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Abstract

Aims: To evaluate the clinical utility of first and second trimester prenatal screening biomarkers
for early pregnancy prediction of gestational diabetes mellitus (GDM) risk in nulliparous women

Methods: We conducted a population-based cohort study of nulliparous women participating in
the California Prenatal Screening Program from 2009-2011 (n=105,379). GDM was ascertained
from hospital discharge records or birth certificates. Models including maternal characteristics and
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prenatal screening biomarkers were developed and validated. Risk stratification and
reclassification were performed to assess clinical utility of the biomarkers.

Results: Decreased levels of first trimester pregnancy-associated plasma protein A (PAPP-A) and
increased levels of second trimester unconjugated estriol (UE3) and dimeric inhibin A (INH) were
associated with GDM. The addition of PAPP-A only and PAPP-A, uEs, and INH to maternal
characteristics resulted in small, yet significant, increases in AUC (maternal characteristics only:
AUC 0.714 (95% CI 0.703-0.724), maternal characteristics + PAPP-A: AUC 0.718 (95% ClI
0.707-0.728), maternal characteristics + PAPP-A, UEs, and INH: AUC 0.722 (0.712-0.733));
however, no net improvement in classification was observed.

Conclusions: PAPP-A, uEs, and INH have limited clinical utility for prediction of GDM risk in
nulliparous women. Utility of other readily accessible clinical biomarkers in predicting GDM risk
warrants further investigation.
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gestational diabetes mellitus; prenatal screening; biomarkers; risk management; prediction model;
clinical utility

Introduction

Gestational diabetes mellitus (GDM) is a common complication of pregnancy associated
with significant maternal and neonatal morbidities, including increased risk of pre-
eclampsia, macrosomia, and subsequent type 2 diabetes.[1] In most developed countries,
universal glucose testing is performed at 24-28 weeks’ gestation to identify women with
overt glucose intolerance.[2] Ideally, women at high risk of developing GDM would be
identified earlier in pregnancy to facilitate preventive intervention, enhance antenatal care,
and improve clinical outcomes through reduced maternal and fetal exposure to metabolic
alterations and potential epigenetic malprogramming.[3-5] Metabolic derangements other
than glucose intolerance appear to play a role in the pathogenesis of GDM and, therefore,
could be of use for prediction of GDM risk.[5-7] Numerous biomarkers associated with
early pregnancy metabolic derangements, such as adipokines and inflammatory mediators,
have been evaluated for their potential to add to the prediction of later pregnancy glucose
intolerance.[5, 6] Although some biomarker-enhanced risk prediction models for GDM have
shown promise, lack of external validation and translation into applications that can be
incorporated into routine prenatal care has limited their clinical utility.[8]

First and early second trimester maternal serum multi-marker screening is routinely offered
to women during pregnancy and has been validated as an effective way to calculate fetal risk
for chromosomal aneuploidy and open neural tube defects.[9, 10] Abnormal levels of
prenatal screening biomarkers, including pregnancy-associated plasma protein A (PAPP-A),
human chorionic gonadotrophin (hCG), a-fetoprotein (AFP), unconjugated estriol (UE3),
and dimeric inhibin A (INH), have been shown to be associated with a number of adverse
obstetric outcomes in the absence of aneuploidy and structural anomalies.[10] Because of
the close ties between these biomarkers and placental functioning and metabolism, they
could also be of value in screening for GDM.[10-13] Many studies have found significant
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associations between aberrant levels of prenatal screening biomarkers and subsequent GDM
development;[13] however, few have assessed their predictive ability in GDM risk prediction
models.[13-15]

In the present study, we aim to build on our previous research[4] by incorporating first and
second trimester prenatal screening biomarkers into clinical models for early pregnancy
prediction of GDM risk in nulliparous women, a population with unique risk profiles.[4, 16]
We assessed the clinical utility of these biomarkers using risk reclassification methods.
Incorporating biomarkers that precede the onset of hyperglycemia into a risk prediction
model for GDM may facilitate earlier risk assessment, screening, and diagnosis, thereby
reducing the risk for adverse maternal and infant outcomes through targeted intervention.[6]

