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 Host defense against pathogenic infection is composed of resistance and 

tolerance. Resistance is the ability of the host to limit a pathogen burden, while 

tolerance is the ability of the host to limit the negative impact of a given pathogen 

burden. This distinction recognizes that the fittest host may not have the most 

aggressive immune system, and that host-pathogen coevolution consists of more than 

an escalating arms race between pathogen virulence factors and host antimicrobial 

activity. Studies of animal defenses have focused almost completely on resistance, 

while ignoring potential tolerance mechanisms. In this dissertation, I use a quantitative 

framework to characterize patterns of natural variation in resistance and tolerance in 

Drosophila melanogaster. I identify the relationship between these traits, associated 

evolutionary costs of each strategy, and how they are altered by environmental 

context. Using a genome-wide association study approach, I identify the genetic basis 

of natural variation in tolerance and resistance, and show that while variation in 

resistance is explained by polymorphisms in genes involved in the canonical humoral 

immune response, tolerance is determined by polymorphisms in genes that regulate 

transcriptional activity of the immune system and metabolic processes. Using patterns 

of allelic variation, I show balancing selection and mutation selection balance may be 

acting on polymorphisms that explain phenotypic variation in defense.  
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PREFACE 

 Natural populations harbor genetic variation for susceptibility to infection and 

immunocompetence. Why has natural selection not eliminated susceptible alleles and removed 

variation in immune capacity from the population? Theoretical work has shown that costs of 

maintenance and deployment, as well as genotype-by-environment interaction, can maintain this 

variation in a condition-dependent context (Gillespie and Turelli 1989; Baalen 1998; van Boven 

and Weissing 2004). One such cost to the host may be through optimization of the immune 

response with collateral damage and maintenance of fitness under infection conditions. This 

maintenance of fitness given a pathogen burden is termed tolerance, while the ability of the host 

to eliminate pathogens is termed resistance. In this dissertation, I dissect natural variation in 

defense into resistance and tolerance, and I identify causal genetic variants for both traits. I 

assess the constraints in host-pathogen co-evolution that may provide insight into the 

maintenance of this variation in these two necessities, and I identify models of selection that may 

be acting to maintain this variation.  

 Two alternative models of antagonistic coevolution under a resistance strategy have been 

proposed: an arms-race model and a trench-warfare model. Under a trench warfare model, old 

balanced resistance and virulence alleles oscillate in frequency over time in reciprocal manner in 

both the host and pathogen (Stahl et al. 1999). Under an arms race model, serial selective sweeps 

act on new mutation in the host in response to reciprocal sweeps on virulence alleles in the 

pathogen (Dawkins and Krebs 1979). However, both of these models assume that fitness under 

infection conditions is determined solely by the presence of the resistance allele in the host.  
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 The crucial difference between resistance and tolerance is that resistance will have a 

direct negative effect on pathogen fitness, whereas tolerance will have a neutral or positive effect 

(Råberg et al. 2009). Theory has shown that this neutral or positive effect could result in the 

fixation of tolerance alleles, because there is not direct selective pressure for the pathogen to 

overcome this strategy, and an increase in tolerance may result in an increase in pathogen 

prevalence increasing the benefit of carrying a tolerance allele (Boots and Bowers 1999; Roy and 

Kirchner 2000; Miller et al. 2006). This is in contrast to an allele that confers resistance to host 

under a trench-warfare model, where an increase in this allele will drive down pathogen 

prevalence, subsequently decreasing the benefit of carrying the resistance allele. This suggests 

that a tolerance strategy that is acting independently of resistance may dampen the 

coevolutionary arms race between pathogen virulence factors and host resistance mechanisms. 

These alternative models for tolerance and resistance predict different patterns of polymorphism 

in the population. Under a trench-warfare resistance model, these oscillating dynamics will 

maintain variation for resistance, while tolerance alleles will become fixed. However, there is 

little empirical evidence in animals to confirm the relevance of these models in natural 

populations. It is likely that these dynamics will be complicated by environmental variability, 

non-independence between these traits, and differential life-history costs.  

 In Chapter One, I test the assumptions of these simple models by characterizing patterns 

of tolerance and resistance over the course of infection with a bacterial pathogen, Providencia 

rettgeri, in the host Drosophila melanogaster. I associate changes in fitness as both survival and 

fecundity under infection conditions with pathogen burden over the course of infection. I 

demonstrate two distinct phases of infection: an acute phase consistent with high mortality, low 

fecundity, and high pathogen loads, and a chronic phase where there was a substantial yet stable 
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pathogen burden and mortality and fecundity returned to near uninfected levels. We find genetic 

variation for resistance in both phases of the infection, but only find variation for tolerance in the 

acute phase. We find genotype-by-environment interactions for tolerance but not for resistance. 

We show a positive relationship between resistance and tolerance, and a weak evolutionary cost 

of resistance. From these results we conclude that the existing models of tolerance and resistance 

are overly simplistic, and that genetic variation for resistance and tolerance is likely to be 

maintained by non-independence between resistance and tolerance, condition-dependent 

evolutionary costs, and environmental heterogeneity. 

 In Chapter Two of this dissertation, I return to the alternative models of resistance host-

pathogen coevolution: the trench warfare model and the arms-race model. Host-pathogen 

coevolution in Drosophila is thought to evolve through rapid evolution of novel pathogen 

virulence mechanisms and host resistance alleles. This is supported by signatures of positive 

selection on host immune genes relative to the rest of the genome (Schlenke and Begun 2003; 

Sackton et al. 2007). These signatures of rapid evolution have been primarily observed in pattern 

recognition receptors and signaling molecules of the immune system. However, the effector 

molecules of the humoral immune response, antimicrobial peptides (AMPs), show little signature 

of rapid evolution (Lazzaro 2005; Sackton et al. 2007). Additionally, QTL and association 

studies in Drosophila have failed to connect allelic variation in AMPs to variation in defense. 

These data have lead to the conclusion that AMPs primarily evolve through duplication and loss 

with little individual importance. In contrast to this paradigm, a recent study by Unckless et al. 

(2015) identified an allelic variant in the AMP Diptericin (Dpt), which explained a large amount 

of variation in resistance against P. rettgeri. In Chapter Two, we further characterize the 

resistance effects of Dpt. We show that there is convergent evolution to the same amino acid in 
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Drosophila simulans through an independent mutation in the codon. This polymorphism is 

segregating at high frequency around the world and there is an excess of convergence at this 

position in the genome across the Drosophila genus. These data suggest that this allele is 

evolving non-neutrally and is consistent with expected patterns of balancing selection via trench 

warfare coevolutionary dynamic. This stands in contrast to previous work that suggests there is 

no strong selection on individual AMPs. However, we fail to detect traditional signatures of 

balancing selection based on population genetic statistics, demonstrating that tests for balancing 

selection in an organism with large population size and a high rate of recombination will not 

detect these important forms of selection using traditional methods.  

 In Chapter Three, I return to tolerance to begin to understand the underlying biological 

processes that determine natural variation in this trait. Numerous studies have identified QTL or 

associations between allelic variation and resistance to infection (e.g. Lazzaro et al. 2004, 2006; 

Unckless et al. 2015). However, little work has been done to identify the underlying genetic 

architecture of tolerance. From the results obtained in Chapter One, we know that there is a 

positive relationship between resistance and tolerance. I hypothesized based on this that 

tolerance and resistance would share a genetic basis based on pleiotropic mechanisms. To test 

this, I characterized patterns of tolerance and resistance in a single population of D. 

melanogaster and used a genome-wide association approach to identify single-nucleotide 

polymorphisms (SNPs) that predict variation in tolerance. I found that polymorphisms in genes 

that are involved in regulation of gene expression, metabolism, and immunity, as well as others 

explain phenotypic variation in tolerance. This work supports the hypothesis that resistance and 

tolerance are non-independent traits, and genes that regulate the immune system and metabolic 

processes predict genetic variation in infection tolerance. The identification of genes that have 
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not been associated with the canonical immune system stands as evidence that resistance and 

tolerance are influenced by other physiological properties of the host. 

 In Chapter Four, I test how interactions between the host and the associated microbiota 

influence resistance to systemic pathogenic infection. Intestinal homeostasis is achieved by 

regulatory mechanisms that allow for an appropriate level of immune system activity that 

accommodates these microbial populations and avoids immunopathology (Ryu et al. 2010; 

Buchon et al. 2013). How this regulation influences the systemic immune response is unknown. I 

test how the microbiota affect the systemic immune response. I find that the presence of the 

microbiota decreases resistance against a Gram-negative pathogen, Providencia rettgeri. I find 

that this decreased resistance corresponded with a slower induction of antimicrobial peptides and 

is dependent on IMD pathway.  

 The results presented in this dissertation demonstrate that the evolution of host defense is 

not simple. Genetic variation in susceptibility may be maintained by genotype-by-environment 

interactions, the simultaneous evolution of resistance and tolerance, and costs of these defense 

strategies. A host must balance antimicrobial activity with the maintenance of other 

physiological processes while both infected and uninfected, but adequate pathogen control is the 

key determinant of survival.  
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CHAPTER 1 

GENOTYPE AND DIET SHAPE RESISTANCE AND TOLERANCE ACROSS DISTINCT 

PHASES OF BACTERIAL INFECTION1 

Abstract 

 
Background 

Host defense against pathogenic infection is composed of resistance and tolerance. Resistance is 

the ability of the host to limit a pathogen burden, whereas tolerance is the ability to limit the 

deleterious effects of a given pathogen burden. This distinction recognizes that the fittest host 

does not necessarily have the most aggressive immune system, suggesting that host-pathogen co-

evolution involves more than an escalating arms race between pathogen virulence factors and 

host antimicrobial activity. How a host balances resistance and tolerance and how this balance 

influences the evolution of host defense remains unanswered. In order to determine how 

genotype-by-diet interactions and evolutionary costs of each strategy may constrain the evolution 

of host defense, we measured survival, fecundity, and pathogen burden over five days in 

Drosophila melanogaster infected with the Gram-negative pathogen Providencia rettgeri in ten 

D. melanogaster genotypes reared on two diets.  

Results 

We demonstrated two distinct phases of infection: an acute phase that consists of high mortality, 

low fecundity, and high pathogen loads, and a chronic phase where there was a substantial but 

stable pathogen load and mortality and fecundity returned to uninfected levels. We demonstrated 

genetic variation for resistance in both phases of infection, but find genetic variation for 
                                                
1!Originally published in BMC Evolutionary Biology 14:56 
!
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tolerance only in the acute phase.  Although diet has absolute effect on resistance, fecundity, and 

survival of infection, altering diet does not change the relative relationship between resistance 

and the other fitness traits.  We found genotype-by-diet interactions for tolerance, especially in 

the acute phase, but genotype-by-diet interaction did not significantly shape resistance. We found 

a diet-dependent positive relationship between resistance and tolerance and a weak evolutionary 

cost of resistance, but did not detect any costs of tolerance. 

Conclusions 

Existing models of tolerance and resistance are overly simplistic.  Multi-phase infections such as 

that studied here are rarely considered, but we show important differences in determination and 

evolutionary constraints on tolerance and resistance over the two phases of infection.  Our 

observation of genetic variation for tolerance is inconsistent with simple models that predict 

evolutionary fixation of tolerance alleles, and instead indicate that genetic variation for resistance 

and tolerance is likely to be maintained by non-independence between resistance and tolerance, 

condition-dependent evolutionary costs, and environmental heterogeneity.  

 

Keywords: Tolerance, Resistance, Host-pathogen interactions, Drosophila, Genotype-by-

environment interactions 
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Background 

A host can deal with an infection by directly limiting a pathogen burden (resistance) or 

by withstanding the negative consequences of the given burden (tolerance). Biomedically, 

tolerance implies that the host with the most aggressive immune system may not necessarily be 

the healthiest [1]. Evolutionarily, tolerance expands the range of strategies a host could employ 

to maximize fitness under infection conditions, and may impose evolutionary constraints, 

requiring the host to balance these potentially antagonistic strategies. From the pathogen’s 

perspective, tolerance may relax or remove selection imposed by the canonical immune system, 

potentially resulting in a neutral or positive effect on pathogen fitness [2-4].There is widespread 

evidence that tolerance is an important feature of host defense, but how this strategy evolves in 

concert with resistance and other life-history traits in animals, especially across variable 

environments, remains unknown.  

From the host perspective, the superficial outcome of both resistance and tolerance can be 

the same: the retention of fitness. However, the long-term ecological and evolutionary dynamics 

are predicted to have very different outcomes. Importantly, resistance is expected to have a direct 

negative effect on pathogen fitness, whereas tolerance will have a neutral or positive effect [2-4]. 

This increase in pathogen fitness promoted by host tolerance could result in increased pathogen 

prevalence, which may increase the benefit of alleles that confer tolerance in the host, possibly 

offsetting any costs of those alleles. Oppositely, hosts with costly resistance alleles may reduce 

pathogen prevalence to levels where the resistant allele is no longer beneficial [2-5]. Theoretical 

work has shown that this negative feedback loop under a resistance strategy could result in the 

maintenance of polymorphism for resistance alleles, whereas the positive feedback loop created 

when a tolerance strategy is employed is more likely to result in the fixation of tolerance alleles 
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in the population [3]. In this study, we measured genetic variation for both tolerance and 

resistance to empirically test this simple model.  Our prediction was that we would find little 

genetic variation for tolerance if the simple positive feedback model is true, but that negative 

feedback loops would result in considerable variation for resistance. 

While the predicted evolutionary outcomes of tolerance and resistance are very different, 

the natural dynamics are complicated by both internal constraints and external variability. The 

model proposed by Roy (2000) assumes that resistance and tolerance alleles are independent, 

that there is only a single locus determining each strategy, and that each strategy exhibits the 

same evolutionary cost. The model also assumes a single, non-evolving, pathogen genotype and 

a constant environment. Theoretical work has relaxed some these simplifications [6-8], showing 

that variation in costs of the defense strategies could maintain variation in both tolerance and 

resistance, but these issues have not been empirically addressed in animals. We empirically 

address these complexities by quantifying costs, response to altered dietary environment, 

genotype-by-diet interactions, and the relationship between these two strategies.  

Disentangling defense into separate components of resistance and tolerance, and 

understanding how these distinct strategies are related to each other, is crucial to understanding 

the evolution of host defense. However, first we must know how tolerance manifests and how it 

should be quantified. Empirical studies in animals have mainly focused on measures of health as 

estimates of tolerance, including survival [9], weight [10], and red blood cell count [11],whereas 

plant work has focused on more direct fitness estimates such as total fruit set [2-4, 12] and seed 

production [2-4, 13]. These different metrics of tolerance could have different evolutionary 

outcomes because they may differentially affect pathogen fitness [2-5, 14] and may trade off 

with different aspects of host physiology. Statistically, tolerance has been defined as the slope of 
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the line where the health or fitness estimate is plotted against pathogen burden. Three recent 

studies have explicitly tested for natural genetic variation for tolerance in animals using this 

framework. Two found evidence for variation in tolerance [3, 11, 15], whereas one did not [6-8, 

10]. 

Although tolerance in practical terms has been studied in agriculture for over 100 years 

[9, 16, 17], recent interest in evolutionary questions about tolerance in natural systems was 

stimulated by a study in morning glory that demonstrated a negative relationship between 

resistance and tolerance [10, 18]. However, this negative relationship does not seem to be 

generalizable, and the current consensus in the plant literature leans towards a positive 

relationship between these two strategies, where a host allocates defense resources to both 

resistance and tolerance [19, 20]. In animals, Räberg et al. (2007) found a negative relationship 

between resistance (peak pathogen load) and tolerance (weight and red blood cells) in laboratory 

mice infected with Plasmodium chabaudi. Tolerance and resistance may be correlated because of 

pleiotropic mechanisms, linkage disequilibrium, or physiological constraints. Inconsistencies in 

the relationship between resistance and tolerance could result from system-specific mechanisms 

[1] and/or different definitions or metrics of tolerance and resistance.  

Dietary environment and metabolic status can affect defense through both tolerance and 

resistance. Resistance is affected by dietary environment [21, 22], and there is antagonism 

between defense and growth/tissue repair [23-26] as well as reproduction [27]. We hypothesized 

that a tradeoff between resistance and tolerance might be mediated by processes that are 

responsive to dietary environment, with the underlying assumption that tolerance strategies 

include tissue repair and growth, while resistance includes canonical immunity. Alternatively, a 

positive relationship between these two strategies would suggest that increased resource 
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allocation to defense results in simultaneously improved resistance and tolerance, as would be 

expected if the underlying mechanisms of these strategies were overlapping. We predicted that 

dietary environment would alter both tolerance and resistance, but that the relationship between 

the two might change in a diet-dependent manner.  

In the present study, we were able to identify genetic variation for both tolerance and 

resistance and show that maintenance of this polymorphism could result from a balanced 

optimum between these two strategies, shaped by evolutionary costs of defense and genotype-

by-environment interactions. We hypothesized that dietary environment would alter the balance 

between tolerance and resistance, and that different environments may favor different defense 

strategies. We estimated tolerance both as functions of survival and fecundity under infection 

conditions to understand whether these are in fact different processes and distinct forms of 

tolerance. We followed these traits over time, developing a framework for defense that 

acknowledges that infection is not a binary state but a dynamic process consisting of multiple 

phases of infection. This study sheds light on the evolvability of tolerance and resistance, and 

how these distinct strategies may influence the evolution of host-pathogen interactions. 

 

Results 

Dynamics of P. rettgeri infection 

In order to understand how defense dynamics change over time – including the relative balance 

of tolerance and resistance – we measured bacterial load, fecundity, and survival in ten outbred 

Drosophila genotypes once per day for five days after infection with P. rettgeri (Figure 1.1). 

Each fly was infected with approximately 800 bacteria. Bacterial load increased to an average of 

approximately 5.9 x 104 bacteria per fly in the first day after infection. Load decreased on Day 2 
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to 2.1 x 104 bacteria per fly and did not significantly change between Days 2 and 3. By Day 4 

average load levels decreased to 1.0 x 104 bacteria per fly and did not significantly change 

between Days 4 and 5 (Figure 1.2a, Model F; Table 1.1; Table 1.2; Day: p<0.001; Tukey’s test 

levels: Day 1: A; Day 2,3: B; Day 4,5: C).  The majority of the mortality occurred within the first 

two days after infection; across all treatments, 56.6% of infected flies were dead by this point 

compared to 0.9% of the uninfected control flies. Between Days 3 and 5, survival of infected 

flies fell from 54.2% to 51.8% over all genotypes measured (Figure 1.2b, Model D, Table 1.3; 

Day: p<0.001; Tukey’s test levels: Day 1: A; Day 2: B; Day 3: C; Day 4: D; Day 5: C,D). 

Fecundity per individual female was greatly reduced during the first three days of infection, the 

same time period when pathogen loads were highest and most mortality occurred.  The largest 

difference between infected and uninfected occurred two days after infection, with a mean of 

9.14 offspring per infected female and 15.63 offspring per uninfected female (Figure 1.2c, Model 

B, Table 1.4; Day: p<0.001; Tukey’s test levels: Day 1: A; Day 2: B; Day 3: A,C; Day 4: C; Day 

5: A). These infection dynamics revealed two distinct phases of infection, which has not been 

considered in previous theoretical or empirical work on tolerance. Based on this observation, we 

have split the infection into an “acute” phase and a “chronic” phase. The acute phase is defined 

as the first three days after infection, when pathogen levels are highest within the host and 

greatest mortality and reduction in fecundity occurs. The chronic phase is defined as Days 4 and 

5, when pathogen levels are lower and appear stabilized and mortality and fecundity have 

returned to near uninfected levels. 
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Figure 1. 1 

Experimental Design 

Outbred F1 progeny were derived from the ten DGRP lines using a ring crossing design, such 
that each line contributed a mother for one experimental genotype and a father for another. 
Virgin F1 females were exposed to males 24 hours prior to infection. Flies were infected with P. 
rettgeri. After infection flies were split into two groups: those for measuring bacterial load and 
those for measuring survival and fecundity. All vials were transferred daily and maintained at a 
density of 2-3 females. Each day a subsample of flies were removed for the destructive bacterial 
load assay. Daily mortality was recorded for the survival and fecundity vials, and the vials were 
saved to count the number of eventually emerging adult offspring. All of this was performed on 
the two diets that differed in the level of glucose. 
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Figure 1. 2 

Natural Variation in Defense 

Bacterial load (A), survival (B), and fecundity (C) over five days post-infection. The solid red 
line is the overall estimate of each phenotype calculated across all diets and genotypes. The black 
lines represent each genotype across both diets. The dashed red lines are the overall estimates of 
uninfected CO2 control flies. The majority of the mortality occurs within the first two days after 
infection, when bacterial loads are at their highest.  We term this the “acute” phase of infection.  
Bacterial load and survival stabilize after day 3, into the “chronic” phase of infection. The 
difference in fecundity between infected and uninfected flies occurs during the acute phase, with 
a mean of 9.14 offspring per infected female and 15.63 offspring per uninfected female in the 
second day after infection. There is genetic variation for all three phenotypes measured.  
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Table 1.1. Possible terms included in regression analyses 

Factor States Effect Type Effect Measured 
Relevant 
Models 

Genotype 10 Fixed or random F1 cross genotype of flies A,B,C,D,E,F 
Diet 2 Fixed Diet that flies were reared and phenotyped on A,B,C,D,E,F 
Load Continuous  Daily bacterial load, natural log transformed A,B,C,D 
Day 5 Fixed Day post-infection A,B,C,D,E,F 
Uninfected Fecundity Continuous  Daily fecundity of uninfected flies  A,B 
Genotype*Diet 20 Fixed Differential effect of diet on each genotype A,C,E 
Genotype*Load Continuous  Differential effect of pathogen load on each genotype  A,C 
Diet*Load Continuous  Differential effect of pathogen load on each diet A,B,C,D 
Diet*Day 10 Fixed Differential dynamics on each diet B,D 
Load*Day Continuous  Differential dynamics of tolerance B,D 
Genotype*Diet*Load Continuous  Differential effect of diet on tolerance A,C 
Diet*Load*Day Continuous  Differential effect of diet on tolerance dynamics B,D 

See Methods for full models. 
Table 1. 1 

 
 
 
 
 
Table 1.2. Model F tested the effect of Diet on resistance 
Bacterial load is the response variable. Genotype is a random factor in the model. Bacterial load 
changes over time and across dietary environment. Diet and Day post-infection are both 
predictors of Load. 
 
 
Factor F-value p-value 
Diet 10.53 0.001 
Day 187.69 <0.001 
Diet*Day 0.95 0.330 
Table 1. 2 
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Table 1.3. Model D tested the effect of Diet on mortality tolerance 
The proportion of flies alive each day post-infection is the response variable. Genotype is a 
random factor in the model. Load, Diet, and Day predict Mortality. Mortality tolerance is 
affected by Diet (Diet*Load), Day (Load*Day), and the interaction between these two factors 
(Diet*Load*Day).  
 
Factor z-value Pr(<|z|) 
Load 6.33 <0.001 
Diet 2.56 0.011 
Day 6.58 <0.001 
Diet*Load -2.66 0.007 
Load*Day -6.06 <0.001 
Diet*Day -3.57 <0.001 
Diet*Load*Day 3.78 <0.001 
Table 1. 3 

 
 
Table 1.4. Model B tested the effect of Diet on fecundity tolerance The response variable is 
Infected Fecundity. Genotype is a random factor in the model. Load, Diet, and Day predict 
Infected Fecundity. Diet does not affect fecundity tolerance (Diet*Load). Day post-infection 
marginally predicts fecundity tolerance (Load*Day). 
 
Factor F-value p-value 
Uninfected Fecundity 3.12 0.078 
Load 15.08 <0.001 
Diet 35.1 <0.001 
Day 44.22 <0.001 
Load*Day 2.1 0.078 
Diet*Load 0.14 0.709 
Diet*Day 0.36 0.837 
Load*Diet*Day 1.21 0.307 
Table 1. 4 

 

Is there genetic variation for tolerance and resistance? 

After initial characterization of the dynamics of bacterial load, survival, and reproduction, 

we sought to determine whether the host D. melanogaster population was genetically variable for 
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defense quality, and whether that defense quality varied with diet.  The 10 F1 outbred genotypes 

in our study are derived from the Drosophila genetic reference panel (DGRP), a panel of 192 

inbred lines that were each created from an independent single female collected in Raleigh, NC, 

USA [28]. To avoid effects of inbreeding, we chose 10 of these lines at random and established 

outbred F1 genotypes using a ring cross design, such that each of the 10 chosen DGRP lines 

contributed a mother to one experimental genotype and a father to another (Figure 1.1). All 

phenotypes were genetically polymorphic among our outbred progeny (Figure 2.1). Three linear 

models were fitted to the data to determine the magnitudes of genetic variation for resistance 

(systemic pathogen load), fecundity tolerance (the host’s ability to produce offspring given the 

pathogen burden), and mortality tolerance (the host’s ability to survive a given pathogen burden). 

Daily fecundity tolerance was estimated as the number of offspring produced each day 

normalized by the bacterial load estimated for the genotype on that day. Mortality tolerance was 

measured as the daily mortality rate per fly normalized to the bacterial load. The terms included 

in these models and their interpretations are given in Table 1.1. Separate models were run on the 

data from the acute and chronic phases of infection.  

Genotype was a strong predictor of Bacterial Load in both the acute and chronic phase of 

infection (Model E; Table 1.5; Genotype: p<0.001), clearly demonstrating genetic variation for 

resistance. We found genetic variation for fecundity tolerance in the acute phase of infection 

(Model A; Table 1.6; Genotype*Load: p<0.001), but not in the chronic phase (Model A; Table 

1.6; Genotype*Load: p=0.155; Table 1.6). We also found genetic variation for mortality 

tolerance in the acute phase of infection (Model C; Table 1.7; Genotype*Load: p<0.001), but not 

in the chronic phase (Model C; Table 1.7; Genotype*Load: p=0.909). It is striking that Bacterial 

Load does not predict Infected Fecundity (Model A; Table 7; Load: p=0.347) or Mortality 
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(Model C; Table 1.7; Load: p=0.413) in the chronic phase of the infection. Thus, although we 

have genetic variation for bacterial load in both the acute and chronic phase of infection, the 

impact of this burden on fitness differs dramatically between the two phases of infection.  

 

Complex relationship between defense strategies and diet 

All phenotypes (survival, fecundity, bacterial load) varied significantly with diet (Figure 

1.3). The 24-hour bacterial load measurement ranged from a median of 9.51 ln bacteria per fly to 

15.22 ln bacteria per fly on the low-sugar diet (p<0.001), and 9.18 to 14.99 ln bacteria per fly on 

the high-sugar diet (p<0.001). Survival ranged from 8.33% to 88.9% on the low-sugar diet, and 

2.82% to 88.2% on the high-sugar diet over five days after infection. The mean fecundity of 

infected flies at two days after infection ranged from 4.44 to 13.13 adult offspring per fly on the 

low-sugar diet (p<0.001), and 2.52 to 9.19 (p<0.001) on the high-sugar diet.  

We hypothesized that the nutritional quality of the rearing diet might influence the 

quality of defense, either through resistance or tolerance.  To test this, we evaluated defense 

quality after rearing on either high-sugar or low-sugar diets. Both Diet and Day post-infection 

were significant predictors of Load (Model F, Table 1.2; Diet: p = 0.0012, Day:  p<0.001), but 

there was no significant interaction between Diet and Day. This suggests that the dynamics of the 

resistance phenotype (i.e., when the pathogen peaks, and how it is reduced in the host entering 

into the chronic phase) does not change across the diets used in this experiment (p=0.330).  Diet 

also significantly influenced mortality tolerance (Model D, Table 1.3; Diet*Load, p = 0.007), 

with higher mortality and thus lower tolerance observed on the high-sugar diet. In contrast, we 

found no evidence for a dietary effect on fecundity tolerance (Model B, Table 1.4; Bacterial 
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load*Diet: p=0.709).  Thus, despite the fact that both fecundity and bacterial load are 

independently sensitive to diet, the relationship between them is not.  

