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Abstract
Harmful algal blooms are increasing in duration and severity globally, resulting in increased research interest.

The use of genetic sequencing technologies has provided a wealth of opportunity to advance knowledge, but
also poses a risk to that knowledge if handled incorrectly. The vast numbers of sequence processing tools and
protocols provide a method to test nearly every hypothesis, but each method has inherent strengths and weak-
nesses. Here, we tested six methods to classify and quantify metatranscriptomic activity from a harmful algal
bloom dominated by Microcystis spp. Three online tools were evaluated (Kaiju, MG-RAST, and GhostKOALA) in
addition to three local tools that included a command line BLASTx approach, recruitment of reads to individual
Microcystis genomes, and recruitment to a combined Microcystis composite genome generated from sequenced
isolates with complete, closed genomes. Based on the analysis of each tool presented in this study, two recom-
mendations are made that are dependent on the hypothesis to be tested. For researchers only interested in the
function and physiology of Microcystis spp., read recruitments to the composite genome, referred to as “Franken-
stein’s Microcystis,” provided high total estimates of transcript expression. However, for researchers interested in
the entire bloom microbiome, the online GhostKOALA annotation tool, followed by subsequent read recruit-
ments, provided functional and taxonomic characterization, in addition to transcript expression estimates. This
study highlights the critical need for careful evaluation of methods before data analysis.

The ecological and economic ramifications of harmful algal
blooms draw significant attention from researchers and the
public. Toxic algae cause major challenges for recreational and
commercial fisheries as well as municipal water supplies
(Bullerjahn et al. 2016). In fact, blooms of the cyanobacteria
genus Microcystis have caused problems for water treatment
facilities around the world, leading to water shortages that
included significant recent crises in both the United States
and China (Qin et al. 2010; Steffen et al. 2017). As blooms
continue to increase in duration and severity, there is an asso-
ciated increase in research to understand how blooms func-
tion (Harke et al. 2016; Tang et al. 2018). For many years,
researchers have investigated the environmental conditions
that stimulate blooms and attempted to mimic them in the

laboratory (Orr and Jones 1998; Kaebernick et al. 2000;
Sandrini et al. 2014; Steffen et al. 2014). Studies have relied on
water quality metrics such as pH, toxin estimates, nutrient
concentrations, chlorophyll a estimates, and basic microscopy
until recent advances in DNA/RNA sequencing (Krüger and
Eloff 1978; Reynolds et al. 1981; Seitzinger 1991; Paerl
et al. 2016). The democratization of new sequencing technolo-
gies has opened novel opportunities in harmful algal bloom
research. The ability to explore the genetic potential or activ-
ity of a single organism or entire community ([meta]genomics
or [meta]transcriptomics) within the natural background
allows scientists to investigate both novel and historical ecol-
ogy and physiology (Steffen et al. 2014; Hennon and
Dyhrman 2020).

As sequencing technologies continue to advance, so does
the volume of data they generate, and all at decreasing costs
(Shakya et al. 2019). As an example, recent metatranscriptomic
studies have readily reached 20 million reads per sample, as
compared to the 1 million reads per sample only a few years
before (Steffen et al. 2015; Stough et al. 2017). While sample
collection, processing, and sequencing must be carefully
planned and executed, a parallel challenge in sequencing lies
in the analysis of the data generated. The opportunity for
error in analysis can range from inaccurate estimations of gene
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expression to misidentifying taxonomy. Every researcher is
faced with the challenge of deciding which informatics
method(s) to use to test their hypotheses, while also balancing
needs for efficiency and accuracy. For example, online analysis
tools may be more approachable to computationally limited
labs, as these web-based tools can handle large datasets using
remote servers and rarely possess a steep learning curve to
implement (Kanehisa et al. 2016; Keegan et al. 2016; Menzel
et al. 2016). Meanwhile, in-house coding methods can incorpo-
rate personally curated databases and allow for multiple tools
to be selected and combined into a highly specialized and pro-
ject specific workflow (Moniruzzaman et al. 2017; Stough
et al. 2017; Pound et al. 2020). Tools also vary in the type of
input data required, as some require just the libraries of
trimmed reads, while others require the libraries to be assem-
bled into contigs. Completely analyzing sequencing data may
involve some combination of these or other techniques. All
have their strengths and weaknesses that must be carefully con-
sidered, as these idiosyncrasies can easily influence the data
and conclusions made.

