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Nematode gene annotation by machine-learning-
assisted proteotranscriptomics enables
proteome-wide evolutionary analysis

Alejandro Ceron-Noriega,1 Miguel V. Almeida,1,3 Michal Levin,1,2 and Falk Butter1,2
1Institute of Molecular Biology (IMB), 55128 Mainz, Germany

Nematodes encompass more than 24,000 described species, which were discovered in almost every ecological habitat, and

make up >80%of metazoan taxonomic diversity in soils. The last common ancestor of nematodes is believed to date back to

∼650–750 million years, generating a large and phylogenetically diverse group to be explored. However, for most species

high-quality gene annotations are incomprehensive or missing. Combining short-read RNA sequencing with mass spec-

trometry–based proteomics and machine-learning quality control in an approach called proteotranscriptomics, we improve

gene annotations for nine genome-sequenced nematode species and provide new gene annotations for three additional spe-

cies without genome assemblies. Emphasizing the sensitivity of our methodology, we provide evidence for two hitherto

undescribed genes in the model organism Caenorhabditis elegans. Extensive phylogenetic systems analysis using this compre-

hensive proteome annotation provides new insights into evolutionary processes of this metazoan group.

[Supplemental material is available for this article.]

Nematodes are one of themost diverse, abundant, and widespread
metazoan phylum on earth (Bongers and Bongers 1998; Hodda
et al. 2009; Blaxter 2016). They inhabit a broad range of ecological
niches with lifestyles ranging from free-living to plant and animal
parasitic, including varying reproduction modes, morphology,
and developmental programs (Kiontke and Fitch 2013; Vlaar
et al. 2021). Nematodes account for over three-quarters of all indi-
vidual animals on the planet, encompassing 24,000 described and
1 million estimated existing species (Blaxter 2016), including the
important model organism Caenorhabditis elegans, which has
been introduced to the laboratory in the early 1970s (Brenner
1973).C. eleganshas been extensively studied for almost half a cen-
tury as a model for development, neurobiology, disease progres-
sion, and aging (Horvitz 2003; Kaletta and Hengartner 2006;
Antoshechkin and Sternberg 2007; Leung et al. 2008). Because of
its importance, it was the first fully assembled animal genome
with a comprehensive, well-evidenced, and high-quality gene
annotation. Two other species of its genus also have well-annotat-
ed genomes and are especially used for evolutionary comparisons:
(1) Caenorhabditis briggsae (Hillier et al. 2005), the satellite species
of C. elegans, which shares remarkable similarity in morphology
and developmental programs (Gupta et al. 2007), being genomi-
cally as divergent from C. elegans as human from mouse
(Cutter 2008); and (2) the recently identified sister species of
C. elegans termed Caenorhabditis inopinata (Kanzaki et al. 2018).
Comparisons between genomes of different species can provide in-
sights into genetic pathways, which in combination with ecologi-
cal information deliver clues to how organisms adapt to their
environment (Stevens et al. 2019). To enable broader evolutionary
comparisons, a larger set of well-annotated species would be high-

ly beneficial. For a more comprehensive picture of the genome
evolution among nematodes, the community has provided addi-
tional genome assemblies, for example, forCaenorhabditis brenneri,
Caenorhabditis japonica, Caenorhabditis remanei, and Pristionchus
pacificus, accessible in databases like WormBase (Howe et al.
2012; Harris et al. 2020). These genome assemblies encompass a
wide variety of genome sizes and compactness (Supplemental
Fig. S1A). However, the quality of these assemblies is not uniform,
and some show highly fragmented contigs and gaps (Supplemen-
tal Table S1; Supplemental Fig. S1B), rendering global estimations
vague. Unfortunately, assembly quality plays a major role in the
accuracy of ab initio gene prediction; that is, mistakes in genome
assemblies can lead to the erroneous addition and/or subtraction
of gene annotations (Han et al. 2013). Thus far, asmost of the nem-
atode annotations are still based on automated annotation pipe-
lines and not on experimental evidence (Supplemental Fig. S2),
the gene prediction quality cannot be estimated confidently.
This represents a bottleneck in the broad-scale understanding of
nematode evolution and may lead to misinterpretations (Han
et al. 2013). As a result, evolutionary studies across different species
have so far focused primarily on the detection of selection signa-
tures at the single-gene family level (Thomas et al. 2005; Thomas
2006; Mukherjee and Bürglin 2007; Weinstein et al. 2019). To en-
able accurate orthology assignment and allow for extensive inves-
tigations of the evolution in this phylum, experimentally
validated annotations are essential. To address this issue, de
novo assembled contigs from RNA-seq data of poly(A)-enriched
mRNA are useful. As mRNAs are devoid of introns, the resulting
predictions are likely more accurate than predicting gene models
from genomic sequences that are based on ambiguous splice-site
predictions. Furthermore, protein-coding gene validation by
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additional peptide evidence through high-resolution mass spec-
trometry can strongly improve the annotation as shown in various
previous studies investigating individual species (Jaffe et al. 2004;
Castellana et al. 2008; Desgagné-Penix et al. 2010; Evans et al.
2012; Volkening et al. 2012; Mohien et al. 2013; Kumar et al.
2016; Chapman and Bellgard 2017; Prasad et al. 2017; Ma et al.
2018; Lang et al. 2019; Ding et al. 2020; Levin et al. 2020; Müller
et al. 2021).

Here we use an automated, systematic, generic, and scalable
proteotranscriptomics assembly (PTA) workflow (Levin and
Butter 2022) for high-confidence annotation of protein-coding
genes in 12 nematode species. Including a novelmachine-learning
implementation to score transcript fragmentation, which is a well-
known issue of transcriptome assemblies (Treangen and Salzberg
2011), we improve existing annotations for nine genome-se-
quenced nematode species and provide annotations for three spe-
cies that currently lack genome assemblies enabling broad
evolutionary analyses.

Results

Benchmark of de novo transcriptome assembly

As we aimed to provide and interrogate extensive protein-coding
gene annotations for a broad range of nematodes, including spe-
cies with low-quality or nonexistent genome assemblies, we decid-
ed on a de novo approach using assembled contigs from RNA-seq
data of poly(A)-enriched mRNA. We selected C. elegans, the best-
annotated nematode species, for benchmarking the quality and
completeness of our chosen transcriptome assembly approach.
We thus generated 74 million paired-end RNA-seq reads of 79-
base length from a nonsynchronized C. elegans culture containing
all developmental stages ranging from embryos to adult worms.
The RNA-seq reads were quality controlled and either used for ge-
nome-free (GF) or genome-guided (GG) transcriptome assembly
with the Trinity suite (Grabherr et al. 2011). For the GF approach,
reads are directly assembled,whereas in theGGapproach, reads are
first mapped to the genome and then assembled into contigs con-
sidering mapping information. TransDecoder (Haas et al. 2013)
predicted 39,538 potential open reading frames (ORFs) for the
GF assembly and 41,509 ORFs for the GG assembly. The 50th per-
centile lengths (N50) of transcripts with very high expression lev-
els (Ex90N50) were 2467 nt for GF and 2343 nt for GG. It is
noteworthy that the N50 values of each expression bin (ExN50)
were highly similar to the ExN50 values of the C. elegans Worm-
Base annotation, especially for the GF assembly (Pearson’s r of
0.96 for GF-WormBase and 0.88 for GG-WormBase comparison)
(Fig. 1A). TransRate (Smith-Unna et al. 2016) transcriptome overall
assembly scores were 0.39 for GF and GG, well placed within the
90th percentile of scores of other assemblies using different assem-
bly algorithms and species (Fig. 1B; Smith-Unna et al. 2016). Pre-
dicted ORFs encompassed 96.4% (GF) and 95.9% (GG) of the
3131 universal single-copy orthologs of nematode Benchmarking
Universal Single-Copy Orthologs (BUSCO) gene models (odb10)
(Simão et al. 2015) in full length (Fig. 1C), showing the compre-
hensiveness of the assembly. Indeed, the predictions cover
18,794 (93.4%—GF) and 18,858 (93.7%—GG) of the 20,127C. ele-
gans WormBase gene models (Fig. 1D; Supplemental Table S2),
with 73.8% (GF) and 70.0% (GG) predictions having high se-
quence coverage (80%–100%) with their respective WormBase
gene model (Fig. 1D). All benchmarks showcase that our approach
results in comprehensive annotations with mostly complete and

precisemodels. In all qualitymeasures, the GF assemblymode per-
forms better than the GG approach.

