Reviews in
Cardiovascular Medicine

Rev. Cardiovasc. Med. 2026; 27(8): 50449
https://doi.org/10.31083/RCM 50449

Original Research

Integrated Assessment of Stress Hyperglycemia and Glycemic
Variability for Mortality Prediction in Non-St-Segment Elevation
Myocardial Infarction and St-Segment Elevation Myocardial
Infarction: A Glycometabolic Phenotype-Stratified Analysis

Jinlin Hu"?®, Jingyu Bo"?, Kunyang He'?, Liangbing Yang"?, Miao Zhang! 2, Teng Ge'2,
Bo Ning!?, Guanmou Li?, Rongjun Zou'2, Xiaoping Fan!?*

I Department of Cardiac and Great Vascular Surgery, The Second Affiliated Hospital of Guangzhou University of Chinese Medicine (Guangdong
Provincial Hospital of Chinese Medicine), 510120 Guangzhou, Guangdong, China
2Guangdong Provincial Key Laboratory of TCM Emergency Research, 510120 Guangzhou, Guangdong, China
3Zhu Jiang Hospital, Southern Medical University, 510260 Guangzhou, Guangdong, China
*Correspondence: fukui-hanson@hotmail.com (Xiaoping Fan)
Academic Editor: Karol E. Watson
Submitted: 27 January 2026 Revised: 16 March 2026 Accepted: 9 April 2026 Published: 24 August 2026

Abstract

Background: Precise risk stratification in myocardial infarction (MI) remains challenging, particularly when integrating acute dysg-
lycemia with chronic metabolic status. Prior evaluations of stress hyperglycemia ratio (SHR) and glycemic variability (GluCV) have
seldom accounted for underlying glucose metabolic phenotypes, potentially obscuring their prognostic utility in distinct MI subtypes.
Methods: In this retrospective cohort study, we identified 3628 non-ST-segment elevation myocardial infarction (NSTEMI) and 825
ST-segment elevation myocardial infarction (STEMI) patients from the Medical Information Mart for Intensive Care IV (MIMIC-1V)
database. Participants were stratified by glycemic status: normal glucose regulation (NGR), pre-diabetes (Pre-DM), and diabetes mellitus
(DM). We assessed the individual and combined prognostic value of SHR and GluCV for one-year all-cause mortality. Machine learning
(ML) models were subsequently developed to optimize risk prediction. Results: The combination of SHR and GluCV effectively strati-
fied mortality risk across all glycemic phenotypes in both NSTEMI and STEMI patients. Notably, within NSTEMI cohorts, the subgroup
characterized by both high GluCV and low SHR exhibited the poorest survival. In comparative analyses, GluCV demonstrated superior
prognostic performance over SHR for NSTEMI outcomes. Among five ML algorithms tested, the Random Forest model achieved the
highest predictive accuracy [NGR (area under the curve (AUC): 0.885, 95% confidence interval (CI): 0.882—0.888), Pre-DM (AUC:
0.854, 95% CI: 0.85-0.857), DM (AUC: 0.87, 95% CI: 0.868-0.871)], with GluCV consistently identified as a top-ranking feature.
Conclusions: By concurrently evaluating SHR and GluCV within a glycemic stratification framework, this study refines mortality pre-
diction in MI patients. Our findings advocate for a shift from uniform glycemic targets to phenotype-specific management strategies.
The developed ML tool offers a practical approach for individualized risk assessment in clinical practice.
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1. Introduction [2,3]. However, existing risk stratification frameworks
for myocardial infarction (MI) have largely failed to

Acute Coronary Syndromes (ACS), encompassing integrate acute glycemic metrics with chronic glucose

ST-segment elevation myocardial infarction (STEMI)
and non-ST-segment elevation myocardial infarction
(NSTEMI), represent critical manifestations of coronary
artery disease with differing pathophysiological and ther-
apeutic implications. While both involve cardiomyocyte
necrosis, their management—particularly regarding the
timing of revascularization—diverges significantly, under-
scoring the need for phenotype-specific risk stratification
tools [1]. Complicating this landscape is the profound
heterogeneity introduced by dysglycemia. Diabetes is
a well-established disease associated with increased
cardiovascular risk, yet emerging evidence suggests that
acute glycemic disturbances, even in normoglycemic
individuals, may exert substantial prognostic influence

metabolic phenotypes, and few studies have distinguished
the prognostic value of these metrics between NSTEMI
and STEMI—two MI subtypes with distinct clinical
trajectories and pathophysiological drivers.

