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Identification and validation of
palmitoylation-related biomarkers
In gestational diabetes mellitus

Kai Zhang'*, Xiaoyang Shi%*, Rongrong Bian', Wei Shi?, LiYang? & Chenchen Ren3**

Palmitoylation plays a crucial role in the pathophysiology of diabetes, and an increase in
palmitoylation may inhibit the function of insulin receptors, thereby affecting the progression of
gestational diabetes mellitus (GDM). However, its involvement in gestational diabetes mellitus (GDM)
remains underexplored. This study analyzed GDM-related datasets and 30 palmitoylation-related
genes (PRGs), identifying MNDA, FCGR3B, and AQP9 as significantly upregulated biomarkers in

GDM samples. Consistent with the dataset analysis, reverse transcription-polymerase chain reaction
(RT-gPCR) confirmed elevated AQP9 expression. Comprehensive analyses, including nomogram
construction, enrichment analysis, immune infiltration assessment, molecular regulatory network
generation, drug prediction, and molecular docking, were conducted. The biomarker-based
nomogram demonstrated excellent predictive performance for GDM risk. MNDA, FCGR3B, and AQP9
were significantly enriched in pathways such as *"Myc-targets-v1” and “TNFA signaling via NFkB."”
Additionally, eosinophil infiltration showed a strong positive correlation with these biomarkers.
Regulatory networks involving SH3BP5-AS1-hsa-miR-182-5p-AQP9 and hsa-miR-182-5p-AQP9-ELF5
were identified, and stable binding energies were observed between the biomarkers and corresponding
drugs. These findings provide promising avenues for early GDM screening and diagnosis.
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Abbreviations

GDM Gestational diabetes mellitus

PRGs Palmitoylation related genes

DEGs Differentially expressed genes

PPI Protein-protein interaction

RT-qPCR Reverse transcription quantitative polymerase chain reaction
T2DM Type 2 diabetes mellitus

GLUT4 Glucose transporter 4

ssGSEA Single-sample gene set enrichment analysis
BP Biological process

CcC Cellular component

MF Molecular function

MSigDB Molecular signatures database

miRNAs MicroRNAs

IncRNAs Long non-coding RNAs

TFs Transcription factors

SNPs Single nucleotide polymorphisms

PDB Protein data bank

MNDA Myeloid nuclear differentiation antigen
FCGRs FCGR genes in immune effector cells express fc-gamma receptors
CNVs Copy number variants
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AQPs Aquaporins

FCGR3B Fc Gamma Receptor IIIb

AQP9 Aquaporin 9

TNFA Tumor Necrosis Factor

GEO Gene Expression Omnibus

TYROBP Transmembrane Immune Signaling Adaptor TYROBP
BST2 Bone Marrow Stromal Cell Antigen 2

S100A6 §100 Calcium Binding Protein A6

KEGG Kyoto Encyclopedia of Genes and Genomes

CXCL10 C-X-C Motif Chemokine Ligand 10

IFIT2 Interferon Induced Protein With Tetratricopeptide Repeats 2
GSVA Gene Set Variation Analysis

GSEA Gene Set Enrichment Analysis

NLRP3 NLR Family Pyrin Domain Containing 3

E2F1 E2F Transcription Factor 1

CDC422 Cell Division Control Protein 42

MALAT1 Metastasis Associated Lung Adenocarcinoma Transcript 1
MEG3 Maternally Expressed 3

PVT1 Pvtl Oncogene

Inc-FFLs LncRNA-associated feedforward loops

SH3BP5-AS1 ~ SH3BP5 Antisense RNA 1

GO Gene Ontology

STRING Search Tool for the Retrieval of Interacting Genes/Proteins
BioGPS Biomarkers into biology gene portal services

FDR False discovery rate

NES Normalized enrichment score

Gestational diabetes mellitus (GDM), a common metabolic complication of pregnancy, is defined as a form
of diabetes that develops or is first diagnosed during pregnancy, characterized by hyperglycemia that typically
resolves after the birth of the child"2. Affecting up to 30% of pregnancies globally, depending on demographic
factors, screening methods, and diagnostic criteria®!, GDM poses a significant public health challenge. It
heightens the risk of severe prenatal complications and adverse birth outcomes for both mothers and infants.
Women with GDM face an increased likelihood of developing impaired glucose tolerance and type 2 diabetes
mellitus (T2DM) later in life, while their offspring are predisposed to obesity, insulin resistance, and T2DM?>®.
Thus, comprehensive screening and early intervention are essential to mitigate these risks.

