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Abstract

Hulst, A.D. (2024). Dark Genes: On genetic variation hidden in the transmission
of infectious diseases. PhD thesis, Wageningen University, The Netherlands.

Infectious diseases form a continuous threat to life on earth. Various interventions
have been developed to combat infectious diseases in humans, animals, and
plants, like vaccination, and culling of infected animals. Genetic selection has
attracted attention as intervention against infections and has been quite
successfully applied in plants. In animals, genetic selection against infections is
also applied, but low heritability of resistance traits typically restricts the rate of
genetic improvement. In this approach, however, the transmission of infections,
i.e., the fact that animals infect each other, is fully ignored. In this thesis, I show
that transmission of infections causes indirect genetic effects, which drastically
changes response to selection in the prevalence of the infection, and even makes
eradication of an infection through genetic selection possible. The origin of the
indirect genetic effects is very comparable to the mechanism that causes herd
immunity in a vaccination program. If animals are genetically more resistant to
infection, this not only reduces their own probability of becoming infected, but
also the average number of infectious individuals in the population, which then
reduces the probability to become infected for all animals in the population. The
size of this indirect effect increases with decreasing prevalence of the infection.
Thus, the lower the prevalence, the larger the indirect effect, and the larger the
response to genetic selection. Importantly, this rule does not only apply to genetic
selection, but to any intervention that reduces the probability of infection. A
general problem with infectious disease interventions is that they create selection
for adaptations in the pathogen that make the intervention less or not effective.
This thesis shows that to prevent such adaptations, the aim of genetic selection
should be to eradicate an infection as fast as possible from a local livestock
population. In that way, the pathogen gets limited chance to adapt. Thus,
combining genetic selection with other interventions is advised to achieve local
eradication. In conclusion, this thesis shows that genetic selection of animals
against infectious diseases is very promising, but the typical approach in animal
breeding of gradual reduction in prevalence should be reconsidered and possibly
replaced by an approach that aims for stepwise local eradication of the infection.
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In May 1796, Edward Jenner, an English doctor, infected an eight-year-old boy
with pus obtained from cowpox blisters on the hands of a milkmaid. He expected
and tested that by doing so, he made this boy resistant to small pox, one of the
most lethal human diseases (JENNER 1800). He probably did not expect that with
this discovery, he had also discovered one of the most important interventions to
combat infectious diseases for the following centuries. Today, Jenner’s seminal
work has resulted in the eradication of small pox from the human population
(HEnDERSON 1976; HenDerson 2011), and in available vaccines and running
vaccination programmes for numerous human and animal diseases (WORLD HEALTH

ORGANIZATION 2023).

Half a century after Jenner’s discovery, biologists travelled the world searching
for, collecting, and describing newly discovered species from everywhere, of which
a lot had never been described before. Two of them, Charles Darwin and Alfred
Russel Wallace, independently arrived at a new theory for the development of the
large variety of species (DARWIN 1864; WALLACE 1869; QUAMMEN 1996). With their
theory of natural selection and evolution, an important foundation for the
discovery of the role of genetic variation and inheritance was laid. Around the
same time, Gregor Mendel did his famous discoveries on crosses between pea
plants (MenDeEL 1866), laying the basis for what was later called Mendellian
inheritance. More than a century later, this scientific basis has led to major
human-directed genetic change on animal and plant populations, both

aesthetically and in production-related traits.

Of more recent time is the realisation that the two fields can be brought together:
genetic selection can also be used as an intervention against infectious diseases.
This has been widely applied in plant breeding, where a great variety of crops has
been bred resistant to various pathogens (e.g. VANDERPLANK 1984). In animal
breeding examples are limited to a few cases, most likely because of higher
genetic complexity compared to plants. Therefore, there is a need to improve
quantitative genetic understanding of traits related to infectious disease
resistance, in particular of animals. This thesis aims to do so by further enhancing
the integration of infectious disease epidemiology and quantitative genetics. It
shows that the potential to reduce the prevalence of an infectious disease is much

larger than is predicted by common quantitative genetic models. It explores the
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risk of pathogen adaptation to genetically selected hosts. It evaluates methods to
estimate genetic parameters for infectious disease traits, and, lastly, elaborates
on strategies to incorporate selection against infectious diseases in animal

breeding programs.

1.1 Infectious disease and its impact on livestock

Infectious diseases have a profound effect on life on earth. Populations of plants
and animals are generally affected by a variety of pathogens, which are often also
a shaping force in the evolution of these populations (KARLSSON et al. 2014; EBERT
AND FIELDS 2020). More visible is the direct impact of infectious diseases on the
health of plants, and health and welfare of animals and humans and the economic
costs that come with that impact (BENNETT 2003; KNAP AND DOESCHL-WILSON 2020).
The costs associated with infectious diseases of livestock reach far beyond the
direct costs of treatment and control of the infection, which are in itself already
substantial (RusHToN 2009). The indirect costs concern production losses due to
dying of the animals, reduced growth or delivery bans of products from diseased
animals. Furthermore, outbreaks or endemics of certain infectious diseases might
lead to trade restrictions, affecting the sales and market prices of animal products
(BENNETT 2003). In case of zoonotic infections, additional, considerable indirect
costs arise because of human infection and additional measures taken in the

prevention thereof.

For each livestock species, several infectious diseases can be identified that have
ongoing large impact on health, welfare and economy (DAviEs et al. 2009), while
measures to control or prevent the infection are not effective enough to
considerably reduce the impact. In the following, I will discuss three of such
infections. In dairy cattle, mastitis is an example of such a disease. It has a
complex aetiology, different strains of bacteria can cause the infection and
contamination of the environment plays a role (e.g. WHITE et al. 2001; WHITE et
al. 2006). Despite several available preventive and control measures, mastitis
continues to be one of the most important infectious diseases of dairy cattle, with
large impact on cow welfare and farm economics, where the economic impact
concerns costs of treatment and preventive measures, reduced milk production,

and a ban on the supply of milk from affected and treated cows.
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In pigs, porcine reproductive and respiratory syndrome (PRRS), caused by Porcine
reproductive and respiratory syndrome virus (PRRSV) is one of the most impactful
and costly infectious diseases. Infection with PRRSV causes reproduction failure
in sows and suppresses the immune system of pigs, making them more
susceptible to other infections (NIEDERWERDER et al. 2016). Among the associated
problems are reduced growth and stillbirths, that have large impact on the
economic benefit of the pig industry (NEUMANN et al. 2005). Control measures are
mainly directed at preventing transmission of the infection, e.g., within farm by
test and removal of infected pigs or between farms by closing of herds.
Furthermore, several vaccines are available to immunize pigs (Vu et al. 2017;
CHAE 2021). The effectivity of these measures is however variable, partly due to

a large genetic diversity of the virus (Vu et al. 2017).

In poultry, coccidiosis is an example of an infectious disease with large impact on
health, welfare and economic benefit. It is caused by Eimeria protozoans, of which
oocytes are ingested and cause infection in the intestine of chickens (DAVIES et al.
1963). Infection with Eimeria results in impaired growth, but also suppresses the
immune system, causing high mortality of chicks. Control of coccidiosis occurs
through vaccination, the use of anticoccidial drugs, and strict management
measures (FATOBA AND ADELEKE 2018). However, due to the emergence of resistant
strains of the parasite, these measures are not very effective anymore.
Consequently, coccidiosis continues to seriously impair the welfare and health of

poultry.

The above are just a few examples of infectious diseases with large impact on the
health and welfare of livestock, to give an impression of the diversity of pathogens
causing infection, the associated symptoms, and welfare implications.
Furthermore, they show that costs of infectious diseases reach beyond the direct
costs of treatment, through impaired production, trade restrictions, and potential

costs of human infection.
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1.2 Principles of genetic selection

In genetic selection of livestock, the main goal is to improve the next generation
such that it outperforms the current generation for a breeding goal that usually
consists of a large number of traits with their desired direction of improvement. A
(simplified) breeding goal for a dairy cattle population could be to increase milk
yield, to increase the percentage of fat and protein in the milk, while reducing the
incidence of mastitis in the population. In commercial breeding programs,
breeding goals consist of a large number of traits in different categories, such as
production, health, and fertility. Traditionally, there has been a high interest in
improving production and efficiency traits, to increase yield while reducing costs
(e.g., feed) of production. In recent decades, breeding goals became wider with
the inclusion of traits related to welfare, health, and fertility (NEETESON-VAN

NIEUWENHOVEN et al. 2013).

An important parameter in animal breeding is the heritability. The heritability
expresses the proportion of the total (phenotypic) variation in a trait that is
additive genetic, i.e., that is inherited by the next generation. A large value of
heritability (i.e., >0.5) potentially makes it easier to achieve a high rate of genetic
improvement in a trait. However, limited available genetic variation in a trait or
inaccurate breeding value estimation will still restrict response to selection.
Similarly, a low heritability does not necessarily lead to a low rate of genetic
improvement. If genetic variation is large and breeding values are accurately

estimated, a high rate of genetic improvement can still be achieved.

Complicating factor is that change in a certain trait can lead to a correlated change
in another trait. For example, an increase in milk yield might lead to a (correlated)
decrease in milk fat percentage, because genes that have an effect on milk yield
also influence the fat percentage of the milk. Correlations can be favourable and
unfavourable, dependent on the breeding goal. In the example with milk yield and
fat percentage the correlation is unfavourable, because the breeding goal was to
increase both milk yield and fat percentage. This unfavourable correlation limits
the achievable rate of genetic improvement in the breeding goal. On the other
hand, a favourable correlation between traits in a breeding goal will increase the

rate of genetic improvement.
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The most speaking examples of the large potential of genetic selection are the
improvements that were achieved in production traits in the previous century. Milk
production of dairy cows in the Netherlands, for example, has more than doubled
since the 1950s (from ~4000 to ~9000 kg/year). Even more dramatically, body
weight of broilers at 42 days of age increased by about a factor 5 between 1957
and 2001 (from ~0.6 to ~3 kg) (HAVENSTEIN et al. 2003). Although this phenotypic
change could in principle also be attributed to improvements in feeding and
management, an experiment by HAVENSTEIN et al. (2003), where broilers from the
1957 population were raised under 2001 conditions and vice versa, showed that
about 80 percent of the improvement could be attributed to genetic change.
Important to note here is that production traits typically have a high heritability,
whereas traits related to welfare, health, and fertility often have a lower

heritability, and are therefore expected to be more difficult to improve.

1.3 Genetic selection as intervention against infectious disease

Although health traits are typically not as easy to improve as production traits,
there has been interest to select livestock for increased resistance to infectious
diseases for some decades. This interest in genetic selection was mainly driven by
the failure of other methods, such as vaccination, drug treatment, and
management, to control certain infectious diseases. Furthermore, increasing
emergence of antibiotic and anthelmintic resistant pathogens increased the need

to find additional or alternative strategies against infectious diseases.

Interest in breeding for resistance to infectious disease is not limited to animals.
In plant breeding, it is much more common to breed disease-resistant varieties.
This is most likely caused by less complexity of the resistance traits compared to
animals. Furthermore, in most plant species it is easier to spread a specific gene
throughout the whole population, e.g., through inbreeding or cloning. In plants,
often genes exist that provide resistance to a specific infectious disease. These
genes can relatively easily be introgressed to make a resistant production variety
(VANDERPLANK 1984). In animals, on the other hand, resistance to most infectious
disease is likely a quantitative trait, with numerous genes each contributing little

to the trait value (e.g. Tiezzi et al. 2015; BIEMANS et al. 2019b). In combination
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with less efficient reproduction compared to plants, this makes it more difficult to

breed a resistant population.

Typically, low heritability estimates are found for infectious disease traits from
classical quantitative genetic approaches, indicating a limited genetic basis for
such traits (e.g. PEREZ-CABAL et al. 2009; WELDERUFAEL et al. 2017; MARTIN et al.
2018). However, the interest, or one could also say the need, to breed disease
resistant livestock led to efforts to explore and improve the prospects of genetic
selection to reduce the impact of infectious diseases on livestock populations. An
important contribution to this was made by Steve Bishop and co-workers. His work
on infectious diseases started off in the end of the 90s with a range of studies on
selection against gastro-intestinal nematodes in sheep (BisHOP AND STEAR 1997;
BisHOP AND STEAR 1999; BisHOP AND STEAR 2003). From this early work, it became
clear that the classical quantitative genetic models underestimated potential
response in infectious disease traits. Which in turn led to the realisation and
demonstration that integration of quantitative genetics and infectious disease
epidemiology was needed to enhance genetic selection against infectious diseases

(MACKENZzIE AND BisHoP 2001; BisHop AND MACKENZIE 2003; NIEUWHOF et al. 2009).

Later studies intensified integration of both fields and showed the existence of
indirect genetic effects (IGEs) in the transmission of infectious diseases, which
could considerably increase response to selection (LipscHUTZ-POWELL et al. 2012;
ANCHE et al. 2014; TsaAIrRIDou et al. 2019). An IGE is the effect of the genotype of
an individual on the trait values of other individuals (GRIFFING 1967; MOORE et al.
1997; MuIrR 2005; BiumMA 2014). IGEs on infection status were shown to arise both
from an individual’s infectivity, the propensity of an individual to infect other
individuals, and susceptibility, the propensity of an individual to get infected by
other, infectious, individuals. Infectivity is thus a full indirect effect, i.e., it has no
effect on the infection status of the individual itself, only on that of other
individuals. For susceptibility, the indirect effect arises because individuals with
lower susceptibility are less often infected and thereby also infect fewer other
individuals (ANCHE et al. 2014).

Further studies focussed on methods to estimate genetic effects for infectious
disease traits, which resulted in the development of two different tools for

estimation. First, the generalised-linear-mixed-model approach, which is tailored
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to the transmission process and able to estimate individual genetic effects for both
susceptibility and infectivity (ANCHE et al. 2015; BIEMANS et al. 2017; BIEMANS et al.
2019a). Second, the so-called SIRE software tool, that uses a Bayesian
optimisation algorithm to estimate individual genetic effects for susceptibility,
infectivity, and also recoverability (PooLEy et al. 2020; PooLEy et al. 2022b).

Despite these efforts, there are still only few examples of successful selection
against infectious diseases in livestock. The most well-known example is the
selection for infectious pancreatic necrosis (IPN) resistance in Atlantic salmon.
Using marker-assisted selection on an IPN-resistance QTL with large effect,
infection-induced mortality was reduced by 70% in two years (AQUAGEN 2012).
Unfortunately, the existence of QTLs with such a large effect for infectious disease
resistance seems uncommon in animals, so that the success in selection against
IPN might be a very particular case. Furthermore, as will be explored in the next
paragraph, dependence on a single resistance QTL might impose serious risk for
the emergence of pathogen strains that can escape the genetic resistance of
hosts.

1.4 Pathogen adaptation to infectious disease interventions

A general problem with control measures targeted at infectious diseases is that
they exert selection pressure on the pathogen population causing the infection.
Because these pathogen populations consist of living organisms that often evolve
rapidly, due to high mutation rates and short generation times, such selection
pressure might lead to genetic adaptations in the pathogen population that make
the interventions partly or fully ineffective. The most prominent example of this is
the widespread antibiotic resistance (DAvVIES AND DAviEs 2010), but resistance to
other interventions such as vaccination, antiviral drugs, and disinfectants also

ocCcurs.

The high adaptive potential of pathogen populations leads to the expectation that
genetic selection of animals for increased resistance to infectious diseases will
evoke such adaptations in the pathogen. In plant breeding, where selection for
resistance is more common, counteracting adaptations of the pathogen are

widespread. Introgressed resistance genes are often relatively easily
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circumvented by mutations in the pathogen (McDoNALD AND LINDE 2002). Likewise,
the pathogen that cause IPN in Atlantic salmon seems to have started evolving in
response to the example from previous paragraph. Recently, a new variant of the
IPN-virus was found that causes higher mortality in genetically resistant salmon
(HiLLESTAD et al. 2021).

In response to previous examples, however, strategies have been developed to
diminish the risk of pathogen evolution. An option is to combine multiple
resistance mechanisms in one treatment, to make it harder for the pathogen to
adapt. It then needs a combination of mutations to circumvent the different
working mechanisms instead of just one, which drastically reduces the chance
that a resistant pathogen evolves. An example is therapy against HIV where
different antiviral drugs are combined in one therapy, such that pathogen strains
that have evolved resistance to one of the drugs are killed by one of the others
(KENNEDY AND READ 2017). The same principle is used in plant breeding, instead of
using one resistance gene, multiple resistance are now jointly introgressed into a
variety to prevent pathogens from adapting to the single resistance genes one by
one (MunDT 2018). A different strategy is applied to prevent antibiotic resistance
development, which is especially relevant to new antibiotics. The use of those is
restricted to cases where there are no other options available. If they are used,
the dose applied and duration of the treatment are high and long enough to make
sure that all target bacteria are killed rapidly (WaALsH 2003). In that way, there is
a reduced chance that a resistant mutant of the bacteria will emerge, before the

entire population has been killed.

1.5 Research problem and relevance

The possibility to combat animal infections by using genetic selection has been
considered an interesting option for many years. Despite this interest, there are
very few examples of successful selection against infectious diseases. Incidence
of clinical mastitis, for example, remains high, despite great effort to improve cow
genetics and herd management in the past decades (MARTIN et al. 2018).

Furthermore, quantitative genetic research has usually treated infectious disease
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resistance as an individual trait and thereby ignored the epidemiological
knowledge on the transmission of infectious diseases.

A complicating factor is that infectious diseases are caused by living organisms,
which have the potential to evolve adaptation strategies to applied interventions.
Pathogen adaptation following genetic selection for improved infectious disease
resistance has received little attention in livestock, although there seems to be

quite some awareness of the risk (many papers write one or two sentences).

Because of the estimated small potential and little knowledge about pathogen
adaptation, strategies to effectively incorporate infectious disease traits in
breeding programs are currently lacking. Nevertheless, it is also because of these
two factors that optimum strategies for genetic selection might differ from those
used for other traits. Thus, improved understanding of the role of genetics in
transmission and of pathogen adaptation is needed to come to strategies for
breeding disease resistant livestock.

These strategies are needed to correctly determine the potential of genetic
selection to reduce the impact of important infectious diseases in livestock
populations, especially for those that are difficult to control through other
measures (e.g., PRRS, mastitis). As a result, health and welfare of the animals
might improve, treatment costs and costs due to production losses reduce, as
might the amount of labour that is needed to run a farm. On top of those effects
on-farm, there might be favourable effects on human health, due to reduced risk
of transmission of zoonotic infections, and on societal perception of livestock
farming. In general, improved understanding of infection transmission and
pathogen adaptation is of wider relevance than just to the livestock sector. For
example, for plant breeders the here developed insights and strategies might be

of particular interest.
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1.6 Aims and outline of this thesis

The overall aim of this thesis is to enhance insight into breeding of livestock
against infectious diseases by integration of theory from animal breeding and

quantitative epidemiology.

In Chapter 2, I explore the theoretical potential of genetic selection to reduce the
prevalence of an infectious disease using simulations of an established
epidemiological model. I simulated an endemic infectious disease in a population
consisting of animals with genetic variation in their susceptibility to that disease.
The size of genetic variation was tuned to commonly found heritability estimates
for disease status. Then I performed selection of the best sires of this population
to determine the potential response to selection. The results show that after only
one round of selection prevalence of the infection was considerably reduced in the

population, with indirect genetic effects as the main driver of this large response.

Chapter 3 deals with finding the theory behind the findings in chapter 2, by
identifying expressions for response to selection in prevalence and for the size of
the indirect genetic effect. The most important finding in this chapter is that the
total breeding value for prevalence is a factor 1/prevalence greater than the
breeding value for binary disease status, as usually defined by animal breeders.
Thus, with prevalence lower than a half, the total response in prevalence is more
than double the response expected based on the breeding values for binary

disease status, which further increases for infections with lower prevalence.

In Chapter 4, I translate the results found in Chapter 3 beyond the field of animal
breeding, and further explore the mechanisms behind the large response. It turns
out that the ratio 1/prevalence holds more general for interventions against
infectious diseases. Thus also, for example, for vaccination. Thereby, the ratio
provides an easy way to predict the total effect of an intervention once the

efficacy, as commonly estimated in trials, is known.

In Chapter 5, I develop a model for transmission of evolving pathogens following
genetic selection of animals for increased resistance to an infection. In this model,
host animals are selected for resistance to the infection, which reduces the
prevalence of the infection, eventually even to zero, implying eradication of the
infection. As long as infection is present, escape mutants of the pathogen might
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emerge and spread through the host population. Using this model, an ‘invasion
window’ is identified, which is the range in frequency of resistant hosts, in which
escape mutants of the pathogen can emerge and invade the host population. The
window is affected by the strength of host resistance, the benefit of the escape
mutation in resistant hosts and the costs of the mutation in non-resistant hosts. I
propose several strategies to make sure that the population stays out of the
invasion window. Importantly, the results show that the change in genetic
composition of the population should happen relatively fast and thus that gradual
genetic change, as is for instance achieved with multi-trait selection, will not be

the best strategy if resistance is part of the breeding goal.

The findings in the previous chapters show the need for proper estimates of
available genetic variation in infectious disease traits. In Chapter 6, I evaluate the
generalised linear mixed model (GLMM), as developed in VELTHUIS et al. (2003);
LipscHUTZ-POWELL et al. (2014); ANCHE et al. (2015); BIEMANS et al. (2019a), on its
ability to estimate genetic parameters and breeding values for infectious disease
susceptibility. Furthermore, I investigate data requirements for accurate
estimation with the GLMM. The results show that the GLMM is able to provide
unbiased estimates and accurate breeding values for susceptibility, if the length
of the observation interval is short enough, given the transmission speed of the

infection.

Lastly, in the General Discussion I explore how the findings in this thesis can be
used in animal breeding practice to improve the results of breeding against
infectious diseases. There, attention is paid to feasibility of strategies, expected

results, and to societal acceptance of the proposed strategies.
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Why genetic selection to reduce the prevalence
of infectious diseases is way more promising
than currently believed
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Abstract

Genetic selection for improved disease resistance is an important part of strategies
to combat infectious diseases in agriculture. Quantitative genetic analyses of
binary disease status, however, indicate low heritability for most diseases, which
restricts the rate of genetic reduction in disease prevalence. Moreover, the
common liability threshold model suggests that eradication of an infectious
disease via genetic selection is impossible because the observed-scale heritability
goes to zero when the prevalence approaches zero. From infectious disease
epidemiology, however, we know that eradication of infectious diseases is
possible, both in theory and practice, because of positive feedback mechanisms
leading to the phenomenon known as herd immunity. The common quantitative
genetic models, however, ignore these feedback mechanisms. Here we integrate
quantitative genetic analysis of binary disease status with epidemiological models
of transmission, aiming to identify the potential response to selection for reducing
the prevalence of endemic infectious diseases. The results show that typical
heritability values of binary disease status correspond to a very substantial genetic
variation in disease susceptibility among individuals. Moreover, our results show
that eradication of infectious diseases by genetic selection is possible in principle.
These findings strongly disagree with predictions based on common quantitative
genetic models, which ignore the positive feedback effects that occur when
reducing the transmission of infectious diseases. Those feedback effects are a
specific kind of Indirect Genetic Effects; they contribute substantially to the
response to selection and the development of herd immunity (i.e., an effective

reproduction ratio less than one).
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2.1 Introduction

Infectious diseases are of great concern in agriculture, because they cause
considerable economic damage in terms of production losses and costs of
treatment. In livestock, moreover, infectious diseases harm animal health and
welfare, and cause indirect cost through trade restrictions and impact on human
health in the case of zoonoses (BENNETT 2003). Although combatting infectious
diseases has always been a challenge, the increase in antibiotic resistance,
followed by restrictions on the use of antibiotics has intensified the need for

additional solutions (SPEKSNIIDER et al. 2015).

Genetic selection for improved disease resistance is a common strategy to
combat, especially endemic, infectious diseases, as an alternative or additional
intervention to classical control measures such as antibiotic treatment (BisHopr et
al. 2010). In livestock, genetic variation in disease resistance seems to be present
in virtually all species, and for a wide range of diseases (BisHop et al. 2010). While
this observation implies that genetic improvement of infectious disease traits is
possible in principle, the rate of genetic improvement is restricted by the limited

heritability of the disease traits.

Infectious disease traits are often measured as the binary disease status of the
individual (healthy/diseased = 0/1), and heritability estimates for disease status
are typically below 10 percent. For mastitis in dairy cattle, for instance, observed-
scale heritability estimates range from 0.01 to 0.09, with corresponding
prevalence ranging from 0.09 to 0.39 (MARTIN et al. 2018). Although the
heritability of binary traits is sensitive to prevalence, with highest values at
intermediate prevalence, the above estimates are fairly low. Given the population
average value for binary disease status (p), the additive genetic variance in binary
disease status is fully determined by heritability; of = hj,p(1 —p). Thus these
low heritabilities also indicate limited genetic variation in binary disease status.
Because the mean value of individual disease status is equal to the prevalence of
the disease, the formula for the additive genetic variance also seems to imply that
the potential response to selection for reduction of disease prevalence is limited.
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Higher heritabilities are found with threshold models, which assume a continuous
liability underlying the observed binary disease status. (DEMPSTER AND LERNER 1950;
RoBERTSON 1950). However, while threshold models are statistically much more
appropriate than linear models (GianoLA 1982), a high heritability on the liability
scale does not imply a large response to selection, because response in binary
disease status depends on the heritability on the observed binary scale (ROBERTSON
1950).

An important expectation following from classical quantitative genetic models is
the impossibility to eradicate a disease via selection. Eradication seems impossible
because additive genetic variance on the observed binary scale goes to zero when
the prevalence approaches zero (RoOBERTSON 1950). Hence, for breeders this
implies that genetic reduction of disease prevalence becomes increasingly difficult
and ultimately impossible at lower prevalence. In epidemiology however,
successful eradication of several infectious diseases has been achieved using
vaccination, with vaccines being neither 100% effective nor successfully applied
to everyone (HALLORAN et al. 1992). A well-known example in livestock is the
worldwide eradication of rinderpest, which has been successful without the need
to vaccinate all the animals. In Somalia, for example, only about 50% of the
animals had vaccination immunity for rinderpest at eradication (MARINER et al.
2012).

The eradication of infectious diseases using vaccination relates to a phenomenon
known as “herd immunity” (FINE 1993). When a sufficient proportion of the
population is immune to the disease, the disease can no longer spread in the
population and thus dies out. Hence, the mechanisms determining the prevalence
of an infectious disease are fundamentally different from those determining the
prevalence of a non-communicable disease, such as, say, heart failure. This
difference is relevant not only for the case of vaccination, but also for the results
of selection for disease resistance; a reduction in disease susceptibility due to
genetic selection would have the same effect on disease prevalence as a
corresponding reduction in susceptibility achieved with vaccination. However,

despite this fundamental difference, mainstream theory and methods in
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quantitative genetics and livestock genetic improvement completely disregard the

key role of transmission between individuals.

Whereas the previous paragraph stresses the importance of transmission
dynamics, other explanations for the low heritability of infectious diseases have
also been proposed. The low heritability of individual disease status, even at
intermediate prevalence, seems to disagree with the moderate to high heritability
estimates for immune response traits (KNAP AND BisHop 2000; HENRYON et al. 2006;
THompPSON-CRISPI et al. 2012). To explain this discrepancy, BisHop AND WOOLLIAMS
(2010) argue that incomplete exposure of individuals to the infectious agent, low
test specificity and sensitivity, and incomplete data recording can cause
underestimation of the heritability of binary disease status. In addition, LipscHUTZ-
PoweLL et al. (2012) point to the potential importance of genetic variation in
infectivity, defined as the propensity of infected individuals to infect others, which
is not captured by the current models. Hence, these mechanisms might also partly
explain why not all genetic variation is captured with the current breeding
methods.

Nevertheless, while more accurate disease data and accounting for genetic
variation in infectivity might indeed improve the response to selection (TSAIRIDOU
et al. 2019), these factors cannot explain why epidemiological models that account
for transmission dynamics often suggest substantially greater response to
selection than genetic models, even in the absence of measurement errors and
when genetic variation is in disease resistance only (i.e., in the absence of genetic
variation in infectivity). Using an epidemiological model tailored to foot rot in
sheep, for example, NIeuwHOF et al. (2009) have shown that selection for
resistance reduces prevalence faster than predicted by common quantitative
genetic models of disease status. This suggests that the ordinary breeding values
for individual disease status do not correctly predict prevalence in the offspring
generation. Empirical examples of a relatively large reduction in disease
prevalence resulting from genetic selection were found for infectious pancreatic
necrosis (IPN) in Atlantic salmon and for clinical mastitis in dairy cows. The salmon
industry managed to decrease IPN mortality with over 70% in two years, using

marker assisted selection for an IPN-resistance QTL (AQUAGEN 2012).In a selection
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experiment, HERINGSTAD et al. (2007) observed a phenotypic decrease in the
prevalence of clinical mastitis of 15% after 5 generations of single trait selection
against clinical mastitis, while the reduction predicted by estimated breeding
values was only 8%. Although this phenotypic response could be explained by
environmental changes (e.g. improvements in management), a correlated
response in clinical mastitis from single trait selection on higher protein yield
observed in the same experiment contradicts this explanation. Selection for higher
protein yield resulted in a phenotypic increase in clinical mastitis prevalence from
10% to 25%, while the increase predicted by EBVs was only 2%. Hence, an
environmental decreasing effect on clinical mastitis is highly unlikely, because this
disagrees with the much higher phenotypic increase observed after selection for
higher protein yield. Results of HERINGSTAD et al. (2007), therefore, indicate
greater genetic response than predicted by EBVs from classical quantitative

genetic models.

The discrepancy between predictions based on epidemiological vs. genetic models
illustrates that the relationship between the heritability of binary disease status
and the amount of genetic variation that can actually be used to reduce disease
prevalence is still unclear, even for the most basic and well-established
epidemiological models. As a consequence, prospects of genetic selection to
reduce infectious disease prevalence are not correctly predicted by current

guantitative genetic models.

Here we show that the low heritabilities of binary disease status are fully
consistent with a large genetic variation in disease resistance. Heritability
estimates from common quantitative genetic models by no means represent the
variation available to breeders for genetic improvement, even for the simplest
epidemiological model and with genetic variation in disease resistance only.
Consequently, the potential for genetic selection to reduce the prevalence of
infectious diseases will be considerably larger than currently believed, even when
the conventional breeding values for disease status are used as selection criterion.
This occurs because the effect of genetic selection on the disease status of

individuals acts in two ways: Both directly via a reduced susceptibility of the
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individuals, and indirectly via reduced exposure of individuals to infected herd

mates, because of a lower susceptibility of those herd mates.

2.2 Material and Methods

To quantify the relationship between the heritability of binary disease status and
the potential response to genetic selection for lower prevalence, we will first find
the genetic variation in disease susceptibility required to reproduce the common
heritability values of disease status. For this purpose, we will use simulation of an
endemic infectious disease with an epidemiological model that is appropriate for
many endemic infectious diseases at the farm level, while keeping the
mathematics as simple as possible. We aim to find the epidemiological parameters
and genetic variances that result in observed-scale heritabilities for binary disease
status of 0.02, 0.05 and 0.10, using a common prevalence of endemic infectious
diseases in livestock. After identifying the epidemiological parameters and genetic
variances corresponding to those heritabilities, we will estimate the potential

response to selection using those parameters and variances as input.

Because the common linear models capture genetic variation in disease resistance
only, we simulated individuals to differ only in disease resistance. For reasons of
mathematical convenience and consistency with epidemiological models, we in
fact modelled disease susceptibility instead of resistance. Susceptibility is the
(relative) probability an individual becomes infected given exposure (DOESCHL-
WILSON AND KYRIAZAKIS 2012), and is the opposite of disease resistance; individuals

with a high susceptibility have a low resistance, and vice versa.

This section starts with a description of the epidemiological model we used for
simulation of the endemic disease. This description initially ignores variation in
susceptibility, to make the model more easily understandable. Next we describe
how individual genetic variation in susceptibility can be introduced into the
epidemiological model. Then we describe how we simulated a population with

variation in susceptibility, followed by a description of the implementation and the
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scenarios used to quantify response to selection. Table 2.1 provides a notation

key.

