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Abstract:  

Chemotherapy-induced neuropathic pain (CINP) significantly affects the quality of life for cancer survivors, 

with limited effective treatment options currently available. The α4β2 nicotinic acetylcholine receptor 

(nAChR) has emerged as a potential target for CINP treatment. This study investigates the impact of an 

α4β2 nAChR positive allosteric modulators on gut microbiota. Wild-type C57BL/6 mice were used to 

establish a CINP model through oxaliplatin administration. Gut microbiota composition was analyzed using 

16S rRNA gene sequencing, followed by bioinformatics methods to assess microbial diversity and 

community structure. High-throughput sequencing revealed notable alterations in gut microbial diversity 

and composition post-CMPI treatment, including decreased Desulfobacterota and increased Clostridia 

abundance, which may be linked to the drug's analgesic and anti-inflammatory effects. CMPI is potentially 

acting through modulation of the gut microbiota. Further research is needed to clarify the mechanisms and 

their implications for pain relief. 

Keywords: Chemotherapy-induced neuropathic pain; α4β2 nicotinic acetylcholine receptor; CMPI; 

Gut microbiota; allosteric modulator. 

 

1 Introduction 
 

Chemotherapy-induced neuropathic pain (CINP) 

is a complex and debilitating condition that often 

results in chronic discomfort and distress for 

cancer survivors
1
. It is one of the most difficult 

chronic pains to treat clinically
1,2

. Statistics show 

that about 70% of cancer patients will experience 

CINP after multiple chemotherapy sessions, 

which severely limits the application and dosage 

adjustment of chemotherapy drugs and imposes a 

significant burden on the lives and economy of 

cancer chemotherapy patients
3-5

. Currently, there 

are no effective treatment options with minimal 

side effects available in the clinic
6
. The commonly 

used treatments include first-line antidepressants 

and anticonvulsants acting on calcium channels, 

and second- and third-line local lidocaine and 

opioid drugs, which often have poor efficacy, are 

only effective for a small number of patients, and 

come with side effects
7
. Therefore, there is an 

urgent need to explore new targets for the 

treatment of CINP.  

The α4β2 nicotinic acetylcholine receptor 

(nAChR), a key receptor subtype in the central 

and peripheral nervous systems, has been 

identified as a significant player in pain 

modulation
8-10

. Given its strategic role in 

neurotransmission, particularly in brain regions 

involved in pain processing, the α4β2 nAChR 

presents a promising target for therapeutic 

intervention in neuropathic pain
9,11-14

. However, 

the potential influence of high-selectivity α4β2 

nAChR positive allosteric modulators (e.g. CMPI) 

on the gut microbiota and its implications for the 

'brain-gut axis' have not been thoroughly 

investigated. This study aims to fill this gap by 

examining the effects of CMPI on gut microbial 
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diversity and composition in a CINP model using 

16S rRNA gene sequencing. 

Our research focuses on the modulation of the gut 

microbiota by CMPI. By comparing the gut 

microbiota profiles of CINP model mice with 

those treated with CMPI, we aim to identify 

specific microbial changes associated with the 

therapeutic effects of the drug.  

Methods 

Experimental Animal 

Wild-type C57BL/6 mice were sourced from the 

Zhejiang Academy of Medical Sciences (SCXK 

(Zhejiang) 2024-0037) and bred at the Laboratory 

Animal Department of Zhejiang University. The 

Laboratory Animal Department of Zhejiang 

University can provide barrier facilities for germ-

free breeding. 

CINP Model 

The CINP model in C57BL/6 mice was 

established according to the oxaliplatin dosage 

recommended by the World Health Organization 

(administering 2-3 mg/kg oxaliplatin twice a week 

for a total of 9 injections). The up-and-down 

method using von-Frey filaments (0.02, 0.04, 

0.07, 0.16, 0.4, 0.6, 1, 2g) was applied, along with 

observations of whether the mice exhibited 

reduced food intake, weight loss, and slowed 

weight gain, to determine the success of the model 

construction. 

