
Methods Ecol Evol. 2023;00:1–16.    | 1wileyonlinelibrary.com/journal/mee3

Received: 19 August 2022  | Accepted: 16 May 2023

DOI: 10.1111/2041-210X.14149  

R E S E A R C H  A R T I C L E

Reconstruction of small subunit ribosomal RNA from 
high- throughput sequencing data: A comparative study of 
metagenomics and total RNA sequencing

Christopher A. Hempel1,2  |   Shea E. E. Carson1 |   Tyler A. Elliott1 |    
Sarah J. Adamowicz1  |   Dirk Steinke1,2

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction 
in any medium, provided the original work is properly cited and is not used for commercial purposes.
© 2023 The Authors. Methods in Ecology and Evolution published by John Wiley & Sons Ltd on behalf of British Ecological Society.

1Department of Integrative Biology, 
University of Guelph, Guelph, Ontario, 
Canada
2Centre for Biodiversity Genomics, 
University of Guelph, Guelph, Ontario, 
Canada

Correspondence
Dirk Steinke
Email: dsteinke@uoguelph.ca

Funding information
Food from Thought: Agricultural Systems 
for a Healthy Planet Initiative; Canada 
First Research Excellence Fund, Grant/
Award Number: 000054; Government 
of Canada, Grant/Award Number: 
15401; Natural Sciences and Engineering 
Research Council of Canada, Grant/Award 
Number: RGPIN- 2022- 04569

Handling Editor: Antonino Malacrinò

Abstract
1. The small subunit (SSU) ribosomal RNA (rRNA) is the most commonly used marker 

for the identification of microbial taxa, but its full- length reconstruction from 
high- throughput sequencing (HTS) data remains challenging. Metagenomics and 
total RNA sequencing (total RNA- Seq) are target- PCR- free HTS methods that are 
used to characterize microbial communities and simultaneously reconstruct SSU 
rRNA sequences. However, more testing is required to determine and improve 
their effectiveness.

2. We processed metagenomics and total RNA- Seq data retrieved from a commer-
cially available mock microbial community and an aquarium sample using 112 
combinations of data processing tools. We determined the SSU rRNA reconstruc-
tion completeness of both sequencing methods for both samples and analysed 
the impact of data processing tools on SSU rRNA completeness.

3. In contrast to metagenomics, total RNA- Seq allowed for the complete or near- 
complete reconstruction of all mock community SSU rRNA sequences and gener-
ated up to 438 SSU rRNA sequences with ≥80% completeness from the aquarium 
sample using only 1/5 of an Illumina MiSeq run. SSU rRNA completeness of 
metagenomics significantly correlated with the genome size of mock community 
species. Data processing tools impacted SSU rRNA completeness, in particular 
the utilized assemblers.

4. These results are promising for the high- throughput reconstruction of novel full- 
length SSU rRNA sequences and could advance the simultaneous application of 
multiple - omics approaches in routine environmental assessments to allow for 
more holistic assessments of ecosystems.
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1  |  INTRODUC TION

Microbial organisms (prokaryotes and unicellular eukaryotes) make 
up most of the biodiversity on our planet, with the global num-
ber of microbial species estimated at up to one trillion (Locey & 
Lennon, 2016). These organisms play crucial roles within every biome 
on Earth, including the microbiomes within other organisms (e.g. hu-
mans). At the same time, they are very sensitive to environmental 
change. In fact, the microbial community composition of a particular 
environment can provide us with important information about its 
state and health (Cordier et al., 2019; Pawlowski et al., 2016; Proctor 
et al., 2019; Sagova- Mareckova et al., 2021; Smith et al., 2015).

Determining this community composition requires the identifi-
cation of its member taxa. Since most microbes lack diagnostic traits 
and are too abundant and diverse to be identified morphologically, 
their identity is typically determined by using DNA- based methods 
(Pawlowski et al., 2012; Woese, 1987), which require reference da-
tabases. Ideally, these contain full- length genomes of as many as 
possible microbial taxa as possible to allow for taxonomic annota-
tions at the highest possible resolution. However, most microbial 
taxa are unknown, and even for known taxa, the number of available 
full- length or even partial genomes is very low because the high- 
throughput reconstruction of full- length genomes has only recently 
become viable. As a consequence, the largest and most widely used 
curated database for genomes, NCBI RefSeq, only comprises ge-
nomes of 71,311 microbial organisms (release 213: https://ftp.ncbi.
nlm.nih.gov/refse q/relea se/relea se-catal og/archi ve/RefSeq-relea 
se213.catal og.gz). The largest project cataloguing all microbes on 
Earth (Earth Microbiome Project: http://www.earth micro biome.org) 
has led to the reconstruction of 52,515 microbial genomes to date 
(Nayfach et al., 2021). This clearly shows that the reconstruction of 
all microbial genomes or at least a larger segment of microbial diver-
sity will require much more time.

For the time being, a more feasible and common approach to 
identifying microbial taxa is to focus on specific genes. The small 
subunit (SSU) ribosomal RNA (rRNA) gene (16S rRNA for prokary-
otes and 18S rRNA for eukaryotes) is the primary marker gene for 
microbes. SSU rRNA reference databases are also far from com-
plete, but the most commonly used database, SILVA, contains 
510,508 full- length, non- redundant SSU rRNA gene sequences 
(release 138.1 SSU Ref NR 99: https://www.arb- silva.de/docum 
entat ion/relea se- 1381/), and this number is growing rapidly. Full- 
length SSU rRNA reference sequences are paramount because 
shorter sequences, which are generated by short- read amplicon 
sequencing, can lead to inaccurate taxonomic identifications 
(Johnson et al., 2019; Yarza et al., 2014). The traditional approach 
to reconstructing full- length SSU rRNA reference sequences in-
volves cloning and Sanger sequencing, which is costly and comes 
with limited throughput. Advancements in sequencing technol-
ogy gave rise to new approaches at lower costs and with higher 
throughput. Such high- throughput sequencing (HTS) approaches 
allow us to characterize the microbial community composition of 
many environmental samples simultaneously and are therefore 

extremely powerful to advance our understanding of microbial 
communities.