Table 2.1 Notation key and overview of input values.

SYMBOL MEANING SIMULATED
VALUE(S)
B Transmission rate parameter (t 1) 0.03 day’!
a Recovery rate parameter (t™1) 0.02 day?
S Susceptible state of an individual -
I Infected state of an individual -
S(in Number of susceptible individuals (#) -
italics)
I (in italics)  Number of infected individuals (#) -
N Herd size (#) 102
I Prevalence 0.33
N
Bi Transmission rate parameter for individual i (t 1) By; day?
Vi Individual susceptibility edvitEy;
AYi Individual additive genetic effect (breeding value) ~N(0, aj’y)
for the logarithm of susceptibility
EYL' Individual permanent environmental effect for the ~N(0, aEz’y)
logarithm of susceptibility
ajy Simulated additive genetic variance for the -
logarithm of susceptibility
JEZV Simulated permanent environmental variance for -
the logarithm of susceptibility
a? Chosen additive genetic proportion of the full 0.25;0.5;0.75; 1
permanent variance in log-susceptibility among
individuals.
h tiab Liability-scale heritability for the logarithm of -
susceptibility
h3ps Target observed-scale heritability of binary disease 0.02; 0.05; 0.1

status
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2.2.1 Susceptible-Infectious-Susceptible model without genetic
variation

To illustrate our point with a minimum of mathematical detail, we used one of the
simplest epidemiological models for endemic infectious diseases, the so called
Susceptible-Infectious-Susceptible (SIS) model (HeTHcoTE 1989). Although the
model is simple, it provides a realistic representation of the transmission of several
endemic infectious diseases in livestock populations and is well-established in
veterinary epidemiology for that reason. Note that in the context of a SIS-model,
“susceptible” merely means that an individual is not infected and can in principle

become infected; it does not indicate high susceptibility or low disease resistance.

Figure 2.1 Susceptible-Infected-Susceptible-Model.

In the SIS-model, individuals can be in one of two states: susceptible (S) or
infected and then also infectious (I; Figure 2.1). In epidemiology, the symbols S
and I are generally used to indicate both the state of an individual and the total
number of individuals in that state. To prevent confusion, we will use S and I (in
italics) to indicate the number of susceptible and infected individuals in a herd,
and S and I for the state of an individual. Thus, S indicates the number of
individuals with disease state S in a herd. The infection is endemic within the
separate herds, and we assume that transmission can occur only between herd
mates. N is the total number of individuals in a herd, which is equal to the sum of

the number of susceptible and infected individuals in the SIS-model (S +1 = N).

Transitions in individual state, so-called events, are possible in both directions
(from StoIand fromItoS). Susceptible individuals can become infected through
contacts with infected herd mates, while infected individuals can recover and thus
become susceptible again. The types of events (i.e., transmission or recovery)

and the bookkeeping of the individuals involved in these events define our
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stochastic model. The average number of susceptible individuals that becomes
infected per unit of time (e.g., per day) depends on the total number of susceptible
individuals in the herd at that moment, the fraction infected among their herd

mates (%, i.e. the prevalence of the disease), and the transmission rate parameter

of the disease, B (DIEKMANN et al. 2012):
I
RateS > 1= ’BSN (2.1)

For a population of N = 100 individuals in the endemic state with, for example, a
prevalence of 0.1 (I =10, S =90), and a g of 0.03, on average 0.03-90-0.1 = 0.27

susceptible individuals will become infected each day.

The number of recovering individuals per unit of time depends on the number of
infected individuals in the herd at that moment (I) and on the recovery rate

parameter, a:
Ratel » S = al (2.2)

The recovery rate parameter a also determines the average duration of the
infectious period, which is equal to i Continuing the previous example of a

population of 100 individuals and a prevalence of 0.1 (I = 10), with an «a of 0.02,
each day on average 0.02-10 = 0.20 infected individuals will recover and thus

become susceptible again.

Combining transmission and recovery in the above example shows that in this
situation the average number of infected individuals increases, and the number of
susceptible individuals decreases (i.e., 0.27 > 0.20). This continues until the
prevalence reaches 0.33; after which the average number of infected and

susceptible individuals remains constant (ﬁsﬁ =0.03:67-0.33 =0.66, al =0.02-33 =

0.66). The endemic disease is then said to be in equilibrium, the so-called pseudo-
steady state in stochastic models. The SIS-model tends to such a dynamic
equilibrium, in which the average number of infections is equal to the average
number of recoveries. The actual number of susceptible and infective individuals

fluctuates around this equilibrium because we have a stochastic model in a finite
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population. The expected prevalence of an endemic disease is equal to the
average proportion of infected individuals in the equilibrium.

Thus, at equilibrium, the transmission rate equals the recovery rate:

,35% =al (2.3)

The equilibrium prevalence, therefore, follows from solving Equation 2.3 for

%.Using the fact that S =N — 1, yields:

I a 1
Pequitibrium = 5w =1—-5=1—— (2.4)

N B R
where R, = B/a, which is the so-called basic reproduction ratio (DIEKMANN et al.
1990). The prevalence is thus only a function of the ratio of « and g and can
therefore also be expressed as a function of the basic reproduction ratio. With
variation among individuals in susceptibility (introduced in next paragraph),
Equation 2.4 is no longer exactly equal to the average prevalence (BIEMANS et al.
2017).

R, is a key parameter in epidemiology. It represents the average number of
susceptible individuals that get infected by a single average infectious individual
in a totally susceptible population. Hence, R, has a threshold value of 1: if R, > 1
a single infected individual will infect initially more than one new individual, so
that the infection can spread in the infection-free population after introduction.
On the other hand, if R, < 1, an infectious disease will die out. Hence, also for an
endemic disease to persist, R, must be greater than one. Moreover, any measure
that reduces R, to a value smaller than 1 results in eradication of the infectious
disease. Obviously, Equation 2.4 does not apply when R, < 1. In that case, the

disease is absent and prevalence at equilibrium is zero.
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2.2.2 Introducing variation in susceptibility into the SIS-model

Here we describe how variation in disease susceptibility can be introduced among
individuals. With equal exposure to infected herd mates, individuals with higher
susceptibility are more likely to become infected. Because we will only simulate
variation in susceptibility, we define an individual transmission rate parameter for

the recipient animal, following (ANCHE et al. 2014):

Bi = BYi (2.5)

where g is the transmission rate parameter for the average susceptible individual
(infectiousness being the same for all individuals), and y; the (relative)
susceptibility of individual i. For the average individual, y; = 1, so that g, is equal
to . Individuals with above-average susceptibility have y; > 1, such that their g;
is greater than g, which means that they have a higher than average probability
to become infected (given equal exposure). Accordingly, individuals with below
average susceptibility have y; < 1, g; < B, and a lower than average probability to
become infected. Note that y; cannot be lower than 0, since this would result in a

negative transmission rate.

Replacing g by B; in Equation 2.1, and using S = 1 representing the single individual
i, yields the transmission rate for individual /i exposed to all individuals in the

population, of which a fraction % is infectious:

1 I
Rate Si - Ii = ﬁlﬁ = ﬁylﬁ (26)

We know from the previous paragraph that individual susceptibility (y;) must be
nonnegative and have a value of 1 for the average individual. For this reason, we
simulated y; from a log-normal distribution. The log-normal distribution is
nonnegative and has positive-skewness, which is often observed for disease traits
(LLoyD-SMITH et al. 2005). Thus, following ANACLETO et al. (2015), we simulated an
additive model with normally distributed random effects for the logarithm of

susceptibility, so that susceptibility of individual i is:

yi = evithri 2.7)
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where Ay, denotes the individual additive genetic effect, or breeding value for the
logarithm of susceptibility, and E,, the permanent individual environmental effect
for the logarithm of susceptibility, with 4, ~N(0,07) and E,~N(0,0£ ). Thus 4, =
E_y = 0, as common in quantitative genetics. Consequently, y; = 1 for an individual

with the mean 4, and E, (buty is not exactly 1, because of the positive skewness).

For brevity, we will refer to Ay, as the ‘breeding value for susceptibility’ or just
‘breeding value’ and to E,, as the ‘individual permanent environmental value for
susceptibility’ or just ‘permanent environmental value’. Beware though that Ay,

and E,, refer to the logarithm of individual susceptibility.

We included a permanent environmental effect for susceptibility, E,, to allow for
a similarity between repeated records on the same individual that is not purely
genetic, but also environmental (e.g. because of developmental effects). This
relates to repeatability models as discussed in e.g. FALCONER AND MACKAY (1996).
We use the symbol a? to denote the additive genetic proportion of the full

permanent variance in log-susceptibility among individuals,

(2.8)

2.2.3 Simulation of a population with variation in susceptibility

We simulated a population with individual variation in susceptibility. The simulated
population consisted of two generations: parents and offspring. We simulated
offspring breeding values according to the infinitesimal model (FISHER 1918):

1

1
A, =-A +-A

Yi E Vsire; 2 " Ydam; +MS

v, (2.9)

in which 4, and 4,, ~were simulated from Normal distributions as shown above,

and MSy, denotes the Mendelian sampling term, sampled from a normal

distribution MSyi~N(0,%ajy). The additive genetic variance for susceptibility was
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obtained using an iterative procedure tuned to the desired value of observed
heritability (see subsection Implementation). The permanent environmental
variance in susceptibility was calculated from the additive genetic variance and

the chosen additive proportion (a; Equation 2.8), of = o7 (1 —a§)/a}.
2.2.4 Implementation

Our simulations consisted of the iteration of four consecutive steps, aiming to find

the additive genetic standard deviation in susceptibility (aAy) that is required to

arrive at the desired heritability value of disease status at the observed scale:

1) Stochastic simulation of 20 replicates of a population with a certain genetic

standard deviation (aAy) and relative magnitude of genetic permanent

effects (a2) for the logarithm of susceptibility.

2) Stochastic dynamic simulation of an endemic infectious disease in herds
of the population and recording of binary disease status data for all

animals in all replicates.

3) Estimation of the heritability of disease status (h3,,) from the recorded

disease data with a linear mixed model for all replicates.

4) Change g,, by 0.05 and rerun the entire simulation starting at step 1 if

the mean h3, of the 20 replicates is not within two standard errors from
either 0.02, 0.05 or 0.1.

Figure S2 provides a schematic overview of the above steps.

R (R Core Team 2020) was used for simulation of the population and the infectious
disease (steps 1 and 2). The code is available in supplemental files S3 (population
simulation) and S4 (infectious disease simulation). The endemic disease was
simulated using the Gillespie algorithm (GiLLespiE 1976), which is the standard
procedure for stochastic simulation of infectious diseases (KEELING AND Ross 2008).
The algorithm simulates the successive infection and recovery events (see section

SIS-model without genetic variation) in two steps:
a) Monte Carlo sampling of the time to the next event,
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b) Monte Carlo sampling of the type of event (either infection or recovery)

and the individual involved.

The probability of sampling an event and the individual involved depends on the
individual transmission rates (B;) and the population recovery rate (a) (see section
Introducing variation into the SIS-model) . More details are provided in Appendix
2.7.2.

We started the simulations by infection of a fraction of randomly chosen
individuals in each herd. To speed up the simulations and to prevent early dying
out of the disease by chance (this occurs when no infected individuals are left in
a herd, I =0), we started the simulations near the equilibrium prevalence. To
prevent an effect of the initially infected individuals on the parameter estimation,
we ran the simulation with a burn-in period of 500 days without recording of data
for parameter estimation. The recording period was 1000 days, such that the total
simulated period was 1500 days. We chose this relatively long period to allow for
repeated records on disease status, which are essential for the estimation of
genetic parameters, given the highly dynamic nature of infectious diseases
(DOESCHL-WILSON et al. 2014; BIEMANS et al. 2017). For the parameter estimation,
the disease status of all individuals in each herd was recorded monthly, resulting

in 33 records per individual.

In step 3, we estimated the heritability of binary disease status with a linear mixed
model including a random animal effect with a pedigree-relationship matrix (iD;),
fitted with ASReml 4.1 (GILMOUR et al. 2015). Next to the random genetic effect,
the model contained a random herd effect (Herd,) and a random non-genetic
animal effect (a so-called permanent effect) to account for repeated records on

the same individual (IDR;),

Vike = L+ Herdk + IDL + IDRL + €ikes (210)

where yy, is the tth binary disease record (0/1) of individual i present in herd k, p
is the overall mean prevalence of the disease in the population, e;; is the residual

variance at the observed scale.
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2.2.5 Input values

In our simulations, the prevalence (é) and the mean duration of the infectious

period (é) were set to 0.02 day!, so that the average duration of the infectious

period was 50 days, consistent with BIEMANS et al. (2018) This was done to reflect
a common endemic disease in livestock: digital dermatitis (DD), a bacterial
infectious claw disorder in cattle. The prevalence was set to 0.33, representing
herds in the Netherlands that suffer considerably from DD (HoLzHAUER et al. 2006).

To obtain a prevalence of 0.33, p was set to 0.03, based on Equation 2.4. Note
B

that R, was thus 1.5, as can be calculated from the prevalence or from =.
In part of the scenarios with a high desired value for h3,, a large variance in
susceptibility was needed. In these scenarios, the positive skewness of the
lognormal distribution caused the population mean susceptibility (7,) to be (much)
larger than 1. Since y acts as a scaling factor on 8, % >1 resulted in 8, >p
(Equation 2.5), which in turn resulted in a prevalence higher than the desired
value of 0.33 (Equations 2.4 and 2.6). To avoid inconsistencies in prevalence
between scenarios, the g was iteratively corrected for each combination of h3
and a3, such that the prevalence was 0.33 in all scenarios. This issue is further

addressed in the discussion.

The simulated population consisted of a parental generation of 102 sires, each
mated to 102 dams, with one offspring per mating, resulting in a total of 10404
offspring with a half-sib family structure. The offspring generation was kept in 102
herds of size 102, each consisting of offspring of six randomly sampled sires, each
sire contributing 17 offspring. This structure is somewhat similar to a dairy cattle
population, but more balanced. The disease was simulated in the offspring

generation only.

The relative magnitude of genetic permanent effects (a3) was set to 0.25, 0.50,
0.75 or 1. Since practically nothing is known about the relative magnitude of
genetic and non-genetic permanent effects on susceptibility, we simulated values
of a2 in the range of 0.25 to 1. Repeatabilities thereby range from equal to the
heritability to the 4-fold of the heritability.
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2.2.6 Estimation of response to selection

The above procedure results in a genetic standard deviation in susceptibility (oAy)

that corresponds to heritabilities of disease status of 0.02, 0.05 or 0.10. Next, we
used this Oa, and the same epidemiological model to investigate the potential

response to selection in disease prevalence for this range of observed
heritabilities. To do so, we performed additional simulations in which we selected
the six best out of the 102 sires, based on their true (i.e., simulated) breeding
value (TBV) for susceptibility. Each of these six sires was mated to 1734 randomly
chosen dams, resulting in a total of 10404 offspring, which were allocated
randomly to 102 herds. Thus, there was selection in sires only. To better illustrate
the effect of selection, the starting prevalence in the offspring generation was kept
at 0.33, even though this was higher than the expected prevalence in that
generation (since 7, < 1 after selection). To show trends in the number of infected
individuals over time, we used daily records of the entire 1500 days. Hence, the
simulations will illustrate the gradual decrease of prevalence from the initial 0.33

to the new equilibrium value.
2.2.7 Heritability on the underlying scale

The heritability of binary disease status can be defined on two different scales:
the observed scale of the binary record, and the underlying scale of the linear
additive model for the genetics of susceptibility. The latter is the so-called liability
scale (DEMPSTER AND LERNER 1950; ROBERTSON 1950). In our simulations, we
estimated the observed-scale heritability for binary disease status, but the
heritability of the underlying susceptibility was unknown (note that we did not
simulate residual variance in susceptibility (Equation 2.7). To provide a heritability
value for susceptibility, we calculate heritability on the liability scale in this section.
Because our model is additive for log-susceptibility, the liability scale refers to the
logarithm of susceptibility. Note, we do not describe new simulations or analyses
in this section, but merely motivate the calculation of a liability-scale heritability

for our model.
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Binary data (y) can be generated from an underlying linear model in two different
ways: using a threshold model and using a generalized linear (mixed) model
(GLMM). First, in the threshold model, a linear model is used to specify an
individual liability, including a residual. Individuals with a liability value greater
than a pre-defined threshold have y = 1; the others have y = 0. Hence, given the
threshold, an individual’s liability fully determines its observed binary record.
Second, in the GLMM, a linear model without a residual is combined with a link
function to specify the probability that y = 1. Subsequently, the binary records
are sampled from a Bernoulli distribution with this probability. Hence, in this
approach, the linear model specifies the expectation of the binary record, E(y) =
P(y = 1); not the actual record. Both models are fully equivalent when the link
function of the GLMM is the cumulative density function (cdf) that corresponds to
the probability density function (pdf) of the residual of the threshold model (DEe
VILLEMEREUIL et al. 2016). In the classical threshold model, for example, the
residual on the liability scale follows a standard normal pdf, while the probit link
of a GLMM corresponds to the standard normal cdf. Thus the classical threshold
model is equivalent to a GLMM with a probit link (See e.g. Supplementary
Information A in DE VILLEMEREUIL et al. (2016)). The link function in a GLMM
“replaces” the liability residual in the threshold model. For this reason, the residual
liability variance is also known as the “link variance” (DE VILLEMEREUIL et al. 2016).
However, a liability-scale heritability can be defined only based on the threshold
model, because the underlying linear model in a GLMM has no residual. (In other
words, a GLMM has no “phenotypic” variance on the underlying scale, so the

denominator of heritability cannot be determined).

We simulated binary disease status data by specifying the probability of events

(infection vs. recovery; see step 2 and Appendix 2.7.2) using the rates for these

events as the rates of a Poisson process (for the infection event this is 1 — e‘B“ﬁ),
which is the GLMM approach. Thus, to find the heritability on the liability scale,
we have to translate our model into the corresponding threshold model. GLMM
come with different link functions, each relating to a different pdf of the residual
of a corresponding threshold model. As our binary disease data are generated by
a Poisson process, the appropriate link function is the complementary log-log.
(This is a standard result for GLMM (McCuLLAGH 2018), and motivated in detail for
binary disease data in ANCHE et al. (2015)). Thus, we have to find the residual
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liability variance of the threshold model that corresponds to a GLMM with a clog-

log link function. The link variance of a GLMM with a cloglog link follows from the

Gumbel distribution and equals %2 (Appendix 2.7.1, NAKAGAWA et al. (2017)).

Therefore, we define the liability for the j©* record of individual i/ as

lij = Ayi + Eyi + eli,j

TL'Z

where var (eli,j) ==~ 164, and heritability on the underlying liability scale of log-

susceptibility equals:

2
2 94,
hy,liab - —2 (211)

2 2 n
oy tog +—
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2.3 Results

This section starts with the genetic variances and corresponding liability
heritabilities for the logarithm of susceptibility that correspond to observed
heritabilities of 0.02, 0.05 and 0.10 for disease status. Subsequently, we show to
what extent individual breeding values for susceptibility are reflected in individual
disease status. Next, we show the response to selection for each value of the
observed heritability. Finally, we illustrate the mechanisms underlying the
observed response to selection, using simulations of herds consisting of

individuals with similar susceptibility.
2.3.1 Genetic variation in susceptibility

Table 2.2 shows the genetic standard deviations in the logarithm of susceptibility

(aAy) and liability heritabilities (hf,_”ab) that correspond to observed scale

heritabilities of binary disease status (h2,;) of 0.02, 0.05 and 0.1. Results are
shown for additive genetic proportions of the permanent variance (a2) of 1, 0.75,
0.5 and 0.25. To illustrate the magnitude of the genetic variation in susceptibility,
Table 2.2 also shows the genetic values for R, for the 10% of individuals with

highest breeding values and the 10% individuals with the lowest breeding values
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for susceptibility. These R,-values are relevant for the prevalence of the infectious
disease (see Equation 2.4) and give an indication of the potential response to

selection. In supplementary Table S1 actual k%, estimates for the different 0y, Are

given with corresponding standard errors.

Table 2.2 shows that common observed scale heritability values for binary disease
status correspond to a substantial genetic variation in the logarithm of
susceptibility (aAy). An observed scale heritability of 0.02, for example,
corresponds to a genetic standard deviation in susceptibility of 0.3. With a g, of
0.3, the mean breeding value of the 10% individuals with lowest breeding values
for susceptibility (4;) is —-0.53, accordingly, the mean breeding value of the 10%
individuals with highest breeding values (47) is 0.53. Corresponding genetic
susceptibility values (y~ = e4r,y* = e47) for these individuals are 0.59 and 1.70,
which results in values for R, of 0.59*%1.5=0.88 and 1.7*1.5=2.54 respectively.
There is thus an almost 3-fold genetic difference in R,.between the highest and
lowest 10% of individuals. This difference is substantial in itself, but more
importantly, R, for the 10% individuals with lowest susceptibility is below 1, which
means that an individual with such susceptibility, on average, infects less than 1
herd mate. Implying that an infectious disease will die out. For higher values of
observed heritability, the corresponding genetic standard deviation increased
considerably, resulting in values for R, even further below 1 for a h2,; of 0.05 and
0.10.

The relative magnitude of genetic vs. environmental permanent effects on
susceptibility (aZ) only had a minor effect on the observed heritability, as
illustrated by the similar values of the genetic standard deviation in susceptibility

needed to obtain a certain observed heritability. The effect of aj was substantial

only for an observed scale heritability of 0.10. In this case, we needed a
considerably higher genetic standard deviation in susceptibility for lower values of
a;, especially for a a2 = 0.25. Similarly, the liability heritability is quite consistently,

approximately twice the value of h2,,, across the different values of a3.

In conclusion, a remarkably large genetic variation in susceptibility is needed to
reproduce common observed scale heritabilities for disease status. As a

42



consequence, a considerable proportion of the population had genetic R, values

smaller than one.

2.3.2 The relationship between susceptibility and individual disease

status

Figure 2.2 shows the relationship between breeding value for susceptibility and
disease prevalence (over all herds) when herds are composed of offspring of
random sires. The figure shows the prevalence over time (mean of 20 replicates)
in the 10% most and 10% least susceptible individuals in the population, for a3 =
1. Results were very similar for other values of a2, as expected given the minor

effect shown above.

The distance between two lines increases with h2,., because a higher hZ,
corresponds to a greater genetic variation in susceptibility. For an observed
heritability of 0.02, the prevalence in the 10% most susceptible individuals is
about a factor of 2 higher than in the 10% least susceptible individuals (25% vs.
50%). This difference of about 25 percentage points is considerable given the very
low heritability. For an observed heritability of 0.10, the distance increases up to
a factor of 4 (15% vs. 60%). Hence, though a heritability of 0.10 is only a
moderate value, the corresponding difference in prevalence is large.

A comparison of Figure 2.2 and Table 2.2 shows that the actual prevalence in the
10% most and least susceptible individuals (Figure 2.2) is considerably different
from the prevalence that is expected based on the values for R, (Table 2.2). For
a heritability of 0.10, for example, the actual prevalence is about 0.6 in the 10%
most susceptible and about 0.15 in the 10% least susceptible individuals, while
the expected prevalence based on R, is 0.82 and 0 respectively (see Table 2.2
and Equation 2.4). This indicates that the genetic susceptibility values are not
completely reflected in the disease status of individuals. This phenomenon occurs
because individual disease status depends not only on individual susceptibility,
but also on exposure to infectious herd mates. With randomly composed herds,
individuals experience similar exposure to infectious herd mates, irrespective of
their own susceptibility. For this reason, differences in prevalence between
subgroups in the population were smaller than expected based on their genetic

value for R,.
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Figure 2.2 Population prevalence with random herds. Prevalence (P) of the
infectious disease in the total population (over all herds) for a3 of 1 and different
h2,s. Lines indicate the 10-percent of individuals with highest and the 10-percent
with lowest breeding value for susceptibility for the respective hZ,,, herds formed
by random allocation of sires.
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Figure 2.3 Prevalence in six herds after sire selection. Number of infected
individuals (I) and prevalence (P) over time in six representative herds,
represented by the different colors, consisting of offspring from six sires selected
for low susceptibility. h3,;0f 0.05, a2 of 1. Each herd consists of 102 individuals.
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2.3.3 Response to selection:

To investigate the effects of selection for lower susceptibility on the prevalence of
the disease, the six sires with the lowest true breeding values for susceptibility
were selected to produce all offspring. Figure 2.3 illustrates the effect of this single
generation of sire selection on the prevalence in six herds for the scenario with a
aj =1,(h} ;e = 0.13) and a hj,; = 0.05. Herds were selected such that they
represent the different prevalence patterns we observed for this scenario in the
simulations. The figure shows that the prevalence in all herds fluctuates around a
decreasing trend from the starting prevalence of 0.33. Eventually, the infection
‘dies out’ in some herds, which means that there are no infectious individuals

anymore to sustain infection.

For a more extensive investigation of response to selection, Figure 2.4 shows the
proportion of infection-free herds over time (mean of 20 replicates), for all 12
scenarios. For each scenario, we selected the six sires with the lowest true
breeding value for susceptibility to produce all offspring. The figure clearly shows
that the disease disappeared from a substantial proportion of herds. Even when
the observed heritability was only 0.02, 20 to 50 of the 102 herds became

infection-free after a single generation of sire selection.

Response was larger with higher h3,; for the highest value (h3,s = 0.10, a2 # 0.25),
the infection was eliminated from practically all herds. Again, the relative
magnitude of genetic permanent effects (a2) only had a considerable effect when
it was 0.25. The lines for the other values of a2 are very close to each other for a
given hZ,.. The response for a? = 0.25 and h2,, = 0.10 seems not in accordance with
this general pattern. For example, it is lower than the response for a3 = 0.25 and
h2,s = 0.05. This is most likely a consequence of the very large genetic variance in
susceptibility required to reproduce a heritability of disease status of 0.10 for that

scenario, together with the lognormal distribution of y (see Discussion).
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Figure 2.4 Infection free herds after sire selection. Proportion of infection-
free herds over time for all combinations of hj,; and a3, herds consisting of
offspring from six sires selected for low susceptibility. Different colors represent
different h2,,, different line types represent different a2. The initial prevalence was
0.33 in each herd.

2.3.4 The mechanism underlying response to selection:

Results in Figure 2.4 show that the responses to selection are considerably greater
than the differences in disease status between the 10% most and 10% least
susceptible individuals within a generation (Figure 2.2). We hypothesize that this
difference originates from positive feed-back effects in the transmission dynamics,
resulting in some degree of herd immunity in the results in Figure 2.4. To
investigate this hypothesis and clarify the mechanism underlying these
unexpectedly large responses to selection, we simulated a population where
individuals were grouped into herds based on their breeding value for
susceptibility. The first herd consisted of the 102 least susceptible individuals, the
second herd of the 102 individuals with second lowest breeding values for
susceptibility, and so forth, until the last herd, consisting of the 102 most
susceptible individuals. The herds consisting of the least susceptible individuals

resemble the herds after selection, since herds consist entirely of individuals with
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low susceptibility in both cases. Hence, similar to the case with selection,
individuals with low susceptibility are accompanied by herd mates with low

susceptibility, which reduces their exposure to the infectious agent.
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Figure 2.5 Population prevalence with non-random herds. Prevalence (P)
of the infectious disease in the total population (over all herds) for a3 of 1 and

different h2,, Lines indicate the 10-percent of individuals with highest and the 10-

percent with lowest breeding value for susceptibility for the respective h?,,, herds

formed by allocation of individuals based on breeding value for susceptibility.

Figure 2.5 shows the prevalence in herds composed of the 10% most and 10%
least susceptible individuals based on breeding value for susceptibility.
Comparison to Figure 2.2 shows that this formation of herds substantially
increases the difference in prevalence between the most and least susceptible
individuals. For an h2,; of 0.02, for example, the difference increased from 25%
vs. 50% in random herds to 5% vs. 60% in sorted herds. For an hZ . of 0.10, it
increased from 15% vs. 60% to approx. 0% vs. 80%. The prevalence in top and
bottom individuals in Figure 2.5 is more in accordance with the expected
prevalence based on the values for R, (Table 2.2). The bottom lines in Figure 2.5,

which represent the herds consisting of the least susceptible individuals, show a
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clear decreasing prevalence over time, and reach zero for all three observed

heritabilities. This fully agrees with the R, values below 1 for these individuals.

This observation clearly shows that the susceptibility of herd mates has a
considerable effect on the disease status of an individual. An individual is more
often infected when its herd mates have a higher-than-average susceptibility, and
less often when its herd mates have a lower-than-average susceptibility, on top
of the effect of the susceptibility of the individual itself. This mechanism explains
the larger than expected response to selection; when all individuals in a herd
descend from superior parents, not only the individual itself will be less
susceptible, but it will also be accompanied by herd mates that are less often
infected. This reduces the exposure of the individual to the infectious agent. These
results show that susceptibility not only has a direct effect on the disease status
of the individual itself, but also an Indirect Genetic Effect (IGE) on the disease

status of its herd mates (see also ANCHE et al. (2014)).

2.4 Discussion

Here we showed that low heritability estimates for infectious disease status
(0/1=healthy/diseased) are fully consistent with a large amount of genetic
variation in disease susceptibility. The genetic variation needed to reproduce an
observed-scale heritability of only 0.02 roughly corresponds to R,-values of 2.5
and 0.9 in the 10 % top and 10% bottom-ranking individuals. This large difference
in R, corresponded to a large reduction in prevalence of the disease after selection,
and even eradication of the disease occurred after a single generation of sire

selection in our simulations.

The possibility to arrive at a prevalence of zero using selection, i.e., herd level
eradication, is an important result. It contradicts predictions based on classical
guantitative genetic models for binary traits that do not account for the
transmission of an infection between individuals, such as the classical threshold
model by DEMPSTER AND LERNER (1950). For binary traits, the classical model shows
that the observed-scale heritability approaches zero when prevalence approaches
zero or one (RoOBERTSON 1950). Hence, continued selection against an infectious

disease will reduce the heritability in the threshold model, so that response to
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selection will approach zero as well, and it is impossible to reach a prevalence of

Zero.

The difference between our findings and predictions based on classical models
originates from positive feedback effects occurring in the transmission of
infectious diseases. These feedback effects entail that individuals with a low
susceptibility are not only less likely to become infected themselves, but they also
infect fewer herd mates, just because they are less likely to be in the infectious
state. This shows that genetic variation in disease susceptibility leads to so-called
Indirect Genetic Effects (IGE). In general, IGE are effects of the genotype of an
individual on the trait values of other individuals (GRIFFING 1967; MOORE et al.
1997; Muir 2005; BuimA 2014). The fact that genetic variation in susceptibility
inevitably leads to IGE was also shown by (ANCHE et al. 2014) and (BuimMA 2020).
The larger difference in prevalence between the least and most susceptible
individuals when allocation to herds was based on breeding value for
susceptibility, compared to allocation at random, illustrates this IGE of

susceptibility.

The response to selection we found can also be placed in the more general
framework of the Price equation (PrICE 1970). The Price equation states that
response to selection in a trait is the sum of two components. The first component
represents the contribution directly attributable to selection. The second term
represents the effect due to “incomplete fidelity of transmission of the trait value
to the next generation” (GARDNER 2020). This transmission term defines non-
selective effects, for example a difference in non-additive effects between the
parent and offspring generation, due to a change in allele frequency. The response
to selection in prevalence can be described in two ways using the Price equation,
depending on whether the IGE of susceptibility is incorporated into the selection
term or into the transmission term (BimMa 2020). The common breeding values for
disease status from the linear animal model do not capture the IGE of
susceptibility and therefore represent the latter case, where the IGE is considered
a non-selective effect arising from a change in the environment (less exposure to
infectious individuals in the population). However, one can also define a so-called
total breeding value for prevalence, including both the direct and indirect genetic
effect of susceptibility (BiiMma 2011; BimMA 2020). In this approach, the indirect
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effect of susceptibility is shifted into the selection term. The latter approach makes
sense, because the IGE due to genetic variation in susceptibility is a special kind,
which arises entirely via the direct genetic effect on the disease status of the
individual itself. Hence, the direct and indirect genetic effect due to susceptibility
are fully correlated, such that selection on susceptibility is automatically on the
indirect effect as well. This complete correlation also increases the total genetic
variation in disease status (Buma 2010). Consequently, the breeding value for
prevalence predicts a larger response in prevalence because of selection on
susceptibility than the ordinary breeding values for disease status. Especially at
lower prevalence, the selection differential in susceptibility required to eliminate
a disease is much smaller than expected based on the classical breeding value for
disease status (Bima 2020).

