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Diversity scaling (changes) of human gut microbiome is important because it measures the inter-individual heterogeneity of diversity and other important parameters of population-level diversity. Understanding the heterogeneity of microbial diversity can be used as a reference for the personalized medicine of microbiome-associated diseases. Similar to diversity per se, diversity scaling may also be influenced by host factors, especially lifestyles and ethnicities. Nevertheless, this important topic regarding Chinese populations has not been addressed, to our best knowledge. Here, we fill the gap by applying a recent extension to the classic species–area relationship (SAR), i.e., diversity–area relationship (DAR), to reanalyze a large dataset of Chinese gut microbiomes covering the seven biggest Chinese ethnic groups (covering > 95% Chinese) living rural and urban lifestyles. Four DAR profiles were constructed to investigate the diversity scaling, diversity overlap, potential maximal diversity, and the ratio of local to global diversity of Chinese gut microbiomes. We discovered the following: (i) The diversity scaling parameters (z) at various taxon levels are little affected by either ethnicity or lifestyles, as exhibited by less than 0.5% differences in pairwise comparisons. (ii) The maximal accrual diversity (potential diversity) exhibited difference in only about 5% of pairwise comparisons, and all of the differences occurred in ethnicity comparisons (i.e., lifestyles had no effects). (iii) Ethnicity seems to have stronger effects than lifestyles across all taxon levels, and this may reflect the reality that China has been experiencing rapid urbanization in the last few decades, while the ethnic-related genetic background may change relatively little during the same period.
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INTRODUCTION

The microbes that inhabit in and on the human body constitute the human microbiota. Thanks to the development of the Human Microbiome Project (HMP), we have opened up a new era in the study of human microbes (Turnbaugh et al., 2007). As a vital component of the human microbiome, the human gut microbiome has been extensively studied. Many studies exposed the truth that the gut microbiome has an important influence on the occurrence or development of inflammatory bowel disease, type 2 diabetes, obesity, epilepsy, and other diseases (Hollister et al., 2014; Ni et al., 2017; Heintz-Buschart and Wilmes, 2018; Canfora et al., 2019; Dahlin and Prast-Nielsen, 2019; Gurung et al., 2020; Rackaityte and Lynch, 2020). As far as we know, inter-individual heterogeneities in diversity scaling and abundance also existed in healthy populations (Arumugam et al., 2011; Human Microbiome Project Consortium, 2012; Zhang et al., 2015). Since we were born, we have been constantly building our own microbial network. Factors such as diet, lifestyle, genetics, geography, and ethnic origin all play significant roles in shaping the human gut microbiomes (Yatsunenko et al., 2012; Miller et al., 2016; De Filippo et al., 2017; Kabwe et al., 2020).

A typical analysis of unweighted UniFrac principal coordinates for 314 individuals showed that individual microbial communities were clustered mainly based on their ethnicity/geography rather than lifestyle, and the principal component analysis and principal coordinates analysis (PCoA) revealed that there is a large inter-individual compositional variation (Zhang et al., 2015). In the process of identifying the relative contributions of various factors, a recent study has found that, compared with host genetics, “environment” has a stronger ability to shape the human gut microbiome, and more than 20% of the inter-individual heterogeneities in microorganisms can be attributed to diet, drugs, and anthropometric measurements (Rothschild et al., 2018). By analyzing the gut microbiome of 7,009 individuals from 14 districts in one Chinese province, He et al. (2018) found that the geographical location of the host had the strongest correlation with gut microbiota variation. Researchers investigated the fecal microbiome of 2,084 different ethnic individuals and found that individuals living in the same city tended to have similar gut microbiome characteristics, regardless of ethnic origins (Deschasaux et al., 2018). Similar to bacterial communities, fungi in urban and rural South African individuals also exhibit different community structures (Kabwe et al., 2020). The human gut microbiome has been extensively and intensively studied from various aspects in the last decade, especially the ethnic differences among different races/ethnicities (Yap et al., 2011; Yatsunenko et al., 2012; Li et al., 2014; Obregon-Tito et al., 2015; Gomez et al., 2016; Gupta et al., 2017; Gaulke and Sharpton, 2018; Lin et al., 2020; Zuo et al., 2020; Sun et al., 2021). A recent study found that 20 host factors were significantly associated with human enterovirus variation, with geographic factors having the greatest impact and ethnically diverse diets associated with specific viral species (Zuo et al., 2020).

Understanding the relationship between human microbiome and various factors has far-reaching significance such as promoting personalized precision medicine (Herd et al., 2018). With the deepening of our understanding of the microbiome and advances in science and technology, microbiome-based diagnostic applications have been proposed in the diagnosis and prognosis of inflammatory bowel disease, pre-screening of colorectal cancer, treatment selection of melanoma, and early diagnosis and risk assessment of metabolic and cardiovascular diseases (Konstantinov et al., 2013; Tang et al., 2013; Dubinsky and Braun, 2015; Bouter et al., 2017; Versalovic et al., 2017; Routy et al., 2018). Based on metagenomic analysis, Yu et al. (2017) have even explored the potential of fecal microbiome as biomarkers for early diagnosis of colorectal cancer.

The objective of this study is to investigate the effects of ethnicities and lifestyles on the diversity scaling of the Chinese gut microbiomes. To achieve this objective, we choose to reanalyze a large dataset of over 300 Chinese covering the top seven most populous Chinese ethnic groups living rural or urban lifestyles, which was originally published by Zhang et al. (2015). Methodically, we apply the diversity–area relationship (DAR) approach extended by Ma (2018, 2019b) to reanalyze the Zhang et al. (2015) datasets. As an extension to the classic species–area relationship (SAR), the DAR model adopted Hill numbers as diversity measures to compensate for the limitation that SAR considers only species richness but ignores species richness in practical application.



MATERIALS AND METHODS


The Chinese Gut Microbiome Dataset

We performed a secondary analysis of the Chinese gut dataset of 314 healthy young volunteers published by Zhang et al. (2015). The unrelated volunteers came from urban (145 samples) and rural (169 samples) areas in nine provinces of China, covering seven ethnic groups, namely, the Bai, Han, Kazakh, Mongol, Tibetan, Uyghur, and Zhuang, aged between 18 and 35 years. Pyrosequencing was performed on the V5–V6 region of the 16S ribosomal RNA (rRNA) gene of bacteria and archaea from 314 fecal samples, and a total of 5,102,015 high-quality sequences were generated. After operational taxonomic unit (OTU) classification by QIIME v-1.2.1 (Quantitative Insights Into Microbial Ecology, Caporaso et al., 2010), the microbial abundance information at four levels of phylum, family, genus, and species was finally obtained.



Analysis Design Schemes

In order to better compare the influence of ethnicities and lifestyles on individual gut microbiome, before the DAR analysis, we developed four schemes: (1A) the 314 individuals were divided into two cohorts according to their lifestyles (rural or urban) and compared; (1B) the 314 individuals were divided into 14 cohorts according to their ethnicities and lifestyles, and the urban and rural cohorts with the same ethnicity were compared; (2A) the 314 individuals were divided into seven cohorts according to their ethnicities with rural and urban combined and compared in pairs; and (2B) the 314 individuals were divided into 14 cohorts according to their ethnicities and lifestyles, and the different ethnic cohorts with the same lifestyle were compared (see Figure 1 for more details). In addition, we also integrated all the samples into one cohort (the total cohort) for model fitting.


[image: image]

FIGURE 1. Four schemes for comparing the Chinese gut microbiome from seven major Chinese ethnic cohorts with different lifestyles, which followed Ma (2021).




