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Abstract

Background

We provide a reproducible and scalable Snakemake workflow, called RNA-Seq-Pop, which provides end-to-
end analysis of RNA-Seq data sets. The workflow allows the user to perform quality control, differential
expression analyses, call genomic variants and generate a range of summary statistics. Additional options
include the calculation of allele frequencies of variants of interest, summaries of genetic variation and
population structure (in measures such as nucleotide diversity, Watterson’s 6, and PCA), and genome wide

selection scans (Fg, PBS), together with clear visualisations. We demonstrate the utility of the workflow by
investigating pyrethroid-resistance in selected strains of the major malaria mosquito, Anopheles gambiae.
The workflow provides additional modules specifically for An. gambiae, including estimating recent ancestry
and determining the karyotype of common chromosomal inversions.

Results

The Busia lab-colony used for selections was collected in Busia, Uganda, in November 2018. We performed
a comparative analysis of three groups: a parental G24 Busia strain; its deltamethrin-selected G28 offspring;
and the susceptible reference strain Kisumu. Measures of genetic diversity reveal patterns consistent with
that of laboratory colonisation and selection, with the parental Busia strain exhibiting the highest
nucleotide diversity of 1.04x107, followed by the selected Busia offspring (7.1x10), and finally, Kisumu
(6.2x10™). Differential expression and variant analyses reveal that the selected Busia colony exhibits a
number of distinct mechanisms of pyrethroid resistance, including the Vgsc-995S target-site mutation,
upregulation of SAP genes, P450s, and a cluster of carboxylesterases. During deltamethrin selections, the
2La chromosomal inversion rose in frequency (from 33% to 86%), suggesting a link with pyrethroid
resistance, which was previously observed in field samples from the same region. RNA-Seq-Pop analysis also
reveals that the most widely-used insecticide-susceptible An. gambiae strain, Kisumu, appears to be a
hybrid strain of An. gambiae and its sibling species An. coluzzii, which should be taken into consideration in
future research.

RNA-Seqg-Pop is designed for ease of use, does not require programming skills and integrates the package
manager Conda to ensure that all dependencies are automatically installed for the user. We anticipate that
the workflow will provide a useful tool to facilitate reproducible, transcriptomic studies in An. gambiae and
other taxa.
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Introduction

Transcriptomics is central to our understanding of how genetic variation influences phenotype (Stark et al.,
2019). In recent years, RNA-Sequencing has replaced microarray technologies for whole-transcriptome
profiling, providing a relatively unbiased view of transcript expression (Zhao et al., 2014) with associated
higher sensitivity and greater dynamic range (Lowe et al., 2017). The utility of RNA-seq is exemplified by the
vast amounts of data accruing (Van den Berge et al., 2019), and in the many discoveries it has revealed -
such as the extent of alternative splicing, and the biology of non-coding RNAs (Stark et al., 2019; Wang et
al., 2010; Wang & Burge, 2008).

In recent years, various computational workflows have been developed to analyse RNA-Seq data in a
reproducible manner (Lataretu & Holzer, 2020; Zhang & Jonassen, 2019), however, these workflows are
designed with the primary aim of differential expression analysis (DEA) and leave a large amount of
untapped sequence-based information. In our own area of research, vector genomics, a scan of the
literature revealed thirty-three RNA-Sequencing studies (supplementary table 1), of which only five
interrogated the sequence data (Bonizzoni et al., 2015; David et al., 2014; Faucon et al., 2017; Kang et al.,
2021; Messenger et al., 2021). A barrier to exploiting the full range of information contained within RNA-
Seq data sets has been the absence of comprehensive, user-friendly pipelines which permit easily
reproducible analysis (Griining et al., 2018) and enable comparisons across studies.

In this study, using the workflow management system Snakemake (Molder et al., 2021), we present a
reproducible computational workflow, RNA-Seq-Pop, for the analysis of lllumina RNA-Sequencing datasets.
The workflow is applicable to any paired-end Illumina RNA-Sequencing data. However, we also present
modules specifically of interest in the analysis of the major malaria mosquito, Anopheles gambiae s.l., and
demonstrate their use in a study of pyrethroid-resistance in a strain of An. gambiae from Busia, Uganda.

Pyrethroids are the most widely used class of insecticide in malaria control, and over the past two decades,
resistance in malaria vectors has spread throughout sub-Saharan Africa, posing a threat to vector control
efforts (Ranson, 2017). In this period, the incrimination of genes involved in insecticide-resistant
phenotypes of Anopheles gambiae has been primarily based on transcriptomic studies. For many years,
these were performed using microarrays; synthesis of which has highlighted the repeatable overexpression
of a handful of genes involved in detoxification, confirming well-established cytochrome P450s as
candidates, whilst also implicating more diverse genes such as ABC transporters and sensory appendage
proteins (Ingham et al., 2018). Yet to date, relatively few diagnostic markers have been identified, and
important genes have been missed by standard transcriptomic analyses (Njoroge et al., 2021). These
shortcomings illustrate the need for a more comprehensive approach to marker discovery. While whole-
genome sequencing is providing valuable information on known and novel resistance variants (Clarkson et
al., 2021; The Anopheles gambiae 1000 Genomes Consortium, 2020) exploiting the sequence data within
RNA-Seq can help bridge the step from transcriptomics to genomics.

In Uganda, pyrethroid resistance has escalated in recent years (Lynd et al., 2019; Tchouakui et al., 2021). As
well as the Vgsc-995S mutation, which has repeatedly been associated with pyrethroid-resistance, recent
genomic studies from this region have shown that a triple-mutant haplotype, linking a transposable
element, a gene duplication (Cyp6aal) and a non-synonymous mutation Cypép4-1236M, is an important
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marker of pyrethroid resistance (Njoroge et al., 2021). A SNP-array based GWAS also demonstrated the
Cyp4J5-L43F mutation to be a useful marker for insecticide resistance, whilst also implicating the 2La
inversion karyotype as a potential marker (Weetman et al., 2018). We use RNA-Seg-Pop to uncover
patterns of insecticide resistance in Ugandan An. gambiae, monitoring these resistance-associated

mutations, whilst performing differential expression analyses, summarising genetic variation and ancestry,
and karyotyping chromosomal inversions.

Materials & Methods

RNA-Seq-Pop implementation

We designed the RNA-Seq-Pop workflow according to Snakemake best practices (Koster, 2022). RNA-Seq-
Pop is constructed with a single configuration file in human-readable yaml format (the config file), alongside
a simple tab-separated text file containing sample metadata (the sample sheet). The overall RNA-Seq-Pop
workflow is shown in figure 1.

Dependencies are internally managed by the package manager Conda; to install all required software,
specify the --use-conda directive at the command line, and Conda will automatically create isolated
software environments in which to run. As of v1.0.0, RNA-Seg-Pop modules are written in Python (75% of
the codebase) and R (25%), and internally, the workflow utilises a library (RNASeqPopTools) which
providethe infrastructure to the Python codebase, to ensure readability. We provide a tutorial in the GitHub
wiki to guide users on how to set up and run RNA-Seqg-Pop.
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Figure 1: The RNA-Seq-Pop workflow and example outputs. The workflow has been designed for ease of
use, requiring only a configuration file to set up workflow choices and a sample sheet to provide sample
metadata. Modules highlighted in green are specific to An. gambiae s.1.

Quality Control

The workflow begins by checking concordance between the user-provided sample metadata, configuration
file, and reference and fastq files. Quality control metrics of fastq files are calculated with fastqc (Andrews,
2010), and logs and statistics from eight tools in the workflow are integrated into a report with MultiQC
(Ewels et al., 2016). Raw fastq reads may be optionally trimmed with cutadapt (Martin, 2011).

Differential expression

Trimmed reads are aligned to the reference transcriptome with Kallisto (Bray et al., 2015) and differential
expression performed at the gene-level with DESeq2 (Love et al., 2014) and at the isoform-level with sleuth
(Pimentel et al., 2017). The gene-level counts are normalised to account for sequencing depth, and principal
components analysis (PCA) and Pearson’s correlation performed among all samples, and on subsets of the
user-selected treatment groups used in differential expression analysis. Plots of these analyses are useful for
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exploratory data visualisation, providing an additional quality control step to ensure expected relationships

between samples. RNA-Seq-Pop combines differential expression results from multiple pairwise
comparisons into a Microsoft Excel spreadsheet for the user, as well as generating individual .csv files,
volcano plots, and identifying the number of differentially expressed genes at various FDR-adjusted p-value
thresholds. We use the R package fgsea (Korotkevich et al.,, 2021) for GO term and KEGG pathway
enrichment analysis, on the most highly ranked genes based on differential expression (FDR-adjusted) p-
values and, and optionally Fs; values.

