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Background

An association between Graves’ disease (GD) and the gut microbiome has been identified, but the causal effect between them remains unclear.



Methods

Bidirectional two-sample Mendelian randomization (MR) analysis was used to detect the causal effect between GD and the gut microbiome. Gut microbiome data were derived from samples from a range of different ethnicities (18,340 samples) and data on GD were obtained from samples of Asian ethnicity (212,453 samples). Single nucleotide polymorphisms (SNPs) were selected as instrumental variables according to different criteria. They were used to evaluate the causal effect between exposures and outcomes through inverse-variance weighting (IVW), weighted median, weighted mode, MR-Egger, and simple mode methods. F-statistics and sensitivity analyses were performed to evaluate bias and reliability.



Results

In total, 1,560 instrumental variables were extracted from the gut microbiome data (p< 1 × 105). The classes Deltaproteobacteria [odds ratio (OR) = 3.603] and Mollicutes, as well as the genera Ruminococcus torques group, Oxalobacter, and Ruminococcaceae UCG 011 were identified as risk factors for GD. The family Peptococcaceae and the genus Anaerostipes (OR = 0.489) were protective factors for GD. In addition, 13 instrumental variables were extracted from GD (p< 1 × 10–8), causing one family and eight genera to be regulated. The genus Clostridium innocuum group (p = 0.024, OR = 0.918) and Anaerofilum (p = 0.049, OR = 1.584) had the greatest probability of being regulated. Significant bias, heterogeneity, and horizontal pleiotropy were not detected.



Conclusion

A causal effect relationship exists between GD and the gut microbiome, demonstrating regulatory activity and interactions, and thus providing evidence supporting the involvement of a thyroid–gut axis.
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Introduction

Graves’ disease (GD) is an autoimmune disease with a lifetime risk of 3% for women and 0.5% for men (1). The classic manifestations of GD include hyperthyroidism, palpitations, and ophthalmopathy (2). Although GD has been recognized for over two centuries, the underlying pathological mechanisms have not been fully elucidated. Many risk factors have been suggested to be involved in the disease process, such as genetics, epigenetics, smoking, stress, the gut microbiome, and infection (3). GD is an immune-related disease, with many up-regulated microRNAs, proteins, antibodies, and cytokines present in the circulatory system, but the signaling mechanisms between risk factors and dysfunction of the immune system remain unclear (4). Based on the bio-psycho-social matrix model, integrated research has been used to detect the pathogenesis of GD and other risk factors involved in GD, such as social stress (3, 5). Research on the association between GD and other organs has also been performed.

The concept of the thyroid–gut axis (TGA) has been used to explore the association between the thyroid gland and the gut, and the intestinal influence on the thyroid has been described as involving the uptake of micronutrients and regulation of immune responses (6). In recent years, with the development of sequencing technology, the mechanisms utilized by the gut microbiome in regulating disease processes have been elucidated, indicating that the gut microbiome regulates the immune response and metabolism as well as interactions with drugs (7, 8). Many studies have identified a relationship between the gut microbiome and the thyroid gland (9). The gut microbiome is associated with the incidence of GD, as indicated by the variation in gut microbiome composition observed between participants with GD and participants without GD (9). Recent basic research has illustrated that the gut microbiome may be involved in the loss of self-tolerance and auto-aggressive damage, thus participating in the pathogenesis of GD (9). Covelli and Ludgate (10) concluded that, because the gut provides the first and the widest exposure to bacteria, any change in the environment may influence the microbial balance. This may further activate the gut immune system, including the activation of Treg and Th17 cells, promoting the incidence of GD (10). Clinical research has identified direct changes in the gut microbiome in GD. A study involving 55 participants with GD and 48 without suggested that the gut microbiome differed significantly between the two groups, with the levels of 18 taxa increased and four taxa decreased in those with GD (11). A study by Ei-Zawawy et al. revealed that the Firmicutes-to-Bacteroidetes ratio was decreased in individuals with GD, which suggested that the gut microbiome may participate in the pathogenesis of GD (12). However, the generalization of the findings or ability to make a definitive conclusion was limited owing to the small number of fecal samples evaluated (13). In addition to clinical research, basic medical research has also provided evidence on the TGA. For example, a murine model of GD was used to compare the gut microbiome with control models, and the results showed that levels of Firmicutes were significantly positively related to orbital adipogenesis (14).

A relationship between the gut microbiome and GD has been identified, but a causal effect is unclear. A causal effect is difficult to identify through clinical trials owing to ethical issues and costs. Many studies investigating the association between the gut microbiome and GD are case–control studies, thus making it difficult to determine whether changes in the composition of the gut microbiome or the onset of GD occurred first (11, 15, 16). Mendelian randomization (MR) is a method that uses single nucleotide polymorphisms (SNPs) as an instrumental variable (IV) from a genome-wide association study (GWAS) to detect the causal effect between exposure and outcome (17). SNPs are defined by a variation of a single nucleotide in a specific position of a DNA sequence (18). As SNPs are randomized and allocated genetically to individuals before exposure and outcome and after excluding the effect of linkage disequilibrium, many confounders acquired after zygote formation can be excluded when using SNPs as an IV (19). Research using SNPs as IVs has increased in recent years (19). In addition, as SNPs are related to both exposure and outcomes, SNPs extracted from exposure were instrumental variables linking exposure and outcome. By this process, SNPs have been used to group exposure and non-exposure to evaluate the causal effect of exposure on the outcome, similar to the randomized controlled trial (20). For example, a causal effect has been detected between fat composition and type 2 diabetes (T2D) through MR (21).

