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High-diversity mouse populations with
known and reproducible genetic varia-
tion make complex trait genetics tracta-
ble in a mammalian system.

Together, these populations are a valu-
able integrated and scalable tool for dis-
covery genetics in complex trait studies.

The Collaborative Cross (CC), its foun-
ders, and the heterozygous CC-RIX de-
rived from crosses of the CC strains are
Contemporary mouse genetic reference populations are a powerful platform to
discover complex diseasemechanisms. Advanced high-diversity mouse popula-
tions include the Collaborative Cross (CC) strains, Diversity Outbred (DO) stock,
and their isogenic founder strains. When used in systems genetics and integra-
tive genomics analyses, these populations efficiently harnesses known genetic
variation for precise and contextualized identification of complex disease mech-
anisms. Extensive genetic, genomic, and phenotypic data are already available
for these high-diversity mouse populations and a growing suite of data analysis
tools have been developed to support research on diverse mice. This integrated
resource can be used to discover and evaluate disease mechanisms relevant
across species.
a fully reproducible population for exact
genome-matched correlational and con-
trolled studies.

The Diversity Outbred (DO) population
displays high genetic and phenotypic
variability and enables precise genetic
mapping.

Cross-species genomic analysis of
mouse-derived results allows compara-
tive and translational applications.
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The Challenge of Complex Disease
Complex diseases present compelling biomedical challenges that can be studied using human
and nonhuman animal genetics. Although advances in human genetics have identified loci for
many heritable complex diseases [1–8], there are several well-known limitations of genome-
wide association studies (GWASs). (i) For many human disease loci, the biological mechanism
of action is unknown. (ii) When little is known about a locus, the path from genetic association
to clinically actionable targets is unclear. (iii) Disease process or developmental trajectory is not al-
ways obvious from a causal genetic variant. (iv) GWAS results may not generalize across human
subpopulations. (v) Medical records and participant phenotyping is often incomplete, imprecise,
and retrospective, whereas model organism phenotyping can include in-depth, prospective, and
standardized measures. (vi) Sample size requirements are formidable in human GWASs.
(vii) Power is insufficient to study interacting genetic loci. (viii) Studies of genetic interaction with
development, environment, and sex are largely intractable. Further, heterogeneous diseases
like psychiatric disorders manifest with overlapping symptoms, intertwined disease trajectories
[9], and complex genetic regulation [9,10]. In summary, the SNP-to-disease association model
underlying GWASs cannot readily capture complex disease biology without further biological
context. These challenges are often tractable with discovery genetics in model organisms.

Human genetic studies are essential to identify causal loci for human disease. However, there is
growing recognition that these studies merely point to etiology and mechanisms rather than ther-
apeutic interventions. Further, these findings are often specific to the population under investiga-
tion, so precise causal information is of limited general utility. Model organisms simplify the
discovery of molecular networks associated with disease phenotypes in temporal and anatomical
context. Thus, when a human variant is found, nonhuman animal studies may connect it to a rel-
evant biological process – and often to a druggable target. When the goal is to elucidate biological
mechanisms of disease for diagnosis and intervention, consilience between human and nonhu-
man animal genetics provides an efficient and inexpensive approach to biological discovery
and clinical translation [11]. While consilience is rare at the variant level, it often manifests at the
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Glossary
Advanced intercross line: a
biparental population of mice where
inbreeding is disallowed, large
proportions of recombinations have
occurred, and most alleles are
heterozygous.
Extreme strain: a strain at the extreme
end of a phenotype measure. These
strains are often useful for in-depth
characterization using low-throughput
methods.
Genetic reference population: a
panel of inbred animals showing strong
and predictable genetic variability
between strains and an unlimited
capacity for reproducing the same
genomes in different animals.
Heterogeneous stock: a population
derived from randomized matings of
more than two founder strains, resulting
in mosaic genomes with high
recombination.
Inbred mouse strain: a mouse strain
derived from at least 20 generations of
sibling–sibling matings, which effectively
eliminates heterozygosity and results in
isogenic offspring.
Isogenic: having the same genotype
across the genome; genetically identical.
Linkage disequilibrium (LD):
association of alleles at multiple loci with
respect to one another usually caused
by close physical proximity on the same
chromosome, or coinheritance of alleles
across chromosomes in admixed
populations
Multivariate outlier strain: strains
outside an expected range given a trait
correlation. These strains are useful for
dissociating the biological basis of
interrelated traits.
Outbredmouse stock: amouse stock
derived from a genetically diverse source
that is maintained through matings
between unrelated individuals.
Quantitative trait locus (QTL)
mapping: the statistical technique used
to associate a complex quantitative trait
with the genetic factors governing the
trait.
Recombinant inbred cross (RIX): the
F1 generation resulting from an
outcrossing with a recombinant inbred
strain.
Recombinant inbred strain: a strain
of mice that underwent inbreeding such
that its autosome haplotypes are a
mosaic of two or more founder strains.
Strain survey: a study of trait variation
across isogenic strains. This technique
takes advantage of isogenic strains by
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level of orthologous genes, pathways, and molecular networks. The mouse remains the predom-
inant resource for disease-related research [12–15]. Recent advances in sequencing, computa-
tion, and gene editing that have advanced human genetics have also greatly augmented the
capabilities of mouse genetics, resulting in new tools and resources for mechanistic discovery
and translation.