Multiple HTS approaches have been developed to date, and they 
can primarily be categorized into short- read sequencing (including 
synthetic long- read sequencing) and true long- read sequencing. True 
long- read sequencing reads have an average accuracy of >99.5% 
(Pacific Biosciences) or 92%– 94% (Oxford Nanopore Technologies) 
at an average length of 10– 25 kb (Delahaye & Nicolas, 2021; Hon 
et al., 2020), which is multiple times the length of the complete 
SSU rRNA (approximately 1.46 kb on average, based on the aver-
age length of all sequences in SILVA release 138.1 SSU Ref NR 99). 
However, although true long- read sequencing has been applied suc-
cessfully for some microbial community analyses (Singer et al., 2016; 
Tedersoo et al., 2021), it is limited by the available read depth of 
long- read instruments. This makes it less scalable and currently not 
applicable for the study of complex microbial communities in com-
parison with short- read or synthetic long- read sequencing.

Metagenomics and metatranscriptomics are short- read sequenc-
ing methods without target PCR that are generally applied to analyse 
the presence and expression of functional genes within communi-
ties (Almeida & De Martinis, 2019; Bashiardes et al., 2016; Shakya 
et al., 2019; Wooley et al., 2010). Both involve random fragmentation 
of genomes and transcripts into shorter sequences and can thereby 
randomly cover smaller fragments of the SSU rRNA of organisms in a 
sample. These fragments can be utilized for SSU rRNA sequence re-
construction and the simultaneous taxonomic identification of com-
munities. Metagenomics targets all DNA in a sample and results in 
broad genomic coverage, which is important e.g. for functional anal-
yses of communities. However, this also means that the coverage 
of particular genes of interest, such as the SSU rRNA gene, is low. 
Consequently, SSU (and LSU) rRNA sequences can make up as little 
as 0.05%– 1.4% of metagenomics sequences (Logares et al., 2014; 
Yilmaz et al., 2011). Targeted tools have been developed to extract 
and reconstruct SSU rRNA sequences from metagenomics datasets 
(Bengtsson- Palme et al., 2015; Fan et al., 2012; Miller et al., 2011; 
Pericard et al., 2018; Yuan et al., 2015; Zeng et al., 2017), but overall, 
the low proportion of SSU rRNA makes the approach inefficient for 
SSU rRNA reconstruction and taxonomic community analysis.

Metatranscriptomics typically uses only messenger RNA 
(mRNA), thereby providing a snapshot of the gene expression pro-
file of a community. It also reveals which genes and metabolic path-
ways are active at a given time. As mRNA only makes up 1%– 5% 
of cellular RNA (Milo & Phillips, 2015; Westermann et al., 2012), 
metatranscriptomics typically involves an mRNA enrichment step 
to increase the sequencing depth of mRNA. However, this means 
that rRNA, including SSU rRNA, is excluded from typical metatran-
scriptomics experiments. It is possible to skip the enrichment step 
and sequence all RNA instead, including rRNA. This approach has 
been referred to as double- RNA approach (Urich et al., 2008), me-
tatranscriptomics analysis of total rRNA (Turner et al., 2013), total 
RNA sequencing (total RNA- Seq; Bang- Andreasen et al., 2020; Li 
& Guan, 2017; Li et al., 2016), total RNA- based metatranscriptom-
ics or total RNA- seq- based metatranscriptomics (Li & Guan, 2017).  
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To distinguish this approach from regular metatranscriptomics, 
we will use the term total RNA- Seq in the balance of this paper. 
As 80– 98% of cellular RNA consists of rRNA (Peano et al., 2013; 
Westermann et al., 2012), SSU (and LSU) rRNA can make up 37– 71% 
of all RNA sequences (Elekwachi et al., 2017; Yu & Zhang, 2012). This 
means that a large portion of total RNA- Seq data can be used for 
taxonomic identification and full- length assembly of SSU rRNA.

Several studies took total RNA- Seq a step further and combined 
it with synthetic long- read sequencing (Dueholm et al., 2020; Karst 
et al., 2018; Tedersoo et al., 2021). Synthetic long- read sequencing 
is a modification of short- read sequencing in which each molecule 
is tagged with unique molecular identifiers (UMIs), amplified, ran-
domly split and sequenced with conventional short- read sequenc-
ing technology. Fragments of the same molecule are linked through 
the tags, and complete molecules can be reconstructed from linked 
short sequences through de novo assembly, hence the term syn-
thetic long reads. Karst et al. (2018) size- selected total RNA for SSU 
rRNA and applied synthetic long- read sequencing to generate over 
a million SSU rRNA sequences, of which almost 45,000 were com-
plete. Although this approach is effective, it adds additional costs, 
time and room for bias. Due to the growing interest in applying 
multiple - omics approaches to environmental samples to generate 
a more holistic picture of ecosystems (Cordier et al., 2019, 2021; 
Leese et al., 2018; Uyaguari- Diaz et al., 2016), less specialized meth-
ods might be easier to implement, especially for routine application. 
Total RNA- Seq without size selection and UMI tagging follows the 
same protocol as conventional metatranscriptomics after mRNA en-
richment, and both methods could be implemented simultaneously 
without additional modifications.

