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Background: Hemorrhoidal disease (HD) is the most prevalent rectal disorder, with various cellular processes influenced by the
mitochondria-associated endoplasmic reticulum membrane (MAM). Potential therapeutic mechanisms for HD may be associated with
MAM. This study aims to identify key genes linked to MAM in HD and to provide novel therapeutic targets.

Methods: Transcriptome data and MAM-related genes (MAM-RGs) were obtained from the Gene Expression Omnibus (GEO) database
and relevant literature. Differential expression analysis and single-sample Gene Set Enrichment Analysis (ssGSEA) scores were initially
employed to identify candidate genes. Key genes were further refined using Least Absolute Shrinkage and Selection Operator (LASSO) and
Protein-Protein Interaction (PPI) networks. A nomogram based on these key genes was developed and assessed. Additionally, CIBERSORT
algorithms were utilized to evaluate immune cell infiltration abundance, differences, and correlations in the samples. Finally, the expression
of key genes was validated via reverse transcription-quantitative PCR (RT-qPCR).

Results: Differential expression analysis identified 956 differentially expressed genes (DEGs), and ssGSEA identified 143 differen-
tially expressed MAM-RGs. A total of 50 candidate genes were selected through their intersection. Machine learning identified two
key genes, MUCI6 and DEFAS5. A nomogram with strong predictive capability was constructed. Immune cell analysis revealed two
types of differential immune cells—activated dendritic cells and plasma cells—where activated dendritic cells were more highly
expressed in the case group, and plasma cells showed a strong positive correlation with DEFAS5. Additionally, MUCI6 was
significantly overexpressed in patients with HD, while DEFAS5 exhibited down-regulation compared to controls.

Conclusion: This study identifies MUCI6 and DEFAS5 as key genes associated with HD and MAM and presents a predictive
nomogram with high accuracy. These findings provide novel insights into the mechanisms and potential treatment targets for HD.
Keywords: hemorrhoidal disease, mitochondria-associated endoplasmic reticulum membrane, nomogram, immune infiltration

Introduction

Hemorrhoidal disease (HD) represents the most prevalent rectal condition, affecting up to 39% of the population,' with
a peak incidence in individuals aged 45—65 years.” HD is characterized by the inflammation and prolapse of vascular
tissues within the anal canal, often leading to high recurrence rates following treatment.”> Common symptoms include
anal itching, pain, and the development of lumps at the anal margin due to thrombosis or strangulation.* It is estimated
that 75% of the global population will experience HD at some point, with severe cases necessitating interventions such as
medication, surgery, or other treatments.” Risk factors for HD include a low-fiber diet, inadequate water intake,

pregnancy, constipation, prolonged straining, increased intra-abdominal pressure, and weakened muscle support.*°
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Despite these known associations, the molecular mechanisms underlying HD remain poorly understood, underscoring the
need for further research to elucidate its pathogenesis and potential links to other diseases.

Mitochondria interact with cellular structures such as the Golgi apparatus, endoplasmic reticulum (ER), lipid droplets,
and peroxisomes. The mitochondrial-endoplasmic reticulum contact sites, or mitochondria-associated ER membranes
(MAMs), are critical for regulating lipid synthesis and transport, Ca®" transfer and signaling, mitochondrial dynamics,
mitosis, apoptosis, the ER stress response, and inflammation.” MAMs play a vital role in maintaining normal cellular
function. Additionally, MAMs, through miRNA regulation, can influence inflammatory diseases and contribute to
cellular stress, which may lead to conditions like diabetes, inflammation, neurodegeneration, and autoimmune
disorders.®>” MAMs also present a promising target for cardiovascular disease treatment and are involved in regulating
metabolic disorders, including those associated with HD.'®'" The underlying mechanisms of HD treatment are linked to
processes such as cell migration, proliferation, motility, and apoptosis.'? Therefore, we hypothesize that MAM-related
genes may influence neurodegeneration by regulating mitochondrial function, and are expected to identify novel
therapeutic targets for HD, providing innovative strategies for its treatment.

