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Abstract: Objective: To identify admission-based predictive indicators for in-hospital acute metabolic complications 
in elderly patients with type 2 diabetes mellitus (T2DM), and to develop and internally validate a simple predic-
tive model for early risk stratification. Methods: A total of 203 elderly inpatients with T2DM were included in this 
retrospective cohort study. According to the occurrence of acute metabolic complications during hospitalization, 
patients were divided into a complication group (n = 40) and a non-complication group (n = 163). All candidate 
predictive indicators were collected from admission medical records and laboratory test results obtained within 24 
to 48 hours after admission. Univariate and multivariate logistic regression analyses were performed to screen for 
independent predictive factors. The model’s discriminatory power was evaluated using the area under the receiver 
operating characteristic curve (AUC), and 1000 bootstrap resamplings were adopted for internal validation. Results: 
The complication group had significantly higher admission HbA1c levels than the non-complication group (P<0.001), 
as well as a higher prevalence of hypertension (P = 0.002). Multivariate regression analysis verified that HbA1c (OR 
= 1.761, 95% CI: 1.44-2.15, P<0.001) and hypertension (OR = 3.904, 95% CI: 1.60-9.53, P = 0.003) were indepen-
dent risk factors for in-hospital acute metabolic complications. The predictive model based on these two indicators 
exhibited good discriminatory performance, with an original AUC of 0.836. After bootstrap internal validation, the 
optimism-corrected AUC was 0.726, indicating acceptable stability of the model. Conclusion: Elevated admission 
HbA1c and comorbid hypertension are independent predictive factors for in-hospital acute metabolic complications 
in elderly T2DM patients. This novel simple model has favorable predictive efficacy and stability, and it can serve as 
a feasible clinical tool for early risk stratification in elderly T2DM inpatients.
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Introduction

Global population aging is accelerating, and 
type 2 diabetes mellitus (T2DM) has become a 
major chronic disease threatening the health of 
elderly individuals [1, 2]. T2DM causes long-
term metabolic disorders and multiple system-
ic complications, which severely impair the 
quality of life of elderly patients and shorten 
their survival time, bringing a heavy social and 
economic burden [3]. Elderly T2DM patients 
often have declined organ function and multi-
ple comorbidities, which increase the difficulty 

of glycemic management. Acute metabolic 
complications, including severe hypoglycemia, 
diabetic ketoacidosis (DKA), and hyperosmolar 
hyperglycemic state (HHS), are common criti- 
cal complications in elderly T2DM inpatients. 
These acute conditions are life-threatening and 
require urgent clinical intervention [4, 5].

The occurrence of acute metabolic complica-
tions in elderly T2DM patients results from the 
combined effects of metabolic instability and 
age-related organ fragility, with complex patho-
physiologic mechanisms. Blood glucose fluctu-
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ations, decreased renal clearance, liver dys-
function, and persistent chronic inflammatory 
status can alter insulin sensitivity, hepatic glu-
cose synthesis, and the pharmacokinetic and 
pharmacodynamic characteristics of hypogly-
cemic drugs. These changes further increase 
the risk of metabolic decompensation in 
patients [6]. Clinically, acute metabolic compli-
cations such as severe hypoglycemia, DKA, and 
HHS are closely associated with elevated short-
term mortality. They can also induce secondary 
cardiovascular and renal adverse events, com-
plicate acute-stage treatment and adversely 
affect long-term patient prognosis [7].

Previous studies have identified multiple fac-
tors associated with acute diabetic metabolic 
events, including poor long-term glycemic con-
trol, renal dysfunction, infection, dehydration, 
cardiovascular comorbidities, and irrational 
medication use. Glycated hemoglobin (HbA1c) 
reflects long-term cumulative glycemic expo-
sure and can indicate chronic metabolic insta-
bility in patients. Hypertension and renal dys-
function can reflect vascular injury, decreased 
renal clearance, endothelial dysfunction, and 
systemic metabolic vulnerability. However, mo- 
st existing studies focus on single complication 
outcomes, young and middle-aged populations, 
type 1 diabetes patients, or outpatient popula-
tions. High-quality clinical evidence targeting 
hospitalized elderly T2DM patients is still insuf-
ficient, and simple predictive models based on 
routine admission indicators are lacking.

