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Supervisor: Daniel I. Bolnick 

 

The power and promise of next generation sequencing systems remains largely untapped 

by studies of evolutionary transcriptomics in natural populations. Although costs are 

falling, this technology still remains out of reach for many who require large sample sizes 

to capture subtle patterns. To resolve this, I updated and validated an alternative RNAseq 

library construction method, TagSeq. TagSeq produces data that is at least as high quality, 

if not better, than the current industry standard. Next, I applied this method to two large 

scale experiments in Threespine Stickleback (Gasterosteus aculeatus). First, I tested for 

change in stickleback gene expression in response to infection by a macroparasite, 

Schistocephalus solidus. Expression depended on genotype, infection status, and their 

interaction. Coexpression network analysis suggested clusters of genes which are 

correlated with immune phenotypes, and thus both candidate genes and pathways for 

further study. Candidates identified here are involved in immune responses known to 

contribute to stickleback resistance to S. solidus. Additionally, stickleback genotypes have 

vastly different expression networks; a resistant population showed a diverse and dynamic 

expression profile while a susceptible populations remained static. But parasites are not the 

only challenge that stickleback face. Stickleback are a classic example of colonizing new 
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environments and this challenge involves multiple biotic and abiotic factors. Second, I 

measured stickleback gene expression in samples from a prior lake-stream reciprocal 

transplant with TagSeq. I tested whether migrants showed a plastic response to new 

environments that enabled them to converge on the expression profile of natives. The 

majority of gene expression differences between lake and stream are static, but some genes 

respond plastically to the environment. The expression profile of immigrants converged on 

that of natives, suggesting plasticity, and the degree of plasticity is genotype dependent. 

Gene expression plasticity appears to soften the impact of selection on migrants in new 

habitats, but plasticity is not strong enough to homogenize performance of immigrants and 

natives. In summary, the updated and validated TagSeq protocol offers users the chance to 

increase sample sizes in order to ask bigger questions in ecological transcriptomics, from 

candidate gene discovery to whole transcriptome level analysis.  
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Chapter 1: Evaluation of TagSeq, a reliable low-cost alternative for RNAseq 

ABSTRACT 

RNAseq is a relatively new tool for ecological genetics that offers researchers insight into 

changes in gene expression in response to a myriad of natural or experimental conditions. 

However, standard RNAseq methods (e.g., Illumina TruSeq® or NEBNext®) can be cost 

prohibitive, especially when study designs require large sample sizes. Consequently, 

RNAseq is often underused as a method, or is applied to small sample sizes that confer 

poor statistical power. Low cost RNAseq methods could therefore enable far greater and 

more powerful applications of transcriptomics in ecological genetics and beyond. Standard 

mRNAseq is costly partly because one sequences portions of the full length of all 

transcripts. Such whole-mRNA data are redundant for estimates of relative gene 

expression. TagSeq is an alternative method that focuses sequencing effort on mRNAs’ 3’ 

end, reducing the necessary sequencing depth per sample, and thus cost. We present a 

revised TagSeq library construction procedure, and compare its performance against 

NEBNext®, the ‘gold-standard’ whole mRNAseq method. We built both TagSeq and 

NEBNext® libraries from the same biological samples, each spiked with control RNAs. 

We found that TagSeq measured the control RNA distribution more accurately than 

NEBNext®, for a fraction of the cost per sample (~10%). The higher accuracy of Tag- Seq 

was particularly apparent for transcripts of moderate to low abundance. Technical 

replicates of TagSeq libraries are highly correlated, and were correlated with NEBNext® 
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results. Overall, we show that our modified TagSeq protocol is an efficient alternative to 

traditional whole mRNAseq, offering researchers comparable data at greatly reduced cost. 

Introduction 

RNAseq has been widely used to describe differences in gene expression among wild 

populations, as well as changes in captive or wild individuals’ expression following 

exposure to stimuli (mates, predators, parasites, abiotic stress, toxins). This work has 

helped uncover the genetic basis of complex traits, implicate genes underlying targets of 

natural selection, and measure the heritable and environmental components of variation 

in gene expression (Pickrell et al. 2010; Lenz et al. 2013; Barribeau et al. 2014; Foth et 

al. 2014; Lovell et al. 2015; Videvall et al. 2015). However, the most widely used 

RNAseq protocols are cost-prohibitive for many biologists, including but not limited to 

researchers in ecological genetics.  

Construction of any whole mRNAseq library for the Illumina platform (including 

Illumina TruSeq® and NEBNext® kits) involves isolating or enriching for mRNA, which 

is then fragmented and subject to massively parallel sequencing. The resulting data yields 

sequences for overlapping portions of the entire lengths of the original messenger RNAs 

(hence ‘whole’ mRNAseq). This requires high depth of coverage; although sequencing 

requirements vary depending on sample type, the ENCODE Consortium suggests ~30 

million raw reads per sample as a ‘best practice’ for most RNAseq experiments (The 

ENCODE Consortium, 2011), limiting researchers to a maximum of eight samples per 

lane of Illumina HiSeq 2500. The high cost of sequencing, combined with high cost of 
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library construction, has forced many studies to use small sample sizes, or pool samples 

within treatments. This is cause for concern, as meaningful differences in gene expression 

simply may not be detected with such low-powered sampling designs, and pooled 

RNAseq may fail to properly account for residual variation in expression (Todd et al. 

2016). 

To resolve problems with whole mRNAseq, several low-cost alternatives have 

been developed. Most notably, Meyer et al. (2011) presented a 3’ Tag-based approach to 

RNAseq, called TagSeq, that requires little input RNA, involves low library construction 

costs, and requires many fewer raw reads per sample. By focusing on the 3’ end of 

mRNA fragments, TagSeq reduces the sequencing effort required to characterize a 

population of mRNAs in a biological sample. This cost-saving does come with some 

constraints: TagSeq cannot distinguish between alternatively spliced transcripts from a 

single locus, and will not identify polymorphism or allele-specific expression in much of 

a gene’s coding sequence. Furthermore, while it may be possible to use TagSeq for 

genotyping we choose not to explore that issue here, focusing instead on gene expression. 

The benefits of precisely measuring locus-level transcriptional differences with high 

replication may outweigh the lack of splicing or SNP information for many experiments 

in ecological systems. However, as presented in Meyer et al. (2011), TagSeq uses a 

number of outdated methods and enzymes, which may skew the distribution of RNA 

fragments in the library, with respect to both fragment size and GC content (Aird et al. 

2011). In addition, the accuracy of TagSeq has not yet been compared to the industry 

standard TruSeq®/NEBNext® which reliably measures moderate and high abundance 
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mRNAs in a sample (New England BioLabs, NEB Next Ultra Directional RNA Library 

Prep Kit for Illumina (NEB #E7420S/L), Ipswich, MA, USA). Here, we present a 

modified protocol intended to increase the accuracy and precision of TagSeq, by 

incorporating recent findings on polymerase performance (Aird et al. 2011), 

fragmentation methods and beadbased purification technology into the library 

construction process. We then tested the accuracy of TagSeq against the industry 

standard NEBNext® by sequencing technical replicates of a biological sample, each 

containing an artificial set of diverse RNAs of known concentration, designed by the 

External RNA Controls Consortium (hereafter simply ‘ERCC’) 

Materials and Methods 

Improvements to TagSeq library contstruction 

Briefly, our improved TagSeq library construction method involves 11 steps: (i) isolate 

total RNA, (ii) remove genomic DNA with DNase (if not included in total RNA 

isolation), (iii) fragment total RNA with Mg+ buffer via hydrolysis (NEB), (iv) 

synthesize cDNA with a poly-dT oligo, (v) PCR amplify cDNA, (vi) purify PCR 

products with DNA-binding magnetic beads [Agencourt, or made in-house (Rohland & 

Reich 2012)], (vii) fluormetrically quantify PCR products (PicoGreen, Life 

Technologies), (viii) normalize among-sample concentrations, (ix) add sample-specific 

barcodes via PCR, (x) pool samples and select a small range of fragment sizes (to 

maximize output on the Illumina platform) via automated gel extraction (400–500 bp, 

Sage Pippin Prep 2% agarose), (xi) quantify concentrations of post extraction products 
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via Qubit (dsDNA high sensitivity following the manufacture’s instruction), (xii) 

normalize among pools. This protocol can be completed by a single researcher in three 

days, and this approach is optimized for 96-well format plates. Improvements over the 

original protocol are described in Table 1.1. 

Sample acquisition and library preparation 

Total RNA was extracted (with Ambion AM1912) from six freshly isolated stickleback 

(Gasterosteus aculeatus) head kidneys stored in RNAlater (Ambion). All fish were lab 

raised, nonsibling, nongravid females, bred via in vitro crosses of wild caught parents. 

Three fish originated from crosses between parents from Gosling Lake, British Columbia 

and three fish from crosses between parents from Roberts Lake, British Columbia (two 

populations of the same species). Total RNA from all six head kidneys was then split, 

and libraries were constructed with both whole mRNAseq and TagSeq. The Genomic 

Sequencing and Analysis Facility at the University of Texas at Austin prepared whole 

mRNAseq libraries (NEBNext® directional RNA libraries with poly-A enrichment), 

according to the manufacturer’s instruction (New England BioLabs, NEB Next Ultra 

Directional RNA Library Prep Kit for Illumina (NEB #E7420S/L), Ipswich, MA, USA), 

for four of the six RNA samples (two samples dropped to ensure adequate sequencing 

depth). ERCC (2 lL of 1:100 dilution for every 1 lg of total RNA) was added to each 

sample before library construction began, according to the manufacturer’s instructions. 

Whole mRNAsq samples were sequenced on a single lane of Illumina HiSeq 2500 2 9 

100, producing an average of 40.5 million paired-end reads per sample (81 million reads 
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Table 1.1. Changes to Meyer et al. (2011). We identified a number of areas where the 

Meyer protocol could be improved and implemented changes to address these concerns. 

Meyer et al. (2011) Problem Our Approach 

Measured DNA/RNA via 

spectroscopy 

Quantification of 

DNA/RNA by 

spectroscopy is 

inaccurate. 

Fluorescent based 

quantification with 

Quant-iT assays. 

Included DNase with total RNA 

extraction 

Genomic DNA 

contamination leads to 

nonspecific amplification. 

Increase DNase treatment 

to 1.5x concentration at 

37ºC for 1 hour. 

Heat and Tris buffer to fragment total 

RNA 

Fragmentation of total 

RNA with Tris buffer 

produces a wide 

distribution of fragment 

sizes. 

Precisely fragment total 

RNA with a specialized 

Mg+ buffer. 

No normalizations Yield of first strand 

synthesis is too variable. 

Normalize RNA input to 

1µg. 

Titanium Taq (Clontech) Variable GC content 

among fragments can 

cause dropout of 

transcripts [10]. 

Use AccuPrime Taq 

polymerase and 

associated thermal profile 

for PCR steps [10]. 

Suggest users limit PCR to 15-17 

cycles or less 

Excessive PCR 

amplification increases 

the number of PCR 

duplicates. 

Reduce number of PCR 

cycles to 12 or less. 

PCR cleanups with spin columns Purification using solid-

phase methods (e.g. spin 

columns) is not high 

throughput compatible, 

inefficient and costly. 

Clean with Agencourt 

AMPure beads, which 

can be made in-house 

[12] 

No normalizations  Post-PCR cDNA 

amplification yield is 

highly variable. 

Normalize input to 40ng 

total. 

Size selection on a per sample basis 

via gel extraction  

Size selection by standard 

gel extraction is highly 

variable. 

Precise size selection 

with Pippin Prep 

automated gel extraction. 

Mix individuals samples after qPCR 

of every library 

Mixing individual 

libraries based on qPCR is 

slow and expensive. 

Normalize lanes of Pippin 

Prep with Qubit 

Fluorimeter. 
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total per sample). Following the addition of ERCC to one technical replicate per 

biological sample, TagSeq samples were prepared according to Meyer et al. (2011), but 

with changes detailed in Table 1.1. Four TagSeq samples had two technical replicates 

(totally independent library builds from total RNA), a fifth sample had three technical 

replicates, and a sixth sample had no technical replicates. 12 TagSeq libraries were 

sequenced using three partial lanes of HiSeq 2500 1 9 100 (average of 10.3 million raw 

reads per sample). 

Bioinformatics: How many genes are identified by each method? 

Raw whole mRNAseq reads were trimmed with CUTADAPT v 1.3 (Martin 2011) to 

remove any adapter contamination. We then mapped the trimmed reads to version 79 of 

the stickleback genome (with ERCC sequences appended) using BWA-MEM (Li & 

Durbin 2010), and counted genes using Bedtools (Quinlan & Hall 2010), producing 20 

678 total genes. TagSeq reads were processed according to the iRNAseq pipeline 

(https://github.com/z0on/tag-based_RNAseq) (Dixon et al. 2015), producing 19 145 total 

genes. 

Statistical analysis of control transcripts: How accurately does each method estimate a 

known distribution? 

For each sample, we plotted observed counts of artificial ERCC transcripts against 

expected values, fitting a simple linear model (observed ~ expected). We tested for a 

difference in mean adjusted R2 value between library construction methods with a paired 

t-test (paired by biological sample). We calculated the Spearman correlation between 
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observed log transformed counts of ERCC transcripts and expected transcript quantity. 

We tested for a difference in mean Rho values between library construction methods 

using a paired t-test. We also considered Rho separately for abundance quartiles. 