Data Processing 

Sample data were demultiplexed based on barcode 

and primer sequences
15

. FLASH (Version 1.2.11) 

was used to merge paired-end reads, generating 

raw tags. High-quality tags were obtained through 

stringent filtering using fastp software (Version 

0.23.1). Chimera sequences were identified and 

removed by aligning tags against species 

annotation databases (Silva database for 16S/18S, 

Unite database for ITS), resulting in effective 

tags
16,17

. Effective Tags were denoised using the 

DADA2 module or deblur in QIIME2 (Version 

QIIME2-202202), yielding amplicon sequence 

variants (ASVs) and a feature table. Species 

annotation was conducted using QIIME2 software 

with the Silva 138.1 database for 16S and 18S, 

and the Unite v8.2 database for ITS. A rapid 

multiple sequence alignment was performed using 

QIIME2 software to determine the phylogenetic 

relationships among all ASV sequences. Data 

from each sample were normalized based on the 

sample with the least amount of data, and 

subsequent alpha and beta diversity analyses were 

conducted using normalized data. The top 10 

species at different taxonomic ranks (class, order, 

family, genus, species) in each sample were 

visualized using SVG functions to create 

histograms of relative abundance. A phylogenetic 

tree, also known as an evolutionary tree, was 

constructed to describe the evolutionary 

relationships among different species. The 100 

most abundant genera were selected for sequence 

alignment, and an SVG-formatted phylogenetic 

tree was plotted using Perl. 

Statistical Analyses 

A series of statistical analyses, including Anosim, 

Adonis, MRPP, Simper, T-tests, MetaStat, and 

LEfSe, were employed to reveal the 

differentiation of community structures. QIIME2 

software was utilized to calculate observed_otus, 

shannon, simpson, chao1, goods_coverage, 

dominance, and pielou_e indices. Detailed 

descriptions of these indices are provided in the 

references. Beta diversity analysis was conducted 

in QIIME2 based on weighted and unweighted 

distances to assess the complexity of community 

composition and differences between groups. A 

UPGMA (Unweighted Pair Group Method with 

Arithmetic Mean) clustering tree was constructed 

based on the weighted unifrac distance matrix. 

This method is widely used in ecology for 

evolutionary classification. UPGMA plots were 

generated using the UPGMA.tre function in 

Qiime. Principal Component Analysis (PCA), 

PCoA (Principal Coordinates Analysis), and 

NMDS (Non-Metric Multidimensional Scaling) 

were used to reduce the dimensionality of 

complex and multidimensional data. PICRUSt 

(V1.1.4) and its improved version, PICRUSt2 

(V2.3.0), were used to predict metagenome 

functions based on marker genes. Tax4Fun 

(V0.3.1), BugBase, and FunGuild tools were 

utilized for functional predictions and analysis of 

microbial communities. Two-dimensional and 

three-dimensional network graphs were 

constructed to explore symbiotic relationships 

between species and the impact of environmental 

factors on community structure. Correlation 

analyses, CCA/RDA, and dbRDA were used to 

further investigate the correlation between 

environmental factors and species abundance. All 
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analyses and visualizations were completed using 

R. Throughout the analysis, Python, R, and Perl 

versions 3.6.13, 4.0.3, and 5.26.2 were utilized, 

respectively. 

Results 

Species Visualization of Gut Microbiota 

In this study, high-throughput sequencing of the 

V3-V4 regions of the 16S rDNA of gut microbiota 

from C57BL/6J in the CINP group and CMPI 

group was conducted. The raw data of each 

sample were obtained according to the barcode, 

and the barcode and primers were removed. The 

R1 and R2 sequence data were then assembled 

using the FLASH software. After quality control 

of the assembled tags, clean tags were obtained, 

and chimera filtering was performed to yield 

716,043 effective sequences available for 

subsequent analysis.  