For the present study, GWAS summary datasets of the gut microbiome (18,340 samples) and GD (212,453 samples) were obtained from the international consortium MiBioGen and BioBank Japan, respectively (22, 23). Both GWAS summary datasets were used to investigate the causal effect of the gut microbiome on GD. Through bidirectional two-sample MR analysis, we identified a mutually causal effect between the gut microbiome and GD, which provided evidence supporting the activity of a regulatory TGA.



Methods


Study design and the assumption of MR

GWAS summary data focusing on the relationships between genetics and disease have been used to detect a causal relationship between the gut microbiome and GD through bidirectional two-sample MR analysis (24, 25). We first selected the gut microbiome as the exposure and GD as the outcome to detect whether the gut microbiome prevents or promotes the occurrence of GD. We also investigated changes in the gut microbiome after the occurrence of GD. The following three assumptions were satisfied for the two-sample MR, according to Bownden et al. (26): (1) the IVs selected from datasets were associated with exposure; (2) the IVs were not associated with any unknown confounders of exposure; and (3) the IVs were associated with outcomes through exposure, but not in other ways (Figure 1A). In the process of the MR analysis, the IVs obtained from exposure served to group outcomes of the sample population at conception. Groups with different genotypes represent different exposures. The causal effect of exposure on outcome in each group, which represented the combined effect of each IV (i.e., SNP), was calculated through MR analysis (Figure 1B).




Figure 1 | The principle of bidirectional Mendelian randomization (MR) analysis. The process of bidirectional MR analysis was divided into two steps. Each step contained three assumptions (assumptions 1, 2, and 3) and involved a two-sample MR analysis to detect the causal effect between exposure and outcome (A). The idea of a two-sample MR analysis was represented by a flowchart (B). In step 1, the gut microbiome served as exposure, and Graves’ disease (GD) served as the outcome. The single nucleotide polymorphisms (SNPs) obtained from the gut microbiome were considered instrumental variables (IVs), which provided the grouping basis for the GD sample population. The effect of every SNP was combined and the causal effect of gut microbiome on GD was calculated through MR analysis. In step 2, the GD served as exposure, and the gut microbiome served as the outcome. The SNPs obtained from GD were considered IVs, which provided the grouping basis for the gut microbiome sample population. The effect of every SNP was combined, and the causal effect of GD on the gut microbiome was calculated through MR analysis. GD, Graves’ disease; IV, instrumental variable; SNP, single nucleotide polymorphism.





Data sources

All of the data for the present study were obtained from two GWASs, one related to the gut microbiome and one to GD. The GWAS summary data on the gut microbiome were derived from samples comprising 24 cohorts of European, Middle Eastern, East Asian, American Hispanic/Latin, and African American ethnicities, with a total sample number of 18,340 individuals (23). The batch effect was excluded, and details of the 24 cohorts can be found in a previous publication (23). Multiple hypervariable regions (i.e., V1–V2, V3–V4, and V4) in the 16S ribosomal RNA (rRNA) gene were used to investigate the composition of the gut microbiome. Concerning taxonomic profiles, the Ribosomal Database Project (RDP) classifier (v.2.12) was used to submit the reads to SILVA (a reference database) after the samples were rarefied to 10,000 reads by a predefined random seed, and 211 taxa passed taxon inclusion cut-off points (the posterior probability was set as 0.8) including nine phyla, 16 classes, 20 orders, 35 families, and 131 genera. Unknown taxa were excluded from the results (23). The GWAS summary data for GD were obtained from BioBank Japan, which is the largest biobank of the Asian population, containing 212,453 samples (2,176 individuals with GD and 210,277 without), with a dataset of 8,885,805 SNPs (22).



IV selection

To select the SNPs as IVs that could indicate a potential association between exposure and outcome, we set different thresholds based on differences in exposure. First, we selected the gut microbiome as the exposure. In this case, the IVs were associated with GD at the significance level of p< 1 × 105. The minor allele frequency level was set as 0.01. The linkage disequilibrium threshold was set as R2 = 0.01, and the distance to search for linkage disequilibrium R2-values was set as 500 kb. The super-population was set as East Asian, which was used as the reference panel. If the SNPs selected from exposure were absent in the outcome dataset, the proxy SNPs were significantly related to the selected variants (R2 > 0.8). When GD was selected as the exposure, the IVs’ significance level was represented by the genome-wide statistical significance threshold (p< 1 × 10–8). Moreover, the linkage disequilibrium threshold was set as 0.001, and the clumping window was 10,000 kb. The other parameters were kept constant when the exposure was the gut microbiome. The F-statistic of the IVs was calculated to detect whether or not there was a weak IV bias, which was defined as a value of the F-statistic< 10 because the bias of the IV estimator was larger than 10% of the bias of the observational estimator, as the F-statistic is over 10 (27). IVs were excluded when the F-statistic was< 10 using the following formula: F = R2(n – k – 1)/k(1 – R2), where R2 is the exposure variance defined by the selected SNPs, n is the sample size, and k is the number of IVs (28).



Statistical analysis

Five methods are commonly used to detect the causal effect between exposure and output:

	(1) Inverse-variance weighting (IVW): IVW estimates the causal effect of exposure on the outcome by combining the ratio estimates for each SNP, which essentially translates MR estimates into a weighted regression of SNP-outcome effects on SNP-exposure effects (29, 30).

	(2) Weighted median: the weighted median method provides unbiased estimates even if up to 50% of the information derives from invalid IVs (31).

	(3) Weighted mode: when the largest number of similar individual instrument causal effect estimates comes from valid instruments, the weighted mode method is consistent even if the IVs are invalid (32).