Statistical analysis of stickleback transcripts: How similar are estimates of biological 

RNAs within and between methods? 

We calculated the mean Spearman correlation among TagSeq technical replicates (n = 5, 

calculate Rho for each biological sample and average). We calculated the Spearman 

correlation between stickleback head kidney samples which had been prepared using both 

library construction methods. 

Statistical analysis of inline barcodes: Is the current system for detecting PCR 

duplicates working? 

TagSeq, as presented by Meyer et al. (2011) and here, uses degenerate inline barcodes on 

the 5’ end of each fragment to identify PCR duplicates. We tested for the random 

incorporation of these barcodes with a chisquared test. We also tested for the effect of 

increased GC content within each barcode on the number of times that barcode was 

observed with a Poisson GLM. All statistical analyses were carried out in base R (R 

Development Core Team, 2007). 

Results 

We found that, when fitting a linear model between the expected concentrations of ERCC 

to observed transcript counts, TagSeq had a significantly higher mean adjusted R2 value 
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(R2 = 0.89) than NEBNext® (R2 = 0.80, Figure 1.1, observed ~ expected, paired t-test, t 

= 18.63, d.f. = 3, P < 0.001). Similarly, the rank correlation between observed and 

expected ERCC fragments was consistently higher for TagSeq (mean Rho = 0.94) than 

NEBNext® (mean Rho = 0.87, Figure 1.2, paired t-test, t = 12.20, d.f. = 3, P = 0.001). 

TagSeq showed higher mean Rho values for all abundance classes except the third 

quartile. Most notably, whole mRNAseq performed very poorly in the lowest abundance 

class (relative concentration of 0.014–0.45 attamols/lL), and TagSeq substantially 

outperformed whole mRNAseq in the second abundance class (relative concentration of 

0.92–7.3 attamols/ lL, Figure 1.3). 

With respect to stickleback (noncontrol) transcript counts, the mean Rho among 

technical replicates of TagSeq samples was 0.96. Due to the high cost of NEBNext®   

library generation and sequencing (~$340 per sample), we did not perform technical 

replicates using this method. We found a strong significant positive correlation between 

stickleback gene counts generated with TagSeq and whole mRNAseq (Rho = 0.74, P <  

0.001). This is likely an underestimate of the actual correlation between the two library 

construction methods because whole mRNAseq performs very poorly when RNAs are in 

moderate to low abundance (first and second abundance classes, Figure 1.3). Given that 

9572 loci are in the bottom half of gene counts, even small differences in absolute counts 

between the methods will strongly influence the rank based statistic. 

We also wished to compare our new method with that of the original TagSeq 

protocol, but cannot make a direct comparison with the available samples. Meyer et al. 

(2011) evaluated their accuracy by comparing fold differences in differentially expressed  
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Figure 1.1. Regression of observed vs. expected ERCC transcripts shows TagSeq has 

higher adjusted R2 values for four different biological samples prepared with both methods 

(paired T-test, t = 18.63, df = 3, p < 0.001). 
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Figure 1.2. TagSeq more accurately recovers 

a known distribution of control mRNA 

fragments (ERCC) than whole mRNAseq 

(mean Rho for TagSeq is higher than mean 

Rho for whole mRNAseq, paired T-test, t = 

12.20, df = 3, p = 0.001). 

 

 

 

 

 

Figure 1.3. Breakdown of control 

mRNAs by abundance class shows that 

TagSeq recovers mRNAs better than 

TruSeq, especially at lower abundances. 

Light grey bars are TagSeq, dark grey 

bars are whole mRNAseq. Fences 

indicate standard error.  
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genes (between experimental treatments), whereas we measured accuracy using estimates 

of relative ERCC abundance. Keeping in mind these different benchmarking methods, we 

can draw a rough comparison. The original TagSeq method yielded a correlation of r = 

0.86 between TagSeq estimates of fold-change expression, and qPCR measures of the 

same fold change (a ‘known’ benchmark). In contrast, our protocol yields a correlation of  

Rho = 0.94 between our relative abundance estimates, and the known ERCC relative 

abundances. We infer that the new protocol performs at least as well, and probably better, 

than the previous protocol, at generating expression level estimates that resemble known 

values. 

The iRNAseq pipeline includes the removal of PCR duplicates, which are a 

common problem in many library construction methods (Aird et al. 2011). Any reads which  

meet two criteria are called PCR duplicates and removed: (i) identical in-line barcodes (the 

four degenerate bases at the start of each read), and (ii) the first 30 bases of sequence after 

the in-line barcode are identical. The removal of PCR duplicates substantially reduces the 

number of TagSeq reads in each library (mean reduction of 70.3%, n = 12). However, this 

avoids potential bias introduced by PCR, namely over-representation of smaller fragments. 

We found that inline barcodes were incorporated nonrandomly (Chi Square = 10 500 000, 

d.f. = 63, P = 0.001). We found that increased GC content in the inline barcode significantly 

reduced the number of times a barcode was observed. For every G or C added to the inline 

barcode, the expected value of the number of observed barcodes is reduced by ~2.9% 

(count ~ gcContent, family = poisson, βgcContent = -0.133, P < 0.001). 
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Discussion 

We present a number of methodological improvements to the TagSeq method of Meyer et 

al. (2011), and take the important next step of comparing the new protocol to the 

NEBNext® kit, the industry-standard for whole mRNAseq. Overall, our results illustrate 

that the updated TagSeq method offers researchers the ability to dramatically increase 

sample sizes in gene expression analyses, which will greatly increase statistical power to 

detect subtle differences in transcript abundance than traditional whole mRNAseq 

methods. Furthermore, Tag- Seq promises improved accuracy when measuring medium 

and low abundance RNAs. We speculate that this increase in sensitivity derives from a 

more efficient distribution of reads among loci, probably due to a reduced connection 

between gene length and transcripts counted per locus. In total RNAseq, even if two 

transcripts are expressed at identical levels, random fragmentation and priming leads to 

greater representation of longer fragments in sequencing libraries (Trapnell et al. 2010; 

Roberts et al. 2011). In contrast, TagSeq only primes the 3’ poly-A tail, generating an 

essentially uniform distribution of fragments with respect to original RNA length. 

While TagSeq has been used predominantly in corals (Des Marais et al. 2015; 

Dixon et al. 2015), it should be applicable to nearly all metazoans. However, we caution 

researchers to perform several basic checks during Tag- Seq library construction, most 

especially ensuring the size distribution of RNA fragments is as narrow as possible during 

total RNA fragmentation. We recommend evaluating the results of various total RNA 

fragmentation times via BioAnalyzer. Fragments should be larger than 100 bp and smaller 

than 500 bp (see Appendix S1, Supporting information). Here, we were interested in 
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evaluating the robustness of the TagSeq method for threespine stickleback, and therefore 

sequenced stickleback transcripts more deeply than required for an accurate estimate of 

gene expression across the majority of expressed loci (we generated an average of 10.3 

million raw reads per sample). We recommend that researchers dedicate roughly ~5–6 M 

raw reads per sample if the goal is to measure the top 75% of all expressed mRNAs in a 

sample, as this has produced sufficient gene counts for robust statistical power in an 

invertebrate, a plant and stickleback (M. Matz and T. Jeunger, personal communications). 

In this project, we intentionally under-loaded our TagSeq libraries on the HiSeq 

lane by 15% (0.0017 pmols loaded), anticipating that low base diversity in the 5’ end of 

the fragments (caused by the inline barcode used to detect and remove PCR duplicates) 

would lead to poor clustering. However, quality metrics from the HiSeq run indicate that 

this is not a problem. We observed ~500– 600 clusters per mm2 on each tile, and the 

majority of these clusters passed filtering (low base diversity or overclustering would 

generate large numbers of clusters with few passing filtering). We therefore recommend 

that users load standard amounts of library (or even 10– 20% extra material) on each lane 

of HiSeq (see Appendix S1, Supporting information). Specifically, overloading TagSeq 

libraries may help to increase raw read yield, relative to NEBNext®, which we found to 

optimally cluster when 0.002 pmols were loaded (~1000 clusters per mm2). We also 

emphasize that small fragments need to be removed from TagSeq libraries, as they will 

more easily cluster on the HiSeq, reducing read output. These may be identified by 

BioAnalyzer and removed with additional bead clean-ups. 
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Several of our methodological changes aimed to mitigate the number of PCR 

duplicates, which are artefacts of all PCR-related methods. First, we predicted that 

increasing the degenerate inline barcodes from four to six bases would not only increase 

our ability to detect independent transcripts from PCR duplicates, but also increase base 

diversity on the 5’ end of fragments, thereby increasing the number of clusters passing 

Illumina’s quality filters. However, this alteration did not completely remove the problem 

of PCR duplicates or increase the number of raw reads generated in each lane (data not 

shown). In the future we recommend that protocol users consider adding 3-nitropyrrole to 

the inline barcode region, as this should better randomize which bases are incorporated 

during initial round of PCR (Schweyen et al. 2014). Second, we limited our number of 

PCR cycles to 12. Empirically testing the effects of PCR cycle number on TagSeq accuracy 

was outside the scope of the present study. However, it is widely accepted that the best way 

to limit bias is to reduce the number of PCR cycles during cDNA amplification as much as 

possible (Aird et al. 2011). 

Because TagSeq reads map to relatively small, 3’ regions of genes, when paralogs 

harbour few sequence differences, this method may only be able to distinguish patterns of 

expression at the gene family level. Although it is worth being aware of this limitation, 

paralogy problems are not unique to TagSeq. Quantifying the expression levels of paralogs 

(or copy number variants) can be very difficult; it often necessitates high-quality reference 

genome sequences, and factors such as the frequency, evolutionary age and expression 

differences between duplicated loci can greatly complicate analyses even when whole 

mRNA sequences are available. 
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In summary, we show that the improved TagSeq method has both benefits and 

drawbacks compared to traditional whole mRNA sequencing. While our TagSeq libraries 

did not generate optimal numbers of clusters on the HiSeq platforms, we identify several 

potential solutions to the problem. Regardless of the slightly lower number of raw reads, 

our improved TagSeq method is overwhelmingly more cost effective than whole 

mRNAseq. At maximal efficiency (32 individuals per sequencing lane), our method was 

able to produce highly accurate, transcriptome-wide gene counts for only ~$33 per sample 

(down from Meyer et al. (2011)’s ~$50 per sample), including sequencing costs (HiSeq 

2500 1 9 100 V3 chemistry with ~5.6 M raw reads per sample). This low cost and high 

reliability offers molecular ecologists the opportunity to vastly increase sample sizes and 

increase replication to uncover new patterns in gene expression. 
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Data Accessibility 

Meta data, code for raw read processing, gene counts, code for statistical analysis, and 

plotting of data, BioAnalyzer .XAD files, and HiSeq quality metrics, and detailed protocol 

are located in DRYAD entry:  http://dx.doi.org/10.5061/dryad.vq275  

Raw sequence reads are available on Corral, a permanent data repository with 

multiple, independent backups, located and owned by the University of Texas at Austin 

Texas Advanced Computing Center. Users can download data via ‘wget 

http://web.corral.tacc.utexas.edu/Lohman_et_al_2016/*’ from the terminal. 
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Chapter 2: The role of gene expression in the recent evolution of host resistance in a 

model host parasite system 

ABSTRACT 

Heritable population differences in immune gene expression following infection 

can reveal mechanisms of host immune evolution. We compared gene expression in 

infected and uninfected threespine stickleback (Gasterosteus aculeatus) from two natural 

populations that differ in resistance to a native cestode parasite, Schistocephalus solidus. 

Genes in both the innate and adaptive immune system were differentially expressed as a 

function of host population, infection status, and their interaction. These genes were 

enriched for loci controlling immune functions that we independently verified differ 

between host populations or in response to infection. Coexpression network analysis 

identified two distinct immune processes contributing to resistance; parasite survival and 

suppression of growth. Comparing networks between populations showed resistant fish 

have a dynamic expression profile while susceptible fish are static. In summary, recent 

evolutionary divergence between two vertebrate populations has generated population-

specific gene expression responses to parasite infection, affecting parasite establishment 

and growth. 
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Introduction 

Helminths are a diverse group of parasitic worms, which often establish long lasting 

infections in their vertebrate hosts (Maizels, et al. 2004), despite host immune activity. 

Curiously, in many host-parasite systems, helminths can persist in some host genotypes, 

whereas other hosts successfully eliminate infections. Therefore, a key question in 

biology is, why does parasite resistance differ among host individuals or populations? 

Host resistance depends on a complex signaling cascade, starting with the detection of 

pathogen molecules or pathogen induced damage to host tissues, followed by activation 

of a diverse suite of innate and adaptive immune cell populations. These cells may 

proliferate, migrate, or produce molecules that signal to other immune cells or directly 

attack the parasite. If the infection is cleared, the host must down-regulate this costly 

response (Maizels and Yazdanbakhsh 2003; Maizels, et al. 2004; Anthony, et al. 2007; 

Gause, et al. 2013). Natural genetic variation in host resistance could arise from any of 

these diverse stages of an immune cascade.  

