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Abstract

Background To compare three machine learning algorithms for constructing a hypoglycemia risk prediction model
in hospitalized type 2 diabetes patients, identify the optimal model, and validate it to provide decision-making
support for early clinical identification of high-risk patients.

Methods A case-control study design was adopted, retrospectively collecting clinical data from 1,167 hospitalized
type 2 diabetes patients in the endocrinology department of a tertiary hospital from January to December 2024.
Patients were divided into a hypoglycemia group (220 cases) and a non-hypoglycemia group (947 cases). After
screening predictive variables using LASSO regression, the data were randomly split into a training set (934

cases) and a validation set (233 cases) at an 8:2. The training set was used to construct prediction models using
Logistic Regression, Random Forest (RF), and Extreme Gradient Boosting (XGBoost) algorithms, with internal
validation performed on the validation set to assess predictive performance. The optimal model was determined
by comprehensively evaluating the Area Under the ROC Curve (AUC) and F1 score. The SHAP (Shapley Additive
Explanations) method was applied for interpretability analysis.

Results The incidence of hypoglycemia was 18.85% (220/1,167). LASSO regression identified nine key predictive
variables: random C-peptide, insulin-containing fluid infusion, BMI, length of hospital stay, age, renal dysfunction,
albumin level, lipohypertrophy, and insulin antibodies, all of which were statistically significant (P < 0.05). Validation
results showed that the XGBoost model exhibited the best predictive performance in both the training set

fliu Cai-xia and Huang Zhao-xu contributed equally to this work as
co-first authors.

Qi Rui and Hua Yan contributed equally to this paper as co-last
authors.

*Correspondence:

Yan Hua
huayan1112@126.com
Rui Qi
rachelgqi@126.com

Full list of author information is available at the end of the article

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s12902-025-02104-x
http://crossmark.crossref.org/dialog/?doi=10.1186/s12902-025-02104-x&domain=pdf&date_stamp=2025-11-22

Liu et al. BMC Endocrine Disorders (2025) 25:291

Page 2 of 12

diabetes patients.
Clinical trial number Not applicable.

(AUC=0.853) and the validation set (AUC=0.910), outperforming the other models significantly. SHAP analysis
revealed the contribution of each feature to the prediction.

Conclusion The prediction model developed with the XGBoost algorithm demonstrated superior discriminative
performance, providing a reliable tool for clinical identification of high-risk hypoglycemia in hospitalized type 2

Keywords Hospitalized type 2 diabetes, Hypoglycemia, Prediction model, Machine learning, XGBoost algorithm

Introduction

In recent years, factors such as population aging, seden-
tary behavior, and obesity have significantly contributed
to the increase in the prevalence of type 2 diabetes mel-
litus (T2DM) [1]. The global number of cases increased
from 151 million in 2000 to 425 million in 2017, with
projections indicating a rise to 629 million by 2045 [2].
T2DM is characterized by insulin resistance and [-cell
dysfunction, with chronic hyperglycemia damages organs
such as the heart, kidneys, and eyes, resulting in macro-
vascular and microvascular complications [3]. Hypogly-
cemia, an acute complication of diabetes, is one of the
major obstacles in blood glucose control. The American
Diabetes Association (ADA) classifies hypoglycemia into
five categories: severe hypoglycemia (requiring assistance
to recover), symptomatic hypoglycemia (blood glucose <
3.9 mmol/L), asymptomatic hypoglycemia (blood glucose
< 3.9 mmol/L without symptoms), probable hypoglyce-
mia (symptoms present but blood glucose not measured),
and relative hypoglycemia (symptoms present but blood
glucose >3.9 mmol/L) [4]. Studies indicate that around
46.5% of patients with T2DM experience monthly epi-
sodes of hypoglycemia [5], with 31.6% of insulin-treated
patients at risk of severe hypoglycemia, particularly those
on intensive therapy or short-acting insulin [6]. The
harms of hypoglycemia include cognitive dysfunction
(e.g., confusion, coma) and cardiovascular events (e.g.,
arrhythmias) [7, 8]. Psychologically, the fear of hypogly-
cemia may overshadow concerns about long-term com-
plications, impacting not only patients but also their
families and friends [9]. Recurrent hypoglycemia impairs
defense mechanisms and increases mortality risk. Addi-
tionally, each hypoglycemic episode incurs additional
medical costs of approximately £1,200, posing a signifi-
cant economic burden [10]. Therefore, accurate identifi-
cation and management of hypoglycemia are critical for
preventing adverse events and have become key indica-
tors of diabetes care quality [11]. Scientific assessment
and intervention can enhance care safety and patient
quality of life.

