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Abstract

Objective: Women with gestational diabetes mellitus (GDM) often develop a metabolic memory that increases the risk
of future metabolic disorders, even after blood glucose levels normalize following clinical intervention. However, the
impact of this metabolic memory on susceptibility to SARS-CoV-2 remains unclear. Therefore, we aim to investigate the
potential association between metabolic memory in GDM and susceptibility to SARS-CoV-2 infection.
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Methods: We conducted a prospective cohort study with 1,675 pregnant women, including 197 (11.8%) with GDM.
Postpartum SARS-CoV-2 infections were tracked via telephone follow-up and categorized into negative and positive
groups. Logistic regression was used to explore risk factors for SARS-CoV-2 infection. Peripheral blood samples were
collected from 30 GDM and 30 normal glucose-tolerant (NGT) pregnant women in three trimesters (T1, T2 and T3) for
longitudinal untargeted metabolomics to identify GDM and SARS-CoV-2-associated metabolites. Limma package was
applied to find differential expressed metabolites associated with SARS-CoV-2 infection and GDM.

Results: Among 1,675women, 1,348 (80.5%) tested positive for SARS-CoV-2. GDMpostpartumwomen had higher SARS-
CoV-2 infection rates (88.3 vs 79.4%, P = 0.003) than NGT women. GDM was associated with SARS-CoV-2 infection (T2: OR
(95% CI): 2.17 (1.26–3.54), P = 0.005; T3: OR (95% CI): 1.70 (1.03–2.82), P = 0.040). Compared to the SARS-CoV-2 negative
group, the positive group exhibited elevated levels of allantoic acid, LPE (0:0/22:6), LPC (15:0/0:0) and 1-linoleoyl-sn-
glycero-3-phosphorylcholine in T1 and T2, before clinical intervention. In T3, allantoic acid remained elevated post-
intervention. A similar increase as described above was observed in the GDM compared to the NGT group. The
tricarboxylic acid cycle was the sole overlapping enriched pathway in the SARS-CoV-2 positive versus negative group
and the GDM versus NGT group. Cis-aconitic acid, a metabolite from this pathway, was elevated in T3 in the GDM group.

Conclusion: Compared to NGT, women with GDM are at a higher risk of postnatal SARS-CoV-2 infection. Metabolic
memory from GDM may heighten susceptibility to SARS-CoV-2.

Keywords: gestational diabetes mellitus; SARS-CoV-2; metabolic memory; susceptibility

Introduction
Gestational diabetes mellitus (GDM) is a maternal
metabolic disorder and is characterized by any degree
of hyperglycemia first identified during gestation (1).
GDM results in various complications for both the
mother, baby and offspring (2). GDM is associated with
significantly increased risks of subsequent type 2 diabetes
mellitus (T2DM) in the mother and obesity in offspring,
even if the mother reverts to normal glucose following
delivery. This is related to the metabolic memory effect
caused by hyperglycemia during GDM pregnancy (3).

During the coronavirus disease 2019 (COVID-19)
epidemic, some studies have explored the link between
GDM and novel coronaviruses. A multicenter prospective
observational study suggested that women who are
overweight or obese and have GDM requiring insulin
therapy are at increased risk of a severe course of
COVID-19 infection (4). Mendez et al. and Zanardo et al.
showed that the prevalence of GDM increased during the
COVID-19 epidemic (5, 6). However, other studies have
reached the opposite conclusion. A retrospective study in
the Chinese population indicated that the prevalence of
GDM decreased each year during the COVID-19 epidemic,
with rates of 21.46, 19.81 and 18.48% in 2019, 2020 and
2021, respectively (7). However, the study populations
have been limited to women with GDM during
pregnancy, neglecting the significant population of
postpartum women with a history of GDM. In addition,
it remains to be explored whether the long-term adverse
metabolic memory effects observed in women with GDM
may influence their susceptibility to SARS-CoV-2. Women
with GDMand those in the postpartum period represent a

special group that requires particular attention to the
infection of SARS-CoV-2.

Metabolomics enables high-throughput analysis of
metabolites across a wide range of biological samples,
significantly enhancing our understanding of normal
bodily functions and the mechanisms underlying many
diseases (8). Several studies have utilized metabolomics
to investigate GDMmouse models, women with GDM and
pregnant women infected with SARS-CoV-2, respectively,
demonstrating significant changes in amino acid and lipid
metabolites (9, 10, 11). Furthermore, metabolite pathway
enrichment suggests the involvement of the tricarboxylic
acid (TCA) cycle in SARS-CoV-2 infection and development
(12). However, few studies have concurrently analyzed
the metabolomics of GDM and SARS-CoV-2 to explore the
metabolic association between these two diseases.

In light of these questions that merit further exploration,
we conducted a prospective cohort study involving 1,675
pregnant women, 197 (11.8%) of whom were diagnosed
with GDM. Our study recorded clinical information
during pregnancy in women with GDM and normal
glucose tolerance (NGT) and collected their peripheral
blood throughout pregnancy for untargeted longitudinal
metabolomics testing. Post-delivery, participants
completed a questionnaire about SARS-CoV-2 infection.
In addition, we analyzed the dynamics of metabolomics
during pregnancy to identify metabolic factors that might
influence postnatal susceptibility to SARS-CoV-2 infection.
This study aimed to explore the association between GDM
and SARS-CoV-2 infection in a prospective cohort study
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and to investigate whether residual metabolic memory
effects of GDM increase susceptibility to SARS-CoV-2 using
a metabolomic approach.

