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Summary 23 

Behavior is a key interface between an animal’s genome and its environment. Repeatable 24 

individual differences in behavior have been extensively documented in animals, but the 25 

molecular underpinnings of behavioral variation among individuals within natural 26 

populations remain largely unknown. Here, we offer a critical review of when molecular 27 

techniques may yield new insights, and we provide specific guidance on how and 28 

whether the latest tools available are appropriate given different resources, system and 29 

organismal constraints, and experimental designs. Integrating molecular genetic 30 



 

 

techniques with other strategies to study the proximal causes of behavior provides 31 

opportunities to expand rapidly into new avenues of exploration. Such endeavors will 32 

enable us to better understand how repeatable individual differences in behavior have 33 

evolved, how they are expressed, and how they can be maintained within natural 34 

populations of animals. 35 

 36 
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The molecular genetic basis for repeatable behavioral variation  38 

The stunning diversity of behavior within a species has become a thriving area of 39 

research for behavioral ecologists. As a result, we now know that repeatable individual 40 

differences in behavior among animals within populations is ubiquitous. Studies under 41 

the umbrella of animal personality (reliable differences in behaviors across contexts or 42 

time) and behavioral syndromes (correlated behavioral traits) 1–4 have yielded thousands 43 

of publications, particularly during the last decade, and lay a solid foundation for 44 

understanding the evolution and effect of repeatable variations in behavior both 45 

theoretically and empirically. Nevertheless, fundamental questions remain unresolved. 46 

(1) Why are individuals consistent at all? In other words, why is behavior not infinitely 47 

plastic? (2) Why are some behaviors correlated? And why do correlations sometimes 48 

vary among individuals and populations? (3) What explains individual differences in 49 

developmental plasticity (effects of earlier experiences on subsequent behavioral 50 

tendencies)? Differences in contextual plasticity (effects of current conditions on 51 

behavior)? (4) And finally, why do individuals have different behavioral types? Indeed, 52 

knowing how and whether selection acts on consistent among-individual differences in 53 

behavioral traits has important implications for our understanding of the maintenance of 54 

variation within natural populations, a central problem in evolutionary biology.  55 

 Genomics and other molecular methods have many applications for studying the 56 

mechanistic basis of animal behavior, which have been outlined elsewhere (e.g. Rittschof 57 

and Robinson 20145). This article focuses on the application of such tools to repeatable 58 

individual variation in behavior. Fundamental questions about behavioral variation can be 59 

difficult to resolve without some understanding of genetic or physiological variation, 60 

often upstream to behavior. While downstream processes may also affect behavioral 61 

variation (e.g. differences in the peripheral nervous system affect task allocation in 62 

Temnothorax ant workers6), if looking at the appropriate time point, molecular organizing 63 

signatures may still be detected, either if they are the result of environmental signaling or 64 

individual genetic differences. As interest in integrating studies of proximate and ultimate 65 

mechanisms increases, researchers interested in behavioral variation have begun applying 66 

these methodological approaches across Tinbergian levels of analysis 7–9. 67 



 

 

Genomics has revolutionized our understanding of evolution, ecology and 68 

physiology, yet even with recent advances, the study of animal behavior has been slower 69 

to embrace genomic technologies. One possible reason is that until recently the relevant 70 

genetic tools have been out of reach for animal behaviorists fascinated by the behavioral 71 

diversity within and among non-model species (Box 1). In addition, repeatable behavioral 72 

variation is likely the result of multifaceted, highly dynamic, and non-linear epistatic, 73 

transcriptional, epigenomic, ontogenetic, neural, and metabolic processes10, which makes 74 

it hard to study. Plastic traits such as behavior present specific challenges for studies at 75 

the molecular level: compared to morphological and most life history traits, behavior is 76 

repeatedly expressed, meaning there can be significant trait plasticity within an 77 

individual. Plasticity itself can also vary between individuals11,12. The phenotypic 78 

gambit13 and a relative lack of integration across Tinbergen’s levels of analysis14,15 has 79 

also slowed progress in this area. Moreover, there is skepticism in some circles about 80 

whether we need to study traits (including behavioral traits) at the molecular level at all16–81 

18, and if the benefits outweigh the considerable costs, both in terms of monetary expense 82 

and the training required for proficiency16,18. Indeed, some fundamental questions about 83 

repeatable individual variation in behavior do not require expensive forays into the world 84 

of genomics. For example, if the researcher is interested in the mechanisms underlying a 85 

behavior, there may be few compelling reasons to incorporate genomics if there are 86 

already candidate genes related to the behavior of interest19. In addition, we can learn a 87 

lot about behavioral evolution (i.e. does behavioral variation reflect genetic or 88 

environmental causes?) using standard quantitative genetic “gene free” approaches (such 89 

as cross-fostering or common garden experiments) without incorporating genomics.  90 

However, there are compelling reasons for evolutionary biologists to investigate 91 

the genetic and molecular mechanisms of behavioral variation. For example, both 92 

environmental and genetic variation shape behavior, but whether these effects share 93 

overlapping molecular mechanisms remains unclear. As such, identifying the genes that 94 

contribute to environmentally and genetically-mediated variation has major implications 95 

for understanding the evolution of phenotypic plasticity20. In addition, once we have 96 

identified these genes, we can begin to ask fundamental questions about pleiotropy21, i.e. 97 

whether the same genes influence multiple traits, and whether these genes are under 98 



 

 

selection22. Finally, as we examine the genetic basis the same “trait” across species, we 99 

can begin to discover whether the molecular mechanisms underlying behavioral variation 100 

are deeply conserved in evolution23.  101 

There are already hints that applying genomic tools to study behavior at the 102 

molecular level can offer fundamental insights. For example, in an early microarray 103 

paper, Whitfield and colleagues were able to track the enormous transcriptomic plasticity 104 

