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Abstract

Bioinformatic Approaches to Admixture and Symbiosis

By Paloma Medina

As DNA sequencing data becomes more prevalent, population genetics and

evolutionary genomics are becoming increasingly more data driven, requiring the

development of new tools to work with large datasets. In my doctoral research, I

develop bioinformatic tools to study two important contributors to evolution:

admixture and symbiosis. In my first chapter, I apply a coalescent theory model to

Drosophila melanogaster populations and show evidence for African and European

admixture in sub-Saharan populations of this species. In subsequent chapters, I

develop a data mining approach to classify bacterial symbiont infections in publicly

sequencing databases. Moreover, I investigate bacterial density within a wide range of

host species and find evidence for symbiont induced host genome evolution.
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General Introduction

As DNA sequencing data becomes more prevalent, fields like population

genetics and evolutionary genomics have become increasingly more data driven,

requiring development of tools to work with large datasets. Here, I present my work

to develop computational tools that harness big data science to extract biological

meaning and knowledge in the fields of population genetics and evolutionary

genomics. Indeed, there is a growing appreciation for the evolutionary forces that

affect population structure and genomics across the tree of life. Two areas of study in

this dissertation have long been heralded as fundamental forces of evolution:

admixture and symbiotic associations.

The heritability of DNA makes DNA a catalogue of historical information

and the study of DNA has revealed demographic histories of plant and animal

populations. One important evolutionary process is admixture, wherein genetically

divergent populations encounter each other and hybridize. If an admixture event has

occurred relatively recently, we can use local ancestry inference methods to trace the

ancestry of discrete genomic segments back to the ancestral populations from which

they are derived (Pool and Nielsen 2009; Price et al. 2009; Sankararaman et al. 2012;

Maples et al. 2013; Corbett-Detig and Nielsen 2017). Due to ongoing recombination

in an admixed population, the lengths of ancestry tracts from an ancestral population

are expected to be inversely related to the timing of admixture. Therefore, it is
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possible to estimate the timing of admixture by inferring ancestry tract lengths (Pool

and Nielsen 2009; Gravel 2012).

In Chapter 1, I present an extension and application of Ancestry_HMM, a

Hidden Markov Model method that can be used for local ancestry inference and

estimate the timing of ancient admixture pulses. Previously, this software was able to

detect a single admixture pulse. Now, Ancestry_HMM is able to detect multiple

admixture pulses from multiple source populations. Our method uses read pile-up

data and does not require a priori local ancestry inference. I applied our method to

real DNA sequencing data from Drosophila melanogaster, the fruit fly, and found

evidence for admixture between African and European fly populations.

Chapters 2 and 3 focus on the biomedically relevant bacteria called Wolbachia

and other similar symbionts. Wolbachia is an endosymbiotic bacteria that manipulates

the reproductive system of its host to spread through host populations. Symbionts and

reproductive manipulators like Wolbachia can live in the cells of its arthropod and

nematode hosts and cause various phenotypic effects on their hosts. Scientists and

public health officials are interested in Wolbachia because of its unique ability to

disrupt transmission of harmful pathogens that cause diseases such as Dengue, Zika,

and Malaria.

In Chapter 2, I present a data mining approach to study the host range and

density of Wolbachia and other reproductive manipulators in distantly related

arthropod and nematode hosts. Previous studies aimed at estimating the host range of

these symbionts have largely used PCR and field based methods. However with the

2
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establishment of Short Read Archive (SRA), a public database harboring peta-bytes

of raw DNA sequencing data from thousands of studies, it is possible to investigate

the host range and genomics of microbes like never before. I chose to investigate the

host-range and density of reproductive manipulators from the genuses Wolbachia,

Spiroplasma, Rickettsia, Cardinium, and Arsenophonus. I catalogue arthropod and

nematode hosts infected with these reproductive manipulators. Moreover, I estimate

the density of these reproductive manipulators in their hosts. Density of reproductive

manipulators is an important metric for understanding host-pathogen interactions and

evolution. These efforts enhance our understanding of host-pathogen interactions and

help develop these microbial symbionts as useful tools to combat the spread of

vector-borne diseases.

In Chapter 3, I investigate the evidence for Wolbachia infections in Anopheles

gambiae, a mosquito vector of malaria. Previous studies have attempted to identify

Wolbachia infections in Anopheles gambiae hosts because of its useful potential to

eliminate the transmission of malaria to human populations. Those studies have

predominantly used PCR and field surveying methods, which are largely limited by

sample size and geographic region. In this chapter, I survey thousands of Anopheles

gambiae mosquitoes for Wolbachia infections, and find no evidence that this host

species is infected. These results have implications in the development of Wolbachia

as a control agent for malaria, and pose challenges with bringing this vision to

fruition.
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Chapter 1: Estimating the Timing of Multiple Admixture

Pulses During Local Ancestry Inference

Paloma Medina, Bryan Thornlow, Rasmus Nielsen, Russell Corbett-Detig

The text of this dissertation includes reprints of the following previously published
material: Genetics, 210(3), 2018. The co-author listed in this publication directed and
supervised the research which forms the basis for the dissertation.
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Abstract

Admixture, the mixing of genetically distinct populations, is increasingly

recognized as a fundamental biological process. One major goal of admixture

analyses is to estimate the timing of admixture events. Whereas most methods today

can only detect the most recent admixture event, here, we present coalescent theory

and associated software that can be used to estimate the timing of multiple admixture

events in an admixed population. We extensively validate this approach and evaluate

the conditions under which it can successfully distinguish one- from two-pulse

admixture models. We apply our approach to real and simulated data of Drosophila

melanogaster. We find evidence of a single very recent pulse of cosmopolitan

ancestry contributing to African populations, as well as evidence for more ancient

admixture among genetically differentiated populations in sub-Saharan Africa. These

results suggest our method can quantify complex admixture histories involving

genetic material introduced by multiple discrete admixture pulses. The new method

facilitates the exploration of admixture and its contribution to adaptation, ecological

divergence, and speciation.

Introduction

There is an increasing appreciation for the importance of admixture, an

evolutionary process wherein genetically divergent populations encounter each other

and hybridize. Admixture has shaped genetic variation within natural plant, animal,

and human populations (Rieseberg et al. 2003; Pool et al. 2012; Hufford et al. 2013;

5
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Hellenthal et al. 2014; Sankararaman et al. 2014). If an admixture event has occurred

relatively recently, we can use local ancestry inference methods (LAI) to trace the

ancestry of discrete genomic segments, called “ancestry tracts,” back to the ancestral

populations from which they are derived (Pool and Nielsen 2009; Price et al. 2009;

Sankararaman et al. 2012; Maples et al. 2013; Corbett-Detig and Nielsen 2017). Due

to ongoing recombination within admixed populations, the lengths of these ancestry

tracts are expected to be inversely related to the timing of admixture. Therefore, it is

possible to estimate the timing of admixture events by inferring ancestry tract lengths

(Pool and Nielsen 2009; Gravel 2012), or by evaluating the rate of decay of linkage

disequilibrium (LD) among ancestry informative alleles (Moorjani et al. 2011; Loh et

al. 2013).

The latter approach is based on modeling expected decay of LD among alleles

that are differentiated between admixed populations. Briefly, even if there is little LD

in the ancestral populations themselves, admixture will create admixture LD (ALD)

within the admixed population among alleles whose frequencies are differentiated

between ancestral populations (Chakraborty and Weiss 1988). The decay of ALD is

expected to be approximately exponential, with a rate parameter that is proportional

to the timing of admixture. Two popular methods using this approach, ROLLOFF

(Moorjani et al. 2011) and ALDER (Loh et al. 2013), model the decay of two-locus

ALD to estimate single-pulse admixture models. Admixture histories may be more

complex, including multiple distinct admixture events (Gravel et al. 2013) and

multiple ancestral populations (Pasaniuc et al. 2009), suggesting that some of these
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methods may not be suitable for deeply characterizing the admixture history of many

admixed populations (Figure 1), although recent work suggests it is possible to detect

multiple admixture pulses by modeling LD decay as a mixture of two exponential

distributions (Pickrell et al. 2014). Additionally, it may be possible to extend LD

decay approaches using three-point LD to estimate the timing of two admixture

pulses in populations with more complex admixture histories (Liang and Nielsen

2016). Finally, wavelet-based techniques can be used to infer the relationship between

SNPs along a chromosome to estimate the time of admixture and admixture

proportions (Sanderson et al. 2015; Pugach et al. 2016).
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Figure 1. A schematic of (A) a single-pulse model with two ancestry types, (B) a
two-pulse model with two ancestral populations, and (C) a two-pulse model with
three ancestral populations. Ak is considered the ancestry type of the resident
population and would be A2 in (A) and A3 in (B) and (C). Note that A1 and A2 may
come from the same ancestral population, but are modeled as independent states. The
gray shaded region draws attention to the admixed population(s). Time since
admixture pulses are measured in generations and are denoted as t1 and t2, where t1

occurs more recently than t2. The time of sampling is represented by t0, where t0 = 0 if
sampling occurred in the present. The proportion of ancestry in the admixed
population that entered during an admixture pulse is denoted as m1 and m2. Colors
represent genetically distinct ancestry types. Local ancestry across a chromosome
after admixture is represented by horizontal bars at the bottom of each subplot.

A second set of approaches uses the lengths of LA tracts across the genomes

of admixed individuals to estimate the timing of admixture events (Pool and Nielsen

8
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2009; Gravel 2012; Gravel et al. 2013; Ni et al. 2018). Here, the complexity of

admixture models that can be accommodated depends on the accuracy of the

estimated ancestry tract length distributions within an admixed population. However,

these methods require that LAI be performed prior to estimating population

admixture models. LAI necessitates a priori assumptions about the admixture model

itself, as such assumptions are a prerequisite—implicitly or explicitly—for most LAI

frameworks that have been developed to date. These assumptions have the potential

to bias the outcomes of LAI and can affect admixture model selection (Sankararaman

et al. 2008; Pool et al. 2012; Corbett-Detig and Nielsen 2017). Additionally, LAI

methods require accurately phased chromosomes—an unlikely prospect for species

with low levels of LD (Bukowicki, Franssen, and Schlötterer 2016) and for relatively

ancient admixture events where the rate of phasing switch errors would be similar to

the rate of transitions between ancestry types. Therefore, it is often preferable to

estimate the timing of admixture events and the LA of a sample simultaneously

(Corbett-Detig and Nielsen 2017). Finally, modern sequencing techniques often

sequence to light coverage, thus necessitating a tool that can accommodate read

pileup data rather than genotypes.

Prior to this study, we developed a framework for simultaneously estimating

admixture times and LA across the genomes of admixed populations (Corbett-Detig

and Nielsen 2017). Our method can estimate LA and admixture times in a hidden

Markov model (HMM) framework assuming a single admixture pulse model. Here,

we extend this method to admixed populations that have experienced multiple

9
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ancestry pulses in their recent evolutionary past. We evaluate the performance of this

approach using extensive forward-in-time admixture simulations. Finally, we apply

this method to study admixed Drosophila melanogaster populations in sub-Saharan

Africa, and we find evidence consistent with a recent single pulse of cosmopolitan

admixture into African populations as well as evidence for more ancient admixture

among genetically differentiated populations in sub-Saharan Africa.

Methods

Coalescent simulations

We simulated ancestral population genetic variation using the coalescent

simulation software package MACS (Chen, Marjoram, and Wall 2009). Briefly, to

consider a simplified ancestral process, we consider a model where a population,

initially of size 2N, subdivided into three daughter populations of identical size, 2N.

To assay a range of genetic divergence among the daughter populations, we

performed replicate simulations where we allowed populations to diverge (D in the

command line below) for 0.05, 0.1, 0.25, 0.5, and 1 Ne generations. Note that the

functionally relevant parameter for LAI using this approach is probably related to

allele frequency changes between the ancestral populations, and therefore to the

density of ancestry informative markers along the genome, rather than to the timing

of divergence. For example, a population bottleneck would result in rapid and

dramatic allele frequency differences despite a short divergence time. Note also that

alternative divergence models will also impact the distribution of LD among markers,

10
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underscoring the importance of considering each unique model when applying this

approach for admixed model estimation. We therefore used the following command

line for all simulated populations:

$ macs 600 100000000 -i 1 -h 100 -t 0.001 -r 0.001 -I 3 200 200 200 0 -ej D 2 1 -ej D
3 1.

This will simulate a single chromosome of length 100 Mb with a per-site theta

of 0.001 and equal recombination rate. Therefore, these simulations could resemble a

reasonably sized mammalian population. This will output 200 chromosomes per

ancestral population, and for all admixture simulations, we used the first 100 as the

reference panel, and the second 100 to simulate genetic variation across admixed

chromosomes.

Admixture simulations

We simulated admixed populations using the forward-in-time admixture

simulation program, SELAM (Corbett-Detig and Jones 2016). We first explored the

levels of LD pruning that are necessary for producing unbiased estimates of

admixture times using two-population, single-pulse simulations. All simulations for

LD pruning optimizations were run with ancestry proportions 0.5 and 0.5, and with an

admixed population size of 5000 males and 5000 females.

We then simulated admixture models with three ancestral population models

where the resident population contributed 1/2 of the total ancestry, and each

admixture pulse contributed 1/4th of the total ancestry to the final admixed

population. Therefore the first pulse, in forward time, contributed 1/3 of the admixed

11
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population and then had 1/4th of that ancestry replaced by the subsequent pulse. All

simulations were performed across the range of divergence times that we simulated

for each ancestral population.

Read simulation

We simulated short read data for each admixed individual following the

approach of (Corbett-Detig and Nielsen 2017). Briefly, reads are drawn binomially

from each samples’ genotype and read depths from a Poisson distribution with mean

equal to 2. That is, we simulated 2× sequencing depths to represent a likely use case

of this software where individuals are sequenced to relatively light coverage.

Drosophila simulation

We have previously used this framework to simulate data consistent with the

ancestral populations of D. melanogaster, following the coalescent simulation

approach of (Corbett-Detig and Nielsen 2017). All other features of the simulated

Drosophila dataset are similar to those above, except that we simulated genotypes

rather than short read pileup data. We did this because the dataset that we used is

sequenced to sufficiently high depths so as to preclude most uncertainty in short read

data (Lack et al. 2015, 2016).

Robustness to smaller sample sizes, incorrect recombination rates, and ancestral
population divergence

We simulated varying sample sizes, erroneous recombination maps and

reference population divergences to characterize our method’s ability to correctly

estimate the timing of admixture. We simulated single admixture pulses 20, 40, 60,

12
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and 80 generations ago using sample sizes of 10, 25, and 50. We performed 20

replicate simulations. For all robustness checks, we used simulated data where the

ancestral populations were 0.25 Ne generations divergent from one another.

To test for the effect of erroneous recombination maps, we modified the

recombination map every 5 Mb using the following approach. For each window, we

do a draw of D from uniform ( 1−d , 1+d ) where d is 0.25, 0.5, 0.75, or 1. We multiply

D by the actual recombination rate at that window to obtain our modified

recombination rate. For example, where d is 1, D is chosen from a uniform

distribution of range (0,2). Where d is 0.25, D is chosen from a uniform distribution

of range (0.75,1.25). Thus, the larger the value of d, the more the recombination map

will be perturbed.

We also tested our approach under scenarios where one of the reference

populations used to estimate the timing of admixture is not the actual source

population contributing to the admixed population. We estimated the timing of single

and double pulse admixture events using a reference population that was 0.005, 0.01,

0.02, 0.05, and 0.1 Ne generations diverged from the real source population. We

simulated single pulse data where the timing of admixture occurred 20, 40, 60, and 80

generations ago. We fit both single and double pulse admixture models to these data,

and computed summary statistics describing the fit of single pulse model to single

pulse data. In addition, we simulated double pulse data where the timing of the most

recent admixture pulse occurred 20, 40, 60, and 80 generations ago, and where the

13



most distant admixture pulse always occurred 100 generations ago. We computed

summary statistics describing the fit of two pulse models to these data.

Comparison to ALDER

We estimated the timing of single- and double-pulse admixtures using

ALDER v1.02 (Loh et al. 2013) and MALDER v1.0 (Pickrell et al. 2014),

respectively. We evaluated the results of our approach, ALDER, and MALDER by

performing 20 replicates of each admixture scenario, and computing the NRMSE for

estimated admixture time and admixture proportion. We simulated single pulse

admixture data using two reference populations of 50 individuals each and an

admixed population of 50 individuals. Similarly, we simulated double pulse

admixture data by adding a third reference population of 50 individuals. ALDER and

MALDER were run with a maxdis of 0.1. We note that the default settings of ALDER

and MALDER could not detect admixture events occurring >100 generations ago.

Thus, we extended the minimum distance (mindis) to 0 for any scenario with an

admixture event occurring >100 generations ago. Extending the minimum distance to

0 may confound estimated admixture times because ancestral LD will have a greater

impact on short scales, but appeared to produce better admixture time estimates for

the scenarios we considered. We note that there may be other ways to improve

ALDER and MALDER’s performance in detecting ancient admixture events.

Drosophila sample application

We obtained D. melanogaster genotype data for natural isolates from the

Drosophila Genome Nexus (Lack et al. 2015, 2016), which curates data from >1000
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natural isolates of this species. We used the recommended masking packages supplied

for that site for all samples in reference populations. For SD, we used the ZI

population, for RG we used a set of Central and West African samples (as in

(Corbett-Detig and Nielsen 2017)), and for EA we used the EF population. All

cosmopolitan pulses were modeled using FR as the cosmopolitan reference

population.

Application to admixed samples

We used our model to assay the admixture histories of Rwandan, South

African, and Ethiopian samples. We fit both a single-pulse model and double-pulse

model to genotype data from each population, running 100 bootstrap replicates using

a block size of 5000 SNPs.

- single pulse.

./ancestry_hmm -i RG.auto.panel -s RG.ploidy.txt -a 2 0.1 0.9 -p 1 100000 0.9

-p 0 -100 0.1 -g -e 1e-4 -b 100 5000.

./ancestry_hmm -i SD.auto.panel -s SD.ploidy.txt -a 2 0.17 0.83 -p 1 100000

0.83 -p 0 -100 0.17 -g -e 1e-4 -b 100 5000.

./ancestry_hmm -i EA.auto.panel -s EA.ploidy.fixed.txt -a 2 0.34 0.66 -p 1

100000 0.66 -p 0 -100 0.34 -g -e 1e-4 -b 100 5000.

- double pulse.

./ancestry_hmm -i RG.auto.panel -s RG.ploidy.txt -a 2 0.1 0.9 -p 1 100000 0.9

-p 0 -100 -0.05 -p 0 -100 -0.05 -e 1e-4 -g -b 100 5000.

15

https://paperpile.com/c/nUFryL/8PhW


./ancestry_hmm -i SD.auto.panel -s SD.ploidy.txt -a 2 0.17 0.83 -p 1 100000

0.83 -p 0 -100 -0.085 -p 0 -100 -0.085 -e 1e-4 -g -b 100 5000.

./ancestry_hmm -i EA.auto.panel -s EA.ploidy.txt -a 2 0.34 0.66 -p 1 100000

0.66 -p 0 -100 -0.17 -p 0 -100 -0.17 -e 1e-4 -g -b 100 5000.

Application to three population mixture from Gambella, Ethiopia

We used our model to assay the admixture histories of Gambella, Ethiopia. We

fit a double pulse model to genotype data from Gambella, running 1000 bootstrap

replicates each using a block size of 5000 SNPs. Moreover, since the native ancestry

type for Gambella is unknown, we modeled West African (AF), Ethiopian (EA), and

French (FR) as the ancestral population.

- EA native ancestry.

./ancestry_hmm -i three_pop.auto.EA.panel -s three_pop.auto.EA.ploidy -a 3

0.4 0.31 0.29 -p 0 -1000 0.4 -p 1 100000 0.31 -p 2 -1000 0.29 -g -b 1000

5000.

Data availability

We implemented the following model into our software package called

Ancestry_HMM (www.github.com/russcd/Ancestry_HMM). Below, wherever

possible, we give the script name and line number responsible for a computation,

denoted as header:line_number. All code is in the src/ directory within the

Ancestry_HMM repository. All line numbers and results reported here are based on

version 0.94. Supplemental material available at Figshare:

https://doi.org/10.25386/genetics.7070108.
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Model

Overview

In our previous work, we developed an HMM approach to simultaneously estimate

local ancestry and admixture times using next generation sequencing data in samples

of arbitrary sample ploidy. No phasing is necessary, and, unlike most LAI methods,

our models read pileups, rather than genotypes, making this approach appropriate for

low-coverage sequencing data (Skotte, Korneliussen, and Albrechtsen 2013).

Additionally, although not addressed in this work, our method accommodates samples

of arbitrary ploidy, making it ideal for poolseq applications or for populations with

unusual ploidy, e.g., tetraploids. Our previous work assumed a single exponential

tract length distribution, and is therefore limited to accommodating only a single

admixture event between two populations (Corbett-Detig and Nielsen 2017). Here,

we seek to extend this framework to accommodate additional admixture pulses either

from distinct ancestry types or multiple pulses from the same type. Wherever

possible, we have kept our notation identical to our previous work to facilitate

comparisons between the models. Please refer to Table S1 for descriptions of the

statistics we used to describe admixture model and LAI accuracy.
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State space

Our model incorporates the ancestry of samples with arbitrary ploidy of n

chromosomes and with k distinct ancestry types resulting from k−1 admixture pulses.

Therefore the state space S, is defined as the set of all possible k-tuples of

non-negative integers, H = (l1,…,lk), such that , where lj is the number of
𝑖=1

𝑘

∑ 𝑙
𝑖

= 𝑛

chromosomes in the sample from admixture pulse j.

Emission probabilities

We model the probability of read pileup data (or alternatively genotypes) of

each sample as a function of the allele counts in each ancestral population and assume

a uniform prior on the allele frequencies in each source population. Note that where

the same ancestral population contributes multiple pulses, the emission probabilities

for each site at these states are identical and computed based on the sum of the

number of chromosomes of each ancestry type. To accommodate up to k distinct

ancestry types, we use multinomial read sampling probabilities. Specifically, if the

representation in the read data are exactly equal (in expectation) for each

chromosome, the probability of sampling a given read from chromosomes of ancestry

pulse k is lk/n. Therefore, the probability of any given vector of read counts,

R=(r1,…,rk), sampled from a site with depth r and across the chromosomes in a given

hidden state H∈S, assuming no mapping or sequencing biases is

(read_emissions.h:31)

𝑅|𝐻, 𝑛, 𝑟 ∼ 𝑀𝑢𝑙𝑡 𝑟, π = (
𝑙

1

𝑛 ,...,
𝑙

𝑘

𝑛( )
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Conditional on the read count vector, R, the number of reads carrying the A allele

(assuming an A/a di-allelic locus) is independent among ancestry pulses.

For each reference population, the allele count is binomially distributed given

the (unknown) true allele frequencies, fj,  j=1…k. Let Cj represent the total allele

count for reference population j and let CjA represent the total number of A alleles for

reference population j. Then (read_emissions.h:51),

𝐶
𝑗𝐴

|𝐶
𝑗
, 𝑓

𝑗
  ∼ 𝐵𝑖𝑛(𝐶

𝑗
, 𝑓

𝑗
)

While we assume genotypic data for the reference populations, we assume

short-read pileup data for the admixed population. The (unobserved) allele counts in

the admixed chromosomes, stratified by admixture pulse origin, CM1A,CM2A,…CMkA

and CM1a,CM2a,…CMka are also binomially distributed, i.e., for each ancestry type

(read_emissions.h:47),

𝐶
𝑀𝑗𝐴

|𝐻, 𝑓
𝑗
  ∼ 𝐵𝑖𝑛(𝑙

𝑗
, 𝑓

𝑗
)

Then, assuming a symmetrical and identical error rate among alleles, ϵ, the

probability of obtaining rj reads of allele A from within the rj reads derived from

chromosomes of type j is (read_emissions.h:47),

𝑟
𝑗𝐴

|𝐻, 𝑟
𝑗
, 𝐶

𝑀𝑗𝐴
, ϵ ∼ 𝐵𝑖𝑛 𝑟

𝑗
, (1 − ϵ)

𝐶
𝑀𝑗𝐴

𝑙
𝑗

+ ϵ(1 −
𝐶

𝑀𝑗𝐴

𝑙
𝑗

)( )
By integrating across all possible allele frequencies in the ancestral population

assuming a uniform (0,1) prior, we obtain the probability of a given number of reads

of allele A, r jA
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𝑃𝑟(𝑟
𝑗𝐴

|𝑟
𝑗
, 𝐻, ϵ) =  

𝑘=0

𝑙
𝑘

∑ 𝑃𝑟(𝑟
𝑗𝐴

|𝐻, 𝑟
𝑗
, 𝐶

𝑀𝑗𝐴
= 𝑘, ϵ) 

0

1

∫ 𝑃𝑟(𝐶
𝑀𝑗𝐴

= 𝑘|𝐻, 𝑓
𝑗
)𝑑𝑓

𝑗

We then find all possible ways of arranging rA reads of allele A across the read

vector R, RA={(r1A,…,rkA)}. Here, for each ancestry type, we require that 0 ≤ rjA ≤ rj

and . The probability of a given configuration is (distribute_alleles.h:31),
𝑗=1

𝑘

∑ 𝑟
𝑗𝐴

=𝑟
𝐴

𝑃𝑟(𝑅
𝐴

= 𝑅
𝐴
* |𝑅 ) =  

𝑖=𝑗

𝑘

∏ 
𝑟

𝑗
*

𝑟
𝑗𝐴
*( )

Σ𝑅
𝑎
ϵΩ

𝑅
𝑖=𝑗

𝑘

∏
𝑟

𝑗

𝑟
𝑗𝐴( )

where ΩR is the set of all configurations of RA compatible with R. For each

configuration of reads, R and RA, these above probabilities for each ancestral

population combine multiplicatively across all ancestral populations, and we are then

able to obtain the emissions probabilities for the hidden state, H=i, as

𝑃𝑟(𝑋,  𝐶
𝑗𝐴

,..., 𝐶
𝑘𝐴

|𝐻, ϵ, 𝑛, 𝐶
1
,..., 𝐶

𝑘
) 

=  (
𝑗=1

𝑘

∏ 𝑃𝑟(𝐶
𝑗𝐴

|𝐶
𝑗
)) 

{𝑅,𝑅
𝐴

}ϵΩ
𝑥

∑ 𝑃𝑟(𝑅
𝐴

|𝑅)𝑃𝑟(𝑅|𝐻, 𝑛, 𝑟)
𝑗=1

𝑘

∏ 𝑃𝑟(𝑟
𝑗𝐴

|𝑟
𝑗
, 𝑛, 𝐻, ϵ) 

where X is all the read data for the admixed population for the site and Ωx indicates

the set of all values of {RA,R} compatible with X.

Transition probabilities

Transition probabilities must also be significantly expanded to accommodate

the more complicated ancestry models investigated in this work.
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Modeling multiple pulses into a single recipient population

First, we consider a scenario where two ancestry pulses enter the same

admixed populations at two distinct times (Figure 1c). Here, we will refer to the time

of each ancestry pulse as tk , where t0=0 and refers to the present and t1, for example,

refers to the most recent admixture pulse in backward time. During each pulse, a

proportion of the resident population, mk, is replaced. In this model, there are two

distinct epochs during which a recombination event may occur along a chromosome.

The last epoch, in backward time, occurs during the time interval between t1 and t2.

During this time, there are two ancestry types present, and the transition rate between

them is identical to that in our previous work (Corbett-Detig and Nielsen 2017).

Specifically, the transition rate between the resident ancestry type A3 and ancestry

type A2 is

2𝑁(1 − 𝑒
𝑡

1
−𝑡

2

2𝑁 ) 𝑚
2

in units of Morgans per segment (Liang and Nielsen 2014). A nearly identical

relationship holds for the transition rate from ancestry type A2 to A3,

2𝑁(1 − 𝑒
𝑡

1
−𝑡

2

2𝑁 ) (1 − 𝑚
2
)

However, after the second ancestry pulse in forward time, additional transitions

between ancestry types A3 and A2 will occur. During this interval, the transition rate

from ancestry type A3 to ancestry type A2 is

2𝑁(1 − 𝑒
−𝑡

1

2𝑁 ) 𝑒
𝑡

1
−𝑡

2

2𝑁  (1 − 𝑚
1
) 𝑚

2
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This transition rate reflects the chance of a recombination event occurring between t1

and the time of sampling, with no back coalescence to the previous marginal

genealogy in either time epoch. Finally, 1−mI is the probability that this

recombination event does not choose a lineage that entered the population during the

second ancestry pulse in forward time, and m2 is the probability of recombining with

a lineage from the first ancestry pulse in forward time. Hence, the total rate of

transition between ancestry type A3 and ancestry type A2 across both epochs, is

λ
32 

= 2𝑁(1 − 𝑒
𝑡

1
−𝑡

2

2𝑁 ) 𝑚
2

+ 2𝑁(1 − 𝑒
−𝑡

1

2𝑁 ) 𝑒
𝑡

1
−𝑡

2

2𝑁  (1 − 𝑚
1
) 𝑚

2

Again, a similar rate holds for transitions between ancestry types A2 and A3.

Transition rates associated with the second ancestry pulse are simpler, and closely

resemble those for a single pulse model. Specifically, the rate of transition from

ancestry type A3 to ancestry type A1 is

λ
31 

= 2𝑁(1 − 𝑒
−𝑡

1

2𝑁 ) 𝑚
1

Here, we include the probability that a recombination event occurs within the second

epoch and that the lineage selects ancestry type A1. Note that if the lineage selects

ancestry type A1, we need not consider the probability of back coalescence in the time

interval between t1 and t2 as it must exit the admixed population during the first

ancestry pulse. Similarly, the transition rate from ancestry type A1 to ancestry type A3

is

λ
13 

= 2𝑁(1 − 𝑒
−𝑡

1

2𝑁 ) (1 − 𝑚
1
)(1 − 𝑚

2
)
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where this equation reflects the probability that a recombination event occurs during

the second epoch and then the lineage selects ancestry type A3. Note that no

consideration is given to back coalescence to the previous marginal genealogy during

the epoch between t2 and t1 because there is no ancestry type A1 present in the

population during this time. Here again, similar rates hold for transitions from

ancestry type A1 to ancestry type A2 , and from ancestry type A2 to ancestry type A1

following similar logic presented above.

Transition rates can be generalized to include an arbitrarily large number of

distinct ancestry pulses. Briefly, transitions between ancestry types may occur during

any epoch in which they are both present within the admixed population. For

example, for the first pulse in forward time, transitions between ancestry type Ak and

Ak−1 may occur anytime between tk−1 and the present. Therefore, all epochs will be

necessarily included the transition calculations between ancestry type Ak and Ak−1.

More generally, the transition rate between ancestry pulses, i and j, where 1≤i<j≤k is,

λ
𝑖𝑗

= 2𝑁𝑚
𝑗
(

𝑙=𝑖

𝑗−1

∏ 1 − 𝑚
𝑗
)(1 − 𝑒

𝑡
𝑖−1

−𝑡
𝑖

2𝑁 +  
𝑞=1

𝑖−1

∑ ((1 − 𝑒
𝑡

𝑞−1
−𝑡

𝑞

2𝑁 ) 
𝑝=𝑞+1

𝑖

∏ 𝑒
𝑡

𝑝−1
−𝑡

𝑝

2𝑁 (1 − 𝑚
𝑝−1

)))

Conversely, if 1≤j<i≤k, the transition rate between ancestry of pulse i to pulse j is

very similar, i.e., transitions may occur during the same epochs ( tj through the

present). Therefore,
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λ
𝑖𝑗

= 2𝑁𝑚
𝑗
(1 − 𝑒

𝑡
𝑗−1

−𝑡
𝑗

2𝑁 +  
𝑞=1

𝑗−1

∑ ((1 − 𝑒
𝑡

𝑞−1
−𝑡

1

2𝑁 ) 
𝑝=𝑞+1

𝑗

∏ 𝑒
𝑡

𝑝−1
−𝑡

𝑝

2𝑁 (1 − 𝑚
𝑝+1

))

Note that it is not necessary for each ancestry pulse to be derived from distinct

ancestral populations. Indeed, we conceived of this approach as a means of fitting

multiple pulse ancestry models. Therefore any number of pulses may be contributed

by as few as two ancestral populations. However, in order to model full transition

rates, it is necessary to estimate the proportion contributed by each pulse even when

they are from the same ancestry type, potentially making multiple pulse ancestry

models more challenging to fit than models where each pulse is contributed by a

separate subpopulation. More broadly, while this model is quite generalizable, there

are limits to what is practical to infer using real datasets (see below).

