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ABSTRACT: Type 2 diabetes mellitus (T2DM) has led to a considerable increase pataBase
in morbidity and mortality worldwide. Current treatments control blood glucose l:l

but cannot reverse the disease, making it important to identify biomarkers that
predict T2DM onset and progression. This study explores heme oxygenase
1(HMOX1) as a novel biomarker for T2DM through bioinformatics and
experimental validation. Core differentially expressed genes (DEGs) were identified
using the Gene Expression Omnibus database, with Gene Ontology, Kyoto It
Encyclopedia of Genes and Genomes, and Gene Set Enrichment Analysis analyses @ @ @
revealing notable pathways, including Toll-like receptor signaling and cytokine

receptor interactions. A Nomogram model and receiver operating characteristic il
curves demonstrated strong diagnostic effectiveness for these core DEGs. The >

CIBERSORT algorithm assessed the relation between core DEGs and immune cell

infiltration, showing substantial associations with several immune cell types,

particularly highlighting HMOX1’s correlation with eight immune cells (p < 0.05). In a mouse model, db/db mice displayed typical
diabetic characteristics and lower serum HMOXI1 levels compared to db/m controls (p < 0.01). Histological analysis confirmed liver
damage and decreased expression of NFE2L2 and HMOX1 in diabetic mice tissues (p < 0.05). HMOXI is identified as a promising
biomarker for T2DM, with its downregulation confirmed through bioinformatics and experimental methods.

1. INTRODUCTION various fields;'® for instance, markers like EIF4G1'' and

Type 2 diabetes mellitus (T2DM) has emerged as a notable NUSAPI'? have been associated with cancer progression, while

global health challenge, characterized by increasing incidence
and mortality rates.’ While mortality from certain non-

other specific proteins, such as p-tau231, are emerging as
potential indicators of neurodegenerative diseases such as

communicable diseases, such as chronic respiratory ailments Alzheimer’s Disease.”” Biomarkers signify early events in
and cardiovascular diseases, has declined, diabetes-related disease initiation and can serve as predictive indicators.
deaths have steadily increased from 2000 to 2019.” The Establishing the links between disease and biomarkers enables
“World Health Statistics 2023” report by the WHO indicates early detection and prognosis.
that T2DM now ranks among the leading causes of disability- Traditional biomarkers for diagnosing T2DM generally
adjusted life years, particularly in the Americas, where it has include blood glucose, glycosylated hemoglobin, and insulin
surpassed stroke.’ function.'* However, they are of limited use in risk assessments
The etiology of T2DM is multifaceted, encompassing for early diabetes and complications due to high false-positivity

genetic predispositions, lifestyle factors, and psychosocial 15-17

and complex testing that precludes large-scale screening.
influences.” Current therapeutic options include oral medi-

) : ) e Recent research has focused on identifying new biomarkers

cations ,hke, nlqetforml.n, sqlfonylureas, and DPP4 1nh}b1t05£s7, with clinical value in T2DM to improve early diagnosis,
along with injectable insulin and GLP1 receptor agonists.
While these interventions effectively control blood glucose
levels, they do not reverse the underlying progression of
diabetes, especially in later stages. This limitation underscores
the need for reliable biomarkers that can predict the onset of
T2DM and facilitate early intervention strategies.

Biomarkers are measurable indicators at the molecular or
cellular level that provide insights into disease processes and
enhance risk assessment strategies.”” Their applications span

treatment, and disease monitoring,
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Figure 1. Research framework for T2DM biomarkers.
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Heme Oxygenase 1 (HMOXI1) catalyzes the oxidative
degradation of heme groups in hemoglobin, myoglobin, and
cytochrome p450. It and its enzymatic products have anti-
inflammatory functions and regulate homeostasis, immune
function, and host defense.'® Inflammation has evolved into a
key determinant of diabetes and its major complications.
Persistent hyperglycemia causes metabolic, vascular, and nerve
damage, leading to vascular and neurological complications.lg
On the one hand, oxidative stress-induced damage to
pancreatic f-cells and target tissues can be alleviated by
HMOX1 through its antioxidant effects, thereby contributing
to the maintenance of pancreatic function and the improve-
ment of insulin sensitivity.”” On the other hand, a significant
role of HMOX1 has been identified in the regulation of
immune cell function and inflammatory responses. Studies
have suggested that macrophage phenotypes within tissues can
be modulated by HMOXI, leading to a decrease in tumor
necrosis factor-a and interleukin-6 levels in inflammatory
diseases.”’ Furthermore, the upregulation of HMOX1 has been
suggested to contribute to the improvement of the chronic
inflammation in T2DM.”> HMOXI1 binds nuclear factor
erythroid 2-related factor 2 (NFE2L2) in response to oxidative
damage and participates in the restoration of cellular
homeostasis via the AKT/NFE2L2 pathway, reducing the
expression of inflammatory factors while inducing the
expression of anti-inflammatory, antioxidative, and proangio-
genic factors.”>~>° Given the close relationship between
HMOX1 and T2DM, coupled with its significant role in
oxidative stress and inflammatory responses, the potential of
HMOX1 as a biomarker for T2DM is emphasized. The
expression level of HMOX1 may reflect the status of oxidative
stress and inflammation severity in T2DM patients, thereby

providing a potential approach for early diagnosis, monitoring
disease progression, and assessing treatment response.

