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Abstract
Introduction  We aimed to develop a machine learning model for first-trimester prediction of gestational diabetes mellitus 
(GDM) in twin pregnancies using a prospective international, multi-center cohort and identify useful predictive markers.
Methods  Pregnant women with two live fetuses were enrolled at 11 + 0 to 13 + 6 weeks’ gestation and followed until delivery. 
GDM was diagnosed at 24–28 weeks’ gestation using the two-stage GCT and OGTT tests. Biochemical, biophysical, and 
blood assessments were conducted at three periods during pregnancy. Multiple machine learning models evaluated demo-
graphic, clinical, and laboratory parameters, including maternal factors (BMI, age, medical history), sonographic markers 
(crown rump length, estimated fetal weight, uterine artery pulsatility index), and blood and biochemical markers (placental 
growth factors, blood glucose, cell counts). LightGBM, XGBoost, and logistic regression models were compared using area 
under the curve (AUC) analysis.
Results  Among 596 women, 99 (16.6%) developed GDM. LightGBM demonstrated superior performance (AUC = 0.72, 
95% CI 0.69–0.75). First-trimester high BMI was the strongest predictor, followed by elevated white blood cell counts and 
platelet levels. Detection rates (DR) were 28% and 42% at 10% and 20% false positive rates (FPR), respectively. Previous 
GDM was associated with an increased risk for GDM.
Discussion  GDM in twins is associated with certain characteristics of the first-trimester. Information from later trimesters 
has a limited impact. The GDM probability risk score increased with the severity of the treatment. An app to predict this 
score is available at: twin-pe.math.biu.ac.il.
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What does this study add to the clinical work 

This study demonstrates that machine learning 
models can achieve good predictive performance 
(AUC = 0.72) for gestational diabetes mellitus 
(GDM) in twin pregnancies using readily available 
first-trimester clinical parameters, with BMI, white 
blood cell counts, and platelet levels emerging as 
key predictors. The approach enables early risk 
stratification in twin pregnancies, potentially allow-
ing for earlier interventions and improved maternal-
fetal outcomes in this high-risk population.

Introduction

Gestational diabetes mellitus (GDM) is glucose intoler-
ance or hyperglycaemia that is first recognized or appears 
during pregnancy, and can result in short-and long-term 
adverse outcomes for women and their newborns, includ-
ing diabetes and obesity [1–4]. With an increasing prev-
alence worldwide, there is a need to assess strategies, 
including nutritional intervention, therapeutic interven-
tion, and additional lifestyle changes that might prevent 
the development of GDM [3, 4]. GDM is one of the main 
origins of life morbidity and mortality developed during 
the first nine months in-uterus. Growing within a mother 
with GDM shapes the offspring’s life response to glycemia 
and metabolic stress and is considered a major cause for 
adulthood obesity, diabetes, and cardiovascular diseases.Extended author information available on the last page of the article
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The main approach for GDM diagnosis is the 24–28 
weeks’ gestation testing of an elevated glucose challenge 
test (GCT) and/or oral glucose tolerance test (OGTT) 
[1]. Positive participants are treated either by nutritional 
intervention or anti-diabetic medications (mainly insulin, 
glyburide, and metformin [3–6]. Regardless of the une-
quivocal results of the HAPO study, the two-step approach 
predating the HAPO study is still widely used for diagnos-
ing GDM [7, 8].

Yet, several randomized studies and meta-analyses have 
shown that partial risk stratification in the first trimester 
enables the beginning of preventive measures that may 
improve both maternal and neonatal outcomes in singleton 
pregnancies with and without maternal obesity [9, 10]. 
Former studies revealed that features recorded at enrol-
ment, such as obesity, South/East Asian ethnicity, GDM 
in previous pregnancies, and a family history of GDM, 
are useful features in early GDM prediction [11]. Other 
studies indicated that current first-trimester biophysical 
and biochemical markers used to predict the risk of devel-
oping preeclampsia can also be used in stratifying the risk 
of developing GDM [12]. These are further improved by 
measuring blood biochemical tests of glucose levels after 
overnight fasting [13]. Other identified soluble CD163, 
placental protein 13, and tumor-necrosis factor alpha as 
promising markers [13]. Increased nuchal translucency 
(NT) was also suggested as a useful biomarker [14].

