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Gestational diabetes mellitus (GDM) is increasingly recog-
nised as a metabolically heterogeneous condition rather than a
uniform disorder defined solely by diagnostic glucose thresh-
olds. Differences in insulin resistance, insulin secretion and
timing of GDM onset appear to contribute to distinct clinical
patterns. Therefore, heterogeneity is likely one of GDM’s cen-
tral characteristics, not merely a secondary feature [1].
Regarding GDM prediction, studies in early pregnancy have
shown that even simple fasting measurements can provide
clinically relevant information. Fasting glucose, insulin, C-
peptide, and glycosylated hemoglobin, as well as derived sur-
rogate indices, can help to identify women at increased risk for
later GDM and need for glucose-lowering therapy [2]. At the
same time, dynamic testing such as the oral glucose tolerance
test (OGTT) remains a reasonable alternative to fasting-only
measurements because it offers more detailed insights into the
underlying physiology and, specifically, into processes like in-
sulin sensitivity and p-cell function, even not totally compara-
ble with those offered by intravenous glucose tolerance test
(IVGTT). Indeed, surrogate indices like Matsuda index (for
insulin sensitivity) and insulinogenic index (for B-cell func-
tion) can be derived from OGTT data [3,4]. Despite tradition-
ally tailored for IVGTT data, in silico mathematical modelling
is often exploited to quantitatively capture dynamic glucose-
insulin interactions, but generally it requires richer data proto-
cols and dedicated analytic expertise. Applying models to

OGTT data makes it possible to derive detailed metabolic pa-
rameters, including insulin sensitivity, f-cell function, and in-
sulin clearance [5]. A ‘middle ground’ option is designating
surrogate indices that can be easily computed from shorter dy-
namic IVGTT tests and do not require specialized expertise,
while maintaining an acceptable correlation with model-based
parameters [6].

Therefore, the most relevant question is not whether fasting-
only approaches are categorically better than dynamic ap-
proaches or vice versa, but how investigators can appropriately
use each approach, depending on purposes and settings.

For instance, the traditional triglyceride-glucose index im-
perfectly reflect insulin sensitivity during pregnancy, whereas a
pregnancy-adapted variant was specifically developed to pre-
serve the simplicity of fasting-only assessments while improv-
ing its correlation with OGTT-derived insulin sensitivity [7].
Similarly, recent first-trimester evidence suggests that both
fasting and dynamic indices can predict later GDM, though
triglyceride-based fasting indices may perform particularly
well in early pregnancy [8]. Taken together, these findings sup-
port a pragmatic view: dynamic indices may be physiologically
richer, but thoughtfully designed fasting markers can still be
highly informative for risk prediction in clinical settings [7,8].

Traditional regression-based modelling has undoubtedly
advanced the field of clinical prediction models; however, met-
abolic data bring a familiar methodological difficulty: the rele-
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vant variables are tightly interrelated. Glucose, insulin and C-
peptide values measured at fasting or across an OGTT are not
independent variables. The resulting collinearity can make in-
terpretation less straightforward. This does not invalidate re-
gression-based modelling, but it underscores that the com-
plexity of metabolic data requires methods explicitly account-
ing for interdependence among variables [9].

This problem can be partially addressed using unsupervised
learning approaches such as principal components analysis
(PCA). Rather than forcing highly correlated variables into a
conventional predictive framework, PCA reduces them to or-
thogonal components, thereby revealing dominant patterns
within the metabolic data. When applied to postpartum
OGTT glucose, insulin and C-peptide measurements together
with age and body mass index (BMI), this approach identified
three principal components explaining 71.5% of the total vari-
ance. These correspond broadly to whole-body insulin sensi-
tivity, B-cell dysfunction and fasting or hepatic insulin resis-
tance [10]. The value of this strategy does not lie in providing
direct proof of the mechanism, but in organising complex
metabolic information into dimensions that are physiological-
ly interpretable and clinically meaningful [10].

