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Background
Gestational diabetes mellitus (GDM) is characterized by 
impaired glucose tolerance during pregnancy [1]. The 
incidence of GDM has increased to 20% due to improved 
quality of life [2]. It can induce various complications, 
which bring a heavy burden to GDM patients and the 
medical system [3]. Compared with their peers, women 
with a history of GDM have a higher risk of develop-
ing type 2 diabetes mellitus (T2DM) [4] and a 7-fold 
increased risk of T2DM later in life [5], despite having 
similar baseline levels of impaired glucose tolerance [6]. 
The incidence of T2DM can be as high as 30–50% within 
5–10 years after pregnancy [7, 8]. T2DM may lead to 
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Abstract
Background  This systematic review aims to explore the early predictive value of machine learning (ML) models for 
the progression of gestational diabetes mellitus (GDM) to type 2 diabetes mellitus (T2DM).

Methods  A comprehensive and systematic search was conducted in Pubmed, Cochrane, Embase, and Web of 
Science up to July 02, 2024. The quality of the studies included was assessed. The risk of bias was assessed through the 
prediction model risk of bias assessment tool and a graph was drawn accordingly. The meta-analysis was performed 
using Stata15.0.

Results  A total of 13 studies were included in the present review, involving 11,320 GDM patients and 22 ML models. 
The meta-analysis for ML models showed a pooled C-statistic of 0.82 (95% CI: 0.79 ~ 0.86), a pooled sensitivity of 0.76 
(0.72 ~ 0.80), and a pooled specificity of 0.57 (0.50 ~ 0.65).

Conclusion  ML has favorable diagnostic accuracy for the progression of GDM to T2DM. This provides evidence for 
the development of predictive tools with broader applicability.
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various complications, such as retinopathy, nephropathy, 
neuropathy, and vascular diseases [9, 10], and patients 
with a history of GDM are more likely to develop health-
threatening diseases in subsequent disability-adjusted life 
years. The risk of T2DM can be reduced through early 
identification and healthy living [11–13]. A balanced diet 
that includes meals and snacks, fiber-rich plant foods 
(legumes, nuts, seeds, herbs), non-starchy vegetables, 
nutrient-rich carbohydrate foods (whole grains), fish, and 
unsaturated vegetable oils can greatly benefit a healthy 
life. Additionally, aerobic exercise and resistance training 
both improve skeletal muscle, adipose tissue, liver, and 
pancreatic function; self-monitoring of blood glucose 
and adherence to medication [14–16] are essential for 
patients with a history of GDM. In recent years, machine 
learning (ML) has been gradually applied to clinical 
practice due to its desirable prediction and stratification 
performance [17, 18], such as the diagnosis of disease 
status (e.g., tumor lymph node metastasis status [19, 20], 
and molecular subtype [21]), prognostic prediction (e.g., 
early tumor recurrence [22]), and prediction of treatment 
responses [23, 24]. The modeling techniques and vari-
ables of ML are diverse, which is one of the reasons why 
its predictive performance is highly controversial. Hence, 
this meta-analysis was conducted to explore the accuracy 
of ML in predicting T2DM risk in patients with a history 
of GDM and provide references for the development and 
update of simple risk stratification tools in this field.

Materials and methods
This paper followed the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) state-
ments [25] and was registered in the International Pro-
spective Register of Systematic Reviews (PROSPERO) 
(registration number: CRD42022333398).

Search strategy
Pubmed, Cochrane, Embase, and Web of Science were 
comprehensively searched for relevant studies until May 
25, 2023, without restrictions on languages and regions. 
The combination of subject headings and free words was 
used as the strategy. An additional search of the data-
bases was conducted on July 02, 2024 to minimize the 
risk of missing new publications. The specific search pro-
cess is shown in the supplementary material 1.

Inclusion criteria
The inclusion criteria were as follows: (i) study subjects 
were women with GDM; (ii) studies explicitly described 
whether GDM occurred during the follow-up period; 
(iii) in studies of ML, any of the following metrics (Roc, 
C-statistic, sensitivity/recall, specificity, accuracy, pre-
cision, confusion matrix, diagnostic four-compartment 
table, F1 score) were used to assess the accuracy of ML 

models. Therefore, at least one of these metrics was 
included for evaluating the accuracy of ML models in 
predicting T2DM in GDM patients.

Exclusion criteria
Meanwhile, the studies were excluded for the following 
reasons: (i) systematic reviews or meta-analyses, consen-
sus statements, guidelines, review articles, and confer-
ence abstracts published without peer review; (ii) only 
risk factors were analyzed without building a complete 
prediction model; (iii) non-English articles.

