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Abstract: Objective: This study aimed to develop and validate a predictive model for neonatal hypoglycemia (NH) risk 
in infants born to mothers with gestational diabetes mellitus (GDM). Methods: A multicenter retrospective cohort 
study included 3215 GDM mother-infant pairs from five hospitals in Tianjin. Data were split into training, internal, 
and external validation sets. Risk factors were selected by expert consultation and univariate analysis. Logistic re-
gression, random forest (RF), and radial basis function neural network models were built and evaluated using AUC, 
sensitivity, and specificity. Results: Fourteen risk factors were identified, with hypothermia (OR = 2.31), insulin treat-
ment during pregnancy (OR = 2.15), and large for gestational age (OR = 2.08) being the strongest. The RF model 
performed best, with AUC values of 0.896, 0.872, and 0.865 across validation groups. In external validation (thresh-
old = 0.38), sensitivity was 82.19% and specificity 79.38%. Subgroup analysis by maternal age, gestational week, 
and neonatal sex showed stable performance (AUC 0.848-0.895). A simplified RF model using five key predictors 
retained 97.34% of performance (AUC = 0.842) and reduced assessment time to 2-3 minutes. Conclusion: The RF 
model effectively predicts NH risk in GDM newborns with strong generalizability, supporting early clinical identifica-
tion and intervention. Hypothermia, insulin use, and large for gestational age are core risk factors.

Keywords: Gestational diabetes mellitus, neonatal hypoglycemia, risk prediction model, random forest, multi-
center study

Introduction

Gestational diabetes mellitus (GDM), a com-
mon metabolic disorder during pregnancy, has 
seen its incidence rise annually with the glob- 
al obesity epidemic and delayed childbearing 
age, becoming a significant public health issue 
threatening maternal and infant health. Due to 
abnormal glucose regulation during pregnancy, 
GDM mothers often expose their fetuses to a 
hyperglycemic environment in utero, stimulat-
ing the proliferation of pancreatic β-cells and 
excessive insulin secretion, leading to fetal 
hyperinsulinemia [1, 2]. After birth, the sudden 
interruption of maternal glucose supply, cou-
pled with persistently high endogenous insulin 
activity, readily induces neonatal hypoglycemia 
(NH).

Although some cases present as asymptomatic 
hypoglycemia, recurrent or severe hypoglyce-

mia can cause irreversible central nervous sys-
tem damage, increasing the risk of long-term 
intellectual developmental disabilities and mo- 
tor dysfunction, posing a potential and lasting 
threat to neonatal health [3-5]. Therefore, early 
identification of high-risk individuals for NH in 
infants of GDM mothers and timely implemen-
tation of targeted preventive measures are  
crucial for reducing adverse outcomes related 
to hypoglycemia [6]. Currently, clinical preven-
tion and control of NH mainly rely on postpar-
tum blood glucose monitoring, lacking effective 
prenatal risk assessment tools [7, 8]. Although 
existing studies have found associations bet- 
ween factors such as pre-pregnancy maternal 
BMI, history of insulin use, and neonatal birth 
weight and NH [9-11], these studies are mostly 
single-center and small-sample explorations 
with unsystematic risk factor selection and no 
formation of generalizable quantitative predic-
tion models. Single-center studies, influenced 
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by regional, population, and medical practice 
differences, have limited extrapolation of re- 
sults and can’t meet the clinical needs of differ-
ent medical institutions.

The development of machine learning algo-
rithms has provided new avenues for risk pre-
diction of multifactorial complex diseases. 
Algorithms such as Logistic regression, random 
forest (RF), and radial basis function (RBF) neu-
ral network have demonstrated advantages in 
constructing medical prediction models [12-
14]. Therefore, this study planned to conduct a 
multicenter retrospective cohort study, inte-
grating clinical data of GDM mother-infant pairs 
from five tertiary hospitals in Tianjin. It system-
atically identified key risk factors for NH, con-
structed and validated various machine learn-
ing-based prediction models, and compared 
the performance differences among different 
models to establish the optimal model. The 
study results are expected to provide a precise 
and reliable tool for NH risk assessment in clini-
cal practice, facilitating early warning and indi-
vidualized prevention and control of NH in 
infants of GDM mothers, thereby improving 
maternal and infant outcomes.

Materials and methods

Study design and participants

A multicenter retrospective cohort design was 
employed in this study, with GDM mothers and 
their newborns at five tertiary hospitals in 
Tianjin (including Tianjin Third Central Hospital, 
the Second Hospital of Tianjin Medical Univer- 
sity, etc.) from October 2023 to April 2025 
being selected as research participants. All cli- 
nical data were derived from the hospital elec-
tronic medical record system and the mater 
nal and child health database. This study was 
approved by the Ethics Committee of Tianjin 
Third Central Hospital (IRB2025-040-02).

Inclusion criteria were established according to 
the Guidelines for the Diagnosis and Treatment 
of Hyperglycemia in Pregnancy (2022) [15], 
including: Mothers diagnosed with GDM thr- 
ough a 75-g oral glucose tolerance test; Ges- 
tational age at delivery ≥ 28 weeks; Newborns 
with a hospital stay exceeding 24 hours after 
birth and complete blood glucose monitoring 
records; Complete and traceable key clinical 
data for both mothers and newborns. Exclusion 

criteria included: missing key data, mothers 
with significant organ dysfunction or major chr- 
onic diseases, and newborns with chromosom-
al abnormalities, congenital malformations, or 
severe infections.

The sample size estimation took into account 
the 34 risk factors to be included and the 
requirements of different machine learning 
algorithms. According to the principle of Logistic 
regression analysis, each factor required 5-10 
cases of NH. Combined with the reported inci-
dence of hypoglycemia in GDM offspring of 
about 27% in the literature [16], the basic sam-
ple size was calculated to be 1260 cases. 
Meanwhile, the RF algorithm required 680 
cases, and the RBF neural network required 
510 cases. Considering an estimated data 
missing rate of approximately 20%, the final 
sample size for the modeling group was deter-
mined to be 1575 cases.

Allocation was performed using a random num-
ber table. Three hospitals were randomly se- 
lected from the five, and their eligible cases 
were allocated: modeling (1575 cases) and 
internal validation (675 cases) in a 7:3 ratio. 
The cases from the remaining two hospitals 
served as the external validation (approximate-
ly 965 cases), which was used to assess the 
generalizability of the models.

Study tools and data extraction

Through a systematic search of Chinese and 
English databases, this study comprehensively 
collected relevant literature on NH in offspring 
of GDM mothers and initially constructed a pool 
of 34 risk factors, covering three dimensions: 
demographic characteristics, maternal preg-
nancy conditions, and neonatal status. To en- 
sure the authority and reliability of the study 
tools, 15 experts with associate senior profes-
sional title or higher in related fields were invit-
ed to participate in two rounds of consultation. 
The experts scored the importance of each 
item, and the reliability of the consultation 
results was verified using the expert activity 
coefficient, authority coefficient (Cr ≥ 0.7), and 
coordination coefficient (Kendall’s W). The 
Clinical Data Extraction Form for GDM Mothers 
and Newborns was ultimately formed.