The use of molecular tools to study Microcystis bloom
events has exploded in recent years as early work demon-
strated how polymerase chain reaction (PCR)/quantitative
PCR/sequencing can be used to distinguish toxic from non-
toxic populations and do so in a quantitative manner
(Kurmayer and Kutzenberger 2003; Rinta-Kanto et al. 2005).
Water treatment facilities, government agencies tasked with
monitoring, and private commercial groups have all engaged
molecular biological approaches to study Microcystis in recent
years (Chorus and Welker 2021). Currently, most (meta)trans-
criptomic-based Microcystis research characterizes activity in
the environment by recruiting reads back to a single genome.
Many studies use the reference genome Microcystis aeruginosa
NIES-843 (Harke and Gobler 2013; Steffen et al. 2017; Tang
et al. 2018) since it was the first to be sequenced, but other
strains have also been used (Davenport et al. 2019; Morimoto
et al. 2019). However, it has been demonstrated that there is a
great diversity of genetic potential encoded by different Micro-
cystis sp. strains, and in the rest of the microbiome, within a
single bloom (Meyer et al. 2017; Cook et al. 2020; Pound and
Wilhelm 2020b).

This study sought to compare multiple techniques and
tools in the analyses of transcriptomic sequencing data gener-
ated from natural harmful algal bloom communities in fresh
waters. Metatranscriptomic libraries were generated from a
2019 Microcystis spp.-dominated bloom in Lake Erie, USA. A
variety of techniques were used to characterize the functional
activity and taxonomic composition, using both trimmed
reads and assembled contigs. Techniques were evaluated for
three primary metrics. The first was the number of reads rec-
ruited, either to all Microcystis genes or to specific Microcystis
marker genes important to central metabolism (resolved by
phylogeny). It is assumed that methods capable of detecting
and estimating the natural diversity in an environmental

sample will recruit more reads than methods that are unable
to resolve the fine scale genetic variation present in the envi-
ronment. The second was the ability for a tool to classify
sequence data by function and taxonomy, independent of
any recruitments. Some tools classify the reads themselves,
while others classify assembled contigs, which then require
reads to be recruited back to them to generate relative quanti-
tative results. The third was to determine how well each
method correlated with one another, which provides support
that the variation between samples is reflective of the ecology
of this bloom and not the methods themselves. Based on our
analyses, we make two recommendations that are dependent
on the hypotheses being tested. The following study details
how we came to those conclusions and discusses the various
strengths and weaknesses of each approach examined.

Methods
Sampling and sequencing

Samples were collected from the surface of a 2019 Microcystis
spp.-dominated bloom in Lake Erie, USA, on 21 July 2019, and
incubated in 1.0 L acid-washed polycarbonate bottles for 48 h.
Whole water was then passed through a 0.2 μm Sterivex filter
(Millipore) and flash frozen. RNA was extracted using an acid-
phenol-based extraction protocol with an added DNase treat-
ment to remove any residual DNA (Pound and Wilhelm 2020a).
RNA quality was checked using a NanoDrop ND-1000 spectro-
photometer (Thermo Fisher Scientific) and quantified using a
Qubit RNA HS assay (Invitrogen). Extracted RNA was processed
using a Illumina® Stranded Total RNA Prep, Ligation with Ribo-
Zero Plus and then 50-million 100-bp paired-end reads were
generated on the Illumina NovaSeq platform at Hudson Alpha
Discovery Life Sciences (Huntsville, Alabama). Sequence
processing and assembly was described in detail in online
protocol (Pound and Wilhelm 2021). Briefly, sequences were
quality controlled and trimmed in the CLC Genomics work-
bench version 20.0.4 (Qiagen). Residual ribosomal rRNA reads
were removed in silico using SortMeRNA version 4 (Kopylova
et al. 2012). The nonribosomal reads classified by SortMeRNA
from all samples were jointly assembled in MegaHit version
1.2.9 (Li et al. 2015). This was done to reduce redundancy
among identical sequences in various samples as done previously
(Pound et al. 2020). Trimmed nonribosomal reads have been
uploaded to and are available on MG-RAST (Keegan et al. 2016)
under project name “LE2019MT” and raw reads are available on
the NCBI SRA database under BioProject number PRJNA737197.

