Hu et al. BMC Microbiology =~ (2022) 22:317 BMC M inObiO'Ogy
https://doi.org/10.1186/s12866-022-02671-2

: . ®
The electronic tree of life (eTol): a net s

of long probes to characterize the microbiome
from RNA-seq data

Xinyue Hu', Jirgen G. Haas? and Richard Lathe?’

Abstract

Background Microbiome analysis generally requires PCR-based or metagenomic shotgun sequencing, sophis-
ticated programs, and large volumes of data. Alternative approaches based on widely available RNA-seq data are
constrained because of sequence similarities between the transcriptomes of microbes/viruses and those of the host,
compounded by the extreme abundance of host sequences in such libraries. Current approaches are also limited to
specific microbial groups. There is a need for alternative methods of microbiome analysis that encompass the entire
tree of life.

Results We report a method to specifically retrieve non-human sequences in human tissue RNA-seq data. For cellular
microbes we used a bioinformatic 'net; based on filtered 64-mer sequences designed from small subunit ribosomal
RNA (rRNA) sequences across the Tree of Life (the ‘electronic tree of life] eTol), to comprehensively (98%) entrap all
non-human rRNA sequences present in the target tissue. Using brain as a model, retrieval of matching reads, re-exclu-
sion of human-related sequences, followed by contig building and species identification, is followed by confirmation
of the abundance and identity of the corresponding species groups. We provide methods to automate this analysis.
The method reduces the computation time versus metagenomics by a factor of >1000. A variant approach is neces-
sary for viruses. Again, because of significant matches between viral and human sequences, a ‘stripping’approach is
essential. Contamination during workup is a potential problem, and we discuss strategies to circumvent this issue. To
illustrate the versatility of the method we report the use of the eTolL. methodology to unambiguously identify exog-
enous microbial and viral sequences in human tissue RNA-seq data across the entire tree of life including Archaea,
Bacteria, Chloroplastida, basal Eukaryota, Fungi, and Holozoa/Metazoa, and discuss the technical and bioinformatic
challenges involved.

Conclusions This generic methodology is likely to find wide application in microbiome analysis including
diagnostics.
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Introduction
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mycorrhizal microbes that are necessary for plant nutri-
tion. In human, the gut microbiome is a key component
of normal physiology where it contributes to nutrition,
physiological homeostasis, and immunity development,
and dysregulation of the gut microbiome (dysbiosis) is
known to contribute to multiple disorders [1, 2]. As spe-
cific examples of the beneficial roles of the microbiome,
the human microbiome is a major source of vitamins
[3], and dysbiosis in experimental animals and human
is implicated in immune system deficits [4] and neuro-
cognitive disorders [5]. However, it is becoming increas-
ingly clear that tissues other than the gut have their own
microbiomes, most notably the skin, lung, and the oro-
nasal cavities, as highlighted by the Human Microbi-
ome Project [6, 7] (https://hmpdacc.org/). In addition,
bacterial species are widely reported in blood of healthy
individuals (reviewed in [8]), and the majority of cer-
ebrospinal fluid (CSF) samples were found to be positive
for one or more pathogens, confirmed in most cases by
direct culture [9]; CSF of individuals with meningitis was
found to contain diverse microbes [10], and multiple bac-
terial species were found in CSF of control children [11].
Diverse viruses are also present in CSF [12]. Further-
more, analysis of normal hamster liver revealed multiple
bacterial species, confirmed by direct microbial culture
[13]. The kidney also appears to have its own microbiome
[14], and the human urinary microbiome (a proxy for the
kidney) was found to comprise multiple bacterial species
[15], suggesting that many solid tissues may harbor their
own individual microbiomes, some detrimental whereas
others may potentially be beneficial. However, the exact
spectrum of microorganisms present in important tissues
such as brain, heart, muscle, breast, and gonads has not
been established, and future work will be necessary to
address this issue.

Microbiome characterization is generally based on
three key techniques: (i) ribosomal RNA (rRNA) analy-
sis, generally assisted by PCR amplification, (ii) DNA-
based metagenomics, and (iii) RNA-seq combined with
informatic analysis (reviewed in [16-23]), although sev-
eral hybrid methods have been used. In the first, IRNA
(or rDNA) sequences are amplified using a suite of PCR
primers, sequenced, and compared against the database.
Because this depends on the use of short PCR primers,
the method may lack specificity — risking amplification
of non-RNA sequences in addition to missing any spe-
cies whose rRNA sequence diverges from the primers.
Furthermore, differences in abundance require quantita-
tive PCR amplification of each sample followed by deep
sequencing, and small differences in abundance (e.g.,
2—4-fold changes) are difficult to detect.
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The second method is based on metagenomic analy-
sis through shotgun sequencing and genome assembly.
This requires many-fold more data, often reaching tera-
byte (Tb) levels, and requires dedicated tools to remove
human sequences and to assemble contigs. Moreover,
because high sequencing depth is necessary, assembly-
based methods are restricted to highly abundant mem-
bers of the microbiome. Moreover, metagenomics does
not easily address differential abundance. Both methods
require extensive wet-lab work and can require machine-
learning tools to unravel the true extent of the microbi-
ome [24].

The third technique is generally based on analysis of
RNA-seq (sometimes DNA-seq) data for exact matches
to short k-mers (generally 31-mers) using techniques
some as Kraken [25] and CLARK [26], but these meth-
ods require careful interpretation because the shortness
of the sequences means that matches can be found by
chance and, conversely, variants that differ by a single
nucleotide can be missed.

Each of the above techniques has advantages and dis-
advantages. In addition to relatively high demands on
data processing, and sometimes low selectivity, the dif-
ferent methodologies have often given conflicting results.
We illustrate this through studies on the brain.

Like other tissues, the brain carries a burden of endog-
enous microbes and viruses [27], although these have
not been well characterized, and some have questioned
whether there is indeed a brain microbiome [28]. Bacte-
rial sequences were reported in surgical epilepsy sam-
ples of human brain, and peptidoglycan-positive bodies
consistent with bacteria were detected by immunohisto-
chemistry and microscopy [29]; bacterial infection could
be transmitted onwards by intracerebral inoculation of
mice [29]. Roberts et al. reported diverse bacteria, iden-
tified by morphological criteria, upon high-resolution
imaging of normal human brain [30], and brain of ger-
mfree mice (unlike that of conventionally reared mice)
was reported to be devoid of microbes [30], although this
awaits confirmation. In addition, an increasing body of
evidence suggests that microbes readily enter the brain
(e.g. [31]), can be detected by in situ immunohistochem-
istry of brain [32], and that brain infection may play a
role in neurodegenerative disorders such as Alzheimer
disease (AD) [33]. Nevertheless, there has been exten-
sive debate about which microbes (and how many) are
present. Chronic inflammation and infection caused by
spirochetes have been suggested to contribute to the slow
progression of AD [34]. Chlamydia pneumoniae shows
associations with late-onset AD [35], and other bacteria
such as Proteobacteria, Actinobacteria, and Firmicutes,
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as well as Fungi such as Malassezia, Alternaria, and
Candida spp., have been reported [36]. An important
PCR-based study revealed multiple bacterial species in
AD brain [37]. Other work has focused on periodontal
pathogens such as Porphyromonas gingivalis [38]. Never-
theless, in other studies very few microbes of this class
(Bacteriodetes) were found, and other key species impli-
cated such as spirochetes and Chlamydia (see above)
were not well represented [36, 37]. Furthermore, beyond
specific target groups, the relative abundances of these
different species have not been established.

A major limitation is that the majority of studies to date
have focused on select microbial groups such as bacte-
ria or fungi. Several classes of cellular microbes across
the known Tree of Life have not been widely studied to
date, including Archaea, Amoebozoa, Chloroplastida,
and Eukaryota. This relative dearth of such broader anal-
ysis extends more generally beyond our current target
tissue (the brain) to tissues analyzed in the majority of
endeavors.

Many viruses are also present in human tissues. Her-
pes simplex virus 1 (HSV-1) sequences were discovered
in AD brain around 30 years ago [39]. Infections with
viruses such as HSV-1 are widespread in the population;
these generally remain in a silent (latent) form life-long,
but may be reactivated because of stress, inflammation,
or other factors, leading to proliferation and localized
damage. Other viruses, notably human herpesvirus 6A
(HHV-6A) and 7 (HHV-7), have also been suggested to
be associated with AD. Readhead et al. used a modified
ViromeScan workflow [40] and found that the abun-
dance of these two viruses among 515 viral species was
increased in the transcriptomes of AD brain in three
of four cohorts compared to normal brain. For spe-
cific viruses, unique 31-mers were generated with Jel-
lyfish [41], RNA-seq reads that are possible human or
bacterial sequences were filtered, and then mapped to
the filtered 31-mers to determine viral abundance [40].
However, Chorlton [42] challenged these results, sug-
gesting that local alignment by Bowtie2 (http://bowtie-
bio.sourceforge.net/bowtie2/index.shtml) required only
a relatively low number of matching bases, and the Best
Match  Tagger (ftp://ftp.ncbi.nlm.nih.gov/pub/agarw
ala/bmtagger/) had a 2% false negative rate when filter-
ing human-derived reads. Also, hepatitis C virus and
eradicated variola virus were found in 100% and 97.5%
of samples, respectively, using the modified ViromeS-
can. KrakenUniq [43], which performs efficient k-mer
counts in metagenomics and can better identify false-
positive reads, found few HHV-6A reads and no HHV-7
reads were detected [42]. Allnut et al. used digital droplet
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PCR (ddPCR) to amplify specific regions of HHV-6A
and HHV-6B in 708 brain sections [44]. PathSeq [45],
which has high specificity and sensitivity in distinguish-
ing between human and non-human sequences, was also
used as a complementary method with RNA-seq data,
which contained part of the cohorts also used by Read-
head et al., to screen for pathogens from more than 25
000 microbes, containing 118 human viruses. Neither of
these methods found associations between HHV-6 and
AD [44], and the true contribution of herpes and other
viruses to human brain disease remains unknown.

In addition to viruses, endogenous retroviruses and
retroelements constitute a further class of replicative ele-
ments that might also contribute to human disease.

In the present work we have devised a different
approach to microbial identification based on the use of
long (64-mer) probes to identify sequence matches in
RNA-seq data. The generation of RNA-seq datasets is
increasingly rapid and cheap and, moreover, a large num-
ber of RNA-seq datasets generated by other laboratories
for a variety of research purposes have been filed online
at repositories such as the National Center for Biotech-
nology Information (NCBI) sequence read archive (SRA)
database (which now contains over 25 million Terabases
of open-access sequence information; https://www.ncbi.
nlm.nih.gov/sra). The SRA repository can be searched for
sequence matches either online or locally (see below) and
is an increasingly important resource for microbiome
studies.

Key objectives in the present report have been to
devise methods that (i) extend to the entire tree of life,
(ii) are applicable to widely available RNA-seq datasets
such as those filed at the NCBI SRA repository, (iii)
can determine both the identity and the absolute abun-
dance of microbes including viruses and retroelements
in human tissues, (iv) do not require sophisticated com-
puter expertise or dedicated computer programs other
than those that are widely available and/or freely down-
loadable, and (v) allow pictorial representation of the
microbiome that facilitates comparative interpretation
of the results.

We report the development of two related methods.
First, an electronic tree of life (€ToL) approach based
on a 'net’ of 165/18S rRNA sequences across all cellu-
lar lifeforms to comprehensively retrieve all non-human
sequences. Second, a ’stripping’ method based on viral
genomes to unambiguously detect key viral species. In
this methodology paper we focus on technical and bio-
informatic issues — case studies are presented that illus-
trate the versatility of the method; application of the
eToL methodology to the human microbiome in select
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Fig. 1 The phylogenetic tree for cellular microbes. The phylogenetic tree was obtained from Open Tree of Life project (modified from https://tree.
opentreeoflife.org/) extended to include a recent bacterial consensus tree (main text for details)

tissues will be presented elsewhere. The potential util-
ity of the methodology in diagnostic applications is also
discussed.

