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Introduction: Urbanization is a globally pervasive trend. Although urban settings provide better access to infrastructure and opportunities, urban lifestyles have certain negative consequences on human health. A number of recent studies have found interesting associations between the structure of human gut microbiota and the prevalence of metabolic conditions characterizing urban populations. The present study attempts to expand the footprint of these investigations to an Indian context. The objectives include elucidating specific patterns and gradients based on resident habitat and lifestyles (i.e., tribal and urban) that characterize gut microbial communities.

Methods: Available 16S rRNA sequence datasets corresponding to the gut microbiota of urban and tribal populations from multiple regions of India have been rigorously compared. This analysis was carried out to understand the overall community structure, resident taxa, and their (inferred) functional components as well as their correlations with available meta-information.

Results: The gut microbiota of urban and tribal communities are observed to have characteristically different signatures with respect to diversity as well as taxonomic and functional composition. Primarily, the gut microbiota in tribal communities is found to harbor significantly higher species diversity and richness as compared to that in urban populations. In spite of geographical segregation and diet-related differences, gut microbial diversity was not found to differ significantly between tribal groups. Furthermore, while the taxonomic profiles of different tribal communities cluster together irrespective of their geographic location, enterotype analysis indicates that samples from urban communities form two distinct clusters. Taxonomic analysis of samples in one of these clusters reveals the presence of microbes that are common to both urban and tribal cohorts, indicating a probable transient evolutionary state. Prevotella, previously reported to be the dominant genus resident in Indian gut microbiota, is found to have distinct OTUs and strain-specific oligotypes characterizing resident habitats and diet patterns. Certain interesting associations between microbial abundances and specific metadata have also been observed. Overall, urban lifestyle and diet appear to impact the structure and function of gut microbial communities, and the results of this study provide further evidence of this likely detrimental association.

Conclusion: This study attempts to analyze, in an Indian context, the impact of urbanization on the human gut microbiota. Overall, the analysis elucidates interesting taxonomic and functional signatures characterizing the evolutionary transition in gut microbiota from tribal to urban.
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INTRODUCTION

The world is increasingly becoming urban, and globalization has resulted in a significant increase in the metropolitan sprawl of several cities. This spread has also led to rapid changes in the food habits and lifestyle choices of individuals (Collier and Venables, 2017; UN DESA, 2018). Outdoor physical activity in cities has become limited or difficult, owing to overpopulation, excessive traffic, air pollution, and limited public spaces (Tripathy et al., 2016). Globally, an absence of physical exercise and the domination of sedentary lifestyles stand as the fourth largest risk factor for mortality (Lopez and Hynes, 2006; Newtonraj et al., 2017). Altered dietary pattern is one of the consequences of urbanization (Popkin, 1999). It is well known that diet plays a major role in overall health and well-being (WHO | Diet nutrition and the prevention of chronic diseases, 2003; Satija et al., 2015).

As a country, India is a conglomeration of various ethnicities, cultures, and dietary habits. In line with global trends, Indian dietary patterns, especially in urban areas, have also experienced a drastic change. Urbanization and westernization have contributed to increased consumption of foods with limited nutritional benefit. Such foods, including ready-to-eat, factory-manufactured, packaged food items containing high levels of salt, sugar, and fat, have gradually replaced the consumption of naturally produced or unprocessed food items (Ramachandran et al., 1999). In urban areas, there is an increasing trend of increase in non-communicable diseases (NCDs) such as cardiovascular diseases, immune and metabolic diseases (including obesity and diabetes), and associated health issues. These diseases and disorders, termed urban-associated diseases (UADs), are believed to be after-effects of these dietary changes (Lopez and Hynes, 2006; Paul and Singh, 2017). In contrast, Indian tribal populations still follow ancient customary lifestyles and dietary patterns. Their diet comprises natural and forest-procured staple vegetarian food that is rich in proteins and fiber. Fermented foods and some non-vegetarian portions also comprise part of their dietary repertoire (Gupta, 1980; Shetty et al., 2013). While urban Indians have access to good livelihoods and excellent healthcare facilities with better affordability, tribal populations have poor access to healthcare and a lack of hygiene and sanitation and mostly depend on traditional medical practices, which include plant-based medicines, for the management of diseases (Uniyal et al., 2006; Kamble et al., 2010; Kapoor and Dhall, 2016). Consequently, Indian tribal populations mainly suffer from various infections and communicable and neurological diseases, which can be termed tribal-associated diseases (TADs). It is therefore evident that Indian urban and tribal populations exhibit differing levels of disease burden, which in turn is a holistic manifestation of various confounding environmental, and prevalent social-economic factors.

In addition to the role of the above-mentioned confounding factors, recent studies have indicated that the gut microbiota plays a major role in defining the overall health and well-being of an individual (Ramachandran et al., 1999; Lopez and Hynes, 2006; Cho and Blaser, 2012; Schnorr et al., 2014; Arokiasamy, 2018; Dominguez-Bello et al., 2019). A number of recent studies have also indicated the impact of the modern lifestyle and urbanization on the indigenous gut microbiota (Conlon and Bird, 2014; De Filippo et al., 2017; Barone et al., 2018). Although direct causation has not yet been attributed, the impact of urbanization on the gut microbiota has been widely associated with the onset, occurrence, and progression of several types of diseases and metabolic disorders (Obregon-Tito et al., 2015).

The structure, function, and succession pattern of gut microbiota of individuals are governed by factors such as age, sex, dietary profile, ethnicity, geographic location, disease status, etc (Conlon and Bird, 2014; Ticinesi et al., 2017). Individuals belonging to different geographical regions are therefore expected to have significant structural and functional variations in the composition of their gut microbial communities (Yatsunenko et al., 2012). These variations are now increasingly being viewed as one of the factors contributing to distinct patterns of disease burden in urban and tribal populations of India. Furthermore, studies have also indicated that, on account of heterogeneity, the Indian gut microbiota may not be similar to that in individuals from other parts of the world (Shetty et al., 2013; Dehingia et al., 2015).