Machine learning, which utilizes algorithmic models to
discern patterns from data and generate predictions, has
been widely applied in medicine, particularly in diabetes
management. It can extract crucial insights from clinical

data to aid physicians in diagnosis and risk assessment,
particularly in repetitive and uncertain medical scenar-
ios [12]. Common machine learning algorithms include
Logistic Regression, Support Vector Machine (SVM),
Random Forest (RF), and Extreme Gradient Boosting
(XGBoost) [13, 14]. In diabetes care, machine learning
has been used to predict disease progression, blood glu-
cose fluctuations, and complication risks. For instance,
the Eye Art system employs machine learning to screen
for diabetic retinopathy, achieving sensitivity and speci-
ficity levels exceeding 91% [15]. Similarly, algorithms like
Random Forest have been utilized to forecast the risk of
diabetes onset and track blood glucose trends, facilitating
early intervention [16]. For example, Random Forest or
gradient boosting algorithms can amalgamate data from
various sources (such as electronic health records and
real-time monitoring) to develop high-precision predic-
tion models, enabling healthcare providers to take proac-
tive measures to mitigate hypoglycemic events [17, 18].

Given the critical need for proactive hypoglycemia
management in hospitalized T2DM patients, this study
aims to develop and validate a robust prediction tool
leveraging machine learning. We specifically sought to
compare the predictive performance of three distinct
algorithms—Logistic Regression, Random Forest, and
XGBoost—in forecasting hypoglycemia risk. These algo-
rithms were selected to represent a spectrum of mod-
eling techniques, from a traditional linear classifier to
more complex, ensemble-based tree methods [19, 20].
The models were constructed using clinically relevant
variables filtered through LASSO regression from a
comprehensive dataset [21]. The primary objective was
to identify the optimal model through rigorous internal
validation, evaluating metrics such as the Area Under
the ROC Curve (AUC) and F1 score [22]. Furthermore,
we employed the SHAP (SHapley Additive exPlanations)
framework to enhance the interpretability of the best-
performing model [22]. The ultimate goal is to provide a
validated, high-performance, and clinically interpretable
tool to assist healthcare providers in the early identifi-
cation of high-risk inpatients, thereby facilitating timely
interventions and improving patient safety.
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Subjects and methods
Study subjects
A case-control design was employed to retrospectively
gather data from T2DM patients hospitalized in the
endocrinology department of the First Affiliated Hospital
of Air Force Medical University from January to Decem-
ber 2024. Inclusion criteria: (1) Diagnosis of T2DM and
hypoglycemia met; (2) Hospitalized status. Exclusion cri-
teria: (1) Admission for hypoglycemia, diabetic ketoaci-
dosis, or hyperosmolar hyperglycemic state; (2) Presence
of infectious diseases, acute coronary syndrome, malig-
nancies, anemia, or renal failure; (3) Missing or duplicate
medical records. In addition, for participants under the
age of 16, we have provided comprehensive information
regarding the study to their parents or legal guardians
and obtained written informed consent from them.
Considering the need for 5-10 samples per variable
for predictive modeling and an estimated hypoglycemia
incidence of 20% [23], the minimum sample size was
calculated as 875 cases (accounting for 20% potential
data loss). Ultimately, the study comprised 1,167 cases,
with 220 (18.85%) in the hypoglycemia group and 947
(81.15%) in the non-hypoglycemia group.

Study variables and data extraction methods

Based on the literature review, discussions within the
research team, and two rounds of expert inquiries, a
screening form for risk factors of hypoglycemia in hos-
pitalized type 2 diabetic patients was designed, modified,
and finalized. The form includes a total of 28 risk fac-
tors. General information: age, gender, BMI, educational
level, length of hospital stay. Diabetes-related informa-
tion: duration of diabetes, diabetes treatment plan (basal
insulin, intensive insulin, oral medication). Laboratory-
related tests: C-peptide, insulin antibody, glycosylated
hemoglobin, total cholesterol, triglycerides, high-density
lipoprotein cholesterol, low-density lipoprotein choles-
terol, hemoglobin, free triiodothyronine, free thyroxine,
total triiodothyronine, total thyroxine, thyroid stimulat-
ing hormone, vitamin D. Other comorbidities: abnormal
liver function, abnormal kidney function, fat hyperplasia,
hypothyroidism, creatinine abnormality.

