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Abstract:
The house fly, Musca domestica, occupies an unusual diversity of potentially septic niches 

among sequenced Dipteran insects and is a vector of numerous diseases of humans and livestock. In the 
present study, we apply whole-transcriptome sequencing to identify genes whose expression is 
regulated in adult flies by bacterial infection. We then combine the transcriptomic data with analysis of 
rates of gene duplication and loss to provide insight into the evolutionary dynamics of immune-related 
genes. Genes up-regulated after bacterial infection are biased toward being evolutionarily recent 
innovations, suggesting the recruitment of novel immune components in the M. domestica or ancestral 
Dipteran lineages. In addition, using new models of gene family evolution, we show that several 
different classes of immune-related genes, particularly those involved in either pathogen recognition or 
pathogen killing, are duplicating at a significantly accelerated rate on the M. domestica lineage relative 
to other Dipterans. Taken together, these results suggest that the M. domestica immune response 
includes an unusual diversity of genes, perhaps as a consequence of its lifestyle in septic environments. 

Introduction:
The rapid increase in the number of sequenced genomes over the past decade has dramatically 

reshaped our understanding of the evolutionary dynamics of the insect innate immune system. It has 
long been recognized that genes involved in the immune response are among the most rapidly evolving 
in many organisms, including mammals (Hughes and Nei 1988; Nielsen et al. 2005; Kosiol et al. 2008), 
plants (Tiffin and Moeller 2006), and insects (Sackton et al. 2007; Lazzaro 2008; Obbard et al. 2009), 
with adaptation presumably driven by host-pathogen conflict. In the era of comparative genomics, it 
has become clear that this pattern of rapid evolution occurs against a backdrop of deeply conserved 
orthology in core signaling transduction pathways (Toll, imd, JAK/STAT, and JNK) across most insects 
studied to date (Evans et al. 2006; Sackton et al. 2007; Waterhouse et al. 2007; Werren et al. 2010), 
with only rare examples of secondary loss (Gerardo et al. 2010). 

In addition to signaling cascades that are activated in response to infection, insect immune 
systems contain classes of proteins involved in pathogen recognition as well as classes of effector 
proteins such as antimicrobial peptides whose role is to clear infections. Both recognition proteins and 
effector proteins are encoded by a diverse array of gene families with a variety of functions and 
specificities. In contrast, immune signaling tends to occur through only four primary signal 
transduction pathways – Toll, imd, JAK/STAT, and JNK (Buchon et al. 2014). While components of 
these primary signal transduction pathways are typically conserved in 1:1 orthology across all insects, 
gene families encoding recognition or effector proteins often vary considerably in copy number 
between species and exhibit substantial rates of duplication and deletion within evolutionary lineages 
(Ghosh et al. 2011). Several gene families, especially those encoding antimicrobial peptides, are 
restricted to particular insect clades (Bulet et al. 1999; Vizioli et al. 2001; Sackton et al. 2007), and the 
transcriptional response to infection in at least some insects results in the upregulation of numerous 
taxonomically-restricted genes (Sackton et al. 2013).
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The house fly, Musca domestica, is a particularly relevant insect to study in the context of the 
evolution of immune systems. House flies are versatile mechanical vectors of numerous diseases of 
human and livestock, including bacterial, protozoan, viral, and helminthic infections ranging from 
cholera to tapeworms (Scott et al. 2009; Joyner et al. 2013; Nayduch et al. 2013). Compared to other 
sequenced insects, they inhabit an unusually wide range of septic matter, including excreta, garbage, 
and diverse animal carcasses. This lifestyle suggests that house flies contact and must successfully 
avoid a wide range of potentially damaging bacteria (Gupta et al. 2012), suggesting that house flies 
may have an unusually effective immune system to cope with these challenges.

House flies are also an ideal system for studying the comparative genomics of insect immunity 
because of their phylogenetic position among Dipterans (Scott et al. 2009). The mosquito clade and the 
Drosophilids have been very heavily sampled for genome sequencing, but these two groups diverged 
approximately 250 million years ago (timetree.org) and represent close to the maximal divergence 
among Dipterans. House flies split this deep phylogenetic branch between Drosophilids and mosquitos, 
and thus provide significant additional resolution to Dipteran genomics. 

