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Abstract

In the study of the evolution, ecology, function and pharmacology of animal venoms, RNA-seq-based
transcriptomics analysis is commonly used. However, the accuracy and completeness of venom profiles
determined by transcriptomics are limited by the cross-contamination between samples and the
performance of the transcriptome assembly. To solve these problems, we obtained and sequenced venom
gland tissues from seven rear-fanged snake species and two front-fanged snake species, and then applied
several commonly used de novo assembly methods to recover the venom profile followed by a strict
criterion to discard chimeric transcripts. Evaluation of the pipelines and the software performance was
carried out on the basis of the recovery of non-toxin and confidently-identified toxin transcripts. Serious
misrepresentation of the diversity of the toxin families and their relative transcript abundances are
demonstrated here. Our work demonstrated that the output from one assembler cannot represent the
authentic venom profile. Instead, an effective method should apply different assemblers with various
algorithmic strategies and strict quality-control measures. The choice of assembly method, rather than

the combination of multiple A-mer sizes, is the most important factor in transcript recovery.
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Introduction

The composition of venom varies between species and the secretion of venom is directly regulated by
differential gene expression in the venom gland (Rokyta, et al. 2015; Margres, et al. 2016). Those gene
expression patterns and levels can be evaluated by RNA-seq transcriptomics. Data mining from
transcriptomes also aids in the calculation of the rate of evolution, construction of the phylogenetic tree,
genome annotation, and identification of toxin peptides with proteomics (Calvete 2014; Sunagar, et al.
2016). However, the robustness of those results derived from transcriptomics analysis is strongly related

to the completeness and quality of the assembled transcripts.

The output of individual sequencing runs has increased considerably as a result of the development of
next-generation sequencing (NGS), making samples multiplexing a regular sequencing protocol on
sequencing platforms. This brings down the turnaround time and price for each gigabyte of data. For
instance, in the Illumina Hiseq X Ten System, the output of a dual flow cell is 1.6-1.8Tb per with a run
time of < 3 d (Illumina 2017). With this and other NGS platforms, the multiplexing of samples for
sequencing becomes a common practice for genomic/transcriptomics studies (Craig, et al. 2008; Meyer
and Kircher 2010; Smith, et al. 2010).

Read misassignment is usually caused by free-floating indexing primers in the final sequencing library
for the latest sequencing platforms with patterned flow cells, such as the Hiseq X and NovaSeq platforms
(Costello, et al. 2018; Larsson, et al. 2018). If sequencing libraries are not adequately kept and become
fragmented, or if the final sequencing libraries have non-ligated indexing primers due to inadequate
clean-up and size selection, then free-floating indexes can develop (Illumina 2017). Before the exclusion
amplification on the flow cell, these free-floating primers can anneal to the pooled library molecules and
be expanded by the DNA polymerase, resulting in a new library molecule with an incorrect index. Index-
hopping is a term used by Illumina to describe the process of generating mis-assigned reads. The reported
rate of read mis-assignment on Illumina platforms ranges from 0-10% (Kircher, et al. 2012; Nelson, et
al. 2014; Wright and Vetsigian 2016; Sinha, et al. 2017; Costello, et al. 2018; Griffiths, et al. 2018;
Owens, et al. 2018; Vodak, et al. 2018; Yao, et al. 2018). And this is particularly severe and prevalent
when similar types of samples are pooled (e.g., a large number of individuals from the same population

with a high degree of sequence similarity).

Even though dozens of bioinformatic methods have been developed for removing index-hopping and
assembling (Wright and Vetsigian 2016; Larsson, et al. 2018; Owens, et al. 2018), assembling a good
transcriptome can still be challenging. Although a reference genome can be used for transcriptome
assembly, the lack of high-quality genomes for many venomous snakes has resulted in most studies
relying on de novo assembling approaches. Especially when it comes to the recovery of toxin variants
from venom glands, de novo assembling is the only method to excavate those transcripts. The major
algorithm of these de novo assemblers is de Bruijn graph (Robertson, et al. 2010; Grabherr, et al. 2011;
Bankevich, et al. 2012; Schulz, et al. 2012; Peng, et al. 2013; Xie, et al. 2014). A network of k-mer nodes
is created and connected by edges representing k-mer similarity. Edges are traversed to recover the
contigs, then transcripts and their various isoforms are identified. The de Bruijn graphs method can

increase the computational efficiency, but it can also generate chimeric transcripts (Cahais, et al. 2012).
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As a result, the assembled transcripts must be carefully annotated and curated to exclude the false

positives.