A few studies compared the performance of total RNA- Seq and 
metabarcoding (Lanzén et al., 2011; Yan et al., 2018) or metagenom-
ics (Hempel et al., 2022; Lanzén et al., 2011; Shi et al., 2011; Urich 
et al., 2014; Uyaguari- Diaz et al., 2016) for the analysis of microbial 
community composition. However, the use of total RNA- Seq to anal-
yse microbial communities remains rare, and a comparison of total 
RNA- Seq and metagenomics in terms of SSU rRNA reconstruction 
is lacking, although the results of such a comparison could impact 
our ability to categorize global biodiversity and analyse microbial 
communities.

In an earlier study, we were able to show that total RNA- Seq 
characterized the abundance profile of a microbial mock commu-
nity consisting of 10 species more accurately than metagenomics 
at almost one order of magnitude lower sequencing depth (Hempel 
et al., 2022). For the present study, we used the same mock commu-
nity data to evaluate the performance of metagenomics and total 
RNA- Seq in terms of SSU rRNA completeness, that is, the portion of 
the SSU rRNA that can be successfully reconstructed. Furthermore, 
we determined and compared the genome completeness of both 
approaches to highlight the advantages and disadvantages of either 
approach. Additionally, since total RNA- Seq has not yet been ex-
tensively tested, we also determined the impact of commonly used 
data processing tools on SSU rRNA reconstruction, as it has been 
repeatedly shown that results based on HTS are heavily influenced 

by the choice of bioinformatics tools (Bashiardes et al., 2016; Knight 
et al., 2018; McIntyre et al., 2017; Quince et al., 2017; Shakya 
et al., 2019; Vollmers et al., 2017). Lastly, we applied metagenomics 
and total RNA- Seq and the same data processing tools to an aquar-
ium sample, which served as a proxy for an environmental freshwa-
ter sample. We evaluated SSU rRNA completeness for the aquarium 
community whose composition was unknown. This served as a proof 
of concept to determine if the conclusions based on the mock com-
munity aligned with those based on the simulated environmental 
sample.

2  |  MATERIAL S AND METHODS

The overall study design is shown in Figure 1, and further details are 
given in the balance of this section.

2.1  |  Sampling

For the microbial mock community, we used a commercially available 
mock community (ZymoBIOMICS Microbial Community Standard II 
(Log Distribution); Zymo Research), consisting of eight bacterial spe-
cies (three Gram- negative and five Gram- positive) and two yeast 
species with log- distributed species abundances based on genomic 
DNA quantity (Figure 2). The mock community was preserved in 
DNA/RNA Shield (Zymo Research) by the manufacturer to inactivate 
cells while preserving DNA and RNA. We generated three simulated 
water sample replicates by adding 130 μL of the mock community 
containing approximately 381 ng of total DNA to 50- mL ultrapure 
water respectively.

Furthermore, we took a 10- L water sample from an aquarium 
(Hagen Aqualab; University of Guelph; Figure S1) using a bleach- 
sterilized jug to simulate environmental freshwater sampling. The 
aquarium contained multiple fish, mollusc, crustacean and macro-
phyte species as well as an established microbial community. We 
mixed the 10- L sample and subsampled three 1- L samples.

2.2  |  Laboratory and bioinformatics processing

The mock community data used in this study originate from an ear-
lier study, in which we applied total RNA- Seq and metagenomics and 
investigated 672 combinations of data processing tools to identify 
the best- performing sequencing method and combination of tools 
to characterize the abundance profile of a microbial mock commu-
nity (Hempel et al., 2022). Details of the laboratory and bioinformat-
ics processing steps can be found there (Hempel et al., 2022). The 
three aquarium sample replicates were processed simultaneously 
with the three mock community replicates. In summary, we filtered 
samples through 0.2- μm Nalgene Analytical Test Filter Funnels 
(Thermo Fisher Scientific) and co- extracted DNA and RNA in paral-
lel from each sample using a modified version of the Quick- DNA/
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RNA Microprep Plus Kit (Zymo Research), resulting in three repli-
cate DNA and RNA extracts for both mock community and aquarium 
samples respectively. DNA and RNA library prep and sequencing 
were performed by a service provider (Génome Québec), and mRNA 
enrichment was skipped prior to RNA library prep to sequence total 
RNA. During library prep, normalization was performed by process-
ing equal volumes of samples instead of equal concentrations of 
samples so that the relative number of reads per sample mirrored 
the relative amount of DNA/RNA, avoiding an over-  or under-
representation of samples with higher or lower amounts of DNA/
RNA. The libraries were 150 bp PE sequenced on an Illumina MiSeq 
(2,428,038 PE reads in total; Bioproject number: PRJNA819997; 
for the number of reads per sample see Figure S1). Metagenomics 
mock community replicates received a much higher number of reads 

than total RNA- Seq mock community replicates, and to allow for ap-
propriate comparisons between both approaches, we subsampled 
the reads of metagenomics replicates to match the number of reads 
of total RNA- Seq replicates. As DNA and RNA were coextracted, 
we subsampled each metagenomics mock community replicate to 
the number of reads of the corresponding total RNA- Seq replicate. 
Random subsampling was performed 10 times, and the subsamples 
were processed independently.