The relevant data of type 2 diabetic patients were
extracted from the hospital information system (HIS),
including general patient information, diabetes-related
information, treatment plans, and laboratory tests. If the
patient had a blood glucose level of less than 3.9 mmol/L,
they were classified as the hypoglycemia occurrence

group.

Statistical methods

SPSS 25.0 and R 4.3 were used for data analysis. Cat-
egorical data were described using frequencies and per-
centages, with group comparisons conducted using
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chi-square tests. Continuous variables (e.g., age, BMI,
random C-peptide) were categorized based on clini-
cal reference values. Missing data exceeding 20% were
excluded, while data with less than 20% missing values
were imputed using the mode.

Prediction model construction

LASSO regression analysis was performed in R soft-
ware (version 4.3) to identify factors influencing hypo-
glycemia. To rigorously evaluate model performance
and prevent overfitting, the entire dataset was randomly
split into a training set (80% of the data) and an internal
hold-out test set (20% of the data). Three machine learn-
ing models—Logistic Regression, Random Forest, and
XGBoost (Extreme Gradient Boosting)—were devel-
oped with these algorithms. The training set was exclu-
sively used for model training and parameter tuning. To
further optimize model parameters and assess stability
during training, 5-fold cross-validation was employed
on the training set. The hold-out test set, which was not
involved in any aspect of model building or training, was
strictly reserved for the final performance evaluation.
After removing result labels from the previously divided
test set data, it was fed into the trained machine learning
model to obtain metrics such as prediction sensitivity,
specificity, PPV, NPV, F1 score, and accuracy. The model
was evaluated using the ROC curve and the area under
the curve (AUC), and the model with the best predictive
performance was selected. The SHAP (Shapley Addi-
tive exPlanations) method was employed to interpret the
model results, evaluate the significance of each feature
in the decision-making process, and offer visual insights
into the role of each feature in decision-making.

Results

Baseline characteristics

A total of 1,167 hospitalized patients with type 2 diabe-
tes were included in this study, of whom 220 (18.85%)
experienced hypoglycemia, while 947 (81.15%) did not.
Univariate analysis revealed several factors significantly
associated with hypoglycemia (P<0.05), including age,
body mass index (BMI), treatment regimen, administra-
tion of insulin-containing fluids, C-peptide levels, insulin
antibody levels, liver and renal function status, presence
of lipodystrophy, serum albumin, triglycerides, high-den-
sity lipoprotein (HDL) cholesterol, hemoglobin, free tri-
iodothyronine (FT3), and length of hospital stay.

Patients at higher risk for hypoglycemia were younger
(aged 13-39), had a BMI<18.5 kg/m? serum albu-
min< 30 g/L, hemoglobin levels between 60 and 90 g/L,
and FT3<3.85 pmol/L. Metabolic indicators asso-
ciated with increased hypoglycemia risk included
C-peptide<0.33 nmol/L, insulin antibody levels>20%,
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triglycerides<1.7 mmol/L, and HDL cholesterol>2.06
mmol/L.

Regarding treatment, intensive insulin therapy and the
absence of insulin-containing fluid administration were
significantly linked to a higher incidence of hypoglyce-
mia. Additionally, patients with abnormal liver function,
impaired renal function, lipodystrophy, or a hospital stay
of 7-14 days showed an increased risk. No significant
association was found between hypoglycemia and other
factors (Table S1, P>0.05).

