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Heatstroke has high mortality, requiring early risk stratification. This study aimed to compare the 
predictive value of the reverse shock index multiplied by Glasgow Coma Scale score (rSIG) with 
shock index (SI), GCS, and qSOFA score for mortality in ICU heatstroke patients. The reverse shock 
index multiplied by Glasgow Coma Scale score (rSIG), calculated as GCS × (SBP / HR) using the first 
recorded values at ICU admission. This multicenter retrospective study included 671 heatstroke 
patients from 83 ICUs. Predictive performance was compared using receiver operating characteristic 
(ROC) curves. Independent risk factors were identified via logistic regression, and a nomogram was 
developed. Subgroup analysis was conducted to assess the consistency of the predictive value of 
rSIG. The mortality rate was 17.88%. rSIG demonstrated the highest predictive ability (AUC = 0.739), 
outperforming SI, GCS, and qSOFA. Prothrombin time, creatinine, lactate, and rSIG were independent 
predictors. The nomogram integrating these factors achieved an AUC of 0.80. Subgroup analysis 
confirmed the consistent predictive value of rSIG across various patient subgroups. The rSIG is a simple 
and effective early screening tool for rapid risk stratification in ICU patients with heatstroke. The 
predictive model combining rSIG with PT, Cr, and Lac further enhances prognostic accuracy, offering 
significant clinical utility.
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PT	� Prothrombin time
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K	� Potassium
Ca	� Calcium
CI	� Confidence interval
OR	� Odds Ratio
SBP	� Systolic blood pressure
DBP	� Diastolic blood pressure
HR	� Heart rate
RR	� Respiratory rate
BMI	� Body mass index
DIC	� Disseminated intravascular coagulation
SD	� Standard deviation
IQR	� Interquartile range

 Heatstroke is a life-threatening condition caused by dysregulation of core body temperature, characterized by 
core temperature exceeding 40 °C and accompanied by central nervous system dysfunction such as delirium, 
seizures, or coma1. With increasing challenges including global warming and inadequate power supply, the 
incidence of heatstroke has risen significantly2. Our previous observational study indicated an overall mortality 
rate as high as 32.4% among heatstroke patients3. Despite advances in modern critical care, such as targeted 
temperature management and organ support, mortality remains high, particularly in elderly individuals and 
those with comorbidities4–6. Therefore, early identification of high-risk patients and prompt intervention are 
crucial for improving outcomes7.

In emergency department and intensive care unit (ICU) settings, rapid and parsimonious scoring 
systems—including the Shock Index (SI)8,9, Glasgow Coma Scale (GCS)10,11, and quick Sequential Organ 
Failure Assessment (qSOFA)12—are widely employed for risk stratification in critically ill patients. However, 
the predictive performance of these scoring tools has not been adequately validated specifically in patients 
with heatstroke. Moreover, as each score predominantly focuses on a single physiological dimension—either 
circulatory or neurological status—they may fail to comprehensively capture the complex multiorgan injury 
pathophysiology that characterizes heatstroke1,5.

The reverse shock index multiplied by Glasgow Coma Scale score (rSIG), calculated as (GCS score × systolic 
blood pressure) / heart rate, is a composite metric that integrates hemodynamic stability (reflected by the reverse 
shock index, i.e., systolic blood pressure divided by heart rate) and neurological status. Although a universally 
accepted normal range for rSIG has not been established, previous studies in trauma patients have demonstrated 
that higher rSIG values are associated with better survival13.In recent years, rSIG has demonstrated strong 
prognostic value for predicting outcomes in patients with trauma and sepsis9,14,15. We hypothesized that rSIG, by 
combining both circulatory and neurological functions, may more effectively predict mortality risk in heatstroke 
patients compared to single‑dimensional indicators.