GDM in twin pregnancies is underrepresented in the 
clinical literature, and the incidence rate has not been uni-
formly reported [15]. Some studies have found twin preg-
nancies to be at a higher risk for GDM, while others have 
found similar rates as in singleton pregnancies (20–22). 
Regardless of many differences in the features, the rate 
of GDM-associated complications is associated with cer-
tain different maternal factors, such as advanced maternal 
age in pregnancies, a higher incidence of conception by 
assisted reproduction technologies (ART), among others. 
The cutoffs for GCT and OGTT test results are similar in 
GDM diagnostics of singletons and twin pregnancies, the 
control of the hyperglycemic index is similarly managed 
by nutritional intervention, and the dose of insulin and 
metformin administered in twins is the same as in single-
tons when such treatment is selected [16, 17].

First-trimester prediction of GDM in singletons by 
machine learning was found to be useful [18]. Here, we 
applied machine learning for predicting GDM in twin preg-
nancies using longitudinal features, recorded at enrolment, 
first, second, and third trimester. These markers are already 
in use to predict preeclampsia and inflammation. The study 
is an exploratory evaluation of any marker available in our 
comprehensive database.

Materials and methods

Study design and participants

This analysis is a part of the Pre-Twin Screen study funded 
by EP PerMed (project # JTC2019-61) to develop a model of 
multi-markers, personalized, prenatal diagnostics to predict 
feto-maternal complications in twin pregnancies [19]. Enrol-
ment started in December 2020 and ended in August 2023. 
Women with two live monochorionic diamniotic (MCDA) 
and dichorionic (DC) twins at 11 + 0–13 + 6 weeks’ gesta-
tion, calculated from the crown-rump length (CRL) of the 
larger fetus [20] were enrolled. The inclusion criteria were 
women delivering two live, non-malformed neonates > 24 
weeks’ gestation. These criteria were fulfilled by 596 
women: 75 from Rome, Italy, 75 from Montreal, Canada, 
93 from Barcelona, Spain, 99 from Tubingen, and 141 from 
Bonn, Germany, and 113 from Zerifin, Israel (Table 1).

The master study ethical approval was obtained by the 
Shamir (Assaf Harofe) Medical Center (Trial # 0043-20-
ASF) and the Israel Ministry of Health (# 202016632). It 
was subsequently endorsed in all other participating cen-
tres. All participants provided written informed consent. The 
protocol was registered in Clinicaltrials.gov with an ID #: 
NCT04595214.

Investigations in the first trimester

At enrolment, we recorded maternal demographics, medi-
cal and pregnancy history, including maternal age, their 
BMI and ethnic origin, whether they had GDM in a previ-
ous pregnancy (for multipara participants), and their family 
history of GDM. We also entered features of the current 
pregnancy, including the mode of conception, chorionicity, 
among others [12, 14]. Blood cell counts, blood glucose 
levels after overnight fasting, and blood groups were deter-
mined from blood samples. Ultrasound was used to deter-
mine the NT width [19, 21]. Estimated fetal weight (EFW) 
was determined according to Hadlock et al. [22] using the 
four-parameter formula for measuring the biparietal diame-
ter (BD), head (HC) and abdominal (AC) circumference, and 
femur length (FL) at any of 11–13, 20–22, 24–26, 28–30, 
32–34 and 36–37 weeks’ gestation from each twin, unless 
the pregnancy had been delivered earlier. In MCDA twin 
pregnancies, additional ultrasound scans were carried out at 
15–16 and 17–18 weeks’ gestation [23]. For this study, we 
used the values of 11–13, 20–22 and 32–33. The mean uter-
ine arteries pulsatility index (UtA-PI) of the left and right 
uterine arteries was measured by transvaginal or transab-
dominal color Doppler ultrasound [24]. Mean arterial pres-
sure (MAP) was evaluated by validated automated devices 
and a standardized protocol [25].
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We measured the serum level of pregnancy-associ-
ated plasma protein A (PAPP-A), placental growth factor 
(PlGF), and soluble fms-like tyrosine kinase 1 (sFLT-1) by 

automated analyzers (Elecsys Analyzer, Roche Diagnostics 
International AG, Switzerland; Delfia Express, Revvity, 
Turku, Finland; or BRAHMS KRYPTOR compact PLUS, 

