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the high genetic diversity of an organism such as Haemonchus contortus could complicate such analyses.
First, we investigated the extent to which sequence polymorphism affects the reliability of differential
expression analysis between the genetically divergent H. contortus strains MHco3(ISE), MHco4(WRS)
and MHco10(CAVR). Using triplicates of 20 adult female worms from each population isolated under par-
allel experimental conditions, we found that high rates of sequence polymorphism in RNAseq reads were
associated with lower efficiency read mapping to gene models under default TopHat2 parameters, leading
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RNAseq to biased estimates of inter-strain differential expression. We then showed it is possible to largely com-
Differential expression pensate for this bias by optimising the read mapping single nucleotide polymorphism (SNP) allowance
Ivermectin and filtering out genes with particularly high single nucleotide polymorphism rates. Once the sequence
Anthelmintic resistance polymorphism biases were removed, we then assessed the genuine transcriptional diversity between the

strains, finding >824 differentially expressed genes across all three pairwise strain comparisons. This
high level of inter-strain transcriptional diversity not only suggests substantive inter-strain phenotypic
variation but also highlights the difficulty in reliably associating differential expression of specific genes
with phenotypic differences. To provide a practical example, we analysed two gene families of potential
relevance to ivermectin drug resistance; the ABC transporters and the ligand-gated ion channels (LGICs).
Over half of genes identified as differentially expressed using default TopHat2 parameters were shown to
be an artifact of sequence polymorphism differences. This work illustrates the need to account for
sequence polymorphism in differential expression analysis. It also demonstrates that a large number
of genuine transcriptional differences can occur between H. contortus strains and these must be consid-
ered before associating the differential expression of specific genes with phenotypic differences between

strains.
© 2019 Australian Society for Parasitology. Published by Elsevier Ltd. All rights reserved.
1. Introduction life sciences (Wang et al., 2009; Conesa et al., 2016). Established
sequence aligners used in RNAseq analysis pipelines, such as
RNAseq has become the standard approach for the genome- TopHat2 and its faster successor HISAT2, were developed and
wide analysis and quantification of gene expression across the their default mapping parameters set, primarily for use on verte-
brate species such as humans, mice, and zebrafish, which have
relatively low levels of both intra- and inter-population genetic
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confined to laboratory strains of model organisms such as Droso-
phila melanogaster and Caenorhabditis elegans, which also have
relatively low levels of genetic diversity (Andersen et al., 2012;
Cingolani et al., 2012). Consequently, most publications make lit-
tle or no acknowledgement of the potentially confounding
effects of sequence polymorphism on the mapping efficiency of
RNAseq reads and the calling of differentially expressed genes
(Baruzzo et al., 2017). RNAseq analysis pipelines are generally
applied to non-model organisms simply using established default
parameters, with no consideration given the level and distribu-
tion of sequence polymorphism within and between the strains
or populations being compared (Edwards et al.,, 2013; Croken
et al., 2014; Fiebig et al.,, 2015; Papenfort et al.,, 2015; Antony
et al., 2016). However, many taxa show high levels and complex
patterns of intra-species genetic diversity (Blumenthal and Davis,
2004; Dey et al., 2013; Romiguier et al.,, 2014; Redman et al.,
2015). This is a concern since standard RNAseq alignment bench-
marking studies have shown that the performance of different
sequence aligners varies with the genome complexity and levels
of sequence polymorphism when using simulated sequence data
(Baruzzo et al., 2017). However, no published experimental stud-
ies directly examine the effects of sequence polymorphism on
differential expression analyses using commonly applied RNAseq
analysis pipelines.

A good example of the application of RNAseq analysis to non-
model organisms is for the investigation of differential expression
of candidate genes potentially involved in anthelmintic drug resis-
tance in parasitic nematodes (Xu et al., 1998; Dicker et al., 2011;
El-Abdellati et al., 2011; Williamson et al, 2011; Urdaneta-
Marquez et al., 2014). Haemonchus contortus is arguably the most
established parasitic nematode model used for such studies
(Gilleard, 2013). It has a good quality reference genome and has
extremely high levels of sequence polymorphism (upwards of 5%
single nucleotide polymorphism (SNP) rates), both within and
between strains or geographical isolates (Laing et al., 2013;
Gilleard and Redman, 2016). Consequently, it is an excellent sys-
tem in which to study the potentially confounding effects of
sequence polymorphism on differential gene expression analysis.
In this paper, we use three well characterised laboratory passaged
strains of H. contortus to examine how differences in coding
sequence (CDS) polymorphism rates, with respect to the MHco3
(ISE) genome reference strain, affect read mapping and bias differ-
ential expression analysis. We show how these confounding effects
can be reduced and demonstrate that, even when the effects of
sequence polymorphism are minimised, there are still a large num-
ber of differentially expressed genes between these three strains.
These results have important implications for the application of
RNAseq analysis to many non-model organism species with high
levels of genetic diversity.

2. Materials and methods

2.1. Haemonchus contortus strains, sample preparation and
sequencing

The MHco3(ISE), MHco4(WRS) and MHco10(CAVR) H. contortus
strains have been previously characterised and are described in
detail elsewhere (Redman et al., 2008, 2012; Laing et al., 2013).
The MHco3(ISE) strain is susceptible to all main classes of anthel-
mintic and has been used as the reference genome strain (Laing
et al,, 2013). The MHco4(WRS) strain is derived from the White
River Strain (WRS) that was isolated as an ivermectin-resistant
field isolate from South Africa (Van Wyk and Malan, 1988). The
MHco10(CAVR) strain is derived from the Chiswick Avermectin
Resistant Strain (CAVR) which was originally isolated as an

ivermectin-resistant strain as a laboratory contaminant of a field
isolate from Australia (Le Jambre et al., 1995).

Three sets of 20 adult female worms were recovered on
necropsy at 28 days post experimental infection from the abomasa
of three different individual sheep for each H. contortus strain;
MHco3(ISE), MHco4(WRS) and MHco10(CAVR). Each set of 20
adult females served as one of three biological replicates for RNA-
seq analysis for each strain. Adult worms recovered from the abo-
masum were rinsed and sexed in physiological saline at 37 °C and
then immediately snap frozen before total RNA was isolated from
each pool of 20 worms using a standard Trizol protocol as
described in Laing et al. (2011). RNA samples were assessed on a
Bioanalyser 2100 (Agilent) and Illumina transcriptome libraries
were prepared as previously described (Laing et al, 2011).
Sequencing of transcriptome libraries was performed on an Illu-
mina HiSeq platform to generate 100 bp paired-end reads.

