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ABSTRACT  33 

 Our body habitat-associated microbial communities are of intense research 34 

interest because of their influence on human health. Because many studies of the 35 

microbiota are based on the same bacterial 16S ribosomal RNA (rRNA) gene target, they 36 

can, in principle, be compared to determine the relative importance of different 37 

disease/physiologic/developmental states. However, differences in experimental 38 

protocols used may produce variation that outweighs biological differences. By 39 

comparing 16S rRNA gene sequences generated from diverse studies of the human 40 

microbiota using the QIIME database (http://www.microbio.me/qiime/), we found that 41 

variation in composition of the microbiota across different body sites was consistently 42 

larger than technical variability across studies. However, samples from different studies 43 

of the Western adult fecal microbiota generally clustered by study, and the 16S rRNA 44 

target region, DNA extraction technique, and sequencing platform produced systematic 45 

biases in observed diversity that could obscure biologically meaningful compositional 46 

differences. In contrast, systematic compositional differences in the fecal microbiota that 47 

occurred with age and between Western and more agrarian cultures were great enough to 48 

outweigh technical variation. Furthermore, individuals with ileal Crohn’s disease and in 49 

their third trimester of pregnancy often resembled infants from different studies more 50 

than controls from the same study, indicating parallel compositional attributes of these 51 

distinct developmental/physiological/disease states. Together, these results show that 52 

cross-study comparisons of human microbiota are valuable when the studied parameter 53 

has a large effect size, but studies of more subtle effects on the human microbiota 54 

requires carefully selected control populations and standardized protocols. 55 
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 56 

INTRODUCTION 57 

Targeting our indigenous human microbial communities (microbiota) to prevent 58 

or treat disease is difficult due to their complexity, as well as their intra- and interpersonal 59 

variations (Lozupone et al. 2012b). Major efforts are underway to understand the 60 

predominant factors that shape the human gut microbiota and the interrelationships 61 

between the organismal composition of the microbiota, its pool of microbial genes 62 

(microbiome), their expressed functions, and host physiologic and disease phenotypes. In 63 

the case of the gut, which contains the largest collection of microbes, these factors and 64 

interrelationships include diet (Muegge et al. 2011; Wu et al. 2011; Yatsunenko et al. 65 

2012), host genetic and familial relationships (Turnbaugh et al. 2009; Hansen et al. 2011; 66 

Yatsunenko et al. 2012), varying cultural traditions and geography (De Filippo et al. 67 

2010; Hehemann et al. 2010; Yatsunenko et al. 2012; Zupancic et al. 2012), age (Palmer 68 

et al. 2007; Biagi et al. 2010; Koenig et al. 2011; O'Sullivan et al. 2011; Yatsunenko et al. 69 

2012), pregnancy (Koren et al. 2012), route of delivery (Huurre et al. 2008; Dominguez-70 

Bello et al. 2010),  obesity, metabolic syndrome and type II diabetes (Ley et al. 2005; 71 

Turnbaugh et al. 2009; Qin et al. 2010; Graessler et al. 2012; Vrieze et al. 2012), 72 

cardiovascular disease (Wang et al. 2011), disturbances produced by antibiotics 73 

(Jakobsson et al. 2010; Dethlefsen and Relman 2011) including Clostridium difficile 74 

colitis (Chang et al. 2008; Khoruts et al. 2010; Gough et al. 2011) and other forms of 75 

inflammatory bowel diseases (Willing et al. 2010).  76 

 Bacteria dominate our various microbial communities. The composition of these 77 

communities is typically evaluated by targeting the bacterial 16S rRNA gene as a 78 
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phylogenetic marker. Trends in community-level diversity differences can be interrogated 79 

by computing the amount of diversity that is shared between samples (β-diversity), 80 

followed by clustering using an unsupervised multivariate statistical technique such as 81 

Principal Coordinates Analysis (PCoA). These techniques sometimes reveal clear 82 

associations between subject characteristics and overall diversity. Strong drivers of gut 83 

microbial community relatedness include age (Koenig et al. 2011; Yatsunenko et al. 84 

2012), culture/geography (Yatsunenko et al. 2012), inflammatory bowel disease (IBD), 85 

(Willing et al. 2010) and kinship (Dicksved et al. 2008; Turnbaugh et al. 2009; 86 

Yatsunenko et al. 2012).  87 

 Because different studies of the human microbiota often use the same 16S rRNA 88 

gene target, studies performed by different research groups can in principle be compared, 89 

and parallels among different disease, physiological, or developmental states discovered. 90 

Such comparative analyses have yielded key insights when applied to 16S rRNA gene 91 

libraries generated by different laboratories focusing on a number of environmental 92 

habitats; for example these comparisons have revealed that salinity is an important factor 93 

structuring the bacterial diversity in free-living communities (Lozupone and Knight 94 

2007), and that bacterial communities in the vertebrate gut are highly divergent from 95 

free-living communities (Ley et al. 2008). Analysis of sequences from different studies 96 

also allows comparisons to relevant control populations. For example, pregnant women 97 

differ in the composition of their gut microbiota between the first and third trimester 98 

(Koren et al. 2013) and third but not first trimester composition was shown to be 99 

distinctive from non-pregnant adults by comparison to the healthy reference dataset 100 
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sequenced by the NIH-sponsored Human Microbiome Project (HMP) (Human 101 

Microbiome Project Consortium. 2012).  102 

Particularly in comparisons restricted to a specific type of sample (e.g. only from 103 

human fecal samples), technical differences in experimental protocols between 104 

laboratories, including the manner in which samples are obtained and stored, DNA 105 

extraction methods, the selection of PCR primers for generating amplicons from bacterial 106 