(39% of the genes expressed in the brain) that contributes to age polyethism in honey bee 105 

workers24. Through QTL mapping, Bendesky and colleagues recently identified 12 106 

genomic regions associated with variation in parental care in Peromyscus mice, some of 107 

which had sex-specific effects, which provides a plausible mechanism by which parental 108 

behavior can evolve independently in the sexes25. It is only a question of time until these 109 

tools are applied to address fundamental questions about behavioral variation among 110 

individuals within populations. For example, understanding why traits such as aggression 111 

and exploratory behavior are often correlated has been hypothesized to either be the 112 

result of pleiotropic interactions or linkage with “aggressiveness genes” favored in 113 

environments where conspecific aggression is beneficial2,7. The underlying causes of 114 

such so-called spillovers have rarely been tested, though with knowledge of underlying 115 

mechanisms, it is in principle an empirically tractable question. Similarly, a fundamental 116 

question often asked about repeatable behavioral variation – why is an individual’s 117 

behavior consistent rather than infinitely plastic? – is often attributed to the costs of 118 

plasticity (but see Stamps and Frankenhuis 201626)27. However, measuring the fitness 119 

costs of behavioral plasticity has proven to be difficult28. Genomic technologies might be 120 

fruitfully brought to bear on this question by asking about the extent of transcriptomic 121 

remodeling in different tissues in response to ecologically-relevant behavioral stimuli, 122 

including predators, conspecifics, parasites, or novel environments. 123 

Introduction to the tools 124 

For behavioral ecologists venturing for the first time into the unfamiliar territory 125 

of using molecular approaches, the process can be daunting. Selecting the right high-126 

throughput genomic technology for a project requires careful consideration of the 127 

questions posed, resources available, and of the limitations presented by a given tool and 128 

a given system. Contemporary approaches examine three levels of genomic variation: 129 



 

 

genetic, epigenetic, and transcriptional. Genetic variation corresponds to sequence 130 

differences. Epigenetic variation is evidenced in differences in the molecular marks on 131 

DNA and DNA chaperone proteins, which affect DNA accessibility to transcription 132 

factors. Transcriptional variation refers to differences in the amount of RNA generated 133 

from a particular DNA locus.  Variation at any of these levels is likely are not 134 

independent from each other. For instance, transcriptional variation is likely tide to 135 

genetic or epigenetic variation, making parallel approaches that examine multiple levels 136 

of variation a potentially powerful approach. 137 

There are three main categories of molecular tools: 1) genotyping molecular 138 

markers, which involves the widespread sequencing of genomic DNA across 139 

phenotypes, populations, and/or species; 2) comparative gene regulation studies, which 140 

characterize transcription and its epigenetic regulation; and 3) genetic manipulations, 141 

which directly test function. While not specifically a genomic tool, we will additionally 142 

discuss whole genome sequencing, as the presence of a sequenced, assembled and 143 

annotated genome can significantly affect how useful specific tools may be, but is not 144 

necessarily a trivial task to accomplish. Table 1 presents some practical considerations 145 

for using these tools. These are, of course, not the only considerations, and further 146 

information relevant to tool selection is considered below. 147 

 148 

Genotyping molecular markers for gene association studies 149 

Contemporary genotyping methods involve the widespread genotyping of markers 150 

across the genome, and can be used to directly compare genome structure (e.g. 151 

supergenes) and content of different phenotypes at an unprecedented resolution29. These 152 

methods involve the targeted enrichment of specific, known sequences (whole exome 153 

sequencing, targeted enrichment), or the targeting of randomly distributed restriction sites 154 

across the genome (RAD-Seq; Genotyping-by-Sequencing).  155 

Genome-wide association studies (GWAS) involve searching the genome for 156 

marker polymorphisms that are associated with variation in the phenotype of interest. 157 

Once markers have been identified, targeted sequencing and/or comparison to a reference 158 

genome might reveal the location and identity of genes that lie within loci that segregate 159 

with the trait. An advantage of GWAS is that it can be carried out in wild, unmanipulated 160 



 

 

natural populations, and does not require performing specific crosses. However, 161 

considering the great number of comparisons and correlations tested using markers across 162 

the genome (for linkage maps, genome-wide association studies, etc.), the detection of 163 

genomic regions in significant associations with trait variation often requires an 164 

extremely large sample size (10,000 - 100,000+)29. A large sample size is also important 165 

for accurately estimating allele frequency in the population30. 166 

Quantitative trait loci (QTL) mapping involves generating crosses between 167 

behaviorally divergent individuals and then tracking the segregation of markers linked to 168 

phenotypic variation across several generations31. The power of QTL mapping is limited 169 

by the number of meioses that shuffle associations between markers and the causal 170 

alleles, and by the number of loci contributing to variation in the trait and their respective 171 

effect sizes; sample sizes on the order of several hundreds to thousands of F2s are 172 

required to detect loci of medium effect32. QTL mapping also requires that hybrids are 173 

viable, and requires that animals can be reared under laboratory conditions for several 174 

generations.  175 

Gene association studies via either QTL mapping or GWAS are most likely to be 176 

successful when variation is discrete, highly heritable and affected by relatively few loci 177 

of large effect. For example, in ruffs there are three alternative male mating morphs under 178 

negative frequency-dependent selection. This inversion of a supergene was mapped using 179 

only 41 individuals33. Unfortunately, most repeatable behavioral variation within 180 

populations is continuous, rather than discrete, and is likely to be underlain my thousands 181 

of genes of small effect. Therefore, crosses between species or populations with discrete 182 

variation might be more tractable for mapping. For example, QTL associated with 183 

variation in parenting behavior between two sister species of mice was found using this 184 

approach25.  185 

 186 

Comparative gene regulation 187 

Transcriptional profiling (e.g. RNA-Seq) can be used to compare gene expression 188 

across phenotypes or conditions in order to identify associations between the expression 189 

of specific genes or gene pathways and behavioral phenotypes34,35.  Transcriptomics is a 190 

particularly appealing genomic tool for plastic behavioral traits because measuring gene 191 