Given that diet shapes resistance and mortality tolerance, we hypothesized that the 

quantitative effects of diet depend on host genotype. We found evidence for genotype-by-diet 

determination of fecundity and mortality tolerance (Fecundity Tolerance: Model A, Table 1.6, 

Genotype*Diet*Load: p = 0.002; Mortality Tolerance, Model C, Table 1.7, 

Genotype*Diet*Load: p<0.001) in the acute phase of infection.  We also found a marginal 

genotype-by-diet effect on fecundity tolerance during the chronic phase of infection (Model A, 

Table 1.6; Genotype*Diet*Load: p = 0.044). This apparent interaction effect on fecundity 

tolerance disappears from the acute phase of the infection, if we reanalyze the data with per-fly 

daily fecundity estimated from the number of females that are alive at the end of each day 

instead of the number of flies that are alive at the beginning of the day (Supplement Model 1, 

Table 1.S1; Genotype*Diet*Load: acute: p= 0.390, chronic: p=0.025). This indicates that the 

effect of the genotype-by-diet interaction on fecundity tolerance in the acute infection may be 

driven by the effect of the interaction on daily mortality. We did not find evidence for a 

genotype-by-diet interaction influencing resistance in either the acute or chronic phase of 

infection (Model E, Table 1.5; acute: p=0.378, chronic: p=0.305). Other experiments studying 

resistance against P. rettgeri with more genotypes and more extreme diets have found genotype-

by-diet effects for resistance (unpublished results). This suggests our study may have lacked 

power to detect these effects, or that these effects are only detectable when the diets span a 

greater range of nutritional quality. 
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Table 1.5. Model E tested for genetic variation in resistance The response variable is 
Bacterial Load. The significant effect of Genotype represents genetic variation for resistance.  
 

 Days 1-3  Days 4-5 
Factor F-value P-value   F-value P-value 
Genotype 15.37 <0.001   4.17 <0.001 
Diet 5.09 0.024  1.72 0.19 
Day 50.05 <0.001   0.43 0.512 
Genotype*Diet 1.08 0.378   1.19 0.305 

Table 1. 5 

 
 
 
 
 
Table 1.6. Model A tested for genetic variation in fecundity tolerance 
The response variable is Infected Fecundity. The significant Genotype*Load interaction 
represents genetic variation for fecundity tolerance. The significant Genotype*Diet*Load 
interaction represents a genotype-by-environment effect for fecundity tolerance. 
 
 

 Days 1-3  Days 4-5 
Factor F-value p-value   F-value p-value 
Uninfected Fecundity 122.87 <0.001   70.39 <0.001 
Load  16.05 <0.001  0.89 0.347 
Genotype 8.74 <0.001   2.19 0.027 
Diet 45.15 <0.001  9.52 0.002 
Day 70.71 <0.001   11.02 <0.001 
Genotype*Load  4.84 <0.001  1.50 0.155 
Genotype*Diet 1.95 0.042   0.29 0.97 
Diet*Load  0.003 0.954  0.01 0.922 
Genotype*Diet*Load  2.95 0.002   2.01 0.044 

Table 1. 6 
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Table 1.7. Model C tested for genetic variation in mortality tolerance 
The proportion of flies alive each day post-infection is the response variable. The significant 
Genotype*Load interaction represents genetic variation for mortality tolerance. The significant 
Genotype*Diet*Load interaction represents a genotype-by-environment effect for mortality 
tolerance.  
 
 
 Days 1-3  Days 4-5 

Factor 
Deviance 
Residuals Pr(>Chi)   

Deviance 
Residuals Pr(>Chi) 

Day 25.24 <0.001   4.58 0.032 
Genotype 408.61 <0.001  17.22 0.045 
Diet 11.25 <0.001   1.75 0.185 
Load  12.49 <0.001  0.67 0.413 
Genotype*Load  28.65 <0.001   4.04 0.909 
Genotype*Diet 28.72 <0.001  18.37 0.019 
Diet*Load  0.63 0.427   2.31 0.129 
Genotype*Diet*Load  38.64 <0.001   5.05 0.752 

Table 1. 7 

 

 

 

 

Figure 1. 3 

Diet affects defense  

Bacterial load (A), survival (B), and fecundity (C) over five days post-infection across the two 
diets that vary in glucose concentration (black: high-sugar, 50g/L; grey: low-sugar, 25g/L). The 
dashed lines represent the uninfected CO2 control flies on each diet. Diet significantly affected 
all three phenotypes measured. 
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Relationship between resistance and tolerance 

We evaluated the relationship between tolerance and resistance to determine whether 

these strategies trade off with one another, or if they act in an additive or synergistic manner. 

First, we defined overall fecundity tolerance as the least squares mean of infected fecundity from 

Model A using data from the acute phase of infection. This model incorporates uninfected 

fecundity to control for general vigor differences among the genotypes, as well as the bacterial 

load sustained by each genotype. Similarly, mortality tolerance was defined as the least squares 

means from Model C during the acute phase of infection (see Methods). Resistance is defined in 

this analysis as the inverse of systemic bacterial load at 24 hours after infection. Contrary to the 

expectation under tradeoff models, we found a positive correlation between resistance and 

fecundity tolerance on both diets when all genotypes are included (high sugar: r = 0.936, 

p<0.001; low sugar: r = 0.833, p = 0.003, Figure 1.4). Interestingly, two genotypes that share a 

parental line and had less than 10% survival when infected (but 99% uninfected survival) as well 

as the highest bacterial load were entirely responsible for the positive relationship between 

fecundity tolerance and resistance on the low-sugar diet. When these two genotypes were 

removed from the analysis, the relationship remained significantly positive on the high-sugar diet 

(r= 0.890, p=0.003), but becomes non-significant on the low-sugar diet (r = 0.394, p = 0.332). A 

similar pattern was seen when the proportion of flies surviving three days after infection was 

used to estimate tolerance, except that in this case, the relationship between resistance and 

tolerance became non-significant on both diets after excluding the two high-mortality genotypes 

(high sugar all genotypes: r= 0.898, p<0.001; high sugar excluding two high-mortality genotypes 

r = 0.575, p =0.136; low-sugar including all genotypes: r = 0.827, p = 0.003; low-sugar exclude 
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high-mortality genotypes: r = 0.251, p = 0.549). The stronger relationship on the high-sugar diet 

suggests that these traits can potentially be decoupled in a diet-dependent manner. Excluding the 

two high-mortality genotypes from this analysis may be biologically appropriate if the 

relationship between bacterial load and health or fitness is not linear. In other words, it is 

possible that at very high bacterial loads there is a threshold in which the host is not able to 

tolerate that burden, and health or fitness do not decrease at the same rate above this threshold as 

they do at lower bacterial loads.  

The Roy (2000) model assumes that the tolerance and resistance alleles are equally 

costly, and this cost is driving the feedback loops that will maintain variation for resistance but 

not for tolerance. To estimate the cost of each defense strategy, we tested the correlation of 

overall measurements of fecundity tolerance (normalized infected fecundity), mortality tolerance 

(normalized mortality rate), and resistance (the inverse of the bacterial load), with an overall 

measurement of uninfected fecundity, which was the sum of uninfected fecundity in the first 

three days after infection. There was no relationship between daily-uninfected fecundity and any 

of the defense phenotypes (Figure 1.S1, inverse bacterial load r=-0.344, p=0.3305; fecundity r=-

0.324, p =0.361; mortality r = 0.553, p = 0.097).  This provides no evidence for a fecundity cost 

of defense and indicates that general vigor did not drive defense quality in our study.  We did 

find a weak negative correlation between fecundity prior to the infection experiment and 

bacterial load at 24 hours post-infection on the low-sugar diet (r = -0.664, p = 0.036, Figure 1.5).  

However, this tradeoff was not evident on the high-sugar diet (r=-0.187, p=0.604; Figure 1.5) 

and became non-significant on the low-sugar diet if the genotypes displaying high mortality were 

excluded from the analysis. This trend is consistent with a diet-dependent tradeoff between 

reproduction and resistance in the early phase of an infection.  Weak negative correlations were 
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also seen between pre-infection fecundity and both fecundity and mortality tolerance on the low 

sugar diet, but none of these were significant (Figure 1.5). We found no correlation in quality of 

defense between the acute and chronic phases of the infection, reaffirming that these are truly 

independent infection states.  The general lack of correlation between reproductive fitness and 

defense may be a result of low power of the experiments or unnaturally permissive experimental 

conditions.  
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Figure 1. 4 

Diet-dependent positive relationship between resistance and fecundity tolerance 

Each plotted data point represents a single genotype (error bars are standard errors).  The square, 
red points represent the genotypes that experienced very high mortality after infection.   A 
positive relationship was found between resistance, plotted as descending bacterial load 24 hours 
after infection, and normalized infected fecundity, estimated as the least-squares mean from 
Model A. When the two genotypes that had the highest mortality are excluded, the relationship is 
only significant on the high-sugar diet, suggesting that that these two traits can be decoupled in a 
diet-dependent manner. A similar pattern was seen when the proportion of flies surviving three 
days post-infection was used to estimate tolerance, except that the relationship was not 
significant on either diet when the high-mortality genotypes were excluded (see main text).  
 
 
 

Ln Bacterial load per fly 

9 10 11 12 13 14 15 9 10 11 12 13 14 15 
0.0 

0.2 

0.4 

0.6 

0.8 

1.0 

4 

6 

8 

10 

12 

14 

N
or

m
al

iz
ed

 in
fe

ct
ed

 fe
cu

nd
ity

 
P

ro
po

rti
on

 a
liv

e 

High-sugar Low-sugar 

●
●

●

●

●

●

● ●

●

●

●
●

●

●
●

●

●●
●

●

●

●
●

●

●

●

●

● ●

●

●

●

r=0.936 
p<0.001 

r=0.833 
p=0.003 

r=0.898 
p<0.001 

r=0.827 
p=0.003 



 
 

21 

 

Figure 1. 5 

Evolutionary costs of defense 

There is a weak diet-dependent evolutionary cost of resistance plotted as descending bacterial 
load 24 hours after infection and pre-infection fecundity. Pre-infection fecundity was estimated 
as the number of offspring per female produced during the 24 hours prior to infection. This 
relationship is dependent on the two high morality genotypes. Similar patterns are seen for the 
relationship between pre-infection fecundity and normalized infected fecundity as well as 
survival across both diets, but these were not significant. 
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Discussion 

We found two distinct phases of infection over the five days that defense was assessed. 

The acute phase (Days 1-3) was characterized by a high pathogen burden, severe mortality, and a 

reduction in fecundity. The chronic phase (Days 4-5) consisted of a still substantial but stable 

pathogen burden that was in no way predictive of mortality or fecundity. We found genetic 

variation for resistance, mortality tolerance, and fecundity tolerance in the acute phase of the 

infection, but only for resistance in the chronic phase.  Experimental diet significantly influenced 

resistance and mortality tolerance during the acute phase of the infection. However, fecundity 

tolerance was not sensitive to diet. That is, even though diet altered both pathogen load and 

fecundity, it did so proportionally such that the relationship between load and fecundity (and 

hence fecundity tolerance) was unchanged. Using overall estimates of resistance and tolerance in 

the acute phase of infection, we found a positive relationship between resistance and tolerance, 

although the strength of this relationship was diet-dependent. We also demonstrate a weak 

evolutionary cost of resistance, but fail to detect any cost of tolerance.  

During the chronic phase of infection, pathogen levels remained constant. This finding 

suggests either that the host and pathogen have reached an equilibrium where the immune system 

is killing bacteria at the same rate that the bacteria are replicating or that the bacteria have 

stopped replicating and are no longer exposed or sensitive to host immunity. We speculate that 

the latter may be occurring, because mortality and fecundity both return to near uninfected levels 

during the chronic phase. Further understanding the patterns of infection from the perspective of 

both host tolerance and pathogen virulence will clarify how both players interact to create host 

tolerance.  
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Current theoretical models describing variation of resistance and tolerance in the context 

of host-pathogen coevolution assume a single state of infection [2-4, 6, 7, 14]. The empirical 

distinction between the acute and chronic phases of infection demonstrated here emphasizes the 

importance of looking at disease dynamics over time before extrapolating predictions about the 

spread of disease and evolution of defense in the wild. If transmission of P. rettgeri were to 

occur during the chronic phase of infection, then our results could be interpreted as supporting a 

model where tolerance alleles have fixed in the population. Infection tolerance through static 

chronic infection, which may not have major fitness consequences, should be integrated in future 

theoretical work on defense and infectious disease dynamics.   

Consistent with previous studies (e.g.,[29-31], we found genetic variation for resistance. 

We also found genetic variation for fecundity tolerance and for mortality tolerance. Previous 

studies in animals have found genetic variation in tolerance[but see 10, 11, 15] and genetic 

variation for fecundity tolerance has been repeatedly observed in both the plant and animal 

literature [15, 32, 33] , observations which we recapitulate in the acute (but not chronic) phase of 

infection.  The continued presence of genetic variation for tolerance is inconsistent with basic 

theoretical models predicting tolerance alleles to be more likely to fix in the population than 

resistance alleles [3, 4]. Non-independence between resistance and tolerance, or genotype-by-

environment interactions may explain this inconsistency.  

Although diet altered all three phenotypes measured (bacterial load, survival, and 

fecundity), it did not alter fecundity tolerance. In other words, the relationship between fecundity 

and pathogen load did not change across the two diets used in this experiment. However, 

mortality tolerance was very sensitive to diet. We expected that both fecundity and mortality 

tolerance would be sensitive to diet because both egg production and survival are regulated by 
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metabolic pathways such as insulin-like signaling, which are responsive to alteration in dietary 

sugar (e.g. [34]). We observed that host females do not completely stop egg production under 

infection conditions, nor do we see any evidence for “egg dumping” – a rapid increase in egg 

output to maximize short-term fitness upon infection [35].  Instead, we observe only a minimal 

reduction in fecundity after infection, implying that females continue to invest in short-term 

reproductive output even though it may increase the risk of dying from infection and hence 

potentially limit lifetime fecundity.  

We observed genotype-by-diet effects on mortality tolerance and fecundity tolerance, but 

saw no significant genotype-by-diet interaction for resistance.  While increasing dietary glucose 

increased pathogen burden, there was little evidence for genetic variation in immunological 

sensitivity to dietary sugar in this study. Since there are significant genotype-by-diet effects on 

tolerance but not resistance during acute infection, we infer that the genes underlying tolerance 

are likely to function outside of the canonical resistance pathways. 

In general, we found a positive relationship between resistance and tolerance, which 

supports the hypothesis that resource allocation to defense contributes to both resistance and 

tolerance [20]. Although, conceptually, a tradeoff between resistance and tolerance is easy to 

imagine and has some theoretical support ([13], but see [7, 8, 36, 37]), the empirical evidence is 

very mixed. Several high-impact papers have demonstrated a negative relationship between the 

two strategies [11, 12, 18]. However, a meta-analysis of 31 ecological and agricultural studies of 

herbivore defense strategies did not find a significant relationship between resistance and   

tolerance [38], and several studies have demonstrated a positive relationship between the two 

strategies [39, 40]. This lack of consensus may be a result of idiosyncrasies of specific host and 

pathogen combinations [41], as well as to employment of different measures of tolerance and 
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resistance across studies. Our observation that the strength of the relationship between resistance 

and tolerance is diet-dependent suggests that environmental heterogeneity could decouple these 

two traits and allow them to evolve independently. 

The observed tradeoff between pre-infection fecundity and bacterial load was driven by 

two genotypes that both were derived from line RAL-832. After the experiment was performed, 

it was discovered that this genotype contains a premature stop codon in the antimicrobial peptide 

gene, Diptericin. Diptericin is a downstream effector of the IMD pathway, which is responsible 

for resistance against Gram-negative pathogens. Although traditional life-history theory would 

suggest that an evolutionary tradeoff may be a result of limited resources between maintenance 

of the immune system and reproduction, we speculate from our results that it is more likely 

driven by direct costs of immunity, such as collateral damage from active antimicrobial activity. 

Other work has demonstrated a tradeoff between immunity and lifespan by showing that 

constitutive activation of the Gram-negative bacterial recognition protein, PGRP-LE, reduces 

lifespan. This phenotype can be rescued in flies with a homozygous loss-of-function mutation in 

the NF-kB transcription factor, Relish [42]. These results, combined with our study, suggest that 

the downstream effectors are the modulators of these tradeoffs, because if the tradeoff was 

simply based on resource availability, functional downstream effectors would play a smaller role 

than recognition and signaling molecules.  

We did not observe any costs of tolerance. This suggests that resistance is more costly 

than tolerance, at least in terms of early-life reproduction. It is possible that under different 

conditions, increased power, or through measurements of different life-history traits, such as 

longevity, we may have found a cost of tolerance. Although this is the first attempt to identify 
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costs of tolerance in animals as uninfected fitness, many studies in plants have found costs of 

tolerance [7, 13], but some have failed to detect these costs [37, 43, 44].  

 We have empirically demonstrated that defense as tolerance and resistance is a dynamic 

process with multiple phases of infection, and that these defense strategies are differentially 

affected by diet and genotype-by-diet interactions. Future theoretical work should aim to 

incorporate these complexities into disease models, while empirical studies should acknowledge 

these alternative, yet synergistic, strategies and how they change over time and environment.  

 

Conclusion 

Here we show that infection dynamics as well as dietary environment influence estimates 

of both tolerance and resistance, emphasizing that infection status is not a dichotomous state but 

a continuum that may yield different defense strategies in different contexts. The presence of 

genetic variation for fecundity and mortality tolerance is contrary to simple theoretical models, 

and we show that this context dependence and non-independence between defense strategies may 

be maintaining this variation. The presence of a weak evolutionary cost of resistance, but no 

costs of tolerance suggests that direct costs of limiting a pathogen burden may be more costly 

than dealing with the negative consequences of that burden. 

 

Methods 

Drosophila stocks and diets 

Ten lines were randomly chosen from the Drosophila Genetic Reference Panel (DGRP): 

RAL-26, RAL-217, RAL-272, RAL-318, RAL-370, RAL-374, RAL-595, RAL-732, RAL-832, 

RAL-897. The lines were collected from the Raleigh, NC, USA farmer’s market in 2003 and 
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inbred with 20 generations of full-sib matings [28]. These lines represent a random snapshot of 

natural genetic variation. For at least two generations prior to the experiment, all lines were 

maintained on two diets that varied in the amount of D-glucose. Both diets contained 5% 

brewer’s yeast w/v, 1% agar, 0.035% phosphoric acid, and 0.42% propionic acid. The low sugar 

diet contained 2.5% D-glucose, and the high sugar diet contained 5% D-glucose.  

 

Generation of experimental flies 

Outbred F1 progeny were derived from the ten DGRP lines using a ring crossing design, 

such that each line contributed a mother for one experimental genotype and a father for another 

(see Figure 1.1). The parental generation was maintained at a low density, approximately 20 

females per bottle (30 ml food), and cleared after two days of egg laying to avoid overcrowding 

effects on offspring. Virgin experimental flies were aged for 3-5 days in groups of twelve flies 

per vial (8 ml food). For the 24-hour period before infection, females were exposed to males of 

the same genotype in groups of 12 females and 12 males per vial (Day 0 vial). 

 

Bacterial infection 

The strain of Providencia rettgeri used in this experiment is a Gram-negative 

extracellular natural pathogen of D. melanogaster. It was isolated from the hemolymph of wild 

caught D. melanogaster [45]. Overnight cultures were started from a single bacterial colony and 

were grown overnight in liquid LB at 37o C with shaking. Prior to infections, the overnight 

culture was diluted in LB to an A600 of 0.2. Flies were infected by pricking in the thorax with a 

0.15 mm dissecting pin (Fine Science Tools) dipped in the diluted overnight culture of P. 

rettgeri. This method delivered approximately 800 bacteria to each fly. Flies were anesthetized 
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on CO2 for 3-4 minutes during infection. Control anesthetized flies were held on CO2 for the 

same amount of time. Infections were performed over two days for each replicate. The genotype 

order of infections was determined using a random number generator, with 5 genotypes infected 

on each of the two days. The infected females were placed in groups of three females per vial 

and the males were discarded. Approximately 96 females were infected per line per diet per 

experimental replicate.  

 

Post-infection fly handling 

Female flies were placed in a fresh ‘Day 1’ vial in groups of three immediately after 

infection or control handling. The flies were assigned either for measurement of bacterial load or 

for measurement of fecundity and survival. For each genotype on each diet, there were four 

uninfected survival/fecundity vials, eight infected survival/fecundity vials and approximately 20 

bacterial load vials. For the next five days after infection, all flies were transferred each day and 

maintained at a density of two to three female flies per vial. The number of surviving flies was 

recorded daily as the flies in the survival/fecundity treatment were transferred to new vials. 

These vials were retained and emerging adult offspring were counted for up to 16 days after the 

transfer.  The number of emerged adults was used as the measure of fecundity. 

 

Bacterial load assay 

Bacterial load was estimated for each genotype on each diet once a day for five days after 

infection. Individual females were placed in 500 µl LB and homogenized with a sterile pestle. 

On Day 1, the homogenates were diluted 1:100 dilution prior to plating.  On Days 2 and 3, 

homogenates were diluted 1:10.  No dilution was necessary on Days 4 and 5. These homogenates 
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were then plated onto LB agar using a WASP 2 spiral plater (Microbiology International, 

Bethesda, MD, USA). Plates were grown overnight at 37o C and resulting colonies were counted 

using a ProtoCOL plate counting system (Microbiology International) to estimate the number of 

viable bacteria infecting each fly. 

 

Statistical analyses 

All statistical analyses were performed in R [46]. Mixed-effect models were analyzed 

using the nlme package [47]. Separate generalized linear models were built for analysis of 

mortality tolerance, fecundity tolerance, and resistance. The possible factors included in the 

models were Genotype, Diet, Day Post-Infection, Bacterial Load, and Uninfected Fecundity. 

Genotype was considered a fixed effect when the biological question related to the existence of 

genetic variation for a given trait, but genotype was considered a random effect when questions 

were asked at a species level (e.g. Does diet affect tolerance?). Genotype was used as a random 

effect in these models, because the question of how diet affects defense treats genotype as a 

random draw from a population. Linear contrasts were performed using the multcomp package in 

R [48]. The Tukey’s test was used to compare load, fecundity, and mortality rate for each day. 

For these comparisons, interaction terms were not included in the models. 

Two models were tested to estimate fecundity tolerance. Model A tested for the presence 

of natural genetic variation in tolerance. The response variable is the infected fecundity corrected 

for the number of females put into the vial. In order to normalize the distribution of the residuals, 

all fecundity values were taken to the power of 0.6, which was chosen using the boxcox function 

in the MASS package in R [49]. The Box-Cox procedure identifies an appropriate exponent to 

use to transform the data to a normal distribution by calculating the log-likelihood of the data 



 
 

30 

over a range of power transformations. Uninfected Fecundity was included in the models to 

account for variation in general vigor. Genetic variation for tolerance is indicated by a significant 

Genotype-by-Load interaction, which shows that certain genotypes are better able to handle the 

severity of an infection than others. A significant three-way interaction between Genotype, Load, 

and Diet represents a genotype-by-environment effect on tolerance. For this analysis, the data 

were split into the acute and chronic phase of infection. Day 1-3 is considered acute phase 

because that is where most of the mortality and the peak pathogen intensity occur. Day 4-5 is 

considered the chronic phase of infection because the negative impacts of infection are not as 

extreme.  Model B tested for the effect of diet and time on fecundity tolerance. To correct for 

correlations that result from repeated measurements on the same group of flies, first-order 

autoregressive error structure was fit to the model using the corAR1() function from the R 

package lme4 [50]. 

 

Model A evaluated genetic variation in fecundity tolerance:  

Infected Fecundity = Uninfected Fecundity + Load + Genotype fixed + Diet + Day + 

Genotype*Load + Genotype*Diet + Load*Diet + Genotype*Load*Diet + error 

 

Model B tested the effect of diet on fecundity tolerance and whether tolerance changed over days 

of the experiment: 

Infected Fecundity = Uninfected Fecundity + Load + Genotype random + Diet + Day + 

Load*Diet + Day*Load + Day*Diet + Load*Diet*Day + corAR1 
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Mortality tolerance was estimated using generalized linear models that followed a binomial 

distribution and used the number of dead and alive flies as the response variables for each 

experimental replicate.  

 

Model C tested for genetic variation in mortality tolerance: 

Probability of mortality (number dead, number alive) = Load + Genotype fixed + Diet + Day + 

Genotype*Load + Genotype*Diet + CFU*Diet + Genotype*Diet*Load + error 

 

Model D tested the effect of Diet on mortality tolerance: 

Probability of morality (number dead, number alive)  = Load + Genotype random + Diet + Day 

+ Genotype*Load + Genotype*Diet + Load*Diet + Genotype*Diet*Load + error 

 

Model E tested for genetic variation and a genotype-by-environment effect on resistance, and 

Model F considered the effects of Diet and Day post-infection on resistance. The response 

variable in these models was the natural log of the estimated bacterial load.   

 

Model E tested genetic variation in resistance: 

Load = Cross + Diet + Day + Cross*Diet 

 

Model F tested the effect of Diet on resistance: 

Load = Cross random + Diet + Day + Day*Diet 
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 Correlations between resistance and mortality tolerance or fecundity tolerance were 

estimated on each day and diet, as well as for an overall estimate for each phenotype determined 

from the acute stage of the infection (day 1-3). For this latter correlation, the maximum bacterial 

load measurement for each line was used as the overall estimate of resistance. Fecundity 

tolerance estimates were least squares mean of infected fecundity standardized by uninfected 

fecundity and the median bacterial load as determined from Model A. Overall estimates of 

tolerance were estimated from similar models that included all data from Days 1-3. 
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CHAPTER 2 

CONVERGENT BALANCING SELECTION ON AN ANTIMICROBIAL PEPTIDE IN 

Drosophila2 

 

Summary 

Genes of the immune system often evolve rapidly and adaptively, presumably driven by 

antagonistic interactions with pathogens [1-4].  Those genes encoding secreted antimicrobial 

peptides (AMPs), however, have generally failed to exhibit conventional signatures of strong 

adaptive evolution, especially in arthropods (e.g., [5-7]), and often segregate for null alleles and 

gene deletions [8-11].  Furthermore, quantitative genetic studies have generally failed to 

associate naturally occurring polymorphisms in AMP genes with variation in resistance to 

infection [12-14].  Both the lack of signatures of positive selection in AMPs and lack of 

association between genotype and immune phenotype have yielded an interpretation that AMP 

genes evolve under relaxed evolutionary constraint, with enough functional redundancy that 

variation in, or even loss of, any particular peptide would have little effect on overall resistance 

[15]. In stark contrast to the current paradigm of relaxed evolutionary constraint, however, we 

identified a naturally occurring amino acid polymorphism in the antimicrobial peptide, 

Diptericin, that is highly predictive of resistance to bacterial infection in Drosophila 

melanogaster [16].  The identical amino acid polymorphism arose in the sister species D. 

simulans, in parallel by independent mutation with equivalent phenotypic effect, and convergent 

substitutions at the amino acid residue have evolved at least five times across the Drosophila 

genus. We hypothesize that alternative alleles are maintained by balancing selection through 
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context-dependent or fluctuating selective advantage. This pattern of evolution appears to be 

common in antimicrobial peptides, but is invisible to conventional experimental screens for 

adaptive evolution that are predicated on elevated rates of amino acid divergence.  
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Results 

  

Amino acid variation in Diptericin predicts immune defense in D. melanogaster and D. simulans 

Diptericin is an antimicrobial peptide produced by dipteran flies. In Drosophila 

melanogaster, the Diptericin gene is transcriptionally activated via the Imd pathway after 

challenge with Gram-negative bacteria.  In a previous genome-wide association study, we 

discovered a naturally occurring polymorphism at residue 69 of the Diptericin mature peptide 

(G2 domain) that was strongly predictive of resistance to infection by the Gram-negative natural 

pathogen of Drosophila, Providencia rettgeri (Figure 1A, Figure S1, [16]). The ancestral serine 

residue is associated with high resistance to infection and is carried in 85% of the lines in the 

mapping panel. The derived allele encodes an arginine and is carried in 15% of the lines.  

