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Abstract

Introduction. The relationship between analgesic use and gut microbiota alterations has garnered increasing attention.
However, the causal link between these two factors remains to be elucidated. Given the prevalence of analgesic use and the
significant role of gut microbiota in human health, clarifying this relationship is of great importance.

Hypothesis/Gap Statement. Existing observational studies are limited in their ability to establish causality between analgesic
use and gut microbiota alterations. Therefore, there is a need for robust causal inference methods to explore this relationship
and uncover the underlying mechanisms.

Aim. This study aims to investigate the causal associations between genetic susceptibility to four common analgesics (NSAIDs,
salicylic acid, opioids, and anilides) and gut microbiota composition, as well as circulating metabolites, using a two-sample
Mendelian randomization approach.

Methodology. A two-sample Mendelian randomization was used to investigate the potential association between genetic sus-
ceptibility to four analgesic uses and gut microbiota composition, as well as circulating metabolites. Summary-level statistics
of genome-wide association studies were obtained from primarily European ancestry cohorts, including 466,457 participants
from the UK Biobank and 18,340 individuals from the MiBioGen consortium.

Results. Only one suggestive causal association was found between NSAID use and elevated abundance of gut microbiota,
namely group Eubacterium xylanophilum. In addition, salicylic use was correlated with an increased abundance of the family
Prevotellaceae (P=0.006), while it was negatively associated with the abundance of 8 microbiota traits, including genus Clostridi-
umsensustrictol, Adlercreutzia, Akkermansia, family Clostridiaceael, Verrucomicrobiaceae, phylum Verrucomicrobia, class Ver-
rucomicrobiae and order Verrucomicrobiales with P value ranging from 0.009 to 0.043. No clear evidence was found between
opioid and anilide use and gut microbiota alteration. Meanwhile, salicylic use was potentially causally associated with four
metabolites, including acetoacetate, creatinine, omega-3 fatty acids and triglycerides in very large high-density lipoprotein,
with P values ranging from 0.005 to 0.046.

Conclusion. The results of this study offer powerful evidence that the long-term use of salicylic acid may substantially impact gut
microbiota composition and circulating metabolites. Further investigations are needed to uncover the underlying mechanisms.
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INTRODUCTION

In recent years, with the growing focus on the study of gut microbes and their metabolic mechanisms, more and more scholars
believe that the gut microbiota has a significant part to play in the development and progression of human diseases [1, 2]. Some
findings suggest that intestinal dysfunction increases the risk of developing various disorders [3]. During the investigation into
the regulatory pathways and mechanisms of neurological disorders induced by gut microbes, the concept of the brain-gut axis
has emerged and is garnering significant attention [4]. It is well known that the brain-gut axis is a cross-talk between the enteric
nervous system and the central nervous system (CNS) [5, 6]. Among the myriad regulatory functions attributed to the brain-gut
axis, the modulation of gut microbiota has become a focal point of interest [7, 8].

Chronic pain is now recognized as a distinct disease [9]. Inadequate treatment of chronic pain can have far-reaching conse-
quences, contributing to the development of multiple systemic disorders, including cardiovascular disease [10]. The utilization
of a range of commonly prescribed analgesics continues to be the primary approach for chronic pain relief, including opioids,
anilides, NSAIDs and salicylic acid [11, 12]. Several previous studies have shown that different clinical analgesics have diverse
collateral effects on the gastrointestinal (GI) tract when exerting analgesic effects [13, 14]. Typically, opioids and NSAIDs tend
to cause psychiatric dependence and gastrointestinal inflammation [15-17]. Similarly, salicylic acid possesses not only beneficial
anti-inflammatory, antipyretic and analgesic properties but also exerts a potent stimulatory effect on the GI mucosa [18, 19]. In
addition, the presence of analgesic receptors in the GI tract and CNS suggests that common analgesics may exert relevant effects
by modulating the brain-gut axis [20, 21].

As an increasing number of observations are being gathered, a potential link has been recognized between the long-term use of
painkillers, alterations in gut microbiota composition and changes in metabolites [22, 23]. However, the presence of confounding
factors and the possibility of reverse causality make it unclear whether there is a causality between the above three factors. Given
the crucial role of the brain-gut axis and the indispensability of analgesic medications in managing chronic pain, it is of paramount
importance to assess the specific impact of a particular painkiller on the gut microbiota. This evaluation holds significant value
in guiding clinical decision-making.

The Mendelian randomization approach uses single nucleotide polymorphisms (SNPs) as the instrumental variables to infer
causal relationships between exposures and outcomes, which can effectively overcome the possible bias caused by confounding
factors and reverse causality [24, 25]. In this research, the Mendelian randomization approach was used to infer the associations
between analgesic use, alteration in the composition of gut microbiota and metabolites.

