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SUMMARY

Obesity is associated with altered gut microbiome composition but data across
different populations remain inconsistent. We meta-analyzed publicly available
16S-rRNA sequence datasets from 18 different studies and identified differen-
tially abundant taxa and functional pathways of the obese gut microbiome.
Most differentially abundant genera (Odoribacter, Oscillospira, Akkermansia,
Alistipes, and Bacteroides) were depleted in obesity, indicating a deficiency of
commensal microbes in the obese gut microbiome. From microbiome functional
pathways, elevated lipid biosynthesis and depleted carbohydrate and protein
degradation suggested metabolic adaptation to high-fat, low-carbohydrate,
and low-protein diets in obese individuals. Machine learning models trained on
the 18 studies were modest in predicting obesity with a median AUC of 0.608 us-
ing 10-fold cross-validation. The median AUC increased to 0.771 when models
were trained in eight studies designed for investigating obesity-microbiome as-
sociation. By meta-analyzing obesity-associated microbiota signatures, we iden-
tified obesity-associated depleted taxa that may be exploited tomitigate obesity
and related metabolic diseases.
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INTRODUCTION

Obesity is a growing epidemic worldwide and is associated with increased morbidity and mortality.1 The

obesity crisis is the result of a combination of environmental and personal factors, energy balance dysre-

gulation, host genetics, and gut microbiota changes.2 Several lines of evidence indicate that the gut

microbiome is linked to obesity. In studies of mice and human twin pairs, altered core gut microbiome

composition was associated with obesity.3,4 Moreover, a higher relative abundance of Firmicutes in obese

individuals was shown to harvest more energy from diet.3,4 In addition, stool samples from obese mono-

zygotic twin pairs, when implanted into germ-free mice, resulted in weight gain whereas mice receiving

stools from lean twins maintained normal weight.5 Reproducible evidence from several clinical trials re-

ported increased levels of insulin sensitivity and butyrate-producing bacteria in patients with obesity or

metabolic diseases following fecal microbiota transplant (FMT) from lean donors.6–8 The change in gut mi-

crobiome composition in obese individuals was associated with up-regulated gene expression of fasting-

induced adipose factor in the colon, which may impair triglyceride metabolism and induce fat storage.9

Collectively, existing knowledge supports the mechanistic involvements of gut microbiota in obesity and

suggests that using gut microbiome-based therapeutics to manage obesity has great potential.

As such, there is a growing interest in identifying gut microbial taxa that can be exploited to modulate

obesity. A human gut microbiome survey found that Actinobacteria and several genera in the Firmicutes

phylum able to harvest energy from carbohydrates were positively correlated with body mass index

(BMI). A higher Firmicutes to Bacteroidetes (F/B) ratio was reported to be indicative of obesity,10 although

similar findings were not reproduced in other human gut microbiota surveys.11,12 Several bacterial genera

such as Alistipes, Akkermansia, and Lactobacillus13–16 have been consistently reported to be altered in

obese individuals. However, other species had shown inconsistent associations across different studies.

For example, several studies reported increased abundances of Bacteroides, Bifidobacterium, and Prevo-

tella in obese individuals,14,17,18 whereas others report no significant associations or opposite trends.13,19
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Table 1. Characteristics of studies included in the meta-analysis

Study Sample size

Obese

subjects

Obese percentage

amongst total Population

Geographical

region Research design

Ahmad23 60 40 66.67% Adult Pakistan a

Chavez24 67 42 62.69% Adult Mexico a

Barengolts25 89 49 55.06% Adult USA a

Gao26 77 39 50.65% Children China a

Olsson27 41 17 41.46% Adult France a

Lippert28 20 11 55.00% Adult Austria a

Ross29 63 38 60.32% Adult USA a

Zupancic30 168 61 36.31% Adult USA a

Escobar31 17 8 47.06% Adult Colombia b

Wu32 43 5 11.63% Adult USA b

Zeevi33 418 135 32.30% Adult Israel b

Goodrich34 644 193 29.97% Adult Britain b

Baxter35 115 47 40.87% Adult USA/Canada b

HKGutMicMap36 226 48 21.24% Adult China b

He37 2872 1040 36.21% Adult China b

HMP38 151 23 15.23% Adult USA b

AGP39 2204 278 12.61% Adult USA/Britain/Canada b

Stanislawski40 119 24 20.17% Children USA b

aStudies designed for investigating obesity-microbiome association.
bStudies that included general population with BMI information.
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Given the complexity of the gut ecosystem, microbial taxa that are consistently connected to obesity are

not well defined. By combining the multi-cohort sequence data, a meta-analysis with a larger sample size

than an individual study can increase statistical power and identify common signatures across several data-

sets to derive a consensus.20

Several meta-analyses have investigated the association between obesity and gut microbiota. Sze et al.21

conducted a meta-analysis of 10 studies and found decreased alpha diversity in obese individuals.

Furthermore, their reported random forest model for obesity classification performed suboptimally in dis-

tinguishing obese and healthy subjects, with a median accuracy of 0.56. Stanislawski et al.22 included five

study cohorts with diverse racial backgrounds and found that associations between microbial diversity and

obesity were ethnicity-specific. Alpha diversity was negatively associated with BMI in Caucasian popula-

tions and the Prevotella genus was positively correlated with BMI in African populations. However, the spe-

cific role of microbial taxa associated with obesity has yet to be clearly established. Moreover, microbial

functional changes have not been investigated in prior meta-analyses. Here, we conduct a comprehensive

meta-analysis incorporating newly published studies to identify the effects of obesity on the gut microbiota

composition and functional pathway changes.
RESULTS

Literature search and study characteristics

We retrieved 2,568 studies according to the search strategy (Figure S1). The reference lists of two published

meta-analyses related to obesity21,22 were also referenced as an extended search. In total, we identified

2,583 studies for further selection. The study selection process is shown in Figure S2. Articles without

full-text and those that did not fulfill our study goals were removed by examining the title and abstract (re-

maining n = 2508). Then, we excluded studies that did not meet predefined criteria (remaining n = 29). All

relevant studies were screened by four authors. After identifying the availability of sequence and metadata

in the remaining 29 studies, we finally included 18 studies for meta-analysis (Tables 1 and S1).23–40 Most of

these studies focused on adult obesity and their subjects represented various ethnic backgrounds across

the world. Among these 18 studies, seven of them were designed for investigating associations between
2 iScience 26, 106476, April 21, 2023
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Figure 1. The effect of obesity on phylum level community structure, beta diversity, alpha diversity, and F/B ratio across 18 studies

(A) Stacked bar plot denotes the relative abundance of the top 10 phyla in the obese and healthy groups across different studies, ordered by the abundance

of Firmicutes phylum in each cohort. OB: obese group, HT: healthy group.

