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Objective: Older patients with type 2 diabetes mellitus (T2DM) often face severe health challenges. This study aims to develop and
validate a predictive model for estimating in-hospital death risk in this population.

Methods: Clinical data of 17,421 patients with T2DM aged > 65 years admitted to six hospitals in southwest China were collected
retrospectively. Model performance was assessed through area under the receiver operating characteristic curve (AUROC) analysis and
calibration plots. Clinical utility was evaluated using decision curve analysis (DCA) and clinical impact curve (CIC).

Results: The overall in-hospital death rate was 3.19% (556 cases). Eleven independent predictors were identified: age, gender, history
of surgery, Charlson Comorbidity Index score, coronary heart disease, chronic obstructive pulmonary disease, serum levels of
creatinine, albumin, glycated hemoglobin, nutritional support drug use, and antibiotic drug use. The multivariable model demonstrated
robust predictive accuracy with AUROC values of 0.873 (95% CI: 0.857-0.889) in training set, 0.830 (0.797-0.864) in internal
validation set, and 0.834 (0.757-0.911) in external validation set. Bootstrap validation (n=1,000 resamples) confirmed adequate
calibration. DCA and CIC analyses revealed substantial clinical net benefit across threshold probabilities. An interactive web-based
calculator was implemented for clinical application (https://cqykdxtjt.shinyapps.io/in_hospital death/).

Conclusion: The prediction model developed in this study demonstrated robust discrimination, calibration, and clinical utility. It can
assist healthcare professionals in identifying high-risk older patients with T2DM, facilitating early prevention, detection, and
intervention, thereby reducing the risk of in-hospital death in this vulnerable population.
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Introduction

Diabetes mellitus (DM) has become a global health priority, with its prevalence rising rapidly worldwide.' > China faces
particularly severe challenges, holding both the highest growth rate of DM cases and the largest diabetic population
globally. Epidemiological data reveal a striking 15-fold increase in DM prevalence over four decades (0.67% in 1980 vs
11.2% in 2017), with projections estimating 174 million cases by 2045.*> Age significantly impacts disease distribution:
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24.0% of adults aged 75—79 have DM, and nearly half of all Chinese diabetic patients are elderly (>65 years), over 90%
of whom have type 2 diabetes (T2DM).® DM-related complications (vascular, ocular, renal, and foot disorders)
contributed to 140,000 deaths in 2016 alone, with mortality rates rising 63.5% since 1990 (6.3 to 10.3 per 100,000
population).”

Older patients with T2DM often face significant health challenges. Managing this patient group is complex due to
increased heterogeneity, the presence of multiple comorbidities, weakened perception of hypoglycemia, and dependency on
nursing care.'* In 2019, diabetes prevention and control were identified as one of the 15 key actions in the “Healthy China
Action (2019-2030)" initiative.'> Through targeted interventions, the upward trend in DM incidence and premature
mortality can be curbed, and improvements in per capita healthy life expectancy can be achieved.'®'” In-hospital death
is a critical indicator of quality improvement.'® Developing a predictive model for in-hospital death in older patients with
T2DM could help prevent such deaths, reduce medical costs, and enhance the quality of care and life. While existing models
for in-hospital death prediction provide valuable insights, they often fail to adequately address the unique characteristics
and needs of older patients with T2DM. Existing models may not fully capture the complexity of this population, including
the presence of multiple comorbidities, age-related physiological changes, and the impact of frailty. Furthermore, these
models often lack the granularity to provide precise risk estimates for this specific patient group.

This study aimed to identify factors influencing in-hospital death by analyzing the clinical data of older patients with
T2DM admitted to six tertiary hospitals in Southwest China. We also sought to develop a predictive model for in-hospital
death and create a user-friendly web interface to calculate the precise probability of in-hospital death in older patients
with T2DM. Our model is designed to be tailored to the older T2DM population, incorporating a comprehensive set of
predictors that account for their unique clinical characteristics, and providing a practical tool for clinicians to facilitate
early prevention, detection, and intervention.

Material and Methods

Data Source

This retrospective multicenter study utilized electronic medical records (EMRs) to analyze 28,704 initial hospital
discharges with primary or secondary diagnoses of T2DM across six tertiary hospitals in Southwest China (2012-2022).
After applying exclusion criteria, the final analytical cohort comprised 17,421 older T2DM patients. Data from hospitals
A—E were randomly allocated into a training set (n=11,203, 70%) and an internal validation set (n=4,802, 30%). Hospital
F contributed an independent external validation cohort (n=1,416). Detailed case distributions across hospitals are
provided in Supplementary Table S1.