Two key metrics capturing acute dysglycemia are the
stress hyperglycemia ratio (SHR) and glycemic variabil-
ity (GluCV). SHR quantifies the relative hyperglycemic re-
sponse during acute illness by comparing admission blood
glucose to chronic glycemic levels derived from HbAlc
[4,5], whereas GluCV measures the amplitude of glucose
fluctuations over time, which is associated with oxidative
stress and endothelial dysfunction [6]. Although both SHR
and GluCV have been associated with adverse outcomes in
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Fig. 1. Patient screening flowchart of the Medical Information Mart for Intensive Care IV (MIMIC-1V) database. NSTEMI,
non-ST-segment elevation myocardial infarction; STEMI, ST-segment elevation myocardial infarction; ICU, intensive care unit; NGR,

normal glucose regulation; Pre-DM, pre-diabetes; DM, diabetes mellitus.

broad cardiovascular populations [7,8], three critical gaps
remain in the current literature: (1) prior evaluations have
seldom stratified patients by pre-existing glycemic status
(normal glucose regulation [NGR], pre-diabetes [Pre-DM],
diabetes mellitus [DM]) when assessing SHR and GluCYV,
potentially obscuring their prognostic utility in distinct
metabolic subgroups; (2) the differential impact of SHR and
GluCV on mortality risk between NSTEMI and STEMI has
not been rigorously characterized, despite the fundamen-
tal pathophysiological differences between these two sub-
types; and (3) the synergistic prognostic value of combined
SHR and GluCV profiling—and the potential identification
of novel high-risk phenotypic subgroups—remains unex-
plored in MI patients stratified by both metabolic status and
the type of infarction [9,10].

This study investigates the prognostic value of SHR
and GluCV for 1-year mortality in NSTEMI and STEMI pa-
tients from the Medical Information Mart for Intensive Care
IV (MIMIC-1V) database, stratified by baseline glycemic
status (NGR, Pre-DM, DM). We hypothesize that this dual
stratification (glycemic phenotype + MI subtype) will re-
veal distinct high-risk profiles, particularly highlighting
GluCV as a dominant prognosticator in NSTEMI. Further-
more, we develop machine learning (ML)-based prediction
models for NSTEMI to translate these findings into clinical

practice. This approach aims to shift MI care from uniform
targets toward personalized glycemic management.

2. Materials and Methods
2.1 Data Source and Study Population

This observational analysis utilized data from the
MIMIC-IV v3.1, a publicly available repository of de-
identified health records from patients admitted to intensive
care units at a tertiary care center. The use of this database
was authorized following completion of the required Col-
laborative Institutional Training Initiative (CITI) training
(Certification ID: 49,270,219). Given the de-identified na-
ture of the data, informed consent was waived for this study.

Adult patients (=18 years) with a primary hospital dis-
charge diagnosis of either NSTEMI or STEMI, based on
International Classification of Diseases-10 (ICD-10) codes
(Supplementary Table 1), were initially screened. To en-
sure data quality and relevance for glycemic analysis, we
excluded patients with an intensive care unit (ICU) length
of stay less than 24 hours, those with fewer than three blood
glucose measurements during their ICU stay, and those
missing HbA1c values. For subjects with multiple admis-
sions, only the first eligible ICU stay was included to main-
tain independence of observations. The detailed patient se-
lection process is outlined in Fig. 1.
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2.2 Data Extraction and Key Variable Definitions

Clinical data were extracted using Structured Query
Language (SQL). Extracted variables encompassed:

Demographic information (age, sex, race).

Severity-of-illness scores [e.g., Acute Physiology and
Chronic Health Evaluation III (APACHE III), Sequential
Organ Failure Assessment (SOFA)] assessed at ICU admis-
sion.

Vital signs and laboratory parameters from the first 24
hours of ICU stay.

Comorbidities and treatment details (e.g., history of
diabetes, use of insulin, mechanical ventilation).

All serial blood glucose measurements during the ICU
stay.

2.3 Definition of Exposure Variables

SHR: Calculated as: SHR = Admission Blood Glu-
cose (mg/dL) /[ (28.7 x HbAlc (%)) — 46.7].

GluCV: Expressed as the coefficient of variation (CV),
calculated as (Standard Deviation of all glucose mea-
surements / Mean of all glucose measurements) x 100%.
Glycemic Status Stratification: Patients were categorized
into three groups:

NGR: HbAlc <5.7% and no prior diagnosis of dia-
betes; Pre-DM: HbAlc 5.7-6.4% and no prior diagnosis of
diabetes; DM: HbAlc =>6.5% or a documented history of
diabetes.

Variables with >20% missing values were excluded
to reduce potential bias, while variables with <20%
missing values were imputed using multiple imputation
(Supplementary Fig. 1).

2.4 Outcome Measures

The main outcome of this study was 1-year all-cause
mortality.