(B) Left: The PCoA analysis based on the Bray-Cutis distance, showing the distance of the microbial taxa between obese and lean individuals. The bar plot at

the bottom represents the difference of principal coordinates 1 (PC1) axis in the obese and healthy populations. The bar plot on the right represents the

difference in the PC2 axis in the obese and healthy populations. The light blue bars represent healthy individuals, and the dark blue bars represent obese

individuals. The p value within the boxplot was computed by the Wilcoxon rank-sum test between the obese and healthy groups. Right: The PCoA analysis

based on the Bray-Cutis distance of bacterial communities among different studies. The ANOSIM test was used to identify the statistical difference between

individuals with different obesity statuses and individuals from different studies based on the Bray-Cutis distance. The ANOSIM R indicates the dissimilarity

among different groups (obese versus non-obese, different studies).

(C) The forest plot illustrates the log2 fold change(log2FC) of the obese group over the healthy group in alpha diversity metrics including Shannon, Evenness,

ObservedOTUs (OBS), Chao1 index, and the F/B ratio. The studies are organized by geographic region. The gray line indicates the confidence interval of the

log2 fold change, identified by Welch’s t-test. The significance of log2 fold change is denoted by filled/unfilled circles. The combined log2 fold change is

calculated by the random effects model. When the log2 fold change is larger than 0, obese individuals have a higher level of measurement than non-obese

individuals. HMP: Human Microbiome Project, AGP: American Gut Project.
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gut microbiota and obesity. After excluding overweight (but not obese) individuals, 7,394 individuals re-

mained, comprising of 2,098 obese and 5,296 healthy lean subjects.
Gut microbial community diversity and obesity

The composition of the gut microbiota at the phylum level for each study is shown in Figure 1A. In all

studies, Firmicutes and Bacteroidetes were consistently the two most dominant phyla. For beta diversity,

Bray-Curtis dissimilarities were calculated for the combined studies based on amplicon sequence variants

(ASVs) collapsed to the genus level and visualized by Principal Coordinate Analysis (PCoA). ASV represents

the actual amplicon sequence from each 16S rRNA gene copy and is the basic unit for analyzing microbial

communities. There was a significant difference for principal coordinates 1 (PCo1) and PCo2 between the

obese and healthy groups (p< 4.7e-6 for PCo1 and p< 3.2e-61 for PCo2, Figure 1B), as well as indifferent

studies (p< 2.2e-16 for both PCo1 and PCo2, Figures S4B and S4C). ANOSIM tests were applied to assess

statistically significant differences in dissimilarities between the obese and healthy groups and across

studies. With all 18 studies combined, the ANOSIM test (Figure 1B) revealed a statistically significant

dissimilarity (R = 0.042, p = 0.001) between obese and lean individuals. For dissimilarity among cohorts

from the 18 studies, the ANOSIM test (Figure 1B) was statistically significant (p = 0.001), with R = 0.303.

The larger R value from comparing different studies versus that from comparing obese and healthy groups

in all studies combined indicated that a larger proportion of variance in the combined dataset could be

attributable to between-study variability rather than obesity status. The gut microbial community compo-

sition was more similar within each study, but different in comparison to obese individuals across other

studies (R = 0.303 for variance contributed by study effect versus R = 0.042 for variance contributed by

obesity). This observation reflects a hierarchical structure in the combinedmicrobial data, and we therefore

applied random effects models41 to estimate the fixed effects of obesity on microbial community diversity

and composition.

To evaluate associations between obesity and alpha diversity, log2 fold change for alpha diversity metrics

including Shannon, Evenness, Chao1 index, Observed OTUs (OBS), and F/B ratio in the combined cohort

was computed using a random effects model with adjustment for study effect. In the combined 18 studies,

we observed statistically significant decreases in Shannon diversity (p = 0.03) and Evenness (p = 0.01) and

significant increases in F/B ratio (p< 0.001) in obese subjects compared with healthy subjects (Figure 1C,

Tables S2–S6). We applied I2 statistics for study heterogeneity evaluation. The between-study heterogene-

ity variance (I2(Shannon) = 51.2%, I2(Evenness) = 41.9%, I2(F/B ratio) = 75.7%) was moderate to substantial in

18 cohorts (Tables S2–S6). The highest study heterogeneity was contributed by Zupancic et al., Chavez

et al., Gao et al., and Olsson et al., as shown in the Baujat plot (Figures S3A, S3C, and S3E). No significant

publication bias was observed according to the funnel plot and Egger’s regression test of funnel plot asym-

metry (Figures S3B, S3D, S3F, Tables S2–S6). During the literature search, we found six included studies

(Barengolts et al., Olsson et al., Ross et al., Goodrich et al., Baxter et al., and Stanislawski et al.) without

medication history on antibiotics usage. To eliminate the potential impact of antibiotics on themicrobiome

composition, we conducted sensitivity analysis for the combined alpha diversity to determine if our findings

were robust. We excluded six studies without antibiotics usage information and applied the random effects

model to re-evaluate combined alpha diversity for obesity using the remaining 12 studies. The random ef-

fects model on combined alpha diversity of the remaining 12 studies showed consistent findings that a
4 iScience 26, 106476, April 21, 2023
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significantly lower microbiota Evenness (p = 0.01) and a significantly increased F/B ratio (p< 0.001) in obese

subjects, whereas a similar trend of combined Shannon diversity in obese subjects despite lack of statistical

significance (Figure S4A and Table S7). The sensitivity analysis indicated that studies without antibiotics us-

age information did not largely influence the findings of the meta-analysis. As the meta-analysis published

by Stanislawski et al.22 reported that Shannon index may be positively correlated with BMI in Caucasian

populations, we attempted to identify relationships between Shannon diversity and BMI using a random

effects model in the combined cohort while accounting for racial ethnic groups. As five studies (Ahmad

et al., Chavez et al., Gao et al., Olsson et al., and Lippert et al.) did not provide BMI, we combined the

remaining 13 studies to assess correlations between BMI and gut microbial community diversity. Relation-

ships between Shannon diversity, F/B ratio, and BMI are shown in Figure S5. Only F/B ratio with log trans-

formation was positively associated with BMI in the Asian population. To minimize the influence of study

variation, we selected only two studies (AGP and HMP) that encompass several racial ethnic backgrounds,

including Caucasians, Asians, and Africans, to identify relationships between community diversity and BMI.