Background on approaches
We explored three widely used online platforms for

sequencing analysis: Kaiju (Menzel et al. 2016), MG-RAST
(Keegan et al. 2016), and the Kyoto Encyclopedia of Genes
and Genomes (KEGG) Orthology and Links Annotation
(GhostKOALA) (Kanehisa et al. 2016). GhostKOALA and MG-
RAST both provide functional and taxonomic classifications,
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while Kaiju provides only a taxonomic classification (Table 1).
Kaiju and MG-RAST accept trimmed sequencing reads as input,
while GhostKOALA requires coding sequences to be identified
from assembled contigs. We also explored in-house approaches,
including variations of a customizable BLASTx database
approach (Pound et al. 2020; Pound and Wilhelm 2020b), read
recruitments to coding sequences of individual Microcystis
genomes (Harke and Gobler 2013; Davenport et al. 2019;
Krausfeldt et al. 2019b), and recruitments to a Microcystis com-
posite genome created for this analysis. The latter is referred to
as “Frankenstein’s Microcystis” in reference to Mary Shelley’s fic-
tional monster comprised of parts from many individuals
(Shelley 1818). The BLASTx approach taxonomically classifies a
gene of interest within assembled contigs, while the recruit-
ments to the individual and composite genomes use trimmed
reads to functionally classify reads against the coding sequences
of a single organism (Table 1).

BLASTx approach
Identification and transcript quantification for genes of inter-

est was performed using a BLASTx method previously described
(Pound and Wilhelm 2019, 2020b). In short, protein databases
were established for the following genes of interest using the
KEGG orthology K number: DNA-directed RNA polymerase, beta
subunit (rpoB, K03043), ribulose bisphosphate carboxylase large
chain (rbcL, K01601), ribose-phosphate pyrophosphokinase
1 (prpS, K00948), bifunctional purine biosynthesis protein (purH,
K00602), and orotidine 50-phosphate decarboxylase (pyrF,
K01591). All reference sequences were downloaded from UniProt
KB database version 2020_03 (see Data Availability). The assem-
bled contigs from all samples was then queried using the
command-line BLASTx against each database specific to a gene
of interest, retaining sequences with a minimum contig length
of 300 bp and an e-value < 1 � 10�30 (Camacho et al. 2009).
Those with BLASTx hits were considered “candidates” and only

the aligned portion of the gene sequence was used for recruit-
ments (Pound and Wilhelm 2019). Trimmed reads from each
sample were recruited to each trimmed candidate contig in CLC
Genomics workbench version 20.0.4 (Qiagen) using a 90%
length fraction and 90% identity (Pound and Wilhelm 2020b).
Any reads that could be recruited to more than one contig with
equal identity was randomly assigned, to mimic MG-RAST and
Kaiju data handling approaches and to ensure all reads of inter-
est were quantified. The reference trees were established with
maximum likelihood phylogenies based on reference proteins
from isolated organisms using PhyML version 3.0 (Guindon
et al. 2010). To determine taxonomy, candidate sequences were
placed on reference phylogenetic trees using the pplacer algo-
rithm (Matsen et al. 2010).

Kaiju
Trimmed reads were uploaded to the online Kaiju platform

and default parameters were used to taxonomically classify
reads (Menzel et al. 2016). Reads were classified as Microcystis
spp. by summing all the reads that were classified as the Micro-
cystis genus.

MG-RAST
Trimmed reads were uploaded to the online MG-RAST plat-

form (Keegan et al. 2016). All parameters were default except
for no dereplication and the percent identity threshold
(increased to > 90%). Reads were classified as Microcystis spp.
by summing all the reads classified as the Microcystis genus
based on RefSeq annotations. The number of reads classified
as five genes important in central metabolism (rpoB, rbcL, prpS,
purH, and pyrF) annotated by the KEGG orthology database
within MG-RAST were also collected.

GhostKOALA
The nucleotide and translated amino acid sequences of

coding sequences were predicted within the assembled contigs

Table 1. Comparison of methods analyzed in this study. Y indicates a requirement or function provided, while N indicates a lack of
requirement or output provided.

