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Background/Aims: Pregnancy is a window of opportunity for closer links with clinical care, and to identify women at risk of chronic
disease. Because of the elevated risk of type 2 diabetes (T2D) associated with gestational diabetes mellitus (GDM), most existing
prediction models for post-delivery T2D focus on women with GDM, leaving many parous women without clear risk stratification.
This study aimed to develop a prediction model for prediabetes or T2D risk in the general population of parous women, based on
clinical pregnancy variables.

Methods: We assessed prediabetes/T2D five years after delivery in the Genetics of Glucose Regulation in Gestation and Growth
(Gen3G) cohort (N=403). Using a machine-learning approach, we developed a risk prediction model from which we derived a simple,
clinically usable risk index: the Gestational 4-variable Prediabetes/type 2 diabetes (G4PD) index. The G4PD index was then validated
in the Project Viva cohort at three years (n=562) and seventeen years (n=541) after delivery.

Results: The G4PD index included gestational weight gain, pre-gestational body mass index, first-trimester maternal age, and a GDM
variable reflecting hyperglycemia severity during pregnancy. In Gen3G, the model achieved a cross-validated estimate of the area
under the receiver operating characteristic curve (ROC-AUC) of 0.696. The G4PD index achieved ROC-AUC of 0.682 in the 17-year
Project Viva dataset, with similar results in the 3-year dataset. Beyond overall discrimination, the model effectively stratified women
into clinically meaningful risk categories, with those in the lowest group (<2) exhibiting an expected risk of ~2% and ~15% at three
and seventeen years after delivery, respectively, whereas those with the highest scores (>7 or >5) expected substantially higher risks
(~7% and ~37% at respective time points).

Conclusion: The G4PD index, derived from clinical pregnancy variables, moderately predicts the risk of prediabetes/T2D over
several years.
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Introduction

Gestational diabetes mellitus (GDM), defined as any degree of glucose intolerance first diagnosed during pregnancy,
affects approximately 14% of pregnancies worldwide.! GDM is a major risk factor for prediabetes and type 2 diabetes
(T2D), increasing the risk of developing T2D later in life up to 10-fold.> Numerous studies have developed prediction
models for the development of prediabetes or T2D after GDM to better identify women at higher risk who could benefit
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the most from personalized preventive programs;’ however, a substantial proportion of future T2D cases among parous
women occur in those without a prior GDM diagnosis.”*

Independent of GDM, the pregnancy process places significant stresses on maternal metabolism to support optimal
fetal growth.” Furthermore, a continuous association has been reported between maternal glucose levels during preg-
nancy, below diabetic levels, and adverse pregnancy outcomes.® Consistently, a recent US-based study also found that
gestational hyperglycemia below the threshold used for GDM diagnosis was also associated with a higher risk of
subsequent T2D.* Notably, among parous women with T2D, only 32% had a history of GDM* and some studies suggest
that pregnancy itself may be a risk factor for future T2D.” Therefore, prediction scores for prediabetes/T2D development
should not be restricted to women with GDM only.

Despite known risk factors in the non-GDM parous population, we are aware of only two prediction models for
postpartum T2D, both of which lack external validation.®® In the current study, we aimed to develop a risk stratification
model by applying a machine learning approach using clinical variables assessed during pregnancy to derive an index
predicting prediabetes/T2D in a general population of parous women from Canada followed up to five years after
pregnancy. We then externally validated our index in an independent prospective cohort from USA that followed women
from pregnancy up to seventeen years post-delivery.

Methods

Study Population

Developmental and Internal Validation Cohort: Gen3G

The derivation cohort is the Genetics of Glucose regulation in Gestation and Growth (Gen3G) cohort. Gen3G is
a prospective pre-birth cohort from Sherbrooke, Canada, which has been described in detail elsewhere.'”!" Between
2010 and 2013, we recruited a total of 1024 women, during their first trimester of pregnancy, aged > 18 years old, with
a singleton pregnancy. We excluded women with pre-existing diabetes, diabetes diagnosed during the first trimester
(based on the 2008 Canadian Diabetes Association criteria'?), or who reported taking medications affecting glycemia. In
accordance with the Declaration of Helsinki, all women provided written informed consent, prior to their inclusion in the
study and at each post-delivery follow-up visit.

