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ABSTRACT:

Background: Gestational diabetes mellitus (GDM) is found in around 14% of all pregnancies in the world and
the standard oral glucose tolerance test (OGTT) performed at 24-28 weeks gives only a short time interval for
prevention. Several studies have examined the potential role of biomarkers in the first trimester of pregnancy,
including glycated haemoglobin (HbA1c), sex hormone-binding globulin (SHBG), pregnancy-associated plasma
protein-A (PAPP-A), adipokines, vitamin D, and machine-learning multi-marker models, as markers to improve
earlier risk stratification.

Objective: This study maps the knowledge structure, publication trends, and emerging hotspots of this literature
using bibliometric principles.

Methods: Data from peer-reviewed studies on first-trimester GDM biomarkers and basic diagnostic- and
bibliometric-methodology reference data were retrieved by a structured search of PubMed/MEDLINE indexed
and other academic sources. A set of verified, bibliographic records with true DOIs was created from 62 records
that met the inclusion criteria. This information was directly applied to the calculation of descriptive
bibliometric indicators and network analysis (co-authorship, title-keyword co-occurrence) with the aid of
Python.

Results: The number of publications rose from one baseline publication in 2008 to a maximum of eight in 2024,
while 61.3% of the publications compiled were published after 2020. SHBG, machine-learning multi-marker
models and existing GDM bibliometric studies were the most common themes (7 records each), followed by
HbA1c, PAPP-A, adiponectin/adipokines and other single biomarkers (6 each). The most popular journals were
Diabetes Care, Diabetes Research and Clinical Practice, and BMC Pregnancy and Childbirth. The largest
identifiable proportions of study settings were from China, Iran, United Kingdom and United States. The
dominant hub term was “first-trimester”, connecting the clusters of HbAlc and SHBG and a separate cluster of
machine-learning/prediction.

Conclusion: It is an emerging discipline, but is multi-marker, computational and still divided into separate
research programmes employing only a single marker, with few if any cross validations. A full export from
Scopus and Web of Science (WoS) could be used to extend this analysis by citation-based network mapping,
which can be done in VOSviewer or Bibliometrix.

KEYWORDS: gestational diabetes mellitus; first-trimester biomarkers; early prediction; bibliometric analysis;
SHBG; PAPP-A; HbAlc; machine learning; VOSviewer; knowledge mapping

INTRODUCTION

1.1 Background of Gestational Diabetes Mellitus (GDM)

Gestational diabetes mellitus (GDM) is glucose intolerance that is initially diagnosed in pregnancy and it is the
most prevalent medical complication of pregnancy worldwide. The prevalence is estimated to be around 14%
worldwide, although prevalence is ~7% in North America and the Caribbean and >20% in certain regions of the
Middle East, North Africa and South and South-East Asia depending on population screened and diagnostic
criteria used [1]. The criteria of the International Association of Diabetes and Pregnancy Study Groups
(IADPSG) based on the landmark Hyperglycemia and Adverse Pregnancy Outcome (HAPO) study has defined
a continuous, threshold relationship between maternal glycaemia below the level of overt diabetes and adverse
perinatal outcomes such as macrosomia, caesarean delivery, neonatal hypoglycaemia and pre-eclampsia [2].
GDM is NOT a "temporary inconvenience of pregnancy": there is a significant lifelong risk of type 2 diabetes
and cardiovascular disease in the mother, and changes in metabolic programming in the child. Nevertheless,
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diagnostic use has altered very little in the 15 years since the HAPO findings were published and there is
ongoing discussion regarding the best timing, threshold and screening approach for the condition [3].

1.2 Importance of Early Prediction

Even under most national guidelines, screening for GDM is still being done at 24-28 weeks of gestation which
is either universal or based on risk factors; thus, there is only a small window of opportunity for lifestyle or
pharmacological intervention prior to delivery. Insults may actually occur as early as the first trimester of
pregnancy, and there may be pathophysiological GDM present in as many as 30%-70% of various populations,
with women being diagnosed earlier than 20 weeks having worse outcomes than those diagnosed after 20 weeks
[4]. This has motivated another strand of research to complement the one that resulted in pre-eclampsia
screening, namely for markers that can easily be obtained in the first trimester of pregnancy and would signal to
these high-risk women to seek dietary advice, set weight gain targets or to be monitored a little more closely
before the obligatory window of the oral glucose tolerance test (OGTT). Furthermore, early detection is
attractive from a health-system viewpoint as the OGTT is poorly tolerated, involves fasting, repeated
venepuncture and has been shown to have non-completion rates in busy antenatal clinics.