METHODS
Study design overview

A two-sample Mendelian randomization (MR) framework was applied in the research to evaluate the causal relationships between
four common analgesics and the composition of gut microbiota. A sensitivity analysis was followed to provide robust MR results.
An additional MR analysis was performed to rule out potential impacts of confounders of both exposure and outcome (analgesic
drugs and gut microbiota) by excluding SNPs that are associated with these confounders. A reverse MR was carried out on the
positive findings to see whether gut microbiota also has an impact on the liability of analgesic drug use. This study was conducted
and reported in accordance with the STROBE-MR statement [26, 27]. The flow chart of the study design is shown in Fig. 1.

The basic principles of MR are based on three assumptions. Hypothesis 1: Genetic variants are strongly associated with
the exposure of interest. Hypothesis 2: Genetic variants are independent of the confounding of the exposure and outcome.
Hypothesis 3: Genetic variants are not relevant to the outcomes of interest.

Data sources for pain medications

Summary data for pain medication use were obtained from genome-wide association studies (GWASs) based on 318,177
individuals of European ancestry from the UK Biobank [28]. Wu et al. conducted GWASs of self-reported regular medication use
from 23 categories [28], among which, 4 are pain medications, including opioids (eg, morphine, oxycodone, codeine, fentanyl,
pethidine and tramadol), NSAIDs and anilides, as well as salicylic acid and derivatives [29]. Analgesic drugs are categorized
through a method performed by the effective ingredient in the Anatomical Therapeutic Chemical Classification System [30]. The
medication GWAS analyses were conducted with adjustment of age, sex, assessment centre and 20 genetic principal components.
Since limited loci reached the genome-wide significance, we relaxed the selection criteria at the P threshold of 5x10~°to include
more SNPs. Detailed information for pain medications is shown in Table S1, available in the online Supplementary Material.
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Fig. 1. Flow chart of study design. This is a two-sample MR study to analyse and evaluate potential causal associations between four painkillers and
gut microbiota composition, as well as gut circulating metabolites. SNP data related to the four analgesics, including anilides, opioids, NSAID and
salicylic acid, are conditionally screened and used as instrumental variables for common exposure factors in this two-sample MR. Then, MR analysis
and evaluation of the potential causal relationship between painkillers and gut microbiota, as well as metabolites, were carried out using IVW as the
primary method and various methods, including sensitivity analysis. Finally, the potential causal association between the genetic variation of the four
painkillers and gut microbiota, as well as metabolites, was shown in the above flow chart after MR.
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Data sources for gut microbiota

The summary data for gut microbiota was leveraged from MiBioGen, the largest GWAS for gut microbiota thus far [31].
The MiBioGen consortium curated and analysed genome-wide genotypes and microbiome data from 18,340 individuals (24
cohorts, predominantly European ancestry) using faecal 16S rRNA gene sequencing. The summary data were adjusted for
covariates. A total of 211 bacteria were yielded, including 9 phyla, 16 classes, 20 orders, 35 families and 131 genera. Unclas-
sifiable microbiota traits were excluded, and we were left with 9 phyla, 16 classes, 20 orders, 32 families and 119 genera for
further analysis. Due to the limited genetic loci studied, we relaxed the inclusion criteria to P < 1x107° as recommended by
Sanna et al. [32]. The summary statistics for metabolites were leveraged from Johannes et al., where 123 circulating metabolic
traits were studied.

Statistical analysis

As described in the data sources for the original GWAS, samples with overlap between exposures and outcomes were negligible
in this research. To ensure the independence of instrumental variables, we clumped the SNPs with more stringent linkage
disequilibrium (LD) criteria at > >0.001, within a 10,000 kbp window using the European ancestry reference panel of the 1,000
Genomes Project [33]. SNP effects and relevant standard errors were gained from GWASs of exposures and outcomes, respectively.
To avoid weak instrumental variable bias, we calculated the F-statistics of each SNP and removed those SNPs with F-statistics
less than 10. We then harmonized the exposure and outcome data, removing the palindromic SNPs with intermediate allele
frequencies. The Steiger filtering was also applied to the harmonized data to identify and filter out SNPs showing reverse causality
from the assay reports. A reverse causation is defined as the observed variance of the outcome exceeding the observed variance
of the exposure [34]. SNPs that were not available in the outcome dataset were removed.