Analysis of the characteristics of hypoglycemic events

To further elucidate the patterns of hypoglycemic epi-
sodes, a detailed analysis was performed on the hypogly-
cemia group (n=220) regarding severity, frequency, and
timing. As shown in Fig. 1, the majority of hypoglycemic
events (192 patients, 87.3%) were mild (blood glucose
3.0-3.9 mmol/L), while 28 patients (12.7%) experienced
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severe hypoglycemia (blood glucose<3.0 mmol/L). In
terms of frequency, 178 patients (80.9%) had a single
episode, 32 (14.5%) had two episodes, and 10 (4.5%) had
three or more episodes. Crucially, the temporal distri-
bution of hypoglycemia revealed that the postprandial
period was the most vulnerable window, with 102 cases
(46.4%) occurring within 2 h after a meal. This was fol-
lowed by fasting (46 cases, 20.9%), preprandial (41 cases,
18.6%), bedtime (18 cases, 8.2%), and nocturnal periods
(13 cases, 5.9%). This comprehensive profile indicates
that our model captures a full spectrum of hypoglycemic
events, with a particular concentration in the postpran-
dial phase, providing critical insights for timing-specific
clinical interventions.

Variable selection via LASSO regression
Hypoglycemia occurrence was used as the dependent
variable (0=no hypoglycemia, 1 =hypoglycemia), and the
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previously identified high-risk indicators were included
as independent variables. To reduce dimensionality and
eliminate multicollinearity, Least Absolute Shrinkage and
Selection Operator (Lasso) regression was applied. This
technique penalizes the regression coefficients, shrink-
ing some to zero, thereby performing variable selection.
The Lasso path plot identified two key regularization
parameters: Lambda.min (A=0.0083), which provides
the minimum cross-validated error, and Lambda.lse
(A=0.0278), representing the most regularized model

Page 5 of 12

within one standard error of the minimum. To achieve a
more parsimonious model and enhance generalizability,
Lambda.1lse was chosen as the optimal cutoff (Figure S1-
S2). Based on this criterion, nine predictors were selected
for model construction: random C-peptide level, admin-
istration of insulin-containing fluids, body mass index
(BMI), length of hospital stay, age, impaired renal func-
tion, albumin classification, presence of lipodystrophy,
and insulin antibody classification (Fig. 2).
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Fig. 2 Lasso Regression Model Identifying Nine Key Predictors of Hypoglycemia. Using hypoglycemia occurrence as the dependent variable (0=no
hypoglycemia, 1=hypoglycemia), Lasso regression was applied for dimensionality reduction and variable selection. This method penalizes less informa-
tive variables by shrinking their coefficients to zero. Based on the optimal regularization parameter (Lambda.1se), nine predictive factors were selected:
Random C-Peptide(RCP), Insulin-containing Fluid Infusion(ICFl), Body mass index (BMI), Length of Hospital Stay(LOS), age(Age), Renal Dysfunction(RD),
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Using hypoglycemia occurrence as the dependent
variable (0=no hypoglycemia, 1=hypoglycemia), Lasso
regression was applied for dimensionality reduction and
variable selection. This method penalizes less informative
variables by shrinking their coefficients to zero.

Model performance

Using the nine predictive variables identified through
Lasso regression, three machine learning models (logistic
regression, random forest, and XGBoost) were developed
to predict in-hospital hypoglycemia. For model training,
80% of the patient dataset was randomly selected, and
5-fold cross-validation was employed to assess model
performance and generalizability.

Model performance was evaluated using confusion
matrices and the area under the receiver operating char-
acteristic curve (AUC), along with sensitivity, specific-
ity, positive predictive value (PPV), negative predictive
value (NPV), F1 score, and overall accuracy. Among
the models, XGBoost demonstrated the best predic-
tive performance, achieving AUC values of 0.853 on the
training set and 0.910 on the testing set. These values
were notably higher than those of the logistic regression
model (AUC=0.833 and 0.824, respectively) and the ran-
dom forest model (AUC=0.844 and 0.862, respectively)
(Table 1).

In both the training and testing sets, the XGBoost
model consistently outperformed the other two models
across all evaluation metrics (Fig. 3; Table 1), indicating
superior accuracy, robustness, and stability. Therefore,
XGBoost was selected as the optimal model for predict-
ing in-hospital hypoglycemia.

Key drivers of hypoglycemia

To enhance the interpretability of the XGBoost-based
predictive model for in-hospital hypoglycemia risk
among patients with type 2 diabetes, SHAP (SHap-
ley Additive exPlanations) analysis was employed. This
method provides a unified approach to explain the con-
tribution of each feature to individual predictions. The
SHAP summary plot indicated that random C-peptide
(RCP), insulin-containing fluid infusion (ICFI), length of
hospital stay (LOS), and body mass index (BMI) were the
most influential variables in predicting hypoglycemia risk
(Fig. 4). Among them, lower RCP levels and the absence
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of insulin-containing fluid infusion were associated with
a higher risk, while longer hospital stays and lower BMI
also contributed significantly to increased hypoglycemia
susceptibility. These findings highlight the clinical rele-
vance of metabolic and treatment-related factors in iden-
tifying high-risk patients and support the robustness and
transparency of the XGBoost model.