Machine-learning-based algorithm to judge gene model accuracy

Although most of the assembled transcripts were indeed full
length compared with the currentWormBase annotation of C. ele-
gans, our assembled transcriptomes still included some transcripts
that were only partially assembled (Fig. 1D). The issue of transcript
fragmentation in assemblies from RNA sequencing data is a well-
known problem and has been the focus of many studies
(Treangen and Salzberg 2011). These artifacts are typically caused
by low read coverage at a locus, repetitive regions, differential ex-
pression of different exons, polymorphism, and sequencing errors,
which might potentially lead to local assembly errors (Treangen
and Salzberg 2011). In our case, most of the partially assembled
transcripts are WormBase genes that were split during the assem-
bly process and thus are represented as separate nonoverlapping
transcripts (Fig. 2A; Supplemental Fig. S3; Supplemental Table
S3). This fragmentation issue is much more evident in the GG as-
sembly approach. As including such fragmented contigs in down-
stream analyses can cause misinterpretation, we aimed to identify
incomplete transcripts also when no comparison to an existing
well-curated annotation is possible. To address this, we applied su-
pervised machine learning using random forest (RF). The algo-
rithm was trained using the C. elegans assemblies with different
transcript-specific input features retrieved from Trinity (Grabherr
et al. 2011), TransDecoder (Bryant et al. 2017), and TransRate
(Supplemental Table S4; Smith-Unna et al. 2016). The complete-
ness of the transcript was assessed by comparing the predicted
ORF to the respective WormBase protein annotation. Because
the underlying assembly algorithms of the GF and the GG ap-
proaches are different, we generated independent predictionmod-
els for GF and GG.When comparing the predicted to the observed
WormBase annotation–based completeness, the Pearson’s correla-
tionwas 0.96 forGF and 0.88 forGG. Themost decisive features for
the predictionmodel were the length of the ORF and the full tran-
script for GF, and the full transcript length and expression level
(transcripts per million [tpm]) for GG (Fig. 2B; Supplemental
Table S4). As we aimed to predict transcript coverage for different
nematode species, we evaluated the performance of our ma-
chine-learning models using more phylogenetic distant, but
well-annotated species. For benchmarking, we assembled our
own gene models with publicly available RNA sequencing data
of the nematode C. briggsae, the fruit fly Drosophila melanogaster,
the green land plant Arabidopsis thaliana, and the human H1-
hESC cell line (Supplemental Table S5) using the same assembly
workflows as applied inC. elegans. TheC. elegans trained predictors
showed very high accuracy in determining the transcript com-
pleteness in all four species (Fig. 2C; Supplemental Table S5).
This strongly indicates that our gene model predictors should be
applicable to a broad range of species even beyond nematodes,
thus enabling efficient filtering of fragmented contigs across
diverse transcriptome assemblies.

Further gene model refinement by applying

proteotranscriptomics

To provide experimental evidence for the predicted ORFs at the
protein level, we measured the proteome of the same C. elegans
mixed-stage sample by high-resolution mass spectrometry. We
used either the WormBase, GF, or GG predicted ORFs as a protein
sequence database to associate the roughly 1.6 million MS/MS
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spectra with tryptic peptides from these annotations. Trinity as-
semblies showed a comparable amount of identified peptides com-
pared with the WormBase annotation (97% for GF and 98% for
GG) (Fig. 3A). All three assemblies showed comparable numbers
of protein identification exceeding 7000 proteins (Fig. 3B). We ob-
served that ORFs with peptide evidence are highly enriched for
full-lengthWormBase transcripts (Fig. 3C). To prevent fragmented
proteins in our proteotranscriptome assemblies even more effi-
ciently, we additionally filtered out anyORFwith a predicted com-
pleteness level <80% as judged by our machine-learning
algorithm. After this filtering, the identified proteins from the
GF and GG assemblies include 95% and 93% of the identified pro-
teins from WormBase, respectively (Fig. 3D).

Furthermore, we found 839 short proteins (fewer than
100-amino-acid length) in the GF and 830 in the GG assembly
with predicted completeness levels >80% that are supported by
at least two peptides, at least one of them being unique
(Supplemental Table S6). Comparing these proteins to the C. ele-
gans database of small proteins from SmProt (Hao et al. 2018),
we identified BLASTP hits with known short proteins for 161 pre-
dictions (19%) inGF and 96 (12%) in GG (Supplemental Table S6).
As the SmProt database consists of predicted small proteins from
ribosome profiling data, these results emphasize the high sensitiv-
ity and reliability of our approach, confirming some of the SmProt
predictions but also providing strong evidence for hundreds of ad-
ditional C. elegans small proteins.

A B

C D

Figure 1. Benchmarking transcriptome assembly in C. elegans. (A) Median length of transcripts (N50) across all expression bins (ExN50) for the genome-
free (GF) and genome-guided (GG) assembly comparedwith theWormBase annotation. (B) TransRate scores and TransRate optimal scores of the C. elegans
GF and GG transcriptome assembly compared with other assemblies of different species and various assembly algorithms (Smith-Unna et al. 2016). (C)
BUSCO analysis statistics of the GF and GG transcriptome assembly. (D) Bar chart summarizing transcript sequence coverage comparing GF and GG tran-
scripts to the correspondingWormBase annotation. Completeness (hit percentage coverage) was determined by percentage overlap between the predict-
ed transcript sequence with its equivalent WormBase annotation.
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Although our approach missed 305 annotated WormBase
proteins (<5% of the detected proteome), we found two predicted
proteins with strong peptide evidence in GF and GG that were not
reported in previous C. elegans annotations of WormBase. For
these two genes, we could detect dynamic expression at the RNA
level using previously published developmental transcriptomic
time courses of C. elegans (Supplemental Fig. S4; Boeck et al.
2016; Levin et al. 2016). The first protein (to be included as
F54D10.10 in WormBase release WS286), whose transcript se-
quence maps to Chromosome 2, has a length of 138 aa and is sup-
ported by three unique peptides and an overall mRNA level of 18
tpm (83rd percentile) (Fig. 3E). We found an expression peak of

F54D10.10 in early embryonic stages (90 min after the fourth divi-
sion of the AB cell) in both data sets (Supplemental Fig. S4A–C).
Although there were no homologs in WormBase, in NCBI we
found a predicted protein from C. remanei (hypothetical protein
GCK72_007074), albeit it only shows 39% sequence identity
(Supplemental Material). The transcript sequence of the other pro-
tein (to be included as Y34B4A.20) maps to Chromosome X, has a
lengthof 155 aa, is supported by four unique peptides, and showed
an overall mRNA level of 12 tpm (80th percentile) (Fig. 3F).
Although again there were no homologs in WormBase, we
found predicted proteins for C. remanei, C. briggsae, C. japonica,
and Caenorhabditis nigoni in NCBI (Supplemental Material).

A

C

B

Figure 2. Benchmarking machine-learning-assisted filtering of fragmented transcripts in assemblies. (A) Pie chart and table representing the fragmen-
tation status of the C. elegans GF and the GG transcriptome assembly. Shown are the proportions of WormBase genes overlapping with Trinity assembled
transcripts. (B) Bar chart depicts contributions of individual features to the random forest models of GF and GG. A detailed description of features and their
sources is provided in Supplemental Table S4. (C) 2D kernel density plots of the observed versus predicted completeness using the GF and GG model es-
tablished in C. elegans in four other model organisms.
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Y34B4A.20 seems to be expressed exclusively in larval stages
(Supplemental Fig. S4D,E).

Combined, benchmarking in C. elegans shows that our ap-
proach can recapitulate most of the current annotations of this
very comprehensively studied species but also facilitate the detec-
tion of nonreported coding genes.

Gene annotation for additional Caenorhabditis species and for

phylogenetically distant and non-genome-sequenced species

Having validated that our proteotranscriptomics approach yielded
outstanding results forC. elegans in the GG as well as the GFmode,
we went on to perform transcriptome assemblies for five addition-
al Caenorhabditis species with available genomes and gene anno-
tations. Although C. elegans and C. briggsae have fairly well-
evidenced annotations, most of the other species lack experimen-
tal validation, possessing mostly predicted ORFs (Supplemental
Fig. S2). For the assembly of the additional Caenorhabditis species,

we achieved similar high-performance measures in terms of
TransRate scores (Supplemental Table S1), BUSCO benchmarks
(Fig. 4A, see Caenorhabditis panel), and number of identified pep-
tides (Fig. 4B, see Caenorhabditis panel).

However, although for the well-annotated species such as C.
elegans, C. inopinata, and C. briggsae the WormBase annotation al-
lowed for slightly better protein identification compared with
our own ORF predictions (ranging from 1.3% to 2.5% better), for
C. japonica, C. remanei, and C. brenneri, we observed significant im-
provement with our new assemblies (identification increases rang-
ing from 5.9% to 14.9%) (Fig. 4C, see Caenorhabditis panel).
Performance of the GF mode was slightly better for many species
(improvements of 0.4% to 14.9%). This outlines the strength of
the GF approach, especially for species with less well-assembled
genomes.