2.2. Sequence quality control and read mapping

Raw 100 bp reads were inspected using FastQC (https://www.
bioinformatics.babraham.ac.uk/projects/fastqc/) for overall dataset
integrity and all reads were trimmed at the 5’ end by 10 bases. Fif-
teen bases were also trimmed from the 3’ ends of all reads to
remove low quality sequence characteristic of 3’ tail ends. The
post-trimmed 75 bp reads were used for mapping to the H. contor-
tus MHco3(ISE) reference genome assembly (Laing et al., 2013)
with TopHat2 (Kim et al., 2013). The assembly used is an improved
version (N50 of 5.24 MB) of the original published H. contortus gen-
ome assembly (GenBank ID PRJEB506 - N50 of 83.29 kb (Laing
et al., 2013)) and contains an expanded set of annotated gene mod-
els (https://data.mendeley.com/datasets/4z6xv5j5zf/1). Numerical
identifiers of these additional gene models begin with HCOI_0500,
and have not yet been submitted to online genomic resources (e.g.
Uniprot.org).

TopHat2 was executed using the following parameter settings:
TopHat2 -N (#) --read-gap-length (%) --read-edit-dist (# + %) -I
40,000 -r 200 -a 6 -g 1 --no-discordant --no-mixed --min-intron 10
--microexon-search --mate-std-dev 50 --library-type fr-unstranded
Jreference.fasta  trimmed_forward_reads.fastq  trimmed_reverse_
reads.fastq. Only -N (specifying the number of SNPs per mapped
read allowed by TopHat2), --read-gap-length (the allowed base
count of any indels), and --read-edit-dist (the allowed combined
base count of both -N and --read-gap-length) were adjusted
throughout the experiment. Reads of all triplicates of all three pop-
ulations were initially mapped with TopHat2 using a scale of SNP
(polymorphism) allowances from 2 to 10 SNPs (-N) per read with
indel allowance (--read-gap-length) held constant at three bases.

Three different allowances for polymorphism were then subse-
quently chosen for further analysis: low, the TopHat2 default
allowances (denoted N2 - allowing two SNPs or two indels per
read), moderate (denoted N5 - allowing five SNPs and three indels
per read), and high (denoted N10 - allowing 10 SNPs and six indels
per read) allowances for polymorphism, respectively. Varying the
indel allowances had very little effect on the percentage of reads
mapping to the reference genome (data not shown). Samtools’ flag-
stat tool (Li et al., 2009) was used to determine the proportion of
reads mapped at each allowance for each strain.

2.3. RNAseq processing and analysis

Reads mapped to each gene model were sorted with samtools
sort, and counted for each of the three bioreplicates for each strain
at the three different SNP allowances - N2, N5, N10 - using the fol-
lowing command in HTseq-count: htseq-count -i parent -q -s no -f
bam -t cds ./sorted_accepted_hits.bam ./genome_annotation_file.gff3
(Anders et al., 2014). Raw mapped read counts for each gene model
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of each bioreplicate of each strain were compiled and used as input
for DESeq2.

DESeq2 (Love et al., 2014) was run in Rstudio (2015) to identify
differential expression between the three strains, at different poly-
morphism allowances, based on gene model read counts. The
plotPCA tool in DESeq2 was used to plot segregation of triplicates
based on gene expression of the top 15,000 expressed low poly-
morphic genes (LPGs) at the moderate N5 allowance. DESeq2 result
tables were exported and manipulated in Microsoft Excel. Genes
were only called as differentially expressed in this analysis if they
(i) showed a greater than 2 fold-change difference in expression
between the strains compared, and (ii) yielded adjusted P values
of less than 0.05.

2.4. Categorising gene models on the basis of SNP rates and SNP rate
differences between strains

SNPs within CDS were called using samtools mpileup on whole
genome sequence (WGS) datasets created for each of the strains
against the MHco3(ISE) genome assembly (Doyle et al., 2019). SNPs
present at >40% frequency were totaled per gene model for each of
the strains. The SNP rate was calculated for each gene in each strain
by dividing the total number of SNPs in the gene by the respective
gene model CDS length. The genes were then categorised in two
different ways for subsequent investigation of the effect of
sequence polymorphism on read mapping and RNAseq analysis.
First, they were categorised based on their SNP rates in each strain:
categories 0%, 0-0.5%, 0.5-1%, 1-2%, 2-5%, and >5%. Second, they
were categorised based on the difference in SNP rates for each of
the three pairwise strain comparisons (i.e. the SNP rate observed
in one strain subtracted from the SNP rate observed in the other)
categories >5-15%, >2-5%, >0-2%, 0%. Genes with a >15% difference
were not categorised as they were likely to be due to annotation
errors and/or overly short CDS lengths.

2.5. Assessment of genuine transcriptomic variation between the
strains

Differential expression statistics were called with DESeq2 for
each of the three pairwise strain comparisons at each of the three
map allowances. In each pairwise strain comparison at the N5
allowance, genes showing low SNP rate differences (less than 2%)
were denoted as LPGs. The number of LPGs up- and down-
regulated in each strain comparison at the N5 allowance, and
shared up- or down-regulated in two strains versus the third
strain, were totaled at both a log2 1x and log2 2x fold-change
expression threshold. Candidate anthelmintic resistance gene fam-
ilies, as defined by the published H. contortus genome annotation
(Laing et al., 2013), were specifically highlighted in that their dif-
ferential expression was compared at the N2 allowance, the N5
allowance, and the N5 allowance with high polymorphic genes
removed.

