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Abstract

Studying fundamental aspects of eukaryotic biology through genetic information can face numerous challenges, including
contamination and intricate biotic interactions, which are particularly pronounced when working with uncultured eukar-
yotes. However, existing tools for predicting open reading frames (ORFs) from transcriptomes are limited in these scenarios.
Here we introduce Transcript Identification and Selection (TldeS), a framework designed to address these nontrivial chal-
lenges associated with current ‘omics approaches. Using transcriptomes from 32 taxa, representing the breadth of eukaryotic
diversity, TldeS outperforms most conventional ORF-prediction methods (i.e. TransDecoder), identifying a greater proportion
of complete and in-frame ORFs. Additionally, TideS accurately classifies ORFs using minimal input data, even in the presence
of “heavy contamination”. This built-in flexibility extends to previously unexplored biological interactions, offering a robust
single-stop solution for precise ORF predictions and subsequent decontamination. Beyond applications in phylogenomic-
based studies, TldeS provides a robust means to explore biotic interactions in eukaryotes (e.g. host-symbiont, prey—predator)
and for reproducible dataset curation from transcriptomes and genomes.
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Significance

Inferring open reading frames (ORFs) from eukaryotic transcriptomes can strongly impact the quality of downstream
analyses, as poorly inferred and “contaminant” (e.g. prey organisms) ORFs can be challenging to discern. We present
Transcript Identification and Selection (TIdeS) as a robust machine-learning framework that provides partial and full-
length ORF predictions, outperforming popular tools and approaches for ORF prediction from eukaryotic transcrip-
tomes. Additionally, we demonstrate TldeS's ability to accurately discern ORFs from mixed samples, which are common
in eukaryotic transcriptome sequencing projects (e.g. host vs. pathogen and predator vs. prey), with minimal human
curation.

Background include co-occurring microbial species (Aponte et al. 2021),
Generation of pure, large-scale genetic data from protists which may be difficult, or even impossible, to remove com-
(i.e. eukaryotes outside animals, fungi, and plants) can be pletely prior to sequencing due to symbiotic or prey—preda-
challenging, especially as high-quality, contamination-free tor relationships. Additionally, given the labor-intensive
molecular sequence data are a prerequisite for robust com- nature of protist isolation and culturing, the vast majority
parative evolutionary studies. For one, protist cultures often of protists remain uncultured. This has, at least partially,
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contributed to the widespread adoption of cultivation-free,
single-cell sequencing of genomes and transcriptomes, and
has further expanded exploration of eukaryotic biodiversity
and evolutionary biology (Lax et al. 2018; Treitli et al. 2019;
Yan et al. 2019).

Most eukaryotes lack high-quality reference genome
data, and given the relative ease and low cost of sequence
data generation, de novo assembled transcriptomes tend to
act as the sole reference datasets for a number of major eu-
karyotic lineages. These large assembled single (or few) cell
derived transcriptomes have been transformative in shap-
ing our understanding of the eukaryotic tree of life (Lax
et al. 2018; Schon et al. 2021), evolution (Yan et al.
2019), and inter-organismal associations (e.g. symbioses;
Boscaro et al. 2023). A major step in these analyses includes
the prediction of open reading frames (ORFs) to identify pu-
tative protein-coding sequences that can be further ana-
lyzed. ORF calling represents its own unique challenges,
in part given the high-representation of incomplete ORFs
from assemblies using short-read technologies (Smith-
Unna et al. 2016) and the identification of phylogenetically
diverse lineages of eukaryotes where canonical stop codons
have been reassigned to sense (Heaphy et al. 2016;
Zahonova et al. 2016; Bachvaroff 2019).

Among the myriad of ORF-calling tools, TransDecoder
(Haas et al. 2013) remains the “gold standard” for ORF call-
ing and annotation. While numerous tools and approaches
have been developed as alternatives to TransDecoder [e.g.
CodAn (Nachtigall et al. 2021), GeneMarkS-T (Tang et al.
2015), and Prodigal (Hyatt et al. 2010)], these tools pre-
dominantly target a limited breadth of eukaryotic diversity
(e.g. CodAn), often do not support alternative noncanoni-
cal genetic codes (i.e. reassigned stop to sense codons;
CodAn and GeneMarkS-T), or were designed for prokaryot-
ic ORF predictions (Prodigal). For example, CodAn provides
pretrained models for fungi, plants, invertebrates, and
vertebrates. While these taxonomic groups represent a sub-
stantial share of scientific study, they also represent a sliver
of eukaryotic diversity. Neither CodAn nor GeneMark-ST
support the majority of alternative genetic codes found
just among the Ciliophora, where seven alternative genetic
codes are present (Heaphy et al. 2016; Yan et al. 2019),
making them ill suited, compared to TransDecoder, for
working with eukaryotic taxa with alternative noncanonical
genetic codes.

Accurate ORF predictions represent only a portion of the
challenges working with transcriptome-based data from
microbial eukaryotes. Established protist cultures often
include one or more of co-cultured microbial species
(Aponte etal. 2021). Telonema, for example, is a unicellular
eukaryote that feeds on other photosynthetic or nonphoto-
synthetic unicellular protists; as such, Telonema cultures are
not uniprotistan and their maintenance requires the add-
ition of prey protist cells, such as the gliding small

heterotrophic protist Mantamonas (Klaveness et al. 2005;
personal observation). These issues are only compounded
by the inability to fully dissociate protists from their own mi-
crobiomes (or host material), ultimately generating meta-
transcriptomes/genomes (Boscaro et al. 2023). Several
approaches are widely used, which vary from short-read clas-
sification using metagenomic approaches (e.g. Kraken2;
Wood et al. 2019), to assessing assembled transcripts
with  “BLAST"-based approaches (e.g. BlobTools and
“BLAST"-ing against NCBI's NR database; Camacho et al.
2009, Laetsch and Blaxter 2017) or with phylogenomic-
based approaches (e.g. Cote-L'Heureux et al. 2022). Many
studies tend to use a combination of approaches to aid in
identification of transcripts and ORFs from target and non-
target taxa, as metagenomic and BLAST-based approaches
tend to work best for prokaryotic contamination (although
there is the potential for misattributing lateral gene transfer
events to inter-domain lateral gene transfers). For many mi-
crobial eukaryotes, which lack strong representation across
various public databases, phylogenomic-based curation is
crucial for reducing the nontarget taxon contamination, rely-
ing on the generation and evaluation of hundreds to thou-
sands of single-gene phylogenies (Lax et al. 2018;
Cote-L'Heureux et al. 2022). Data curation can be time con-
suming, challenging to reproduce where “manual” curation
is the primary approach, and possibly create unintended
biases (McCarthy et al. 2023). Overall, this creates a large
bottleneck in data processing as it often takes multiple
rounds of curation, including phylogeny generation and cur-
ation before the bulk of contamination is removed and can
lead to the abandonment and elimination of critical taxa
from a given dataset. The challenges inherent in working
with single-cell transcriptomic data do not inherently offset
the benefits, but they can hamper the strength of biological
insights garnered from those taxa.

Here, we developed Transcript Identification and Selec-
tion (TldeS), a framework for de novo ORF identification
and classification from clean to highly contaminated
RNA-seq assemblies using support vector classifiers and se-
guence composition. From de novo transcriptome assem-
blies of 32 diverse eukaryotic taxa, we show that ORF
classification by TldeS accurately identifies and captures
the majority of complete ORFs in the transcriptome assem-
blies. We validate TldeS's ability to accurately disentangle
and classify ORFs from complex samples representing sev-
eral common biological interactions (e.g. food sources, co-
cultured contaminants, and symbionts), which are common
challenges with the widespread adoption of culture-
independent, single-cell RNA-seq approaches. Overall,
TldeS is a “one-stop-shop” enabling quality transcriptome
processing, accurate ORF prediction, and subsequent clas-
sification/decontamination with minimal training data and
computational experience. TldeS provides a useful tool
for diverse applications, from large-scale phylogenomic,
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transcriptome-based studies on “young” gene families,
and exploring on-going host-symbiont/pathogen interac-
tions. TldeS is provided for use at: github.com/xxmalcala/
TldeS.

Results

TldeS Overview—Simple Preparation and Curation of
ORFs from Transcriptomes

The initial processing for many transcriptomes following de
novo assemblies includes identification and removal of re-
dundant isoforms, rRNA bycatch, and nontarget taxon con-
tamination. These steps are nontrivial and can substantially
impact ORF prediction and downstream analyses (Van
Vlierberghe et al. 2021). To address these challenges,
TIdeS can be deployed in two general approaches: (i) tran-
scriptome processing and ORF prediction and (ii) ORF clas-
sification and “decontamination” (Fig. 1). TldeS handles
the initial transcriptome processing and ORF prediction in
two stages. The first stage includes removal of rRNA by-
catch, followed by redundant isoform clustering. We have
included an optional step to enrich for eukaryotic tran-
scripts, using the metagenomic classifier, Kraken 2 (Wood
et al. 2019), although we note that this is a nonexhaustive
approach. The second stage includes the identification of
all putative ORFs (pORFs) from the processed transcripts
and generation of reference ORFs through a minimal
reference-based orthology search using DIAMOND
(Buchfink et al. 2021). Sequence composition metrics are
then used to train a support vector classifier (SVC), which
classifies the pool of pORFs, identifying the best “scoring”
ORF as the optimal representative for a given transcript.

With a FASTA file of pORFs, TldeS also supports their
classification using either a small training dataset of user-
classified pORFs from the same FASTA file, or from a previ-
ously trained classification model (Fig. 1). These pORFs can
either be initially classified by their composition, quick
Kraken2 assessments for noneukaryotic sequences, or
through initial phylogenomic analyses. We provide a utility
to calculate and visualize the relationship between the GC
content of 1st/2nd codon positions (GC12) and the GC
content of codon 3rd positions (GC3) that can be used to
identify putative distinct “clusters” of sequences for classi-
fication. Overall, a combination of composition-based
selection and user-inferred classes are recommended.
Subsequent training and classification are similar to
TldeS's ORF prediction and assessment, using an SVC to ef-
ficiently classify ORFs into user-defined classes.