Classically, the search for genes important to host immunity has been conducted 

in the lab using a combination of forward genetic experiments and screens for abnormal 

phenotypes (Beutler, et al. 2006; Beutler, et al. 2007). Such approaches typically identify 

genes in which natural or induced mutations lead to loss of immunological function. In 

contrast, natural selection provides a powerful genetic screen for alleles that confer 

adaptive benefits within the complex ecological milieu in which wild vertebrates evolved 

and currently live, including diverse stresses and coinfections (Beraldi, et al. 2007; 

Schielzeth and Husby 2014). Isolated host populations are often exposed to distinct local 
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parasite species or genotypes, and consequently evolve divergent immune traits. Spatially 

varying coevolution thus leads to adaptive geographic variation in host genotypes and 

corresponding immune traits (Eizaguirre, et al. 2012; Stutz and Bolnick 2016) In contrast 

to lab knock-out screens, this natural genetic variation is more likely to entail genes 

whose alleles confer a change or gain of immune function. Loss of function is of course 

also a possibility, if parasites exploit a given host trait, or if a trait confers insufficient 

benefits to warrant its costs. By identifying these evolutionarily labile genes, biologists 

seek to understand the genetic and immunological mechanisms of vertebrate resistance 

to, and coevolution with, helminth parasites. The genes identified in this manner will be 

of interest not only for what they tell us about the basic biology of host parasite 

interactions, but also as a possible source of new therapeutic strategies for controlling 

parasitic infections or manipulating vertebrate immunity (Geary, et al. 1999; Geary, et al. 

2015).  

One way to identify genes favored by natural selection is to look for evolution of 

gene expression in response to infection. Recent advances in sequencing technology and 

genetic mapping have made this an accomplishable goal (Cookson, et al. 2009; Pasaniuc 

and Price 2016). Previous studies have uncovered variation in gene expression associated 

with disease in rat, mouse, and human populations (Hubner, et al. 2005; Barrett, et al. 

2008; Emilsson, et al. 2008; Wijayawardena, et al. 2016), but few studies have used wild 

populations (Hawley and Altizer 2011; Pedersen and Babayan 2011; Viney, et al. 2015; 

Huang, et al. 2016). These studies are often underpowered, as the historically high cost of 

RNAseq library prep and sequencing limited biological replication (Todd, et al. 2016). 
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Few studies of variation in disease in wild populations have included more than a single 

population (Pedersen and Babayan 2011) or considered the effect of exposure on those 

individuals who did not ultimately become infected. Finally, linking changes in gene 

expression to host immune function requires concurrent measurement of multiple 

immune phenotypes, which are also missing from the majority of existing studies of wild 

populations of hosts. Here, we seek to close this gap by testing the effect of exposure or 

infection on gene expression, using a large number of individuals from two populations 

with independent evidence of immune trait divergence. 

We tested whether host genotype and infection status alter host gene expression, 

using the threespine stickleback fish (Gasterosteus aculeatus) and its native cestode 

parasite Schistocephalus solidus as a model host-parasite system. The cestode’s eggs are 

deposited into freshwater via bird feces, then hatch and are consumed by copepods, 

which are in turn consumed by stickleback. Cestodes mature only in stickleback 

peritoneum, their obligate host, then mate inside the gut of piscivorous birds. This life 

cycle can be recapitulated in the lab, permitting controlled genetic crossing (Schärer and 

Wedekind 1999) and controlled infections among host or parasite genotypes. There is 

naturally occurring variation in cestode infection rates among stickleback populations 

throughout their native range (MacColl 2009; Weber, et al. 2017). This is mirrored by 

differences in expression of a select few immune genes, between wild caught stickleback 

from six populations, and between wild caught fish with versus without cestodes (Lenz, 

Eizaguirre, Rotter, et al. 2013; Stutz, et al. 2015). 
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Recently, Weber et al. identified natural populations of stickleback with 

dramatically different resistance to S. solidus. Marine stickleback, which resemble the 

likely ancestral state for modern freshwater populations, rarely encounter the cestode 

because its eggs do not hatch in brackish water. These fish genotypes are therefore highly 

susceptible to infection in laboratory exposure trials. When marine stickleback colonized 

post-glacial freshwater lakes, they encountered cestodes and evolved increased resistance 

to infection by cestodes (Weber, et al. 2017).  

However, not all derived freshwater populations are equally resistant. On 

Vancouver Island in British Columbia, Gosling Lake (Gos) stickleback are heavily 

infected by cestodes (50 to 80% of fish, per year, from 10 years of observations). In 

contrast, the cestode is absent in stickleback from nearby Roberts Lake (Rob) over the 

same period of time (18 km away)(Weber, et al. 2016). The first host (copepods) and 

terminal hosts (piscivorous birds, mostly loons and mergansers) are common in both 

lakes. Diet data from both lakes shows that Rob and Gos fish consume copepods at an 

equal rate (Snowberg, et al. 2015; Weber, et al. 2016). The difference in infection rates is 

therefore not likely to be merely ecological. Accordingly, (Weber, et al. 2017) used 

experimental infections to confirm that Rob fish are more resistant to infection than Gos 

fish. In the lab, cestodes infect Rob and Gos stickleback at statistically indistinguishable 

rates, but Rob fish greatly reduce cestode growth (by two orders of magnitude). Rob fish 

are able to subsequently kill established cestodes by initiating peritoneal fibrosis which 

sometimes leads to the formation of a cyst and cestode death. While the mechanism 

underlying this cestode growth suppression and killing is uncertain, potential correlates 



 23 

are suggestive. Lab-reared Rob fish (or, F1 hybrids with a Rob dam) have a higher 

granulocyte:lymphocyte ratio following infection. In Rob fish, a higher fraction of the 

granulocytes generate reactive oxygen species (ROS), and these constitutively produce 

more ROS than cells from Gos fish. ROS is thought to damage the cestode tegument, and 

ROS production was negatively correlated with cestode growth. This higher ROS 

production by Rob fish is constitutive rather than induced by infection. 

Given the immune phenotypes that differ between Rob and Gos stickleback, we 

hypothesized that these populations would exhibit constitutive and infection-induced 

differences in gene expression. Furthermore, we expected these differences to involve 

differential expression of immune genes, particularly those involved in ROS production 

and fibrosis. To test these hypotheses, we quantified gene expression of head kidneys from 

lab-reared Rob and Gos stickleback from three treatments: control, exposed but uninfected, 

and infected by S. solidus. We tested for: i) genes whose expression differs constitutively 

between populations, ii) genes which are involved in general responses to cestodes shared 

by both host populations, and iii) genes whose expression depends on the interaction 

between host population and infection status. Genes whose expression depends on an 

interaction between population and infection status are prime candidates for explaining 

how these populations respond differently to cestodes, ultimately resulting in significantly 

different parasite burdens. Additionally, we tested for correlations between modules of 

coexpressed genes and immune phenotypes (e.g. ROS production and 

granulocyte:lymphocyte ratio). The number of correlated suites of genes and their 

correlations with various immune phenotypes can give insight into pathway level 
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phenotypes for further study. In particular, we wish to know whether cestode 

establishment, and cestode growth, are correlated with similar or different gene expression 

modules implying a shared or separate immunological cause. 

Results and Discussion 

We obtained mRNA from the head kidneys of stickleback from three experimental 

groups: unexposed controls (N = 16 and 19, Rob and Gos fish, respectively), exposed but 

ultimately uninfected stickleback (N = 21 and 16), or exposed and infected (N = 17 and 

9) fish. Tissues from the latter two groups were harvested 42 days post exposure. See 

(Weber, et al. 2016) for full experimental methods. We focus on expression in head 

kidneys as it is the major site of immune cell differentiation in fish (Scharsack, et al. 

2004; Fischer, et al. 2006; Scharsack, et al. 2007; Fischer, et al. 2013), and head kidney 

cell cultures were used to measure immune function independently of gene expression. 

Below we present and interpret candidate genes from our linear models (see Table 2.1 for 

summary statistics). 

 

Main effect of population on immune gene expression 

Our negative binomial linear models (see Materials and Methods) identified 643 genes 

that were differentially expressed as a function of stickleback population (Wald, p < 0.1 

after 10% FDR correction; 361 genes after 5% FDR). These main effects of population 

represent genes whose expression differs constitutively between populations (regardless 

of infection status). Because these differences occur in lab-raised fish, they represent  
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Table 2.1. Candidate genes; Ensembl IDs, gene names, log2 fold changes, 10% FDR 

corrected p-values, term in the model for which they are significant, putative function, and 

interpretation. 

 
Ensemble ID Gene 

name 

Log2 

fold 

change 

10% FDR 

corrected 

p-value 

Model 

term 

Putative function 

ENSGACG00000004283 bcl2 0.99 < 0.01 Population ROS production 

ENSGACG00000018044 TRIM14 -1.78 < 0.01 Population Mitochondria 

ENSGACG00000011287 TRIM14 1.26 < 0.01 Population Mitochondria 

ENSGACG00000000336 MHC II 3.67 < 0.01 Population Antigen presentation  

ENSGACG00000017967 MHC II 3.39 < 0.01 Population Antigen presentation 

ENSGACG00000017764 Ndufs8 0.88 < 0.08 Infection ROS production 

ENSGACG00000012552 blvrb 1.14 < 0.07 Infection ROS removal 

ENSGACG00000005065 nfkbiaa -0.49 < 0.07 Infection Inflammation 

ENSGACG00000011155 CD40 -0.38 < 0.1 Infection Macrophage/ROS 

ENSGACG00000015164 fibronectin 0.89 < 0.07 Infection Build cysts  

ENSGACG00000019698 Tspan33 1.04 < 0.07 Infection Helminth immunity 

ENSGACG00000010455 gpx1a -1.86 < 0.07 Interaction ROS removal  

ENSGACG00000015963 cox4i1 0.43 < 0.06 Interaction ROS production 

ENSGACG00000002844 csf1b -1.11 < 0.08 Interaction Macrophage activation 

ENSGACG00000019078 cxcl19 -1.17 < 0.06 Interaction B-cell targeting 
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heritable between-population differences in RNA abundance. Because we measured gene 

expression from the entire head kidney, expression differences could reflect evolved 

changes in gene regulation per cell, changes in cell population composition, or both). A 

caveat is that because we used first-generation lab-reared fish, we are as yet unable to 

rule out maternal or other epigenetic effects. However, comparison of Rob, Gos, and 

reciprocal F1 hybrids revealed little evidence for maternal effects on infection outcomes 

or immune traits (with the exception of granulocyte:lymphocyte ratio)(Weber, et al. 

2016). So, we consider maternal effects unlikely for most of the differentially expressed 

genes documented here. 

Previous studies have considered the effect of genotype on changes in stickleback 

immune gene expression in controlled lab infection experiments. However, these results 

are conflated with other factors such as environment (i.e., comparing wild-caught lake, 

stream, and estuary stickleback) and multiple exposures to parasites (Lenz, Eizaguirre, 

Rotter, et al. 2013). Host genotype was also considered in an experimental infection of 

honeybees, revealing significant host genotype effects on both gene expression and 

infection phenotypes (Barribeau, et al. 2014). Furthermore, host genotype effects could 

be potentially very important in mosquito-malaria interactions, including a unique 

example of dual-species trancriptomics (Choi, et al. 2014). Clearly host genotype effects 

in marcroparasite infection are worthy of future study. 

Gene ontogeny (GO) showed that these differentially-expressed genes are 

significantly enriched for several categories related to mitochondrial respiration, which 

can affect ROS production (Figure 2.1, cellular components, Mann-Whitney U, p < 0.01  
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Figure 2.1. Linear modeling reveals differences between populations and by infection 

status (all genes p < 0.1 after 10% FDR correction). Genes which are differentially 

expressed between Rob and Gos are enriched for mitochondrial respiration (cellular 

components, Mann-Whitney U, p < 0.01 after 10% FDR correction). GO categories in 

red are upregulated, while blue indicates downregulated, relative to Gos. Numbers 

indicate significant genes present in these data / total genes in category. 
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after 10% FDR correction). Rob lake fish also have higher expression of B-cell 

lymphoma 2 (bcl2, ENSGACG00000004283, log2foldchange = 0.99, Wald p < 0.01 after 

10% FDR correction), a mitochondrial membrane protein which mediates the release of 

ROS-producing cytochrome C into the cell and promotes cell survival in the presence of 

oxidative stress (Martindale and Holbrook 2002). We observed significant differences in 

expression of two copies of another mitochondrial adaptor, tripartite motif 14 (TRIM14). 

Surprisingly, expression of each gene copy changes in opposite direction between the two 

host populations (ENSGACG00000018044: log2fold change = -1.78, Wald p < 0.01 after 

10% FDR correction, ENSGACG00000011287: log2fold change = 1.26, Wald p < 0.01 

after 10% FDR correction). TRIM14 is part of the innate immune system (Zhou, et al. 

2014), and has been shown to be under balancing selection among other populations of 

stickleback (Hohenlohe, et al. 2010). While the majority of differences in TRIM14 

expression are constitutive population effects, there is a single copy depends on an 

interaction between population and infection status (see below). Together, the population 

differences in ROS-associated gene expression supports our observation of significantly 

greater ROS production in Rob stickleback. It is important to note that these genes are 

differentially expressed between populations regardless of infection status, consistent 

with prior observations that ROS production is constitutive, insensitive to infection status 

(Weber, et al. 2016). 

