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Abstract

Background Early identification of individuals at risk for gestational diabetes mellitus (GDM) is essential for
mitigating its adverse effects on both maternal and foetal health. This study aimed to evaluate the predictive value of
the cardiometabolic index (CMI), systemic inflammation response index (SIRI), and serum adipsin levels for GDM.

Methods A total of 1660 pregnant women were enrolled in this study conducted in Suzhou, China. Baseline clinical
data, including blood glucose levels, lipid profiles, and blood cell counts, were collected at 12 weeks of gestation.
GDM was diagnosed between 24 and 28 weeks of gestation. Logistic regression and receiver operating characteristic
(ROQ) curve analyses were performed to assess the associations and predictive performance of CM|, SIRI, and adipsin
for GDM.

Results Compared with non-GDM participants, those with GDM exhibited significantly higher CMI and SIRI

values and lower serum adipsin levels at baseline. Increased CMI and SIRI, as well as reduced adipsin levels, were
independently associated with a higher risk of GDM in both unadjusted and adjusted models (all P<0.05). The
composite model incorporating all three biomarkers achieved a higher area under the curve (AUC) of 0.918 compared
with the individual models for CMI (AUC=0.825), SIRI (AUC=0.802), and adipsin (AUC=0.724).

Conclusions CMI, SIRI, and serum adipsin are independently associated with GDM risk, and their combination
provides a promising multi-biomarker strategy for early GDM prediction. Further studies are needed to validate these
findings in diverse populations.
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Research insights
What is currently known about this topic?

GDM increases risks of adverse maternal and foetal
outcomes.

Metabolic disorders and abnormal inflammation
response are linked to GDM.

Early identification and management of GDM risk
factors may mitigate adverse outcomes.

What is the key research question?

Can combining adipsin, CMI, and SIRI improve
predictive accuracy for GDM?

What is new?
This study investigates the predictive efficacy of CM],
SIRI, and adipsin for GDM.
Adipsin improves the predictive accuracy of CMI and

SIRL

How might this study influence clinical practice?

Combined biomarker assessment could enhance
personalized GDM prevention and management.

Background

Gestational diabetes mellitus (GDM) is a common meta-
bolic disorder characterised by glucose intolerance that
typically develops during the second or third trimester of
gestation. GDM not only increases the risk of maternal
preeclampsia and future type 2 diabetes but also con-
tributes to foetal macrosomia and raises the likelihood
of long-term metabolic complications in offspring [1, 2].
Identifying reliable and minimally invasive biomarkers
for early GDM prediction is crucial for enhancing clinical
outcomes and minimising long-term complications, as
many existing early predictive indicators have suboptimal
sensitivity and specificity [3].

The cardiometabolic index (CMI) is a recently pro-
posed composite marker that reflects both metabolic and
cardiovascular risk by incorporating measures of lipid
levels and body fat distribution [4]. Similarly, the sys-
temic inflammation response index (SIRI) is a novel bio-
marker that quantifies systemic inflammation based on
neutrophil, monocyte, and lymphocyte counts [5]. Since



Cai et al. Cardiovascular Diabetology (2025) 24:189

both metabolic dysregulation and chronic inflammation
are implicated in GDM pathogenesis, it is plausible that
CM]I, SIR], or both could serve as valuable predictive bio-
markers for GDM.

