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Abstract  1 

 2 

Robust evidence on relationships between the human microbiome and health is critical 3 

for understanding and improving the human condition. However, there is little 4 

information about methodological approaches to combine and analyze multiple 5 

microbiome (16S amplicon) datasets. To address this gap, we conducted a scoping 6 

review of studies that combined 16S sequencing data from multiple sources to 7 

understand the objectives, data sources and selection, bioinformatics, and analyses. 8 

References were identified through a systematic search of literature published between 9 

January 2011 and April 2026. Our final review included 136 articles. Despite the wide-10 

spread use of the word “meta-analysis,” we found that only two-thirds of studies used a 11 

systematic process to select their dataset and 20% applied a statistical meta-analysis. 12 

Most studies (79%) combined datasets from multiple disjoint hypervariable regions. The 13 

number of hypervariable regions combined was not associated with the bioinformatic 14 

methods, but bioinformatics and the number of hypervariable regions influenced 15 

analytical resolution. Our results suggest the microbiome community needs to examine 16 

the terminology and analytic approaches for combining datasets; that additional work is 17 

needed to explore the impact of data source on bias in combined studies; and 18 

evaluation of methods used for feature table construction across disjoint regions is 19 

needed. 20 

 21 
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Keywords: meta research; microbiome; meta-analysis; scoping review; 16S 22 

sequencing; human microbiome 23 
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Introduction 25 

The human microbiome is hypothesized to play a critical role in health, affecting 26 

development, metabolism, and the immune system. 1–3 Many of these conclusions are 27 

based on small, single center studies, limiting their generalizability. Understanding the 28 

role of the microbiome in health and moving forward interventions requires stronger 29 

evidence, such as that derived from evidence synthesis studies like systematic reviews 30 

and meta-analyses. However, such studies often fail to reproduce the findings of smaller 31 

studies, or they find taxonomic associations among such broad clades (i.e. class, 32 

phylum) that mechanistic inference is limited.4–7 Synthesis studies rarely mention the 33 

effect of analytical choices of the included studies on the observed results, despite 34 

limited interoperability between commonly used taxonomic databases8–11 and different 35 

differential abundance methods producing different results on the same dataset.12 The 36 

inconsistencies noted in synthesis studies may therefore reflect analytical choices rather 37 

true biological variation.8–11 38 

 39 

Re-analysis of previously published primary data (sequences and participant data) 40 

using a common bioinformatic pipeline and statistical approach is an ideal approach to 41 

evidence synthesis, however, this proposition is complicated by heterogeneity in extant 42 

datasets and published studies. Each step in sample collection, processing, 43 

amplification, sequencing, and bioinformatics influences the observed microbial 44 

community.12,13 For example, microbiome characterization using the 16S rRNA gene 45 

often relies on short amplicons that target a fragment of the full gene.14,15 Primer pairs 46 
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used to amplify different regions have different specificities and taxonomic resolutions; 47 

the “optimal” primer pair for a study depends on the research question.14–17 While 48 

standardization is an oft-proposed goal, there are concerns that standardization may 49 

result in under-evaluated bias.13 Thus, re-analysis of primary data necessitates 50 

harmonization across multiple non-overlapping fragments of the 16S rRNA gene. There 51 

are multiple possible bioinformatic strategies that might be used to address the 52 

challenge of harmonization, each with benefits and drawbacks (Table S1). While these 53 

approaches are common in microbiome analysis, little work has been done to 54 

characterize how researchers are applying these approaches in the context of 55 

combining multiple datasets.  56 

 57 

To address this gap, we conducted a scoping review of studies that combined multiple 58 

primary 16S rRNA datasets and analyzed them together. Our goals were to describe the 59 

studies and how they selected and acquired specific datasets, how 16S data were 60 

harmonized across datasets, and what statistical methods were used to combine 61 

datasets.  62 

 63 

Methods 64 

Search Strategy and Screening. 65 

We did not pre-register a study protocol. 66 
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Our search focused on three concepts: sequencing of the 16S rRNA gene; the human 67 

microbiome; and data combination (Supplemental File 1). References were limited to 68 

those published between January 2011 and April 2026. We considered Andersson et al, 69 

200818 to be the first human microbiome study with next generation sequencing 70 

techniques; our 2011 start year therefore allowed time for studies combining multiple 71 