Table 1   Patient characteristics

Significant differences are presented in bold letters

Field All Unaffected GDM p values
(n = 596) (n = 497) (n = 99)

Maternal characteristics at enrolment
 GA, Me (IQR) 36.6 (34.9–37.3) 36.4 (34.9–37.3) 37 (3.55 -3.74) 0.080
 MA, yr. Me (IQR) 34.3 (31.0–37.3) 34.2 (31.0–37.3) 35.0 (31.1–37.4) 0.403
 BMI, Kg/h2, me (IQR) 24.2 (21.2–28.4) 23.9 (21.0–27.6) 27.0 (22.1–30.6) 0.0001
 Nulliparous, n (%) 298 (50.00) 245 (49.30) 53 (53.54) 0.509
 Ethnicity white, n (%) 523 (87.75) 441 (88.73) 82 (82.83) 0.129
 Conception spontaneous, n (%) 350 (58.72) 297 (59.76) 53 (53.54) 0.265

Chronic medical disease, n (%)
 Diabetes meletus 9 (1.51) 6 (1.21) 3 (3.03) 0.176
 Chronic hypertension 13 (2.18) 10 (2.01) 3 (3.03) 0.462
 Hypothyroidism 63 (10.57) 52 (10.46) 11 (11.11) 0.858
 Previous GDM 11 (1.85) 5 (1.01) 6 (6.06) 0.005

Chorionicity, n (%)
 DCDA 427 (71.64) 351 (70.62) 76 (76.77) 0.272
 MCDA 169 (28.36) 146 (29.38) 23 (23.23) 0.272

Maternal characteristics at delivery
 GA, me (IQR) 36.6 (34.9–37.3) 36.4 (34.9–37.3) 37 (35.5–37.4) 0.080
 GA < 37, n (%) 329 (55.20) 283 (56.94) 46 (46.46) 0.060
 GA < 34, n (%) 87 (14.60) 76 (15.29) 11 (11.11) 0.350
 Cesarean delivery, n (%) 402 (67.45) 337 (67.81) 65 (65.66) 0.725
 Preeclampsia, n (%) 66 (11.07) 54 (10.87) 12 (12.12) 0.726
 MAP mmHg, Me (IQR) 92 (85.6–99) 92 (85.6–99) 93.1 (84.7–99.8) 0.965

Treatment, n (%)
 Insulin 24 0 24
 Metformin 7 0 7
 Nutritional intervention 25 0 25

Newborn characteristics
 Field All (n = 1192) Unaffected (n = 994) GDM (n = 198) P
 Delivery—newborn g, Me (IQR) 1192 (100.00) 994 (100.00) 198 (100.00) 1.000
 Birthweight A, g,
Me (IQR)

2425 (2105–2700) 2420 (2077–2675) 2527.5 (2150.0–2770.0) 0.074

 Birthweight B, g,
Me (IQR)

2380 (2052–2670) 2380 (2040–2670) 2370 (2172–2691) 0.227

 Weight < 2500 g, n (%) 423 (70.97) 355 (71.43) 68 (68.69) 0.628
 Both twins 261 (43.79) 223 (44.87) 38 (38.38) 0.268
 One twin 162 (27.18) 132 (26.56) 30 (30.30) 0.459
 FGR (10-centile) 144 (12.08) 119 (11.97) 25 (12.6) 0.095
 Female newborn, n (%) 595 (49.92) 492 (49.50) 103 (52.02) 0.534
 APGAR 1 min. < 7, n (%) 220 (18.46) 191 (19.22) 29 (14.65) 0.160
 APGAR 5 min. < 7, n (%) 122 (10.23) 110 (11.07) 12 (6.06) 0.039
 NICU (days), Me (IQR) 12 (4–22.5) 12 (3.75–22.5) 13 (6.25–25) 0.915
 NICU admission, n (%) 272 (22.82) 237 (23.84) 35 (17.68) 0.064
 Stillbirth > 24 wks, n (%) 11 (0.92) 9 (0.90) 2 (1.00) 0.227
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Thermo Fisher Scientific, Germany). Cell-free fetal DNA 
(cffDNA) fraction was determined as part of the examina-
tion of maternal blood by non-interventional prenatal testing 
(NIPT) to identify major trisomies [26].

