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Abstract 

Polyploidizations, or whole-genome duplications (WGDs), in plants have 

increased biological complexity, facilitated evolutionary innovation, and likely 

enabled adaptation under harsh conditions. Besides genomic data, 

transcriptome data have been widely employed to detect WGDs, due to their 

efficient accessibility to the gene space of a species. Age distributions based 

on synonymous substitutions (so-called KS age distributions) for paralogs 

assembled from transcriptome data have identified numerous WGDs in plants, 

paving the way for further studies on the importance of WGDs for the 

evolution of seed and flowering plants. However, it is still unclear how 

transcriptome-based age distributions compare to those based on genomic 

data. In this chapter, we implemented three different de novo transcriptome 

assembly pipelines with two popular assemblers, i.e., Trinity and SOAPdenovo-

Trans. We selected six plant species with published genomes and 

transcriptomes to evaluate how assembled transcripts from different pipelines 
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perform when using KS distributions to detect previously documented WGDs in 

the six species. Further, using genes predicted in each genome as references, 

we evaluated the effects of missing genes, gene family clustering, and de novo 

assembled transcripts on the transcriptome-based KS distributions. Our results 

show that, although the transcriptome-based KS distributions differ from the 

genome-based ones with respect to their shapes and scales, they are still 

reasonably reliable for unveiling WGDs, except in species where most 

duplicates originated from a recent WGD. We also discuss how to overcome 

some possible pitfalls when using transcriptome data to identify WGDs. 

1 Introduction 

It is generally acknowledged that polyploidization, or whole-genome 

duplication (WGD), has played a significant role in the speciation, evolution, 

and adaptation of flowering plants, and WGDs have been identified in most 

angiosperm genomes [1,2,3,4]. Indeed, so far, all sequenced angiosperms, 

except for Amborella trichopoda [5] and Aristolochia fimbriata [6], seem to have 

experienced at least one WGD since the divergence of angiosperms [7]. 

Genome sequences, and especially well-assembled genomes, are great 

resources for unveiling (ancient) WGDs, because of structural information that 

can be used for finding synteny and/or collinearity (Chen et al. and Victor et al., 

in this volume). Synteny and/or collinearity analysis compares the location and 

order of homologous genes within a genome or between genomes. A WGD 

event can be identified through intragenome synteny or collinearity or by 

showing so-called double synteny with the genome of another species [8, 9]. 

It has been recognized that synteny or collinearity analysis is the most reliable 

approach for identifying ancient WGDs. However, the analysis depends on the 

continuity of genome assembly, the age of a WGD, and the rate of genome 

rearrangements after WGDs [10]. Although with the help of new sequencing 

technologies, a plant genome sequence becomes more accessible than ever 

before [11, 12], the assembly and annotation of a genome is still limited by 

computing resources and algorithm deficiency [13, 14]. Moreover, not all 

species of evolutionary and economic importance have their genomes 

sequenced (yet), as genome sequencing may be hindered by huge genome 

sizes and high levels of heterozygosity and ploidy [15,16,17,18]. For such 
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species, transcriptome sequencing provides an alternative solution to access 

gene space. Through de novo transcriptome assembly, the reconstructed gene 

content can be used to detect WGDs by applying approaches that are entirely 

independent of the genome sequence, such as standard approaches utilizing 

age distributions for all the paralogs in a species (or the whole paranome) 

based on the number of synonymous substitutions per synonymous site (KS), 

or, alternatively, the number of transversions per four-fold degenerated site 

(4dTV) (Chen et al., in this volume). By plotting the number of duplicated genes 

against the age of the duplication event, the paranome age distribution shows 

a peak at a specific KS value if a species has experienced a WGD [19, 20]. Thus, 

unlike identifying synteny or collinearity using genomes, the paranome age 

distribution only needs a well-represented gene space, which can be efficiently 

obtained by transcriptome sequencing these days [21]. 

Many studies have successfully employed transcriptomic data to build 

paranome age distributions for the detection of WGDs in various lineages of 

plants [22,23,24,25,26]. Even before the era of next-generation sequencing, Cui 

et al. [22] have applied the approach to Expressed Sequence Tag (EST) data 

and identified WGDs in species from Nymphaeales, Magnoliids, Gnetales, etc. 

Now, after more than a decade, analysis of fully sequenced genomes of the 

above species has confirmed most of these previously identified WGDs 

[10, 27,28,29]. In addition, paranome age distributions are often combined with 

phylogenomic approaches involving gene tree—species tree reconciliation to 

infer WGDs (see more details in Chen et al. in this volume). For instance, using 

1124 plant transcriptomes, the one thousand plant (OneKP) transcriptome 

sequencing project has inferred 244 ancient WGDs across green plants based 

on paranome age distributions and gene tree—species tree reconciliations. 

Among the WGDs identified by OneKP, 65 (27%) could be verified by currently 

published genomes [30]. However, the OneKP project also seems to have 

missed several WGDs that could be identified through the use of entire 

genome sequences [31], suggesting that transcriptomes may still have less 

power than do complete genomes concerning the identification of WGDs. 

Indeed, compared with all genes predicted in a genome, the gene space 

reconstructed by transcriptomes is neither complete nor nonredundant, so 

that it may affect the correct inference of WGDs. A characteristic of 
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transcriptomes is that many expressed genes are environment (condition) and 

developmental stage dependent [32] and, as a result, transcriptome 

sequencing cannot guarantee to cover the complete gene space of a species. 

For example, even a well-assembled plant transcriptome can just retrieve up to 

75% of reference transcripts in a species [33]. 

Also, transcriptome assembly can be more complicated than genome assembly 

because sequencing reads from a transcriptome have different abundances at 

various gene loci, while usually, sequencing reads from a genome show a 

somewhat uniform coverage [34]. Due to the differences in transcriptome 

assembly algorithms, some assemblers are reasonably good at assembling 

transcriptomes of certain species in particular, but no assembler outperforms 

others in all species. By comparing 20 biological-based and reference-free 

metrics, five assemblers, namely Trinity, SPAdes, Trans-ABySS, Bridger, and 

SOAPdenovo-Trans, have been shown to be among the best tools for de novo 

transcriptome assembly [35]. 