16S sequencing datasets to be published. References were identified through a 72 

systematic search of PubMed, Embase, Scopus, Web of Science, and the Cochrane 73 

library, performed on June 9, 2022. A second search of PubMed and Web of Science 74 

was performed in April 2026. Embase and Scopus were excluded as the AI 75 

supplementation to their search substantially degraded the results. 76 

 77 

References were screened through Covidence (Melbourne, Australia) with a two-step 78 

process. References were excluded at the title and abstract stage if they were a 79 

commentary, perspective, or erratum; did not include primary sequence analysis (e.g. 80 

systematic reviews); or represented a single 16S sequencing dataset. Title-abstract 81 

screening was performed independently by two reviewers (YC, TL, MC, KM, CM or 82 

JWD). In full text screening, eligible articles were peer reviewed studies, written in 83 

English, focused on the combination of 16S rRNA sequencing data of microbial 84 

communities from multiple sources (labs or published studies), and studies which 85 

included human samples. During extraction, articles suspected of being written with 86 

generative AI were also excluded.  87 

Full text screening was performed independently by two reviewers (YC, MC, KM, JDW, 88 

CM, or JWD). In both title-abstract and full-text screening, conflicts were resolved by a 89 
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senior third-party reviewer (JWD, JDW, or MC) through group discussion and mutual 90 

consensus.  91 

 92 

Data Extraction 93 

We extracted information on the goal of combining 16S data, characteristics of the 94 

datasets included, feature table construction, and statistical analyses from each paper. 95 

Information was extracted using a structured form in Qualtrics (Qualtrics, Provo, Utah, 96 

USA). The full extraction form can be found on Zenodo.19 Extractors used the term 97 

"meta-analysis" as short hand for the pooling of per dataset summary statistics. 98 

 99 

In the first round, data extraction was performed by two independent reviewers (ZL, YC, 100 

YG,  JWD). Reviewers trained on a common set of four articles and discrepancies were 101 

discussed. Inter-reviewer correlations were checked regularly, and all four reviewers 102 

met to discuss questions about the papers. The agreement between independent 103 

extractors in the first round was greater than 82.5%. Conflicts were resolved by a third 104 

reviewer who had access to the responses of the previous two reviewers. Compiled 105 

results were reviewed by an expert reviewer (JWD) with at least six months of 106 

separation from the original extraction. In the second round of extractions, two 107 

reviewers (JWD, CM) extracted all articles. Conflicts were resolved by consensus with 108 

specific textual documentation for the observation. The results of the data extraction 109 

were assembled using the pandas library (v1.2.5) in python 3.8.11.20,21 110 

 111 
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Synthesis of Results 112 

All analyses were conducted in R (v4.2.2) with tidyverse (v2.0.0); plots were made with 113 

the ComplexUpset library (v1.3.3); other figures were made using ggplot2 (v3.5.1)22–26. 114 

Analyses were primarily descriptive. Associations between the number of hypervariable 115 

regions assessed, feature table construction method, and taxonomic level for analysis 116 

were tested with Fisher’s exact tests. An alpha value of <0.05 was considered 117 

statistically significant.  118 

 119 

Results 120 

Our review focused on articles which combined primary data from multiple 16S rRNA 121 

sequencing datasets. Using a systematic search strategy, we identified 1524 references 122 

for evaluation, of which 996 were excluded at the title and abstract stage and an 123 

additional 400 were excluded at full text screening. We extracted and summarized 136 124 

articles, although not all articles were relevant to all topics analyzed here (Figure 1, 125 

Table 1, Table S2).19 The rate of publication increased over time, with the majority of 126 

studies published after 2017 (Figure S1). Studies were designed with several scientific 127 

goals, although most focused on a microbiome-outcome (n=102, 75%) or microbiome-128 

exposure (n=31, 23%) association (Table 1).  Eighteen studies included validation 129 

datasets (range 1-6). Three included only one dataset in their primary analysis also 130 

included at least one validation dataset.27–29 131 

 132 

ACCEPTED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/ajeadvances/advance-article/doi/10.1093/ajeadv/uuag029/8739785 by guest on 27 July 2026



 