Palmitoylation, a reversible post-translational modification, regulates protein functions such as cell signaling,
localization, trafficking, and protein-protein interactions’. Dynamic palmitoylation is regulated by a family of
ZDHHC palmitoylating enzymes and some de-palmitoylating enzymes, and this modification plays a critical
role in the pathogenesis of metabolic disorders, inflammatory diseases, neurodegeneration, and cancer®10, Du et
al. found that inactivation of palmitoyl acyltransferase in adipose tissue and muscle can suppress the membrane
translocation of insulin-dependent glucose transporter 4 (GLUT4) and cause hyperglycemia. Recent research
suggests that protein palmitoylation in islets can regulate glucose-stimulated insulin secretion and couple insulin
hypersecretion with f cell failure in diabetes!"!2. A recent UK study identified that a palmitoylated metabolite
in maternal serum from 12 to 20 weeks of gestational age may be effective in the prediction of GDM at 28
weeks of gestational age!®. According to research, palmitoyl modification in placental tissues also plays a role
in maternal-fetal health. The placental mRNA levels of carnitine palmitoyl transferase-1 were lower in the
preeclampsia group compared to the normotensive control group, which was associated with preterm birth!'*. The
expression of placental carnitine palmitoyl-transferase-1B(CPT1B) was lower in older and overweight pregnant
women, which may underlie decreased placental metabolic flexibility and potentially contribute to pregnancy
complications!”. Palmitoylation could exacerbate insulin resistance by inhibiting insulin receptor function and
interfering with insulin signaling'®. Moreover, Wang et al. found that astragaloside IV could upregulate insulin
sensitivity by restoring CPT1A activity!”. These investigations highlight a significant link between Palmitoylation
and GDM. Hence, further understanding of molecular mechanisms of palmitoylation affecting GDM is crucial
for exploring its underlying mechanism and new treatment options. However, research on palmitoylation-
related biomarkers in GDM remains scarce, underscoring the need to identify novel biomarkers to elucidate
the molecular mechanisms underlying the role of palmitoylation in GDM pathogenesis. Building on this, an
in-depth analysis of the specific regulatory roles that the SNP-miRNA-mRNA signaling pathway may play helps
reveal the intrinsic connection between biomarkers and the progression of GDM”!#1°, offering new perspectives
for the development of personalized treatments for GDM.

Using GDM transcriptome data from the Gene Expression Omnibus (GEO) database, this study employed
bioinformatics approaches to identify palmitoylation-related biomarkers and validated the findings through
reverse transcription-quantitative polymerase chain reaction (RT-qPCR). In addition, it may contribute to
understanding the potential regulatory mechanisms between biomarkers and GDM progression by predicting
miRNAs, IncRNAs and SNPs that target the biomarkers. Additional analyses, including enrichment analysis,
immune infiltration profiling, drug sensitivity prediction, and molecular docking, offer valuable insights into the
potential mechanisms of these biomarkers, paving the way for improved diagnostic and therapeutic strategies
for GDM.
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Results

Analysis of gene expression pattern differences in different datasets

In order to identify genes related to palmitoylation in GDM, the ssGSEA algorithm was used to calculate the
scores of PRGs in each sample of the GSE203346 dataset. Based on the median PRG score, samples with scores
greater than 6.176676 were classified into the high-score group, while those with scores lower than 6.176676
were classified into the low-score group. Then, we further explored the differentially expressed genes between
these two groups. In the GSE203346 dataset, the box plot analysis revealed significant differences between
groups stratified by the median PRG scores (P<0.05), which is consistent with the cross-validation results
(Supplementary Figure S1), indicating a potential association between palmitoylation and GDM progression
(Fig. la). Differential expression analysis identified 1,260 DEGs1, comprising 1,022 upregulated and 238
downregulated genes (Fig. 1b-c). Additionally, 445 DEGs2 were identified in the comparison between GDM and
control samples, including 272 upregulated and 173 downregulated genes (Fig. 1d-e).

Construction of the protein-protein interaction (PPI) network and identification of candidate
genes

To identify genes closely related to GDM, the protein-protein interaction relationships and functional
associations between the genes were further analyzed based on DEGs1 and DEGs2. The intersection of DEGs1
and DEGs?2 yielded 105 shared genes (Fig. 2a). Correlation analysis revealed significant positive correlations
among many intersection genes, including TYROBP, AQP9, BST2, and S100A6 (|cor| > 0.3, P<0.05). The top 10
genes with the strongest positive and negative correlations were visualized in a heatmap (Fig. 2b). Enrichment
analysis indicated that these genes were significantly associated with GO biological processes such as “defense
response to symbiont and virus,” “positive regulation of response to external stimuli,” and “cytokine-cytokine
receptor interaction” (Fig. 2c). KEGG pathway analysis further highlighted enrichments in pathways such as
the “NOD-like receptor signaling pathway” and the “Cytosolic DNA-sensing pathway” (Fig. 2d). A PPI network
was constructed, comprising 47 nodes and 102 edges, showcasing interactions among genes such as FCGR3B,
AQP9, CXCL10, and IFIT2 (Fig. 2e). Using the Degree algorithm, 22 candidate genes were identified, with three
additional genes ranked 20th included due to identical scores (Fig. 2f).
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Fig. 1. Differential expression analysis for genes associated with palmitoylation in GDM. (a) PRG scores of
the high and low score groups based on the median value in GDM (P <0.05). (b) Volcano plot showing 1,260
DEGsl between the high- and low-PRG score groups in GDM. (c) Heatmap of DEGs1 between the high- and
low-PRG score groups. (d) Volcano plot showing 445 DEGs2 between GDM and controls. (e) Heatmap of
DEGs2 between GDM and controls. PRGs, palmitoylation-related genes; GDM, gestational diabetes mellitus;
DEGs, differentially expressed genes.
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Fig. 2. Screening of candidate genes and analysis of functional enrichment. (a) Venn diagram showing

105 intersection genes by crossing DEGs1 and DEGs2. (b) Correlation heatmap of the top 10 intersection
genes exhibiting the highest positive and negative correlations. (c) GO pathway-gene network diagram of
intersection genes. (d) KEGG pathway-gene network diagram of intersection genes. (e) PPI network of the
intersection genes. (f) Top 20 candidate genes identified by the Degree algorithm (including 3 genes ranked
20th with identical degrees). DEGs, differentially expressed genes; PPI, protein-protein interaction; GO, Gene
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Analysis of the distribution patterns of biomarkers in chromosomes and subcellular

