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Purpose: Previous studies have shown that pyroptosis plays a vital role in the progress of neuropathic pain (NP), but the molecular
mechanisms have not been fully elucidated. The aim of this study was to identify crucial pyroptosis-related genes (PRGs) in NP.
Methods: We identified pyroptosis-related differentially expressed genes (PRDEGs) in NP by machine learning analysis of the
GSE24982 and GSE60670 datasets. Furthermore, these PRDEGs were subjected to Gene Ontology (GO), Kyoto Encyclopedia of
Genes and Genomes (KEGG) enrichment analysis, Gene Set Enrichment Analysis (GSEA) and Friends analysis, respectively.
Meanwhile, receiver operator characteristic (ROC) analysis was performed to assess the diagnostic value of PRDEGs in NP.
Finally, we performed immune infiltration analysis of key PRDEGs using CIBERSORTR R package.

Results: We found that 5 PRDEGs by least absolute shrinkage and selection operator (LASSO) regression and random forest and
verified by RT-qPCR. GO, KEGG and GSEA revealed that these PRDEGs were mainly enriched in regulation of neuron death, IL-4
signaling, IL-23 pathway, and NF-xB pathway. ROC analysis revealed that most of the PRDEGs performed well in diagnosing NP. We
also revealed transcription factors, miRNA regulatory networks and drug interaction networks of PRDEGs. For immune infiltration
analysis, PRDEGs were mainly correlated with dendritic cells, monocytes and follicular T helper cells, suggested that it might be
involved in the regulation of neuroimmune-related signaling.

Conclusion: A total of five PRDEGs were can be employed as NP biomarkers, particularly Tlr4, I11b and Casp8, and provide
additional evidence for a vital role of pyroptosis in NP.
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Introduction

Neuropathic pain (NP) is primarily caused by disease or injury of the somatosensory system.' This pain is usually
characterized by spontaneous pain, touch-induced pain, nociceptive hyperalgesia, and sensory abnormalities. The
majority of patients with chronic neuropathic pain have had the disease for more than 3 months. NP, one of the most
common forms of chronic pain, is experienced by 6.9% to 10% of the world’s population, with epidemiological surveys
in France and the United Kingdom showing a prevalence of 7% to 8%.>> Most of these patients’ mental health and social
functioning are severely and adversely affected, resulting in a reduced quality of life for the patient, which places a heavy
burden on the individual, family and society.* However, the pathogenesis of NP is not fully understood, and there is still
a lack of effective treatment methods. In the face of such a large population of patients, the existing clinical treatments
cannot effectively relieve the clinical symptoms of most patients with NP, for example, the commonly used opioids and
NSAIDs have limited effects on the treatment of NP, in addition to inducing a variety of adverse effects.” Currently, the

incidence of NP is still on the rise, and the medical costs are increasing year by year, which has become one of the major
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public health problems in the world.® Therefore, there is an urgent need to further elucidate the potential pathogenesis of
neuropathic pain and provide new insights and theoretical basis for effective treatment.

Pyroptosis, also known as inflammatory cell necrosis, is a newly discovered mode of cell death that is mainly
characterized by cell swelling, cell membrane rupture, and release of inflammatory factors and cell contents.” Pyroptosis
is dependent on caspase-1 activation, a unique inflammatory mechanism that regulates cell death.® Furthermore,
Gasdermin D (GSDMD) promotes the formation of pyroptosomes and caspase-1-mediated pyroptosis and forms
membrane pores in the cell membrane, inducing the release of large amounts of pro-inflammatory factors IL-1f and
IL-18 as well as cell death.” Pyroptosis is closely related to neurodegenerative diseases, stroke, epilepsy and other central
nervous system diseases, and has become a hot topic of research on the pathogenesis of nervous system diseases.’
Researchers have revealed that inflammatory and immune mechanisms in the peripheral and central nervous system exert
a crucial role in NP, such as infiltration of inflammatory cells and activation of innate immune cells in response to
neurological injury leading to the subsequent production and secretion of various inflammatory mediators.'' These
mediators promote neuroimmune activation, sensitize primary afferent neurons and cause hypersensitivity to pain.
Pyroptosis mediated by the NLRP3/GSDMD axis is an important factor in the inflammatory activation of immune
cells in chronic pain.'? In addition, Hua et al found that inhibition of pyroptosis could effectively suppress the
neuroinflammatory response and ultimately provide significant relief from NP through in vivo and in vitro
experiments.13 Therefore, pyroptosis might be a potential target for intervention in neuropathic pain. However, the
molecular mechanisms underlying the interaction between pyroptosis and NP remain unclear. Thus, further studies are
necessary.

Most recent research on key biomarkers of neuropathic pain has focused on inflammatory changes in the spinal cord
and dorsal root ganglia.'*'> Unfortunately, due to time and cost constraints, all investigators did not include a large
enough sample size and did not analyze the spinal cord and dorsal root ganglia (DRG) simultaneously as a way to
validate each other, so these might not fully elucidate the key genes for neuropathic pain. At present, we selected two
spinal cord and DRG gene datasets separately for secondary analysis to verify each other and identify crucial biomarkers
of neuropathic pain.'®'” Moreover, this study explored the association between pyroptosis-related genes and NP at the
gene level, with pyroptosis gene extraction, machine learning (LASSO regression and Random Forest) screening, and
logistic regression to construct pyroptosis-related gene signatures to obtain key pyroptosis-related biomarkers. Finally,
we constructed related regulatory networks, revealed potential therapeutic agents, obtained information on the correlation
between key pyroptosis-related genes and immune infiltrating cells and verified the expression levels of pyroptosis-
related genes using RT— qPCR. Through this research, we hope to provide a reference for pyroptosis as a therapeutic
target for NP and these pyroptosis-related biomarkers might be used for disease diagnosis and treatment monitoring.

