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Objective: To externally validate gestational diabetes mellitus (GDM) prediction models in a Chinese population and assess
their performance in early pregnancy risk stratification. Methods: Six GDM prediction models identified from a systematic
review were externally validated using data from 1,385 pregnant women in tertiary hospital in China. Model performance was
evaluated in terms of discrimination (C-statistic), calibration (calibration slope and intercept), and clinical utility (decision curve
analysis). Results: Among 1,385 women, 661 were diagnosed with GDM. All models showed decreased discrimination compared
with the original studies, with area under the curve (AUC) ranging from 0.693 to 0.751. All models underestimated risk in high-
risk individuals and most models demonstrated relatively stable net benefit, indicating potential suitability for early pregnancy
risk stratification. Conclusion: Existing GDM prediction models exhibit variable performance in Chinese populations. Further

recalibration and impact assessment are recommended.
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INTRODUCTION

Gestational diabetes mellitus (GDM) is defined as glucose
intolerance first diagnosed in the second or third trimester of
pregnancy in women without prior diabetes.!" Its prevalence
has risen steadily worldwide. In 2021, the International
Diabetes Federation reported that 16.7% of pregnant
women aged 20—49 years had hyperglycemia, with 80.3%
attributable to GDM,; the prevalence in mainland China has
reached 14.8%.") GDM is associated with increased risks
of adverse pregnancy outcomes such as cesarean delivery,
preterm birth, macrosomia, and neonatal hypoglycemia,’>#
as well as long-term complications including postpartum
diabetes,”! cardiovascular disease,® obesity!”! and metabolic
disorders in offspring.® Early identification of women at
high risk for GDM enables timely lifestyle interventions,
which may reduce the incidence of GDM and its adverse
outcomes.” Prediction models—statistical combinations
of multiple predictors estimating the probability of a
specific outcome are increasingly used for early GDM
risk assessment.

Although many GDM prediction models have been
developed worldwide using diverse statistical and machine
learning approaches, their actual clinical impact remains

Access This Article Online

Quick Response Code:

* B Website:
E h E www.jnsbm.org

DOI:
https://doi.org/10.5281/zenodo.17279482

[=]i

limited.l'> One major reason is the scarcity of external
validation, a critical step to assess model performance
in new populations before clinical implementation.
Without such validation, models often exhibit lower
discrimination and calibration in new settings than in their
development cohorts, due to factors such as overfitting,
omitted predictors, differences in patient characteristics,
or variations in diagnostic criteria.l''! External validation
not only quantifies a model’s generalizability but also
informs potential model updating or recalibration to
improve accuracy.'”! In the field of GDM, most external
validation studies have focused on models developed
in non-Chinese populations,!'? with limited systematic
evaluation of models for Chinese women. Furthermore,
few studies have directly compared the performance
of multiple existing models within the same external
cohort from China. This gap hampers the selection of
reliable and locally applicable tools for early GDM risk
stratification in China.
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To address these issues, we conducted a systematic
review to identify early pregnancy GDM prediction
models applicable to Chinese settings and performed
external validation of selected models in an independent
cohort from mainland China. This study aims to provide
empirical evidence on model performance, stability, and
applicability, thereby supporting rational model selection
and localized implementation in clinical practice.

LITERATURE REVIEW

Definition of External Validation Studies for
Prediction Models

According to the Critical Appraisal and Data Extraction
for Systematic Reviews of Prediction Modelling Studies
(CHARMS) checklist, prediction model studies can
generally be categorized into three types: (1) model
development studies without external validation, (2)
model development studies including external validation,
and (3) studies dedicated solely to the external validation
of established models. The preceding section reviewed
the first two types of studies in the context of GDM
prediction models. These studies primarily construct new
prediction models based on population data collected by
the research team and perform internal validation using
data from homogeneous populations to evaluate model
applicability and stability under the same research setting.
Some studies further apply external validation using
independent cohorts with characteristics different from the
development population, aiming to more comprehensively
assess model generalizability and applicability.
However, such external validation efforts are often
limited, with most studies relying on a single data source,
potentially constraining the model’s applicability across
different ethnicities, regions, or healthcare settings. In
the GDM prediction field, several studies have attempted
to use data from different cohorts to externally validate
established models, thereby exploring their performance
in diverse populations and assessing their suitability
across geographical regions and healthcare institutions.
Moreover, some research has incorporated decision
curve analysis (DCA) and recalibration techniques (e.g.,
intercept adjustment and calibration curve modification)
to optimize predictive accuracy, thereby enhancing the
model’s value in varied clinical contexts.