Given this context, it would be interesting to study the evolution of the gut microbiota, which has likely undergone a transformation due to contemporary social and demographic changes that have happened in India in the last few decades. Apart from providing evolutionary insights with respect to the changes that have occurred in tribal and urban gut microbiota, such a comparative study is expected to throw light on the impact of immigration, modernization, and urbanization in shaping the gut microbiota (Fortenberry, 2013; Obregon-Tito et al., 2015). Furthermore, studying the gut microbiota of tribal populations (in the context of the gut microbiota of an urban cohort) provides scope for deciphering the constitutions of a “virgin” gut microbial community state. Given that gut microbial communities in tribal populations, in all likelihood, preserve the key attributes of a virgin gut microbial community state that is agnostic to exposure of modern medicines and lifestyle (Shetty et al., 2013; Clemente et al., 2015), such a comparative study (tribal vs. urban) can potentially serve as a model for identifying critical taxonomic and functional perturbations of microbial communities resulting from to changes in lifestyle (Fortenberry, 2013; Obregon-Tito et al., 2015).

In the current study, we have performed a comparative analysis of publicly available gut microbiota (16S rRNA gene) sequence data corresponding to Indian urban (UR) and tribal (TR) cohorts. The primary objective was to catalog, compare, and analyze cohort-specific taxonomic repertoire (along with the imputed functional potential) of gut microbial communities. The idea was to decipher the pattern of shift and evolution in gut microbiota composition with respect to urbanization and associated diet or lifestyle changes. A further objective was to attempt to characterize disease-associated signatures representing taxonomic and functional imbalances in the gut microbiota (in the context of urbanization and associated disease-risk susceptibility).



DATASETS CONSIDERED FOR ANALYSIS

Publicly available gut microbiota datasets corresponding to Indian tribal and urban cohorts were analyzed in this study. Supplementary Table S1 provides a tabular view of studies that have analyzed the gut microbiota of Indian tribal and urban population cohorts. In order to minimize (to the extent possible) analysis artifacts and biases that may arise due to potential confounding factors (such as choice of sequencing platform, PCR primers, DNA extraction protocols, target-variable region of the 16S rRNA gene, etc, used in different studies) we selected two studies (one tribal and one urban) that had maximum similarity with respect to the above-mentioned confounding factors (Studies 1 and 2 depicted in Supplementary Table S1). Furthermore, given that the two chosen studies amplified the same variable region (V3-V4), this variable region was ideal for combining sequence data for performing OTU clustering and for maintaining uniformity in subsequent taxonomic classification as well as downstream analysis. Sequence data corresponding to these studies were downloaded from the NCBI Sequence Read Archive1. The data comprised amplicon sequences (encompassing the V3-V4 region of the bacterial 16S rRNA gene) corresponding to gut microbiome samples, i.e., stool samples, collected from:

	
• (a) A total of 80 healthy Indian “urban” individuals from Ahmedabad city. These stool samples were collected at the first time point in the basal phase, i.e., the non-intervention phase, of the study carried out by Tandon et al. (2018), and

• (b) A total of 75 healthy Indian “tribals” from four different geographical regions in India namely, Andhra, Assam, Sikkim, and Manipur. These tribal samples were from an earlier study by Dehingia et al. (2015). It should be noted that each of these geographical regions was home to multiple independent tribes.





RESULTS

A number of analytical, comparative, and correlation analyses were performed to address the following three questions. (i) How does the gut microbiota in the two population cohorts (belonging to different ethnicities and geographies) differ in terms of microbial community structure, taxonomic composition, and function? (ii) Is there a correlation between diet, bacterial community composition, and associated functions? (iii) Are there community-specific bacterial signatures, and what is their contribution to the overall disease burden?


Bacterial Community Structure Differences in Tribal and Urban Gut Microbiota

Three alpha diversity metrics, namely, the Shannon (for quantifying diversity), Simpson (accounting for both richness and evenness), and Chao-1 (for assessing community richness) indices, were calculated from the taxonomic profiles corresponding to all individual samples. A statistical comparison of the metric values obtained (in the tribal and urban groups) was performed using the Wilcoxon rank-sum test with Benjamini-Hochberg (BH) p-value correction.

Comparison of the tribal and urban sample groups indicated an similar overall pattern of results for all three alpha diversity measures. The results primarily indicate that the gut microbiota of tribal communities harbored significantly higher species diversity and richness (corrected p-values < 0.0001) as compared to that in urban populations (Figure 1A).
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FIGURE 1. Alpha diversity trends observed in gut microbiota samples across urban and tribal samples. Changes in the gut microbial community structure were observed in terms of alpha-diversity measures: Shannon index, Simpson index, and Chao index. (A) Box plots depicting community diversity comparison between urban and tribal groups. Tribal samples showed significantly higher diversity (BH-corrected p-values < 0.1) than urban cohorts. (B) Box plots depicting a similar pattern of higher diversity in tribes when compared between different geographical regions (Urban, Ahmedabad; Tribal, Andhra, Assam, Manipur, and Sikkim). For each alpha-diversity measure, viz. Shannon, Simpson, and Chao, statistical comparisons with corrected p-values corresponding to each paired geographical region comparison are shown as a sub-plot. The colors indicated in the legend provided for the figure can be used to interpret the statistical significance of the obtained corrected p-value.


Pair-wise comparisons of alpha diversity indices were subsequently performed for confirming whether the above results, observed at a cohort level (i.e., all tribal vs. all urban), also hold good if a similar comparison is performed between each of the tribal groups residing in various geographical regions and the urban cohort. In other words, statistical comparisons were performed amongst tribal groups located within different geographical regions in India (Assam, Andhra, Manipur, and Sikkim) and compared with urban samples (Ahmedabad). The results (Figure 1B) showed the Shannon and Simpson values (computed from samples from individual tribal geographical regions) to be significantly higher (except in the case of Sikkim samples) than samples from the urban region (Ahmedabad) at a corrected p-value of less than 0.05. Species richness (Chao-1 index) was observed to be significantly higher (corrected p-value < 0.001) in Andhra and Manipur gut microbiota samples in comparison to samples from the urban cohort from Ahmedabad (Figure 1B). Diets specific to individual tribal groups could be a likely reason for the observed differences in the richness index. It is interesting to note that between the tribal groups, differences in alpha diversity measures were not statistically significant (even at a corrected p-value < 0.1), suggesting similarity in terms of species richness amongst tribal populations.