2.5 Statistical Analysis

Based on the tertiles of SHR and GluCV in the
NSTEMI patients (SHR: <0.85, 0.85-1.11, >1.11; GluCV:
<24.88, 24.88-37.61, >37.61), and the tertiles of SHR and
GIuCV in the STEMI patients (SHR: <0.92, 0.92—1.25,
>1.25; GV: <22.96, 22.96-33.65, >33.65), participants
were classified into high and low groups. The top tertile was
regarded as “high”, and the bottom tertile was regarded as
“low”. The normality of continuous variables was assessed
using the Shapiro-Wilk test; among these, normally dis-
tributed variables (expressed as mean + standard deviation
[SD]) were analyzed via Student’s ¢-test or one-way anal-
ysis of variance (ANOVA), while non-normally distributed
variables (expressed as median [interquartile range, IQR])
were compared using the Wilcoxon rank-sum test. Cate-
gorical variables, presented as counts (percentages), were
evaluated using the ¥ test or Fisher’s exact test, as appro-
priate.
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Multicollinearity among candidate variables was as-
sessed using the variance inflation factor (VIF), and vari-
ables with a VIF >5 were excluded from subsequent mul-
tivariable models. Variable selection was performed us-
ing the least absolute shrinkage and selection operator
(LASSO) regression to remove redundant predictors; the
coefficient trajectories and cross-validation for optimal
lambda are presented in Supplementary Fig. 2. To es-
timate the cumulative risk of all-cause mortality, Kaplan-
Meier (KM) survival curves were generated. Concur-
rently, Cox proportional hazards regression models were
conducted in three sequential stages: Model 1 (unad-
justed), Model 2 (adjusted for age and glycated hemoglobin
[HbAlc]), and Model 3 (adjusted for all potential covari-
ates). The selection of covariates was based on two criteria:
(1) clinically meaningful indicators and (2) variables that
showed statistical significance in univariate analysis; in ad-
dition, collinearity was strictly controlled (VIF <5) during
model construction.

Restricted cubic splines (RCS) were employed to ex-
plore the dose-response relationships between SHR and
GluCV. The proportional hazards assumption of Cox mod-
els was verified using Schoenfeld residuals. Landmark
analyses were performed to assess temporal changes in the
mortality risk profile, and receiver operating characteristic
(ROC) curves were constructed to compare the predictive
performance (including area under the curve [AUC], sensi-
tivity, and specificity) of different metrics. Subgroup anal-
yses, stratified by age, body mass index (BMI), comorbidi-
ties, invasive procedures, and mechanical ventilation status,
were depicted using forest plots, and hazard ratios (HRs)
and 95% confidence intervals (CIs).

For ML-based prediction of 1-year all-cause mortal-
ity, the Boruta algorithm was first utilized to rank the impor-
tance of candidate features. Subsequently, the dataset was
subjected to random division into a training subset (70%)
and a testing subset (30%) for model development and
validation. Five models—support vector machine (SVM),
adaptive boosting (Adaboost), random forest (RF), extreme
gradient boosting (XGBoost), and light gradient-boosted
machine (LightGBM)—were developed using selected fea-
tures. All analyses were performed in R software (version
4.5.1, Vienna, Austria), with two-tailed p values <0.05 con-
sidered statistically significant.

3. Results

3.1 Clinic Baseline Characteristics

A total of 3628 patients with NSTEMI and 825 pa-
tients with STEMI were identified in this study. Baseline
characteristics of NSTEMI patients are presented in Sup-
plementary Table 2, while those of STEMI patients are
shown in Supplementary Table 3. Results of univariate
Cox regression analyses are available in Supplementary
Tables 4,5. VIF for NSTEMI and STEMI patients are dis-
played in Supplementary Tables 6,7, respectively, indicat-
ing the absence of multicollinearity among variables.
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Overall, the median age of NSTEMI patients (71
years) was higher than that of STEMI patients (68 years).
Although the first blood glucose measurement and SHR
were lower in NSTEMI patients than in STEMI pa-
tients, NSTEMI patients exhibited higher HbA1c levels and
GluCV during their ICU stay. Notably, the 1-year survival
rate was also lower in NSTEMI patients (72.52%) com-
pared with STEMI patients (73.21%). NSTEMI patients
had more frequent invasive catheter placements and higher
insulin infusion requirements than STEMI patients. Addi-
tionally, NSTEMI patients showed higher levels of Acute
Physiology Score III (APSIII), Logistic Organ Dysfunc-
tion System (LODS), Oxford acute severity of illness score
(OASIS), Simplified Acute Physiology Score II (SAP-
SII), creatinine, Albumin (Alb), and Blood Urea Nitrogen
(BUN). In contrast, STEMI patients had higher levels of
lactate, Creatine Kinase-MB (CK-MB), Hemoglobin(Hb),
platelets, White Blood Cell (WBC), and Red Blood Cell
(RBC) than NSTEMI patients.