External Validation of a Single Prediction Model
In an international study, van Leeuwen et al."™ conducted
an external validation of the GDM risk scoring system
developed by Naylor ef al.l' using data from a prospective
cohort study. The original scoring system, based on
multivariable logistic regression analysis, calculated odds
ratios (ORs) for three clinical variables: maternal age,
body mass index (BMI), and ethnicity. Based on these
variables, each pregnant woman was assigned a clinical
risk score, with a maximum possible score of 10 points.
Women with scores of 0 or 1 were categorized as low
risk, those with scores of 2 or 3 as moderate risk, and
those with scores greater than 3 as high risk for GDM.

The external validation cohort comprised 1,266 women,
of whom 47 were diagnosed with GDM. The validation
results demonstrated moderate discriminatory ability
and limited calibration (goodness-of-fit chi-square test:
x? = 8.89, P = 0.06). Although both discrimination and
calibration were modest, the authors found that, compared
to universal screening, the score-based selective screening
strategy could reduce the number of women requiring
screening by 25% while maintaining a similar detection
rate. Thus, the model retained some clinical utility. It is
worth noting that this validation study was conducted
relatively early and employed a selective screening
strategy, meaning not all participants underwent GDM
testing; consequently, the number of GDM cases was small.
Nevertheless, the study provides valuable methodological
insights for subsequent research.

External Validation of Prediction Models using
Non-invasive Predictors

With the increasing number of prediction model
development studies, more external validation research
has begun to focus on validating multiple existing models
and comparing their predictive performance, as well as
evaluating their clinical utility. One external validation
study prospectively recruited a validation cohort of 7,929
Caucasian pregnant women at their first prenatal visit to
validate four published prediction models based on clinical
characteristics.l' The cohort was from the metropolitan
area of Quebec City, Canada, with 381 women subsequently
developing GDM. The four models incorporated risk factors
including maternal age, BMI, ethnicity, family history of
GDM, previous history of GDM, macrosomia, and adverse
obstetric outcomes. These models were originally developed
in populations from Canada, Turkey, the Netherlands, and
Australia, with specific risk factors and prediction rules
described in earlier literature. The area under the receiver
operating characteristic curve (AUC) for identifying GDM
ranged from 0.668 to 0.756, with performance comparable
to that observed in the original studies. The best-performing
model included ethnicity, BMI, family history of diabetes,
and prior GDM history as variables. For predicting GDM
cases requiring insulin therapy, this model achieved a
sensitivity of 73%, specificity of 81%, and AUC of 0.824.
Given its large sample size of Caucasian pregnant women,
the study demonstrated good representativeness, and
the four maternal-characteristic—based models showed
favorable discrimination, indicating generalizability.
The authors also explored the models’ potential for early
prediction of GDM cases requiring insulin treatment and
suggested incorporating newly identified biomarkers
to improve predictive performance and reach clinically
applicable standards. However, the study assessed only the
discriminative ability, which limited the comprehensiveness
of model performance evaluation.

Another external validation study addressed this limitation.
Researchers systematically searched PubMed up to April
13, 2017, to identify GDM risk prediction models based
solely on non-invasive predictors collected in early
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pregnancy. Twelve published models were identified
and externally validated using data from two Dutch
prospective cohort studies (Expect Study I and PRIDE
Study).!') The validation cohort included 5,260 pregnant
women, among whom 127 (2.4%) were diagnosed with
GDM—72 cases in Expect Study I and 55 in PRIDE Study.
The C-statistics of the models ranged from 68% to 75%,
with almost all AUCs lower than those reported in the
original studies. The model by Nanda et al.l'"} achieved
the highest discriminative performance (AUC = 0.75).