Although the management of chronic diabetes 
has been continuously optimized, there is still a 
lack of systematic risk assessment and preven-
tion strategies for in-hospital acute metabolic 
complications in elderly T2DM patients [8]. In 
particular, few predictive models combine rou-
tine laboratory indicators and comorbidity char-
acteristics to screen for high-risk patients at 
admission [8].

Against this background, this retrospective 
cohort study analyzed the correlation between 
routine admission indicators (glycemic param-
eters, renal function, comorbidities) and in-hos-
pital acute metabolic complications in elderly 
T2DM patients. We also constructed and inter-
nally validated a simple predictive model to pro-
vide an effective tool for early risk stratification 
and targeted intervention for this high-risk 
population.

Materials and methods

Study design and patient selection

This retrospective cohort study was conducted 
at Susong County People’s Hospital. Clinical 
data of elderly T2DM inpatients admitted from 
January 2018 to December 2024 were retrieved 
from the hospital’s electronic medical record 
system. The study protocol was approved by 
the Ethics Committee of Susong County 
People’s Hospital. Since this study adopted 
anonymized retrospective clinical data, the 
requirement for informed consent was waived.

The inclusion criteria were as follows: (1) Age 
≥65 years; (2) Clinically confirmed diagnosis of 
T2DM [9]; (3) Hospital stay ≥24 hours; (4) 
Complete in-hospital laboratory examination 
records; (5) Complete routine laboratory data 
detected within 24-48 hours after admission.

The exclusion criteria were as follows: (1) 
Diagnosis of type 1 diabetes, gestational dia-
betes, or secondary diabetes; (2) Admission 
due to initial onset of acute metabolic compli-
cations; (3) Repeated hospitalization during the 
study period (only the first eligible hospitaliza-
tion record was included); (4) Missing key pre-
dictive indicator or outcome data; (5) Receipt of 
continuous renal replacement therapy or other 
treatments that may interfere with baseline 
metabolic indicators; (6) Having end-stage dis-
eases, advanced malignant tumors, severe 
liver failure, or other severe non-diabetic dis-
eases affecting the interpretation of laboratory 
results; (7) Incomplete medical records or 
unclear outcome documentation.

The patient screening flow chart is shown in 
Supplementary Figure 1. A total of 286 hospi-
talization records were initially screened. After 
excluding ineligible cases, 203 elderly T2DM 
inpatients were finally enrolled, including 40 
patients (19.7%) with in-hospital acute meta-
bolic complications (complication group) and 
163 patients (80.3%) without complications 
(non-complication group).

Data extraction

We extracted complete clinical data from elec-
tronic medical records, including patients’ 
demographic characteristics, comorbidities, 
medication history, admission laboratory indi-
cators, and in-hospital clinical outcomes. 
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Demographic indicators wereage and sex. 
Comorbidities included hypertension, cardio-
vascular disease, heart failure, dementia, and 
chronic kidney disease (CKD) stage. Medication 
information included the use of dipeptidyl pep-
tidase-4 inhibitors (DPP-4i), sodium-glucose 
cotransporter-2 inhibitors (SGLT2i), glucagon-
like peptide-1 receptor agonists (GLP-1RA), glu-
cocorticoids, sympathomimetic agents, and 
diuretics.

Admission laboratory indicators included 
HbA1c, random blood glucose (RBG), fasting 
blood glucose (FBG), serum creatinine, estimat-
ed glomerular filtration rate (eGFR), alanine 
aminotransferase (ALT), aspartate aminotrans-
ferase (AST), total cholesterol, triglycerides, 
and C-reactive protein (CRP). All laboratory data 
were obtained from tests completed within 
24-48 hours after admission. For patients with 
multiple test results within the time window, 
the first valid result was adopted for analysis. 
Two researchers independently completed 
data extraction and cross-checking. Any dis-
crepancies were resolved by reviewing original 
medical records and consulting a senior 
researcher.