Capturing and Using Genetic Variation in Laboratory Mice
Much biomedical research has utilized C57BL/6 mice and outbred stocks (see Glossary) such
as Hsd:ICR, and Swiss Webster mice. Inbredmouse strains such as C57BL/6 promise exper-
imental rigor and reproducibility [16]. Individuals of the same sex from within ten generations of
properly maintained isogenic stocks have essentially identical genomes. Modern colony mainte-
nance further reduces the accumulation of spontaneous mutations [17,18]. Standardized ge-
nomes allow direct comparison of individuals from isogenic stocks across laboratories
separated by years and continents.

As a consequence of genome standardization, inbred mice are widely used in biomedical sci-
ence. Unfortunately, standardization impedes many important research applications. Generaliz-
ability is limited with results gleaned from a single strain. Further, individuals from inbred strains
exhibit variability within and across laboratories, attributable to limited diversity in stabilizingmech-
anisms in response to environmental variation [19].

Naturally occurring genetic diversity of mice provides allelic variation for biological discovery within
a well-characterized, easily manipulated experimental system. Findings from genetically diverse
populations are more likely to generalize across species or strains. Early experimental crosses
and other populations derived from inbred mouse strains harnessed the diversity of laboratory
mice [20] and have been used to detect complex trait mechanisms in behavioral science, immu-
nology, and physiology [21]. Using quantitative trait locus (QTL) mapping and genetic corre-
lation in mouse populations, researchers have detected variants in genes orthologous to
candidates from human GWASs [22]. However, early QTL mapping studies reported broad re-
gions containing many genes and variants that were difficult to prioritize due to limited contempo-
raneous genetic and genomic resources. One advance was the development of systems
genetics approaches, which integrate QTL mapping with genome-wide molecular phenotyping
to discover, characterize, and contextualize molecular and phenotypic network variation across
biological scale. These studies often used genetic reference populations such as the BXD re-
combinant inbred strains to integrate data across experiments.

An Integrative Resource for Complex Disease Biology
Over the past two decades, community-based efforts to improve mouse resources gave rise to
three new advanced mouse populations. The Complex Trait Consortium (CTC), a group dedi-
cated to producing new genetics tools to study complex traits in diverse populations, proposed
the first of these resources in the early 2000s [23]. The CTC sought to improvemapping precision
and systems genetics power. The resulting mouse populations – the CC, the DO, and their foun-
der inbred strains – provide complimentary genetic reagents for the study of complex traits. They
comprise an integrated resource harboring a substantial pool of shared genetic variation. That
variation is randomized throughout the genome in the CC and DO populations.

The eight founder strains capture approximately 90% of the genetic diversity seen in the Mus
musculus species [24]. These strains are A/J, C57BL/6J, 129S1/SvImJ, NOD/ShiLtJ, NZO/
HlLtJ, CAST/EiJ, PWK/PhJ, and WSB/EiJ (Figure 1A). Five are common laboratory strains de-
scendent from fancy mice of the M. musculus domesticus subspecies. The remaining strains
are wild-derived inbred representatives of three M musculus subspecies: the European
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assuming perfect kinship between
members of the same strain. Heritability
may be simply calculated from ANOVA
statistics.
Systems genetics: a complex-trait
discovery genetics technique coupling
genome-scale molecular measures with
genetics to identify and contextualize the
networked biological mechanisms lead-
ing from genotype to trait.
Trait correlation: quantitative
identification of similarities between
phenotypes measured in the same
panel of mice. Because inbred panels
replicate genomes, such studies can be
done with data from different animals
from the same strains and from different
laboratories.
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domesticus, the north Asian musculus, and the South Asian castaneus. Wild mice display traits
that were bred out of domesticated mice [21,25] while providing genetic diversity intrinsic to
the mouse species [24].

