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OBJECTIVE: The aim of this study is to perform a systematic review of available
obstetric first trimester prediction models based on maternal characteristics for
gestational diabetes mellitus (GDM).

METHODS: The review included a comprehensive search of following electronic
bibliographic databases: PubMed/MEDLINE from July 1st 2017 until September 30th
2021. Prognostic models published before April 1st 2017 were obtained from a
previously conducted reviews.

The studies were considered eligible if they met the pre-established criteria as follows:
(1) the article must describe either the development or external validation of a
prediction model, or an update to a previously developed model; (2) the model in
question must contain multiple predictors; (3) the predictors used must be routinely
collected in Dutch Obstetric Care; (4) the predictors must be available and/or measured
prior to 16 weeks and 0 days of gestation; (5) The study population must comprise
pregnant women; (6) the model must be based on weighted risk predictors that have
been identified through multivariate analysis; and (7) the model must be used to predict
the GDM outcomes.

Data was collected through a pre-determined data extraction form, which included
specific items related to study type, domain, outcome, development and validation,
model performance (measured by AUROC), risk of bias, and applicability. To evaluate
the risk of bias and applicability, the prediction model risk of bias assessment tool
(PROBAST) was utilized. The systematic review adhered to the PRISMA guidelines
for reporting.

RESULTS: In this study, 24 studies on GDM prediction models were selected for
analysis, with 12 studies retrieved from the latest databases after rigorous selection. The
final analysis included 20 models developed for GDM and 57 models externally
validated for GDM. The developing models demonstrated AUROC values ranging from
0.64 to 0.88 (mean), but their performance in external validation studies was slightly
lower, with AUROC values ranging from 0.60 to 0.87 (mean). Compared to all other
models evaluated, Nanda's model has demonstrated a relatively stable performance in
terms of AUROC values across both self-validation and external validation (0.73-0.79).
Which suggests that Nanda's model may be more reliable and consistent in predicting
outcomes compared to other models.

CONCLUSIONS: By analyzing and summarizing existing literature, this study
presents information on current GDM prediction models with maternal characteristics
and offers suggestions on the selection of predictors for future models, serving as a
useful reference for future model development and enhancement. The study's findings
suggest that although the model developed by Nanda et al. shows promise for predicting



GDM, the other models exhibit lower performance. As technology and research
improve, we expect better GDM prediction models in the future.

Introduction

Gestational diabetes mellitus (GDM)! is frequently occurring pregnancy complication,
with a globally standardized prevalence rate of 14.0%?°. It increases the risk of
complications during pregnancy and delivery, as well as raise the possibility of
developing type 2 diabetes mellitus (DMII), cardiovascular disease and metabolic
syndromes in the future>*. Additionally, offspring of mothers with GDM are at
increased risk of complications such as asthma, wheeze>® obesity and abnormal glucose
metabolism in mid-childhood’.

The screening method for diagnosing GDM lacks international consensus and varies by
healthcare provider and time®. Screening approaches include universal or selective
screening based on certain risk factors or a combination of both?. Moreover, the
diagnosis of GDM is complicated by the lack of a "gold standard" test. While the oral
glucose tolerance test (OGTT) is commonly used, the optimal diagnostic criteria for the
OGTT vary among different stakeholders>®. Consequently, many women do not receive
the appropriate diabetes screening. However, prediction models for GDM offer a novel
approach to identifying high-risk women without extensive screening, which reduces
the unnecessary burdens on pregnant women. By using these models, no cases are
overlooked, ensuring that all at-risk individuals receive the appropriate attention and
care.

Numerous studies have identified a range of factors contributing to the increased risk
of gestational diabetes mellitus (GDM). Some research has established a significant
association between higher maternal age and BMI with an increased risk of GDM?1°,
Additional factors, including maternal history, ethnicity, prior GDM, and a family
history of diabetes, have also been demonstrated to be significant GDM risk factors!!.
Bar-Zeev et al. found that for women who smoked equal or greater amounts of
cigarettes, higher odds of GDM were observed across all BMI categories and
gestational weight gain, compared to pregnant women who did not smoke®.
Furthermore, a recent systematic review revealed a significant association between
GDM and environmental factors, including air pollution, climate factors, chemicals and
metals’. Studies by Tang et al.!? and Miron-Celis et al.!* have found that exposure to air
pollution such as particulate matter with a diameter <2.5 um (PM2s) and nitrogen
dioxide (NO.) are significantly associated with an increased risk of GDM based on
existing evidence.