 11 

Dataset Selection and Description  133 

We also abstracted information about how the studies identified datasets to include in 134 

their analysis, and how they described these datasets in the text. Of our original 136 135 

studies, we chose to focus on cases where this was most relevant: research focused on 136 

a microbiome-exposure or microbiome-outcome relationship analyses of humans only 137 

or humans and non-human hosts. This left us with a total of 125 relevant studies. Ninety 138 

percent (113/125) of articles had the words “meta anal*” or “meta-anal*” in either the title 139 

or abstract. Most studies (n= 81, 65%) reported a systematic approach for dataset 140 

identification and inclusion; 50 included a PRISMA diagram (Table S3). While all 125 141 

articles included at least some description of the datasets they included, reporting 142 

varied greatly, with 85% of studies (n=106) identifying the hypervariable used in their 143 

analysis, but only 24 (19%) describing sample collection.  144 

 145 

Dataset Sources 146 

The microbiome community has emphasized the importance of publicly available data 147 

to support robust and reproducible research.30,31 Therefore, we were interested in where 148 

included studies found their datasets (Figure 2, Table S4). Data access is not related to 149 

study design or research question, so we included all 136 studies. The majority (n=108; 150 

79%) used at least one publicly available data source, such as the European Nucleotide 151 

Archive (ENA), or Sequence Read Archive (SRA). There were 62 (46%) studies that 152 

used closed data sources, including datasets from the authors of the combined study or 153 

requests to the authors of the original dataset. Overall, we found 54 (40%) studies that 154 
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used only open data sources, while 36 (26%) studies required the authors to request 155 

additional information about a previously published dataset.  156 

 157 

Sequencing Platforms and Hypervariable Regions  158 

The technical parameters used to sequence the data were heterogeneous, which likely 159 

influences how 16S data were harmonized to produce a common feature table. While 160 

factors like sample collection and extraction are known to create biases in observed 161 

microbial communities,15 they should not substantially influence bioinformatic 162 

processing. We anticipated sequencing platform and hypervariable regions would 163 

influence dataset processing and harmonization.14 Among the 136 total studies 164 

reviewed, 28 (21%) did not specify their sequencing platforms. A total of 53 (39%) 165 

included datasets sequenced using  the Roche 454 pyrosequencer; 102 (75%) included 166 

datasets amplified with Illumina and 20 studies (15%) had datasets amplified with Ion 167 

Torrent. Table S5 summarizes the observed combinations of sequencing platforms. 168 

 169 

Previous research has shown that amplicons from different hypervariable regions within 170 

the same organism are not directly comparable, due to both the underlying biological 171 

functions of the 16S rRNA gene and technical biases introduced during DNA 172 

amplification, sequencing, and bioinformatic processing.14 Additionally, the 173 

hypervariable region can have a large impact on the observed community, often 174 

exceeding the effect of biologically relevant factors.32,33 Over 80% (n=115/136) of the 175 

total included studies reported the hypervariable regions amplified in their datasets 176 
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(Figure 3). We found 24 (21%) of studies included data from only one hypervariable 177 

region; 41(36%) used datasets which targeted two or three hypervariable regions, and 178 

50 (43%) included datasets from four or more regions. The most common hypervariable 179 

region included was V4 which was included in 94 of the studies (82% of the 115 studies 180 

with described hypervariable regions). Primers targeting the V3V4 and V1V2 regions 181 

were also common, present in 88 and 44 studies, respectively.  182 

 183 

Feature Table Construction Methods 184 

Combining 16S sequencing data across multiple, disjoint hypervariable regions is 185 

challenging. One major goal in feature table construction is to harmonize the regional 186 

sequence identifiers in such a way that the same organism shares a common identifier 187 

across disjoint regions. This decision involves a balance between retaining high 188 

sequence-based resolution, which provides more precision and allows the use of 189 

phylogenetic techniques 34; or working with data collapsed to a common taxonomic 190 

annotation, a choice which may decrease dataset-specific technical biases but may also 191 

obfuscate true ecological differences between microbial communities (Table S1).33 Six 192 

out of our total 136 studies, 6 (4%) did not process their data with consistent pipelines, 193 

two studies did not include a taxonomic analysis, and the table processing was unclear 194 

for nine studies. Of the remaining 119 studies, closed reference operational taxonomic 195 

units (OTU) clustering (n=26, 22%), de novo OTU clustering (n=20, 17%), and 196 

denoising to amplicon sequence variants (ASVs; n=55, 46%) were the most common 197 

methods, although this varied over time (Table S6, Figure S2).  198 
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We specifically wanted to understand how the feature table construction method and 199 

number of hypervariable regions would influence the taxonomic resolution used in 200 

analysis. Table S1 highlights the relationship between these factors. We hypothesized 201 

studies that used feature table construction techniques that generated common feature 202 

identifiers across multiple disjoint hypervariable regions (e.g. closed reference OTU 203 

clustering) would be more likely to analyze with feature-level precision compared to 204 

those harmonizing using a technique that does not provide feature-level identifiers 205 

across multiple regions (e.g. ASVs, de novo OTUs), as this approach requires the data 206 

to be collapsed to a higher taxonomic level, sacrificing precision. We also hypothesized 207 

this might depend on the type of analysis being performed and its cross regional validity.  208 