In this study, we generated new RNA-seq data from experimentally infected and control 
(sterile-wounded) house flies. With these new data, we characterized the transcriptional response to 
infection in M. domestica. When combined with existing genomic resources in house flies and other 
Dipterans, these data reveal a striking expansion in the recognition and effector repertoires in M. 
domestica. We also develop a new statistical model for inference of gene family evolution, and show 
that these expanded repertoires in house flies are most likely associated with extremely elevated rates 
of gene duplication specifically in immune gene families along the house fly lineage, suggesting that 
the unusual lifestyle of house flies may be driving increased diversification of immunological 
molecules.

Methods:
1. Data collection

In order to detect genes induced by infection in M. domestica, we infected adult female flies 4 
days post-eclosion with a 50:50 mixture (by volume of O.D. 1.0 samples) of Serratia marcescens and 
Enterococcus faecalis. These are same bacterial strains used in previous similar studies (Sackton et al. 
2013), and were chosen to capture both Gram-positive and Gram-negative responses. Bacteria were 
delivered by pricking the thorax with a 0.1 mm dissecting pin to penetrate the cuticle of the flies. 
Control flies were pricked using the same protocol, but with sterile LB broth instead of bacterial 
cultures. Both control and infected flies were infected between 12:00-1:00 PM in a single day and 
frozen in liquid nitrogen 6 hours after treatment in pools of 5 flies.

To inform our analysis of the transcriptional response to infection in M. domestica, we also 
generated RNA-seq data for infected and control D. melanogaster. For the D. melanogaster study, we 
used the same bacterial strains and concentration as above and did the experiments with females 3-5 
days post-eclosion, but control flies remained unpricked and flies (control and infected) were frozen 12 
hours after treatment. 

Subsequently, we extracted RNA from whole frozen flies in TRIZOL following standard 
protocols. RNA-seq libraries were made using the Illumina TruSeq RNA sample prep kit, and 
sequenced on a HiSeq 2500 platform. 

2. Updating M. domestica gene annotations
We first sought to update the existing M. domestica gene annotations to detect gene models that 

might have been missing in the initial published annotation. To do this, we used a pipeline based on the 
Trinity-assisted PASA workflow (Haas et al. 2003; Haas et al. 2011; Haas et al. 2013) described at 
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http://pasa.sourceforge.net/ and in more detail at the Github page associated with this manuscript 
(https://github.com/tsackton/musca-immunity). We started with the Musca domestica GFF, protein, and 
transcript files produced by NCBI during the initial annotation of the Musca genome (NCBI release 
100) (Scott et al. 2014), available at 
ftp://ftp.ncbi.nlm.nih.gov/genomes/Musca_domestica/ARCHIVE/ANNOTATION_RELEASE.100/. 

After running the PASA pipeline (https://github.com/tsackton/musca-
immunity/tree/master/supplemental_methods/pasa), our primary goal was to extract novel gene 
annotations: we only added new gene models that may have been excluded from prior annotation, and 
did not to update existing gene models. The rationale for this decision is that in the absence of paired-
end data or higher coverage data, determining biologically real novel splice forms is a challenging 
problem subject to a high false-positive rate. Thus we focused exclusively on novel gene annotations, 
that is, gene models predicted by PASA from Trinity alignments to the M. domestica genome that do 
not overlap existing annotations. We identified 70 new protein-coding transcript models with this 
approach. Although by definition these tend to be predicted proteins with little homology evidence (as 
genes with strong homology to other Dipterans would likely be annotated by the NCBI pipeline), and 
they are significantly shorter than previously annotated proteins (median length 223 aa vs. 389 aa, 
P=1.58x10-6, Mann-Whitney U test). The transcripts encoding these novel predicted proteins tend to be 
more highly expressed than those encoding previously annotated proteins (adjusted count 186 vs. 98, 
P=0.00014, Mann-Whitney U test). An updated GFF file, isoform-to-gene key, protein fasta file, and 
transcript fasta file are available as supplemental data and online at https://github.com/tsackton/musca-
immunity/tree/master/input_data/annotations

3. Differential expression analysis
We used RSEM to quantify differential expression after infection in M. domestica and in D. 

melanogaster. Briefly, we first trimmed reads using Trimmomatic, then computed expression for each 
transcript in our updated annotation described above using RSEM v1.2.16 (Li and Dewey 2011) using 
bowtie2 as the read mapper. The full code to run our RSEM pipeline is available at 
https://github.com/tsackton/musca-immunity/tree/master/supplemental_methods/difexp , and the raw 
RSEM output is available in the supplemental data and at https://github.com/tsackton/musca-
immunity/tree/master/input_data/rsem. To infer differential expression, we used DESeq2 (Love et al. 
2014) with standard options. The full scripts for differential expression inference and related statistical 
analysis are available at https://github.com/tsackton/musca-immunity/tree/master/R.