Materials and Methods

Microarray Data Collection
Microarray data (GSE24982 and GSE60670) were obtained from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/) through GEOquery R package.'® Due to the lack of NP-related microarray data and the high

degree of homology between rat and mice genes, we selected rat and mice gene datasets for bioinformatics analyses.'® As
shown in Table 1, GSE24982 consisted of the expression profiles of 20 rats in the NP group and 20 control rats.?
GSE60670 consisted of the expression profiles of 6 mice in the NP group and 6 mice in the control group.?' The

GeneCards database (http://www.genecards.org/) provides comprehensive information on human genes, and we used the

word “Pyroptosis” as a search term and only retained the genes with “Protein Coding” and “Relevance score >0.500",
and finally obtained 308 PRGs from the GeneCards database.”” Subsequently, we included 62 PRGs from the published
literature, and we converted PRGs from the GeneCards database and published literature into mice genes via the
homologene R package.”>* In addition, “Pyroptosis” was used as a search term in Molecular Signatures Database
(MSigDB) (https://www.gsea-msigdb.org/) to obtain the BUFFA_HYPOXIA METAGENE reference gene set, resulting
in a total of 21 PRGs.”” Finally, a total of 252 PRGs were obtained after merging and de-duplication, and the specific

gene names are shown in Table SI.
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Table | List of Neuropathic Pain Datasets Information

GPLI1335 GPL6246
Platform GSE24982 GSE60670
Type Expression profiling by array Expression profiling by array
Species Rattus norvegicus Mus musculus
Tissue Dorsal root ganglion Spinal cord microglia
Samples in NP group 20 6
Samples in Control group 20 6
Reference [20] [21]

Identification of Differentially Expressed Genes

The GSE24982 and GSE60670 datasets were first normalized using the limma R package.”® Then, differential analysis was
performed by using the limma R package for different groups of genes in the GSE24982 and GSE60670 datasets. The genes
selected by the criteria of [logFC| >0 and p value <0.05 were identified as differentially expressed genes (DEGs).”® In order to
obtain the PRDEGs for neuropathic pain, we first intersected all the DEGs obtained from the differential analysis of GSE24982
and GSE60670 datasets and draw a Venn diagram to obtain the common differentially expressed genes (Co-DEGs) of both
datasets. Then, we took the intersection of these Co-DEGs with the PRGs and draw a Venn diagram. Finally, the results of
differential analysis were presented by ggplot2 R package for volcano plotting and pheatmap R package for heat map plotting.

GO and KEGG Enrichment Analysis

GO analysis is a generalized method for conducting large-scale functional enrichment studies, including biological
process (BP), molecular function (MF) and cellular component (CC).?° The KEGG is a widely used database for storing
information about genomes, biological pathways, diseases and drugs.® We used the clusterProfiler R package to perform
GO annotation analysis and KEGG pathway enrichment analysis on PRDEGs.?' The screening criterion for item was
P. adj. <0.05 was considered statistically significant, and the P-value correction method was Benjamini-Hochberg (BH).

Gene Set Enrichment Analysis (GSEA)

GSEA is an algorithm that analyzes whether a specific gene set is statistically different between two biological states and
is commonly used to assess the activity of pathways and biological processes in expression datasets.”> We used the
clusterProfiler R package to perform GSEA on the GSE24982 and GSE60670 datasets. The parameters used for this
GSEA were as follows: the seeds were 2023, the number of calculations was 100,000, the number of genes containing at
least 10 and a maximum of 500 genes per gene set, and the P-value correction method was BH. We acquired the c2.all.
v2022.1.Hs.symbols.gmt gene set from the Molecular Signatures Database (MSigDB), and the screening criterion for
significant enrichment was P. adj. <0.05 and FDR value <0.25.

Construction of Diagnostic Models for Common Pyroptosis Related Differentially

Expressed Genes

RandomForest (RF) is an algorithm that integrates multiple decision trees through the idea of integration learning, and
belongs to the bagging integration algorithm (bootstrap aggregation) of integration algorithms, which is a combination of
multiple algorithms.>® We used RF R package to construct a model with the expression of PRDEGs in the expression
matrix of GSE24982 with parameters set.seed (234) and ntree = 1000.**

I (X = xi)= —log,p(x;)

To obtain the logistic diagnostic model of GSE24982, we performed logistic regression analysis on PRDEGs. The
logistic diagnostic model was constructed by screening the PRDEGs with p value <0.05, and then the gene expression of
the PRDEGs included in the logistic regression model was displayed by forest plot. We performed LASSO regression
analysis based on PRDEGs by glmnet R package with set.seed (500), family = “binomial” as parameters, resulting in
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a logistic-LASSO regression model.*>*® To avoid overfitting, the run period was 200. LASSO regression analysis was
based on linear regression analysis by adding a penalty term (absolute value of lambda x slope) to reduce the overfitting
of the model while improving the generalization ability of the model. Finally, we visualized the results of the LASSO
regression analysis by diagnostic model plots and variable trajectory plots.

risk Score = Y Coefficient (hub gene;) *x mRNA Expression(hub gene;)
i

We intersected the PRDEGs contained in the logistic-LASSO regression model and the PRDEGs contained in the RF
model to obtain the common pyroptosis related differentially expressed genes (Co-PRDEGs). Then, we obtained the Co-
PRDEGs diagnostic model, and the corresponding riskscores based on the coefficients of Co-PRDEGs in the logistic-
LASSO regression model and the gene expression in the GSE24982 dataset. Finally, we used the results of the Co-PRDEGs
diagnostic model obtained from the logistic-LASSO regression analysis and then used the rms R package to draw
a nomogram to demonstrate the interrelationship of the Co-PRDEGs included in the Co-PRDEGs diagnostic model.*’

Receiver Operating Characteristic Curve (ROC) Analysis

The ROC, a coordinate graphical analysis tool, can be used to select the best model, discard the secondly best model or
set the best threshold in the same model.*® The interrelationship between sensitivity and specificity and the area under the
ROC curve generally has values between 0.5 and 1. We used the pROC R package to plot the ROC curves of Co-
PRDEGs between different subgroups in the GSE24982 and GSE60670 datasets and calculated the area under curve
(AUC) to evaluate the diagnostic effect of Co-PRDEGs on individuals with disease.