The DO and CC genetic reference populations are recombinant populations systematically de-
rived from the founders. Randomized breeding design greatly reduces population structure ef-
fects that limit mapping resolution in collections of extant inbred strains. The CTC intended to
breed a panel of 1000 recombinant inbred strains [26–28] to obtain a reproducible mapping pop-
ulation. The CTC worked to provide the highest-diversity resource achievable. However, there
were some challenges. When the founders were chosen, only limited genotypic data were avail-
able. While the committee that chose the founder strains made efforts to maximize genetic vari-
ation, additional consideration was given to disease susceptibility, particularly in cancer and
diabetes research. The CTC simulated many designs to introduce high diversity with randomiza-
tion. In the absence of genotypic information, an eight-founder design was attractive, but a sim-
pler four-founder design would have had a higher, 25% minor allele frequency for strain-specific
variants and could have simplified breeding logistics. Furthermore, such a design allows all pos-
sible breeding configurations to be performed, whereas only a fraction of some 80 000 possible
matings could be sampled in the CC, requiring extensive efforts to randomize and balance mito-
chondrial and sex chromosome composition [29].

Three international breeding sites produced hundreds of incipient CC funnels [29–31] and a wide
variety of insights into mammalian genetics [32–34], but inbreeding depression, infertility, and
other factors led to a high rate of attrition [35]. Approximately 50 finished CC strains are publicly
available today, capturing a representative cross-section of founder haplotypes [36] and provid-
ing adequate power for genetic correlation studies. Their genetic equidistancemakes them a suit-
able replacement for the nonuniformly related extant inbred strain collection that comprise the
original Mouse Phenome Panel [37] and the Hybrid Mouse Diversity Panel [38].

The DO was initiated as an ultrahigh-precision mapping population [39]. Intercrossing the incipi-
ent CC lines results in recombination to reduce linkage disequilibrium (LD) blocks to their bio-
logical limits. The result is a heterogeneous stock whose genetics derive from an equal
contribution of each of the eight founder strains in a random configuration. This population is
maintained primarily through pseudorandom matings, although interventions have been per-
formed to maintain variation across the genome [40]. Historically, heterogeneous stock popula-
tions including the HS/Ibg and HS/Npt were developed as selection base populations, but
work in the late 1990s described their use as a resource for fine mapping of complex traits [41,
42], leading to a large mapping study of many complex traits [43]. This extremely fine mapping
can also be performed in other advanced intercross lines [44].

With an estimated 45 million segregating polymorphisms, the CC and DO populations have more
genetic diversity than observed across the human population [45]. This may lead to complex pat-
terns of trait regulation at the population level, manifested as high-sample-size requirements likely
to be attributable to epistatic interactions that stabilize trait variation, but has the benefit of provid-
ing detectable genetic variation in every gene and pathway, facilitating the discovery of biological
mechanisms for virtually any complex phenotype.

Using Genetically Diverse Mice
The advanced-diversity populations comprise an integrated resource to discover and explore bi-
ological mechanisms underlying complex disease-related traits. Many experimental applications
are possible. Four modes of complex trait discovery are widely used: (i) establishing trait
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Figure 1. Summary of the Genome Structures of the Primary Advanced Mouse Strains. The common origin of the genomic variation contained within these
mice allows their use as an integrated set of tools to investigate the genetic basis of complex traits. (A) Founder strains include five common laboratory inbred strains
and three wild-derived inbred strains. Together, these strains recapitulate about 90% of the genetic variation observed in Mus musculus and represent genotypic
variation comparable with human populations. (B) Collaborative Cross strains are a panel of eight-way recombinant inbred strains derived from the founders.
Approximately 50 Collaborative Cross strains are presently under distribution. (C) Diversity Outbred mice were derived from continuous outbreeding of founder stocks,
resulting in dense recombination of genome structure and high heterozygosity and high variation useful for mapping.
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heritability; (ii) evaluating relationships among traits to test for shared mechanisms; (iii) identifying
model strains for focusedmechanistic studies; and (iv) mapping the genetic basis of trait variation.