Outcome measures

The primary outcome was the occurrence of 
any acute metabolic complication during hospi-
talization, including severe hypoglycemia, DKA, 
and HHS. Severe hypoglycemia was defined as 
a hypoglycemic episode requiring clinical inter-
vention or intravenous glucose supplementa-
tion. DKA and HHS were diagnosed based on 
standard clinical manifestations, laboratory 
test results, and final discharge diagnoses. 
Secondary outcomes included the incidence of 
individual acute metabolic complications and 
the predictive performance of the model (dis-
crimination, calibration, reclassification ability, 
and clinical utility).

Statistical analysis

SPSS 26.0 and R 4.2.1 software were used for 
all statistical analyses. Continuous variables 
were compared using the Student’s t-test or 
Mann-Whitney U test according to data distri-
bution. Categorical variables were compared 
using the chi-square test.

First, univariate logistic regression analysis 
was performed for all candidate indicators. 
Variables with P<0.05 by univariate analysis 

and clinically relevant variables were included 
in the initial multivariate logistic regression 
model. Non-significant variables after multivari-
ate adjustment were excluded to establish the 
final parsimonious predictive model. The OR 
value, 95% CI, and P value of each independent 
predictor were calculated. A visual nomogram 
was constructed based on the final regression 
model.

The AUC was used to evaluate the model’s dis-
criminatory ability. A total of 1000 bootstrap 
resamplings were performed for internal valida-
tion to correct model overfitting and evaluate 
stability. In each bootstrap sample, the model 
was refitted and its predictive performance 
was re-evaluated to obtain the optimism-cor-
rected AUC value. Bootstrap-corrected calibra-
tion curves, calibration slope, calibration inter-
cept, and Brier score were used to assess the 
calibration degree and overall predictive accu-
racy of the model.

Net reclassification improvement (NRI) and 
integrated discrimination improvement (IDI) 
were used to evaluate the incremental predic-
tive value of combining hypertension with 
HbA1c. Decision curve analysis (DCA) was per-
formed to calculate the net clinical benefit of 
the model at different risk threshold probabili-
ties. All statistical tests were two-tailed, and 
P<0.05 was considered significant.

Results

Baseline characteristics

Baseline characteristics of the two groups are 
summarized in Table 1. The complication group 
had a significantly higher prevalence of hyper-
tension than the non-complication group 
(42.50% vs. 19.02%, χ2 = 9.809, P = 0.002). 
Among the 40 patients in the complication 
group, 20 developed severe hypoglycemia, 17 
developed DKA, and 13 developed HHS, and a 
small number of patients had multiple concur-
rent acute metabolic complications. There were 
no significant differences between the two 
groups in age, sex, hospital stay, CKD stage, or 
the use of hypoglycemic drugs (DPP-4i, SGLT2i, 
GLP-1RA) (all P>0.05).

Admission laboratory indicators

As shown in Table 2, patients in the complica-
tion group had poorer baseline metabolic sta-
tus and renal function at admission. The HbA1c 
level in the complication group was significantly 
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higher than that of the non-complication group 
[10.11% (8.82-13.25) vs. 7.87% (6.97-9.15), Z 
= -6.530, P<0.001]. The admission RBG level 
was also significantly higher in the complication 
group (P = 0.007). In terms of renal function, 
the complication group had a lower eGFR level 
[66.93 (42.86-79.14) mL/min/1.73 m2] com-
pared to the non-complication group [75.74 
(55.93-87.50) mL/min/1.73 m2] (P = 0.043). 
No significant differences were observed in 
FBG, ALT, AST, blood lipid levels, and CRP 
between the two groups (all P>0.05).