PPl Network Construction

Protein—protein interaction (PPI) network is composed of individual proteins that interact with each other to participate in
various aspects of life processes such as biological signaling, regulation of gene expression, energy and material metabolism,
and cell cycle regulation. GeneMANIA database (http://genemania.org) is a website for analysis of gene functions in input

gene lists, prediction and generation of gene priorities.” We used the GeneMANIA database to construct and visualize
protein—protein interaction networks associated with Co-PRDEGs. Tightly linked local regions in the PPI network might
represent molecular complexes with specific biological functions. We treat Co-PRDEGs in PPI networks as hub genes.

Establishment of TFs-Co-PRDEGs, miRNAs — Co-PRDEGs, Drugs — Co-PRDEGs

Regulatory Networks
The miRDB database was used for miRNA target gene prediction and functional annotation.*” We used the miRDB
database to predict miRNAs that interact with Co-PRDEGs and then selected data with target score >80 from the miRDB
database and constructed miRNA-mRNA interaction networks.

The CHIPBase database (version 3.0) (https://rna.sysu.edu.cn/chipbase/) identifies thousands of binding motif

matrices and their binding sites from ChIP-seq data of DNA-binding proteins and predicts the transcriptional regulatory
relationships between millions of transcription factors (TFs) and genes.*' The hTFtarget database (http:/bioinfo.life.hust.

edu.cn/hTFtarget) is a comprehensive database containing data on TFs and their regulatory targets.*> We used the
CHIPBase database and the hTFtarget database to find TFs that bind to Co-PRDEGs and visualized them using
Cytoscape software. In addition, we used the Comparative Toxicogenomics Database (CTD) (http://ctdbase.org/) to

predict potential drugs or small-molecule compounds interacting with Co-PRDEGs.*

Immune Infiltration Analysis

CIBERSORT is an immune infiltration analysis algorithm based on the principle of linear support vector regression to
deconvolute the transcriptome expression matrix to estimate the composition and abundance of immune cells in
a mixture of cells.** We used the CIBERSORTR R package to filter through the expression matrices of the 2 datasets
and the LM22 signature gene matrix to identify data with immune cell enrichment scores greater than zero and then
visualized the results of the immune cell infiltration abundance matrix.*> The correlation between different immune cells
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in the samples of two dataset was calculated by the spearman algorithm and visualized by the ggplot2 R package. We
then calculated the correlations of immune cells with Co-PRDEGs through the gene expression matrix of both datasets
and plotted the correlation points diagram using the ggplot2 R package.

Animals and Ethics

All animal experiments were approved by the Ethics Committee of Nanchang University (Number: NCULAE-
20221031057). Specific pathogen-free (SPF) Sprague-Dawley male rats (6—8 weeks) were purchased from Charles
River (Beijing, China) and cared for in accordance with the National Institutes of Health Guidelines for the use of
laboratory animals. All rats were individually maintained on controlled temperature (22+2 °C) with a 12 h light-dark
cycle. At the same time, the animals were given enough water and food.

Construction of the CCI Rat Model

All rats were randomly divided into sham group and NP group, with 5 rats in each group. For the NP animal model, rats
were treated with chronic constriction injury (CCI) surgery according to our previous study.*® We measured mechanical
withdrawal threshold (MWT) value on the injured side of the rats with a set of von frey filaments, and thermal
withdrawal latency (TWL) was measured using the hot-plate test.*” A study has shown that the CCI model is often
chosen as the most general NP model to confirm gene expression compared to other peripheral nerve injuries that cause
neuropathic pain, such as spinal nerve ligation (SNL) and spared nerve injury (SNI).*® Therefore, we chose the CCI
model over other peripheral nerve injury models to validate the expression of Co-PRDEGs. The rats were rapidly
anesthetized by a 5% isoflurane and oxygen mixture, and then full anesthesia was achieved by continuous input of a 2%
isoflurane and oxygen mixture through the face mask. Finally, CO2 inhalation resulted in sacrificing the animals. Then,
homogenized ipsilateral L4 and L5 DRG tissue of rat were isolated, and stored at —80°C until further processing.

RT-gPCR Analysis

Total RNA was isolated using RNAiso Plus RNA Extraction Lysate (Japan TAKARA, TKR-9109). The PRDEGs were
verified by RT-qPCR using TB Green Premix Ex Taq™ TIli RNaseH Plus (Japan TAKARA, TKR-RR420) and ABI
StepOnePlus (USA, KR116-02). The primer sequences were designed through using Primer 3.0 and described in Table 2.

Table 2 The Primer Sequences for PCR

Gene Name | Primer Orientation | Sequences

Casp8 Forward 5-TCCTTT TGA TCA CTG AGATCCCTA A-3
Reverse 5-CTG TTG ACC CGG AAA CAG ATT G-3

b Forward 5’- ATCTCACAGCATCTCGACAAG -3’
Reverse 5’- CACACTAGCAGGTCGTCATCC -3

Tir4 Forward 5-GTTCCTTTCCTGCCTGAGACC-3
Reverse 5-AGGGTTTCCTGTCAGTACCA-3’

Uikl Forward 5’- ACTGACAGCCTACAGGAGAAACC -3
Reverse 5’- GGAGCCCACAGTAAATACCACA -3

Usp47 Forward 5’- GAGGTGAGAAGATCCCGAGC -3
Reverse 5'- AGAATTCAGCTCAGTGGGCG -3’

B-actin Forward 5’- CACGATGGAGGGGCCGGACTCATC -3
Reverse 5’- TAAAGACCTCTATGCCAACACAGT -3
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B-actin was employed as an internal control. All reactions run in triplicate and the relative gene expression was calculated
using the 2—AACt method.

Statistical Analysis

All data processing and analysis in this article were based on Graph Pad Prism 9.0 or R software (Version 4.1.2), and continuous
variables were presented as mean =+ standard deviation. Comparisons between two groups were made using the Wilcoxon rank
sum test or two-tailed #test. If not specified, correlation coefficients between different molecules were calculated by Spearman
correlation analysis, and all results were considered significantly different with a p-value less than 0.05.