Variant calling

Reads are aligned to the reference genome with HISAT2 (Kim et al., 2019) and read duplicates marked with
samblaster (Faust & Hall, 2014) producing binary alignment files (BAM), which are sorted by genomic
coordinate and indexed with SAMtools v1.19 (Danecek et al., 2021). SNPs are then called with the Bayesian
haplotype-based caller freebayes v1.3.2 (Garrison & Marth, 2012). SNPs are called jointly on all samples,
with different treatment groups called as separate populations, at the ploidy level provided by the user in
the configuration file. The workflow internally parallelises freebayes by splitting the genome into small
regions, greatly reducing overall computation time. The separated genomic regions are then concatenated
with bcftools v1.19 (Danecek et al., 2021) and the final VCF piped through vcfuniq (Garrison et al., 2021), to
filter out any duplicate calls that may occur at the genomic intervals between chunks. Called variants are
then annotated using snpEff v5.0 (Cingolani et al., 2012).

Variant analysis & selection

RNA-Seq-Pop can then perform analyses on the variants called by freebayes. We apply filters to the data,
including restricting to SNPs (excluding indel calls) and applying missingness and quality filters. We
recommend using a quality score of 30 and a missingness proportion of 1, meaning a variant call (reference
or alternate allele) must be present in each sample, i.e there are no missing allele calls. For each pairwise
comparison specified in the config file, the workflow can perform a windowed Hudson’s Fs; scan (Bhatia et
al., 2013; Hudson et al., 1992) along each chromosomal arm, outputting windowed Fs; estimates and
genome-wide plots. Population branch statistic (PBS) scans may also be performed, conditional on the
presence of three suitable populations for the phenotype(s) of interest (Yi et al., 2010). It is also possible to
run Hudson’s Fsr and PBS scans, taking the average for each protein-coding gene, rather than in windows. All
population genetic statistics are calculated in scikit-allel v1.2.1. (Miles & Harding, 2017). We also provide a
script (geneScan.py) to interrogate the VCF files, reporting missense variants from any gene of the user’s
choice. A tab-separated file of variants of interest can be provided, from which the workflow will produce
allele frequency heatmaps for each biological replicate and averaged across treatment groups. We define
the expressed allele balance as the allele frequency at a genomic location in the aligned read data - for this
analysis, RNA-Seq-Pop does not use variants called by freebayes, but instead calculates the proportion of
each allele directly in bam files. An example variant of interest file for An. gambiae is provided in the RNA-
Seq-Pop GitHub repository.

All analyses described thus far can be conducted across all taxa of any ploidy, requiring only a reference
genome (.fa), transcriptome (.fa), and genome annotation files (.gff3).
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Anopheles gambiae s.| specific analyses

For Anopheles gambiae s.| datasets we have exploited the Anopheles gambiae 1000 genomes resource
(Miles et al., 2017; The Anopheles gambiae 1000 Genomes Consortium, 2020), to incorporate H12 and iHS
(Garud et al., 2015) genomic selective sweep analysis. The workflow outputs the differentially expressed
gene's genomic location, the specific sweep signals present in the Ag1000g resource at that genomic
location, and whether the region is a known insecticide resistance-associated locus. We caution that this
kind of analysis is exploratory: many genes will be contained within selective sweeps, and may not have a
causal link to phenotypic variation.

Population structure, ancestry and karyotyping

To investigate population structure, we apply SNP quality and missingness filters to the SNP data, which can
be configured by the user. Multiple measures of population genetic diversity are estimated for each sample,
such as nucleotide diversity (1), Watterson’s 6 (Watterson, 1975), and inbreeding coefficients. We then
prune SNPs in high linkage by excluding variants above an R? threshold of 0.01 in sliding windows of 500
SNPs with a step size of 250 SNPs, and perform a PCA on the remaining SNPs. If the analysed species is An.
gambiae, An. coluzzii, or An. arabiensis, the pipeline can implement an analysis of putative ancestry
informative markers (AIMs). The AlMs were derived from two different datasets. The An. gambiae/An.
coluzzii AIMs derive from the 16 genomes project (Neafsey et al., 2015) and in West Africa may distinguish
between individuals with An. gambiae or An. coluzzii ancestry. The An. gambcolu/An. arabiensis AlMs are
derived from phase 3 of the Anopheles gambiae 1000 genomes project, and distinguish between individuals
with either An. gambiae or An. coluzzi ancestry from An. arabiensis. The relative proportion of ancestry is
reported and visualised for the whole genome by chromosome. We modified the program compkaryo (Love
et al., 2019) to enable the identification of common inversions on chromosome 2 in pooled samples.

Busia RNA-Seq

Mosquito lines

We used a pyrethroid-resistant colony of Anopheles gambiae s.s from Busia, Uganda, alongside the
standard multi-insecticide-susceptible reference strain, Kisumu. After 24 generations in colony, we stored
RNA from the Busia strain (Busia parental), and selected the remaining colony using 0.05% deltamethrin
papers in WHO tube assays for 4 generations (full details of the selection regime can be found in the
supplementary text 2). We exposed females from the selected generation (G28) for one hour to 0.05%
deltamethrin WHO papers using standard protocols, left for 24 hours post-exposure, and survivors were
stored at -80°C prior to RNA extraction (Busia selected). Unexposed, age-matched Kisumu females were
used as controls and stored in -80°C prior to RNA extraction.

Library prep

We extracted RNA from pools of five, 4-day old female mosquitoes using a Picopure RNA isolation kit
(Arcturus, Applied Biosystems, USA). We performed six replicates for each Busia-derived treatment group,
and four for Kisumu. Library quality and quantity were determined on a Tapestation 2200 (Agilent, UK) using
high sensitivity RNA screentape. Paired-end 150bp RNA-Sequencing libraries were prepared and sequenced
by Novogene (https://en.novogene.com/), on an lllumina NovaSeq 6000 system.
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Results

Busia resistance phenotyping

The parental G24 An. gambiae Busia strain had lost much of its pyrethroid resistance during the time in
culture and exhibited susceptibility to deltamethrin (100% mortality, 96.3-100 95% Cls) and low-prevalence
resistance to permethrin (92.6% mortality, 85.6-96.4 95% Cls). Four generations of deltamethrin selections,
demonstrated this loss to be readily reversible and resulted in a G28 selected Busia strain that showed
increased resistance to both deltamethrin (69.7% mortality, 63.2-75.6 95% Cls) and permethrin (21.7%
mortality, 14.9-30.5 95% Cls) when exposed for one hour in WHO tube assays. We compared the two Busia
strains to one another, and to the pyrethroid-susceptible reference strain, Kisumu.

RNA-Sequencing
As an illustrative example of the modules and output of the RNA-Seg-Pop workflow, we will describe the
analysis of the Busia RNA-Seq dataset.

Quality control

We used RNA-Seq-Pop to import FASTQ data files into FastQC (Andrews, 2010) to determine levels of
adaptor content, quality scores, sequence duplication levels and GC content in the raw read data. After
genome alignment, we applied rseqQC and SAMtools to collect mapping statistics from the resulting BAM
files. We then integrated MultiQC into the workflow, which collates statistics and results from eight tools to
generate a convenient, interactive (.html) quality control report. Figure 2 shows reports generated by
multiQC on the Busia An. gambiae dataset.
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Figure 2: MultiQC captures quality control statistics from across the RNA-Seq-Pop workflow. a) per-base sequence
content as calculated by FASTQC b) Total reads and number of successfully aligned reads to the reference
transcriptome by Kallisto. c) The number of reads that were successfully mapped to the reference genome with HISAT2
d) The proportion of missense, synonymous and nonsense SNPs reported by snpEff.

We removed adapter sequences from the paired-end reads and aligned them to the Anopheles gambiae
PEST reference transcriptome (AgamP4.12) (Figure 2b). 844.25 million reads were processed in total, with
727.84 million successfully aligned, giving an overall 85.58% alignment rate (+/- 0.206% standard error)
across sixteen total replicates. The breakdown of reads counted per sample can be found in supplementary
Figure 3.