	(4) MR-Egger: the MR-Egger is a tool that provides a causal effect through the slope coefficient from Egger regression and also detects small study bias (26).

	(5) Simple mode: the simple mode is an unweighted mode of the empirical density function of causal estimation (33).



The characteristics of the five methods are described in Table 1. All five methods were used to detect the causal effect between the gut microbiome and GD. The Wald ratio was used to detect the causal effect when there was only one IV obtained from exposure. The causal effect is presented as an odds ratio (OR) when the significance level is less than 0.05, as calculated through the MR method (25).


Table 1 | Characteristics of five Mendelian randomization (MR) methods.



In sensitivity analyses, heterogeneity was used to evaluate the compatibility of instrumental variables. Cochran’s Q statistics were used to test heterogeneity through the IVW and MR-Egger methods. The effect of heterogeneity should be considered if it existed among IVs (p< 0.05) (34). Cochran’s Q was calculated as

	

where. β^=Σjwjβ^jIVΣjwj and wj=SE(β^jIV)−2 (35). Horizontal pleiotropy indicates that IVs are associated with outcomes through other ways than causal effects, which may lead to false-positive results (p< 0.05) (36). Regarding the direct association between the selected IVs and the outcome, horizontal pleiotropy was tested using MR pleiotropy residual sum and outlier (MR- PRESSO). Leave-one-out analysis was performed to identify whether or not a single SNP strongly drives the causal effect of exposure on outcome. To conduct a leave-one-out analysis, harmonized data from exposure and outcome were used as input and tested through the inverse-variance-weighted method. Each SNP from IVs was left out, in turn, to evaluate whether the potential outliers existed, using the TwoSampleMR package (37).

The methods used in the present study were performed using R software (4.1.0; The R Foundation for Statistical Computing, Vienna, Austria) and the main R packages used in our manuscript include TwoSampleMR, MRPRESSO, and MendelianRandomization (https://github.com/1527311/20221004). The diagram of MR in this study is shown in Figure 2.




Figure 2 | Diagram of Mendelian randomization (MR) analysis processing. There were five main parts of the MR analysis in this study. The workflow was performed twice for when the exposure was gut microbiome and Graves’ disease (GD), respectively. The left boxes indicate the name of the parts, and the right boxes contain the specific content of each part. GWAS, genome-wide association study; IV, instrumental variable; IVW, inverse-variance weighting; MR, Mendelian randomization; SNP, single nucleotide polymorphism.






Results


Causal effects of the gut microbiome on patients with GD

To investigate the causal effects of the gut microbiome on GD, we included 1,560 IVs. The F-statistic of each SNP was > 10, which indicated that no weak instrument bias existed (Supplementary material 1). These IVs were derived from five phyla, 16 classes, one order, 29 families, and 115 genera, and the number of IVs ranged from 1 to 24. We combined the effect of SNPs from the same gut microbiome through MR analysis. Furthermore, the MR method found that two classes, one family, and four genera had a causal effect on GD (Table 2).


Table 2 | Causal effects of the gut microbiome on Graves’ disease (GD).



The classes Deltaproteobacteria and Mollicutes, as well as the genera Ruminococcus torque group, Oxalobacter, and Ruminococcaceae UCG 011, were identified as risk factors for GD, and Deltaproteobacteria had the largest OR (OR = 3.603) according to the MR-Egger method. The family Peptococcaceae and the genus Anaerostipes were the protective factors against GD, and Anaerostipes had the smallest OR (OR = 0.489) according to the weighted median. The scatterplot, including the causal effect of the gut microbiome on graves' disease, is shown in Figure 3.




Figure 3 | Scatterplot of the effect of the gut microbiome on Graves’ disease (GD). The effect of the gut microbiome on GD is calculated through single nucleotide polymorphisms (SNPs), which provide an association between the gut microbiome and GD through five Mendelian randomization (MR) methods (A–F). In each plot, each dot indicates one SNP from the gut microbiome genome-wide association study (GWAS) summary dataset. The x-axis values represent the effect of SNPs on the gut microbiome. The numerical value of the x-axis position of each dot equals the absolute value of the β-value of each SNP, and the value of the horizontal error bar equals the standard error of the SNP from the gut microbiome GWAS summary dataset. The y-axis values represent the effect of the SNPs on GD. The numerical value of the y-axis position of each dot equals the opposite number of β-value of SNP, and the value of the vertical error bar equals the standard error of the SNP from the GD GWAS summary dataset. The β-values and standard errors for SNPs are part of the dataset used to describe the relationship between SNPs and phenotypes; they can be obtained directly by querying the GWAS summary dataset. Different colors of lines represent different MR methods: a causal effect of the gut microbiome on GD was calculated through inverse-variance weighting (IVW) (light blue), weighted median (dark green), MR Egger (dark blue), weighted mode methods (pink), and simple mode (light green). The slope value equals the b-value calculated using the five methods and represents the causal effect of the gut microbiome on GD. The greater the absolute value of the slope, the greater the causal effect. Since the effect allele, an allele to which the effect estimate refers, was identified in the gut microbiome and GD GWAS summary datasets, a positive slope indicates that exposure is a risk factor, whereas a negative slope is the opposite. GD, Graves’ disease; MR, Mendelian randomization; SNP, single nucleotide polymorphism.



In the sensitivity analyses, we performed heterogeneity statistics, horizontal pleiotropy, and leave-one-out analysis. Heterogeneity analysis showed no evidence of a causal effect on GD among the investigated variables of the gut microbiome (Supplementary material 2). We used the MR-PRESSO method to detect horizontal pleiotropy, and the results showed that no horizontal pleiotropy existed (Supplementary material 3). Leave-one-out analysis showed no SNPs driving the association between the gut microbiome and GD (Figure 4).