The positive feedback mechanism described above is well known in epidemiology,
with herd immunity (R, < 1) as the most prominent example (FINE 1993). As
illustrated by the eradication of rinderpest in cattle, it is not necessary that all
individuals are fully resistant to infection to reach herd immunity. If a sufficient
fraction of the population is vaccinated, a disease will have no possibility to
transmit, because there are not enough sufficiently susceptible individuals in the
population to sustain transmission. For herd immunity (i.e., for R,), it is in
principle irrelevant whether a certain reduction in susceptibility is obtained by
genetic selection or by vaccination causing incomplete immunity, because the
positive feedback mechanisms underlying herd immunity result from the reduction
in susceptibility, independent of how the reduction is obtained, and are therefore
equally present in both cases. Thus, as with vaccination, a sufficient fraction of
the population should have a sufficiently low susceptibility to reach herd immunity
using genetic selection.

In our model, we simulated genetic variation in susceptibility only. Next to
susceptibility, the transmission and prevalence of infectious diseases is affected
by two other host traits: infectivity and the duration of the infectious period
(DoescHL-WIiLsON et al. 2011). Infectivity is the propensity of an infected individual
to transmit the disease to a susceptible individual per unit of time. It has impact
only on the disease status of other individuals, not on the disease status of the

individual itself. In other words, infectivity only has an indirect genetic effect, no
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direct genetic effect. Consequently, the common genetic analysis of binary disease
status of the individual does not capture genetic variation in infectivity (LipscHuTz-
PoweLL et al. 2012). Variation in infectivity thereby does not contribute to the
established values of the heritability of disease status, which were the starting
point of our analysis. Incorporating variation in infectivity in our simulations would
therefore not change the genetic variation in susceptibility needed to arrive at the
target observed heritabilities. However, if host infectivity shows genetic variation
and it is incorporated in selection, this would increase the potential of the
population to respond to selection for lower disease prevalence (e.g. TSAIRIDOU et
al. 2019).

The second trait, the duration of the infectious period, relates to the ability of an
individual to recover from infection, and determines the time an individual stays
in the infectious state. In contrast to infectivity, variation in duration of the
infectious period is directly reflected in an individual’s disease status. In fact, it is
the reverse of susceptibility, since it determines the rate at which individuals
change from the infected to the susceptible state. In an earlier analysis with the
same SIS-model, we found that the effect of variation in the duration of the
infectious period on the heritability of disease status is comparable to that of
susceptibility. Moreover, just like susceptibility, the duration of the infectious
period clearly has an indirect effect as well. If individuals have a short infectious
period, they are less likely to infect others, just because they are in the infectious
state for a shorter period of time. Because the effects of the duration of the
infectious period are similar to those of susceptibility, we therefore chose to

simulate the genetic variation in susceptibility only.

In some scenarios, we needed to simulate a large variance in susceptibility to
reproduce the desired heritability of disease status. A large variance in
susceptibility had two counteracting effects on the prevalence of the disease in
our simulations: (1) an increase in prevalence because y is much larger than 1
leading to a higher R,; (2) a decrease in prevalence because increasing
heterogeneity among individuals reduces the prevalence (SPRINGBETT et al. 2003).
With a small variance these two effects balanced each other, but with increasing
variation the first effect became dominant, such that the actual prevalence in

some of the simulations was considerably higher than the desired value of 0.33.
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To prevent inconsistencies in the estimation of heritability and response to
selection, we needed to correct for this higher prevalence, to obtain a prevalence
of 0.33 in all scenarios. A prevalence much lower or higher than 0.33, close to 0
or 1, would have the effect that much higher genetic variances are needed to

reach our target observed heritabilities. On first sight, the correction should

ensure that the property gy, is equal to 0.03, either by decreasing g to Oyg or by

setting 7, to 1 (via the introduction of an extra term in Equation 2.7). However,
such a correction of either g or 7, resulted in a prevalence (much) lower than 0.33
because of the decreasing effects of heterogeneity on prevalence. We therefore

chose to iteratively correct g until actual prevalence was 0.33 in all scenarios.

We observed a considerably lower response to selection for a2 = 0.25 and hZ,; =
0.10 than for the other scenarios. The total (genetic + environmental) permanent
susceptibility variance needed to reproduce h?, = 0.10 was exceptionally large for
this scenario. It could even be considered unrealistically high, since it corresponds
to a coefficient of variation of 111% which is above maximum values observed in
literature (e.g HouLe 1992). Mean population susceptibility () was much larger
than 1 for this variance, because of the skewness of the lognormal distribution of
y. We prevented effects of this higher mean susceptibility on the prevalence by
the correction of B described in the previous paragraph. In case of selection,
however, (extremely) high individual dam and environmental effects, resulting
from the highly skewed distribution of susceptibility, cause a much higher average
susceptibility in the offspring than would be expected from the mean breeding
value of the selected sires. This higher susceptibility in the offspring resulted in a
larger than expected B¥,, and consequently in a lower proportion of infection-free
herds compared to the other scenarios. Because the combination of a; = 0.25 and
h2,, = 0.10 leads to unrealistically high variation in susceptibility, we feel this issue

is not very relevant.

To illustrate the potential response to selection, we selected sires on their true
(simulated) breeding values for susceptibility. We took this approach to reveal the
additive genetic variance available for genetic improvement and to clarify the
mechanisms underlying response to selection, without interference of the
accuracy of breeding value estimation. However, the correlations between the

estimated breeding values for disease status from the linear model and the true
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breeding values for log-susceptibility of sires were between 0.75 (h3,, of 0.02)
and 0.90 (h3, of 0.10). This indicates that differences due to selecting sires based
on their EBV for disease status instead of selecting them on their TBV for
susceptibility would be relatively small. These high accuracies likely result from
the large number of offspring per sire in our simulations and the intermediate
prevalence of the disease, since individual differences in susceptibility are best
visible at intermediate prevalence. If the prevalence is close to zero, the accuracy

of EBVs will be smaller.

Even though our results clearly show that selection against infectious diseases
should be much more promising than the common low heritability for disease
status suggests, questions may arise as to whether our conclusions are achievable
in practice and are not too optimistic. These questions might be motivated by the
limited availability of empirical examples of large response to selection in disease
prevalence. Even though the common quantitative models ignore indirect genetic
effects, the previous paragraph shows that they still relatively accurately ranked
the individuals on their susceptibility, which suggests that more examples of large
response might be available than the two we found and mentioned in the
introduction. In the next paragraphs we will identify important aspects related to

the visibility and validity of our results in real data examples.

A first important point is that the feedback effects underlying our response are
only effective if the entire herd is selected for low susceptibility. If only part of a
herd is selected for low susceptibility, the offspring of selected parents are still
exposed to (the offspring of) non selected individuals with higher susceptibility.
In practice, this might for instance be the case in dairy cattle herds, where
individuals usually belong to different generations. Another complicating factor is
that herd-year effects in models for breeding value estimation may hide the
feedback effects. When the model contains the direct genetic effect only, the IGE-
component of genetic differences in the prevalence of the disease between herds,
or between consecutive years of the same herd, will end up in the herd-year effect,
and thus be attributed to differences in herd management. Hence, response due
to positive feedback (i.e., due to IGE) is difficult to see in classical quantitative

genetic analysis.
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A key assumption underlying our results is that the pathogen can replicate only in
the host individual, meaning that a reduction in individual host susceptibility fully
translates in reduced exposure of the host population to the pathogen. When a
pathogen is able to replicate outside the host population, for instance in the
environment or in another species, the impact of the feedback effects on
transmission will be smaller. An example of such a case is Bovine Tuberculosis,
where badgers are an external reservoir in which the pathogen can replicate
(BoeHM et al. 2009). Because the key mechanism underlying our results is the
positive feedback of selection for lower susceptibility, we expect that as long as
no external replication occurs, our conclusions remain valid. For instance, in case
where the transmission process is delayed because of a latency period between
the moment of infection and the time an individual becomes infectious to others,
or when the pathogen can survive but not replicate in the environment. The
feedback effects in transmission are still present in those cases; only the total
duration of the infection-cycle is prolonged (MA AND EARN 2006).

A general problem in relation to management of infectious diseases is the
evolutionary response of pathogens to the applied interventions, such that these
interventions become less effective. Pathogens are known to be able to adapt to
every type of intervention, with the widespread antibiotic resistance as probably
the best-known example (DAVIES AND DAVIES 2010; KENNEDY AND READ 2017). Here
we discuss briefly what breeders could do to minimize the risk of pathogen
adaptation. Importantly, evolution of pathogen resistance can only occur when
there is transmission. Consequently, the most promising interventions with
respect to prevention of resistance development are those that prevent
transmission to occur (R, < 1) as soon as possible. The higher the selection
pressure put on the pathogen population, especially when targeting the pathogen
in multiple ways, the lower the probability of development of resistance (REX
CoNsORTIUM 2013). A well-known example is combination therapy for HIV, which
is relatively successful in preventing pathogen resistance development by

targeting the pathogen in multiple ways (KENNEDY AND READ 2017).

With respect to genetic selection, the above paragraph implies that strong
selection for polygenic resistance should minimize the risk of pathogen adaptation.

Plant breeders, for example, recognize that breeding for broad-spectrum
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resistance is the most sustainable way to manage infectious diseases such as
potato blight (VLEesHOuwers et al. 2011). In livestock populations, results of
Genome Wide Association Studies show that important endemic infectious
diseases, such as mastitis and digital dermatitis are highly polygenic traits (Tiezz1
et al. 2015; BIEMANS et al. 2019b). This would argue for a few generations of
strong selection for lower susceptibility of the host population. However, such
selection is currently uncommon in practice because of undesired correlated
responses in other traits in the breeding goal, such as yield traits. For mastitis,
for instance, the correlation of disease status with milk yield is positive, with most
estimates between 0.20 and 0.55 (Rupp AND FoucrAas 2010). Selection solely for a
lower prevalence of mastitis would thus result in a negative (correlated) response
in yield. Nevertheless, many questions about the adaption of pathogens to

artificial selection in livestock are still unanswered.

The results of our simulations provide a new perspective on genetic selection for
lower infectious disease prevalence and show that this might lead to much better
results than current quantitative genetic models predict. Because of the
complicating factors described in the above paragraphs, carefully designed
selection experiments are needed to confirm our results with real data examples.
Next to confirmation of our results with real data, work into the genetic
background of the disease traits is needed as well, particularly on the presence of
genetic variation in infectivity (LipscHUTZ-POWELL et al. 2012). The use of a method
for statistical genetic analysis that accounts for the dynamic nature of
transmission and for differences in infection exposure between individuals is
essential here and might also increase the response to selection. Examples of such
methods are models using Bayesian inference (PooLey et al. 2020) and

Generalized linear mixed models (BIEMANS et al. 2019b)).

In this paper we used simulations of an established epidemiological model to
demonstrate that genetic selection against infectious diseases is much more
promising than expected based on commonly used quantitative genetic models.
As most models of biological systems, it will be needed to tailor our model to fit
certain specific cases. However, by incorporating the positive feedback effects that

have been demonstrated time and again in the field of epidemiology, our model
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provides a fundamentally better description of infectious disease transmission
than the classical quantitative genetic models for binary traits, which do not
account for feedback effects. The main implication for breeders of this work is that
a low ordinary additive genetic variance in binary disease status, as often
observed in practice, should not be interpreted as a limiting factor for potential
response to selection. Instead, we showed that these low values are fully
consistent with a large amount of available genetic variation in disease
susceptibility, which in turn translates into a larger than expected response to
selection in the prevalence of the disease. Feedback effects occurring in
transmission are of crucial importance for this response, and make it possible to

eradicate an infectious disease, at least in theory.

2.5 Data Availability

Supplemental Material available at figshare:
https://doi.org/10.25386/genetics.13090076. Table S1 contains heritability
estimates for different genetic standard deviations in the Ilogarithm of

susceptibility. Figure S2 provides a schematic overview of our methodology. File
S3 contains the R-code for simulation of a population with genetic variation in the
logarithm of susceptibility. File S4 contains the R-code for simulation of the

endemic disease.
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2.7 Appendix

2.7.1 Derivation of link variance for the complementary log-log link

function

The link variance for the liability model as presented in Equation 2.11 in the main
text, can be derived by calculation of the variance belonging to the pdf of the
inverse of the cloglog link function. This pdf is obtained by differentiation of the

inverse of the complementary log-log function.

The formula for the complementary log-log link function is:
x(p) = log(—log(1—p))

The inverse of this function is:

X

p(x)=1—e"¢
Differentiation of the inverse results in the formula for the pdf:

flx) = e

The variance of this probability density function can be obtained by using the

general formula for the variance of a function:
VAR(X) = E(X?) — E(X)?
in which E denotes the expected value. The expected values are calculated by
integration of f(x):
© 2

E(X?) =f x2f(x)dx = y? +%

oo

E(X) = f xf(O)dx = —y

in which y denotes the Euler-Mascheroni constant. VAR(X) becomes:
2 2

/A T
VARX) =y*+—=—(-1* =~
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In fact, the inverse of the cloglog and its corresponding pdf are (mirrored)

standard Gumbel distributions, the variance of the standard Gumbel distribution

is indeed equal to %2
2.7.2 Gillespie-algorithm

In the simulation of the infectious disease, the time to the next event is sampled
from an exponential distribution, which requires calculation of the total rate

parameter r, defined as the sum of all individual transmission and recovery rates:

I
r:Z'B"ﬁ-ﬂxl
L

After sampling a time to the next event based on r, the type of event and the
individual involved in the event is sampled based on the contribution of each
individual to r, such that the probability of infection for a certain susceptible

1
individual i is B—r" and the probability of recovery for a certain infected individual j

is % (this a is the same for each individual in our simulations). The effect of

individual susceptibility on the probability of infection is thus multiplicative. An
individual with a susceptibility of two has a two times higher g; than an average
individual with a susceptibility of one. Consequently, given same exposure to
infectious individuals, its share in r, and thus its probability of infection, is two
times higher as well.
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Abstract

We integrated quantitative genetics and epidemiology to develop a quantitative
genetic theory of the prevalence of endemic infectious diseases. Results show that
infectious diseases respond very differently to selection than common non-
communicable traits, and strongly suggest that the genetic variance determining
the potential response of prevalence to selection must be much larger than
currently believed. Moreover, heritable variation and response to selection
increase significantly when the prevalence of the infection decreases, ultimately
leading to local extinction of the infection due to herd immunity. These results
change our perspective on the prospects of genetic selection against infectious

diseases.
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3.1 Introduction

A reduction of the prevalence of infectious diseases in livestock is highly desirable.
Individual disease status, however, measured as y = 0 or 1 indicating non-infected
vs infected, typically shows low heritability (h?). Moreover, the classical threshold
model predicts that h2 goes to zero when a disease becomes rare. Hence, genetic
selection against infectious diseases seems difficult. This perspective, however,
ignores that infectious diseases rely on transmission between individuals. Here we
present a quantitative genetic theory for response to selection and heritable

variation in the prevalence of endemic infectious diseases.

3.2 Methods & results

The endemic prevalence (P) of an infectious disease is the average fraction of the
population that is infected, and is equal to the mean of individual disease status
(P = avg(y)). Standard epidemiological theory shows that the endemic prevalence
follows from the basic reproduction number (RO; WEiss AND DisHON (1971); Figure
3.1),
1

P=1 —R—O (3.1)
Ro is the number of individuals that gets infected by a single typical infected
individual in a naive population. For example, with Ro = 3, an infected individual
would on average infect three others. However, if 2/3 of the population is infected
already, then only a single new infection will occur on average. Hence, prevalence
reaches an equilibrium at P = 1 - 1/3 = 2/3. To reduce prevalence, therefore,
breeders should lower Ro. At low Ro, prevalence is very sensitive to changes in Ro

(Figure 3.1), which has significant implications for response to selection.
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3.2.1 Breeding values for Ry, prevalence and disease status

Ro is the product of the contact rate between individuals, the susceptibility of
individuals to become infected, the propensity of individuals to infect others
(infectivity) and the duration of the infectious period (t). Because Ro is a product
and because it takes strictly positive values, we define an additive model with

normally distributed genetic effects for the logarithm of Ro,

Aln(RO) = An (sus) T Aln(inf) + Aln(t) (3.2)

We assume that additive genetic (co)variances are constant on this log scale, i.e.,
are independent of the level. (This implies that additive genetic variance in Ro
decreases as Ro decreases). Connecting Equation 3.1 and 3.2 leads to a breeding
value for individual disease status (Ay) and a breeding value for prevalence (Ar;

BumMma et al. (2022); here assuming no genetic variation in infectivity),
Ay = P(l - P)Aln (Ro) (330.)
Ap = (1-P)Ay (Ro) (3.3b)

Ay is the ordinary (‘direct’) breeding value for the disease status of the individual
itself, while Ap is a total breeding value that measures the total effect of an
individual’s genes on the prevalence in the population. Hence, response of

prevalence to selection equals the per generation change in mean Ar. Note that
Ar is a factor 1/P greater than Ay. Moreover, for a constant Ay, (g,), Ay has a

maximum for P=0.5, while Ar increases when P decreases. Thus, the common h?
of individual disease status (y=0,1) has a maximum at P=0.5, similar to the
threshold model (RoBerTsoN 1950), but the additive genetic variance that breeders
can use for response to selection increases significantly as prevalence falls (Figure
3.2). This result is a consequence of the increasing slope of the relationship

between P and Ro at lower values of Ro (Figure 3.1).

64



1.0

04 |

02 [

0.0

Figure 3.1 Prevalence as a function of Ro.
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Figure 3.2 Heritability of individual disease status (h2, panel A), and additive
genetic variance in the endemic prevalence as a fraction of phenotypic variance
(T2, panel B), as a function of prevalence (P). For different additive genetic
standard deviations in In(Ro), and without genetic variation in infectivity.

Figure 3.2 shows that common heritabilities of disease status correspond to a

large additive genetic variance in prevalence, particularly when prevalence is
small. For example, for P=0.2 and sd(4;, (Ry))=0.4, the common observed-scale
heritability of binary disease status is only 0.026, while the additive genetic

variance that can be used for response to selection is 64% of phenotypic variance
(T2=0.64). Hence, for this scenario, the additive genetic standard deviation in

prevalence is ,/0.64 X 0.2 x (1 —0.2) = 0.32, which is very large.
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3.2.2 Response to selection

Figure 3.2B shows a strong increase in additive genetic variance as prevalence
falls, suggesting that response to selection for lower prevalence should accelerate
over generations. Figure 3.3 shows response to selection observed in simulations
following standard methods in epidemiology, not using any of the above theory.
Figure 3.3 also shows the mean breeding values for prevalence (Ar) and for
individual disease status (Ay), expressed as deviations from prevalence in the first
generation. As expected, based on Figure 3.2, the response accelerates as
prevalence decreases. In the final generations (t=16, and t=70) the infection
disappears due to herd immunity in the local population, not because individuals
are fully resistant to infection. The mean breeding value for prevalence (Equation
3.3b) closely matches the observed response, while the mean breeding value for
individual disease (Equation 3.3a) deviates more and more from the observations
as prevalence decreases. Hence, response in Figure 3.3 is significantly greater

than the common breeding values for individual disease status suggest.

3.3 Discussion

We developed a quantitative genetic theory of infectious diseases, focussing on
Ro and on the endemic prevalence of the infection. The breeding value for the
logarithm of Ro is central to the theory and is the sum of the breeding values for
the logarithms of susceptibility, infectivity and duration of the infectious period.
From the breeding value for In(Ro) we derived a breeding value for individual
binary disease status and a breeding value for the prevalence of the infection in
the population. The first relates to ordinary h2 of individual disease status, while
the second relates to response to selection. Without genetic variation in infectivity,
the breeding value for prevalence is a factor 1/P greater than the breeding value
for individual disease status. This is a general result and does not rely on the
assumption of an additive model on the log scale. For this reason, both the
additive genetic variance for prevalence and the response of prevalence to

selection increase when prevalence goes down (Figure 3.2B, 3.3).
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Figure 3.3 Response to mass selection against an infectious disease; observed
response (small circles), mean breeding value for prevalence (Ap, solid blue line)
and mean breeding value for individual diseases status (Ay, dashed red line). For
two populations, one starting at a prevalence of 50%, and the other at 90%. With
genetic variation in susceptibility only, with var(Ajy (g,)) = var(4i (sus)) = 0.32,
and a selected proportion of 0.5. The common observed-scale heritability for
individual disease status in any generation can be read from Figure 3.2A, using
an x-axis value corresponding to the prevalence in that generation, and does not
exceed 0.022.

The large difference between the h? of individual disease status and the total
additive genetic variance in prevalence as a fraction of phenotypic variance (T?)
shown in Figure 3.2 indicates the presence of considerable indirect genetic effects
(IGE). The h? reflects the variance of only the direct genetic effect of individuals
on their own disease status. The T2 reflects the variance of the full effect, i.e., of
the sum of the effects on the disease status of the individual itself and on the
disease status of its herd mates. Diseases that rely on transmission generate
considerable IGE because an individual who does not become infected itself also
cannot infect other individuals (simply because it is not infected). Hence, the direct

effects for susceptibility and for duration of the infectious period are fully
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correlated to the corresponding indirect effects, resulting in positive feedback and
an increase in the total additive genetic variance. This positive feedback effect
increases strongly when prevalence decreases, which causes IGE to make up an
increasing proportion of the total effect, and explains the difference between h2
and T2 in Figure 3.2A vs B.

The results shown here apply to endemic microparasitic infections, and where the
pathogen relies on the host individual (i.e., the livestock) for its replication. Hence,
we assume absence of an external reservoir of pathogens, such as a second host
species (for example badgers in the case of bovine Tb). Note that temporary
survival of the pathogen in the environment does not violate this assumption. This
assumption implies that a reduction in, e.g., susceptibility translates fully into
reduced exposure in the local population (because of fewer infected individuals).
Example traits include mastitis, infectious claw disorders, respiratory infections in
young animals (young replacement stock, meat calves, fattening pigs), faecal-
oral transmitted infections causing gastro-intestinal diseases, and several

Z0oonosis.

In conclusion, our results show that the quantitative genetics of infectious
diseases is very different from the quantitative genetic theory for ordinary, non-
communicable, traits, and that prospects for genetic improvement are much
better than currently believed, as was also proposed by BisHOP AND STEAR (1997).
These findings, coupled with the high importance of infectious diseases for animal
health and welfare, and also for human health in the case of zoonoses, suggest
that breeders should become familiar with basic concepts in epidemiology, such
as Ro. Together with recent advances in sensor technology and AI, which will
enable us to collect large-scale high-quality data on individual disease status,

these findings facilitate artificial selection against infectious diseases.
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Summary

Vaccines against transmission of infections are usually evaluated for their direct
efficacy in reducing the risk of infection of those being vaccinated. (ORENSTEIN et
al. 1985; HALLORAN et al. 1991; WEINBERG AND SzILAGYI 2010). Although vaccines
can also have considerable effects on the risk that others in the population become
infected (DROLET et al. 2015; Hoes et al. 2021), these indirect effects are typically
difficult to quantify beforehand or require detailed modelling (e.g. HALLORAN et al.
1999; LONGINI AND HALLORAN 2005; KILLEEN et al. 2007; TsANG et al. 2019; SALo et
al. 2022). Here we show that the overall efficacy of vaccination against infection
is typically at least the inverse of the endemic prevalence of the infection times
the direct efficacy. Thus, for an infection that, for example, is present in one out
of four individuals on average, the overall efficacy is at least four times the direct
efficacy, and indirect effects contribute at least three-quarters of the total.
Similarly, in this example, vaccination of a single individual effectively protects a
total of four individuals with the direct efficacy of the vaccine. We illustrate this
finding with detailed individual-based simulations that accurately mimic the real-
life spread of SARS-COV2 in Bogota, Colombia. Our simple rule of thumb
demonstrates that indirect effects increase strongly at lower prevalence, often
contributing the majority of the total efficacy, and quantifies their minimum
magnitude. This informs both public health managers and the general public about

the benefits of vaccination against infections beyond the persons vaccinated.
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4.1 Main

Vaccines against transmission of infections decrease the infection risk in two
ways: (1) through protective effects on the vaccinated individual itself; the direct
efficacy, and (2) through reduced exposure of other individuals in the population,
as a result of the reduced number of infected individuals due to vaccination; the
indirect efficacy (e.g. HALLORAN et al. 1999). Together, these lead to a decreased

infection risk for all individuals in the population, the overall efficacy.

In vaccine studies, interest is typically in the direct efficacy of the vaccine,
measured as one minus the relative infection risk, or attack rate (AR), of
vaccinated over unvaccinated individuals, with assumed equal exposure in both
groups (GREENWOOD AND YULE 1915; ORENSTEIN et al. 1985; ORENSTEIN et al. 1988;
HALLORAN et al. 1992; CLEMENS et al. 1996; HALLORAN et al. 1999; WEINBERG AND
SziLagyi 2010),
. . ARy
Direct Ef ficacy = 1 -—— (4.1)
ARy
The attack rate is the proportion of the group that becomes infected over a certain
period of time (PORTA et al. 2014). The direct efficacy, therefore, measures the
relative reduction in infection risk of vaccinated compared to non-vaccinated
subjects under equal exposure. While the indirect efficacy is known to be relevant
for herd immunity (e.g. FINE 1993), it remains unknown from vaccine efficacy
studies.

Here, we use an epidemiological model with Susceptible, Infectious, Resistant,
and Susceptible compartments (SIRS) and two types of hosts, unvaccinated and
vaccinated, and obtain exact expressions for the direct and overall efficacy. SIRS
models represent a very broad class of models in infectious disease epidemiology,
as they encompass SIR, SIS and SI models and for our purpose even models
including latently infected individuals. The result shows that the overall efficacy of
vaccination is typically at least the inverse of the endemic prevalence before
vaccination (P,) times the direct efficacy, until the point where the infection is
eradicated (Figure 4.1A). Note that we use vaccination as example, while the
results apply to any intervention that protects individuals from becoming infected.

The overall efficacy incorporates both the direct effect on the vaccinated
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individual(s) and the indirect effect of reduced exposure in the entire population,
and equals one minus the ratio of the pre-vaccination attack rate and the attack
rate in the post-vaccination endemic equilibrium,

ARpost—vacc

Overall Efficacy =1 — (4.2)

ARpre—vacc
For example, the overall efficacy of vaccinating an entire population with a pre-
vaccination endemic prevalence of one in four, is at least four times the direct
efficacy of the vaccine. In other words, suppose a vaccination trial maintaining
equal exposure reduces the attack rate from 25% in unvaccinated individuals to
20% in vaccinated individuals, yielding a direct efficacy of 20%. Applying this
vaccine to an entire population with a pre-vaccination endemic prevalence of one
in four will reduce prevalence by at least four times the direct effect, from 25%
pre vaccination to no more than 5% post vaccination (25% minus 4 times 5%,

corresponding to an overall efficacy of 4 times 20% is 80%).

For population-wide vaccination, the factor 1/P, is a lower bound obtained for
vaccines of very small effect. For larger effects, the overall efficacy exceeds the
1/P, fold of the direct efficacy (Figure 4.1A). Population-wide vaccination with a
direct efficacy of 0.4 in a population with an endemic prevalence of a half, for
example, yields an overall efficacy of three times the direct efficacy; a value 50%
greater than the lower bound 1/P, of two (Figure 4.1A, DE = 0.4, P, = 0.5). Thus,
the factor 1/P, represents a lower bound for of the relative size of the overall

efficacy, and the actual overall efficacy can be larger.

Our result also applies to vaccination of single individuals. Then, vaccination of a
single individual in a large unvaccinated population protects 1/P, individuals in
total, each with an efficacy equal to the direct efficacy. With an endemic
prevalence of one in four, for example, this corresponds to four individuals; three
other unvaccinated individuals on top of the vaccinated one (Figure 4.1B). For this
case, the ratio of overall over direct efficacy perfectly matches the lower bound of

1/P, irrespective of the effect of the vaccine.

The lower bound holds irrespective of the proportion of the population that
receives the vaccine, of the proportion that had already been vaccinated
beforehand, and of whether the vaccine provides complete or incomplete
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protection (Figure 4.1A-C; Appendix 4.5.1). Moreover, the result applies to both
endemic and epidemic infections. For epidemic infections, the unobservable
endemic prevalence can be expressed in terms of an estimated value of the basic
reproduction number (R,), so that the lower bound becomes 1/P, = Ry/(Ry, — 1).
Thus, the product of the ordinary direct efficacy and the inverse of the endemic
prevalence before vaccination, or its epidemic equivalent in terms of R,, provides
a general lower bound for the overall efficacy of vaccines against infection

transmission.

In our derivations, we used homogeneous mixing of the population. To test the
generality of our findings, we did an extra analysis on an existing extensive
individual-based simulation of SARS-COV2 in 7.14 million people in Bogota,
Colombia, including detailed spatial-temporal variation in transmission (EsPANA et
al. 2022) (see Appendix 4.5.3 for details). Given the estimated R, of 2.85 before
vaccination, we predict a ratio of overall to direct efficacy of R,/(R,—1) = 1.54.
With a fraction vaccinated equal to 0.486, and an average direct efficacy of 0.502
for those vaccinated, and an outbreak size in the simulation of 0.296 without
vaccination, this corresponds to a predicted outbreak size of 0.185 with the
vaccination. Note that without the indirect effect of vaccination the predicted
outbreak size would have been 0.224. The observed outbreak size in the
simulation with vaccination exactly matched our prediction. Thus, our rule of
thumb gave an accurate prediction of the overall efficacy also for this

heterogeneous population.
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Figure 4.1 Ratio of overall to direct efficacy as a function of endemic prevalence
before vaccination (P,). Vaccination of the entire population (Panel A), of a single
individual (Panel B), and of 50% of the population (Panel C). A ratio of 1 indicates
equal direct and overall efficacy, a ratio of 2 indicates that the overall efficacy is
twice the direct efficacy, etc. The vaccine has a direct efficacy of 1% to 90%
(except for Panel A, where the maximum efficacy is 33%, because instant
eradication occurs otherwise). The solid black line shows 1/P,. In Panel B, all 4
lines lie on top of each other. In Panels A and C, the lines stop when eradication
is reached, as indicated by the asterisks. The green dashed lines in Panel A show
the example for a prevalence of one in four, mentioned in the text.

4.2 Discussion

We showed that the overall efficacy of vaccination against transmission of
infections is typically at least the inverse of the endemic prevalence times the
ordinary direct efficacy. Thus, reliable estimates for endemic prevalence or Ro are
sufficient to predict overall efficacy from direct efficacy. Estimation of direct
efficacy is well established (e.g. ORENSTEIN et al. 1985; HALLORAN et al. 1991;
WEINBERG AND SzILAGYI 2010), and an estimate for the endemic prevalence, or its
epidemic equivalent, follows readily from estimates for Ry, as P, = 1 — 1/R, (WEISS

AND DisHON 1971). If other interventions, such as detection and isolation, have
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already been implemented and have caused a decrease in Ry, then the R,-value
after the implementation of these interventions must be used to predict the overall
efficacy of additional vaccination. Thus, the overall efficacy of vaccination will be
relatively larger when vaccination is implemented after other interventions, which

are not lifted after vaccination, because of a greater value of 1/P,.

We offer a very simple rule of thumb for the relative magnitude of the overall
efficacy of vaccination. This primarily increases our understanding of the indirect
effect of vaccination, which until now has required us to resort to detailed
epidemiological models, though a model of influenza (EICHNER et al. 2017) and a
quantitative genetic model of the host population (BuMmA et al. 2022) already
hinted at our main finding. Moreover, our simple prediction of the overall effect is

of great value for communication about, and acceptance of, vaccination programs.