Major histocompatibility complex II (MHC II) is a key element of the adaptive 

immune system, involved in pathogen recognition.  Regardless of infection status, Rob 

fish have higher MHC II expression than do Gos fish, for two different copies of MHC II 
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(ENSGACG00000000336: log2fold change = 3.67, Wald p < 0.01 after 10% FDR 

correction, ENSGACG00000017967: log2fold change = 3.39, Wald p < 0.01 after 10% 

FDR correction). This difference in transcript abundance could be due to changes in the 

relative abundance of antigen presenting cells (APCs) such as macrophages, which 

express MHC II (Murphy 2011). To test this possibility we tested another statistical 

model to determine whether variance-stabilized expression of each MHC copy covaried 

with the proportion of granulocytes (as opposed to lymphocytes) in a head kidney 

primary cell culture, controlling for population and infection status. Rob fish have 

relatively more granulocytes when infected (Weber, et al. 2016), so we expected a 

positive correlation between MHC II expression and granulocyte production. Instead, the 

correlation was negative (ENSGACG00000000336: β = -0.0262, t = -1.76 

ENSGACG00000017967: β = -0.022, t = -1.98). Our working model to explain this result 

is that Rob fish have constitutively higher abundance of MHC II in their head kidneys 

because they have higher numbers of antigen presenting cells regardless of infection 

status. When challenged by cestodes, Rob fish initiate a strong innate immune response, 

proliferating granulocytes but not antigen presenting cells. This infection-dependent 

proliferation of non-APC granulocytes may dilute the relative abundance of MHC 

transcript, resulting in the observed negative correlation between MHC and granulocyte 

abundance. 

Previous work has focused on the role of MHC allelic variation in stickleback-

parasite interaction, resistance, and local adaptation (Kurtz, et al. 2004; Wegner, et al. 

2006; Lenz, Eizaguirre, Kalbe, et al. 2013). However, most of this work centers on MHC 
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allelic composition and its correlation to infection and growth phenotypes (as a proxy for 

fitness). Many fewer studies quantify expression of MHC alleles. One study noted 

increased expression of MHC II in wild fish which were more heavily parasitized, 

especially when MHC allele diversity was low (Wegner, et al. 2006). However, only a 

single population of fish was considered, so our discovery of significant effect of 

population (Rob vs. Gos) on MHC II expression is therefore novel. It is important to note 

that stickleback have more than two copies of MHC II. Previous sequencing efforts have 

suggested that stickleback have between 4 and 6 copies of MHC II (Sato, et al. 1998; 

Reusch, et al. 2004; Reusch and Langefors 2005). Because TagSeq does not sequence the 

entirety of the mRNA, we cannot distinguish all MHC haplotypes present in individual 

fish. It is therefore possible that differences in expression of the two variants described 

here is due to altered regulation of only particular alleles or paralogs. 

 

Transcriptomic response to exposure or infection 

Surprisingly, no genes differed between control versus exposed-but-uninfected fish 

(Wald, p > 0.1 after 10% FDR correction). This could be because resistant fish quickly 

mounted a response to the cestode, eliminated the parasite, and then down-regulated 

immune function by our 42-day sample date. Or, early-acting resistance to the cestode 

may involve physical or chemical barriers to entry that entail constitutive gene expression 

or non-genetic effects (e.g., gut epithelial mucous, protective symbiotic bacteria, etc). 

Finally, early-stage infections may induce localized immune responses in the intestinal 

epithelium or peritoneum that are not reflected in head-kidney gene expression. 
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Once the cestode establishes in the peritoneum, however, it induces some shared 

changes in gene expression of all host genotypes. We identified 64 genes that were 

differentially expressed between control and infected fish (Wald, p < 0.1 after 10% FDR 

correction), across both host genotypes. Several of these genes are promising candidates 

because of their known role in host immunity. For example, infected fish increase 

expression of ndufs8, a component of complex I which is the main ROS producer in cells 

(ENSGACG00000017764: log2fold change = 0.88, Wald p < 0.08 after 10% FDR 

correction) (Procaccio, et al. 1997). Other subunits of complex I are more highly 

expressed in Rob fish regardless of infection status, consistent with their higher 

constitutive production of ROS. Therefore, ndufs8 may be particularly important in 

regulating the induction of ROS in response to infection, because it is the only complex I 

subunit upregulated upon infection. ROS are reduced when they act on their targets, and 

the raw materials can be recycled through the biliverdin/billiruben redox cycle 

(Barañano, et al. 2002). Infected fish from both populations have higher levels of blvrb 

(biliverden reductase B), one of the two enzymes in this ROS-recycling system 

(ENSGACG00000012552: log2fold change = 1.14, Wald p < 0.07 after 10% FDR 

correction). This up-regulation should facilitate removal of ROS that may limit damage 

to host tissues, or facilitates subsequent ROS production. 

Another important aspect of ROS-based immunity is the associated inflammation. 

Infected fish have decreased expression of nfkbiaa (nuclear factor kappa light 

polypeptide gene enhancer in B-cell inhibitor alpha a), which interacts with NF-kB to 

inflammation (ENSGACG00000005065: log2fold change = -0.49, Wald p < 0.07 after 
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10% FDR correction). Nfkbiaa inhibits the pro-inflammatory NF-kB by either preventing 

NF-kB proteins from entering the nucleus, where they are active, or by blocking NF-kB 

transcription factor binding sites. NF-kB activation by TNFa or LPS reverses this binding 

and allows NF-kB to activate expression of pro-inflammatory genes (Verma, et al. 1995). 

Thus, decreased nfkbiaa expression suggests an increased inflammatory response 

following successful infection.  

Infected fish also have a slight decrease in expression of CD40 

(ENSGACG00000011155: log2foldchange = -0.38, Wald p < 0.1), a co-stimulatory 

molecule expressed on dendritic cells, macrophages, and B-cells, which activates T- and 

B-cells (Murphy 2011). Previous studies have suggested that helminths could potentially 

suppress stickleback adaptive immunity (Scharsack, et al. 2007), and the downregulation 

of CD40 is one plausible mechanism. Alternatively, fish with inherently lower CD40 

expression may be more susceptible to infection. This raises a broader question that we 

are not yet able to answer, but which warrants further study: to what extent are the 

expression differences between infected and control fish a result of host immune response 

or parasite immune suppression? 

CD40 expression is not limited to immune cells, but can also be expressed in 

fibroblasts (Grewal and Flavell 1998), so its precise function in stickleback infection by 

cestodes is unclear. This dual role is intriguing because fibroblast activation is associated 

with the formation of fibrotic cysts that encapsulate cestodes (Zeisberg, et al. 1999). 

These cysts likely restrict cestode movement and concentrate ROS while limiting damage 

to host tissues. Recall that this is a population specific defense, exhibited by Rob but not 
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Gos fish (Weber, et al. 2016), and in this statistical contrast the effect of population is 

averaged. In addition to changes in CD40, our linear model identified an increase of 

expression of fibronectin in infected Rob fish, which contributes to fibrinogen production 

to build cysts (Gratchev, et al. 2001; Anthony, et al. 2007) (ENSGACG00000015164: 

log2fold change = 0.89, Wald p < 0.07 after 10% FDR correction).  

Adaptive immune system genes also respond to cestode infection. Tspan33 has 

recently been shown to be a marker for activated B-cells in vertebrates (Hevezi, et al. 

2013; Perez-Martinez, et al. 2015). The presence of activated B-cells indicate the host 

immune system has recognized the parasite and is actively mounting a defense. In our 

study, infected fish show higher levels of tspan33 compared to controls 

(ENSGACG00000019698: log2fold change = 1.04, Wald p < 0.07 after 10% FDR 

correction). Increased expression of tspan33 in infected fish is consistent with increased 

activation of B-cells, an integral part of the adaptive immune response. 

 

Genotype by infection interactions 

The higher resistance to S. solidus infection in Rob compared to Gos stickleback could be 

due to constitutive differences in gene expression (as documented above), or differences 

in the induced immune response to infection. The latter can be detectable via interactions 

between host genotype and infection status. Linear modeling results identified 16 genes 

significant for this interaction (Wald p < 0.1 after 10% FDR correction). Most of these 

genes are known to affect the immune traits that (Weber, et al. 2016) already showed are 

divergent between Rob and Gos fish. For example, glutathione peroxidase 1a (gpx1a) is 
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an enzyme that degrades hydrogen peroxide, a type of ROS, into glutathione and water 

(Turrens 2003). Expression of gpx1a in Gos fish increases upon infection, and therefore 

should tend to decrease the amount of ROS (hydrogen peroxide) available to defend 

against cestodes (ENSGACG00000010455: log2foldchange = -1.86, Wald p < 0.07 after 

10% FDR correction). We speculate that this proactive down-regulation upon infection 

might be a tolerance response to mitigate autoimmune damage by Gos fish, which are 

commonly infected and therefore might not be able to tolerate a strong ROS response. 

The cytochrome c complex produces ROS (Turrens 2003), and we see increased 

expression of Cytochrome c oxidase subunit IV (cox4i1) in Rob fish that are infected, 

while Gos fish decrease expression (ENSGACG00000015963: log2foldchange = 0.43, 

Wald p < 0.06 after 10% FDR correction). This gene expression data is consistent with 

our phenotypic data showing that Rob fish have more ROS producing macrophages than 

Gos fish, and more ROS per cell. This cox4il up-regulation in Rob fish may be amplified 

by population differences in bcl2 (see above). Oddly, we do not observe a significant 

infection-induced increase in ROS production in fish of either genotype. This discrepancy 

may reflect our head-kidney cell-culture based ROS assay, which does not rule out 

changes in ROS in vivo or in other tissues. 

The one contrary result involves colony stimulating factor 1b (csf1b), a paralog of 

csf1/mcsf, a well-studied regulator of monocytes in mammals (Akagawa, et al. 2006). 

csf1 increases the production of head kidney leukocytes (which includes granulocytes) in 

trout (Oncorhynchus mykiss)(Wang, et al. 2008). In our study, csf1b is downregulated in 

infected Rob fish even though they have more granulocytes (which includes 
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macrophages) relative to either Gos fish or to uninfected Rob fish 

(ENSGACG00000002844: log2foldchange = -1.11, Wald p < 0.08 after 10% FDR 

correction). This discrepancy may be resolved by recognizing that we examined a single 

time point post-exposure. It is likely that Rob fish initially increase csf1b or another gene 

to drive the granulocyte proliferation that we observe after infection. The down- 

regulation of csf1b 42 days after infection could be a homeostatic mechanism to suppress 

further macrophage proliferation, after they already reached sufficient abundance. Further 

time series analyses would be necessary to resolve this hypothesis. 

Finally, adaptive immune system genes also exhibit population specific responses 

to infection. Activated B-cells are critical to mounting an adaptive immune response, and 

they are targeted by various cytokines (Murphy 2011). When challenged by cestodes, 

Rob fish increase expression of C-X-C motif chemokine ligand 19 (cxcl19). In contrast, 

cestode infection reduces cxcl19 expression in Gos fish, which otherwise exhibit 

constitutively higher expression than Rob fish (ENSGACG00000019078: log2foldchange 

= -1.17, Wald p < 0.06 after 10% FDR correction; Fig 2). Ligands with this motif induce 

migration of leukocytes (Belperio, et al. 2000). Literature on cxcl19 is rare, but it has 

been suggested that the zebrafish cxcl19 gene is orthologous to Il-8, a major mediator of 

leukocyte migration to sites of inflammation (Wang, et al. 2008). Regardless of whether 

cxcl19 is involved specifically leukocyte trafficking to sites inflammation or increasing 

migration of leukocytes in the absence of inflammation, both of these immune 

mechanisms could play an important role in defense against cestodes. 

 



 36 

Expression – trait covariance 

We tested for correlations between patterns of gene expression and immune/cestode 

phenotypes using weighted gene co-expression network analysis (WGCNA). WGCNA 

provides an unbiased data-driven hierarchical clustering of genes with similar expression 

patterns, thereby reducing the number of genes under consideration (reduced multiple test 

correction) and identifying functionally similar gene modules which can be used for 

further statistical analysis (Langfelder and Horvath 2008). WGCNA is a more appropriate 

analysis for incorporating additional immune phenotype data that was collected during 

the infection experiment not only because of its continuous nature (vs. the categorical 

predictors of population and infection status) but also because the correlation between 

suites of co-expressed genes and traits is estimated independently for each trait, rather 

than simultaneously (as under the linear modeling framework), resulting in lower 

unexplained variance to be assigned to other traits. We used a two-step process, first 

looking for general pathways and subsequent correlations to phenotypes by using all 

samples to construct a signed network. Second, we tested for genotype-dependent 

network structure and module-trait correlation by building signed networks for each 

population of stickleback. The latter case may be especially pertinent if the regulation of 

gene expression plays a strong role in the genotype dependent response to infection. To 

explore this, we calculated module similarity between the Rob and Gos signed networks 

as the fraction of genes shared between any two given modules. 

When all samples were combined to build a single signed coexpression network, 

WGCNA analysis revealed modules that were correlated with host population, ROS 
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production, infection status, number of cestodes, total cestode mass, the density of cells 

in host head kidney, the frequency of granulocytes/lymphocytes, the fraction of cells 

gated into various subpopulations including precursors, myeloid, and eosinophils, and 

finally, host families (data not shown, but this highlights the need to include family as a 

nested factor in the linear modeling of DESeq2).  

Population differences are mainly captured by the turquoise, green, magenta, and 

greenyellow modules, with lesser contributions by the blue and red modules (Figure 2.3). 

These population-dependent modules have connections to population-dependent 

phenotypes such as ROS production. For example, top kME genes in the turquoise 

modules (positive correlation with Rob) include ROS producing cytochrome c oxidase 

genes and ROS recycling gpx1a (Figure 2.2). Together, we would expect the action of 

these genes to increase ROS levels. As expected the turquoise module has a positive 

correlation with ROS production (r = 0.36 p = 2e-4, Figure 2.3). 