Methods

Research population

From January 2021 to January 2023, we constructed a
prospective cohort of 2,918 expectant mothers who

underwent prenatal checkups and experienced
complication-free deliveries at the GDM Care Center of
Shanghai Fifth People’s Hospital affiliated with Fudan
University and Shanghai Minhang Hospital of
Integrative Medicine. Our study was conducted
following the Declaration of Helsinki and approved by
the Shanghai Fifth People’s Hospital Ethics Committee
(approval document number: (2020) EC (154)). The
process of collecting samples is illustrated in Fig. 1.
Women were excluded from the study if they had any
of the following: i) any infectious diseases in the 2 weeks

Figure 1

Flowchart of the study. Abbreviations: DM,
diabetes mellitus, NGT, normal glucose
tolerance; OGTT, oral glucose tolerance test;
GDM, gestational diabetes mellitus; COVID-19,
coronavirus disease 2019; BMI, body mass index,
T1, the first trimester; T2, the second trimester;
T3, the third trimester.
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before blood collection; ii) abnormal liver or renal
function; iii) viral infection with or carrier of hepatitis
virus, HIV, syphilis and so on; iv) history of chronic
hypertension; v) history of diabetes; and vi) multiple
gestations. After a rigorous screening process using
inclusion-exclusion criteria, we initially included 2,587
pregnant women in the study. Clinical information was
collected for each trimester of the participants, and blood
samples from pregnant women who consented to
contribute were cryopreserved for subsequent analysis.
After delivery, a SARS-CoV-2 infection questionnaire was
administered to the pregnant women. Thosewhomet any
of the following criteria were excluded from the survey as
ineligible. Exclusion criteria for ineligible surveys
included: i) refusal to participate in the survey;
ii) abnormal postnatal follow-up oral glucose tolerance
test (OGTT) results; iii) incorrect contact information; and
iv) incomplete or invalid questionnaires. After
completing the SARS-CoV-2 infection questionnaire,
women with valid survey results who were also willing
to provide blood samples for the study were selected for
overlap, resulting in a total of 261 women with NGT and
37 women with GDM (clinical parameters are
characterized in Supplementary Table 1 (see section on
Supplementary materials given at the end of the article)),
all of whom had both questionnaire results and blood
samples from all three trimesters.

To minimize potential bias in the selection of metabolic
group participants, matched case-control pairs were
formed. Among the overlapping participants described
above, 30 pregnant women with GDM and 30 pregnant
women with NGT were matched based on prepregnancy
body mass index (BMI) (±0.5 kg/m2), age (±2 years) and
parity. A longitudinal untargeted metabolomics study
was conducted on their peripheral blood samples
collected during the first trimester (T1; 14.1 (3.1)
weeks), second trimester (T2; 25.5 (1.9) weeks) and
third trimester (T3; 36.0 (2.1) weeks) of pregnancy.

The presence of GDM was determined by a 75-g standard
OGTT, following overnight fasting at 24–28 weeks of
pregnancy (the second trimester, T2), following the
2020 guidelines set by the American Diabetes
Association (ADA) (13). A pregnant individual with
fasting blood glucose (FBG) ≥5.1 mmol/L, 1 h blood
glucose (1 h-BG) ≥10.0 mmol/L or 2 h blood glucose (2
h-BG) ≥8.5 mmol/L was considered to have GDM.

Data collection and laboratory determinations

During the initial appointment, clinical data were
recorded for the expectant mother. Determination of
gestational age was based on the date of the last
menstrual period, with verification by gynecological
ultrasound. Subsequently, the obstetric examination
was performed regularly according to the week of
gestation and anthropometric parameters were

recorded. Participants without obvious diabetes or
GDM in early pregnancy were required to fast
overnight or for a minimum of 8 h before undergoing a
75 g OGTT at 24–28 weeks of gestation.

Following a period of fasting, blood samples were
obtained to measure blood cell count using the Sysmex
XN9000 Automatic Blood Cell Analyzer and biochemical
parameters using the Roche Cobas 8000 Automatic
Biochemical Analyzer. The Collaboration on the
Epidemiology of Chronic Kidney Disease (CKD-EPI)
equation was utilized to calculate the estimated
glomerular filtration rate (eGFR). BMI was calculated as
the weight in kilograms divided by the square of height in
meters.