Discussion

Model performance and clinical relevance of hypoglycemia
In this study, we developed and validated a hypoglycemia
risk prediction model for hospitalized T2DM patients
using three machine learning algorithms. The observed
hypoglycemia incidence of 18.85% aligns with previous
reports [19], reinforcing hypoglycemia as a persistent
clinical challenge in inpatient settings.

Our comparative analysis demonstrated the superior
performance of the XGBoost model, which achieved an
AUC of 0.910 in the validation set, significantly outper-
forming both Logistic Regression (AUC = 0.824) and
Random Forest (AUC = 0.862). This robust discrimina-
tive ability, coupled with superior F1 scores across both
training and validation cohorts, confirms XGBoost’s
exceptional capacity to capture complex, non-linear
interactions among clinical variables for this prediction
task [22]. The algorithm’s ensemble structure, which
sequentially builds multiple decision trees to correct pre-
vious errors, proves particularly effective in handling the
heterogeneous nature of clinical data, including mixed
variable types and potential missing values.

The model’s clinical utility is further enhanced through
the implementation of the SHAP framework, which
effectively addresses the “black-box” concern often asso-
ciated with sophisticated machine learning models. By
providing quantitative, individualized explanations for
each prediction, SHAP transforms the model from an
opaque predictor into an interpretable clinical decision
support tool. This transparency is crucial for fostering
clinician trust and facilitating the integration of such
tools into routine care pathways, ultimately bridging the
gap between algorithmic performance and practical clini-
cal application.

Table 1 Predictive performance of models for hypoglycemia in hospitalized T2DM patients

Accuracy Sensitivity Specificity PPV NPV F1 score
XGBoost-Train 0.853 0.975 0.352 0.861 0.771 0914
XGBoost-Test 0910 0.985 0.526 0915 0.870 0.948
RF-Train 0.844 0.957 0427 0.863 0.862 0.903
RF-Test 0.862 0.924 0489 0.885 0.858 0917
Logistic-Train 0.833 0.967 0.197 0.842 0.667 0.905
Logistic-Test 0.824 0.962 0.278 0.840 0.650 0.897
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Fig. 3 Hypoglycemia Risk Prediction Model for Hospitalized Patients with Type 2 Diabetes

High hypoglycemia incidence in hospitalized T2DM
patients

In this study, we found that the incidence of hypoglyce-
mia among hospitalized patients with T2DM was as high
as 18.85%, which was similar to the previous research
results (the incidence of hypoglycemia among hospital-
ized T2DM patients was 18.79%) [24]. This phenomenon
may be related to multiple factors. Firstly, older patients
and those with a longer disease duration are more likely
to experience hypoglycemia (Table 2), which may be
because as patients age and the disease progresses, their
pancreatic function gradually declines, their insulin

sensitivity increases, and their autonomic nerve function
is impaired, resulting in less obvious hypoglycemic symp-
toms and being more easily overlooked [25]. Secondly,
patients with lower body weight are more likely to experi-
ence hypoglycemia, which may be related to malnutrition
and weakened insulin resistance, leading to enhanced
insulin action [26]. Additionally, patients with diabetic
nephropathy (especially stage 4-5) and diabetic auto-
nomic neuropathy have a significantly increased risk of
hypoglycemia, as renal dysfunction affects insulin metab-
olism and clearance, prolonging the action time of insulin
in the body [25]. The treatment plan is also an important
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Fig. 4 Contribution of Features to Prediction Results in the In-Hospital Hypoglycemia Risk Model for Patients with Type 2 Diabetes

factor influencing the incidence of hypoglycemia, espe-
cially for patients using insulin or sulfonylurea drugs
(such as glibenclamide), who have a higher incidence of
hypoglycemia [27]. Moreover, patients with lower self-
management ability and knowledge level of diabetes are
also important factors for hypoglycemia occurrence,
lacking awareness and ability to respond to hypoglyce-
mic symptoms, which can prevent patients from taking
timely measures when their blood sugar drops. During
hospitalization, the treatment plan, dietary control, and
examination arrangements of patients may change, all of
which can increase the risk of hypoglycemia. For exam-
ple, treatment adjustments in the early stage of hospital-
ization, dietary restrictions, and frequent examinations
may lead to irregular eating patterns in patients, thereby
triggering hypoglycemia [27].