Among previous venom gland transcriptome studies, de Bruijn based assembler — Trinity was the most
widely employed (Haney, et al. 2014; Li, et al. 2014; Aird, et al. 2015; Luna-Ramirez, et al. 2015; Tan,
et al. 2015; Zhang, et al. 2015; de Oliveira Jinior, et al. 2016; Santibafiez-Lopez, et al. 2016; Amorim,
et al. 2017; Kazemi-Lomedasht, et al. 2017; Martinson, et al. 2017; Tan, et al. 2017; Cusumano, et al.
2018). There are also some other assemblers successfully employed, such as BinPacker and Extender
(Rokyta, et al. 2012; Barghi, et al. 2015; Brinkman, et al. 2015; Dhaygude, et al. 2017). However,
empirical studies have shown that one single assembler can hardly recover a full transcriptome profile
and assembler performance varies with different taxa and tissues (Holding, et al. 2018). Finally, dealing
with the large difference in toxin gene expression as well as varied degrees of paralogy and toxin
divergence, de novo assembly of venom-gland transcriptomes can be exceedingly difficult (Honaas, et
al. 2016; Rana, et al. 2016; Cabau, et al. 2017). The main concern is that missing or biased transcripts
will affect downstream analyses such as toxin gene expression levels, toxin diversity, and reconstruction
of toxin evolution. In the rising body of transcriptomics investigations of animal venoms, these possible
problems highlight the need for a rigorous evaluation of assembler performance for venom gland

transcriptomics.

We used many alternative assembly approaches to create de novo assemblies of RNA-seq data from
pooled FFS and RFS samples to: (1) assess the performance of each assembly using criteria for the
number of high quality (non-chimeric) toxin genes assembled across eight species of rear-fanged snakes
and two species of front-fanged snakes; (2) evaluate the strengths and weaknesses of each approach for
the assembly of venom-gland transcriptomes across eight species of rear-fanged snakes and two species
of front-fanged snakes. The considerable heterogeneity in toxin transcripts recovered by different
assembly approaches is highlighted, and practical strategies for recovering entire, high-quality venom-

gland transcriptomes for toxinology and toxin gene evolution research are provided.
Materials and Methods
Tissue collection and Transcriptome sequencing

Transcriptomes were constructed for the following families and species: Colubridae — Helicops
leopardinus, Heterodon nasicus, Rhabdophis subminiatus; Homalopsidae — Homalopsis buccata;
Lamprophiidae - Malpolon monspessulanus, Psammophis schokari, Psammophis subtaeniatus,
Rhamphiophis oxyrhynchus; and Viperidae — Pseudocerastes urarachnoides, Vipera transcaucasiana
(Table 1). Venom glands from euthanised captive specimens were obtained under University of
Melbourne Animal Ethics Approval UM0706247-2005 and University of Queensland Animal Ethics
Approval 2021/AE000075. Venom glands of all snakes were contributed by Dr. Bryan G. Fry from
University of Queensland. Total RNA was extracted with Trizol (Invitrogen, Carlsbad, CA, USA) and
purified using RNeasy Animal Mini Kit (Qiagen, Valencia, CA, USA).
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Table 1: Snake Species studied in this thesis.

Latin names . Super family Family Dentition
English names

Helicops leopardinus Colubroidea Colubridae RFS
Leopard Keelback snake

Rhabdophis subminiatus Colubroidea Colubridae RFS
Red-necked keelback snake

Heterodon nasicus Colubroidea Colubridae RFS
Western hognose snake

Malpolon monspessulanus . Colubroidea Lamprophiidae RFS
Montpellier snake

Psammophis schokari X Colubroidea Lamprophiidae RFS
Schokari sand racer

Psammophis subtaeniatus . Colubroidea Lamprophiidae RFS
Western Yellow-bellied Sand Snake

Rhamphiophis oxyrhynchus Colubroidea Lamprophiidae RFS
Rufous beaked snake

Homalopsis buccata Colubroidea Homalopsidae RFS
Puff-faced water snake

Pseudocerastes urarachnoides . . . Viperoidea Viperidae FFS
Spider-tailed horned viper

Vipera transcaucasiana . . Viperoidea Viperidae FFS
Armenian sand viper

*The taxonomy and morphology of the fang for each species is given based on Taxonomy database in

NCBI (https://www.ncbi.nIm.nih.gov/guide/taxonomy/).