Results

Identification of DEGs and PRDEGs
The analysis flow of this study is shown in Figure 1. We first normalized the GSE24982 and GSE60670 datasets and
plotted boxplots showing the gene expression profiles before and after processing (Figure 2A-D). During the

Figure | Analysis flowchart.
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Therefore, the range of values of the vertical coordinates in the boxplot should be close to the vicinity of 0 and relatively
(Figure 3A and B), which further ensured the accuracy of the subsequent data analysis. The differential expression
analysis of the GSE24982 dataset was shown in Figure 3C, and a total of 7869 DEGs were obtained, including 4195 up-
regulated genes and 3674 down-regulated genes. The differential expression analysis of GSE60670 was shown in
Figure 3D, and a total of 1350 DEGs were obtained, including 702 up-regulated genes and 648 down-regulated genes.

Then, we intersected the DEGs obtained from the GSE24982 and GSE60670 datasets and obtained a total of 453 Co-
neuropathic pain (Figure 3F). Finally, the results of differential expression analysis of 7 PRDEGs in the GSE24982 and

GSE60670 datasets were shown in Figure 3G and H.
expressions of the 7 PRDEGs in the GSE60670 dataset to show the correlations among the 7 PRDEGs (Figure 4B), and

Figure 2 Datasets normalization. (A) GSE24982 dataset before normalization. (B) GSE24982 dataset after normalization. (C) GSE60670 dataset before normalization. (D)
small. The range of values for the vertical coordinates of this boxplot is relatively small, so it was determined that the
normalization was successful. The normalized expression matrix was subjected to principal component analysis
DEGs (Figure 3E). We also intersected the Co-DEGs and the PRGs in the datasets and obtained a total of 7 PRDEGs for
We first plotted chord diagram showing the correlations between the 7 PRDEGs based on their specific expression in the
GSE24982 dataset (Figure 4A), and the results showed that the number of genes with positive and negative correlations
between the 7 PRDEGs accounted for half of them, respectively. We then plotted chord diagrams based on the specific

GSE60670 dataset after normalization.
normalization process, the data is transformed into a standard normal distribution with a mean of 0 and a variance of 1.

Diagnostic Value of Pyroptosis -Related Biomarkers in NP
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the results showed that the 7 PRDEGs were mainly positively correlated with each other. ROC monofactor analysis was
conducted in different datasets to assess the diagnostic value of 7 PRDEGs biomarkers in NP. As a result, the accuracy of
Adora2a, Casp6, Casp8, I11b, Tlr4, Ulkl and Usp47 in the diagnosis of NP was 0.695, 0.638, 0.958, 0.749, 0.805, 0.917
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Figure 4 Diagnostic value of pyroptosis-related biomarkers in NP. (A and B) Correlation between 7 PRDEGs in the GSE24982 and GSE60670 datasets. (C—l) The AUC of
pyroptosis-related biomarkers in the diagnosis of NP in ROC analysis in the GSE24982 dataset. (J-P) The AUC of pyroptosis -related biomarkers in the diagnosis of NP in
ROC analysis in the GSE60670 dataset.

and 0.823, respectively, in the GSE24982 dataset (Figure 4C—I). The ROC diagnostic accuracy of 7 PRDEGs biomarkers
for NP was 0.806, 0.917, 0.833, 0.806, 0.806, 0.892 and 0.889, respectively, in the GSE60670 dataset (Figure 4J-P).

GO and KEGG Enrichment Analysis of PRDEGs

The GO-enriched entries and enrichment pathways were listed in Tables 3 and 4. The results of GO enrichment analysis
were shown in Figure 5A. According to the GO-BP category analysis, 7 PRDEGs were mainly related to regulation of
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Table 3 GO Enrichment Analysis Results of Pyroptosis Related Differentially Expressed Genes

Ontology ID Description Generatio Bgratio pvalue p.adjust
BP GO:1901214 Regulation of neuron death 517 392/28,814 9.33e-09 5.37e-06
BP GO:1901216 Positive regulation of neuron death 417 131/28,814 1.41e-08 5.37e-06
BP GO:0070997 Neuron death 517 438/28,814 1.62e-08 5.37e-06
BP GO:0014002 Astrocyte development 317 35/28,814 5.73e-08 1.42e-05
BP GO:0061900 Glial cell activation 3/7 49/28,814 1.61e-07 2.66e-05
cC GO:0008303 Caspase complex 2/7 14/28,739 4.62e-06 0.0002
cC GO:1905369 Endopeptidase complex 2/7 99/28,739 0.0002 0.0050
CcC GO:1905368 Peptidase complex 2/7 131/28,739 0.0004 0.0058
CcC GO:0034045 Phagophore assembly site membrane 117 14/28,739 0.0034 0.0257
CcC GO:0045121 Membrane raft 2/7 393/28,739 0.0037 0.0257
MF GO:0004197 Cysteine-type endopeptidase activity 317 105/28,275 1.72e-06 6.55e-05
MF GO:0097153 | Cysteine-type endopeptidase activity involved in 2/7 13/28,275 4.09e-06 7.78e-05
apoptotic process
MF GO:0008234 Cysteine-type peptidase activity 317 172/28,275 7.6e-06 9.63e-05
MF GO:0004175 Endopeptidase activity 317 450/28,275 0.0001 0.0013
MF GO:0005126 Cytokine receptor binding 217 316/28,275 0.0025 0.0171

Table 4 KEGG Enrichment Analysis Results of Pyroptosis Related Differentially Expressed Genes

Ontology ID Description Generatio | Bgratio pvalue | p.adjust
KEGG mmu05417 Lipid and atherosclerosis 4/6 216/9000 | 4.66e-06 0.0002
KEGG mmu05 |34 Legionellosis 3/6 61/9000 | 5.84e-06 0.0002
KEGG mmu04620 | Toll-like receptor signaling pathway 3/6 100/9000 | 2.6e-05 0.0005
KEGG mmu05 142 Chagas disease 3/6 103/9000 | 2.84e-05 0.0005
KEGG mmu04936 Alcoholic liver disease 3/6 141/9000 | 7.27e-05 0.0010

neuron death, positive regulation of neuron death, neuron death, astrocyte development, and glial cell activation
(Figure 5B). The GO-CC items showed that these 7 PRDEGs were mainly located in caspase complex, endopeptidase
complex, peptidase complex, phagophore assembly site membrane, and membrane raft (Figure 5C). According to the
GO-MF category analysis, these 7 PRDEGs were involved in cysteine-type endopeptidase activity, cysteine-type
endopeptidase activity involved in apoptotic process, cysteine-type peptidase activity, endopeptidase activity, and
cytokine receptor binding (Figure 5D). In the pathway enrichment analyses, 7 PRDEGs were mainly related to lipid
and atherosclerosis, legionellosis, Toll-like receptor signaling pathway, chagas disease, and alcoholic liver disease
(Figure 5E and F).