Screening of independent predictive factors

The results of univariate logistic regression 
analysis for all candidate indicators are pre-
sented in Supplementary Table 1. All indicators 
with significance in univariate analysis were 
included in the multivariate regression model. 

After multivariate adjustment, RBG and eGFR 
lost significance (P = 0.351). Finally, HbA1c (OR 
= 1.761, 95% CI: 1.444-2.148, P<0.001) and 
hypertension (OR = 3.904, 95% CI: 1.600-
9.525, P = 0.003) were confirmed as indepen-
dent risk factors for in-hospital acute metabolic 
complications in elderly T2DM patients (Table 
3).

Construction and validation of the predictive 
model

Based on the regression coefficients by multi-
variate logistic regression analysis, we estab-
lished a predictive model for in-hospital  
acute metabolic complications in elderly T2DM 
patients. The prediction formula is as follows:  
P = 1/[1 + e^(-(-7.051 + 0.566HbA1c + 
1.362Hypertension))].

Table 1. Baseline characteristics of patients with and without complications
Characteristic Complications (n = 40) No complications (n = 163) t/Z/χ2 P value
Age (years) 73.00 (68.00-78.75) 74.00 (68.00-77.00) -0.093 0.926
Sex 0.062 0.804
    Male 19 (47.50%) 81 (49.69%)
    Female 21 (52.50%) 82 (50.31%)
Length of hospital stay (days) 11.50 (10.00-13.75) 10.00 (10.00-13.00) -1.525 0.127
Chronic kidney disease (CKD) stage 0.027 0.987
    Stage 1 8 (20.00%) 34 (20.86%)
    Stage 2 20 (50.00%) 82 (50.31%)
    Stage 3 12 (30.00%) 47 (28.83%)
Comorbidities
    Cardiovascular disease 10 (25.00%) 45 (27.61%) 0.111 0.740
    Hypertension 17 (42.50%) 31 (19.02%) 9.809 0.002
    Heart failure 12 (30.00%) 38 (23.31%) 0.774 0.379
    Dementia 9 (22.50%) 27 (16.56%) 0.776 0.378
Medications
    DPP-4 inhibitor (DPP-4i) 12 (30.00%) 49 (30.06%) 0.000 0.994
    SGLT2 inhibitor (SGLT2i) 7 (17.50%) 31 (19.02%) 0.049 0.825
    GLP-1 receptor agonist (GLP-1RA) 8 (20.00%) 32 (19.63%) 0.003 0.958
    Glucocorticoids 10 (25.00%) 39 (23.93%) 0.020 0.887
    Sympathomimetic agents 12 (30.00%) 37 (22.70%) 0.579 0.447
    Diuretics 8 (20.00%) 46 (28.22%) 0.731 0.393
Acute metabolic complications
    Hypoglycemia 20 (50.00%) 0 (0.00%) 90.407 <0.001
    Diabetic ketoacidosis (DKA) 17 (42.50%) 0 (0.00%) 75.607 <0.001
    Hyperosmolar hyperglycemic state (HHS) 13 (32.50%) 0 (0.00%) 56.600 <0.001
Note: Data are presented as median (interquartile range) or n (%). CKD, chronic kidney disease; DPP-4i, dipeptidyl peptidase-4 
inhibitor; SGLT2i, sodium-glucose cotransporter-2 inhibitor; GLP-1RA, glucagon-like peptide-1 receptor agonist; DKA, diabetic ke-
toacidosis; HHS, hyperosmolar hyperglycemic state. Some patients experienced more than one type of acute metabolic complica-
tion; therefore, the sum of individual events exceeded 40.
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Table 2. Laboratory values in patients with and without complications
Characteristic Complications (n = 40) No complications (n = 163) Z P value
HbA1c (%) 10.11 (8.82-13.25) 7.87 (6.97-9.15) -6.53 <0.001
Random Blood Glucose (mmol/L) 16.96 (12.16-18.54) 14.83 (11.23-18.34) -2.706 0.007
eGFR (mL/min/1.73 m2) 66.93 (42.86-79.14) 75.74 (55.93-87.50) -2.206 0.043
Fasting Blood Glucose (mmol/L) 9.03 (5.35-11.18) 8.56 (5.92-11.52) -0.415 0.678
Serum Creatinine (μmol/L) 132.39 (114.38-143.78) 125.38 (92.80-152.22) -1.195 0.232
ALT (U/L) 18.70 (12.79-22.25) 17.70 (13.20-22.09) -0.174 0.862
AST (U/L) 22.98 (18.87-26.54) 21.79 (17.79-26.23) -0.03 0.976
Total Cholesterol (mmol/L) 5.28 (3.35-7.03) 4.77 (3.34-6.35) -0.512 0.609
Triglycerides (mmol/L) 1.54 (1.20-1.89) 1.52 (1.16-1.81) -0.315 0.752
C-reactive protein (mg/L) 5.33 (3.38-6.35) 5.33 (3.39-6.58) -0.465 0.642
Note: Data are presented as median (interquartile range). HbA1c, glycated hemoglobin; eGFR, estimated glomerular filtration 
rate; ALT, alanine aminotransferase; AST, aspartate aminotransferase; CRP, C-reactive protein.