Figure 4 | Leave-one-out analysis for gut microbiome on Graves’ disease (GD). The sensitivity of the causal effect of different components of the gut microbiome on GD was analyzed through leave-one-out analysis in (A–F). The error bar represents the 95% confidence interval with the method of inverse-variance weighting (IVW).





Causal effects of GD on the gut microbiome

For the causal effects of GD, 13 SNPs satisfied the criteria. After analysis using the MR method, GD had a causal effect on one family and eight genera (Figure 5). Through IVW, the genera Clostridium innocuum group (p = 0.024, OR = 0.918) and Sutterella (p = 0.024, OR = 0.953) were down-regulated after the onset of GD. The family Oxalobacteraceae and the genera Anaerofilum, Intestinimonas, Oxalobacter, Peptococcus, Ruminococcaceae UCG 005, and Terrisporobacter were up-regulated after the onset of GD (Table 3). Of these bacterial communities, the genus Anaerofilum had the highest OR (p = 0.049, OR = 1.584), which indicated that patients with GD had a higher risk of increased levels of the genus Anaerofilum.




Figure 5 | Scatterplot of the effect of Graves’ disease (GD) on the gut microbiome. The effect of the GD on the gut microbiome is calculated through single nucleotide polymorphisms (SNPs), which provide an association between GD and gut microbiome through five Mendelian randomization (MR) methods (A–I). In each plot, each dot indicates an SNP from the GD genome-wide association study (GWAS) summary dataset. The x-axis values represent the effect of the SNPs on GD. The numerical value of the x-axis position of each dot equals the absolute value of the β-value of each SNP, and the value of the horizontal error bar equals the standard error of SNPs from the GD GWAS summary dataset. The y-axis values represent the effect of the SNP on the gut microbiome. The numerical value of the y-axis position of each dot equals the opposite number of the β-value of the SNP, and the value of the vertical error bar equals the standard error of SNP from the gut microbiome GWAS summary dataset. The β-values and standard errors for SNPs are part of the dataset used to describe the relationship between SNPs and phenotypes; they can be obtained directly by querying the GWAS summary dataset. Different colors of lines represent different MR methods: a causal effect of GD on microbiome was calculated through inverse-variance weighting (IVW) (light blue), weighted median (dark green), MR-Egger (dark blue), weighted mode methods (pink), and simple mode (light green). The value of the slope equals the b-value calculated through the five methods and represents the causal effect of GD on the gut microbiome. The greater the absolute value of the slope, the greater the causal effect. Since the effect allele, an allele to which the effect estimate refers, was identified in the gut microbiome and the GD GWAS summary dataset, a positive slope indicates that exposure is a risk factor, whereas a negative slope is the opposite.




Table 3 | Causal effect of Graves’ disease (GD) on the gut microbiome.



No weak instrument bias or heterogeneity statistics were identified among the IVs, and no horizontal pleiotropy existed between the IVs and the gut microbiome (Supplementary material 4). Leave-one-out analysis revealed that no SNP was significantly associated with the outcome (Figure 6).




Figure 6 | Leave-one-out analysis for Graves’ disease (GD) on the gut microbiome. The sensitivity of the causal effect of GD on a different type of gut microbiome was analyzed using leave-one-out analysis in (A–I). The error bar represents the 95% confidence interval with the method of inverse-variance weighting (IVW).






Discussion

We conducted a bidirectional MR analysis to identify a causal effect between GD and the gut microbiome. We confirmed an association between GD and the gut microbiome using GWAS summary data, and the results were consistent with previous literature. We found that GD and the gut microbiome reciprocally interacted and that a causal effect existed between GD and the gut microbiome. In addition, risk factors, such as the class Deltaproteobacteria, and protective factors, such as the genus Anaerostipes, were associated with GD in the gut microbiome. The onset of GD also changed the composition of the gut microbiome; for example, there was an increase in the level of the genus Anaerofilum and a reduction in the relative abundance of the genus Clostridium innocuum.

The TGA has been well studied and supports an association between the thyroid and the gut (6, 38). The physiological function of and pathological changes in the thyroid are regulated by the function of the gut. On the one hand, the intake of minerals, such as iodine, is necessary for synthesizing thyroid hormones, whereas mineral elements, such as selenium, are essential for maintaining the normal function of the thyroid (39, 40). However, a general association between the intake of essential nutrients through the gut and cell metabolism should be recognized (41). Conversely, the gut interacts with the immune system through nutrients and microbiota, which mediate autoimmune diseases such as GD and thyroid cancer (42). Recent studies on the TGA have mainly focused on the effects of the gut on the thyroid, and few studies have reported on the effects of the thyroid on the gut. The present study found that the levels of the family Oxalobacteraceae and genera Anaerofilum, Intestinimonas, Oxalobacter, Peptococcus, Ruminococcaceae UCG 005, Terrisporobacter, Clostridium innocuum species, and Sutterella were altered in patients with GD, which revealed a causal effect of GD on changes in the gut microbiome and provided evidence for the reciprocal influence of the thyroid gland on the gut.