This study leveraged transcriptomic data and MAM-related genes (MAM-RGs) to identify differentially expressed
candidate genes. Through the construction of a protein interaction network and integration with machine learning, two
key genes were pinpointed. A nomogram based on these genes demonstrated robust predictive power. Furthermore,
bioinformatics analyses were employed to examine the biological pathways associated with these key genes, their
molecular regulatory networks, and potential targeted drugs. This research provides a comprehensive foundation for
understanding the mechanisms of HD and identifies new therapeutic targets for its management.
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Materials and Methods

Data Sources
The training set (GSE154650, platform: GPL20301) was sourced from the Gene Expression Omnibus database (GEO,
https://www.ncbi.nlm.nih.gov/geo/). The disease group (case group) comprised 20 hemorrhoidal anal canal tissue samples,

while the control group consisted of 18 healthy anal canal tissue samples from individuals who had undergone anal fissure
surgery. A total of 28 MAM-related genes (MAM-RGs) were identified from the literature,'® including 4CATI, ACSL4,
ATAD3A, ATP2A2, BCAP3A, CANX, CAVI1, DGAT2, DNMIL, FISI, FUNDCI, HSPAY, ITPR2, ITPR3, MFNI, MFN2,
NDUFS4, PACS2, PARK2, PDK4, PEMT, PINKI, PSEN2, RMDN3, SEPNI, SERACI, VAPB, and VDACI.

Identification of Differential Expression Genes (DEGs)

To identify DEGs in the case and control groups within the GSE154650 dataset, differential analysis was performed using the
R package “DESeq2” (v 1.42.0).'* A fold change (FC) and P value threshold were applied to filter the DEGs (Jlog,FC| > 1.5,
P < 0.05), which were labeled as DEGs1 for subsequent analysis. The “ggplot2” package (v 3.5.1)'° was used to generate
volcano and heatmaps of DEGsl, sorted by log,FC value from highest to lowest, with the top 10 upregulated and down-
regulated DEGs labeled in the volcano plots. Next, the expression differences of MAM-RGs between the case and control
groups were compared. The R package “GSVA” (v 1.50.0)'° was used to compute the single-sample Gene Set Enrichment
Analysis (ssGSEA) scores for the differentially expressed MAM-RGs. Based on the median ssGSEA scores, the dataset was
divided into high- and low-score groups. Differential gene expression analysis was then conducted using “DESeq2” (v 1.42.0),
with thresholds of |log,FC| > 1.5 and P < 0.05 to identify DEGs2 for further analysis. The “ggplot2” package (v 3.5.1) was
again used to visualize DEGs1 and DEGs2 through separate volcano plots.

Identification and Functional Enrichment of Candidate Genes

To identify the genes common to DEGsl and DEGs2, the intersection of these two sets was determined using the
“VennDiagram” package (v 1.7.3),'” and these genes were labeled as candidate genes for further analysis, as shown in the
Venn diagram. Additionally, to gain insights into the potential biological functions of the candidate genes, the
“clusterProfiler” package (v 4.7.1.003)'® was used for Gene Ontology (GO) (P < 0.05) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment analysis (P < 0.05). The results were ranked by P values from largest
to smallest to identify the pathways and potential functions associated with the candidate genes.

Using Protein-Protein Interaction (PPl) and Machine Learning to Distinguish Key

Genes
To explore the protein-level interactions of candidate genes, a PPI network was constructed using the Search Tool for the
Retrieval of Interacting Genes (STRING, http://string-db.org) with an interaction score threshold of > 0.4. After removing

isolated nodes, the PPI network was visualized using Cytoscape (v 3.9.1)."® To identify key genes with significant roles
among the candidate genes, three algorithms—BottleNeck, Closeness, and Stress—within the CytoHubba plugin were used
to evaluate the importance of each gene. The top 15 genes identified by these algorithms were selected for further analysis.
The R package “VennDiagram” (v 1.7.3) was used to take the intersection of the top 15 genes from the BottleNeck,
Closeness, and Stress algorithms. These intersected genes were labeled as feature genes-PPI for subsequent analysis and
visualization. Additionally, Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis was performed
using the expression data of candidate genes through the R package “glmnet” (v 4.1.1)*° to select feature genes-LASSO.
The intersection of feature genes-PPI and feature genes-LASSO was then identified using the “VennDiagram” package (v
1.7.3). Receiver Operating Characteristic (ROC) curves for the intersected genes were plotted using the R package “pROC”
(v 1.18.0),%" and the Area Under the Curve (AUC) was calculated. Genes with AUC > 0.7 were considered key genes.

