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 2 

Abstract 26 

 27 

Individuals differ in the nature of the immune responses they produce, affecting 28 

disease susceptibility and ultimately health and fitness. These differences have been 29 

hypothesised to have an origin in events experienced early in life that then affect 30 

trajectories of immune development and responsiveness. Here we investigate early 31 

life influences on immune expression profiles using a natural population of field 32 

voles, Microtus agrestis, in which we are able to monitor variation between and 33 

within individuals though time by repeat (longitudinal) sampling of individually 34 

marked animals. We analysed the co-expression of 20 immune genes in early life to 35 

create a correlational network consisting of three main clusters, one of which 36 

(containing Gata3, Il10 and Il17) was associated with later life reproductive  37 

success and susceptibility to chronic bacterial (Bartonella) infection. More detailed 38 

analyses supported associations between early life expression of Il17 and 39 

reproductive success later in life, and of increased Il10 expression early in life and 40 

later infection with Bartonella. We also found significant association between an Il17 41 

genotype and the early life expression of Il10. Our results demonstrate that immune 42 

expression profiles can be manifested during early life with effects that persist 43 

through adulthood and that shape the variability among individuals in susceptibility to 44 

infection and fitness widely seen in natural populations.  45 

 46 

 47 

 48 

 49 

 50 
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 3 

Introduction 51 

 52 

Differences at birth, or experienced during neonatal or juvenile development, may 53 

impact an individual's ability as an adult to respond to environmental allergens or 54 

pathogens, or to maintain health and reproduction (measures of which we define 55 

below). In medical sciences, the developmental origin of health and disease (DOMD) 56 

theory – which proposes that adult diseases can be traced back to childhood – has 57 

been highly influential since its inception and has provided insight into the aetiology 58 

of chronic inflammatory and allergic disorders in humans, such as atopy, asthma and 59 

autoimmune diseases1,2. Similarly, the development of the immune system during 60 

early life is an important influence on subsequent health and fitness3. The immune 61 

system is shaped by environmental exposure to allergens and pathogens, which, in 62 

turn, affect the immune responses made following subsequent exposure. Coupled 63 

with genetic polymorphisms affecting immune function4, early life effects associated 64 

with the immune system can give rise to substantial variation among individuals in 65 

their immune responses. Such environmental effects can act very early in life, even 66 

at birth. For example, children born by caesarean section are exposed to different 67 

microbes to vaginal delivery. This has been shown to modify their gut microbiota and 68 

the production of pro-inflammatory factors, and ultimately to increase their risk of 69 

opportunistic infections5 and chronic inflammatory disorders in later life e.g. asthma, 70 

type 1 diabetes and celiac disease6,7.  71 

 72 

While effective immune responses are essential to health by protecting individuals 73 

against pathogens, immunopathology (such as tissue damage from inflammatory or 74 

over-reactive responses) contributes to significant ill-health in chronic inflammatory 75 
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 4 

and allergic disorders such as atopy, asthma, autoimmune diseases or indeed 76 

infectious diseases such as COVID-19. An important concept is the hygiene 77 

hypothesis, which proposes that microbial exposure early in life helps the 78 

development of a well-adjusted immune system, the lack of which during childhood 79 

in modern societies contributes to the development of immunopathology and chronic 80 

immune disorders. Many studies have shown that traditional farming methods where 81 

children are widely exposed to microbes from an early age, develop fewer chronic 82 

immune disorders than children brought up in modern farms where there are lower 83 

levels of microbial exposure. This has been referred to as the ‘farm effect’8,9. 84 

Variation in traits associated with immunopathology can also be found in natural 85 

populations. In a wild population of moose, malnutrition early in life is linked to both a 86 

greater risk of osteoarthritis later in life (a disease associated with immune 87 

dysregulation) and reduced life expectancy10,11. In a feral population of Soay sheep, 88 

heritable variation in levels of anti-nuclear antibodies – which are self-reactive and if 89 

maintained at high titres with other markers are indicative of immune dysregulation in 90 

humans and dogs – are associated with variations in reproduction and over-winter 91 

survivorship12. Indeed, natural populations can provide a useful model to understand 92 

early life effects on the immune system, because they consist of genetically diverse 93 

individuals living in an environment that naturally exposes their immune systems to a 94 

wide array of pathogens and allergens. The interaction of different immune 95 

components with these environmental stimuli may lead to differences among 96 

individuals in their capacity for either effective responses to infection or 97 

immunopathologies.  98 

 99 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 9, 2021. ; https://doi.org/10.1101/2021.10.08.463659doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.08.463659
http://creativecommons.org/licenses/by/4.0/


 

 5 

Previous studies of early-life effects on immunity in natural populations have 100 

considered few immune parameters. For example, a number of avian studies have 101 

shown associations between broad-brush measures of nestling immune function, 102 

such as responsiveness to phytohemagglutinin (PHA) injection, and recruitment13–16. 103 

