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INTRODUCTION

Gestational diabetes mellitus (GDM) complicates 5–10% of all 

pregnancies, and is associated with increased maternal morbidity 

and fetal/neonatal complications. In accordance with the rising 

incidence of obesity and metabolic complications worldwide, the 

incidence of GDM is also increasing.1 Therefore, early and accu-

rate prediction of GDM is critical to ensure preventive strategies 

are effective.

The American College of Obstetricians and Gynecologists 

(ACOG) has long recommended identifying women at high risk of 

developing GDM by screening them in early pregnancy using a se-

ries of clinical and demographic risk factors.2 According to these 

criteria, women with one or more risk factors (including a person-

al history of GDM or impaired glucose tolerance, a family history 

of diabetes, obesity, or glucosuria) should be identified and tested 

for GDM in early pregnancy. In 2017, based on the recommenda-

tions of the American Diabetes Association (ADA), the ACOG re-

vised its guidelines to incorporate these new criteria.3,4 However, 

these guidelines have not been universally adopted and they have 

low accuracy,5 which has severely limited our ability to prevent 

pregnancy-related complications.

Nonalcoholic fatty liver disease (NAFLD) refers to hepatic fat ac-

cumulation in the absence of excessive alcoholic consumption. It 

is a common cause of chronic liver dysfunction,6-11 and recent data 

suggest that NAFLD is the early hepatic manifestation of metabol-

ic syndrome.12-14 NAFLD has also been identified as a risk factor 

for pregnancy complications such as GDM, preeclampsia, and fe-

tal growth abnormalities.15-18 However, there is a paucity of infor-

mation regarding whether testing for NAFLD in early pregnancy 

can inform the prediction model for GDM.

Machine learning algorithms derived from computational learn-

ing methodologies are being increasingly used in medical infor-

matics. A few recent studies have included machine learning 

methods in the development of prediction models for GDM.19-21 

However, these studies had the some limitations, including the 

Background/Aims: To develop an early prediction model for gestational diabetes mellitus (GDM) using machine 
learning and to evaluate whether the inclusion of nonalcoholic fatty liver disease (NAFLD)-associated variables increases 
the performance of model.
Methods: This prospective cohort study evaluated pregnant women for NAFLD using ultrasound at 10–14 weeks and 
screened them for GDM at 24–28 weeks of gestation. The clinical variables before 14 weeks were used to develop 
prediction models for GDM (setting 1, conventional risk factors; setting 2, addition of new risk factors in recent guidelines; 
setting 3, addition of routine clinical variables; setting 4, addition of NALFD-associated variables, including the presence 
of NAFLD and laboratory results; and setting 5, top 11 variables identified from a stepwise variable selection method). 
The predictive models were constructed using machine learning methods, including logistic regression, random forest, 
support vector machine, and deep neural networks.
Results: Among 1,443 women, 86 (6.0%) were diagnosed with GDM. The highest performing prediction model among 
settings 1–4 was setting 4, which included both clinical and NAFLD-associated variables (area under the receiver 
operating characteristic curve [AUC] 0.563–0.697 in settings 1–3 vs. 0.740–0.781 in setting 4). Setting 5, with top 11 
variables (which included NAFLD and hepatic steatosis index), showed similar predictive power to setting 4 (AUC 0.719–
0.819 in setting 5, P=not significant between settings 4 and 5).
Conclusions: We developed an early prediction model for GDM using machine learning. The inclusion of NAFLD-
associated variables significantly improved the performance of GDM prediction. (ClinicalTrials.gov Identifier: 
NCT02276144) (Clin Mol Hepatol 2022;28:105-116)
Keywords: Nonalcoholic fatty liver disease; Diabetes, Gestational; Machine learning; Prediction; Pregnancy, High-risk

Study Highlights
- Using machine learning, a high-performance prediction model was developed.
- Among the variables, the addition of NAFLD and NAFLD-associated variables into the prediction model improved its performance.
-  Incorporation of NAFLD and NAFLD-associated variables into the prediction model can improve prediction of GDM. However, further evaluation 
through large prospective studies is needed before these factors can be incorporated in routine practice.
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following: 1) they used clinical/demographic variables collected in 

the second trimester, although prediction of GDM in the first tri-

mester is more important in clinical practice; and 2) they mostly 

developed prediction models using already established clinical 

variables and did not include NAFLD-associated variables. In ad-

dition, the development of a prediction model with a relatively 

small number of variables is also an important task, since the use 

of many variables in the prediction model of machine learning 

may keep the clinician away from a wide acceptance of the devel-

oped prediction model.