Differences in the Taxonomic Composition of Urban and Tribal Gut Microbiota


Most Abundant Genera and OTUs

The most abundant taxa (top 10 genera and OTUs) were identified based on their relative median abundances in the respective cohorts. Prevotella copri was found to be the dominant and most abundant species in the gut microbiota of both urban and tribal cohorts (with 61% and 36% median abundances, respectively). Roseburia, Faecalibacterium, Alloprevotella, and Dialister were among the common top five genera across both cohorts. Amongst them, while Roseburia, Alloprevotella, and Dialister were found to be more abundant in the tribal cohort, Faecalibacterium was observed to be relatively more abundant in the urban cohort (Supplementary Table S2).

In terms of OTU abundances, analysis of the top 10 OTUs indicated the following. While OTU_2 was observed to be relatively more abundant in the urban cohort, OTU_33 had a relatively higher abundance in the tribal cohort (Supplementary Table S2). Interestingly, a blastn search of sequences corresponding to both these OTUs against full-length 16S rRNA gene sequences sourced from the RDP database indicated best hits with the same Prevotella copri JCM 13464 (albeit with different percent identity values). The blast identity values (listed in Supplementary Table S3 for all core OTUs in both cohorts), however, seemed to indicate a better match with Prevotella copri JCM 13464 for OTU_33 (99.09% identity) as compared OTU_2 (96.88% identity). It is likely that the latter OTU belongs to an entirely different strain of Prevotella copri, sequence information for which is currently unavailable in the RDP database. Although previous studies have reported the dominance of Prevotella copri in Indian gut microbiota (Das et al., 2018; Tandon et al., 2018, 2019), the present study suggests the presence of community-specific strains and OTU-level differences (of genus Prevotella) between urban and tribal Indian gut microbiota.



Core Genera and OTUs

In order to characterize the “core microbiota” across cohorts, core phyla, genera, and OTUs were ascertained using the procedure described in Ganju et al. (2016). Four bacterial phyla, namely Firmicutes, Bacteroidetes, Proteobacteria, and Actinobacteria, were identified as core in both urban and tribal populations. However, the median abundance across samples and the overall abundance distribution of the phylum Bacteroidetes were both found to be higher in the urban population. In contrast, the abundances of Firmicutes, Proteobacteria, and Actinobacteria were found to be higher in the tribal cohorts (Supplementary Figure S1A). At the genera level, 23 core genera across tribal samples and 16 core genera across urban cohorts were identified. Although both cohorts shared 14 core genera (Figure 2A), a significant difference was observed in their median abundances. Notably, the median values of Prevotella, Faecalibacterium, and Bacteroides were found to be higher in urban samples than in samples from tribal populations. It is interesting to note that a few genera affiliated with phylum Firmicutes and a genus (Collinsella) affiliated to the phylum Actinobacteria constituted the core genera that were found to be exclusive to tribal populations. Rank-normalized abundances of core genera identified in both cohorts are illustated in Supplementary Figure S1B. It is worth noting that these bacterial genera are known butyrate-producers that play a key role in maintaining good gut health in humans (Pryde et al., 2002; Louis and Flint, 2009). They are reported to be primarily involved in microbial fermentation of complex non-digestible dietary carbohydrates and host-derived glycans and the production of beneficial short-chain fatty acids (SCFAs) with anti-inflammatory properties (Esquivel-Elizondo et al., 2017).
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FIGURE 2. Core genera and core OTUs. Core taxa were identified for tribal and urban groups that were observed in ≥70% of the samples with a minimum abundance of 0.1% relative abundance. (A) Core genera in tribal and urban groups with a bootstrap score of >80. Although some genera, viz., Prevotella and Faecalibacterium, were observed as core in both communities, there is a huge difference in their median abundance between the groups. (B) Core OTUs in tribal and urban groups with a bootstrap score >80. Differences in the median abundance of core OTUs in tribal vs. urban communities were observed, similar to the core genera profile. A large number of OTUs that were observed to be core in the tribal community were almost absent in the urban cohort. Different OTUs for Prevotella copri were abundant and were found to be core in the tribal (OTU_33) vs. the urban cohort (OTU_2). NA indicates that Genus or OTU did not cross the requisite boot-strap score to qualify as a ‘core’ Genus or ‘core’ OTU, respectively.


Similar analysis performed using OTU abundance data indicated 20 and 2 core OTUs in TR and UR cohorts, respectively. OTU_2 (assigned to species Prevotella copri) was identified as a core OTU common to both populations (Figure 2B). However, its median abundance was found to be significantly higher in the UR population. Additionally, OTU_7 (assigned to species Faecalibacterium prausnitzii) was observed to be exclusively present as core in the UR population, whereas 19 OTUs constitute the core OTUs exclusive to TR populations. Details of the bacterial species and strain level affiliation of the core OTUs and their blast percentage identity values are documented in Supplementary Table S3.



Clustering Pattern of Gut Microbiota Samples Belonging to Urban and Tribal Communities

The OTU abundance profiles corresponding to the samples in both population groups were subjected to principal coordinate analysis (PCoA) using Jensen-Shannon divergence as a distance metric. The results of this ordination analysis indicated an optimal grouping of the gut microbiota samples into two distinct clusters (i.e., maximum CH-index of 2 as depicted as an inset in Figure 3A). Almost all of the samples from the four tribal geographical regions (Andhra, Assam, Sikkim, and Manipur) were observed to cluster together and were spatially separated from the samples corresponding to the urban population from Ahmedabad (Figures 3A,B).
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FIGURE 3. PCoA clustering of microbial abundance data based on Jensen–Shannon divergence. (A) Two distinct clusters were obtained for tribal and urban cohorts. (B) Clustering of all samples belonging to tribal and urban cohorts also revealed two distinct clusters, with all samples belonging to tribal geographical regions being clustered together and samples belonging to the urban region being segregated in a separate cluster. The inset depicts the optimal number of clusters obtained using the CH-index. (C) Enterotypes were identified that putatively drive the clustering pattern. The inset depicts the identification of the optimal number of enterotypes according to the model fit. (D) Sample distributions, with the top 20 OTU contributions to the identified enterotypes represented as an inset. Three enterotypes were observed, with ET_1 having OTUs specific to the tribal cohort and ET_2 having OTUs specific to the urban cohort, while ET_3 had a shared OTU profile of OTUs belonging to ET_1 and ET_2.