Methodology development

The methodology we have developed is centrally based
on Basic Local Alignment Search Tool (BLAST) screen-
ing of publicly available RNA-seq libraries (~50 SRAs
were analyzed in this work) using a suite of probes
(64-mers for microbial rRNA and whole-genome viral
sequences) that are filtered to remove sequences with

matches to human genomic/transcriptomic datasets. We
present here the detailed rationale behind this approach
and discuss relevant technical issues.

Cellular microbes: the electronic Tree of Life (eToL)
approach

According to the three-domain system, cellular life can
be classified into Archaea, Bacteria, and Eukaryota [46].
To address the full diversity of cellular lifeforms we con-
sulted the Open Tree of Life (OToL; https://tree.opent
reeoflife.org/), a National Science Foundation (NSF)
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Fig. 2 Phylogenetic tree built with rRNA sequences for the key 120 organisms. 16S rRNA sequences for Archaea (red) and Bacteria (orange), and
185 rRNA sequences for Chloroplastida (yellow), Amoebozoa (green), basal Eukaryota (grey blue), Fungi (blue) and Holozoa (purple). Bootstrap
values of most of the nodes are over 70 (black), indicating strong phylogenetic support. Nodes with bootstrap values lower than 70 have weaker
phylogenetic support and are shown in a color gradient from red (low value) to blue (high value. Note that the placements of Fungi, Chloroplastida,
and Amoebozoa are intermingled, whereas the other groups are tightly clustered

collaborative effort across 10 institutions that synthesizes
phylogenetic trees based on sequence and taxonomic
data [47-49]. For completeness, alternative phylograms
include the LifeMap NCBI Version (http://lifemap-ncbi.
univ-lyonl.fr/), and we refer to this where appropri-
ate. Because OToL is not definitive on the placement of
bacteria, we followed Schulz et al. [50] for a recent re-
evaluation of the evolutionary phylogeny of bacteria, and
synthesized a compromise ToL that includes all taxo-
nomic groups, extending from Archaea and Bacteria to
include Amoebozoa, Chloroplastida, Fungi, basal Eukar-
yota, and Holozoa/Metazoa (Fig. 1).

From this tree 126 species were selected that were
judged to be equally divergent from each other as esti-
mated by their spacing/position on the tree, taking
into account the relative diversity of Fungi in particu-
lar. Full-length 16S/18S sequences were downloaded
from NCBI. To address the diversity of these sequences,
and potential duplications within this dataset, we built
a phylogenetic tree using Clustal Omega (https://www.
ebi.ac.uk/Tools/msa/clustalo/). After exclusion of
very close relatives (near-duplicates), we recompiled
a list of 120 rRNA sequences that span the full diver-
sity of cellular lifeforms (Table S1 in the supplementary
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data online). These sequences were then aligned using
MUSCLE (v3.8.31) [51], and the IQTree tool (v1.6.6)
was used to build a maximum likelihood tree with the
aligned sequences [52]. To find the best-fit model and
estimate the phylogenetic support of the nodes, the

ModelFinder (MFP) option [53], and -bb option [54]
with 1000 bootstrap replicates were chosen, respec-
tively. The phylogenetic tree was modified and rooted
with the outgroup bacteria using the iTOL tool (v6)
[55], as shown in Fig. 2.
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As will be noted from the figure, it is not entirely con-
sistent with current trees for cellular organisms, and some
phylogenetically distinct classes showed intermingling
in their precise 16S/18S rRNA sequences. However, the
objective of this work was not to address the phylogenetic
relationships between the diverse species, but instead
to devise a means to detect/extract, as far as possible, a
comprehensive compendium of non-human sequences in
human tissue. We therefore proceeded to use this collec-
tion of 120 rRNA sequences as a route towards evaluating
the true complexity of cellular lifeforms.

Databases
The RNA-seq datasets (n = ~50) used in this work are
listed in Table S2.

Probe length and specificity

Probing for microbes in RNA-seq data has generally
exploited the fact that a typical cell contains many thou-
sands of ribosomes (Box 1), whereas housekeeping tran-
scripts are less well represented, often by a factor of 100
or more. However, a central problem in using rRNA-
based probes to detect specific microbial matches in
human RNA-seq data is that many, if not the majority, of
full-length sequence probes detect significant (according
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to conventional criteria regarding the likelihood of detec-
tion by chance) matches, albeit often partial, in human
rRNA. The problem is accentuated with long probes
(bacterial 16S rRNA is ~1.5 kb in length, eukaryotic 18S
rRNA is ~1.9 kb in length; for comparison, bacterial 23S
large subunit rRNA is ~3 kb, and eukaryotic 28S rRNA
is ~5 kb in length). As probe length increases, so too
does the likelihood of finding matches in human rRNA
sequences as well finding chance matches in non-rRNA
sequences [56]. Conversely, using short sequences (in the
range of 20-30 nucleotides) for PCR or k-mer analysis
risks losing specificity, even though (at high stringency)
these should be unique in the human genome/transcrip-
tome, but this does not take into account the diversity of
polymorphisms in the human population, de novo muta-
tions, and sequencing errors. Given that in silico analysis
by BLAST is formally equivalent to wet-lab probing by
nucleic acid hybridization, we based our design on pre-
vious calculations that a minimum probe length of 62 nt
is required, at a biologically plausible/significant level of
85% identity, to detect a unique sequence in a random
collection of nucleotides of the size of the human genome
(ca 3 x 10e9 nt) with a likelihood of 0.1 of encounter-
ing a similar sequence by chance [56]. For simplicity, we
adopted a probe length of 64 nt.

Box 1. Transcripts per microbial cell/infected host cell

Cellular microbes: ribosomal copy number depends on cell type and growth rate

Readcounts of rRNA provide an indicator of how many microbes are present, but there is no direct one-to-
one relationship between rRNA readcounts and microbial cell number. The absolute abundance of ribosomes
in each cell (ribosomes per cell, RBPC) depends on both growth rate and cell type/size. For bacteria such as
Escherichia coli, RBPC values can be up to 70 000 during periods of rapid growth, but as low as a few thousand
in poor growth conditions (http://book.bionumbers.org/how-many-ribosomes-are-in-a-cell/). In another bac-
terium, Sphingomonas, RBPC can be as low as 200 [57] under poor growth conditions. We assume that bacteria
in human solid tissues grow very slowly, and a compromise estimate of 2000 RBPC has been adopted. The same
value has been assumed for Archaea because they resemble bacteria in terms of size.

Eukaryotic cells are generally much larger, contain more ribosomes, and for yeast under fast-growing condi-
tions 200 000 RBPC have been reported [58, 59]. However, as in E. coli, ribosome content depends on growth rate
[60]. We therefore applied a similar reduction for what we expect to be very slow-growing cells, giving an estimate
of 10000 RBPC (fivefold greater than in bacteria), noting that the exact RBPC values will depend on the species.
Although this value could apply to other eukaryotes, it may be an underestimate because, for example, some large
mammalian cells can have over a million ribosomes [61]; however, this extreme high value is unlikely to be repre-
sentative of microbes more generally.

Virus-infected cells

The problem in estimating how many genomes are present per host cell becomes more acute for viruses because
we must distinguish between latent/quiescent infection, where viral transcript counts are expected to be similar
to those of endogenous housekeeping genes, and virulent replication, where there can be thousands of genomes/
transcripts per cell. For this reason detection of viral sequences in RNA-seq data is likely to detect highly replica-
tive viruses, but could potentially miss low-level latency-related transcripts from quiescent viruses. This point is
discussed in more detail in Box 2.
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rRNA hypervariable or constant regions

rRNA genes of bacteria and fungi, in particular, are
known to contain hypervariable regions [62, 63] as
well as conserved regions. Although the use of hyper-
variable regions has the advantage that it can identify
exact species (or groups of species), the drawback is
that probes based exclusively on hypervariable regions
are likely to miss other species that have a slightly dif-
ferent sequence, arguing against pre-selection. By
contrast, probes based entirely on conserved regions
may detect species irrespective of their class. As a fur-
ther argument against pre-selection of regions, rRNAs
contain a high degree of secondary structure that
can (unpredictably) impede reverse transcriptase-
mediated copying into cDNA, and some pre-designed
probes may find few matches in RNA-seq archives. To
illustrate, the number of RNA-seq reads matching dif-
ferent regions of E. coli 16S rRNA in a test dataset dif-
fered by a factor of 100 (not presented). As a working
compromise, we generated probe sequences without
any pre-selection based on knowledge of the target
sequence (e.g., of variable versus conserved regions).
Probe redundancy (a potential outcome of random
design) is addressed in the sections below.

Probe generation and nomenclature

We generated 64-mer probes from the 120 rRNA
sequences (~10 per kb, noting that not all available
sequences are complete). The non-overlapping 64-mer
sequences were devised as probes by semi-random
selection using probe.py script. The version of python
was v3.6.3 [64]. This generated a list of 1323 probes. In
naming the probes we aimed to devise a simple, but eas-
ily remembered, nomenclature. Probes were therefore
prefixed by a single letter for each of the major domains
as follows: A, Archaea; B, Bacteria; C, Chloroplastida
(algae and plants), D, Amoebozoa; EO, basal Eukaryota
(that may constitute a clade of their own); F, Fungi; and
H, Holozoa/Metazoa. Group G was not allocated, and
may be retained should any new branches of lifeforms
to be discovered (if there are any). We use the term
Chloroplastida to denote all organisms containing chlo-
roplast-related organelles in preference to the term Vir-
idiplantae because the latter implies that algae are plants
[65]. Probes were thus named >X (code of ToL domain
and number)_abridged species name_rRNA (16S or
18S)_probe number, for example, A_Hsalinarum_16S1.

BLAST analysis
Analysis (Fig. 3) is based on the basic local sequence
alignment search tool, BLAST/BLAST+ [66, 67],
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that is now widely accepted as the gold standard for
detecting significant sequence similarities. Sequence
searching employed a series of publicly available
SRA databases (Table S2), and nucleotide BLAST
(BLASTn) was run either online at NCBI (https://
blast.ncbi.nlm.nih.gov/Blast.cgi?PROGRAM=blastn&
BLAST_SPEC=GeoBlast&PAGE_TYPE=BIlastSearch)
or locally at the Edinburgh Compute and Data Facil-
ity (ECDF) Linux Compute Cluster (http://www.ecdf.
ed.ac.uk/) CEDDIE’) at the University of Edinburgh
using BLAST+ downloaded from NCBI (https://www.
ncbi.nlm.nih.gov/guide/howto/run-blast-local/).  In
this work we carefully explored different settings for
similarity detection, including wordsize (default =
28), match/mismatch parameters (default = 1,—2),
and gap costs (linear), and in no case did this improve
selectivity. We acknowledge that the default settings
for evaluating sequence similarity have been carefully
optimized by NCBI staff and their advisers, and we
identified no obvious improvements. The basic set-
tings (optimize for highly similar sequences) are that
BLAST detects 64-mer sequences with 4 mismatches
(94% identity), but also detects 28-mer sequences with
no mismatches and 38-mer sequences with a single
mismatch (which could be as low as 50% identity over
the full length of the probe; values correct at time of
writing, October 2021; these settings may evolve with
updates of the NCBI website), although these shorter
matches have lower overall scores. Nevertheless,
coverage (length of the region of homology) for the
majority of matches detected (80-90%) were generally
in the range 70-100% and, because a second screening
step is applied, the default settings were retained. Cut-
off scores are discussed in the sections below.

Removal of probes matching human sequences

Although 64-mer probes based on rRNA are less
likely (because of their length) than full-length rRNA
sequences to find matches in human databases by
chance, rRNA is relatively conserved across spe-
cies, and many of the probes found matches in human
sequences. The 64-mers were therefore screened
for probes that were significantly similar to human
sequences (default megablast task and -entrez_query
"Homo sapiens {Organism}") by BLASTn v2.11.0+ with
nt database [68]. About 300 probes found matches in
human sequence databases (default parameters), and
these probes were discarded. The final list of probes (N
= 1017) without matches in the human database was
generated in Fasta format and is given in Table S3. An
important aspect of our analysis has been to determine
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whether this list is sufficiently comprehensive (dis-
cussed further below).

Determining the number of matching reads in SRAs

A script was devised to count the number of matches
in NCBI RNA-seq SRA datasets to each probe accord-
ing to our selection criteria (see also below). Read-
counts after filtering can also be determined by
accessing the hit table csv file and using the COUN-
TIF function of Microsoft Excel in the format
=COUNTIF(A1:A5000,"probename"), a similar function
is available in Apache Open Office (https://www.openo
ffice.org/welcome/credits.html) and other widely acces-
sible spreadsheet programs.