In the current study, we developed prediction models for GDM 

with three main goals: 1) to predict the risk of GDM in the first tri-

mester; 2) to use machine learning methodology to select essen-

tial variables to be included in the model and to develop the best 

predictive model; and 3) to evaluate whether the inclusion of 

NAFLD-associated variables improved the performance of the pre-

dictive model.

MATERIALS AND METHODS

Study population

This was a secondary analysis of a prospective cohort study of 

“Fatty Liver in Pregnancy” (NCT02276144).5,16,17,22 In this cohort, 

women with singleton pregnancies who visited either Incheon 

Seoul Women’s Hospital or Seoul Metropolitan Government Seoul 

National University Boramae Medical Center in Seoul, Korea for 

routine antenatal care in the first trimester were invited to enroll 

in the study. The enrolled subjects were routinely evaluated for 

fatty liver by ultrasound, taken for fasting blood at 10–14 weeks, 

and then followed at delivery. The cohort included all of the en-

rolled women, including women with fatty liver and those with-

out. The current analysis included enrolled women who delivered 

between June 2015 and April 2020. The study was approved by 

the Institutional Review Board of Seoul Metropolitan Government 

Seoul National University Boramae Medical Center and the Public 

Institutional Review Board designated by the Ministry of Health 

and Welfare of Korea (No. 1308-116-518). Each participant pro-

vided informed written consent, and the study was conducted in 

accordance with the ethical guidelines of the Declaration of Hel-

sinki. All authors had access to the study data, and they reviewed 

and approved the final version of the manuscript before submis-

sion.

Data collection

At the time of enrollment, patients with chronic liver diseases, 

such as hepatitis, primary biliary or sclerosing cholangitis, hemo-

chromatosis, and Wilson disease, were not invited to enroll in the 

study cohort. After enrollment, basic clinical and demographic 

factors, including medical and family history, were retrieved using 

a questionnaire. Alcohol consumption was self-reported using the 

validated cut-annoyed-guilty-eye questionnaire23 to exclude alco-

holic fatty liver. Patients with pre-GDM, incomplete records for 

classical risk factors for GDM, previable birth before 24 weeks, or 

incomplete follow-up were also excluded from the current study. 

The laboratory results that were routinely measured in early preg-

nancy during antenatal care, such as complete blood count, serol-

ogy for syphilis or hepatitis, and the presence or absence of gly-

cosuria, were also retrieved by reviewing the medical records of 

the patients.

During the routine antenatal visit at 10–14 weeks of gestation, 

fasting blood samples were collected and stored for subsequent 

analysis. At the same visit, liver ultrasound was performed to de-

tect NAFLD. Hepatic steatosis was assessed using a semi-quanti-

tative grading system (grades 0–3), and NAFLD was defined as 

hepatic steatosis grades 1–3.24,25 The hepatic steatosis index (HSI) 

was calculated using the following equation: HSI = 8 × alanine 

aminotransferase (ALT) / aspartate aminotransferase + body mass 

index (BMI) + 2 (if type 2 diabetes) + 2 (if female).26 The remain-

ing information regarding antenatal care and pregnancy outcomes 

were extracted from the patient’s medical charts by trained re-

searchers.