This study aimed to systematically evaluate and compare the predictive capabilities of rSIG, SI, GCS, and 
qSOFA for short-term mortality in ICU patients with heatstroke, using a large-scale, multicenter retrospective 
cohort. Based on this comparison, we sought to develop and validate an individualized prediction model that 
integrates key prognostic indicators to aid clinical decision-making.

Methods
Study design and population
This multicenter retrospective observational study screened adult patients (age ≥ 18 years) admitted to intensive 
care units (ICUs) across 83 hospitals in southwestern China between June 2022 and October 2022, who met 
the diagnostic criteria for heatstroke. The diagnosis of heatstroke was initially made by the treating physician at 
the point of care, typically in the Emergency Department (ED) prior to ICU admission, based on the standard 
clinical criteria. Diagnosis was based on standard definitions for classic or exertional heatstroke, including core 
body temperature > 40 ℃(measured by rectal, esophageal, or bladder probe, as per local ICU standard practice) 
following exposure to a hot environment or strenuous exercise, accompanied by central nervous system 
dysfunction. Exclusion criteria were: missing key data (e.g., vital signs at admission, GCS score, or essential 
laboratory results) or hospital stay < 24 h. A total of 671 patients were ultimately included (Figure S1). This study 
was reported in accordance with the Strengthening the Reporting of Observational Studies in Epidemiology 
(STROBE) guidelines. Considering the retrospective design of this study, an informed consent exemption was 
obtained from the Ethics Committee on Biomedical Research, West China Hospital of Sichuan University, and 
no human intervention was involved in the data collection process. The Biomedical Ethics Committee of West 
China Hospital, Sichuan University, approved the study protocol (approval number: 2022 − 1542, clinical trial 
registration number: ChiCTR2200066314; Date of registration: December 1, 2022).

Data collection and quality control
Data were retrospectively extracted from the electronic medical records of all participating centers following a 
standardized protocol. Trained clinical staff at each site manually collected the required variables using a unified 
electronic case report form (eCRF). To ensure accuracy, a rigorous quality control process was implemented, 
which included verification by site investigators, double data entry with consistency checks using EpiData 
software (version 3.1), and centralized logic validation with query resolution. The final database was locked after 
comprehensive review and approval for analysis.

The following data were extracted from electronic medical records: (1) Demographic and baseline 
characteristics: age, sex, heatstroke type (classic or exertional), comorbidities (diabetes mellitus, hypertension). 
Heatstroke type was classified as “classic,” “exertional,” or “unknown” based on the documented history in the 
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medical record regarding antecedent exposure (high environmental temperature without exertion) or activity 
(strenuous exercise). The “unknown” category was assigned when the medical record explicitly indicated unclear 
etiology or contained insufficient information to reliably distinguish between the two types. (2) Vital signs at 
admission: first-recorded body temperature, systolic blood pressure (SBP), diastolic blood pressure (DBP), heart 
rate (HR), and respiratory rate (RR). (3) Disease severity scores: GCS score, qSOFA score. The shock index 
(SI = HR/SBP) and the reverse shock index multiplied by GCS (rSIG = GCS × SBP / HR) were calculated based on 
these first-recorded values. (4) Laboratory parameters: initial laboratory results within 24 h of ICU admission, 
including white blood cell count, platelet count, total bilirubin, serum creatinine, albumin, prothrombin 
time (PT), procalcitonin, glucose, lactate, sodium, potassium, and calcium. (5) Treatment and complications: 
initiation of cooling measures, presence of infection, and in-hospital complications including respiratory failure, 
central nervous system impairment, hepatic dysfunction, and renal dysfunction. Complications occurring 
during hospitalization, including respiratory failure (requiring mechanical ventilation), hepatic dysfunction 
(serum bilirubin > 50 µmol/L or ALT > 100 U/L), renal dysfunction (serum creatinine > 150 µmol/L or need 
for renal replacement therapy), and central nervous system impairment (new focal deficit or persistent coma), 
were recorded. (6)Outcome measures: The primary outcome was all-cause ICU mortality. This endpoint was 
chosen to evaluate predictors of early death during the most critical phase of care. We acknowledge that deaths 
occurring after ICU discharge but during the same hospitalization were not captured as events in this analysis. 
Secondary outcomes included ICU length of stay and total hospital length of stay.

