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Objective: To evaluate the diagnostic accuracy of early pregnancy biomarkers for
predicting gestational diabetes mellitus (GDM).

Methods: We searched PubMed, Web of Science, Embase, and Cochrane Library
from inception to December 2024 (specific dates: PubMed January 1980-
December 31, 2024; Web of Science January 1980-December 31, 2024;
Embase January 1980-December 31, 2024; Cochrane Library 1996-December
31, 2024) for studies evaluating first or early second trimester biomarkers for GDM
prediction. ClinicalTrials.gov was also searched for ongoing studies. Eligible
studies included prospective cohort, case-control, or cross-sectional designs
reporting diagnostic accuracy metrics. Quality assessment was performed using
QUADAS-2. Meta-analyses were conducted for biomarkers evaluated in >3
studies using random-effects models. Sample size adequacy was assessed
based on the number of GDM cases, with a minimum of 100 events considered
necessary for reliable pooled estimates. Diagnostic accuracy was assessed
through pooled sensitivity, specificity, diagnostic odds ratio (DOR), and area
under the receiver operating characteristic curve (AUROC).

Results: Twelve studies with sample sizes ranging from 75 to 41, 786 participants
were included. Only one study comprehensively evaluated inflammatory markers,
reporting a first-trimester model combining TNF-o with clinical parameters
(maternal age, BMI, family history) and biochemical markers (fasting glucose,
lipid profile). Pregnancy-associated plasma protein-A (PAPP-A) levels showed
a trend toward lower values in women who developed GDM (SMD -0.558, 95%
Cl: -1.155 to 0.040). Metabolomic markers, particularly acylcarnitines C5 and
C5:1, demonstrated excellent discrimination (AUROC 0.934, 95% CI: 0.873-
0.995). The overall pooled sensitivity was 81.6% (95% Cl: 68.7%-90.0%),
specificity 93.4% (95% Cl. 81.4%-97.9%), DOR 73.84 (95% ClI: 5.65-964.94), and
AUROC 0.881 (95% CI: 0.795-0.967). Substantial heterogeneity was observed
across studies (1°=94-97%).
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Conclusions: Early pregnancy biomarkers show moderate to high diagnostic
accuracy for GDM prediction. However, high heterogeneity and limited data on
integrated multi-marker panels constrain clinical application. Standardization of
protocols and validation in diverse populations are needed.
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Introduction

Gestational diabetes mellitus (GDM) represents one of the most
prevalent metabolic complications during pregnancy, affecting
between 7% and 14% of all pregnancies globally, with rates
varying significantly based on diagnostic criteria and population
characteristics (1, 2). The condition is characterized by glucose
intolerance with onset or first recognition during pregnancy and
carries substantial risks for both maternal and fetal health outcomes
(3). Women with GDM face increased risks of preeclampsia,
cesarean delivery, and progression to type 2 diabetes mellitus later
in life, while their offspring are at elevated risk for macrosomia,
birth trauma, neonatal hypoglycemia, and long-term metabolic
dysfunction including obesity and diabetes (4, 5).

The current standard for GDM diagnosis relies on oral glucose
tolerance testing (OGTT) performed between 24 and 28 weeks of
gestation, a timing that coincides with the physiological peak of
pregnancy-induced insulin resistance (6). However, this diagnostic
approach has several important limitations that may compromise
optimal maternal and fetal outcomes. The OGTT requires fasting, is
time-consuming, has poor reproducibility with coefficients of
variation ranging from 15% to 25%, and most critically, its
relatively late timing in pregnancy may miss the window for
effective preventive interventions (7, 8). Recent evidence suggests
that metabolic alterations characteristic of GDM may begin much
earlier in pregnancy, with some changes detectable even in the first
trimester (9, 10).

The pathophysiology of GDM involves a complex interplay
between pregnancy-induced insulin resistance and inadequate
pancreatic B-cell compensation, processes that are increasingly
recognized to be mediated by inflammatory pathways (11).
Chronic low-grade inflammation, characterized by elevated levels
of pro-inflammatory cytokines such as interleukin-6 (IL-6) and
tumor necrosis factor-alpha (TNF-a.), contributes to the disruption
of insulin signaling pathways and the development of insulin
resistance (12). These inflammatory mediators, produced by
adipose tissue, placental trophoblasts, and immune cells, have
been found to be elevated in women who subsequently develop
GDM, even before clinical hyperglycemia becomes apparent (13).

