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Summary
A plethora of genetic studies show that genetic variation in host disease resistance is
ubiquitous across host and pathogen species. However, surprisingly little is known how the
genetics of individuals affects the spread and impact of infectious disease in livestock
populations. This paper takes a genetic-epidemiological approach to address this question and
to examine how host genetic variation could be utilized more effectively to reduce both the
risk and severity of disease outbreaks. In particular, building on epidemiological theory, we
demonstrate that three distinct host traits interactively control infection dynamics in
populations, namely susceptibility (the probability of an individual to become infected upon
contact with an average infectious individual or material), infectivity (the probability of an
infected individual to infect a non-infected individual with average susceptibility), and
tolerance (here defined as the probability of an infected individual to survive the infection).
To date, understanding of the genetic (co)-regulation of these traits is lacking. This is because
standard field and challenge test data and genetic models don’t provide genetic parameter
estimates for these traits. Here we outline key concepts for data recording and design of field
and challenge experiments to simultaneously estimate genetic effects for all three
epidemiological host traits. Using IPN in Atlantic salmon as a case study, we then
demonstrate how these estimates together with genetic-epidemiological prediction models
could be used to devise genetic disease control strategies.
The results suggest that moving genetic studies beyond the sole focus on ‘disease
resistance’ towards a more holistic genetic-epidemiological approach provides new avenues
for more effective genetic disease control and for identifying novel genes underlying disease
transmission.
Keywords: infectious disease, disease transmission, susceptibility, infectivity, tolerance,
disease resistance

Introduction
Numerous genetic studies have provided compelling evidence for substantial genetic variation
in host response to infection. Based on this, “breeding for disease resistance” has been widely
advocated by the genetics community as an effective long-term strategy to combat infectious
disease in livestock (Bishop et al., 2010). However, outside the genetics community, this
alternative option of disease control is generally still dismissed. Although there is little doubt
in the epidemiological literature that host heterogeneity plays a crucial role in disease spread
(Brooks-Pollock et al., 2015), explicit consideration of host genetics in epidemiological risk
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assessments and prediction models is still rare. Indeed, remarkably little is known how host
genetic resistance affects disease transmission and hence the risk and severity of infectious
disease outbreaks. Yet, such understanding, which can only arise from combining genetic and
epidemiological approaches, seems vital for devising effective genetic disease control
strategies.
The aim of this paper is to propose and present a new framework for genetic studies of
infectious disease in livestock. This framework (i) combines genetic and epidemiological
theory to identify and define the relevant host genetic traits affecting disease spread and
impact in livestock populations, (ii) applies novel statistical models and experimental designs
to estimate the genetic effects for these epidemiological host traits, and (iii) evaluates the
outcome of genetic disease control strategies with genetic-epidemiological prediction models.
We then apply this framework to Infectious Pancreatic Necrosis (IPN) in Atlantic salmon as a
case study, and illustrate how host genetic variation could be used more effectively in
preventing disease outbreaks in livestock populations.