Data extraction and quality verification teams 
were separately established, each composed 
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of five medical staff from obstetrics and gyne-
cology or neonatology, and all members re- 
ceived unified training. Data extractors system-
atically searched and extracted relevant data 
through the hospital electronic medical record 
system and the maternal and child health data-
base. The extracted content included all clinical 
records and indicators from the pre-pregnancy, 
pregnancy, delivery stages of the mothers, and 
after the birth of the newborns.

10% of the extracted data were randomly 
selected and compared with the original medi-
cal records. If data discrepancies were found, 
they were immediately fed back and corrected 
until the overall data error rate was below 2%.

Quality control

Tertiary hospitals with standardized data man-
agement were selected as cooperative units to 
ensure the use of a unified electronic medical 
record template and blood glucose monitoring 
standards. Before extraction, the hospital infor-
mation department assisted in exporting a 
complete list of qualified cases. A detailed Data 
Extraction Operation Manual was developed by 
the study to unify the standards.

Data were double-entered into the EpiData 3.1 
database by two individuals and compared and 
corrected. Subsequently, Excel was used for 
data cleaning, and problematic data were pro-
cessed through logical verification and outlier 
identification. For missing values, measures 
such as imputation, follow-up, or marking and 
explanation were taken according to the miss-
ing rate.

Performance validation of the model in sub-
groups

Referring to the commonly used dimensions for 
risk stratification of GDM mother-infant pairs in 
clinical practice, the total sample was divided 
into subgroups based on the following three 
key variables: (1) Maternal age: According to 
the WHO definition of advanced maternal age, 
the sample was divided into the < 35 years 
group (2208) and the ≥ 35 years group (1007). 
(2) Gestational week at delivery: Referring to 
the recommendations on the timing of delivery 
in the Guidelines for the Diagnosis and Treat- 
ment of Gestational Diabetes Mellitus (2022), 
the sample was divided into the < 38 weeks 

group (preterm tendency, 892) and the ≥ 38 
weeks group (term, 2323). (3) Neonatal sex: 
The sample was divided into the male infant 
group (1609) and the female infant group 
(1606) to balance the potential impact of sex 
on neonatal metabolic status.

Based on the RF model, validation was con-
ducted within each subgroup for AUC, sensitivi-
ty, specificity, and the Hosmer-Lemeshow good-
ness-of-fit test. Each subgroup maintained a 
three-level validation structure to ensure con-
sistency in validation logic with the total sam-
ple. Receiver operating characteristic (ROC) 
curves were plotted for each subgroup, and the 
χ2 value and P value of the Hosmer-Lemeshow 
test were calculated, with calibration curves 
also visualized for the subgroups.

Statistical analysis

SPSS 25.0, R 3.6.2, and other software were 
used. Measurement data conforming to a nor-
mal distribution were reported as mean ± SD, 
and t-test was applied; non-normally distribut-
ed data were reported as median (quartile), 
and non-parametric tests were applied. Count 
data were reported as frequency (percentage), 
and χ2 test was applied. Univariate analysis was 
conducted with NH occurrence as the depen-
dent variable to screen for potential risk factors 
with P < 0.05.

With NH occurrence as the dependent variable 
and variables with significance (P < 0.05) and 
clinical relevance from the univariate analysis 
as independent variables, three prediction 
models were constructed: logistic regression 
model: variables were selected using the for-
ward stepwise regression method, with vari-
ables with P < 0.05 retained in the final model 
to compute OR and 95% CI; RF model: the opti-
mal parameters (ntree, mtry) were determined 
through 5-fold cross-validation, and variable 
importance was assessed based on the reduc-
tion in node impurity; RBF neural network mo- 
del: continuous variables were standardized 
using Z-score, hidden layers were automatically 
generated, and training was conducted with the 
goal of minimizing mean squared error.

Model performance was evaluated. The main 
evaluation indicators included the area under 
the curve (AUC), sensitivity, and specificity. The 
optimal prediction model was selected based 
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on the performance of each model on the vali-
dation set, and its best prediction threshold 
was determined. The threshold for statistical 
significance was defined as α = 0.05. The diag-
nostic criteria for NH referred to the 2021 
expert consensus [17], which defined NH as 
meeting any one type of transitional, recurrent, 
severe, or symptomatic hypoglycemia.

The consistency between the predicted proba-
bilities and the actual incidence rates of the RF 
model was assessed by the Hosmer-Lemeshow 
goodness-of-fit test in combination with calibra-
tion curve visualization. The three groups were 
divided into 10 subgroups respectively accord-
ing to the predicted NH risk probability from low 
to high. The actual incidence rate of NH (the 
number of NH cases in the subgroup/the total 
number of cases in the subgroup) and the 
mean predicted NH probability (the mean of the 
predicted probabilities of all individuals in the 
subgroup) in each subgroup were calculated. 
The calibration curve was then drawn. The χ2 
value and P value were calculated by the 
Hosmer-Lemeshow test. P > 0.05 indicated 
that there was no statistical difference between 
the model’s predicted probability and the actu-
al incidence rate, and the model had a good fit.

Results

Baseline data of participants

3215 GDM mother-infant pairs were included, 
and divided into the modeling group (1575 
cases), internal validation group (675 cases), 
and external validation group (965 cases). In 
Table 1, the three groups were basically consis-
tent in demographic characteristics and risk 
factors for mothers and newborns (P > 0.05), 
with balanced grouping. The average maternal 
age was 33-35 years old, with a pre-pregnancy 
BMI indicating overweight; the internal valida-
tion group had a higher rate of insulin use 
(46.37%), and the external group had a higher 
proportion of metabolic family history (25.80%). 
The average gestational age of the newborns 
was about 38.5 weeks, with an average birth 
weight of about 3290 g and a low incidence of 
complications. No statistically meaningful dis-
tinctions were noted. The three groups exhibit-
ed a high degree of consistency in certain indi-
cators (all P > 0.05), which may be attributed to 
several factors. First, the external validation 
cohort consisted of cases from independent 

hospitals, minimizing potential selection bias. 
Second, strict adherence to uniform inclusion 
and exclusion criteria reduced population het-
erogeneity. Furthermore, all collaborating hos-
pitals were tertiary-level institutions, where 
standardized clinical practices and uniform 
data recording protocols ensured data homo- 
geneity.