2. Subjects, Materials and Methods

2.1. Study Population

Our study population was drawn from live births in California from 2009-2011 in a birth
cohort file maintained by the California Office of Statewide Health Planning and
Development (n=1,538,776) (Figure 1).[17] Participants were included after linkage of
infant birth and death certificates and mother and infant hospital discharge records one year
prior to delivery and one year post-delivery (n=1,043,214). Women carrying multiples, those
who delivered prior to routine administration of GDM glucose testing (<30 weeks’
gestation), those with pre-existing type 1 or type 2 diabetes mellitus, and women carrying
fetuses with chromosomal abnormalities or major structural birth defects were excluded.
Number of fetuses (i.e., singleton or multiple) and gestational age at delivery were
ascertained from birth certificates. Pre-existing type 1 or type 2 diabetes mellitus was
ascertained from /nternational Classification of Diseases, 9™ Revision, Clinical Modification
(ICD-9-CM) diagnostic codes 648.0 (“diabetes mellitus complicating pregnancy’) or 250
(“diabetes mellitus”) listed on hospital discharge records or birth certificate denotation of
diagnosis of diabetes prior to pregnancy. Information on chromosomal abnormalities was
obtained from the California Chromosomal Defect Registry.[18] Major structural birth
defects were identified from hospital discharge records (Supplementary Table 1).[19]

We restricted the sample to nulliparous women who participated in both first and early
second trimester (<20 weeks’ gestation) prenatal screening through the California Prenatal
Screening (PNS) Program administered by the Division of Genetic Disease Screening within
the California Department of Public Health (n=105,379).[20] Parity was ascertained from
birth certificates. PNS records were linked to birth certificates through probabilistic
matching based on mother’s name, date of birth, social security number, delivery date, PNS
accession date, telephone number, street address, city, and zip code (IBM Web Sphere
Quality Stage Version 7.5). Linkages were verified with clerical review and post-match
queries.[21] For analytic purposes, we randomly divided the final cohort into a development
subset (2/3 of total: n=70,253 women) and a testing subset (1/3 of total: n=35,126 women).
5% of women were excluded in both the model development and testing subsets due to
missing demographic and clinical data (Supplementary Tables 2 and 3). The characteristics
of women who were excluded were similar to those who were included.
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2.2. Data Collection

As part of routine prenatal screening, first trimester PAPP-A and hCG were measured in
serum samples collected between 10-14 weeks’ gestation and second trimester AFP, hCG,
UEgz, and INH were measured in serum samples collected between 15-20 weeks’ gestation.
[20] Following collection, samples were sent to one of eight regional laboratories in
California under contract with the California PNS Program for testing using an automated
analytical system and a uniform protocol (PAPP-A, hCG, AFP, and uEs: AutoDELFIA,
Perkin Elmer Life Sciences, Waltham, MA; INH: Beckman Coulter assay system, Brea,
CA).[22-24] Within each laboratory, multiple of the median (MoM) biomarker values were
calculated by dividing each individual’s raw biomarker value by the median biomarker value
for the patient population with the same gestational age analyzed within that laboratory. This
conversion allowed for the fact that prenatal screening biomarker levels differ by gestational
age and permitted consistent interpretation of testing results across laboratories.[25]
Adjustments for maternal weight, race/ethnicity, smoking status, and pre-existing diabetes
were also performed.[26, 27] Results were then electronically transferred and stored at the
California Department of Public Health.[24]

Maternal demographic and clinical characteristics known to be associated with GDM
development were captured from birth certificate and hospital discharge records obtained
from the California Office of Statewide Health Planning and Development, as previously
described.[4] GDM was identified using ICD-9-CM code 648.8 (‘pregnancy complicated by
abnormal glucose tolerance’) or birth certificate denotation of diabetes diagnosis during
pregnancy.