Diversity–Area Relationship Analysis

DAR analysis relies primarily on the DAR-PL (power law) and DAR-PLEC (power law with exponential cutoff) models (Ma, 2018, 2019b). Since there is no natural ordering among samples, in order to avoid the possible deviation caused by any sorting, we sorted all samples of each cohort, randomly selected 100 results for DAR model fitting, and finally calculated the mean value as the parameter of the DAR model. The DAR model used here is an extension of the classic SAR model (Plotkin et al., 2000; Ulrich and Buszko, 2003; Tjørve, 2009). Hill number diversity was introduced into the DAR model, which extended the traditional SAR model of species abundance to a more comprehensive level of diversity and quantified the variation of community diversity on the spatial scale (Chao et al., 2012, 2014a,b; Ma, 2018, 2019b). Diversity and area conform to the power law model:
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where qD means the diversity of order q, A is the area, and c and z are heterogeneity parameters. And on that basis, Ma further extended the general power law to the PLEC model (Ma, 2018, 2019b):
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where d is a parameter that is usually negative in the DAR models and exp(dA) is responsible for the exponential decay of the PLEC model.

In order to estimate the parameters of the DAR model, linear transformation was made above the power law equation:
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The linear correlation coefficient R and p-value can be used to evaluate the efficacy of the fitting of the model. Based on above models, four diversity scaling profiles were defined for characterizing the biogeography maps of the microbial community:

(i) The DAR profile describes the relationship between diversity scaling parameter (z) and diversity order (q) of the DAR model. The DAR profile can be used to quantify the changes of diversity scaling under different diversity order (q).

(ii) The PDO (pairwise diversity overlap) profile represents the relationship between the diversity overlap parameter g and diversity order (q) of the DAR-PL model.
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where DA is the diversity of area A, D2A is the diversity of area 2A, and z is the heterogeneity parameter of the DAR model.

(iii) The MAD (maximum accrual diversity) profile describes the relationship between maximum accrual diversity and the diversity order (q) and can be used to estimate the regional or global maximum theoretical value of microbial community diversity:
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where Amax =–z/d, which represents the area when the diversity is maximized.

(iv) The LGD (the ratio of local diversity to global accrual diversity) profile represents the ratio of sample diversity to global diversity and it can be used to estimate the proportion of the microbial community within a region on a global scale (Li and Ma, 2019):
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where c is the parameter of the DAR-PL model at the diversity order of q and Dmax corresponding to the diversity order can be generated according to Equation (6). After the relevant parameters of all profiles were obtained, we used a permutation (randomization) test to verify the difference of these parameters among all cohorts (Ma, 2019b; Li and Ma, 2019; Ma and Li, 2019).




RESULTS


Diversity–Area Relationship Model Fitting

After fitting the DAR-PL and DAR-PLEC models for each cohort of the Chinese gut microbiome dataset, we got all parameters of the DAR analysis, including the DAR (z), PDO (g), MAD (Dmax), and LGD profiles. Table 1 shows the DAR parameters of all cohorts at the species level (for the parameters of other levels, see Supplementary Table 1). We observed that all cohorts fitted the DAR-PL and DAR-PLEC models well, with a p-value < 0.05. In the 100 times of reordering model fitting, especially when the diversity order q is 0, the 100 times of DAR-PL model fitting were all successful, with a p-value of 0.000. However, with the increase of the order of diversity, some model fittings failed. Similar situations also appeared in DAR-PLEC model fitting. Table 2 lists the results (percentages with significant differences) of the permutation tests for the differences in the parameters of the DAR models for the pairwise comparisons of the Chinese gut microbiome dataset (see Supplementary Table 2 for specific results).


TABLE 1. Fitting the DAR models for all cohorts of the Chinese gut microbiome datasets (with 100 times of random permutations of microbiome samples) (see Supplementary Table 1 for the phylum-, family-, and genus-level counterpart results; only species-level results are shown here).
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TABLE 2. The results (percentages with significant differences) of the permutation tests for the differences in the parameters of the DAR models for the pairwise comparisons of Chinese gut microbiome datasets [see Supplementary Table 2 for specific results (p-value) of the four schemes (1A–2B)].
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Four Diversity–Area Relationship Profiles

(i) DAR profile: The diversity scaling parameter (z) was defined as the DAR profile, which quantitatively describes community similarity. The higher the diversity scaling parameter z is, the greater are the differences between individuals in the community. With the gradual refinement of the taxonomy level, the inter-individual heterogeneity in almost all the cohorts of four schemes progressively increased, as well as the total cohort (phylum: z = 0.169; family: z = 0.255; genus: z = 0.288; species: z = 0.309, when diversity order q = 0). Based on Scheme 1A, for the rural and urban cohorts, from the phylum level to the species level, the urban individuals had a higher diversity heterogeneity at diversity order q = 0. The parameter of diversity scaling (z) of each cohort increased gradually and always kept the trend of the rural cohort being smaller than the urban cohort at q = 0 (Figure 2). We then used Scheme 1B to further determine the influence of lifestyles on the diversity scaling of Chinese gut microbiome. We compared the DAR profiles of urban and rural individuals in the same ethnic group, and there was no statistically significant difference.
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FIGURE 2. The DAR profiles of the rural and urban cohorts at phylum, family, genus, and species levels when diversity order q = 0 (Scheme 1A).


In order to detect the impact of ethnicities on the DAR profiles, we set up 1,008 pairwise comparisons from phylum to species levels when diversity order q = 0–3 according to Schemes 2A and 2B (Scheme 2A: seven ethnic cohorts with urban and rural combined, 336 pairwise comparisons; Scheme 2B: cohorts with the same lifestyles but different ethnicities, 672 pairwise comparisons). We noticed that there were four pairwise comparisons of the DAR profiles showing statistically significant differences at the species level when diversity order q = 0 (Bai vs. Han; Bai vs. Zhuang; Bai-Rural vs. Han-Rural; Bai-Rural vs. Zhuang-Rural cohorts). Figure 3 displays the DAR profiles of all cohorts from Schemes 2A and 2B at the species level when diversity order q = 0. Different from lifestyles, we found that ethnicities influenced the diversity heterogeneity of the Chinese gut microbiome significantly.
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FIGURE 3. The DAR profiles of all cohorts from Schemes 2A and 2B at the species level when diversity order q = 0 (the same number of “*, **, ***, ****” indicates a significant difference in pairwise comparison).


(ii) PDO profile: The parameter of pairwise diversity overlap (g) was defined as the PDO profile, which also quantitatively describes the community similarity. The larger the parameter g is, the higher the overlap is, that is, the smaller the diversity heterogeneity among individuals in the community. In contrast to the DAR profile, with the gradual refinement of the taxonomy level and the rise of the diversity order, the PDO profile of each cohort showed a general downward trend (Figure 4). According to Scheme 1A, we noticed that the PDO profile presented a trend of the rural cohort being higher than the urban cohort. As for Scheme 1B, we found the PDO profiles of urban and rural cohorts of the same ethnic group were similar at various taxonomy levels when diversity order q = 0, except for the Bai nationality. Based on Scheme 2A, we noticed that the PDO profiles of the other ethnic groups, except the Bai, were relatively close. Figure 5 displayed the PDO profiles of all cohorts from Schemes 2A and 2B at the species level when diversity order q = 0.
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FIGURE 4. The PDO profiles of the rural and urban cohorts at phylum, family, genus, and species levels when diversity order q = 0 (Scheme 1A).
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FIGURE 5. The PDO profiles of all cohorts from Schemes 2A and 2B at the species level when diversity order q = 0.