 

 

expression (possibly in combination with quantifying static DNA sequence variation) can 192 

reveal how the genome dynamically responds to the environment, including the social 193 

environment 36. For example, studies have compared gene expression between  194 

animals that either have or have not experienced a change in their environment that 195 

causes changes in behavior. Such studies have shown that the genome is remarkably 196 

dynamic: roughly ~10% of the genome responds to a mating opportunity 37–42, 197 

predation risk 43–46, or a territorial challenge 47–49. 198 

An advantage of transcriptional profiling over GWAS is that lists of differentially 199 

expressed genes can be generated with much smaller sample sizes (on the order of a 200 

typical behavior experiment), and therefore can be an accessible point of entry for 201 

behavioral ecologists into the world of genomics. However, one challenge of using 202 

transcriptional profiling is that it results in an unbiased list of often hundreds of 203 

differentially expressed genes, requiring thoughtful consideration of how best to move 204 

forward with investigation of candidate genes. Lists of differentially expressed genes are 205 

a far cry from knowing the specific causal variants underlying phenotypic variation, and 206 

results are highly contingent on where tissue is sampled because gene expression is 207 

highly cell type-specific. Developmental genes are more likely to be expressed at specific 208 

embryonic, larval, or pupal stages (though genes originally described as developmental 209 

may also be expressed in adults 23,50), and gene expression involved in behavioral traits 210 

may vary within the specific neuronal circuits that subserve that behavior. Given these 211 

considerations, it is perhaps not surprising that gene expression is also known to vary 212 

between field- and lab-reared organisms51, which calls for thorough validation of lab-213 

based results in natural populations. 214 

The destructive nature of most tissue sampling (especially for brain) poses 215 

challenges for obtaining repeated samples, and might not be realistic for long-term 216 

studies of marked individuals, or studies with threatened species. An emerging alternative 217 

involves using peripheral proxy tissues such as blood52,53. This can be useful, but comes 218 

with its own limitations. For example, blood measures of gene expression are generally 219 

not relevant to expression within circuits of the nervous system; gene expression varies 220 

tremendously even between neuronal cell types and brain regions, so looking at tissue as 221 

different as blood is unlikely to reveal transcriptional variation driving behavior in the 222 



 

 

brain54 (though, this may depend on the type of gene55). However, blood gene expression 223 

is influenced by many of the same factors that regulate brain gene expression, including 224 

rearing environment, stress and diet. Viewed as markers for repeatable behavioral 225 

variation, rather than as causal contributors to behavioral variation, such studies can be 226 

informative. 227 

There is also growing appreciation that gene expression patterns are highly 228 

contingent on when tissue is sampled because gene expression can change quickly – on 229 

the scale of minutes to hours- and we know very little about the arc of this time course 230 

(see Rittschof et al. in review). Therefore differences between phenotypes or 231 

experimental treatments may exhibit distinct patterns at 30 or 120 minutes56 after a 232 

behavioral interaction, for example. The molecular responses to behaviorally relevant 233 

stimuli likely involve waves of transcription associated with various types of behavioral 234 

plasticity (detecting the stimulus, assessing the stimulus, responding to the stimulus, 235 

maintaining a response to the stimulus, recovering from the stimulus, and preparing to 236 

modify future behavior after the interaction 57). Therefore the particular gene expression 237 

profile at a specific point in time is just a snapshot of a very dynamic process58. 238 

Arguably, gene lists produced by a cross-sectional transcriptomic experiment can be 239 

difficult to interpret without additional controls to tease apart gene expression associated 240 

with movement per se, responding to novelty, responding to any conspecific, versus 241 

responding to a same-sex conspecific, etc. 59. Another approach that is likely to be 242 

insightful is to measure the time course of gene expression following a stimulus in order 243 

to identify the waves of transcription associated with different components of behavioral 244 

plasticity58. 245 

Increasingly, researchers are coupling comparative gene expression to the 246 

examination of the mechanisms that regulate chromatin and other epigenetic 247 

modifications that influence which genes are expressed and which remain silent. These 248 

analyses often examine the methylation state of DNA (BS-RAD-Seq60, meDIP, BS-249 

seq61,62 and pyroseq63), the presence of histone-modifications and/or transcription factors 250 

(ChIP-Seq)64, or chromatin accessibility (ATAC-Seq65). 251 

 252 

Genetic manipulations  253 



 

 

For some research aims, the goal is to find genes in order to understand how they 254 

function to affect the biological process or trait of interest. Given the correlative nature of 255 

the aforementioned methods, researchers are increasingly interested in validating their 256 

results by manipulating the expression of the gene of interest in order to confirm that it 257 

has a causal effect on the trait. Gene expression can be directly manipulated through 258 

knock-downs that reduce function, knock-outs that eliminate function, or knock-ins that 259 

replace one sequence with another or insert a novel sequence.  The phenotypes of the 260 

altered organism can be measured, thereby providing a direct test of functionality of 261 

targeted candidate sequences. A classical technique with widespread use has been RNA 262 

interference (RNAi)66. RNAi can modify gene expression, allowing for the targeted 263 

testing of pleiotropic effects, providing a clearer view of how specific genes affect the 264 

strength of the correlation. RNAi can also be implemented at any life stage, but need not 265 

function at every life stage. Applying RNAi in non-model species, particularly in the 266 

context of manipulating brain gene expression, is not a trivial effort as it can be unreliable 267 

and inefficient until protocols can be modified for new systems. More recently, the 268 