Several studies have shown that proactive identification of risk factors and timely
preventive interventions such as applying physical activity, diet and probiotic
intervention, might be able to lower the probability of GDM!"!*15 As such, early
prediction of GDM is vital for effective risk management, and for improving maternal
and neonatal outcomes. As a result, an increasing number of prediction models in the



field of obstetrics are being formulated '6.

Despite the significant increase in publications related to prognostic models for GDM,
a consensus has yet to be reached on the best model for predicting the onset of GDM.
From 2018 to 2020, Meertens et al.!”?° published four systematic reviews (EXPECT
studies) for first trimester obstetric prediction models for four different adverse
pregnancy outcomes (GDM, PE, sPTB and SGA).Since then, no updates have been
made, and there remains no agreement on the best prediction model for GDM.

To address this knowledge gap, the main study planned to conduct an up-to-date
systematic review of existing models in obstetrics. This study is a sub-study of the
larger research only focusing on updating the prediction model for GDM. In this
systematic review, our objective is to present an updated review of existing first
trimester prediction models for GDM based on maternal characteristics. By examining
the current landscape of these models, we seek to uncover gaps or limitations in the
research, which offer initial insights for further model research.

Methods

As previously mentioned in the introduction, the current study is a sub-analysis of the
main study, focusing solely on studies related to the GDM model. Therefore, the
analysis and summary were mainly aimed at information on the GDM prediction model.
The methodology for this systematic review was documented and registered in the
PROSPERO database, in accordance with established systematic review protocols.

Eligibility Criteria

A thorough search on the scientific databases PubMed and MEDLINE from July 1st,
2017 until September 30th, 2021 was performed to identify relevant studies. The studies
published before April 1st, 2017 were sourced from the EXPECT study conducted by
Meertens et al'”. The predetermined in-and exclusion criteria are listed in Table 1.

Table 1 Criteria to Guide the Literature Search Following the PROSPERO protocol.

Inclusion Criteria Exclusion Criteria

All forms of study designs are eligible for inclusion.  Reviews, letters, communications,
editorials, and Case reports
Not published in English.
The article must describe the development or external The model is not a prediction model
validation of a prediction model, or an update to a
previously developed model.
The model in question should contain multiple The models' predictors focus solely
predictors, which must have been routinely collected on biomarkers.
in Dutch Obstetric Care, and are available and/or Not first trimester model
measured before 16 weeks and 0 days of gestation
The study population comprises pregnant women. Wrong population that does not



align with the research question,
such as non-pregnant women or
men, children, or individuals with
irrelevant medical conditions.

The model must be based on weighted risk predictors Outcomes that did not align with

that have been identified through multivariate our research question.

analysis, and it is supposed used to predict GDM

outcomes

Search strategy
The search strategy employed in this study was based on the one used by Meertens et
al.'”2° we used a set of keywords related to prediction studies such as “predictive
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model”, “prediction”, “risk calculator”, “risk model”, “risk score”, “algorithm”, “risk
assessment”, “nomogram”, “prognostic model”, “scoring system”, “screening model”,
“decision rule”, “Pregnancy complications”, “First trimester”. Along with synonyms
for outcomes such as “Gestational diabetes mellitus (GDM)”, “Gestational diabetes”,
“pregnancy induced diabetes”, “pregnancy-induced diabetes” in the title, abstract, or
MeSH terms to identify relevant articles. The chosen articles were brought into

Mendeley, where any duplicate articles were removed.