(iii) MAD profile: The maximum accrual diversity (Dmax) was defined as the MAD profile. When diversity order q = 0, Dmax is the maximum estimated diversity within a community, which means the maximum number of phylum, family, genus, and species. The Dmax of the total cohort was always the largest in all cohorts at the four taxonomy levels when diversity order q = 0. According to Scheme 1A, we found that the MAD profile of the rural cohort was lower than that of the urban cohort at the phylum level, but the opposite trend was shown at other taxonomy levels (Figure 6). The MAD profiles of the rural and urban cohorts of each ethnic group did not change as consistently as the rise of the taxonomy level based on Scheme 1B. In addition, we found that the potential maximum species number of the Bai nationality was lowest in seven ethnic groups according to Schemes 2A and 2B, although the numbers of potential maximum phyla, families, and genera of the Bai nationality were similar to those of other ethnic groups. Figure 7 shows the MAD profiles of seven ethnic groups at the species level when diversity order q = 0 (Schemes 2A and 2B).
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FIGURE 6. The MAD profiles of the rural and urban cohorts at phylum, family, genus, and species levels when diversity order q = 0 (Scheme 1A).
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FIGURE 7. The MAD profiles of all cohorts from Schemes 2A and 2B at the species level when diversity order q = 0 (“*” indicated a significant difference between pairwise comparisons).


By doing permutation tests for 1,136 pairwise comparisons based on four schemes (1A–2B), we found that only one pairwise comparison (the Dmax of the Bai-Rural vs. Han-Rural: 815.3 vs. 2,029.9) differed significantly at the species level when diversity order q = 0. It was undeniable that ethnicity had a statistically significant impact on the potential maximal species richness in the Bai-Rural cohort and the Han-Rural cohorts. Especially with the increase of the diversity order, significant differences were found in more than 50 pairwise comparisons of two schemes (2A and 2B) according to the results of Table 2. These findings suggested that although ethnicities did not influence the potential maximal species richness of most communities, it significantly affected the potential maximal diversity of dominant phylum/family/genus/species. Because when q > 0, the MAD profile described the diversity of dominant phylum/family/genus/species. Interestingly, we did not observe similar effects of lifestyles on the MAD profile.

(iv) LGD profile: The LGD profile estimated the ratio of the microbiome diversity within the local scale on a global scale, that is, the ratio of human gut microbiome diversity in the global ecosystem. In Scheme 1A, the LGD profile of the rural cohort is higher than that of the urban cohort at the first three taxonomy levels. According to Scheme 1B, we did not observe similar trends. Figure 8 exhibited the LGD ratio of urban and rural cohorts for each race at the species level when diversity order q = 0. At the species level, except for the Bai, Kazakh, and Mongol nationalities, the LGD profiles of other ethnic groups were smaller in the rural areas than in the urban areas; especially for the Tibetans, we have found a significant difference between Tibetan-Rural and Tibetan-Urban cohorts. Based on Scheme 2A, we found that the LGD profiles of all cohorts decreased with the refinement of taxonomy level, except for the Bai cohort.
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FIGURE 8. The LGD profiles of all cohorts from Scheme 1B at the species level when diversity order q = 0 (“*” indicated a significant difference between pairwise comparisons).


For the LGD profile, significant differences were found in 9 of the 1,136 pairwise comparisons for Schemes 1A–2B (Tibetan-Rural vs. Tibetan-Urban; Bai vs. Han; Bai vs. Mongol; Bai vs. Zhuang; Bai-Rural vs. Han-Rural; Bai-Rural vs. Tibetan-Rural; Bai-Rural vs. Zhuang-Rural; Han-Urban vs. Tibetan-Urban; and Tibetan-Urban vs. Zhuang-Urban). Figure 9 displayed the LGD ratio of all cohorts for Schemes 2A and 2B at the species level.
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FIGURE 9. The LGD profiles of all cohorts from Schemes 2A and 2B at the species level.





CONCLUSIONS AND DISCUSSION

We applied the DAR model to explore the influence of ethnicity and lifestyle on the Chinese gut microbiome, by extending the SAR model from species richness to general biodiversity metrics (in Hill numbers) and providing tools to estimate some key biodiversity parameters such as maximal accrual diversity or potential diversity (also known as dark diversity), which includes diversities that are absent locally but present in the regional species pool (so that they may appear at some time point) (Ma, 2019a). Our study tested whether ethnicities and lifestyles influence the DAR parameters based on four design schemes (Figure 1).

Firstly, we found that there were significant differences in diversity scaling (DAR profile) in only 0.40% (4/1,008) of pairwise comparisons on ethnic groups (i.e., Bai vs. Han; Bai vs. Zhuang; Bai-Rural vs. Han-Rural; and Bai-Rural vs. Zhuang-Rural). The 0.40% pairwise comparisons with significant differences all occurred when diversity order q = 0, but there was no significant difference when q > 0. In contrast, lifestyles had no significant effect on DAR profiles at all diversity orders. In general, ethnicity and lifestyle have no effect on DAR profiles. These results also suggested that the structure of the dominant species in the Chinese gut microbiome might be stable and not affected by ethnicities or lifestyles, possibly because these species (i.e., Eubacterium rectale, Faecalibacterium prausnitzii, and Veillonella atypical) are related to important functions (i.e., metabolism) (Sokol et al., 2008; Berni Canani et al., 2012; Han et al., 2020). Moreover, there were significant differences only at the species level and none at higher taxonomy levels. These findings indicated that compared with the species level, higher taxonomy levels of Chinese gut microbiome were more stable without the influences of ethnicities and lifestyles. The PDO profiles estimated the pairwise diversity overlaps between two communities. In the comparison of the PDO and DAR profiles, it is not hard to see that the two profiles show reciprocal patterns (Figures 4–7). This is because the PDO profile is a precise function of the DAR profile (Equation 5), and the PDO profile provides a more intuitive and convenient measure of community overlap than the DAR profile.

Secondly, for the MAD profile, only one pairwise comparison (Bai-Rural vs. Han-Rural) differed significantly at the species level when diversity order q = 0, and 60 pairwise comparisons differed significantly when diversity order q > 0. A total of 1,008 pairwise comparisons were used to detect the impact of ethnicities, and 6.1% (61/1,008) of the comparisons showed significant differences. The numbers of pairwise comparisons with significant differences at phylum, family, genus, and species levels were 37, 4, 8, and 10, respectively. Similar to findings in the DAR profiles, lifestyles had no significant effect on MAD profiles at all diversity orders. We speculated that the main reason for the difference between Bai-Rural and Han-Rural might be that the individuals of the Han cohort came from six countries in four provinces, while the individuals of the Bai cohort came from only two countries in one province. This results in a significant difference of Amax between Bai-Rural and Han-rural in the DAR models, which in turn affects the MAD profile. In addition, Li et al. (2015) found that the infection risk of Toxoplasma gondii in the Bai nationality of Dali was much higher than the national average, and they believed that the habit of eating raw pork and/or liver might be a potential risk of infection with T. gondii. We considered that this special dietary habit might also affect gut microbes. Of course, gut microbes are affected by many factors, and the specific reasons may need further investigation.

In addition, for the LGD profile, we noted that 0.79% (8/1,008) pairwise comparisons showed that ethnicities had a significant influence on LGD profiles (Bai vs. Han; Bai vs. Mongol; Bai vs. Zhuang; Bai-Rural vs. Han-Rural; Bai-Rural vs. Tibetan-Rural; Bai-Rural vs. Zhuang-Rural; Han-Urban vs. Tibetan-Urban; and Tibetan-Urban vs. Zhuang-Urban). The 0.78% (1/128) pairwise comparisons showed that lifestyles had a significant impact on LGD profile (Tibetan-Rural vs. Tibetan-Urban). Same as DAR profiles, there were significant differences on LGD profiles at the species level when diversity order q = 0, and there is no significant difference when q > 0 or at other taxonomy levels.