Changes in the gut microbiome have long been associated with GD. A prospective clinical study with 39 participants with GD and 17 without GD found that the levels of bacilli, Lactobacillales, Prevotella, Megamonas, and Veillonella strains in patients with GD were increased, but that the levels of Ruminococcus, Rikenellaceae, and Alistipes strains were decreased (43). Another study evaluating 55 participants with GD and 48 participants without GD also revealed a change in the gut microbiome, including in the levels of the phylum Firmicutes, the phylum Bacteroidetes, the family Prevotellaceae, the family Veillonellaceae, and the genus Prevotella group 9 (11). In addition, the treatment of GD also alters the gut microbiome. For example, methimazole up-regulates the levels of Bifidobacterium and Collinsella but down-regulates the levels of Prevotella and Dialister (44). Methimazole combined with potential prebiotic berberine achieves a better effect on GD than methimazole alone, and the changes in the gut microbiome include changes in levels of Lactococcus lactis, Enterobacter hormaechei, and Chryseobacterium indologenes (45). The results obtained from patients with GD reveal that changes in the gut microbiome accompany GD, which agrees with our results (45). However, a causal effect between GD and the gut was not illustrated in these previous studies, and the number of samples in these studies ranged from dozens to hundreds, which are not sufficient sample sizes to be representative of the general population. However, in the present study, the data on the gut microbiome contained 18,340 samples from a range of ethnicities, and the GD data contained 212,453 samples of Asian ethnicity, allowing the present study to be more representative of the population.

Potential mechanisms of gut microbiome interactions with GD have recently been investigated. Jiang et al. found that higher levels of Bacteroides in GD may alter the intestinal barrier and induce an inflammatory reaction by elevating the concentration of inflammatory factors, which may change the immune status and facilitate the incidence of autoimmune disease (46). In addition, higher thyroid hormone levels have also been positively related to Lactobacillus (47). Another study based on a mouse model also reported a causal correlation between the gut microbiome and GD. Researchers have reported that different microbiomes in mice can lead to different presentations of GD and Graves’ ophthalmopathy after injection with a human thyroid-stimulating hormone receptor (hTSHR) eukaryotic expression plasmid (48). Vancomycin significantly down-regulates the level of gut microbiota, and decreases the incidence and severity of GD, whereas mice that receive a human fecal material transfer from GD present with increased severity of GD (48). The present study also provides evidence of a causal effect between the gut microbiome and GD based on GWAS summary data from the human population and further found that this causal effect was bidirectional. However, the present study did not identify the specific mechanism for how the gut microbiome interacts with GD.

In the present study, we concentrated on the interactive effects between the gut microbiome and GD through bidirectional MR analysis, which we also used to detect the causal effect between the gut microbiome and GD. Compared with traditional clinical trials, MR analysis allows the identification of sequential relationships as the exposure is defined before the outcome through IVs in the design of the MR analysis, and IVs are less prone to influence by potential confounders (49). The present study utilized F-statistics and horizontal pleiotropy, which overcame weak biases and showed a direct association between SNPs and the outcome. Because the data used in the present study were derived mainly from the Asian population, the extrapolation of the results to other ethnic populations should be considered with caution.

In conclusion, the present study confirmed an association and defined a causal effect between GD and the gut microbiome through MR analysis, thereby providing evidence supporting the activity of a TGA in the pathogenesis of GD.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Author contributions

All authors contributed to the study design. The first draft of the manuscript was written by JC. Data collection and analysis were performed by JC, NW, YL, CM, ZC, CC, and FZ. XQ and WX revised the manuscript and helped with the project administration and funding acquisition. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by the National Natural Science Foundation of China (82071006), the Natural Science Foundation of Hunan Province (2020JJ4129 and 2021JJ40859) and Outstanding Youth Project of Scientific Research Project of Hunan Provincial Department of Education (22B0007).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.977587/full#supplementary-material



References

1. Smith, TJ, and Hegedüs, L. Graves’ disease. New Engl J Med (2016) 375(16):1552–65. doi: 10.1056/NEJMra1510030

2. Subekti, I, and Pramono, LA. Current diagnosis and management of graves' disease. Acta Med Indones (2018) 50(2):177–82.

3. Cao, J, Su, Y, Chen, Z, Ma, C, and Xiong, W. The risk factors for graves' ophthalmopathy. Graefes Arch Clin Exp Ophthalmol (2022) 260(4):1043–54. doi: 10.1007/s00417-021-05456-x

4. Zhang, L, Masetti, G, Colucci, G, Salvi, M, Covelli, D, Eckstein, A, et al. Combining micro-RNA and protein sequencing to detect robust biomarkers for graves' disease and orbitopathy. Sci Rep (2018) 8(1):8386. doi: 10.1038/s41598-018-26700-1

5. Topcu, CB, Celik, O, and Tasan, E. Effect of stressful life events on the initiation of graves' disease. Int J Psychiatry Clin Pract (2012) 16(4):307–11. doi: 10.3109/13651501.2011.631016

6. Knezevic, J, Starchl, C, Tmava, BA, and Amrein, K. Thyroid-Gut-Axis: How does the microbiota influence thyroid function? Nutrients (2020) 12(6):1769. doi: 10.3390/nu12061769

7. Cresci, GA, and Bawden, E. Gut microbiome: What we do and don't know. Nutr Clin Pract (2015) 30(6):734–46. doi: 10.1177/0884533615609899

8. Weersma, RK, Zhernakova, A, and Fu, J. Interaction between drugs and the gut microbiome. Gut (2020) 69(8):1510–9. doi: 10.1136/gutjnl-2019-320204

9. Virili, C, Stramazzo, I, and Centanni, M. Gut microbiome and thyroid autoimmunity. Best Pract Res Clin Endocrinol Metab (2021) 35(3):101506. doi: 10.1016/j.beem.2021.101506

10. Covelli, D, and Ludgate, M. The thyroid, the eyes and the gut: a possible connection. J Endocrinol Invest (2017) 40(6):567–76. doi: 10.1007/s40618-016-0594-6