Nevertheless, it is important to be aware that our prediction represents a lower
bound for the overall efficacy of vaccination applied to randomly chosen
individuals, and more precise estimates might be desired in specific cases, for
instance for cost-effectiveness analyses of vaccines or when determining
minimum vaccination coverage needed for eradication. For example, if mainly
people with many contacts are vaccinated, then the indirect efficacy will be larger,

and our rule-of-thumb will be an underestimation.

We have considered vaccines that reduce the risk of infection in the vaccinated
individuals (direct effect). This direct effect creates an accompanying indirect
effect, because the reduction in the number of infected individuals in the
population translates directly into reduced exposure for other individuals
(vaccinated or not vaccinated). An exception are cases where there is
transmission of the pathogen within an external pathogen reservoir, such as a
secondary host species or a vector. Such cases are outside the scope of this work.
Moreover, an additional indirect effect may occur when a vaccine also reduces the
propensity of infected individuals to infect others, for example by reducing
pathogen shedding or the duration of the infectious period. Such effects will
increase the ratio of overall over direct efficacy above the factor 1/P,. The factor
1/P, presented here represents the overall efficacy directly attributable to the
direct efficacy of vaccination, which can thus be predicted from vaccination trials

and an estimate of Ro.
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4.3 Methods

This section starts with a description of the epidemiological model (SIRS) that was
used as the foundation for the derivations in this paper, then we introduce
vaccination into the model and obtain exact expressions of the attack rates for
unvaccinated and vaccinated individuals and of the overall attack rate. Finally, we
use these attack rates to derive expressions for the direct and overall efficacy of
a vaccine, for any fraction of the population vaccinated and any degree of
protection.

4.3.1 General SIRS-model without vaccination

Our calculations of the direct, overall, and indirect efficacy of interventions are
based on a Susceptible-Infectious-Recovered-Susceptible (SIRS) model. In the
SIRS-model, individuals can be in three states: susceptible to the infection,
infectious, and recovered (which implies in the model fully immune). Recovered
individuals might lose their immunity and thereby become susceptible again. In
principle, this loss of immunity can also correspond to the death of the individual
and the birth of a new susceptible. Furthermore, the SIRS-model covers both SIS
(if loss of immunity occurs immediately after recovery) and SIR-models (if
immunity lasts forever), and thereby most of the elementary, well-established,
epidemiological models (e.g. HETHCOTE 1989). With this flexibility, the SIRS-model
fits our purpose of finding a general, but well-founded quantification for the overall
efficacy of interventions. It can be adapted to many endemic and epidemic human

and livestock infectious diseases.

In the SIRS-model, the rate at which susceptible individuals become infected per
unit of time is equal to B I/N (Equation 4.3a and 4.3b), where g is the transmission
rate parameter, and S, I, and N are the numbers of susceptible individuals,
infected individuals and the total number of individuals respectively. The rate at
which infectious individuals per unit of time recover is equal to al (Equation 4.3b
and 4.3c), where « is the recovery rate parameter. The rate at which immune
individuals lose their immunity per unit of time and thereby become susceptible
again is equal to yR (Equations 4.3a and 4.3c), where y is the rate parameter that
determines the rate at which immunity is lost. Thus, the deterministic version of

the SIRS model can be described by three differential equations:
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a5 _ R SI (4.3a)
a7 B N >
dl— SI 1 (4.3b)
dt_ﬁ N« '
dR

Ezal—yR (4.3¢)

The rate parameters (B,a,y) determine the transmission characteristics of the
infection. The basic reproduction ratio R,, the number of secondary infections
caused by a single infected individual in a further fully susceptible population is
equal to g/a (DIEKMANN et al. 1990). R, is linked to a threshold phenomenon, if R,
is above one an infection can spread, if R, is below one an infection will, with
certainty, die out. When R, is above 1, the SIRS-model tends to a dynamic
equilibrium, in which the average proportion of individuals in each state does not
change. The proportion of individuals in each state in the equilibrium is determined
by the rate parameters and can be found by solving the differential equations for

0. The proportion susceptible individuals is %(= 1/R,), the proportion infected

individuals is (1—%)*#, and the proportion recovered individuals is (1—Ri)*
0

0

}%. Thus, the total fraction of individuals affected by the infection (I+R) is equal

to1 —Ri, which represents the endemic prevalence before vaccination (7).
0

4.3.2 SIRS-model with vaccination

The application of a vaccine that reduces the chance of an individual to become
infected will decrease the value of g for the vaccinated individuals, and thereby
the value of the reproduction ratio, reflecting that individuals that received the
vaccine are less likely to become infected than unvaccinated individuals. Then,

the description of the model becomes:

as I
_dtU =YRy — ﬁusuﬁ (4.4a)
as 1
d_i,z/ = YRy — BySy N (4.4b)
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dly I

FT BuSy N aly (4.4¢)
% = B,Sy % —aly, (4.4d)
% =aly; —yRy (4.4¢)
% =al, —yRy (4.41)

Where the subscripts U and V, denote unvaccinated and vaccinated individuals.
Note that the only parameter affected by vaccination is the transmission rate
parameter, and that its value only depends on the type of the susceptible
individual (U or V) in an infectious contact, not on the type of the infectious
individual. Thus, here we assume that vaccination only affects the probability of
individuals to become infected (=susceptibility), not their propensity to infect
others once infected (=infectivity). Since the main aim of vaccination is to reduce
the number of individuals that get infected at some point in time, we will sum the
compartments I and R for each type in the following and refer to the equilibrium

Iy+Ry

. Iy +R:
fractions 2= and LALUA

- as type-specific (unvaccinated resp. vaccinated) attack

rates and to the fraction % as overall attack rate.

Similarly as for the model without vaccination, we can find the equilibrium
fractions in each compartment by solving the differential equations for 0, but the
resulting equations are way more complex and less informative than for the model
without vaccination. The equations for the overall and type-specific attack rates
are given in Appendix 4.5.2. Note that the overall attack rate post vaccination
depends on the type-specific attack rates (AR, and AR,) and the vaccinated

fraction f:

ARpost—vacc = fvARy + 1- fV)ARU (4.5)
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Figure 4.2 Type specific attack rate for unvaccinated (AR;) and vaccinated (ARy)
individuals, and mean attack rate post- and pre vaccination, as a function of the
fraction of the population that received the vaccine (f,). Overall, direct, and
indirect efficacy are indicated in the figure. R, is 2, Ryscc = 1.3, such that the direct

efficacy of the vaccine is 0.2 (1 — %). The overall efficacy when the full population

is vaccinated is 1 —% = 0.54. The predicted ratio overall vs. direct efficacy is 2 in

this example, because endemic prevalence is 0.5. The actual ratio overall/direct
is larger, 2.7.

4.3.3 Direct and overall efficacy

Now we found exact equations for the attack rates, we can use these to calculate
the direct and overall efficacy of vaccination. Consistent with HALLORAN et al.
(1999), we define the overall efficacy as the total relative reduction in infection
risk post vaccination, and the direct efficacy as the relative reduction in infection
risk of vaccinated to unvaccinated subjects under equal exposure (Figure 4.2 and
Equations 4.1 and 4.2 in the main text). Note that for correct comparison of direct
and overall efficacy, the direct efficacy should be multiplied with the fraction of

the population that received the vaccine (as is visible in Figure 4.2).
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4.5 Appendix
4.5.1 Ratio overall to direct efficacy in different situations

The figures in this section illustrate the ratio overall to direct efficacy for a variety
of situations.

Relative overall efficacy
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Figure 4.3 Vaccination of different fractions in an unvaccinated population. Direct
efficacy of 0.01 (Upper panel) and 0.5 (lower panel). The different lines
correspond to different vaccinated fractions (0.1, 0.5, 0.8). The solid black line
shows 1/P,. Eradication of infection is indicated by asterisks.
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Figure 4.4 Vaccination of a single individual in a population of which different
fractions are already vaccinated. Direct efficacy of 0.01 (Upper panel) and 0.5
(lower panel). The different lines correspond to different vaccinated start fractions
(0.1, 0.5, 0.8). The solid black line shows 1/P,.
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Figure 4.5 Vaccination of different fractions in a population of which 30% is
already vaccinated. Direct efficacy of 0.01 (Upper panel) and 0.5 (lower panel).
The different lines correspond to different vaccinated fractions (0.1, 0.5, 0.8).
The solid black line shows 1/P,. Eradication of infection is indicated by asterisks.
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4.5.2 Equilibrium equations for overall and type-specific attack rates

f» denotes the fraction of the population that received the vaccine, AR the overall

IU+RU+IV+RV)
’

attack rate ( ARy the attack rate in vaccinated individuals (%), and

AR, the attack rate in unvaccinated individuals (%). R, denotes the basic
reproduction ratio in vaccinated individuals and is equal to %, Ry the basic

reproduction ratio in unvaccinated individuals and is equal to %.

2
244y — R, 1-2R, —4f,R, +R?
R + 2
U Ry

-1+ Ry +Ry R_l21+

AR=21"ry 46
2 RU+ Ry (4-6a)
( 24 4fy — 2 2\‘
_ VTR, 1-—2R,—4f,R,+R
(1_fV) —Ry +Ry(—=1+ Ry + Ry —+ I v 4 %4 ZfV %4 V)
RU u RV /
ARy = (4.6b)
2
-2+ 4f, — = )
1 VTR, 1-2R,—4f/R,+R
Ry +Ry(—=1+ Ry + Ry R_121+ Ry V4 4 RIZ/V v V)
24 4f, — 2 ,
1., V™ R, , 1—2R, —4f/R, +R
fv| —Ry + Ry(=1+ Ry + Ry R—lzj+ Ry V4 v R‘%V v V)
ARy = (4.6¢)

2
—2+4v R 1-2R, — 4f,R, + R}
R + p
U RV

~Ry+Ry| 1+ Ry +Ry |5+
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4.5.3 Simulation model of SARS-COV2 in Bogota

The goal of this validation is to check if the rule of thumb (Pi / % is lower bound

for the ratio overall to direct efficacy) also holds in a complex model with

numerous parameters, and spatial and age-dependent transmission.

Two scenarios were simulated in the model of COVID19 in Bogota by EspaNA et al.
(2022). One follows the actual vaccination strategy, the other one assumes no
vaccination at all. There is a clear difference in number of cases between the two
scenarios in the period between day 625 and day 725 (Fig S3.1), therefore we
choose this period for our analysis. Furthermore, the steep increase in number of
cases indicates that something changed in transmissibility of the virus, i.e.,
loosening of control measures or introduction of a new variant of the virus, which
makes it possible to get a reliable estimate of R,. Our approach is to estimate R,
from the curve without vaccination (red curve) and use our rule of thumb with
this estimate of R, to predict the effect of vaccination on the proportion of cases,
given vaccine efficacy and proportion vaccinated at the start of the epidemic
growth, which were known. We validate the calculated proportion of cases to the

curve with vaccination from the simulations (blue curve).

In the default scenario (no vaccination), a fraction 0.296 of the 7.14 million
simulated people gets infected (4R,,,), in the vaccination scenario, a fraction
0.185 gets infected (AR, qcc)-

To check if the theory holds, we need an estimate of Ro for the period at the start
of the curve. Complicating factor is that we do not know the fraction susceptible
at the start of the new peak (s,), which is most likely smaller than 1, because part

of the population might still have immunity from previous infection.

Therefore, we jointly estimate s, and R, using a grid search with a GLM. The GLM

is fitted as,

C 1 l 1
s~ og (B) +log (ﬁ)

Where S, is the number of susceptibles at timepoint t, and is calculated as S, —

Yt ¢, the number of susceptibles at t=0 (S,, which is s,N) minus the total number
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of cases until t, as counted from the data. Log(é) is an offset and represents the

exposure to infectious individuals at each timepoint. Note that t=0 here
corresponds to day 625 in Figure 4.6, which is the starting point of the increase
in cases. A range of starting values for s, between 0.297 (note that s, cannot be
smaller than the size of the outbreak) and 1, in steps of 10>, was tested to
determine the optimal fit for the GLM (lowest AIC) for estimation of B. To
determine R,, the estimated value for g from the GLMM with optimal fit is
multiplied by the mean duration of the infectious period, 7.35, which was retrieved

from the input of the simulations.

The optimal AIC value corresponds to an s, of 0.52 and a value for beta of 0.388,
which leads to an estimate for RO of 2.85 (Figure 4.7).

80000 -

60000 -

Mo Vaccination

Cases

40000 -
Vaccination

20000 -
0 200 400 600
Day

Figure 4.6 Number of cases over time for the COVID19 simulation in Bogota, for
the actual scenario with vaccination and an imaginary scenario without
vaccination.
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Figure 4.7 AIC plots for s, and R, from the GLMM optimisation.

Given our theory, an R, of 2.85 corresponds to a ratio overall/direct of:

Overall R,
Direct Ry—1

Overall
— =1.54
Direct

Now we need an estimate of the direct efficacy to predict the overall effect of

vaccination, and thus the total number of cases when vaccination is applied.

The direct efficacy depends on the efficacy of vaccination. In the simulation model,
corresponding to reality, 5 different vaccines are used, each with different efficacy.
The applied quantity of each vaccine depends on vaccine deliveries, vaccination
capacity, and whether or not (and how many) people get a second dose of the
vaccine, which are all known from the simulations. Thus, we calculate the mean
direct efficacy of vaccination as a weighed sum of individual vaccine efficacies
(note: efficacy against infection), accounting for the fraction singly and doubly
vaccinated with a vaccine, since efficacy is different for doubly vaccinated. This
yields a mean direct efficacy of 0.502, with corresponding fraction vaccinated
foace = 0.486
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The direct efficacy can now be calculated as:
Direct Ef ficacy = ef f * ARy ny * frace = 0.072

Which can be interpreted as if vaccination would have no indirect effects, the

outbreak size would be reduced by 7.2%.

Overall

Given the ratio of 1.54, the overall efficacy will be 0.072 * 1.54 = 0.111, which

Direct

means that, based on our rule of thumb, the expected outbreak size with
vaccination will be 0.296 — 0.111 = 0.185. Which exactly corresponds to the fraction

that got infected in the vaccination scenario (AR,q..; See above).
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Abstract

Recent research shows that genetic selection has high potential to reduce the
prevalence of infectious diseases in livestock. However, like all interventions that
target infectious diseases, genetic selection of livestock can exert selection
pressure on pathogen populations. Such selection on the pathogen may lead to
escape strategies and reduce the effect of selection of livestock for disease
resistance. Thus, to successfully breed livestock for lower disease prevalence, it
is essential to develop strategies that prevent the invasion of pathogen mutants
that escape host resistance. Here we investigate the conditions under which such
“escape mutants” can replace wild-type pathogens in a closed livestock population

using a mathematical model of disease transmission.

Assuming a single gene that confers sufficient resistance, results show that
genetic selection for resistance in livestock typically leads to an “invasion window”
within which an escape mutant of the pathogen can invade. The bounds of the
invasion window are determined by the frequency of resistant hosts in the
population. The lower bound occurs when the escape mutant has an advantage
over the wild-type pathogen in the population. The upper bound occurs when local
eradication of the pathogen is expected. The invasion window is smallest when
host resistance is strong and when infection with the wild-type pathogen provides

cross immunity to infection with the escape mutant.

To minimise opportunities for pathogens to adapt, under the assumptions of our
model, the aim of disease control through genetic selection should be to achieve
herd-level eradication of the infection faster than the rate of emergence of escape
mutants of the pathogen. Especially for microparasitic infections, this could be
achieved by placing animals into herds according to their genetic resistance, such
that these herds stay completely out of the invasion window. In contrast to
classical breeding theory, our model suggests that multi-trait selection with
gradual improvement of each trait of the breeding goal might not be the best
strategy when resistance to infectious disease is part of the breeding goal.
Temporally, combining genetic selection with other interventions helps to make
the invasion window smaller, and thereby reduces the risk of invasion of escape

mutants.
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5.1 Background

The possibility to use genetic selection as a strategy to combat infectious diseases
in livestock has been recognized by animal breeders for a long time (BISHOP AND
WooLLiams 2010; BisHop AND WoOLLIAMS 2014). In 1997, BISHOP AND STEAR (1997)
showed that the potential to breed against nematode infections is greater than
predicted by common quantitative genetic models. Recent theoretical work
confirms the high potential of genetic selection to reduce infectious disease
prevalence, that benefits from considerable indirect genetic effects in the
transmission of infectious diseases (ANCHE et al. 2014; HuLsT et al. 2021; BIIMA et
al. 2022). An indirect genetic effect (IGE) is an effect of the genes of an individual
on the phenotypes of other individuals (GRIFFING 1967; MOORE et al. 1997; MuIrR
2005). For infectious diseases, these IGE arise because animals that are less likely
to get infected are also less likely to infect other animals, simply because they are
less often infected themselves. For this reason, genetic selection against infectious
disease not only alters prevalence through the effect on an animal itself, but also

through reduced exposure of its herd mates.

Apart from genetic selection, a great variety of strategies is and has been used in
infectious disease control. Examples of such strategies are vaccination and
treatment with antibiotic or antiviral drugs, but also hygienic and biosecurity
measures, such as the separation of non-infected populations from infected ones
using certification. These strategies have been used to successfully eradicate
infections from populations; well-known examples are the eradication of
Aujeszky’s disease (STEGEMAN et al. 1997; ELBers et al. 2000) and bovine
tuberculosis (e.g. More et al. 2015) from many countries, and the global

eradication of rinderpest (MARINER et al. 2012; EUROPEAN COMMISSION 2020).

However, pathogens are not static, and any intervention strategy may exert
selection pressure on the pathogen population. As long as an infection is not
eradicated, this leads the pathogens to ‘adapt’ themselves to the intervention and,
eventually, to evolve strategies to escape from it. The widespread antibiotic
resistance is probably the most prominent example of this phenomenon, but
escape from other interventions also occurs (DAVIES AND DAvVIES 2010; READ et al.
2015; KeNNEDY AND READ 2017). To prevent confusion between resistance of

animals to an infection and resistance of pathogens to an intervention, we will
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refer to the latter as ‘escape’. So, pathogens may escape from the resistance of
livestock to disease. When breeding livestock for lower infectious disease
prevalence, it seems certainly possible that a pathogen will adapt itself to these
selected animals and evolves escape from the genetic resistance of the animals.
The recent identification of a new variant of infectious pancreatic necrosis (IPN)
virus that causes relatively high mortality in genetically IPN-resistant Atlantic
salmon illustrates this expectation (HILLESTAD et al. 2021). In plant breeding, such

examples of pathogen escape are widespread (e.g. MCDONALD AND LINDE 2002).

Escape of pathogens is a particular concern since genetic change in (micro-
)pathogens is usually much faster than the genetic change that artificial selection
can create in animals, because of high mutation rates, shorter generation times,
and much larger population sizes (e.g. PRICE 1980). As noted by BiSHOP AND STEAR
(2003), the effects of selection for lower infectious disease prevalence might be
diminished when pathogens get the chance to adapt themselves to the selected
animals. Thus, to sustainably breed livestock for lower disease prevalence, it is
essential to take the evolution of the pathogen into account and to try to prevent

pathogen escape from occurring.

For some other interventions, strategies exist to prevent pathogens from
developing escape. Therapies for Human Immunodeficiency Virus (HIV) that use
a combination of several antiviral medicines at the same time is one example of
such a strategy. An individual, mutated, pathogen strain might be able to escape
from one or two of the used antivirals, but it is unlikely that it can escape from
all, such that the combination of drugs Kills all strains of the pathogen that are
present in the host (KENNEDY AND READ 2017). Another example is the restricted
use of antibiotics. With this strategy, new antibiotics are used as little as possible
and, when they are applied, a sufficiently high dose is used, such that all bacteria
that are present in the host are killed. In this way the development of bacterial
escape is prevented or at least largely delayed (WaLsH 2003). These examples
illustrate that, to prevent pathogen escape, either no selection pressure should be
applied or the selection pressure should be strong enough to fully kill the pathogen

population in an individual or a group of individuals.

To our knowledge, strategies to prevent pathogen escape have not been

investigated for artificial genetic selection of livestock populations against
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infectious diseases. Here, we investigate under which conditions escape mutants
of a (micro-)pathogen can develop and spread through a closed livestock
population. Specifically, we investigate how invasion of an escape mutant is
influenced by the frequency and strength of the resistance of the host and the
degree of escape of the pathogen. We develop a mathematical model of infection
transmission that accounts for artificial genetic selection on a single resistance
gene in the host population and for invasion of escape mutants from the pathogen
population. We assume that the resistance gene only affects the propensity of an
individual to become infected. Furthermore, for generality, we assume that, at
any moment in time, a wide range of pathogen mutants can emerge. Hence, our
focus is on the invasion risk of a new mutant that may emerge, rather than on
evolutionary change in pathogen virulence, which has been investigated
extensively elsewhere (see Discussion). Finally, we aim to identify strategies for
genetic selection of livestock for lower infectious disease prevalence that limit or

prevent the risk of pathogen escape.

5.2 Methods and results
5.2.1 Outline

In this section, we develop and analyse a mathematical model of infectious disease
transmission that allows to investigate the conditions under which escape mutants
of a pathogen can invade a host population that is under genetic selection for
resistance to infection. The starting point of our analysis is a local, closed, host
population (e.g., a herd of cattle without import of animals) that is endemically
infected with a pathogen (the ‘wild-type’ pathogen). Hosts are then genetically
selected for a single locus that confers some level of resistance to infection. Here,
resistance merely implies that hosts are less likely to get infected with the wild-
type pathogen, not necessarily that they cannot get infected at all. The aim of the
selection is to reduce the prevalence of the infectious disease and, ultimately, to
eradicate it from the local population.

Next, we assume that mutants of the pathogen that can to some degree escape
host resistance can arise continuously as long as the wild-type pathogen is present

in the host population. In other words, we assume that the escape pathogen is a
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mutant of the wild-type strain, so that it can arise only when the wild-type
pathogen is (still) present. Our main interest is then to determine whether these
escape mutants can invade the endemically infected host population and how the
possibility to invade depends on characteristics of the host and of the pathogen,
and on the degree of resistance against escape mutants provided by infection with

the wild-type pathogen (cross resistance).

We start this section by describing the general epidemiological model that we use
as the basis for our study. Next, we introduce genetic variation in the host
population to allow for genetic selection for resistance in the host population.
Here, we assume that host resistance is determined by a single bi-allelic locus,
where resistance is either fully dominant or fully recessive. This model results in
two host types: resistant hosts (R) and non-resistant hosts (N). Then we derive
expressions for the prevalence of the pathogen in resistant and non-resistant
hosts, and for the frequency of resistant hosts needed to eradicate the wild-type
pathogen. Next, we further expand the model by allowing pathogen mutants to
escape host resistance. Using this model, we assess how the possibility of the
mutant to invade the host population depends on the frequency of resistant hosts,
the level of resistance provided by the resistance gene, the fitness benefit of the
escape mutant in resistant hosts, and the costs of the escape mutation for
infection of non-resistant hosts. Finally, we incorporate infection of hosts with both
types of pathogen at the same time into the model, to assess the effect of the
degree of cross resistance on the possibility of the mutant to invade. To enhance
comprehensibility of our complex model, we combined the methods and results
sections in a fairly unusual way. The description of each step in the model, as
outlined above, is followed by a short section with the results relevant to that

step. Table 5.1 shows a notation key.

96



Table 5.1 Notation key

Symbol Definition
N Population size
Sy Number of non-resistant hosts in the susceptible state
Sk Number of resistant hosts in the susceptible state
Inw Number of non-resistant hosts infected with the wild-type pathogen
Tew Number of resistant hosts infected with the wild-type pathogen
Ing Number of non-resistant hosts infected with the escape mutant pathogen
Irg Number of resistant hosts infected with the escape mutant pathogen
Inwe Number of non-resistant hosts infected with both pathogen types
IrwE Number of resistant hosts infected with both pathogen types
Iy Total number of hosts infected with the wild-type pathogen (Iyy + Iz +
Iywe + lrwg)
Ig Total number of hosts infected with the escape mutant pathogen (Iyz +
IRE + INWE + IRWE)
fr Frequency of resistant hosts
B Transmission rate parameter
a Recovery rate parameter (a = 1 is assumed throughout)
T Cross resistance parameter (r = 1for full cross resistance, r =0 for no
cross resistance)
Py Equilibrium prevalence of wild-type pathogen ((Iyy + Izw)/N)
Py Equilibrium prevalence of wild-type pathogen in non-resistant hosts
(Inw/N)
Pry Equilibrium prevalence of wild-type pathogen in resistant hosts (Ij,,/N)
Ryw Basic reproduction ratio for wild-type pathogen in non-resistant hosts
Rpw Basic reproduction ratio for wild-type pathogen in resistant hosts
Ryg Basic reproduction ratio for escape mutant pathogen in non-resistant
hosts
Rgpg Basic reproduction ratio for escape mutant pathogen in resistant hosts
Rinv Reproduction ratio of invasion of escape mutant in population endemically

infected with wild-type pathogen
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5.2.2 SIS-model

Because the purpose of this study was to investigate the basic conditions under
which pathogens can escape genetic resistance of hosts, without getting lost in
mathematical details of specific cases, we decided to use the relatively simple, but
very well-established Susceptible-Infectious-Susceptible (SIS) epidemiological
model. This model provides a realistic representation of the transmission of

several endemic infectious diseases (HETHCOTE 1989), also in livestock populations.

Figure 5.1 Susceptible-Infectious-Susceptible-Model.

In the SIS-model, host individuals can be in the susceptible (S) or the infected (1)
state (Figure 5.1). Infected individuals are also infectious, meaning that they can
infect susceptible individuals. In the context of the SIS-model, the term
“susceptible” merely means that the individual is not infected, so that it can
become infected. It does not indicate any degree of susceptibility or resistance of
the individual. Individuals ‘move’ between the two states: susceptible individuals
can get infected following contact with an infected individual, while infected
individuals can recover from infection and become susceptible again. The
transition of individuals between these two states occurs at certain rates. The
number of individuals that get infected per unit of time, and thus change from S
to I, is known as the transmission rate. The number of individuals per unit of time

that recover from infection, and thus change from I to S, is the recovery rate.

The transmission rate depends on the transmission rate parameter (8), on the
number of susceptible individuals (S; we will use italics (§ and I) to indicate the
number of individuals in the corresponding state, and regular font (S and 1) to

indicate the state of an individual), and on the fraction of the contact individuals
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that are infected (é, with N representing the total size of the local population)

(D1EkMANN et al. 2012). Thus,
1
Rate[S - 1] = BSN (5.1)

The transmission rate parameter B is the average number of susceptible
individuals that become infected per unit of time by one infected individual in an
otherwise fully susceptible population (i.e., S = N), and reflects the transmissibility
of the infection.

The recovery rate depends on the recovery rate parameter («) and on the number

of infected individuals (1), i.e.:
Rate[l - S] = al (5.2)

The recovery rate parameter also determines the average duration of the

infectious period, which is equal to i

A key parameter in epidemiology is the basic reproduction ratio (R,), which is
defined as the average number of secondary infections caused by a single typical
infected individual in an otherwise fully susceptible population (DiEkMANN et al.
1990). R, has a threshold function, i.e., when it is greater than 1, an infection
may persist in the population, and a considerable fraction of individuals may
become infected. When R, is less than 1, an infection is guaranteed to die out.
Thus, to eradicate an infectious disease, it is essential that interventions reduce

R, to less than 1.

For the SIS-model, a simple expression for R, can be derived using the
expressions for the transmission and recovery rate (e.g. HeETHCOTE 1989). Given
that B represents the transmission rate for one infected individual in a fully
susceptible population, and that the single infected individual has an average
infectious period of %, the number of secondary infections caused by this individual
is equal to B/a. Thus, R, is equal to the product of the transmission rate parameter

and the duration of the infectious period, i.e.:

Ry = — (5.3)



To simplify the mathematics, we assume a constant value of a = 1, such that R, =
B. Note that we can use a =1 without loss of generality because one can always
choose a time unit such that « is equal to 1 and, therefore, g equals R,. If R, is
higher than 1, the SIS-model tends to a situation in which the number of newly
infected individuals is equal to the number of recovering individuals, the so-called
endemic equilibrium. In that situation, the average numbers of infected and
susceptible individuals are stable. The fraction of infected individuals at this

equilibrium, i.e., I"/N, is the endemic prevalence of the infectious disease.

At equilibrium, the transmission rate is equal to the recovery rate:

I* I
ﬁS N—al ﬁ ROS N_I (54)
==
a

Solving for I*/N, using S* = N — I* shows that the endemic prevalence (P* =I*/N)
is determined by Ry:
1
Pr=1—— 5.5
= (55)
Having defined the fundamental epidemiological model and obtained expressions
for R, and the endemic prevalence, we will expand the model in the next section

by including genetic differences in host resistance.

5.2.3 Heterogeneous SIS-model with host resistance to wild-type
infection

In this section, we present a model for genetic variation in host resistance for a
population that is exposed to the wild-type pathogen and present the results of
this model. While the term “resistance” might suggest that resistant individuals
cannot get infected at all, in practice resistance is rarely all-or-none. Hence, in the

following, resistant merely means being less likely to get infected.
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Figure 5.2 SIS-model with resistant and non-resistant hosts and wild-
type and escape-type pathogens. SIS-model with resistant and non-resistant
hosts (Blue subsystem), pathogens either of the wild type (subscript W) or that
can escape host resistance (subscript E; Orange subsystem), and infection of
hosts with both types of pathogen (Green subsystem). For explanation of symbols,
see Table 5.1. I, and Iy denote the total number of individuals infected with a
wild-type and escape pathogen, respectively, and are the sum taken over both
host types, where I, = Iyy + Iz and Iy = Iy + Izg respectively.

When properties of an individual or a pathogen affect the transmission of an
infectious disease, they essentially alter the values of the underlying parameters,
i.e., p and/or a, and thus R,, since these parameters fully encompass the
characteristics of the infection in the SIS-model (for examples, see also [26-28]).
To include an effect of host resistance on transmission, we decrease R, by
decreasing g (note that it does not matter for the results whether a decrease in
R, originates from a reduction in B or an increase in a; see Discussion).
Furthermore, we assume that, once infected, both non-resistant and resistant
hosts are equally likely to infect susceptible individuals. This means that there is
no difference in the “infectivity per unit of time” between resistant and non-

resistant hosts.

Now that we have defined how host resistance acts on transmission of the
infection, the next step is to define the genetic model for host resistance. Given

that derivations for transmission models with many levels of host resistance
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rapidly become very complex, we will use one of the simplest genetic models for
diploid individuals. We assume that resistance is defined by a single locus, which
is either fully dominant or fully recessive, such that the host population consists
of two types: resistant (with frequency fz) and non-resistant (1 — fz). Thus, in this
model, we have two types of hosts, resistant (R) and non-resistant (N), and one
type of pathogen, the wild-type pathogen (W). Using this genetic model, we can
set up a SIS-model with two types of hosts, resistant hosts (subscript R) and non-
resistant hosts (subscript N; this is the blue subsystem in Figure 5.2 and the full
model equations are in Appendix 5.6.1). The number of susceptible hosts of each
type in the local population are denoted by S; and Sy. Analogously, the number of
hosts of each type that are infected with the wild-type pathogen (subscript W) are

denoted by Iy, and Iy .

Transmission involves a pair of individuals: an infected donor individual, and a
susceptible recipient individual. Here, we assume that the pair-wise transmission
rate parameter depends on the resistance genotype of the recipient but not on
the genotype of the donor. This is equivalent to the absence of genetic variation
in infectivity. Since we use a =1, the transmission rate parameters are directly
equal to the basic reproduction ratios (Equation 5.3). In a contact between an
infected and a susceptible (i.e., non-infected) host, these basic reproduction ratios
(Ryw and Rgy,) are defined for the recipient individual, because we model variation
in resistance. The subscript (N or R) thus reflects the genotype of the susceptible

host (W refers to the wild-type pathogen).