Diagnosis of GDM

It is a routine practice in the participating hospitals to diagnose 

GDM using a two-stage approach. First, all patients were 

screened at 24–28 weeks of gestation using a 50-g oral glucose 

tolerance test (OGTT).27 In screen-positive cases (defined as ≥140 

mg/dL), patients underwent a 100-g 3-hour OGTT (Supplementa-

ry Fig. 1). A diagnosis of GDM was made in patients with two or 

more blood glucose levels higher than the established cut-off val-

ues (≥95 mg/dL fasting, ≥180 mg/dL at 1 hour, ≥155 mg/dL at 2 

hours, and/or ≥140 mg/dL at 3 hours).28
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Definition of high-risk women using the old and new 
ACOG criteria

GDM risk factors used in the original ACOG guidelines were de-

rived from the 4th International Workshop Conference on GDM in 

1998, which defined high-risk women as those with at least one 

of the following risk factors: strong family history of diabetes, 

obesity, previous GDM history, impaired glucose tolerance, or glu-

cosuria (Supplementary Fig. 2).2 GDM risk factors in the most re-

cent 2018 ACOG guidelines4 were derived from the recommenda-

tions of the ADA, which defined high-risk women as those who 

are overweight or obese with one of the following risk factors: 

physical inactivity, family history of type 2 diabetes, high-risk race 

or ethnicity, previous delivery of a macrosomic infant, previous 

GDM history, preexisting hypertension, low high-density lipopro-

tein (HDL) or high triglyceride, personal history of polycystic ovari-

an syndrome or cardiovascular disease, and/or other conditions 

such as severe obesity.3,4 According to the World Health Organiza-

tion, the categories of overweight, obesity, and severe obesity for 

Asian population are defined as BMI of 23–25 kg/m2, 25–30 kg/m2, 

and >30 kg/m2, respectively.29,30

Statistical analysis

Clinical/demographic variables collected before 14 weeks were 

used to develop prediction models for GDM in four settings (set-

tings 1, 2, 3, and 4). To limit the number of variables and identify 

those that are most important, a stepwise variable selection 

methodology was used to define one additional model [Setting 5]. 

The variables used in each setting are summarized in Supplemen-

tary Table 1. In brief: setting 1, conventional risk factors from the 

4th International ADA Workshop; setting 2, setting 1 + revised 

risk factors from the ADA; setting 3, setting 2 + additional clinical 

variables; setting 4, setting 3 + additional variables associated 

with NAFLD; setting 5, using only 11 selected important variables.

To avoid overfitting, the study population was randomly divided 

into a model development and a test dataset with a 2:1 ratio (Fig. 1) 

in a stratified manner, taking into account the ratio of the GDM 

group and the non-GDM group. Prediction models were devel-

oped using the model development dataset. To identify important 

predictors for GDM, the area under the receiver operating charac-

teristic curve (AUC)-based stepwise selection was performed via 

5-fold cross validation on the model development set.31 Variables 

with the highest mean validation AUCs were selected at each step 

of the stepwise selection process. To construct predictive models, 

we considered four machine learning models: logistic regression 

(LR), random forest (RF),32 support vector machine (SVM),33 and 

deep neural network (DNN). For each model based on RF, SVM, 

and DNN, we tuned the hyperparameters to select the optimal 

combination with the highest mean AUC using 5-fold cross vali-

Figure 1. Workflow of the study. 

Data for analysis
(No. of samples=1,443)

Test set Model development set

5-fold cross-validation

Separate data (1:2)

Model evaluation

<Prediction model>
(1) Logistic regression
(2) Random forest
(3) Support vector machine
(4) Deep neural network

Test set

CV 1 CV 5

Train

TrainTrain

TrainTrain

TrainTrain

TrainValidation

Validation

…
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dation. Then, the final prediction model was evaluated using the 

test dataset.

To evaluate the predictive power for each setting more system-

atically and to avoid data split-dependent results, we repeated 

the data split process into a model development set and a test set 

a total of 10 times, and then compared the mean AUC of each 

model. All analyses were performed using R (version 3.6.1).

RESULTS

Subject population

A total of 1,709 women were enrolled in the original cohort. 

After excluding women with pre-GDM (n=27), incomplete records 

for classical risk factors for GDM (n=147), previable birth before 

24 weeks (n=11), or incomplete follow-up (n=81), 1,443 women 

were included in the current analysis (Supplementary Fig. 3). 