Dirichlet multinomial models (DMM) were built using the OTU abundance data to identify specific enterotypes within the Indian urban and tribal study populations (Holmes et al., 2012). As recommended with the DMM method, the optimal number of enterotypes was ascertained by comparing model fit parameters for a range of different numbers of Dirichlet components (k = 1 to k = 7). The results indicated the presence of three different enterotypes (according to this number showing the best DMM, with the minimum Laplace score, as displayed in the inset to Figure 3C) in the OTU abundance data. The taxonomic contributions (top 20) to Dirichlet components are provided in Supplementary Table S4. Notably, while one of the enterotypes was observed to be specific to TR samples, the remaining two were found to be scattered but to be constituted exclusively of UR samples. The clustering pattern (along with the sample distribution) is illustrated in Figure 3C. The distribution of the top 20 OTUs among the three enterotypes determined is depicted in Figure 3D. The results clearly indicated that while Enterotype 1 (ET_1) comprised an exclusive set of OTUs pertaining to all TR samples, a different set of OTUs constituting Enterotype 2 (ET_2) were exclusive and highly abundant in 65% of samples from the UR population (Figure 3D). In contrast, 35% of samples from the urban population pertained to Enterotype 3 (ET_3), which had a few common sets of OTUs with both ET_1 and ET_2, with moderate abundances. This seems to suggest a mixed gut microbiota resulting from possible immigration of a subset of the population from sub-urban/tribal areas to urban areas while still retaining traces of the gut microbiota signatures that are unique to tribal populations.



Community-Specific Taxonomic Signatures

A linear discriminant analysis (LDA)-based LEfSe approach (Segata et al., 2011) was employed to identify community-specific microbiota, i.e., bacterial genera whose abundance pattern in the gut microbiota was significantly different between urban and tribal populations. The results indicated five genera with a significantly different abundance (at a p-value cut-off of <0.05) between UR and TR samples, with an absolute LDA score of >4 (Figure 4A). Among the five genera, Prevotella (phylum Bacteroidetes) and Faecalibacterium (phylum Firmicutes) were found to have significantly higher abundances in the UR category. On the other hand, the genera Succinivibrio (phylum Preoteobacteria), Dialister, and Roseburia (phylum Firmicutes) were found to have significantly higher abundances in the TR category. Figure 4B shows a cladogram highlighting the lineage of features identified by LEfSe at all taxonomic levels.
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FIGURE 4. Taxa with significantly different abundance (identified using LEfSe). (A) OTUs with significantly different abundance in tribal and urban gut microbiota. (B) Genera with significantly different abundance were identified for the tribal and urban cohorts with an LDA cut-off of >4 at a p-value of >0.05. (C) Cladogram depicts identified taxa at different levels of the taxonomic hierarchy. While the phylum Bacteroidetes has a significantly higher abundance in the urban cohort, the abundances of taxa belonging to phyla Actinobacteria and Firmicutes were significantly higher in the tribal cohort.


To characterize differences at the most specific taxonomic level, the LEfSe approach was also employed for identifying OTUs that had significant differences in abundance between tribal and urban gut microbiota samples. The results of the analysis (Figure 4C) indicated ten OTUs with statistically significant differences in abundances (between tribal and urban samples) with an absolute LDA score > 4 at a p-value cut-off threshold of <0.01. These included five OTUs significantly abundant in the UR category, namely, OTU_2, OTU_3, and OTU_540650 belonging to genus Prevotella, and OTU_7 and OTU_13 belonging to Faecalibacterium. Similarly, five OTUs were found to be significantly abundant in the TR category, namely OTU_73 (affiliated to Faecalibacterium), OTU_64 (affiliated to Dialister), OTU_30 (affiliated to Eubacterium), OTU_9 (affiliated to Succinivibrio), and OTU_33 (affiliated to Prevotella). Overall, the taxa mentioned were observed to share a noticeable consensus with results obtained through core microbiota analysis.

The random forest (RF) classifier (Breiman, 2001) was further employed to check the efficiency of segregation between TR and UR gut microbiota taxonomic profiles (at genus as well as OTU level). For this purpose, taxonomic profiles corresponding to TR and UR gut microbiota samples were randomly split into training and test sets (described in the section “Materials and Methods”). After training and repeated cross-validation, a final classifier model was built that was subsequently validated using the test sets. The area under the ROC curve (AUC of ROC) for the trained “bagged” model attained an ideal value of 99.5% (Supplementary Figure S2A with genera as features) and 100% (Supplementary Figure S2B with OTUs as features). Assessing the efficiency of the RF classifier model with the test set samples gave a high test AUC value of 99.6% and 98.9% for genera and OTUs, respectively, indicating a high degree of segregation between gut microbiota samples belonging to the TR and UR populations.



Differences Between Functions Inferred From Sequence Data Corresponding to Urban and Tribal Gut Microbiota Samples

The functional capabilities of the gut microbiota of urban and tribal communities were inferred using the global mapper module of the iVikodak Platform (Nagpal et al., 2019). At the outset, it should be mentioned that the functional capabilities of microbial communities (that have been analyzed, compared, interpreted, and discussed in this study) are based on algorithmic predictions that were in turn obtained using assumptions related to gene abundances, copy number of the 16S rRNA gene, quorum of genes in a pathway, etc., in various bacterial taxa. Such inferred functional profiles can be unreliable in some ecological contexts, given that they do not accurately capture and account for bacterial genomic variation within species (Zeevi et al., 2019). Furthermore, considering that gene expression is governed by a myriad of cellular mechanisms, the basic assumption employed by the current generation of function prediction algorithms (Langille et al., 2013; Aßhauer et al., 2015; Bose et al., 2015; Nagpal et al., 2016, 2019; McNally et al., 2018) based on correlation between predicted gene abundances and function may not be quite accurate. However, given the absence of metagenomic sequencing data (i.e., whole-genome sequencing data) for the two studies considered in this analysis, using such a functional inference tool was the only possible way to gain preliminary insights about the functional potential of the analyzed communities.

Most of the predicted core functions were observed to be common to the two communities. Supplementary Figure S3 depicts the abundance pattern of various core functions across all samples from both cohorts. The heatmap depicts rank-normalized functional abundances at the most specific level (KEGG pathway level 3). As a stark observation, lipopolysaccharide (LPS) biosynthesis was observed to emerge as a core pathway, with consistently higher abundance observed for a majority of the samples in the UR population in comparison to the TR population (Supplementary Figure S3). Additionally, functions such as oxidative phosphorylation (OXPHOS), citrate cycle TCA cycle (TCA), and cationic antimicrobial peptide CAMP resistance pathway were also found to be more abundant in samples from the sUR population.