After instrumental variable selection, MR analyses were carried out using the inverse-variance weighted (IVW) method as the
primary method. The IVW method offers enhanced efficiency by generating more precise estimates across various scenarios [35].
To provide robust MR evidence, four additional methods, including MR-Egger, weighted median, simple mode and weighted
mode, were applied as sensitivity analyses [34]. The MR-Egger intercept and MRPRESSO were adopted for the horizontal pleiot-
ropy test [35, 36]. The SNP heterogeneity was tested by Cochran’s Q test and leave-one-out analysis [37]. Finally, the MR Steiger
was applied to see whether the causal direction was correct [38].

The beta value and its 95% confidence intervals (Cls) were employed to represent the MR estimates of per log odds of the analgesic
medication use for the change in abundance of gut microbiota. Benjamini-Hochberg’s false discovery rate (FDR) was used for
multiple comparisons, and an FDR-corrected P value less than 0.05 was deemed significant. Association with nominal P<0.05
but greater than the FDR-corrected threshold was considered a suggestive association.

All MR analysis was carried out using the TwoSampleMR package (version 0.5.6) and the MRPRESSO package (version 1.0) in
the software version R4.1.2 computing environment.

RESULTS

A total of 18,179 SNPs were identified for medication use at the selection threshold of P<5x1075, including 5,908 for opioids, 4,633
SNPs for anilides, 4,187 SNPs for NSAID and 3,451 SNPs for salicylic acid use. After clumping and removing SNPs at LD r*>0.001
within a 10,000 kbp window and SNPs that represent reverse causality as well as weak instrumental variables, 35 independent
SNPs for opioids, 37 SNPs for anilides, 38 SNPs for NSAID and 40 SNPs for salicylic acid use were left as instrumental variables,
respectively, as shown in Tables S1 and S2.

Associations between genetic liability to anilide use and gut microbiota

No clear evidence was found for the causal association between anilide use and gut microbiota.

Associations between genetic liability to opioid use and gut microbiota
No clear evidence was found for the causal association between opioids use and gut microbiota.

Associations between genetic liability to NSAID use and gut microbiota

Only one suggestive causal association was found between NSAIDs and gut microbiota among all 196 traits. Per log odds ratio
increase in NSAID use was associated with the elevated abundance of Eubacteriumxylanophilumgroup.id.14375 [beta=0.152,
95% CI = (0.01, 0.294) P=0.035, FDR-P=0.997] using the IVW method (Fig. S1). The MR estimates were consistent across four
different methods, including weighted median, weighted mode, simple mode and MR-Egger. Apart from this, no other gut
microbiota was observed to be significantly affected by NSAID from the phylum to the genus level in this study (Fig. 2, Table S4).
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Exposure Outcome NSNPs Beta Beta (95% CI) P-value
NSAID use genus.Eubacteriumxylanophilumgroup.id.14375-22 22 ; ———=—— 0.152 (0.010 , 0.294) 0.035
Salicylic use phylum.Verrucomicrobia.id.3982-19 19 e -0.142 (-0.272, -0.012) 0.033
Salicylic use class.Verrucomicrobiae.id.4029-19 19 —8— -0.175 (-0.307, -0.043) 0.009
Salicylic use order.Verrucomicrobiales.id.4030-19 19 —_— -0.175 (-0.307, -0.043) 0.009
Salicylic Use family.Prevotellaceae.id.960-20 20 ' ——=——  0.161 (0.046, 0.276) 0.006
Salicylic use family.Clostridiaceae1.id.1869-21 21 —o—;’— -0.141 (-0.258, -0.024) 0.018
Salicylic use family.Verrucomicrobiaceae.id.4036-19 19 —_— -0.175 (-0.307, -0.043) 0.010
Salicylic use genus.Clostridiumsensustricto1.id.1873-20 20 R — -0.125 (-0.245, -0.006) 0.040
Salicylic use genus.Adlercreutzia.id.812-15 15 —-—7’— -0.177 (-0.348, -0.006) 0.043
Salicylic uUse genus.Akkermansia.id.4037-19 19 —8—— -0.174 (-0.306, -0.041) 0.010
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-03 -015 0 015 03

Fig. 2. Forest plot of MR estimates between analgesics and gut microbiota. Causal effects from the inverse-variance weighted Mendelian randomization
method. Effect estimates with # and its 95% Cl were used based on the continuity of outcomes. Estimates for each 10-unit increase in gut microbiota
following salicylic use. NSNPs, number of SNPs.