With these quality confirmations in the additional
Caenorhabditis species, we confidently took the same approach
and expanded our annotation to nematode species outside the

A

C

E

F

D

B

Figure 3. Proteotranscriptomics in C. elegans. (A) Number of peptides identified in the C. elegans WormBase, GF, and GG assemblies. (B) Number of
individual proteins with peptide evidence for WormBase, GF, and GG proteomes. (C) Stacked bar plot of all ORFs of the GF and GG assembly with peptide
evidence grouped by the level of coverage with the respective WormBase entry. (D) Venn diagram depicting the overlap between the identified proteins
using WormBase, GF, or GG assembly as search space for peptide identification. (E) Visualization of the new C. elegans gene F54D10.10 via the Integrative
Genomics Viewer (IGV) (Thorvaldsdóttir et al. 2013) aligned to the C. elegans genome sequence. Presented are read coverage (gray peak track), ORF struc-
ture (black bar; thick bar represents translated region), and position of peptide evidences (gray bars). (F) Same as E for Y34B4A.20.
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Caenorhabditis lineagewith available genome assemblies such as P.
pacificus, Oscheius tipulae, and Panagrellus redivivus (“outgroup”
panel) but also to species without a sequenced genome such as
Rhabditoides regina, Rhabditella axei, and Caenorhabditis drosophilae
(“no genome available”panel). These species span an evolutionary
distance of 22 million years (Weinstein et al. 2019) and constitute
a highly interesting set for further phylogenetic analysis. The
TransRate scores of the assemblies of all species were exceptionally
high, even higher than for the previous Caenorhabditis species
(Supplemental Table S1). BUSCO comprehensiveness is high
across most species regardless of assembly mode (GF and GG),
whereas theGF approach again achieved slightly better representa-
tion (Fig. 4A). It is noteworthy that P. pacificus and P. redivivus tran-
scriptome assemblies showed a lower representation of BUSCO

genes, and their lack was independent of the generated transcrip-
tome assemblies as it can also be observed in the respective
WormBase annotations (Supplemental Fig. S5). The overlap be-
tween the missed BUSCO genes in these two species is highly sig-
nificant (more than 250 ORFs, P-value< 10−75, hypergeometric
test), arguing for a strong sequence divergence or loss of these
genes in more distant nematode lineages. Using the different as-
semblies for peptide identification in proteomics, we observed
similar identification levels as for the Caenorhabditis group (Fig.
4B). Without exception, outgroup species showed improved iden-
tifications compared with their WormBase annotations (0.5% P.
redivivus, 4.9% O. tipulae, 10.5% P. pacificus increase on average)
(Fig. 4C), emphasizing the ability of our approach to improve an-
notations beyond state-of-the-art methods.

A B

C D

Figure 4. Proteotranscriptomics assembly (PTA) of 12 nematode species. (A) BUSCOmetrics for all species and the two assembly modes, GF and GG. (B)
Bar plot of mass spectrometry–identified peptides belonging to protein entries of the respective annotation source (GF, GG, and WB) for each species. (C)
Peptide identification improvement of GF and GG annotations compared with WormBase annotations. (D) Number of GF and GG proteins with peptide
evidence overlapping with the respective WormBase protein annotation for each species. Light blue, orange, and red groups represent WormBase entries
that are covered by more than one proteotranscriptomics-validated protein.
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The proportion of geneswith fragmentation in the assemblies
is very low (ranging between 1% and 5%) (Fig. 4D), except for P.
pacificus with exceptionally high levels of presumably split genes.
This observation can have two causes: either our approach assem-
bled more fragmented ORFs for P. pacificus or the current P. pacif-
icus annotation from WormBase includes mistakenly merged
ORFs. The fusion of genes is normally a very rare event in evolu-
tion, thus wrong prediction by automated genome annotations
is the more plausible cause (Melsted et al. 2017; Levin et al.
2020). To check whether this is the case, we compared the P. pacif-
icus WormBase gene models to the well-established C. elegans
WormBase genemodels in order to detect incoherence in ortholog
lengths. We indeed detected significantly reduced ortholog cover-
age in P. pacificus proteins that were covered by more than one of
our Trinity transcripts. These might represent incorrectly merged
genes. In 88.8% (893 of 1006) of our predicted ORFs that were
shorter than the P. pacificus WormBase annotation, we found
that the C. elegans models indeed fit the shorter reading frame
(Supplemental Fig. S6A,B). In addition, applying our machine-
learning-based completeness prediction, some of the P. pacificus
WormBase proteins were flagged for artifactual fusions. The corre-
sponding Trinity-predicted proteins showed high machine-learn-
ing-predicted completeness levels while overlapping only
partially with the P. pacificus WormBase orthologs (Supplemental
Fig. S6C). In agreement with this, recent studies have indeed re-
ported that some of the initial P. pacificus protein annotations
were false merges of individual genes (Rödelsperger et al. 2019;
Rödelsperger 2021). Although 9% (64 proteins) of our predicted fu-
sion artifacts were reported in these two studies, we provide evi-
dence for 641 additional cases (Supplemental Table S7). These
findings support that we were able to refine ORFs that were likely
falsely merged in former annotations.

The predicted ORFs with peptide evidence from the GF and
GG assemblies of all nine species with an annotated genome
show a very high overlap with WormBase (Supplemental Fig.
S7). As expected from a well-curated model species, for C. elegans,
we found the lowest number of proteins that were exclusively de-
tected in our assemblies, but also missed relatively fewWormBase
proteins by our approach. The remaining species can be divided
into two categories: (1) species showing a moderate number of
not yet annotated proteins with fair amounts of missed
WormBase proteins—C. briggsae, C. inopinata, P. redivivus, and O.
tipulae, and (2) species with high numbers of not yet annotated
proteins and strongly increased numbers ofmissedWormBase pro-
teins—C. brenneri, C. japonica, P. pacificus, and C. remanei. Thus,
some species are already quite well annotated, whereas in others,
we can provide more improvements.

Applying the same methodology that delivered solid bench-
marking results in C. elegans to 11 additional species, we observed
highly consistent performance, enabling the annotation of at least
6300 ORFs with peptide evidence in each species (Supplemental
Table S2).

Insights into nematode evolution with a consolidated

phylogeny

Here, we improved annotations for nine nematode species and
provide the first high-coverage annotation for three additional
nematode species. This set of species allows for interesting evolu-
tionary analyses as they encompass seven species of the
Caenorhabditis genus, two species of the extended group of
Eurhabditis (R. axei andO. tipulae), and three outgroup species still

belonging to the order of Rhabditida (P. redivivus, P. pacificus, and
R. regina).

We first determined orthology groups for all predicted ORFs
with >80% completeness levels using the orthology detection pro-
gram ProteinOrtho (Lechner et al. 2011), resulting in 23,090
orthology groups that contain orthologs in at least two species;
3261 groups (14%) have orthologs across all 12 species (Fig. 5A).
As expected, these orthologs have a highly significant overlap
with the nematode BUSCO set (P-value<10−337, hypergeometric
test) and are enriched with knockout phenotypes related to fertil-
ity and embryonic development (Supplemental Table S8). These
findings emphasize the importance of these core genes in the
highly conserved developmental program as has already been re-
ported by others (Davidson and Erwin 2006; Kalinka et al. 2010;
Levin et al. 2016; Malik et al. 2017).

Another interesting group are orthologs that were only detect-
ed in the Caenorhabditis genus (568 orthology groups). These pro-
teins are enriched with various knockout phenotypes and Gene
Ontology terms reflecting functions in cell division (Supplemental
Table S8). Unique features of early embryonic cell divisions such as
asymmetry and spindle oscillation have been shown to have
emerged uniquely within Caenorhabditis (Delattre and Goehring
2021). We also found functional enrichments for processes involv-
ing the addition and removal ofphosphate groups, especiallyon ser-
ine and threonine residues.Manyof these kinases andphosphatases
were shown to be involved in cell division regulation (Nasa and Ket-
tenbach 2018), and hence, their unique presence in Caenorhabditis
could be the basis of the Caenorhabditis-specific cell-cycle mecha-
nisms. We could substantiate these results using STRING database
(STRINGdb) associations, which enables the identification of pro-
tein–protein interaction networks and functional enrichment
analysis. Interrogating the list of Caenorhabditis-specific ORFs,
STRINGdb generates two main clusters enriched with the terms “cell
division” and “phosphorylation/dephosphorylation,” which are
even interconnected (Supplemental Fig. S8; Supplemental Table S8).

For 357 orthology groups specific to the two Eurhabditis spe-
cies R. axei andO. tipulae not existing in Caenorhabditis and anoth-
er 48 orthology groups restricted to the non-Eurhabditis species (P.
redivivus, P. pacificus, and R. regina), we did not find obvious func-
tional enrichments (for all orthology groups, see Supplemental
Table S9).