In a nutshell, poly-A-containing mRNA molecules were isolated using poly-T oligo-attached magnetic
beads, then separated from total RNA using Oligo (dT), and fragmented into minute fragments randomly
using divalent cations at extreme temperatures. The first strand cDNAs were generated with reverse
transcriptase and random hexamer primers, while the second strand cDNAs were created with the buffer,
dNTPs, DNA polymerase I, and RNase H. (Takara Biotechnology, Beijing, China). Following synthesis,
these cDNA fragments were ligated with adapters, purified, and PCR enrichment was used to create the
final cDNA libraries. Qubit 2.0 and Agilent 2100 were used for preliminary quantification and detecting
the insert size of the libraries, respectively, after the synthesis of cDNA libraries. The eligible cDNA
libraries were sequenced after passing the screening through Illumina Hiseq X-ten platform at BGI

(Shenzhen, China) with 150 bp paired-end reads.
de novo assembly

The majority of the contaminating readings were removed as the initial stage in our approach. This was
accomplished by looking for k-mers (length set by -k, recommended value 57) in our focal read set that
were also present at a greater level in another read set from the same lane (x-fold shift set by -d,
recommended value 1000). Reads with a specified percentage of their sequence represented by such .-
mers (set by -p, recommended value 0.25) were filtered out of the data set. Within the same sequencing
lane, raw reads were examined for potential sample cross-leakage due to index mis-assignment. With
Jellyfish v. 2.2.6 (Margais and Kingsford 2011), counts of all 57-mers in raw readings for each sample

in each lane were generated, and 57-mers with >1000 count differences between each pair of samples in
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a lane were found. In this collection, reads that contained 57-mers for 25% or more of their length were

eliminated from the sample with lower counts.

We used Fastp v. 0.20.0 (Chen, et al. 2018) for adapter and quality trimming. Paired forward and reverse
reads were overlapped into longer single-end reads with PEAR v. 0.9.11 (Zhang, et al. 2014) as input for
assembler Extender. Different assemblers have different strengths and weaknesses. Our strategy is to use
several different assemblies and resolve the data later with our quality control methods. We chose four
assemblers that have been widely used for de novo transcriptome assembling and assembled the identical

short-read RNA-seq data with each assembler to compare assembly strategies.

SOAPdenovo-trans (Xie, et al. 2014) and Trinity (Grabherr, et al. 2011) were two of the assemblers that
used versions of the de Bruijn graph technique to contig building (Haas, et al. 2013). We also used
BinPacker (Liu et al. 2016), an assembler that uses coverage information to build splicing graphs and
has been found to work well with multi-isoform data. Finally, we employed Extender (Rokyta, et al.
2012), an in-house assembler that picks seed reads at random and extends them outward based on
matching overlap with other reads to construct contigs. In its approach to multi-isoform transcript
assembly, the VTBuilder (Archer, et al. 2014) assembler uses a similar seed-and-extension technique.
We did not use it since its current limit of five million input reads makes it inadequate for the current
magnitude of RNA-seq datasets (average 5973 million reads per sample for our data). The format of
input reads and, as a result, the overall read counts used for each assembly vary. In this study, BinPacker,
SOAPdenovo-trans and Trinity processed with paired pairs, whereas Extender processed with the merged

single pairs.