This PCA-based framework was subsequently extended to
pregnancy. The principal component scores developed from
postpartum OGTT data showed patterns in pregnancy that
were similar to those observed earlier in non-pregnant indi-
viduals: one component was strongly associated with periph-
eral insulin resistance, another with impaired insulin secretion,
and a third with fasting insulin sensitivity. This supports the
concept that the PCA approach can help to identify biological-
ly relevant metabolic variation already during gestation [11].

However, what is informative in a physiological study is not
necessarily easy to implement in routine care. For this reason,
the transition from pathophysiological dimensions to clinically
applicable phenotypes is of particular interest. The notion that
GDM comprises distinct subtypes related to insulin resistance
and insulin secretion has long been recognised, and more re-
cent conceptual work has reinforced the view that subclassifi-
cation may help to move the field towards greater precision
[1,12]. However, routine care needs approaches that are sim-
pler, more reproducible and easier to scale.

To this end, data-driven clustering has recently been intro-
duced to identify meaningful risk categories. Using only ma-
ternal age, pre-pregnancy BMI and diagnostic OGTT glucose
values, distinct GDM clusters were identified that differed sub-
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stantially in terms of treatment requirements and in selected
pregnancy outcomes. Notably, the subgroup characterised by
the highest glycaemic and greatest obesity burdens had the
greatest need for glucose-lowering medication and the highest
risk of large-for-gestational-age infants. These findings do not
imply that simple clustering fully captures the biology of
GDM. Rather, they demonstrate that clinically meaningful
heterogeneity can be identified even using a limited set of vari-
ables routinely available in clinical practice [13].

These concepts may be even more relevant in early pregnan-
cy. More recent analyses indicate that the GDM subtypes iden-
tified by cluster analysis were associated with distinct gluco-
metabolic characteristics already before the conventional diag-
nostic window, reinforcing the idea that the clinically impor-
tant divergence between women may begin much earlier than
standard screening strategies assume [14]. In parallel, first-tri-
mester fasting and dynamic markers have also shown predic-
tive value for later GDM, again pointing to the first half of
pregnancy as a crucial period for improved metabolic stratifi-
cation [8].

In addition to unsupervised data-driven approaches, super-
vised methods have also proven useful when model-based dy-
namic features are employed instead of raw data. Specifically,
prior work on classifying women who do or do not progress to
type 2 diabetes mellitus has highlighted the critical value of the
disposition index, which requires a model-based assessment of
insulin sensitivity, as the most informative feature [15].

The next step in this development is likely to come from
continuous glucose monitoring (CGM). While fasting mark-
ers, dynamic testing and routine clinical clustering can only
provide a partial view, CGM offers the opportunity for a more
comprehensive and longitudinal description of maternal gly-
caemia. Prior work has already suggested that even relatively
small differences in pregnancy-specific time in range may be
clinically meaningful [16]. More recent interventional studies
of CGM applications in pregnancies complicated with GDM
have produced mixed, yet highly informative, results: some did
not show benefit for their primary composite endpoint [17],
whereas others reported improved outcomes despite little or
no difference in the primary CGM metric [18,19].

Discrete glucose profiles have been identified by jointly con-
sidering multiple CGM metrics and circadian patterns, sug-
gesting that prolonged hyperglycemic exposure may convey
different risks than unstable glucose variability. Although this
has been shown in pregestational diabetes, it illustrates an im-
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portant conceptual point: clinically meaningful CGM pheno-
types may only emerge when several dimensions of glucose
behavior are interpreted together, rather than through a single
summary metric [20].

Opverall, it appears that the field has been moving from sim-
ple fasting indices to dynamic OGTT-derived surrogates, from
regression methods adapted for correlated predictors to or-
thogonal physiological components and hence routine-data
clustering, and now towards CGM-derived glucose pheno-
types. The common purpose across these approaches is not
methodological novelty per se. Rather, it is the growing recog-
nition that GDM is metabolically heterogeneous and that this
heterogeneity matters clinically. In this sense, modelling strate-
gies have already contributed substantially to our understand-
ing of insulin action and B-cell function in and outside of preg-
nancy. However, their greatest potential may lie in linking
pathophysiology more closely to patient-centered and person-
alized care, paying particular attention to early pregnancy and
the ever-expanding information content of CGM profiles.
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