4. Bioinformatic characterization of predicted M. domestica proteins.
We focused on characterizing three properties of M. domestica proteins that can be determined 

from sequence and comparative information: the presence of a signal peptide, the phylogenetic age of 
the gene, and the presence of immune-related protein domains. All scripts are available at 
https://github.com/tsackton/musca-immunity/tree/master/supplemental_methods. 

To identify signal peptides, we used signalp v4.1 with default options run on all predicted M. 
domestica proteins.

To define phylogenetic age (specifically, phylostratigraphic age, sensu (Domazet-Loso et al. 
2007))), we started with a series of blastp searches and defined age as the node of the tree of life at 
which the most distant blastp hit is detectable. This is conservative in the sense that we do not screen 
for any kind of parsimonious pattern, so a spurious deep hit will mean we consider a protein to be 
ancient even in the absence of any more closely related hits. When we say a gene is young, we simply 
mean that no homologs can be detected by BLAST to older lineages; other factors, such as length or 
overall rate of sequence evolution, can thus impact gene age estimation if they increase the probability 
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that distant homologs will be missed (Moyers and Zhang 2015). In particular, proteins that are rapidly 
evolving will tend to appear younger than their true age, and proteins that are short may also appear 
younger than their true age, due to biases inherent in detecting distant homologies of short and/or 
rapidly diverging sequences (Moyers and Zhang 2015). While in most cases our results focus on 
relatively recent homologs (i.e., within Diptera or within insects), which are likely relatively unaffected 
by these biases (Moyers and Zhang 2015), we also corrected for these effects (at least partially) by 
modeling the impact of protein length and evolutionary rate (using expression level in M. domestica as 
a proxy) on our estimates of age. Formally, we first log-transformed and mean-recentered length and 
expression level, and then computed model coefficients for separate regressions with either scaled 
expression or scaled length as the predictor variable and age as the response. These coefficients are 
equivalent to the change in estimated age expected for a unit deviation from the mean (on a log scale) 
of either expression level or length. Length is essentially uncorrelated with estimated age in our dataset 
(Kendall's tau = 0.02, P = 0.0002), but expression level is correlated with estimated age (Kendall's tau = 
0.267, P < 2.2×10-16). To calculate scaled ages, we computed the normalized age as the real estimate 
age minus the predicted effect of expression; normalized age is no longer strongly correlated with 
expression, as expected (Kendall's tau = -0.03, P =2.67×10-9).

To define phylogenetic age, we began with a curated set of complete proteomes (listed at 
https://github.com/tsackton/musca-immunity/blob/master/supplemental_methods/strata/strata_key.txt ) 
and ran blastp against each complete proteome. For each set of BLAST results (representing the best 
hit of each M. domestica protein against a target database), we considered a hit as indicating the 
presence of a putative homolog if the alignment length is at least 40% of the M. domestica protein 
length and the alignment has at least 20% identity. We then extracted the deepest node for which we 
found evidence for a putative homolog, and defined that as the phylogenetic age of each M. domestica 
protein. 

In order to quantify the presence of domains that have putative immune function, we first built a 
set of HMM profiles based on ImmunoDB curated alignments (http://cegg.unige.ch/Insecta/immunodb) 
(Waterhouse et al. 2007) and additional alignments for the Nimrod domain, IGSF proteins, and 
transferrins based on sequences downloaded from FlyBase. The non-ImmunoDB alignments, as well as 
the final alignment file of all immune-related proteins, is available in the Github repository associated 
with this paper. We then searched the complete set of predicted M. domestica proteins for matches to 
predicted immune-related HMMs using HMMER 3.0. We then processed the HMMER output to i) 
exclude cases where the E-value of the best domain is greater than 0.001, ii) the overall E-value is 
greater than 1x10-5, and iii) assign proteins that match multiple HMMs to the single HMM with the best 
e-value. To provide comparative information for the analysis of M. domestica, we also searched the 
predicted proteomes of the other Dipterans listed in Table S1 against our immune-related HMM 
database, and inferred the presence of domains with putative immune function using the same protocol. 