compartments

Based on 22 candidate genes, biomarkers associated with the progression of GDM were identified through
machine learning and expression validation. Further screening of the candidate genes using the xgboost and
randomForest algorithms identified 16 and 7 feature genes, respectively (Fig. 3a-b). The intersection of these
two sets yielded 7 candidate biomarkers (Fig. 3c). Among these genes, only MNDA, FCGR3B, and AQP9
exhibited consistent expression patterns in both the GSE203346 and GSE154414 datasets, and were significantly
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Fig. 3. Identification of biomarkers for GDM. (a) Histogram of 16 genes obtained using the XGBoost
algorithm. (b) Genes identified by the Random Forest algorithm. (c) Venn diagram showing 7 candidate
biomarkers by crossing the results of both machine learning algorithms. (d-e) Expression of the 7 candidate
biomarkers between the GDM and control groups in both the GSE203346 (d) and GSE154414 (e) datasets
(*P<0.05, **P<0.01, and ns; P>0.05). (f) Chromosomal localization of biomarkers. (g) Network map of the
top 10 tissues/organs with the highest expression of biomarkers identified by BioGPS. (h) Network maps of the
subcellular distribution of biomarkers.

upregulated in the GDM group compared to the control group (P<0.05). Therefore, MNDA, FCGR3B, and
AQP9 were validated as biomarkers for GDM (Fig. 3d-e). Chromosomal and subcellular localization, as well
as tissue expression, were then analyzed to examine the differences in the biomarkers across chromosomes,
cells, and tissues, to further explore their expression patterns. Chromosomal localization analysis revealed
that MNDA and FCGR3B are located on chromosome 1, while AQP9 is on chromosome 15 (Fig. 3f). Tissue
distribution analysis indicated that these biomarkers are present in various tissues and organs, including bone
marrow, CD14 + monocytes, and CD33 + myeloid whole blood (Fig. 3g). Subcellular localization analysis showed
distinct patterns: FCGR3B and AQP9 were localized to the plasma membrane, while MNDA was found in the
nucleus and cytosol (Fig. 3h).
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Construction of the nomogram model and validation of its predictive performance

To explore the predictive ability of biomarkers for the occurrence of GDM, a nomogram model was constructed
based on MNDA, FCGR3B, and AQP9 (Fig. 4a). The calibration curve validated the model’s predictive accuracy
(Fig. 4b), while the decision curve analysis indicated a positive net benefit, confirming its strong clinical utility
for GDM assessment (Fig. 4c).

Enrichment pathway of MNDA, FCGR3B, and AQP9

Pathway enrichment analysis provided further insights into biomarker-related mechanisms. GSVA revealed that
high-score groups for MNDA, FCGR3B, and AQP9 were enriched in pathways such as “spliceosome,” “RNA
degradation,” and “NOD-like receptor signaling pathway.” In contrast, low-score groups exhibited enrichment
in “ECM-receptor interaction,” “tyrosine metabolism,” and “regulation of autophagy” (Supplementary Figure
S2a-c). GSEA analysis indicated significant co-enrichment of these biomarkers in pathways including “Myc-
targets-v1l,” “INFa signaling via NFkB,” “interferon y response,” and “interferon a response” (Supplementary
Figure S1d-f). These results suggest that MNDA, FCGR3B, and AQP9 may influence GDM progression by

modulating cellular proliferation, metabolism, inflammatory responses, and immune-related pathways.

a

0 10 20 30 40 50 60 70 80 90 100
Points ‘ ‘ ‘ ! ‘ ‘
MNDA \ T \ \ \ \ \

5 55 6 6.5 7 7.5 8 8.5 9 95 10 105 11
FCGR3B ——— ‘ —

6 7 8 9 10 115
AQP9 — T :

11.5 10 9 8 7 6

Total Points y y ‘ y y y y ‘ ‘ T T

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140
Risk of GDM ' ' * *

0.4 0.5 0.6 0.7

b c

0.3 — GDM prediction nomogram B

Al 0.60 Hosmer-Lemeshow p=0.384
N B= 1000 repetitions, boot
024 - None Mean absolute error=0.062, n=41

’ > 0554
b= 5
£ 01 £

@ - S 050 |
2 g
©
0.0 \ <

0.45 |

-0.14 =
T 0.40 = 1 T ‘ \
04 0.5 0.6 0.7 0.40 0.45 0.50 0.55 0.60
Risk Threshold Predicted probability

Fig. 4. Nomogram model construction for GDM prediction. (a) Nomogram based on the expression levels of
MNDA, FCGR3B, and AQP?9 to predict GDM. (b) Calibration curve evaluation for the diagnostic potential of
the nomogram model. (¢) Decision curve analysis to assess the practical efficacy of the nomogram.
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Analysis of the correlation between biomarkers and the immune microenvironment in GDM
With a clear understanding of the functional background of the biomarkers, a more in-depth analysis was
conducted on their impact on the GDM immune microenvironment. Immune infiltration analysis demonstrated
that among 28 immune cell types, only eosinophil infiltration scores differed significantly between GDM and
control groups, with higher scores observed in the GDM group (P<0.05) (Fig. 5a). Correlation analysis revealed
significant positive associations between eosinophil infiltration and MNDA (cor=0.31, P=0.05), FCGR3B
(cor=0.34, P=0.03), and AQP9 (cor=0.38, P=0.01) (Fig. 5b-d).

Prediction of the molecular mechanisms of targeted biomarkers

To explore the potential regulatory mechanisms of biomarkers, miRNAs, IncRNAs, TFs, and SNPs targeting the
biomarkers were further predicted, and a molecular regulatory network was constructed. Prediction analyses
identified four key miRNAs and 122 key IncRNAs (Fig. 6a-b). A IncRNA-miRNA-mRNA regulatory network
was constructed, comprising 103 nodes and 126 edges. Within this network, SH3BP5-AS1 was found to regulate
AQP9 via hsa-miR-182-5p, hsa-miR-154-5p, and hsa-miR-330-3p (Fig. 6¢). Additionally, a miRNA-mRNA-TF
interaction network with 10 nodes and 9 edges and an SNP-miRNA-mRNA interaction network with 29 nodes
and 28 edges were established. Key relationships included hsa-miR-182-5p-AQP9-ELF5, rs765415194-hsa-miR-
610-AQPY, and rs771429781-hsa-miR-330-3p-AQP9 (Fig. 6d-e).