 209 

We identified 84 studies which used either closed reference OTU clustering (n=19; 210 

common features across multiple regions) or generated region-specific identifiers (n=65; 211 

de novo OTUs and ASVs), provided a defined number of hypervariable regions, and 212 

conducted alpha diversity (n=71; feature identifier agnostic), beta diversity (n=66; 213 

common identifier needed), and/or differential abundance (n=73; common identifier 214 

needed) analyses. We did not identify a statistically signification association between 215 

the number of hypervariable regions combined and the table construction method (Table 216 

S7). Studies which constructed an ASV table or did de novo OTU clustering were less 217 

likely to include beta diversity , (Table S6, p<0.01). Comparing the number of regions 218 

and feature table construction method by analysis, we found analyses conducted with 219 

ASVs or de novo OTUs were significantly more likely to conduct multi-region analyses 220 
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with collapsed data, but the same was not true for analyzed using closed reference 221 

clustering to scaffold the regions (Table 2). 222 

 223 

Analyses  224 

We explored the analyses conducted and how multiple datasets were combined 225 

statistically. In describing analyses, we used the 125 articles which were focused on 226 

humans only or humans and another non-human host and which were interested in 227 

microbiome-outcome or microbiome-exposure relationships. The most common 228 

analyses were alpha diversity (n=101, 81%), beta diversity (n=102, 82%), differential 229 

abundance testing for individual organisms (n=105, 84%), and sample classification 230 

(n=62, 50%; Figure 4, Table S8). Studies performed a median of four types of analyses 231 

(IQR 3 - 5 analyses) with 98 studies using three or more analytical techniques. For the 232 

three most common inference-based analyses (alpha diversity, beta diversity, differential 233 

abundance), we looked at the statistical techniques used for combining datasets across 234 

our analyses (Table S9). We classified inference approaches into five categories: (i) no 235 

acknowledgement of dataset; (ii) parallel analysis without pooling; (iii) adjustment for 236 

dataset or pooling; (iv) other analyses, for example, adjustment for technical effects, 237 

and (v) analyses not described (Table 3; Figure S3; Table S10-S13). We did not 238 

consider an adjustment for batch effects (e.g. ComBat) to be a statistical method to 239 

correct dataset, as the efficacy of these methods depend on the metric being 240 

characterized. Among the statistical analyses, 38% of alpha diversity, 27% of beta 241 

diversity, and 27% of differential abundance studies did not account for the dataset 242 
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effect . Interestingly, 9 studies showed ordinations by study and 15 studies performed 243 

beta diversity testing by dataset, which may not be appropriate given ordination and 244 

measures from commonly used tests are not directly comparable.  245 

 246 

According to the strictest definitions, a statistical meta-analysis is defined as the pooling 247 

of effect size estimates. 35,36 With this definition in mind, we consider statistical meta 248 

analysis only possible for alpha diversity and differential abundance, which produce 249 

generalizable point estimates. While 81 of 89  eligible papers (91%) included "meta-250 

analysis" in the title or abstract, only 29 (33%) did a strict statistical meta-analysis (Table 251 

S14). A broader definition of "meta-analysis" allows the pooling of data or estimates with 252 

some adjustment for datasets; this can be applied to all three of our analyses. 37,38 Of 253 

112 eligible studies, 102 (91%) were identified as meta-analyses, and 72 (64%) 254 

performed at least one analysis that adjusted for dataset differences (Table S14). 255 

 256 

Predictive sample classification was performed in 63 studies. Unlike inferential statistics, 257 

sample classification does not provide an effect estimate that could be comparable 258 

through a meta-analytical framework; instead study effects are considered through 259 

either cross validation within the training set or independent validation of the classifier 260 

on a new dataset. We found the majority (n=34, 54%) of studies which built a classifier 261 

trained it on multiple datasets or used cross validation. Nineteen studies (30%) trained 262 

without considering dataset; one study contained two analyses which trained classifiers 263 

on a single dataset for one outcome and ignored dataset effects in the second;39 one 264 
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study combined datasets only to validate their classifier;28five  and five studies did not 265 