Telephone questionnaire follow-up

A maternal postpartum SARS-CoV-2 telephone
questionnaire follow-up was administered from
January 1 to January 31, 2023, to those of the above
participants who had given birth. All participants gave
written informed consent before the study
commencement. Results were collected from subjects
infected after the lifting of novel coronavirus
restrictions in China, a positive nucleic acid or antigen
test for a novel coronavirus was considered positive.
During the investigation, Shanghai’s main prevalent
novel coronavirus strains were the BA.5 subtype of the
Omicron variant and its derivatives. Before conducting
the study, those responsible for designing the
questionnaire, conducting the investigation and
ensuring quality control (QC) received specialized
training. In addition, the researchers were unaware of
the respondents’ subgroups. The surveywas split into two
sections. The initial section comprised demographic
details including name, age, usual place of residence,
education, occupation, SARS-CoV-2 vaccination status
and nucleic acid test results. The second section
focused on symptoms related to novel coronavirus
infection, including the presence and intensity of fever,
sore throat, rhinorrhea, otalgia, ophthalmodynia, nasal
obstruction, myalgia, hyposmia, hypogeusia,
encephalalgia, diarrhea, cough, asthenia and a self-
assessment of symptom severity. Fever was classified
as mild (37.4 to 38°C); moderate (38.1 to 39°C) or severe
(39.1 to 41°C). Symptoms were based on the latest updates
from the official websites of the Centers for Disease
Control and Prevention (CDC) and the World Health
Organization (WHO) regarding SARS-CoV-2 during the
survey period. To minimize potential bias, surveys
meeting the following conditions were excluded as
invalid questionnaires from this study: i) SARS-CoV-2
infection occurs before or during pregnancy rather
than postpartum; ii) no definitive nucleic acid or
antigen results; and iii) questionnaires answered by
relatives in place of respondents.
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Metabolomics processing

Peripheral blood from the above matched 30 vs 30 case-
control population in T1, T2 and T3 of pregnancywere used
for untargeted metabolomics testing. The techniques of
metabolomics have been described in our previous study.
In brief, serum samples stored at �80°C were used for lipid
chromatography–tandem mass spectrometry (LC-MS/MS)
analysis by pretreatment. Differentially expressed
metabolites (DEMs) were filtered out if the deletion rate
was >50%. Metabolic annotations are based on the Human
Metabolite Database (HMDB) and theKyoto Encyclopedia of
Genes and Genomes (KEGG) database (14).

Statistical analysis

Statistical Product and Service Solutions (IBM SPSS
Statistics 26.0), R statistical software (version 4.3.1) and
Zstats v0.90 (www.medsta.cn/software) were utilized for
analyses. Student’s t-test was used to test continuous
variables that followed a normal distribution, and the
Mann–Whitney U test for continuous variables that did
not conform to a normal distribution. The Chi-square test/
Yates’ corrected Chi-square test/Fisher’s exact test was
employed to test classified variables. To assess whether
GDM is an independent risk factor for SARS-CoV-2
infection, we conducted a logistic regression analysis,
with the binary classification of SARS-CoV-2 (positive/
negative) as the dependent variable. All clinical baseline
data from each trimester were included in univariate
logistic regression analyses, and variables with P < 0.05
were subsequently included in multivariate logistic
regression analyses as potential risk factors. The false
discovery rate (FDR) value was estimated using the
‘Benjamini–Hochberg’ method at a statistically
significant level of P < 0.05. In screening for DEMs using
the R language limma package, we aimed to minimize the
effect of potential confounders. Based on differences in
clinical baseline data, we selected monocyte percentage
(MONO%), aspartate aminotransferase (AST) isoenzymes,
age, gestational week, BMI and neutrophil (NEU) as
covariates when using SARS-CoV-2 (positive/negative) as
the grouping variable. When GDM (GDM/NGT) was the
grouping variable, MONO%, NEU, age, gestational week,
BMI, red blood cell (RBC) and AST isoenzymes were
selected as covariates. The metabolomic data underwent
a log2 transformation. The MetaboAnalyst 5.0 was utilized
to perform KEGG pathway analysis of DEMs.

Results

Clinical characteristics of NGT and GDM
women during pregnancy

Compared with NGTmothers, those with GDMwere older,
had higher BMI, white blood cell (WBC), NEU, RBC and
FBG. In T1, the GDM group had a higher systolic blood

pressure (SBP), hemoglobin (Hb), lymphocyte (LYMP) and
platelet (PLT) count, and alanine aminotransferase (ALT),
aspartate aminotransferase-isomerase (AST-isoenzyme),
creatinine (Cr), triglyceride (TGs), total cholesterol (TC)
and low-density lipoprotein cholesterol (LDL-C) level. In
T2, the GDM group had a higher OGTT 1 h blood glucose
(1 h-BG) and OGTT 2 h blood glucose (2 h-BG). In T3, the
GDMgroup had higher SBP, diastolic blood pressure (DBP),
ALT, AST isoenzyme, Cr, TG level and eGFR (CKD-EPI) (all
P < 0.05) (Table 1).

Description of SARS-CoV-2 infection

Based on the recording of maternity data, we conducted a
telephone survey of SARS-CoV-2 infection among 2,042
postnatal women. Finally, 1,757 questionnaires were
collected, resulting in a recovery rate of 86.0%. A total
of 1,675 valid questionnaires (1,478 NGT vs 197 GDM)
were obtained after screening by QC staff. The validity
rate of the questionnaires was 95.3%. The results of the
validated questionnaire showed that 1,348 individuals
had contracted SARS-CoV-2, while 327 remained
uninfected, resulting in an infection rate of 80.5%.
Women with GDM were more likely to have received a
third novel coronavirus vaccination than those with NGT
(24.9 vs 12.7%, P < 0.001). Crucially, there was a notable
disparity in the rate of SARS-CoV-2 infection between the
GDM and NGT groups (88.3 vs 79.4% respectively,
P = 0.003) (Table 1).

