
Abstract: Quantitive bioinformatic studies are a main stay of modern microbiome research. Despite almost 15 
years since the first studies were published, a wide variety of techniques exist for analysis with new techniques 
emerging every year. In this review, we explore the latest developments in sample preservation, extraction, and 
sequencing. We describe new bioinformatic developments in both marker-gene and metagenomic sequencing. 
While these represent novel analytical approaches, in 2020 and beyond, we look forward to better benchmarks 
of the existing tools.  
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INTRODUCTION

The use of non-cultured based approaches to study the microbiome provided us with unprec-
edented ability to understand the complex and vital relationship between humans and their 
commensal organisms. In recent years, the decreasing cost of next generation sequencing has 
exceeded Moore’s law and computational advancements, amplicon-based and whole metag-
enome shotgun sequencing (WGSS) technologies have made large scale microbiome studies 
affordable. However, the interdisciplinary nature of the field has led to the development of 
a series of ad-hoc protocols with no clear gold standard, despite the attempts of several ini-
tiatives, such as the “Microbiome Quality Control project (MQCP)” and “International Human 
Microbiome Standards (IHMS)”1-3. Due to variability among protocols, bias can be added at 
each step of the pipeline, making the data hard to reproduce and interpret4. In the past few 
years, efforts have been made to extend the coverage of commensal organisms (mycobiome 
and virome) and to improve DNA extraction pipeline and the fidelity in sequencing technol-
ogies while decreasing costs per sample. In this review, we aim to show the most relevant 
advances in the field and an overview of each step of the pipeline can be found in Figure 1.  

SAMPLE COLLECTION 

One long-discussed issue in study design is the sample preservation technique, which need 
to be relatively easy to use and provide good conservation to the sample. At the moment, 
RNAlater, OMNIgeneGUT, 95% ethanol, card-devices (such as FOBT) and FIT tubes seem to be 
the best preservation options when immediately freezing is not possible. Although they also 
bring their limitations: OMNIgeneGUT may cause a small shift in bacterial composition; eth-

This work is licensed under a Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License



J.W. Debelius, M. Pereira, L. Engstrand

2

anol requires special handling while shipping and seems to have poor performance in WGSS; 
RNAlater is not suitable for long storage at room temperature; and FOBT and FIT provide 
little biological material (for more detailed evaluation4-8). Therefore, each researcher should 
carefully evaluate the pros and cons of each method, having in mind the particularities of 
their study. 

Another source of bias is the homogenization technique and the issue of repetitive freeze 
and thaw of biological material4,7,9. As mentioned by Wu et al7, a bad homogenization can 
fail to fully capture the microbiome profile since different portions of the stool can vary in 
composition. Furthermore, repetitive freeze and thaw may allow bacterial growth and will 
degrade DNA promoting profile shift, especially when aiming to study long amplicons and 
cDNA libraries. To circumvent such an issue, a promising but not yet well-validated option is 
the use of CryoXtractR (a device that can aliquot frozen samples with the help of a high-speed 
rotation needle7).  	

DNA EXTRACTION

Although studies showed that the inter-individual variation is more prominent than kit 
variation, less effective extraction kits will mask group variability and increase the risk for 
false-negative results. It is currently believed that bead-beating accompanied by chemical 
lysis-based protocols are the best choices since they can provide higher yield, better-quality 
DNA, and a good recovery ratio between gram-positive and gram-negative2-4,10. Notably, kit 
variability issues are mostly related to the recovery of gram-positive bacteria3,4,7 and this is still 
an ongoing issue that requires further development.

The most recent benchmarking papers concluded that Qiagen’s QIAamp Stool Mini kit 
(with or without modifications) was the best protocol for stool extraction among the popu-
lar choices2,11. However, due to the complexity of dysbiosis conditions, the need to combine 
microbiome, virome, and mycobiome analysis has recently been raised. And, when evaluating 

Figure 1. Microbiome analysis pipeline.
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capacity to extract virus and yeast, the literature is quite controversial regarding the results 
obtained with the leading commercial kits12-14. Moreover, not only stool samples are studied 
from the gastrointestinal tract, biopsies and fluids such as pancreatic juice are also tested, 
raising the need for protocol adaptations for lower microbial biomass. Low biomass samples 
are especially affected by the effect of contaminants and high amounts of host DNA15,16. 
The primary source of contamination with foreign DNA – which may mask the real microbi-
ome composition – are extraction reagents and laboratory environments. However, reports 
showed that even PCR reagents and ultrapure water could be a source of contamination10.  