describe how the classifier was trained. However, we found only 14 studies validated 266 

their classifier on independent datasets, potentially limiting the generalizability of their 267 

results.40 268 

 269 

Discussion 270 

We performed a scoping review of English language peer-reviewed studies of human 271 

microbiome 16S rRNA datasets. While the intention of such studies is often to generate 272 

robust evidence relating the microbiome to an outcome or exposure, more than a 273 

quarter did not use systematic approach to dataset identification. This has the potential 274 

to create unobserved bias, limiting the strength of evidence generated by which can 275 

decrease confidence in the findings of these studies. About 40% of studies used open-276 

source data alone, with the remaining  studies functioning as either consortia or 277 

requiring the authors to request data from the original source. This suggests that while 278 

there may be a robust open data ecosystem in microbiome science, more work may be 279 

needed. We found denoising to ASVs to be the most common table construction 280 

method, followed by closed reference OTU clustering.  While the number of 281 

hypervariable regions included was not associated with the feature table construction 282 

method, studies using ASVs or performing de novo OTU clustering – methods which 283 

were unable to provide common feature-level identifiers across hypervariable regions – 284 

were more likely to have performed taxonomically collapsed. Finally, we found that 285 

analyses often failed to account for the influence of datasets in their analyses. 286 
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One aim of our work was to summarize the re-use of publicly available data in studies 287 

that combined microbiome datasets. In the past decade, there have been increased 288 

calls for data sharing both among microbiome scientists;30,31 from funding agencies;41,42 289 

and across scientific disciplines.43–45 Proponents of publicly available microbiome data 290 

argue that it improves reproducibility, allows innovation, amortizes resources, facilitates 291 

better training, and can improve research equity.31,46–48 However, there are concerns 292 

about data quality, participant privacy, data sovereignty, “scooping”, and feasibility.48–50 293 

Our scoping review provides insight into data re-use patterns across multiple human 294 

microbiome studies, with the caveat that human samples may come with more privacy 295 

concerns than environmental samples. While almost 80% of studies were able to use 296 

some open-source data, only 54 (40%) studies used only publicly available data. Thirty-297 

six studies had to contact the original authors for additional data. However, it is possible 298 

that the studies which focused on open data sources also requested data from authors 299 

but were unable to include it due to a lack of response or time restrictions.31 Both overall 300 

and in the context of absent or non-systematic study inclusion criteria, the process of 301 

requesting data from authors may also create an unobserved bias, since relevant 302 

datasets may have been lost because they could not be accessed. Our results suggest 303 

work is needed to explore the impact of using public data only versus requesting 304 

datasets from the original authors on both observed associations and the 305 

generalizability of findings.  306 

 307 

One of the surprising themes in both our data extraction and conversations within our 308 

interdisciplinary team surrounded the meaning of the word “meta-analysis". There were 309 
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two major points of disagreement in this discussion: first, whether "meta-analysis" was 310 

restricted to a statistical combination of summary statistics or could include the re-311 

analysis of primary data; and second, whether meta-analysis required a systematic 312 

approach to dataset selection.  313 

 314 

Many researchers in fields like genetics, epidemiology, and medicine, have a strict 315 

concept of “meta-analysis.” The narrowest definitions define a “meta-analysis” as a 316 

statistical aggregation of dataset-specific estimates.35 Some expanded definitions to 317 

allow for other statistical methods or results not presented in the original study, for 318 

example, within the individual participant data framework.37,38 Geneticists, in contrast, 319 

disambiguate analyses of primary data as “mega-analyses”.36 While not strictly 320 

necessary under the restricted statistical framework definition, in many fields the idea of 321 

a meta-analysis is intimately tied to a rigorous, systematic approach to dataset 322 

inclusion, description and analysis. The Cochrane guidelines35,37 and others51,52 caution 323 

researchers against conducting meta-analyses without a systematic approach,35,37 324 

which is designed to facilitate a more comprehensive understanding of the review topic, 325 

limit bias, enhance transparency, and improve replicability of the review process.53 For 326 

many readers, the term “meta-analysis” may presupposes this process, with 327 

implications for the thoroughness and comprehensiveness of the evidence included and 328 

conclusions drawn.  329 

 330 
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In contrast, we found four prevailing definitions of “meta-analysis” in the microbiome 331 

literature. These ran the gamut from a re-analysis of primary datasets generated under 332 

a common protocol; to a systematic search, extraction of estimates, and statistical 333 

aggregation of results (Table 4). By the strictest definition, statistical meta-analyses 334 

were also rare, although a more relaxed was seen in almost two thirds or papers. Our 335 

results suggest the microbiome field needs to clarify the definition of "meta-analysis" 336 

and possibly align it more closely to what is seen in closely related disciplines. While we 337 

hesitate to suggest terms, microbiome literature might benefit from disambiguation 338 

between aggregate statistics and re-analysis of primary data. Choosing alternative 339 

terms for studies interested in combing data for other objectives like replication or 340 

contextualization might also benefit from alternative language. The development of a 341 

microbiome-specific PRISMA guideline, like the STROBE-metagenomics checklist,54 342 