Refiltering is necessary: sequence similarity does

not follow the transitive law

A central issue encountered in this work is that sequence
similarity, as assessed by BLAST, does not follow the tran-
sitive law of mathematics and logic. The law dictates that,
if A =B, and B = C, then A = C; also that if A > B, and
B > C, then A > C. This rule does not apply to similarity
between nucleotide (or protein) sequences. If sequence A
is significantly similar (o) to sequence B, i.e., A ¢ B, and
B o C, one may not conclude that A ¢ C. Conversely, if
A is not similar (/o) to B, and B o C, one may not con-
clude that A /o C. This is because, in three sequences
A-C, sequence A (e.g., the probe) may not be similar to B
(e.g., human sequence), but there may be an intermediate
sequence C that is significantly similar to both A and B.
For this reason, in searching human RNA-seq data with
filtered probes, although most human sequences have
been removed, many BLAST matches retrieved from
human tissue are still of human origin. Second-round fil-
tering of all matches detected is therefore necessary. In
addition, representative human genome(s) and transcrip-
tomes at NCBI do not encompass the full diversity of
polymorphic variants that are present across the human
population, and variant sequences may be encountered
that achieve a threshold significant match with a filtered
(i.e., no matches in human) probe despite being of human
origin.

All matches retrieved from human RNA-seq librar-
ies were therefore revalidated to exclude human
sequences. This involves (i) retrieving the matching
sequences, (ii) searching again for homologies to the
downloaded human nucleotide database (ftp://ftp.
ncbi.nlm.nih.gov/blast/db/; accessed 20 May 2021).
Because the sequences retrieved are endogenous to
the SRA that harbors them (and are therefore generally
longer than the 64 nt probe length), they automatically
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generate higher similarity scores for a given extent of
homology, and the threshold score for significance
must therefore be adjusted according to the mean read-
size in each dataset. The adjusted cutoffs were as fol-
lows. If the bitscore is >160 (MSBB) or >100 (Miami) or
>126 (Rockefeller), the sequence was considered to be
human in origin, and was discarded. For other datasets
(liver, skin, and 17 brain samples a cutoff of >150 was
applied; cutoffs for other databases were >160 for the
Mount Sinai Brain Bank and >150 for the Edinburgh
Brain Bank, not presented). Three scripts were gener-
ated for this step, EDDIE_ToL.sh, Abundance_ToL.
py and Abundance_count.py. Finally, duplicate reads
detected with different probes (if any) were filtered
to allocate reads to a single probe showing the high-
est sequence similarity, and the number of confirmed
non-human reads were counted for each probe (Abun-
dance_count.py).

Computational demands of different methods: eTol is fast
BLAST is the gold-standard method for compar-
ing two nucleotide sequences. However, next-gen-
eration sequencing (NGS) of tissue samples for
microbiome analysis, including both RNA-seq and
DNA-based metagenomic sequencing, generates very
large amounts of data. An obligatory first step is to
remove all human sequences, and this requires that the
sequence library is compared to the human genomic/
transcriptomic databases. Nevertheless, BLAST is too
slow for routine NGS analysis, and ’end-to-end process-
ing times, even on multicore computational servers, can
take several days to weeks’ [69]. Faster algorithms such
as SNAP [70] and SeqAlto [71] and workflows such as
SURPI [69] are a little faster, but still require hours or
more of computation time. €ToL significantly reduces
the computation time required; a brief analysis is pre-
sented below.

BLASTn and related methods generally employ itera-
tive comparisons. The basic algorithm is to start with
local identities and determine whether these can be
extended across the two sequences that are being com-
pared. To simplify mathematical analysis of the num-
ber of comparisons required by these methods, we
first define a sequence 'unit’ as 100 nt, and we consider
that a probe in the eToL method (64 nt) and a single
read generated by short-read RNA-seq (100 to 150 nt)
are approximately the same size (i.e., 1 unit). Second,
we introduce the concept of a ’block’ (BL) that roughly
represents the number of comparisons required to
determine whether a probe sequence (1 unit in size) is
related to a target sequence of the same size. In other
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words, 1 BL is the amount of computation required
for a single 100 nt x 100 nt comparison. Comparing a
typical RNA-seq library (a little over 10e10 nt = 10e8
units) to the human genome (10€9 nt, or a transcrip-
tome of a similar size = 10e7 units) using BLASTn thus
involves 10e8 x 10e7 BL, i.e., 10el5 BL or 10e6 GBL.
This approximates the number of computations nec-
essary to identify non-human reads in an NGS library
using BLASTn.

The eToL method differs from the above because the
probes are prefiltered to remove human sequences.
BLASTn using 1000 probes, and screening a typical
RNA-seq library, involves 10e3 x 10e8 BL, i.e., 10ell
BL, or 10e2 GBL, in the first instance. This is a very
considerable saving. However, refiltering is necessary
because some of the sequence matches detected will
be human. In a typical eToL analysis ~10% of probes
(100 units) find matches, and each ’positive’ probe finds
in the order of 100 matches, generating 10e4 units of
sequence. These must now be compared against the
human genome or transcriptome (10e7 units), in other
words 10e4 x 10e7 = 10ell BL, 10e5 MBL, or 10e2
GBL. Although these are approximate 'rule of thumb’
calculations, the entire eToL analysis requires 2 x 10e2
GBL of comparisons, whereas 10e6 GBL of comparisons
are necessary for direct NGS versus human comparison,
in other words a computation reduction by a factor of
5000, thus requiring 5000-fold less time. In support,
eToL analysis of a single RNA-seq library (online at
NCBI) takes only 1-5 minutes to retrieve all non-
human microbial sequences.

The issue of rRNA depletion in RNA-seq libraries

Ribosomal RNA represents ~80% of the total RNA in
each cell. Because most SRA studies in the data reposi-
tories have focused on endogenous human transcripts
rather than on exogenous microbes, it is common-
place to use protocols to deplete rRNA. Precipitation
with LiCl and/or selection of poly(A)" RNA using
immobilized oligo(dT) are widely used, but rarely
remove more than 50-80% of rRNA. To address this
we probed different datasets based on raw RNA-seq
versus selection for poly(A)™ RNA before sequencing.
As shown in Fig. 5A, there was no clear difference in
the abundance of microbial rRNA transcripts between
raw and poly(A)" SRA datasets. Because poly(A) selec-
tion is often not performed, we could only analyze a
small number of SRAs; however, we report this result
because it suggests that poly(A)T selection is not
necessarily fatal for microbiome analysis, and this is
likely to reflect (i) inefficiency of rRNA removal, (ii)
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different kits are likely to have different efficiencies
of removal, and (iii) the extent of variation is compa-
rable to that seen when the same tissue is worked up
using alternative protocols in different laboratories.
Although poly(A)* datasets represent a increasingly
small fraction of SRAs, we recommend careful checks
on poly(A)* datasets to determine the abundance of
non-poly(A)* RNA species before microbiome analy-
sis. In addition, poly(A)™ datasets may be problem-
atic for internal normalization to determine absolute
abundances.

An alternative approach is to specifically deplete host
rRNA in a sample through hybridization to specific
complementary oligonucleotides [72]. This method can
achieve >90% removal of host (e.g., human) rRNA but
does not remove other rRNAs such as those of exogenous
microbes. No adjustment for rRNA removal was there-
fore performed.

Normalization: housekeeping transcripts

Because different tissue samples contain differ-
ent amounts of RNA, sometimes partially degraded,
and different RNA-seq protocols have different
efficiencies of conversion to c¢DNA for sequenc-
ing, we normalized the number of readcounts
obtained to the amount of biological material in
the SRA. For this purpose we relied on three differ-
ent housekeeping genes: phosphoglycerate kinase
(PGKI), hydroxymethyl-CoA reductase (HMGCR),
and neuron-specific enolase (NSE). An earlier study
accurately determined the number of transcripts per cell
of PGK1-driven GFP is 46—64 transcripts per cell [73]
(Box 2). We found no significant differences between
PGK1 and NSE levels in these datasets, whereas HMGCR
expression was lower. Importantly, different target tis-
sues will require their own panel of housekeeping gene
probes. Of note, the expression levels of PGKI and NSEI
in human brain appear to be constant as a function of
age (https://hbatlas.org/pages/development).

As before, 64-mer probes were devised, and BLAST
searching was employed to determine the number of
host cells that each SRA corresponds to. To minimize
statistical fluctuation, the mean of PGK (two probes)
and NSEI (two probes) was adopted for normalization.
The number of host cells thus equals the mean read-
counts of PGKI and NSE probes divided by 50, and
in each case the raw readcount was normalized to the
number of microbe transcripts per host cell by dividing
the by the estimated number of host cells. Other tissue
types will require dedicated housekeeping gene probes
(discussed in Box 2).
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Box 2. Normalization to endogenous transcripts and detection limits

A key question concerns the extent of coverage of each sequence read archive (SRA). To address this we used PGK1
probes to normalize RNA-seq data. PGK1I stands out because Kempe et al. [73] carefully measured the level of
expression of PGKI-driven GFP and accurately measured 46—64 transcripts per cell. In support, it is estimated that
~12 000 genes are expressed per typical cell, and between 360 000 and 10° mRNAs are present: the average number
of transcripts, per gene, is thus in the range 3083, strictly comparable to the estimate of ca 50 PGK1I transcripts
per cell determined by Kempe et al.

Screening of RNA-seq libraries revealed that PGKI match numbers are in the general range of 10 to over 250
per library, with a median of 152, arguing that each sequence library roughly equates to the sequence content of ~3
cells, although more recent RNA-seq datasets appear to be a little larger (10 cells). This conclusion is substantiated
by considerations of SRA file sizes (3—10 gigabytes, GB). Very approximately, an uncompressed file containing 1
megabyte (MB) of information contains 1 megabase of nucleotides, and a file containing 1 GB of information con-
tains ~1 gigabase of nucleotides. The entire transcriptome of a cell, at 600 000 mRNAs per cell, and average mRNA
length = 2.2 kb, equates to 1 320 000 000 nucleotides (1.3 GB of data). However, rRNA removal is usually far from
complete and, in addition, 1/3 of the information in a typical SRA file is not sequence data (each entry contains
details of the specific read in question). To cover the (non-rRNA) transcriptome of a single cell therefore requires
a minimum of 2.5 GB of information in FASTA format. Although they may be partly compressed in some formats,
consideration of SRA file size (3—10 GB) is consistent with the interpretation that a single SRA equates to the tran-
scriptome of a small number of cells. A legitimate concern is therefore that poorly abundant (but biologically rel-
evant) microbes/viruses may not be detected (see below).

Another consideration is that rRNAs tend to contain regions of secondary structure that reverse transcriptase
(RT) may find difficult to copy into cDNA (Methodology Development). However, this is unpredictable, and we
have made no explicit allowance for this factor.

Average read length is a further consideration. Using 64-mer probes, if the mean read length is 150 nt, then (if
mRNAs are randomly sampled) some 40% of reads will not sufficiently overlap with the probe, but this falls to ~30%
for 250 nt reads. However, this factor is identical for housekeeping genes and for microbial transcripts, and does not
affect normalization.

Although our normalization is based on PGK1 transcripts at 50 per host cell, even using two independent probes
for PGKI we observed some statistical fluctuation. To dampen this effect we considered two other genes. The first,
hydroxymethyl glutaryl-CoA reductase (HMGCR) is another housekeeping gene, but transcript levels were on aver-
age fivefold lower, making it unsuitable. Instead we turned to a neuron-specific housekeeping gene, neuron-specific
enolase (NSE, also known as ENO?2). It can legitimately be argued that, because NSE is neuron-specific, it is not
entirely representative of our target tissue (brain) where neurons only constitute a little over one half of all host
cells. However, we saw excellent agreement between NSE and PGK1 transcripts, and for simplicity our results are
presented following normalization to the mean number of PGKI and NSE transcripts per cell (or per 100 host
cells), assuming that 1 host cell = (mean {PGKI and NSE1})/50. Although this probe combination is probably useful
for normalizing RNA-seq data from brain, in other tissues it will be necessary to carefully choose the most appro-
priate panel of housekeeping genes for designing normalization probes.