16S rRNA genes, the region of the 16S rRNA gene targeted for PCR, and the instruments 107 

used to determine the nucleotide sequences of these amplicons, might all produce 108 

variability that could outweigh biological differences (Mao et al. 2012). Here, we 109 

conducted meta-analyses to identify overall patterns that drive differences in the human 110 

microbiota and to ascertain the degree to which technical variability between studies 111 

impacts observed diversity. 112 

 113 

RESULTS 114 

Differences between human body sites are greater than those produced by technical 115 

variation 116 

 We compared sequences generated from different regions of the 16S rRNA gene 117 

by using a reference mapping protocol for Operational Taxonomic Unit (OTU) 118 

assignment, in which sequences from different regions of the 16S rRNA gene will map to 119 

the same full-length reference sequence if they are from the same species (see Methods). 120 

In short, we picked OTUs on the February 4, 2011 Greengenes database, which is 121 

composed of all available near full-length 16S rRNA gene sequences in GenBank, at a 122 

97% threshold using UCLUST (Edgar 2010), and then assigned 16S rRNA fragments to a 123 
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reference-sequence if they were within a 97% threshold. A 97% similarity threshold is 124 

typically used to denote bacterial species. Although many different techniques are 125 

available for identifying relationships between the overall microbiota compositions in 126 

different samples once OTU counts per sample have been calculated, we chose to use 127 

unweighted UniFrac and PCoA because of its successful application in previous meta-128 

analyses (Lozupone and Knight 2007; Ley et al. 2008; Lozupone et al. 2012a), and also 129 

after verifying that unweighted UniFrac performed well compared to other beta diversity 130 

measures in clustering human microbiome samples by body site (see Supplemental 131 

Materials).  UniFrac evaluates the distance between two samples based on the degree to 132 

which the 16S rRNA sequences are from unique versus shared phylogenetic lineages 133 

(Lozupone and Knight 2005). 134 

When combining data from 12 different published studies of the human 135 

microbiota (Table 1), including 3 studies of multiple individuals that sequenced multiple 136 

body sites from the same person over time (HMP, Costello_whole_body, and 137 

Dense_timeseries; see Table 1), the samples clustered primarily by body site rather than 138 

by study (Fig. 1). This was the case despite considerable differences in experimental 139 

protocols across the studies, including different DNA extraction methods, sequencing 140 

platforms, primers, and regions of 16S rRNA targeted (Table 1). One notable exception 141 

to the broad clustering by body site was that samples from the gut of infants generally 142 

clustered with samples from the adult vagina or skin rather than the adult gut (Fig. 1). 143 

This was observed for all four studies that collected fecal samples from infants and age 144 

information for study participants (Table 1; US_infant_timeseries, Global_gut, 145 

Italy/Burkina Faso, Newborns_and_mothers; Fig. 1). Furthermore, fecal samples 146 
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collected from a single USA infant in US_infant_timeseries (Table 1) progressed from 147 

the adult vaginal region of the PCoA plot to the adult fecal region over the first 2 ½ years 148 

of life (Fig. 1).  149 

One way to explore taxonomic driving factors of patterns in a PCoA analysis is to 150 

produce bi-plots, where bacterial taxa are plotted in the same PCoA space based on the 151 

weighted average of the PCoA coordinates of all samples, where the weights are the 152 

relative abundances of the taxon in the samples. By plotting bacterial families in this way 153 

(Fig. 1), we show that clustering by body site is driven by taxa that have previously been 154 

shown to characterize the different body sites, such as an abundance of 155 

Ruminococcaceae, Bacteroidaceae and Lachnospiraceae in the adult gut, 156 

Lactobacillaceae in the vagina, Propionibacteraceae/Staphylococcaceae on the skin, and 157 

Streptococcaceae/Prevotellaceae in the mouth (Costello et al. 2009; Human Microbiome 158 

Project Consortium. 2012). 159 

 160 

Age and geography/culture drive major clustering patterns across studies of the gut 161 

(stool) microbiota 162 

 We found strong clustering of the gut microbiota by study when comparing fecal 163 

samples alone, suggesting that technical differences between laboratories cause 164 

significant differences in the observed diversity. However, some host factors produced 165 

sufficiently large and characteristic changes in the gut microbiota to drive global 166 

clustering patterns even when combining studies that used diverse protocols. Age was 167 

especially important, with a progression towards an adult-like state over the first three 168 

years of life explaining the first principal coordinate when three studies with age 169 
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gradients were combined (Fig. 2A). These studies assessed the fecal microbiota in 170 

individuals between the ages of 0 and 83 years living in North America (USA), Africa 171 

(Malawi), and in South America (Amazonas State of Venezuela) (Global_gut; Table 1), 172 

children aged 0-6 years from Europe and Africa (Italy/Burkina Faso), and a single infant 173 

in the USA sampled repeatedly from age 0 to 2.3 years and its mother 174 

(US_infant_timeseries).  The effect of age transcended any differences introduced by 175 

experimental protocol in these particular studies, including different sequencing 176 

platforms (454 and Illumina) or PCR primers (e.g. those targeting the V2 and V4 177 

hypervariable regions of the bacterial 16S rRNA gene) (Table 1).  178 

The observed age gradient across these three studies was associated with a 179 

transition from communities enriched in Enterococcaceae, Enterobacteraceae, 180 

Streptococcaceae, Lactobacillaceae, Clostridiaceae and Bifidobacteraceae in early age 181 

followed by a progression to communities enriched in Lachnospiraceae, 182 

Ruminococcaceae, Bacteroidaceae and Prevotellaceae (among others) in adults (Fig. 2C). 183 

This result is consistent with taxa previously reported to differ during development of the 184 

human fecal microbiota in early life (Stark and Lee 1982; Palmer et al. 2007; 185 