Material and methods
Theoretical framework: genetic-epidemiological models
The epidemiological SIR model. Epidemiological models constitute a common and powerful
tool to describe and predict infectious disease spread in populations, and a useful starting
point for combining quantitative genetics and epidemiological theory. Particularly common
for modelling micro-parasitic infections is the SIR model (e.g. Keeling and Rohani, 2007),
which describes the transition of individuals between three disease compartments: susceptible
(S), infected and infectious (I) and removed (e.g. due to death by infection) or recovered (R).
In homogenous closed populations, the model is fully specified by the initial number of
individuals in each compartment and by the two model parameters, i.e. the transmission
coefficient β, which is the product of contact rate and transmission probability, and the
removal or recovery rate γ, which is the reciprocal of the infectious period. Knowing the
values of β and γ not only allows prediction of the disease dynamics (see e.g. Figure 1b), but
also allows estimation of the key epidemiological quantity R0. The latter denotes the basic
reproductive ratio, defined as the average number of secondary cases arising from an average
primary case in an entirely susceptible population. Because this quantity essentially measures
the maximum reproductive potential for an infectious disease, and due to its threshold
characteristics (an epidemic can only occur if R0>1), much effort is dedicated to estimating
and reducing R0.
Integrating host genetics. The above described epidemiological SIR model can be easily
extended to incorporate host genetic heterogeneity. Assuming that contact structure is not
under host genetic control, the model points to three host traits affecting the disease dynamics
in a population. These are the susceptibility of the non-infected individuals (defined as the
probability of an individual to become infected upon contact with an average infectious
individual or material), and the infectivity of infected individuals (defined as the probability
of an infected individual to infect a non-infected individual with average susceptibility), both
affecting disease transmission (β). Furthermore, whether and when an animal recovers or dies
(i.e. duration of infected period 1/γ) depends partly on an individual’s tolerance to infection.
Thus, whereas quantitative genetics approaches usually consider ‘disease resistance’ as the
sole host trait underlying disease prevalence in a population, epidemiological models point to
three host traits that may be genetically regulated and that affect disease spread and impact,
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namely susceptibility, infectivity and tolerance.
Depending on the underlying genetic architecture, the three host traits can be
represented by e.g. conventional genetic models for polygenic traits (e.g. susceptibility gi of
an individual i is where and represent the additive genetic and environmental effects,
respectively, (see e.g. companion paper by Tsairidou et al. 2018) or, when modelling the
effects of specific genes or genetic markers, by the genotypic trait value (see example below).
Since in genetically heterogeneous populations each individual or genotype has its own
susceptibility, infectivity and tolerance value, the transmission coefficient β in the epidemic
models needs to be replaced by a set of transmission coefficients between pairs of individuals
or genotypes, with representing the susceptibility of individual or genotype i and
representing the infectivity of individual or genotype j. Likewise, the recovery rate γ is
replaced by individual or genotype specific recovery rates.
The assumed genetic architecture of these host traits dictates both the modelling approach
for estimating the underlying genetic effects as well as for predicting the infection dynamics
given the estimates. For example, a polygenic architecture lends itself more to individual
based modelling approaches (see companion paper by Tsairidou et al., 2018). In contrast,
classical deterministic or stochastic compartmental models may be more efficient when
individuals can be grouped into a finite number of genotypes (see e.g. Keeling and Rohani,
2008, for more information on different approaches to model epidemics). Figure 1 illustrates
the SIR model and infection profiles generated by stochastic simulations under the
assumption that there are 3 discrete susceptibility, infectivity and tolerance genotypes.