Calculated detection sensitivity

If current sequence libraries represent circa 10 cells (above), and cellular microbes contain 2000 ribosomes
(Box 1), then detection of a single rRNA transcript (detection limit) means that the corresponding microbe is pre-
sent at a level of 0.0005 microbial cells per 10 host cells, which is very sensitive. For lytic viruses, where 1000+ tran-
scripts per infected cell may be present, a similar level of detection (0.0005 infected cells per 10 host cells) is likely
to apply. The exception is for latent viruses. For example, herpes viruses express latency transcripts of various types
(LAT in the case of HSV-1), and the abundance of such transcripts is assumed to be low, possibly comparable to the
level of housekeeping gene expression (50 transcripts per cell). If the RNA-seq dataset represents the transcriptome
of at most 10 cells, then the detection of a single LAT transcript would represent 0.02 infected cells per 10 host
cells, and this is likely to constitute the lower level of detection. However, multiple viruses are present in human
tissues at low levels, where they persist throughout a lifetime [27], and it remains to be determined whether latent/
quiescent infection such viruses compromises cell function; the lower sensitivity may therefore not be a drawback
in the analysis of human physiology in health and disease.
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Visualization and display of readcounts: heatmapping

An objective of this work was to generate a pictorial
description of the distribution of (filtered) sequence
matches in a given sample. Two methods were used,
both based on the sequential order of probes in the
taxonomic groups A (Archaea) to H (Holozoa). In
the first, Morpheus software at the Broad Institute
of MIT and Harvard (Cambridge, MA, USA; https://
software.broadinstitute.org/morpheus/) was used
for the display either with or without conversion to
log2. All matches below a cutoff value (specified in
the figures) are shown in blue, and all values between
cutoff and a maximum value (dictated by the experi-
ment in hand) are shown on a white to red scale
on a blue background where white = cutoff, red =
maximum (or above), and blue = below cutoff. This
presentation is outlined in Fig. 4. In the second, the
normalized data for each probe (reads per host cell)
were summed for each organism, converted to log2
scale, and heatmaps plotted using the pheatmap
package (v1.0.12) of R. Because of the wider range
of abundances for retroelements and viruses, these
can require different displays (these are specified in all
cases).

Redundancy check

Because all our probes for cellular microbes are based
on 16S/18S rRNA, we expected that some probes in
the collection would be similar to others, perhaps
because they identify highly conserved regions. A
concern was therefore that the patterns we observe
might to some extent reflect the degree of conserva-
tion across different species, as reflected by the num-
ber of probes in the collection with similar sequences,
rather than the abundance of a target species. To
address this, we catenated the entire probe collec-
tion into a single file and queried it by BLAST with
the individual probes. Of the 1017 probes, 634 (62.3%)
were unique within the collection, 100 (9.8%) found 2
matches (i.e., detected one similar sequence), and 122
(12.0%) gave 3—5 matches, and the remainder gave >5
matches (15.9%) (Fig. 6A). We refer to the number
of matches identified by each probe as 'redundancy’
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Nevertheless, inspection revealed that the 'next best’
matches were on average 48.8 nt in coverage, with 2.5
mismatches, falling to homology stretches as short as
31-mers with one mismatch, arguing that the extent of
sequence overlap/duplication within the collection is
relatively low.

However, to formally address whether the signals
detected in human tissues might reflect the number
of probe/probe similarities, we plotted the extent
of ’redundancy’ against total readcounts across
the cohort. As shown in Fig. 6B, there was a very
slight correlation between redundancy and total
readcount (trendline). However, the signals with
the highest readcounts were at the lower end of
the redundancy scale. Figure 6C-E shows the out-
come of normalizing the readcount for each probe
to the redundancy of the probe, indicating that
normalization does not have a major effect on the
overall pattern. In Fig. 6F we examined the effect
of sequentially deleting readcounts for probes with
a high redundancy (20 or above, 20+; 10 or above,
10+; 5 or above, 5+) and then deleting values for
probes with redundancies of 2-5, leaving only sig-
nals generated by unique probes within the collec-
tion. As shown, progressive removal of redundant
probes led to some degradation of the signal, but
(i) many highly abundant signals remained despite
restriction to unique probes, and (ii) the remaining
signals continued to encompass the entire tree of
life. However, coverage was slightly compromised,
and probing the collection of known human com-
mensals/pathogens (N = 104) with the 634 'unique’
probes (not presented) failed to detect 6 species
(5.8%; compared to only 2% missed with the com-
plete probe list, next section).

One potential way to avoid this issue would be to
generate a far larger collection of random probes,
and then to discard probes with partial overlaps/
duplications in the probe collection, and this could
be done in the future. Overall, our observations
argue that the overall pattern of microbe signals
detected is not dependent on probe redundancy.
Because our primary intention was to retrieve


https://software.broadinstitute.org/morpheus/
https://software.broadinstitute.org/morpheus/

Hu et al. BMC Microbiology =~ (2022) 22:317

the maximum number of non-human sequences,
we elected not to remove partially overlapping
sequences from the probelist because this could
compromise retrieval. A drawback is that differ-
ent probes might potentially retrieve the same
sequences. However, this ambiguity is resolved by
separate confirmation with 23S/28S sequences and
contig building for identification (see below).

The probe collection is largely comprehensive

To address whether the filtered probe collection is suf-
ficiently comprehensive, we used it to screen a manually
assembled list of rRNAs for known human-associated
species. A list of 104 organisms known to be present in
human samples was assembled according to Archaea
found in human gut [74], bacteria (listed in Wikipedia:
https://en.wikipedia.org/wiki/Pathogenic_bacteria), fungi
(https://en.wikipedia.org/wiki/Pathogenic_fungus), hel-
minths [75], and a selection of rarer species assembled
manually. Where two or more closely related species
were listed, a single representative species was selected,
noting that some species with similar names may in fact
show significant divergence. Where the correspond-
ing rRNA sequence was not available, the sequence
from a closely related species was selected. In each case
16S/18S rRNA sequences were downloaded from nucle-
otide database of NCBI. This collection was named the
PATHLIST (Table S4). Probing PATHLIST using the
probe collection found matches in 98% of cases, and
only missed two species (Discussion), indicating that the
eToL v1.0 collection is largely sufficient for our purposes.
Subsequent versions of eToL will include these 'missing
species.

Specificity and cross-matching

To determine the extent of cross-matching between
probes designed from the different taxonomic groups
(A-H), the 1000+ probes were used to screen the
PATHLIST dataset of human-associated microbes.
Because very few known human-associated microbes
fall into the groups C (Chloroplastida), D (Amoebozoa),
and EO (basal Eukaryota), these were not included. As
shown in Fig. 5B, other than some overlaps between
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Fungi and Holozoa (as expected, given their related-
ness), there was little cross-matching between groups,
attesting to the group-specificity of the probes in the
collection.

Species identification, contig generation, and diversity
The eToL net collects a compendium of non-human
sequences (confirmed by second-round filtering) in
a target tissue. For identification, filtered matching
reads for key signals of interest were downloaded, con-
tigs were generated using one of several online tools
(e.g., CAP3 assembly at the Rhone-Alpes Bioinformat-
ics Pole PRABI-Doua; http://doua.prabi.fr/cgi-bin/
run_cap3; also EG assembler https://www.genome.jp/
tools-bin/eassembler4.cgi?status=seqclean&pmode=
all [76]; unfortunately, EGassembler ended on July 4th
2022; a summary of available tools is given at https://
onlinetoolweb.com/contig-assembly-online-tool/), and
their abundances determined by BLAST of each contig
generated from human tissue against the collection of
sequence matches, retaining only sequences with 100%
(or near-100%) identity to the probe. Where necessary
key contigs are used as probes to retrieve additional
sequences from the same libraries. For sequence iden-
tification, BLAST at NCBI allows retrieval of the clos-
est homologs. However, an average of 4000 matches
were retrieved across 20 SRA datasets, but this can be
as high as 16000. Computation time for contig building
using EGassembler is estimated at 30 minutes for 4000
matches, rising to 5 h for 16000 matches [76] (com-
putation time is approximately proportional to the
square of the number of sequences). By contrast, con-
tig assembly by phylogenetic group (A—H, where the
mean number of matches for each bacteria and fungi
was ~1000) is significantly faster and this number of
sequences can be assembled into contigs in ~5 minutes
[76]. Nevertheless, because the microbial sequences
retrieved are not monophyletic, and show divergence
within a single individual sample and between differ-
ent samples, as illustrated in Box 3; high-stringency
contig building risks excluding important contribu-
tors to the microbiome and, as in all such microbiome
analyses, caution is necessary in interpretation.
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Box 3. Case study: signals detected are not monophyletic

To illustrate the complexity of computer searching, we report the case of searching the first liver SRA with
a 64-mer probe, B3_AcidobacteriaKBS96_16S_8. This found 44 matches, of which eight were 100% identical,
whereas the major class (36) contained one or more mismatches. Contig building generated six contigs, of
which two were highly abundant, the others less so. Sequence comparisons and tree building (Clustal Omega)
revealed that they were divergent in sequence (Fig. A). To extend the two most abundant contigs, these were
used to reprobe the SRA, and matches were used to generate contigs again. This gave two contigs of 496 and 336
nt. The former was 97% identical to an uncultured Betaproteobacteria clone, whereas the latter was 100% identi-
cal to a Gammaproteobacteria species, Acinetobacter.

Using the major contigs to search a second liver SRA revealed that the major contig from liver 1 found closely
related, but not 100% identical, sequences in liver 2, whereas the second most abundant contig in liver 1 found
no close relatives in liver 2. This illustrates two points: (i) the exact species present in a tissue sample are not
monophyletic, but represent a spectrum of related microbes; and (ii) what is true of one tissue sample may not
be true of a near-identical sample from a different individual. The best approach may be to address multiple
samples from different individuals, and identify the commonalities.
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—— Contig5 * ("ve,ec :‘23 " 0‘\(@”‘
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i '40‘100“ g
Extended contig 5 e B
Uncultured betaproteobacterium clone YS59 16S ribosomal RNA gene _g_:
«Q

Extended contig 3

Acinetobacter sp. NEB 394 chromosome, complete genome

Fig. A Matches obtained with a single probe highlight the most abundant species (*contigs 3 and 5) in the first liver sample, contig building
(Consensus 1 and Consensus 2, respectively) and divergence in a second sample.
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Validation with 235/28S and mitochondrial DNA

Because this approach employs a large number of
probes (>1000), any observed high or low abundance
in a particular tissue SRA could occur by chance
(Bonferroni correction). To circumvent this issue the
same protocols were used to devise fresh probes from
23S/28S rRNA for the same (or the closest available)
key species signal of interest, and these were then used
to reprobe the SRAs for matches. Again, all matches
were filtered against human sequences, contigs assem-
bled, followed by species identification.

An alternative approach that is valid for eukary-
otic microbes including Fungi, but not for Bacteria or
Archaea, is to employ mitochondrial DNA (mtDNA)
sequences that have been ’stripped’ (below) against
human sequences.

Viruses: whole-genome 'stripping’

Because viruses have no ribosomes, we turned to whole-
genome sequences. For viruses where detailed transcrip-
tomes are available, both in latency and in productive
infection, we recommend the use of 64-mer probes based
on abundant transcripts. However, transcriptome data
are only available for a minority of virus types, and for
general applications we based our methodology on intact
viral genomes. Nevertheless, these also contain inter-
nal homologies with human sequences (see below). For
methodology development we based our analysis on the
report in Neuron by Readhead et al. [40] where they used
a k-mer method to screen human brain SRAs for 515
viruses. Although this method is prone to false positives
(Introduction) it appears to be immune to false negatives.
For methodology development we therefore selected
the top 20 viruses in terms of readcounts, representing
>99.9% of all matches found in human brain (B. Read-
head, pers. comm.).