Transition rates per basepair

The last two equations above model transitions in Morgans per segment

between ancestry states. We must therefore convert these expressions into a transition

rate per basepair. To do this, we multiply the recombination rate by Morgans/bp using

an estimate of the local recombination rate within that segment of the genome, rbp.

Therefore, the single chromosome transition matrix, P(l)=Pij(l),i,j∈S, for a two pulse

population model for two markers at distance l bp from one another would be as

follows (create_transition_rates.h 69).
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Modeling sample ploidy

The above model describes the ancestry transitions along a single

chromosome. However, many datasets contain samples that are diploid or pooled

rather than haploid, or equivalently completely inbred. For simplicity, we model each

sample of ploidy n as the union of n independent admixed chromosomes. To

approximate the transition probability from state i to state j in a sample of n

chromosomes, we assume the ancestry proportion, m, contributed by ancestry type A

are known. Let the current hidden state ancestry vector be s={s1,s2,…,sk} where k is

the maximal number of ancestry types and si indicates the number of chromosomes

with ancestry component i. Then is the total number of different𝑡 =
𝑖=1

𝑘

∑ 𝑠
𝑖

chromosomes in the pool. Furthermore, let Pij(d) be the d-step transition probability

from ancestry i to j of the previously defined 1-chromosome process. Define qij as

qij=siPij(d). Also, let a={a1,a2,…,ak}, , be the ancestry vector d sites𝑡 =
𝑖=1

𝑘

∑ 𝑎
𝑖

downstream from the location of the locus with ancestry vector s. Then, we will

approximate the transition probability from, s to a, as

𝑝(𝑎|𝑠) =  
𝑧ϵ𝑍
∑

𝑖=1

𝑘

∏  
𝑠

𝑖
𝑧

𝑖1
,𝑧

𝑖2
,...,𝑧

𝑖𝑘( ) 𝑗
∏ 𝑞

𝑖𝑗

𝑧
𝑖𝑗

where z={zij} is an k×k matrix of non-negative integers, and Z is the set of all such

matrices for which and . The sum over all z∈Z
𝑖=1

𝑘

∑ 𝑧
𝑖𝑗

= 𝑎
𝑗
∀𝑎

𝑗
ϵ 𝑎

𝑖=1

𝑘

∑ 𝑧
𝑖𝑗

= 𝑠
𝑖
∀𝑠

𝑖
ϵ 𝑠

can be large, and increases exponentially in k.
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The true ancestral recombination graph is potentially more complex than our

simple approximation which assumes all ancestry transitions to be independent.

Therefore, caution is warranted when using our model on samples with higher ploidy

(Corbett-Detig and Nielsen 2017) (transition_information.h:21).

Model optimization

Because the search space for admixture models is potentially quite complex,

we have implemented optimization using the Nelder-Mead direct search simplex

algorithm (Nelder and Mead 1965) to optimize the HMM using the forward-equation

to compute model likelihoods. As with all direct search algorithms, there is no

guarantee that the optimum discovered is a globally optimal solution. We therefore

include random restarts to insure that the globally optimal solution can be recovered

consistently.

Assumptions

Perhaps the central assumption of this approach is that admixture occurs in

discrete, distinct “pulses.” Whereas this is violated in a wide array of true admixture

events with either ongoing or periodic admixture (Pool and Nielsen 2009; Gravel

2012), the pulse model is tractable for estimating admixture histories (Gravel 2012;

Loh et al. 2013; Corbett-Detig and Nielsen 2017). We have previously shown that

LAI using our method is robust to a wide array of perturbations including continuous

migration and natural selection (Corbett-Detig and Nielsen 2017). Nonetheless, all
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results, particularly those that hinge heavily on the precise timing of admixture

events, should be interpreted cautiously. See also our discussion below.

Validation

Confirmation of the ancestry tract length approximation

We first confirmed that our sequential Markov coalescent (SMC’)

approximation for the ancestry tract length distribution is correct. Specifically, we

simulated tract length distributions from the forward-in-time simulation program,

SELAM (Corbett-Detig and Jones 2016), and compared those with the expected tract

length distribution under our model. In comparing the two, we found that the model

provides an excellent approximation for the ancestry tract length distribution

(Figure 2). This therefore indicates that our SMC’ tract length approximation is likely

to be sufficient for our purposes. Moreover, we also confirmed that this framework

can also accurately accommodate models involving more ancestral populations

(Figure S1 and Table S2).
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Figure 2. Tract length distributions obtained using our tract length model
approximation (solid black) and forward-in-time simulation (dashed red). A model
like Figure 1c was considered. An initial pulse of ancestry type A2 entered a resident
population of ancestry type A3 and replaced 1/3 of the resident population. Then, a
second ancestry pulse in forward time, from ancestry type A1, replaced 1/4 of the
resident population. Each simulation had a diploid population size of size 10,000, and
we aggregated data from 50 sampled individuals across 100 simulations to produce
the full tract length distribution. From top to bottom, respective ancestry tract length
distributions correspond to ancestry type A3,  A1, and A2. We investigated two
admixture models. The first model has a first and second pulse occurring 200 and
1000 generations, respectively, before the present (left). The second model has a first
and second pulse occurring 20 and 100 generations, respectively, prior to the present
(right). Note that axes differ between figure panels.
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Simulating ancestral populations

We used the approach of Corbett-Detig and Nielsen (2017) to validate our

HMM software implementation and to test the performance of this expanded model.

Briefly, we simulated ancestral genotype data using the coalescent simulation

framework MACS (Chen, Marjoram, and Wall 2009), we then simulated ancestry

tract length distributions in forward-time using our software package SELAM

(Corbett-Detig and Jones 2016). Genotype data for admixed individuals was then

drawn from the ancestral data simulated using MACS where genotypes were drawn

from each population and assigned to each tract based on that tracts’ ancestry type. To

explore a wide range of genetic divergences among ancestral populations, we

simulated genotype data for ancestral populations at varying levels of genetic

divergence from one another. Specifically, we considered populations that are 0.05,

0.1, 0.25, 0.5, and 1 Ne generations divergent from one another.

LD pruning

LD among sites may inflate transition rates between ancestry states. In order

to mitigate this, we first pruned sites in strong LD in each reference panel by

computing LD among all pairs of markers within 0.1 cM of each other. We then

discarded one site from each pair with increasingly stringent pruning until we found

that admixture time estimates were approximately unbiased in two pulse admixture

models. We note that the LD pruning necessary for two pulse models appears to be

sufficient for fitting more complex models of admixture (see below). This suggests

that simple, single-pulse, admixture simulations could be used successfully to

29

https://paperpile.com/c/nUFryL/IUNQ
https://paperpile.com/c/nUFryL/sOO8


determine the necessary levels of LD pruning. Also, we found that substantially more

stringent LD pruning is necessary to produce unbiased admixture time estimates for

ancestral populations that are minimally divergent from one another (Figure S2).

Three ancestral populations

We next sought to evaluate the accuracy of this method when two ancestry

pulses are contributed from distinct ancestral populations. For all levels of population

divergence considered, we find that our method recovers the correct times of

admixture events with reasonably high accuracy for recent admixture times

(Figure 3). Notably, the error in time estimates decrease substantially with

increasingly divergent ancestral populations, indicating that this method will produce

the most accurate results when ancestral populations are highly genetically divergent.
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Figure 3. Admixture time estimates for two-pulse population models with three
distinct ancestral populations. From top to bottom, panels include the divergence time
between the ancestral populations is 0.05, 0.1, 0.25, 0.5, and 1 Ne generations. True
admixture times are indicated by the dashed lines. On the left, for all admixture
models considered, the second pulse occurred 100 generations before the present. The
first pulse occurred 20 (black), 40 (red), 60 (green), and 80 (blue) generations prior to
sampling. On the right, the second pulse occurred 1000 generations before the
present, and the first pulse occurred at 200 (black), 400 (red), 600 (green) and 800
(blue) generations prior to sampling. Note that, due to underestimation of admixture
times, the figure axes differ between panels for plots of more ancient admixture
events.

Whereas our method accurately estimates admixture times when admixture

events occur at intermediate times prior to sampling, we find that the accuracy suffers

somewhat when estimating the timings of two more ancient admixture events. Indeed,
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for modestly divergent ancestral populations, e.g., 0.1Ne generations divergent, we

find that our approach consistently underestimates the times since admixture events,

particularly for the more ancient ancestry pulse (Figure 3). This is true despite a

nearly linear relationship for estimated admixture times and actual admixture times in

a single-pulse two-ancestral-population model (Figure S2), indicating that there is a

significant cost for accuracy of model estimation when estimating additional ancestry

pulse parameters. However, for more divergent ancestral populations, it is still

feasible to obtain accurate admixture time estimates (Figure 3). We note that our good

performance in estimating old admixture times may be a function of more informative

sites and less LD present in D. melanogaster compared to humans, for example.

Additionally, because there is still a monotonic relationship between the time

estimates and true admixture times, it might be feasible to correct for this bias and

obtain accurate admixture time estimates even when ancestral populations are not

particularly divergent.

Two-pulse admixture model

It is significantly more challenging to distinguish between models with a

single ancestry pulse and models with two distinct ancestry pulses from the same

ancestral population. As we described above, one of the key difficulties is that, in

addition to estimating admixture times, our model must also estimate the proportion

of the total ancestry contributed by each pulse. Furthermore, it is essential that this

approach includes a mechanism for distinguishing between single- and double-pulse
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models. We therefore began with a single-pulse admixture simulation and fit both

single- and two-pulse admixture models to these data.

We find that traditional likelihood ratio tests (LRT) universally favor

two-pulse vs. single-pulse models even when data are simulated under a single-pulse

model for all scenarios we considered (Figure S3). Additionally, we note that

two-pulse models may become degenerate, either because a pulse’s ancestry

proportion may be nearly zero, or because two pulses may occur at virtually identical

times. We therefore caution that these factors could make traditional LRTs

challenging to interpret. We therefore suggest that, when using this method to analyze

admixed populations, it will usually be preferable to choose the simplest admixture

model that is consistent with the data. More complex models are usually favorable by

standard statistical comparisons, but may overfit the data. This consideration is

reminiscent of concerns for the STRUCTURE model (Pritchard, Stephens, and

Donnelly 2000; Evanno, Regnaut, and Goudet 2005). In general, this means the

model that contains the fewest distinct ancestry pulses should be selected.

Spurious admixture models can be identified by interrogating the timing and

proportion of ancestry contributed by each admixture pulse. First, many of the

resulting two-pulse admixture models contain ancestry pulses with similar times

(Figure 4 and Tables S3–S5), suggesting that these could be recognized as

representing a single admixture event. Second, of the models containing two pulses,

many contain one pulse near the correct admixture time and another distant pulse that

introduced a very small proportion, i.e., ≤1% of the total ancestry in the sampled
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admixed population (Figure 4 and Tables S3–S5). Often the pulse introducing a small

proportion of ancestry in the sampled population occurred in the distant past, where

admixture time is harder to estimate. Therefore, admixture pulses that (1) occur in the

distant past and contribute relatively small proportions of the total ancestry or (2)

pulse at similar times, may indicate a spurious admixture model and should be

disregarded in favor of simpler admixture scenarios.

Figure 4. Two-pulse admixture models fitted using our framework to data generated
under a single-pulse admixture model. We considered varying levels of population
divergence. From top to bottom, the ancestral populations are 0.05, 0.1, 0.25, 0.5, and
1 Ne generation divergent from one another. From left to right, the single admixture
pulse occurred 20, 40, 60, and 80 generations prior to sampling and replaced one half
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of the ancestry. Point colors correspond to the proportion of ancestry that is
attributable to the second pulse, with a gradient running from 0 (red) to the maximum
possible, 0.5 (yellow). Dashed lines reflect the true admixture time. Note that axes
differ between figure panels.

When we simulated admixed populations whose histories contained two

distinct ancestry pulses, we found two-pulse models could sometimes be fit

accurately. Specifically, when the two ancestry pulses occurred at fairly different

times (e.g., 20 and 100, and 200 and 1000 generations), our approach identified

models that correspond closely to the parameters under which the admixed population

was simulated. However, when the two ancestry pulses occurred at closer time

intervals, we were less frequently able to reliably recover the correct admixture model

(Figure 5 and Table S4). Additionally, we note that the accuracy of two-pulse models

depends on the genetic distance between ancestral populations (Figure 5), where it is

generally more straightforward to fit admixture models for genetically distant

ancestral populations.
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Figure 5. Two-pulse admixture models fitted using our framework to data generated
under a two-pulse admixture model. We considered varying levels of population
divergence. From top to bottom, the ancestral populations are 0.05, 0.1, 0.25, 0.5, and
1 Ne generation divergent from one another. For all models, the second admixture
pulse occurred 100 generations prior to sampling. From left to right, the first pulse
occurred 20, 40, 60, and 80 generations prior to sampling. The second pulse replaced
1/3 of the resident population and the first pulse replaced 1/4 of the resident
population. Therefore, each ancestral population contributed one half of the ancestry
at the time of sampling. Point colors correspond to the proportion of total ancestry at
the time of sampling that is attributable to the first pulse with a gradient running from
0 (red) to the maximum, 0.5 (yellow). Dashed lines reflect the true admixture times
for the first and second pulse. Note that axes may differ between subplots.

Collectively, our results suggest that it might not be possible to distinguish

between single-pulse and two-pulse admixture models when ancestry pulses occurred

at similar times. However, it is feasible to distinguish single pulse models from
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admixture models with both relatively ancient and recent admixture. Therefore, we

anticipate that this approach will be valuable for investigating a range of hypotheses

with dramatically different admixture times. Furthermore, as we consider here

intermediate-sized population samples, i.e., 50 individuals, it may be feasible to

distinguish more fine-grained admixture models using larger samples sizes.

LAI accuracy
We note that while two pulse models do improve the accuracy of LAI, the

improvement observed tends to be slight (Tables S3–S5). This suggests that for

studies aimed at evaluating patterns of LA across the genome, there may be no need

to extensively optimize admixture models to obtain reasonable estimates of the LA

landscape in the admixed population. Single-pulse models may be sufficient to

accurately characterize LA across the genome for many admixed populations.

Robustness of our approach to smaller sample sizes, divergent reference
populations, and inaccuracies in the genetic map

We anticipate our approach will be used to estimate the timing of admixture in

model and nonmodel systems. It is likely that the underlying assumptions will be

violated in some applications. To characterize our model’s performance and

robustness in light of these challenges, we evaluated our method’s ability to correctly

estimate the timing of admixture under varying sample sizes, reference population

divergences, and erroneous recombination maps. See File S1 for definitions of

summary statistics used to quantify accuracy of admixture models and LAI.
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Accurate fine-scale recombination maps are necessary for estimating

transition rates between adjacent ancestry states in our model. However, we anticipate

that our method will be applied to nonmodel systems where a fine-scale

recombination map might not be available. Therefore, we tested the resilience of our

method against perturbations of the recombination map using populations that are

0.25 Ne generations divergent (Methods). The normalized root mean squared error

(NRMSE) in estimating the timing of a single pulse admixture event using our

approach is <12% for all admixture times 20, 40, 60, and 80 even when the

recombination map is substantially distorted (Figure S6 and Tables S6 and S7).

Moreover, our approach is unlikely to give false support for a two pulse model to

truly single pulse data (Figure S7). When fitting a two-pulse model to two pulse data,

our method consistently overestimates the timing of admixture events when the true

recombination map is distorted relative to the assumed map. However, for all but the

most strongly distorted recombination maps, our results imply that two pulse models

can be reliably identified, albeit with overestimated admixture times (Figure S8).

Therefore, for single-pulse admixture models, a high-density recombination map does

not appear necessary; however, for accurate two-pulse admixture models, a high

density genetic map may be required to obtain accurate admixture time estimates. See

Table S7 for detailed error reports as a result of perturbed rates of recombination.

Additionally, the source population contributing to the admixture history of a

population may not always be available for genetic sequencing, or may be incorrectly

identified. To test the sensitivity of our approach when a related, but distinct,
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population from the true admixture source is used as a reference, we simulated

admixture events using reference populations of varying divergence to the actual

source population and estimated the timing of admixture (see Methods). We found

our approach consistently overestimated the timing of admixture in both single and

double pulse models (Figures S9 and S10). In general, as reference populations are

more divergent from the true admixture source, our method increasingly

overestimated the timing of admixture events. Nonetheless, it is feasible to identify a

two-pulse model, despite overestimating the timing of admixture (Figure S10).

Moreover, we fitted a double-pulse model to single-pulse data and found no false

support for a double-pulse model (Figure S11). We advise that, when using our

approach, it will be necessary to carefully identify the closest possible reference

population, as there are limitations of how divergent the reference can be to the actual

source population in order to obtain accurate estimates of admixture time (Tables S8

and S9).

Lastly, we evaluated our method’s performance under varying sample sizes of

the admixed population. Because we considered only a single chromosome in all

analysis, we note that our sample sizes considered here, down to 10 individuals, are

very modest relative to most sequencing applications with respect to total data

considered. Regardless, we do not obtain false support for a two-pulse model when

applied to admixed populations that experienced only a single pulse (Figure S12).

Estimating the timing of admixture becomes more accurate with large sample sizes.

However, a sample size of just 10 individuals at a single chromosome still has a
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NRMSE <6% for all admixture times we considered (Tables S10–S12). Therefore, we

conclude that our approach is still useful in cases with limited sampling.

Comparison to ALDER

We compared the accuracy of our approach in estimating the timing of

admixture to that of ALDER (Loh et al. 2013).Briefly, ALDER and its extension,

MALDER (implemented in Pickrell et al. (2014)), is based on modeling the decay of

admixture LD within admixed populations. In all single- and double-pulse models

that we considered (See Methods), our approach more accurately estimates the timing

of admixture (Tables S13 and S14). Notably, our method significantly outperforms

ALDER in models involving pulses occurring more distantly in the past (i.e., >80

generations ago). This discrepancy might be attributable to our method’s ability to

model short tracts of LA, which get disregarded in ALDER by default (Loh et al.

2013), potentially impacting the ability to identify ancient admixture events (Figure

S13). We note that estimating ancient admixture pulses is not the intended use of

ALDER, but was included in this analysis to fully compare the utility of our software

in estimating both recent and ancient admixture pulses. Considering a relatively

recent two-pulse model where t1=20 and t2=100, MALDER correctly fits a two-pulse

model 6 out of 20 of the simulations, but selects a single-pulse model for the 14

others (Table S14). Our approach fit a two-pulse model to the model in all 20

simulations and produced a NRMSE of 0.0307 and 0.0214 for t1 and t2, respectively,

compared to MALDER’s 0.1207 and 0.1856. We used default parameters for
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ALDER/MALDER simulations and further parameterization might improve its

performance (see Methods).

When is this method a good choice?

We recommend using our software over ALDER/MALDER, especially when

estimating ancient admixture pulses. Our software performs best with reference

populations that are minimally divergent to the source population and an accurate

fine-scale recombination map. Our results suggest that this approach is robust to

varying levels of data availability and to errors in the fine-scale genetic map. Given

that this is the only approach for LAI and admixture time estimation that can

accommodate nondiploid samples, short-read pileup data, and relatively ancient

admixture pulses, it will likely be useful in a variety of systems.

Nonetheless, we advise carefully considering, e.g., through simulation, how

this approach will perform with available data, particularly when ancestral LD is

extensive or populations are only weakly genetically differentiated, such as what is

found in some human admixed human populations. Particularly for these situations,

we suggest to instead apply LAI software that explicitly models the haplotype

structure of admixed samples (Price et al. 2009; Maples et al. 2013; Dias-Alves,

Mairal, and Blum 2018) and use the resulting tract length distribution to estimate

admixture time (Gravel 2012; Ni et al. 2018). Moreover, if there is concern that the

assumed reference population is divergent from the true reference population, other

methods such as ALDER might be more robust in estimating the timing of admixture

(Loh et al. 2013).
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Application

Admixture in D. melanogaster

Biogeographical evidence (Lachaise et al. 1988) and patterns of genetic

variation (Begun and Aquadro 1993; Caracristi 2003; Thornton and Andolfatto 2006)

suggest that D. melanogaster originated in sub-Saharan Africa, and went on to

colonize much of the rest of the world relatively recently (Duchen et al. 2013).

During this expansion, the population that left sub-Saharan Africa experienced a

dramatic bottleneck that reshaped patterns of genetic diversity across much of the

genome (Caracristi 2003; Ometto et al. 2005; Duchen et al. 2013). The resulting

“cosmopolitan” haplotypes are distinguishable from those of the ancestral

sub-Saharan populations based solely on patterns of genetic variation (Pool et al.

2012), and these two ancestral populations have since encountered each other and

admixed in numerous geographic locations within sub-Saharan Africa and worldwide

(Pool et al. 2012; Caracristi 2003).

Thus, D. melanogaster has emerged as an important model for understanding

the genomic and phenotypic consequences of admixture in natural populations. There

are important premating behavioral isolation barriers between cosmopolitan and

African individuals (Ting, Takahashi, and Wu 2001), as well as substantial

phenotypic consequences that operate postmating within admixed individuals

(Lachance and True 2010; Kao et al. 2015). Additionally, recent work has

investigated the genomic consequences of admixture both demographically (Duchen
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et al. 2013; Bergland et al. 2016) and with the goal of evaluating the impact of natural

selection in shaping genome-wide patterns of variation (Pool 2015). The genomic

consequences of admixture have only been studied using relatively simple

demographic models [i.e., a single event (Pool et al. 2012)], leaving open the

possibility that more complex admixture dynamics are common in natural populations

of this species. Accurately characterizing the admixture histories and the patterns of

local ancestry across the genome is essential to further our understanding of the

demographic history of this species and build a complete null model for studying

natural selection on ancestry during admixture.

Evaluating possible applications to D. melanogaster admixed populations

In agreement with our general conclusions from admixture simulations, we

find that our method is accurate, and single-pulse admixture models are

distinguishable from two-pulse models for temporally distinct admixture events (i.e.,

wherein two pulses occurred at significantly different times, Figure 6and Figure S5).

However, also consistent with our results above, we find that when admixture pulses

occurred at relatively similar times (e.g., t1 = 200 and t2 = 250 generations prior to

sampling), a single ancestry pulse contributes the vast majority of admixed ancestry,

and this scenario is therefore ultimately most similar to a single-pulse admixture

model. These data therefore suggest that it is possible to distinguish single- from

two-pulse admixture models in data consistent with D. melanogaster ancestral

populations when the admixture pulses occurred at dramatically different times.
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Figure 6. Admixture model fitted for data consistent with admixed Drosophila
populations. Two-pulse admixture models for scenarios that are truly single-pulse
(left), two-pulse with a first admixture pulse 20 generations prior to sample (middle),
and two-pulse models with a first admixture pulse 200 generations prior to sampling
(right). From top to bottom, the second admixture pulse occurred 250, 500, 1000,
2500, and 5000 generations prior to sampling. The point colors indicate the
proportion of ancestry in the sampled population that entered during the first
admixture pulse in backward time with a gradient running from 0 (red) to the
maximum, 0.5 (yellow). Dashed lines indicate the correct timing of simulated
ancestry pulses. In two-pulse models, the first pulse contained 10% of the final
ancestry and the second contributed 14% of ancestry to the sampled population. In
single-pulse models, all of the non-native ancestry is contributed by one pulse. These
values were selected to be consistent with those from admixed sub-Saharan
populations of this species (Pool et al. 2012). Note that axes may differ between
subplots.
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Perhaps owing to the higher marker density, the greater accuracy of genotyped

markers along the genome, and/or the inbred genomes in our Drosophila samples, we

find that our method is slightly more accurate for population histories consistent with

those of D. melanogaster than for the simulated populations considered above (Tables

S3–S5). Additionally, admixture times can be accurately estimated even when

admixture events occurred in the distant past (e.g., 5000 generations prior to

sampling, Figure 6 and Figure S5).

Application to admixed D. melanogaster samples

To demonstrate the performance of our method on real datasets, we applied

our approach to D. melanogaster variation data from sub-Saharan African populations

(Figure 7). We studied populations from Rwanda (RG), South Africa (SD), and

Gambella, Ethiopia (EA) and estimated the time of cosmopolitan admixture using

both double and single pulse models.
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Figure 7. Single- and double-pulse models applied to real genotype data generated
from sub-Saharan African populations of D. melanogaster. In the plots shown,
cosmopolitan ancestry pulsed into native African ancestry once (top row) or twice
(bottom row). The panels from left to right are populations RG, SD, and EA. Single-
and double-pulse models were bootstrapped 100 times. Each point in the top row
corresponds to a bootstrap estimate of the timing of admixture. The bottom row
shows bootstrap estimates for the timing of the second admixture pulse in backward
time. The point colors indicate the proportion of ancestry in the sampled population
that entered during the second (in backward time) admixture pulse, with a gradient
running from 0 (red) to the maximum, 0.076 (yellow). Black dots indicate the
bootstrapped time optima. Note that axes may differ between subplots.

In two-pulse models, cosmopolitan ancestry pulsed twice (Figure 1b), and

resulted in the most recent pulse contributing ∼99 and 97.5% (for RG and SD,

respectively) of the total cosmopolitan ancestry present in the population at the time

of sampling. The second, more ancient, pulse tends toward the maximum time

allowed in our inference method, 10,000 generations, and contributes 0.01 and 2.5%
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of the total cosmopolitan ancestry present in the population at the time of sampling

RG and SD (Figure 7). As described above, a distant admixture pulse contributing

small amounts of ancestry likely indicates a spurious admixture model. Though it is

possible that ancient cosmopolitan admixture contributed a small amount to the

ancestry of the SD and RG populations, the simplest model, a single-pulse model

with cosmopolitan ancestry pulsing into African ancestry, provides a reasonable

description of the demographic history of RG and SD. The estimated admixture

times, 140 and 437 generations in a single pulse model, suggest that the observed

cosmopolitan ancestry has entered these populations exceptionally recently despite

earlier contact and extensive commerce among human groups.

To test how our method performs when ancestral populations are omitted, we

applied a two-pulse model to genotype data (EA) from Gambella, Ethiopia, which is

believed to have West African, Ethiopian, and cosmopolitan ancestry (Lack et al.

2015). Instead of modeling all three ancestral populations, we omitted West African

as an ancestral population to mimic a scenario where the ancestral populations of an

admixed population have not all been identified. The results of the two ancestral state

model estimated an ancient admixture pulse composing 6.5% of the total

cosmopolitan ancestry present in the population at the time of sampling (Figure 7).

Importantly, we note that 6.5% is substantially more than we found in any of our

simulated single-pulse datasets. A second pulse ∼200 generations ago contributed

28% of cosmopolitan ancestry. Since this two-pulse model did not include ancestry

from a West African population, it is likely that our method fit a portion of the allele
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frequency differentiated between the ancestral populations into the ancient pulse of

cosmopolitan ancestry. Thus, a large proportion of ancestry contributed by an ancient

admixture pulse might indicate the need to identify additional ancestral populations.

A two-pulse model including three ancestral populations is therefore more

appropriate for studying the admixture history of EA.

Application to three-population mixture in Gambella, Ethiopia (EA)

Our results above emphasize the importance of identifying and incorporating

variation data from all ancestral populations. Here, we use a two-pulse,

three-ancestral-population, admixture model to estimate the order and timing of

admixture events into EA (Figure 1c and Figure 8).
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Figure 8. Most likely admixture model fitted to real data generated from Gambella,
Ethiopia (EA). Schematic of double-pulse admixture model with three ancestral
populations and ancestry types is shown (top). Note the schematic is not drawn to
scale. A total of 1000 bootstraps were run of FR and EA pulsing into AF native
ancestry. Real bootstrap data are shown (bottom), where each point is a bootstrap
estimate of FR and EA admixture pulses and the black point represents the optimal
admixture model from the full data set. The optima and 95% confidence intervals
around the estimated timing of admixture are reported as part of the schematic.

The native ancestry of D. melanogaster from EA is unknown. Previous studies

have suggested both cosmopolitan and sub-Saharan ancestry contribute to the genetic

variation in EA (Figure 1c) (Lack et al. 2015). To determine the most likely native

ancestry of EA, we applied three permutations of a two-pulse model to population
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data from Gambella, Ethiopia. We used unadmixed populations from Ethiopia (EF),

cosmopolitan (FR), and West African (AF) to represent ancestral populations of EA,

and used our program to estimate the timing of admixture in each admixture model.

Our three models were: EF and AF pulsing into resident FR ancestry, AF and FR

pulsing into EF ancestry, and EF and FR pulsing into AF ancestry.

When FR is supplied as the resident population in the two pulse model, EF

and AF both enter the population 1140 generations ago. This is implausible for a

variety of reasons. First, even without considering this result, it is unlikely that

cosmopolitan ancestry is the native ancestry type in Gambella, Ethiopia. Second, it is

exceptionally unlikely that two distinct ancestral populations enter the admixed

population at precisely the same time. Finally, the likelihood of the FR native

ancestry model is less favored relative to an EF or AF native model by 11,000 log

likelihood units. We therefore consider a model with native African ancestry, EF or

AF, to most likely describe the admixture history of Gambella, Ethiopia D.

melanogaster.

When EF and AF were modeled as native ancestry, resulting admixture

histories were nearly identical, suggesting either EF or AF could be native to

Gambella since these are equivalent models. Using a two-pulse,

three-ancestral-population model, we estimated the timing of EF and FR admixture

pulses in AF native ancestry (Figure 1c). The second pulse in backward time is

estimated to have occurred ∼4962, 95% CI [4349, 5619], generations ago, and

suggests that EA admixed with genetically distinct sub-Saharan African populations
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in the relatively distant past (Figure 8). The most recent pulse introduced FR ancestry

372, 95% CI [342, 418] generations ago, suggesting EA recently admixed with

cosmopolitan populations, which is strikingly consistent with our estimates from the

other admixed populations in sub Saharan Africa (Figure 3 and Figure 8).

Additionally, the relatively recent admixture between West African and Ethiopian D.

melanogaster, suggests that sub-Saharan populations of this species were isolated

until very recently (i.e., ∼338 years ago).

We note that our estimate of admixture time is congruent with an estimate of

divergence between Ethiopian and Central African populations. Kern and Hey (2017)

estimated Ethiopian and West African D. melanogaster diverged ∼3628 years ago (or

∼50,000 generations) (Kern and Hey 2017). Our estimates of admixture time occur

sufficiently far after this estimated Ethiopian and African divergence time and

provide confidence that our three-population admixture model of Gambella (EA) D.

melanogaster is consistent with previous investigations of demographic patterns of D.

melanogaster from sub-Saharan Africa. These data therefore indicate that our

approach can be useful in estimating the timing of multiple admixture events in the

history of a population using real genotype data.

Conclusions

Admixture histories can be complex with numerous distinct ancestral

populations contributing genetic material to a recipient population at multiple times in

the past. In this work, we developed coalescent theory as well as a method to estimate
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the timing of multiple admixture events in an admixed population. We applied our

model to forward-time simulated and real sequence data. The results of our

simulations suggest that our model can discern between ancestry pulses occurring far

apart in time from each other. Moreover, our method excels when the populations

contributing ancestry are genetically diverse from each other.

Our approach, when applied to real admixed D. melanogaster populations, is

consistent with previous results on the African origin and admixture of the D.

melanogaster species. We find that cosmopolitan ancestry has entered very recently,

and is best accommodated by our framework using a single-pulse model.

Additionally, we demonstrate that more complex admixture patterns have shaped the

ancestry of Gambella, Ethiopia. We indicate that two ancestry pulses from distinct

ancestry types are necessary to explain patterns of genetic variation within this

population.