We found that Shannon index and Evenness were negatively associated with BMI in the Caucasian popu-

lation (p< 0.05, random effects model) (Figure S6). For the relationship between alpha diversity and BMI in

populations stratified by age group and sex, only Evenness has a negative association with BMI in adult and

female individuals (Figure S7).

Differentially abundant microbial genera in obese and healthy lean subjects

We collapsed ASVs according to their genus classifications because genus level units are more comparable

across study cohorts and less sensitive to batch effects.42 The distribution of genus level units across the 18

studies is visualized in the UpSet plot in Figure S8. We included 157 genera detected in over 2/3 of studies

(12 or more studies) for further analysis. A random-effects model was applied to identify differentially abun-

dant genera in obese and healthy subjects (Figure 2A). We also used Stratified Wilcoxon tests to assess the

significance of these genera to corroborate the random effect model (Figure 2B). The Spearman coefficient

indicated that the results of the twomethods were positively correlated with each other. The 26 genera with

p-value <0.05 (random effects model) and StratifiedWilcoxon FDR <0.001 were used as core taxa for further

analysis. The differential abundance analysis (Figure 2C) revealed that five genera, Allisonella, Agatho-

bacter, Dorea, Negativibacillus, and Roseburia, were enriched in obese individuals whereas the other 21

which included Odoribacter, Oscillospira, Akkermansia, Alistipes, and Bacteroides, were depleted in

obese individuals (Tables S8 and S9). This analysis suggests that there is a distinct shift in gut microbiome

composition in obese individuals relative to healthy controls.

Genus and species level microbial markers correlated with BMI

Using the 26 differentially abundant genera identified above, we next examined their relationship with BMI

using random effects models. Among the 21 obesity-associated depleted genera, 12 were significantly

correlated with BMI in the combined population (Figure 3A and Table S10). When controlling for ethnic

background, 14 of the 21 genera were significantly associated with BMI in the Asian population. In the

Caucasian and African populations, there was a negative trend between the selected genera and BMI,

although these trends were not statistically significant. The relationship between obesity-associated en-

riched genera and BMI identified across 18 studies is shown in Figure S9 and Table S11. Among five

obesity-associated enriched genera, we found that four, including Allisonella, Dorea, Agathobacter, and

Negativibacillus, were positively correlated with BMI in the combined population. After stratification by

ethnicity, Allisonella, Dorea, and Agathobacter, were significantly correlated with BMI in the Asian popu-

lation and Dorea, Agathobacter, and Negativibacillus were significantly associated with BMI in the Cauca-

sian population (Figure S9). From the subgroup analysis based on age, we found that some identified

genus markers (11 of 21 depleted genera and 3 of 5 enriched genera in obese participants) were correlated

with the BMI of adults (Figure S10). However, all taxa did not show significant associations with BMI in the

child population. In individuals stratified by sex, Allisonella andNegativibacillus were positively associated

with BMI in both males and females (Figure S10).

To identify species level markers associated with BMI, as opposed to genera units in 16S data, we inferred

species-level community composition using metagenomic sequencing data from the HKGutMicMap

cohort. There were 57 species from the HKGutMicMap cohort belonging to the 21 genera associated

with BMI in the Asian population. Among the 57 species, only four (Bacteroides nordii, Bacteroides thetaio-

taomicron, Intestinimonas butyriciproducens, and Ruthenibacterium lactatiformans) were negatively corre-

lated with BMI according to Spearman correlation (Figure 3B, Figure S11A, and Table S12). For species
iScience 26, 106476, April 21, 2023 5
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Figure 2. The differential abundance of microbial genera across all studies

(A) The volcano plot of the random effects model. REM: Random Effect Model. The horizontal dashed line represents the significant level of p < 0.05 of the

REM. The vertical dashed line denotes the cutoff of the enrichment and depletion of genera. The triangles indicate the decrease of genera in obese patients

whereas the circles indicate the increase of genera in obese patients. The significance of genera is represented by the light green or gray colors.

(B) The significant level of the REM and the Stratified Wilcoxon test. The correlation was calculated by the Spearman correlation test. The horizontal dashed

line is the cutoff of the significant level of the REMwith p< 0.05. The vertical dashed line is the cutoff of the significant level of the StratifiedWilcoxon with FDR

<0.001. The light green points represent the genera that are only significant in the REM. The dark green points indicate that the genera are statistically

significant according to both the REM and Stratified Wilcoxon FDR. The gray points represent genera that are not significant according to the REM and

Stratified Wilcoxon FDR.

(C) The forest plot of the significant genera with REM p < 0.05 and Wilcoxon FDR < 0.001. The bar plot on the left indicates the significant level of Wilcoxon

FDR. The gray line denotes the confidence interval.
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Figure 3. The correlation between genera and species with BMI

(A) The bubble chart of the correlation between the obesity-associated depleted genera and BMI. The beta coefficients were identified by the random

effects model. The value on the x-axis represents the -log10 p-value from the random effects model. The significance of the beta coefficient is denoted by

filled or unfilled bubbles. The effect size of the beta coefficients is indicated by the size of the bubbles.

(B) The correlation between significant species and BMI was identified by the Spearman correlation test using the shotgun metagenomic sequencing data

from HKGutMicMap. The points with different colors indicate the obese or non-obese individuals. The lines represent the standard deviation of species

abundance. The trend line was fitted by the ‘‘lm’’ method using the ggplot2 package.
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Figure 4. The functional analysis between the obese and non-obese groups

(A) The lollipop plot shows the significant functional modules that were identified by the random effect model with p < 0.05 and Stratified Wilcoxon FDR <

0.01. The bar plot on the left indicates the significant level of Wilcoxon FDR. These modules could be detected in more than 9 studies. The triangular and

circular points represent the mean log10 normalized abundance of functional pathways in obese and healthy groups.

(B) The four Superclass levels of functional modules were compared between the obese and non-obese groups. The significance between obesity groups

was identified by the Wilcoxon test based on the raw abundance of each functional pathway.