We followed women throughout their pregnancy and collected sociodemographic information, personal and familial
medical history, as well as biological and anthropometric measurements at three time points: first trimester (median
9.6 weeks’ gestation), late second trimester (median 26.4 weeks’ gestation) and delivery (median 39.3 weeks’
gestation).'” We reassessed mothers at approximately three and five years after delivery, during which we updated
their medical history and collected blood samples. Additionally, at the 5-year follow-up visit, a subsample of 333 women
underwent a 75g oral glucose tolerance test (75g-OGTT),'! (Supplementary Figure 1). The institutional review board at

the Centre intégré universitaire de santé et de services sociaux de I’Estrie — Centre hospitalier universitaire de
Sherbrooke (CIUSSS de I’Estrie — CHUS) approved all Gen3G study protocols, Ethics approval number: 2010-198 —
07-027-A1.

External Validation Cohort: Project Viva

The external validation cohort is the Project Viva cohort. Project Viva is a prospective pre-birth cohort from eastern
Massachusetts, USA, which has been described in detail previously.'*"'* We recruited a total of 2670 women in
1999-2002, who were <22™ weeks’ gestation who presented a singleton pregnancy. For the present study, we excluded
women with pre-existing type 1 diabetes (T1D) or T2D (self-reported by the mother at enrollment) (n = 16)
(Supplementary Figure 1). All women provided written informed consent, prior to their inclusion in the study and at

each post-delivery follow-up visit, in accordance with the Declaration of Helsinki.

We followed women throughout their pregnancy, during which research staff collected sociodemographic informa-
tion, medical history, as well as biological and anthropometric measures at three different time points: first trimester
(median 9.9 weeks’ gestation), late second trimester (median 27.9 weeks’ gestation), and delivery (median 39.7 weeks’
gestation).'® We reassessed at approximately three and seventeen years after delivery, during which we collected fasting
blood samples from mothers who consented. At the 17-year follow-up visit, a subsample of 204 mothers also underwent
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a 75g-OGTT. The institutional review board at Harvard Pilgrim Health Care Institute approved Project Viva study
protocols, HPHCI IRB - project number 235301.

Study Outcome
Gen3G

Based on the American Diabetes Association (ADA) criterion, women from Gen3G were classified as having prediabetes or
T2D at the 5-year follow-up visit if they met at least one of the following thresholds: HbAlc >5.7%, fasting glucose
>5.6 mmol/L, or 2h post-OGTT glucose levels >7.8 mmol/L."> We defined women without prediabetes/T2D if they had at
least one available biological glycemic value, with all available values falling within normal ranges (HbAlc <5.7%, fasting
glucose <5.6 mmol/L, or 2h post-OGTT glucose levels <7.8 mmol/L), and were not taking medications affecting glycemia.

Project Viva

We assessed the prediabetes/T2D outcome at seventeen years after delivery using HbAlc, fasting glucose, and/or 2h
post-OGTT glucose levels, using the ADA criteria as in Gen3G. We excluded one woman who developed T1D after
pregnancy, identified through self-reported in the follow-up questionnaire. We considered the 17-year visit as our main
external validation dataset because the available glycemic biomarkers were the same as in Gen3G.

We also assessed prediabetes/T2D at three years after delivery in Project Viva using available biomarker (HbAlc and
fasting glucose). Although the 2h post-OGTT glucose was not available at the 3-years follow-up visit, this reflects real-
world clinical practice where the OGTT is less frequently used (due to cost, discomfort, time requirements, etc). In
addition, the ADA no longer recommends the use of OGTT for routine clinical diagnosis of diabetes in non-pregnant
women,'® despite OGTT being more sensitive to diagnose prediabetes and T2D."”

Clinical Predictors

We selected candidate clinical variables predictors based on a review of the literature and classified them into five
domains: sociodemographic factors, medical history, pre-gestational predictors, pregnancy-related variables, and adverse
pregnancy outcomes. The following sections describe the assessment methods for the four variables retained in the final
index across both cohorts. See Supplementary materials for comprehensive details on how all 15 candidate predictors

were measured and categorized. Table 1 presents the complete list of predictors along with their prespecified functional
forms used in our analyses, while Supplementary Table 1 details the definitions and timing of measurements for each

predictor in both cohorts.