5. Determining orthologs and paralogs of M. domestica proteins across Dipterans

To determine patterns of orthology and paralogy of M. domestica proteins among Dipterans, we 
built a gene-tree-based pipeline for identifying gene families and determining the relationships among 
genes. This pipeline is described in full at https://github.com/tsackton/musca-
immunity/supplemental_methods/orthology and in brief below.

First, we used OMA version 0.99 (Altenhoff et al. 2013) with default options to generate an 
initial set of homologous groups (HOGs), using as input the longest protein translation of each 
annotated protein in the M. domestica genome along with 13 other Dipterans (5 mosquitos, 7 
Drosophilids, and Glossina moristans; Table S1). 

After running OMA, we refined orthogroups as follows. First we generated an alignment of 
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each initial orthogroup using MAFFT (Katoh and Standley 2013), and then created HMMs for each 
group using HMMER version 3. We then refined orthogroup assignment by searching each protein 
against each HMM, and merging orthogroups linked by a well-supported HMM hit. We also added 
genes to orthogroups when a gene was not initially assigned to any group, but has a significant HMM 
hit to a group (see part 1 of readme at Github site).

After orthogroup updating, we realigned each orthogroup with MAFFT (--auto option) and then 
computed a gene tree using RAxMLHPC-SSE3 version 7.75 (Stamatakis 2014), with the default 
options except -m PROTGAMMAAUTO and -N 10 (see part 2 of readme at Github site).

In some cases, our pipeline led to large gene families with one or more duplications at the base 
of Diptera. To both increase the computational efficiency of Treefix, and improve the accuracy of our 
rate estimation, we used a custom Perl script (treesplit.pl on Github) to split trees where the deepest 
node was inferred to be a duplication rather than a speciation event. After the first round of tree 
splitting, we used the programs Treefix (v. 1.1.8; default options except -m PROTGAMMAWAG, 
-niter=1000, and –maxtime) and tree-annotate (part of the treefix package) to reconcile the species tree 
with each gene tree and compute the likely number of gains and losses on the tree (Wu et al. 2012). 
Treefix attempts to produce the most parsimonious tree with respect to duplications and losses while 
remaining consistent with the maximum likelihood gene tree. It does this by searching the 
neighborhood of the maximum likelihood tree for topologies that reduce the number of duplication and 
loss events without significantly reducing the likelihood of the tree under the evolutionary model 
specified. Because this process is inefficient on large trees, we set a maximum time for the program to 
run (~1 week), which means that for large trees we sample fewer iterations than for small trees. To 
partially account for this, we ran a second round of tree splitting with our treesplit script after our first 
round of TreeFix (which led to some large trees being split into smaller trees), and then repeated treefix 
on any altered trees. We then ran tree-annotate to produce duplication/loss inference on this final set of 
trees. 

6. Analysis of gene family dynamics.

To determine rates of gene duplication and loss across the phylogeny, we used both previously 
published, count-based methods such as CAFE (De Bie et al. 2006) and we implemented a Poisson 
regression model using duplication and loss events inferred from gene tree / species tree reconciliation. 
To account for differences in branch lengths, we constructed an ultrametric tree as follows 
(https://github.com/tsackton/musca-immunity/tree/master/supplemental_methods/ultrametric). First, we  
identified orthogroups with no duplications or losses across the phylogeny. Second, we concatenated 
the trimmed alignments of these orthogroups to produce a single Dipteran alignment for tree 
estimation. Finally, we used RAXML (version 7.7.5) with the -f e option (to estimate branch lengths on 
a fixed phylogeny) to estimate branch lengths from the known Dipteran phylogeny. Finally, we used 
the “chronos” function from the ape package in R to convert the tree to an ultrametric tree with 
arbitrary edge units. 

To test for variation in rates of duplication and loss among different classes of genes along 
different lineages, we use a mixed model Poisson regression. Specifically, we fit a model which 
includes both fixed effects (functional class, lineage of interest), branch length as an offset, and a 
separate random intercept for each gene family, to control for overdispersion caused by rate variation 
among gene families, using the “glmer” function in the R package “lme4”. R code to implement this 
approach, and containing the full models used for each analysis, is available at 
https://github.com/tsackton/musca-immunity/tree/master/R. This approach allows us to use the full 
power of general linear models to test hypotheses concerning lineage-specific rates of duplication. 
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downregulated (Figure 1), representing 5.4% and 6.2% of genes in the genome, respectively.
We used two approaches to identify genes in M. domestica with homology-based evidence for 