To identify matching sequences in the human genome/
transcriptome, complete genomes for these 20 key
viruses were used to search human sequences in the
NCBI databases (BLAST/nucleotide collection (nr/nt),
organism name = Homo sapiens). This revealed many
matches, some relatively close (Table S5). To refine this
approach we applied a ’stripping’ method, as follows. All
regions of sequence similarity between the viral genomes
and human sequences identified by BLAST were deleted
from the viral genome. In addition, low-complexity
regions were removed. The first-round stripped genomes
were then searched again against H. sapiens, revealing
further matches. Four rounds of stripping were neces-
sary to remove all homologies with the human genome/
transcriptome. Because some viruses are present as inte-
grated copies in around 1% of the human population (in
particular with homology to HHV-6A, HHV-6B, and
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potentially HHV-7) [77], these are present in the NCBI
databases of ’human’ sequences, and these were manu-
ally curated to remove key matching sequences (notably
human telomeric repeats that are present in the viral
genomes). The stripped genomes are given in Table S6.

Retroelements

The principal retroelements in the human genome are
long and short interspersed nuclear elements (LINEs and
SINEs, respectively). LINE activation has been reported
in neurological disease [78]. LINEs belong to several sub-
families, and representative 64-mer probes were devised
for each of these. SINEs are generally relatively short
highly conserved sequences related to human 7SL RNA,
and probes were included to cover SINE elements. The
human genome also includes several classes of human
endogenous retroviruses (HERVs) that have been impli-
cated in diverse disorders including neurodegenera-
tive disease [79], and we included probes to assess their
abundance. Following the same nomenclature scheme as
before, probes for retroelements including HERVs were
allocated domain code R (Table S2C).

Recognizing and excluding contamination

Microbiome identification through rRNA sequencing and
metagenomics is prone to various types of contamina-
tion that can obscure true signals [80-82]. Contamination
may be classified into two principal categories (Table 1A).
Type 1 contamination includes contamination of the sam-
ple and reagents used to examine it, whereas type II con-
cerns in vivo biocontamination, as discussed below.

(i) Reagent contamination: type 1A

Molecular biology reagents used to work up sam-
ples for sequence analysis are often contaminated with
microorganisms. Salter et al. reported that sample dilu-
tion by a factor of 10° to 10* was necessary before con-
taminants represent 50% of the signal [80]. In terms of
RNA-seq from PCR amplified material, this means that
0.1% of the signals could originate from contaminat-
ing material. In a series of 1000 signals, one or more
may therefore arise from reagent contamination. Com-
mon bacterial contaminant species are given in Table 1,
Table S1, and Table S2 of [80], and Fig. 5 of [83]. In addi-
tion, organisms commonly encountered in tap water
may be consulted (Table S2). Although duplicate and/
or blank samples worked up independently have been
recommended [82], this is not possible with pre-exist-
ing RNA-seq data. In addition, workup and sequenc-
ing of blank samples generally fails because instrument
settings reject very low numbers of sequence reads
(Azenta Life Sciences/GENEWIZ, authorized personal
communication).
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(i) Sample contamination: type 1B

This is an important issue because, if samples are
not dissected under fully sterile conditions, they may
become contaminated by exogenous organisms, for
example airborne spores and microbes from human
skin. These latter are likely to contaminate some sam-
ples, and analysis is complicated by the fact that the
skin microbiome is very diverse and differs according
to body site, individual, and geographical location [84—
86]. One possible way to tackle this issue is to exclude
known human skin microbes. In the present work we
subtracted brain datasets against a series of RNA-seq
datasets for human skin (Results). Caution is necessary
because, for example, a common skin fungus, Malasse-
zia, has been directly implicated in human diseases such
as psoriasis and has been reliably been detected in other
human tissues [87].

(iii) In vivo biocontamination: types 2A and 2B

This falls into two subtypes. Type 2A concerns con-
tamination in vivo through life-long exposure to envi-
ronmental agents. For example, we have observed
signals in RNA-seq data corresponding to barley
(Hordeum vulgare, not presented). Although airborne
contamination of samples is not excluded, we suspect
that in vivo contamination may take place. For exam-
ple, inhaled ultrafine manganese oxide particles readily
enter the central nervous system [88]. In mice exposed
to microparticles (5 um) and macroparticles (20 pm)
in drinking water, both types of particle entered body
tissues [89], and environmental exposure to both small
(<2.5 pm) and large (2.5-10 pm) particles has been
associated with cognitive decline in human [90]. Barley
pollen (25 um) is in the same broad size range; over the
course of a lifetime it is possible that these might also
enter the circulation including brain vasculature, and
from there into the brain itself. A similar route of infec-
tion could apply to microbial spores.

Type 2B contamination concerns contamination of
the target tissue in vivo before sampling. For example,
in studying a body tissue obtained postmortem, the
cause of death should be taken into consideration. To
illustrate, in many elderly patients (the principal source
of postmortem tissues) death is often precipitated by
severe infection, often pulmonary, and it is possible if
not likely that microbes enter the circulation and are
thus present in diverse body tissues, independently of
any disease process under investigation (Table 1A).

(iv) Strategies to exclude contamination

Key recommendations are summarized in Table 1B.
However, there is likely to be substantial overlap
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between microbes that are representative of the natural
microbiome in human tissues and common contami-
nants of human origin such as from the skin.

(v) Viruses and contamination

The problem of virus contamination is less severe
because analysis is based on RNA-seq data, and con-
tamination with mammalian cells expressing virus
transcripts is thought to be unlikely. By contrast, con-
tamination with viral genomes is possible, but these
(particularly for DNA viruses) may be recognized
because genomic reads are unlikely to correspond to
the viral transcriptome. Viral reads were therefore
mapped to the viral transcriptome to determine their
authenticity (not presented).

Microbes and viruses: how many cells/genomes are being
detected?

This analysis is based, for cellular organisms, on the num-
ber of copies of rRNA transcripts in each sample. The
question therefore arises of how many cells are present,
which in turn depends on the number of ribosomes (or
viral transcripts) per cell. Because this parameter intro-
duces a further complexity, further discussion is provided
in Boxes 1 and 2.

Scripts
The scripts developed in this study are available at github
(https://github.com/xinyuehul2/ToL).

Results

Tree of life

To generate the probe collection for cellular microbes,
120 key organisms were selected from Open Tree of Life
Project and other sources to represent, as far as possible,
the full spectrum of cellular organisms. The key organ-
isms cover the domains of Archaea (A), Bacteria (B0-6),
Chloroplastida (C1-4), Amoebozoa (D), basal Eukaryota
(EO), fungi (FO-6), and Holozoa/Metazoa (HO-3) (Fig. 1).
To address the distribution of these organisms across
the Tree of Life, the 16S/18S sequences corresponding
to these 120 organisms were downloaded and used to
build a phylogenetic tree (Fig. 2). Because Archaea and
Eukaryota are more related, the Bacteria group was used
as outgroup [91]. This tree has relatively good statistical
support because the bootstrap values for most of nodes
are over 70. The nodes that have weak support (bootstrap
value <70) are shown in gradient colors, ranging from
red (7) to blue (69). The 16S rRNA sequences form two
monophyletic groups, Archaea and Bacteria, whereas
only one monophyletic group, Holozoa, was observed
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Fig. 4 Visualization of the cellular microbiome profile. (Left) Standard display (first brain sequence read archive listed in the supplementary material)
generated with Morpheus where the number of matches for the 1000+ probes in a constant order A-H (Center) are colored such that blue =0,
white = lower cutoff (generally any value >0) and red > upper bound (differs between experiments). All values are normalized to the number of
host cells determined by readcounts for two housekeeping genes. (Right) Magnification of the B2-B4 region showing matches for individual probes

within the 18S rRNA sequences of eukaryotes. The species,
especially from Chloroplastida and Amoebozoa, were not
clustered well (Fig. 2), and their nodes show weak support.
We then devised 64-mer probes for these species (the
rationale is presented in the Methodology section), as
shown in the pipeline (Fig. 3), and filtered them against
human sequences. To validate this approach, we checked
whether the probe collection detects known human path-
ogens/commensals. With few exceptions, all organisms
in the PATHLIST were detected in the probe collection,
generally with multiple matches. The mean number of
matches between the probe collection and each sequence

in the PATHLIST was 25.8, and the median was 15. Only
two species were not detected, Leishmania donovani
and Ascaris lumbricoides. These data suggest that the
probe collection covers around 98% of species for which
sequences are available (future editions of €ToL will be
revised to include any missing lineages).

We also developed a uniform method of display based
on heat-mapping, as illustrated in Fig. 4.

A concern is that rRNA depletion {e.g., through
poly(A) RNA selection} in RNA-seq libraries might
compromise detection. However, this was not found to
be a systematic problem, and robust microbe signals



Hu et al. BMC Microbiology =~ (2022) 22:317

were detected in both poly(A)T and unselected RNA-
seq datasets (Fig. 5), although only a small number of
poly(A)* datasets were examined (section on Method-
ology development). A further concern is whether the
probe collection we have developed contains probes that
significantly overlap with each other, and thus constitute
partial duplicates. As described in Methodology, this
was carefully addressed (Fig. 6). The whole probe col-
lection detected 98% of a test list of human pathogens
and commensals, whereas selection of the unique probes
detected only 92%. We will address this issue in further
refinements, but the current analysis was continued with
the complete list of probes.
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Excluding contamination

Contamination is increasingly recognized to be a prob-
lem in microbiome analysis (reviewed by de Goffau et al.
2018). We therefore adapted our protocols to address this
issue. A signature of contamination is that different sam-
ples processed in parallel have consistent signals in all
samples. Multi-positive signals were deleted from both
the Miami and Rockefeller datasets. As shown in Figure
S1, many of the signals in the Miami dataset might be
contaminants, whereas the same issue was not encoun-
tered with the Rockefeller dataset (Figure S1). How-
ever, deleting multi-positive signals comes at the risk of
removing true signals (Table 1B).

Probe class
Archaea Bacteria Fungi Holozoa
I (A) (B) (F) (H)

>

Human-associated microbe group
Al ABFH|ABFH|AB FH|AB FH

LI
>

ILTHTITOATT ]
™

(@)

[ = Te T [~ FREST = TR

Too few known

w)

m

o
human-associated
species for analysis

bl = =1

& -

FES

0.00 40.00

Fig. 5 Analysis of RNA-seq of total RNA versus polyA™ RNA, and class specificity of the different probes. (A) Two brain (cortex) polyA™ RNA datasets
were available for study, these were matched with two (cortex) total RNA datasets. Although the total number of microbial matches spanned a
10-fold range (inset), as expected given independent sample preparation and sequencing methods, the figure shows that polyA™ RNA selection
does not remove all IRNA, and the number of overall matches (inset) for the two polyA™ datasets was intermediate between the two matched total
RNA datasets. (B) (Left) The whole probe collection was used to probe the list of 100+ human-associated microbes (PATHLIST). (Right) Probes for
classes A (Archaea), B (Bacteria), F (Fungi), and H (Holozoa) were then separately used to probe PATHLIST subclassified into the same groups. Classes
C (Chloroplastida), D (Amoebozoa), and EO (basal Fukaryota) were not studied because too few human-associated species are known. The figure
demonstrates that each probe class principally detects species of the same class, although some cross-matching was observed between Fungi and
Holozoa as expected because of evolutionary relationships. Class C-EO probes failed to find matches in classes A, B, F, and H (panel B), but some
crossmatching is expected because these probes found matches in the complete PATHLIST (left)
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Fig. 6 Overlaps within the probe collection (redundancy’). (A) The collection was compared to itself, revealing that over 60% were unique. (B) To
determine how probe overlaps might affect sequence detection, we compared the total readcounts (brain) to the extent of probe redundancy
(number of overlaps in the probe collection), demonstrating that high readcounts do not correlate with redundancy. The r? of the trendline
(Microsoft Excel) was 0.02, showing that only 2% of the observed variation in numbers of matches can be ascribed to probe redundancy. (C,D)
Side-by-side comparison of probe redundancy (C) with brain readcounts (D), demonstrating no obvious correlation. (E) As in (D), but the readcount
scores have been divided by the redundancy of each probe, showing some changes, but conservation of the overall pattern. (F) Effect of removing
probe signals with different levels of redundancy (>20, >10, >5, and >1). Although the overall profile was retained, this degraded many signals,
indicating that the complete probe list is preferable for comprehensive retrieval

Mutiple independent datasets: the brain has its own
microbiome

The second strategy was to only consider signals that are
present in independent datasets from the same tissue.
We therefore screened 17 independent RNA-seq datasets
from human brain. As shown in Fig. 7A, although there
were differences in the exact signals in each dataset, the
patterns were substantially conserved despite entirely
independent workup.