Just like the homogeneous SIS-model, the heterogeneous SIS-model also tends
to an equilibrium. However, because of the difference in resistance between
individuals, the endemic prevalence in this equilibrium is no longer equal to
Equation 5.5 because non-resistant individuals are more likely to become infected
than resistant individuals. Consequently, at equilibrium, the susceptible
individuals are predominantly of the resistant type, which are less likely to become
infected. As a result, the overall endemic prevalence at equilibrium is a bit lower
than in the model without heterogeneity (DiekMANN AND HEESTERBEEK 2000;
SPRINGBETT et al. 2003) and is equal to:

vy + I3
Pﬁ/zw (5.6)
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and is reached when both host types have reached their equilibrium (BuMA et al.
2022), i.e.:

* Iy * * Iy *
RNWSNWW = Iyw and RgwSg WW = Irw (5.7)

Solving Equations 5.6 and 5.7 using Sy = (1 — fzp)N — I}y, and S; = fzN — I}, results
in equilibrium solutions for the endemic prevalence in both host types and for the
overall endemic prevalence in the population. The resulting equations are complex
and are given in Appendix 5.6.2, together with detailed derivations (Equations
5.12 to 5.18). We will use figures to illustrate the results.

5.2.4 Results for the heterogeneous SIS-model with host resistance to

wild-type infection

We consider the situation where the wild-type pathogen is endemic in a non-
resistant host population, while the infection is absent in a population where all
individuals have the resistant genotype due to herd immunity (R, < 1). This
represents the most beneficial situation for genetic selection for host resistance,
because it will lead to eradication of the infection (in this section, escape mutants
are ignored). This situation corresponds to Ry, > 1, so that R, > 1 when fz =0, i.e.
the infection is endemic in a non-resistant host population, and Ry, < 1, so that
Ry <1 when f; =1, i.e. the infection is absent in a resistant host population. Note
that Rz < 1 results in the infection to be absent because of herd immunity, but
this does not imply that resistant individuals cannot get infected at all (see also
results below). We will also show a situation where Ry, > 1, to illustrate what will

happen when the resistance is not sufficient to fully eradicate the infection.

In a population with both resistant and non-resistant individuals, the prevalence
and whether the infection is present or not, depend on the frequency of resistant
hosts (fz). Figure 5.3 shows the endemic prevalence of the infection (P},) in a
population that consists of a mix of resistant and non-resistant hosts, as a function
of fz, and for three values of the basic reproduction ratio for resistant hosts (Rzy ).
The basic reproduction ratio for non-resistant hosts (Ry, ) was set to 1.5. Figure
5.3 clearly shows that the overall prevalence decreases with increasing frequency

of resistant hosts, at a rate that depends on the value of Ry, i.e., prevalence
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decreases faster when Ry, is lower. At a low frequency of resistant hosts, virtually
all infected hosts are from the non-resistant type (P, ; dashed line in Figure 5.3),
which makes sense given the low frequency of resistant hosts and their lower
susceptibility. Note that prevalence is expressed relative to the total population
size and not to the number of individuals of a given type, i.e., as I3, /N rather
than I}, /(fgN). At a higher frequency of resistant hosts (e.g., fz = 0.25), a larger
fraction of the infections occurs in resistant hosts (P, ; dashed-dotted line in
Figure 5.3). This happens even when the reproduction ratio of resistant hosts is
lower than 1, because the overall R, is higher thanl, leading to maintenance of
the infection in the population. For Rg, of 0.1 and 0.8, the overall prevalence
decreases to 0 at a certain f;. This is the frequency of resistant hosts above which
the infection is expected to die out, because the greater resistance of the
population reduces the overall reproduction ratio of the infection to less than 1
(herd immunity). For Ry, of 1.1, this point does not exist, because the basic
reproduction ratio in a fully resistant population is still above the threshold of 1,

implying that the infection will persist in the population.

For Ry < 1, the fz at which the infection dies out can be found by realising that
the overall R, should be higher than 1 for the infection to persist in the population.
For our model, the overall basic reproduction ratio is the average of the type-
specific reproduction ratios, weighed by the frequencies of both types (DuSHOFF

AND LEVIN 1995), i.e.:
Ry = (1 — fr)Ryw + frRrw (5.8)

Solving R, =1 for f; results in the upper limit of f;, below which the infectious
disease can persist in the population, i.e.:

R -1
NW (5.9)

f max =
K Ryw — Rew

Using the values for Ry, and Rgy from Figure 5.3, we find solutions for fz  of
0.5/1.4 = 0.36 for Rgy, = 0.1 and 0.5/0.7 = 0.71 for Ry, = 0.8. These results represent
the minimum frequency of hosts with the resistant genotype in a population that

is required to eradicate an infection, which is relevant for selection.
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Figure 5.3 Prevalence of the infection with the wild-type pathogen.
Equilibrium prevalence of the infection with the wild-type pathogen (P, = W), as

a function of the frequency of resistant hosts f; for three different values of Rrw»
Ryw = 1.5, such that the endemic prevalence of the wild type in a fully non-
resistant population is 0.33 (Equation 5.5). For Ry, = 0.8, the fractions of infected

. I 3 I
resistant (P, = %) and non-resistant (Py,, = %) hosts are also shown.

In a closed population, fz . also sets an upper bound to the invasion possibility
of escape mutants, because the infection with the wild-type pathogen dies out
when fi > fp . When the wild-type infection has died out, mutants cannot
develop anymore in a closed local population, simply because there are no wild-
type pathogens to mutate from. The next section provides further details on the

important role of fz .= when the model is expanded by allowing for the

development of pathogen mutants that can escape host resistance.
5.2,.5 Heterogeneous SIS-model with introduction of an escape mutant

When we want to include pathogen mutants that can escape host resistance into
our model, where resistance is not absolute, pathogen escape entails that the

mutant pathogen is better able to infect resistant hosts than the wild-type
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pathogen. We will incorporate one escape mutant into the model, such that there
are two pathogen types, a wild-type pathogen (W) and an escape mutant (E),
each of which can infect both host types, albeit the escape mutant will more easily
infect a resistant host than the wild-type pathogen. This does not mean that we
only consider one type of mutant, it merely means that we will look at the
competition between a certain mutant and the wild-type pathogen one at a time.
Furthermore, we do not consider the probability that an escape mutation occurs
but focus on the case where escape mutants are present, because a mutation will
occur sooner or later, as long as the wild-type pathogen is present in the

population.

In this section, we assume that infection with one of the two pathogen types offers
full cross-resistance against infection with the other type, such that hosts can be
infected with only one pathogen type at a time (this assumption will be relaxed in
the next section). It means that we consider two additional types of infected
individuals, i.e., N and R host types that are infected with the escape (E) mutant,
such that we have four types of infected individuals in total (the orange subsystem
in Figure 5.2; note that we still have two types of susceptible individuals). We will
model transmissibility of escape mutants by including two additional reproduction
ratios in our model, such that transmission between a pair of individuals no longer
depends only on the type of susceptible host (N or R), but also on the type of
pathogen that is carried by the infected host (W or E). These two reproduction
ratios are for the escape mutant infecting non-resistant or resistant susceptible
hosts, denoted by Ry; and Rzg, respectively. Selection pressure on the pathogen
population is then determined by the four reproduction ratios and the frequency

of resistant hosts in the population.

Mutants typically arise in a host population that is endemically infected with the
wild-type pathogen. Thus, to determine whether an escape mutant can spread in
the host population, we need to derive an expression for the reproduction ratio of
the escape mutant in a host population in which the wild-type pathogen is at
endemic equilibrium. We will call this the invasion reproduction ratio of the escape
mutant (R,yv). When Ry, > 1, the escape mutant can invade a host population
that is endemically infected with the wild-type pathogen. When R,,, < 1, escape

mutants might occur, but they cannot spread.
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We can derive R;y, by applying the definition of R,, but this time for a population
where the wild-type pathogen is endemic, instead of for a fully susceptible
population. To find R;yy,, given full cross-resistance (i.e. hosts that are infected
with one of the pathogen types cannot simultaneously get infected with the other
type), we need to multiply the basic reproduction ratios of the escape mutant with
the fraction of susceptible individuals (i.e., all individuals of a given genotype that
are not yet infected with the wild-type pathogen). These fractions are given by
(1 — fz) — Pyw for non-resistant hosts, and by f; — P3, for resistant hosts. Then,
the reproduction ratio for invasion of the escape mutant into a host population
that is endemically infected with the wild-type pathogen becomes:

Rivy = Rypl(1 = fz) — Pyw] + Ree(fr — Prw) (5.10)

R,;yv thus depends on f; and the four reproduction ratios, two of which are shown
explicitly in Equation 5.10 (Ryg, Rzg), While the other two (Ryy, and Rgy,) are implicit
in the expressions for the endemic equilibrium prevalences Py, and P;, (see
Equations 5.16 and 5.17 in Appendix 5.6.2).

5.2.6 Results for the heterogeneous SIS-model with introduction of an

escape mutant

Figure 5.4 shows R,y, (dashed line, right y-axis) as a function of f; for
reproduction ratios Ry, = 1.5, Ryg = 1.1, Ry = 1.5, and Ry, = 0.8 (Figure 5.4a) or
0.1 (Figure 5.4b). The endemic prevalence of the wild-type pathogen (Py,; solid
line; left y-axis) is shown in both panels as a function of f;, similar to Figure 5.3.
We chose to simulate Ry, < 1, such that the wild-type pathogen will die out in a
fully resistant population (see previous section). This is visible in Figure 5.4 as the
solid line that decreases to Pj, = 0. By assumption, the escape mutation comes
with a cost in fitness for the pathogen, such that the escape mutant will be
outcompeted by the wild-type pathogen in a non-resistant population. However,
due to its adaptation to the resistant host, it can persist in a fully resistant
population, in contrast to the wild-type pathogen. This is visible in Figure 5.4 as
the increasing dashed line.
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At a certain fR, the reproduction ratio for invasion of the escape mutant (R,yy;
dashed line in Figure 5.4) crosses the threshold R;y, = 1 (indicated by the dotted
line in Figure 5.4), above which the escape mutant can invade the population.
This is a critical point that represents the lower bound of the invasion window,
there is a risk of escape mutants invading the (partly) resistant host population
when the frequency of resistant hosts is greater than this lower bound. Together
with the upper bound of the wild-type pathogen dying out, as defined in the
previous paragraph, the point R, =1 determines the critical range of the
frequency of resistant hosts in which an escape mutant pathogen can both arise
(Py >0) and invade (R,yy > 1). This range of f; is indicated as the ‘invasion

window’ in Figure 5.4.

Comparing panels (a) and (b) of Figure 5.4, we see that a stronger effect of the
resistance gene of the host (lower Rgy ) not only results in a lower f; that is
required to eradicate the wild-type pathogen (0.36 < 0.71), but also in a narrower
invasion window, because of a lower upper bound. A stronger effect of the
resistance gene (i.e., lower Rgy ) thus reduces the risk of invasion of escape
mutants because it results in a smaller invasion window. A smaller invasion

window can be passed more quickly by artificial selection of the host population.

In summary, in this section we have derived an expression for the reproduction
ratio for the invasion of an escape mutant in hosts that are endemically infected
with the wild-type pathogen, assuming that hosts can be infected with only one
pathogen at a time (full cross-resistance). In the next section, we will relax this
assumption and expand our model to allow for infection of hosts with both types

of pathogen at the same time.
5.2.7 Heterogeneous SIS-model, allowing for double infections

Although the two pathogen types are closely related, infection with the one type
may not provide full resistance to infection with the other type. Coexistence of
different strains (incomplete cross-resistance) is common for many bacteria (e.g.
STOESSER et al. 2015; DavipsoN et al. 2016; NicscH et al. 2021). However, for
viruses such as influenza A, infection with the wild-type pathogen may give
substantial resistance to infection with the escape mutant and vice versa (EPSTEIN

AND PrICE 2010). If cross-resistance is not complete, hosts that are already
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infected with one pathogen type can get infected with another as well. Thus, the
possibility of double infection leads to an additional transmission route, from
singly-infected to doubly-infected hosts. If some cross-resistance is present, this
leads to a lower rate for a second infection compared to the rate of first infection.
We will model this effect by including a cross-resistance factor (1—7r) in the
transmission rate from singly- to doubly-infected hosts (the green subsystem in
Figure 5.2). Parameter r takes values between 0 and 1; 0 for no cross-resistance
and 1 for full cross-resistance (no double infections occur). For example, non-
resistant hosts that are infected with the wild-type pathogen get infected with the

escape mutant at rate (1—7)RN51Nw%- Once infected, we assume that doubly-

infected hosts are equally likely to infect a susceptible host with one of the two

pathogen types as singly-infected hosts.

To determine whether an escape mutant can invade under these conditions, we
need to adapt Equation 5.10 because susceptible individuals as well as individuals
that are already infected with the wild-type pathogen can become infected by the
escape mutant. The equation for the invasion reproduction ratio of an escape
mutant in a population that is endemically infected with the wild-type pathogen

then becomes:
Riny = Ryel(1 = fg) — Pyw + (1 = )Pyw ] + Replfr — Prw + (1 — 1) Pry1(5.11)

This expression allows us to investigate how invasion of an escape mutant is

affected by incomplete cross-resistance.

5.2.8 Results for the heterogeneous SIS-model that allows for double

infections

Figure 5.5 shows the effect of incomplete cross-resistance on the invasion window
of the escape mutant. Figure 5.5 is similar to Figure 5.4 (which implicitly has r =
1), but now Ry, is shown for three levels of cross-resistance (0, 0.5 and 1).
Reproduction ratios are the same as those used in Figure 5.4. Incomplete cross-
resistance (r < 1) increases the width of the invasion window. When r =0, the
window covers the whole range in f; where the wild-type pathogen is present.
This happens because Ry is greater than 1 and, when r =0, all hosts infected

with the wild-type pathogen can still get infected with the escape mutant as well,
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because, in this case, there is no competition between the pathogen types. As
without double-infected hosts, a lower Rgy (Figure 5.5b) decreases the width of
the invasion window. In the next section, we will further investigate how the
reproduction ratios affect the width of the invasion window at different levels of

cross-resistance.
5.2.9 Factors affecting the width of the invasion window

As shown in the previous paragraphs, the invasion opportunity of escape mutants
in a host population that is genetically selected for resistance is restricted by two
bounds: (1) a lower bound that represents the degree of resistance of the
population at which the invasion reproduction ratio (R;y,) becomes greater than
1, and (2) an upper bound that represents the point above which the wild-type
pathogen dies out (fz,,,,, Equation 5.9). Since we obtained an expression for
frRmaxr WE tried to solve Ry, =1 for f, algebraically, to determine the effect of the
four reproduction ratios and the level of cross-resistance on the width of the
invasion window. Unfortunately, this resulted in a closed form solution only when
there is either no cross-resistance or full cross-resistance (r =0 or r = 1). Thus,
we will investigate the width of the invasion window numerically by taking one set
of values for the four reproduction ratios as the default scenario (Ryy = 1.5, Rgyy =
0.8, Ryg = 1.1, Rz = 1.5), and then vary one of them at a time (except Ry, ). For

cross-resistance, r will take values of 0, 0.5, and 1.

Figure 5.6a shows the size of the invasion window as a function of the frequency
of resistant hosts and the basic reproduction ratio of the wild-type pathogen in
resistant hosts (R, ). We can see that the window becomes smaller with
decreasing Ry, as was already visible in Figures 5.4 and 5.5. As stated before,
this implies that a stronger effect of the resistance gene (i.e., lower Rzy)
decreases the risk of invasion of an escape mutant, because the wild-type
pathogen goes extinct sooner. The decreasing width of the window with a lower
Ry is mainly caused by the effect on f;, . (solid dark green line in Figure 5.6a),
which becomes closer to 1 with increasing Rz, . Hence, a change in Ry, mainly

impacts the upper bound of the invasion window.
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The lower bound is less affected by a change in Rgy; and especially for low r, the
line R;yy =1 is almost vertical in Figure 5.6a. This happens because at lower levels
of cross-resistance, there is less competition between the two pathogen types,
since (part of) the hosts that are infected with one pathogen type can also become
infected with the other type. In the most extreme case, when there is no cross-
resistance (r = 0), the lower bound is not affected by the frequency of resistant
hosts (Figure 5.6a). This means that Rg,, and thus the endemic equilibrium
prevalence of the wild-type pathogen, has no effect on the risk of invasion of an

escape mutant when r = 0.

We restricted the y-axis of Figure 5.6a to a maximum of 1, because the pathogen
can persist in resistant hosts when Ry, > 1, and it is thus impossible to eradicate
the wild-type pathogen. Genetic selection for infectious disease resistance will in
that case not be sustainably beneficial because escape mutants will eventually
occur, even at a high frequency of resistant hosts. Thus, to prevent invasion of
escape mutants, Ry, needs to be less than 1, either through the effect size of the
resistance genes or by taking additional measures in combination with genetic

selection to achieve Ry, less than 1.

Figure 5.6b shows the size of the invasion window as a function of the frequency
of resistant hosts and the basic reproduction ratio of the escape mutant in non-
resistant hosts (Ryg). The value of Ry relative to Ry, reflects the fitness costs for
the escape mutant in a non-resistant host population, relative to the wild-type
pathogen. If Ry is much lower than Ry, the escape mutant spreads much less
in non-resistant hosts than the wild-type pathogen, i.e., the escape mutation
comes with high fitness costs (low y-axis value). If Ry is close or equal to Ryy,
differential fitness costs are low or absent and the spread of the escape mutant in
non-resistant hosts is similar to the spread of the wild-type pathogen (high y-axis
value). Consequently, the size of the invasion window increases as Ry moves
closer to Ry . At a certain Ry, the invasion window covers the whole range of f;
in which the wild-type pathogen can persist. When there is full cross-resistance
(top dashed line, r =1), this point occurs when Ryg is equal to Ry, (= 1.5),
meaning that the escape mutant spreads equally well as the wild-type pathogen
in non-resistant hosts. With no cross-resistance (bottom dashed line, r = 0), this

point occurs when Ry is equal to 1. If there is no cross-resistance, the presence
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or absence of the wild-type pathogen has no effect on the spread of the escape
mutant and, thus, a basic reproduction ratio greater than 1 is sufficient for the
mutant to persist. We can also see in Figure 5.6b that the invasion window stays
relatively small for lower values of Ryz and only covers a range in f; of about 0.05
when R, is close to 0. This indicates that it is extremely difficult for escape

mutants to invade when they experience high fitness costs in non-resistant hosts.

Figure 5.6¢ shows the size of the invasion window as a function of the frequency
of resistant hosts and of the basic reproduction ratio of the escape mutant in
resistant hosts (Rgz). The size of the invasion window increases with Rgg, but less
so when cross-resistance is high. If there is a little cross-resistance, the mutant
can already invade if Rgy is slightly less than 1 (top dashed lines for r = 0.5 and
r =1 in Figure 5.6c), because Ry;z > 1 (1.1) and Rgy < Ry in that case, i.e., host
resistance is more effective against the wild-type pathogen than against the
escape mutant. Thus, in a very small range of f;, “escape” mutants might invade
even though their reproduction ratio in resistant hosts is less than 1. The
increasing slope of the line R;y, =1 when there is no cross-resistance (bottom
dashed line in Figure 5.6¢, r = 0), mainly results from Ry; being greater than 1.
Figure 5.6b shows that at an R,y of 1.1 and no cross-resistance, the invasion
window covers the full range in f; from 0 to f, ... S0, in a population that consists
of mainly non-resistant hosts (left side of Figure 5.6), the escape mutant will be
well able to invade, as explained in a previous paragraph. At a higher frequency
of resistant hosts, as with the wild-type pathogen, the transmission of the escape
mutant in resistant hosts becomes more and more determining for the invasion
probability, indicated by Rgg. If Rgr is less than 1, host resistance is not only
effective against the wild-type pathogen but also against the “escape” mutant,
which is evident for the increase in the lower bound of the invasion window (the
line Ry =1) with increasing f; for r =0 in Figure 5.6c. The combination of
reproduction ratios of the escape mutant in non-resistant and resistant hosts,

together with cross-resistance, thus determines its opportunity to invade.
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5.3 Discussion

Using a mathematical model of disease transmission, we showed that an infectious
disease can be eradicated by increasing the frequency of genetically-resistant
hosts to a sufficient level, if the reproduction ratio of the wild-type pathogen in
resistant hosts is less than 1. Eradication was achieved by herd immunity in the
local population, when R, falls below a value of 1, which requires neither that all
individuals in the local population are resistant, nor that resistant individuals are
fully resistant. The minimum frequency of resistant hosts needed to eradicate an

infection (fz,,,,, EQuation 5.9) is a function of the reproduction ratios of the

pathogen in resistant and non-resistant hosts.

As long as the wild-type pathogen is not eradicated (i.e., the frequency of resistant
hosts is not high enough), escape mutants of the pathogen can arise and invade
the population. To determine whether escape mutants can invade or not, we
derived a reproduction ratio for escape mutants in a population that is endemically
infected with the wild-type pathogen (R;y,, Equation 5.11). Invasion of escape
mutants then depends on the reproduction ratios of the wild-type pathogen in
resistant and non-resistant host types (through the endemic prevalence), the
frequency of resistant hosts, and the basic reproduction ratios of the escape
mutant in non-resistant and resistant hosts. We identified an ‘invasion window’,
i.e., the range for the frequency of resistant hosts within which there is a risk of
escape mutant invasion. The lower bound of this window is the frequency of
resistant hosts above which the reproduction ratio of the invading escape mutant
(R;ny) becomes greater than 1. The upper bound of the invasion window is the
frequency of resistant hosts above which the wild-type pathogen dies out (f, ).
The invasion window is wider, implying more opportunity for escape mutants to
invade, when the resistance allele has a smaller effect and when hosts can get
infected by both types of pathogen at the same time (i.e., cross-resistance is not

complete).
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5.3.1 Model Assumptions

In our model, we assumed that host resistance was determined by a single, fully
dominant or fully recessive locus. This assumption resulted in a relatively simple
model, with only two types of hosts, which helped in the interpretation of the
results. Although the assumption of a single locus determining resistance might
only be realistic for very few cases, our predictions will also hold if a quantitative
trait locus (QTL) explains a considerable part of the genetic variation, preferably
strong enough to bring R, below 1. Such a major QTL was for instance found for
infectious pancreatic necrosis (IPN) resistance in Atlantic salmon (MoOEN et al.
2009). In most other cases, infectious disease resistance is likely a polygenic trait
that is affected by many QTL, each explaining only a small part of the genetic
variation, as found for instance by genome-wide association studies (GWAS) for
mastitis and digital dermatitis resistance in dairy cattle (Tiezzi et al. 2015; BIEMANS
et al. 2019b). With polygenic resistance, eradication of the wild-type pathogen
will also be needed to prevent invasion of escape mutants. Hence, our results are
relevant for that case also. However, if polygenic resistance comes with multiple
resistance mechanisms, pathogens will be less likely to evolve escape mutations
to all mechanisms, and predictions become more complex. We will further
elaborate on this in the section ‘Implications for animal breeding’ below.

Key to the general patterns that emerge from our models are the values for the
reproduction ratios. We assumed Ry, > 1, such that the wild-type pathogen is
endemic in non-resistant hosts, and Ry, < 1, such that resistance is effective
against the wild-type pathogen. Thus, before starting selection for increased host
resistance, it is important to know the values of Ry, and Ry, . Values for Ry, for
a specific infection are probably already available or can be estimated from field
data, e.g., based on the endemic prevalence of the infection (Equation 5.5).
Values for Rgy could be obtained from transmission experiments, such as those
that are used to estimate the effectivity of vaccines (DE JONG AND KIMMAN 1994;
VELTHUIS et al. 2003; VAN DER GooT et al. 2005; DoescHL-WILSON et al. 2018), or
from knowledge of QTL-effects on resistance (susceptibility) or recovery, for
example from GWAS.

117



Estimating the basic reproduction ratios for the escape mutant is more difficult,
since these mutants have not yet emerged when selection starts. Nevertheless,
in our opinion, some general predictions of the typical properties of escape
mutations can be made. We argue that the wild-type pathogen has likely evolved
over a long time to be adapted to the non-resistant host. This implies that a typical
escape mutant will probably be less well adapted to non-resistant hosts, and thus
will have a lower reproduction ratio than the wild-type pathogen in these hosts
(Ryg < Ryw)- In other words, the escape mutation typically comes with a cost in
pathogen fitness in non-resistant hosts, which is expected and often observed for
such mutations (KRAATIEVELD AND GODFRAY 1997; KoskELLA 2018). In resistant hosts,
the escape mutant will, by definition, have a higher reproduction ratio than the
wild-type pathogen (Rgs > Rgy ). However, since the two pathogens are closely
related and the wild-type pathogen is adapted to the non-resistant host, it is
probably unlikely that Rz will exceed the reproduction ratio of the wild-type

pathogen in non-resistant hosts (Rgr < Ryw)-

We modelled pathogen characteristics via the transmission rate parameter (g),
assuming a recovery rate (a) of 1, which allowed us to present the results in terms
of reproduction ratios. Since most livestock diseases of interest to animal breeding
have a low mortality, we assumed that the pathogen does not kill the host. Thus,
the infectious period does not end with death of the host, but with its recovery. A
brief investigation showed that the reproduction ratios fully capture variation in
both the transmission and recovery rate parameters in our SIS-model (results not
shown). Thus, for the possibility of a mutant to invade, it does not matter whether
a lower reproduction ratio in resistant hosts is caused by reduced transmissibility
of the pathogen (lower B) compared to in non-resistant hosts, by a greater
recovery rate of the host (higher a), or by a combination of both. This result
implies that the assumption of @ = 1 does not restrict the generality of our results,
but merely served to simplify the mathematics. Furthermore, our results are not
restricted to situations in which a trade-off between recovery and transmissibility
exists; given the reproduction ratios used in our model, results do not depend on
the nature of such a trade-off, although evolution of pathogen virulence may
depend on this trade-off (see below). With incomplete cross-resistance, the
generality of our results with respect to variation in the transmission and recovery

rate parameters holds if the recovery rate parameter of hosts infected with both
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pathogen types is identical to the recovery rate parameter of hosts that are
infected with the escape mutant only. Further research is needed to assess

whether this condition is realistic.

Another important assumption underlying our results is that there is no continuous
import of infectious material or infectious animals from outside the herd. If
infectious material frequently enters from outside, minor outbreaks of the wild-
type pathogen might still occur in a herd that is genetically selected for higher
resistance. Here, a minor outbreak refers to the introduction of an infection in a
population leading to only a few infected individuals, after which the infection dies
out (DE JONG 1995). Escape mutants may then also emerge and invade from these
minor outbreaks. The assumption of a closed or semi-closed local population holds
or can hold for many livestock diseases, depending on farm management. Even if
pathogens are transmitted through the environment, the population might still be
closed, as long as the infectious material is excreted in the environment by
animals from the same farm. This is for instance most likely the case for some
important pathogens that cause mastitis and claw infection digital dermatitis
(KLAAS AND ZADOKS 2018; ORsEL et al. 2018), but not for bovine tuberculosis, where
badgers or other wildlife species are an important environmental infection source
(BOEHM et al. 2009).

5.3.2 Pathogen evolution and eradication

We deliberately ignored the evolutionary dynamics in the pathogen population,
which have been studied extensively (e.g. MAY AND ANDERSON 1990; FRANK 1991;
DUSHOFF AND LEVIN 1995; VAN BAALEN AND SABELIS 1995; REGOES et al. 2000; GANUSOV
et al. 2002; YATES et al. 2006; CHABAS et al. 2018). In these studies, interest is
usually in host mortality, or virulence, of the pathogen at its evolutionary
optimum, and results show that whether or not a mutant strain will emerge and
invade strongly depends on the model assumptions. Our interest, however, was
to identify the range of host population resistance within which an escape mutant
can invade. This different interest mainly follows from the human control on
genetic selection, animal movement, and isolation or removal of infectious
individuals in livestock populations, as opposed to human or natural populations.
Moreover, the more closed and localised structure of livestock populations makes

eradication of an infection, especially locally, much more feasible in livestock than
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in human populations, which is illustrated by the disease-free status of many
countries and regions for animal infections such as the Pseudorabies virus
(Aujeszky’s disease) and bovine tuberculosis (EuroPEAN ComMmissiON 2020). Our
recent results show that such eradication by genetic selection is much more
promising than commonly believed (HuLsT et al. 2021; Buma et al. 2022). Hence,
similar to the use of vaccination, genetic selection in livestock can, at least in
principle, be used to eradicate a pathogen from the (local) population. When the
objective is eradication, interest is not in the evolution of pathogens to an
optimum, but in avoiding the invasion of escape mutants before (local) eradication

has been achieved.

Our model with two types of hosts is essentially comparable to models that are
used to investigate the evolutionary consequences of vaccination on the pathogen.
Such models have received much more attention in the literature than models of
the evolutionary consequences of artificial genetic selection of the host population.
GANDON AND DAY (2007) mention two main approaches that are taken in such
evolutionary vaccination studies: (1) the modelling of the invasion of escape
strains of the pathogen, similar to our approach, and (2) the modelling of
evolutionary changes in the virulence of the pathogen. We will discuss some
examples of both approaches below and point at important similarities and

differences with our study.

Concerning the first approach, GANDON AND DAY (2007) show expressions for the
critical vaccination coverage that is required to eradicate an infection, analogous
to our fr (Equation 5.9), and for the reproduction ratio of invasion of an escape
mutant, analogous to our R;y, (Equation 5.11). MaN et al. (2021) conclude that
replacement of the wild type human papillomavirus by a mutant strain depends
on the trade-off between the amount of cross-immunity (our parameter r) and
cross-protection of the vaccine against the mutant strain (i.e. the ratio % in our
model), which closely corresponds to our findings.

As discussed above, an important difference between our study and many other
studies on pathogen escape is that we focus on eradication of the infection. In the

model of McLeaN (1995), who investigated why escape mutants did not arise in

several vaccination campaigns, the vaccine-favoured strain (i.e. the escape
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mutant) takes over sooner or later, such that the infection is never eradicated.
Similarly, MAGORI AND PARK (2014) investigated how different types of imperfect
vaccines influence the rate of spread of mutant strains with a fixed vaccination
coverage of 0.25. In their model, the infection was not eradicated, because the
reproduction ratio of the wild-type pathogen was still above 1 at their assumed
vaccination coverage. The main reason why these vaccination studies have not
considered eradication is probably because they focus on human infections, where

(local) eradication is much less feasible than in livestock (see above).

The second approach that has been used to model evolutionary changes in
pathogen virulence, differs more from the approached used in our study. The main
interest in that approach is in pathogens that may evolve to become more harmful
after vaccination of the host population. A prominent example from livestock of
such a change is the evolution of Marek’s disease virus, a highly contagious virus
of poultry. Vaccination of poultry flocks with a vaccine that did not stop
transmission of the virus resulted in a new variant of the virus that was more
harmful to both vaccinated and unvaccinated host (ReaD et al. 2015). An example
from the human population is the evolution of the bacterium that causes whooping
cough (pertussis) following vaccination with a vaccine that reduces disease
symptoms but does not prevent transmission of the bacterium (MILLER AND METCALF
2019). In both these cases, the pathogen became more harmful after the
vaccination campaign, which relates back to the virulence-transmission trade-off,
which is extensively discussed in the evolutionary literature (see ALizoN et al. 2009
for a review). When vaccination reduces clinical symptoms but does not stop
transmission, more transmissible strains of the pathogen can evolve, without
paying the cost of killing the host rapidly. However, when the aim of the disease
control strategy is to eradicate infection, as is the focus in our study, difficulties
associated with increased virulence of the pathogen are prevented. Nevertheless,
the above examples stress the importance of further research into the
sustainability of selection for tolerance or resilience (DOESCHL-WILSON et al. 2012;
BERGHOF et al. 2019b; KNAP AND DOESCHL-WILSON 2020; BAI AND PLASTOW 2022),
where the goal is to reduce the impact of disease on production and not

necessarily to stop transmission.
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5.3.3 Implications for animal breeding

Our results show that a window of invasion for escape mutants can be identified
for the frequency of resistant hosts in a local population. Typically, this invasion
window does not cover the entire range of the frequency of resistant hosts. Thus,
an implication of the results (e.g. Figure 5.4) is that, in a closed population, the
frequency of animals with the resistance gene should be increased as rapidly as
possible through the window, i.e., from the lower bound where R;y, > 1 to the
upper bound of eradicating the wild-type pathogen (f,,.). This allows the
infection to be eradicated while minimizing the risk of invasion of escape mutants
that nullify the effects of selection. Note that an increase of resistant hosts can
also lead to a considerable decrease in prevalence, even when the infection is not
totally eradicated. Although this seems desirable at first sight, because the
number of individuals affected by the infection is largely reduced, it introduces the

risk of invasion of escape mutants and this risk remains in the long term.