Risk factors for hypoglycemia in hospitalized patients with
T2DM

This study identified nine key predictors of hypoglyce-
mia, which can be understood through several clinical
themes: endogenous insulin capacity, nutritional and
metabolic reserve, treatment-related factors, and clinical
complexity. The most influential predictor was random
C-peptide. A low level (< 0.33 ng/ml), indicating B-cell
failure and consequent reliance on exogenous insulin,
was a significant independent risk factor (OR = 2.661,
95% CI 1.550-4.568), a finding consistent with estab-
lished pathophysiology [28]. Nutritional status, reflected
by BMI and albumin, was also critical. Lower values were
independently associated with heightened hypoglycemia
risk. A BMI in the 25-29.9 kg/m?® range was protective
(OR = 0.578), suggesting that greater metabolic reserve
contributes to glycemic stability, whereas low BMI and
hypoalbuminemia may signal malnutrition, increasing
vulnerability [27-30]. Treatment-related factors revealed
important nuances. The use of insulin-containing fluid
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Table 2 Table of hypoglycemia in hospitalized patients with type 2 diabetes

Project Number of Group of without Group with X P
cases(1167) hypoglycemia(947) hypoglycemia(220)

Gender 334 0.07
Male 767 634 133
Female 400 313 87

Age(years) 6.29 0.04
13-39 95 69 26
40-59 533 429 104
60-91 539 449 90

BMI 28.85 <0.001
<185 21 1 10
18.5-24.9 688 535 153
25-29.9 397 347 50
>30 61 54 7

Treatment plan 79.28 <0.001
Basal insulin 476 413 63
Rapid-acting insulin 402 274 128
Oral medication(excluding secretagogues) 271 249 22
Oral medication(containing secretagogues) 18 11 7

Intravenous insulin solution 38.66 <0.001
Yes 1006 845 161
No 161 102 59

C-peptide(nmol/L) 96.62 <0.001
<033 109 55 54
033-133 185 133 52
>133 873 759 114

Insulin antibody(%) 6.79 0.009
0-20 1mn 909 202
>20 56 38 18

Liver function abnormality 597 0.02
Yes 42 28 14
No 1125 919 206

Kinder function abnormality 14.11 <0.001
Yes 279 205 74
No 888 742 146

Fat hyperplasia 45.60 <0.001
Yes 19 4 15
No 1148 943 205

Albumin(g/L) 16.99 <0.001
40-60 668 565 103
35-40 430 335 95
30-35 37 27 10
<30 32 20 12

Triglycerides(umol/L) 8.15 0.004
0-1.7 797 628 168
>17 370 318 52

High-density liportein cholesterol(mmol/L) 14.14 <0.001
<091 330 281 49
0.91-2.06 821 658 163
>2.06 16 8 8

Hemoglobin(g/L) 16.35 <0.001
110-150+ 120-160 1050 864 186
90-110~ 90-120 105 78 27

60-90 12 5 7
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Project Number of Group of without Group with X
cases(1167) hypoglycemia(947) hypoglycemia(220)
Free trilodothyronine(pmol/L) 9.03 0.01
<385 235 175 60
3.85-6.3 907 750 157
>63 25 22 3
Vitamin D 6.14 0.05
<20 814 674 140
20-30 284 223 61
>30 69 50 19
Hospital stay days 13.67 0.001
<7 195 173 22
7-14 955 764 191
>7 17 10 7