This method improves the estimates of multiple pulse admixture models while

accommodating the possibility of more than one source population. Although not a

focus of this study, our method is designed to accommodate read pile-up data,

samples of arbitrary ploidy, and samples with unknown admixture history. Taken all

together, we anticipate that our approach will facilitate continued exploration of

admixture’s contributions to fundamental biological processes such as adaptation,

ecological divergence, and speciation.
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Abstract

Bacterial symbionts that manipulate the reproduction of their hosts are

important factors in invertebrate ecology and evolution. Host species infection

frequencies are largely a factor of symbiont cost, strength of reproductive

manipulation, reliability of vertical transmission, and novel infection rate. These

factors are thought to be strongly influenced by the density of symbiont infection

within hosts, termed titer. Current methods to estimate host infection frequency and

symbiont titer are low-throughput, error-prone, and tend to be biased towards

sampling infected species. While frequency estimation has been performed many

times across many taxa, titer has been examined in very few groups. Here we develop

a data mining approach to estimate what proportion of arthropod and nematode

species are infected by reproductive manipulator symbionts and estimate titers within

host tissues. We screened ~32,000 publicly available sequence samples, and found

reproductive manipulators infected 2,083 arthropod and 119 nematode samples. We

estimated that Wolbachia infects approximately 44% of all arthropod species and 34%

of all nematode species, while other reproductive manipulators infect 1-8% of

arthropod and nematode species. We found relative titers within hosts to be highly

variable within and between arthropod species. A combination of arthropod host

species and Wolbachia strain explains approximately 36% of variation in Wolbachia

titer across our dataset. Despite their different infection frequencies and reported

virulences, we found no difference in titer among reproductive manipulator species.

Thus, while it is clear that the combination of host species and symbiont strain plays a
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role in regulating titer, other parameters that fluctuate on the individual level, such as

environment and diet, may have a greater contribution. To explore potential

mechanisms for host control of symbiont titer, we leveraged population genomic data

from the model system Drosophila melanogaster. In this host, we found a number of

SNPs associated with titer in genes potentially relevant to host interactions with

Wolbachia. Our study demonstrates that data mining is a powerful tool to detect

bacterial infections, quantify infection intensities, and understand host-symbiont

co-evolution, opening an array of previously inaccessible data for further analysis.

Introduction

Bacterial symbionts of eukaryotic hosts exhibit an impressive array of

phenotypes that interact with host biology. Included among these symbionts are

bacteria that alter host reproduction in order to increase their likelihood of vertical

transmission to the next host generation (Dedeine et al. 2001; Stevens, Giordano, and

Fialho 2001; Stouthamer, Breeuwer, and Hurst 1999; J. H. Werren 1997), a strategy

termed reproductive manipulation. Many of these manipulations are positively

correlated with within-host symbiont density and have the potential to drive

symbionts, along with infected host genotypes, to high frequencies in the population

(Cordaux, Bouchon, and Grève 2011; Leclercq et al. 2016; Funkhouser-Jones et al.

2018; Unckless et al. 2009; Jaenike 2009; Anbutsu and Fukatsu 2003). Other

manipulations have a net benefit on general host fertility (Zug and Hammerstein

2015). In addition to these frequency-increasing mechanisms, many strains of bacteria
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are capable of horizontally transferring from an infected host to an uninfected host,

resulting in the spread of these symbionts among host species. Post-infection, the cost

of growing symbionts and the reliability of vertical transmission also impact host

infection frequencies. Thus, knowing the infection states and symbiont density of all

of the potential host species is critical to understanding general population and

community biology.

Given the impressive abilities of these bacteria to colonize new hosts and

impact host fertility and development for their own reproduction, much effort has

been spent attempting to estimate the infection frequencies of reproductive

manipulators among host species. Wolbachia pipensis (Alphaproteobacteria) is one of

the most well studied symbionts in general, and is the best studied reproductive

manipulator in particular due to its wide distribution and presence in model organisms

such as Drosophila. Estimates of the frequency of Wolbachia infections amongst

arthropods range from 11% (Pascar and Chandler 2018) to 76% (Jeyaprakash and

Hoy 2000). The large variation in estimates is likely an effect of methodological

differences including sampling bias and variation in PCR assay sensitivity. Other

reproductive manipulators in the Cardinium (Sphingobacteriia), Arsenophonus

(Gammaproteobacteria), Rickettsia (Alphaproteobacteria), and Spiroplasma

(Mollicutes) clades are reported to occur in 4% to 7% of all species (Duron et al.

2008). However, these estimates are even less certain than those for Wolbachia

because less infection frequency data is available for these clades, and similar

sampling and assay biases might impact frequency estimates. Given the probability of
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sampling an infected individual is positively correlated with the prevalence of the

symbiont and the number of individuals sampled from the host population,

undersampling imposes a barrier to confidently detect low frequency infections.

The density of symbiont cells within host tissues, termed titer, is thought to

affect many of the factors that influence host species infection frequency, i.e.,

symbiont cost, strength of reproductive manipulation, reliability of vertical

transmission, and novel infection rate. A symbiont must be present at sufficiently

high frequencies within a host to promote successful transmission to subsequent host

generations (Unckless et al. 2009; Jaenike 2009; Anbutsu and Fukatsu 2003;

Kageyama et al. 2007). However, exceedingly high abundance of symbiont cells

relative to host cells may impose a significant fitness cost for the host and their

symbionts (Serbus et al. 2011; Chong and Moran 2016; Mergaert 2018;

Funkhouser-Jones et al. 2018). In addition to these functional explanations for titer

variation, it has also been shown that the environment and host diet have strong

implications on Wolbachia titer in Drosophila melanogaster (Serbus et al. 2011).

Despite the importance of titer, little is known about the relative abundances of

reproductive manipulators within and among individuals of a host species, or across

bacterial strains and species.

While the handful of studies that investigate the causes, effects, and correlates

of titer suggest that titer is one of the most predictive of the nature of host-symbiont

interaction, be it mutualistic, commensal, or parasitic, few datasets tackle this

question across a wide diversity of host and symbiont taxa. For example,
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titer-dependent phenotypic effects were not found in Wolbachia-infected Culex

pipiens and Leptopilina heterotoma hosts (Duron et al. 2006; Mouton et al. 2006).

Although, it is possible that the lowest Wolbachia titers tested in these experiments

were high enough to achieve 100% reproductive manipulator phenotypic effects.

Despite these few examples, there is substantial evidence that symbiont phenotypic

consequences are positively associated with their density within hosts (Jaenike 2009).

Moreover, there is evidence that other symbionts, like Spiroplasma, follow this

association, and their phenotypic consequences are positively correlated with their

within-host density (Anbutsu and Fukatsu 2003; Kageyama et al. 2007). A

comparative analysis of symbiont density across symbiont clades and host species

would help test the strictness or leniency of symbiont density regulation across

symbiont clades and host species.

Whole genome sequencing and bioinformatic approaches offer appealing

alternatives to conventional PCR-based survey methods to simultaneously estimate

reproductive manipulator infection rates  and within-host titer (Pascar and Chandler

2018; Scholz et al. 2020). These methods are not biased by primer selection, are less

sensitive to false positives due to contamination, and enable testing of large numbers

of samples (Chrostek and Gerth 2019). When the genome of an individual is

sequenced with Illumina shotgun sequencing, any potential symbionts are also

sequenced. This makes the publicly-available databases a treasure trove for sampling

reproductive manipulators with bioinformatic approaches (Pascar and Chandler 2018;

Richardson et al. 2012; Scholz et al. 2020). In fact, the NCBI Sequence Read Archive
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(SRA) (Leinonen et al. 2010) contains more than 60,000 sequencing runs for samples

tagged as Arthropoda alone. Searching, or mining, genomic sequencing data has been

shown to be a cost effective and powerful strategy to detect Wolbachia infections

(Pascar and Chandler 2018; Richardson et al. 2012). However, prior studies did not

include other reproductive manipulators (Richardson et al. 2012; Pascar and Chandler

2018; Scholz et al. 2020) or were focused on a single host species (Richardson et al.

2012). Indeed, one of the most compelling arguments for using non-targeted, publicly

available data is to mitigate ascertainment biases towards selecting species already

known to harbor reproductive manipulator infections.

Characterizing the prevalence and distribution of reproductive manipulators

could be especially valuable to biomedical researchers using reproductive

manipulators to control the spread of human pathogens (Moreira et al. 2009; A. A.

Hoffmann et al. 2011; T. Walker et al. 2011). Reproductive manipulators such as

Wolbachia have been used to control vector host populations and human disease in

three distinct ways. First, hosts that rely on reproductive manipulators for survival

and fertility, such as filarial nematodes that cause debilitating diseases including

elephantiasis, can be eliminated by antibiotic treatment. The second and third

strategies employ the reproductive manipulation termed cytoplasmic incompatibility

(CI). Both natively infected and uninfected vector host populations are susceptible to

CI. Under CI, infected females can reproduce with both infected and uninfected

males. However, infected male sperm chromosomes are modified by the bacteria so

that they fail to merge with an uninfected female’s egg chromosomes during
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embryogenesis. This effectively reduces the proportion of uninfected host individuals

in a population. If a disease vector population is susceptible to infection, but currently

uninfected (Frédéric Landmann et al. 2009), then CI can be used in the strategy

termed the “incompatible insect technique” to reduce the population size of the next

generation by continuously releasing infected males (Zabalou et al. 2004; Nikolouli et

al. 2018). However, given that different reproductive manipulator strains can have

incompatible rescue abilities (Bourtzis et al. 1996), it would be useful to know and

characterize the natural diversity and distribution of these bacteria among arthropod

and nematode hosts. In situations where the sterile male technique is ineffective or

infected hosts serve a function, CI can be used to drive infected hosts to high

frequencies in their populations. For example, Wolbachia inhibits arborvirus (e.g.,

Zika or Dengue viruses) replication in mosquitoes (Moreira et al. 2009). By

increasing the proportion of Wolbachia-infected mosquitoes in a population, viral

transmission to humans can be suppressed (A. A. Hoffmann et al. 2011; T. Walker et

al. 2011; Kambris et al. 2009; Moreira et al. 2009; Bian et al. 2010; Blagrove et al.

2012). Thus, cataloguing the distribution and titer of reproductive manipulators builds

a foundation to explore reproductive manipulators as powerful and versatile

biological control agents.

Here, we establish and validate a computational pipeline to determine the

infection status of host samples downloaded from the SRA database and estimate the

titer of symbionts within positively infected host individuals. We use this approach to

(i) quantify Wolbachia infection frequency and infection titer of hosts, (ii) quantify
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the infection frequency and titer of other reproductive manipulator symbiont clades,

(iii) compare infection frequencies and titers (from i and ii) among host groups, and

(iv) identify Drosophila melanogaster SNPs associated with Wolbachia titer. From

this work, we classified 2,083 arthropod and 119 nematode samples as infected with a

reproductive manipulator, including 93 species with previously unknown infections.

We show substantial variation in symbiont titer within and between arthropod

host species which is only partially explained by the combination of species and

strain.  Moreover, we show that symbiont titer does not vary systematically across

reproductive manipulator clades, which indicates that other evolutionary, ecological,

or physiological processes may explain the disparate global distributions of

reproductive manipulators. We present extensive validation of our methods, including

orthogonal in vivo approaches, to help validate our large-scale data mining approach

for addressing fundamental questions in symbiont genomics and evolutionary

biology.
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Results and Discussion

Reproductive Manipulators Infect Arthropod and Nematode Hosts in the SRA

We developed a powerful bioinformatic pipeline to identify reproductive

manipulator infections and infection densities within sequencing datasets. Briefly, our

approach compares sequencing reads from individual samples to a set of reference

genomes from reproductive manipulator species to determine if a given host is

positively infected (Figure 9, see Methods). We extensively characterized the

sensitivity and accuracy of our bioinformatic pipeline using previously known

Wolbachia infection statuses of the Drosophila Genetic Reference Panel (DGRP

(Mackay et al. 2012; Huang et al. 2014)) and other samples known to harbor

genetically divergent Wolbachia (Gerth et al. 2014). Using the confident infection

status lines in the DGRP as our validation set, our method is completely concordant

with both PCR and previous bioinformatic methods. Additionally, our approach

remains accurate even for references that exhibit 5-15% pairwise sequence

divergence, indicating that our pipeline is an accurate and robust method to determine

reproductive manipulator infections in the majority of host samples (see Methods).
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Figure 9.  A schematic of the computational pipeline used to determine the
reproductive manipulator infection status and endosymbiont titer of a sequencing run
(see Methods). The pipeline (A) takes in a sample’s unique identification number,
then (B) downloads two million endogenous and exogenous reads. Then, (C) reads
are aligned to Wolbachia, Arsenophonus, Spiroplasma, Cardinium, and Rickettsia
reference genomes, and (D) summary statistics for the sample aligned to each
reference are computed. If a sample had between 0.1 and 0.9 breadth of coverage, the
full dataset was downloaded and the workflow repeated to prevent false negative
calls. (F and G) To estimate host coverage without requiring a reference genome,
reads are also aligned to a set of 1066 single copy ancestral orthologs obtained from
ORTHODB v9. Then, (E) we apply coverage breadth and depth cutoffs to classify

64



infection status as positive, or negative. We compare the coverage of host reads to
single copy orthologs to the coverage of endosymbiont reads to reproductive
manipulator reference genome to estimate endosymbiont load.

Using our bioinformatic classification pipeline (see Methods, Figure 9), we

tested nearly all arthropod and nematode samples in the SRA database that had been

whole genome shotgun sequenced (as of January 22, 2020). We found 240 arthropod

species and 8 nematode species had samples infected with a reproductive manipulator

out of 1,299 and 128 species tested, respectively (Table 1). Among these species,we

identified 93 arthropod species with previously unreported reproductive manipulator

infections (see Methods).

Table 1. Raw infection counts of Wolbachia, Spiroplasma, Rickettsia and
Arsenophonus infecting arthropods and nematodes. The frequency of positive
samples or species is listed in parentheses.

Samples Species
Arthropoda Nematoda Arthropoda Nematoda

Total 27256 5229 1299 128
Infected With

Any RM 2083 (0.08) 119 (0.02) 240 (0.18) 8 (0.06)
Infected With

Wolbachia 1978 (0.07) 119 (0.02) 179 (0.14) 8 (0.06)

Wolbachia was the most frequent reproductive manipulator in arthropod

samples and species (1,978 samples, 179 species, Table 1). We also found numerous

arthropod species infected with other clades of reproductive manipulators.

Specifically, Cardinium, Rickettsia, Spiroplasma, and Arsenophonus infect two, 54,

69, and nine arthropod species in our dataset, respectively. The substantially lower
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infection rates for other reproductive manipulators than for Wolbachia are consistent

with prior work (Zchori-Fein and Perlman 2004; J. A. Russell et al. 2012; Sazama,

Ouellette, and Wesner 2019).

Wolbachia was the sole reproductive manipulator found in nematodes besides

an instance of Cardinium, as expected based on previous work (Duron et al. 2008;

Wasala et al. 2019). Almost all nematode species infected with Wolbachia are filarial

worms, which is a result supported by previous studies showing that filarial

nematodes and Wolbachia are in an obligatory, mutualistic relationship (Maurizio

Casiraghi et al. 2004; Bandi et al. 1998; M. Casiraghi et al. 2001). There was one

non-filarial nematode species infected with Wolbachia: Pratylenchus penetrans, a

plant-parasitic nematode (order Tylenchida). This species has been shown previously

to be infected with Wolbachia (Brown et al. 2016; Wasala et al. 2019). These results,

in addition to our validation experiments, indicate that our approach can accurately

detect symbiont infections.

We analyzed co-infections at two different levels: host species harboring

samples infected with more than one reproductive manipulator clade and single

samples infected by more than one bacterial clade. We found high rates of

co-infections of different reproductive manipulators among arthropod host species.

Species co-infections occurred in 29 of the 240 arthropod species that harbored any

infection (p < 0.001 permutation test, see Methods). Our observed rate of co-infection

is consistent with previous work that identified eight out of 44 species were

co-infected ((Duron et al. 2008), p = 0.34, Fisher’s Exact Test). In contrast, we found
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no evidence for an excess of individual samples infected by more than one

reproductive manipulator relative to expectations obtained by permutation (p = 0.155,

27 individuals). These results may indicate that a subset of host species are more

likely to acquire novel symbionts than others or that they are simultaneously

permissive to multiple symbiont types. This is supported by the observation that some

host species harbor genetic variation that influences symbiont titer within host

individuals (Login et al. 2011; Funkhouser-Jones et al. 2018). Alternatively, any

direct or indirect mutualism between symbionts might facilitate the build-up of

reproductive manipulators within a single species or host maternal lineage.

Global Rates of Infection Range from 1-44% Across Symbiont Taxa

We used a beta-binomial distribution to estimate the total proportion of

species infected with a reproductive manipulator from the raw counts of infected SRA

samples and species (see Methods). This approach accounts for variable sampling

intensities across host taxa and naturally low infection frequencies in some species

(Hilgenboecker et al. 2008). Using this approach, we estimated that 44% (95% CI

29-61%), and 34% (95% CI 5-69%), of arthropod and nematode species, respectively,

are infected with Wolbachia (Table 2). We note that these values are consistent with

expectations from previous work (J. H. Werren and Windsor 2000; John H. Werren,

Windsor, and Guo 1995; West et al. 1998; Kikuchi and Fukatsu 2003; Nirgianaki et

al. 2003; Tagami and Miura 2004; Gotoh, Noda, and Hong 2003; Jeyaprakash and

Hoy 2000; Zug and Hammerstein 2012; Hilgenboecker et al. 2008; Weinert et al.

67

https://paperpile.com/c/nUFryL/gjUfA+zKzGc
https://paperpile.com/c/nUFryL/JfRJ1
https://paperpile.com/c/nUFryL/MV7Cv+ShKSF+1vBK9+gWFVo+0wOeo+yNM7x+kdQUk+tTLwh+vysYa+JfRJ1+HTzIY
https://paperpile.com/c/nUFryL/MV7Cv+ShKSF+1vBK9+gWFVo+0wOeo+yNM7x+kdQUk+tTLwh+vysYa+JfRJ1+HTzIY
https://paperpile.com/c/nUFryL/MV7Cv+ShKSF+1vBK9+gWFVo+0wOeo+yNM7x+kdQUk+tTLwh+vysYa+JfRJ1+HTzIY
https://paperpile.com/c/nUFryL/MV7Cv+ShKSF+1vBK9+gWFVo+0wOeo+yNM7x+kdQUk+tTLwh+vysYa+JfRJ1+HTzIY


2015). Moreover, because the SRA has been populated with samples mostly without

considering Wolbachia infection status, our approach should provide a relatively

unbiased estimate of global infection frequency. Nonetheless, it is possible that other

sampling biases, e.g., medical relevance of focal species, might impact our estimates

if medically relevant groups have unusual infection frequencies relative to an

“average” arthropod or nematode.

Table 2. Estimated infection frequencies and confidence intervals from our data for
Wolbachia, Spiroplasma, Rickettsia and Arsenophonus infecting arthropods and
nematodes. All species in the dataset were downsampled to maximum 100
individuals. We used a minimum threshold of 1 in 1000 of infected individuals within
a species to classify a species as positively infected (See Methods).

Host
Phylum

Reproductive
Manipulator 2.5% CI 97.5% CI Median Mean

Arthropods

Arsenophonus 0.0005 0.05186 0.0081 0.0124
Rickettsia 0.0137 0.0822 0.0360 0.0389

Spiroplasma 0.0329 0.1571 0.0778 0.0826
Wolbachia 0.2902 0.6170 0.4411 0.4414

Nematodes Wolbachia 0.0499 0.6917 0.3291 0.3429

Among the other reproductive manipulators, we estimated Arsenophonus,

Rickettsia, and Spiroplasma infected 1% (95% CI 0-5%), 3% (95% CI 1-8%), and 8%

(95% CI 3-15%) of arthropod species, respectively (Table 2). We were not able to

estimate global infection rates of Cardinium because of the extremely low rate of

positive infection in our dataset. Owing to the fact that we do not have positive and

negative controls readily available for each of these other reproductive manipulator

clades, it is difficult to completely rule out infections that failed to map to the known

reference(s) for each group and therefore induce a higher rate of false negatives.
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However, our results from mapping Wolbachia reads to extremely diverse reference

genomes (e.g., 5-15% divergence) suggests that the rate of false negatives is low,

provided the divergence within these other bacterial groups does not exceed our

tested values and, as we note above, our raw frequency estimates are in line with

previous work based on other methods.

Taxonomic Distribution of Reproductive Manipulator Infections

The taxonomic distribution of Wolbachia infections spans 11 arthropod orders,

out of the 47 tested (Figure 10). Across all of the arthropod species that we studied

here, the orders with the greatest number of species sampled are Hymenoptera,

Diptera, Lepidoptera, Coleoptera, and Hemiptera. These orders had 152, 195, 400,

139, and 91 species sampled, respectively. Positively infected samples are dispersed

widely across the phylogeny, including hosts as distant as Coleoptera and Araneae.

Horizontal transmission among species may contribute towards explaining

Wolbachia’s large taxonomic distribution despite only modest sequence level

divergence among Wolbachia strains (J. H. Werren, Zhang, and Guo 1995; Baldo et

al. 2008; Vavre et al. 1999; Ahmed et al. 2013; Raychoudhury et al. 2009).
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Figure 10. Phylogeny of Arthropoda orders tested and number of reproductive
manipulator positive species within each order. The frequency of reproductive
manipulator-positive species listed in parentheses. No frequency is listed if there was
no infection within an arthropod order. We used the Tree of Life taxonomic and
phylogenetic package and rotl (Michonneau, Brown, and Winter 2016), to group host
species by their orders.

Wolbachia infection frequencies vary substantially across insect orders. For

example, Hemiptera, Hymenoptera, Diptera, and Coleoptera vary by approximately

30%, with 54%, 42%, 63%, 78%  of species estimated to be infected, respectively

(Table 3). Conversely, we estimated the lowest Wolbachia infection frequency for

Lepidoptera (36%, 95% CI 9.28-70.4%, Table 3). Lepidoptera’s infection frequency,

in particular, is slightly lower than the frequencies found in other orders of insects (p

< 0.08, permutation test). Low frequencies could either be the result of high fitness
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costs to infected hosts or low vertical transmission fidelity in these groups. Notably,

Wolbachia infections feminize or kill males in Lepidopteran hosts (John H. Werren,

Baldo, and Clark 2008). Both of these phenotypes can impose fitness costs on

populations harboring these symbionts because fewer males are available for mating

and, in the case of feminization, males tend to prefer genetic females over feminized

males, which have lower mating rates and receive less sperm (Moreau et al. 2001).

Lower infection frequencies of bacteria with sex-ratio-distorting phenotypes might

suggest feminization and male killing have a higher fitness cost. Sex-ratio-distorting

reproductive manipulators might therefore play a role in limiting infection

frequencies in host populations.

Table 3. Wolbachia global infection frequencies and confidence intervals generated
for arthropod orders. All species in the dataset were downsampled to maximum 100
individuals. Confidence intervals were generated using 1000 bootstrap replicates
fitting a beta-binomial model to species infection frequency data among orders. A
minimum infection frequency of 0.001 was used to classify a species as positively
infected (See Methods).

Order 2.50% 97.50% Median Mean
Coleoptera 0.5272 0.9593 0.7940 0.7787

Diptera 0.3002 0.8983 0.6410 0.6333
Hymenoptera 0.1174 0.7727 0.4084 0.4236

Hemiptera 0.1719 0.9950 0.5118 0.5475
Lepidoptera 0.0928 0.7040 0.3503 0.3640

Symbiont Titer

Bacterial symbiont density within a host, or titer, is important for both host

and symbiont fitness, but it has been traditionally challenging to assay. Reproductive
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manipulator infections must remain sufficiently high to ensure vertical transovarial

transmission while being low enough to minimize pathogenic cost to a host (McGraw

et al. 2002). Thus, replication control is important for reproductive manipulators to be

maintained in host populations. However, the extent to which reproductive

manipulator titers vary between orders of arthropods and among reproductive

manipulator clades is largely unknown and might be an important component of the

fitness costs reproductive manipulator species impose on their arthropod hosts. Here,

we use whole genome shotgun SRA datasets to estimate titer from the ratio of

endosymbiont genome compliments to host genome compliments (see Methods).

In Vivo and In Silico Validation to Estimate Symbiont Titer

To evaluate the accuracy of our titer estimation method (Figure 9F, G, E), we

compared the relative density of Wolbachia within D. melanogaster and D. simulans,

which are two of the most commonly studied species known to host Wolbachia (see

Methods). Previously, virulence in Wolbachia infections has been linked to titer, with

high titers being more virulent (Duron et al. 2006). We hypothesized that titers of

Wolbachia infecting D. melanogaster would be significantly lower than the titer of

strains infecting D. simulans for three reasons. First, the strength of reproductive

manipulation, which may be influenced by titer, is stronger in D. simulans than D.

melanogaster (Boyle et al. 1993; Reynolds and Hoffmann 2002). Second, the wRi

strain commonly found in D. simulans has been reported to exhibit higher titers

during embryogenesis than wMel does in D. melanogaster (Veneti et al. 2004). Third,
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wMel transinfected into D. simulans exhibited significantly higher titers than in its

native host, D. melanogaster (Serbus et al. 2011).

Consistent with our expectations, we found that the strains inhabiting D.

simulans exhibit significantly higher titer relative to those in D. melanogaster (p <

1e-05, one-tailed Mann Whitney U Test, Figure 11). In fact, for some extreme

samples, titer in D. simulans shows an astounding >30:1 bacterial to host haploid

genome complement ratio (Figure 11). Accounting for relative genome sizes, this

indicates that Wolbachia can contribute approximately 30% as much DNA as the host

does to the sequence data for that sample.
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Figure 11. Wolbachia titer among D. melanogaster and D. simulans computed from
our (A) in silico titer estimate approach (y-axis log10 scaled) and (B-E) in vivo
fluorescence assay in stage 10a oocyte cysts. (B) Quantification of Wolbachia
fluorescence, showing a significant difference in titer between host species (Wilcoxon
rank sum test). (C) D. melanogaster and (D) D. simulans imaged propidium iodide
DNA staining and confocal microscopy. (E) Uninfected D. melanogaster oocyte
shows no evidence of Wolbachia staining. Scale bars = 50um.

To confirm our in silico wMel and wRi titer estimates we generated

complementary in vivo imaging data from D. melanogaster infected with wMel and
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D. simulans infected with wRi, focusing on the germline, though which the bacteria

are transmitted. Comparing the amount of fluorescence due to Wolbachia DNA

staining between stage 9/10a developing oocyte cysts, we found an average 2.1x more

signal in D. simulans than D. melanogaster (n=15 and 19, respectively, Wilcoxon

Rank-Sum p < 5.12e-05; Figure 11). Thus, the bioinformatically predicted titer

differences between Wolbachia strains in D. melanogaster and D. simulans are also

reflected using a completely orthogonal method to assay titer in the female germline.

Importantly, this suggests that our in silico approach can yield information about

Wolbachia abundance in tissues that are most relevant to understanding Wolbachia

transmission (i.e., the female germline).

Comparative Study of Titer Across Symbiont Taxa

While symbiont titer does not necessarily predict the type or intensity of

reproductive manipulation phenotypes in insect hosts (Duron et al. 2006), it does

generally predict the virulence, or cost of infection, to a host (Chong and Moran

2016; Funkhouser-Jones et al. 2018). High titers are necessary to ensure an adequate

number of bacteria make it to the germline for reliable vertical transmission.

However, too high of titer may negatively impact host fitness. Since endosymbiotic

bacteria like Wolbachia are maternally inherited, strong fitness costs to the host would

also impact the fitness of Wolbachia. Therefore, evolutionary theory predicts

symbiont titer will evolve towards a “goldilocks” zone, minimizing fitness costs to

host and maximizing vertical transmission of symbiont bacteria (Perrot-Minnot and

Werren, J. H. (Department of Biology, University of Rochester, Rochester, NY 14620

75

https://paperpile.com/c/nUFryL/mpJ19
https://paperpile.com/c/nUFryL/MUXpC+zKzGc
https://paperpile.com/c/nUFryL/MUXpC+zKzGc
https://paperpile.com/c/nUFryL/PsdDJ
https://paperpile.com/c/nUFryL/PsdDJ


(USA)) 1999). The mechanism for this could either be via selection on symbiont

growth or physiological activity (Enomoto et al. 2017; Yoder and Tiffin 2017) or

selection on host sanctions and regulatory mechanisms employed on the symbionts

(Voronin et al. 2012; Yoder and Tiffin 2017; Funkhouser-Jones et al. 2018; Mergaert

2018).

We sought to identify the largest contributing factors to symbiont titer

variation. Variation in titer may be a consequence of genetics (including host,

symbiont, and combined host-symbiont genotype interactions) or a result of other

biological variation among genetically similar individuals (e.g., due to ecology). We

found significant inter-sample variability within species (Figure 12A). For example,

there is  a more than 200-fold range in Wolbachia titer across Drosophila

melanogaster samples, consistent with previous estimates of titer in another

Drosophila species (Unckless et al. 2009). Similarly, our results are in the range of

previous estimates of Wolbachia titer in Aedes Aegypti (Crawford et al. 2020). To

determine the degree to which host species influences variation in titer, we fit a

generalized linear model to the data. We found that Wolbachia titer in arthropods

varied significantly between arthropod species (p < 2e-16, GLM, Figure 12A),

suggesting a strong genetic component shaping symbiont titer among arthropod

species. Indeed, we found that this model can explain 36% of variation in titer. The

remaining 64% of titer variation may be explained by within species differences, such

as inter-individual variability and uncontrolled extrinsic factors, such as local diet or
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habitat. Our results therefore support the idea that symbiont titer varies considerably

both within and between species.

Figure 12. Titer variation across species infected with Wolbachia and between diverse
reproductive manipulator clades. To increase readability of both plots, categories
were randomly downsampled to show 100 samples. The y-axis is log10 scaled. (A)
Titer for Wolbachia positive arthropod samples were grouped by host species and
plotted. Host species with at least three samples were plotted. (B) Titer for Wolbachia,
Rickettsia, Arsenophonus, Spiroplasma infected samples. We plotted up to three
samples for every species infected with Wolbachia to show the range of Wolbachia
across tested arthropod species. These plots show us that titer variation within host
species is significant, and this variation is not due to pooled sequencing samples. Our
results suggest a symbiont and host genetic contribution to shaping within-host
infection densities.

We hypothesize that Wolbachia titer in arthropod hosts could be significantly

different compared to other reproductive manipulator bacterial titers because

Wolbachia is found at substantially higher frequencies across arthropod species and

77



many studies have reported that Wolbachia generally elicits smaller fitness effects on

its hosts than do Rickettsia, Arsenophonus, and Spiroplasma (Hurst and Frost 2015;

Correa and Ballard 2016; Harumoto et al. 2016; Hayashi et al. 2016; Parratt et al.

2016; Pang et al. 2018). Although an expanded model including reproductive

manipulator as an explanatory variable provides a better fit to the data (p = 0.004,

likelihood ratio test), this model explains only an additional 0.5% of the variance in

symbiont titer relative to a model where only host species is included as an

explanatory variable (see Methods). No reproductive manipulator clade significantly

differed in contributed to titer variation (p > 0.05, likelihood ratio test). Our results

therefore indicate that titer does not systematically differ between clades of

reproductive manipulators, contrary to our expectations based on their infection

frequencies and pronounced differences in their phenotypic effects. Finding that

Wolbachia’s titer is relatively consistent with that of other reproductive manipulators

suggests that co-evolved symbiont titer may not contribute to its widespread host

range. These results suggest that other co-evolutionary mechanisms, perhaps encoded

by the host genome or regulating bacterial physiology, contribute to Wolbachia’s

widespread taxonomic host distribution and generally decreased virulence relative to

other widespread reproductive manipulator taxa.

The Octomom Region is Associated with Increased Titer

The wMel genome contains a region of eight coding genes, referred to as

Octomom, that when amplified in copy number is associated with increased

Wolbachia density and virulence to the host (Chrostek and Teixeira 2015). We
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estimated the extent to which variation in titer is due to variation in Octomom copy

number within Drosophila melanogaster samples in our dataset (see Methods). Of the

Drosophila melanogaster samples in our dataset, we found that 98% of them had two

or less copies of Octomom. This is consistent with a previous study that found, on

average, 1 to 1.5 copies of the octomom locus (Rohrscheib et al. 2016). We fit a

generalized linear model of the form GLM(symbiont_titer ~ octomom_copy_number)

and found Octomom copy number accounts for about 1% of the titer variation in

Drosophila melanogaster in our dataset with a coefficient of 0.3. Our titer estimates

are consistent with previous studies on Octomom titer (Chrostek and Teixeira 2015).