Here, a rapid increase in the frequency of resistant hosts refers to a rate of
increase that is faster than the rate at which escape mutants can develop in the
pathogen population. Consequently, current rates of genetic improvement of host
resistance may be fast enough when the target infection concerns a slowly
evolving macroparasite. For example, selection for a single resistance gene of
sheep against gastro-intestinal nematode infection, might not cause adaptation of
the nematodes for up to 20 years (KeEMPER et al. 2013). However, for rapidly
evolving microparasites, the current speed of genetic improvement of host
resistance will likely not be fast enough. The strategies that we discuss in the
following section to bridge the invasion window may therefore be most relevant

to microparasitic infections.

One can think of different strategies to bridge the invasion window. Local livestock
populations that are relatively small and largely isolated from other such
populations are most suitable for such strategies, because of the possibility to
control animal movement and contacts between farms. A possibility to achieve a
high frequency of resistant hosts in a local population could be to base herd
composition on the resistance of the individual animals, such that herds are either
resistant enough to eradicate the infection (i.e., the frequency of the resistant

hosts is greater than f; ) or that the frequency of resistant hosts stays below
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the point above which the escape mutant can invade (i.e. Ry, stays less thanl).
This is probably most feasible in cases where the breeding population is separated
from the production population, and where all animals in production herds are
replaced at once, such as in poultry and sometimes in fattening pigs, as opposed
to dairy cattle for example. Although the increase in resistance will necessarily be
more gradual in the nucleus selection lines of the former species, the risk of
escape mutants emerging seems limited since the selection lines are usually free

from clinically important infectious diseases (specific pathogen-free).

When replacement occurs gradually, as in cattle, preventing escape mutants from
invading will be much more challenging. If feasible, one could consider separating
resistant from non-resistant animals, as in the previous strategy, such that, in
fact, two herds are created; one in which the infection with the wild-type pathogen
is still endemic but escape mutants cannot invade because the level of resistance
is too low, and one in which the wild-type pathogen is eradicated because of the
high level of resistance.

Another option would be to increase (local) population resistance rapidly by
putting high selection pressure on the resistance trait or by sorting the genetic
material, e.g., by using only the most resistant sires on a certain farm. A
complicating factor when breeding an endemically infected population for
eradication of the pathogen, is that the infection can still be present for some time
after the population reaches the point when eradication is expected, before it dies
out (BisHop AND MACKENzIE 2003). During that period, a risk of invasion of escape
mutants continues because there is substantial selection pressure on the pathogen
population to escape the high frequency of resistant hosts. Finding and removing
or isolating infected individuals could then be a way to accelerate eradication. A
similar approach is taken when eradicating infections by vaccination (e.g.
HENDERSON 1976; HENDERSON 2011; MARINER et al. 2012; ROEeDER et al. 2013). Note
that the ongoing infection as discussed above is not visible in our deterministic
model. Similarly, but with a more favourable outcome, the infection might, by

chance, die out before the point where eradication is expected.

To reach eradication as soon as possible, it is key that Ry, is as low as possible
(see Figure 5.3). Although it might be difficult to influence the size of the effect of

resistance genes, it is important that the effect is at least large enough to decrease
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Rpyw below 1. Thus, when for example multiple QTL for host resistance are
identified, selection should preferably increase their frequency simultaneously,
instead of one by one. It might also help to include multiple traits in the breeding
goal that are focused on reducing infection prevalence, i.e., infectivity and
recovery, in addition to only resistance, as we modelled here. Moreover, other
interventions against the infection can assist in decreasing Ry, rapidly to a value
less than 1, such as removal of infected animals, vaccination, or general hygienic
measures. Thus, a combination of genetic selection for infectious disease
resistance and other interventions will be most effective, both in eradicating the

wild-type pathogen and in preventing escape mutant invasion.

All strategies described above are also relevant to gene-edited resistance,
including the use of other interventions to assist in decreasing the reproduction
ratio to a value below 1 (PeTerseN et al. 2022). Resistance to the porcine
reproductive and respiratory syndrome virus is a clear example where gene-
editing might be an interesting strategy for infection control (PETERSEN et al.

2022), although it is questionable whether many more of such cases exist.

As discussed by BisHop AND MACKENzIE (2003) , it is probably more difficult for
pathogens to find escape strategies for polygenic disease resistance traits than
for monogenic traits, especially when escape from polygenic resistance requires
multiple mutations in the pathogen. This expectation is supported by the results
of a selection experiment of KEMPER et al. (2009) in which nematodes showed no
adaptation to long-term exposure to polygenic resistant sheep. This phenomenon
is more widely observed and exploited in plant breeding, where sustainable
strategies for disease resistance breeding consist of combining multiple resistance
genes in a cultivar, preferably with different mechanisms of action (MunbpT 2018).
Combining multiple genes with different mechanisms of resistance may again be
most feasible for species with a separate breeding population. It requires that the
breeding population is not exposed to the pathogen before all individuals have at
least two genes with different mechanisms of resistance, otherwise pathogens
would still be able to evolve resistance to each mechanism one-by-one. However,
our quantitative predictions are not easily translated to host resistance based on

multiple mechanisms, since this would require a considerable expansion of the
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model to account for the different mechanisms of resistance and pathogen escape

strategies.

In livestock genetic improvement, selection for an index consisting of estimated
breeding values for many traits has become the standard (HAZzEL et al. 1994). For
ordinary quantitative genetic traits, such multi-trait index selection (HAzEL 1943)
is superior to selection for several traits, one trait at a time, for example over
generations (tandem selection,) or within generation using independent selection
thresholds for each trait (independent culling levels) (YounGg 1961). Multi-trait
selection typically creates small steps of improvement for each trait. However,
when the breeding goal includes resistance to an infectious disease, gradual
improvement by multi-trait selection will cause the host population to remain in
the invasion window for a long time, such that emerging escape mutants might
have ample opportunity to invade. Thus, our results give at least some reason to
think that multi-trait selection might be suboptimal when infectious disease
resistance is part of the breeding goal. The best documented and undisputed case
where long-term weak selection against pathogens has resulted in the evolution
of escape mutants, is the long-term use of low doses of antibiotics. That practice
has strongly supported the evolution of antibiotic-resistant bacteria, which poses
a threat to the availability of effective antibiotics in the long term (KHACHATOURIANS
1998; OLoFssoN AND CARs 2007; SANDEGREN 2014). In a sustainable strategy,
resistance is strong enough to bring the reproduction ratio of the wild-type
pathogen below 1 (Rgy < 1). This resembles the use of high doses of antibiotics,
which is known to be effective in preventing the evolution of antibiotic resistant
strains (OLOFSSON AND CARs 2007). For animal breeding, this would correspond to
applying the total genetic selection differential for infectious disease resistance
within a single or a few generations, at least locally, instead of accumulating it
gradually over many generations of multi-trait selection. Although the similarity
to the use of low doses of antibiotics clearly questions the sustainability of multi-
trait selection when resistance is part of the breeding goal, further (experimental)

research is definitely needed here.
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5.4 Conclusions

Here, we showed that genetic selection for infectious disease resistance
determined by a single locus in a closed livestock population typically provides an
opportunity for escape mutants of pathogens to invade the host population. Given
the reproduction ratios of the infectious pathogens, we identified the range for the
frequency of resistant hosts in the population within which there is this risk of
invasion. As long as there is no import of infectious material from outside the
closed population, this ‘invasion window’ extends from the frequency of resistant
hosts at which the reproduction ratio of the escape mutant in a host population
that is endemically infected with the wild-type pathogen becomes greater than 1,
until the frequency of resistant hosts above which the wild-type pathogen is
expected to die out. To prevent invasion of escape mutants in closed populations,
the frequency of resistant hosts should thus be increased faster through this
window than escape mutants can develop in the pathogen population. The current,
very gradual, multi-trait selection approach in animal breeding might thereby pose
a risk of invasion of escape mutants. A possible strategy to prevent the invasion
of escape mutants is to place animals into herds based on their genetic resistance,
such that herds stay out of the invasion window on either side. Combining such a
sustainable selection strategy with other interventions that reduce transmission
of the pathogen will help to prevent invasion of escape mutants and to eradicate

an infection.
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5.6 Appendix

5.6.1 Model equations
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5.6.2 Prevalence of wild-type pathogen in resistant and non-resistant

hosts
At equilibrium:
w w
Ryw Sy — = Iy and Rpy Sp — = I,
NWON NW RW9R "y RW
Given that:

Sy =@ = fr)N — Iyw,
Sg = faN — Irw,
gl _ p
an F - twr

RavwPiy (1 = fR)N — L) = Liw and Rew Py (faN — Iiw) = Iiw

Solving for I’VTW = Pyy and IRTW = P}y yields:
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Where P* = Pyy, + Phy. We can solve these two equations with two unknowns to

get expressions for the prevalence as function of the reproduction ratios and fz:
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Abstract

Recent theoretical work shows that the potential of genetic selection to reduce the
prevalence of infectious diseases is much larger than expected, due to indirect
genetic effects that arise in the transmission process. However, to fully benefit
from these indirect effects, we need to estimate genetic parameters and breeding
values, which requires statistical methods tailored to the transmission process.
Here, we evaluate Generalised-Linear-Mixed Models (GLMMs) to estimate genetic
parameters and breeding values for host susceptibility from simulated epidemics.
Applying GLMMs to longitudinal records of individuals' infection status, the impact
of sampling interval, population structure, infection characteristics and model
formulation was assessed. The results show that a GLMM fitted to longitudinal
records on individual binary infection status can produce accurate and unbiased
estimates of genetic variance for susceptibility to an infectious disease. Of the
data requirements, the time interval between consecutive observations on
individual infection status was the main factor affecting estimation, while group
size had limited effect. The required observation interval depends on the infection
and recovery rates of individuals. The GLMM thus seems an accurate and relatively
easy implementable model to estimate genetic parameters for susceptibility,
hence it might considerably improve the potential of genetic selection to reduce
the impact of infectious diseases in livestock.
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6.1 Introduction

Genetic selection of animals against infectious diseases, as an addition or
alternative to other control measures, has attracted interest for several decades
(e.g. BisHop et al. 2010). The common approach in animal breeding is to measure
infectious disease resistance as the binary infection status of the animal
(healthy/infected = 0/1), and analyse these data either with a regular linear model
or a so-called threshold model (e.g. PERez-CABAL et al. 2009; WELDERUFAEL et al.
2017). While linear models treat the binary observation as a continuous Normally-
distributed variable, threshold models use a GLMM-like approach to link the binary
observation to an underlying normally distributed trait (DEMPSTER AND LERNER 1950;
GIANOLA 1982; DE VILLEMEREUIL et al. 2016). Importantly, both approaches do not
incorporate the transmission dynamics of infectious diseases.

Recent theoretical work, however, shows that these transmission dynamics cause
indirect genetic effects, resulting in a much larger potential of selection for lower
infectious disease prevalence than expected from classical quantitative genetic
models (HuLsT et al. 2021; BnMA et al. 2022). These models are expressed in
terms of susceptibility, rather than disease resistance. However, susceptibility is
merely the opposite of disease resistance; individuals with a high susceptibility
have a low resistance, and vice versa. The expectation from classical quantitative
genetic models is that genetic reduction of infection prevalence becomes
impossible at lower prevalence, because additive genetic variance on the observed
binary scale diminishes when the prevalence of the binary trait goes to zero
(RoBerTsonN 1950). In full contrast, the indirect genetic effects on infection
prevalence that arise because of transmission make it in principle possible to

eradicate an infection using genetic selection (HuLsT et al. 2021; BumMA et al. 2022).

Since one of the host traits affecting the transmission process is susceptibility to
infection (ANCHE et al. 2014; ANACLETO et al. 2015), accurate estimates of genetic
variation and breeding values for susceptibility are needed for correct prediction
of response to selection in infection prevalence. A statistical model tailored to the
transmission process is needed, because the disease status of an individual animal
also depends on its exposure to infectious material, e.g. from infected herd mates
(HuLsT et al. 2021). An animal with any particular susceptibility will be, on

average, more likely to become infected itself when it is in a herd with highly
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susceptible animals, and less likely when it is in a herd with lowly susceptible
animals, which would result in different estimates for the breeding value of the
individual. The discrepancy is caused by a difference in exposure between the two
herds; the prevalence of the infection, and thus exposure to infectious material,
will be higher in a herd with more susceptible animals than in a herd with less
susceptible animals, just because the highly susceptible individuals are more likely
to be infected and thereby also more likely to infect others. Thus, for accurate
estimation of genetic variance and breeding values for susceptibility, we need a

method that accounts for the exposure of each individual to infectious herd mates.

Generalised-Linear-Mixed-Models (GLMMs) that are founded in epidemiological
theory and were developed to estimate transmission parameters, have been
shown to be able to estimate genetic parameters and individual genetic effects for
susceptibility (VELTHUIS et al. 2003; ANCHE et al. 2015; BIEMANS et al. 2019a).
Results of BIEMANS et al. (2019a) suggest that the GLMM can relatively accurately
estimate breeding values for susceptibility, even with a limited amount of data. A
benefit of the GLMM is that it is available in standard animal-breeding software
(i.e. ASREML (GILMOUR et al. 2015)) and requires relatively limited computation
time, which is relevant for practical implementation. However, the performance of
the GLMM for estimation of genetic parameters for susceptibility has never been

properly validated.

In this study, we therefore evaluate how precision of variance estimates and
prediction accuracies for susceptibility, estimated with a GLMM, depend on the
genetic variance in susceptibility, population structure, available data, and model
formulation. For the evaluation, we use longitudinal data from simulated
epidemics and the GLMM implemented into ASREML software. Longitudinal data
is required because a key feature of the GLMM is that it accounts for exposure of
susceptible individuals to infectious material and the correctness of this estimate
of exposure depends on the frequency of observing it. The effect of size of the
genetic variance in susceptibility, and transmissibility of the infection (R,) on the
precision of genetic parameters and breeding value accuracy for susceptibility will
be investigated. With respect to data requirements, focus lies on observation
interval and contact-group size. The results provide relevant insights in how

different types of disease data and trial designs impact on the precision of genetic
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variance estimates and accuracy of estimated breeding values for host

susceptibility.

6.2 Methods

To be able to evaluate the genetic parameter estimates for host susceptibility
obtained from GLMMs, we simulated epidemics of an infectious disease using a
Susceptible-Infectious-Recovered (SIR) epidemiological model. In an SIR-model,
animals can be in one of three states; Susceptible (i.e., they can become infected),
Infected, or Recovered. Infected animals are assumed to be immediately
infectious, and recovered animals represent animals that are immune and can
thus not be infected again (Figure 6.1). We simulated a population consisting of
contact groups within which the infection can be transmitted. In each contact
group, four random individuals were infected to start the epidemic. Infection and
recovery times of all individuals were recorded. From these known infection and
recovery times, data on individual disease status (susceptible, infected or
recovered) was sampled using a certain sampling interval. This mimics a real-life
setup, where exact infection and recovery times are usually unknown, but
individual infection status can be sampled at given intervals. The resulting
longitudinal data on individuals’ infection status was then used as input for
estimation of genetic parameters and breeding values. To assess the performance
of the GLMM and data requirements, we simulated different scenarios with varying
genetic variance in susceptibility, different average transmissibility of the
infection, group size, and sampling interval. Furthermore, we investigated the
effect of including different model terms (e.g., a fixed group effect to account for

differences in exposure between groups) in the GLMM.

135



Type

No, of Individuals

Figure 6.1 Typical epidemic curves for a contact group of 24 individuals with
transmission rate parameter (8) of 0.2 and 0.5, and recovery rate parameter (a)
of 0.1 (such that R, is 2 and 5). Dying out of the epidemic is represented by
stopping of the line.

6.2.2 Data simulation using an epidemiological model

Epidemics were simulated using a stochastic SIR model in R (R Core Team 2020),
assuming that individuals only differed in their susceptibility to infection. A Doob-
Gillespie algorithm was used to simulate the epidemics as a series of stochastic
events that follow a Poisson process, as described e.g. in (PooLey et al. 2020).
Briefly, the Doob-Gillespie algorithm represents stochasticity in Markovian
compartmental (e.g., SIR) models (i.e., models for which the transition rates

depend solely on the current state of the system).
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Two events can happen in the SIR-model: infection and recovery. For an individual
i, infection, i.e., the transition from the susceptible (S) to the infectious (I) state

happens at a rate

I

where g denotes the average transmission rate parameter, y; the susceptibility of

individual i, and % the proportion of infectious individuals in the contact group.

The second event, recovery, the transition of an individual from infectious (I) to

recovered (R), happens at an average rate
I >R« (6.2)

where a denotes the recovery rate parameter, which was gamma-distributed with
shape-parameter 3 and rate 0.3, such that the average recovery rate was 0.1,
resulting in an average duration of the infectious period ofé = 10 days. A gamma-
distributed recovery rate was preferred over the more conventional exponential
distribution, because it results in a more biologically realistic distribution of the

infectious period (PooLEY et al. 2020).

Individuals’ susceptibility (y) was simulated in the same way as in HuLsT et al.
(2021), i.e., assuming and infinitesimal genetic model, and following a lognormal

distribution,
yi = erithri (6.3)

where 4,, denotes the additive genetic part of individual susceptibility, and E,, the
permanent environmental part of individual susceptibility. Both 4, and E, were
normally distributed, with mean zero and variance hlzOg (y)oglogm for the genetic part,
and (1 —hfog(y))aglogm for the permanent environmental part. Here o7 = denotes
the total “phenotypic” variance in the logarithm of susceptibility, and hlzog(y) the

heritability of the logarithm of susceptibility (i.e., on the underlying normal scale).

We refer to aﬁlag(y) as a phenotypic variance, because it is the sum of a genetic and

environmental part, even though phenotypic values for susceptibility are not

directly observable. Thus, 4,, is the breeding value, as common in quantitative
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genetics, for the logarithm of susceptibility, and y is lognormally distributed. One
of the advantages of the lognormal distribution of y is that the transmission rate

will never become negative (which is not possible).

Furthermore, for convenience, we want the mean of y to be 1, such that our
parameter B in Equation 6.1 is the actual mean transmission rate parameter.

12
u+so

However, the mean of the lognormal distribution is e , and is thus greater than
1 for any variance larger than 0. For small variance the deviation of 1 is small,
but for large variance the deviation becomes quite problematic for the comparison

of scenarios (e.g., for aﬁy =1 the mean of the lognormal is 1.65). Thus, for each

simulation we divided g by the mean of the lognormal distribution, given the
simulated phenotypic variance in the logarithm of y, such that the mean
transmission rate ( B) was corrected for the effect of simulated variance on the

mean level of transmission.
6.2.3 Population structure

The population was simulated with a full-sib half-sib structure, where 96 unrelated
sires were mated to 5 unrelated dams each, producing 10 offspring per mating,
resulting in a total offspring population of 4800 animals. Offspring breeding values
for susceptibility (4,,) were simulated according to the infinitesimal model (FISHER
1918) (Equation 6.3). These offspring were randomly allocated to groups of size
N. Epidemics were simulated within groups, starting with infection of four
randomly selected seeder individuals, and no transmission between groups. At
fixed timepoints with interval At, the infection status of each individual was
recorded. Since the epidemics in the contact groups had a limited time span
because at some point there are no infected individuals left (Figure 6.1), the
number of time points recorded was not the same in all scenarios but depended
on the duration of the epidemic (T) and the sampling interval (At). Thus, the total

. . . T . .
number of observed timepoints per scenario was e Hence, scenarios with smaller

At had more observations than scenarios with larger At.
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6.2.4 Statistical analysis with GLMM

We used a Generalised-Linear-Mixed-Model tailored to infectious disease data,
following BIEMANS et al. (2019a), VELTHUIS et al. (2003), LipscHUTZ-POWELL et al.
(2014), and ANcHE et al. (2015). The GLMM models the probability of a susceptible

individual, i, to become infected in a certain time interval,

1
Pi(t) = 1 — e Frimtt (6.4)

where P;(t) is the probability that susceptible individual /i becomes infected in

interval At, and e‘ﬁ“ﬁ“ is the zero term of the Poisson distribution, representing
the probability for i to escape infection. The term in the exponent is the negative
of the mean number of infections of / during At, which is the product of the average
transmission rate parameter B, the susceptibility y; of i/, the number of infected

herd mates at the start of the interval %, and the length of the interval (At).

Whether or not an individual becomes infected in an interval, y = 0/1, follows a
binomial distribution with binomial total 1 and probability P;(t); y;~Bin(1, P;(t)). For
binary infection data resulting from a Poisson process, as simulated above, the
appropriate link function to connect the expected value of y to the explanatory
variables is the complementary log-log (cloglog) (VELTHuIS et al. 2003). A GLMM
tailored to longitudinal records of individual binary infection status, therefore,

follows from applying the cloglog transformation to Equation 6.3, giving:

I
cloglog(P;(t)) = log(B) + log(y;) + log (ﬁ At) (6.5)

where P;(t) is the expected probability of infection of susceptible individual i, log(B)
is the intercept, log(y;) the logarithm of the susceptibility of individual /i, and
log(%At) an offset, i.e., an explanatory variable with a known value. The offset
accounts for the known exposure of individual /i to infected herd mates, which
depends on the fraction of herd mates that are infected, I/N, and the duration of
the sampling interval (At). Thus, the input data for the GLMM consists of, for each
individual that is susceptible at the beginning of an interval, whether that

susceptible individual becomes infected in that interval (whether it is a case), and

the fraction of infected herd mates (é) it was exposed to in the previous interval.
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To determine the effect of different model terms on the estimation of genetic
variance and breeding values for susceptibility, we fitted four different GLMMs to
the simulated data of individual binary infection status recorded at time intervals
At, in ASREML (GILMOUR et al. 2015). Table 6.1 gives an overview of the models.

Model 1 can be considered as the ‘full model’:

cloglog(Py.(t)) = ¢ + Groupy + Timer + Groupy. Timer +

I
A, i + Eplny,i +log (N At) (model 1)

Where ¢, is the intercept, which will give the estimate for log(8), Group, and Timer
are fixed effects for group and observation period, Group,.Time; is a random
interaction term between group and observation period, 4, is the random
genetic effect for log-susceptibility with underlying pedigree relationship matrix,

Eplny'i the random permanent effect for susceptibility, and log (%At) an offset, as in

Equation 6.4. Here, the logarithm of susceptibility log(y) (Equation 6.4) is
separated into a random genetic and a random permanent environmental effect,

with log(y) ~N(0,Ac§10g(y)+c§mgm). Where A is the pedigree relationship matrix

among animals.

Note that although we did not simulate systematic group and time effects, we fit
a fixed group effect in model 1 and 2 and a random interaction effect between
group and time in models 1 to 3. The motivation for this is mainly found in BIEMANS
et al. (2019a), where a significant group.time variance was estimated, even with
fitted fixed group and time effects (similar to our model 1). Furthermore, in
empirical data, it is beforehand not known whether differences between group and
time intervals account for a substantial part of the observed variation, thus it
seems reasonable to evaluate the effect of fitting a term for period and group in
the model. Next to the genetic term for susceptibility, all models contained a
permanent individual random effect, because we repeatedly observed the
infection status of each individual, such that each interval yielded an observation
for each susceptible individual with corresponding offset.
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Table 6.1. Overview of fitted models

Model Fixed Random

1 Group, Time IDgenetic IDpermanent Group*Time
2 Group IDgenetic IDpermanent Group*Time
3 IDgenetic IDpermanent Group*Time
4 IDgenetic IDpermanent

6.2.5 Investigated scenarios

We simulated different scenarios to investigate the performance of the GLMM in
estimation of genetic parameters and breeding values for susceptibility. The varied
factors were related to data design, i.e., sampling interval and group size, and
biological inputs, i.e., the transmission rate parameter (f), and phenotypic
variance and heritability of susceptibility. For each of the variables we defined a
default value, and next varied one variable at a time, while the others maintained

their default value. Table 6.2 gives an overview of the scenarios.

For the sampling interval the approach was slightly different. There, we tested
multiple values in each scenario, to see if the other variables had an effect on the
optimum sampling interval. Faster epidemics, for example, represented by a
higher value of g, may need a shorter sampling interval to get accurate estimates

for susceptibility.

Group size was not expected to have a large effect on accuracy of estimation for
susceptibility (ANACLETO et al. 2015). However, by simulating different group sizes,
we want to provide insights into estimation of susceptibility both from
experimental (i.e., small groups) and field data (large groups). An important
limitation of small groups might be the risk of stochastic fade-out of the epidemic.
This is less likely to occur if the epidemics is kick-started by a large number of
seeder individuals. However, for these seeders no information on susceptibility
can be recorded, which might negatively affect accuracy of estimation (e.g., with

group size 12, one-third of the population is a seeder in our simulations).
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Table 6.2. Overview of scenarios

Variable Default value(s) Other simulated
values

Sampling interval (At; 1 3, 5,10, 15, 20, 30

days)

Group size (N) 24 (200 groups) 12 (400), 48 (100), 96
(50), 240 (20), 480
(10)

Beta (8; day™?!) 0.2 0.12, 0.15,0.4,0.5, 1

Duration of infectious 10 -

period (days)

Phenotypic variation in 0.25

susceptibility (ogy)

Heritability of log(y) 0.5

2 1
hlog (€3]

0.1, 0.5, 1

1The simulated values of phenotypic variation and heritability correspond to
maximum values of observed-scale heritability (BimA et al. 2022) between 0.0125

and 0.125, the default scenario to 0.03.

Empirical estimates for heritability and phenotypic variance in susceptibility, as
defined above, are sparse. However, in HuLsT et al. (2021) we showed that
observed-scale heritability estimates of 0.02 and 0.05 for binary infection status
from a linear model, which are common values, correspond to a genetic variation
in susceptibility between 0.10 and 0.25. Thus, we simulated a genetic variance of
0.125 in our default scenario, and simulate a range of values around that.

Together with the different simulated heritabilities these will give an idea of the

effect of genetic and non-genetic variation on the precision of estimates.
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Given that we simulated a fixed mean duration of the infectious period of 10 days,
variation in infection transmission was simulated through beta only. Our default
value of g = 0.2/day corresponds to a basic reproduction ratio (R,) of 2 (reflecting
infections where on average ~50% of individuals will ultimately become infected).
From BiiMA et al. (2022) we know that genetic selection has largest potential for
infections with a lower R,, because indirect effects (dramatically) increase with
decreasing R,. Note that a g below 0.1/day would result in an R, below 1, and
thus in no outbreak of infection. All our simulated values are therefore above
0.1/day.

6.3 Results

We start this section by comparing the precision and bias of parameter estimates
for the different models under the default scenario. Based on this comparison, we
choose the best performing model to investigate the effect of the different
variables on parameter estimation and accuracy of breeding values. Note that all

estimates are the mean of 100 replicates, with corresponding standard errors.
6.3.1 Models

There was a considerable difference in accuracy of estimation of g between the
four statistical models (Table 6.3). Model 1 considerably underestimated g,
whereas models 3 and 4 yielded unbiased and accurate estimates. This indicates
that models 3 and 4 are well able to capture the mean level of transmission, while
this is less the case for models 1 and 2. Although the estimate from model 2 was
not biased, standard errors on B for models 1 and 2, were relatively large

compared to those for model 3 and 4.

For genetic variance of susceptibility, the results were similar (Table 6.3). Models
1 and 2 had slightly larger standard errors than 3 and 4. Furthermore, model 1
considerably overestimated the genetic variance. For permanent environmental
variance the pattern was similar: (severe) overestimation in model 1, less so in
model 2, while model 3 and 4 resulted in best and most accurate estimates.

Including fixed effects for group and particularly for time apparently leads to
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biased and inaccurate estimates of variances and g, even though the fixed effects

were not statistically significant in both models.

Even though it was not simulated, all models that included a random group.time
interaction term gave significant estimates for this variance. This suggests that
such variance, which arises in the stochastic transmission processes, accounts for
a significant part of the variation in individuals’ infection status. With longer
sampling intervals the estimated group.time variance increased considerably
(Figure 6.2A). A comparison of model 3 and model 4 (Figure 6.1B) shows that, if
a group.time interaction is not included in the model (model 4), part of its variance
ends up in the estimate for genetic variance in susceptibility, leading to
overestimation of this variance with larger sampling intervals. Addition of a
group.time random term to the GLMM is thus especially important when the
sampling interval is relatively large. However, since the other estimates are not
significantly affected by the group.time variance with lower intervals (see the full
overlap between model 3 and 4 for interval 1 in Figure 6.1B), adding it to the

model seems advisable with any sampling interval.

Based on the above results, we decided to fit a model that includes a random
group.time effect, but without fixed group and time effects, which corresponded
to model 3. In the remainder of the results we will therefore focus on the estimates

from this model.
6.3.2 Sampling interval

Figure 6.3A shows that the genetic variance in susceptibility was slightly
overestimated if there was no genetic variance simulated (hﬁ,g(y) = 0). However,
this was expected since variance estimates were forced to be non-negative in
ASREML. Estimates did not seem affected by sampling interval in the absence of
simulated genetic variation. When genetic variance was simulated, only a
sampling interval of 1 day resulted in an unbiased estimate. For sampling intervals
3, 5, and 10 the variances were slightly overestimated, while for sampling interval
above 15, they were underestimated. The largest overestimation occurred at
interval 5, and the largest underestimation at interval 30. Especially for a
simulated genetic variance of 0.25 (h? = 1), the underestimation with sampling

intervals of 20 and 30 was considerable. The precision of estimates was quite
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similar across sampling intervals, with confidence intervals with a range of 0.08
for h? =1, 0.07 for h? = 0.5, and 0.05 for h? = 0 (Figure 6.3B).
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Figure 6.2. A. Group.Time variance for different sampling intervals. B. Genetic
variance in susceptibility for different sampling intervals, estimates from model 3
and 4. The red line indicates the simulated genetic variance. All other input values
as in the default scenario.

6.3.4 Simulated phenotypic variance

Figure 6.4 shows that the GLMM is able to pick up the trend in simulated
phenotypic variance and heritability in susceptibility, especially with a sampling
interval of 1. With a sampling interval of 10, simulated genetic variances of 0.5
and 1 were significantly underestimated, irrespective of simulated heritability.
With a sampling interval of 1 this underestimation also occurred, but to a lesser
extent. Again, absence of genetic variation was accurately identified (i.e.,

confidence interval overlaps zero only when the true variance is zero), a sampling
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interval of 1 resulted in unbiased estimates for genetic variance of 0.25 and lower.
Absolute precision decreased with increased simulated variance (Figure 6.4B).

However, relative to the size of the estimate, precision increased.
6.3.5 Transmission rate parameter (B)

Figure 6.5 shows the effect of B on genetic variance estimates. Higher values of g
(and thus higher R,), result in epidemics where transmission goes faster, so that
more individuals get infected per unit of time, and a greater proportion of the
individuals becomes ultimately infected. Higher value of g generally led to
increasing overestimation of the genetic variance in susceptibility. However, the
pattern was inconsistent in the absence of simulated genetic variance (simulated
heritability of 0), where overestimation decreased with increasing g. With
simulated heritability of 1 (genetic variance 0.25), a low value of g of 0.12 and
0.15 resulted in a slightly underestimated genetic variance. Nevertheless,
deviations from the simulated value were relatively small, except for g =1 (R, =
10, reflecting an infection affecting on average ~90% of the individuals). Precision
of estimates increased with simulated g, and was clearly lower for g of 0.12 and
0.15 (Figure 6.5B).

Table 6.3. Mean estimates of epidemiological parameters and variance
components obtained by the four models for the default scenario.
Estimates followed by their standard errors. True values are indicated in
the header between brackets.

Model g (0.20) 03 (0.125) o} (0.125) a2, (0)

1 0.14 + .008 0.201 + 1.117 £ .0110 0.10 + .004
.0060

2 0.19 + .012 0.143 + 0.359 + .0074 0.14 + .004
.0043

3 0.20 + .001 0.124 + 0.150 + .0052 0.14 + .004
.0034

4 0.20 + .001 0.125 + 0.177+ .0053 NA
.0034
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Figure 6.3. Bias in mean estimates of genetic variance in susceptibility (panel A)
and mean confidence intervals of these estimates (panel B) for different sampling
intervals and three values of heritability. Other variables as in the default scenario.
Red lines indicate the simulated genetic variance, grey error bars in panel A
indicate standard errors of the mean of 100 replicates. Note the missing estimate
for interval 30, h? = 0, due to convergence problems.