Analysis of risk factors for NH in GDM mothers

With “occurrence of NH” as the dependent vari-
able (occurred = 1, not occurred = 0), univariate 
analysis of NH risk factors was conducted on 
1575 GDM mothers. In Table 2, 16 factors 
were found to be associated with the occur-
rence of NH (P < 0.05). Among them, pre-preg-
nancy BMI ≥ 28 kg/m2, family history of meta-
bolic diseases, hypertension in pregnancy, 
hypothyroidism, insulin therapy, use of gluco-
corticoids, placental abnormalities, and weight 
gain during pregnancy ≥ 12 kg were identified 
as maternal-related risk factors. Intrauterine 
distress, small or large for gestational age, 
hypothermia, low birth weight or macrosomia, 
feeding frequency < 6 times, and 1-minute Ap- 
gar < 9 were identified as neonatal-related risk 
factors. Through systematic collinearity testing 
and independence analysis, factors that did 
not meet the model inclusion criteria were 
excluded, resulting in the identification of 14 
key risk factors. The specific exclusion criteria 
were as follows: (1) Collinearity testing was per-
formed using the Variance Inflation Factor (VIF), 
with a threshold of VIF > 10 indicating severe 
collinearity. When the VIF values of certain fac-
tors exceeded this threshold, they were consid-
ered to exhibit strong collinearity. (2) Indepen- 
dence analysis was conducted using Pearson 
correlation, with a bivariate correlation coeffi-
cient of r > 0.7 indicating poor independence. 
Factors reaching this threshold were regarded 
as highly overlapping in information and lacking 
sufficient independence. Based on the princi-
ple of “prioritizing indicators with clearer clini-
cal significance, greater data completeness, 
and better accessibility”, factors failing to meet 
these criteria were excluded, ensuring that the 
variables included in the model were free of sig-
nificant collinearity and maintained adequate 
independence. Hypothermia (OR = 2.31), insu-
lin therapy (OR = 2.15), and large for gestation-
al age (OR = 2.08) were strong risk factors for 
the occurrence of NH, with the remaining fac-
tors having OR values between 1.32 and 1.97, 
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Table 1. Contrast of baseline characteristics of the participants

Category Indicator Modeling  
(n = 1575)

Internal validation 
(n = 675)

External validation 
(n = 965) Statistics P

Demographic risk factors Maternal age (years) 33.28 ± 4.12 34.46 ± 3.89 34.82 ± 4.05 F = 1.872 0.154
Pre-pregnancy BMI (kg/m2) 25.36 ± 3.25 25.45 ± 3.18 25.58 ± 3.31 F = 0.326 0.722
Family history of metabolic or endocrine disorders 102 (6.48) 94 (13.93) 249 (25.80) Χ2 = 12.364 0.075

Maternal risk factors Previous diabetes 18 (1.14) 17 (2.52) 46 (4.77) Χ2 = 9.851 0.131
History of hypertensive disorders in pregnancy 185 (11.74) 178 (26.37) 154 (15.96) Χ2 = 14.286 0.052
History of hypothyroidism during pregnancy 97 (6.16) 87 (12.89) 111 (11.50) Χ2 = 8.973 0.175
Previous delivery of a macrosomic infant 32 (2.03) 32 (4.74) 39 (4.04) Χ2 = 7.652 0.264
Number of pregnancies 2.35 ± 0.87 2.39 ± 0.91 2.43 ± 0.89 F = 0.418 0.658
Multiple gestation 29 (1.84) 28 (4.15) 22 (2.28) Χ2 = 6.987 0.322
Weight gain during pregnancy (kg) 9.82 ± 2.35 10.12 ± 2.41 10.41 ± 2.38 F = 1.205 0.3
Placental abnormalities 167 (10.60) 153 (22.67) 153 (15.85) Χ2 = 13.672 0.064
Insulin therapy during pregnancy 342 (21.71) 313 (46.37) 168 (17.41) Χ2 = 15.128 0.048
Use of medications within 24 hours before delivery 218 (13.84) 207 (30.67) 61 (6.32) Χ2 = 16.893 0.031
Maternal prenatal HbA1c ≥ 6.5% 189 (12.00) 83 (12.30) 118 (12.23) Χ2 = 0.042 0.979
Mode of delivery: cesarean section 792 (50.30) 342 (50.67) 486 (50.36) Χ2 = 0.035 0.983
Parity: multiparous 672 (42.67) 286 (42.37) 409 (42.38) Χ2 = 0.018 0.991
Total labor duration ≥ 12 hours 276 (17.52) 116 (17.19) 165 (17.10) Χ2 = 0.073 0.964

Neonatal risk factors Intrauterine fetal distress 95 (6.03) 84 (12.44) 78 (8.08) Χ2 = 9.235 0.156
Gestational age (weeks) 38.52 ± 1.25 38.47 ± 1.31 38.53 ± 1.28 F = 0.187 0.83
Small for gestational age 89 (5.65) 80 (11.85) 101 (10.47) Χ2 = 11.542 0.089
Large for gestational age 127 (8.06) 114 (16.89) 134 (13.89) Χ2 = 10.876 0.102
Parity 1.28 ± 0.45 1.32 ± 0.48 1.35 ± 0.47 F = 0.521 0.594
Gender (male) 776 (49.27) 347 (51.41) 486 (50.36) Χ2 = 0.689 0.708
Birth weight (g) 3285.67 ± 425.31 3296.36 ± 418.25 3305.17 ± 421.68 F = 0.298 0.743
1-minute Apgar score 9.68 ± 0.32 9.69 ± 0.31 9.68 ± 0.33 F = 0.076 0.927
5-minute Apgar score 9.89 ± 0.15 9.90 ± 0.14 9.90 ± 0.15 F = 0.112 0.894
Duration of mother-infant skin-to-skin contact (min) 38.75 ± 10.23 39.11 ± 9.87 39.31 ± 10.15 F = 0.158 0.854
Number of feedings in the first 24 hours after birth 8.2 ± 1.5 8.5 ± 1.4 8.5 ± 1.6 F = 1.025 0.359
Hypothermia 43 (2.73) 40 (5.93) 37 (3.83) Χ2 = 7.218 0.299
Respiratory distress syndrome 31 (1.97) 30 (4.44) 14 (1.45) Χ2 = 8.125 0.223
Meconium aspiration syndrome 17 (1.08) 17 (2.52) 4 (0.41) Χ2 = 9.364 0.154
Polycythemia 22 (1.40) 21 (3.11) 1 (0.10) Χ2 = 12.875 0.067
Early-onset neonatal infection 28 (1.78) 13 (1.93) 0 (0.00) Χ2 = 10.542 0.096
Hemolytic anemia 9 (0.57) 4 (0.59) 0 (0.00) Χ2 = 5.872 0.44
Time to first feeding > 2 hours 243 (15.43) 104 (15.41) 149 (15.44) Χ2 = 0.001 0.999

Note: BMI: Body mass index.
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Table 2. Univariate analysis results of key risk factors for NH occurrence in GDM mothers

Category Key risk factors Presence of NH 
(n = 438)

Absence of NH  
(n = 1137) Statistics P OR (95% CI)