Attempting to overcome some of the limitations mentioned before, the use of suitable 
negative and positive controls is mandatory. The negative control should evaluate the effect 
of extraction reagents and sample buffer separately, and arguments have been made for the 
use of a single organism control rather than a true blank, since a certain number of cells are 
required for detection17. The use of commercially available mock communities is the current 
standard for positive controls in most environments3,18. However, despite a few criticisms, the 
use of a pool of several samples or a chemostat community from in vitro microbial model 
system is a promising alternative, since it would mimic better the reality of the samples ex-
tracted3. 

Finally, high amount of host DNA is also an issue when aiming for WGSS. To overcome the 
issue, the researcher may increase sequencing depth3,19-21 or circumvent the issue using bac-
terial enrichment techniques.  The currently available methods for bacterial enrichment are 
NebNext, QIAamp, HostZERO, and MoLysis kit or lyPMA and Benzonase treatment19-21. These 
kits seem to be highly sensitive to the level of DNA shearing, presence of lysed cells, and con-
servation buffer used, requiring optimization before use. Nonetheless, they are promising 
options for host DNA depletion and should be further studied and optimized.

Altogether, we are still far from a gold standard for sample conservation, homogeniza-
tion, extraction, and even control choice. We hope to see new multicenter benchmark studies 
for a revaluation of best practices. 

SEQUENCE STRATEGIES 

Amplicon based sequencing (16S rRNA sequencing)

The 16s rRNA gene is a standard target for bacterial identification due to its relative univer-
sality, low cost, specificity, and computational tractability and has been the primary method 
for microbiome characterization for the last decade. While the internal transcribed spacer 
(ITS) linker is the primary target for evaluating mycobiome composition22-25, although the 
appropriate ITS region is still under discussion. 

However, amplicon-based methods have some well-known limitations. Amplicon sequenc-
ing is PCR dependent and relies on the universality of primers targeting a hypervariable re-
gion to be able fully cover all species in an environment4,26-28.  

Historically, species and strain level resolution have been a limitation in marker gene se-
quencing. The publication of denoising algorithms such as Dada2, Unoise, and Deblur, in 
2016-2017 provided single nucleotide resolution amplicon sequence variants (ASVs) for Illu-
mina and 454 sequencing29-32. This resolution is often sufficient to find strain-specific differ-
ences in biogeography or behavior in closely related organisms33. However, it brings the sec-
ond challenge in marker gene sequencing: taxonomic annotation. Taxonomic annotation in a 
messy proposition in and of itself, due to differences between morphology-based taxonomic 
classifications and molecular phylogeny34, annotation-based differences between commonly 
used databases35, rapidly changes in organism naming (including a 2020 updated to genus 
Lactobacillus)36. 

The 2018 release of the Genome Taxonomy Database (GTDB) proposed a new naming 
scheme for organisms based on phylogenetic relationships to improve concordance between 
name and clade34. It provides a more standard naming scheme for newly introduced organ-
isms and a toolkit for classification37. These annotations were incorporated into the last two 
releases of the popular Silva database38.  A 2020 preprint expands the GTDB to provide im-
proved Archeal taxonomy39. Although these improvements provide a framework going for-
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ward, extensive work is required to improve annotation on currently uncultured organisms, 
likely through the development of a culture-based database using newer anaerobic methods 
and improved curation.

A second proposed solution to improve taxonomic resolution is through the use of be-
spoke classifiers. In general, taxonomic prediction algorithms assume that all sequences in 
a taxonomic database are equally likely in a given environment. The clawback algorithm, 
released in 2019, uses a large collection of publicly available studies to improve classification 
by weighting taxonomy based on the environment40. This classifier improved species level 
accuracy by 10% over traditional classifiers.    