2.3. Statistical Analysis

2.3.1. Model Development—GDM risk prediction models were developed using the
model development subset. Development and validation of a model for early pregnancy
prediction of GDM risk based on demographic and clinical risk factors for nulliparous
women has been described previously.[4] This model included five risk factors (race/
ethnicity, age at delivery, pre-pregnancy body mass index (BMI), family history of diabetes,
and pre-existing hypertension) and had an area under the receiver operating characteristic
curve (AUC) of 0.732 (95% confidence interval (Cl) 0.728-0.735) in an internal validation
cohort and 0.710 (95% CI 0.672-0.749) in an external validation cohort. To meet regression
assumptions for the new models including demographic and clinical risk factors and prenatal
screening biomarkers, each biomarker was natural log-transformed. Within the model
development subset, the association between GDM and each biomarker was first assessed
using univariate logistic regression. Biomarkers found to be significantly associated with
GDM (p<0.001) were then included in separate multivariable logistic regression models
including maternal demographic and clinical characteristics and first trimester biomarkers
only and maternal demographic and clinical characteristics and first and early second
trimester biomarkers. Due to the large sample size, a more stringent alpha level (p <0.001)
was used for assessing significant associations.[4] We assessed pair-wise correlations
between biomarkers using Spearman (non-parametric) rank correlation to investigate the
independent effect of each biomarker within the prediction model.
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2.3.2. Model Testing—Models were tested within the model testing subset. Predictive
accuracy was assessed using both discrimination and calibration statistics. We evaluated
model discrimination using AUC. Change in AUC (AAUC) was quantified using the
DeLong, DeLong, and Clark-Pearson non-parametric approach.[28] Calibration, related to
goodness of fit, was assessed by plotting and comparing each woman’s predicted risk of
GDM to her observed outcome.[4, 29] Model over-/under-estimation and overfitting were
assessed using the calibration slope and intercept of the linear predictor.[4, 8, 30]

2.3.3. Risk Stratification—Risk stratification, a method for categorizing patients into
risk groups based on their personal risk factors, is important for clinical decision making.
[31] As such, we converted individual predicted risks produced from the developed models
into high or low risk groups using a previously determined predicted risk threshold of 6%.[4]
Sensitivity, specificity, positive predictive value, negative predictive value, and correct
classification rate were computed for each model at the chosen threshold.

2.3.4. Clinical Risk Reclassification—The predictive value of a biomarker is often
based on its ability to increase the AUC of an established multivariable risk prediction
model. However, it is often difficult for a biomarker that is clinically relevant, yet has only a
moderate independent association with the outcome, to significantly change the value of
AUC. Clinical interpretation of the magnitude of this change relative to the baseline model is
also challenging.[32, 33] Risk reclassification, which assesses differences in patient risk
group classification between the established risk prediction model and a new model
including a biomarker, can be used to more meaningfully evaluate the clinical utility of the
biomarker.[32] Changes in risk reclassification were visualized using reclassification tables
and quantified using categorical net reclassification improvement (NRI) indices.[32, 34] NRI
ranges from -2 to 2, with zero indicating that no net improvement in classification resulted
from the addition of a biomarker to an established risk prediction model.[35] Negative NRIs
result from more individuals being placed in the wrong risk category (e.g., women with
GDM categorized as low risk or women without GDM categorized as high risk) with the
addition of a biomarker to an established risk prediction model than the established risk
prediction model without the biomarker.[36] As no clinical guidelines for GDM risk
categorization currently exist, the 6% predicted risk threshold used to stratify high and low
risk groups may be considered arbitrary. Therefore, we also assessed risk reclassification at
3% and 12% predicted risk thresholds.[36, 37]

All statistical analyses were performed using SAS software, Version 9.4 (SAS Institute Inc.,
Cary, NC, USA). Risk reclassification measures were calculated using the SAS Macro
written by Kevin F. Kennedy and Michael J. Pencina.[34] Methods and protocols for this
study were approved by the Committee for the Protection of Human Subjects within the
Health and Human Services Agency of the State of California. Data provided to the
researchers by California Office of Statewide Health Planning and Development (Protocol #
12-09-0702) and California Biobank Program (Screening Information System request no.
476) were deidentified and determined not to qualify as human subjects research by the
University of lowa Institutional Review Board (IRB no.: 201706737).
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3. Results