Drug prediction for targeted biomarkers

Based on the relatively clear molecular regulatory network of biomarkers, drugs targeting these biomarkers were
further predicted, providing new references for targeted therapy for GDM. Drug prediction analyses identified
several potential therapeutic agents targeting these biomarkers, including Physostigmine, Glycerin, Urea,
Flutamide, Prednisolone, and Alemtuzumab (Fig. 7a-c). Molecular docking revealed hydrogen bond formation
between GLN-12 of FCGR3B and Prednisolone (binding energy = -8.9 kcal/mol) and between LYS-77 of MNDA
and Physostigmine (binding energy = -6.0 kcal/mol) (Fig. 7d-f, Supplementary Table S1).

b

Immune Cell AQP9, Eosinophil
Cor=0.380, p=0.014

Group

B com
. Control

0.60-

0.55-

0.50-

Eosinophil 6 7 8 9 10 1

MNDA, Eosinophil
Cor=0.313, p=0.046

0.65-

0.501

0.50-

v 5 T i i v
10 12 6 7 8 9 10

Fig. 5. Relationship of immune cell infiltration with biomarker levels in GDM. (a) Immune score of
eosinophils between the GDM and control groups (*P <0.05). (b-d) Correlation between different biomarkers
and eosinophil infiltration: (b) AQPY; (c) FCGR3B; (d) MNDA.
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Expression evaluation of biomarkers

However, the above analyses were all based on bioinformatics methods. To further investigate the expression
levels of the biomarkers in GDM and control samples, RT-qPCR validation was performed on the biomarkers.
RT-qPCR analysis evaluated the expression levels of MNDA, FCGR3B, and AQP9 in GDM and control groups
(Shapiro-Wilk normality test results was showed in the Supplementary Figure $3). AQP9 exhibited a significant
upregulation in the GDM group, consistent with dataset findings (P=0.01). While MNDA (P=0.29) and
FCGR3B (P=0.70) showed similar trends to those in the dataset, their differences compared to the control group
were not statistically significant (Fig. 8a-c).

Discussion

GDM is a dysglycemic condition resulting from impaired insulin production and resistance during pregnancy,
adversely affecting both maternal and offspring health". Palmitoylation, a critical lipid modification of
membrane-associated proteins, has been implicated in glucose metabolism through multiple pathways®°. Sovio
et al. identified a palmitoylated metabolite from maternal serum at 28 weeks of gestational age, named lactosyl-
N-palmitoyl-sphingosine, which could strongly and independently predict GDM!'. Assessing changes in
biomarkers of placental tissue will help us understand disease progression, measure treatment effectiveness, and
predict future outcomes for pregnant women?’. However, its precise role in GDM pathogenesis remains unclear.

This study identified and validated three hub palmitoylation-related genes (PRGs)—MNDA, FCGR3B, and
AQP9—as potential biomarkers for GDM, proposing them as targets for screening and therapeutic intervention,
which would provide important insights into the role of palmitoylation in GDM pathogenesis.

Myeloid nuclear differentiation antigen (MNDA) is a stress-responsive factor predominantly localized in the
nucleus of neutrophils and monocytes?!. It has been recognized as a critical prognostic marker in hematological
diseases and certain lymphomas?2. Abnormal MNDA expression has also been associated with inflammatory
disorders, such as systemic lupus erythematosus®, primary Sjogren’s syndrome?, and chronic obstructive
pulmonary disease®. A cross-sectional study previously reported elevated expression of MNDA and other
inflammation-related genes in myeloid cells of patients with type 1 diabetes (T1D) compared to controls?.
In this study, MNDA was found to be overexpressed in the placental tissues of patients with GDM relative
to controls, as revealed by bioinformatics analysis. These results suggest that MNDA may contribute to GDM
progression by modulating inflammatory responses.

Fc-gamma receptors (FCGRs), expressed on immune effector cells, play key roles in immune-mediated
diseases. FCGR3B, primarily expressed on neutrophils, is crucial for clearing immune complexes, and its
deficiency can prolong inflammation by delaying neutrophil clearance, thereby promoting a proinflammatory
state?”-?8. Copy number variations (CNVs) of FCGR3B have been implicated in autoimmune conditions such
as systemic lupus erythematosus?, eosinophilic granulomatosis with polyangiitis*’, and rheumatoid arthritis*'.
Chen et al. identified FCGR3B among ten inflammation-related genes upregulated in GDM placental tissues,
contributing to macrophage polarization and placental inflammation®?. Consistent with these observations, this
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Fig. 7. Drug prediction and molecular docking. (a-c) Prediction of biomarker-targeted drugs with potential
therapeutic efficacy against GDM: (a) FCGR3B-prednisolone, (b) AQP9-urea, (¢) MNDA-physostigmine. (d-f)
Molecular docking complexes and hydrogen bonds: (d) FCGR3B with prednisolone; (e) AQP9 with urea; (f)
MNDA with physostigmine.

study demonstrated that FCGR3B is upregulated in both GDM datasets and clinical samples, underscoring its
pivotal role in GDM pathogenesis.