Sequence processing for this study was divided into three data 
processing steps: trimming and quality filtering, rRNA sorting and 
assembly. For trimming and quality filtering, four PHRED score cut- 
offs were applied (PHRED ≤5, ≤10, ≤15, and ≤20) to trim the end 
of reads using Trimmomatic v0.39 (Bolger et al., 2014). For rRNA 
sorting, three approaches were applied to sort reads into rRNA 

F I G U R E  1  Summary of the study design (created using BioRe nder.com). The DNA and total RNA of a microbial mock community and 
an aquarium sample were extracted and shotgun- sequenced on an Illumina MiSeq, representing two sequencing methods (metagenomics 
and total RNA- Seq). Sequencing data were assembled into scaffolds using 112 combinations of common data processing tools. Scaffolds 
obtained from the mock community were mapped onto SSU rRNA and genome references of the 10 mock community species, and scaffolds 
obtained from the aquarium sample were mapped onto the entire SILVA database. The completeness, that is, proportion of covered bases, 
was determined for each matched taxon. rRNA, ribosomal RNA; SSU, small subunit.
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and non- rRNA reads: alignment- based with SortMeRNA v4.0.0 
(Kopylova et al., 2012), Hidden Markov model- based with barrnap 
v0.9 (Seemann, unpublished, https://github.com/tseem ann/barrnap,  
accessed on 18 Jun 2021) and kmer- based with rRNAFilter v1.1 
(Wang et al., 2017). For each approach, non- rRNA reads were sub-
sequently excluded. Additionally, we omitted rRNA sorting and used 
all reads instead, leading to four rRNA sorting approaches in total. 
For assembly, we tested seven assemblers for both metagenom-
ics and total RNA- Seq reads: SPAdes, metaSPAdes v3.14.1 (Nurk 
et al., 2017), MEGAHIT v1.2.9 (Li et al., 2015), IDBA- UD v1.1.1 (Peng 
et al., 2012), rnaSPAdes v3.14.1 (Bushmanova et al., 2019), IDBA- 
tran v1.1.1 (Peng et al., 2013) and Trans- ABySS v2.0.1 (Robertson 
et al., 2010). Trinity (Grabherr et al., 2013) is another widely used, 
metatranscriptomics- optimized assembler, but despite thorough ef-
forts to run Trinity with adjusted RAM settings as recommended by 
the developers (https://trini tyrna seq.github.io/perfo rmanc e/mem.
html), we ultimately failed to operate it consistently. Furthermore, 
there are multiple assemblers specifically designed for SSU rRNA 
assembly from metagenomics and even total RNA- Seq data, such as 
EMIRGE (Miller et al., 2011), MATAM (Pericard et al., 2018), MetaRib 
(Xue et al., 2020), RAMBL (Zeng et al., 2017) and REAGO (Yuan 
et al., 2015), but although we tried to run the two most recent of 
them, MATAM and MetaRib, MATAM runs consistently failed and 
we were not able to successfully install MetaRib (more specifi-
cally EMIRGE, which is a requirement for MetaRib). Therefore, we 
could not include any of them in our benchmarking, and the lack of 

user- friendliness or flexibility of these assemblers should be taken 
into account for future studies.

Combining all data processing tools in the three steps resulted 
in 112 combinations of tools that were applied to both metagenom-
ics and total RNA- Seq data obtained from the mock community and 
aquarium samples. The code to run all combinations is available 
on GitHub (https://github.com/hempe lc/metag enomi cs- vs- total 
RNASe q- refer ence- compa rison).

2.3  |  Determining SSU rRNA and genome 
completeness of mock community species

For each mock community species, we determined both SSU rRNA and 
genome completeness of the scaffolds generated in each of the 112 
combinations separately. To determine completeness, references were 
required for each mock community species. Zymo Research provides 
full- length SSU rRNA and genome references for all mock community 
species, but SSU rRNA references of some species include multiple se-
quences to cover strain variants, and the genome references for the 
two eukaryotic species (Saccharomyces cerevisiae and Cryptococcus 
neoformans) consisted of draft genomes instead of curated genomes. 
Therefore, we aligned all SSU rRNA references of species with multiple 
reference sequences, respectively, using Geneious Prime v2022.1.1 
(https://www.genei ous.com) and the mafft plugin v7.450 (Katoh & 
Standley, 2013) with default parameters, extracted the consensus 

F I G U R E  2  Genome size and relative abundance of mock community species. Relative abundances are based on genome copy numbers, 
as recommended by the manufacturer for studies that involve shotgun sequencing. The size of and numbers above bubbles indicate genome 
sizes in megabases (Mb).
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sequence at a 100% threshold to include all ambiguities and used 
the consensus sequences as SSU rRNA references. We also down-
loaded the reference genomes of the eukaryotic species from RefSeq 
(GCF_000146045.2 for S. cerevisiae and GCF_000091045.1 for  
C. neoformans) and used those as reference genomes instead of the 
draft genomes provided by Zymo Research.

Both SSU rRNA and genome references for the 10 mock micro-
bial community species were indexed for mapping using the index 
function of BWA v0.7.17 (Li & Durbin, 2009) with default parame-
ters. The scaffolds resulting from each combination of tools were 
mapped onto both the indexed SSU rRNA and the genome reference 
of each species using the BWA- MEM algorithm of BWA with de-
fault parameters. We determined the completeness of each refer-
ence using the coverage function of samtools v1.10 (Li et al., 2009). 
Specifically, as the eukaryotic reference genomes consist of multiple 
chromosomes, we determined the total number of covered bases 
and divided it by the total number of bases to generate the relative 
completeness of each reference. This was done separately for each 
replicate, species, SSU rRNA and genome reference and combination 
of tools. Since metagenomics replicates were randomly subsampled 
10 times, we determined the completeness of the metagenomics 
replicates by taking the mean average across the 10 subsamples. 
We summarized the completeness across metagenomics and total 
RNA- Seq replicates, respectively, by taking the mean average across 
the three replicates. The references used and the code to determine 
completeness are available on GitHub (https://github.com/hempe lc/
metag enomi cs- vs- total RNASe q- refer ence- compa rison).