Finally, transcriptome assembly can assemble different products transcribed 

from one gene locus, causing redundancy in the reconstructed gene space. On 

the one hand, a gene locus may produce different transcripts (isoforms) due to 

alternative splicing. On the other hand, a gene locus may have different alleles 

and may produce several allelic transcripts, especially in species with high 

heterozygosity. It has been well acknowledged that high heterozygosity is 

always an issue for both genome and transcriptome assembly [36, 37]. Thus, 

when isoforms meet allelic transcripts in transcriptome assembly, they may 

lead to redundant assembled transcripts that originated from the same gene 

locus [38]. Furthermore, if the gene locus has a highly similar duplicate, 

isoforms and allelic transcripts may match with the gene or its duplicate, and it 

is then difficult to distinguish between sequences from a gene locus and 

sequences from its duplicate [39], potentially leading to chimeric assembled 

transcripts [40, 41]. Therefore, selecting an assembled transcript to represent a 

gene locus is often not a trivial task. Failing to do so may artificially amplify 

gene family sizes when building paranome age distributions and complicate 

the identification of signature KS peaks [42]. 
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Although there are issues with assembling transcriptomes, building paranome 

age distributions based on transcriptomic datasets has become a widely 

adopted approach to detect WGDs. However, it is still unclear to what extent 

the paranome age distributions based on genes from transcriptomes are 

comparable to those based on genes from genomes. In this chapter, we 

selected six plant species with published genomes and transcriptomes to study 

how transcriptomic datasets perform when using paranome KS distributions to 

detect the most recent well-documented WGDs in these six species. Using 

genes predicted in each genome as references, we evaluated the effects of 

missing reference genes, gene family clustering, and de novo assembled 

transcripts on the paranome KS distributions. Our results show that although 

the transcriptome-based paranome KS distributions differ from the genome-

based ones, they are still reasonably reliable for identifying WGD when using 

cautiously. 

2 Materials 

2.1 Plant Genomes and Transcriptomes 

We selected six plants with available genomes and RNA-seq datasets (Table 1): 

two monocot species, i.e., pineapple (Ananas comosus) and Phalaenopsis 

(Phalaenopsis equestris), and four eudicot species, i.e., Arabidopsis (Arabidopsis 

thaliana), papaya (Carica papaya), soybean (Glycine max), and grape (Vitis 

vinifera). The pineapple genome has experienced two ancient WGD events, 

namely σ and τ, and the most recent WGD has a peak at ~1.2 in 

the KS distributions for the whole paranome [43]. The Phalaenopsis genome 

has one WGD identified with a peak at ~1.1 in the KS distributions for the 

whole paranome [44]. In Arabidopsis, two WGDs have been uncovered (since 

the γ WGD shared by all core eudicots) in the KS distributions for the whole 

paranome, and the most recent WGD has a signature KS peak at ~0.8 [45]. 

Soybean has experienced a very recent WGD with a KS peak at ~0.2 and 

retained more than 75% of the duplicated genes that originated from this 

WGD [46]. Grape and papaya have experienced no additional WGDs after the 

ancient hexaploidization (γ) that is shared by all the core eudicots [47]. The 

ancient hexaploidization (γ) signature KS peak varies in different KS distributions 

(grape (KS ≈ 1.2); papaya (KS ≈ 1.8)) for the simple reason that different species 

can have different synonymous substitution rates. RNA-Seq data from leaf, 
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root, and stem were collected for each species except for C. papaya, which 

only has transcriptomes from leaf and root. We also created a “mixed” sample 

in each species by merging RNA-Seq data from different tissues. 

3 Methods 

3.1 De Novo Assembly of Transcriptomes 

For de novo transcriptome assembly, we implemented three standard pipelines 

that are widely employed in various evolutionary genomic studies 

[11, 31, 48,49,50]. Briefly, Trinity v2.12.0 [34] or SOAPdenovo-Trans v1.03 [51] 

was first used to de novo assemble cleaned RNA-Seq reads for each sample. 

After collecting the assembled transcripts, Transdecoder v5.0.2 

(https://github.com/TransDecoder/TransDecoder/) was used to predict open 

reading frames (ORFs). Because redundant assembled transcripts resulted from 

alternative splicing, allelic transcripts, or highly similar duplicates still exist, the 

predicted ORFs were clustered by tools like CD-HIT v4.8.1 [52] aiming at 

selecting a representative sequence at each gene locus. Also, BUSCO 

(Benchmarking Universal Single-Copy Orthologs) v5.0.0 [53] was integrated 

into each pipeline for a primary evaluation of the gene space. 

3.1.1 Data Preprocessing 

Trimmomatic v0.39 [54] with default parameters was used for removing 

Illumina sequencing adaptors, and low-quality bases in sequencing reads. 

trimmomatic PE -summary trimmomatic.summary.log fq1.gz 

fq2.gz clean.fq1.gz unpaired.fq1.gz clean.fq2.gz 

unpaired.fq2.gz SLIDINGWINDOW:5:20 LEADING:3 TRAILING:3 

MINLEN:50 

 LEADING:3, TRAILING:3. Remove low-quality or N bases (below quality 3) 

at both ends. 

 SLIDINGWINDOW:5:20. Scan the read with a 5-base wide sliding 

window, cutting when the average quality per base drops below 20. 

 MINLEN:50. Discard reads shorter than 50 bases. 
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3.1.2 Pipeline 1 

Pipeline 1 implements a straightforward approach based on Trinity for 

transcriptome assembly, followed by Transdecoder and CD-HIT for predicting 

ORFs and removing redundant assemblies, respectively. The pipeline or similar 

pipelines with different parameters, such as different identity thresholds in CD-

HIT, have been widely used in studies like Ren et al. [55] and Cheon et al. [50]. 

Trinity --seqType fq --min_contig_length 150 –left 

clean.fq1.gz --right clean.fq2.gz --output trinity_Mixed 

 -min_contig_length: minimum assembled contig length to report. 

TransDecoder.LongOrfs -t Mixed.trans.clean.fa 

TransDecoder.Predict -t Mixed.trans.clean.fa cd-hit -i 

Mixed.transdecoder.pep -c 0.99 -o 

Mixed.transdecoder.cdhit.p1.pep  

 -c: sequence identity threshold. 0.99 means that sequences with 99% 

identity are clustered. 

3.1.3 Pipeline 2 

Pipeline 2 is less commonly adopted than Pipeline 1, but it uses the transcript 

clustering information embedded within Trinity [49]. The clustering information 

is defined by shared sequence content when performing de novo 

transcriptome assembly [34]. Ideally, such a cluster can represent a gene locus, 

and transcripts in the cluster are considered isoforms derived from the gene 

locus. Therefore, Pipeline 2 selects the longest ORF from each trinity cluster as 

the representative ORF for a gene locus. 