11. Chang, SC, Lin, SF, Chen, ST, Chang, PY, Yeh, YM, Lo, FS, et al. Alterations of gut microbiota in patients with graves' disease. Front Cell Infect Microbiol (2021) 11663131. doi: 10.3389/fcimb.2021.663131

12. El-Zawawy, HT, Ahmed, SM, El-Attar, EA, Ahmed, AA, Roshdy, YS, and Header, DA. Study of gut microbiome in Egyptian patients with autoimmune thyroid diseases. Int J Clin Pract (2021) 75(5):e14038. doi: 10.1111/ijcp.14038

13. Liu, H, Liu, H, Liu, C, Shang, M, Wei, T, and Yin, P. Gut microbiome and the role of metabolites in the study of graves' disease. Front Mol Biosci (2022) 9841223. doi: 10.3389/fmolb.2022.841223

14. Masetti, G, Moshkelgosha, S, Kohling, HL, Covelli, D, Banga, JP, Berchner-Pfannschmidt, U, et al. Gut microbiota in experimental murine model of graves' orbitopathy established in different environments may modulate clinical presentation of disease. Microbiome (2018) 6(1):97. doi: 10.1186/s40168-018-0478-4

15. Zhu, Q, Hou, Q, Huang, S, Ou, Q, Huo, D, Vazquez-Baeza, Y, et al. Compositional and genetic alterations in graves' disease gut microbiome reveal specific diagnostic biomarkers. ISME J (2021) 15(11):3399–411. doi: 10.1038/s41396-021-01016-7

16. Chen, J, Wang, W, Guo, Z, Huang, S, Lei, H, Zang, P, et al. Associations between gut microbiota and thyroidal function status in Chinese patients with graves' disease. J Endocrinol Invest (2021) 44(9):1913–26. doi: 10.1007/s40618-021-01507-6

17. Emdin, CA, Khera, AV, and Kathiresan, S. Mendelian randomization. JAMA (2017) 318(19):1925–6. doi: 10.1001/jama.2017.17219

18. Marees, AT, De Kluiver, H, Stringer, S, Vorspan, F, Curis, E, Marie-Claire, C, et al. A tutorial on conducting genome-wide association studies: Quality control and statistical analysis. Int J Methods Psychiatr Res (2018) 27(2):e1608. doi: 10.1002/mpr.1608

19. Sekula, P, Del, GMF, Pattaro, C, and Kottgen, A. Mendelian randomization as an approach to assess causality using observational data. J Am Soc Nephrol (2016) 27(11):3253–65. doi: 10.1681/ASN.2016010098

20. Storm, CS, Kia, DA, Almramhi, M, and Wood, NW. Using mendelian randomization to understand and develop treatments for neurodegenerative disease. Brain Commun (2020) 2(1):fcaa031. doi: 10.1093/braincomms/fcaa031

21. Larsson, SC, Scott, RA, Traylor, M, Langenberg, CC, Hindy, G, Melander, O, et al. Type 2 diabetes, glucose, insulin, BMI, and ischemic stroke subtypes: Mendelian randomization study. Neurology (2017) 89(5):454–60. doi: 10.1212/WNL.0000000000004173

22. Ishigaki, K, Akiyama, M, Kanai, M, Takahashi, A, Kawakami, E, Sugishita, H, et al. Large-Scale genome-wide association study in a Japanese population identifies novel susceptibility loci across different diseases. Nat Genet (2020) 52(7):669–79. doi: 10.1038/s41588-020-0640-3

23. Kurilshikov, A, Medina-Gomez, C, Bacigalupe, R, Radjabzadeh, D, Wang, J, Demirkan, A, et al. Large-Scale association analyses identify host factors influencing human gut microbiome composition. Nat Genet (2021) 53(2):156–65. doi: 10.1038/s41588-020-00763-1

24. Visscher, PM, Brown, MA, Mccarthy, MI, and Yang, J. Five years of GWAS discovery. Am J Hum Genet (2012) 90(1):7–24. doi: 10.1016/j.ajhg.2011.11.029

25. Jia, J, Dou, P, Gao, M, Kong, X, Li, C, Liu, Z, et al. Assessment of causal direction between gut microbiota-dependent metabolites and cardiometabolic health: A bidirectional mendelian randomization analysis. Diabetes (2019) 68(9):1747–55. doi: 10.2337/db19-0153

26. Bowden, J, Davey, SG, and Burgess, S. Mendelian randomization with invalid instruments: effect estimation and bias detection through egger regression. Int J Epidemiol (2015) 44(2):512–25. doi: 10.1093/ije/dyv080

27. Lawlor, DA, Harbord, RM, Sterne, JA, Timpson, N, and Davey, SG. Mendelian randomization: using genes as instruments for making causal inferences in epidemiology. Stat Med (2008) 27(8):1133–63. doi: 10.1002/sim.3034

28. Pierce, BL, Ahsan, H, and Vanderweele, TJ. Power and instrument strength requirements for mendelian randomization studies using multiple genetic variants. Int J Epidemiol (2011) 40(3):740–52. doi: 10.1093/ije/dyq151

29. Burgess, S, Butterworth, A, and Thompson, SG. Mendelian randomization analysis with multiple genetic variants using summarized data. Genet Epidemiol (2013) 37(7):658–65. doi: 10.1002/gepi.21758

30. Choi, KW, Chen, CY, Stein, MB, Klimentidis, YC, Wang, MJ, Koenen, KC, et al. Assessment of bidirectional relationships between physical activity and depression among adults: A 2-sample mendelian randomization study. JAMA Psychiatry (2019) 76(4):399–408. doi: 10.1001/jamapsychiatry.2018.4175