Study selection

Two independent reviewers evaluated all articles based on their title and abstract, using
predefined inclusion and exclusion criteria. Eligible articles had their full text retrieved
and assessed by the review team. In case of any disagreements between the reviewers,
the full text was discussed and differences were resolved by consensus or through
mediation with one other author.

Data collection

Data collection was done independently by three reviewers. Data extraction was
conducted separately for all the included models, allowing for a comprehensive
evaluation of each model's strengths and weaknesses.

Eligible studies were further categorized into three distinct groups based on their study
design: development studies, external validation studies, as well as development and
external validation studies combined. Relevant items were extracted from each selected
article by using a pre-specified data extraction form, that contains items related to study
type, domain, outcome, development and validation, bias, and applicability. In cases
where an article detailed the creation or external validation of existing models, data
extraction was performed separately for each model. The performance of each model
in predicting gestational diabetes mellitus (GDM) was evaluated based on their reported
area under the receiver operating characteristic curve (AUROC) values and
corresponding 95% confidence intervals.

Risk of bias and applicability (quality) assessment



Risk of bias and applicability assessment was performed using the prediction model
risk of bias assessment tool (PROBAST). PROBAST has 4 domains (participants,
predictors, outcome, and analysis) and 20 signaling questions to assess the risk of bias.
Answering "yes" or "probably yes" to all questions in a domain means low risk of bias,
while "no" or "probably no" on one or more questions indicates potential for bias. In
terms of applicability assessment, the review question was assessed across three
domains: participants, predictors, and outcomes. Each domain was rated as low, high,
or unclear, with a low concern for applicability indicating a good match between the
review question and the study.

The present report followed the systematic review reporting guidelines outlined in the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA).

Results

Result of the Search

As depicted in Figure 1, the initial search yielded 2458 unique articles. Following title
and abstract screening, 207 articles were identified as potentially relevant and were
retrieved for further assessment. Of these 207 articles, 173 were subsequently excluded
for the following reasons: focusing solely on biomarker models (n=109), having
outcomes that did not align with our research question (n=29), not pertaining to first
trimester models (n=12) or prediction models (n=11), having populations that did not
meet our eligibility criteria (n=5), publication types that were not applicable to our
criteria (n=4), and articles that were not written in English (n=3). Among the remaining
34 reports, 22 papers were excluded from this study as their models were not GDM
prediction models. The remaining 12 reports were included in this research.

As highlighted in bold in Figure 1, a total of twenty-four studies on GDM prediction
with maternal characteristics were identified, of which one study included models
predicting multiple adverse outcomes such as GDM, PE, and SGA as outcomes.
Twelves studies were retrieved from the latest databases after applying the selection
criteria, and the other twelves studies were from a previous study by Meertens et al'’.
Among the 24 studies, 13 are development studies, 4 are development and external
validation (combination) studies, and 7 are external validation studies. A total of 20
models developed for GDM and 57 models externally validated for GDM were
included for analysis.

Figure 1 Flowchart of the study selection process.
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Risk of bias and applicability assessment

The results of risk of bias and applicability assessment are summarized in Figure 2.
There is a low risk of bias in the participants, predictors, and outcomes domains. This
suggests that the studies included in the review have a strong alignment with the review
question and are relevant to the population of interest. Moreover, the predictors used in
the studies are appropriate, and the study outcomes are meaningful in addressing the
review question. On the other hand, most studies exhibited a high risk of bias in their
analysis section, attributable to missing information on various aspects, such as the
description of the performance measures of the model, missing data on predictors and
outcomes, methods used for handling missing data, model development procedures,
and more. To be more specific, numerous studies lacked information on how they



appropriately managed participants with missing data. Only two studies provided
information on how they adequately considered data complexity. Most studies
inappropriately evaluated model performance, and many did not account for model
overfitting and optimism in model performance. Furthermore, a majority of the studies
lacked information on whether the predictors and their assigned weights in the final
model were consistent with the results of the reported multivariate analysis.

As shown in Figure 2, it is apparent that the concerns regarding applicability of most
included prediction models for GDM are low. Low concerns regarding applicability, in
this context, implies that the models are well-suited for the intended population and
setting. It indicates that the study participants closely resemble the population of interest,
the predictors align well with the review question, and the study outcomes are relevant
and meaningful.