SOAPdenovo-trans is distinct in that it necessitates the usage of a configuration file. It's also unique in
that the findings change significantly depending on k-mer size, therefore we test it using a variety of k-
mer sizes. SOAPdenovo-trans v. 1.03 was run at five different k-mer sizes: k=25, k=31, k=75, k=95,
and & = 127, with each run stored as its own assembly. The maximum and minimum read lengths were
set to 500 and 200 bp, respectively, with a 250 bp average insert size. We used Trinity 2.5.1 with a
minimum contig length of 150 bp and a k-mer of k& = 25 for Trinity assembly. BinPacker v. 1.0 was also
ran with k£ = 25 as the k-mer size. Finally, we used 2000 randomly selected seeds with a minimum quality
of 30 at all base places to run our only seed and assemble strategy, Extender (Rokyta, et al. 2012). As
long as the extension-overlap length was not exceeded, seeds were not allowed to share any k-mers (100
bp). To save the seed results, we needed at least two extensions in each direction. For a read to be
considered for extension, we specified a minimum overlap of 100 bp and a minimum quality score of at
least 20 at all base positions. To keep a seed, we permitted 20 duplicates per seed per direction and
required that 20% of replicates per seed be expanded. In order to recover as many toxins as possible, we
combined transcripts from all assemblers and then we used CD-HIT v. 4.7 (Fu, et al. 2012) to cluster the
transcripts and remove the identical transcripts. For CD-HIT, the sequence identity threshold was set to

1 and word length was set to 11. We named this method as ‘Merged’ in this study.
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Evaluation of assembly quality and non-toxins

We compared each assembly using a traditional assembly quality metrics to evaluate each assembly. In
each assembly, we utilized the software BUSCO v. 4.1.3 to find single-copy, orthologous non-toxin
regions (Simao, et al. 2015; Waterhouse, et al. 2018). Using tBLASTn (Gertz, et al. 2006), BUSCO
compares assembled contigs to lineage specific subsets of the OrthoDB v. 10 database (Zdobnov, et al.
2017), followed by HMMER (Mistry, et al. 2013) classification of annotated contigs as complete and
single copy; complete and duplicated; fragmented; or missing. Ortholog sets in the OrthoDB database
comprise genes found as a single copy in the genomes of 90% of the species in the database, providing
an evolutionary expectation of existence in an assembled gene set provided the assembly is complete.
Although not all loci are expected to be present in a transcriptome study due to lack of expression in the
target tissue, a BUSCO analysis will allow quantitative comparison of multiple transcriptome assemblies
in terms of the overall number of complete and single-copy orthologous loci recovered from the OrthoDB
reference database. We utilized the Tetrapoda ortholog set with 5310 loci for BUSCO analysis of the
snake venom gland transcriptome assemblies. The criterion we used to assess non-toxin assembly quality

was to see which assembler produced the most complete and single-copy matches to the OrthoDB loci.
Annotation of toxin genes and evaluation of the recovery of toxin genes

The completeness of the final transcript sets and the quality of the toxin contigs were used to assess the
quality of the toxin transcript assemblies. We used a series of filtering processes to select contigs that
were high-quality toxin transcripts to calculate the amount of high-quality toxin transcripts assembled
by each phase of the assembly process: (1) annotation of toxin genes and (2) lack of signs of chimera;
formation or fragmentation. We used the TransDecoder tool embedded in Trinity to extract open reading
frames (ORFs) from the ‘Merged’ transcripts. Then we used Blast v. 2.10.1 to do the toxin annotation
with our in-house toxin database (Supplementary File 1) to reduce the turnaround time and recover the

interesting toxin genes for future evolutionary study.

We used a set of filtering criteria on our annotated toxin genes to come up with a final collection of
unique and high-quality toxin sequences. First, we inspected the read coverage of our toxin ORFs. Since
there were multi samples sequenced at the same time, the cross contamination can happen between each
other. To investigate coverage map of every ORF and see how many reads mapped to it from each of the
nine samples, we aligned our ORFs against the original reads from all nine species by BWA v. 0.7.17
(Li and Durbin 2009). We kept only the toxins that: (1) had coverage >0 across all bases in the coding
region; (2) had coverage differentials of 100-fold or more across the length of the ORF; and (3) had
coverage that varied consistently across its length (if it varied at all) because sharp discontinuities usually

indicate chimeric assembly, cross contamination, or some other issue.