(C) The association between the significant genera and the significant pathways. The bar on the right shows the categories of these pathways.
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belonging to obesity-associated enriched genera, none of them were positively correlated with BMI (Fig-

ure S11B and Table S13).
Association of predicted microbiome functions with obesity

From 16S gut microbiota compositions, we inferred functional pathways using PICRUSt2 and applied

random effects models and Stratified Wilcoxon tests to identify microbiome functions associated with

obesity. 21 functional modules belonging to four categories including amino acid degradation, carbohy-

drate degradation, cofactor, carrier and vitamin biosynthesis, fatty acid, and lipid biosynthesis were signif-

icantly different between obese and lean individuals (p<0.05 random effects model & FDR <0.01 Stratified

Wilcoxon test) (Figure 4A and Table S14). Among all functional pathways with significant differences be-

tween obese and healthy groups (Table S14), two fermentation-related pathways – the superpathway of

Clostridium acetobutylicum acidogenic fermentation (log10 abundance in obese: 3.099 versus healthy:

3.181) and pyruvate fermentation to butanoate (log10 abundance in obese: 3.008 versus healthy: 3.092) –

were decreased in obese subjects compared to healthy controls. These two pathways are capable of pro-

ducing the short chain fatty acids (SCFAs) acetate and butyrate by fermenting a variety of fibers and sugars.

The function alteration in obesity suggested the gut microbiome in obese subjects produced fewer SCFAs.

Although SCFAs might increase intestinal energy harvesting, they could also increase energy expenditure,

regulate appetite, increase insulin sensitivity and reduce bodyweight.43 Obese individuals had lower levels

of amino acid and carbohydrate degradation and higher levels of fatty acid and lipid biosynthesis and

cofactor, carrier and vitamin biosynthesis pathways relative to healthy individuals (Figure 4B). This result

is in accordance with the hypothesis that obese individuals tend to have high-fat diets with low carbohy-

drates and proteins, which reflects the reduced carbohydrate and protein utilization and increased lipid

synthesis functions in the gut microbiome. In addition, we calculated correlations between functional path-

ways and microbial genera and found three obesity-associated enriched genera (Dorea, Roseburia, and

Agathobacter) were negatively correlated with several functional modules closely related to obesity,

such as chondroitin sulfate degradation and L-histidine degradation (Figure 4C). The products of these

two modules have been reported to be lower in the obese human gut compared with non-obese individ-

uals.44,45 Taken together, these observations indicate that functional changes in obese individuals might be

because of obesity-related diets that induce compositional changes in gut microbial communities.
Machine learning model to classify obese and healthy individuals

In addition to the statistical methods described above (random effects model and StratifiedWilcoxon test),

we assessed the performances of machine learning models in categorizing obese and non-obese individ-

uals based on differentially abundantmicrobial taxa. To identify the optimal model for obesity classification

based on all microbial genera, we applied three frequently usedmachine learningmethods, XGBoost, neu-

ral network, and random forest, to construct the models. Compared to the neural network and random for-

est models, XGBoost has the best AUC (Table 2 and Figures S12A–S12C), suggesting that XGBoost has a

greater generalization ability in predicting obesity using the microbial features from different studies.

Therefore, we applied the XGBoost model for further analysis. As our study cohorts consisted of popula-

tions from various backgrounds, there might be a covariate shift issue in the dataset. The covariate shift

represents a situation when the distribution of training data is highly different from testing data. The

models cannot give a satisfactory predictive performance if the covariate shift is presented in the dataset.46

Therefore, we corrected the covariate shift in the dataset and trained the XGBoost models. From the

models based on all cohorts (Table 3 and Figures S13A–S13C), we found that the models with covariate

shift correction had better discrimination than models without covariate shift correction (median AUC

(Area Under the ROC Curve): 0.608 versus 0.605, 10-fold cross-validation; median AUC: 0.625 versus

0.606, leave-one-study-out validation). However, the relatively low AUC indicated that the models did

not have sufficient discriminatory power to classify obese and healthy groups, which was consistent with

Sze et al.,21 who reported that machine learning models based on microbial taxa were insufficient to
iScience 26, 106476, April 21, 2023 9



Table 2. The comparison of model performance measured by median AUC(IQR) based on XGBoost, neural

network, and randomforest

Training strategies XGBoost Neural network Randomforest

Cross validation 0.605(0.015) 0.588(0.018) 0.550(0.012)

Within study 0.640(0.180) 0.578(0.168) 0.585(0.169)

Leave-one-study-out validation 0.606(0.087) 0.575(0.075) 0.520(0.043)

AUC: Area under the ROC Curve.

IQR: Interquartile Range.
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discriminate between obese and healthy individuals. Within studies, we found that those designed

specifically for investigating obesity and gut microbiota associations had better model discrimination

compared to gut microbiota survey studies of general populations (Figure S13C). We therefore refined

our model to only include obesity association studies and applied the same model training strategies.

The median AUC of the XGBoost model trained in the dataset corrected covariate shift was 0.771 using

10-fold cross-validation (Table 4 and Figures S14A–S14C). Correcting covariate shift in the testing dataset

could improve the model performance to some extent. However, intrinsic data characteristics still have a

large influence on the final results of model classification, even though covariate shift was accounted for

in the model training.

The permutation importance of each microbial feature was identified based on the XGBoost model trained

on the data of obesity association studies using 10-fold cross-validation. Among the microbial genera with

the top 30 permutation importance (Figure S15), 10 microbial genera (Akkermansia, Alistipes, Agatho-

bacter, Allisonella, Bacteroides, Dorea, Oscillibacter, Clostridium IV, Negativibacillus, and Ruthenibacte-

rium) were overlapped with the 26 core taxa selected from random effects model and Stratified Wilcoxon

test. Among these important genera, Akkermansia had the lowest log2 fold change compared to other

genera, indicating this genus was highly deficient in the obese human gut. Blautia, which was more abun-

dant in obese subjects, had the highest permutation importance in the XGBoost model. The role of Blautia

in obesity is controversial as some studies have reported a positive association between Blautia and

visceral fat,47,48 whereas other studies demonstrated that some species in the Blautia genus are depleted

in obesity.49
DISCUSSION

There is limited evidence demonstrating how changes in the composition of the gut microbiome

contribute to obesity. In this study, we combined fecal microbiome community data from 18 studies con-

sisting of more than 7,000 individuals to evaluate relationships between the gut microbiome and obesity.