The study protocol was approved by the Ethics Committee of the Affiliated Banan Hospital of Chongqing Medical
University (Approval No. BNLLKY?2023037). Informed consent requirements were waived in accordance with national
regulations for retrospective analyses of anonymized EMR data. This study adhered to the TRIPOD (Transparent
Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis) reporting guidelines.'®

Patient and Public Involvement
Patients or the public were not involved in the design, or conduct, or reporting, or dissemination plans of our research.

Inclusion and Exclusion Criteria

Patients were classified as having T2DM if they met either of the following criteria: (1) documentation of T2DM diagnosis
codes [International Classification of Disease, Ninth Revision, Clinical Modification (ICD-9-CM) or Tenth Revision, Clinical
Modification (ICD-10-CM)] in primary/secondary discharge diagnoses; (2) prescription of antidiabetic medications during
hospitalization; (3) Laboratory confirmation of diabetes based on World Health Organization (WHO) criteria: fasting glucose
>7.0 mmol/L, random glucose >11.1 mmol/L, or glycated hemoglobin (HbAlc) >6.5% (48 mmol/mol) prior to or during
hospitalization. Supplementary Table S2 provides the frequency distribution of the top 10 primary diagnoses.

The inclusion criteria were as follows: (1) age >65 years at admission; (2) hospitalization between 2012-2022 with
T2DM as primary or secondary diagnosis (ICD-10 code: E11.9). The exclusion criteria were as follows: (1) non-
emergent admissions (n=9,685); (2) Length of stay <2 days (n=976); (3) life-threatening comorbidities: pulmonary
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embolism (ICD code: 126.9, n=243), valvular heart disease (ICD code: 151.9, n=12), cardiac arrest (ICD code: 146.9,
n=17), aortic dissection (ICD code: 171.0, n=129), and cardiogenic shock (ICD code: R57.0, n=132); (4) severe trauma-
related admissions (n=89) (Supplementary Figure S1). The primary outcome was all-cause in-hospital death, defined as

death from any cause during the index hospitalization.

Sample Size

Training set size was determined by two criteria: (1) >5 events per candidate predictor and®*?' (2) assumed minimum in-
hospital mortality rate of 8%.72** A sample of 1,688 patients satisfied these requirements. External validation required
>100 events;** given an expected mortality rate of 12.5%, 800 patients should be included. In summary, the sample size
included in this study fully meets the above criteria.

Data Collection

The following clinical data were collected from the EMRs data set using the first available measurements recorded within
48 hours of admission to ensure consistency and minimize confounding from in-hospital interventions. For parameters
with multiple measurements during this window, only the initial values were retained:

i) Demographics: age, gender, history of surgery, smoking history, and drinking history.

ii) Baseline clinical data included Charlson comorbidity index (CCI) score, hypertension, coronary heart disease
(CHD), cerebral infarction (CI), hyperlipidemia, chronic obstructive pulmonary disease (COPD), heart failure
(HF), systolic blood pressure (SBP), diastolic blood pressure (DBP), total cholesterol (TC), triglycerides (TG),
serum levels of creatinine (SCR), low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol
(HDL-C), albumin (ALB), HbAlc, and fasting glucose.

iii) Medications: nutritional support drug use, statin drug use, antiplatelet and anticoagulant drug use, antiosteoporotic
drug use, and antibiotic drug use.

Definition

Smoking and drinking histories were assessed via EMR at admission and during subsequent care. Patients were classified
as having a smoking history if they reported active smoking or had ceased smoking for <l year, as prior evidence
indicates reduced reliability of sustained cessation within this timeframe. Drinking history followed identical classifica-
tion criteria. Medication usage data, including drug names, dosages, and administration schedules, were extracted from
EMR medication tables.

Statistical Analysis

Analyses were conducted using SPSS 22.0 (IBM Corp., USA) and R 4.0.2 (R Core Team, Austria). Normally distributed
data were expressed as mean =+ standard deviation and compared using #-tests, while non-normally distributed variables
were reported as median (interquartile range) and analyzed via Mann—Whitney U-tests. Categorical variables were
expressed as counts (percentages) and evaluated with y>tests. To address missing data and minimize bias, multivariate
multiple imputation with chained equations was applied.?>-° Sensitivity analyses using complete-case approaches were
performed for validation.