3. Results

3.1. Coding sequence polymorphism affects RNAseq read mapping
against the MHco3(ISE) reference assembly for the three different H.
contortus strains

The total combined read counts of the triplicate RNAseq data-
sets were similar among the three strains at 36,175,121,
36,025,170, and 37,584,775 reads for MHco3(ISE), MHco4(WRS),
and MHco10(CAVR), respectively. We determined the total number
of CDS SNPs present at >40% frequency, relative to the MHco3(ISE)
reference genome assembly, using whole genome sequence data-

sets independently created for each strain. A total of 701,715,
1,121,242 and 1,143,102 CDS SNPs, representing rates of 2.97%,
4.74% and 4.84% of the 23.63 MB H. contortus reference CDS anno-
tation, were present for MHco3(ISE), MHco4(WRS), and MHco10
(CAVR), respectively.

The percentage of RNAseq reads that mapped to the MHco3(ISE)
reference genome assembly, using the default SNP allowance (N2 -
allowing two SNPs or two indels per read) in TopHat2, was 60.7%,
44.8% and 47.1% for the MHco3(ISE), MHco4(WRS) and MHco10
(CAVR) strains, respectively (Fig. 1). Increasing the TopHat2 SNP
allowance parameter changed the percentage of RNAseq reads that
mapped (Fig. 1). For the MHco3(ISE) strain, the percentage of RNA-
seq reads mapping to the reference genome increased as the poly-
morphism allowance was increased from N2 to N5 (allowing five
SNPs and three indels per read) and then decreased as the allow-
ance was further increased to N10 (allowing 10 SNPs and six indels
per read) (Fig. 1). This pattern was very similar for the MHco4
(WRS) and MHco10(CAVR) strains but the maximum percentage
of reads mapping occurred at the N6 allowance, albeit at rates only
0.1% greater than at N5 (Fig. 1). The percentage of RNAseq reads
that mapped to the reference MHco3(ISE) genome assembly was
greater for the MHco3(ISE) strain than for the other two strains
at all polymorphism allowances, although the magnitude of this
difference decreased from the N2 to N10 allowance (Fig. 1).

A more detailed analysis was undertaken for the N2, N5 and
N10 polymorphism allowances at the level of gene models.
Increasing the polymorphism allowance from N2 to N5 resulted
in 12,778, 11,101, and 11,324 gene models having a >1% increase
in the number of mapped RNAseq reads for MHco3(ISE), MHco4
(WRS), and MHco10(CAVR), respectively (Fig. 2Aa). In contrast,
591, 1316, and 1563 genes showed a >1% decrease in RNAseq reads
mapped (Fig. 2Aa). Further increasing the mapping allowance from
N5 to N10 had the opposite effect, with a greater number of gene
models having a decreased rather than an increased number of
RNAseq reads mapped: a change in the polymorphism allowance
from N5 to N10 resulted in 12,529, 8139, and 8470 gene models
having a >1% decreased number of RNAseq reads mapped, com-
pared with 1092, 4682 and 4953 genes having an increased num-
ber of RNAseq reads mapped for MHco3(ISE), MHco4(WRS), and
MHco10(CAVR) strains, respectively (Fig. 2Ab).

3.2. The SNP allowance has a greater effect on RNAseq read mapping
for gene models with higher levels of sequence polymorphism

There were large differences in the SNP rates of different gene
models, relative to the MHco3(ISE) reference genome, ranging
from those with SNP rates of 0% to those above 5%. The 25,111 gene
models were binned into several different SNP rate categories to
investigate how the mapping of RNAseq reads to the reference
MHco3(ISE) genome assembly was affected by the coding region
SNP rate (Fig. 2B). The MHco4(WRS) and MHco10(CAVR) strains
had a significantly greater proportion of gene models with SNP
rates greater than 0.5% (18,910 (75.3%) and 18,886 (75.2%), respec-
tively) compared with the MHco3(ISE) strain (11,303 (45.0%)] (Z-
stat = 69.3 (P < 0.000) and 69.1 (P < 0.000), respectively) (Fig. 2B).

The effect of changing the polymorphism allowance from N2 to
N5 on RNAseq read mapping for each of the different SNP rate cat-
egories of gene models was examined for each strain (Fig. 2Ca;
Supplementary Table S1). The ratio of RNAseq reads mapping to
gene models at the N5 compared with the N2 allowance was >1
for all SNP rate categories above 0% for all three strains
(Fig. 2Ca). Furthermore, this ratio increased as the SNP rate
increased. In contrast, the ratio of RNAseq reads mapping to gene
models at the N10 allowance compared with the N5 allowance
was <1 except for gene models with a polymorphism frequency
of > 5% for strains MHco4(WRS) and MHco10(WRS) (Fig. 2Cb).
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Fig. 1. The percentage of RNAseq reads that mapped to the Haemonchus contortus MHco3(ISE) strain reference genome assembly at different TopHat2 single nucleotide
polymorphism (SNP) allowances (N2 to N10) shown for each of the three H. contortus strains MHco3(ISE), MHco4(WRS), and MHco10(CAVR).

3.3. High levels of sequence polymorphism artificially inflate between-
strain RNAseq differential expression results

We next investigated the influence of CDS polymorphism on the
RNAseq differential expression reported by DESeq2 between pair-
wise strain comparisons. We hypothesised that gene models with
large differences in SNP rates (SNPs/bp) between two strains are
more likely to be reported as differentially expressed between
those strains than gene models with smaller SNP rate differences.
To test this hypothesis, for each gene model we first determined
the difference in SNP rates (SNPs/bp) between each pairwise com-
parison of the three strains. We then plotted the difference in the
SNP rate between the two strains against the log2-fold difference
in expression called by DESeq2 for each gene model (Fig. 3). Using
the MHco4(WRS) and MHcO3(ISE) pairwise comparison as an
example, for those gene models with a higher SNP rate in MHco4
(WRS) than in MHco3(ISE), a greater number was reported by
DESeq2 as down-regulated in MHco4(WRS) relative to MHco3
(ISE) than as up-regulated (Fig. 3A). This bias towards down-
regulation increased as the SNP rate difference of gene models
between the two strains increased (Fig. 3A). For gene models with
a lower SNP rate in MHco4(WRS) than in MHco3(ISE), the opposite
trend was apparent (Fig. 3B). Similar patterns were observed in
both the MHco3(ISE) versus MHco10(CAVR) and MHco4(WRS) ver-
sus MHco10(CAVR) pairwise comparisons (Fig. 3C-F).