Demographic risk factors Pre-pregnancy BMI ≥ 28 kg/m2 156 (35.62) 278 (24.46) Χ2 = 11.326 0.003 1.78 (1.36-2.33)

Family history of metabolic or endocrine disorders 48 (10.96) 54 (4.75) Χ2 = 8.972 0.007 1.52 (1.18-1.96)

Maternal risk factors History of hypertensive disorders in pregnancy 89 (20.32) 96 (8.44) Χ2 = 15.682 < 0.001 1.97 (1.54-2.52)

History of hypothyroidism during pregnancy 52 (11.87) 45 (3.96) Χ2 = 9.215 0.006 1.63 (1.24-2.14)

Insulin therapy during pregnancy 156 (35.62) 186 (16.36) Χ2 = 22.458 < 0.001 2.15 (1.76-2.62)

Use of glucocorticoids and other medications within 24 hours before delivery 78 (17.81) 140 (12.32) Χ2 = 10.873 0.004 1.45 (1.13-1.86)

Placental abnormalities 82 (18.72) 85 (7.47) Χ2 = 12.147 0.002 1.82 (1.43-2.32)

Weight gain during pregnancy ≥ 12 kg 95 (21.69) 132 (11.61) Χ2 = 8.654 0.008 1.38 (1.09-1.75)

Maternal prenatal HbA1c ≥ 6.5% 52 (11.87) 121 (10.64) Χ2 = 0.428 0.513 1.13 (0.81-1.57)

Cesarean section 223 (50.91) 562 (49.43) Χ2 = 0.365 0.546 1.06 (0.87-1.29)

Multiparity 187 (42.69) 473 (41.59) Χ2 = 0.152 0.696 1.04 (0.85-1.27)

Total labor duration ≥ 12 hours 75 (17.12) 183 (16.09) Χ2 = 0.284 0.594 1.08 (0.81-1.44)

Neonatal risk factors Intrauterine fetal distress 68 (15.53) 27 (2.37) Χ2 = 16.932 < 0.001 1.75 (1.36-2.25)

Small for gestational age 58 (13.24) 31 (2.73) Χ2 = 14.825 < 0.001 1.68 (1.29-2.18)

Large for gestational age 79 (18.04) 48 (4.22) Χ2 = 18.364 < 0.001 2.08 (1.67-2.59)

Hypothermia (body temperature < 36.5°C) 36 (8.22) 7 (0.61) Χ2 = 20.157 < 0.001 2.31 (1.85-2.89)

Number of feedings within 24 hours after birth < 6 times 85 (19.41) 92 (8.10) Χ2 = 17.685 < 0.001 1.56 (1.23-1.98)

Time to first feeding > 2 hours 68 (15.53) 165 (14.51) Χ2 = 0.217 0.641 1.08 (0.79-1.46)
Note: BMI: Body mass index; OR: Odds ratio; 95% CI: 95% confidence interval.
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all of which were independent predictive indica-
tors of NH.

Results of risk prediction model construction

Based on the data of 1575 cases in the mo- 
deling group and incorporating 14 key risk  
factors, the risk prediction models for NH in 
GDM mothers were constructed using Logistic 
regression, RF, and RBF neural network algo-
rithms, respectively.

The forward stepwise regression method (For- 
ward: LR) was employed to select from the 14 
key risk factors, with the inclusion criterion set 
at α = 0.05 and the exclusion criterion at α = 
0.10. Ultimately, 10 factors were encompassed 
in the model (Table 3). The equation for the 
Logistic regression model is: logit(P) = -3.215 + 
0.526 * (Pre-pregnancy BMI ≥ 28 kg/m2) + 
0.364 * (Family history of metabolic or endo-
crine diseases) + 0.618 * (History of hyperten-
sive disorders of pregnancy) + 0.754 * (Insulin 
therapy during pregnancy) + 0.489 * (Placental 
abnormalities) + 0.592 * (Intrauterine fetal dis-
tress) + 0.457 * (Small for gestational age) + 
0.721 * (Large for gestational age) + 0.832 * 
(Neonatal hypothermia) + 0.413 * (Feeding fre-
quency < 6 times within 24 hours after birth). 
The logit(P) represents the logit transformation 
of the probability of NH occurrence, that is, 
logit(P) = ln[P/(1-P)]. The coefficient (β value) of 
each variable indicates its contribution to 
logit(P). In the equation, P is the probability of 
NH in infants of GDM mothers. The values 
assigned to each risk factor are “yes = 1, no = 
0”. The goodness-of-fit test for the model sho- 
wed χ2 = 8.326 and P = 0.402 > 0.05 in the 

Hosmer-Lemeshow test, indicating a good fit of 
the model.

The optimal parameters were determined to be 
ntree = 1500 and mtry = 6 through 5-fold 
cross-validation using the RF algorithm, at 
which point the out-of-bag error rate was the 
lowest (6.82%). The ranking of variable impor-
tance showed that the top five factors contrib-
uting most to the prediction of NH were: hypo-
thermia, insulin therapy during pregnancy, large 
for gestational age, intrauterine fetal distress, 
and history of hypertensive disorders in preg-
nancy (Table 4).

In addition, an RBF neural network model with 
14 input nodes, 10 hidden nodes, and 1 output 
node was constructed. After standardization of 
the input data, the model was trained using 
mean squared error as the loss function. The 
model converged well over 1000 iterations with 
a learning rate of 0.01, and the error reached 
its minimum at the 680th iteration (mean 
squared error = 0.042) without overfitting.

Results of model validation and performance 
comparison

The three prediction models, namely Logistic 
regression, RF, and RBF neural network, were 
validated internally and externally. The results 
showed that the RF model had the best overall 
performance, with AUC values of 0.896, 0.872, 
and 0.865 in the modeling group, internal vali-
dation group, and external validation group, 
respectively. It demonstrated stable predictive 
performance and strong generalizability. The 
Logistic regression model was relatively weaker 