CRISPR-Cas9 system has been developed for genome editing67.  It is extremely efficient 269 

for gene knock-outs, and is likely to be a very accessible tool for species with amenable 270 

reproductive biology, such as resilient embryos that can be manipulated. For systems 271 

where this is not possible, post-mitotic CRISPR-Cas systems are a potential option for 272 

localized gene manipulation68,69. It also allows the insertion of novel sequences into the 273 

target genome, providing a versatile tool for functional genomics; however, these knock-274 

ins are orders of magnitude less efficient than targeted deletions, and are probably a poor 275 

choice for an initial causal study in a non-model system. There are, of course, limitations 276 

such as difficulties in confirming the correct target sites were reached and mediating off-277 

site effects (as reviewed in Peng, Lin & Li 201670). Genome editing also requires one to 278 

be able to rear the organism in the lab and, preferably, to affect germ-line cells, so that 279 

edited genome may be passed through to subsequent generations (discussed further in 280 

The role of neuroscience, below). 281 

 282 

Whole genome sequencing 283 



 

 

Understanding the genomic basis of behavioral differences often involve 284 

sequencing the entirety of a species’ genome. Sequencing a reference genome for a study 285 

system will greatly increase the power and ease of genomic analyses described above. 286 

Reference genomes enable researchers to ask more advanced questions about the 287 

genomic and epigenomic variation underlying behavioral differences, such as identifying 288 

regulatory regions, both cis- and trans-, involved upstream of differentially expressed 289 

genes identified through RNA-Seq71. In addition, whole genome sequencing (WGS) can 290 

be used to identify patterns of selection and/or divergence between closely related 291 

species, populations, or behavioral types, such as relaxed selection in a large non-292 

recombining region associated with social structure in fire ants72, or genome 293 

differentiation between diverging behavioral types of Malaria mosquitoes73,74. 294 

WGS does not hold the answers to all genomics questions, and as with all the 295 

tools described here, requires careful consideration. Obtaining even a single, high-quality 296 

reference genome can be an arduous task that is time- and resources-intensive. Genome 297 

sequencing, and indeed most next generation sequencing, relies on short reads, usually 298 

followed by assembly steps to yield longer sequences. One of the best measures of 299 

sequence quality is coverage (or depth), i.e. how many sequence reads include a 300 

particular locus. To obtain high coverage, and therefore a high-quality sequence, the 301 

amount of starting material is important, including the size of the target genome and the 302 

number of starting samples. Coverage will also usually be lower at polymorphic sites, 303 

where high levels of heterozygocity occur, as well as in highly repetitive regions, where 304 

assembly can be unreliable. Newer sequencing methods involve longer reads of single 305 

molecules, which may help resolve poor assembly of highly repetitive regions. However, 306 

these methods can be error-prone and require the complementary use of short-read 307 

sequencing for error corrections. WGS projects, as well as genome-wide projects 308 

involving assembly (such as RAD-Seq and RNA-Seq) often require tradeoffs between 309 

coverage and sample size (e.g. the decision to pool samples to obtain higher quality 310 

sequences, as in Reidenbach et al. 201273), where it may be beneficial to have lower 311 

quality thresholds (for example reducing the target coverage from 20x to 10x), to increase 312 

the available sample sizes.  313 



 

 

With a known reference genome and identified candidate genetic regions, targeted 314 

sequencing approaches can be used to detect genetic factors involved in repeated inter-315 

individual differences with more precision. These techniques can take advantage of PCR 316 

technology to increase sequence quality without sacrificing sample size. For quantitative 317 

gene expression projects, the non-linear amplification introduced by many cycles of PCR 318 

can distort results, a problem that can be avoided by using simple techniques such as 319 

emulsion PCR or qPCR.  320 

 321 

Aligning tools with questions 322 

For many questions about repeatable behavioral variation, the hope is that using 323 

molecular methods will generate data that provides novel inferences about how and why 324 

behavioral variation exists. This may come in the form of inductive inferences from 325 

patterns- are the same genes associated with aggressiveness and exploration?-, or in 326 

trying to directly connect genes to neurobiological, endocrine or physiological processes 327 

that affect behavioral responses. In all of these cases, a priori understanding of which 328 

genomic or molecular data are sufficient to test hypotheses is critical because the same 329 

genomic technique may not advance every question. Each tool has a unique set of 330 

strengths, weaknesses and applications to questions of interest. For example, questions 331 

about within-individual change such as developmental and contextual plasticity may be 332 

best-approached using tools that measure genome-wide expression (RNA-Seq). In model 333 

systems, these questions could also be approached through genome and/or gene 334 

expression editing techniques to manipulate the expression of genes of interest. If one or 335 

several genes are suspected to regulate the correlation of multiple behaviors, for example, 336 

a knockout experiment may be appealing75. Questions more focused on between-337 

individual variation may be better served through massive parallel sequencing techniques 338 

that can compare the content or structure of the genome. For example, exome capture 339 

may be useful in identifying SNPs associated with different behavioral types in a GWAS 340 

study, while RAD-Seq may be more useful in comparing the genomic structure between 341 

behavioral types or between species via QTL mapping. Table 2 provides example 342 

hypotheses highlighting how the different tools could be applied to five fundamental 343 

questions about repeatable behavioral variation, behavioral plasticity and trait co-344 



 

 

variances, thereby providing a framework to select the right tool for the question at hand. 345 

This table is not intended to be a complete list of hypotheses or each tools’ potential, but 346 

rather a starting point for those familiarizing themselves with new tools. Below, we 347 

highlight several examples to illustrate.  348 

Example #1: Use GWAS to understand why there are behavioral types.  349 

A proximal hypothesis for why there is behavioral variation among individuals 350 

within natural populations is that different behavioral types of individuals have different 351 

variants of a gene that influences behavior. This question was addressed in a study of the 352 

silver alpine ant Formica selysi, which applied GWAS between social morphs to identify 353 

a large Mendelian supergene associated with variation in social structure in colonies. This 354 

supergene is predictive of the non-sibling queen tolerance of the colony (a key aspect of 355 

the colony’s personality76); thus influencing if a colony is monogynous or polygynous77. 356 

It is plausible that once the genes relating to behavioral variation have been found, 357 

genome data can be used to address whether balancing selection is maintaining the 358 

genetic variation, thereby providing an ultimate answer to the same question78.  359 