TNF-o and IL-6 are key pro-inflammatory cytokines that exert
profound effects on glucose metabolism during pregnancy. TNF-ou
disrupts insulin signaling by inducing serine phosphorylation of
insulin receptor substrate-1 (IRS-1), thereby impairing the insulin
receptor tyrosine kinase activity and downstream signaling
necessary for glucose uptake (14). Studies have demonstrated that
TNEF-o. activates pathways including sphingolipid and NF-«B
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signaling that impair insulin receptor autophosphorylation and
promote insulin resistance in both adipocytes and skeletal muscle
(15). IL-6, secreted primarily by monocytes and macrophages
within adipose tissue, promotes hepatic glucose production by
stimulating gluconeogenesis and glycogenolysis while impairing
insulin action in peripheral tissues (16). During pregnancy,
placental production of IL-6 is believed to induce a chronic
inflammatory state within adipose tissue, further exacerbating the
physiological insulin resistance characteristic of gestation (17).

Beyond inflammatory markers, several other biomarker
categories have shown promise for early GDM prediction.
Pregnancy-associated plasma protein-A (PAPP-A) and free B-
human chorionic gonadotropin (B-hCG), routinely measured as
part of first-trimester aneuploidy screening, have been associated
with altered glucose metabolism and placental function (18, 19).
PAPP-A, a protease that regulates insulin-like growth factor
bioavailability, plays crucial roles in placental development and
metabolic regulation. Reduced PAPP-A levels may reflect placental
insufficiency that contributes to metabolic dysregulation (20).
Additionally, advances in metabolomics have identified specific
metabolic signatures, particularly alterations in amino acid and
acylcarnitine profiles, that may precede the clinical manifestation of
GDM by several weeks or months (21, 22).

Recent metabolomic studies have revealed that acylcarnitines,
intermediates of fatty acid oxidation, are consistently elevated in
women who later develop GDM, suggesting early mitochondrial
dysfunction and altered substrate utilization (23). Branched-chain
amino acids (BCAAs) including valine, leucine, and isoleucine have
also emerged as potential biomarkers, with elevated levels
associated with insulin resistance and B-cell dysfunction (24).
These metabolic perturbations likely reflect fundamental
alterations in cellular energy metabolism that precede and
contribute to the development of GDM.

The identification of reliable early pregnancy biomarkers for
GDM could potentially improve prenatal care by enabling risk
stratification and targeted interventions before the onset of
maternal hyperglycemia and its associated complications. Early
identification of high-risk women would allow for
implementation of lifestyle modifications, closer monitoring, and
potentially pharmacological interventions that could prevent or
mitigate the development of GDM (25, 26). Furthermore,
understanding the early metabolic and inflammatory alterations
that precede GDM could provide insights into its pathogenesis and
identify novel therapeutic targets.

Despite the growing body of literature on early pregnancy
biomarkers for GDM, significant challenges remain in translating
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these findings into clinical practice. Studies have varied widely in
their methodologies, including differences in biomarker
measurement techniques, diagnostic criteria for GDM, timing of
sample collection, and population characteristics (27). This
heterogeneity has made it difficult to establish consensus on
optimal biomarkers and their clinical utility. Additionally, most
studies have evaluated individual biomarkers in isolation rather
than considering integrated multi-marker approaches that might
provide superior predictive performance (28). Machine learning
approaches incorporating multiple biomarkers and clinical risk
factors have shown promise in improving prediction accuracy
through ensemble methods and explainable AI techniques,
though external validation remains limited (29-32).

The economic implications of GDM screening strategies are
also important considerations. While universal OGTT screening at
24-28 weeks remains the standard, studies have examined the cost-
effectiveness of various alternative approaches, including risk-
factor-based screening and earlier biomarker testing strategies
(33, 34). Economic analyses have demonstrated that early
identification and intervention can potentially reduce downstream
costs associated with GDM complications, though the optimal
balance between screening costs and clinical benefits varies across
different healthcare systems and populations (35, 36).

This systematic review and meta-analysis aims to
comprehensively evaluate the diagnostic accuracy of early
pregnancy biomarkers for GDM prediction. We synthesize
available evidence on routine laboratory parameters, metabolic
markers including amino acids and acylcarnitines, and
inflammatory cytokines measured in the first or early second
trimester. By quantifying pooled diagnostic performance metrics
and examining sources of heterogeneity, we seek to inform clinical
decision-making and identify priorities for future research in this
rapidly evolving field.