Trinity --seqType fq --min_contig_length 150 –left 

clean.fq1.gz --right clean.fq2.gz --output trinity_Mixed 

 -min_contig_length: minimum assembled contig length to report. 
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TransDecoder.LongOrfs -t Mixed.trans.clean.fa 

TransDecoder.Predict -t Mixed.trans.clean.fa perl 

Selecting_Trinity_transcript_based_on_Transdecoder_longest

_orfs.pl Mixed.trans.clean.fa Mixed.transdecoder.pep 

Mixed.orf_info.xls Mixed.cluster.xls 

Mixed.longest_orf.unigenes.fa Mixed.longest_orf.fa  

 This is an in-house Perl script to extract the longest ORF in a Trinity 

cluster (see Code availability). 

3.1.4 Pipeline 3 

Pipeline 3 is similar to Pipeline 1, but SOAPdenovo-Trans replaces Trinity as the 

transcriptome assembler in the pipeline. It is the pipeline that has been used in 

the OneKP project [30]. 

SOAPdenovo-Trans-31mer all -s Mixed.soap.conf -K 25 -F -o 

Mixed.soap_trans; GapCloser -a Mixed.soap_trans.scafSeq -b 

Mixed.soap.conf -o Mixed.soap_trans.GapCloser.fa 

 “Mixed.soap.conf”: the configuration file for SOAPdenovo-Trans-31mer 

and GapCloser 

max_rd_len=150[LIB]rd_len_cutoff=150avg_ins=200revers

e_seq=0asm_flags=3map_len=32q1=clean.fq1.gzq2=clean.f

q2.gz 

 -K: kmer size 

 -F: fill gaps in scaffolds 

TransDecoder.LongOrfs -t Mixed.trans.clean.fa 

TransDecoder.Predict -t Mixed.trans.clean.fa cd-hit -i 

Mixed.transdecoder.pep -c 0.99 -o 

Mixed.transdecoder.cdhit.p1.pep  
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 -c: sequence identity threshold. 0.99 means that sequences with 99% 

identity are clustered. 

3.1.5 BUSCO Evaluation 

For BUSCO evaluation, the following exemplar command-line was used to infer 

the completeness of gene space for each sample based on 1614 BUSCOs in 

the database of embryophyta_odb10. 

busco -I Mixed.transdecoder.cdhit.pep -l embryophyta_odb10 

-m prot 

The numbers of predicted ORFs from the three pipelines for different samples 

are shown in Table 2. In general, Pipeline 1 predicted the most ORFs in all the 

examined transcriptomes, whereas Pipeline 2 and Pipeline 3 generated 

different but similar numbers of ORFs (Table 2). Similarly, for a specific sample, 

Pipeline 1 resulted in the most Complete BUSCOs (including both 

nonduplicated and duplicated), followed by Pipeline 2 and then Pipeline 3. The 

fractions of Complete BUSCOs are comparable among different pipelines, 

except for Pipeline 3, which showed worse performance in assembling the 

RNA-Seq reads from G. max (Fig. 1). Additionally, in all the species and 

samples, ORFs from Pipeline 1 always have the highest fractions of Duplicated 

BUSCOs, suggesting that Pipeline 1 produced a certain level of gene space 

redundancy in different samples. 

Further, we directly compared the numbers of predicted ORFs and the 

numbers of genes in the reference genomes (Fig. 2). Compared to the number 

of reference genes in the genomes, Pipeline 1 tends to predict many more 

ORFs. It should be noted that the differences in numbers between the 

predicted ORFs from Pipeline 1 and those from Pipelines 2 and 3 differ to 

various extents in the six species, which is likely correlated with the 

heterozygous level of sequences in the RNA-Seq reads. For example, A. 

thaliana is a self-pollinated plant with heterozygosity as low as 0.5% [56]. The 

numbers of predicted ORFs in all three pipelines are close to the number of 

reference genes. However, compared with other species, Pipeline 1 in A. 
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comosus and G. max predicted more ORFs than the reference genes (Fig. 2). 

Both species must have more heterozygous sequences in their RNA-Seq reads 

because the A. comosus genome has a high heterozygosity of 2% [43], while 

the G. max genome still contains many duplicated genes resulted from a very 

recent WGD [46]. In addition, the BUSCO results for the predicted ORFs from 

Pipeline 1 in A. comosus and G. max also show higher fractions of Duplicated 

BUSCOs than that in other species (Fig. 1), indicating that they still have 

redundant ORFs resulting from allelic transcripts or duplicated genes. Because 

both high heterozygosity and recent duplicates with highly similar sequences 

can cause similar issues in de novo transcriptome assembly, our results 

suggest that Pipeline 1 may behave suboptimal in dealing with highly 

heterozygous sequencing reads. 

In contrast, compared to the number of genes in the completely sequenced 

genomes, Pipelines 2 and 3 predicted fewer or sometimes relatively 

comparable numbers of ORFs. Both pipelines resulted in lower fractions of 

Duplicated BUSCOs than Pipeline 1 (Fig. 1), suggesting that they removed 

more ORFs with similar sequences. However, compared with other species, 

both pipelines predicted much fewer ORFs than the reference genes in G. max, 

but Pipelines 2 and 3 have different performances in the BUSCO evaluations. 

ORFs from Pipeline 2 have nearly equivalent fractions of Complete BUSCOs but 

almost no Duplicated BUSCOs. This may be an issue for a species still retaining 

duplicates from a recent WGD, as we expect more duplicated genes in the 

genome. Because the duplicated genes retained from the very recent WGD 

in G. max are still quite similar, Trinity could falsely cluster true paralogs with 

similar sequence content during the assembly process. For the ORFs from 

Pipeline 3, they have lower fractions of Complete BUSCOs, but higher fractions 

of Fragmented BUSCOs than do Pipelines 1 and 2 in the samples of G. 

max (Fig. 1), suggesting that Pipeline 3 with SOAPdenovo-Trans handles 

duplicated genes with highly similar sequences differently from Pipeline 2. In 

either case, both Pipelines 2 and 3 performed less well in species with a recent 

WGD than in species without. 

3.2 Building KS Distributions for the Whole Paranomes 
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Finally, we used the wgd v1.2 program [57] to build KS distributions for the 

whole paranomes based on the predicted ORFs from de novo transcriptome 

assemblies and the reference genes in genomes (Chen et al., in this volume). 