3.2 The Association Between GluCV and Mortality in
Patients With NSTEMI and STEMI

The association between GluCV and 1-year mortal-
ity in NSTEMI patients is illustrated in Fig. 2A,D,G.
Tertiles of GluCV showed nearly identical trends across
NGR, Pre-DM, and DM subgroups, with the highest tertile
consistently associated with significantly increased mortal-
ity. A significant association between GluCV and 1-year
mortality was observed in the overall population and all
glycemic subgroups, except for the highest GluCV tertile
in the Pre-DM subgroup, where the increase in 1-year mor-
tality was not statistically significant (HR 1.31, 95% CI:
0.60-2.86, p = 0.5; Supplementary Table 8). RCS anal-
ysis revealed a significant non-linear dose-response rela-
tionship between GIuCV and clinical outcomes across all
glucose metabolic subgroups (NGR: p for non-linearity =
0.000; Pre-DM: p for non-linearity = 0.019; DM: p for
non-linearity = 0.000; Fig. 3A). Subgroup analysis demon-
strated that GluCV (Supplementary Fig. 3) was consis-
tently and significantly associated with adverse outcomes
in NSTEMI patients across most subgroups, except for the
“no ventilation” subgroup (HR: 1.00, 95% CI: 0.99-1.01, p
=0.73).

In contrast to NSTEMI patients, STEMI patients in
the NGR and Pre-DM subgroups showed no significant
differences in mortality across SHR tertiles; only STEMI
patients with DM in the highest SHR tertile had signifi-
cantly increased mortality (Supplementary Fig. 4B,E,H).
In the overall population, the NGR subgroup, and the
DM subgroup of STEMI patients, the middle SHR tertile
was significantly associated with increased 1-year mortality
(Supplementary Table 9). RCS analysis indicated a sig-
nificant non-linear association between GluCV and clinical
outcomes in the DM subgroup of STEMI patients (DM: p
for non-linearity = 0.003), while no significant associations
were observed in the NGR or Pre-DM subgroups (Fig. 3C).

STEMI patients exhibited significant interactions be-
tween GluCV (Supplementary Fig. 4A,D,G) and mor-
tality in four subgroups (chronic pulmonary disease, inva-
sive procedures, ventilation mode, and metabolic status)
(Supplementary Fig. 5). Interestingly, besides patients
who underwent multiple invasive procedures (HR: 1.06,
95% CI: 1.02—1.10, p = 0.005) or had diabetes (HR: 1.02,
95% CI: 1.01-1.03, p = 0.004), GluCV was also signif-
icantly associated with mortality risk in STEMI patients
without chronic pulmonary disease (HR: 1.02, 95% CI:
1.01-1.03, p<0.001) and those receiving non-invasive ven-
tilation (HR: 1.03, 95% CI: 1.01-1.04, p < 0.001).

3.3 The Association Between SHR and Mortality in
Patients With NSTEMI and STEMI

In NSTEMI patients, no significant differences in
mortality across SHR tertiles were observed in the NGR and
DM subgroups, whereas in the Pre-DM subgroup, mortal-
ity was higher in both the lowest and highest SHR tertiles
than in the middle tertile (Fig. 2B,E,H). In the fully adjusted
Cox proportional hazards regression analysis of the entire
NSTEMI cohort, patients in the highest SHR tertile had a
0.97-fold increased risk of 1-year all-cause mortality com-
pared with those in the lowest tertile (HR: 0.97, 95% CI:
0.93-1.00). Stratified analysis by glucose metabolic sub-
groups showed consistent associations between SHR and
mortality; however, the increase in 1-year risk was not sta-
tistically significant in the Pre-DM (HR: 1.63, 95% CI:
0.77-3.49) and the DM (HR: 1.31, 95% CI: 0.60-2.86) sub-
groups (Supplementary Table 9). RCS analysis revealed a
non-linear association between SHR and 1-year mortality in
the Pre-DM subgroup (p for non-linearity = 0.04), whereas
no significant dose-response associations were observed
between SHR and mortality in the NGR or DM subgroups
(Fig. 3B). However, subgroup analysis (Supplementary
Fig. 6) showed that SHR had no significant effect on 1-year
mortality in NSTEMI patients with a different metabolic
status. Instead, SHR was significantly associated with 1-
year mortality in NSTEMI patients with chronic pulmonary
disease or multiple invasive catheter placements. After fur-
ther adjustment for insulin therapy within 48 hours of ICU
admission, the high SHR+low GluCV phenotype remained
an independent predictor of 1-year mortality, confirming
that this phenotype is not an artifact of intensive insulin
therapy (Supplementary Tables 10,11).