Variables showing significant differences in univariate analyses were selected as candidate predictors. Least absolute
shrinkage and selection operator (LASSO) regression identified key influencing factors.””*® Restricted cubic splines
(RCS) assessed linearity assumptions between continuous predictors and in-hospital death risk; non-linear variables were
dichotomized using optimal cutoff values. Univariate and multivariate backward stepwise logistic regression (guided by
Akaike Information Criterion, AIC) identified independent risk factors for in-hospital mortality in older T2DM patients.
Model performance was evaluated using area under the receiver operating characteristic curve (AUROC), calibration
curves, Brier scores, decision curve analysis (DCA), and clinical impact curves (CIC).**° DCA quantified net clinical
benefit across risk thresholds, while CIC visualized high-risk patient estimates.
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To further assess the superiority of our model, we compared it with two existing models used for predicting in-
hospital mortality in T2DM patients: the Munsakul et al model and the Liu et al model.*'*? Model performance was
assessed via AUROC comparisons and Net Reclassification Improvement (NRI).

The “sampling” R package randomly allocated data from hospitals A—E into training (70%) and internal validation
(30%) sets. LASSO regression utilized the “glmnet” package, nomograms were created with “rms”, AUROC curves with
“pROC”, and DCA/CIC plots with “ggDCA.” Statistical significance was defined as P < 0.05.

Results

Patient Characteristics

The study included 17,421 older T2DM patients with an overall in-hospital death rate of 3.19% (556/17,421).
Participants were stratified into a training set (n=11,203), an internal validation set (n=4,802), and an external validation
set (n=1,416). Baseline characteristics for the training and internal validation sets are summarized in Table 1, while those
for the external validation set are provided in Supplementary Table S3. Missing data proportions in the training set

ranged from 0% to 35%, with 48% (5,348/11,203) of participants having complete data. Missing variable distributions
were consistent between imputed and complete-case datasets (Supplementary Table S4), and sensitivity analyses

confirmed robustness of results when using imputed data (Supplementary Table S5). In the training set, patients were

divided into death group and survival group. Univariate analysis identified significant associations (P < 0.05) between in-
hospital death and the following variables: age, gender, history of surgery, smoking history, CCI score, hypertension,
CHD, CI, hyperlipidemia, COPD, HF, SBP, DBP, TC, TG, SCR, LDL-C, HDL-C, ALB, HbA ¢, nutritional support drug
use, statin drug use, and antibiotic drug use (Table 2).

Table | Baseline Characteristics of Patients in the Training and Internal Validation Sets

Variables Total Training Set Internal Validation | P Values’

(N=16,005) (N=11,203) Set (N=4,802)
Demographics
Age (years) 74.69+6.95 74.6416.92 74.81£7.02 0.213
Gender (n, %) 0.351
Female 8,837(55.21) 6,213(55.46) 2,624(54.64)
Male 7,168(44.79) 4,990(44.54) 2,178(45.36)
History of surgery (n, %) 0.542
No 6,796(42.46) 4,739(42.30) 2,057(42.84)
Yes 9,209(57.54) 6,464(57.70) 2,745(57.16)
Smoking history (n, %) 0.356
No 11,673(72.93) 8,195(73.15) 3,478(72.43)
Yes 4,332(27.07) 3,008(26.85) 1,324(27.57)
Drinking history (n, %) 0.650
No 12,464(77.88) 8,713(77.77) 3,751(78.11)
Yes 3,541(22.12) 2,490(22.23) 1,051(21.89)
Baseline clinical data
CCl score (n, %) 0.302
<4 9,466(59.14) 6,596(58.88) 2,870(59.77)
24 6,539(40.86) 4,607(41.12) 1,932(40.23)
Hypertension (n, %) 0.831
No 6,644(41.51) 4,644(41.45) 2,000(41.65)
Yes 9,361(58.49) 6,559(58.55) 2,802(58.35)
CHD (n, %) 0.191
No 10,895(68.07) 7,662(68.39) 3,233(67.33)
Yes 5,110(31.93) 3,541(31.61) 1,569(32.67)

(Continued)
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Table 1 (Continued).