Investigations in the second and third trimesters

Except for CRL, NT, cffDNA fraction, and blood type, 
which were only determined in the first trimester, and GCT 
and OGTT, which are only measured once at gestational 
weeks 24–28, all values measured in the first trimester were 
also determined in the second and third trimesters. Ultra-
sound scans to identify malformations, blood cell counts, 
hemoglobin, blood biochemistry for glucose, iron, PlGF, 
sFLT-1, and PAPP-A were conducted in any of the 1st, 2nd, 
and 3rd trimesters as reported previously.

Delivery data

Delivery data were extracted from the electronic medi-
cal records of participating hospitals, or by hospital dis-
charge reports, and women’s phone interviews if delivery 
occurred outside the enrolling hospitals. The outcome meas-
ure was delivery with GDM. Preterm delivery (PTD) was 
defined as any delivery before 37 weeks’ gestation [27]. Val-
ues entered covers the entire process and mode of delivery, 
any test taken during the admission to delivery, newborn 
details, and NICU data, if required.

The diagnosis of GDM

The diagnosis of GDM was conducted at 24–28 weeks of 
gestation according to the guidelines of the American Col-
lege of Obstetrics and Gynecology [28], although with some 
slight local variations. First GCT (50 g) was conducted, and 
if above 200 mg/dL, results were considered positive. If val-
ues were > 140 but below 200 mg/dL, a secondary 100 g, 
OGTT was performed in the morning after overnight fasting. 
Women were considered positive if two out of four measure-
ments were ≥ 95 (time zero), 180, 155, and 145 mg/dL, at the 
respective next 1, 2, or 3 h’s. In Barcelona, they followed the 
National Diabetes Data Group criteria [29] stipulate using 
fasting 105 mg/dL at time zero and 190 mg/dL, 165 mg/
dL, and 145 mg/dL for 1,2, and 3 h, respectively. In patients 
where GCT or OGTT could not be accomplished, evalua-
tion of blood glucose levels in the morning and 1 h after 
each meal was performed, and if values were pathological, 
a diagnosis of GDM was made. Women with GDM were 
treated with nutritional intervention, metformin, and insu-
lin as necessary. Following the diagnosis of GDM, centers 
used nutritional intervention, insulin, metformin, or their 
combinations to improve outcomes after diagnosis, hoping 
to prevent GDM. Clinical management was according to 

the 24–28 testing of GCT and OGTT (excluding chronic 
diabetes).

Machine learning and statistical methods

During the study, databases were shared with the data man-
ager every month, and missing entries that were overlooked 
initially were subsequently completed from the source site 
records. As such, there were practically no missing data, and 
the few missing values were replaced by the median.

The data were converted into Z-scores, using the training 
set average and standard deviations. Categorical parameters 
were represented using one-hot encoding and were not nor-
malized. For the prediction, we tested XGBoost [30], logistic 
regression, and Light Gradient Boosting Machine (Lgbm) 
[31]. For the logistic regression, a ridge regularization was 
used with a coefficient of 1.0. For the XGBoost, 50 trees 
were used, with a max depth of 4, gamma = 8, and eta = 1/3. 
For the Lgbm, 50 trees were used, with a learning rate of 
0.1, a bagging fraction of 0.7 for both samples and features, 
and a limitation of at least 20 samples per leaf. Given the 
limited size of the sample, no hyperparameter tuning was 
performed in the main text. A similar analysis with hyper-
parameter optimization was performed and described in the 
supplementary material.

We evaluated for each woman four groups of variables: 
(1) demographics, and medical and obstetric history col-
lected at the time of enrolment, (2–4) marker values meas-
ured at each of the three pregnancy trimesters. The associa-
tion between the different features in unaffected participants 
compared to GDM patients was performed using the p-value 
of the Point-Biserial Correlation Coefficient, and the correla-
tion coefficient among the different features [32].