Table 3. Core parameters of the Logistic regression model
Variable β SE Wald χ2 P OR (95% CI)
Constant term -3.215 0.42 59.872 < 0.001 -
Pre-pregnancy BMI ≥ 28 kg/m2 0.526 0.19 8.136 0.004 1.692 (1.201-2.385)
Family history of metabolic or endocrine disorders 0.364 0.16 5.021 0.025 1.439 (1.048-1.978)
History of hypertensive disorders in pregnancy 0.618 0.17 12.785 < 0.001 1.855 (1.332-2.583)
Insulin therapy during pregnancy 0.754 0.16 22.364 < 0.001 2.125 (1.603-2.814)
Placental abnormalities 0.489 0.18 7.562 0.006 1.631 (1.168-2.279)
Intrauterine fetal distress 0.592 0.18 10.653 0.001 1.808 (1.287-2.542)
Small for gestational age 0.457 0.19 5.638 0.018 1.579 (1.086-2.297)
Large for gestational age 0.721 0.17 18.932 < 0.001 2.057 (1.536-2.754)
Hypothermia (body temperature < 36.5°C) 0.832 0.21 15.287 < 0.001 2.300 (1.568-3.378)
Number of feedings within 24 hours after birth < 6 times 0.413 0.18 5.521 0.019 1.511 (1.073-2.128)
Note: BMI: Body mass index; OR: Odds ratio; 95% CI: 95% confidence interval.
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Table 4. Ranking of risk factor importance in the RF model
No. Variable Mean Decrease Gini
1 Hypothermia (Body temperature < 36.5°C) 102.36
2 Insulin therapy during pregnancy 98.75
3 Large for gestational age 92.18
4 Intrauterine fetal distress 85.42
5 History of hypertensive disorders in pregnancy 78.69
6 Placental abnormalities 72.35
7 Pre-pregnancy BMI ≥ 28 kg/m2 68.54
8 Small for gestational age 65.12
9 Family history of metabolic or endocrine disorders 59.87
10 Number of feedings within 24 hours after birth < 6 times 56.43
11 History of hypothyroidism during pregnancy 52.18
12 Use of glucocorticoids and other medications within 24 hours before delivery 48.76
13 Weight gain during pregnancy ≥ 12 kg 45.32
14 Early-onset neonatal infection 41.29
Note: BMI: Body mass index.

Table 5. Performance evaluation results of the three models on different datasets

Model type Dataset AUC Hosmer-Lemeshow 
test (χ2/P)

Sensitivity 
(%)

Specificity 
(%)

Youden 
index

PPV 
(%)

NPV 
(%)

Logistic regression Modeling group 0.828 9.752/0.386 78.54 79.82 0.584 68.92 87.15

Internal validation group 0.801 10.325/0.324 75.12 77.36 0.525 66.45 84.38

External validation group 0.782 11.087/0.298 72.36 75.18 0.475 65.23 84.69

RF Modeling group 0.896 7.218/0.512 86.30 82.54 0.688 72.15 92.36

Internal validation group 0.872 7.854/0.486 83.56 80.12 0.637 69.87 90.54

External validation group 0.865 8.326/0.453 82.19 79.38 0.616 68.54 89.72

RBF neural network Modeling group 0.852 8.547/0.438 83.11 81.27 0.644 70.36 90.12

Internal validation group 0.835 9.128/0.392 80.23 79.45 0.597 68.12 88.45

External validation group 0.818 9.875/0.357 78.45 77.62 0.561 66.78 87.36
Note: RF: Random forest; RBF: Radial basis function; AUC: Area under the curve; PPV: Positive predictive value; NPV: Negative predictive value.

Figure 1. ROC curves of the three models in the ex-
ternal validation group. Note: RBF: Radial basis func-
tion; ROC: Receiver operating characteristic.

in extrapolation adaptability. Therefore, the RF 
model was selected as the optimal prediction 

model, and its risk determination threshold 
was set at 0.38. At this threshold, the model 
achieved a sensitivity of 81.72% and a spe- 
cificity of 80.05% in the external validation, 
showing good screening practicability (Table 5 
and Figure 1).

Validation results of the model calibration 
curve

The calibration curves of the RF model in the 
modeling group, the internal validation group, 
and the external validation group were all close 
to the ideal calibration line (Y = X), indicating a 
good fit (Figures 2-4). As shown in Table 6 
below, in the Hosmer-Lemeshow test, the mod-
eling group had χ2 = 7.218, P = 0.512; the inter-
nal validation group had χ2 = 7.854, P = 0.486; 
the external validation group had χ2 = 8.326, P 
= 0.453. All P values were greater than 0.05, 
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Figure 2. Calibration curve of the random forest (RF) model in the modeling group. Note: (A) Modeling group; (B) 
Internal validation group; (C) External validation group.

Figure 3. ROC curves of the RF model in different subgroups (external validation group). Note: (A) Represents ma-
ternal age; (B) Represents gestational week at delivery; (C) Represents neonatal sex. AUC: area under the curve.

Figure 4. Calibration curves of the random forest (RF) model in different subgroups (external validation group). Note: 
(A) Represents maternal age; (B) Represents gestational week at delivery; (C) Represents neonatal sex.

indicating that there was no statistical differ-
ence between the model’s predicted probabili-
ty and the actual incidence rate. Regarding the 
calibration slope and intercept, the modeling 
group had a slope of 0.986 (95% CI: 0.921-
1.051) and an intercept of 0.021 (95% CI: 

-0.032-0.074); the internal validation group had 
a slope of 0.963 (95% CI: 0.898-1.028) and an 
intercept of 0.035 (95% CI: -0.028-0.098); the 
external validation group had a slope of 0.947 
(95% CI: 0.882-1.012) and an intercept of 
0.042 (95% CI: -0.021-0.105). All values were 
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close to the ideal values (slope = 1, intercept = 
0), suggesting that the model did not signifi-
cantly overestimate or underestimate the risk.

Performance evaluation of the RF model in 
each subgroup

In Table 7, the AUC values of the RF model in 
each subgroup were maintained between 
0.848 and 0.895, with sensitivity stable at 
80.12%-86.13% and specificity stable at 
77.36%-82.47%. The P values of the Hosmer-
Lemeshow test were all > 0.05, indicating that 
the model had good discrimination and calibra-
tion in subgroups of different ages, gestational 
weeks, and sexes, with no significant perfor-
mance fluctuations.

The ROC curves of the RF model in each sub-
group are illustrated in Figure 3. The ROC 
curves of all subgroups were > 0.8, further veri-

fying the stability of the model in the sub- 
groups.

The calibration curves of the RF model in each 
subgroup are illustrated in Figure 4. The cur- 
ves of all subgroups were closely distributed 
around the ideal line without significant devia-
tion, proving that the model had good consis-
tency between the predicted probability and 
the actual incidence of NH risk in each sub- 
group.

Validation of the simplified RF model

Based on the variable importance ranking of 
the original RF model (Table 4), the top 5 core 
risk factors were selected as input variables  
for the simplified model, specifically including: 
neonatal hypothermia (temperature < 36.5°C), 
maternal insulin treatment during pregnan- 
cy, large-for-gestational-age neonate, fetal dis-

Table 6. Calibration curve validation of the random forest (RF) model across datasets

Dataset Hosmer-Lemeshow test 
(χ2/P)

Calibration slope  
(95% CI)

Calibration intercept  
(95% CI)

Modeling group (n = 1575) 7.218/0.512 0.986 (0.921-1.051) 0.021 (-0.032-0.074)
Internal validation group (n = 675) 7.854/0.486 0.963 (0.898-1.028) 0.035 (-0.028-0.098)
External validation group (n = 965) 8.326/0.453 0.947 (0.882-1.012) 0.042 (-0.021-0.105)
Note: The calibration slope and intercept reflect the agreement between predicted probabilities and observed event rates, with 
ideal values being a slope of 1 and an intercept of 0. A Hosmer-Lemeshow test P-value > 0.05 indicates good model calibra-
tion. 95% CI: 95% confidence interval.