We found (1) a decreased alpha diversity in the obesity gut microbiome compared with healthy lean con-

trols across 18 studies, (2) several bacterial genera implicated in obesity that were depleted in obese indi-

viduals and more abundant in healthy controls, and (3) novel evidence of obesity-related functional

changes, including enriched lipid biosynthesis and depleted carbohydrate and protein degradation path-

ways in obese individuals. Taken together, these results indicate that obesity is associated with reduced gut

microbial community diversity, likely driven by a lack of commensal microbes and characterized by high fat,

low-carbohydrate, and low-protein metabolism. These findings reveal consistent microbial signatures for

obesity across 18 independent cohorts encompassing various host backgrounds.
Table 3. The XGBoost model performance measured by median AUC(IQR) with and without covariate shift

correction on the overall population

Training strategies Without covariate shift correction With covariate shift correction

Cross validation 0.605(0.015) 0.608(0.018)

Within study 0.640(0.180) 0.636(0.166)

Leave-one-study-out validation 0.606(0.087) 0.625(0.106)

AUC: Area under the ROC Curve.

IQR: Interquartile Range.
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Table 4. The XGBoost model performance measured by median AUC(IQR) with and without covariate shift

correction on the population from obesity association studies

Training strategies Without covariate shift correction With covariate shift correction

Cross validation 0.768(0.058) 0.771(0.075)

Within study 0.805(0.128) 0.862(0.179)

Leave-one-study-out validation 0.667(0.073) 0.689(0.093)

AUC: Area under the ROC Curve.

IQR: Interquartile Range.
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Our analysis revealed a decreased alpha diversity in obese individuals relative to healthy controls, which is

consistent with a previous meta-analysis published by Sze et al.21 despite the larger number of cohorts,

sample size and ethnic background diversity in this present study. This result further supports the notion

that there is distinct shift in the gut microbiome composition in obese individuals compared with healthy

individuals. Le Chatelier et al.50 investigated the microbiome composition in obese and healthy Danes and

found that individuals with a lower gut microbiota richness were more likely to be obese and have insulin

resistance, dyslipidemia, and higher inflammatory levels compared with individuals with higher gut micro-

biota richness. These consistent patterns of an obesity gut microbiome open the possibility of managing

obesity via modifying the gut microbiome, either by prebiotic or probiotic interventions that enrich bene-

ficial bacteria in the gut.

A crucial finding of this study showed that a typical feature of gut microbiota in obese individuals was the

depletion of several commensal microbial genera. Of the microbial genera negatively associated with BMI,

Bacteroides, Akkermansia, Alistipes, Odoribacter, Oscillibacter, and Intestinimonas have been previously

reported to be reduced in obese individuals in several studies.18,51–53 Among these genera, Bacteroides

andAlistipes are prevalent in the healthy human gut and are considered potential opportunistic pathogens

in diseases such as bacteremia, appendicitis and rectal abscesses.54,55 However, there are opposing views

that they may have protective effects against diseases such as cardiovascular disease and colitis.56,57Odor-

ibacter and Oscillibacter, together with Akkermansia, may have beneficial effects in metabolic disorders

and ulcerative colitis.58–60Odoribacter splanchnicus is considered a probiotic species that produces short

chain fatty acids including butyrate.61 For the Intestinimonas genus, we identified I. butyriciproducens in

the HKGutMicMap cohort to be negatively associated with BMI. I. butyriciproducens, also a butyrate pro-

ducer, is a beneficial bacterium that was reduced in aged mice with insulin resistance relative to control

mice.62 Another species negatively correlated with BMI, R. lactatiformans, was reported to be able to

reduce inflammation and stimulate immune function.63 Other BMI associated genera and species identi-

fied in our study were less often reported in the literature and thus warrant further investigation. We noted

that among the differentially abundant microbial genera in obese and healthy individuals, most had a

negative association with BMI in the combined 18 populations examined and this trend was more apparent

in the Asian population compared with Caucasians and Africans. One explanation is that distinct ethnic

backgrounds, diets, habits, socioeconomic status, and urbanization could impact how the gut microbiome

is associated with obesity across populations.64 Our subgroup analysis in different age groups indicated

that most taxa were significantly associated with BMI in adults, but no association was observed in children.

The relatively small sample sizes in the child population may have limited the inference of associations be-

tween microbial taxa and BMI. In populations stratified by sex, we found inconsistent associations of taxa

and BMI in males and females. As not all studies recorded the sex information (males were found in 12

studies and females were found in 11 studies), the possibility of inconsistent associations may be because

of interstudy variations that confound taxa abundance and BMI associations in different sex groups.

We identified several pathways, including amino acid degradation, carbohydrate degradation, and fatty

acid and lipid biosynthesis related to obesity. Among the amino acid degradation pathways, L-histidine

degradation I was depleted in obese individuals. A systematic review proposed that histidine supplemen-

tation is able to ameliorate metabolic syndrome and inhibit food intake, according to previous human and

animal studies.44 In addition to amino acid degradation, chondroitin sulfate degradation (a carbohydrate

degradation pathway) was also lower in obese subjects relative to healthy controls. Clinical and rodent

studies have reported that chondroitin sulfate has an anti-inflammatory effect and prevents the formation

of atheroma in obese individuals.45,65 In the Superclass level of functional pathways, the obese group

showed decreased levels of amino acid degradation, carbohydrate degradation, and increased levels of
iScience 26, 106476, April 21, 2023 11
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fatty acid and lipid biosynthesis. Changes in these functional pathways was attributable to the differentially

abundant microbial taxa between obese individuals and healthy controls, indicating that the obese gut mi-

crobiome adapts to a diet with a higher proportion of fat and less amino acids and carbohydrates. There

are two major classes of metabolites in the colon that are derived from microorganisms utilizing dietary

substrates: secondary bile acids and SCFAs.66 One possible result of westernized high-fat and low-fiber di-

ets is that the gut microbes cannot produce sufficient SCFAs from fiber fermentation as an energy source

and shift to utilize dietary fat, which increases the products from microbial fatty acid and lipid biosynthesis

such as bile acids and secondary bile acids.67 With a pro-inflammatory effect, the secondary bile acids are

considered as risk factors for liver inflammation and colorectal cancer development.68,69 Obesity has been

described as a systemic chronic low-grade inflammation in response to overnutrition and excessive en-

ergy.70 Higher dietary fat may lead to the increased biosynthesis of unfavorable lipid metabolites that

contribute to chronic intestinal inflammation status in obesity. Growing evidence suggests that high-fat di-

ets are associated with increased levels of inflammatory cytokines.71 Among the obesity-associated

depleted genera identified here, Oscillospira,72Odoribacter,61Akkermansia,73 and Ruthenibacterium63

are known anti-inflammatory taxa with the capability of reducing intestinal inflammation. Carrio et al.74 re-

ported that Akkermansia was negatively associated with pro-inflammatory cytokines such as IL-6 in the

serum. In contrast, the genus Allisonella enriched in obesity promotes inflammation by producing higher

levels of histamine and other inflammatory molecules.75 Based on existing evidence, we posit that the

obese gut microbiome composition might be influenced by high-fat diets and is characterized by lower

and higher relative abundances of anti-inflammatory and pro-inflammatory bacteria, respectively.