Aquaporins (AQPs) are transmembrane proteins that maintain water homeostasis across cells and tissues.
AQP9, predominantly expressed in adipose tissue and liver, regulates blood glucose and energy metabolism by
influencing key cellular processes such as gluconeogenesis and fatty acid synthesis®>. In placental tissue, AQP9
expression exhibits spatial and temporal specificity during pregnancy and has been implicated in pregnancy-
related disorders, including preeclampsia and GDM3*%. Marino et al. demonstrated that human chorionic
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Fig. 8. Expression levels of biomarkers in GDM and control groups. The expression levels of AQP9 (a),
FCGR3B (b), and MNDA (¢) (**P<0.01, ns; P>0.05).

gonadotropin increases AQP9 expression via cAMP pathways in preeclamptic placentas®. Similarly, Pérez-Pérez
et al. suggested that the PI3K/Akt/mTOR pathway regulates AQP9 expression in placental cells in response
to altered leptin and insulin levels in patients with GDM?¥. This study confirmed the upregulation of AQP9
expression in GDM placental tissues, supported by clinical data, suggesting a significant role for AQP9 in GDM
pathogenesis. Although the differences in MNDA and FCGR3B expression between the two group were not
clinically verified, both displayed expression trends similar to those observed in the dataset. It is assumed that
the relatively small sample size could be a factor contributing to the inconsistency of the results, and further
research with larger samples sizes is necessary to confirm our findings.

These genes have been proposed as potential screening and therapeutic targets for GDM. Previous studies
investigating the relationship between biomarkers and GDM generally focused on biomarkers from peripheral
blood samples taken at different gestational periods, with an emphasis on screening methodologies and
diagnostic criteria for GDM. In this study, the nomogram model incorporating MNDA, FCGR3B, and AQP9
demonstrated excellent predictive accuracy and clinical utility, highlighting these PRGs as reliable biomarkers
for GDM. However, although the biomarkers are mainly derived from the postpartum placenta, the value of this
model in predicting GDM risk is still debatable. Furthermore, the expression of biomarkers may change with the
progress and severity of the disease*®’. Therefore, differential expression analysis of PRGs in maternal serum at
different gestational ages and disease severities may be more effective in predicting GDM. This may be a major
part of our future research on the relation between palmitoylation and GDM.

Current research highlights several key pathways involved in GDM pathogenesis, including cell
proliferation, metabolism, and inflammatory and immune responses. Ji et al. reported that hyperglycemia in
GDM enhances autophagy and apoptosis in placental cells*’. Moreover, hyperglycemia-induced activation of
NLRP3 inflammasomes has been linked to placental inflammation, increasing the risk of metabolic diseases
and atherosclerosis in offspring?!. Elevated serum NLRP3 levels and its effector molecules have been associated
with adverse pregnancy outcomes in hyperglycemic women2. Animal studies have demonstrated that
targeting pathways such as NF-kB/NLRP3 and the NLRP3 inflammasome can mitigate metabolic disorders
and organ damage. For instance, tert-butylhydroquinone protects fetal kidneys by reducing oxidative stress
and modulating the INOS/NF-kB/TNF-a signaling pathway*?, while procyanidins improve insulin resistance
in GDM mouse models through the NF-kB/NLRP3 pathway*. In this study, enrichment analyses revealed that
MNDA, FCGR3B, and AQP9 are associated with immune- and inflammation-related pathways, emphasizing
their potential as therapeutic targets for managing GDM.

Recent research suggests that GDM represents a state of low-grade inflammation, characterized by altered
infiltration, differentiation, and activation of maternal immune cells in placental and visceral adipose tissues*>40,
In this study, the differences in the infiltration scores of 28 immune cells between the control and GDM groups
were compared, and only the eosinophilic infiltration scores were statistically different. However, the precise
role of eosinophils in GDM remains unclear. Yuan et al. demonstrated that eosinophils contribute to GDM-
associated macrosomia by releasing cytotoxic compounds, such as eosinophil cationic protein encoded by
RNASE3". Additionally, galectin-10, a cytoplasmic protein specific to eosinophils and implicated in various
eosinophilic disorders, was found to be significantly overexpressed in GDM placentas compared to controls?s.
Consistent with these findings, this study revealed elevated eosinophil infiltration in GDM placentas, with
significant positive correlations observed between eosinophil levels and the expression of MNDA, FCGR3B, and
AQP9. These results suggest that these three genes may regulate eosinophil function, potentially contributing to
the inflammatory pathogenesis of GDM.

Extensive studies highlight the critical regulatory roles of non-coding RNAs (ncRNAs), including microRNAs
(miRNAs), long non-coding RNAs (IncRNAs), and circular RNAs, in the development and progression of
GDM and its associated complications**. Sebastiani et al. reported elevated miR-330-3p levels in the plasma
of patients with GDM, demonstrating that overexpression of miR-330-3p reduces fasting insulin levels by
inhibiting E2F1 and CDC42, key regulators of B-cell growth and proliferation. Notably, the high miR-330-3p
subgroup exhibited a higher caesarean section rate compared to the low miR-330-3p subgroup®'. Conversely,
another study found that miR-330-3p expression was significantly elevated in patients with GDM who
underwent spontaneous delivery®2. Weale et al. showed that miR-182-5p is downregulated in T2DM compared
to prediabetic individuals® and further decreases with disease progression®. Although few studies have explored
the link between IncRNAs and GDM, some observational studies have revealed distinct expression patterns. For
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example, patients with GDM exhibited increased expression of IncRNAs MALAT1 and MEG3, while PVT1
expression was reduced, suggesting their involvement in GDM pathogenesis®>*®. Additionally, HCP5, a IncRNA
highly expressed in GDM, was reported to suppress insulin secretion, with significant implications for long-term
metabolic outcomes®’. LncRNA-associated feedforward loops (Inc-FFLs), formed through interactions among
genes, miRNAs, and their shared target IncRNAs™, have been widely implicated in biological processes and
various diseases®”®. Fu et al. constructed a global Inc-FFL network, identifying strong associations between
hormone-related Inc-FFLs and abnormal glucose metabolism in GDM®!. SH3BP5-AS1 is a significant IncRNA
that has been explored in cancer research but has not been previously evaluated in the context of GDM®*%.