Functions that showed a statistically significant difference in abundances (between urban and tribal cohorts) were identified using LEfSe (with an LDA score of >2.5 at a p-value cut-off of <0.001) (Supplementary Figure S4A). Additionally, the PEC (Pathway exclusion cut-off) values for identified functions (with significant differences in abundance) were determined using the ISFA module of iVikodak to ensure that the predicted pathway had a quorum of at least 80% enzymes present (Supplementary Figure S4B). The LPS biosynthesis pathway and other housekeeping pathways related to energy metabolism (OXPHOS, carbon fixation pathways in prokaryotes), nucleotide metabolism (pyrimidine metabolism), TCA, and NAFLD-related pathways were found to have statistically higher abundance in the UR cohort. In contrast, besides a couple of housekeeping pathways (aminoacyl tRNA biosynthesis and glycerophospholipid pathway), ABC transporters and propanoate metabolism pathways were observed to have statistically higher abundance in the TR cohort. In summary, although most of the predicted pathways did not appear to have a correlation with the gut microbiota structure, lifestyle, or dietary patterns pertaining to the two different communities, it was interesting to note the higher abundances of pathways such as CAMP and LPS (known hallmarks of antibiotic resistance and inflammation, respectively) in urban populations and higher abundances of beneficial functions such as propanoate metabolism in tribal populations. However, as mentioned previously, a great deal of caution would be required before drawing functional conclusions based on such predictive methods.



Correlations Between Taxa, Predicted Functions, and Other Metadata Aspects Corresponding to Gut Microbiota in Indian Tribal and Urban Communities

In order to investigate associations between taxa, predicted functions, and other metadata aspects of Indian tribal and urban gut microbiota, correlation analysis was performed with data corresponding to the respective communities. This analysis was performed on taxonomic profiles (and corresponding predicted functions) at both the genera and OTU levels. However, while computing correlations, only those taxa (and predicted functions) were considered that were found to have a significant difference in abundance between tribal and urban groups. Spearman rank correlations (with Benjamini-Hochberg corrected p-value < 0.01 above the critical r-value cut-off) were computed. The correlation analysis employed a rigorous bootstrap procedure (details in Methods) to minimize analytical artifacts. The identified taxa and the function pairs with significant (positive or negative) correlation between their patterns of abundance are shown in Figure 5. This figure graphically depicts the strength of correlations between genera (or OTUs) and with predicted functions, diversity indices, and metadata (e.g., age, BMI, etc.) In both panels A and B (representing the results with genera level data and OTU level data), while the upper triangle of the plot depicts correlations identified in data corresponding to the tribal gut microbiota, the lower depicts the same computed from urban data.
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FIGURE 5. Correlation plots for Spearman rank correlations obtained using features that had a significantly different abundance in the tribal and urban cohorts. Statistically significant Spearman rank correlations obtained using (A) differentiating genera and (B) differentiating OTUs along with differentiating functions, diversity indices, age, and BMI. The upper triangle of the correlation plot demonstrates correlations in the tribal cohort while the lower triangle represents correlations in the urban cohort.


The results computed from genera level data (depicted in panel A of Figure 5) indicate the following main trends. The abundance of Prevotella in both tribal and urban populations was observed to be positively correlated (strongly) with the predicted abundances of the function lipo-polysaccharide (LPS) biosynthesis. It may be noted that the latter function is reported in the literature to be associated with low-grade inflammation (Chung et al., 2006; Cani et al., 2007; Manco et al., 2010). Furthermore, the abundance of Prevotella was also observed to be negatively correlated with known beneficial genera such as Roseburia and Faecalibacterium only in urban populations. Although the strength of correlations is not as high as seen with genera-level data, the correlation patterns of Prevotella discussed above were also observed to hold true in results computed using OTU-level data.

Succinivibrio, a taxon that was found to have a significantly higher abundance in tribal populations, was observed to have a strong negative correlation with several predicted functions (except LPS) in both genera as well as in OTU-level data. An inverted pattern (i.e., positive correlation) was, however, observed for the Faecalibacterium genus as well for its corresponding OTU, i.e., OTU_73. Interestingly, Faecalibacterium is reported as a beneficial gut microbe (Balamurugan et al., 2008; Sokol et al., 2008; Neish, 2009; De Palma et al., 2010; Furet et al., 2010; Rajilic-Stojanovic et al., 2011).



Associations Between Metadata and Composition of Microbiota

In order to identify associations between the abundances of various gut microbes and confounding factors such as diet, gender, age, and BMI, etc (for which metadata information was available), suitable non-parametric statistical tests (applying appropriate p-value corrections for multiple testing) were employed for both “two-groups” (pooled TR vs. UR) and “multiple groups” (distinct tribal groups and UR). To enhance confidence in the results, a set of genera and differentiating OTUs were included in the analysis. Preliminarily, analysis of pooled data indicated the gut microbiota in males to be significantly more diverse (greater Shannon diversity) than that in females (Supplementary Figure S5A).

Dietary preferences were also found to be associated with the abundance patterns of a subset of genera. For instance, while samples from subjects with vegetarian diets were found to be significantly enriched with Prevotella, gut microbiota samples of non-vegetarian individuals were observed to harbor significantly higher proportions of Dialister and Roseburia (Supplementary Figure S5B). Similarly, OTUs belonging to genus Prevotella (OTU_2, OTU_3, abundant in the UR population) were observed to be statistically abundant in subjects following a vegetarian diet. In contrast, Prevotella OTU_33, OTU_9 (belonging to Succinivibrio dextrinosolvens), OTU_73 (Faecalibacterium prausnitzi), and OTU_30 (Eubacterium rectale) (which were more abundant in the TR population) were found to be enriched in the gut of people with non-vegetarian diets (Supplementary Figure S5C).