To enable rigorous evolutionary comparisons and to con-
struct a phylogeny based on thousands of genes, we restricted
our orthology analysis to the proteotranscriptomics-validated
ORFs, that is, those supported by peptide evidence. Thus, we
used 1516 orthology protein groups that only have one-to-one
orthologs across all species. Bymultiple alignment of these protein
sequences, we reconstructed individual gene trees for each orthol-
ogy group with three different methodologies, selected the best
scoring tree, and finally combined the individual gene trees into
a phylogenetic species tree (Fig. 5B). The topology of this tree is
in accordance with the recently published taxonomic relationship
between nematodes (Ahmed et al. 2021), but we substantiate the
phylogeny with an extensive set of one-to-one orthologs.
Hereby, our methodology of combining de novo assembly of tran-
scriptome and the integration of peptide evidence facilitated a
comprehensive phylogenetic analysis.

Signatures of molecular evolution

Using one-to-one orthologs supported by proteotranscriptomics,
we set out to estimate molecular evolution across Rhabditida. We
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Figure 5. Orthology and phylogenetic relationships. (A) Upset plot depicting the number of orthology groups shared between different species. (B)
Combined unrooted phylogenetic tree establishing the relationships between all studied species. The tree is based on individual gene trees of 1516 orthol-
ogy groups that contain exactly one orthologous gene for each of the 12 studied species. The branch length is defined as the number of amino acid sub-
stitutions per site. (C) Distribution of genetic drift and positive selection in orthologous groups encompassing Caenorhabditis, Eurhabditis, or Rhabditida.
Positive selection is reported separately for detection either in the site-specific (light red) or branch-site (dark red) analysis. (D) Distribution of orthology
groups with significant signatures of branch-site-specific positive selection across species. ProteinOrtho groups (POGs) are colored for positive selection
either in one (dark blue) or multiple (light blue) species. The percentage of species-specific positive selection instances (dark blue) among all POGs that
contain orthologs from the respective species are shown on top of the bars. (E) STRINGdb network of C. japonica proteins with positive selection signals.
Nodes represent single proteins, and edges represent protein–protein associations provided by STRINGdb. Edge colors represent protein–protein associ-
ation types: blue, from curated databases; pink, experimentally determined; green, gene neighborhood; red, gene fusions; dark blue, gene co-occurrence;
black, coexpression; and purple, protein homology. Proteins belonging to the glycolysis and TCA cycle network aremarked in red; proteins of the ribosome
biogenesis cluster are colored in blue. (F) KEGG, Gene Ontology, and STRINGdb cluster terms enriched in the protein cluster depicted in E.
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determined dN/dS across the orthology groups and subsequently
scored signals of positive selection. Adaptive evolution is not easily
identifiable in a phylogeny-encompassing species with large evo-
lutionary distances, and indeed, we found overall dN/dS values to
be higher for orthology groups including only Caenorhabditis or
Eurhabditis species (Supplemental Fig. S9A). Hence, we divided
our analysis into three sets taking phylogenetic distance into
account and focused on orthologous proteins shared between at
least three of either Caenorhabditis, Eurhabditis, or Rhabditida to
investigate different evolutionary models (M0, M1, M3, M7, and
M8) using 3486, 5134, and 5417 orthology groups, respectively.
Usingmultiple sequence alignments of all proteins from the differ-
ent groups and the M7 and M8 site models, we were able to iden-
tify genes that were under positive selection across the studied
nematode species. As expected, themajority of genes show genetic
drift: 45.3% for Caenorhabditis, 56.4% for Eurhabditis, and 63.2%
for Rhabditida (Fig. 5C). As we were mostly interested in signals
of positive (adaptive) evolution, we evaluated branch-site models
for those genes that had positive selection signals at the site-specif-
ic level to identify branches under selection. By this stepwise anal-
ysis, we found branch-site-specific positive selection signals in
1672 orthology groups (47.9%) for Caenorhabditis, 1507 (29.3%)
for Eurhabditis, and 897 (16.5%) for Rhabditida (Fig. 5C). To rule
out biases in assembly efficiency that derive from overall genetic
diversity (e.g., different levels of heterozygosity) (Romiguier et al.
2012) owing to different reproductionmodes, we compared the re-
sulting number of high-quality assembled transcripts across spe-
cies that reproduce primarily by selfing (androdioecious) or
mating (gonochoristic) and found no significant difference
(Supplemental Fig. S9B). We also did not detect any significant re-
productive mode–dependent trends in the terminal branch aver-
age dN/dS values (Supplemental Fig. S9C), showing that we do
not observe such biases in our data.

When evaluating the composition of the ProteinOrtho
groups with positive selection signals at the branch level in the re-
spective species, we found these signals to distribute unevenly
across species of the subsets (Fig. 5D). As the species are themselves
unequally represented in the orthology groups, we normalized the
number of signals by the number of orthology groups for each spe-
cies. When comparing these proportions across the different sub-
sets, we found, as anticipated, that signals of positive selection
diminish with increasing phylogenetic distance between the spe-
cies (Supplemental Fig. S9D). We observed that some species
show proportionately more genes under positive selection (Fig.
5D; Supplemental Fig. S9D). This also applieswhen selecting genes
that show branch-site-positive signals in only one of the species of
the subgroups (Caenorhabditis, Eurhabditis, or Rhabditida) (Fig.
5D, dark blue).

In the Caenorhabditis genus, C. japonica shows the highest
proportion of positively selected genes, reaching 24% (226 genes).
To functionally characterize these genes, we used STRINGdb
(Supplemental Table S10; Szklarczyk et al. 2021). We found five
clusters of proteins with associations. The biggest cluster consists
of 70 genes highly enriched with metabolic functions mainly in
the glycolysis and the tricarboxylic acid (TCA) cycle (Fig. 5E,F).
Whereas C. elegans is a free-living nematode, C. japonica has a
species-specific phoretic relationship with the hemipteran
Parastrachia japonensis (Tanaka et al. 2012).Underunfavorable con-
ditions, C. elegans forms a long-lived larva (dauer larva) character-
ized by reduced metabolic activity, elevated superoxide dismutase
expression increasing resistance to oxidative stress (Larsen 1993),
and increased expression of several heat shock proteins (Dalley

and Golomb 1992) that can survive up to 3 mo. In contrast, at-
tached to P. japonensis, the C. japonica stress-resistant dauer stage
lasts naturally for ∼11 mo while waiting for yearly fruit ripening.
This is more than three times longer than has been observed for
C. elegans dauer larvae. Previous studies have shown that when C.
japonica were moved to laboratory conditions, the longevity of
their dauer larvae shortens to only 10 d (Tanaka et al. 2012). As
the dauer developmental switch is accompanied by a switch in
the metabolic pathways from aerobic to anaerobic processes, the
identified metabolic gene enrichment suggests that C. japonica
adapted some of the genes involved in the aerobic pathways or in
the switch between the two pathways. In C. elegans dauer larvae,
citric acid cycle activity is reduced relative to that of the glyoxylate
cycle, consistent with utilization of stored lipids (Wadsworth and
Riddle 1989; O’Riordan and Burnell 1990). As the gene cluster in-
cludes several enzymes involved in the TCA pathway (Fig. 5E,
red; Supplemental Fig. S10), this might reflect released selective
pressures that facilitated the coadaptation of C. japonica with its
host P. japonensis.

Within the same cluster of C. japonica genes with positive se-
lection signals, an additional tight subnetwork of genes involved
in ribosome biogenesis was detected (Fig. 5E, blue). As ribosome
biogenesis is abasicprocess thathasbroadeffects,wecouldnotpin-
point specific physiological features connecting this process to the
ecology or biology ofC. japonica. Nevertheless, common knockout
phenotypes of these genes are related to slow growth and larva vi-
ability. In general, we found ribosomal proteins under positive se-
lection in the nematodesC. briggsae,C. drosophilae,C. inopinata,O.
tipulae, P. pacificus, R. axei, and R. regina (Supplemental Table S10).
This suggests that changes at ribosomal complexesmight be an im-
portant evolutionary toolbox for environmental adaptation. Such
selective dynamics have been very recently reported for yeast spe-
cies (Sultanov and Hochwagen 2022), but this phenomenon has
not been described in nematodes yet.