Compared with NSTEMI patients, STEMI patients in
the NGR and Pre-DM subgroups exhibited the same pat-
tern (no significant SHR-mortality association), whereas
STEMI patients with DM in the lowest SHR tertile had
significantly increased mortality (Supplementary Fig.
4B,E,H). In fully adjusted Cox proportional hazards re-
gression analysis of the entire STEMI cohort, patients in
the highest SHR tertile had a 0.98-fold increased risk of 1-
year all-cause mortality compared with those in the lowest
tertile (HR: 0.98, 95% CI: 0.77-1.26). Stratified analysis
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Fig. 2. The Kaplan-Meier curves for the 1-year mortality of stress hyperglycemia ratio (SHR), GluCYV, and their combinations
in NSTEMI patients. (A) Glycemic variability (GIuCV) of normal glucose regulation (NGR); (B) SHR of NGR; (C) GluCV+SHR of
NGR; (D) GluCV of Pre-DM; (E) SHR of Pre-DM; (F) GluCV+SHR of Pre-DM; (G) GluCV of DM; (H) SHR of DM; (I) GluCV+SHR
of DM. [(A,D,G) T1 GluCV <24.88; T2 24.88 < GluCV < 37.61; T3 GluCV >37.61. (B,E,H) T1 SHR <0.85; T2 0.85 < SHR < 1.11;
T3 SHR >1.11. (C,E]I) Group 1: Low SHR and Low GluCV (SHR <0.85 and GluCV <24.88); Group 2: Low SHR and High GluCV
(SHR <0.85 and GluCV >37.61); Group 3: High SHR and Low GluCV (SHR >1.11 and GluCV <24.88); Group 4: High SHR and High

GIuCV (SHR >1.11 and GluCV >37.61)].

according to glucose metabolic subgroups confirmed con-
sistent associations between SHR and mortality in STEMI
patients, whereas significant differences were observed
only in the middle tertile of the NGR and DM subgroups
(Supplementary Table 9). RCS analysis revealed dis-
tinctly different effects of SHR on STEMI risk across glu-
cose statuses (Fig. 3D). A linear dose-response relation-
ship was observed between SHR and 1-year mortality in
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the Pre-DM subgroup (p for non-linearity = 0.118), while a
significant non-linear association was noted in the DM sub-
group (p = 0.000). No association between SHR and 1-year
mortality was found in the NGR subgroup. Subgroup anal-
ysis (Supplementary Fig. 7) showed that SHR was sig-
nificantly associated with 1-year mortality in the DM sub-
group of STEMI patients. Additionally, SHR was signifi-
cantly associated with 1-year mortality in STEMI patients
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with STEMI. (D) The RCS of SHR in patients with STEMI.

with HbA lc =6.5%, multiple invasive catheter placements,
or mechanical ventilation.

3.4 The Association of Combined SHR and GluCV With
Mortality in Patients With NSTEMI and STEMI

K-M curves depicting 1-year mortality according to
the combined SHR and GIuCV status in NSTEMI patients
are shown in Fig. 2C,E]I. Across all glucose metabolic
subgroups of NSTEMI patients, the “high GluCV + low
SHR” subgroup had the highest mortality risk. K-M curves
for STEMI patients are presented in Supplementary Fig.
4C,F,1. In the NGR and DM subgroups of STEMI patients,
the “high SHR + low GluCV” subgroup also had the high-
est mortality risk (Supplementary Table 12); however, no
statistically significant association with mortality was ob-
served in the Pre-DM subgroup.

Proportional hazards tests for NSTEMI patients
showed constant HRs between combined SHR/GIuCV sta-
tus and mortality over time in the NGR and Pre-DM sub-
groups [NGR: p = 0.092 (Supplementary Table 13); Pre-
DM: p = 0.105 (Supplementary Table 14)]. A non-
constant HR was observed in the DM subgroup (p = 0.021,

Supplementary Table 15), with beta coefficients show-
ing obvious fluctuations around day 200 (Supplementary
Fig. 8). Further analysis revealed no significant difference
in survival among DM patients within 200 days after dis-
charge (p = 0.17); however, survival differences became
significant after day 200 (p < 0.001). Patients in the “low
SHR + low GluCV” subgroup had the highest 1-year sur-
vival rate compared with other combinations (Fig. 4).

In proportional hazards tests for STEMI patients, con-
stant HRs between combined SHR/GIuCV status and mor-
tality were observed in the NGR and DM subgroups [NGR:
p = 0.758 (Supplementary Table 16); DM: p = 0.116
(Supplementary Table 10)], while a non-constant HR was
noted in the Pre-DM subgroup (p = 0.044, Supplementary
Table 17), with beta coefficients decreasing continuously
and then gradually increasing after day 50 (Supplementary
Fig. 9). As shown in Supplementary Fig. 10, Pre-DM pa-
tients did not exhibit a significant survival difference during
the first 50 days after discharge (p =0.17). A significant dif-
ferences in survival emerged became significant after day
50 (p = 0.002). Among these, patients in the “high SHR +
high GluCV” subgroup had the highest 1-year mortality.