As a further quality control step, and to uncover the overarching relationships of gene expression between
samples, RNA-Seq-Pop performs a principal components analysis (Figure 3a), and a sample-to-sample
correlation heatmap (Figure 3b) on the DESeq2 normalised count data. In both analyses, biological
replicates of each treatment group clustered together, supporting robust replication in these samples.
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Figure 3: Exploratory sample clustering. a) Principal Components Analysis of the normalised read count data, showing
clear separation between conditions b) A sample-to-sample Pearson’s correlation heatmap of normalised read counts
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Differential expression

We compared the selected Busia strain primarily
to the parental strain, and also to the lab-
susceptible Kisumu, which provides a cross-
reference with earlier studies, as well as an extra
level of filtering to identify candidate genes. Our
DESeq?2 differential expression analysis (Wald test)
identified 5416 differentially expressed genes
between Kisumu and the parental Busia line and
5657 between the parental Busia and selected
Busia. The full table of differentially expressed
genes in all comparisons can be found in the
supplementary file S1, and volcano plots in
supplementary figures 4a, b, c.
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interact with insecticides were significantly
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Figure 4: A volcano plot showing gene expression differences
between Busia Parental and Busia Selected. -Log10 P-values are
plotted against Log2 Fold Change. Red=genes with adjusted p-
value < 0.05 and an absolute fold change > 2, green= adjusted
pvalue > 0.05 and a fold change > 2, blue= adjusted pvalue >
0.05 and a fold change < 2. An outlier (AGAP012637) has been
removed for visualisation purposes.
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differentially expressed, for example, 51 cytochrome P450s, 23 carboxylesterases and 20 ABC transporters.
All three sensory appendage protein (Sap) genes in the An. gambiae genome were significantly
overexpressed in the selected Busia strain compared to the parental Busia line. Sap2 showed 10.7 fold
overexpression (6.5-17.5 95% Cls), while Sap1 exhibited 1.8-fold (1.36-2.44 95% Cls) and Sap3 2-fold (1.58-
2.51 95% Cls) overexpression.

Using an option within RNA-Seqg-Pop that compares expression trends across multiple comparisons, we
identified a cluster of carboxylesterases which were overexpressed in Busia (G24) vs Kisumu and in Busia
(G28) vs Busia (G24). In the latter comparison, Coebe2c showed a fold change of 1.69 (1.3-2.1 95% Cls),
Coebe3c 3.05 (1.6-5.9 95% Cls) and Coebe4dc 1.61 (1.2-2.2 95% Cls). We examined whether any selective
sweeps were observed around these loci in the Ag1000g phase 1 data set and identified one in the An.
gambiae Gabon population, although not in the Ugandan sample.

Variant calling

We enabled RNA-Seq-Pop to call genomic variants with freebayes and output data in VCF format. Across all
chromosomes, and after filtering, RNA-Seq-Pop called 734,269 variants. Figure 5 shows a visual
representation of genome composition in the Anopheles gambiae PEST reference genome, and the
proportion of SNPs covered by each genomic feature in our genotype calls. The An. gambiae genome
consists of 54% intergenic and 46% genic sequence (of which 14% are exonic, and 32% intronic). Given the
nature of RNA-Seq, we expected to primarily find SNPs in coding regions of the genome, which are
expressed. Indeed, of these 734,269 variants, we find 73% residing within exons, 11% in introns, and 16% in
intergenic regions. The finding of 16% of SNPs in intergenic regions is likely to be explained by expression of
non-coding RNAs, and the misannotation of transcripts - particularly 5 and 3’ UTRs. The workflow
automatically annotates the called variants with snpEff - across all exons, 16.4% of variants were annotated
as non-synonymous, and 58.1% as synonymous.

AgamP4 reference - - Intergenic
[ 9% | [54% ]
Dataset SNPs- >5'UIR 3' UTR Intergenic
(%] [20%] (16%]
0

Proportion of Genome

1

Figure 5: SNPs from RNA-Seq are enriched in transcribed regions. lllustration of the proportion of SNPs found within
each genomic feature in the AgamP4 reference genome (Upper panel) and in the combined Busia and Kisumu
Anopheles gambiae RNA-Seq dataset (Lower panel).

There was a positive correlation between read counts per gene, and the number of called SNPs per gene
when controlling for gene size (GLM - coef=0.135, pval=2.2e™*, supplementary Table 5). A PCA based upon
read count data, was not qualitatively different from the PCA on expression data (Figure 3 and
supplementary Figure 6).
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Genetic diversity

Table 1 shows genome-wide nucleotide diversity () and Watterson’s 6, averaged across 20kb non-
overlapping windows. To standardise sample size we down-sampled both Busia strains from six to four
replicates. Both measures of genetic diversity were significantly lower in the Kisumu strain compared to the
two Busia strains, as would be expected after a long history of laboratory colonisation. The selected Busia
line also shows a reduction in genetic diversity compared to its founding strain, the parental Busia colony.

Table 1: Genetic Diversity. Average measures of genetic diversity, calculated in 20kb overlapping windows,
across chromosomal arms. a) i, Nucleotide diversity b) ©, Watterson’s theta

1 (95% Cls) @ (95% Cls)

Busia Parental  1.04x107 (1.02x103-1.07x10?) 7.4x10* (7.23x10%-7.57x10%)
Busia Selected 7.07x10™* (6.87x10™-7.27x10™*) 5.51x10™ (5.37x10*-5.65x10)
Kisumu 6.18x10™ (6.0x10"-6.35x10™) 4.06x10™* (3.95x10*-4.18x10™)

Known insecticide resistance variants of interest

If provided with a list of user-defined variants of interest, RNA-Seq-Pop will generate reports and plots of
allele balance (the allele frequency found in the read alignments). For our variants of interest, we curated a
selection of SNPs which have been associated with insecticide resistance in previous studies. Figure 6 shows
allele frequencies of variants of interest across all samples. We show that over the four generations of
selections, the frequency of the Vgsc-995S kdr allele increased from 25% (95% Cls: 21.5-29.8%) in G24 to
fixation (100%) in the selected G28 Busia strain. In agreement with recent work from the Ag1000g project,
we found no known secondary kdr mutations alongside the Vgsc-995S allele (Clarkson et al., 2021).

21:2390177 VGSC | R254K-
21:2391228 VGSC | v402L
21:2399997 VGSC | D466H -
2L:2416980 VGSC | T791M-
21:2422651 VGSC | 199551 @ | @ | & = = I ENEE = I o
2L:2422652 VGSC | L995F-
212429617 VGSC | 11527T-
2L:2429745 VGSC | N1570Y -
21:2430424 VGSC | A17465 o6
2L:2430817 VGSC | V1853I-
2L:2430863 VGS5C | 11868T
2L:2430880 VGSC | P1874S-
21:2430881 VGS5C | P1874L
2L:2431019 VGSC | F1920S- o1
2L:2431079 VGSC | 11940T o1
2L:25429235 Rdl | A2965 -
21:25429236 Rd| | A296G- 02
20125635973 Creays | La3r N NI ENENEN - ¢ - N -
2R:28497967 CYPep4 | 1236M JEOIIN RSN © EEREREa 14 o5 o
2R:3492074 ACEL | G2805-
3R:28598062 GSTez |L119v|{ @& o =  ENEREN > u EX
3R:28598166 GSTe2 |1114T = - EEEEEEEE Ea .

Variant Of Interest

Figure 6: Variants of Interest. A heatmap showing allele frequencies of variants of interest found in read data in a)
each sample and b) overall average allele frequency across strains. Blank cells indicate that the mutant allele was not
detected despite reads across that genomic position.
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In addition, the Cyp4j5-L43F mutation, previously associated with insecticide resistance in Uganda, showed
a large increase in frequency after the selection regime, increasing from an average frequency of 43% (95%
Cls: 32-54%) to 98% (95% Cls: 94-100%). The Gste2-1114T mutation, associated with DDT resistance, was
absent in both Busia strains, however surprisingly, it was present at high frequency (92%) in the pyrethroid
susceptible Kisumu reference strain. Another mutation, Gste2-L119V, increased in frequency from 11% (95%
Cls: 9-13%) to 52% (95% Cls: 47-58%). The Cypbp4-1236M mutation, linked to a swept haplotype in Uganda,
was present in Busia samples, but there was no significant difference in frequency between the parental
(39%, 95% Cls: 29-53%) and selected groups (38%, 95% Cls: 26-52%). In agreement with these differences in

frequency of known insecticide-resistance variants, we find Fg values in both the Vgsc and Cyp4J5 genes in
the top 5% percentile between the G24 parental Busia strain and the G28 selected Busia strain, but not in
Cyp6P4 (89" percentile).

The Ace-1-G280S mutation was absent from all samples. A single allele of the rdI-A296G mutation was
detected in the Parental Busia strain, however, this could have resulted from a base-calling error in the
sequencing reads. Complete allele balance data for all variants of interest can be found in the
supplementary file S2. We looked within the primary candidate gene from differential expression analysis,
Sap2, for allele frequency changes, but no non-synonymous variants were present in the data.

Selection

The workflow permits calculation of Fs and the population branch statistic (PBS) both in windows as
genome-wide selection scans (GWSS) and within each gene. In the context of insecticide resistance,
finding regions of high genetic differentiation between susceptible and resistant mosquito populations can
allow us to identify loci or variants that contribute to the phenotype. We found high overall levels of F

between the parental Busia and the selected Busia, however, Fs on chromosomal arm 2L was especially
elevated as compared to the other arms (supplementary Table 8). In the Busia data, the GWSS'’s exhibit a
large degree of noise, which may result from the inbred nature of the colonies used in this analysis. In other
datasets from F1 An. gambiae (examples in supplementary figure 11), the genome-wide selection scans are
able to capture signals at sites of known selective sweeps.