Figure 1. Genetic-epidemiological SIR model for 3 genotypes. (a) The compartmental SIR
model. S, I and R refer to compartments comprising susceptible, infected and recovered /
removed individuals, subdivided into three genotypes G= {QQ,Qq and qq}. Infection of
susceptible individuals has an average transition rate λG (which is dependent on the infected
population size in each compartment IG and the genotype specific transmission coefficient
(βGi,Gj). Recovery / death has a genotype specific average rate γG (reciprocal of infectious
period). (b) An example of the model dynamics.
Experimental design / data requirements for inferring genetic effects for host
susceptibility, infectivity and tolerance
In contrast to observable disease phenotypes (e.g. mortality), the epidemiological host traits
susceptibility, infectivity and tolerance are usually unobservable and thus need to be inferred
from available data. The fact that host genetic susceptibility and infectivity affect disease
transmission multiplicatively rather than additively () poses a conundrum to the powerful
quantitative genetics machinery for variance component estimation that is mainly built upon
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linear models. Indeed, existing quantitative genetics models have proven inadequate for
estimating genetic infectivity effects from binary disease data (Lipschutz-Powell et al., 2012a
&b). Unsurprisingly, until now empirical evidence for natural host genetic variation in
infectivity has been lacking (see companion paper by Anacleto et al., 2018, for first
evidence), despite long-standing awareness that the occurrence of super-spreaders, a small
percentage of highly infectious individuals (thus pointing to considerable phenotypic
variation in infectivity), are a common phenomenon with devastating effects in epidemics
(Lloyd-Smith et al., 2005).
Recently, novel statistical models have been developed that can simultaneously
estimate genetic effects for susceptibility and infectivity from epidemiological data (Pooley et
al., 2014; Anche et al., 2015; Anacleto et al., 2015; Biemans et al., 2017). These models vary
in their assumptions about the genetic architecture of these traits, about the data available
(e.g. cross-sectional or longitudinal), and in their inference approach. As epidemic data are
typically incomplete (i.e. unknown individual infection times and who acquires infection
from whom), the Bayesian framework may be preferable as it allows simultaneous inference
of events (e.g. infection or mortality) and parameter estimates. We refer to the above
references for a detailed description of the diverse statistical models, and present a simple
model in our case study below.
Conventional disease field or challenge test experiments for estimating host genetic
resistance or tolerance, in which a large number of genotyped or pedigreed individuals are
naturally or artificially infected with or exposed to the same pathogen strain and dose (e.g.
Lunney et al., 2011; Ødegård et al., 2011), are inadequate for estimating infectivity, as they
provide no information on disease transmission. Therefore, calculating simultaneous
parameter estimates for susceptibility, infectivity and tolerance not only requires novel
statistical models, but also appropriate experimental field or challenge test data. To obtain
simultaneously estimates of these parameters with sufficient accuracy, the following criteria
apply:
(1) Infection must occur by natural transmission. By definition, infectivity refers to an
individual’s propensity to transmit infection, and thus can only be inferred from
situations where natural transmission occurs.
(2) Data must be obtained from various independent epidemics with genetically
related individuals distributed within and across different groups. This criterion
arises from the fact that the infectivity of an individual is an associative genetic effect
and therefore affected not only by its own “infectivity genes” but also by those of the
other individuals in its contact group (Lipschutz-Powell et al., 2012a, Anche et al.,
2014).
(3) The epidemics should be monitored over time. Previous simulation studies show
that cross-sectional data of individual infection status during or at the end of an
epidemic provide biased and imprecise estimates for infectivity with relatively low
prediction accuracy (Lipschutz-Powell et al., 2012a&b, Anche et al., 2015).
Prediction accuracies substantially improve if longitudinal measurements of individual
infection status or inter-event times such as time of infection or time of death are
available (Lipschutz-Powell et al., 2012b; Pooley et al., 2014; Anacleto et al., 2015;
Biemans et al., 2017).
These analytical and simulation studies revealed that estimates of genetic effects for host
infectivity tend to be much more biased, less precise and less accurate than those for
susceptibility. However, as demonstrated in the case study design below and in the companion
paper by Anacleto et al. (2018), experimental designs and data analyses can make use of the
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fact that the first infected individuals in an otherwise non-infected population are most
informative for estimating infectivity.
Application of genetic-epidemiological prediction models to assess genetic control
strategies
Once genetic effects for susceptibility, infectivity and tolerance have been estimated, they can
be incorporated into genetic-epidemiological models to predict how host genetics affects
disease spread in a population. In particular, from a genetic disease control perspective, two
important questions can now be addressed by these models:
 Can we prevent epidemics by appropriately grouping animals according to their
genetic makeup (e.g. can we prevent epidemics by removal of genetic superspreaders)?
 To what extent can genetic selection reduce the risk and severity of epidemics in
future generations?
Answering these questions usually requires stochastic simulations of the epidemics. However,
under the assumption of discrete genotypes, question 1 above can be addressed using simple
matrix algebra. In this case, the question rephrases to “what proportion of individuals of each
type is required to achieve R0<1” and can be answered simply by constructing the
epidemiological Next Generation Matrix (NGM) (Diekmann et al., 2010). An element mij of
the NGM describes the expected number of new infections in genotype i produced by an
infectious individual of genotype j. For a SIR model with discrete genotypes, the ij-th element
mij of the NGM is given by , where pi is the proportion of individuals of genotype i at the
beginning of the epidemics, and βij is the transmission coefficients and γj the recovery rate
described earlier. R0 is then the largest eigenvalue of the NGM (Diekmann et al., 2010). Note
that for more than two genotypes, several genotype combinations of pi may lead to R0<1.