We randomly selected eleven lines homozygous for each allele from the original mapping 

population [16], and confirmed that lines carrying the arginine allele are more susceptible to P. 

rettgeri infection than those carrying the serine allele. The average pathogen load for an arginine 

homozygote was 20 times higher than the average load of a serine homozygote (Figure 1B, Table 

S1, p < 0.001). This elevated load corresponded to almost 4-fold lower survival by the lines that 

carried the arginine allele (Figure 1C, Table S2, p < 0.001). Across all lines, survival over five 

days post-infection was 54.2% for flies carrying the serine allele and 14.5% for flies carrying the 

arginine allele.  To test the dominance of the alleles, we generated homozygous and 

heterozygous individuals in outbred genetic backgrounds.  Flies homozygous for serine again 

had lower bacterial loads than flies homozygous for the arginine.  Heterozygous flies had 

statistically intermediate bacterial loads, indicating that the protective effect of the serine allele 

shows incomplete dominance (Figure S2, Table S3).  
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 Drosophila simulans is a sister species to D. melanogaster, sharing a common ancestor 

between 1 and 5 million years ago [18].  We examined the Diptericin locus in D. simulans and 

found that an arginine polymorphism has convergently arisen at the same residue in D. simulans 

through independent mutation of the codon (D. melanogaster: AGC -> AGA; D. simulans: AGC 

-> AGG).  In both species, the serine/arginine polymorphism is segregating in populations 

throughout the world (Figure S3).  To test whether the D. simulans arginine allele was also 

convergent in phenotype, we infected D. simulans lines homozygous for either amino acid state 

with P. rettgeri and measured survival and systemic pathogen load post-infection.  The D. 

simulans data recapitulated the D. melanogaster result.  D. simulans lines homozygous for 

arginine allele carried higher bacterial loads than D. simulans homozygous for serine (Figure 1C, 

Table S4, p = 0.008) and had lower survival after infection (Figure 1D,Table S5, p < 0.001).    
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Figure 2. 1  

Convergent arginine residue and null mutations decrease resistance to Providencia rettgeri 
in D. melanogaster and D. simulans. A) Three Dpt genotypes were functionally evaluated in D. 
melanogaster: the ancestral serine residue, the derived arginine residue from an AGA codon, and 
a presumed null genotype containing a premature stop codon.  B) Bacterial load 24 hours post-
infection in a set of D. melanogaster inbred lines measured as the number of colony forming 
units per pool of three flies. The lines containing the arginine residue (blue) had higher loads 
than those with the serine (red). The two null lines had the highest loads (white).   C) Survival 
post-infection in a set of D. melanogaster inbred lines. Lines carrying the arginine residue (blue) 
had lower survival than those with the serine residue (red). The two null lines (black) had the 
lowest survival. Grey-dashed line represents all uninfected sterile-wound control flies. D) Four 
Dpt genotypes phenotyped in D. simulans: the ancestral serine residue, the derived arginine 
residue from an AGA codon, and two putative null genotypes containing either the serine or 
arginine residue and a 6 bp deletion including the start codon. E) Bacterial load 24 hours post-
infection in a set of D. simulans inbred lines measured as the number of colony forming units per 
pool of three flies. The lines containing the arginine residue (blue) had higher loads than those 
with the serine (red). The lines carrying the deletion had higher loads than those that did not 
(light red/light blue). F) Survival post-infection in a set of D. simulans inbred lines. Lines 
carrying the arginine residue (blue) had lower survival relative to those carrying the serine 
residue (red). Lines that carried the deletion had lower survival than those that did not (light 
red/light blue). Grey-dashed line represents all uninfected sterile-wound control flies. 
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Incidence of Diptericin null alleles in D. melanogaster and D. simulans are associated with 

extremely poor immune protection 

In the context of the D. melanogaster genome-wide association study [16], we uncovered 

two lines that carry a premature stop codon 39 amino acids into the mature peptide, and four 

more that carry a 12 bp deletion removing residues 25-28 from the mature peptide (Figure S4).  

The two lines bearing the premature stop sustained the highest pathogen loads of any line in the 

initial study and the three lines carrying the deletion were in the top 7% of the remainder.  We 

confirmed the effect of the premature stop codon in the present study, showing that the two lines 

homozygous for this presumptive null allele sustained higher pathogen loads than any of the 22 

other lines evaluated (Figure 1B) and that no flies from either line survived for more than 48 

hours after infection (Figure 1C). The effects of the premature stop codon were at least partially 

dominant; heterozygotes for the presumed null experienced dramatically lower survival and 

pathogen load after P. rettgeri infection when compared to heterozygotes for functional alleles 

[11]. Additionally, we used RNAi to knock down expression of Diptericin specifically in the fat 

body and hemocytes. Knock down resulted in 0% survival (0 out of 40 flies alive) within 48 

hours of P. rettgeri infection, compared to 70% survival (28 out of 40 flies alive) in control flies 

(Fisher Exact Test p <0.001). These data demonstrate that Diptericin plays a vital role in D. 

melanogaster defense against P. rettgeri, and the premature stop codon essentially renders the 

gene nonfunctional.   

 In another example of convergence, we also found a polymorphic loss-of-function allele 

in D. simulans.  This mutation is a 6 bp deletion that begins in the 5’ UTR and removes the 

Diptericin start codon (Figure 1D).  D. simulans lines carrying this deletion carried significantly 



 
 

43 

higher P. rettgeri loads than lines without the deletion (p = 0.028; Figure 1E) and showed 

significantly lower survival after infection (p = 0.011; Figure 1F).  Thus, both D. melanogaster 

and D. simulans are polymorphic for convergent mutations that essentially eliminate Diptericin 

function and reduce resistance to P. rettgeri infection. 

 

Allele-specific protection by Diptericin is pathogen-dependent  

Previous association studies using other bacterial pathogens failed to find an association 

between alleles of Diptericin or other AMPs and resistance to infection in D. melanogaster [12-

14]. To test the specificity of the conferred resistance of the serine allele, we measured bacterial 

load after infection in the same D. melanogaster lines as above with four other pathogens: 

Providencia alcalifaciens, Providencia sneebia, Serratia marcescens and Enterococcus faecalis 

(all Gram-negative except the Gram-positive E. faecalis).  The serine allele provided greater 

protection against P. alcalifaciens (p < 0.001, Figure 2), but there was no effect of allele on 

resistance to any of the other bacteria.  The two lines carrying the premature stop codon had 

some of the highest pathogen burdens after infection with P. alcalifaciens and P. rettgeri, but 

were not exceptional after infection with the other three pathogens (Figure 2, Figure S5). We 

note that P. alcaifaciens is more closely related to P. rettgeri than P. sneebia, and conclude from 

this that the effect of the serine/arginine polymorphism on immune defense is a result of specific 

interaction between the Drosophila host Diptericin allele and the bacterial pathogen.  
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Figure 2. 2 

Effects of Diptericin alleles are pathogen-specific.  The twelve D. melanogaster lines from 
each allele and the two null lines were infected with four pathogens and bacterial load was 
measured 24 hours after infection to test for the specificity of the alleles in resistance. D. 
melanogaster carrying the arginine allele (blue) had higher loads than those carrying the serine 
allele (red), reflecting the same defense phenotype seen with P. rettgeri infection. There was no 
effect of the Dpt allele on resistance to P. sneebia, S. marcescens, or E. faecalis infections. The 
D. melanogaster harboring the presumed null allele (white) had higher loads than those 
containing either variant only in P. alcalifaciens infection, further confirming the importance of 
Dpt in resistance to this pathogen. Bacterial loads are represented as natural log of the colony 
forming units per pooled sample of three male D. melanogaster.  

 

To test whether the effect of the Diptericin polymorphism is dependent on expression of 

the Diptericin gene after infection, we measured induction of Diptericin in the inbred Oregon R 

strain at 24 hours after infection with five pathogens.  Infection with all four Gram-negative 

bacteria resulted in significant induction of Diptericin expression, although infection with the 

Gram-positive E. faecalis did not (Figure S6).  The quantitative degree of induction was not 

correlated with the difference between the arginine and serine alleles in mean bacterial load at 24 

hours post-infection  (r = 0.641, p = 0.122, Figure S6). Notably, after infection with P. sneebia 

and S. marcescens, the two Gram-negative pathogens that were not sensitive to the Diptericin 
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allele, Diptericin was highly expressed after infection even though the serine/arginine 

polymorphism had no discernable effect on bacterial load.   

 

There are at least five independent mutations to the arginine residue across the Drosophila 

phylogeny 

 Having observed a convergent serine/arginine polymorphism in D. melanogaster and D. 

simulans, we asked how many additional times such variants may have arisen across the genus 

Drosophila.  D. mauritiana and D. sechellia, which are close sister species to D. simulans, are 

both fixed for serine (D. mauritiana: n=107 samples, Nolte et al. 2012; D. sechellia: n=18 

samples, Daniel Matute unpublished data).  In comparing the reference genome sequences of 

more distantly related Drosophila species, we found three additional independent origins of 

arginine alleles at this codon (Figure 3, D. melanogaster – AGA, D. simulans - AGG, D. orena - 

AGA, D. ficusphila – CGA and D. willistoni - AGA) as well as two independent mutations to 

glutamine at the same codon (D. biarmipes and D. suzukii – CAA, D. annanasae – CAA).  

Finally, D. yakuba and D. santomea share a fixed substitution to asparagine at the codon (D. 

yakuba – AAC, n=36; D. santomea – AAC, n=11; Daniel Matute unpublished data).  Serine, 

glutamine and asparagine are hydrophilic amino acids, and arginine is positively charged. We 

tested whether the observed rate of change of amino acids at this position was greater than 

expected under a Dayhoff amino acid transition matrix, using the DEPS protocol in HyPhy [19].  

This analysis showed an excess of conversion from Serine to Arginine (5 independent 

substitutions; ratio of posterior odds to prior odds or maximum Bayes factor = 680.94; a value 

greater than 20 is considered significant).  Thus, residue 69 of Diptericin appears to be highly 

mutable and confers a major phenotypic effect in all tested species. 
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Arginine has arisen at least five times independently in 20 species in the Sophophora subgenus 
of Drosophila.  Phylogeny based on Seetharam and Stuart (2013).  Codons to the right of species 
name show that arginine alleles in different species use three different codons. 

A history of recombination at the Diptericin locus in D. melanogaster 

 Given that arginine is the derived state, but provides weaker immune defense, we 

hypothesized that the polymorphism is segregating in D. melanogaster and D. simulans due to 

balancing selection as a result of a condition-dependent fitness benefit of the Serine allele.  

Arginine might be adaptive, for example, if it provides protection against an unknown pathogen, 

alters gut microbial composition, or reduces autoimmune damage.  Balancing selection can be 

inferred from sequence data based on elevated polymorphism and/or deep divergence times 

between balanced alleles.  These patterns lead to an excess of intermediate frequency alleles, 

manifest as a significantly positive Tajima’s D when all samples are considered together but 
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negative Tajima’s D when haplotypes are considered separately due to the deep coalescence time 

between the haplotypes.  This is the pattern observed for the Rpm1 locus for Arabidopsis 

resistance to Pseudomonas infection [20], a classic example of a balanced polymorphism for an 

immunity gene. 

 We did not observe sharing among lines of large haplotypes around the serine/arginine 

polymorphism in Diptericin. In a set of almost 200 African D. melanogaster inbred lines [21], all 

four gametes are found (an indicator of recombination between sites) in SNPs just three 

segregating sites (33 bp) upstream and five segregating sites (97 bp) downstream.  Other than the 

serine/arginine polymorphism, a perfectly linked silent site 3 bp upstream of the serine/arginine 

site and one doubleton, all other sites are singletons in this interval (Figure S7). The lack of 

haplotypes associated with Diptericin may allow selection to act on only the serine/arginine site 

and a few closely linked bases, rendering no power to standard tests for balancing selection.  

 Signatures of balancing selection rely on large haplotypes, a characteristic of species with 

either large effective population size and/or high rates of recombination [22]. Therefore, the 

signatures associated with balancing selection (excess polymorphism, significantly positive 

Tajima’s D) are absent in the coding region of Diptericin (Figure S8) because recombination has 

broken down these haplotypes.  Thus, species with large effective population sizes and/or high 

rates of recombination may obscure signatures of balancing selection leading to an 

underestimation of it occurrence. 

 

A tandem duplication of Diptericin segregates in D. simulans 

One striking pattern in AMP evolution is the rapid expansion and contraction of gene 

family size between species [3]. One of several possible explanations for the fixation of gene 
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duplications is that it allows for fixation of two alleles, both maintained in a balanced 

polymorphism [23]. In D. simulans we found a tandem duplication of Diptericin segregating in 

23 out of 37 African inbred lines.  These duplicates are annotated as GD11417 (duplicate, 

hereafter Dpt A2) and GD11418 (ancestral, hereafter Dpt A1, Figure S9).  Given the phenotypic 

results described above (for D. simulans lines with a single copy of Diptericin), we were 

intrigued by the possibility that duplication may allow for the eventual fixation of both serine 

and arginine alleles.  Infection assays (Figure S10) indicate that the Dpt A1 allele is the strongest 

predictor of resistance to P. rettgeri. However, D. simulans lines that carry the duplication have 

higher survival after P. rettgeri infection than those that do not (p<0.001). Lines that have serine 

at Dpt A1 and carry the duplication, experienced lower pathogen burden (p = 0.0394). Whether 

lines carried the serine or arginine allele in the duplicated paralog (Dpt A2) was not predictive of 

bacterial load (p=0.754), although we lacked representation of all allele combinations between 

the two paralogs.  

 Recent duplicates often experience considerable rates of gene conversion between 

paralogs.  We see several such conversion events in the two Diptericin paralogs – including 

conversion of serine/arginine alleles.  Figure S11 shows the phylogenetic relationship of all 

paralogs from a set of inbred African D. simulans lines.  Though the tree is poorly resolved 

overall, well-resolved nodes show that the two paralogs are not reciprocally monophyletic, which 

indicates gene conversion between them.  Two gene conversion tracts are evident in the primary 

sequence data, where both paralogs share the same nucleotide polymorphism, including the 

serine/arginine polymorphism (Figure S12). This non-independence among substitutions violates 

the assumptions of population genetic tests for balancing selection and other forms of adaptive 

evolution [24] so these cannot be applied to the D. simulans duplication. 
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Discussion 

A single amino acid variant in the Diptericin antimicrobial peptide of D. melanogaster 

has a large effect on resistance to infection by Providencia rettgeri. In D. simulans, an arginine 

allele evolved via convergent mutation and exhibits the same phenotypic effect on immune 

defense.  Both species also segregate for null alleles that result in high susceptibility to P. 

rettgeri. Arginine alleles have arisen independently at least five times across the Sophophora 

subgenus of Drosophila, and there have also been two independent origins of glutamine and one 

incidence of asparagine at the same residue. The presence of this evolutionarily convergent, 

large-effect amino acid variant does not support the prevailing hypothesis that AMPs are 

functionally redundant and variation in individual AMPs has little effect on defense. Instead, it 

suggests that individual sites within AMPs can be targets of natural selection and may be sites of 

co-evolution between the host and the pathogen. 

 

Previous studies of signatures of selection in Drosophila immune genes have not found 

evidence of recurrent positive selection at AMP genes [4, 25, 26]. Instead, these studies found 

that AMPs seem to be evolving via elevated levels of gene duplication and gene loss [9].  

Though our results suggest maintenance through balancing selection, molecular population 

genetic tests provide ambiguous support for balancing selection because recombination has 

broken down potential haplotypes in the region.  Balancing selection is consistent with both 

absence of recurrent positive selection and elevated levels of gene family expansion and 

contraction. These previous studies were not aiming to identify genes under balancing selection 
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and the methods employed do not test for it.  These tests also fail to account for the possibility 

that single mutations could have very large effect. 

Our results highlight a more general issue in population genetics.  We find evidence of a 

balanced polymorphism: in both species the derived and convergent arginine allele provides 

weaker immune defense than the ancestral allele and segregates at high frequency (>80% in 

some populations of D. simulans, Figure S3).  Balancing selection is therefore more 

parsimonious than the idea that the same amino acid has drifted to appreciable frequency in both 

species due to neutral processes.  However, previous studies examining the evolution of 

immunity genes within or between species have shown no signature of selection at Diptericin in 

D. melanogaster [3, 26]. This is due to the lack of large haplotypes associated with the alleles, 

consistent with an ancient origin of the polymorphism with recombination winnowing down the 

haplotypes so that selection can act on the serine/arginine codon and the perfectly linked SNP 

three bases upstream.  In other words, assuming the absence of barriers to recombination or 

epistatic interaction among SNPs, recombination eventually homogenized the background 

variation around the serine/arginine polymorphism so that now when a stronger immune 

response is necessary, natural selection favors any haplotype with the serine allele regardless of 

the linked variation which has been homogenized. This suggests that in populations with large 

effective population sizes and high recombination rates such as Drosophila, the role that 

balancing selection plays in maintaining genetic variation may be severely underestimated and 

that the inference of balancing selection may require new approaches that don’t assume large 

haplotypes associated with the loci of balancing selection. Alternatively, the combined use of 

phenotypic and genotypic data may be necessary. Importantly, standard tests have been quite 
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successful in species with smaller effective population sizes and lower effective rates of 

recombination [27-29].   

The frequent incidence of loss-of-function alleles in nature suggests that AMP function in 

immune defense is balanced by deleterious consequences in the absence of infection, and serial 

pseudogenization and duplication for reasons of dosage or subfunctionalization may explain the 

rapid gene family dynamics.  Environments with low pathogen pressure might favor null alleles 

and those with stronger pressures would favor duplicates.  Molecular variation at Diptericin in D. 

simulans is consistent with this model: both loss-of-function alleles and tandem duplicates are 

segregating in the population. Since the mutational target size for a null allele is so large and the 

fitness costs during infection are so severe, it may be that during epidemics, these null alleles are 

quickly lost from the population, but are regenerated and are either selectively nearly neutral or 

beneficial when pathogen pressure is low.  The evidence for adaptive divergence after 

duplication in arthropods [5, 25, 30] is mixed, but in the case of Diptericin in D. simulans, gene 

conversion between paralogs precludes adaptive divergence and points to a recent origin of the 

duplication. 

The patterns observed in Diptericin prompted us to examine other existing data from 

other antimicrobial peptides in Drosophila with new perspective.  First, Lazzaro and Clark [8] 

found evidence of paralogous gene conversion between Attacin A and Attacin B and a signature 

of a rapid rise in frequency of the converted region – thus gene conversion appears to be a 

common occurrence between AMP paralogs. Attacin A was also found to be segregating for a 

9bp indel and that the 9bp were present in D. simulans and D. sechellia but absent in D. 

mauritiana [8].  Using data from Nolte, et al. [31], we found that this same 9bp indel is 

segregating in D. mauritiana, suggesting either convergent deletions or maintenance of the 
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polymorphism since before the two species diverged.  Second, an amino acid polymorphism in 

Drosocin underwent a dramatic change in frequency in two years with the ancestral haplotype 

appearing to have experienced a recent, though incomplete, selective sweep [26].  This pattern is 

consistent with selection for the alleles varying over time and/or the long-term maintenance of 

polymorphism.   

Both balancing selection and co-segregating amino acids are not exclusive to Drosophila 

with evidence for balancing selection and trans-species polymorphism in AMPs, particularly 

Defensins, from anurans, mussels and passerine birds [32-35].  Brevinin-1, an AMP in leopard 

frogs, harbors molecular variation suggesting allelic variation is maintained by fluctuating 

selection over time [36].  However, in addition to these patterns that echo our results for 

Diptericin in Drosophila, vertebrate AMPs in particular show evidence of recurrent positive 

selection [7].  

Finally, our results add to a growing number of cases [20, 37, 38] suggesting that immune 

genes do not evolve solely via an evolutionary arms race model.  Both theoretical literature on 

the evolution of resistance [39] and intuition predict such a result: alleles that provide resistance 

but carry a pleiotropic cost in the absence of infection increase in frequency when the parasite is 

common, but as the resistance allele increases in frequency, the parasite becomes rare since more 

hosts are resistant, decreasing the average fitness of resistant individuals.  This indirect 

frequency dependent selection leads to oscillating allele frequencies – Stahl’s “Trench Warfare” 

model [20].  The circumstances that favor a “Trench Warfare” model vs. a coevolutionary arms 

race for a particular gene may include factors such as parasite specificity, whether alleles confer 

tolerance or resistance and the severity of pleiotropic costs of resistance in the absence of 

infection [40, 41]. 
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Experimental Procedures 

Drosophila stocks and resources 

Eleven D. melanogaster lines carrying arginine alleles and eleven carrying serine alleles 

were randomly selected from the Drosophila Genetic Reference Panel (arginine:  RAL-38, RAL-

158, RAL-367, RAL-409, RAL-642, RAL-707, RAL-714, RAL-810, RAL-812, RAL-852, RAL-

879; serine: RAL-91, RAL-88, RAL-217, RAL-233, RAL-235, RAL-287, RAL-776, RAL-790, 

RAL-799, RAL-890, RAL-908; stop codon: RAL-822, RAL-832) [42]. These lines were also 

used to create two outbred populations (at least five generations of recombination) fixed for each 

amino acid residue by placing 10 virgin females and 10 virgin males from of the 12 lines into 

cages) containing nine bottles each with 30 ml of medium (1% agar, 8.3% glucose, 8.3% 

Brewer’s yeast, 0.04% phosphoric acid, and 0.4% propionic acid) (BugDorm-42222 insect 

rearing cage, MegaView Science Co., Taichung, Taiwan.  

To knock down Diptericin in the fat body and hemocytes, we crossed virgin females 

(w1118; P((GawB))c564, fat body specific driver) to GD41285 males (carrying the Diptericin 

knockdown construct) or w1118 males (as controls).   

 For population genetic analyses in D. melanogaster, we utilized the Drosophila 

Population Genomics Project release 3 (DPGP), a collection of 197 inbred lines collected in 

Siavonga, Zambia [21].  D. simulans lines originally collected in Africa were obtained from Chip 

Aquadro, were sequenced at one or both Diptericin paralogs.  Colleagues generously provided 

alignments from other species including D. mauritiana [43] and D. sechellia (Daniel Matute, 

personal communication).  For frequency estimates around the world, we were sent data from 
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several researchers and extracted data from previously published studies (see Table S6 for 

details).   

Infection procedure 

The following pathogens were used in this study: Providencia rettgeri Dmel (Gram-negative 

isolated from wild-caught D. melanogaster in State College, PA, USA), Providencia 

alcalifaciens Dmel (isolated from wild-caught D. melanogaster in Ithaca, NY, USA) 

Providencia sneebia Type (isolated from wild-caught D. melanogaster in State College, PA 

[44]), Enterococcus faecalis Dmel (isolated from wild-caught D. melanogaster by B. Lazzaro 

(State College, PA), and Serratia marcescens BPL (a derivative of the Type strain ([12])). 

Bacterial cultures were grown overnight in Luria broth (LB) at 37ºC with continuous shaking. 

All cultures were diluted to A600=1.0 +/- 0.1, except for E. faecalis, which was diluted to 

A600=0.5 +/- 0.1. Males aged 3-5 days post-eclosion were infected by pricking in the thorax with 

a 0.15 mm dissecting pin (Fine Science Tools) dipped in the dilute bacteria culture [45]. This 

method delivered approximately 103 bacteria to each fly.  Infected males were housed in groups 

of 12 or 15 per vial (8 ml diet).  For survival assays (described below), males were wounded with 

a sterile needle as a control. 

 

Bacterial load assay 

To assay bacterial load 24 hours after infection, groups of 3 males were homogenized in 

500 µl LB. These homogenates were diluted and plated onto LB agar using a WASP 2 spiral 

plater (Microbiology International, Bethesda, MD, USA).  Plates were grown overnight at 37o C 

and resulting colonies were counted using the Protocol plate counting system (Microbiology 

International, Frederick, MD, USA) to estimate the number colony forming units per fly.  
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Survival assay 

Infections to measure survival of Drosophila with different Diptericin alleles were 

performed as described above and survival was recorded daily for five days after infection. Flies 

that did not die during these five days were censored from the experiment. Infections to measure 

the effect of knocking down Diptericin in the fat body and hemocytes were also carried out as 

described above, was measured for only two days since all knockdown flies died during that 

period. 

 

RT-qPCR 

To test whether induction of Diptericin was correlated with the effect of the serine/arginine 

polymorphism in defense, we measured relative Diptericin expression 24 hours post-infection in 

male Oregon-R D. melanogaster infected with the five bacterial pathogens listed above.  

Diptericin expression was compared to a sterile-wound control. Males were flash frozen in 

groups of 15 flies at twenty-four hours post-infection. RNA was extracted using TRIZOL under 

the manufacturer’s protocol, cDNA was made using M-MLV reverse transcriptase (Promega, 

Madison, WI, USA), and quantitative real-time PCR was performed using a CFX ConnectTM 

Real-Time PCR Detection System (BioRad, Hercules, CA). Levels of AMP expression are 

reported relative to rp49 (also known as RpL32). qPCR reactions were performed using the 

SYBR green PCR master mix (Applied Biosystems). 

 

Statistical analysis 
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We assessed the effect of the serine/arginine polymorphism on bacterial load using a 

linear mixed effects model. The analysis was performed using the R package lme4 [46, 47] with 

Diptericin allele (serine or arginine) as a fixed effect and DGRP line as a random effect.  The 

effect of the Diptericin allele on survival was assessed using the Cox proportional hazard 

analysis in R [48].  

 

Molecular population genetic analysis 

 Standard population genetic statistics were calculated in R using the pegas [49] package.  

A random control set of 1000 genes (exon 1 only) from the D. melanogaster chromosome 2R 

were chosen and FASTA files for each were extracted from the DPGP3 data set using custom 

scripts for comparison to Diptericin in D. melanogaster.   

 The phylogenetic tree of D. simulans Diptericin alleles was constructed using sequences 

from both paralogs. MrBayes [50] was used to construct the tree with GTR+gamma model and a 

chain length of 1,100,000 and a burn-in of 100,000.  Branches with less than 0.5 posterior 

support were collapsed.  
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CHAPTER 3 

 
THE GENETIC ARCHITECTURE OF TOLERANCE OF INFECTION: IDENTIFYING 

POLYMORPHISMS THAT ALTER THE RELATIONSHIP BETWEEN FITNESS AND 

PATHOGEN BURDEN3 

Abstract 

 Defense against pathogenic infection can take two forms: resistance and tolerance. 

Resistance is the ability of the host to limit a pathogen burden, whereas tolerance is the ability to 

limit the negative consequences of a given burden. Evolutionarily, a tolerance strategy that is 

independent of resistance could allow the host to avoid mounting a costly immune response and, 

theoretically, to avoid a coevolutionary arms race between pathogen virulence factors and host 

resistance mechanisms. Biomedically, understanding the biological processes and mechanisms of 

tolerance and how they relate to resistance, could potentially yield treatment strategies that are 

independent of pathogen control and focus more on health improvement.  Here we examine 

patterns of natural variation in tolerance of infection in Drosophila melanogaster and identify the 

genetic basis of this using a genome-wide association study approach. We find a positive 

relationship between resistance and tolerance, and demonstrate how host tolerance depends on 

resistance level. We find that tolerance was predicted by SNPs in genes involved in regulation of 

the immune system and metabolism. We demonstrate a negative relationship between allele 

frequency and effect size suggesting that, in general, mutation selection balance may be acting 

on SNPs that explain variation in defense. We show that while a subset of SNPs that explain 

resistance are found in genes that are transcriptionally altered by infection, the expression of 

                                                
3!In preparation for submission to Molecular Ecology!
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genes that harbored tolerance SNPs was not induced by infection conditions. We used RNAi to 

validate the functional role of a subset of the candidate genes in defense. Our results support the 

hypothesis that tolerance is not an independent strategy from resistance, but instead, a collection 

of physiological processes intertwined with canonical immunity and resistance that determine 

defense.  