6.3.6 Group size

Figure 6.6 shows that group size had a minor effect on the bias and precision of
estimates of genetic variance in susceptibility. There seemed to be a little
overestimation for some group sizes, but there was no clear pattern. The precision
of the estimates was slightly lower for group size 12 (Figure 6.6B), which is likely
caused by the relatively large proportion of seeder individuals (without
observation) in that scenario.
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6.3.7 Breeding value accuracy and bias

Figure 6.7A shows that the accuracy of estimated breeding values (EBVs), being
the correlation between true and estimated breeding values, was little affected by
the sampling interval. Higher heritability led, as can be expected, to higher
accuracy, as did higher simulated genetic variance (Figure 6.7B). Despite the low
observed-scale heritability of binary disease status, which was either 0.02 or 0.05
(see Table 6.2), the accuracies of EBVs for susceptibility suggest that meaningful
response to selection can be obtained. Accuracy increased with the transmission
rate parameter but reached a maximum at a certain level (Figure 6.7C). An
intuitive explanation is that outbreak size is smaller with lower g (Figure 6.1),
leaving a larger fraction of the population uninfected. There is no difference in
susceptibility estimate between these uninfected individuals, thus breeding value
estimation will be less accurate if a larger fraction of the population stays
uninfected. The effect of group size on accuracy is similar as that of g (Figure
6.7D). In our design, each contact group had four seeder individuals that started
the infection, irrespective of group size. Thus, the number of individuals for which
meaningful records for susceptibility could be obtained, was larger in the larger
contact groups, just because the total number of seeder individuals was lower in

that case.

Next to the accuracy of sire EBVs, we also calculated accuracy for dam and
offspring EBVs. The patterns for dam and offspring EBV accuracy were very similar
to those in Figure 6.7 and align fully with our expectations based on population
structure. Our population was simulated according to a full-sib half-sib design,
with 50 offspring per sire, 10 per dam, and records only on the offspring.
Therefore, the accuracy of offspring EBVs was higher than of dam EBVs, because
each offspring had, next to own records, information on 4 full-sibs, and 45 half-

sibs, whereas dams only had information from 10 offspring.

Figure 6.8 shows the bias in estimated sire breeding values for the logarithm of
susceptibility for different sampling intervals. The pattern of bias in prediction
accuracy is very similar to that of the genetic variance estimates (Figure 6.3),
with no bias at interval 1, overestimation at intervals 3 to 10, and underestimation

from interval 15. This holds for all scenarios investigated above.
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Figure 6.4 (previous page) Bias in mean estimates of genetic variance in
susceptibility (panel A) and mean confidence intervals of these estimates (panel
B) for different simulated values of phenotypic variance in susceptibility, three
values of heritability, and sampling interval of 1 (left panel) and 10 (right panel).
Other variables as in the default scenario. Red lines indicate the simulated genetic
variance, grey error bars in panel A indicate standard errors of the mean of 100
replicates.
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Figure 6.5. Bias in mean estimates of genetic variance in susceptibility (panel A)
and mean confidence intervals of these estimates (panel B) for different simulated
values of the average transmission rate parameter g and three values of
heritability. Other variables as in the default scenario. Red lines indicate the
simulated genetic variance, grey error bars in panel A indicate standard errors of
the mean of 100 replicates.
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group size and three values of heritability. Other variables as in the default
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panel A indicate standard errors of the mean of 100 replicates.
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Figure 6.7 (previous page) Accuracy of sire estimated breeding values (EBV),
for heritability of 0, 0.5, and 1. A. Different sampling intervals B. Different
phenotypic variance C. Different simulated beta D. Different contact group size.
Other values as in the default scenario (Table 6.2).
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Figure 6.8 Regression coefficient of regression of estimated sire breeding value
for the logarithm susceptibility on true sire breeding value for the logarithm of
susceptibility, for different sampling intervals. Other values as in the default
scenario. A regression coefficient of 1 means no bias in EBV, a regression
coefficient >1 means that breeding values are overestimated, a regression
coefficient of <1, means underestimation of breeding values.
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6.4 Discussion

Here we showed that a GLMM is able to produce accurate and almost unbiased
estimates of genetic variance for susceptibility to an infectious disease if
longitudinal records of individuals’ infection status are available. The sampling
interval was the main factor affecting estimation, especially with a larger
simulated genetic variance. In general, the shorter the sampling interval, the

better the estimates.

Sampling interval is important because it determines the quality of the
information. The input for the GLMM is binary data on susceptible individuals. In
each interval, the observation per susceptible individual can either be a zero (not
infected in the interval), or a one (infected in the interval). To accurately
determine the susceptibility of an individual, each observation is corrected for the
exposure to infectious individuals by including the offset in the model. However,
if the sampling interval is too large, the information in the offset gets outdated
and might therefore be incorrect. Either because additional individuals became
infected after the start of the interval, resulting in an offset that underestimates
exposure, or because individuals recovered after the start of the interval, giving
an offset that overestimates exposure. Furthermore, a larger sampling interval
will result in less accurate observation of the (differences in) infection times of
individuals, which likely leads to a lower estimated genetic variation. For example,
in a very long interval, nearly all individuals may become infected, making it
impossible to discriminate between them. The group.time random effect captures
(part) of the extra variation that arises due to the incorrect offset (see Figure 6.2),
because that is estimated based on what is actually happening (i.e. the number
of new infections) and not, like the offset, based on the fraction of infected

individuals in the previous interval.

To get more grip on the sampling interval that is needed for accurate estimation
of genetic parameters, we could look at the minimum expected interval between
events (Figure 6.9), events being infection of susceptible individuals and recovery
of infected individuals. The minimum expected interval depends on the
transmission rate of the epidemic (B), the average recovery rate (a), the expected
maximum number of infected individuals (1,4, ), derived deterministically, and the

number of susceptible individuals in the contact group (S):
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1

Min. expected interval = (6.6)

ﬁ—sklnax + alyax
The effect of increase in g on the minimum expected inter-event interval seems
to be visible as bias in the parameter estimates (Figure 6.5), where from g = 0.4
the genetic variance was overestimated. Figure 6.9 shows that the minimum
expected interval decreased from ~15 days for g = 0.2 to ~3 days for g = 0.4, but
it only decreases below 1 for a g of 1. Thus, the minimum expected inter-event
interval as calculated here cannot fully explain this overestimation for g =0.4.
However, it is important to note that the actual minimum interval may be much
smaller than the expected value, due to stochastic events, and thus that the
chosen sampling interval is preferably shorter than the minimum expected

interval.

The model comparison (Table 6.3) showed that the inclusion of fixed effects for
group and time in the model led to biased and inaccurate estimates for g and the
genetic variance in susceptibility. The overestimation of genetic variance is in
contrast to our experience that the addition of a fixed effect in the model could
only lead to a reduction in observed variance. The underestimation and large
uncertainty in the estimate of g for these models, i.e. much larger standard errors
than for the models without fixed effects, show that the models with fixed effects
poorly picked up the mean level of transmission, which likely causes errors in
estimation of the individual susceptibility effect and thereby probably has led to
the overestimated susceptibility variance. This observation is important, since
inclusion of fixed herd, year, and season effects in models of genetic analysis of
livestock is common. Our results indicate that care should be taken with keeping
such effects in a GLMM when they are not significant, since they might affect the

variance estimates.

The usual approach for genetic analysis of infectious disease data is to analyse
binary disease/infection status or an indicator trait (e.g. somatic cell count) with
linear or GLMM-like threshold models (e.g. PEREZ-CABAL et al. 2009; WELDERUFAEL
et al. 2017; MARTIN et al. 2018). Importantly, these threshold models are not
based on epidemiological principles. As far as we know, the only study so far that
estimated genetic parameters for infectious disease susceptibility from real data
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using exposure in a GLMM tailored to the transmission process is by BIEMANS et al.
(2019a). Corresponding to our results of the group.time effect, they found a
significant farm*period variance. In contrast to our results, however, dropping
this effect from the model led to a (non-significant) decrease in estimated genetic
susceptibility variance, instead of an increase. Their estimated susceptibility
variance of 0.55 at a sampling interval of half the infectious period (which
corresponds to 5 in our case), might be underestimated if we look at our results
(see Figure 6.4). However, as indicated before, theoretical results suggest that a
genetic variance in susceptibility of 0.25 is already at the higher end (HuLsT et al.
2021; BumaA et al. 2022). Definitely, more empirical estimates of genetic variance
in susceptibility using exposure as an offset in a multiplicative model are needed

to get a better idea of realistic values.
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Figure 6.9 Minimum expected inter-event interval per individual in days as a
function of beta, for an average duration of the infectious period of 10, as used in
this paper. An event being infection of a susceptible individual or the recovery of
an infected individual.
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ANACLETO et al. (2015) did a study similar to ours, with simulated infection data,
but a different, Bayesian method to estimate genetic parameters. They showed
that group size has very little effect on prediction accuracy for susceptibility, which
corresponds to our results in Figure 6.6. Furthermore, our results align with their
indication that prediction accuracy starts to decline with increasing sampling
interval, in particular when the interval becomes larger than the average duration

of the infectious period.

Next to susceptibility, other host genetic traits affect the basic reproduction ratio
of an infectious disease and are therefore relevant to selection. For example,
infectivity, which is the propensity of an animal to infect herd mates once it has
become infected, and recoverability, which is the ability of an animal to recover
from infection. Given that there is evidence for genetic variation in both of these
traits (ANACLETO et al. 2019; BIEMANS et al. 2019a; PreNTICE et al. 2022), two
questions seem relevant for further investigation: (1) How does genetic variation
in infectivity and recoverability, or other host genetic traits affecting disease
transmission, if not accounted for in the analysis, affect estimates for
susceptibility, and (2) how to obtain accurate estimates for infectivity and the

other traits.

GLMMs can be used to estimate genetic effects for infectivity (ANCHE et al. 2015;
BIEMANS et al. 2019a). However, previous studies show that estimates for
infectivity effects are much more sensitive to experimental design than the
estimates for susceptibility (e.g. ANCHE et al. 2015; PooLey et al. 2022a).
Nevertheless, the potential of selection on infectivity to reduce the prevalence of
infectious diseases in livestock might be even larger than the potential of
susceptibility, because genetic variation infectivity has not yet been harvested by
breeders (TsaAlrRIDOU et al. 2018). Thus, there seems opportunity for further
research into the suitability of GLMMs to estimate genetic parameters for

infectivity and the corresponding data requirements.

Our results indicate that genetic parameters for susceptibility can accurately be
estimated using GLMMs, at least when there is only variation present in
susceptibility. Accuracy of estimation is not much affected by infection
characteristics, but it requires frequent sampling of the infection status of

individuals. The sampling interval should at least not exceed the average duration
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of the infectious period, but is preferably much shorter, to prevent bias in the
estimates of genetic variance. In practice, achieving such small sampling intervals
is labour-intensive and might be unfeasible, especially in large populations.
However, current developments in automated phenotyping might lead to change
on this point. Investments in such systems seem justifiable, given the financial
and societal impact of infectious diseases in livestock. In conclusion, the GLMM
seems a robust, accurate and relatively easy implementable model to estimate
genetic parameters for susceptibility. Thereby, it might give an important
contribution to better quantification of the potential of genetic selection to reduce

the impact of livestock infectious diseases.
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Chapter 7

General Discussion
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7.1 Introduction

This thesis reveals a critical difference in aim and approach between animal
breeding and epidemiology in controlling infectious diseases. In animal breeding
programs, the rate of genetic change per trait is typically small, due to a large
number of traits in the breeding goal and antagonistic correlations between those
traits. For infectious disease traits, this corresponds to small reductions in endemic
prevalence. Such small reductions are in full contrast to the goals in veterinary
epidemiology. There, the aim of an infection control program is typically to locally
eradicate the infectious disease, and thus to achieve large reductions in
prevalence. Here, ‘local’ can be farm, regional, or national level and eradication is
typically achieved by applying a combination of measures, such as vaccination,

trade restrictions, or test and removal (e.g. EUROPEAN COMMISSION 2020).

Chapter 5 shows that the current approach in animal breeding typically creates
an ‘invasion window’ for mutants of the pathogen that can escape the genetic
resistance of hosts. In this window, these mutants might spread through the
population and thereby diminish the gradual reductions in prevalence that were
achieved through genetic selection. Therefore, I argue that the goal for selection
against infectious diseases in animal breeding should be changed from gradual
reductions in prevalence to eradication. In that way, the approach in animal

breeding corresponds to the approach in epidemiology.

From an animal breeding perspective, it might seem impossible to resemble the
epidemiological approach. First, because accepted quantitative genetic theory
predicts that breeding a binary trait to a prevalence of 0, i.e. eradication, is
impossible (RoBerTsON 1950). Second, because if achieving large reductions in
prevalence in a few generations of selection is possible at all, this might be
undesirable in a breeding program with many traits due to unfavourable correlated
responses in other traits and high inbreeding. However, the results in this thesis
indicate otherwise. In Chapters 2 and 3 I showed that eradication is, in principle,
possible using genetic selection, because of indirect effects that occur in the
transmission of infectious diseases. These indirect effects are very similar to the
mechanism underlying herd immunity following vaccination. The next section of
this general discussion further elaborates on the indirect genetic effects in

infection transmission. As shown in Chapter 4, the indirect effect can be increased
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by combining genetic selection with other infectious disease interventions, such
that less genetic change in an infectious disease trait is required to achieve large

reductions in infection prevalence.

However, changing the breeding goal for infectious disease traits from ‘gradual
reduction in the prevalence of the infection’ to ‘eradication of the infection’,
requires specific changes to a breeding program (e.g., traits used, phenotypes
collected) and to the way genetic material is distributed into (commercial)
livestock populations. In Chapter 6, I developed important insights into how
breeding values and genetic parameters for infection susceptibility can be
estimated accurately from longitudinal infection data. There, I showed that a
relatively short observation interval and a statistical model that accounts for
exposure are needed for unbiased and accurate estimation, while group size and
the transmission characteristics of the disease had little effect. In this general
discussion, I further explore what such a restructured breeding program could
look like, which traits could be selected for, what kind of phenotypes are needed,
how these phenotypes can be collected, and how herds should be composed both
in the breeding and production population. Finally, I will discuss the implications
of the findings in this thesis for future research and more broadly for agriculture

and society.

7.2 Indirect genetic effects in infectious disease transmission

The indirect genetic effect caused by infectious disease transmission is a recurring
theme in this thesis. Indirect effects are well known in infectious disease
epidemiology from amplifying the effect of infectious disease interventions and
causing herd immunity (Chapter 4; (FINe 1993)). An indirect effect occurs for
interventions that decrease the chance of an individual to become infected or its
propensity to infect others. It arises because of a reduced infection pressure in
the population, which decreases the probability of all individuals to become
infected. This reduced infection probability of all individuals feedbacks again on

the infection pressure in the population.

Indirect genetic effects are effects of the genotype of an individual on the trait

value of other individuals (GRIFFING 1967; MOORE et al. 1997; Muir 2005; BIIMA
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2014). An example of an indirect genetic effect can be found in selection for
increased individual survival of laying hens, which might lead to increased
population mortality (CRAIG AND MuUIR 1996; Muir 2005). Here, the favourable
genotype for individual survival has an unfavourable indirect genetic effect on
survival of other individuals in the group. The indirect genetic effect of
susceptibility, discussed in this thesis, is thus an effect of the genetic susceptibility
of an individual on the probability to become infected of its herd mates. In contrast
to laying hen survival, both the direct and indirect genetic effect are in the same
direction, i.e., selection for decreased individual susceptibility will lead to an

overall reduction of infection probability in the population.

In Chapter 2, the indirect effect of susceptibility causes the large response to
selection in infection prevalence and eventually leads to eradication of the
infection following simple sire selection. In Chapter 3, the size of this indirect
effect is quantified relative to the ordinary breeding values of infectious disease
status (the direct effect). The total breeding value for prevalence, which includes
the indirect effect, is a factor of the inverse of the endemic prevalence larger than
the breeding value for disease status. Thus, for endemic prevalence of one in four
(0.25), the total effect of selection for reduced susceptibility on infection
prevalence is four times greater than predicted by the breeding value for disease
status. In chapter 4, the result of chapter 3 is placed in a general epidemiological
context, and I show that the factor inverse of the endemic prevalence gives a
good approximation of the overall effect of any infectious disease intervention,
irrespective of intervention coverage and effect. Chapter 5 deals with coevolution
of the pathogen and determination of the invasion window. However, also in this
chapter the indirect effect of susceptibility comes into play when the upper limit
of the invasion window is defined: the point of eradication. In chapter 6, the
indirect effects of susceptibility are the main motivation for the use of a GLMM
that corrects for exposure (i.e., the infection pressure in the herd) for estimation
of genetic parameters and breeding values for susceptibility.

The notion that genetic selection on susceptibility leads to indirect genetic effects
is in itself not new. Back in 1997, BisHOP AND STEAR (1997) identified a 1.7 times
larger response to selection for resistance of sheep to gastro-intestinal parasites

than predicted by quantitative genetic models. As they wrote, this was due to the
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epidemiological dynamics of the parasite infection. Here, resistance is basically an
inverse definition of the same trait as susceptibility, with low resistance being high
susceptibility and high resistance being low susceptibility. Further demonstration
of the indirect effect of susceptibility was given by NieuwHoF et al. (2009), who
stated that selection for resistance, including the epidemiological dynamics, has
the potential to double the expected selection response in prevalence of foot rot
in sheep. In a theoretical paper on defining the heritable variation in R;,, ANCHE et
al. (2014) showed that selection of related individuals leads to higher response in
R,, because the indirect effect of susceptibility is (partly) included in selection in

that way.

Nevertheless, most emphasis when it comes down to improving genetic selection
against infectious diseases has gone to selection on infectivity, the propensity of
an infected individual to infect others (LipscHuTz-PoweLL et al. 2012; ANCHE et al.
2014; ANACLETO et al. 2015; BIEMANS et al. 2017; TsAIRIDOU et al. 2018; ANACLETO
et al. 2019; TsaIriDoOU et al. 2019). Unlike susceptibility, which has both a direct
and indirect effect on the infection status of an individual animal, the effect of
infectivity on infection status is fully indirect. This implies that selection of an
individual for reduced infectivity will not directly affect its own probability of
getting infected, only the probability of herd mates. Likewise, breeding values for
infectivity are not easy to estimate with linear models of infection status, but
require specific designs with respect to group size and relatedness within and
between groups (BiimMA 2010; ANCHE et al. 2015; PooLEY et al. 2022a).

An interesting motivation for the interest in infectivity is found in evolutionary
theory by LipscHUTz-PoweLL et al. (2012). The evolutionary argument is that
natural selection has exhausted genetic variation in susceptibility, because
susceptibility is a component of an individual’s own fitness. Since infectivity is not
a component of the own fithess of an individual, but only of its groupmates,
genetic variation in infectivity is less affected by natural selection. This leads to
the expectation that, if accurate estimates of breeding values can be obtained,
selection for infectivity yields larger response in infection prevalence than
selection for susceptibility. A related argument is that susceptibility has already
been selected for in breeding programs that select for lower infectious disease

status (LipscHuTZz-PowEeLL et al. 2012). However, results of such selection are
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typically estimated to be limited, because of the low heritability of disease status.
This low expectation also raises doubts about whether selection on susceptibility
will be effective and might have limited the selection effort put into the trait. The
results in Chapter 2 of this thesis indicate otherwise. The typical low heritability
estimates for infectious disease status actually correspond to a considerable
genetic variation in susceptibility, and indirect genetic effects lead to considerably

increased response to selection in prevalence.

Given the considerable indirect effect of susceptibility, especially at lower endemic
prevalence, and given that the indirect effect of susceptibility is fully correlated to
the direct effect, questions arise whether the current selection practice already
benefits from the additional indirect response that is expected when animals are
effectively selected for lower susceptibility. Signs of such additional response are
scarce in literature (see e.g., the examples in Chapter 2), but further investigation
is required for a detailed answer. Several hypotheses for this lack of examples
have been proposed in this thesis. Pathogen adaptation might play a role, given
that genetic progress is typically slow in a multi-trait selection program, with
unfavourable correlations between resistance and production traits (e.g. Rupp AND
Foucras 2010). Another problem is that farm or herd effects, which are usually
fitted in genetic models, can mask the susceptibility of individual animals. When
a herd consists of predominantly lowly susceptible animals, the indirect genetic
effects lead to a (much) lower than average prevalence of the infection in that
herd. However, the herd effect attributes this indirect genetic effect to non-genetic
herd factors, such that the breeding value for susceptibility of the animals in this
herd is overestimated, and the genetic potential underestimated. When a herd
consists of predominantly highly susceptible individuals, the herd effect has the

opposite effect, leading to overestimation of the genetic potential.
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7.3 Genetic variation in disease traits

A critical condition for the large potential of genetic selection for lower infectious
disease prevalence is the availability of genetic variation in susceptibility (and
potentially in other traits). Since susceptibility is an unobservable trait, a method
tailored at identifying variation in susceptibility from observed infection data, e.g.,
using a GLMM with an offset that corrects for exposure as in chapter 6, is needed
to get estimates. Since these methods are relatively new and not widely
implemented, empirical estimates for genetic variation in susceptibility are still
scarce. The only example so far seems to be from data on digital dermatitis in
dairy cattle, by BIEmANS et al. (2019a), which estimates a genetic variance of 0.55
for susceptibility on the log-scale. This variance of 0.55, with a phenotypic mean
of 1, corresponds to a genetic coefficient of variation of 74%. On the exponential
scale this variance of 0.55 roughly corresponds to a 20-fold difference in
susceptibility between the 5% least and 5% most susceptible animals, which is
considerable and close to the upper bound of genetic variance in susceptibility as
identified in Chapter 2.

Nevertheless, numerous studies use classical quantitative genetic methods on
infection status data to estimate heritability and genetic variation in infectious
disease status (e.g. PEREz-CABAL et al. 2009; WELDERUFAEL et al. 2017; MARTIN et
al. 2018). Typically, such studies find a heritability between 0.02 and 0.10. In
Chapter 2, I showed that these typical heritability values correspond to a
substantial genetic variation in susceptibility. Next to susceptibility, the heritable
variation in infection status might also arise from genetic variation in
recoverability, which determines the duration of the infectious period. The effect
of both traits on R,, and thus on endemic prevalence, is similar. Consequently,
the in Chapter 2 identified genetic variation in susceptibility should actually be
interpreted as genetic variation in susceptibility, recoverability, or a combination

of the two.

Genetic variation might also be present in other epidemiological traits that affect
infection transmission but are not directly captured by a linear model of infection
status, such as infectivity. For infectivity, BIEMANS et al. (2019a) estimated a
genetic variance of a magnitude 50 times the susceptibility variance, which seems

immense, but at least provides a strong indication that genetic variation for
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infectivity of digital dermatitis is present in dairy cows. Furthermore, experimental
studies of fish showed evidence for the presence of genetic differences in
infectivity (DoescHL-WiILsoON et al. 2018; ANACLETO et al. 2019). In contrast to
infectivity and susceptibility, the presence of genetic variation in recoverability
has less clearly been demonstrated with empirical data. Nevertheless, one of the
studies in fish showed genetic variation in infection ‘endurance’, which also
entailed the duration of the infectious period (ANACLETO et al. 2019). Definitely,
more empirical estimates of genetic variation in susceptibility and the other traits
are needed to unwind the true potential of genetic selection for decreased infection
prevalence. The results in chapter 6 indicate that for susceptibility estimates can
be obtained from both experimental and field data, but that repeated observations
with a short observation interval are needed to correctly link infection to exposure

and thus for accurate and unbiased estimation.

7.4 Resistance vs. Resilience vs. Tolerance

Three traits are typically discussed when the aim is to reduce the impact of
infectious diseases in livestock by using genetic selection: resistance, tolerance,
and resilience (DOESCHL-WILSON AND KYRIAZAKIS 2012; BisHOP AND WoOLLIAMS 2014;
KNAP AND DOESCHL-WILSON 2020). Resistance is defined as the ability of an animal
to prevent itself from becoming infected or to clear itself from infection, which has
an impact on transmission of the pathogen and on the clinical outcome in the
animal (RABERG et al. 2007; BisHoP AND WooLLIAMS 2014). Susceptibility, which is
used throughout this thesis, is essentially the reciprocal of resistance (highly
resistant individuals have a low susceptibility and vice versa), with the same
effects on transmission and clinical outcome. Tolerance is different from
resistance, because the focus of selection for tolerance is reducing pathogenic
outcome of infection (i.e. clinical signs), with no emphasis on the consequences
for transmission (RABERG et al. 2007; BisHop AND WooLLIAMS 2014). A common
definition of resilience is the ability to maintain performance (production) under
challenges from the environment (ALBERS et al. 1987; BERGHOF et al. 2019b). With
this definition, resilience is more or less a ‘black box’ trait, where the underlying
mechanisms and the effects on pathogen transmission are typically unknown.

Furthermore, the challenges from the environment that determine resilience often
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not only include pathogens, but also other environmental factors such as heat
stress and poor air quality, and management or handling stressors.

Question here is which of the three traits is best to use in a breeding program that
has the goal to reduce the impact of infectious disease in the population. The
advantage of resistance over tolerance is that it not only reduces clinical signs in
the resistant individuals, but also has an effect on transmission of the pathogen.
This reduced transmission results in an indirect effect through lower prevalence
of the infection in the population, such that also fewer resistant individuals have
a lower probability of becoming infected. Chapters 2, 3 and 4 show that this
indirect effect can be considerable and can even be used to locally eradicate the
infection. An argument used against selection for resistance is that resistant
animals exert selection pressure on the pathogen by reducing its transmission
(e.g. BisHoP AND STEAR 2003; Guy et al. 2012). This selection pressure will sooner
or later lead to the evolution of adaptations of the pathogen that enable it to
escape the genetic resistance of animals and thereby to diminish the effects of
genetic selection. In chapter 5, I showed that pathogen escape can be prevented
by increasing the level of resistance of the exposed host population fast or at once
to a reproduction ratio below 1, such that the pathogen dies out locally before
adapting to the selected host population. However, such a strategy is totally
different from the current approach in animal breeding and would require

considerable changes to the breeding infrastructure, which will be discussed later.

Tolerant animals, on the other hand, are often assumed to exert no selection
pressure on the pathogen population, because they still fully contribute to
transmission. A common expectation is thus that selection for tolerance will not
be counteracted by adaptations of the pathogen (RABERG et al. 2009; DOESCHL-
WiLsoN AND KYRIAzZAKIS 2012). Although this reasoning might seem logical, it
overlooks a very important aspect of the coevolution between host and pathogen.
The classical way of thinking about such coevolution is that pathogens eventually
evolve to be non-harmful to their hosts, because they depend on the host for
reproduction and it is thus most beneficial for pathogen fithess to keep the host
alive as long as possible (e.g. May et al. 1983). In other words, pathogens that
kill their host also spoil their own chance to reproduce. Nevertheless, there are

currently still numerous pathogenic parasites, some of which have been
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pathogenic for thousands of years (MAy et al. 1983; MAY AND ANDERSON 1990). An
explanation for this existence of pathogenicity is that some degree of harm to the
host is often beneficial for transmission of the pathogen, the so-called virulence-
transmission trade-off (MAy et al. 1983). The classical example of this trade-off is
Myxoma virus in European rabbits, which is transmitted by flies and mosquitos.
The virus causes skin lesions and is highly lethal (FENNER AND WOODROOFE 1953).
When introduced into a naive rabbit population, mortality due to Myxoma virus is
more than 99% (FENNER AND MARSHALL 1957). This mortality rapidly reduces to
more intermediate levels, but not further to zero (FENNER AND WOODROOFE 1965).
The pathogen is picked up by the vector species from skin lesions, which are thus
essential for the pathogen to be transmitted. The trade-off is that if skin lesions
become too severe, the host (the rabbit) rapidly dies, and the virus can no longer
transmit. Hence, long term evolution of pathogens has resulted in some optimum
level of virulence, corresponding to a maximum effective reproduction ratio (May
et al. 1983). In addition, competition between pathogen strains within the
individual (killer-milker dilemma) might lead to more virulent pathogens (VAN
BAALEN AND SABELIS 1995). A slowly transmitting pathogen that does little or no
harm to its host might be outcompeted by a pathogen that induces a stronger
immune response or kills the host but transmits much faster than the harmless
pathogen. Although the fast-transmitting pathogen might achieve Iless
transmission in total, it spoils the chances of transmitting for the harmless

pathogen in the same host by killing the host.

Since selection for tolerant hosts essentially aims to make pathogens harmless to
the host, it might be counteracted by the two evolutionary mechanisms described
above. Thus, apart from reducing disease in the host population, increased
toleration of the pathogen by the host might open up opportunities for more
harmful mutants of the pathogen to invade the host population. Such harmful
strains can outcompete the tolerated strain by achieving higher transmission
through the initiation of clinical signs or by killing the host and thereby spoiling
the host environment for the tolerated strain. In any case, the outcome will be
that selection for tolerance is counteracted by adaptations in the pathogen that
lead to the occurrence of clinical signs in tolerant animals again. Furthermore, the
disease might be (much) more severe in the less tolerant animals due to the new,

more harmful, strains of the pathogen that spread through the host population.
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This phenomenon has been observed in practice in vaccination campaigns against
pertussis (whooping cough) in humans, and Marek’s disease in chickens (READ et
al. 2015; MiLLER AND METCALF 2019). In the latter case, mortality of unvaccinated
birds increased from about 80% to nearly 100%, due to virulence-increasing
adaptations of the virus. Thus, the general assumption that selection for tolerance
will not be counteracted by evolution of the pathogen largely neglects the complex
coevolution between pathogen and host, and thereby leads to an overestimated

potential of selection for tolerance.

Next to tolerance and resistance, resilience can be considered a third possible trait
to select for when the goal is to reduce the impact of infectious diseases in
livestock populations. Heritable variation in resilience has been identified in
various species and based on different production traits (ELGERSMA et al. 2018;
BERGHOF et al. 2019a; Putz et al. 2019; Poprpe et al. 2021). Typically, resilience is
measured as the consistency of production over time, in a challenging
environment. Animals that are classified resilient show less fluctuations in
production and recover faster from production drops (ALBERS et al. 1987; BERGHOF
et al. 2019b). If infections are part of the environmental challenge, such resilient
animals can either be tolerant or resistant to infection, or a combination of the
two (KNAP AND DoescHL-WiLsoN 2020). In contrast to the typical definition of
resistance and tolerance, however, resilience is not an infection-specific trait. This
makes it an interesting trait to select for from a practical point of view, because
livestock species are usually challenged by multiple pathogens in their commercial
environment. However, because of the ‘black box’ character of the trait, it is often
unclear whether the genetic variation in resilience actually corresponds to

resistance or tolerance for multiple pathogens.

Interesting research to get more insight into the multiple pathogen background of
resilience is that of a Natural Disease Challenge Model (NDCM) of pigs in Canada
(Putz et al. 2019; Bal et al. 2020). Here, pigs reared in nucleus environments with
high health status (pathogen free), were over a period of several years introduced
into a commercial, dirty, environment, and there exposed to herd mates infected
with a variety of pathogens that typically occur in such environments. One of the
outcomes of this experiment was the identification of a general resilience trait with

moderate heritability. Resilience being the variation in individual feed intake over
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time, with the motivation that pigs eat less when they are ill (Putz et al. 2019).
In other words, genetics affects the feed intake of individual pigs on a farm where
they are confronted with a large variety of pathogens. Also in this experiment,
however, the exact mechanisms of resilience are often unknown, might very well
differ between individuals, and likely also contain response to other environmental
factors than pathogens. Thus, when selection is for a resilience trait, it will be
difficult to manage the risk of pathogen adaptation. The strategies I proposed in
chapter 5 will, for example, be more difficult to implement if part of the animals
continues to shed pathogens, without showing any clinical signs of infection. Such
asymptomatic shedders make it harder to eradicate an infection from a
population, leaving opportunity for the emergence and invasion of escape mutants

of the pathogen.

