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Purpose: This document aims to provide a brief review of the salient literature to inform
study design for researchers interested in the microbiome in general and fecal
transplantation in particular.
Motive: Human microbiome research has become a topic of great interest among
clinical and basic science researchers because of the strong associations between the
composition of this microbial ecosystem and human health. The opportunity to
understand these associations and potentially improve health outcomes through
manipulations such as fecal microbiota transplantation is a particularly intriguing
prospect. Catalyzing this research is a core component of OpenBiome’s mission.
Introduction to the Human Microbiome
In adults, bacterial cells are known to outnumber human cells by a factor of 10, and the
cumulative number of bacterial genes exceed those in the human genome by a factor
of 100.2 Both gut microbial density and diversity increase from the stomach (10
microbial cells per gram content) to the colon (1012 cells per gram) as well as from the
epithelial surfaces to the lumen.4 “Normal” gut microbiota are comprised
predominantly of anaerobic bacteria, with a total of 500-1000 species belonging to
only a few bacterial phyla. Firmicutes and Bacteroidetes are the most abundant phyla
in the gut whereas Proteobacteria, Actinobacteria, Fusobacteria, Verrumicrobia, and
Cyanobacteria are observed at low abundance. Colonization of the gut begins at
birth, and the process of microbial community assembly is shaped by many factors
including diet,5 environmental conditions,6 antibiotic use,7 and host genetics.8
16S rRNA as a biomarker
The 16S rRNA gene is favored as a molecular marker for interrogating bacterial
communities due to its nearly universal distribution among bacteria coupled with a
divergence that provides useful phylogenetic information about its bacterial host. The
16S rRNA gene is highly conserved, which affords effective target sites for binding of
universal primers in polymerase chain reactions (PCRs) to generate multiple copies for
sequencing. Yet, the gene also contains nine hypervariable regions across its full length,
which supports species-specific differentiation. The development of low-cost, highthroughput sequencing technologies has enabled researchers to rapidly generate and
analyze hundreds of thousands of 16S rRNA sequence reads from a single sample,
providing a window into the relative abundances of bacteria present in a given
sample. This analysis can provide a valuable secondary endpoint for clinical trials and
also enable the discovery of hidden subpopulations enrolled in studies that may
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respond differently to fecal microbiota transplantation or other microbiome-based
therapies
Sampling and Sequencing Logistics
For clinicians interested in examining the microbiome in clinical study, the following best
practices should be considered during study design:
1. Research on human subjects must have an approved Institutional Review Board
(IRB) application filed with every study site.
2. Samples can be stored in a variety of fixative agents to preserve community
composition. OpenBiome can provide collection kits for patients with RNAlater
which allows samples to be stored at room temperature for up to one week after
collection, facilitating at home collection as needed. Alternatively, samples can
be stored in glycerol or ethanol solutions if frozen immediately. A single fixative
should be used for an entire study.
3. Samples should be aliquoted and frozen at -80°C as soon as possible after
collection (up to one week if stored in RNAlater). Freeze-thaw cycles should be
eliminated. Once a sample is frozen, it should remain frozen until sequencing.
4. There are significant batch effects when sequencing is performed. As a result, it is
strongly preferable to collect all samples for an entire study and sequence them
once at the conclusion of the study in a single batch. This avoids the
confounding of batch-effects in downstream analysis.
5. Stool contains an enormous amount of bacterial DNA. A single gram suspended
in 5 ml of buffer is more than sufficient for most applications.
6. Although there are a few standard analyses that most groups perform with 16S
rRNA data (such as comparison of diversity and similarity metrics) we strongly
encourage you to work closely with a bioinformatician to think carefully and
creatively about other analyses that you can use to extract clinically informative
insights from your data.
For researchers conducting the sequencing, we recommend the following
methodological controls:
1. Perform all laboratory work in an irradiated, laminar flow hood and wear
personal protective equipment to prevent sample contamination.
2. Incorporate both chemical and mechanical lysis into DNA extraction protocol to
ensure maximal sample lysis.
3. Perform triplicate PCR reactions per sample to minimize amplification bias, and
include a no-template negative control with each PCR plate to detect
contamination. Rerun PCRs until all negative controls are clear.
4. Use error-correcting barcodes attached to the 5’ end of the primers to label
sequences during PCR and enable subsequent tracing of all sequences back to
sample identities. Error-correction based on a coding algorithm (e.g., Golay or
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Hamming) permits assignment of a sequence to sample origin even if a single
substitution error were to occur in the barcode during sequencing.