Introduction 

 To deal with infection, a host must control the pathogen burden while maintaining health 

or fitness. Pathogen control strategies that either kill the pathogen or prevent it from replicating 

to high numbers are known as resistance strategies, while processes that improve health or 

fitness under infection conditions are known as tolerance (Strauss and Agrawal 1999; Råberg et 

al. 2009). Resistance mechanisms will stop the pathogen from replicating to high numbers, 

potentially applying selection on the pathogen to evolve a virulence strategy to overcome this 

defense mechanism, while tolerance will have a neutral or positive impact on pathogen fitness, 

potentially avoiding a coevolutionary arms race (Boots and Bowers 1999; Roy and Kirchner 

2000; Miller et al. 2006). Understanding the patterns of natural genetic variation in tolerance, as 

well as the underlying biological processes that predict this variation, could yield treatment 

strategies that will avoid the evolution of drug resistance and provide a better understanding of 

the evolutionary trajectories of host-pathogen interactions. In this study we have quantified 

defense as resistance and tolerance in a single population of D. melanogaster, and used these 

estimates to identify the underlying genes and processes that predict variation in tolerance and 

resistance of infection.  

 Tolerance and resistance are expected to have divergent impacts on the evolution of host-

pathogen interactions, because tolerance will have a neutral or positive impact on pathogen 
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fitness and resistance will have a negative impact. Costly resistance alleles that negatively impact 

pathogen fitness may be maintained as balanced polymorphisms, oscillating in a frequency-

dependent manner with pathogen prevalence or virulence alleles (Stahl et al. 1999). 

Alternatively, tolerance alleles may drive an increase in pathogen prevalence, resulting in rapid 

fixation of these alleles (Boots and Bowers 1999; Roy and Kirchner 2000; Miller et al. 2006). 

These models assume that tolerance and resistance are acting independently; however, a trade-

off between resistance and tolerance could constrain the evolutionary trajectories of defense 

alleles. Interest in tolerance by both plant and animal biologists was piqued by studies 

demonstrating a negative relationship between resistance and tolerance (Fineblum and Rausher 

1995; Råberg et al. 2007). However, a negative relationship does not seem to be a general 

phenomenon (Leimu and Koricheva 2006). Understanding the relationship between tolerance 

and resistance and how they relate to other life-history traits, as well as the underlying selection 

pressures acting on them, will provide a better understanding of the evolutionary trajectories of 

these interactions. 

 Tolerance can be estimated as either ‘point tolerance’ or ‘slope tolerance’. Slope 

tolerance is measured as a reaction-norm or slope, where pathogen burden is plotted on the x-

axis and health or fitness is plotted on the y-axis. Point tolerance is estimated as the change in 

health or fitness at single pathogen burden (Baucom and de Roode 2011). Resistance can be 

measured as either immune system activity or pathogen burden after infection (Baucom and de 

Roode 2011). Slope tolerance estimates are conceptually pleasing because experimental 

manipulation of pathogen burden could allow for tolerance to be estimated independently from 

resistance. However, it seems difficult to imagine that the underlying processes would be the 

same across different levels of infection severity. We predict that the host resistance levels 
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influence tolerance because of distinct physiological processes that are occurring in an infection 

were death is eminent compared to an infection were the physiological costs are minor.  

 Resistance and tolerance could be correlated as a result of pleiotropy, linkage 

disequilibrium, or physiological constraint. Although previous work has identified the genetic 

basis of natural variation in resistance to bacterial pathogens in Drosophila (For example: 

Lazzaro et al. 2004, 2006; Felix et al. 2012; Unckless et al. 2015), little is known about the 

underlying genetic basis of variation is tolerance. Only a single study has attempted a traditional 

QTL mapping of tolerance. This study measured resistance and tolerance to rabbit herbivory in 

Arabidopsis, and although several resistance QTL were identified, no tolerance QTL were 

identified despite having power to detect alleles that explained greater than 5% of variance. 

(Weinig et al. 2003). Additionally, a recent study on tolerance of chronic HIV infection in 

humans did not identify any loci in genome-wide association study after multiple test corrections 

(Regoes et al. 2014). This has led to the hypothesis that the genetic architecture of tolerance is 

composed of many loci with individually small effects, whereas resistance is determined by a 

few large effect loci (Weinig et al. 2003). We set out to understand the genetic architecture of 

tolerance in relationship to that of resistance in order to identify how tolerance and resistance 

mechanisms are intertwined.  

 Functional studies using mutant and RNAi knock-down Drosophila have shown that 

genes involved in protection of tissues and regulation of immunity and metabolic processes 

determine tolerance of infection. Specifically, immune genes involved in melanization (Ayres 

and Schneider 2008), phagocytic encapsulation (Shinzawa et al. 2009), and regulation of JAK-

STAT (Merkling et al. 2015) alter tolerance in D. melanogaster. Most genes identified have 

altered tolerance in a pathogen-specific manner, although regulation of JAK-STAT by the 



 

65 

epigenetic regulator G9a determines tolerance for a suite of RNA viruses. Additionally, FOXO, 

which regulates nutrient signaling, and gr28b, which alters feeding behavior, have been 

implicated in infection tolerance suggesting a link between metabolic function and immune 

defense (Dionne et al. 2006; Ayres and Schneider 2009). It is unknown whether genes that 

determine tolerance harbor allelic variation that explains phenotypic variation in tolerance. We 

hypothesized that polymorphisms in genes involved in regulation of immunity and metabolic 

processes would predict tolerance of infection, because tight regulation of the immune response 

to avoid immunopathology while simultaneously allocating resources properly and repairing 

tissue, will allow for adequate pathogen control while maintaining and returning to homeostasis.  

 Here we investigate the genetic architecture of tolerance of infection by measuring 

tolerance and resistance across a single population of inbred D. melanogaster and by using a 

genome-wide association approach to identify single-nucleotide polymorphisms (SNPs) that 

predict variation in tolerance. We find polymorphisms in genes that are involved in regulation of 

gene expression, metabolism, and immunity, as well as others explain phenotypic variation in 

tolerance. We show that tolerance and resistance are positively correlated and that tolerance 

estimates are dependent on host resistance levels across infection space. We show that the 

identified SNPs appear to be at mutation-selection balance, suggesting that natural variation is 

not determined by polymorphisms that are acting under a typical coevolution model. This work 

supports the hypothesis that resistance and tolerance are non-independent traits, and they may be 

linked through similar biological processes and differences in infection severity resulting in 

distinct infection paths.   

Results 

Genetic variation in resistance and tolerance to infection 
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 To identify the underlying genetic basis of defense and understand the relationship 

between pathogen burden and fitness, we infected 172 inbred lines from the Drosophila Genetic 

Reference Panel (DGRP)(Mackay et al. 2012; Huang et al. 2014) with the Gram-negative 

pathogen Providencia rettgeri. Based on previous work that followed the dynamics of P. rettgeri 

infection in Drosophila melanogaster by measuring bacterial load and survival at multiple time 

points after inoculation (Short et al. 2012; Howick and Lazzaro 2014), we chose to measure 

bacterial load near the predicted peak pathogen intensity of the acute infection at 20 hours after 

inoculation and independently recorded mortality at two days post-inoculation. For each 

genotype, 20 flies were infected for the destructive bacterial load assay and 20 flies were infected 

for the survival assay. Using these measures, we estimated point tolerance as the residual from a 

generalized linear model, where the proportion surviving the infection was the response variable 

and bacterial load was a covariate in the model (see Materials and Methods). In other words, we 

estimated an overall relationship between bacterial load and survival across all genotypes 

measured, and we used the deviation from that relationship for each line as our estimate of 

tolerance, which we have termed the tolerance. Bacterial loads ranged from a mean of 1.00 x 104 

bacteria per fly in the most resistant line to 1.23 x 107 bacteria per fly in the least resistant line 

(Figure 3.1A). Eight lines had no flies surviving the infection, whereas the line with highest 

survival had 93% of flies surviving (Figure 3.1B). There was a strong negative relationship 

between bacterial load and proportion surviving the infection (r = -0.852, p < 0.0001, Figure 

3.1C). Bacterial load and genotype were highly predictive of survival of infection (p < 0.0001). 

There was a positive relationship between resistance and tolerance (r = 0.348, p < 0.0001: Figure 

3.1D). 
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Figure 3. 1 

Phenotypic variation in defense. Distribution of bacterial load (A) and survival (B) across the 
DGRP. In A and B, lines are sorted based on phenotypic value for that trait. (C) The mean value 
of survival for each line plotted against the mean bacterial load. The curve represents the fitted 
model with a binomial distribution. There was a strong negative relationship between proportion 
of flies surviving the infection and bacterial load. Points are shaded by tolerance level with 
darker circles indicating higher tolerance. (D) Tolerance (survival as a function of bacterial load) 
plotted against bacterial load.  There is a negative relationship between bacterial load and 
tolerance of infection. 
 

 To understand whether our point estimates of tolerance were representative of tolerance 

across infection space, we infected six DGRP lines that had high or low tolerance and fell at a 

range of bacterial loads in the initial study (Figure 3.2, Figure S3.1). We infected these six lines 

with three inoculation doses introducing approximately 1x101, 5x102 or 1x104 bacteria per fly—a 

1000-fold range in inoculation dose (Figure 3.2, Figure S3.1). Across these treatments, bacterial 
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loads ranged from 6.43 x 104 to 6.94 x 107 at 20 hours after inoculation and survival from 89% to 

0% at 5 days post-inoculation (Figure 3.2A, B). We found that resistance level (bacterial load) 

was the greatest predictor of survival after infection (p < 2.2x10-16), and that bacterial load was 

determined more by genotype (p < 2.2x10-16) than by initial infection dose (p = 6.295x10-9). In 

other words, regardless of initial infection dose, the lines sorted in fixed genotypic order. Lines 

that fell at the phenotypic extremes stayed at those extreme levels of resistance regardless of 

dose, while those at intermediate levels of resistance spanned a greater range of bacterial loads 

based on infection dose (line x dose x load: p = 0.0036) (Figure 3.2C). Methodologically, these 

results stress the importance of estimating slope tolerance from fitness plotted against pathogen 

burden after replication within the host. If fitness is plotted against initial infection dose, inferred 

differences in tolerance may be a result of different levels of resistance (Figure 3.2D).  

Biologically, this is evidence that large differences in resistance will influence the tolerance level 

of the host. The underlying processes that are involved in tolerance must differ between a host 

that will eventually die from the infection and a host that will recover or enter a chronic or stable 

phase of the infection.  
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Figure 3. 2 

Genotype and resistance predict tolerance. Six DGRP lines were infected with three 
inoculation doses low (L), medium (M), and high (H), corresponding to approximately 101, 102.5 

or 104 bacteria per fly. (A) Survival was estimated daily for five days after inoculation for each 
line at each dose. Thickness of line dash corresponds to strength of dose, with solid lines 
representing the highest dose and dotted lines represented the lowest dose. (B) Bacterial load for 
each line at each dose measured 20 hours after inoculation. Shading of boxes represents the 
strength of the dose with the highest dose being the darkest box. No data was obtained for line 
714 at the high dose, because all flies were dead by 20 hours post-inoculation. (C) The 
proportion surviving five days after inoculation plotted against the mean bacterial load 20 hours 
after infection at low (circle), medium (triangle), and high (square) infection doses. (D) 
Proportion surviving the infection plotted against initial infection dose. The estimated level of 
slope tolerance between B and C shows how host level of resistance can influence tolerance 
estimates.   
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 To understand the underlying genetic basis of defense against bacterial infection, we 

performed a genome-wide association study on our three traits of interest (survival, bacterial 

load, and tolerance). Mapping was performed in PLINK (Purcell et al. 2007) using the publically 

available genome-sequences of the 172 DGRP lines we measured (Mackay et al. 2012; Huang et 

al. 2014). Approximately 2.5 million SNPs were included in the study, each with a minimum 

minor allele frequency of 0.05. A nominal p-value of p < 10-5 was used as an initial significance 

threshold. We identified 63 SNPs in 49 genes that predicted survival, 25 SNPs in 20 genes that 

predicted load, and 30 SNPs in 25 genes that predicted tolerance (Table 3.1, Table S3.1, Table 

S3.2).  For SNPs that explained variation in survival after infection, 24.36% fell within coding 

regions, whereas only 9.71% of the full set of SNPs in the study are within coding regions (X2 = 

12.56, p = 0.000394). There was also enrichment for SNPs that fell within 5000 bp upstream of 

coding genes, 25.64% relative to 14. 98% (X2 = 4.08, p = 0.04345). SNPs that explained 

variation in bacterial load were slightly enriched in coding regions (X2 = 3.0373, p = 0.08137). 

There was no significant enrichment for any site class for SNPs that explained variation in 

tolerance of infection relative to the rest of the genome.  

 Only five SNPs overlapped between any of our three traits measured; however, SNPs that 

predicted variation in tolerance were associated with survival of infection at a lower p-value 

threshold. At p < 10-4, 30% of the tolerance SNPs significantly predicted resistance, and at p < 

10-3, 70% were predictive (Table 3.1). This was also seen for resistance, where 25% of SNPs 

were also predictive of survival at p < 10-4 and 44% percentage were predictive at p < 10-3 (Table 

S3.2). As expected, many of the SNPs that predicted survival were nominally significant for both 

resistance and tolerance. 38% of the tolerance SNPs predicted survival at p < 10-4 and 87% at p < 

10-3. 37% of the survival SNPs predicted load at p < 10-4 and 81% at p < 10-3 (Table S3.1). So 
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although we are not seeing strict overlap in our mapping results, there is either some level of 

pleiotropy between traits or redundancy in our defense estimates.  

Table 3.1 SNPs that predicted variation in tolerance to infection There were 30 SNPs that 
predicted variation in tolerance at a p-value of < 10-5, at a nominal significant threshold several 
of these also appeared to predict survival of infection, but most did not alter bacterial load.  
 

SNP Gene Site Class Tolerance 
p-value 

Survival 
p-value 

Load 
p-value 

X.21452450 none annotated NA 7.81E-07 4.94E-04 2.00E-01 

2R.6450759 psq Intron 9.72E-07 1.14E-02 9.16E-01 

2R.1016477 CR43256 Splice site acceptor 1.39E-06 1.21E-04 9.70E-02 

X.12034544 Ten-a Intron 1.85E-06 1.33E-03 1.78E-01 

2R.1016407 CR43256 Intron 2.38E-06 2.35E-04 1.15E-01 

2L.533659 ush Intron 2.50E-06 1.49E-05 2.19E-02 

2R.13727984 grh Synonymous 3.51E-06 3.59E-04 5.77E-02 

2R.1219649 sxc Downstream 3.72E-06 1.01E-05 3.32E-03 

2L.16628423 CG42389 Intron 4.22E-06 6.90E-05 1.60E-02 

2R.17210639 CG30394/dom 5' UTR/Upstream 4.88E-06 8.25E-05 3.56E-02 

3R.17336259 C15 Intron 4.96E-06 9.43E-05 1.68E-02 

2L.17229914 beat-IIIc Intron 5.14E-06 1.69E-04 7.50E-02 

3L.5638590 Blimp-1 Intron 5.32E-06 2.45E-05 5.09E-03 

2R.13875645 dpr13 Intron 5.66E-06 2.44E-04 4.39E-02 

2R.10536054 CG10139 Downstream 5.90E-06 3.47E-06 1.53E-03 

3L.18594907 CG4174 Non-synonymous 5.91E-06 2.88E-03 5.30E-01 

2R.11405165 Khc-73 3' UTR 6.15E-06 4.96E-06 1.92E-03 

2L.16578056 CG42389 Intron 6.52E-06 1.12E-02 8.89E-01 

2R.10569146 mspo Intron 6.57E-06 1.15E-03 1.30E-01 

2R.1014099 gus Intron 6.58E-06 8.98E-04 2.25E-01 

2L.1766281 none annotated NA 8.31E-06 1.70E-04 4.38E-02 

2L.8896128 CG42713 Downstream 8.49E-06 8.95E-04 4.16E-01 

2L.8896128 CG34398 Upstream 8.49E-06 8.95E-04 4.16E-01 

2L.15772825 CG31826 Intron 8.66E-06 8.57E-03 7.67E-01 

2L.20997569 CG42238 Intron 8.98E-06 1.87E-03 2.61E-01 

3R.3411775 CG34127 Intron 9.00E-06 8.93E-06 2.17E-03 

2L.1766283 none annotated NA 9.17E-06 3.60E-04 8.94E-02 

2L.8895939 CG34398/CG42713 Upstream/Downstream 9.44E-06 5.36E-04 3.37E-01 

3L.8764226 Fhos Intron 9.54E-06 8.71E-04 1.42E-01 

Table 3. 1 
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Purifying selection is acting on SNPs that predict defense 

To understand how selection may be acting on the identified polymorphisms, we measured the 

relationship between allele frequency within the population and the effect sizes of SNPs that 

were significant for each trait. We found a negative correlation between allele frequency and the 

absolute value of effect size for all three traits (r < -0.95, p < 0.0001, Figure 3.3A). The 

relationship was driven by minor alleles with deleterious effect, supporting a model where 

deleterious SNPs are being purged from the population (Figure 3.3B). A negative relationship 

between allele frequency and effect size has also been seen in humans and other traits measured 

in the DGRP (Park et al. 2011; Mackay et al. 2012), suggesting that mutation selection balance 

may be acting on alleles that predict fitness related traits. Additionally, we inferred ancestry of 

the identified tolerance SNPs using a maximum parsimony method. We found that 93% of the 

minor alleles were the derived state, further supporting the interpretation that these alleles are 

recent mutations that are in the processes of being removed from the population by negative 

selection.  Phenotypic variation driven by SNPs at mutation-selection balance does not support 

the paradigm that immune genes are rapidly evolving in response to parasite pressures. It may be 

that selective sweeps in a small number of immune genes results in fixation of beneficial alleles, 

while remaining phenotypic variation is explained by those at mutation selection balance.  
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Figure 3. 3 

Negative correlation between allele frequency and effect size. To understand how selection is 
acting on the polymorphisms we identified, we measured the relationship between allele 
frequency and effect size for each SNP. (A) The absolute value of the effect size plotted against 
the minor allele frequency. (B) The effect size plotted against the minor allele frequency. Panel 
A shows a strong negative relationship between allele frequency and effect size for each trait. 
Panel B shows and that this relationship was driven by deleterious minor alleles at low 
frequency, because there is a lack of large-effect beneficial alleles at low frequency. This 
suggests that purifying selection is acting on these deleterious alleles to remove them from the 
population.   
 

Genes that harbor tolerance SNPs are involved in regulation of gene expression 

 To understand whether the genes we identified as harboring allelic variation for our 

mapped traits were enriched for specific biological processes, we performed gene ontology 

analysis using GOWINDA (Kofler and Schlötterer 2012), which accounts for unequal 

probability of sampling of genes due to gene size and gene clusters within the genome. Genes 

that harbor SNPs that explained variation in survival were enriched for defense response and 

response to stress. We found enrichment for genes involved in defense response, protein kinase 

activity, and structural molecule activity in predicting bacterial load.  In contrast to the survival 
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and load enrichments, we found enrichment in genes involved in the nucleus, proteinaceous 

extracellular matrix, and endoplasmic reticulum (Table 3.2) in genes that harbor tolerance SNPs. 

When the analysis was repeated using a more specific set of GO terms (FuncAssociate gene set 

vs GOslim) (Adams et al. 2000; Berriz et al. 2009), these genes were enriched for negative 

regulation of gene expression, immune system processes, and metabolic processes. In contrast, 

candidate resistance and survival genes were involved in the antibacterial humoral response and 

other categories (Table S3.3, Table S3.4, Table S3.5). None of these terms survived FDR 

correction for multiple tests, likely because GO analysis of GWAS results assumes an 

infinitesimal model where many small effect genes contribute additively to phenotypic variation. 

We are unable to test the validity of this infinitesimal model because of the lack of power in the 

DGRP; however, relaxing the p-value threshold to p = 10-4 only slightly changed the results and 

did not provide further biological insight (data not shown).  

Table 3.2 Nominally significant GOslim Gene Ontology terms from for survival of infection, 
bacterial load, and tolerance. 
 

Trait GO Term p-value 
Survival defense response 0.0027 

response to stress 0.0061 
Bacterial Load protein kinase activity 0.0058 

defense response 0.0125 
structural molecule activity 0.0410 

protein modification process 0.0482 
Tolerance proteinaceous extracellular 

matrix 
0.0208 

endoplasmic reticulum 0.0344 
nucleus 0.0423 

Table 3. 2 
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 The genes that had SNPs that predicted tolerance and were associated with the GO term 

‘nucleus’ and involved in regulation of gene expression, metabolism or immunity included the 

transcription factors grainyhead, pipsqueak, domino, Blimp-1, and C15. grainyhead is involved 

in developmental processes and wounding healing via ERK signaling in embryo (Mace et al. 

2005; Kim and McGinnis 2011). pipsqueak is involved in embryonic patterning and regulation of 

chromatin silencing. domino is involved in regulation of hemocyte proliferation and defense 

(Braun et al. 1998; Evans et al. 2003). Blimp-1 regulates development through response to 

ecdysone (Agawa et al. 2007). C15 is involved in regulation of development including notch 

signaling (Campbell 2005). This enrichment in transcription factors supports the hypothesis that 

variation in tolerance is determined by differential regulation of gene expression in essential 

biological processes. This is in contrast to survival and resistance, which are determined by 

variation in previously characterized immune and stress responses.  

Tolerance is not transcriptionally induced under infection 

The canonical immune system of Drosophila consists of multiple cellular and humoral responses 

which are often modulated transcriptionally after microbial infection (Degregorio 2001, 

reviewed in Lemaitre and Hoffmann 2007). To test whether any of the genes identified in the 

GWAS were induced under infection conditions, we compared each gene list with published 

transcriptomic data from D. melanogaster Canton-S females infected with P. rettgeri (Short and 

Lazzaro 2013). We found meaningful overlap between genes that contained SNPs that predicted 

survival and bacterial load and genes that had altered expression under infection conditions. We 

found that six of 49 genes that harbored SNPs that predicted survival were induced by infection: 

Dpt, DptB, CG30098, TrpA1, IM23, and IM1. Three of 20 genes that contained resistance SNPs 

had altered expression after infection. Dpt and DptB had increased expression and dsb was 
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repressed after infection. We found that none of our 25 genes that contained SNPs that explained 

tolerance were transcriptionally altered by infection. This suggests that there is no separate 

tolerance pathway, but that tolerance is determined by the physiological state of the host at the 

time of infection.  

Functional testing of candidate defense genes 

 To test whether the candidate genes that contained SNPs that explained variation in 

tolerance played a functional role in defense, we ubiquitously knocked-down expression of each 

gene using RNAi. Out of the 25 tolerance genes tested, only ten of the knocked-down genotypes 

had viable offspring. Out of those ten genes, five altered defense by either changing survival or 

load after infection relative to the control. These genes were mspo, fhos, CG4174, gus, and beat-

IIIc (Figure 3.4, Figure S3.2). Previous predictions, expression data, or loss of function studies 

have shown mspo, beat-IIIc, and fhos may be involved in immune processes or wound healing. 

mspo has been shown to be induced in cell culture infected with Escherichia coli (Kleino et al. 

2008), and beat-IIIc has an immunoglobin-like fold which can be involved in immune function 

(Watson et al. 2005). fhos is involved in wound healing (Lammel et al. 2014). gus and CG4174 

have not been implicated in canonical immunity, demonstrating that GWAS approach can be 

used to identify novel defense genes. gus is involved in developmental processes including axis 

specification, appendage formation, and regulation of catabolic processes (Styhler et al. 2002; 

Kugler et al. 2010). CG4174 is predicted to be involved in oxidation-reduction processes 

including iron ion and ascorbic acid binding (FlyBase Curators et al. 2004). As a control, we 

randomly selected ten genes from the annotated list of all Drosophila genes and measured 

bacterial load and survival, with the intention of understanding what proportion of genes, when 

knocked-down, alter defense. Out of these 10 genes test, five had viable offspring when 
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ubiquitously knocked-down. Of these five genes, one gene (Rbp9) significantly altered survival 

of infection (Figure 3.5).  

 

 

Figure 3. 4 

Functional testing of candidate tolerance genes identified in GWAS. Ten genes that had 
SNPs that predicted tolerance to infection were tested to determine whether they altered defense. 
We found that five of these ten genes (beat-IIIc, CG4174, fhos, mspo, and gus) altered either 
survival or bacterial load. One of five randomly selected control genes also altered defense 
(Rbp9). The x-axis is the natural log of the bacterial load from the knock-down line subtracted 
from the control for that line (driver crossed to background). A higher value represents an 
increase in resistance. The y-axis represents the difference is survival between the knock-down 
line and the control. A high value represents higher survival. The dashed black lines represent 
the control for each gene tested.  
 

 In a separate experimental approach, to confirm the role of genes we hypothesized would 

play a role in defense and were identified in our GWAS, we knocked-down expression 

specifically in the fat body and hemocytes in four genes. These genes were u-shaped, 

grainyhead, debris buster, and CG30098. These genes were chosen because we hypothesized 
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they would play role in wound healing and defense of P. rettgeri infection based on previous 

studies. Out of these four genes, three displayed tolerance phenotypes (ush, grh and dsb). We 

saw a major decrease in survival of the knock-down flies (Figure 3.5), but no significant change 

in bacterial load.  grainyhead is a transcription factor that is involved in embryonic wound 

healing via epithelial repair (Mace et al. 2005). debris buster is known to be involved in 

autophagy of dendritic debris by fusion of the phaogosome and lysosome (Han et al. 2014). 

Autophagy plays an important role in resistance to some bacterial infection and plays an 

important role in immunogenic tolerance to symbiotic organisms (Voronin et al. 2012; Moy and 

Cherry 2013), both processes which we hypothesize may be associated with infection tolerance. 

u-shaped is involved in lymph gland development and crystal cell differentiation as well as 

regulation of antimicrobial peptide biosynthetic processes (Evans et al. 2003; Muratoglu et al. 

2006; Valanne et al. 2010). Proper regulation of AMPs to avoid immunopathology or 

sequestration of pathogens by phagocytes are two likely tolerance mechanisms. The functional 

role in tolerance of these genes, which are known to be involved in immune processes, further 

supports the hypothesis that genes which modulate resistance influence host tolerance.  
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Figure 3. 5 

Survival and bacterial load in four genotypes with a fat body and hemocyte-specific knock-down 
of candidate defense genes paired with the matched control (genotypic background crossed to the 
driver). The red line and box represents the knocked-down genotype and the blue represents the 
control.  
 

Discussion 

 To understand how tolerance shapes the evolution of host defense, we must understand 

the patterns of genetic variation in resistance and tolerance, as well as the underlying biological 

processes that determine this variation. In this study, we characterized patterns of resistance and 

tolerance and show how these two traits are intimately linked based on the severity of infection. 