Figure 2 Risk of bias and applicability assessment of all studies by using PROBAST.
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Characteristics of the included studies

Table 2 shows the key characteristics of the study designs, sample size, predictors,
outcome, modeling method, and predictive performance of the included studies. The
included studies on gestational diabetes mellitus (GDM) prediction models consisted
of 13 development studies, 7 external validation studies, and 4 development and



external validation (combination) studies, and were published between 1997 and 2021.
On average, each development study described 1.2 model, while external validation
studies described approximately 5.9 models. Most studies used prospective cohorts and
were conducted in various countries, with a concentration in Europe and North America.
The number of participants used in model development varied from 134 to 771140,
with a median of 1876. For external validation and combination studies, the number of
participants ranged from 510 to 41577 (median 1266) and 980 to 75161 (median
5232.5), respectively.

The number of events in model development studies, ranged from 14 to 48608, with a
median of 68. For external validation and combination studies, the number of events
ranged from 47 to 381 (median 181) and 231 to 1827 (median 688.5), respectively.
The number of events per candidate predictor was calculated for all 17 development
studies. Among them, 7 studies had a EPV less than 10, 2 studies had a EPV between
10 and 20, 7 studies had a EPV greater than 20, and for one study the EPV was unknown.
The number of candidate predictors varied among studies, ranging from 7 to 26 (median
14) for development studies and 15 to 43 (median 20) for combination studies. The
number of predictors in the final model ranged from 2 to 19 (median 7) for development
studies, and 7 to 11, with a median of 7.5, for combination studies.

In all of the development studies, the logistic regression method was employed.
Discrimination (C-statistic) was the primary method used to evaluate predictive
performance, with a range of 0.60 to 0.88 for all studies. Some studies conducted
internal validation, with 8 of the development studies and 3 of the combination studies
reporting it. The method of validation varied among studies, with cross-validation,
random split of data and nonrandom split of data being the most commonly used
methods. However, it should be noted that 9 out of 13 development studies were not
internally validated. Calibration was also reported for 7 out of 24 studies, with Hosmer-
Lemeshow test and Calibration plot being the most common methods.

Table 2 Characteristics of studies related to the GDM model.

GDM
Item and Categories Development External Combination studies
studies validation
studies
Number of studies 13 7 4
Year of publication (min- 1997-2020 2009-2021 2015-2020
max)
No. models per study 1-4 1-9 Development:1
External validation: 2-6

Study type

e Prospective 7 (54) 6 (86) 3 (75)

e Retrospective 4 (31) 0(0) 0(0)

e Other/unclear 2 (15) 1(14) 1(25)



Country

e Africa

e Asia

e Europe

e North America

e Oceania

e South America
Sample size

e No. participants

e No. events
e Not reported
Predictors
e No. candidate
predictors
e No. predictors in
final model

e EPV<IO
e EPV 10-20
e EPV>20
e Not applicable
Modeling method
e Logistic regression
e Not applicable
Predictive performance
Discrimination
e (-statistic, range
e Not reported
Calibration
e Reported
e Hosmer-Lemeshow
e (alibration Plot
e Both discrimination
and calibration
reported
Internal validation
Internally validated models
Method of validation
e (Cross-validation
e Random split of data
e Nonrandom split of
data
e Unclear

0 (0)
3 (23)
5(38)
3 (23)
1 (8)
1 (8)

1876 (134-

771140)

68 (14-48608)

1
14 (7-26)

7(2-19)

6 (46)
1(®)
6 (46)
0 (0)

13 (100)
0 (0)

0.63-0.82
3(23)

2 (15)
2 (15)
0 (0)
2 (15)

8 (62)
0 (0)
2 (15)
2 (15)

0 (0)

0 (0)
0 (0)
6 (86)
1(14)
0 (0)
0 (0)

1266 (510-
41577)

181(47-381)

2
0 (0-251)

NA

0 (0)

0 (0)