Of the 1,348 patients infected with SARS-CoV-2, 174
(12.9%) had a history of GDM. In all SARS-CoV-2-
positive participants, there was no statistical difference
in symptoms except fever (Supplementary Table 2)
(Fig. 2A). Compared with NGT women, those with a
history of GDM had a higher proportion of
hyperthermia after infection with SARS-CoV-2 (40.8 vs
19.4%, respectively, P < 0.001, Fig. 2B). No statistical
significance was seen in the self-assessment of severity
between the two groups (Fig. 2C).

GDM was an independent risk factor for
SARS-CoV-2

In the general information, no statistical differences were
observed between the SARS-CoV-2 positive and negative
groups in terms of their usual place of residence,
educational background or hospital. The SARS-CoV-2-
positive group had a higher proportion of patients with
GDM compared with the SARS-CoV-2-negative group (12.9
vs 7.0%, P = 0.003) (Supplementary Table 3).

Univariate logistic regression revealed that in T2 and T3,
GDM was a risk factor for SARS-CoV-2 infection
(Supplementary Table 4). Independent variables with
P < 0.05 were included for further multivariate logistic
regression analysis. In T1, after correcting for NEU, Hb
and TC, the results suggested that MONO% (OR (95% CI):
1.28 (1.05–1.56); P = 0.014) and PLT (OR (95% CI): 1.01
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Table 1 Characteristics of women with GDM and NGT.

Characteristics All (n = 1,675) NGT (n = 1,478) GDM (n = 197) P

Anthropometric parameters
Hospital
The Fifth Hospital of Shanghai 1,257 (75.0%) 1,102 (74.6%) 155 (78.7%) 0.209
Minhang District Hospital for Integrative Medicine 418 (25.0%) 376 (25.4%) 42 (21.3%)

Age (years) 28 (25, 32) 28 (25, 31) 32 (29, 35) <0.001
Parity
Nulliparous 624 (37.3%) 540 (36.5%) 84 (42.6%) 0.096
Parous 1,051 (62.7%) 938 (63.5%) 113 (57.3%)

Prepregnancy BMI 21.67 (20.00, 23.88) 21.30 (19.54, 23.44) 23.31 (20.94, 25.45) <0.001
Family history of DM
No 730 (97.3%) 540 (97.5%) 190 (96.9%) 0.690
Yes 20 (2.7%) 14 (2.5%) 6 (3.1%)

Previous history of GDM
No 1,659 (99.0%) 1,465 (99.1%) 194 (98.5%) 0.630
Yes 16 (1.0%) 13 (0.9%) 3 (1.5%)

Number of vaccine doses
0 713 (42.6%) 642 (43.4%) 71 (36.0%) <0.001
1 237 (14.1%) 213 (14.4%) 24 (12.2%)
2 488 (29.1%) 436 (29.5%) 52 (26.4%)
3 236 (14.1%) 187 (12.7%) 49 (24.9%)
4 1 (0.1%) 0 (%) 1 (0.5%)

SARS-CoV-2
Negative 327 (19.5%) 304 (20.6%) 23 (11.7%) 0.003
Positive 1,348 (80.5%) 1,174 (79.4%) 174 (88.3%)