Herein, we report our investigation of HMOXI1 as a novel
biomarker for T2DM through a combination of bioinformatics
analysis and empirical validation. Core differentially expressed
genes (DEGs) associated with T2DM were identified via the
Gene Expression Omnibus (GEO) database. Gene Ontology
(GO), Kyoto Encyclopedia of Genes and Genomes (KEGG),
and Gene Set Enrichment Analysis (GSEA) revealed
substantial associations with inflammatory pathways, and a
nomogram model combined with receiver operating character-
istic (ROC) curves was used to assess the diagnostic accuracy
of the core DEGs. These in silico studies were followed by
validation studies in animal experiments. We discuss these
results and the potential utility of HMOX1 as a biomarker for
predicting the onset of T2DM (Figure 1).

2. MATERIALS AND METHODS

2.1. Data Set Construction. To improve the general-
izability of the study, we combined multiple data sets, known
as cohorts A, B, and C. The data sets originated from the GEO
(https://Www.ncbi.nlm.nih.gov/geo/). Cohort A (GSE7014)
comprises 6 normal and 20 disease samples, cohort B
(GSE28829) comprises 13 normal and 16 disease samples,
and cohort C (GSE43292) comprises 32 normal and 32
disease samples. The data sets produced platform files that
converted probes into gene symbols for analysis.

2.2. ldentification of DEGs. DEGs between the
experimental and control groups were identified using the
limma package in R software (version 4.3.0) to screen cohorts
A, B, and C. First, the data were processed by log2 (x + 1)
transformation and normalization using the “normalizeBetwee-
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nArrays” function. The filtering threshold of cohorts A and B
was llog FCl > 1, with adj-p-value <0.01. For cohort C, the
filtering condition was llog FCl > 1, and adj-p-value <0.05.
Volcano plots were generated using the ggplot2 package. The
x-axis of the volcano plot represents log2 fold change
(log 2FC) in gene expression. Positive and negative log 2FC
values represent upregulation and downregulation, respec-
tively.

2.3. Hub Genes Determination and PPl Network
Construction. We initially used the “VennDiagram” package
in R software to identify common genes among DEGs in each
cohort to identify the difference-related hub genes. The
protein—protein interaction (PPI) network for the hub genes
was constructed using the STRING database with the
minimum required interaction score set at 0.4. Network
visualization was performed in Cytoscape. In the PPI network,
nodes represent hub genes, and the edges represent the
relationships between hubs. Degree, an important topological
parameter, was analyzed using the CytoHubba plugin within
Cytoscape to evaluate network centrality and identify the hub
genes. A greater degree correlates with a greater hub
importance.

2.4. GSEA. GSEA was utilized to investigate the potential
mechanisms of core genes and examine whether each core
gene was enriched in significant biological processes. GSEA is a
widely used computational method for determining whether
genes differ significantly between biological states. T2DM
patients were categorized into high-risk and low-risk groups
based on median risk scores. We used the “clusterProfiler”
package to perform GSEA analysis on the core high- and low-
expression genes. The gene sets ¢5.go.v7.4.symbols.gmt and
c2.cp.kegg.v7.4.symbols.gmt were selected as the reference sets.
Functional or pathway terms with p-values <0.05 were deemed
statistically significant, and plots were generated using
“gseaplot.”

GO functions and KEGG pathway analyses were performed
on the core gene set, and an enrichment analysis network was
constructed using Metascape. The enrichment results were
visually represented using ggplot2.

2.5. Construction of the Risk Prediction Model for
T2DM. To explore the influence of genes on patient survival
outcomes, ROC curves were constructed using the “ROC”
package to evaluate the effectiveness of the model as a
diagnostic criterion. The prognostic ability and effectiveness of
the model were measured by calculating the area under the
ROC curve (AUC). AUC > 0.5 is considered statistically
significant.

To explore the prognostic role of the core genes, a
nomogram model was built using the “rms” package to predict
the risk of T2DM. Harrell’s concordance index was used to
evaluate the model performance of the nomogram. The
correlation between genes and overall survival (OS) was
determined using regression models. Furthermore, calibration
curves demonstrated the predictive accuracy of OS.

2.6. Immune Cell Analysis of the Risk Prediction
Model. To explore the role of immune cells in T2DM, the
CIBERSORT algorithm was used to evaluate the infiltration
levels of 22 immune cell types, including dendritic cells,
macrophages, neutrophils and B cells. CIBERSORT, a
deconvolution algorithm based on standardized gene ex-
pression profiles, can be used to quantify immune cell
composition, greatly expanding the potential utility of genomic
databases.

Assessing immune cell expression levels against the
prognostic model by correlation analysis revealed significant
predictive strength in T2DM. The relationships between the
prognostic model and immune cell expression were depicted
using the “limma,” “ggpubr,” and “ggExtra” packages.

2.7. Experimental Animal Preparation. Ten C57BLKS/
J-LepR(db/db) mice with genetic T2DM and 10 healthy
controls (db/m), aged 8 weeks, were purchased from Beijing
Viewsolid Biotechnology (Beijing, China). All mice were
maintained under standard conditions of maintenance diet,
room temperature (20—25 °C), relative humidity 45—55%,
and 12-h light/dark cycle. After 12 weeks, the mice were
sacrificed, and tissue and blood samples were collected.

All animal procedures were approved by the Institutional
Animal Ethics Committee (Approval No: VS2126A-00143).
Animal use and care were performed per the Guide for the
Care and Use of Laboratory Animals.

2.8. Related Indicators. 2.8.1. Body Weight. After 1 week
of acclimatization, the mice were weighed on an electronic
balance (BW). From the start of feeding, BW was recorded
every 2 weeks.