Across the three profiles, lifestyle affected only 0.78% of pairwise comparisons in the LGD profiles and not the other two profiles, while ethnicity affected 0.40, 6.1, and 0.79% pairwise comparisons in DAR, MAD, and LGD, respectively. These findings suggested that the influence of lifestyle on DAR parameters was negligible, and the influence of ethnicity was only reflected in few pairwise comparisons. Ethnicity seems to have stronger effects on DAR parameters than lifestyle, which is also consistent with the research of Zhang et al. (2015) that subjects mainly clustered by their ethnicity/geography, not lifestyle. These might be the result of China’s rapid urbanization during the last few decades, which has brought rural and urban lifestyles closer together. The influence of ethnicity on these profiles may be attributed to its genetic effect. Existing studies have also shown that racial/ethnic background strongly influences metabolism and microbes (Human Microbiome Project Consortium, 2012; Dehingia et al., 2017). A study in the United Kingdom involving 416 pairs of twins also suggested that host genes determine gut microbiome and obesity phenotype (Goodrich et al., 2014). In addition, the effect on DAR parameters was mainly concentrated when diversity order q > 0, and we deduced that this is due to the small sample size of this study or other confounding factors, such as geography. Therefore, the future studies may try to collect more samples of the Chinese gut microbiome in more areas to verify and expand our conclusions.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found here: https://www.mg-rast.org/, mgp1538.



AUTHOR CONTRIBUTIONS

ZM and LD designed the study and revised the manuscript. WX and DG performed the data analysis and wrote the draft. HC and YQ performed the data curation. All authors approved the submission.



FUNDING

This research received funding from the following sources: The State Key Laboratory of Genetic Resources and Evolution (GREKF19-07), the National Natural Science Foundation (NSFC) Grant (No. 31970116) on Medical Ecology of Human Microbiome, and Yunnan Applied Basic Research Projects (YNWRMY-2019-067).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2021.736393/full#supplementary-material



REFERENCES

Arumugam, M., Raes, J., Pelletier, E., Le Paslier, D., Yamada, T., Mende, D. R., et al. (2011). Enterotypes of the human gut microbiome. Nature 473, 174–180.

Berni Canani, R., Di Costanzo, M., and Leone, L. (2012). The epigenetic effects of butyrate: potential therapeutic implications for clinical practice. Clin. Epigenetics 4:4. doi: 10.1186/1868-7083-4-4

Bouter, K. E., van Raalte, D. H., and Groen, A. K. (2017). Role of the gut microbiome in the pathogenesis of obesity and obesity-related metabolic dysfunction. Gastroenterology 152, 1671–1678. doi: 10.1053/j.gastro.2016.12.048

Canfora, E. E., Meex, R. C. R., Venema, K., and Blaak, E. E. (2019). Gut microbial metabolites in obesity, NAFLD and T2DM. Nat. Rev. Endocrinol. 15, 261–273. doi: 10.1038/s41574-019-0156-z

Caporaso, J. G., Kuczynski, J., Stombaugh, J., Bittinger, K., Bushman, F. D., Costello, E. K., et al. (2010). QIIME allows analysis of high-throughput community sequencing data. Nat. Methods 7, 335–336.

Chao, A., Chiu, C. H., and Hsieh, T. C. (2012). Proposing a resolution to debates on diversity partitioning. Ecology 93, 2037–2051. doi: 10.1890/11-1817.1

Chao, A., Chiu, C. H., and Jost, L. (2014a). Unifying species diversity, phylogenetic diversity, functional diversity and related similarity and differentiation measures through Hill numbers. Annu. Rev. Ecol. Evol. Syst. 45, 297–324. doi: 10.1146/annurev-ecolsys-120213-091540

Chao, A., Gotelli, N. J., Hsieh, T. C., Sander, E. L., Ma, K. H., Colwell, R. K., et al. (2014b). Rarefaction and extrapolation with Hill numbers: a framework for sampling and estimation in species diversity studies. Ecol. Monogr. 84, 45–67. doi: 10.1890/13-0133.1

Dahlin, M., and Prast-Nielsen, S. (2019). The gut microbiome and epilepsy. EBioMedicine 44, 741–746. doi: 10.1016/j.ebiom.2019.05.024

De Filippo, C., Di Paola, M., Ramazzotti, M., Albanese, D., Pieraccini, G., Banci, E., et al. (2017). Diet, environments, and gut microbiome. A preliminary investigation in children living in rural and urban Burkina Faso and Italy. Front. Microbiol. 8:1979. doi: 10.3389/fmicb.2017.01979

Dehingia, M., Sen, S., Bhaskar, B., Joishy, T. K., Deka, M., Talukdar, N. C., et al. (2017). Ethnicity influences gut metabolites and microbiota of the tribes of Assam, India. Metabolomics 13:69.

Deschasaux, M., Bouter, K. E., Prodan, A., Levin, E., Groen, A. K., Herrema, H., et al. (2018). Depicting the composition of gut microbiome in a population with varied ethnic origins but shared geography. Nat. Med. 24, 1526–1531. doi: 10.1038/s41591-018-0160-1

Dubinsky, M., and Braun, J. (2015). Diagnostic and prognostic microbial biomarkers in inflammatory bowel diseases. Gastroenterology 149, 1265–1274.e3.

Gaulke, C. A., and Sharpton, T. J. (2018). The influence of ethnicity and geography on human gut microbiome composition. Nat. Med. 24, 1495–1496. doi: 10.1038/s41591-018-0210-8

Gomez, A., Petrzelkova, K. J., Burns, M. B., Yeoman, C. J., Amato, K. R., Vlckova, K., et al. (2016). Gut microbiome of coexisting BaAka pygmies and bantu reflects gradients of traditional subsistence patterns. Cell Rep. 14, 2142–2153. doi: 10.1016/j.celrep.2016.02.013

Goodrich, J. K., Waters, J. L., Poole, A. C., Sutter, J. L., Koren, O., Blekhman, R., et al. (2014). Human genetics shape the gut microbiome. Cell 159, 789–799.

Gupta, V. K., Paul, S., and Dutta, C. (2017). Geography, ethnicity or subsistence-specific variations in human microbiome composition and diversity. Front. Microbiol. 8:1162. doi: 10.3389/fmicb.2017.01162

Gurung, M., Li, Z., You, H., Rodrigues, R., Jump, D. B., Morgun, A., et al. (2021). Role of gut microbiome in type 2 diabetes pathophysiology. EBioMedicine 51:102590.

Han, M., Liu, G., Chen, Y., Wang, D., and Zhang, Y. (2020). Comparative genomics uncovers the genetic diversity and characters of Veillonella atypica and provides insights into its potential applications. Front. Microbiol. 11:1219. doi: 10.3389/fmicb.2020.01219

He, Y., Wu, W., Zheng, H. M., Li, P., McDonald, D., Sheng, H. F., et al. (2018). Regional variation limits applications of healthy gut microbiome reference ranges and disease models. Nat. Med. 24, 1532–1535. doi: 10.1038/s41591-018-0164-x

Heintz-Buschart, A., and Wilmes, P. (2018). Human gut microbiome: function matters. Trends Microbiol. 26, 563–574. doi: 10.1016/j.tim.2017.11.002

Herd, P., Palloni, A., Rey, F., and Dowd, J. B. (2018). Social and population health science approaches to understand the human microbiome. Nat. Hum. Behav. 2, 808–815.