Case study IPN in Atlantic salmon
Infectious pancreatic necrosis (IPN) is one of the most serious viral diseases impacting on
salmon aquaculture (Ariel and Olesen, 2002). IPN outbreaks can cause high mortality in
salmon during two distinct lifecycle stages, i.e. in freshwater fry (typical mortality between
30-80%) and in post-smolt shortly after transfer to seawater (typical mortality between 530%) (Roberts and Pearson, 2005). Studies have shown that mortality is to a large extent
genetically controlled with a single QTL on chromosome 26 (previously known as linkage
group 21) explaining most of the genetic variation in IPN mortality in both seawater and
freshwater conditions (Houston et al., 2008; Moen et al., 2009). Soon after discovery, the
salmon industry has used this QTL to produce IPN-resistant salmon eggs, leading to an over
70% decrease in IPN mortality rates within 2 consecutive years (AquaGen, 2012). The
discovery of this “IPN QTL” and subsequent field evaluations is based purely on mortality
records. It is thus not known whether the QTL is mostly associated with host susceptibility,
infectivity or tolerance. Later fine-mapping studies have identified a candidate gene,
epithelian cadherin, controlling IPN virus internalization (Moen et al., 2015), which would
suggest that the QTL affects primarily host susceptibility.
In order to maximise the benefits of the IPN QTL to the aquaculture industry we initiated the
following genetic-epidemiological pilot study to address the following questions:
1. Does the IPN-QTL confer differences in infectivity and tolerance, in addition to
susceptibility?
2. How many IPN resistant fish are required to prevent an IPN outbreak?
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For this purpose, we designed a small-scale transmission experiment complemented with
genetic-epidemiological prediction models following the framework outlined above.
Transmission experiment
The transmission experiment, illustrated in Figure 2 and carried out at the VESO Vikan
research facilities in Namsos, Norway, comprised approximately 580 pit-tagged post-smolt
Atlantic salmon (avg. body weight 65g, SD13.5g). The fish were offspring of a total of 17
sires and 24 dams, generated by assortative mating of unrelated males and females with
known homozygote genotypes at three different IPN markers on chromosome 26 (including
the above mentioned). Based on these markers, the fish in the transmission experiment
represented three genotypes (QQ, Qq or qq), where Q and q denote the alleles conferring high
and low mortality following IPN virus exposure, respectively.
Fish of each genotype were randomly assigned into either shedder recipient fish.
Shedder fish were infected intra-peritoneally with 0.5ml IPN virus immediately prior to
introduction into tanks (1m2 with 390l seawater of temperature 12 ± 1 ⁰C ) comprising 40
non-infected recipients, to transmit the infection to the recipients.
The original experimental design followed a 3x3 block design consisting of
independent epidemics generated in 9 isolated tanks, each containing a different shedder by
recipient genotype combination (See Figure 2). More specifically, each tank comprised 8
infected shedder fish with a particular genotype i (i=1,2,3) seeding the infection to 40
uninfected recipient fish of genotype j (j=1,2,3). Fish were inspected daily for survival status
and the day of death for each deceased fish (immediately removed after detection) was
recorded.
Given that (at least initially) recipient infections occurred as a result of direct
transmission from infectious shedders, this design allowed estimation of the transmission
coefficients and mortality rates for each shedder-recipient genotype combination (see
statistical model below). From these estimates genotype differences in susceptibility,
infectivity and tolerance can be deduced. For example, genotypic differences in susceptibility
to IPN would imply βij ≠ βkj for different recipient genotypes i and k and same shedder
genotype j, whereas genotypic differences in infectivity would imply βij ≠ βil for different
shedder genotypes j and l and same recipient genotype i. Genetic difference in tolerance to
infection would imply γi ≠ γj for different genotypes i and j.
Due to budget restriction and extremely low mortality rate of QQ recipients observed
in previous IPN cohabitation experiments, groups containing QQ recipients were removed
from this experiment, thus resulting in a 3 shedder genotype (QQ, Qq, qq) by 2 recipient
genotype (Qq, qq) block design. There were two experimental replicates (tanks) for each of
the remaining 6 shedder by recipient genotype combination. The trial lasted 64 days, when no
more mortality had occurred in any of the groups during 4 consecutive days.
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Figure 2. Design of the IPN transmission experiment to infer genotypic differences in host
susceptibility, infectivity and tolerance.
Statistical inference of genotype specific transmission and mortality rates
Estimates for the transmission coefficients and mortality rates for each of the four shedderrecipient genotype combinations were obtained using a generalised linear models (GLM)
applied to daily counts of non-infected and infected recipients (estimated from binary survival
records as outlined below), and infectious shedders in each tank. A binomial distribution for
the number of newly infected fish per day in tank k with parameters Sk and pk was assumed,
where Sk is the number of susceptible individuals in group k at the beginning of the day, and
pk the probability of an individual to become infected during that day. Given the typically
long latent period for IPN (Ramstad et al., 2007), it was assumed that infection of recipients
occurred mostly as a result of direct transmission from infectious shedders rather than
secondary transmission from infected recipients (expansion of the models to allow for
recipient-recipient transmission is currently ongoing). Then, based on the zero term of the
Poisson process for the number of new infections, this probability pk is
where Ik refers to the number of infected shedders in group k and N is the group size (Velthuis
et al., 2003). Applying the complementary log-log link function,
where Xk is the row of the design matrix indicating the shedder-recipient genotype
combination of group k, and b is the vector of coefficients for each combination of shedderrecipient genotypes. This results in a suitable GLM for the probability of infection that
renders estimates for the genotype specific transmission coefficients. These can be calculated
as where bij is an element of b.
The parameters of the model were estimated using a Bayesian approach through the
Hamiltonian Monte Carlo algorithm implemented in the RStan package of R (Stan, 2018). As
only time of mortality but not the time of infection was known for the recipients, infection
times had to be estimated. As usually done in Bayesian inference of epidemiological
parameters (Anacleto et al, 2015, Pooley et al, 2014), this was achieved by adding a
Metropolis-Hasting step in the final algorithm for parameter estimation.
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Does the IPN mortality QTL confer differences in infectivity and tolerance, in addition
to susceptibility?
Figure 3 shows the Kaplan-Meier survival curves of recipient fish for each shedder-recipient
genotype combination. The mean survival of the two replicated tanks that were very similar.
Regardless of the shedder genotype, the total number of dead was considerably lower in tanks
comprising Qq compared to qq recipients, indicating genotypic differences either in recipient
susceptibility or tolerance, or both. Only 9 out of the ~240 Qq recipients died (6, 2 and 1
when infection was seeded by qq, Qq and QQ shedders, respectively), indicating that the
shedder genotype had relatively little influence on Qq recipient survival. However, survival
curves of qq-recipients differed considerably between the shedder genotypes. In particular, all
qq-recipients exposed to infected qq-shedders died within 5 weeks as opposed to qq-recipients
exposed to QQ-shedders, for which mortality only plateaued after 8 weeks. This is indicative
for genotypic differences in shedder infectivity.