3.1. Cohort Characteristics

Demographic and clinical characteristics of the study population are shown in
Supplementary Table 4. Within the total nulliparous population, 7.5% of women were
diagnosed with GDM. The population was racially and ethnically diverse, with most women
identifying as White, not Hispanic (34.3%), Hispanic (34.5%), or Asian (20.7%). The
median age at delivery was 29 years and the median pre-pregnancy BMI was 23.2. Around
1% of the population reported having a family history of diabetes and preexisting
hypertension. First and second trimester biomarker median MoM values ranged from 0.98
(UE3) to 1.07 (PAPP-A). These characteristics remained consistent after randomly dividing
the total population into model development and testing subsets.

3.2. Model Development

The association between maternal demographic and clinical characteristics, first trimester
prenatal screening biomarkers, and second trimester prenatal screening biomarkers and
GDM in the model development subset are summarized in Table 1. Consistent with our
previous findings,[4] race/ethnicity, age at delivery, pre-pregnancy BMI, family history of
diabetes, and pre-existing hypertension were significant risk factors for GDM. Decreased
first trimester PAPP-A MoM values and increased second trimester uEz and INH MoM
values were associated with increased odds of GDM (PAPP-A: OR 0.78 (95% CI 0.74—
0.82); UE3: OR 1.58 (95% CI 1.41-1.77); INH: OR 1.35 (95% CI 1.26-1.45)). Two separate
GDM risk prediction models were developed combining maternal demographic and clinical
characteristics with significant first trimester (PAPP-A) and first and second trimester
(PAPP-A, UuE3, and INH) prenatal screening biomarkers. All biomarkers remained
significant after adjustment for maternal demographic and clinical characteristics and/or
other biomarkers (maternal characteristics + PAPP-A model: PAPP-A: aOR 0.75 (95% Cl
0.71-0.79); maternal characteristics + PAPP-A, uEs, and INH model: PAPP-A: aOR 0.71
(95% CI 0.67-0.75), uEs: aOR 1.71 (95% CI 1.50-1.94), INH: aOR 1.24 (95% CI 1.15-
1.34)). PAPP-A, uEgz, and INH were not found to be highly correlated with each other in the
pair-wise comparison of biomarkers (Supplementary Table 5).

3.3. Model Testing

Incremental improvements in discrimination were observed with the addition of PAPP-A
only and PAPP-A, uEs, and INH to the maternal demographic and clinical characteristics
model (maternal characteristics only: AUC 0.714 (95% CI 0.703-0.724), maternal
characteristics + PAPP-A: AUC 0.718 (95% CI 0.707-0.728), maternal characteristics +
PAPP-A, uEs, and INH: AUC 0.722 (95% CI 0.712-0.733) (Figure 2). The changes in AUC
were small, yet significant (maternal characteristics + PAPP-A: AAUC: 0.004, p<0.001;
maternal characteristics + PAPP-A, uEs, and INH: AAUC 0.009, p<0.001). All three models
were well-calibrated (i.e., intercepts were close to 0 and slopes were close to 1) within the
model testing subset (Supplementary Figure 1).
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3.4. Risk Stratification

The performance of the risk stratification strategy for each model is outlined in
Supplementary Table 6. At a 6% predicted risk threshold, 47.1%, 46.8%, and 46.4% of
women (maternal characteristics only, maternal characteristics + PAPP-A, and maternal
characteristics + PAPP-A, UEs, and INH) were considered high risk for GDM, respectively.
All three models showed similar performance, with moderate sensitivity and specificity
(maternal characteristics only: 76.2% and 55.2%, maternal characteristics + PAPP-A: 75.7%
and 55.5%, and maternal characteristics + PAPP-A, uEs, and INH: 76.1% and 56.0%) and
correct classification of around 57% of GDM cases and non-cases.