The final step was to manually check these remaining sequences for whether or not they really belong to
the toxin family they should be assigned to. For this, we manually checked those remaining toxins against
sequences on GenBank using the web version of BLAST (https://blast.ncbi.nlm.nih.gov/Blast.cgi), to
check if the annotation results from our in-house toxin database are the same as those annotation in

GenBank. We kept those toxin genes for which both annotation results referred to the same toxin genes.
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Results
Overall assembly quality and recovery of transcripts

The Illumina HiSeq X Ten sequencing platform generated 56.34~73.44 M raw reads from nine samples.
Raw sequencing data were uploaded into the Short Read Archive (SRA) of the NCBI
(https://www.ncbi.nlm.nih.gov/sra), retrieving accession numbers of SRR12802473~SRR12802481
(Table 2). After trimming out the low-quality reads, 55.17~71.18 M clean reads were generated from
nine samples. Of these clean reads, the Q30 percentage in each library was approximately 90%, which

indicated good quality sequencing (Table 3).

The assembly methods were measured by BUSCO (Simao, et al. 2015) to evaluate the completeness of
the recovery of all transcripts. Although the results fluctuated significantly, there were clear and
persistent trends in relative performance among individual transcriptomes. The ‘Merged' approach
produced the most complete, single-copy non-toxin transcripts of any method (give the value). This
finding was consistent across all snake transcriptomes, with an average of 3430 (range: 3016-3752)
complete and single copy non-toxin loci out of 5310 reference loci in snake transcriptomes assembled

with ‘Merged.'

Table 2: Snake venom gland samples and their raw Illumina data information.

Species Total Reads (M)  Total Bases (G) Q30(%) GC(%) SRA ID

Helicops leopardinus 59.670768 8.950615 88.30 47.01 SRR12802481
Rhabdophis subminiatus 61.908030 9.286205 87.71 46.84 SRR12802480
Heterodon nasicus 73.443828 11.016574 88.95 44.21 SRR12802479
Malpolon monspessulanus 59.597300 8.939595 88.54 46.28 SRR12802478
Psammophis schokari 71.464838 10.719726 87.30 46.78 SRR12802477
Psammophis subtaeniatus 66.870990 10.030648 88.21 47.21 SRR12802476
*Rhamphiophis oxyrhynchus 177.324272 26.598641 87.77 44.67 SRR13234020
Homalopsis buccata 61.067040 9.160056 88.27 46.76 SRR12802475
Pseudocerastes urarachnoides ~ 56.348378 8.452257 89.94 48.45 SRR12802474
Vipera transcaucasiana 62.804494 9.420674 87.97 47.67 SRR12802473

*Three samples were sequenced for R. oxyrhynchus and all raw data from three samples were
merged as one.

Total Reads: number of reads before filtering, saved in M unit.
Total Bases: raw reads number multiply read length, saved in G unit.

Q30: percentages of bases whose correct base recognition rates are greater than 99.9% in total bases
GC content: (G & C base count) / (Total base count)
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Table 3: Statistics for cleaned data for each snake species venom gland.

Species Total Reads (M)  Total Bases (G) Q30(%) GC(%) Reads passed filters(%)
Helicops leopardinus 57.518468 8.528288 90.05 46.93 96.39
Rhabdophis subminiatus 59.717436 8.795656 89.61 46.69 96.46
Heterodon nasicus 71.177292 10.574868 90.44 4412 96.91
Malpolon monspessulanus 57.588762 8.533593 90.17 46.19 96.63
Psammophis schokari 68.781210 10.097262 89.56 46.66 96.24
Psammophis subtaeniatus 64.644424 9.517410 90.00 47.07 96.67
Rhamphiophis oxyrhynchus 174.167248 25.865585 88.28 44.56 98.22
Homalopsis buccata 58.809498 8.740258 90.02 46.69 96.30
Pseudocerastes urarachnoides 55.165528 8.150225 91.33 48.45 97.90
Vipera transcaucasiana 60.575680 8.951936 89.81 47.67 96.45

Total Reads: number of reads after filtering, saved in M unit.
Total Bases: clean reads number multiply read length, saved in G unit.

Q30: percentages of bases whose correct base recognition rates are greater than 99.9% in total bases
GC content: (G & C base count) / (Total base count).