This study is the first to establish a link between SH3BP5-AS1 and GDM, showing that SH3BP5-AS1
regulates AQP9 through interactions with hsa-miR-182-5p, hsa-miR-154-5p, and hsa-miR-330-3p, which could
be a new horizon in investigating the pathogenesis of GDM in terms of palmitoylation. These findings suggest
that SH3BP5-AS1 could serve as a novel therapeutic target for GDM. Furthermore, molecular docking and drug
prediction analyses identified prednisolone, physostigmine, and urea as potential therapeutic agents for GDM,
offering promising avenues for targeted treatment.

Due to the particularity of GDM patients, the therapeutic choices should be more cautious and individualized.
Clinically, insulin and metformin were both part of the medication regimen for GDM. Molecular docking is
commonly applied in the fields of drug design and screening, leading to the identification of novel therapeutics
with improved efficacy, specificity, and safety profiles®*%. Sarvesh found that luteolin and naringenin chalcone
had strong binding affinities and stable interactions to the target protein AKT1 via molecular docking, suggesting
that they may effectively modulate key pathways in GDM®. Similarly, we explored drugs targeting these potential
biomarkers based on databases. The binding of the drugs to biomarkers was simulated using molecular docking.
Our findings present a possible novel therapy for the treatment of GDM patients. As we know, prednisolone is
a glucocorticoid used for anti-inflammatory, immunosuppressive, and vasoconstrictive effects clinically. While
physostigmine is a reversible acetylcholinesterase inhibitor and widely used in the treatment of glaucoma to
reduce intraocular pressure. Urea is used exclusively for the treatment of skin lesions. None of these three drugs
are used to treat hypoglycemia. In this study, results of molecular docking and candidate drug analysis indicated
that they might be potential candidate agents for the treatment of GDM via palmitoylation-related biomarkers.
Our findings present a possible novel therapy for the treatment of GDM patients. The feasibility and efficacy of
targeted drugs require further validation through in vitro and in vivo experiments.

Strengths and limitations

In this study, 3 biomarkers (MNDA, FCGR3B and AQP9) significantly related to GDM were successfully
identified and their molecular mechanisms were deeply analyzed, providing preliminary evidence for targeting
these biomarkers in the treatment of GDM. However, the results may not be representative of the broader
population or different subgroups due to limitations in sample size and type. Due to the exploratory nature of
this study, the sample size was limited. Despite the application of multiple bioinformatics analysis methods and
the exclusion of confounding disease factors, this study has only preliminarily identified differential expression
in three genes, with clinical validation failing to fully replicate the bioinformatics findings. Moreover, the
investigation was limited by its focus on placentas from patients diagnosed with gestational diabetes mellitus
(GDM), which restricted the predictive value for GDM onset. Sovio et al. leveraged data from the Pregnancy
Outcome Prediction (POP) study, demonstrating that maternal serum metabolites at 12 and 20 weeks of gestation
hold clinical potential for screening and predicting the progression to GDM!3. Optimal timing for screening
(preferably before 20 weeks of gestation) and the selection of appropriate specimens (such as maternal peripheral
serum) are thus more clinically significant for GDM prediction. In the future, we will design a larger prospective
study to validate the expression of biomarkers at different trimesters of pregnancy, in order to further analyze
their potential use as predictive biomarkers for GDM.

Conclusion

This study is the first to identify palmitoylation-associated biomarkers in GDM using bioinformatics analysis,
with validation through RT-qPCR. Further exploration highlighted potential pathways involving these
biomarkers that may contribute to the etiology of GDM, offering critical insights for identifying effective
therapeutic targets. However, additional clinical and experimental research is essential to validate these findings
and elucidate the underlying mechanisms. Future investigations will continue to focus on these biomarkers to
deepen our understanding of GDM pathogenesis and develop targeted therapeutic strategies.

Methods

Data extraction

GDM-related datasets, namely GSE203346 and GSE154414, were utilized in this study, obtained from the GEO
database (http://www.ncbi.nlm.nih.gov/geo/). The GSE203346 dataset, serving as the training set, consisted of
placental samples from 21 GDM and 20 control participants, with sequencing performed on the GPL24676
platform. The GSE154414 dataset, sourced from the GPL20301 platform, included placental samples from 4
GDM and 4 control groups. Additionally, 30 PRGs were gathered from published literature, comprising 23 genes
involved in palmitoylation and 7 genes associated with de-palmitoylation®.

Differential expression analysis

To identify genes associated with palmitoylation in GDM, the single-sample gene set enrichment analysis
(ssGSEA) algorithm from the GSVA package (v 1.46.0)” was used to calculate scores for each sample, using
PRGs as the background gene set across all samples in the GSE203346 dataset. Based on the median score,
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GDM samples were categorized into high and low-score groups, with comparisons made between the two
groups (P<0.05). Furthermore, to further validate the rationality of the grouping between high and low score
groups, stratified division was performed using the createFolds function from the caret package (v 6.0-94)%.
A 5-fold stratified cross-validation was conducted to assess the differences between the high and low score
groups (P<0.05). Differential expression analysis was conducted using the DESeq2 package (v 3.4.1)® to
identify differentially expressed genes (DEGs1) related to palmitoylation in GDM, with a significance threshold
of |log2 fold change (FC)| > 0.5 and P<0.05. Similarly, DEGs2 were identified between GDM and control groups
within the GSE203346 dataset, using the same analytical approach and significance thresholds. Volcano plots
and heatmaps were generated to visualize these DEGs using the ggplot2 (v 3.3.2)”° and ComplexHeatmap (v
2.14.0)7! packages.