Subgroup analysis in nulliparous women showed only
slight decreases in AUC, except for the model by Gabbay-
Benziv et al.®, which declined by 0.05. Sensitivity
analyses demonstrated similar model performance in the
two cohorts. Calibration plots indicated that most models
tended to overestimate GDM risk, with the models by
Nanda et al.l') and Gabbay-Benziv et al.l'"® showing the
best calibration. Recalibration improved the agreement
between predicted probabilities and observed incidence
for most models. Decision curve analysis revealed that
these models provided positive net benefit compared with
treating all or no women as high risk within a risk threshold
range of 1%~55%. Further analysis of the Nanda et al.
model at different clinically relevant thresholds showed
high sensitivity and negative predictive value (NPV) at low
thresholds (e.g., 2%), indicating strong ability to exclude
low-risk women. However, at high sensitivity levels,
many women were falsely classified as high risk (high
false-positive rate), and when the threshold exceeded 5%,
sensitivity dropped sharply, leading to misclassification of
many women who eventually developed GDM as low risk.

External Validation of Prediction Models Combining
Non-invasive Predictors

The above studies focused on traditional models using
non-invasive predictors only. With growing interest in
experimental biomarkers as predictors, some external
validation studies have compared the performance of
such models. A large, prospective, multicenter cohort
study was conducted across 31 midwifery practices and
six hospitals in the Netherlands to externally validate
all published GDM prediction models available at the
time.["! Women were recruited at their first prenatal
visit, and 3,723 participants were included in the final
analysis, with 181 (4.9%) developing GDM. Twelve models
were validated, with C-statistics ranging from 0.67 to
0.78, indicating moderate variability in discriminative
ability. Calibration analysis showed good calibration for
Gabbay-Benziv et al.® and van Leeuwen et al.?%. After
recalibration, eight models exhibited good calibration
curves closely matching the ideal line, although Nanda
et al'), Pintaudi et al.?Y, and Shirazian et al.?* tended
to over- or underestimate risk in some cases.

AUC:s for original and recalibrated models ranged from 0.67
to 0.78, with recalibrated models slightly underperforming
compared to their development populations. The highest
AUCs were seen in Gabbay-Benziv et al!'¥, Nanda et al.!'",
Teede et al.'®, and van Leeuwen et al.?¥ —all including

maternal age, BMI, history of GDM, ethnicity, and family
history of diabetes. The poorest-performing models had
the fewest predictors. For nulliparous women, four models
[Gabbay-Benziv et al.l'"®, Nanda et al.l'""), Naylor et al.l'¥,
Teede et al.?®! showed lower discrimination than in the
overall cohort, whereas other models performed better in
nulliparous women. Decision curve analysis for the top four
models showed positive net benefit at thresholds between
0% and 40%. This large-sample study, including both low-
and high-risk populations across primary and secondary/
tertiary care settings, offered good representativeness and
comprehensive performance evaluation. However, the high-
risk screening strategy used—only performing OGTT in
low-risk women if GDM-related symptoms occurred—may
have underestimated GDM incidence in this group.

External Validation of Prediction Models Under
the IADPSG Diagnostic Criteria

Previous external validation studies did not account
for differences in GDM diagnostic criteria. One study
evaluated 15 clinical prediction models using the IADPSG
2010 criteria to define GDM in the validation cohort.** A
total of 1,132 pregnant women were prospectively recruited
before 16" weeks’ gestation for risk assessment, including
routine laboratory tests. ROC-AUC values ranged from
60.7% to 76.9%, representing moderate to good predictive
accuracy. Overall, “propensity score” models (i.e., models
calculating continuous GDM probability) outperformed
“total score” and “decision tree” models, particularly in
discrimination, and exceeded the predictive performance
of models using maternal age alone.