Full length amplicon sequencing has been proposed to solve resolution-associated issues. 
Aiming to overcome incomplete coverage and absence of strain resolution, new options were 
developed to cover the full length of the 16S rRNA41-43. Oxford Nanopore and PacBio se-
quencers are capable of covering the whole 16S rRNA (~1500bp). The main drawback of these 
technologies is a higher error rate compared to shorter reads42, but efforts are taking place 
to improve accuracy43. Another proposed approach for increased marker gene resolution is 
to reconstruct the full-length sequence from multiple short regions. These leverages existing 
short read technology by either sheering full length 16s rRNA sequences into short, barcod-
ed reads and re-assembling the full length reads44 or amplifying with multiple primers and 
then scaffolding against a database45. Both techniques have the potential build on existing 
denoising techniques and higher accuracy short read technology. Full length, and synthetic 
full-length sequencing claim they allows for complete coverage of community and claims to 
decrease analysis bias, but only a few studies were performed in the platform (mostly using 
mock communities). Therefore, further studies41,42 showing performance in biological sam-
ples are necessary. 

In 2020 and beyond, amplicon-based methods will need to address a few fundamental 
issues. First, the field would benefit from environment-specific community wide standards. 
Second, databases need to be expanded and improved to both cover the broad diversity 
of life and provide specificity for organisms, and finally, methodological improvements are 
needed to improve the feasibility of high resolution, full length amplicon sequencing. 

Shotgun metagenomic sequencing (WGSS)

WGSS overcomes several of the limitations faced by 16S sequencing, although the potential 
pitfalls have yet to be fully explored. Among the advantages of WGSS are that it is PCR free, 
allows functional analysis of organisms, allows sub-species and strain-level annotation, and 
may expand community profiling to DNA viruses, fungi and protists. However, due to the un-
targeted nature, WGSS is more sensitive to environmental and host DNA than amplicon-based 
methods which makes it difficult in many environments19-21. WGSS is also associated with both 
high sample-preparation and computational costs, making it prohibitive for many groups. 

Among the current technologies Oxford nanopore, PacBio, Illumina and MGI are the most 
cited46-49. Until now, no independent benchmarking comparison study was performed with all 
of them to compare technologies efficiency.  

Several solutions have been proposed to address high costs. For certain sample types, 
shallow shotgun sequencing may provide meaningful enough data for a comprehensive anal-
ysis50. A second recent proposal51 was miniaturization of enzyme-based protocols with acous-
tic liquid handling robots in combination with co-assembly techniques, which significantly 
reduced the average per-sample reagent costs. Finally, improvements in sequencing technol-
ogies have brought down the cost per read. 

The primary annotation strategies for metagenomic data can be split into either refer-
ence-based method, which involves the alignment of sequences against an existing reference 
database, and de novo assembly-based approaches, where genetic content is inferred by 
assembling reads into longer contiguous reads (contigs) and then binning these contigs into 
genomes52. 

Recent advances in reference-based methods have focused in two key areas. First, im-
provements have been made in memory consumption and runtime for alignment algorithms 
including an update to the popular k-mer based alignment algorithm, Kraken253. However, 
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several alternatives for kmer based approaches have been proposed, including Ganon, which 
uses a novel indexing scheme; and Metalign which performs a two-step alignment proce-
dure. Both methods claim improved accuracy over Kraken2, although only Ganon promises 
improved speed and memory consumption. 

De novo approaches have also seen new developments in the last year. One popular as-
sembly-based proposal has been translation from DNA to proteins. Protein-based methods 
have shown improved precision and accuracy over nucleotide-based methods because they 
limit some of the major challenges in nucleotide-based assembly. In 2019, updated version 
Guided Reference-based Assembly of Short Peptides (GRASP)54 and the novel Protein Level 
ASSebler, (Plass) algorithm55 were published. 

Several new binning algorithms were also released in 2019 and 2020. MetaBat2 promises 
automated tuning parameters, and claims to outperform other binning approaches in com-
pleteness, runtime, and memory consumption56. MetaBMF claims species level resolution, and 
outperformed several popular binning algorithms, including MetaBat1, in terms of accuracy, 
precision and runtime57. A third algorithm draws on image signal processing and machine 
learning to provide binning for a single sample58. However, the method underperforms on 
dense data, which may suggest a pre-clustering step is needed. 

Methods for long read technology have also been evolving. Minerva59 was published in 
2019, which performs long read deconvolution for synthetic long reads. Advances in the an-
notation and binning of true long read technology included reference-based approaches to 
address read-associated errors and improved alignment in the past year60-62. Additional work 
has also been invested in assembly with long reads alone63,64 or in combination with short 
reads51,65 have proven promising. 