T1 (first trimester)
Gestational week (weeks) 13.4 (13.0, 15.4) 13.4 (13.0, 15.5) 13.4 (13.0, 14.4) 0.225
BMI (kg/m2) 21.8 (20.1, 24.0) 21.6 (20.0, 23.7) 23.3 (21.0, 25.4) <0.001
SBP (mmHg) 117 (109, 124) 117 (108, 124) 119 (109, 125) 0.008
DBP (mmHg) 70 (64, 75) 70 (64, 76) 71 (65, 76) 0.111
RBC (×109/L) 4.08 (3.85, 4.29) 4.06 (3.84, 4.28) 4.17 (3.93, 4.40) 0.001
MONO% (%) 5.20 (4.60, 6.10) 5.20 (4.50, 6.00) 5.20 (4.60, 6.20) 0.744
Hb (g/L) 122 (115, 128) 125 (118, 131) 126 (119, 131) <0.001
WBC (×109/L) 8.50 (7.28, 9.87) 8.42 (7.27, 9.82) 9.06 (7.82, 10.69) <0.001
NEU (×109/L) 6.14 (5.10, 7.36) 6.38 (5.31, 7.47) 6.87 (5.68, 8.08) <0.001
LYMP (×109/L) 1.70 (1.43, 2.04) 1.53 (1.31, 1.80) 1.64 (1.40, 1.93) 0.034
PLT (×109/L) 219 (185, 253) 224 (188, 259) 235 (206, 271) <0.001
FBG (mmol/L) 4.37 (4.13, 4.62) 4.35 (4.12, 4.60) 4.53 (4.20, 4.87) <0.001
ALT (U/L) 13 (10, 19) 11 (8, 17) 12 (8, 20) 0.014
AST isoenzyme (U/L) 9 (7, 12) 10 (8, 12) 9 (6.38, 12) 0.003
Cr (mmol/L) 43 (38, 48) 47 (43, 52) 47 (43, 52) <0.001
eGFR (CKD-EPI) 128 (123, 133) 128 (123, 133) 127 (122, 131) 0.067
TGs (mmol/L) 1.89 (1.38, 2.61) 1.38 (1.09, 1.78) 1.69 (1.34, 2.13) <0.001
TC (mmol/L) 4.85 (4.24, 5.60) 4.46 (3.94, 4.99) 4.51 (4.00, 4.97) <0.001
HDL-C (mmol/L) 1.67 (1.42, 1.93) 1.79 (1.57, 2.07) 1.70 (1.45, 1.93) 0.105
LDL-C (mmol/L) 2.70 (2.22, 3.24) 2.44 (2.01, 2.86) 2.57 (2.04, 2.93) <0.001
T2 (second trimester)
Gestational week (weeks) 25.9 (25.0, 26.4) 25.7 (25.0, 26.4) 26 (25.1, 26.7) 0.072
BMI (kg/m2) 24.72 (22.76, 27.22) 24.42 (22.58, 26.72) 25.90 (23.99, 28.37) <0.001
SBP (mmHg) 116 (34) 116 (38) 116 (10) 0.887
DBP (mmHg) 66 (61, 71) 65 (60, 70) 65 (59, 71) 0.724
Hb (g/L) 113 (106, 119) 114 (108, 119) 114 (109, 121) 0.040
WBC (×109/L) 9.34 (8.00, 10.82) 9.39 (7.97, 10.72) 9.95 (8.35, 11.67) <0.001
NEU (×109/L) 6.70 (5.56, 8.00) 6.86 (5.71, 7.98) 7.40 (6.12, 9.01) <0.001
LYMP (×109/L) 1.80 (1.50, 2.15) 1.75 (1.50, 2.08) 1.74 (1.49, 2.10) 0.110
PLT (×109/L) 207 (173, 243) 209 (173, 245) 210 (181, 253) 0.273
RBC (×109/L) 3.63 (3.45, 3.85) 3.61 (3.44, 3.81) 3.68 (3.50, 3.95) 0.001
MONO% (%) 6.10 (5.30, 7.10) 6.10 (5.30, 7.10) 6.10 (5.40, 7.05) 0.919
FBG (mmol/L) 4.07 (3.74, 4.44) 4.33 (4.10, 4.55) 4.76 (4.32, 5.24) <0.001
1 h-BG (mmol/L) 6.94 (5.77, 8.16) 7.12 (5.99, 8.01) 10.16 (8.96, 10.85) <0.001
2 h-BG (mmol/L) 6.12 (5.41, 7.07) 5.99 (5.41, 6.78) 8.64 (7.46, 9.33) <0.001

(Continued)
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(1.01–1.01); P = 0.042) were significantly associated with
SARS-CoV-2 infection (Fig. 3A). In T2, when corrected for
RBC, GDM (OR (95% CI): 2.17 (1.26–3.54), P = 0.005) was the
risk factor for infection (Fig. 3B). In T3, the inclusion of
MONO%andNEU for analysis revealed that PLT (OR (95%
CI): 1.01 (1.00–1.01), P = 0.001) and GDM (OR (95% CI): 1.70
(1.03–2.82), P = 0.040) remained risk factors for infection
(Fig. 3C).

Screening for differential metabolites
in metabolomics

Screening for differential metabolites associated
with SARS-CoV-2 infection
The clinical characteristics of the matched 30 pregnant
women with NGT and GDM during pregnancy are shown
in Supplementary Table 5. Based on the SARS-CoV-2
infection outcomes in these pregnant women, we
categorized them into SARS-CoV-2 negative and
SARS-CoV-2 positive groups. Metabolite assays were
performed on peripheral blood obtained from these
women during T1, T2 and T3. Metabolomic processing
identified 2,257 metabolites. A significance threshold of
P < 0.05 was adopted to identify DEMs linked to
SARS-CoV-2 infection. When performing differential
analysis using the R language limma package, we

adjusted for MONO%, AST isoenzyme, age, gestational
weeks and BMI in T1 to minimize the impact of various
confounding factors. Similarly, in T2, adjustment was
made for NEU, age, gestational weeks and BMI. In T3,
adjustment was made for covariates including MONO%,
age, gestational weeks and BMI. In T1, T2 and T3, 93, 125
and 100metaboliteswere respectively identified as DEMs.
The DEMs in T1 and T2 were predominantly
glycerophospholipids, amino acids and their
derivatives. In T3, they were predominantly
glycerophosphates, organic acids and their derivatives
(Fig. 4A). Abnormalities in glycerophospholipids were a
major metabolic change in the metabolic profile of
pregnancy associated with SARS-CoV-2 infection
(Supplementary Table 6). Notably, LPE (0:0/22:6), LPC
(15:0/0:0) and 1-linoleoyl-sn-glycero-3-
phosphorylcholine of the DEMs remained consistently
elevated during both T1 and T2 (Fig. 4B and C).
Meanwhile, in T3, allantoic acid was elevated (Fig. 4D).