Some module-trait correlations reinforce prior inferences about the 

immunological basis of stickleback resistance to the cestode. For example, the black 

module has modest to strong correlations with infection status, cell population 

phenotypes including density of all cells, precursors, and myeloids but is not correlated to 

ROS production (r = 0.13 p = 0.2, Figure 2.3). In contrast, the magenta and greenyellow 

modules are correlated with ROS production and also with cestode size, but much less so 

with cell population phenotypes and not at all with infection status (Figure 2.3). These 

observations imply that stickleback prevention of cestode establishment, and suppression  
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Figure 2.2. ROS production and B cells respond to infection by cestodes, both in a 

population independent, and dependent manner. Y axis is variance stabilized data, the 

product of log transforming and library size correcting raw gene counts. C = control, E = 

exposed, I = infected. Black lines are Rob and magenta lines are Gos. 
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Figure 2.3. Weighed coexpression gene network analysis suggest that host response to 

cestodes involves two traits, the initial immune response (salmon, purple, black, yellow, 

brown) and the control over parasite growth (magenta and greenyellow). Each cell 

indicates the correlation between the module and the p-value for that correlation (in 

parentheses). Correlations weaker than 0.07 were omitted. 
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of cestode growth, entail two distinct immune pathways (innate response and ROS 

production, respectively).  

The magenta module has a modest, but strongly significant correlation to the 

fraction of cells that are eosinophils (r = 0.28, p = 0.005). A recent review highlighted the 

importance of eosinophils in host-helminth interactions. Specifically, at the site of host 

tissue damage, eosinophils are primed by fibronectin, and produce a variety of proteins 

which are toxic to helminths. Furthermore, the diversity of eosinophil cell surface 

receptors makes them central to mediate the inflammation response. Finally, helminths 

appear to have a number of anti-eosinophil proteins which both evade and dampen host 

response to the presence of helminths (Shin, et al. 2009). 

Constructing separate signed coexpression networks for each population reveals 

dramatic differences in network structure. Using the same construction parameters for 

each population, the Rob network resembles the combined population network, showing 

strong module-trait correlations for worm size, cell population phenotypes, ROS 

production, and sex across many different modules. In stark contrast, the Gos network is 

much more static, with only a subset of traits which were previously significant 

correlated to a single module. Overall, Gos fish have many fewer total modules and 

correlations between modules and traits are much weaker. To estimate relationships 

between networks we calculated module similarity between every pair of Rob and Gos 

modules by shared gene membership. Broadly, large modules in Gos are split into many 

smaller modules in Rob. Thus, we conclude that there are two possible outcomes: 1) the 

Rob fish have evolved a more modular and dynamic repertoire of expression with which 
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to fend off cestodes, or 2) the Gos fish evolved to maintain constitutive gene expression 

in response to cestodes, instead adopting a tolerance strategy (see Figures 2.4-2.6 

materials for population specific module-trait heat maps and module similarity heat map). 

Our WGCNA results confirm observed population differences in immune 

function and patterns of gene expression in the linear modeling. Furthermore they support 

our hypothesis that there are two traits involved in stickleback resistance to cestodes: 1) 

innate immune response to prevent cestode establishment and 2) limiting worm growth 

once cestodes become established. These two traits separate into distinct modules of gene 

expression, each enriched for genes with immunological function matching a priori 

expectations. This two trait perspective refines the question of variation in cestode 

prevalence among stickleback populations from by focusing attention on early and late 

stage infection. Future studies will be needed to describe the full time-series of gene 

expression as exposure and infection proceeds in these study populations, and to establish 

directionality of the interaction between cestodes and stickleback. While others have 

argued that cestodes are the primary drivers of coevolution (Scharsack, et al. 2007), only 

by sequencing both host and parasite mRNAs can we hope to detail this interaction at the 

molecular level. Host genotype by parasite genotype interactions offer a promising 

opportunity for further study. Such GxG interaction was recently described in the 

stickleback-cestode system, but only documented growth phenotypes, and did not attempt 

to describe the genetic basis for such traits (Kalbe, et al. 2016). We maintain that this 

type of study provides a means to identify evolutionarily labile genes which underlie 
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beneficial shifts in immune function across the geographic mosaic of host-parasite 

coevolution. 

 

Summary: 

Using a large scale controlled laboratory infection experiment, we find changes in gene 

expression between two host populations, and as a function of infection status. For a 

smaller portion of genes, the expression response to infection differed between the two 

host populations. These findings are consistent with observations of host immune 

function in said infection experiment (Weber, et al. 2016). ROS production and recycling, 

B cell activation and targeting, and fibrosis appear to play important roles in stickleback 

defense against cestodes. Our analysis also suggests that host resistance involved two 

components; response to challenge by cestodes, and control over cestode growth. 

Furthermore, differences in coexpression networks between populations suggest that 

either Rob fish have evolved a more elaborate expression profile or that Gos fish are 

shutting down expression to tolerate cestodes. Our results not only suggest a mechanistic 

link between host immune phenotypes and candidate genes, but also provide the 

foundation for studying the direct effects of host alleles on parasite fitness. 

Materials and Methods 

Sample collection, sequence library construction, and analysis of flow cytometry data: 

Stickleback samples were generated as part of a large lab infection experiment (Weber, et 

al. 2016). Briefly, head kidneys were dissected from stickleback and preserved in 
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RNAlater at -20ºC. Libraries were constructed according to (Lohman, et al. 2016). 

Samples were sequenced on the Illumina HiSeq 2500 at the Genome Sequence and 

Analysis Facility at the University of Texas at Austin, producing ~6.7M raw reads per 

sample. See (Weber, et al. 2016) for ROS and flow cytometry methods. Flow cytometry 

data was analyzed using FlowJo software (Treestar). Granulocyte and lymphocyte 

populations were defined based on gating described in (Weber, et al. 2016). Precursor, 

myeloid, and eosinophil populations were defined using gating as described in (Wittamer, 

et al. 2011).  

 

Bioinformatics:  

TagSeq reads were processed according to the iRNAseq pipeline (Dixon, et al. 2015), 

using version 79 of the stickleback transcriptome from Ensemble, producing 9077 genes 

among all samples. Transcriptome annotations were based on the UniProtKB database 

(http://www.uniprot.org/help/uniprotkb) and followed previously described procedures 

(Dixon, et al. 2015). Code for the iRNAseq pipeline can be found here: 

https://github.com/z0on/tag-based_RNAseq. Code for the annotation pipeline can be 

found here: https://github.com/z0on/annotatingTranscriptomes.  

 

Statistical analysis with DESeq2: 

We scanned for outliers using arrayQualityMetrics (Kauffmann, et al. 2009) and removed 

1 sample because of insufficient read depth. (final N = 98). To test for differential gene 

expression we used the following model in DESeq2: 

http://www.uniprot.org/help/uniprotkb
https://github.com/z0on/tag-based_RNAseq
https://github.com/z0on/annotatingTranscriptomes
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𝑌𝑖𝑗  ~ 𝛽𝐵𝑎𝑡𝑐ℎ + 𝛽𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 + 𝛽𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛𝑆𝑡𝑎𝑡𝑢𝑠 +  𝛽𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛∗𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛𝑆𝑡𝑎𝑡𝑢𝑠 +  𝜀𝑖𝑗     (1) 

where Yij is the count of gene i in individual j, βPopulation is a fixed effect with two levels: 

Rob and Gos, βInfectionStatus is a fixed effect with three levels: control, exposed (but not 

infected), and infected, and full-sibling families are nested within populations. βBatch is 

the lane on which samples were sequenced. An additional predictor βSex was included for 

genes when appropriate (lower AIC score), and improved the model fit of 839 genes 

total. We fit the full model (including sex) to all genes and then extracted only the 839 

that were improved by the addition of sex and looked for significant p values for main 

effects and interactions. With the full model, 67 of these ‘sex improved’ genes were 

significantly different between populations. No genes were significant for either exposure 

or infection, and 1 gene was significant for the interaction of population and infection 

status (myosin 5ab, ENSGACG00000006025: log2foldchange = 2.98, Wald p = 0.07).  

All p-values were multiple test corrected using 10% FDR. Although fish from the 

controlled infection experiment were exposed to three different parasite genotypes (each 

family exposed to only one parasite genotype), we are only interested in the host response 

to any parasite, and therefore average across parasite genotypes by simply not including 

this as a term in our linear model. 

 

Gene Ontogeny with GO_MWU: 

We used the Mann-Whitney U test for GO analysis. This approach has been described 

(Wright, et al. 2015) and the code for analysis can be found here: 

https://github.com/z0on/GO_MWU 

https://github.com/z0on/GO_MWU
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Weighted coexpression gene network analysis: 

Raw read counts were normalized using limma (Ritchie, et al. 2015) for input into 

WGCNA (Langfelder and Horvath 2008). Following the walkthrough in (Langfelder and 

Horvath 2008), we built a signed network with a soft thresholding power of 7, and a 

minimum module size of 30 genes. Following dynamic tree cut, we merged modules with 

greater than 80% similarity, producing 14 modules. We separated Rob and Gos samples 

and repeated this process with the same parameters. 

 

Caveats and limitations: 

Our study flips the traditional search for immune candidate genes from inbred lab strains 

to wild populations, using historical natural selection as a tool to screen for changes in 

gene expression associated with parasite infection. While our host-parasite model system 

is powerful, it does have some limitations. The reference genome is of generally good 

quality but annotation is lacking (approximately 22.5% of the entries in the stickleback 

genome are either unnamed or labeled as novel genes). Thus, GO analysis is performed 

after assigning GO accession terms by BLAST homology, rather than functional 

verification, a common solution for non-model systems. The features of the stickleback 

genome may be missing potentially interesting immunological genes which are 

sufficiently diverged from human or mouse genes and therefore may be unannotated. In 

particular, the number and location of MHC II paralogs remains uncertain, illustrating 

need for genome sequence improvement. 
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Our linear modeling with DESeq2 employs appropriate FDR correction, but we 

choose to accept higher than ‘standard’ p-values associated with LFC because of the 

direct connection between candidate genes and independently observed immune 

phenotypes. If, for example, we had not measured immune phenotypes, we would not 

accept log2 fold changes in expression with associated p-values greater than 0.05 but less 

than 0.1. Furthermore, we chose a very low base min mean filter because we have high 

confidence in detecting lowly expressed genes (Lohman, et al. 2016). We also wished to 

include more genes in our enrichment analysis and this also detracts from our power due 

to multiple test correction. We accordingly accept slightly larger than normally allowed 

p-values. Our TagSeq based approach has been shown to be at least as good as total 

RNAseq methods (having an equal or higher correlation between observed and known 

values of a spike in control), but does not account for splice variants or copy number 

variation, which may be potentially important in the evolution of immune responses.  

Our study used tissue from a single organ (head kidneys) for both gene expression and 

immune phenotype measures. Head kidneys are a crucial hematopoetic organ in fish, but 

analysis of other tissues may produce different results. Moreover, head kidneys contain 

multiple immune cell populations that we are unable to sort effectively for cell-type-

specific expression studies. We do use cell population counts (proportion granulocytes 

versus lymphocytes) as a covariate, which as noted for MHC weakly contributes to 

expression variation of a few genes. But, lacking monoclonal antibodies to many immune 

cell receptors in stickleback, we cannot readily distinguish among finer subdivisions of cell 
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types. This resource limitation, typical of most non-model organisms, limits our ability to 

statically detect effects of cell population composition on expression. 
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Figure 2.4. Module-trait correlations based a signed network of only Rob fish.  
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Figure 2.5. Module-trait correlations based a signed network of only Gos fish.  

 

  



 50 

Figure 2.6. Comparison of module membership between signed networks built from Rob 

only and Gos only fish. 
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Chapter 3: Gene expression stasis and plasticity following migration into a foreign 

environment 

ABSTRACT 

Selection against migrants is key to maintaining genetic differences between populations 

linked by dispersal. However, migrants may mitigate fitness costs by proactively choosing 

among available habitats, or by phenotypic plasticity. We previously reported that a 

reciprocal transplant of lake and stream stickleback (Gasterosteus aculeatus) found little 

support for divergent selection. We revisit that experiment to test whether phenotypic 

plasticity in gene expression may have helped migrants adjust to unfamiliar habitats. We 

measured gene expression profiles in stickleback via TagSeq and tested whether migrants 

between lake and stream habitats exhibited a plastic response to their new environment that 

allowed them to converge on the expression profile of adapted natives. We report extensive 

gene expression differences between genetically divergent lake and stream stickleback, 

despite gene flow. But for many genes, expression was highly plastic. Fish transplanted 

into the adjoining habitat partially converged on the expression profile typical of their new 

habitat. This suggests that expression plasticity may soften the impact of migration. 