Methods
Search strategy and data sources

This systematic review was conducted following Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines (37). We systematically searched four major
electronic databases: PubMed (January 1980 to December 31, 2024),
Web of Science (January 1980 to December 31, 2024), Embase
(January 1980 to December 31, 2024), and Cochrane Library (1996
to December 31, 2024) from inception through December 2024 for
studies evaluating early pregnancy biomarkers for GDM prediction.
The search was performed on January 5, 2025. Additionally,
ClinicalTrials.gov was searched on January 6, 2025, which
identified 23 ongoing studies evaluating early pregnancy
biomarkers for GDM prediction; these studies were monitored
but not included in the meta-analysis as no results were available
at the time of our review.

The search strategy combined terms related to gestational
diabetes (gestational diabetes mellitus, GDM, pregnancy diabetes),
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biomarkers (biomarkers, biological markers, PAPP-A, beta-hCG,
cytokines, TNF-alpha, IL-6, acylcarnitines, amino acids,
metabolomics), pregnancy timing (first trimester, early pregnancy,
second trimester, early gestation), and prediction (prediction,
screening, diagnostic accuracy, sensitivity, specificity). Reference
lists of included studies and relevant review articles were manually
screened to identify additional eligible studies.

Study selection and eligibility criteria

Studies were included if they met the following criteria: (1)
evaluated biomarkers measured in first trimester (<13 weeks 6 days)
or early second trimester (14-20 weeks) of pregnancy; (2) assessed
diagnostic performance for predicting subsequent GDM diagnosis;
(3) reported sufficient data to calculate diagnostic accuracy metrics
including sensitivity, specificity, positive predictive value, negative
predictive value, diagnostic odds ratio, or area under the receiver
operating characteristic curve (AUROC); (4) used standard
diagnostic criteria for GDM including International Association
of Diabetes and Pregnancy Study Groups (IADPSG), World Health
Organization (WHO), or Carpenter-Coustan criteria; (5) had
prospective cohort, case-control, or cross-sectional study design;
and (6) were published in English-language peer-reviewed journals.

Studies were excluded if they: (1) measured biomarkers after 20
weeks of gestation; (2) lacked sufficient diagnostic accuracy data
despite author contact; (3) used non-standard GDM diagnostic
criteria; (4) were case reports, reviews, editorials, or conference
abstracts; or (5) included populations with pre-existing diabetes.

Two reviewers (initials) independently screened titles and
abstracts, followed by full-text review of potentially eligible
studies. Disagreements were resolved through discussion or
consultation with a third reviewer. Inter-rater reliability for study
selection was assessed using Cohen’s kappa statistic, which yielded
k=0.89, indicating excellent agreement.

Data extraction and quality assessment

Standardized data extraction forms were used to collect
information on study characteristics (author, year, country, study
design, sample size), participant demographics (age, BMI,
ethnicity), biomarkers evaluated (type, measurement timing, assay
methods), GDM diagnostic criteria, and diagnostic performance
metrics (sensitivity, specificity, positive/negative predictive values,
diagnostic odds ratio, AUROC). For studies reporting machine
learning models, validation methods and performance on test sets
were specifically extracted. When data were presented graphically,
we used digital plot digitizer software to extract numerical values.
Authors were contacted for missing data when necessary.

Quality assessment was performed using the Quality
Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool
(38), which evaluates bias risk across four domains: patient
selection, index test, reference standard, and applicability
concerns. Unlike intervention studies, diagnostic accuracy studies
are assessed for appropriateness of patient selection (consecutive or
random sampling), blinding during index test interpretation,
appropriate reference standard timing and interpretation, and
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avoidance of selective outcome reporting. Two reviewers
independently assessed study quality, with disagreements resolved
through consensus.

Sample size considerations

For diagnostic meta-analyses, adequate sample size is primarily
determined by the number of events (GDM cases) rather than total
participants. Following established recommendations for meta-
analyses of diagnostic test accuracy, we considered a minimum of
100 total GDM cases across included studies as necessary for
reliable pooled estimates (39, 40). Our meta-analysis included 1,
306 GDM cases, well exceeding this threshold. Additionally,
individual study quality was assessed based on whether studies
had adequate sample sizes (generally =50 GDM cases) to produce
stable diagnostic accuracy estimates.

Statistical analysis

For biomarkers evaluated in three or more studies, meta-analyses
were performed using random-effects models to account for between-
study heterogeneity. Pooled estimates were calculated for sensitivity,
specificity, diagnostic odds ratio (DOR), and area under the summary
receiver operating characteristic curve (AUROC). The bivariate
random-effects model was used to jointly estimate sensitivity and
specificity while accounting for their negative correlation (41).
Heterogeneity was quantified using I* statistics and Cochran’s Q
test. 1> values of 25%, 50%, and 75% were interpreted as low,
moderate, and high heterogeneity, respectively.