Variables Total Training Set Internal Validation | P Values’
(N=16,005) (N=11,203) Set (N=4,802)

Cl (n, %) 0.530

No 12,789(79.91) 8,967(80.04) 3,822(79.59)

Yes 3,216(20.09) 2,236(19.96) 980(20.41)

Hyperlipidemia (n, %) 0611

No 14,317(89.45) 10,031(89.54) 4,286(89.25)

Yes 1,688(10.55) 1,172(10.46) 516(10.75)

COPD (n, %) 0.833

No 14,854(92.81) 10,401(92.84) 4,453(92.73)

Yes 1,151(7.19) 802(7.16) 349(7.27)

HF (n, %) 0.992

No 13,511(84.42) 9,458(84.42) 4,053(84.40)

Yes 2,494(15.58) 1,745(15.58) 749(15.60)

SBP (mmHg) 139.63+22.04 139.71£22.30 139.44+21 .41 0.455

DBP (mmHg) 77.58+12.21 77.52+12.24 77.71£12.13 0.256

TC (mmol/l) 4.32+1.24 4.32+1.24 4.31+1.22 0.789

TG (mmol/l) 1.37(0.99,1.94) 1.38(0.99,1.95) 1.37(0.99,1.90) 0.509

SCR (umol/l) 72.00(57.80,95.80) | 72.00(57.70,95.40) 72.60(58.00,96.58) 0.564

LDL-C (mmol/L) 2.39+0.93 2.39+0.93 2.40+0.92 0.321

HDL-C (mmol/L) 1.15+0.36 1.15£0.36 1.15+0.36 0.532

ALB (g/L) 38.33+5.17 38.33+5.18 38.32+5.14 0.949

HbAlc (%) 8.30£3.36 8.29+3.43 8.33+£3.22 0.503

Fasting glucose (mmol/l) 8.02(6.13,11.30) 8.00(6.14,11.30) 8.08(6.12,11.30) 0.376

Medications

Nutritional support drug use (n, %) 0.200

No 10,503(65.62) 7,316(65.30) 3,187(66.37)

Yes 5,502(34.38) 3,887(34.70) 1,615(33.63)

Statin drug use (n, %) 0.618

No 9,245(57.76) 6,486(57.90) 2,759(57.46)

Yes 6,760(42.24) 4,717(42.10) 2,043(42.54)

Antiplatelet and anticoagulant drug use (n, %) 0.152

No 6,995(43.71) 4,938(44.08) 2,057(42.84)

Yes 9,010(56.29) 6,265(55.92) 2,745(57.16)

Antiosteoporotic drug use (n, %) 0.967

No 14,316(89.45) 10,022(89.46) 4,294(89.42)

Yes 1,689(10.55) 1,181(10.54) 508(10.58)

Antibiotic drug use (n, %) 0.208

No 8,526(53.27) 5,931(52.94) 2,595(54.04)

Yes 7,479(46.73) 5,272(47.06) 2,207(45.96)

Notes: T Normally distributed continuous variables were compared using independent t-tests; non-normally distributed variables using Mann—Whitney
U-tests; categorical variables using y-tests or Fisher’s exact tests, as appropriate. All statistical tests were two-sided with o = 0.05.

Abbreviations: CCl, Charlson comorbidity index; CHD, coronary heart disease; Cl, cerebral infarction; COPD, chronic obstructive pulmonary disease;
HF, heart failure; SBP, systolic blood pressure; DBP, diastolic blood pressure; TC, total cholesterol; TG, triglycerides; SCR, serum levels of creatinine; LDL-
C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; ALB, albumin; HbAlc, glycated hemoglobin.

Variable Selection and RCS Analysis

Using LASSO regression (A = 0.0007266922; lambda.1se), 11 predictors were selected: age, gender, history of surgery,
CCI score, CHD, COPD, SCR, ALB, HbAlc, nutritional support drug use, and antibiotic drug use (Figure 1). Validation
of feature subsets confirmed that additional variables did not improve model performance (AUROC plateaued beyond 11
predictors; Figure 2). RCS analysis assessed nonlinear relationships between continuous predictors (age, SCR, ALB, and
HbA 1c) and in-hospital death risk. Nonlinear associations were observed for SCR and ALB (Figure 3). SCR >68 pumol/L
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Table 2 Univariate Analysis of Variables Associated with in-Hospital Death