Table | Candidate Predictors for the Development of Prediabetes/T2D Assessed Five
years After Delivery in Gen3G (Development and Internal Validation Cohort) and at Both
Seventeen and Three years After Delivery in Project Viva (External Validation Cohort)

Variable Variable Type (Values)

Demographic factors

Ethnicity Categorical (white, black, others)
Age Continuous

Smoking status at first trimester of pregnancy Binary (yes, no)

Educational level (University and more) Binary (yes, no)

Medical history
Positive family history of type 2 diabetes Binary (yes, no)
Previous diagnosis of polycystic ovarian syndrome | Binary (yes, no)
Previous diagnosis of gestational diabetes mellitus | Binary (yes, no)
Pre-gestational predictors
Pre-gestational body mass index (kg/m?) Continuous

Parity Ordinal (number of previous pregnancies)

(Continued)
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Table | (Continued).

Variable Variable Type (Values)

Pregnancy-related factors

Chronic hypertension or gestational hypertension | Binary (yes, no)

Preeclampsia Binary (yes, no)
Gestational diabetes mellitus diagnosis Ordinal (4 levels)
Gestational weight gain Continuous

Adverse pregnancy outcomes

Prematurity Binary (yes, no)

Macrosomia Binary (yes, no)

GDM Diagnosis

We created a 4-level ordinal GDM variable based on the severity of hyperglycemia or intensity of required treatment. As
different approaches were used to diagnose GDM in the two cohorts, we defined ordinal levels that were not identical but
reflecting increasing severity of hyperglycemia in each cohort.

In Gen3G, GDM diagnosis was defined using the International Association of the Diabetes and Pregnancy Study
Groups (IADPSG) criteria, using a 75g 2-hour OGTT conducted at ~28 weeks of pregnancy in women not previously
identified with hyperglycemia. Blood samples were collected at fasting, lh, and 2h, with diagnosis based on the
following thresholds: fasting blood glucose >5.1 mmol/L, 1h glucose >10.0 mmol/L, or 2h glucose >8.5 mmol/L."®
We created a 4-level GDM variable based on insulin requirements during pregnancy and the timing of diagnosis, as
follows: 0= no GDM, 1= GDM without insulin requirement, 2= GDM treated with insulin, 3= early GDM (diagnosed
clinically before ~28 weeks in the presence of risk factors).

In Project Viva, GDM was defined using the Carpenter and Coustan criteria at ~28 weeks of pregnancy, following clinical
practice. All women first underwent a non-fasting 50g-glucose challenge test (GCT) with blood draw at 1h after the ingestion.
If 1h-glucose levels >7.8 mmol/L, women were referred to a fasting 100g-OGTT, with blood samples collected at fasting, 1h,
2h, and 3h after the test. Abnormal 100g-OGTT blood glucose values were >5.3 mmol/L at fasting, >10 mmol/L at 1h,
>8.6 mmol/L at 2h, or >7.8 mmol/L at 3h. Women with normal GCT results were categorized as having normal glycemia,
those with an abnormal GCT but a normal OGTT were categorized as having isolated hyperglycemia; those with only one
abnormal value at the OGTT test were categorized as having intermediate glucose intolerance; those with at least two
abnormal values at the OGTT test were diagnosed with GDM.'® As Project Viva did not assess the timing of GDM diagnosis
and insulin requirement, we created a 4-level GDM variable reflecting glycaemic severity in line with prior Project Viva
reports>® as follows: 0= normal glycaemia, 1= isolated hyperglycemia, 2= intermediate glucose intolerance and 3= GDM.

Maternal Age
Participating women reported their age during the index pregnancy in both cohorts.

Pre-Gestational Body Mass Index (BMI)

We used maternal height and pre-gestational weight to calculate pre-gestational BMI using the standard formula (ie, kg/m?).
Participants self-reported their pre-gestational weight (kg) in the first trimester of pregnancy, and research staff measured
height (m) objectively using standardized protocol in the first trimester of pregnancy. Self-reported pre-gestational weight is
considered a reliable estimate of the pre-gestational weight.?' In Project Viva, participant self-reported height in the first
trimester visit.

Gestational Weight Gain (GWG)

GWG was calculated as the difference between the last recorded weight (in the electronic medical records) during
pregnancy prior to delivery (Gen3G: median 36.6 weeks, 17-year Project Viva dataset: median 39.3 weeks) and the pre-
gestational weight (self-reported by the mother during the first trimester visit).
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Statistical Analyses

Descriptive Statistics

We reported the median and interquartile range (IQR) and used Wilcoxon-Mann—Whitney test to compare continuous
variables; we used Chi-square test or Fisher’s exact test, as appropriate, for categorical variables. We considered
differences statistically significant using p-values <0.05.