To rigorously confirm that the microbial signals
detected in brain do not arise through contamination, we
sequentially subtracted the signals from the 17 independ-
ent brain samples against tapwater (which, because of its
chlorine content, has its own specific microbiome; details

in the source references for the tapwater SRAs), and then
against human skin. Specifically, if any signal appeared
in any sample of tapwater or skin, all brain values were
set to zero. Both procedures markedly depleted the brain
microbial signal. However, multiple signals remained
(Fig. 7B). This argues that brain has its own microbiome
that differs from that of skin, and is unlikely to represent
either type 1 or type 2 contamination.

Tissue differences: liver versus brain

Previous studies highlighted likely overlaps between the
brain and skin microbiomes (e.g., [36, 37]), which may
be unsurprising because both tissues have an epithelial
developmental origin. Subtraction of brain against skin
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Fig. 7 The profile of the cellular microbiome in human brain. (A) Schematic of the relative representation of microbes in normal brain (cortex):
overall readcounts from 17 independent brain samples (below) indicate that bacteria and fungi are the major species in brain. (B) Profiles of
readcounts in 17 independent brain samples showing different patterns in different brain RNA-seq datasets (where B9 and B16 have distinctive
patters) but overall conservation of the profile. Estimated abundances from the calculated numbers of rRNA per cell in the different organisms are
as follows Archaea (10™ microbes per host cell), Bacteria (0.14), Chloroplastida (0.06, but type 2 contamination has not yet been excluded, Table 1),
Amoebozoa (0.01), basal Eukaryota (0.01), Fungi (0.05), Holozoa (0.05, possibly because of cross-matching with Fungi, Figure 5B). Bacteria and

Fungi represent 419% and 13% of the total burden (together >50%). (C) Signals that are present in >75% of all samples. (D) The brain has its own
microbiome. (Lane 1) The mean brain microbiome profile from 17 independent samples. (Lane 2) The mean profile in tapwater. (Lane 3) Brain profile
where all signals also detected in tapwater have been removed. (Lane 4) Mean skin microbiome profile. (Lane 5) Brain profile where all signals also
detected in tapwater and skin have been removed, showing degradation of the signal. Although type 1 contamination cannot be formally excluded
here, there may be overlaps between the brain and skin microbiomes (Discussion). However, despite attenuation of the signal, the subtraction
demonstrates that there are microbial signals in brain that do not occur in skin. Panel (A) was created at Biorender.com
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signals could conceal species that are both (i) present in
skin, and are (ii) opportunistic invaders of the CNS. We
therefore focused on a different tissue, liver. As shown
in Figure S2, the microbiome profiles for brain and liver
display many similarities, but also some evident differ-
ences. The identities of key differentials were estab-
lished by contig building and probing of NCBI datasets
(Figure S3). In the samples analyzed, Malassezia spp.
were found to be brain-specific, whereas Staphylococcus
aureus appeared to be liver-specific (Table S7). The dif-
ferential presence of key species was confirmed by sec-
ond-round reprobing using 23S/28S-based probes (not
presented).

Heterogeneity

We addressed whether individual probes are generally
detecting specific organisms, or clusters of organisms. We
observe that, even using these highly selective probes, we
identify clusters of organisms that are not monophyletic.
We illustrate this in Box 3 through a case study. It is impor-
tant to note that each probe detects a cluster of related
species rather than a unique species (Box 3), and the exact
identity of each sequence group retrieved from human tis-
sue must be revalidated by 235/28S analysis.

Viruses and retroelements

In terms of readcounts, viruses were less abundant than
the other microbes (Fig. 8A). Adenovirus C was the most
abundant in these samples. Other viruses such as HSV-1,
CMYV, HHV-6A and TTV were also present in some indi-
viduals (not presented), but their overall abundance was
low (comprehensive analysis using this methodology is in
preparation).

We also screened, using 64-mer probes, the abundance
of select retroelements and endogenous retroviruses in tis-
sue samples. As shown in Fig. 8B, these are very well repre-
sented, although at present their potential contributions to
health and disease remain unknown.

How many microbes are there in brain?

Readcounts, normalized on a per cell basis, do not imme-
diately indicate whether microbes in brain are (relative to
host cells) rare or abundant. We therefore considered fur-
ther normalization factors including the number of rRNA
copies that are present in typical microbial cells of different
types (Box 1) to calculate how many cells/genomes are pre-
sent in normal human brain; we elaborate on this point in
the Discussion section and in Box 2.

Discussion

We report a new method to comprehensively ana-
lyze the entire microbiome of human tissue samples
from transcriptomic (RNA-seq) data. The method
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comprises a ‘net’ of >1000 probes that covers all organ-
isms from the known spectrum of lifeforms — the elec-
tronic Tree of Life (€ToL). The method reported here is
not intended to replace other established methodolo-
gies, but to provide an alternative that does not require
any dedicated computer programs beyond those that
are already widely available to the community (e.g.,
BLAST and BLAST+). Primarily based on 16S/18S
sequences from cellular organisms, the approach has
been extended to cover viruses and retroelements.
Moreover, for the first time it addresses the entire ToL
rather than selected subgroups of microbes. The most
significant advantage of this method is that it requires
around 5000-fold less computation than rival NGS
techniques (e.g., metagenomics) and avoids the prob-
lems of non-selectivity encountered in some earlier
studies.

This study is based on a spectrum of cellular organisms
(N = 120) that span the entire ToL (Figs. 1 and 2), 20 viruses
that are reported to be particularly abundant in our target
tissue (brain), and 11 types of retroelements. For cellular
species, the maximum likelihood phylogenetic tree shows
the relationships between the rRNA sequences of the dif-
ferent cellular organisms, but species from domains such
as Chloroplastida, Amoebozoa, and basal Eukaryota were
not well clustered. Some nodes have weak statistical sup-
port although the overall statistical support is good. This
may be because only partial rRNA sequences were avail-
able for some species. In addition, the branch of Enterocy-
tozoon bieneusi (F1_Ebieneusi_18S) is long (not presented),
which means it has high divergence compared to the other
species, emphasizing the exceptional diversity of the fungi.
However, the robustness of multiple alignment tools plays
an important role in the accuracy of the phylogenetic tree.
Although Multiple Alignment Using Fast Fourier Trans-
form (MAFFT) has been reported to have good alignment
accuracy, the MUSCLE tool was found to have better per-
formance in reconstructing trees in our study. Other align-
ers may also be used to align such distant sequences [92].
To improve the accuracy of the alignments, rRNA second-
ary structures may also need to be considered [93].

Earlier studies of microbe analysis encountered problems
including non-specificity and crossreactivity with human
sequences. The K value (the frequency of probes aligning
to target sequences by chance) can be used to calculate the
probe length that is necessary for accurate target detec-
tion. By considering the background of incomplete but
above-threshold matches (Kj, value), the minimum probe
length for finding unique matches in a typical mammalian
genomic library was calculated to be 62 nt at 85% sequence
identity and a K, of 0.1 [56]. Therefore, our eToL approach
was based on 64-mer (or longer) probes, that have been
carefully filtered to remove any sequences matching human
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Fig. 8 Viruses and retroelements in brain. (A) Screening of 12 normal brain samples (Miami and Rockefeller datasets) with the stripped (to
remove all sequences similar to human) genomes corresponding to the top 20 viruses (>99% of brain matches in Readhead et al. 2018; text for
details) revealed matches only for adenovirus type C. (B) Screening for retroelements and endogenous retroviruses showing that transcripts for

LINE and SINE elements are highly abundant, whereas endogenous retrovirus transcripts are much less abundant (8-

HIV1-negative

sequences. The 64-mers were semi-randomly selected
because, if we used a sliding window method to produce
overlapping 64-mers, the computation time required to
process the many thousands of probes generated would
become prohibitive.

The collection of probes (eToL) is designed as a net’ to
entrap all non-human microbial sequences. For this rea-
son the identity of each probe does not indicate the exact
species present, and retrieval of sequences from human
tissue is necessary for species identification. However,
the matches to our probes discovered in RNA-seq data
unambiguously confirmed the presence of microorgan-
isms because all matches were double-checked to exclude
human sequences. Therefore, the false positive rate of
detecting human sequences was reduced to near-zero.

The 64-mer probe collection for cellular organisms
is believed to be largely comprehensive because 98%
of known human pathogens and commensals were
detected by the probe collection. In future editions of
the ToL probe list will include probes for missing species
such as Leishmania donovani and Ascaris lumbricoides,

128-fold). All samples were

as well for species that are less well represented in the
probe list.

We took strict precautions to recognize and exclude
potential contaminants of either type 1 or type 2
(Table 1). This revealed that some RNA-seq datasets are
potentially diluted by contaminant species inadvertently
introduced during sample preparation and workup. Sub-
traction of matches against likely sources of contamina-
tion including human skin and tap water reduced but did
not eliminate the microbiome signals, arguing that key
species are indeed present in human brain (in prepara-
tion). To confirm the identity of these brain-resident spe-
cies, the matches were retrieved from brain, the exact
species identified, and then further validated by 23S/28S
rRNA analysis, and for eukaryotic species, analysis of
mitochondrial DNA (in preparation).

For viruses, we report that the false positives in the
study of Readhead et al. may be explained, in part, by
homologies between viral and human sequences. For
example, HHV-6A, 6B, and 7 (that were asserted to
be increased in AD) have pronounced matches with
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human telomeric DNA repeats, HHV-3 and HHV-8 con-
tain sequences similar to human thymidylate synthase
(TYMS), the HHV-4 genome has matches to human
interleukin 10 receptor variant (IL10RV), and the genome
of variola virus (the agent of smallpox, also detected in
human brain by Readhead et al. contains homologies to
human ribonucleotide reductase subunits (RRMI and
RRM2B) (Table S5). The major virus type in human brain
was identified to be adenovirus type C (transcript map-
ping will be reported elsewhere).

Overall, this work reveals that a remarkable diversity
of microbes are present in brain (and liver) samples. All
major taxonomic groups are represented. In addition to
bacteria and fungi, as previously reported, we report that
microbes ranging from Archaea to Amoebozoa, Chlo-
roplastida, basal Eukaryota, and Holozoa/Metazoa are
present in human brain (to be presented elsewhere). Few
viruses were encountered, the majority being of the ade-
novirus C class.

The eToL method goes some way towards answering
the question of whether there is indeed a brain micro-
biome [28]. Because this is a Methodology paper, we do
not report systematically on the identities of the target
organisms or experimental confirmation (in prepara-
tion) except in a specific examplar study (brain versus
liver, Figure S2). However, in terms of microbes/genomes
per cell, we estimate that Archaea are present at 107°
microbes per host cell, Bacteria (0.14), Amoebozoa
(0.01), basal Eukaryota (0.01), and Fungi (0.05), of which
Bacteria and Fungi constitute >50% of the total microbial
burden (Fig. 7). Although this number of microbes might
appear to be high, brain neurons are extremely large, and
we calculate that, in terms of volume, the total microbial
cell volume amounts to no more than 1/10 000th of the
neuronal volume.

We have considered whether the e€ToL method can be
extended to medical diagnostic applications. The method
correctly identified 98% of human-associated micro-
bial sequences, and simple modifications would allow
this to be raised to 99%-+. A potential drawback is that
short small subunit rRNA sequences do not allow precise
identification of microbial species. For example, in one
study Bacillus cereus was misidentified as B. thurigen-
esis because the 16S rRNA sequences of these two spe-
cies are 99.7% identical [94]. However, simple refinement
of the analysis by reference to 235/28S sequences allows
rapid confirmation that a given organism is indeed pre-
sent. In addition, our analyses indicate that few if any sig-
nals detected in human samples are monophyletic — we
observe multiple closely related species/sequences that
probably reflect lifetime exposure to constantly evolving
external and internal microbiomes. For this reason the
eToL method has a significant advantage over standard
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metagenomic and/or PCR analyses that are based on the
reference sequences of standard microbial types. The
principle utility of the method is that it rapidly identi-
fies and quantifies the principal organism groups that
are present in a biological sample. 'Syndromic classifi-
ers’ (discussed in [95]) are of enormous utility in medi-
cal analysis because they permit patients to be classified
into infectious versus non-infectious syndromes, or can
distinguish between viral versus fungal versus bacterial
infections, with “important implications for clinical man-
agement’ [95].