This indicates that our method can find real genetic components of titer regulation in

the wMel infecting Drosophila melanogaster. Indeed, Octomom is not the sole factor

controlling symbiont density, and other determinants such as environmental effects

and host genetics are associated with shaping symbiont titers. Nonetheless, our results

present useful information on the broad scale dynamics of Octomom copy numbers

across a variety of Drosophila melanogaster samples from different labs and provide

evidence for low copy numbers of Octomom in Drosophila melanogaster.

Pooling Samples Has Little Impact on Titer Effects

Next, we tested for an effect of sample pooling on our results. As SRA

metadata is not always complete, there is no way to be completely sure about all of

the samples in the database. To confirm that pooling does not strongly affect our

estimated titer and therefore bias our results, we performed a literature search and

annotated each sample as pooled or not pooled when this information could be
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confidently determined from the source publication. Then, we excluded samples that

we could not categorize. We fit a GLM model of the same form as above but with

pooled sequencing status as an additional factor, we found that this model does not fit

significantly better than a GLM fitting titer and arthropod host species (p = 0.4,

likelihood ratio test). This suggests our estimates from the whole SRA are robust, and

that pooling samples does not significantly impact the variation we see in titer across

arthropod hosts in our dataset. Our approach therefore appears robust to vagaries

associated with aggregating diverse and distinct public datasets for computational

analysis.

Host Genotypes Associated with Wolbachia Titer

Considering the strong influence Wolbachia strains can have on their hosts’

reproductive outcomes, it is likely that the host genome experiences strong selective

pressures to respond to or control the bacteria. Indeed, previous work

(Funkhouser-Jones et al. 2018) identified a gene in the wasp host, Nasonia

vitripennis, that effectively controls Wolbachia titer and has been under recent

positive selection, likely since the wVitA strain horizontally transferred into the

species. To address this question using our public data-sourced method, we used the

DGRP to perform a genome-wide association study (GWAS) of titer in D.

melanogaster using the DGRP GWAS webtool (Huang et al. 2014).

Although the present analysis is exploratory, there are several noteworthy

results that may suggest mechanisms of host control over Wolbachia titer. We

identified 16 candidate single nucleotide polymorphisms (SNPs) in the D.
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melanogaster genome associated with Wolbachia titer. One of the most strongly

associated SNPs is found in a gene associated with the endoplasmic reticulum (ER)

membrane (XBP1) (Ryoo, Li, and Kang 2013). Consistent with this functional

prediction, a recent study on a wMel-infected D. melanogaster cell line found that

Wolbachia resides within ER-derived membrane near and within the ER itself

(Fattouh, Cazevieille, and Landmann 2019). Modifying this membrane might

therefore enable the host to impact Wolbachia titer on the cellular level. Additionally,

another strongly associated SNP is found in a gene associated with actin binding and

microtubule transport (CG43901). Recent work has shown that Wolbachia uses host

actin for localization in host tissues (F. Landmann et al. 2012; Sheehan et al. 2016)

and modifications to actin-binding proteins can clear Wolbachia infections in host

individuals (Newton, Savytskyy, and Sheehan 2015). Finally, a SNP in CG17048 is

also strongly associated with Wolbachia titer in the DGRP. This gene’s role in protein

ubiquitination is consistent with previous results from a genome-wide RNAi screen

that found this process contributes disproportionately to modifications of Wolbachia

titer in cell culture (White et al. 2017). These are therefore appealing candidate genes

for evaluating the potential of natural host variation to control symbiont infections.

Functional work will be necessary to validate our specific predictions,

nonetheless these titer-associated genetic polymorphisms suggest that the host

genome is capable of evolving to control Wolbachia infections. Although the present

association work is focused on a well-characterized genetic mapping panel in D.

melanogaster, our results illustrate more generally the potential impacts of high
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throughput data mining for identifying both reproductive manipulator infections and

candidate host genetic factors that may be involved in controlling the infections

within host tissues.

Conclusion

Here, we presented a reference-based approach to detect bacterial infections in

publically-available short read data and highlighted the ways it can be used to

generate insights into host-symbiont interactions. Indeed, our work is the first to

estimate the global distribution of multiple reproductive manipulators across all

sequenced arthropod and nematode hosts using full-genome high throughput

methods. Moreover, we show that publically-available short read data can be used to

interrogate other biological attributes of host-symbiont associations, such as titer and

selection. We found that symbiont titer, measured as relative genome copy number, is

highly variable among arthropod host species, and that titer can vary 200 fold

between and within host species. Furthermore, our analysis detected novel infections

among the vast phenotypic and genetic diversity of reproductive manipulators. These

results could either  be used directly to inform on useful biological control agents to

control the spread of infectious disease or indirectly to inform on the natural infection

state of host targets.

While our approach relies on datasets gathered for a wide array of purposes

and therefore requires a level of approximation, we have shown that accurate and

robust predictions can be obtained using this method. Moreover, as publicly available

sequence data continues to accumulate at exceptional rates, this framework will

82



become increasingly powerful relative to gathering purpose-built datasets to assay

symbiont infection statuses and frequencies. More generally, our method and related

approaches could be used to detect other microbial symbionts, such as medically

relevant pathogens, or even viruses, for which a reference genome sequence is

available. Hence, future work will build on this framework of leveraging increasingly

vast datasets to conduct direct and precise hypothesis testing of fundamental

questions in host and symbiont ecology and evolution.

Methods

Determining Infection Status using a BLAST-based approach

Reproductive manipulator reference genome panel

We built our BLAST database using RefSeq genome assemblies for

Arsenophonus, Spiroplasma, Rickettsia, and Wolbachia. We included three

Arsenophonus, six Wolbachia, 27 Spiroplasma, five Cardinium, and 61 Rickettsia

genome assemblies. These genomes were selected to span the known diversity of

these bacterial groups. On average, each genome assembly was about 1.3 Mb. We

used these 102 genome assemblies to build a BLAST database using the blastdb

command from the NCBI blast package (version 2.7.1). We also included additional

Wolbachia reference genomes to estimate symbiont titer, bringing the total number of

references to 141.

Arthropod and nematode SRA dataset

We downloaded all Arthropoda sequencing read data from the NCBI

Sequence Read Archive (SRA) database (Leinonen et al. 2010). We filtered samples

83

https://paperpile.com/c/nUFryL/AQO5f


under the Arthropoda and Nematoda taxonomy for those sequenced on Illumina

sequencing platforms. We filtered nominally for whole genome shotgun libraries, but

for completeness we further removed samples that were marked as “reduced

representation”, “chipseq”, and other terms that preclude a fully random, shotgun

library approach. In total, we tested 27,256 arthropod and 5,229 nematode samples

for reproductive manipulator infections. We consolidated all subspecies into a single

species which resulted in a total of 1,299 arthropod and 128 nematode species.

Downloading reads from arthropod and nematode samples

First, we used fastq-dump 2.9.0 from the SRA Toolkit to download all from

each sequencing run associated with each sample. For example, if a sample was

sequenced in three runs, we would use six million reads to classify the infection status

of that sample. An example of our command line is shown below.

$ fastq-dump --fasta --split-files -I --stdout -X 1000000 ERR1882042.sra >

ERR1882042.fasta

Computing summary statistics

Next, we aligned these reads to the set of reproductive manipulator genomes

using blastn (version 2.7.1). We computed three summary statistics to help describe

the similarity between sample reads and reproductive manipulator reference genomes.

These statistics were: 1) the breadth of coverage, 2) the variance coefficient, and 3)

the expected depth of coverage, and are described below. To calculate these statistics,

we first divided each reference genome into non-overlapping 5kb bins, and we placed

reads into bins based on their reference match start position. If a read aligned to
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multiple places in a reference genome, only the match with the lowest e-score was

considered.

We computed all summary statistics for each reference independently. First,

we computed the breadth of coverage as the proportion of 5kb bins with at least one

read. Second, the variance coefficient was computed as the mean variance of the

number of binned reads across 5kb bins, normalized by the total number of reads in

all bins. Lastly, we computed the expected depth of coverage by using the total base

pair length of significant BLAST hits generated from our pipeline, the total number of

possible reads in a sequencing run, and the number of reads sampled using our

pipeline.

Criteria for positive infection

In order to classify a host sample as positively or negatively infected with a

reproductive manipulator, we analyzed local alignments between host DNA sequence

data and reproductive manipulator reference genomes. We binned each reference

genome into 5kb segments and computed the proportion of bins with a significant hit

(breadth of coverage). We also computed the variance of BLAST hits across each bin

and estimated the coverage of the reproductive manipulator genome. We determined a

sample to be a candidate for a positive infection if it had a 90% breadth of coverage

and >1x estimated coverage on a reproductive manipulator reference genome. If a

sample had between 0.1 and 0.9 breadth of coverage, the full dataset was downloaded

and the workflow repeated to update predicted infection statuses. This two-step

procedure allowed us to substantially decrease runtimes, because 97% of samples can
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be categorized using just 2 million read pairs, and to avoid false negatives associated

with low sequence coverage positive infections.

Validation of bacterial detection pipeline

Wolbachia Infection Status of the DGRP and Subsampling Efficacy

To estimate the sensitivity and the specificity of our reproductive manipulator

annotation method, we compared our results to a previous extensive survey conducted

by (Richardson et al. 2012), which was PCR validated. We determined the

reproductive manipulator infection status of 158 individuals from the Drosophila

Genetics Research Panel (DGRP) (Huang et al. 2014) using our computational

pipeline. Subsampling two million reads from each DGRP sequencing run generated

no false positive nor false negative infection statuses. When sampling all reads

instead, we found similar low error rates. This indicates our approach may be

conservative for calling infections when read numbers are limited. Both of the false

negative samples generated from the all reads experiment were determined positive

for Wolbachia from PCR analysis, but were determined negative using a previous

WGS analysis (Richardson et al. 2012). This conflicting infection status could have

been caused by PCR sample contamination and subsequent false amplification of a

Wolbachia-specific fragment. Similarly, low-level contamination during library

preparations could result in false positives using our bioinformatic approach.

However, this would have to be a significant amount of contamination, as fewer PCR

cycles are run with general Illumina primers in most Illumina library preparation
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protocols. Therefore, due to the small amount of uncertainty associated with this

validation set our estimated false-negative and false-positive rates should be viewed

as conservative upper-bounds.

Effect of Divergent Reference Genomes

Given that there may be unsampled genomic diversity among reproductive

manipulator strains in nature, and this may bias our detection method, we

characterized our method’s sensitivity to detecting divergent Wolbachia strains by

comparing mapping results for a sample among diverse reference genomes

(Figure 10). In addition to wMel, we used reference Wolbachia strains from host

Culex quinquefasciatus, Onchocerca ochengi, Brugia malayi, Cimex lectularius, and

Pratylenchus penetrans from Wolbachia Supergroup B, C, D, F, and L, respectively.

When compared to wMel, these genomes exhibit 5-15% pairwise sequence

divergence within alignable regions. Impressively, our method never produces false

positives when determining infection status across all references using two million

reads per sequencing run.

False negative rates are similarly modest for all divergent Wolbachia

references, at a maximum of 0-6% when aligning all reads in all but the most

divergent reference genome. Across all arthropod samples, we expect most of the

endosymbionts within these samples to have the most similarity to Wolbachia from

supergroups A and B (wMel and wPip) (M. Casiraghi et al. 2005; J. H. Werren and

Windsor 2000; J. H. Werren, Zhang, and Guo 1995). So, finding that these strains can

still be detected when using a nematode Wolbachia strain reference suggests that our
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method is very sensitive and the majority of Wolbachia infections were detected.

Taken together, these data indicate that subsampling sequencing read data is a

computationally efficient method to determine reproductive manipulator infection

statuses of the majority of host samples (i.e., 97.5% can be accurately classified using

a subsample of two million reads).

Comparison to other methods

A previous study by (Pascar and Chandler 2018) used a related bioinformatic

pipeline to screen arthropod individuals for Wolbachia infection. The key difference

between our method and theirs is that they selected only three loci (wsp, ftsZ, and

groE operon sequences) rather than complete genomes, and required extremely

similar blast hits to categorize samples as positive. (98 bp BLAST length matches at

>= 98% identity to one or more of the reference genes and three or more matching

sequence reads). They screened 2,545 arthropod sequencing runs, a subset of what we

consider here, and found 173 (6.8%) of them were candidates for a positive

Wolbachia infection which composed 11.8% of species tested. Their estimate ranges

on the lower spectrum of Wolbachia prevalence estimates. Therefore, we ran our

classifier on sequencing runs that Pascar’s method determined to be uninfected in

order to compare the sensitivity of their method using our whole genome approach.

Of the 2365 runs classified as negative for Wolbachia infection, we found our

method classified 22 sequencing runs as positive. Considering the median breadth of

coverage and estimated coverage depth was 0.98 and 11x, respectively, we are

confident that these sequencing runs are strong candidates for positive Wolbachia
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infection. If we are to consider these as positive samples, we estimate that the false

negative rate of Pascar and Chandler’s method is 11%. Given that their approach is

relatively conservative in identifying positive infections, it is unsurprising that we

find a low proportion of false positives, which at 1.7%, is similar to our own.

Identifying divergent Wolbachia strains

To further confirm the accuracy of our approach across a broader phylogenetic

sampling of Wolbachia strains, we estimated the infection status for known positive

infections of Zootermopsis nevadensis (termite), Ctenocephalides felis (flea),

Folsomia candida (springtail), and Osmia caerulescens (solitary bee) using our

BLAST-based approach. All of the sequencing runs were previously determined to

harbor Wolbachia live infections (Gerth et al. 2014) and classified into supergroup H,

B, E, and F, respectively. Importantly, some of these divergent supergroups are not

represented in our reference database and therefore represent the most challenging

cases for accurate detection using our pipeline. All host samples were found to be

positive for Wolbachia infection except for a sample from supergroup H, even after

running our pipeline on all the reads from that sample. These results suggest that our

method can detect Wolbachia from genetically divergent supergroups, but may not

detect all of Wolbachia’s genomic diversity. Future efforts may mitigate this challenge

by incorporating an increasingly diverse array of reproductive manipulator reference

genomes.

We note that other reproductive manipulators may also pose other challenges

for accurate quantification beyond the specifics that we encountered in Wolbachia
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(e.g., Cardinium). However, in the absence of a high quality validation set and

numerous true positives which are available for Wolbachia, it is challenging to

formally evaluate our pipeline’s performance in the other reproductive manipulators.

Nonetheless, the overall robustness and accuracy when applied to Wolbachia positive

and negative controls, and the consistency of our frequency and titer estimates with

previous results suggests that there are few significant biases associated with our

approach.

Beta-binomial estimation of reproductive manipulator prevalence

Beta-binomial rationale

Our study aims to directly sample and determine the infection statuses of more

animals of any study to date. However, there is an inherent sampling bias in any study

that tries to estimate the prevalence of reproductive manipulators within species

where infection might occur at intermediate or low frequencies. For example, the

probability of sampling one individual from a population with high infection

frequency (i.e. many individuals are infected) is higher than sampling an infected

individual from a population with low infection frequency. The probability, then, of

classifying a population as infected is dependent on the number of individuals tested

and the frequencies of infection within each species. To evaluate and correct for this

ascertainment bias, we use a beta-binomial distribution to estimate the total

proportion of reproductive manipulator infected species.

Beta-binomial distributions have been used to fit Wolbachia infectious status

across host species previously (Hilgenboecker et al. 2008). The beta-binomial model
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considers N random variables, Xj, which are all binomially distributed (i.e., infected

vs. not-infected), but each with different parameters qj and nj, so that Xj~Bin(qj, nj).

Using the approach developed in (Hilgenboecker et al. 2008), we determined (1)

moment estimators u and s, (2) beta distribution parameters ⍺ and , and (3) the

global infection rate x. After we fit a beta distribution to the data, we took the integral

from c to 1, where c is the minimum infection rate of a species to be considered

positively infected. For example, a value of 0.001 means a species would be classified

as being positively infected if one individual in 1000 is classified as positive. Indeed,

low frequency infections in species would be hard to detect with much precision yet

can impact frequency estimates using the beta-binomial distribution. We estimated

global infection frequencies using different c thresholds. For consistency with

previous work, we set c to equal 0.001 (as in (Hilgenboecker et al. 2008)).

Additionally, see sections below for downsampling results, which aimed to reduce

sampling intensity bias.

Mitigating sampling bias by downsampling

We tested whether pruning our dataset was necessary to estimate the global

infection frequency of reproductive manipulators in arthropods and nematodes. Since

the beta-binomial model is positively influenced by the number of species, and

number of individuals sampled per species in the dataset, Hilgenboecker tested a

variety of downsampling methods in order to mitigate the influence of a non-uniform

sample set would have on their global estimates. In addition, Hilgenboecker gathered

their infection status data from studies measuring the prevalence of Wolbachia. The
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authors state that curating a sample set from these studies almost certainly introduced

bias towards finding Wolbachia in a sample, as the studies focused on species known,

or at least suspected, to have Wolbachia. Our method contrasts with this sampling

approach, and implements a more random strategy to sampling arthropod and

nematode species. Although there is still a sampling bias to what species are

sequenced (i.e. medically relevant, model systems), our approach does not

specifically bias toward species that are thought to harbor reproductive manipulators.

To test the effect of non-uniform sample size distribution among host species,

we fit beta-binomial models to downsampled datasets. To downsample, we chose a

maximum threshold (nj_max) in which all species would be downsampled to have a

maximum of nj_max individuals. To downsample individuals within a species to

nj_max, we randomly chose individuals without replacement from within the species.

Confidence intervals were computed via 1000 bootstraps replicates.

With the full dataset, the Wolbachia global infection frequency 95%

confidence interval is estimated to be between 0.2 and 0.7. Estimates of Wolbachia

global infection frequency decreased as datasets were downsampled. Moreover, we

see the 95% confidence interval become tighter around the mean as we downsample

the original dataset. These results taken together suggest that the beta-binomial model

is influenced by the few large sample sizes in the dataset and varying global infection

frequencies can be produced depending on the data set used. Nonetheless, we see a

stable global infection frequency of Wolbachia between 0.2 and 0.3 when species are
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downsampled to 100 individuals. Therefore, we computed global infection

frequencies using a dataset downsampled to 100 individuals per species.

Estimating Symbiont Titer

We used DNA reads to estimate the ratio of endosymbiont genome

compliments to host genome compliments, hereafter referred to as titer. We estimated

the number of endosymbiont genomes by BLAST-ing sequencing reads to a

Wolbachia reference database and estimating depth of read coverage (see subsection

“Computing summary statistics” above). We used a set of single copy orthologous

proteins from arthropods using OrthoDBv9 to estimate the density of host cells in a

sample. This set contained 1066 proteins, from 133 taxonomic groups spanning

Arthropoda, which amounted to a total 312,654 amino acids of reference sequence

(Zdobnov et al. 2017). We used a tblastn based approach to locally align host

nucleotide reads to the arthropod orthologous protein sequences. Because not all

arthropod single copy ortholog proteins might be present in the host sample, or

because there might be regions of the protein that are divergent from the host sample,

we used the average of maximum depth across orthologous proteins that have reads

mapping to them as an estimate of host titer. We corrected for the ploidy difference

between host (diploid) and symbionts (haploid) by halving the computed host

coverage to result in a titer estimation (symbiont haploid : host pseudo haploid).

We confirmed that our tblastn approach is consistent with a reference-based

alignment approach using a set of single copy orthologous genes representing

arthropod genetic diversity (Spearman’s rho = 0.81). We also compared our tblastn
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approach to a reference based approach using whole genome sequencing to estimate

titer in DGRP samples (Spearman’s rho = 0.95) (Richardson et al. 2012). These

results corresponded well to the results from our ortholog approach, so we continued

with our previously described workflow.

Furthermore, our titer estimates might be impacted by the distance to the

reference selected. We tested this potential impact by selecting the reference with the

second highest read coverage using BLAST. We would expect host coverage

estimates to vary significantly between references if our titer estimates were impacted

by the distance to the reference selected. For each positively infected sample in

Figure 12, we compared its coverage to the closet reference and second closest

reference. We did this for all 132 Spiroplasma, Rickettsia, and Arsenophonus samples

in Figure 12 and found no major differences. This suggests that our method is robust

in estimating stable symbiont genome coverages especially from Wolbachia

Supergroups A and B, of which comprise the majority of tested Arthropod infections.

Drosophila oocyte sampling, imaging, and analysis

We obtained Drosophila melanogaster and Drosophila simulans fly stocks

infected with the wMel and wRi strains of Wolbachia from William Sullivan’s Lab at

UCSC. Stage 9/10a oocytes were dissected from these flies, stained and mounted on

glass slides, and imaged with a SP5 Leica confocal microscope. We analyzed the

fluorescence due to Wolbachia as described in (S. L. Russell et al. 2018).
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Markers and balancers

The D. melanogaster stocks used were carrying the markers and balancers

w[1]; Sp/Cyo, Sb/Tm6, Hu or the germline double driver: P{GAL4-Nos.NGT}40;

P{GAL4::VP16-Nos.UTR}MVD1. These stocks were infected with the wMel strain

of Wolbachia. The D. simulans stock used was w[-] and was infected with the wRi

strain endogenous to D. simulans populations in North America.

Collection

Flies were collected shortly after eclosion and transferred to new white food

for three to five days. We dissected the ovaries of approximately 10 flies of each

species in 1xPBS, and “fluffed” the ovarioles with pins to separate them. The ovaries

were fixed in formaldehyde and heptane, RNAse A treated, and stained with

propidium iodide, as described in (S. L. Russell et al. 2018).

Imaging and analysis

We mounted the stained oocytes on glass slides and imaged them with a SP5

Leica confocal microscope using a 63x objective. We imaged oocytes through their

middle planes, taking optical sections ever 0.38 um, the Nyquist value. For analysis,

we picked comparable planes approximately halfway through the oocyte for all

imaged oocytes, and created 3D brightest point projections from three slices,

representing the diameter of one Wolbachia cell (~1 𝜇m), in ImageJ. We analyzed

these images for fluorescence due to Wolbachia by manually removing fluorescence

due to host cell nuclei, thresholding the image to eliminate background noise, and

measuring the fluorescence contained within the entire oocyte cyst as described in
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Russell et al. 2018. We calculated the corrected total cell fluorescence (CTCF) for

each cyst with the following formula: CTCF = Integrated Density–Area of selected

cell X Mean fluorescence of background readings. Results were plotted with the

vioplot package in R.

Identifying previously unreported infections

We searched the literature to identify previously unreported Wolbachia,

Spiroplasma, Rickettsia, and Arsenophonus infections in our SRA scan dataset. We

used Google Scholar, and searched [species] + [reproductive manipulator name]. If no

published results were found, we also searched the results of (Pascar and Chandler

2018) who did an SRA scan, albeit smaller than ours. If no infection was found using

both these methods, a species was determined to be a novel infection. Our method to

determine novel infections is not exhaustive, especially if we consider species

nomenclature can change over time. Nonetheless, these candidate novel infections

illustrate the potential impacts of our method.

Co-infection permutation test

To test whether our observations of co-infected species, where one species

harbors observations of two or more reproductive manipulator strains, exceeded what

would be expected by chance, we conducted a permutation test. We also performed a

similar test for individual-level coinfections, where we asked if the number of

individuals that were coinfected in our data exceeded what would be expected by

chance. To do this for each species and for each reproductive manipulator we drew a
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probability, p, from the beta-binomial distribution of each reproductive manipulator

infection frequency. Then, for each species, we drew samples from a binomial

distribution with parameters p and n where n is downsampled to a maximum of 100

for each species for consistency with our analyses. We counted the number of

individuals with co-infections as well as the number of species with co-infection and

reported a p-value based on how many of the 1000 bootstrap replicates were greater

than or equal to our observed counts. This approach is preferable to an

individual-based permutation that ignores the frequency of each endosymbiont within

the population because it controls for the autocorrelation among individuals within a

population by requiring that the infection frequency be fixed for each population or

species. It is therefore unaffected by differences in sample sizes among species.

Estimating the Biological and Methodological Contributions to Titer Variation

Host/symbiont genetics

We fit several models to determine how much host/symbiont genetics

contributes to variation in titer. We fit Generalized Linear Models models to log

transformed arthropod titer data using the glm() functions in R version 3.5.0.

Specifically, we fit a GLM of the form: glm(log(titer) ~ arthropod_species). We also

compared that model to one including reproductive manipulator clade (e.g.

“Wolbachia”) using a GLM of the form: glm(log(titer) ~ arthropod_species +

reproductive_manipulator_clade. We used a likelihood ratio test to compare these two

model fits using anova(model1, model2, test=“Chisq”).
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Pooled sequencing and tissue sampling

Variation in tissues and pre-sequencing treatment of samples could affect

endosymbiont titer levels. Additionally, pooling several individuals for DNA

extractions might also impact mean titer estimates if infections are polymorphic

within species. Considering this bias, we reviewed and aggregated the methods used

to sequence samples in our comparative study of titer among symbiont species

(Figure 12). We used the project accession numbers found in the SRA metadata to

trace back to primary literature describing the origin of each sequencing dataset. We

report and retain samples that we could confidently categorize as pooled on

not-pooled. To test for an effect of sequencing strategy, we fit a GLM of the form:

glm(log(titer) ~ arthropod_species + pool_status) to samples where whole adult

individuals were sequenced and did not have specific environmental, chemical or

dietary treatment (See “Comparative Study of Titer Across Endosymbiont Taxa” in

Results).

All samples that were positively infected with Arsenophonus appear to be

pools of whole adult individuals based on our literature review. However, we note

that if infection frequencies are less than one, pooling can only decrease mean titer

estimates in a sample. Our primary conclusion that Arsenophonus displays a higher

titer than Wolbachia is therefore conservative and likely to be robust in future works.

Octomom copy number estimation

We tested the hypothesis that Octomom loci amplification in the wMel

genome increases symbiont titer within a host individual (Chrostek and Teixeira
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2015). For positive Drosophila melanogaster samples in our dataset, we computed

the depth of coverage in the Octomom region of wMel (488,974-507,200 bp). We

then randomly divided non-octomom sites into two sets, the depth of coverage

between the two non-octomom sets of loci were highly correlated (rho = 0.99,

Spearman). One set was used to compute symbiont titer and the other was used to

compute the octomom copy number. Host depth of coverage was computed like

previously described. We fit a GLM to octomom copy number data in the form

GLM(symbiont_titer ~ octomom_copy_number).

Software Availability

The pipeline and individual scripts used to classify microbial reproductive

manipulator infections and estimate titer can be accessed through GitHub

(www.github.com/pamedina/prevalence).
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Abstract

The Anopheles gambiae mosquito is the primary vector for malaria, a disease

responsible for between 1.1 and 2.7 million deaths annually. Many efforts are being

made to control Anopheles gambiae, and a promising path has been to employ the

bacteria Wolbachia to suppress the reproduction of Anopheles gambiae and decrease

the spread of malaria. Despite attempts to find native Wolbachia in the malaria

mosquito, the evidence for native infections in this host are largely equivocal. In this

study, we use high throughput sequencing databases to search for native Wolbachia

infections in Anopheles gambiae hosts. We screened ~15,000 publicly available A.

gambiae shotgun sequencing data using a previously developed bioinformatic

approach. We find traces of Wolbachia reads in samples tagged as Anopheles gambiae

from Sub-Saharan Africa. However, upon further investigation, we determined

samples harboring Wolbachia sequencing reads were not Anopheles gambiae hosts.

We performed local phylogenetic analysis and de novo assembly and found traces of

Wolbachia from roundworm and Culex mosquito hosts in this dataset. These data

show no evidence for vertical or horizontal transmission of Wolbachia in Anopheles

gambiae hosts. This could suggest the fitness effects of transmission fidelity between

Wolbachia and Anopheles gambiae host species are not adequately evolved to support

an infection nor vertical transmission. This analysis showcases the potential to

leverage large public genomic databases for large scale analysis with public health

impact. Although the prospect of using Wolbachia to combat malaria is intriguing,
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these data add to surmounting evidence showing no native strain of Wolbachia in

Anopheles gambiae hosts.

Introduction

Thanks to its potential as a pest and disease control agent, Wolbachia is an

endosymbiotic bacteria of growing interest to public health and biologists worldwide.

Wolbachia is an intracellular bacteria that transmits vertically through the germ line

of its hosts as well as horizontally, from environment to host (J. H. Werren 1997;

Stouthamer, Breeuwer, and Hurst 1999). Impressively, Wolbachia is estimated to

infect about 40% of arthropod species (Hilgenboecker et al. 2008; Medina, Russell,

and Corbett-Detig 2019). Its prevalence coupled with its ability to infect and alter

host biology has made it an attractive candidate for pest control.

Wolbachia can outcompete other pathogens within mosquito hosts (Teixeira,

Ferreira, and Ashburner 2008; Hedges et al. 2008). Namely, Wolbachia induces a

phenotype called cytoplasmic incompatibility, in which infected males fail to produce

offspring when mating with uninfected females thereby reducing host population

sizes when infected males are abundant and infected females are rare. This

within-host phenotype is leveraged by the World Mosquito Project to help eliminate

mosquito-borne diseases (Moreira et al. 2009; O’Neill 2018; T. Walker et al. 2011;

Frentiu et al. 2014; Ary A. Hoffmann et al. 2014; O’Neill et al. 2018). This particular

strategy was leveraged against the filariasis vector Culex pipiens fatigans in 1967

(Laven 1967), and is currently being used in trials in Indonesia and Australia to
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suppress Aedes aegypti, the vector of dengue (Ryan et al. 2020; Indriani et al., n.d.).

Encouragingly, preliminary evidence shows dengue cases in humans have decreased

since a Wolbachia infection was established in Aedes aegypti mosquitoes.

Considering the significant success of Wolbachia in combating

mosquito-borne diseases, researchers have proposed the idea of using Wolbachia to

combat malaria in the malarial vector, Anopheles gambiae (Rasgon, Ren, and Petridis

2006). Excitingly, Wolbachia has been transinfected into Anopheles gambiae hosts

and has been shown to decrease the transmission of Plasmodium parasites in

Anopheles gambiae hosts (Grant L. Hughes et al. 2011). Transinfections between

Wolbachia strains from Aedes albopictus (wAlbB) and Drosophila melanogaster

(wMelPop) have deleterious effects on Plasmodium growth but have failed to

establish in the germ line and transmit vertically (Grant L. Hughes et al. 2014).

Wolbachia infections have been cultured in Anopheles cells, and somatic infections

are possible, however no transovarial Wolbachia infections have been established in

Anopheles gambiae (G. L. Hughes and Rasgon 2014). Finding a Wolbachia strain that

can vertically transmit between Anopheles gambiae hosts is critical to establishing

Wolbachia as a biological control agent for malaria.

One approach to find vertically transmissible Wolbachia strains is to search

for one in Anopheles gambiae field populations. Indeed, numerous studies have

surveyed for native strains of Wolbachia in Anopheles gambiae to try to identify

Wolbachia strains adapted to Anopheles gambiae host biology. Initial PCR surveys in

the early 2000s did not observe any Wolbachia infections in Anopheles gambiae
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(Kittayapong et al. 2000; Ricci et al. 2002; Rasgon and Scott 2004). In 2014, the first

ever natural infection of Wolbachia in field populations of Anopheles was reported

(Baldini et al. 2014). However, the assembled Wolbachia genome had an extremely

low coverage of 0.05x. In 2017, another study reported naturally occurring Wolbachia

strain (wAnga-Mali) identified in mosquitoes of the Anopheles gambiae complex

collected in the Malian villages of Dangassa and Kenieroba (Gomes et al. 2017).

Phylogenetic analysis of the nucleotide sequence of two 16S rRNA regions showed

that wAnga-Mali clusters with Wolbachia strains from Arthropod hosts and has the

highest homology to a Wolbachia strain isolated from cat fleas (Ctenocephalides).