Nonetheless, lake and stream fish differed in survival rates and parasite infection rates in 

our study, implying that expression plasticity is not fast or extensive enough to fully 

homogenize fish performance. 
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Introduction 

What happens to an organism when it moves into a new habitat? Populations in disparate 

environments commonly exchange migrants. These migrant individuals are exposed to 

unfamiliar abiotic conditions and biotic communities to which their phenotypes may be 

poorly suited (Lenormand 2002; Kawecki and Ebert 2004; Hereford 2009). Migrants can 

be maladapted to their new habitat because they inherited alleles that were selectively 

favored in their native range but are untested by selection in their new habitat (Nosil, et 

al. 2005). Or, migrants’ traits may have been shaped, during ontogeny, by their native 

environment (Davis and Stamps 2004; Stamps and Davis 2006). Either way, migrants’ 

poor fit to their new habitat may frequently result in reduced survival, fecundity, or 

mating success (Hereford 2009). This selection against migrants is key to maintaining 

genetic differences between populations linked by dispersal (Lenormand 2002; Nosil, et 

al. 2005). Yet, migrants may evade selection in two ways. First, they can proactively 

choose among available habitats to avoid environments to which they are mismatched 

(Edelaar, et al. 2008; Edelaar and Bolnick 2012). Or, migrants may plastically alter one 

or more phenotypic traits to acclimate to a new habitat (Ghalambor, et al. 2007; López-

Maury, et al. 2008; Davidson, et al. 2011). 

Plasticity is most frequently measured as change in phenotype in response to an 

environmental change. Reciprocal transplants or common garden experiments have been 

successful at partitioning the relative contributions of heritability versus plasticity for a 

myriad of ecologically relevant traits (Conover and Present 1990; Pfennig 1992; 

Schlichting and Pigliucci 1998; West-Eberhard 2003). A meta-analysis of 258 studies on 
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marine invertebrates strongly suggests that phenotypic plasticity in dispersal may evolve 

as a consequence of high habitat heterogeneity (Hollander 2008). A limitation of this 

literature, however, is a tendency to focus on readily-measured phenotypic traits (e.g., 

morphology and size), which may not be the most crucial traits for migrants’ fitness, and 

which may not be representative of plasticity for other more subtle yet important traits. 

Gene expression profiling offers a much broader approach to assay the response 

of an individual to both abiotic and biotic stressors. Unlike phenomics, transcriptomics is 

not limited to a priori hypotheses regarding specific traits, and not only allows for trait 

but also pathway discovery. However, because of the substantial cost of transcriptomic 

analyses, there are few studies of transcriptome-wide plasticity in natural settings, and 

most of these have very limited biological replication (Todd, et al. 2016). Other studies 

have achieved higher replication (and thus power) by testing for plasticity of just a few 

candidate genes. For example, Stutz et al. (2015) showed that stickleback fish 

transplanted between lakes converged strongly to resemble the immune gene expression 

profile of natives of their new environment, indicating strong plasticity for a small set of 

seven genes (Stutz, et al. 2015). But, is this plasticity particular to immune genes, or is it 

representative of gene expression across the transcriptome? We expect that the whole 

transcriptome may respond in one of three general patterns: 1) a large stress response, 2) 

a lack of response, suggestive of a tolerance strategy, or, 3) a plastic response that may 

ameliorate selection. 

Here, we describe how the stickleback transcriptome responds to an unfamiliar 

environment. We recently conducted a reciprocal transplant of threespine stickleback, 
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moved between adjacent but contrasting lake and stream habitats. That study found little 

evidence of divergent selection: immigrants and residents grew and survived equally 

well, and had similar average parasite loads and diversity (Bolnick and Stutz in press). 

Here, we present a study of the sticklebacks’ transcriptomic response to this 

transplantation. Specifically, we tested for i) baseline differences in gene expression 

between natives of each habitat, ii) differences in gene expression associated with being 

moved from one habitat to another, and iii) convergence in expression profiles between 

native and transplanted individuals.  

The threespine stickleback fish (Gasterosteaus aculeatus) offers an opportunity to 

study plasticity of both phenotypes and gene expression. Across Vancouver Island, 

British Columbia, there are many replicate pairs of lake and stream stickleback 

(Thompson, et al. 1997; Hendry, et al. 2002). These parapatric lake and stream 

populations are typically genetically and phenotypically divergent (Roesti, et al. 2012; 

Feulner, et al. 2015; Weber, et al. 2017). These phenotypic differences persist to some 

degree in constant laboratory settings indicating there are heritable differences (Oke, et 

al. 2016)[for other common garden studies of phenotypic plasticity see (Kalbe and Kurtz 

2006; Scharsack, et al. 2007; Berner, et al. 2011; Jiang, et al. 2016) . Adjoining lake and 

stream environments differ in both abiotic and biotic conditions including flow regime, 

oxygen concentration, habitat structure, resource availability, prey composition, and 

parasite communities (Berner, et al. 2009; Kaeuffer, et al. 2012; Lenz, et al. 2013; Stuart, 

et al. in press). The magnitude and direction of environmental differences between a lake 

and its outlet stream effectively predicts the direction of phenotypic differentiation 
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between lake and stream resident stickleback (Stuart, et al. in press). The implication, 

invoked by many studies of lake and stream stickleback (summarized in (Weber, et al. 

2017)), is that environmental differences drive divergent selection on lake and stream 

stickleback. 

To test for this inferred selection, multiple studies have transplanted lake and 

stream stickleback into their native and neighboring habitats, measuring whether 

residents systematically outperform immigrants in a variety of measures (survival, 

growth, infection)(Hendry, et al. 2002; Bolnick 2004; Scharsack, et al. 2007; Hanson, et 

al. 2016; Moser, et al. 2016; Kaufmann, et al. 2017; Bolnick and Stutz in press). 

However, these experiments yielded surprisingly inconsistent evidence for divergent 

selection (summarized in extended data of (Bolnick and Stutz in press)). Why is 

divergent selection rarely observed (but see (Hendry, et al. 2002; Kaufmann, et al. 2017), 

despite evidence of phenotypic divergence? Several recent papers discuss the possibility 

of habitat choice helping to maintain lake-stream differences (Bolnick, et al. 2009; Berner 

and Thibert‐Plante 2015; Jiang, et al. 2015; Weber, et al. 2017). Another possibility is 

that plasticity mitigates selection against migrants. Here, we use a reciprocal transplant 

experiment that found negligible support for divergent selection, to also test for plasticity. 

We measured both physical traits (e.g. change in mass over a given period or the value of 

an ecologically relevant trait) and gene expression profiles via RNAseq (Lohman, et al. 

2016) for a large number of transplanted individuals. Using this data, we tested whether 

migrants’ gene expression shifts to more closely resemble expression by the native 
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population in their new habitat, suggesting a role for expression-mediated phenotypic 

plasticity by migrants. 

There is ample evidence for phenotypic plasticity in ecologically relevant traits in 

stickleback. For example, previous experiments reared stickleback from different habitats 

in a common garden setting (lab aquaria), and fed them alternative diets to test for plasticity 

in feeding morphology (Day and McPhail 1996; Svanbäck and Schluter 2012). These 

studies measured body shape, gill raker, and gape traits that are both readily measured and 

clearly relevant to foraging. Life history traits also show plasticity in stickleback, including 

breeding size, clutch size, egg size, and relative clutch mass (Baker and Foster 2002). 

Finally, prior studies have examined plasticity in gene expression (Wang, et al. 2014; 

Leder, et al. 2015; Robertson, et al. 2015; Gibbons, et al. 2017). One such study focused 

on expression of two candidate genes for osmoregulation and salinity tolerance (McCairns 

and Bernatchez 2010). A larger, whole transcriptome approach suggested that the invasion 

of freshwater and thermal tolerance drove the evolution of gene expression plasticity 

(Morris, et al. 2014). However, while these studies of gene expression plasticity have 

sought to answer how the transcriptome may respond to a novel environment, they have 

been carried out in the lab and do not account for the diverse stressors of the wild. We 

therefore tested whether migrants between lake and stream habitats indeed exhibit a strong 

plastic response to their new environment that allows them to converge on the gene 

expression profile of the adapted natives. 
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Materials and Methods 

Sample acquisition: 

As detailed in (Bolnick and Stutz in press), stickleback from Roberts Lake and stream 

(Vancouver Island, British Columbia, Canada) were trapped, weighed, measured for 

length, individually marked with unique spine clips, then placed in cylindrical wire cages. 

Lake cages and stream cages both received a total of 60 lake fish and 60 stream fish. 

Each cage was approximately 1.6m in diameter, placed in 1m deep water and sealed to 

the substrate to prevent escape. Cages were made of wire mesh that allowed free flow of 

water and movement of prey items. In the lake, cages were situated along the shoreline 

roughly 150m from the outlet stream. In the stream, cages were placed 150m downstream 

from the lake. In an effort to reduce the influence of gene flow on stream genotypes, 

stream fish for the experiment were gathered from 1.5 km upstream of the lake outlet. 

Each enclosure contained 3 fish, half the cages receiving a 1:2 ratio of lake:stream fish, 

the other half of the cages receiving a 2:1 ratio. Within each cage, the three fish were 

uniquely marked with dorsal spine clips to facilitate identification. After 8 weeks, we 

recaptured the caged stickleback. As a control for the effect of caging we also collected 

wild uncaged fish from both lake and stream at the conclusion of the experiment, from 

habitat immediately adjoining the cages. Hereafter, here we refer to uncaged fish as the 

‘wild’ group, all fish recovered from cages are ‘transplanted’. Within the transplanted 

fish we distinguish between ‘natives’ (same origin and destination habitats) and 

‘immigrants’ (different origin and destination). 
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We euthanized the collected fish with an overdose of MS-222. We weighed each 

fish, measured its length, and dissected the fish to remove head kidneys (‘pronephros’) 

which we stored in RNAlater (Ambion) for subsequent RNA extraction and expression 

analysis. After dissection, specimens were preserved in ethanol for later dissection for to 

enumerate parasites. We sequenced MHC IIb exon 2 from all fish (using DNA from pre-

release spine clips), as described in (Stutz and Bolnick 2014; Bolnick and Stutz in press). 

 

RNAseq library preparation, sequencing, and bioinformatics: 

Following total RNA extraction (Ambion AM1830) we built 96 individual RNAseq 

libraries according to (Lohman, et al. 2016). We selected fish to construct a fully 

balanced design with 16 individuals in each treatment. We selected individuals that had 

been housed in the same cage, as available. We prioritized cage over sex ratio resulting in 

more males than female (48 vs 39 in the final data set). TagSeq libraries were sequenced 

on the HiSeq 2500 with 1x100 V4 chemistry at the Genome Sequencing and Analysis 

Facility at the University of Texas at Austin, generating an average of ~5 M raw reads 

per sample. This read depth is appropriate for TagSeq (because sequencing effort is target 

at the 3’ end of the mRNA) and has been shown to be successful (Meyer, et al. 2009; 

Meyer, et al. 2011; Dixon, et al. 2015; Wright, et al. 2015; Kenkel and Matz 2016; 

Lohman, et al. 2016).  

Raw reads were processed (removal of adapter contamination, poly-A, and PCR 

duplicates followed by quality filtering, n - 20) according to the iRNAseq pipeline 

(Meyer, et al. 2011; Dixon, et al. 2015; Lohman, et al. 2016), producing a total of 19,556 
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genes. The stickleback genome contains 20,787 genes so we conclude our read depth was 

sufficient, especially considering that we sampled a single tissue at a single time point. 

Due to a machine error during the HiSeq run, BaseSpace was unable to convert cycle 35 

to a base call, and thus base 35 is N in every read. We adjusted for this by adding the –n 

option to all calls to fastx_clipper in the iRNAseq pipeline. Mapping with Bowtie2 

should not be influenced by this error (~53.3% alignment rate, post quality filtering, 

adaptor trimming, and poly-A removal). GO enrichment was conducted according to 

(Wright, et al. 2015) using transcriptome annotation built with the UniProtKB database 

and following previously described procedures (Dixon, et al. 2015; Lohman, et al. In 

review). 

 

Statistical Analysis: 

We analyzed gene expression using a series of linear models in DESeq2 (Love, et al. 

2014), limma (Ritchie, et al. 2015), and base R (R Development Core Team 2007). We 

sought to estimate three effects: 

 

1. What are the differences between wild fish from Roberts Lake and Stream? 

We tested for differences in gene expression between wild (uncaged) fish from Roberts 

Lake versus Roberts Stream by modeling gene count as a function of origin (lake or 

stream). We tested for GO enrichment within the main effect of origin with a Mann-

Whitney U via GO_MWU (Dixon, et al. 2015). We used weighted gene coexpression 

network analysis (WGCNA; (Langfelder and Horvath 2008) to estimate correlations 
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between suites of coexpressed genes and traits, including morphology, parasite burdens, 

and genotypes (e.g. MHC allelic diversity). WGCNA is an unbiased, data-driven method 

to cluster groups of genes with similar expression patterns. We removed batch effects and 

normalized counts using limma (Ritchie, et al. 2015) before starting WGCNA. We 

followed the tutorial of (Langfelder and Horvath 2008), and constructed a signed network 

with a soft thresholding power of 6 and a minimum module size of 30 genes. We used 

dynamic tree cut and merged modules with greater than 80% similarity, producing a total 

of 11 modules. We plot the FDR corrected Pearson correlation coefficient between 

module eigengenes and trait values. 

 

2. What is the effect of being transplanted into a novel environment? 

We tested for changes in gene expression of transplanted (caged) fish as function of 

origin habitat, destination habitat, and the interaction between origin and destination. 