Chromosomal Inversions

We estimated the karyotype of the samples with compkaryo for the 2La and 2Rb chromosomal inversions,
by extracting karyotype-tagging SNPs. We focus on these two inversions because both contain a large
number of tagging SNPs, providing confidence in the overall calls. Figure 7 shows a diagram of the An.
gambiae genome, with the location and average karyotype frequency per group. After the four generations
of selections, the 2La inversion rose significantly in frequency from an average of 33% to 86% (Mann-
Whitney U, Adjusted P-value = 0.014), where 0% means no 2La alleles across all tagSNP loci, and 100%
means all 2La alleles across all tagSNP loci. The frequency of the 2Rb inversion was also significantly
different between Kisumu and both Busia colonies (Mann-Whitney U, Adjusted P-values < 0.05).
Supplementary figure 10 shows the per-replicate karyotype frequency.

13


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop
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Figure 7: Ancestry and karyotyping. Left) A diagram of the mosquito chromosomal arms, including heterochromatin
regions (black). Ancestry informative markers that are indicative of either An. gambiae (red) or An. coluzzii (blue) are
displayed as vertical lines. The major inversions 2La and 2Rb are displayed, along with their respective average
frequency amongst treatment groups, as called by the program compkaryo. Right) A donut chart of the proportion of
ancestry informative markers that are indicative of either An. gambiae (red) or An. coluzzii (blue) ancestry for each
sample. The overall proportion of gambiae alleles (%) and the number of called AIMs (n=) per group is labelled.

BusiaSelected

Ancestry

Ancestry informative markers are SNPs which show fixed (or almost fixed) differences between species.
RNA-Seq-Pop can utilise sets of Ancestry Informative markers to investigate the proportion of ancestry for
each chromosome assigned to either An. gambiae, An. coluzzii or An. arabiensis. Figure 7 shows the
position of called AIM alleles that map to either An. gambiae or An. coluzzii across the genome. This shows
that the Busia samples were primarily of An. gambiae s.s ancestry across all chromosomes, in concordance
with the X chromosome-based SINE species ID assay (Santolomazza et al., 2008). However, the pattern was
markedly different for the susceptible reference strain, Kisumu, which showed a large degree of putative An.
coluzzii ancestry on the autosomes (supplementary table 9).

Discussion

RNA-Seq-Pop Implementation

RNA-Seq-Pop encompasses a complete workflow for RNA-Sequencing analysis, from quality control and
read trimming, to transcript quantification and differential expression analysis (DEA). However, as well as
conducting traditional differential expression analyses at both the gene and isoform level, RNA-Seq-Pop
exploits useful, but often ignored sequence data.

RNA-Seq-Pop is designed for ease of use, requiring only a sample metadata sheet and a yaml format
configuration file. A single command in the terminal will automatically install all dependencies and run the
workflow, which is scaled by Snakemake to run on a personal computer, cluster or cloud environment. The
workflow is applicable to any lllumina paired-end RNA-Sequencing data, and is flexible, allowing for
variation in ploidy; including haploid, diploid, or pooled samples. We have written RNA-Seq-Pop in
accordance with Snakemake best practices (Kdster, 2022), and hope that it is an intuitive program, readily
configured by the user to allow reproducible transcriptomic analyses. To increase accessibility RNA-Seq-Pop
is written in python and R, the two most popular programming languages in the life sciences.

Decreasing sequencing costs have facilitated the proliferation of genomic surveillance in infectious disease

research (Neafsey et al., 2021). The specific modules within RNA-Seqg-Pop, which are readily adapted to
other organisms, allow us to investigate novel variants that may be involved in our phenotype of interest
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(insecticide resistance), while simultaneously producing data on known resistance variants which can

provide actionable information for malaria control programme personnel. For An. gambiae s.I, we provide a
versioned variants of interest file in the GitHub repository, which we will update with additional resistance
or disease transmission-related variants. As well as highlighting known variants, RNA-Seq-Pop can also

perform genome-wide selections scans, using Fs (Bhatia et al., 2013) and the Population Branch statistic,
PBS (Yi et al., 2010), highlighting known and novel regions of the genome that may be involved in the
phenotype of interest.

For the major malaria vector, An. gambiae s.I, RNA-Seq-Pop can determine the karyotype frequency of
chromosomal inversions, utilising the program compKaryo (Love et al., 2019). An. gambiae s.| has been
shown to harbour a number of segregating chromosomal inversions, which have been associated with
environmental heterogeneity, susceptibility to Plasmodium infection, and with insecticide resistance
(Coluzzii et al., 1979, Riehle et al., 2017, Weetman et al., 2018). Typically, we can only detect these
inversions through molecular PCR-based assays (of which many do not exist for the range of inversions
karyotyped by compKaryo) or laborious and technically challenging cytologic experiments (Coluzzi et al.,
2002, White et al., 2007), although recent approaches using tagging SNP panels appear promising (Love et
al., 2020).

We can also illuminate the putative ancestry of our samples. This is of particular interest as the two
recently-diverged sibling species An. gambiae and An. coluzzii, may often hybridise, and have undergone
extensive introgression in the recent past (Fontaine et al., 2015; Vicente et al., 2017), allowing resistance
alleles to cross from one species to another (Clarkson et al., 2014; Grau-Bové et al., 2020, 2021). Despite
this, molecular assays typically target only a single marker on the X chromosome, ignoring the potential for
admixture elsewhere in the genome (Caputo et al., 2021; Chabi et al., 2019; Santolamazza et al., 2008).

Patterns of resistance in the Busia dataset

The differential expression analysis highlighted a multitude of detoxification genes overexpressed in the
selected Busia line, including cytochrome P450s, carboxylesterases, chemosensory proteins, and ABC
transporters, reflecting the polygenic nature of insecticide resistance. Many P450 genes were =2 fold
overexpressed and it is not known whether this is due to constitutive differences between the strains, or
induction by deltamethrin exposure in the G28 Busia strain. The Sap2 gene in particular was highly
overexpressed (10.7 fold after deltamethrin selections), and thus serves as a strong candidate for pyrethroid
resistance outside of the West African An. coluzzii populations in which it was originally identified (Ingham
et al., 2020).

The fixation of the Vgsc-995S kdr allele following selection is as predicted given its known association with
pyrethroid resistance. Interestingly, the selected Busia strain shows a much stronger phenotype against
permethrin than deltamethrin, which could partially be a result of this mutation. Earlier studies have shown
a stronger protective effect of the Vgsc-995S allele against permethrin than deltamethrin (Lynd et al., 2010).
In agreement with this shift in Vgsc-995S frequency, we find high Fs in the Vgsc between the parental and
selected Busia colonies. The Vgsc is not differentially expressed between the parental Busia strain and the
selected Busia, meaning this result would have been missed using differential expression analyses alone.
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During deltamethrin selections, the 2La inversion rose in frequency dramatically, suggesting an association
with deltamethrin resistance in Busia. Associations between the 2La inversion and insecticide resistance
have been previously reported (Weetman et al., 2018). We also find a large shift in Cyp4J5-L43F mutation

frequency, which lies within the 2La inversion and a very high Fs: in this gene (0.59). Interestingly, the gene
is also differentially expressed, perhaps suggesting that the 2La haplotypic background results in over-
transcription of the gene when compared to 2L+a haplotypes. It is not clear whether Cyp4J5 is causative, or
if there are other variants on the 2La haplotype(s) that are driving this shift in 2La. In agreement with this

and the shift in kdr, we find high overall F; between the parental and selected Busia lines on the 2L
chromosomal arm (supplementary Table 8).

Interestingly, RNA-Seq-Pop revealed that the Kisumu reference strain, exhibits a large proportion of putative
An. coluzzii ancestry. The Kisumu reference strain was colonised from Kisumu, Kenya in 1975 (Williams et
al., 2019) from an area where An. coluzzii has not been recorded. The most parsimonious explanation is that
the colony has been contaminated through hybridization in the insectary during its long colonisation. The X
chromosome is typically resistant to introgression, and consistent with a theory of a lab contamination
event no An. coluzzii variants are found on the X chromosome. The X chromosome of Kisumu also has a
particularly low estimate of Watterson’s @ compared to the autosomes, which may reflect admixture
present on the autosomes (supplementary table 7A). In addition, we also find that the Kisumu strain
contains the Gste2-114T mutation at high frequency. In agreement with this finding, recent data shows
intermittent resistance to DDT in this strain (Williams et al., 2019). We also observe some putative An.
coluzzii alleles in the two Busia strains. Whilst we cannot rule out other explanations, this set of ancestry
informative markers were derived from Mali, and therefore it is likely that some may not be truly
informative of ancestry outside of this population.