However, immune responses involve a complex network of interacting signalling and 104 

effector molecules, controlling pathways specialised at combating different types of 105 

pathogens, or mitigating damage caused by the pathogen or by immunopathology. 106 

Activity in one pathway of the immune system may have either positive or negative 107 

effects on the activity of another immune pathway. Similarly, the activity of immune 108 

pathways will both be influenced by environmental cues, such as infection and 109 

nutrition, and, in turn, influence disease resistance, health and fitness. A more 110 

nuanced and sophisticated approach to study immunity in natural systems is 111 

therefore needed, which considers multi-dimensional immune phenotypes; providing 112 

a way to reduce the complexity of these phenotypes, while still acknowledging the 113 

links between immune pathways. The availability of genome and transcriptome 114 

sequences provides new possibilities to measure immune phenotypes in natural 115 

populations, particularly through reverse transcription quantitative PCR (Q-PCR) to 116 

measure transcriptional expression of key immune regulators such as cytokines that 117 

are indicative of activity within different immune pathways17. 118 

 119 

Here, we investigate early life influences on immune expression profiles in a natural 120 

population of field voles, Microtus agrestis. In this study system we are able to 121 

sample individuals longitudinally through their lives to measure a range of 122 

immunological parameters using Q-PCR and to relate these to subsequent variations 123 

in measures of health and fitness, including responses to infection. We do so having 124 
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initially sought structure in the patterns of expression in our immune network, 125 

allowing us to characterise immune expression profiles in terms of appropriate 126 

clusters of genes, rather than single markers. Our central aim is to understand the 127 

extent to which, (1) the reproductive success of mature individuals (a measure of 128 

fitness), and (2) the response to infection of mature individuals (a measure of health) 129 

is foreshadowed by immune expression in the early stages of their lives. We note at 130 

the outset that the answers to these three questions are likely to vary between 131 

different parts of the immune network, and hence a further aim of this study is to 132 

begin to elaborate the range of possible patterns, and not to establish a general rule.  133 

  134 

Methods 135 

 136 

M. agrestis were live-trapped from natural populations in Kielder Forest, 137 

Northumberland, UK, from 2015-2017 across seven different sites, each a forest 138 

clear-cut. At each site, 150-197 Ugglan small mammal traps (Grahnab, Sweden) 139 

were laid out in a grid spaced approximately 3-5 m apart. Our study was divided into 140 

longitudinal (individuals sampled live, multiple times) and cross-sectional (individuals 141 

sampled following culling) components.  142 

 143 

Ethics statement 144 

All animal procedures were performed with approval from the University of Liverpool 145 

Animal Welfare Committee and under a UK Home Office licence (PPL 70/8210 to 146 

S.P.). 147 

 148 
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For the longitudinal study, on first capture, voles were injected with a Passive 149 

Integrated Transponder (PIT) tag (AVID, UK) for unique identification. On first and 150 

subsequent captures, a blood sample was taken whenever possible from the tail tip 151 

for immune gene expression assays and parasite detection, and on first capture a 152 

tail sample was taken for genotyping for pedigree reconstruction (see below). Other 153 

basic information was recorded including the snout-vent length, weight and pelage 154 

(for aging). Individuals were sampled in this way between 1-13 times. Some of these 155 

tagged voles (n = 510) were culled later in life for more detailed measurements to be 156 

taken (e.g., lens weight for aging purposes; see below), as part of our cross-157 

sectional study. 158 

 159 

Of the voles in the longitudinal study, 624 were first caught prior to breeding (at 6 160 

weeks or less). These included juveniles and subadults, aged on weight and pelage. 161 

Based on previous work on the same study population, voles weighing 11g or less 162 

were assumed to be juveniles aged 2.5 weeks old (mean of 2-3 weeks) and voles 163 

weighing more than 11g but no more than 15g were assumed to be juveniles aged 164 

4.5 weeks (mean of 3-6 weeks). Those voles weighing more than 15g but aged as 165 

juvenile on pelage, and those voles aged as subadult on pelage were assumed to be 166 

6 weeks old. Finally, those voles aged as juvenile on pelage but with no weight 167 

measurement were assumed to be 4 weeks old (mean of 2-6 weeks)18,19. Of these 168 

624 voles known to be first caught prior to breeding, 195 had a blood sample taken 169 

at first capture. 170 

 171 

Some individuals may have first been caught as subadults but not recorded as such 172 

due to their adult-like pelage. In order to identify these individuals (and to increase 173 
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our sample size) we regressed age against eye lens weight for those voles definitely 174 

first sampled prior to breeding (for which we had a birth date) that were culled in later 175 

life as part of our cross-sectional study (n = 99). The relationship between age and 176 

eye lens weight has been previously described20. A quassipoisson GLM with 177 

quadratic and cubic terms for eye lens weight, and log link, provided a good model fit 178 

for our data (r2 = 0.56; Supplementary Fig. S1). We used this regression to predict 179 

the ages (and hence birth dates) for all other culled voles. Of these, 59 voles were 180 

inferred to have first been caught prior to breeding, since their birth date was no 181 

more than 6 weeks before their date of first capture, of which 28 had a blood sample 182 

taken at first capture. Therefore, the final number of voles first sampled prior to 183 

breeding (known and inferred) was 223.  184 

 185 

Immune gene expression assays 186 

We used SYBR green based Q-PCR to measure the expression levels of a panel of 187 