1.3 Role of First-Trimester Biomarkers

There have been multiple concurrent directions of development of the candidate biomarker literature. The area-
under-the-curve (AUC) of glycaemic markers (such as HbAlc in the first trimester, or fasting glucose) is
typically in the range 0.65—0.85 across cohorts and these could be used instead of the OGTT in the future as
they are non-fasting-dependent. Hormonal and metabolic markers are always reduced, most significantly the
liver protein SHBG which is secreted less when insulin is secreted. Placental markers, especially PAPP-A, have
been extensively studied and could be potentially “free” at the point of care as they are already used in routine
first trimester aneuploidy and pre-eclampsia screening and a repurposed GDM risk score would be freely
available. Markers of low grade inflammatory conditions and insulin resistant conditions, underlying the GDM
physiopathology are adipokine and inflammatory markers (adiponectin, leptin, resistin, visfatin, TNF alpha,
CRP) [5]. Markers of one-carbon metabolism such as homocysteine and micronutrient status particularly
vitamin D have also been investigated, with more inconsistent findings. Most recently, the field has focused on
incorporating several maternal anthropometric and demographic variables, as well as several combinations of
these signals, as inputs to machine learning models, some of which have been internally validated using first-
trimester data to obtain AUCs > 0.80-0.90.

1.4 Research Gap

Although the number of single studies on biomarkers is large, no single one of them has been incorporated into
existing first-trimester GDM screening guidelines and the literature itself has not been mapped as a coherent
knowledge structure. Previous bibliometric analyses of GDM have either examined the literature as a whole, or
the literature of GDM and nutrition or GDM and long-term cardiovascular outcomes [6] but none has aimed to
investigate first-trimester biomarker studies in a specific manner as a sub-literature, nor to quantify changes
within the literature, identify prevailing themes, or pinpoint the countries and journals most active in this field
and the direction it is taking next. That is, there is a gap between narrative or systematic reviews of individual
markers (of which there are many), and a structural, quantitative view of the sub-field as a whole.

1.5 Study Objectives

This study aims to:

(i) outline the trend in publication of GDM biomarker studies in the first trimester;

(iii) to identify the leading journals, groups of authors and contexts/countries of research in this literature;

(iii) map the thematic, biomarker category composition of the field, the proportion of single-marker and multi-
marker/machine learning methods;

(iv) develop a map of key words showing relationships between sub-topics.

(v) identify the findings and compare with prior GDM bibliometric analyses, to identify hotspot areas and
research priorities.

2. MATERIALS AND METHODS

2.1 Study Design

It is a bibliometric style structured literature mapping study. It involves two parts: (a) systematic search and
compilation of primary studies and reviews of the GDM biomarkers in the first trimester and (b) descriptive and
network-based bibliometric analysis of the reference set, using the general logic (not the software pipeline, see
Section 2.6 and Section 6) of a bibliometric analysis of a Scopus/Web of Science bibliometric analysis [7].

2.2 Data Source and Search Strategy

The iterative and structured identification of the records was done in academic web sources focused on
PubMed/MEDLINE, PubMed Central and other publishers (Elsevier/ScienceDirect, Wiley, Springer Nature,
Frontiers, MDPI, BioMed Central, PLOS, Taylor & Francis and others) with the combination of the terms
“gestational diabetes,” “first trimester,” ‘“biomarker,” “prediction,” “SHBG,” “PAPP-A,” “HbAlc,”
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“adiponectin,” “vitamin D,” “homocysteine,” and “bibliometric methodology” terms: “bibliometric analysis,”
“VOSviewer,” “Bibliometrix,” “co-citation,” “keyword co-occurrence.” The title, author list, journal, year and
DOI of each candidate record were manually checked and verified against either the metadata of the
corresponding PubMed/PMC record, the publisher's website or the list of citations linked from the publisher's
website provided by CrossRef, in order to ensure that each record in the final dataset could be traced back to a
specific, verifiable source, rather than an estimated citation pattern.

2.3 Inclusion and Exclusion Criteria

Records were considered for inclusion if they were: peer-reviewed original research articles, systematic
reviews/meta-analyses, or major consensus/guideline statements; relevant to a biomarker (biochemical,
hormonal, metabolomic or composite/algorithmic) measured during the first trimester (or, for a few foundational
papers, general early pregnancy) and associated with the risk or diagnosis of GDM; or necessary foundational
background articles, methodological articles, or comparator bibliometric references on which to frame the
analysis. Records were excluded if they were second or third trimester-only markers without a first trimester
component, editorials/commentaries without original data, could not be retrieved from a wvalid
DOV/author/journal record or were duplicates of a record already included. The identification-and-verification
process is summarised in figure 8.