Statistical analysis
Missing data were handled using multiple imputation by chained equations (MICE) under the assumption 
of missing at random, generating five imputed datasets for analysis. Continuous variables were expressed as 
mean ± standard deviation or median (interquartile range) based on their distribution and compared using 
Student’s t-test or Mann–Whitney U test, as appropriate. Categorical variables were summarized as frequency 
(percentage) and compared using the chi-square test or Fisher’s exact test. Receiver operating characteristic 
(ROC) curves were plotted for rSIG, SI, GCS, and qSOFA in predicting mortality. The area under the curve (AUC) 
was calculated for each indicator, and differences in AUC were compared using DeLong’s test. Univariate logistic 
regression was performed first, and variables with P < 0.05 were included in a multivariate logistic regression 
model (forward selection) to identify independent predictors of mortality. Results were reported as odds ratios 
(OR) with 95% confidence intervals (CI). Based on the independent predictors identified in the multivariate 
analysis, an individualized nomogram prediction model was developed using R software. Internal validation of 
the nomogram was performed, the entire cohort was randomly divided into a training set (70%) and an internal 
validation set (30%), and its performance was assessed using receiver operating characteristic (ROC) curves. 
Subgroup analyses were conducted according to sex, use of cooling measures, presence of diabetes mellitus, 
hypertension, heatstroke type, and presence of infection to evaluate the consistency of the predictive value of 
rSIG. Interaction P-values were calculated to test for effect modification.

All statistical analyses were performed using R software (version 4.2.1) and SPSS (version 26.0). A two-sided 
P-value < 0.05 was considered statistically significant.

Results
A total of 671 patients with heatstroke were included in this study, of whom 120 (17.88%) died. Table 1 details the 
baseline characteristics of the overall population, survivors, and non-survivors. No significant differences were 
observed between the two groups in terms of age, sex, heatstroke type, history of diabetes mellitus, first-recorded 
body temperature, respiratory rate, BMI, exposure duration, cooling measures initiated, or presence of infection. 
However, compared with survivors, non-survivors exhibited significantly lower systolic blood pressure, diastolic 
blood pressure, GCS scores, platelet counts, and albumin levels, as well as significantly higher heart rate, 
serum creatinine, prothrombin time (PT), lactate, potassium levels, and shock index (SI). The rSIG value was 
significantly lower in non-survivors than in survivors (3.55 vs. 7.56, P < 0.001). In terms of complications, the 
incidence of respiratory failure, hepatic dysfunction, and renal dysfunction was significantly higher in non-
survivors.

Figure 1 compares the predictive performance of four scoring systems—rSIG, SI, GCS, and qSOFA—for 
mortality. The area under the curve (AUC) was 0.739 (95% CI: 0.687–0.782) for rSIG, 0.688 (95% CI: 0.639–
0.732) for SI, 0.703 (95% CI: 0.653–0.746) for GCS, and 0.613 (95% CI: 0.564–0.658) for qSOFA. An rSIG score 
of ≤ 7.3 was identified as the optimal cutoff for predicting in-hospital mortality, with a sensitivity of 0.52 (95% 
CI: 0.44–0.58), a specificity of 0.85 (95% CI: 0.82–0.88), and an overall accuracy of 0.62 (95% CI: 0.58–0.66). 
Pairwise comparisons using DeLong’s test indicated statistically significant differences in AUC between rSIG 
and each of the other three scores (all p < 0.05).