20 immune-associated genes (Table 1) in blood from our longitudinal animals. The 188 

choice of our panel of genes was informed by (1) known immune-associated 189 

functions in mice, combined with (2) significant sensitivity of gene expression to 190 

environmental or intrinsic host variables in our previous studies21,22 or in a recent 191 

differential expression analysis of RNASeq data (not reported here).  192 

 193 

 194 

 195 

 196 

 197 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 9, 2021. ; https://doi.org/10.1101/2021.10.08.463659doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.08.463659
http://creativecommons.org/licenses/by/4.0/


 

 9 

Table 1 Panel of 20 immune-associated genes for which expression levels in blood 198 

samples were measured using Q-PCR. 199 

Gene  Protein  
Cd8a T-cell surface glycoprotein CD8 alpha chain 
Cd86 T-lymphocyte activation antigen CD86 
Cd99l2 CD99 antigen-like protein 2 
Foxp3 Forkhead box protein P3 
Gata3 GATA binding protein 3 
Ifng Interferon gamma 
Irf2 Interferon regulatory factor 2 
Irf9 Interferon regulatory factor 9 
Tollip Toll-interacting protein 
Retnlg Resistin-like gamma 
Tgfb1 Transforming growth factor beta 1 
Il4 Interleukin-4 
Il10 Interleukin-10 
Il17 Interleukin-17 
Il1b Interleukin-1 beta 
Il1rap Interleukin-1 receptor accessory protein 
Il1rn Interleukin-1 receptor antagonist protein 
Apobr Apolipoprotein B receptor 
Orai1 Calcium release-activated calcium channel protein 1 
ccn2 (ctgf) Cellular communication network factor 2 
 200 

All primer sets were designed de novo in-house and validated (to confirm specific 201 

amplification and 100±10% PCR efficiency under assay conditions). Ywhaz and Actb 202 

were employed as endogenous control genes. We extracted RNA from blood 203 

conserved in RNAlater using the Mouse RiboPure Blood RNA Isolation Kit 204 

(ThermoFisher), according to manufacturer’s instructions. RNA extracts were DNAse 205 

treated and converted to cDNA using the High-Capacity RNA-to-cDNA™ Kit 206 

(ThermoFisher), according to manufacturer’s instructions, including reverse 207 

transcription negative (RT-) controls for a subsample. SYBR green-based assays 208 

were pipetted onto 384 well plates by a robot (Pipetmax, Gilson) using a custom 209 

programme and run on a QuantStudio 6-flex Real-Time PCR System 210 

(ThermoFisher) at the machine manufacturers default real-time PCR cycling 211 
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conditions. Reaction size was 10 µl, incorporating 1 µl of template and 212 

PrecisionFAST qPCR Master Mix with low ROX and SYBR green (PrimerDesign) 213 

and primers at the machine manufacturer’s recommended concentrations. We used 214 

three standard plate layouts for assaying, each of which contained a fixed set of 215 

target gene expression assays and the two endogenous control gene assays (the 216 

same sets of animals being assayed on matched triplets of the standard plate 217 

layouts). Unknown samples were assayed in duplicate wells and calibrator samples 218 

in triplicate wells and no template controls for each gene were included on each 219 

plate. Template cDNA (see above) was diluted 1/20 prior to assay. A main calibrator 220 

sample (identical on each plate) was created by pooling cDNA from blood samples 221 

taken from many different voles from the study site. As Tollip, Il1rap and Irf2 were 222 

relatively poorly represented in this main calibrator sample, a synthesised 478 bp 223 

gene fragment containing the amplification target for each of these genes was used 224 

as an additional calibrator sample (at 10 × 105 copies µl-1) in these cases. Samples 225 

from different field sampling groups were dispersed across plate triplets, avoiding 226 

confounding of plate with the sampling structure. Gene relative expression values 227 

used in analyses are RQ values calculated by the QuantStudio 6-flex machine 228 

software according to the ∆∆Ct method, indexed to the appropriate calibrator 229 

samples. Melting curves and amplification plots were individually inspected for each 230 

well replicate to confirm specific amplification. 231 

 232 

Parasite detection 233 

We quantified infections by microparasites (Babesia microti and Bartonella spp.) in 234 

blood using a strategy analogous to the host gene expression assays above, 235 

targeting pathogen ribosomal RNA gene expression and normalizing to the host 236 
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endogenous control genes. We included two extra sets of primers in the blood Q-237 