Hollister, E. B., Gao, C., and Versalovic, J. (2014). Compositional and functional features of the gastrointestinal microbiome and their effects on human health. Gastroenterology 146, 1449–1458. doi: 10.1053/j.gastro.2014.01.052

Human Microbiome Project Consortium (2012). Structure, function and diversity of the healthy human microbiome. Nature 486, 207–214. doi: 10.1038/nature11234

Kabwe, M. H., Vikram, S., Mulaudzi, K., Jansson, J. K., and Makhalanyane, T. P. (2020). The gut mycobiota of rural and urban individuals is shaped by geography. BMC Microbiol. 20:257. doi: 10.1186/s12866-020-01907-3

Konstantinov, S. R., Kuipers, E. J., and Peppelenbosch, M. P. (2013). Functional genomic analyses of the gut microbiome for CRC screening. Nat. Rev. Gastroenterol. Hepatol. 10, 741–745. doi: 10.1038/nrgastro.2013.178

Li, H. L., Dong, L., Li, Q., Zhang, L., Chen, J., Zou, F. C., et al. (2015). Seroepidemiology of Toxoplasma gondii infection in Bai and Han ethnic groups in southwestern China. Epidemiol. Infect. 143, 881–886. doi: 10.1017/S0950268814001551

Li, J., Quinque, D., Horz, H. P., Li, M., Rzhetskaya, M., Raff, J. A., et al. (2014). Comparative analysis of the human saliva microbiome from different climate zones: Alaska, Germany, and Africa. BMC Microbiol. 14:316. doi: 10.1186/s12866-014-0316-1

Li, L., and Ma, Z. S. (2019). Global microbiome diversity scaling in hot springs with DAR (diversity-area relationship) profiles. Front. Microbiol. 10:118. doi: 10.3389/fmicb.2019.00118

Lin, D., Wang, R., Luo, J., Ren, F., Gu, Z., Zhao, Y., et al. (2020). The core and distinction of the gut microbiota in Chinese populations across geography and ethnicity. Microorganisms 8:1579.

Ma, Z. S. (2018). Extending species-area relationships (SAR) to diversity-area relationships (DAR). Ecol. Evol. 8, 10023–10038. doi: 10.1002/ece3.4425

Ma, Z. S. (2019a). A new DTAR (diversity–time–area relationship) model demonstrated with the indoor microbiome. J. Biogeogr. 46, 2024–2041. doi: 10.1111/jbi.13636

Ma, Z. S. (2019b). Sketching the human microbiome biogeography with DAR (diversity-area relationship) profiles. Microb. Ecol. 77, 821–838. doi: 10.1007/s00248-018-1245-6

Ma, Z. S. (2021). Shared Species Analyses are More Sensitive Than Diversity Analyses in Discerning Chinese Gut Microbiome Variations.

Ma, Z. S., and Li, W. (2019). How and why men and women differ in their microbiomes: medical ecology and network analyses of the microgenderome. Adv. Sci. (Weinh.) 6:1902054. doi: 10.1002/advs.201902054

Miller, G. E., Engen, P. A., Gillevet, P. M., Shaikh, M., Sikaroodi, M., Forsyth, C. B., et al. (2016). Lower neighborhood socioeconomic status associated with reduced diversity of the colonic microbiome in healthy adults. PLoS One 11:e0148952. doi: 10.1371/journal.pone.0148952

Ni, J., Wu, G. D., Albenberg, L., and Tomov, V. T. (2017). Gut microbiome and IBD: causation or correlation? Nat. Rev. Gastroenterol. Hepatol. 14, 573–584. doi: 10.1038/nrgastro.2017.88

Obregon-Tito, A. J., Tito, R. Y., Metcalf, J., Sankaranarayanan, K., Clemente, J. C., Ursell, L. K., et al. (2015). Subsistence strategies in traditional societies distinguish gut microbiomes. Nat. Commun. 6:6505.

Plotkin, J. B., Potts, M. D., Yu, D. W., Bunyavejchewin, S., Condit, R., Foster, R., et al. (2000). Predicting species diversity in tropical forests. Proc. Natl. Acad. Sci. U.S.A. 97, 10850–10854.

Rackaityte, E., and Lynch, S. V. (2020). The human microbiome in the 21st century. Nat. Commun. 11:5256.

Rothschild, D., Weissbrod, O., Barkan, E., Kurilshikov, A., Korem, T., Zeevi, D., et al. (2018). Environment dominates over host genetics in shaping human gut microbiome. Nature 555, 210–215.

Routy, B., Le Chatelier, E., Derosa, L., Duong, C. P. M., Alou, M. T., Daillère, R., et al. (2018). Gut microbiome influences efficacy of PD-1-based immunotherapy against epithelial tumors. Science 359, 91–97.

Sokol, H., Pigneur, B., Watterlot, L., Lakhdari, O., Bermúdez-Humarán, L. G., Gratadoux, J. J., et al. (2008). Faecalibacterium prausnitzii is an anti-inflammatory commensal bacterium identified by gut microbiota analysis of Crohn disease patients. Proc. Natl. Acad. Sci. U.S.A. 105, 16731–16736. doi: 10.1073/pnas.0804812105

Sun, Y., Zuo, T., Cheung, C. P., Gu, W., Wan, Y., Zhang, F., et al. (2021). Population-level configurations of gut mycobiome across 6 ethnicities in urban and rural China. Gastroenterology 160, 272–286.e11. doi: 10.1053/j.gastro.2020.09.014

Tang, W. H., Wang, Z., Levison, B. S., Koeth, R. A., Britt, E. B., Fu, X., et al. (2013). Intestinal microbial metabolism of phosphatidylcholine and cardiovascular risk. N. Engl. J. Med. 368, 1575–1584. doi: 10.1056/nejmoa1109400

Tjørve, E. (2009). Shapes and functions of species–area curves (II): a review of new models and parameterizations. J. Biogeogr. 36, 1435–1445. doi: 10.1111/j.1365-2699.2009.02101.x

Turnbaugh, P. J., Ley, R. E., Hamady, M., Fraser-Liggett, C. M., Knight, R., and Gordon, J. I. (2007). The human microbiome project. Nature 2449, 804–810.

Ulrich, W., and Buszko, J. (2003). Self-similarity and the species–area relation of polish butterflies. Basic Appl. Ecol. 4, 263–270. doi: 10.1078/1439-1791-00139

Versalovic, J., Dore, J., Guarner, F., Luna, R. A., and Ringel, Y. (2017). Microbiome-based diagnostics: ready for applications in laboratory medicine? Clin. Chem. 63, 1674–1679. doi: 10.1373/clinchem.2016.264473

Yap, G. C., Chee, K. K., Hong, P. Y., Lay, C., Satria, C. D., and Sumadiono et al. (2011). Evaluation of stool microbiome signatures in two cohorts of Asian (Singapore and Indonesia) newborns at risk of atopy. BMC Microbiol. 11:193. doi: 10.1186/1471-2180-11-193

Yatsunenko, T., Rey, F. E., Manary, M. J., Trehan, I., Dominguez-Bello, M. G., Contreras, M., et al. (2012). Human gut microbiome viewed across age and geography. Nature 486, 222–227. doi: 10.1038/nature11053

Yu, J., Feng, Q., Wong, S. H., Zhang, D., Liang, Q. Y., Qin, Y., et al. (2017). Metagenomic analysis of faecal microbiome as a tool towards targeted non-invasive biomarkers for colorectal cancer. Gut 66, 70–78. doi: 10.1136/gutjnl-2015-309800

Zhang, J., Guo, Z., Xue, Z., Sun, Z., Zhang, M., Wang, L., et al. (2015). A phylo-functional core of gut microbiome in healthy young Chinese cohorts across lifestyles, geography and ethnicities. ISME J. 9, 1979–1990. doi: 10.1038/ismej.2015.11

Zuo, T., Sun, Y., Wan, Y., Yeoh, Y. K., Zhang, F., Cheung, C. P., et al. (2020). Human-gut-DNA virome variations across geography, ethnicity, and urbanization. Cell Host Microbe 28, 741–751.e4. doi: 10.1016/j.chom.2020.08.005


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.