Table 3. Multivariable logistic regression analysis of predictors of acute metabolic complications
Variable β SE Wald χ2 P value OR (95% CI)
HbA1c 0.566 0.101 31.15 <0.001 1.761 (1.444-2.148)
Hypertension (Yes vs. No) 1.362 0.455 8.96 0.003 3.904 (1.600-9.525)
Constant -7.051 1.027 47.10 <0.001 -
Note: β indicates the regression coefficient. SE, standard error; OR, odds ratio; CI, confidence interval; HbA1c, glycated hemoglo-
bin. Acute metabolic complications were coded as yes = 1 and no = 0. Hypertension was coded as yes = 1 and no = 0. HbA1c 
was entered as a continuous variable. Random blood glucose entered the initial model but was not retained after adjustment 
(P = 0.351).

Figure 1. Receiver Operating Characteristic (ROC) curves of the prediction models. A. The ROC curve of the com-
bined model [glycated hemoglobin (HbA1c) + hypertension] in the full study cohort (red solid line) demonstrates its 
significant discriminative performance in the original dataset. The area under the curve (AUC) is 0.836, while the 
AUC of the model using only HbA1c (blue dashed line) is 0.833. B. The internal validation using bootstrap resam-
pling (1,000 iterations) shows that the AUC after optimism correction is 0.726. The diagonal of the gray dashed line 
represents the performance of a random classifier.
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In this model, hypertension was assigned a 
value of 1 for positive cases and 0 for negative 
cases.

Model performance and internal validation

The original AUC of the model in the overall 
cohort was 0.836 (95% CI: 0.769-0.903) 
(Figure 1A), indicating good discriminatory abil-
ity in the original dataset. After 1000-bootstrap 
internal validation and overfitting correction, 
the optimism-corrected AUC was 0.726 (Figure 
1B), verifying good stability of the model.

The bootstrap-corrected calibration curve 
showed favorable consistency between the 
model’s predicted risk probability and actual 
clinical outcome (Figure 2). The calibration 
slope was 0.955 and the calibration intercept 
was -0.042. The model’s Brier score was 0.113, 
further confirming the high overall predictive 
accuracy.

Clinical utility of the model

According to the Youden index, the optimal risk 
threshold of the model was 0.218. At this 

te metabolic complications in elderly T2DM 
patients. We further constructed and internally 
validated a simple predictive model based on 
these two routine admission indicators. The 
model had good predictive efficacy and stabili-
ty, so it may be a targeted risk assessment tool 
for elderly T2DM inpatients and support clinical 
individualized diabetes management.