Compared to models trained on an overall population consisting of microbiome surveys and obesity asso-

ciation studies, we found thatmodels trained onpopulations fromobesity association studies had improved

model discrimination, suggesting that classification models based on generic population surveys do not

have the sensitivity to detect obesity-related patterns. Compared with meta-analysis published by Sze

et al.,21 our classification model based on large scale populations from obesity association studies showed

better classification performance (AUC of leave-one-study-out validation: 0.689 versus 0.567). However, the

performance is still insufficient compared to those of classificationmodels for other diseases such as CRC or

inflammatory bowel disease (IBD).76 A previous CRCmeta-analysis77 identified 29 microbial taxa with Strat-

ified Wilcoxon FDR < 1e-5, and AUCs for leave-one-study-out validation ranged between 0.71 and 0.91. In

our study, the core taxa we included in the meta-analysis were 26 genera with Stratified Wilcoxon FDR <

0.001; only four of them (Allisonella, Oscillibacter, Odoribacter, and Agathobacter) had an FDR < 1e-5.

The lower FDR value implicated the higher discriminatory power ofmicrobial features in CRC than in obesity

for disease classification. As a complex multifactorial disease, obesity is a product of the interplay of ge-

netics, epigenetics, environment and microbiome, with a high possibility of coexisting with metabolic dis-

orders such as diabetes, hypertension, and cardiovascular diseases.78 The inherently complicated patho-

physiology of obesity makes it difficult to achieve a high AUC based on microbial features compared to

other gastrointestinal diseases. In addition, based on populations from 18 studies consisting of diverse

ethnic backgrounds, our study may have larger study heterogeneity than the CRC meta-analysis with eight

studies included. The high variation of obesity datasets may limit the performance of the classification

model resulting in a relatively low AUC. However, the model discrimination improved compared to the

model from prior obesity meta-analysis, especially in the subset of studies designed for investigating

obesity-microbiome association. Although our study indicated generalizablemicrobial markers for obesity,

all these microbial markers should be validated in well-designed cohorts across various populations.

Comparedwithpublishedmeta-analyseson the relationshipbetweenobesity andmicrobiome,onestrengthof

our study is that we included data fromAsian populations (He et al., HKGutMicMap) resulting in amore diverse

ethnicbackgrounds compared toapreviousmeta-analysis byStanislawski et al.22We further evaluated the rela-

tionshipbetweenmicrobial taxa andBMI and identified a novel set of genera associatedwith BMI, whichmight

be signatures for obesity-related microbiome disorders. In addition, we trained a better obesity classification

model based on selected significant genera compared the study by Sze et al.,21 suggesting that the selected

taxa contributed todistinctgutmicrobiomecompositionof obesity.Our study is an important extensionof pre-

vious meta-analysis for obesity and reveals potential mechanisms that link gut microbiome composition to

obesity-related conditions through the microbial functional analysis.

In obese human guts, we found decreased alpha diversity, a lack of commensal bacteria, and specific meta-

bolic patterns, indicating potential microbiota dysbiosis. Compared to obesity classification models trained
12 iScience 26, 106476, April 21, 2023
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on the overall population from the 18 studies, we found models trained on populations from obesity-micro-

biome association studies have improved discrimination. Notably, the commensal species depleted in obesity

(B. nordii, B. thetaiotaomicron, I. butyriciproducens, and R. lactatiformans) identified in this meta-analysis have

the potential to be considered in developing novel probiotics targeted to obesity. As our understanding of the

obesity gut microbiome increases, determining and modulating modifiable features may help reduce the ris-

ing trend of obesity, as well as exert a positive influence on other metabolic diseases.

Limitations of the study

There are several limitations in this study. As we combined different public datasets to identify relationships

between obesity andmicrobiome, the comparison between studies is likely constrained by geographic and

technical variation. In addition, the included studies applied 16S amplicon sequencing strategies which do

not reliably provide species and strain level taxonomic resolution. Similarly, functional modules predicted

by the PICRUSt2 cannot distinguish species- or strain-level functionality. To overcome some of these lim-

itations, we applied the random effect model to adjust the study variation and use shotgun metagenomic

sequencing data from the HKGutMicMap study to identify putative species level markers according to the

significant genera identified in meta-analysis. The associations reported here identify several bacterial

genera and species that likely play roles in obesity development. The next step is to investigate any causal

effects these taxa may have on obesity using well-phenotyped longitudinal cohorts and animal models to

reveal potential host-microbe interactions and mechanisms.
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Schröder, H. (2018). The gut microbiome
profile in obesity: a systematic review. Int. J.
Endocrinol. 2018, 4095789. https://doi.org/
10.1155/2018/4095789.

53. Thingholm, L.B., Rühlemann, M.C., Koch,
M., Fuqua, B., Laucke, G., Boehm, R., Bang,
C., Franzosa, E.A., Hübenthal, M.,
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Materials availability

This study did not generate new unique reagents.