Adipsin, also known as complement factor D, is an adi-
pokine secreted by adipose tissue that plays a vital role
in metabolic homeostasis and inflammation modulation
[6]. It enhances insulin secretion, preserves B-cell func-
tion, and regulates lipid metabolism via the complement
system. Although adipsin has been implicated in the
pathogenesis of several metabolic diseases, the literature
regarding adipsin’s role in metabolic dysfunction remains
controversial. Some studies, including meta-analysis,
have reported the inverse associations of adipsin with
several metabolic and cardiovascular diseases, such as
type 2 diabetes [7, 8], insulin resistance [9], non-alcoholic
fatty liver disease [10], and atherosclerosis [11]. In con-
trast, Pan et al. demonstrated that elevated serum adipsin
level was associated with metabolic dysfunction-associ-
ated fatty liver disease, with both adipsin concentrations
and the severity of fatty liver increasing as the number
of metabolic risk factors rises [6]. Similarly, Wang et al.
found a positive correlation between elevated serum
adipsin and cardiovascular risk factors [12]. Although
further verification is required, the potential role of adip-
sin in regulating glucose and lipid metabolism warrants
investigation into its association with GDM, given that
GDM shares some similar pathophysiological features
with type 2 diabetes, including insulin resistance and
metabolic dysregulation.

Given the substantial burden of GDM and its associ-
ated health complications, the identification of robust
biomarkers for early prediction remains clinically per-
tinent. While previous studies have highlighted the
potential individual roles of adipsin, CMI, and the SIRI
in metabolic and inflammatory status, their combined
predictive potential for GDM has not been thoroughly
explored. This study aims to address this gap by assess-
ing the predictive accuracy of these biomarkers, both
individually and in combination, providing a novel multi-
biomarker approach for early GDM prediction.

Methods

Population

This study initially enrolled all pregnant women
(N=2519) who delivered at the Second Affiliated Hospi-
tal of Soochow University between 1 January 2023 and 31
December 2023. The inclusion criteria were as follows:
(1) aged between 18 and 40 years; (2) first pregnancy;
and (3) provision of signed informed consent. The exclu-
sion criteria were as follows: (1) self-reported or clinically
diagnosed glucose intolerance, insulin resistance, or dia-
betes at the first-trimester (12 weeks of gestation) pre-
natal check-up; (2) hepatic or renal metabolic disorders,
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such as metabolic dysfunction-associated fatty liver dis-
ease; (3) history of drug, tobacco, or alcohol dependence;
and (4) incomplete medical records or missing clinical
data. The participant selection and follow-up flowchart is
presented in Fig. 1. This study was approved by the Ethics
Committee of The Second Affiliated Hospital of Soochow
University. The design and all procedures of this study
were in accordance with the Declaration of Helsinki.

Data collection

Basic demographic and clinical information was obtained
from hospital medical records. Physical examination was
conducted at 12 and 24-28 weeks of gestation. At 12
weeks of gestation, following an overnight fast, venous
blood samples were collected for laboratory analysis. A
2 mL whole blood sample was collected into a vacuum
tube containing EDTA as an anticoagulant for automated
haematological testing. Additionally, a 5 mL whole blood
sample was collected into an anticoagulant-free vacuum
tube for serum biochemical analysis. For serum prepara-
tion, the 5 mL blood sample was left at room temperature
for 30 min, after which the clotted blood was centri-
fuged at 2000 g for 10 min at 4 °C. The resulting serum
was immediately aliquoted into separate tubes and stored
at —80 °C to prevent degradation due to freeze-thaw
cycles. Monocyte, neutrophil, and lymphocyte counts
were measured using an automated haematology analy-
ser (Mindray SAL 8000, Mindray Bio-Medical Electron-
ics Co., Ltd., China). Serum glucose, triglyceride (TG),
total cholesterol, and high-density cholesterol (HDL-c)
levels were quantified using an automated biochemical
analyser (Roche Cobas 501, Roche Diagnostics, USA) via
enzymatic methods. Serum adipsin concentrations were
determined using a commercial enzyme-linked immuno-
sorbent assay kit (Multiscience Biotech Co., Ltd., China)
following the manufacturer’s protocol. The mean mini-
mal detectable concentration of adipsin was 143.37 pg/
mL, with intra- and inter-assay coefficients of variation
of 5.4% and 6.0%, respectively. The CMI was calculated
by multiplying the waist-to-height ratio by the TG-to-
HDL-c ratio [4]. The SIRI was calculated as the product
of the neutrophil count and monocyte count, divided by
the lymphocyte count [5]. Smoking status was defined as
lifetime cigarette consumption of =100 cigarettes, with
smokers further categorised as current smokers (smoked
within the past 30 days) or former smokers [13]. Alcohol
consumption was defined as an average intake of at least
40 g per week over the past 12 months [14].