3.5. Clinical Risk Reclassification

At a 6% predicted risk threshold, the maternal characteristics + PAPP-A and maternal
characteristics + PAPP-A, UEs, and INH models placed more women without GDM into the
low risk category than the maternal characteristics only model (maternal characteristics
only: 55.24%, maternal characteristics + PAPP-A: 55.52%, maternal characteristics + PAPP-
A, UE3, and INH: 55.99%) (Table 2). However, the models including prenatal screening
biomarkers also placed fewer women with GDM into the high risk category than the
maternal characteristics only model (maternal characteristics only: 76.19%, maternal
characteristics + PAPP-A:

75.71%, maternal characteristics + PAPP-A, UEz, and INH: 76.07%). Overall, the addition
of prenatal screening biomarkers to the maternal characteristics only model resulted in no
net improvement in classification (maternal characteristics + PAPP-A: categorical NRI
-0.002 (95% CI —-0.010-0.007); maternal characteristics + PAPP-A, UE3, and INH:
categorical NRI 0.006 (95% CI —-0.003-0.016)) (Supplementary Table 7). The categorical
NRIs were similar when the predicted risk threshold was adjusted to 3% and 12%.

4. Discussion

We rigorously evaluated the clinical utility of first and second trimester prenatal screening
biomarkers for early pregnancy prediction of GDM risk within a large cohort of nulliparous
women. Decreased levels of first trimester PAPP-A and increased levels of second trimester
UE3 and INH were significantly associated with GDM development. The addition of PAPP-
A only and PAPP-A, uEs, and INH to a previously validated model including maternal
demographic and clinical characteristics offered incremental improvements in predictive
accuracy, with significant increases in AUC. However, the increases in predictive accuracy
with the addition of prenatal screening biomarkers were small compared to GDM risk
prediction based on maternal characteristics alone and no net improvement in classification
was observed, indicating that these biomarkers had limited clinical utility.

A limited number of studies to-date have examined the predictive ability of first trimester
prenatal screening biomarkers in GDM risk prediction models and findings have been
conflicting.[13-15] Lovati et al. found that incorporating first trimester PAPP-A in a clinical
risk factor model increased the predictive ability of the model from AUC 0.60 (95% CI
0.56-0.64) (clinical risk factors only) to AUC 0.70 (95% CI 0.66-0.74) (clinical risk factors
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plus PAPP-A).[38] Two more recently conducted studies found similar results, with
increases in model predictive performance observed when PAPP-A and other first trimester
biomarkers (adiponectin, mean arterial pressure, and uterine artery pulsatility index) were
added to models including traditional GDM risk factors.[39, 40] In contrast, Syngelaki et al.
and Xiao et al. showed that models including first trimester prenatal screening biomarkers in
conjunction with traditional risk factors did not improve GDM screening performance over
models including traditional risk factors alone (Syngelaki et al.: maternal risk factors alone:
AUC 0.841, maternal risk factors + PAPP-A: AUC 0.841; Xiao et al.: maternal risk factors
alone: AUC 0.684, maternal risk factors + PAPP-A: AUC 0.686).[41, 42] All but one of
these studies (Syngelaki et al.) used a case-control study design, which is ineffective for risk
modeling as the sample is biased (i.e., the study sample has a higher proportion of cases than
the population of interest).[13, 43]

Development of models predicting the risk of various obstetric complications has been
increasing. However, clinical implementation is lacking, which may be due to limited
evaluation of prediction model performance, impact, and usefulness in clinical practice.[44]
Although our findings suggest that the integration of prenatal screening biomarkers into
clinical models for early prediction of GDM risk did not have substantial net improvement
in classification, other readily accessible clinical biomarkers representing etiological
pathways associated with GDM development may be of value. The clinical utility of
biochemical markers of long-term maternal glycemic control, fat and steroid metabolism,
and systemic inflammation, as well as anthropometric measurements, such as maternal
adiposity and blood pressure,[45] for early pregnancy prediction of GDM risk should be
assessed in future studies with risk reclassification methods.