Model Development and Internal Validation (Gen3G)

Figure 1 outlines the steps of the study analysis. We used the Gen3G cohort to train our final prediction models
(described below). For internal validation, we divided the dataset into five mutually exclusive blocks, using stratified
sampling based on the number of participants with prediabetes/T2D (outcome) to ensure an equal distribution across each
block (Figure 1, Step 1). These blocks were used for five-fold cross-validation to estimate the performance of the
models.?* This process involved fitting each model using four out of five blocks (“derivation set”) and evaluating its
performance on the remaining block (“validation set”) (Figure 1, Step 2). This procedure is repeated five times, with
a different block used as the validation set in each iteration, where the performance metrics are averaged across all five
folds to estimate the cross-validated performance of the prediction models (Figure 1, Step 3). Finally, we fit complete
final models using the entire Gen3G dataset (Figure 1, Step 4).

The Full and Reduced Models
To maximize internal performance, we fit random forest (RF) models using all candidate predictors (called the full
models). RF is a flexible, non-parametric algorithm that captures interactions and nonlinearities, often outperforming
other methods,” but its complexity and large predictor sets limit clinical applicability. Therefore, we also built more
parsimonious models with a smaller set of predictors (called the reduced models).

To determine the number of clinical variables for the reduced model, we used the optimal number of candidate
predictor parameters (CPPs), based on event count in the dataset. The Gen3G dataset included 406 participants with at

Use five-fold cross-validation for internal validation of the full and @ Fit the models using the entire Gen3G cohort
reduced models

Folds:
Gen3G
Gen3G 1 2 3 4 5 Use the fitted models to predict the
outcome in the independent cohort
Project Viva
Block 1 \Y
Split the Gen3G cohort into External test set
five mutually exclusive blocks (Project Viva)
Block 2 \7 3-year dataset
L N =562
Trammﬂ fc:::o(:?enSG) Al 542 no prediabetes/T2D
- —_— —_ —_ —_— 20 prediabetes/T2D
347 no prediabetes/T2D Block 3 v cohort prediabetes
56 prediabetes/T2D 17-year dataset
N =541
Block 4 v 417 no prediabetes/T2D
124 prediabetes/T2D
Block 5 v
bbb Lk,
%, %, %, %, %,
2 2 2
2 2 £2 2 o2
(o) N G Co, N

V. Validation set
Derivation set

Average the performance metrics (scaled Brier score, ROC-AUC and PR-AUC)
across all folds

5
’_, Performances;
Performancesc,= Zizy Performances; S :

Figure | Study design.
Abbreviations: Gen3G, Genetics of Glucose regulation in Gestation and Growth cohort; ROC-AUC, area under the receiver operating characteristic curve; PR-AUC, area
under the precision-recall curve; T2D, type 2 diabetes.
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least one glycemic biomarker (HbA lc, fasting glucose or 2h post-OGTT glucose) at five years follow-up; after excluding
three with missing predictors, 403 remained, of whom 56 developed prediabetes/T2D (Supplementary Figure 1). Using

Riley et al’s criteria®® and the R package pmsampsize,”> we calculated that 4 was the optimal number of CPPs to initially
include in our model to reduce overfitting.* Predictors were ranked by variable importance from the full RF model,
measured as mean decrease in Gini impurity, averaged over all trees of the RF.?® Using the top 4 predictors, we then
trained a least absolute shrinkage and selection operator (LASSO) regression model, which performed automated
variable selection by applying shrinkage to the model coefficients.?’

Hyperparameter Tuning

For all models, we used a grid search procedure to fine-tune the value of their hyperparameters. This procedure involved
iteratively evaluating the cross-validated performance of the algorithms over a set of plausible values for the hyperpara-
meter in the derivation set.”® For the RF model, we tuned the number of trees (ntree), the number of features considered
at each split (mtry), and the maximum tree depth (nodesize). For the LASSO model, we optimized the regularization
strength (lambda). We used five-fold cross-validation in the derivation set during grid search. Full details and tuned
hyperparameter values used in the final models are provided in Supplementary Table 2.

Risk Scoring System

Using the methods described by Sullivan et al,”” we converted the final LASSO logistic regression model into a risk
score system for risk stratification, referred to as the Gestational 4-variable Prediabetes/Diabetes risk (G4PD) index. The
number of points assigned to each category of an ordinal variable was calculated by dividing the difference in regression
units between that category and the reference category (always assigned 0 points) by a constant (the increase in risk
associated with a five-year increase in age from the model) and rounding the result to the nearest integer. For continuous
variables, we first categorized them using clinically relevant or quantile cut points. Points for each resulting category
were then assigned based on the difference in regression units between its midpoint and the midpoint of the reference
category, again divided by the constant and rounded to the nearest integer.”’