The approach presented here, unlike other strategies,
also has the advantage that all cellular organisms across
the ToL can be addressed in a single screen. For viruses,
the genome-stripping method offers a route to ensure
that only viral sequences are detected. In addition, the
method has advantages over other strategies in terms of
specificity, and employs widely available analytical tools
(BLAST and BLAST+). It is also rapid (around 5000-fold
faster than conventional NGS metagenomic methods).
Moreover, unlike most PCR-based and metagenomic
analyses, the method allows quantification of the abso-
lute number of microbes present in a given sample. Sim-
ple modifications to the protocol make it applicable to
other species such as non-human primates and rodents
where whole-genome sequence data are available for
stripping.

In sum, the methodologies presented here may find
broad application in the analysis of microbes and viruses
in widely available RNA-seq data for human tissues, and
thereby enhance our understanding of the role of the
microbome in human physiology in health and disease. In
addition, given that RNA-seq data can now be obtained
in a few days for under $400, and that the sequence anal-
ysis can be performed very quickly (a few minutes), the
method is likely to lend itself to medical diagnostic appli-
cations in the analysis of oral, nasal, and pulmonary sam-
ples, as well as of blood, urine, and cerebrospinal fluid.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512866-022-02671-2.

[ Additional file 1. }

Acknowledgments

We thank staff at NCBI, particularly A. Wayne, for ongoing support and advice,
and NCBI for making the invaluable online sequence search resource available.
Ben Readhead (Arizona) is thanked for communicating unpublished data and
valuable discussions. We thank Kristoffer Sahlin (Stockholm) for advice on the
mathematics of BLAST searching, as well as Amanda Warr (Roslin Institute) and
Shelley Allen and Maria Davies (Bristol) for critical comments on the manu-
script. We wish to acknowledge the major contribution that Alison Daniels has
made to this work. Part of this work was submitted in partial fulfillment of the
requirements for the award of a postgraduate degree in Bioinformatics at the
University of Edinburgh (X.H.).


https://doi.org/10.1186/s12866-022-02671-2
https://doi.org/10.1186/s12866-022-02671-2

Hu et al. BMC Microbiology =~ (2022) 22:317

Authors’ contributions

R.L. conceptualized the project. X.H. devised the scripts and performed data
analysis in conjunction with R.L. The main manuscript was written by R.L. with
assistance from X.H. All authors have contributed to the final manuscript.
Overall project supervision was jointly by J.H. and R.L. The authors read and
approved the final manuscript.

Funding
This project was funded in part by the Benter Foundation.

Availability of data and materials

All relevant data and materials, including data repositories and sequence read
archive identification numbers, are provided in the manuscript and/or in the
supplementary material online.

Declarations

Ethics approval and consent to participate
Not applicable

Consent for publication
Not applicable

Competing interests
The authors declare no competing interests.

Received: 27 December 2021 Accepted: 11 October 2022
Published online: 22 December 2022

References

1. Mohajeri MH, Brummer RJM, Rastall RA, Weersma RK, Harmsen HJM, Faas
M, et al. The role of the microbiome for human health: from basic science
to clinical applications. Eur J Nutr. 2018,57:1-14.

2. Ogunrinola GA, Oyewale JO, Oshamika OO, Olasehinde Gl. The
human microbiome and its impacts on health. Int J Microbiol.
2020;2020:8045646.

3. LeBlanc JG, Milani C, de Giori GS, Sesma F, van Sinderen D, Ventura M.
Bacteria as vitamin suppliers to their host: a gut microbiota perspective.
Curr Opin Biotechnol. 2013;24:160-8.

4. Purchiaroni F, Tortora A, Gabrielli M, Bertucci F, Gigante G, laniro G, et al.
The role of intestinal microbiota and the immune system. Eur Rev Med
Pharmacol Sci. 2013;17:323-33.

5. Needham BD, Kaddurah-Daouk R, Mazmanian SK. Gut microbial
molecules in behavioural and neurodegenerative conditions. Nat Rev
Neurosci. 2020;21:717-31.

6. Turnbaugh PJ, Ley RE, Hamady M, Fraser-Liggett CM, Knight R, Gordon JI.
The human microbiome project. Nature. 2007;449:804-10.

7. Integrative HMP (iHMP) Research Network Consortium. The integrative
human microbiome project. Nature. 2019;569:641-8.

8. Castillo DJ, Rifkin RF, Cowan DA, Potgieter M. The healthy human blood
microbiome: fact or fiction? Front Cell Infect Microbiol. 2019;9:148.

9. Simner PJ, Miller HB, Breitwieser FP, Pinilla MG, Pardo CA, Salzberg SL,
et al. Development and optimization of metagenomic next-generation
sequencing methods for cerebrospinal fluid diagnostics. J Clin Microbiol.
2018;56:e00472.

10. Wilson MR, O’'Donovan BD, Gelfand JM, Sample HA, Chow FC, Betjiemann
JP, et al. Chronic meningitis investigated via metagenomic next-genera-
tion sequencing. JAMA Neurol. 2018;75:947-55.

11. Liao H, Zhang Y, Guo W, Wang X, Wang H, Ye H, et al. Characterization of
the blood and cerebrospinal fluid microbiome in children with bacterial
meningitis and its potential correlation with inflammation. mSystems.
2021;6:0004921.

12. Ghose C, Ly M, Schwanemann LK, Shin JH, Atab K, Barr JJ, et al. The
virome of cerebrospinal fluid: viruses where we once thought there were
none. Front Microbiol. 2019;10:2061.

13. Itthitaetrakool U, Pinlaor P, Pinlaor S, Chomvarin C, Dangtakot R,

Chaidee A, et al. Chronic Opisthorchis viverrini infection changes

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

Page 25 of 27

the liver microbiome and promotes Helicobacter growth. PLoS One.
2016;11:e0165798.

Whiteside SA, Razvi H, Dave S, Reid G, Burton JP. The microbiome of the
urinary tract--a role beyond infection. Nat Rev Urol. 2015;12:81-90.
Modena BD, Milam R, Harrison F, Cheeseman JA, Abecassis MM, Friede-
wald JJ, et al. Changes in urinary Microbiome Populations Correlate in
Kidney Transplants With Interstitial Fibrosis and Tubular Atrophy Docu-
mented in Early Surveillance Biopsies. Am J Transplant. 2017;17:712-23.
Quince C, Walker AW, Simpson JT, Loman NJ, Segata N. Shotgun metagen-
omics, from sampling to analysis. Nat Biotechnol. 2017;35:833-44.

Knight R, Vrbanac A, Taylor BC, Aksenov A, Callewaert C, Debelius J,

et al. Best practices for analysing microbiomes. Nat Rev Microbiol.
2018;16:410-22.

Osman MA, Neoh HM, Ab Mutalib NS, Chin SF, Jamal R. 165 rRNA gene
sequencing for deciphering the colorectal cancer gut microbiome: cur-
rent protocols and workflows. Front Microbiol. 2018,9:767.

Breitwieser FP, Lu J, Salzberg SL. A review of methods and data-

bases for metagenomic classification and assembly. Brief Bioinform.
2019;20:1125-36.

Fricker AM, Podlesny D, Fricke WF. What is new and relevant for
sequencing-based microbiome research? A mini-review. J Adv Res.
2019;19:105-12.

Bharti R, Grimm DG. Current challenges and best-practice protocols for
microbiome analysis. Brief Bioinform. 2021,22:178-93.

Gao B, ChiL, Zhu'Y, Shi X, Tu P, Li B, et al. An introduction to next genera-
tion sequencing bioinformatic analysis in gut microbiome studies.
Biomolecules. 2021;11:530.

Yen S, Johnson JS. Metagenomics: a path to understanding the gut
microbiome. Mamm Genome. 2021,32:282-96.

Moreno-Indias |, Lahti L, Nedyalkova M, Elbere |, Roshchupkin G, Adilovic
M, et al. Front Microbiol. 2021;12:635781.

Wood DE, Salzberg SL. Kraken: ultrafast metagenomic sequence clas-
sification using exact alignments. Genome Biol. 2014;15:R46.

Ounit R, Lonardi S. Higher classification sensitivity of short metagenomic
reads with CLARK-S. Bioinformatics. 2016;32:3823-5.

Lathe R, St Clair D. From conifers to cognition: microbes, brain and behav-
jor. Genes Brain Behav. 2020;19:212680.

Link CD Is there a brain microbiome? Neurosci Insights
2021;16:263310552110187009.

Branton WG, Ellestad KK, Maingat F, Wheatley BM, Rud E, Warren RL, et al.
Brain microbial populations in HIV/AIDS: alpha-proteobacteria predomi-
nate independent of host immune status. PLoS One. 2013;8:54673.
Roberts RC, Farmer CB, Walker CK. The human brain microbiome: there
are bacteria in our brains! Soc Neurosci Conf Abs. 2018;2018:A598.08
https://www.abstractsonline.com/pp8/#!/4649/presentation/

32057. Accessed 16 Nov 2022.

Coelho C, Camacho E, Salas A, Alanio A, Casadevall A. Intranasal Inocula-
tion of Cryptococcus neoformans in mice produces nasal infection with
rapid brain dissemination. mSphere. 2019;4:e00483-19.

Pisa D, Alonso R, Fernandez-Fernandez AM, Rabano A, Carrasco L. Polymi-
crobial infections in brain tissue from Alzheimer’s disease patients. Sci
Rep. 2017;7:5559.

ltzhaki RF, Lathe R, Balin BJ, Ball MJ, Bearer EL, Braak H, et al. Microbes and
Alzheimer's disease. J Alzheimers Dis. 2016;51:979-84.

Miklossy J. Alzheimer's disease - a neurospirochetosis. Analysis of the evi-
dence following Koch's and Hill's criteria. J Neuroinflammation. 2011;8:90.
Balin BJ, Hammond CJ, Little CS, Hingley ST, Al-Atrache Z, Appelt DM,

et al. Chlamydia pneumoniae: an etiologic agent for late-onset dementia.
Front Aging Neurosci. 2018;10:302.

Alonso R, Pisa D, Ferndndez-Ferndndez AM, Carrasco L. Infection of

fungi and bacteria in brain tissue from elderly persons and patients with
Alzheimer's disease. Front Aging Neurosci. 2018;10:159.

Emery DC, Shoemark DK, Batstone TE, Waterfall CM, Coghill JA, Cerajew-
skaTL, et al. 16S rRNA next generation sequencing analysis shows bacte-
ria in Alzheimer’s post-mortem brain. Front Aging Neurosci. 2017;9:195.
Dominy SS, Lynch C, Ermini F, Benedyk M, Marczyk A, et al. Porphy-
romonas gingivalis in Alzheimer’s disease brains: evidence for disease
causation and treatment with small-molecule inhibitors. Sci Adv.
2019;5:eaau3333.

Jamieson GA, Maitland NJ, Craske J, Wilcock GK, Itzhaki RF. Detection of
herpes simplex virus type 1T DNA sequences in normal and Alzheimer’s


https://www.abstractsonline.com/pp8/#!/4649/presentation/32057
https://www.abstractsonline.com/pp8/#!/4649/presentation/32057

Hu et al. BMC Microbiology

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

62.

(2022) 22:317

disease brain using polymerase chain reaction. Biochem Soc Trans.
1991;19:1228S.

Readhead B, Haure-Mirande JV, Funk CC, Richards MA, Shannon PSHYV,
Sano M, et al. Multiscale analysis of independent Alzheimer’s cohorts
finds disruption of molecular, genetic, and clinical networks by human
herpesvirus. Neuron. 2018;99:64-82.

Margais G, Kingsford C. A fast, lock-free approach for efficient parallel
counting of occurrences of k-mers. Bioinformatics. 2011,27:764-70.
Chorlton SD. Reanalysis of Alzheimer's brain sequencing data reveals
absence of purported HHV6A and HHV?7. J Bioinform Comput Biol.
2020;18:2050012.