Literature screening and data extraction
All retrieved literature was imported into EndNote X9. 
After duplicates were removed, the titles and abstracts 
of the remaining studies were preliminarily reviewed 
to exclude ineligible literature before the full texts were 
downloaded. After a full-text review, 13 studies were 
finally included.

A standard spreadsheet was prepared for information 
extraction, including first author, publication year, coun-
try, study type, sample source, sample size of T2DM in 
the training set, sample size in the training set, external 
validation, sample size of T2DM in the validation set, 
sample size in the validation set, method for variable 
selection, model type, number of model variables, model 
variables, outcomes, and follow-up duration.

Literature screening and information extraction were 
performed independently by two researchers (Zhao M 
and Wei LL) and the results were subsequently cross-
checked. Any disputes were tackled through discussion 
with a third researcher (Ma LD).

Quality assessment
The risk of bias (ROB) of ML models in eligible studies 
was evaluated using the Prediction Model Risk of Bias 
Assessment Tool (PROBAST) in four major domains: 
participants, predictors, outcomes, and statistical analy-
sis. The four domains included two, three, six, and nine 
questions, respectively. These questions were answered 
as yes/probable yes (Y/PY), no/probably no (N/PN), or 
no information (NI). If a domain was answered with at 
least one N/PN, it was rated as having high risk. In con-
trast, a domain with all its questions answered as Y/PY 
was regarded as having low risk. When all domains were 
at low risk, the overall ROB was rated as low. However, 
the overall ROB was high when at least one domain was 
considered at high risk.

Statistical analysis
Data synthesis
A meta-analysis of the metrics (C-statistics and accuracy) 
was performed using R4.2.0 (R development Core Team, 
Vienna, http://www.R-project.org). If C-statistics lacked 
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95% confidence interval (CI) and standard error (SE), 
the SE was estimated according to the method by Deb-
ray TP et al. [26]. For inaccurate original data, we con-
ducted calculations based on sensitivity and specificity as 
well as the sample size of each molecular subtype and the 
sample size of modeling. Given the difference in variables 
and parameters among ML models, the random-effects 
model was utilized for meta-analysis.

Results
Literature screening
A comprehensive and systematic search was first con-
ducted in Pubmed, Cochrane, Embase, and Web of Sci-
ence until May 25, 2023. A total of 2, 820 articles were 
retrieved. After removing 491 duplicates, we reviewed 
the titles and abstracts of the remaining 2, 329 papers. 
The full texts of 16 potentially eligible studies were down-
loaded. After a full-text review, 1 unpublished conference 
paper was excluded, 1 paper about prediabetes, not GDM 
was excluded; and 2 papers were excluded for lacking 
outcome indicators to measure model accuracy. There-
fore, 12 original studies were included in the first stage.

In addition, we conducted a supplemental search on 
July 2, 2024, with 443 publications retrieved from various 
databases, and 1 newly published study was added after 
the same screening process. Eventually, a total of 13 stud-
ies [27–39] were included in the present research (Fig. 1).

Characteristics of included studies
A total of 13 eligible studies were included in the present 
study, involving 11,320 patients with a history of GDM. 
During the follow-up period, 1,246 cases progressed to 
T2DM (Tables 1 and 2). The specific characteristics of the 
13 eligible studies are shown in Fig. 1. These studies were 
published from 2011 to 2024 in eight countries, includ-
ing Canada, China, Germany, the United States, the 
United Kingdom, Australia, Italy, and Israel. There were 
6 prospective studies [27, 28, 30, 32, 35, 39], 1 random-
ized controlled trial [34], and 6 retrospective studies [29, 
31, 33, 36–38]. Among these studies, two studies [28, 35] 
conducted external validation, and five studies performed 
cross-validation [27, 31, 33, 34, 39]. The mean follow-up 
duration was 5 years.

Quality assessment
The ROB of the studies included was assessed using 
PROBAST. The model types included Logistic Regression 
(LR), Decision Trees (DT), Naive Bayes (NB), Cox, and 
Random Forest (RF), among which Cox and DT were the 
predominant types. Of the studies we included, 7 mod-
els came from case-control studies, and 2 models came 
from studies that did not specify the type, so the risk of 
bias was unclear. 7 models from case-control studies had 
a high risk of bias in predictor evaluation, and 1 model 
contained a large number of missing values, and there-
fore it had a high risk of bias in predictors. The number 

Fig. 1  Flow diagram of study selection
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of missing values could not be determined for 1 model; 
therefore, the validity of its predictors was unclear. 6 
models had an unclear risk of bias in outcomes since it 
was unable to determine whether the information about 
the predictors was clear when assessing the outcome. In 
addition, 17 models were not satisfied with an EPV > 20 
or did not have an independent validation set, and there-
fore they had a high risk of bias in statistical analysis 
(Fig.  2). Model variables encompassed biomarkers of 
metabolic disease, lipolytic metabolites, and independent 
predictors of T2DM.