Other Wolbachia infections in Anopheles gambiae were reported in 2018 and 2019

(Jeffries et al. 2018; Ayala et al. 2019). However, several factors render these results

equivocal (Chrostek and Gerth 2019): (1) these surveys consistently generate low titer

of Wolbachia (low enough to be considered in the range of contaminants), (2)

phylogenetic reconstruction of 16S rRNA sequences from Wolbachia found in these

surveys do not group together in the same clade.

Several obstacles with PCR surveys exist. First, Wolbachia is often at very

low frequencies in populations (Hilgenboecker et al. 2008; Duron et al. 2008; Zug

and Hammerstein 2012; Medina, Russell, and Corbett-Detig 2019). This necessitates

large sample sizes to definitively show Wolbachia segregating throughout a

population. Second, Anopheles gambiae hosts are geographically widespread, and

there may be local infections that are harder to detect in a small scale study (Coetzee,

Craig, and le Sueur 2000). Lastly, sequence divergence from PCR primers could lead
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to false negatives. Considering these challenges, we use a bioinformatic and big data

approach to assay thousands of Anopheles gambiae samples for native Wolbachia.

Here, we survey Anopheles gambiae-tagged samples for Wolbachia using data

from the 1,000 Anopheles genomes (AG1000G) project. Consistent with previous

results using a smaller sample size (Chrostek and Gerth 2019), we find no evidence

for Wolbachia infection of Anopheles gambiae hosts. Rather, we find traces of

contaminating Wolbachia reads which we analyze using de novo assembly and

phylogenetics. We find these reads are Wolbachia from roundworms within

Anopheles gambiae-tagged sequencing libraries. Moreover, we find evidence for

several mislabelled samples which are likely Culex individuals labelled as Anopheles

gambiae on the SRA database. These data led us to conclude that there is no evidence

for Wolbachia live infections in this population. Considering sequencing reads having

homology to Wolbachia from arthropod hosts is found at extremely low titers in this

dataset, we conclude that there is no evidence for live infections in this population.

Methods

Identification of Wolbachia reads in Anopheles gambiae-tagged samples

We surveyed whole genome Illumina shotgun sequencing data on the NCBI

Database tagged as Anopheles gambiae as of November 12, 2019. We used a

previously developed reference-based approach to identify Wolbachia sequence reads

from a mosquito sequencing run (Medina, Russell, and Corbett-Detig 2019). Briefly,

this approach uses a local alignment search tool (BLAST) to find homology between
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reads from a mosquito sequencing run to a Wolbachia reference database containing

six Wolbachia reference genomes from six diverse clades of Wolbachia genetic

diversity. Multiple sequencing runs can be associated with one sample accession. Our

approach is able to identify divergent Wolbachia strains, and is especially accurate in

identifying Wolbachia infections in Arthropod samples. We compute two different

metrics to determine Wolbachia infection in a sample accession: “breadth of

coverage” and “expected depth of coverage”. First, we computed a sample's breadth

of coverage as the number of 5kb binned segments across a Wolbachia reference

genome with a read mapping to it. We computed the estimated depth of coverage of

Wolbachia of each accession using the number of base pair matches to a Wolbachia

reference and the total number of reads in the sample’s sequence library.

Previously in (Medina, Russell, and Corbett-Detig 2019), any sample

accession with more than 1x coverage and >90% breadth of coverage across a

Wolbachia reference genome was classified as infected with Wolbachia. However, to

explore any potential for Wolbachia in Anopheles gambiae hosts, we investigated all

samples with more than 0.1x coverage of a Wolbachia reference genome (Figure 1).

In order to increase our computational efficiency, we used a two-pass approach to

scan for Wolbachia infections. We used two million reads from each sequencing run

per sample to determine the Wolbachia content of the accession. Then, if the sample

had between 0.1 and 0.9 breadth of coverage across a Wolbachia genome, we used all

reads associated with that accession to compute the depth and breadth of read

coverage of that sample across a Wolbachia genome.
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Taxonomic labelling of host mitochondria

We de novo assembled the mitochondria of the host using GetOrganelle

software package (Jin et al. 2020) and BLASTed assembled contigs to identify what

taxonomic group the assembled contigs were most similar to. Briefly, GetOrganelle

uses a modified k-mer database approach where unique k-mers are taxonomically

labeled and found within a target sequence read library. We de novo assembled the

mitochondria using the default GetOrganelle animal mitochondria seed database. An

example of the command we ran is shown below:

get_organelle_from_reads.py -1 ${ACCESSION}_1.fastq.gz -2

${ACCESSION}_2.fastq.gz  -R 10 -k 21,45,65,85,105 -F animal_mt -o

${ACCESSION}

De novo assembly of Wolbachia genomes

We assembled Wolbachia genomes within an accession by using a

metagenomic assembler called IDBA-UD (Peng et al. 2012). We identified

prokaryotic genes in assembled contigs using Prodigal (Hyatt et al. 2010). Then, we

BLASTed the predicted prokaryotic genes to a database of 39 Wolbachia reference

genomes to identify which contigs had genes with homology to Wolbachia. We

extracted the IDBA-UD assembled contigs with a gene containing homology to a

Wolbachia reference genome. We taxonomically labeled each of these resulting

contigs using BLAST.
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Drawing symbiont gene trees

We investigated the strains of Wolbachia present in Anopheles

gambiae-tagged samples by computing phylogenetic gene trees using the

Multi-Locus Sequence Typing (MLST) system (Baldo et al. 2006). The MLST was

developed and standardized to distinguish Wolbachia strains from one another and

consists of hundreds of haplotype isolates for five ubiquitous Wolbachia genes: ftsZ,

hcpA, fbpA, gatB, and coxA.

We first used a reference based approach to generate consensus sequences of

MLST genes within each of our accessions. We aligned sample reads to a Wolbachia

reference using BWA V0.7.17 (Li 2013) and called variants using Pilon V1.23 (B. J.

Walker et al. 2014). We then generated a consensus sequence using GATK’s

FastaAlternateReferenceMaker masking sites with no read coverage and calling sites

with at least 1x read coverage. To find the MLST genes, we used PRODIGAL V2.6.3

(Hyatt et al. 2010) to find all genes within a consensus sequence and used BLAST to

find the genic regions that had sequence similarity to MLST genes from Wolbachia

endosymbiont of Drosophila melanogaster. We computed a multiple alignment of our

isolated MLST gene sequences from Anopheles gambiae and the haplotypes from the

MLST database using MAFFT V7.407 (Katoh and Standley 2013). We then used a

RAXML transfer bootstrap approach to compute a phylogenetic tree with all samples

(Lemoine et al. 2018; Kozlov et al. 2019; Lutteropp, Kozlov, and Stamatakis 2020).

We concatenated MAFFT alignments and then ran RAXML_NG to generate a
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concatenated gene tree. All trees were visualized using MEGA (Kumar et al. 2018)

and post-processed in Adobe Illustrator for clarity and presentation.

Results and Discussion

Wolbachia infections found in Anopheles gambiae individuals

Using a bioinformatic reference based approach, we surveyed Illumina

shotgun sequencing data of 15,068 Anopheles gambiae samples and observed nine

samples with possible Wolbachia infections (Figure 13). This rate of infection is

estimated to be about 0.06%. In many methods estimating the number of Wolbachia

infected species, a cutoff of 0.1% is used to classify a species as infected. Therefore, a

rate of 0.06% would be classified as a non-infected species (Hilgenboecker et al.

2008; Medina, Russell, and Corbett-Detig 2019).  Indeed, such a low infection rate

would be hard to detect using low throughput field methods and negative and positive

detection of Wolbachia in Anopheles gambiae may make sense in light of such low

frequency infections rates. Four of the nine sample accessions generated less than 1x

depth of read coverage across a Wolbachia reference genome (Figure 13). These

samples could be evidence of horizontal gene transfer events from the Wolbachia

genome to host genome, low Wolbachia titer, or infections of other bacteria

containing homology to the Wolbachia genome. We included all nine samples with

traces of Wolbachia sequencing reads in our subsequent phylogenetic analysis to

distinguish among these possible scenarios.
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Figure 13. Anopheles gambiae tagged sequence read libraries aligned to Wolbachia
reference genome via BLASTN. This is a mixture of all reads and subsampled read
results. (A and C) The density plot shows the density points along the x or y axes. (B)
The reference was partitioned into 5kb bins, and the proportion of bins with read
coverage is shown on the x-axis (Breath of Coverage). The y-axis shows a sample’s
estimated depth of read coverage across a Wolbachia reference given the number of
base pair matches to a Wolbachia reference and the total number of reads in the
sample’s sequence library. In total, there are 15,068 mosquitos included in these
visualizations. Nine samples showed possible Wolbachia infections. Positive samples:
ERS1297723, ERS1098427, ERS248758, ERS248788, ERS248804, ERS1076448,
ERS1098434, ERS1119000, ERS1392583. For each accession, the statistics with the
Wolbachia reference with the highest depth of coverage is plotted. Colored points
indicate the likely host source of the accession: Anopheles gambiae (green), other
Anopheles species (orange), and Culex (blue).

Taxonomic labelling of host mitochondria

The taxonomic labelling of a sample accession on the SRA database can be

incorrect and might yield false evidence for Wolbachia infections if the host is
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mislabelled. In our case, some of the Anopheles gambiae-labelled samples may not be

Anopheles gambiae sequenced samples, but rather other insects. To independently

determine the host organism of the nine samples of interest, we de novo assembled

the animal mitochondrial sequence of each sample using GetOrganelle (Jin et al.

2020). Then, we taxonomically labelled the resulting assembled mitochondria using

BLAST (Table 4). Of the nine samples, four had mitochondrial sequences that had

homology to the mosquito genus Culex, three had homology to Anopheles sp.

NFL-2015 (Jeffries et al. 2018), and two had homology to Anopheles gambiae

(Table 4). Additionally, we took a reference based approach and aligned each

accession to the Anopheles gambiae reference genome (GCF_000005575.2). We

observed the two accessions, ERS1076448 and ERS1119000, generated a mean depth

of read coverage of about 30x across all possible sites of the Anopheles gambiae

reference genome. The remaining seven samples had mean depths of coverages of

about less than 3x (Table 4). Due to the lack of coverage of the Anopheles gambiae

reference genome and absence of Anopheles gambiae mitochondria, we concluded

seven of the nine samples containing Wolbachia reads are not sequenced Anopheles

gambiae hosts. Instead, they likely originate from other mosquito hosts, like Culex

and other species of Anopheles. However, two samples, ERS1076448 and

ERS1119000, likely come from Anopheles gambiae hosts because they had 30x

coverage across the Anopheles gambiae reference genome and generate a de novo

mitochondrial assembly with Anopheles gambiae homology.
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Table 4. Reference-based and non-reference based approaches to label the taxonomic
group of nine samples with putative Wolbachia infection. Rows are colored by the
likely host source of the accession: Anopheles gambiae (green), other Anopheles
species (orange), and Culex (blue).

Accession

Number of
Assembled

Contigs

Taxonomic Labelling of
de novo Host

Mitochondria Contigs

Mean AgamP3
Depth of Read

Coverage

ERS1076448 1 Anopheles gambiae 29.9649

ERS1119000 5 Anopheles gambiae 24.839

ERS1392583 1 Anopheles coustani 1.87031

ERS1098427 6
Anopheles sp NFL-2015,

Anopheles gambiae 1.86137

ERS1098434 3
Anopheles gambiae,

Anopheles sp NFL-2015 1.00088

ERS248804 1 Culex 0.308674

ERS248788 1 Culex 0.265842

ERS248758 1 Culex 0.183339

ERS1297723 1 Culex 2.08851

Wolbachia from five samples are from Supergroup B lineages

We characterized Wolbachia strains infecting the nine samples by using the

Multilocus Sequence Typing approach (Baldo et al. 2006). We generated MLST gene

trees situating the Wolbachia in our dataset among known genetic diversity of

Wolbachia (See Methods) (Figure 14). Only five of the nine Wolbachia samples had

high enough depth of coverage to produce a consensus sequence in MLST genes. We

found Wolbachia from all five samples grouped within known Supergroup B diversity

among all five MLST genes. These results are consistent with previous results

showing arthropod species hosting predominantly two clades of Wolbachia strain
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types (Supergroup A and B) commonly known to infect arthropod hosts (M.

Casiraghi et al. 2005; J. H. Werren and Windsor 2000; J. H. Werren, Zhang, and Guo

1995). Wolbachia from three samples likely from Culex hosts consistently nested

within wCulex MLST allelic diversity (Figure 14). We de novo assembled almost a

complete genome of one of these samples, accession ERS248758. The genome shared

1155/1157 genes with wCulex (GCF_000156735.1), suggesting the Wolbachia within

this accession in addition to the two other samples in its clade, ERS248804 and

ERS1297723, is wCulex and comes from a Culex host. Moreover, sample ERS248788

assembled a Culex mitochondria, yet consistently grouped outside of this wCulex

clade. We de novo assembled the Wolbachia reads from this accession and found

evidence for a mixed infection of Wolbachia endosymbiont from Culex

quinquefasciatus and Carposina sasakii, a peach fruit moth which is known to exist

in South Africa. This mixed infection is likely causing sample ERS248788 to group

outside of samples from genetically similar hosts. The symbiont clade phylogenetic

data corroborates our conclusion that four of the nine samples with Wolbachia reads

are actually Culex hosts with wCulex infections.
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Figure 14. Phylogenetic trees of Wolbachia MLST genes. Colors for taxa labels
indicate the likely host source of the accession: non-gambiae Anopheles species
(orange), and Culex (blue). We assembled the MLST gene trees of five of the nine
samples due to constraints in depth of coverage. Bootstrap values were generated
using the transfer bootstrap method (Lutteropp, Kozlov, and Stamatakis 2020). Nodes
with >80% support are shown and <80% were collapsed into polytomies. For clarity,
we collapsed some polytomies and clades with <80% support into a single taxa and
described them with the number of species collapsed and the Wolbachia Supergroup
they belonged to (e.g. “X Supergroup B Species”). Additionally, we generated a
concatenated tree by concatenating the alignments of all five genes in an accession.

De novo assembly of Wolbachia genomes from Anopheles gambiae sequencing

accessions ERS1076448 and ERS1119000

We de novo assembled the Wolbachia reads of the two of the accessions that

were likely from Anopheles gambiae hosts, ERS1076448 and ERS1119000

(AG1000G Phase 3 Release). We assembled six contigs with a length sum of 2951bp

that had Wolbachia homology from ERS1076448 sequence data. These six contigs
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had homology to Wolbachia from Brugia pahangi, a parasitic roundworm known to

infect animals such as dogs and cats. We de novo assembled seven fragments with a

sum length of 3272bp containing Wolbachia homology from accession ERS1119000.

These contigs had homology to Wolbachia of Dirofilaria immitis, a parasitic

roundworm that causes dirofilariasis in dogs. It is possible these samples were

collected by a method called dipping in which a container is dipped into an open body

of water to collect mosquito larvae (Anopheles gambiae 1000 Genomes Consortium

et al. 2017). Organisms could be present in the collection site and contribute reads

from various hosts, like roundworms, to the sequencing data. Alternatively, worm

DNA could be on or in the mosquito individuals themselves. Another experiment also

found Wolbachia from a filarial nematode in the AG1000G sequencing data

(Chrostek and Gerth 2019). We conclude that there is no evidence for live Wolbachia

infections in Anopheles gambiae hosts in this dataset. Rather it is likely that

organisms living in, on, or among Anopheles gambiae are the source of Wolbachia

reads found in this dataset, rather than live transovarial infections.

Conclusion

Here, we report no signal for Wolbachia infection in the 15,068 Anopheles

gambiae mosquitoes collected from several geographic regions across Subsaharan

Africa. Our results strongly suggest that Anopheles gambiae is not a natural host of

Wolbachia. Indeed, bacteria naturally infecting the Anopheles gambiae germline can

create an unstable environment for Wolbachia to inhabit and vertically transmit within
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the Anopheles gambiae germline (Grant L. Hughes et al. 2014). It is likely that the

competition between native host microbiota and Wolbachia plays a significant role in

challenging the stability of transovarian infections of Wolbachia in this host species.

Wolbachia will therefore be of limited use to combat malaria in Anopheles gambiae

hosts.

If analyzing public sequencing data for metagenomic purposes is to become

robust, tools to independently taxonomically label sequence data will need to be

implemented. Indeed, meta-data is a valuable and important component of the

sequencing data itself. Only with accurate meta-data can researchers contextualize the

results of their study. Indeed, the NCBI database is developing methods to

independently and semi-automatically label submitted sequence data (Katz et al.

2021). Attributes requiring labelling will likely grow as new data types emerge, and

the development of tools and software approaches to independently label will become

increasingly important.
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Synthesis and Future Directions

I have applied bioinformatic methods to deeply study the processes of

admixture and symbiosis. In Chapter 1, I applied an expanded coalescent theory to

study the complex admixture history of Drosophila melanogaster. Since this method

was published in 2018, it has been used to study apple tree (Malus domestica) and

switchgrass (Panicum virgatum) admixture histories, and will continue to be useful to

study complex evolutionary histories of especially non-model organisms.

In Chapter 2, I develop a deep data mining approach to classify symbiotic

infections of reproductive manipulators in arthropod and nematode hosts. I quantify

the infection frequency reproductive manipulators among arthropod and nematode

hosts and I find that Wolbachia is the most common reproductive manipulator. I

compared symbiont densities among host species and across reproductive

manipulator clades. My work shows substantial variation in symbiont titer within

arthropod host species. Titer varies by orders of magnitude within and between host

species. I hypothesized that Wolbachia within-host titer would be less than other

reproductive manipulators. However, I show that symbiont titer does not vary

systematically across bacterial clades. This result indicates that other evolutionary,

ecological or physiological processes may explain the distinct distributions of

reproductive manipulators. Indeed, other ecological factors such as diet, sex, age, and

other symbiotic associations have been shown to contribute to with-in host titer.  I

validated my bioinformatic approach using orthogonal in vivo approaches, showing

that bioinformatic approaches can recapitulate in vivo titer estimates.
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While my bioinformatic approach relies on datasets gathered for a wide array

of purposes and therefore requires a level of approximation, I have shown that

accurate and robust estimations of infection frequency and titer can be obtained.

Moreover, as publicly available sequence data continues to accumulate at exceptional

rates, this framework will become increasingly powerful and accessible to assay

symbiont evolution and host-symbiont interactions. Excitingly, this method can be

extended to a broad range of demographic parameters such as population bottlenecks,

selection, recombination. More generally, our method and related approaches could

be used to detect other microbial symbionts, such as medically relevant pathogens, or

even viruses, for which a reference genome sequence is available.

Robust and independent sequence meta-data annotation tools are needed to

fully harness the potential of public sequencing databases. In Chapter 3 of this

dissertation, I found evidence for mislabeled samples on the SRA database. The SRA

database recently published a method called STAT, which aims to taxonomically label

sequencing reads submitted to the NCBI database. Thus, this independent labelling of

the reads is foundationally to curating an accurate and reliable publicly available

sequence database and will enable the future of comparative and computational

genomics and bioinformatics.

119



Bibliography

Ahmed, Muhammad Z., Paul J. De Barro, Shun-Xiang Ren, Jaco M. Greeff, and Bao-Li Qiu.

2013. “Evidence for Horizontal Transmission of Secondary Endosymbionts in the

Bemisia Tabaci Cryptic Species Complex.” PloS One 8 (1): e53084.

https://doi.org/10.1371/journal.pone.0053084.

Anbutsu, Hisashi, and Takema Fukatsu. 2003. “Population Dynamics of Male-Killing and

Non-Male-Killing Spiroplasmas in Drosophila Melanogaster.” Applied and

Environmental Microbiology. https://doi.org/10.1128/aem.69.3.1428-1434.2003.

Anopheles gambiae 1000 Genomes Consortium, Data analysis group, Partner working group,

Sample collections—Angola:, Burkina Faso:, Cameroon:, Gabon:, et al. 2017. “Genetic

Diversity of the African Malaria Vector Anopheles Gambiae.” Nature 552 (7683):

96–100. https://doi.org/10.1038/nature24995.

Ayala, Diego, Ousman Akone-Ella, Nil Rahola, Pierre Kengne, Marc F. Ngangue, Fabrice

Mezeme, Boris K. Makanga, et al. 2019. “Natural Wolbachia Infections Are Common in

the Major Malaria Vectors in Central Africa.” Evolutionary Applications 12 (8):

1583–94. https://doi.org/10.1111/eva.12804.

Baldini, Francesco, Nicola Segata, Julien Pompon, Perrine Marcenac, W. Robert Shaw, Roch

K. Dabiré, Abdoulaye Diabaté, Elena A. Levashina, and Flaminia Catteruccia. 2014.

“Evidence of Natural Wolbachia Infections in Field Populations of Anopheles

Gambiae.” Nature Communications 5 (June): 3985.

https://doi.org/10.1038/ncomms4985.

Baldo, Laura, Nadia A. Ayoub, Cheryl Y. Hayashi, Jacob A. Russell, Julie K. Stahlhut, and

John H. Werren. 2008. “Insight into the Routes of Wolbachia Invasion: High Levels of

120

http://paperpile.com/b/nUFryL/NJgaY
http://paperpile.com/b/nUFryL/NJgaY
http://paperpile.com/b/nUFryL/NJgaY
http://paperpile.com/b/nUFryL/NJgaY
http://dx.doi.org/10.1371/journal.pone.0053084
http://paperpile.com/b/nUFryL/NJgaY
http://paperpile.com/b/nUFryL/oSQuK
http://paperpile.com/b/nUFryL/oSQuK
http://paperpile.com/b/nUFryL/oSQuK
http://dx.doi.org/10.1128/aem.69.3.1428-1434.2003
http://paperpile.com/b/nUFryL/oSQuK
http://paperpile.com/b/nUFryL/na22T
http://paperpile.com/b/nUFryL/na22T
http://paperpile.com/b/nUFryL/na22T
http://paperpile.com/b/nUFryL/na22T
http://dx.doi.org/10.1038/nature24995
http://paperpile.com/b/nUFryL/na22T
http://paperpile.com/b/nUFryL/OxpH3
http://paperpile.com/b/nUFryL/OxpH3
http://paperpile.com/b/nUFryL/OxpH3
http://paperpile.com/b/nUFryL/OxpH3
http://dx.doi.org/10.1111/eva.12804
http://paperpile.com/b/nUFryL/OxpH3
http://paperpile.com/b/nUFryL/Ay0yo
http://paperpile.com/b/nUFryL/Ay0yo
http://paperpile.com/b/nUFryL/Ay0yo
http://paperpile.com/b/nUFryL/Ay0yo
http://paperpile.com/b/nUFryL/Ay0yo
http://dx.doi.org/10.1038/ncomms4985
http://paperpile.com/b/nUFryL/Ay0yo
http://paperpile.com/b/nUFryL/g1fCU
http://paperpile.com/b/nUFryL/g1fCU


Horizontal Transfer in the Spider Genus Agelenopsis Revealed by Wolbachia Strain and

Mitochondrial DNA Diversity.” Molecular Ecology 17 (2): 557–69.

https://doi.org/10.1111/j.1365-294X.2007.03608.x.

Baldo, Laura, Julie C. Dunning Hotopp, Keith A. Jolley, Seth R. Bordenstein, Sarah A. Biber,

Rhitoban Ray Choudhury, Cheryl Hayashi, Martin C. J. Maiden, Hervè Tettelin, and

John H. Werren. 2006. “Multilocus Sequence Typing System for the Endosymbiont

Wolbachia Pipientis.” Applied and Environmental Microbiology 72 (11): 7098–7110.

https://doi.org/10.1128/AEM.00731-06.

Bandi, C., T. J. Anderson, C. Genchi, and M. L. Blaxter. 1998. “Phylogeny of Wolbachia in

Filarial Nematodes.” Proceedings. Biological Sciences / The Royal Society 265 (1413):

2407–13. https://doi.org/10.1098/rspb.1998.0591.

Begun, David J., and Charles F. Aquadro. 1993. “African and North American Populations of

Drosophila Melanogaster Are Very Different at the DNA Level.” Nature.

https://doi.org/10.1038/365548a0.

Bergland, Alan O., Ray Tobler, Josefa González, Paul Schmidt, and Dmitri Petrov. 2016.

“Secondary Contact and Local Adaptation Contribute to Genome-Wide Patterns of

Clinal Variation inDrosophila Melanogaster.” Molecular Ecology.

https://doi.org/10.1111/mec.13455.

Bian, Guowu, Yao Xu, Peng Lu, Yan Xie, and Zhiyong Xi. 2010. “The Endosymbiotic

Bacterium Wolbachia Induces Resistance to Dengue Virus in Aedes Aegypti.” PLoS

Pathogens 6 (4): e1000833. https://doi.org/10.1371/journal.ppat.1000833.

Blagrove, Marcus S. C., Camilo Arias-Goeta, Anna-Bella Failloux, and Steven P. Sinkins.

2012. “Wolbachia Strain wMel Induces Cytoplasmic Incompatibility and Blocks Dengue

Transmission in Aedes Albopictus.” Proceedings of the National Academy of Sciences of

121

http://paperpile.com/b/nUFryL/g1fCU
http://paperpile.com/b/nUFryL/g1fCU
http://paperpile.com/b/nUFryL/g1fCU
http://dx.doi.org/10.1111/j.1365-294X.2007.03608.x
http://paperpile.com/b/nUFryL/g1fCU
http://paperpile.com/b/nUFryL/411m0
http://paperpile.com/b/nUFryL/411m0
http://paperpile.com/b/nUFryL/411m0
http://paperpile.com/b/nUFryL/411m0
http://paperpile.com/b/nUFryL/411m0
http://dx.doi.org/10.1128/AEM.00731-06
http://paperpile.com/b/nUFryL/411m0
http://paperpile.com/b/nUFryL/RjoHM
http://paperpile.com/b/nUFryL/RjoHM
http://paperpile.com/b/nUFryL/RjoHM
http://dx.doi.org/10.1098/rspb.1998.0591
http://paperpile.com/b/nUFryL/RjoHM
http://paperpile.com/b/nUFryL/CUjO
http://paperpile.com/b/nUFryL/CUjO
http://paperpile.com/b/nUFryL/CUjO
http://dx.doi.org/10.1038/365548a0
http://paperpile.com/b/nUFryL/CUjO
http://paperpile.com/b/nUFryL/MruZ
http://paperpile.com/b/nUFryL/MruZ
http://paperpile.com/b/nUFryL/MruZ
http://paperpile.com/b/nUFryL/MruZ
http://dx.doi.org/10.1111/mec.13455
http://paperpile.com/b/nUFryL/MruZ
http://paperpile.com/b/nUFryL/FBLDm
http://paperpile.com/b/nUFryL/FBLDm
http://paperpile.com/b/nUFryL/FBLDm
http://dx.doi.org/10.1371/journal.ppat.1000833
http://paperpile.com/b/nUFryL/FBLDm
http://paperpile.com/b/nUFryL/08e3D
http://paperpile.com/b/nUFryL/08e3D
http://paperpile.com/b/nUFryL/08e3D


the United States of America 109 (1): 255–60. https://doi.org/10.1073/pnas.1112021108.

Bourtzis, K., A. Nirgianaki, G. Markakis, and C. Savakis. 1996. “Wolbachia Infection and

Cytoplasmic Incompatibility in Drosophila Species.” Genetics 144 (3): 1063–73.

https://www.ncbi.nlm.nih.gov/pubmed/8913750.

Boyle, L., S. L. O’Neill, H. M. Robertson, and T. L. Karr. 1993. “Interspecific and

Intraspecific Horizontal Transfer of Wolbachia in Drosophila.” Science 260 (5115):

1796–99. https://doi.org/10.1126/science.8511587.

Brown, Amanda M. V., Sulochana K. Wasala, Dana K. Howe, Amy B. Peetz, Inga A. Zasada,

and Dee R. Denver. 2016. “Genomic Evidence for Plant-Parasitic Nematodes as the

Earliest Wolbachia Hosts.” Scientific Reports 6 (October): 34955.

https://doi.org/10.1038/srep34955.

Bukowicki, Marek, Susanne U. Franssen, and Christian Schlötterer. 2016. “High Rates of

Phasing Errors in Highly Polymorphic Species with Low Levels of Linkage

Disequilibrium.” Molecular Ecology Resources 16 (4): 874–82.

https://doi.org/10.1111/1755-0998.12516.

Caracristi, G. 2003. “Genetic Differentiation Between American and European Drosophila

Melanogaster Populations Could Be Attributed to Admixture of African Alleles.”

Molecular Biology and Evolution. https://doi.org/10.1093/molbev/msg091.

Casiraghi, M., T. J. Anderson, C. Bandi, C. Bazzocchi, and C. Genchi. 2001. “A Phylogenetic

Analysis of Filarial Nematodes: Comparison with the Phylogeny of Wolbachia

Endosymbionts.” Parasitology 122 Pt 1 (January): 93–103.

https://www.ncbi.nlm.nih.gov/pubmed/11197770.

Casiraghi, Maurizio, Odile Bain, Ricardo Guerrero, Coralie Martin, Vanessa Pocacqua, Scott

L. Gardner, Alberto Franceschi, and Claudio Bandi. 2004. “Mapping the Presence of

122

http://paperpile.com/b/nUFryL/08e3D
http://dx.doi.org/10.1073/pnas.1112021108
http://paperpile.com/b/nUFryL/08e3D
http://paperpile.com/b/nUFryL/An3BS
http://paperpile.com/b/nUFryL/An3BS
https://www.ncbi.nlm.nih.gov/pubmed/8913750
http://paperpile.com/b/nUFryL/An3BS
http://paperpile.com/b/nUFryL/WOdoB
http://paperpile.com/b/nUFryL/WOdoB
http://paperpile.com/b/nUFryL/WOdoB
http://dx.doi.org/10.1126/science.8511587
http://paperpile.com/b/nUFryL/WOdoB
http://paperpile.com/b/nUFryL/ZV0ou
http://paperpile.com/b/nUFryL/ZV0ou
http://paperpile.com/b/nUFryL/ZV0ou
http://paperpile.com/b/nUFryL/ZV0ou
http://dx.doi.org/10.1038/srep34955
http://paperpile.com/b/nUFryL/ZV0ou
http://paperpile.com/b/nUFryL/ftXJ
http://paperpile.com/b/nUFryL/ftXJ
http://paperpile.com/b/nUFryL/ftXJ
http://paperpile.com/b/nUFryL/ftXJ
http://dx.doi.org/10.1111/1755-0998.12516
http://paperpile.com/b/nUFryL/ftXJ
http://paperpile.com/b/nUFryL/rfT4
http://paperpile.com/b/nUFryL/rfT4
http://paperpile.com/b/nUFryL/rfT4
http://dx.doi.org/10.1093/molbev/msg091
http://paperpile.com/b/nUFryL/rfT4
http://paperpile.com/b/nUFryL/cv6dw
http://paperpile.com/b/nUFryL/cv6dw
http://paperpile.com/b/nUFryL/cv6dw
https://www.ncbi.nlm.nih.gov/pubmed/11197770
http://paperpile.com/b/nUFryL/cv6dw
http://paperpile.com/b/nUFryL/ZDouA
http://paperpile.com/b/nUFryL/ZDouA


Wolbachia Pipientis on the Phylogeny of Filarial Nematodes: Evidence for Symbiont

Loss during Evolution.” International Journal for Parasitology 34 (2): 191–203.

https://doi.org/10.1016/j.ijpara.2003.10.004.

Casiraghi, M., S. R. Bordenstein, L. Baldo, N. Lo, T. Beninati, J. J. Wernegreen, J. H. Werren,

and C. Bandi. 2005. “Phylogeny of Wolbachia Pipientis Based on gltA, groEL and ftsZ

Gene Sequences: Clustering of Arthropod and Nematode Symbionts in the F

Supergroup, and Evidence for Further Diversity in the Wolbachia Tree.” Microbiology

151 (12): 4015–22. https://doi.org/10.1099/mic.0.28313-0.

Chakraborty, R., and K. M. Weiss. 1988. “Admixture as a Tool for Finding Linked Genes and

Detecting That Difference from Allelic Association between Loci.” Proceedings of the

National Academy of Sciences of the United States of America 85 (23): 9119–23.

https://doi.org/10.1073/pnas.85.23.9119.