Table  2 presents the results of univariate and multivariate logistic regression analyses for risk factors of 
ICU mortality in heatstroke patients. Univariate analysis revealed that systolic blood pressure, diastolic blood 
pressure, heart rate, platelet count, creatinine, albumin, prothrombin time (PT), lactate, potassium, and rSIG 
were significantly associated with mortality. Upon incorporating these significant variables into multivariate 
analysis, four indicators were ultimately identified as independent predictors of mortality: serum creatinine (Cr) 
(OR 1.01, 95% CI 1.01–1.01, P < 0.001), prothrombin time (PT) (OR 1.02, 95% CI 1.01–1.04, P = 0.033), lactate 
(Lac) (OR 1.17, 95% CI 1.08–1.28, P < 0.001), and rSIG (OR 0.86, 95% CI 0.79–0.93, P < 0.001). An odds ratio of 
less than 1 for rSIG indicates that higher values are associated with reduced mortality risk.

Based on the four independent predictors identified from the multivariate analysis (Cr, PT, Lac, rSIG), we 
constructed an individualized nomogram prediction model (Fig. 2a). The model enables estimation of individual 
mortality risk by summing the points corresponding to each variable’s value. The nomogram achieved an AUC 
of 0.80 (95% CI: 0.77–0.84) in the ROC analysis (Fig. 2b). The model developed on the training set (AUC = 0.80, 
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95% CI: 0.75–0.84) performed consistently on the validation set (AUC = 0.82, 95% CI: 0.75–0.88). These results 
are presented in Supplementary Figure S2.

We further assessed the association between rSIG and mortality across predefined subgroups (Fig. 3). In 
exploratory analyses, the association remained significant in most subgroups. Formal tests for interaction 
suggested potential effect modification by sex (P for interaction = 0.024) and hypertension status (P for 
interaction < 0.001), with the association appearing stronger in males and in patients without hypertension. 
However, these interaction tests were not adjusted for multiple comparisons and should be considered 
preliminary. No significant interactions were observed for other subgroup variables (all interaction P > 0.05).

Discussion
The main findings of this study are as follows: (1) rSIG showed better predictive performance for ICU mortality 
compared with conventional SI, GCS, and qSOFA scores in ICU patients with heatstroke; (2) Serum creatinine, 
prothrombin time, lactate, and rSIG were identified as independent risk factors for mortality; (3) The nomogram 
model integrating these four factors achieved enhanced predictive accuracy with good calibration, suggesting its 

Variables Total (n = 671) Survivors(n = 551) Non-survivors (n = 120) P

Age(year) 72 (64, 81) 72 (64, 80) 71 (63, 81) 0.528

Male gender, n (%) 355 (52.91) 294 (53.36) 61 (50.83) 0.616

Classic Heatstroke, n(%) 452 (67.36) 373 (67.70) 79 (65.83) 0.910

BMI 22.04 (20.20, 24.03) 22.03 (20.20, 23.88) 22.04 (20.49, 24.32) 0.159

Comorbidities

  Diabetes Mellitus, n(%) 103 (15.35) 88 (15.97) 15 (12.50) 0.339

  Hypertension, n(%) 245 (36.51) 210 (38.11) 35 (29.17) 0.065

Admission vital signs

  First-recorded body temperature (℃) 40.7 (40.0, 41.3) 40.7 (40.0, 41.2) 40.7 (40.0, 41.5) 0.508

  Systolic blood pressure (mmHg) 112 (96, 128) 114 (100, 130) 101 (84, 119) < 0.001

  Diastolic blood pressure (mmHg) 66 (54, 76) 67 (56, 77) 59 (47, 68) < 0.001

  Respiratory Rate, RR (/min) 22 (17, 29) 22 (18, 28) 24 (15, 30) 0.742

  Heart Rate, HR ( /min) 111 (87, 135) 107 (86, 132) 126 (107, 147) < 0.001

  GCS score 6 (4, 9) 7 (5, 10) 4 (3, 7) < 0.001

  Exposure Duration ( hours ) 4.00 (2.00, 6.70) 4.00 (2.00, 6.80) 4.00 (2.00, 6.06) 0.846