Diagnosis of GDM

At 24-28 weeks of gestation, all participants underwent
a 75-g oral glucose tolerance test for GDM diagnosis.
Following an overnight fast of at least 8 h, a 5 mL fast-
ing venous blood sample was collected into a vacuum
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Fig. 1 Flow chart of participant selection and follow-up. N, number; GDM, gestational diabetes mellitus
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tube containing sodium fluoride and potassium oxalate
to inhibit glycolysis. Participants were then instructed to
consume a 75-g glucose solution within 5 min. Additional
5 mL venous blood samples were collected at 1 h and
2 h post-ingestion using the same type of anticoagulant-
containing tubes. All blood samples were immediately
mixed to prevent clotting and then centrifuged at 2000 g
for 10 min at 4 °C to separate plasma. Plasma glucose
levels at each time point were measured using an auto-
mated biochemical analyser (Roche Cobas 501, Roche
Diagnostics, USA) via enzymatic methods. According
to the International Association of Diabetes and Preg-
nancy Study Groups criteria [15], GDM was diagnosed
if any of the following conditions were met: (1) fasting
plasma glucose level >5.1 mmol/L; (2) 1-hour plasma glu-
cose level 210.0 mmol/L; or (3) 2-hour plasma glucose
level > 8.5 mmol/L.

Statistical analysis

Data are presented as numbers (percentages),
means + standard deviations, or medians (interquartile
ranges). Student’s t-test and the Mann-Whitney U-test
were used to compare normally and non-normally dis-
tributed continuous variables, respectively, between the

Table 1 Baseline characteristics of pregnant women at 12 weeks
by GDM diagnosis at 24-28 weeks

Baseline characteris- Non-GDM at GDM at P

tics at 12 weeks 24-28 weeks 24-28 weeks value
(Number=1465) (Number=178)

Age, years 276+39 31.2+42 <0.001

Waist, cm 81.8+119 91.1+150 <0.001

Height, cm 1672+7.7 1663+79 0.124

Smoking status, %

No 1381 (94.3) 161 (90.4) 0.086

Former 56 (3.8) 13(7.3)

Yes 28(1.9) 422

Drinking status, %

No 1118 (76.3) 141 (79.2) 0.388

Yes 347 (23.7) 37(20.8)