Furthermore, we also found a large cluster of 18 proteins with
positive selection in C. brenneri enriched for functions involved in
fatty acid metabolic processes (Supplemental Table S10). Previous
work showed that ascaroside signaling is widely conserved among
nematodes, and many basic components are produced by a large
diversity of species (Choe et al. 2012). However, of the nine
Caenorhabditis species that were analyzed, all except C. brenneri
were found to produce indole ascarosides (Choe et al. 2012). The
diversity of biological functions regulated by ascarosides is paral-
leled by their structural diversity, which depends primarily on
the variability of their aglycones, which in turn originates from
the co-option of a primary metabolic pathway, the peroxisomal
β-oxidation of fatty acids, in ascaroside biosynthesis. As many of
the enzymes in theC. brenneri–positive selection cluster have func-
tions in fatty acid α- or β-oxidation, this might explain the diver-
gence of environmental signaling in this species.

The described examples showcase the evolutionary relevance
that can be obtained from selective signals using validated protein-
coding transcriptome information within an extended nematode
phylogeny.

Discussion

By combining readily available short-read RNA sequencing with
high-resolution mass spectrometry–based proteomics in an ap-
proach called proteotranscriptomics, we provide and interrogate
extensive protein-coding gene annotations for 12 nematodes,
including species with low-quality or nonexistent genome
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assemblies. By implementing a novel machine-learning approach,
we are able to detect incomplete transcript assemblies and remove
such artifacts. Benchmarking the annotation efforts by compari-
son to the bona fide C. elegans proteome, we show that the ap-
proach performs very well, recapitulating 94% of the proteins
that can be detected by mass spectrometry in our experimental
setup. Furthermore, we present two genes (F54D10.10 and
Y34B4A.20) that have not been reported in prior C. elegans anno-
tations, emphasizing the power of our method.

Although the precision of the method was very high, the re-
strained proteome coverage of the mass spectrometry measure-
ments poses a certain limit to the comprehensiveness of our
annotation. In principle, the overall range of detected proteins
could be extended by applying technological and methodological
adjustments (Levin and Butter 2022). However, even with RNA se-
quencing, we could detect meaningful counts for only ∼43% of
the annotatedC. elegans genes (8581 transcripts with at least 10 de-
tected tpm). Indeed, we were able to detect peptide evidence for
∼87% of the genes that are transcribed in our samples, including
all developmental stages. For these genes, we see high correlations
between transcript expression level and protein intensity but also
peptide sequence coverage (Supplemental Fig. S12). Despite these
coverage restrictions, we show that the resulting data are solid and
enable findings that would be impossible, especially for species
that have no assembled genome yet. Although we are not able to
assemble all potential ORFs, we are confident that the scope of
our analyses actually benefits from the extra layer of confidence
that the ORFs under investigation are actively expressed proteins.
Applying the proteotranscriptomics approach to more species, we
not only improve annotations of nine species but also provide an-
notations for three additional currently nonannotated species.

The presented data are a valuable genetic resource for the sci-
entific community, as they facilitate research in a larger group of
diverse nematode species for future transcriptomic, proteomic,
and comparative evolution studies. The GF mode, which does
not depend on genome assembly, shows superior results reflected
in less fragmentation, more peptide and protein identifications,
and better BUSCO coverage in most cases. It therefore seems the
method of choice and is universally applicable even for non-ge-
nome-sequenced species. The better performance of GF is intuitive
for species with highly fragmented genome assemblies, as high
numbers of gaps hamper precise transcript assembly when rele-
vant reads do not map to the genome and thus are excluded
from the GG assembly process. For species with high-quality ge-
nome assemblies such asC. elegans, the interpretation of this result
is not as straightforward, as herewewould expect theGGapproach
towork better thanGF. However, a few technical aspects of theGG
assembly process might explain our observations. In the Trinity
GG approach, aligned reads are clustered into coverage groups
based on the alignment. Then each read cluster is assembled using
the standard Trinity de novo assembly. Although this approach
makes the assembly more straightforward in terms of computa-
tional complexity, it bears a few pitfalls. First, to avoid assembling
potentially wrong transcripts containing very long artificial in-
trons, the algorithm applies a threshold of maximum intron
length within the read alignments. For all evaluated species, this
threshold was set to 3500 bases based on previous reports (Wu
et al. 2013). Despite this threshold being important to avoid the as-
sembly of potentially wrong transcripts, it will prevent the full-
length assembly of any transcript that genuinely has longer in-
trons (0.6% of all introns). Indeed, in C. elegans we observe that
39% of the GG assembled transcripts that show higher fragmenta-

tion compared with the GF approach have introns that are longer
than 3500 bases (Supplemental Fig. S11A). Another important lim-
iting factor of the GG approach is the read coverage of a locus. Loci
with low coverage have higher chances to be fragmented, as there
will be only very few reads connecting read coverage groups across
the locus. Indeed,weobserve that transcriptswithhigher fragmen-
tation compared with the GF approach have significantly lower
read coverage (tpm) than transcripts that were fully assembled in
both the GF and GG approaches (Supplemental Fig. S11B). This
property can also be extracted from the feature importance mea-
sures of our machine-learning model (Fig. 2B). In the GG model
“tpm” is much more relevant to the completeness prediction
than in the GF model. The machine-learning filtering we intro-
duced does indeed filter out 77% of these fragmented transcripts
(Supplemental Fig. S11C).

Dissecting homology relationships among the genes in these
12 species at the transcriptome level, we could predict over 23,000
orthologous families across the different species. These include
orthology groups that have not been described before, for exam-
ple, one group encompassing orthologs across all species except
C. elegans,C. briggsae, and P. pacificus (group ID 7609) (Supplemen-
tal Table S9). One of the genes in this group is the predicted P. red-
ivivus gene Pan_g7772.t1. We found unreported orthologs for the
other eight species. This emphasizes the opportunities of our ap-
proach, which is independent of previous annotations, as opposed
tomany gene prediction pipelines that heavily rely on comparison
to model species as reference, causing newly evolved or lost an-
cient genes to be missed.

Characterizing the orthology groups unique for Caenorhabdi-
tis, we found enrichments of networks related to cell division and
spindle organization. Although it is known that species of theCae-
norhabditis genus have unique spindle formation mechanisms
(Delattre and Goehring 2021), the assembly and disassembly of
the required protein complexes are still not fully understood. We
found several genes within the Caenorhabditis-specific genes that
were suggested to be involved in this process: spd-2 and spd-5
(Hamill et al. 2002; Woodruff et al. 2014; Conduit et al. 2015;
Magescas et al. 2019; Stenzel et al. 2021), rod-1 (Henen et al.
2021), klp-19 (Bayliss et al. 2003; Schlaitz et al. 2007;Müller-Reich-
ert et al. 2010; Zhang et al. 2017; Mittasch et al. 2020), and let-92
(Enos et al. 2018). We here show that among nematodes these
genes are indeed unique among the Caenorhabditis genus. Other
important factors involved in the special spindle organization
might be included in this set of Caenorhabditis-specific genes.

Using the amino acid sequences of more than 1500 one-to-
one orthologous ORFs with peptide evidence across the 12 species,
we generated a phylogeny consolidating already established topol-
ogies. Different algorithms of phylogeny reconstruction can vary
in their output; thus, we applied three different methods and se-
lected the gene tree that best represents the underlying alignment.
These very solid orthology groups represent a highly useful re-
source for universal nematode analyses given that our study
showed that the frequently used BUSCO set of single-copy ortho-
logs does not really represent the commonnematode proteome, as
reflected in the absence of many of these proteins in P. pacificus
and P. redivivus. Our ProteinOrtho universal orthology groups
comprise genes that were found in all species and are highly over-
lapping with the established nematode BUSCO set, albeit some of
them may not be single-copy genes.