Results of GSEA for Two Datasets

The GSEA results for GSE24982 and GSE60670 datasets were presented in Table 5 and Table S2. The top 4 pathways
enriched in the GSE24982 dataset were drawn as ridge plot (Figure 6A). The results showed that genes were significantly
enriched in Schoen NF-kB signaling (Figure 6B), TP53 signaling (Figure 6C), IL-12 Pathway (Figure 6D), TNF
signaling via NF-kB (Figure 6E). The top 4 pathways enriched in the GSE60670 dataset were drawn as ridge plot
(Figure 6F). The results showed that genes were significantly enriched in Rutella response to hgf vs csf2rb and 1L-4 up
(Figure 6G), IL-4 signaling (Figure 6H), overview of proinflammatory and profibrotic mediators (Figure 6I), Rutella
response to csf2rb and IL-4 (Figure 6J). In addition, we took the intersection of all functional pathways significantly
enriched by GSEA for the GSE24982 and GSE60670 datasets and plotted the Venn diagram (Figure 6K), which showed
that a total of 68 pathways were significantly enriched by both datasets.
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Table 5 GSEA Analysis of GSE24982 Dataset Between NP and Control Groups

Description Setsize | Enrichmentscore NES p.adjust | qvalue
SCHOEN_NFKB_SIGNALING 30 0.666 2214 0.003 0.002
TANG_SENESCENCE_TP53_TARGETS_DN 45 0.551 2.008 0.007 0.006
PID_IL12_2PATHWAY 48 0.543 2.006 0.006 0.005
TIAN_TNF_SIGNALING_VIA_NFKB 22 0.650 2.001 0.0138 0.012
PID_IL23_PATHWAY 30 0.587 1.951 0.013 0.011
PLASARI_TGFBI_SIGNALING_VIA_NFIC_IHR_UP 24 0.618 1.946 0.017 0.014
DEBOSSCHER_NFKB_TARGETS_REPRESSED_BY_GLUCOCORTICOIDS 15 0.673 1.872 0.034 0.029
PLASARI_TGFBI_TARGETS_I0HR_DN 206 0.391 1.842 0.003 0.002
HINATA_NFKB_TARGETS_FIBROBLAST_UP 70 0.436 1.737 0.024 0.020
FOROUTAN_TGFB_EMT_UP 162 0.374 1.704 0.007 0.006

Construction of Diagnostic Models for PRDEGs and Its Diagnostic Value

To further determine the diagnostic value of the 7 PRDEGs in GSE24982 dataset, we first constructed logistic
regression models based on the expression of the 7 PRDEGs in the GSE24982 dataset and the grouping information
(NP/Control) of the GSE24982 dataset. We then visualized the expressions of the 7 PRDEGs by forest plot
(Figure 7A). We also analyzed the expression of 7 PRDEGs in GSE24982 dataset using RF algorithm
(Figure 7B), and IncNodePurity >0.3 was used as a criterion for screening. The results showed that all 7
PRDEGs met the criteria (Figure 7C).

Next, we constructed diagnostic models based on the expression level of 7 PRDEGs in the GSE24982 dataset by
LASSO regression analysis. The results of the analysis were visualized by plotting the LASSO regression model
(Figure 7D) and the LASSO regression variable trajectory (Figure 7E). The results showed that the diagnostic model
contains a total of 5 PRDEGs, namely, Casp8, I11b, Tlr4, Ulkl, and Usp47. We took the intersection of PRDEGs from
Logistic-LASSO regression and PRDEGs from RF model to obtain a total of 5 Co-PRDEGs (Figure 7F), which were:
Casp8, Il1b, Tlr4, Ulkl, Usp47. Finally, we obtained the diagnostic model of Co-PRDEGs and the corresponding
riskscores based on the following equation.

Risk Score = Casp8 x 4.247 + 111b % 0.712 4 TIr4d * 1.591 + Ulk1 * —2.145 4 Usp47 % 9.730

To further validate the diagnostic value of the Co-PRDEGs model, we plotted ROC curves based on the riskscore of
Co-PRDEGs and the grouping information (NP/control) of the GSE24982 dataset. As shown in Figure 7G, the
expression levels of riskscores of Co-PRDEGs model in the GSE24982 dataset were found to have high accuracy for
the diagnostic results of both groups. We also plotted nomogram showing the contribution of the 5 Co-PRDEGs to the
Co-PRDEGs diagnostic model (Figure 7H). The results showed that the utility of Tlr4 and Casp8 on the Co-PRDEGs
diagnostic model was significantly higher than that of the other Co-PRDEGs.