Gene Set Enrichment Analysis (GSEA)

To further explore the biological functions and pathways of the key genes, Spearman correlation analysis was first
conducted between all genes and the key genes using the R package “corrplot” (v 0.92).%* Next, “mh.all.v2023.2.mm.
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symbols.gmt” from the Molecular Signature Database (MsigDB, https://www.gsea-msigdb.org/gsea/msigdb) was used as

the background gene set. GSEA was performed using the R package “clusterProfiler” (v 4.7.1.003),'® with the enrichment
results sorted by P value from smallest to largest. The top 5 enriched pathways were visualized using the R package
“goplot2” (v 3.4.4).

Constructing Nomogram for Key Genes

To evaluate the clinical diagnostic performance of key genes, the R package “rms” (v 6.5.0)*> was utilized to construct
a nomogram based on key genes from the GSE154650 dataset. Each key gene was assigned a score (Point), and the overall
incidence of the disease was inferred from the Total Point. The accuracy and validity of the nomogram model in predicting
disease occurrence were then assessed. The calibration curve was plotted using the calibrate function in the “rms” package (v
6.5.0) to compare the predicted values with the true values. The R package “pROC” (v 1.18.0)*' was employed to generate the
ROC curve, with an AUC closer to | indicating a more accurate diagnostic performance. Finally, Decision Curve Analysis
(DCA) was conducted to assess the net benefit of the constructed nomogram.

Immunoinfiltration Analysis

Immune cell infiltration analysis can offer insights into personalized hemorrhoid treatment. The abundance of 22 immune
cell types®* in the case and control groups was assessed using the CIBERSORT algorithm?® on all samples from the
GSE154650 dataset. Samples with P > 0.05 were excluded from visualization, and differences in immune cell infiltration
between the case and control groups were considered significant at P < 0.05. Additionally, the R package “Mental”
(v2.2.5)*® was used to evaluate the correlation between key genes and differential immune cells, with |correlation (cor)| >
0.3 and P < 0.05 used as thresholds for significance.

Building Regulatory Networks for Key Genes
To investigate the molecular regulatory mechanisms of key genes, the Human Transcription Factors and Their Targets
database (hTFtarget, http://bioinfo.life.hust.edu.cn/hTFtarget) was employed to predict transcription factors (TFs) asso-

ciated with key genes. The experimentally validated microRNA-target interactions database (miRTarBase, http://mirtar
base.mbe.nctu.edu.tw/index.html) was used to identify microRNAs (miRNAs) linked to key genes. Moreover, the

Encyclopedia of RNA Interactome database (ENCORI, https://starbase.sysu.edu.cn/) was utilized to predict the interac-

tions between RNA-binding proteins (RBPs) and key genes, using the criteria of clusterNum=2 and clipExpNum=2.
These results were visualized using Cytoscape (v 3.9.1)."

Drug Forecasting
To explore potential drug targets for key genes, drugs were predicted using the Drug-Gene Interaction Database (DGIdb,
https://www.dgidb.org/). A network incorporating drugs, key genes, and differential immune cells was constructed based

on these predictions, and the network was visualized using the R package “plotly” (v 5.23.0).>’

Reverse Transcription-Quantitative PCR (RT-qPCR)

To verify the consistency of key gene expression with bioinformatics results, RT-qPCR was performed. Anal canal tissue
samples were collected from five clinical patients who underwent hemorrhoidal surgery and five who underwent anal
fissure surgery. Total RNA was extracted using the Trizol method®® and reverse-transcribed to cDNA. The expression
levels of key genes were quantified using the 2 **“" method*® with GAPDH as the control, and statistical significance
was determined at P < 0.05. Primer sequences are listed in Supplementary Table 1.