In the next year, we hope to see improved understanding of how wet lab preparation 
affect results and improved protocols for handling contamination16,18. While there has been 
extensive development in metagenomic assembly techniques, independent benchmarks are 
severely needed to address the suitability of newly developed algorithms and provide a com-
munity standard. We also anticipate additional results from the Critical Assessment of Metag-
enome Interpretation (CAMI) challenge66, which will provide more insight into the best strat-
egies in a new and rapidly growing field.  

 

BIOSTATISTICAL ANALYSES AND DIFFERENTIAL ABUNDANCE 

One of the fundamental statistical challenges in microbiome analysis is the compositional 
nature of the data67. Most culture-free microbiome techniques decouple true microbial bio-
mass from observed read abundance, meaning that observed sequences represent a relative 
abundance which sums to one. This can be addressed through the use of an internal control, 
biomass quantification, or compositionally aware methods. In 2019 and 2020, several meth-
ods were proposed, developed, and evaluated to address the challenges of differential abun-
dance in the microbiome.

A somewhat controversial 2020 preprint claimed68 that using the same volume of sample 
(rather than the same DNA concentration) would maintain the concentration-based informa-
tion in combination with a Bayesian model to estimate differences in orders of magnitude. 
We look forward to the peer-reviewed version of this study because, if effective, this tech-
nique might prove a useful solution for many groups. 

Several bioinformatic solutions have also been proposed. Morton et al69 presented Song-
bird, a rank-based approach, where relative differences are ranked in comparison to other 
taxa in the community using a multivariate-regression model. Their computational method 
was benchmarked against measures of absolute abundance, and they found their relative 
taxonomic ranks replicated the results for absolute abundance better than two popular com-
positional methods. Alternative proposals have included pre-prints which suggest models 
relying on reference taxa to address compositionality70,71. However, the methods potentially 
suffer from a major issue in most common methods for handling microbial differential abun-
dance: zero-substitution to allow the use of log-ratios. Several recent methods have proposed 
the use of zero-inflated methods to address this issue, including the use of a zero-inflated 
Dirichlet multinomial72 and a Bayesian modeling with a hierarchical negative binomial and 
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accounts for sampling depth in the model73. Finally, the Adaptive multivariate two-sample 
test for Microbial Differential Abundance (AMDA) also debuted in 201974. This test is restrict-
ed to comparisons between two groups and uses a two-step protocol where the features are 
first selected using a permutation-based approach and then a maximum mean discrepancy 
(MMD) test is applied to the remaining features. They benchmarked against other MMD tests 
but have not compared against non-MMD tests.  

There have been several other advances between 2019 and 2020. These included the pub-
lication of DECOIDE, a compositionally aware method for dimensionality reduction which 
retains species relationships75; a new tool to model metabolic flux and infer metabolic in-
teractions in metagenomic data76 and a technique for integrating microbiome/metabolome 
interactions with machine learning77. Additionally, QIIME 2, a follow-up to the highly cited 
amplicon centric QIIME analysis platform, was published in 201978. The updated version inte-
grates and wraps several popular existing tools and includes integrated provenance tracking, 
a community-based plugin development system, and multiple interfaces depending on user 
experience and needs.

In the next years, we hope to see a new, independent benchmark of the flood of dif-
ferential abundance methods. Most methods only compare against a subset of others, few 
leverage an internal control, and the last major independent comparison of microbiome dif-
ferential abundance techniques in 2019 failed to account for several popular compositional 
methods [28968702]. We also hope to see improvements in method interpretability, as this 
remains a major challenge in most microbiome methods.

CONCLUSIONS

The last years have seen several important advances in our ability to profile the microbiome, 
particularly in the field of metagenomics and differential abundance. However, several issues 
remain outstanding in the field. First, work needs to be done to address bias through the wet 
lab pipeline. Community standards and consensus are needed for data generation to ensure 
high quality, comparable data across labs and sequencing platforms. This includes the identi-
fication of appropriate controls. We hope to see more full length 16s rRNA sequencing, par-
ticularly in environments where metagenomics cannot be performed due to large amounts of 
human DNA whether this comes from a combination of short reads or due to improvements 
in long read technology. Finally, we hope to continue to see analytical improvements through 
better databases, independent benchmarks of annotation, alignment, binning, and differ-
ential abundance analysis, and better approaches to address the complexity of microbiome 
data. 
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