Calibration analysis of nine propensity score models
with complete prediction rules showed acceptable
calibration for Benhalima-1 and Benhalima-2 (2020),"
and underestimation in van Leeuwen et al.*", Nanda
et al."l, Gabbay-Benziv et al' and Syngelaki et al.*®
models. Poor calibration in most models was attributed
to development under older diagnostic criteria, which did
not account for the higher current GDM prevalence, thus
underestimating risk. Recalibration improved agreement,
though van Leeuwen et al.?", Nanda et al."" and Syngelaki
et al P still overestimated risk in some scenarios. Random
forest analysis indicated that prior GDM history and routine
laboratory measures (fasting glucose, HbAlc, triglycerides)
were the most important predictors. Benhalima-2 (2020),%
incorporating these variables, demonstrated the greatest
net benefit and best discrimination.

External Validation in Chinese Populations

Most external validation studies have been based on
foreign populations, with limited work using Chinese data
to validate domestic or foreign models. One study used
data from 478 pregnant women to validate four models
developed in domestic populations, all multivariable
logistic regression models.?”! All four showed moderate
discrimination in external validation. Calibration analysis
indicated that, except for the model by Rao et al.?®l, which
had good calibration, the others tended to overestimate
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or underestimate individual risk. All four models had net
benefit within certain risk ranges, with the Rao Jiawei
model yielding net benefit at thresholds from 25% to 90%,
suggesting potentially greater clinical utility than the others.
In summary, Internationally, several well-established GDM
prediction models have undergone external validation
across diverse countries and ethnicities, with applicability
explored in different healthcare systems. Some models
developed in Western populations have been validated
in multi-center studies and show varying performance
across ethnic groups, highlighting the influence of genetic
background, lifestyle, and healthcare environments on
model generalizability. External validation thus not only
assesses model robustness but also identifies key factors
influencing applicability and guides further optimization.
In contrast, external validation studies in China remain
limited, with most research focusing on developing
new models from single-population datasets rather than
evaluating existing models in Chinese pregnant women.
This gap may reflect factors such as a preference for self-
developed models, restrictions on multi-center data sharing,
and the high demands of independent datasets for external
validation. The lack of local external validation may hinder
the clinical adoption of GDM prediction models in China.

METHODS

Selection of Prediction Models

A systematic search was conducted in both English and
Chinese databases using a combination of indexed and free-
text terms related to early pregnancy prediction models and
GDM. Only studies adopting the International Association
of Diabetes and Pregnancy Study Groups (IADPSG)
diagnostic criteria, issued in 2010, were included, with
a search period from January 2010 to December 2024.
Inclusion criteria were: (1) study population comprising
pregnant women from mainland China; (2) study type
including model development studies (with or without
external validation) and independent external validation
studies; (3) outcome of interest being GDM diagnosed using
the IADPSG criteria;* (4) prediction models including
at least two predictors with clear model descriptions; and
(5) publication in English or Chinese. Exclusion criteria
were: (1) pregnant women with other chronic diseases; (2)
studies reporting only associations between risk factors and
GDM rather than complete prediction models; (3) models
containing non-routine clinical predictors (e.g., genetic
loci, environmental exposures); (4) predictors measured
after 14 weeks of gestation; (5) inaccessible full texts; (6)
models developed using machine learning algorithms; and
(7) duplicate models.

The risk of bias and applicability of the prediction model
studies were assessed using the PROBAST tool,*” covering
four domains: participants, predictors, outcomes, and
analysis. Risk of bias was evaluated across all four domains,
while applicability was assessed in the first three domains.
The risk of bias was categorized as low, high, or unclear.
Each domain contains at least two signaling questions,
with possible responses of “yes,” “probably yes,” “no,”

LEINT3

“probably no,” or “no information.” The answers to these
signaling questions determine the overall risk of bias for
each domain. The applicability assessment follows a similar
procedure, though it does not involve signaling questions.
Any disagreements in the assessment were resolved through
consultation with a third reviewer. Based on this systematic
evaluation, prediction models suitable for early pregnancy
risk assessment and external validation were selected
according to the following criteria: (1) methodologically
sound study design with low risk of bias; and (2) inclusion
of predictors commonly assessed in routine prenatal care,
readily obtainable in clinical practice.