In each trimester, and for each model, we used the cumu-
lative information until this trimester. We divided the data 
10 times randomly into 80% training and 20% test. We com-
puted the area under the curve (AUC) of the receiver oper-
ating characteristic (ROC) curve for each split. In parallel, 
the predictions for all the tests were combined to produce a 
single ROC for all continuous variables.

Continuous patients’ characteristics are presented as 
medians with interquartile range (IQR), and compared by 
the Mann–Whitney U-test or Kruskal–Wallis non-paramet-
ric test. Categorical values are presented as n (%) and were 
compared using the Chi-square test or Fisher’s exact U test.

All estimates and statistical tests were performed using 
MATLAB version 2024a (MathWorks Inc., Natick, MA, 
USA). Power analysis was calculated with WinPepi software 
Ver. 11.65 (http://​www.​brixt​onhea​lth.​com/​pepi4​windo​ws.​
html). Note that the data needed for the prediction is only 
available upon request and following the appropriate ethics 
approvals.

http://www.brixtonhealth.com/pepi4windows.html
http://www.brixtonhealth.com/pepi4windows.html
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The machine learning prediction accuracy was measured 
either through the aggregation of all folds and the computa-
tion of a ROC curve, and the resulting AUC on the combined 
data. We also computed the average AUC on all folds. The 
same was done for estimating marker efficacy. The results 
in the main text are without class stratification and without 
hyperparameter optimization. We have also tested the same 
model with class stratification and hyper-parameter optimi-
zation using Optuna.

Results

Sample and patients’ characteristics

The analysis included 596 women of which 99 (16.6%) 
participants developed GDM, and half of the GDM partici-
pants (48 patients, 8.05%) delivered preterm (< 37 weeks’ 
gestation). The characteristics of the study population are 
summarized in Table 1. At enrolment, the women in the 

GDM group, compared with the unaffected pregnancies, 
had higher BMI, a greater proportion of women were nul-
liparous, and the median of MAP was higher. Note that 
the chronic diabetic cases were listed in Table 1 for cohort 
characterization but not included in in the machine learn-
ing analysis in Table 2.

At delivery, MAP, urine protein, and liver enzymes 
were higher in the GDM group. Newborn birthweight was 
lower in the GDM group, and the group also had a higher 
incidence of NICU admission.

GDM markers

The most effective first-trimester predictors of GDM devel-
opment (Fig. 1A, B) were higher counts of white blood 
cells (WBC) and platelet levels, followed by higher BMI. 
A history of GDM in previous pregnancies also emerged 
as a significant risk factor for multiparous women. Notably, 
the blood glucose level of 100 g/dL after overnight fasting 

Table 2   Markers values across trimesters (T)

Significant differences are presented in bold letters

Field All Unaffected GDM p values

 CRL twin A mm, Me (IQR) 64.5 (57.8–71.0) 64.1 (57.6–70.7) 64.8 (58.1–72/0) 0.473
 CRL twin B mm (IQR) 64.8 (57.4–70.9) 64.6 (57.5–70.5) 65.0 (57.2–72.0) 0.452
 NT twin A, mm, Me (IQR) 1.6 (1.3–1.8) 1.6 (1.3–1.8) 1.5 (1.2–1.8) 0.761
 NT twin B, mm, Me (IQR) 1.6 (1.3–1.9) 1.6 (1.3–1.9) 1.6 (1.4–2.0) 0.164

WBC (Cells × 1000/mL), Me (IQR)
 T1 9 (7.5–10.5) 8.9 (7.4–10.4) 9.8 (8.3–11.3) 0.0006
 T2 9.7 (8.1–11.2) 9.6 (8.0–11.1) 10.1 (9.3–11.9) 0.0005
 T3 9.5 (8.0–11.1) 9.5 (7.9–11.0) 10.1 (8.2–11.6) 0.209

Platelets (# × 1000//mL), Me (IQR)
 T1 247.0 (212.0–288.0) 243.0 (211.5–285.0) 268.5 (218.5–298.5) 0.0169
 T2 242.0 (208.0–282.0) 241 (208–281) 251.0 (219.0–296.0) 0.274
 T3 214.0 (180.0–258.0) 214 (180.2–225.9) 212.5 (179.5–248.0) 0.634