ROC Analysis in the High-and Low-Risk Groups and Friends Analysis of Co-PRDEGs
We divided the NP group sample in the GSE24982 dataset into high- and low-risk groups based on the median risk score. As
shown in Figure 8 A—E, there was certain accuracy in the diagnostic value of Casp8 (AUC = 0.835, Figure 8A), I11b (AUC =
0.889, Figure 8B), Tlr4 (AUC = 0.778, Figure 8C) expression level for the high- and low-risk groups of the GSE24982 dataset,
while the diagnostic value of Ulkl (AUC = 0.650, Figure 8D) and Usp47 (AUC = 0.650, Figure 8E) expression level existed
only with lower accuracy for the diagnostic value of the high- and low-risk groups of the GSE24982 dataset. Similarly, we
perform the same grouping analysis for the GSE60670 dataset. As shown in Figure 8F-J, the expression level of Casp8 (AUC
= 1.000, Figure 8F) had a high accuracy for the diagnostic value of the GSE60670 dataset in the high- and low-risk group,
while the expression level of I11b (AUC = 0.520, Figure 8G), Tlr4 (AUC = 0.450, Figure 8H), Ulk1 (AUC = 0.667, Figure 8I),
and Usp47 (AUC = 0.778, Figure 8J) had diagnostic values for the high- and low-risk groups of the GSE60670 dataset with
certain accuracy.
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Figure 6 Results of GSEA enrichment analysis. (A) Ridge plot of top 4 pathways of GSE24982. (B—E) Enrichment plot of top 4 pathways of GSE24982. (F) Ridge plot of top
4 pathways of GSE60670. (G-J) Enrichment plot of top 4 pathways of GSE60670. K Overlapping enrichment pathways in the GSE24982 and GSE60670 datasets.
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Figure 7 Construction of diagnostic models for PRDEGs and its diagnostic value. (A) Forest plot of logistic regression model for PRDEGs. (B) Model training error plot for
random forest algorithm. (C) IncNodePurity values for PRDEGs in RF models. (D and E) Diagnostic model plot of LASSO regression model and trajectory of variables. (F)
Overlapping PRDEGs in Logistic-LASSO regression models and RF models. (G) ROC curves of Co-PRDEGs model in GSE24982 dataset. (H) Nomogram of 5 Co-PRDEGs
in the Co-PRDEGs model.

Finally, we calculated the semantic similarity between GO terms, sets of GO terms, gene products and gene clusters
by the GOSemSim R package. The results of the functional similarity analysis between the 5 Co-PRDEGs were
visualized by cloud-rain diagram (Figure 8K), which showed that among the 5 Co-PRDEGs, Casp8, Tlr4 had the highest
functional similarity values with the other Co-PRDEGs.
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Figure 8 ROC analysis in the high-and low-risk groups and Friends analysis of Co-PRDEGs. (A—E) ROC curves of 5 Co-PRDEGs in the GSE24982 dataset. (F-J) ROC
curves of 5 Co-PRDEGs in the GSE60670 dataset. (K) Friends analysis of 5 Co-PRDEGs.

Results of GSEA in the High-and Low-Risk Groups

The GSEA results for high- and low-risk groups in the GSE24982 and GSE60670 datasets were presented in Table 6 and Table
S3. The top 4 pathways enriched in the GSE24982 dataset were drawn as ridge plot (Figure 9A). The results showed that genes
of different groups were significantly enriched in Meissner brain with H3k27me3 (Figure 9B), Reactome-ECM-proteoglycans
(Figure 9C), IL-12 pathway (Figure 9D), Foroutan-integrated TGFB-EMT (Figure 9E). The top 4 pathways enriched in the
GSE60670 dataset were drawn as ridge plot (Figure 9F). The results showed that genes of different groups were significantly
enriched in Reactome regulation of TP53 expression and degradation (Figure 9G), Reactome pyroptosis (Figure 9H), Reactome
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Table 6 GSEA Analysis of GSE24982 Dataset Between High- and Low-Riskscore Groups

Description Setsize | Enrichmentscore NES p.adjust qvalue
SCHLESINGER_H3K27ME3_IN_NORMAL_AND_METHYLATED_IN_CANCER 20 0.678 2.003 0.047 0.045
MEISSNER_BRAIN_HCP_WITH_H3K27ME3 175 0.426 1.927 0.007 0.007
WP_PLURIPOTENT_STEM_CELL_DIFFERENTIATION_PATHWAY 35 0.563 1.908 0.048 0.046
REACTOME_ECM_PROTEOGLYCANS 70 0.484 1.897 0.018 0.017
WP_RETT_SYNDROME_CAUSING_GENES 44 0.531 1.896 0.050 0.048
ONDER_CDHI_TARGETS_3_DN 40 0.533 1.861 0.049 0.047
FOROUTAN_INTEGRATED_TGFB_EMT_DN 64 0.481 1.856 0.038 0.036
MIKKELSEN_IPS_WITH_HCP_H3K27ME3 65 0.467 1.805 0.049 0.047
REACTOME_PEPTIDE_LIGAND_BINDING_RECEPTORS 145 0.388 1.712 0.013 0.013
MIKKELSEN_MCV6_HCP_WITH_H3K27ME3 314 0.304 1.475 0.038 0.036

regulation of TP53 activity (Figure 91), NF-kB signaling (Figure 9J). In addition, we took the intersection of all functional
pathways significantly enriched by GSEA for high- and low-risk groups in the GSE24982 and GSE60670 datasets and plotted
the Venn diagram (Figure 9K), which showed that a total of 5 pathways were significantly enriched by both datasets.

PPl Network and TFs-Co-PRDEGs, miRNA-Co-PRDEGs, Drugs-Co-PRDEGs

Regulatory Network

We constructed a PPI network for Co-PRDEGs by using the GeneMANIA database to analyze the protein—protein
interactions of the 5 Co-PRDEGs and retaining the nodes with links to the 5 Co-PRDEGs (Figure 10A). We treated the
Co-PRDEGs in the PPI network as hub genes.

We predicted the miRNAs interacting with 5 Co-PRDEGs by using the miRDB database (Figure 10B). As shown by
the mRNA-miRNA interaction network, our mRNA-miRNA interaction network consisted of 5 Co-PRDEGs, 101
miRNA molecules, which constituted a total of 108 pairs of mRNA-miRNA interaction relationships, and the specific
mRNA-miRNA interaction relationships are shown in Table S4.

Furthermore, we searched the CHIPBase database (version 2.0) and hTFtarget database for transcription factors (TFs)
that bind to the 5 Co-PRDEGs. Then, we intersected the transcription factors found in both databases and finally obtained
4 Co-PRDEGsS and 25 transcription factors (TFs) (Figure 10C). mRNA-TF interaction network had the most interactions
between Tlr4 and transcription factors (TFs), and there were 15 pairs of mRNA-TF interactions for Tlr4 gene. The
specific mRNA-TF interaction relationships are shown in Table SS5.