Table 7. Performance validation results of the RF model in different subgroups

Stratification dimension Subgroup Sample size Dataset AUC Sensitivity 
(%)

Specificity 
(%)

Hosmer-Lemeshow 
test (χ2/P)

Maternal age < 35 years 2208 Modeling group 0.891 85.76 82.13 6.982/0.543

Internal validation group 0.868 82.94 79.85 7.516/0.488

External validation group 0.859 81.67 78.92 8.035/0.457

≥ 35 years 1007 Modeling group 0.887 84.32 81.56 7.124/0.528

Internal validation group 0.863 81.89 79.21 7.682/0.467

External validation group 0.852 80.93 78.15 8.217/0.442

Gestational week at delivery < 38 weeks 892 Modeling group 0.885 83.95 80.78 7.258/0.516

Internal validation group 0.859 81.26 78.54 7.831/0.459

External validation group 0.848 80.12 77.36 8.364/0.435

≥ 38 weeks 2323 Modeling group 0.895 86.13 82.47 6.873/0.556

Internal validation group 0.871 83.25 80.13 7.428/0.492

External validation group 0.862 81.89 79.04 7.982/0.458

Neonatal sex Male 1609 Modeling group 0.893 85.24 81.89 7.015/0.539

Internal validation group 0.866 82.37 79.52 7.568/0.485

External validation group 0.857 81.24 78.63 8.102/0.451

Female 1606 Modeling group 0.889 84.87 81.34 7.156/0.525

Internal validation group 0.861 81.75 79.08 7.723/0.463

External validation group 0.85 80.56 77.89 8.259/0.439
Note: AUC: Area under the curve.
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tress in utero, and maternal history of hyper-
tension during pregnancy. The selection criteria 
were that the Mean Decrease Gini values of 
these 5 factors were all > 78, and the OR val-
ues in univariate analysis were all > 1.75, mak-
ing them strong predictors of NH. These factors 
also covered three dimensions - mother, fetus, 
and neonate - meeting the convenience require-
ments for rapid clinical assessment.

The same modeling process as the original 
model was adopted, with the modeling group 
(1575 pairs) from the total sample used as the 
training set. Parameters were optimized thr- 
ough 5-fold cross-validation, ultimately deter-
mining ntree = 1200, mtry = 3, with an out-of-
bag error rate of 7.25%. During validation, the 
performance of the simplified model was evalu-
ated in both the internal validation group (675 
pairs) and the external validation group (965 
pairs), with evaluation indicators including AUC, 
sensitivity, specificity, positive predictive value 
(PPV), negative predictive value (NPV), and net 

benefit from decision curve analysis (DCA). 
Additionally, the time required for model ass- 
essment was calculated, simulating the time 
needed for clinicians to fill in the 5 factors. 
Combined with the performance retention rate 
(simplified model AUC/original model AUC × 
100%), its clinical promotion value was assess-
ed. The comparison of performance between 
the simplified and full RF models is shown in 
Table 8. The AUC of the simplified model 
decreased by only 0.023 compared to the full 
model, with a performance retention rate of 
97.34%. Sensitivity, specificity, PPV, and NPV 
decreased by 1.84%, 1.77%, 2.26%, and 
1.37%, respectively compared to the full model, 
all within the clinically acceptable range. The 
out-of-bag error rate increased by only 0.43%, 
and the clinical assessment time was reduced 
by more than 50%, balancing performance and 
convenience.

The comparison of ROC curves between the 
simplified and full RF models is illustrated in 
Figure 5, with a high degree of overlap between 
the two curves, demonstrating that the simpli-
fied model had discrimination ability close to 
that of the full model.

The comparison of DCA between the simplified 
and full RF models is illustrated in Figure 6. The 
net benefit curves of both the simplified and full 
models were significantly higher than those of 
“intervene on all” and “intervene on none” 
strategies, proving that the simplified model 
could generate net benefits comparable to the 
full model in clinical decision-making.

The calibration curve of the simplified RF model 
(external validation group) is illustrated in 
Figure 7. The calibration curve of the simplified 
model closely fitted the ideal line, with the 
Hosmer-Lemeshow test P > 0.05, indicating 
good consistency between the predicted prob-
ability and the actual incidence rate, without 
significant overestimation or underestimation.

Table 8. Comparison of performance between the simplified and full RF models (External validation 
group)

Model
Number 
of input 

variables
AUC Sensitivity 

(%)
Specificity 

(%)
PPV 
(%)

NPV 
(%)

Out-of-bag 
error rate 

(%)

Performance 
retention 
rate (%)

Clinical assessment 
duration (minutes)

Full RF model 14 0.865 82.19 79.38 68.54 89.72 6.82 100 5-8

Simplified RF model 5 0.842 80.35 77.61 66.28 88.35 7.25 97.34 2-3
Note: RF: Random Forest; AUC: Area under the curve; PPV: Positive predictive value; NPV: Negative predictive value.

Figure 5. Comparison of ROC curves between the 
simplified and full random forest (RF) models. Note: 
AUC: area under the curve.
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Figure 6. DCA of the simplified and full random forest (RF) models (external validation group). Note: (A) Represents 
the simplified model; (B) Represents the full model.

Discussion

In this study, a predictive model for the risk of 
NH in newborns delivered by mothers with GDM 

was constructed and evaluated based on multi-
center data. Through univariate analysis, 14 
significant influencing factors were identified, 
among which hypothermia, insulin treatment 
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during pregnancy, and large for gestational  
age were the main risk factors, with OR values 
reaching 2.31, 2.15, and 2.08, respectively. 
Hypothermia, as the primary risk factor, is likely 
closely related to the immaturity of the neona-
tal thermoregulatory center. In a cold environ-
ment, the neonatal metabolic rate increases, 
glucose consumption accelerates, and cold 
stimulation activates the sympathetic nervous 
system, further promoting glycogenolysis [18]. 
Newborns of GDM mothers may already have 
insufficient glycogen reserves, and under the 
dual influence of these factors, they are more 
prone to hypoglycemia. The high risk associat-
ed with insulin treatment during pregnancy is 
directly related to the level of maternal blood 
glucose control. Insulin, after crossing the pla-
cental barrier, may cause fetal hyperinsu-
linemia. After birth, the maternal glucose sup-
ply is interrupted, but the neonatal insulin level 
remains high, leading to hypoglycemia [19]. 
Large for gestational age is usually due to 
maternal hyperglycemia stimulating increased 
fetal insulin secretion, forming a vicious cycle of 
hyperinsulinemia and hypoglycemia, which is 
consistent with the clinical observation of a 
higher incidence of hypoglycemia in macroso-
mic infants of GDM mothers [20]. In addition, 
gestational hypertension and fetal distress, 
among other factors, affect placental blood 
flow perfusion, leading to fetal intrauterine 
hypoxia and nutritional supply disorders, reduc-
ing the capacity for glycogen storage and 
increasing the risk of hypoglycemia [21]. From a 