External Validation Cohort

Data Source

Women who delivered at the Second People’s Hospital of
Dali City between December 2019 and December 2024
were included as the validation cohort. Inclusion criteria
were: (1) singleton pregnancy; (2) complete hospital
records. Exclusion criteria were pre-existing diabetes
or other metabolic disorders. Regarding the sample size
required for external validation, no universally accepted
standard exists. However, previous studies recommend
including at least 100 events, preferably more than 200,"
meaning the validation cohort should contain at least 100
women diagnosed with GDM.

Predictors

Trained healthcare personnel extracted data from the
hospital electronic medical records system. Maternal
information collected included demographics (age, ethnicity,
education, residence, occupation, economic status), obstetric
history (gravidity, parity, adverse pregnancy history, use
of assisted reproductive technology), personal history
(smoking, alcohol consumption), past medical history,
physical examination (early pregnancy systolic blood
pressure [SBP] and diastolic blood pressure [DBP], height,
pre-pregnancy weight, BMI), and routine laboratory tests
(early pregnancy fasting plasma glucose [FPG], complete
blood count, oral glucose tolerance test results).

Statistical Analysis

Descriptive statistics were used for participants’ general
characteristics, obstetric and medical history. Univariate
analyses compared clinical features between the GDM and
control groups. The validation cohort data were applied to
the selected prediction models using Stata 18.0 to evaluate
model performance. Discrimination was assessed by the
concordance statistic (C-statistic), i.e., AUC, ranging from
0.5 to 1, with higher values indicating better discriminative
ability. Calibration was evaluated using the Stata command
pmcalplot to generate calibration plots and calculate
intercepts and slopes. Ideally, a perfectly calibrated
model has an intercept of 0 and a slope of 1 (the 45°
line). A negative intercept indicates risk overestimation,
a positive intercept indicates underestimation, and a slope
less than 1 suggests potential overfitting. Decision curve
analysis was performed to evaluate clinical usefulness
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across a range of risk thresholds, with net benefit plotted
on the y-axis and threshold probability on the x-axis. The
“Treat All” line represents the net benefit if all women
are considered GDM cases, decreasing with higher
threshold probabilities; the “Treat None” line represents
zero risk, with net benefit equal to zero; and the model
curve represents net benefit when using the prediction
model to guide clinical decisions.

RESULTS

Selection of Prediction Models

A total of 2,996 records was retrieved from the databases,
including PubMed (N=467), Cochrane Library (N=41),
Embase (N=694), Web of Science (N=558), China
National Knowledge Infrastructure (N=257), Wanfang
Data (N=242), VIP Database (N=369), and CBM (N=368).
After removing 1,296 duplicates, 1,700 records remained
for title and abstract screening, of which 107 articles
were eligible for full-text review. Ultimately, 48 studies
were included. According to the results of the systematic
review, all studies exhibited a potentially high overall
risk of bias. Therefore, studies with no more than one
high-risk domain among the four evaluated domains were
selected, considering the predictor variables available in
our dataset. Six models were finally chosen for external
validation. Their characteristics are summarized in Table
1. Of these, four models presented explicit formulas, where
the probability of GDM occurrence was calculated as
P = e/ (1+ e'?) , and two models used risk scores. The
parameters of these models are as follows.

Model 1 (Chen X 2016):5% Lp = -4.92 + 0.044*age(years)
-0.028*height(cm)- 0.309*underweight(if Yes =1,if

No =0)+0.362*overweight(if Yes=1,if No=0) + 0.652
*obesity(if Yes=1,if No=0) + 0.326 *DBP>80mmHg(if
Yes=1,if No=0) + 0.501 *family history of diabetes(if
Yes=L,if No=0) +2.894*GDM history(if Yes=1,if No=0)
+ 1.300 *FPG(mmol/L).