TldeS Produces More Quality ORF Predictions

Among the initial steps for many phylogenomic-based
studies following assembly, involves the identification of
ORFs. While numerous tools exist to tackle this crucial

step, including GeneMarkS-T (Tang et al. 2015) and
Prodigal (a prokaryotic gene prediction tool; Hyatt et al.
2010), few have become as well adopted as
TransDecoder for RNA-seq based datasets. To assess ORF
prediction with TideS, we predicted putative ORFs
(pORFS) from a diverse breadth of eukaryotic taxa, using
several common approaches: both the partial and complete
ORF predictions from the TransDecoder, GeneMarkS-T, and
Prodigal pipelines. We also evaluated the longest pORF per
transcript (“longest-ORF") as a common approach to ORF
prediction. For each tool and approach, all partial and com-
plete (i.e. possessing start and stop codons) pORFs were
aligned against their respective proteomes using
DIAMOND (Buchfink et al. 2021) to assess reading frames
and completeness. We chose to evaluate the proportion
of "useful” pORF predictions, where >98% of a given
pORF's length is aligned across >66% of its reference pro-
tein’s length, which we view as being most useful for a var-
iety of downstream analyses (e.g. phylogenomics, gene
ontology, etc.).

Using default options, each approach showed similar le-
vels of precision (proportion of ORFs in the correct reading
frame (CRF) out of all predictions; Fig. 2a; Table 1), with
TldeS performing the best (88.0%), and GeneMarkS-T
and Prodigal being near similar (87.2% and 87.3%, re-
spectively), with TransDecoder exhibiting the lowest preci-
sion (85.0%) of the tools tested. We do note that the
longest-ORF calling consistently performed the worst
across the 32 taxa evaluated (74.0% of alignable pORFs
in the CRF). Among the approaches deployed, the overall
recall (proportion of all “useful” pORFs) was greatest in
GeneMarkS-T (~59.7%), followed by TideS (~57.9%),
and with TransDecoder and Prodigal performing similarly
(52.3% and 52.1%) (Fig. 2a; Table 1). We note that this
does include some redundancy in the pORFs (i.e. near iden-
tical isoforms). However, both TldeS and GeneMarkS-T re-
cover pORFs from a similar number of unique proteins
(4,982 and 4,972, respectively), which is greater than
TransDecoder and Prodigal (4,550 and 4,461, respectively).
Overall, both TideS and GeneMarkS-T perform similarly in
capturing “useful” ORF predictions, encompassing a great-
er protein diversity with improved precision and recall over
TransDecoder and Prodigal.

A major ORF prediction tools is to identify the greatest
proportion of full-length ORFs in the CRF. To explore this,
we further evaluated each approach’s ability to capture full-
length ORFs, which we define as those pORFs possessing
start and stop codons whose alignments to reference pro-
teins cover >98% of both the pORF and reference protein’s
lengths. These full-length ORFs comprise substantially dif-
ferent proportions of the pool of pORFs across the tools
tested, comprising 34.1% of TransDecoder pORFs,
42.4% of GeneMarkS-T pORFs, only ~29.9% of Prodigal
pORFs. For these analyses, the TldeS and longest-ORF
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Fig. 1. Overview of TldeS workflow for ORF-calling and ORF-classification. For ORF-calling, only a FASTA file of transcripts is required, and can be optionally
processed to remove short transcripts, rRNA by-catch and redundant isoforms. Afterwards, TideS extracts all ORFs (partial and/or complete). For ORF classi-
fication, a FASTA file of predicted ORFs and a table of user-defined ORFs need to be provided. Composition (k-mer-based) for all ORFs are extracted, with the
data for training ORFs passed to the SVM for training and hyperparameter optimization. Finally, TideS classifies the query ORFs and generates its predictions,

including a trained model, which can be provided as an optional input.

approaches excluded evaluating partial ORFs, by default.
From our set of 32 diverse eukaryotes, TldeS and the
longest-ORF approach possessed the greatest recall (pro-
portion of all in-frame full-length ORFs), capturing
~80.2% of all full-length ORFs, respectively, followed by
GeneMarkS-T (73.9%), TransDecoder (55.8%), and
Prodigal (53.3%) (Fig. 2b; Table 2). As with the prediction
of “useful” pORFs, overall ORF-prediction precision was
similar across tools (88.5% to 90.2%), whereas the
longest-ORF approach exhibited the lowest precision
(76.5%) (Fig. 2b; Table 2). However, the longest-ORF ap-
proach identified pORFs from the greatest proportion of
the respective proteomes on average (3,754 unique loci),
whereas Prodigal captured the smallest proportion from
the eukaryotic proteomes (2,610 loci; Table 2). Among
the tools tested, TldeS identified full-length pORFs a greater
proportion of the proteome for 31/32 taxa compared to
both TransDecoder and Prodigal, and 29/31 taxa compared
to GeneMarkS-T (note that Tetrahymena is excluded given
GeneMarkS-T's inability to use nonstandard genetic codes;
supplementary table S2, Supplementary Material online).
Overall, TIdeS either performs similarly or outperforms com-
mon approaches and tools for calling ORFs from among a
broad diversity of eukaryotes (Fig. 2).

Limited Training Data are Needed for Accurate ORF
Classification

Balancing training set size and overtraining is a nontrivial
process that can dramatically impact predictive power. To
determine the scale of training data necessary for TldeS
to accurately classify sequences, we pooled CDSs from bin-
ary sets of taxa with varying degrees of sequence represen-
tation, mimicking “contamination,” from equal to highly
imbalanced proportions of sequences. Additionally, we
aimed to include varying degrees of composition similarity
across the samples to better mimic publicly available data-
sets that have perceptible contamination, ranging from
easily separable to no perceptible differences in the rela-
tionships between GC12 and GC3, which we refer to as
“distinct,” “dissimilar,” and “identical” (Fig. 3). Cases
where the “contamination” is either “distinct” or “dissimi-
lar” require only a limited set of, with 25 randomly picked
sequences from each taxon (i.e. the minimum training
size for TldeS) was sufficient to accurately classify se-
guences to their respective taxa (Fig. 3). Imbalances in taxon
representation (e.g. 50:50 to 90:10) show little impact on
classification accuracy, although we note that when the im-
balance is ~90:10, the classification accuracy often
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Fig. 2. Comparisons of ORF prediction precision and recall for TideS and widely used ORF prediction tools and approaches. a) Total ORF prediction precision is
comparable across the tools tested, whereas prediction recall by TideS and GeneMarkS-T greatly outperforms other approaches. b) TldeS predicts complete
ORFs, for evolutionarily diverse eukaryotic taxa, with greater precision and recall than common prediction tools and approaches.

Table 1 TldeS performs comparably in total ORF-calling performance compared to common tools and approaches

Approach Total Unique Average Median Average Median Average Median
ORFs loci precision precision recall recall F1-score F1-score
TideS 16,515 4,982 0.880 +0.110 0.920 0.579+0.147 0.562 0.690 +0.132 0.692
TransDecoder 18,177 4,550 0.850+0.131 0.892 0.523 +0.181 0.519 0.634+0.172 0.634
GeneMarkS-T? 18,426 4,972 0.872+0.125 0.928 0.597 + 0.160 0.593 0.698 +0.145 0.724
Prodigal 18,402 4,461 0.873+0.121 0.929 0.521+0.169 0.517 0.639 +0.159 0.624
Longest ORF 18,856 4,870 0.740 +0.209 0.820 0.556 +0.178 0.577 0.625+0.180 0.565

Bold values indicate the “best” performing approach for that metric. *Data from Tetrahymena thermophila is excluded as nonstandard genetic codes are unsupported.

Table 2 TideS predicts full-length ORFs with greater accuracy than common tools and approaches

Approach Complete Unique Average Median Average Median Average Median
ORFs loci precision precision recall recall F1-score F1-score
TideS 10,961 3,689 0.895+0.105 0.944 0.802 + 0.111 0.829 0.840 + 0.099 0.829
TransDecoder 6,193 2,789 0.893 + 0.099 0.928 0.558 +0.224 0.540 0.663 +0.192 0.661
GeneMarks-T? 7,819 3,347 0.902 +0.113 0.951 0.739+0.135 0.762 0.804 +0.108 0.809
Prodigal 5,503 2,610 0.885 +0.094 0.918 0.533+0.211 0.515 0.644 +0.184 0.659
Longest ORF 12,641 3,754 0.765 +0.167 0.823 0.802 +0.126 0.827 0.772+0.130 0.772

Bold values indicate the “best” performing approach for that metric. *Data from Tetrahymena thermophila is excluded as nonstandard genetic codes are unsupported.

approximates chance. In more “identical” datasets, TldeS TldeS Supports Accurate Multiclass Classifications

performance increases substantially with increasingly large Many datasets generated by RNA-seq approaches are often
training sets (e.g. 100 or more sequences from each repre- better viewed as “metatranscriptomic,” as conditions are
sentative; Fig. 3; supplementary table S3, Supplementary rarely free of common biotic interactions, including preda-
Material online). tor—prey and host—pathogen, despite best efforts to reduce
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Fig. 3. Limited training data are needed for accurate sequence classification. Across different scenarios of ORF composition (distinct, similar, and identical) and
proportions of taxon representation, TldeS can accurately classify ORFs with minimal training data. In scenarios where sequence composition is near identical,
larger training datasets dramatically impact sequence classification, especially when taxon representation is near equal (i.e. 50:50). ORF composition is shown
in each facet. %GC12: GC-content at codon 1st/2nd positions; %GC3: GC-content at codon 3rd positions.

“contamination” from nontarget taxa. With the inherent
amplification bias of contaminant material from single-cell
approaches (e.g. microbiome), we created an in silico micro-
biome, comprising the large predatory ciliate Stentor coeru-
leus, its preferred green algal prey Chlamydomonas
reinhardtii, and the diatom Phaeodactylum tricornutum.
Raw reads were pooled (Stentor: 63.8%, Chlamydomonas:
11.4%, and Phaeodactylum: 24.8% of all reads) prior to as-
sembly to best mimic a “true” microbiome. We assessed the
composition of the pORFs, following assembly and ORF pre-
diction with TldeS, identifying three putative clusters of se-
quences to classify. Random sets of 100 sequences were
categorized into three clusters solely based on composition
(see Materials and Methods). Despite solely relying on com-
position as a means to identify putative clusters of se-
guences, an arguably quick and “dirty” approach, TideS
accurately classified the bulk of the dataset (Fig. 4a;
Macro-F1: 0.947; supplementary table S4, Supplementary
Material online). Discerning between Chlamydomonas and
Phaeodactylum was the largest hurdle challenging TIdeS,
likely due to greater overlap in their ORF compositions
(Fig. 4a). Despite this limitation, TldeS accurately classified
29,664/31,136 (95.3%) of sequences solely based on clus-
ters specified by their compositions.