0 (0)
7 (100)

0 (0)
7 (100)

0.60-0.87
0 (0)

4(57)
0 (0)
4(57)
4(57)

NA
0 (0)
0 (0)
0(0)

0 (0)

0 (0)
1 (25)
2 (50)
0 (0)
1 (25)
0 (0)

5232.5 (980-75161)

688.5 (231-1827)

NA
20(15-43)

7.5 (7-11)

1 (25)
1 (25)
1 (25)
1 (25)

4 (100)
0 (0)

0.64-0.88
1 (25)

1 (25)
0 (0)
1 (25)
1 (25)

3 (75)
2 (50)
0 (0)
0 (0)

1 (25)



e Not applicable 9 (70) 7 (100) 1 (25)

Numbers are presented as n (%) or median, unless stated otherwise. NA means Not
applicable

Receiver operating characteristic (ROC) of the included model development
studies

As shown in Table 3, the predictors used in the models include previous GDM, family
history of diabetes, maternal age, weight, BMI, history of smoking, among others. The
AUROC values of the original models range from 0.64 to 0.88. However, their
performance in external validation studies is slightly poorer, with AUROC values
ranging from 0.60 to 0.87. Fourteen out of twenty models?! "> have been validated in
multiple studies, while others have only been validated once or not at all. Additionally,
there is a high variation in the AUROC values among the external validation studies for
the four model development studies conducted by Syngelaki et al.??, Teede et al.?’, Van
Leeuwen et al.?® and Shirazian et al*’. The model developed by Nanda demonstrates a
more stable interval for the AUROC in comparison to other evaluated models.
Furthermore, the model performs well in multiple external validations and holds the
greatest potential for practical application.

Table 3 Predictive performance of models for gestational diabetes mellitus (GDM)

Model Predictors in AUROC (95% CI) External
development model Original External validation
studies publication Validations studies
Sweeting et  Previous GDM,  0.88 (0.85- 0.72 (0.67-0.77) Meertens et al,
al, 2017?!  East Asian, South 0.92) 20197
Asian, Family 0.71(0.68-0.75) Kotzaeridi et
history of al, 20213

Diabetes, Parity,
Maternal age,
BMI
Donovan et Ethnicity, 0.73 (0.73 - NA NA
al, 2019 maternal age at 0.74)
delivery, pre-
pregnancy BMI,
family history of
diabetes, pre-
existing
hypertension
Benhalima et A first degree 0.72 (0.69- 0.72 (0.68-0.75) Kotzaeridi et
al, 2020%¢ relative with 0.76) al, 20213
diabetes, a
history of
smoking before
pregnancy, Asian



Model
development
studies

Predictors in
model

AUROC (95% CI)

Original
publication

External
Validations

External
validation
studies

Schaefer et
al, 2018%

Garmendia et
al, 202038

Syngelaki et
al, 2015

origin, age,
height, BMI,
history of GDM
Maternal age,
BMI, family
history of
diabetes, history
of GDM, weight
gain during
pregnancy
Maternal age,
education level,
marital status,
parity, family
history of type 2
diabetes,
previous
maternal
hypertension,
previous
abnormal
pregnancies, PE
in previous
pregnancy, GDM
in previous
pregnancy,
smoking, alcohol
consumption, pre
pregnancy
nutritional status
Previous history
of GDM, family
history of
first/second
degree relative
with DM,
maternal age,
weight, height,
racial origin,
method of
conception, birth

0.64 (0.62-
0.66)

0.74 (no CI)

NA

NA

NA

0.87 (0.84-0.90)
0.68 (0.62-0.74)

0.72 (0.68-0.75)