To further quantify how SNP rate differences between the
strains biases reporting of differential expression, we placed each
of the 25,049 gene models with SNP rate data into one of seven
“SNP rate difference” categories for each pairwise strain compar-
ison (data for the MHco3(ISE) versus MHco4(WRS) pairwise com-
parison is shown in Fig. 4, and Supplementary Tables S1, S2). The
percentage of gene models reported as differentially expressed
(with adjusted P values <0.05 and >log2 1x fold-change in expres-
sion) was lowest for the 0% SNP rate difference category and
increased as the SNP rate difference category increased (Fig. 4A).
This trend was seen at all three SNP mapping allowances
(Fig. 4A). There was also a strong relationship between the direc-
tionality of the differential expression called by DESeq2 and the
directionality of the SNP rate difference between the strains. For
SNP rate difference categories where the SNP rate was greater in
MHco4(WRS) than in MHco3(ISE) by at least 2%, the large majority
of gene models reported as differentially expressed were down-

regulated in MHco4(WRS) relative to MHco3(ISE) (396/425
(93.2%)) (Supplementary Table S2). Conversely, the large majority
of gene models with SNP rates at least 2% lower in MHco4(WRS)
than in MHco3(ISE), were up-regulated in MHco4(WRS) relative
to MHco3(ISE) (21/27 (77.8%)) (Supplementary Table S2).

3.4. Minimising the effect of sequence polymorphism differences on
differential expression analysis in pairwise strain comparisons

We next investigated ways to minimise the effect of sequence
polymorphism on global transcriptomic differential expression
analysis in pairwise strain comparisons. We first examined the
effect of changing the read mapping polymorphism allowance on
the number and bias of the differentially expressed genes reported
by DESeq2 in pairwise strain comparisons. When the polymor-
phism allowance was changed from N2 to N5 or from N5 to N10,
there was an overall decrease in the total number of differentially
expressed genes reported in all three pairwise strain comparisons
(Supplementary Table S4). This trend was generally observed for
genes in all SNP rate difference categories (see example of
MHco3(ISE) versus MHco4(WRS) pairwise comparison in Fig. 4A).
At the default N2 polymorphism allowance, DESeq2 reported more
genes down-regulated than up-regulated in both MHco4(WRS) and
MHco10(CAVR) when each was compared with MHco3(ISE) (Sup-
plementary Fig. S1; Supplementary Table S4). This bias was
reduced as the mapping allowance was increased to N5 and then
N10 (Supplementary Fig. S1; Supplementary Table S4). In contrast,
the MHco4(WRS) and MHco10(CAVR) pairwise comparison
showed a relatively equal ratio of down-regulated and up-
regulated gene numbers even at the default N2 polymorphism
allowance (Supplementary Fig. S1; Supplementary Table S2).

We then calculated the net (overall mean) differential expres-
sion (NDE) of all gene models in each of the seven “SNP rate differ-
ence” categories for each of the pairwise strain comparisons to see
if there was an overall directional bias to the data (data for the
MHco4(WRS) and MHco3(ISE) pairwise strain comparison is
shown in Fig. 4B). The NDE in the direction MHco4(WRS)
> MHco3(ISE) was greatest for those gene models in the 5-15%
MHco4(WRS) > MHco3(ISE) SNP rate difference category and least
for gene models in the 0% SNP rate difference category (Fig. 4B,
Supplementary Table S1). Conversely, the NDE in the direction
MHco4(WRS) < MHco3(ISE) was highest for gene models in the
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Fig. 2. Changes in single nucleotide polymorphism allowance (N2, N5, N10) when read mapping with TopHat?2 affects the mapping efficiency of reads from each Haemonchus
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bars) in the number of RNAseq reads mapping to them on the reference MHco3(ISE) strain genome assembly following an increase in the read mapping polymorphism
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5-15% MHco4(WRS) < MHco3(ISE) SNP rate difference category highest at the N2 polymorphism mapping allowance, and least
and least for the 0% SNP rate difference category (Fig. 4B, Supple- for the N10 polymorphism mapping allowance, in all SNP rate dif-
mentary Table S2). The NDE of gene models between strains was ference categories (Fig. 4B; Supplementary Table S2).
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Fig. 3. Scatter plots of the differential expression of gene models, as determined by DESeq2 (X-axis), plotted against their difference in single nucleotide polymorphism rate
percentage between the two strains being compared (Y-axis). Gene model data points in each pairwise comparison are split into left and right panels with the left panels (A, C,
and E) showing the gene models with higher single nucleotide polymorphism rates in one strain of each pairwise comparison and respective right panels (B, D, and F) showing
the gene models with higher single nucleotide polymorphism rates in the other pairwise strain. A and B show the MHco4(WRS) versus MHco3(ISE) comparison, C and D show
the MHco10(CAVR) versus MHco3(ISE) comparison, and E and F show the MHco4(WRS) versus MHco10(CAVR) comparison. The difference in the single nucleotide
polymorphism rate percentage between the two strains is shown on the Y-axis and plotted against reported log2 fold-change differential expression for each gene. The red
lines represent zero differential expression.

The NDE of gene models between the strains was relatively (Fig. 4B; Supplementary Table S3). This suggests that gene models
close to zero for genes of the three lowest SNP rate difference cat- with <2% difference in SNP rate between strains had a minimal bias
egories, particularly at the N5 and N10 polymorphism allowances in pairwise strain differential expression analyses. We defined
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Fig. 4. Gene models with greater single nucleotide polymorphism rate differences between two Haemonchus contortus strains show increased rates of differential expression
biased towards down-regulation in the strain with higher single nucleotide polymorphism rates. (A) The percentage of expressed gene models in each single nucleotide
polymorphism rate difference category that are differentially expressed between the MHco3(ISE) and MHco4(WRS) strains (log2 fold-change >1x; adjusted P value <0.05) for
each of the three SNP (polymorphism) allowances — N2, N5, and N10 - when mapping. (B) The net log2 fold differences in expression (NDE) of all expressed genes in each SNP
rate difference category. NDEs are shown for the N2, N5, and N10 SNP allowances when read mapping for the MHco3(ISE) versus MHco4(WRS) pairwise comparison. NDEs are
the mean values for all genes in each single nucleotide polymorphism rate difference category. Negative NDE values indicate an overall bias towards down-regulation of
genes in the MHco4(WRS) versus MHco3(ISE) strain. Positive values report an overall bias towards up-regulation of genes.

these gene models as “LPG models” in the subsequent differential
expression analysis. These represent 17,881 out of the total of
25,111 gene models in the H. contortus whole genome annotation
(71.2%) and so represent the majority of gene models (Supplemen-
tary Fig. S2).