Characterization of candidate genes

The intersection of DEGs1l and DEGs2 was identified using the ggvenn package (v 0.1.9)72 highlighting
genes associated with both palmitoylation and GDM for further investigation. Spearman correlation analysis,
performed using the psych package (v 2.2.9)7%, explored correlations between pairs of intersection genes, with a
threshold of |correlation coefficient (cor)| > 0.3 and P<0.05. To investigate the potential biological functions and
pathways of the intersection genes, Gene Ontology (GO) biological function annotation and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment analyses’”¢ were conducted using the clusterProfiler
package (v 4.7.1.003)”7, with P<0.05. GO terms included biological process (BP), cellular component (CC), and
molecular function (MF). Additionally, a protein-protein interaction (PPI) network was constructed using the
STRING database (https://string-db.org/) with a confidence threshold of > 0.4, and the data were visualized using
Cytoscape software (v 3.9.0)7%. Finally, the intersection genes were further screened using the Degree algorithm
from the cytohubba plugin in Cytoscape software. Nodes within the PPI network were ranked according to their
degree centrality values, with the top 20 genes selected as candidate genes for subsequent analyses.

Identification of biomarkers

In this study, two machine learning algorithms, randomForest and xgboost, were applied to further screen
candidate genes within the GSE203346 dataset. Specifically, the xgboost package (v 1.7.3.1)”° was utilized to
implement the xgboost algorithm, which identified feature genes by assessing their contribution to model
accuracy and selecting candidate genes based on the Gini index. Similarly, the randomForest algorithm,
executed using the randomForest package (v 4.7.1.1)%, identified feature genes by evaluating their impact on
model accuracy and significance. To refine the selection, intersection analysis of candidate genes based on the
top 10 MeanDecreaseAccuracy and MeanDecreaseGini scores further facilitated the identification of feature
genes. By overlapping the two sets of feature genes, candidate biomarkers were obtained. The expression of these
candidate biomarkers between the GDM and control groups in both the GSE203346 and GSE154414 datasets
was compared using the Wilcoxon test. Candidate biomarkers that demonstrated consistent expression patterns
across both datasets and significant differences between the groups (P <0.05) were designated as palmitoylation-
associated biomarkers in GDM.

Distribution of biomarkers

In order to further investigate the biological functions of biomarkers, analyze the interactions between
genes, and understand their roles in cellular functions, chromosome mapping analysis of the biomarkers was
conducted. To visualize the chromosomal location of these biomarkers, the RCircos package (v 1.2.2)%! was
employed. Subsequently, through tissue expression, the expression patterns of different biomarkers in tissues
were further analyzed. Biomarker information was imported into the biology gene portal services (BioGPS) (ht
tp://biogps.org) to obtain data on their distribution across relevant tissues. The tissue distribution data for each
biomarker were then imported into Cytoscape software to construct a network map, illustrating the relationships
between tissues and biomarkers, with the top 10 tissues/organs exhibiting the highest gene expression selected
for the map. Finally, through subcellular localization analysis, the specific location of biomarkers within the
cell was determined, which helped to understand the localization characteristics of different biomarkers and
further analyze their distinct roles within the cell. For subcellular distribution information, the biomarkers
were imported into the Genecards database (https://www.genecards.org/), with subcellular distribution data
selected at a confidence level of 5, and used to generate network maps depicting associations between subcellular
locations and biomarkers in Cytoscape.

Development and validation of the nomogram

To predict the likelihood of GDM development based on the biomarkers, a nomogram was constructed using
the rms package (v 6.7.1)% in the GSE203346 dataset. Biomarker expression levels in the samples were scored,
and the sum of these scores represented the total points, which were used to predict the probability of GDM. A
higher total score corresponded to a higher likelihood of developing GDM. The accuracy and applicability of
the nomogram model were evaluated using calibration curves and decision curves, which were generated with
the Predict ABEL (v 1.2.4)% and ggDCA (v 1.2)8 packages, respectively, further validating the model’s predictive
power.

Functional and annotation analyses

The biomarker enrichment scores for each sample in the GSE203346 dataset were calculated using the ssGSEA
algorithm from the GSVA package, based on the expression matrix of biomarkers in both the GDM and control
groups. Samples were then classified into high and low expression groups according to the median enrichment
score. Differences in significant enrichment pathways between the two groups were compared using the limma
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package (v 3.42.2)%, with significance defined as P<0.05 and |t| > 2. The background gene set used for the
analysis was “c2.cp.kegg.v2023.1.Hs.symbols.gmt” from the Molecular Signatures Database (MSigDB) (http://s
oftware.broadinstitute.org/gsea/msigdb).

The clusterProfiler package was used to perform Gene Set Enrichment Analysis (GSEA) in the GSE203346
dataset to identify signaling pathways associated with biomarkers in GDM. Spearman correlation analysis was
conducted using the psych package to examine the relationships between biomarkers and all genes in the dataset,
followed by sorting of genes based on their correlation coeflicients. The background gene set for GSEA was
selected from MSigDB, specifically “h.all.v2022.1.Hs.entrez.gmt” Multiple test correction was applied using
the Benjamini and Hochberg methods to adjust P-values. The screening criteria for significance were set at
Padjust<0.05, false discovery rate (FDR) <0.25, and |normalized enrichment score (NES)| > 1. Visualization of
results was conducted using the enrichplot package (v 1.18.3)3¢.