  Cooling measures initiated, n(%) 392 (58.42) 326 (59.17) 66 (55.00) 0.402

  Infection, n(%) 480 (71.54) 396 (71.87) 84 (70.00) 0.681

Laboratory results

  White blood cell (10^9/L) 11.40 (8.45, 15.50) 11.30 (8.60, 15.35) 12.37 (8.05, 15.72) 0.710

  Platelet (109/L) 101.00 (65.00, 150.00) 106.00 (69.94, 156.00) 81.00 (48.75, 110.09) < 0.001

  Total Bilirubin, TBIL (µmol/L) 18.00 (12.95, 25.73) 18.00 (13.10, 25.25) 17.92 (12.43, 29.20) 0.971

  Serum creatinine (µmol/L) 121.80 (87.00, 165.90) 113.00 (81.95, 152.00) 161.50 (131.75, 207.75) < 0.001

  Albumin (g/L) 35.73 (32.56, 39.25) 36.10 (32.90, 39.50) 34.40 (31.62, 37.68) 0.003

  Prothrombin time (s) 14.40 (13.20, 16.45) 14.22 (13.09, 16.19) 15.35 (13.90, 19.34) < 0.001

  Procalcitonin (ng/ml) 7.06 (1.23, 18.89) 6.86 (1.19, 18.19) 8.44 (1.45, 21.81) 0.442

  Glucose ( mmol/L) 9.52 (7.64, 12.20) 9.30 (7.60, 12.20) 10.40 (8.00, 12.07) 0.178

  Lactate, Lac ( mmol/L) 3.00 (1.77, 4.80) 2.70 (1.60, 4.30) 4.75 (3.60, 7.00) < 0.001

  Sodium, Na (mmol/L) 135.00 (130.35, 139.63) 135.00 (130.30, 140.00) 134.00 (130.82, 138.00) 0.260

  Potassium, K (mmol/L) 3.40 (3.00, 3.90) 3.37 (3.00, 3.80) 3.66 (3.00, 4.10) < 0.001

  Calcium, Ca (mmol/L) 1.05 (0.98, 1.12) 1.05 (0.99, 1.12) 1.04 (0.96, 1.10) 0.112

  SI 0.96 (0.73, 1.32) 0.91 (0.70, 1.23) 1.24 (0.96, 1.66) < 0.001

  rSIG 6.39 (3.49, 11.44) 7.56 (4.09, 12.99) 3.55 (2.42, 6.07) < 0.001

  qSOFA 2.00 (1.00, 2.00) 2.00 (1.00, 2.00) 2.00 (2.00, 3.00) < 0.001

  ICU Length of Stay (days) 3.00 (2.00, 5.87) 3.00 (2.00, 5.27) 3.00 (2.00, 6.00) 0.611

  Hospital Length of Stay (days) 7.00 (2.00, 12.59) 7.00 (2.77, 12.00) 7.00 (2.00, 13.00) 0.925

Complications

  Respiratory Failure, n(%) 294 (43.82) 213 (38.66) 81 (67.50) < 0.001

  Central Nervous System Impairment, n(%) 296 (44.11) 238 (43.19) 58 (48.33) 0.304

  Hepatic Dysfunction, n(%) 395 (58.87) 313 (56.81) 82 (68.33) 0.020

  Renal Dysfunction, n(%) 366 (54.55) 269 (48.82) 97 (80.83) < 0.001

Table 1.  Demographic and baseline characteristics of patients with Heatstroke. Data are presented as median 
(interquartile range) or n (%). Bold P values indicate statistical significance (P < 0.05).
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Variables

