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Abstract
Xia, S. (2020). Exploring the potential of genetic improvement of insects: A case
study using the haplodiploid parasitoid wasp Nasonia vitripennis. PhD thesis, Wageningen University, the Netherlands
Insects have gained increasing interests in diverse agricultural applications, ranging
from the use of insect-derived protein in animal feed to the use of insects as natural
enemies of agricultural pests. Using the knowledge of genetics is a powerful way to
improve the application of insects in agriculture. The exploitation of genetic variation
in insects has been discussed for long time, however, the nature of genetic variation
is still largely unexplored for insects outside of well-studies species. The main aim of
this thesis was to explore the potential of genetic improvement of insects. To this
end, I investigated the genetic basis of wing morphology and associated phenotypic
traits in the parasitoid wasp Nasonia vitripennis as a case study. First, I used a modified Animal Model with a pedigree relationship matrix, and the Genomic Restricted
Maximum Likelihood method to quantify the amount of genetic variation and variation due to host effects for these traits. Host effects occur because Nasonia species
are gregarious wasps, which lay more than one egg into a single host, so that the
offspring share a common developmental environment. The results have shown substantial host effects on wing morphology traits, especially for size traits: hosts explained up to 64% of the total phenotypic variation. Significant additive genetic variation were also observed for all traits. Second, I conducted genome-wide association study (GWAS) to further reveal the genetic basis of these traits. Several genomic
regions that significantly associated with wing morphology variation were identified.
Third, I implemented genomic prediction for wing morphology traits in N. vitripennis
to explore its potential in insects. The results have showed promising accuracies
based on a cross-validation strategy, which suggests that genomic prediction is feasible in insects. Furthermore, I investigated the relationship between the level of inbreeding and inbreeding depression for wing morphology traits using sex-biased
gene expression. I found no evidence for a relationship between inbreeding and sexbiased gene expression, and I did not observe any inbreeding depression for wing
morphology traits. Finally, I discussed the potential of improvement of insect parasitoids by selecting better hosts and the implications of the exploration of genetic variation for potential applications in insects selective breeding. Together, this thesis
provides important insights into the genetic architecture of wing morphology in the
parasitoid wasp Nasonia vitripennis. The findings contribute to the knowledge of the
genetic basis of wing morphology traits in insects, and also show the promising potential of using genetic tools to improve insects.
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General introduction

1 General introduction

1.1 Introduction
Genetic variation is ubiquitous and is a prerequisite for the evolution of natural
populations. It allows populations to evolve in response to environmental change,
such as fluctuation in climate or resources. The magnitude of the genetic variation
indicates the ability of phenotypic response to natural selection, where a high level
of genetic variation allows greater response to natural selection and increases the
rate of adaption. Genetic variation is generated by mutation and recombination.
Loss of genetic variation which can result from selection and genetic drift, would
reduce the ability to evolve and to cope with environmental change, thus reducing
the fitness and increasing the extinction risk of populations. Therefore, investigating genetic variation is fundamental to understand the evolutionary dynamics in
nature. For instance, recording changes in genetic variation is a way to track evolution in natural populations, and can also be used to predict future evolution. To
date, numerous studies have investigated the genetic variation in populations that
live under different environmental conditions, to answer questions such as: How
does the environment shape the genetic variation (Scheiner 1993)? How is genetic
variation associated with fitness (Fisher 1958, Lacy 1997, Reed and Frankham
2003)? How is genetic variation inherited, and how is it maintained over time
(Falconer and Mackay 1996, Lynch and Walsh 1998, Hill and Zhang 2009)?
In addition to the fundamental role of genetic variation in evolution under natural
selection, it is also important for changes in population under artificial selection.
Researchers have shown an interest in using the genetic variation underlying phenotypic variation of traits as a resource in practical applications, such as in animal
and plant selective breeding. Given that genetic variation is the primary biological
resource in the successful artificial propagation of any species, a better understanding of the genetic variation underlying phenotypic variation of traits is a prerequisite for exploitation of genetic variation in practical applications. Particularly, the
genomic information and tools that have become available in the past decade,
have enabled an efficient and in-depth exploration of the genetic variation.

1.2 Monitoring and measuring genetic variation
The total genetic variation underlying phenotypic variation of traits consists of
additive and non-additive (e.g. dominance) genetic effects. Most research has so
far focussed on additive genetic effects, because its heritable nature is the major
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determinant of the observable genetic properties of a population and of the response of a population to selection. In practical selective breeding, additive genetic
effects measure the potential of an individual as a selection candidate, and are
widely used as a decision tool for selecting the parents of the next generation
(Falconer and Mackay 1996). Therefore, monitoring and measuring genetic variation is the first step in a research project to discover its potential to improve traits.
Dominance effects, which are part of the non-additive genetic component of genetic variation, result from the interactions of two alleles at the same locus. Recently,
Wolak and Keller (2014) compiled dominance variance estimates and found that
dominance explains a considerable amount of total genetic variance, in the range
of 26% - 63% for undomesticated species and 31% - 45% for domesticated species.
These results suggest that the dominance effect as a non-additive genetic component plays an important role in the total genetic variation. Quantifying the dominance effects is, therefore, expected to improve our understanding of the genetic
architecture of complex traits. However, the non-additive genetic component is
often ignored in genetic studies. The main reason for this omission could be the
complexity of quantifying the amount of dominance variance. With the development of single-nucleotide polymorphisms (SNPs) panels, now it is possible to go
beyond estimating additive genetic effects and also quantify the contribution of
dominance to the total genetic variance.

1.3 Studying genetic variation in the genomics era
Before the development of genomic techniques, knowledge of genetic variation
was limited to estimates of heritability and other variance components derived
from offspring in crosses for which the relationship with their relatives is known.
With the fast developments in genome sequencing technology, combined with the
development in high performance computing techniques to process the large
amount of genomic data, phenotypic variation can now be investigated at a genome-wide level. Approaches, such as genome-wide association studies (GWAS)
and genomic prediction, combine individual phenotypes and genomic information
and are able to detect quantitative trait loci (QTL) or genomic regions associated
with phenotypic variation, or predict genetic values for unphenotyped individuals.
Traditionally, QTL mapping methods were used to locate QTL on the genetic map
based on marker segregation in families or in crosses of inbred lines. QTL mapping
12
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is a proven, and remains, a powerful method in uncovering QTL, however, traditional QTL mapping is highly dependent on the genetic diversity of the two parents
and the effects of the detected QTL can vary between populations. Furthermore,
the resolution of QTL mapping is limited by the number of recombination events.
With the availability of larger numbers of SNP markers and the use of larger populations, these limitations of QTL mapping can be overcome using GWAS.
GWAS is an alternative method that identifies genetic variants across the whole
genome that are associated with the trait of interest (Burton et al. 2007). GWAS
use linkage disequilibrium (LD) at the population level to detect genetic loci linked
to variation in quantitative traits (Korte and Farlow 2013). The most common
method is single-SNP GWAS, in which genetic markers are fitted and tested for
significant association with one SNP at a time. Follow-up functional studies of the
regions that are tagged by these SNPs are needed to identify the causal variants or
QTL. Over the last decade, GWAS have achieved great success in the analysis of
simple monogenic traits, as well as in the dissection of more complex genetic architectures (Visscher et al. 2012, Visscher et al. 2017). However, many traits of interest have a complex and highly polygenic basis, and as such GWAS may fail to uncover the causative loci because the genetic effects are too small to be captured by
the statistical test in a GWAS (Korte and Farlow 2013).
Genomic prediction is a method to predict quantitative trait phenotypes from genotype information (Meuwissen et al. 2001). Similar to GWAS, genomic prediction
relies on LD between SNP markers and QTL affecting the traits of interest. Implementation of genomic prediction conceptually proceeds in two steps: 1) estimation
of the effects of genetic markers in a training population for which both phenotypes and genotypes are known, and 2) prediction of genomic breeding values
(GEBV) for selection candidates for which genotypes are known but no phenotypes,
by summing up the estimated marker effects calculated from the training population. Instead of identifying QTL or chromosomal regions that significantly affect
traits of interest, as is done in GWAS, genomic prediction uses the genomic variability in the entire genome to predict additive or total genetic effects, and does not
rely on the selection of single loci based on their statistical significance. The most
commonly used model in genomic prediction is Genomic Best Linear Unbiased
Prediction (GBLUP; VanRaden 2008). In this model, genomic prediction considers all
genotypes in the model together and treats them as random effects, rather than as
fixed effects as in GWAS. Therefore, genomic prediction may offer an opportunity
to exploit the genetic variation beyond GWAS.
13
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1.4 Studying genetic variation in insects
Insects are the largest and most diverse group of organisms on earth. They do not
only play an important role in the ecosystem, but are also useful models to obtain
insight in general biological processes. From an evolutionary perspective, the interand intra-specific variation in insects can be used to improve our generally understanding of evolution. For instance, Drosophila melanogaster has been a model
organism to assess the genetic architecture of quantitative traits, such as to estimate genetic components of quantitative traits variation, responses to selection or
inbreeding depression (Falconer and Mackay 1996). These studies were carried out
not only to learn more about Drosophila, but also help to understand more general
biological principles in other species. In addition, insects are of interest for agriculture because of their potential economic and environmental impacts. On the one
hand, insect pests are harmful and cause direct damage to crops and food security.
On the other hand, some insects are beneficial to humans, such as those that can
be used as protein sources for animal feed and/or human consumption, as bioconverters for organic wastes, or as natural enemies to control agricultural pests.
Researchers have started to take advantage of using genetic variation to reduce
losses resulting from harmful insects and also to improve the potential of beneficial
ones. The EU-funded Marie Skłodowska-Curie Innovative Training Network “Breeding Invertebrates for Next Generation BioControl (BINGO)” focusses on the use of
genetic variation in natural enemies to improve biocontrol efficacy (Box 1.1). The
exploitation of genetic variation in insects has been discussed for long time, however, the use of genetic tools is still largely unexplored at present. The main aim of
my thesis is to explore the potential of genetic improvement of insects.

14

1 General introduction

Box 1.1 BINGO: Breeding Invertebrates for Next Generation BioControl
BINGO is a 4-year EU-funded Marie Skłodovska-Curie Innovative Training Network (ITN), which aims to improve the production and performance of natural
enemies in biological control by the use of indigenous genetic variation. With the
expansion of the global human population, secure and sustainable food production in terms of quantity and quality is one of the major challenges that human
societies face. Insect pests are a major threat to crops, destroying up to 20% of
our annual food production. Broad-range pesticides application reduce crop
losses, but has also led to unwanted side-effects, including issues with food safety, pollution of the environment and pesticide-resistant insects. In contrast,
biocontrol using natural enemies to combat agricultural pests, is considered a
sustainable and environmental approach to control invasive pests. BINGO addressed the challenge of improving the efficiency of biological pest control
through selective breeding of natural enemies in a broad range of agricultural
systems and environmental conditions. More importantly, BINGO has increased
the awareness of the potential of using genetic variation for the improvement of
the efficacy of biocontrol (Leung et al. 2019, Lirakis and Magalhaes 2019). This
thesis describes the results of one of the research projects within this network
aimed to seek the proof-of-principle of using genetic and genomic tools to improve biocontrol.
For more details see: https://www.bingo-itn.eu/en/bingo.htm

1.5 Wing morphology as a model trait for studying the link
between genetic variation and phenotype
In Pterygota, the insect subclass that includes the winged insects, wing morphology
is an interesting model trait. Wings represent important morphological adaptations
in Pterygota. The capacity of dispersal by flight is recognised as the main cause of
the ecological and evolutionary success of Pterygota (Mayhew 2007). Flight performance is not only relevant for dispersal, but also involved in other fitnessrelated behaviours, such as territory and courtship display, foraging and avoiding
predation (Dudley 2002, Mayhew 2007). Wing morphology is an obvious determinant of flight ability. Some studies on wing morphology traits and their functions in
flight ability are summarized in Box 1.2.

15
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Box 1.2 Description of common wing morphology traits and their functions in
flight ability

Figure 1.1 Nasonia vitripennis female right front wing. Numbers represent landmarks as used for the morphological measurements in Chapter 2 to 5. Horizontal
line represents wing length, and vertical line represents wing width.
Wing aspect ratio
Wing aspect ratio is defined as the ratio of wing length relative to wing width
(Figure 1.1). A high wing aspect ratio characterizes long and narrow wings,
whereas low aspect ratio wings are short and broad. Generally, wings with a high
aspect ratio give greater speed and endurance of flight, while wings with a low
aspect ratio give higher manoeuvrability (Norberg and Rayner 1987, Betts and
Wootton 1988, Wootton 1992).
Wing surface
Wing surface has important aerodynamic consequences for flight performance,
where larger wings experience lower wing loading (Dudley 2002). Wing loading,
the ratio of body weight to total wing area, is an important aerodynamic parameter for flight ability. Insects with lower wing loading require less power for
flight, and thus have a greater flight efficiency (Ellington 1984, Srygley 1999).
Second moment area
Second moment area is the average squared distance of the wing area to the
joint of the wing. It is an important aerodynamic parameter that measures the
lift force of a wing. Because airspeed is greater at the wing tip than at the wing
base, the distribution of area along the wing will strongly influence the aerodynamic forces produced. Therefore, wings with a high second moment of area
produce higher aerodynamic forces during the wingbeat (Weisfogh 1973,
Ellington 1984).
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The presence of intraspecific variation for wing morphology within and between
populations has been reported in Pterygota (Bitner-Mathe et al. 1995, BitnerMathe and Klaczko 1999, Bitner-Mathe and Klaczko 1999, Loh and Bitner-Mathe
2005, Outomuro et al. 2016). More importantly, the presence of genetic variation
for wing morphology has also been observed in natural populations of winged insects, such as Drosophila (Whitlock and Fowler 1999, Mezey and Houle 2005), Callosobruchus (Messina 1993) and Nasonia (see Chapter 2 and 3). Wing morphology
traits generally exhibit significant heritability, for instance, Coyne and Beecham
(1987) obtained heritability estimate of h2=0.22 for wing length in D. melanogaster.
Hoffmann and Schiffer (1998) observed much higher estimates for female wing
length and width in D. melanogaster, of h2=0.65 and h2=0.58 respectively. BitnerMathe and Klaczko (1999) obtained estimates of around h2=0.5 for wing shape in
natural populations of D. mediopunctata, and a heritability of h2=0.62 for ellipse
outline shape using the ellipse method in an independent dataset. In addition to
additive genetic variation, wing morphology has also been reported to exhibit a
significant dominance effect. Dominance was shown to explain between 3 and 30%
of phenotypic variation in wing morphology in Drosophila serrata (Sztepanacz and
Blows 2015).
In addition to the partitioning of genetic components, QTL that cause wing morphology variation also have been identified in insects (Zimmerman et al. 2000,
Calboli et al. 2003, Matta and Bitner-Mathe 2010, Sztepanacz and Blows 2015). For
instance, in D. melanogaster, Zimmerman et al. (2000) identified 35 QTL for the
shape of two intervein regions in the anterior compartment of the wing using a set
of 96 recombinant inbred lines. In that study, they also performed a reciprocal
backcross design in two inbred lines and identified eight and 13 QTL for wing size
and shape variation, respectively. In addition, Calboli et al. (2003) found eight QTL
associated with wing area in D. melanogaster and Matta and Bitner-Mathe (2010)
found two QTL attributing to the wing size divergence of D. simulans and D.
sechellia. Recently, a GWAS was used for wing morphology in Drosophila melanogaster, and several significant associations were observed (Pitchers et al. 2019).
This knowledge has improved our understanding on wing morphology variation and
also has shown its potential for future exploitation of the genetic variation. To date,
however, with the exception of Drosophila species, the genetic architecture of
insect wing morphology remains largely unexplored.
The presence of genetic and phenotypic variation in wing morphology in natural
populations, combined with the relative ease of measurement, make it a tractable
17
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model trait to further explore genetic variation in insects. Furthermore, wing morphology has a practical application in biocontrol, where it can directly influence the
efficacy of biocontrol agents, such as parasitoids, through its effect on dispersal.
This combination of fundamental with applied interest makes wing morphology an
ideal trait to explore the link between genetic and phenotypic variation in winged
insects. In this thesis, I will focus on the haplodiploid pupal parasitoid Nasonia vitripennis. Nasonia is an interesting study organism because: 1) it is easy to rear and
handle in the laboratory; 2) its potential as a model for biocontrol studies; 3) it has
a haplodiploid sex-determining system, in which males develop from unfertilized
eggs and are haploid, while females develop from fertilized eggs and are diploid.
This is an interesting system to study classic genetics because recessive mutant
phenotypes can easily be screened in haploid males since they cannot be masked
by a dominant allele (Werren and Loehlin 2009, Lynch 2015); 4) its genome sequences have been released, and a range of genomic and genetic tools are now
available (Werren et al. 2010, Lynch 2015). These tools have facilitated the investigation of gene expression and regulation and the identification of genes involved in
complex genetic traits (Wang et al. 2013, Ferree et al. 2015, Wang et al. 2015, Cook
et al. 2018).

1.6 The study organism: Nasonia vitripennis

Figure 1.2 Female Nasonia vitripennis
parasitizing a pupa of the blowfly Calliphora vomitoria. After Danneels et al.
(2010).
18

Nasonia is a genus of gregarious parasitoid wasps of several Diptera families such as Calliphoridae and Sarcophagidae (Figure 1.2; Whiting,
1967). The genus Nasonia consists of
four species: N. vitripennis, N. longicornis, N. giraulti, and N. oneida
(Darling and Werren 1990, Werren et
al. 2010). N. vitripennis is a cosmopolitan species, N. longicornis is mainly
found in the west of North America,
while N. giraulti and N. oneida occur
in the east of the United States
(Darling and Werren 1990, Desjardins
et al. 2010, Raychoudhury et al. 2010,
Werren et al. 2010). These species are
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extensively studied for more than five decades and are currently emerging as powerful model organisms in developmental and evolutionary genetics (Whiting 1967,
King 1993, Rivero and West 2002, Rivero and West 2005, Pannebakker et al. 2008).

1.6.1 Basic biology and common environmental effects in parasitoid wasps of the genus Nasonia
Nasonia can lay up to 60 eggs in a single Dipteran pupa (here referred to as “host”;
Whiting, 1967). Upon encountering a host, a female is able to sense the quality of
the host and assess whether it is suitable for oviposition (Whiting 1967). If the host
is suitable, the female then drills through the wall of the puparium with her ovipositor and oviposits eggs. The eggs then develop on the host body inside the puparium (Whiting 1967). The larvae emerging from the eggs complete their develop on
the same host, and thus share a common environment. It is, therefore, likely that
both the host species and the condition of the host have an effect on parasitoid
development.
It has been long realized that the quality of the host is crucial for the development
of parasitoids (Godfray 1994). Rivers and Denlinger (1994) reported an effect of the
host on body size in N. vitripennis, where body size increases with the weight of the
host. Therefore, variation in host quality may also generate variation in wing morphology. Therefore, Nasonia would be an ideal model for studying common environment effect (or host effect) on wing morphology, because a female can parasitize more than one host. Therefore, the magnitude of the host effect can be separated from the genetic effect of the parasitoid, because individuals who have similar genotypes (e.g., full-sibs) can complete their development in distinct hosts.

1.6.2 The genetic basis of inter-variation of wing morphology in
Nasonia species
Females and males of all Nasonia species have large wings and are capable of flight,
except for N. vitripennis males that have small vestigial wings and are unable to fly
(Loehlin et al, 2010a; Weston et al, 1999). In contrast, the forewing of male N. giraulti are 2.4 times larger than the forewing of N. vitripennis (Weston et al. 1999).
The genetic basis of this interspecific difference in male wing size has been extensively investigated (Weston et al. 1999, Gadau et al. 2002, Loehlin et al. 2010a;b,
Loehlin and Werren 2012). Weston et al. (1999) introgressed large-winged N. giraulti by backcrossing to the small-winged N. vitripennis background and identified
a major locus (called “ws1”) that affects the difference between these two species
19
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in male wing size. Following that, Loehlin et al. (2010a) determined the function of
this locus, and found that this locus affects cell size and cell number, and thus affects the wing size difference between the two species. In addition, the ws1-like
gene widerwing (wdw) was identified by Loehlin et al. (2010a), which increases the
width of the male forewing by changing the number of cells, but does not affect
female wing size. Loehlin and Werren (2012) further investigated the genetic
mechanism behind wdw and identified the gene unpaired-like (upd-like). This gene
is similar to the Drosophila signalling gene unpaired, which acts in the JAK/STAT
pathway and which was is already known to regulate cell proliferation. These studies have greatly improved our understanding of the genetic mechanisms underlying
the wing size and shape differences between Nasonia species. However, no studies
are available on the genetic basis of the intra-species variation in wing morphology
in Nasonia. Knowledge of the intraspecific genetic variation in wing morphology is
important if we want to understand how evolution shapes this trait. To fill this gap,
in this thesis, I focused on the genetic basis of wing morphology in N. vitripennis.