3.5. Investigating genuine transcriptional differences between H.
contortus strains

We restricted the global transcriptomic analysis to the LPG
models, as defined in Section 3.4, and used an N5 polymorphism
allowance for read mapping to minimise the confounding effect
of inter-strain sequence polymorphism. This resulted in the inclu-
sion of 20,781, 19,397, and 22,924 gene models for the MHco4
(WRS) versus MHco3(ISE), MHco10(CAVR) versus MHco3(ISE),
and MHco4(WRS) versus MHco10(CAVR) pairwise strain compar-

isons, respectively (Supplementary Fig. S2). A set of 17,881 genes
was common to the analysis set for all three pairwise comparisons
(Supplementary Fig. S2). Normalised global expression of each of
the nine bioreplicate RNAseq datasets clustered by strain on prin-
cipal component analysis (PCA) demonstrating that there are tran-
scriptomic differences between the strains, even after the effects of
sequence polymorphism on RNAseq mapping are minimised (Sup-
plementary Fig. S3).

A total of 1125 (5.41% of LPGs), 1498 (7.72% of LPGs), and 824
(3.59% of LPGs) genes were differentially expressed at >1x log2
fold in the MHco4(WRS) versus MHco3(ISE), MHco10(CAVR) ver-
sus MHco3(ISE), and MHco4(WRS) versus MHco10(CAVR) pairwise
comparisons, respectively (Fig. 5). Of these, 134 genes (41 up-
regulated, 93 down-regulated), 259 genes (121 up-regulated, 138
down regulated), and 103 genes (40 up-regulated, 63 down regu-
lated) were >2x log2 fold differentially expressed, respectively
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Fig. 5. The total number of differentially expressed low polymorphic genes observed in each pairwise strain comparison at the N5 mapping allowance. Gene counts at both
>1x log2 fold-change (orange dots), and >2x log2 fold-change (red dots) thresholds are shown. The blue line on the Y-axis represents an adjusted P value of 0.05.

(Fig. 5). The large majority of the most differentially expressed
genes in all strains comparisons were either undescribed or had
only broad ontological classifications (Supplementary Table S5).
No previously reported ivermectin resistance candidate LPGs were
observed to be differentially expressed in at >2x log2 fold-change
expression in either of the two ivermectin resistance strains rela-
tive to the MHco3(ISE)-susceptible strain (Supplementary
Table S5).

We examined the number of genes that were differentially
expressed in more than one of the pairwise strain comparisons
to see if a set of genes was common to different pairwise compar-
isons. The highest proportion of shared differentially expressed
LPGs was between the MHco4(WRS) versus MHco3(ISE) and
MHco10(CAVR) versus MHco3(ISE) pairwise strain comparisons
(Supplementary Fig. S4). Of the 2132 gene models differentially
expressed between either MHco4(WRS) and MHco10(CAVR) ver-
sus MHco3(ISE), 491 (23.03%) were differentially expressed with
the same directionality (up- or down- regulated) in both pairwise
comparisons at >1x log2 fold change (48 gene models at >2x log2
fold change) (Supplementary Fig. S4A). Fewer genes were shared in
the other two strain combinations. Of the 2025 gene models differ-
entially expressed between either MHco3(ISE) and MHco4(WRS)
strains versus MHco10(CAVR), 297 (14.67%) gene models were dif-
ferentially expressed with the same directionality at >1 log2-fold
change (39 gene models at >2 log2-fold change) in both pairwise
comparisons (Supplementary Fig. S4B). Of the 1794 gene models
differentially expressed between either MHco3(ISE) and MHco10
(CAVR) versus MHco4(WRS), only 155 (8.64%) gene models were
differentially expressed at >1 log2-fold change (eight gene models
at >2 log2 fold change) with the same directionality in both com-
parisons (Supplementary Fig. S4C). Both these percentages repre-
sent a significantly lower proportion of differentially expressed
genes shared than were observed shared in MHco4(WRS) and
MHco10(CAVR) versus MHco3(ISE) (Z-stats = 6.8 (P <0.000), and
12.1 (P < 0.000), respectively).

3.6. Investigating the effect of sequence polymorphism on differential
expression analysis of two gene families of relevance to ivermectin
resistance research

Sixty-seven ligand-gated chloride channels (LGICs) and 86 ABC
transporters identified in the published H. contortus draft genome
(Laing et al, 2013) were examined for differential expression
between the MHco4(WRS) and MHco10(CAVR) ivermectin-
resistant strains and the susceptible MHco3(ISE) strain. Three dif-
ferent differential expression analyses were compared to assess
the impact of accounting for sequence polymorphisms differences

between the strains; using the default N2 SNP allowance on all
25,111 gene models, using the N5 SNP allowance on all 25,111
genes, and using the N5 SNP allowance on the set of 17,881 LPGs.
There was a substantial reduction in the total number of differen-
tially expressed genes reported using the N5 allowance on the LPG
gene set compared with the N2 default allowance on the full gene
set (Table 1). When comparing the two ivermectin-resistant strains
with the ivermectin-susceptible strain, only three of the LPGs -
Hco-lgc-55, Hco-pmp-6, and Hco-lgc-44 - showed differential
expression at the N5 allowance in both the MHco4(WRS) and
MHco10(CAVR) versus MHco3(ISE) pairwise comparisons. Hco-
Igc-55 had >2x log2 fold up-regulation in both cases (Table 1).