Variables Total Survival Group Death Group P Values®

(N=11,203) (N=10,814) (N=389)
Demographics
Age (years) 74.6416.92 74.47+6.83 79.13+7.85 <0.001
Gender (n, %) <0.001
Female 6,213(55.46) 6,061(56.05) 152(39.07)
Male 4,990(44.54) 4,753(43.95) 237(60.93)
History of surgery (n, %) <0.001
No 4,739(42.3) 4,610(42.63) 129(33.16)
Yes 6,464(57.7) 6,204(57.37) 260(66.84)
Smoking history (n, %) <0.001
No 8,195(73.15) 7,956(73.57) 239(61.44)
Yes 3,008(26.85) 2,858(26.43) 150(38.56)
Drinking history (n, %) 0.081
No 8,713(77.77) 8,425(77.91) 288(74.04)
Yes 2,490(22.23) 2,389(22.09) 101(25.96)
Baseline clinical data
CCl score (n, %) <0.001
<4 6,596(58.88) 6,437(59.52) 159(40.87)
>4 4,607(41.12) 4,377(40.48) 230(59.13)
Hypertension (n, %) 0.001
No 4,644(41.45) 4,514(41.74) 130(33.42)
Yes 6,559(58.55) 6,300(58.26) 259(66.58)
CHD (n, %) <0.001
No 7,662(68.39) 7,445(68.85) 217(55.78)
Yes 3,541(31.61) 3,369(31.15) 172(44.22)
Cl (n, %) <0.001
No 8,967(80.04) 8,685(80.31) 282(72.49)
Yes 2,236(19.96) 2,129(19.69) 107(27.51)
Hyperlipidemia (n, %) 0.002
No 10,031(89.54) 9,664(89.37) 367(94.34)
Yes 1,172(10.46) 1,150(10.63) 22(5.66)
COPD (n, %) <0.001
No 10,401(92.84) 10,085(93.26) 316(81.23)
Yes 802(7.16) 729(6.74) 73(18.77)
HF (n, %) <0.001
No 9,458(84.42) 9,164(84.74) 294(75.58)
Yes 1,745(15.58) 1,650(15.26) 95(24.42)
SBP (mmHg) 139.71£22.30 139.94+22.14 133.33£25.70 <0.001
DBP (mmHg) 77.52+12.24 77.63+12.11 74.41£15.20 <0.001
TC (mmol/l) 4.32+1.24 4.34+1.24 4.02+1.33 <0.001
TG (mmol/l) 1.38(0.99,1.95) 1.38(1.00,1.96) 1.19(0.92,1.72) <0.001
SCR (umol/l) 72.00(57.70,95.40) | 71.40(57.40,93.90) | 97.80(68.20,167.10) <0.001
LDL-C (mmol/L) 2.39+0.93 2.40+0.93 2.28+1.00 0.006
HDL-C (mmol/L) 1.15£0.36 1.15£0.35 0.96+0.36 <0.001
ALB (g/L) 38.3345.18 38.54+5.04 32.72+5.87 <0.001
HbAlc (%) 8.29+3.43 8.31+3.43 7.79+3.25 <0.001
Fasting glucose (mmol/l) 8.00(6.14,11.30) 8.00(6.14,11.28) 8.22(6.04,11.75) 0.733
Medications
Nutritional support drug use (n, %) <0.001
No 7,316(65.3) 7,240(66.95) 76(19.54)
Yes 3,887(34.7) 3,574(33.05) 313(80.46)

(Continued)
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Table 2 (Continued).

Variables Total Survival Group Death Group P Valuest
(N=11,203) (N=10,814) (N=389)

Statin drug use (n, %) <0.001

No 6,486(57.9) 6,193(57.27) 293(75.32)

Yes 4,717(42.1) 4,621(42.73) 96(24.68)

Antiplatelet and anticoagulant drug use (n, %) 0.752

No 4,938(44.08) 4,763(44.04) 175(44.99)

Yes 6,265(55.92) 6,051(55.96) 214(55.01)

Antiosteoporotic drug use (n, %) 0.557

No 10,022(89.46) 9,678(89.5) 344(88.43)

Yes 1,181(10.54) 1,136(10.5) 45(11.57)

Antibiotic drug use (n, %) <0.001

No 5,931(52.94) 5,887(54.44) 44(11.31)

Yes 5,272(47.06) 4,927(45.56) 345(88.69)

Notes: T Normally distributed continuous variables were compared using independent t-tests; non-normally distributed variables using Mann—Whitney
U-tests; categorical variables using y-tests or Fisher’s exact tests, as appropriate. All statistical tests were two-sided with o = 0.05.