2.8.2. Fasting Blood Glucose. Mice were fasted for 12 h in
advance, and fasting blood glucose (FBG) levels were
measured using an active-type glucometer (CONTOUR
PLUS) after blood collection from the tip of the tail using a
disposable blood sampling needle. Measurements were made
every 2 weeks.

2.8.3. Blood Biochemistry. Blood was collected from the
eye after the animals were anesthetized. After being left to
stand at room temperature for 2 h, the serum was obtained by
centrifugation at 1500g, 4 °C for 15 min. Serum glucose, total
cholesterol (TC), and triglyceride (TG) levels were measured
using a fully automated biochemical analyzer and commercial
reagents. Serum fasting insulin (FINS), high-density lip-
oprotein-cholesterol (HDL-C), low-density lipoprotein-choles-
terol (LDL-C), glycosylated hemoglobin (HbAlc), and heme
oxygenase (HMOX1) were detected using ELISA kits. Insulin
resistance (IR) was assessed using the HOMA-IR model as
follows

FBG (mmol/L) X FINS (zU/mL)
22.5

2.8.4. Histopathology and Immunohistochemical Stain-
ing. Fresh liver tissues were fixed in 4% paraformaldehyde for
48 h and then dehydrated with gradient ethanol. The tissues
were paraffin-embedded after being transparentized with
xylene and soaked in wax for 4 h. The embedded tissues
were sectioned (4 um) on a microtome. The sections were
spread on glass slides in warm water (40 °C), oven-dried (60
°C), and stored at room temperature.

The sections were soaked in xylene and deparaffinized in
gradient ethanol to water for H&E staining. The sections were
stained with Harris hematoxylin for 10 min, differentiated in
1% hydrochloric alcohol for 10 s, and returned to blue in 0.6%
ammonia, with running water washes between each step. The
sections were stained in eosin for 3 min, dehydrated with
gradient ethanol, dried in xylene, and sealed with neutral gum.

Paraffin sections were deparaffinized with xylene and
gradient ethanol to water and then immersed in antigen repair
buffer in EDTA by microwave heating. After washing with
PBS, 3% hydrogen peroxide solution was added dropwise and
blocked at room temperature for 25 min. The sections were
incubated with 3% BSA for 30 min at room temperature,

HOMA-IR =
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followed by dropwise addition of primary antibody NFE2L2
(1:200, Bioss) and HMOX1 (1:400, ABclonal) diluted with
3% BSA overnight at 4 °C. The corresponding secondary
antibodies were added and incubated for 50 min at room
temperature. Next, DAB was added dropwise to the sections
for color development, and hematoxylin was counterstained for
10 min, followed by dehydration, transparency, and sealing.
Nuclei were stained blue, and positive protein expression is
indicated by tan stain.

Sections were observed by light microscopy, and 3—35 fields
of view were randomly recorded.

2.8.5. Quantitative Real-Time Polymerase Chain Reaction
(qPCR). Total RNA from mice liver tissue was extracted using
TRIzol reagent, and concentration/purity was measured
spectrophotometrically. The mRNA was reverse-transcribed
into cDNA using a kit, and qPCR was performed on a CFX
Connect thermal cycler (Bio-Rad). The reaction conditions
consisted of an initial incubation at 95 °C for 30 s, followed by
40 cycles of 95 °C for 10's, 56 °C for 30 s, and 72 °C for 30 s.
The melting curve analysis was performed under the
conditions of 95 °C for 15 s, 60 °C for 60 s, and 95 °C for
15 s. The relative expression level of the target gene was
calculated using the 2-AACt method with GAPDH as a
reference. The primers were synthesized by SANGON Biotech
(Table 1).

Table 1. Primer Sequences

amplicon
primer sequence (5'—3") length  size (bp)
NFE2L2 F: 23 140
TCTTGGAGTAAGTCGAGAAGTGT
R: GTTGAAACTGAGCGAAAAAGGC 22
HMOX1 F: AAGCCGAGAATGCTGAGTTCA 21 100
R: 20
GCCGTGTAGATATGGTACAAGGA
GAPDH  F: AGGTCGGTGTGAACGGATTTG 21 123
R 23

TGTAGACCATGTAGTTGAGGTCA

2.8.6. Western Blot Analysis. Liver tissue samples (100 mg)
were minced, lysed, and ground in a precooled ball mill. After
centrifugation at 4 °C and 14,000g for S min, the supernatant
was isolated, and the protein concentration was determined
using the BCA method. Protein loading buffer (5X) was added
and heated in a 100 °C water bath for 10 min. The proteins
were separated by SDS—PAGE and transferred to a PVDF
membrane. After blocking in 5% BSA for 2 h at room
temperature, the membrane was incubated overnight incuba-
tion with primary antibodies NFE2L2 (1:5000, ABclonal),
HMOXI1 (1:1000, Zenbio), GAPDH (1:10,000, Proteintech)
diluted with 3% BSA at 4 °C. The membrane was washed and
then incubated with the corresponding secondary antibodies
HRP-Goat antirabbit and HRP-Goat antimouse (1:50,000,
Seracare) diluted with 3% BSA at room temperature for 2 h.
The developing solution was added dropwise, and the
membrane was exposed on a photoimager. Signal intensity
was quantified using Image] and normalized to GAPDH.

2.9. Statistical Analysis. Statistical analysis and visual-
ization for the bioinformatics analysis were carried out using R
software (version 4.3.2). SPSS 26.0 was used for statistical
analysis. Data are presented as means + standard errors.
Univariate analysis was used for comparisons between multiple
groups. The two-sample independent ¢ test was used for

paired-group comparisons. P < 0.05 was considered statistically
significant.