4. Discussion

Differential expression analysis, either at the single gene or
whole transcriptome level, between parasitic nematode strains
and isolates is a common experimental approach. For example, a
number of candidate anthelmintic resistance genes have been
identified by differential expression analysis of drug-resistant
and -susceptible isolates (Xu et al., 1998; Dicker et al., 2011; El-
Abdellati et al., 2011; Williamson et al., 2011). In the case of H. con-
tortus, we reasoned that the extremely high levels of sequence
polymorphism both within and between laboratory strains and
field isolates (reviewed in Gilleard and Redman (2016)), might con-
found the validity of such comparisons when using RNAseq, which
is now the central approach to conducting differential gene expres-
sion analyses. The majority of researchers use only the default
parameters of RNAseq data analysis pipelines and do not explore
the effect of different parameters on results reported (Baruzzo
et al., 2017). It has been shown, using simulated datasets, that
the parameter with the greatest impact on performance is the
number of mismatches tolerated while read mapping (Baruzzo
et al., 2017). Since this seemed likely to be a particular issue for
organisms with high levels of sequence polymorphism, we under-
took a detailed analysis to examine the extent to which this may
impact RNAseq-based differential expression analysis between H.
contortus strains, and investigated how it could be mitigated to
allow genuine transcriptional differences to be assessed. We used
TopHat2 (Kim et al., 2013) as our read mapping software as this
has been the mapping program most commonly used for RNAseq
analysis over a number of years and currently has the most cita-
tions in RNAseq literature. There are a number of alternative map-
ping tools available whose use is becoming increasingly common,
such as HISAT2 (Kim et al., 2015), which is the recommended suc-
cessor of TopHat2, but these tools are similarly sensitive to changes
in the mismatch parameter (Baruzzo et al., 2017).
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Differentially expressed Haemonchus contortus genes of ivermectin resistance candidate gene families, the ligand-gated ion channels, and ABC transporters. The respective log2
fold-change differences in expression are shown for both of the ivermectin-resistant strains - MHco4(WRS) and MHco10(CAVR) - relative to the ivermectin-susceptible reference
strain - MHco3(ISE). In each panel, all genes shown are differentially expressed at the default (N2) single nucleotide polymorphism allowance (two single nucleotide
polymorphisms allowed per read), at the N5 single nucleotide polymorphism allowance, and at the N5 SNP allowance with the highly polymorphic genes removed (i.e. only low-
polymorphic genes shown), respectively. Highly polymorphic genes comprise genes with >2% difference in single nucleotide polymorphism rate between the two strains

compared.

Ligand-gated ion channels

Up-regulated in MHco4(WRS)

Up-regulated in MHco10(CAVR)

N2 N5 N5 LPGs N2 N5 N5 LPGs
Hco-Igc-55 2.64 Hco-Igc-55 2.74 Hco-Igc-55 2.74 Hco-lgc-3 6.83 Hco-Igc-3 5.87 Hco-Igc-3 5.87
Hco-acc-2 1.15 Hco-lgc-55 2.36 Hco-lgc-55 2.33 Hco-lgc-55 2.33
Hco-Igc-39 1.11 Hco-acr-6 1.73 Hco-acr-6 1.53 Hco-acr-6 1.53
Hco-lgc-41 1.58 Hco-Igc-41 1.48 Hco-Igc-41 1.48
Hco-acc-1 1.53
Hco-mptl-1 1.32 mtpl-1 1.32 Hco-mptl-1 132
Hco-glc-2 1.06
Down-regulated in MHco4(WRS) Down-regulated in MHco10(CAVR)
Hco-glc-5 -2.56 Hco-glc-5 -1.47 Hco-lgc-7 —4.48 Hco-lgc-7 —4.30
Hco-lgc-34 —2.41 Hco-lgc-34 -1.19 Hco-lgc-34 -1.19 Hco-glc-5 -3.02 Hco-glc-5 -1.88
Hco-lgc-7 -2.30 Hco-lgc-7 -2.55 Hco-lgc-33 -2.99 Hco-lgc-33 -2.91 Hco-lgc-33 -2.91
Hco-acr-17b -1.78 Hco-lgc-43 -2.66 Hco-lgc-43 -1.37
Hco-lgc-43 -1.61 Hco-lgc-9 -2.26 Hco-lgc-9 -2.15 Hco-lgc-9 -2.15
Hco-lgc-44 -1.50 Hco-lgc-44 -1.14 Hco-lgc-44 -1.14 Hco-acr-24 -2.09 Hco-acr-24 -2.17 Hco-acr-24 -2.17
Hco-acr-24 -1.29 Hco-acr-24 —1.44 Hco-ggr-3 —2.09 Hco-ggr-3 -1.69 Hco-ggr-3 -1.69
Hco-des-2 -1.18 Hco-des-2 -1.27 Hco-des-2 -1.27 Hco-lgc-44 -1.50 Hco-lgc-44 -1.93 Hco-lgc-44 -1.93
Hco-lgc-27 -1.12 Hco-eat-2X -1.80
Hco-Igc-40 -1.07 Hco-acr-15 -1.57
Hco-lgc-50 -1.06 Hco-lgc-34 -1.26
Hco-acr-8 —1.06 Hco-acr-8 -1.30 Hco-acr-8 -1.30 Hco-acc-2 -1.13
Hco-acr-7 -1.05 Hco-acr-11 -1.13
Hco-acr-15 -1.02 Hco-lgc-45 -1.01
Hco-lgc-42 -1.01
ABC transporters
Up-regulated in MHco4(WRS) Up-regulated in MHco10(CAVR)
Hco-abt-12 1.65 Hco-wht-4 2.68 Hco-wht-4 2.07 Hco-wht-4 2.07
Hco-abt-10 1.48 Hco-mrp-3 2.54 Hco-mrp-3 1.71
Hco-mrp-7 1.25 Hco-pgp-11 1.94 Hco-pgp-11 1.26 Hco-pgp-11 1.26
Hco-abt-11 1.11 Hco-abt-10 1.85 Hco-abt-10 1.07 Hco-abt-10 1.07
Hco-abcf-1 1.02 Hco-abcf-1 1.02 Hco-abcf-1 1.02 Hco-wht-2 1.71 Hco-wht-2 1.31 Hco-wht-2 1.31
Hco-mrp-4 1.01 Hco-ced-7 1.50 Hco-ced-7 1.11 Hco-ced-7 1.11
Hco-wht-5.2 1.42 Hco-wht-5.2 1.13 Hco-wht-5.2 1.13
Hco-haf-9 1.38
Hco-pgp-10 1.28
Hco-abt-12 1.28
Hco-mrp-4 1.27
Hco-wht-5.1 1.14
Hco-abt-11 1.10
Down-regulated in MHco4(WRS) Down-regulated in MHco10(CAVR)
Hco-pmp-4 -1.89 Hco-pmp-4 -1.03 Hco-pmp-6 -2.11 Hco-pmp-6 -1.77 Hco-pmp-6 -1.77
Hco-pmp-6 -1.80 Hco-pmp-6 -2.06 Hco-pmp-6 -2.06 Hco-abcf-1X -1.90 Hco-abcf-1X -1.36
Hco-abt-4 -1.59 Hco-abt-4 -1.21 Hco-abt-2 -1.76 Hco-abt-2 -1.36
Hco-abcf-1X -1.53 Hco-abcf-1X -1.23 Hco-abcf-1X -1.23 Hco-pmp-4 -1.72 Hco-pmp-4 -1.00
Hco-pgp-9 —1.45 Hco-pgp-9 -1.13 Hco-pgp-16 -1.57
Hco-abt-2 -1.40 Hco-pgp-3 -1.50
Hco-pgp-16 -1.33 Hco-pgp-16 -1.38 Hco-pgp-9 -1.24
Hco-pgp-11 -1.32 Hco-pgp-11 -1.30 Hco-pgp-11 -1.30 Hco-pmp-7 -1.02
Hco-pmp-2 -1.29 Hco-pmp-2 -1.24 Hco-pmp-2 -1.24
Hco-abt-7 -1.07