Abbreviations: CCl, Charlson comorbidity index; CHD, coronary heart disease; Cl, cerebral infarction; COPD, chronic obstructive pulmonary disease;
HF, heart failure; SBP, systolic blood pressure; DBP, diastolic blood pressure; TC, total cholesterol; TG, triglycerides; SCR, serum levels of creatinine; LDL-
C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; ALB, albumin; HbAlc, glycated hemoglobin.

and ALB <39 g/L were identified as optimal thresholds for dichotomization. Higher SCR (>68 pmol/L) correlated with
increased death risk, while lower ALB (<39 g/L) showed an L-shaped relationship with elevated risk.

Univariate and Multivariate Logistic Regression Analysis

Eleven LASSO-selected variables underwent univariate logistic regression, with significant predictors (P < 0.05)
included in multivariate backward stepwise regression. The final model retained 11 variables (age, gender, history of
surgery, CCI score, CHD, COPD, SCR, ALB, HbAlc, nutritional support drug use, and antibiotic drug use) based on
AIC minimization (Table 3).

Nomogram Construction and Performance
A nomogram integrating the 11 predictors was developed (Figure 4). Scores for each predictor were summed to estimate
total in-hospital death risk. The model demonstrated strong discrimination: AUROC = 0.873 (95% CI: 0.857-0.889) in the
training set, 0.830 (0.797—0.864) in internal validation, and 0.834 (0.757-0.911) in external validation (Figure 5). At the
optimal cutoff (0.044), sensitivity was 0.792, specificity 0.806, positive likelihood ratio (LR+) 4.082, and negative
likelihood ratio (LR—) 0.258 (Table 4). Calibration curves (1,000 bootstraps) indicated excellent calibration (Figure 6).
The Nagelkerke R” values, reflecting the model’s explanatory power, were 0.268 (training set), 0.220 (internal validation),
and 0.223 (external validation). The Brier scores in the training, internal validation, and external validation sets were 0.030
(95% CI: 0.027-0.032), 0.027 (95% CI: 0.023-0.030), and 0.016 (95% CI: 0.011-0.022), respectively. DCA revealed net
clinical benefit when the in-hospital death risk threshold exceeded 17% (Figure 7). CIC demonstrated close alignment
between predicted and actual in-hospital deaths at thresholds >30% for a hypothetical cohort of 1,000 patients (Figure 8).
When comparing our model with two existing models, our model showed significantly better performance.
Specifically, the AUROC values were 0.873 for our model, 0.710 for the Munsakul et al model, and 0.701 for the Liu
et al model. The NRI was 0.112 compared to the Munsakul et al model and 0.141 compared to the Liu et al model,
indicating that our model provides better risk stratification and reclassification (Supplementary Table S6).

Construction of a Web App to Easily Access the Nomogram

A web-based tool (https://cqykdxtjt.shinyapps.io/in_hospital death/) was developed for clinical use. As an example, an 80-
year-old male had history of surgery, CHD, COPD, CCI >4, SCR >68 umol/L, ALB <39 g/L, HbAlc 10%, and concurrent
nutritional/antibiotic use had a predicted in-hospital death probability of 36.6% (95% CI: 29.0%—44.8%; Figure 9).
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Discussion
This study evaluated numerous characteristics and clinical parameters potentially linked to in-hospital death risk in older
patients with T2DM. We developed an accessible prediction model incorporating 11 variables—age, gender, history of

Table 3 Univariate and Multivariate Logistic Regression Analysis

Variables® Univariate Analysis | P Values | Multivariate Analysis | P Values
OR (95% CI) OR (95% CI)

Age (years) 1.093 (1.078-1.108) <0.001 1.056 (1.040-1.072) <0.001
Gender

Female Ref Ref

Male 1.988 (1.618-2.450) <0.001 1.822 (1.457-2.285) <0.001
CCl score

<4 Ref Ref

>4 2.127 (1.734-2.617) <0.001 1.520 (1.213-1.907) <0.001
CHD

No Ref Ref

YES 1.752 (1.427-2.147) <0.001 1.308 (1.038-1.646) 0.023
COPD

No Ref Ref

Yes 3.196 (2.435-4.143) <0.001 1.518 (1.119-2.040) 0.006
Nutritional support drug use

No Ref Ref

Yes 8.343 (6.511-10.825) <0.001 5.450 (4.202-7.150) <0.001
Antibiotic drug use

No Ref Ref

Yes 9.369 (6.911-13.023) <0.001 4.480 (3.255-6.308) <0.001
History of surgery

No Ref Ref

Yes 1.498 (1.211-1.861) <0.001 1.520 (1.211-1.916) <0.001

(Continued)
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Table 3 (Continued).