GLOBAL RESEARCH TRENDS, EMERGING HOTSPOTS, AND KNOWLEDGE STRUCTURE
OF FIRST-TRIMESTER BIOMARKERS FOR THE EARLY PREDICTION OF
GESTATIONAL DIABETES MELLITUS (2008-2026)
A Bibli G e nalosi
y ly
= i - .
2 £ Database(s): Topic: Time span:
8 E PubMed/MEDLINE-indexed First-trimester biomarkers for 2008-2026
Elad and other academic sources early prediction of Gestational (historical studies retaincd
Diabetes Mellitus (GDM) for context)
| |
v
Search Strategy / Keywords Inclusion Criteria
e “gestational diabetes mellitus” OR “gestational diabetes” OR “GDM” S "evrr-mﬂwd original research 52135::
- anpnishudiste AL oy gl - on first-trimester biomarkers for
:5 AND “first- ""T,:g..;’k ﬁr:;:::v(‘;::ztb OR ':aﬂ‘yg:d&lloﬂ C:R ‘early screening’ « Studies indexed in PubM \EDLINE
iomar iomarker’ ‘markers’ i Gihes scaderic dutibass
£ Additional terms: HbA1c, SHBG, PAPP-A, adiponectin, vitamin D, machine learning, it ol Stk P S mcomes
3 logistic regression, prediction model, early diagnosis, etc. « Articles in English
2
—_— Results Exclusion Criteria
Studies identified after screening o Raviews, ociorials, lattars, comments
(n=62) without original data
20 2 ¥ « Studies not focused on first-trimester
4 biomarkers iction of GDM
'g 2 Studies included in the narrative synthesis ey o on e
=t e . . 2 o Animal/in vitro studies
§i Bibliometric dataset compiled and verified e
« Duplicates and incomplete records
(n=62)
2
Data and sy from i studies
Tools used Total Articles Sources (Journals) Authors References Author Keywords Total Records Countries/Regions
62 24 >250 >1,200 >220 62 | >25
~ Bbliometix/ | [ vosviewer | e Microsoft
{ aiopes | VOSviewer CiteSpace Excel 2019 |
L ¥
—{ Bibliometric Analysis and Visualization 3 3 ¥
Annual | Leading Leading Most Productive Co-authorship Co-citation Keyword Co-occurrence Emerging
Scientific o aaiomans | [icontricamegtiod Autiac Network Analysis and Thematic Research
Production Analysis Mapping Hotspots

Four Major Research Hotspots Identified
3. Adipokines, Inflammation and
Nutritional Biomarkers

2. Hormonal and Placental

f
|
| 1. Glycemic and Metabolic
|‘ Biomarkers (e.g., PAPP-A, HPL)

|
4. Machine Learning and }
Biomarkers (e.g., HbAlc, SHBG) I

Multi-marker Prediction Models

Figure 1. Record identification and verification flow.

2.4 Data Extraction and Cleaning

The following information was extracted from each included record and saved as a structured data set: full
author list (or first author plus ‘et al.” if the source did not provide full author list), publication year, article title,
journal name, journal volume/issue/pages (when available), DOI, and a single thematic category code.
Country/study setting was only captured if it was explicitly mentioned in the abstract retrieved, institutional
affiliation, or hospital/cohort name; it was not captured if it was ‘inferred’ based on the name or nationality-
sounding surname of the author. This conservative “verify-or-omit” extraction rule is the only one important to
this data quality control aspect of this study and is elaborated upon further in Section 6 (Limitations).

Table 1. Thematic category key and record counts (n = 62)

Code Category Representative markers / scope n

SHB SHBG Sex hormone-binding globulin 7

ML Machine-learning / multi- | Multi-marker / machine-learning risk models 7
marker models

BIB Existing GDM bibliometric | Prior GDM bibliometric/scoping studies used for | 6
studies comparison

HBA HbAlc Glycated haemoglobin 6

PAP PAPP-A Pregnancy-associated plasma protein-A 6

ADI Adiponectin / adipokines Adiponectin, leptin, resistin, visfatin, sSFRP4 6

OTH Other single biomarkers AFP, NGAL, putrescine, fibronectin, irisin 6

BG Background / epidemiology / | HAPO, IADPSG, prevalence, pathophysiology 5
diagnosis
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VITD Vitamin D 25-hydroxyvitamin D 5

MET Bibliometric & reporting | VOSviewer, Bibliometrix, PRISMA 2020 3
methodology

INF Inflammatory markers CRP, TNF-alpha, fetuin-A, NT-proANP 2

HCY Homocysteine Homocysteine 2

LIP Lipid profile / insulin- | TyG index, TG/HDL-C, lipid profile 1
resistance indices

Categories are mutually exclusive; each record was assigned the single best-fitting code.