Screening for differential metabolites associated
with GDM
Conducting differential analysis between the 30 women
with NGT and the 30 women with GDM described above,
with GDM as the outcome, FDR <0.05 as a threshold value.
After adjusting for MONO%, NEU, age, gestational weeks

Table 1 Continued.

Characteristics All (n = 1,675) NGT (n = 1,478) GDM (n = 197) P

T3 (third trimester)
Gestational week (weeks) 36.1 (35.4, 36.7) 36.1 (35.9, 36.9) 36.4 (36.0, 37.0) 0.295
BMI (kg/m2) 27.24 (25.22, 29.55) 27.12 (24.78, 29.69) 28.04 (25.71, 31.13) 0.011
SBP (mmHg) 120 (10) 119 (10) 122 (10) 0.002
DBP (mmHg) 73 (8) 73 (8) 75 (8) <0.001
Hb (g/L) 111.75 (12.26) 110.92 (12.34) 118.00 (9.66) <0.001
WBC (×109/L) 9.10 (7.70, 10.80) 8.50 (7.19, 10.18) 8.26 (7.24, 9.44) <0.001
NEU (×109/L) 6.73 (5.40, 8.30) 6.03 (5.16, 7.67) 5.90 (4.86, 6.90) <0.001
LYMP (×109/L) 1.60 (1.30, 1.92) 1.58 (1.35, 1.96) 1.68 (1.35, 1.97) 0.180
PLT (×109/L) 204 (171, 241) 209 (163, 239) 200 (164, 246) 0.526
RBC (×109/L) 3.86 (0.35) 3.84 (0.35) 3.93 (0.33) 0.002
MONO% (%) 7.05 (6.1, 8.1) 7.5 (6.3, 8.58) 7.1 (6.1, 8.0) 0.574
FBG (mmol/L) 4.36 (0.49) 4.27 (0.41) 4.52 (0.57) <0.001
ALT (U/L) 10 (7, 14) 9 (7, 12) 8 (6, 11) <0.001
AST-isoenzyme (U/L) 11 (8, 12) 11 (9, 12) 9 (7, 11) <0.001
Cr (mmol/L) 47.80 (9.73) 47.09 (9.49) 53.38 (9.80) <0.001
eGFR (CKD-EPI) 123 (118, 129) 121.5 (117, 129) 121 (114, 126) 0.002
TGs (mmol/L) 3.1 (2.43, 3.92) 2.86 (2.25, 3.36) 3.24 (2.58, 4.23) <0.001
TC (mmol/L) 5.91 (1.21) 5.91 (1.17) 5.91 (1.30) 0.947
HDL-C (mmol/L) 1.80 (0.36) 1.81 (0.36) 1.78 (0.37) 0.348
LDL-C (mmol/L) 3.29 (1.16) 3.34 (1.11) 3.16 (1.24) 0.111

Values are given as the mean (SD), median (interquartile range) or n (%). Bold indicates statistical significance. Abbreviations: GDM, gestational diabetes mellitus;
NGT, normal glucose tolerance; BMI, bodymass index; DM, diabetesmellitus; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; T1, first trimester; T2,
second trimester; T3, third trimester;
SBP, systolic blood pressure; DBP, diastolic blood pressure; RBC, red blood cell; MONO%, monocyte percentage; Hb, hemoglobin; WBC, white blood cell;
NEU, neutrophil; LYMP, lymphocyte; PLT, platelet; FBG, fasting blood glucose; ALT, alanine aminotransferase; AST isomerase, aspartate aminotransferase
isomerase; eGFR, estimated glomerular filtration rate; CKD-EPI, collaboration on the epidemiology of chronic kidney disease; Cr, creatinine; TG, triglyceride;
TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; OGTT, oral glucose tolerance test; 1 h-BG,
OGTT 1 h blood glucose; 2 h-BG, OGTT 2 h blood glucose.
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and BMI, in T1, we identified 219 DEMs comprised
principally of glycerophospholipids, amino acids and
their derivatives. In T2, 200 DEMs were identified
(adjusted for NEU, age, gestational weeks and BMI). The
main categories of DEMs in T2 were ketones, esters and
glycerophospholipids. In T3, after adjusting for RBC, AST
isoenzymes, age, gestational weeks and BMI, 86 DEMs
were revealed, comprised mainly of organic acids and
their derivatives, along with amino acids and their
derivatives (Fig. 5A) (Supplementary Table 7).
Consistent with the SARS-positive group in the GDM
group, the three glycerophospholipids, LPE (0:0/22:6),
LPC (15:0/0:0) and 1-linoleoyl-sn-glycero-3-
phosphorylcholine were also elevated in T1 (Fig. 5B),
with LPE (0:0/22:6) continuing the trend in T2 (Fig. 5C).
Interestingly, allantoic acid, which was elevated in SARS-
positive T3 DEMs, remained consistently elevated during
T1, T2 and T3 in the GDM group (Fig. 5D).