Data and code availability

d The 16S rRNA sequencing data and metadata of HKGutMicMap are available under the accession num-

ber of PRJNA815750 in the SRA database and are publicly available as of the date of publication. Other

studys’ sequencing data and metadata can be downloaded from ENA, NCBI SRA or NCBI dbGap data-

base. The detailed accession numbers of each dataset are listed in Table S1.

d The key source codes that supported these results and findings can be found on GitHub (https://github.

com/MetagenomicsYL/meta_obesity) and is publicly available as of the date of publication.

d Any additional information required to re-analyze the data reported in this paper is available from the

lead contact upon request.
METHOD DETAILS

Literature search

This meta-analysis was conducted according to a preregistered protocol91 and Preferred Reporting Items

for Systematic Reviews and Meta-Analyses (PRISMA) guideline.92 We reviewed literature fromMedline and

Ovid databases for research papers published between January 2010 and January 2022. Keywords,

including ‘‘obese’’, ‘‘obesity’’, ‘‘overweight’’, ‘‘body mass index’’, ‘‘BMI’’, ‘‘microbiota’’, ‘‘microbiome’’,

‘‘fecal’’, ‘‘fecal’’, ‘‘gut’’, ‘‘intestinal’’, were used to search for eligible articles. The search strategies used

to identify potential studies are described in detail in Figure S1. Studies were included if they (1) used fecal

samples for 16S sequencing; (2) had a cross-sectional design consisting of obese individuals and healthy

lean controls (BMI larger than 25 or 30 was considered as obese cases in these studies, as the definition

of obesity may vary in Western and Asian populations), and (3) had publicly available sequence and subject

metadata. Studies were excluded if they (1) assessed specific microbiota of patients with intervention by

supplementation or therapy, (2) did not include healthy lean controls, (3) were clinical trials for probiotics

or other diet-related treatments, (4) were comprised of participants diagnosed with inflammatory bowel

disease (IBD), Clostridioides difficile infection (CDI), or colorectal cancer (CRC).

For data requiring a research plan for access, we submitted research proposals and allowed 30 days for

approval, after which we excluded the dataset if no approvals were given. The literature search was con-

ducted independently by four authors and any disagreements during the inclusion/exclusion process

were resolved through discussion among the four researchers. Both adults and children over the age of

three were included in the study population in accordance with the inclusion criteria of Stanislawski’s

meta-analysis.22 Research papers describing gut microbiota surveys in general populations with accompa-

nying BMI information were included as the previous meta-analysis published by Sze et al. also covered

such data.21 In microbiome population surveys with BMI information, we chose individuals with BMI

>30 kg/m2 as obese and those with BMI <25 kg/m2 as lean in Western populations to maximize differences

in gut microbiota composition.93 For Asian populations, we considered BMI >25 kg/m2 as obese and BMI

<23 kg/m2 as healthy lean controls, consistent with the World Health Organization definition of obesity in

Asia.94 For children populations <18 years old, we followed obesity criteria defined by the US Centers for

Disease Control and Prevention, in which a child with BMI Zscore >1.64 is considered obese and BMI

Zscore <1.04 considered lean.95
Bacterial community diversity analysis

Raw gut microbiota 16S rRNA gene sequencing datasets were downloaded from the National Center for

Biotechnology Information (NCBI) Sequence Read Archive (SRA) or European Nucleotide Archive (ENA)

and independently processed using QIIME 279 to obtain the taxonomy annotation. Low-quality bases

were trimmed and sequences were denoised and chimera filtered using DADA2.81 The taxonomy of

each ASV was assigned using the q2 feature classifier96 trained with the Naive Bayes algorithm on the

RDP 11.5 database (https://sourceforge.net/projects/rdp-classifier/).83 Low frequency ASVs detected in

fewer than three samples or with a total count of less than 10 sequences were removed. Counts belonging

to ASVs with identical taxonomic annotations were summed in the final feature table. Samples with a total

feature count of less than 1000 sequences were excluded from each study. For functional profiling, we used

Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt2)80 to
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predict functional pathways using feature tables derived from QIIME 2. Functional pathways were inferred

for each ASV based on the MetaCyc database (https://metacyc.org/).86 To summarize functional informa-

tion at broader levels, we categorized functional pathways into Superclass levels according to the MetaCyc

database.

To investigate differences inmicrobial diversity and F/B ratio in obese and healthy controls, alpha diversity and

beta diversity were calculated for all studies. Feature counts of individual samples were subsampled according

to the lowest sample depth in each study. Commonly used alpha diversity metrics including Shannon index,

Evenness, Chao1 index and Observed OTUs (OBS) were computed using diversity, estimateR and specnum-

ber function from the vegan package, respectively.82 The statistical significance of each metric in each study

was identified usingWelch’s t-test. For beta diversity, Bray-Curtis dissimilarities were computed for all studies

and visualized with Principal Coordinate Analysis (PCoA) using the vegan package.82 ANOSIM tests with 999

permutations were applied to assess statistical differences in microbial community composition between

groups. The F/B ratio was calculated by aggregating the feature table based on the phylum level taxonomy

and dividing the abundance of Firmicutes by Bacteroidetes in each sample. To identify differences in alpha

diversity and F/B ratios in obese vs. healthy individuals, a log2 transformation was applied and the log2 fold

change between obese and healthy groups was computed.

There were many sources of variation such as DNA extraction method, sequencing platform, geographical

regions, host genetic backgrounds, age, gender, etc, that might contribute to the high variance in the mi-

crobiome composition. To take account of these variations from different studies, we applied the random

effects model, also known as Generalized Linear Mixed Models (GLMM), to identify signatures for obesity

with the study as a random effect. The race-specific, age-specific, and gender-specific variation in the gut

microbiome was also taken into consideration in this study using the subgroup analysis. To estimate the

effect of obesity on alpha diversity using combined studies, we applied random effects models to calculate

the combined log2 fold change of each diversity metric and F/B ratio between obese and healthy groups.

The study heterogeneity was identified using the Higgins & Thompson’ I2 statistics and the publication bias

was evaluated by the Funnel plot with Egger’s regression test. As there were several studies not reporting

the antibiotics usage of participants, the sensitivity analysis was conducted and applicable studies were

excluded to eliminate the potential impact of antibiotics on the combined alpha diversity and F/B ratio.

In addition, we also evaluated correlations between BMI and alpha diversity using random effects models

for datasets with BMI information. To identify relationships between BMI and diversity across different eth-

nicities, age groups and sex, subjects were separated into different subgroups and correlation between

diversity and BMI was evaluated.

QUANTIFICATION AND STATISTICAL ANALYSIS

Differential abundance analysis of taxa and functional modules

As short length 16S rRNA gene sequencing data are more likely to be reliable at the genus level,97 all ASVs

were summarized at the genus level according to inferred taxonomy. Genera and functional modules de-

tected in more than 2/3 studies were used for differential abundance analysis. The log2 fold changes of

genera between obese and healthy groups were calculated and correlations between these taxa and

BMI were evaluated in the combined studies. To generate log-ratio relative abundances in the microbial

composition data, we first transformed data by replacing zero values using Bayesian-Multiplicative replace-

ment of count zeros as log-ratio transformations require data with positive numbers.98 Random effects

models and Stratified Wilcoxon tests were applied to estimate statistical difference of genera and func-

tional modules. p-values derived from Stratified Wilcoxon tests were adjusted for multiple testing using

the Benjamini-Hochberg method to estimate false discovery rate (FDR). For subgroup analysis, we strati-

fied the population according to their ethnic group, age group or sex and assessed relationships between

taxa abundance and BMI. The mean log10 abundance of functional modules with p < 0.05 in the random

effects model and FDR < 0.01 in the Stratified Wilcoxon tests was calculated in the obese and healthy

groups. In addition, MetaCyc Superclass level functional modules were compared between obese and

healthy individuals using Wilcoxon rank sum tests. Correlations between genera and functional pathways

were evaluated and visualized as heatmaps using the ComplexHeatmap package87 in R.