an immune function. First, we screened for homology to a curated list of genes with immune function 
in D. melanogaster (Table S2). Second, we used an HMM-based approach (Waterhouse et al. 2007) to 
identify house fly proteins with homology to previously characterized Dipteran immune-related gene 
families. The gene families we analyzed are listed in (Table 1), and alignments and HMMs are 
available online (https://github.com/tsackton/musca-
immunity/tree/master/supplemental_methods/hmm). As expected, these homology-annotated immune 
genes have a much higher proportion of induced genes than the set of expressed genes as a whole 
(Dmel homology: 25.8% induced; HMM: 15.8% 
induced; all expressed genes: 7.6% induced, both 
comparisons P < 2.2×10-16, Fisher's Exact Test). 

Looking at individual genes induced by 
infection in M. domestica reveals a clear 
enrichment for genes with well-characterized 
immune annotations (Figure 2A). These include 
many homologs of consistently and strongly 
induced effector genes in D. melanogaster, such 
as cecropins (7 gene family members induced 
more than 2-fold in M. domestica), attacins (5 
family members induced more than 2-fold in M. 
domestica), diptericins (2 family members 
induced more than 2-fold in M. domestica), and 
defensins (2 family members induced more than 
2-fold in M. domestica). These also include 
homologs of genes, such as FREPs (8 induced in 
M. domestica) and galectins (5 induced in M. 
domestica) that have immune roles in some 
animals (Adema et al. 1997; Vasta 2009; Romero 
et al. 2011), including mosquitos (Dong and 
Dimopoulos 2009), but have not been 
experimentally characterized in Drosophila. A full 
list of genes with expression information is 
available at https://github.com/tsackton/musca-
immunity/blob/master/results/mdom.difexp.tsv. 

Combining all sources of evidence 
(HMMs, D. melanogaster homology, gene 
ontology, and regulation after infection), we 
identify and annotate a total of 1,392 putative 
immune-related genes in M. domestica. A full list 
of these genes, with annotations where possible, is available as Table S3. 

Gene ontology analysis suggests a coordinated shift from metabolism to protein production after 
infection

In addition to genes encoding proteins with specific immune functions, bacterial infection leads 
to broad changes in patterns of gene expression that may be reflective of physiological processes 
altered by infection. To better understand the overall biology of the transcriptional response to infection 

7

Table 1. Immune-related gene families annotated by Hidden 
Markov Models.

Short Name Description Class

ATT Attacin antimicrobial peptide gene family effector

CEC Cecropin antimicrobial peptide gene family effector

DEF Defensin antimicrobial peptide gene family effector

DIPT Diptericin antimicrobial peptide gene family effector

GPX glutathione peroxidase gene family effector

HPX Heme Peroxidases effector

LYS Lysozyme gene family effector

PPO Prophenoloxidases effector

TPX Thioredoxin Peroxidases effector

TSF Transferrins effector

BGBP beta-glucan binding protein family (in Drosophila, referred to as GNBPs) recognition

CTL C-type lectin gene family recognition

FREP Fibrinogen-related protein gene family recognition

GALE Galectin gene family (thiol-dependent, beta-galactoside-binding lectins) recognition

IGSF Ig superfamily proteins recognition

MD2L MD2-Like gene family recognition

NIM Nimrod gene family recognition

PGRP Peptidoglycan recognition protein gene family recognition

SRCA Scavenger receptor class A gene family recognition

SRCB Scavenger receptor class B gene family recognition

SRCC Scavenger receptor class C gene family recognition

TEP Thioester-containing proteins recognition

CLIPA CLIP-domain serine protease class A signaling

CLIPB CLIP-domain serine protease class B signaling

CLIPC CLIP-domain serine protease class C signaling

CLIPD CLIP-domain serine protease class D signaling

CLIPE CLIP-domain serine protease class E signaling

NFKB Nf-kB proteins signaling

SPRN Serine protease inhibitors signaling

TLL Toll family proteins signaling
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odds ratio =  1.83), and “secondary metabolic process” (adjP=6.06x10-03, odds ratio =  2.16). Molecular 
function GO terms paint a similar picture (Table S4). Taken together, these patterns point toward a 
pronounced physiological shift in house flies after infection, away from basal metabolism and toward 
protein production, transport, and secretion. This is consistent with recent work in Drosophila and other 
insects suggesting a close connection between metabolic control and immune system regulation (De 
Gregorio et al. 2001; Buchon et al. 2014; Unckless et al. 2015). A full list of GO terms enriched (at a 
Holms-adjusted P-value < 0.05) for genes either upregulated or downregulated by infection is in Table 
S4.