KEGG pathway enrichment analysis of
differential metabolites
We performed pathway analyses of DEMs for every
trimester to better understand the biological pathways
linked to metabolic alterations during pregnancy. In T1,
metabolites associated with SARS-CoV-2 infection
exhibited enrichment in pathways such as the
biosynthesis of valine, leucine and isoleucine,
metabolism of phosphonate and phosphinate and
taurine and hypotaurine metabolism. In T2, DEMs
showed enrichment in the tricarboxylic acid (TCA)
cycle. In T3, pathways related to glycine, serine and

A

B C

Figure 2

Symptom statistics of SARS-CoV-2 infection. (A) Bar graph of symptoms.
The X-axis represents the percentage, Y-axis represents symptom
categories. (B) Bar graph of fever level. The X-axis represents fever
classification, Y-axis represents the percentage. (C) Bar graph of patient
self-assessment of severity. The X-axis represents severity classification,
Y-axis represents the percentage.

A

B

C

Figure 3

Forest plots for multifactor logistic regression. (A), (B), (C) represent the
results of multifactorial logistic regression of SARS-CoV-2 in T1, T2 and
T3 trimesters, respectively. Abbreviations: NEU, neutrophil; NEU%,
neutrophil percentage; MONO%, percentage monocytes; Hb,
hemoglobin; PLT, platelet; TC, total cholesterol; AST-isoenzyme, aspartate
aminotransferase isomerase; RBC, red blood cell.
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B C D

Figure 4

Screening for differential metabolites associated with SARS-CoV-2 infection. (A) Heat map of differential metabolites (DEMs) in T1, T2 and T3 in SARS-CoV-2
positive vs SARS-CoV-2 negative group. Columns represent the trimesters and groups of the samples, while rows correspond to categories of
metabolites. Differential metabolite expression has been transformed using log2. (B), (C), (D) Violin plot distribution of LPE (0:0/22:6), LPC (15:0/0:0),
1-linoleoyl-sn-glycero-3-phosphorylcholine and allantoic acid in SARS-CoV-2-positive and -negative groups in T1, T2 and T3, respectively. The Y-axis
represents log2 transformed metabolite intensities. X-axis labels differential metabolites. Violin plot data were analyzed by t-test. *P < 0.05, **P < 0.01,
***P < 0.001, ****P < 0.0001. Abbreviations: GP, glycerophospholipid; FA, fatty acids; SL, sphingolipid; GL, glycerolipid; LPE,
lysophosphatidylethanolamine; LPC, lysophosphatidylcholine.
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B C D

Figure 5

Screening for differential metabolites associated with GDM. (A) Heat map of differential expressed metabolites (DEMs) in T1, T2 and T3 in NGT vs GDM
group. Columns represent the trimesters and groups of the samples, while rows correspond to categories of metabolites. Differential metabolite
expression has been transformed using log2. (B), (C), (D) Violin plot: distribution of LPE (0:0/22:6), LPC (15:0/0:0), 1-linoleoyl-sn-glycero-3-phosphorylcholine
and allantoic acid in NGT vs GDM group in T1, T2 and T3, respectively. The Y-axis represents log2 transformed metabolite intensities. X-axis labels
differential metabolites. Violin plot data were analyzed by t-test. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. Abbreviations: GP, glycerophospholipid;
FA, fatty acids; SL, sphingolipid; GL, glycerolipid; LPE, lysophosphatidylethanolamine; LPC, lysophosphatidylcholine.
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threonine metabolism were enriched (Fig. 6A,
Supplementary Table 8).

Regarding the DEMs of GDM, pathways such as vitamin
B6 metabolism, neomycin, kanamycin, gentamicin
biosynthesis and histidine metabolism were enriched
in T1. In T2, the steroid biosynthesis pathway showed
enrichment of DEMs. In T3, there was an abundance of
DEMs in the TCA cycle, aminoacyl tRNA biosynthesis and
alanine, aspartate and glutamate metabolism. Both SARS-
CoV-2 infection and GDM exhibited dysregulation of the
TCA cycle (Fig. 6A, Supplementary Table 8). Cis-aconitic
acid was enriched in the TCA cycle (Fig. 6B).

Discussion
To our best knowledge, this is the first to explore the
metabolic impact of a history of GDM on SARS-CoV-2
infection and the association of these two diseases
from a metabolomic perspective. Women with a
history of GDM were more susceptible to SARS-CoV-2

infection, even though they had received more COVID-
19 vaccinations. Among all SARS-CoV-2-positive patients,
those with a history of GDM were more likely to have
hyperthermia than NGT. We revealed that GDM was a
standalone determinant of SARS-CoV-2 infection.

Another important finding of this studywas the discovery
of similar metabolic changes in both the SARS-CoV-2
positive and GDM groups across all three trimesters
through longitudinal metabolomics analysis. In T1, LPE
(0:0/22:6), LPC (15:0/0:0) and 1-linoleoyl-sn-glycero-3-
phosphorylcholine levels were elevated in both groups.
In T2, LPE (0:0/22:6) remained elevated, and in T3,
allantoic acid was increased. This similarity suggests a
metabolic association between SARS-CoV-2 and GDM,
indicating that these altered metabolites may underlie
the mechanism of this association.