&% IMR Press


https://www.imrpress.com

Landmark Interval: [0, 50] Days

1.004
0.754
2
E -
8 Ty
o - —
@ 0504 -_-_------------:L:l-
kS 'l o - .
2 m T T e = = = e
g 2 L P e -
(%) T I 5
0.254 i ! -——r'_I____L
! p.=0.0085 | L L e |
N 1 A
i v . 0 L =
b 1 = s om .. . [ ]
0.00 " ' I_|
0 10 20 30 40 50
Time (Days)
Landmark Interval: (50, 360] Days
1.004 e T SRR R N
. A o L _—A————————————_ 8 8 3 @ -t
= L O =
-~ —
—————— o S S
25 - -— = -
=) - s L-= — o —
2 fos o - - =1 L g
] —_ -, -t
2 et s =
o
o 0.504
©
2
2
3
(7]
0.254
p < 0.0001
0.004
0 100 200 300
Time (Days After 50 Days)
Joint Group === Low SHR + Low GIUCV == Low SHR + High GIUCV = = High SHR + Low GIUCV * = High SHR + High GIuCV

Fig. 4. Landmark survival analysis of 1-year mortality with ¢
(The 200th day serves as the dividing point).

3.5 The Discrimination Ability of Each Prediction Model
for Patients With NSTEMI and STEMI

For NSTEMI patients, the combined model outper-
formed SHR alone across all glucose metabolic subgroups
[NGR: 0.667 (0.611-0.723) vs 0.489 (0.432-0.546); Pre-
DM: 0.646 (0.590-0.703) vs 0.525 (0.461-0.589); DM:
0.615 (0.592-0.638) vs 0.506 (0.481-0.531)]. However,
no significant advantage was observed compared with
GluCV alone [NGR: 0.667 (0.611-0.723) vs 0.668 (0.613—
0.724); Pre-DM: 0.646 (0.590-0.703) vs 0.647 (0.591—
0.703); DM: 0.615 (0.592-0.638) vs 0.615 (0.593-0.638)]
(Supplementary Table 18).

For STEMI patients, SHR alone outperformed the
combined model in the NGR subgroup [0.568 (0.451—
0.685) vs 0.564 (0.463-0.666)], while the combined model
performed better than GluCV alone [0.564 (0.463—0.666)
vs 0.562 (0.460-0.664)]. In the Pre-DM subgroup, the
combined model showed superior performance compared
with SHR alone and GluCV alone [0.638 (0.527-0.749)
vs 0.637 (0.526-0.747) vs 0.620 (0.504—0.735)]. In the
DM subgroup, GluCV alone exhibited the best perfor-
mance [0.620 (0.570-0.669) vs 0.617 (0.568-0.667)], and
the combined model showed stronger predictive power than
SHR alone [0.617 (0.568-0.667) vs 0.432 (0.378-0.486)]
(Supplementary Tables 19,20).
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3.6 Machine Learning: SHR, GV and I-year Mortality in
Patients With NSTEMI

The Boruta algorithm was used to identify the final
variables included in the ML models for each glucose sub-
group of NSTEMI patients. The Boruta algorithm selected
13, 14, and 16 features as optimal predictors of mortal-
ity for the NGR, Pre-DM, and DM subgroups, respectively
(Supplementary Figs. 11-13). Results of the Boruta algo-
rithm for the overall NSTEMI patient population are shown
in Supplementary Fig. 14.

The RF model exhibited excellent performance in the
NGR subgroup (AUC: 0.885, 95% CI: 0.882—0.888; Fig.
5A). Feature importance ranking for the RF model showed
GluCV as the top feature, while SHR was not included in
the model (Fig. 5B). The RF model also performed well in
the Pre-DM subgroup (AUC: 0.854, 95% CI: 0.85-0.857;
Fig. 5C), with GluCV ranked 4th and SHR ranked last in
feature importance (Fig. 5D). In the DM subgroup, the RF
model remained the best-performing model (AUC: 0.87,
95% CI: 0.868-0.871; Fig. 5E), with GluCV ranked 2nd
and SHR ranked 4th from the bottom (Fig. 5F).

4. Discussion

The management of acute myocardial infarction ne-
cessitates precise risk stratification [11,12,13], yet the in-
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Fig. S. Receiver operating characteristic (ROC) curves and importance ranking of machine learning (ML)-based 1-year mortality
prediction models in NSTEMI patients. (A,B) Patients with NGR; (C,D) Patients with Pre-DM; (E,F) Patients with DM. SVM, support
vector machine; Adaboost, adaptive boosting; RF, random forest; XGBoost, extreme gradient boosting; LightGBM, light gradient-

boosted machine.

tegration of dynamic glycemic measures with underly-
ing metabolic phenotypes remains inadequately explored
[14,15,16]. This study advances this field by conduct-
ing a rigorous glycometabolic phenotype-stratified anal-
ysis of SHR and GluCV in a large cohort of well-
characterized NSTEMI and STEMI patients, uncovering
context-dependent prognostic signals for these glycemic
metrics and identifying a novel high GluCV + low SHR
high-risk phenotype in NSTEMI.