1.7 Aim and outline for this thesis
The aim of my thesis is to explore the potential of genetic improvement of insects.
To this end, I will focus on the pupal parasitoid Nasonia vitripennis, for which a
well-developed experimental and genomic base is present and because it represents an important insect group that are extensively used in current biocontrol
practices. Moreover, I focus on wing morphology and associated phenotypic traits
as these are well-defined, show genetic variation in natural populations, are relatively easy to measure and manipulates, and, crucially, are related to biocontrol
efficacy of many natural enemies. In Chapter 2, we investigated the contribution of
additive and host effects to the total phenotypic variation of wing morphology
traits. We constructed a population consisting of half-sib families and estimated the
quantitative genetic parameters of intraspecific variation in wing size and shape in
an outbred population of N. vitripennis. In Chapter 3, we performed a GWAS study
using genomic data to detect genomic regions associated with wing morphology
variation. In addition, additive and dominance genetic variance components were
estimated with genomic data for wing morphology. In Chapter 4, we investigated
genomic prediction for wing morphology traits in N. vitripennis. To assess the performance of genomic prediction, we examined the accuracy of genomic prediction
using different cross-validation strategies. In addition, we also fitted dominance
effects to assess the effect of dominance effect on the performance of genomic
20
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prediction. In Chapter 5, we investigated the level of inbreeding in the N. vitripennis outbred population, and the degree of inbreeding depression on wing morphology. We assessed the level of inbreeding using runs of homozygosity and excess of
homozygosity methods. Finally, in the General Discussion (Chapter 6), I discuss the
potential applications of this work. The two main discussion topics are: 1) the influence of host effects and the benefits and consequences of host optimization and 2)
the implications of the exploration of genetic variation for potential applications in
insects selective breeding.
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Abstract
The central aim of evolutionary biology is to understand patterns of genetic variation
between species and within populations. To quantify the genetic variation underlying intraspecific differences, estimating quantitative genetic parameters of traits is
essential. In Pterygota, wing morphology is an important trait affecting flight ability.
Moreover, gregarious parasitoids such as Nasonia vitripennis oviposit multiple eggs
in the same host, and siblings thus share a common environment during their development. Here we estimate the genetic parameters of wing morphology in the outbred HVRx population of N. vitripennis, using a sire-dam model adapted to haplodiploids and disentangled additive genetic effects and host effects. The results show
that the wing size traits have low heritability (h2~0.1), while most wing shape traits
have roughly twice the heritability compared to wing size traits. However, the estimates increased to h2~0.6 for wing size traits when omitting the host effect from the
statistical model, while no meaningful increases were observed for wing shape traits.
Overall, host effects contributed ~50% of the variation in wing size traits. This indicates that hosts have a large effect on wing size traits, about five-fold more than
genetics. Moreover, bivariate analyses were conducted to derive the genetic relationships among traits. Overall, we demonstrate the evolutionary potential for morphological traits in the N. vitripennis HVRx outbred population and report the host
effects on wing morphology. Our findings can contribute to a further dissection of
the genetics underlying wing morphology in N. vitripennis, with relevance for gregarious parasitoids and possible other insects as well.
Key words: heritability, evolvability, genetic correlation, wing, body size, Nasonia vitripennis
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2.1 Introduction
Winged insects, Pterygota, are often considered to be the most successful terrestrial
arthropods. The ability to exploit new habitats and fast dispersal by flight have been
recognised as the main causes of their ecological and evolutionary success (Mayhew
2007). Many studies have shown that wing morphology, e.g., wing size and shape, is
an important determinant of aerodynamic effects on flight performance, and thus
strongly influences flight behaviour and fitness (Wootton 1992, Berwaerts et al.
2002, Dudley 2002). In general, long and narrow wings give greater speed and endurance of flight, while short and wide wings give higher manoeuvrability (Norberg
and Rayner 1987, Betts and Wootton 1988, Wootton 1992, Dudley 2002). Thus, depending on biological and physical environmental conditions, natural selection is expected to result in wing morphology adaptations. It is, therefore, important to understand how wing morphology can actually evolve under natural selection.
One way to study the ability of wing morphology to respond to natural selection, is
to investigate the quantitative genetic components of variation in wing morphology.
Phenotypic variation in morphological traits observed among individuals or between
populations of the same species can result from genetic and environmental factors
(Falconer and Mackay 1996, Lynch and Walsh 1998). The presence of additive genetic variance for wing morphology in natural populations is a necessary condition
for a phenotypic response to natural selection. The magnitude of the additive genetic
variance is commonly expressed as the narrow-sense heritability (h2), the relative
fraction of the total phenotypical variation due to additive genetic variation in a population. When heritability is high, phenotypic variation is mostly due to additive (i.e.,
heritable) effects of genes (Falconer and Mackay 1996, Lynch and Walsh 1998). Another parameter commonly used in evolutionary studies to express the extent of additive genetic variance, is the evolvability (Houle 1992). Evolvability has been widely
used to compare the evolutionary potential of natural populations, and gives an indication of the capacity of a population to respond to selection when the environment changes (Houle 1992). Evolvability in quantitative genetics is measured as the
coefficient of additive genetic variation (𝐶𝑉𝐴 ), which standardises the additive genetic standard deviation by the trait mean rather than the phenotypic variation. In
addition, the short-term response to natural selection depends not only on the
heritabilities of the traits but also on the genetic and phenotypic covariances
among traits (Lande and Arnold 1983, Falconer and Mackay 1996, Lynch and
Walsh 1998). Genetic correlations result from pleiotropy or linkage among genes
controlling traits and their values and signs measure the ability of traits to evolve
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independently. A non-zero genetic correlation presents a constraint (e.g., it reduces
the response to multi-trait selection in the direction opposite to the genetic correlation), and it can also create a trade-off (e.g., selection for a trait may cause an unfavourable correlated response in another trait). Thus, to understand how multiple
traits can evolve together, it is crucial to understand all their quantitative genetic
parameters.
Nasonia is a genus of gregarious parasitoid wasps of blowfly pupae (Whiting 1967),
and includes four species: N. vitripennis, N. longicornis, N. giraulti, and N. oneida
(Werren et al. 2010). They are often used as model species in developmental and
evolutionary genetics (Werren et al. 2010). Nasonia species all have large wings and
are capable of flight, except for N. vitripennis males that have small vestigial wings
and are unable to fly (Weston et al. 1999, Loehlin et al. 2010a). The genetic basis of
this interspecific difference in male wing size has been extensively investigated
(Weston et al. 1999, Gadau et al. 2002, Loehlin et al. 2010a;b), which has greatly
improved our understanding of the genetic mechanisms underlying the wing size and
shape differences between Nasonia species. However, no studies are available on
quantitative genetic parameters for wing morphology within Nasonia species.
Compared to diploid species, relatively few studies on quantitative genetic parameters have been conducted in haplodiploids such as Nasonia or other parasitoid wasps
(Peire Morais 2007, Shuker et al. 2007). Similar to other Hymenoptera, Nasonia has
a haplodiploid sex determination system (Whiting 1967), in which males develop
from unfertilized eggs and are haploid, while females develop from fertilized eggs
and are diploid. Thus, in haplodiploids, fathers only contribute genes to daughters,
and quantitative genetic analysis of haplodiploids such as Nasonia needs to be adjusted to account for the resulting genetic relationships among individuals (Liu and
Smith 2000).
Moreover, Nasonia is a gregarious parasitoid, which can lay up to 60 eggs in a single
Dipteran pupa (Whiting 1967). This could create environmental similarity between
offspring developing within the same pupa (here referred to as “host”), which needs
to be accounted for in the statistical model to avoid confounding environmental with
genetic effects. In addition to statistical confounding, the quality of the hosts is crucial for development and size, and also affects adult longevity and fecundity (Godfray
1994). Therefore, host quality can generate variation and influence the genetic architecture of the traits. Thus, a common environment effect (i.e., host effect) should
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be included in the analysis, not only to avoid the inflation of genetic parameter estimates, but also to quantify its effect on trait variation.
To quantify the potential of wing morphology in Nasonia to respond to (multi-trait)
natural selection, we constructed a population consisting of half-sib families and estimated the quantitative genetic parameters of intraspecific variation in wing size
and shape in an outbred population of Nasonia vitripennis. Our main objective is to
partition phenotypic (co)variation in size and shape traits into genetic and non-genetic components. For this purpose, we adapted the linear mixed model known as
the “animal model” (Kruuk 2004, Henderson 1984) to haplodiploids: 1) to estimate
the genetic parameters for wing traits, i.e., heritabilities, coefficients of additive genetic variance and genetic correlations, 2) to quantify the host effect.

2.2 Materials and methods
2.2.1 Nasonia stock
We used the N. vitripennis HVRx outbred population, which was established from
strains collected from a single field population in the Netherlands by van de Zande
et al. (2014). To preserve genetic diversity across generations, the HVRx stock is
maintained in the laboratory according to a fixed schedule, in which approximately
120 mated females in total are transferred to four new mass culture vials to initiate
the next generation (van de Zande et al. 2014). Per vial, 50 hosts (Calliphora vomitoria fly pupae) are provided for oviposition. To ensure optimal mixing of the wasps,
the parasitized hosts are re-distributed over four new mass culture vials before offspring emerge. Approximately 14 days are needed to complete a cycle under 25 °C
and a 16 hours light, 8 hours dark scheme.

2.2.2 Experimental design
We generated a family structure to allow estimation of genetic parameters using a
mixed linear model and pedigree relationships among individuals (Henderson 1984).
Half-sib families were created by making mating groups of one male (sire) with five
virgin females (dams). To collect virgin wasps, a large number of parasitized hosts
from the mass reared outbred population were opened, and male and female pupae
were collected separately, approximately three days before emergence. Following
emergence, we put one male and five females in one vial and allowed them to mate
for two days. After mating, we placed each female individually into a new vial with
two host pupae, in order to split larval environments (i.e., the host) within full-sib
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families. After two days of oviposition, we removed the female and placed the hosts
in separate vials kept at 25 °C and a 16 hours light, 8 hours dark regime. Female
offspring eclosed after 13 or 14 days. From each host, we collected three female
offspring, yielding six experimental daughters per full-sib family. In total, 1889 individuals were used in this study, including 55 sires, 265 dams and 1569 female offspring. All of the hosts used in this study were provided by a single commercial supplier in a single batch.

2.2.3 Morphological trait measurements
The right forewing and right hind-tibia of 1569 female offspring were dissected and
mounted in Euparal (Waldeck GmbH & Co. KG, Division Chroma, Münster, Germany)
under coverslips on microscope slides. The right hind-tibia was collected in this
study, because tibia length can be used as a proxy of body size for parasitoids
(Godfray 1994). We used tibia length to scale wing size, so as to remove the correlation between the wing size and body size. Slides were photographed on a Zeiss Imager.A1 microscope (Zeiss AG, Göttingen, Germany) at 2.5x magnification. Data for
wing size, wing shape, and tibia length were obtained by positioning landmarks on
each digitized wing using tpsDig software (Rohlf 2013), which expresses landmarks
as x and y coordinates in Cartesian space. Six landmarks were located on the spike
and the joint points of the hind tibia (Figure 2.1a) and 11 landmarks on the wing
setae, on the wing margin, and on the free ends of wing veins (Figure 2.1b). To check
the consistency of where we placed the landmark positions, we estimated the repeatability by re-measuring approximately 100 wings. A very high repeatability
(~0.98) was obtained, which indicates that positioning of the landmarks is highly repeatable and consistent. The wing size traits and tibia length were calculated from
the distance between two landmarks using their coordinates (Table 2.1).
Compared to wing size, wing shape is more difficult to define, and we assessed wing
shape variation using different methods. First, wing shape was calculated as the wing
aspect ratio, which was defined as wing length divided by wing width. Second, we
investigated wing shape as scaled wing length and width in which both traits were
scaled to the tibia length. In addition, we also quantified wing shape using geometric
morphometrics, in which the raw coordinates digitized by tpsDig were analysed in
MorphoJ (version 1.07a; Klingenberg 2011). In MorphoJ, the Procrustes superimposition created a consensus wing shape using all 11 landmarks for all individuals. A
principal component analysis (PCA) was performed using the covariance matrix of
the Procrustes shape coordinates, and the individual first principle component,
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called “wing shape PC” in this study, was used to assess wing shape variation. In total,
eight morphological traits were analyzed, including one body size trait (tibia length),
three wing size traits (wing length, wing width, and wing surface), four wing shape
traits (wing aspect ratio, scaled wing length, scaled wing width and wing shape PC).
Table 2.1 Trait description
Traits (units)
Description
Tibia length (µm)
Distance between the proximal and distal ends. Tibia
length was measured as the distance between landmarks
2 and 5 (Figure 2.1a ).
Wing length (µm)
The maximum distance between the notch at the proximal edge of the costal cell and the distal part of the wing.
Wing length was measured as the distance between landmarks 1 and 7 (Figure 2.1b).
Wing width (µm)
The perpendicular distance between two lines parallel to
the length axis. Wing width was measured as the distance
between landmarks 4 and 10 (Figure 2.1b).
2
Wing surface (µm )
The area within the closed polygon defined by landmarks: 1 through 11 and back to 1 (Figure 2.1b ).
Wing aspect ratio (-)
The ratio of wing length to wing width.
Scaled wing length (-) The ratio of wing length to tibia length.
Scaled wing width (-)
Wing shape PC (-)

The ratio of wing width to tibia length.
The first principle component of the Procrustes shape coordinates covariance matrix
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Figure 2.1 (a) Landmarks on a Nasonia vitripennis hind tibia. (b) Landmarks on a Nasonia vitripennis forewing, used to calculate wing morphology traits described in Table 2.1.

2.2.4 Data analysis
Variance components In total, records of 1569 individuals, representing 55 half-sib
and 265 full-sib families, were analyzed for the above eight morphological traits.
Data were analysed with a linear mixed sire and dam model. We used a sire-dam
model, rather than a full animal model, because relationships between paternal sibs
differ from those between maternal sibs in haplodiploids (see below; a fitted full animal model using an inverted haplo-diploid relationship matrix yielded identical results). In addition, host identity was included in the model, because individuals developing in the same host share the same environment and are full siblings that may
show a dominance covariance. An analysis with a permanent dam effect for all offspring of the same mother was also performed, but the dam effect was small and
not statistically significant. Hence, the permanent dam effect was not included in the
statistical model. Therefore, in matrix notation, our final model was:
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𝐲 = 𝑢 + (𝐙𝒔 𝐮𝒔 + 𝐙𝒅 𝐮𝒅 ) + 𝐙𝒄 𝐜 + 𝐞
Where 𝐲 = the vector of observed traits
𝐮𝒔 = a vector of sire additive genetic effects
𝐮𝒅 = a vector of dam additive genetic effects
𝐜 = a vector of host effects (“common environment” effects)
𝐞 = a vector of residual errors.
𝑢 was the overall mean of phenotypic records. The sire (𝐮𝒔 ), dam (𝐮𝒅 ), and host effect (𝐜) were taken as normally distributed and independent random effects. Zs, Zd
and Zc were known design matrices assigning observations to the level of 𝐮𝒔 , 𝐮𝒅 ,
and c, respectively.
In haplodiploids, female offspring of the same (haploid) father all share his full paternal haplotype. For this reason, the sire-variance in the above model equals half of
the additive genetic variance. Female offspring of the same (diploid) mother, in contrast, share only 50% of their maternal haplotype because of Mendelian segregation
and recombination. Thus, as in diploids, the dam-variance in the above model equals
one quarter of the additive genetic variance. Thus, the above sire-dam model is a
type of reduced animal model (Quaas and Pollak 1980), but the dam variance equals
half the sire variance, 𝜎𝑑2=0.5𝜎𝑠2. We forced the dam variance to be equal to half the
sire variance in our animal model and calculated additive genetic variance as twice
the sire variance, 𝜎𝑎2 = 2𝜎𝑠2. Phenotypic variance equals 𝜎𝑝2 = 𝜎𝑠2 + 𝜎𝑑2 + 𝜎𝑐2 +
𝜎𝑒2 = 1.5𝜎𝑠2 + 𝜎𝑐2 + 𝜎𝑒2, where 𝜎𝑐2 is the variance of host effects and 𝜎𝑒2 is the residual variance.
All analyses were performed using the ASReml software (Gilmour et al. 2012). The
genetic variance components were estimated by restricted maximum likelihood
(REML), while effects were predicted with the best linear unbiased prediction (BLUP)
method.
Heritability and phenotypic and genetic correlations For the estimation of heritabilities and the variance due to host effects, we used estimates of single trait analysis.
Heritabilities were calculated as:
2𝜎𝑠2
ℎ2 =
1.5𝜎𝑠2 + 𝜎𝑐2 + 𝜎𝑒2
In addition, the relative variance due to the host effects was calculated as:
σ2c
c2 =
2
1.5σs + σ2c + σ2e
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The significance of variance components was tested by log likelihood-ratio tests
(Lynch and Walsh 1998). We also calculated the coefficient of additive genetic variation (CVA) for wing size and shape traits from the estimated genetic components as
𝐶𝑉𝐴 =

100∗ √𝑉𝐴
𝑋̅

, where 𝑉𝐴 is the additive genetic trait variance and 𝑋̅ is the trait

mean.
To evaluate whether different morphological traits share a common genetic basis,
we performed a multivariate analysis. As this analysis did not converge, instead we
estimated genetic correlations between traits, using a bivariate version of the linear
mixed sire-dam model shown above with,
𝜎𝑠 12
𝑟𝑔12 =
√𝜎𝑠21 𝜎𝑠22
where 𝜎𝑠 12 is the additive genetic sire covariance between two traits (trait 1 and trait
2).

2.3 Results
All morphological traits measured in the outbred HVRx N. vitripennis population exhibited variation (Table 2.2). The heritability estimates (h2) for all wing and tibia traits
were significantly different from zero (LRT: p < 0.05; Table 2.3). Apart from wing
shape PC, the estimates of heritability for wing shape traits are about twice as large
as the heritabilities for wing size traits, around 0.10 for size traits and 0.25 for wing
shape traits. In contrast to the heritabilities, estimates of evolvability are slightly
larger for wing size traits than for wing shape traits. Hence, when genetic variability
is expressed relative to the mean trait value rather than the total phenotypic variance, wing size traits show the most additive genetic variation. Remarkably, large
host effects (c2) were found for size traits, but not for wing shape traits (Table 2.3).
Host effects explain more than 50% of phenotypic variance for wing size traits,
whereas host effects explain only less than 10% for wing shape traits.
Phenotypic and genetic correlations were consistent for all pairs of traits (Table 2.4).
Both phenotypic and genetic correlations among wing size traits are very high, close
to 1. The high correlations suggest the existence of both genetic and non-genetic
factors that are common to wing size traits, so that individuals with, e.g., longer
wings, also tend to have wider wings and a larger wing surface. Similarly, tibia length
showed a high positive correlation with wing size traits, both phenotypically and genetically. Some significant correlations were also found among wing shape traits. For
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instance, the genetic and phenotypic correlations are high between scaled wing
length and scaled wing width, as 0.83 and 0.84, respectively. In contrast, most genetic correlations between size traits and wing shape traits were not significant.

Table 2.2 Means, standard deviation (SD), coefficients of phenotypic variation (CV),
minimum and maximum values for morphology traits measured in N. vitripennis
Traits (units)
Tibia length (µm)
Wing length (µm)
Wing width (µm)
Wing surface (µm2)

Mean

SD

CV (%)

Min.

Max.

642.01

38.02

5.92

356.35

729.75

4.51
4.83
9.08

1634.13
740.55
7.39×105

2233.80
1041.98
1.41×106

2013.52
90.76
932.11
44.98
6
1.14 ×10 1.03×105

Wing aspect ratio (-)

2.16

0.03

1.53

2.01

2.35

Scaled wing length (-)

3.13

0.08

2.67

2.83

3.45

Scaled wing width (-)

1.45

0.04

2.73

1.31

1.61

0

0.02

-

-0.063

0.058

Wing shape PC (-)
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3.31×10

-4

1.55×10-3

1435.00
8136.90
1996.80
1.05×1010
1.10×10-3
6.97×10-3

𝜎𝑝2

2

0.09 ± 0.03

0.25 ± 0.05

0.09± 0.04
0.07 ± 0.04
0.11 ± 0.05
0.09 ± 0.04
0.25 ± 0.05
0.20 ± 0.04

h2

-

1.35

1.72
1.22
2.19
2.68
0.78
1.19

CVA (%)

0.05 ± 0.03

0.07 ± 0.03

0.34 ± 0.03
0.56 ± 0.04
0.53 ± 0.04
0.56 ± 0.04
0.08 ± 0.03
0.08 ± 0.03

c2

𝑉𝑎 : additive genetic variance; 𝑉𝑐 : variance of host effects; 𝑉𝑝 : phenotypic variance; ℎ : heritability with standard errors;
CVA: coefficient of additive genetic variation; 𝑐 2 : proportion of variance due to host effects with standard errors

1.77×10

-5

-5

2.85×10

1.01×10-4

3.82×10-4

Scaled wing width

Wing shape PC

492.33
4553.36
1053.17
5.94×109
8.24×10-5
5.69×10-4

𝜎𝑐2

122.20
601.64
214.80
9.32×108
2.79×10-4
1.39×10-3

𝜎𝑎2

Tibia length
Wing length
Wing width
Wing surface
Wing aspect ratio
Scaled wing length

Traits

Table 2.3 Estimated variance components effect for wing morphology traits and tibia length
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-0.50*
(0.02)

0.02
(0.03)

Scaled wing
width

Wing shape
PC

* Significant at P < 0.05

-0.61*
(0.02)

Scaled wing
length

(0.01)

-0.17*
(0.03)

(0.01)

0.78*

Wing surface

Wing aspect
ratio

0.98*

0.76*
(0.01)

Wing width

0.005
(0.03)

-0.01
(0.03)

-0.06*
(0.03)

-0.08*
(0.03)

0.95*
(0.01)

-

0.77*
(0.01)

Wing length

0.67*
(0.17)

-

Wing
length

Tibia length

Tibia
length

0.0006
(0.03)

0.08*
(0.03)

-0.14*
(0.03)

-0.39*
(0.03)

(0.01)

0.98*

-

0.86*
(0.07)

0.59*
(0.17)

Wing
width

0.01
(0.03)

0.03
(0.03)

-0.11*
(0.03)

-0.24*
(0.03)

-

0.95*
(0.02)

0.97*
(0.02)

0.69*
(0.15)

Wing
surface

-0.07
(0.03)

-0.29*
(0.03)

0.27*
(0.03)

-

(0.23)

-0.33

-0.62*
(0.17)

-0.13
(0.25)

-0.11
(0.22)

Wing aspect ratio

-0.002
(0.03)

0.84*
(0.01)

-

0.09
(0.16)

(0.23)

0.02

0.08
(0.22)

0.07
(0.26)

-0.68*
(0.15)

Scaled wing
length

0.02
(0.03)

-

0.83*
(0.05)

-0.51*
(0.12)

(0.23)

0.16

0.36
(0.20)

0.13
(0.25)

-0.51*
(0.17)

Scaled wing
width

-

-0.07
(0.18)

0.22
(0.19)

0.24
(0.23)

(0.28)

-0.20

-0.26
(0.26)

-0.03
(0.34)

0.13
(0.32)

Wing
shape PC

Table 2.4 Estimated genetic (above diagonal) and phenotypic (below diagonal) correlations with their standard errors (SE) in
brackets
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2.4 Discussion
In order to understand genetic variation in wing morphology in Pterygota insects, we
estimated genetic parameters for wing size and shape in an outbred population of
N. vitripennis. Low (~ 0.10) to moderate (~ 0.25) heritabilities were found for wing
size and wing shape traits. However, evolvabilities of all of the traits measured as
their CVA were low, ranging from 1.19% to 2.68%. Our evolvability estimates agree
with (Houle 1992), who observed similar values for wing length in Drosophila melanogaster. The similarity between estimates of evolvability for wing morphology indicates that wing morphology traits have a low capacity to respond to selection when
the response is measured relative to the trait average.
Wing size traits generally had lower heritabilities compared to wing shape traits (Table 2.3). An explanation for these lower heritabilities is the large host effect. We
could disentangle additive genetic effects from host effects because i) our data contained both full siblings and half siblings, and ii) each full sib family emerged from
two distinct hosts. Results show that the host environment (indicated by c2) had a
large and highly significant effect and explained about half of phenotypic variance
for wing and body size traits, but not for wing shape traits (Table 2.3). Wing shape
traits, including wing aspect ratio, scaled wing length and width, were defined as the
ratio of size traits and thus the host effects on them had been scaled out, leading to
smaller phenotypic variance. Small host effects were also found for wing shape PC,
which is a size-free trait (i.e. this PC was estimated based only on coordinates in Cartesian space and not on size traits). Thus host effects have only limited impact on
wing shape traits. In contrast to wing shape traits, developing in the same host generated an increased similarity of wing size traits between siblings. This finding suggests that natural selection may have only limited access to the genetic variation for
these traits because most of the phenotype on which selection may act is due to the
developmental host. It is therefore important to investigate the causes of this host
effect, for instance through the hosts’ nutritional composition, as well as how (genetic variation for) the mother’s host selection behaviour exerts selection on the
wing size and shape phenotype of her offspring (see below).
In addition, the large host effects may also explain the low heritability estimates
compared to other studies. We have found no other studies on the quantitative genetics of wing morphology in Nasonia. However, much higher heritability estimates
of wing traits have been reported in Drosophila and other winged insect species
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(Messina 1993, Hoffmann and Schiffer 1998, Bitner-Mathe and Klaczko 1999a,
Matta and Bitner-Mathe 2004, Moraes et al. 2004, Moraes and Sene 2004). For
example, estimated heritabilities for female wing length and width were 0.65 and
0.58, respectively, in Drosophila melanogaster (Hoffmann and Schiffer 1998), while
heritability estimates of wing aspect ratio range from 0.30 to 0.62 (Bitner-Mathe and
Klaczko 1999a, Matta and Bitner-Mathe 2004, Moraes et al. 2004). The relatively low
heritabilities found in our study indicate either lower genetic variance and/or higher
non-genetic variance in our population. The estimate of evolvability (CVA) for wing
length in Nasonia is similar to the value found in Drosophila melanogaster (1.22 in
Nasonia vs 1.56 in Drosophila (Houle 1992). These similar CVA estimates suggest that
the level of genetic variation may not be the main reason of low heritabilities found
in our study. Furthermore, the larval densities in Drosophila heritability studies are
generally all controlled for larval density, reducing the variance introduced by larval
competition. Similar to the host effect observed in our study, several studies have
shown an effect of larval densities on Drosophila morphological traits, including wing
morphology (DeMoed et al. 1997, Bitner-Mathe and Klaczko 1999b).
Interestingly, when omitting the host effect from the statistical model, the estimated
heritability for wing length, for example, increased by a factor of eight (from 0.07 to
0.58). This result shows that inclusion of a host effect is essential when estimating
genetic parameters for size-related traits in Nasonia. The effect of host quality on
parasitoid size has been reported long ago (see Godfray 1994). Rivers and Denlinger
(1994) also reported an effect of the host on body size in N. vitripennis, where body
size increases with the weight of the host. It is, therefore, important to realize the
contribution of hosts to the variation between individuals. To our knowledge, this is
the first study to quantify the extent of host effects on the variation of quantitative
traits in N. vitripennis. For most parasitoids, host quality affects their life-history
traits and behaviour (Godfray 1994). In gregarious species (e.g., N. vitripennis), the
effect of the host on a single offspring depends not only on host size (reflecting total
amount of food), but also on the number of parasitoids developing within the host
(called “clutch size”). In N. vitripennis, sibling competition increases with clutch size
and has a stronger negative effects on the body size of females than on males (Sykes
et al. 2007). In addition, Nasonia females appear to be able to sense host quality and
adapt their reproductive behaviour accordingly. They adjust the proportion of male
offspring (sex ratio) according to host condition, laying small eggs with a large proportion of males into poor hosts (Rivers and Denlinger 1994, West and Rivero 2000,
Wang et al. 2013). Conversely, traits such as host size, clutch size and sex ratio can
be used as indicators of host quality (West and Rivero 2000). Unfortunately, we did
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not record host size, sex ratio nor clutch size in this study. In future studies, host
effect could be standardized by these indicators, or these indicators could be systematically varied to assess how they affect the ecology and evolution of natural
populations.
In addition to variance components, we also investigated relationships within and
between wing size and shape traits. We found strong phenotypic and genetic relationships between wing size traits. The genetic correlation estimates found here are
comparable to values found in Drosophila species (Wilkinson et al. 1990, Loeschcke
et al. 1999). These high genetic correlations indicate that wing size traits share a similar genetic background. Moreover, a high genetic correlation was found between
scaled wing length and scaled wing width. This high genetic correlation indicates that
wing length and wing width have substantial common genetic variation, even after
correcting for body size (as measured by tibia length). In other words, wing size traits
are genetically closely related to each other on top of their dependence on body size.
Further genetic studies (e.g. GWAS and/or QTL-analysis) will be helpful to further
substantiate this observation.
These high genetic correlations between wing size traits indicate that these traits will
not respond to natural selection independently. In other words, the response to selection of one wing size trait depends on the selection on other wing size traits. On
the one hand, these correlations can accelerate the rate of adaptive evolution if they
are in a favourable direction. On the other hand, however, these correlations can
constrain adaptive evolution when the correlated response in another trait has a fitness cost. For instance, when natural selection would favour long and narrow wings
because they give greater speed and endurance of flight, the strong positive genetic
correlation between wing length and width constrains response to selection for long
and narrow wings. To quantify such constraints, we calculated pair-wise conditional
evolvability for traits (Hansen et al. 2003; Supplementary Table S2.2). We observed
considerable reductions in evolvability, especially between size traits. This suggests
that size traits in Nasonia have limited ability for adaptive response to selection
when natural selection constrains the change in other size traits.
Surprisingly, we observed a weak negative phenotypic correlation between wing aspect ratio and length. This is surprising because it means that individuals with longer
wings have shorter wings when measured relative to their wing width (remember
wing aspect ratio is wing length/wing width). All eigenvalues of our genetic, host and
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residual covariance matrices were non-negative, meaning the estimates are statistically possible, and the negative correlation does not necessarily imply estimation error. The correlation between wing length and aspect ratio not only depends on the
(co)variances of wing length and wing width, but also on the mean values of those
traits (Van Noordwijk and De Jong 1986, Stuart and Ord 1994). Given the values presented in Tables 2.2 through 2.4, a relative increase in wing length goes together
with an even greater relative increase in wing width, resulting in a decrease of the
wing aspect ratio. This agrees with the negative correlation between wing length and
aspect ratio. A genetic study of wing size differences between N. vitripennis and N.
giraulti also indicated that wing width increased more than wing length when the
overall size of wings increased in an introgression line created by crossing N. vitripennis females and N. giraulti males (Weston et al. 1999). However, the phenotypic correlation between the two traits is very small, and the genetic correlation was not
significantly different from zero.
To conclude, we found variation for wing size and shape traits among individuals
from an outbred N. vitripennis population. By applying an adapted version of the
“animal model”, we further demonstrated that wing size and wing shape contained
significant additive genetic variation in the N. vitripennis HVRx outbred population.
Remarkably and importantly, we found that hosts rather than genetics explained
most of the phenotypical variation in wing size traits. Our findings also demonstrate
the importance of accounting for host effects to avoid very severe bias in the estimates of heritability. Our findings reported here increase the understanding of heritable variation for wing morphology in Nasonia. By combining this knowledge with
the wealth of genetic tools available for Nasonia, it facilitates the further genetic
dissection of wing morphology in N. vitripennis using tools such as genome-wideassociation and genomic prediction.
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2.7 Supplementary material
2.7.1 Conditional evolvability calculation
Conditional evolvability is a parameter to measure multivariate constraints on evolution (Hansen et al. 2003). Conditional evolvability measures the evolvability of a
trait (trait Y) when the correlated trait (trait X) is under strong stabilizing selection,
and it is determined by its conditional genetic variance (Hansen et al. 2003). Therefore, we computed conditional genetic variance and conditional evolvability using
the (co)variance components derived from bivariate analyses (supplementary Table
S2.1).
Conditional genetic variance (CGV) of the constrained trait Y on trait X was calculated as 𝐶𝐺𝑉 = Var(Y) −

cov(X,Y)2
Var(X)