Our systematic approach facilitated extensive positive selec-
tion analysis of group-specific orthologs able to identify events
of evolution that suggest interesting adaptive mechanisms. Very
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high frequencies of positive selectionwere detected forC. japonica.
The functional enrichments of the positively selected genes are co-
herent with the special phoretic lifestyle of this nematode that
stands out from the othermostly free-livingCaenorhabditis species.
C. inopinata shows by far the lowest number of positively selected
protein-coding genes. This contrasts with the results of the sister
species C. elegans, for which we observed positively selected genes
to be enriched with muscle-related functions. As these two species
are very closely related, this discrepancy is striking. Although C.
inopinata has only recently been isolated from its natural habitat
(Kanzaki et al. 2018), C. elegans has been propagated under labora-
tory conditions for >50 yr now. Previous studies have shown that
transferring animals from their natural environments to the labo-
ratory causes strong selective pressures that ultimately can modify
the organism genetically and phenotypically (Sterken et al. 2015).
Living conditions in the laboratory such as temperature, light, hu-
midity, and oxygen concentration are kept nearly constant; breed-
ing regimes are strictly enforced; and food is unlimited and
uniform. In agreement, the phenotype of the laboratory N2 strain
of C. elegans was shown to be distinct from wild strains in various
ways, including aggregation behavior, maturation time, fecundity,
body size, and many other traits (De Bono and Bargmann 1998;
Kammenga et al. 2007; Weber et al. 2010; Bendesky et al. 2012;
Duveau and Félix 2012; Volkers et al. 2013; Andersen et al. 2014;
Snoek et al. 2014).When placed in open, liquid-filled,microfluidic
chambers containing a square array of posts that mimic complex
and structured environments such as soil, C. elegans was capable
of a novel mode of locomotion, which combines the fast gait of
swimming with the more efficient movements of crawling (Park
et al. 2008). This mode of locomotion was shown to be very differ-
ent from the one observed on the smooth surface of agar plates.
Also, Gomez-Marin et al. (2016) showed that wild isolates of C. ele-
gans showmore ordered locomotion than the laboratory reference
strainN2. The observed enrichment ofmuscle-related functions in
the C. elegans set of positively selected genes might reflect adapta-
tion to distinct requirements for the locomotion on two-dimen-
sional agar plates, as opposed to three-dimensional movement in
soil or on rotting fruit (Félix and Braendle 2010). We further ob-
served a widespread adaptive evolution of ribosomal proteins in
seven out of the 12 species. Signals of positive selection in individ-
ual ribosomal proteins have been previously detected in different
organisms (Yednock and Neigel 2014). We here show in a system-
aticmanner that adaptationmight inmany cases happen at funda-
mental gene regulatory levels rather than in very specific
functional subnetworks. The investigation of such potent evolu-
tionary alterations is of great interest and can be mined in our
data (Supplemental Table S10) but will require more experimental
validation in the future. Taken together, the results of our study
provide annotation improvements and novel evidence for pro-
tein-coding genes in diverse nematodes and illustrate our data
set to be a valuable genetic resource to facilitate interpretations
of biological phenomena through deep phylogenetic comparisons
between species that have more recently diverged.

Methods

Nematode culture

The 12 nematode strains (Supplemental Table S1) used in this
study were provided by the Caenorhabditis Genetics Center
(CGC). Strains were all cultured under the same conditions on
nematode growth medium (NGM) plates seeded with Escherichia

coli OP50 bacteria (Brenner 1974) at 20°C. Nematode cultures
were grown until worms of all stages (embryos, larvae, and gravid
adults) were visible before bacterial food was exhausted and then
processed for RNA and protein extraction as described below.

RNA preparations and RNA sequencing

Mixed worm populations were collected from plates by washing
them off the plates with M9 medium, followed by four rounds of
spinning and washing. Worm pellets were fast-frozen in 50–100
μL of water in liquid nitrogen and stored at −80°C. For RNA isola-
tion, 500 μL TRIzol LS was added to the frozen pellet and the
worms lysedwith six freeze–thaw cycles (∼30 sec in liquidnitrogen
and 2min in a 37°C water bath; after each cycle, samples were vor-
texed for 30 sec). Samples were spun down at max speed for 2 min
to pellet debris and corpses. The supernatant was transferred to a
fresh tube. Then 100% ethanol in a 1:1 ratio was added, mixed
well, and pipetted into a Direct-zol RNA miniprep kit (Zymo
Research) column. Samples were processed according to the man-
ufacturer’s instructions, including the in-column DNase digestion
for 30 min. Total RNA was resuspended in 30 μL of RNase-free wa-
ter. RNA integrity was tested by agarose gel electrophoresis and
Bioanalyzer (RNA Nano Assay) and amount-quantified using the
Qubit RNA HS assay kit in a Qubit 2.0 fluorometer (Thermo
Fisher Scientific). NGS library prep was performed with
Illumina’s TruSeq stranded mRNA LT sample prep kit following
Illumina’s standard protocol (part 15031047 rev. E) using one-
fourth of the reagents. Libraries were prepared with a starting
amount of 250 ng and amplified in 10 PCR cycles. Libraries were
profiled using a high sensitivity DNA kit on a 2100 Bioanalyzer
(Agilent Technologies) and quantified using the Qubit dsDNA
HS assay kit in a Qubit 2.0 fluorometer (Thermo Fisher
Scientific). All 12 samples were pooled together in equimolar ratio
and sequenced on a NextSeq 500 high output flowcell, PE for 2 ×
79 cycles plus seven cycles for the index read. The resulting num-
ber of sequenced reads per sample is summarized in Supplemental
Table S1.

Protein extraction

Mixed worm populations were collected from plates by washing
them off the plates with M9 medium, followed by four rounds of
washing. Pellets were fast-frozen in 100 μL water with liquid nitro-
gen and stored at −80°C. On the day of the protein isolation, sam-
ples were thawed and 2× lysis buffer (50 mM Tris-HCl, 300 mM
NaCl, 3mMMgCl2, 2mMDTT, 0.2% Triton X-100, protease inhib-
itor [cOmplete tablets, mini easypack, Roche]) was added in a 1:1
ratio. Samples were sonicated using a bioruptor plus (Diagenode;
10 cycles 30 sec on and 30 sec off, max intensity). After sonication,
the samples were centrifuged at 21,000g for 10 min to pellet cell
debris. The supernatant was transferred to a fresh reaction tube,
and protein concentration of the extract was determined by
Bradford (Bio-Rad).

In-gel digestion

In-gel digestion for MS was performed as previously described
(Shevchenko et al. 2006). Seventy-five micrograms of each sample
was run on a 4%–12% bis-tris gel (Thermo Fisher Scientific) for 40
min at 180 V in 1×MOPS buffer (Thermo Fisher Scientific). After
running, the gel was placed on a clean glass plate, and each sample
was sliced into eight pieces with a clean scalpel; each piece was
minced and transferred to a 1.5-mL reaction tube. The gel pieces
were destained in 50% EtOH/50% ammonium bicarbonate (pH
8.0) buffer at 37°C in a thermoshaker at 1400 rpm until fully de-
stained or slightly blue. After destaining, the gel pieces were
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incubated in 100% acetonitrile for 10min at 25°C, shaking at 1400
rpm until fully dehydrated. The leftover solution was evaporated
using a concentrator plus (Eppendorf, settings V-AQ) for 5 min.
For reduction, the gel pieces were incubated in 10 mM DTT/50
mM ammonium bicarbonate buffer (pH 8.0) for 60 min at 56°C.
Afterward, the gel pieces were incubated with 50 mM iodoactea-
mide/50 mM ammonium bicarbonate buffer for 45 min at room
temperature in the dark. After reduction and alkylation, the gel
pieces were washed with 50 mM ammonium bicarbonate buffer
(pH 8.0) for 20 min at 25°C, shaking at 1400 rpm. Following the
washing step, the gel pieces were again dehydrated in acetonitrile
and dried. To digest the proteins, the dried gel pieces were rehy-
dratedwith 50mMammoniumbicarbonate buffer (pH 8) contain-
ing 1 μg MS-grade trypsin (Sigma-Aldrich) and incubated
overnight at 37°C. The supernatant of trypsin solution was recov-
ered and saved in a fresh reaction tube. Tryptic peptides were ex-
tracted from the gel pieces by incubation with 30% acetonitrile
twice for 15 min at 25°C, shaking at 1400 rpm. The supernatant
was recovered each time and combined with the previously recov-
ered fractions. Finally, the gel pieces were dehydrated by incuba-
tion in acetonitrile until fully dry. The acetonitrile was recovered
and combined with the previously collected supernatants. The
sample solution containing the tryptic peptides was reduced to
10% original volume in a concentrator plus (Eppendorf, settings
V-AQ).

Stage tip purification

Stage tip purification was performed as previously described
(Rappsilber et al. 2007). Desalting tips were prepared by stacking
two layers of Empore C18 material (3M) in a 200-μL pipette tip.
After activation of the tips with pure methanol, spinning at
500g, they were washed two times with 80% acetonitrile/0.1% for-
mic acid and then with 0.1% formic acid for 5 min at 500g. The
tryptic peptide samples were applied and centrifuged at 500g.
After onemorewashwith 0.1% formic acid, the peptideswere elut-
ed into a 24-well plate (Thermo Fisher Scientific) with 80% aceto-
nitrile/0.1% formic acid by centrifugation at 500g for 3 min. To
evaporate the acetonitrile, the samples were concentrated in a con-
centrator plus (Eppendorf, setting V-AQ) for 10 min and finally
filled up to 14 μL with 50 mM ammonium bicarbonate (pH 8)/
0.1% formic acid. Half the volume of the samples was measured
on the MS, whereas the other half was stored at −20°C as backup.