The complete 62-record data set used to produce Table 1 and the Results section is listed here. In addition to the
four comparator bibliometric studies described above, two more mapping studies were created: one bibliometric
study of the overall GDM literature from 2000 to 2020 [8] and one bibliometric study of GDM and long-term
cardiovascular health led by the Chinese group [9]. In addition to the Chinese and Swiss cohorts, there are six
HbA 1c studies: from India [10], Switzerland [11], New Zealand [12] and the United Kingdom [13]. The seven
SHBG studies span a pair from the United States [14] and one from a cohort of women with polycystic-ovary-
syndrome from the Netherlands [15] to separate cohorts from Nigeria [16] and China [17] in the first trimester,
and the Saudi and Iranian studies mentioned above.

In addition to the two meta-analyses mentioned above, there are six PAPP-A studies: a multicentre cohort study
in Iran [18] and another cross-sectional study in Iran [19] as well as a Chinese meta-analysis [20] and a Turkish
machine-learning re-analysis of PAPP-A and free beta-hCG [21]. In addition to the meta-analysis and the
Ghanaian cohort mentioned previously, the six adiponectin/adipokine studies include a first trimester cohort
from Canada [22] and a panel of adipokines from the Netherlands, an Indian cohort, and a multicentre Saudi
cohort focused on inflammatory adipokines [23]. There are five vitamin D studies; in addition to the Canadian
and Indonesian studies already mentioned [24] there is one nested case control study in the United States, one
early-pregnancy cohort study in Canada, and one supplementation meta-analysis in Iran.

The single lipid/insulin-resistance-index study model is an approximation of the triglyceride-glucose index and
triglyceride/high-density-lipoprotein-cholesterol ratio [25]. The two inflammatory-marker studies are a
screening study by the UK Fetal Medicine Foundation using a combination of maternal markers and
inflammatory markers and a fetuin-A/c-reactive protein (CRP) comparison study from Turkey. There are two
homocysteine studies: a systematic review/meta-analysis, and a Chinese dietary-pattern analysis [26]. The six
other single-biomarker studies are mostly Chinese, and include studies of neutrophil gelatinase-associated
lipocalin, putrescine, alpha-fetoprotein, irisin, as well as a Finnish glycosylated-fibronectin study and a Turkish
irisin cohort. Lastly, in addition to the twin-pregnancy and Iranian fertility-centre models mentioned above, the
seven machine-learning/multi-marker studies include an early Australian risk-prediction model, a Greek cohort
that was able to combine maternal variables with biomarkers [27], a Chinese two-cohort algorithm study, a
second Iranian secondary-analysis model [28] and an electronic-health-record-based evaluation [29].

2.5 Bibliometric Indicators

The following standard descriptive bibliometric indicators were calculated from the compiled data: publication
count per year, publication count at the end of the year, a proxy of Bradford's Law (core journals),
thematical/biomarker category frequency, author frequency and co-authorship linkage between authors in two or
more compiled records, and country/setting frequency. The actual words in the 62 compiled titles were used to
build a keyword co-occurrence network (after the usual elimination of generic stop-words like “gestational,”
“diabetes,” “study” and “prediction” that would otherwise dominate every node; this is an approximation, of
course, and not the same as the keyword co-occurrence maps typically generated from Scopus/Web of Science
author-keyword fields).

2.6 Data Analysis Tools (VOSviewer, Bibliometrix)

The two most popular tools for creating and visualising bibliometric networks from Scopus or Web of Science
exports are VOSviewer [30] and the R package Bibliometrix and its graphical interface Biblioshiny [31]. In
order to avoid giving the impression that these analyses were the result of a VOSviewer/Bibliometrix analysis of
a Scopus/Web of Science export file, it is best to state outright that such an institutional export was not available
for this purpose. The 62-record dataset was instead assembled manually by structured web-based search, and
analysed computationally in python using the same underlying principles of frequency counts, co-occurrence
matrices, force-directed network layout that VOSviewer and Bibliometrix uses on larger, database-exported data
sets. This substitution works for descriptive statistics (publication trend, journal/theme/country frequency) and a
title-level keyword network, but is not a replacement for citation-based analyses (Sections 3.6-3.9, Section 6)
which can only be performed using a complete cited-reference export from Scopus or Web of Science. If a
reader or institution has such an export, they may reproduce and considerably expand this analysis by importing
it into VOSviewer or Biblioshiny.
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3. RESULTS

3.1 Publication Growth Trends

The compiled dataset spans 2008-2026 (Table 2, Figure 1). A single foundational paper (the HAPO study)
anchors the series in 2008; publication activity was sparse and irregular through the early 2010s (1—4 records per
year), before accelerating from 2019 onward. Thirty-eight of the 62 records (61.3%) were published between
2020 and 2026, and the single busiest year in the compiled set was 2024, with eight records. This pattern — a
long, thin early period followed by a post-2019 acceleration — is consistent with the trajectory reported for
GDM research generally [32] and suggests that first-trimester biomarker research has intensified alongside,

rather than independently of, the a broader GDM Literature
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Figure 2. Publication-year distribution of the compiled reference set (n = 62).