, where Var(X) and Var(Y) are the additive ge-

netic sire variance of trait X and Y, repectively, and cov(X, Y)is the genetic sire covariance between two traits. We following computed conditional evolvability (CE)
of trait Y as 𝐶𝐸 =

√𝐶𝐺𝑉
𝑌̅

, where 𝑌̅ is the mean of trait Y.
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Abstract
Wing morphology is an important trait underlying flight ability in winged insects. To
investigate the genetic basis of wing morphology, we performed a genome-wide association study (GWAS) for additive and dominance effects on wing morphology and
tibia length in an outbred population of the parasitoid wasp Nasonia vitripennis, using 1,230 individuals with genotypes for 8,639 SNPs. We found 52 SNPs in several
distinct peaks across the genome with a genome-wide significant additive or dominance effect for wing morphology or tibia length. These peaks contained candidate
genes, most notably Rap1gap, Annunlin, Akap200, GSKIP, and Crb, that based on
known function, are expected to affect tibia length or wing morphology. In addition,
using an additive-dominance model, we further found considerable dominance effects for all traits except wing width and aspect ratio, explaining 4 to 8% of phenotypic variance. These findings contribute to a further dissection of the genetic basis
of wing morphology and body size in N. vitripennis.
Key words: wing, tibia length, Nasonia vitripennis, genome-wide association study,
dominance
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3.1 Introduction
The emergence of wings is recognized as a key innovation in the evolution of insects
as it enabled exploration of new habitats and facilitated fast dispersal (Kukalovapeck
1978). Flight performance is linked to adaptive behavior, including dispersal, courtship behavior, territorial displays, foraging, and avoiding predators (Dudley 2002,
Mayhew 2007). Given this close association with fitness, selection on flight ability
that fits the prevailing environment is expected to be strong. Many studies have
shown that flight ability is closely related to morphology of the wings and to body
size (e.g. wing aspect ratio and wing loading; Betts and Wootton 1988, Berwaerts et
al. 2002, Dudley 2002). In order to understand how natural selection shapes flight
ability, understanding the genetic basis of wing morphology is essential.
Previous studies have reported the presence of additive genetic variation for wing
size, shape, and other wing morphology traits in natural populations of winged insects, such as Drosophila (Whitlock and Fowler 1999, Mezey and Houle 2005), Nasonia (Chapter 2), and Callosobruchus (Messina 1993). Moreover, several quantitative trait loci (QTL) associated with wing morphology have been reported in Drosophila species using linkage mapping methods (Zimmerman et al. 2000, Matta
and Bitner-Mathe 2010). With the advent of next-generation sequencing technology and high-density SNP arrays, genome-wide association studies (GWAS) have enabled investigating the genetic basis of phenotypic variation at high resolution
(Burton et al. 2007).
GWAS use linkage disequilibrium (LD) at the population level to detect the genetic
loci linked to variation in quantitative traits (Korte and Farlow 2013). Over the last
decade, GWAS have been successfully applied in human genetics and disease studies
(Visscher et al. 2012, Visscher et al. 2017), especially for traits with a simple monogenetic basis. In addition, GWAS have shown great potential for deciphering the genetic architecture of a wide range of traits in animals and plants that are quantitative
in nature (Bergelson and Roux 2010, Zhao et al. 2011, Flint and Eskin 2012, Maxa et
al. 2012, Zhang et al. 2012, Korte and Farlow 2013, Swarup et al. 2013, Durham et
al. 2014, Vonesch et al. 2016). The widespread application of association studies has
considerably improved our understanding of the genetic basis of complex traits,
such as the number of loci affecting a trait, the proportion of genetic variation explained by the identified loci, and the contribution of dominance versus additive effects. To date, however, with the exception of Drosophila melanogaster
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(Zimmerman et al. 2000, Matta and Bitner-Mathe 2010, Pitchers et al. 2019), the
genetic architecture of insect wing morphology has been largely unexplored.
Nasonia is a genus of gregarious parasitoid wasps of blowfly pupae (Whiting 1967),
and includes four species: N. vitripennis, N. longicornis, N. giraulti, and N. oneida
(Werren et al. 2010). These species constitute powerful model organisms for research on developmental and evolutionary genetics (King 1993, Rivero and West
2002, Rivero and West 2005, Pannebakker et al. 2008). The genome sequences of N.
vitripennis, N. longicornis and N. giraulti have been released, and a range of genomic
and genetic tools are now available (Werren et al. 2010, Lynch 2015). These tools
have facilitated the investigation of gene expression and regulation, and the identification of genes involved in complex genetic traits (Wang et al. 2013, Ferree et al.
2015, Wang et al. 2015, Cook et al. 2018). All Nasonia species are capable of flight,
except for N. vitripennis males that have small vestigial wings and are therefore unable to fly (Weston et al. 1999, Loehlin et al. 2010a). The genetic basis of this interspecific difference in male wing size has been investigated by using QTL mapping and
introgression studies (Weston et al. 1999, Gadau et al. 2002, Rutten et al. 2004,
Loehlin et al. 2010a;b, Loehlin and Werren 2012). While a number of genes have
been identified that are involved in wing size differences between species, we do not
know whether flight-capability-altering alleles of these genes are also segregating in
populations of the individual species (Stern 2000). In our previous study, we demonstrated significant additive genetic variation for morphological traits in a Nasonia
vitripennis outbred population (Chapter 2). As this is currently the only study that
reported within-species heritable variation of wing morphology in Nasonia, our
knowledge of the genetic basis of variation in wing morphology within Nasonia species is still very limited. However, uncovering the genetic basis of within species variation is required to understand the inheritance and evolution of these complex traits
and what role they play in adaptation.
The main goal of this study is to investigate the genetic architecture of wing morphology traits and body size (here we use the length of the tibia as a proxy) in the
parasitoid wasp N. vitripennis. For this purpose, we estimated the contribution of
additive and dominance effect to the phenotypic variation. Moreover, we performed
a GWAS based on genotyping-by-sequencing (GBS) data to identify SNPs associated
with these traits, and to locate potential candidate genes.
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3.2 Materials and methods
3.2.1 Nasonia stock
We used the HVRx outbred population as our source population. This population was
established by van de Zande et al. (2014) from strains collected from a single field
population in The Netherlands. To preserve genetic diversity across generations, the
HVRx stock is maintained according to a fixed schedule, in which approximately 120
mated females in total are transferred to four new mass culture tubes to initiate the
next generation (van de Zande et al. 2014). Per tube, 50 blow fly pupae (Calliphora
vomitoria) are provided as hosts for oviposition. To ensure optimal mixing of the
wasps, the parasitized hosts are re-distributed over four new mass culture tubes
each generation before offspring emerge. Approximately 14 days are needed to
complete a cycle at 25 °C at 16 hours light: 8 dark conditions. At the start of this
study, the HVRx stock had been maintained in the laboratory for 169 generations.

3.2.2 Morphological trait measurements
In total, 1,248 females were randomly collected from two generations of the HVRx
population; 720 individuals from generation 169 (G169), and 528 individuals from
generation 172 (G172). The right forewing of each wasp was dissected and mounted
in the mounting medium Euparal (Waldeck GmbH & Co. KG, Division Chroma, Münster, Germany) under coverslips on microscope slides. Slides were photographed on
a Zeiss Imager.A1 microscope (Carl Zeiss AG, Göttingen, Germany) at 2.5x magnification. Data for wing morphology were obtained by positioning landmarks on each digitized wing, using tpsDig software (Rohlf 2013). This program expresses landmarks
as x and y coordinates in Cartesian space. Eleven landmarks were located on the
wing setae, on the wing margin, and on the free ends of wing veins, following our
previous study (Chapter 2). The coordinates of the landmarks were used to calculate
the following wing traits: wing length, wing width, the second moment area, and the
wing aspect ratio. Wing length is the maximum distance between the notch at the
proximal edge of the costal cell and the distal part of the wing (measured as the
distance between landmarks 1 and 7). Wing width is the perpendicular distance between two lines parallel to the length axis (measured as the distance between landmarks 4 and 10). The wing aspect ratio is a measure of wing shape and is defined as
wing length divided by wing width. Hence, a small wing aspect ratio indicates short
broad wings, whereas a high wing aspect ratio indicates long narrow wings. The second moment area is a measure of the lift force of a wing, and is the integral of the
product of wing area and squared distance to the pivot point of the wing. The second
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moment area was calculated by numerical integration, dividing the wing into N narrow strips. Wing strips were created by dividing wing length into N equal parts and
drawing lines perpendicular to the wing length axis through those points. Then the
second moment area I (in mm4) was calculated as:
𝑁𝑁

𝐼𝐼 = � 𝐿𝐿2𝑖𝑖 × 𝐴𝐴𝑖𝑖
𝑖𝑖=1

where 𝐿𝐿𝑖𝑖 is the distance between landmark 1 and the centroid of wing strip i, and 𝐴𝐴𝑖𝑖
is the surface area of wing strip i. The second moment area is an important trait,
because it is proportional to the mean lift force in a quasi-steady aerodynamic analysis (Weisfogh 1973, Ellington 1984). Because the airspeed is greater at the wing tip
than at the root, wing area further away from the root receives a greater weight in
the calculation of I.

3.2.3 DNA Isolation and sequencing
After detaching the wing, the remaining body was immediately put into an Eppendorf tube with DNA buffer provided by QIAamp DNeasy® 96 Blood & Tissue Kit (Qiagen, #6958) to prevent DNA degradation. DNA was extracted by using QIAamp
DNeasy® 96 Blood & Tissue Kit, following the manufacturer’s instructions. Afterwards, DNA yield and quality were checked by full-spectrum spectrophotometer
NanoDrop 2000 (Thermo Scientific) and Qubit 2.0 fluorometer (Invitrogen, Carlsbad,
CA, USA). After qualification and quantification, DNA samples were subjected to genotyping-by-sequencing (GBS) to identify single nucleotide polymorphisms (SNPs)
across the genome.
GBS is a reduced representation approach that uses restriction enzymes to fragment
the genome (Elshire et al. 2011), with subsequent size-selection. In this study, GBS
consisted of the following steps: 1) theoretical fragment size selection; 2) library construction: individual DNA samples were digested by the ApeKI restriction enzyme and
adapters added to both ends of the DNA segments (one end containing a barcode to
identify the individual sample, the other without). After samples were pooled and
cleaned, fragments with different adapters at both ends and with a size between 170
and 350bp were amplified by polymerase chain reaction (PCR); and 3) sequencing of
these libraries.

3.2.4 Alignment, variants calling and filtering
After reads were sorted by individual and DNA barcodes were removed, cleaned sequence reads were aligned to the N. vitripennis reference genome (Nvit_2.1,
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https://www.ncbi.nlm.nih.gov/assembly/GCF_000002325.3/) by using the BWAmem algorithm (Version 0.7.15; Li and Durbin 2009). The alignment files were converted to BAM format, sorted, and indexed using Samtools (Version 0.1.19; Li et al.
2009). Freebayes (Version 1.9; Garrison and Marth 2012) was used to detect genotyping variants. In total, 8,405,551 polymorphisms were identified, but the vast majority of mapped reads were spurious resulting from the inherently imperfect size
selection step in creating the reduced representation library for GBS (Gao et al.
2019). The result of this imperfect size selection is that off-target positions in the
genome can be included, which can be mitigated by strict selection for on-target positions, and filtering based on high genotyping rate per SNP, both applied to the data
set in this study. These SNPs were filtered by using PLINK (Version 1.9, Purcell et al.
2007) according to the following criteria: 1) read depth between 9 and 300, 2) call
rate greater than 80%, 3) Hardy-Weinberg equilibrium (HWE) exact test p-value
above 10-4, and 4) minor allele frequency (MAF) higher than 0.02. Moreover, individuals with more than 30% missing SNPs were removed. After filtering, 8,639 SNPs remained across the whole genome of 1,230 individuals (717 in G169 and 513 in G172).
The distribution of the SNPs after filtering is shown in Supplementary Figure S3.1.

3.2.5 Statistical model
To investigate the additive and dominance effects for wing morphology and tibia
length, we performed a genome-wide association study with a linear mixed model.
We used a single-SNP GWAS, fitting the additive and dominance effects of one SNP
at a time as fixed effects. To account for family relationships in our population (“population stratification”), we also fitted random polygenic additive and dominance effects. Moreover, we previously found that much of the phenotypic variance of wing
morphology and tibia length can be attributed to the host in which the wasp had
developed (Chapter 2). We therefore included a host effect in the mixed model for
individuals from G172. For the individuals from G169 we could not include a host
effect, as we did not have information on the host origin of individuals. Therefore,
the association study was performed based on following model:
𝒆𝒆
𝟎𝟎
� + �𝒆𝒆1 �,
𝒚𝒚 = 𝜇𝜇 + 𝑿𝑿𝑿𝑿 + 𝒔𝒔𝑖𝑖 𝑎𝑎𝑖𝑖 + 𝑲𝑲𝑖𝑖 𝜃𝜃𝑖𝑖 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + 𝒁𝒁𝑑𝑑 𝒅𝒅 + �
𝒁𝒁𝑐𝑐 𝒄𝒄
2
where y is the vector of phenotypic records, 𝜇𝜇 is an intercept, b is a vector of fixed
effects, X is a design matrix relating observations to the corresponding fixed effects.
The 𝒔𝒔𝒊𝒊 is a vector of allele counts of each individual for the i-th SNP, coded as 0, 1 and
2 for the one homozygote, the heterozygote, and the other homozygote, respectively, and 𝑎𝑎𝑖𝑖 is the fixed additive genetic effect of this SNP (Falconer and Mackay
1996). 𝑲𝑲𝒊𝒊 is a vector of dominance genotypes for SNPi with the heterozygote coded
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as 1 and both homozygotes coded as 0, 𝜃𝜃𝑖𝑖 is the fixed dominance effect of the i-th
SNP (𝜃𝜃𝑖𝑖 is the deviation of the genotypic value of the heterozygote from the mean
genotypic value of both homozygotes; Falconer and Mackay 1996). 𝒁𝒁𝒈𝒈 is an incidence matrix that relates additive polygenic values (so-called “breeding values”) to
the animals, g is a vector of random additive polygenic effects of all individuals, 𝒅𝒅 is
a vector of random dominance polygenic effects, and 𝒁𝒁𝒅𝒅 is the corresponding incidence matrix, 0 is a vector of zeros for the individuals in G169, c is a vector of random
host effects for the individuals in generation G172, 𝒁𝒁𝒄𝒄 is the corresponding incidence
matrix, e1 is a vector of random residuals for G169, and e2 is the corresponding vector
for G172.
The additive, dominance, and host effects were assumed to be normally distributed,
𝒈𝒈~𝑁𝑁(0, 𝑮𝑮𝜎𝜎𝑔𝑔2 ), 𝒅𝒅~𝑁𝑁(0, 𝑫𝑫𝜎𝜎𝑑𝑑2 ) and 𝒄𝒄~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑐𝑐2 ), respectively, where 𝜎𝜎𝑔𝑔2, 𝜎𝜎𝑑𝑑2 and 𝜎𝜎𝑐𝑐2
are the genetic, dominance and host variances, G is a matrix of additive genomic
relationships, and D a matrix of dominance genomic relationships between individuals. Allele frequencies of the current population were used to construct G, following
𝑾𝑾𝑾𝑾′

Method I of VanRaden (2008), 𝑮𝑮 = 2 ∑ 𝑝𝑝

𝑗𝑗 �1−𝑝𝑝𝑗𝑗 �

, where 𝑝𝑝𝑗𝑗 is the allele frequency at

locus 𝑗𝑗, 𝑾𝑾 is a matrix of centered allele counts, with elements 𝑊𝑊𝑖𝑖𝑖𝑖 being the code of
the genotype at locus 𝑗𝑗 for individual 𝑖𝑖, with (0 − 2𝑝𝑝𝑗𝑗 ) for the homozygote, (1 −
2𝑝𝑝𝑗𝑗 ) for the heterozygote, and (2 − 2𝑝𝑝𝑗𝑗 ) for the opposite homozygote. The 𝐃𝐃 was
𝑴𝑴𝑴𝑴′

built following Vitezica et al. (2013), 𝐃𝐃 = ∑ (2𝑝𝑝
𝑖𝑖

𝑖𝑖 (1−𝑝𝑝𝑖𝑖 ))

2

2

, where 𝑀𝑀𝑖𝑖𝑖𝑖 is the code of the

genotype at locus 𝑗𝑗 for individual 𝑖𝑖, with −2�1 − 𝑝𝑝𝑗𝑗 � for the homozygote, 2𝑝𝑝𝑗𝑗 (1 −
𝑝𝑝𝑗𝑗 ) for the heterozygote, and −2𝑝𝑝𝑗𝑗2 for the opposite homozygote. Both G and D were

calculated using the calc_grm software (Calus and Vandenplas 2016). Because the
host effect could not be fitted for individuals from G169, variation originating from
the host may end up in the residual variance for these individuals. For this reason,
we estimated the residual variance for the G169 and G172 populations separately.
The residual effects of G169 and G172 were assumed to be normally distributed,
𝒆𝒆𝟏𝟏 ~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑒𝑒21 ) and 𝒆𝒆𝟐𝟐 ~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑒𝑒22 ), respectively, where 𝜎𝜎𝑒𝑒21 and 𝜎𝜎𝑒𝑒22 are the residual
variances of G169 and G172, respectively.

Variance components were first estimated without SNP effects in the model. Subsequently the variance components were fixed to their estimated values in the GWAS
analyses. Both variance component estimation and GWAS were performed using
ASReml (Gilmour et al. 2012). The statistical significance of additive and dominance
variance was tested using a likelihood-ratio test (LRT; Lynch and Walsh 1998):
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LR=-2(LogLR – LogLF),
where LogLR is the log-likelihood of the reduced model, and LogLF the log-likelihood
of the full model. We used a Chi-square (χ2) distribution with one degree of freedom to obtain p-values.
The p‐values of SNPs were visualized along the chromosomes using the Manhattan
function in the R package qqman (Version 0.1.4; Turner 2014), and the distribution
of p‐values was evaluated with quantile–quantile plots (Q–Q plots) in qqman (Version 0.1.4). To determine the significance of SNPs, the genome-wide false discovery
rate (FDR) was derived from the obtained p‐values of SNPs, separately for each trait,
using the q-value package in R (R Core Team 2014). SNPs with a FDR < 0.1 were considered significant.

3.3 Results
3.3.1 Genetic variances and evidence of pleiotropy
Components of phenotypic variation and their proportion of the total phenotypic
variance of each trait are shown in Table 3.1. Heritabilities were moderately high and
significantly different from zero for all traits. Apart from the second moment area,
heritability estimates were slightly lower in G169 than G172, ranging from 0.15 to
0.26 in G169 and from 0.19 to 0.25 in G172. The dominance variance was significant
(LRT: p < 0.05) for most of the traits, except for wing aspect ratio and wing width.
Estimates of the relative dominance variance (d2) for tibia length and wing morphology traits were broadly similar. The dominance effects contributed on average about
5% of the total phenotypic variance, which corresponds to approximately a quarter
of the additive genetic variance. The host effect explained a very large proportion of
variance in wing length, width, second moment area, and tibia length; on average
about 60%, which is about three-times the additive genetic variance. In contrast, as
we have shown before in an independent data set (Chapter 2), host effects explained
only a small part of the phenotypic variance of the wing aspect ratio. This result suggests that the host exerts an effect on the size traits, but that it leaves ratios of size
traits largely unaffected. Because the host effects could be included only for G172,
the residual variance for size-related traits was substantially larger for G169 than for
G172, the difference being about a factor of seven. The model with separate residual
variances for both generations was very significantly superior over a model with a
single residual variance (p<0.001).
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Table 3.1 Estimated variance components and proportion of phenotypic variance explained by additive, dominance and host effects for wing morphology traits and tibia length
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Figure 3.1 shows the Manhattan-plots for tibia length and the wing morphology
traits. Several genome-wide regions were significantly associated with additive or
dominance effects for tibia length and the wing morphology traits (FDR < 0.1), but
not for wing aspect ratio. Table 3.2 summarizes the SNPs with largest p-value of
these regions (a full list of significant SNPs see Supplementary Table S3.1 ). Q‐Q plots
show that the p‐values for all traits were distributed as expected under the null-hypothesis; no obvious inflation was observed for most traits, though second moment
area and wing aspect ratio show a little bit of inflation (Supplementary Figure S3.2).
Interestingly, the association pattern was similar for size traits including tibia length,
wing length, width, and the second moment area, and several peaks overlapped
among these traits, for instance the region on chromosome 1 at 26.81 Mb (Figure
3.1 and Table 3.2). This result suggests a similar genetic background for these traits,
indicating pleiotropic effects. In addition, regions with significant additive effects often also had significant dominance effects, and vice versa (Figure 3.1). This suggests
that a SNP with an additive effect often also has a dominance effect on size traits in
Nasonia.