We also explored TldeS's classification ability on a tran-
scriptomic dataset of the red alga Lithophyllum stictiforme,
which possessed strong contamination from metazoan and
rhizarian taxa. An initial training dataset was created with
the PhyloTolL pipeline (Ceron-Romero et al. 2019) and subse-
guent tree-walking to rapidly assess sister-relationships for L.
stictiforme sequences in 400 gene families, randomly select-
ing 100 ORFs for each dominant signal (i.e. red alga, meta-
zoan, and rhizarian). With this small training sequence
selection, we classified the remaining ORFs from a set of diag-
nostic single-gene phylogenies. TldeS was able to accurately
classify the bulk of sequences from L. stictiforme (F1-score:
0.917; Fig. 4b; supplementary table S6, Supplementary
Material online), despite evidence for substantial ORF

composition overlap between the red alga and its metazoan
contaminant. We also compared these classifications with
outputs from eggNOG-mapper and its taxon-rich database.
Notably, while eggNOG-mapper was able to distinguish
metazoan ORFs, this approach either reported numerous
misclassifications (e.g. identification of rhizarian sequences
as fungal in origin) or simply failed to distinctly classify se-
guences, which was pronounced for red-algal sequences.
These issues dramatically impacted eggNOG-mapper’s over-
all classification accuracy (F1-score: 0.508; supplementary
table S6, Supplementary Material online). Despite eggNOG's
high taxon representation, the lack of representative rhizar-
ian and red-algal taxa is at least partly attributable to its
poor classification ability for this dataset.

Sequence Classification Opens up Opportunities for
Other Biological Questions

Despite the best efforts of researchers, dissociating the target
organism from their own microbiomes or other associated
taxa (e.g. host, prey, or symbionts) often cannot be done prior
to nucleic acid extraction and subsequent sequencing. This is
particularly true for many microbial eukaryotes, where single-
cell ‘omics techniques (e.g. single-cell RNA-seq and DNA-seq)
are increasingly common and crucial. Mechanistic (e.g. size
separation of cells using of membrane filters or by centrifuga-
tion at different g forces), physiological (e.g. starvation), or
chemical (e.g. antibiotic regimes) approaches can be applied
to reduce the nontarget abundance, but typically are unable
to remove all nontarget taxa. Further, these treatments could
impact the quality of the data and lead to altered outcomes,
including impacting scRNA-seq amplification efficacy and
putting cells in states of unaccounted physiological stress.
This is particularly problematic when quality reference gen-
omes are lacking and when assessing the association/infec-
tions is the experimental intent and goal. Given TideS's
strong performance in simulated contamination scenarios,
we sought to assess its performance using publicly available
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Fig. 4. TIdeS can accurately classify ORFs in multitaxon scenarios. Left, sequence composition plots for the unclassified predicted ORFs from a) an in silico
contaminated transcriptome of a large predatory ciliate (Stentor coeruleus), diatom (Phaeodactylum tricornutum), and green alga (Chlamydomonas
reinhardtii) and b) a transcriptome of a red alga (Lithophyllum stictiforme) heavily contaminated with an unidentified metazoan and a rhizarian.
Right, sequence composition plot following classification with TideS, using minimal training data based on ORF composition from the initial
Pre-TideS plot. %GC12: GC-content at codon 1st/2nd positions; %GC3: GC-content at codon 3rd positions.

datasets representing different sets of unique challenges
and potential implications, which we sort into two broad cat-
egories: contaminated sequencing samples and organismal
associations. For all our datasets, we initially processed the
de novo assembled transcriptomes with PhyloToL (Ceron-
Romero et al. 2019) to generate a forest of 7,662 single-gene
trees, of which 400 were used as a “diagnostic” set to ascer-
tain putative contaminant/organismal associations. The re-
maining 7,262 single-gene phylogenies serve to score
TldeS's performance (e.g. how accurate are the classifications
of target-taxon and nontarget sequences?).

Classification of Sequences in Highly Contaminated
Datasets

When working with protist sequence data derived from iso-
lated cultures or environmental material, small-sized protists

and prokaryotes are common sources of sequence data
“contamination”. From prior work and our de novo tran-
scriptome assembly of the ciliate Platyophrya macrostoma
(MMETSPO127; SRX551312), we identified a suitable major
nonciliate signal from the 400 diagnostic gene trees, along
with a composition “fingerprint” indicative of at least two
taxa/sources (Fig. 5). From the diagnostic set of trees, the
nonciliate source was predominantly associating with kine-
toplastids (Discoba), which include many heterotrophic
nano-flagellates (Adl et al. 2019). Using a small selection
(100 training sequences each from P. macrostoma and " con-
taminant”) of the classified sequences from the diagnostic
set of single-gene phylogenies, we were able to accurately
classify sequences from P. macrostoma (F1-score: 0.987;
Fig. 5; Table 3) and further identify a large number of con-
taminant ORFs (>18,000), predominantly belonging to a
close relative of the nanoflagellate Bodo saltans. Using
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eggNOG-Mapper as our BLAST-based approach led to simi-
larly high levels of precision for the ciliate (0.996;
supplementary table S7, Supplementary Material online) as
we observed with TideS (0.987); however, EggNOG did
not return annotations for 3,036 (~40%) of the mixed kine-
toplastid and P. macrostoma ORFs analyzed in the dataset.

We also identified evidence for eukaryotic cross contam-
ination in the transcriptome of the glaucophyte alga
Gloeochaete wittrockiana (MMETSP0308; SRX551388).
Indeed, we observed a co-cultured amoeboid protist in
the sequenced G. wittrockiana strain SAG 46.84 by light
microscopy. From our set of diagnostic trees, we identified
a substantial amount of ORFs related to discosid amoe-
bozoans. Again, using a small selection of classified se-
guences (100 “glaucophyte” and 100 "amoebozoan”
sequences), we quickly and accurately classified ~35%
(9,571/27,452) of the glaucophyte and amoebozoan
ORFs (F1-score: 0.965; Table 3) across 4,210 phylogenetic
trees. Ultimately, of the total 27,452 ORFs, we identified
7,109 (25.9%) ORFs belonging to the contaminant

amoebozoan, providing a substantial pool of ORFs for fur-
ther phylogenomic description. These results contrast sub-
stantially with ORF classification by eggNOG-mapper,
which failed to annotate significant fractions of the glauco-
phyte and amoebozoan ORFs, performing significantly
worse than TldeS (F1-score: 0.328; supplementary table
S7, Supplementary Material online).

Similarly, our initial survey of diagnostic phylogenies in-
cluding Fabomonas tropica identified strong prokaryotic
contamination. Given that F. tropica is a member of the
deeply diverging eukaryotic clade of ancyromonads
(Yubuki et al. 2023), prokaryotic contamination could
strongly impact their placement in the eukaryotic tree of
life and impact efforts to root the eukaryotic tree.
Screening the reads from the Fabomonas transcriptome
for prokaryotic contamination with Kraken2 and its
“full” database, inferred rampant contamination, with
~22.6% of the reads likely belonging to Fabomonas.
This substantial contamination was also found in our se-
lection of diagnostic trees, as ~40% (309/785) of the pre-
dicted F. tropica ORFs were clear cases of prokaryotic
contamination. In addition to selecting training sequences
from the prokaryotic and eukaryotic pools from the diag-
nostic trees, TldeS was run using Kraken2 and its prefor-
matted databases (8 Gb, 16 Gb, and “full”) to assess
TldeS's suitability to automatically identify and classify
noneukaryotic “contamination” from samples where
phylogenetic affinities remain poorly resolved. For all ap-
proaches, TldeS performed well, with training data se-
lected from the “full” Kraken2 database being the best
performing (F1-score: 0.922; Table 3), whereas the
phylogeny-based and remaining Kraken-based ap-
proaches performed less well overall (Table 3). Simple fil-
tering of the predicted ORFs with Kraken2's full
database had reasonable precision and accuracy, al-
though its overall performed was worse than the
TideS-based  approaches.  Similarly, eggNOG-mapper
showed reasonable results (F1-score: 0.875; supplementary
table S7, Supplementary Material online), comparable to
the best performing TideS-based approaches, although
this requires considerable local resources or waiting times
through the eggNOG API. While TldeS can reduce pro-
karyotic contamination post-assembly, we also assessed
the impact of Kraken2-based filtering of reads, prior to as-
sembly. This preassembly quality measure reduced the re-
presentation of bacterial contamination by >90% in the
assembled transcriptome (116/1,341 prokaryotic ORFs).
Given Kraken2's efficacy for identifying prokaryotic and
human contamination prior to assembly, we strongly rec-
ommend this as a primary means to reduce prokaryotic/
human contamination, with numerable post-assembly
(e.g. TldeS, eggNOG-mapper) approaches performing
similarly to further reduce these contaminants.
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Table 3 TideS classifies sequences from empirical datasets with high accuracy

Target-taxon Association (contaminant) Precision Recall F1-score Training set approach
Durinskia baltica Kleptoplasty (Diatom) 0.992 0.968 0.980 Phylogeny
Durinskia baltica Kleptoplasty (Diatom) 0.984 0.979 0.982 Composition
Fabomonas tropica Predator-prey (Bacteria) 0.897 0.912 0.904 Phylogeny
Fabomonas tropica Predator—prey (Bacteria) 0.779 0.950 0.856 TldeS + Kraken-8G
Fabomonas tropica Predator—prey (Bacteria) 0.782 0.935 0.852 TideS + Kraken-16G
Fabomonas tropica Predator-prey (Bacteria) 0.915 0.931 0.922 TideS + Kraken-Full
Fabomonas tropica Predator-prey (Bacteria) 0.875 0.806 0.838 Kraken-Full
Gleochaete wittrockiana Co-cultured (Amoebozoa) 0.953 0.976 0.965 Phylogeny
Phytophthora infestans Host-pathogen (Tomato) 0.960 0.984 0.972 Phylogeny
Phytophthora infestans Host-pathogen (Tomato) 0.975 0.969 0.972 Composition
Platyophrya macrostoma Co-cultured (Kinetoplastid) 0.987 0.986 0.987 Phylogeny
Telonema sp. Predator-prey (Mantamonas) 0.984 0.982 0.983 Transcriptomes

TideS accurately classifies ORFs from diverse types of common sources of “contamination”. Approach for generating training data for TIdeS (i.e. ORF composition,
phylogenetic relationships, shared transcripts, and Kraken2) does impact the overall classification qualities, particularly in the identification of prokaryotic contaminants
with the sequence classifier, Kraken2 (Wood et al. 2019). Combining TldeS with the outputs of more “complete” Kraken2 databases greatly improves prediction quality

in highly contaminated datasets.