Associations between genetic liability to salicylic acid use and gut microbiota

In this study, the impact of salicylic acid use on the abundance of gut microbiota is the most extensive among all the analgesics
included in the study. At the genus level, we found that salicylic acid resulted in a reduced relative abundance of Clostridiumsensu
strictol.id.1873 [beta=—0.125, 95% CI = (-0.245, -0.006), P=0.04], Adlercreutzia.id.812 [beta=—0.177, 95% CI = (—0.348, -0.006),
P=0.043] and Akkermansia.id.4037 [beta=-0.174, 95% CI = (-0.306, -0.041), P=0.01] by the IVW method. Similarly, causal
associations were found between salicylic use and reduced relative abundance of family Clostridiaceael.id.1869 [beta=-0.141,
95% CI = (-0.258, -0.024), P=0.018] and family Verrucomicrobiaceae.id.4036 [beta=—-0.175, 95% CI = (-0.307, -0.043), P=0.01].
Meanwhile, salicylic was found to be correlated with the increased abundance of family Prevotellaceae.id.960 [beta=0.161, 95% CI
= (0.046, 0.276), P=0.006]. Notably, genetic liability to salicylic acid use was found to be associated with the reduced abundance
of the Verrucomicrobiae family, including Verrucomicrobiae.id.4029 [beta=—0.175, 95% CI = (-0.307, —-0.043), P=0.009], Verru-
comicrobiales.id.4030 [beta=—0.175, 95% CI = (—0.307, —0.043), P=0.009] and Verrucomicrobia.id.3982 [beta=—0.142, 95% CI
=(-0.272, -0.012), P=0.033] at the phylum, order and order levels, respectively (Fig. 2, Table S4).

Associations between genetic liability to anilide use and circulating metabolites

Genetic liability to anilide use was found to have an effect not only on the abundance of gut microbiota but also on the levels of
metabolites. Potential causal relationships were observed between anilide use and three metabolites, including citrate [beta=—0.109,
95% CI = (=0.159, -0.059), P=0.030], glutamine [beta=-0.102, 95% CI= (-0.153, -0.050), P=0.047] and urea [beta=—0.124, 95% CI
= (-0.181, -0.066), P=0.031] (Fig. 3, Table S5).

Associations between genetic liability to opioid use and circulating metabolites

The levels of two circulating metabolites were found to be affected by the genetic liability to opioid use, including apolipoprotein
A-I [beta=0.087, 95% CI = (0.046, 0.128), P=0.033] and glucose [beta=0.073, 95% CI = (0.038, 0.108), P=0.038] (Fig. 3, Table S5).

Exposure Outcome NSNPs Beta Beta (95% CI) P-value
Anilide use Citrate-32 32 —a— i -0.109 (-0.159, -0.059) 0.030
Anilide use Glutamine-31 31— -0.102 (-0.153 , -0.050)  0.047
Anilide use Urea-31 31 —=— 5 -0.124 (-0.181, -0.066) 0.031
NSAID use Acetoacetate-27 27 —=— ! -0.115 (-0.172 , -0.059) 0.042
Opioid use Apolipoprotein A-1-24 24 e 0.087 (0.046 , 0.128) 0.033
Opioid use Glucose-26 26 ' — 0.073 (0.038 , 0.108) 0.038
Salicylic use Acetoacetate-26 26 e ' -0.136(-0.184,, -0.087)  0.005
Salicylic use Creatinine-26 26 _ E -0.094 (-0.140 , -0.048) 0.041
Salicylic use Omega-3 fatty acids-23 23 ! ————— 0.123 (0.061, 0.185) 0.046
Salicylic use Triglycerides in very large HDL-25 25 E —— 0.114 (0.066 , 0.162) 0.018
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Fig. 3. Forest plot of MR estimates between analgesics and circulating metabolites. Using a similar MR approach as described above, estimates for
each 10-unit increase in gut circulating metabolites following four painkiller uses. NSNPs, number of single nucleotide polymorphisms.
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Associations between genetic liability to NSAID use and circulating metabolites

Only one potential causal relationship was found between NSAID use and the levels of Acetoacetate [beta=-0.115, 95% CI =
(=0.172, -0.059), P=0.042] (Fig. 3, Table S5).

Associations between genetic liability to salicylic acid use and circulating metabolites

Genetic liability to salicylic acid use exhibited a wide range of implications in terms of circulating metabolites, such as acetoacetate
[beta=—0.136, 95% CI = (-0.184, -0.087), P=0.005], creatinine [beta=—0.094, 95% CI = (-0.14, -0.048), P=0.041], omega-3 fatty
acids [beta=0.123, 95% CI = (0.061, 0.185), P=0.046] and triglycerides in very large high-density lipoprotein (HDL) [beta=0.114,
95% CI = (0.066, 0.162), P=0.018] (Fig. 3, Table S5).