2.4  |  Determining the total number, SSU rRNA 
completeness and taxonomy of detected taxa in the 
aquarium samples

To compare the impact of sequencing types (metagenomics and total 
RNA- Seq) and data processing tools on the SSU rRNA completeness 
and taxonomy of environmental communities, we determined the 
total number, SSU rRNA completeness and taxonomy of detected 
taxa in the aquarium sample replicates. Therefore, we downloaded 
the SILVA SSU rRNA database SILVA132_NR99 (Quast et al., 2013), 
mapped all assembled scaffolds onto the database and calculated 
the completeness of each matched reference following the same 
method as described for the mock community. Additionally, we ex-
tracted the taxonomy of each matched taxon in the SILVA database 
and determined the number of detected prokaryotic and eukaryotic 
taxa. We only analysed the taxonomy at the domain level as the 
SILVA taxonomy is not standardized between prokaryotes and eu-
karyotes at higher taxonomic levels.

2.5  |  Statistical analysis and visualization

All further data processing, statistical analysis and visualization were 
performed using Python v3.7.9 (Van Rossum & Drake, 2009). The 

full code is available on GitHub (https://github.com/hempe lc/metag 
enomi cs- vs- total RNASe q- refer ence- compa rison) and involves the 
Python modules Pandas v1.3.5 (McKinney, 2010), NumPy v1.21.3 
(Harris et al., 2020) and Plotly v5.6.0 (Plotly Technologies Inc, 2015).

2.5.1  |  Mock community analysis

We sorted SSU rRNA and genome completeness across species 
by data processing tools and visualized differences in complete-
ness using heatmaps. We visually observed a correlation between 
genome size and metagenomics SSU rRNA completeness, so we 
plotted the mean average SSU rRNA completeness across data pro-
cessing tools for both metagenomics and total RNA- Seq against ge-
nome size and performed an Ordinary Least Squares regression to 
test for statistically significant correlations using the scatter func-
tion of Plotly with the parameter trendline set to ‘ols’. Additionally, 
we plotted the mean average SSU rRNA completeness against abun-
dance and performed an Ordinary Least Squares regression in the 
same way to test if species abundance correlated with SSU rRNA 
completeness.

As the genome completeness of all but one species was close to 
0%, we only determined the impact of data processing tools on SSU 
rRNA completeness. For each species, we determined the correla-
tion between each tool and SSU rRNA completeness by performing 
multiple linear regression with SSU rRNA completeness as the de-
pendent variable and tools as binary independent variables using the 
OLS function of the Python module statsmodels v0.13.2 (Seabold & 
Perktold, 2010) and extracted coefficients and p- values. As the dis-
tribution of SSU rRNA completeness was non- normal for each spe-
cies, we transformed completeness values into normal distribution 
using the QuantileTransformer function of the python module scikit- 
learn v1.0.2 (Pedregosa et al., 2011) for each species separately prior 
to multiple linear regression.

2.5.2  |  Aquarium samples

We calculated and plotted the total number of detected taxa against 
the number of taxa with an SSU rRNA completeness of ≥80% for each 
aquarium sample replicate, sequencing type (metagenomics and total 
RNA- Seq) and combination of data processing tools. Since the num-
ber and SSU rRNA completeness of detected taxa were substantially 
impacted by the applied assemblers, we provided information on the 
assembler used for each combination in our plots. Furthermore, we 
calculated the ratio of the number of detected prokaryotic and eu-
karyotic taxa (prokaryote:eukaryote ratio) by dividing the number of 
detected prokaryotic taxa by the number of detected eukaryotic taxa 
for each aquarium sample replicate, sequencing type and combina-
tion of data processing tools. For each aquarium sample replicate and 
sequencing type, we visualized the prokaryote:eukaryote ratio across 
all combinations of data processing tools using boxplots with the box 
function of Plotly. In one metagenomics replicate, four combinations 

 2041210x, 0, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210X

.14149 by C
ochrane C

anada Provision, W
iley O

nline L
ibrary on [03/07/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://github.com/hempelc/metagenomics-vs-totalRNASeq-reference-comparison
https://github.com/hempelc/metagenomics-vs-totalRNASeq-reference-comparison
https://github.com/hempelc/metagenomics-vs-totalRNASeq-reference-comparison
https://github.com/hempelc/metagenomics-vs-totalRNASeq-reference-comparison


    |  7Methods in Ecology and EvoluonHEMPEL et al.

of data processing tools did not detect any eukaryotes and their 
prokaryote:eukaryote ratio could not be determined, and therefore, 
they were excluded from this part of the analysis.

3  |  RESULTS

3.1  |  Mock community

We found considerable differences between metagenomics and 
total RNA- Seq in terms of SSU rRNA completeness of mock commu-
nity species (Figure 3). For metagenomics, SSU rRNA completeness 

was very low for both eukaryotic species, S. cerevisiae (mean aver-
age: 40.69%) and C. neoformans (mean average: 36.32%), and low 
for three bacterial species (mean averages: P. aeruginosa— 63.97%, 
S. enterica— 67.5%, E. coli— 58.99%) independent from the data pro-
cessing tools used. In contrast, for total RNA- Seq, SSU rRNA se-
quences were near- complete for all but three species across all data 
processing tools except for the assemblers metaSPAdes and IDBA- 
tran (mean average for all but three species excluding the assemblers 
metaSPAdes and IDBA- tran: ≥94.74%).