Species identification using shotgun metagenome data

During the literature search process, we found that there was a limited number of obesity microbiome as-

sociation studies providing publicly available shotgun metagenomic data. To identify the species-level
20 iScience 26, 106476, April 21, 2023
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markers, we chose to extend our meta-analysis result in the included studies which contained both shotgun

metagenomic and 16S sequence data, rather than synthesizing additional shotgun metagenomic datasets.

One of the included studies from a Hong Kong gut microbiota population survey had corresponding

shotgun metagenomic sequence data. We therefore downloaded the raw metagenomes to infer spe-

cies-level community compositions, as opposed to genera for 16S data. Trimmomatic and KneadData

were used for trimming paired-end sequencing data with low quality scores and removing human contam-

ination.84 Microbial community composition was inferred from quality filtered sequence data using Meta-

genomic Phylogenetic Analysis (MetaPhlAn3).85 Candidate species were selected for further analyses

based on the list of implicated genera identified from 16S data. Species that significantly differed between

groups and correlated with BMI were identified as species-level candidates of obesity.
Machine learning models for obesity classification

To examine whether the obese-related microbiome could reliably discriminate the obesity phenotype, we

used machine learning models including XGBoost,89 neural network,99 and random forest,100 to build clas-

sification models to identify obese individuals and healthy controls. The model with the best classification

ability for obesity was applied for further analysis. All microbial genera were used to build machine learning

model. We applied three strategies for model training: (1) models were trained within each study with 75%

of the data as training set and the remaining 25% as validation, (2) 10-fold cross-validation using combined

data, (3) leave-one-study-out validation. Model performance was evaluated using AUC and the permuta-

tion test for each AUC was reported in the heatmap. The dependent variables were permuted 100 times

in the permutation test for each AUC.

We identified the optimal parameter sets for each model using the grid search approach. For hyperpara-

meter tuning in the XGBoost model, we randomly tried several parameters that control the model

complexity and parameters that add randomness to the model. We found that n_estimators, max_depth,

and learning_rate had a larger impact on the model performance than other parameters. Thus, the grid

search was performed to identify the best combination of n_estimators, max_depth and learning_rate

for the XGBoost model. The values we tested for the n_estimators were: {100, 200, 300, 400, 500, 600,

700, 800, 900, 1000}, for the max_depth were: {3, 4, 5, 6, 7, 8, 9, 10}, and for learning_rate were {0.05,

0.1, 0.25, 0.5, 1.0}. The best combination of parameters {n_estimators = 1000, max_depth = 4, learnin-

g_rate = 1} was applied to build the XGBoost model using populations from 18 cohorts for 10-fold

cross-validation.

To optimize the parameter in the random forest model, we found the parameters, max_depth, n_estima-

tors and max_features, had a large influence on the model performance. The values we tested for the n_es-

timators were: {100, 200, 300, 400, 500, 600, 700, 800, 900, 1000}, for the max_depth were: {3, 4, 5, 6, 7, 8, 9,

10}, and for max_features were {sqrt, log2, None}. We used grid search to test different combinations of

these parameters and applied {n_estimators =100, max_depth = 10, max_features = None} to the random

forest model training for 10-fold cross-validation.

To identify the optimal parameter sets for the neural network, the grid search was applied for parameter

optimization. The values for grid search were hidden_layer_sizes: {(258, 86), (126), (94), (18)}, activation:

{tanh, relu}, solver: {sgd, adam}, alpha: {0.0001, 0.001, 0.01}, learning_rate: {constant, adaptive}. The hid-

den_layer_sizes were selected according to several formulas for the neural networks.101–104 The parameter

{hidden_layer_sizes = (258, 86), activation = relu, solver = adam, alpha = 0.0001, learning_rate = constant}

was applied to the neural network model training for 10-fold cross-validation. For leave-one-study-out vali-

dation and models trained within each study, each model was tuned parameters by the grid search using

the same range of hyperparameters mentioned above.

In this meta-analysis, we combined study cohorts from various ethnic backgrounds and different

geographic regions. High variations of microbiome structure were observed from study cohorts. A big chal-

lenge for the machine learning classification is that the training data distribution differs from the test one,

called covariate shift. The impact of covariate shift can be reduced by weighting the log likelihood terms

according to the importance, which is the ratio of testing and training samples density.90,105 We used the

Kullback-Leibler Importance Estimation Procedure (KLIEP),85 a commonly used covariate shift adaption

method, to address the covariate shift issue in the dataset of combined cohorts. In a more computationally

efficient manner, the KLIEP is capable of calculating the importance directly without the need for density
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estimation, and the importance can be used as sample weights for the training set when the machine

learning model is being trained. The identification of permutation importance of features is a popular

way to explain model predictions.106 The permutation feature importance of each microbial feature was

calculated according to the decrease in the AUC of the machine learning model when the microbial feature

is randomly shuffled.100 The key source codes that supported these results and findings can be found at

GitHub (https://github.com/MetagenomicsYL/meta_obesity).
22 iScience 26, 106476, April 21, 2023

https://github.com/MetagenomicsYL/meta_obesity

	Combing fecal microbial community data to identify consistent obesity-specific microbial signatures and shared metabolic pa ...
	Introduction
	Results
	Literature search and study characteristics
	Gut microbial community diversity and obesity
	Differentially abundant microbial genera in obese and healthy lean subjects
	Genus and species level microbial markers correlated with BMI
	Association of predicted microbiome functions with obesity
	Machine learning model to classify obese and healthy individuals

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Method details
	Literature search
	Bacterial community diversity analysis

	Quantification and statistical analysis
	Differential abundance analysis of taxa and functional modules
	Species identification using shotgun metagenome data
	Machine learning models for obesity classification