Breitwieser FP, Baker DN, Salzberg SL. KrakenUniq: confident and fast
metagenomics classification using unique k-mer counts. Genome Biol.
2018;19:198.

Allnutt MA, Johnson K, Bennett DA, Connor SM, Troncoso JC, Plet-
nikova O, et al. Human herpesvirus 6 detection in Alzheimer’s disease
cases and controls across multiple cohorts. Neuron. 2020;105:1027-35.
Kostic AD, Ojesina Al, Pedamallu CS, Jung J, Verhaak RG, Getz G, et al.
PathSeq: software to identify or discover microbes by deep sequenc-
ing of human tissue. Nat Biotechnol. 2011;29:393-6.

Woese CR, Kandler O, Wheelis ML. Towards a natural system of organ-
isms: proposal for the domains Archaea, Bacteria, and Eucarya. Proc
Natl Acad Sci U S A. 1990;87:4576-9.

Redelings BD, Holder MT. A supertree pipeline for summarizing
phylogenetic and taxonomic information for millions of species. Peer..
2017;5:e3058.

Rees JA, Cranston K. Automated assembly of a reference taxonomy for
phylogenetic data synthesis. Biodivers Data J. 2017:e12581.

McTavish EJ, Hinchliff CE, Allman JF, Brown JW, Cranston KA, Holder
MT, et al. Phylesystem: a git-based data store for community-curated
phylogenetic estimates. Bioinformatics. 2015;31:2794-800.

Schulz F, Eloe-Fadrosh EA, Bowers RM, Jarett J, Nielsen T, lvanova NN,
et al. Towards a balanced view of the bacterial tree of life. Microbiome.
2017;5:140.

Edgar RC. MUSCLE: multiple sequence alignment with high accuracy
and high throughput. Nucleic Acids Res. 2004;32:1792-7.

Nguyen LT, Schmidt HA, Von Haeseler A, Minh BQ. IQ-TREE: a fast and
effective stochastic algorithm for estimating maximum-likelihood
phylogenies. Mol Biol Evol. 2015;32:268-74.

Kalyaanamoorthy S, Minh BQ, Wong TKF, Von Haeseler A, Jermiin LS.

ModelFinder: fast model selection for accurate phylogenetic estimates.

Nat Methods. 2017;14:587-9.

Hoang DT, Chernomor O, Von Haeseler A, Minh BQ, Vinh LS. UFBoot2:
improving the ultrafast bootstrap approximation. Mol Biol Evol.
2018;35:518-22.

Letunic I, Bork P. Interactive Tree Of Life (iTOL) v5: an online tool for phylo-
genetic tree display and annotation. Nucleic Acids Res. 2021;49:W293-6.
Lathe R. Synthetic oligonucleotide probes deduced from amino acid
sequence data. Theoretical and practical considerations. J Molec Biol.
1985;183:1-12.

Fegatella F, Lim J, Kjelleberg S, Cavicchioli R. Implications of rRNA
operon copy number and ribosome content in the marine oligo-
trophic ultramicrobacterium Sphingomonas sp. strain RB2256. Appl
Environ Microbiol. 1998;64:4433-8.

Warner JR. The economics of ribosome biosynthesis in yeast. Trends
Biochem Sci. 1999;24:437-40.

Yamaguchi M, Namiki Y, Okada H, Mori Y, Furukawa H, Wang J, et al.
Structome of Saccharomyces cerevisiae determined by freeze-substi-
tution and serial ultrathin-sectioning electron microscopy. J Electron
Microsc (Tokyo). 2011;60:321-35.

Nomura M. Regulation of ribosome biosynthesis in Escherichia coli
and Saccharomyces cerevisiae: diversity and common principles.

J Bacteriol. 1999;181:6857-64.

. Finka A, Sood V, Quadroni M, de Los RP, Goloubinoff P. Quantitative

proteomics of heat-treated human cells show an across-the-board
mild depletion of housekeeping proteins to massively accumulate few
HSPs. Cell Stress Chaperones. 2015;20:605-20.

Neefs JM, Van de PeerY, De RP, Goris A, De Wachter R. Compila-

tion of small ribosomal subunit RNA sequences. Nucleic Acids Res.
1991;19(Suppl):1987-2015.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

Page 26 of 27

. Huse SM, Dethlefsen L, Huber JA, Mark WD, Relman DA, Sogin ML. Explor-

ing microbial diversity and taxonomy using SSU rRNA hypervariable tag
sequencing. PLoS Genet. 2008;4:21000255.

Van Rossum G, Fred LJ. Python 3 Reference Manual. Scotts Valley CA:
CreateSpace; 2009.

Adl SM, Simpson AG, Farmer MA, Andersen RA, Anderson OR, Barta JR,

et al. The new higher level classification of eukaryotes with emphasis on
the taxonomy of protists. J Eukaryot Microbiol. 2005;52:399-451.

Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ. Basic local alignment
search tool. J Mol Biol. 1990;215:403-10.

Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer K, et al.
BLAST+: architecture and applications. BMC Bioinformatics. 2009;10:421.
Zhang Z, Schwartz S, Wagner L, Miller W. A greedy algorithm for aligning
DNA sequences. J Comput Biol. 2000;7:203-14.

Naccache SN, Federman S, Veeraraghavan N, Zaharia M, Lee D, Samayoa
E, et al. A cloud-compatible bioinformatics pipeline for ultrarapid patho-
gen identification from next-generation sequencing of clinical samples.
Genome Res. 2014;24:1180-92.

Zaharia M, Bolosky WJ, Curtis K, Fox A, Patterson D, Shenker S, Stoica |,
Karp RM, Sittler T Faster and more accurate sequence alignment with
SNAP. ArXiv 2022;Published online November 23, 201 1:https://arxiv.org/
abs/1111.5572. Accessed 16 Nov 2022.

Mu JC, Jiang H, Kiani A, Mohiyuddin M, Bani AN, Wong WH. Fast and accu-
rate read alignment for resequencing. Bioinformatics. 2012;28:2366-73.
Kraus AJ, Brink BG, Siegel TN. Efficient and specific oligo-based depletion
of rRNA. Sci Rep. 2019;9:12281.

Kempe H, Schwabe A, Crémazy F, Verschure PJ, Bruggeman FJ. The
volumes and transcript counts of single cells reveal concentration
homeostasis and capture biological noise. Mol Biol Cell. 2015;26:797-804.
Gaci N, Borrel G, Tottey W, O'Toole PW, Brugére J-F. Archaea and the
human gut: new beginning of an old story. World J Gastroenterol.
2014;20:16062-78.

Hewitson JP, Maizels RM. Vaccination against helminth parasite infections.
Expert Rev Vaccines. 2014;13:473-87.

Masoudi-Nejad A, Tonomura K, Kawashima S, Moriya Y, Suzuki M, Itoh

M, et al. EGassembler: online bioinformatics service for large-scale pro-
cessing, clustering and assembling ESTs and genomic DNA fragments.
Nucleic Acids Res. 2006;34:W459-62.

Gravel A, Hall CB, Flamand L. Sequence analysis of transplacentally
acquired human herpesvirus 6 DNA is consistent with transmis-

sion of a chromosomally integrated reactivated virus. J Infect Dis.
2013;207:1585-9.

Terry DM, Devine SE. Aberrantly high levels of somatic LINE-1 expression
and retrotransposition in human neurological disorders. Front Genet.
2019;10:1244.

Kiry P, Nath A, Créange A, Dolei A, Marche P, Gold J, et al. Human
endogenous retroviruses in neurological diseases. Trends Mol Med.
2018;24:379-94.

Salter SJ, Cox MJ, Turek EM, Calus ST, Cookson WO, Moffatt MF, et al. Rea-
gent and laboratory contamination can critically impact sequence-based
microbiome analyses. BMC Biol. 2014;12:87.

Merchant S, Wood DE, Salzberg SL. Unexpected cross-species contamina-
tion in genome sequencing projects. Peer). 2014,2:e675.

de Goffau MC, Lager S, Salter SJ, Wagner J, Kronbichler A, Charnock-
Jones DS, et al. Recognizing the reagent microbiome. Nat Microbiol.
2018;3:851-3.

Sanabria A, Hjerde E, Johannessen M, Sollid JE, Simonsen GS, Hanssen
AM. Shotgun-metagenomics on positive blood culture bottles inoculated
with prosthetic joint tissue: a proof of concept study. Front Microbiol.
2020;11:1687.

Oh J, Byrd AL, Deming C, Conlan S, Kong HH, Segre JA. Biogeography and
individuality shape function in the human skin metagenome. Nature.
2014,514:59-64.

Oh J, Byrd AL, Park M, Kong HH, Segre JA. Temporal stability of the human
skin microbiome. Cell. 2016;165:854-66.

Cho HW, Eom YB. Forensic analysis of human microbiome in skin and
body fluids based on geographic location. Front Cell Infect Microbiol.
2021;11:695191.

Abdillah A, Ranque S. Chronic diseases associated with Malassezia yeast. J
Fungi (Basel). 2021,7:855.


https://arxiv.org/abs/1111.5572
https://arxiv.org/abs/1111.5572

Hu et al. BMC Microbiology =~ (2022) 22:317 Page 27 of 27

88. Elder A, Gelein R, Silva V, Feikert T, Opanashuk L, Carter J, et al. Transloca-
tion of inhaled ultrafine manganese oxide particles to the central nerv-
ous system. Environ Health Perspect. 2006;114:1172-8.

89. Deng, ZhangY, Lemos B, Ren H. Tissue accumulation of microplastics
in mice and biomarker responses suggest widespread health risks of
exposure. Sci Rep. 2017,7:46687.

90. Weuve J, Puett RC, Schwartz J, Yanosky JD, Laden F, Grodstein F. Exposure
to particulate air pollution and cognitive decline in older women. Arch
Intern Med. 2012;172:219-27.

91. EmeL, Spang A, Lombard J, Stairs CW, TJG E. Archaea and the origin of
eukaryotes. Nat Rev Microbiol. 2017;15:711-23.

92. LiuK, Linder CR, Warnow T. Multiple sequence alignment: a major chal-
lenge to large-scale phylogenetics. PLoS Curr. 2010;2:RRN1198.

93. Letsch HO, Kuick P, Stocsits RR, Misof B. The impact of rRNA secondary
structure consideration in alignment and tree reconstruction: simulated
data and a case study on the phylogeny of hexapods. Mol Biol Evol.
2010;27:2507-21.

94. Rodriguez-Pérez H, Ciuffreda L, Flores C. NanoCLUST: a species-level
analysis of 165 rRNA nanopore sequencing data. Bioinformatics.
2021,37:1600-1.

95. Ramachandran PS, Wilson MR. Metagenomics for neurological infections
- expanding our imagination. Nat Rev Neurol. 2020;16:547-56.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	The electronic tree of life (eToL): a net of long probes to characterize the microbiome from RNA-seq data
	Abstract 
	Background 
	Results 
	Conclusions 

	Introduction
	Methodology development
	Cellular microbes: the electronic Tree of Life (eToL) approach
	Databases
	Probe length and specificity
	Box 1. Transcripts per microbial cellinfected host cell
	rRNA hypervariable or constant regions
	Probe generation and nomenclature
	BLAST analysis
	Removal of probes matching human sequences
	Determining the number of matching reads in SRAs
	Refiltering is necessary: sequence similarity does not follow the transitive law
	Computational demands of different methods: eToL is fast
	The issue of rRNA depletion in RNA-seq libraries
	Normalization: housekeeping transcripts
	Box 2. Normalization to endogenous transcripts and detection limits
	Visualization and display of readcounts: heatmapping
	Redundancy check
	The probe collection is largely comprehensive
	Specificity and cross-matching
	Species identification, contig generation, and diversity
	Box 3. Case study: signals detected are not monophyletic
	Validation with 23S28S and mitochondrial DNA
	Viruses: whole-genome ’stripping’
	Retroelements
	Recognizing and excluding contamination
	Microbes and viruses: how many cellsgenomes are being detected?
	Scripts

	Results
	Tree of life
	Excluding contamination
	Mutiple independent datasets: the brain has its own microbiome
	Tissue differences: liver versus brain
	Heterogeneity
	Viruses and retroelements
	How many microbes are there in brain?

	Discussion
	Acknowledgments
	References