PCR assays described above (in one of the standard plate layouts for each plate 238 

triplet above). For B. microti we used the forward primer 239 

CTACGTCCCTGCCCTTTGTA and reverse primer CCACGTTTCTTGGTCCGAAT 240 

targeting the 18S ribosomal RNA gene and for Bartonella spp. we used the forward 241 

primer GATGAATGTTAGCCGTCGGG and reverse primer 242 

TCCCCAGGCGGAATGTTTAA targeting the 16S ribosomal RNA gene. As a 243 

calibrator sample we employed the main calibrator sample used for host gene 244 

expression in blood (above) in addition to a pool of DNA extracted from 154 blood 245 

samples from different M. agrestis at our study sites in 2015 and 2016; these DNA 246 

extractions were carried out using the QIAamp UCP DNA Micro Kit (Qiagen) 247 

following manufacturer’s instructions.  248 

Relative expression values are presumed to relate to the expression of pathogen 249 

ribosomal RNA genes and in turn to the intensity of infection. Pilot testing indicated 250 

that the detected relative quantities of parasite RNA correlated closely to visual 251 

counts of parasitized cells on blood smears examined under a microscope. 252 

Moreover, we validated our diagnostic results by comparing our PCR RQ values to 253 

independent data for a subset of cross-sectional voles with mapped genus-level 254 

pathogen reads from RNASeq analysis of blood samples (n = 44), finding the two 255 

data sets strongly corroborated each other (Bartonella spp., r2 = 0.81, p < 0.001; B. 256 

microti, r2 = 0.81, p < 0.001). 257 

 258 

Genotyping & pedigree reconstruction  259 

We genotyped voles from their tail samples for 346 single nucleotide polymorphisms 260 

(SNPs) in 127 genes. See Wanelik et al.23 for details of the approach used to select 261 
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these SNPs. Briefly, we combined information from an external database of human 262 

immune genes (Immunome database; http://structure.bmc.lu.se/idbase/Immunome/ 263 

index.php) with our own existing knowledge of the study system. DNA was extracted 264 

from a tail sample taken from the animal using DNeasy Blood and Tissue Kit 265 

(Qiagen). Genotyping was then performed by LGC Biosearch Technologies 266 

(Hoddesdon, UK; http://www.biosearchtech.com) using the KASP SNP genotyping 267 

system. This included negative controls (water) and duplicate samples for validation 268 

purposes.  269 

 270 

We used a subset of our SNP dataset (n = 114 SNPs) to reconstruct a pedigree 271 

using the R package Sequoia24. All analyses were performed in R statistical software 272 

version 3.5.225. Full details can be found in Wanelik et al.26. Briefly, we inputted life 273 

history information into Sequoia where possible (99% of samples were assigned a 274 

sex; 54% were assigned a birth month), and generated site-specific pedigrees 275 

(assuming no dispersal between sites, each several kilometres apart). We inspected 276 

log10 likelihood ratios (LLRs) for parent pairs as recommended in the user manual 277 

for Sequoia. Almost all LLRs were positive (97% of LLRs) indicating confidence in 278 

our assignments. For each individual present in a pedigree (n = 652; see below), the 279 

number of offspring was counted to provide a measure of their reproductive success. 280 

Half of individuals present in our pedigrees (n = 325) were found to have no 281 

offspring. We expect the majority of these to be true zeros (representing actual 282 

reproductive failure) as we sampled a large proportion of the total population within 283 

clear-cuts. We minimised the chance of false zeros by excluding from the pedigree 284 

those individuals (e.g., at the periphery of a study grid) for which we recorded no 285 

relatives (including offspring) likely because we had not sampled in the right place.  286 
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Statistical methods 287 

 288 

Correlation networks 289 

We constructed an expression correlation matrix for all immune genes measured 290 

prior to breeding, in early life. We used Spearman Rank correlation coefficients (1) in 291 

case of any non-linear relationship between genes, and (2) because our expression 292 

data were not normally distributed. There was some missing data in our expression 293 

dataset (640/4460 values = 14%). In order to maximise the sample size used to 294 

generate each correlation coefficient, we used pairwise complete observations. This 295 

resulted in 72% of correlations based on at least 75% of the total data. For each 296 

correlation coefficient, we randomly permuted the data 1000 times to calculate a p-297 

value. We also adjusted all p-values for multiple testing using the Benjamini-298 

Hochberg method. We thresholded our correlation network using these corrected p-299 

values – only keeping those edges with a significant corrected p-value (p � 0.05). 300 

Genes were clustered on edge betweenness, using the edge betweenness algorithm 301 

in igraph27. The edge betweenness score of an edge is a measure of the number of 302 

shortest paths that go through it. The algorithm identifies densely connected 303 

modules by gradually removing edges with highest edge betweenness scores28.  304 

 305 

We then ran an exploratory analysis, repeating the steps above to construct a 306 

correlation network for all immune genes measured in early life and six additional 307 

measures of later life or lifetime success. These were: (1) whether or not an 308 

individual was recaptured (a proxy for survival), (2) reproductive success in later life 309 