31. Bowden, J, Davey, SG, Haycock, PC, and Burgess, S. Consistent estimation in mendelian randomization with some invalid instruments using a weighted median estimator. Genet Epidemiol (2016) 40(4):304–14. doi: 10.1002/gepi.21965

32. Hartwig, FP, Davey, SG, and Bowden, J. Robust inference in summary data mendelian randomization via the zero modal pleiotropy assumption. Int J Epidemiol (2017) 46(6):1985–98. doi: 10.1093/ije/dyx102

33. Hemani, G, Zheng, J, Elsworth, B, Wade, KH, Haberland, V, Baird, D, et al. The MR-base platform supports systematic causal inference across the human phenome. Elife (2018) 7:e34408. doi: 10.7554/eLife.34408

34. Bowden, J, and Holmes, MV. Meta-analysis and mendelian randomization: A review. Res Synth Methods (2019) 10(4):486–96. doi: 10.1002/jrsm.1346

35. Burgess, S, Bowden, J, Fall, T, Ingelsson, E, and Thompson, SG. Sensitivity analyses for robust causal inference from mendelian randomization analyses with multiple genetic variants. Epidemiology (2017) 28(1):30–42. doi: 10.1097/EDE.0000000000000559

36. Morrison, J, Knoblauch, N, Marcus, JH, Stephens, M, and He, X. Mendelian randomization accounting for correlated and uncorrelated pleiotropic effects using genome-wide summary statistics. Nat Genet (2020) 52(7):740–7. doi: 10.1038/s41588-020-0631-4

37. Zhang, Y, Mao, Q, Li, Y, Cheng, J, Xia, Q, Chen, G, et al. Cancer and COVID-19 susceptibility and severity: A two-sample mendelian randomization and bioinformatic analysis. Front Cell Dev Biol (2021) 9759257. doi: 10.3389/fcell.2021.759257

38. Lerner, A, Jeremias, P, and Matthias, T. Gut-thyroid axis and celiac disease. Endocr Connect (2017) 6(4):R52–8. doi: 10.1530/EC-17-0021

39. Bruno, R, Giannasio, P, Ronga, G, Baudin, E, Travagli, JP, Russo, D, et al. Sodium iodide symporter expression and radioiodine distribution in extrathyroidal tissues. J Endocrinol Invest (2004) 27(11):1010–4. doi: 10.1007/BF03345302

40. Drutel, A, Archambeaud, F, and Caron, P. Selenium and the thyroid gland: more good news for clinicians. Clin Endocrinol (Oxf) (2013) 78(2):155–64. doi: 10.1111/cen.12066

41. Wyness, L. The role of red meat in the diet: nutrition and health benefits. Proc Nutr Soc (2016) 75(3):227–32. doi: 10.1017/S0029665115004267

42. Zhang, J, Zhang, F, Zhao, C, Xu, Q, Liang, C, Yang, Y, et al. Dysbiosis of the gut microbiome is associated with thyroid cancer and thyroid nodules and correlated with clinical index of thyroid function. Endocrine (2019) 64(3):564–74. doi: 10.1007/s12020-018-1831-x

43. Yan, HX, An, WC, Chen, F, An, B, Pan, Y, Jin, J, et al. Intestinal microbiota changes in graves' disease: a prospective clinical study. Biosci Rep (2020) 40(9):BSR20191242. doi: 10.1042/BSR20191242

44. Yang, M, Zheng, X, Wu, Y, Zhang, R, Yang, Q, Yu, Z, et al. Preliminary observation of the changes in the intestinal flora of patients with graves' disease before and after methimazole treatment. Front Cell Infect Microbiol (2022) 12794711. doi: 10.3389/fcimb.2022.794711

45. Han, Z, Cen, C, Ou, Q, Pan, Y, Zhang, J, Huo, D, et al. The potential prebiotic berberine combined with methimazole improved the therapeutic effect of graves' disease patients through regulating the intestinal microbiome. Front Immunol (2021) 12826067. doi: 10.3389/fimmu.2021.826067

46. Jiang, W, Yu, X, Kosik, RO, Song, Y, Qiao, T, Tong, J, et al. Gut microbiota may play a significant role in the pathogenesis of graves' disease. Thyroid (2021) 31(5):810–20. doi: 10.1089/thy.2020.0193

47. Wang, Y, Ma, XM, Wang, X, Sun, X, Wang, LJ, Li, XQ, et al. Emerging insights into the role of epigenetics and gut microbiome in the pathogenesis of graves' ophthalmopathy. Front Endocrinol (Lausanne) (2021) 12788535. doi: 10.3389/fendo.2021.788535

48. Moshkelgosha, S, Verhasselt, HL, Masetti, G, Covelli, D, Biscarini, F, Horstmann, M, et al. Modulating gut microbiota in a mouse model of graves' orbitopathy and its impact on induced disease. Microbiome (2021) 9(1):45. doi: 10.1186/s40168-020-00952-4

49. Chen, L, Fu, G, and Jiang, C. Mendelian randomization as an approach to assess causal effects of inflammatory bowel disease on atrial fibrillation. Aging (Albany NY) (2021) 13(8):12016–30. doi: 10.18632/aging.202906