Univariate logistic 
regression

Multivariate logistic 
regression

OR 95%CI P OR 95%CI P

Age 1.00 0.98 ~ 1.01 0.745

Male gender 0.90 0.61 ~ 1.34 0.616

Diabetes Mellitus 0.75 0.42 ~ 1.35 0.340

Hypertension 0.67 0.44 ~ 1.03 0.066

BMI 1.06 0.99 ~ 1.13 0.097

Systolic blood pressure 0.98 0.97 ~ 0.99 < 0.001 1.00 0.99 ~ 1.02 0.602

Diastolic blood pressure 0.97 0.95 ~ 0.98 < 0.001 0.98 0.96 ~ 1.01 0.145

Respiratory Rate 1.00 0.98 ~ 1.03 0.938

Heart Rate 1.02 1.01 ~ 1.02 < 0.001 1.00 0.99 ~ 1.01 0.759

First-recorded body temperature 1.06 0.89 ~ 1.26 0.523

Exposure Duration 1.00 0.98 ~ 1.02 0.999

White blood cell 1.00 0.98 ~ 1.02 0.779

Platelet 0.99 0.99 ~ 0.99 0.002 1.00 0.99 ~ 1.00 0.094

Total Bilirubin 1.01 1.00 ~ 1.02 0.131

Serum creatinine 1.01 1.01 ~ 1.01 < 0.001 1.01 1.01 ~ 1.01 < 0.001

Albumin 0.95 0.91 ~ 0.98 0.003 0.99 0.95 ~ 1.03 0.558

Prothrombin time 1.03 1.01 ~ 1.05 < 0.001 1.02 1.01 ~ 1.04 0.033

Procalcitonin 1.00 0.99 ~ 1.01 0.631

Glucose 1.01 0.97 ~ 1.04 0.777

Lactate 1.33 1.23 ~ 1.44 < 0.001 1.17 1.08 ~ 1.28 < 0.001

Na 0.99 0.97 ~ 1.01 0.423

K 1.68 1.32 ~ 2.15 < 0.001 1.26 0.95 ~ 1.68 0.104

Ca 0.75 0.41 ~ 1.37 0.352

rSIG 0.81 0.76 ~ 0.86 < 0.001 0.86 0.79 ~ 0.93 < 0.001

Table 2.  Univariate and multivariate logistic regression analysis for exploring risk factors of mortality in 
Heatstroke patients. Bold P values indicate statistical significance (P < 0.05).

 

Fig. 1.  Comparison of receiver operating characteristic (ROC) curves for predicting mortality using the 
reverse shock index multiplied by Glasgow Coma Scale score (rSIG), shock index (SI), Glasgow Coma 
Scale (GCS), and quick Sequential Organ Failure Assessment (qSOFA) in ICU patients with heatstroke. 
The area under the curve (AUC) with 95% confidence interval for each score is as follows: rSIG (red solid 
line), AUC = 0.739 (95% CI 0.687–0.782); SI (blue dashed line), AUC = 0.688 (95% CI 0.639–0.732); GCS 
(green dotted line), AUC = 0.703 (95% CI 0.653–0.746); qSOFA (purple dash-dot line), AUC = 0.613 (95% CI 
0.564–0.658).
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potential utility for individualized risk assessment; (4) The association between rSIG and mortality was generally 
consistent across most clinical subgroups analyzed.

The observed performance of rSIG may be attributed to its integration of key information from both 
cardiovascular and neurological systems13. The core pathophysiology of heatstroke involves direct thermal 
toxicity leading to systemic inflammatory response syndrome and multi-organ dysfunction1,5,16,17.A low 
GCS reflects severe central nervous system injury10, while an elevated SI indicates circulatory instability and 
shock8,18,19. Therefore, rSIG, by combining these two critical dimensions, might offer a more comprehensive 
assessment of overall disease severity20. Our findings align with previous applications of rSIG in trauma and 
sepsis populations9,21,22, supporting further exploration of its role as a composite physiological assessment tool 
in heatstroke.