(number of offspring in the pedigree), the proportion of later life infected with two 310 

major microparasites in our population, namely (3) the bacterium Bartonella spp. and 311 
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(4) the protozoan Babesia microti, (5) mean Scaled Mass Index (SMI; a measure of 312 

an individual’s average condition across their lifetime29), and (6) coefficient of 313 

variation in SMI (a measure of an individual’s resilience in maintaining their condition 314 

across their lifetime; with the caveat that this measure of lifetime of success will be 315 

less reliable when based on fewer captures; see Supplementary Fig. 2). There was a 316 

lack of variation in the first of these measures, whether or not an individual was 317 

recaptured (total of 191 recaptured and 32 not recaptured) which led to zero 318 

variance warnings and missing correlation coefficients for some pairwise 319 

comparisons. This measure was therefore omitted from the network and instead 320 

tested for associations with immune parameters of interest using a Fisher’s exact 321 

test (see below). There were slightly more missing data in our final combined 322 

expression and success dataset (1078/5575 values = 19%). As before, we used 323 

pairwise complete observations. This time, with 45% of correlations based on at 324 

least 75% of the total data.   325 

 326 

Confirming associations between immune genes and measures of later life 327 

success  328 

Follow-up analyses were run to confirm the two correlations of interest: (1) a 329 

significant positive correlation between Il17 expression in early life and reproductive 330 

success, and (2) a significant positive correlation between Il10 expression in early 331 

life and proportion of later life infected with Bartonella spp. (see Results).  332 

 333 

We had information about both Il17 expression in early life and reproductive success 334 

for 131 voles. Our measure of reproductive success was zero-inflated (107/131 or 335 

82% zero values) and was simply coded as either reproduced or not. We then ran a 336 
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logistic regression to model the probability of reproducing. Il17 expression in early 337 

life was also found to be zero-inflated (117/131 or 89% zero values) and was simply 338 

coded as either expressed or not. We included birth month as a (continuous) 339 

covariate in the model, given that autumn-born voles have a lower chance of 340 

reproducing than spring-born voles30. Other (categorical) covariates included in the 341 

model as fixed effects were: sex, whether or not an individual was culled for the 342 

cross-sectional component of this study (again, reducing the opportunity to 343 

reproduce) and the year in which an individual was born. We also included a random 344 

effect for the site in which an individual was born. 345 

 346 

We had information about Il10 expression in early life and future Bartonella infection 347 

for 104 voles. Bartonella infection status was assessed multiple times for the majority 348 

of individuals in the longitudinal component of the study (mean = 2.3; range = 1-6). 349 

Therefore, we ran a logistic regression, with a random effect for individual, to model 350 

the probability of an individual being infected throughout their life. The response 351 

variable was whether (1) or not (0) an individual tested positive at a particular time. 352 

As was the case for Il17, Il10 expression in early life was found to be zero-inflated 353 

(89/104 or 86% zero values) and was simply coded as either being expressed or not. 354 

Other individual-specific covariates, considered potential drivers of future Bartonella 355 

infection and included as fixed effects were: sex, whether or not an individual was 356 

targeted for anti-parasite treatment (which may have affected the flea vectors of 357 

Bartonella), whether or not they were already infected with Bartonella in early life and 358 

birth year. We also included a random effect for birth site.  359 

 360 
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Logistic regressions were run using the R package glmmADMB31,32. All covariates 361 

were tested for independence using variance inflation factors (all VIFs < 3). Full 362 

submodel sets were generated from each global model, including all fixed and 363 

random terms of interest, using the MuMIn package (Bartoń 2016). All candidate 364 

models were then evaluated and ranked on relative fit using the Akaike Information 365 

Criterion, AIC. The best model, with the lowest AIC, is reported in the text and 366 

figures.  367 

 368 

Testing the age-specificity of these associations 369 

To test whether these associations are strictly early-life or also present in adult 370 

(breeding) samples, we re-ran the same best models for reproductive success and 371 

proportion of later life infected with Bartonella on adult blood samples. We 372 

maximised the sample size for these analyses by including all individuals sampled as 373 

adults, whether or not they were first sampled prior to breeding and therefore had an 374 

approximate birth date. For this reason, we were unable to account for birth month 375 

(reproductive success) and birth year (reproductive success and Bartonella 376 

infection). The best models were otherwise unchanged. After omitting those samples 377 

with missing data, we had information about both Il17 expression in adult life and 378 

reproductive success for 357 voles, and information about both Il10 expression in 379 

adult life and Bartonella infection for 798 voles. For individuals with more than one 380 

adult sample, we selected one adult sample at random from which to measure 381 

expression. To ensure that our results were robust to different random draws, we 382 

repeated this process 1000 times, re-running the best models on 1000 random 383 

draws. We report the number of random draws for which each association was 384 

significant (p � 0.05) compared to that expected by chance. We also tested for an 385 
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association between whether or not an individual expressed each immune parameter 386 

of interest early in life, and whether or not they expressed it in later life using a 387 