BLASTx Kaiju MG-RAST Ghost KOALA
Individual
genomes

Frankenstein
genome

Community taxonomy Y Y Y Y N N

Gene function Y N Y Y Y Y

User-defined database Y N N N Y Y

Input Contigs Reads Reads Contigs Reads Reads

Additional read recruitment Y N N Y N N

Online platform N Y Y Y N N

Example references Moniruzzaman

et al. (2017),

Pound

et al. (2020)

Chen

et al. (2019)

Zhang

et al. (2016),

Krausfeldt

et al. (2019a)

Xie et al. (2016),

Li

et al. (2018),

Cook

et al. (2020)

Harke and

Gobler (2015),

Steffen

et al. (2017)

This study
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using MetaGeneMark version 3.25 (Besemer and Borodovsky
1999; Zhu et al. 2010). Amino acid sequences were function-
ally and taxonomically classified via KEGG orthology using
the prokaryote + eukaryote + virus database using Ghost-
KOALA (Kanehisa et al. 2016; Pound et al. 2021b). Predicted
coding sequences were assigned KEGG orthology numbers
(K numbers) and trimmed reads were recruited to the coding
sequences using a 90% similarity fraction over a 90% length
fraction in CLC Genomic Workbench. Reads that could be
recruited to more than one contig with equal identity were
randomly assigned. The number of reads recruited to the five
genes important in central metabolism mentioned above was
also pulled from the read recruitments.

Recruitment to individual genomes
Coding sequences from complete, closed Microcystis spp.

genomic assemblies were used in this study. The coding
sequences from the following genomes were used:
M. aeruginosa FD4 (accession: NZ_CP046973.1), Microcystis
sp. MC19 (accession: NZ_CP020664.1), Microcystis viridis
NIES-102 (accession: NZ_AP019314.1), M. aeruginosa NIES-
298 (accession: NZ_CP046058.1), M. aeruginosa NIES-843
(accession: NC_010296.1), M. aeruginosa NIES-2481 (acces-
sion: NZ_CP012375.1), M. aeruginosa NIES-2549 (accession:
NZ_CP011304.1), Microcystis panniformis FACHB-1757 (acces-
sion: CP011339.1), and M. aeruginosa PCC7806SL (accession:
NZ_CP020771.1). Reads were recruited using a 90% similarity
fraction over a 90% length fraction to the coding sequences.
Any reads that could be recruited to more than one coding
sequence with equal identity were randomly assigned. The
number of reads recruited to the five markers of central
metabolism mentioned above was also pulled from the read
recruitments to the individual genomes.

Frankenstein’s Microcystis: Construction and recruitment
Coding sequences from all complete, closed Microcystis

genomes (see above) were combined into a single FASTA file
and clustered at different nucleotide identities using CD-HIT-
EST (Fu et al. 2012; Pound et al. 2021a). Coding sequences
from the individual genomes were clustered at the nucleotide
identities of 0.95, 0.90, 0.85, and 0.80 with the word size set
to 10, 8, 6, and 5, respectively, to establish composite
genomes of various stringencies. Trimmed reads were recruited
using a 90% similarity fraction over a 90% length fraction to
each composite genome in CLC Genomics Workbench. Any
reads that could be recruited to more than one coding
sequence with equal identity were randomly assigned. After
comparing the various stringencies (Supplemental Fig. S1), the
0.95 identity cluster showed the greatest number of coding
sequences, while reducing redundancy, and was used for all
subsequent analyses. This synthetic library is referred to as
“Frankenstein’s Microcystis” and is available on GitHub (see
Data Availability). The number of reads recruited to five genes

important in central metabolism mentioned above was also
pulled from the read recruitments to the individual genomes.

Methods correlation
The total number of reads recruited to, or classified as, Micro-

cystis spp. per sample, and those recruited to, or classified as, spe-
cific Microcystis spp. genes important in central metabolism per
sample were normalized by the total number of trimmed reads
in each sample library. Pearson correlation coefficients were
established with Benjamini-Hochberg corrections for multiple
comparisons (Benjamini and Hochberg 1995). All statistical ana-
lyses were carried out in R studio. The Pearson’s r coefficients
and corrected p-values are reported in Supplemental File S1.