Statistical Analysis
Bioinformatics analysis was conducted using R language (v 4.2.2). The Wilcoxon test was used to compare differences
between the two groups, with P < 0.05 indicating statistical significance.
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Results

Fifty Candidate Genes Identified
After applying threshold screening, a total of 956 DEGs1 were identified in the GSE154650 dataset, comprising 387 up-
regulated genes and 569 down-regulated genes (Figure 1A and B). Subsequently, 26 MAM-RGs were identified, with
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Figure | Screening and identification of candidate genes. (A) Volcano Plot of Differentially Expressed Genes: Red dots represent significantly upregulated genes, blue dots
represent significantly downregulated genes, and gray dots represent genes without significant differential expression. The names of the top 10 most significantly upregulated and
downregulated genes are displayed. (B) Heatmap of Differentially Expressed Genes: The upper section features a density heatmap showing the expression levels of differentially
expressed genes across samples, with lines representing five quantiles and the mean. The lower section displays a heatmap illustrating the expression of differentially expressed
genes across the samples. (C) Differences in MER Scores Between the Case Group and Control Group: Blue color indicates the normal group, while red color indicates the disease
group. (D) Volcano Plot of Differentially Expressed Genes: A second volcano plot showing the distribution and significance of differential gene expression. (E) Venn Diagram of
Candidate Gene Identification: A Venn diagram illustrating the overlap and identification of candidate genes. An asterisk (*) was usually used to indicate that P < 0.05.
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ACATI, DGAT2, and PINKI showing significant expression differences between the case and control groups
(Supplementary Table 2). The ssGSEA scores for these three genes were significantly higher in the case group compared

to the control group (P < 0.05) (Figure 1C). The disease samples were then divided into high- and low-scoring groups,
with 10 samples in each group (median score = 0.007540664). Analysis of variance revealed 143 DEGs2 between the
two groups, with 62 up-regulated genes and 81 down-regulated genes in the scoring group (Figure 1D). Finally, based on
the intersections of DEGs1 and DEGs2, 50 candidate genes were obtained (Figure 1E).

Functional Enrichment of Candidate Genes and PPl Network Building

The 50 candidate genes were enriched in 215 GO terms. Among these, 187 biological process (BP) terms were enriched,
including response to lipopolysaccharide, response to bacterial molecules, and cellular response to lipopolysaccharide. Four
terms were enriched in cellular component (CC), with significant associations to the Golgi lumen, ciliary rootlet, and lamellar
body. Additionally, 24 molecular function (MF) terms were enriched, including cytokine activity, cytokine receptor binding,
and G protein-coupled receptor binding (Figure 2A and Supplementary Table 3). In KEGG, five related pathways were

identified, with candidate genes being significantly associated with immune system, bacterial infectious diseases, digestive
system, signaling molecules and interactions, and the endocrine system pathways (Figure 2B). Furthermore, the PPI network
of the 50 candidate genes revealed 22 interactions with a total of 26 edges (Figure 2C). Notably, MUC5AC and LCE3D
interacted with five other proteins, while MUC16 and S100A7A each interacted with four other proteins.
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Figure 2 GO and KEGG enrichment analyses of candidate genes and construction of the PPl network. (A) GO Enrichment Analysis of Candidate Genes: The outermost layer
represents the GO annotation ID, with red indicating biological processes, blue representing cellular components, and yellow indicating molecular functions. The second layer
shows the significance level, with color intensity representing the p-value, and the length and width of the segments, along with the numbers, indicate the number of genes
enriched in each function. The third layer displays the number of upregulated and downregulated genes enriched in each function, with colors distinguishing between up- and
downregulation. (B) KEGG Enrichment Analysis of Candidate Genes: The left side displays the names of enriched genes, with color intensity representing the fold change
(logFC), where darker colors indicate larger fold changes. The right side shows the enriched pathways, with different colors corresponding to different pathways. Pathway
names are listed below the diagram under “Terms”. The size of the color blocks varies according to the number of genes enriched in each pathway; larger blocks represent
pathways with more enriched genes. (C) PPl Network Diagram: The nodes represent genes, and the edges represent interactions between the genes.
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The Key Genes MUCI| 6 and DEFAS5 Were ldentified and Obtained