Each mouse population is best suited to particular applications (Figure 2, Key Figure), but their
shared set of polymorphisms provides extensive opportunities for data integration. Molecular, ge-
netic, genomic, and phenotypic resources are available: fully sequenced genomes from the
Sanger Mouse Genomes project can be accessed at the Mouse Genome Database (MGD)
and trait data are deposited in the Mouse Phenome Database (MPD) [46]. Analytical tools tailored
to common applications of multiparent populations are available (Box 1). Because of their com-
mon genetics, studies performed in thesemice can be integrated with existingmolecular, genetic,
and disease-relevant work (Figure 3).

Establishing Trait Heritability in the Founders
Establishing the heritability of a trait and its assays (Figure 3A) demonstrates the feasibility of ge-
netic dissection. This information aids experimental design and implementation. Strain surveys
of the eight founders are well-suited for assay optimization to provide robust, informative, and
generalizable parameters. Although heritability can be established in any population by estimating
504 Trends in Genetics, July 2019, Vol. 35, No. 7
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trait variation accounted for by kinship, founder strain surveys provide straightforward, reproduc-
ible heritability estimates.

Heritability has been established for a number of behavioral, physiological, and molecular traits in
founders. Heritabilities are determined by sources of variance and are greatest for morphological
traits and lower for behavioral traits [47]. Examples include psychotropic drug response [48,49],
infectious disease response [50], and transcript splice variation [51] across the founders. The her-
itability of reward-related behavioral traits that have proved difficult to observe in conventional
mouse strains was established in founder strains [52]. However, it should be noted that certain
founders may have characteristics precluding specific procedures, whereas their outcrossed
progeny and derivative populations may not. Therefore, trait variation may be studied in comple-
mentary CC and DO populations even when measurements are not obtainable in all founder
strains.

Some founders, CC strains, and DO individuals possess more wildness behavior than conven-
tional laboratory strains [21,32]. As noted above, behavioral characteristics are most likely to
have been selected out of common laboratory strains, leading to several regions of identity by de-
scent [53]. This expanded behavioral repertoire is advantageous for the study of certain behav-
ioral traits, but can lead to issues in handling, testing, and husbandry [25]. DO males are more
aggressive thanmost laboratorymice and are often housed singly. Certain widely used behavioral
assays, including elevated mazes, are not suitable. However, the high exploratory behavior also
leads to rapid acquisition of drug self-administration [54] and other interesting trait variation.

Characterizing Trait Correlations in the CC
Understanding how traits covary allows the identification of common underlying mechanisms of
closely related traits (Figure 3B). Trait correlation is widely used in recombinant inbred strains;
nearly 40 years of data are available for BXD strains [55,56]. As a highly diverse, stable, and repro-
ducible reference population, the CC was designed for this application. Phenotypic studies per-
formed in a panel of CC animals can be compared across experiments and laboratories. Such
experiments can be extended using recombinant inbred cross (RIX) strains, the F1 progeny
of systematically intercrossed pairs of inbred strains, to deterministically generate testable ge-
nomes. CC RIX mice are an interesting subset of reproducible genomes: more iterations are pos-
sible (N1000 for approximately 50 CC strains) and the progeny are heterozygous at most loci. The
correlations among complex traits observed in the CC, DO, and BXD strains recapitulate relations
observed in the human population; for example, the relationship of novelty and sensation seeking
with drug intake and addiction-related behaviors [57,58].

With the public availability of finished CC strains, we expect more widespread characterization
and utilization in trait correlation studies deposited in the MPD over time [37]. Additional examples
of trait correlation in the CC are emerging and include studies of host–microbiome interactions
and complex traits [59]. Further, replicable CC genomes are ideal for studying genome-by-
environment interactions. For example, CC strains have been useful in elucidating host genetic
effects on pathogen and infectious disease response [60–66]. Multiple studies are presently
working to perform large-scale phenotyping within the CC with results available in the MPD.