Sensitivity analysis

The test for pleiotropy using Egger intercept showed no significant horizontal pleiotropy (P>0.05), followed by the MR-PRESSO global
test for pleiotropy of the four analgesics and gut microbiota (P>>0.05). Subsequently, Cochrane’s Q tests did not detect significant
heterogeneity in painkillers, with I* ranges below 17%, as shown in Tables S4 and S5. The scatterplots provided a sufficient basis for the
unbiased and dependable results (Figs S1 and S2). Meanwhile, any SNP with extreme values was largely certified using the leave-one-out
method (Figs S3 and S4). No significant difference was observed in determining the P values of the association between gut microbiota
and analgesics and using MR estimates, suggesting that the included confounding factors did not substantially affect causality. Also,
four analgesics were evaluated for their risk to gut microbiota and circulating metabolites (P<0.05). For the significance of causality,
it was found that MR power was all greater than 80% at beta=0.3 (Table S3). However, insufficient detection power could not be fully
ruled out when the MR estimates were relatively small.

DISCUSSION

In this study, an MR framework was applied to evaluate the causal link between genetic susceptibility to the utilization of four
common painkillers and the composition of gut microbiota as well as metabolites. The findings did not yield conclusive evidence
for a causal relationship between the use of anilides and opioids and gut microbiota. However, there was one potential causal
association observed between NSAIDs use and gut microbiota, along with nine potential causal associations between the use of
salicylic acid and gut microbiota. Moreover, each class of prescription painkiller exhibited distinct impacts in terms of metabolites.
Specifically, two potential causal associations were found between opioid use and metabolites, three potential causal associations
were identified between anilide use and metabolites, four potential causal associations were observed between salicylic use and
metabolites and one potential causal association was found between salicylic use and metabolites.

Based on the results of an assessment of the causal relationship between analgesics and gut microbes using MR, we concluded
that salicylic acid appeared to have a broad influence. First, we found that salicylic acid was associated at the genus level with
the lower relative abundance of Adlercreutzia.id.812, Akkermansia.id.4037 and Clostridiumsensustrictol.id.1873. Also at the
family level, salicylic acid was associated with higher relative abundance of Prevotellaceae.id.960 and lower relative abundance
of Clostridiaceael.id.1869 and Verrucomicrobiaceae.id.4036. In addition, genetic liability to the prescription of salicylic acid
was associated with lower abundance of order Verrucomicrobiales.id.4030, class Verrucomicrobiae.id.4029 and phylum Verru-
comicrobia.id.3982. These results suggested that the use of salicylic acid for pain management might have a multilevel effect on
changes in the gut microbiota. It is well known that previous observational studies have concluded that many analgesic drugs,
including salicylic acid, pose a wide range of impacts on the gut microbiota. Surprisingly, a different result was obtained in our
study. Limited evidence was found between three mainstream analgesic drugs and gut microbiota, except for salicylic acid. Only
a very small number of bacteria such as Eubacteriumxylanophilumgroup.id.14375 were restricted to the genus level by NSAID
drugs and eventually proved to be significant. Similar results were registered for the effects of anilide and opioid on gut microbiota.

Causal relationships were also identified between the use of analgesics and metabolites in this study. Potential causal associations
between salicylic acid use and four circulating metabolites including acetoacetate, creatinine, omega-3 fatty acids and triglycerides
in large HDL. Notably, prior studies have indicated the functional roles of these metabolites in glucose uptake in the brain,
memory decay and the development of Alzheimer’s disease [39-42]. Some potential causal links between anilides and opioids
and intestinal microbial metabolites were also found in our findings, which were believed to potentially influence the metabolism
of citrate, urea and glutamine. Likewise, the use of opioids could be associated with alterations in glucose and apolipoprotein A1l
metabolism. Remarkably, some other studies have highlighted increased areas of urea in the brain that would likely represent a
risk for Parkinson’s onset [43, 44]. Altered glutamine metabolism had also been implicated as a link in the pathogenic mecha-
nism of acute colitis, as well as decreased levels of apolipoprotein Al in the cerebrospinal fluid predicting an increased risk of
schizophrenia [45, 46]. Considering the impact of common painkillers on the gut microbiota’s composition and metabolites,
these findings present intriguing avenues to further investigate the link between painkiller use and neurological-related disorders
mediated through the brain-gut axis.
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Strengths and limitations

This study has several advantages over the traditional observational studies. Firstly, we thus far for the first time applied
the two-sample MR design to assess the causal relationship between analgesic drugs and gut microbiota. Secondly, the
aggregated data on gut microbiota are the most integrated GWAS to date, and there are no overlapping samples in either
exposure or outcome, which might avoid bias due to the winner’s curse phenomenon. Third, the IVW method was chosen
as the primary approach due to its high efficiency in generating accurate MR estimates by assuming no pleiotropy among
instrumental variables [26]. To address the issue of pleiotropy, the MR-Egger and MRPRESSO methods were employed,
providing robust evidence of the MR results [47]. Both leave-one-out and Cochrane’s Q tests were utilized to identify
heterogeneity [48]. Additionally, the directionality test was also applied to exclude reverse causality. The consistent direction
of MR estimates increases our confidence in interpreting the results.