Associations of gut microbial taxa with age and BMI were also analyzed. For this purpose, subjects were categorized into six age groups, with a range of 5 years, increasing in each succeeding group. Similarly, based on universally acceptable BMI categorization ranges, the subjects were divided into three groups, namely, underweight, normal, and obese. Although the results obtained did not indicate statistically significant correlations between age and microbial diversity, it was interesting to note that abundances of most genera showed a declining pattern (Supplementary Figure S6A). Prevotella, which had an increasing abundance pattern, was, however, a striking exception to this trend. Interestingly, although the abundance of Prevotella was found to increase with age, OTUs belonging to genus Prevotella (OTU_2, OTU_3 and OTU_540650), which was enriched in the UR cohort, were found to show an increasing trend with age, while OTU_33 (belonging to the same genus), enriched in the TR cohort, was observed to have a decreasing trend with age. Similarly, while OTU_7 (enriched in UR) was observed to have an increasing trend with age, OTU_73 (enriched in TR) was observed to show a decreasing trend with age. Interestingly, both the OTUs belonged to the genus Faecalibacterium, for which the genus level trend with age was not found to be significant (Supplementary Figure S6B).

The results of BMI analysis indicated that the genus Dialister exhibited a trend of decreasing abundance with increasing BMI value (Supplementary Figure S7). At the OTU level, despite being from the same genus, Prevotella, OTU_2, OTU_3, and OTU_540650 were found to increase with BMI, while OTU_33 was found to have the exact opposite pattern. In addition, OTU_7, OTU_13, and OTU_73, belonging to genus Faecalibacterium (and with a significantly different abundance between the two populations), also showed a reverse trend wherein the abundances of OTU_7 and OTU_13 were noticed to increase with BMI, while OTU_73 followed an opposite trend (Supplementary Figure S7). Other OTUs that exhibited a decreasing pattern with BMI, namely OTU_9 (Succinivibrio), OTU_64 (Dialister), and OTU_30 (Eubacterium), were found to have a significantly higher abundance only in TR populations.



DISCUSSION

India’s urban trajectory is set to accelerate in the pursuit of faster economic growth (Collier and Venables, 2017). This transition toward urbanization has been alleged to have profound detrimental effects with respect to overall health and well-being (Saravanan et al., 2016). Urbanization has resulted in a major shift in diet and lifestyle, both of which have been shown to affect the structure and function of the human gut microbiota (Voreades et al., 2014; Singh et al., 2017). Characterizing the disparate patterns of the gut microbiota composition as well as its functions in populations living ancestral lifestyles and relatively urban lifestyles offers an opportunity to understand possible changes in microbiota with urbanization (Moeller, 2017). Recent studies have attempted to delineate the association of human microbiota in the context of ethnic differences (Fortenberry, 2013; Schnorr et al., 2014; Dehingia et al., 2015). However, little is known in the context of community-specific differences in Indian gut microbiota and their association with changes in lifestyle (Shetty et al., 2013).

In this study, we have compared the gut microbiota of tribal (with n = 75) and urban populations (with n = 80) in India. Although both studies providing the chosen data had obtained and processed the samples using more or less similar protocols (for example, sample collection, microbial DNA extraction, sequencing, and analysis, etc.), there were a few minor differences between their protocols. For instance, while the QIAGEN DNA Stool Mini-Kit was used for DNA extraction in the study of tribal populations (Dehingia et al., 2015), the Qiagen DNeasy Blood & Tissue Kit was used in the study of urban populations (Tandon et al., 2018). Between these studies, there were also minor differences with respect to the kind of assays that were used for quantification of DNA extracted from the samples. Given that NGS-based microbiota analyses are known to be extremely sensitive to experimental conditions and associated variations, the mentioned differences in protocols, although minor, could possibly have some impact on at least some of the results obtained in this study and the conclusions drawn therein.

Overall, the results of our analysis indicate intriguing correlations and trends in gut microbial structure and function with changes in community, lifestyle, and dietary patterns. The results from the enterotype analyses indicate that urban gut microbiota are driven by specific bacterial groups (OTUs). The observed overall higher diversity in the tribal cohort (as compared to the urban) in terms of gut microbiota composition can be attributed to diverse dietary patterns in these communities. However, no significant differences in diversity measures were observed between the tribal groups from distinct geographical regions, demonstrating a homogenous taxonomic gut microbiota structure among tribal populations (Figures 1, 3). It has been reported that bacterial depauperation (substantial loss of gut bacterial diversity) began in humanity’s ancient evolutionary past, and this process has significantly accelerated in recent years with the advent of modern lifestyles. Studies have suggested that humans living in industrialized societies possess the lowest gut bacterial diversity (Moeller, 2017). Some missing gut bacteria may still exist in certain communities (with primitive lifestyles and culture) or might have become globally extinct and unrecoverable (Segata, 2015). More importantly, lifestyle- or urbanization-induced depauperated microbiota may predispose human populations to certain diseases such as an increased risk of infections, autoimmune disorders, and metabolic syndromes (Marchesi et al., 2016).

The observed higher abundance of taxa belonging to Bacteroidetes in the urban cohort (Figure 4) supports the findings from an earlier reported study (Ou et al., 2013). This study indicated an association between the abundance of Bacteroidetes and a western-type diet (typically high in protein and fat), which is, in turn, known to be associated with various human metabolic diseases. It has to be noted that members of Bacteroidetes are known to mostly inhabit the distal gut, where they participate in provisioning the host with energy harvested from the diet through the fermentation of complex plant polysaccharides as well as otherwise indigestible polysaccharides (Singh et al., 2017). In contrast to higher Bacteroidetes in the urban cohort, the abundance of taxonomic groups belonging to the phylum Firmicutes is observed to be higher in samples from tribal communities. Most of the abundant genera (Roseburia, Eubacterium, and Faecalibacterium, etc.) and OTUs belonging to this phylum have been reported to produce beneficial metabolites like SCFA that are known to help in maintaining colon health and the integrity of gut lumen. Thus, the present results support the speculation that the tribal populations have better gut integrity than urban cohorts due to a higher abundance of Firmicutes (Pryde et al., 2002; Louis and Flint, 2009).