Identifying Complex Disease Model Strains in the CC
Often, CC studies identify strains with disease-related characteristics (Figure 3B). In contrast to
much maligned historical ‘diseasemodels’ for preclinical testing that feature a single-gene pertur-
bation on a single background, these strains possess multiple disease-associated variants in
many pathways, better reflecting disease heterogeneity in the population. Extreme strains,
which sometimes express a phenotype more strongly than the founder strains, can be used to
Trends in Genetics, July 2019, Vol. 35, No. 7 505



Key Figure

Typical Pipelines for Discovery Using Diversity Mice from Biological Question to Results
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Figure 2. Diversity mice can contribute to research on complex traits throughmultiple integrated applications. The selection of the ideal mouse population is dependent on
the research question being asked. Complex traits can be established as heritable, then dissected into multiple phenotypic and genotypic outputs. Furthermore, extreme
and multivariate outlier strains allow the establishment of research models that can correlate and dissociate important aspects of biology.
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test interventions. Trait correlations among the CC can identifymultivariate outlier strainswith
traits within the normal range on two disease-relevant traits that do not exhibit the expected trait
correlation; for example, a paradoxical increase in fat deposition in response to exercise [67].
Complex disease models may also be identified through genotypes at disease relevant loci by
506 Trends in Genetics, July 2019, Vol. 35, No. 7

Image of Figure 2


Box 1. Software and Analysis Tools

A growing analytical toolkit facilitates work with advanced mouse populations. A recent review discussed these resources
in great depth [110]. Most of the software packages available are free and open-source.

An advantage of isogenic founder strains is their known and reproducible underlying genotypes. The sequenced
reference mouse strain is one founder, the C57BL/6J mouse strain. The Mouse Genomes Project led by the Sanger
Institute has sequenced and assembled the genomes of the other seven founder strains. Their website includes useful
tools to query genetic variation among the founder strains, allowing researchers to quickly identify variants likely to
drive biological mechanisms (available at https://www.sanger.ac.uk/science/data/mouse-genomes-project). Visuali-
zation facilities for genome features are available using the MGI Multiple Genome Viewer (available at http://www.
informatics.jax.org/mgv). The genomes of many extant CC mice have been both genotyped and sequenced; their ge-
notypes were released on the UNC Systems Genetics website (available at http://csbio.unc.edu/CCstatus/
CCGenomes).

For DO animals, individual genotyping is required for any genetic mapping studies. At present, the most recent
Mouse Universal Genotyping Array (GigaMUGA) platform is the predominant whole-genome genotyping resource
used for DO mice. Genotyping using these arrays can be purchased as a service from the Neogen Corporation
(available at http://www.neogen.com/genomics). HaploQA is web-based software for the interpretation of MUGA-
derived microarrays (available at http://haploqa.jax.org). Genotyping by RNA sequencing (GBRS) is a potentially
promising avenue to high-resolution genotyping that also produces relevant molecular phenotyping data for sys-
tems genetics work. The software package GBRS is presently under development for use with advanced mouse
populations (available at https://gbrs.readthedocs.io/en/latest) and can be used for alignment and transcript abun-
dance estimation as well as for genotyping.

Sequencing experiments with these populations typically involve the reconstruction of each founder genome and annota-
tion, lifting over length variations introduced by short insertions and deletions. The g2g tools software package performs
these tasks (available at https://github.com/churchill-lab/g2gtools). Allele-specific expression patterns for RNA-seq can
be elucidated using EMASE (available at https://emase.readthedocs.io/en/latest).

Typically, a statistical model used for QTL mapping in DO will model phenotype as a function of genotype and a number of
other factors [39]. DO mice display 36 genotype states (eight homozygous and 28 heterozygous diplotypes) compared
with two or three in traditional mapping crosses. To infer these states, a hidden Markov model (HMM) on genotype array
data represents predicted diplotypes as probabilistic estimates of each diplotype state [111]. A typical QTL mapping
model regresses the trait on estimated diplotype probabilities for each of the eight founder alleles, a reduced form of the
more complex 36-state diplotype model that assumes heterozygotes are intermediates of homozygous states for any
given trait. In standard modeling notation, this model is:

yi ¼ βssi þ βggi þ
X8

j¼1

β jgij þ λi þ �i ; ½I�

where yi is the ith animal’s phenotype, βssi is the effect of sex for the ith animal, βggi is the effect of an additive grouping
covariate for the ith animal, βjgij is the effect of founder allele probability for allele j in the ith animal, λi is the polygenic
random effect of the ith animal, and i is the error term. Statistical software was developed to operationalize this
model for R, including R/DOQTL (https://bioconductor.org/packages/release/bioc/html/DOQTL.html) and qtl2
(https://kbroman.org/qtl2).