To our knowledge, this is the first study to assess the value of combining demographic and
clinical risk factors and both first and early second trimester prenatal screening biomarkers
in GDM risk prediction. The size of our study cohort enabled us to build and validate
adequately powered prediction models. Utilization of a racially and ethnically diverse cohort
supports the generalizability of our findings. We are also the first to use risk reclassification
methods, which may be more clinically meaningful than change in AUC,[33] to evaluate the
clinical utility of first and second trimester prenatal screening biomarkers in early pregnancy
prediction of GDM risk. The California PNS Program is one of the largest and most
comprehensive prenatal screening programs in the world.[24, 46] The centralization of its
laboratories and standardization of patient follow-up allows this program to attain optimal
quality control,[46] adding credence to the measurements of biomarkers used in our
analysis.

Although our study has many strengths, we also acknowledge its limitations. Our study
focused on nulliparous women, so the findings may not be generalizable to multiparous
women. While our sample had a diverse racial/ethnic makeup, it is possible that factors such
as poverty, access to medical care, failure to facilitate informed choice, acculturation and
language skills, risk perception, and values and beliefs could have affected women’s ability
and/or choice to undergo prenatal screening.[47] Furthermore, this bias may have been
exacerbated through our selection of women who had received prenatal screening in both the
first and second trimester. Because our data source was administrative and medical charts
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were inaccessible, inaccurate reporting of demographic and clinical variables, including
GDM, is possible. However, use of both hospital discharge and birth certificate data has
been shown to be an accurate source of information for both pre-existing and gestational
diabetes.[48]

We did not have data on exactly how or when GDM was screened and diagnosed, which
may have caused some misclassification. GDM screening is routinely performed at 24-28
weeks’ gestation in the United States,[1] and the 50-g oral glucose challenge test (two-step
approach) is the most commonly used screening test.[49] The prevalence of GDM within
our study population was similar to previously reported estimates within the United States.
[50] To ensure that women in our study population had the opportunity to be screened for
GDM, we excluded women who delivered prior to 30 weeks’ gestation. All women included
in this study participated in both first and second trimester prenatal screening, indicating that
they were receiving care around the time that GDM screening would have been performed.

Risk prediction algorithms for GDM are not currently used in clinical practice, and as such,
clinically meaningful predicted risk cutoffs were not available. Individual predicted risks
were converted into high or low risk groups using a 6% predicted risk threshold, which we
have previously validated.[4] Risk classification statistics were similar when we adjusted the
threshold to 3% and 12%. A complete case analysis was utilized in model development and
testing, which may impart bias. However, as only a small percentage of women were
missing predictor data, it is likely that any bias introduced through use of this method was
minor.[4]

3.1. Conclusion

First and second trimester prenatal screening biomarkers, PAPP-A, uEs, and INH, have
limited clinical utility for early pregnancy prediction of GDM risk in nulliparous women.
The utility of other readily accessible clinical biomarkers in predicting GDM risk warrants
investigation in future studies. Incorporating biomarkers that precede the onset of
hyperglycemia into a risk prediction model for GDM may facilitate earlier risk assessment,
screening, and diagnosis.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
Identifying women at risk for gestational diabetes early in pregnancy is ideal
Prenatal screening biomarkers may be of value in screening for gestational diabetes
To assess clinical utility, risk stratification and reclassification were performed
No net classification improvement indicated limited clinical utility of biomarkers

Utility of other biomarkers in predicting gestational diabetes risk is warranted
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Figure 1.
Sample selection.
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Figure 2.
Receiver operating characteristic curves for gestational diabetes risk prediction models

within the model testing subset (n=33,251).

AUC, area under the receiver operating characteristic curve; PAPP-A, pregnancy-associated
plasma protein A; UEs, unconjugated estriol; INH, dimeric inhibin A. Maternal
characteristics only model includes the following variables: race/ethnicity, age at delivery
(natural cubic spline transformed), pre-pregnancy body mass index (BMI) (natural cubic
spline transformed), family history of diabetes, and pre-existing hypertension.Maternal
characteristics plus first trimester biomarker model includes the following variables: race/
ethnicity, age at delivery (natural cubic spline transformed), prepregnancy BMI (natural
cubic spline transformed), family history of diabetes, pre-existing hypertension, and first
trimester PAPP-A multiple of the median (MoM) (natural log-transformed). Maternal
characteristics plus first and second trimester biomarkers model includes the following
variables: a: race/ethnicity, age at delivery (natural cubic spline transformed), pre-pregnancy
BMI (natural cubic spline transformed), family history of diabetes, pre-existing
hypertension, first trimester PAPP-A MoM (natural log-transformed), second trimester UuEs
MoM (natural log-transformed), and second trimester INH MoM (natural log-transformed).