As a core indicator reflecting long-term glyce-
mic control, HbA1c has stable predictive value 
for diabetic metabolic risk, which is consistent 
with the metabolic memory theory and existing 
clinical research conclusions [10, 11]. This 
study found that the risk of life-threatening 
acute metabolic complications (severe hypogly-
cemia, DKA, HHS) increased significantly with 
the elevation of HbA1c. Elevated HbA1c indi-
cates persistent long-term hyperglycemia, 
insufficient islet β-cell reserve, severe insulin 
resistance, poor outpatient treatment adher-
ence, and suboptimal long-term glycemic man-
agement [12]. Elderly T2DM patients are vul-
nerable to adverse events caused by excessive 
hypoglycemia, so clinical guidelines usually rec-

Figure 2. Calibration curve of the prediction model. This graph shows the 
relationship between the predicted probability (on the x-axis) and the ob-
served frequency (on the y-axis). The blue solid line represents the predic-
tion model, and the gray dotted line indicates the perfect calibration state, 
meaning that the predicted probability is exactly the same as the observed 
result.

threshold, the model’s sensitivi-
ty was 65.0%, specificity was 
85.3%, and negative predictive 
value (NPV) was 90.9% (Table 
4). A predicted risk lower than 
0.218 can accurately screen 
low-risk patients, avoiding unne- 
cessary intensive clinical moni-
toring and excessive treatment.

DCA results showed that com-
pared to the “universal interven-
tion” and “no intervention” stra- 
tegies, this model maintained  
a higher net clinical benefit with-
in the threshold probability 
range of 10%-80% (Figure 3). 
The nomogram of the final pre-
dictive model is shown in Figure 
4, which can directly and visual-
ly evaluate the individual risk of 
acute metabolic complications 
in elderly T2DM inpatients.

Discussion

This retrospective cohort study 
confirmed that elevated admi- 
ssion HbA1c and comorbid hy- 
pertension were independent 
risk factors for in-hospital acu- 
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ommend individualized and relaxed glycemic 
targets for elderly populations. However, this 
study found that poor pre-admission glycemic 

delay the early identification of metabolic dete-
rioration. Additionally, common antihyperten-
sive drugs such as diuretics may cause dehy-

Table 4. Performance metrics of the multivariable model for 
predicting acute metabolic complications
Metric Value/estimate
Discrimination
    Apparent AUC 0.836 (0.769-0.903)
    Optimism-corrected AUC 0.726
Calibration
    Slope 0.955
    Intercept -0.042
    Brier Score 0.113
Reclassification (vs. HbA1c alone)
    Net Reclassification Improvement (NRI) 0.470 (P = 0.002)
    Integrated Discrimination Improvement (IDI) 0.049 (P<0.001)
Clinical Utility (at cutoff 0.218)
    Sensitivity 65.0%
    Specificity 85.3%
    Positive Predictive Value (PPV) 52.0%
    Negative Predictive Value (NPV) 90.9%
Note: AUC, area under the curve; CI, confidence interval; NRI, net reclassification 
improvement; IDI, integrated discrimination improvement; PPV, positive predictive 
value; NPV, negative predictive value. Bootstrap validation used resamples of the 
full cohort; no independent validation cohort was available.

Figure 3. Decision Curve Analysis (DCA) of the combined model. The com-
bined model (red solid line) achieved a higher net benefit within a wider 
range of threshold probabilities compared to the “all treatment” (gray dot-
ted line) and “all no treatment” (black horizontal line) strategies, suggest-
ing its good clinical practicability.

control (elevated HbA1c) was an 
important inducement for in-
hospital acute metabolic com-
plications. This may be attribut-
ed to the rapid adjustment of 
hypoglycemic regimens after 
admission or unstable blood 
glucose fluctuations caused by 
long-term metabolic disorders 
[13].