STORMS checklist,55 the PRISMA EcoEvo extension,56 or PRISMA individual participant 343 

data extension56 could provide a framework for robust evidence synthesis. These 344 

solutions will require community buy-in from funders, researchers, editors, and journals. 345 

While we, as a small group of researchers, can propose terms, a cross-community 346 

working group would be required to finalize guidelines. In the interim, we recommend 347 

readers carefully examine the study methods to understand how studies were gathered 348 

and to determine if a study presented as a meta-analysis is, in fact, systematic, whether 349 

a systematic approach matters for the application in question, and to consider how this 350 

may affect the quality of evidence relative to their own research question. 351 

 352 
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Our work has some limitations. The goal of this analysis was descriptive: we wanted to 353 

understand the ways in which microbiome datasets were combined. We did not 354 

evaluate the efficacy of the methods for minimizing study effects in data combination. As 355 

such, considerations like primer trimming, qualify filtering, algorithm-specific processing 356 

parameters, and normalization techniques like rarefaction, relative abundance scaling, 357 

and compositional transforms are not discussed. While a recently published evaluation 358 

of techniques to combine scaffold datasets may be of interest,57 work based on both 359 

real data and simulations is needed to evaluate the best way to combine multiple 16S 360 

datasets into a single study. We acknowledge the potential for misclassification in our 361 

extraction. Microbiome research is a complex, interdisciplinary field with multiple 362 

analyses combinations and approaches.12,58 There are linguistic differences around how 363 

techniques are described, for example phylotypes and OTUs. This was exacerbated in 364 

our analysis, where studies which included a primary dataset as well as a combination 365 

might conduct certain analyses on that primary dataset but not the combined data.28,59 366 

Additionally, our team found several methods sections to be sparse and occasionally 367 

disjointed, making it difficult to make a clear determination of the methods and analyses 368 

performed. Finally, our results are necessarily limited due to the scope of our work. We 369 

focused on the microbiome characterized using the 16S rRNA genes in samples from 370 

humans. Some of the issues we focused on, like the way multiple short read amplicons 371 

are combined, are specific to amplicon sequencing and will not generalize to other 372 

methods of microbiome characterization, like metagenomics. Future work is needed to 373 

evaluate language and methodology in metagenomics as well as the adoption of 374 

methods to combine 16S and metagenomic data.60 Our results may also be less 375 
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relevant to non-human work, where there may be different concerns around issues like 376 

data sharing, metadata harmonization, or taxonomic database coverage of key 377 

microbes. Finally, our observations are limited by the scope of our work. Our structured 378 

approach ensured that we collected substantial information but may have inadvertently 379 

excluded uncommon protocols.  380 

 381 

In conclusion, we conducted a scoping review of combined studies of the human 382 

microbiome. Our work suggests a need for a  framework for high-quality evidence 383 

synthesis, which is essential for moving the microbiome field forward. We find that while 384 

open-source data are widely used, additional efforts could be made to further adoption. 385 

Our work re-enforces previous understanding of feature table construction methods to 386 

harmonize datasets with disjoint hypervariable regions and primers but begs additional 387 

work into their strengths and limitations.  388 

 389 
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Tables 
Table 1. Characteristics of studies included in this scoping review 

  Total N (%) 

Number of studies included  136 

Analytical purpose of the combined analysisa  

Population synthesis  129 (95) 

Describing a core microbiome  7 (5) 

Replication and validation of previous findings  8 (6) 

Otherb 8 (6) 

Scientific goal of the combined analysisa  

Describe the relationship between the microbiome and an outcome  102 (75) 

Describe the relationship between the microbiome and an exposure  31 (23) 

Studying community Assembly or Dynamics  9 (7) 

To characterize a unique microbiome 8 (6) 

Otherc 8 (6) 

Environment  

Human only 129 (95) 