Variables® Univariate Analysis | P Values | Multivariate Analysis | P Values
OR (95% CI) OR (95% CI)

SCR (umoll/l)

<68 Ref Ref

268 2.433 (1.933-3.091) <0.001 1.292 (1.005-1.673) 0.049
ALB (g/L)

<39 Ref Ref

239 0.159 (0.117-0.210) <0.001 0.360 (0.265-0.483) <0.001
HbAIc 0.931 (0.888-0.972) 0.002 0.944 (0.903-0.982) 0.008

Notes: *The multivariate model mentioned in Table 3 applied to the training dataset. P-values derived from univariate/multivariate
logistic regression. For univariate comparisons, continuous variables were analyzed via t-tests or Mann—Whitney U-tests, and
categorical variables via y*/Fisher’s exact tests, as described in Methods.

Abbreviations: CCl, Charlson comorbidity index; CHD, coronary heart disease; COPD, chronic obstructive pulmonary disease;
SCR, serum levels of creatinine; ALB, albumin; HbAlc, glycated hemoglobin; OR, odds ratio; Cl, confidence interval.

surgery, CCI score, CHD, COPD, SCR, ALB, HbAc, nutritional support drug use, and antibiotic drug use. The model
demonstrated strong performance, with an AUROC of 0.873, specificity of 0.806, and sensitivity of 0.792.

Our newly developed risk model demonstrates several advantages over existing tools. Unlike the Birmingham
Hospital model®® and the American ADHERE-HF,** which prioritize cardiovascular-specific predictors (eg, troponin,
ejection fraction), our model incorporates glycemic control (HbAlc), nutritional status (ALB), and infection-related
variables (antibiotic drug use)—factors particularly relevant to older T2DM patients in resource-limited settings. While
the Finnish Diabetes Risk Score®> model similarly emphasizes glucose levels, it excludes diabetes-specific markers and
fails to address nonlinear risk thresholds. Notably, our SCR cutoff (>68 pmol/L) contrasts with the >115 pmol/L
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PO”“S L 1 1 1 1 . 1 1 1 1 1
24
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COPD —
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Figure 4 The nomogram for predicting in-hospital death based on the training set (n=11,203). Eleven variables screened by LASSO regression were included in the

univariate logistic regression analysis and those variables that were statistically significant (P < 0.05) in the univariate analysis were included in the multivariate logistic
regression model in a backward stepwise fashion. The values of each variable were scored between 0 and 100, then added to give the total points score which was then used
to predict the probability of in-hospital death.

1882 https: Diabetes, Metabolic Syndrome and Obesity 2025:18



Tang et al

o
[ce]
@ 4
©
> S |
=
‘®
[=
[0
D«
3 A
————  Training Set
N
o I
— Internal Validation Set
e External Validation Set
o
S
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity
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threshold proposed in Jordanian cohorts,® potentially reflecting ethnic differences in muscle mass and creatinine
metabolism. These distinctions highlight the importance of population-specific calibration in predictive modeling.

Consistent with existing literature, our analysis confirms age as a significant in-hospital death risk factor.>”*° The
aging process involves progressive decline in physiological functions (eg, immunosenescence and cardiovascular aging),
which contributes to more complications, atypical presentations, and consequently delayed treatments in older
patients.*' ™ Our study revealed a particularly striking gender disparity: male T2DM patients showed significantly
higher in-hospital death risk (OR=1.988, 95% CI: 1.618-2.450; P < 0.001). While this aligns with reports from Asian
cohorts demonstrating elevated mortality in males with chronic metabolic diseases, several European studies have
observed no significant gender differences in T2DM mortality after adjusting for socioeconomic factors.**** This
discrepancy may reflect regional variations in healthcare access, lifestyle factors, or comorbidity profiles. For instance,
lower rates of preventive care utilization among elderly males in rural China—a key contributor to delayed complication
management—may amplify biological risk factors.