For PAPP-A, which was reported as a continuous variable,
standardized mean differences (SMD) with 95% confidence
intervals were calculated and pooled using random-effects meta-
analysis. Publication bias was assessed through visual inspection of
funnel plots and Egger’s regression test. Sensitivity analyses were
conducted by sequentially excluding individual studies to examine
their influence on pooled estimates. Subgroup analyses were
planned based on GDM diagnostic criteria, biomarker
measurement timing, and study design, though limited study
numbers precluded comprehensive subgroup analyses for most
biomarkers. Statistical analyses were performed using Meta-Disc
version 1.4, Stata version 16.0, and R version 4.2.0 using the mada
and meta packages. A two-tailed p-value <0.05 was considered
statistically significant.

Results
Study selection and characteristics

The systematic search identified 3, 847 records from database
searches. After removal of 1, 256 duplicates, 2, 591 records
underwent title and abstract screening. Of these, 2, 405 records
were excluded based on irrelevance to the research question,
inappropriate study design, or wrong population. The remaining
186 reports were retrieved for full-text assessment. Among these,
174 reports were excluded for the following reasons: biomarker
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measurement after 20 weeks gestation (n=68), insufficient
diagnostic accuracy data despite author contact (n=54), use of
non-standard GDM diagnostic criteria (n=32), and other
methodological issues (n=20). Twelve studies meeting all
inclusion criteria were included in the final meta-analysis
(Figure 1). No additional studies were identified through
reference list screening.

The characteristics of included studies are summarized in
Supplementary Table S1. Studies were published between 2011
and 2023 and conducted across diverse geographic regions
including Europe (n=>5), Asia (n=3), North America (n=1), Latin
America (n=1), Oceania (n=1), and the Middle East (n=1). Sample
sizes ranged from 75 to 41, 786 participants (median: 582), with a
total of 79, 233 participants including 3, 988 GDM cases (overall
GDM prevalence: 5.0%). The relatively low prevalence reflects the
inclusion of two large population-based screening cohorts
(Savvidou 2012 and Syngelaki 2015) with lower event rates typical
of unselected populations. Study designs included cohort studies
(n=8), case-control studies (n=3), and nested case-control studies
(n=1). GDM was diagnosed using IADPSG or IADPSG/ADA
criteria (n=5), WHO criteria (n=2), Carpenter-Coustan criteria
(n=1), ADA criteria (n=1), ADIPS criteria (n=1), and other
national criteria (n=2). Biomarker collection timing ranged from
8 to 20 weeks of gestation, with most studies (n=9) collecting
samples in the first trimester (8-13 weeks).

Quality assessment

Risk of bias assessment using QUADAS-2 is presented in
Figure 2. Overall, the included studies demonstrated generally low
to moderate risk of bias. For patient selection, most studies (9/12,
75%) employed consecutive or random sampling and were judged
at low risk of bias. Three studies were rated as unclear risk due to
insufficient reporting of sampling methods. Regarding the index test
domain, all studies performed biomarker measurements using
validated assays with appropriate quality control, resulting in low
risk of bias. For the reference standard domain, all studies used
standard OGTT at 24-28 weeks as the reference standard, applied
consistently to all participants, yielding low risk of bias. In the flow
and timing domain, most studies (10/12, 83%) had complete
outcome data with appropriate intervals between index test and
reference standard, though two studies were rated as unclear due to
incomplete reporting of follow-up completion rates. Concerns
regarding applicability were low across all three domains, as
included studies enrolled relevant pregnant populations, used
clinically applicable biomarker assays, and employed standard
GDM diagnostic criteria.

Pregnancy-associated plasma protein-A

Five studies comprising 72, 771 participants reported first-
trimester PAPP-A levels in women who developed GDM versus
controls. Meta-analysis revealed a trend toward lower PAPP-A
levels in women who subsequently developed GDM (pooled
SMD -0.558, 95% CI: -1.155 to 0.040, p=0.067), though this did
not reach statistical significance (Figure 3). Substantial
heterogeneity was observed (I’=97.5%, 1°=0.2243, p<0.0001). The
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PRISMA flow diagram for study selection. The systematic search identified 3, 847 records from databases (PubMed January 1980-December 31,
2024; Web of Science January 1980-December 31, 2024; Embase January 1980-December 31, 2024; Cochrane Library 1996-December 31, 2024),
with 12 studies ultimately meeting inclusion criteria for the meta-analysis after screening and eligibility assessment.

I
k|
!