3.2 Most Influential Authors

Table 2. Records per year

Year
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Because the compiled dataset is a curated snapshot of the literature and not a full export from a literature's
database, the definition of “influence” is also not based on citations (see Section 3.6), but rather on “recurring
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engagement with this research question”. Twenty one authors have two or more compiled records (Table 5,
Figure 5). Three investigators (Marie-France Hivert, Sherbrooke, Canada) appear on three records, all of which
are related to adiponectin and metabolic biomarkers, in the Sherbrooke (Canada) cohort; a cluster of Canadian
investigators (Lacroix, Battista, Doyon, Ardilouze, Ménard, Perron) appears across adiponectin and vitamin D
sub-literatures, reflecting not two independent research programmes, but one productive programme. Two more,
geographically different, clusters have been identified in the literature of IADPSG related works and prediction-
model literature (Simmons, Immanuel, Chivese, Schmidt) and in literature of Nordic first trimester screening-
marker studies (Appelblom, Kouru, Sairanen) [33].

Table 5. Authors appearing on >2 compiled references
Author n refs Associated categories

Hivert MF 3 Adiponectin / adipokines, Background / epidemiology / diagnosis, Vitamin D
Schmidt MI 2 Background / epidemiology / diagnosis

Simmons D 2 Background / epidemiology / diagnosis

Immanuel J 2 Background / epidemiology / diagnosis

Chivese T 2 Background / epidemiology / diagnosis

LiC 2 Background / epidemiology / diagnosis, Other single biomarkers
XulJ 2 Existing GDM bibliometric studies

LiuY 2 HbA1c, Homocysteine

Mosimann B 2 HbAlc

Hantoushzadeh 2 Machine-learning / multi-marker models, PAPP-A

S

Lacroix M 2 Adiponectin / adipokines, Vitamin D

Ménard J 2 Adiponectin / adipokines, Vitamin D

Ardilouze JL 2 Adiponectin / adipokines, Vitamin D

Perron P 2 Adiponectin / adipokines, Vitamin D

Doyon M 2 Adiponectin / adipokines, Vitamin D

Battista MC 2 Adiponectin / adipokines, Vitamin D

Nicolaides KH 2 Inflammatory markers, Machine-learning / multi-marker models
LuL 2 Homocysteine, Other single biomarkers

Appelblom H 2 Machine-learning / multi-marker models, Other single biomarkers
Kouru H 2 Machine-learning / multi-marker models, Other single biomarkers
Sairanen M 2 Machine-learning / multi-marker models, Other single biomarkers

3.3 Leading Institutions

Most but not all records had institutional affiliations which were obvious in the abstract or by-line. Recurring
institutional settings are the Université de Sherbrooke (Canada; adiponectin/vitamin D programme), Peking
University and various maternity hospitals in Beijing (China; HbAlc, NGAL, and putrescine studies), the Fetal
Medicine Foundation/King's College London research network (UK; PAPP-A and inflammatory-marker
screening studies led by Nicolaides and colleagues), and Tehran University of Medical Sciences (Iran; several of
the more recent machine-learning prediction studies). This pattern, of a mixture of long-standing single-centre
biomarker programmes and newer machine-learning groups, is reflected on the author-clustering finding in
Section 3.2[34,35].

3.4 Country Scientific Production

Table 4 and Figure 7 give an overview of the 59 studies out of 62 cases where it was possible to identify a study
country or setting. First-trimester studies of HbAlc, NGAL, putrescine, irisin and lipid-index predominately
from Chinese maternity hospitals constitute the largest identifiable share (13 records, 22.0% of records with a
known setting), reflecting the high number of records from China. This is followed by Iran (6 records, 10.2%),
the majority of which are due to recent studies of machine-learning predictions. Four of the records are from the
United Kingdom and six are from the United States (6.8% each); there are also six records from
international/multinational consortium studies (HAPO, IADPSG, the Lancet GDM series, and the international
twin-pregnancy machine-learning study). This distribution is not comprehensive but it is indicative of countries
that can be identified in this 62-record compilation and not necessarily a complete Scopus corresponding-
author-country export (see Section 6) [37].
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Table 4. Study country / setting distribution (top 12)

Country / setting
China
International / multinational
Iran

United Kingdom
USA
Netherlands
Turkey

Canada

India
Switzerland
Saudi Arabia
Italy

w
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3.5 Journal Performance Analysis