External Validation (Project Viva)

We assessed the ability of the G4PD index to predict the risk of prediabetes/T2D in Project Viva. We first calculated the
G4PD index for each participant. We then fit a logistic regression model with prediabetes/T2D as the outcome and the
G4PD index as the independent predictor, separately for the 17- and 3-years follow-up Project Viva datasets. We further
assessed calibration of the G4PD index by comparing the expected and observed number of prediabetes/T2D cases after
delivery within 4 strata, created by dividing the cohort into quartiles and rounding the cut-off points to the nearest integer
of the risk score distribution in each dataset. The expected risk of prediabetes/T2D for each woman was calculated as the

inverse of 1 + ¢~ (intercept + B*risk score)

, where B represents the coefficient of the G4PD index in the regression model. The
total number of expected cases in each strata was calculated by summing the expected risk across all individuals within
that strata.’*>! We considered the observed and expected proportions to be similar if the expected proportion fell within
the exact 95% confidence interval (CI) around the observed value.*

We also assessed the ability of the final models to predict the risk of prediabetes/T2D in Project Viva. We used the
final models to calculate the probability of developing prediabetes/T2D for all participants in the two Project Viva
datasets (Figure 1, Step 5). In both cohorts, we assessed overall performance using three metrics: the scaled Brier score,
the area under the receiver operating characteristic curve (ROC-AUC), and the area under the precision-recall curve (PR-

AUC) (see Supplementary materials for further details). We completed analyses on datasets with complete data for

predictors and outcomes in both Gen3G and Project Viva (no missing values). We performed all statistical analyses in
R version 4.4.3 in RStudio-server version 2024.12.1+563.

Results

Participant Characteristics
The characteristics of study participants from the Gen3G cohort and Project Viva cohort (17-year dataset) are summar-
ized in Table 2. In brief, the two cohorts were similar with respect to smoking status at first trimester, family history of
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Table 2 Characteristics of the Study Participants From the Gen3G (Development and Internal Validation) and

Project Viva (External Validation) Cohorts

Characteristic Gen3G Project Viva p-value®
5-Year Follow-Up 17-Year Follow-Up
Med [IQR] or N (%) | (541) Med [IQR] or N (%)
N=403 N=541
Demographic variables
Race and Ethnicity (Non-Hispanic white) 387 (96) 364 (67) <0.001
Age at first trimester (years) 29.3 [26.5; 32.1] 32.7 [29.7; 36.2] <0.001
Active smoker at first trimester 31 (8) 52 (10) 0.36
Educational level (University and more) 188 (47) 390 (72) <0.001
Medical history
Family history of type 2 diabetes 81 (20) 101 (19) 0.75
Previous diagnosis of polycystic ovarian syndrome 8 (2) 29 (5) 0.01
Previous diagnosis of GDM or previous macrosomia® 49 (12) 4 (<I) <0.001
Pre-gestational variables
Pre-gestational body mass index (kg/m?) 234 [21.2; 27.5] 23.5 [21.2; 26.9] 0.73
Nulliparous 188 (47) 254 (47) 0.98
Pregnancy variables
Chronic hypertension or gestational hypertension 20 (5) 35 (6) 0.40
Preeclampsia 12 (3) 16 (3) 1.00
GDM categories:
® Level 0 355 (88) 457 (84)
o Level | 25 (6) 45 (8) 0.38
o Level 2 14 (3) 20 (4)
o Level 3 92 19 (4)
Gestational weight gain (kg) 13.3 [10.4; 16.8] 154 [11.8; 18.6] <0.001
Adverse pregnancy outcomes
Prematurity 15 (4) 32 (6) 0.17
Macrosomia 47 (12) 96 (18) 0.01
Outcome at follow-up
Prediabetes/T2D 56 (14) 124 (23) <0.001

Notes: *Wilcoxon-Mann—Whitney test for continuous variables and Chi-square or Fisher's exact test for categorical variables. Significant results with

p-value > 0.05 are in bold. ®Only prior GDM diagnosis for Project Viva. “Definition of each level is described in the Method section.
Abbreviations: Gen3G, Genetics of Glucose regulation in Gestation and Growth cohort; GDM, gestational diabetes mellitus; T2D, type 2 diabetes.