Assessment
We used a metatranscriptomic dataset generated from a Micro-

cystis spp.-dominated harmful algal bloom in Lake Erie in August
2019 to compare the methods/tools described above. RNA was
extracted from samples collected from bottle incubations (where
nutrients were being manipulated) as well as in situ samples and
then sequenced. Environmental variables were intentionally dis-
regarded, in order to evaluate method performance independent
of abiotic variables. A total of � 923 million processed reads were
generated across twenty sample metatranscriptomes (� 46 mil-
lion reads per library, see Supplemental File S1). These reads
assembled into 2,335,243 contigs that varied in length from
157 to 66,630 nucleotides. Total Microcystis reads are reported
per sample, while reads recruited to or classified as individual
genes reads are reported as the average across all samples.

Total reads recruited to Microcystis spp.
One of the primary metrics used to rate the performance of

the methods tested was the number of total reads recruited to,
or classified, as Microcystis spp. All but one of our methods
(the BLASTx approach) provided an estimate of total Micro-
cystis spp. reads, but not all methods performed equally
(Fig. 1). The Kaiju method recruited the fewest reads, as total
reads classified as Microcystis spp. ranged from 4.08 � 106 to
1.18 � 107, which was between 11.5% and 22.6% of the total
reads per sample library (Supplemental File S1). Total Micro-
cystis spp. read estimates from MG-RAST (13.8% and 28.9% of
library), individual Microcystis spp. genome recruitment
(17.0% and 37.7% of library), and Frankenstein’s Microcystis
genome recruitment (21.4–43.8% of library) surpassed Kaiju’s
estimates but did not provide the largest estimates. Ghost-
KOALA recruited the most reads, as total reads recruited to
Microcystis spp. annotated genes ranged from 8.38 � 106 to
2.36 � 107, which was between 24.2% and 45.2% of the total
available reads per sample library.

Reads recruited to Microcystis-specific marker genes
It was also important that the methods tested be evaluated

for the number of reads recruited to, or classified, as individual
genes, as this is important for future studies concerned with
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the dynamics of individual genes, as opposed to total shifts in
the genome. All but one of our methods (the Kaiju approach)
provided read estimates of individual Microcystis-specific
genes, and most methods performed relatively equally
(Supplemental Fig. S2). MG-RAST had the fewest reads classi-
fied to any of the genes we tested. On average, 1.77 � 104

reads per sample were classified as rpoB, 2.39 � 104 reads per
sample were classified as rbcL, 6.57 � 103 reads per sample
were classified as prpS, 4.30 � 103 reads per sample were classi-
fied as purH, and 3.72 � 102 reads per sample were classified as
pyrF (Supplemental File S1). The other methods evaluated were
remarkably similar to each other, including the Ghost KOALA
annotated gene recruitment, individual Microcystis spp.
genome recruitment, and Frankenstein’s Microcystis genome
recruitment, although the BLASTx method outperformed the
others in four of the five genes. On average, the BLASTx
method recruited 2.86 � 104 reads per sample to rpoB, 3.64
� 104 reads per sample to rbcL, 8.95 � 103 reads per sample to
prpS, 4.20 � 103 reads per sample to purH, and 6.22 � 102

reads per sample to pyrF (Supplemental File S1).

Methods evaluation
The BLASTx method involves the use of in-house curated

databases that each contains a single marker gene from many
species; it thus does not allow for a summary of all pathways as
the other methods do. However, this approach provides the
user full control over the database used and allows for greater
confidence in taxonomic predictions based on the subsequent
placement of predicted coding sequences on phylogenetic trees
(Matsen et al. 2010). These curated databases can be updated
by the user at any point and can be accessed locally. This
approach characterizes the assembled contigs, which allows for
a more accurate estimate of true community diversity, as
opposed to recruiting genes to a reference genome. The number
of reads recruited for each gene was > 99% correlated to the

number of reads recruited by any of the other methods (Supple-
mental File S1). The primary weakness of this method is the
lack of efficiency. This method is restricted to individual gene
investigations, which may work well for specific questions, or
small genomes (e.g., RNA viruses; Moniruzzaman et al. 2017)
but is impractical for the complete characterization of the
approximately 3600 genes in a Microcystis genome.