Example #2: Applying RNA-Seq to understand why individuals behave 360 

consistently. One possible reason why individuals might maintain a behavioral type is 361 

because it’s too costly to switch to a different one. According to this line of reasoning, the 362 

shift between behavioral types requires dramatic transcriptional change. This is expected 363 

to be costly, as it results not only in transcriptional change but also downstream 364 

reorganization of signaling cascades and physiological properties, requiring both time 365 

and energy. A simple prediction, then, is that there are fewer transcriptional changes 366 

associated with behaviors that are highly flexible within individuals, but large 367 

transcriptional changes associated with the shift between more stable behavioral types. 368 

Consistent with this idea, and based on emerging evidence that it is energetically costly to 369 

significantly change gene expression, sometimes with fitness consequences79, the 370 

relatively stable, permanent change in behavior of honeybee workers from nursing to 371 

foraging is associated with a 39% difference in gene expression. However, changes in 372 

gene expression are much lower when workers switch between less stable and more 373 

flexible occupations, such as undertaker and guard 24,80. An alternative view is that 374 

maintaining a behavioral type is similar to maintaining homeostasis. In that case, non-375 



 

 

plastic individuals, i.e. those whose behavior does not change dramatically in response to 376 

the environment, might experience large fluctuations in gene expression that are related 377 

to maintaining their behavioral type (Table 2). Experiments that measure gene expression 378 

on a genome-wide scale can distinguish between these two hypotheses. 379 

 Example #3: Applying RNA-Seq to understand why individuals differ in 380 

behavior. The gene expression profile of different behavioral types of individuals, e.g. 381 

between genetic lines selected for high or low levels of a particular behavior, or between 382 

alternative behavioral phenotypes, can be compared. Differences in expression between 383 

behavioral types could be caused by genetic variation, epigenetic modifications or 384 

developmental plasticity. Arguably this experimental design is better suited for answering 385 

questions about the molecular causes and correlates of individual variation than 386 

experiments measuring gene expression in response to stimuli because differences in the 387 

pattern of gene expression could reflect the molecular processes involved in maintaining 388 

a particular neural structure/function rather than generating a particular neurogenomic 389 

state 81,82. This means gene expression changes may reflect suites of traits associated with 390 

behavioral variation that are also often of interest to behavioral ecologists (e.g. Pace of 391 

Life Syndrome)83. For example, genes that are differentially expressed between 392 

alternative phenotypes that differ in aggressiveness (e.g. sneaker/satellite males verses 393 

territory holders) likely reflect processes involved in maintaining the molecular 394 

machinery associated with morphological and life history differences between the 395 

phenotypes, such as reproductive maturation57. 396 

Another tactic is to present individuals with a behavior-relevant stimulus, record 397 

their behavior, measure gene expression in response to the stimulus, and include 398 

individual behavior in the analysis of gene expression data. For example, in sticklebacks, 399 

the expression of differentially expressed genes in response to an intruder was correlated 400 

at the individual level with levels of aggressiveness, suggesting that differences in gene 401 

expression reflect, in part, individual differences in behavior 48. Identifying genes 402 

changing in expression, i.e. as an upstream promoter or downstream target, will perhaps 403 

better advance our understanding of the architecture of behavioral types, as discussed 404 

below. Another possibility is to compare different behavioral types in a response 405 

experiment to the same control and to ask if there are more differentially expressed genes 406 



 

 

between one extreme behavioral type and the unexposed control of some type versus 407 

another behavioral type and its control?  408 

Example #4: Applying RNA-Seq to understand why traits are correlated. 409 

When individual differences in behavior are correlated in response to different 410 

ecologically-relevant stimuli (e.g. a potential mate, competitor, predator, novel 411 

environment, etc.), genes that are differentially expressed in response to both stimuli are 412 

plausible molecular causes or correlates of the behavioral syndrome. Correlated 413 

behaviors can be expressed through modulation of the expression of the same causative 414 

loci in different contexts. Comparative gene expression analyses involving individuals 415 

responding to different cues can reveal the role of up- and down-regulation of the same 416 

genes in different contexts. For example, the expression of behavioral genes in 417 

stickleback fish change both in response to courtship, and in response to aggression; 418 

albeit in different directions. This suggests that such genes are involved in both 419 

aggressive and courtship behaviors, causing behavioral traits to be correlated84.  420 

Example #5: Using gene association studies to understand why traits are 421 

correlated. One possible explanation for behavioral syndromes is that different behaviors 422 

are influenced by the same genes, or set of physically linked loci. If this is the case, then 423 

the different behavioral traits will map to the same genomic region(s) in gene association 424 

studies. For example, the close proximity of two QTLs participating in male display 425 

behavior and female preference in Lapaula crickets explains the correlation of both of 426 

these traits31. At the individual level, correlated traits of white-throated sparrows involved 427 

in parental care, plumage, and aggression were linked to co-expression of genes located 428 

in a chromosomal inversion85. 429 

 430 

Of course, no one tool is the magic bullet to resolve the persistent questions in 431 

repeatable behavioral variation research. Instead, the most important insights, as well as 432 

the most successful research avenues are likely to come when tools with complementary 433 

strengths are integrated together (Box 2). For example, by integrating RNA-Seq and ChiP 434 

seq, Bukhari and colleagues demonstrated rapid and dramatic epigenomic plasticity in 435 

response to social interactions in three-spined sticklebacks. This was facilitated by 436 



 

 

integrating brain gene expression data with a transcriptional regulatory network, and 437 

linking gene expression to changes in chromatin accessibility (Figure 1)58.  438 

 439 

Inferring the function of genes related to behavior 440 

 Twenty years ago, sequencing the human genome was one of the most ambitious 441 

scientific endeavors ever attempted. However, genomic technology has advanced quickly 442 

and has rapidly outpaced our computational capabilities, creating challenges in 443 

interpreting genomic data. Yet, there are strategies that work broadly and are applicable 444 

to research in repeatable behavioral variation and behavior generally, such as functional 445 

annotation and gene classification. This is only a subsampling of the analytical tools 446 