3.3.2 Genome regions of significance
For tibia length, two genomic regions were detected with significant additive and
dominance effects. The first region on chromosome 1 at 26.81 Mb contains a single
significant SNP with an additive effect of 22.93 µm and a dominance of 24.66 µm,
indicating complete dominance of the allele increasing tibia length. The second significant region locates on chromosome 2 between 0.57 to 0.59 Mb. This region contains seven significant SNPs, of which the most significant SNP showed an additive
effect of 49.46 µm and a dominance effect of −49.62 µm. Hence, the allele increasing
tibia length is completely recessive here.
For wing length, five genomic regions were detected with significant additive and/or
dominance effects. The first region on chromosome 1 at 3.88 Mb contains a single
significant SNP, and this SNP showed significant additive effect. The dominance effects of this SNP could not be estimated because homozygotes for the alternative
allele were absent. The same was observed at the fourth region on chromosome 3
at 0.24 Mb. In contrast, the second region on chromosome 1 at 26.81 Mb and the
third region on chromosome 2 at 28.49 Mb, showed significant dominance effects
but no significant additive effects. Both regions contain only one significant SNP, and
these two SNPs showed a dominance effect of 60.78µm and 38.06µm, respectively.
The fifth region located on chromosome 3 at 21.44Mb, was found to be significantly
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associated with wing length, with both additive and dominance effects. Five significant SNPs are present in this region and the most significant SNP showed an additive
effect of 44.97 µm and a dominance effect of 41.97 µm.
For wing width, only a single SNP on chromosome 1 at 3.88Mb was significantly associated, showing an additive effect only. This same SNP was also associated with
wing length and second moment area, which indicates a pleiotropic effect.
For second moment area, eight regions showed significant additive and/or dominance associations. The first region locates on chromosome 1 between 1.26 to 1.45
Mb, and showed significant additive and dominance effects. In total, this region contains 24 significant SNPs, of which the most significant SNP showed an additive and
dominance effects of 0.125 mm4 and -0.12 mm4, respectively. The second region on
chromosome 1 at 3.88 Mb, as also found in wing length and width, contains a single
SNP with significant additive association but not dominance. The third region on
chromosome 1 at 26.81 Mb contains one significant SNP with an additive effect of
0.047 mm4 and a dominance of 0.036 mm4. Interestingly, as shown above, this region
was also associated with tibia length and wing length. The fourth region on chromosome 2 at 9.82 Mb contains a single SNP, and only showed a significant dominance
effect of -0.021 mm4. In contrast, the fifth region at 0.24 Mb and sixth region between 2.52 and 2.83 Mb on chromosome 3 only showed significant additive effects.
The seventh region locates at 21.44 Mb on chromosome 3, showed significant associations with both additive and dominance effects. This region was also observed
with significant association with wing length. The most significant SNP in this region
showed a similar additive and dominance effects for second moment area, of 0.036
mm4. Finally, the eighth region locates on chromosome 5 at 5.22 Mb with a single
significant SNP. This SNP showed a significant additive effect of 0.058 mm4, while no
significant dominance effect was observed.
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Figure 3.1 Manhattan plot of the genome-wide association study for additive effects
(left) and dominance (right) effects on tibia length and wing morphology traits in N.
vitripennis. FDR threshold was 0.1 (blue line). If no SNP reached the FDR-threshold,
the threshold could not be estimated and is not plotted. The y-axis shows the −log10
(P-values) of single-SNP associations, the x-axis the physical position of the SNPs
across the five chromosomes.
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* p-value significant at FDR < 0.1
Regions: the order of significant regions on the genome for each traits; Most sign. SNP: the SNP position information, labelled as chromosome
number : position in bp; MAF: minor allele frequency; 𝑎𝑎�: estimates of SNP additive genetic effect, this value corresponds to the effect of the
minor allele; 𝑑𝑑̂: estimates of SNP dominance effect; α is the allele substitution effect, calculated as 𝑎𝑎� + (𝑞𝑞 − 𝑝𝑝)𝑑𝑑̂ where 𝑝𝑝 and 𝑞𝑞 are allele
frequencies; 𝜎𝜎𝑎𝑎2 : is the SNP additive genetic variance, calculated as 2𝑝𝑝𝑝𝑝α2 ; 𝜎𝜎𝑑𝑑2 : is the SNP dominance variance, calculated as (2𝑝𝑝𝑝𝑝𝑑𝑑̂)2

Table 3.2 Summary of SNPs with largest p-value of significant regions
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3.4 Discussion
A central aim of evolutionary biology is to understand the genetic basis underlying
phenotypic variation between species as well as within populations. Specifically,
what genetic factors have shaped the observed patterns of variation and how will
this variation facilitate and/or constrain future evolutionary change. In this study, we
used large-scale genotype data to investigate the genetic basis of variation for wing
morphology traits and tibia length in N. vitripennis. Apart from wing aspect ratio, the
partitioning of phenotypic variance was similar for the wing morphology traits and
tibia length, with most of the variation explained by common larval host effects and
a low to moderate variation explained by additive and dominance genetic effects.
We observed a similar pattern in our previous study using an independent data set
of the same population, where hosts explained more than half of the variation for
tibia length, wing length and wing width, but not for wing aspect ratio (Chapter 2).
The estimate of heritability for wing aspect ratio in this study is similar to our previous estimate for this trait; 0.22 and 0.25 respectively. Heritabilities for size traits including tibia length, wing length and width in general are higher in the current study.
In our previous study, we used only one generation of pedigree information from a
full/half-sib family design, while relationships between individuals from different
half-sib families were assumed to be zero. Therefore, their covariances were assumed zero and did not contribute to the variance components estimation. In the
current study, we used covariances between all individuals because genomic relationships were available between all individuals. Hence, for this reason, the genetic
parameter estimates of the current study were expected to have a lower standard
error (SE). While, similar SEs were observed for all the traits in both studies. We
therefore calculated the significances of heritability differences among traits between two studies, as

∆ℎ 2

�𝑆𝑆𝑆𝑆12 +𝑆𝑆𝑆𝑆22

, where ∆ℎ2is the estimated heritability difference,

𝑆𝑆𝑆𝑆12 and 𝑆𝑆𝑆𝑆22 are the square of standard errors in two studies, respectively. We have
observed the estimated heritability differences are on the edge of significance. However, we cannot ascertain the cause of these differences since different datasets
were used in these two studies.

Although additive effects play a major role in most traits, our results also demonstrate a considerable contribution of dominance effects to the total phenotypic var-
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iance of tibia length and wing morphology. Across traits, the percentage of phenotypic variance explained by dominance effects ranged from 2% to 8%. This result is
in agreement with previous findings in Drosophila serrata where between 3 and 30%
of wing morphology variation was explained by dominance (Sztepanacz and Blows
2015). In addition, we also observed relative high ratios of dominance variance relative to additive genetic variance, with the highest estimate of 0.39 for tibia length.
Evolutionary genetic theory suggests that a high dominance to additive genetic variance ratio for a trait is indicative of strong past selection on the trait (Crnokrak and
Roff 1995). Therefore, this ratio can be used as a proxy for how closely a trait is associated with fitness. Studies on dominance effect in Pterygota insects are generally
lacking, especially for morphological traits (Sztepanacz and Blows 2015). In haplodiploid organisms such as Nasonia, only a few studies have reported dominance effect.
Shuker et al. (2007), for instance, found evidence that dominance affects variation
in female mating behavior traits. However, they could not quantify the dominance
effects due to the limits of the data.
Result of the GWAS showed significant additive and dominance associations with the
morphological traits, except for wing aspect ratio. The significantly associated regions explained a considerable amount of genetic variance, ranging from 3% to 16%
(Supplementary Table S3.2), and the rest of genetic variance are not captured with
GWAS and remained in the polygenic variance. This finding suggests a polygenic basis
of these morphological traits, as has also been observed in Drosophila (Pitchers et al.
2019). Interestingly, several genomic regions associated for these traits overlap. For
example, on chromosome 1, a region at 26.81 Mb showed significant additive and
dominance effects for both tibia length and second moment area, and also significant dominance effects for wing length. Even though we did not observe significant
associations of this region with wing width, distinct peaks were observed in this region for wing width. These overlapping regions suggest a pleiotropic effect affecting
multiple size-related traits in N. vitripennis. This finding agrees with our previous
study, where we reported strongly positive genetic correlations between these sizerelated traits (Chapter 2).
The significant regions detected in our GWAS contain several biologically relevant
candidate genes that may affect wing and tibia length traits (Table 3.2). For tibia
length, three candidate genes (Annulin, MYO7A and Rap1gap) are tagged by the significant SNPs. Among them, Rap1gap is particularly interesting, because the tagged
SNP also has significant associations with wing length and second moment area.
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Rap1gap encodes a GTPase-activating-protein (GAP) that down-regulates the activity of the Ras-related protein Rap1. The protein plays an important role in the regulation of cell adhesions and junctions (Knox and Brown 2002). Loss of Rap1 function
in the Drosophila wing epithelium, disrupts adherens junction localization, causing
mutant cells to disperse, and dramatically alters epithelial cell shape (Knox and
Brown 2002, O'Keefe et al. 2012). Furthermore, Rap1 was recently reported as a regulator of the Hippo pathway (Chang et al. 2018). Hippo is a key signaling pathway in
Drosophila for regulating organ size by regulating cell number and cell size
(Tumaneng et al. 2012). The pathway is also an essential determinant of wing growth
control (Irvine 2012). The Hippo pathway has been investigated extensively in Drosophila melanogaster (Irvine 2012, Tumaneng et al. 2012), but no studies have yet
been reported in Nasonia. Annulin is another interesting candidate gene related to
tibia length. Expression of Annulin at limb segment boundaries results in morphological changes in the grasshopper Schistocerca americana embryo (Singer et al. 1992).
For wing length, wing width, and second moment area, significant peaks covered
several candidate genes, including ANKRD65L, Akap200, GSKIP, ACE-like, LHFPL,
Rap1gap, CNOT6L and SCP. Rap1gap discussed above, Akap200 and GSKIP may play
a role in shaping wing morphology. Akap200 (cell surface glycoprotein 1-like) is a
member of the A-kinase anchoring protein (AKAP) family and plays an important role
in the regulation of protein kinase A (PKA). In Drosophila melanogaster, overexpression of Akap200 causes wing vein defects and wing tissue overgrowth (Tannan et al.
2018). GSKIP (GSK3-beta interaction protein) is a negative regulator of glycogen synthase kinase-3 beta (GSK3-beta) in the canonical Wnt signaling pathway (Ikeda et al.
1998). Wnt-like proteins are generally involved in the control of cell proliferation and
in establishing the fate of tissues, thus also playing a crucial role in cell differentiation
and morphogenesis (Matamoro-Vidal et al. 2015). Furthermore, mammalian GSK3 is
involved in multiple signaling pathways and mediates growth factors, including epidermal growth factor and insulin (Welsh and Proud 1993, Saito et al. 1994, Cook et
al. 1996). Moreover, GSK3-beta is a homologue of the shaggy gene (sgg) in Drosophila melanogaster, which has recently been identified as a novel effector in wing development (Sato and Shibuya 2018).
No SNPs were significantly associated with wing aspect ratio at the genome-wide
level. However, we convincingly demonstrated that this trait has moderate, but
strongly significant, heritable variation (h2 ~0.22). This result suggests that wing aspect ratio is highly polygenetic, with many genes of small effect distributed throughout the genome. This interpretation is supported by the presence of weak signals for
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wing aspect ratio across the genome. For instance, a weak dominance association
was observed on chromosome 3 at 16.13 Mb, close to the gene Crb (crumbs protein).
Interestingly, this gene is involved in the Hippo pathway as a cell surface regulator.
Ling et al. (2010) identified Crb as an upstream component of the Hippo pathway in
imaginal disc growth control and overexpression of Crb resulted in a disordered epithelium, abnormal expansion of tracheal tubes, and tissue overgrowth (Lu and Bilder
2005, Robinson et al. 2010).
Previous studies have identified some regions causing male wing size and shape differences between Nasonia species (Weston et al. 1999, Loehlin et al. 2010a;b,
Loehlin and Werren 2012). However, we did not observe clear signals in these regions in our GWAS results. This finding may indicate that a different genetic basis of
inter- and intraspecific variation in wing size and shape in Nasonia, or a different
genetic basis between males and females. Note that only female wings were used in
our study. Future GWAS for wing morphology should be applied to compare the genetic basis of inter- and intraspecific variation in Nasonia, as well as between males
and females.
To conclude, we investigated the genetic architecture of wing morphology traits and
tibia length, considering both additive and dominance effects. Our results demonstrate significant additive genetic variation and considerable dominance variance for
these traits. In addition, we identify several candidates genes involved in the Hippo
pathway (e.g., Rap1gap and Crb), which are expected to affect body size and wing
morphology. Nevertheless, further investigations are required to validate the effects
of these genes in Nasonia. Overall, our results provide a first exploration of the molecular genetic basis of wing morphology and body size in Nasonia, and these findings can contribute to a further dissection for future studies.
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3.6 Supplementary material
3.6.1 Calculation of the additive genetic variance explained by the
significant SNPs
To quantify the total amount of genetic variance explained by the significant SNPs,
we fitted all significant SNP together as fixed effects, rather than fitting one SNP at a
time. Since not all significant SNPs are independent because of LD, we used backward elimination of non-significant SNPs. Thus we fitted all initially significant SNP
simultaneously and then successively dropped the least significant SNP until all remaining SNP were significantly associated based on the threshold corresponding to
an FDR of 0.1. Next, we calculated the additive genetic variance explained by significant SNPs as the difference between the original additive genetic variance and the
additive genetic variance estimated with the new model that included all significant
SNP (Table S3.2).
Table S3.2 The additive genetic variance in the new model (𝑉𝑉𝑔𝑔𝑔𝑔 ), additive genetic
variance explained by significant SNPs (𝑉𝑉𝑔𝑔𝑔𝑔 ), and the proportion of the additive genetic variance explained by significant SNPs to total additive genetic variance (𝑉𝑉𝑔𝑔 )
Traits

Tibia length (µm)
Wing length (µm)
Wing width (µm)
Second moment area (mm4)

𝑉𝑉𝑔𝑔𝑔𝑔

226.06
2054.18
443.79
1.69×10-3

Note: 𝑉𝑉𝑔𝑔𝑔𝑔 = 𝑉𝑉𝑔𝑔 − 𝑉𝑉𝑔𝑔𝑔𝑔 ; proportion(%) =

𝑉𝑉𝑔𝑔𝑔𝑔
𝑉𝑉𝑔𝑔

× 100

𝑉𝑉𝑔𝑔𝑔𝑔

17.059
358.7
84.47
8.45×10-4

Proportion (%)
7.02
14.87
16.00
3.33

Table S3.1 Summary of SNPs with significant associations with additive and dominance effects: see http://doi.org/10.6084/m9.figshare.11382099.v1

74

Figure S3.1 Density of SNPs per 100 kb window across chromosomes in the HVRx outbred laboratory population.
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Figure S3.2 Q‐Q plots of observed and expected distributions of p‐values from genome-wide association study for additive (left) and dominance effects (right) on tibia
length and wing morphology in N. vitripennis.
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Abstract
Background: Biological control is an environment-friendly and sustainable strategy
to combat agricultural pests using natural enemies of pest species as biocontrol
agents. Due to legislation, the import of non-native biocontrol agents is increasingly
restricted. To further enhance the performance of indigenous biocontrol agents, genomic prediction (GP) is a new alternative to exploit genetic variation for the improvement of biocontrol efficacy. The main goal of this study is to seek proof-ofprinciple for the use of GP in insect biocontrol agents, using wing morphology traits
in the parasitoid wasp Nasonia vitripennis as a model system.
Methods: We performed GP with additive and additive-dominance models in N. vitripennis, using a total of 1,230 individuals with genotype-by-sequencing (GBS) based
genotypes for 8,639 SNPs. We used individuals from two generations, 717 individuals
from generation 169 (G169) and 513 from generation 172 (G172). To assess the accuracy of GP, we used across-generation validation: forward validation for G172
from G169 (AGVF) or backward in time validation for G169 from G172 (AGVB), and
also 5-fold cross-validation (CV).
Results: Estimates of GP accuracy for wing morphology traits and tibia length were
similar both with or without dominance in the model. For size-related traits, including tibia length, wing length and width and second moment area, the accuracy of GP
was close to zero in AGVF and AGVB, but much higher in CV (ranging from 0.54-0.68).
For the shape-related trait wing aspect ratio, a high accuracy was found for all three
validation strategies, with 0.47 for AGVF, 0.65 for AGVB and 0.54 for CV.
Conclusion: Promising accuracies were observed for all traits in CV, but not in AGVF
and AGVB. In addition, inclusion of dominance in the prediction model did not improve the accuracy of GP. Overall, the application of GP in insect biocontrol agents
with a relative small effective population size seems very promising. However, factors including the biology of insects, the techniques of phenotyping and costs of
large-scale genotyping still challenge the application of GP to biocontrol agents.
Key words: genomic prediction, accuracy, wing, biocontrol, Nasonia vitripennis
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4.1 Introduction
Biological control is a strategy to combat agricultural pests using natural enemies of
pest species as biocontrol agents (DeBach 1958, van den Bosch 1971). Over the past
decades, effective biocontrol strategies have been established, using both native and
non-native natural enemy species (van Lenteren et al. 2011). However, the Nagoya
Protocol on Access and Benefits Sharing (https://www.cbd.int/abs) has considerably
limited the import of non-native biocontrol agents (Cock et al. 2010, van Lenteren et
al. 2011). Thus, optimizing the use of existing and native biocontrol agents became
necessary. To enhance the efficacy of existing biocontrol agents, the use of genetic
tools has been discussed over the last 50 years (DeBach 1958, Hoy 1986, Hopper et
al. 1993, Wajnberg 2004, Lommen et al. 2017, Leung et al. 2019). However, the potential for genetic improvement of biocontrol populations has largely been unexplored. Selective breeding, which uses the presence of standing genetic variation to
select for traits of interest in biocontrol populations, may offer an opportunity to
improve the performance of natural enemies used in biocontrol.
Genomic selection (GS) is a promising selective breeding approach that uses information from genome-wide DNA-markers to efficiently select for complex traits
(Meuwissen et al. 2001). The availability of large numbers of single nucleotide polymorphisms (SNPs) enabled the use of GS, and GS has been extensively studied in
livestock and plant breeding over the last decade. In GS, the quantitative trait loci
(QTL) affecting the traits of interest are assumed to be in linkage disequilibrium (LD)
with one or more SNP markers. The predictor of an individual genetic merit is the
genomic estimated breeding value (GEBV), obtained as the sum of all SNP marker
effects of the individual. GEBVs are then used to rank selection candidates based
on their genotype without phenotypic data, and to select parents for the next
generation of breeding. GS has revolutionized animal and plant breeding, and genomic prediction (GP) is increasingly used in human genetics to predict the individual
risk of complex diseases (Schaeffer 2006, Hayes et al. 2009, Heffner et al. 2009,
Jannink et al. 2010). So far, however, the potential of GS for genetic improvement of
insect biocontrol agents has not been investigated.
Parasitoids are among the most widely utilized insect biocontrol agents in practice
(Waage and Hassell 1982, Strand and Obrycki 1996). The Nasonia genus, gregarious
parasitoid wasps of blowfly pupae, has been used for over half a century as a model
species in developmental and evolutionary genetics (King 1993, Rivero and West
81

4 Genomic prediction for wing morphology

2002, Rivero and West 2005, Werren and Loehlin 2009, Werren et al. 2010,
Pannebakker et al. 2011, Whiting 1967). It includes four species: N. vitripennis, N.
longicornis, N. giraulti, and N. oneida (Werren et al. 2010). The best studied species
in the genus is N. vitripennis, which has its genome sequence released and annotated. The Nasonia genome consists of five chromosomes with a total size of ~335
Mb and ~446 cM (Werren et al. 2010, Lynch 2015). The availability of a genome assembly has promoted the development of a range of genomic and genetic tools
which have facilitated the investigation of gene expression and regulation, and the
identification of genes involved in complex genetic traits (Werren et al. 2010,
Pannebakker et al. 2013, Wang et al. 2013, Ferree et al. 2015, Lynch 2015, Wang et
al. 2015). Furthermore, the availability of a genome assembly also makes N. vitripennis an interesting model organism to investigate the prospects of GP in biocontrol
agents.
The main goal of this study was to seek proof-of-principle for the use of GP in insect
natural enemies, using the parasitoid wasp N. vitripennis as a model organism. Importantly, N. vitripennis is a gregarious parasitoid, which can lay up to 60 eggs in a
single Dipteran pupa (Whiting 1967). This can create environmental similarity between offspring developing within the same pupa (here referred to as “host”), which
needs to be accounted for in the statistical model to avoid confounding environmental with genetic effects. Moreover, we previously found that much of the phenotypic
variance of wing morphology and tibia length can be attributed to the host in which
the wasp had developed (Chapter 2). Thus, a common environment effect (i.e., host
effect) should be included in the GP analysis. To ensure the statistical power of GP,
a sufficiently dense and well-distributed set of markers across the whole genome is
required. In many animal and plant species, flexible low-cost high-throughput genotyping arrays have been developed and commercialized for this purpose. However,
because of the limited uptake of genetic investigation of biocontrol agents, a highthroughput genotyping array is not available for N. vitripennis. Genotyping-by-sequencing (GBS) is a genotyping approach to obtain genome-wide marker genotypes
from sequence data, and has been applied in a variety of breeding schemes, especially in plants (Davey et al. 2011, Elshire et al. 2011, Poland et al. 2012, Poland and
Rife 2012, Crossa et al. 2013, De Donato et al. 2013, Wu et al. 2015). Here, we investigate the prospects of GP based on GBS in insect natural enemies, using tibia length
and wing morphology traits in N. vitripennis. To measure the quality of the resulting
GEBVs, we performed different validation strategies, both within and across gener-
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ations. We found that accuracy of GP different between traits and validation strategies which could be largely explained by the biology of the species and the particular
populations used.

4.2 Material and methods
4.2.1 Nasonia stock
As our source population we used the HVRx outbred laboratory population, established by van de Zande et al. (2014) from strains collected from a single population
in The Netherlands. To preserve genetic diversity across generations, the HVRx stock
is maintained according to a fixed schedule, in which approximately 120 mated females are transferred to four new mass culture vials to initiate the next generation
(van de Zande et al. 2014). Per vial, 50 blow fly pupae (Calliphora vomitoria) are provided as hosts for oviposition. To ensure optimal mixing of the wasps, the parasitized
hosts are re-distributed over four new mass culture vials each generation before offspring emerge. Approximately 14 days are needed to complete a cycle at 25 °C at 16
hours light : 8 dark conditions.

4.2.2 Data description
Collection of phenotypic and genotypic data has been described previously (Chapter
3). In brief, 1,248 females were randomly collected from two generations of the
HVRx population, including 720 individuals from generation 169 (G169), and 528 individuals from generation 172 (G172). We recorded the host identity for individuals
from G172, but not for individuals from G169. The right forewing and right hind-tibia
were detached, and tibia length and wing morphology traits were recorded. Table
4.1 shows the descriptive statistics of these traits. The remaining body was used to
extract DNA for genotyping-by-sequencing (GBS) following the protocol in Chapter
3. Sequence reads were cleaned and aligned to the N. vitripennis reference genome
Nvit_2.1. Next, variants were called by Freebayes (Version 1.9; Garrison and Marth
2012)) and quality control was conducted to exclude low-quality SNPs. After filtering,
8,639 SNPs remained across the whole-genome for 1,230 individuals (717 in G169
and 513 in G172).

4.2.3 Estimation of GEBVs with GBLUP models
Genomic best linear unbiased prediction (GBLUP) was applied to predict GEBVs.
GBLUP estimates the breeding values assuming that each marker explains an equal
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proportion of the total genetic variance. Thus, the statistical model used for GBLUP
was as follows:
𝒆𝒆
𝟎𝟎
� + �𝒆𝒆1 �,
𝒚𝒚 = 𝜇𝜇 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + �
𝒁𝒁𝑐𝑐 𝒄𝒄
2
where y is the vector of phenotypic records, 𝜇𝜇 is an intercept, b is a vector of fixed
effects, X is a design matrix relating observations to the corresponding fixed effects.
𝒁𝒁𝒈𝒈 is an incidence matrix that relates additive polygenic values (“breeding values”)
to the animals, g is a vector of random additive polygenic effects of all individuals. 0
is a vector of zeros for the individuals in G169, c is a vector of random host effects
for the individuals in generation G172, 𝒁𝒁𝒄𝒄 is the corresponding incidence matrix, e1
is a vector of random residuals for G169, and e2 is the corresponding vector for G172.
The additive and host effects were assumed to be normally distributed, as
𝒈𝒈~𝑁𝑁(0, 𝑮𝑮𝜎𝜎𝑔𝑔2 ) and 𝒄𝒄~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑐𝑐2 ), respectively, where 𝜎𝜎𝑔𝑔2 and 𝜎𝜎𝑐𝑐2 are the additive genetic, and host variances, and G is a matrix of additive genomic relationships between individuals. Allele frequencies of the current population were used to con𝑾𝑾𝑾𝑾′

struct G, following Method I of VanRaden (2008), 𝑮𝑮 = 2 ∑ 𝑝𝑝

𝑗𝑗 �1−𝑝𝑝𝑗𝑗 �

, where 𝑝𝑝𝑗𝑗 is the

allele frequency at locus 𝑗𝑗, 𝑾𝑾 is a matrix of centered allele counts, with elements 𝑊𝑊𝑖𝑖𝑖𝑖
being the code of the genotype at locus 𝑗𝑗 for individual 𝑖𝑖, with (0 − 2𝑝𝑝𝑗𝑗 ) for the
homozygote, (1 − 2𝑝𝑝𝑗𝑗 ) for the heterozygote, and (2 − 2𝑝𝑝𝑗𝑗 ) for the opposite homozygote. Because the host effect could not be fitted for individuals from G169, variation originating from the host may end up in the residual variance for these individuals. For this reason, we estimated the residual variance for the G169 and G172 populations separately. The residual effects of G169 and G172 were assumed to be normally distributed, 𝒆𝒆𝟏𝟏 ~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑒𝑒21 ) and 𝒆𝒆𝟐𝟐 ~𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑒𝑒22 ), respectively, where 𝜎𝜎𝑒𝑒21 and
𝜎𝜎𝑒𝑒22 are the residual variances of G169 and G172, respectively.