Estimated population allele frequencies derived from RNA-Seq data may not accurately reflect DNA-based
allele frequencies. Allele-specific expression is one cause of this, where two or more alleles in a diploid or
polyploid may be expressed at different levels, causing an imbalance. Despite this, previous studies have
shown a strong correlation between expressed and true allele frequencies, particularly at higher sequencing
depth (Jehl et al., 2021; Lopez-Maestre et al., 2016; Oikkonen & Lise, 2017; Quinn et al., 2013). In this study,
we performed RNASeq at a high sequencing depth, and therefore can have more confidence overall in our
genotype calls and subsequent analyses. We recommend generally that for differential expression analyses,
low coverage RNA-Sequencing is sufficient (10-25 million reads, or 5-13.5X coverage for An. gambiae),
whereas for variant analyses, higher coverage is preferred (25-60 million reads, or 13.5-32.4X coverage for
An. gambiae).

Data accessibility

The workflow is hosted at https://github.com/sanjaynagi/rna-seq-pop. We welcome and encourage any
feedback or contributions to RNA-Seg-Pop. The variant of interest file is versioned and is included in the
GitHub repository. Raw sequence data is deposited at the ENA under BioProject PRINA748581. The
modified version of compKaryo is found here https://github.com/sanjaynagi/compkaryo.

16


https://github.com/sanjaynagi/compkaryo
https://github.com/sanjaynagi/rna-seq-pop
https://github.com/sanjaynagi/rna-seq-pop
https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Author contributions

SCN, DW and MIJD conceived and designed the study. SCN and AO performed all experiments and SCN
analysed the data. SCN, DW and MJD drafted the manuscript, and all authors read and approved the final
version.

References

Akbari, O. S., Antoshechkin, I., Amrhein, H., Williams, B., Diloreto, R., Sandler, J., & Hay, B. A. (2013). The
Developmental Transcriptome of the Mosquito Aedes aegypti, an Invasive Species and Major
Arbovirus Vector. G3 Genes| Genomes| Genetics, 3(9), 1493-1509.
https://doi.org/10.1534/g3.113.006742

Andrews, S. (2010). FastQC: a quality control tool for high throughput sequence data.
http://www.bioinformatics.babraham.ac.uk/projects/fastqc

Bhatia, G., Patterson, N., Sankararaman, S., & Price, A. L. (2013). Estimating and interpreting FST: The impact
of rare variants. Genome Research, 23(9), 1514-1521. https://doi.org/10.1101/gr.154831.113

Bonizzoni, M., Afrane, Y., Dunn, W. A., Atieli, F. K., Zhou, G., Zhong, D., Li, J., Githeko, A., & Yan, G. (2012).
Comparative Transcriptome Analyses of Deltamethrin-Resistant and -Susceptible Anopheles
gambiae Mosquitoes from Kenya by RNA-Seq. PLoS ONE, 7(9), 1-11.
https://doi.org/10.1371/journal.pone.0044607

Bonizzoni, M., Dunn, W. A., Campbell, C. L., Olson, K. E., Dimon, M. T., Marinotti, O., & James, A. A. (2011).
RNA-seq analyses of blood-induced changes in gene expression in the mosquito vector species,
Aedes aegypti. BMC Genomics, 12(1), 1-13. https://doi.org/10.1186/1471-2164-12-82

Bonizzoni, M., Ochomo, E., Dunn, W. A,, Britton, M., Afrane, Y., Zhou, G., Hartsel, J., Lee, M.-C, Xu, J.,
Githeko, A., Fass, J., & Yan, G. (2015). RNA-seq analyses of changes in the Anopheles gambiae
transcriptome associated with resistance to pyrethroids in Kenya: Identification of candidate-
resistance genes and candidate-resistance SNPs. Parasites & Vectors, 8(1), 474.
https://doi.org/10.1186/s13071-015-1083-z

Boonkaew, T., Mongkol, W., Prasert, S., Paochan, P., Yoneda, S., Nguitragool, W., Kumpitak, C., Sattabongkot,
J., & Kubera, A. (2020). Transcriptome analysis of Anopheles dirus and Plasmodium vivax at ookinete
and oocyst stages. Acta Tropica, 207, 105502. https://doi.org/10.1016/j.actatropica.2020.105502

Bray, N. L., Pimentel, H., Melsted, P., & Pachter, L. (2015). Near-optimal probabilistic RNA-Seq quantification.
Nature Biotechnology, 1-21.

Caputo, B., Pichler, V., Botta, G., De Marco, C., Hubbart, C., Perugini, E., Pinto, J., Rockett, K. A., Miles, A., &
della Torre, A. (2021). Novel genotyping approaches to easily detect genomic admixture between
the major Afrotropical malaria vector species, Anopheles coluzzii and An. gambiae. Molecular
Ecology Resources, 21(5), 1504-1516. https://doi.org/10.1111/1755-0998.13359

Cassone, B. J., Kay, R. G. G., Daugherty, M. P, & White, B. J. (2017). Comparative Transcriptomics of Malaria
Mosquito Testes: Function, Evolution, and Linkage. G3 (Bethesda, Md.), 7(4), 1127-1136.
https://doi.org/10.1534/g3.117.040089

Chabi, J., Van't Hof, A., N'dri, L. K., Datsomor, A., Okyere, D., Njoroge, H., Pipini, D., Hadi, M. P., De Souza, D.
K., Suzuki, T., Dadzie, S. K., & Jamet, H. P. (2019). Rapid high throughput SYBR green assay for
identifying the malaria vectors Anopheles arabiensis, Anopheles coluzzii and Anopheles gambiae s.s.
Giles. PLoS ONE, 14(4), 1-11. https://doi.org/10.1371/journal.pone.0215669

17


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Chen, B., Zhang, Y-J., He, Z., Li, W,, Si, F., Tang, Y., He, Q., Qiao, L., Yan, Z., Fu, W., & Che, Y. (2014). De novo
transcriptome sequencing and sequence analysis of the malaria vector Anopheles sinensis (Diptera:
Culicidae). Parasites & Vectors, 7(1), 1-12. https://doi.org/10.1186/1756-3305-7-314

Choi, Y-J., Aliota, M. T., Mayhew, G. F., Erickson, S. M., & Christensen, B. M. (2014). Dual RNA-seq of Parasite
and Host Reveals Gene Expression Dynamics during Filarial Worm-Mosquito Interactions. PLOS
Neglected Tropical Diseases, 8(5), e2905. https://doi.org/10.1371/journal.pntd.0002905

Cingolani, P, Platts, A., Wang, L. L., Coon, M., Nguyen, T., Wang, L., Land, S. J., Lu, X., & Ruden, D. M. (2012).
A program for annotating and predicting the effects of single nucleotide polymorphisms, SnpEff:
SNPs in the genome of Drosophila melanogaster strain w1118; iso-2; iso-3. Fly, 6(2), 80-92.
https://doi.org/10.4161/fly.19695

Clarkson, C. S., Miles, A., Harding, N. J., O'Reilly, A. O., Weetman, D., Kwiatkowski, D., & Donnelly, M. J.
(2021). The genetic architecture of target-site resistance to pyrethroid insecticides in the African
malaria vectors Anopheles gambiae and Anopheles coluzzii. Molecular Ecology, 30(21), 5303-5317.
https://doi.org/10.1111/mec.15845

Clarkson, C. S., Weetman, D., Essandoh, J., Yawson, A. E., Maslen, G., Manske, M., Field, S. G., Webster, M.,
Ant3o, T., Maclnnis, B., Kwiatkowski, D., & Donnelly, M. J. (2014). Adaptive introgression between

Anopheles sibling species eliminates a major genomic island but not reproductive isolation. Nature
Communications, 5(May). https://doi.org/10.1038/ncomms5248

Coatsworth, H., Caicedo, P. A., Winsor, G., Brinkman, F., Ocampo, C. B., & Lowenberger, C. (2021).
Transcriptome comparison of dengue-susceptible and -resistant field derived strains of Colombian
Aedes aegypti using RNA-sequencing. Memodrias Do Instituto Oswaldo Cruz, 116.
https://doi.org/10.1590/0074-02760200547

Danecek, P., Bonfield, J. K., Liddle, J., Marshall, J., Ohan, V., Pollard, M. O., Whitwham, A., Keane, T.,
McCarthy, S. A., Davies, R. M., & Li, H. (2021). Twelve years of SAMtools and BCFtools. GigaScience,
10(2). https://doi.org/10.1093/gigascience/giab008

David, J.-P., Faucon, F., Chandor-Proust, A., Poupardin, R., Riaz, M., Bonin, A., Navratil, V., & Reynaud, S.
(2014). Comparative analysis of response to selection with three insecticides in the dengue
mosquito Aedes aegypti using mRNA sequencing. BMC Genomics, 15(1), 174.
https://doi.org/10.1186/1471-2164-15-174