Although this model does not capture dominance, it has been effective in mapping complex traits. A critical component of
the regression model, a random-effects kinship matrix derived from pairwise diplotype probabilities, captures relatedness
among subjects to increase power. Traits can also be adjusted by regression against nuisance factors, using the residuals
for mapping, although this approach may suppress genetic signal [112]. These models produce LOD scores for geno-
types across the genome, and genome-wide statistical significance is tested via permutation excluding the kinship matrix
(kinship violates the assumption of exchangeability) [113,114]. A 95% Bayesian credible interval describes positional con-
fidence intervals [115] often as narrow as 2 Mb, underscoring the precision of mapping in the DO. Within a QTL, a two-
state SNP association model improves precision.

An advantage to using diversity mice is the reusability of data resources when the researcher deposits them in a database.
For DO, CC, and founders datasets, the Mouse Phenome Database (MPD) (https://phenome.jax.org/) includes measures
readily useable for initial exploration, trait correlation, and discovery genetics. A repository of DO QTL studies is maintained
at the Jackson Laboratory (https://dodb.jax.org). For various two-parent mouse crosses such as the BXD, GeneNetwork
has produced an impressive suite of resources to deposit, analyze, and integrate systems genetics datasets
(http://genenetwork.org).
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To integrate, compare, and contrast mouse and human data, GeneWeaver facilitates the integration of heterogeneous ge-
nome-scale datasets collected across multiple species (https://geneweaver.org). Knowledge-guided exploration of dis-
coveries from gene sets generated in multiple species can be performed in KnowEnG (https://knoweng.org). Cross-
species integration applications such as the Monarch Initiative [108] aim to bridge genomic and phenotypic annotations
between commonly used species using orthology information.

Last, technologies change quickly. The Jackson Laboratory Genetic Diversity Initiative provides up-to-date information on
these mouse populations (available at https://www.jax.org/research-and-faculty/genetic-diversity-initiative).
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extrapolation of human genetic loci to CCmice through expression QTL to identify strains with cu-
mulative high- and low-risk variants. For example, CC strains with extreme sperm-motility pheno-
types were identified as male infertility models [35]. An additional benefit of the common genetic
background shared by these mouse populations is that CC mice can be used to validate predic-
tive genetic results from the DO.

Finding Regulatory Mechanisms for Trait Variation in DO Mice
For complex traits exhibiting continuous distributions, QTL mapping is used to identify loci driving
phenotypic variation. The DO population is far more precise than historical mapping populations
because of its dense recombinations, high genetic diversity, unlimited sample size, and genetic
randomization (Figure 1C). DO mice are heterozygous at most loci and the minimum minor allele
frequency for an allele private to a single founder strain is expected to be 12.5%, so high mapping
resolution can be achieved with reasonable sample sizes. QTL mapped in the DO are precise
(Figure 3C) and can sometimes be resolved to individual variants.

DOmice have been successfully used for mapping multiple complex traits including cardiovascu-
lar phenotypes [68,69], metabolic syndrome related traits [70], environmental toxicity [71], cancer
modifier traits [72], behavioral traits [73,74], and meiotic drive [40]. Early large-scale studies in in-
cipient CC strains successfully mapped many traits [32] and CC lines were used to map motor
performance and body weight [75], energy balance traits [76], exercise physiology [67], toxicol-
ogy [77], perinatal nutrition in CC RIX lines [78], kidney phenotypes [79], and hematological phe-
notypes [80]. Although CC mice were intended as a genetic mapping population and were used
as such in these early studies, the power of the extant strains is sufficient only to large-effects al-
leles, typically observed in studies of Mendelian traits [81]. They are therefore useful for reproduc-
ible mapping of molecular phenotypes such as cis-expression QTL (eQTL) and epigenetic
regulation, which typically exhibit Mendelian genetic variation.

Genetic Variation in Molecular Mechanisms
Transcriptomic analysis contextualizes and resolves mapping results. eQTL mapping studies
treat transcript abundance as a phenotype. Significant cis-eQTL – genes whose expression is
significantly associated with a proximal genotype – often coincide with trait QTL because genetic
variants that influence expression frequently influence trait variation. Significant trans-eQTL –

genes encoded by loci distal to the QTL – may also regulate complex traits. Variants affecting
the structure and function of gene products are also sources of trait variation. Network analysis
can be used to map a coexpression module to a QTL (mQTL), allowing interrogation of the ge-
netic regulatory landscape for entire networks of genes. eQTL can connect noncoding regulatory
variants to genes, providing a bridge between distal regulatory elements and their targets. Other
mapping applications employing quantitative molecular phenotypes include protein QTL (pQTL),
chromatin accessibility QTL (caQTL or dsQTL), histone modification QTL (hQTL), and many
others [82].