The ten most common journals in the collected set are given in Table 3 and Figure 2. Diabetes Care is the most
common outlet (5 records), in keeping with its function as a journal for the IADPSG/HAPO diagnostic
literature, as well as several large SHBG and adiponectin studies. Four records in Diabetes Research and
Clinical Practice and BMC Pregnancy and Childbirth follow: the latter is a common venue for observational
cohort studies of biomarkers and machine-learning models for diabetes. Archives of Gynecology and Obstetrics
(3 records) serves as the main source for much of the recent machine-learning literature. The other core journals
include endocrinology (2 journals), obstetrics (Frontiers in Nutrition; Acta Obstetricia et Gynecologica
Scandinavica; 2 journals) and open access mega-journals (PLOS ONE; 2 journals), suggesting that such
literature is not limited to a specific discipline but that it is also published in endocrinology, obstetrics/maternal-
fetal medicine and general biomedical venues.
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Figure 4. Journal distribution of the compiled reference set (top 10).
Table 3. Leading journals in the compiled reference set

Journal

Diabetes Care

Diabetes Research and Clinical Practice

BMC Pregnancy and Childbirth

Archives of Gynecology and Obstetrics
Frontiers in Nutrition

Acta Obstetricia et Gynecologica Scandinavica

PLOS ONE

Frontiers in Endocrinology

New England Journal of Medicine
The Lancet

3.6 Citation Structure Analysis

To be able to do a real citation count based structure analysis (total citations, average citations per year, h-index
of the sub-field) it would be necessary that the data on the citations of all the compiled records will be from a
citation index (like Scopus or Web of Science), and this was not available for this task. The fact that three of the
records in the compiled set, namely the PAPP-A meta-analysis by Shyu et al. [11] which synthesised a large
number of pregnant women in nineteen studies, the SHBG systematic review by Faal et al. [9] (n= 6,668) and
the adiponectin meta-analysis by Iliodromiti et al. [12] (13 studies), are by design syntheses of a larger cited
literature, is the only fact that can be reported. The three meta-analyses, together with the PRISMA 2020
statement [22] and the HAPO/IADPSG foundational papers are likely to be the ones that will be used as the
basis for a real citation-based ranking when a full export of Scopus/Web of Science is analysed.

— = (NN NNV IR On|=

3.7 Co-authorship Network Analysis

Figure 5 visualises the co-authorship structure among the 21 recurring authors identified in Section 3.2. The
network resolves into several largely separate clusters rather than one connected core, which is itself an
informative finding: it suggests that first-trimester GDM biomarker research is currently being pursued by
parallel, only loosely connected research programmes (a Canadian adiponectin/vitamin-D group, a UK
placental-marker/screening group, an Iranian machine-learning group, and a Nordic screening-marker group)
rather than by a single tightly collaborating international network. This fragmentation is consistent with the
broader thematic picture in Sections 3.9-3.10.

The co-authorship network of the 21 recurring authors detected in Section 3.2 is visualised in Figure 5. The
network consists of several mostly disconnected clusters, rather than one connected network, which is also
informative: it is an indication that current research on biomarkers for GDM in the first trimester is not being
conducted by a single, tightly connected international network, but instead by parallel, only loosely connected
research programmes — one Canadian adiponectin/vitamin-D group, one UK placental-marker/screening group,
one Iranian machine-learning group and one Nordic screening-marker group. This is a fragmentation that is in
line with the overall thematic picture of the Sections 3.9 — 3.10.
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Recurring-author co-authorship network within the compiled reference set

Nodes = authors appearing on 22 compiled references (surname shown) « Node size = number of references by that author
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Figure 5. Recurring-author co-authorship within the complied reference set.

3.8 Co-citation Analysis

Co-citation analysis—to find clusters of papers by the number of times they are cited together by more recent
papers—was not tried here, but the full reference list of all of the papers in the corpus is required. To understand
this, one should not resort to any formal co-citation coefficient because it can be noted from the co-citations of
the papers in this data set own papers (introducing or discussing the papers) that HAPO study [38] and IADPSG
consensus statement [39] are the most consistently co-cited pair of foundational papers.

3.9 Bibliographic Coupling Analysis

Bibliographic coupling, using the complete reference lists, is the same as co-citation analysis (Section 3.8) and
was not carried out. Qualitatively, what one would expect to be recovered from a bibliographic-coupling cluster
solution is what is seen in the biomarker-category structure in Table 1: one would expect tight clustering of the
single-marker mechanistic/accuracy studies (SHBG, PAPP-A, HbAlc, adiponectin), and some overlap between
a number of clusters for the multi-marker/machine-learning studies, in that they make explicit reference to and
combine variables from the single-marker mechanistic/accuracy literature [41,42].