£
¢
i
4
i

o o o o o
©° ©° ° o o
o o o o o
(] (] o (] (]
L] L] o L] L]
o [ o (-] o
el ° o o o o
© ° ©° o o
o (] o ° °
o (] o (] (]
L] L] o L] L]
o o (] o o

FIGURE 2

.
i
i
.
i
i
.
£
H
P

>

Overall risk of bias

Other sources of bias

Selective outcome reporting

Allocation concealment

Random sequence generation

o

25 75

50
Percentage (%)

[ Low isk of bias [I] Unclear isk of s [l High rsk of bias

B

3
8

Risk of bias assessment summary and graph. (A) Individual study risk of bias across QUADAS-2 domains showing low risk (green +), unclear risk
(yellow)?, and high risk (red -) for patient selection, index test, reference standard, flow and timing, and applicability concerns. (B) Percentage
distribution of risk assessments across all included studies by domain showing overall low to moderate risk of bias.

Frontiers in Endocrinology

05

frontiersin.org


https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Li et al.

10.3389/fendo.2026.1749694

Experimental Control
Study N Mean SD N Mean SD
Beneventi 2011 228 0.70 0.3500 228 1.20 0.4000
Lovati 2013 307 0.90 0.6000 366 1.30 0.6000
Sweeting 2017 248 0.81 0.3100 732 1.00 0.3800
Savvidou 2012 779 0.94 0.3700 41007 1.00 0.3700
Syngelaki 2015 787 0.95 0.3500 30438 1.00 0.3500
Random effects model 2349 72771
Prediction interval
Heterogeneity: /% = 97.5%, 1° = 0.2243, p < 0.0001

FIGURE 3

Standardised Mean Difference SMD [95% CI] Weight

= -1.328 [-1.531;-1.125] 19.5%

= -0.666 [-0.822;-0.510] 19.9%

= -0.522 [-0.668;-0.376] 20.0%

: -0.162 [-0.233;-0.091] 20.3%

; -0.143 [-0.214;-0.072] 20.3%

——— -0.558 [-1.155; 0.040] 100.0%
#—[ [-2.001; 0.885]

2 -1 0 1 2

Standardised Mean Difference

Forest plot of first trimester PAPP-A levels comparing women who developed GDM versus controls. Standardized mean difference with 95% CI
showing a non-significant trend toward lower PAPP-A in GDM cases (pooled SMD -0.558, 95% Cl: -1.155 to 0.040, p=0.067). High heterogeneity

observed (12=97.5%).

largest study by Savvidou 2012 (n=41, 007 controls) showed a
modest effect (SMD -0.162), while the Beneventi 2011 study (n=228
per group) demonstrated the strongest association (SMD -1.328).
Sensitivity analysis excluding any single study did not substantially
change the overall estimate or reduce heterogeneity. The prediction
interval (-2.001 to 0.885) indicates considerable variability in true
effect sizes across different settings and populations.

Metabolomic markers

Three studies evaluated amino acids and acylcarnitines as
predictive biomarkers for GDM. Lopez-Hernandez et al. (2023)
investigated acylcarnitines C5 and C5:1 in a prospective cohort of
75 pregnant women and reported excellent diagnostic performance
with sensitivity 92.3% (95% CI: 64.0%-99.8%) and specificity 83.9%
(95% CI: 72.3%-92.0%), yielding AUROC 0.934 (95% CI: 0.873-
0.995). Nevalainen et al. (2016) examined a panel of 19 amino acids
and 17 acylcarnitines in 93 women, finding that several medium-
chain acylcarnitines including C5 were significantly elevated in
women who developed GDM. Their prediction model combining
multiple metabolites achieved AUROC 0.885. Roy et al. (2018)
analyzed plasma amino acid and acylcarnitine profiles in 315
women and identified branched-chain amino acids (leucine,
isoleucine, valine) and acylcarnitines C3, C5, and C5:1 as
significant predictors, with a combined model achieving AUROC
0.801. These findings collectively suggest that specific acylcarnitine
species, particularly C5 and C5:1, represent promising early
biomarkers for GDM, though validation in larger, independent
cohorts is needed.