The DADA2 method was selected for data 

processing, which differs from the traditional 

Operational Taxonomic Units (OTU) clustering 

method by only performing deduplication. Each 

deduplicated sequence produced by DADA2 noise 

reduction is referred to as ASVs (Amplicon 

Sequence Variants), or feature sequences 

(corresponding to the representative sequences of 

OTU in similarity clustering methods). The 

DADA2 method is more sensitive and specific 

than the traditional OTU method, capable of 

detecting real biological variations omitted by the 

OTU method while outputting fewer false 

sequences.  

Additionally, the replacement of OTUs with 

ASVs improves the accuracy, comprehensiveness, 

and reproducibility of marker gene data analysis. 

The QIIME2 classify-sklearn algorithm was used 

to annotate each ASV using a pre-trained Naive 

Bayes classifier. Based on the ASVs annotation 

results and the feature table of each sample, 

species abundance tables at the levels of 

Kingdom, Phylum, Class, Order, Family, Genus, 

and Species were obtained. These annotated 

abundance tables are the core content of amplicon 

analysis.  

Depending on the experimental purpose, one or 

several key species can be selected from the 

species abundance tables at various taxonomic 

levels (usually focusing on the Phylum and Genus 

levels), and in-depth studies can be conducted in 

combination with the species composition and 

difference analysis, clustering analysis, and other 

results of different groups. The species box plot 

shows an increase in the number of observed 

species with the increase in sample size. When the 

number of samples is between 0 and 30, the 

number of species increases significantly with the 

increase in sample size. When the sample size 

reaches 30, the increase in the number of observed 

species is not significant, and the curve gradually 

becomes flat. The results indicate that the species 

observed in the samples are gradually stabilizing 

and will not significantly increase due to the 

increase in sample size. This suggests that the 

fecal sample size collected in this study is 

sufficient and adequately sampled for high-

throughput sequencing data analysis. 

Species Abundance of Gut Microbiota 

Based on the species annotation results at 

different taxonomic levels, the top 10 species with 

the highest relative abundance for each sample or 

group at the levels of Phylum, Class, Order, 

Family, Genus, and Species were selected, and the 

remaining species were set as Others. Bar charts 

of the species annotation results at different 

taxonomic levels corresponding to each sample 

were drawn (Figure 1A).  

At the Phylum level, the top ten bacterial phyla in 

the gut microbiota of SPF-grade CINP group mice 

and CMPI-treated mice mainly include 

Bacteroidetes (average proportion of 45.4%), 

Firmicutes (37.9%), Desulfobacterota (4.8%), 

Actinobacteriota (3.5%), Verrucomicrobiota, 

Proteobacteria, Actinobacteria, Campylobacterota, 

Cyanobacteria, Fusobacteriota, Myxococcota, and 

Crenarchaeota, accounting for about 99% of the 

total sequence number. The remaining phyla 

account for less than 1% of the total number, with 

Bacteroidetes and Firmicutes accounting for about 

83% of the total, being the dominant bacteria in 

the gut microbiota. Among them, the proportion 

of Desulfobacterota in the CINP group (9.1%) is 

significantly higher than that in the CMPI 

treatment group (0.4%). These bacteria are 

anaerobic bacteria that mainly use sulfate as an 

electron acceptor for sulfur reduction reactions, 

producing hydrogen sulfide. At the Class level, 

the top ten bacterial classes in the gut microbiota 

of CINP modeling mice and CMPI-treated mice 

mainly include Bacteroidia (average proportion of 

45.4%), Bacilli (21.8%), Clostridia (16.0%), 

Saccharimonadia (4.4%), Desulfovibrionia, 
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Coriobacteriia, Verrucomicrobiae, Gammaprote 

obacteria, unidentified_Actinobacteria, accounting 

for about 98.7% of the total. The remaining 99 

classes account for less than 5% of the total, with 

Bacteroidia, Clostridia, and Bacilli accounting for 

more than 83% of the total, being the dominant 

bacteria in the gut microbiota. Among them, the 

proportion of Clostridia in the CINP group (0.9%) 

is significantly lower than that in the CMPI 

treatment group (2.1%) (P < 0.05). Clostridia is a 

class of Gram-positive bacteria belonging to the 

Firmicutes phylum. Some bacteria in this class, 

such as Clostridium butyricum, can produce 

butyric acid and other short-chain fatty acids, 

which help maintain the health of the intestinal 

mucosa (Figure 1B).  