NA

NA

Sweeting et al,
2017%
Meertens et al,
2019"7
Kotzaeridi et
al, 20213



Model Predictors in AUROC (95% CI) External
validation

development model Original External
studies publication Validations studies

weight z score of
neonates in last

pregnancy
Eleftheriades Maternal weight, 0.73 (0.65 - NA Schaefer et al,
et al, 2014% maternal age 0.81) 2018%7
0.68 (0.63-0.73) Meertens et al,
20197
Recalibrated models: Lamain- de
0.70 (0.65-0.74) Ruiter et al,
2016'
Gabbay et al, Maternal age, 0.82 (0.77 - 0.72 (0.67-0.77) Meertens et al,
2014% prior GDM, SBP, 087) 20197
first trimester 0.72 (0.68-0.75) Kotzaeridi et
BMI, Race al, 20213
Recalibrated models: Lamain- de
0.75 (0.71-0.79) Ruiter et al,
2016!
Tran et al, Maternal age, ADA: 0.71 0.70 (0.64-0.75) Meertens et al,
2013% BMI (0.68-0.75) 2019"
ADIPS 0.64 NA Schaefer et al,
(0.62 - 0.67) 2018
IADPSG:  Recalibrated models: Lamain- de
0.65 (0.62 - 0.67 (0.63- 0.72) Ruiter et al,
0.67) 2016!
WHO: 0.63
(0.60 - 0.65)
Teede et al, Maternal age, 0.70(no CI) 0.73 (0.68-0.78) Meertens et al,
2011%¢ BMI, ethnicity, 2019"
fam history of 0.66(0.62-0.70) Benhalima et
DM, prior GDM, al,2020
history of poor 0.69 (0.65-0.73) Kotzaeridi et
obstetric al, 20213
outcome NA Schaefer et al,
20187
Recalibrated models: Lamain- de
0.77(0.73-0.81) Ruiter et al,
2016!
0.77 (0.76-0.77) Syngelaki et al,
2015%
0.77 Huvinen et al,

2018%



Model Predictors in
development model
studies
Nanda et al, Maternal age,
2011%7 BMLI, ethnicity,
parity, prior
GDM, prior LGA
Van Eethnicity,
Leeuwen et  family history of
al, 2010%® GDM, multipara
without history
of GDM,
multipara
without history
of GDM, BMI

Shirazian et
al, 2009%°

Maternal age,
BMI, family
history of DM

type 2

AUROC (95% CI) External
Original External validation
publication Validations studies
0.74 (0.70-0.78) Thériault et al,
2014%
0.60 (0.56-0.64) Lovati et al,
20136
0.79 (0.76 - 0.78 (0.75-0.82) Sweeting et al,
0.82) 2017
0.75 (0.70-0.80) Meertens et al,
20197
0.73 (0.69-0.77) Kotzaeridi et
al, 2021
Recalibrated models: Lamain- de
0.78 (0.74-0.82) Ruiter et al,
2016'
0.79 (0.78-0.79) Syngelaki et al,
2015%
0.77 (0.69 - 0.64 (0.61-0.69) Sweeting et al,
0.85) 2017%
0.74 (0.70-0.79) Meertens et al,
20197
0.67 (0.63-0.71) Benhalima et
al, 2020
0.71 (0.67-0.75) Kotzaeridi et
al, 20213
NA Schaefer et al,
20187
Recalibrated models: Lamain- de
0.74 (0.7-0.78) Ruiter et al,
2016!
0.77 (0.77-0.78) Syngelaki et al,
2015%
0.74 Huvinen et al,
2018%
0.76 (0.73-0.78) Thériault et al,
2014%
NA 0.71 (0.66-0.76) Meertens et al,
20197
0.61(0.57-0.65) Kotzaeridi et
al, 20213
NA Schaefer et al,
20187
Recalibrated models: Lamain- de



Model
development
studies

Phaloprakarn
et al, 20093°

Naylor et al,
1997%°

Caliskan et
al, 200432

Predictors in
model

Maternal age,
BMI, family
history of
diabetes, history
of macrosomia,
history of 2 or
more abortions
Maternal age,
BMI, Race

Maternal age >
or equal to 25,
BMI > or equal
to 25, diabetes in
first degree
relative, prior
macrosomic
infant, history of
adverse obstetric
outcome (either
recurrent
Spontaneous
abortions, fetal
anomaly with
normal
karyotype, prior
unexplained in