A higher percentage of RNAseq reads mapped to the reference
genome assembly for MHco3(ISE) than for the MHco4(WRS) and
MHco10(CAVR) strains (Fig. 1). This was hypothesised to be due
to sequence polymorphism reducing read mapping efficiency and
reflecting the higher overall CDS SNP rate in the latter two strains
with respect to the MHco3(ISE)-derived reference genome
sequence (Fig. 1). This hypothesis was supported by the improve-
ment of overall read mapping efficiency achieved by increasing
SNP mapping allowance to N5 (allowing five SNPs and three indels
per read) from the default N2 value (allowing two SNPs or two
indels per read). This change in SNP mapping allowance resulted

in an increase in the number of reads mapped for a large number
of gene models (Fig. 2A). This improvement in read mapping effi-
ciency, as a result of increased SNP mapping allowance, was not
confined to the MHco4(WRS) and MHco10(CAVR) data, but also
occurred with the MHco3(ISE) data. These results suggest that
mapping efficiency is affected by both between-strain and
within-strain sequence polymorphism. We also investigated the
extent to which sequence polymorphism varied among gene mod-
els and how this affected read mapping efficiency (Fig. 2B). When
SNP allowances were increased from N2 to N5, genes with higher
levels of polymorphism showed larger proportionate increases in
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reads mapped for all three strains (Fig. 2Ca). This further illustrates
the impact of sequence polymorphism on RNAseq read mapping
efficiency and how it is greater for more polymorphic genes.

Having shown that sequence polymorphism affects RNAseq
read mapping to a reference genome assembly with TopHat2, we
next investigated how this might bias differential expression anal-
ysis using DESeq2, one of the most commonly used bioinformatic
tools for RNAseq data analysis (Figs. 3 and 4A). For each gene
model, we plotted the DESeq2 differential expression results
against the difference in SNP rate (relative to the reference genome
assembly) between the two strains being compared (Fig. 3). For
each pairwise strain comparison, gene models which had greater
differences in the level of sequence polymorphism between the
strains were more likely to be down-regulated in the strain with
the higher level of sequence polymorphism (Fig. 3). Further, this
bias increased with the magnitude of difference in polymorphism
rate of gene models between the strains (Figs. 3 and 4A). This effect
was true for all three pairwise strain comparisons, including
between the two “non-reference” MHco4(WRS) and MHco10
(CAVR) strains. There is no obvious biological reason for such dif-
ferential expression biases, based on differences in SNP polymor-
phism rates, and so we concluded this is due to the effect of
sequence polymorphism on RNAseq mapping rates.

Consequently, biases due to inter-strain differences in SNP poly-
morphism rates needed to be minimised before meaningful differ-
ential expression analysis could be performed. The first approach
to achieve this was to choose RNAseq read mapping parameters in
TopHat2 to maximise read mapping efficiency for all the strains.
Overall read mapping success peaked at the N5 or N6 SNP mapping
allowances, depending on the strain (with very little difference
between these two values (Fig. 1)). At the level of the gene model,
the clear majority of genes had higher numbers of reads mapping
at the N5 allowance than at either the N2 or N10 allowances
(Fig. 2A). Consequently, the N5 mapping allowance maximised read
mapping efficiency. Furthermore, the directional biases in the differ-
ential expression reports between strains were greatly reduced at
the N5 mapping allowance (Fig. 4A, B, Supplementary Fig. S1).
Therefore the N5 mapping allowance was considered optimal to
use for further analysis. However, optimising the SNP mapping
allowance did not completely remove the directional expression
biases. For example, even at the N5 SNP mapping allowance,
although the directional expression bias was close to zero for genes
with SNP rate differences between strains of <2%, it persisted for
genes with a difference in SNP rate of >2% (Fig. 4B). This led us to con-
clude that it was not possible to reliably measure differential expres-
sion for those genes with >2% SNP rate differences between strains,
even at the N5 read mapping allowance. Consequently, we pre-
cluded these genes from subsequent transcriptomic analysis. These
results have important implications for differential expression anal-
ysis between different strains/isolates of organisms with high levels
of genetic diversity and suggest that sequence polymorphism needs
to be defined and accounted for as part of the analysis. There are a
number of other read mapping tools available for RNAseq analysis,
some of which, although less widely used than TopHat2, may be less
impacted by high levels of sequence polymorphism (Baruzzo et al.,
2017). TopHat2 is still widely used, but it is noteworthy that the
mapping tool which is increasingly used in its place, HISAT2, is only
slightly less sensitive to changes in mismatch parameters using sim-
ulated datasets (Baruzzo et al., 2017). Other read mapping tools such
as NovoAlign (http://www.novocraft.com/products/novoalign/) or
GSNAP (Wu and Nacu, 2010), that may be less impacted by sequence
polymorphism, deserve more exploration for use in RNAseq differ-
ential expression pipelines for organisms such as H. contortus with
high levels of genetic variation.