Results of meta-analysis
C-statistic
23 ML models reported the C-statistic and a random-
effects model was used for meta-analysis. The pooled 
C-statistic was 0.82 (95% CI: 0.79 ~ 0.86) (Fig. 3). A sub-
group analysis by model type was performed, which 
yielded a pooled C-statistic of 0.81 (95% CI: 0.75 ~ 0.88) 
for LR, 0.85 (95% CI: 0.80 ~ 0.90) for DT, 0.79 (95% CI: 
0.71 ~ 0.86) for NB, 0.80 (95% CI: 0.74 ~ 0.85) for Cox, 
and 0.88 (95% CI: 0.81 ~ 0.94) for RF.

Sensitivity and specificity
Due to a significant imbalance in the number of patients 
with and without T2DM in original studies, the C-statis-
tics of ML models could not adequately explain the accu-
racy in predicting T2DM. Therefore, meta-analyses of 
sensitivity and specificity were conducted for the 23 ML 
models (Fig. 4), which yielded a pooled sensitivity of 0.76 
(0.72–0.80) and a pooled specificity of 0.57 (0.50–0.65).

Discussion
This paper summarized relevant studies published in 
recent years. The overall C-statistic was 0.82 (95%CI: 
0.79 ~ 0.86), indicating the favorable performance of 
ML models in the prediction of the risk of progressing 
to T2DM in women with a history of GDM, because a 
C-statistic > 0.7 generally demonstrated an ideal result 
[40]. High heterogeneity was observed across eligible 
studies due to the diversity of ML models, mainly in ML 
algorithms, modeling indicators, risk indicators, and 
modeling parameters.

The 75-g oral glucose tolerance test (OGTT) and fast-
ing plasma glucose (FPG) tests were recommended by 
the American Diabetes Association (ADA) for screening 
T2DM at the 6 to 12 weeks postpartum and every 1–3 
years thereafter [41]. Another study also recommended 
that women at high risk of T2DM should be evaluated 
for A1C levels [42]. Despite these recommendations, 
screening of GDM after pregnancy remains notably inad-
equate, with very low compliance rates [28, 43], though 
the integrated healthcare system reported a screening 
rate of 60% [44]. The low screening rate is attributed to Ta
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No Author Year Variable 
selection 
method

Model type Modeling variables

1 Saifur 
R Khan 
[27]

2019 Stepwise 
(bidirec-
tional) 
multiple 
logistic 
regression

Logistic 
regression, 
decision tree

FPG,2-hour glucose and family history of diabetes, CE17:0,NEFA22:5,LPE20:4,TAG47:0-
FA16:0,TAG48:1-FA14:0,TAG49:0-FA16:0,TAG52:1-FA18:0,TAG52:5-FA20:5,TAG52:6-FA22:6,TAG54:1-
FA16:0,TAG54:3-FA20:3,TAG54:5-FA22:5 (lipid metabolites) -------LR
CE, NEFA, TAG, FA, PE (lipid metabolites)------decision tree

2 Amina 
Allalou 
[28]

2016 Model 
itself

Decision 
tree, 
Naive Bayes

PC ae C40:5/BCAAs/Hexos/SM(OH) (metabolite)
PC ae C40:5/BCAAs/Hexos/SM(OH) (metabolite) + metabolin

3 Weiqin 
Li [29]

2020 Multi-
variate Cox 
propor-
tional 
hazards 
regression

Cox Family history of diabetes, pre-pregnant body mass index [BMI], gestational age, gestational 
hypertension, 2-hour 75 g OGTT at 26–30 gestational weeks, postpartum T2D ------ Multivariate 
Cox proportional hazards regression model

4 Mi Lai 
[30]

2020 Random 
forest

Random 
forest

Hexose, His, Spermidine, AC10, Kynurenine, lysoPC a C26:0, total DMA, PC ae C40:4, Ser, Glu, 
PC aa C32:2, Tyr, PC aa C30:0, lle, AC3, lysoPC a C26:1, SM(OH)C22:2, Gln, PC aa C32:1, SM C20:1 
(metabolite)