3. RESULTS
3.1. Identification of Core DEGS for T2DM. Differential

gene analysis was conducted using three T2DM data sets from
the GEO database. In cohort A, 4944 genes showed significant
differences between normal and disease samples (adj-p-value
<0.01, llog FCI > 1), with 2787 genes downregulated and 2157
genes upregulated (Figure 2A). Cohort B comprised 29
samples, with 174 DEGs between normal and disease groups
(adj-p-value <0.01, llogFCl > 1), consisting of 27 down-
regulated and 147 upregulated genes (Figure 2B). Cohort C
comprised 110 DEGs (adj-p-value <0.05, llog FCl > 1),
comprising 56 downregulated and 54 upregulated genes
(Figure 2C). Differentially expressed genes from cohorts A,
B, and C were intersected using the “VennDiagram” package,
resulting in a total of 15 common DEGs: CCR1, ACPS, NPL,
CNTN4, NEXN, CHI3L1, CNNI1, AQP9, IGHM, RGSI,
CASQ2, MYOCD, MMRN1, CD163, and HMOX1 (Figure
2D). The STRING database was then used to construct a PPI
network. Genes with mutual connections were retained,
including CHI3L1, CD163, CCR1, AQP9, HMOX1, CNN1,
MYOCD, CASQ2, and NEXN. PPI network analysis (Figure
2E) revealed nine nodes and seven edges, with 1.556 average
neighbors, a network diameter of 3, a network radius of 1, a
characteristic path length of 1.578, network density of 0.097,
and 2 connected components.

3.2. mRNA Expression of Core DEGs between T2DM
and Normal Tissues. Transcription expression levels were
compared to validate the differences between normal and
T2DM for the nine core DEGs. The results revealed significant
differences in all nine core DEGs (p < 0.001). AQP9, CCRI1,
CD163, and CHI3L1 exhibited higher expression in T2DM
compared to normal tissues, whereas CASQ2, CNNI,
HMOX1, MYOCD, and NEXN exhibited lower expression
in T2DM (Figure 3A-I).

3.3. Enrichment Analysis of Core DEGs. An enrichment
analysis was performed on each gene to investigate the
potential mechanisms of these nine genes. The enrichment
results (Figure 4A—I) indicate that these genes are enriched in
biological functions related to leukocyte migration and
adaptive immune response. Most genes were enriched in
biological functions related to leukocyte chemotaxis, bone
marrow cell-mediated immunity, bone marrow cell migration,
and positive regulation of activated cell functions. A few genes
were enriched in other biological functions, such as CNN1 in
single-cell migration, CASQ2 in regulating activated cells and I
BAND, and AQP9 in neutrophil migration. Moreover,
regarding cellular pathways influenced by these genes, all
genes are enriched in lysosome and hematopoietic cell lineage
regulation pathways. The major signaling pathways include B-
cell receptor signaling, Toll-like receptor signaling, cytokine
receptor interaction, and natural killer cell-mediated cytotox-
icity (Figure 4A—I and Table 2).

GO and KEGG enrichment analyses indicated that the core
genes are enriched to varying degrees in functions related to
vascular smooth muscle, sarcomere, sarcoplasmic reticulum
membrane, and phosphoric diester hydrolase activity (Figure
4]). These core genes are also enriched in pathways related to
ferroptosis, porphyrin metabolism, mineral absorption, cardiac
muscle contraction, and other related pathways (Figure 4]).
Additionally, the Metascape enrichment analysis (Figure SA,B)
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showed that the core genes play a significant role in the
negative regulation of smooth muscle cell proliferation,
inflammatory responses, and maintaining cellular monovalent
inorganic cation homeostasis.

3.4. Constructing the Risk Prediction Model and
Validation. Risk prediction models were constructed to
explore the accuracy of core genes in predicting the risk of
T2DM. By assessing the diagnostic effectiveness of T2DM,
ROC curves are calculated individually for the core genes,
including CD163, CCR1, MYOCD, CASQ2, CNN1, CHI3LI,
HMOX1, NEXN, and AQP9. The results indicate AUC values
of 0.714, 0.794, 0.843, 0.738, 0.865, 0.671, 0.737, 0.751, and
0.700 (Figure SC), respectively, affirming the reliability of the
genes selected for T2DM. A nomogram of the model was also
used to predict the risk of T2DM. Low expression of CASQ?2,
MYOCD, HMOXI1, CNN1, and NEXN may promote disease
onset. In contrast, low expression of CD163, CHI3L1, CCRI,
and AQP9 has an inhibitory effect on disease onset (Figure
SE). Overall, the predicted risk of T2DM aligns well with the
calibration plot (Figure SD,E), reflecting the strong reliability
of the model.

3.5. Immune Infiltration Analysis. To investigate the
relationship between the expression of core genes in T2DM
and various immune cell types, we analyzed differential gene
expression in 22 distinct immune cell populations. The samples
were categorized into experimental and control groups,
allowing for a comparative assessment of immune cell
infiltration between high-risk and low-risk cohorts. This
analysis facilitated the elucidation of correlations among the

16127

immune cell types. The results (Figure 6A) reveal a negative
correlation between the expression levels of T cells CD4
memory activated and several immune cells, including
macrophages M1, dendritic cells resting, mast cells activated,
and B cell memory. Conversely, a positive correlation was
observed between mast cells resting and B cell memory, as well
as plasma cells. Furthermore, a comparison of immune cell
infiltration between the experimental and control groups
highlighted statistically significant differences in the popula-
tions of T cells CD8 (p < 0.001), T cells y delta (p = 0.048),
NK cells activated (p = 0.001), monocytes (p = 0.002),
macrophages MO (p < 0.001), macrophages M1 (p = 0.013),
and dendritic cells resting (p = 0.031), thereby underscoring
the robust association between these seven immune cell types
and the therapeutic management of T2DM (Figure 6B).