Diabetes Res Clin Pract. Author manuscript; available in PMC 2021 May 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Snyder et al.

Table 1.

Page 16

Association between maternal demographic and clinical characteristics, first trimester prenatal screening
biomarkers, and second trimester prenatal screening biomarkers and gestational diabetes mellitus (GDM) in

the model development subset (n=66,687).

No GDM n Maternal Maternal Maternal
(%) demographic and demographic and demographic and
clinical clinical clinical
characteristics only characteristics + characteristics +
model aOR (95% PAPP-A model PAPP-A, uEs, and
GDMn OR (95% o)) aOR (95% CI) INH model aOR
(%) (ol)} (95% CI)
Sample Size 61,813 4,874 (7.3)
92.7)
Demographic and
Clinical
Characteristics
Race/ethnicity
White, not Hispanic 21,772 1,189
(35.2) (24.4) REF REF REF REF
i i - ok A ok
Hispanic 21,548 1,468 1.24(115 154 (1.41-1.68) 154 (1.42-1.68) 1.53 (1.40-1.66)
(34.9) (30.1)
1.34)
Black 1,932 (3.1) 98 (2.0) 0.94 (0.77- 0.97 (0.78-1.21) 0.99 (0.79-1.23) 0.98 (0.79-1.22)
1.15)
i _ Ak *A Ak
Asian 12,015 1749 258(239- 53308 362) 3.34 (3.08-3.62) 3.25 (3.00-3.52)
(19.4) (35.9) 278)
Al/AN 131 (0.2) - 1.82 (1.05- 1.71 (0.93-3.16) 1.74 (0.94-3.21) 1.72 (0.93-3.19)
3.17)
H/PI 126 (0.2) 15 (0.3) 2.11 (1.25- 1.76 (1.01-3.07) 1.81 (1.03-3.16) 1.76 (1.00-3.08)
3.56)
* __ Ak A A b
Other racial group .~ #289(6:9)  343(7.0) 146 (130- 4 59 (4 491 g0) 1.60 (1.41-1.82) 1.59 (1.40-1.81)
1.65)
i _ _ *k *ok *k
Age at delivery (years) 290 (24.0 31.0 1.08 (1.07 1.08 (1.08-1.09) 1.08 (1.08-1.09) 1.08 (1.08-1.09)
ta 32.0) (27.0- 108
34.0) 08)
- __ _ *Kk *k *Kk
Pre-pregnancy BMI 23.0 (208 250 1.08 (1.07 1.10 (1.10-1.11) 1.10 (1.10-1.11) 1.10 (1.09-1.11)
N 26.4) (21.9-
(kg/m?) 29.8) 1.08)

i H _ *A AA *oA
Family history of 4a6(0.7)  80(L6)  247(L9- ;05 172 286) 2.21 (1.72-2.85) 2.21 (1.72-2.85)
diabetes

3.14)
Pre-existing 559 (0.9) 127 (2.6) 2.93 (2.41- i i ok
hypertension — 1.66 (1.35-2.04) 1.64 (1.33-2.01) 1.64 (1.33-2.01)
3.56)
First Trimester
Biomarkers 7
PAPP-A MoM 1.07 (0.74- 0.99 0.78 (O.Zil— - 0.75 (0.71-0.79) 0.71 (0.67-0.75)
1.55) (0.66— 0.82
1.45) 82)
hCG MoM 1.02 (0.78- 1.00 0.90 (0.84— - - -
1.34) (0.76—- 0.97)
1.31)

Second Trimester
Biomarkers 7
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GDM n

(%)

demographic and demographic and

characteristics only characteristics +

model aOR (95%

Maternal
demographic and
clinical
characteristics +
PAPP-A, UE3, and
INH model aOR
(95% CI)

Snyder et al.