Some limitations remained to be noted in the presentation of our findings. First, although we utilized the largest GWAS
on analgesic and gut microbiota, the limited number of SNPs found to be consistent with genome-wide significance might
lead to weak genetic instrumentation. To address this issue, we relaxed the inclusion threshold for analgesic (P<5x107°)
and for gut microbiota (P<1x107°) to include additional SNPs. Thereafter, we quantified the strength of genetic variation by
calculating the F-statistic (>10) to identify SNPs that were included in further analyses. Second, the presence of horizontal
pleiotropy was not detected in our study by applying the MRPRESSO and MR-Egger methods. Third, alterations in the gut
microbiota were influenced by many factors, including diet, place of birth and lifestyle habits. These confounding factors
were not present in the current study. Further studies are also needed to validate our results with relevant GWAS statistics
in future work. Fourth, our MR studies were conducted based on the assumption of linear correlation, so the existence of
a nonlinear relationship between exposure and outcome could not be completely excluded. Finally, the complete exclusion
of indirect causal pathways was a challenge for all MR analyses and required us to utilize additional statistical methods to
enhance the validity of the results in subsequent work.

In summary, the MR analysis approach was performed, thus revealing a potential causal relationship between the application of
four common analgesics and gut microbiota composition as well as the circulating metabolites. Among them, salicylic drugs were
more prominent. These findings may provide new research directions and evidence for the regulated use of clinical analgesics
and the use of the brain-gut axis to intervene in some neuropsychiatric disorders.

Funding information
This work was supported by the Medical Science and Technology Research Fund of Guangdong Province, China (grant number A2024010).

Acknowledgements
We appreciate the researchers who have been collecting and preserving massive GWAS data.

Author contributions

FW.,D.L.,J.Q,J.L., JZ and L.L.were responsible for the concept and design. Z.Z., Y.F., J.Zh. and X.Z. assisted with data analysis. J.Q. provided advice on
statistical advice and language support for the study design. Z.Z. and D.L. drafted an earlier version of the manuscript. J.L., J.Z. and L.L. co-supervised
the study. All authors assisted in interpreting the study results, comprehensively reviewed the content of the manuscript and approved the final version
for publication.

Conflicts of interest
The authors declare that this study was conducted without any potential conflict of interest commercial or financial relationships.

Ethical statement
The GWAS data used in this study could be traced in the original article and had been approved by the relevant review board. Since this study was
based on summary-level statistics, no additional ethical approval was required.

References 6. Gracie DJ, Hamlin PJ, Ford AC. The influence of the brain-gut axis

1. Alvarez J, Ferndndez Real JM, Guarner F, Gueimonde M,

Rodriguez JM, et al. Gut microbes and health. Gastroenterol Hepatol
2021;44:519-535.

Myhrstad MCW, Tunsjg H, Charnock C, Telle-Hansen VH. Dietary
fiber, gut microbiota, and metabolic regulation—current status in
human randomized trials. Nutrients 2020;12:859.

Sun MF, Shen YQ. Dysbiosis of gut microbiota and micro-
bial metabolites in Parkinson’s Disease. Ageing Res Rev
2018;45:53-61.

Chen Z, Magbool J, Sajid F, Hussain G, Sun T. Human gut micro-
biota and its association with pathogenesis and treatments of
neurodegenerative diseases. Microb Pathog 2021;150:104675.

Sudo N. Role of gut microbiota in brain function and stress-related
pathology. Biosci Microbiota Food Health 2019;38:75-80.

in inflammatory bowel disease and possible implications for treat-
ment. Lancet Gastroenterol Hepatol 2019;4:632-642.

Santoni M, Miccini F, Battelli N. Gut microbiota, immunity and pain.
Immunol Lett 2021;229:44-47.

Breit S, Kupferberg A, Rogler G, Hasler G. Vagus nerve as modu-
lator of the brain-gut axis in psychiatric and inflammatory disor-
ders. Front Psychiatry 2018;9:44.

Treede R-D, Rief W, Barke A, Aziz Q, Bennett MI, et al. Chronic
pain as a symptom or a disease: the IASP classification of chronic
pain for the International Classification of Diseases (ICD-11). Pain
2019;160:19-27.