While the Kaiju method was the easiest to execute, by our
measures it was one of the poorest performers. The program
did not provide an efficient way to summarize functional data,
as each read was individually characterized to a specific organ-
ism, few of which were annotated in the same manner. There-
fore, this tool was primarily used to classify taxonomic data,
by summing all reads to the Microcystis genus. Kaiju does excel
in characterizing the entire community, as opposed to rec-
ruiting reads to a single genome. However, it classified fewer
reads to Microcystis than all other methods. It is unclear if the
“missing” reads were not annotated at all or mistakenly anno-
tated as a different organism. It is worth noting that this tool
and its databases have not been updated since 2017. This
method was the only method tested that was not as strongly
correlated to the other methods, with correlation coefficients
ranging from 0.788 to 0.831, depending on the method com-
pared, but none of the differences were considered signifi-
cantly different (Supplemental File S1). This suggests that
Kaiju may not be consistent in the way it analyzes samples,
reducing how well the read estimates correlate to other
methods, regardless of the magnitude of reads recruited.

MG-RAST was like Kaiju in that it provided an easy online
interface that accepted trimmed reads and functionally charac-
terized the entire community, not just Microcystis spp. We
note that MG-RAST outperformed Kaiju, but none of the other
methods tested in this study. This method did provide the
opportunity to characterize individual genes, including our
five marker genes. The number of reads recruited to each gene

Fig. 1. The sum of all reads in all samples that were recruited to or classified as Microcystis in each method.
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and total Microcystis spp. was > 98% correlated to the number
of reads recruited by any of the other methods (Supplemental
File S1). The decrease in total, and gene specific, reads rec-
ruited is suspected to arise from many probable Microcystis
spp. reads being incorrectly annotated as Cyanothece spp., a
species that was not regularly detected in our other methods
that were capable of characterizing the entire community,
such as the Kaiju or BLASTx methods.

The GhostKOALA method provided both community tax-
onomy and gene functional characterization, all from an
online database. Therefore, this method can easily characterize
all active species present in any environmental system, not
just a Microcystis spp. in a Microcystis-dominated bloom
(Pound et al. 2021c). The annotation is based on assembled
data and therefore required the recruitment of trimmed reads
to genes of interest to make the results quantitative. In our
hands this method identified more total reads as Microcystis
spp. than any other method. The number of reads recruited
for each gene and total Microcystis spp. was > 98% correlated
to the number of reads recruited by any of the other methods
(Supplemental File S1). The only notable disadvantage to
GhostKOALA methodology is that annotations are limited to
KEGG orthologies, so some transcripts within samples may
not be annotated.

To assess whether there was a difference in the number of
reads that recruited to an individual Microcystis genome, we
recruited reads to coding sequences from all nine closed, com-
plete genomes in NCBI including six M. aeruginosa strains, one
M. panniformis strain, one M. viridis strain, and one Microcystis
sp. strain (Supplemental File S1). This method does not rely
on assembled contigs, and all genomes were easily down-
loaded from the NCBI database, which is updated regularly to
include new genomes and annotations. Each of the five spe-
cific genes analyzed in this study showed the highest recruit-
ments in a different genome strain, although the variation
between each strain was minimal (1–2%) (Supplemental
Fig. S2). The number of reads recruited for each gene and all
coding sequences in Microcystis spp. was > 98% correlated to
the number of reads recruited by any of the other methods
(Supplemental File S1). The primary disadvantage of this
method is the lack of taxonomic or functional data on the rest
of the microbial community within a sample.

While the Frankenstein’s genome method is primarily a
read recruitment method, it has an additional step as a com-
posite genome must first be generated. However, the approach
allows the user to customize and update “Frankenstein’s Micro-
cystis” as other genomes are completed and published. There
was a total of 44,950 coding sequences between the nine
strains (average = 4994). Clustering all the coding sequences
at decreasing nucleotide identity reduced the total number of
clusters from 13,600 to 8920, when clustered at a nucleotide
identity of 0.95 or 0.80, respectively. When all coding
sequences were clustered, regardless of nucleotide identity,
20.7–43.4% of the total library reads recruited (Supplemental

Fig. S1). The 95% identity composite genome performed well
in both total reads recruited and reads recruited to the individ-
ual genes. The number of reads recruited for each gene and
total Microcystis was > 98% correlated to the number of reads
recruited by any of the other methods (Supplemental File S1).
As with the individual genomes though, this method only
allows for the characterization of the Microcystis community,
not the rest of the microbiome.