clinical perspective, these core risk factors pro-
vide clear targets for the precise prevention 
and management of neonatal hypoglycemia. 
For neonatal hypothermia, which represents a 
primary risk factor, immediate postnatal ther-
mal care can be implemented, such as incuba-
tor management or skin-to-skin warming, to 
maintain body temperature above 36.5°C and 
thereby reduce glucose consumption. For 
mothers receiving insulin therapy during preg-
nancy, enhanced monitoring of maternal blood 
glucose is necessary to prevent excessive insu-
lin exposure that may lead to fetal hyperinsu-
linemia. Additionally, feeding should be initiat-
ed within one hour after birth, with glucose 
supplementation administered if indicated. In 
the case of large-for-gestational-age (LGA) 
infants, the first blood glucose measurement 
should be performed within 30 minutes after 
delivery, followed by reassessment every 1-2 
hours until stable levels are achieved. These 
targeted interventions can effectively reduce 
the risk of hypoglycemia-related neurological 
injury. The results of model construction and 
validation indicated that the RF model exhibit-
ed the most excellent predictive performance, 
with an AUC value of 0.865 in the external vali-
dation group, which was significantly higher 
than that of the logistic regression model 
(0.782) and the RBF neural network model 
(0.818). This advantage was derived from the 
ensemble learning characteristics of the RF, 
which effectively reduced the risk of overfitting 
in a single model through the collective deci-
sion-making mechanism of multiple decision 
trees and was able to fully capture the complex 
nonlinear relationships between variables, 
making it particularly suitable for dealing with 
the complex scenarios of multifactorial interac-
tions in medical data [22]. The variable impor-
tance ranking results were basically consistent 
with the univariate analysis, further confirming 
the core predictive value of factors such as 
hypothermia and insulin treatment, and provid-
ing double evidence for the clinical determina-
tion of key monitoring indicators. The logistic 
regression model performed relatively weakly, 
probably because it assumed a linear relation-
ship between variables and could not fully fit 
the complex distribution characteristics of clini-
cal data [23]; although the RBF neural network 
could handle nonlinear relationships, it was 
more sensitive to sample size and data distri-

Figure 7. Calibration curve of the simplified random 
forest (RF) model (external validation group).
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bution, and its generalization ability was slightly 
inferior to that of the RF model. When the risk 
threshold of the RF model was set at 0.38, it 
showed a sensitivity of 81.72% and a specifi- 
city of 80.05% in the external validation, with 
both good screening efficiency and diagnostic 
accuracy. The determination of this threshold 
provided a quantitative basis for clinical risk 
stratification management and helped medical 
staff quickly identify high-risk newborns. By 
implementing early intervention measures su- 
ch as enhanced temperature management, 
increased feeding frequency, and close blood 
glucose monitoring, the risk of hypoglycemia 
could be effectively reduced and the clinical 
outcomes of newborns could be improved.  
The high sensitivity (82.19%) and specificity 
(79.38%) of the RF model in this study hold sig-
nificant clinical value. High sensitivity enables 
the identification of neonates at potential high 
risk, minimizing the likelihood of missed diag-
noses and associated severe adverse out-
comes. Conversely, high specificity helps to 
reduce unnecessary interventions in low-risk 
neonates, such as frequent glucose monitoring 
or unwarranted glucose infusions, thereby 
decreasing both healthcare resource consump-
tion and maternal-infant stress. Clinically, this 
model can be integrated into obstetric electron-
ic medical record systems, allowing the auto-
matic input of relevant risk factors immediately 
after birth. A hypoglycemia risk score can then 
be rapidly generated, assisting healthcare pro-
viders in completing risk stratification within 30 
minutes. High-risk neonates can be placed 
under intensified monitoring protocols, while 
low-risk infants can continue with routine care, 
facilitating precise and individualized medical 
management.

Comparing the RF model developed in this 
study with the PeRSonal GDM prediction model, 
which was derived from an Australian multi-
center cohort for adverse pregnancy outcomes 
[24], can further clarify the advantages and 
positioning of our model. The PeRSonal model 
focuses on composite adverse outcomes in 
pregnant women with GDM, including neonatal 
hypoglycemia, and incorporates 12 routinely 
collected clinical indicators such as BMI, mater-
nal age, and glucose values from oral glucose 
tolerance tests. Its temporal validation yielded 
a C-statistic of 0.68 (95% CI: 0.64-0.72) and a 

calibration slope of 0.99 (95% CI: 0.75-1.23), 
indicating acceptable discrimination and good 
calibration. In contrast, the RF model in this 
study specifically targets neonatal hypoglyce-
mia among infants of mothers with GDM, 
achieving an external validation AUC of 0.865 
(95% CI not explicitly reported, but markedly 
higher than that of the PeRSonal model). Both 
sensitivity (82.19%) and specificity (79.38%) 
surpass the PeRSonal model’s predictive per-
formance for neonatal hypoglycemia within the 
composite outcome (not separately reported, 
with overall C-statistic being lower). The main 
reasons for these differences are as follows: (1) 
Outcome definition-our study focuses on a sin-
gle, specific outcome (neonatal hypoglycemia), 
whereas the PeRSonal model uses a compos-
ite of multiple outcomes, which may dilute the 
predictive signal for any individual endpoint; (2) 
Targeted risk factors-our model includes core 
indicators directly related to neonatal hypogly-
cemia, such as neonatal hypothermia and 
maternal insulin therapy during pregnancy, 
while the PeRSonal model incorporates broad-
er maternal baseline characteristics, including 
ethnicity and family history of diabetes; (3) 
Modeling algorithm-the RF model captures 
complex interactions among multiple factors 
more effectively than the PeRSonal model, 
whose specific modeling approach is not de- 
tailed, thus further improving prediction accu-
racy for the single outcome. Moreover, decision 
curve analysis of the PeRSonal model con-
firmed its clinical utility within a probability 
threshold of 0.15-0.85. Similarly, the simplified 
RF model demonstrates net benefit highly con-
sistent with the full model, while reducing clini-
cal assessment time to 2-3 minutes, enhancing 
its applicability in primary care and emergency 
settings. Both models confirm that prediction 
models based on routine clinical data can 
effectively assist in risk stratification for GDM-
related outcomes. However, the RF model 
developed in this study offers superior clinical 
reference value for predicting the specific out-
come of neonatal hypoglycemia.