The top 15 genes identified through three algorithms (BottleNeck, Closeness, and Stress) were intersected (Figure 3A—C),
resulting in 11 feature genes-PPI: MUC5AC, LCE3D, MUCI6, SI100A74, DEFAS5, SCGB1A1l, KRTDAP, MUCI5, IL36G,
VTCNI1, and HOPX (Figure 3D). Meanwhile, LASSO regression analysis of the 50 candidate genes indicated that the model’s
error rate was minimized when lambda.min was 0.02883683 (Figure 3E), leading to the identification of 10 feature genes-
LASSO: DEFAS, CXCL6, SPINK4, FIGF, AQP5, HMP19, MUC16, TGM3, TCL1A, and SPACAI (Figure 3F). The intersec-
tion of feature genes-PPI and feature genes-LASSO revealed two common genes: MUCI6 and DEFAS5 (Figure 3G). ROC
curves were plotted for these intersecting genes, with MUC16 achieving an AUC of 0.756 and DEFAS5 achieving an AUC of
0.856 (Figure 3H), indicating that these key genes effectively distinguish case samples from control samples. Consequently,
MUC16 and DEFA5 were determined as the final key genes.

Functional Exploration of MUCI16 and DEFA5

In the GSE154650 dataset, GSEA revealed that MUC16 was significantly associated with pathways including drug metabo-
lism by other enzymes, oxidative phosphorylation, Parkinson’s disease, pentose and glucuronate interconversions, and starch
and sucrose metabolism (Figure 4A). DEFAS5 was found to be significantly correlated with pathways such as ascorbate and
aldarate metabolism, drug metabolism by enzymes, maturity-onset diabetes of the young, N-glycan biosynthesis, and pentose
and glucuronate interconversions (Figure 4B). Additionally, both MUC16 and DEFAS5 were significantly associated with the
pathways related to drug metabolism by other enzymes and pentose and glucuronate interconversions.

Construction and Evaluation of Nomogram with MUCI16 and DEFA5

In the nomogram plot for predicted HD prevalence based on key genes, the points for MUC16 and DEFAS5 were marked
with red-dotted lines (Figure 5A). The calibration curve showed no significant difference between the anticipated and
true values (Figure 5B), and the nomogram’s AUC was 0.88 (Figure 5C), indicating that the model built with key genes
had high prediction accuracy and disease prediction capability. Furthermore, the DCA curve demonstrated that the net
benefit of the nomogram was consistently greater than zero and higher than the net benefit of the individual key genes
(Figure 5D). Overall, the nomogram model displayed favorable predictive performance.

Analysis of 22 Immune Cell Infiltrations

Infiltration analysis of 22 immune cell types in the case and control groups is shown in Figure 6A. The highest level of
infiltration in both groups was observed in resting memory CD4 T cells. Activated dendritic cells and plasma cells
exhibited significant differences between the groups, with their infiltrated scores being down-regulated in the case group
and up-regulated in the control group (Figure 6B). Additionally, a strong positive correlation was observed between
plasma cells and DEFAS5 (cor = 0.5321, P < 0.01) (Figure 6C).

Construction of an mRNA-TF-miRNA Network for DEFA5 and MUCI1 6

The regulatory network analysis visualized the transcriptional regulatory relationships of the two key genes, DEFAS5 and
MUCI16. DEFA5 was predicted to be regulated by 58 TFs, while MUCI6 was predicted to be regulated by 18 TFs. After
merging and removing duplicates, 26 unique TFs were identified. Furthermore, 39 miRNAs were predicted for DEFAS
and 55 miRNAs for MUCI16. Notably, DEFA5 and MUCI6 together were regulated by three common TFs: LMNBI,
DDXS5, and SPI1, and 92 unique miRNAs were identified after filtering duplicates. The mRNA-TF-miRNA network is
shown in Figure 7A. Additionally, DEFAS5 did not predict any RBPs, while 59 RBPs were predicted to interact with
MUCI6. After threshold filtering, 32 RBPs were retained, and the key gene-RBP interaction network was constructed
and visualized (Figure 7B). The RBPs HNRNPK, CENPC, and RNPS1 exhibited the strongest interactions with MUCI6.

A Total of 15 Targeted Drugs Were Predicted for DEFAS5 and MUCI 6
Through the DGIdb, DEFA5 and MUC16 were predicted to target a total of 16 drugs. DEFAS5 was predicted to target 1
drug (sodium chloride), while MUCI6 was associated with 14 drugs. A network integrating differential immune cells
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(plasma cells and activated dendritic cells), drugs, and key genes was constructed, and the resulting drug-key gene-
immune cell network is shown in Figure 7C.