De Marco, L., Sassera, D., Epis, S., Mastrantonio, V., Ferrari, M., Ricci, |., Comandatore, F., Bandi, C., Porretta,
D., & Urbanelli, S. (2017). The choreography of the chemical defensome response to insecticide
stress: Insights into the Anopheles stephensi transcriptome using RNA-Seq. Scientific Reports, 7(1),
41312. https://doi.org/10.1038/srep41312

Djouaka, R. F., Bakare, A. A., Coulibaly, O. N., Akogbeto, M. C., Ranson, H., Hemingway, J., & Strode, C.
(2008). Expression of the cytochrome P450s, CYP6P3 and CYP6M2 are significantly elevated in
multiple pyrethroid resistant populations of Anopheles gambiae s.s. From Southern Benin and
Nigeria. BMC Genomics, 9(1), 538. https://doi.org/10.1186/1471-2164-9-538

Ewels, P., Magnusson, M., Lundin, S., & Kaller, M. (2016). MultiQC: Summarize analysis results for multiple
tools and samples in a single report. Bioinformatics, 32(19), 3047-3048.
https://doi.org/10.1093/bioinformatics/btw354

Faucon, F., Gaude, T., Dusfour, I., Navratil, V., Corbel, V., Juntarajumnong, W., Girod, R., Poupardin, R., Boyer,
F., Reynaud, S., & David, J. P. (2017). In the hunt for genomic markers of metabolic resistance to
pyrethroids in the mosquito Aedes aegypti: An integrated next-generation sequencing approach.
PLoS Neglected Tropical Diseases, 11(4), 1-20. https://doi.org/10.1371/journal.pntd.0005526

18


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Faust, G. G., & Hall, I. M. (2014). SAMBLASTER: Fast duplicate marking and structural variant read extraction.
Bioinformatics, 30(17), 2503-2505. https://doi.org/10.1093/bioinformatics/btu314

Fontaine, M. C,, Pease, J. B., Steele, A., Waterhouse, R. M., Neafsey, D. E., Sharakhov, I. V., Jiang, X., Hall, A.
B., Catteruccia, F., Kakani, E., Mitchell, S. N., Wu, Y.-C., Smith, H. A., Love, R. R., Lawniczak, M. K. N.,
Hahn, M. W.,, & Besansky, N. J. (2015). Extensive introgression in a malaria vector species complex
revealed by phylogenomics. Science, 347(6217), 1258522. https://doi.org/10.1126/science.1258522

Garrison, E., Kronenberg, Z. N., Dawson, E. T., & Pedersen, B. S. (2021). Vcflib and tools for processing the
VCF variant call format. BioRxiv, 1-15.

Garrison, E., & Marth, G. (2012). Haplotype-based variant detection from short-read sequencing. ArXiv, 1-9.

Garud, N. R., Messer, P. W., Buzbas, E. O., & Petrov, D. A. (2015). Recent Selective Sweeps in North American
Drosophila melanogaster Show Signatures of Soft Sweeps. PLoS Genetics, 11(2), 1-32.
https://doi.org/10.1371/journal.pgen.1005004

Grau-Bové, X., Lucas, E., Pipini, D., Rippon, E., van ‘t Hof, A. E., Constant, E., Dadzie, S., Egyir-Yawson, A.,
Essandoh, J., Chabi, J., Djogbénou, L., Harding, N. J., Miles, A., Kwiatkowski, D., Donnelly, M. J,,
Weetman, D., & The Anopheles gambiae 1000 Genomes Consortium. (2021). Resistance to
pirimiphos-methyl in West African Anopheles is spreading via duplication and introgression of the
Ace1 locus. PLOS Genetics, 17(1), €1009253. https://doi.org/10.1371/journal.pgen.1009253

Grau-Bové, X., Tomlinson, S., O'Reilly, A. O., Harding, N. J., Miles, A., Kwiatkowski, D., Donnelly, M. J.,
Weetman, D., & and The Anopheles gambiae 1000 Genomes Consortium. (2020). Evolution of the
Insecticide Target Rdl in African Anopheles Is Driven by Interspecific and Interkaryotypic
Introgression. Molecular Biology and Evolution, 37(10), 2900-2917.
https://doi.org/10.1093/molbev/msaa128

Grining, B., Chilton, J., Koster, J., Dale, R., Soranzo, N., van den Beek, M., Goecks, J., Backofen, R.,
Nekrutenko, A., & Taylor, J. (2018). Practical Computational Reproducibility in the Life Sciences. Cell
Systems, 6(6), 631-635. https://doi.org/10.1016/j.cels.2018.03.014

Hudson, R. R., Slatkin, M., & Maddison, W. P. (1992). Estimation of levels of gene flow from DNA sequence
data. Genetics, 132(2), 583-589. https://doi.org/10.1093/genetics/132.2.583

Ingham, V. A., Anthousi, A., Douris, V., Harding, N. J., Lycett, G., Morris, M., Vontas, J., & Ranson, H. (2020). A
sensory appendage protein protects malaria vectors from pyrethroids. Nature, 577(7790), 376-380.
https://doi.org/10.1038/s41586-019-1864-1

Ingham, V. A., Tennessen, J. A., Lucas, E. R., Elg, S., Yates, H. C., Carson, J., Guelbeogo, W. M., Sagnon, N.,
Hughes, G. L., Heinz, E., Neafsey, D. E., & Ranson, H. (2021). Integration of whole genome
sequencing and transcriptomics reveals a complex picture of the reestablishment of insecticide
resistance in the major malaria vector Anopheles coluzzii. PLOS Genetics, 17(12), e1009970.
https://doi.org/10.1371/journal.pgen.1009970

Ingham, V., Wagstaff, S., & Ranson, H. (2018). Transcriptomic meta-signatures identified in Anopheles
gambiae populations reveal previously undetected insecticide resistance mechanisms. Nature
Communications. https://doi.org/10.1038/s41467-018-07615-x

Jehl, F., Degalez, F., Bernard, M., Lecerf, F., Lagoutte, L., Désert, C., Coulée, M., Bouchez, O., Leroux, S.,
Abasht, B., Tixier-Boichard, M., Bed’hom, B., Burlot, T., Gourichon, D., Bardou, P., Acloque, H.,
Foissac, S., Djebali, S., Giuffra, E., ... Lagarrigue, S. (2021). RNA-Seq Data for Reliable SNP Detection
and Genotype Calling: Interest for Coding Variant Characterization and Cis-Regulation Analysis by

Allele-Specific Expression in Livestock Species. Frontiers in Genetics, 12.
https://www.frontiersin.org/article/10.3389/fgene.2021.655707

19


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Jiang, X., Hall, A. B., Biedler, J. K., & Tu, Z. (2017). Single molecule RNA sequencing uncovers trans-splicing
and improves annotations in Anopheles stephensi. Insect Molecular Biology, 26(3), 298-307.
https://doi.org/10.1111/imb.12294

Kang, D. S., Kim, S., Cotten, M. A,, & Sim, C. (2021). Transcript Assembly and Quantification by RNA-Seq
Reveals Significant Differences in Gene Expression and Genetic Variants in Mosquitoes of the Culex
pipiens (Diptera: Culicidae) Complex. Journal of Medical Entomology, 58(1), 139-145.
https://doi.org/10.1093/jme/tjaa167

Kim, D., Paggi, J. M., Park, C., Bennett, C., & Salzberg, S. L. (2019). Graph-based genome alignment and
genotyping with HISAT2 and HISAT-genotype. Nature Biotechnology, 37(8), 907-915.
https://doi.org/10.1038/s41587-019-0201-4

Korotkevich, G., Sukhov, V., Budin, N., Shpak, B., Artyomov, M. N., & Sergushichev, A. (2021). Fast gene set
enrichment analysis. BioRxiv, 60012. https://doi.org/10.1101/060012

Koster, J. (2022). Snakemake: Best Practices.
https://snakemake.readthedocs.io/en/stable/snakefiles/best_practices.html

Lataretu, M., & Holzer, M. (2020). Rnaflow: An effective and simple rna-seq differential gene expression
pipeline using nextflow. Genes, 11(12), 1-17. https://doi.org/10.3390/genes11121487

Li, Y., Piermarini, P. M., Esquivel, C. J., Drumm, H. E., Schilkey, F. D., & Hansen, I. A. (2017). RNA-Seq
Comparison of Larval and Adult Malpighian Tubules of the Yellow Fever Mosquito Aedes aegypti
Reveals Life Stage-Specific Changes in Renal Function. Frontiers in Physiology, 8.
https://www.frontiersin.org/article/10.3389/fphys.2017.00283

Lien, N. T. K., Ngoc, N. T. H., Lan, N. N., Hien, N. T., Tung, N. V., Ngan, N. T. T., Hoang, N. H., & Binh, N. T. H.
(2019). Transcriptome Sequencing and Analysis of Changes Associated with Insecticide Resistance in
the Dengue Mosquito (Aedes aegypti) in Vietnam. The American Journal of Tropical Medicine and
Hygiene, 100(5), 1240-1248. https://doi.org/10.4269/ajtmh.18-0607