Model 2 (Chen MF 2019):3% Risk score = 0(if gravidity
= 1) + 0.26 (if gravidity = 2) + 0.33 (if gravidity>3)+
0(if parity =0) + 0.53(if parity> 1) + 0.59 (if delivering
macrosomia)+ 0.83(if having family history of diabetes)
-0.36 (if pre-pregnancy BMI<18.5kg/m?) + 0.34(if pre-
pregnancy BMI=24~27.9 kg/m?) + 0.96(if pre-pregnancy
BMI> 28 kg/m? + 2(if with GDM history) + 0.64 (if age=
26~30 years) + 1.03(if age =31~34 years) + 1.39 (if age
=35~40 years)+ 1.86 (if age> 4lyears).

Model 3 (Gao S 2020):34 Risk score=0.0941*age(years)
+ 0.1278*BMI(kg/m?) + 0.0093*SBP(mmHg) +
0.6816%*LoglO(alanine aminotransferase) + 0.5129*
family history of history(if Yes =1,if No =0) - 0.0270 *
height(cm) -5.7469.

Model 4 (Guo F 2020):2% Lp =-10.84 + 0.078 * age(years) +
0.119 * pre-pregnancy BMI (kg/m?) + 0.893 * FPG (mmol/L)
+0.491 * family history of diabetes (if Yes=1, if No=0).
Model 5(Li JJ 2021):8 Lp = -8.524 + 0.079 * age (<25years
= 1,25~29years = 2,30~34years = 3, >35years = 4) + 2.160
* pre-pregnancy BMI (<18. 50 kg /m?=1,18. 50 ~<23. 00
kg /m?=2,23.00~<25. 00 kg /m? =3, >25. 00kg /m?* = 4)
+ 1. 191 * family history of diabetes (if Yes=1, if No=0).
Model 6 (Li SH 2024):*7 Lp =- 2. 309 + 0. 692 * age>35(if
Yes=L,if No=0) + 0. 894 * BMI>24. 0 kg/m? (if Yes=1,if
No=0) + 0. 267 * FPG (mmol/L) + 0. 763 * family history
of diabetes (if Yes=1, if No=0) + 0. 694 * anemia in early
gestation (if Yes=1, if No=0).

Table 1: Characteristics of 6 Models.

Study Modeling Method

Predictors Presentation

Chen X 2016 Multivariate logistic regression

Chen MF2019 Multivariate logistic regression

Age, pre-pregnancy BMI, SBP>80mmHg, family history of diabetes, history Formula
of GDM, FPG, height

History of GDM, age, family history of diabetes, macrosomia, gravidity,
parity, pre-pregnancy BMI

Risk score

Gao S2020  Multivariate logistic regression Age, BMI, DBP, alanine aminotransferase, family history of diabetes, height Risk score
Guo F 2020  Multivariate logistic regression Age, BMI, FPG, family history of diabetes Formula
LiJJ 2021 Multivariate logistic regression Age, pre-pregnancy BMI, family history of diabetes Formula

) ) oo .
LiSH2024  Multivariate logistic regression Age>35, pre-pregnancy BMI>24. 0 kg/m?, FPG, family history of diabetes, Formula

anemia in early gestation

Characteristics of the Validation Cohort

A total of 1,385 women from the hospital were included
in the validation cohort, aged 18~48 years. The mean
height was 1.611+ 0.051m, and the mean pre-pregnancy
weight was 57.077+ 9.187kg. Among them, 661 were
diagnosed with GDM and 724 had normal glucose
levels. As shown in Table 2, women in the GDM group
were significantly older (P<0.05). The GDM group had
higher systolic blood pressure, while diastolic blood
pressure showed no significant difference (P>0.05). No
significant difference in height was observed (P>0.05),
but pre-pregnancy weight was significantly higher in
the GDM group (P< 0.05). A family history of diabetes

was significantly associated with GDM occurrence (P<
0.05). Similarly, a history of GDM and macrosomia
in previous pregnancies were significantly related to
GDM in the current pregnancy (P < 0.05). Gravidity and
parity differed significantly between groups (P< 0.05).
Pre-pregnancy BMI showed significant differences,
with higher BMI observed in the GDM group (P <
0.05). Moreover, the difference in FPG between the
two groups was statistically significant (P < 0.05) and
FPG in early pregnancy was higher in the GDM group,
but the differences in alanine aminotransferase (ALT)
and anemia were not statistically significant (P> 0.05).