5 Hung-
Chun 
Lin [31]

2011 LASSO Artificial 
immune 
system

Motherly age,50-g oral glucose challenge test value, Fasting glucose value,1-h 100-g OGTT 
value, 2-h 100-g OGTT value,3-h 100-g OGTT value, BMI before gestation, Weight before 
gestation, Increased weight during pregnancy, Weight of newborn, Family history of diabetes 
mellitus, The number of pregnancy times

6 Köhler M 
[32]

2016 LASSO LASSO the mother’s body mass index (BMI) in early, pregnancy, GDM treatment (insulin or diet), family 
history of diabetes (yes vs. no), lactation duration (never, ≤ 3 months, or > 3 months, coded as 
two dummy variables), and maternal age at delivery

7 Nis-
hanthi 
Periyath-
ambi 
[33]

2022 Univari-
ate + mul-
tivariate 
logistic

Logistic Intercept, Maternal age, Antenatal fasting glucose, Antenatal 2-hrs Glucose, Antenatal HbA1c, 
Gestational age at GDM diagnosis, Booking BMI, Continuing to smoke at booking, Unmarried at 
booking, Diastolic BP at booking, Other Ethnicity (Black African/ Caribbean or mixed ethnicity), 
Gestational age at birth, Instrument assisted delivery, Women delivered SGA infants, Women 
delivered male babies, Breastfeeding initiation before discharge

8 Bernice 
Man 
[34]

2021 Univari-
ate + mul-
tivariate 
Cox

Cox age group, ethnicity, parental (either mother or father), history of diabetes (type not specified), 
BMI group, waist circumference, waist-to-hip ratio, fasting glucose and triglycerides, HbA1c, self-
reported physical activity, and treatment arm(placebo, ILI, or metformin)

9 Mugdha 
V Jogle-
kar [35]

2021 LASSO Cox Age, BMI, Pregnancy fasting glucose, Postnatal fasting glucose, Cholesterol, Triacylglycerol, miR-
491-5p, miR-543, miR-410-3p, miR-410-3p, miR-491-5p + miR-543 + miR-410-3p + miR-369-3p, 
Base model (six traditional risk factors combined), Base model + miR-369-3p (biomarkers)

10 Ludovica 
Ilari [36]

2022 Decision 
tree, Naive 
Bayes, and 
logistic 
regression

Decision 
tree, Naive 
Bayes, and 
logistic 
regression

Age, BW(Body weight), h(Height), BMI(Body mass index), gb(Basal glucose), GMEAN(Mean area 
under the glucose curve), IMEAN(Mean area under the insulin curve), CpMEAN(Mean area under 
the C-peptide curve), AUCINS–1P (Area under the insulin curve during the 1st phase of test), 
AUCINS–2P(Area under the insulin curve during the 2nd phase of test), KG1(Disappearance rate 
of glucose before insulin injection), KG2(Disappearance rate of glucose after insulin injection), 
SI(Insulin sensitivity), SG(Glucose effectiveness), V(Distribution volume of glucose), BIE(Basal 
insulin effect of glucose effectiveness), GEZI(Glucose effectiveness at zero insulin), AIR(Mean 
of suprabasal insulin in the time interval 3–8 min), ACPR(Mean of suprabasal C-peptide in the 
time interval 3–8 min), DI(Disposition index), BSR(Basal secretion rate), Φ1cz(β-cell responsivity 
to glucose), AUCSECR(Area under the secretion curve during the entire test), AUCSECR–1P(Area 
under the secretion curve during the 1st phase of test), AUCSECR–2P(Area under the secretion 
curve during the 2nd phase of test), CLMEAN(Mean insulin clearance during the entire test), 
CLMEAN–1P(Mean insulin clearance during the 1st phase of test), CLMEAN–2P(Mean insulin 
clearance during the 2nd phase of test), CLp(Extra-hepatic insulin clearance), FEL(Hepatic insu-
lin clearance), IPEAK–FIRST(Peak insulin after glucose injection), IPEAK–INJECT(Peak insulin after 
insulin injection), CPEAK(Peak C-peptide), DOSE(Glucose dose injected)

11 Ohad 
Houri 
[37]

2022 LASSO Decision 
tree, Lasso 
Cox

age, parity, gravidity, oral glucose tolerance test results—both the 1-h, 50-g, glucose challenge 
test (GCT) and the 3-h, 100-g, oral glucose tolerance test (OGTT), gestational age at delivery and 
birthweight