We hypothesized that the increased susceptibility to SARS-
CoV-2 in women with a history of GDM may be related to
this metabolic association. So, is this metabolic association
the metabolic memory effect we are interested in?

A

B

Figure 6

KEGG pathway enrichment analysis of differential
metabolites. (A) Sankey diagram illustrating
pathways and metabolites significantly enriched
in T1, T2 and T3 in the GDM and SARS-CoV-2
groups. (B) Raincloud plot: the distribution of cis-
aconitic acid in NGT vs GDM groups in T3. The
horizontal coordinates represent the log2-
transformed intensity of differential metabolites.
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Metabolic association and memory effect

In our study, allantoic acid was consistently elevated in
T1, T2 and T3 in the GDM group. In addition, KEGG
pathway enrichment analysis revealed that the TCA
cycle was enriched in both the SARS-CoV-2 positive and
GDM groups, with cis-aconitic acid, a component of this
pathway, elevated in T3 of the GDM group. Given that
GDM is often managed through clinical interventions
such as dietary control or insulin to normalize blood
glucose levels after diagnosis, the T1 and T2 data
reflect a natural state without intervention. In contrast,
the T3 data reflect the state post-intervention.

Allantoic acid remained consistently elevated throughout
all three trimesters, and cis-aconitic acid was elevated in
T3, with both unaffected by clinical intervention. The
‘metabolic memory effect’ of GDM is characterized by
its long-term persistence and does not disappear even
when blood glucose is normalized by clinical
intervention. Allantoic acid and cis-aconitic acid trends
align with this metabolic memory effect. Therefore, we
hypothesize that these metabolites may be part of the
mechanism behind the adverse metabolic memory effect.

The metabolic memory effect has not been conclusively
explained in current research, with oxidative stress,
inflammation and epigenetics suggested as key factors
(15). Allantoic and cis-aconitic acids, which were
identified in our metabolomics data, have been
previously shown to be involved in oxidative stress and
inflammation. This further supports our hypothesis,
which we will explore in more detail below.

Allantoic acid, oxidative stress

In our study, allantoic acid was increased throughout the
T1, T2 and T3 phases of GDM and T3 of the SARS-CoV-2
positive group. Allantoic acid is produced from uric acid
in the body by redox reaction with nicotinamide adenine
dinucleotide (NAD+) (16) and an increase is associated
with excessive oxidative stress (17, 18). Previous studies
have shown that both GDM and SARS-CoV-2 are closely
related to oxidative stress. Physiologically, pregnancy and
hyperglycemia increase the body’s reactive oxygen
species (ROS) level, so patients with GDM are prone to
oxidative stress (19). SARS-CoV-2 binds to angiotensin-
converting enzyme 2 (ACE-2) in host cells through the
receptor-binding domain of its spike glycoprotein,
leading to an increase in nicotinamide adenine
dinucleotide phosphate (NADPH) oxidase. This leads to
the production of NADP+ and the release of ROS (20). A
study of hyperglycemia and COVID-19 showed that
glycosylated ACE-2 induced by oxidative stress and
hyperglycemia was the true receptor that binds to
SARS-CoV-2, not total ACE-2 (21). We hypothesized that
GDM-mediated oxidative stress and hyperglycemia result
in the production of more glycosylated ACE-2 that may
contribute to the metabolic memory effect and increase
susceptibility to SARS-CoV-2 infection.

Cis-aconitic acid, oxidative stress,
inflammation

In addition to allantoic acid, cis-aconitic acid screened in
KEGG enrichment analysis is also of interest. Following
KEGG analysis, the TCA cycle was revealed to be enriched
in both the GDM group and the SARS-CoV-2 positive
group. The TCA cycle, also known as the Krebs cycle,
oxidizes nutrients such as sugars, proteins and lipids to
provide energy (22). Cis-aconitic acid is an intermediate in
the TCA cycle that decarboxylates to produce itaconic acid
(23). It has been documented that itaconic acid plays a
role in reducing inflammation and combating oxidative
stress (24). Imbalanced conversion of cis-aconitic acid to
itaconic acid may promote oxidative stress and
inflammation. Our results showed that cis-aconitic acid
was increased in the GDM group, suggesting an
imbalance between oxidative and antioxidant,
inflammation and anti-inflammation. Thus, the
oxidative stress and inflammation that accompany the
imbalance in energy metabolism during GDM may also
serve as metabolic memory leading to susceptibility to
SARS-CoV-2.

Our study is the first to confirm with a large sample size
that GDM history is an independent risk for SARS-CoV-2
infection and to explore the association of these two
diseases from a metabolomic perspective. Nonetheless,
there are some limitations: first, the sample size for
metabolomics was small and may have affected
statistical efficiency. Second, metabolites identified in
our study require validation in further study.

Conclusions
Our survey data indicate that women with a history of
GDM are more vulnerable to SARS-CoV-2 infection and
experience more intense fever following infection
compared to those without a history of GDM. Screening
of DEMs suggests that the adverse metabolic memory
effects of GDM, as evidenced by elevated levels of
allantoic and cis-aconitic acids, may play a role in
increasing susceptibility to SARS-CoV-2.
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This is linked to the online version of the paper at
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