'Journal of Natural Science, Biology and Medicine | Volume 16 | Issue 3 | December 2025




External Validation of Multiple Risk Prediction Models for Gestational Diabetes Mellitus

Table 2: Comparison of Characteristics hetween GDM Group and Non-GDM Group.

Variable Non-GDM (N=724) GDM (N=661) t/c¥/Z P

Age(years) 30.30+4.280 32.22+4.172 -8.440 <0.001

SBP (mmHg) 113.43+12.767 115.21+£12.648 -2.600 0.009

DBP (mmHg) 72.23£10.013 72.38+9.536 -0.288 0.744
Height(m) 1.6103+.05054 1.6126+.05065 -0.824 0.410

Weight (Kg) 55.128+8.2599 59.211+9.6698 -8.472 <0.001
Pre-BMI(Kg/m?) 21.16+2.844 22.64+3.558 -8.586 <0.001
Gravidity 2.45+1.085 2.69+1.240 -3.268 0.001

Parity 0.83+0.526 0.92+0.512 -2.842 0.004
Macrosomia (Yes/No) 6/718 20/641 9.054 0.003

FPG 4.38+0.387 5.17£0.785 14.512 0.000

ALT 17.02+14.675 19.40+16.744 1.830 0.068

History of DM(Yes/No) 20/704 49/612 15.787 <0.001

GDM history (Yes/No) 11/713 34/627 14.439 <0.001
Anemia (Yes/No) 43/681 29/632 0.717 0.397
Model Performance performance of the models in their original studies and
Discrimination in the present external validation is summarized in Table
In the validation cohort of 1,385 women (661 with GDM 3, with ROC curves shown in Figure 1. Compared with
and 724 without), meeting the sample size requirements their performance in the original development cohorts,
for external Validation’ model formulas or risk scores all models demonstrated lower AUC values after external
were applied to the collected data. The discrimination validation.

Table 3: Predictive Model Discrimination Performance.

Model Original Study AUC (95%CI) Validation Cohort AUC (95%CI)
Chen X 2016 0.722 (0.696~0.747) 0.676 (0.630~0.723)
Chen MF 2019 0.659 (0.63~0.688) 0.621 (0.582~0.661)
Gao S 2020 0.710 (0.680~ 0.741) 0.707 (0.665~0.749)
Guo F 2020 0.69 (0.67~0.72) 0.663 (0.616~0.709)
LiJJ 2021 0. 870 (0. 756~0. 985) 0.693 (0.650~0.735)
Li SH 2024 0.82 (0. 76~0.89) 0.646 (0.599~0.694)

Figure 1: ROC Curves for 6 Models.
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Calibration of individual risk. Among them, the Li SH model had
Calibration plots for the six prediction models are shown in a calibr?tion—in—the—large (C.ITL) of 0.232, closer to 0,
Figure 2. All models indicating potential underestimation suggesting smaller overall bias than the other models.

Figure 2: Calibration Curves for 6 Models.

.Joumal of Natural Science, Biology and Medicine | Volume 16 | Issue 3 | December 2025 ﬂ




External Validation of Multiple Risk Prediction Models for Gestational Diabetes Mellitus

Clinical Utility

Decision curve analysis results (Figures 3~8) showed that
the Gao S model consistently yielded net benefits lower
than the “Treat All” strategy, suggesting relatively limited
clinical utility. The other five models demonstrated net
benefit at threshold probabilities >0.4, indicating potential
value for clinical decision-making. The decision curves for
the Chen X, Chen MF, and Guo F models declined more
gradually, reflecting relatively stable clinical performance.

Figure 6: DCA Result of the Guo F Model.

Figure 3: DCA Result for the Chen X Model.

Figure 7: DCA Result of Li JJ Model.

Figure 4: DCA Result for Chen MF Model.