Lopez-Maestre, H., Brinza, L., Marchet, C., Kielbassa, J., Bastien, S., Boutigny, M., Monnin, D., Filali, A. E.,
Carareto, C. M., Vieira, C., Picard, F., Kremer, N., Vavre, F., Sagot, M. F., & Lacroix, V. (2016). SNP
calling from RNA-seq data without a reference genome: Identification, quantification, differential
analysis and impact on the protein sequence. Nucleic Acids Research, 44(19), 1-13.
https://doi.org/10.1093/nar/gkwé55

Love, M. I., Huber, W., & Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq
data with DESeq2. Genome Biology, 15(12), 1-21. https://doi.org/10.1186/513059-014-0550-8

Love, R. R., Redmond, S. N., Pombi, M., Caputo, B., Petrarca, V., della Torre, A., & Besansky, N. J. (2019). In
Silico Karyotyping of Chromosomally Polymorphic Malaria Mosquitoes in the Anopheles gambiae
Complex. G3: Genes, Genomes, Genetics, 9(10), 3249-3262.
https://doi.org/10.1534/g3.119.400445

Love, R. R., Redmond, S. N., Pombi, M., Caputo, B., Petrarca, V., Della Torre, A., & Besansky, N. J. (2019). In
Silico Karyotyping of Chromosomally Polymorphic Malaria Mosquitoes in the Anopheles gambiae
Complex. G3 (Bethesda, Md.), 9(10), 3249-3262. https://doi.org/10.1534/g3.119.400445

Lowe, R., Shirley, N., Bleackley, M., Dolan, S., & Shafee, T. (2017). Transcriptomics technologies. PLoS
Computational Biology, 13(5), 1-23. https://doi.org/10.1371/journal.pcbi.1005457

Lv, Y., Wang, W., Hong, S., Lei, Z., Fang, F., Guo, Q., Hu, S., Tian, M, Liu, B., Zhang, D., Sun, Y., Ma, L., Shen, B.,
Zhou, D., & Zhu, C. (2016). Comparative transcriptome analyses of deltamethrin-susceptible and -
resistant Culex pipiens pallens by RNA-seq. Molecular Genetics and Genomics, 291(1), 309-321.
https://doi.org/10.1007/s00438-015-1109-4

20


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Lynd, A., Gonahasa, S., Staedke, S. G., Oruni, A., Maiteki-Sebuguzi, C., Dorsey, G., Opigo, J., Yeka, A.,
Katureebe, A., Kyohere, M., Hemingway, J., Kamya, M. R., & Donnelly, M. J. (2019). LLIN Evaluation
in Uganda Project (LLINEUP): A cross-sectional survey of species diversity and insecticide resistance
in 48 districts of Uganda. Parasites & Vectors, 12(1), 94. https://doi.org/10.1186/s13071-019-3353-
7

Lynd, A., Weetman, D., Barbosa, S., Egyir Yawson, A., Mitchell, S., Pinto, J., Hastings, I., & Donnelly, M. J.
(2010). Field, genetic, and modeling approaches show strong positive selection acting upon an

insecticide resistance mutation in Anopheles gambiae s.s. Molecular Biology and Evolution, 27(5),
1117-1125. https://doi.org/10.1093/molbev/msq002

Mackenzie-Impoinvil, L., Weedall, G. D., Lol, J. C., Pinto, J., Vizcaino, L., Dzuris, N., Riveron, J., Padilla, N.,
Wondiji, C., & Lenhart, A. (2019). Contrasting patterns of gene expression indicate differing
pyrethroid resistance mechanisms across the range of the New World malaria vector Anopheles
albimanus. PLoS ONE, 14(1), 1-27. https://doi.org/10.1371/journal.pone.0210586

Martin, M. (2011). Cutadapt removes adaptor sequences from high-throughput sequencing reads. EMBnet
Journal, 17.

Martynova, T., Kamanda, P., & Sim, C. (2022). Transcriptome profiling reveals sex-specific gene expressions
in pupal and adult stages of the mosquito Culex pipiens. Insect Molecular Biology, 31(1), 24-32.
https://doi.org/10.1111/imb.12735

Messenger, L. A., Impoinvil, L. M., Derilus, D., Yewhalaw, D., Irish, S., & Lenhart, A. (2021). A whole
transcriptomic approach provides novel insights into the molecular basis of organophosphate and
pyrethroid resistance in Anopheles arabiensis from Ethiopia. Insect Biochemistry and Molecular
Biology, 139(July), 103655. https://doi.org/10.1016/j.ibmb.2021.103655

Miles, A., & Harding, N. J. (2017). Scikit-allel. https://doi.org/10.5281/zenodo0.3935797

Miles, A., Harding, N. J., Botta, G., Clarkson, C. S., Antao, T., Kozak, K., Schrider, D. R., Kern, A. D., Redmond,
S., Sharakhov, ., Pearson, R. D., Bergey, C., Fontaine, M. C., Donnelly, M. J., Lawniczak, M. K. N,
Ayala, D., Besansky, N. J., Burt, A., Caputo, B., ... Kwiatkowski, D. P. (2017). Genetic diversity of the
African malaria vector Anopheles gambiae. Nature, 552, 96-100.
https://doi.org/10.1038/nature24995

Molder, F., Jablonski, K. P., Letcher, B., Hall, M. B., Tomkins-tinch, C. H., Sochat, V., Forster, J., Lee, S.,
Twardziok, S. O., Kanitz, A., Wilm, A., Holtgrewe, M., Rahmann, S., Nahnsen, S., & Koster, J. (2021).
Sustainable data analysis with Snakemake. F1000Research, 1-17.

Mongkol, W., Nguitragool, W., Sattabongkot, J., & Kubera, A. (2018). Blood-induced differential gene
expression in Anopheles dirus evaluated using RNA sequencing. Medical and Veterinary
Entomology, 32(4), 399-406. https://doi.org/10.1111/mve.12310

Miiller, P., Warr, E., Stevenson, B. J., Pignatelli, P. M., Morgan, J. C., Steven, A., Yawson, A. E., Mitchell, S. N.,
Ranson, H., Hemingway, J., Paine, M. J. |., & Donnelly, M. J. (2008). Field-caught permethrin-
resistant Anopheles gambiae overexpress CYP6P3, a P450 that metabolises pyrethroids. PLoS
Genetics. https://doi.org/10.1371/journal.pgen.1000286

Nag, D. K., Dieme, C., Lapierre, P, Lasek-Nesselquist, E., & Kramer, L. D. (2021). RNA-Seq analysis of blood
meal induced gene-expression changes in Aedes aegypti ovaries. BMC Genomics, 22(1), 396.
https://doi.org/10.1186/s12864-021-07551-z

Neafsey, D. E., Taylor, A. R., & Maclnnis, B. L. (2021). Advances and opportunities in malaria population
genomics. Nature Reviews Genetics, 22(August), 502-517. https://doi.org/10.1038/s41576-021-
00349-5

21


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Neafsey, D., Waterhouse, R., Abai, M., Aganezov, S., Alekseyev, M., Allen, J., Amon, J., Arca, B., Arensburger,
P., Artemov, G., Assour, L., Basseri, H., Berlin, A., Birren, B., Blandin, S., Brockman, A., Burkot, T.,
Burt, A., Chan, C,, ... Besansky, N. (2015). Highly evolvable malaria vectors: The genomes of 16
Anopheles mosquitoes. Science, 347(6217), 1258522-1258522.
https://doi.org/10.1126/science.1258522

Neira-Oviedo, M., Tsyganov-Bodounov, A., Lycett, G. J., Kokoza, V., Raikhel, A. S., & Krzywinski, J. (2011). The
RNA-Seq approach to studying the expression of mosquito mitochondrial genes. Insect Molecular
Biology, 20(2), 141-152. https://doi.org/10.1111/j.1365-2583.2010.01053.x

Njoroge, H., Oruni, A., Pipini, D., Nagi, S. C., Lynd, A., Eric, R., Tomlinson, S., Grau-bove, X., Mcdermott, D.,
Emile, Z., Agossa, F. R., Mokuba, A, Irish, S., Kabula, B., Mbogo, C., Paine, M. J. |., Weetman, D.,
Donnelly, M. J., Place, P,, ... Place, P. (2021). Identification of a rapidly-spreading triple mutant for
high-level metabolic insecticide resistance in Anopheles gambiae provides a real-time molecular
diagnostic for anti-malarial intervention deployment. BioRxiv, 1-23.