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 © 2021 Xiao, Gao, Chen, Qiao, Ma and Duan. 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.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		Diversity Scaling Analysis of Chinese Gut Microbiomes Across Ethnicities and Lifestyles



		INTRODUCTION



		MATERIALS AND METHODS



		The Chinese Gut Microbiome Dataset



		Analysis Design Schemes



		Diversity–Area Relationship Analysis







		RESULTS



		Diversity–Area Relationship Model Fitting



		Four Diversity–Area Relationship Profiles







		CONCLUSIONS AND DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		References

















OPS/images/cover.jpg
’ frontiers
in Microbiology

Diversity Scaling Analysis
of Chinese Gut Microbiomes
Across Ethnicities and Lifestyles






OPS/images/fmicb-12-736393-t001.jpg
Cohort

Diversity order

Power law (PL)

PL with exponential cutoff (PLEC)

z In{c) R p-value g N z In{c) R p-value N  Apax Dmax LGD

Total g=0 0309 6.019 0.994 0.000 0761 100 0.351 5896 0.997 0.000 93 1,373 27814 152
g=1 0.065 4423 0.745 0.000 0.954 100 0.134 4222 0.854 0.000 95 230 118.5 70.6

g=2 0.069 3613 0674 0.000 0950 99 0.153 3.368 0.802 0.000 94 4,503 o4k 68.6

gt 0.076 3231 0.683 0.000 0.946 99 0.166 2.965 0.808 0.000 92 196 384 66.3

Rural g=0 0322 6010 0.993 8000 0750 100 0.370 5891 0.995 0.000 91 1,850 26547 16.5
g=1 0.085 4358 0.741 0.000 0.938 100 0.179 4136 0.852 0.000 90 107 118.1 66.8

g=2 0.095 3501 0.681 0.000 0.931 95 0190 3290 0.789 0.000 94 199 827 66.9

g=3 0104 3107 0.688 0.001 0.924 96 0204 2.878 0.79 0.000 90 145 37.0 63.7

Urban g=0 0324 5908 0.993 0.000 0748 100 0.374 5794 0.995 0.000 84 1,085 22158 173
g=1 0.089 4328 0813 0.000 0936 99 0172 4148 0.907 0.000 98 102 114.6 67.0

=2 0.096 3544 0.735 0.000 0930 99 0192 3335 0845 0.000 97 154 54.5 8657

g=3 0103 3182 0.729 0.000 0925 98 0199 2957 0.826 0.000 96 137 38.3 64.7

Bai g=0 0226 5869 0.952 0.000 0.830 100 0.323 5763 0.971 0.000 88 82 8153 44.3
g=1 0.099 4053 0.776 0.001 0928 97 0202 3.939 0.853 0.000 81 50 82.3 716

g=2 0101 3225 0741 0.001 0927 87 0212 3115 0.801 0.003 72 42 36.2 73.4

g=3 0.096 2914 0711 0.002 0930 88 0204 2797 0.807 0.001 70 64 26.2 738.1

Han g=0 0349 5904 0.992 0.000 0726 100 0.413 5782 0.996 0.000 87 499 20299 188
g=1 0100 4.228 0.781 0.000 0928 96 0.188 4.084 0.861 0.000 94 75 105.0 67.6

g 0112 3330 0.689 0.000 0918 87 0.201 3205 0.764 0.001 90 118 456 68.8

g=3 0122 2910 0.6895 0.001 0910 87 0214 2787 0.762 0.001 84 67 31.1 66.9

Kazakh g=0 0373 5862 0.984 0.000 0703 100 0.505 5738 0.989 0.000 65 174 1,377.2 281
g=1 0245 3987 0.824 0.001 0809 96 0472 3.866 0.902 0.001 86 21 109.8 55.7

g=2 0.304 3108 0.801 0.002 0754 A 0.567 2.988 0.882 0.001 82 17 6od 51.6

gt 0313 2765 0.804 0.001 0746 92 0.558 2628 0.887 0.000 82 20 394 48.4

Mongol g=0 0362 5962 0.983 0.000 0713 100 0.468 5800 0.987 0.000 69 179 1,7249 225
g=1 0129 4299 0774 0.001 0.905 95 0226 4192  0.851 0.000 90 34 116.3 66.8

g=2 0131 3464 0719 0.001 0.903 9 0.233 3.358 0.810 0.001 87 37 51.5 671

g=3 0128 3.056 0.693 0002 0.905 86 0.230 2961 0.788 0.001 83 42 34.6 67.8

Tibetan g=0 0325 5838 0.982 0.000 0747 100 0.413 5736 0.988 0.000 78 282 1,306.3 28.0
g=1 0183 3.993 0.780 0.000 0878 96 0294 3.856 0.858 0.000 90 42 96.5 60.4

g=2 0163 3.033 0.859 0.003 0875 77 0264 2.996 0.743 0.002 89 28 37.7 68.6

=3 0134 2675 0632 0.008 0895 70 0228 2659 0727 0.003 81 26 24.7 77.0

Uyghur g=0 0363 5970 0.993 8000 0713 100 0.451 5886 0.996 0.000 67 113 1,465.8 27.5
g=1 0175 4276 0.890 0.000 0869 99 0.344 4146 0.954 0.000 85 27 118.7 60.5

g=2 0223 3387 0.841 0.001 0829 93 0431 3250 0.910 0.001 85 23 552 56.5

g=3 0234 2984 0814 0.001 0820 90 0462 2.833 0.898 0.001 81 16 37.6 553

Zhuang g=0 0.354 5803 0.991 0.000 0722 100 0.428 5703 0.994 0.000 74 186 1,480.7 233
g=1 0150 4122 0.888 8000 0.889 100 0272 3.978 0.953 0.000 97 47 105.3 59.6

=2 0156 3.293 0.798 0.000 0.884 100 0.327 3.084 0.895 0.000 86 43 47.6 57.8

g=3 0155 2908 0.752 0.001 0885 98 0318 2721 0.849 0.001 87 52 32.8 591

Bai-Rural g=0 0217 5857 0.940 0.000 0.837 100 0.349 5748 0.974 0.000 92 45 707.7 50.5
g=1 0122 3985 0.768 0.001 0910 89 0238 3914 0842 0.001 83 26 79.4 72.3

g=2 0129 3156 0.766 8:001 0.904 80 0238 3100 0.827 0.001 80 34 35.8 727

r=id 0123 2860 0.766 0.001 0910 80 0237 2783 0.819 0.002 5 23 256 727

Bai-Urban g=0 0317 5720 0.938 0.000 0751 100 0512 5668 0.967 0.000 76 84 799.9 48.2
g=1 0213 3856 0.841 0.002 0.836 88 0.385 3.807 0.914 0.001 87 20 814 63.9

g=2 0294 2814 0852 0.003 0.771 60 0.462 2.834 0912 0.003 65 13 33.8 58.8

g=3 0282 2472 0.834 8005 0.781 58 0432 2543 0.893 0.004 61 13 23.9 62.6

Han-Rural g=0 0375 5860 0.991 0.000 0703 100 0.449 5768 0.994 0.000 78 1,852 20272 2186
g=1 0170 4.072 0.823 0.000 0873 98 0.321 3.894 0.883 0.000 89 46 107.6 56.9

g=2 0197 3116 0.722 0.002 0850 9 0.359 2.945 0.805 0.002 87 37 451 6685

gt 0206 2699 0.726 0.001 0842 9 0.364 2531 0.804 0.001 81 35 30.6 B5.3

Han-Urban g=0 0.354 5866 0.991 8000 0721 100 0434 5745 0.994 0.000 75 1,023 17444 222
g=1 0.113 4173 0.791 0.002 0918 97 0.210 4061 0.865 0.001 91 47 98.0 68.9