In our previous study, we have found considerable dominance effects for wing morphology traits (Chapter 3). To investigate the dominance effects on the performance
of genomic prediction, we also investigated a model including dominance effects:
𝒆𝒆
𝟎𝟎
� + �𝒆𝒆1 �,
𝒚𝒚 = 𝑢𝑢 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + 𝒁𝒁𝑑𝑑 𝒅𝒅 + �
𝒁𝒁𝑐𝑐 𝒄𝒄
2
where d is a vector of dominance polygenic effects, 𝒁𝒁𝒅𝒅 is the corresponding incidence matrix. The dominance effects were assumed to be normally distributed, as
𝒅𝒅~𝑁𝑁(0, 𝑫𝑫𝜎𝜎𝑑𝑑2 ), where 𝜎𝜎𝑑𝑑2 is the dominance variance and 𝑫𝑫 is a matrix of dominance
genomic relationships between individuals. The 𝑫𝑫 was built following Vitezica et al.
84

4 Genomic prediction for wing morphology

𝑴𝑴𝑴𝑴′

(2013), 𝑫𝑫 = ∑ (2𝑝𝑝 (1−𝑝𝑝 ))2 , where 𝑀𝑀𝑖𝑖𝑖𝑖 is the code of the genotype at locus 𝑗𝑗 for indi𝑖𝑖

𝑖𝑖

𝑖𝑖

2

vidual 𝑖𝑖, with −2�1 − 𝑝𝑝𝑗𝑗 � for the homozygote, 2𝑝𝑝𝑗𝑗 (1 − 𝑝𝑝𝑗𝑗 ) for the heterozygote,

and −2𝑝𝑝𝑗𝑗2 for the opposite homozygote. All analyses were performed using ASReml
4.0 (Gilmour et al. 2012), and G and 𝑫𝑫 were calculated using Calc_grm (Calus and
Vandenplas 2016).

To facilitate interpretation of the GEBV accuracies, we also investigated the population structure. Population structure is an important factor affecting predictions of
GEBVs because allele frequencies may differ among subpopulations. Therefore, we
estimated population structure and pairwise genomic relationships among the 1,230
individuals by performing principal components analysis (PCA) based on G matrix
(Remington et al. 2001).

4.2.4 Accuracy and bias
To assess the accuracy of genomic prediction, we performed cross-validation. In the
cross-validation process, the data set was divided into two groups: a validation group
where the phenotypes of the individuals are masked, and a training group where
both phenotypes and genotypes are used for GP. The training group was used to
predict the GEBVs for individuals in the validation group, and the quality of GP is
measured by the correlation between the GEBVs and the observed phenotypes in
the validation group. Note that, while dominance effects were included in the fitted
model, the prediction of the phenotypes was based on the GEBV only. Thus, the
dominance effects merely served to better estimate the additive genetic component
(i.e., the GEBV), they were not included in the phenotype prediction.
In this study, we performed two different ways of validation: across-generation validation and 5-fold cross validation using the entire population. In the across-generation validation, the phenotypes of one generation were masked and the GEBVs of
these animals were predicted using the information from the other generation. Two
different scenarios were applied here: 1) forward validation (AGVF), using G169 to
predict G172; 2) backward in time validation (AGVB), using G172 to predict G169.
For the 5-fold cross-validation strategy (CV), we randomly divided the population
into five groups. In each cross-validation round, one group was taken as validation
group and the remaining four groups as training population. The phenotypes in the
validation group were masked and the training group was used to predict GEBVs of
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individuals in the validation group. After five rounds, all individuals in all groups received predict GEBVs. This procedure was repeated 50 times for each trait.
The accuracies of GP using the above validation scenarios were assessed by dividing
the correlation between GEBVs and the observed phenotypes of individuals in the
validation population by the square root of the heritability of the trait. In addition to
the accuracy of GP, we also evaluated the possible bias in the prediction of GEBVs.
The bias is measured by the regression coefficient of phenotypic observation on predicted GEBVs. A value of 1 is theoretically expected for unbiased estimates of GEBV.
While a deviation from 1 indicates bias: values greater than 1 indicate underestimation of GEBVs, while values smaller than 1 indicate overestimation.

4.3 Results and Discussion
4.3.1 Population structure
Population structure across G169 and G172 was assessed by PCA based on filtered
SNPs. The PCA shows that the individuals from the two generations overlap almost
completely, and the first two PCs explained only a small proportion of the total genetic variance, 6.13% and 5.27% respectively (Figure 4.1A). This result suggests that
individuals of generations G169 and G172 had very similar genotypes. The genomic
relationships between all individuals are visualized using a heatmap (Figure 4.1B).
The result of the genomic relationship analysis showed that the average genomic
relationship is close to zero with considerable variance around this average. The
heatmap suggested most individuals were relatively unrelated, while some individuals had a higher relationship with each other. This result was expected because some
individuals were collected from the same host and are therefore full or half-sibs.
Note that pedigree-based relationships between individuals were not available in
this study.
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A

B

Figure 4.1 Genetic structure across G169 and G172 and relatedness among all individuals: (A) Principal component analysis (PCA) of G169 and G172, the first two principal components explained 6.13% and 5.27% of variation, respectively. (B) The
heatmap of the G matrix, in which a high value suggests a close relationship between
two individuals, and a value of zero (yellow colour) indicates no relationship.
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4.3.2 Accuracy and bias of GEBVs
Table 4.2 shows the estimated accuracies of GP using an additive or an additivedominance model. The estimates of accuracy for all traits in the three validation scenarios are similar with the additive and the additive-dominance model. We previously have shown considerable dominance effects on tibia length and wing morphology traits (Chapter 3). Therefore, it was expected that inclusion of dominance effects
in the statistical model would increase the accuracy of GP. However, our results show
that inclusion of dominance into the model did not increase the accuracy of GP or
reduce the bias of GP. This finding is in line with previous studies in cattle and pigs
(Su et al. 2012, Ertl et al. 2014, Xiang et al. 2016). In these studies, the authors argued
that the contribution of dominance effects to the additive genetic variance and
breeding values is well captured by the additive model. Thus, the accuracy of the
estimated breeding values was not affected when dominance effects were included
in the model (Ertl et al. 2014). Furthermore, we also observed only small differences
in the estimated additive variance between the additive and the additive-dominance
model (Chapter 3). Based on these results, we conclude that there is no difference
in the accuracy of GP using the additive or additive-dominance model. We, therefore, only show the results from the additive model.
For size-related traits, being tibia length, wing length, wing width and second moment area, the 5-fold cross validation (CV) on the full data had a considerably higher
accuracy than the across generation cross validation, either forward (AGVF) or backward in time (AGVB). For these traits, the accuracies of GP with AGVF and AGVB were
close to zero. Remarkably, all estimated accuracies for AGVF were negative, while all
values for AGVB were positive. Much higher accuracies were found in CV, with an
average of ~0.6.
In contrast, for the trait wing aspect ratio, the differences in accuracy between across
generation validation and CV were much smaller, with values of 0.47 in AGVF, 0.65
in AGVB and 0.55 in CV. Note, however, that the relative performance of AGVF versus
AGVB was similar for wing aspect ratio as for size related traits, with validation forward in time yielding lower accuracy. Furthermore, we also investigated the regression coefficients of phenotypic observations on GEBVs. In AGVF and AGVB, estimates
of regression for size traits deviated considerably from one, most estimates being
smaller than one and negative for AGVF, but positive and greater than one for AGVB.
Thus, GEBVs with AGVB were systematically underestimated. In contrast, regression
estimates were close to one with CV, which indicates little bias in GEBVs. With CV,
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we included host effects for G172 in the prediction model and estimated heterogeneous residual variances for the two generations. This finding further supports our
previous conclusion that it is important to include host effects in the model for sizerelated traits (Chapter 2).
The large difference between accuracies using different validation strategies and between traits seems to be related to the magnitude of the host effect. For size-related
traits, host effects explained ~60% of phenotypic variance, whereas for wing aspect
ratio they explained only ~10% (Chapter 3). We did not observe large host effect for
wing aspect ratio because it was defined as the ratio of wing length and width, and
thus the host effects on them had been scaled out. In AGVF, we had host information
only for G172. Thus, host effects were absent in the training population. In AGVF,
negative accuracies were observed which suggests a false prediction signal. As the
accuracies are Pearson correlation coefficients of GEBVs and the observed phenotypes of individuals in the validation population, their values can range from −1 to
1. Thus it is possible to observe negative accuracies. Nevertheless, the minimum accuracy of GP is expected to be close to zero, occurring for example when a trait is
not heritable or the training population is small. Therefore, the negative accuracies
found with AGVF suggest a flaw in the model, probably related to the missing host
effects.
In AGVB, the host information of G172 was included in the training population. Thus,
it was surprising to observe such low accuracies for size traits. Previous studies have
reported that the accuracy of GP is determined by several factors, including the number of individuals in the training set population, the heritability of the trait, and the
relatedness between training and validation group (Daetwyler et al. 2008). However,
we did not observe a low accuracy for wing aspect ratio. This indicates that the number of individuals in the training population and the relatedness between training
and validation group are not the main causes of the low accuracies. We thus checked
the heritabilities for size traits in G172. Surprisingly, low heritabilities for size traits
were observed when only G172 was included in the analysis (Supplementary table
S4.1). These heritabilities are much lower than the values estimated from the combined data set. We also observed a lower heritability of wing aspect ratio, but not as
much as for the size traits. Therefore, we conclude that the low heritability for size
traits is probably the main cause for their low accuracies.
In CV, we observed relatively high accuracies for all traits, ranging from 0.54 to 0.68.
VanRaden et al. (2009) compiled the accuracy of GP for a number of traits in dairy
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cattle, and they found an average accuracy of ~0.7. Compared to these GP studies in
dairy cattle, the accuracies in our study are very promising, given that we had a much
smaller reference population size (less than 1000 individuals) and only moderate
heritabilities (~0.22). The most likely explanations for the relative high accuracy are:
1) the small genome size of Nasonia, with only five chromosomes and a genetic size
of only 446.9 cM (Niehuis et al. 2010), and 2) the high level of LD in our population.
Together, both factors result in a limited effective number of independent chromosome segments (𝑀𝑀𝑒𝑒 ; Goddard 2009). Daetwyler et al. (2008, 2010) derived the rela-

tionship between 𝑀𝑀𝑒𝑒 and the accuracy of GP, 𝜌𝜌𝑔𝑔,𝑔𝑔� = �𝑁𝑁𝑝𝑝 ℎ2 /(𝑁𝑁𝑝𝑝 ℎ2 + 𝑀𝑀𝑒𝑒 ), where
𝑁𝑁𝑝𝑝 is the number of individuals in the training population and ℎ2 is the heritability of

the trait. We calculated 𝑀𝑀𝑒𝑒 following (Goddard 2009), Me = 1/Var(Gi ≠ j), where Var(Gi
≠ j) denotes the variance among the off-diagonal elements of the genomic relationship matrix, resulting in Me = 80. Using this value in the above expression of expected
accuracy, resulted in even higher accuracies (~ 0.85) than the values found in this
study. This difference may occur because the markers may not fully capture all genetic variation, and because the family structure in the population causes over-prediction of accuracy based on 𝑀𝑀𝑒𝑒 (note that the Daetwyler equation is based on a
population of “unrelated” individuals). Nevertheless, the low value of Me further
supports our hypothesis that the high level of LD contributes to the relative high accuracies found in this study.
To investigate the LD (r2) in our population, we plotted r2 as a function of physical
distance (Figure 4.2). We observed a slow decay of LD, with an average r2 of ~0.48
between loci separated up to 500 Kb. This value is relative high compare to the findings in other species, for instance, in cattle populations this value generally is below
0.2 at 100 Kb (de Roos et al. 2008). Surprisingly, we have also observed some high
LD between SNPs at long distance, for instance the top right corner in Figure 4.2. We
do not know yet what causes this high level of LD, but may due to the draft nature
of reference genome.
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Figure 4.2 The LD ( r2 ) decay for pairs of markers as a function of the physical distance (bp)

4.4 Implications and challenges
The application of GS has revolutionized livestock and plant breeding. Here we present a proof-of-principle study to explore the feasibility of GS application in insect
biocontrol agents, using N. vitripennis as a model organism. We have observed promising accuracies using a 5-fold cross-validation strategy, however, the estimated accuracies dramatically decreased when using across-generation validation strategies,
except for the trait wing aspect ratio. This decrease probably resulted from the large
host effect, and the low level of genetic variation in G172. In practical GS, individuals
are usually selected based on the information from previous generations which we
refer to as “across-generation strategy” in this study. It is, therefore, important to
take the nature of the traits into consideration when apply GS in biocontrol agents.
For instance, parasitoids are often effectively used as biocontrol agents and essential
for their life history is that offspring develop in host with a set quality. Therefore, the
presence of a host effect in parasitoid biocontrol agents may challenge the application of GS in biocontrol agents. Especially for a target trait largely affected by hosts,
such as sex ratio, female fecundity and development time (Godfray 1994). In our
population, a high level of LD and/or small 𝑀𝑀𝑒𝑒 contribute to the promising accuracy
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in CV because our population has a relatively small effective population size (𝑁𝑁𝑒𝑒 ). In
applied biocontrol, the founder populations are commonly collected from the field,
which may result in a large 𝑁𝑁𝑒𝑒 and thus a low level of LD and a high 𝑀𝑀𝑒𝑒 . We have not
found reports on population parameters, such as 𝑁𝑁𝑒𝑒 or 𝑀𝑀𝑒𝑒 , for biocontrol agent populations so far. To maintain sufficient genetic variation, Bartlett (1993) recommended to maintain natural enemy populations with 𝑁𝑁𝑒𝑒 >100. Indeed, if 𝑁𝑁𝑒𝑒 of a population is maintained close to 100, the application of GP in biocontrol agents can
benefit from a good accuracy due to the relative low 𝑁𝑁𝑒𝑒 together with the small genome size.
In addition to the accuracy of GP, there are some other factors that need to be taken
into consideration in practical applications. First, many biocontrol agents are insects
with a small body size, which may complicate DNA extraction and genotyping of single individuals and reduce the quality of the resulting genotype data. Moreover,
when DNA extraction requires the entire individual or a large proportion of its body,
it is impossible to select the parents for the next generation from the genotyped
individuals. Thus, currently, GS seems more suitable for insect biocontrol agents with
bigger body size, so that sufficient DNA can be obtained without sacrificing the individual. Second, the short generation interval may limit the benefit of GS in biocontrol
agents. One of the main advantages of GS in animal breeding is the reduced generation interval, which increases genetic gain. However, biocontrol agents such as N.
vitripennis already have a short generation interval, and the use of GS may not allow
for an even shorter generation interval. Third, small biocontrol agents usually have
a short lifespan. The time required for DNA isolation, genotyping and breeding value
estimation is often longer than the lifespan of the selection candidate. Thus, the application of GS may be limited in organisms with a short lifespan. Fourthly, the biocontrol traits in terms of biocontrol efficacy are not well addressed. Kruitwagen et
al. (2018) listed several candidate biocontrol traits, including high killing efficiency,
robustness under (a)biotic conditions in the area of release, environmental safety,
and ability to be cost-effectively (mass) reared in the laboratory. However, efficient
large-scale phenotyping methods for biocontrol traits still need to be developed.
Moreover, studies on the genetic basis of these biocontrol traits (i.e., heritability)
also are generally lacking (Lirakis and Magalhaes 2019). The lack of knowledge of
biocontrol traits also challenges the application of GS. Last but not least, the costs of
large-scale high-throughput sequencing are still too high to apply GS in biocontrol
agents. However, with the rapid development of genetic and genomic techniques,
the costs of associated molecular methods are decreasing accordingly. Costs for
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commercial SNP arrays very much depend on the number of individuals to be genotyped. In animal breeding, for instance, commercial 50K arrays cost ~$20-50 per sample. Thus, more cost-effective genotyping strategies, for instance SNP array, should
be developed in the future to improve the feasibility of commercial application. Furthermore, the investment on genotyping for GS also depends on the market value of
biocontrol agents, with an increased market value would also improve the feasibility
of GS in biocontrol agents.
Although factors mentioned earlier that we are facing now challenge the application
of GS for biocontrol, while in the near future, the fast development of techniques,
such as larger-scale phenotyping and genotyping or computer algorithms, would
eliminate very present challenges. Nevertheless, our results provide a realistic assessment of the potential benefits of GS applied to natural enemies to improve biocontrol efficacy, as well as for future research. Although this study mainly focuses on
application in Nasonia, our findings in this study also can apply to potential application of GS in general insects for other uses.
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4.7 supplementary material
Table S4.1 Estimated variance components for wing morphology traits and tibia
length in G172
𝑉𝑉𝑝𝑝
𝑉𝑉𝑔𝑔
Traits
𝑉𝑉𝑐𝑐
𝑉𝑉𝑒𝑒
ℎ2
𝑐𝑐 2
Tibia length
0.03
0.66
33.15
644.87
298.29
976.31
(µm)
(0.03) (0.04)
Wing length
0.03
0.74
226.12
6334.62
1987.41
8548.2
(µm)
(0.03) (0.03)
Wing width
0.04
0.76
84.44
1597.19
432.22
2113.8
(µm)
(0.03) (0.03)
Second mo0.06
0.70
ment area
4.60×10-4 5.42×10-3 1.91×10-3 7.79×10-3
(0.03)
(0.04)
(mm4)
Wing aspect
0.13
0.13
1.64×10-4 1.58×10-4 9.17×10-4 1.24×10-3
ratio (-)
(0.06) (0.05)
𝑉𝑉𝑔𝑔 : additive genetic variance; 𝑉𝑉𝑐𝑐 : variance of host effects; 𝑉𝑉𝑒𝑒 : residual variance of
G172; 𝑉𝑉𝑝𝑝 : phenotypic variance of G172, calculated as 𝑉𝑉𝑔𝑔 + 𝑉𝑉𝑐𝑐 + 𝑉𝑉𝑒𝑒 ; ℎ2: heritability of
𝑉𝑉𝑔𝑔

G172, calculated as ℎ2 = ; 𝑐𝑐 2 : proportion of variance due to host effects of G172,
𝑉𝑉

calculated as 𝑐𝑐 2 =
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Abstract

Haplodiploids are expected to suffer less inbreeding depression because of the fast
purging of recessive deleterious alleles as these are exposed to selection in the haploid males. However, recessive deleterious alleles that have female-specific effects
can persist in the genome. This leads to the hypothesis that female-expressed genes
contribute more to inbreeding depression than genes expressed in males. Here, we
assessed inbreeding depression on for tibia length and wing morphology traits in the
haplodiploid wasp Nasonia vitripennis in two ways. Firstly, we assessed inbreeding
depression by regressing the trait values on two different inbreeding coefficients:
the excess of homozygosity (𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 ) and the runs of homozygosity (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 ). We did not
find significant regressions, which suggests that inbreeding does not influence the
trait values for wing morphology and tibia length. This can be due to either the weak
effect of inbreeding on morphological traits or to the purging of recessive deleterious
alleles in haplodiploids. Secondly, we defined a novel inbreeding coefficient (𝐹𝐹𝑤𝑤 )
based on the magnitude of sex-biased expression of genes and computed a range of
measurements of 𝐹𝐹𝑤𝑤 using different weight scenarios. For all 𝐹𝐹𝑤𝑤 measurements,
there was not difference between the male and female-biased gene expression.
Thus, also for this approach, we did not find evidence for inbreeding depression. We
discuss the potential causes of this lack of evidence for inbreeding depression on
morphology traits in N. vitripennis and suggest future lines of research for this topic.
Key words: haplodiploids; inbreeding; wing morphology; Nasonia vitripennis

5 Inbreeding depression in haplodilpoids

5.1 Introduction
Inbreeding depression is the reduction in fitness resulting from mating between related individuals or inbreeding (Charlesworth and Charlesworth 1987, Lynch and
Walsh 1998, Charlesworth and Charlesworth 1999). This reduction is potentially visible in fitness-related traits as diverse as body size, fertility, viability, and development. This phenomenon has received continuing interest in several disciplines within
biology, including evolutionary biology, conservation genetics, and animal and plant
breeding (Charlesworth and Charlesworth 1987, Mc Parland et al. 2007, Wright et al.
2008, Doekes et al. 2019). According to the partial dominance hypothesis, the genetic basis of inbreeding depression is that inbreeding increases the frequency of
homozygotes, including loci carrying recessive deleterious alleles. Haplodiploids,
such as ants, bees and wasps, in which haploid males develop from unfertilized eggs
and diploid females develop from fertilized eggs, are expected to suffer less from
inbreeding depression compared to diploids. This is because deleterious alleles are
directly expressed in the haploid males, and hence purged by selection (Werren
1993). Interestingly, the recessive deleterious alleles that are expressed only in diploid females are expected to be protected from purging in the heterozygous individuals (Werren 1993). This implies for genes that are expressed only in females and
that affect fitness, homozygosity is expected to be more detrimental than homozygosity of genes that are also expressed in males. Therefore, it can be hypothesized
that in haplodiploids, genes that are mainly expressed in females contribute more to
inbreeding depression than genes that are also expressed in males.
A common way to assess inbreeding depression is by regressing individual phenotypic values on individual inbreeding coefficients in a linear (mixed) model, which
requires knowledge of individual inbreeding coefficients. The inbreeding coefficient
is the probability that two alleles at a random locus in a diploid individual are identical by descent (IBD; Wright 1922). Traditionally, pedigree information has been used
to calculate individual inbreeding coefficients (Meuwissen and Luo 1992). However,
incomplete or inaccurate pedigrees often result in incorrected estimates of inbreeding (Cassell et al. 2003). Furthermore, the pedigree-based method cannot detect the
actual Mendelian segregation of alleles, which can lead to biased estimates of inbreeding coefficients (Hill and Weir 2011, Keller et al. 2011). With the advent of nextgeneration sequencing technology, single nucleotide polymorphism (SNP) markers
became available at a high density. This allowed genome-wide estimates of the in-
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breeding coefficients based on individual marker loci, avoiding the drawbacks of using pedigrees to compute inbreeding coefficients. For instance, individual inbreeding
can be estimated as the excess in individual homozygosity relative to Hardy–Weinberg expected homozygosity (𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 ). Furthermore, genetic markers can also be used
to compute more structured measures of inbreeding, such as Runs Of Homozygosity
(ROH). ROH are long and uninterrupted stretches of homozygous genotypes, and
have been used to estimate individual inbreeding coefficients as the proportion of
genome covered by ROH (𝐹𝐹ROH ; Gibson et al. 2006, Peripolli et al. 2017).

Here, we examined inbreeding depression in the haplodiploid wasp Nasonia vitripennis, a gregarious parasitoid wasp of blowfly pupae (Whiting 1967). The adult females
oviposit into blowfly pupae (here referred to as “hosts”), in which the larvae complete their development. After emergence, only female offspring are capable of flight
and able to disperse over longer distances, while male offspring with small vestigial
wings are unable to fly. Consequently, flightless males usually mate with their siblings inside or near the remains of the parasitized host in bird nests or animal carcasses (Werren and Loehlin 2009). Based on these biological characteristics, N. vitripennis is expected to be a chronic inbreeder. N. vitripennis has been used as a
model organism in developmental and evolutionary genetics for over half a century
(Whiting 1967, King 1993, Rivero and West 2002, Rivero and West 2005,
Pannebakker et al. 2008, Werren et al. 2010, Pannebakker et al. 2011). Furthermore,
the genome sequence of N. vitripennis and a wide range of genomic and genetic tools
are available (Werren et al. 2010, Lynch 2015), which facilitates the study of inbreeding at the genomic level in N. vitripennis.

The main objective of this study is to assess the inbreeding depression in the haplodiploid wasp N. vitripennis. We tested this for the fitness-related traits tibia length
and wing morphology. In addition, we hypothesized that genes differentially expressed between males and females contribute differently to inbreeding depression,
because recessive deleterious alleles are protected in females at heterozygous loci.
We tested this hypothesis by computing three different inbreeding measures, and
assessed inbreeding depression by regressing phenotypic values for tibia and wing
morphology on these inbreeding measures.
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5.2 Material and methods
5.2.1 Nasonia stock
We used the HVRx outbred population, established by van de Zande et al. (2014)
from strains collected from a single field population in The Netherlands, as our
source population. To preserve genetic diversity across generations, the HVRx stock
is maintained according to a fixed schedule, in which approximately 120 mated females in total are transferred to four new mass culture vials to initiate the next generation (van de Zande et al. 2014). Per vial, 50 blow fly pupae (Calliphora vomitoria)
are provided as hosts for oviposition. To ensure optimal mixing of the wasps, the
parasitized hosts are re-distributed over four new mass culture vial each generation,
before offspring emerge. Approximately 14 days are needed to complete a cycle at
25 °C, at 16 hours light: 8 dark conditions.