To further study the systematic evolutionary 

relationships of species at the genus level, 

multiple sequence alignments were performed to 

obtain representative sequences of the top 100 

genera and are shown in Figure 1C. 

Based on the species annotation and abundance 

information at the genus level for all samples, the 

top 35 genera with the highest abundance were 

selected. The abundance information of these 

genera in each sample was used to cluster from 

the species level and draw a heat map, facilitating 

the discovery of the high and low content of 

species aggregation in the CMPI group and 

control group (Figure 1D). 

Figure 1. Bar chart of species relative abundance at the (A) Phylum level and (B) Class level. (C) 

Representative sequences of the top 100 genera. (D) Heat map facilitating the discovery of the high 

and low content of species aggregation. 

A 

C 

D 

B 
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Species Diversity of Gut Microbiota 

The dilution curve is a common curve used to 

describe the diversity within a group of samples. 

It is constructed by randomly extracting a certain 

amount of sequencing data from the samples and 

analyze their alpha diversity index values, using 

the amount of sequencing data extracted and the 

corresponding index values to build the curve. 

When the curve becomes flat, it indicates that the 

amount of sequencing data is reasonable, and 

more sequencing data will only produce a small 

number of new OTUs. The results show that as 

the amount of sequencing increases, the dilution 

curves for each sample gradually become flat. 

Most samples show an inflection point when the 

sequencing amount reaches about 2000, indicating 

that the amount of OTUs does not increase 

significantly when the sequencing amount 

exceeds 2000; when the sample sequencing 

amount reaches 30,000, the dilution curve 

becomes essentially flat, indicating that the 

amount of OTUs no longer increases significantly 

when the sequencing amount exceeds 30,000. In 

this study, the average sequencing amount for all 

samples is 37,771, indicating that the sequencing 

depth and coverage are sufficient, and the species 

are rich. The samples are suitable for further 

analysis and research. The relationship curve 

between the chao1 index and the sequencing 

amount for each sample is shown in Figure 2. 

 

 
Figure 2. The relationship curve between the chao1 index and the sequencing amount for each sample. 

The horizontal axis represents the amount of sequencing data, and the vertical axis represents the 

corresponding alpha diversity index. When the curve becomes flat, it indicates that the amount of 

sequencing data is gradually reasonable, and more data will not significantly affect the alpha diversity 

index. 

 

α-Diversity can be used to reflect the richness and 

diversity of the microbial community within a 

single sample, including shannon, simpson, 

Chao1, ACE, Good's coverage, and index 

analysis. The α-diversity index differences 

between the control group and the CMPI 

treatment group are shown in Figure 3A, where 

the chao1 index and observed index, which reflect 

richness, are lower in the control group than in the 

CMPI treatment group (P > 0.05). 

Non-Metric Multi-Dimensional Scaling is a 

ranking method suitable for ecological research. 

NMDS is a nonlinear model based on 

Weighted_unifrac and Unweighted_unifrac 

distances for analysis. It reflects the species 

information contained in the samples in the form 

of points on a two-dimensional plane. Its design 

purpose is to overcome the shortcomings of linear 

models (including PCA, PCoA) and better reflect 

the nonlinear structure of ecological data. 

Applying NMDS analysis, the species information 
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contained in the samples is reflected in the form 

of points on a multidimensional space, and the 

degree of difference between different samples is 

reflected through the distance between points 

(Figure 3B). 