RT-qPCR of MUCI6 and DEFA5

RT-qPCR validation demonstrated that MUCI6 was significantly overexpressed in patients with HD (Figure 8A). In
contrast, DEFA5 showed down-regulation in patients with HD compared to controls, but the difference was not
statistically significant (Figure 8B). These RT-qPCR results validate the bioinformatics findings and further elucidate
the role of key genes in HD pathogenesis.

Discussion
HD is the most common rectal condition, characterized by inflammation of the anal canal and prolapse of bleeding
vascular tissues. With a prevalence rate reaching up to 39% in the general population and a high recurrence rate after
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correlation values, and the ordinate was represented the names of the diseases.

treatment,"> HD poses a significant clinical challenge. Various cellular processes mediated by MAM, which result from
the coupling of mitochondria and the endoplasmic reticulum, may play a role in the potential mechanisms underlying HD
treatment. This study identified two key genes, DEFAS and MUCI16, providing theoretical support for understanding the
pathogenesis of HD and highlighting new therapeutic targets for its management.

Studies suggest that DEFAS is involved in protein folding, and members of the defensin family can interact with
certain proteins to modulate their folding states.*® Specifically, DEFA5 may bind to mHTT (mutant huntingtin),
disrupting its normal folding and promoting misfolding/aggregation into neurotoxic inclusions. This process contributes
to neuronal death and the onset of Huntington’s disease (HD) symptoms.>' Under physiological conditions, DEFAS5 likely
exerts neuroprotective effects by regulating intracellular signaling pathways.*? For instance, it may modulate pathways
associated with cell survival, proliferation, and differentiation, such as the MAPK cascade.>® However, in HD patients,
genetic mutations or other factors may impair DEFAS’s normal function, preventing activation of these protective
pathways. Consequently, neurons exhibit reduced resistance to damage and toxicity, leading to accelerated apoptosis
and neurodegeneration, thereby exacerbating HD progression.>* DEFAS5 plays a pivotal role in intestinal immune
defense. By disrupting microbial cell membranes, DEFAS directly inhibits the growth and spread of intestinal pathogens
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while maintaining the balance of the intestinal flora. Additionally, DEFAS5 can regulate the functions of various immune
cells. For example, it is capable of chemotaxing immune cells such as neutrophils, monocytes, and T lymphocytes to the
site of inflammation, enhancing the body’s immune defense response.*> Beyond its role in immune barrier protection,
DEFAS is closely linked to the inflammatory response in the intestine. In inflammatory bowel diseases (IBD) such as
Crohn’s disease and ulcerative colitis, DEFAS expression levels are often significantly altered, potentially affecting the
integrity of the intestinal epithelial barrier and the severity of inflammation.*® When HD-associated gene mutations alter
the intestinal microenvironment, the secretion level of DEFA5 by Paneth cells may be dysregulated.>” Abnormal DEFAS
levels could impair the maintenance of intestinal barrier function, allowing pathogens and harmful substances from the
gut to enter systemic circulation more easily, thereby triggering systemic inflammation.® This inflammatory response
may further propagate to the central nervous system (CNS) via circulation, exacerbating neuroinflammation and
accelerating HD progression.*” For instance, studies in HD animal models have demonstrated a strong correlation
between gut inflammation and brain neuroinflammation, with DEFAS5 dysregulation potentially serving as a critical
link between the two.** In colorectal cancer research, abnormal DEFAS5 expression has been associated with intestinal
tumorigenesis and development. Changes in DEFAS expression are thought to influence the proliferation, apoptosis, and
carcinogenesis of intestinal epithelial cells by modulating the intestinal microenvironment and inflammatory responses.
Downregulation of DEFAS5 expression may weaken the intestine’s resistance to pathogens, leading to a chronic
inflammatory state and an increased risk of bowel cancer. In certain cases, overexpression of DEFAS may also promote
tumor development. Consequently, DEFAS is regarded as a key molecular marker and potential therapeutic target in the
study of intestinal diseases, particularly enteritis and colorectal cancer.*’ Notably, DEFA5 has been found to be expressed
in the colonic mucosal crypts of patients with Crohn’s colitis, and it has been suggested that it could serve as a biomarker
for diagnosing colonic Crohn’s colitis, with a positive predictive value as high as 96%.** DEFA5 has also been identified
as a risk factor for colorectal cancer in men following ulcerative colitis.*> Additionally, differential DNA methylation of
DEFA5 may influence gene expression, contributing to the increased risk of necrotizing enterocolitis in preterm infants.**
These findings suggest a strong association between DEFA5 and inflammatory processes. Metabolic disorders, which can
impact various diseases, also play a significant role in the pathogenesis of HD. These disorders may influence HD
development and progression by affecting cell function, energy metabolism, and inflammatory responses.*> Research has
shown that DEFAS5 can improve metabolic disorders and restore metabolic balance, potentially offering a protective role
against HD35. In our study, DEFAS5 was found to predict the occurrence of HD. Furthermore, DEFAS expression is
significantly downregulated in gastric cancer, where it is the most downregulated gene in invasive gastric cancer.
Overexpression of DEFAS has been shown to reduce cell proliferation and tumor growth both in vitro and in vivo,
suggesting its potential as a tumor suppressor in gastric cancer.’>*® While DEFA5 may act as a risk factor in certain
diseases, it could also have a therapeutic effect, and its role in HD requires further investigation.