Further, using a GWAS approach, we have dissected the genetic architecture of resistance and 

tolerance and we show that allelic variation that explains genetic variation in defense may be 

maintained by mutation-selection balance. We show that genes that predict variation in survival 

of and resistance to infection are involved in canonical defense and stress responses, whereas 

those that predict variation in tolerance are regulators of these and other metabolic processes. We 
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see that genes involved in survival and resistance are upregulated by infection, but those that 

harbor variation that predicts tolerance are not modulated by infection.  From these results, we 

conclude that tolerance is not a separate process from resistance and canonical immune function, 

but based on a series of regulatory changes to immune and metabolic processes that allow for 

proper response to infection.   

 We found genetic variation for tolerance and a positive relationship between resistance 

and tolerance, consistent with previous work in this system (Howick and Lazzaro 2014). Further 

investigation in a subset of lines found that resistance state is the largest determinant of survival 

after infection, and that resistance and tolerance are intimately linked. Infection across multiple 

doses did not allow for movement across the resistance spectrum in individual lines. Instead, 

lines that were highly resistant at a low infection dose were equally resistant when infection dose 

was increased nearly 1000-fold, and vice-versa for susceptible genotypes. This non-

independence between resistance and tolerance implies that the two traits cannot always be 

decoupled within a host. This is a likely a result of two properties of the data: the boundedness at 

0% and 100% survival, and the distinct physiological processes that are occurring across these 

infection severities. Methodologically, this confirmed the importance of measuring both 

resistance and tolerance when assessing tolerance (Strauss and Agrawal 1999). In addition, the 

estimated level of resistance must be included in the estimate of tolerance because even if 

changes in health or fitness are measured across infection dose, the effect of dose is dependent 

on the level of resistance of the host. Biologically, both the positive relationship seen across the 

DGRP between resistance and tolerance, and the inability to separate the two traits by using 

multiple infection doses, implies that we must consider the evolution of tolerance and resistance 

together. In this system tolerance will not evolve independently of resistance. These two traits 
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are tangled, and we hypothesize that this is a result of distinct forms of infection that are 

happening at the extreme levels of infection severity. At very high pathogen burdens in which 

death is inevitable, tolerance may act to slow down these processes and protect the most 

important tissues for a longer period of time. At very low pathogen burdens, where the 

physiological costs are less severe, tolerance should promote rapid recovery or entry to chronic 

infection, and return to homeostasis.  

 The dependence of tolerance on resistance level demonstrates that the magnitudes of 

these processes are different. Under an acute infection, resistance level is the main determinant 

of survival of infection, and within different levels of resistance space we see small but 

measurable differences in the relationship between pathogen burden and survival.  These small 

tolerance effects could translate into large evolutionary consequences in the wild, and should be 

considered in models of host-pathogen evolution. However, from a clinical perspective, these 

results imply that the main determinant of health is pathogen control. If our results are broadly 

applicable, treatment through increasing host tolerance should be approached with caution.  

 Theory predicts that resistance alleles may evolve by frequency-dependent balancing 

selection and tolerance alleles may evolve by recurrent selective sweeps (Stahl et al. 1999; Roy 

and Kirchner 2000). However, we did not find evidence that this is occurring in general in the 

SNPs we identified. Across all three traits mapped in this study, we found a strong negative 

relationship between allele frequency and effect size. This was driven by rare SNPs that had a 

large negative effect, suggesting that deleterious alleles are being purged from the population. If 

balancing selection were common in our resistance SNPs, we would not expect to find a 

relationship between effect size and allele frequency. Additionally, if positive selection was 

driving this trend we would expect to see the major alleles to be advantageous relative to the 
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population mean. Instead, we see that the major alleles appear to be close to the mean trait value 

and the minor allele have a deleterious effect. 

 We identified distinct genetic architectures between these two traits. Resistance included 

polymorphisms in Dpt (see Chapter Two), DptB, and the CD36 receptor, debris buster (Han et 

al. 2014), as well as others. There was little overlap between our study and a GWAS that 

investigated resistance in male D. melanogaster against P. rettgeri (Unckless et al 2015). This 

may be a result of differences in experimental design including sex of flies, age of flies, or 

dietary environment. The study by Unckless et al. (2015) used slightly younger male D. 

melanogaster that were reared on two diets that had either lower or higher concentrations of 

glucose than the diet used in this study. Sex-specific differences in resistance to P. rettgeri have 

been documented and have been functionally tied to differences in responsiveness of the Toll 

pathway under infection conditions (Duneau et al, in prep). The genetic architecture of tolerance 

was primarily composed of genes involved in regulation of transcription including regulation of 

immune and metabolic processes. Although there was little overlap between the SNPs that 

predicted tolerance and those of resistance, several resistance SNPs also appeared to nominally 

affect tolerance and vice versa. For example, the non-synonymous SNP in the antimicrobial 

peptide Dpt nominally predicted survival, resistance and tolerance of infection (p = 1.55x10-7, p 

= 4.53x10-5, p = 1.36x10-5). Further, the SNP in grainyhead predicted survival and tolerance and 

there was a trend of altered resistance (p = 3.51x10-6, p = 3.59x10-4, p = 5.77x10-2). This effect of 

individual SNPs on our different traits corroborates the genetic correlation between these two 

traits. 

 We found that these distinct architectures corresponded to different levels of induction 

under infection condition. A subset of genes that predicted variation in resistance and survival of 
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infection were transcriptionally induced by infection, whereas those that predicted variation in 

tolerance were not induced. Many of the genes that were modulated under infection are 

previously characterized immune genes. This is not surprising, because, historically, functional 

studies have focused on genes that transcriptionally respond to infection resulting in 

identification of the major humoral immune response pathways in Drosophila (De Gregorio et al. 

2002). However, the lack of modulation of any of the identified candidate tolerance genes 

supports the hypothesis that there is not a tolerance pathway that is working independently of 

canonical resistance pathways. Instead, tolerance is determined by the state of the host at the 

time of infection and the ability of the host to fine-tune the immune response to maximize both 

resistance and tolerance. Recent investigations into the processes that underlie tolerance support 

the hypothesis that regulation of the host immune response shapes tolerance to infection through 

detoxification of reactive oxygen species and epigenetic heterochromatin regulation of JAK-

STAT (Merkling et al. 2015; Stahlschmidt et al. 2015).  

 We were able to confirm the functional role of a subset of the identified candidate genes 

in defense. Several of these genes support the hypothesis that the architecture of tolerance is 

composed of polymorphisms in the regulators of immune and stress responses. For example, 

both grh and fhos are involved in wound healing and grh is predicted to bind the promoters of 

characterized immune genes (Mace et al. 2005; Lammel et al. 2014, Dobson et al, in prep). 

Further, ush regulates both the cellular and humoral immune response (Muratoglu et al. 2006; 

Valanne et al. 2010). Other identified genes were not previously implicated in defense or stress 

demonstrating that a GWAS approach can be used to identify novel defense gene candidates.  

 Taken together, our results suggest that tolerance is not independently evolving from 

resistance, and in the system we are working within there is no evidence between a trade-off 
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between the two strategies. Instead the positive phenotypic correlation between the two 

strategies, and the distinct but likely intertwined genetic architectures, support the idea that 

tolerance is not a specific trait but a compilation of organismal processes that allows increased 

fitness under infection conditions.  

Material and Methods 

Drosophila and bacterial stocks 

 172 inbred lines from the Drosophila Genetic Reference Panel (DGRP) were used for the 

genome-wide association study. The DGRP is a set of 205 fully sequenced, inbred lines collected 

from a single population in Raleigh, NC, USA (Mackay et al. 2012; Huang et al. 2014). A list of 

lines included in each association study can be found in Table S3.6. Based on the phenotypic 

distribution of the survival and load data from all the lines, six lines were chosen for further 

investigation (RAL-801, RAL-26, RAL-882, RAL-359, RAL-138, and RAL-714).  These lines 

were chosen because they had high or low tolerance, and had low, medium, or high levels of 

resistance (Figure S3.1). RNAi stocks from the Vienna Drosophila Resource Center KK (phiC31 

generated) or GD (p-element generated) libraries (Dietzl et al. 2007) were used in the functional 

testing of candidate genes discovered in the GWAS. A full list of RNAi stocks tested can be 

found in Table S3.7.  All flies were maintained at 24°C on a 12:12 light:dark cycle. All stocks 

were maintained on the standard Cornell glucose diet: 8.3% glucose, 8.3% Brewer’s yeast, 1% 

agar, as well as 0.04% phosphoric acid and 0.004% propionic acid to prevent microbial growth 

in the diet.  

GWAS Experimental design 

For each experimental block in the GWAS, infections were performed over eight days. Within 

each of the three complete experimental blocks, 20 to 24 DGRP lines were randomly assigned 
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without replacement to be infected on each experimental day. For each DGRP line on each day, 

40 female flies were infected and housed in groups of 20. One group of 20 was arbitrarily 

assigned to the bacterial load assay, while the other was used for the survival assay.  

Similarly for the multi-dose and functional testing experiments, 40 flies were infected for each 

treatment on each experimental day.  

Functional testing of candidate genes 

To unbiasedly test whether the genes that contained the identified SNPs played a functional role 

in defense, we used RNAi to knock-down all candidate tolerance genes that had a p-value of less 

than 10-5 and fell within coding or intronic regions of the gene. To knock-down each gene, 

females that contained the RNAi construct (Table S3.7) were crossed to males from the driver 

line (Actin5C-Gal4/CyO), which ubiquitously expresses Gal4. A small number of genes were 

also tested using the fat body and hemocyte-specific driver line (c564-Gal4). Progeny were 

sorted 2-3 days prior to infection and kept in groups of 20 females and 5 males of the same 

genotype. Males were discarded at the time of infection.  

Bacterial Infection 

 Five to nine-day-old female flies were infected with Providencia rettgeri dmel – a Gram-

negative extracellular natural pathogen of D. melanogaster. This strain of P. rettgeri was isolated 

from the hemolymph of wild caught D. melanogaster (Juneja and Lazzaro 2009; Galac and 

Lazzaro 2011). Overnight cultures were started from a single bacterial colony and were grown 

overnight in liquid LB at 37°C with shaking. For the single dose infections of all DGRP lines, as 

well as the functional testing using RNAi knock-down, the overnight culture was diluted in LB 

to A600 of 1.0 +/- 0.1. Flies were infected by pricking the thorax with a 0.15 mm dissecting pin 

dipped in the dilute overnight culture of P. rettgeri. To estimate defense across infection doses, 
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flies were injected in the thorax with 23 nl of a dilute overnight culture at A600 of 0.1, 0.01, and 

0.001 (Khalil et al. 2015). 

Survival and bacterial load assay 

 Approximately 20 hours after infection, groups of three flies were homogenized in 1 ml 

of PBS using a FastPrep-24 homogenizer (MP Biomedicals). Prior to plating homogenates were 

diluted 1:100 in PBS. These diluted homogenates were then plated onto LB agar using a WASP 

2 spiral plater (Microbiology International, Bethesda, MD, USA). Plates were incubated 

overnight at 37°C. To estimate the number of viable bacteria, resulting colonies were counted 

using the ProtoCOL plate counting system (Microbiology International).  

 When testing all DGRP lines, survival was estimated at a single time point at two days 

after inoculation. The number of dead and living flies was counted to estimate the proportion of 

flies surviving the infection. This time point corresponded to the greatest mortality from the 

acute phase of P. rettgeri infection (Howick and Lazzaro 2014). In subsequent experiments, 

including the multiple-dose experiment and functional testing using RNAi, survival was 

measured once a day for five days after inoculation. The number of dead flies was counted each 

day. Flies were transferred every 2-3 days to fresh medium. On the fifth day, the number of flies 

still alive were counted and censored from the experiment. As a control, 20 females were 

wounded and survival was monitored in the same fashion. When the pinprick method was used 

for infection, wounding was performed by pricking with a sterile needle. For the multi-dose 

experiment, the wounding control with the injector included an injection of 23 nl PBS.  

Genome-wide mapping of defense traits 

Survival, bacterial load, and tolerance were mapped using PLINK version 1.9 (Purcell et al. 

2007). Prior to mapping, phenotypic data was corrected for the experimental variables (random 
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factors: Block: k = 1-3; Day: l = 1-24) and whether the lines carried the endosymbiotic bacteria 

Wolbachia pipientis (fixed factor: Wolbachia: j = 1,  2) using the lme4 package in R (Bates et al. 

2014; R Core Team 2014). The tolerance model included bacterial load as a covariate to correct 

for the level of resistance of each line (Load: continuous variable). The models for each trait are 

given below: 

Ln CFU per 3 fliesjkl = μ + Wolbachiaj + Blockk + Day(Blockk)l + εjkl 

Proportion Alivejkl = μ  + Wolbachiaj + Blockk + Day(Blockk)l + εjkl, Family=binomial 

Proportion Alivejkl = μ  + Load + Wolbachiaj + Blockk+ Day(Blockk)l + εjkl , Family=binomial 

The residuals were extracted from each model and the mean from each line was used for 

association testing in PLINK. These values can be found in Table 1-Supplement 4. SNP calls 

from freeze 2 of the DGRP were used in the mapping (Huang et al. 2014). SNPs were only 

included if the minor allele frequency was greater than 5%.  

Gene Ontology analysis 

To test for enrichment of function groups of genes, Gene Ontology was performed using 

GOWINDA, which accounts for an unequal probability of sampling genes as a result gene length 

and overlapping clusters of genes (Kofler and Schlötterer 2012). Analysis was performed using 

both the GOslim gene set (Adams et al. 2000) and the FuncAssociate2 gene set (Berriz et al. 

2009) The GOslim set contained fewer and more broad terms than the FuncAssociate2 set. 

GOWINDA was run using the 5.46 genome annotation, with 100,000 simulations, in gene mode 

that conservatively assumes complete linkage disequilibrium of all SNPs, where a gene was 

defined as a SNP within 2000 bp of a gene. The FuncAssociate2 set was run with a minimum 

gene set for each category of 10. SNPs that we identified as significant at 10-5 were included in 

the analysis.  
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CHAPTER 4 

 
THE ROLE OF THE MICROBIOTA IN THE SYSTEMIC IMMUNE RESPONSE OF 

Drosophila melanogaster4 

 

Abstract 

 The maintenance of intestinal homeostasis requires an animal host to interact with 

microbes through immunogenic tolerance of a commensal population and control or elimination 

of pathogenic organisms in the gut. This is achieved by regulatory mechanisms that allow for an 

appropriate level of immune system activity that accommodates these commensal populations 

and avoids immunopathology. How this regulation influences the systemic immune response is 

unknown. Here I use Drosophila melanogaster to test how the microbiota affect the systemic 

immune response. I found that the presence of the microbiota decreases resistance against a 

Gram-negative pathogen, Providencia rettgeri. I found that this decreased resistance 

corresponded with a slower induction of antimicrobial peptides and was dependent on the IMD 

pathway. I found a large amount of variation across experimental replicates and wild-type 

genotypes and I conclude that the inconstant nature of the microbiota may be influencing its role 

in the systemic immune response. I outline future directions this project could take.   

Introduction 

  The metazoan gut is in constant contact with microorganisms. When regulated properly, 

the microbiota can provide metabolic and fitness benefits to the host, but dysregulation or 

perturbation of the community can have negative fitness consequences (Shin et al. 2011; Storelli 

                                                
4!Will not be published as an individual unit!
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et al. 2011; Ridley et al. 2012; Guo et al. 2014). Identifying how interactions between the 

microbiota and the host immune response influence the outcome of pathogenic infection is 

fundamental to understanding how these associations influence fitness and host health. Previous 

work has shown host-associated microbes can have either (1) no effect on the outcome of 

pathogenic infection, (2) a facilitation role where infection with one microbe facilitates infection 

with another, or (3) an inhibitory role where association with one microbe decreases the ability 

of another to establish infection or cause harm to the host (reviewed in Pedersen and Fenton 

2007). Facilitative or antagonistic effects can result from direct interactions, such as competition 

for space or mechanical facilitation, as well as indirect interactions, such as competition for 

resources or immunosuppression (Dobson and Barnes 1995; Ishii et al. 2002; Lello et al. 2004; 

Bandilla et al. 2006). In this study, I set out to understand how the microbiota influences defense 

against systemic infection in D. melanogaster and how these interactions are facilitated by the 

humoral immune response. I hypothesized that interactions between the microbiota and host 

immune system will impact defense against pathogenic infection through either immune priming 

or immunosuppression.  

 The Drosophila gut microbiota is taxonomically simple and dynamic. Recent studies 

have used 16S rRNA gene sequencing to characterize the microbiota of Drosophila; they have 

shown that the community consists of a few dominant species from the families 

Acetobacteraceae and Lactobacillaceae, as well as several minor members from 

Enterococcaceae and Enterobacteriaceae (Ryu et al. 2008; Chandler et al. 2011; Wong et al. 

2011). Although these species occur across a range of laboratory environment and genetic 

backgrounds, there does not appear to be a ‘core’ microbiota. In a recent study, Wong et al. 2013 

characterized the microbiota across Drosophila species and D. melanogaster genotypes using 
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individual flies. The authors found that the composition of the microbiota was not predictable by 

phylogenetic relatedness of Drosophila species, and within D. melanogaster genotypes there was 

a large amount of variation between individuals and over fly generations (Wong et al. 2013). 

Other work has shown that fly husbandry techniques are a large determinant of the microbial 

load of Drosophila. Flies that are replenished with uncontaminated food have very low microbial 

loads relative to those that are able to recolonize the gut with food that have fecal matter and 

microbes associated with it (Bakula 1969; Blum et al. 2013a). Individual microbial loads are also 

strongly correlated with food intake, and the microbes appear to be associated with the food 

bolus in the gut lumen (Broderick et al. 2014). Although there appears to be a largely transient 

community of microbes in the Drosophila gut, the fly must actively control the environment of 

the gut to avoid both over proliferation of the transient microbes (dysbiosis) and 

immunopathology from chronic activation of epithelial immunity.  

 Management of the microbiota in the gut by D. melanogaster is achieved via immune 

regulation through production of reactive oxygen species (ROS) and antimicrobial peptides 

(AMPs). ROS are produced in enterocytes through the activation of Duox, which is regulated 

transcriptionally by a p38 MAPK via Ca2+ signaling from the ER in response to bacterial uracil 

(Ha et al. 2005, 2009; Lee et al. 2013). AMPs are induced via the IMD pathway by the 

transcription factor Relish when bacterial cell wall components are recognized by the pattern 

recognition receptors PGRP-LC and PGRP-LE (Ryu et al. 2008; Buchon et al. 2009, 2013). 

Chronic activation of IMD in the gut sensitizes flies to oral bacterial infection and decreases 

lifespan in a microbiota dependent manner (Bonnay et al. 2013). Several negative regulators, 

including PGRPs that have enzymatic activity, as well as intracellular negative regulators of the 

IMD pathway including caudal and Pirk prevent immunopathology and dysbiosis. (Lhocine et al. 
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2008; Ryu et al. 2008, 2010). Similarly, under basal conditions, Duox expression is down-

regulated by MAPK phosphatase 3 (Mkp3) (Ha et al. 2009).  

 The systemic immune response of Drosophila involves a humoral and cellular 

component. The humoral component includes the IMD and Toll pathways that are sensitive to 

DAP-type and Lys-type peptidoglycan, respectively. The cellular response includes engulfment 

and phagocytosis of pathogens, as well as melanization via the production of ROS (Lemaitre and 

Hoffmann 2007). Very little is known about how systemic and epithelial immunity are in 

communication and how the microbiota could indirectly influence the systemic immune 

response. In humans, inflammatory bowel disease caused by commensal microorganisms can 

result in other inflammatory disorders outside the gut including arthritis and inflammation of the 

liver and eye (Macdonald and Monteleone 2005). Recent studies in Drosophila have shown that 

ROS induced stress from infection or chemical induces nitric oxide (NO) production in the gut 

and this leads to expression of the AMP Diptericin in the fat body (Basset et al. 2000; Foley and 

O’Farrell 2003; Wu et al. 2012). Different levels of ROS production facilitated by the gut 

microbiota could influence the systemic immune response and defense of infection. Organ-to-

organ communication is also facilitated by the monomeric peptidoglycan fragment terminal 

monomer tracheal cytotoxin, which can cross the gut barrier and trigger a systemic immune 

response in the fat body (Zaidman-Rémy et al. 2006). The negative regulator, PGRP-LB, 

dampens this systemic immune response via amidase activity in the gut and hemolymph. This 

dampening of the systemic immune response in the presence of the microbiota could influence 

the ability of the host to respond to subsequent systemic infection. 

 In this study, I set out to test how the microbiota of Drosophila influences the systemic 

defense response. I found that the presence of the microbiota decreased defense against systemic 
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infection with the Gram-negative pathogen Providencia rettgeri, but not with the Gram-positive 

pathogen Enterococcus faecalis. This decreased defense was associated with a slower induction 

of antimicrobial peptides in conventionally reared (CR) compared to axenic (Ax) flies. This 

protection appeared to be dependent on the IMD transcription factor Relish. However, across 

wild-type genotypes the effect of the microbiota was variable by genotype and experimental 

replicate, possibly because of the inconstant nature of the microbiota.  

Methods 

Drosophila stocks 

Canton-S (CS) flies were used to test the effect of the microbiota on survival, bacterial load, and 

immune system activation. Immune system mutants used to identify the arm of the immune 

system responsible for the observed phenotypes included RelishE20/RelishE20 and PGRP-LB -/- 

(Hedengren et al. 1999). Oregon-R, the genetic background of both mutants, was used as a 

control.  Hemocyte free flies (hemoless) were made by crossing hml(delta)-GAL4,UAS-eGFP 

females to UAS-bax,Tub-GAL80ts/CyO-actin GFP males. Bax, which was conditionally 

expressed in larval hemocytes, is a pro-apoptotic member of the Bcl-2 family that promotes 

mitochondrial permeability and activation of apoptotic pathways (Chae et al. 2003; Goto et al. 

2003). The offspring from this cross that contained the CyO balancer were used as a control 

(hemoCyO). All flies were reared at 24°C on 12:12 light: dark schedule. Only males were used for 

experiments for all genotypes except for hemoless and its balancer control, where both males and 

females were tested.   

Axenic fly preparation 

 Embryos were collected after 16 hours of egg laying by parental flies on a glucose-yeast 

diet (100 g/L glucose, 100 g/L brewer’s yeast, 10 g/L agar, acid mix) mixed with Welch’s 
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organic grape juice. Deionized water was added to the dishes and a paintbrush was used to 

remove embryos from the agar. To remove bacteria associated with the embryos, they were 

decorionated by soaking in 10% bleach for five minutes. Embryos were transferred to sterile 

media and allowed to develop for 14 days. Conventionally reared flies were prepared in parallel 

using the same procedure, except that embryos were soaked in deionized water instead of bleach.  

Infection procedure 

The two bacterial strains used in this experiment are both extracellular natural pathogens 

isolated from the hemolymph of wild caught D. melanogaster (Juneja and Lazzaro 2009). 

Providencia rettgeri is Gram-negative, and Enterococcus faecalis is Gram-positive. Overnight 

cultures were started from a single bacterial colony and were grown overnight in liquid LB at 37o 

C. Prior to infections, the overnight culture was diluted in LB to an OD600 of 1.0 for P. rettgeri 

and 0.5 for E. faecalis. Flies were infected by pricking in the thorax with a 0.1 mm dissecting pin 

(Fine Science Tools) dipped in the dilute overnight culture. This method delivered approximately 

103 bacteria to each fly (data not shown). Flies were anesthetized on CO2 for 3-4 minutes during 

infection. Control anesthetized flies were held on CO2 for the same amount of time. Infections 

were performed one to four hours after incubator dawn. The genotype order of infections was 

determined using a random number generator. The infected males were placed in groups of 12 

flies per vial.  

Survival assay 

 Two hours after infection, flies were observed to confirm that they had survived the 

infection procedure. Those that did not survive were not included in the analysis. Survival was 

measured once a day for five days after infection. The majority of mortality occurs between 24 

and 48 hours in wild-type flies infected with Providencia rettgeri. In order to pick up on more 
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subtle differences in survival in mutant genotypes that had rapid mortality after infection, flies 

were monitored every six hours between 24 and 36 hours. All experiments contained a sterile 

wound control to confirm that the observed mortality was a result of the infection and not from 

injury. A subset of experiments also contained an uninjured CO2 anesthesia survival control. 

Bacterial load assay 

 Bacterial load was estimated at 24 hours after infection for all genotypes, as well as 12 

hours after infection for the experiments with PGRP-LB-/- and Rel-/-. For each plate, three 

infected male D. melanogaster were homogenized in 500 µl LB with a sterile pestle. Canton-S, 

Oregon-R, PGRP-LB -/-, hemoCyO and RAL-732 homogenates were diluted 1:100 in LB prior to 

plating at 24 hours. Rel-/- and hemoless homogenates were diluted 1:1000. At 12 hours after 

infection, OR, PGRP-LB-/-, and Rel -/- were diluted 1:10. The diluted homogenates were plated 

on LB agar using a WASP 2 spiral plater (Microbiology International, Bethesda, MD, USA). 

Plates were grown overnight at 37º C. Resulting colonies were counted using a ProtoCOL plate 

counting system (Microbiology International) to estimate the number of viable bacteria infecting 

each fly. 

Measurement of immune system activity 

 To understand how the presence of the microbiota influenced the dynamics of the 

humoral immune response after systemic infection, I measured expression of four antimicrobial 

peptide genes. Canton-S males infected with P. rettgeri, as well as sterilely wounded and CO2 

exposed flies, were flash frozen in groups of twelve at four, eight, and twelve hours after 

infection. RNA was extracted in TRIZOL using the manufacturer’s protocol. cDNA was made 

using M-MLV reverse transcriptase (Promega). Levels of AMP expression are reported relative 
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to rp49 (also known as RpL32). Defensin, Diptericin, Drosomycin, and Metchnikowin were the 

arbitrarily chosen from the repertoire of AMP genes as proxies for immune system activity. 

Statistical Analyses 

The effect of treatment on survival was assessed using the Cox proportional hazard 

analysis in R (R Development Core Team 2010). Death was recorded every 24 hours for flies 

from each treatment, and flies that were alive after five days were treated as censored data. The 

following model was fitted using the Survival package in R (Therneau 2014): 

Coxph(Time, Status) = Genotype + Microbiota + Genotype*Microbiota + Experiment  

In this model, Genotype represents the Drosophila genotype, Microbiota represents the 

presence or absence of the microbiota, and Experiment represents the experimental block. 

Genotype and the interaction between Microbiota and Genotype were only included when 

multiple genotypes were being tested.  

In experiments where bacterial load was assayed, the following model was fitted using R 

(R Development Core Team 2010): 

 loge CFU per fly = Genotype + Microbiota + Genotype*Microbiota +Experimentrandom 

The response variable is the natural log transformed value of the bacterial load per group of three 

flies. Genotype was only included when multiple genotypes were being tested. Tukey’s HSD test 

was used to perform pairwise contrasts within the linear model when more than one genotype 

was used.  

To analyze expression dynamics of antimicrobial peptide genes, the following model was 

used with the Ct value of the AMP as the response value: 

AMP expression = Rp49 expression + Microbiota + Infection + Time + Gene + 

Microbiota*Infection + Microbiota*Time + Infection*Time + Microbiota*Infection 
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*Time +Experimentrandom 

 The Rp49 Ct covariate is the reference gene Ct value.  The Infection factor represents the 

effect of bacterial infection relative to the sterile-wound control. Time represents the hour post-

infection. A significant Microbiota-by-Infection-by-Time interaction suggests that the dynamic 

of the immune response to infection is dependent on the microbiota. Based on this, I built 

simpler models within each time point using only the data from infected flies. This model used 

the Ct value of the AMP gene as the response variable, and contained Rp49 Ct, Microbiota, and 

Gene as fixed factors, and Experiment as a random factor. This analysis was repeated for both 

sterile-wound and CO2 control treatments. 