Comparison to D. melanogaster RNA-seq data suggests M. domestica induces a larger suite of genes 
after infection

To contextualize our observations about the genes induced by infection in M. domestica, we 
generated in parallel a new, roughly comparable D. melanogaster RNA-seq dataset. While previous 
studies have been conducted of the transcriptional response to infection in D. melanogaster (De 
Gregorio et al. 2001; Irving et al. 2001), a direct comparison has the benefit of using data generated 
with the technology, the same infection protocol, at a similar time point, and in the same laboratory as 
the M. domestica data (see methods for details), minimizing technical artifacts. We also used the exact 
same analysis pipeline to analyze the D. melanogaster RNA-seq data. The RNA-seq data from D. 
melanogaster is of roughly similar depth and quality (67.8 million reads for the infected replicates 
pooled, 75.6 million reads for the uninfected replicates pooled, 95% mapped to D. melanogaster gene 
model); the only differences are 1) we sampled flies 12 hours after infection, instead of 6 hours, and 2) 
we used an untreated control instead of a sterile-wounded control. Both of these differences are likely 
to increase the number of genes detected as regulated by infection in D. melanogaster.

Of the 11,135 genes in D. melanogaster with detectable expression in our data, 156 are 
upregulated by infection and 150 are downregulated by infection, representing 1.4% and 1.35% 
respectively of expressed genes, and 0.9% and 0.87% respectively of all genes. This is notably fewer 
than in M. domestica, especially when taking into account the likely lower quality of the house fly 
annotations. Of induced genes, 27.6% are annotated as having an immune function. Unsurprisingly, the 
induced genes include many known antimicrobial peptides (4 attacins, 3 cecropins, defensin, 2 
diptericins, drosomycin, and drosocin), recognition factors (2 Teps, 7 PGRPs, and 2 Nimrods), and 
signaling components (cactus, Relish). A full list of genes with expression information is at 
https://github.com/tsackton/musca-immunity/blob/master/results/dmel.difexp.tsv. At the level of 
HMM-defined gene families, D. melanogaster induces many of the expected classes, with substantial 
overlap with the classes induced in M. domestica (Figure 2B). Notably, however, we find no evidence 
for induction of any FREP or galectin in D. melanogaster, in contrast to the 31% and 42% respectively 
of genes in these classes induced by infection in M. domestica. 

In our dataset there are 7,934 single-copy orthologs between D. melanogaster and M. domestica 
with detectable expression in both species. For these genes, we directly compared patterns of regulation 
after infection. While we find, as expected, highly significant overlaps in both induced genes 
(P=4.61×10-12, Fisher's Exact Test) and repressed genes (P=4.1×10-07, Fisher's Exact Test), there are 
many more genes induced in M. domestica alone than in D. melanogaster alone (Figure 3). This 
suggests that at least a portion of the greater number of genes regulated by infection in M. domestica is 
attributable to regulatory evolutionary change in shared orthologs.

We also compared the set of gene ontology terms overrepresented among both upregulated and 
downregulated genes in D. melanogaster to those described for M. domestica above. In D. 
melanogaster, GO terms associated with immune functions dominate the list of terms overrepresented 
in the upregulated class (Table S4). However, we see no evidence for upregulation of GO terms 
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We can also fit our birth/death model to individual gene families 
(orthogroups), although in these cases we have substantially 
reduced power to estimate rates accurately, and thus will likely 
only detect the most extreme effects. We used this approach to 
estimate for each gene family the relative turnover rate 
(birth+death) on the Musca lineage compared to the rest of the 
tree; this is positive for gene families with a higher turnover rate 
on the Musca lineage and negative for gene families with a lower 
turnover rate on the Musca lineage. Immune-related genes 
(combining HMM-based and homology-to-Drosophila based 
annotations) are overrepresented among gene families with 
individually significant accelerations in turnover rate along the M. 
domestica lineage (6/154 immune families, 53/4565 non-immune 
families, P=0.012, Fisher's Exact Test), including orthogroups 
containing TEPs, 
lysozymes, and cecropins (consistent with our HMM-class rate 
estimation; Table 6 has the full set of immune-related gene 
families with elevated turnover rates in Musca). Thus, all our 
modeling approaches consistently demonstrate a specific 
acceleration of rates of gene duplication in certain key classes of 
genes encoding recognition and effector proteins along the M. 
domestica lineage.
As an additional line of evidence, we also examined the counts of 
each HMM-defined gene family detected in each species. Here, 
we don't focus on rates of duplication or the phylogenetic 
relationships among genes, but rather just the absolute count of 
the number of genes with evidence for protein homology to 
particular immune gene families. We did this in as unbiased a way 
as possible, by using the same input set of HMM profiles to screen 
the full set of annotated proteins for each target species with 
HMMER. The counts of each gene family for each species are 