https://geneweaver.org
https://knoweng.org
https://www.jax.org/research-and-faculty/genetic-diversity-initiative
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Figure 3. Multiple Diversity Mouse Resources Can Be Used in Separate Experiments to Dissect a Single Biological Question at Multiple Levels. In this
case, multiple published experiments deposited in the Mouse Phenome Database include information about body weight as a complex trait. (A) Strain surveys on the
founder strains demonstrate heritable variation of, for example, body weight (MPD: Morgan1). (B) Trait correlation in the Collaborative Cross strains demonstrate a
biologically significant link between traits (MPD: McMullan1). In this example, there is a high correlation between body weight and percentage body fat. This method
identifies extreme strains (blue) and a multivariate outlier strain (red) that may be models for future study (gray, 95% prediction interval). (C) Quantitative trait locus (QTL)
mapping in the Diversity Outbred population (MPD: Recla1). For body weight, significant QTL were identified on chromosomes 2 and 10. Combined with expression
data, significant findings can be further resolved to the gene level and contextualized as elements of gene coexpression networks.

Trends in Genetics
Other Applications of Diversity Mice
For general biomedical applications that typically use a single isogenic strain or outbred stock, DO
mice may have significant advantages. Results from studies of genetically diverse mice are likely
to be robust and generalizable to a diverse population rather than idiosyncratic to a single inbred
genome [19]. Unlike isogenic mice, each DO animal’s genome is unique. Therefore, reproducibil-
ity of DO studies occurs at the level of replicate samples. With the addition of mice to these stud-
ies, one may identify the genetic basis of individual differences.

Selective breeding projects produce novel, polygenic, and reproducible models of disease
through artificial selection. The CC and related CC-HS population have been used as a selection
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stock in past experiments [83–86]. The DO population is recommended for new selection exper-
iments. Its great capacity for selection arises from high heterozygosity and high diversity, lowering
the expense of acquiring the profound selectable variation needed for a selection stock.

Experimental Design Considerations
Trait and environmental variability, heritability, effect size, and allele frequencies of the causal var-
iant can affect power to detect QTL. Power simulations over a range of experimental parameters
[87], demonstrate that QTL explaining N20% of variance can be detected with 90% power with as
few as 200 DOmice. With 1000 DOmice, QTL can be detected explaining 5% of phenotypic var-
iance with 90% power. Behavioral trait mapping in populations of 300 DO have detected some
significant QTL [73,74]. Although noise increases sample size requirements for mapping, gene
eQTL are typically more robust and can be mapped with 400 DO mice or fewer [69]. Unlike
less complex mouse populations, which may segregate fewer trait-regulatory variants, an in-
creased sample size will yield increased saturation of genetic effects.

For the CC, mapping power is best obtained by preferentially sampling as many strains as pos-
sible before subsampling within strains. Only large-effect QTL accounting for N50% variance can
bemapped with single samples from 50 strains at 80% estimated power. Increased subsampling
within strains may enable mapping of moderate effects explaining N20% variance [81]. These ef-
fect sizes are typically seen only in highly penetrant Mendelian traits or molecular traits.

The population structure of the DO necessitates specialized mapping models on microarray-
derived genotyping data (Box 1). The underlying regression model can accommodate covariates
such as sex, cohort, and treatment and additional systematic sources of variance such as exper-
imenter, particularly important for behavioral studies. When coupled to information about the bi-
ological effects of SNP variation, this approach can lead to causal variant identification [71,88].

Resources for Discovery and Validation
Once QTL and trait-associated molecular mechanisms are found, validation resources are used
to confirm the molecular and trait-level effects. Companion resources including tissue and cell line
biobanks are being generated for these populations. One emerging resource, a set of stem cell
lines including mouse embryonic stem cells (mESCs) and induced pluripotent stem cells
(iPSCs) derived from these populations [89,90], enables in vitro systems genetics and molecular
phenotyping QTL validation.

DO mESCs have been used to genetically dissect pluripotent ground state metastability eQTL
and caQTL. Patient-derived pluripotent stem cell lines exhibit phenotypic variability, which affects
differentiation and impedes universal protocol development to produce clinically relevant cell
types. Patient-donor genetic variation is a primary driver of interline variability [91–93] and
caQTL and eQTL have been mapped in large, genetically diverse panels of these differentiated
human iPSCs [94]. However, low genetic resolution in these small-sample-size human studies
limits the functional validation of variants underlying QTL [93,95]. By contrast, modestly sized
DO mESC panels, combined with robust analytical approaches, offer the genetic resolution
and, importantly, validation capabilities needed to demonstrate causality.