T2D, pre-gestational BMI, parity, chronic or gestational hypertension, preeclampsia, GDM, and prematurity. However,
participants in Gen3G more frequently self-identified as White (96% versus 67%), were younger (median 26.3 versus
32.7 years old), and less frequently having completed university compared to Project Viva participants (Table 2). Median
GWG was lower in Gen3G (13.3 kg) compared to Project Viva (15.4 kg). The frequency of macrosomia was also lower
in Gen3G (12%) compared to Project Viva (18%). The proportion of participants with prediabetes or T2D reached 14%
at the 5-year follow-up in Gen3G and 23% in Project Viva at the 17-year follow-up (4% at the 3-year follow-up).
Characteristics stratified by prediabetes/T2D development status in each dataset are presented in Supplementary Table 3.

Performance of the Full Models Estimated in Gen3G Using Cross-Validation

To maximize internal performance, we first fit RF models with all 15 predictors. In Gen3G, the full RF model had
a cross-validated estimate of the scaled Brier score of 0.158+0.090, indicating a 15.8% reduction in mean squared error
compared to a non-informative model. This model also showed good discrimination with ROC-AUC 0.760+0.097 and
PR-AUC 0.461+0.101, both estimates showing improvement compared to the baseline model (Supplementary Table 4).
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Performance of the Reduced Models Estimated in Gen3G Using Cross-Validation

To enhance the clinical applicability, we also developed a linear model using a smaller number of predictors. During the
cross-validation procedure, the full RF model consistently identified the same four variables as the most important
predictors across all folds. In decreasing order of importance, averaged across all folds, these variables were: GWG, pre-
gestational BMI, maternal age at first trimester, and the 4-level GDM variable. There was a consistent separation in the
mean decrease Gini impurity values between these top four predictors and the remaining eleven predictors in every fold
(Supplementary Figure 2).

We used these four predictors in a LASSO regression to build the reduced model. The cross-validated estimates of the
scaled Brier score was 0.151+0.105, ROC-AUC was 0.696+0.106, and PR-AUC was 0.462+0.122 (Supplementary
Table 4). The regression coefficients of the predictors retained in the final reduced model that were fit using the entire
Gen3G dataset are presented in Supplementary Table 5. We converted the final reduced model into a risk stratification

score system for predicting prediabetes/T2D after delivery, namely the G4PD index. The G4PD index ranges from —2 to
27, with GDM severity contributing up to 19 points, and is presented in Table 3.

Performance of All Models in Project Viva
We assessed the performance of the G4PD index in Project Viva. Using the 17-year dataset, the scaled Brier score was
0.084, ROC-AUC was 0.682, and PR-AUC was 0.442. Comparing the expected and observed event rates to assess
calibration for the G4PD index, the expected event rate was always within the 95% CI of the observed event rate within
all risk strata. Women with the lowest score (<2) have an expected risk of ~2% and ~15% at three and seventeen years
after delivery, respectively, whereas those with the highest scores (>7 or >5) had an expected risk of ~7% and ~37% at
respective time points (Table 4).

We evaluated the performance of the final models in the 17-year Project Viva dataset. Using the full RF model, the
scaled Brier score was 0.055, ROC-AUC was 0.689, and PR-AUC was 0.448. Using the reduced model (4 variables), the
corresponding metrics were 0.036, 0.676, and 0.433 (Supplementary Table 4). The performance of the G4PD index as

well as the final models for predicting prediabetes/T2D three years after delivery in Project Viva are presented in
Supplementary Table 4.

Table 3 The Four Clinical Variables Assessed During Pregnancy and Used to Calculate the G4PD Index for Prediabetes/T2D in Parous
Women

Predictor Categories/Levels Points*

Gestational weight gain (kg) <10.9 |
10.9 to <15.0 0
215.0 !
Pre-gestational body mass index (kg/m?) < 185 =1
18.5 to <25
25 to <30
=30
Age (years) <25
25 to <30
30 to <35
235

4-level gestational diabetes mellitus Level 0: no GDM (Gen3G)/Normal glycemia (Project Viva)

o O W N — O A~ N O

Level |: GDM at ~26 weeks without insulin treatment (Gen3G)/Isolated hyperglycemia (Project Viva)

o

Level 2: GDM at ~26 weeks treated with insulin (Gen3G)/Intermediate glucose intolerance (Project Viva)
Level 3: Early GDM (Gen3G)/GDM (Project Viva)

)