Discussion
While the preparation of (meta)transcriptomic samples

before sequencing can shape the overall outcome of an analy-
sis for microbial communities (Gann et al. 2021), our analyses
have indicated that the way sequences are evaluated can have
equally large impacts on the conclusions reached. As the vol-
ume of sequencing data generated grows and more researchers
turn to molecular tools to address environmental questions,
researchers may be tempted to use publicly available, auto-
mated pipelines or easily downloaded single-strain genomes.
Each of these methods has strengths and weaknesses, and it
falls upon the researcher to establish best practices. This study
however provides guidelines to the growing community of
Microcystis spp. researchers but can also serve as advisory to
those interested in other organisms or communities.

One of the primary concerns for any methodology for
metatranscriptomic sequencing analysis is the ability to char-
acterize the true diversity present efficiently and accurately in
a sample, regardless of whether it is from a lab culture or an
environmental sample. For many years, the common practice
has been to quantify activity by recruited reads back to a sin-
gle reference genome (Harke and Gobler 2013; Steffen
et al. 2017; Davenport et al. 2019). Here, we have tested a
composite of available complete, closed genomes, Franken-
stein’s Microcystis, where coding sequences from different iso-
lates of the same genus were clustered together to reduce
redundancy: this provides a database containing both the
common core genes associated within the Microcystis genus as
well as the unique coding potentials associated with different
isolates. We note that this approach can be extended to any
microorganism of interest if multiple, well-curated genomes
are available for clustering. However, it is important to note
that even a composite genome is limited to the diversity of
sequenced, well-annotated isolates of microorganisms, and
still may not represent a natural community’s true diversity.
Moving forward, researchers will need to update Franken-
stein’s Microcystis with newly sequenced isolates as they
become available. While the BLASTx method we adopted from
Pound et al. (2020) and Moniruzzaman et al. (2017) was also
capable of more fully characterizing community diversity, the
restriction to individual gene databases makes it cumbersome
and less ideal for broader hypotheses.

A key detail to consider a priori with sequencing data is the
resolution to which a researcher may want to characterize the
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community. As mentioned above, recruitments to Franken-
stein’s Microcystis provide an efficient and comprehensive way
to analyze the Microcystis spp. community. However, it is well
known that the rest of the microbiome is likely important to
how harmful algal blooms function (Cook et al. 2020). While
the BLASTx method mentioned above can characterize the
entire microbial community, marker-gene database inefficien-
cies are still present. Many tools such as Kaiju, or even 16S
rRNA gene sequencing, can provide information on what
organisms are present, but few tools also provide information
on the functional genes present.

Many other factors should also be considered when choos-
ing a method, including the frequency the tool is updated.
Even though GhostKOALA performed well in our analysis, the
KEGG ontology database will require regular updates to stay
relevant. The only way to have full control over a database is
to curate it manually, although we recognize that this can be
inefficient and can lead to biases from individual laboratory
groups based on annotations. Computational power and cod-
ing expertise should also be considered, as some of methods
discussed are extremely user friendly while other require some
knowledge of command line coding. Many of the online tools
use remote servers, while many of the command line tools
would likely require local computational power.

Recommendations
For researchers sequencing Microcystis spp.-dominated

harmful algal blooms, we make two suggestions based on our
analyses and the resolution of a proposed study. For those
wishing to focus solely on Microcystis spp. function and activ-
ity, we would recommend using a regularly updated Franken-
stein’s Microcystis composite genome as it does not require
the transcriptomes being assembled into contigs and can
provide detailed data on every potential gene currently
sequenced in Microcystis genus. It is also important to note
that the combined genome approach used to establish Fran-
kenstein’s Microcystis could easily be applied to other organ-
isms and study systems. However, for researchers wishing to
focus on microbiome ecology and interactions between spe-
cies, we recommend using the GhostKOALA approach, which
provides both functional and taxonomic characterization of
the entire community, although it does require additional
read recruitments to estimate transcriptional activity. Regard-
less of the study system, we highly stress the critical impor-
tance of taking great care in selecting an appropriate method
when processing sequence data.
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