The wgd suite integrates commonly used KS and collinearity analysis workflows 

with Gaussian mixture modeling and result visualization tools, providing 

researchers with a convenient way to detect WGD events based on genomic or 

transcriptomic data. Below, we take the predicted ORFs from the mixed sample 

of V. vinifera as an example for using wgd: 

wgd dmd -I 3 Mixed.selected.transdecoder.p1.cds -o 

01.wgd_dmd –nostrictcds 

 -I: --inflation FLOAT inflation factor for MCL. 

 -nostrictcds: do not enforce proper CDS sequences, which means all the 

cds, including the complete cds with start codon and stop codon and the 

incomplete cds, will be used for clustering. 

wgd ksd 01.wgd_dmd/Mixed.selected.transdecoder.p1.cds.mcl 

Mixed.selected.transdecoder.p1.cds -o 02.wgd_ksd  

Using the KS distributions for the whole paranome of V. vinifera as an example 

(Fig. 3), our results show that KS distributions based on transcriptomes are 

different from those based on genes predicted in complete genomes. Also, the 

transcriptome-based KS distributions are different from each other depending 

on the different pipelines used. The peak representing the hexaploidization 

event in the V. vinifera genome at ~1.2 is evident in the KS distributions based 

on ORFs from Pipelines 2 and 3, but less so in the KS distribution based on 

ORFs from Pipeline 1, the reason being that the transcriptome-

based KS distribution based on ORFs from Pipeline 1 exhibits an abnormally 

high number of duplicates at low KS values (0–0.1). Such an abnormally high 

peak overshadows the WGD signature KS peak in V. vinifera, leading to 

potential failures in detecting WGDs. 
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For the rest of the chapter, we further compared the transcriptome-based and 

genome-based KS distributions in the six plant species by considering the 

effects of missing reference genes, gene family clustering, and de novo 

assembled transcripts. Because the mixed sample in each species combines all 

the expressed genes from different tissues, it always contains considerably 

more ORFs than individual tissues, no matter which pipeline was used 

(Table 2). In addition, the mixed samples from the six species also have the 

most Complete BUSCOs in all pipelines (Fig. 1). Therefore, for 

building KS distributions and further analyses in the chapter, we only focus on 

the de novo assemblies based on the mixed samples. 

4 Missing Reference Genes and KS Distributions 

The differences in numbers of ORFs and genes indicate that the transcriptome 

assemblies missed some reference genes in the genome and produced some 

unknown ORFs. Here, we define the missing reference genes as those that exist 

in the reference genomes but do not appear in the predicted ORFs in the 

transcriptome assemblies. Unknown ORFs are defined as the ORFs that only 

exist in the transcriptomes but are not found in the reference genome. 

Because missing reference genes must affect KS distributions, we first 

determine the gene space that could be reconstructed by the three de novo 

assembly pipelines, using the predicted genes in the genomes as references. 

4.1 Gene Space Reconstructed by Transcriptome Assembly 

To obtain an upper bound of the gene space that can be reconstructed by 

transcriptome sequencing in a species, we first mapped all the RNA-Seq reads 

of each species to their corresponding genome by Hisat2 v2.1.0 with a 

parameter “--dta” to only report alignments tailored for transcriptome 

assemblers [58]. The upper bound of gene space for a sample was then defined 

as the number of reference genes mapped by at least two RNA-Seq reads. 

Here, we used a loose cut-off of two RNA-Seq reads for estimating the upper 

bounds in different species not only because it is the minimum number of 

RNA-Seq reads used in Trinity [34], but it is also the minimum requirement for 

doing any assembly. The results show that about 48–69% of the reference 

genes have the potential to be assembled, and the upper bounds of gene 

space vary in different species (Fig. 4). 
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Then, we mapped the ORFs predicted by the three pipelines to their 

corresponding genomes by BLAT v3.5 [59] to determine how many reference 

genes could be retrieved from the assembled transcripts. Apparently, not all 

the reference genes supported by two or more RNA-Seq reads could be 

assembled. The fractions of reconstructed genes vary from species to species, 

with the highest in A. comosus and the lowest in C. papaya and P. 

equestris (Fig. 4). For different pipelines, in general, Pipeline 1 assembled more 

reference genes than Pipelines 2 and 3, but the fractions are close in each 

species except for G. max. Also, for the predicted ORFs, most are complete 

ORFs with 100% coverage or nearly complete ORFs with a coverage ≥ 90% of 

the corresponding reference genes. The only exception is that Pipeline 3 

assembled most ORFs with a coverage less than 90% of the reference genes 

in G. max. As discussed above, this may be related to the poor performance of 

SOAPdenovo-Trans on species that have undergone a recent WGD. 

Because each species has a significant fraction of missing reference genes, we 

wonder if this would affect identifying WGD signals in KS distributions. To this 

end, we marked the reference genes in the genome-based KS distributions 

according to their assembly status in the transcriptomes (Fig. 5). We noticed 

that the potential KS signals could be recovered by paralogous pairs that are 

completely or partially assembled in the predicted ORFs. Although the missing 

reference genes make up a certain proportion of genes at each KS interval, 

especially at intervals with small KS values, they do not really affect the 

appearance of WGD peaks in the KS distributions, reassuring the application of 

transcriptomic dataset in detecting WGDs. 

4.2 Redundant ORFs 

By mapping the predicted ORFs to the reference genes in each genome, we 

also evaluated the transcriptome assembly redundancy of the three pipelines. 

The mapping results demonstrate that Pipeline 1 could produce redundant 

ORFs, excessing to half of the gene loci having more than one mapped ORFs, 

especially for G. max (Fig. 6). On the contrary, the proportions of gene loci to 

which only one ORF was mapped increased dramatically for ORFs from 

Pipelines 2 and 3. Pipeline 2 demonstrates a better capability to remove 

redundancies because only one representative ORF was kept in each Trinity 
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cluster, but at a risk of falsely clustering paralogous genes into one Trinity 

cluster. Pipeline 3 seems to be more moderate than the other two pipelines, 

balancing the number of ORFs and redundancy. 

5 Gene Family Clustering and KS Distributions 

Gene families containing paralogous gene pairs are another basis for 

building KS distributions. However, in transcriptome assemblies, isoforms and 

allelic assemblies together with missing genes can confound gene family 

identification, so we investigated the effects of gene family clustering on the 

transcriptome-based KS distributions. We identified 4242, 4683, 3120, 10,979, 

3136, and 3680 multigene families in genomes with reference genes in Ananas 

comosus Arabidopsis thaliana, Carica papaya, Glycine max, Phalaenopsis 

equestris, and Vitis vinifera, respectively. For the predicted ORFs, those from 

Pipeline 1 always have more gene families identified than the reference genes, 

while the ones from Pipelines 2 and 3 have a comparable number of gene 

families as the reference genes (Table 3). 