listed in Table 2. For all three gene families (Cecropins, TEPs, Lysozymes) where we infer a 
dramatically increased rate of gene duplication on the Musca lineage, we note that M. domestica has 
the most members of the full set of annotated Dipteran genomes we investigated. In general, the house 

fly immune system appears to encode a larger number of both effectors (including antimicrobial 
peptides, PPO pathway genes, and lysozymes) and recognition proteins (including TEPs, Nimrods, and 
PGRPs) than any other Dipteran included in our analysis.

16

Table 5.  Linear contrasts testing elevated duplication rate in the Musca lineage vs. other Dipteran 
families for cecropins, TEPs, and lysozymes.

Musca vs Drosophila Musca vs Mosquitos

Family Estimate Standard Error P-value Estimate Standard Error P-value

TEP 2.4461 0.6272 0.000192 1.2052 0.3312 0.000546

CEC 1.217 0.5174 0.036014 2.059 0.5486 3.48E-004

LYS 0.7971 0.2968 0.0143 2.9433 0.4924 4.52E-009

Table 4. Linear contrasts testing 
duplication rate in the Musca lineage 
vs. other Dipterans for specific immune 
HMM families.

Family Estimate Standard Error P-value

BGBP -4.034 8.026 1

CEC 1.794 0.4094 0.000294

CLIPA -3.185 8.95 1

CLIPB 0.06555 0.2382 1

CLIPC -3.608 10.76 1

CLIPD -0.7448 0.5169 0.982569

CTL 0.2163 0.2112 0.999891

FREP 0.1823 0.2149 0.999997

GALE -7.821 57.48 1

HPX -0.631 1.047 1

IGSF -0.101 1.051 1

LYS 1.427 0.2484 <0.000001

MD2L 0.7331 0.3725 0.715598

NFKB 1.795 0.9337 0.754346

NIM -4.268 7.424 1

PGRP 1.201 0.4439 0.157238

PPO 1.036 0.3644 0.105604

SPRN 0.4289 0.3856 0.99956

SRCA -2.236 9.928 1

SRCB 0.1199 0.7669 1

SRCC 1.791 0.9597 0.798468

TEP 1.568 0.3018 0.00000515

TLL -4.964 8.636 1

TPX -79.75 47450000 1

TSF 2.887 1.245 0.402159
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intriguing parallel, a high diversity of novel putative effectors is induced by LPS stimulation in the rat-
tailed maggot (Altincicek and Vilcinskas 2007), which also inhabits a highly septic environment. 
Ultimately, however, more studies will be needed to test whether immune gene duplication rates are 
indeed increased generally in insects that live in particularly septic habitats.

More broadly, this study confirms the pattern observed in other insects that genes induced by 
infection have a general tendency to be taxonomically-restricted. However, what drives this pattern is 
still an open question. At least two hypotheses seem viable. First, it could be the case that young genes 
are in general less tightly regulated at the transcriptional level. As a consequence, in conditions of 
strong transcriptional activation (such as during an immune response), these genes have a tendency to 
be upregulated even without a clear function. Alternatively, this pattern could be driven by selective 
recruitment of novel genes to the immune system in response to the particular challenges that diverse 
insect lineages experience.  

Ultimately, these conclusions solidify emerging evidence that rapid host-pathogen evolutionary 
dynamics are not limited to rapid sequence evolution. While it is difficult to know the ultimate cause of  
evolutionary change, this and other recent work makes clear that insect immune systems are extremely 
labile, not just at the level of protein sequence, but at the expression level and even at the level of gene 
content. It seems likely that much of these rapid changes are indeed driven by host-pathogen conflict, 
and that the evolutionary consequences of these arms races are broader than traditionally assumed.
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