Fasting glucose, 4.21£0.29 4.20£0.31 0.856

mmol/L

Triglyceride, mmol/L 1.01(0.71-1.52) 264 (148-491) <0.001

HDL-c, mmol/L 0.67 (0.51-1.00) 046 (0.39-0.59) <0.001

(@] 0.78 (0.34-1.53) 3.28(142-7.15) <0.001

Monocyte count, 10%L 030 (0.13-0.54) 0.73(0.34-144) <0.001

Neutrophil count, 10%/L 2.71 (2.06-3.49) 3.65(2.70-4.60) <0.001

Lymphocyte count, 2.20 (1.70-2.80) 2.00(1.63-2.57)  0.008

10%/L

SIRI 0.34 (0.16-0.69) 1.15(0.57-231)  <0.001

Adipsin, ng/mL 4769.0+1076.7 39254+920.8 <0.001

Data are presented as the meanz+standard deviation, median (interquartile
range), or number (percentage). P values are derived from the results of
Student’s t test, Mann-Whitney U test, or Chi-square test. CMI, cardiometabolic
index; GDM, gestational diabetes mellitus; HDL-c, high density lipoprotein
cholesterol; SIRI, systemic inflammation response index
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GDM and non-GDM groups. Categorical variables were
compared using the chi-square test. The CMI, SIRI, and
adipsin were categorised into tertiles for further analy-
sis, as this approach facilitates clinical and epidemiologi-
cal interpretation by expressing results as odds ratios for
different risk groups, accounts for potential non-linear
relationships by avoiding the assumption of linearity,
and minimises the influence of extreme values. Multi-
variable logistic regression analysis was performed to
evaluate the associations of CMI, SIRI, and adipsin with
GDM, and to develop two predictive composite models
for GDM. In the predictive model 1, CMI and SIRI were
incorporated as independent variables, with GDM status
as the dependent variable. Based on the logistic regres-
sion analysis, the equation for predictive model 1 in
terms of the log-odds of GDM was generated as follows:
logit (p)=0.522 x CMI+1.576 x SIRI- 4.601. The prob-
ability (p) of GDM was then derived from this equation
using the inverse logit transformation: p = exp(logit(p)) /
(1+exp(logit(p))). This generated probability was saved
as a new variable (PRE_1) in the statistical software. In
the predictive model 2, CMI, SIR], and serum adipsin lev-
els were entered as independent variables, with GDM as
the dependent variable in the logistic regression analysis.
Similarly, the equation for predictive model 2 in terms of
the log-odds of GDM was: logit (p) =0.541 x CMI+1.722
x SIRI- 0.001 x adipsin— 0.531. Following the same
inverse logit transformation as in predictive model 1,
the probability of predictive model 2 was generated and
saved as another new variable (PRE_2) in the statistical
software. These two predicted probabilities (PRE_1 and
PRE_2) were subsequently used in receiver operating
characteristic (ROC) curve analysis to assess and com-
pare the predictive performance of the two composite
models for identifying subsequent GDM. All statistical
tests were two-tailed, and a P value<0.05 was consid-
ered statistically significant. Statistical analyses were per-
formed using SPSS 20.0 software (IBM Corp., USA).

Results

Characteristics of the participants

A total of 1643 participants, with a mean age of 28.0
years, were included in the study. The baseline charac-
teristics of women who underwent clinical examinations
at 12 weeks of gestation are presented in Table 1, cate-
gorised by those with and without GDM at 28 weeks of
gestation. Compared with their non-GDM counterparts,
women with GDM were significantly older (31.2+4.2
years versus 27.6+3.9 years, P<0.001) and had a greater
waist circumference (91.1 +15.0 cm versus 81.8+11.9 cm,
P<0.001). However, height did not differ significantly
between the two groups (P=0.124). There was also no
significant difference in smoking status or alcohol con-
sumption between groups. Although baseline fasting
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glucose levels were comparable between groups, lipid
and inflammatory markers, including TG, HDL-c, and
monocyte count, were significantly higher in the GDM
group. Additionally, serum adipsin levels were signifi-
cantly lower in the GDM group compared with the non-
GDM group (3925.4 +920.8 ng/mL versus 4769.0 + 1076.7
ng/mL, P<0.001).

Associations of adipsin, SIRI and CMI with GDM

The crude and adjusted relative risks (RRs) with 95%
confidence intervals (CIs) are presented in Table 2. For
CMI, women in the highest tertile had a significantly
higher risk of GDM compared with those in the lowest
tertile (crude RR=12.43, 95% CI: 7.06-21.87; adjusted
RR=6.71, 95% CI: 3.68—12.23; both P<0.001). The mid-
dle tertile was associated with increased risk in the crude
model (crude RR=2.11, 95% CI: 1.10-4.03, P=0.024),
though this was not statistically significant after adjust-
ment (adjusted RR=1.60, 95% CI: 0.83-3.07, P=0.169).
For the SIRI, the highest tertile was strongly associ-
ated with GDM (crude RR=9.92, 95% CI: 5.89-16.70;
adjusted RR=7.61, 95% CI: 4.47-12.95; both P<0.001).
The middle tertile was not significantly associated with
GDM in either model (crude RR=1.75, 95% CI: 0.95—
3.22, P=0.073; adjusted RR=1.59, 95% CI: 0.85-2.95,
P=0.145). For adipsin, women in the lowest tertile had
a significantly increased risk (crude RR=8.53, 95% CI:
4.97-14.61; adjusted RR=6.37, 95% CI: 3.67-11.05; both
P<0.001). Similarly, the middle tertile was also associated
with increased risk (crude RR=3.33, 95% CI: 1.87-5.93;
adjusted RR=3.15, 95% CI: 1.75-5.67; both P<0.001).