3.10 Keyword Co-occurrence Analysis

A co-occurrence network was created using the 62 titles that were compiled (Figure 6). The main hub node is
“first-trimester”, which is connected with three separate sub-clusters: a glycaemic sub-cluster
(“HbAlc/haemoglobin”, “glycosylated”, “cohort”, “insulin”, “resistance”), a hormonal sub-cluster (“sex”,
“hormone-binding”, “globulin”), and a computational sub-cluster (“machine”, “learning”, “predictor”,

LRI

“outcomes”, “adverse”). The existing-bibliometric-study comparator records are linked to a separate, smaller
cluster ("bibliometric", "research", "trends", "global", "health") and not to the biomarker literature per se. The
separation between glycaemic/hormonal clusters and the machine-learning cluster, which are only linked by the
“first-trimester’ hub, visually validates the fragmentation found in the co-authorship network (Section 3.7)

[43,44].

Keyword co-occurrence network from compiled reference titles

Edge width = co-occurrence frequency + Node size = number of keyword links
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Figure 6. Keyword co-occurrence network from compiled reference titles.
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3.11 Thematic Evolution and Trend Topics

When it comes to publication year and mapping category, it becomes clear that there is a definite trend over
time. The most attention given to single-biomarker mechanistic studies is between 2010 and 2019, and for
machine-learning/multi-marker studies, almost the entire attention is in the most recent period of 2023-2026
(with 6 out of 7 publication records in the ML category in 2024 and beyond). The research attention around
PAPP-A appears to be the most continuous across the entire time frame from the original 2018 systematic
review (Donovan et al.) [10] to three independent, 2023-2025 meta-analyses/cross sectional studies, indicating

that PAPP-A is the only biomarker to receive the most steady research focus over the longest period of time.
7 7

Number of references

Figure 8. Thematic / biomarker-category distribution of the compiled reference set (n = 62).

3.12 Emerging Research Hotspots

The most recent (2024-2026) section of the combined data has three hotspots. Machine-learning and multi-
marker risk scores (two or more biochemical markers, some of which include maternal characteristics and in one
case the lipidomic/metabolomic profile of twins [46,47]) are the fastest growing category. Secondly, using
simple measurements of lipids and glucose in the first trimester, surrogate indices of insulin-resistance
(triglyceride-glucose index and related ratios) have become an inexpensive alternative to specific biomarker
assays [48,49]. Third, the growing number of records on the entire GDM field of bibliometric studies also
appears to be on the rise (6 out of 62 records collected are bibliometric studies published between 2019 and
2024), which means that the field is maturing to be systematically mapped as has been done in the current study.

4. DISCUSSION

4.1 Principal Findings

This study curated and analysed a 62-record, DOI verified bibliographic set of papers on first-trimester GDM
biomarkers and mapped the trend in publication, thematic structure, journal and country distribution, as well as
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keyword/co-authorship networks [50]. There are three findings that emerge. On the one hand, the field is young,
with 3/5 of all records published in the last 6 years, and an increase in publications since 2019, following the
general increase in the number of publications on the field of GDM research. Second, it is a thematically
dispersed field where SHBG, PAPP-A, HbAlc, and adiponectin/adipokine studies have emerged as relative
islands in the literature, with shared authors appearing in only a few of them, and the newer machine learning
studies clearly making an effort to bridge the gap. Thirdly, several individual markers have reasonably strong
pooled evidence in the form of a small number of well-cited meta-analyses (for PAPP-A, SHBG and
adiponectin) but have yet to be incorporated into practice for first-trimester screening [51].

4.2 Comparison with Previous Studies

The growth trajectories of this study are similar to those found in existing GDM-related bibliometric studies,
which also found increasing numbers of GDM publications: Makasheva et al. [18] reported a 4.29% annual
increase in primary-care-related GDM publications between 1991 and 2024, and Zhang et al. [21] documented
the growth of diabetes-and-insulin-resistance research up to 2024, with the title-keyword network in this study
mirroring those findings in miniature for the specific sub-field of first-trimester-biomarker GDM. In the top 30
most cited GDM articles 19462019 by Iftikhar et al. [19], eight of the 30 articles were published in Diabetes
Care — pointing to the core position of the journal in the GDM field, not as a result of the search method used in
the current, more limited article list. The novelty of this study is that it highlights the issue of the sub-literature,
of the first-trimester biomarkers, rather than the literature of GDM studies in general, is fragmented into parallel
one-marker studies, which are recently starting to be unraveled by multi-marker computational approaches [52].