Results 

Axenic flies have increased survival after infection 

In order to test how the microbiota affect defense against systemic bacterial infection, 

Canton-S males were infected with the natural pathogens Providencia rettgeri and Enterococcus 

faecalis, and survival was monitored daily for five days after infection. Axenic flies had higher 

survival when infected with P. rettgeri relative to the conventionally reared flies (p = 0.001). 

However, there was no difference in survival between axenic and conventionally reared flies 

infected with E. faecalis (p = 0.325) (Figure 4.1). The sterile wound control followed the 

opposite pattern. Axenic flies had slightly lower survivorship than conventionally reared (p = 

0.016), suggesting that the influence of the microbiota on survival in infected flies is a result of 

infection and not an effect of wounding.  
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Figure 4. 1 

Survival post-inoculation with the Gram-negative pathogen Providencia rettgeri  (A) and the 
Gram-positive pathogen Enterococcus faecalis (B) in axenic and conventionally-reared male D. 
melanogaster. Axenic flies had high survival than conventionally reared after inoculation with P. 
rettgeri, but not E. faecalis. Conventionally-reared flies had higher survival in the sterilely-
wounded controls. Solid lines represent infected flies; dashed lines represent uninfected sterilely-
wounded control flies.  
 

Axenic flies have lower bacterial load 

 To test whether the observed increase in survival was a result of increased resistance 

against P. rettgeri, bacterial load was measured 24 hours after infection in Canton-S males. 

Indeed, axenic flies had lower bacterial loads than conventionally reared flies (p = 0.023, Figure 

4.2). This demonstrates that axenic flies have higher resistance than conventionally reared flies. 

This difference in resistance could be a result of the ability of the axenic flies to actively 

eliminate the pathogen, or the ability of the pathogen to replicate to higher numbers in the 

conventional host environment. 
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Figure 4. 2 

Bacterial load 24 hours after inoculation with P. rettgeri in axenic (Ax) and conventionally 
reared (CR) D. melanogaster. Axenic flies had lower bacterial loads relative to conventionally 
reared flies.  
 

Axenic flies have faster humoral immune response 

 Expression of antimicrobial peptide (AMP) genes was measured to test whether the 

observed difference in resistance was a result of faster induction of the humoral immune 

response. Axenic flies had lower constitutive expression of AMPs relative to conventionally 

reared flies, but responded more rapidly to infection (Table 4.1, p = 0.0003). Axenic and 

conventionally reared Drosophila were assayed for whole body expression of four AMP genes at 

four, eight, and twelve hours after infection with P. rettgeri, sterile wound, or CO2 anesthesia. A 

linear mixed-effect model was built and a significant Infection Status by Time by Microbiota 

interaction represented an effect of the microbiota on the induction of the immune system (Table 

4.1, p < 0.001). Based on this result, simpler models were built for each time point for each 

infection treatment to test for an effect of the microbiota. In the CO2 anesthesia treatment, axenic 
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flies had lower expression at four and twelve hours after exposure (p = 0.005, p < 0.001, Figure 

4.3A). In contrast, twelve hours after infection with P. rettgeri, axenic flies had higher 

expression of AMPs relative to conventionally reared flies (p = 0.003, Figure 4.3B). This same 

trend was seen in the sterile wound control at twelve hours after infection (p = 0.003, Figure 

4.3C). These data show that although axenic flies have lower basal expression of AMPs, they are 

better able to respond to pathogenic infection (Figure 4.4D). 

 

Figure 4. 3 

Expression of AMP genes in infected and uninfected conventionally-reared or axenic D. 
melanogaster. (A) Uninfected axenic flies had lower expression relative to conventionally reared 
flies in CO2 control male D. melanogaster four and twelve hours after CO2 exposure. Y = 0 
represents the conventionally reared expression value. (B) Infected flies have higher expression 
twelve hours after inoculation with P. rettgeri. Y= 0 represents conventionally-reared expression 
values. (C) Sterile-wound axenic flies have higher expression twelve hours after wounding 
relative to conventionally reared flies. Y = 0 represents conventionally reared expression values. 
(D) Axenic flies have faster induction of the four AMP genes measured after infection with P. 
rettgeri. Y = 0 represents uninfected expression values.  
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Factor F-value p-value 
Rp49 Ct 4281.17 <0.0001 
Microbiota 866.39 <0.0001 
Infection 3.54 0.0609 
Time 262.9 <0.0001 
Gene 19.52 <0.0001 
Microbiota x Infection 583.9 <0.0001 
Microbiota x Time 11.12 0.001 
Infection x Time 0.5 0.479 
Microbiota x Infection 58.44 <0.0001 
Microbiota x Infection x Time 13.1 0.0003 
Table 4. 1 

ANOVA table from linear mixed effects model from RT-qPCR expression data on four AMP 
genes. The AMP Ct value is the response variable in the model. The Rp49 Ct covariate is the 
reference gene Ct value. The Microbiota factor represents the effect of the microbiota (either Ax 
or CR). The Infection factor represents the effect of bacterial infection relative to the sterile-
wound control. A significant Microbiota x Infection x Time interaction represents an effect of 
the microbiota on host humoral immune induction.  
 

The IMD pathway influences the role of the microbiota in host defense 

 Given the faster humoral immune response to infection, I hypothesized that the IMD 

pathway was directly involved in this response. Previous work has shown that the negative 

regulators of the IMD pathway such as PGRP-LB and caudal are up-regulated in the gut when 

the microbiota is present (Broderick et al. 2014). Under axenic conditions, the lack of negative 

regulation could result in hyper-activation of the immune system when an immune elicitor is 

introduced to the system. To test the hypothesis that negative regulation of IMD influenced the 

effect of the microbiota on resistance to P. rettgeri, I infected Relish and PGRP-LB mutants and 

measured bacterial load at 12 and 24 hours after infection as well as survival. If the function of 

the gene altered the role of the microbiota in defense, we would expect that the difference 
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between axenic and conventionally reared flies would be erased or reversed, whereas if the gene 

was not involved I would continue to see higher resistance in axenic flies. I found that Relish 

mutants had the opposite phenotype compared to Canton-S: bacterial loads in axenic Rel-/- flies 

were higher than conventionally reared flies at 24 hours after (Microbiota*Genotype with OR 

and Rel in model: p = 0.002, Figure 4.4). PGRP-LB mutant axenic flies had lower bacterial load 

than the conventionally reared similarly to the Canton-S strain (Microbiota with OR and LB in 

model: p = 0.008, Figure 4.4) The genetic background of both of these genotypes, Oregon-R, did 

not show the wild-type phenotype that was seen in Canton-S (p = 0.223). There was no 

difference in survival between axenic and conventionally reared flies for Oregon-R and Relish (p 

= 0.504, p = 0.482, Figure 4.5). However there was a difference survival for the PGRP-LB 

mutant, but in the opposite direction of the resistance phenotype; axenic PGRP-LB flies had 

lower survival (p = 0.013, Figure 4.5) but higher resistance (measured as lower bacterial load). 

This indicates a lower tolerance of infection in the axenic PGRP-LB -/- flies. This could be a 

result of immunopathology from unregulated over-activation of the humoral immune response.  
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Figure 4. 4 

Bacterial loads twelve (A) and twenty-four (B) hours after inoculation with P. rettgeri in Relish 
and PGRP-LB null mutants, and the background control Oregon-R. (A) Twelve hours after 
inoculation there was no effect of microbiota or genotype on bacterial load. (B) Twenty-four 
hours after inoculation Relish null mutants that were axenic had higher bacterial loads relative to 
conventionally reared flies with the Relish null mutation. PGRP-LB null mutant flies that were 
axenic had lower bacterial loads relative to those that were conventionally-reared. 
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Figure 4. 5 

Survival after inoculation with P. rettgeri in PGRP-LB and Rel null mutant male D. 
melanogaster with or without the microbiota. There was no difference between axenic and 
conventionally-reared flies in survival for the Rel -/- and Oregon-R genotypes. PGRP-LB -/- 
axenic flies had lower survival than conventionally reared PGRP-LB -/- flies.  
 

 

Phagocytosis does not influence the role of the microbiota in defense 

 Phagocytes are responsible for engulfing and digesting microbes, secreting AMPs, and 

responding to tissue damage. A unique population of phagocytes is found within the gut 

epithelium, contacting both the gut lumen as well as the hemocel of the fly (Charroux and Royet 

2009), which may play a role in gut-systemic immune cross talk. To test whether phagocytes 

played a role in the microbiota dampening of systemic defense, I infected axenic and 

conventionally reared flies that did not have hemocytes (hemoless, see Methods). Hemoless 

conventional flies had higher bacterial loads than the axenics (p = 0.017 genotype effect, with 

sex in the model, Figure 4.6). The control showed the same trend but was not significant. There 
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was no effect of the microbiota or a microbiota-by-genotype interaction when both genotypes 

were analyzed in the same model. This experiment was only performed once with approximately 

10 plates per genotype. Increased power through increased sample size would likely allow us to 

more rigorously detect subtle difference between treatments. This general trend was matched in 

the survival data, but again was not significant (p = 0.141, Figure 4.7). 

 

Figure 4. 6 

Bacterial load in hemocyte-free (Hemoless) and balancer control (HemoCyO) axenic and 
conventionally reared D. melanogaster 24 hours after inoculation with P. rettgeri. Microbiota 
status did not affect load in either genotype. However, sample size was small. A single biological 
replicate with 10 plates per treatment was performed. 
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Figure 4. 7 

Survival after inoculation with P. rettgeri in hemocyte-free (Hemoless) and balancer control 
(HemoCyO) axenic and conventionally reared D. melanogaster. 
 

Inconstant defense phenotypes across experimental replicates 

 To test whether the lack of effect of the microbiota on defense was a result of genotype 

specificity or other uncontrolled environmental variables, I infected three wild-type genotypes: 

Canton-S, Ore-R and RAL-732. If the absence of a microbiota effect in Ore-R was a result of 

genotype specificity, I would expect that axenic Canton-S would show increased defense relative 

to conventionally reared flies, and Oregon-R would not. The use of the third genotype would 

give some indication of whether Canton-S was an anomaly. However, the results were 

inconsistent with my previous observations of Canton-S and Oregon-R. Oregon-R showed 

strongly increased defense in axenics, while Canton-S and RAL-732 did not show any difference 

between axenic and conventionally reared flies (OR: p < 0.0001; CS: p = 0.368; RAL-732: p = 

0.192; Figure 4.8). From this result, I concluded that temporal and environmental variables that 
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were not controlled were affecting the role of the microbiota in defense. I hypothesize that this is 

a result of inconsistency in the composition of the microbial community associated with the fly.  

 

Figure 4. 8 

Survival after infection with P. rettgeri in three wild-type genotypes: Canton-S, Oregon-R, and 
RAL-732. 
 

Discussion 

 In this study, I demonstrate that the presence of the microbiota decreases the ability of the 

host to defend against a systemic infection with P. rettgeri. I show that this decreased defense 

corresponds with slower induction of AMPs in response to infection. I also show that this 

decreased defense is dependent on the major transcription factor of the IMD pathway, Relish. 

These results suggest that the immune response to the microbiota comes at a physiological cost 

to the systemic immune response, and that this cost is dependent on regulatory features of the 

IMD pathway. These results, however, come with the caveat that there is a large amount of 

between-replicate variation in the effect of the microbiota on defense. I hypothesize that this is a 

result of inconstant nature of the microbial community (Wong et al. 2013).  

 I found that the presence of the microbiota facilitates infection with the Gram-negative 

pathogen P. rettgeri through interactions with the IMD pathway and has no effect on resistance 
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to E. faecalis. This stands in contrast to the paradigm that host-associated microbes in insects are 

antagonistic with pathogenic infection and confer resistance to the host. For example, infection 

with Wolbachia or Spiroplasma, vertically transmitted symbiotic bacteria, confer protection 

against some RNA viruses, parasitoid wasps, Plasmodium and nematodes (Hedges et al. 2008; 

Teixeira et al. 2008; Moreira et al. 2009; Jaenike et al. 2010; Xie et al. 2010; but see Herren and 

Lemaitre 2011). Additionally, the gut microbiota of certain strains of gut bacteria in Anopheles 

gambiae confer refractoriness to Plasmodium infection, and in many insects the presence of the 

microbiota confers resistance to intestinal infection (Dillon and Dillon 2004; Dong et al. 2009; 

Blum et al. 2013b). Paralleling my study, however, Herren and Lematire 2011 found that 

infection with Spiroplasma decreases resistance to two Gram-negative pathogens, and has no 

effect on resistance to a Gram-positive pathogen and a fungal pathogen. Together my results in 

combination with that of Herren 2011 support the hypothesis that the conferred resistance to 

some types of pathogens and infections by host associated microbes may come at a cost to 

resistance of other types of infections. Consideration of the nature of the infecting agent, as well 

as the route of infection, will provide insight into the trajectories of these interactions.  

 In this study, the microbiota did not influence defense against the Gram-positive 

pathogen, E. faecails. This further suggests that the effect of host-associated microbes may be 

specific to individual components of the host immune system. Several previous studies support 

that communication between the gut and the systemic immune response may be specific to 

Gram-negative pathogens and the IMD pathway. For example, the antimicrobial peptide 

Diptericin is the most responsive antimicrobial peptide to negative regulation by PGRP-SC2 in 

the presence of the microbiota (Guo et al. 2014). Additionally, the Toll pathway, which is 

required for resistance to Gram-positive bacterial and fungal systemic infections, does not play a 
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role in epithelial immunity (Ferrandon et al. 1998). This potential lack of immune cross-talk can 

be thought of as a firewall, where regionalization and potentially other mechanisms (e.g. PGRP-

SC2 or PGRP-LB) that prevent immune stimulation are at work to maintain homeostasis, and 

may prevent the microbiota from influencing the systemic immune response (Hooper et al. 2012; 

Balmer et al. 2014; Mowat and Agace 2014).  

 These interpretations come with the caveat that the facilitative interactions between the 

microbiota and P. rettgeri were variable across experimental replicate. Below I have outlined 

future directions this project could take to better understand the role of the microbiota in defense. 

1) Identify which taxa of the microbial community predict the decreased defense response 

and confirm the role of the microbiota in defense with gnotobiotic cocktail of commensal 

bacterial species seen in the Drosophila gut 

 Recent work has shown that the effect of the microbiota on host traits varies in specificity 

and modularity; for example, the reduction in fly glucose levels by the microbiota is not 

specific to an individual taxa, whereas triglyceride content is influenced by the interactions 

between specific taxa of the microbial community (Newell 2014). Based on the variability 

seen across experimental replicate, we hypothesize that the role of the microbiota in defense 

is specific to individual taxa that are inconsistently associated with the fly host. To test this 

hypothesis, I suggest that the composition of the gut microbiota should be characterized in 

parallel with the host defense response. A functional role of bacterial strains that are 

associated with the decreased systemic response could be confirmed through controlled 

introduction of the microbiota as described in Newell and Douglas (2014). I expect that 

controlled introductions of those microbes that are associated with decreased defense will 

mirror the phenotype in gnotobiotic introduction.  
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2) Test how the negative regulators of the IMD pathway influence the effect of the microbiota 

on defense 

 Recent work has shown that the microbiota can cause dysbiosis in old flies through up-

regulation of the negative regulator of the IMD pathway, PGRP-SC2, via the transcription 

factor FOXO. A down regulation of the IMD pathway in the gut resulted in over-

proliferation of the microbiota and decreased longevity of the fly (Guo et al. 2014). In the 

absence of the microbiota, Guo et al. 2014 found that there was an up-regulation of the AMP 

Dpt. Additionally, I have shown that Dpt is essential for resistance to P. rettgeri (Chapter 

Two). I hypothesize that activation of a negative regulator in the young flies I am working 

with stabilizes the microbial community, but may be costly to the systemic immune response. 

Tissue-specific manipulation of expression of these genes could be used to identify which 

negative regulator of the IMD pathway may play a role in systemic defense.  

3) Test the role of reactive oxygen species in the effect of the microbiota on defense and 

inter-organ communication 

 Another recent study found that inter-organ communication between the gut and the fat 

body was facilitated by reactive oxygen species. Specifically, when flies were fed on 

hydrogen peroxide or fed the pathogen Erwinia carotovora, ROS were produced in the gut 

and this resulted in expression of AMPs in the fat body (Wu et al. 2012). I hypothesize that 

lower levels of ROS produced in response to the microbiota could result in basal differences 

in fat body immune system activity. This difference in basal level activity may result in 

slower induction of AMPs under infection conditions in conventionally reared flies.  

 In conclusion, I have evidence that the microbial communities associated with D. 

melanogaster decrease defense against the pathogen P. rettgeri as a result of slower induction of 
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the antimicrobial peptides. I have shown that this effect is dependent on the IMD pathway. I 

speculate that regulation of the immune system in response to microbiota in the gut influences 

the systemic immune response, and I have laid out future directions to test this hypothesis. It is 

clear that bacterial communities associated with D. melanogaster and its surrounding 

environment play a role in both regulation of epithelial immunity and systemic defense response. 

Future work understanding the molecular basis, could yield translation insight into the 

mechanisms of microbiota induced systemic inflammation and disease.   
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CHAPTER 5 

 

DISCUSSION 

 
 In order to survive infection, a host much balance pathogen control with maintenance and 

repair. These two processes—resistance and tolerance—have different predicted evolutionary out 

comes, because by definition resistance decreases pathogen fitness, while tolerance has a neutral 

or positive effect. If tolerance is acting independently of resistance, there is the potential for a 

dampening of antagonistic coevolution between the host and pathogen (Rausher 2001; Råberg et 

al. 2007). Understanding the contributions of these two strategies to natural variation in 

susceptibility of infection, and the underlying processes that determine that variation will give us 

a better understanding of the evolutionary trajectories of host pathogen evolution. In this 

dissertation, I describe patterns of natural variation in resistance and tolerance, and I identify the 

underlying biological processes that predict this variation using a genome-wide association study 

approach. Using identified phenotypic patterns and patterns of allelic variation, I determine how 

selection may be acting on these different components of host defense. Below I review the major 

questions answered from these data.  

Methodological implications for defining tolerance to infection 

 Tolerance is defined as the ability of the host to withstand the negative consequences of a 

pathogen burden, while resistance is defined as the ability to control the pathogen burden. A 

strong statistical framework for assessment of tolerance in natural populations was developed in 

the late 1990s by plant biologists, and over the past ten years this methodology has been adopted 

to animal systems (Strauss and Agrawal 1999; Råberg et al. 2007; Baucom and de Roode 2011). 

This rubric defines tolerance as a slope or reaction-norm where host fitness is plotted on the y-
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axis and pathogen burden is plotted on the x-axis. Hosts that have different slopes have different 

levels of tolerance. Statistically, this can be defined as a genotype-by-pathogen load interaction, 

where the effect of a given pathogen load is dependent on host genotype (Simms 2000). In this 

dissertation, I measured tolerance in three different ways. In Chapter One, I measure fitness 

changes as the change in fecundity over the course of infection. To estimate tolerance, I correct 

these estimates of change in fecundity for level of pathogen burden, which was estimated in a 

separate group of genetically identical D. melanogaster females. Genetic variation for tolerance 

was found as a genotype-by-load interaction. I used a similar framework to estimate mortality 

tolerance in the same study where instead of infected fecundity, the fitness response was 

measured as survival under infection conditions. These two methods had qualitatively the same 

results. This mortality tolerance method was also used in Chapter Three when screening the 

DGRP for levels of resistance and tolerance. In this case, I was not estimating across a range of 

pathogen burdens for each line. Instead, I estimated the relationship between fitness under 

infection conditions and pathogen burden across a population, and the deviation from that 

relationship is what I was using as our estimate of tolerance. From these data, I took a subset of 

lines that appeared to have high or low levels of tolerance and landed at different levels of 

pathogen burden, and attempted to measure slope tolerance across infection space by inoculating 

these lines with a range of pathogen doses. Using this method, I was unable to reach similar 

pathogen burdens between genotypes that had very high or very low levels of resistance. Lines 

with low levels of resistance had nearly 100% mortality and high pathogen burdens even at the 

low infection dose, while highly resistant lines had greater than 85% survival and low pathogen 

burdens even at the high infection dose, which was approximately 1000 fold higher than the low 

dose. This confirmed that importance of measuring tolerance and resistance in the same study in 
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each treatment (Straus and Agarwal 1999), because there was a non-additive relationship 

between initial inoculation dose and pathogen burden after infection. It also stressed the 

importance of including the level of pathogen burden after replication within the host as in the 

estimation of tolerance, because if the effect of dose was assumed to be the same across 

genotypes, the researcher may erroneously conclude that there were differences in tolerance that 

were biologically based in differences in resistance. Beyond including resistance in estimates of 

tolerance, I recommend caution in using a one-size fits all method like this for estimating 

tolerance. The experimental exercise of trying to arrive at similar pathogen burdens between two 

genotypes that have low or high resistance is biologically superfluous. Initial classification of 

genotypes into resistance categories, and then estimating tolerance within each category, would 

allow for a more sound comparison of how a given pathogen burden impacts host fitness.  

Empirical evidence for tolerance 

 Using the methods described above to estimate tolerance, I found similar patterns of 

tolerance and resistance across the three methods used. I find measurable genetic variation for 

both resistance and tolerance in the acute phase of infection. However, the magnitudes of the 

effect-sizes between these different components of defense were very different. Host resistance 

level was the main determinant of fitness under infection conditions. Biologically, both the 

positive relationship between resistance and tolerance, and the inability to separate the two traits 

by using multiple infection doses, implies that I must consider the evolution of tolerance and 

resistance together (Mauricio et al. 1997; Núñez-Farfán et al. 2007). In this system, tolerance 

will not evolve independently of resistance. I hypothesize that this is a result of distinct forms of 

infection that are happening at the extreme levels of infection severity. At very high pathogen 

burdens in which death is inevitable, tolerance may act to slow down these processes and protect 
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the most important tissues for a longer period of time. At very low pathogen burdens, where the 

physiological costs are less serve, tolerance should be about rapid recovery or entry to chronic 

infection, and return to homeostasis.  

 The dependence of tolerance on resistance level demonstrates that the magnitudes of 

these processes are different. Resistance is the main determinant of survival of infection, and 

within different levels of resistance space I see small but measurable differences in the 

relationship between pathogen burden and survival.  These small tolerance effects could translate 

to large evolutionary consequences in the wild, and should be considered in models of host-

pathogen evolution. However, from a clinical perspective, these results imply that the main 

determinant of health is pathogen control. If our results are broadly applicable, treatment though 

increasing host tolerance should only be considered once pathogen burden has been stabilized 

within the patient.  

Evolutionary implications of tolerance and resistance 

 Throughout this dissertation, I describe different theoretical models of host-pathogen 

evolution that could explain patterns of natural variation in these traits. Two models of resistance 

are the trench warfare model and an arms race model. Under an arms race model serial selective 

sweeps in both the host and the pathogen acting on new resistance and virulence alleles are 

driving rapid evolution (Dawkins and Krebs 1979). Under a trench warfare model, costly host 

resistance alleles are oscillating in a negative frequency-dependent manner with pathogen 

prevalence or virulence alleles (Stahl et al. 1999). Alternative to these trench warfare dynamics, 

theoretical work has shown that costly tolerance alleles may be driven to fixation by a positive 

feedback loop, where an increase in host tolerance alleles in the population increases pathogen 
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prevalence there by increasing the benefit of caring the tolerance allele and driving it to fixation 

in the population (Roy and Kirchner 2000; Miller et al. 2006). 

 In Chapter One, I empirically test the assumptions of the trench warfare and tolerance 

models by measuring the relationship between the two traits, how they change over the course of 

infection, the costs associated with each strategy, and how these traits and correlations between 

them change in a diet-dependent manner. I demonstrate complexity of the infection dynamics, 

differential costs associated with each, and environmental specific relationships between these 

traits. I conclude that these patterns could influence patterns of natural variation in these traits 

and that future work should incorporate these empirical results into mathematical models.  

 In Chapter Two, I address the two alternative resistance models (trench-warfare versus 

arms-race). Based on the distribution of the large-effect Dpt allele segregating at relatively high 

frequency in both D. melanogaster and D. simulans around the world and the trends in the 

population genetic data, I conclude that balancing selection, potentially driven by trench warfare 

dynamics with pathogen prevalence or virulence alleles, may be driving the evolution of this 

polymorphism. Previous work has suggested that antimicrobial peptides evolve via duplication 

and loss in a dosage dependent manner, and that individual AMP have little to no effect on 

realized immune defense (Ramos-Onsins and Aguadé 1998; Lazzaro and Clark 2001; Sackton et 

al. 2007; Lazzaro 2008). These data contradict this hypothesis, and suggest an alternative model 

for AMP evolution. Importantly, these data also demonstrate the difficulty in detecting balancing 

selection in an organism with a large effective population size and high levels of recombination. 

Methodologically, this suggests that especially in the context of a genomic screen for signatures 

of selection, balancing selection will not be detected. New tests should be developed. 

Biologically, the evolution of individual AMPs may be driven by specific interactions between 
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individual microbes and AMPs. This form of balancing selection seems to be common across 

antimicrobial peptides and future work should functionally test if these individual antimicrobial 

peptides are specific for individual pathogens.  

 Alternatively to all of these models, in Chapter Three, I demonstrate that genetic 

variation in defense may be largely explained by allelic variation at mutation selection balance. I 

show a negative relationship between allele frequency and the absolute value of effect size, and 

demonstrate that this is driven by low-frequency deleterious alleles of large effect. This is 

consistent with purifying selection acting on SNPs at mutation selection balance and has been 

demonstrated for other fitness related traits (Wright 1937; Park et al. 2011; Mackay et al. 2012). 

This is inconsistent with both an arms race and a trench warfare model of selection acting on 

SNPs that explain variation. I hypothesize that balancing selection may be acting on one or a few 

SNPs of moderate to large effect, but the majority of causal SNPs are maintained at mutation 

selection balance.  

Environmental-dependence of host defense 

 There is strong evidence that dietary environment and nutrient signaling influence host 

defense as both resistance and tolerance (Bernal and Kimbrell 2000; Hochwender et al. 2000; 

Dionne et al. 2006; Libert et al. 2008; Becker et al. 2010; Sternberg et al. 2012). In Chapters One 

and Four, I address how host environment, as either diet or presence of the microbiota, 

influences host defense. In chapter one, I demonstrate that increased dietary glucose decreases 

host defense as resistance and tolerance. I show that there is a genotype-by-environment 

interaction for tolerance, but not for resistance, which could potentially explain the maintenance 

of variation of tolerance (Gillespie and Turelli 1989). This suggests that there is a genetic 

variation in genes that influence tolerance of infection that are altered by dietary environment, 
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but not for those that alter resistance. I hypothesize that the increased glucose in the food 

decreases resistance by passively making the environment for the pathogen more permissive to 

growth, while polymorphisms in tolerance alleles influence the responsiveness of the host to this 

dietary glucose.  

 In Chapter Four, I show that the gut microbiota which alters both nutrient signaling and 

the epithelial immune response (Buchon et al. 2013; Broderick et al. 2014), decreases resistance 

to P. rettgeri. In conventionally reared flies, I observed a dampening of transcriptional induction 

of antimicrobial peptide genes, suggesting that germ-free flies are better able to respond quickly 

systemic pathogenic infection. I show that this effect is dependent on the transcription factor 

Relish. These data imply that there may be a physiological trade-off between maintenance of 

intestinal homeostasis and systemic immune defense. Other work has shown variability in the 

microbiota in the lab and wild (Chandler et al. 2011; Wong et al. 2013; Broderick et al. 2014), 

suggesting that the microbiota is an additional environmental variable that the host must manage. 