OPS/images/logo.jpg
, frontiers
in Microbiology





OPS/images/fmicb-12-736393-t002.jpg
Scheme 1A

Diversity order Rural vs. Urban with all 7 ethnicity PL PLEC
combined
z Ine) z d Infe) Amax Dmax LGD
g="0 Four taxon levels (%) with significant differences 0 0 0 0 0 25% (1/4) 0 0
g=1 Four taxon levels (%) with significant differences 0 0 0 0 0 0 0 0
=2 Four taxon levels (%) with significant differences 0 0 0 0 0 25% (1/4) 0 0
g=3 Four taxon levels (%) with significant differences 0 0 0 0 0 0 0 0
Scheme 1B
Diversity order Rural vs. urban of each ethnicity PL PLEC
z Ine) z d Inf) Amax Dmax LGD
g=0 Four taxon levels (%) with significant differences 0 0 0 0 0 3.5% (1/28) 0 3.5% (1/28)
g=1 Four taxon levels (%) with significant differences 0 0 0 0 0 3.5% (1/28) 0 0
=2 Four taxon levels (%) with significant differences 0 0 0 0 0 3.5% (1/28) 0 0
g=3 Four taxon levels (%) with significant differences 0 0 0 0 0 0 0 0
Scheme 2A
Diversity order Pairwise ethnicity comparisons with rural PL PLEC
and urban combined
z In{c) z d In{c) Amax Dmax LGD
g="0 Four taxon levels (%) with significant differences 2.3% (2/84) 0 0 0 0 2.3% (2/84) 0 3.6% (3/84)
g=1 Four taxon levels (%) with significant differences 0 0 0 0 0 2.3% (2/84) 9.5% (8/84) 0
qg=2 Four taxon levels (%) with significant differences 0 0 0 0 0 7.1% (6/84) 13.1% (11/84) 0
g=3 Four taxon levels (%) with significant differences 0 0 0 0 0 0 8.3% (7/84) 0
Scheme 2B
Diversity order Pairwise comparison of each ethnicity for PL PLEC
rural lifestyle
z In{c) z d In{c) Amax Dmax LGD
g=0 Four taxon levels (%) with significant differences 2.3% (2/84) 0 0 0 0 7.1% (6/84) 1.2% (1/84) 3.6% (3/84)
g=1 Four taxon levels (%) with significant differences 0 0 0 0 0 7.1% (6/84) 6.0% (5/84) 0
q=2 Four taxon levels (%) with significant differences 0 0 0 0 0 0 7.1% (6/84) 0
g =3 Four taxon levels (%) with significant differences 0 0 0 0 0 0 9.5% (8/84) 0
Diversity order Pairwise comparison of each ethnicity for PL PLEC
urban lifestyle
z In{c) z d In{c) Amax Dmax LGD
=0 Four taxon levels (%) with significant differences 0 0 0 0 0 7.1% (6/84) 0 2.3% (2/84)
g=1 Four taxon levels (%) with significant differences 0 0 0 0 0 1.2% (1/84) 3.6% (3/84) 0
q=2 Four taxon levels (%) with significant differences 0 0 0 0 0 0 6.0% (5/84) 0
g=3 Four taxon levels (%) with significant differences 0 0 0 0 0 4.8% (4/84) 7.1% (6/84) 0






OPS/images/fmicb-12-736393-t001a.jpg
Kazakh-Rural

Kazakh-Urban

Mongol-Rural

Mongol-Urban

Tibetan-Rural

Tibetan-Urban

Uyghur-Rural

Uyghur-Urban

Zhuang-Rural

Zhuang-Urban

L | | (e (| | | | ||| | (L e

20000 Q0 Q0 QCQCQCQ0CQ0CQCQCQCQCCQOCQCCQCQCQCQCCQCLOCQCOCQCLC QOO QOO0 Q0 Q0 Q0 Q00 QQ
W N =+ OWN =+ 00N+ O WN =+ 0 WN -+ O WN—=+O0OWN—+ 0 WN <+ O WN—=- 0 WN =+ O WwN

0.122
0.131
0.389
0.262
0.341
0.372
0.398
0.326
0.384
0.384
0.336
0.129
0.158
0.128
0.362
0.192
0.205
0.211
0.375
0.238
0.247
0.207
0.284
0.193
0.257
0.266
0.380
0.280
0.494
0.553
0.377
0.208
0.246
0.264
0.368
0.178
0.192
0.195
0.370
0.232
0.271
0.275

3.303
2.896
5.834
3.910
2.966
2.588
5.833
3.950
3.133
2.811
6.199
4.438
3.521
3174
5.609
3.975
3.163
2.781
5.734
3.768
2.703
2.334
5.874
3.997
3.057
2.699
5.872
4422
2.971
2.509
6.006
4.244
3.374
2.937
5.826
3.993
3.090
2.691
5.707
4.024
3.200
2.822

0.652
0.676
0.978
0.838
0.843
0.837
0.978
0.882
0.861
0.859
0.990
0.708
0.687
0.672
0.994
0.918
0.870
0.854
0.987
0.819
0.756
0.730
0.924
0.756
0.726
0.716
0.995
0.905
0.917
0.924
0.990
0.915
0.852
0.845
0.989
0.903
0.856
0.826
0.991
0.934
0.880
0.844

0.001
0.002
0.000
0.010
0.009
0.011
0.000
0.001
0.002
0.003
0.000
0.004
0.006
0.006
0.000
0.000
0.002
0.000
0.000
0.000
0.002
0.003
0.000
0.006
0.009
0.011
0.000
0.003
0.003
0.002
0.000
0.001
0.005
0.005
0.000
0.000
0.001
0.000
0.000
0.000
0.000
0.001

0.909
0.902
0.687
0.787
0.707
0.680
0.681
0.738
0.680
0.679
0.737
0.904
0.879
0.900
0.715
0.855
0.843
0.839
0.702
0.816
0.806
0.836
0.781
0.848
0.790
0.781
0.698
0.779
0.577
0.517
0.700
0.841
0.808
0.794
0.708
0.867
0.855
0.852
0.707
0.823
0.787
0.783

cd
85
100
89
71
70
100
99
98
97
100
83
62
60
100
100
96
92
100
98
74
68
100
78
65
61
100
98
71
67
100
94
36
75
100
100
98
96
100
100
100
99

0.257
0.237
0.644
0.555
0.618
0.641
0.555
0.627
0.671
0.611
0.428
0.204
0.228
0.198
0.424
0.319
0.346
0.361
0.492
0.426
0.427
0.389
0.298
0.301
0.318
0.291
0.485
0.489
0.733
0.823
0.497
0.416
0.476
0.519
0.475
0.333
0.387
0.398
0.449
0.394
0.495
0.489