Table 2 Logistic regression analyses of cardiometabolic index,
SIRI, and adipsin associations with gestational diabetes mellitus

Variable Tertiles CrudeRR P Adjusted P
(95%Cl) RR (95%(Cl)
Adipsin, T3 Reference Reference
ng/mL (=5118.6)
T2 (41852- 333 <0.001 3.5 <0.001
5118.6) (1.87-5.93) (1.75-5.67)
T1 853 <0.001 637 <0.001
(<4185.2) (497-14.61) (3.67-11.05)
CMI T1(<053) Reference Reference
T2 2.1 0.024 1.60 0.169
(0.53-1.36) (1.10-4.03) (0.83-3.07)
T3(=136) 1243 <0.001 6.71 <0.001
(7.06-21.87) (3.68-12.23)
SIRI T1(<0.23) Reference Reference
T2 1.75 0.073 1.59 0.145
(0.23-062) (0.95-3.22) (0.85-2.95)
T3(=062) 992 <0.001 761 <0.001
(5.89-16.70) (4.47-12.95)

Variables are divided into tertiles (T1, T2, and T3). RR, 95%Cl, and P values are
derived from the results of multivariable logistic regression analyses. Age,
drinking status, and smoking status are included as covariates in the adjusted
model. Cl, confidence interval; CMI, cardiometabolic index; RR, relative risk; SIRI,
systemic inflammation response index.
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Statistical significance and model fit of predictive
composite models

The statistical significance of variables in the predictive
composite models was evaluated using the Wald test, and
model fit was assessed with the Hosmer-Lemeshow test.
In the model 1, the Wald values for CMI, SIRI, and the
constant term were 127.61, 113.76, and 453.73, respec-
tively (P<0.001 for all); in the model 2, the Wald val-
ues for CMI, SIRI, adipsin, and the constant term were
115.64, 109.24, 67.76, and 1.21, respectively (P<0.001 for
all except for the constant term, P=0.271). The Hosmer-
Lemeshow test results demonstrated an adequate fit for
both composite model 1 (P=0.517) and composite model
2 (P=0.459), indicating good agreement between the
predicted and observed outcomes.

Combined adipsin, CMI, and SIRI for predicting GDM

As presented in Fig. 2; Table 3, the area under the curve
(AUC) values for adipsin, the CMI, and the SIRI were
0.724, 0.825, and 0.802, respectively. The composite
model 1 integrating CMI and SIRI has achieved an AUC
of 0.898, while the composite model 2 additionally incor-
porated adipsin further improving the AUC to 0.918. The
Youden index method was used to determine the opti-
mal predicted probability cut-off points. For adipsin, the
optimal cut-off was 4385.84 ng/mL, with a sensitivity of
0.730 and a specificity of 0.630. The optimal cut-off for
CMI was 1.71, yielding a sensitivity of 0.713 and a speci-
ficity of 0.789. For SIRI, the optimal cut-off was 0.83, with
corresponding sensitivity and specificity values of 0.669
and 0.831, respectively. The composite model 1 had an
optimal cut-off of 0.075, with a sensitivity of 0.837 and a
specificity of 0.802. For composite model 2, the optimal
cut-off was 0.098, achieving a sensitivity of 0.843 and a
specificity of 0.861.