Dominguez-Bello et al. 2010; Koenig et al. 2011; Yatsunenko et al. 2012).  186 

Characteristic differences between “Western” and agrarian cultures were also 187 

large enough to outweigh study effects when combining these 3 studies. The fecal 188 

microbiota of USA children from two different studies (US_infant_timeseries, 189 

Global_gut) clustered along the second principal coordinate with children from Italy from 190 

another study (Italy/Burkina Faso; Table 1) (Fig. 2B). Similarly, samples from the 191 

Malawian and Amerindian children from Global_gut clustered with children from 192 
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Burkina Faso from Italy/Burkina Faso at the opposite end of the same axis (Fig. 2B). 193 

Taxa bi-plot analysis indicated that this difference was associated with an enrichment of 194 

Prevotellaceae in the adults from agrarian cultures and Bacteroidaceae in adults from 195 

Western cultures (Fig. 2C). This observation is consistent with the independent reports of 196 

enrichment of Prevotella in fecal samples from individuals living in non-Western 197 

societies in two of the studies included in this analysis (De Filippo et al. 2010; 198 

Yatsunenko et al. 2012). 199 

 200 

Samples from adults in Western populations cluster by study 201 

 In contrast to the striking difference in microbiota across the age gradient and 202 

between Western and non-Western societies, the fecal samples from Western adults 203 

clustered primarily by study (Fig. 3A). Although study-based clustering dominated many 204 

different datasets, we illustrate this phenomenon here with the following seven studies of 205 

individuals living in the USA or Sweden (Table 1): (1) a reference population of healthy 206 

US adults characterized by the HMP (using primers targeting the V3-5 region of bacterial 207 

16S rRNA genes and the V1-3 region for a subset of the samples; HMP_V13, 208 

HMP_V15); (2) individuals with IBD and healthy controls (IBD_twins); (3) three healthy 209 

adults whose microbiota was sampled before, during, and after two short periods of 210 

voluntary consumption of the antibiotic ciprofloxacin (Antibiotic_timeseries); (4) obese 211 

and lean mono- and di-zygotic twin pairs and their mothers (Obese_twins); (5) healthy 212 

individuals who were 14 to 66 years old from Global_gut; (6) healthy US individuals 213 

who were 14 to 66 years old from a study comparing microbiota within and between 214 

families (Family_study); and (7) healthy US adults sampled at 4 different timepoints 215 
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(Healthy_whole_body) (Table 1).  The strength of study-driven clustering was 216 

unexpected given that some of the individual studies had identified factors that were 217 

driving community differences, such as antibiotic administration (Dethlefsen and Relman 218 

2011). In Fig. 3B which clusters samples from the study of twins discordant for IBD only 219 

(IBD_twins), several individuals with ileal Crohn’s disease deviate strongly from healthy 220 

controls (Fig. 3B), and yet their deviation from healthy people sequenced in other studies 221 

is clearly confounded by study effects (Fig. 3A).  222 

Although many different experimental parameters could have an effect, these 223 

results reinforce the well-known point that choice of PCR primers used for amplification 224 

of different regions of the bacterial 16S rRNA gene is important; HMP samples that were 225 

subjected to the same extraction and storage protocols but amplified with different 226 

primers cluster separately. Plotting the bacterial orders in the same plot, and rotating the 227 

plot of the first 3 PC axes to maximize study-based clustering (Fig. 3 C,D) showed that 228 

the studies that targeted the V1-3/V2 region of rRNA (Antibiotic_timeseries, HMP_V13, 229 

Healthy_whole_body, Family_study, and Obese_twins) tended to have an enrichment in 230 

Erysipelotrichi and Verrucomicrobia and a depletion in Actinobacteria and Gamma 231 

proteobacteria compared to studies that targeted the V3-5/V4 region of rRNA 232 

(HMP_V35 and Global_gut).. Consistent with a depletion of Actinobacteria in the V2 233 

studies, Antibiotic_timeseries, Obese_twins, Healthy_whole_body, and Family_study 234 

used the 27F forward PCR primer (Table 1), which has previously been shown to have 3 235 

primer mismatches and poor amplification of the Bifidobacteriales group, the dominant 236 

type of Actinobacteria in the human gut (Frank et al. 2008; van den Bogert et al. 2011). 237 
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It is also clear, however, that primer choice is not the only factor in study based 238 

clustering. For instance, the two included studies from the laboratory of Dr. Jeffrey 239 

Gordon (Obese_twins and Global_gut) cluster closer to each other than to other studies 240 

even though they used PCR primers that targeted different regions of 16S rRNA (V2 and 241 

V4) and sequenced using different platforms (454 FLX and Illumina Hi-Seq 2000). Bi-242 

plot analysis indicates that this separation is association with an enrichment of gram-243 

positive and depletion of gram-negative bacteria in the Gordon lab studies (Fig. 3 C,D). 244 

This finding may be due to differences in the DNA extraction protocol employed at the 245 

different sites (i.e. a Phenol:Chloroform:Isoamyl alcohol-based technique (P:C:I) by the 246 

Gordon lab and primarily the MoBio PowerSoil kit by the others; Table 1), suggesting 247 

that the P:C:I technique may be more efficient at extracting DNA from Gram-positive 248 

bacteria. Cell wall architecture correlates with this study bias independently of 249 

phylogeny; There is an enrichment in Gram-positive Erysipelotrichi in the Gordon lab 250 

datasets and depletion of the phylogenetically related Mollicutes, which have lost an 251 

ancestral Gram-positive cell-wall trait during the course of genome reduction (Bove 252 

1993).  253 

Sequencing platform also appeared to be a driver of study-based clustering. 254 

Healthy adult fecal samples from Healthy_whole_body and Family_study clustered apart 255 

even though they used the same PCR/sequencing primers and DNA extraction protocol 256 