The three species with the lowest SSU rRNA complete-
ness (mean averages excluding the assemblers metaSPAdes 
and IDBA- tran: L. fermentum— 85.97%, E. faecalis— 88%,  

F I G U R E  3  SSU rRNA completeness across mock community species and data processing combinations. Since PHRED scores used for 
trimming and quality filtering had mostly no significant impact on SSU rRNA completeness (Figure 4), only results based on PHRED score 5 
are shown. The x- axis of each heatmap represents the combinations of data processing tools employed, the y- axis represents the 10 mock 
community species and the colour bar indicates SSU rRNA completeness in percentage. The combinations are sorted differently for each 
sequencing method to highlight the tool variations specific to the sequencing methods. Using total RNA- Seq, most species had near full- 
length sequences recovered (indicated by bright yellow) regardless of the combination of tools, except for the assemblers IDBA- tran and 
metaSPAdes. rRNA, ribosomal RNA; SSU, small subunit.
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8  |   Methods in Ecology and Evoluon HEMPEL et al.

F I G U R E  4  Impact of individual data processing tools on SSU rRNA completeness of the mock community. The x- axis of each bubble plot 
represents the tools employed, the y- axis represents the 10 mock community species, the colour bar indicates the correlation coefficient 
between the SSU rRNA completeness and the tools based on multiple linear regression and the bubble size indicates the significance 
of the correlations. Large- sized, red or blue bubbles indicate tools that are significantly negatively or positively correlated to SSU rRNA 
completeness. rRNA, ribosomal RNA; SSU, small subunit.
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C. neoformans— 91.52%) were among the four species with the 
lowest abundance.

The genome completeness of all species was close to 0% for 
either sequencing method across all utilized data processing tools 
and species except for L. monocytogenes, whose genome was almost 
100% complete when applying metagenomics and no rRNA sorting 
and partially complete when applying metagenomics and rRNAFilter 
for rRNA sorting (Figure S2).

In terms of the significance and strength of correlations between 
each tool and SSU rRNA completeness, tools affected completeness 
differently for metagenomics and total RNA- Seq (Figure 4). For both 
sequencing methods, the tested PHRED scores used for trimming 
and quality filtering had no significant effect on the completeness, 
with only a few exceptions.

For metagenomics, the rRNA sorting tool rRNAFilter decreased 
SSU rRNA completeness, while SortMeRNA and no sorting increased 
SSU rRNA completeness (Figure 4, top). For total RNA- Seq, the im-
pact of rRNA sorting tools was smaller, but no sorting increased the 
SSU rRNA completeness of four out of 10 species (Figure 4, bottom). 
The two eukaryotic species were the only species for which no sort-
ing decreased completeness and Barrnap increased completeness 
for total RNA- Seq.

In terms of assembly tools, IDBA- tran decreased SSU rRNA 
completeness across all species for both sequencing methods (with 
one exception), and IDBA- UD decreased completeness across all 
species for metagenomics and half the species for total RNA- Seq. 
SPAdes and metaSPAdes performed well for metagenomics, while 
metaSPAdes performed poorly for total RNA- Seq. rnaSPAdes per-
formed well for total RNA- Seq, in particular for the two eukaryotic 
species.

For metagenomics, SSU rRNA completeness was significantly 
negatively correlated to genome size but not correlated to species 
abundance (Figure 5, top). In contrast, SSU rRNA completeness 
was not correlated to either genome size or species abundance 
for total RNA- Seq (Figure 5, bottom). Neither sequencing method 
showed a correlation between SSU rRNA completeness and 
the interaction between genome size and species abundance 
(Figure S3).

3.2  |  Aquarium samples

We found substantial differences between metagenomics and total 
RNA- Seq in terms of the total number and SSU rRNA completeness 
of taxa detected in the aquarium sample (Figure 6). Regardless of the 
utilized data processing tools, metagenomics detected almost no taxa 
based on mapping to the SSU rRNA database SILVA, and accordingly, 
almost no taxa with ≥80% SSU rRNA completeness. In contrast, total 
RNA- Seq detected up to 8636 taxa, of which up to 438 had an SSU 
rRNA completeness of ≥80%. Additionally, for total RNA- Seq, the 
results clustered based on the utilized assemblers, with only a few 
exceptions, demonstrating that among the three data processing 
steps, only assemblers strongly impacted the number of detected 

taxa and their SSU rRNA completeness. In particular, across all three 
technical replicates, MEGAHIT and rnaSPAdes had a positive impact 
on the SSU rRNA completeness of detected taxa, while Trans- ABySS 
and metaSPAdes had a positive impact on the number of detected 
taxa. IDBA- UD and SPAdes offered a trade- off between both, and 
their results were also impacted by the data processing tools utilized 
in the non- assembly steps, as indicated by their spread in the plot. 
IDBA- tran performed poorly in comparison with other assemblers.

In terms of the taxonomic composition of detected taxa, the pro-
karyote:eukaryote ratio indicates if the taxonomic composition on 
the domain level differed across utilized sequencing types and com-
binations of data processing tools. The median ratio across all com-
binations of data processing tools ranged from 3.43 to 4.84 across 
the metagenomics replicates and from 2.37 to 2.57 across the total 
RNA- Seq replicates (Figure 7). This shows that the taxonomic com-
position on the domain level differed between metagenomics and 
total RNA- Seq, with metagenomics detecting more prokaryotes than 
eukaryotes. Furthermore, the spread of the prokaryote:eukaryote 
ratio across combinations of data processing tools was much higher 
in metagenomics (ranges: 11.64, 32.3 and 13.84) than in total RNA- 
Seq (ranges: 3.73, 3.08 and 2.45). This indicates that data processing 
tools had a much higher impact on the taxonomic composition of 
metagenomics samples than on that of total RNA- Seq samples, and 
the relative taxonomic composition on the domain level remained 
relatively constant for total RNA- Seq regardless of the utilized data 
processing tools.