Delineating Data in Organismal Associations

Host-Symbiont Interaction: Protist—Protist
Endosymbiosis

The interconnectedness among some organismal associa-
tions is particularly difficult to tease apart in the absence of
quality genomic representation. Dinotoms, dinoflagellates
with diatom symbionts, are an interesting case of on-
going symbiosis where the diatom symbiont remains fully
intact rather than just its plastid in the dinoflagellate body
(Yamada et al. 2019). To dissect and classify predicted
ORFs from the dinotom Durinskia baltica and its diatom
symbiont, we compared the performance of training set
selection based upon phylogenetic tree-walking versus se-
guence composition (supplementary fig. S1, Supplementary
Material online), noting that there are two very distinct
ORF compositions present in its transcriptome. Training
TldeS using 100 sequences randomly chosen from each
centroid (sequence-composition based) or from phylo-
genetic relationships (e.g. sequences sister to other dino-
flagellates vs. diatoms; tree-walking based) was sufficient
in discerning Durinskia from its endosymbiont, with
composition-based approaches performing negligibly
better than tree-walking approaches (composition
F1-score: 0.982; tree-walking F1-score: 0.980; Table 2),
as estimated from 10,549 classified sequences across
3,441 single-gene phylogenies. The paucity of publicly
available dinoflagellate datasets was evident in our
eggNOG-based ORF classification, resulting in poor over-
all performance (F1-score: 0.609; supplementary table
S7, Supplementary Material online), with many misclassi-
fied ORFs attributed to diatoms.

Predator—Prey Interaction: Eukaryovory

Many established protist cultures rely on co-cultured prey
organisms, which often include an assemblage of

unknown bacteria (Aponte et al. 2021) and/or other pro-
tists (e.g. Chlamydomonas reinhardtii). For example, our
established culture of the marine eukaryovore flagellate
Telonema sp., is maintained by the prey protist,
Mantamonas sphyraenae. Despite starvation prior to
RNA-isolation, it was not possible to entirely dissociate
Telonema from its prey. Indeed, >58.6% of Telonema’s
RNA-seq reads were mapped to the currently available
M. sphyraenae genome (Blaz et al. 2023), indicating sub-
stantial contamination from the prey organism in
RNA-seq data. For many established cultures, genomes
of the prey organisms are unavailable, so Mantamonas’
publicly available transcriptome was used in lieu of its
genome to represent more “typical” lab conditions.
Our training set was generated by comparing the
TldeS-predicted ORFs from the transcriptomes of
Telonema sp. and M. sphyraenae, marking Telonema's
ORFs as either truly from Telonema or its prey (see
Materials and Methods). This comparative transcriptome
approach provided a strong basis for ORF classification
(F1-score: 0.983; Table 3). This illustrates an alternative
means to establish strong training sets in lieu of
composition-informed or (rather time consuming)
phylogeny-based training sets. This particular example
is increasingly representative of efforts to describe eu-
karyotic diversity, as new major lineages of eukaryotes
are described with relative frequency (Lax et al. 2018;
Tikhonenkov et al. 2022). For BLAST-based approaches,
these “orphan” and early diverging eukaryotic taxa re-
present unique challenges, as these taxa and their rela-
tives often lack representation across established
databases (e.g. RefSeq and eggNOG). This is evidenced
by eggNOG-mapper's failing to produce any
distinct hits attributable to either taxon (F1-score:
0.000; supplementary table S7, Supplementary Material
online).
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Host-Pathogen Interaction: Plant—Protist Parasitism

Most of our applications of TldeS have been in highly con-
taminated datasets, often with relatively “balanced” num-
bers of ORFs between the target taxon and its
contaminants/symbionts. To further evaluate TIdeS, we
used data from an oomycete infection of a tomato plant.
Despite high quality available whole genome datasets for
both the pathogen Phytophthora infestans and the host
plant Solanum lycopersicum, we evaluated the perform-
ance of TldeS, generating training datasets using distribu-
tions of sequence composition (supplementary fig. S1,
Supplementary Material online) and phylogenomic tree-
walking approaches, as well as with eggNOG-mapper to
delineate between the phytopathogen Phytophthora
and its host. In this dataset, there is a strong imbalance
in taxonomic representation in this dataset (>79.23%
[12,289/15,510] of ORFs are from tomato), which is un-
surprising, given the immense differences in taxon size
and Phytophthora's invasive and aggressive infection
strategy (Leesutthiphonchai et al. 2018). Despite these im-
balances, sequence classification with TldeS was fairly ac-
curate across both approaches for training set generation
(composition F1-score: 0.972; tree-walking F1-score: 0.972)
as well as with eggNOG-mapper (EggNOG F1-score: 0.992;
Tables 3 and S7). EggNOG performed exceptionally well on
this dataset because Phytophthora's importance as a phyto-
pathogen has led to strong representation of itself, related
phytopathogens and various hosts, in numerous publicly
available databases (e.g. RefSeq).

Running Time and RAM Requirements

We assessed the processing time and RAM requirements of
GeneMarkS-T, Prodigal, TldeS, and TransDecoder by run-
ning ORF predictions on each of the test datasets, to assess
the overall computational requirements across a diverse
sample of transcriptome features (e.g. low vs. high GC con-
tent, few vs. many transcripts, etc.), using a personal com-
puter (2.6Ghz Intel core i7 and 16Gb RAM). All test
datasets, were previously prepared with TldeS to remove
short transcripts, rRNA sequences, and redundant near-
identical isoforms (i.e. the initial filtering stage performed
by TIdeS). For TransDecoder, the run time and RAM require-
ments included the TransDecoder.LongOrfs and TransDeco-
der.Predict stages, as well as generating extrinsic hits from
the UniProtKB/Swiss-Prot database. These tests demon-
strated the rapid ORF predictions made by GeneMarkS-T
and Prodigal (on average 18.23 sand 22.66 s, respectively),
along with relatively low RAM requirements as well across
our test transcriptomes (534.76 Mb and 538.65 Mb, for
GeneMarkS-T and Prodigal, respectively; supplementary
table S8, Supplementary Material online). By contrast, both
TldeS and TransDecoder run times were notable slower on
average (94.38 s and 255.04 s, respectively), with greater

RAM requirements as well (783.96 Mb and 861.11 Mb
for TldeS and TransDecoder, respectively). We do note
that unlike TransDecoder, TldeS's run time performance
is improved through multithreading, requiring ~38s
when using eight threads. From these results ORF predic-
tions by TldeS are ~2x faster than TransDecoder using a
single thread (~6x faster with 8 CPU threads), whereas
GeneMarkS-T and Prodigal are ~14x and ~11x faster
than TransDecoder, respectively (supplementary table
S8, Supplementary Material online).

We also evaluated the run time and RAM requirements
by TideS for the empirical decontamination scenarios
used in this work, excluding those relying on Kraken2,
as the overall performance is largely a reflection of
Kraken2's performance, rather than TldeS. Deploying a sin-
gle CPU thread, model training, and subsequent ORF clas-
sification by TldeS takes ~7.24 s on average with modest
RAM requirements (~440.38 Mb). Notably, using a pre-
trained model for ORF classification is slightly quicker,
~5.3 s, with similar RAM usage (~437.32 Mb) as perform-
ing a full training and subsequent classification with TldeS.

Discussion

With the rapid generation of high throughput sequencing
data and the challenges with establishing pure (axenic) pro-
tist cultures, there is an increasing need for rapid ap-
proaches to delineate and clean data that are derived
from both target and nontarget species. Data curation is
nontrivial and typically time consuming, particularly in phy-
logenomic studies where, prior to the concatenated ana-
lyses, hundreds to thousands of individual gene
phylogenies are often curated by eye to identify putative
contaminant sources (e.g. from organelles, food sources,
co-cultured organisms, and pathogens) common in studies
of nonmodel taxa (Strassert et al. 2019; Schon et al. 2021;
Cote-L'Heureux et al. 2022). To address these challenges,
which include ORF identification and decontamination,
we have developed a machine-learning tool, TideS, to
ease the burden of these hurdles from limited datasets.
By default, TldeS generates “bespoke” models (ORF identi-
fication or decontamination) for a given dataset. As limited
human curation is required for accurate model training by
TldeS (particularly for decontamination; Figs. 3 and 4),
TldeS can improve curatorial reproducibility and reduce
burdensome human curation. As previously trained models
can be easily shared and reused, ORF predictions and clas-
sifications can be quickly performed in the absence of
compounding unconscious human biases made during
manual curatorial approaches. This is particularly import-
ant for organisms where taxonomic affinities remain un-
clear, as unconscious biases (e.g. sequence exclusion
given uncertain positions, inadvertent sequence selection
based on presupposed hypotheses, inclusion/exclusion
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based on phylogenetic branch lengths, or mistaking inter-
domain lateral gene transfers as contaminants and vice
versa) can inadvertently impact our interpretations of evo-
lutionary histories, organismal associations, and organis-
mal biology.