(Table 1). Samples from Family_study, which sequenced using the Illumina Hi-seq 257 

platform, clustered closer to Global_gut (the one other study that used this sequencing 258 

platform) than did samples from Healthy_whole_body, which used 454 FLX (Fig. 3C). 259 
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Clustering by sequencing platform is consistent with reports of GC-related bias in data 260 

sequenced on the Illumina platform (Ratan et al. 2013). 261 

  262 

Comparison of infant development to physiological and disease states in adults 263 

 Although study effects dominated the clustering pattern of studies of Western 264 

adults, by adding samples from US infants (including samples from a single infant 265 

sampled continuously over the first 2.3 years of life (Koenig et al. 2011) and the US 266 

infants from a survey conducted across age and cultures (Yatsunenko et al. 2012), we 267 

found that an age gradient was again observable over PC1 (Fig. 4B), although systematic 268 

differences across studies were still observable on PC2 (Fig. 4A). These systematic 269 

biases were again related to the research group who conducted the studies, with reports 270 

from the lab of one of the co-authors of this article (Jeffrey Gordon) (Obese_twins, 271 

Global_gut) and the lab of Ruth Ley (Pregnant_adults, US_infant_timeseries) having 272 

high values for PC2, and the remaining studies low. This separation was again associated 273 

with an enrichment of Gram-positive bacteria in the Ley and Gordon labs (Fig. 4E).  274 

With the addition of US infants to the analysis, parallels between infant 275 

development and physiological and disease states become apparent. Specifically, a large 276 

subset of pregnant women in their third trimester, but not their first trimester, cluster with 277 

infants rather than adults (Fig. 4C); this phenotype generally persisted one month after 278 

delivery. Samples from individuals with ileal Crohn’s disease also resembled infant 279 

samples to a greater degree than healthy control samples from the same study (Fig. 4D).  280 

We again added bacterial families to the same PCoA plot based on their average 281 

relative abundance across the samples to explore which are driving factors of community-282 
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level variation along these PC axes. Essentially the same pattern of taxa turnover is 283 

shown as in the age gradient in Fig. 2, with a transition from communities enriched in 284 

Enterococcaceae, Enterobacteraceae, Streptococcaceae, and Lactobacillaceae in early age 285 

followed by a progression to communities enriched in Lachnospiraceae, 286 

Ruminococcaceae, and Bacteroidaceae (Fig. 4F). The enrichment of these infant-287 

associated taxa in individuals with ileal Crohn’s disease and in third trimester pregnancy 288 

is consistent with analyses of taxa associated with these states reported in the original 289 

publications. For instance, individuals with ileal Crohn’s disease had significantly greater 290 

Enterobacteraceae and Lactobacillaceae (infant-associated) in their fecal microbiomes 291 

and significantly less Lachnospiraceae and unclassified Bacteroidales (adult-associated) 292 

compared to healthy controls (Willing et al. 2010). Similarly, OTUs within the 293 

Enterobacteraceae, Streptococcaceae, and Enterococcaceae families (infant-associated) 294 

were enriched and several OTUs within the Lachnospiraceae and Ruminococcaceae 295 

families (adult associated) were depleted in third versus first trimester pregnant women 296 

(Koren et al. 2012).  297 

Overall this clustering pattern suggests that the gut environment in infants, in late 298 

pregnancy, and with ileal Crohn’s disease may share biological or physiological 299 

characteristics that result in the selection of some of the same types of bacteria. Although 300 

these characteristics are not fully understood, the parallel between ileal Crohn’s disease, 301 

which is characterized by high inflammation in the gut, and third trimester pregnancy is 302 

interesting in light of the finding that stool samples from pregnant women in their third 303 

trimester had significantly higher levels of the proinflammatory cytokines IFN-γ, IL-2, 304 

IL-6, and TNF-α compared to first trimester, and inflammatory markers were increased 305 
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in gnotobiotic mice into which a third but not first trimester gut microbiota had been 306 

transferred (Koren et al. 2012).  307 

An additional way to gain insight into the driving factors of parallel microbiota 308 

changes is to determine the shared biological properties of the diverse bacteria that 309 

associate independently with infants and with disease or with late pregnancy. For 310 

instance, particular taxa in the Lachnospiraceae group such as Roseburia and 311 

Eubacterium have decreased relative abundance in infants, in individuals with ileal 312 

Crohn’s disease (Willing et al. 2010) and in late pregnancy (Koren et al. 2012). Within 313 

the Clostridiales, however, there are also species, such as Clostridium bolteae that show 314 

an opposite pattern, thriving in infants and with various disturbances and having 315 

relatively low prevalence in the healthy adult gut (Lozupone et al. 2012a). Genomic 316 

comparisons of these species revealed that infant/disturbance-adapted taxa in the 317 

Lachnospiraceae had a selection for genes predicted to confer resistance to osmotic and 318 

oxidative stress as well as distinctive metabolic capabilities (Lozupone et al. 2012a). 319 

   320 

DISCUSSION 321 

Our results demonstrate that differences in the human microbiota across body 322 

sites are sufficiently large that samples from each site cluster together even when 323 

experimental protocols differ substantially. For comparisons within gut (fecal) samples, 324 

we found that compositional differences associated with age and culture/geography also 325 

were greater than those driven by the experimental protocols employed in the particular 326 

studies combined here, which included differences in sequencing platform, the region of 327 