4  |  DISCUSSION

4.1  |  Microbial mock community

For the microbial mock community consisting of 10 species, total 
RNA- Seq generated SSU rRNA sequences with completeness equal 
to or higher than that of metagenomics. This was particularly the 
case for the two eukaryotic species with genomes much larger than 
those of the other mock community species, but also for bacterial 
species with large genomes. Furthermore, metagenomics SSU rRNA 
completeness was significantly negatively correlated with genome 
size, while this was not the case for total RNA- Seq. This shows that 
the broad genomic coverage of metagenomics leads to lower cover-
age of specific genes of interest, such as the SSU rRNA gene, espe-
cially with increasing genome size. The SSU rRNA coverage of total 
RNA- Seq was independent of genome size, confirming that total 
RNA- Seq naturally enriches the dataset for rRNA (Bang- Andreasen 
et al., 2020; Geisen et al., 2015; Urich et al., 2008).

Three of the four species with the lowest abundance (relative 
abundance = 0.015%– 0.0001%) represented the species with the 
lowest SSU rRNA completeness when applying total RNA- Seq, 
likely due to their extremely low abundance and, therefore, rela-
tively lower sequencing coverage. However, their completeness was 
on par for total RNA- Seq and metagenomics, and the SSU rRNA of 
the least abundant species was near- complete for either approach. 
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10  |   Methods in Ecology and Evoluon HEMPEL et al.

SSU rRNA completeness of neither metagenomics nor total RNA- 
Seq significantly correlated with species abundance; nevertheless, 
given that three out of the four species with the lowest abundance 
were the only species without near- complete SSU rRNA sequences 
in total RNA- Seq, it might be possible that the inclusion of more 
low- abundant species would have revealed a statistically significant 
pattern, which should be further investigated. Against our expecta-
tion that SSU rRNA completeness of total RNA- Seq data is higher for 
low- abundant species, metagenomics recovered a sufficient amount 
of SSU rRNA fragments for SSU rRNA reconstruction of low- 
abundant species. An explanation might lie in the low complexity of 
the sample. The mock community used in our study contains only 10 

species. Any difference between metagenomics and total RNA- Seq 
in terms of SSU rRNA completeness of low- abundant species might 
become only more prevalent in more complex communities.

The lack of a correlation between abundance and SSU rRNA 
completeness was in stark contrast to the observed correlation 
between abundance and genome completeness for metagenomics 
since the genome of the most abundant species was near- complete 
while the completeness of all other species' genomes was close to 
0%. This illustrates that the abundance of each species in a commu-
nity has a significant impact on its genome coverage when applying 
metagenomics, which is in agreement with other studies showing 
that successful genome reconstruction of low- abundance species 

F I G U R E  5  Relationship between SSU rRNA completeness and genome size (left)/relative species abundance (right) of the mock 
community. Trendlines are ordinary least squares regression lines, and all trendlines are linear but appear skewed for relative abundance 
plots due to the logarithmic x- axis. p- values indicate the significance of the correlations between SSU rRNA completeness and genome size/
relative species abundance. rRNA, ribosomal RNA; SSU, small subunit.
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typically requires high- sequencing depth (Jin et al., 2022; Merrill 
et al., 2022). In contrast to that, even the genome completeness 
of the most abundant species was close to 0% when applying total 
RNA- Seq, which further confirms that total RNA- Seq reads are nat-
urally enriched for rRNA and consequently do not provide broad 
genomic coverage.

SSU rRNA completeness was independent of the applied PHRED 
score cut- off during quality filtering and trimming. It should be 
noted, however, that the quality of our sequences was almost exclu-
sively over PHRED 30 according to mean and per sequence quality 
scores (Figure S4), so trimming and quality filtering might not have 
had a great effect in our study but could still have significant effects 
in studies where only lower quality data are available.

The methods applied for rRNA sorting impacted the SSU rRNA 
completeness of metagenomics but mostly not that of total RNA- 
Seq. In particular, rRNA filter, which sorts sequences based on k- mer 
abundances, was strongly negatively correlated with metagenomics 
SSU rRNA completeness, while SortMeRNA and no sorting signifi-
cantly improved completeness. This shows that while extracting 
rRNA sequences from metagenomics sequences for SSU rRNA re-
construction can increase completeness when using appropriate 
tools, it can also decrease completeness when using unsuitable 
tools. Since no sorting significantly improved completeness, the ap-
plication of rRNA sorting tools for metagenomics can be skipped, 
which also saves time and computational resources. rRNA sorting 
had mostly no effect on total RNA- Seq SSU rRNA completeness, 
likely because the sequences were already naturally enriched for 
rRNA. However, for the two eukaryotic species, no sorting signifi-
cantly decreased completeness, while the tool barrnap significantly 
increased completeness. We conclude that rRNA sorting can also 
be omitted for total- RNA- Seq- based SSU rRNA reconstruction from 
bacteria, but further research on the impact of rRNA sorting on eu-
karyotic SSU rRNA reconstruction success is required.

In terms of genome completeness, when metagenomics was ap-
plied, only unsorted sequences allowed for complete genome recon-
struction of the most abundant species, while genome completeness 

F I G U R E  6  Total number of detected taxa and number of detected taxa with ≥80% SSU rRNA completeness across the three aquarium 
sample replicates, the two sequencing types (metagenomics and total RNA- Seq) and all utilized combinations of data processing tools. 
Symbols indicate the assemblers utilized for each combination of data processing tools. rRNA, ribosomal RNA; SSU, small subunit.

F I G U R E  7  Prokaryote:eukaryote ratio across the three aquarium 
sample replicates, the two sequencing types (metagenomics and 
total RNA- Seq) and all utilized combinations of data processing 
tools.
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was close to zero when SortMeRNA or barrnap was applied. This 
confirms that SortMeRNA and barrnap successfully sort the se-
quences into rRNA and non- rRNA. Surprisingly, the genome com-
pleteness was still comparably high at about 50% on average when 
applying rRNAFilter, which should not have been the case and 
indicates that rRNAFilter classified large amounts of non- rRNA 
sequences as rRNA. Given that rRNAFilter was also strongly neg-
atively correlated with SSU rRNA completeness, we conclude that 
it should not be used for rRNA sorting in general. Only one other 
benchmarking study tested rRNAFilter for rRNA sorting and showed 
that the tool performs poorly in comparison to other rRNA sorting 
tools (Deng et al., 2022), which supports our conclusion.