Fisher’s exact test. 388 

 389 

Testing for associations between immune genes of interest and genetic 390 

polymorphisms 391 

We looked for associations between the immune parameters of interest (Il10 and Il17 392 

expression in early life) and genetic polymorphism. In order to avoid difficulties in 393 

interpretation due to multiple testing, we looked only at polymorphisms in the 394 

immune genes found within immune cluster 3 (see Results and Fig. 1; Il17 = 1 SNP, 395 

Il10 = 2 SNPs, Gata3 = 2 SNPs). We used the R package hapassoc (for Il10 and 396 

Gata3, for which we had information about more than one SNP) and the package 397 

SNPassoc (for Il17, for which we had information about a single SNP). Both 398 

hapassoc and SNPassoc models assumed an additive genetic model.  399 

 400 

Results 401 

 402 

Three main clusters of immune genes are visible in early life 403 

We constructed a correlation network for 20 immune genes whose expression was 404 

measured in our voles prior to breeding. Following thresholding, one immune gene, 405 

Il4, dropping out of the network. Using clustering analysis we identified three main 406 

immune clusters in early life: (1) immune cluster 1 (Il1rap, Il1rn, Il1b, Orai1, Retnlg, 407 

Apobr, Cd8a, Ifng, Tgfb1, Cd86), (2) immune cluster 2 (Irf2, Irf9, Foxp3, Tollip) and 408 

(3) immune cluster 3 (Gata3, Il10, Il17; Fig. 1a).  409 

 410 
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 411 

Fig. 1 Network showing significant correlations (and associated nodes) of magnitude 412 

� 0.2 between (a) immune parameters in early life (coloured nodes) and (b) immune 413 

parameters in early life and measures of future success (grey nodes). Nodes without 414 

any significant correlations of magnitude � 0.2 are not shown in either (a) or (b). 415 

Width of an edge represents exact magnitude of the Spearman rank correlation 416 

coefficient. Three main clusters of immune parameters emerge based on edge 417 

betweenness (indicated by the colour of nodes in (a): orange, light blue and green). 418 

One of these (cluster with green nodes and also highlighted in green) was closely 419 

associated with two measures of future success (Bartonella infection and 420 

reproductive success) and was investigated further, in particular the edges 421 

highlighted in red in (b).  422 

 423 

Exploratory analysis points to immune cluster 3 being closely associated with 424 

measures of later life success 425 

We then ran an exploratory analysis, repeating the same process as above, but 426 

adding six measures of later life success. Two measures of later life success 427 
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(coefficient of variation in SMI and proportion of later life infected with Babesia) were 428 

not correlated with any other measure and dropped out of the network. Both immune 429 

clusters 1 and 2 were associated with mean SMI. This included a significant negative 430 

correlation between Orai1 expression in early life (immune cluster 1) and mean SMI 431 

(rho = -0.33; corrected p < 0.01), and a significant positive correlation between 432 

Foxp3 expression in early life (immune cluster 2) and mean SMI (rho = 0.23; 433 

corrected p < 0.05). However, the immune cluster with the most associations with 434 

measures of later life success was immune cluster 3. Two measures of later life 435 

success (reproductive success and the proportion of later life infected with Bartonella 436 

spp.) were associated with immune cluster 3 (cluster highlighted in green in Fig. 1b). 437 

This included a significant positive correlation between Il17 expression in early life 438 

and reproductive success (rho = 0.22; corrected p = 0.04), and a significant positive 439 

correlation between Il10 expression in early life and proportion of later life infected 440 

with Bartonella spp. (rho = 0.22; corrected p = 0.05; edges highlighted in red in Fig. 441 

1b).  442 

 443 

Follow-up analysis confirms that Il17 expression in early life is associated with 444 

increased odds of reproducing later in life 445 

A logistic regression confirmed that whether or not an individual expressed Il17 in 446 

early-life was significantly associated with their probability of reproducing in later life 447 

(odds ratio = 5.10; 95% CI = 1.28 – 20.32; p = 0.02). Other fixed effects which 448 

appeared in the best model for, and were significantly associated with, the probability 449 

of reproducing in later life were the year in which an individual was born, and the 450 

month in which it was born (Fig. 2a). There was no significant association between 451 

Il17 expression in later (breeding) life and reproductive success (n = 7/1000 random 452 
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samples for which p � 0.05; many fewer than the 50/1000 expected by chance) 453 

indicating that this association was specific to early-life expression of Il17. Consistent 454 

with this result, we found no association between whether or not an individual 455 

expressed Il17 early in life, and whether or not they expressed Il17 later in life 456 

(Fisher’s exact test; odds ratio = 0.64; 95% CI = 0.18 – 2.03; p = 0.45).   457 

 458 

Il10 expression in early life is associated with an increased proportion of later 459 

life infected with Bartonella spp. and decreased odds of recapture (a proxy for 460 

survival)  461 

A logistic regression confirmed that whether or not an individual expressed Il10 in 462 

early-life was significantly associated with their probability of being infected with 463 