Although Prevotella is observed to be dominant in both the urban and tribal cohorts and its abundance patterns are observed to be in line with previous Indian gut microbiota studies (Dubey et al., 2018; Dhakan et al., 2019), its abundance is higher in the urban cohort than in the tribal group (Figure 2 and Supplementary Figure S1). Interestingly, our analyses also indicate distinct OTUs belonging to Prevotella copri to be dominant in the respective cohorts (Figure 4A). Faecalibacterium prausnitzi shows a similar pattern, wherein different OTUs of this species are found to have a significantly different abundance pattern in the two communities. The present study shows members belonging to the phylum Bacteroidetes to be higher in the urban group, while those belonging to Firmicutes are more abundant in the tribal cohorts. Since taxa belonging to these two phyla monopolize different functional niches in the human gut ecosystem, the observed differences indicate their probable functional role in disease susceptibility. It is interesting to note that a comparison of BMIs (sourced from metadata corresponding to the tribal and urban populations analyzed in this study) indicates significantly higher BMI (Wilcoxon rank-sum test, p-value < 0.00001) in urban individuals (Supplementary Figure S8).

We further performed functional inference analysis in order to obtain preliminary insights regarding the functional contributions of these bacterial groups and to understand which predicted functions are enriched in each community. While the abundance of predicted functions such as LPS biosynthesis is found to be significantly higher in the urban population, the predicted abundance of propanoate metabolism is observed to be significantly higher in the tribal population (Figure 5). It is interesting to note that the LPS biosynthesis pathway is known to be a marker for low-grade systemic inflammation in the human body as a result of dysbiosis and compromised gut-barrier function (Fortenberry, 2013; Hersoug et al., 2016). In contrast, propanoate metabolism is known to be a pathway that is beneficial for the host (Pryde et al., 2002; Anand et al., 2016). Propanoate has also been reported to have anti-inflammatory potential and is known to have anti-lipogenic and cholesterol-lowering effects (Lin et al., 2012). Although the marked differences in the predicted abundance pattern of these pathways in the gut microbiota of tribal and urban populations are quite intriguing, it should be noted that inferring functional capabilities from mere taxa abundances, with the assumption that they are reasonably correlated, is fraught with risk. A great deal of caution would be required before making functional conclusions based on such predictive methods applied to amplicon sequence data. The above results (pertaining to predicted functions) are therefore only indicative in nature. Follow-up shotgun sequencing experiments will need to be carried out to improve confidence about the accuracy and certainty of the functional capabilities in these environmental niches.

The findings from the present study appear to indicate that increased or decreased prevalence of certain taxonomic groups in an environmental niche might contribute to the specific-disease burden in that particular niche. In comparison with tribal communities, the incidence of NCDs is known to be higher in urban populations. Although, in this study, the urban cohort was comprised of “healthy” study participants, it is interesting to note the higher proportions of P. copri in urban gut microbiota samples. Although a few recent studies have indicated the positive association of P. copri with human disease conditions (Larsen, 2017), contrasting reports also exist indicating their selective beneficial or detrimental roles based on dietary habits (De Filippis et al., 2019).

The increasing incidence of UADs has been hypothesized to be driven by the loss of microbes essential for human health. These hypotheses assert that, due to recent changes such as toward a sedentary lifestyle, overcooking (Pérez-Burillo et al., 2018), hygiene obsession (Hunter, 2012), high antibiotic usage, and other anthropological activities for economic development, there has been a partial loss or complete extinction of some of the beneficial microbes in the UR gut micro-environment (Conlon and Bird, 2014). The results of this study seem to be in line with these hypotheses. The gut microbiota in urban communities is observed to harbor significantly lower species diversity as compared to that in tribal populations. Given these findings, it will be interesting to further evaluate lifestyle-related perturbations in microbiota in a much larger population cohort. The findings of such a study would find applicability in deciphering novel microbiome-based signatures that can quantify the level of disease burden in selected population cohorts.



CONCLUSION

Diet and lifestyle changes that accompany urbanization are known to negatively impact human health. In contrast, the traditional lifestyles and diet followed by tribal communities have been shown to provide considerable health benefits. Several recent studies performed with urban study participants have also shown an association between various human diseases and changes in the composition of human gut microbial communities. Given this context, in this study, we set out to perform a meta-analysis to compare the composition of gut microbiota in urban and tribal populations in India. Gut microbiota sequence datasets corresponding to these populations were meticulously chosen so that they had a minimum number of confounding factors that could impact the results of the analysis. The results obtained seem to clearly reinforce findings from previous global studies that indicate that urban gut microbiota have significantly lower microbial diversity as compared to those of tribal populations. A number of taxa with known beneficial roles are seen to have reduced prevalence and abundance in gut microbiota samples from urban populations. Ordination analysis indicates that a subsection of the urban cohort harbor a gut microbial composition that indicates a transient evolutionary state between tribal and urban. The functions inferred from gut microbial taxonomic profiles of urban and tribal populations further seem to indicate a preponderance of specific functions and pathways in the urban cohort. These predicted functions have been previously reported to be associated with gut inflammation – a dysbiotic condition that precedes several urban-associated metabolic disorders. However, given the predicted nature of these results, further studies will be required to confirm these findings. The results also indicate interesting associations of certain commensal bacterial taxa with metadata features like age, BMI, and dietary preferences. Overall, our study shows distinct differences between the gut microbiota structure and composition of Indian urban and tribal populations, and the results indicate interesting preliminary associations with the level of disease burden prevalent in the respective populations.



MATERIALS AND METHODS


Pre-processing, OTU Clustering, and Taxonomic Profiling

Raw sequence data were initially subjected to pre-processing using Prinseq-lite (Schmieder and Edwards, 2011) to filter out low-quality sequences (with mean phred score < 25) and sequences with insufficient length (less than 100 bp). Quality-filtered reads were subsequently processed using the VSEARCH (v2.8.0) pipeline (Rognes et al., 2016).

Primarily, a de-replication step was employed across samples, and singletons were removed, followed by pre-clustering into operational taxonomic units (OTUs) at 98% similarity with a de novo approach. Chimera detection and removal was subsequently performed (using UCHIME, integrated into VSEARCH) for de novo chimera detection (using the uchime_denovo command) followed by reference-based detection (using the uchime_ref command) with the Gold database (downloaded from http://drive5.com/uchime/uchime_download.html). The resultant chimera-free sequence data were finally clustered at 97%, and a raw OTU abundance matrix was then created. Further, to denoise the data, sparse OTUs containing <0.002% of the total number of unique high-quality sequenced reads were removed. A total of 3,296 OTUs were finally retained for further downstream analysis (Supplementary Table S5). Raw OTU abundances were rarefied for minimum number of reads using the RAM package (version 1.2.1.7) in R2 to eliminate biases potentially arising due to differences in the sequencing depth of various samples. The size of the sample with the lowest sequencing depth (10,678 reads) was chosen as the uniform threshold depth for rarefaction of all other samples considered in the analysis.