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2023 Cao, Wang, Luo, Ma, Chen, Chenzhao, Zhang, Qi and Xiong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-14-977587-g006.jpg
A

rs1569723
rs2049218
rs13136820
rs11571292
rs4248153
rs2456453
rs9319588

All

D rs13136820
152456453
rs11571292
rs1569723
rs9319588
rs2049218
rs4248153

All

G

rs11571292
rs13136820
rs1569723
rs4248153
rs2049218
rs9319588

rs2456453

All

0.00 0.05 0.10

family Oxalobacteraceae

0.15

0.050  0.075

0.025
genus Intestinimonas

0.000

0.100

0000  0.025 0050  0.075

genus Ruminococcaceae UCG 005

B rs1569723
rs11571292
rs2049218
rs13136820
rs2456453
rs9319588

rs4248153

All

-0.20

~0.05

015 -0.10

0.00

genus Clostridium innocuum group

E 1569723
152049218
1513136820
159319588
1511571292
154248153

rs2456453

All

H rs9319588
rs2456453
rs13136820
rs2049218
rs1569723
rs4248153

rs11571292

All

0.00

0.20

0.05 0.10 015
genus Oxalobacter
-0100 0075 0050 0,025 0.000

genus Sutterella

Cc rs1569723
rs11571292
rs2049218
rs2456453
rs13136820
rs4248153

rs9319588

All

F 1569723
1511571292
rs13136820

154248153
152049218
rs2456453

rs9319588

All

| rs9319588
rs4248153
rs2456453
rs2049218
rs13136820
rs1569723

rs11571292

All

-0.05  0.00 0.05 0.10
genus Anaerofilum
0.00 0.05 0.10 015
genus Peptococcus
0.00 0.05 0.10 0.15

genus Terrisporobacter





OEBPS/Images/fimmu-14-977587-g004.jpg
A 1562020470 B rs4885016

1511599763
1$55744759 rs12566890
1517084793 1578169027

159928243 3768491
152838334
1517791387 17201603
151035691 1510108398
e R
154506934 : : 1528537087
152692012 . rs6043847
15112381107
Al ; Al
—025 000 0.25 0.50
class Deltaproteobacteria
D 12434631 E ness
158103840 e
=
iy 152396460
14073731 156854026
152287922 152804244
rs8080469 rs62215703
1510904297 -
111171752
1510967781 rs10302061
Al : All
025 000 025 050 075

genus Ruminococcus torques group

0.00

-1.2

0.25 0.50 0.75

class Mollicutes

1.00

-0.8 -0.4
genus Anaerostipes

0.0

rs35703006 e
rs12634826

rs12144792 .

rs12992764 -

rs4990837 ——

All
-10 05 00
familly Peptococcaceae
F omosis
152729556 —_—
154490371 .
1510274562 -
1512724320 = T
rs12636310

rsl416041 ———

All
-0.2 0.0 02 0.4
genus Ruminococcaceae UCG 011





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A cause–effect relationship between Graves’ disease and the gut microbiome contributes to the thyroid–gut axis: A bidirectional two-sample Mendelian randomization study

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Methods

        

          		

            Study design and the assumption of MR

          



          		

            Data sources

          



          		

            IV selection

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Causal effects of the gut microbiome on patients with GD

          



          		

            Causal effects of GD on the gut microbiome

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-14-977587-g002.jpg
1. gut microbiome: GWAS summary dataset containing 18340 samples

1. Data selection e . -
2. Graves’ disease: GWAS summary dataset containing 212,453 samples
o IV relecton 1. significance level; 2. minor allele frequency level;

3. linkage disequilibrium; 4. reference panel; 5. proxy SNPs;

v

3. Data harmonization ———  » Harmonise exposure and outcome data by IVs

v

4. Perform MR T o

v

5. Sensitivity analyses ————» 1. heterogeneity; 2. Horizontal pleiotropy; 3. Leave-one-out analysis

1.IVW; 2. weighted median; 3. weighted mode;
4. MR-egger; 5. simple mode;





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Exposure Method mber of SNPs OR

Class Deltaproteobacteria MR-Egger 13 0.008 3.603
Class Deltaproteobacteria Weighted median 13 0.018 1.699
Class Deltaproteobacteria ‘Weighted mode 13 0.048 1.791
Class Mollicutes Weighted median 9 0.028 1.655
Class Mollicutes Inverse-variance weighted 9 0.002 1.638
Class Mollicutes Simple mode 9 0.039 2.354
Family Peptococcaceae Inverse-variance weighted 5 0.022 0.536
Genus Ruminococcus torques group Inverse-variance weighted 11 0.031 1.445
Genus Anaerostipes Weighted median 9 0.028 0.489
Genus Oxalobacter ‘Wald ratio 1 0.035 2.395
Genus Ruminococcaceae UCG 011 Weighted median 7 0.048 1.379

The exposure represents the specific taxa used for calculating the causal effect between the gut microbiome and GD; the method represents the calculation method used for the Mendelian
randomization (MR) analysis in each row; the number of single nucleotide polymorphisms (SNPs) represents the number of instrumental variables (IVs) used for calculations; and the p-values and the
odds ratios (ORs) represent the significance and size of the causality of the results, respectively. MR, Mendelian randomization; SNP, single nucleotide polymorphism; OR, odds ratio.
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The outcome represents the specific taxa used for calculating the causal effect between GD and the gut microbiome; the method represents the calculation method used for the Mendelian
randomization (MR) analysis in each row; the number of single nucleotide polymorphisms (SNPs) represents the number of instrumental variables (IVs) used for calculations; and the p-values and the
ORs represent the significance and size of causality of the results, respectively. MR, Mendelian randomization; SNP, single nucleotide polymorphism; OR, odds ratio.
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The description column describes the characteristics of each MR method. The pros and cons of the five MR methods were compared to obtain comprehensive results; five MR methods were used in causal
effect analysis between the gut microbiome and Graves’ disease (GD). IV, instrumental variable; IVW, inverse-variance weighting; MR, Mendelian randomization; SNP, single nucleotide polymorphism.