Discussion

In this study, we investigated the associations of CMI,
SIRI, and serum adipsin levels with the risk of GDM in
a cohort of pregnant women. Our results indicate that
reduced adipsin and elevated CMI and SIRI are signifi-
cantly associated with an increased risk of GDM. These
results suggest that these biomarkers could serve as
potential predictors for GDM, with their combination
improving predictive accuracy.

According to previous studies, the global prevalence
of GDM varies considerably, with rates in the Western
Pacific region ranging from 4.5 to 20.3% and a median
prevalence of 10.3% [16]. In our study, the incidence of
GDM was approximately 10.8% in 2023, which aligns
with data from this region but is slightly lower than the
14.8% average reported for mainland China [17]. Possi-
ble explanations for this discrepancy include: (1) differ-
ences in inclusion and exclusion criteria—for instance,
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Table 3 The predictive efficacy of biomarkers for GDM
development risk based on ROC analysis

Variable AUC (95% Cl)  Cut-off Sensitivity Spec-
point ificity
Adipsin 0.724 4385.84 0.730 0.630
(0.687-0.762)
CMI 0.825 1.71 0.713 0.789
(0.790-0.860)
SIRI 0.802 0.83 0.669 0.831
(0.764-0.841)
Composite 0.898 0.075 0.837 0.802
model 1 (0.873-0.924)
Composite 0918 0.098 0.843 0.861
model 2 (0.894-0.941)

AUC, area under the curve; Cl, confidence interval; CMI, cardiometabolic index;
GDM, gestational diabetes mellitus; ROC, receiver operating characteristic; SIRI,
systemic inflammation response index.

our study excluded women with early insulin resistance
and abnormal glucose tolerance, which may have led to a
lower reported incidence of GDM; (2) variations in con-
founding factors such as diet, socioeconomic status, and
lifestyle across studies; and (3) our hospital’s long-stand-
ing comprehensive health education and pregnancy guid-
ance programme.

The association between CMI and GDM aligns with
the role of metabolic dysregulation in the development
of type 2 diabetes. A previous large population-based
study reported that high CMI was strongly associated
with diabetes [4], and this association has also been
demonstrated in several recent studies [18-20]. How-
ever, few studies have examined the relationship between
CMI and GDM. In our study, the positive association
between CMI and GDM remained statistically significant
after adjusting for age, alcohol consumption status, and
smoking status, although the strength of association was
slightly attenuated. This observation aligns with several
previous studies linking lipid disorders to glucose intol-
erance and insulin resistance during pregnancy [21, 22].
For instance, in a study of 67 pregnant women, Daniel et
al. demonstrated that elevated TG levels in early preg-
nancy were positively associated with insulin resistance
and B-cell dysfunction during pregnancy [23]. Given the
rising prevalence of metabolic disorders, CMI may serve
as a non-invasive, cost-effective tool for the early identifi-
cation of women at high risk of GDM.

Our findings also highlight the role of systemic inflam-
mation, as measured by SIRI, in the development of
GDM. Inflammation is widely recognised as a key fac-
tor in the pathogenesis of insulin resistance [24], which
is central to the pathophysiology of GDM. We found
that women in the highest SIRI tertile had a more than
sevenfold increased risk of GDM. These findings sup-
port previous studies that link chronic low-grade inflam-
mation to insulin resistance and glucose metabolism