Routine laboratory parameters and
machine learning models

Four studies evaluated machine learning prediction models
incorporating routine laboratory parameters available from first-
trimester screening. Liu et al. (2020) developed a machine learning
risk score in 829 Chinese women, combining clinical factors (age,
BMI, family history) with biochemical parameters (fasting glucose,
lipid profile). The model was developed using 70% of the dataset for
training and validated on a held-out 30% test set, achieving
sensitivity 60.1% (95% CI: 55.3%-64.7%), specificity 79.9% (95%
CI: 75.6%-83.7%), and AUROC 0.763 (95% CI: 0.731-0.795) on the
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validation set. Xiong et al. (2020) employed multiple machine
learning algorithms (logistic regression, random forest, support
vector machine) on data from 490 women, with random forest
performing best (sensitivity 88.4%, specificity 99.6%, AUROC
0.942). The model was internally validated using 10-fold cross-
validation. Gao et al. (2020) created an early pregnancy risk score in
2, 106 women using gradient boosting, achieving sensitivity 78.0%
(95% CI: 74.1%-81.6%), specificity 95.0% (95% CI: 93.8%-96.0%),
and AUROC 0.710 on internal validation. Tenenbaum-Gavish et al.
(2020) reported a combined clinical and biochemical model in 205
women with sensitivity 90.0% (95% CI: 68.3%-98.8%), specificity
90.3% (95% CI: 85.1%-94.1%), and AUROC 0.957 (95% CI: 0.923-
0.991). However, this study used the same dataset for model
development and testing without independent validation, which
may lead to optimistic performance estimates. Overall, while
machine learning approaches show promise, most studies lacked
external validation, and performance varied substantially
depending on the specific features and algorithms employed.

Inflammatory markers

Only one study(Tenenbaum-Gavish 2020) comprehensively
evaluated inflammatory markers including TNF-o0 and IL-6 in
early pregnancy. In a subset analysis of their larger cohort, the
authors developed a prediction model combining TNF-o with
clinical parameters (maternal age, BMI, family history of diabetes)
and routine biochemical markers (fasting glucose, triglycerides,
HDL-cholesterol). The model achieved AUROC 0.950 in a
validation cohort, demonstrating good discrimination. However,
as this represents findings from a single study, the generalizability of
these results requires confirmation in independent cohorts. Other
included studies either did not measure inflammatory markers or
reported them only in descriptive analyses without formal
diagnostic accuracy assessment.

Pooled diagnostic accuracy

Meta-analysis of five studies reporting complete diagnostic
accuracy data yielded pooled sensitivity of 81.6% (95% CI: 68.7%-
90.0%), pooled specificity of 93.4% (95% CI: 81.4%-97.9%), and pooled
diagnostic odds ratio of 73.84 (95% CI: 5.65-964.94) (Figures 4-6). The
summary AUROC was 0.881 (95% CI: 0.795-0.967), indicating good
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FIGURE 4

Forest plot of pooled sensitivity for early pregnancy biomarkers predicting GDM. Random effects model yielded pooled sensitivity of 81.6% (95% CI:

68.7%-90.0%) with substantial heterogeneity (1°=94.3%).

overall discriminative ability (Figures 7, 8). However, substantial
heterogeneity was present across all metrics (1°=94.3-97.2%, all
p<0.0001), reflecting variations in biomarker types, study
populations, GDM diagnostic criteria, and analytical approaches.
The prediction intervals for sensitivity (34.7%-97.4%) and specificity
(21.4%-99.9%) were wide, indicating considerable variability in
diagnostic performance across different settings and populations.

Publication bias and sensitivity analysis

Visual inspection of funnel plots for diagnostic odds ratio, PAPP-
A standardized mean difference, AUROC, and sensitivity showed
reasonable symmetry, suggesting minimal publication bias (Figure 9).
Egger’s regression test was not statistically significant for any outcome
(all p>0.10), providing no evidence of small-study effects. Sensitivity
analyses sequentially excluding individual studies did not substantially
alter pooled estimates or reduce heterogeneity, indicating that results
were not driven by any single influential study. The high heterogeneity
appears to reflect genuine differences in biomarker types,
measurement methods, and population characteristics rather than
publication bias or individual study outliers.

Discussion

This systematic review and meta-analysis evaluated the
diagnostic accuracy of early pregnancy biomarkers for GDM
prediction, synthesizing evidence from 12 studies encompassing

Study True Negative No Disease
Tenenbaum-Gavish 2020 167 185
Liu 2020 314 393
Gao 2020 1538 1619
Lépez-Hernandez 2023 52 62
Xiong 2020 274 275
Random effects model 2534

Prediction interval
Heterogeneity: 12 = 96.0%, t° = 1.6705, p < 0.0001

FIGURE 5

79, 233 participants. Our findings indicate that early pregnancy
biomarkers show moderate to high diagnostic accuracy, with pooled
sensitivity of 81.6%, specificity of 93.4%, diagnostic odds ratio of
73.84, and AUROC of 0.881. Metabolomic markers, particularly
acylcarnitines C5 and C5:1, and machine learning models
combining multiple clinical and biochemical parameters
demonstrated the best performance. However, it is crucial to
interpret these exceptional results with caution. Some high
AUROC values were derived from relatively small cohorts, which
carries a significant risk of model overfitting. Therefore, these
promising findings must be considered preliminary and require
rigorous validation in larger, independent populations.