No GDM n
(%)

AFP MoM 1.01 (0.82-
1.24)

hCG MoM 1.00 (0.72-
1.38)

UE; MoM 0.98 (0.83—
1.14)

INH MoM 1.04 (0.81-
1.35)

1.01
(0.82—
1.26)

1.00
0.72-
1.40)

1.00
(0.85-
1.18)

1.09
(0.85-
1.41)

*K
1.71 (1.50-1.94)

*Kk
1.24 (1.15-1.34)

OR, odds ratio; aOR, adjusted odds ratio; AI/AN, American Indian/Alaska Native; H/PI, Hawaiian/Pacific Islander; BMI, body mass index; PAPP-
A, pregnancy-associated plasma protein-A; MoM, multiple of the median; hCG, human chorionic gonadotropin; AFP, a-fetoprotein; ug3,

unconjugated estriol; INH, inhibin.

Odds ratios and p-values were estimated using univariate logistic regression. Adjusted odds ratios and p-values were estimated using multivariable

logistic regression. Each variable was adjusted for all other variables within the model.

Median (interquartile range (IQR): Q1 (25%)-Q3 (75%)) were calculated using non-transformed variables. Univariate and multivariable logistic

regression was performed using log-transformed variables.

- Not retained in the model; -- Data suppressed (n<15).

*
Includes two or more races and race unknown.

fData are expressed as median (IQR).

a .
Odds ratios were calculated per year of age.

bOdds ratios were calculated per kg/mz.

*:

A
p<0.001
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Table 2.

Comparison of risk classifications for nulliparous women with and without gestational diabetes mellitus based
the maternal characteristics only, maternal characteristics + PAPP-A, and maternal characteristics + PAPP-A,
UEgz, and INH models within the model testing subset (n=33,251).

Risk Category Model

Maternal Characteristics Only Maternal Characteristics + PAPP- Maternal Characteristics + PAPP-A,

A UEs, and INH
No GDM (n= GDM (n= No GDM (n= GDM (n= No GDM (n= GDM (n=2,520)
30,731) % 2,520) % 30,731) % 2,520) % 30,731) % %

Low (<6% 55.24 23.81 55.52 24.29 55.99 23.93
predicted risk)
High (>6% 44.76 76.19 44.48 75.71 44,01 76.07
predicted risk)
Total 100.0 100.0 100.0 100.0 100.0 100.0

GDM, gestational diabetes mellitus; PAPP-A, pregnancy-associated plasma protein A; uE3, unconjugated estriol; INH, dimeric inhibin A.

*
Model includes the following variables: race/ethnicity, age at delivery (natural cubic spline transformed), pre-pregnancy BMI (natural cubic spline
transformed), family history of diabetes, and pre-existing hypertension.

fModeI includes the following variables: race/ethnicity, age at delivery (natural cubic spline transformed), pre-pregnancy BMI (natural cubic spline
transformed), family history of diabetes, pre-existing hypertension, and first trimester PAPP-A MoM (natural log-transformed).

’tModeI includes the following variables: a: race/ethnicity, age at delivery (natural cubic spline transformed), pre-pregnancy BMI (natural cubic
spline transformed), family history of diabetes, pre-existing hypertension, first trimester PAPP-A MoM (natural log-transformed), second trimester

UE3 MoM (natural log-transformed), and second trimester INH MoM (natural log-transformed).

1duosnuey Joyiny

1duosnuen Joyiny

Diabetes Res Clin Pract. Author manuscript; available in PMC 2021 May 01.



	Abstract
	Introduction
	Subjects, Materials and Methods
	Study Population
	Data Collection
	Statistical Analysis
	Model Development
	Model Testing
	Risk Stratification
	Clinical Risk Reclassification


	Results
	Cohort Characteristics
	Model Development
	Model Testing
	Risk Stratification
	Clinical Risk Reclassification

	Discussion
	Conclusion

	References
	Figure 1.
	Figure 2.
	Table 1.
	Table 2.