HMOX1 was subsequently selected as a representative
marker to further investigate its correlation with various
immune-infiltrating cells in T2DM. The results indicate a
relationship between HMOXI expression and eight different
types of immune-infiltrating cells (Figure 6C—K). Specifically,
HMOX1 shows a positive correlation with macrophages MO (r
= 0.65, p < 0.001) and T cells y delta (r = 0.36, p = 0.0029).
Conversely, HMOX1 displays a negative correlation with NK
cells activated (r = —0.28, p = 0.021), T cells CD4 memory
resting (r = —0.35, p = 0.0037), monocytes (r = —0.36, p =
0.0023), B cells naive (r = —0.43, p < 0.001), dendritic cells
activated (r = —0.45, p < 0.001), and T cells CD8 (r = —0.52, p
< 0.001).
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Figure 3. Transcript expression of core DEGs. (A) AQP9, (B) CASQ2, (C) CCRI, (D) CD163, (E) CHI3L1, (F) CNN1, (G) HMOX1, (H)

MYOCD, and (I) NEXN in normal and T2DM data sets.

3.6. Experimental Verification. Compared to the db/m
group, db/db mice displayed typical diabetic symptoms,
including increased body weight and elevated FBG levels
(Figure 7A—C). Over the course of 12 weeks of feeding, db/db
mice consistently exhibited higher body weight and FBG levels
compared to their db/m counterparts during the same period
(P < 0.001). Notably, while the body weight of db/db mice
showed a gradual decline, FBG levels continuously rose, with a
statistically significant difference observed compared to the
beginning of the feeding period (P < 0.05). HbAlc, FINS, and
HOMA-IR levels were higher in db/db mice than in db/m
mice (P < 0.001) (Figure 7D—F). Additionally, db/db mice
demonstrated pronounced hepatic steatosis and elevated lipid
levels compared to the db/m group, as indicated by increases
in TC, triglycerides (TG), and LDL-C, alongside a decrease in
HDL-C levels (Figure 7G—J). H&E staining of liver tissue
revealed substantial hepatocellular vacuolation and the
presence of lipid droplets in db/db mice, whereas the liver
tissue of db/m mice appeared more intact with fewer vacuoles
and lipid droplets (Figure 7K,L).
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To evaluate the differential expression of HMOXI in
T2DM, we examined the serum levels of HMOXI1 in mice
from the db/db and db/m groups. Serum HMOX1 was
significantly lower in the db/db group than in normal mice (P
< 0.01), consistent with the difference analysis (Figures 3G
and 8A). Additionally, we assessed the expression of HMOX1
protein and mRNA in the liver using Western blotting and
qPCR. The results showed that the liver HMOXI1 content was
significantly lower in diabetic mice than in the controls (Figure
8B—D). Furthermore, the expression of NFE2L2, an upstream
regulator of HMOX1, was analyzed. The results demonstrated
that both protein and mRNA levels of NFE2L2 were
significantly higher in the normal group than in the diabetic
group (Figure 8B—D). Immunohistochemical analysis revealed
pathological alterations in the liver that were consistent with
the H&E staining, thereby supporting the earlier conclusions
(Figure 8E,F).
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Figure 4. Biological function and relationship of nine core DEGs. (A—I) The top five most enriched functions and pathways in CD163, CCR1,
MYOCD, CASQ2, CNN1, CHI3L1, HMOX1, NEXN, and AQP9. (J) The biological function(left) and pathway(right) of nine core DEGs.

4. DISCUSSION

T2DM is a complex and chronic condition characterized by
elevated blood glucose levels, resulting from either a relative or
absolute deficiency of insulin due to pancreatic f-cell
dysfunction.”® According to the International Diabetes
Federation, the global prevalence of diabetes among adults
aged 20—79 years reached 10.2% in 2021 and is projected to
rise to 12.2% by 2045, affecting up to 783.2 million
individuals.”” China has emerged as one of the countries
experlenc1n§ the fastest increase in diabetes prevalence
worldwide.” As the duration of diabetes extends, persistent
hyperglycemia can lead to irreversible damage to nerves, blood
vessels (both microvascular and macrovascular), and various
organs. The emergence of numerous complications has a
significant impact on patients’ quality of life and can even pose
life-threatening risks.” Thus, gaining a deeper understanding
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of biomarkers that can predict the onset and progression of
diabetes is crucial for early intervention and for potentially
reversing or delaying the disease’s advancement.

In this study, we aimed to identify potential predictive
biomarkers for T2DM by analyzing significant DEGs found in
three distinct data sets from the GEO database. Ultimately, we
retained nine DEGs that exhibited mutual associations:
CHI3L1, CD163, CCR1, AQP9, HMOXI, CNN1, MYOCD,
CASQ2, and NEXN. These genes demonstrated significant
differences between healthy individuals and those with T2DM
(Figure 3A—I). Upon examining the biological processes
associated with these core genes, we discovered that they were
enriched in functions related to leukocyte migration and the
adaptive immune response (Figure 4A—I). Patients with
T2DM exhibit a chronic activation of the islet innate immune
system, characterized by heightened local and systemic
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Table 2. Main Functions and Pathways