Bartonella in later life (odds ratio = 9.98; 95% CI = 1.29 – 77.08; p = 0.003). Year in 464 

which an individual was born was the only other fixed effect present in the best 465 

model for, and was also significantly associated with, Bartonella infection (Fig. 2b). 466 

The association between Il10 expression in later life and probability of infection was 467 

also significant (n = 993/1000 random samples for which p � 0.05; many more than 468 

the 50/1000 expected by chance) indicating that this association was not specific to 469 

early-life expression. We found no association between whether or not an individual 470 

expressed Il10 early in life, and whether or not they expressed Il10 later in life 471 

(Fisher’s exact test; odds ratio = 1.05; 95% CI = 0.25 – 3.90; p = 1.00). Bartonella 472 

infection status in early life did not appear in the best model for explaining the 473 

probability of infection in later life, but there was a significant association between 474 

this variable and Il10 expression in early life (Fisher’s exact test; odds ratio = 5.90; 475 

95% CI = 1.38 – 53. 41; p = 0.01). In addition, we found a significant negative 476 
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association between Il10 expression in early life and probability of recapture (a proxy 477 

for survival; Fisher’s exact test, odds ratio = 0.39; 95% CI = 0.15 – 1.03; p = 0.05).  478 

 479 

 480 

Fig. 2 Odds of later-life success given immune parameters in early-life. In bold: (a) 481 

odds of reproduction for individuals expressing Il17 in early life (IL17+) compared to 482 

individuals not expressing Il17 (IL17-), and (b) odds of Bartonella infection for 483 

individuals expressing Il10 in early life (IL10+) compared to individuals not 484 

expressing Il10 (IL10-). Not in bold: odds of reproduction or infection associated with 485 

other fixed effects which also appeared in best models: year in which an individual 486 

was born (2015, 2016 or 2017) and month in which an individual was born (treated 487 

as continuous variable). All estimates taken from best models (see text). Error bars 488 

represent 95% confidence intervals.  489 

 490 

Il10 expression in early life is associated with a single SNP in the Il17 gene 491 

We looked for associations between the immune parameters of interest (Il10 and Il17 492 

expression in early life) and genetic polymorphism. We found a significant 493 
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association between a single SNP in the Il17 gene and Il10 expression in early life 494 

under an additive model, with the probability of expressing Il10 significantly 495 

increasing with the number of T alleles (odds ratio = 1.74; 95% CI = 1.03 – 2.94; p = 496 

0.04; Fig. 3). Il17 genotype only explained a small proportion of variation in Il10 497 

expression (r2 = 0.026).  498 

 499 

 500 

 501 

Fig. 3 Summary diagram of confirmed associations. Blue arrows indicate positive 502 

associations, red arrows indicate negative associations. One-way arrows indicate a 503 

likely causal association, two-way arrows indicate a correlation only.  504 

 505 

Discussion 506 

 507 

We have used a wild rodent system to provide evidence that, (1) the reproductive 508 

success (a measure of fitness), and (2) the response to infection of mature 509 

individuals (a measure of health) is foreshadowed by immune expression in the early 510 

stages of their lives. We have also found evidence to suggest that these patterns 511 

vary between different parts of the immune network.  512 

Il10 expressionIl17 genotype  
Bartonella infection

Il17 expression Reproductive success

Recapture (proxy for survival)

Early life Later life
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 513 

We were able to derive three clusters of genes related to immune function based on 514 

co-expression data and it was unsurprising to see genes involved in different 515 

pathways, and with mixed pro- and anti-inflammatory functions, included in the same 516 

clusters. This is expected given the complexity of immune regulatory networks. For 517 

example, some responses might increase at the same time as their negative 518 

feedbacks, or responses within one pathway might lead to host states that favour the 519 

expression of another pathway. Nonetheless, we saw very clear functional biases, 520 

with the largest cluster containing predominantly pro-inflammatory markers such as 521 

Il1 signalling cascade members33, Ifng34, Tgfb135 and Retnlg36, but also genes with 522 

more nuanced functions in the promotion and suppression of inflammation, including 523 

Tgfb137 itself and Orai138. This “pro-inflammatory” cluster was distinct from a second 524 

cluster containing predominantly immune down-regulatory markers including 525 

Foxp339, Tollip40 and Irf241, but also Irf942 a driver of interferon effector responses. A 526 

third cluster containing Gata3, Il10 and Il17 may give new insights into immune 527 

function, given that it contained a counterintuitive set of genes and was, at the same 528 

time, the cluster best linked to host health and fitness. We have previously found 529 

GATA3 to be associated with immune tolerance phenotypes, and the association 530 

with the anti-inflammatory cytokine IL10 provides further support of this finding43,44. 531 