Chen, Gary K., Paul Marjoram, and Jeffrey D. Wall. 2009. “Fast and Flexible Simulation of

DNA Sequence Data.” Genome Research 19 (1): 136–42.

https://doi.org/10.1101/gr.083634.108.

Chong, Rebecca A., and Nancy A. Moran. 2016. “Intraspecific Genetic Variation in Hosts

Affects Regulation of Obligate Heritable Symbionts.” Proceedings of the National

Academy of Sciences of the United States of America 113 (46): 13114–19.

https://doi.org/10.1073/pnas.1610749113.

Chrostek, Ewa, and Michael Gerth. 2019. “Is Anopheles Gambiae a Natural Host of

Wolbachia?” mBio 10 (3). https://doi.org/10.1128/mBio.00784-19.

Chrostek, Ewa, and Luis Teixeira. 2015. “Mutualism Breakdown by Amplification of

Wolbachia Genes.” PLoS Biology 13 (2): e1002065.

https://doi.org/10.1371/journal.pbio.1002065.

123

http://paperpile.com/b/nUFryL/ZDouA
http://paperpile.com/b/nUFryL/ZDouA
http://paperpile.com/b/nUFryL/ZDouA
http://dx.doi.org/10.1016/j.ijpara.2003.10.004
http://paperpile.com/b/nUFryL/ZDouA
http://paperpile.com/b/nUFryL/ZEZ8m
http://paperpile.com/b/nUFryL/ZEZ8m
http://paperpile.com/b/nUFryL/ZEZ8m
http://paperpile.com/b/nUFryL/ZEZ8m
http://paperpile.com/b/nUFryL/ZEZ8m
http://dx.doi.org/10.1099/mic.0.28313-0
http://paperpile.com/b/nUFryL/ZEZ8m
http://paperpile.com/b/nUFryL/joWa
http://paperpile.com/b/nUFryL/joWa
http://paperpile.com/b/nUFryL/joWa
http://paperpile.com/b/nUFryL/joWa
http://dx.doi.org/10.1073/pnas.85.23.9119
http://paperpile.com/b/nUFryL/joWa
http://paperpile.com/b/nUFryL/IUNQ
http://paperpile.com/b/nUFryL/IUNQ
http://paperpile.com/b/nUFryL/IUNQ
http://dx.doi.org/10.1101/gr.083634.108
http://paperpile.com/b/nUFryL/IUNQ
http://paperpile.com/b/nUFryL/MUXpC
http://paperpile.com/b/nUFryL/MUXpC
http://paperpile.com/b/nUFryL/MUXpC
http://paperpile.com/b/nUFryL/MUXpC
http://dx.doi.org/10.1073/pnas.1610749113
http://paperpile.com/b/nUFryL/MUXpC
http://paperpile.com/b/nUFryL/NT6N1
http://paperpile.com/b/nUFryL/NT6N1
http://dx.doi.org/10.1128/mBio.00784-19
http://paperpile.com/b/nUFryL/NT6N1
http://paperpile.com/b/nUFryL/s71cz
http://paperpile.com/b/nUFryL/s71cz
http://paperpile.com/b/nUFryL/s71cz
http://dx.doi.org/10.1371/journal.pbio.1002065
http://paperpile.com/b/nUFryL/s71cz


Coetzee, M., M. Craig, and D. le Sueur. 2000. “Distribution of African Malaria Mosquitoes

Belonging to the Anopheles Gambiae Complex.” Parasitology Today 16 (2): 74–77.

https://doi.org/10.1016/s0169-4758(99)01563-x.

Corbett-Detig, Russell, and Matt Jones. 2016. “SELAM: Simulation of Epistasis and Local

Adaptation during Admixture with Mate Choice.” Bioinformatics 32 (19): 3035–37.

https://doi.org/10.1093/bioinformatics/btw365.

Corbett-Detig, Russell, and Rasmus Nielsen. 2017. “A Hidden Markov Model Approach for

Simultaneously Estimating Local Ancestry and Admixture Time Using Next Generation

Sequence Data in Samples of Arbitrary Ploidy.” PLOS Genetics.

https://doi.org/10.1371/journal.pgen.1006529.

Cordaux, Richard, Didier Bouchon, and Pierre Grève. 2011. “The Impact of Endosymbionts

on the Evolution of Host Sex-Determination Mechanisms.” Trends in Genetics: TIG 27

(8): 332–41. https://doi.org/10.1016/j.tig.2011.05.002.

Correa, Claudia C., and J. W. O. Ballard. 2016. “Wolbachia Associations with Insects:

Winning or Losing Against a Master Manipulator.” Frontiers in Ecology and Evolution 3

(January): 506. https://doi.org/10.3389/fevo.2015.00153.

Crawford, Jacob E., David W. Clarke, Victor Criswell, Mark Desnoyer, Devon Cornel,

Brittany Deegan, Kyle Gong, et al. 2020. “Efficient Production of Male

Wolbachia-Infected Aedes Aegypti Mosquitoes Enables Large-Scale Suppression of

Wild Populations.” Nature Biotechnology 38 (4): 482–92.

https://doi.org/10.1038/s41587-020-0471-x.

Dedeine, F., F. Vavre, F. Fleury, B. Loppin, M. E. Hochberg, and M. Bouletreau. 2001.

“Removing Symbiotic Wolbachia Bacteria Specifically Inhibits Oogenesis in a Parasitic

Wasp.” Proceedings of the National Academy of Sciences of the United States of

124

http://paperpile.com/b/nUFryL/iMJSt
http://paperpile.com/b/nUFryL/iMJSt
http://paperpile.com/b/nUFryL/iMJSt
http://dx.doi.org/10.1016/s0169-4758(99)01563-x
http://paperpile.com/b/nUFryL/iMJSt
http://paperpile.com/b/nUFryL/sOO8
http://paperpile.com/b/nUFryL/sOO8
http://paperpile.com/b/nUFryL/sOO8
http://dx.doi.org/10.1093/bioinformatics/btw365
http://paperpile.com/b/nUFryL/sOO8
http://paperpile.com/b/nUFryL/8PhW
http://paperpile.com/b/nUFryL/8PhW
http://paperpile.com/b/nUFryL/8PhW
http://paperpile.com/b/nUFryL/8PhW
http://dx.doi.org/10.1371/journal.pgen.1006529
http://paperpile.com/b/nUFryL/8PhW
http://paperpile.com/b/nUFryL/98HHY
http://paperpile.com/b/nUFryL/98HHY
http://paperpile.com/b/nUFryL/98HHY
http://dx.doi.org/10.1016/j.tig.2011.05.002
http://paperpile.com/b/nUFryL/98HHY
http://paperpile.com/b/nUFryL/NF9qV
http://paperpile.com/b/nUFryL/NF9qV
http://paperpile.com/b/nUFryL/NF9qV
http://dx.doi.org/10.3389/fevo.2015.00153
http://paperpile.com/b/nUFryL/NF9qV
http://paperpile.com/b/nUFryL/wkr6K
http://paperpile.com/b/nUFryL/wkr6K
http://paperpile.com/b/nUFryL/wkr6K
http://paperpile.com/b/nUFryL/wkr6K
http://paperpile.com/b/nUFryL/wkr6K
http://dx.doi.org/10.1038/s41587-020-0471-x
http://paperpile.com/b/nUFryL/wkr6K
http://paperpile.com/b/nUFryL/Iw7Bm
http://paperpile.com/b/nUFryL/Iw7Bm
http://paperpile.com/b/nUFryL/Iw7Bm


America 98 (11): 6247–52. https://doi.org/10.1073/pnas.101304298.

Dias-Alves, Thomas, Julien Mairal, and Michael G. B. Blum. 2018. “Loter: A Software

Package to Infer Local Ancestry for a Wide Range of Species.” Molecular Biology and

Evolution. https://doi.org/10.1093/molbev/msy126.

Duchen, Pablo, Daniel Zivkovic, Stephan Hutter, Wolfgang Stephan, and Stefan Laurent.

2013. “Demographic Inference Reveals African and European Admixture in the North

American Drosophila Melanogaster Population.” Genetics 193 (1): 291–301.

https://doi.org/10.1534/genetics.112.145912.

Duron, Olivier, Didier Bouchon, Sébastien Boutin, Lawrence Bellamy, Liqin Zhou, Jan

Engelstädter, and Gregory D. Hurst. 2008. “The Diversity of Reproductive Parasites

among Arthropods: Wolbachia Do Not Walk Alone.” BMC Biology 6 (June): 27.

https://doi.org/10.1186/1741-7007-6-27.

Duron, Olivier, Pierrick Labbé, Claire Berticat, François Rousset, Sylvain Guillot, Michel

Raymond, and Mylène Weill. 2006. “High Wolbachia Density Correlates with Cost of

Infection for Insecticide Resistant Culex Pipiens Mosquitoes.” Evolution; International

Journal of Organic Evolution 60 (2): 303–14.

https://www.ncbi.nlm.nih.gov/pubmed/16610322.

Enomoto, Shinichiro, Abhishek Chari, Adam Larsen Clayton, and Colin Dale. 2017.

“Quorum Sensing Attenuates Virulence in Sodalis Praecaptivus.” Cell Host & Microbe

21 (5): 629–36.e5. https://doi.org/10.1016/j.chom.2017.04.003.

Evanno, G., S. Regnaut, and J. Goudet. 2005. “Detecting the Number of Clusters of

Individuals Using the Software Structure: A Simulation Study.” Molecular Ecology.

https://doi.org/10.1111/j.1365-294x.2005.02553.x.

Fattouh, Nour, Chantal Cazevieille, and Frédéric Landmann. 2019. “Wolbachia

125

http://paperpile.com/b/nUFryL/Iw7Bm
http://dx.doi.org/10.1073/pnas.101304298
http://paperpile.com/b/nUFryL/Iw7Bm
http://paperpile.com/b/nUFryL/RMYj
http://paperpile.com/b/nUFryL/RMYj
http://paperpile.com/b/nUFryL/RMYj
http://dx.doi.org/10.1093/molbev/msy126
http://paperpile.com/b/nUFryL/RMYj
http://paperpile.com/b/nUFryL/VgMV
http://paperpile.com/b/nUFryL/VgMV
http://paperpile.com/b/nUFryL/VgMV
http://paperpile.com/b/nUFryL/VgMV
http://dx.doi.org/10.1534/genetics.112.145912
http://paperpile.com/b/nUFryL/VgMV
http://paperpile.com/b/nUFryL/orTYC
http://paperpile.com/b/nUFryL/orTYC
http://paperpile.com/b/nUFryL/orTYC
http://paperpile.com/b/nUFryL/orTYC
http://dx.doi.org/10.1186/1741-7007-6-27
http://paperpile.com/b/nUFryL/orTYC
http://paperpile.com/b/nUFryL/mpJ19
http://paperpile.com/b/nUFryL/mpJ19
http://paperpile.com/b/nUFryL/mpJ19
http://paperpile.com/b/nUFryL/mpJ19
https://www.ncbi.nlm.nih.gov/pubmed/16610322
http://paperpile.com/b/nUFryL/mpJ19
http://paperpile.com/b/nUFryL/srO4W
http://paperpile.com/b/nUFryL/srO4W
http://paperpile.com/b/nUFryL/srO4W
http://dx.doi.org/10.1016/j.chom.2017.04.003
http://paperpile.com/b/nUFryL/srO4W
http://paperpile.com/b/nUFryL/RKss
http://paperpile.com/b/nUFryL/RKss
http://paperpile.com/b/nUFryL/RKss
http://dx.doi.org/10.1111/j.1365-294x.2005.02553.x
http://paperpile.com/b/nUFryL/RKss
http://paperpile.com/b/nUFryL/YWQcy


Endosymbionts Subvert the Endoplasmic Reticulum to Acquire Host Membranes

without Triggering ER Stress.” PLoS Neglected Tropical Diseases 13 (3): e0007218.

https://doi.org/10.1371/journal.pntd.0007218.

Frentiu, Francesca D., Tasnim Zakir, Thomas Walker, Jean Popovici, Alyssa T. Pyke, Andrew

van den Hurk, Elizabeth A. McGraw, and Scott L. O’Neill. 2014. “Limited Dengue

Virus Replication in Field-Collected Aedes Aegypti Mosquitoes Infected with

Wolbachia.” PLoS Neglected Tropical Diseases 8 (2): e2688.

https://doi.org/10.1371/journal.pntd.0002688.

Funkhouser-Jones, Lisa J., Edward J. van Opstal, Ananya Sharma, and Seth R. Bordenstein.

2018. “The Maternal Effect Gene Wds Controls Wolbachia Titer in Nasonia.” Current

Biology: CB 28 (11): 1692–1702.e6. https://doi.org/10.1016/j.cub.2018.04.010.

Gerth, Michael, Marie-Theres Gansauge, Anne Weigert, and Christoph Bleidorn. 2014.

“Phylogenomic Analyses Uncover Origin and Spread of the Wolbachia Pandemic.”

Nature Communications 5 (October): 5117. https://doi.org/10.1038/ncomms6117.

Gomes, Fabio M., Bretta L. Hixson, Miles D. W. Tyner, Jose Luis Ramirez, Gaspar E.

Canepa, Thiago Luiz Alves E Silva, Alvaro Molina-Cruz, et al. 2017. “Effect of

Naturally Occurring Wolbachia in Anopheles Gambiae S.l. Mosquitoes from Mali on

Plasmodium Falciparum Malaria Transmission.” Proceedings of the National Academy

of Sciences of the United States of America 114 (47): 12566–71.

https://doi.org/10.1073/pnas.1716181114.

Gotoh, T., H. Noda, and X-Y Hong. 2003. “Wolbachia Distribution and Cytoplasmic

Incompatibility Based on a Survey of 42 Spider Mite Species (Acari: Tetranychidae) in

Japan.” Heredity 91 (3): 208–16. https://doi.org/10.1038/sj.hdy.6800329.

Gravel, Simon. 2012. “Population Genetics Models of Local Ancestry.” Genetics 191 (2):

126

http://paperpile.com/b/nUFryL/YWQcy
http://paperpile.com/b/nUFryL/YWQcy
http://paperpile.com/b/nUFryL/YWQcy
http://dx.doi.org/10.1371/journal.pntd.0007218
http://paperpile.com/b/nUFryL/YWQcy
http://paperpile.com/b/nUFryL/LfBW7
http://paperpile.com/b/nUFryL/LfBW7
http://paperpile.com/b/nUFryL/LfBW7
http://paperpile.com/b/nUFryL/LfBW7
http://paperpile.com/b/nUFryL/LfBW7
http://dx.doi.org/10.1371/journal.pntd.0002688
http://paperpile.com/b/nUFryL/LfBW7
http://paperpile.com/b/nUFryL/zKzGc
http://paperpile.com/b/nUFryL/zKzGc
http://paperpile.com/b/nUFryL/zKzGc
http://dx.doi.org/10.1016/j.cub.2018.04.010
http://paperpile.com/b/nUFryL/zKzGc
http://paperpile.com/b/nUFryL/FAXwA
http://paperpile.com/b/nUFryL/FAXwA
http://paperpile.com/b/nUFryL/FAXwA
http://dx.doi.org/10.1038/ncomms6117
http://paperpile.com/b/nUFryL/FAXwA
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/wdIQn
http://dx.doi.org/10.1073/pnas.1716181114
http://paperpile.com/b/nUFryL/wdIQn
http://paperpile.com/b/nUFryL/kdQUk
http://paperpile.com/b/nUFryL/kdQUk
http://paperpile.com/b/nUFryL/kdQUk
http://dx.doi.org/10.1038/sj.hdy.6800329
http://paperpile.com/b/nUFryL/kdQUk
http://paperpile.com/b/nUFryL/TMpC


607–19. https://doi.org/10.1534/genetics.112.139808.

Gravel, Simon, Fouad Zakharia, Andres Moreno-Estrada, Jake K. Byrnes, Marina Muzzio,

Juan L. Rodriguez-Flores, Eimear E. Kenny, et al. 2013. “Reconstructing Native

American Migrations from Whole-Genome and Whole-Exome Data.” PLoS Genetics.

https://doi.org/10.1371/journal.pgen.1004023.

Harumoto, Toshiyuki, Hisashi Anbutsu, Bruno Lemaitre, and Takema Fukatsu. 2016.

“Male-Killing Symbiont Damages Host’s Dosage-Compensated Sex Chromosome to

Induce Embryonic Apoptosis.” Nature Communications 7 (September): 12781.

https://doi.org/10.1038/ncomms12781.

Hayashi, Masayuki, Masaya Watanabe, Fumiko Yukuhiro, Masashi Nomura, and Daisuke

Kageyama. 2016. “A Nightmare for Males? A Maternally Transmitted Male-Killing

Bacterium and Strong Female Bias in a Green Lacewing Population.” PloS One 11 (6):

e0155794. https://doi.org/10.1371/journal.pone.0155794.

Hedges, Lauren M., Jeremy C. Brownlie, Scott L. O’Neill, and Karyn N. Johnson. 2008.

“Wolbachia and Virus Protection in Insects.” Science 322 (5902): 702.

https://doi.org/10.1126/science.1162418.

Hellenthal, Garrett, George B. J. Busby, Gavin Band, James F. Wilson, Cristian Capelli,

Daniel Falush, and Simon Myers. 2014. “A Genetic Atlas of Human Admixture

History.” Science 343 (6172): 747–51. https://doi.org/10.1126/science.1243518.

Hilgenboecker, Kirsten, Peter Hammerstein, Peter Schlattmann, Arndt Telschow, and John H.

Werren. 2008. “How Many Species Are Infected with Wolbachia?--A Statistical

Analysis of Current Data.” FEMS Microbiology Letters 281 (2): 215–20.

https://doi.org/10.1111/j.1574-6968.2008.01110.x.

Hoffmann, A. A., B. L. Montgomery, J. Popovici, I. Iturbe-Ormaetxe, P. H. Johnson, F.

127

http://paperpile.com/b/nUFryL/TMpC
http://dx.doi.org/10.1534/genetics.112.139808
http://paperpile.com/b/nUFryL/TMpC
http://paperpile.com/b/nUFryL/i8SV
http://paperpile.com/b/nUFryL/i8SV
http://paperpile.com/b/nUFryL/i8SV
http://paperpile.com/b/nUFryL/i8SV
http://dx.doi.org/10.1371/journal.pgen.1004023
http://paperpile.com/b/nUFryL/i8SV
http://paperpile.com/b/nUFryL/7q8xw
http://paperpile.com/b/nUFryL/7q8xw
http://paperpile.com/b/nUFryL/7q8xw
http://paperpile.com/b/nUFryL/7q8xw
http://dx.doi.org/10.1038/ncomms12781
http://paperpile.com/b/nUFryL/7q8xw
http://paperpile.com/b/nUFryL/akaeP
http://paperpile.com/b/nUFryL/akaeP
http://paperpile.com/b/nUFryL/akaeP
http://paperpile.com/b/nUFryL/akaeP
http://dx.doi.org/10.1371/journal.pone.0155794
http://paperpile.com/b/nUFryL/akaeP
http://paperpile.com/b/nUFryL/usXEt
http://paperpile.com/b/nUFryL/usXEt
http://paperpile.com/b/nUFryL/usXEt
http://dx.doi.org/10.1126/science.1162418
http://paperpile.com/b/nUFryL/usXEt
http://paperpile.com/b/nUFryL/KwmH
http://paperpile.com/b/nUFryL/KwmH
http://paperpile.com/b/nUFryL/KwmH
http://dx.doi.org/10.1126/science.1243518
http://paperpile.com/b/nUFryL/KwmH
http://paperpile.com/b/nUFryL/JfRJ1
http://paperpile.com/b/nUFryL/JfRJ1
http://paperpile.com/b/nUFryL/JfRJ1
http://paperpile.com/b/nUFryL/JfRJ1
http://dx.doi.org/10.1111/j.1574-6968.2008.01110.x
http://paperpile.com/b/nUFryL/JfRJ1
http://paperpile.com/b/nUFryL/bTYik


Muzzi, M. Greenfield, et al. 2011. “Successful Establishment of Wolbachia in Aedes

Populations to Suppress Dengue Transmission.” Nature 476 (7361): 454–57.

https://doi.org/10.1038/nature10356.

Hoffmann, Ary A., Inaki Iturbe-Ormaetxe, Ashley G. Callahan, Ben L. Phillips, Katrina

Billington, Jason K. Axford, Brian Montgomery, Andrew P. Turley, and Scott L. O’Neill.

2014. “Stability of the wMel Wolbachia Infection Following Invasion into Aedes

Aegypti Populations.” PLoS Neglected Tropical Diseases.

https://doi.org/10.1371/journal.pntd.0003115.

Huang, Wen, Andreas Massouras, Yutaka Inoue, Jason Peiffer, Miquel Ràmia, Aaron M.

Tarone, Lavanya Turlapati, et al. 2014. “Natural Variation in Genome Architecture

among 205 Drosophila Melanogaster Genetic Reference Panel Lines.” Genome Research

24 (7): 1193–1208. https://doi.org/10.1101/gr.171546.113.

Hufford, Matthew B., Pesach Lubinksy, Tanja Pyhäjärvi, Michael T. Devengenzo, Norman C.

Ellstrand, and Jeffrey Ross-Ibarra. 2013. “The Genomic Signature of Crop-Wild

Introgression in Maize.” PLoS Genetics 9 (5): e1003477.

https://doi.org/10.1371/journal.pgen.1003477.

Hughes, G. L., and J. L. Rasgon. 2014. “Transinfection: A Method to

investigateWolbachia-Host Interactions and Control Arthropod-Borne Disease.” Insect

Molecular Biology. https://doi.org/10.1111/imb.12066.

Hughes, Grant L., Brittany L. Dodson, Rebecca M. Johnson, Courtney C. Murdock, Hitoshi

Tsujimoto, Yasutsugu Suzuki, Alyssa A. Patt, et al. 2014. “Native Microbiome Impedes

Vertical Transmission of Wolbachia in Anopheles Mosquitoes.” Proceedings of the

National Academy of Sciences of the United States of America 111 (34): 12498–503.

https://doi.org/10.1073/pnas.1408888111.

128

http://paperpile.com/b/nUFryL/bTYik
http://paperpile.com/b/nUFryL/bTYik
http://paperpile.com/b/nUFryL/bTYik
http://dx.doi.org/10.1038/nature10356
http://paperpile.com/b/nUFryL/bTYik
http://paperpile.com/b/nUFryL/pdAFa
http://paperpile.com/b/nUFryL/pdAFa
http://paperpile.com/b/nUFryL/pdAFa
http://paperpile.com/b/nUFryL/pdAFa
http://paperpile.com/b/nUFryL/pdAFa
http://dx.doi.org/10.1371/journal.pntd.0003115
http://paperpile.com/b/nUFryL/pdAFa
http://paperpile.com/b/nUFryL/V4YFo
http://paperpile.com/b/nUFryL/V4YFo
http://paperpile.com/b/nUFryL/V4YFo
http://paperpile.com/b/nUFryL/V4YFo
http://dx.doi.org/10.1101/gr.171546.113
http://paperpile.com/b/nUFryL/V4YFo
http://paperpile.com/b/nUFryL/xWHN
http://paperpile.com/b/nUFryL/xWHN
http://paperpile.com/b/nUFryL/xWHN
http://paperpile.com/b/nUFryL/xWHN
http://dx.doi.org/10.1371/journal.pgen.1003477
http://paperpile.com/b/nUFryL/xWHN
http://paperpile.com/b/nUFryL/pe22a
http://paperpile.com/b/nUFryL/pe22a
http://paperpile.com/b/nUFryL/pe22a
http://dx.doi.org/10.1111/imb.12066
http://paperpile.com/b/nUFryL/pe22a
http://paperpile.com/b/nUFryL/GXvvt
http://paperpile.com/b/nUFryL/GXvvt
http://paperpile.com/b/nUFryL/GXvvt
http://paperpile.com/b/nUFryL/GXvvt
http://paperpile.com/b/nUFryL/GXvvt
http://dx.doi.org/10.1073/pnas.1408888111
http://paperpile.com/b/nUFryL/GXvvt


Hughes, Grant L., Ryuichi Koga, Ping Xue, Takema Fukatsu, and Jason L. Rasgon. 2011.

“Wolbachia Infections Are Virulent and Inhibit the Human Malaria Parasite Plasmodium

Falciparum in Anopheles Gambiae.” PLoS Pathogens 7 (5): e1002043.

https://doi.org/10.1371/journal.ppat.1002043.

Hurst, Gregory D. D., and Crystal L. Frost. 2015. “Reproductive Parasitism: Maternally

Inherited Symbionts in a Biparental World.” Cold Spring Harbor Perspectives in

Biology 7 (5). https://doi.org/10.1101/cshperspect.a017699.

Hyatt, Doug, Gwo-Liang Chen, Philip F. Locascio, Miriam L. Land, Frank W. Larimer, and

Loren J. Hauser. 2010. “Prodigal: Prokaryotic Gene Recognition and Translation

Initiation Site Identification.” BMC Bioinformatics 11 (March): 119.

https://doi.org/10.1186/1471-2105-11-119.

Indriani, Citra, Warsito Tantowijoyo, Edwige Rancès, Bekti Andari, Equatori Prabowo, Dedik

Yusdi, Muhammad Ridwan Ansari, et al. n.d. “Reduced Dengue Incidence Following

Deployments of Wolbachia-Infected Aedes Aegypti in Yogyakarta, Indonesia: A

Quasi-Experimental Trial Using Controlled Interrupted Time Series Analysis.”

https://doi.org/10.1101/2020.03.15.20036566.

Jaenike, John. 2009. “Coupled Population Dynamics of Endosymbionts within and between

Hosts.” Oikos 118 (3): 353–62. https://doi.org/10.1111/j.1600-0706.2008.17110.x.

Jeffries, Claire L., Gena G. Lawrence, George Golovko, Mojca Kristan, James Orsborne,

Kirstin Spence, Eliot Hurn, et al. 2018. “Novel Wolbachia Strains in Anopheles Malaria

Vectors from Sub-Saharan Africa.” Wellcome Open Research 3 (November): 113.

https://doi.org/10.12688/wellcomeopenres.14765.2.

Jeyaprakash, Ayyamperumal, and Marjorie A. Hoy. 2000. “Long PCR Improves Wolbachia

DNA Amplification: Wsp Sequences Found in 76% of Sixty-Three Arthropod Species.”

129

http://paperpile.com/b/nUFryL/szcQL
http://paperpile.com/b/nUFryL/szcQL
http://paperpile.com/b/nUFryL/szcQL
http://paperpile.com/b/nUFryL/szcQL
http://dx.doi.org/10.1371/journal.ppat.1002043
http://paperpile.com/b/nUFryL/szcQL
http://paperpile.com/b/nUFryL/7UyrX
http://paperpile.com/b/nUFryL/7UyrX
http://paperpile.com/b/nUFryL/7UyrX
http://dx.doi.org/10.1101/cshperspect.a017699
http://paperpile.com/b/nUFryL/7UyrX
http://paperpile.com/b/nUFryL/aIvcG
http://paperpile.com/b/nUFryL/aIvcG
http://paperpile.com/b/nUFryL/aIvcG
http://paperpile.com/b/nUFryL/aIvcG
http://dx.doi.org/10.1186/1471-2105-11-119
http://paperpile.com/b/nUFryL/aIvcG
http://paperpile.com/b/nUFryL/blCG9
http://paperpile.com/b/nUFryL/blCG9
http://paperpile.com/b/nUFryL/blCG9
http://paperpile.com/b/nUFryL/blCG9
http://paperpile.com/b/nUFryL/blCG9
http://dx.doi.org/10.1101/2020.03.15.20036566
http://paperpile.com/b/nUFryL/blCG9
http://paperpile.com/b/nUFryL/IgWvT
http://paperpile.com/b/nUFryL/IgWvT
http://dx.doi.org/10.1111/j.1600-0706.2008.17110.x
http://paperpile.com/b/nUFryL/IgWvT
http://paperpile.com/b/nUFryL/jsMWM
http://paperpile.com/b/nUFryL/jsMWM
http://paperpile.com/b/nUFryL/jsMWM
http://paperpile.com/b/nUFryL/jsMWM
http://dx.doi.org/10.12688/wellcomeopenres.14765.2
http://paperpile.com/b/nUFryL/jsMWM
http://paperpile.com/b/nUFryL/tTLwh
http://paperpile.com/b/nUFryL/tTLwh


Insect Molecular Biology 9 (4): 393–405.

http://onlinelibrary.wiley.com/doi/10.1046/j.1365-2583.2000.00203.x/full.

Jin, Jian-Jun, Wen-Bin Yu, Jun-Bo Yang, Yu Song, Claude W. dePamphilis, Ting-Shuang Yi,

and De-Zhu Li. 2020. “GetOrganelle: A Fast and Versatile Toolkit for Accurate de Novo

Assembly of Organelle Genomes.” Genome Biology 21 (1): 241.

https://doi.org/10.1186/s13059-020-02154-5.

Kageyama, Daisuke, Hisashi Anbutsu, Masakazu Shimada, and Takema Fukatsu. 2007.

“Spiroplasma Infection Causes Either Early or Late Male Killing in Drosophila,

Depending on Maternal Host Age.” Die Naturwissenschaften 94 (4): 333–37.

https://doi.org/10.1007/s00114-006-0195-x.

Kambris, Zakaria, Peter E. Cook, Hoang K. Phuc, and Steven P. Sinkins. 2009. “Immune

Activation by Life-Shortening Wolbachia and Reduced Filarial Competence in

Mosquitoes.” Science 326 (5949): 134–36. https://doi.org/10.1126/science.1177531.

Kao, Joyce Y., Asif Zubair, Matthew P. Salomon, Sergey V. Nuzhdin, and Daniel Campo.

2015. “Population Genomic Analysis Uncovers African and European Admixture

inDrosophila Melanogasterpopulations from the South-Eastern United States and

Caribbean Islands.” Molecular Ecology. https://doi.org/10.1111/mec.13137.

Katoh, Kazutaka, and Daron M. Standley. 2013. “MAFFT Multiple Sequence Alignment

Software Version 7: Improvements in Performance and Usability.” Molecular Biology

and Evolution 30 (4): 772–80. https://doi.org/10.1093/molbev/mst010.

Katz, Kenneth S., Oleg Shutov, Richard Lapoint, Michael Kimelman, Christopher

O’Sullivan, and J. Rodney Brister. 2021. “A Fast, Scalable, MinHash-Based K-Mer Tool

to Assess Sequence Read Archive next Generation Sequence Submissions.” bioRxiv.

https://doi.org/10.1101/2021.02.16.431451.

130

http://paperpile.com/b/nUFryL/tTLwh
http://onlinelibrary.wiley.com/doi/10.1046/j.1365-2583.2000.00203.x/full
http://paperpile.com/b/nUFryL/tTLwh
http://paperpile.com/b/nUFryL/Y4KyS
http://paperpile.com/b/nUFryL/Y4KyS
http://paperpile.com/b/nUFryL/Y4KyS
http://paperpile.com/b/nUFryL/Y4KyS
http://dx.doi.org/10.1186/s13059-020-02154-5
http://paperpile.com/b/nUFryL/Y4KyS
http://paperpile.com/b/nUFryL/iHvOB
http://paperpile.com/b/nUFryL/iHvOB
http://paperpile.com/b/nUFryL/iHvOB
http://paperpile.com/b/nUFryL/iHvOB
http://dx.doi.org/10.1007/s00114-006-0195-x
http://paperpile.com/b/nUFryL/iHvOB
http://paperpile.com/b/nUFryL/ThJ1K
http://paperpile.com/b/nUFryL/ThJ1K
http://paperpile.com/b/nUFryL/ThJ1K
http://dx.doi.org/10.1126/science.1177531
http://paperpile.com/b/nUFryL/ThJ1K
http://paperpile.com/b/nUFryL/mB0z
http://paperpile.com/b/nUFryL/mB0z
http://paperpile.com/b/nUFryL/mB0z
http://paperpile.com/b/nUFryL/mB0z
http://dx.doi.org/10.1111/mec.13137
http://paperpile.com/b/nUFryL/mB0z
http://paperpile.com/b/nUFryL/jMGCB
http://paperpile.com/b/nUFryL/jMGCB
http://paperpile.com/b/nUFryL/jMGCB
http://dx.doi.org/10.1093/molbev/mst010
http://paperpile.com/b/nUFryL/jMGCB
http://paperpile.com/b/nUFryL/chOU
http://paperpile.com/b/nUFryL/chOU
http://paperpile.com/b/nUFryL/chOU
http://paperpile.com/b/nUFryL/chOU
http://dx.doi.org/10.1101/2021.02.16.431451
http://paperpile.com/b/nUFryL/chOU


Kern, Andrew D., and Jody Hey. 2017. “Exact Calculation of the Joint Allele Frequency

Spectrum for Isolation with Migration Models.” Genetics.

https://doi.org/10.1534/genetics.116.194019.