serial
number core DEGs

1 AQP9

functions

leukocyte migration

adaptive immune
response

myeloid leukocyte
migration

myeloid leukocyte
mediated immunity

neutrophil migration

2 CASQ2  Iband

regulation of cell
activation

leukocyte migration

positive regulation of cell
activation

adaptive immune
response

3 CCR1 adaptive immune

response

leukocyte migration

myeloid leukocyte
mediated immunity
positive regulation of cell
activation
myeloid leukocyte
migration
4 CD163 adaptive immune
response
myeloid leukocyte
mediated immunity

leukocyte migration

myeloid leukocyte
migration

positive regulation of cell
activation

5 CHI3L1  adaptive immune

response

leukocyte migration

of Core DEGs

serial

pathways number core DEGs

hematopoietic cell
lineage
natural killer cell
mediated cytotoxicity
cytokine cytokine
receptor interaction
lysosome 6 CNN1

toll like receptor
signaling pathway

cytokine cytokine
receptor interaction

Leishmania infection

hematopoietic cell 7

P HMOX1
lineage

lysosome

toll like receptor
signaling pathway
cytokine cytokine
receptor interaction
hematopoietic cell
lineage
Leishmania infection 8 MYCOD

lysosome

toll like receptor
signaling pathway

hematopoietic cell
lineage

natural killer cell
mediated cytotoxicity

cytokine cytokine

receptor interaction

9 NEXN

lysosome

toll like receptor
signaling pathway

hematopoietic cell
lineage

natural killer cell
mediated cytotoxicity

functions
myeloid leukocyte
migration

positive regulation of cell
activation

leukocyte chemotaxis

mononuclear cell
migration

positive regulation of cell
activation

leukocyte migration
leukocyte chemotaxis

adaptive immune
response

adaptive immune
response

myeloid leukocyte
mediated immunity

leukocyte migration

myeloid leukocyte
migration

positive regulation of cell
activation

myeloid leukocyte
mediated immunity

positive regulation of cell
activation

leukocyte chemotaxis

leukocyte migration

adaptive immune
response

positive regulation of cell
activation

myeloid leukocyte
migration

leukocyte migration

leukocyte chemotaxis

adaptive immune
response

pathways
cytokine cytokine
receptor interaction

lysosome

toll like receptor
signaling pathway

B cell receptor signaling
pathway

hematopoietic cell
lineage

Leishmania infection

lysosome

toll like receptor
signaling pathway

chemokine signaling
pathway

cytokine cytokine
receptor interaction

hematopoietic cell
lineage

lysosome

natural killer cell
mediated cytotoxicity

B cell receptor signaling
pathway

cytokine cytokine
receptor interaction

hematopoietic cell
lineage

lysosome

nod like receptor
signaling pathway

autoimmune thyroid
disease

cytokine cytokine
receptor interaction

hematopoietic cell
lineage

Leishmania infection

lysosome

cytokine production, along with increased local infiltration of
immune cells—these factors play a pivotal role in the
pathogenesis of the disease.’”"'

Numerous studies have shown that the increased presence
and activation of both innate and adaptive immune cells in
adipose tissue contribute to the enhanced release of local and
systemic inflammatory cytokines and chemokines. This low-
grade, chronic inflammation, induced by leukocytes, is
responsible for impairments in insulin signaling across adipose
tissue, the liver, and skeletal muscle.>*>? Consequently, this
leads to IR and elevated blood glucose levels, which are
primary contributors to T2DM.

Furthermore, in patients with T2DM, islet inflammation is
often accompanied by amyloid deposition, fibrosis, macro-
phage infiltration, and an increased expression of proin-
flammatory cytokines and chemokines. These changes
ultimately cause disruptions in insulin secretion and induce B
cell apoptosis, culminating in the development of T2DM.**
Monocyte infiltration is also recognized as a major risk factor
for the development of long-term diabetic complications such

as neuropathy, retinopathy, nephropathy, and other micro-
vascular diseases.” Given these findings, we propose that the
regulation of chronic low-grade inflammation in T2DM may
represent a critical underlying mechanism associated with the
function of the nine identified genes.

The infiltration of a diverse array of immune cells, including
macrophages, T lymphocytes, B lymphocytes, and natural killer
cells, into visceral tissues, alongside the ongoing activation of
immune responses and metabolic dysregulation, is a prominent
feature in the pathogenesis of T2DM.’**” In subsequent
investigations, we examined the relationship between key genes
and the infiltration of immune cells. Our findings demon-
strated that the expression variations of nine core genes
significantly influenced several immune cell types, including
CD8+ T cells, y delta T cells, activated NK cells, monocytes,
MO and M1 macrophages, and resting dendritic cells. Notable
differences were observed between the experimental and
control groups, suggesting a close association with T2DM
treatment (Figure 6A,B).
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Figure 6. Expression of core DEGs and HMOX1 with immune infiltration in the T2DM microenvironment. (A) Comparison of 22 immune cell
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HMOZX1 and immune cell expression in T2DM. Macrophages MO, T cells y delta, NK cells activated, T cells CD4 memory resting, monocytes, B
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Further exploration of the correlation between HMOX1 and
immune cell infiltration reinforced the observation that
HMOX1 exhibited significant correlations with eight immune
cell types, including MO macrophages, y delta T cells, activated
NK cells, resting memory CD4+ T cells, monocytes, naive B
cells, and activated dendritic cells (Figure 6C—K). Macro-
phages, being the predominant innate immune cells within
adipose tissue, play a pivotal role in the metabolic

contrast, M1 macrophages function

16132 https:

inflammation associated with T2DM. MO macrophages are
instrumental in the phagocytosis and clearance of cellular
debris, marking the initiation of the inflammatory response. In