5.1 Presence and Absence of Gene Families 

Next, we assessed how well gene families identified on the basis of the 

reference genes could be predicted based on the ORFs by the three de novo 

assembly pipelines. To determine the correspondence between gene families 

of the predicted ORFs and the reference genes, the predicted ORFs were 

aligned to the reference genes according to Chen et al. [49] using BLAT v3.5 

[59]. For subsequent analysis, poor hits with a match length shorter than 

100 bp and identity lower than 95% were discarded. The hit with the highest 

bit-score in BLAT was kept when an ORF had multiple hits to reference genes. 

If a transcriptome-based gene family only contains ORFs mapped to a single 

genome-based gene family and vice versa, their correspondence could be 

precisely determined. However, in many cases, ORFs in transcriptome-based 

gene families have hits to multiple genome-based gene families and vice 

versa, so we defined the correspondence of a transcriptome-based gene family 

and a genome-based gene family if they reciprocally had the most hits to each 

other. In addition, transcriptome-based gene families that could not match the 

criteria on correspondence but had hits to genome-based gene families were 
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considered problematic families. Gene families with no hits to genome-based 

gene families were considered unknown families. 

It turns out that the ORFs from Pipeline 1 could identify 70–80% of the 

genome-based gene families. The identification ratio of genome-based gene 

families decreased to 60–70% for the ORFs from Pipelines 2 and 3 (Table 3). 

The only exception is G. max, which missed nearly half of genome-based gene 

families in Pipelines 2 and 3, possibly related to the aforementioned assembly 

issues. The ratios of identified gene families are slightly higher than those of 

reconstructed gene spaces. As more than half of the gene families of a species 

exist in the transcriptome assemblies, the transcriptome-based KS distributions 

should uncover signature peaks in the KS distributions for the whole paranome. 

However, besides the presence and absence of gene families, the shape 

of KS distributions also depends on gene family sizes. 

5.2 Size Differences of Gene Families 

To compare sizes between the transcriptome-based and genome-based gene 

families, we only selected the corresponding gene families and plotted 

cumulative distributions for the size differences between a pair of 

transcriptome- and genome-based gene families. Further, to measure if the 

size differences are significantly larger or smaller, we sampled the exact 

number of genes from all the corresponding genome-based gene families 100 

times in each species. Finally, in each resampled set, we calculated z-scores for 

the size differences between the resampled gene families and the genome-

based gene families. We hence could define that a transcriptome-based gene 

family with a size difference larger and smaller than a z-score of 2 and −2, i.e., 

outside twice standard deviations, is a gene family with significantly different 

sizes (Fig. 7). 

Our results show that, for the transcriptome-based gene families, the ones 

reconstructed from the ORFs from Pipelines 2 and 3 do vary from the sizes of 

their corresponding genome-based gene families. However, most of them still 

have similar sizes as the genome-based gene families. In contrast, the ORFs 

from Pipeline 1 have more gene families that are significantly larger than their 

corresponding genome-based gene families, in line with the results that there 
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are more redundant ORFs at the same gene locus in Pipeline 1 (Fig. 6). 

Heterozygosity also affects gene family clustering of ORFs in transcriptome 

assembly. Comparing A. thaliana with low heterozygosity and A. comosus with 

high heterozygosity, we found that the latter species has more transcriptome-

based gene families significantly larger than their corresponding genome-

based ones. Interestingly, ORFs from different pipelines produced similar 

fractions of gene families smaller than the corresponding genome-based gene 

families, except for G. max. As a species with a recent WGD, ORFs in G. 

max not only have much fewer genome-based gene families, but the ORFs 

from Pipeline 1 formed too many significantly larger gene families, and the 

ORFs from Pipelines 2 and 3 formed too many significantly smaller gene 

families, suggesting that none of the implemented assembly pipelines are 

ideally suited for this species. 

5.3 Gene Family Sizes and KS Distributions 

To illustrate the effects of gene family identification and size changes on the 

transcriptome-based KS distributions, we depicted different kinds of gene 

families classified above in the transcriptome-based KS distributions and 

compared them with the genome-based KS distributions (Fig. 8). Gene families 

that are significantly larger than their corresponding genome-based ones 

mainly appear in the ORFs from Pipeline 1. They contribute a certain fraction to 

ORF pairs with KS < 0.1 in the histograms. In the KS distributions based on the 

ORFs from Pipelines 2 and 3, such large gene families tend to stand out in 

gene families of ORF pairs with large KS values, such as those in A. 

comosus and V. vinifera. To certain extent, the problematic gene families also 

contribute to gene families of ORF pairs with KS < 0.1, but their fractions seem 

to have no preference toward KS values. In addition, the fractions of unknown 

gene families are also different from species to species, but in many species, 

they tend to be present in gene families of ORF pairs with low KS values 

(KS < 0.5). 

Our results would suggest that gene families that are larger than their 

corresponding genome-based gene families and the unknown gene families 

that do not exist in the “true” genomes may inflate the number of ORF pairs at 

low KS values in the KS distributions, which would affect KS peaks for WGDs, 
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especially for ORFs from Pipelines 1 and 2. For the KS distributions based on 

ORFs from Pipeline 1, the WGD KS peaks, except the one for the WGD in A. 

thaliana expected at KS ≈ 0.8, are hidden in the tail of the histograms, simply 

because there are too many ORF pairs with small KS values resulting from large 

and unknown gene families. 

For the KS distributions based on ORFs from Pipeline 2, these have in general 

fewer ORF pairs than the KS distributions based on the reference genes, 

especially for the ORF pairs with small KS values (Fig. 8), suggesting that 

Pipeline 2 may collapse many recent duplicates that would usually compromise 

the number of duplicates with small KS values. However, despite somehow 

obscure, the KS peaks representing WGD events can still be seen in 

the KS distributions for A. comosus, A. thaliana, P. equestris, and V. vinifera. 

Although removing the unknown gene families in the KS distributions may help 

increase the visibility of the signature KS peaks for WGDs, it is impossible to do 

so when the investigated species has no information on its actual gene space, 

a typical situation when utilizing transcriptomic data for WGD detection. 