A central finding of this work is the divergent prog-
nostic utility of GluCV and SHR between NSTEMI and
STEMI, with GluCV demonstrating more consistent as-
sociations with 1-year mortality across all NSTEMI gly-
cometabolic subgroups and a significant non-linear dose-
response relationship. In contrast, SHR was largely non-
significant in fully adjusted NSTEMI analyses and exhib-
ited subgroup-restricted prognostic value in STEMI (sig-
nificant only in DM patients). While these results sug-
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gest GluCV may be a more informative glycemic metric
for NSTEMI risk stratification, this conclusion requires
extreme caution due to two key confounding factors that
limit inference of true pathophysiological relevance. First,
GluCV is calculated from serial glucose measurements, and
its magnitude may reflect the intensity of glucose monitor-
ing (a marker of clinical concern for severe illness) rather
than inherent glycemic variability. More severely ill pa-
tients undergo more frequent testing, which can lead to
higher GluCV values and potential overestimation of its
prognostic signal. Second, GluCV is strongly correlated
with acute illness severity scores. Although we adjusted for
major severity-of-illness covariates, residual confounding
by unmeasured disease severity may remains. It is there-
fore unclear whether GluCV is an independent prognostic
marker or a surrogate for more severe myocardial and sys-
temic injury in acute MI.

In patients with NSTEMI, the lack of a significant
SHR and mortality in adjusted analyses likely reflects the
limitations of SHR as a static measure: it captures only
admission hyperglycemia relative to chronic glycemia and
dose not account for the dynamic glycemic fluctuations
that characterize the acute phase of NSTEMI, a subtype
defined by persistent myocardial ischemia, subtotal coro-
nary occlusions, and a chronic low-grade inflammatory mi-
lieu [17,18]. These pathophysiological features render dy-
namic glycemic variability (measured by GluCV) a more
relevant marker of ongoing injury, whereas SHR fails to
capture this temporal dimension. In STEMI, SHR’s sig-
nificant association with mortality only in DM patients re-
flects the confluence of pre-existing vascular vulnerabil-
ity, insulin resistance, and stress-induced hyperglycemia
[19,20], which amplifies the toxic effects of acute hyper-
glycemia in this high-risk group. For non-diabetic STEMI
patients, the dominant effect of time-to-reperfusion, the sin-
gle most important determinant of STEMI outcomes [21]
likely overshadows the modest prognostic signal of SHR,
explaining its non-significance in the NGR/Pre-DM sub-
groups. Importantly, our results do not support SHR as a
universal prognostic metric; its utility is limited to diabetic
STEMI cohorts, and it should not be used as a standalone
risk marker in other MI populations.

The muted response to high GluCV in Pre-DM pa-
tients with NSTEMI warrants particular attention. This
finding may not reflect a benign response but instead sug-
gests a state of “compensated dysglycemia”, in which pre-
served pancreatic beta-cell function pemits greater toler-
ance to glucose fluctuations without immediate transla-
tion into increased mortality risk within our 1-year follow-
up period. This observation underscores the importance
of glycemic phenotype in interpreting variability metrics
[22,23].

Moving beyond individual metrics, our study is the
first to report a synergistic risk phenotype—high GluCV
+ low SHR—across all NSTEMI glycometabolic sub-
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groups and in NGR/DM STEMI patients. This counterin-
tuitive “high-variability, low-stress” profile is only a phe-
nomenological observation, not a confirmed mechanistic
relationship, and is subject to the same confounding fac-
tors as the individual metrics (monitoring intensity, dis-
ease severity). We hypothesize this profile may signal a
metabolically suppressed state where intense physiologi-
cal stress (high GluCV, reflecting stress-induced hyper-
glycemia) coexists with a blunted metabolic response or
aggressive insulin therapy that minimizes glucose fluctua-
tions (low SHR) [24,25,26]. This combination could create
a lethal mismatch between myocardial energy demand and
supply—high SHR indicates increased metabolic demand,
while low GluCV reflects a loss of metabolic flexibility—
exacerbating myocardial ischemia in NSTEMI patients
with pre-existing subtotal coronary occlusions. The time-
varying hazard ratio in NSTEMI patients with DM, with
significant mortality differences emerging only after day
200 post-discharge, further suggests this phenotype’s prog-
nostic signal may be mediated by long-term adverse car-
diac remodeling [27] rather than acute MI pathophysiol-
ogy, an untested hypothesis that requires prospective vali-
dation. This high GluCV +low SHR phenotype is therefore
a hypothesis-generating finding; future studies are needed
to confirm its existence in independent cohorts, unravel dis-
entangle its underlying mechanisms, and test its modifiabil-
ity with targeted glycemic management.