Taxonomic assignment of representative OTU sequences was performed using the naive Bayesian classifier implemented in Ribosomal Database Project version 2.12 (Wang et al., 2007). OTU-level abundances were also appropriately cumulated at higher taxonomic levels (e.g., phylum, family, and genus, etc.) for downstream analyses (Supplementary Table S6). Furthermore, to obtain species-level information, pair-wise alignment of representative OTU sequences was carried out using blastn against the 16S Microbial database (downloaded from ftp://ftp.ncbi.nlm.nih.gov/blast/db/16SMicrobial.tar.gz) with >90% identity, at an e-value cut-off of 1e-5.



Estimation of Community Diversity

Alpha diversity indices for individual samples were computed using the R-Vegan (v2.5-3) package3. Three diversity indices, viz., the Shannon, Simpson, and Chao indices, were computed for each of the samples. Subsequently, a Wilcoxon rank-sum test and FDR correction [Benjamini Hochberg (BH) corrected p-value < 0.05] was applied to evaluate whether the alpha diversities of the urban gut microbiota were significantly different from those obtained in tribal gut microbiota.



Ordination Analysis Using PCoA

PCoA analysis was performed on tribal and urban samples using the Jensen–Shannon (JS) divergence and partitioning-around-medoid (PAM) clustering methodology. Following this approach, the optimal number of clusters was estimated using the Calinski–Harabasz (CH) index (Arumugam et al., 2011). Additionally, PCoA analysis using weighted and un-weighted uniFrac distance was also performed using “phyloseq” package version 1.22.3 in R environment version 3.2.4 to check coherence in the obtained clustering pattern. Besides this, to elucidate the drivers for the clustering pattern, novel enterotypes were also identified among the two groups (urban and tribal) using “Dirichlet-Multinomial” package version 1.20.0 in R environment version 3.2.4 (Holmes et al., 2012).



Inferring Functional Potential Contributed by Gut Bacterial Microbiota

Imputed functional profiles of the bacterial gut microbiota were inferred from 16S rRNA RDP abundance data at the genera level using the iVikodak platform (Nagpal et al., 2019). The abundances of KEGG pathways were obtained at all the KEGG hierarchy levels. All of the three modules, viz., Global Mapper, Local Mapper, and ISFA, provided by iVikodak were run on the taxonomic relative abundance data to get the functional prediction results required for downstream analysis.



Core Feature Identification

Microbial taxa (OTUs/genera) that were consistently represented at a minimum abundance of 0.1% in at least 70% of the samples were affiliated as “core” taxa. In order to increase the confidence of the analysis, a bootstrapping approach was designed wherein a random set of samples were drawn from the whole set of samples, and a core set was collected from the randomly drawn sample set. This approach was iterated 1000 times to arrive at 1000 core sets for the whole sample set. A union of the core sets for all 1000 iterations was generated, and a bootstrap score was assigned to each feature based upon the frequency of appearance as a core feature in all iterations. The bootstrap score was scaled between 0 and 100, wherein a score of 100 for a feature indicated that the given taxon appeared as core in all 1000 iterations. In this study, only those taxa were considered as core that had a minimum bootstrap score of 80 in either the tribal or the urban cohort (Ganju et al., 2016). Information relating to core functions was procured from the iVikodak results.



Differentiating Microbes and Functions

The relative abundance data of the taxa or functions abundant in at-least 51% samples, i.e., with non-zero median abundance in each cohort, were extracted and analyzed for identifying significantly different taxa/functions. A LDA approach, implemented within the LEfSe tool (Segata et al., 2011), was employed to identify significantly differentiating features (i.e., taxa/functions) between the two sample classes.

A RF classifier was also employed to construct a model in order to differentiate the gut microbiota composition in urban vs. tribal samples. Abundances of all the filtered bacterial genera/OTUs/functions identified in the urban and tribal microbiota samples were used as features when building their respective classifiers. The sample set (80 urban samples and 75 tribal samples) was randomly split into a training and a testing set in a proportion of 70:30, ensuring an equivalent proportion of urban and tribal samples in both the training and test sets. The training procedure involved 10-fold cross-validation with 10 replicates (i.e., 100 tests) (using R v.3.2.4, Random forest package v.4.6.14)4. The performances of the individual models were assessed with the “area under curve” (AUC) of the “receiver operating characteristics” (ROC) curve using the R pROC package5. The efficiencies of the model on the training and testing sets were plotted using the pROC package.



Network Analysis

Correlation networks of filtered features (with non-zero median abundance) were generated for both urban and tribal cohorts from their respective abundance profiles, wherein initial correlation between each pair of microorganisms was calculated, and a pair of abundances of samples was swapped for each feature at one randomization step. Around 10000 randomization steps were executed, and the correlation between each pair of features was calculated at each randomization step. The expectancy value was calculated using the “expectancy-based method” in the tool network analysis for metagenomic abundance profiles (NAMAP) (Yadav et al., 2016). Positive and negative correlations between a pair of features were tagged according to the critical r-value obtained at the 99% confidence level. All correlation values (r) between the critical r-value and +1 were treated as positive correlations, and those between -1 and the negative of the critical r-value were treated as negative correlations. Values between the critical r-value and negative critical r-value were treated as insignificant correlations and did not contribute toward the creation of edges in the network. Cross-correlation networks were also constructed between diverse features such as differentiating genera, differentiating functions, and diversity to gain novel insights (Shankar et al., 2015). Correlations were plotted in Cytoscape 3.7.0 to visualize and study community network characteristics.



Statistical Analysis

Non-parametric tests such as the Wilcoxon rank-sum test were used for checking the statistical significance between two groups. The false-discovery rate (FDR) was calculated using Benjamini-Hochberg for multiple test correction. For correlation analyses, the Spearman rank correlation test was used. Additionally, other statistical analyses and correlations between taxonomic or functional groups and qualitative or categorical metadata (with two groups or multiple groups) were performed using STAMP v2.1.3 (Parks et al., 2014). For multiple groups, the Kruskal-Wallis test was applied (Tukey-Kramer was used in for post hoc testing; the effect size was eta squared). Similarly, for two-group comparison, White’s non-parametric test was applied using STAMP.
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