Although having fewer duplicate gene pairs, the KS distributions based on 

ORFs from Pipeline 3 seem comparable with the KS distributions based on the 

reference genes. All the KS peaks for the acknowledged WGDs, except the most 

recent one in G. max, can be identified. The inflated effects of the unknown 

gene families for ORF pairs with small KS values are also mild in 

these KS distributions. However, the KS value for the peak in P. equestris seems 

to shift toward a smaller KS value because of the inflated effects. 

Specifically, none of the KS distributions based on ORFs from the three de novo 

transcriptome assembly pipelines shows the KS peak at ~0.2 in G. max for its 

most recent WGD, which has produced a highly duplicated genome with 

around 75% of the genes still present in a multicopy status [46]. All three de 

novo assembly pipelines seem to have issues with a genome with a high 

proportion of recently duplicated genes. They either generate many more 

significantly larger gene families (for Pipeline 1) or significantly smaller gene 

families (for Pipelines 2 and 3), suggesting a fine(r)-tuned de novo 

transcriptome assembly pipeline is required for species that still retained most 

duplicates after a recent WGD event. 
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6 De Novo Assemblies and KS Distributions 

Although the three de novo assembly pipelines for transcriptomes show 

different performances on gene space completeness (Fig. 4) and redundancy 

(Fig. 6), as well as gene family sizes (Fig. 7), it is still not clear how assembled 

transcripts or ORFs affect KS distributions. To this end, we classified the 

predicted ORFs into five distinct groups based on the mapping results of ORFs 

to gene loci, i.e., “Correct,” “Isoform,” “Isoform-like,” “Fragmented,” and 

“Unknown” ORFs (Fig. 9). Specifically, a “Correct” ORF is the only best match to 

a reference gene locus, where the ORF should cover 95% of coding sequences 

of the reference gene. For the redundant ORFs, although sometimes recent 

gene duplications may confound redundancy, such ORFs are mainly from 

different alleles or various isoforms at a gene locus. Because it is difficult to 

clearly distinguish whether a predicted ORF is from a different allele or an 

isoform (or both), we here used “Isoform” ORFs to represent ORFs that best 

match the same reference gene. The “Isoform” ORFs have both start and stop 

codons, and they only contain sequences from the exons predicted in the 

reference genome. In contrast, some ORFs with start and stop codons have the 

best match to the same reference gene, but they may contain extra exons or 

partial sequences of exons in the reference genome. Because reference gene 

predictions may also be problematic, we defined such ORFs as “Isoform-like” 

ORFs. For ORFs that have no start codon and/or stop codons but could be 

mapped to a part of a reference gene, we classified them as “Fragmented” 

ORFs. In the end, the rest are the “Unknown” ORFs that could not be mapped 

to the reference genomes or any genes thereof. 

Among the six plant species investigated, A. thaliana has the highest 

proportion of Correct ORFs, ranging from 23.4% to 50.0% for the three 

pipelines (Fig. 10). The other species show massive reductions in the 

proportions of the correct ORFs. A. thaliana and G. max also have higher 

proportions of Fragmented ORFs than other investigated species. In 

addition, A. thaliana and G. max have the most diminutive proportions of the 

Unknown ORFs, in line with the gene family analyses where both species have 

much fewer unknown gene families than other species (Fig. 8). The unknown 

ORFs may have different sources. They could be de novo assembly artifacts or 

assembly of contaminated reads in RNA-Seq samples. For example, we found 
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that many Unknown ORFs in A. comosus are from microorganisms by 

annotating these ORFs with the NCBI Nonredundant database, indicating 

potential contamination when preparing the samples for transcriptome 

sequencing. 

Concerning the pipelines, Pipeline 1 contains the most Isoform ORFs, while 

Pipeline 2 contains the least of such ORFs, whereas the proportions of Isoform-

like ORFs are relatively similar among the three pipelines. In the transcriptome-

based KS distributions based on ORFs from Pipeline 1 (Fig. 11), ORF pairs 

with KS < 0.1 include many Isoform or Isoform-like ORFs. If an assembly 

pipeline could not remove the Isoform or Isoform-like ORFs, they would be 

considered extra members for those gene families. Hence, they result in many 

gene families with significantly larger sizes than their corresponding genome-

based gene families. There is no such pattern in the transcriptome-

based KS distributions based on ORFs from Pipeline 2, while the first bars in the 

transcriptome-based KS distributions based on ORFs from Pipeline 3 have more 

Isoform-like ORFs than Isoform ORFs. 

The Fragmented ORFs exist in ORF pairs with all sorts of KS values. Again, in the 

transcriptome-based KS distributions based on ORFs from Pipeline 1, the 

Fragmented ORFs are mainly present in ORF pairs with KS < 0.1. However, they 

are also found in ORF pairs with different values, likely forming the 

problematic gene families in Fig. 8. Because the Fragmented ORFs are relatively 

short and contain one or a few conserved domains, they might disturb gene 

family identifications by incorrectly joining different gene families or falsely 

forming independent gene families. 

7 Discussion 

Because of the ease of transcriptome sequencing, transcriptomic data have 

been widely adopted to infer WGDs, and it has become standard practice to 

examine transcriptomes from dozens, if not hundreds of species, to detect 

WGDs in a large-scale phylogeny [30, 55, 60, 61]. Such studies systematically 

allow to investigate the importance of WGDs for the evolution of green plants. 

However, there are some methodological concerns using KS distributions with 

transcriptomic datasets because they may lead to fallacious conclusions drawn 

from falsely detected WGD events [42, 62]. Here, we compared genome-
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based KS distributions with transcriptome-based KS distributions resulting from 

three different de novo assembly pipelines. Our results show that with proper 

transcriptome assembly, although the transcriptome-based KS distributions 

have different shapes than the genome-based ones, they have the power to 

identify WGDs but may fail with species that still retained most duplicates from 

a recent WGD. 