Among them, 86 women (6.0%) were subsequently diagnosed 

with GDM. Table 1 presents the baseline clinical/demographic 

Table 1. Baseline features and pregnancy outcomes of the study population

Characteristic No GDM (n=1,357) GDM (n=86) P-value

Baseline characteristic

Age (years) 32.3±4.0 32.4±4.6 0.758

Nulliparity 716 (52.8) 51 (59.3) 0.286

BMI before pregnancy (kg/m2) 22.1±3.6 25.1±4.9 <0.001

WC before pregnancy (cm) (n=1,418) 70.9±5.7 74.5±7.3 <0.001

Laboratory result in early pregnancy

Gestational age at measurement 7.8±1.4 7.8±1.5 0.952

Hemoglobin (g/dL) 12.7±1.0 13.0±1.0 0.006

Platelet counts (×103/uL) 250.7±53.6 273.6±57.1 <0.001

AST (U/L) 16.0±5.2 18.8±15.5 0.098

ALT (U/L) 14.3±10.1 20.9±20.7 0.005

Laboratory and ultrasound result at 10–14 weeks

Gestational age at measurement 12.4±0.5 12.3±0.6 0.209

AST (U/L) 16.6±10.7 17.6±9.1 0.819

ALT (U/L) 12.8±14.4 16.5±14.1 0.001

Cholesterol (mg/dL) 172.1±30.3 179.2±29.5 0.028

HDL cholesterol (mg/dL) 68.6±14.2 63.6±15.3 0.012

LDL cholesterol (mg/dL) 81.4±22.3 84.3±25.4 0.150

Triglycerides (mg/dL) 111.0±43.1 151.7±77.6 <0.001

γ-GT (U/L) 13.7±8.4 16.1±10.1 0.001

Fasting glucose (mg/dL) 79.6±8.9 88.7±13.0 <0.001

HSI 30.3±5.0 34.5±5.6 <0.001

NAFLD by liver ultrasound 158 (11.8) 32 (37.6) <0.001

Pregnancy outcome 1,327 85

Gestational age at delivery (weeks) 38.9±1.4 38.5±1.7 0.033

Birthweight (kg) 3.2±0.4 3.2±0.5 0.998

Large-for-gestational age neonates 137 (10.3) 15 (17.6) 0.053

Values are presented as mean±standard deviation or number (%).
GDM, gestational diabetes mellitus; BMI, body mass index; WC, waist circumference; AST, aspartate aminotransferase; ALT, alanine aminotransferase; HDL, 
high-density lipoprotein; LDL, low-density lipoprotein; γ-GT, gamma-glutamyl transferase; HSI, hepatic steatosis index; NAFLD, nonalcoholic fatty liver disease. 
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characteristics and pregnancy outcomes according to GDM status. 

Women who subsequently developed GDM were more likely to 

have a higher pre-pregnancy BMI and waist circumference com-

pared to those who did not. With regard to pregnancy outcomes, 

women with GDM delivered at an earlier gestational age 

(P=0.033) and, despite an earlier gestational age, their neonates 

were more likely to be large-for-gestational age, although the dif-

ference was not statistically significant (P=0.053).

Risk stratification according to conventional 
guidelines

Table 2 summarizes the categorization of women at high risk for 

developing GDM according to the 19982 and 2018 criteria.4 

Among those who developed GDM (n=86), the old criteria identi-

fied 59.3% (51/86) of women to be at high risk, and the frequen-

cy of all variables included was indeed higher in women who de-

veloped GDM. The new criteria identified only 41.9% (36/86) of 

women as high-risk, and the current analysis showed that some 

of the risk factors included in this ACOG-recommended model 

(physical inactivity, previous delivery of a macrosomic infant, low 

HDL, and a personal history of polycystic ovarian syndrome or 

cardiovascular disease) did not differ between the two groups in 

the cohort.