Finally, the CTD database was used to identify potential drugs or molecular compounds targeting the 5 Co-PRDEGs.
We obtained 69 potential drugs or molecular compounds corresponding to the 4 Co-PRDEGs (Casp8, 111b, Tlr4, Ulkl)
(Figure 10D). Among them, we found the largest number of drugs or molecular compounds targeting I11b. The specific
mRNA-—drug interaction relationships are shown in Table S6.

Immune Infiltration Analysis in Two Datasets

First, we calculated the correlation between 22 immune cell species and the expression profile data in the GSE24982
dataset. Based on the results of immune infiltration analysis, we plotted the immune cell infiltration of 18 immune cells
with infiltration abundance greater than 0 in each sample in the GSE24982 dataset in the form of a bar chart
(Figure 11A).

We calculated the correlation between the abundance of the 18 immune cell infiltrates in the samples in the
GSE24982 dataset (Figure 11B), and the results showed that the abundance of the 18 immune cell infiltrates were
mostly negatively correlated. The positive correlation (r = 0.69) was greatest between NK cells activated and Mast cells
resting; the negative correlation (r = —0.53) was greatest between M1 type Macrophages and Monocytes.

Meanwhile, we calculated the correlation between the infiltration abundance of 18 immune cell types and the
expression levels of 5 Co-PRDEGs. The results showed a significant correlation (P < 0.05) between the infiltration
abundance of only 13 immune cells and the expression levels of 4 Co-PRDEGs (Figure 11C). Among them, positive
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Figure Il Immune infiltration analysis of the GSE24982 dataset. (A) Histogram of immune infiltration of immune cells in the GSE24982 dataset. (B) Correlation of the
abundance of immune cell infiltration in the GSE24982 dataset. (C) Heat map of immune cell correlations with Co-PRDEGs in the GSE24982 dataset.

correlations were more pronounced between dendritic cells resting and Casp8, Tlr4; Monocytes and Casp8; follicular
T helper cells and I11b, TIr4. memory B cells and Casp8; M2 type Macrophages and Casp8; NK cells activated with
Casp8, Tlr4 were more significantly negatively correlated.

Moreover, we calculated correlations between 22 immune cells and expression profile data in the GSE60670 dataset
and visualized the immune infiltration of 19 immune cells with infiltration abundance greater than 0 (Figure S1A). We
also calculated the correlation between the abundance of these immune cell infiltrations (Figure S1B), and the results
showed that the abundance of the 19 immune cell infiltrations were mostly negatively correlated. The positive correlation
(r = 0.89) was greatest between NK cells resting and monocytes; the negative correlation (r = —0.72) was greatest
between memory B cells and dendritic cells resting.

Finally, the results showed a significant correlation (P < 0.05) between the infiltration abundance of only 6 immune
cells and the expression level of 4 Co-PRDEGs (Figure S1C). Among them, positive correlations were more pronounced
between memory B cells and Il1b, dendritic cells activated and Usp47, CD4 memory T cells activated and TIr4.
Monocytes and TIr4, NK cells resting and Casp8, follicular T helper cells and Tlr4 were more significantly negatively
correlated.

Results of RT-qPCR

Compared with the sham group, the MWT and TWL were both significantly reduced in the NP group (Figure S2A and B),
indicating that the NP model was successfully constructed. To verify the reliability of our analysis, we selected these five
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Co-PRDEGs of the DRG differentially changed at CCI rat model for RT-qPCR validation. We found that only the
expression levels of Tlr4, I11b and Casp8 were consistent with changes in transcriptomics. The results were shown in
Figure 12A—C, and the expression level of all three Co-PRDEGs were significantly upregulated (P<0.0001).
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Figure 12 The relative expression level of Co-PRDEGs. (A—C) The expression level of TIr4, Casp8 and IlIb by RT-gPCR. ****P < 0.0001.
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Discussion

Neuropathic pain, one of the most common and complex health problems, can lead to insomnia, depression, and increase
the incidence of suicide.* In addition, neuropathic pain brings about vast social and economic burden. Recent evidence
has shown that neuroinflammation plays a dominant role in the pathology of neuropathic pain.”® However, the specific
neuroinflammatory mechanisms of neuropathic pain are still not fully understood, leading to a lack of effective treatment.
Pyroptosis is a novel type of cellular necrosis, characterized by the massive release of inflammatory factors and the
formation of bubble-like morphology. There is growing evidence that nerve injury induced a significant upregulation of
pyroptosis activation in damaged nerves, dorsal root ganglion, and spinal cord and exerts a crucial role in the
development of neuropathic pain.'*'*> Therefore, uncovering the relationship between pyroptosis and neuropathic pain
might provide novel biomarkers and new insights for the treatment and diagnosis of neuropathic pain.

In this study, we identified 3 differentially expressed PRGs including Tlr4, I11b and Casp8 based on bioinformatics
analysis as well as RT-qPCR experimental validation. Toll-like receptor 4 (Tlr4), a key player in the innate immune
response at the peripheral and central nervous system levels, is an alarm target for inflammatory cells in the infected or
adaptive environment.”' A previous study showed that N-palmitoyl-D-glucosamine, a Tlr4 antagonist, might alleviate NP
through its potent anti-inflammatory activity.”®> Also, Xu et al found that TLR4/MyDS88 could trigger microglial
pyroptosis and exacerbate neuroinflammation through the PI3K/AKT pathway, which was consistent with the results
of the present study.”® Therefore, Tlr4 might be a potential target for intervention in NP. Illb is important pro-
inflammatory cytokines in pyroptosis, and ASC and caspase-1 could form the AIM2 inflammasome, which in turn
activates caspase-1 and processes I11b and IL-18, leading to pyroptosis.>* In addition, a bioinformatics study suggests
that Casp8, a newly identified pyroptosis -related gene, plays a key role in the development of renal cell carcinoma.’”
However, the molecular mechanisms by which Casp8 is involved in neuropathic pain onset through regulation of
pyroptosis are not yet clear. Nevertheless, we believe it is still necessary to further investigate its specific function in
NP, which will help to elucidate the pathogenesis of NP.