Note: *Higher total scores indicate higher predicted risk of post-delivery prediabetes/T2D.
Abbreviation: Gen3G, Genetics of Glucose regulation in Gestation and Growth.
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Table 4 Expected and Observed Probability of Prediabetes/T2D at Three years and
Seventeen years After Delivery in Project Viva (External Validation), by Risk Score
Strata of the Risk Score System

Risk Score | Nb of Participants | Probability of Prediabetes/T2D After Delivery

Expected® Observed (95% CI)®

Predicting the risk of prediabetes/T2D at 3 years after delivery (total number of cases: 20)

< 124 2.10 1.61 (0.19-5.70)
2to <4 188 2.47 1.60 (0.33-4.59)
4t0<7 18 3.02 4.24 (1.33-9.61)
27 132 6.99 7.58 (3.69-13.49)
Overall 562 3.56 3.56 (2.19-5.44)

Predicting the risk of prediabetes/T2D at 17 years after delivery (total number of cases: 124)

<2 147 14.99 12.24 (7.42-18.66)
2 105 17.40 14.29 (8.22-22.47)
3to<5 137 19.98 20.44 (14.03-28.17)
25 152 37.06 41.45 (33.52-49.71)
Overall 541 22.92 22.92 (19.44-26.70)

Notes: “The expected probability was calculated as the predicted risk of prediabetes/T2D from the risk score
system, summed across all patients within each stratum and divided by the number of patients in the stratum.
®The observed probability was calculated as the number of patients within each stratum who had prediabetes/
T2D, divided by the number of patients in the stratum. The 95% Cls around the observed probability were
calculated using exact method.*” Observed values in bold indicate that the Cl contains the expected value.
Abbreviations: Cl, confidence interval; T2D, type 2 diabetes.

Discussion

In this study, we developed a prediabetes/T2D risk prediction model for parous women using a machine learning
approach and based on clinical variables commonly measured during pregnancy. The four main predictors retained
were GWG, pre-gestational BMI, first-trimester maternal age, and a GDM variable reflecting the severity of gestational
hyperglycemia, the latter having the most weight in the risk stratification model. In the Gen3G cohort, the final model
achieved cross-validated estimate of the ROC-AUC of 0.696. The cross-validated estimate of the PR-AUC was 0.462,
which indicates that our model performs 3.3 times better than a random classifier, for which the PR-AUC would
correspond to the proportion of positive cases in the test set (Gen3G = 0.139). When evaluated in an independent cohort,

the G4PD index showed good calibration across all its range.

Impact of Cohort Differences on Model Performance

The different sociodemographic profiles and follow-up durations in Gen3G and Project Viva provide a stringent test of
model generalizability, allowing assessment of performance across heterogeneous populations. The final model achieved
better calibration in the Gen3G cohort (cross-validated estimate of scaled Brier score: 0.151) compared to the index in
both the 3- and 17-year project Viva datasets (scaled Brier score: 0.017 and 0.084, respectively). The decrease of
performance observed in Project Viva compared with Gen3G may be partly explained by differences in both cohorts in
terms of sociodemographic variables such as ethnicity, age and educational level. These variables are known to influence
cardiometabolic trajectories, access to follow-up care, and the likelihood of prediabetes/T2D development after
pregnancy.>® Consequently, the model’s generalisability may be reduced in more diverse of lower resources populations.
This highlights the importance of external validation and potential recalibration before the model is implemented more

widely in clinical practice.
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Comeparison with Previous Studies of T2D Predicting Algorithms in Parous VWomen
To our knowledge, only two studies have developed post-delivery T2D prediction models in the general population of
parous women,®” both limited to Asian cohorts without external validation. Kumar et al used CatBoost to predict T2D
4-8 years after delivery (ROC-AUC 0.86), with GDM and mid-gestation BMI as key predictors;® stronger performance
may reflect their higher case proportion (30% vs 14% in Gen3G), which reduces class imbalance and allows the model to
better learn the minority class.** Lee et al used logistic regression within five years (ROC-AUC 0.74), identifying GDM,
pre-gestational BMI, hyperglycemia (one abnormal single value at the 100g OGTT test), nulliparity, hypertension,
hyperlipidemia, and family history of T2D.’ Their stronger performance likely reflects a larger sample (n = 9353 vs
403), which enable inclusion of a greater numbers of candidate predictors.