Kikuchi, Yoshitomo, and Takema Fukatsu. 2003. “Diversity of Wolbachia Endosymbionts in

Heteropteran Bugs.” Applied and Environmental Microbiology 69 (10): 6082–90.

https://www.ncbi.nlm.nih.gov/pubmed/14532065.

Kittayapong, P., K. J. Baisley, V. Baimai, and S. L. O’Neill. 2000. “Distribution and Diversity

of Wolbachia Infections in Southeast Asian Mosquitoes (Diptera: Culicidae).” Journal of

Medical Entomology 37 (3): 340–45. https://doi.org/10.1093/jmedent/37.3.340.

Kozlov, Alexey M., Diego Darriba, Tomáš Flouri, Benoit Morel, and Alexandros Stamatakis.

2019. “RAxML-NG: A Fast, Scalable and User-Friendly Tool for Maximum Likelihood

Phylogenetic Inference.” Bioinformatics 35 (21): 4453–55.

https://doi.org/10.1093/bioinformatics/btz305.

Kumar, Sudhir, Glen Stecher, Michael Li, Christina Knyaz, and Koichiro Tamura. 2018.

“MEGA X: Molecular Evolutionary Genetics Analysis across Computing Platforms.”

Molecular Biology and Evolution 35 (6): 1547–49.

https://doi.org/10.1093/molbev/msy096.

Lachaise, Daniel, Marie-Louise Cariou, Jean R. David, Françoise Lemeunier, Léonidas

Tsacas, and Michael Ashburner. 1988. “Historical Biogeography of the Drosophila

Melanogaster Species Subgroup.” Evolutionary Biology.

https://doi.org/10.1007/978-1-4613-0931-4_4.

Lachance, Joseph, and John R. True. 2010. “X-AUTOSOME INCOMPATIBILITIES IN

DROSOPHILA MELANOGASTER: TESTS OF HALDANE’S RULE AND

GEOGRAPHIC PATTERNS WITHIN SPECIES.” Evolution.

131

http://paperpile.com/b/nUFryL/OEUJ
http://paperpile.com/b/nUFryL/OEUJ
http://paperpile.com/b/nUFryL/OEUJ
http://dx.doi.org/10.1534/genetics.116.194019
http://paperpile.com/b/nUFryL/OEUJ
http://paperpile.com/b/nUFryL/gWFVo
http://paperpile.com/b/nUFryL/gWFVo
https://www.ncbi.nlm.nih.gov/pubmed/14532065
http://paperpile.com/b/nUFryL/gWFVo
http://paperpile.com/b/nUFryL/Hjbez
http://paperpile.com/b/nUFryL/Hjbez
http://paperpile.com/b/nUFryL/Hjbez
http://dx.doi.org/10.1093/jmedent/37.3.340
http://paperpile.com/b/nUFryL/Hjbez
http://paperpile.com/b/nUFryL/F5wn
http://paperpile.com/b/nUFryL/F5wn
http://paperpile.com/b/nUFryL/F5wn
http://paperpile.com/b/nUFryL/F5wn
http://dx.doi.org/10.1093/bioinformatics/btz305
http://paperpile.com/b/nUFryL/F5wn
http://paperpile.com/b/nUFryL/r6Irj
http://paperpile.com/b/nUFryL/r6Irj
http://paperpile.com/b/nUFryL/r6Irj
http://paperpile.com/b/nUFryL/r6Irj
http://dx.doi.org/10.1093/molbev/msy096
http://paperpile.com/b/nUFryL/r6Irj
http://paperpile.com/b/nUFryL/6v6K
http://paperpile.com/b/nUFryL/6v6K
http://paperpile.com/b/nUFryL/6v6K
http://paperpile.com/b/nUFryL/6v6K
http://dx.doi.org/10.1007/978-1-4613-0931-4_4
http://paperpile.com/b/nUFryL/6v6K
http://paperpile.com/b/nUFryL/IbXo
http://paperpile.com/b/nUFryL/IbXo
http://paperpile.com/b/nUFryL/IbXo


https://doi.org/10.1111/j.1558-5646.2010.01028.x.

Lack, Justin B., Charis M. Cardeno, Marc W. Crepeau, William Taylor, Russell B.

Corbett-Detig, Kristian A. Stevens, Charles H. Langley, and John E. Pool. 2015. “The

Drosophila Genome Nexus: A Population Genomic Resource of 623 Drosophila

Melanogaster Genomes, Including 197 from a Single Ancestral Range Population.”

Genetics 199 (4): 1229–41. https://doi.org/10.1534/genetics.115.174664.

Lack, Justin B., Jeremy D. Lange, Alison D. Tang, Russell B. Corbett-Detig, and John E.

Pool. 2016. “A Thousand Fly Genomes: An Expanded Drosophila Genome Nexus.”

Molecular Biology and Evolution 33 (12): 3308–13.

https://doi.org/10.1093/molbev/msw195.

Landmann, F., O. Bain, C. Martin, S. Uni, M. J. Taylor, and W. Sullivan. 2012. “Both

Asymmetric Mitotic Segregation and Cell-to-Cell Invasion Are Required for Stable

Germline Transmission of Wolbachia in Filarial Nematodes.” Biology Open.

https://doi.org/10.1242/bio.2012737.

Landmann, Frédéric, Guillermo A. Orsi, Benjamin Loppin, and William Sullivan. 2009.

“Wolbachia-Mediated Cytoplasmic Incompatibility Is Associated with Impaired Histone

Deposition in the Male Pronucleus.” PLoS Pathogens 5 (3): e1000343.

https://doi.org/10.1371/journal.ppat.1000343.

Laven, H. 1967. “Eradication of Culex Pipiens Fatigans through Cytoplasmic

Incompatibility.” Nature 216 (5113): 383–84. https://doi.org/10.1038/216383a0.

Leclercq, S., J. Theze, M. A. Chebbi, I. Giraud, B. Moumen, L. Ernenwein, P. Greve, C.

Gilbert, and R. Cordaux. 2016. “Birth of a W Sex Chromosome by Horizontal Transfer

of.” Wolbachia.

Leinonen, Rasko, Hideaki Sugawara, Martin Shumway, and International Nucleotide

132

http://paperpile.com/b/nUFryL/IbXo
http://dx.doi.org/10.1111/j.1558-5646.2010.01028.x
http://paperpile.com/b/nUFryL/IbXo
http://paperpile.com/b/nUFryL/G2FC
http://paperpile.com/b/nUFryL/G2FC
http://paperpile.com/b/nUFryL/G2FC
http://paperpile.com/b/nUFryL/G2FC
http://paperpile.com/b/nUFryL/G2FC
http://dx.doi.org/10.1534/genetics.115.174664
http://paperpile.com/b/nUFryL/G2FC
http://paperpile.com/b/nUFryL/wbnt
http://paperpile.com/b/nUFryL/wbnt
http://paperpile.com/b/nUFryL/wbnt
http://paperpile.com/b/nUFryL/wbnt
http://dx.doi.org/10.1093/molbev/msw195
http://paperpile.com/b/nUFryL/wbnt
http://paperpile.com/b/nUFryL/l7lHs
http://paperpile.com/b/nUFryL/l7lHs
http://paperpile.com/b/nUFryL/l7lHs
http://paperpile.com/b/nUFryL/l7lHs
http://dx.doi.org/10.1242/bio.2012737
http://paperpile.com/b/nUFryL/l7lHs
http://paperpile.com/b/nUFryL/sa4XM
http://paperpile.com/b/nUFryL/sa4XM
http://paperpile.com/b/nUFryL/sa4XM
http://paperpile.com/b/nUFryL/sa4XM
http://dx.doi.org/10.1371/journal.ppat.1000343
http://paperpile.com/b/nUFryL/sa4XM
http://paperpile.com/b/nUFryL/Z031g
http://paperpile.com/b/nUFryL/Z031g
http://dx.doi.org/10.1038/216383a0
http://paperpile.com/b/nUFryL/Z031g
http://paperpile.com/b/nUFryL/j2yiH
http://paperpile.com/b/nUFryL/j2yiH
http://paperpile.com/b/nUFryL/j2yiH
http://paperpile.com/b/nUFryL/AQO5f


Sequence Database Collaboration. 2010. “The Sequence Read Archive.” Nucleic Acids

Research 39 (suppl_1): D19–21.

https://academic.oup.com/nar/article-abstract/39/suppl_1/D19/2505848.

Lemoine, F., J-B Domelevo Entfellner, E. Wilkinson, D. Correia, M. Dávila Felipe, T. De

Oliveira, and O. Gascuel. 2018. “Renewing Felsenstein’s Phylogenetic Bootstrap in the

Era of Big Data.” Nature 556 (7702): 452–56.

https://doi.org/10.1038/s41586-018-0043-0.

Liang, Mason, and Rasmus Nielsen. 2016. “Estimating the Timing of Multiple Admixture

Events Using 3-Locus Linkage Disequilibrium.” bioRxiv.

https://doi.org/10.1101/078378.

Li, Heng. 2013. “Aligning Sequence Reads, Clone Sequences and Assembly Contigs with

BWA-MEM.” arXiv [q-bio.GN]. arXiv. http://arxiv.org/abs/1303.3997.

Login, Frédéric H., Séverine Balmand, Agnès Vallier, Carole Vincent-Monégat, Aurélien

Vigneron, Michèle Weiss-Gayet, Didier Rochat, and Abdelaziz Heddi. 2011.

“Antimicrobial Peptides Keep Insect Endosymbionts under Control.” Science 334

(6054): 362–65. https://doi.org/10.1126/science.1209728.

Loh, Po-Ru, Mark Lipson, Nick Patterson, Priya Moorjani, Joseph K. Pickrell, David Reich,

and Bonnie Berger. 2013. “Inferring Admixture Histories of Human Populations Using

Linkage Disequilibrium.” Genetics 193 (4): 1233–54.

https://doi.org/10.1534/genetics.112.147330.

Lutteropp, Sarah, Alexey M. Kozlov, and Alexandros Stamatakis. 2020. “A Fast and

Memory-Efficient Implementation of the Transfer Bootstrap.” Bioinformatics 36 (7):

2280–81. https://doi.org/10.1093/bioinformatics/btz874.

Mackay, Trudy F. C., Stephen Richards, Eric A. Stone, Antonio Barbadilla, Julien F. Ayroles,

133

http://paperpile.com/b/nUFryL/AQO5f
http://paperpile.com/b/nUFryL/AQO5f
https://academic.oup.com/nar/article-abstract/39/suppl_1/D19/2505848
http://paperpile.com/b/nUFryL/AQO5f
http://paperpile.com/b/nUFryL/HAUw
http://paperpile.com/b/nUFryL/HAUw
http://paperpile.com/b/nUFryL/HAUw
http://paperpile.com/b/nUFryL/HAUw
http://dx.doi.org/10.1038/s41586-018-0043-0
http://paperpile.com/b/nUFryL/HAUw
http://paperpile.com/b/nUFryL/82tm
http://paperpile.com/b/nUFryL/82tm
http://paperpile.com/b/nUFryL/82tm
http://dx.doi.org/10.1101/078378
http://paperpile.com/b/nUFryL/82tm
http://paperpile.com/b/nUFryL/KPOR6
http://paperpile.com/b/nUFryL/KPOR6
http://arxiv.org/abs/1303.3997
http://paperpile.com/b/nUFryL/KPOR6
http://paperpile.com/b/nUFryL/gjUfA
http://paperpile.com/b/nUFryL/gjUfA
http://paperpile.com/b/nUFryL/gjUfA
http://paperpile.com/b/nUFryL/gjUfA
http://dx.doi.org/10.1126/science.1209728
http://paperpile.com/b/nUFryL/gjUfA
http://paperpile.com/b/nUFryL/tqpg
http://paperpile.com/b/nUFryL/tqpg
http://paperpile.com/b/nUFryL/tqpg
http://paperpile.com/b/nUFryL/tqpg
http://dx.doi.org/10.1534/genetics.112.147330
http://paperpile.com/b/nUFryL/tqpg
http://paperpile.com/b/nUFryL/Zw8nw
http://paperpile.com/b/nUFryL/Zw8nw
http://paperpile.com/b/nUFryL/Zw8nw
http://dx.doi.org/10.1093/bioinformatics/btz874
http://paperpile.com/b/nUFryL/Zw8nw
http://paperpile.com/b/nUFryL/e8xB3


Dianhui Zhu, Sònia Casillas, et al. 2012. “The Drosophila Melanogaster Genetic

Reference Panel.” Nature 482 (7384): 173–78. https://doi.org/10.1038/nature10811.

Maples, Brian K., Simon Gravel, Eimear E. Kenny, and Carlos D. Bustamante. 2013.

“RFMix: A Discriminative Modeling Approach for Rapid and Robust Local-Ancestry

Inference.” American Journal of Human Genetics 93 (2): 278–88.

https://doi.org/10.1016/j.ajhg.2013.06.020.

McGraw, E. A., D. J. Merritt, J. N. Droller, and S. L. O’Neill. 2002. “Wolbachia Density and

Virulence Attenuation after Transfer into a Novel Host.” Proceedings of the National

Academy of Sciences of the United States of America 99 (5): 2918–23.

https://doi.org/10.1073/pnas.052466499.

Medina, P., S. L. Russell, and R. Corbett-Detig. 2019. “Deep Data Mining Reveals Variable

Abundance and Distribution of Microbial Reproductive Manipulators within and among

Diverse Host Species.” bioRxiv.

https://www.biorxiv.org/content/10.1101/679837v1.abstract.

Mergaert, P. 2018. “Role of Antimicrobial Peptides in Controlling Symbiotic Bacterial

Populations.” Natural Product Reports 35 (4): 336–56.

https://doi.org/10.1039/c7np00056a.

Michonneau, François, Joseph W. Brown, and David J. Winter. 2016. “Rotl : An R Package to

Interact with the Open Tree of Life Data.” Edited by Richard Fitzjohn. Methods in

Ecology and Evolution / British Ecological Society 7 (12): 1476–81.

https://doi.org/10.1111/2041-210X.12593.

Moorjani, Priya, Nick Patterson, Joel N. Hirschhorn, Alon Keinan, Li Hao, Gil Atzmon,

Edward Burns, Harry Ostrer, Alkes L. Price, and David Reich. 2011. “The History of

African Gene Flow into Southern Europeans, Levantines, and Jews.” PLoS Genetics 7

134

http://paperpile.com/b/nUFryL/e8xB3
http://paperpile.com/b/nUFryL/e8xB3
http://dx.doi.org/10.1038/nature10811
http://paperpile.com/b/nUFryL/e8xB3
http://paperpile.com/b/nUFryL/i2m3
http://paperpile.com/b/nUFryL/i2m3
http://paperpile.com/b/nUFryL/i2m3
http://paperpile.com/b/nUFryL/i2m3
http://dx.doi.org/10.1016/j.ajhg.2013.06.020
http://paperpile.com/b/nUFryL/i2m3
http://paperpile.com/b/nUFryL/SEPMd
http://paperpile.com/b/nUFryL/SEPMd
http://paperpile.com/b/nUFryL/SEPMd
http://paperpile.com/b/nUFryL/SEPMd
http://dx.doi.org/10.1073/pnas.052466499
http://paperpile.com/b/nUFryL/SEPMd
http://paperpile.com/b/nUFryL/MOYlG
http://paperpile.com/b/nUFryL/MOYlG
http://paperpile.com/b/nUFryL/MOYlG
https://www.biorxiv.org/content/10.1101/679837v1.abstract
http://paperpile.com/b/nUFryL/MOYlG
http://paperpile.com/b/nUFryL/ysOLp
http://paperpile.com/b/nUFryL/ysOLp
http://paperpile.com/b/nUFryL/ysOLp
http://dx.doi.org/10.1039/c7np00056a
http://paperpile.com/b/nUFryL/ysOLp
http://paperpile.com/b/nUFryL/X1nlF
http://paperpile.com/b/nUFryL/X1nlF
http://paperpile.com/b/nUFryL/X1nlF
http://paperpile.com/b/nUFryL/X1nlF
http://dx.doi.org/10.1111/2041-210X.12593
http://paperpile.com/b/nUFryL/X1nlF
http://paperpile.com/b/nUFryL/Ypca
http://paperpile.com/b/nUFryL/Ypca
http://paperpile.com/b/nUFryL/Ypca


(4): e1001373. https://doi.org/10.1371/journal.pgen.1001373.

Moreau, J., A. Bertin, Y. Caubet, and T. Rigaud. 2001. “Sexual Selection in an Isopod with

Wolbachia-Induced Sex Reversal: Males Prefer Real Females.” Journal of Evolutionary

Biology 14 (3): 388–94.

https://onlinelibrary.wiley.com/doi/abs/10.1046/j.1420-9101.2001.00292.x.

Moreira, Luciano A., Iñaki Iturbe-Ormaetxe, Jason A. Jeffery, Guangjin Lu, Alyssa T. Pyke,

Lauren M. Hedges, Bruno C. Rocha, et al. 2009. “A Wolbachia Symbiont in Aedes

Aegypti Limits Infection with Dengue, Chikungunya, and Plasmodium.” Cell 139 (7):

1268–78. https://doi.org/10.1016/j.cell.2009.11.042.

Mouton, L., H. Henri, M. Bouletreau, and F. Vavre. 2006. “Effect of Temperature on

Wolbachia Density and Impact on Cytoplasmic Incompatibility.” Parasitology 132 (Pt

1): 49–56. https://doi.org/10.1017/S0031182005008723.

Nelder, J. A., and R. Mead. 1965. “A Simplex Method for Function Minimization.” Computer

Journal 7 (4): 308–13. https://doi.org/10.1093/comjnl/7.4.308.

Newton, Irene L. G., Oleksandr Savytskyy, and Kathy B. Sheehan. 2015. “Wolbachia Utilize

Host Actin for Efficient Maternal Transmission in Drosophila Melanogaster.” PLoS

Pathogens 11 (4): e1004798. https://doi.org/10.1371/journal.ppat.1004798.

Nikolouli, Katerina, Hervé Colinet, David Renault, Thomas Enriquez, Laurence Mouton,

Patricia Gibert, Fabiana Sassu, et al. 2018. “Sterile Insect Technique and Wolbachia

Symbiosis as Potential Tools for the Control of the Invasive Species Drosophila

Suzukii.” Journal of Pest Science 91 (2): 489–503.

https://doi.org/10.1007/s10340-017-0944-y.

Nirgianaki, Androniki, Gina K. Banks, Donald R. Frohlich, Zoe Veneti, Henk R. Braig,

Thomas A. Miller, Ian D. Bedford, Peter G. Markham, Charalambos Savakis, and Kostas

135

http://paperpile.com/b/nUFryL/Ypca
http://dx.doi.org/10.1371/journal.pgen.1001373
http://paperpile.com/b/nUFryL/Ypca
http://paperpile.com/b/nUFryL/UDmiJ
http://paperpile.com/b/nUFryL/UDmiJ
http://paperpile.com/b/nUFryL/UDmiJ
https://onlinelibrary.wiley.com/doi/abs/10.1046/j.1420-9101.2001.00292.x
http://paperpile.com/b/nUFryL/UDmiJ
http://paperpile.com/b/nUFryL/0orkr
http://paperpile.com/b/nUFryL/0orkr
http://paperpile.com/b/nUFryL/0orkr
http://paperpile.com/b/nUFryL/0orkr
http://dx.doi.org/10.1016/j.cell.2009.11.042
http://paperpile.com/b/nUFryL/0orkr
http://paperpile.com/b/nUFryL/Gns3H
http://paperpile.com/b/nUFryL/Gns3H
http://paperpile.com/b/nUFryL/Gns3H
http://dx.doi.org/10.1017/S0031182005008723
http://paperpile.com/b/nUFryL/Gns3H
http://paperpile.com/b/nUFryL/hOeg
http://paperpile.com/b/nUFryL/hOeg
http://dx.doi.org/10.1093/comjnl/7.4.308
http://paperpile.com/b/nUFryL/hOeg
http://paperpile.com/b/nUFryL/lFDkt
http://paperpile.com/b/nUFryL/lFDkt
http://paperpile.com/b/nUFryL/lFDkt
http://dx.doi.org/10.1371/journal.ppat.1004798
http://paperpile.com/b/nUFryL/lFDkt
http://paperpile.com/b/nUFryL/JbKVm
http://paperpile.com/b/nUFryL/JbKVm
http://paperpile.com/b/nUFryL/JbKVm
http://paperpile.com/b/nUFryL/JbKVm
http://paperpile.com/b/nUFryL/JbKVm
http://dx.doi.org/10.1007/s10340-017-0944-y
http://paperpile.com/b/nUFryL/JbKVm
http://paperpile.com/b/nUFryL/0wOeo
http://paperpile.com/b/nUFryL/0wOeo


Bourtzis. 2003. “Wolbachia Infections of the Whitefly Bemisia Tabaci.” Current

Microbiology 47 (2): 93–101. https://www.ncbi.nlm.nih.gov/pubmed/14506854.

Ni, Xumin, Kai Yuan, Xiong Yang, Qidi Feng, Wei Guo, Zhiming Ma, and Shuhua Xu. 2018.

“Inference of Multiple-Wave Admixtures by Length Distribution of Ancestral Tracks.”

Heredity 121 (1): 52–63. https://doi.org/10.1038/s41437-017-0041-2.

Ometto, Lino, Sascha Glinka, David De Lorenzo, and Wolfgang Stephan. 2005. “Inferring the

Effects of Demography and Selection on Drosophila Melanogaster Populations from a

Chromosome-Wide Scan of DNA Variation.” Molecular Biology and Evolution.

https://doi.org/10.1093/molbev/msi207.

O’Neill, Scott L. 2018. “The Use of Wolbachia by the World Mosquito Program to Interrupt

Transmission of Aedes Aegypti Transmitted Viruses.” Advances in Experimental

Medicine and Biology 1062: 355–60. https://doi.org/10.1007/978-981-10-8727-1_24.

O’Neill, Scott L., Peter A. Ryan, Andrew P. Turley, Geoff Wilson, Kate Retzki, Inaki

Iturbe-Ormaetxe, Yi Dong, et al. 2018. “Scaled Deployment of Wolbachia to Protect the

Community from Dengue and Other Aedes Transmitted Arboviruses.” Gates Open

Research 2: 36. https://doi.org/10.12688/gatesopenres.12844.3.

Pang, Rui, Meng Chen, Lei Yue, Ke Xing, Tengchao Li, Kui Kang, Zhikun Liang, Longyu

Yuan, and Wenqing Zhang. 2018. “A Distinct Strain of Arsenophonus Symbiont

Decreases Insecticide Resistance in Its Insect Host.” PLoS Genetics 14 (10): e1007725.

https://doi.org/10.1371/journal.pgen.1007725.

Parratt, Steven R., Crystal L. Frost, Martijn A. Schenkel, Annabel Rice, Gregory D. D. Hurst,

and Kayla C. King. 2016. “Superparasitism Drives Heritable Symbiont Epidemiology

and Host Sex Ratio in a Wasp.” PLoS Pathogens 12 (6): e1005629.

https://doi.org/10.1371/journal.ppat.1005629.

136

http://paperpile.com/b/nUFryL/0wOeo
http://paperpile.com/b/nUFryL/0wOeo
https://www.ncbi.nlm.nih.gov/pubmed/14506854
http://paperpile.com/b/nUFryL/0wOeo
http://paperpile.com/b/nUFryL/jRhI
http://paperpile.com/b/nUFryL/jRhI
http://paperpile.com/b/nUFryL/jRhI
http://dx.doi.org/10.1038/s41437-017-0041-2
http://paperpile.com/b/nUFryL/jRhI
http://paperpile.com/b/nUFryL/S5UV
http://paperpile.com/b/nUFryL/S5UV
http://paperpile.com/b/nUFryL/S5UV
http://paperpile.com/b/nUFryL/S5UV
http://dx.doi.org/10.1093/molbev/msi207
http://paperpile.com/b/nUFryL/S5UV
http://paperpile.com/b/nUFryL/0x86A
http://paperpile.com/b/nUFryL/0x86A
http://paperpile.com/b/nUFryL/0x86A
http://dx.doi.org/10.1007/978-981-10-8727-1_24
http://paperpile.com/b/nUFryL/0x86A
http://paperpile.com/b/nUFryL/IDoGu
http://paperpile.com/b/nUFryL/IDoGu
http://paperpile.com/b/nUFryL/IDoGu
http://paperpile.com/b/nUFryL/IDoGu
http://dx.doi.org/10.12688/gatesopenres.12844.3
http://paperpile.com/b/nUFryL/IDoGu
http://paperpile.com/b/nUFryL/gsKhC
http://paperpile.com/b/nUFryL/gsKhC
http://paperpile.com/b/nUFryL/gsKhC
http://paperpile.com/b/nUFryL/gsKhC
http://dx.doi.org/10.1371/journal.pgen.1007725
http://paperpile.com/b/nUFryL/gsKhC
http://paperpile.com/b/nUFryL/uIVmj
http://paperpile.com/b/nUFryL/uIVmj
http://paperpile.com/b/nUFryL/uIVmj
http://paperpile.com/b/nUFryL/uIVmj
http://dx.doi.org/10.1371/journal.ppat.1005629
http://paperpile.com/b/nUFryL/uIVmj


Pasaniuc, Bogdan, Sriram Sankararaman, Gad Kimmel, and Eran Halperin. 2009. “Inference

of Locus-Specific Ancestry in Closely Related Populations.” Bioinformatics 25 (12):

i213–21. https://doi.org/10.1093/bioinformatics/btp197.

Pascar, Jane, and Christopher H. Chandler. 2018. “A Bioinformatics Approach to Identifying

Wolbachia Infections in Arthropods.” PeerJ 6 (September): e5486.

https://doi.org/10.7717/peerj.5486.

Peng, Yu, Henry C. M. Leung, S. M. Yiu, and Francis Y. L. Chin. 2012. “IDBA-UD: A de

Novo Assembler for Single-Cell and Metagenomic Sequencing Data with Highly

Uneven Depth.” Bioinformatics 28 (11): 1420–28.

https://doi.org/10.1093/bioinformatics/bts174.

Perrot-Minnot, M. J., and Werren, J. H. (Department of Biology, University of Rochester,

Rochester, NY 14620 (USA)). 1999. “Wolbachia Infection and Incompatibility

Dynamics in Experimental Selection Lines.” Journal of Evolutionary Biology 12.

http://agris.fao.org/agris-search/search.do?recordID=GB1999006451.

Pickrell, Joseph K., Nick Patterson, Po-Ru Loh, Mark Lipson, Bonnie Berger, Mark

Stoneking, Brigitte Pakendorf, and David Reich. 2014. “Ancient West Eurasian Ancestry

in Southern and Eastern Africa.” Proceedings of the National Academy of Sciences of the

United States of America 111 (7): 2632–37. https://doi.org/10.1073/pnas.1313787111.

Pool, John E. 2015. “The Mosaic Ancestry of theDrosophilaGenetic Reference Panel and

theD. melanogasterReference Genome Reveals a Network of Epistatic Fitness

Interactions.” Molecular Biology and Evolution.

https://doi.org/10.1093/molbev/msv194.

Pool, John E., Russell B. Corbett-Detig, Ryuichi P. Sugino, Kristian A. Stevens, Charis M.

Cardeno, Marc W. Crepeau, Pablo Duchen, et al. 2012. “Population Genomics of

137

http://paperpile.com/b/nUFryL/6MWG
http://paperpile.com/b/nUFryL/6MWG
http://paperpile.com/b/nUFryL/6MWG
http://dx.doi.org/10.1093/bioinformatics/btp197
http://paperpile.com/b/nUFryL/6MWG
http://paperpile.com/b/nUFryL/lFjal
http://paperpile.com/b/nUFryL/lFjal
http://paperpile.com/b/nUFryL/lFjal
http://dx.doi.org/10.7717/peerj.5486
http://paperpile.com/b/nUFryL/lFjal
http://paperpile.com/b/nUFryL/RbLZx
http://paperpile.com/b/nUFryL/RbLZx
http://paperpile.com/b/nUFryL/RbLZx
http://paperpile.com/b/nUFryL/RbLZx
http://dx.doi.org/10.1093/bioinformatics/bts174
http://paperpile.com/b/nUFryL/RbLZx
http://paperpile.com/b/nUFryL/PsdDJ
http://paperpile.com/b/nUFryL/PsdDJ
http://paperpile.com/b/nUFryL/PsdDJ
http://agris.fao.org/agris-search/search.do?recordID=GB1999006451
http://paperpile.com/b/nUFryL/PsdDJ
http://paperpile.com/b/nUFryL/aj4D
http://paperpile.com/b/nUFryL/aj4D
http://paperpile.com/b/nUFryL/aj4D
http://paperpile.com/b/nUFryL/aj4D
http://dx.doi.org/10.1073/pnas.1313787111
http://paperpile.com/b/nUFryL/aj4D
http://paperpile.com/b/nUFryL/PVEC
http://paperpile.com/b/nUFryL/PVEC
http://paperpile.com/b/nUFryL/PVEC
http://paperpile.com/b/nUFryL/PVEC
http://dx.doi.org/10.1093/molbev/msv194
http://paperpile.com/b/nUFryL/PVEC
http://paperpile.com/b/nUFryL/oEgb
http://paperpile.com/b/nUFryL/oEgb


Sub-Saharan Drosophila Melanogaster: African Diversity and Non-African Admixture.”

PLoS Genetics 8 (12): e1003080. https://doi.org/10.1371/journal.pgen.1003080.

Pool, John E., and Rasmus Nielsen. 2009. “Inference of Historical Changes in Migration Rate

from the Lengths of Migrant Tracts.” Genetics 181 (2): 711–19.

https://doi.org/10.1534/genetics.108.098095.

Price, Alkes L., Arti Tandon, Nick Patterson, Kathleen C. Barnes, Nicholas Rafaels, Ingo

Ruczinski, Terri H. Beaty, Rasika Mathias, David Reich, and Simon Myers. 2009.

“Sensitive Detection of Chromosomal Segments of Distinct Ancestry in Admixed

Populations.” PLoS Genetics 5 (6): e1000519.

https://doi.org/10.1371/journal.pgen.1000519.

Pritchard, Jonathan K., Matthew Stephens, and Peter Donnelly. 2000. “Inference of

Population Structure Using Multilocus Genotype Data.” Genetics.

https://doi.org/10.1093/genetics/155.2.945.

Pugach, Irina, Rostislav Matveev, Viktor Spitsyn, Sergey Makarov, Innokentiy Novgorodov,

Vladimir Osakovsky, Mark Stoneking, and Brigitte Pakendorf. 2016. “The Complex

Admixture History and Recent Southern Origins of Siberian Populations.” Molecular

Biology and Evolution 33 (7): 1777–95. https://doi.org/10.1093/molbev/msw055.

Rasgon, Jason L., Xiaoxia Ren, and Michael Petridis. 2006. “Can Anopheles Gambiae Be

Infected with Wolbachia Pipientis? Insights from an in Vitro System.” Applied and

Environmental Microbiology 72 (12): 7718–22. https://doi.org/10.1128/AEM.01578-06.

Rasgon, Jason L., and Thomas W. Scott. 2004. “An Initial Survey for Wolbachia

(Rickettsiales: Rickettsiaceae) Infections in Selected California Mosquitoes (Diptera:

Culicidae).” Journal of Medical Entomology 41 (2): 255–57.

https://doi.org/10.1603/0022-2585-41.2.255.