Notably, RBG was correlated 
with acute metabolic complica-
tions in univariate analysis but 
failed to become an inde- 
pendent predictive factor after 
multivariate adjustment. Unlike 
HbA1c, a single RBG detection 
result is easily affected by 
recent diet, acute stress, infec-
tion, and pre-admission hypo-
glycemic treatment. It reflects 
only transient glycemic status, 
while HbA1c can stably reflect 
long-term glycemic burden and 
basic metabolic vulnerability of 
patients, thus having higher 
clinical predictive value.

This study verified that hyper-
tension is a powerful indepen-
dent risk factor for acute meta-
bolic complications. In elderly 
patients, hypertension is often 
accompanied by endothelial dy- 
sfunction, renal microvascular 
injury, and systemic vascular 
fragility [14]. Although eGFR 
was lower in the complication 
group, it was not retained in the 
final model as an independent 
predictor. Previous studies have 
shown that the combination of 
diabetes and hypertension can 
impair vascular regulation and 
neurological perception func-
tion [15, 16]. These abnormali-
ties reduce the physiologic 
reserve of elderly patients, 
weaken their ability to perceive 
blood glucose fluctuations, and 
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dration and electrolyte disorders, further dis-
rupting glycemic balance [17]. It is worth 
emphasizing that this observational study can 
only confirm hypertension as a clinical marker 
of cardiorenal and vascular vulnerability, rather 
than a direct causal factor of acute metabolic 
complications.

The model’s original AUC was 0.836, and the 
bootstrap-corrected AUC was 0.726, indicating 
moderate and stable discriminatory ability. 
Most existing diabetic complication prediction 
models focus on single complications, young 
populations, or outpatient patients [18, 19]. In 
contrast, this model was specially designed for 
elderly T2DM inpatients with multiple comor-
bidities and complex metabolic status, giving a 
stronger targeted clinical applicability. The 
model has good calibration, and DCA verifies its 
stable net clinical benefit. Importantly, the NPV 
reaches 90.9% at the optimal threshold, which 
can accurately screen low-risk patients. For 
these low-risk patients, clinicians can appropri-
ately reduce monitoring frequency and treat-
ment intensity, so as to optimize medical 
resource allocation and reduce medical costs 
[20]. It should be noted that the corrected AUC 
is more objective and reliable than the original 
value. Limited by the lack of external validation, 
this model is more suitable for preliminary clini-
cal risk stratification rather than definitive clini-
cal decision-making.

This study had several strengths, but also had 
inherent limitations. First, the retrospective 

and adverse diabetes events [24, 25]. Fifth, 
this study only completed internal bootstrap 
validation without external multicenter valida-
tion. In addition, the small number of individual 
complication cases cannot support subtype-
specific modeling, and early in-hospital treat-
ment may interfere with admission laboratory 
test results.

Future research should enroll multicenter pro-
spective cohorts to complete external valida-
tion of the model and verify its clinical appli- 
cability in different medical environments. 
Incorporating continuous glucose monitoring 
data can dynamically reflect blood glucose fluc-
tuations and further improve the model’s pre-
dictive accuracy [26, 27]. Subsequent studies 
will also explore the predictive efficacy of the 
model for different types of acute metabolic 
complications and evaluate the clinical out-
come improvement brought by model-assisted 
risk management.

In conclusion, admission elevated HbA1c and 
comorbid hypertension were independent pre-
dictive factors for in-hospital acute metabolic 
complications in elderly T2DM patients. The 
simple prediction model constructed based on 
these two routine indicators has good stability 
and clinical utility. It can realize early risk strati-
fication of elderly T2DM inpatients, help clini-
cians formulate individualized intervention 
strategies, and improve the safety and quality 
of clinical diabetes management for elderly 
patients.