Selection of important variables

Among the variables retrieved, we selected important variables 

Table 2. Comparison of risk factors in the study population

Characteristic No GDM (n=1,357) GDM (n=86) P-value

Risk factors in old criteria, 19982

Classified as high-risk women by old criteria 387 (28.5) 51 (59.3) <0.001

Severe obesity, BMI ≥30 kg/m2 51 (3.8) 13 (15.1) <0.001

Family history of type 2 diabetes 290 (21.4) 31 (36.0) 0.002

Previous GDM 24 (1.8) 7 (8.1) <0.001

Impaired fasting glucose 20 (1.5) 18 (20.9) <0.001

Glucosuria 35 (2.6) 8 (9.3) 0.001

Risk factors in new ACOG criteria, 20184

Classified as high-risk women by new criteria 194 (14.3) 36 (41.9) <0.001

Overweight or obese, BMI ≥23 kg/m2 418 (30.8) 47 (54.7) <0.001

Physical inactivity 161 (11.9) 10 (11.6) 1.000

Family history of type 2 diabetes 290 (21.4) 31 (36.0) 0.002

High-risk race or ethnicity 0 (0.0) 0 (0.0) -

Previous macrosomia 15 (1.1) 1 (1.2) 1.000

Previous GDM 24 (1.8) 7 (8.1) <0.001

Preexisting hypertension 11 (0.8) 3 (3.5) 0.059

Low HDL, <35 mg/dL 13/1,350 (1.0) 1/84 (1.2) 1.000

High TG, >250 mg/dL 14/1,350 (1.0) 6/84 (7.1) <0.001

PCOS 23 (1.7) 2 (2.3) 0.993

Impaired fasting glucose 20 (1.5) 18 (20.9) <0.001

History of cardiovascular disease 8 (0.6) 1 (1.2) 1.000

Severe obesity, BMI ≥30 kg/m2 51 (3.8) 13 (15.1) <0.001

Values are presented as number (%).
The risk factors in the old criteria were from the 4th International Workshop Conference on GDM in 1998;2 the risk factors in the new criteria were based on 
the recommendation of the American Diabetes Association, which defined high-risk women as overweight or obese women with one of the risk factors.3

GDM, gestational diabetes mellitus; BMI, body mass index; ACOG, American College of Obstetricians and Gynecologists; HDL, high-density lipoprotein; TG, 
triglycerides; PCOS, polycystic ovarian syndrome.
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for the early prediction of GDM using AUC-based stepwise selec-

tion with 5-fold cross validation. The top 11 variables were fasting 

glucose, HSI, triglyceride level, HDL level, ALT in early pregnancy, 

preexisting hypertension, cardiovascular disease, polycystic ovarian 

syndrome, NAFLD, previous GDM history, and physical inactivity.

Evaluation of the predictive modeling

Supplementary Table 2 compares the baseline clinical character-

istics of the model development and test dataset. There were no 

differences in the characteristics between the model development 

and test dataset.

The prediction model for GDM was developed using LR, RF, 

SVM, and DNN for settings 1–5. The AUC was used as an evalua-

tive measure. The results are presented in Table 3. Among set-

tings 1–4, the test AUC was the highest in setting 4 (highest AUC 

in setting 1–3, 0.617 by LR, 0.643 by RF, 0.697 by SVM, and 

0.609 by DNN; AUC in setting 4, 0.740 by LR, 0.781 by RF, 0.756 

by SVM, and 0.745 by DNN; Table 3), indicating that the addition 

of NAFLD-associated variables significantly improved performance 

of the prediction model. Then, we compared the test AUC of the 

models between setting 5 and settings 1–4. The test AUC of the 

developed prediction model using the top 11 variables [Setting 5] 