The results of GO and KEGG enrichment analysis of PRDEGs showed that they were mainly associated with the
regulation of neuron death, positive regulation of neuron death, glial cell activation and Toll-like receptor signaling
pathway. In the results of GSEA, we mainly found that IL-4 signaling, 1L-23 pathway, IL-12 pathway and NF-«xB
pathway were related to NP. Sun et al revealed that TIPE2 further ameliorates neuroinflammation and neuropathic pain
by decreasing TAK 1 expression, thereby inhibiting the activation of NF-kB and JNK pathways,’® and overexpression of
CX3XL1 could promote NP progression by activating the NF-kB pathway in the dorsal root ganglion.”” Moreover, Xu
et al also revealed that resveratrol enhances the IL-4 receptor-mediated anti-inflammatory response in the spinal cord and
therefore might contribute to the reduction of neuropathic pain after peripheral nerve injury.’® In a rat model of
neuropathic pain, tetanic stimulation of the sciatic nerve -induced abnormal pain was attenuated by inhibition of 1L-23
signaling.”® In sum, these PRDEGs might play crucial roles in NP through these pathways.

It is well known that TFs and microRNAs are key regulatory factors in the development of NP. Therefore, we
established regulatory networks between TF-mRNA and microRNA-mRNA, respectively, to reveal the potential inter-
actions between TFs, PRDEGs and microRNA in neuropathic pain states. As exhibited in Figure 10, YY1 and HDAC1
were connected to several PRDEGs, suggesting its importance in NP. Zheng et al reported that YY1 could regulate
pyroptosis by upregulating Caspase-1 in COVID-19 combined with RA patients. Cai et al also revealed that puerarin
inhibited pyroptosis by modulating the HDAC1-NLRP3 pathway in acute lung injury.®’ A study showed that the HDAC1
inhibitor LG325 could significantly alleviate neuropathic pain by reversing the increase in HDAC]1 expression, thereby
suggesting that selective targeting of HDAC1 might have good therapeutic potential in the treatment of neuropathic
pain.®® Currently, there is no direct evidence for a role of miR-12187-3p, miR-466L-3p, miR-466i-5p, miR-466L-5p,
miR-466k, miR-6903-3p and miR-466d-5p in NP. However, the present study combined with related literature supposes
that these microRNAs may be involved in NP through regulatory actions at the post-transcriptional level. First, in
cerebral hemorrhage, knockdown of LncRNA-PEAKI1 reduces interleukin-1 and tumor necrosis factor-alpha levels,
promotes cell proliferation, and attenuates apoptosis through the miR-446i-5p/Caspase8 axis.”> Second, another study
showed that miRNA-466L-3p inhibits microglia-mediated neuroinflammation by targeting calmodulin.®* And, one of our
previous studies has shown that inflammatory factors, especially those secreted during microglia-mediated
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neuroinflammation, greatly contribute to the progression of NP.*® Therefore, miR-446i-5p and miR-466L-3p may be
involved in the occurrence and development of NP by regulating neuroinflammation, and the clear molecular mechan-
isms need to be further investigated.

In the results of immune infiltration analysis, we found significantly positive correlations between dendritic cells and
Casp8, Tlr4; Monocytes and Casp8; follicular T helper cells and Il1b, Tlr4; memory B cells and I11b; CD4 memory
T cells activated and Tlr4. Ferrara et al have revealed that inhibition of dendritic cell migration in the central nervous
system (CNS) down-regulates the pathogenic T cell inflammatory response and thus delays the onset of experimental
autoimmune encephalomyelitis.> The hippocampus of patients with dementia consisted mainly of more active dendritic
cells compared to control samples in a case—control study. This revealed that there was a distinct immune profile in the
hippocampal region of Alzheimer's disease (AD) patients and dendritic cells might play a key role in the pathogenesis
of AD.®® Another study has shown that monocytes promote acute inflammatory responses and might become patholo-
gical microglia long after the neonatal LPS/HI insult.®” Furthermore, inhibition of monocyte influx might alleviate
neuroinflammation. Also, a study showed that during the peak of autoimmune encephalitis, an increased frequency of
follicular T helper cells in the CNS was observed and paralleled chronic disease activity, revealing a non-static role of
follicular T helper cells in neuroinflammation.®® Meanwhile, we found that PRDEGs were positively correlated with
these immune cells, respectively, and the expression of PRDEGs was upregulated in NP, suggesting that these PRDEGs
might be promoters of neuroinflammation and involved in immune-related signaling regulation.

There are a number of limitations that must be considered in this study. First of all, because of the lack of microarray
data in the field of neuropathic pain, the sample size included in our study might be insufficient. Moreover, pyropto-
sis-related genes were involved in this study might be incomplete. Finally, although we conducted experiments that
confirmed high pyroptosis-related gene expression in dorsal root ganglion, the specific molecular functions of these
PRDEGSs remain undetermined. In the future, we will conduct further experimental validation and active exploration of
the complexity of the molecular mechanisms. Despite these limitations, the present transcriptomic study, which has so far
been rare, could provide reliable pyroptosis-related biomarkers for the diagnosis and prognosis of NP. It also prepares for
the exploration of new therapeutic targets for NP.

Conclusion

In a word, we identified Tlr4, I11b and Casp8 as potential diagnostic biomarkers for neuropathic pain, providing
additional evidence about the vital role of pyroptosis in neuropathic pain. The miR-446i-5p, miR-466L-3p and several
transcription factors, such as YY1 and HDACI, are important regulators of post-transcriptional and transcriptional levels
in the molecular mechanism of neuropathic pain. Immune cell infiltration might play a crucial role in the progression of
neuropathic pain, particularly dendritic cells, monocytes and follicular T helper cells. However, more studies and
experiments are needed to clarify the function of these PRDEGs.
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