Some other patterns also emerged. First, within the SOAPdenovo-trans (Xie, et al. 2014), the number of
orthologous loci retrieved by BUSCO decreased as the k-mer size increased. (Supplementary Figures
1A-I). No transcripts were recovered using k-mer 127 (data not shown). Second, Trinity (Haas, et al.
2013) was the second best method for the recovery of non-toxins in all snakes, and it had similar
performance to the ‘Merged’ method. Third, BinPacker (Liu, et al. 2016), SOAPdenovo-trans_ K25 and
SOAPdenovo-trans_K31 performed comparatively poorly in all snakes, recovering 50% of the loci.
Finally, Extender (Rokyta, et al. 2012) and SOAPdenovo-trans K97 were largely ineffective at
recovering non-toxin loci, recovering between zero and 38 complete, single-copy loci (Supplementary
Figures 1A-I). Overall, within any individual sample, the rank performance of the assemblers was:
‘Merged” > Trinity > BinPacker > SOAPdenovo trans_ K25 > SOAPdenovo_trans K31 >
SOAPdenovo_trans K75 > SOAPdenovo_trans K97 > Extender.

Assessment of the recovery of snake toxins

There are large differences between toxin transcripts before and after curation (Supplementary Figure
2A-I). Some toxin families recovered in some samples are all identified as chimeric transcripts and
discarded completely. A clear trend in H. nasicus, M. monspessulanus, P. schokari, P. subtaeniatus, H.
buccata, and P. urarachmoides indicates that CTL family and Waprin family tend to generate a large

number of chimeric transcripts.

There were 1814 transcripts recovered; however, 728 (40.13%) of them were discarded as chimeric, of
which, Trinity and BinPacker generated 289 (15.93%) and 171 (9.42%) chimeric (Supplementary Figure
3A-I). The recovery of qualifying toxin transcripts varied greatly across assemblers. In SOAPdenovo-
trans assemblies, the toxin gene family and A-mer size were obvious determinants of relative performance
(Supplementary Figure 4A-I). Among toxin transcripts confidently identified, a clear trend emerged,
with the recovery of CTL transcripts being among the highest among the snakes studied. The exceptions

were P. schokari and P. subtaeniatus. In H. leopardinus, H. nasiucus, H. buccata and P. urarachnoides,
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CTL was recoverd with highest transcripts. And in R. subminiatus, M. monspessulanus and V.
transcaucasiana, CTL is the second highest. In P. schokari, the toxin of highest number is 3ftx and in P.
subtaeniatus, the highest is Rnase. For CTL in different snakes, different assemblers have different
contributions. In R. subminiatus, M. monspessulanus, P. schokari, P. subtaeniatus, and V.
transcaucasiana, BinPacker performed best. While in H. leopardinus, H. nasiucus, H. buccata, and P.
urarachnoides, the best performers are Extender, SOAPdenovo-trans K25, Trinity and SOAPdenovo-

trans_K97, respectively.

The remarkable difference in the transcripts assembled was further underlined by our accounting of the
transcripts retrieved by each assembler in each of the transcriptomes. Trinity recovered the only transcript
of Extendin_II from V. transcaucasiana amongst all transcriptomes. In general, for all toxin families,
Trinity performed much better than the other assemblers in most toxin families except in P. schokari,
where BinPacker performs better. Trinity did not recover all toxin families but the other assemblers can
recover what Trinity did not. The rank performance of each assembler varies between species

(Supplementary Figure 4A-I).

The best performing assembler was Trinity. Among 984 good transcripts recovered by all assemblers,
301 (30.5% of the total) were contributed by Trinity. The second-best performer was BinPacker which
recovered 254 good transcripts (25.8%). The remaining assemblers—Extender, SOAPdenovo-trans_K75,
SOAPdenovo-trans K31, SOAPdenovo-trans K25 and SOAPdenovo-trans K97 recovered 125
(12.7%), 101 (10.3%), 94 (9.6%), 70 (7.1%) and 39 (4.0%) respectively. The best assembler, Trinity,
outperformed BinPacker by 47 transcripts.

Discussion

The annotation of 10 assembled venom gland transcriptomes recovered 23 toxin families (Table 4). Here,
we have compared the performance of the most widely-used assemblers of transcriptome data and find
striking difference in their performance. The performance was assessed by the ability of the assemblers
to recover confident toxin families and good transcripts from a series of snake venom gland
transcriptomes from nine different species. Our results are significant because, with the rapid

development of NGS technology, the choice of method for transcriptome assembly is increasing.