AUROC (95% CI) External
Original External validation
publication Validations studies
0.71 (0.67-0.75) Ruiter et al,
2016'
0.77(0.75 - 0.74 (0.69-0.79) Meertens et al,
0.79) 2019"
0.68(0.64-0.71) Kotzaeridi et
al, 20213
0.68 (no CI) 0.68 (0.63-0.73) Meertens et al,
20197
0.66(0.62-0.69) Kotzaeridi et
al, 20213
NA Schaefer et al,
20187
Recalibrated models: Lamain- de
0.72 (0.68-0.76) Ruiter et al,
2016'
0.69 (0.68-0.69) Syngelaki et al,
2015%
0.67 (0.64-0.70) Thériault et al,
2014%
0.64 (0.56-0.72) van Leeuwen et
al, 2009*!
NA 0.65(0.61-0.68) Kotzaeridi et
al, 20213
Recalibrated models: Lamain- de
0.73 (0.69-0.76) Ruiter et al,
2016!
0.70 (0.70-0.70) Syngelaki et al,
2015%
0.68 (0.65-0.71) Thériault et al,
2014%



Model
development
studies

Predictors in
model

utero fetal death
at GA > or equal
to 20 weeks of
GA)
Previous history
of GDM, family
history of
first/second

Syngelaki et
al, 201133

AUROC (95% CI)

Original

publica

External

tion Validations

External
validation
studies

NA

0.75 (0.70-0.80)

Recalibrated models:
0.71 (0.66-0.75)

Meertens et al,
2019"7
Lamain- de
Ruiter et al,

degree relative 2016'
with DM,
maternal age,
weight, height,
racial origin,
method of
conception, birth
weight z score of
neonates in last

pregnancy

Discussion

In our review of 24 studies, we analyzed the performance of 20 prediction models for
GDM risk. Most models had moderate discriminative performance, with an AUROC of
approximately 0.7 (mean). Based on the analysis of the models, the AUROC values of
model conducted by Nanda et al.?’” remaining above 0.75 during self-validation and
external validation in most cases. Moreover, this model demonstrated less variability in
the range of AUROC values compared to other models with high AUROC values. These
results indicate that Nanda et al.?” model showed the most promise for predictive
performance, which aligns with the findings of Meertens et al.'’, but differs from the
results reported by Huvinen et al*’.

Implications of the results for practice, policy, and future research

There is currently no agreement on the most suitable model for clinical practice.
However, among the 20 models included in this study, the model developed by Nanda
et al.?” demonstrated relatively good discrimination compared to other models. While
the development and validation of GDM prediction models are still in their early stages,
these findings provide valuable insights into the potential clinical applications of GDM
prediction models. Moreover, these findings highlight the need for further research and
validation in real-world settings to improve the accuracy and generalization
performance of GDM prediction models.



Although the model developed by Nanda et al.?” showed relatively good discrimination,
it is worth noting that there is currently no established gold standard for the AUROC
threshold required for clinical application. Some studies suggest that an AUROC above
0.8 is considered excellent performance, while others argue that an AUROC of 0.9 or
higher is required to be considered perfect performance*>**. Even though additional
performance measures are used to evaluate models alongside AUROC, we feel that a
consensus on the benchmark for model assessment could enhance our ability to pinpoint
the most optimal models.

It is worth noting that all the studies included in this review utilized logic regression
methods in developing their GDM prediction models. Recently, Chan et al.** have
introduced a novel machine learning technique to predict GDM early on using the
elemental composition in fingernails, presenting a high AUROC, with a value of 0.81.
This promising result suggests that innovative approaches such as machine learning and
deep learning methods may hold potential for improving the accuracy and
generalization performance of GDM prediction models. However, it is important to
consider that machine learning approaches may not always offer a significant advantage
over traditional statistical methods. In a previous study by Kuhle et al.**, it was found
that machine learning approaches did not offer a substantial advantage over logistic
regression when predicting fetal growth abnormalities.