138

http://paperpile.com/b/nUFryL/oEgb
http://paperpile.com/b/nUFryL/oEgb
http://dx.doi.org/10.1371/journal.pgen.1003080
http://paperpile.com/b/nUFryL/oEgb
http://paperpile.com/b/nUFryL/Rg6o
http://paperpile.com/b/nUFryL/Rg6o
http://paperpile.com/b/nUFryL/Rg6o
http://dx.doi.org/10.1534/genetics.108.098095
http://paperpile.com/b/nUFryL/Rg6o
http://paperpile.com/b/nUFryL/k6E5
http://paperpile.com/b/nUFryL/k6E5
http://paperpile.com/b/nUFryL/k6E5
http://paperpile.com/b/nUFryL/k6E5
http://paperpile.com/b/nUFryL/k6E5
http://dx.doi.org/10.1371/journal.pgen.1000519
http://paperpile.com/b/nUFryL/k6E5
http://paperpile.com/b/nUFryL/xqcJ
http://paperpile.com/b/nUFryL/xqcJ
http://paperpile.com/b/nUFryL/xqcJ
http://dx.doi.org/10.1093/genetics/155.2.945
http://paperpile.com/b/nUFryL/xqcJ
http://paperpile.com/b/nUFryL/K3V7
http://paperpile.com/b/nUFryL/K3V7
http://paperpile.com/b/nUFryL/K3V7
http://paperpile.com/b/nUFryL/K3V7
http://dx.doi.org/10.1093/molbev/msw055
http://paperpile.com/b/nUFryL/K3V7
http://paperpile.com/b/nUFryL/4qnn
http://paperpile.com/b/nUFryL/4qnn
http://paperpile.com/b/nUFryL/4qnn
http://dx.doi.org/10.1128/AEM.01578-06
http://paperpile.com/b/nUFryL/4qnn
http://paperpile.com/b/nUFryL/Zj2M6
http://paperpile.com/b/nUFryL/Zj2M6
http://paperpile.com/b/nUFryL/Zj2M6
http://paperpile.com/b/nUFryL/Zj2M6
http://dx.doi.org/10.1603/0022-2585-41.2.255
http://paperpile.com/b/nUFryL/Zj2M6


Raychoudhury, Rhitoban, Laura Baldo, Deodoro C. S. G. Oliveira, and John H. Werren. 2009.

“Modes of Acquisition of Wolbachia: Horizontal Transfer, Hybrid Introgression, and

Codivergence in the Nasonia Species Complex.” Evolution; International Journal of

Organic Evolution 63 (1): 165–83. https://doi.org/10.1111/j.1558-5646.2008.00533.x.

Reynolds, K. Tracy, and Ary A. Hoffmann. 2002. “Male Age, Host Effects and the Weak

Expression or Non-Expression of Cytoplasmic Incompatibility in Drosophila Strains

Infected by Maternally Transmitted Wolbachia.” Genetical Research 80 (2): 79–87.

https://www.ncbi.nlm.nih.gov/pubmed/12534211.

Ricci, Irene, Gabriella Cancrini, Simona Gabrielli, Stefano D’Amelio, and Guido Favi. 2002.

“Searching for Wolbachia (Rickettsiales: Rickettsiaceae) in Mosquitoes (Diptera:

Culicidae): Large Polymerase Chain Reaction Survey and New Identifications.” Journal

of Medical Entomology 39 (4): 562–67. https://doi.org/10.1603/0022-2585-39.4.562.

Richardson, Mark F., Lucy A. Weinert, John J. Welch, Raquel S. Linheiro, Michael M.

Magwire, Francis M. Jiggins, and Casey M. Bergman. 2012. “Population Genomics of

the Wolbachia Endosymbiont in Drosophila Melanogaster.” PLoS Genetics 8 (12):

e1003129. https://doi.org/10.1371/journal.pgen.1003129.

Rieseberg, Loren H., Olivier Raymond, David M. Rosenthal, Zhao Lai, Kevin Livingstone,

Takuya Nakazato, Jennifer L. Durphy, Andrea E. Schwarzbach, Lisa A. Donovan, and

Christian Lexer. 2003. “Major Ecological Transitions in Wild Sunflowers Facilitated by

Hybridization.” Science 301 (5637): 1211–16. https://doi.org/10.1126/science.1086949.

Rohrscheib, Chelsie E., Francesca D. Frentiu, Emilie Horn, Fiona K. Ritchie, Bruno van

Swinderen, Michael W. Weible 2nd, Scott L. O’Neill, and Jeremy C. Brownlie. 2016.

“Intensity of Mutualism Breakdown Is Determined by Temperature Not Amplification of

Wolbachia Genes.” PLoS Pathogens 12 (9): e1005888.

139

http://paperpile.com/b/nUFryL/yexSM
http://paperpile.com/b/nUFryL/yexSM
http://paperpile.com/b/nUFryL/yexSM
http://paperpile.com/b/nUFryL/yexSM
http://dx.doi.org/10.1111/j.1558-5646.2008.00533.x
http://paperpile.com/b/nUFryL/yexSM
http://paperpile.com/b/nUFryL/DpPjD
http://paperpile.com/b/nUFryL/DpPjD
http://paperpile.com/b/nUFryL/DpPjD
https://www.ncbi.nlm.nih.gov/pubmed/12534211
http://paperpile.com/b/nUFryL/DpPjD
http://paperpile.com/b/nUFryL/KY4ZF
http://paperpile.com/b/nUFryL/KY4ZF
http://paperpile.com/b/nUFryL/KY4ZF
http://paperpile.com/b/nUFryL/KY4ZF
http://dx.doi.org/10.1603/0022-2585-39.4.562
http://paperpile.com/b/nUFryL/KY4ZF
http://paperpile.com/b/nUFryL/1HGeo
http://paperpile.com/b/nUFryL/1HGeo
http://paperpile.com/b/nUFryL/1HGeo
http://paperpile.com/b/nUFryL/1HGeo
http://dx.doi.org/10.1371/journal.pgen.1003129
http://paperpile.com/b/nUFryL/1HGeo
http://paperpile.com/b/nUFryL/9lpD
http://paperpile.com/b/nUFryL/9lpD
http://paperpile.com/b/nUFryL/9lpD
http://paperpile.com/b/nUFryL/9lpD
http://dx.doi.org/10.1126/science.1086949
http://paperpile.com/b/nUFryL/9lpD
http://paperpile.com/b/nUFryL/Ewa4s
http://paperpile.com/b/nUFryL/Ewa4s
http://paperpile.com/b/nUFryL/Ewa4s
http://paperpile.com/b/nUFryL/Ewa4s


https://doi.org/10.1371/journal.ppat.1005888.

Russell, Jacob A., Colin F. Funaro, Ysabel M. Giraldo, Benjamin Goldman-Huertas, David

Suh, Daniel J. C. Kronauer, Corrie S. Moreau, and Naomi E. Pierce. 2012. “A Veritable

Menagerie of Heritable Bacteria from Ants, Butterflies, and beyond: Broad Molecular

Surveys and a Systematic Review.” PloS One 7 (12): e51027.

https://doi.org/10.1371/journal.pone.0051027.

Russell, Shelbi L., Nassim Lemseffer, Pamela M. White, and William T. Sullivan. 2018.

“Wolbachia and Host Germline Components Compete for Kinesin-Mediated Transport

to the Posterior Pole of the Drosophila Oocyte.” PLoS Pathogens 14 (8): e1007216.

https://doi.org/10.1371/journal.ppat.1007216.

Ryan, Peter A., Andrew P. Turley, Geoff Wilson, Tim P. Hurst, Kate Retzki, Jack

Brown-Kenyon, Lauren Hodgson, et al. 2020. “Establishment of wMel Wolbachia in

Aedes Aegypti Mosquitoes and Reduction of Local Dengue Transmission in Cairns and

Surrounding Locations in Northern Queensland, Australia.” Gates Open Research.

https://doi.org/10.12688/gatesopenres.13061.2.

Ryoo, Hyung Don, Josepher Li, and Min-Ji Kang. 2013. “Drosophila XBP1 Expression

Reporter Marks Cells under Endoplasmic Reticulum Stress and with High Protein

Secretory Load.” PloS One 8 (9): e75774. https://doi.org/10.1371/journal.pone.0075774.

Sanderson, Jean, Herawati Sudoyo, Tatiana M. Karafet, Michael F. Hammer, and Murray P.

Cox. 2015. “Reconstructing Past Admixture Processes from Local Genomic Ancestry

Using Wavelet Transformation.” Genetics 200 (2): 469–81.

https://doi.org/10.1534/genetics.115.176842.

Sankararaman, Sriram, Swapan Mallick, Michael Dannemann, Kay Prüfer, Janet Kelso,

Svante Pääbo, Nick Patterson, and David Reich. 2014. “The Genomic Landscape of

140

http://paperpile.com/b/nUFryL/Ewa4s
http://dx.doi.org/10.1371/journal.ppat.1005888
http://paperpile.com/b/nUFryL/Ewa4s
http://paperpile.com/b/nUFryL/rcReX
http://paperpile.com/b/nUFryL/rcReX
http://paperpile.com/b/nUFryL/rcReX
http://paperpile.com/b/nUFryL/rcReX
http://paperpile.com/b/nUFryL/rcReX
http://dx.doi.org/10.1371/journal.pone.0051027
http://paperpile.com/b/nUFryL/rcReX
http://paperpile.com/b/nUFryL/RYwtJ
http://paperpile.com/b/nUFryL/RYwtJ
http://paperpile.com/b/nUFryL/RYwtJ
http://paperpile.com/b/nUFryL/RYwtJ
http://dx.doi.org/10.1371/journal.ppat.1007216
http://paperpile.com/b/nUFryL/RYwtJ
http://paperpile.com/b/nUFryL/SJIsx
http://paperpile.com/b/nUFryL/SJIsx
http://paperpile.com/b/nUFryL/SJIsx
http://paperpile.com/b/nUFryL/SJIsx
http://paperpile.com/b/nUFryL/SJIsx
http://dx.doi.org/10.12688/gatesopenres.13061.2
http://paperpile.com/b/nUFryL/SJIsx
http://paperpile.com/b/nUFryL/zl25K
http://paperpile.com/b/nUFryL/zl25K
http://paperpile.com/b/nUFryL/zl25K
http://dx.doi.org/10.1371/journal.pone.0075774
http://paperpile.com/b/nUFryL/zl25K
http://paperpile.com/b/nUFryL/0qg8
http://paperpile.com/b/nUFryL/0qg8
http://paperpile.com/b/nUFryL/0qg8
http://paperpile.com/b/nUFryL/0qg8
http://dx.doi.org/10.1534/genetics.115.176842
http://paperpile.com/b/nUFryL/0qg8
http://paperpile.com/b/nUFryL/P8bO
http://paperpile.com/b/nUFryL/P8bO


Neanderthal Ancestry in Present-Day Humans.” Nature 507 (7492): 354–57.

https://doi.org/10.1038/nature12961.

Sankararaman, Sriram, Nick Patterson, Heng Li, Svante Pääbo, and David Reich. 2012. “The

Date of Interbreeding between Neandertals and Modern Humans.” PLoS Genetics 8

(10): e1002947. https://doi.org/10.1371/journal.pgen.1002947.

Sankararaman, Sriram, Srinath Sridhar, Gad Kimmel, and Eran Halperin. 2008. “Estimating

Local Ancestry in Admixed Populations.” American Journal of Human Genetics 82 (2):

290–303. https://doi.org/10.1016/j.ajhg.2007.09.022.

Sazama, Eric J., Scot P. Ouellette, and Jeff S. Wesner. 2019. “Bacterial Endosymbionts Are

Common Among, but Not Necessarily Within, Insect Species.” Environmental

Entomology, January. https://doi.org/10.1093/ee/nvy188.

Scholz, Matthias, Davide Albanese, Kieran Tuohy, Claudio Donati, Nicola Segata, and Omar

Rota-Stabelli. 2020. “Large Scale Genome Reconstructions Illuminate Wolbachia

Evolution.” Nature Communications 11 (1): 5235.

https://doi.org/10.1038/s41467-020-19016-0.

Serbus, Laura R., Amy Ferreccio, Mariya Zhukova, Chanel L. McMorris, Elena Kiseleva, and

William Sullivan. 2011. “A Feedback Loop between Wolbachia and the Drosophila

Gurken mRNP Complex Influences Wolbachia Titer.” Journal of Cell Science 124 (Pt

24): 4299–4308. https://doi.org/10.1242/jcs.092510.

Sheehan, Kathy B., Maryann Martin, Cammie F. Lesser, Ralph R. Isberg, and Irene L. G.

Newton. 2016. “Identification and Characterization of a Candidate Wolbachia Pipientis

Type IV Effector That Interacts with the Actin Cytoskeleton.” mBio 7 (4).

https://doi.org/10.1128/mBio.00622-16.

Skotte, Line, Thorfinn Sand Korneliussen, and Anders Albrechtsen. 2013. “Estimating

141

http://paperpile.com/b/nUFryL/P8bO
http://paperpile.com/b/nUFryL/P8bO
http://dx.doi.org/10.1038/nature12961
http://paperpile.com/b/nUFryL/P8bO
http://paperpile.com/b/nUFryL/OLGQ
http://paperpile.com/b/nUFryL/OLGQ
http://paperpile.com/b/nUFryL/OLGQ
http://dx.doi.org/10.1371/journal.pgen.1002947
http://paperpile.com/b/nUFryL/OLGQ
http://paperpile.com/b/nUFryL/bFhh
http://paperpile.com/b/nUFryL/bFhh
http://paperpile.com/b/nUFryL/bFhh
http://dx.doi.org/10.1016/j.ajhg.2007.09.022
http://paperpile.com/b/nUFryL/bFhh
http://paperpile.com/b/nUFryL/stjiC
http://paperpile.com/b/nUFryL/stjiC
http://paperpile.com/b/nUFryL/stjiC
http://dx.doi.org/10.1093/ee/nvy188
http://paperpile.com/b/nUFryL/stjiC
http://paperpile.com/b/nUFryL/6hqgs
http://paperpile.com/b/nUFryL/6hqgs
http://paperpile.com/b/nUFryL/6hqgs
http://paperpile.com/b/nUFryL/6hqgs
http://dx.doi.org/10.1038/s41467-020-19016-0
http://paperpile.com/b/nUFryL/6hqgs
http://paperpile.com/b/nUFryL/ePOzR
http://paperpile.com/b/nUFryL/ePOzR
http://paperpile.com/b/nUFryL/ePOzR
http://paperpile.com/b/nUFryL/ePOzR
http://dx.doi.org/10.1242/jcs.092510
http://paperpile.com/b/nUFryL/ePOzR
http://paperpile.com/b/nUFryL/QhyAx
http://paperpile.com/b/nUFryL/QhyAx
http://paperpile.com/b/nUFryL/QhyAx
http://paperpile.com/b/nUFryL/QhyAx
http://dx.doi.org/10.1128/mBio.00622-16
http://paperpile.com/b/nUFryL/QhyAx
http://paperpile.com/b/nUFryL/TDrZ


Individual Admixture Proportions from next Generation Sequencing Data.” Genetics

195 (3): 693–702. https://doi.org/10.1534/genetics.113.154138.

Stevens, Lori, Rosanna Giordano, and Roberto F. Fialho. 2001. “Male-Killing, Nematode

Infections, Bacteriophage Infection, and Virulence of Cytoplasmic Bacteria in the

GenusWolbachia.” Annual Review of Ecology and Systematics 32 (1): 519–45.

https://doi.org/10.1146/annurev.ecolsys.32.081501.114132.

Stouthamer, R., J. A. Breeuwer, and G. D. Hurst. 1999. “Wolbachia Pipientis: Microbial

Manipulator of Arthropod Reproduction.” Annual Review of Microbiology 53: 71–102.

https://doi.org/10.1146/annurev.micro.53.1.71.

Tagami, Y., and K. Miura. 2004. “Distribution and Prevalence of Wolbachia in Japanese

Populations of Lepidoptera.” Insect Molecular Biology 13 (4): 359–64.

https://doi.org/10.1111/j.0962-1075.2004.00492.x.

Teixeira, Luís, Alvaro Ferreira, and Michael Ashburner. 2008. “The Bacterial Symbiont

Wolbachia Induces Resistance to RNA Viral Infections in Drosophila Melanogaster.”

PLoS Biology 6 (12): e2. https://doi.org/10.1371/journal.pbio.1000002.

Thornton, Kevin, and Peter Andolfatto. 2006. “Approximate Bayesian Inference Reveals

Evidence for a Recent, Severe Bottleneck in a Netherlands Population of Drosophila

Melanogaster.” Genetics. https://doi.org/10.1534/genetics.105.048223.

Ting, C-T, A. Takahashi, and C-I Wu. 2001. “Incipient Speciation by Sexual Isolation in

Drosophila: Concurrent Evolution at Multiple Loci.” Proceedings of the National

Academy of Sciences. https://doi.org/10.1073/pnas.121418898.

Unckless, Robert L., Lisa M. Boelio, Jeremy K. Herren, and John Jaenike. 2009. “Wolbachia

as Populations within Individual Insects: Causes and Consequences of Density Variation

in Natural Populations.” Proceedings. Biological Sciences / The Royal Society 276

142

http://paperpile.com/b/nUFryL/TDrZ
http://paperpile.com/b/nUFryL/TDrZ
http://dx.doi.org/10.1534/genetics.113.154138
http://paperpile.com/b/nUFryL/TDrZ
http://paperpile.com/b/nUFryL/N8Pvb
http://paperpile.com/b/nUFryL/N8Pvb
http://paperpile.com/b/nUFryL/N8Pvb
http://paperpile.com/b/nUFryL/N8Pvb
http://dx.doi.org/10.1146/annurev.ecolsys.32.081501.114132
http://paperpile.com/b/nUFryL/N8Pvb
http://paperpile.com/b/nUFryL/aNaqo
http://paperpile.com/b/nUFryL/aNaqo
http://paperpile.com/b/nUFryL/aNaqo
http://dx.doi.org/10.1146/annurev.micro.53.1.71
http://paperpile.com/b/nUFryL/aNaqo
http://paperpile.com/b/nUFryL/yNM7x
http://paperpile.com/b/nUFryL/yNM7x
http://paperpile.com/b/nUFryL/yNM7x
http://dx.doi.org/10.1111/j.0962-1075.2004.00492.x
http://paperpile.com/b/nUFryL/yNM7x
http://paperpile.com/b/nUFryL/QCrx3
http://paperpile.com/b/nUFryL/QCrx3
http://paperpile.com/b/nUFryL/QCrx3
http://dx.doi.org/10.1371/journal.pbio.1000002
http://paperpile.com/b/nUFryL/QCrx3
http://paperpile.com/b/nUFryL/PG7c
http://paperpile.com/b/nUFryL/PG7c
http://paperpile.com/b/nUFryL/PG7c
http://dx.doi.org/10.1534/genetics.105.048223
http://paperpile.com/b/nUFryL/PG7c
http://paperpile.com/b/nUFryL/A3mm
http://paperpile.com/b/nUFryL/A3mm
http://paperpile.com/b/nUFryL/A3mm
http://dx.doi.org/10.1073/pnas.121418898
http://paperpile.com/b/nUFryL/A3mm
http://paperpile.com/b/nUFryL/jB9E2
http://paperpile.com/b/nUFryL/jB9E2
http://paperpile.com/b/nUFryL/jB9E2


(1668): 2805–11. https://doi.org/10.1098/rspb.2009.0287.

Vavre, F., F. Fleury, D. Lepetit, P. Fouillet, and M. Boulétreau. 1999. “Phylogenetic Evidence

for Horizontal Transmission of Wolbachia in Host-Parasitoid Associations.” Molecular

Biology and Evolution 16 (12): 1711–23.

https://doi.org/10.1093/oxfordjournals.molbev.a026084.

Veneti, Zoe, Michael E. Clark, Timothy L. Karr, Charalambos Savakis, and Kostas Bourtzis.

2004. “Heads or Tails: Host-Parasite Interactions in the Drosophila-Wolbachia System.”

Applied and Environmental Microbiology 70 (9): 5366–72.

https://doi.org/10.1128/AEM.70.9.5366-5372.2004.

Voronin, Denis, Darren A. N. Cook, Andrew Steven, and Mark J. Taylor. 2012. “Autophagy

Regulates Wolbachia Populations across Diverse Symbiotic Associations.” Proceedings

of the National Academy of Sciences of the United States of America 109 (25):

E1638–46. https://doi.org/10.1073/pnas.1203519109.

Walker, Bruce J., Thomas Abeel, Terrance Shea, Margaret Priest, Amr Abouelliel, Sharadha

Sakthikumar, Christina A. Cuomo, et al. 2014. “Pilon: An Integrated Tool for

Comprehensive Microbial Variant Detection and Genome Assembly Improvement.”

PloS One 9 (11): e112963. https://doi.org/10.1371/journal.pone.0112963.

Walker, T., P. H. Johnson, L. A. Moreira, I. Iturbe-Ormaetxe, F. D. Frentiu, C. J. McMeniman,

Y. S. Leong, et al. 2011. “The wMel Wolbachia Strain Blocks Dengue and Invades

Caged Aedes Aegypti Populations.” Nature 476 (7361): 450–53.

https://doi.org/10.1038/nature10355.

Wasala, Sulochana K., Amanda M. V. Brown, Jiwon Kang, Dana K. Howe, Amy B. Peetz,

Inga A. Zasada, and Dee R. Denver. 2019. “Variable Abundance and Distribution of

Wolbachia and Cardinium Endosymbionts in Plant-Parasitic Nematode Field

143

http://paperpile.com/b/nUFryL/jB9E2
http://dx.doi.org/10.1098/rspb.2009.0287
http://paperpile.com/b/nUFryL/jB9E2
http://paperpile.com/b/nUFryL/b9kio
http://paperpile.com/b/nUFryL/b9kio
http://paperpile.com/b/nUFryL/b9kio
http://paperpile.com/b/nUFryL/b9kio
http://dx.doi.org/10.1093/oxfordjournals.molbev.a026084
http://paperpile.com/b/nUFryL/b9kio
http://paperpile.com/b/nUFryL/q5ZsC
http://paperpile.com/b/nUFryL/q5ZsC
http://paperpile.com/b/nUFryL/q5ZsC
http://paperpile.com/b/nUFryL/q5ZsC
http://dx.doi.org/10.1128/AEM.70.9.5366-5372.2004
http://paperpile.com/b/nUFryL/q5ZsC
http://paperpile.com/b/nUFryL/spdm3
http://paperpile.com/b/nUFryL/spdm3
http://paperpile.com/b/nUFryL/spdm3
http://paperpile.com/b/nUFryL/spdm3
http://dx.doi.org/10.1073/pnas.1203519109
http://paperpile.com/b/nUFryL/spdm3
http://paperpile.com/b/nUFryL/mBnp8
http://paperpile.com/b/nUFryL/mBnp8
http://paperpile.com/b/nUFryL/mBnp8
http://paperpile.com/b/nUFryL/mBnp8
http://dx.doi.org/10.1371/journal.pone.0112963
http://paperpile.com/b/nUFryL/mBnp8
http://paperpile.com/b/nUFryL/KrLJz
http://paperpile.com/b/nUFryL/KrLJz
http://paperpile.com/b/nUFryL/KrLJz
http://paperpile.com/b/nUFryL/KrLJz
http://dx.doi.org/10.1038/nature10355
http://paperpile.com/b/nUFryL/KrLJz
http://paperpile.com/b/nUFryL/cWHye
http://paperpile.com/b/nUFryL/cWHye
http://paperpile.com/b/nUFryL/cWHye


Populations.” Frontiers in Microbiology 10 (May): 964.

https://doi.org/10.3389/fmicb.2019.00964.

Weinert, Lucy A., Eli V. Araujo-Jnr, Muhammad Z. Ahmed, and John J. Welch. 2015. “The

Incidence of Bacterial Endosymbionts in Terrestrial Arthropods.” Proceedings.

Biological Sciences / The Royal Society 282 (1807): 20150249.

https://doi.org/10.1098/rspb.2015.0249.

Werren, J. H. 1997. “Biology of Wolbachia.” Annual Review of Entomology 42: 587–609.

https://doi.org/10.1146/annurev.ento.42.1.587.

Werren, J. H., and D. M. Windsor. 2000. “Wolbachia Infection Frequencies in Insects:

Evidence of a Global Equilibrium?” Proceedings. Biological Sciences / The Royal

Society 267 (1450): 1277–85. https://doi.org/10.1098/rspb.2000.1139.

Werren, J. H., W. Zhang, and L. R. Guo. 1995. “Evolution and Phylogeny of Wolbachia:

Reproductive Parasites of Arthropods.” Proceedings. Biological Sciences / The Royal

Society 261 (1360): 55–63. https://doi.org/10.1098/rspb.1995.0117.

Werren, John H., Laura Baldo, and Michael E. Clark. 2008. “Wolbachia: Master Manipulators

of Invertebrate Biology.” Nature Reviews. Microbiology 6 (10): 741–51.

https://doi.org/10.1038/nrmicro1969.

Werren, John H., Donald Windsor, and Li Rong Guo. 1995. “Distribution of Wolbachia

among Neotropical Arthropods.” Proceedings of the Royal Society of London. Series B,

Containing Papers of a Biological Character. Royal Society 262 (1364): 197–204.

https://doi.org/10.1098/rspb.1995.0196.

West, S. A., J. M. Cook, J. H. Werren, and H. C. J. Godfray. 1998. “Wolbachia in Two Insect

Host--Parasitoid Communities.” Molecular Ecology 7 (11): 1457–65.

https://onlinelibrary.wiley.com/doi/abs/10.1046/j.1365-294x.1998.00467.x.

144

http://paperpile.com/b/nUFryL/cWHye
http://paperpile.com/b/nUFryL/cWHye
http://dx.doi.org/10.3389/fmicb.2019.00964
http://paperpile.com/b/nUFryL/cWHye
http://paperpile.com/b/nUFryL/HTzIY
http://paperpile.com/b/nUFryL/HTzIY
http://paperpile.com/b/nUFryL/HTzIY
http://paperpile.com/b/nUFryL/HTzIY
http://dx.doi.org/10.1098/rspb.2015.0249
http://paperpile.com/b/nUFryL/HTzIY
http://paperpile.com/b/nUFryL/heQLI
http://paperpile.com/b/nUFryL/heQLI
http://dx.doi.org/10.1146/annurev.ento.42.1.587
http://paperpile.com/b/nUFryL/heQLI
http://paperpile.com/b/nUFryL/MV7Cv
http://paperpile.com/b/nUFryL/MV7Cv
http://paperpile.com/b/nUFryL/MV7Cv
http://dx.doi.org/10.1098/rspb.2000.1139
http://paperpile.com/b/nUFryL/MV7Cv
http://paperpile.com/b/nUFryL/wKHYs
http://paperpile.com/b/nUFryL/wKHYs
http://paperpile.com/b/nUFryL/wKHYs
http://dx.doi.org/10.1098/rspb.1995.0117
http://paperpile.com/b/nUFryL/wKHYs
http://paperpile.com/b/nUFryL/7uwiM
http://paperpile.com/b/nUFryL/7uwiM
http://paperpile.com/b/nUFryL/7uwiM
http://dx.doi.org/10.1038/nrmicro1969
http://paperpile.com/b/nUFryL/7uwiM
http://paperpile.com/b/nUFryL/ShKSF
http://paperpile.com/b/nUFryL/ShKSF
http://paperpile.com/b/nUFryL/ShKSF
http://paperpile.com/b/nUFryL/ShKSF
http://dx.doi.org/10.1098/rspb.1995.0196
http://paperpile.com/b/nUFryL/ShKSF
http://paperpile.com/b/nUFryL/1vBK9
http://paperpile.com/b/nUFryL/1vBK9
https://onlinelibrary.wiley.com/doi/abs/10.1046/j.1365-294x.1998.00467.x
http://paperpile.com/b/nUFryL/1vBK9


White, Pamela M., Laura R. Serbus, Alain Debec, Adan Codina, Walter Bray, Antoine

Guichet, R. Scott Lokey, and William Sullivan. 2017. “Reliance of Wolbachia on High

Rates of Host Proteolysis Revealed by a Genome-Wide RNAi Screen of Drosophila

Cells.” Genetics 205 (4): 1473–88. https://doi.org/10.1534/genetics.116.198903.

Yoder, Jeremy B., and Peter Tiffin. 2017. “Sanctions, Partner Recognition, and Variation in

Mutualism.” The American Naturalist. https://doi.org/10.1086/693472.

Zabalou, Sofia, Markus Riegler, Marianna Theodorakopoulou, Christian Stauffer,

Charalambos Savakis, and Kostas Bourtzis. 2004. “Wolbachia-Induced Cytoplasmic

Incompatibility as a Means for Insect Pest Population Control.” Proceedings of the

National Academy of Sciences of the United States of America 101 (42): 15042–45.

https://doi.org/10.1073/pnas.0403853101.

Zchori-Fein, Einat, and Steve J. Perlman. 2004. “Distribution of the Bacterial Symbiont

Cardinium in Arthropods.” Molecular Ecology 13 (7): 2009–16.

https://doi.org/10.1111/j.1365-294X.2004.02203.x.

Zdobnov, Evgeny M., Fredrik Tegenfeldt, Dmitry Kuznetsov, Robert M. Waterhouse, Felipe

A. Simão, Panagiotis Ioannidis, Mathieu Seppey, Alexis Loetscher, and Evgenia V.

Kriventseva. 2017. “OrthoDB v9.1: Cataloging Evolutionary and Functional

Annotations for Animal, Fungal, Plant, Archaeal, Bacterial and Viral Orthologs.”

Nucleic Acids Research 45 (D1): D744–49. https://doi.org/10.1093/nar/gkw1119.

Zug, Roman, and Peter Hammerstein. 2012. “Still a Host of Hosts for Wolbachia: Analysis of

Recent Data Suggests That 40% of Terrestrial Arthropod Species Are Infected.” PloS

One 7 (6): e38544. https://doi.org/10.1371/journal.pone.0038544.

———. 2015. “Bad Guys Turned Nice? A Critical Assessment of Wolbachia Mutualisms in

Arthropod Hosts.” Biological Reviews of the Cambridge Philosophical Society 90 (1):

145

http://paperpile.com/b/nUFryL/A4GFl
http://paperpile.com/b/nUFryL/A4GFl
http://paperpile.com/b/nUFryL/A4GFl
http://paperpile.com/b/nUFryL/A4GFl
http://dx.doi.org/10.1534/genetics.116.198903
http://paperpile.com/b/nUFryL/A4GFl
http://paperpile.com/b/nUFryL/cLsjX
http://paperpile.com/b/nUFryL/cLsjX
http://dx.doi.org/10.1086/693472
http://paperpile.com/b/nUFryL/cLsjX
http://paperpile.com/b/nUFryL/ToKZI
http://paperpile.com/b/nUFryL/ToKZI
http://paperpile.com/b/nUFryL/ToKZI
http://paperpile.com/b/nUFryL/ToKZI
http://paperpile.com/b/nUFryL/ToKZI
http://dx.doi.org/10.1073/pnas.0403853101
http://paperpile.com/b/nUFryL/ToKZI
http://paperpile.com/b/nUFryL/0dh2I
http://paperpile.com/b/nUFryL/0dh2I
http://paperpile.com/b/nUFryL/0dh2I
http://dx.doi.org/10.1111/j.1365-294X.2004.02203.x
http://paperpile.com/b/nUFryL/0dh2I
http://paperpile.com/b/nUFryL/OlGYg
http://paperpile.com/b/nUFryL/OlGYg
http://paperpile.com/b/nUFryL/OlGYg
http://paperpile.com/b/nUFryL/OlGYg
http://paperpile.com/b/nUFryL/OlGYg
http://dx.doi.org/10.1093/nar/gkw1119
http://paperpile.com/b/nUFryL/OlGYg
http://paperpile.com/b/nUFryL/vysYa
http://paperpile.com/b/nUFryL/vysYa
http://paperpile.com/b/nUFryL/vysYa
http://dx.doi.org/10.1371/journal.pone.0038544
http://paperpile.com/b/nUFryL/vysYa
http://paperpile.com/b/nUFryL/yr9N3
http://paperpile.com/b/nUFryL/yr9N3


89–111. https://doi.org/10.1111/brv.12098.

146

http://paperpile.com/b/nUFryL/yr9N3
http://dx.doi.org/10.1111/brv.12098
http://paperpile.com/b/nUFryL/yr9N3