In most previous studies of animal venoms, only one assembly method was utilized to recover the toxin
genes (Haney, et al. 2016; Kazemi-Lomedasht, et al. 2017; Tan, et al. 2017; Cusumano, et al. 2018). This
prompted concerns that technique biases might result in poor recovery of the entire collection of

transcripts and specific genes.

Our results confirm these concerns, because we have demonstrated significant differences in the
performance of different assemblers. And their performance is random with regards to the recovery of
transcripts belonging to various toxin gene families. Our findings demonstrate that those assemblers
which perform well in traditional RNA-seq studies may not necessarily perform well in the recovery of
toxin genes (or at all when it comes to specific toxin gene families). Fluctuations in assembler

performance can happen when a large number of chimeric transcripts are produced. Our findings indicate
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that the pipeline with ‘Merged” methods for assembling, followed by careful curation, can circumvent

these challenges.

Both the Trinity and BinPacker assemblers retrieved a large number of BUSCO orthologous non-toxin
loci, with chimeric transcripts accounting for a large percentage of them. Extender's seed-and-extend
strategy, on the other hand, was solely successful for toxin gene recovery when used in this study. As a
consequence, Extender only found a few non-toxin BUSCO loci. Clearly, assessing the toxin gene quality
necessitates a toxin-focused methodology as well as some prior understanding of animal venom biology.
Running BWA on those preliminary toxin genes as a manual examination of coverage profiles, as part
of our chimera-filtering phase, can be an efficient way to examine individual toxin transcripts for

evidence of chimerism.

Previously, the effects of k-mer size on the recovery of quality transcripts after de novo assembly were
investigated, although not particularly for toxin genes: due to the lack of some low abundance transcripts,
greater k-mer sizes resulted in fewer transcripts overall (Schulz, et al. 2012). The transcripts that are
retrieved, on the other hand, are less likely to be misassembled (Singhal 2013). Larger k-mer sizes result
in the recovery of less full, single-copy BUSCO loci in our venom gland transcriptomes, confirming
earlier findings. However, using SOAPdenovo-trans, certain toxin transcripts and particular toxin
families in some samples tended to be retrieved at larger k-mer sizes. Because even rare toxins are
frequently strongly expressed relative to non-toxin loci, the benefits of utilizing small k-mer sizes for
assembling rare transcripts may not apply as well to toxin loci in venom gland tissue. Despite this, toxin
contigs were occasionally retrieved when small k-mer sizes were used, but not when bigger k-mer sizes
were used. As a result, it's still worth thinking about whether various k-mer settings should be merged in
a final assembly (e.g., mixing SOAPdenovo-trans results with varied k-mer sizes). Previously, Schulz et
al. (2012) used a mix of various k-mer sizes during assembly and found that it was successful in
recovering a pretty comprehensive collection of toxin loci. However, our findings coincide with those of
Rana et al. (2016) in that the choice of assembly technique, rather than the combination of multiple 4-

mer sizes, is the most important factor in transcript recovery.
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Our evaluation of assembly completeness for each sample showed that performance of the assemblers
was random, which was quite opposite to the finding of Holding, Margres et al. (2018) that some
assemblers performed well in the recovery of specific toxin families. In our study, the assembly method
in Trinity produced the most chimeras, which was likely confused by many equally plausible routes. This
is due to Trinity's poor performance in clustering many isoforms into a single transcript (Macrander, et
al. 2015). When examining all nine species samples investigated here, the obvious message of these data
is that no one assembler retrieved all toxin loci present, and no assembler demonstrated any bias toward
certain toxin families. To get a comprehensive collection of toxin transcripts, reliable venom gland
transcriptome research should integrate the quality-filtered output of various assembling techniques. The
recovery of a high-quality transcriptome assembly by the clustering and merging of assemblies recovered
using different approaches has been proven to work in other systems (Nakasugi, et al. 2014), and our
findings imply that this strategy might work here as well. Clustering transcripts based on sequence
identity and/or inferred homology may be done in a number of ways (Fu, et al. 2012). Although creating
a bioinformatic pipeline for venom gland transcriptomes may appear to be beneficial, the substantial
diversity in transcript quality and recovery we found across species, as well as the apparent inaccuracy

of many quality measures, suggest that such an endeavor is premature.
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