was similar to that of the model using setting 4, with the highest 

test AUC from the model developed by SVM (0.719 by LR, 0.763 

by RF, 0.819 by SVM, and 0.777 by DNN; Table 3). Using SVM, 

Table 3. Results of predictive modeling

Setting Variables used
Prediction 

model
Model development set Test set

P-value
AUC Sen Spe P-value AUC Sen Spe P-value

Setting 1 (1) Conventional 
ACOG risk factors

LR 0.728 0.649 0.723 <0.001 0.609∥ 0.483 0.698 0.041 0.194*

RF 0.667 0.368 0.961 <0.001 0.565 0.172 0.962 0.082 0.003†

SVM 0.713 0.649 0.723 <0.001 0.600 0.483 0.698 0.053 0.003‡

DNN 0.683 0.525 0.817 <0.001 0.585 0.359 0.796 0.042 0.023§

Setting 2 (1) + (2) New ACOG 
risk factors form 
2017

LR 0.777 0.719 0.734 <0.001 0.563 0.481 0.728 0.364 0.105*

RF 0.702 0.456 0.945 <0.001 0.578 0.222 0.951 0.069 0.009†

SVM 0.729 0.737 0.667 <0.001 0.697∥ 0.704 0.666 <0.001 0.084‡

DNN 0.686 0.631 0.672 <0.001 0.609 0.548 0.616 0.135 0.054§

Setting 3 (1) + (2) + (3) 
Routine clinical 
variables

LR 0.842 0.809 0.761 <0.001 0.617 0.520 0.758 0.104 0.297*

RF 0.983 0.915 0.955 <0.001 0.643∥ 0.440 0.859 0.033 0.167†

SVM 0.810 0.638 0.870 <0.001 0.605 0.520 0.725 0.095 0.008‡

DNN 0.615 0.545 0.599 0.035 0.597 0.480 0.628 0.250 0.014§

Setting 4 (1) + (2) + (3) + 
(4) Variables 
associated with 
NAFLD

LR 0.881 0.800 0.868 <0.001 0.740 0.500 0.929 <0.001 0.652*

RF 1.000 1.000 1.000 <0.001 0.781∥ 0.750 0.670 <0.001 0.647†

SVM 1.000 1.000 1.000 <0.001 0.756 0.708 0.747 <0.001 0.246‡

DNN 0.800 0.572 0.807 <0.001 0.745 0.517 0.836 <0.001 0.457§

Setting 5 Top 11 important  
variables selected

LR 0.840 0.778 0.779 <0.001 0.719 0.542 0.872 0.001 1

RF 1.000 1.000 0.996 <0.001 0.763 0.708 0.755 <0.001 1

SVM 0.800 0.733 0.775 <0.001 0.819∥ 0.708 0.866 <0.001 1

DNN 0.806 0.759 0.678 <0.001 0.777 0.750 0.654 <0.001 1

Sen (i.e., sensitivity) and Spe (i.e., specificity) are represented as the values at the threshold with the maximum balanced accuracy.
AUC, area under the receiver operating characteristic curve; Sen, sensitivity; Spe, specificity; ACOG, American College of Obstetricians and Gynecologists; LR, 
logistic regression; RF, random forest; SVM, support vector machine; DNN, deep neural network; NAFLD, nonalcoholic fatty liver disease.
*P-value when compared with the LR model in setting 5 in the test dataset.
†P-value when compared with the RF model in setting 5 in the test dataset.
‡P-value when compared with the SVM model in setting 5 in the test dataset.
§P-value when compared with the DNN model in setting 5 in the test dataset.
∥The maximum test AUC for each setting.
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the sensitivity and specificity in the test set were 70.8% and 

86.6%, respectively, in setting 5 (Supplementary Fig. 4).

Figure 2 shows the receiver operating characteristic curves of 

the best prediction model in each setting. Prediction models from 

settings 4 and 5 had higher AUCs compared to those from set-

tings 1–3. The old criteria of ACOG had a sensitivity of 59.3% 

and specificity of 71.5%, and the new criteria of ACOG had a sen-

sitivity of 41.9% and specificity of 85.9% for the prediction of 

GDM, as previously shown in Table 2.

We further identified which variable contributed the most to the 

prediction result, focusing on the SVM model that had the highest 

test AUC for setting 5. To this end, the 11 predictors used in set-

ting 5 were systematically excluded, and the effect on the predic-

tion result was thus evaluated. The more important the variable, 

the more the AUC value was expected to decrease once the vari-

able was excluded. Fasting glucose had the highest effect, fol-

lowed by HSI (Fig. 3).

To evaluate the predictive power for each setting more system-

atically by avoiding data split-dependent results, we repeated the 

data split process into a model development set and a test set 10 

times and compared the mean AUC of each model (Supplementa-

ry Fig. 5). These data confirmed that the predictive model with 

the top 11 variables had the highest predictive performance, re-

gardless of the data split. We compared the predictive power of 

the models in setting 5 with that in settings 1–4 using the Wil-

coxon rank-sum test (Supplementary Table 3). This analysis con-

firmed that the predictive performance of setting 5 was signifi-

cantly higher than that of settings 1–3 and similar to that of 

setting 4.