Human and other animals 3 (2) 

Pan environmental surveys 4 (3%) 

Human body site(s) analyzeda  

Gut 99 (73) 

Oral  16 (12) 

Airway 14 (10) 

Urogenital 14 (10) 

Skin 8 (6) 

Other sites, including biopsies and gastric tissue 9 (7) 

Pan environmental 4 (4) 

Number of datasets included  

≤ 5  39 (29) 

6-10  38 (28) 

11-15  27 (20) 

> 15  27 (20) 

Not reported  5 (4) 

Number of samples included  

< 500  24 (18) 

500-1500  40 (29) 

1501-2500  28 (21) 

>2500  29 (21) 

Not Reported  15 (11) 

Included secondary dataset(s) for validation  18 (13) 

Clear systematic approach for dataset gathering 83 (61) 
aMultiple responses possible; number of papers with this response 
bOther purposes included pan environmental comparisons; methodological assessments; cross species 
comparison; and microbiome-metabolite associations  

cOther goals included characterization of a specific clade in a population; pooling randomized control trials; 
environmental comparison; and methodological assessment 
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Table 2. The relationship between the number of hypervariable regions combined, 
table construction method, and taxonomic collapse  

  All ASVs or de novo OTUs Closed Reference OTUs 

  1 
N(%) 

2 or more 
N(%) 

p 
 

1 
N(%) 

2 or more 
N(%) 

p 
 

1 
N(%) 

2 or 
more 
N(%) 

p 
 

Alpha Diversity 0.03 
  

0.05 
  

1.00 

  feature 15 (21) 41 (57)   11 (20) 29 (54)   4 (22) 12 (67)   

  collapse 0 (0) 16 (22)   0 (0) 14 (26)   0 (0) 2 (11)   

Beta Diversity 
<0.0

1 
  

<0.01 
  

0.53 

  feature 16 (24) 30 (45)   12 (25) 19 (40)   4 (21) 11 (58)   

  collapse 0 (0) 21 (31)   0 (0) 17 (35)   0 (0) 4 (21)   

Differential Abundance 
<0.0

1 
  

0.01 
  

0.19 

  feature 10 (14) 12 (16)   7 (12) 8 (14)   3 (21) 4 (29)   

  collapse 6 (8) 45 (62)   6 (10) 38 (64)   0 (0) 7 (50)   
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Table 3. Dataset adjustment methods by analysis type 

    

All studies 
 

N (%)a 

Meta Analysis in title or 
abstract 
N (%)a 

 
Alpha diversity (n=96) (n=87) 

  Ignore dataset 36 (38) 32 (37) 

  Parallel analysis but no pooling 16 (17) 14 (16) 

  Adjust for dataset 32 (33) 30 (34) 

  Other method 6 (6) 6 (7) 

  Not described 6 (6) 5 (6) 

 Not analyzed 40 37 

Beta Diversity Ordination (n=87) (n=80) 

  Ignore dataset 21 (27) 20 (29) 

  Parallel analysis but no pooling 15 (19) 13 (19) 

  Adjust for dataset 32 (42) 28 (41) 

 Other method 7 (9) 7 (10) 

 Not described 2 (3) 1 (1) 

 Not analyzed 59 55 

Beta diversity statistics (n=77) (n=69) 

  Ignore dataset 21 (27) 20 (29) 

  Parallel analysis but no pooling 15 (19) 13 (19) 

  Adjust for dataset 32 (42) 28 (41) 

  Other method 7 (9) 7 (10) 

 Not described 2 (3) 1 (1) 

 Not analyzed 59 55 

Differential Abundance (n=102) (n=93) 

  Ignore dataset 28 (27) 25 (27) 

  Parallel analysis but no pooling 13 (13) 12 (13) 

  Adjust for dataset 48 (47) 44 (47) 

  Other method 6 (6) 5 (5) 

 Not described 7 (7) 7 (8) 

 Not analyzed 34 31 
aPercentage of studies with the analysis performed; denominator is given in first line of section 
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Table 4. Varying definitions of “meta-analysis” observed in microbiome studies  
 Study protocol Examples 

1 Study processes and analyzes data using a common wet lab and 
bioinformatics protocol, where data were collected for a parent study 
(e.g., a cohort consortium) that encompasses multiple sub-studies with 
potentially different designs, study populations, or study sites. 
 