16S rRNA targeted, and DNA extraction technique employed. However, the strong 328 
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clustering by study in fecal samples from Western adults indicates that differences in 329 

experimental protocol, including choice of PCR primers/16S rRNA region targeted, DNA 330 

extraction protocol, and sequencing platform can be associated with significant 331 

differences in the observed diversity. Experimental protocols must thus be carefully 332 

standardized for studies conducted within populations and age groups, especially when 333 

the effects of a biological parameter on the (gut) microbiota are expected to be subtle. As 334 

more datasets with different combinations of PCR primers, 16S rRNA region, DNA 335 

extraction protocol, and sequencing platform are made available, it should be possible to 336 

develop a better understanding of which techniques produce particular types of bias in the 337 

resulting data and the optimal techniques for minimizing these biases. 338 

The large effect of age on the human gut microbiota shown here is consistent with 339 

studies that have detailed dramatic changes in the gut community composition over the 340 

first 3 years of life (Palmer et al. 2007; Koenig et al. 2011; Yatsunenko et al. 2012). 341 

Studies of the early assembly of the gut microbiota, whether longitudinal (Koenig et al. 342 

2011) or cross-sectional within the USA (Palmer et al. 2007) or across countries 343 

representing distinct cultural traditions (Yatsunenko et al. 2012), indicate that the infant 344 

microbiota undergoes a successional trajectory until a relatively stable adult-like 345 

configuration is established. Our results further show that the early gut microbiota more 346 

closely resembles other body sites including the vagina and skin, than the fecal 347 

microbiota of Western adults. This is consistent with studies of the effects of delivery 348 

mode on the microbiota of newborns, which showed the vaginally delivered babies had 349 

microbiota resembling the mother’s vagina across multiple body sites, and babies born by 350 

C-section had an initial microbiota resembling skin (Dominguez-Bello et al. 2010). 351 
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However, given that the progression of the infant gut microbiota to one resembling an 352 

adult occurs slowly over the first 1-3 years of life during which time exposures to gut 353 

microbes occur, the trajectory from infant adult gut microbiota is likely not solely due to 354 

a replacement of initial colonizers. Another possible contributor is shared biological or 355 

physiological characteristics between the vagina and infant gut, such as more similar 356 

environmental stressors, that results in the selection of some of the same types of 357 

bacteria. 358 

The separation of the gut microbiota of Western cultures (USA (Koenig et al. 359 

2011; Yatsunenko et al. 2012) and Italy (De Filippo et al. 2010)) from the gut microbiota 360 

of individuals in the developing world (Burkina Faso (De Filippo et al. 2010), Malawi 361 

(Yatsunenko et al. 2012) and Venezuela (Yatsunenko et al. 2012)), supports the 362 

conclusion that strong and consistent differences exist between the gut microbiota of 363 

individuals in Western compared to agrarian cultures. The clustering of fecal samples 364 

from individuals from Burkina Faso, Malawi, and Venezuela is consistent with 365 

independent reports of enrichment of Prevotella in fecal samples from individuals living 366 

in non-Western societies world compared to Italy (De Filippo et al. 2010) or the US 367 

(Yatsunenko et al. 2012). The finding that Prevotella could predict community-wide 368 

diversity patterns is not surprising given the observation that a trade-off between 369 

Prevotella and Bacteroides are associated with overall stratification of diversity both 370 

within Western populations and in cross-cultural comparisons (Arumugam et al. 2011; 371 

Wu et al. 2011; Yatsunenko et al. 2012; Koren et al. 2013).  372 

In this work, sequences from studies that targeted different non-overlapping 373 

regions of the 16S rRNA gene were related via a reference-sequence mapping protocol, 374 
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in which sequences were only considered if they were related to near full length 375 

sequences in the Greengenes database (McDonald et al. 2012). This protocol allows for 376 

comparison of sequences generated from different regions of the 16S rRNA gene, 377 

because sequences from different regions from the same microbial species will map to 378 

the same full-length reference sequence. However, it limits the analysis to taxa related to 379 

those that have been observed before in studies that generated long sequence reads, and 380 

these studies have become less common recently since next generation sequencing 381 

produces only short reads. Because the human body is among the most intensely sampled 382 

microbial habitats on Earth, a high percentage (76.77-94.95%) of raw sequences from 383 

each study were successfully assigned to reference sequences at a 97% similarity 384 

threshold (Table 1), and re-analysis of the same data using these reference-mapping 385 

techniques readily reproduced published results. The continued expansion of the full 386 

length 16S rRNA sequences from a diversity of environments will make the reference-387 

sequence mapping protocol more powerful, particularly for habitats whose microbial 388 

communities are diverse and not deeply surveyed. Using the MIMARKS standards 389 

(Minimum Information about a MARKer gene Sequence) (Yilmaz et al. 2011) and the 390 

QIIME database (http://www.microbio.me/qiime), comparative analysis of large numbers 391 

of samples processed by many different researchers should help determine factors that 392 

structure microbial communities in a variety of systems, and further investigation of 393 

which experimental parameters produce the largest biases in microbial diversity 394 

estimates.  395 

 396 

METHODS 397 
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The studies included in these meta-analyses, which all used 16S rRNA gene 398 

sequencing to survey the human microbiota, are detailed in Table 1. PCR-generated 399 

amplicons from bacterial 16S rRNA genes were sequenced using a diversity of 400 

sequencing platforms across the studies (Illumina Hi-Seq 2000, 454 Titanium or FLX 401 

chemistries) and primers that targeted different regions of the 16S rRNA gene (Table 1). 402 

Raw sequences from each study were processed and quality filtered using the default 403 

parameters of QIIME version 1.5.0 (Caporaso et al. 2010). Specifically, for Titanium and 404 

FLX (pyrosequencing) data we excluded sequences that were not between 200 and 1000 405 

nucleotides in length, had greater than 6 ambiguous bases, had homopolymer runs longer 406 

than 6 nucleotides, had mismatches in the primer, or that could not be assigned to a 407 

sample using the barcode. For Illumina HiSeq data, we truncated the reads after runs of 408 