Figure 3. Kaplan-Meier recipient survival curves per shedder-recipient IPN-resistance
genotype combination.
Table 1 shows the epidemiological parameter estimates for each shedder-recipient
genotype combination. Regardless of the shedder genotype, transmission coefficients for qqrecipients are by one or several orders of magnitude larger than for Qq-recipients, implying
substantial differences in susceptibility between the two IPN genotypes. There were also
slight, but much less pronounced differences between transmission coefficients associated
with different shedder genotypes for a given recipient genotype, with generally higher
transmission rates for recipients exposed to qq- than Qq or QQ shedders. In particular, Qq
recipients had a 50% higher risk of becoming infected when exposed to qq as opposed to QQ
or Qq shedders (posterior probability 0.85 and 0.95, respectively). The results thus indicate
the IPN resistance QTL confers differences in both susceptibility and infectivity, and that
more susceptible fish also tend to be more infectious.
All of the artificially infected shedder fish with Qq and QQ genotypes survived until
the end of the trial (64 days post inoculation), but some (~50%) of the qq shedders died
prematurely (average duration to death was 56.6 days, SD 18 days). In contrast, infected Qqrecipients appeared to have died on average faster than infected qq-recipients (Figure 3 and
Table 1), which would indicate genotypic differences in tolerance to infection. Interestingly,
the shedder genotype also appears to have had some influence on recipient mortality. For
example, qq recipients tended to die faster when exposed to the more infectious qq-shedders.
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This observation is in line with the concept that tolerance depends on the infection dose
(Simms 2000), and may thus be explained in light of recent evidence that the IPN virus can
replicate faster in Atlantic salmon with qq genotype (Moen et al., 2015). As a consequence,
qq fish may also excrete more virus, thus causing higher infection dose and subsequently
quicker death by infection to the group members.
How many IPN resistant fish are required to prevent an IPN outbreak?
The Next Generation Matrix (NGM) for the number of secondary infections caused by
infectious shedders of a particular genotype is
NGM =