abnormalities. Prolonged inflammatory responses,

Page 8 of 10

characterised by elevated levels of TNF-a and IL-6, dis-
rupt insulin signalling pathways, reduce insulin sensitiv-
ity, and impair pancreatic B-cell function. TNF-a and
other cytokines interfere with insulin receptor function
by promoting serine phosphorylation of insulin recep-
tor substrate-1, impairing glucose uptake in peripheral
tissues such as muscle and adipose tissue. The inflam-
matory markers that constitute SIRI—neutrophils, lym-
phocytes, and monocytes—may play distinct roles in
GDM-related immune dysregulation. Studies have shown
that elevated neutrophil counts in pregnant women with
GDM reflect a heightened state of systemic inflamma-
tion, as neutrophils are major contributors to reactive
oxygen species (ROS) and proinflammatory cytokine
production, which exacerbate insulin resistance [25,
26]. In contrast, a reduced lymphocyte count in GDM
may indicate immune suppression, consistent with find-
ings that pregnant women with hyperglycaemia exhibit
altered adaptive immune responses [27]. Regarding
monocytes, increased monocyte levels in GDM have
been linked to heightened inflammatory activity, as
monocytes can differentiate into macrophages and pro-
mote chronic low-grade inflammation by secreting IL-1f,
IL-6, and TNF-a. Nevertheless, findings on the associa-
tion between monocytes and GDM remain inconsistent.
Two population-based studies reported significantly ele-
vated monocyte counts in GDM patients [28, 29], while
another study found that a decreased gestational mono-
cyte count was associated with GDM development [30].
These discrepancies highlight the limitations of using a
single biomarker to predict GDM. The significant asso-
ciation between SIRI and GDM in our study underscores
the critical role of inflammation in GDM development
and management, reinforcing the potential of composite
inflammatory markers like SIRI in GDM risk assessment.

To date, research on adipsin level changes and the
mechanisms through which adipsin influences GDM
remains limited. Two population-based studies reported
that women with GDM have higher circulating adipsin
levels than those with normal glucose tolerance. This
suggests a possible compensatory mechanism to support
insulin secretion and maintain glycaemic control during
pregnancy, especially considering that both these stud-
ies used blood samples collected on the day of caesar-
ean section at the end of pregnancy [31, 32]. Conversely,
another study of 426 pregnant women found that GDM
women aged over 35 years had lower adipsin levels,
which partially aligns with our findings [33]. The incon-
sistent results regarding adipsin levels in GDM highlight
the complexity of adipokine regulation during pregnancy.
This complexity is influenced by factors such as maternal
age, gestational stage, and study design, reinforcing the
need for further research to clarify the role of adipsin and
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other adipokines in GDM and their potential as biomark-
ers or therapeutic targets.

Both SIRI and CMI demonstrated good predic-
tive accuracy for GDM (0.8<AUC<0.9), whereas the
combination of SIRI, CMI, and serum adipsin mark-
edly improved predictive accuracy to an excellent level
(0.9<AUC<1.0), although adipsin alone exhibited only
fair predictive accuracy (0.7<AUC<0.8) [34]. These
findings suggest that a multibiomarker approach could
enhance the early detection of GDM risk, allowing for
timely intervention to mitigate adverse pregnancy out-
comes. The clinical implications of CMI and SIRI are sub-
stantial. Unlike adipsin, all variables required to calculate
CMI and SIRI are routinely measured during pregnancy,
eliminating the need for additional invasive or costly
tests. Given that the composite model incorporating only
CMI and SIRI without adipsin still demonstrated near-
excellent predictive accuracy (AUC=0.898), these two
indices alone may provide a practical alternative in clini-
cal settings where adipsin measurement is not feasible.

Our study has several strengths, including a large real-
world sample size and cost-effective multibiomarker
prediction models. However, certain limitations should
be considered. All participants were recruited from a
single institution in China, limiting the generalizability
of our findings to populations with different genetic and
environmental backgrounds. In addition, the underlying
mechanistic pathways linking these biomarkers to GDM
development were not fully elucidated in this study.
Future studies should aim to validate these biomarkers in
diverse populations and further explore their underlying
mechanisms.

In conclusion, our findings suggest that low adipsin lev-
els, high CMI and SIRI in early pregnancy are significant
risk factors for GDM. The combination of these biomark-
ers provides a promising approach for the early identifi-
cation of women at risk for GDM, potentially facilitating
timely interventions and improving maternal and foetal
outcomes. Further research is warranted to confirm these
findings and explore their clinical applications in GDM
screening.
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