Figure 5: DCA Result of Gao S Model. Figure 8: DCA Result of the Li SH Model.
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Discussion

Key Findings

External validation is a crucial step to evaluate the robustness
and generalizability of prediction models across different
populations and real-world clinical settings.'” In this study,
six GDM prediction models with relatively low risk of bias
and compatible predictor variables were selected from a
systematic review of 48 studies for external validation.
When applied to an independent cohort, all models showed
a decrease in AUC compared with the original studies;
however, discrimination remained acceptable, with the
highest AUC reaching 0.751. These results indicate that
the models can reasonably distinguish high- from low-risk
individuals in early pregnancy. Domestic studies evaluating
GDM prediction models reported AUCs ranging from 0.719
to 0.759,") consistent with our findings. Notably, some models
with high original AUCs, such as the Li JJ model (original
AUC =0.870), decreased to 0.693 in our cohort, suggesting
limited stability across broader populations.

Despite acceptable discrimination, all models exhibited
suboptimal calibration and underestimated individual
risk. Except for the Gao S model, calibration slopes were
<l, indicating overfitting. Evidence from international
external validation studies has shown that recalibration
can substantially improve agreement between predicted
and observed risks.'*?* Among our models, the Li SH
model demonstrated the closest CITL to zero, indicating
minimal overall bias and superior calibration. Decision
curve analysis confirmed that five models yielded positive
net benefit at predicted risk thresholds >0.4, while the
Gao S model demonstrated limited clinical utility.

Comparison with International Studies

Several GDM prediction models have undergone external
validation in European and Australian populations,
highlighting the importance of population-specific
assessment. A prospective cohort of 7,929 Caucasian
women validated four clinical-feature-based models, with
AUCs ranging from 0.668 to 0.756.1'] Similarly, a multicenter
Dutch study externally validated 12 published models across
primary and tertiary care, reporting C-statistics between 0.67
and 0.78. After recalibration, eight models demonstrated good
calibration, and decision curve analysis indicated positive
net benefit at predicted risk thresholds of 0~40%.I'Y Another
prospective cohort, using the IADPSG 2010 diagnostic
criteria, evaluated 15 clinical prediction models in 1,132
women before 16" weeks gestation. ROC-AUC ranged from
0.607 to 0.769, reflecting moderate to good discrimination.
Propensity-score-based models outperformed total-score
or decision-tree models, particularly in distinguishing
GDM cases from non-cases. Calibration analysis revealed
miscalibration in older models due to outdated diagnostic
criteria, whereas recalibration substantially improved
concordance between predicted and observed risks.?
Random forest analysis identified GDM history and routine
laboratory measures (e.g., FPG, HbAlc, triglycerides)
as highly influential predictors, supporting the superior

performance and net benefit of models incorporating these
variables, such as the Benhalima-2 2020 model.

Implications and Recommendations

Our findings confirm that most existing GDM prediction
models experience performance degradation when
applied to new populations, primarily due to differences
in cohort characteristics, single-center development,
and lack of robust internal and external validation.
Models with acceptable discrimination and net benefit
may facilitate individualized, risk-based prenatal care
in Chinese populations. Future research should focus
on recalibration, model updating, and integration into
clinical workflows, while improving interpretability to
enhance understanding among clinicians and pregnant
women, thereby promoting wider adoption in practice.

CONCLUSION

This study externally validated six GDM prediction models
selected from a systematic review, providing empirical
evidence for their real-world applicability and generalizability
in a Chinese population. Most existing model development
studies carry a high risk of bias, report incomplete calibration
information, and lack external validation. Our findings
indicate that while discrimination of the validated models
remains acceptable, calibration varies, with some models
underestimating risk in high-risk individuals. Models
validated in this study showed relatively stable net benefit,
highlighting their potential for early pregnancy risk
stratification and individualized counseling.

However, this study has several limitations. First,
models that were not fully reported were excluded from
the systematic review, potentially omitting some high-
performing prediction models. Second, the external
validation cohort was drawn from a single tertiary
hospital in one province, limiting generalizability to
other regions. Future research should focus on updating
and externally validating existing models, conducting
model impact studies to assess safety, effectiveness, and
cost-effectiveness in clinical practice, and facilitating
model adaptation for local populations. Such efforts
will support more precise early-pregnancy prediction
and management of GDM, ultimately contributing to
evidence-based, individualized prenatal care.
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