was a protective factor (OR = 0.306), which may reflect
its application in more controlled clinical scenarios,
despite known challenges with insulin adsorption in infu-
sion systems [25, 27]. Conversely, lipohypertrophy was a
profound risk factor (OR = 13.625), as it leads to erratic
insulin absorption, and the presence of insulin antibod-
ies likely alters insulin pharmacokinetics, both increasing
hypoglycemia risk [31]. Clinical complexity was captured
by age, renal function, and length of stay. Advanced age
and renal impairment (OR = 1.583) are well-documented
risk factors due to impaired counter-regulatory responses
and reduced clearance of glucose-lowering agents [32—
35]. The association between a longer LOS and increased
hypoglycemia risk should be interpreted with caution.
While it may reflect the cumulative impact of clinical
complexity, treatment changes, and nutritional disrup-
tions, a longer LOS also increases the opportunity for
hypoglycemia detection. Therefore, its association likely
represents a composite of true risk and surveillance bias
[9, 22, 36]. The selection of predictors such as lipohyper-
trophy and insulin antibodies may reflect unique charac-
teristics of our single-center cohort. While statistically
significant here, their generalizability should be con-
firmed through external validation. This underscores that
variable selection in data-driven models can be cohort-
sensitive, highlighting the need to verify not only the
model’s performance but also the stability of this specific
predictor set across diverse clinical settings.

Clinical implications, model strengths and limitations

The primary clinical value of our model lies in its abil-
ity to proactively identify high-risk patients. This is par-
ticularly relevant given our finding that the majority
of hypoglycemic events (87.3%) were mild; while often
overlooked, these episodes are critical indicators of
underlying glycemic instability. Furthermore, the pro-
nounced peak in hypoglycemia during the postprandial
period (46.4%) suggests that factors such as inappropriate

prandial insulin dosing or delayed meal intake are key
drivers in our cohort. This temporal pattern underscores
the necessity for clinicians to extend their focus beyond
fasting glucose control to include meticulous review of
mealtime insulin regimens and patient education.

The strong predictive performance of the XGBoost
model can be attributed to its inherent algorithmic
strengths, which are particularly suited to capturing the
complex, non-linear relationships among clinical vari-
ables such as age, BMI, and C-peptide levels-interactions
that traditional Logistic Regression may overlook. As
an ensemble method, XGBoost enhances accuracy and
resists overfitting, making it effective for heterogeneous
clinical datasets. Moreover, the application of the SHAP
framework effectively addresses the “black-box” concern
often associated with machine learning models by pro-
viding clear, quantitative insights into feature contribu-
tions, thereby enhancing interpretability and fostering
clinical trust.

However, this study has several limitations that should
be considered. First, its retrospective, single-center
design may introduce selection bias and limit the gener-
alizability of the findings. Second, the model relies solely
on structured electronic health data and does not incor-
porate dynamic or behavioral variables-such as continu-
ous glucose monitoring (CGM) trends, dietary intake, or
physical activity-which are known to influence hypogly-
cemia risk. Additionally, the inclusion of the total LOS
as a predictor constrains the model’s utility for early risk
assessment at admission, as this information is not avail-
able prospectively. Future research should focus on exter-
nal validation across diverse clinical settings and aim to
integrate real-time, patient-level data-such as “days since
admission” for dynamic risk updates-to enhance pre-
dictive accuracy and support personalized intervention
strategies.



Liu et al. BMC Endocrine Disorders (2025) 25:291

Conclusion

This study establishes an effective prediction framework
for hypoglycemia in hospitalized T2DM patients using
eight key clinical variables. The XGBoost model demon-
strated excellent performance in integrating these diverse
features, providing a reliable tool for early identification
of high-risk individuals. The model’s primary clinical
value lies in enabling proactive risk stratification, par-
ticularly through its ability to detect mild hypoglycemic
events (87.3% of cases) that often go unrecognized yet
indicate underlying glycemic instability. The pronounced
postprandial pattern (46.4% of events) further highlights
the need to focus on modifiable factors like inappropri-
ate prandial insulin dosing. These findings support a shift
from reactive correction to proactive prevention in inpa-
tient glucose management. For clinical implementation,
we recommend a stratified approach: intensifying moni-
toring for patients with low C-peptide or renal impair-
ment, conducting regular injection site assessments for
those with lipohypertrophy, and relaxing glycemic targets
for elderly or malnourished patients. Increasing moni-
toring frequency after the third hospitalization day and
implementing CGM for high-risk subgroups represent
practical applications of our findings. Study limitations
include the retrospective single-center design and reli-
ance on structured data, which may affect generalizability
and omit behavioral factors. Future research should focus
on external validation across diverse populations and
incorporate real-time monitoring data to enhance pre-
dictive capability and support personalized interventions.
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