A potential solution to the above mentioned problems with resilience would be to
shift from individual resilience to a concept of herd resilience (DoOESCHL-WILSON et
al. 2021). The principle of herd resilience seems especially relevant and beneficial
for infectious diseases. Essentially, this approach aims to reduce the basic
reproduction ratio (R,) of the infection in the local population, preferably below 1.
Thus, the results of this thesis might contribute to increased herd resilience.
Evidently, selection for reduced susceptibility with effort to make use of the
occurring indirect genetic effects, the common thread of this thesis, also results
in a reduction of Ry, and thus in an increased herd resilience. Selection for reduced
infectivity might act as a powerful addition to this. Another possible trait that fits
in the herd resilience concept is to select for improved response to vaccination.
Results of challenge tests provide a first indication that genetic variation in vaccine
response exists (DUNKELBERGER et al. 2022). Also here, this is particularly useful if
a vaccine reduces the transmissibility of the infection and might be risky if the
vaccine only reduces the clinical outcome of infection. As noted by DoescHL-WILSON
et al. (2021), an increased effect of vaccination enhances (local) eradication
programmes, i.e. to come to resilient herds. Furthermore, a combination of
interventions will be much more powerful than (the sum of) separately applied
interventions, in decreasing prevalence as well as in preventing pathogen

adaptation, as discussed in Chapters 4 and 5.
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7.5 Collection of phenotypes

One of the challenges in selection for reduced susceptibility (and potentially
infectivity) is the collection of phenotypic data of sufficient quality, e.g., with a
short observation interval (Chapter 6), and on a sufficient number of animals. In
commercial animal breeding programmes, the selection candidates represent high
economic value and are therefore kept in environments with high biosecurity, i.e.,
specific-pathogen free in pigs and poultry. Consequently, it is not possible to
collect infectious disease phenotypes on the selection candidates themselves.
Thus, the phenotypic information of selection candidates needs to come from
relatives, which could be either close relatives excluded from selection (e.g.,
siblings) that are exposed to a pathogen in a transmission experiment, or the
descendants in the commercial environment, likely exposed to all relevant
pathogens. Here, genomic selection is of large added value, because it decreases

the need for continuous phenotypic information.

Note that there is an important difference between challenge test, which are
already conducted in animal breeding, especially in aquaculture, and transmission
experiments that I suggest here. In a typical challenge test, every individual
animal gets artificially infected with a certain pathogen, after which its
performance under this pathogen challenge is assessed. In aquaculture, for
example, the trait of interest in such experiments is usually mortality (ELASwAD
AND DUNHAM 2018; ROBINSON et al. 2023). In transmission experiments, on the
other hand, uninfected individuals are exposed to (artificially) infected group
mates. In epidemiology, such experiments are generally used to estimate
transmission parameters and the effect of vaccines on those (e.g. VAN DER GOOT et
al. 2005). Which of the two experiments to prefer is highly dependent on the trait
of interest. If interest is purely in performance of the animal while it is infected, a
challenge test might be desired, because of the certainty that every individual
gets infected. Still, care should be taken in interpretation of the results because
artificial infection, e.g., through inoculation, might yield a different clinical
outcome than natural infection. If interest is, however, in a trait that measures
the (genetic) contribution of an individual to transmission, such as susceptibility
as used in this thesis, a transmission experiment is to be preferred. Challenge

tests will be uninformative for a transmission trait, because of the unobservable
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differences in transmission (i.e., everyone gets infected at the same time). In
Chapter 6, data from simulated transmission experiments was used to estimate
genetic parameters and breeding values for susceptibility, which showed low bias
and high accuracy. Importantly, individuals that do not get infected during the
experiment also provide information on their susceptibility (i.e., low
susceptibility). Furthermore, results of transmission experiments can be used to
estimate genetic effects for infectivity (PooLey et al. 2020; PoOoOLEY et al. 2022b),

which seems impossible from challenge tests.

Relatives of the selection candidates that are exposed in a transmission
experiment with a certain pathogen, might act as a source of phenotypic
information, but could also be used to construct a genomic reference population.
This approach has several advantages over using commercial information. Firstly,
there is a controlled environment with full control on group composition, i.e.,
relatedness within and between groups, and observation interval, and in which it
is exactly known to which pathogen the animals are exposed. Then, the
experimental design can potentially be optimised to obtain estimates for infectivity
as well (BomMAa 2010; PooLey et al. 2022a). Secondly, in poultry and pigs the
commercial animals are all crossbreds, and estimating breeding values of pure-
line animals based on cross-bred information might be challenging, dependent on
the genetic correlation between purebred and crossbred performance (B1iMA AND
VAN ARENDONK 1998). Lastly, it might be desired to select for increased resistance
to infections which are normally not present in the commercial environment, but
form a severe problem if they are introduced, such as highly pathogenic avian
influenza. Controlled transmission experiments in biosecure facilities are virtually
the only possibility to estimate genetic parameters and breeding values for such
infectious diseases, although the required number of animals for estimation of
genetic parameters will make it challenging to find a suitable facility. An advantage
of the use of phenotypes of animals in the commercial environment is that these
are the environments in which the genetic improvement is relevant and
measurable. Often, the animals are exposed to different, potentially interacting,
pathogens, which might not be easy and very costly to mimic in an experimental

setting.
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The optimal solution will be largely species dependent. In dairy cattle, data will
likely come exclusively from the commercial environment, but, in the absence of
crossbreeding in most dairy cattle populations, without the problems of cross-bred
data mentioned before. In aquaculture, on the other hand, large challenge tests,
typically with family groups, are already conducted, also for infectious diseases.
Here, size of the tested groups is typically large (>1000 animals). As shown by
the results of chapter 6, however, it is very well possible to obtain accurate and
unbiased genetic parameter estimates and breeding values for susceptibility from
large groups (either commercial or in a testing environment), as long as the
infection status of individual animals is frequently observed. For a correct
estimation of infection transmission traits (such as susceptibility), however, the
current challenge test, where every individual gets infected, should be changed to

a transmission experiment (see above).

Frequent observation of infection status will be labour intensive, and routine
collection of commercial data might therefore not be feasible at the moment.
However, advancements in automated phenotyping using sensor data or video
images might make frequent collection more feasible in the very near future.
These methods will likely identify an infected animal based on the clinical
manifestation of the infection (e.g. FERNANDES et al. 2020). For digital dermatitis,
for example, image analysis might be used to identify claw lesions. Also, mobility
data could act as an indicator trait of certain infections. A challenge with such
approaches might be to reach a high enough sensitivity (i.e. truly infected animals
are classified as infected) and specificity (i.e. truly uninfected animals are
classified as uninfected), since both low sensitivity and specificity negatively affect
the results of genetic selection (e.g. BisHor AND WooLLIAMS 2010; RAPHAKA et al.
2018). A further challenge if identification of infection is based on clinical signs is
to make sure that selection really targets the probability of infection (i.e.,
resistance) and not only the manifestation of clinical signs (i.e., tolerance).
Potential undesired effects of selection for tolerance were discussed in previous
paragraph.
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7.6 Implementation in practice

Two main findings of this thesis highlight the importance of herd composition for
achieving optimal benefit of genetic improvement in infectious disease
susceptibility. Here, with *herd’ I mean a group of animals that acts as a relatively
isolated population in transmission of an infection. Thus, a herd can be a single
farm, but also a single barn or division on a farm (e.g., when biosecurity measures
are in place between barns/divisions), or a group of farms (e.g., when there is
frequent exchange of animals between these farms). First, a herd should be
composed in such a way that it optimally benefits from the indirect genetic effects
in susceptibility and that local eradication is most feasible. The results in chapter
2 show that an animal with a low breeding value for susceptibility has smallest
probability to become infected when all other animals in the herd have a low
susceptibility as well. However, when part of the herd mates has a high
susceptibility, this indirect effect diminishes, and the infection probability of the
lowly susceptible animal considerably increases. Chapter 3 and 4 show that the
relative importance of this indirect effect is equal to the inverse of the endemic
prevalence. Thus, a herd composition that exploits indirect genetic effects

becomes more and more beneficial if an infection has a lower prevalence.

Making optimal use of the indirect effect becomes even more important with
respect to prevention of pathogen adaptation, as was shown in Chapter 5. To
prevent pathogen adaptation, it is important to increase the resistance level of
the population as fast as possible to achieve eradication of the infection. Due to
the risk of pathogen adaptation, it can even be a waste of effort to start genetic
selection for reduced susceptibility without implementing a thorough strategy to
come to eradication of the pathogen from farms. This strategy should not only
concern the way genetic material is brought into the commercial environment, but
also other interventions that can be combined with breeding to come to faster
eradication. As proposed in chapter 5, gradual improvement in susceptibility might
not be sufficient if it is brought directly into commercial populations. An option
could be to gradually improve susceptibility in the breeding population, down to a
level for which immediate eradication can be expected (R, < 1), before the animals
selected for reduced susceptibility are used to breed commercial stock. However,

such a strategy is obviously only possible for species with a separate, isolated,
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breeding population in which the target pathogen is absent, such as in poultry and
pigs. For dairy cattle, more complicated approaches are needed, requiring, for
example, sorting of the animals based on their susceptibility in different barns or
farms, with biosecurity measures between the separate groups. Whether such an
approach is realistic and desirable depends on farm size, but also on (economic)
importance of the disease, and the (im)possibility to control it using other

interventions.

Once local eradication is achieved, continuous new introduction of the pathogen
on farm might impose a risk. Although such introductions will only lead to minor
outbreaks, affecting a small number of animals, mutants of the pathogen that are
able to escape host resistance might emerge during such minor outbreaks. Once
emerged, they might spread through the population diminish the reduction in
prevalence or eradication that was achieved through genetic selection. Whether
such a new strain of the pathogen will eventually maintain itself probably depends
on the primary source of infection. If this primary source is the livestock
population, e.g. as seems the case for PRRSV in pigs (GALvis et al. 2022), it is
very likely that adapted strains will take over from the original (wild type)
pathogen, especially when genetic resistance is spread throughout the livestock
population. If the primary reservoir of infection is outside the livestock population,
for example in wild birds as for avian influenza, replacement of the wild type with
the escape strain of the pathogen might be less likely, because the escape strain
lacks a selective advantage in the wildlife population. Of course, also here

transmission of the escape strain between livestock herds needs to be prevented.

The success of several eradication programs for livestock infectious diseases in
the European Union indicates that local eradication of pathogens is achievable in
practice (EuropeaN CommissioN 2020), and that farmers and other parties in the
livestock sector are willing and capable of adhering to such eradication programs.
For infections that have not yet been successfully controlled, genetic selection
could be a valuable addition to eradication strategies, when the approaches
discussed in previous paragraphs are taken into account. To prevent the above-
described problems with pathogen adaptation, it is important that there is control
on the (genetic) composition of commercial herds and on (indirect) contacts of

such herds with herds outside the eradication program, such that pathogens are
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eradicated relatively rapidly on farm and do not re-emerge. If, for example, a pig
farmer takes part in a chain-controlled eradication program for PRRS, but decides
to buy genetic material from another breeding company that is not sufficiently
PRRS resistant for eradication, this might not only lead to persistence of PRRS on
the own farm, but might also open the invasion window for escape mutants of
PRRSV, and thereby form a threat to the other farms in the program. The
feasibility of such strong control on the genetic composition of production herds
is highly species dependent. It will be high in aquaculture and poultry, where
complete flocks typically consist of animals with the same genetic background,
bought from (chain partners) of a single breeding company. To some extent this
also holds for pigs, but definitely not for cattle, where farmers make more

independent choices on which genetic material is brought into their herd.

7.7 Societal impact

The theory presented in this thesis shows that “correct” implementation of genetic
selection for increased resistance to infectious diseases has large potential to
reduce the impact of infectious diseases on the health and welfare of livestock.
Furthermore, it will increase the economic efficiency of livestock farming, by
reducing treatment costs and production losses. Importantly, the costs of
infectious disease in livestock outweigh the costs of genetic improvement in
production and reproduction traits multiple times (KNAP AND DOESCHL-WILSON 2020).
An indirect benefit of improved genetic selection against infectious disease in
livestock might be a decreased transmission of certain zoonotic infections to the

human population.

Next to improved results of genetic selection in livestock populations, this thesis
aims to contribute to better understanding of the indirect effects caused by
infectious disease interventions, in particular through chapter 4. Such an
improved understanding of indirect effects is of great relevance, also outside the
livestock sector. In plants, genetic selection for resistance to infectious diseases
is more widely applied than in animals, but hardly combined with knowledge from

infectious disease epidemiology. Although the spread of infectious diseases in
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plants might be more than in animals dependent on environmental factors (e.g.
wind), indirect effects are relevant as well (e.g. SiLva et al. 2013). For example,
a field of crops resistant to a certain infection might show very different incidence
of that infection if neighbouring fields are planted with that same resistant variety,
compared to when they are planted with a non-resistant variety of the same crop.
Also in human medicine, indirect effects of infectious disease interventions are
often not well understood or not optimally exploited. A clear example is the yearly
vaccination campaign against influenza in many countries. In the Netherlands, for
example, only elderly and other risk groups are eligible for vaccination, mainly to
prevent severe clinical symptoms in those groups. However, multiple studies have
shown that school-going children are the main source of transmission of influenza,
and that applying the same number of vaccines to this group results in a larger,
indirect, reduction of mortality and morbidity due to influenza in high-risk groups
than the current strategy of vaccinating high-risk groups (LONGINI AND HALLORAN
2005; WorsyY et al. 2015; EICHNER et al. 2017; TSANG et al. 2019).

7.8 Outlook

From the research presented in this thesis I conclude that genetic selection for
decreased susceptibility to infectious disease has greater potential than always
thought due to indirect effects that occur in transmission. These indirect effects
are at least a factor of the inverse of the prevalence larger than the direct effect,
showing that the additional reduction due to indirect effects increases rapidly with
prevalence decreasing. Accurate and unbiased genetic parameters and breeding
values for susceptibility can be obtained from both field and experimental data,
as long as the observation interval is short enough. Pathogens might adapt to
animals that are selected for increased resistance, but this can be prevented if the
genetic change in animal resistance in the local population is fast and large
enough, such that the pathogen has been eradicated before escape mutants of

the pathogen emerged and invaded the animal population.

One of the remaining questions in relation to selection against infectious disease
traits is the role of genetic variation in infectivity. As discussed before,

evolutionary theory suggests that there might be (much) more genetic variation
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in infectivity present compared to susceptibility, because the effect of infectivity
on infection status of individuals is fully indirect. Furthermore, using this variation
in genetic selection programs might considerably increase response to selection
in infection prevalence (LipscHUTZ-POWELL et al. 2012; ANCHE et al. 2014; DOESCHL-
WiLsoN et al. 2018; TsARIDoU et al. 2019; BuMA et al. 2022). Research into
estimation methods for genetic parameters and breeding values for infectivity,
e.g. using GLMMs (ANCHE et al. 2015; BIEMANS et al. 2019a) or Bayesian inference
(PooLEY et al. 2020; PooLEy et al. 2022b), and data requirements to get accurate
and unbiased estimates out of such methods is therefore of great value. Results
by PooLEy et al. (2022a), however, indicate that accurate estimation of infectivity,
unlike susceptibility, requires specific designs with respect to group size and
genetic composition, and seems therefore only feasible in experimental settings.
However, genetic differences in infectivity might also affect accuracy and bias of
estimates for susceptibility, in particular when these traits are correlated. Thus,
two additional research questions in relation to infectivity might concern the
correlation with susceptibility, and the effect on susceptibility estimation. Such
insights are particularly important when collected data does not allow accurate
estimation of infectivity, e.g., due to large group size, but can be used for

estimation of susceptibility.

The results in this thesis are based on theoretical derivations, with limited
empirical support. There are only very few empirical examples that compare
expected to achieved selection response in infection prevalence (e.g. HERINGSTAD
et al. 2007), despite that health traits have been part of breeding goals for several
decades. Given that selection in a commercial setting typically results in a gradual
response per trait, it might very well be that pathogens, by developing escape
adaptations, have counteracted the selection effort. Nevertheless, this is still a
hypothesis. Next to experimental work, research that compares genetic and
phenotypic response in prevalence of certain infections in a variety of species
might be of great value, both to confirm the large indirect effects found in this
thesis and to get more insight into pathogen adaptation. For an empirical
experiment to show the large indirect effects in selection for decreased
susceptibility a single or a few generations of selection with a large selection
differential in susceptibility (e.g., single trait selection) might be sufficient, as

demonstrated in Chapter 2. An empirical experiment to show pathogen adaption,
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however, requires many more generations of selection, with gradual improvement
in susceptibility, and will therefore be more costly and less (or not) feasible. A
potential alternative is to gradually decrease herd-level susceptibility by gradually
adding lowly susceptible animals into a population with average susceptibility.
Then, in the final stage of this gradual population, infection prevalence can be
compared to a population that reached the same overall reduction in susceptibility
in one step. In any case, a sufficient population size, either in a number of contact
groups or as a ‘commercial herd’, is needed to make sure that the results are not
affected by random dying out of the infection. Consequently, such experiments
will be costly, both economic and in number of experimental animals, and will
therefore not be easy to conduct. The results in this thesis however provide strong
motivation for doing such experiments, showing that genetic selection of livestock
for reduced prevalence of infectious disease has large potential and might make
a considerable contribution to reducing the impact of infectious diseases in the

livestock industry and beyond.
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Infectious diseases strongly affect the health and welfare of farmed animals and
have large economic impact in the livestock sector. A variety of interventions is
applied to combat infectious diseases in livestock, one of which is genetic
selection. However, the potential of genetic selection to decrease the prevalence
of an infectious disease is typically seen as limited, because of the low heritability
of infectious disease traits. However, the quantitative genetic models used to
estimate this heritability often ignore the transmission dynamics of infectious
diseases. Previous work has shown that incorporating these epidemiological
dynamics into prediction models considerably changes our ideas about the
prospects of genetic selection against infectious diseases.

Another general problem with infectious disease interventions is that they exert
selection pressure on the pathogen population, which in response might evolve
adaptations to escape the intervention. A prominent example of such pathogen
adaptation is the widespread occurrence of antibiotic resistant bacteria. For
several interventions, strategies have been developed to reduce the risk of
pathogen evolution, e.g., by combining several antiviral drugs in one therapy or
by restricting the use of new antibiotics. Adaptation of pathogens to genetically

selected livestock, however, has received little attention.

The main aim of this thesis is to improve our understanding of genetic selection
against infectious diseases by integration of theory and methods from animal
breeding and quantitative epidemiology. In Chapter 2, the potential of genetic
selection to reduce the prevalence of infectious diseases is explored using
simulations of an endemic infection in a population of animals with genetic
variation in susceptibility to that infection. The size of the genetic variance in
susceptibility was iteratively tuned such that analysis of simulated individual
infection status with a linear mixed model resulted in commonly observed
heritability estimates, between 0.02 and 0.1. Then, the potential response to
selection was determined using sire selection. The results indicate that the
common heritability estimates for infection status correspond to considerable
genetic variation in susceptibility. Furthermore, in contrast to expectations from
classical quantitative genetic models, eradication of the infection often occurred

after one round of sire selection. This finding indicates the presence of substantial
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indirect genetic effects of selection on susceptibility, resulting in a basic

reproduction ratio (R,) below 1.

The theory behind the findings in Chapter 2 is explored in Chapter 3. There,
expressions for response to selection in prevalence and for the size of the indirect
genetic effect of susceptibility are identified. The total breeding value for
prevalence, which incorporates the indirect effect due to susceptibility and
recovery, is a factor of the inverse of the endemic prevalence greater than the
common breeding value for binary disease status (the direct effect). This finding
indicates that the total response in prevalence increases with decreasing endemic
prevalence. For example, for an endemic prevalence below a half, the total
response is more than double the response expected based on the breeding values

for binary disease status.

The ratio of total to direct effect found in Chapter 3 is translated beyond the field
of animal breeding in Chapter 4. Here, also the mechanisms behind the large
response are further explored. It turns out that for any intervention targeting
infections, the inverse of the endemic prevalence provides a prediction of the
lower bound of the ratio of overall to direct effect of that intervention. Thus also,
for example, for vaccination. Thereby, the inverse of the endemic prevalence,
either measured directly or calculated from R,, provides a relatively easy way to
predict the overall effect of an intervention once the (direct) efficacy of that

intervention, as commonly estimated in vaccine trials, is known.

Chapter 5 explores the adaptation of the pathogen population to hosts that are
genetically selected for resistance to infection with that pathogen, by developing
a model for transmission of evolving pathogens following genetic selection of
animals for increased resistance. In this model, the prevalence of the infection is
reduced by genetic selection of the hosts for resistance, eventually leading to
eradication of the infection (R, < 1). As long as the infection is not eradicated, the
model allows escape mutants of the pathogen to emerge and spread through the
host population. With this transmission model, the ‘invasion window’ is defined,
the range in frequency of resistant hosts in which escape mutants of the pathogen
can emerge and invade the host population. The size of the invasion window is
affected by the strength of host resistance, the benefit of the escape mutation for

the pathogen in resistant hosts and the costs of the mutation in non-resistant
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hosts. Stronger host resistance, for example, reduces the width of the invasion
window. To minimise opportunities for pathogens to escape, disease control
through genetic selection should aim to keep (local) populations out of the
invasion window. A possible strategy would be to compose herds either fully of
non-resistant animals (continued wild-type infection), or fully of highly resistant
animals (such that R, < 1). The results indicate that a gradual increase in
resistance provides opportunity for escape mutants to invade, and thus that multi-
trait selection, the common approach in animal breeding, is not a sustainable

strategy when resistance to infectious disease is part of the breeding goal.

Chapter 6 investigates statistical methods and data structures required for the
estimation of genetic parameters and breeding values for infectious disease
susceptibility, using simulation of epidemics. For estimation, a generalised linear
mixed model (GLMM) that corrects for exposure of susceptible to infectious
individuals is used. The impact of sampling interval, population structure, infection
characteristics and model formulation on bias and accuracy is assessed. The
results show that a GLMM can produce accurate and unbiased estimates of genetic
variance for susceptibility to infection, as long as the observation interval of
individual infection status is short. Other factors, such as group size, have limited

effect.

In the general discussion (Chapter 7), the implications of the results in this thesis
for the animal breeding industry are discussed. The discussion elaborates on the
difference in perspective between animal breeding and epidemiology, the indirect
genetic effects that occur in the transmission of infectious diseases, the availability
of genetic variation in infection traits, the traits that could be selected for to reduce
the impact of infectious diseases, the phenotypes needed to select for those traits,
how these phenotypes can be collected, and requirements for implementation.
The conclusions are that selection for increased tolerance of infection provides no
safe alternative to selection for reduced susceptibility, because pathogen
adaptation can also occur because of tolerant hosts. Also, developments in
automated phenotyping give opportunity to obtain the longitudinal infection data
needed for accurate estimation of susceptibility and potentially also infectivity.
Where testing is possible to obtain phenotypes, transmission experiments should

be performed instead of challenge tests. Finally, for effective and sustainable
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selection against infectious diseases, breeding programs should adopt the
epidemiological approach and aim for eradication of infections, for example
stepwise with one local population at a time, instead of gradual reduction in the
population-wide infection prevalence. Such a shift requires control on the genetic
composition of commercial livestock herds and might therefore not be equally

feasible in all livestock species.
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Infectieziekten hebben niet alleen een groot effect op de gezondheid en het welzijn
van landbouwhuisdieren, zij zetten ook de winstgevendheid van de
veehouderijsector onder druk. Om infectieziekten in landbouwhuisdieren tegen te
gaan wordt een verscheidenheid aan maatregelen toegepast, waaronder
genetische selectie. Algemeen wordt echter aangenomen dat genetische selectie
slechts beperkt in staat is om de prevalentie van een infectieziekte te
verminderen, vanwege de lage erfelijkheidsgraad van infectieziektekenmerken.
Hierbij valt de kanttekening te plaatsen dat de kwantitatief genetische modellen
die gebruikt worden om deze erfelijkheidsgraad te schatten volledig voorbijgaan
aan de transmissie van infectieziekten. Juist de effecten van deze transmissie op
modelvoorspellingen leiden tot grote verandering in het denken over het effect

van genetische selectie tegen infectieziekten.

Een ander, meer algemeen, probleem is dat maatregelen tegen infectieziekten
selectiedruk uitoefenen op populaties van ziekteverwekkers. Deze selectiedruk
kan leiden tot de evolutie van resistentie tegen de maatregel. Het algemeen
voorkomen van antibioticaresistente bacterién is hiervan een voor de hand liggend
voorbeeld. Voor sommige infectieziektemaatregelen zijn strategieén bedacht om
dergelijke aanpassing van de ziekteverwekker te voorkomen, bijvoorbeeld door
een aantal antivirale middelen met verschil in werking te combineren of door het
gebruik van nieuwe antibiotica zo veel mogelijk te beperken. Voor evolutie van
resistente ziekteverwekkers tegen genetisch geselecteerde landbouwhuisdieren is

tot nu toe echter weinig aandacht geweest.

Het doel van deze dissertatie is om genetische selectie tegen infectieziekten beter
te begrijpen. Hiervoor worden theorie en modellen uit het fokkerijveld en het
epidemiologisch veld gecombineerd. Hoofdstuk 2 onderzoekt het theoretisch
potentieel van genetische selectie om de prevalentie van een infectieziekte te
verminderen. Hiervoor wordt een endemische infectieziekte gesimuleerd in een
populatie van dieren die genetisch verschillen in hun gevoeligheid voor besmetting
met de infectie. De simulaties laten zien dat een grote variantie in gevoeligheid
ten grondslag ligt aan de typische erfelijkheidsgraden voor ziektestatus.
Onverwacht, want compleet anders dan de voorspelling van het algemeen
kwantitatief genetisch model, leidde één ronde van vaderselectie meestal direct

tot uitroeiing van de infectie. Dit komt doordat dieren die niet geinfecteerd raken
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ook geen andere dieren kunnen besmetten, wat uiteindelijk resulteert in een

reproductiegetal (R-waarde) kleiner dan 1.

In hoofdstuk 3 wordt de theorie achter de resultaten van hoofdstuk 2 uitgediept.
Hiervoor worden vergelijkingen afgeleid voor selectierespons in prevalentie en
voor de grootte van het indirecte genetische effect. Deze afleidingen laten zien
dat totale selectierespons in prevalentie toeneemt als de prevalentie van de
infectie afneemt. Als de endemische prevalentie bijvoorbeeld lager is dan een half
(0.5), is de totale selectierespons meer dan twee keer de selectierespons die men

verwacht op basis van de fokwaarde voor binaire infectiestatus.

Deze ratio van totaal tegen direct effect wordt in hoofdstuk 4 in een algemenere
context gebracht. Ook worden in dit hoofdstuk de onderliggende mechanismen
verder onderzocht. Het blijkt dat de inverse van de endemische prevalentie de
algemene ondergrens van de ratio van totaal tegen direct effect van een
infectiemaatregel voorspelt. Dit geldt voor iedere maatregel gericht tegen infectie,
dus ook voor bijvoorbeeld vaccinatie. De inverse van de endemische prevalentie,
ofwel direct gemeten ofwel afgeleid vanuit een geschatte R,, is daarmee een
toegankelijke manier om het totale effect van een infectieziektemaatregel te

voorspellen zodra het directe effect van die maatregel bekend is.

In hoofdstuk 5 wordt de evolutie van resistentie in een populatie van
ziekteverwekkers tegen gastheren die genetisch geselecteerd zijn voor
verminderde gevoeligheid voor die ziekteverwekkers onderzocht door middel van
een transmissiemodel dat deze verschillende populaties en hun evolutie beschrijft.
In het model daalt de prevalentie van de infectie ten gevolge van genetische
selectie van de gastheer (het dier), uiteindelijk leidend tot uitroeiing van de
infectie (R, < 1). Zolang de infectie nog niet is uitgeroeid, kunnen mutanten van
de ziekteverwekker ontstaan en mogelijk spreiden in de gastheerpopulatie. Met
dit transmissiemodel wordt een zogenaamd invasievenster afgeleid. Dit is het
venster in frequentie van genetisch geselecteerde gastheren waarin er kans is op
ontstaan en spreiden van resistente ziekteverwekkers. De grootte van het
invasievenster wordt bepaald door de afname in gevoeligheid van de gastheer,
het voordeel van de mutant t.o.v. de oorspronkelijke ziekteverwekker in de
minder gevoelige gastheer en het negatieve effect (de kosten) van de mutatie bij

infectie van een volledig gevoelige gastheer. Een grotere afname van
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gastheergevoeligheid leidt bijvoorbeeld tot een kleiner invasievenster. Om
resistentieontwikkeling zo veel mogelijk tegen te gaan, moeten (lokale)
gastheerpopulaties zo veel mogelijk buiten het invasievenster worden gehouden.
Dit zou bijvoorbeeld kunnen door een koppel dieren samen te stellen op basis van
hun genetische weerstand tegen infectie, zodat ofwel het wildtype van de
ziekteverwekker dominant blijft, ofwel de infectie uitgeroeid wordt zodat
mutanten niet kunnen ontstaan. De resultaten laten ook zien dat
resistentiemutanten alle kans hebben om zich te verspreiden bij een langzame
afname in gevoeligheid. Een strategie zoals gebruikelijk in de fokkerij, met selectie
op veel verschillende genetische kenmerken en langzame verandering per
kenmerk, leidt dus waarschijnlijk tot resistentiemutanten wanneer een

infectieziekte onderdeel uitmaakt van het fokdoel.

Hoofdstuk 6 onderzoekt statische methodes en datastructuren die nodig zijn om
genetische parameters en fokwaardes voor gevoeligheid voor een infectieziekte
te schatten, daarbij gebruik makend van simulaties van een epidemische
infectieziekte. Voor schatting wordt een statistisch model gebruikt dat corrigeert
voor de blootstelling van gevoelige aan infectieuze individuen. Hiermee wordt het
effect van observatie-interval, populatiestructuur, infectieziekteparameters en
modelformulering op onzuiverheid en nauwkeurigheid van de schatter
geévalueerd. De resultaten laten zien dat een lang tijdsinterval tussen observaties
leidt tot slechtere schattingen, terwijl andere factoren, zoals groepsgrootte, weinig

uitmaken.

In de algemene discussie worden de implicaties van de resultaten van deze
dissertatie voor de fokkerijindustrie besproken. Hierin wordt uitgeweid over het
verschil in benadering van infectieziekteproblematiek tussen fokkerij en
epidemiologie, de indirecte genetische effecten die optreden in de transmissie van
infectieziekten, de aanwezigheid van genetische variatie in
infectieziektekenmerken, op welke kenmerken geselecteerd kan worden om
infectieziekten in de veehouderij te verminderen, de fenotypische waarnemingen
die nodig zijn om op deze kenmerken te kunnen selecteren, hoe deze fenotypes
kunnen worden gemeten en vereisten voor praktische implementatie. De
belangrijkste conclusies uit deze discussie zijn dat selectie voor verhoogde

tolerantie van infectie geen veilig alternatief is voor selectie voor lagere
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gevoeligheid, omdat ziekteverwekkers zich ook kunnen aanpassen aan tolerante
gastheren. Verder leiden ontwikkelingen op het gebied van sensoren,
beeldherkenning en automatische intelligentie tot meer mogelijkheden om
frequent te observeren, wat hoognodig is voor precieze schatting van fokwaardes
voor gevoeligheid en mogelijk ook infectieusiteit. Waar mogelijk moeten
transmissie-experimenten in plaats van ‘challenge’-experimenten uitgevoerd
worden om aan fenotypes te komen. Als laatste wordt beargumenteerd dat voor
een effectieve en duurzame selectie tegen infectieziekten, fokprogramma’s de
epidemiologische benadering dienen te kiezen en uitroeiing van infectie na te
streven, bijvoorbeeld door stap voor stap lokale populaties vrij te maken, in plaats
van zich te richten op langzame afname van prevalentie in de algehele populatie.
Een dergelijke verandering vereist echter een zekere mate van controle op de
genetische kuddesamenstelling van commercieel gehouden landbouwhuisdieren

en is daarom mogelijk niet toepasbaar bij ieder diersoort.
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