Immune infiltration analysis

To assess immune cell infiltration, 28 immune cell profiles®” were obtained from the TISIDB (an integrated
repository portal for tumor-immune system interactions) database (http://cis.hku.hk/TISIDB/). These data
were analyzed using the ssGSEA algorithm in the GSVA package. The differences in infiltration scores of the 28
immune cells between the high and low expression groups were compared using the Wilcoxon test (P<0.05).
Additionally, Spearman’s correlation analysis was employed to examine the relationships between differential
immune cell infiltration and the biomarkers, with a correlation coefficient threshold of |cor| > 0.3 and P<0.05.

Establishment of molecular regulatory networks

Molecular regulatory networks were constructed to further investigate the mechanisms underlying biomarkers.
Initially, miRNAs associated with biomarkers were identified using the miranda (http://www.microrna.or
g/microrna/home.do) and miRDB (http://mirdb.org/) databases through the multiMiR package (v 1.20.0)%.
The miRNAs predicted by both databases were intersected to obtain key miRNAs. Next, upstream regulators,
specifically long non-coding RNAs (IncRNAs) of these key miRNAs, were predicted using the LncACTdb (http:
//bio-bigdata.hrbmu.edu.cn/LncACTdb) and miRNet (https://www.mirnet.ca/miRNet/home.xhtml) databases.
The predicted IncRNAs from both databases were then intersected to identify key IncRNAs. Consequently,
a IncRNA-miRNA-mRNA regulatory network, comprising biomarkers, key miRNAs, and key IncRNAs, was
constructed.

The NetworkAnalyst website (https://www.networkanalyst.ca) was employed to analyze miRNA databases
and predict interactions between miRNAs and biomarkers using the TargetScan (https://www.targetscan.org/ve
rt_80/) and miRDB databases. Interactions between biomarkers and transcription factors (TFs) were predicted
based on the JASPAR database (https://jaspar.elixir.no/). The resulting prediction data were imported into
Cytoscape software for visualization of the miRNA-mRNA-TF network.

To explore the association between single nucleotide variants (SNPs) and biomarkers, the miRNASNP-v3
database (https://guolab.wchscu.cn/miRNASNP/) was used to predict SNPs in the miRNA seed region, based
on the miRNAs incorporated into the miRNA-mRNA-TF network. This analysis aimed to clarify how SNPs
within the miRNA seed region influence their binding to the 3’ UTR region of biomarkers. A curated list of
SNP-miRNA-mRNA combinations was subsequently generated by selecting relevant biomarkers. Finally, an
interaction network encompassing these relationships was constructed.

Drug prediction and molecular Docking analyses

To identify potential small-molecule drugs for GDM therapy, biomarkers were queried in the Genecards
database (https://www.genecards.org/) to explore approved drugs with potential therapeutic efficacy against
GDM. One drug for each biomarker, predicted to be a potential therapeutic, was selected for molecular docking
to examine the protein-drug interaction patterns. Two-dimensional molecular structural formulas of the drugs
were obtained from the PubChem database (https://pubchem.ncbi.nml.gov), while key protein structures
were retrieved from the Protein Data Bank (PDB) database (https://www.rcsb.org/). Molecular docking was
performed using AutoDock Vina (v 1.2.2)%, and the resulting conformations with the lowest binding energies
and capable of forming hydrogen bonds were visualized using PyMol (v 3.3.0)°". Docking scores below — 5 kcal/
mol were considered indicative of strong binding affinity between compound-target pairs, and complexes that
established critical hydrogen bonds were expected to demonstrate enhanced biological activity.

Reverse transcription-quantitative polymerase chain reaction (RT-qPCR)

To further validate the results of the public database analysis, five GDM placental tissue samples were collected
from The Third Affiliated Hospital of Zhengzhou University, with control placental samples obtained from five
healthy individuals (Supplementary Table S2). The study excluded pregnant women with asthma, smokers, and
those with other maternal or fetal conditions, including hypertension, preeclampsia, and placenta praevia. These
tissue samples were used for RT-qPCR analysis. The study received approval from the Medical Ethics Committee
of The Third Affiliated Hospital of Zhengzhou University (approval code: 2023-239-01), and informed consent
was obtained from all patients. Total RNA from the 10 samples was isolated using TRIzol (Ambion, Austin, USA)
following the manufacturer’s instructions. Total RNA was reverse transcribed into cDNA using the SureScript
First-strand cDNA synthesis kit (Servicebio, Wuhan, China) as per the manufacturer’s guidelines. QPCR was
performed using the 2x Universal Blue SYBR Green qPCR Master Mix (Servicebio, Wuhan, China), and primers
used for PCR are listed in Supplementary Table S3. Notably, the Shapiro-Wilk normality test was used to further
analyze whether the data followed a normal distribution (p >0.05, indicating normal distribution), and a Q-Q
plot was generated to visualize the results. Expression levels were normalized to GAPDH and calculated using
the 2724 method®!.
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Statistical analysis
Data analysis was performed using R software (v 4.2.2), with the Wilcoxon test used to assess differences between
groups. A P-value of less than 0.05 was considered statistically significant.

Data availability

The datasets analysed during the current study are available in the [GEO] repository, [http://www.ncbi.nlm.nih
.gov/geo/, GSE203346/GSE154414]; [Genecards database] repository, [https://www.genecards.org/]; [PubChem
database] repository, [https://pubchem.ncbi.nml.gov] and [Protein Data Bank (PBD) database]repository,
[https://www.rcsb.org/]
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