-0.009
-0.009
-0.058
-0.075
-0.076
-0.069
-0.031
-0.059
-0.059
-0.046
-0.009
-0.010
-0.014
-0.013
-0.008
-0.017
-0.020
-0.021
-0.011
-0.021
-0.026
-0.025
-0.004
-0.020
-0.014
-0.008
-0.024
-0.051
-0.078
-0.083
-0.024
-0.044
-0.050
-0.067
-0.011
-0.019
-0.023
-0.023
-0.010
-0.022
-0.031
-0.031

S 197
2.811
5.757
3.875
2.969
2.543
5.779
3.847
3.062
2.750
6.099
4.414
3.574
3.283
5.562
3.889
3.085
2.701
5.615
3.627
2.688
2.311
5.890
3.960
3.061
2.701
5.837
4.071
3.043
2.558
5.960
4.181
3.318
2.888
5.728
3.872
2.925
2.521
5.655
3.925
3.083
2.730

0.779
0.768
0.987
0.923
0.907
0.918
0.986
0.940
0.925
0.915
0.994
0.818
0.773
0.756
0.997
0.955
0.913
0.897
0.992
0.895
0.819
0.811
0.952
0.862
0.840
0.832
0.997
0.964
0.952
0.958
0.995
0.954
0.918
0.912
0.993
0.947
0.923
0.905
0.994
0.973
0.946
0.912

0.001
0.002
0.000
0.007
0.011
0.009
0.000
0.000
0.001
0.002
0.000
0.002
0.003
0.004
0.000
0.000
0.001
0.001
0.000
0.001
0.002
0.002
0.000
0.003
0.005
0.007
0.000
0.002
0.005
0.003
0.000
0.002
0.005
0.005
0.000
0.000
0.001
0.000
0.000
0.000
0.000
0.001

qr
55
69
63
55
74
79
75
76
66
78
75
74
80
91
85
78
74
92
80
72
64
64
62
63
59
85
7
64
71
80
81
73
71
86
78
72
65
89
79
78

SN
72
20

11
35
23
13
17
31
16
65
20
371
30
64
32
73
54
19
21
41

12
11
57
10

18
36
16
11

128
27
50
25

597
57
26
59

42.0
29.5
885.0
84.2
38.0
27.8
1,061.5
123.0
56.5
42.2
1,671.5
122.9
57.2
37.5
1,222.5
93.5
435
30.0
1,168.1
92.0
33.3
21.2
779.5
83.8
38.2
27.2
1,083.5
108.0
50.9
43.4
1,182.1
113.2
49.9
33.9
1,301.7
92.2
391
26.5
1,266.4
1127
54.5
394

70.6
70.8
38.3
64.7
61.6
5741
33.8
47.4
48.6
48.5
291
75.0
75.2
82.0
26.4
58.2
58.7
58.8
26.3
521
61.9
68.8
53.9
72.5
69.0
68.7
34.5
58.9
4941
42.8
34.9
62.7
61.9
59.6
26.9
59.5
56.8
56.6
27.0
52.0
50.3
50.7





OPS/images/cross.jpg
3,

i





OPS/images/fmicb-12-736393-g009.jpg
RN R EEFE R

60
S 40-
-

204

Bai

e

Zhuang

Tibetan

Kazakh Mongol

q=0 1 q=1 [l q-2 [l q-3

80 -

60 -
o
G 40 -
-

20+

Bai—Rural

.

(I

al

Kazakh-Rural Mongol-Rural Tibetan—Rural

Han-Rural Uyghur—Rural Zhuang-Rural

- g9=0[ g=1 [l 9=2 |l 9-3

Bai—Urban

l l I 1 ll

Kazakh-Urban  Mongol-Urban  Tibetan-Urban Uyghur-Urban

Han-Urban

Zhuang-Urban





OPS/images/fmicb-12-736393-g007.jpg
Maximum Accrual Diversity (Dmax)

. Rural & Urban

- Rural
. Urban

2000 -

1500 -

-
1000 -
*
500 - |
O -

Bai Han Kazakh Mongol Tibetan Uyghur Zhuang





OPS/images/fmicb-12-736393-e004.jpg
& =2(Da—D21)/Ds =

®)





OPS/images/fmicb-12-736393-g008.jpg
LGD

40 -

20 -

O-

*

III Rural
III Urban

Bai

Han

Kazakh

Mongol

Tibetan

Uyghur

Zhuang






OPS/images/fmicb-12-736393-e003.jpg
In(D) = In(c) + zln(A) + dA (4)





OPS/images/fmicb-12-736393-g005.jpg
Pairwise Diversity Overlap (g)

. Rural

- Rural & Urban
Urban

0.8 1

0.6
0.4

0.0- ||| ||‘ ||| |‘| |‘| ||| |||

o
N
1

Bai Han Kazakh Mongol leetan Uyghur Zhu'ang





OPS/images/fmicb-12-736393-e006.jpg
LGD = c/Dmax

@)





OPS/images/fmicb-12-736393-g006.jpg
Maximum Accrual Diversity (Dmax)

. Rural
B urban

2000 -
1000 -
0 - I . l I I

Phylum Family Genus Species
Taxon level





OPS/images/fmicb-12-736393-e005.jpg
Max(1D) = D = ¢ (=3) exp (-2) = eabenp (-2 ©)





OPS/images/fmicb-12-736393-g003.jpg
0.4 -

N 0.3-

02

Diversity Scaling Parameter

0.0 -

. Rural & Urban

- Rural
. Urban

* %

* kkkx

* % %
* %
*

* %k %k

Bai

Han

Kazakh

Mongol

Tibetan

Uyg'hur

Zhuang






OPS/images/fmicb-12-736393-e000.jpg
4D = cA®

1)





OPS/images/fmicb-12-736393-g004.jpg
" Rural B Urban

0.75 7

0.25 -

Pairwise Diversity Overlap (g)

0.00 A

Phylum Family Genus Species
Taxon level





OPS/images/fmicb-12-736393-g001.jpg
" Scheme 1A: Rural vs. Urban with all ethnic cohorts combined together )

Rural
Lifestyle 169
314 Urban
\_ 145 /
/ Scheme 1B: Rural vs. Urban of the same ethnicity (7 Comparisons) \
Rural Rural Rural Rural Rural Rural Rural
29 44 9 26 28 9 24
Urban Urban Urban Urban Urban Urban Urban
14 47 13 22 15 12 22
Bai Han Kazakh  Mongol Tibetan Uyghur Zhuang
43 91 22 48 43 21 46

Gcheme 2A: 21 Pair-wise ethnicity comparisons with urban & rural combined\

Ethnicity Bai Han | Kazakh | Mongol | Tibetan | Uyghur | Zhuang
314 43 91 22 48 43 21 46

_ w )

/ Scheme 2B: 2 x 21 Pair-wise ethnicity comparisons with same Iifestylex

Rural Bai Han | Kazakh | Mongol | Tibetan | Uyghur | Zhuang
169 29 44 7 26 28 9 24

Urban Bai Han | Kazakh | Mongol | Tibetan | Uyghur | Zhuang
145 14 47 13 22 15 12 22

\_ T






OPS/images/fmicb-12-736393-e002.jpg
In(D) = In(c) + zln(A)





OPS/images/fmicb-12-736393-g002.jpg
Diversity Scaling Parameter (z)

" Rural B Urban

0.3

0.2 1

0.1 A

0.0

Phylum Family Genus Species
Taxon level






OPS/images/fmicb-12-736393-e001.jpg
4D = cA%exp(dA)

@)