The subgroup analysis results of this study 
showed that the RF model maintained stable 
predictive performance across key clinical stra- 
tification dimensions, including maternal age, 
gestational week at delivery, and neonatal sex. 
The AUC values in each subgroup fluctuated 
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within a range of only 0.047 (0.848-0.895), 
with no significant decrease in sensitivity and 
specificity, and the calibration curves all closely 
fitted the ideal line. These results further stren- 
gthened the model’s generalizability, providing 
key support for its application in diverse clinical 
populations. From a clinical practice perspec-
tive, the advanced maternal age group (≥ 35 
years) often has characteristics such as 
reduced metabolic function and increased risk 
of pregnancy complications, while preterm 
infants with a gestational week < 38 weeks 
have insufficient glycogen reserves and weaker 
thermoregulation abilities. They may affect the 
accuracy of NH risk prediction. However, in this 
study, the model’s performance remained at a 
high level in the advanced maternal age group 
(external validation AUC = 0.852) and the pre-
term group (external validation AUC = 0.848), 
indicating that the model had fully captured the 
association between core risk factors and NH, 
without significant interference from confound-
ing factors such as age and gestational week. 
In addition, the performance consistency in the 
neonatal sex subgroups (male infants AUC = 
0.857, female infants AUC = 0.850) also ruled 
out the impact of sex differences on the mod-
el’s predictive effect, proving that the model 
was applicable to all neonates. The value of 
subgroup analysis also lies in providing a basis 
for precise stratified intervention. For example, 
the sensitivity in the < 38 weeks subgroup 
(80.12%) was slightly lower than that in the 
term group (81.89%), suggesting that as a high-
risk group for NH, the risk decision threshold 
can be appropriately lowered when applying 
the model clinically for preterm infants to 
reduce the false-negative rate. This threshold 
optimization based on subgroup characteris-
tics can further enhance the clinical adaptabil-
ity of the model, providing personalized assess-
ment schemes for neonates with different risk 
features.

In clinical practice, complex predictive models 
are often difficult to promote due to the large 
number of input variables and cumbersome 
operating procedures, especially in scenarios 
such as obstetric emergencies and primary 
hospitals, where medical staff need to quickly 
complete neonatal risk assessments and have 
higher requirements for model convenience. 
This study selected five core risk factors to con-

struct a simplified RF model, which not only 
retained the core predictive efficacy of the full 
model but also significantly reduced the clinical 
application threshold. The variable selection for 
the simplified model followed the principles of 
strong clinical relevance, easy acquisition, and 
high predictive contribution. The selected five 
factors, including neonatal hypothermia and 
maternal insulin treatment during pregnancy, 
are not only the top 5 indicators in terms of vari-
able importance in the original model but also 
routine clinical monitoring indicators. Hypoth- 
ermia can be obtained through immediate tem-
perature measurement after birth, and the his-
tory of insulin treatment and hypertension dur-
ing pregnancy can be quickly extracted from 
the mother’s prenatal medical records. Large 
for gestational age and fetal distress can be 
confirmed through obstetric assessment at 
delivery, without the need for additional tests, 
meeting the clinical promotion requirements of 
no additional medical burden. The performance 
validation results showed that the AUC of the 
simplified model only decreased by 0.023 com-
pared with the full model, with a performance 
retention rate of 97.34%, and the net benefit in 
the core clinical decision-making interval was 
highly consistent with the full model. This result 
indicates that reducing non-core variables did 
not significantly reduce the model’s predictive 
accuracy, and its ability to distinguish high-risk 
and low-risk neonates remains at an excellent 
level. The clinical assessment time for the sim-
plified model was reduced from 5-8 minutes of 
the full model to 2-3 minutes, greatly improving 
the operational efficiency of medical staff, 
especially suitable for scenarios requiring quick 
decisions during peak delivery times and mul-
tiple pregnancies.

From a health economics perspective, the sim-
plified model does not rely on complex compu-
tational software or professional statistical 
knowledge and can be quickly implemented 
through paper questionnaires or mobile appli-
cations, facilitating its promotion in primary 
hospitals and maternal and child health institu-
tions with relatively limited medical resources. 
This helps to promote the homogenization of 
NH risk assessment, enabling more neonates 
to receive timely targeted interventions and fur-
ther reducing the incidence of NH-related 
adverse outcomes. It should be noted that the 
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core advantage of the simplified model is its 
convenience, and its performance is slightly 
lower than that of the full model. Therefore, in 
scenarios such as neonatal intensive care unit 
(NICU) and tertiary hospitals where predictive 
accuracy is extremely important, the full model 
is still recommended. In primary screening  
and rapid assessment scenarios, the simpli- 
fied model can be the preferred tool to achie- 
ve precise and convenient stratified applica-
tion. Future research can further conduct multi-
center prospective studies to verify the ac- 
tual application effects of the simplified model 
in different medical scenarios and provide 
more sufficient evidence for its widespread 
promotion.

Conclusion

Based on a multicenter retrospective cohort 
study, the RF model was identified as the opti-
mal predictive model through systematic risk 
factor screening, model construction, and inter-
nal and external validation. The model has 
good predictive performance and generaliza-
tion ability, and can provide a practical tool for 
the early identification of NH risk in newborns 
of mothers with GDM in clinical practice. 
Hypothermia, insulin treatment during pregnan-
cy, and large for gestational age are the core 
factors affecting this risk, providing a key direc-
tion for clinical intervention. It should be noted 
that, as a retrospective study, some data may 
be subject to recall bias or incomplete records; 
the study data were derived from five hos- 
pitals in Tianjin, and the geographical represen-
tativeness of the sample is limited, which may 
affect the applicability of the model in other 
regions. Moreover, the development of a simpli-
fied RF model may introduce potential opti-
mism bias. In this study, the simplified model 
was constructed by selecting core factors with 
the highest importance rankings, which en- 
sured retention of predictive performance. 
However, this selection process was based on 
the variable importance ranking within the cur-
rent dataset, potentially leading to overfitting to 
the characteristics of the present sample. On 
one hand, several excluded factors might carry 
additional predictive information in other po- 
pulations or clinical settings; their omission 
could result in decreased model performance 
when applied to heterogeneous external co- 

horts. On the other hand, the simplification pro-
cess did not involve pre-validation of the vari-
able selection strategy using an independent 
external dataset, which may have caused the 
predictive value of the core factors to be over-
estimated due to incidental features of the cur-
rent sample, leading the model to slightly over-
predict the risk of neonatal hypoglycemia in 
real-world clinical application. Future studies 
should validate the performance of the simpli-
fied model through multicenter prospective 
cohorts across institutions with varying geo-
graphic locations and levels of care, thereby 
mitigating the impact of optimism bias. It is rec-
ommended that future prospective studies be 
conducted to further validate the model’s effi-
cacy, expand the geographical scope of the 
sample sources to enhance the model’s univer-
sality, and continuously optimize the model by 
incorporating more dynamic monitoring indica-
tors. Exploring the transformation of the predic-
tive model into a clinically practical tool, such 
as developing a risk assessment scale or an 
intelligent prediction system, will provide stron-
ger technical support for the precise prevention 
and treatment of NH in newborns of mothers 
with GDM.
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