Lin L, Lin J, Qiu J, Liufu N, Lin S, et al. Genetic liability to multi-
site chronic pain increases the risk of cardiovascular disease. Br J
Anaesth 2023;131:373-384.



Wei et al., Journal of Medical Microbiology 2025;74:002028

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

. Guedes KMM, Borges RS, Fontes-Junior

EA, Silva ASB,
Fernandes LMP, et al. Salicytamide: a new anti-inflammatory
designed drug candidate. Inflammation 2018;41:1349-1360.

Paul AK, Smith CM, Rahmatullah M, Nissapatorn V, Wilairatana P,
et al. Opioid analgesia and opioid-induced adverse effects: a review.
Pharmaceuticals 2021;14:1091.

Martinez L, Ekman E, Nakhla N. Perioperative opioid-sparing
strategies: utility of conventional NSAIDs in adults. Clin Ther
2019;41:2612-2628.

Tai FWD, McAlindon ME. Non-steroidal anti-inflammatory drugs
and the gastrointestinal tract. Clin Med (Lond) 2021;21:131-134.

Zhang P, Yang M, Chen C, Liu L, Wei X, et al. Toll-like receptor 4
(TLR4)/opioid receptor pathway crosstalk and impact on opioid
analgesia, immune function, and gastrointestinal motility. Front
Immunol 2020;11:1455.

Bindu S, Mazumder S, Bandyopadhyay U. Non-steroidal anti-
inflammatory drugs (NSAIDs) and organ damage: a current
perspective. Biochem Pharmacol 2020;180:114147.

. Domper Arnal M-J, Hijos-Mallada G, Lanas A. Gastrointestinal

and cardiovascular adverse events associated with NSAIDs.
Expert Opin Drug Saf 2022;21:373-384.

Handa O, Takayama S, Mukai R, Suyama Y, Majima A, et al.
A review of the mechanism and prophylaxis of acetyl sali-
cylic acid-induced injury of the small intestine. Free Radic Res
2018;52:1266-1270.

Shim YK, Kim N. Nonsteroidal anti-inflammatory drug and
aspirin-induced peptic ulcer disease. Korean J Gastroenterol
2016;67:300-312.

Rueda-Ruzafa L, Cruz F, Cardona D, Hone AJ, Molina-Torres G,
et al. Opioid system influences gut-brain axis: Dysbiosis and related
alterations. Pharmacol Res 2020;159:104928.

Severino A, Chen W, Hakimian JK  Kieffer BL,
Gaveriaux-Ruff C, et al. Mu-opioid receptors in nociceptive affer-
ents produce a sustained suppression of hyperalgesia in chronic
pain. Pain 2018;159:1607-1620.

Maseda D, Ricciotti E. NSAID-Gut Microbiota Interactions. Front
Pharmacol 2020;11:1153.

Lin L, Lin J, Qiu J, Wei F, Bai X, et al. Gut microbiota alterations
may increase the risk of prescription opioid use, but not vice versa:
a two-sample bi-directional Mendelian randomization study. Front
Microbiol 2022;13.

Richmond RC, Davey Smith G. Mendelian randomization: concepts
and scope. Cold Spring Harb Perspect Med 2022;12:a040501.

Ference BA, Holmes MV, Smith GD. Using mendelian randomiza-
tion to improve the design of randomized trials. Cold Spring Harb
Perspect Med 2021;11:a040980.

Burgess S, Davey Smith G, Davies NM, Dudbridge F, Gill D, et al.
Guidelines for performing Mendelian randomization investiga-
tions: update for summer 2023. Wellcome Open Res 2019;4:186.

Skrivankova VW, Richmond RC, Woolf BAR, Yarmolinsky J,
DaviesNM,etal.Strengtheningthereportingofobservationalstudies
in epidemiology using mendelian randomization: the STROBE-MR
statement. JAMA 2021;326:1614-1621.

Wu'Y, Byrne EM, Zheng Z, Kemper KE, Yengo L, et al. Genome-wide
association study of medication-use and associated disease in the
UK Biobank. Nat Commun 2019;10.

Cho G, Chang VW. Trends in prescription opioid and nonopioid anal-
gesic use by race, 1996-2017. Am J Prev Med 2022,62:422-426.

Power |. An update on analgesics. Br J Anaesth 2011;107:19-24.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

4b,

45,

46.

47.

Kurilshikov A, Medina-Gomez C, Bacigalupe R, Radjabzadeh D,
Wang J, etal. Large-scale association analyses identify host factors
influencing human gut microbiome composition. Nat Genet
2021;53:156-165.