Mass spectrometry measurements

Peptides were analyzed by nanoflow liquid chromatography either
on an EASY-nLC 1000 system (Thermo Scientific) coupled to a Q
Exactive plus mass spectrometer (Thermo Scientific) or an EASY-
nLC 1200 system (Thermo Scientific) coupled to an Exploris 480
(Thermo Scientific). Peptides were separated on a C18-reversed-
phase column (20-cm or 60-cm length, 75-μm diameter) packed
in-house with Reprosil aq1.9 (Dr. Maisch GmbH), directly mount-
ed on the electrospray ion source of the mass spectrometer. For
both HPLC systems, peptides were eluted from the column in an
optimized 103-min (Exploris) and 208-min (QEP) gradient from
2% to 40% with a mixture of 80% acetonitrile/0.1% formic acid
at a flow rate of 225–250 nL/min. TheQEPwas operated in positive
ion mode with a data-dependent acquisition strategy of one MS
full scan (scan range 300–1650m/z; 70,000 resolution; AGC target
3e6; max IT 20 msec) and up to 10 MS/MS scans (17,500 resolu-
tion; AGC target 1e5, max IT 120 msec; isolation window
1.8 m/z) with peptide match preferred using HCD fragmentation.
The Exploris was operated in positive ion mode with a data-
dependent acquisition strategy of one MS full scan (scan range

300–1650 m/z; 60,000 resolution; normalized AGC target 300%;
max IT 28 msec) and up to 20 MS/MS scans (15,000 resolution;
AGC target 100%, max IT 28 msec; isolation window 1.4 m/z)
with peptide match preferred using HCD fragmentation.

Transcriptome assembly

The Illumina 79 bases paired-end RNA-seq data sets were used to as-
semble the transcriptome. First, erroneous k-mers were removed us-
ing Rcorrector (Song and Florea 2015) and the specialized scripts
from TranscriptomeAssemblyTools (FilterUncorrectablePEfastq.py).
Second, adapter sequences were trimmed using Trim Galore!
(a wrapper around cutadapt [Martin 2011] and FastQC [http
://www.bioinformatics.babraham.ac.uk/projects/fastqc/]), and reads
were filtered to include only pairs ofminimum length of 36 nt each.
These clean-up steps removed only 1% of the paired reads. The re-
maining corrected reads were cleaned from reads that might stem
from the food source E. coli by mapping the reads to the E. coli ge-
nome (downloaded from the NCBI Assembly database [https
://www.ncbi.nlm.nih.gov/assembly] under GCF_000005845.2_
ASM584v2_genomic.fna.gz) using STAR (version 2.5.4b) (Dobin
et al. 2013), and only unmapped readswere used for the next steps.
For the GG assembly, corrected raw RNA-seq data were mapped to
the respective genomes (Supplemental Table S1) using STAR (ver-
sion 2.5.4b) (Dobin et al. 2013). The corrected raw RNA-seq or
mapped data were used for GF de novo or GG assembly approach
using the Trinity suite (Trinity version 2.4.0) (Grabherr et al. 2011)
with the following parameter setting: for GF, ‐‐seqType fq ‐‐

SS_lib_type RF ‐‐min_kmer_cov 1; and for GG, Trinity ‐‐genome_
guided_bam ‐‐genome_guided_max_intron 3500 ‐‐genome_
guided_min_coverage 2. The maximum intron size is needed as a
parameter for STAR alignment and Trinity assembly andwas deter-
mined based on previous work (Wu et al. 2013). The resulting
Trinity FASTA files were then further processed with
TransDecoder (version 5.4.0) (Bryant et al. 2017; http://
transdecoder.github.io) to predict potential protein-coding tran-
scripts using a length threshold of 20 amino acids. The resulting
peptide FASTA files were used as search space in subsequent steps
for mass spectrometry data analysis.

Assembly quality assessment

The quality of the assembled transcriptomewas assessed using sev-
eral different state-of-the-art approaches. These included general
metrics of number of assembled transcripts, mean, median, and
Ex90N50 transcript lengths. The alignment rate of the raw reads
to the assembly was calculated using Bowtie 2 (version 2.3.4.3)
(Langmead and Salzberg 2012) and dedicated scripts provided by
Trinity (version 2.4.0) (Grabherr et al. 2011). BUSCO (version
5.0.0) (Simão et al. 2015) was used to assess transcriptome com-
pleteness in both assemblies (GF and GG). The testing model
was “protein,” and we used a set of 3131 BUSCO groups of univer-
sal single-copy orthologs of the “nematoda_odb10 database.”
TransRate scores and additional quality metrics were established
using TransRate (version 1.0.3) (Smith-Unna et al. 2016).
Coherence with current annotations was measured using a combi-
nation of BLASTP (BLAST+ version 2.8.1) (Camacho et al. 2009)
and Trinity tools (version 2.4.0) (Grabherr et al. 2011). For RNA-
seq coverage validations, the combined cleaned RNA-seq data
were mapped to the respective genome assembly using STAR (ver-
sion 2.5.4b) (Dobin et al. 2013). Assembly efficiency as depicted in
Supplemental Figure S9Awas calculated by dividing the number of
assembled contigs that pass the machine-learning-predicted com-
pleteness of 80% by the number of sequenced reads used for the
assembly. WormBase genome assemblies and annotations were
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assayed for genome content (relevant for Supplemental Fig. S1)
using the respective annotation GFF3 files and the agat_sp_statis-
tics.pl tool from the AGAT GTF/GFF analysis toolkit (https
://github.com/NBISweden/AGAT).

Annotation of identified transcripts

Functional and domain annotations were produced using
Trinotate (version 3.1.1) (Bryant et al. 2017; https://github.com/
Trinotate/Trinotate/wiki) combining the following applications:
HMMER (version 3.2.1) (Eddy 2011) to identify protein domains,
signalP (version 5.0) (Almagro Armenteros et al. 2019) to predict
signal peptides, TMHMM (version 2.0c) (Krogh et al. 2001) to pre-
dict transmembrane regions, RNAMMER (version 1.2) (Lagesen
et al. 2007) to identify rRNA transcripts in addition to infer
Gene Ontology, and KEGG terms from orthologs established by
BLAST+ (version 2.8.1) (Camacho et al. 2009) with a Swiss-Prot da-
tabase of all major model species. Further, localization predictions
from protein sequences of the assembly were calculated using
DeepLoc (version 1.0) (Almagro Armenteros et al. 2017).

Genome annotation sources

Genome sequence, proteome, and gene annotations for nine nem-
atode species (C. elegans, C. briggsae, C. brenneri, C. japonica, C.
remanei, P. pacificus, O. tipulae, P. redivivus, and C. inopinata) were
downloaded from WormBase version WS273 (Harris et al. 2010).

Protein identification and label-free quantification

MaxQuant (version 1.6.5.0) (Cox and Mann 2008) was used for
raw file peak extraction and protein identification against the re-
spective Trinity GF, Trinity GG, or WormBase protein FASTA files.
The proteome of E. coli (strain K12) from UniProt (Proteome ID
UP000000625 (version August 21, 2019) was included for filtering
E. coli contaminants. Protein quantification was performed with
MaxQuant using the label-free quantification (LFQ) algorithm
(Cox et al. 2014). The following parameters were applied: trypsin
as cleaving enzyme; minimum peptide length of seven amino ac-
ids; maximal two missed cleavages; carbamidomethylation of cys-
teine as a fixed modification; N-terminal protein acetylation; and
oxidation of methionine as variable modifications. Further set-
tings were “label-free quantification” with “FastLFQ” disabled,
“match between runs” with a time window of 0.7 min for match-
ing and 20 min for alignment; peptide and protein false-discovery
rates (FDR) were set to 0.01; and common contaminants (provided
via standard MaxQuant contaminant list) were excluded. Detailed
settings are available in the respective parameter files uploaded to
ProteomeXchange.MaxQuant LFQ datawere further processed us-
ing in-house-developed tools based on R (version 3.5.3) (R Core
Team 2022). This included filtering out marked contaminants, E.
coli–specific proteins, reverse entries, and proteins only identified
by site. Protein groups with no unique and fewer than two pep-
tides were removed. Before imputation of missing LFQ values
with a β-distribution ranging from 0.1 to 0.2 percentile within
each sample, the values were log2-transformed.

Machine learning for transcript completeness prediction

We reckoned that transcript completeness couldmost probably be
predicted by combining different measures of howwell the under-
lying reads support the assembled transcript. We hence imple-
mented random forest (RF) of the “caret” R package (Kuhn 2008)
with default parameters usingC. elegans assembly qualitymeasure-
ments from TransRate software (Smith-Unna et al. 2016) and tran-
script features provided by TransDecoder (https://github.com/

TransDecoder/TransDecoder) as features (for detailed information,
see Supplemental Table S4) and BLASTP percentage hit length rep-
resenting transcript completeness as the target variable to train re-
gression models. At each of the 500 iterations of the cross-
validation, 75% of the input values was used to build the subtrain-
ing set, and the remaining 25% (subtesting set) was tested. Using
assemblymode–specific models for GF andGG assemblies, we pre-
dicted transcript completeness of ORFs in all species and both
modes using the respective TransRate assemblymeasures and tran-
script features. To assess applicability also in other species, we as-
sembled publicly available RNA sequencing data of other well-
studied model organisms, including the nematode C. briggsae,
the fruit fly D. melanogaster, the green land plant A. thaliana, and
the human H1-hESC cell line (Supplemental Table S5), using the
same workflows and applied the two RF models.