Validation of QTL discovered in genetically diverse mice is powered by the ease of gene editing
technologies like CRISPR/Cas9. Genetic polymorphisms in guide/donor sequences potentially
confound editing work in diverse mice; sequences are typically designed using the mouse refer-
ence genome (C57BL/6J). Fortunately, whole-genome assemblies available through the MGP
[96] facilitate nucleotide design.
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Outstanding Questions
What are the most productive paths for
the utilization of mouse and human inte-
grative genetic analyses to speed the
translation of mechanistic insights?

How dowemake use of themechanistic
context provided by systems genetics to
discover and validate clinically relevant
targets?

What model organism data will facilitate
the interpretation of the contribution of
noncoding variants to human disease?

How do we best use genetic and geno-
mic data to establish phenotype consil-
ience across species?
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In some cases, validation may be achieved in vitro. For example, variants driving molecular QTL
like eQTL and caQTL can be validated using CRISPR/Cas9 engineering followed by molecular
readouts easily measured in cultured cells. The stem cell lines available from the founder strains
[89] are particularly useful for validating molecular QTL in both undifferentiated cells and in vitro
differentiated cultures, which is relatively affordable and fast compared with in vivowork. Promis-
ing in vitro lines can be used to create engineered mice through traditional ESCmicroinjection ap-
proaches, allowing for further in vivo validation.

Validation makes use of existing and emerging tools for highly controlled manipulation of
engineered loci. These include constitutive, tissue-specific, or inducible Cre driver systems as
well as an expanded CRISPR repertoire exploiting nuclease-deficient dCas9 and various types
of chromatin effector proteins that control gene expression without editing [97]. Finally, CC and
CC-RIXmice themselves can validate QTL discovered in DO populations against a range of back-
ground variability. In this application, CC or CC-RIX lines are selected for their genotype within a
QTL region. Phenotype predictions based on these genotypes can be easily tested in vivo.

For follow-on studies of extreme phenotypes in genetically distinct DO mice, specialized ap-
proaches can be employed. Derivation of iPSCs using nonintegrating reprogramming ap-
proaches offers a method for propagating unique DO genomes in vitro for validation studies
[98,99]. Further production of 100% iPSC-derived chimeras from DO iPSCs is also possible, al-
beit with low throughput and requirements for sophisticated embryo manipulation.

Concluding Remarks
Arguments against the use of mice in discovery genetics often reflect an incomplete understand-
ing of progress in mouse genetic resources, mouse–human orthology relationships, and compar-
ative genomics experimental work [100,101]. Many mouse genetic studies have anticipated
genetic findings from human genetics studies using GWASs or low-throughput rare-variant se-
quencing studies on candidate genes (e.g., MPDZ in alcohol-related traits [102,103], OPRM1
in addiction [104,105]). Global matching of human and mouse regulatory variants demonstrates
that mouse genetics identifies orthologs comparable with the genes identified by human GWASs
with greater power and efficiency [22]. Integrating phenotypes over a genetic reference popula-
tion with human genetics has been highly successful [106]. By integrating regulatory variation –

including noncoding variants through orthologous targets across species – genetic variants
detected in the mouse may feasibly be translated to human genetic implications. Tools such as
GeneWeaver [107], the Monarch Initiative [108], and novel noncoding-variant prediction
algorithms [109] facilitate multispecies translation.

Mouse systems genetics links molecular measures with genetic loci, providing mechanistic con-
text for human genetic variation. Integration of human GWAS data with mouse complex-trait ge-
netics is critical to contextualize and interpret the implications of trait variation (see Outstanding
Questions). This approach was successfully used for, for example, cocaine-related traits
FAM53B in mice and humans [57]. However, early populations generated low-precision results
that often required years for resolution. The CC, DO, and founder populations provide an efficient,
integrated platform for systems genetics of disease-relevant complex traits. These diversity mice
can be used to dissect complex traits at multiple levels by establishing heritability, identifying
coregulation with other traits, finding interesting model strains, and making mechanistic genetic
insights. Thesemouse populations and data analysis tools advance the mouse as a versatile plat-
form for the discovery of the biological mechanisms of disease.
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