5. Sequence all samples together in the same run to prevent the introduction of
systematic bias between sequencing runs or platforms.
6. For many sequencing platforms, the tail of sequence reads often exhibit poorer
quality than the beginning of the read. Design primers to produce amplicons of
such length that after paired-end sequencing, the tails of both reads overlap,
thereby permitting the overlapped region to be used in quality checking (i.e.,
the overlapped region should be identical).
For bioinformaticians involved in sequence analysis, we recommend the following
basic workflow as a starting point for molecular analysis:
1. Exclude reads that do not pass quality filter thresholds specific to the sequencing
platform.
2. Trim adapter sequences.
3. Error-correct barcodes and discard sequences with irrecoverable or
unrecognizable barcodes.
4. Exclude reads that do not contain primer sequences.
5. Trim barcode and primer sequences.
6. Trim low quality bases at the tail (3’) end of the sequence reads.
7. Exclude reads that are shorter than a minimum length.
8. Exclude sequences that fail to overlap or contain mismatches in the overlapped
region during merging of paired-end reads.
9. Detect and exclude reference-based and de novo chimeras.
10. Exclude sequences that are only observed once in the entire dataset.
11. Exclude operational taxonomic units (OTUs) that are observed only once in the
entire dataset.
12. Depending on the research aims, exclude OTUs that match to chloroplast or
mitochondria.
13. OTU picking and taxonomic assignment can be performed as a closed process
using a reference database or as an open process incorporating both
reference-based and de novo OTU classification.
14. Rarefaction analyses inform whether the achieved sequencing depth was
sufficient to recover the majority of the microbial diversity in the original samples.
15. Data visualization can be done using ordination or hierarchical clustering.
16. Statistical testing identifies significant differences between putative clusters.
17. Where microbial alpha diversity indices are of interest (e.g., Shannon’s diversity
index), generalized linear or additive mixed models evaluate the relative
significance of various fixed and random effects in explaining variation in the
outcomes data.
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18. Where microbial beta diversity indices are of interest (e.g., distance matrices),
Partial Mantel and Multiple Matrix Regression with Randomization46 tests
determine the relative significance of various fixed and random effects in
explaining variation in the outcomes data.
19. Machine learning algorithms such as Random Forests can be trained to identify
classes (e.g., healthy vs diseased) based on distinct features (e.g., relative
abundance of Lactobaccili). Trained models can subsequently be applied to
new data in a discriminant analysis to suggest sample classification (e.g., healthy
vs diseased).
Diseases associated with the microbiome
As human microbiome research has flourished under methodological advances,14
arguably the most exciting findings have centered on the extensive impacts that
microbiota can have on host health and disease. Microbiota mediate a number of
human physiological processes including metabolism,15 gut development,16 adiposity,17
behavior,18 and immune function.19 As a result, gut microbiota are implicated in the
pathogenesis of many diseases including metabolic syndrome,20 type 2 diabetes,21
food allergies,22 inflammatory bowel disease,23 cancer,24 and several more spanning
both local and systemic levels.
The use of germ-free mice in microbial colonization experiments has been especially
powerful in determining the transmissibility of putative, microbial-mediated phenotypes,
thereby providing insights into causal relationships. From these studies, microbiota are
known to decrease bone-mass density,25 enhance postnatal gut angiogenesis,26 and
support development of robust immune responses to pathogen infection.27 Microbial
production of short-chain fatty acids from dietary carbohydrates modulates energy
availability,28 water absorption,29 gut motility and wound healing,30 as well as fat
storage.31,32 Furthermore, obesity is transmissible through transplant of gut microbiota
from obese mice to germ-free mice, and leanness is inducible through co-housing and
sharing of microbiota between lean and obese mice on the same diet.33 Thus,
microbiota are increasingly recognized as pervasive symbionts with significant capacity
to impact host growth, development, and condition.
Dysbiosis of the gut microbiota refers to imbalances in gut microbiology, including
deviations from the general species richness, relative abundance, and functional
capacity observed in “healthy” individuals. Patients diagnosed with recurrent
Clostridum difficile infections (CDI),34 inflammatory bowel disease,35 irritable bowel
syndrome,36 celiac Disease,37 alcoholic liver disease,38 and a growing number of other
disorders being studied exhibit dysbiotic gut microbiota. These patterns have prompted
investigations into modulation of the microbiota as a therapeutic avenue, and efforts to
do so have encompassed dietary changes; supplementation with prebiotics, probiotics,
and synbiotics; as well as fecal microbiota transplantation.
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