Transcriptome assembly pipelines, especially the steps that remove redundant 

assemblies, have significant impacts on inferring WGDs based 

on KS distributions. Despite missing some reference genes and gene families, 

all the implemented assembly pipelines here could reconstruct enough genes 

and gene families for WGD detection, if transcriptomes are relatively well 

sequenced. However, gene space redundancy is a more severe issue than (lack 

of) completeness. We show that in a pipeline (Pipeline 1) that has been widely 

applied to various studies (maybe with different parameters, though), Isoform 

or Isoform-like ORFs are treated as genuine duplicated genes, and most of 

them have small KS values less than 0.1. As a result, the extraordinary large 

numbers of duplicates with small KS values overshadow the signature WGD 

peaks in the examined KS distributions. Some efforts could alleviate the effects 

of redundant ORFs, for example, through clustering redundant ORFs with a 

decreasing identity in CD-HIT or by removing ORF pairs with minimal KS values 

[42, 62]. However, if the cut-offs used to remove redundancy are too stringent, 

they have limited effects on the number of redundant ORFs in the 

transcriptome assembly. On the other hand, if they are too loose, they may 

collapse genuine paralogous genes with small KS values and leave an 

artificial KS peak slightly larger than 0.1. The peak could then be falsely 

identified as evidence for a recent WGD event or considered an artifact after 

removing too many genuine paralogous genes with small(er) KS values [55]. 

Although some of the recent WGDs seem to be supported by analyses using 

genomic data, the KS peak values from the transcriptome-

based KS distributions are sometimes different from the ones in the genome-

based KS distributions [42], suggesting the inference of WGDs may be still 

arbitrary and requires further corroboration. Moreover, determining the cut-

offs for removing redundant ORFs in transcriptome assembly may require prior 

knowledge about sequenced species, such as the heterozygosity. It is, of 

course, helpful to have such information before sequencing a species, but it is 
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also not an easy task for studies including hundreds of species, especially if the 

cut-offs are required to be fine-tuned from species to species. 

Alternatively, relying on the algorithms in de novo transcriptome assemblers is 

another solution to eliminate redundant ORFs. Trinity and SOAPdenovo-Trans 

are two de novo transcriptome assemblers based on the de Bruijn graph. Both 

assemblers have been used for detecting WGDs with KS distributions [63,64,65]. 

In Trinity, sequencing reads in the same assembly graph or Trinity cluster are 

separately assembled, and the final assembled transcripts retain the cluster 

information. Because a Trinity cluster is often considered to be corresponding 

to a gene, our Pipeline 2 uses the clustering information to select one 

representative sequence for each Trinity cluster. As shown in the results of the 

BUSCO evaluation and KS distributions, Pipeline 2 removed many duplicated 

ORFs and scaled-down the overall number of duplicates in the KS distributions. 

Nevertheless, the pipeline is inclined to remove more ORF pairs with KS less 

than 0.5, leading to failures in detecting very recent WGD events. 

Like Trinity, SOAPdenovo-Trans also provides cluster or gene information after 

transcriptome assembly, but it shows a more reasonable number of gene loci 

than does Trinity. As shown by us (this chapter) and others [35, 66], Trinity does 

assemble more Complete BUSCOs than SOAPdenovo-Trans, but it also 

produces a higher proportion of Duplicated BUSCOs. For instance, in A. 

thaliana, SOAPdenovo-Trans reported 8242 gene loci, one-fourth of which 

have multiple isoforms with a maximum number of isoforms up to five. On the 

contrary, Trinity reported 46,364 gene loci, in which 7412 gene loci have 

multiple isoforms with a maximum number of up to 98 isoforms. Therefore, the 

assembled results of SOAPdenovo-Trans have much lower redundancy than 

the results of Trinity, reducing the efforts to further remove redundant ORFs. In 

addition, our results show that the KS distributions using ORFs assembled by 

SOAPdenovo-Trans (Pipeline 3) are more comparable to the genome-

based KS distributions with respect to their shapes and scales. Meanwhile, the 

running time for SOAPdenovo-Trans is shorter than that of Trinity, which is 

significantly meaningful when conducting studies with hundreds of species, 

likely explaining why SOAPdenovo-Trans has been chosen in the OneKP to 

some extent. 
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Besides transcriptome assembly, there are other concerns related to RNA-Seq 

sequencing that may affect using KS distributions to infer WGDs, such as RNA 

extraction, library preparation, sequencing depth, and other unexpected events 

like sample contamination. Compared to genome sequencing and assembly, 

transcriptome sequencing and assembly are more unstable, and hence 

challenging to measure their quality. However, if the data volume of the 

transcriptome is not high enough, the resulting KS distributions would be less 

informative and suitable for WGD inference, due to the insufficient gene space. 

For instance, compared to other samples, the leaf sample of P. equestris only 

produced one-third of total ORFs (Table 1 and Fig. 1). Another issue that 

should be avoided is sample contamination, as found in the root sample of A. 

comosus, because alien ORFs from other species may have unexpected effects 

on KS distributions. 

As newly developed sequencing technologies have already been applied to 

transcriptome sequencing [67], single-molecule and long-read sequencing may 

help solve some issues related to short-read sequencing. For example, Yue et 

al. [68] have used PacBio Single Molecule, Real-Time (SMRT) sequencing 

technology to generate full-length transcriptome data for a sterile 

triploid Crocus sativus, and have successfully identified a recent WGD event in 

its evolutionary history. In any case, transcriptomic data, increasingly 

generated as supplements to genomic data, are a great asset for the 

identification and delineation of ancient polyploid events. 

Codes Availability 

Commands and scripts used in this study are available 

at https://github.com/li081766/transcriptome_WGD_project. 
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Fig. 1 BUSCO evaluations of predicted ORFs by the three different pipelines 
for various tissues. 
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Fig. 2 Differences in numbers between the predicted ORFs and reference 
genes. The red dashed line at 0 shows no difference in numbers. A dot above 
the red dashed line means that the number of predicted ORFs exceeds the 
number of reference genes. A dot below the red dashed line means the number 
of predicted ORFs is less than the number of reference genes. 
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Fig. 3 KS distributions for the whole paranome of Vitis vinifera. (a–c) 
The KS distributions are based on the ORFs predicted by the three 
transcriptome assembly pipelines with the mixed sample in V. vinifera. (d) 
The KS distribution based on the reference genes from the V. vinifera genome. 
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Fig. 4 Reference genes supported by RNA-Seq reads and assembled ORFs, 
based on the mixed sample in each species. The left part shows the percentages 
of reference genes supported by at least two RNA-Seq reads (see details in the 
main text). Assembled ORFs have different coverages for reference genes: 
“Complete (100%),” “Nearly complete (≥90%),” and “Fragmented (<90%).” 
The reference genes supported by RNA-Seq reads but without any assembled 
ORFs are shown as “Unassembled.” The right part shows the percentages of 
reference genes that are not supported “No read,” or only supported by “One 
read” in the mixed samples. 