MUCI16, also known as CA125, is an immunosuppressive factor and a large transmembrane mucin produced by
epithelial cells. It is abnormally elevated in various tumors.*” Inflammation is closely linked to HD, and hemorrhoids are
commonly observed in patients with cirrhosis. Studies have indicated that MUCI16 serves as both a mediator and

a marker of the inflammatory response,***°

playing a critical role in cirrhosis and its complications. Activated portal vein
fibroblasts regulate cirrhosis via MUCI16, and portal hypertension caused by MUC16 can obstruct venous return in the
anorectal region. This leads to blood stasis, increased vascular pressure, and ultimately the formation of hemorrhoids.>*~
32 This mechanism highlights MUC16’s significant involvement in the development of hemorrhoids associated with
cirrhosis. The cytoplasmic tail of MUC16 interacts with ERM family proteins (ezrin/radixin/moesin), thereby modulating
cytoskeletal dynamics.> Notably, MUC16 suppresses natural killer (NK) cell responses, enabling cancer cells to evade
immune attack.>® In Huntington’s disease (HD), aberrant immune activation is a hallmark feature.”> MUC16 may disrupt
immune surveillance and clearance of damaged neurons, perpetuating and amplifying neuroinflammatory responses that
exacerbate HD progression.’® Within the nervous system, MUC16 could impair neuron-neuron or neuron-glia interac-
tions, inducing pathological glial migration and excessive neuronal ensheathment, which accelerates
neurodegeneration.’” Moreover, MUC16’s immunomodulatory properties—mediated by its heavily glycosylated extra-
cellular domain—allow it to bind diverse immune molecules.”’ Dysregulated MUC16 interferes with macrophage
polarization and T-cell activation, fostering a pro-inflammatory milieu.”® Additionally, aberrant MUC16 compromises
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microenvironmental homeostasis, potentiating cell death and vascular integrity loss, which may aggravate hemorrhoidal
pathogenesis.”® In our study, MUCI6 was identified as a key gene for diagnosing HD. However, further clinical trials are
required to validate its diagnostic utility.

This study developed a nomogram incorporating two key genes, achieving an AUC of 0.88. DCA revealed that the
nomogram provided greater net benefit than individual key genes, demonstrating its robust predictive power and
accuracy for HD. With an AUC surpassing 0.8, the nomogram consistently outperformed individual genes in DCA,
indicating its strong predictive potential for HD incidence. This represents a novel finding, as few related studies exist.
Our research addresses this gap and offers a valuable decision-support tool for HD in clinical practice.