Using our estimated gene network, we calculated the FDR corrected Pearson correlation 

coefficient between module eigengenes and traits unique to the transplant design 

(treatment, origin, destination, delta mass, and delta length). A main effect of origin 

indicates stable gene expression differences between native lake versus native stream 

fish. These expression differences can be stable because they are heritable, or because 

they are environmentally-induced only early in ontogeny but remain canalize in adults, 

which we used for this experiment. A main effect of destination indicates genes that 

respond plastically to recently experienced environments. An interaction between origin 

and destination would indicate ecotype differences in how they respond to a given 
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environment. Such interactions could entail G*E effects on expression, but we point out 

they could also arise from ecotype differences in the extent of canalization of early 

plasticity. 

 

3. How well do immigrants converge on the expression profile of natives? 

We conducted a PCA of expression of all genes in all fish, then selected only transplanted 

fish and used the leading # PC axes for subsequent linear discriminant analysis. The 

original expression matrix has too much collinearity for LDA. Dropping higher-order 

PCA axes reduces this collinearity, enabling LDA. This approach is sometimes called 

DAPC (Jombart, et al. 2010; Kenkel and Matz 2016). We plotted these results in LDA 

space, adding vectors connecting each ecotype’s expression at home to the same 

ecotype’s expression in the foreign habitat. These vectors represent the magnitude and 

direction of expression plasticity along DAPC axes. Convergence in expression would 

result in an angle of 180 degrees between the vectors for lake and stream ecotypes. 

Moreover we compared the lengths of these vectors to evaluate whether lake and stream 

ecotypes are equally plastic.  

Lastly, if plasticity effectively recreates lake-stream differences then we would 

expect that genes that are more highly expressed in lake natives would also be more 

highly expressed in fish transplanted into the lake. This can be tested by measuring the 

correlation, across genes, between the origin effect sizes and destination effect sizes 

estimated in analysis (2) above. Adaptive plasticity to converge on a native expression 

profile should result in a positive correlation. 
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Results 

What are the differences between wild fish from Roberts Lake and Stream? 

Our linear model revealed that 647 genes were differentially expressed between wild 

Roberts Lake and Roberts stream stickleback (Wald, p < 0.1 after 10% FDR, or 306 when 

p < 0.05). GO analysis showed that these genes are enriched both for a variety of 

categories including (but not limited to) genes regulating macrophage differentiation 

(biological processes, Mann-Whitney U, p < 0.05 after 10% FDR correction, Figure 3.1), 

and genes involved in the MHC Class II protein complex (cellular components, Mann-

Whitney U, p < 0.1 after 10% FDR). Both of these GO groups have known functions in 

parasite defense, and have been previously implicated in the response to selection and 

parasite prevalence in stickleback (Bolnick and Stutz in press; Lohman, et al. In review). 

Previous studies revealed that Roberts Lake and Stream stickleback populations harbor 

significantly different parasite communities (Bolnick and Stutz in press), with 

corresponding differences in MHC Class II allele frequencies (Stutz and Bolnick In 

review). 

 

In addition to gene-by-gene linear modeling we also tested for correlations between 

modules of coexpressed genes and various traits, including morphology, infection by 

parasites, and MHC Class IIb genotype (Figure 3.2). We found morphology to be 

correlated with many different modules, each with modest correlation but highly 

significant p-values. It is noteworthy that all modules except the ‘turquoise’ module have 

a negative correlation with morphology (co-expressed gene modules are given arbitrary  
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Figure 3.1. GO analysis results on Lake vs Stream wild fish. Blue terms are 

underexpressed while red terms are overexpressed relative to the lake baseline. P-values 

are from Mann-Whitney U with 10% FDR correction. Dendrograms indicate similarity of 

GO groups. Numbers to the left of GO terms indicate the number of significant genes in 

this dataset relative to the number of total genes in a given GO category. Left group is from 

the Biological Processes cluster while the right group is from Cellular Components. 
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Figure 3.2. WGCNA reveals correlations between modules of coexpressed genes and 

traits in wild lake and stream fish. Cell values are Pearson correlation coefficients. Only 

correlations with p-values less than 0.1 are presented. Modules shown are the same as 

Figure 3.5. 
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color names). There are correlations between MHC allele number and several modules, 

including greenyellow, blue, magenta, and pink. Interestingly, MHC allele number and 

two measures of parasite diversity have equal strength but opposite sign in their 

correlation to the greenyellow module (Figure 3.3A). This is consistent with previous 

experimental and theoretical data that animals with more diverse MHC genotypes should 

have fewer parasites (Wegner, et al. 2003). Finally, we also considered linear 

discriminant axes of MHC II genotypes from a prior analysis of these same fish. We find 

that LDA1 and LDA3 of MHC II are correlated with turquoise and purple modules. The 

turquoise expression module is also correlated with fish origin (r = 0.36, p << 0.001) so 

these correlations are likely a result of differences in MHC genotype between the two 

ecotypes. Infection by several functional groups of parasites are significantly correlated 

with particular modules. For instance, the purple module is correlated with infection by 

nematodes (r = -0.22, p < 0.04, Figure 3.3B) and genes in the red module are correlated 

to infection by any species of Proteocephalus (Figure 3.3C, r = 0.28, p < 0.01). 

 

What is the effect if being transplanted into a novel environment? 

Focusing next on transplanted (caged) stickleback, we observed significant effects of 

both origin and destination for many genes (507 and 111, respectively when q < 0.05). 

Here, the effect of origin represents genotype effects that persisted after transplantation 

(because the effect of transplantation is averaged). Approximately 94% of the genes with 

significant (q < 0.1) origin effect in transplanted fish were also significantly different 

between wild fish ecotypes. This overlap of origin  
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Figure 3.3. Module trait correlations from WGCNA. A) Heat map of MEgreenyellow 

expression shows negative correlation with Shannon diversity of parasite infection and 

positive correlation with MHC allele number. B) Increased expression of MEpurple is 

correlated with decreased infection by nematodes (R = -0.22, p = 0.04. C) Increased 

expression of MEred is correlated with increased infection by proteocephallus (R = 0.28, 

p = 0.009).  
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effects in caged and wild fish suggests that stickleback exhibit realistic lake-stream 

expression differences when placed in lake or stream cages. 

Destination effects represent plasticity that was independent of genotype 

(genotype effects are averaged in our model). Most notably, this list of genes includes 

hsp90 (lower in fish transplanted into the stream, Wald, p << 0.001 after 10%FDR), a 

stress response protein which has been studied in many different animals (Rutherford and 

Lindquist 1998; Queitsch, et al. 2002). In addition, stat1 (lower in fish transplanted into 

the stream, Wald, p < 0.09 after 10% FDR), was also significantly different between fish 

transplanted in alternate environments. This transcription factor has a rich history of 

study for its critical role in multiple signaling cascades throughout the immune system 

(Murphy 2011). 

 

We found only 10 genes whose expression depended on the interaction of origin and 

destination (Wald, p < 0.1 after 10% FDR, or 4 when p < 0.05, Figure 3.4, Table 3.1, 

Figure 3.8). Such interactions can loosely be interpreted as genotype by environment 

interactions (e.g., genetic differences in plasticity), with the caveat that we are studying 

wild-caught fish. Of these 10 genes, two candidates are possibly involved in defense 

against parasites: cyp24a1, a cytochrome p450 variant (Annalora, et al. 2010) and dhx58, 

an antiviral gene about which little is known (Leavy 2012). In both cases lake natives 

have higher expression in the lake than do stream fish, but decreased expression when 

moved into the stream. Stream fish have higher expression in their native habitat, but 

only higher than foreign lake fish for dhx58.  
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Figure 3.4. Reaction norm plots of genes significant for interaction between origin and 

destination. X-axis is destination, teal line is lake and magenta line is stream 

origin/genotype. The Y-axis is variance stabilized expression level. Vertical line indicate 

standard error. 

 
 

Figure 3.5. WGCNA reveals correlations between suites of coexpressed genes and traits 

in transplanted fish. Cell values are Pearson correlation coefficients. Only correlations with 

p-values less than 0.1 are presented. Modules shown are the same as Figure 3.2.  
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Furthermore, it is noteworthy that for all 10 interaction genes, the genes are more highly 

expressed in lake than in stream fish (all in lake cages). And, for all 10 genes the lake 

natives decrease expression when moved into the stream (Figure 3.4). 

 

We used DESeq2 to estimate caging effects by comparing wild fish to natives within 

each environment. We found a moderate number of differentially expressed genes. 35 

genes were differentially expressed between wild lake fish and caged lake natives. 

Somewhat more genes (79) were differentially expressed between wild stream fish and 

stream natives (all Wald, p < 0.1 after 10% FDR, or 19 and 52 when p < 0.05, 

respectively). There are very few notable differences due to caging in lake genotypes. 

Lake natives have higher expression of cyp24a1 than wild lake fish (log2 fold change = 

3.8, p = 0.065 after 10% FDR correction). Lake transplants also have higher expression 

of ebf4, an early B-cell factor (log2 fold change = 4.3, p = 0.049 after 10% FDR 

correction) than wild lake fish. In contrast, when we make the same contrast but in stream 

genotypes, almost all differentially expressed genes (76 out of 79 passing p < 0.1 after 

10% FDR correction) exhibit a pattern of lower expression in transplants than in wild fish 

(see supplementary material for full list of genes and statistics). Stream transplants have 

lower expression of immune genes with known function including the complement 

system (complement 3, 8, and 9), a leukocyte derived chemotaxin (lect2l), and three 

fibrinogen genes (alpha, beta, and gamma). In addition, two coagulation factor genes are 

lower in natives (factor 13 and 7i) then wild stream fish. The cage effect for stream fish is 

partially confounded, however, with genotype. The stream transplants were from 1.5 km 
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downstream of the cage site, whereas the wild fish were collected among the cages, 100m 

downstream from the lake. So, differences between wild stream and transplanted stream 

fish may be genetic rather than exclusively a plastic response to caging. There were 

almost no genes (only 2) that showed significant effects of caging in both the lake and in 

the stream, indicating that there is no generic transcriptomic response to caging (Figure 

3.9). 

 

Our coexpression analysis of transplanted fish revealed significant correlations between 

traits unique to this subset of fish and modules of gene expression. For example, 

treatment (transplanted into foreign or native environment) and origin are both correlated 

with the turquoise module. In contrast, destination is only weakly correlated to the pink 

and magenta modules. The red module has a negative correlation to origin and a positive 

correlation to change in length over the course of the experiment. Change in mass is 

correlated to both the magenta and purple modules. Interestingly, there is no overlap 

between change in mass and change in length. This difference suggests a change in 

condition within individuals (Figure 3.5). 

 

How well do immigrants converge on the expression profile of wild controls? 

We tested for convergence between natives and immigrants in the entire expression 

profile. Within a bivariate discriminant function space, we found that LDA1 separates 

fish by origin (lake versus stream, explains 86% of variance). LDA2 separated fish based 

on their transplant destination (explains 10% of variance). LDA3 roughly separates 
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native/non-native status (explains 3.5% of variance, Figure 3.6 and Figure 3.10). We 

plotted a vector from the mean of each resident ecotype at home, to the mean expression 

of the same ecotype when moved into a new environment. The vector showing the 

expression change of lake fish is almost in exactly the opposite direction from the 

expression change of stream fish (~180 degrees, visually). In each case, fish moved into a 

new habitat converged on the expression profile of their new neighbors along LD2 (but 

not along LD1 or LD3). Lake fish moved into the stream actually overshot the stream 

expression profile, resulting in a much larger reaction norm vector than stream fish 

moved into the lake (LD2 ~origin + destination + origin:destination) and found a 

significant effect of the interaction (p << 0.001). Because of this overshooting, both the 

lake-to-stream migrants and stream-to-lake migrants were significantly different (for 

LD2) from the resident ‘target’. We conclude that immigrant stickleback partially 

converge on native expression profiles after emigration to a new habitat, and that lake 

fish exhibit stronger plasticity. The latter finding matches the greater plasticity of lake 

fish in our gene by gene analysis with DESeq2 (above; Figure 3.7). 

 

We also considered convergence at the individual gene level. Using the DESeq2 linear 

model estimates, we found that destination effects were positively correlated with origin 

effects (r = 0.67, Figure 3.7). That is, transcripts that were more abundant in lake natives 

were also more abundant in fish placed in lake cages, and vice versa for stream-biased 

transcripts (Figure 3.7). This implies that for many genes, expression differences between 

the native populations are recapitulated by plastic responses to animals’ recent  
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Figure 3.6. Convergence of immigrant expression profiles toward native expression 

profiles in transplanted fish. Red arrows are drawn between the means of each distribution. 

Fish originating from the lake move farther along LD2 than stream fish (two factor 

ANOVA, p << 0.001). LDA1 explains 86% of the total variance while LDA2 explains 

10%. 
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Figure 3.7. Gene-by-gene convergence among transplanted fish. We included only 

transplanted fish in a linear model in DESeq2: with expression of each focal gene as a 

function of origin + destination + origin:destination. X and Y axis are Log2 fold changes 

between lake and stream fish by origin, and destination, respectively. Points are colored 

when q-value < 0.05, and color coded based on which effect(s) were significant. The red 

dashed line is 1:1, helping to visualize that the main trend has a slope less than 1, 

indicating that plasticity (destination) effects are weaker than origin effects.  
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environment. The observed destination origin relationship has a slope less than 1 (0.42, p 

<< 0.001) indicating that the plasticity is not, however, complete, which fits with the fact 

that the major LDA axis still separates lake versus stream natives and explains more 

variation than the second LDA axis that measured plasticity. 