  



 
Fig. 5 The impact of the reconstructed gene space on genome-
based KS distributions. “Both” means that the two reference genes of one 
paralogous pair are present in the predicted ORFs. “One” means that only one 
of the two reference genes of one paralogous pair is present in the predicted 

https://link.springer.com/protocol/10.1007/978-1-0716-2561-3_3/figures/5


ORFs. “Missing” means neither of the two genes of one paralogous pair is 
present in the predicted ORFs. The upper part of each subplot shows a 
genome-based KS distribution, and the lower part shows the percentages of the 
three groups at each KS interval. The red dashed line denotes the 
transcriptome-based KS distribution. The gray rectangle denotes the KS peak of 
each species. 
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Fig. 6 The redundancy of ORFs at each gene locus. “Frequency” refers to the 
number of ORFs that could be mapped to each gene locus. “One” means that a 
gene locus only has one ORF mapped. “Two” means that a gene locus has two 
ORFs mapped. “Three” means that a gene locus has three ORFs mapped. 
“>Three” means that a gene locus has more than three ORFs mapped. 
  



 
Fig. 7 Cumulative distributions for size differences of gene families between 
the corresponding transcriptome-based and genome-based gene families. The 
vertical dashed lines in each subplot correspond to the sizes differences with z-
scores of −2 and 2, respectively (see details in the main text). 
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Fig. 8 The impacts of transcriptome-based gene families with extreme sizes on 
the transcriptome-based KS distributions. Gene families have extreme sizes if 
they are significantly larger or smaller than their corresponding genome-based 
gene families (see details in the main text). The upper part of each subplot 
shows a transcriptome-based KS distribution. The lower part shows the 
percentages of the different kinds of gene families at each KS interval. The blue 
dashed line shows the genome-based KS distribution. The gray rectangle 
denotes the KS peak of each species. 

  



 
Fig. 9 The classification of assembled ORFs. “ORF1–15” are examples of 
predicted ORFs mapped to their corresponding reference gene. Five distinct 
groups of ORFs, including “Correct,” “Isoform,” “Isoform-like,” “Fragmented,” 
and “Unknown” have been depicted. The green arrow denotes a start codon, 
and the black cross denotes a stop codon. 
  

https://link.springer.com/protocol/10.1007/978-1-0716-2561-3_3/figures/9


 
Fig. 10 The percentage of different groups of ORFs in each pipeline. 
  

https://link.springer.com/protocol/10.1007/978-1-0716-2561-3_3/figures/10


 

https://link.springer.com/protocol/10.1007/978-1-0716-2561-3_3/figures/11


Fig. 11 The impacts of various categories of ORFs on transcriptome-
based KS distributions. Five different groups of ORFs are assigned to a 
transcriptome-based KS distribution (the upper part of each subplot). The 
lower part of each subplot shows the percentages of the five groups of ORFs at 
each KS interval. The dark blue dashed line depicts the genome-
based KS distribution. The gray rectangle denotes the KS peak of each species. 
“Isoform-l” means the “Isoform-like ORFs” group. 
 

 

 

 

 

 

  



Table 1 Summary of the examined plants in this study 

Speciesa Genome size (Mb) Gene number RNA-Seq data 

Tissue SRA ID Size (Gb) 

Ananas comosus 316 25,440 Leaf SRR7663722 4.45 

Root SRR7663721 4.40 

Stem SRR7663702 4.23 

Phalaenopsis equestris 1086 29,431 Leaf SRR2080202 1.20 

Root SRR2080194 4.49 

Stem SRR2080200 5.95 

Arabidopsis thaliana 120 27,655 Leaf SRR3993754 1.15 

Root SRR3993762 1.28 

Stem SRR3993761 1.07 

Carica papaya 343 27,768 Leaf SRR7145703 6.38 

Root SRR7145705 7.15 

Glycine max 978 56,044 Leaf SRR12744739 6.76 

Root SRR12744729 7.02 

Stem SRR12744731 6.75 

Vitis vinifera 486 26,346 Leaf SRR9970452 8.53 

Root ERR3814249 5.83 

Stem SRR9970442 8.47 

1. aGenome sequences and annotations were downloaded from PLAZA 4.5, except the one of Ananas comosus, 
which was retrieved from NCBI with PRJEB33121 



Table 2 The number of predicted ORFs 

Species Samples Pipeline 1 Pipeline 2 Pipeline 3 

Ananas comosus 

  Mixed 116,585 56,267 43,024 

Leaf 58,009 22,781 20,507 

Root 88,084 51,251 38,035 

  Stem 53,561 20,986 19,400 

Arabidopsis thaliana 

  Mixed 39,126 22,651 21,887 

Leaf 23,951 18,995 17,699 

Root 29,981 21,855 20,280 

  Stem 26,922 20,601 19,262 

Carica papaya 

  Mixed 71,012 20,606 24,916 

Leaf 46,262 16,515 18,302 

  Root 54,506 20,002 21,900 

Glycine max 

  Mixed 144,687 38,102 35,400 

Leaf 112,034 26,867 28,361 

Root 83,968 31,817 31,592 

  Stem 101,569 29,133 32,485 



Species Samples Pipeline 1 Pipeline 2 Pipeline 3 

Phalaenopsis equestris 

  Mixed 70,865 25,982 28,129 

Leaf 11,025 10,510 8624 

Root 49,741 23,205 22,562 

  Stem 53,474 22,504 23,313 

Vitis vinifera 

  Mixed 83,542 34,044 36,757 

Leaf 65,442 25,969 24,692 

Root 24,634 22,645 25,289 

  Stem 59,287 24,866 24,691 

 

  



Table 3 The number of gene families in different species obtained by different pipelines 

 

    Pipeline 1   Pipeline 2   Pipeline 3   

Species Reference Number of 

gene families 

Ratio (%) of 

recovered 

reference gene 

families 

Number of 

gene 

families 

Ratio (%) of 

recovered 

reference 

gene 

families 

Number 

of gene 

families 

Ratio (%) of recovered 

reference gene families 

Ananas comosus 4242 12,127 72.63 6399 59.05 6188 61.83 

Arabidopsis 

thaliana 

4683 5755 71.34 3358 63.25 3652 64.89 

Carica papaya 3120 7512 76.41 2802 66.73 4645 71.38 

Glycine max 10,979 13,285 74.46 5048 36.78 5989 37.96 

Phalaenopsis 

equestris 

3136 8740 74.14 3211 60.40 4763 66.14 

Vitis vinifera 3680 9309 80.54 3880 67.12 5822 73.34 

 

 


