807
Q4 1.530(1.231-1.901) <0.001 1.493(1.201-1.856) <0.001
P for <0.001 <0.001
trend

Model 1: age, sex were adjusted; model 2: further adjusting for residence,
marriage, education level, smoking status, current drinking, obesity,
hypertension and dyslipidemia

HR hazard ratio, C/ confidence interval, SHR stress hyperglycemia ratio

Stress hyperglycemia ratio

Fig. 2 Dose-response relationship of risk of diabetes and SHR level. Cox
proportional hazards regression models with restricted cubic spline (RCS)
analyses were performed with four knots. The reference point is set as the
median value of SHR

community-based participants, Ding et al., found that
SHR is related to all-cause and cardiovascular mortality
in people living with diabetes or prediabetes based on the
NHANES data [4]. Using the NHANES data, Fengjuan
et al., found that SHR can be used as a predictor of dia-
betes mellitus mortality in the general adult population
[31]. Our study extended the relevance of SHR to chronic
metabolic health and highlighted its prognostic value in
predicting T2D.
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< Glucose+HbA1c
< Glucose+HbA1c+SHR

AUC

Follow-up time (years)

Fig. 3 Time-dependent predictive capacity of SHR beyond fasting glu-
cose and HbA1c for predicting the onset of diabetes

Stratified analyses by sex, obesity status, and smoking
history revealed consistent associations, reinforcing the
robustness of SHR as a predictor of T2D across differ-
ent subgroups. Notably, the addition of SHR to predic-
tive models incorporating fasting glucose and HbAlc
improved the area under the curve (AUC), indicating that
SHR adds discriminatory power for identifying individu-
als at higher risk for T2D. Similarly, the mortality predic-
tion was improved in the diabetic individuals with the
incorporation of SHR into the Global Registry of Acute
Coronary Events (GRACE) score [5]. This has important
clinical implications, as early identification of at-risk indi-
viduals could allow for timely intervention, potentially
delaying or preventing the onset of T2D.

We observed a J-shaped association between SHR and
T2D risk, highlighting the clinical importance of prevent-
ing hypoglycemia or the recognition of relative glucose
insufficiency in those with high HbAlc. Consistent with
our findings, a study reported the J-shaped associations
with adverse clinical outcomes in diabetic inpatients with
pneumonia [32]. The SHR also exhibited a U-shaped rela-
tionship with 28-day all-cause mortality and in-hospital
mortality in critically ill patients with sepsis [24]. The
U-shaped associations of SHR with all-cause mortal-
ity and diabetes mellitus mortality were also suggested
[31]. Similarly, a U-shaped relationship between SHR
and acute kidney injury in patients with congestive heart
failure was observed, which signified a critical threshold
at an SHR value of 0.98 [29]. Notably, we identified an
inflection point at an SHR value of 1.0 for predicting the
T2D onset in the general population.

The observed association between SHR and T2D can
be explained by several potential mechanisms. SHR
reflects the body’s acute glycemic response to stress,
which may exacerbate underlying insulin resistance, a
key driver of T2D development [33]. Stress hypergly-
cemia is independently related to levels of cortisol and
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cytokines that might impair glucose homeostasis [34, 35].
Systematic inflammation (white blood cells, neutrophil
counts, neutrophil-to-lymphocyte ratio, C-reactive pro-
tein), closely associated with SHR, is a potential factor
linking elevated SHR and risk of T2D [32, 36]. Elevated
SHR could also signal a state of greater vulnerability to
glycemic fluctuations, which over time, may contribute
to beta-cell dysfunction and impaired glucose regulation
[37]. Stress hyperglycemia and glycemic variability can
both reflect dramatic increases and acute fluctuations in
blood glucose [7].

Our study has several strengths, including its large
sample size, long follow-up duration, and the use of
a well-established cohort. However, some limitations
should be considered. First, although SHR is a useful
marker of acute hyperglycemia, it may not fully cap-
ture the complexity of long-term glycemic control, and
the potential for reverse causation cannot be ruled out
in observational studies. Additionally, we did not have
data on certain lifestyle factors, such as diet and physical
activity, which may influence SHR and T2D risk. Third,
the diagnosis of T2D was self-reported due to that the
medical records and regularly scheduled blood sampling
tests were not available in the CHARLS. However, some
other large-scale studies, such as the English Longitudi-
nal Study of Aging, found that self-reported diagnosis of
diseases had good agreement with medical records. Last,
the results and implications regarding the SHR and T2D
need further validation in other populations and ethnic
groups.

In conclusion, this study provides evidence that SHR
is a significant independent predictor of incident T2D.
Incorporating SHR into clinical practice could enhance
risk stratification for T2D. Future research should focus
on elucidating the biological mechanisms underlying
the relationship between SHR and T2D and determin-
ing whether interventions targeting acute hyperglycemia
could mitigate long-term T2D risk.
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