>3 consecutive low quality base calls and excluded reads with <0.75 of the original read 409 

length after truncation. We excluded reads with ambiguous bases after quality trimming. 410 

Because 454 Titanium chemistry yields longer read lengths, we trimmed all reads 411 

generated with this chemistry to the length achieved with FLX chemistry.  412 

We grouped the sequences for all studies into ‘species-level’ operational 413 

taxonomic units (OTUs) by using a reference mapping protocol. Specifically, the QIIME 414 

database uses a reference dataset that is derived from all near full-length 16S rRNA 415 

sequences that were available on February 4, 2011 in the Greengenes database 416 

(McDonald et al. 2012). Closely related/redundant sequences were removed from this set 417 

by selecting OTUs using UCLUST (http://www.drive5.com/usearch/) and a minimum 418 

pairwise nucleotide sequence identity threshold between reads of 97% over the full length 419 

sequence..Sequences from the studies included in this meta-analysis were all compared to 420 
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this same non-redundant reference set, and assigned to a reference sequence using the 421 

UCLUST reference protocol if they were within a 97% identity threshold. Sequences that 422 

did not have >=97% identity to any of the reference sequences in the Greengenes 423 

database were not assigned to OTUs and thus not considered further in these analyses. 424 

The average percent of assigned sequences across samples for each study is summarized 425 

in Table 1. Samples that did not have at least 100 sequences after quality filtering and 426 

OTU assignment (and thus were excluded from all of the PCoA analyses) were also 427 

excluded from these calculations. 428 

This reference mapping protocol for OTU assignment allows comparison of 429 

sequences from studies that used primers that targeted heterogeneous regions of the 16S 430 

rRNA gene, because sequences from the same bacteria will match the same reference 431 

sequence regardless of the length or region of the 16S rRNA gene targeted, although in 432 

practice a greater degree of similarity will be required if the targeted region of 16S rRNA 433 

is particularly variable.  434 

We then performed an unweighted UniFrac analyses on tables of OTU counts. 435 

UniFrac performs a pairwise comparison of all communities in a dataset, defining the 436 

overall degree of phylogenetic similarity between any two communities based on the 437 

degree of branch length they share on a bacterial tree of life (Lozupone and Knight 2005). 438 

Since sampling depth can impact UniFrac values and thus clustering patterns (Lozupone 439 

et al. 2011), 1000 sequences were randomly selected from each sample before performing 440 

the PCoA analyses, except for the analysis in Fig. 2 in which 100 sequences per sample 441 

were used because of low sequence counts in the Italy/ Burkina Faso study after filtering 442 

out low quality reads. OTUs were selected and studies collated using the QIIME database 443 
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(http://www.microbio.me/qiime/). All analyses were carried out using QIIME 1.5 444 

(Caporaso et al. 2010) or in the QIIME database web interface, including the taxa bi-445 

plots, which can be generated with the make_3d_plots.py script of QIIME. Taxa 446 

summaries at the family and order level were performed using the RDP classifier trained 447 

on the February 4, 2011 Greengenes 97% reference dataset using QIIME. 448 

 The 16S rRNA data and all metadata used to conduct these analyses were 449 

from previously published studies and are available for download and analysis in 450 

the publicly accessible QIIME database (http://www.microbio.me/qiime/). 451 
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FIGURE LEGENDS 460 

Fig. 1 461 

Unweighted UniFrac PCoA plot illustrating that samples from the human microbiome 462 

cluster primarily by body site. Each point represents a sample from one of the 12 studies 463 

detailed in Table 1. Samples were classified broadly as from the Gut (mostly feces but 464 

also colon, ileum and rectum), vagina, oral cavity (e.g. saliva, tongue, cheek), and skin 465 

and other (diverse skin sites, hair, nostril, and urine). Gut samples from individuals older 466 

than 2 ½ years are colored brown and from individuals ages 0 to 2 ½ years are colored 467 

across a dark purple (0 years) to light purple (2 ½ years) spectrum. Samples from one 468 

infant sampled repeatedly over the first 2 ½ years of life are joined together with a purple 469 

line with a decreasingly dark hue with age. The infant samples are also shown in the inset 470 

panel. The most abundant bacterial families are superimposed on the same PCoA plot in 471 

the lower panel in purple. The size of the sphere representing a taxon is proportional to 472 

the mean relative abundance of the taxon across all samples.  473 

 474 

Fig. 2 – Unweighted UniFrac PCoA plots illustrating the relative degree to which age, 475 

cultural/geographic stratification, systematic differences in the collection of samples, and 476 

sequencing method affect the observed diversity of the gut microbiota. Panels A-C relate 477 

data from three different studies with age gradients from culturally diverse populations 478 

(Global_gut, US_infant_timeseries, and Italy/Burkina Faso; Table 1). Points are colored 479 

by age gradient in Panel A or by county in Panel B. Panel C plots the most abundant 480 

bacterial families as a weighted average of the coordinates of all samples in purple, where 481 

the weights are the relative abundances of the taxon in the samples. The size of the sphere 482 
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representing a taxon is proportional to the mean relative abundance of the taxon across all 483 

samples.  484 

 485 

Fig. 3 – Unweighted UniFrac PCoA plots illustrating a strong study effect when 486 

comparing fecal samples of Western adults. Panel A depicts studies conducted with 487 

Western adult populations. Panel B shows clustering of the fecal samples from 488 

IBD_twins (Table 1) colored by disease state (ICD: Ileal Crohn’s disease, CCD: Colonic 489 