The pathophysiological basis for early biomarker alterations in
women who subsequently develop GDM is increasingly well
understood. Acylcarnitines, intermediates in fatty acid oxidation,
are elevated early in pregnancy in women destined to develop
GDM,, reflecting mitochondrial dysfunction and altered substrate
metabolism that precede overt glucose intolerance (42, 43).
Similarly, inflammatory cytokines such as TNF-o and IL-6
disrupt insulin signaling pathways and contribute to pregnancy-
induced insulin resistance (44-46). PAPP-A, which regulates IGF
bioavailability and placental function, may reflect early placental
dysfunction associated with metabolic dysregulation. These
mechanistic insights support the biological plausibility of early
biomarker-based prediction and suggest potential therapeutic
targets for GDM prevention.

Our meta-analysis of PAPP-A levels revealed a non-significant
trend toward lower values in women who developed GDM

Specificity [95% CI]
0.903
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0.839
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[0.851; 0.941]
[0.756; 0.837]
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[0.980; 1.000]

- 0.934 [0.814; 0.979]

[0.214; 0.999]
1T 1

0.4 0.6 0.8
Specificity

Forest plot of pooled specificity for early pregnancy biomarkers predicting GDM. Random effects model yielded pooled specificity of 93.4% (95% ClI:

81.4%-97.9%) with substantial heterogeneity (1°=96.0%).

Frontiers in Endocrinology

07

frontiersin.org


https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Li et al. 10.3389/fendo.2026.1749694
Study logDOR SE(logDOR) DOR 95%-Cl Weight
Tenenbaum-Gavish 2020 44248 0.7856 4'~ 83.50 [17.91; 389.36] 19.6%
Liu 2020 1.7892 0.1594 5.98 [ 438, 8.18] 22.7%
Xiong 2020 7.6413 1.0242 i ——+— 2082.40 [279.77;15500.10] 17.8%
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FIGURE 6

Forest plot of diagnostic odds ratios for early pregnancy biomarkers. Pooled DOR of 73.84 (95% Cl: 5.65-964.94) indicates good discriminative
ability, though wide confidence interval reflects substantial heterogeneity (1°=97.2%).
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Study AUC SE(AUC)
Tenenbaum-Gavish 2020 (n=205) 2.9444  0.1987
Liu 2020 (n=829) 0.9946  0.1385
Xiong 2020 (n=490) 2.7876  0.1541
Gao 2020 (n=2106) 24423 0.1629
Nevalainen 2016 (n=93) 1.3863 0.1897
Roy 2018 (n=315) 0.6190  0.2007
Lépez-Hernandez 2023 (n=75)  2.6498  0.1862
Random effects model (HK)

Prediction interval

Heterogeneity: 12 = 96.6%, 1> = 0.8688, p < 0.0001
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Forest plot of AUROC values for early pregnancy biomarkers. Studies demonstrated AUROC values ranging from 0.619 to 2.944 (values >1 represent
transformed estimates), with pooled estimate of 1.975 (95% Cl: 1.097-2.853).
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Funnel plots assessing publication bias for (A) diagnostic odds ratio, (B) PAPP-A standardized mean difference, (C) AUROC values, and (D) sensitivity.
Reasonable symmetry across all plots suggests minimal publication bias. Egger’s test was not statistically significant (all p>0.10).

(SMD -0.558, p=0.067). While individual studies have reported
statistically significant associations (32, 33), the pooled estimate did
not reach significance, possibly reflecting the modest effect size and
substantial between-study heterogeneity. The clinical utility of
PAPP-A alone for GDM prediction appears limited, though it
may contribute to multivariate prediction models combining
multiple first-trimester markers.

The machine learning models evaluated in included studies
showed promising performance, with several achieving AUROC
values exceeding 0.90. However, important methodological
concerns limit confidence in these results. Most studies used
internal validation methods (split-sample or cross-validation)
rather than external validation in independent cohorts, which
typically yields overly optimistic performance estimates (47).
Furthermore, the specific features and algorithms varied
substantially across studies, making it difficult to identify optimal
model specifications. The integration of ensemble methods and
explainable AI techniques represents a promising direction for
improving prediction accuracy while maintaining clinical
interpretability (30-32). Future studies should prioritize external
validation in diverse populations and transparent reporting of
model development and validation procedures following
established guidelines such as TRIPOD (Transparent Reporting of
a multivariable prediction model for Individual Prognosis Or
Diagnosis) (48).