Glucose (mg/dL), Me (IQR)
 T1 79 (73–84.7) 78 (73–84.7) 80 (75.7–85) 0.027
 T2 79 (72–87) 79 (72–86.1) 82 (75.5–90.1) 0.008
 T3 77 (68–87.2) 76 (68–86) 80 (68.7–91.9) 0.140

EFW (grams),
 T1 twin A 63.8 (58.0–72.1) 63.9 (58.3–71.9) 63.4 (56.6–72.9) 0.483
 T1 twin B 62.7 (57.0–69.5) 662.8 (57.4–69.5) 61.2 (55.3–69.6) 0.123
 T2 twin A 406.0 (361.0–474.0) 402.0 (358.0–470.0) 424.5 (377.0–504.0) 0.020
 T2 twin B 402.5 (355.0–461.0) 400.5 (355.0–457.0) 409.0 (361.0–477.0) 0.453
 T3 twin A 1397.5 (1200.0–1888.0) 1399.5 (1203.0–1887.5) 1391.5 (1181.0–1888.0) 0.417
 T3 twin B 1390.0 (1202.0–1893.5 1414.0 (1213.5–1905.0) 1323.0 (1141.0–1861.5) 0.050

UtA-PI. Me (IQR)
 T1 1.4 (1.1–1.7) 1.4 (1.1–1.7) 1.4 (1.2–1.7) 0.410
 T2 0.8 (0.7–0.9) 0.8 (0.7–0.9) 0.8 (0.7–1.0) 0.222
 T3 0.7 (0.6–0.8) 0.7 (0.6–0.8) 0.7 (0.6–0.8) 0.978
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(standard normal level) was found to be a less effective 
marker compared to the above parameters.

We further tested the correlations between the different 
markers associated with GDM (Fig. 1C). The correlation 
analysis revealed positive associations between the most sig-
nificant predicting markers and the development of GDM. 
Accordingly, the correlation matrix illustrates modest inter-
connections between predictive variables. The strongest 
correlations were observed between serial measurements of 
the same parameters across trimesters, particularly for WBC 
counts. Repeated biochemical testing of blood glucose levels 
after overnight fasting also had high correlations across tri-
mesters. Second-trimester EFW and MAP were also demon-
strated to be correlated with GDM diagnosis. Third-trimester 
characteristics were not useful.

GDM prediction

Given these associations, we tested GDM prediction by 
first-trimester data. Of the three machine learning mod-
els, the LGBM consistently provided the highest AUC 
(0.72 (95% CI 0.69–0.75) vs. 0.66 (95% CI 0.63–0.69) 
in XGBoost and 0.59 (95% CI 0.54–0.62) in logistic 

regression, p < 0.05 for LGBM vs logistic regression using 
100 training/test permutations.

Models using only ethnicity data demonstrated poor 
discriminative ability (AUC = 0.53, which is not signifi-
cantly different than random).

Incorporating markers measured in the first-trimester 
markedly improved the test set AUC (Fig. 2A), leading to 
an AUC of 0.68 (95% CI 0.64–0.71) by the LGBM model.

We tested whether information collected in the second 
and third trimesters improved the AUC, and found that it 
increased slightly to 0.72 (95% CI 0.69–0.75) when sec-
ond-trimester values were added. The addition of third-
trimester data provided no further improvement in predic-
tive accuracy (Fig. 2A).

Using the maternal features, first and second trimester 
model, at a false positive rate (FPR) of 10%, the detection 
rate was 28%, which increased to 42% when the FPR was 
set at 20% FPR (Fig. 2 E, F).

Women scoring in the top 10% of our risk prediction 
algorithm demonstrated greater than 40% probability of 
developing GDM (Fig. 2B and calibration plot in Supple-
mentary Fig. 1). Conversely, those in the bottom 40% of the 

Fig. 1   Significant markers and correlations. A Log p-value of two-
point bi-serial correlation between features available at the first tri-
mester (T1) according to whether they had a history of previous 
GDM. B Correlation coefficient R for the same test. C Spearman 
correlation coefficient between each pair of variables found to be sig-
nificant in the Log p-value plot presented in A, marked by color and 

full fraction of the circle. D–E log p-value and the coefficient of the 
correlation of significant features from the second and third trimes-
ters (T2, T3), indicating that the most effective features are available 
already in the first trimester.NT nucal translucency, BMI body mass 
index, WBC white blood cells. Only the values that were found to be 
different between GDM and unaffected participants are listed
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risk distribution had less than 5% GDM risk (Fig. 2C and 
Supplementary Fig. 1).