The peroxisome pathway, essential in cellular metabolism, has been linked to enteritis and possibly hemorrhoids,
suggesting that disturbances in this pathway may contribute to enteritis development, which in turn impacts overall
health.®®®! Research on the starch and sucrose metabolic pathway indicates that sugar metabolism influences diabetes
progression and elevates the risk of diseases like HD, implying that disruptions in this pathway may indirectly contribute
to other conditions by triggering diabetes.®® Although the progression of juvenile diabetes is not fully elucidated, it is
hypothesized to be closely associated with diabetes pathogenesis and potentially linked to other diseases.®® The cytokine-
cytokine receptor interaction pathway plays a key role in the inflammatory response, influencing HD by regulating
inflammation and impacting disease progression.®**> These findings provide compelling evidence for the involvement of
these pathways in disease development, offering valuable insights and guiding future research directions. Based on
pathway analysis and supporting literature, it can be inferred that MUC16 and DEFAS5 may modulate inflammatory
responses, glucose metabolism, energy metabolism, and other pathways, potentially influencing HD. These genes may
play pivotal roles in regulating these pathways, thereby affecting HD through the modulation of inflammation, energy
metabolism, and related processes. However, this remains a hypothesis derived from GSEA enrichment results and
literature analysis, and the precise relationship and mechanisms warrant further experimental validation. In conclusion,
this paper outlines a potential mechanism for MUC16 and DEFAS in HD, offering valuable insights and directions for
future research.

Accumulating evidence underscores the immunomodulatory roles of MUC16 and DEFAS5 across pathologies. In
ovarian cancer, MUC16 inhibits the cytolytic activity of natural killer (NK) cells by impeding the formation of NK cell-
tumor cell conjugates, thereby facilitating immune evasion.”” By analogy, in Huntington’s disease (HD), MUC16 may
similarly dysregulate immune cell secretion of pro-inflammatory cytokines (eg, IL-1p, TNF-a), highlighting its broader

1.66

immunoregulatory potential.” While studies on DEFAS in HD remain limited, emerging data suggest it may modulate

central nervous system (CNS) immune cells, influencing the release of IL-1p and TNF-.®” Parallel findings in colorectal
cancer reveal that microbiota-derived metabolites can shape disease progression by altering immune cell function,®®¢’
offering a conceptual framework for investigating DEFAS’s role in HD via analogous immunometabolic mechanisms.
Analysis revealed that activated dendritic cells exhibited low infiltration in HD, while plasma cells showed high
infiltration. Notably, plasma cells displayed a strong positive correlation with DEFAS (cor = 0.5321). The reduced
function of activated dendritic cells may result in insufficient or dysregulated cytokine secretion, either pro-inflammatory
or anti-inflammatory, potentially contributing to localized inflammation in hemorrhoids.’® The high infiltration of plasma
cells in HD suggests persistent inflammation,”’ indicating that both activated dendritic cells and plasma cells may play
significant roles in exacerbating local inflammatory responses and HD progression. The NF-kB pathway serves as
a central signaling axis in immune and inflammatory responses.””> Accumulating evidence indicates that members of the
defensin family, including DEFAS5, can interact with the NF-kB pathway.”® For instance, in certain inflammatory models,
bacterial defensins activate the NF-kB pathway, upregulating the expression of pro-inflammatory cytokines. Specifically,
DEFAS5 may influence plasma cells through a similar mechanism.”* Studies have demonstrated that NF-kB activation
under inflammatory stimuli promotes B-cell differentiation into plasma cells and enhances antibody secretion,”> provid-
ing indirect evidence for DEFAS5’s role in modulating plasma cells via NF-kB. Moreover, DEFAS may function as an
endogenous ligand, binding to Toll-like receptors (TLRs) on immune cells and initiating TLR-mediated signaling.”® This

7

pathway’s activation could critically regulate plasma cell differentiation,”” suggesting a potential mechanistic link

between DEFAS and humoral immune responses.
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However, this study has several limitations. First, only a few key modules and associated genes were considered,
potentially overlooking other relevant HD-associated genes. Second, the dataset utilized included samples from individuals
treated with biological agents, and the impact of these treatments on gene expression remains unclear. The impact of reagent
impurities, batch differences, and other factors on the results should be considered. In future experimental designs, multiple
parallel samples should be set up, using reagents from the same batch, ensuring thorough mixing before each experiment,
and including positive and negative controls to reduce reagent interference with the experimental results. Additionally, the
exact mechanisms by which central genes, Incrnas, and miRNAs influence HD were not explored.

This research identified two key genes, MUCI6 and DEFA5, associated with HD and MAM, and developed
a nomogram with strong predictive capabilities. These findings provide new targets for exploring the pathogenesis and
treatment of HD. However, the clinical applicability and effectiveness of these key genes require further validation and

investigation.
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