Oikkonen, L., & Lise, S. (2017). Making the most of RNA-seq: Pre-processing sequencing data with Opossum
for reliable SNP variant detection. Wellcome Open Research, 2, 6.
https://doi.org/10.12688/wellcomeopenres.10501.2

Pimentel, H., Bray, N. L., Puente, S., Melsted, P., & Pachter, L. (2017). Differential analysis of RNA-seq
incorporating quantification uncertainty. Nature Methods, 14(7), 687-690.
https://doi.org/10.1038/nmeth.4324

Poelchau, M. F., Reynolds, J. A., Elsik, C. G., Denlinger, D. L., & Armbruster, P. A. (2013). RNA-Seq reveals
early distinctions and late convergence of gene expression between diapause and quiescence in the
Asian tiger mosquito, Aedes albopictus. Journal of Experimental Biology, 216(21), 4082-4090.
https://doi.org/10.1242/jeb.089508

Quinn, E. M., Cormican, P.,, Kenny, E. M., Hill, M., Anney, R., Gill, M., Corvin, A. P., & Morris, D. W. (2013).
Development of Strategies for SNP Detection in RNA-Seq Data: Application to Lymphoblastoid Cell
Lines and Evaluation Using 1000 Genomes Data. PLoS ONE, 8(3), e58815.
https://doi.org/10.1371/journal.pone.0058815

Santolamazza, F., Mancini, E., Simard, F., Qi, Y., Tu, Z., & della Torre, A. (2008). Insertion polymorphisms of
SINE200 retrotransposons within speciation islands of Anopheles gambiae molecular forms. Malaria
Journal, 7(1), 163. https://doi.org/10.1186/1475-2875-7-163

Simma, E. A., Dermauw, W., Balabanidou, V., Snoeck, S., Bryon, A., Clark, R. M., Yewhalaw, D., Vontas, J.,
Duchateau, L., & Van Leeuwen, T. (2019). Genome-wide gene expression profiling reveals that
cuticle alterations and P450 detoxification are associated with deltamethrin and DDT resistance in
Anopheles arabiensis populations from Ethiopia. Pest Management Science, 75(7), 1808-1818.
https://doi.org/10.1002/ps.5374

Stark, R., Grzelak, M., & Hadfield, J. (2019). RNA sequencing: The teenage years. Nature Reviews Genetics,
20(11), 631-656. https://doi.org/10.1038/s41576-019-0150-2

Sun, H., Mertz, R. W., Smith, L. B., & Scott, J. G. (2021). Transcriptomic and proteomic analysis of pyrethroid
resistance in the CKR strain of Aedes aegypti. PLOS Neglected Tropical Diseases, 15(11), e€0009871.
https://doi.org/10.1371/journal.pntd.0009871

Taxiarchi, C., Kranjc, N., Kriezis, A., Kyrou, K., Bernardini, F., Russell, S., Nolan, T., Crisanti, A., & Galizi, R.
(2019). High-resolution transcriptional profiling of Anopheles gambiae spermatogenesis reveals
mechanisms of sex chromosome regulation. Scientific Reports, 9(1), 14841.
https://doi.org/10.1038/s41598-019-51181-1

22


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Tchouakui, M., Mugenzi, L. M. J.,, D. Menze, B., Khaukha, J. N. T., Tchapga, W., Tchoupo, M., Wondji, M. J., &
Wondji, C. S. (2021). Pyrethroid Resistance Aggravation in Ugandan Malaria Vectors Is Reducing
Bednet Efficacy. Pathogens, 10(4), 415. https://doi.org/10.3390/pathogens10040415

The Anopheles gambiae 1000 Genomes Consortium. (2020). Genome variation and population structure

among 1142 mosquitoes of the African malaria vector species Anopheles gambiae and Anopheles
coluzzii. Genome Research, 1-14. https://doi.org/10.1101/gr.262790.120.Freely

Van den Berge, K., Hembach, K. M., Soneson, C., Tiberi, S., Clement, L., Love, M. 1., Patro, R., & Robinson, M.
D. (2019). RNA Sequencing Data: Hitchhiker’s Guide to Expression Analysis. Annual Review of
Biomedical Data Science, 2(1), 139-173. https://doi.org/10.1146/annurev-biodatasci-072018-
021255

Vedururu, R. kiran, Neave, M. J,, Tachedjian, M., Klein, M. J., Gorry, P. R., Duchemin, J.-B., & Paradkar, P. N.
(2019). RNASeq Analysis of Aedes albopictus Mosquito Midguts after Chikungunya Virus Infection.
Viruses, 11(6), 513. https://doi.org/10.3390/v11060513

Vicente, J. L., Clarkson, C. S., Caputo, B., Gomes, B., Pombi, M., Sousa, C. A., Antao, T., Dinis, J., Botta, G.,
Mancini, E., Petrarca, V., Mead, D., Drury, E., Stalker, J., Miles, A., Kwiatkowski, D. P., Donnelly, M. J.,
Rodrigues, A., Della Torre, A., ... Pinto, J. (2017). Massive introgression drives species radiation at the
range limit of Anopheles gambiae. Nature Publishing Group. https://doi.org/10.1038/srep46451

Wang, Z., & Burge, C. B. (2008). Splicing regulation: From a parts list of regulatory elements to an integrated
splicing code. RNA, 14(5), 802-813. https://doi.org/10.1261/rna.876308

Wang, Z., Gerstein, M., & Snyder, M. (2010). RNA-Seq: A revolutionary tool for transcriptomics. Nature
Reviews Genetics, 10(1), 57-63. https://doi.org/10.1038/nrg2484.RNA-Seq

Watterson, G. A. (1975). On the Number of Segregating Sites in Genetical Models without Recombination.
Theoretical Population Biology, 276(7), 256-276.

Weetman, D., Wilding, C. S., Neafsey, D. E., Milller, P., Ochomo, E., Isaacs, A. T., Steen, K., Rippon, E. J,,
Morgan, J. C., Mawejje, H. D., Rigden, D. J., Okedi, L. M., & Donnelly, M. J. (2018). Candidate-gene
based GWAS identifies reproducible DNA markers for metabolic pyrethroid resistance from standing
genetic variation in East African Anopheles gambiae. Scientific Reports, 8(1), 2920.
https://doi.org/10.1038/s41598-018-21265-5

Williams, J., Flood, L., Praulins, G., Ingham, V. A., Morgan, J., Lees, R. S., & Ranson, H. (2019).
Characterisation of Anopheles strains used for laboratory screening of new vector control products.
Parasites and Vectors, 12(1), 1-14. https://doi.org/10.1186/s13071-019-3774-3

Williams, J., Ingham, V. A., Morris, M., Toé, K. H., Hien, A. S., Morgan, J. C., Dabiré, R. K., Guelbéogo, W. M.,
Sagnon, N., & Ranson, H. (2022). Sympatric Populations of the Anopheles gambiae Complex in
Southwest Burkina Faso Evolve Multiple Diverse Resistance Mechanisms in Response to Intense
Selection Pressure with Pyrethroids. Insects, 13(3), 247. https://doi.org/10.3390/insects13030247

Wondji, C. S., Hearn, J., Irving, H., Wondji, M. J., & Weedall, G. (2022). RNAseq-based gene expression
profiling of the Anopheles funestus pyrethroid-resistant strain FUMOZ highlights the predominant
role of the duplicated CYP6P9a/b cytochrome P450s. G3 Genes| Genomes| Genetics, 12(1), jkab352.
https://doi.org/10.1093/g3journal/jkab352

Yi, X., Liang, Y., Huerta-Sanchez, E., Jin, X., Cuo, Z. X. P, Pool, J. E., Xu, N., Jiang, H., Vinckenbosch, N.,
Korneliussen, T. S., Zheng, H., Liu, T., He, W., Li, K., Luo, R., Nie, X., Wu, H., Zhao, M., Cao, H,, ...
Wang, J. (2010). Sequencing of 50 human exomes reveals adaptation to high altitude. Science,
329(5987), 75-78. https://doi.org/10.1126/science.1190371

23


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.06.17.493894; this version posted June 17, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-ND 4.0 International license.

Nagi et al., 2022 RNA-Seqg-Pop

Zhang, X., & Jonassen, I. (2019). RASflow: An RNA-Seq Analysis Workflow with Snakemake. BioRxiv, 1-9.
https://doi.org/10.1101/839191

Zhao, S., Fung-Leung, W. P., Bittner, A., Ngo, K., & Liu, X. (2014). Comparison of RNA-Seq and microarray in
transcriptome profiling of activated T cells. PLoS ONE, 9(1).
https://doi.org/10.1371/journal.pone.0078644

Zhou, Y., Fu, W.-B., Si, F-L., Yan, Z-T., Zhang, Y-J., He, Q.-Y., & Chen, B. (2019). UDP-glycosyltransferase genes
and their association and mutations associated with pyrethroid resistance in Anopheles sinensis
(Diptera: Culicidae). Malaria Journal, 18(1), 62. https://doi.org/10.1186/s12936-019-2705-2

24


https://doi.org/10.1101/2022.06.17.493894
http://creativecommons.org/licenses/by-nd/4.0/