Il10 expression is, in turn, positively associated with Il17 expression. IL17, which we 532 

found to be an early-life indicator of reproductive success, is typically associated with 533 

a pro-inflammatory immunopathology but may also be protective against the 534 

numerous primary microbial insults that young voles, lacking acquired immunity, may 535 

encounter45. The correlation between IL10 and IL17 may thus be one whereby IL10 536 

is produced in response to IL17 in order to safely regulate its inflammatory effects 537 
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and prevent immunopathology46–49. We argue that wild rodent studies can help us to 538 

define which of the possible immunological interactions known from laboratory 539 

studies predominate and shape the structure of immune phenotypes in individuals 540 

exposed to pathogens, nutritional challenge or other stressors within the natural 541 

environment. As in the case of IL10 and IL17, wild rodents may also give insights 542 

into immune regulation within a natural context.  543 

 544 

Having identified the correlational structure of immunological traits in a wild 545 

population, it is then a natural extension to include other phenotypic traits. We used 546 

longitudinal data to address our aim to determine how immune phenotypes may be 547 

laid down in early life to affect later life health and fitness. We found two pathways 548 

through which immune phenotypes in early life act on later life traits (Fig. 3). In the 549 

first, increased expression of Il10 in blood samples taken during early life (i.e., prior 550 

to breeding) was subsequently associated with both a ten-fold increased 551 

susceptibility to Bartonella infection later in life and a three-fold reduction in 552 

survivorship. The association of a genotypic effect on Il10 expression, a 553 

polymorphism in Il17, suggests that early-life effects may be, at least in part, laid 554 

down at birth in this case. A challenge for future work will be to tease out causation 555 

from correlation in this case. An adverse Il17 genotype may make an individual more 556 

likely to become infected with Bartonella, with infection stimulating Il10 expression. 557 

Alternatively, that genotype may predispose an individual to express Il10 early in life 558 

(and perhaps lead to other immune-expression variations) with that pattern of 559 

immune expression increasing the likelihood of Bartonella infection. The positive 560 

association between Il10 expression in the earliest samples and Bartonella infection 561 

at that time supports but cannot positively establish the former, since Bartonella 562 
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infection before even the earliest samples is possible. Further, it is unclear whether it 563 

is Bartonella infection or the pattern of immune expression that reduces survival. 564 

 565 

We also found a significant association between Il10 expression in breeding adults 566 

and the proportion of later life infected with Bartonella. It is perhaps not surprising 567 

that we found this association, as both Il10 expression and Bartonella infection in this 568 

case were measured in contemporaneous samples (taken in later life) and our 569 

previous work shows that Il10 expression increases soon after acquisition of 570 

Bartonella50. Furthermore, we found no significant association between Il10 571 

expression early and later in life, suggesting that the later-life association was not 572 

driven by its early-life counterpart. 573 

 574 

The second pattern that we found is for increased Il17 expression early in life to be 575 

associated with a subsequent five-fold increased likelihood of reproduction. By 576 

contrast, Il17 expression in breeding adults showed no such association with 577 

reproduction, and indeed, no association either between Il17 expression early and 578 

later in life. In contrast to Il10 expression, no genetic effects on Il17 expression were 579 

detected; at least from the deliberately limited set of cytokine polymorphisms 580 

considered, which included Il17 polymorphism itself. This suggests that early life 581 

expression of Il17 may be the consequence of an environmental effect leading to an 582 

immune phenotype that acts on juveniles and influences their development as they 583 

transition into reproductively mature adults. This could be, for example, a bacterial 584 

infection or composition of the gut microbiome early in life. 585 

  586 
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Hence, despite the contrasts between the patterns for Il10 and Il17 expression, both 587 

appear to be examples where the die has been cast early: immune expression early 588 

in life, however determined, is a powerful predictor of the future life course of the 589 

individual concerned. Previous evidence for this has been scarce. A number of 590 

studies have shown an association between broad-brush measures of immune 591 

expression in nestling birds and recruitment from the nest13–16, an almost 592 

contemporaneous effect. Bowers et al.13 went a step further, and showed an 593 

association between a broad-brush measure of immune expression (PHA 594 

responsiveness), longevity and reproductive success. Here we provide a more 595 

refined analysis, and describe two examples in which differences detectable early in 596 

life in the expression of distinct immune pathways play out much later in life, or at 597 

least over a much more extended period. Il10 differences confirm a genetic basis for 598 

immune expression that, as previously shown in this system and others, act through 599 

the network of interacting cytokines such that polymorphism at one cytokine gene 600 

can affect expression of other cytokines and immune phenotypes23,51–56, with these 601 

effects further percolating to affect health and fitness more broadly in later life. By 602 

contrast, the Il17 differences appear to be more reminiscent of the Jesuit motto “Give 603 

me the boy until he is seven and I will give you the man”: that independently of any 604 

genetic differences, an individual’s experiences early in life may, in this case through 605 

the medium of immune expression, profoundly influence their later health and 606 

fitness. 607 

 608 

 609 

 610 

 611 
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