(most of which are covered in a quality genomic sciences primer; e.g. Gibson & Muse, A 447 

Primer of Genome Science86), and considerations for inferring gene function (see also 448 

Rittschof and Robinson50 for a more thorough discussion of these topics).  449 

 A primary goal of any genome-sequencing project is to classify genes into 450 

putative functional families. This allows for necessary comparisons, perhaps to look for 451 

genes overrepresented or underrepresented as compared to other genomes. While 452 

alignment (where a reference genome is available) or assembly (where one is not) may be 453 

a first step in functional annotation, this method is insufficient and error prone, meaning 454 

further steps are required87. Using software such as BLAST, amino acid similarity to 455 

previously annotated genes can be compared. However, it is not uncommon for one-third 456 

to one half of the genome to remain unclassified after such an analysis. Numerous 457 

databases that are often discipline-specific have been established to classify these protein 458 

domains. Currently, however, no such database exists for behavioral genomic data. 459 

 Annotation based on molecular function is insufficient to describe or predict 460 

biological function.  An annotation cannot take directly into account neo-461 

functionalization, where the physiological function of a gene has evolved, or where 462 

phenome-level traits have split from one gene to several86. Yet, there is still highly 463 

conserved gene function across most animal taxa, meaning that understanding the 464 

ontology of genes still holds value57 (but see the phenolog concept88). Projects such as the 465 

Gene Ontology (GO) Consortium (geneontology.com) work to try and find unifying 466 



 

 

functions of genes and gene products across eukaryotes89. As cell biologists and 467 

physiologists have pioneered much of the GO work, the annotations are biased as such. 468 

This can make direct inferences about behavioral variation difficult. While smaller than 469 

the GOC, one resource of particular value to behavior researchers may be 470 

Geneweaver.org, which includes the functional effects on behavior when available and 471 

has consolidated much of the published behavioral genomics work90.  472 

The dearth of resources for relating the function of genes to processes of interest 473 

to behavioral ecologists is apparent. This results in some of the ‘skepticism’ about what 474 

insights come from behavioral variation studies that yield lists of up vs. down regulated 475 

genes, but no functional significance of these gene expression patterns (though the 476 

pattern is sometimes important irrespective of the gene identities5), or no clear next step. 477 

This problem may be resolved by deploying other strategies or applying other tools to 478 

further explore genes of interest. Simply knowing the number of genes changing their 479 

expression may not be inherently helpful. It may seem an obvious prediction that big 480 

switches between behaviors are a result of big transcriptional changes. Perhaps this may 481 

be proposed as a hypothesis for why individuals stay consistent- because big switches are 482 

mechanistically difficult. However, this may be an over simplification, as the number or 483 

size of a transcriptional change may not reflect the ultimate ‘cost’ to the organism. 484 

Creating databases with behavior – centric protein domains or gene ontologies is 485 

an alluring, but a potentially impractical path for pioneering behavioral ecologists. 486 

However, understanding repeatable behavioral variation is inherently integrative, with 487 

researchers putting forth a significant number of hypotheses for why this variation has 488 

emerged and been maintained. Many of these hypotheses holistically incorporate 489 

different trait types; for example, it has been suggested that physiology (fast-slow 490 

physiology91,92), life-history strategy (pace-of-life hypothesis83), speed-accuracy trade-491 

offs in cognitive differences93 and variation in immune function94 may drive observed 492 

behavioral variation. Using a technique such as a functional enrichment analysis could be 493 

used to further this integration. For example, if gene ontology terms are found to be 494 

related to metabolism, neurotransmission or immunity, this may offer support for 495 

particular hypotheses about behavioral variation. A practical approach may be to better 496 



 

 

integrate with genomicists or other researchers already developing gene ontology 497 

databases. 498 

 499 

The role of neuroscience: linking genome function to behavioral variation through 500 

the brain 501 

The path from genome to phenome passes through the structure and function of 502 

the nervous system, where changes in gene expression influence the development of 503 

circuit connectivity or transiently modulate cellular properties. Because the brain is 504 

characterized by its exquisite heterogeneity of cell types, a satisfying link between 505 

genetic mechanisms and behavioral outcomes requires attending to differences in specific 506 

brain regions and circuits. As a result, the “where” and “when” of gene expression are 507 

critical considerations. While this seems daunting to most behavioral ecologists, there are 508 

good suggestions for how best to incorporate neuroscience when considering the 509 

biological mechanisms that contribute to repeatable behavioral variation.  510 

One of the main reasons to incorporate neuroscience into studies of behavioral 511 

variation is to improve the power of genomic approaches by focusing efforts on relevant 512 

circuits and brain regions. Performing an RNAseq study with an entire brain could reveal 513 

important differences (Table 2), but because the sequencing will include a majority of 514 

transcripts from brain regions unrelated to the behavior of interest, the effects of 515 

important genes may be masked, or may require an increase in sequencing effort to 516 

detect. There are well-known circuits for most dimensions of behavior that interest 517 

behavioral variation researchers, including aggression, boldness, and energy balance, and 518 

the last decade has witnessed substantial advances in identifying the homologs of brain 519 

regions across vertebrates95–97. Knowing these circuits can assist in our understanding of 520 

trait correlations, as well. For example, if the same nodes within these circuits are 521 

involved in multiple behaviors, correlations between traits might emerge from variation 522 

in gene expression across these common neural structures98,99.  523 

Although the a priori choice of brain regions based on homology is powerful and 524 

general, an alternative approach is to use an unbiased method to identify brain regions 525 

that differ in function between individuals with alternative phenotypes. One simple, but 526 

neglected method is to examine the metabolic activity of brain regions by staining for 527 



 