Table 2  Modeling information of the included studies
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the difficulties in performing OGTT, patients’ fear of 
being diagnosed with diabetes, and lack of screening at 
postpartum visits [45]. Existing diagnostic tests, such as 
FPG, 2-hour plasma glucose, and HbA1c, have perfor-
mance limitations in identifying high-risk populations 
[46]. Women with a history of GDM are seven times 
more likely to develop T2DM in later life [29]. OGTT 
is currently used to assess the risk of T2DM in women 
with a history of GDM, but it has many limitations. There 
is a lack of accurate risk stratification methods for post-
partum T2DM. Risk prediction models may aid in clini-
cal decision-making for patient management [47]. In 
recent years, ML has garnered much attention [48]. ML, 
a subset of artificial intelligence, focuses on developing 
computer systems that can identify potential patterns 
in training data to perform classification and prediction 
tasks on new data. ML integrates tools from statistics, 
data mining, and optimization to create models [49]. It 

has potentially ideal value and exhibits superior perfor-
mance to OGTT.

Among ML algorithms (LR, DT, NB, Cox, and RF) in 
the included studies, Cox and DT were the most utilized. 
No significant difference was observed in the C-statistics 
of these ML algorithms. LR exhibited inferior predictive 
accuracy to other algorithms. Nevertheless, the lack of 
significant differences in their predictive performance 
suggests that further investigation is warranted to figure 
out more effective predictors in future analyses.

Variables
Variables included lipolytic metabolites, independent 
predictors of T2DM, and biomarkers of metabolic dis-
eases. LR and DT were predominantly used among ML 
models. Two eligible studies had the highest C-statistics. 
ML optimization in a DT format revealed a T2DM pre-
dictive signature [27] with a C-statistic of 0.92 and an 

Fig. 2  Quality assessment results of ML models in included studies

 

No Author Year Variable 
selection 
method

Model type Modeling variables

12 Martha 
Lappas 
[38]

2015 Univari-
ate + mul-
tivariate 
logistic

Logistic Age, BMI, Pregnancy fasting OGTT, Postnatal fasting OGTT, three lipid species: PE(P-36:2)(alke-
nylphosphatidylethanolamine species), PS 38:4(phosphatidylserine species), CE 20:4(cholesteryl 
ester species)

13 Yitayeh 
Belsti 
[39]

2024 Logistic Logistic antenatal FPG, antenatal 2 h-OGTT, history of recurrent GDM, insulin treatment during pregnan-
cy, parity, history of irregular menstrual cycle, and family history of diabetes mellitus, antenatal 
2 h-OGTT, postnatal 2 h-OGTT, postnatal FPG, and BMI

Note: cox-proportional hazards model

LASSO-Least absolute shrinkage and selection operator

Logistic-logistic regression

Table 2  (continued) 
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accuracy of 91%. The accuracy of this predictive signature 
was not affected by sensitivity (87%) or specificity (93%) 
and was more accurate than clinical diagnoses. Circu-
lating microRNAs [50] are well-established biomarkers 
for metabolic diseases. The inclusion of circulating miR-
369-3p measured at 12 weeks postpartum significantly 
increased the C-statistic from 0.83 (95% CI 0.68, 0.97) 
to 0.92 (95% CI: 0.84, 1.00) for predicting future T2DM 
in women with previous GDM [35]. Incorporating lipid 
metabolites and biomarkers of metabolic diseases into 
the prediction model for the progression of GDM to 
T2DM provides greater prediction accuracy for future 
risk [51].

Advantages and limitations
This paper first summarized the predictive accuracy of 
ML for the risk of T2DM in women with a history of 
GDM and provided evidence for the development and 
updating of subsequent clinical prediction tools. Nev-
ertheless, there are some limitations. First, a few studies 

and models were included in the present paper after a 
comprehensive and systematic review. Second, many 
included studies were from single centers and lacked 
independent external validation. Only a few of the stud-
ies included had external validation, which may limit 
the interpretation of our results. Third, some studies 
included had fewer cases. Fourth, the follow-up dura-
tion of the studies included varied significantly. Due to 
the small number of models included, we did not discuss 
the differences in follow-up durations in depth under the 
same model. Heterogeneity may be introduced due to 
varied models, outcome measures, and follow-up dura-
tions, which is a limitation of our study.

Conclusion
ML has favorable predictive accuracy for the progression 
to T2DM in women with a history of GDM and can be 
used as a potential predictive tool. However, this conclu-
sion is based on limited evidence. Therefore, real-time 
prediction models with broader applicability should be 

Fig. 3  Forest plot of C-statistic
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developed for GDM patients of different ethnic back-
grounds. Individualized health interventions and lifestyle 
recommendations for high-risk populations will be ben-
eficial to reduce the risk of T2DM.
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