as immunostimulatory

entities, producing extensive quantities of inflammatory
mediators, thus serving as a primary source of proinflammatory
cytokines and chemokines within the organism.***” In the
context of obesity and IR, macrophages undergo proliferation
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Figure 7. Characterization of the db/m and db/db mice. (A and B) Body weight and Fasting blood glucose. (C—F) Blood chemistry indicators of
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and accumulate in visceral tissues, leading to a significant HMOX1 plays a critical role in the regulation of macrophage
polarization toward M1 macrophages as proinflammatory polarization, facilitating the transition from the M1 proin-
monocytes migrate and differentiate within adipose tissues. flammatory state to the M2 anti-inflammatory state.”' In
This phenomenon results in an imbalance in the M1/M2 patients with T2DM, there is a noted increase in Ml
macrophage ratio.”® The persistent elevation of proinflamma- macrophage polarization and the expression of proinflamma-
tory factors adversely impacts glucose metabolism and the tory cytokines, concomitant with a decrease in M2 macrophage
reparative processes in visceral tissues, culminating in insulin polarization and anti-inflammatory cytokine expression.
dysfunction and potential dysfunction or apoptosis of Activation of HMOXI1 inhibits macrophage-to-M1 polar-
pancreatic islet B cells.”” These mechanisms are critical in ization, significantly reduces the expression of proinflammatory
the onset and progression of T2DM, corroborating our cytokines interleukin IL-6, IL-1f, and inducible nitric oxide
findings that both M0 and M1 macrophages exhibit heightened synthase, and increases the expression of anti-inflammatory
expression levels in T2DM (Figure 6B). factor IL-10.*" Notably, M2 macrophage polarization appears
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of NFE2L2 and HMOX1. (D) Transcript expression of NFE2L2 and HMOX]1. Immunohistochemical analysis of (E) NFE2L2 and (F) HMOXI.

Compared with the db/m group, *p < 0.05; **p < 0.01; ***p < 0.001.

to be positively correlated with HMOXI1 expression in the
context of diabetes. Short-term induction of HMOX1 has been
shown to foster a protective M2-like microenvironment within
the pancreas, thereby exhibiting immunomodulatory and
prorepair effects relevant to diabetic pathology.’ While
investigations into the interplay between HMOXI1 and
macrophages in diabetes and its complications remain limited,
the capacity of macrophages to maintain microenvironmental
stability, along with the antioxidant and anti-inflammatory
properties attributed to HMOXI, suggest that targeting
HMOX1 in conjunction with macrophage modulation may
represent a viable therapeutic strategy for managing diabetes.

The results of the current study indicate that the TLR
signaling pathway is a significant mechanism through which
the nine core genes operate (Figure 4A—I). The TLR family
serves as one of the initial responders within the immune
system. Acting as a crucial intermediary between specific and
nonspecific immunity, it plays a vital role in activating
inflammatory processes and is regarded as a contributor to
the development of chronic diseases, including obesity, T2DM,
and cardiovascular disease.”’ Previous research has demon-
strated that the mRNA expression levels of TLR2 and TLR4 in
the peripheral blood monocytes of T2DM patients are
elevated, facilitating the activation of the FFA-induced
inflammatory pathway and metabolic signaling in IR via the
NF-kB pathway.*”* The TLR4 pathway may induce the
autophosphorylation of insulin receptor substrates or engage in
hypothalamic inflammation, which disrupts the insulin signal-
ing cascade, blocks substrate binding to the insulin receptor,
and ultimately results in IR.** Accumulating evidence has
demonstrated the regulatory role of HMOXI in the TLR
signaling pathway, including its negative feedback inhibition of
TLR4-dependent MyD88-NF-kB activation, suppression of
pro-inflammatory cytokine expression (TNF-a, IL-6, IL-1/3),"
and interference with the TLR4-dependent TRIF pathway. By
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inhibiting the phosphorylation of TRAF6 and TAK1, HMOX1
can reduce the expression of IRF3, thereby mitigating chronic
inflammation induced by TLR4 activation.*® Furthermore, the
anti-inflammatory effects of HMOX1 have been demonstrated
in pancreatic inflammation induced in vitro, wherein TLR4
expression in pancreatic islets is downregulated by HMOX1
agonists, leading to the suppression of COX-2, CCL-2, IL-6,
and ROS, thereby exerting anti-inflammatory and antioxidant
effects.”” Given the important role of the TLR pathway in
T2DM and its close association with HMOXI, it is
hypothesized that the interconnection between the predicted
genes and the TLR pathway could offer valuable insights into
the pathogenesis and potential therapeutic strategies for
T2DM.

The results from the Metascape analysis demonstrated that
these core genes significantly influence the function of vascular
smooth muscle cells (VSMCs) (Figure SA,B). The abnormal
proliferation and migration of VSMCs are critical factors in
vascular intimal changes. Persistent hyperglycemia, commonly
associated with diabetes, has been shown to induce premature
senescence in both endothelial cells and VSMCs, accelerating
endothelial dysfunction in both microvessels and macro-
vasculature. This process leads to arterial wall thickening,
alterations in the collagen and elastin components of the
extracellular matrix, arteriosclerosis, and various other
structural and functional changes, ultimately contributing to
the development of vascular complications in T2DM.**** The
emergence of macrovascular and microvascular complications
of diabetes—including atherosclerosis, cardiomyopathy, nephr-
opathy, and retinopathy—represents a primary concern
affecting the quality of life and work of patients in the later
stages of the disease and can even pose a threat to their
lives.””>" Therefore, we propose that the nine core genes
identified not only serve as valuable predictors for the onset of
T2DM but also hold significant predictive and therapeutic
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potential regarding the vascular complications triggered by
hyperglycemia as the disease progresses.