Sanna S, van Zuydam NR, Mahajan A, Kurilshikov A, Vich Vila A,
et al. Causal relationships among the gut microbiome, short-chain
fatty acids and metabolic diseases. Nat Genet 2019;51:600-605.

Auton A, Brooks LD, Durbin RM, Garrison EP, et al. A global refer-
ence for human genetic variation. Nature 2015;526:68-74.

Hemani G, Zheng J, Elsworth B, Wade KH, Haberland V, et al. The
MR-Base platform supports systematic causal inference across
the human phenome. Elife 2018;7:e34408.

Burgess S, Butterworth A, Thompson SG. Mendelian randomiza-
tion analysis with multiple genetic variants using summarized
data. Genet Epidemiol 2013;37:658-665.

Murphy S. Is there an association between periodontitis and breast
cancer? Evid Based Dent 2023;24:75-76.

Greco M FD, Minelli C, Sheehan NA, Thompson JR. Detecting plei-
otropy in mendelian randomisation studies with summary data
and a continuous outcome. Stat Med 2015;34:2926-2940.

Hemani G, Tilling K, Davey Smith G. Orienting the causal relation-
ship between imprecisely measured traits using GWAS summary
data. PLoS Genet 2017;13:e1007081.

Wu X-J, Shu Q-Q, Wang B, Dong L, Hao B. Acetoacetate improves
memory in alzheimer’s mice via promoting brain-derived neuro-
trophic factor and inhibiting inflammation. Am J Alzheimers Dis
Other Demen 2022;37:15333175221124949.

Chatterjee P, Cheong Y-J, Bhatnagar A, Goozee K, Wu Y, et al.
Plasma metabolites associated with biomarker evidence of neuro-
degeneration in cognitively normal older adults. J Neurochem
2021;159:389-402.

Lin P-Y, Cheng C, Satyanarayanan SK, Chiu L-T, Chien Y-C, et al.
Omega-3 fatty acids and blood-based biomarkers in Alzheimer's
disease and mild cognitive impairment: a randomized placebo-
controlled trial. Brain Behav Immun 2022;99:289-298.

Tynkkynen J, Chouraki V, van der Lee SJ, Hernesniemi J, Yang Q,
et al. Association of branched-chain amino acids and other circu-
lating metabolites with risk of incident dementia and Alzheimer's
disease: a prospective study in eight cohorts. Alzheimers Dement
2018;14:723-733.

Scholefield M, Church SJ, Xu J, Patassini S, Roncaroli F, et al.
Severe and regionally widespread increases in tissue urea in the
human brain represent a novel finding of pathogenic potential in
Parkinson’s disease dementia. Front Mol Neurosci 2021;14:711396.

Galamba N. Aggregation of a Parkinson's disease-related peptide:
when does urea weaken hydrophobic interactions? ACS Chem
Neurosci 2022;13:1769-1781.

Liu J, Zong C, Yu X, Ding Y, Chang B, et al. Alanyl-glutamine (Ala-Gln)
ameliorates dextran sulfate sodium (DSS)-induced acute colitis by
regulating the gut microbiota, PI3K-Akt/NF-kB/STAT3 signaling,
and associated pulmonary injury. ACS Infect Dis 2023;9:979-992.

Rao W, Meng X, Li K, Zhang Y, Zhang XY. Association between clin-
ical symptoms and apolipoprotein A1 or apolipoprotein B levels
is regulated by apolipoprotein E variant rs429358 in patients with
chronic schizophrenia. Ann Gen Psychiatry 2021;20:56.

Burgess S, Thompson SG. Interpreting findings from mende-
lian randomization using the MR-Egger method. Eur J Epidemiol
2017;32:377-389.

. Rasooly D, Peloso GM. Two-sample multivariable mendelian rand-

omization analysis using R. Curr Protoc 2021;1:e335.



	Assessing the impact of common pain medications on gut microbiota composition and metabolites: insights from a Mendelian ﻿﻿randomization﻿﻿ study
	Abstract
	Data Availability
	Introduction
	Methods
	Study design overview
	Data sources for pain medications
	Data sources for gut microbiota
	Statistical analysis

	Results
	Associations between genetic liability to anilide use and gut microbiota
	Associations between genetic liability to opioid use and gut microbiota
	Associations between genetic liability to NSAID use and gut microbiota
	Associations between genetic liability to salicylic acid use and gut microbiota
	Associations between genetic liability to anilide use and circulating metabolites
	Associations between genetic liability to opioid use and circulating metabolites
	Associations between genetic liability to NSAID use and circulating metabolites
	Associations between genetic liability to salicylic acid use and circulating metabolites
	Sensitivity analysis

	Discussion
	Strengths and limitations

	References