To translate insights into clinical practice, we devel-
oped ML models for NSTEMI, with the Random Forest al-
gorithm achieving the highest performance. Feature impor-
tance analysis confirmed GluCV as a top predictor, whereas
SHR had less importance. These ML models serve as a
proof-of-concept that integrating stratified glycemic met-
rics into MI risk prediction may improve accuracy, but they
are not ready for clinical use—feature importance does not
imply causality, and phenotype-specific feature selection
requires prospective validation [28,29]. While our study
emphasizes integrated SHR-GluCV assessment, Random
Forest feature importance ranked GluCV as the top predic-
tor, with SHR low-ranked or excluded from optimal feature
sets in NSTEMI. This apparent contradiction reflects SHR’s
phenotype-specific prognostic utility and the dimensional
complementarity between SHR and GluCV, the core of in-
tegrated assessment’s superiority over GluCV-centric eval-
uation. SHR’s low global statistical weight is rational: it is
not a generalized marker, with prognostic value restricted
to diabetic STEMI patients in fully adjusted analyses. Crit-
ically, statistical weight does not equal clinical incremental
value: SHR improves reclassification of intermediate-to-
high risk NSTEMI patients and is indispensable for iden-
tifying the high GluCV + low SHR phenotype—a sub-
group the GluCV-only model cannot define, as it cannot
distinguish metabolic blunting from therapeutic glycemic
control underlying low GluCV. The integrated approach
outperforms single GIuCV assessment by aligning with
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acute dysglycemia’s pathophysiology (GluCV: dynamic in-
jury; SHR: static stress imbalance) and enabling phenotype-
specific clinical management: e.g., high SHR + low GluCV
patients require metabolic/energy balance evaluation, not
just intensified variability control. This also validates our
glycometabolic phenotype + MI subtype stratification—
global ML models cannot capture SHR’s subtype-specific
value, while integration unifies statistical prediction and
clinical interpretability.

A key inherent limitation of this study is the signifi-
cant sample size imbalance (NSTEMI: n = 3628; STEMI:
n = 825), with STEMI’s NGR (n = 128) and Pre-DM (n
= 117) subgroups markedly smaller than its DM subgroup
(n = 580). NSTEMI patients have higher ICU admission
rates/longer stays due to insidious onset and comorbidity
burden, while STEMI patients receive urgent revascular-
ization with stricter ICU criteria. Cross-subtype consis-
tency of the SHR-GIuCV phenotype is only validated in
the DM subgroup, and fine stratified/sensitivity analyses
(e.g., by insulin therapy) are unfeasible in small STEMI
subgroups. To mitigate this, we prioritized 95% CI report-
ing for STEMI, avoided definitive “no association” con-
clusions, and restricted cross-subtype comparisons to the
power-sufficient DM subgroup. Importantly, this limita-
tion only affects STEMI analysis depth and does not under-
mine core study conclusions: GluCV as a core NSTEMI
prognostic marker, the high GluCV + low SHR high-risk
NSTEMI phenotype, and the Random Forest model’s high
NSTEMI predictive accuracy are all based on the large,
power-sufficient NSTEMI cohort, ensuring stability and re-
liability.

Limitation

Ultimately, this hypothesis-generating retrospective
study demonstrates that SHR and GluCV’s prognostic util-
ity in acute MI is highly dependent on infarction subtype
and baseline glycemic phenotype. Our findings challenge
universal glycemic metrics in MI, and while our observa-
tional design precludes immediate clinical recommenda-
tions, it underscores that precision medicine requires mov-
ing beyond unstratified analyses to account for the biologi-
cal heterogeneity of MI and glycometabolic states.

5. Conclusion

This hypothesis-generating retrospective  study
demonstrates that the prognostic utility of SHR and GluCV
in acute MI is highly dependent on infarction subtype
(NSTEMI vs. STEMI) and baseline glycemic phenotype
(NGR, Pre-DM, DM). Our key exploratory findings and
resulting hypotheses include:

(1) GIuCV: Showed consistent prognostic associa-
tions with 1-year mortality in NSTEMI across all glycemic
subgroups. Future studies should test if mitigating GluCV
improves NSTEMI outcomes, while carefully adjusting for
monitoring intensity and disease severity. (2) SHR: Exhib-
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ited limited general utility but significant prognostic value
specifically in diabetic STEMI patients, suggesting its se-
lective inclusion in future risk tools. (3) Composite Met-
rics: Identified a novel, counterintuitive high-risk pheno-
type(High GluCV + Low SHR). Prospective research is
needed to validate this and elucidate its mechanisms (e.g.,
metabolic blunting). (4) ML Models: Confirmed GluCV as
a prominent predictor for NSTEMI, pending external vali-
dation for clinical use.
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