The assemblers used in this study impacted the SSU rRNA 
completeness for both metagenomics and total RNA- Seq. Both 
IDBA- UD, which is optimized for metagenomics, and IDB- tran, which 
is optimized for metatranscriptomics, performed poorly for both se-
quencing methods. In contrast, metaSPAdes, which is optimized for 
metagenomics, performed well for metagenomics and poorly for 
total RNA- Seq, and rnaSPAdes, which is optimized for metatran-
scriptomics, performed well for total RNA- Seq, in particular for both 
eukaryotic species. These results show that specific assemblers can 
reduce or increase SSU rRNA completeness, and metaSPAdes seems 
the best when reconstructing SSU rRNA sequences from metage-
nomics data while rnaSPAdes seems ideal when reconstructing SSU 
rRNA sequences from total RNA- Seq data.

4.2  |  Aquarium samples

For the aquarium samples, total RNA- Seq detected much more total 
taxa and taxa with ≥80% SSU rRNA completeness than metagenom-
ics based on mapping against the SSU rRNA database SILVA. These 
results aligned with the results for the mock community and further 
support the hypothesis that total RNA- Seq naturally enriches se-
quences for SSU rRNA while metagenomics results in a much lower 
coverage of the SSU rRNA gene.

The number of detected taxa using total RNA- Seq was surpris-
ingly high, with up to 8636 taxa detected in replicate 1. It is possible 
that the mapping of scaffolds onto the SILVA SSU rRNA database 
resulted in a high number of false- positive detections, and a more 
in- depth analysis of the taxonomic diversity using BLAST (Altschul 
et al., 1990) or kraken2 (Wood et al., 2019) in combination with a 
lowest common ancestor approach is required to confirm the high 
number of detected taxa. Nevertheless, SSU rRNA sequences with a 
completeness of ≥80% provide a reliable insight into the SSU rRNA 
coverage of metagenomics and total RNA- Seq, and while the former 
detected almost no taxa with an SSU rRNA completeness of ≥80%, 
the latter detected up to 438 such taxa in replicate 1 with around 
1.9 M 100- bp- long paired- end reads (1/5 of an Illumina MiSeq run). 
Given that the SILVA database covers only a small fraction of the 
estimated microbial diversity on Earth, it is likely that a substantial 
number of microbial taxa present in the aquarium sample is not rep-
resented in the reference database. Therefore, the actual number of 

taxa sequenced with an SSU rRNA completeness of ≥80% might be 
even higher.

In a similar study, Karst et al. (2018) applied a more special-
ized approach, for which they size- selected SSU rRNA and applied  
synthetic long- read sequencing, and they detected around 45,000 
bacterial taxa with an SSU rRNA completeness of around ≥80% 
across 19 samples, seven different environments, 13 Illumina MiSeq 
runs and 14 Illumina HiSeq runs. Our approach needs to be per-
formed on a similar scale to allow for a direct comparison; neverthe-
less, our results are promising for further upscaling and demonstrate 
that total RNA- Seq without additional modifications also allows for 
the generation of high numbers of near- complete to complete SSU 
rRNA sequences from environmental samples, providing a method 
that could be implemented into routine environmental applications.

The utilized assemblers had a substantial impact on the SSU 
rRNA completeness and should be selected carefully in similar 
studies. To maximize SSU rRNA completeness, MEGAHIT and 
rnaSPAdes seem valuable options, which aligns with the results of 
the mock community analysis. Data processing tools also impacted 
the taxonomic composition of detected taxa on the domain level, 
although this impact was much higher for metagenomics than for 
total RNA- Seq, indicating that the taxonomic composition of total- 
RNA- Seq- based communities might be more robust to variations 
among data processing tools than that of metagenomics- based 
communities.

5  |  CONCLUSIONS

In contrast to metagenomics, total RNA- Seq allowed for the com-
plete or near- complete reconstruction of SSU rRNA sequences for 
all 10 species of a microbial mock community, and when analysing 
an aquarium sample that served as a proxy for an environmental 
sample, total RNA- Seq generated up to 438 SSU rRNA sequences 
with ≥80% completeness using only 1/5 of an Illumina MiSeq 
run, while metagenomics generated almost no such sequences. 
Furthermore, based on the microbial mock community, we show 
that total- RNA- Seq- based SSU rRNA completeness was inde-
pendent of genome size, while metagenomics- based SSU rRNA 
completeness was significantly negatively correlated with the ge-
nome size of taxa in the community. Specific data processing tools 
impacted SSU rRNA completeness significantly, specifically the 
utilized assembler, and similar studies should select assemblers 
carefully. These results are promising for the high- throughput 
reconstruction of novel full- length SSU rRNA sequences and the 
simultaneous application of multiple - omics approaches to routine 
assessments of ecosystems, which is advocated by multiple stud-
ies (Cordier et al., 2019, 2021; Leese et al., 2018; Uyaguari- Diaz 
et al., 2016). While Karst et al. (2018) applied synthetic long- read 
sequencing to generate an unprecedented amount of novel SSU 
rRNA sequences from environmental samples, we demonstrate 
the effectiveness of a more conventional, short- read- based ap-
proach on a smaller scale. It needs to be explored which approach 
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proves more effective for large- scale applications in routine envi-
ronmental assessments.
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