Study Findings of Individual Predictors in Context of Prior Literature

Our finding that the 4-level GDM variable was associated with an increased risk of post-delivery prediabetes/T2D is
consistent with current literature.> This association likely reflects a combination of genetic predisposition, revealed
during pregnancy, and ongoing environmental factors. Indeed, a recent multi-ancestry genome-wide association study has
confirmed a similar genetic architecture between GDM and T2D.*> GDM is therefore recognized as a marker for
identifying women genetically predisposed to T2D, with pregnancy acting as window for risk detection or potentially as
an environmental trigger for disease progression.’® Beyond genetic susceptibility, excess adiposity, high-fat and high-
calorie diets, and physical inactivity are major risk factors for both GDM and T2D,?’ supporting the important
contribution of environmental factors to the observed association between GDM and T2D.

Our finding of a positive association between post-delivery prediabetes/T2D and higher maternal age is expected. It is
likely explained by reduced beta-cell function from loss of mass, lower proliferation, and diminished incretin response
related to aging processes.*® Age also reduces insulin sensitivity through mechanisms such as visceral fat accumulation,
sarcopenia, mitochondrial dysfunction, chronic inflammation, and oxidative stress.”” These changes in pregnancy may
promote GDM™*° and contribute to later maternal risk of prediabetes/T2D.?

Our finding that pre-gestational BMI was positively associated with post-delivery prediabetes/T2D could be explained
in several ways. Due to elevated adiposity, higher pre-gestational BMI may be accompanied by insulin resistance,*’ that
is exacerbated by the physiological adaptation to pregnancy which facilitates glucose transfer to the growing fetus;’
however, when combined may surpass the normal beta-cell function capacities, or even precipitate beta-cell dysfunction,
consequently increasing future maternal risk of prediabetes/T2D.** Additionally, higher pre-gestational BMI may also
indicate environmental factors (diet, sedentary lifestyle, pollutants) that are present before, during, and after pregnancy
underlying common risks towards prediabetes/T2D in later life.**

Our finding that participants with lower GWG were more likely to develop prediabetes/T2D after delivery is
consistent with some, but not all, previous studies. While several studies have similarly reported an inverse association
between GWG and subsequent maternal risk of T2D,*® Kamihara et al** observed a positive association, whereas Coelho
et al*> found no significant association. The inverse association we observed between GWG and increased maternal risk
of T2D may be partially explained by the fact that participants with lower GWG tend to have a higher pre-gestational
BML.*® In line with this, Kamihara et al** excluded women with pre-pregnancy BMI>25 kg/m?, which may explain the
discrepancy between their findings and ours. Within the G4PD index, GWG modestly complements the main predictors
of future maternal T2D risk.

Clinical Implications of Study Findings

This study identified four important clinical predictors for risk stratification of prediabetes/T2D in parous women. The
G4PD index demonstrated good calibration and effectively stratified women into clinically meaningful risk groups.
Women with the lowest scores had observed risks of ~2% at three years and ~15% of prediabetes/T2D at seventeen
years, while those with the highest scores faced risks of ~7% and ~37% at each timepoint respectively. Thus, the G4PD
index could provide a valuable approach for identifying women at persistently elevated long-term risk. However, the
level of performance of our index needs to be improved to be adopted clinically.
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Strengths and Limitations

A strength of this study is the inclusion of easily obtainable variables in the G4PD index, all of which can be self-
reported by women, making it a practical tool for population-level screening. Another strength is the external validation
of the index over both the short (three years) and long term (seventeen years). A limitation of this study is the different
assessment of glycemic outcomes across cohorts due to variations in follow-up time and glycemic testing (ie, HbAlc,
fasting glucose, 2-hour post-OGTT glucose). For instance, the absence of an OGTT at three years post-delivery in Project
Viva may have led to an underestimation of the true incidence of prediabetes/T2D, which may partly explain the reduced
model performance observed upon replication in this dataset. However, this allowed us to test the robustness of the
models when applied to diverse data availability, reflecting real-world practice. Finally, the relatively small number of
women with prediabetes/T2D in both cohorts limited the number of predictors that could be included in the models.

Conclusion

We derived and externally validated the G4PD index, intended for risk stratification of prediabetes/T2D in parous
women, using four clinical variables measured during pregnancy: GWG, pre-gestational BMI, maternal age, and a 4-level
GDM variable reflecting hyperglycemia severity. Our risk score was robust across different prediction timelines.
However, additional variables are likely needed to improve the prediction performance before this type of approach
can be clinically valuable and adopted.

Abbreviations
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