where pQQ, pQq and pqq = 1-pQQ – pQq denote the proportion of recipient fish with genotypes
QQ, Qq and qq, respectively and βij refers to transmission from shedder genotype i to
recipient genotype j, and 1/γi refer to the infectious period of shedders of genotype i,
respectively (estimated as the average number of days between inoculation and death or end
of trial). Since the trial did not include transmission to QQ recipients, no estimates for βqqQQ,
βQqQQ and βQQQQ were obtained in this study. Therefore, the following three assumptions
were used:
(i)
β*QQ = 0 for each of the three shedder genotypes (QQ genotype is fully resistant
to becoming infected).
(ii)
β*QQ = ½ β*Qq for each of the three shedder genotypes (Q allele acts additively
on susceptibility).
(iii)
β*QQ = β*Qq for each of the three shedder genotypes (full dominance of Q allele
on susceptibility)
Substituting these parameter estimates into the expression for NGM and solving R0<1 for pQQ,
pQq and pqq then yields the following results:
 Prevention of an IPN outbreak is only possible if the vast majority of qq-fish are
removed from the population (i.e. R0<1 could only be achieved if the percentage of
qq-fish was equal or less than 0.5%).
 Assuming there are no qq-fish in the population (pqq=0), preventing an IPN outbreak
would require at least 7% QQ-recipients in the best case scenario of full resistance (i),
at least 9% QQ-recipients under the additive effect assumption (ii), and at least 12%
QQ recipients under the full dominance assumption (iii).
 The estimated proportions of ‘resistant’ fish required to prevent IPN outbreaks change
considerably if genetic variation in infectivity was ignored. For example, assuming
elimination of qq-homozygotes (pqq = 0), preventing an IPN outbreak would require at
least 44% QQ-recipients in the best case scenario that QQ confers full resistance (i),
and at least 88% of QQ fish in the case of additive allele effects (ii), whereas no
genotype combination would prevent an IPN outbreak if Q allelic effects on
susceptibility were dominant (iii).
Apart from the obvious epidemiological implications, this case study also illustrates relevant
implications for conservation of genetic variation. As illustrated above, accounting for
genetic differences in infectivity, in addition to susceptibility, may lead to less stringent
requirements of selection against specific alleles to achieve a desired epidemiological
outcome.

Conclusions
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Our results demonstrate that new opportunities for devising more effective disease control
strategies arise by decomposing ‘disease resistance’ into three important epidemiological
traits, namely host susceptibility, infectivity and tolerance. Genetic effects of these traits can
be estimated with the appropriate experimental design and novel statistical models. Genetic
epidemiological prediction models, informed by these estimates, constitute a powerful, yet so
far under-utilized prediction tool to assess genetic control strategies alone or in combination
with other control options. Future genomic studies are warranted to decipher the genetic
architecture of these key epidemiological host traits and may lead to the discovery of genes
underlying disease transmission.
Table 1. Estimates of transmission coefficients and duration of infectious period from the IPN
transmission experiment.
Shedder 
Recipient
genotype

QQ Qq

Qq  Qq

qq  Qq

QQ qq

Qq  qq

qq  qq

0.062
0.059
0.027
0.109

0.637
0.632
0.487
0.806

0.702
0.697
0.538
0.886

0.787
0.782
0.605
0.989

5.07
4.25
1.72
11.10
1 Mortality rate is the inverse of the infected period

14.29
14.01
10.00
19.57

12.01
11.80
8.60
16.18

8.34
8.16
5.99
11.24

Transmission coefficient β
0.010
0.020
Mean
0.007
0.017
Median
0.0035
95% cred. 0.0005
0.029
0.047
interval
1
Infected period [days]
45.22
4.48
Mean
5.24
2.54
Median
0.62
0.69
95% cred.
87.06
13.09
interval
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