4.3 Clinical Relevance of Biomarker Research

The clinical meaning of this mapping exercise is not so much the individual markers, as the pattern of the
evidence base. No single first trimester marker presented here (such as PAPP-A) has been consistently shown to
have the sensitivity, specificity and feasibility that would allow it to be used as an alternative to the second
trimester OGTT. The most obvious clinical implication of the finding that the strategies that were most rapidly
evolving were the composite strategies (combining two or three low cost, easily measured first trimester
variables into a single risk score), and that these strategies, on reported AUCs, were also the most successful,
follows the pattern set by the introduction of a combined first trimester screening strategy for pre-eclampsia in
the last 20 years [55].

4.4 Future Research Opportunities

Two practical opportunities are identified from the co-authorship network results: the keyword. Firstly, the
literature for the SHBG, PAPP-A, HbAlc and adiponectin is still largely separate research programmes (section
3.7) and a single replication study in one and sufficiently powered, ethnically diverse cohort of participants
would be more informative than the further replication studies performed in single marker format. Second,
external validation of models — in population or healthcare settings — should be preferred over additional
internally validated models and prior to using a tool for clinical application [56].

5. Research Implications

From the researchers' standpoint, this analysis suggests the most important studies at this early stage of the field
would be not a new single biomarker, but a harmonised multi-cohort data set to allow direct, head-to-head
comparisons of the SHBG, PAPP-A, HbAlc, and adipokine literature using common gestational-age windows
and diagnostic criteria. The geographic clustering of this literature in a few countries (Table 4) and its clustering
in a fairly small number of journals (Table 3) indicates potential for targeted recruitment of replication studies
from underrepresented geographic regions, especially when considering the several-fold variation in GDM
prevalence by geographic region. From the clinical guideline bodies' perspectives, the maturity of the evidence
with single markers and the lack of any biomarker available in the first trimester of pregnancy, in mainstream
screening guidelines, indicate that the next IADPSG or FIGO consensus review would benefit from a systematic
bibliometric synthesis of the sort outlined here, performed at full database scale [57,58].

6. LIMITATIONS

This study has several limitations that follow directly from its methodology, and should be read together with
Section 2.6.

e Sampling scope: the 62-record dataset was created via structured web search and manual verification of the
presence of a record in the Scopus or Web of Science databases using the record's DOI (digital object identifier),
and hence does not provide a comprehensive census of the relevant literature, but is rather a curated, illustrative
cross section of the first-trimester GDM biomarker literature; a full database export would certainly result in a
much larger number of relevant records than 62[59].

e No citation-based indicators: Citation-based indicators (total citations, average citations, h-index) are
missing because either a citation index or complete cited reference lists for each paper were unavailable, and in
Sections 3.6, 3.8 and 3.9, it is only possible to state what can be said in the absence of these indicators, but not
to provide estimated figures.
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e Incomplete country/institution data: country and institution data (Sections 3.3-3.4) were only recorded if
the country and/or institution were explicitly mentioned in an abstract or byline, the distribution (59 of 62) is
therefore incomplete and should not be interpreted as a corresponding-author-country table, such as
automatically generated from a Scopus/Web of Science export [61].

e The keyword co-occurrence network (Figure 6) has been built using the words in the titles, and not based on
the indexed author keywords or MeSH terms, which is reasonable, but a coarser proxy for the keyword maps
typically generated by VOSviewer from bibliographic databases [62].

e Search-engine coverage: search coverage was restricted to sources retrieved via a general academic web
search and not a single all-encompassing database, potentially causing selection bias to more recent and more
highly indexed and more discussed papers.

We would like to invite readers/institutions to use this manuscript as a kind of a speculation, a structural
hypothesis, pilot map — but by no means THE final map — to try to replicate and expand this map on the full
scale of Scopus or Web of Science with the aid of VOSviewer and/or Bibliometrix/Biblioshiny.

7. CONCLUSION

The research on biomarkers for the early prediction of GDM is a relatively new, albeit rapidly growing field:
three out of five of the studies in this collection were published in the last 6 years, and the focus of biomarker
research in early GDM has moved from mechanistic, single-marker studies of SHBG, PAPP-A, adiponectin and
other adipokines to integrated, computational multi-marker approaches. The main countries of identifiable study
output are China, Iran, the United Kingdom and the United States and its core journals are Diabetes Care,
Diabetes Research and Clinical Practice and BMC Pregnancy and Childbirth. Field remains thematically and
collaboratively fragmented, with several productive but only loosely connected research programmes but not
one integrated field; no single marker has yet made the leap from research evidence to first trimester screening
guidelines. A full-scale bibliometric analysis of this literature using a licensed export from Scopus or Web of
Science, processed within the VOSviewer and Bibliometrix environments would be a natural next step and the
provided and DOI-checked database could be used as a starting point and sanity check for such analysis.
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