5.2.2 Data description
Collection of phenotypic and genotypic data has been described previously (Chapter
3). In brief, 1,248 mass-mated females were collected randomly from two generations of the HVRx population, comprising 720 individuals from generation 169
(G169), and 528 individuals from generation 172 (G172). Morphological traits were
recorded by detaching the right forewing and right hind-tibia from each individual
female, mounting them on a microscopic slide, and measuring them under a Zeiss
Imager.A1 microscope (Zeiss AG, Göttingen, Germany) at 2.5x magnification. The remaining body was used to extract DNA for genotyping-by-sequencing (GBS) by a
commercial service provider. Sequence reads were cleaned and aligned to the N.
vitripennis reference genome Nvit_2.1. Variants were called by Freebayes (Version
1.9; Garrison and Marth 2012) and quality control was conducted to exclude lowquality SNPs. After filtering, 8,639 SNPs remained across the whole genome of 1,230
individuals (717 in G169 and 513 in G172).

5.2.3 Estimation of ROH and genomic inbreeding coefficients
We initially considered two measures of inbreeding, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 . 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 considers
homozygosity in regions above a certain minimum size, while 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 considers homozygosity at all individual loci. On average, therefore, by determining the length of the
ROH, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 is able to detect more recent inbreeding than 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 .
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ROH were detected using the software PLINK 1.9 (Purcell et al. 2007) with adjusted
parameters for ROH determination (-homozyg-density 50, -homozyg-window-het 1,
--homozyg-snp 40, -homozyg-kb 500, -homozyg-window-snp 20, --homozyg-gap
100). These parameters imply: 1) a required minimum density of one SNP per 50 kb,
2) a scanning window can contain at most one heterozygous SNP, 3) the minimal size
of an ROH was set to 500 kb with 40 SNPs, 4) a sliding window size of 20 SNPs, and
5) the maximum gap between two consecutive SNPs was set to 100kb. Because no
standard criteria are available yet for ROH calling, the parameters used in this study
were based on parameters commonly used in cattle studies with a 3 Gb genome size
and 50 K SNP chips (Forutan et al. 2018). Next, the individual genomic inbreeding
coefficients based on ROH (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 ) were determined by dividing the total length of
the genome covered by ROH by the overall length of the genome covered by SNPs.
We also calculated the inbreeding coefficients based on the excess of homozygosity
relative to Hardy-Weinberg genotype frequencies, 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 , following (Wright 1948),
as:
𝑂𝑂𝑂𝑂𝑂𝑂#𝐻𝐻𝐻𝐻𝐻𝐻−𝐸𝐸𝐸𝐸𝐸𝐸#𝐻𝐻𝐻𝐻𝐻𝐻

𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 = #𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠−𝐸𝐸𝐸𝐸𝐸𝐸#𝐻𝐻𝐻𝐻𝐻𝐻 ,

where 𝑂𝑂𝑂𝑂𝑂𝑂#𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐸𝐸𝐸𝐸𝐸𝐸#𝐻𝐻𝐻𝐻𝐻𝐻 are the observed and expected numbers of homozygous genotypes in an individual respectively and #𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the total number of SNP recorded. The estimates of 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 were calculated using PLINK 1.9 with
command –het (Purcell et al. 2007).

5.2.4 Weighted inbreeding coefficients
To investigate the presence of inbreeding depression that depends on the sex-biased
expression of genes, we defined measures of inbreeding, 𝐹𝐹𝐹𝐹, that were weighted by
the degree of sex-biased expression. We considered a range of measurements of 𝐹𝐹𝐹𝐹
that differ in their dependency on sex-biased expression. We then fit a model for
each measurement of 𝐹𝐹𝐹𝐹, and find the model that best fits the data. Hence, the
estimated degree of sex-biased inbreeding depression follows from the 𝐹𝐹𝐹𝐹 of the
best fitting model.
We first identified genes expressed differentially between males and females. We
downloaded RNA-seq data of N. vitripennis (including three male and three female
samples)
from
the
Gene
Expression
Omnibus
(GEO)
database
(www.ncbi.nlm.nih.gov/geo) with accession number GSE61156. The RNA-seq samples were extracted from a pool of 10, 24-h adult whole-body of males and females
(Wang et al. 2015). We next aligned the reads to the N. vitripennis reference genome
(Nvit_2.1, https://www.ncbi.nlm.nih.gov/assembly/GCF_000002325.3/) using STAR
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(Dobin et al. 2013). More than 90% of the reads were uniquely mapped to the reference genome. Read counts were determined with StringTie (Pertea et al. 2015), and
differentially expressed genes were identified with edgeR (Robinson et al. 2010).
Weakly-expressed genes were filtered out if they had less than one count per million
(cpm<1) reads in three samples. After filtering, a total of 8,124 genes were covered
by
the
RNA-seq
data
of
all
samples
(see
https://doi.org/10.6084/m9.figshare.11382117.v1). We normalized gene expression
levels and used negative binomial generalized linear models (GLMs) to estimate the
differential gene expression between males and females.
After identifying genes with sex-biased expression, we examined the total number
of genes covered by the 8,639 SNPs in our dataset. In total, 1,605 genes were captured by 4,850 of our SNPs, consisting of 519 genes with female biased expression
and
1086
genes
with
male
biased
expression
(see
https://doi.org/10.6084/m9.figshare.11382147.v1). The degree of sex-biased expression was measured by the logFC, which is the logarithm of the ratio of gene expression values in males over females, and is calculated as 𝑙𝑙𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =
where
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐#𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
and
log 2(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐#𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) − log 2(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐#𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓),
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐#𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 are the read counts in males and females, respectively. Thus, a zero
logFC indicates equal expression in males and females, a negative logFC indicates
higher expression in females, and a positive logFC indicates higher expression in
males. For instance, a logFC value of 2 means the gene has 22 = 4 times higher expression in males than in females. Next, we assigned each SNP the logFC value of the
gene in which it was located. Figure 5.1A shows the distribution of SNPs over logFC
values.
We then calculated the weighted inbreeding coefficient 𝐹𝐹𝐹𝐹 for each individual,
based on the homozygosity and logFC of the loci in the set of 4,850 SNP in genes with
sex-biased expression. For individual 𝑖𝑖, the inbreeding coefficient 𝐹𝐹𝑤𝑤𝑖𝑖 was calculated
as:
𝐹𝐹𝑤𝑤𝑖𝑖 =

∑ 𝐾𝐾𝑖𝑖𝑖𝑖 𝑤𝑤𝑡𝑡𝑗𝑗
𝑁𝑁𝑖𝑖

,

where 𝐾𝐾𝑖𝑖𝑖𝑖 is the homozygosity code of individual 𝑖𝑖 at locus 𝑗𝑗, with homozygotes
coded as 1 and heterozygotes as 0. The 𝑁𝑁𝑖𝑖 is the total number of loci involved in the
calculation of 𝐹𝐹𝑤𝑤𝑖𝑖 , with a maximum of 4,850 but with lower values due to missing
SNP. The 𝑤𝑤𝑡𝑡𝑗𝑗 is the weight for locus 𝑗𝑗; it ranged from 0 to 1, depending on the degree
of sex-biased expression at the locus. To better compare the contribution of sexbiased expression, we first assumed all loci have the same 𝑤𝑤𝑡𝑡𝑗𝑗 :
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Scenario 1, equal weight: Here 𝑤𝑤𝑡𝑡𝑗𝑗 = 1 for all loci. Hence, this scenario ignored sexbiased expression.
We next assumed a different 𝑤𝑤𝑡𝑡𝑗𝑗 for each locus. Loci expressed solely in females
received a weight of 1, whereas loci expressed solely in males received a weight of
zero. Loci with an intermediate degree of sex-biased expression received a weight
between 0 and 1 that depended on the type of weighing, because we did not know
the exact contribution of genes with different logFC values to the inbreeding depression. Therefore, we evaluated following scenarios to calculate 𝑤𝑤𝑡𝑡𝑗𝑗 (Figure 5.1B):
Scenario 2, linear weights: Here 𝑤𝑤𝑡𝑡𝑗𝑗 was a linear function of the logFC value for locus
j. The SNP with the strongest female-biased gene expression (the lowest logFC) had
a weight of 1, while the SNP with the strongest male-biased gene expression had a
weight of 0, and intermediate values were calculated in a linear manner. Thus, the
weight for locus 𝑗𝑗 was:
𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑤𝑤𝑡𝑡𝑗𝑗 = [𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)−𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)] .

In this scenario, therefore, it is assumed that the contribution of a locus to inbreeding
depression in females is proportional to the logFC.
Scenario 3, non-linear weights: Here 𝑤𝑤𝑡𝑡𝑗𝑗 was a non-linear function of the logFC value
for locus j (Figure 5.1B). Because we needed a weight ranging from 0 to 1, we used
the normal distribution function to model the non-linear relationship between 𝑤𝑤𝑤𝑤
and logFC. We varied the standard deviation of the normal distribution to obtain a
range of non-linear functions, using values of 𝜎𝜎 = 0.2, 0.5, 1, 2, 3, 5, 7, or 10 (see
Figure 5.1B). Thus the weight was calculated as
𝑤𝑤𝑡𝑡𝑗𝑗 = 1 − 𝐹𝐹�𝜇𝜇, 𝜎𝜎, 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑗𝑗 �,
where 𝐹𝐹�𝜇𝜇, 𝜎𝜎, 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑗𝑗 � is the value of the normal distribution function at 𝑥𝑥 =
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝐶𝐶𝑗𝑗 , 𝜇𝜇 is the mean x-axis value, calculated as 𝜇𝜇 =

𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)+𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)
2

, and val-

ues for 𝜎𝜎 are given above. Small values of 𝜎𝜎 represent a weight that goes quickly to
0 or 1 with a little degree of sex-biased expression (logFC relatively close to zero),
whereas large values of 𝜎𝜎 represent a weight that goes approaches 0 or 1 only with
extreme sex-biased expression (logFC strongly deviating from zero; Figure 5.1B).
In summary, scenario’s 1 through 3 represent different models for the impact of sexbiased gene expression on the inbreeding depression. We find the optimum model
by regressing the trait value on the 𝐹𝐹𝑤𝑤𝑖𝑖 for the different scenarios, and finding the
scenario that best explained the observed data based on the variance explained by
the fixed effects.
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A

B

Figure 5.1 The distribution of the number of SNPs over logFC (A), and the distribution
of SNPs weights for the different scenarios (B)

5.2.5 Statistical models
We assessed inbreeding depression by regressing phenotypic observations on inbreeding coefficients (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 , 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐹𝐹𝑤𝑤 ), using both additive and additive-dominance polygenic models. In addition, we previously found that much of the phenotypic variance of wing morphology and tibia length in N. vitripennis can be attributed
to the host in which the wasp has developed (Chapter 2). We therefore included a
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random host effect in the mixed model for individuals from G172, but not for individuals from G169 as we did not have information on the host origin for the latter.
The additive model was:
𝒆𝒆
𝟎𝟎
� + �𝒆𝒆1 �,
𝒚𝒚 = 𝜇𝜇 + 𝑿𝑿𝑿𝑿 + 𝑭𝑭𝛽𝛽 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + �
𝒁𝒁𝑐𝑐 𝒄𝒄
2
and the additive-dominance model was:
𝒆𝒆
𝟎𝟎
� + �𝒆𝒆1 �,
𝒚𝒚 = 𝜇𝜇 + 𝑿𝑿𝑿𝑿 + 𝑭𝑭𝛽𝛽 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + 𝒁𝒁𝑑𝑑 𝒅𝒅 + �
𝒁𝒁𝑐𝑐 𝒄𝒄
2
where y is the vector of phenotypic records, 𝜇𝜇 is an intercept, b is a vector of fixed
effects (other than inbreeding coefficients), X is a design matrix relating observations
to the corresponding fixed effects. 𝑭𝑭 is a vector of individual inbreeding coefficients,
either 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 , 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 or 𝐹𝐹𝐹𝐹 for one of the scenarios, and the scalar 𝛽𝛽 represents the
magnitude of inbreeding depression, and is the parameter of interest. The g is a vector of random additive genetic values (“breeding values”) of all individuals, 𝒁𝒁𝑔𝑔 is the
corresponding incidence matrix, 𝒅𝒅 is a vector of random dominance effects, and 𝒁𝒁𝑑𝑑
is the corresponding incidence matrix. The 0 is a vector of zeros for the individuals in
G169, c is a vector of random host effects for the individuals in generation G172, 𝒁𝒁𝑐𝑐
is the corresponding incidence matrix, e1 is a vector of random residuals for G169,
and e2 is the corresponding vector for G172.
The additive, dominance, and host effects were assumed to be normally distributed,
𝒈𝒈~𝑁𝑁(𝟎𝟎, 𝑮𝑮𝜎𝜎𝑔𝑔2 ), 𝒅𝒅~𝑁𝑁(𝟎𝟎, 𝑫𝑫𝜎𝜎𝑑𝑑2 ) and 𝒄𝒄~𝑁𝑁(𝟎𝟎, 𝑰𝑰𝜎𝜎𝑐𝑐2 ), respectively, where 𝜎𝜎𝑔𝑔2, 𝜎𝜎𝑑𝑑2 and 𝜎𝜎𝑐𝑐2
are the additive genetic, dominance and host variances, G is a matrix of additive genomic relationships between individuals, D a matrix of dominance genomic relationships, and 𝑰𝑰 is an identity matrix. Allele frequencies of the current population were
𝑾𝑾𝑾𝑾′

used to construct G, following Method I of VanRaden (2008), 𝐆𝐆 = 2 ∑ 𝑝𝑝

, where

𝑗𝑗 �1−𝑝𝑝𝑗𝑗 �

𝑝𝑝𝑗𝑗 is the allele frequency at locus 𝑗𝑗, 𝑾𝑾 is a matrix of centered allele counts, with
elements 𝑊𝑊𝑖𝑖𝑖𝑖 being the code of the genotype at locus 𝑗𝑗 for individual 𝑖𝑖, with (0 −
2𝑝𝑝𝑗𝑗 ) for the homozygote, (1 − 2𝑝𝑝𝑗𝑗 ) for the heterozygote, and (2 − 2𝑝𝑝𝑗𝑗 ) for the opposite homozygote. The 𝑫𝑫 was built following Vitezica et al. (2013), 𝑫𝑫 =
𝑴𝑴𝑴𝑴′

, where 𝑀𝑀𝑖𝑖𝑖𝑖 is the code of the genotype at locus 𝑗𝑗 for individual 𝑖𝑖, with

∑𝑖𝑖(2𝑝𝑝𝑖𝑖 (1−𝑝𝑝𝑖𝑖 ))2
2
−2�1 − 𝑝𝑝𝑗𝑗 �

for the homozygote, 2𝑝𝑝𝑗𝑗 (1 − 𝑝𝑝𝑗𝑗 ) for the heterozygote, and −2𝑝𝑝𝑗𝑗2for
the opposite homozygote. Because the host effect could not be fitted for individuals
from G169, variation originating from the host may end up in the residual variance
for these individuals. For this reason, we estimated the residual variance for the
G169 and G172 populations separately. The residual effects of G169 and G172 were
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assumed to be normally distributed, 𝒆𝒆1 ~𝑁𝑁(𝟎𝟎, 𝑰𝑰𝜎𝜎𝑒𝑒21 ) and 𝒆𝒆2 ~𝑁𝑁(𝟎𝟎, 𝑰𝑰𝜎𝜎𝑒𝑒22 ), respectively, where 𝜎𝜎𝑒𝑒21 and 𝜎𝜎𝑒𝑒22 are the residual variances of G169 and G172, respectively.
All analyses were performed using ASReml 4.0 (Gilmour et al. 2012), and G and 𝑫𝑫
were calculated using Calc_grm (Calus and Vandenplas 2016). The significance of inbreeding depression was test by a Wald test (p < 0.05).

5.3 Results and Discussion
Figure 2 shows the distribution of the individual inbreeding coefficients for 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻
(Figure 5.2A) and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 (Figure 5.2B), and the relationship between both measures
(Figure 5.2C). Both 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 show considerable variation among individuals,
indicating that inbreeding coefficients in our data show sufficient variation to allow
us to detect the presence of inbreeding depression. As expected, 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅
show a positive relationship, but they are incompletely correlated (𝜌𝜌 = 0.75), indicating that they indeed capture somewhat different aspects of inbreeding.

Figure 5.2 Frequency distribution of inbreeding coefficients 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 (A: mean 0.00011;
range -0.93-0.51) and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 (B: mean 0.125; range 0.009-0.29) and correspondence
inbreeding coefficients between 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 (C: slope=3.45 and correlation=0.75).
We did not detect any evidence of inbreeding depression for the different wing morphology traits and tibia length in our population, neither with 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 nor with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅
(Table 5.1). Although the estimate for the effect of 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 on the trait wing aspect
ratio in the additive model is significant at the 5% level, this result may very well be
a false positive. This is because we performed 20 tests with P = 0.05, so that we expect precisely one false positive when the null-hypothesis of no inbreeding depression holds.
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Table 5.1 Estimated inbreeding depression parameter with standard errors in
brackets using 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 or 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 as a covariate
Additive-dominance
Additive model
model
Tibia length
Wing length
Wing width
Second moment
area
Wing aspect ratio

𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅
-12.09
(33.11)
-17.67
(93.24)
2.34
(45.26)
0.006
(0.08)
-0.035
(0.03)

𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻
0.73
(6.17)
-25.20
(16.92)
-2.28
(8.16)
-0.012
(0.02)
-0.015
( 0.007)*

𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅
12.07
(47.86)
169.70
(137.70)
70.57
(66.81)
0.13
(0.12)
-0.027
(0.03)

𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻
-0.81
(10.94)
-20.46
(28.31)
-3.50
(12.65)
-0.006
(0.029)
-0.014
(0.008)

*: P < 0.05
We further investigated the contribution of genes with sex-biased expression to inbreeding depression, using the inbreeding coefficient 𝐹𝐹𝐹𝐹. Supplementary Figure
S5.1 shows the distribution of 𝐹𝐹𝐹𝐹 for different weighting scenarios. Similar to 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻
and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 , values of 𝐹𝐹𝐹𝐹 show considerable variation among individuals. Again, we
could not detect signs of inbreeding depression for genes with sex-biased expression
(Table 5.2). Out of a total of 100 estimates, no single estimate was significant at the
5% level (Table 5.2). If the 100 estimates would have been independent, we would
have expected five false positives under the null-hypothesis when using P = 0.05.
However, we did not find a single estimate significant at the 5% level. In conclusion,
we find no evidence that our data deviate from the null-hypothesis of the absence
of inbreeding depression.
There are several possible reasons that may explain the apparent absence of inbreeding depression for tibia length and wing morphology traits in this study. Firstly,
the dataset may have lacked the statistical power to detect inbreeding depression.
We therefore conducted a power calculation to quantify the degree of inbreeding
depression that we could have detected with our data (Supplementary material).
The outcome suggests that we had sufficient power to detect moderate levels of
inbreeding depression (>9%) with this dataset, such as those found for life history
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traits, but not the very weak inbreeding depression often found for morphology
traits.
Secondly, morphological traits may suffer no or little inbreeding depression. From an
evolutionary perspective, most morphological traits are either under weak or stabilizing selection, so that erosion of additive genetic variance due to natural selection
is limited. For this reason, the genetic variation underlying morphological traits is
mostly additive rather than dominant (Lynch and Walsh 1998, DeRose and Roff
1999). Therefore, morphological traits are expected to have relative low dominance
variance and little directional dominance. Directional dominance is required for inbreeding depression according to the partial dominance theory (Lynch and Walsh
1998). In our previous study, we indeed found a relatively low dominance variance
for wing morphology traits and tibia length, where dominance explained 2-8% of the
phenotypic variance (Chapter 3). These results support the hypothesis that morphological traits show weak inbreeding depression. The degree of inbreeding depression
of morphological traits versus life-history traits has been long discussed (DeRose and
Roff 1999). However, research on inbreeding depression for morphological traits has
been limited. Henter (2003) found no inbreeding depression for hind tibia length in
the haplodiploid species Uscana semifumipennis. Kearsey and Kojima (1967) reported weak dominance variance for morphological traits in Drosophila melanogaster. Lynch and Walsh (1998) compiled inbreeding depression estimates for lifehistory and morphological traits in Drosophila. They found extremely low inbreeding
depression for morphological traits compare to life-history traits, for instance, 3%
for wing length versus 81% for female fertility. DeRose and Roff (1999) performed a
meta-analysis of inbreeding depression for morphological traits across species and
found that morphological traits suffer little or no inbreeding depression compared
to life-history traits. More recently, Wright et al. (2008) estimated inbreeding depression for morphology traits from inbred and outbred lines in Drosophila simulans.
They found weak inbreeding depression for wing length, and no inbreeding depression for other morphological traits such as wing width, tibia length, and head width.
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Moreover, as described in the introduction, the biology of Nasonia, and in particular
the local mating between relatives, indicates that inbreeding is expected to be high.
This does allow for purging of deleterious alleles in several ways, which in turn may
also explain the absence of inbreeding depression in our population. Firstly, as inbreeding is expected to be mild and rather slow, so that females and males homozygous for deleterious alleles can be pruned out of the population. Secondly, for deleterious alleles on loci that are important for female and male fitness, purging may be
more efficient in Nasonia these alleles are fully exposed to selection in the haploid
males (Werren 1993). However, the analyses using 𝐹𝐹𝐻𝐻𝐻𝐻𝐻𝐻 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 in our current
dataset, makes it difficult to assess the relevance and importance of these explanations, among others as we lack direct evidence of genetic purging.
Nevertheless, using the possibilities of our datasets, we have developed a method
that might allow the differentiation between sex-independent purging and purging
through haploid males. We hypothesized that purging through the latter mechanisms would result in the pattern that homozygous loci in genes with female-biased
expression genes contribute more to inbreeding depression than those in genes with
male-biased expression. This hypothesis was based on the expectation that recessive
deleterious mutations may accumulate in female-expressed genes, because they are
not expressed in the heterozygous state, and therefore not purged as they are in the
haploid males (Werren 1993). We have used different scenarios to weigh alleles in
sex-biased genes. The phenotypic variance was almost identical in all scenarios,
which indicates that the fixed effects explained equal variance in all scenarios and
none of the scenarios fitted better than any other. In addition, we did not observe
any evidence of inbreeding depression related to sex-biased gene expression (Table
5.2).
However, the absence of a relationship between sex-biased gene expression and inbreeding depression in our study does not mean that such a relationship does not
exist but may rather reflect limitations in our data and the traits studied. First, morphological traits such as wing morphology and tibia length may show little inbreeding
depression (as discussed above). When the objective is to test the hypothesis that
genes with female-biased expression suffer more from inbreeding depression, it
would be better to choose a female-limited life history trait, such as fecundity, oviposition rate or sex ratio. Second, only a small proportion of genes (1605 out of 8124
genes) was covered by the SNPs in our GBS, most of which are about equally expressed in males and females. Moreover, because of a lack of information on the
role of genes (see e.g., Chapter 3), we considered all genes captured by the SNPs in
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our dataset, rather than the genes known to affect wing morphology or tibia length.
Hence, our approach represents a crude way to investigate the different contribution
of sex-biased genes to inbreeding depression. It is also possible that the genes showing sex-biased expression are not relevant to wing morphology or tibia length. Furthermore, the identification of genes as showing sex-biased expression was based
on RNA-seq data derived from a single developmental stage (24-hour adult body)
and some of these genes may show higher expression in males during earlier stages
of development. For traits like wing morphology, traits already fully developed at the
adult stage, relevant genes may not all be expressed at this stage. The adult stage
therefore, likely is not the best stage to measure sex-biased expressed genes for wing
morphology traits as tested here. Using only genes that affect the studied trait and
RNA-seq data from the correct developmental stage, would generate more power to
detect a possible contribution of genes showing sex-biased expression to inbreeding
depression. Our own GWAS (Chapter 3) delivers candidate genes for this approach,
but because these were based on the same data used in this study, we could not use
these results here.
We investigated the relationship between female-biased gene expression and inbreeding depression by regressing phenotypes on different measures of inbreeding
(see Material and Methods). Alternatively, functional genetic tools such as Variant
Effect Predictor (VEP; McLaren et al. 2016), SIFT (Kumar et al. 2009) and PROVEAN
(Choi and Chan 2015) could also be used to predict the effect of the genetic variants,
and to prioritize genes to be included in the regression model. However, this approach is not feasible with our data because the SNPs detected by our GBS approach
covered only a limited number of genes. Moreover, the genome of N. vitripennis is
not as well annotated as that of humans, commercial livestock or Drosophila species,
which limited the utility of this approach. In future studies, using a higher SNP density
or whole-genome sequence data, combined with a better genome annotation may
overcome this hurdle.