In addition to rSIG, our multivariate model identified three crucial laboratory indicators. Elevated lactate 
levels, reflecting tissue hypoperfusion and anaerobic metabolism23, are commonly observed in severe heatstroke 
and are associated with increased mortality24–26. Similarly, elevated serum creatinine, indicating acute kidney 
injury, is frequently encountered and linked to poorer outcomes27–29. Prolonged prothrombin time reflects 
coagulopathy, representing an early manifestation of heatstroke-induced liver injury and disseminated 
intravascular coagulation (DIC)30–32. Consequently, the nomogram model effectively integrates key indicators 
representing neurological, circulatory, renal, and coagulation functions, providing a multidimensional risk 
stratification tool.

The nomogram model developed in this study demonstrates substantial clinical utility. By inputting readily 
available parameters—GCS, systolic blood pressure, heart rate, creatinine, PT, and lactate—clinicians can 
visually estimate a patient’s mortality probability using the nomogram. The nomogram provides direct clinical 
utility by quantifying mortality risk using routine ICU admission parameters, enabling early risk stratification. 
It helps identify high‑risk patients for intensified monitoring or therapy escalation.

This study has several important limitations. First and foremost, its retrospective observational design 
inherently limits causal inference and is susceptible to unmeasured confounding and selection bias. Although we 
employed multiple imputation for missing data and implemented rigorous data quality control protocols across 
the 83 participating ICUs, residual bias due to the retrospective nature of the data collection cannot be ruled 
out. Second, while the multicenter design enhances internal validity, all participating hospitals were located in 
southwestern China. The generalizability of our findings to other regions requires careful consideration and 

Fig. 2.  Nomogram Prediction Model; (a) Nomogram Prediction Model Based on Independent Predictors; 
(b) ROC Curve of the Nomogram Prediction Model. (a) The nomogram was constructed based on four 
independent predictors identified by multivariate logistic regression: serum creatinine (Cr, µmol/L), 
prothrombin time (PT, seconds), lactate (Lac, mmol/L), and the reverse shock index multiplied by Glasgow 
Coma Scale score (rSIG). For each patient, a point is assigned for every predictor according to its value on 
the top axis. The sum of these points corresponds to a total point value on the bottom axis, which can be 
projected downward to estimate the individual probability of mortality (range 0.1–0.9). (b) Receiver operating 
characteristic (ROC) curve evaluating the discrimination performance of the nomogram model. The area 
under the curve (AUC) was 0.80 (95% confidence interval: 0.77–0.84), indicating good predictive accuracy.
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external validation. Moreover, validating our models in geographically and demographically distinct populations 
is an essential next step to confirm their broad applicability.

Third, detailed information on specific cooling modalities, timings, and prehospital management was not 
uniformly available, which could act as unmeasured confounders. Future prospective, multicenter studies that 
include diverse geographic and demographic populations are essential to validate our findings, establish causality, 
and assess broader external validity. Fourth, this study did not compare the predictive performance of rSIG or 
the nomogram against established comprehensive ICU severity scores such as APACHE II or SOFA. Therefore, 
the relative advantage of our proposed tools within the broader ecosystem of prognostic scores remains to be 
determined. Fifth, while our models identify patients at higher risk, we did not establish or validate specific 
clinical decision thresholds (e.g., for care escalation), which is a necessary step before implementation. Finally, 
our study evaluated the prognostic value of a single rSIG measurement at ICU admission. An important and 
logical extension would be to investigate the dynamic trajectory of rSIG over the first 24–72 h of care. Future 
prospective studies designed with protocolized serial assessments are needed to answer this question.

Conclusions
In conclusion, the rSIG score serves as a simple and rapid early-risk screening tool, demonstrating superior 
predictive performance to SI, GCS, and qSOFA in this study. For a more individualized prognosis when 
laboratory data are available, the nomogram that incorporates rSIG, creatinine, prothrombin time, and lactate 
provides enhanced accuracy. Together, these models highlight a set of key prognostic indicators and offer a 
framework for risk stratification that warrants prospective validation to define clinical action thresholds and 
assess impact on patient management.

Data availability
The data used and analyzed during this study are available from the corresponding author upon reasonable 
request.
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