For many studies lacking access to high-quality genome
assemblies, de novo ORF prediction is the initial step follow-
ing transcriptome assembly. Despite the prevalence of
numerous ORF prediction software tools [e.g. CodAn
(Nachtigall et al. 2021), Borf (Signal and Kahlke 2021),
GeneMarkS-T (Tang et al. 2015), Prodigal (Hyatt et al.
2010), and TransDecoder (Haas et al. 2013)], TransDecoder
remains the preeminent choice. Across 32 diverse eukaryot-
ic taxa, encompassing microbial and multicellular eukar-
yotes, TldeS-predicted ORFs with similar precision as
well-established tools (GeneMarkS-T, Prodigal, and Trans-
Decoder) and ultimately performs comparably. Overall,
TldeS performs similarly to GeneMarkS-T, the most robust
of the tools tested general ORF prediction (Table 1). Not-
ably, TldeS and GeneMarkS-T strongly outperform the
“standard” TransDecoder pipeline, which generally under-
performed across the diverse eukaryotic dataset tested
(Table 1). While established tools do natively predict more
ORFs than TldeS at similar precision, these predictions often
comprise far fewer full-length ORFs than TideS (Tables 1
and 2; supplementary table S2, Supplementary Material on-
line). Given the near “universal” use of TransDecoder for
ORF prediction from eukaryotic transcriptomes, we com-
pared TransDecoder and TldeS's ability to identify full-
length ORFs. Despite predicting more ORFs, default runs
of TransDecoder predicted ~25% fewer full-length ORFs
(possessing start and stop codons with near perfect align-
ments to the respective proteome) in the CRF than TideS
(supplementary table S2, Supplementary Material online).
Notably, the full-length complete pORFs predicted by TideS
cover a larger proportion of a taxon’s proteome compared
to the other tools tested (Table 2; supplementary table S2,
Supplementary Material online) as well, although we note
that the “longest-ORF” approach captures the greatest
proteome breadth. Inaccuracies in ORF prediction can
have severe impacts in our interpretations of organismal
and genome evolution in studies relying upon
transcriptome-based datasets. Whereas TransDecoder
evaluates ORF log-likelihoods to identify the best putative
ORF and can incorporate extrinsic information (“BLAST”
hits against users’ preferred databases), TldeS uses a (cus-
tomizable) reference proteome database in ORF predic-
tions. For our study, using a reference proteome database
composed of data from six diverse eukaryotes, TldeS still
outperformed TransDecoder (as well as Prodigal and
GeneMarkS-T) in correctly calling full-length ORFs (Fig. 2;
Tables 1 and 2). However, we note that proteome data-
bases from more closely related taxa (when available) may
improve overall ORF prediction performance.

TldeS can be particularly pertinent when processing eu-
karyote transcriptome data that inadvertently include non-
target reads. Typically, sequence curation is performed
manually, incorporating information from phylogenetic
trees, composition, “BLAST”-based approaches, or a
combination thereof (Laetsch and Blaxter 2017). In our
evaluation of BLAST-based approaches, there is a large dis-
crepancy in its power to distinguish among contaminants.
This largely reflects the current state of data availability
from diverse lineages across the tree of life, as the relatively
strong representation of prokaryotes, well-studied eukary-
otic multicellular lineages (e.g. flowering plants, fungi, ani-
mals) and pathogens/parasites (e.g. the plant pathogen
Phytophthora), provide a means for accurate and easily in-
terpretable sequence classifications (supplementary table
S7, Supplementary Material online). However, our analyses
show the unsuitability of these approaches when evaluat-
ing contamination from poorly represented eukaryotic
lineages. For these taxa, BLAST-based performances vary
wildly (supplementary table S7, Supplementary Material
online), ultimately completely failing to classify any ORFs
in our highly contaminated dataset from the enigmatic pro-
tist Telonema. With the increased interest and description
of novel deep lineages of eukaryotes (e.g. Provora;
Tikhonenkov et al. 2022), TldeS provides a robust means
to accurately classify ORFs from these datasets. Given the
link between “BLAST"”-based performance and genomic
representation, these approaches will improve with the
generate of high-quality genomes from nonmodel micro-
bial eukaryotes, although this supposes the genomes are
free of severe contamination, which currently is not always
the case even among well represented eukaryotic clades
(e.g. metazoa).

Alternatively, phylogenetic approaches can circumvent
the issues that homology-based searches encounter when
taxa are from poorly represented areas of the tree of life.
However, phylogenetic approaches can be less reprodu-
cible as they tend to rely heavily on human curation and
when curatorial “rules” are not explicitly clear. We have
shown that TldeS can accurately classify sequences from
binary to multiple classes with high precision. From our si-
mulated and empirical datasets, we demonstrate multiple
approaches for initial sequence classification (composition-
based vs. phylogenetically informed) that are sufficient for
fairly accurate ORF classification. As with all machine-
learning based approaches, there are notable limitations
that users ought to consider, including but not limited to:
(i) the quality of the dataset, which is critical for accurate
classifications (“garbage in, garbage out”), (ii) still relies
on (reduced) human curation for sequence classifications,
although TideS backs up these tables by default, and (iii) se-
quence classification requires enough “contamination” to
accurately classify sequences. Despite these limitations,
we have shown that minimal human curation in the
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generation of the training set is often sufficient for reprodu-
cible high-quality ORF classification with TldeS, with no
manual human curation needed for ORF prediction, which
again can be easily reproduced using a shareable pretrained
TldeS model.

By providing accurate ORF predictions and the means to
classify sequences with high precision in the presence of
contamination, TldeS provides a robust foundation for nu-
merous downstream applications. The most common-
sense use of TldeS is the removal of contaminant sequences
for phylogenomic studies, which is critical for deeply diver-
ging eukaryovores with uncertain phylogenetic placement
(e.g. Telonema). Similarly, it can be difficult distinguishing
lateral and endosymbiotic gene transfer events from read
contamination from the co-cultured microorganisms or li-
brary preparation. With evidence for rapid sequence ameli-
oration to the host genome (Cote-L'Heureux et al. 2022),
TldeS can enable the identification of putative gene transfer
events and reduce the likelihood of false reporting. TideS's
ability to accurately identify in-frame (and often full-length
ORFs) provides a means to better infer putative “young”
lineage-specific genes from transcriptome datasets, as ap-
proaches for inferring these genes from transcriptomic
data vary (Wilhelmsson et al. 2017; Hu et al. 2020).
Additionally, TideS's ability to accurately delineate between
sequence classes, even in the presence of extreme dataset
imbalances that are common in host-microbe interactions
(e.g. Phytophthora infection of tomato), can enable more
thorough investigations of organismal interactions, espe-
cially when it is challenging to dissociate the target taxon
from the host material (e.g. host-pathogen). Overall,
TldeS provides an entry-point for many ‘omics-based stud-
ies providing accurate ORF identification and curation, es-
pecially from contaminated microbial eukaryote datasets.

Materials and Methods

TldeS Model

For predicting ORFs with TldeS, transcriptomes undergo
several pre-preprocessing steps: rRNA identification with
Barrnap (v0.9; Seemann 2024) and removal using each of
Barrnap’s modeled “kingdoms” (bacteria, archaea, mito-
chondrial, eukaryotic), followed by clustering to remove
the overabundance of redundant isoforms (a common issue
for some de novo assemblers such as Trinity; Grabherr et al.
2011) using CD-HIT-EST (v4.8.1; Fu et al. 2012): “cd-hit -G
0 -c 0.97 -aS 1.0 -aL 0.005". We provide an additional
option to remove “noneukaryotic” contamination using
the metagenomic profiler Kraken2 (v2.1.3; Wood et al.
2019) and a user-supplied Kraken2-formatted database.
Following sequence curation, filtered transcripts are then
aligned to a reference proteome using DIAMOND (v2.2.0;
Buchfink et al. 2021): “-e 1e-30 -k 1”. We provide the

means to generate the same small proteome used as a util-
ity script (available: github.com/xxmalcala/TIdeS/tree/main/
util/prep_tides_db.sh). Aligned ORFs are captured and add-
itionally converted into a random orientation (+2/+3 or =1/
—2/-3), representing the pool of training ORFs. ORFs are
predicted from all orientations of each transcript using a
user-given genetic code. By default, only complete ORFs
are identified from the transcripts, representing the query
dataset.

For sequence classification, initial ORF classifications
are either user provided, or if a Kraken2 database is pro-
vided, determined from the suite of noneukaryotic classi-
fications generated by Kraken2 (with 25-100 sequences
from each category: “eukaryotic,” “bacterial,” “archaeal,”
and “viruses”). These classified sequences, either user-
defined or Kraken2-defined, serve as the training data,
whereas the remaining sequences are the query dataset.

Following training-query data preparation, codon com-
positions for both datasets are tokenized with SciKit-
Learn’s CountVectorizer. Afterwards, tokenized counts of
the training ORFs are used for supervised training of a sup-
port vector classifier (SVC) as implemented in SciKit-Learn
(v1.5.0; Pedregosa et al. 2012). Optuna (v3.4.0; Akiba
et al. 2019) was used to tune the SVC: “probability’:
“True,” "kernel”: “rbf,” “C": [1e=8, 10] with 5-fold cross
validation. SVC probabilities were used to determine the
best classification for each ORF. For ORF prediction when
ORFs with identical probabilities of being in-frame are
found, TldeS defaults to the larger ORF whenever possible.

" ou

Data Collection, Processing, and Dataset Creation

Accession information for the raw reads and proteomes from
representative diverse eukaryotic taxa can be found in
supplementary table S1, Supplementary Material online.
Raw RNA-seq reads were trimmed and filtered using
bbduk.sh from the bbtools package (2014) using: "ktrim=r
k=21 mink=11 hdist=1 gtrim=rl trimg=24." Trimmed
RNA-seq reads were then assembled de novo using SPAdes
(v3.15; Bushmanova et al. 2019) with the “—rna” flag.

Of the taxa in this study, we selected 32 taxa with quality
genome annotations to capture the breadth of eukaryotic
diversity to evaluate ORF predictions. To determine the
TldeS's ability to classify sequences (e.g. host vs. pathogen,
contaminant vs. target), we identified additional six data-
sets based on their BioProject descriptions (e.g. oomycete
infection of tomato), organismal biology (e.g. kleptoplasty),
and presence of possible contamination (see Phylogenomic
Curation of Transcriptome Datasets). In addition to these
empirical datasets, we generated an in silico “contami-
nated” dataset from taxa with whole genome representa-
tion by pooling trimmed reads from the predatory
freshwater ciliate Stentor coeruleus and two “prey” algae,
Phaeodactylum tricornutum and Chlamydomonas reinhardtii,
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prior to assembly and 2) combining proteomes from repre-
sentative taxa in differing proportions (supplementary table
S5, Supplementary Material online). While Phaeodactylum
is a marine diatom, of the few diatom genomes available,
we chose Phaeaodctylum as it possesses one of the highest
quality genomes among publicly available diatom genomes.
We identified three clusters based on the composition of GC
content at 1st/2nd codon positions (GC12) and 3rd posi-
tions (GC3) and selected a random subset of 100 sequences
delineating among clusters as follows: Cluster-1: 35%
to 45% GC12 and 25% to 35% GC3, Cluster-2: 45% to
55% GC12 and 45% to 55% GC3, Cluster-3: 45% to
70% GC12 and 80% to 100% GC3.