Crohn’s Disease, UC: Ulcerative Colitis). Panels C and D are the same as A but with the 490 

axes rotated to maximize clustering by study. Panel D shows just the bacterial orders as a 491 

weighted average of the coordinates of all samples, where the weights are the relative 492 

abundances of the taxon in the samples. The size of the sphere representing a taxon is 493 

proportional to the mean relative abundance of the taxon across all samples. Gram 494 

positive bacterial orders are labeled in red text and gram negative in blue.  495 

 496 

Fig. 4 – Unweighted UniFrac PCoA plots illustrating the relationship between the 497 

bacterial diversity in fecal samples from different disease/physiologic states in adults and 498 

the infant microbiome. Panel A compares samples from same studies as in Fig. 3A, but 499 

with the US_infant_timeseries, the US infants and children from Global_gut, and adults 500 

from a study of pregnancy (Pregnant_adults; Table 1) added in addition. Panels A-D are 501 

the same plot except that different subsets of the samples are shown or are colored 502 

differently. (A) Points colored by study (B) Points colored by an age gradient. The 503 

samples from Pregnant_adults are not shown because the age of study participants was 504 

not available. (C) Samples from pregnant women in their first and third trimesters and 505 
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one month post delivery (from Pregnant_adults; Table 1) (D) Healthy individuals and 506 

individuals with ileal Crohn’s disease from IBD_twins (E) Bacterial families are plotted 507 

as a weighted average of the coordinates of all samples where the weights are the relative 508 

abundances of the taxon in the samples (purple circles). Gram negative bacterial orders 509 

are in blue text, Gram positive in red.   510 
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Table 1:Studies depicted in Fig. 1.  1 
Study Target 

region/Sequencing 

primer 

Sequence

platform DNA 

extraction 

protocol 

Avg 

assigned 

seqs/ 

sample 

PCR Primer (27F primer 

sequence in bold text) 

General description Result Ref 

Healthy_whole_body 

 

V2 

TGCTGCCTCCCGTA

GGAGT 

454 FLX 

PowerSoil Kit 

(MoBio) 

88.39% FWD:GCCTTGCCAGCCC

GCTCAGTCAGAGTTTGA

TCCTGGCTCAG 

REV:TGCTGCCTCCCGTA

GGAGT 

 

Bacteria from seven to nine healthy 

adults and up to 27 body sites, 

including gut (stool), oral cavity, ear, 

hair, inside the nostrils, and up to 18 

skin locations. Individuals were 

sampled on 4 occasions (interspersed 

by 1 day and 3 months).  

Community composition was 

determined primarily by body 

habitat, with high 

interpersonal variation and 

relatively small temporal 

variability. 

(Costello 

et al. 

2009) 

HMP_V35 V3-5 

CCGTCAATTCMTTT

RAGT 

454 

Titanium PowerSoil Kit 

(MoBio) 

94.61% FWD:CCATCTCATCCCTG

CGTGTCTCCGA 

REV:CCGTCAATTCMTTT

RAGT 

Samples collected from 242 healthy 

adults, aged 18-40 years and living 

the USA; sampled at multiple 

timepoints at 18 body sites including 

9 oral sites, gut(stool), inside the 

nostrils, 4 skin sites and 3 vaginal. 

Community composition was 

determined primarily by body 

habitat, with high 

interpersonal variation and 

minimal temporal variability. 

(Human 
Microbio
me 
Project 
Consortiu
m. 2012) 

HMP_V13 V1-3 

ATTACCGCGGCTGC

TGG 

454 

Titanium 

PowerSoil Kit 

(MoBio) 92.97% FWD:CCATCTCATCCCTG

CGTGTCTCCGA 

REV:ATTACCGCGGCTGC

TGG 

 

A subset of the samples in HMP_V3-5 

but sequenced with a different 

primer (221 samples). 

Community composition was 

determined primarily by body 

habitat, with high 

interpersonal variation and 

minimal temporal variability. 

(Human 
Microbio
me 
Project 
Consortiu
m. 2012) 

Dense_timeseries V4 

GTGCCAGCMGCCG

CGGTAA 

Illumina 

Hi-Seq 

2000 

PowerSoil Kit 

(MoBio) 

92.07% FWD:GTGCCAGCMGCC

GCGGTAA;  

REV:GGACTACHVGGGT

WTCTAAT 

Two adults at 4 body sites (feces, 

tongue, palms, and forehead) over 

396 timepoints. 

Despite stable differences 

between body sites and 

individuals, there is 

pronounced variability in an 

individual’s microbiota across 

months, weeks and even days. 

(Caporaso 

et al. 

2011) 

US_infant_timeseries V2 

TGCTGCCTCCCGTA

GGAGT 

454 FLX 

Phenol:Chlor

oform:Isoam

yl alcohol 

extraction 

with bead-

beating 

91.22% FWD:GCCTTGCCAGCCC

GCTCAGTCAGAGTTTGA

TCCTGGCTCAG 

REV:TGCTGCCTCCCGTA

GGAGT 

Fecal microbiota from a single infant 

sampled regularly during the first 2.3 

years of life and a single fecal sample 

from the infant’s mother. The infant 

was breast-fed exclusively until day 

134, when solid food was first 

introduced. On day 161, the child was 

first given infant formula. 

Infant microbiota developed to 

a state resembling the mother 

over a smooth temporal 

gradient, punctuated by a 

dramatic reversion and quick 

recovery following treatment 

with the broad-spectrum 

antibiotic cefdinir. 

(Koenig et 

al. 2011) 

Global_gut V4 

CCGGACTACHVGGG

TWTCTAAT 

 

Illumina 

Hi-Seq 

2000 

Phenol:Chlor

oform:Isoam

yl alcohol 

extraction 

with bead-

beating 

93.65% FWD:TTACCGCGGCKGC

TGGCAC 

REV:GGACTACHVGGGT

WTCTAAT 

Fecal samples obtained at a single 

timepoint from 531 individuals, aged 

0-83 years, from the USA, the 

Amazonas state of Venezuela, and 

Malawi. 