 

cytochrome oxidase100, the rate-limiting enzyme in oxidative phosphorylation that 528 

changes in response to use that spans days or weeks – a time scale well suited to 529 

behavioral variation research (Rittschof et al., in review). Brain regions exhibiting 530 

differences in metabolism could be useful targets for subsequent studies of the 531 

transcriptome or epigenome. 532 

Another, more common approach is to examine the expression of specific genes 533 

that are expressed in response to recent neural activity, known as “immediate early genes 534 

(IEGs).” By evoking a specific behavior from an animal, relevant brain regions become 535 

activated and, with modest delay, express immediate early genes. However, commercial 536 

antibodies for detecting IEG gene products tend to transfer poorly to non-mammalian 537 

species (though this complication can be circumvented by using mRNA in situ 538 

hybridization101). Thus, a promising new approach is to examine the transient 539 

phosphorylation of actively translating ribosomes102, marks that are enriched by neural 540 

activity and highly conserved across taxa. Sequencing the mRNA being actively 541 

translated by these phosphorylated ribosomes also allows the researcher to identify 542 

neurons of interest, for instance via their expression of specific neurotransmitter-related 543 

genes. Though still preliminary in its application, this tool may be useful for researchers 544 

studying behavioral variation.  545 

Once specific genes and brain regions have been identified, the next logical step is 546 

to manipulate gene expression, such as using CRISPR/Cas9 to create knock-outs and 547 

observe their behavioral consequences103–106. However, the absence of a gene product 548 

throughout the animal’s life provides a relatively poor model of naturally-occurring 549 

genetic or transcriptional variation, and biological compensation can mask the effects of 550 

some gene knockouts. Thus, more relevant approaches may be ones in which levels of 551 

gene transcription can be manipulated in a regionally- and temporally-refined manner 552 

within the nervous system. RNAi107, modified Cas9-fusion proteins (see Table 2)105,108, 553 

and CRISPR-mediated site-specific epigenetic modifications109 represent tools for 554 

achieving localized manipulations of gene function. In the lab, these can be introduced 555 

via replication-deficient viral vectors. However, transitioning these technologies to the 556 

field may require additional safety considerations.  557 



 

 

The decision to incorporate neuroscience and mechanistic studies does require 558 

consideration of what will be gained from doing so. In particular, doing so may help 559 

reveal whether there are general principles that explain the neural mechanisms underlying 560 

repeatable behavioral variation across species. Additionally, focusing on key brain areas 561 

for gene expression may provide cleaner data for more targeted hypothesis testing, as 562 

well as a better understanding of how genetic variation exerts its effect on behavioral 563 

phenotype. 564 

Is behavioral genomics right for you? 565 

 Entering the world of behavioral genomics comes with a considerable set of 566 

challenges and considerations. For example, organisms with large genomes, that are 567 

polyploid and have a large number of repetitive elements are likely to pose challenges for 568 

studies that require an assembled genome, and certain organisms are going to be easier to 569 

manipulate than others (Box 1). Moreover, it is worth carefully considering whether the 570 

benefits of using these tools are likely to outweigh their considerable costs. As argued in 571 

this paper, we clearly think the answer is “yes”, and that there are apparent opportunities 572 

for research investigating repeatable behavioral variation to benefit from incorporating 573 

modern genomic techniques (Box 2). We hope that this is an appealing direction to many, 574 

with the possibility of pioneering new analytical methods and taking a leadership position 575 

in directing this field forward. 576 

 577 

Figure Legends:  578 

Table 1: Logistic constraints associated with popular high-throughput and experimental 579 

techniques.  580 

 581 

Table 2:  Applying tools to questions. Shown are possible ways to apply tools to five 582 

oustanding questions about repeatable behavioral variation. Specific tools may have 583 

limitations making them unsuitable for specific taxa or approaches (see Table 1 and text). 584 

While methodologically very different tools, the application of RAD-seq data is similar 585 

to that of Genotyping-by-Sequencing data (and of any other genotyping method 586 



 

 

involving random markers in the genome), therefore only one column was included 587 

describing the application of both.  588 

 589 

Figure 1: A flowchart of a hypothetical study emphasizing the benefit of integrating 590 

multiple tools to understand repeatable behavioral variation; in this case, combining 591 

RNA-Seq and ChIP-Seq to investigate differences in behavioral plasticity. The orange 592 

arrow and boxes represent what can be inferred from a ChIP-Seq protocol alone; blue 593 

arrows and boxes represent what can be inferred from a RNA-Seq protocol alone. Golden 594 

arrows and boxes highlight what can be inferred by combining both tools to obtain 595 

complementary information. DEG = differentially expressed genes, TF = transcription 596 

factor, ASTRIX = Analyzing subsets of Transcriptional Regulators Influencing 597 

eXpression. Inspired by methods utilized by Bukhari and colleagues58. 598 

 599 

 600 

 601 

Box 1: Perks and perils of the model organism 602 

 Though relatively loosely defined110, model organisms are generally systems with traits 603 

predisposing them to be tractable for experimental manipulation. Such traits may include 604 

readily reproducing in laboratory settings with relatively short generation times and large 605 

clutch or litter sizes, robust embryos that can survive manipulation and share important 606 

genes across multiple taxa (e.g., with humans).  To geneticists and many evolutionary 607 

biologists, these models may be little more than functional bags of chromosomes. Yet 608 

many model species have highly dynamic and complex behaviors that are of interest to 609 

behavioral ecologists focused on repeatable behavioral variation. For example, in 610 

Drosophila melanogaster, the social context can affect both the aggressive behavior and 611 

fitness of males111, zebra fish (Danio rerio) have innate variation in their response to 612 

threats 112 and honey bee workers show some of the most predictable and well understood 613 

behavioral plasticity known24,113. Additionally, some model organisms have been useful 614 

in discovering well-conserved genetic “toolkits”, for complex traits such as social 615 

behavior23. Of course, care must be taken to account for potential behavioral changes 616 