ORF Prediction

Following transcriptome assembly, TldeS was used to pre-
dict ORFs under default parameters for all taxa, with the ex-
ception of the ciliate, Tetrahymena thermophila, where the
“ciliate” genetic code was provided. Given the variability in
machine-learning predictions and training set construction,
all runs of TideS were performed in triplicate and with de-
fault parameters, including the option of excluding partial
ORFs. The initial filtering provided by TIdeS included size fil-
tering, rRNA removal, and initial isoform clustering. After
this, ORF prediction was made with popular tools
(TransDecoder, GeneMarkS-T, and Prodigal), selecting the
longest complete ORFs (i.e. possessing start and appropri-
ate stop codons) to ensure similar comparisons. For ORF
predictions with TransDecoder (v5.5.0; Haas et al. 2013),
initial  ORF  predictions were generated using
TransDecoder.LongORFs with default parameters (using
“—genetic_code Tetrahymena” for Tetrahymena thermo-
phila). TransDecoder’s “longest_orfs.pep” data were then
used to captured extrinsic information using DIAMOND
(v2.2.0; Buchfink et al. 2021) for BLASTP searches against
the UniprotKB/Swiss-Prot database (last accessed July
2024), using the DIAMOND options: “~very-sensitive -k 1
-e 1e-5". TransDecoder.Predict was used to generate
TransDecoder’s final ORF predictions, incorporating the
output from the homology searches against UniProtKB/
Swiss-Prot. Predictions using GeneMarkS-T (v5.1.0; Tang
et al. 2015) were performed using default options. We
note that GeneMarkS-T does not support alternative genet-
ic codes, and so was not used for ORF predictions for
Tetrahymena thermophila. Finally, ORF predictions using
Prodigal (v2.6.3; Hyatt et al. 2010) were performed using
a full-motif scan (“-n") and using the appropriate genetic
code (e.g. universal: “-g 1" or “ciliate”: “-g 6").

Putative ORF Evaluation and Validation

DIAMOND (v2.2.0; Buchfink et al. 2021) was used to deter-
mine the proportion of predicted ORFs in the CRF in compar-
isons with the appropriate reference proteome (script is

provided “ref_compare.py”): “blastx -k 1 —very-sensitive -f 6
gseqid sseqid glen slen length pident gframe.” As an additional
level of stringency, we also looked at the proportions of “full”
ORF predictions, appending “-query-cover 98 —subject-cover
98" to the same command. For evaluating partial ORFs, we de-
fine phylogenomically “useful” partial ORFs as those aligning
to at least 66% of the reference protein’s length, appending
“-query-cover 98 —subject-cover 66" to the base DIAMOND
command. To capture the maximal number of CRF ORFs, all
ORFs were predicted from the processed transcriptomes and
evaluated with the same DIAMOND command/script.

As evaluation metrics, we used the precision (Precision =
TP/ATP + FP))—the percentage of pORFs found in the CRF,
the recall (Recall = TPATP + FN))—the percentage of pORFs
in the CRF from the total possible pool, and the F1-score—
the harmonic mean of precision and recall. For all tools and
approaches, evaluations were based on the total ORF predic-
tions under default parameters, which includes partial ORFs
generated by TransDecoder, GeneMarkS-T, and Prodigal,
by default. Complete and partial ORFs were predicted separ-
ately with TldeS, which provides searches for complete ORFs
by default and partial ORFs using the “-p” option.

Assessment of Transcriptome Quality

Following ORF calling with TldeS, we analyzed sequence
codon-based composition metrics including G + C content
at third-positions (GC3), at third position 4-fold degenerate
sites (GC3's), and at first and second sites (GC12) using a
custom python script (orf_composition.py) provided as a
utility script:  github.com/xxmalcala/TldeS/tree/main/util/
orf_composition.py. Composition metrics can represent
taxonomic “fingerprints” and have been used to aid in
identifying putative contamination prior to generation of
phylogenomic evidence (Cote-L'Heureux et al. 2022). We
used these metrics to confirm strong signatures of contam-
ination in our empirical sequence-classification datasets,
and to create simulated datasets that resembled our empir-
ical datasets (e.g. with varying degrees of sequence com-
position similarity). We also provide an additional python
script (segs_by_composition.py) that uses the outputs of
the “orf_composition.py” along with user-inputs to ran-
domly select sequences meeting composition thresholds
(e.g. GC12 between 20% and 30% as well as GC3 be-
tween 70% and 85%). Additionally, for assessing the de-
gree of prokaryotic contamination in the Fabomonas
dataset, we curated trimmed reads with Kraken2 and the
“full” Kraken2 database, using the “—quick” option.

Phylogenetic Curation of Transcriptome Datasets

For the empirical sequence classification datasets, PhyloToL
(Ceron-Romero et al. 2019) was used to assign
TldeS-predicted partial ORFs to widely conserved eukaryotic
gene families and generated initial  taxon-rich
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multisequence alignments with MAFFT (v7.490; Katoh and
Standley 2013). We selected 5,643 gene families, which in-
cluded data from at least three of the contaminated taxon
datasets and include 408 gene families that have been used
for the general assessment of data quality (Cote-L'Heureux
et al. 2022). While PhyloToL does include the means to fur-
ther curate and remove nonhomologous sequences from
the multisequence alignments (MSAs), we chose to skip
this additional curation step given our conservative criterion
for phylogeny-based sequence classification (described be-
low). MSAs were then trimmed with ClipKit (v1.4.0;
Steenwyk et al. 2020) using the “smart-gap-kpic” model.
Individual gene trees were constructed using FastTree2
(v2.2.2.6; Minh et al. 2020) with the “-Ilg -gamma” flags.

Following gene tree construction, we curated every se-
guence in the gene trees, focused on the contaminated
taxa, and binning into three broad categories: (i) sequences
sister to nonclosely related taxa (e.g. sister to known prey
taxa) along short branches (branches shorter than the
median branch lengths) to mitigate possible long branch
attraction artifacts—marked as nontarget sequences,
(i) sequences sister to other related taxa where representa-
tion is strong—marked as target sequences, and (iii) se-
guences with no clear phylogenetic affiliation—marked as
noninformative.

Training Data Selection

For simulated datasets where we combined protein-coding
CDSs from different taxa, we randomly selected 25, 100,
and 200 sequences from each taxon as our training data-
sets. For the multiclassification example, a random set of
100 sequences were selected from each of the three dens-
est regions in the composition plots for training TideS.

For Durinskia baltica CSIRO CS-38, Fabomonas tropica
NYK3c, Gloeochaete wittrockiana SAG 46.84, Phytophthora
infestans isolate 88069, and Platyophrya macrostoma \WH,
100 random sequences were chosen based on the phylo-
genetic placement of putative target sequences in large
clades of other closely related taxa (same “minor clade”; gi-
ven the uncertain phylogenomic placement of Fabomonas,
“eukaryotes” were used as the “minor clade’) or robust
contaminant (nontarget) clades from the diagnostic set of
phylogenies. Additionally, we evaluated the use of se-
guence composition in generating training data for asses-
sing host and symbiont in the dinoflagellate Durinskia
baltica as well as for assessing host and pathogen in a
Phytophthora infestans infection of tomato. For Durinskia,
two clusters were identified based on their composition
(cluster 1: 45% < GC12 <55% and 35% < GC3 <55%;
cluster 2: 45% < GC12 <60% and 75% < GC3 < 100%).
For Phytophthora, we again identified two apparent clusters
based on their composition (cluster 1: 45% < GC12 < 55%
and 35% < GC3 <50%; cluster 2: 45% < GC12 <55%

and 55% < GC3 < 75%). Additional training sequences
for Fabomonas were selected automatically using Kraken2
(Wood et al. 2019) as implemented by TideS, using the
preformatted 8 Gb, 16 Gb, and full Kraken2 databases to
assess Kraken2's utility in “automated” curation of noneu-
karyotic sequences.

As the culture of the eukaryovore, Telonema sp., relies
on Mantamonas sphyraenae as a prey organism, the de
novo assemblies and TldeS ORF predictions for both
Telonema sp. and M. sphyraenae were prepared using
TldeS's default parameters. HISAT2 (Kim et al. 2019) was
used to map Telonema's raw transcriptome reads against
the available M. sphyraenae genome (Blaz et al. 2023) to
confirm substantive contamination of its prey. To develop
a training dataset, the predicted ORFs for Telonema sp.
and M. sphyraenae were clustered together using
CD-HIT-EST (Fu et al. 2012) using “-G 0 -c 0.97 -aS 1.0
-aL 0.0005.” Clusters containing Telonema sp. and
M. sphyraenae together were considered evidence of the
prey contamination, whereas clusters containing solely
Telonema sp. were considered “clean,” with 100 se-
guences annotated from each category as the training set.

Supervised Sequence Classification and Validation

For all datasets, TldeS was run using “-c [file-name]” where
“file-name” represents the respective table of annotated
sequences. For Fabomonas, TideS was run using “-c -k
[kraken2-database]” using the preformatted 8 Gb, 16
Gb, or full databases to infer the utility of the preformatted
Kraken2 datasets for handling noneukaryotic contamin-
ation. All annotated training sequences are excluded from
our analyses of TldeS’s performance metrics. Calculations
of precision, recall, micro-F1-score for the empirical data-
sets were performed using the annotated sequences pre-
sent in the set of 7,289 single-gene phylogenies
(excluding Telonema), whereas calculations for simulated
datasets were based on the known taxonomic sources for
all sequences. Classified sequences for Telonema were
scored by using BLASTN (Camacho et al. 2009) to map clas-
sified ORFs against the Mantamonas genome at 95% iden-
tity. The resulting “presence—absence” data were then
used for all scoring metrics.