A Shapley analysis (Fig. 2D) highlights that the most 
effective markers are the first-trimester platelets, followed 
by BMI, MAP, EFW, and WBC. Ethnicity and first-trimester 
blood glucose of 100 mg/dL had a limited efficacy.

To ensure the stability of our results, we repeated the 
analysis with a stratified training/test division (Supplemen-
tary Fig. 2). Optimization on the hyperparameters (Supple-
mentary Fig. 3), and analysis of each fold by itself (Sup-
plementary Fig. 4). All these supplementary test methods 
have generated similar results to the ones described in the 
main text here.

Analysis of risk scores across treatment categories 
(Fig. 3) revealed a stepwise progression of predicted risk. 
Accordingly, untreated women exhibited the lowest average 
risk scores, followed by women managed only by nutritional 
intervention. Those requiring pharmacological intervention 
demonstrated progressively higher risk scores, with insulin-
treated patients showing higher scores than those managed 
with metformin. This pattern suggests that our prediction 
algorithm not only identifies GDM risk but may also provide 
insight for adjusting the intervention for reaching improved 

outcomes after GDM diagnosis, hoping to prevent GDM 
according to risk severity.
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Fig. 2   GDM prediction efficacy and risk stratification. A Receiver 
operation characteristic (ROC) curves for GDM prediction using 
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Fig. 3   Prediction score and treatment. Mean (± standard deviations) 
of GDM prediction score for different groups on the test set. The 
score was computed using a model trained on the test set and then 
applied to each group in the test set. Chronic DM patients listed in 
Table 1 were not included in the machine learning analysis
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Discussion

This international, multi-center, and prospective study 
of 596 mothers with twin pregnancies represents the first 
comprehensive machine learning approach for longitudinal 
prediction of the risk of developing GDM, with a major 
“weight” offered by first-trimester parameters. The model 
demonstrated robust predictive capability for combined 
features recorded at enrolment and first-trimester variables. 
Medium prediction efficacy with AUC = 0.72 was achieved 
when novel predictive markers, mainly very simple test 
performed almost everywhere, were included beyond the 
traditional screening parameters. Second-trimester mark-
ers added slightly to the prediction efficacy. Third-trimester 
markers were not useful.

Our finding that first-trimester BMI constitutes a strong 
predictor of GDM in twin pregnancies aligns with findings 
from singleton pregnancies [33]. However, the prominence 
of hematological parameters—specifically WBC counts and 
platelet levels from both first and second trimesters—repre-
sents a novel observation in twin gestations, not previously 
reported. This association may reflect underlying inflam-
matory processes that precede clinical GDM manifestation. 
Emerging evidence suggests that low-grade inflammation 
contributes to the development of insulin resistance [34]. 
Our findings imply that these inflammatory markers may 
have particular relevance in the physiologically demand-
ing context of twin pregnancies. This is interesting since 
a former study of Syngelaki et al [35] found that a major 
inflammatory marker—C Reactive protein (CRP)—is not 
an effective marker in singleton pregnancies, indicating that 
high levels of WBC may be a specific marker in twin preg-
nancies. It elevated the possibility of a separate bone marrow 
process underlying the increase in WBC is coccuring in twin 
compared to singleton pregnancies. It is worth noting that 
blood counts, platelet levels, and BMI are universally used 
in the majority of clinics, making our findings easier for 
implementation in predicting GDM in twins.

Periodic measurements of blood glucose level are used in 
the standard blood biochemical testing of pregnant women, 
and values > 100 mg/dL are considered for suspected devel-
opment of GDM, although diagnosis is made according to 
the 24–28 tests of GCT and OGTT. Our analysis demon-
strated that such blood glucose tests in the first and second 
trimesters in twin pregnancies have lower efficacy compared 
to elevated BMI, WBC, and platelet levels when used in 
our GDM prediction model. It suggests that the periodic 
blood sugar level testing may miss the capture of the risk 
of developing GDM in twin pregnancies. Interestingly, 
Hiersch et al [36] previously noted altered glucose metabo-
lism patterns in twin versus singleton pregnancies, but did 

not propose a model to translate their observations into a 
clinical application.