DISCUSSION

This study demonstrated that the addition of NAFLD-associated 

variables significantly improved the prediction model performance 

for GDM in early pregnancy. In addition, the model with selected 

important variables [Setting 5] showed similar predictive power as 

the model derived from all clinical variables, including NAFLD-as-

sociated variables [Setting 4].

Overall, we suggest a final model with 11 important variables 

[Setting 5]. The model showed the highest predictive power for 

the AUC among the five settings. The predictive performance of 

the final model was much higher than that of settings 1–3 with a 

small number of variables. Setting 5 also showed similar predic-

tive performance as setting 4, which used all available clinical 

Figure 2. Receiver operating characteristic curves of the best predic-
tion model for gestational diabetes in settings 1–5. Setting 1, conven-
tional risk factors using older ACOG criteria. Setting 2, addition of new 
ACOG risk factors to setting 1. Setting 3, addition of routine clinical vari-
ables to setting 2. Setting 4, addition of variables associated with NAFLD 
to setting 3. Setting 5, top 11 variables. High risk 1, old criteria (from the 
4th international workshop) had a sensitivity of 59.3% and specificity of 
71.5% for GDM. High risk 2, new criteria (from the ADA) had a sensitivity 
of 41.9% and specificity of 85.9% for GDM. ACOG, American College of 
Obstetricians and Gynecologists; NAFLD, nonalcoholic fatty liver disease; 
GDM, gestational diabetes mellitus; ADA, American Diabetes Associa-
tion.
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variables and NAFLD-associated variables. We confirmed that 

these trends were not data-split-dependent results through statis-

tical analysis. Based on the ultimate goal of developing a parsi-

monious model with high predictive power, we suggest a predic-

tion model in setting 5 as the final model.

NAFLD is strongly associated with the development of type 2 

diabetes, hypertension, metabolic syndrome, and other cardiovas-

cular complications.12-14,34 Several recent studies have reported 

that NAFLD is also a risk factor for GDM, which is consistent with 

the observation that pregnancy can unmask subclinical metabolic 

disorders in patients at risk of metabolic diseases later in life.15,16,35,36 

The molecular mechanisms underlying the relationship between 

NAFLD and metabolic complications in later life appear to be re-

lated to hepatic insulin resistance and lipotoxicity in the setting of 

excessive free fatty acids, hepatokines, or cytokines, and periph-

eral adiposity, which leads to oxidative stress, activation of proin-

flammatory cytokines, and fibrosis.16,37-39

In previous studies, NAFLD identified in early pregnancy was 

shown to increase the risk of GDM, with the odds ratios ranging 

from 2.2 to 6.5.40 Moreover, several biomarkers related to NAFLD, 

such as ALT, triglycerides (TG), and gamma-glutamyl transferase, 

have been independently reported as risk factors for GDM.19,41,42 

However, whether we should evaluate NAFLD-associated factors 

in early pregnancy for GDM prediction has not been evaluated to 

date. In this study, we showed that the addition of NAFLD-associ-

ated variables [Setting 4] significantly improved the prediction 

model performance for GDM by both traditional machine learning 

algorithms and DNN. In addition, NAFLD, HSI, TG, and ALT in the 

first trimester were identified among the top 11 important select-

ed variables for GDM prediction [Setting 5].

Several recent studies have used machine learning algorithms to 

develop prediction models for GDM, although most of the includ-

ed clinical variables were retrieved in the second trimester. Ye et 

al.19 failed to show better performance of machine learning algo-

rithms for GDM prediction compared to traditional LR analysis, al-

though other studies have reported improved performance. For 

example, Xiong et al.20 reported higher accuracy with gradient 

boosting and SVM with clinical variables up to 19 weeks; howev-

er, they used a case-control study design, which did not accurately 

represent the real-world context in which we see GDM. Artzi et 

al.21 used real-world data from retrospective electronic health re-

cords retrieved up to 20 weeks of gestation and developed a pre-

diction model for GDM with a gradient boosting model, with vari-

able success. Theoretically, machine learning should improve the 

performance of predictive models due to its ability to learn from 

non-linear and complex relationships among risk factors in real-

world datasets.43 In addition, machine learning can also identify 

important variables that may not have been identified in other 

analyses. In the current study, we showed that the machine learn-

ing algorithm performed better than the conventional LR analysis, 

and identified important variables in the prediction model.