Enrichment analysis (ontology and pathways)

All relevant gene lists were interrogated for functional enrich-
ments using functional annotation from various databases such
as KEGG pathways (Ogata et al. 1999), Gene Ontology (Ashburner
et al. 2000), Pfam (Sonnhammer et al. 1998), SMART (Schultz et al.
1998), and knockout phenotype. Fisher’s exact test was applied to
the respective gene lists and the background set of genes that var-
ied depending on which data set was analyzed. For the Caenorhab-
ditis-specific genes, the background consisted of all WormBase C.
elegans genes that were included in any orthologous group. For
species-specific positive selection genes, we used all genes that
were interrogated for positive selection as background list of genes.

Enrichment analysis with STRINGdb

To enable functional interpretation of certain lists of genes we in-
terrogated them using the online tool STRINGdb version 11.5
(Szklarczyk et al. 2021), which enables the identification of pro-
tein–protein networks and functional enrichment analysis.We ex-
cluded association data of “textmining” and “co-occurrence”
sources. In the network display, we chose to hide disconnected
nodes. All other settings were kept as default. The resulting gene
networkwas clusteredwith the built-inMCL clusteringwith an in-
flation parameter of 3.1.

Analysis of expression pattern of new C. elegans genes

Raw reads of two C. elegans NGS time course studies (Boeck
et al. 2016; Levin et al. 2016) were downloaded from the NCBI Se-
quence Read Archive (SRA; https://www.ncbi.nlm.nih.gov/sra).
Reads were mapped to the C. elegans reference genome c_
elegans.PRJNA13758.WS273.genomic.fa togetherwith the accom-
panying gene models from WormBase version WS273 and the ge-
nomic features of the two suggested new C. elegans genes using
STAR version 2.5.1b (Dobin et al. 2013) and allowing up to two
mismatches. Only uniquely mapped reads were used to quantify
expression of genes, using featureCounts v1.4.6 p2 (Liao et al.
2013) with default parameters and the same gene model used for
mapping. “Fragments per million” values of the individual ORFs
were calculated using the fpm function from theDESeq2Rpackage
(Love et al. 2014).

Protein orthology search

We used ProteinOrtho v6.06 (Lechner et al. 2011) to establish
orthologous groups across the 12 species. We used ProteinOrtho
with default parameters in two data sets: (1) the whole transcrip-
tome including all transcripts with RF completeness prediction
of >80% and (2) ORFs with peptide evidence and RF completeness
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prediction of >80%. This resulted in 23,090 orthologous groups for
transcriptome and 14,261 for ORFs with peptide evidence.
Furthermore, we included the protein information from C. elegans
WormBase in the analysis for annotation to allow for functional
annotation from various databases such as KEGG pathways
(Ogata et al. 1999), Gene Ontology (Ashburner et al. 2000), Pfam
(Sonnhammer et al. 1998), SMART (Schultz et al. 1998), knockout
phenotype, and subsequent enrichment analyses.

Determination of positive selection

From the ProteinOrtho-established orthology groups, we extracted
only 1:1 orthologous gene clusters that included at least three spe-
cies. The respective amino acid and CDS sequences were retrieved
from the TransDecoder output files and aligned using PRANK (ver-
sion 170427) (Löytynoja and Goldman 2008), which has been
used in other evolutionary analysis (Fletcher and Yang 2010). “Re-
verse translation” to obtain the accurate codon alignment was per-
formed using PAL2NAL.v14 with “removing gaps,” “in-frame stop
codons,” and “mismatched codons” settings (Suyama et al. 2006).
Evolutionary rates were estimated using the PAML CODEML pro-
gram (Yang 2007). The ProteinOrtho groups were fitted to six
different models (lineage-specific models and site-specific
substitutionmodels) for detecting codons under positive or purify-
ing selection or drift. The rate of protein evolution was estimated
withmodelM0 (one ratio), which assumes that all amino acid sites
have a single value of ω. Positively selected sites were identified
based on two pairs of models: nearly neutral models (M1a and
M7) and positive selection models (M8 and M2a). M1a (nearly
neutral) assumes two classes of sites (ω=1, 0 <ω<1); M2a (positive
selection) assumes three site classes (ω=1, 0 <ω<1, and ω>1); and
M3 (discrete) assumes three discrete distributions of three site clas-
ses, with differentω values estimated from the data.M7 (β) assumes
a β-distribution of class sites for 10 different ω ratios in the interval
(0, 1) that does not allow for selection (0 <ω< 1), and M8 (β and ω;
continuous) adds an extra class of sites with positive selection (ω>
1) to the β (M7) model (Nielsen and Yang 1998). For each included
ProteinOrtho group, we computed the likelihood ratio tests (LRTs)
pairing models M1 with M2 and M7 with M8 and selected any
group that had a log-likelihood score 2ΔLnL difference of at least
two between the twomodels for further analysis.We subsequently
retrieved the P-value by comparing each 2ΔLnL against the χ2 dis-
tribution using the respective degrees of freedom (df) of eachmod-
el pair. P-values were corrected for multiple testing using the
Benjamini–Hochberg method. A ProteinOrtho group was consid-
ered to be undergoing site-specific diversifying selection if the
LRT result was significant (FDR<0.05). We determined the model
pair with highest likelihood to identify orthology groups that
show evidence for positive selection and found the M7 versus
M8model comparison to consistently providehighest significance
compared with the M1 versus M2 comparisons. This trend has al-
ready been described by others (Anisimova et al. 2001;Wong et al.
2004). Subsequently, the posterior probabilities of each codon be-
longing to the site class of positive selection (ω>1) were estimated
with the Bayes empirical Bayes (BEB)method (Yang et al. 2005). To
detect branch-specific positive selection for each ProteinOrtho
group with site-specific positive selection signals, we applied the
LRT-based branch-specific and branch-site-specific models across
the different species in the phylogenetic tree, dividing the tree
into all possible combinations of one of the terminal branches as
the foreground branch and the remaining as background branch-
es. This results in the same number of calculations as the number
of orthologs in the inspected ProteinOrtho group (minimum,
three; maximum, 12). The significance of the LRTs was calculated
assuming a constant ω across all sites and branches of the respec-

tive phylogeny using the M0 model (Nielsen and Yang 1998). P-
values were corrected for multiple testing using the Benjamini–
Hochberg method, and branch-site-specific positive selection sig-
nals with FDR<0.1 were reported as significant and further ana-
lyzed. Terminal branch average dN/dS values as depicted in
Supplemental Figure S9C were calculated from the terminal
branch dN/dS values provided by CODEML, including all one-to-
one orthologs across all species.

Phylogenetic relation analyses

Multiple sequence alignments of one-to-one orthology groups as
established for the positive selection analysis were used to recon-
struct individual gene trees by performing maximum likelihood
(ML) analyses with the phylogenetic analysis tools RAxML (ver-
sion 8.2.12) and FastTree (version 2.1.10).

The following commands were used to run these programs:

RAxML (and RAxML-Limited):
raxmlHPC -f a -m GTRGAMMA -p 12345 -x 12345 -# 100 -s
<input_alignment> -n <output_tree_1>
raxmlHPC -f a -m GTRGAMMA -p 23456 -x 23456 -# 100 -s
<input_alignment >-n <output_tree_2>
FastTree:
FastTree -nt -gtr -nosupport -log <log file> <input_alignment> >
<output_tree_3>

Using these commands, we reconstructed three individual
gene trees for each one-to-one ortholog group, selected the best
based on the maximum likelihood scores of the individual trees,
and finally summarized all individual gene trees into an unrooted
phylogenetic species tree using ASTRAL (version 5.7.8) (Mirarab
et al. 2014).

Data access

All raw RNA-seq data generated in this study have been submitted
to the NCBI BioProject database (https://www.ncbi.nlm.nih.gov/
bioproject/) under accession number PRJNA843607. The mass
spectrometry proteomics data generated in this study have been
submitted to the ProteomeXchange Consortium (http://www
.proteomexchange.org) via the Proteomics Identifications
Database (PRIDE) (Perez-Riverol et al. 2022) partner repository
with the data set identifier PXD034107. All Trinity assemblies,
TransDecoder CDS and peptide files, and the ProteinOrtho tables
are provided in Supplemental Material.
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