Biological processes that determine tolerance  

 Previous work has tied allelic variation in canonical immune genes as well as others, to 

phenotypic variation in resistance of bacterial pathogens (e.g. Lazzaro et al. 2004, 2006; Harris et 

al. 2010; Unckless et al. 2015); however, few QTL for tolerance have been identified suggesting 

these traits have distinct genetic architectures (Weinig et al. 2003; Regoes et al. 2014). In 

Chapter Three, I demonstrate that there are distinct genetic architectures between resistance and 

tolerance but they are linked via biological process and some degree of pleiotropy. Specifically, 

genes involved in characterized canonical immune pathways harbor variation that predict 

variation in resistance to infection. Conversely, genes that are involved in regulation of immune 
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and metabolic processes determine tolerance. These data corroborate our phenotypic evidence of 

the intimate association between resistance and tolerance.  

Conclusion 

 In this dissertation, I demonstrate a suite of physiological constraints on the evolution of 

host immune defense, including evolutionary and physiological costs. I have dissected defense 

into both resistance and tolerance. I show that resistance or pathogen control is the main 

predictor of fitness under infection conditions, but for a given level of resistance a host will 

tolerate a pathogen burden potentially through regulation of immune and metabolic processes. 

Future work should focus on the mechanistic basis of how these processes are altering the 

relationship between pathogen burden and host fitness.  
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APPENDIX 

 

Chapter 1 

The following is supplemental information Chapter 1. 

 Model S1 evaluated genetic variation in fecundity tolerance. The response variable, 

Infected Fecundity, was corrected by the number of females that were alive at the end of the 24-

hour period of egg laying in each vial instead of the number of females that entered the vial 

alive.   

Model S1 evaluated genetic variation in fecundity tolerance: 

Infected Fecundity (exit)  = Uninfected Fecundity + Load + Genotype fixed + Diet + Day + 
Genotype*Load + Genotype*Diet + Load*Diet + Genotype*Load*Diet + error  

 

Table S1.1 Results from Model S1.  The response variable is Infected Fecundity corrected by the 
number of females that were alive at the end of the 24-hour period. The significant 
Genotype*Load interaction represents genetic variation for fecundity tolerance. The significant 
Genotype*Diet*Load interaction represents a genotype-by-environment effect for fecundity 
tolerance. 
 

 Days 1-3  Days 4-5 
Factor F-value p-value   F-value p-value 
Uninfected Fecundity 122.92 <0.001   62.6 <0.001 
Load  7.02 0.008  0.83 0.362 
Genotype 5.61 <0.001   2.62 0.008 
Diet 21.11 <0.001  4.31 0.038 
Day 16.75 <0.001   5.54 0.019 
Genotype*Load  3.55 <0.001  1.44 0.176 
Genotype*Diet 1.98 0.038   0.42 0.912 
Diet*Load  0.2 0.658  0.49 0.484 
Genotype*Diet*Load  1.06 0.389   1.94 0.052 

Table S1. 1 
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Figure S1. 1 

No detected cost of defense as uninfected fecundity 
Cost of defense measured as the sum of uninfected fecundity (CO2 control females) in the first 
three days after CO2 exposure correlated with proportion alive three days post infection, 
normalized infected fecundity in the acute phase of the infection, and bacterial load at 24 hours 
after infection on the low- and high-sugar diets. The square, red points represent the genotypes 
that experienced very high mortality after infection. None of these correlations were significant.  
 

 

8 

10 

12 

14 

0.0 

0.2 

0.4 

0.6 

0.8 

1.0 

10 

11 

12 

13 

14 

30 35 40 45 50 55 30 35 40 45 50 55 

B
ac

te
ria

l l
oa

d 
P

ro
po

rti
on

 a
liv

e 
N

or
m

al
iz

ed
  

in
fe

ct
ed

 fe
cu

nd
ity

 

Uninfected fecundity Uninfected fecundity 

High-sugar diet Low-sugar diet 

●●

●

●

●

●

●

●

●●
●

●

●

●
●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●
●

●



 

 134 

 

Chapter 2 

 
The following are supplementary tables and figures from Chapter 2. 
 
Supplemental Tables: 
 
Table S2. 1 

Bacterial load after infection with P. rettgeri is influenced by allele at the serine/arginine site in 
D. melanogaster 

 numDF denDF F-value p-value 
Allele 1 18 19.25 <0.001 
Note: Model is loge(CFU per 3 flies) = Allelefixed + Line(Allele)random 

 

Table S2. 2 

Survival after infection with P. rettgeri is influenced by allele at the serine/arginine site in D. 
melanogaster 
 Chisq Df Pr(>|Chi|) 
Allele 63.6 2 <0.001 
Note: Model is coxph(Time, Status) = Allelefixed + Line(Allele)random 
 
 

Table S2. 3 

The serine allele exhibits incomplete dominance in D. melanogaster infected with P. rettgeri. 
Bacterial load was estimated 24 hours after infection in four genotypes of D. melanogaster 
generated from outbred populations: Arg/Arg, Arg/Ser, Ser/Arg, Ser/Ser. 
 DF F-value p-value 

Genotype 3 4.20 0.009 

Model: Loge(CFU per 3 flies) = Genotypefixed + Blockrandom 
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Table S2. 4 

Bacterial load is influenced by allele at the serine/arginine site in D. simulans 
 numDF denDF F-value p-value 

Allele 1 23 8.48 0.008 

Deletion 1 23 5.49 0.028 

Allele x Del 1 23 0.93 0.344 

Model: loge(CFU per 3 flies) = Allelefixed  + Deletionfixed +Allele*Deletion + Line(Block)random 

 

Table S2. 5 

Survival is influenced by allele at the serine/arginine site in D. simulans 

 Chisq DF Pr(>|Chi|) 

Allele 19.92 1 <0.001 

Deletion 6.55 1 0.011 

Allele x Del 17.83 1 <0.001 

Model: coxph(Time, Status) = Allelefixed + Deletionfixed + Allele*Deletion 
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Table S2. 6 

Global Collections of D. simulans and D. melanogaster for Arginine/Serine allele frequencies.   

References 

1. Ramia, M., Librado, P., Casillas, S., Rozas, J., and Barbadilla, A. (2012). PopDrowser: 
the Population Drosophila Browser. Bioinformatics 28, 595-596. 

2. Lack, J., Cardeno, C., Crepeau, M., Taylor, W., Corbett-Detig, R., Stevens, K., Langley, 
C.H., and Pool, J. (2014). The Drosophila Genome Nexus: a population genomic resource 
of 605 Drosophila melanogaster genomes, including 197 genomes from a single ancestral 
range population. 

3. Pandey, R.V., Kofler, R., Orozco-terWengel, P., Nolte, V., and Schlotterer, C. (2011). 
PoPoolation DB: a user-friendly web-based database for the retrieval of natural 
polymorphisms in Drosophila. BMC Genet 12, 27. 

Species Location Sequencing N/coverage Prop. 
Arg. (# 
Hets) 

Source 

D. melanogaster Raleigh, NC, USA individuals 161/NA 14.8 (6) [1] 
 Beijing, China individuals 14/NA 0 (0) Early et al. in press 
 Ithaca, NY, USA individuals 19/NA 5.6 (1) Early et al. in press 
 Netherlands individuals 18/NA 5.9 (1) Early et al. in press 
 Tasmania, Australia individuals 17/NA 15.4 (4) Early et al. in press 
 Zimbabwe individuals 12/NA 58.3 (0) Early et al. in press 
 France individuals 9/NA 11.1 (0) [2] 
 Portugal pooled 103/54 14.8 

(NA) 
[3] 

 Africa individuals 111/NA 33.3 (??) [2] 
D. simulans Africa individuals 20/NA 70.0 (4) Peter Andolfatto pers. comm. 
 Africa pooled ??/83 69.88 

(NA) 
[3] 

 Florida, USA pooled ??/12 12 (NA) Heather Machado pers. comm. 
 Virginia, USA pooled ??/27 92.7 

(NA) 
Heather Machado pers. comm. 

 Pennsylvania, USA pooled ??/58 64.2 
(NA) 

Heather Machado pers. comm. 

 Maine, USA pooled ??/27 67.0 
(NA) 

Heather Machado pers. comm. 
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Figure S2. 1 

Distribution of immune defense responses in Drosophila Genetic Reference Panel (DGRP) lines 
measured as bacterial load 24 hours post-infection.  Each vertical line represents the mean for 
one DGRP line.  Black lines represent one of two null alleles: a premature stop codon (two lines 
with absolute highest load) and a 12 bp deletion (three other black lines).  
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Figure S2. 2 

The serine allele showed incomplete dominance. To test the dominance of the serine allele and 
as a secondary confirmation of the role of the allele in defense, homozygous and heterozygous 
individuals were generated from the outbred populations. Flies homozygous for serine had lower 
bacterial loads than flies homozygous for the arginine (p = 0.004).  Heterozygous flies had 
statistically intermediate bacterial loads, indicating that protective effect of the serine allele 
shows incomplete dominance. Letters above box plot represent Tukey contrasts levels. Bacterial 
loads are represented as natural log of the colony forming units per pooled sample of three male 
D. melanogaster. 
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Figure S2. 3 

Global frequencies of the arginine allele in D. melanogaster (black) and D. simulans (red) are 
variable.  See Table S4 for sample details. 
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Figure S2. 4 

Schematic representation of all studied genotypes in D. melanogaster and D. simulans shows 
convergence at the amino acid and indel level. 
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Figure S2. 5 

The twelve D. melanogaster lines from each allele and the two null lines were infected with four 
pathogens. Bacterial load was measured 24 hours after infection to test for the specificity of the 
alleles in resistance. For each pathogen, the natural log of the number of colony forming units 
per pool of three flies is plotted for each genotype measured. Lines carrying the arginine allele 
(blue) had higher loads than those lines carrying the serine allele (red), reflecting the same 
defense phenotype seen with P. rettgeri infection. There was no effect of the Dpt allele on 
bacterial load in P. sneebia, S. marcescens, or E. faecalis infections. The null lines (white) had 
higher loads than lines containing either variant only in P. alcalifaciens infection, further 
confirming the importance of Dpt in resistance to this pathogen. 
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Figure S2. 6 

Induction of Diptericin 24 hours after infection relative to the sterile wound control in Oregon-R 
D. melanogaster (serine variant) with the five pathogens used in this study. Expression did not 
correlate with the importance of the variant in defense (r = 0.641, p = 0.122). 
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Figure S2. 7 

Gene duplication model in D. simulans. In D. simulans we find a tandem duplication of 
Diptericin segregating in 23 out of 37 lines. 
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Figure S2. 8 

Bacterial load and survival of D. simulans paralogs.  
To test the effect of the Dpt duplication on defense in D. simulans, inbred lines were infected 
with P. rettgeri. Lines that carried the duplication had slightly higher survival after infection than 
those that did not (DptA2: p < 0.001), and those that had serine at the ancestral state also had a 
corresponding decrease in bacterial loads (DptA2: p = NS, DptA1*DptA2: p = 0.0394) 
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Figure S2. 9 

Drosophila melanogaster haplotypes from a population of African lines (DPGP3) shows little 
linkage disequilibrium between the serine/arginine polymorphism and nearby SNPs.  Numbers 
along the top indicate position in coding sequence relative to the start codon.  Haplotypes are 
sorted by allele count (indicated on the left).  The site of the serine/arginine replacement 
polymorphism is boxed (position 276).  Gray bars show haplotypes indicative of recombination 
between SNPs (between 243 and 276 upstream and between 276 and 373 downstream).  Coding 
sequence (CDS) and 3’ UTR are indicated at the bottom. 
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Figure S2. 10 

Population genetic analysis of Diptericin in African D. melanogaster (DPGP3).  Distributions 
represent values computed from the first exons of 1000  randomly selected genes on 
chromosome 2R.  Vertical red line represents the value for Diptericin, with actual percentile 
ranks indicated on figure. 
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Figure S2. 11 

Phylogenetic relationship of all Drosophila simulans alleles (DptA1 and DptA2) shows evidence 
of gene conversion between the two paralogs.  Note that several well-supported clades contain 
both DptA1 and DptA2 sequences indicating paralogous gene conversion.  Node support 
represents posterior probability from Bayesian analysis.  Circles represent DptA1, triangles 
represent DptA2, blue represents serine alleles, orange represents arginine alleles, circles with a 
dark blue border represent lines with only a single copy (no tandem duplication), and circles with 
a white dot represent alleles with a 6bp deletion at the 5’ end of the gene.  Note that all DptA2 
alleles carry this deletion. 
 

D.#melanogaster#

Dpt#A1#
Dpt#A2#
Serine&
Arginine&
Single&Copy&
Dele/on&



 

 148 

 
Figure S2. 12 

Variable sites for DptA1 and DptA2 in Drosophila simulans show recurrent gene conversion.  
Allele counts are shown on the left hand side, position relative to the start codon along the top.  
The site of the serine/arginine polymorphism is boxed.  DptA1 alleles are above the horizontal 
line and DptA2 alleles are below the horizontal line.  The location of UTRs and CDS is denoted 
below the alignment.  Sites highlighted in gray show evidence of gene conversion between 
paralogs (groups of SNPs found in the same two states in both paralogs).  Sites denoted by an 
asterisk (*) show the same two alleles at both paralogs.  Sites identical to the most common 
DptA1 allele are denoted with a period. 
 
 
 
 
 
 
 
 

1:
di

m
(n

ew
da

ta
)[[

1]
]

1 . . T . . . G T T − − − − − − . A A T . A . A . . . . . . . . . . . . . .1 . . T . . . G T T − − − − − − . A A T . A . A . . . . . . . . . . . . . .1 . . T . . . G T T − − − − − − . A A T . A C . . C C . . . T C . T . . . .1 . M T . . . G T T − − − − − − . A A T . A C . . C C . . . T C . T . . . .1 . . T . . . G T T − − − − − − . A A T . A C . . C C . . . T . . T . . . .1 . . T . . . G T T − − − − − − . A A T . A . . . . . A . . . . . . . . . .1 . . T . . . G T T − − − − − − . A A T . A . . . . . A . . T C . . . . . .1 . . T . T G G T T − − − − − − . A A T . A C . . . . . G . . . T . C T . .2 . . T . . . G T T − − − − − − . A A T . A . . . . . . . T T . . . . . . .2 . . T . . . G T T − − − − − − . A A T . A C . . C C . . . T . . T . . . .3 . . T . . . G T T − − − − − − . A A T . A . . . . . . . . . . . . . . . .3 . . T . . . G T T − − − − − − . A A T . A . A . . . . . . . . . . . . . .5 . . T . . . G T T − − − − − − . A A T . A . A . . . . . . . . . . . . . .5 . . T . . . G T T − − − − − − . A A T . A C . . C C . . . T C . T . . . .1 . . T . . . . . . . . . . . . . . . . . . . . . . . . . . T . . T . . . .1 . A T . . . . . . . . . . . . . . . . A . . . . . C . . . . . . . . . . .1 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . . . . . . . . .1 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . T C . . . C . .1 . . T . . . G T T − − − − − − . A A T . A . . . . . . . . . . . . . . . .1 T . T . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . A .1 . . T . . . G T T − − − − − − . A A T . A C . . C C . . . T . . . . C . .1 . . T . . . G T T − − − − − − . A A T . A . . . . . . . T T . . . . . . .1 . . T T . . . . . . . . . . . . . . . . . . . C . . . . . T . . . C . . .1 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . . . . . . . . .1 . . T . . . G T T − − − − − − . A A T . A C . . . C . . . T C . . . . . .1 . . T . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .1 T . T . . . . . . . . . . . . . . . . . . . . . . . . . . T C . . . . . .1 . . T . . . G T T − − − − − − . A A T . A . A . . . . . . . . . . . . . .1 . . T T . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . T
1 . . T . . . . . . . . . . . . C . . . A . . . . . . . . . T C . . . C . .1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .1 . A T . . . . . . . . . . . . . . . . . . . A . . C . . . . . . . . . . .1 T . T . . . . . . . . . . . . . . . . . . . . . . C . . . . . . . . . . .1 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . T C . . . . . .2 T . T . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . A .2 T . T . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .2 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . T C . . . C . .4 . . T . . . . . . . . . . . . C . . . . . . . . . . . . . . . . . . . . .4 . A T . . . . . . . . . . . . . . . . . . . . . . C . . . . . . . . . . .8 A C G C C A A C C G A G A T G T C G C G T T G T T T G A C C G A C A A T A

                          CDS 3' UTR                                  5' UTR

D
pt
A2

D
pt
A1

al
le

le
co

un
t

−4
5

−3
2

−2
8

−2
6

−1
6

−1
5

−5 −4 −3 −2 −1 0 1 2 3 15 44 55 56 63 77 83 10
5

12
0

15
0*

15
3*

16
3

24
2

26
1

26
4

27
6*

28
2

32
6*

33
1

34
7

34
9

35
2



 

 149 

Chapter 4 

 
The following are supplemental tables and figures for Chapter 4.  
 

 
Figure S3. 1 

(A) Six lines were chosen that varied in tolerance and resistance in the initial measurements of 
the DGRP. These lines are represented by large red points. (B) The initial bacterial burden 
introduced in the low, medium, or high inoculation doses. 
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Figure S3. 2 

Quantile-quantile plots for survival (A), load (B), and tolerance (C). The observed p-value is 
plotted on the y-axis against the expected p-value based on a null distribution.  
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Figure S3. 3 Survival and bacterial load in ten genotypes with a ubiquitously knocked-down 
candidate tolerance gene paired with the matched control (genotypic background crossed to the 
driver). The red line and box represents the knocked-down genotype and the blue represents the 
control.
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Table S3. 1 

SNPs that predicted variation in survival of infection 
SNP Gene Site Class survival p-

value 
tolerance p-
value 

resistance 
p-value 

2R.14753589 Dpt Non-synonymous 1.55E-07 4.53E-05 1.36E-05 

2R.14753586 Dpt Synonymous 1.84E-07 0.000105 9.18E-06 

X.10855844 Myo10A Intron 2.17E-07 1.10E-05 5.19E-05 

2R.15248382 CG11961 Synonymous 1.44E-06 0.0005665 4.88E-05 

2R.15248394 CG11961 Synonymous 1.44E-06 0.0005665 4.88E-05 

2R.15248397 CG11961 Synonymous 1.52E-06 0.0003159 8.27E-05 

2R.14270070 CG43202/IM23 Upstream/Downstream 1.73E-06 0.002012 1.37E-05 

3L.11390032 CG11726 Downstream 1.89E-06 5.60E-05 0.0001657 

X.15616634 CG8184 Synonymous 1.95E-06 0.000125 2.65E-05 

2R.14047090 CG10914 Synonymous 2.12E-06 0.000667 6.90E-05 

2R.14752617 CG43071 Intron 2.14E-06 0.0001323 9.97E-05 

3L.16532067 CG43373 Intron 2.24E-06 0.0007115 4.46E-05 

2L.9926696 CG42366 Synonymous 2.46E-06 0.001584 5.94E-06 

2R.16114768 CG11044/tRNA:G3:56EFa Upstream 2.73E-06 0.001015 3.30E-05 

2R.14754738 CG43109/DptB Downstream/Upstream 3.01E-06 0.0002889 0.0002961 

3L.7996105 nmo Intron 3.06E-06 5.13E-05 0.0006615 

3L.18078926 CG34253/CG43253 Downstream 3.13E-06 4.61E-05 0.0001839 

3L.16532158 CG43373 Intron 3.32E-06 0.001175 2.06E-05 

3L.7231158 CG14829 Synonymous 3.40E-06 5.07E-05 0.0007381 

2R.10536054 CG10139 Downstream 3.47E-06 5.90E-06 0.001528 

2R.15024800 CG15118 Intron 3.56E-06 5.47E-05 0.0003167 

2R.15024821 CG15118 Intron 3.56E-06 5.47E-05 0.0003167 

2L.580954 Gsc/Pph13 Downstream 3.64E-06 1.06E-05 0.001957 

2L.7632178 none annotated NA 3.68E-06 3.72E-05 8.46E-05 

3R.10830001 none annotated NA 3.72E-06 0.001091 7.02E-05 

2R.15248610 CG11961 Synonymous 4.00E-06 0.001193 3.76E-05 

2R.15248616 CG11961 Synonymous 4.00E-06 0.001193 3.76E-05 

3R.8701835 none annotated NA 4.50E-06 0.0002418 0.000144 

3L.12886294 CG14118 Intron 4.58E-06 0.0007841 7.33E-05 

2R.11405165 Khc-73 3' UTR 4.96E-06 6.15E-06 0.001922 

X.10988509 CG2061 3' UTR 5.35E-06 0.001322 1.29E-05 

3L.9886390 CG14164/CG6709/CalpB 3' UTR 5.40E-06 9.43E-05 0.0003557 

3R.25474661 DopR2 Intron 6.06E-06 4.53E-05 0.0002957 

X.16258329 nonA Synonymous 6.34E-06 0.002038 0.0002497 

2L.6026092 CG9109 Intron 6.51E-06 6.99E-05 0.0003556 

2R.14753403 Dpt Synonymous 6.81E-06 0.001576 1.97E-05 

2R.17468075 CG10440/CG30222 Upstream 6.87E-06 0.0001873 0.0001573 

2L.6026096 CG9109 Intron 7.01E-06 9.78E-05 0.0003566 

2R.17468015 CG10440/CG30222 Upstream 7.11E-06 0.000198 0.0001476 
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2R.17468019 CG10440/CG30222 Upstream 7.11E-06 0.000198 0.0001476 

2R.17468082 CG10440/CG30222 Upstream 7.11E-06 0.000198 0.0001476 

2R.17468085 CG10440/CG30222 Upstream 7.11E-06 0.000198 0.0001476 

2R.12244506 CG30098/CR43416 Upstream 7.30E-06 0.0002538 0.000402 

2L.9405390 Shawl Intron 7.82E-06 0.001746 8.53E-05 

2R.11502756 CG42524 Non-synonymous 7.84E-06 0.0001332 0.0001457 

2R.11502761 CG42524 Non-synonymous 7.84E-06 0.0001332 0.0001457 

2R.12085705 CG8446 Synonymous 8.09E-06 0.0007847 7.50E-05 

2R.18452463 dnr1 Synonymous 8.17E-06 0.000168 0.0005826 

2L.7619363 CG6739 Downstream 8.24E-06 0.0001196 0.0001196 

2L.7619586 CG6739 Downstream 8.24E-06 0.0001196 0.0001196 

2R.17378918 Fkbp13 Intron 8.67E-06 0.0001657 0.0001881 

X.11667804 dy Intron 8.71E-06 1.05E-05 0.001428 

2R.14270086 CG43202/IM23 Upstream/Downstream 8.75E-06 0.0041 7.63E-05 

2R.17385212 Fkbp13 Intron 8.84E-06 4.60E-05 0.002199 

3R.3411775 CG34127 Intron 8.93E-06 9.00E-06 0.002169 

2L.7619415 CG6739 Downstream 8.96E-06 0.000128 0.0001281 

2L.7619444 CG6739 Downstream 8.96E-06 0.000128 0.0001281 

2L.7511417 Rapgap1 Intron 9.42E-06 4.38E-05 0.0004888 

2L.20948154 none annotated NA 9.44E-06 1.27E-05 0.002593 

3L.8205930 CG8006 Non-synonymous 9.44E-06 9.44E-05 0.0006971 

2R.10178671 Ih Non-synonymous 9.65E-06 1.34E-05 0.001046 

3L.8891130 TrpA1 Intron 9.84E-06 0.0001091 0.0003891 

2R.16227495 CG13870/CG16739 Upstream 9.93E-06 0.0004392 0.0002729 

Table S3. 1 
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Table S3. 2 

SNPs that predicted variation in resistance to infection.  
 
 
SNP 

 
Gene 

 
Site Class 

 
Load p-value 

 
Tolerance p-
value 

 
Survival p-value 

X.20027439 CG15322 Upstream 5.22E-07 0.8626 0.003466 
X.20027439 CG42582 Upstream 5.22E-07 0.8626 0.003466 
2R.15989563 none 

annotated 
NA 1.19E-06 0.1185 5.72E-05 

X.19926455 D2R Upstream 1.83E-06 0.7745 0.00249 
2R.18331811 none 

annotated 
NA 1.97E-06 0.3194 0.0001255 

3L.1909764 CG1887 Intron 2.23E-06 0.8637 0.002501 
2R.17568544 CG30263 Synonymous 2.58E-06 0.901 0.009787 
X.5654259 MAPk-Ak2 3' UTR 4.70E-06 0.7987 0.001575 
3L.1108730 none 

annotated 
NA 4.70E-06 0.4402 0.0006726 

2L.382411 al Intron 4.94E-06 0.1607 0.0001008 
X.18817557 none 

annotated 
NA 5.14E-06 0.8659 0.00451 

X.18817670 none 
annotated 

NA 5.34E-06 0.9545 0.003872 

2R.15989523 none 
annotated 

NA 5.71E-06 0.1983 0.0002542 

X.20725221 shakB Intron 5.75E-06 0.746 0.01498 
2L.9926696 CG42366 Synonymous 5.94E-06 0.001584 2.46E-06 
2R.16177451 CkIIbeta2 Synonymous 6.15E-06 0.05472 3.35E-05 
2R.16177498 CkIIbeta2 Synonymous 6.17E-06 0.01155 1.01E-05 
3R.26080981 CG18404 Downstream 6.57E-06 0.04354 4.76E-05 
3R.26080981 CG9682 Downstream 6.57E-06 0.04354 4.76E-05 
X.6100923 vanin-like Upstream 7.67E-06 0.8984 0.003415 
X.20578427 none 

annotated 
NA 8.35E-06 0.9649 0.008307 

2L.10686264 CG7296 Downstream 8.67E-06 0.1458 0.0002447 
2L.10686264 CG7299 Upstream 8.67E-06 0.1458 0.0002447 
2L.383384 al Intron 8.76E-06 0.7825 0.003203 
2R.14753586 Dpt Synonymous 9.18E-06 0.000105 1.84E-07 
X.9125001 CG12121 Non-

synonymous 
9.20E-06 0.6918 0.002686 

3L.8725826 Cp16 Downstream 9.21E-06 0.9827 0.003715 
3L.8725826 Prm Downstream 9.21E-06 0.9827 0.003715 
3L.15935943 Pka-C3 Intron 9.82E-06 0.3589 0.001091 
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Table S3. 3 

Functional association gene ontology for survival of infection. 
 

GO ID Number of 
genes 

Nominal p-value GO category 

GO:0019731 4 0.0025 antibacterial humoral response 
GO:0042742 5 0.00451 defense response to bacterium 
GO:0031519 2 0.00455 PcG protein complex 
GO:0022843 3 0.00557 voltage-gated cation channel activity 
GO:0009617 5 0.00565 response to bacterium 
GO:0019730 4 0.00599 antimicrobial humoral response 
GO:0006952 6 0.00666 defense response 
GO:0006959 4 0.00757 humoral immune response 
GO:0050830 3 0.00777 defense response to Gram-positive bacterium 
GO:0008234 2 0.00835 cysteine-type peptidase activity 
GO:0005244 3 0.00836 voltage-gated ion channel activity 
GO:0022832 3 0.00836 voltage-gated channel activity 
GO:1901265 10 0.01082 nucleoside phosphate binding 
GO:0000166 10 0.01082 nucleotide binding 
GO:0051704 7 0.01484 multi-organism process 
GO:0051707 5 0.01603 response to other organism 
GO:0009607 5 0.01618 response to biotic stimulus 
GO:0042745 2 0.01628 circadian sleep/wake cycle 
GO:0036094 10 0.01699 small molecule binding 
GO:0006342 2 0.01955 chromatin silencing 
GO:0045814 2 0.01962 negative regulation of gene expression, epigenetic 
GO:0044704 2 0.01993 single-organism reproductive behavior 
GO:0005249 2 0.02378 voltage-gated potassium channel activity 
GO:0042803 3 0.02687 protein homodimerization activity 
GO:0030431 2 0.0287 sleep 
GO:0019783 1 0.02953 small conjugating protein-specific protease activity 
GO:0006955 4 0.03062 immune response 
GO:0006950 8 0.03221 response to stress 
GO:0051101 1 0.03389 regulation of DNA binding 
GO:0042802 3 0.03539 identical protein binding 
GO:0070647 2 0.0368 protein modification by small protein conjugation or removal 
GO:0016579 1 0.03769 protein deubiquitination 
GO:0034605 1 0.0385 cellular response to heat 
GO:0043277 1 0.04351 apoptotic cell clearance 
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GO:0051098 1 0.04444 regulation of binding 
GO:0031347 2 0.04495 regulation of defense response 
GO:0051172 4 0.04547 negative regulation of nitrogen compound metabolic process 
GO:0008144 1 0.04614 drug binding 
GO:0003774 2 0.04617 motor activity 
GO:0070646 1 0.04843 protein modification by small protein removal 
GO:0016461 1 0.04937 unconventional myosin complex 

!
!
!
Table S3. 4!