Table 4 Detailed Performance Metrics for the Three Datasets

Models AUROC Sensitivity | Specificity PPV NPV LR+ LR-
(95% CI) (95% CI) (95% ClI) (95% CI) (95% CI) (95% ClI) (95% CI)
Training set 0.873 0.792 0.806 0.128 0.991 4.082 0.258
0.857-0.889 | 0.751-0.832 | 0.798-0.813 | 0.115-0.141 | 0.989-0.993 | 3.718-4.449 | 0.207-0.312
Internal validation set 0.830 0.667 0.846 0.118 0.988 4.331 0.394
0.797-0.864 | 0.590-0.744 | 0.836-0.857 | 0.096-0.140 | 0.985-0.991 | 3.598-5.203 | 0.299-0.490
External validation set 0.834 0.826 0.729 0.048 0.996 3.048 0.239
0.757-0.911 | 0.671-0.981 | 0.705-0.752 | 0.027-0.069 | 0.992-1.000 | 2.275-3.956 | 0.025-0.467

Abbreviations: AUROC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value; LR+,

positive likelihood ratio; LR—, negative likelihood ratio; Cl,: confidence interval.
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Figure 7 Decision curves show identification probability of in-hospital death using nomogram.

Our dataset of 17,421 samples included only 556 in-hospital deaths (3.19%), creating significant class imbalance that
complicates predictive modeling. Developing predictive models using imbalanced datasets presents significant chal-
lenges, as standard classification algorithms—including logistic regression, decision trees, random forests, and deep
learning—typically perform best with balanced training data.**>° To address this issue, researchers have developed
various techniques for handling class imbalance, which can be broadly categorized into resampling, algorithmic
adjustments, and hybrid approaches.’'>® In medical datasets, where minority class cases (eg, rare clinical outcomes)
often carry greater clinical significance than majority class cases, proper handling of imbalance is critical.>*
Misclassification of high-risk patients (false negatives) can have severe consequences, making it essential to employ
robust methods such as ensemble learning (eg, Balanced Random Forest) or cost-sensitive learning variants of traditional
algorithms. The choice of technique depends on factors such as dataset size, imbalance ratio, and clinical requirements,

with hybrid approaches often providing the best trade-off between performance and generalizability.
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In this study, we developed a predictive model for in-hospital death among older patients with T2DM based on
demographic characteristics and admission laboratory parameters. The model demonstrates excellent predictive perfor-
mance and clinical utility. The predictors incorporated in our model are readily available and cost-effective, significantly
enhancing its applicability in primary care hospitals and resource-limited rural areas. Clinicians and nurses can utilize
this tool to rapidly and accurately assess mortality risk in older T2DM patients, enabling timely interventions that may
reduce death rates. Notably, we have successfully applied this model to older hypertensive patients, where it also shows
strong discriminative ability and high clinical value (Supplementary Figure S2).

This study has several strengths, most notably the use of a large, multicenter sample derived from EMR of older
patients with T2DM, encompassing both those who experienced in-hospital death and those who did not. However,
several limitations should be acknowledged. First, the retrospective design inherently provides weaker evidence than
prospective studies, necessitating cautious interpretation of the findings. Second, while we examined key patient
characteristics—including demographics, baseline clinical data, and medication use—incorporating additional socio-
economic factors (eg, household income and social status) could enhance the identification of predictors for in-hospital
death in this population. Finally, the primary reason for hospitalization was not analyzed, as initial admission diagnoses
(eg, “T2DM peripheral neuropathy” for a patient admitted with acute pain) may not fully reflect the actual causes of
emergency hospitalization. Future studies with comprehensive data on all relevant covariates are warranted to address
these gaps.
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Predictive model for In-hospital Death in elderly T2DM patients
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Figure 9 An example of in-hospital death prediction using the nomogram in older patients with T2DM via a link.

Conclusions

In a multicenter cohort of older T2DM patients, we identified age, gender, history of surgery, CCI score, CHD, COPD,
SCR, ALB, HbAc, nutritional support drug use, and antibiotic drug use as key mortality predictors. Optimizing these
modifiable factors may reduce in-hospital deaths. Our model serves as a pragmatic screening tool for prioritizing high-
risk patients, with potential applications across diverse clinical settings.
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