 

 

associated with many generations of adaptation to laboratory conditions. It may be 617 

challenging to interpret adaptive significance of model organism behavior compared to 618 

‘wild’ systems. However, researchers interested in causal mechanisms should consider 619 

focusing their attention on such promising organisms. Robust techniques and 620 

methodologies have already been developed and genomes are well annotated with easily 621 

searchable gene ontology databases. Through decades of neurobiology, candidate 622 

systems and genes of interest for behaviors and behavioral (and synaptic) plasticity are 623 

already well described. For a behavioral variation researcher wanting to venture into 624 

genomics, perhaps to test a new hypothesis, model organisms may be the easiest point of 625 

entry. However, as in any field there are costs to this approach, such as limiting the 626 

diversity of taxa seen in the field, and model organisms do not necessarily have the traits 627 

of interest to many behavioral ecologists. It may also not be the right direction for 628 

students who want to develop their own system to utilize over the course of their career. 629 

Yet researchers should not lightly overlook the value available in a model system.  630 

 631 

______________________________________________________________________ 632 

 633 

Box 2: Integrating tools 634 

As tools increase in popularity and accessibility, it will become increasingly 635 

possible to use them in complementary ways. This is attractive, because each tool has 636 

strengths and weaknesses, and investigations of the toughest questions about repeatable 637 

individual variation at the molecular level will best be served by the application of 638 

multiple genomic tools in creative and complementary ways. Here we offer examples of 639 

how studies of behavioral variation are likely to benefit from the simultaneous 640 

application of multiple tools.  641 

Example #1: Integrating RNA-Seq and GWAS/QTL to find genes related to 642 

behavioral variation. One of the main drawbacks to gene association studies is the large 643 

sample size needed in order to narrow the window harboring key genetic variants. An 644 

obvious way to reduce the search space and hence improve power to detect loci is to 645 

prioritize regions of the genome that harbor genes that are differentially expressed, based 646 

on results from RNA-Seq studies. 647 



 

 

Example #2: Integrating RNA-Seq and epigenomics (ChIP-Seq, ATAC-Seq, 648 

methylation profiling) to understand behavioral plasticity. Many of the outstanding 649 

questions about repeatable behavioral variation have to do with behavioral plasticity. 650 

Transcriptomic profiling is especially well suited for investigating behavioral plasticity at 651 

the molecular level, but our questions are increasingly focused on upstream regulators of 652 

transcriptional plasticity, especially insofar as they might tell us about the causes of 653 

variation in plasticity. If we can identify key regulatory elements that govern changes in 654 

gene expression (e.g. histone modifications, transcription factor binding sites, 655 

methylation and chromatin accessibility), then we can start asking questions about 656 

genetic variation in those elements, which might be related to individual differences in 657 

plasticity. 658 

Example #3: Integrating gene association studies with epigenomics to explore 659 

constraints on plasticity. Individuals may be behaviorally constrained if their behavioral 660 

type is genetically or epigenetically determined. Genetic markers generated via 661 

genotyping-by-sequencing or RAD-Seq can be used to perform a GWAS or to identify 662 

QTLs that may be associated with a specific behavioral type, identifying genetic regions 663 

in linkage disequilibrium with causative alleles involved in constraining plasticity, as 664 

discussed above. On the other hand, epigenetic modifications, such as histone 665 

modifications or methylation differences, can be identified using ChIP-seq, RRBS, 666 

WGBS or pyrosequencing and have been shown to affect behavior62. Functional tests can 667 

be used to confirm results. For example, histone modifications in carpenter ants have 668 

been shown to directly affect foraging behavior of workers. If these modifications are 669 

altered, the behavior of workers is also altered, suggesting a causal link between 670 

chromatin state and constraints on behavioral plasticity114.   671 
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GBS No No No $500+ No *** No Separate 10s-1000s+**** 

Exome 
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Gene 
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Manipulations 

CRISPR-
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dCas9- 

postmitotic 
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***** Yes N/A N/A 

N/A 

RNAi Yes Sometimes ggYYgf 
 

Yes $50+ Yes N/A N/A N/A 

 



 
* Price per samples estimate for a whole project, including analysis, based on storefront costs of the Technology Center for Genomics and Bioinformatics at UCLA. 
URL:<https://www.scienceexchange.com/labs/technology-center-for-genomics-bioinformatics-ucla>, with the exceptions of Proteome (from MS Bioworks; URL: 
<http://www.msbioworks.com/services/protein-works/protein-profiling>), CRISPR-Cas9 preps (Transgenic & Gene Targeting Core, University of Utah; URL: 
<https://www.scienceexchange.com/labs/transgenic-gene-targeting-core-utah>), and RNAi (ThermoFisher Scientific; URL: 
<http://www.thermofisher.com/us/en/home/life-science/rnai/vector-based-rnai/pol-ii-mir-rnai-vectors.html>) 
 
** These methods require the isolation of specific tissue at specific life stages. For behavioral studies, isolation of the brains will usually be preferable. 
 
*** Prior knowledge of genome allows estimation of density of restriction sites present throughout the target genome, and thus allows a more informed selection of 
restriction endonuclease based on volume of restriction sites in the target genome. 
 
****	Sample	sizes	depend	on	intended	use.	Population	genomics	and	SNP	screening	will	require	a	few	samples	per	groups,	while	association	studies	(GWAS,	QTL	
mapping)	require	massive	sample	sizes	to	attain	good	statistical	power.	In	some	cases,	association	studied	may	be	done	with	<100	individuals	given	stringent	
conditions	(see	text)	
	
*****	Price	per	preparation	for	transgenic	model	organism	preparation	
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See RNA-Seq

Consistent 

behaviors are the 

result of genetic 

networks being 

expressed in the 

same circumstances.

Modulating the 

expression of genes 

involved in the 

expression of 

consistent behaviors 

affects the behavior.
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