Functional association gene ontology for bacterial load. 
!

GO ID 
Number of 
genes Nominal p-value GO category 

GO:0004672 4 0.00295 protein kinase activity 
GO:0006468 4 0.00397 protein phosphorylation 
GO:0005956 1 0.00433 protein kinase CK2 complex 
GO:0005213 1 0.00513 structural constituent of chorion 
GO:0016773 4 0.00532 phosphotransferase activity, alcohol group as acceptor 
GO:0004674 3 0.00673 protein serine/threonine kinase activity 
GO:0016301 4 0.00684 kinase activity 
GO:0016310 4 0.00846 phosphorylation 
GO:0019731 2 0.01068 antibacterial humoral response 
GO:0015277 1 0.01104 kainate selective glutamate receptor activity 
GO:0009651 1 0.01277 response to salt stress 
GO:0016772 4 0.01536 transferase activity, transferring phosphorus-containing groups 
GO:0006970 1 0.01858 response to osmotic stress 
GO:0019730 2 0.02656 antimicrobial humoral response 
GO:0008010 1 0.02878 structural constituent of chitin-based larval cuticle 
GO:0006952 3 0.03085 defense response 
GO:0008287 1 0.0322 protein serine/threonine phosphatase complex 
GO:0006959 2 0.03267 humoral immune response 
GO:0007630 1 0.03269 jump response 
GO:0042600 1 0.03555 chorion 
GO:0005198 3 0.03728 structural molecule activity 
GO:0030312 1 0.03854 external encapsulating structure 
GO:0006464 4 0.04143 cellular protein modification process 
GO:0036211 4 0.04143 protein modification process 
GO:0042742 2 0.04227 defense response to bacterium 
GO:0009881 1 0.04279 photoreceptor activity 
GO:0010927 2 0.04381 cellular component assembly involved in morphogenesis 
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GO:0045793 1 0.04396 positive regulation of cell size 
GO:0019888 1 0.04441 protein phosphatase regulator activity 
GO:0043412 4 0.04526 macromolecule modification 
GO:0005044 1 0.0455 scavenger receptor activity 
GO:0045089 1 0.04655 positive regulation of innate immune response 
GO:0019208 1 0.0477 phosphatase regulator activity 
GO:0031349 1 0.04788 positive regulation of defense response 
GO:0048800 1 0.04823 antennal morphogenesis 

!
!
Table S3. 5 

Functional association gene ontology for tolerance. 
!
 

GO ID Number of genes Nominal p-value GO category 
GO:0008094 2 0.00097 DNA-dependent ATPase activity 
GO:0010629 5 0.00118 negative regulation of gene expression 
GO:0045747 2 0.00213 positive regulation of Notch signaling pathway 
GO:0045892 4 0.00301 negative regulation of transcription, DNA-dependent 
GO:0051253 4 0.00319 negative regulation of RNA metabolic process 
GO:0002683 2 0.00335 negative regulation of immune system process 
GO:0045934 4 0.00379 negative regulation of nucleobase-containing  

compound metabolic process 
GO:0042803 3 0.00391 protein homodimerization activity 
GO:0051172 4 0.00393 negative regulation of nitrogen compound metabolic 

 process 
GO:0008595 3 0.00446 anterior/posterior axis specification, embryo 
GO:0007351 3 0.00446 tripartite regional subdivision 
GO:0010605 5 0.00458 negative regulation of macromolecule metabolic  

process 
GO:0009948 3 0.0051 anterior/posterior axis specification 
GO:0000578 3 0.00513 embryonic axis specification 
GO:0042802 3 0.0052 identical protein binding 
GO:0009892 5 0.00543 negative regulation of metabolic process 
GO:0060968 2 0.00665 regulation of gene silencing 
GO:0004386 2 0.00759 helicase activity 
GO:2000113 4 0.00807 negative regulation of cellular macromolecule  

biosynthetic process 
GO:0010558 4 0.00807 negative regulation of macromolecule biosynthetic  

process 
GO:0009890 4 0.00881 negative regulation of biosynthetic process 
GO:0031327 4 0.00881 negative regulation of cellular biosynthetic process 
GO:0030097 2 0.01235 hemopoiesis 
GO:0009952 3 0.01281 anterior/posterior pattern specification 
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GO:0033202 1 0.01475 DNA helicase complex 
GO:0009798 3 0.01491 axis specification 
GO:0008593 2 0.01517 regulation of Notch signaling pathway 
GO:0007314 2 0.0152 oocyte anterior/posterior axis specification 
GO:0031324 4 0.01526 negative regulation of cellular metabolic process 
GO:0016043 10 0.01556 cellular component organization 
GO:0008358 2 0.01606 maternal determination of anterior/posterior axis, 

 embryo 
GO:0051252 6 0.0163 regulation of RNA metabolic process 
GO:0007350 3 0.01716 blastoderm segmentation 
GO:0071840 10 0.01735 cellular component organization or biogenesis 
GO:0090304 7 0.01847 nucleic acid metabolic process 
GO:0046483 8 0.0192 heterocycle metabolic process 
GO:0046983 3 0.01923 protein dimerization activity 
GO:0002520 2 0.01989 immune system development 
GO:0048534 2 0.01989 hematopoietic or lymphoid organ development 
GO:0009880 3 0.0213 embryonic pattern specification 
GO:0030154 10 0.02288 cell differentiation 
GO:0032200 1 0.02355 telomere organization 
GO:0000723 1 0.02355 telomere maintenance 
GO:0040029 2 0.02383 regulation of gene expression, epigenetic 
GO:0003684 1 0.02411 damaged DNA binding 
GO:0004003 1 0.02544 ATP-dependent DNA helicase activity 
GO:0016458 2 0.02548 gene silencing 
GO:0019219 6 0.02662 regulation of nucleobase-containing compound  

metabolic process 
GO:1901360 8 0.02692 organic cyclic compound metabolic process 
GO:0048869 10 0.02752 cellular developmental process 
GO:0035282 3 0.02768 segmentation 
GO:0019511 1 0.03076 peptidyl-proline hydroxylation 
GO:0018401 1 0.03076 peptidyl-proline hydroxylation to  

4-hydroxy-L-proline 
GO:0019471 1 0.03076 4-hydroxyproline metabolic process 
GO:0051171 6 0.03083 regulation of nitrogen compound metabolic  

process 
GO:0051294 1 0.03108 establishment of spindle orientation 
GO:0007309 2 0.032 oocyte axis specification 
GO:0016222 1 0.03206 procollagen-proline 4-dioxygenase complex 
GO:0003678 1 0.03263 DNA helicase activity 
GO:0007308 2 0.03293 oocyte construction 
GO:0044707 13 0.03298 single-multicellular organism process 
GO:0035152 2 0.03339 regulation of tube architecture, open tracheal 

 system 
GO:0005578 2 0.03343 proteinaceous extracellular matrix 
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GO:0004656 1 0.0339 procollagen-proline 4-dioxygenase activity 
GO:0031545 1 0.0339 peptidyl-proline 4-dioxygenase activity 
GO:0019798 1 0.0339 procollagen-proline dioxygenase activity 
GO:0031543 1 0.0339 peptidyl-proline dioxygenase activity 
GO:0007219 2 0.03538 Notch signaling pathway 
GO:0071390 1 0.03573 cellular response to ecdysone 
GO:1901655 1 0.03573 cellular response to ketone 
GO:0036315 1 0.03573 cellular response to sterol 
GO:0031418 1 0.03647 L-ascorbic acid binding 
GO:0006302 1 0.03669 double-strand break repair 
GO:0048599 2 0.0368 oocyte development 
GO:0007009 1 0.03684 plasma membrane organization 
GO:0010468 6 0.03755 regulation of gene expression 
GO:0097306 1 0.03812 cellular response to alcohol 
GO:0005769 1 0.03813 early endosome 
GO:0001071 4 0.03846 nucleic acid binding transcription factor activity 
GO:0003700 4 0.03846 sequence-specific DNA binding transcription factor  

activity 
GO:0016070 6 0.03882 RNA metabolic process 
GO:0022416 2 0.03951 chaeta development 
GO:0018208 1 0.03964 peptidyl-proline modification 
GO:0007501 1 0.04009 mesodermal cell fate specification 
GO:0005634 7 0.04052 nucleus 
GO:0016702 1 0.04141 oxidoreductase activity, acting on single donors  

with incorporation of molecular oxygen, 
 incorporation of two atoms of oxygen 

GO:0006807 8 0.04214 nitrogen compound metabolic process 
GO:0016701 1 0.04304 oxidoreductase activity, acting on single donors 

 with incorporation of molecular oxygen 
GO:2001141 5 0.04354 regulation of RNA biosynthetic process 
GO:0006355 5 0.04354 regulation of transcription, DNA-dependent 
GO:0048469 2 0.04367 cell maturation 
GO:0009994 2 0.0441 oocyte differentiation 
GO:0060249 2 0.04452 anatomical structure homeostasis 
GO:0060966 1 0.04603 regulation of gene silencing by RNA 
GO:0031012 2 0.04657 extracellular matrix 
GO:0007392 1 0.0467 initiation of dorsal closure 
GO:0006139 7 0.04757 nucleobase-containing compound metabolic process 
GO:0006351 5 0.04798 transcription, DNA-dependent 
GO:0032774 5 0.04807 RNA biosynthetic process 
GO:0001078 1 0.04847 RNA polymerase II core promoter proximal  

region sequence-specific DNA binding transcription factor 
activity involved in negative regulation of transcription 

GO:0035195 1 0.04931 gene silencing by miRNA 
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GO:0031935 1 0.04966 regulation of chromatin silencing 
GO:0043231 9 0.0499 intracellular membrane-bounded organelle 

 
Table S3. 6 

Proportion surviving, bacterial load and tolerance estimates for DGRP lines used in this study. 
Adjusted proportion alive, adjusted load, and tolerance were the values used for the GWAS.   
 
 

DGRP Line Proportion Alive 
Adjusted Prop 
Alive Bacterial Load Adjusted Load Tolerance 

RAL-101 0.866666667 4.112926825 12.18604494 -1.86477172 1.362368299 

RAL-105 0.643137255 1.964202267 13.43986165 -0.821253633 0.608697811 

RAL-109 0.216666667 -1.322928889 14.79973529 0.747724183 -0.276195227 

RAL-129 0.65 1.954399978 13.55604826 -0.445324053 0.064711081 

RAL-136 0.75 0.979268277 13.56442947 -0.094005303 0.374416318 

RAL-138 0.6 1.823228005 15.84247728 0.877345793 3.17897223 

RAL-142 0.483333333 -0.637222646 15.00492148 0.877690141 0.473020215 

RAL-149 0.8 2.325120025 13.4644145 -0.58596969 0.991030762 

RAL-153 0.421428572 -0.276181613 15.24032023 0.602574101 0.731556802 

RAL-158 0.133333333 -2.293830441 15.68569685 0.694233253 -1.235593516 

RAL-176 0.516666667 -1.030887154 15.04163411 1.148619607 0.424685291 

RAL-177 0.105555556 -2.183817382 16.30033545 1.277395291 -0.806675609 

RAL-181 0.173809524 -2.631197103 15.76958752 1.49290015 -0.58362993 

RAL-195 0.45 -0.662554108 14.38108779 0.126671184 -0.595229209 

RAL-208 0.083333333 -2.772509509 15.59190928 0.538113727 -1.862052819 

RAL-217 0.683333333 1.547913407 14.63559401 -0.12852851 1.130330976 

RAL-223 0.216666667 -2.334242504 15.66892829 1.40897396 -0.276700837 

RAL-227 0.383333333 -0.975532678 15.77288607 0.828899035 0.269996517 

RAL-228 0.608333334 1.502585103 13.17495655 -1.074727758 -0.053612342 

RAL-229 0.633333333 1.530844107 14.64598075 0.042188121 1.650472151 

RAL-233 NA NA 13.52835969 -0.194246879 NA 

RAL-235 0.775 3.698782263 12.2913421 -2.041564118 0.914115677 

RAL-237 0.683333333 1.987948693 14.97967156 0.047127802 1.998491224 

RAL-239 0.499754902 1.280026793 15.55335982 -0.060162413 1.257819519 

RAL-26 0.481372549 0.400617458 12.71687617 -2.098787858 -2.553693995 

RAL-28 0.061111111 -3.697717009 16.0294644 1.974903747 -1.579508603 

RAL-287 0.275 -1.668156553 14.59331946 0.604934266 -0.784807662 

RAL-301 0.530952381 0.008107901 13.91104164 0.214232408 0.298004591 

RAL-304 0.05 -3.764391034 16.25188702 1.563303877 -1.813254638 

RAL-306 0.683333333 1.244877984 14.00430504 0.134478001 1.169315745 

RAL-307 0 -4.176162881 16.38424935 1.820568039 -2.282631912 

RAL-309 0.016666667 -4.679621867 17.1606631 2.427142647 -2.028912461 
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RAL-315 0.5 0.492031987 13.57641863 -0.657454411 -0.573548292 

RAL-317 0.483333333 -0.410769938 14.53220093 1.106832148 1.025350033 

RAL-318 0.283333333 -1.870725742 15.35370123 0.709022439 -0.787849861 

RAL-319 0.85 3.128910691 12.65137255 -1.348042507 0.935325531 

RAL-320 0.137878788 -4.139841529 15.15316389 1.157391701 -2.967856094 

RAL-321 0.244047619 -1.878982921 15.46065821 0.845591559 -1.134261414 

RAL-324 0.452272728 0.246922655 14.36035375 -0.020452453 0.439343934 

RAL-332 0.333333333 -0.130529254 15.63697351 0.326909256 0.255884859 

RAL-335 0.872727273 2.568141391 11.66674901 -2.196675032 -0.243899253 

RAL-336 0.416666667 -0.650594991 15.56208123 1.014642378 0.833243599 

RAL-338 0.719444444 2.156248282 13.32916767 -1.304220848 0.40335054 

RAL-340 0.783333333 2.968682497 12.37482407 -1.84234297 0.301834359 

RAL-350 0.683333333 2.171501073 13.78241365 -0.427489164 1.722008871 

RAL-352 0.833333333 2.823264734 12.68413354 -1.627102543 0.444176189 

RAL-356 0.489705883 0.572924057 14.47831071 -0.166505275 0.097230453 

RAL-357 0.016666667 -4.327074821 17.42931057 2.160149474 -2.072878519 

RAL-358 0.4 -0.203256321 14.18844634 -0.717823033 -1.201469833 

RAL-359 0.175 -2.288110609 14.48988348 -0.220436811 -2.59151144 

RAL-360 0.516666667 0.523174636 14.07133219 -0.29065233 0.035518764 

RAL-361 0.65 1.616241045 14.30278342 -0.665253959 0.506744607 

RAL-362 0.766666667 2.617197885 12.80300702 -1.288553633 0.676322687 

RAL-365 0.8 2.925783246 13.18550633 -1.259164636 0.914233588 

RAL-367 0.016666667 -5.16927669 16.51736239 2.138163919 -2.741656024 

RAL-370 0.516666667 0.51896716 13.15512632 -0.328517979 -0.049096279 

RAL-373 0.575 1.663922411 16.05778501 -0.162572104 1.553824752 

RAL-374 0.05 -3.912605442 14.56364116 0.91557208 -2.748596817 

RAL-377 0.125 -3.465362044 14.99384304 0.427973307 -2.769206945 

RAL-378 0.433333333 NA 14.66536677 NA NA 

RAL-379 0.75 2.902884788 13.05861867 -1.427371502 0.709448803 

RAL-38 0.1 -4.227573464 15.33848196 1.466944939 -2.568430999 

RAL-380 0.7 1.527397925 13.49714561 -1.174307797 -0.734756353 

RAL-381 0.445454545 -0.467100496 15.01350466 0.641328092 0.371551489 

RAL-382 0.083333333 -4.118346806 14.82165008 0.72521792 -3.129256934 

RAL-383 0.5 0.539104539 14.37961981 -0.022901085 0.598956892 

RAL-385 0.133333333 -3.102028588 15.2813129 1.19442215 -1.405316987 

RAL-386 0.05 -4.21398806 16.0361834 1.265857815 -2.435991738 

RAL-387 0.516666667 NA 14.69190177 NA NA 

RAL-391 NA NA 14.87986903 0.973021739 NA 

RAL-392 0.266666667 -0.586325971 15.48660977 0.026836311 0.320721962 

RAL-393 0.225 NA 16.11332658 NA NA 

RAL-398 0.375 NA 15.40888052 NA NA 
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RAL-399 0.35 -0.561238975 14.46403985 0.447080459 0.027750708 

RAL-40 0.783333333 2.937853954 12.37868045 -1.212405105 1.019550958 

RAL-405 0.883333333 3.086408428 12.48217371 -1.874098415 0.784551251 

RAL-406 0.366666667 -0.497681521 16.16205749 0.923816638 0.596533255 

RAL-409 0.020833333 -4.763978916 15.86868291 1.752374942 -2.671418622 

RAL-42 0.366666667 -1.027856264 15.21026025 0.472176548 -0.563807059 

RAL-426 0.716666667 2.740054308 12.86803176 -1.718767385 0.299428159 

RAL-427 0.397222222 -0.370893831 12.94951566 -1.114933385 -1.473407286 

RAL-437 0.520588235 0.972725807 14.47658606 0.043593111 1.004299963 

RAL-440 0.75 2.873174795 13.8840852 -0.4727262 2.150405829 

RAL-441 0.2 -2.342305677 15.62017276 1.22096907 -0.549960552 

RAL-443 0.566666667 1.094878892 13.06739056 -1.401985289 -1.155463365 

RAL-45 0.520512821 1.306709008 12.89418136 -1.401320608 -0.667978968 

RAL-461 0.675 1.201825223 12.96611512 -0.711023465 -0.055898325 

RAL-476 0.435294118 NA 14.74017416 NA NA 

RAL-486 0.384313725 -0.95040243 13.86534526 -0.127835927 -1.30519968 

RAL-49 0 -4.802338906 16.25795258 1.848388822 -2.79351116 

RAL-491 0.416666667 0.105027477 15.07234009 0.406588054 0.580970673 

RAL-492 0.766666667 3.271686574 12.67511902 -1.3902521 1.128058394 

RAL-502 0.783333333 2.611552609 14.04384569 -0.660677299 1.468946877 

RAL-508 0.433333333 0.455993035 14.91449638 0.524109059 1.361246307 

RAL-513 0.516666667 0.25862093 13.71307213 -0.432067377 -0.463344533 

RAL-514 0.525 NA 13.04148531 NA NA 

RAL-530 0.438888889 -0.394615182 14.45061574 0.567958158 0.410050385 

RAL-535 0.175 -2.686709671 15.61148574 1.296485174 -1.017180339 

RAL-554 0.516666667 NA 14.53268957 NA NA 

RAL-555 0.85 3.100343977 11.84401752 -2.783636645 -0.562423808 

RAL-57 0.633333333 2.184335623 14.85002893 0.238848113 2.518368007 

RAL-584 0.083333333 -3.897300469 16.57733118 1.762595457 -1.556575772 

RAL-589 0.75 1.242037784 13.65802689 -0.160592935 0.635750105 

RAL-59 0.183333333 -2.042584356 15.86399392 1.320193588 -0.298968487 

RAL-595 0.783333333 1.718022079 13.51370327 -0.097400236 1.642458606 

RAL-642 0.15 -2.485940722 15.0860575 0.470444641 -1.661916185 

RAL-69 0.75 2.263840207 12.76923124 -1.63702862 -0.195579213 

RAL-703 0.539705883 1.205167762 13.87555393 -0.979133003 -0.197494403 

RAL-707 0.15 -3.390395007 16.40093314 1.639730038 -1.321766073 

RAL-712 0.466666667 0.579682989 13.9195565 -0.601281552 -0.219130792 

RAL-714 0 -5.255791511 15.74690968 1.952170263 -3.209690812 

RAL-716 0.625 1.220918286 14.03523134 -0.799769621 -0.405311828 

RAL-721 0.473529412 -0.395787881 14.68871107 0.840430825 0.843297494 

RAL-727 0.65 1.594738337 14.17415639 -0.362385152 0.957068509 
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RAL-73 0.35 -1.669480701 13.77175429 -0.683301792 -2.798036244 

RAL-732 0.8 2.481385781 11.92536527 -2.838941544 -1.436979545 

RAL-737 0.506862745 0.147515925 14.98144447 0.789631838 1.222117528 

RAL-738 0.683333333 1.27525205 13.53872865 -0.316337521 0.42133098 

RAL-748 0.741666667 1.692178295 12.44404737 -1.163313038 0.143871546 

RAL-75 0.7 1.290909454 14.34194419 0.314880173 1.760097907 

RAL-750 0 NA 17.42384034 NA NA 

RAL-761 0.516666667 0.539558307 14.1135381 0.014794457 0.634227355 

RAL-765 0.15 -2.3022529 15.75433916 1.780832709 0.096593303 

RAL-771 NA NA 12.70969172 NA NA 

RAL-774 0.316666667 -0.743829856 14.57841825 -0.147207177 -0.679217555 

RAL-776 0.45 0.040480899 13.41507499 -0.632297699 -1.213542831 

RAL-783 0.583333333 0.595739692 13.68120506 -0.125167182 0.353073358 

RAL-786 0.4 -1.792550523 14.08492304 0.582341404 -1.307555581 

RAL-787 0.151851852 -3.196791674 15.87064654 1.654861762 -1.117642104 

RAL-790 0.933333333 3.22162102 10.30980761 -3.471745406 -0.265701051 

RAL-796 0.65 1.584253484 14.59640153 -0.001368671 1.699712464 

RAL-80 0.257142857 NA 14.02341242 NA NA 

RAL-801 0.9 3.968001645 12.92067888 -1.251651365 2.07647334 

RAL-802 0.6 0.88594661 14.86498299 0.677344117 1.682357884 

RAL-804 0.15 -3.16839413 15.47411246 1.022080421 -1.727940796 

RAL-805 0.858333334 3.072778343 12.60069262 -2.490635129 0.060375352 

RAL-808 0.883333333 4.162673286 12.75797426 -1.649209355 1.941732666 

RAL-810 0.616666667 1.495518399 14.29506489 -0.553180623 0.774193051 

RAL-812 0.316666667 -1.318502387 15.19095139 1.428618101 0.53258601 

RAL-819 0.383333333 -0.897809449 14.67734092 0.257647536 -0.643113422 

RAL-820 0.804901961 2.474091749 13.16477704 -1.294852 0.730913901 

RAL-821 0.442982456 -0.254752065 13.86521779 -0.333423 -0.969776088 

RAL-822 0 -4.79252762 16.70737412 2.350562721 -2.31319037 

RAL-83 0.333333333 -0.362597187 15.39899669 0.79974199 0.462523879 

RAL-832 0 -4.542612346 16.65240471 2.124933341 -2.502176879 

RAL-837 0.5 -0.174560549 14.12488031 0.210974138 -0.020599082 

RAL-843 0.233333333 -1.355739541 16.69132581 1.365010925 0.707978347 

RAL-849 0.433333333 0.595483597 14.48705156 -0.304362801 0.619244257 

RAL-85 0.7 2.497059015 13.15843301 -1.39470165 0.376075507 

RAL-850 0 -4.802338906 16.06285156 1.610706016 -3.097828447 

RAL-852 0.116666667 -3.633585956 16.11471552 1.630728431 -1.351813229 

RAL-853 0.85 2.678756823 13.4964841 -0.557526255 1.459648271 

RAL-855 0.7 2.063543257 12.8234777 -1.322716189 0.067681752 

RAL-857 0.533333333 1.07267712 14.95302332 0.398948843 1.581985259 

RAL-859 0.375 -1.387996595 14.01325258 0.150231075 0.218549595 
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RAL-879 0.316666667 -1.54143735 15.16601375 0.827748936 -0.490834423 

RAL-88 0.675 2.867348101 13.47443523 -0.835975156 2.603619276 

RAL-882 0.75 1.713179834 14.64483589 0.035992789 1.457709022 

RAL-884 0.21025641 -2.43373507 15.44175604 1.410774209 -0.524695842 

RAL-890 0.35 -0.7903367 15.42777508 0.829095382 0.484746509 

RAL-892 0.675 2.2806889 14.51067879 -0.033859803 1.813567245 

RAL-894 0.433333333 0.726434165 13.14358091 -1.183309308 -0.703675356 

RAL-897 0.55 0.078163025 14.84712841 0.643106866 1.026595026 

RAL-900 0.616666667 1.24274402 14.93966064 0.385629743 1.787703319 

RAL-907 0.716666667 1.975244382 13.40538715 -1.071773036 0.203622517 

RAL-908 0.733333333 2.959692029 11.71855334 -2.716276166 -0.963677119 

RAL-913 0.616666667 1.175800053 13.62416397 -0.709813208 -0.120916548 

RAL-93 0 -4.193378961 16.9549169 2.194522153 -2.230407675 
 
 
 
Table S3. 7 

A list of VDRC RNAi lines tested. 
 

Gene Trait Transformant ID Construct ID Library CG Number Actin5C viable Tested with C564 

psq tolerance 106404 111691 KK CG2368 no no 

CG31826 tolerance 100639 104704 KK CG31826 yes no 

CG42389 tolerance 105154 102530 KK CG42389 yes no 

beat-IIIc tolerance 109015 111040 KK CG15138 yes no 

CG42238 tolerance 104807 109919 KK CG42238 yes no 

ush tolerance 104102 104016 KK CG2762 no yes 

gus tolerance 101738 108241 KK CG2944 yes no 

mspo tolerance 107608 106896 KK CG10145 yes no 

dpr13 tolerance 107676 112959 KK CG33996 no no 

Blimp-1 tolerance 108374 107466 KK CG5249 no no 

Fhos tolerance 108347 108388 KK CG42610 yes no 

C15 tolerance 107334 109374 KK CG7937 yes no 

CG34127 tolerance 100376 106100 KK CG34127 no no 

Ten-a tolerance 103298 112809 KK CG42338 no no 

Ih tolerance 110274 100190 KK CG8585 no no 

CadN tolerance 101642 105304 KK CG7100 no no 

grh tolerance 101428 109135 KK CG42311 no yes 

CG4174 tolerance 41328 6169 GD CG4174 yes no 

dsb resistance 100219 107147 KK CG1887 NA yes 

CG30098 survival 108326 106520 KK CG30098 NA yes 

CG31751 control 110319 100608 KK CG31751 yes no 
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mbl control 105486 107778 KK CG33197 no no 

Rbp9 control 101412 109093 KK CG3151 yes no 

kek5 control 47770 14493 GD CG12199 yes no 

AlCR2 control 106146 102954 KK CG13702 no no 

tou control 100735 108263 KK CG10897 yes no 

CG15765 control 101194 107102 KK CG15765 no no 

Pka-R2 control 101763 109446 KK CG15862 no no 

CG30152 control 105959 101219 KK CG30152 yes no 

pyd control 104159 105581 KK CG43140 no no 

bap control 101354 108567 KK CG7902 no no 
 
 
 
 
 
 
 
 
 
 
 
 

 