ORF Classification With eggNOG-Mapper and
eggNOG-DB

To assess the putative taxonomic origins of the predicted
ORFs for classification, we used the eggNOG-mapper tool
(Cantalapiedra et al. 2021), using DIAMOND (Buchfink
et al. 2021) with default parameters. Taxonomic identities
were assigned simply based on the highest bit scores per
sequence while accounting for known sources of contamin-
ation. The categories we used for accepting the eggNOG-
mapper outputs varied by taxon and its contaminant:
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Lithophyllum (any sequences marked as “Viridiplantae”), its
metazoan and rhizarian contaminants (any sequences
marked “Metazoa” and other “Eukaryota,” respectively),
Durinskia baltica (any sequences marked as “Eukaryota,”
but not “Bacillariophyta”) and its diatom contaminant (any
sequences annotated as “Bacillariophyta”), Fabomonas tro-
pica (any sequences marked as “Eukaryota”) and its prokary-
otic contaminants (any sequences marked as “Bacteria” or
“Archaea”), Gloeochaete wittrockiana (any sequences
marked as “Viridiplantae”) and its amoebozoan contaminant
(any sequences marked as “Amoebozoa”), Phytophthora in-
festans (any sequences marked as “Peronosporales”) and its
tomato host (any sequences marked as “Viridiplantae”),
Platyophrya macrostoma (any sequences marked as “Cilio-
phora”) and its kinetoplastid contaminant (any sequences
marked as “Kinetoplastida”), and Telonema and its prey
Mantamonas sphyraenae were indistinguishable through
eggNOG (both returning hits to a seemingly random assort-
ment of taxa).

Supplementary Material

Supplementary material is available at Genome Biology and
Evolution online.

Acknowledgments

We would like to thank Angela Jiang, Dr. Taylor Sehein, and
Prof. Laura Katz at Smith College, Dr. Chung Hyun Cho at
the Gregor Mendel Institute, and Dr. Maximilian Ganser at
the Paris Lodron University of Salzburg for discussions and
on-going testing of TideS during its development. Dr.
Yana Eglit is acknowledged for her provision of the
Telonema culture strain.

Funding
This work was funded by the Simons Foundation [876199].

Data Availability

The TldeS source code and installation instructions are
available at: https:/github.com/xxmalcala/TldeS. A com-
pressed archive of the source code, as well as the data gen-
erated in this study are available at the Zenodo research
data archive at: 10.5281/zenodo.10927824.

Literature Cited

Adl SM, Bass D, Lane CE, Luke$ J, Schoch CL, Smirnov A, Agatha S,
Berney C, Brown MW, Burki F, et al. Revisions to the classification,
nomenclature, and diversity of eukaryotes. J Eukaryot Microbiol.
2019:66(1):4-119. https:/doi.org/10.1111/jeu.12691.

Akiba T, Sano S, Yanase T, Ohta T, Koyama M. 2019. Optuna: a next-
generation hyperparameter optimization framework. In:
Proceedings of the 25th ACM SIGKDD international conference

on knowledge discovery & data mining. New York, NY, USA:
KDD "19 Association for Computing Machinery. pp. 2623-2631.

Aponte A, Gyaltshen Y, Burns JA, Heiss AA, Kim E, Warring SD. The
bacterial diversity lurking in protist cell cultures. Am Mus Novit.
2021:2021(3975):1-14. https:/doi.org/10.1206/3975.1.

Bachvaroff TR. A precedented nuclear genetic code with all three
termination codons reassigned as sense codons in the syndinean
Amoebophrya sp. Ex Karlodinium veneficum. PLoS One.
2019:14(2):€0212912. https:/doi.org/10.1371/journal.pone.
0212912.

Blaz J, Galindo LJ, Heiss AA, Kaur H, Torruella G, Yang A, Alexa
Thompson L, Filbert A, Warring S, Narechania A, et al. One high
quality genome and two transcriptome datasets for new species
of Mantamonas, a deep-branching eukaryote clade. Sci Data.
2023:10(1):603. https:/doi.org/10.1038/s41597-023-02488-2.

Boscaro V, Manassero V, Keeling PJ, Vannini C. Single-cell microbio-
mics unveils distribution and patterns of microbial symbioses in
the natural environment. Microb Ecol. 2023:85(1):307-316.
https:/doi.org/10.1007/s00248-021-01938-x.

Buchfink B, Reuter K, Drost H-G. Sensitive protein alignments at
tree-of-life scale using DIAMOND. Nat Methods. 2021:18(4):
366-368. https:/doi.org/10.1038/541592-021-01101-x.

Bushmanova E, Antipov D, Lapidus A, Prjibelski AD. rnaSPAdes: a de
novo transcriptome assembler and its application to RNA-Seq
data. GigaScience. 2019:8(9):giz100. https:/doi.org/10.1093/
gigascience/giz100.

Bushnell B. BBMap. SourceForge; 2014 [accessed 2024 Jan 20]. https://
sourceforge.net/projects/bbmap/.

Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer K,
Madden TL. BLAST+: architecture and applications. BMC
Bioinformatics. 2009:10(1):421. https:/doi.org/10.1186/1471-
2105-10-421.

Cantalapiedra CP, Herndndez-Plaza A, Letunic I, Bork P, Huerta-Cepas
J. eggNOG-mapper v2: functional annotation, orthology assign-
ments, and domain prediction at the metagenomic scale. Mol
Biol Evol. 2021:38(12):5825-5829. https:/doi.org/10.1093/
molbev/msab293.

Cerén-Romero MA, Maurer-Alcald XX, Grattepanche J-D, Yan Y,
Fonseca MM, Katz LA. Phylotol: a taxon/gene-rich phylogenomic
pipeline to explore genome evolution of diverse eukaryotes. Mol
Biol Evol. 2019:36(8):1831-1842. https:/doi.org/10.1093/
molbev/msz103.

Cote-L'Heureux A, Maurer-Alcald XX, Katz LA. Old genes in new
places: a taxon-rich analysis of interdomain lateral gene transfer
events. PLoS Genet. 2022:18(6):e1010239. https:/doi.org/10.
1371/journal.pgen.1010239.

Fu L, Niu B, Zhu Z, Wu S, Li W. CD-HIT: accelerated for clustering the
next-generation sequencing data. Bioinformatics. 2012:28(23):
3150-3152. https:/doi.org/10.1093/bioinformatics/bts565.

Grabherr MG, Haas BJ, Yassour M, Levin JZ, Thompson DA, Amit |,
Adiconis X, Fan L, Raychowdhury R, Zeng Q, et al. Trinity: recon-
structing a full-length transcriptome without a genome from
RNA-Seq data. Nat Biotechnol. 2011:29(7):644-652. https:/doi.
0rg/10.1038/nbt.1883.

Haas BJ, Papanicolaou A, Yassour M, Grabherr M, Blood PD, Bowden J,
Couger MB, Eccles D, Li B, Lieber M, et al. De novo transcript se-
quence reconstruction from RNA-Seq using the Trinity platform
for reference generation and analysis. Nat Protoc. 2013:8(8):
1494-1512. https:/doi.org/10.1038/nprot.2013.084.

Heaphy SM, Mariotti M, Gladyshev VN, Atkins JF, Baranov PV. Novel
ciliate genetic code variants including the reassignment of all three
stop codons to sense codons in condylostoma magnum. Mol Biol
Evol. 2016:33(11):2885-2889. https:/doi.org/10.1093/molbev/
msw166.

Genome Biol. Evol. 16(12) https://doi.org/10.1093/gbe/evae252

Advance Access publication 21 November 2024 15

9202 4990120 20 U0 Jasn Aiepy B wellliM AQ £95906./25Z9BAS/Z1/91/a101HE/8G6/W00"dNO"0jWSpEDE. WOy PAPEO|UMOQ


http://academic.oup.com/gbe/article-lookup/doi/10.1093/gbe/evae252#supplementary-data
https://github.com/xxmalcala/TIdeS
https://doi.org/10.1111/jeu.12691
https://doi.org/10.1206/3975.1
https://doi.org/10.1371/journal.pone.0212912
https://doi.org/10.1371/journal.pone.0212912
https://doi.org/10.1038/s41597-023-02488-2
https://doi.org/10.1007/s00248-021-01938-x
https://doi.org/10.1038/s41592-021-01101-x
https://doi.org/10.1093/gigascience/giz100
https://doi.org/10.1093/gigascience/giz100
https://sourceforge.net/projects/bbmap/
https://sourceforge.net/projects/bbmap/
https://doi.org/10.1186/1471-2105-10-421
https://doi.org/10.1186/1471-2105-10-421
https://doi.org/10.1093/molbev/msab293
https://doi.org/10.1093/molbev/msab293
https://doi.org/10.1093/molbev/msz103
https://doi.org/10.1093/molbev/msz103
https://doi.org/10.1371/journal.pgen.1010239
https://doi.org/10.1371/journal.pgen.1010239
https://doi.org/10.1093/bioinformatics/bts565
https://doi.org/10.1038/nbt.1883
https://doi.org/10.1038/nbt.1883
https://doi.org/10.1038/nprot.2013.084
https://doi.org/10.1093/molbev/msw166
https://doi.org/10.1093/molbev/msw166

Maurer-Alcala and Kim

GBE

Hu Y, Xing W, Song H, Hu Z, Liu G. Comparison of colonial volvocine
algae based on phylotranscriptomic analysis of gene family evolu-
tion and natural selection. Eur J Phycol. 2020:55(1):100-112.
https:/doi.org/10.1080/09670262.2019.1663269.

Hyatt D, Chen G-L, Locascio PF, Land ML, Larimer FW, Hauser LJ.
Prodigal: prokaryotic gene recognition and translation initiation
site identification. BMC Bioinformatics. 2010:11(1):119. https:/
doi.org/10.1186/1471-2105-11-119.

Katoh K, Standley DM. MAFFT multiple sequence alignment software
version 7: improvements in performance and usability. Mol Biol
Evol.  2013:30(4):772-780.  https:/doi.org/10.1093/molbev/
mst010.

Kim D, Paggi JM, Park C, Bennett C, Salzberg SL. Graph-based genome
alignment and genotyping with HISAT2 and HISAT-genotype. Nat
Biotechnol. 2019:37(8):907-915. https:/doi.org/10.1038/
s41587-019-0201-4.

Klaveness D, Shalchian-Tabrizi K, Thomsen HA, Eikrem W, Jakobsen
KS. Telonema antarcticum sp. Nov., a common marine phago-
trophic flagellate. Int J Syst Evol Microbiol. 2005:55(6):
2595-2604. https:/doi.org/10.1099/ijs.0.63652-0.

Laetsch DR, Blaxter ML. BlobTools: interrogation of genome assem-
blies.  F1000Res.  2017:6:1287.  https:/doi.org/10.12688/
f1000research.12232.1.

Lax G, Eglit Y, Eme L, Bertrand EM, Roger AJ, Simpson AGB.
Hemimastigophora is a novel supra-kingdom-level lineage of eu-
karyotes. Nature. 2018:564(7736):410-414. https:/doi.org/10.
1038/s41586-018-0708-8.