Another important point to highlight is that there is mounting evidence indicating that,
in addition to traditional risk factors, environmental factors such as PM; 5, smoking etc.,
may play a role in the development of GDM!*46, A small number of included studies in
this review have integrated home environmental factors such as smoking into model
predictors®®3® but both studies lack external validation. Despite conducting some
additional searches for studies on prediction models that incorporate environmental
factors, we found a dearth of research in this area. This lack of incorporation may be
due to a shortage of relevant data and quantitative indicators as well as a tendency to
overlook environmental factors in clinical research. However, from a One Health
perspective, the combination of human health and environmental health in research is
considered essential to achieve the best health for everyone*’. The One Health approach
recognizes that human health, animal health, and environmental health are
interdependent and connected. Therefore, we suggest that future research on GDM
prediction models could consider incorporating environmental factors, such as PM» s
and traffic air pollutant NO», which have been identified as risk factors for GDM in
multiple studies’”!'>13,

Strengths and Limitations

One of the strengths of our study is that it is an up-to-date and comprehensive evaluation
of the available evidence on GDM prediction models based on maternal characteristics,
incorporating the latest research and developments in the field. This study represents
the most recent version of a systematic review of existing prediction models for the risk
of GDM, enhancing the accuracy and reliability of our findings.

In addition to summarizing the accuracy and generalizability of different GDM
prediction models, we also included a quality assessment of the included studies to



evaluate the risk of bias and applicability of the studies in our review. By including a
quality assessment, we were able to provide a more comprehensive evaluation of the
available evidence.

As an update to the review conducted by Meertens et al."’, we have excluded prediction
models that used biochemical variables as risk predictors due to practical considerations
such as feasibility and cost-effectiveness in clinical settings. The systematic review only
includes models that use maternal characteristics that were routinely collected in Dutch
Obstetric Care as predictors. However, it is important to note that the scope of this study
may be limited as more studies emerge on models that incorporate biomarkers. In fact,
models like the one developed by Benhalima et al.?%, which utilize biomarkers such as
fasting plasma glucose (FPG), has demonstrated superior performance compared to
models that exclude such biomarkers as predictors*.

In addition to the limitation discussed above, there are several other limitations to this
study. A high risk of bias exists in many studies due to various factors, including
insufficient information about model development procedures, inadequate handling of
missing data and other issues. One possible explanation for this is the time gap between
the development of GDM prediction models and the introduction of the PROBAST
guidelines, as it may lead to a lack of crucial information for conducting a
comprehensive bias assessment. For example, information on whether the predictors
and their assigned weights in the final model correspond to the results from the reported
multivariable analysis was often not reported, leading to high risk of bias in the analysis
domain across most of models. Another limitation is the lack of studies from the
continent of Africa. While studies from other regions have provided valuable insights
into GDM risk factors and prediction models, the epidemiology of GDM in Africa may
differ significantly from other regions, due to differences in genetic, economic
situations and environmental factors. Therefore, it is important to give more attention
to the development and validation of prediction model studies in Africa in future
research. Finally, there are four types of diagnostic criteria for GDM: American
Diabetes Association (ADA), Australasian Diabetes in Pregnancy Society (ADIPS),
International Association of the Diabetes and Pregnancy Study Groups (IADPSG), and
World Health Organization (WHO). Different diagnostic criteria were used in the
predictive models included in a systematic review. Which may reduce the comparability
of the included studies and limit the credibility of the conclusions.

1.17

Conclusion

Through a comprehensive review of existing literature, this study provides a summary
of the current state of GDM prediction models that based on maternal characteristics,
nd offers recommendations on potential new predictors, such as NO,. Furthermore, the
identified limitations in this study can inform the development of future prediction
models, serving as a valuable resource for advancing future model development and
refinement. Researchers aiming to develop their own prediction models can use these
insights as a reference for model development and predictor selection.

Among the currently included GDM prediction models, the one conducted by Nanda et
al.?” has demonstrated promising potential for clinical application. However, as model



building techniques continue to evolve and improve, such as using machine learning
and Al, along with the publication of more research on disease-related predictors, it is
expected that GDM prediction models will become more accurate and generalizable.
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