Pairwise comparisons of three genetically divergent strains of H.
contortus revealed large numbers of differentially expressed genes,

even after the confounding effects of sequence polymorphism were
removed (Fig. 5). The proportion of differentially expressed genes
between the H. contortus strains far exceed those previously
observed in inter-population studies of vertebrate species such as
human and mouse (Bottomly et al., 2011; Li et al., 2014), and it
is greater than has been reported between different strains of C.
elegans (N2/Bristol and CB4856/Hawaiian strains) (Capra et al.,
2008; Francesconi and Lehner, 2014). This remarkably large num-
ber of differentially expressed genes between these H. contortus
strains may have many different phenotypic traits which could
have a variety of implications for their life history traits, epidemi-
ology, pathogenicity and susceptibility to drugs and/or vaccines.
This reflects the high genetic diversity of H. contortus and of these
particular strains. MHco3(ISE), MHco4(WRS) and MHco10(CAVR)
are derived from field isolates obtained from different continents
and are highly genetically divergent (Redman et al., 2008, 2012;
Gilleard and Redman, 2016). For example, the levels of genetic
diversity (fixation index (Fst) values) between strains based on
microsatellite genotyping ranged from 0.1530 to 0.2696 which is
as high or higher than some closely related species in some cases
(Redman et al., 2008; Prado-Martinez et al., 2013; Romiguier
et al., 2014). Further, although the nematode body plan is superfi-
cially simple, a variety of morphological and morphometric traits
vary between these three strains, including vulval morphology,
oesophagus length, and spicule length in males as well as the
extent of the synlophe cuticular ridges in females (Gilleard and
Redman, 2016; Sargison et al., 2019). Also, there is evidence of
lethality of some hybrid progeny of these strains (Sargison et al.,
2019).

The results of this study also have important implications for
anthelmintic resistance research which, until very recently, has
been dominated by candidate gene studies (Gilleard, 2013, 2006;
Rezansoff et al., 2016). In the case of ivermectin resistance, such
studies have so far failed to identify the key loci or genes involved
in resistance for any parasitic nematode, including H. contortus
(Gilleard, 2013). One common component of candidate gene stud-
ies has been to compare the expression levels of specific candidate
genes between a small number of ivermectin-resistant and -
susceptible parasite strains (Xu et al., 1998; Dicker et al., 2011;
El-Abdellati et al., 2011; Williamson et al., 2011). It is common
for such studies to report differences in expression between resis-
tant and susceptible strains for candidate genes such as P-
glycoproteins (PGPs) or LGICs. These differences are commonly
used as circumstantial evidence for a role in resistance. Our results
here show the context in which such studies should be interpreted
as a very large number of genes are differentially expressed in pair-
wise comparisons of genetically divergent H. contortus strains
(Fig. 5). LPGs (824-1498) were differentially expressed between
the strains in the study at a level of 2-fold and an adjusted statis-
tical significance of P < 0.05 (as called by DESeq2). This highlights
the inherently high levels of “background” transcriptomic varia-
tion that occur between genetically divergent H. contortus strains.
Consequently, care must be taken when interpreting a suggested
association of differential expression of a gene with a drug resis-
tance phenotype when a small number of genes are compared
between a small number of drug-resistant and -susceptible strains.
This is particularly the case when the degree of genetic differenti-
ation or the general level of transcriptomic difference that exists
between the strains has not been assessed.

Recently, studies analysing the expression of small numbers of
candidate genes are being replaced with more global transcrip-
tomic studies. The draft H. contortus genome and its recent
improvement into a chromosomal level assembly is making such
studies increasingly feasible on a genome-wide scale (Laing et al.,
2013; Doyle et al., 2018). The work presented here also has
important implications for global transcriptomic comparisons of
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drug-resistant and -susceptible strains. Two gene families often
suggested to be involved in ivermectin resistance are the LGICs
and ABC transporter genes (Laing et al.,, 2013). We used the gene
models in the H. contortus draft annotation to assess how many
members of these gene families were differentially expressed
between the MHco4(WRS) and MHco10(CAVR) ivermectin-
resistant strains and the MHco3(ISE) susceptible strain using the
default polymorphism allowance (N2), the optimised polymorphism
allowance (N5), and the polymorphism allowance (N5) but removing
the highly polymorphic gene set (Table 1). We found there was a
dramatic reduction in the number of members of these genes fami-
lies that were determined to be differentially expressed when poly-
morphism allowance was increased to the optimal N5 allowance
(Table 1). A further reduction was apparent when the most highly
polymorphic genes were discarded from the analysis (Table 1).

These results highlight the fact that a substantial number of dif-
ferentially expressed genes reported are likely to be artifacts
caused by differences in sequence polymorphism between the
strains being compared which are not accounted for. In the case
of our analysis, accounting for sequence polymorphism reveals a
smaller number of differentially expressed candidate genes per-
haps worthy of further investigation. The ABC transporter Hco-
pmp-6, and two LGICs - Hco-Igc-55 and Hco-lgc-44 - were differen-
tially expressed with the same directionality in both ivermectin-
resistant strains relative to the MHco3(ISE) strain. Hco-Igc-55 is a
tyramine-gated chloride channel whose C. elegans homologue,
Cel-lgc-55, is expressed in the pharynx and is involved in worm
motility (Ringstad et al., 2009; Rao et al., 2010). The ABC trans-
porter Hco-wht-4, and the LGICs Hco-lgc-3, Hco-lgc-33, Hco-lgc-9,
and Hco-acr-24, were other genes with a >2x log2 fold-change dif-
ferential expression in the MHco10(CAVR) strain, although these
genes were not differentially expressed in the other resistant
strain, MHco4(WRS). Hco-Igc-3 was the gene with the highest level
of up-regulation across both these gene families, being differen-
tially expressed at greater than 50-fold in MHco3(CAVR) relative
to MHco3(ISE) (Table 1). The gene may be considered of interest
given its homology to a paralogous pair of C. elegans proton-
gated ion channels, Cel-pbo-5 and Cel-pbo-6, which are required
for normal posterior muscle function (Beg et al., 2008). However,
further functional and genetic studies are required before making
any inferences of the potential role of these genes in mediating
the ivermectin resistance phenotype of H. contortus.
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