Discussion 

Organisms’ adaptation to their native habitats means that migrants will often be 

maladapted to novel environments. One way that migrants may be able to ameliorate 

stressors of new habitats is by modulating gene expression. Prior studies have used 

reciprocal transplants to uncover plasticity in select candidate genes, but this approach 

could miss a myriad of responses to the environment. To look for static and plastic 

responses in gene expression associated with emigration, we tested for differences in 

gene expression among stickleback reciprocally transplanted between two adjoining 

habitats containing genetically divergent populations. We found expression differences 

between these populations, and changes in response to emigration, at the level of 

individual genes, gene coexpression, and the whole transcriptome. 

 

There are constitutive differences in gene expression between lake and stream 

stickleback 

Although Roberts Lake and stream are adjoining habitats that permit easy movement of 

stickleback between sites, the resident stickleback populations are genetically distinct. 

Fish from this lake and stream differ in a range of morphological and parasitological 
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traits (Berner, et al. 2009; Oke, et al. 2016; Weber, et al. 2017; Bolnick and Stutz in 

press; Stutz and Bolnick In review), as is true for many such lake-stream pairs (Stuart, et 

al. in press). Given these genetic and phenotypic differences, we expected to find 

differences in gene expression between these populations. Roughly 7% of the 9748 genes 

in our transcriptome dataset exhibited between-population differences in relative 

abundance. 

Some of these differences fit well within the existing literature of lake-stream 

divergence. For example, our GO enrichment results suggest that macrophage 

differentiation is different between lake and stream fish. Macrophages contribute to 

initiation of immune defenses against a variety of parasites including but not limited to 

the tapeworm Schistocephalus solidus (Kurtz, et al. 2006), whose infectious procercoids 

are deposited by loons and mergansers (which prefer lakes over streams) and carried by 

zooplankton (which are more abundant in lakes than streams). MHC class II is another 

parasite defense related GO category which is different between lake and stream. Prior 

work in the Roberts lake stickleback has revealed that MHC II allele frequencies differ 

between this particular lake and stream (Stutz and Bolnick 2014), as well as many other 

lake-stream pairs (Kurtz, et al. 2006; Wegner, et al. 2006; Eizaguirre, et al. 2010). 

Furthermore, individuals who carry local MHC alleles are more heavily infected with 

parasites than individuals carrying foreign MHC alleles (Bolnick and Stutz in press). Our 

WGCNA results suggest that MHC allele diversity and parasite diversity are negatively 

correlated with each other and jointly associated with a set of co-expressed genes. 

Specifically, the greenyellow module has a negative correlation with parasite diversity 
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and a positive correlation with the number of MHC alleles (Figure 3.2, 3A). While this 

result stands out as support for a large body of theory (Eizaguirre and Lenz 2010; Spurgin 

and Richardson 2010) and agrees with prior empirical evidence (Wegner, et al. 2003; 

Piertney, et al. 2009), we would have expected greater correlations between modules and 

parasite infection. However, this lack of correlation is likely due to sparse and 

overdispersed parasite infections, which make correlations difficult to estimate well. 

 

Transplantation into alternate habitats reveals static and plastic gene expression 

For our experimentally transplanted fish, individuals’ origin accounted for more 

expression variation (507 genes) than did destination (111 genes, Figure 3.7). The main 

effect of origin represents persistent between-population differences no matter which 

habitat the fish were caged in. Thus, we interpret the main effect of origin as a probable 

signal of static genetic differences in expression, insensitive to the environment. 

However, we also found significant destination effects for a subset of genes, indicating 

appreciable plasticity in gene expression in response to sticklebacks’ recent (cage) 

environment. That is, expression of certain genes was higher in lake-caged fish than 

stream-caged fish, regardless of their origin. We infer that sifts in gene expression are the 

result of plasticity rather than selection because the expression profile of immigrants falls 

outside that of the natives in PCA space (Figure 3.6). This plasticity is consistent with 

prior evidence that morphological plasticity contributes to phenotypic differences 

between the Roberts Lake and Stream stickleback (Oke, et al. 2016). 
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 Notably, there was a positive correlation between origin effect and destination 

effect (r = 0.67). We therefore infer that the heritable lake to stream differences were at 

least partly recapitulated by plasticity. Genes more highly expressed in lake (stream) 

natives were also up-regulated in all fish placed in lake (stream) cages (Figure 3.7).  If 

expression was exclusively plastic (on the time-scale of our experiment), we would 

expect to see no origin effect at all, which is not the case. So, this correlation between 

origin and destination effects suggests that heritable and plastic differences jointly 

contribute, in the same direction, to between-ecotype differences in expression. The fact 

that the origin-destination effect correlation has a slope less than 1 confirms the 

statement, above, that heritable (origin) effects were somewhat stronger than the 

environmental (destination) effects. Moreover, the paucity of genes in the top-left and 

bottom-right quadrants of Figure 3.7 suggests that remarkably few genes exhibited plastic 

responses that opposed the heritable lake-stream differences. 

 Very few genes (10) were significant for the interaction of origin and destination. 

This is consistent with prior observations that there are no interactions effects between 

origin and destination for parasite load, survival, growth, or condition in this experiment 

(Bolnick and Stutz in press). The few interactions that do exist follow two distinct 

patterns. First, some genes were down-regulated after individuals were placed in a 

foreign habitat. Second, other genes were more highly expressed by lake fish, but also 

showed stronger plastic down-regulation in lake fish placed in the foreign stream habitat. 

The absence of genes which were more highly expressed by stream fish, regardless of 

habitat, is notable. Some of the interaction genes we do detect may be involved in ROS 
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production and antiviral response, both of which may be potentially important to fitness. 

For example, ROS production was recently shown to be a heritable response to infection 

by S. solidus (Weber, et al. in review, revised). 

We observed no cases where expression was higher in foreign habitats. While this 

could be a product of the low number of interaction genes, this pattern is surprising and 

worth considering in future work. Intuitively we would have expected transplanted fish in 

either direction to up-regulate stress genes, but this apparently did not occur. Perhaps the 

absence of interaction effects on genes here is because plasticity reinforced between-

ecotype differences. The paucity of interaction effects may also be a consequence of our 

analytical technique: log-transformation of expression levels converts multiplicative 

(interaction) effects into additive effects, which can reduce power or even completely 

obscure our ability to detect significant interactions between origin and destination 

effects. Nevertheless, other reciprocal transplant studies using large scale RNAseq have 

found more interaction genes and this seems to be relatively common (Lovell, et al. 2016; 

Reid, et al. 2016).  

Our WGCNA analysis revealed only weak correlations between origin and 

phenotypes unique to transplanted fish. For example, change in mass and length. 

However, it is interesting to note that changes in mass and length are most correlated with 

different modules. This may suggest a change in condition (loss of mass but increase in 

length due to growth but poor foraging efficiency, Figure 3.5). 
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On the whole transcriptome level, lake fish are more plastic than stream fish 

At the whole-transcriptome level, we again observe substantial and persistent differences 

between the expression profiles of lake and stream fish, captured by LD axis 1. However, 

along LD2 we observe substantial plastic convergence of immigrant fish towards the 

expression profile of their new population (Figure 3.6). Interestingly, we also observed 

convergence in parasite community composition in this same experiment. Lake and 

stream natives carried distinct parasite communities, and individuals transplanted to the 

neighboring habitat exhibited an intermediate parasite community (Bolnick and Stutz in 

press). 

 Our analysis suggests that fish from the lake exhibit a more plastic response to 

being transplanted into the stream, compared to stream fishes’ more limited plasticity 

when placed in the lake. This transcriptome-wide analysis is consistent with our single-

gene analyses which also found that lake natives tended to show greater plasticity in 

response to transplantation. Assuming fish caged in their native habitat adopt a locally 

optimal expression profile, we infer that lake sticklebacks’ strong plastic response is 

actually excessive, overshooting the stream profile along LD2. In contrast, stream fish 

placed in lake cages fall short of the optimum expression in the lake (Figure 3.6). We 

therefore conclude that transcriptomic plasticity is incomplete (LD1 remains intact and 

explains the most variance), and differs between lake and stream ecotypes. This result 

implies that sticklebacks’ transcriptional reaction norms may be evolving as they adapt to 

different habitats. However, because we used wild-caught rather than lab-raised fish for 

this experiment we cannot rule out effects of early rearing environment, and hence cannot 
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definitively ascribe a genetic cause to the different reaction norms of lake and stream 

fish. 

Our results lend additional support to an emerging insight, that transcriptomic 

plasticity plays a substantial role in migrants’ adaptation to novel environments. This has 

been very extensively explored in experimental settings in the laboratory, where 

organisms may be exposed to alternative environmental conditions (often a single 

variable such as salinity, temperature, or a toxin). Many studies find plastic responses in 

candidate genes, or a subset of the transcriptome, in response to such experimental 

treatments (Whitehead, et al. 2011; Morris, et al. 2014; Reid, et al. 2016; Velotta, et al. 

2016). Often these plastic responses are genotype-dependent, with one population 

exhibiting a stronger response than another (e.g., PCB-tolerant killifish are less plastic 

than PCB-susceptible populations (Reid, et al. 2016)). Fewer studies have examined 

transcriptomic plasticity of migrants in natural settings. Kenkel and Matz (2017) 

subjected corals to a reciprocal transplant experiment across a temperature gradient, and 

also found transcriptomic convergence of migrants towards residents, as we do. They also 

found that one genotype was more transcriptionally plastic than the other, as we do.  

 A large body of existing empirical and theoretical studies suggest that increased 

plasticity should evolve in more temporally or spatially heterogeneous habitats (Dudley 

and Schmitt 1996; Van Buskirk 2002; Auld and Relyea 2011; Baythavong 2011; 

Davidson, et al. 2011; Murren, et al. 2015). Our result is thus somewhat puzzling, in that 

we observe greater transcriptomic plasticity in lake fish, which inhabit the more 

temporally stable habitat. While stream habitats are generally very diverse (flow regime, 
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overhead foliage, substrate, spatial distribution of prey), lake habitats generally have 

large and smooth transitions between any variation in environmental variables (and in 

most cases very little variation (Ahmed, et al. in press; Stuart, et al. in press). However, 

lakes may be less predictable in other ways. For instance, lake stickleback consistently 

harbor more diverse parasite communities (Bolnick and Stutz in press; Stutz and Bolnick 

In review), and so may have evolved greater immunological plasticity to handle an 

unpredictable suite of pathogens and helminthes. 

 

In conclusion, we see extensive gene expression differences between genetically divergent 

stickleback populations inhabiting adjoining habitats but connected by gene flow (Weber, 

et al. 2017). But, for many genes, transcript abundance is highly plastic. Fish that disperse 

into the adjoining foreign habitat will partially converge on the gene expression profile 

typical of their new habitat. This suggests that expression plasticity can soften the impact 

of immigration into an unfamiliar habitat. Nonetheless, lake and stream fish differed in 

survival rates and parasite infection rates in our study, implying that this expression 

plasticity is not fast or extensive enough to fully homogenize the lake and stream fish 

performance. 

 

Data Accessibility: Meta data, parasite data, code for processing raw reads, code for 

statistical analysis and plotting are located in the DRYAD entry associated with the 

publication. Raw will be available for download from TACC Corral via the terminal. The 



 82 

iRNAseq pipeline is available here: https://github.com/z0on/tag-based_RNAseq. The 

GO_MWU software is available here: https://github.com/z0on/GO_MWU. 
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Table 3.1. Summary statistics for genes significant for the interaction between origin and 

destination (transplanted fish only). 

Ensembl Gene ID baseMean log2FoldChange Adjusted p-value Gene Name 

ENSGACG00000010623 14.21893012 22.57075447 1.82E-06 cmlc1 

ENSGACG00000005512 112.6859091 6.285326668 0.000587444 cyp24a1 

ENSGACG00000009046 32.63566589 4.205772421 0.000696967 rsad2 

ENSGACG00000013082 42.18008225 7.106769563 0.029748839 igfbp1b 

ENSGACG00000008740 14.57958928 3.344904783 0.066357106 dhx58 

ENSGACG00000012900 40.2477543 6.624936274 0.07827333 miox 

ENSGACG00000001573 93.28238765 4.220480785 0.083448043 ITIH4 (1 of 2) 

ENSGACG00000003652 89.79029452 5.598322294 0.083448043 g6pca.2 

ENSGACG00000009763 29.48320819 3.416902441 0.083448043 novel 

ENSGACG00000009612 15.68241772 2.860822793 0.099080415 mov10b.2 
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Figure 3.8. Reaction norms for all genes significant for the interaction between origin 

and destination. X axis is destination. Teal line indicates fish of lake origin and magenta 

line indicates fish of stream origin. Vertical lines indicate standard error. 
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Figure 3.9. Caging effect. We sought to verify that our transplanted fish recapitulated the 

expression patterns of wild fish and that caging did not substantially alter our gene 

expression results on a gene by gene basis. Any generic response to caging should be 

observed in both the lake and in the stream. We included only wild fish and those that 

had been native transplants. We tested for a relationship between caging effect (LFC, 

native transplant - control) in lake and steam simultaneously with a linear model in limma 

(a single predictor with a level for each treatment) and contrasting control and natives 

within each habitat. We predicted that there should be no relationship between the cage 

effect in the lake versus the cage effect in the stream (i.e. this should produce a cloud of 

points about 0). Of the 9,748 gene we tested, only 2 differed significantly from this null 

expectation (q < 0.05). 
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Figure 3.10. LD3 in convergence analysis roughly shows native vs immigrant 

differences in LD3 and explains 3.5% of the total variation.  
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