The association between EFW and GDM development 
in the second trimester suggests that subtle alterations in 
fetal growth trajectories may precede formal GDM diagnosis 
and are consistent with an early onset of GDM and GDM 
Diagnosis [37]. In fact, Sovio et al [38] already showed that 
in singleton pregnancies, increased fetal growth velocity 
preceded GDM diagnosis. Our study extends this concept 
to twin gestations, highlighting potential opportunities for 
earlier intervention.

Current GDM screening in twin pregnancies follows 
protocols developed for singleton pregnancies after the 
HAPO study, typically employing either the one-step (75 g 
OGTT) or two-step approach (50 g GCT followed by 100 g 
OGTT) between 24–28 weeks of gestation [38]. However, 
this timeline may be sub-optimal for twin pregnancies, given 
that almost 50% of twin pregnancies are delivered preterm, 
which translates into a very short period (maximum 10 but 
most frequently only 5–6 weeks) that is left for the preven-
tive effect. Our model achieved an AUC of 0.67 using only 
first-trimester data, suggesting that some risk stratification 
could be implemented much earlier in pregnancy, not neces-
sarily by any of these tests.

The negligible improvement in predictive accuracy when 
adding third-trimester data emphasizes that GDM patho-
physiology in twin pregnancies is largely established by 
mid-pregnancy, or alternatively, that it is effectively regu-
lated by nutritional intervention and medications. This chal-
lenges the conventional screening timeline and supports 
Cooray et al. [39] call for earlier assessment of the risk of 
developing GDM in high-risk pregnancies. While there is 
a debate whether twin pregnancies have a higher incidence 
of GDM versus singletons, the ability to identify 60% of 
GDM participants with virtually no false positives using first 
and second-trimester data, as we found out here, provides 
compelling evidence for implementing our risk-stratified 
screening approaches in the clinical management of twin 
pregnancies.

Furthermore, our model’s capacity to identify women in 
the lowest 40% of risk scores who have low GDM risk could 
substantially reduce unnecessary testing. Conversely, iden-
tifying women in the highest 10% of risk scores with > 40% 
probability of developing GDM enables targeted prophy-
lactic interventions. Similar risk-stratification approaches 
may be achieved in singleton pregnancies [40]. Our study 
provides the first evidence supporting the necessity to apply 
the approach in twin gestations.

The step-wise progression of predicted risk scores across 
treatment categories (untreated → nutritional interven-
tion → insulin → metformin) suggests that our model cap-
tures not only GDM occurrence but also risk severity, and 
it allows for the adjustment of the suitable intervention with 
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nutrition intervention, insulin, metformin, or their combina-
tions to obtain the best prevention, as was already proposed 
by Benhalima et al. [41] in singletons.

Limitations

There are minor diversions in the GDM definition among 
participating centers derived to country guidelines. The eth-
ics committee did not approve deviations from these local 
guidelines. Since multi-national studies are favorable for 
global implications, such minor differences have to be taken 
into consideration. However, it appears that these minor 
modifications add to the robustness of the model, showing 
that the results are not sensitive to the relatively minor dif-
ferences in the precise definition.

Our study had 99 GDM cases and 497 unaffected cases. 
It is smaller than singleton cohorts, with statistical power 
to detect a difference from the null hypothesis (AUC = 0.5) 
above 99% at α = 0.01.

The modest contribution of ethnicity data to the predic-
tive accuracy (AUC = 0.53) is in contrast with some single-
ton pregnancy studies [42, 43]. This may reflect the low frac-
tion of non-whites in our cohort. Larger studies with more 
diverse populations are warranted to clarify these findings.

Conclusions

This first longitudinal prospective multi-center study of 
GDM prediction in twins by machine learning provides a fair 
prediction of this major obstetric complication. A special 
role for inflammatory markers was discovered, previously 
not reported in singletons. Additional markers may add to 
the prediction efficacy. In addition, a correlation between the 
level of risk and the desired intervention was established.
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