Figure 4. Nomogram for predicting acute metabolic complications in hos-
pitalized elderly patients with type 2 diabetes mellitus. The nomogram was 
constructed using HbA1c and hypertension from the final multivariable 
logistic regression model. The points assigned to the two predictors are 
summed to obtain the total points, which are then mapped to the pre-
dicted probability of acute metabolic complications.

single-center design cannot 
confirm the causal relationship 
between indicators and compli-
cations. Second, this study 
failed to fully include potential 
confounding factors such as 
infection severity, nutritional 
status, and pre-admission med-
ication adherence, which have 
been proven to affect diabetic 
metabolic outcomes [21, 22]. 
Third, the enrolled patients 
were all from a single hospital, 
which may limit the generaliz-
ability of the model [23]. Fourth, 
the model did not incorporate 
geriatric syndrome indicators 
such as frailty and cognitive 
impairment, which are closely 
related to severe hypoglycemia 
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Supplementary Figure 1. Patient selection flow diagram. A total of 286 hospitalization records were initially 
screened from January 2018 to December 2024. After excluding 83 records according to the predefined inclusion 
and exclusion criteria, 203 eligible elderly patients with type 2 diabetes mellitus (T2DM) were included in the final 
analysis, including 40 patients with acute metabolic complications and 163 without acute metabolic complications.
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Supplementary Table 1. Univariate logistic regression analyses of all candidate variables
Variable Assignment Univariate OR (95% CI) P value
Age Continuous 0.993 (0.935-1.054) 0.811
Sex Male = 1, Female = 0 0.916 (0.458-1.830) 0.804
Length of hospital stay Continuous 1.094 (0.947-1.263) 0.222
CKD stage Stage 1 as reference - 0.987
CKD stage 2 vs. 1 2 vs. 1 1.037 (0.416-2.581) 0.938
CKD stage 3 vs. 1 3 vs. 1 1.085 (0.400-2.942) 0.872
Cardiovascular disease Yes = 1, No = 0 0.874 (0.395-1.933) 0.740
Hypertension Yes = 1, No = 0 3.147 (1.503-6.589) 0.002
Heart failure Yes = 1, No = 0 1.410 (0.654-3.037) 0.381
Dementia Yes = 1, No = 0 1.462 (0.625-3.419) 0.380
DPP-4 inhibitor Yes = 1, No = 0 0.997 (0.469-2.121) 0.994
SGLT2 inhibitor Yes = 1, No = 0 0.903 (0.366-2.232) 0.825
GLP-1 receptor agonist Yes = 1, No = 0 1.023 (0.431-2.433) 0.958
Glucocorticoids Yes = 1, No = 0 1.060 (0.476-2.361) 0.887
Sympathomimetic agents Yes = 1, No = 0 1.459 (0.676-3.149) 0.335
Diuretics Yes = 1, No = 0 0.636 (0.273-1.483) 0.294
HbA1c Continuous 1.719 (1.427-2.072) <0.001
Random blood glucose Continuous 1.049 (1.001-1.100) 0.047
eGFR Continuous 0.986 (0.971-1.001) 0.074
Fasting blood glucose Continuous 0.993 (0.892-1.105) 0.891
Serum creatinine Continuous 1.001 (0.997-1.004) 0.673
ALT Continuous 0.984 (0.939-1.031) 0.500
AST Continuous 0.988 (0.942-1.036) 0.619
Total cholesterol Continuous 1.054 (0.875-1.270) 0.577
Triglycerides Continuous 1.018 (0.652-1.590) 0.936
CRP Continuous 0.963 (0.897-1.033) 0.294
Note: Acute metabolic complications were coded as yes = 1 and no = 0. Sex was coded as male = 1 and female = 0. Hyperten-
sion, comorbidities, and medication use were coded as yes = 1 and no = 0. Continuous variables were entered as continu-
ous variables. CKD stage was analyzed as a categorical variable, with stage 1 as the reference category. OR, odds ratio; CI, 
confidence interval; CKD, chronic kidney disease; HbA1c, glycated hemoglobin; eGFR, estimated glomerular filtration rate; ALT, 
alanine aminotransferase; AST, aspartate aminotransferase; CRP, C-reactive protein.