The single study evaluating inflammatory markers in a
comprehensive manner (Tenenbaum-Gavish 2020) reported

Frontiers in Endocrinology

excellent performance for a TNF-o-based prediction model,
aligning with biological understanding of inflammation’s role in
GDM pathogenesis. However, as this represents findings from only
one study, replication in independent cohorts is essential before
drawing firm conclusions about inflammatory markers’ clinical
utility. The paucity of studies examining inflammatory markers is
surprising given their well-established mechanistic links to insulin
resistance and GDM (44-46), highlighting a gap in the
current literature.

Metabolomic approaches identifying specific acylcarnitine
species appear particularly promising, with multiple studies
demonstrating strong associations and good discrimination (49-
51). The consistency of findings across different populations and the
clear biological rationale strengthen confidence in these biomarkers.
However, metabolomic assays require specialized equipment
and expertise, potentially limiting their widespread clinical
implementation. Cost-effectiveness analyses comparing
metabolomic screening strategies with current standard care are
needed to inform policy decisions (33-36).

The practical implementation of early biomarker screening
raises several considerations. The optimal screening strategy likely
involves a staged approach, beginning with readily available clinical
and biochemical information (maternal age, BMI, family history,
fasting glucose) to identify higher-risk women who would benefit
from more specialized biomarker testing. Economic evaluations
have suggested that such risk-stratified approaches may be more
cost-effective than universal specialized biomarker screening (35,
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36). Moreover, early identification of high-risk women must be
coupled with evidence-based interventions to prevent or delay
GDM onset. Lifestyle modification programs initiated in early
pregnancy have demonstrated modest benefits in reducing GDM
incidence (48, 52), though optimal intervention timing, intensity,
and components remain areas of active investigation.

Strengths of our meta-analysis include comprehensive search
strategy, rigorous quality assessment, appropriate statistical
methods accounting for diagnostic test accuracy characteristics,
and inclusion of diverse biomarker types. We provide detailed
sample size considerations specific to diagnostic meta-analyses,
report search dates and database coverage precisely, include
findings from ClinicalTrials.gov registry searches, and
acknowledge limitations regarding sparse data on integrated
multi-marker panels. However, several limitations warrant
consideration. The substantial heterogeneity across studies,
reflected in I” values exceeding 94% for most outcomes, limits the
precision and generalizability of pooled estimates. This
heterogeneity likely stems from differences in biomarker types,
assay methods, GDM diagnostic criteria, population
characteristics, and analytical approaches. We were unable to
comprehensively explore sources of heterogeneity through
subgroup analyses due to limited study numbers for most
biomarker categories. Publication bias, while not detected by
statistical tests, remains a possibility as studies with null findings
may be less likely to be published. Most included studies had
relatively small sample sizes and were conducted in single centers,
potentially limiting generalizability. The lack of standardized
reporting of machine learning model development and validation
procedures hampered our ability to fully evaluate these
approaches’ reliability.

Future research should prioritize several key areas. Large-scale,
prospective cohort studies with standardized biomarker
measurement protocols and GDM diagnostic criteria are needed
to reduce heterogeneity and provide more precise effect estimates.
External validation of promising biomarker panels and prediction
models in diverse populations is essential to assess generalizability
and inform clinical implementation. Economic analyses examining
cost-effectiveness of various screening strategies across different
healthcare systems and populations would help guide policy
decisions (35, 36). Integration of emerging artificial intelligence
and machine learning techniques with explainable AI frameworks
(30-32) may improve prediction accuracy while maintaining
clinical interpretability. Mechanistic studies investigating the
causal relationships between early biomarker alterations and
GDM development could identify novel therapeutic targets for
prevention. Finally, intervention trials testing whether early
identification and targeted prevention strategies can reduce GDM
incidence and improve maternal-fetal outcomes are needed to
establish clinical utility beyond prognostic value.

In conclusion, early pregnancy biomarkers demonstrate
moderate to high diagnostic accuracy for GDM prediction, with
metabolomic markers and integrated multi-parameter models
showing particular promise based on available data. However,
high heterogeneity across studies, methodological variations, and
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limited data on integrated approaches constrain immediate clinical
application. Standardization of measurement protocols, external
validation in diverse populations, and rigorous cost-effectiveness
analyses are necessary steps before widespread clinical
implementation. When these conditions are met, early
biomarker-based screening could enable risk stratification and
targeted interventions that improve outcomes for mothers and
infants affected by GDM.
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