5.4 Conclusion
We investigated the effects of inbreeding on wing morphology and tibia length in a
N. vitripennis outbred population. Overall, our results do not show evidence of inbreeding depression on these morphological traits. Furthermore, we did not find any
evidence to support our hypothesis that genes with female-biased expression contribute more to inbreeding depression. However, our analysis was limited by the nature of the traits, the available expression data, and the relatively low density of SNPs
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across the genome. Therefore, when the aim is to test the hypothesis that genes with
female biased expression cause greater inbreeding depression, we advocate using a
female-limited trait closely linked to fitness, such as life-history traits, and using a
higher density of SNP markers. In addition, RNA-seq data from the relevant developmental stage should also be used to identify sex-biased expression genes.
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5.7 Supplementary material
5.7.1 Power calculation
To examine whether the observation of no inbreeding depression is due to a lack of
power in our dataset, we conducted a power calculation. We quantified the minimum magnitude of inbreeding depression that we should have been able to find, in
present, in our data, using tibia length fitted with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 in the additive model as an
example. The threshold to detect significant inbreeding depression follows from the
standard error (𝑆𝑆𝑆𝑆) of 𝛽𝛽̂ , which was 33.11µm (Table 5.1). Therefore, the significance
threshold for P <0.05 equals 𝛽𝛽̂𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑆𝑆𝑆𝑆 ∗ 𝑄𝑄(0.05) = −1.64, 𝑆𝑆𝑆𝑆 =-54.3 µm, where
𝑄𝑄(0.05) is the quantile of the normal distribution at P = 0.05. Hence 𝛽𝛽̂ values lower
than -54.3 µm would have been significant. A 𝛽𝛽̂ of −54.3µm corresponds to a maxi-

mum inbreeding depression of -54.3 µm (occurring when 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 = 1), while the mean
value of tibia length is 610 µm (Chapter 4). Hence, any relative inbreeding depression
greater than I.D. = 54.3/610 = 0.09 would have been statistically significant. Comparing this result to literature results in Drosophila (Table 10.2 in Lynch and Walsh 1998),
shows that this value is considerably smaller than typical values for life history traits,
but greater than estimates for morphology traits (on average ~0.03). This means that
our study had sufficient power to detect inbreeding depression typical for life history
traits, but not the very small values found for morphological traits.
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Figure S5.1 Frequency distribution of inbreeding coefficients 𝐹𝐹𝑤𝑤 with different
weighting scenarios
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6.1 Introduction
6.1.1 Preamble: the importance of genetics
Insects have gained increasing interests in diverse agricultural applications, ranging
from the use of insect-derived protein in animal feed to the use of insects as natural enemies of agricultural pests (i.e. for Biocontrol). Using the knowledge of genetics is a powerful way to improve the application of insects in agriculture to meet
the demands of the future. The potential of genetic improvement of insects in
agricultural application, such as in biocontrol, has been discussed for decades
(DeBach 1958, Hoy 1986). The realization of the importance of genetic variation
has increased, however, the nature of genetic variation is still largely unexplored
for insects outside of well-studied species such as the fruit fly Drosophila melanogaster, the honeybee Apis melifera, or the silk moth Bombix mori. The recent and
fast development of genetic and genomic tools, and the availability of single nucleotide polymorphism (SNP) panels have enabled the investigation of genetic variation at a genome-wide level. The implementation of these available genetic and
genomic tools to insects is expected to improve our understanding of genetic variation, and will thus aid the long-term genetic improvement of insects.

6.1.2 The main results in a nutshell
In this thesis, I investigated the genetic basis of wing morphology and associated
phenotypic traits in the parasitoid wasp Nasonia vitripennis as a case study to explore the potential of genetic improvement of insects. I specifically focused on
quantifying the amount of genetic variation and variation due to common environmental effects (or host effects), and on the genetic architecture underlying the
phenotypic variation. Host effects occur because Nasonia species are gregarious
wasps, which lay more than one egg into a single host, so that the offspring share a
common developmental environment. In Chapters 2 and 3, we describe two different approaches, a modified Animal Model with a pedigree relationship matrix, and
the Genomic Restricted Maximum Likelihood (GReML) method, used to quantify
the amount of total phenotypic variation for wing morphology traits that could be
explained by genetic effects. We observed significant additive genetic variation for
morphological traits. Therefore, to further investigate the genetic mechanisms
underlying the genetic variation of wing morphology, we performed a genomewide association study (GWAS) (Chapter 3). The GWAS results revealed a polygenic
basis of wing morphology traits, and several genomic regions that were significantly associated with phenotypic variation in wing morphological traits were identi125
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fied. In Chapter 4, to explore the potential of using the associations between genotype and phenotype for genomic selection, we applied genomic prediction for wing
morphology traits of N. vitripennis. Our results showed promising accuracies based
on a cross-validation strategy, which suggests that genomic prediction is feasible in
haplodiploid insects. In Chapter 5, we investigated the relationship between the
level of inbreeding and inbreeding depression for wing morphology traits using sexbiased gene expression. We found no evidence for a relationship between inbreeding and sex-biased gene expression, and we did not observe any inbreeding depression for wing morphology traits.

6.1.3 Outline of this general discussion
The main findings of this thesis have already been discussed in each of the chapters. In this general discussion, I will discuss the results of the previous chapters in a
broader perspective, focusing on two main aspects in particular. Firstly, in Chapters
2 and 3, we quantified the contribution of host effects (or common environmental
effects) to phenotypic variation and observed substantial host effects on wing
morphology. Here, I will discuss the effect of host quality on parasitoids, and the
potential of improvement of parasitoids by selecting better hosts. Secondly, in
Chapter 2 to 4, we investigated the genetic basis of wing morphology and associated phenotypic traits. Here I will discuss the implication of these results for insect
selective breeding.

6.2 How host effects shape phenotypic variation
One of the main findings of this thesis is the substantial host effects on wing morphology traits in Nasonia vitripennis, especially for size traits: hosts explained up to
64% of the total phenotypic variation (Chapters 2 and 3). In Chapter 4, we found
that omitting the host effect from the statistical models used for genomic prediction leads to inflation of the genetic estimates and incorrect prediction of phenotypes. These findings show the relevance of the host effect for a better quantification of genetic variation and to interpret phenotypic variation and predict phenotypes. In this section, I will first discuss the impact of host quality on the development of parasitoids. Then I will discuss how to better use this to improve the fitness
or performance of parasitoids for practical application in agriculture.
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6.2.1 Hosts generate phenotypical plasticity in parasitoids
Insect parasitoids are mostly wasps of the order Hymenoptera, whose larvae develop in the eggs, larvae or pupae of other insects (Godfray 1994). Nevertheless, no
matter what type of parasitoid, the host quality is of key importance to a parasitoid
as it represents the environment in which the larvae complete their development.
It contains all the resources available to the developing larvae, and as such the
quality of the hosts is vital to the fitness of the parasitoids. The physiological status
of their host can have a strong influence on many aspects of the parasitoid phenotype. For example, the size of adult parasitoids depends on the quality of the host
in or on which they developed (Godfray 1994). In addition to the parasitoids’ morphology, the physiology and behavior of the parasitoid, such as the rate of development, female fecundity, and patch exploitation, also varies with host condition.
Thus parasitoids show phenotypic plasticity with respect to the host environment,
and a single wasp strain can show variable developmental outcomes depending on
the hosts’ physiological status.
Phenotypic plasticity is the ability of a genotype to produce distinct phenotypes by
changing its physiology, morphology or development depending on the environmental conditions (Via and Lande 1985, Roff et al. 2002). In the case of parasitoid
wasps, the main environmental factor that generates phenotypic plasticity is the
quality of resources available within the host. In addition, competition among larvae within a host is an important factor that generates phenotypic plasticity in
gregarious parasitoids. In gregarious parasitoids, the resources of a single host have
to be shared either among siblings or with the unrelated offspring of another female when superparasitism (the parasitisation of the same host by multiple females) occurs. With more individuals per host, a smaller amount of resources is
available to each individual, and consequently, the adults emerging from such a
host will be smaller. In addition, this not only increases the competition for host
resources, but also may increase the deterioration rate of hosts which in turn affects the development or phenotype of parasitoids. It is, therefore, not only the
quality of the hosts, but the whole host environment that is vital to the fitness of
the parasitoids.

6.2.2 Practical application of the host effect: benefits and consequences of selection of hosts
The host-induced phenotypic plasticity affects numerous fitness components in
parasitoids, such as preimaginal survival, size and fecundity (Godfray 1994). There127
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fore, it is logical to hypothesize that parasitoid phenotypes can be optimized by
using optimal hosts. For example, in several parasitoid wasps, a strong effect of
host body size on the offspring sex ratio has been reported, including Catolaccus
grandis (Heinz and Parrella 1990), Diglyphus isaea (Ode and Heinz 2002, Chow and
Heinz 2005) and Nasonia vitripennis (Rivers and Denlinger 1995). For instance,
Catolaccus grandis parasitoids produce more female offspring in larger hosts, and
the sex ratio, expressed as the proportion of males, shifted from 0.33 to 0.23 when
parasitoids were exposed to larger hosts, whereas it shifted from 0.35 to 0.44 when
exposed to smaller hosts (Heinz and Parrella 1990). The observation of a more
female-biased sex ratio in larger hosts indicates the potential of using optimal hosts
to improve parasitoids for practical applications. Sex ratio is an important biocontrol trait, because the production of more females is desired for application in biocontrol as (i) females actually kill the pests, and (ii) female reproduction builds the
biocontrol agent’s population. To improve the sex ratio for biocontrol, two different approaches have been suggested (West 2009): an environmental approach, by
providing optimal quality hosts to obtain more female-biased sex ratios as described above, and a genetic or selective breeding approach, in which individual
parasitoids or lines with female-biased sex ratios are artificially selection. The use
of host quality for improving sex ratios is an example of how traits sensitive to host
quality can be optimized in different ways and can potentially also be applied to
other such traits.
Given the very large host effects found in this thesis, it is important to optimize the
host quality in order to fully realize the potential of improving parasitoid performance. Comparable to parasitoid traits, hosts can be optimized in different ways,
via a genetic approach, such as selective breeding or selection of strains, or via an
environmental approach, such as an optimal rearing environment. Here, I will
mainly focus on the genetic approach. As mentioned earlier, parasitoids show phenotypic plasticity with respect to host species, and also with respect to host physiological and nutritional status within a single host that can vary both within and
between host species. Therefore, I propose two steps of host selection to optimize
parasitoids: first selecting a host species from a range of available species (between-species host selection), and second, selecting individual hosts within a single
host species or population (within-species genetic selection).
Most parasitoids can attack different host species that differ in body sizes, shape,
chemicals, mixtures of nutrients and the available amounts of energy. These differences are reflected in the host acceptance by the parasitoid, as well as the host
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suitability for parasitoids (Vinson 1976). For instance, in a laboratory study of Nasonia vitripennis where seven host species were offered for parasitization, only four
were parasitized, including three fly species from the family Sarcophagidae and one
species from Muscidae (Rivers and Denlinger 1995). Among these four species, N.
vitripennis produced fewer progeny, a higher sex ratio, had a longer development
time, and produced smaller adult wasps on Muscidae species than on the three
Sarcophagidae species. Similar variations in the development on different host
species have also been observed in other parasitoid species (Vinson 1976, Janssen
1989, Corrigan and Laing 1994, Dai et al. 2014). Offering parasitoids the host species with the highest suitability, will likely improve their performance in practical
applications, such as for biocontrol.
After the optimal host species is determined, the next step is to further optimize
the host quality within that species. Any phenotypic variation within the selected
host species, such as size and nutrients composition can similarly affect the development of the parasitoids. Both N. vitripennis and Muscidifurax raptor larvae, for
instance, show higher survival on larger Musca domestica hosts (Wylie 1967). Furthermore, in N. vitripennis adult body size increases with host weight on Sarcophaga bullata hosts (Rivers and Denlinger 1994). Through such an effect on adult female body size, host size can be a key factor for parasitoid fitness (Godfray 1994).
Indeed, parasitoids can be optimized simply by providing them with optimal hosts,
for instance, providing large hosts yields higher proportion of females.
However, while relatively easy to apply, without the need for genetic knowledge,
one disadvantage of this environmental method is that there are no long-term
cumulative benefits, because hosts are only selected once without consolidating
these benefits through breeding. It is, therefore, important to be aware of the
potential benefits to improve hosts genetically, for instance, by optimizing hosts
through selective breeding. With this approach, the condition of the hosts will be
genetically improved, resulting in further optimization of the parasitoids. Selective
breeding can increase the frequency of favorable alleles. In which way and to what
extent selective breeding can be exploited depends on the genetic basis of the host
characteristic of interest. To the best of my knowledge, there are no available studies so far on host selective breeding for parasitoids optimization. The methods for
such a selective breeding approach, could follow the approach I have outlined in
section 6.3 below. While such genetic improvement of hosts to optimize parasitoid
could deliver better parasitoids, its relative contribution to improve parasitoids for
biocontrol might be limited, especially when the direct genetic improvement of
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parasitoids is feasible. However, when the direct genetic improvement of parasitoids fails, or is very much complicated as I will discuss in section 6.3.4, host selection can be considered as complementary to the direct genetic improvement of
parasitoids.

6.2.3 Using host genotype to optimize parasitoids
A special case of selecting hosts within species, would be selecting hosts based on
their genotype. Accumulating evidence suggests that the host genotype influences
the development of parasitoids (Paredes et al. 2016, Yamashita et al. 2018).
Yamashita et al. (2018) conducted a GWAS of wing morphological variation of the
endoparasitoid wasp Asobara japonica, using the host genotype as an explanatory
variable, and identified a total of 64 SNPs in the host genome that are associated
with wing shape, size, and survival rate of the parasitoid wasp. Their findings suggest that parasitoids that develop in hosts with a specific genotype may have higher fitness. This finding is interesting, because it implies that knowledge of the host
genotype can be used to improve the performance of the parasitoid. In addition,
with this knowledge the host effects can also be better estimated, and thus the
phenotype of parasitoids can be better predicted. In this thesis, we have disentangled and quantified host effects in a linear mixed model as:
𝒚𝒚 = 𝜇𝜇 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝑔𝑔 𝒈𝒈 + 𝒁𝒁𝑐𝑐 𝒄𝒄 + 𝒆𝒆.
In this model, we previously assumed that the vector of host effects 𝒄𝒄 to be normally distributed and following 𝑁𝑁(0, 𝑰𝑰𝜎𝜎𝑐𝑐2 ), where 𝑰𝑰 is an identity matrix and 𝜎𝜎𝑐𝑐2 is
the host variance. With the knowledge of the hosts genotype, the relationship
between hosts can be computed instead of using the above identity matrix. Therefore, the host effects thus become 𝒄𝒄~𝑁𝑁(0, 𝑯𝑯𝜎𝜎𝑐𝑐2 ), where H is a matrix of genomic
relationships between hosts. Using this method, host effects can be better captured by taking the associations between host genotypes and parasitoid phenotypes into account.
Knowledge of the host genotype also helps to dissect the host effect, because hosts
can be standardized by their genotypes. In Chapters 2 and 3, we quantified the
amount of phenotypic variation explained by hosts. However, the mechanisms
underlying these substantial host effects are not clear yet. For instance, the host
effect could be generated by factors including host size, the nutrient value of the
host, the level of competition within the host, or a combination of these factors.
Importantly, for each of these potential causes, genetic variation in the host could
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be present, thus by including the information on the genotype, the host effect can
be better understood.
To conclude, host selection, either selecting for host genotypes, or by optimizing
host quality, can be a promising way to optimize parasitoids. However, one disadvantage of host selection could be the local adaptation of parasitoids to the host
species used in the rearing facility. There is growing evidence for adaption to the
natal host in parasitoids (Antolin et al. 2006, Henry et al. 2008, Henry et al. 2010),
in which adult females would be primed to preferentially accept the natal host
species generating problems in acceptance of non-natal hosts in the field (Jones et
al. 2015). For instance, in the aphid parasitoid Aphidius ervi, decreased performance on non-natal hosts has been found (Henry et al. 2010). This local adaptation
to natal hosts is also relevant for the mass production of biocontrol agents, in
which, factitious hosts are commonly used, non-targeted host species that are
easier to access or cheaper to produce. Local adaptation to such factitious hosts
during mass-propagation might be detrimental to biocontrol efficacy in greenhouse
settings where different natural hosts (i.e. the pests) are present. Adaptation to
factitious hosts has been shown to reduce important fitness traits, such as fecundity and emergence rate (Bertin et al. 2017). While selection can offer a quick improvement of biocontrol agents in some cases, a more durable improvement might
be reached using selective breeding of the parasitoid.

6.3 The implications: a road map for insect selective breeding
Host optimization is just one way of improving the mass-production of insects. For
several reasons, high-volume insect rearing is currently attracting more and more
attention. With the explosion of the global human population together with climate change, insects have become a potential alternative protein source for animal
feed and/or for direct human consumption. Moreover, the use of arthropod natural enemies for pest control in agriculture, instead of using pesticides, is attractive
from an environmental point of view. Furthermore, some insect species can also be
used as bio-converting agents which consume organic wastes or animal manure.
For these reasons, high-volume production of insects is increasingly promoted as a
business opportunity to meet future human demands. However, mass-rearing of
insects is often still in a start-up phase, and the use of genetic tools is very limited
as present (Sorensen et al. 2012). Selective breeding is a method to improve a trait
through identifying and selecting individuals with the highest genetic merit to become parents for the next generation. It has greatly increased the productivity of
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animal and plant populations in agriculture. By applying the existing knowledge and
experience from animal and plant breeding, selective breeding can effectively be
used to improve insect populations.

6.3.1 Current status of insect selective breeding
Selective breeding or artificial selection in insects is not a new concept, neither in
research nor for commercial purposes. Extensive genetic studies, including artificial
selection, have been conducted in Drosophila species, mainly in laboratory research (Manning 1961, Pyle 1976, Zwaan et al. 1995). In addition to the fundamental research applications in Drosophila, artificial selection has also been applied in
other insects with more applied goals. In apiculture, breeding of honeybees (Apis
mellifera, Hymenoptera) for long has been a tradition, and individuals are selected
for traits such as honey production and hygienic behaviour (Page and Robinson
1991, Perez-Sato et al. 2009). Recently, information on the German bee breeding
program Beebreed has become available online (http://www.beebreed.eu), including information on estimation of breeding values. In sericulture, genetically improved silk moth (Bombyx mori, Lepidoptera, Bombycidae) strains have been developed. These stocks are optimized for economically important quantitative traits
such as growth rate, cocoon size, silk filament quality, ability to live in crowded
conditions, and feed efficiency by controlled breeding and selection programs
(Goldsmith et al. 2005, Xiang et al. 2018). For biocontrol purposes, selective breeding has been used to improve the efficacy of biocontrol agents (Hoy 1986, Lirakis
and Magalhaes 2019). These studies and their applications have increased the
awareness for the potential benefits of genetic improvement of insects. However,
most of the available studies and techniques are limited to Drosophila, honeybees
or silk moths, and general guidelines for insect breeding are currently lacking. Because of the great diversity in insect species and their biology, a practical map for
insect breeding would help answering important questions including:
1) Which selection method should be used?;
2) Can the same breeding scheme be used for different breeding goals, and
for different species?;
3) How can genetic variation be maintained for long-term improvement?

6.3.2 Target traits and large-scale phenotyping
Before starting a selective breeding programme, the breeding goal or the purpose
of breeding should be clear. The breeding goal should specify which traits to target,
and in which direction they should be selected. For instance, when selectively
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breeding insects as a source of protein for animal feed or human consumption,
traits such as protein content, fat composition, growth rate, and body size will be
part of the breeding goal. For populations of natural enemies, other traits such as
killing efficiency, robustness to abiotic environment (e.g., extreme environmental
conditions) and host acceptance will be favoured (see Leung et al. 2019 for a discussion of traits for biocontrol), while for bio-converters, traits such as consumption rate and rapid development are important (Fowles and Nansen 2019).
As soon as the breeding goal is determined, the next step is to investigate the nature of the traits. It is useful to know the genetic parameters of the breeding goal
traits, such as the heritability. According to the breeder’s equation, ∆𝐺𝐺 = ℎ2 𝑆𝑆, the
genetic gain or the genetic change in the mean trait value per generation (∆𝐺𝐺) is
determined by the relative amount of genetic variation (ℎ2) and the selection differential (S), which is the difference between the overall population mean and the
mean of the selected parents (Falconer and Mackay 1996). A trait with high heritability is expected to achieve a higher selection response than a trait with low heritability. In addition to the genetic parameters of the traits, technical issues such as
how to collect phenotypes should be considered. Within a breeding program, phenotyping always plays an essential role. Phenotypes that are accurately measured
typically have greater heritability, and thus result in a greater response to selection.
Therefore, cost-effective methods to measure the phenotypes precisely are vital to
a breeding program.
Apart from some production traits such as cocoon production in silkworm or honey
yield in bees, most traits in insects are not well defined. This is particularly the case
for physiological and behavioural traits. Furthermore, techniques for phenotype
collection are often not well developed. In conventional plant and livestock breeding, a variety of advanced technologies has been developed to record phenotypes
in an automated way. In pigs, for instance, X-ray-computed tomography is used to
accurately measure body and carcass composition (Scholz et al. 2015). Currently,
sensor techniques are being developed to automatically record individuals behaviours when selecting animals for breeding against damaging behaviour (Ellen et al.
2019). Therefore, the phenotyping techniques that are currently being developed
in conventional livestock and plant breeding may also offer the opportunity to
collect phenotypes of insects more efficiently. In addition, the development of
computer algorithms, such as machine learning and deep learning, offer an opportunity for large-scale phenotyping in insects. Recently, a computer vision algorithm
was developed to automatically estimate the geometrical characteristics of eggs of
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the predatory mite Phytoseiulus persimilis, based on images (Le Hesran et al. 2019).
In this thesis, we measured a large number of wing morphology traits in a manual
and time-consuming way, which involved detaching and mounting wings on microscope slides, taking wing pictures with a digital microscope and locating landmarks
for every picture manually. With machine learning, computer algorithms can be
trained to get high accuracy of wing morphology measurements from wing pictures, or even to capture the wing morphology during flight based on videos obtained with high-speed video cameras.

6.3.3 Selection methods
In livestock selective breeding, many selection methods are available, including
mass selection, sib selection, progeny testing, kin group selection, and genomic
selection. Here I will discuss different selection methods and their (dis)advantages
for application in insects selective breeding. Among these selection methods, progeny testing is a method where individuals are selected based on the performance
of their offspring. However, progeny testing is not feasible in most of insects due to
biological constrains, such as short life-span, reduced reproduction ability at late
stage or females that can mate only once. Therefore, progeny testing as a selection
method is not discussed here.
Mass selection – Mass selection or individual selection is a method to select individuals from a population based on their own observed phenotypes. It is the simplest way of selective breeding, and it is also a common method used in the artificial selection of insects (Lirakis and Magalhaes 2019, Lommen et al. 2019). A prerequisite of mass selection is that the traits can be measured on the selection candidates themselves while being alive. However, this method is difficult in practice
for traits that require sacrificing the individuals to record the phenotype, or when
the phenotype can be measured only on a single sex. A classic example of this is
meat quality in livestock. For insects, body composition, fat or protein content or
egg number in ovaries are traits that to date involve sacrificing individuals. In addition, the accuracy of this mass selection is equal to the square root of the heritability of the trait under selection. Therefore, this method is primarily suitable for traits
with a relatively high heritability. For instance, we found wing aspect ratio with a
heritability of 0.22 for N. vitripennis (Chapters 2 and 3), thus the expected accuracy
is ~ 0.47 using mass selection. This is considerably lower than the value we
achieved using genomic prediction ( ~ 0.55) in Chapter 4. Therefore, mass selection
would not be very efficient on traits with how heritability.
134

6 General discussion

Sib selection – For this method, individuals are selected based on the phenotypic
observations of their full or half-sibs. The advantage of this method over mass
selection is that this method is more suitable for traits that cannot be measured on
the animals to be used as parents. A potential drawback of this method is the existence of common environmental effects, which typically occur when full sibs are
raised in the same environment. This common environmental effect represents the
effect of being raised in the same environment, and impairs the efficiency of sib
selection. Indeed, in Chapters 2 and 3, we observed substantial host effects, which
are a source of common environmental effect because half/full-sibs develop in the
same host environment until emerging. In this case, the performance of a sib group
may overestimate or underestimate the breeding value of a selection candidate
due to the existence of the common environmental effect. To minimize the influence of common environmental effects on selection in parasitoid populations, the
rearing or developing environment should either be standardised, or the experimental set-up should allow correction for the host effect. In Chapter 2, for instance, we supplied each female with two hosts and accounted for the host effect
in the statistical model used for genetic analysis.
Kin group selection – This selection method is based on the mean performance of a
family or a kin group, where the group members are kept together (for example in
the same vial in case of insects). Kin groups are ranked according to the mean performance of each kin group, and the whole group is selected or discarded. The
individuals saved as breeders for the next generation are either all individuals in
the selected groups or randomly chosen individuals from all selected groups. The
most important advantage of kin group selection is that it takes the competition or
social interaction between individuals into consideration (Muir 2005). A theoretical
study, Ellen et al. (2016) did find the highest selection response using this strategy
in laying hens, compared to individual or group selection. This selection method
would also be preferred for traits observed at the group level, especially in social
insects. For instance, honey yield is commonly recorded on the hive level which is
affected by the joint performance of the queen (i.e., the egg laying capacity and
pheromone production) and of her daughters (i.e., the ability to collect nectar and
defensive or swarming behaviours). Therefore, selective breeding usually is conducted at the hive level for such group-level traits in honeybee, for instance, taking
the whole hive as breeders (Spivak and Gilliam 1998, Guzman-Novoa and Page
1999). However, similar to sib selection, a potential disadvantage of this method is
the existence of a common environmental effect.
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Genomic selection – Genomic prediction is a breeding tool that combines phenotypic and genotypic data to predict the performance of individuals using only genotypic data (Meuwissen et al. 2001). Genomic selection uses genomic prediction to
select individuals based on the predicted performance of their genotypes. A major
advantage of genomic selection is that individuals can be selected even when they
have no individual phenotypic data, for example already at an early age. This merit
of genomic selection may also reduce the phenotyping cost, especially for traits
that are very expensive or difficult to record. For instance, as mentioned earlier,
meat quality in livestock is expensive to measure and may require slaughter of the
potential selection candidates. For such difficult to measure traits, genomic selection is a feasible strategy to achieve increased genetic gain (Daetwyler et al. 2012,
Brito et al. 2017). In Chapter 4, we extended genomic prediction to N. vitripennis
and observed promising accuracies when using a 5-fold cross-validation strategy.
However, we also met several challenges during our experiment, and we discussed
these challenges in the context of the application of genomic prediction in natural
enemies. In short, these are biological constraints such as small body size, short
generation interval or life-span of insects, and high large-scale genotyping costs.
These challenges also apply to most other insects.