Leesutthiphonchai W, Vu AL, Ah-Fong AMV, Judelson HS. How does
phytophthora infestans evade control efforts? Modern insight
into the late blight disease. Phytopathology®. 2018:108(8):
916-924. https:/doi.org/10.1094/PHYTO-04-18-0130-IA.

McCarthy CGP, Mulhair PO, Siu-Ting K, Creevey CJ, O’Connell MJ.
Improving orthologous signal and model fit in datasets addressing
the root of the animal phylogeny. Mol Biol Evol. 2023:40(1):
msac276. https:/doi.org/10.1093/molbev/msac276.

Minh BQ, Schmidt HA, Chernomor O, Schrempf D, Woodhams MD,
von Haeseler A, Lanfear R. IQ-TREE 2: new models and efficient
methods for phylogenetic inference in the genomic era. Mol Biol
Evol. 2020:37(5):1530-1534. https:/doi.org/10.1093/molbev/
msaa015.

Nachtigall PG, Kashiwabara AY, Durham AM. Codan: predictive mod-
els for precise identification of coding regions in eukaryotic tran-
scripts. Brief Bioinform. 2021:22(3):bbaa045. https:/doi.org/10.
1093/bib/bbaa045.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O,
Blondel M, Prettenhofer P, Weiss R, Dubourget V, et al.
Scikit-learn: machine learning in Python. J Mach Learn Res.
2012:12(2011):2825-2830.  https://doi.org/10.1145/2786984.
2786995.

Schén ME, Zlatogursky VV, Singh RP, Poirier C, Wilken S, Mathur V,
Strassert JFH, Pinhassi J, Worden AZ, Keeling PJ, et al. Single cell
genomics reveals plastid-lacking picozoa are close relatives of red
algae. Nat Commun. 2021:12(1):6651. https:/doi.org/10.1038/
s41467-021-26918-0.

Seemann T. tseemann/barrnap; 2024 [accessed 2024 Jan 20]. https:/
github.com/tseemann/barrnap

Signal B, Kahlke T. Borf: Improved ORF prediction in de-novo as-
sembled transcriptome annotation. bioRxiv 2021.04.12.439551.
https:/doi.org/10.1101/2021.04.12.439551., 14 April 2021, pre-
print: not peer reviewed .

Smith-Unna R, Boursnell C, Patro R, Hibberd JM, Kelly S. TransRate:
reference-free quality assessment of de novo transcriptome assem-
blies. Genome Res. 2016:26(8):1134-1144. https:/doi.org/10.
1101/gr.196469.115.

Steenwyk JL, Buida TJ, Li Y, Shen X-X, Rokas A. ClipKIT: a multiple se-
quence alignment trimming software for accurate phylogenomic
inference. PLoS Biol. 2020:18(12):e3001007. https:/doi.org/10.
1371/journal.pbio.3001007.

Strassert JFH, Jamy M, Mylnikov AP, Tikhonenkov DV, Burki F. New
phylogenomic analysis of the enigmatic phylum telonemia further
resolves the eukaryote tree of life. Mol Biol Evol. 2019:36(4):
757-765. https:/doi.org/10.1093/molbev/msz012.

Tang S, Lomsadze A, Borodovsky M. Identification of protein coding
regions in RNA transcripts. Nucleic Acids Res. 2015:43(12):e78.
https:/doi.org/10.1093/nar/gkv227.

Tikhonenkov DV, Mikhailov KV, Gawryluk RMR, Belyaev AO, Mathur
V, Karpov SA, Zagumyonnyi DG, Borodina AS, Prokina Kil,
Mylnikov AP, et al. Microbial predators form a new supergroup
of eukaryotes. Nature. 2022:612(7941):714-719. https:/doi.org/
10.1038/541586-022-05511-5.

Treitli SC, Kolisko M, Husnik F, Keeling PJ, Hampl V. Revealing the
metabolic capacity of streblomastix strix and its bacterial symbionts
using single-cell metagenomics. Proc Natl Acad Sci U S A.
2019:116(39):19675-19684. https:/doi.org/10.1073/pnas.
1910793116.

Van Vlierberghe M, Di Franco A, Philippe H, Baurain D.
Decontamination, pooling and dereplication of the 678 samples
of the marine microbial eukaryote transcriptome sequencing pro-
ject. BMC Res Notes. 2021:14(1):306. https:/doi.org/10.1186/
$13104-021-05717-2.

Wilhelmsson PKI, Muhlich C, Ullrich KK, Rensing SA. Comprehensive
genome-wide classification reveals that many plant-specific tran-
scription factors evolved in streptophyte algae. Genome Biol
Evol.  2017:9(12):3384-3397. https:/doi.org/10.1093/gbe/
evx258.

Wood DE, Lu J, Langmead B. Improved metagenomic analysis with kra-
ken 2. Genome Biol. 2019:20(1):257. https:/doi.org/10.1186/
513059-019-1891-0.

Yamada N, Bolton JJ, Trobajo R, Mann DG, Dabek P, Witkowski A,
Onuma R, Horiguchi T, Kroth PG. Discovery of a kleptoplastic ‘di-
notom’ dinoflagellate and the unique nuclear dynamics of convert-
ing kleptoplastids to permanent plastids. Sci Rep. 2019:9(1):
10474. https:/doi.org/10.1038/s41598-019-46852-y.

Yan Y, Maurer-Alcald XX, Knight R, Kosakovsky Pond SL, Katz LA.
Single-Cell  transcriptomics reveal a correlation between
genome architecture and gene family evolution in ciliates.
mBio.  2019:10(6):€02524-19.  https:/doi.org/10.1128/mbio.
02524-19.

Yubuki N, Torruella G, Galindo LJ, Heiss AA, Ciobanu MC, Shiratori T,
Ishida K-I, Blaz J, Kim E, Moreira D, et al. Molecular and morpho-
logical characterization of four new ancyromonad genera and pro-
posal for an updated taxonomy of the ancyromonadida. J Eukaryot
Microbiol. 2023:70(6):e12997. https:/doi.org/10.1111/jeu.12997.

Zahonova K, Kostygov AY, Sevtikova T, Yurchenko V, Elid$ M. An un-
precedented non-canonical nuclear genetic code with all three ter-
mination codons reassigned as sense codons. Curr Biol.
2016:26(17):2364-2369. https:/doi.org/10.1016/j.cub.2016.06.
064.

Associate editor: John Archibald

16 Genome Biol. Evol. 16(12) https:/doi.org/10.1093/gbe/evae252 Advance Access publication 21 November 2024

9202 4990120 20 U0 Jasn Aiepy B wellliM AQ £95906./25Z9BAS/Z1/91/a101HE/8G6/W00"dNO"0jWSpEDE. WOy PAPEO|UMOQ


https://doi.org/10.1080/09670262.2019.1663269
https://doi.org/10.1186/1471-2105-11-119
https://doi.org/10.1186/1471-2105-11-119
https://doi.org/10.1093/molbev/mst010
https://doi.org/10.1093/molbev/mst010
https://doi.org/10.1038/s41587-019-0201-4
https://doi.org/10.1038/s41587-019-0201-4
https://doi.org/10.1099/ijs.0.63652-0
https://doi.org/10.12688/f1000research.12232.1
https://doi.org/10.12688/f1000research.12232.1
https://doi.org/10.1038/s41586-018-0708-8
https://doi.org/10.1038/s41586-018-0708-8
https://doi.org/10.1094/PHYTO-04-18-0130-IA
https://doi.org/10.1093/molbev/msac276
https://doi.org/10.1093/molbev/msaa015
https://doi.org/10.1093/molbev/msaa015
https://doi.org/10.1093/bib/bbaa045
https://doi.org/10.1093/bib/bbaa045
https://doi.org/10.1145/2786984.2786995
https://doi.org/10.1145/2786984.2786995
https://doi.org/10.1038/s41467-021-26918-0
https://doi.org/10.1038/s41467-021-26918-0
https://github.com/tseemann/barrnap
https://github.com/tseemann/barrnap
https://doi.org/10.1101/2021.04.12.439551
https://doi.org/10.1101/gr.196469.115
https://doi.org/10.1101/gr.196469.115
https://doi.org/10.1371/journal.pbio.3001007
https://doi.org/10.1371/journal.pbio.3001007
https://doi.org/10.1093/molbev/msz012
https://doi.org/10.1093/nar/gkv227
https://doi.org/10.1038/s41586-022-05511-5
https://doi.org/10.1038/s41586-022-05511-5
https://doi.org/10.1073/pnas.1910793116
https://doi.org/10.1073/pnas.1910793116
https://doi.org/10.1186/s13104-021-05717-2
https://doi.org/10.1186/s13104-021-05717-2
https://doi.org/10.1093/gbe/evx258
https://doi.org/10.1093/gbe/evx258
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1038/s41598-019-46852-y
https://doi.org/10.1128/mbio.02524-19
https://doi.org/10.1128/mbio.02524-19
https://doi.org/10.1111/jeu.12997
https://doi.org/10.1016/j.cub.2016.06.064
https://doi.org/10.1016/j.cub.2016.06.064

	TIdeS: A Comprehensive Framework for Accurate Open Reading Frame Identification and Classification in Eukaryotic Transcriptomes
	Background
	Results
	TIdeS Overview—Simple Preparation and Curation of ORFs from Transcriptomes
	TIdeS Produces More Quality ORF Predictions
	Limited Training Data are Needed for Accurate ORF Classification
	TIdeS Supports Accurate Multiclass Classifications
	Sequence Classification Opens up Opportunities for Other Biological Questions
	Classification of Sequences in Highly Contaminated Datasets
	Delineating Data in Organismal Associations
	Host–Symbiont Interaction: Protist–Protist Endosymbiosis
	Predator–Prey Interaction: Eukaryovory
	Host–Pathogen Interaction: Plant–Protist Parasitism
	Running Time and RAM Requirements


	Discussion
	Materials and Methods
	TIdeS Model
	Data Collection, Processing, and Dataset Creation
	ORF Prediction
	Putative ORF Evaluation and Validation
	Assessment of Transcriptome Quality
	Phylogenetic Curation of Transcriptome Datasets
	Training Data Selection
	Supervised Sequence Classification and Validation
	ORF Classification With eggNOG-Mapper and eggNOG-DB

	Supplementary Material
	Acknowledgments
	Funding
	Data Availability
	Literature Cited