61,62 

2 Study combines two or more datasets identified without a systematic 
search process. Datasets are combined with a common bioinformatic 
process and analyzed together. Goal of the study is often to provide 
context or validate findings 
  

27,28,63,64 

3 Study identifies datasets through a systematic search process. 
Datasets are combined through a common bioinformatic process and 
analyzed together. 
While not universally true in the current literature, ideally the samples 
included in the dataset are described in a consistent manner, and 
analytical techniques are appropriate for dataset heterogeneity (e.g. 
adjustment for dataset specific effects through a fixed or random effect 
or the statistical pooling of estimates where appropriate for 
measurements).  
 

65–67 

4a Study identifies datasets through a systematic search process. 
Summary statistics are extracted from published articles and combined 
using a statistical meta-analysis framework. 

68–70 

aThis definition was observed during screening, but these articles were not included in our final 
scoping review since we required all included studies combine primary datasets from multiple 
sources. 
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Figure Captions 1 

Figure 1. Selection of studies included in the scoping review 2 

Alt text: A diagram showing the inclusion of studies in the analysis. The inital search 3 

identified 3592 references; 2044 were removed as duplicates. 1524 studies were 4 

screened at the title and abstract stage; 996 were discarded and 556 went through full 5 

text screening. There were 400 studies excluded: 134 without 16S sequencing data; 45 6 

not peer reviewed; 80 did not combine data sets; 5 were sequencing isolates; 8 were 7 

tools or databases; 2 were not in English; 113 did not contain human samples; one 8 

study re-analyzed the same dataset; and the methods section of two studies was 9 

suspected of being AI. The final analysis included 136 studies. 10 
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 11 

  12 
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Figure 2. Upset plot comparing the number of dataset sources used by study 13 

authors. The horizontal bar plot at the left gives the total number of  studies which 14 

included a dataset from a given source; the vertical bar plot shows the number of 15 

studies with for each intersection of dataset sources. Closed data sources have a 16 

shaded background. SRA: Sequence Read Archive 17 

Alt text: An upset plot showing the intersection between data sources used in 18 

manuscripts. There were two closed data sources (consortium, 28 articles total and 19 

request to original authors, 36 articles total) and three open sources (SRA, 105 articles 20 

total; Qiita 9 articles, total; and MG-Rast, 5 articles total). Common data source 21 

combinations included 64 articles with only SRA data; 17 articles with only consortium 22 

data; 24 with SRA data and request to authors; 6 with consortium and SRA data; and 23 

five that only requested data from authors.  24 

 25 
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Figure 3. Hypervariable region combinations included in different studies. The 26 

matrix at the left shows the regions amplified by datasets included in each study; the bar 27 

chart at the right describes the number of studies which included that combination of 28 

hypervariable regions.  29 

Alt text: Combinations of hypervariable regions and number of studies. Heatmap is 30 

arranged by hypervariable position along the 16S gene. The most common 31 

combinations were  32 
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Figure 4. Analyses conducted by individual studies. Upset plot shows the number of 35 

studies which conducted each analysis, and the number of studies which conducted 36 

each combination. 37 

Alt text: The intersection between different analyses. A total of 101 studies analyzed 38 

alpha diversity; 102 total analyzed beta diversity; 105 total performed differential 39 

abundance; and 62 total used a sample classifier. The most common combinations 40 

included 45 studies that did all four analyses; 36 studies that analyzed alpha diversity, 41 

beta diversity, and differential abundance; 8 studies which only performed differential 42 

abundance; and 7 studies which performed alpha diversity, beta diversity, and built a 43 

sample classifier. 44 

 45 

 46 
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Supplementary File 2. PRISMA scoping review checklist  

Supplemental figures 

Figure S1. The number of studies by publication year 

Figure S2. Trends in table construction method by publication year 

Figure S3. Trends in analytical handling of dataset by analysis type 

Supplemental tables 

Table S1. Approaches to 16S rRNA gene harmonization 

Table S2. Summary of included papers 

Table S3. Dataset selection and description in study focused on association between 

the microbiome and outcome or exposure 
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Table S8. Percent of studies performing each analysis in outcome-exposure focused 

studies in humans 

Table S9. Statistical considerations for dataset effects across common microbiome 

analyses 

Table S10. Methods for handling dataset effects in alpha diversity analysis 

Table S11.Methods for handling dataset effects in beta diversity ordination 

Table S12. Methods for handling dataset effects in statistical analyses of beta diversity 

Table S13. Methods for handling dataset effects in differential abundance analysis 

Table S14. Meta-analysis reporting and application 
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