6.3.4 A flowchart to guide the design of insect breeding schemes
As mentioned above, many factors affect the effectiveness of selective breeding
schemes, for instance the amount of genetic variation, the nature of the target
traits and the cost of phenotyping. These factors thus influence the decisionmaking process when designing a breeding scheme. To take all above factors into
consideration, I developed a flowchart that may serve as a starting point to design
selective breeding schemes in insects (Figure 6.1).
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When starting a breeding program, the first question is whether the target trait is
an individual trait (e.g., female fecundity or body size), or a competition or group
trait (e.g., honey production measured at the hive level). For a competition or
group trait, the phenotypes are affected by interactions among the individuals that
are present in the same group. In this case, kin group selection is recommended.
When a trait can be measured at the individual level, the first thing to check is
whether the trait is measurable directly on the selection candidates, or whether
one has to sacrifice the individuals to record their phenotype, i.e. when measuring
physiological traits. It is obviously impossible to select the parents for the next
generation if the individuals have already been sacrificed for phenotyping. If the
trait cannot be measured directly on the selection candidates, one way of selection
is to conduct indirect selection, which is to select parents based on a second, correlated trait. Indirect selection through a correlated trait is commonly used when a
desired trait is difficult or very expensive to record. An example in livestock is the
selection of pigs for less backfat, as an indirect way to select for higher meat percentage. In insects, body size is commonly related with fitness traits. In N. vitripennis, for instance, body size is highly correlated to longevity (Sykes et al. 2007).
While direct selection on longevity is not easily feasible, in this case, individuals can
be selected for body size rather than longevity. If there are no suitable correlated
traits available, sib selection is an alternative solution, provided that one has estimated and corrected for common environmental effects. If a common environmental effect is expected to be large, breeders should investigate the possibilities of
improving the rearing conditions or the host condition, as discussed in section
6.2.2, rather than conducting a selective breeding program. In addition, genomic
selection may offer a solution, but a cost-benefit analysis will be required.
For traits that can be measured directly on selection candidates, the trait characteristics need to be evaluated to decide whether the trait is difficult to improve, for
example when it is difficult or costly to measure, or only measurable in one sex. In
this case, I would recommend applying genomic selection if there are no correlated
traits available that are easy to measure. If the trait is relatively easy to measure,
the heritability should be investigated for this trait. If a heritability estimate is
available, mass selection can be used if the heritability is relatively high (h2 > 0.2).
Otherwise, sib selection would be more favourable to use if there are no large
common environmental effects. On the other hand, if no heritability estimate is
available, mass selection could be used, as it is a cheap and may give an impression
of the genetic variation based on the observed response to selection.
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6.3.5 Management of genetic variation in insect selective breeding
schemes
For continued long-term genetic improvement in a breeding program, the maintenance of a sufficient amount of genetic variation is crucial. However, in breeding
programs the average relationship increases every generation, which cannot be
avoided because no breeding population is of infinite size and therefore it is impossible to find unrelated individuals for more than a certain number of generations.
Accumulating inbreeding over generations increases the frequency of homozygous
alleles and reduces genetic variability. In addition to the loss of genetic variation,
inbreeding depression as a consequence of inbreeding, also impairs the fitness of
the population. Therefore, inbreeding must be controlled/managed in practical
insect selective breeding schemes.
In Chapter 5, we investigated the inbreeding level in a laboratory reared population
of N. vitripennis. We have observed a considerable level of inbreeding with an average value of 0.15 using a Runs Of Homozygosity (ROH) method. Note that there
has not been intentional directional selection on this population. Our finding also
suggests we should be aware of inbreeding in insect selective breeding, which
stresses the importance of maintaining genetic variation. To maintain the genetic
variation, the effective population size is important. For instance, studies recommended to keep natural enemy populations with 𝑁𝑁𝑒𝑒 >100 to maintain sufficient
genetic variation in the practical application of biocontrol (Bartlett 1993). It is,
therefore, important to start with a large population size and select a sufficient
number of parents for each generation in an insect breeding program. If random
sampling is assumed, the 𝑁𝑁𝑒𝑒 for a diploid insect population can be calculated as
4𝑁𝑁𝑚𝑚 𝑁𝑁𝑓𝑓

𝑁𝑁𝑁𝑁 = 𝑁𝑁

𝑚𝑚 + 𝑁𝑁𝑓𝑓

, where 𝑁𝑁𝑚𝑚 and 𝑁𝑁𝑓𝑓 are the number of breeding males and females,

respectively. In biocontrol, for instance, with equal sex ratio, at least 50 males and
50 females per generation are required to maintain a 𝑁𝑁𝑒𝑒 of 100. While, more females and males would be required for haplodiploid insects, given that 𝑁𝑁𝑒𝑒 for haplodiploids is 3/4 that of diploids (𝑁𝑁𝑁𝑁 for haplodiploids calculates as 𝑁𝑁𝑁𝑁 =

9𝑁𝑁𝑚𝑚 𝑁𝑁𝑓𝑓

4𝑁𝑁𝑚𝑚 + 2𝑁𝑁𝑓𝑓

(Hedrick and Parker 1997). In addition, not only the number of selected animals is
important for controlling inbreeding, but also the number of animals selected per
family has an effect on the rate of inbreeding. The use of an equal contribution of
each family yields the lowest rate of inbreeding. As an alternative, it has been suggested to maintain biocontrol agents as a large number of subpopulations or as isofemale lines. Genetic variation will be reduced in each subpopulation, but a genet139
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ically variable stock can be reconstituted by crossing the individual subpopulations
before release (Nunney 2003). Finally, it is also possible, and common practice in
biocontrol, to introduce new genetic variation by introducing field-collected individuals to increase genetic variation. However, these two methods would reduce
the genetic level in improved population and cannot maintain the phenotypes of
selected traits. In livestock selective breeding, the optimum contribution selection
(OCS) method is commonly used to maintain a sufficient amount of genetic variation. OCS is a selection method that maximizes genetic gain in the next generation
while controlling the rate of inbreeding by constraining the average relationship of
current generation (Meuwissen 1997, Woolliams et al. 2015). Application of OCS in
genomic selection requires knowledge of the realized relationship between individuals, which is a challenge in insects breeding because it is difficult to record
pedigree in insect populations. The development of next-generation sequencing
techniques now allows for the estimation of relatedness between individuals without any pedigree knowledge. Therefore, optimal contribution also can be applied in
insect selective breeding, especially when genotyping becomes less costly.
Another open research question is: how high a rate of inbreeding is acceptable in
an ongoing insect selective breeding scheme? In livestock breeding, the FAO suggestion threshold for the rate of inbreeding is 0.5 -1% per generation (FAO 1998).
However, in insect selective breeding, the effects of inbreeding have not been wellstudied. It is, therefore, difficult to decide on a threshold for the rate of inbreeding
in insects similar to livestock breeding programs, because the detrimental effects of
inbreeding in insect populations vary per species, for instance due to different sexdetermination systems. In addition to most insects that are diploid in both sexes,
some insects, such as N. vitripennis, have a haplodiploid sex determination system,
in which males are haploid and females are diploid. Haplodiploid insects usually
suffer less from inbreeding depression compared to diploids, because the deleterious alleles are expressed and hence purged by selection in the haploid males
(Werren 1993). However, inbreeding is a major threat to some haplodiploids, such
as bee populations, because of the peculiarities of their Complementary Sex Determination (CSD) system (Zayed and Packer 2005, Zayed 2009). CSD is a sexdetermination system for some haplodiploids, where sex is determined by a single
genetic locus. Only fertilized eggs that are heterozygous at the CSD locus develop
into females, whereas hemizygous eggs develop into haploid males. However, eggs
that are homozygous at the CSD locus develop into diploid males which are mostly
sterile or fail to develop into viable adults (Heimpel and de Boer 2008). Thus inbreeding at the CSD locus reduces the number of reproducing offspring, and thus
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carries a fitness cost. Other haplodiploid organisms, such as Nasonia species, however, lack the CSD system (Verhulst et al. 2010), so that inbreeding does not result
in the production of diploid males.

6.3.6 A parallel to livestock selective breeding
Selective breeding for livestock and insects is very much similar in terms of the
theoretical concept. The common goal is to maximize selection gain and in the
meantime maintain a sufficient amount of genetic variation. Compared to livestock,
insect selective breeding is still in its early stages. Experiences in livestock can be
adopted for insect selective breeding, however, they also differ in genetics, physiology and behavior which can also generate differences in practical selective breeding.
Before the advent of genomic tools, livestock breeding relied on pedigree information to estimate breeding values and selecting individuals according to their
estimated breeding values. In livestock breeding, nucleus, which is a nucleus
scheme that a limited number of elite selection candidates are used to produce
next generation of selection candidates, are well established to record the pedigree
and control the reproduction. However, identifying individuals and recording the
pedigree is more complicated in insects than in livestock, because insects are small
and therefore difficult to tag, and are usually reared in groups with a high density.
Genomic selection can solve this limitation by estimating relationships among individuals based on genotypic rather than on pedigree information. However, as we
have discussed in Chapter 4, the small body size of insects challenges the application of genomic selection, because DNA extraction for later genotyping may require
sacrificing the entire individual or a large proportion of its body. In contrast, in
livestock selective breeding , a sufficient amount of DNA can be collected from a
single individual without sacrificing or even damaging its body. Another challenge
of the application of genomic selection in insects compared to livestock is the relative high genotyping cost compared to the value of the individual. One way to reduce genotyping cost is to genotype only a fraction of the individuals. Livestock
breeding companies commonly apply so-called Single-step Genomic Best Linear
Unbiased Prediction (ssGBLUP) to estimate genomic breeding values when not all
individuals are genotyped. ssGBLUP uses both pedigree and genomic information
to compute a joint relationship matrix, and can thus also include non-genotyped
individuals in the prediction model (Aguilar et al. 2010). This method reduces the
costs by genotyping less individuals while maintain the efficiency of the prediction.
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However, the lack of pedigree information limits the application of ssGBLUP in
insects selective breeding.
In terms of controlled mating in the breeding scheme, the reproductive behaviour
also differs between livestock and insects. Most insects can lay a large brood size,
and offspring can reach sexual maturity in a short time, depending on the environmental conditions during development. Therefore, to control the mating and avoid
random mating within a group, the selection candidates need to be separated before they reach sexual maturity. In N. vitripennis, for instance, a female usually lays
a mix of male and female eggs into a single host, and the offspring is sexually mature as soon as they emerge from the pupa. Thus, to control the mating, the virgin
males and females should be separated before emergence. In Nasonia, this separation should be done in the yellow to fully pigmented pupal stage, or between 8 and
12 days after oviposition at 25 °C at 16 hours light : 8 dark conditions. For insect
breeding companies with large-scale production, separating individuals and settingup paired mating schemes will be a challenge. In livestock, the mating scheme is
much easier to control. First, it is usually easier to distinguish males and females
than in insects. Furthermore, artificial insemination is a proven and accurate way to
control mating in livestock breeding program. In addition, artificial insemination
also enables storing and shipping animal semen rather than live animals, and thus
minimizing the risk of spreading disease. In insects, artificial insemination has been
developed for honeybees to control mating for research purpose, and stock improvement as well (Moritz and Kuhnert 1984). However, to my knowledge, the
technique has not yet been developed for other insect species outside of the honeybee.

6.4 Concluding remarks
In this thesis, I explored the link between genetic and phenotypic variation for wing
morphology and associated phenotypic traits in parasitoid wasp Nasonia vitripennis
to understand the genetic basis underlying phenotypic variation for further exploitation of genetic variation in insects. This thesis provides important insights into
the genetic architecture of wing morphology in the parasitoid wasp Nasonia vitripennis. We also quantified the effect of hosts on the development of wing morphology, and extended genomics prediction to insects. The findings of this thesis
contribute to our knowledge of the genetic basis of wing morphology traits in insects, and also show that genomic prediction can be used in insects. In this final
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chapter I have argued that although my thesis focusses on application in Nasonia,
the findings are also relevant for other parasitoids or insects species in general.
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Insects, which constitute one of largest and most diverse group of organisms on
Earth, are important components of any ecosystem, and also significant to human
life. There are many beneficial insect species, such as insects used as protein source
for animal feed and/or human consumption, as bio-converters for organic wastes or
as natural enemies to control agriculture pests. The presence of genetic variation in
insect populations implies that insect populations can be genetically improved to
better serve human purposes.
The main aim of this thesis is to explore the potential of genetic improvement of
insects, using the haplodiploid parasitoid wasp Nasonia vitripennis as a case study.
Nasonia vitripennis is a well-developed model organism in experimental and evolutionary genetics, and it has potential as a model for biocontrol studies. I focused on
wing morphology and associated phenotypic traits, as these are well-defined, show
genetic variation, and are relatively easy to measure and manipulate.
In Chapter 1, I introduce the importance of genetic variation and the potential of
using the available genomic tools to better understand genetic variation. I mainly
focus on wing morphology in insects as a model trait for exploring the potential of
genetic improvement of insects. Finally, I introduce the biology of Nasonia, and summarize the available studies on Nasonia wing morphology variation.
In Chapter 2, the phenotypic variation of tibia length and wing morphological traits
were partitioned into genetic and non-genetic components, using pedigree information. To do so, phenotypic observations from 1,569 individuals, representing 55
half-sib and 256 full-sib families, were included in the analyses. The results show that
the wing size traits have low heritability (h2~0.10), while most wing shape traits have
roughly twice the heritability (h2~0.22) compared to wing size traits. Surprisingly,
very large host effects were observed, which contributed ~50% of the variation in
wing size traits. Omitting the host effect from the statistical model resulted in an
upward bias of heritability estimates for wing size traits, while no meaningful increases were observed for wing shape traits. We conclude that the host effect should
be taken into account in genetic analysis of parasitoids. We also conducted bivariate
analyses to estimate the genetic relationships among traits. High and positive genetic correlations were found for wing size traits, which suggests a shared genetic
background among these traits. These high genetic correlations between wing size
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traits also indicate that these traits will not respond to natural selection independently.
In Chapter 3, we used genome-wide SNP data and Genomic Restricted Maximum
Likelihood to estimate the contribution of additive, dominance and host effects to
the total phenotypic variation, and also performed a Genome Wide Association
Study (GWAS) to understand the genetic basis underlying phenotypic variation. Similar to Chapter 2, we found significant additive effects and substantial host effects on
tibia length and wing morphology. We also found a considerable dominance variance
for tibia length and most wing morphology traits. The GWAS identified genomic regions with significant additive and dominance effects all traits, except for wing aspect
ratio.
In Chapter 4, we used the same data set as in Chapter 3 to investigate the prospects
of genomic prediction for tibia length and wing morphology traits. The accuracy of
genomic prediction was compared between an additive model and a model with
both additive and dominance effects. No obvious differences were observed when
including dominance effect into the prediction model. This finding indicates that the
simple additive model already captured the additive effects well, and inclusion of
dominance effects did not yield better estimates of the additive effects. We observed promising accuracies of genomic prediction using 5-fold cross validation. This
finding suggests that the application of genomic selection in insects is feasible. However, we also observed factors, such as biological constraints typical for insects, that
challenge a direct implementation of genomic selection in insects.
In Chapter 5, we used the same data set as in Chapter 3 to investigate inbreeding
depression on tibia length and wing morphology traits. Inbreeding depression was
assessed by regressing the individual phenotypic values on individual inbreeding coefficients. Two different measures of genomic inbreeding were used: excess of homozygosity and runs of homozygosity. No evidence of inbreeding depression was
found for neither inbreeding coefficient measurement. In addition, we tested the
hypothesis that homozygous loci in genes with female-biased expression contribute
more to inbreeding depression than loci in genes with male-biased expression. This
hypothesis was based on the expectation that recessive deleterious mutations may
accumulate in female-expressed genes, where they are not expressed in the heterozygous state, and therefore not purged as effectively as genes expressed in the haploid males. Different scenarios were used to weigh alleles according to their degree
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of sex-biased expression. However, none of these scenarios showed any evidence of
inbreeding depression.
In Chapter 6, I discuss the finding in this thesis in a boarder context. In the first part,
I discuss the importance of the host for the performance of parasitoids, and also the
benefits and consequences of optimizing hosts to improve the performance of the
parasitoid. I suggest a two-step method to select hosts to optimize the performance
of parasitoids: a between-species selection, followed by within-species recurrent selection. In the second part of this chapter, I discuss the implications of this thesis for
selective breeding in insects. I summarize the purpose and current status of selective
breeding in insects, and present a flowchart as a guideline for the design of future
selective breeding programs in insects. Finally, I discuss the differences and similarities of insect selective breeding and conventional livestock breeding.
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昆虫作为地球上最多样化的生物体之一，是生态系统的重要组成部分，也对类
的生活和发展具有重要意义。目前已发现许多种昆虫对人类还有经济价值，例
如有些昆虫可以作为动物饲料或者人类食物中的蛋白质来源，有些昆虫可以转
化有机废物或者作为自然天敌来控制农业害虫。现有的研究表明昆虫种群中存
在遗传变异，这也意味着将来可以通过遗传改良的方法来提高昆虫群体以便于
更好地运用到人类的生活中，服务人类。
本论文的主要目的是利用单倍二倍性的寄生蜂丽蝇蛹集金小蜂（Nasonia vitripennis）作为一个案例来研究遗传改良昆虫的潜力。丽蝇蛹集金小蜂是在实
验和进化遗传学中很常见的模型生物，更重要的是它还具有作为研究生物防治
学模型的潜力。在本论文里，我主要研究了昆虫翅膀形态和一些翅膀相关的表
型性状，因为 1）这些性状定义明确；2）过去的研究报道了昆虫的翅膀性状存
在显著的遗传变异；3）这些性状相对容易在实验室中操作和测量。
第一章，我首先介绍了遗传变异的重要性以及使用一些现存先进的基因组工具
来更好的研究遗传变异的潜力。然后我还介绍了昆虫翅膀的形态特征，以及用
这些性状来探索遗传改良昆虫的潜力。最后，我介绍了金小蜂的生物学背景，
并且总结了现有关于金小蜂翅膀形态变化的研究。
第二章,我们通过分析遗传家谱信息和表型数据，将后胫骨长度和翅膀形态特征
的表型变异分为遗传部分和非遗传部分。我们收集和分析了来自 55 个半同胞家
庭和 256 个全同胞家庭共 1,569 个昆虫后胫骨长度和翅膀的表型数据。结果表
明，翅膀大小性状（比如翅长和翅宽）的遗传力较低（h2~0.10），而大多翅膀
形状的遗传力约为翅膀大小性状遗传力的两倍（h2~0.22）。令我们惊讶的是，
我们还观察到非常显著的宿主效应（host effects）
，其贡献了翅膀大小性状约
50％的表型变异。如果将宿主效应从统计模型中移除，我们发现翅膀大小性状
遗传力的估计值明显偏高，而翅膀形状性状的遗传力没有明显的增加。因此，
我们得出结论，在对寄生蜂做遗传性分析时应当考虑宿主效应。此外，我们还
进行了双变量分析来估计性状之间的遗传相关（genetic correlation）。研究
结果发现翅膀大小性状之间具有很高正相关的遗传相关，这发现表明这些性状
之间具有共同的遗传背景。同时这些高遗传相关也表明，这些性状将不会独立
地对自然选择做出反应。
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第 三 章 ， 我 们 利 用 全 基 因 组 SNP 数 据 和 运 用 限 制 性 最 大 似 然 值 估 计 法
(Restricted Maximum Likelihood)来计算加性（additive）
，显性（dominance）
和宿主效应对表型变异的贡献。与第二章中的发现类似，我们发现后胫骨长度
和翅膀性状有显著的加性效应和宿主效应。我们还发现胫骨长度和大多数翅膀
性状有显著的显性效应。此外，我们还利用这些数据进行了全基因组关联的分
析（GWAS）来探索翅膀表型变异的遗传基础。通过 GWAS，我们发现了除翅膀长
宽比以外所有性状的都存在有显著性的加性和显性效应的基因组区域。
第四章，我们使用了与第三章相同的数据对后胫骨长度和翅膀形态性状进行了
的基因组预测 （genomic prediction）
，并讨论了基因组选育在昆虫育种的前景。
我们运用加性模型和加性-显性效应模型来计算育种值，并比较两种模型基因组
预测的准确性。当将显性效应纳入预测模型时，也就是加性-显性效应模型，我
们没有观察到明显差异。这一发现表明，简单的加性模型已经很好地捕捉了加
性效应，并且将显性效应包含到数据模型中并不能更好的预测加性效应。此外，
我们还运用了 5-折交叉验证方法（5-fold cross-validation）来计算基因组预
测的准确性,并发现了较高的准确性。这一发现表明基因组选择的方法在昆虫育
种的应用中是可行的。但是，我们在实验中遇到一些困难和限制，诸如昆虫的
个体很小等一些生物因素，这些因素限制了基因组选择在昆虫育种中的运用。
第五章，我们使用了与第三章相同的数据集来研究后胫骨长度和翅膀形态性状
的近交衰退（inbreeding depression）。具体方法是通过用个体近交系数(inbreeding coefficient)对个体表型值进行回归来评估近亲衰退。在这一章，我
们使用了两种不同的方法来个体的基因组近交系数：基因组纯合度法（excess
of homozygosity）和长纯合片段法 (runs of homozygosity)。研究结果表明，
对于两种不同近交系数测量均未发现近交衰退的证据。此外，我们还检验了这
样一个假设：与雄性表达基因相比，雌性表达基因中的纯合基因对近交衰退的
贡献更大。该假设基于以下理论：丽蝇蛹集金小蜂的单倍二倍性导致隐性有害
突变很有可能在雌性表达的基因中积累。因为这些隐性的有害突变不会以杂合
状态表达，因此这些在雌性中表达的有害基因的清除没有单倍体雄性有害基因
清除明显。对于这些在不同性别表达有差异的基因，我们根据其在雄性或者雌
性中表达程度，然后使用了不同的方法来加权这些等位基因。然而，尽管运用
了不同的加权方法，我们都没有发现近交衰退的任何证据。
第六章，我在更广泛的背景下讨论了本论文的发现。在第一部分中，我讨论了
宿主对寄生蜂的重要性，以及通过优化宿主可以提高寄生蜂的性状和适合度
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(fitness)。在这一章我建议采用一种两步法法来选择宿主以提高寄生蜂的性状：
首先宿主的种间选择，然后宿主的种内重复选择。在本章的第二部分中，我讨
论了本论文对昆虫选择性育种的意义。我总结了昆虫选择性育种的目的和现状，
并且设计了昆虫育种流程图来以期为将来开展昆虫选择性育种提供参考。最后，
我讨论了昆虫选择性育种和常规性家畜育种的异同。
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