Principal Component Analysis is a method based 

on Euclidean distances for variance 

decomposition. It reduces high-dimensional data 

through dimensionality reduction to extract the 

most significant elements and structures in the 

data. Applying PCA analysis enables the 

extraction of the two coordinate axes that most 

significantly reflect the differences between 

samples, thereby reflecting the differences in 

multidimensional data on a two-dimensional 

coordinate graph and revealing simple patterns in 

the background of complex data. If the 

community composition of the samples is similar, 

they will be closer in the PCA graph. The PCA 

analysis results based on feature sequence levels 

are shown in Figure 3C. 

 

 
Figure 3. (A) The α-diversity index differences between the control group and the CMPI treatment 

group. (B) The α-diversity index differences between the control group and the CMPI treatment 

group. Each point in the figure represents a sample, and the distance between points indicates the 

degree of difference. Samples from the same group are represented in the same color. A Stress value 

less than 0.2 indicates that NMDS can accurately reflect the degree of difference between samples. 

The species information contained in the samples is reflected in the form of points on a 

multidimensional space, and the degree of difference between different samples is reflected through 

the distance between points. (C) The PCA analysis results based on feature sequence levels. 
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Discussion 

The present study has undertaken a 

comprehensive examination of the gut microbiota 

in CINP model mice and those treated with CMPI. 

Utilizing 16S rRNA gene sequencing, we have 

identified significant alterations in the gut 

microbial diversity and composition that are 

associated with CMPI treatment. These findings 

provide valuable insights into the potential role of 

the gut microbiota in the analgesic effects of 

CMPI and contribute to the broader understanding 

of the 'brain-gut axis' in pain modulation. 

One of the key observations from our results is the 

notable decrease in the relative abundance of 

Desulfobacterota in the CMPI-treated group 

compared to the CINP model mice. This bacterial 

group is known to be involved in sulfate reduction 

and has been linked to intestinal inflammation. 

The reduction of Desulfobacterota with CMPI 

treatment may suggest a mechanism by which the 

drug could be reducing inflammation and 

potentially contributing to its analgesic effects
18

. 

This observation warrants further investigation 

into the specific role of Desulfobacterota in pain 

processing and the impact of CMPI on this 

bacterial group. Additionally, our results indicate 

an increase in the Clostridia class in the gut 

microbiota of mice treated with CMPI. Clostridia, 

particularly those that produce short-chain fatty 

acids like butyrate, are recognized for their 

beneficial effects on gut health, including anti-

inflammatory properties. The increase in 

Clostridia may indicate a positive shift in the gut 

microbiota that could be associated with the 

analgesic effects of CMPI. This finding aligns 

with the growing body of evidence that supports 

the role of gut health in systemic inflammation 

and pain modulation
19

. 

The use of advanced bioinformatics tools and 

high-throughput sequencing in our study has 

allowed for a detailed characterization of the gut 

microbial community. The identification of these 

specific changes in microbial composition 

provides a foundation for future research to 

explore the mechanistic links between gut 

microbiota and pain perception. However, the 

precise mechanisms by which CMPI influences 

the gut microbiota and alleviates pain remain to be 

elucidated. Further studies should aim to delineate 

the causal relationships between these microbial 

changes and the analgesic effects of CMPI, as 

well as investigate the long-term impact of such 

modulation on gut health and pain outcomes.  

Conclusion 

16S rRNA high-throughput sequencing revealed 

that CMPI profoundly reshapes the gut microbiota 

of oxaliplatin-induced CINP mice. CMPI 

administration led to a marked reduction in 

Desulfobacterota, a sulfate-reducing phylum 

linked to intestinal inflammation and peripheral 

sensitization, and a significant enrichment of the 

butyrate-producing Clostridia class within the 

Firmicutes phylum, consistent with an anti-

inflammatory and gut-barrier-protective signature. 

An overall increase in α-diversity indices (Chao1 

and observed species) and a distinct β-diversity 

separation (NMDS, PCA) that distinguished 

CMPI-treated from untreated CINP mice. 
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