Interventions such as lifestyle modification, weight gain optimi-

zation, and regular exercise starting early in pregnancy may pre-

vent some cases of GDM.44-46 As such, there is an increasing de-

mand for early prediction of GDM. Both the ACOG and ADA have 

developed guidelines to identify high-risk women in early preg-

nancy.2-4 However, predictive modeling using both original and re-

vised criteria has poor accuracy in identifying women at risk, and 

there is a high demand for a more accurate model in early preg-

nancy.5 In the current study, we developed a prediction model us-

ing clinical/demographic variables collected prior to 14 weeks, en-

abling accurate prediction of GDM in the first trimester. After 

acute prediction of GDM in early pregnancy, we can modify our 

screening strategies for GDM or intervention in high-risk women 

with lifestyle modification or regular exercise.

To establish a prediction model that could be implemented 

more easily in routine clinical practice, we tried to limit the num-

ber of variables in this study.47 The model with the 11 most impor-

tant variables [Setting 5] showed similar or better performances 

than settings 1–4 (Supplementary Fig. 1), making this probably 

the most useful of the five models. However, whether the sug-

gested model can be used in clinical practice requires further larg-

er randomized studies.

The strengths of this study are that it used data that were col-

lected prospectively, and included data on both NAFLD and HSI. 

In the current study, NAFLD was defined by liver ultrasound and 

not by histologic examination, although sonographic evaluation of 

the fatty liver is subjective and may not be able to detect small 

amounts of fat accumulation.48 However, histological confirmation 

of the liver was not possible in asymptomatic pregnant women. 

Instead, we evaluated HSI, a metric derived from laboratory re-

sults, which is a more objective marker of hepatic dysfunction 

than ultrasound alone.49 One of the limitations of the current 

study is that all study subjects were of Korean ethnicity. Whether 

these findings can be generalized to other racial/ethnic groups is 

not clear. In addition, we enrolled pregnant women only when 

they denied a history of chronic liver disease and agreed to enroll 

in a prospective cohort study. Given that there could be differenc-

es between women who agreed to participate in the study and 

those who refused, there is a possibility of selection bias at enroll-
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ment. Moreover, we did not include a cost-effective analysis. For 

this prediction model, participants should undergo further exami-

nations, such as liver ultrasound and laboratory tests, at 10–14 

weeks in addition to routine laboratory tests in early pregnancy. 

Whether the suggested model with additional evaluation can be 

used in practice also requires a cost-effective analysis. In addition, 

we did not use an external validation dataset to evaluate the pre-

diction model. However, the evaluation of liver ultrasound and 

sampling of fasting blood in early pregnancy has not been a rou-

tine practice in obstetrics, and we failed to find another pregnan-

cy population dataset for external validation that had similar data 

regarding NAFLD as ours. Instead, 1) we split the study popula-

tion into a development and test dataset before performing any 

analysis, and showed the performance of the final prediction 

model in a test dataset; and 2) we repeated this data split process 

10 times to avoid split-dependent results, and showed that the 

predictive model with the top 11 variables had the highest predic-

tive performance regardless of the data split. Nevertheless, the 

study population was based on a single cohort. Further studies 

with external datasets are needed to confirm the usefulness of 

the proposed prediction model. Lastly, we could not evaluate the 

influence of mild or significant fibrosis in the liver, although fibro-

sis itself might be more problematic in terms of metabolic out-

comes. Moreover, fibrosis has been reported to be associated 

with adverse outcomes in non-pregnant patients with NAFLD.50

In conclusion, we developed early prediction models for GDM 

using machine learning, which performed better than the models 

using only clinical/demographic variables recognized by the ACOG 

and ADA. The inclusion of NAFLD-associated variables signifi-

cantly improved the performance of early GDM prediction. How-

ever, further evaluation in large prospective studies is needed be-

fore these models can be incorporated into routine practice.
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