A risk prediction model for T2DM was developed,
confirming the reliability of the nine core genes identified for
predicting the onset of the disease (Figure SC). The
nomogram results revealed that elevated expression levels of
AQP9, CCR1, CD163, and CHI3LI contribute to the onset of
T2DM, whereas higher expression of CNNI1, CASQ2,
HMOX1, MYOCD, and NEXN appears to inhibit its
development (Figure SE).

As an integral component of the antioxidant response
element, HMOXI1 binds to crucial factors, such as NFE2L2,
within the endogenous cellular defense mechanism in response
to oxidative stress. This pathway plays a significant role in the
restoration of intracellular homeostasis. The activation of the
NFE2L2/HMOX1 pathway has been demonstrated to mitigate
oxidative stress and apoptosis, particularly in the context of
diabetes.’>*® In comparative analyses, db/db mice exhibited
typical diabetic phenotypes, including hyperglycemia, hyper-
lipidemia, and IR, alongside pathological evidence of
pronounced hepatic steatosis (Figure 7). This study assessed
the expression levels of NFE2L2 and HMOXI1 in the serum
and liver of both db/m and db/db groups. Notably, the
findings revealed a significant reduction in HMOXI1 expression
in the serum and liver of db/db mice, accompanied by
decreased protein and mRNA levels of NFE2L2 in the T2DM
group (Figure 8). These experimental results provide further
confirmation of the diminished expression of HMOXI1 in
T2DM.

Given the genetic and physiological similarities between
mice and humans, along with the homologous nature of
HMOX1 in both species, there exists substantial potential for
the applicability of these findings to human populations.
However, it is imperative to acknowledge that while HMOX1
has demonstrated promise as a biomarker in animal models,
there may be unrecognized or uncontrolled confounding
variables that could impact the accuracy and reliability of
HMOX1 as a biomarker in clinical settings. Consequently,
further clinical investigations are warranted to validate the
relevance and validity of HMOXI1 in human diabetes. Future
studies are being planned to gather additional clinical samples,
including blood from T2DM patients, to further elucidate the
key findings of this study, specifically focusing on the
expression level, the functionality of HMOXI, and its
correlation with other biomarkers.

In summary, our research started initiated with the mining of
the GEO database, ultimately identifying nine core DEGs
through computational algorithms. GO and KEGG analyses
verified that the effects of these core genes on T2DM are
primarily associated with inflammation and immune responses,
wherein their respective action pathways were notably
enriched. A risk prediction model was subsequently con-
structed to assess the predictive reliability of these core genes
regarding the onset of T2DM, along with an evaluation of the
relationship between the core DEGs and immune cell
infiltration. Notably, HMOX1 emerged as a representative
gene, warranting further investigation into its correlation with
22 immune cell types. Our findings substantiate the relation-
ship between HMOXI1 and T2DM and reveal a significant
downregulation of HMOXI1 expression in T2DM, as
substantiated by animal model experiments. Consequently,
we postulate that HMOXI1 may serve as a novel and promising
target for both the prediction and therapeutic intervention of

T2DM, potentially influencing the persistent chronic low-grade
inflammation and adaptive immune responses characteristic of
this condition.

The specific mechanisms underlying this relationship merit
further extensive investigation and may be related to oxidative
stress responses mediated by NFE2L2. Furthermore, the
remaining eight genes explored in this study may similarly
partake in the onset and progression of T2DM. We anticipate
that the methodologies employed to elucidate the relevance of
HMOXI1 in this study can be translated to other genetic
candidates, thereby facilitating the identification of additional
biomarkers with prognostic significance for T2DM.

It is worth noting that the screening and analysis of
differential genes in this investigation were conducted based on
pre-existing data sets. Although thorough screening and
analysis were performed, the statistical power and general-
izability of the findings may be compromised by the limited
sample size and inherent constraints of the data sets. Moreover,
the considerable differences between experimental animal
models and human T2DM must be acknowledged, as the
pathophysiological complexity of human T2DM cannot be
fully recapitulated by findings from db/db mice alone.
Therefore, further basic and clinical studies are necessary to
further validate the findings and explore potential molecular
mechanisms.

5. CONCLUSION-S

The prevalence of diabetes has significantly increased world-
wide, presenting a considerable challenge to public health
management and healthcare costs worldwide. The ongoing
development of diabetes is frequently associated with various
comorbidities and complications. Internationally, prevention
and management strategies for diabetes and its associated
complications are crucial. In addition to several well-
established interventions recognized globally, such as diet
modifications, lifestyle changes, medications, and even
metabolic surgery, there is growing emphasis on the
importance of timely interventions.”* Early intervention for
individuals who are newly diagnosed or in a prediabetic state
can yield the most effective results. As a result, exploring
biomarkers that can effectively warn of or facilitate treatment
for T2DM in its early stages is of great significance.

Mining public databases represents an effective, feasible, and
cost-efficient approach to discovering potential disease
biomarkers. Research has indicated that the expression of
HMOX1 is significantly reduced in diabetic mice exhibiting
glucose and lipid metabolism disorders, suggesting it could
serve as a novel biomarker for T2DM. Furthermore, the strong
association of HMOXI1 with immune cells, particularly
macrophages, alongside its link to NFE2L2, highlights its
excellent antioxidant and anti-inflammatory properties. These
attributes promise to enhance the potential of HMOXI
activators as a viable treatment for T2DM and related
inflammatory diseases. However, these findings necessitate
further evaluation for their validity and accuracy through
clinical trials.
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