Stratification by age and 

country, with USA particularly 

distinct. 

(Yatsunen

ko et al. 

2012) 

Italy/Burkina Faso V5-6 

AGGATTAGATACCC

TKGGTA 

454 

Titanium Phenol:Chlor

oform 

extraction 

91.12% 

FWD:CRRCACGAGCTGA

CGAC 

REV:AGGATTAGATACCC

TGGTA 

Single time point fecal sample 

obtained from 29 children, aged 0-6 

years, from Italy and Burkina Faso. 

Stratification by country. 

(De 

Filippo et 

al. 2010) 
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Diet_enterotypes V2 

CTGCTGCCTYCCGTA 

454 

Titanium PowerSoil Kit 

(MoBio) 

94.13% FWD:AGAGTTTGATCCT

GGCTCAG  

REV:CTGCTGCCTYCCGT

A 

Fecal samples from 98 individuals 

with long-term diet inventories and 

from a 10 day controlled-feeding 

study of 10 subjects initiating a high-

fat/low-fiber or low-fat/high-fiber 

diet. 

Strong association of fecal 

microbiota with long-term 

diets, particularly protein and 

animal fat (Bacteroides) versus 

carbohydrates (Prevotella), but 

relatively little change over 10 

days controlled feeding trials. 

(Wu et al. 

2011) 

Pregnant_women V2 

TGCTGCCTCCCGTA

GGAGT 

454 

Titanium 

and FLX 

PowerSoil Kit 

(MoBio) and 

Roller-milling 

89.80% FWD:AGAGTTTGATCCT

GGCTCAG 

REV: GCTGCCTCCCGTA- 

GGAGT 

 

Fecal samples from pregnant women 

during their first and third trimesters, 

from their infants and from the 

mother one month post delivery. 

Gut microbiota changed 

dramatically from the first to 

third trimester, with a an 

overall increase in 

Proteobacteria and 

Actinobacteria, and reduced 

richness. Signs of inflammation 

and energy loss were apparent 

in the third trimester. 

(Koren et 

al. 2012) 

Newborns_and_mot

hers 

V2 

TGCTGCCTCCCGTA

GGAGT 

454 FLX 

PowerSoil Kit 

(MoBio) 

91.48% 

FWD:GCCTTGCCAGCCC

GCTCAGTCAGAGTTTGA

TCCTGGCTCAG 

REV:TGCTGCCTCCCGTA

GGAGT 

Bacterial communities from mothers 

and their newborn babies, four born 

vaginally and six born via Cesarean 

section. Mothers’ skin, oral mucosa, 

and vagina were sampled 1 h before 

delivery, and neonates’ skin, oral 

mucosa, and nasopharyngeal aspirate 

were sampled <5 min, and meconium 

<24 h, after delivery. 

Neonates harbored bacterial 

communities that were 

undifferentiated across 

multiple body habitats, 

regardless of delivery mode. 

(Domingu

ez-Bello 

et al. 

2010) 

Obese_twins V2 

TGCTGCCTCCCGTA

GGAGT 

454 FLX 

Phenol:Chlor

oform:Isoam

yl alcohol 

extraction 

with bead-

beating 

79.98% FWD:GCCTTGCCAGCCC

GCTCAGTCAGAGTTTGA

TCCTGGCTCAG 

REV:TGCTGCCTCCCGTA

GGAGT 

Fecal samples from Obese, 

overweight, and lean twin pairs and 

their mothers. 

No strong clustering by obesity 

status with the whole 

communities, but specific 

differentiating taxa identified, 

including an increased relative 

abundance of Bacteroidetes in 

lean. 

(Turnbaug

h et al. 

2009) 

Antibiotic_timeseries V1-3 

GGTACCGCGGCKGC

TGGCAC 

454 

Titanium 

 

QIAamp DNA 

stool minikit 

(Qiagen) 

with bead-

beating 

94.95% FWD:AGAGTTYGATYMT

GGCTYAG 

REV:TACCGCGGCKGCTG

GCAC 

Three individuals living in the USA 

sampled repeatedly over a 10 month 

period during which time they 

received two 5 day long courses of 

ciprofloxacin 6 months apart (52 to 

56 samples per subject). 

Variable degrees of 

disturbance and recovery to 

alternate equilibrium states. 

(Dethlefse

n and 

Relman 

2011) 

IBD_twins V6 

CRRCACGAGCTGAC

GAC 

454 FLX PowerSoil Kit 

(MoBio) 76.77% FWD:AGGATTAGATACC

CTGGTA 

REV:CRRCACGAGCTGAC

GAC 

Fecal samples from a cohort of 40 

twin pairs concordant or discordant 

for Crohn’s disease or ulcerative 

colitis. 

A particularly large divergence 

noted with Ileal Crohn’s 

disease. 

(Willing et 

al. 2010) 

Family_study V2 

TGCTGCCTCCCGTA

GGAGT 

Illumina 

Hi-Seq 

2000 

PowerSoil Kit 

(MoBio) 86.33% 

(stool) 

FWD:GCCTTGCCAGCCC

GCTCAGTCAGAGTTTGA

TCCTGGCTCAG; 

REV:TGCTGCCTCCCGTA

GGAGT 

Fecal, oral, and skin microbiota from 

60 families (spousal units with 

children, dogs, both, or neither).  

Household members, 

particularly couples, shared 

more of their microbiota than 

individuals from different 

households, with stronger 

effects of co-habitation on skin 

than oral or fecal microbiota. 

(Song et 

al. 2013) 
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