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We and many others have noted the advantages of using heterogeneous (HS) animals to map genes and gene networks associated with both behavioral and non-behavioral phenotypes. Importantly, genetically complex Mus musculus crosses provide substantially increased resolution to examine old and new relationships between gene expression and behavior. Here we report on data obtained from two HS populations: the HS/NPT derived from eight inbred laboratory mouse strains and the HS-CC derived from the eight collaborative cross inbred mouse strains that includes three wild-derived strains. Our work has focused on the genes and gene networks associated with risk for excessive ethanol consumption, individual variation in ethanol consumption and the consequences, including escalation, of long-term ethanol consumption. Background data on the development of HS mice is provided, including advantages for the detection of expression quantitative trait loci. Examples are also provided of using HS animals to probe the genes associated with ethanol preference and binge ethanol consumption.
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INTRODUCTION TO HS MICE

McClearn and Rodgers (1) observed that among five inbred mouse strains there was a marked difference in ethanol preference (2-bottle choice, water vs. 10% ethanol). Of the strains tested, the C57BL/6 (B6) showed the highest preference. This experiment, with numerous variations, has been repeated hundreds of times [e.g., (2)] with the B6 strain consistently showing a high preference. Further, the B6 strain shows the highest binge ethanol consumption when tested in the Drinking-In the-Dark (DID) model (3). These data have cast a long shadow on ethanol research resulting in the almost exclusive use of the B6 strain to test for mechanisms of ethanol action and for new therapeutic treatments. This monoculture focus has some obvious advantages including replicability across laboratories and the ability to use genetically modified mice, which are almost exclusively on a B6 or largely B6 background, for hypothesis testing. These and related advantages are substantial. However, the major disadvantage of using the B6 strain or even B6 diallel crosses (e.g., B6 × DBA/2 [D2]) is that the biology extracted may not be generally applicable. Thus, important pathways are missed due to the lack of genetic diversity and further, individual variation, a key component of some analyses, will be substantially reduced. One solution to these problems is the use of outbred mice and heterogeneous stocks (HS) [see e.g., (4, 5)].

The first widely used mouse HS appears to be the HS/Ibg, described by McClearn et al. (6). This HS was a cross of 8 laboratory mouse strains; the cross was begun at Berkeley before the mice were transferred to the Institute for Behavioral Genetics (Boulder), hence the Ibg designation. For an 8-way cross there are >40,000 possible breeding funnels. Rather than dealing with this issue, the colony was formed balancing for the Y chromosome from each of the founder strains. The colony was maintained at ~40 families. These mice served as the founders for a number of alcohol-related selected lines including the Long Sleep/Short Sleep, Withdrawal Sensitive Prone(WSP)/Withdrawal Sensitive Resistant (WSR), the FAST/SLOW and the High Alcohol Preference/Low Alcohol Preference lines (7–10). Here, we briefly focus on the replicate WSP/WSR selected lines; the lines were selectively bred for withdrawal severity after cessation of 3 days of ethanol vapor exposure. Crabbe et al. (11) discussed the consilience of the mouse genetic models with human genetics in some detail. It was concluded that the overlap was greatest for tolerance and withdrawal and that for both mice and humans, these phenotypes had independent genetic risk. From the perspective of alcohol use disorder, the question naturally arises as to whether the WSP and WSR lines differ in ethanol consumption. Previous studies in animals with a B6xD2 genotype [see details in Metten et al. (12)] suggested a strong negative genetic relationship between withdrawal and consumption, although there are exceptions (13). In the WSP/WSR lines derived from HS founders, the situation appears more complex. Crabbe et al. (13) found, as predicted, the WSR-2 line had significantly higher preference than the WSP-2 line, but the opposite line difference was found for the WSP-1 and WSR-1 lines. Regarding drinking in the dark (DID), a model of binge consumption (see below), both WSP lines consumed more ethanol and had higher BECs than the WSR lines; thus, greater genetically-determined withdrawal severity predicted higher ethanol consumption, opposite to previous findings (12). Turning things around, the High DID-1 and−2 selected lines (selectively bred from HS/NPT founders—see below) do not differ in withdrawal severity after cessation of vapor inhalation. There are many interpretations of these data. However, we simply wish to make the point that lessons learned from simple crosses may not apply to HS and vice-versa.

In 1991, Gerry McClearn suggested to one of us (RH) that there was a need for a new HS. Two of the HS/Ibg founder strains (Is/Bi and RIII were no longer available for testing) and random genetic drift over the >25 years of breeding was likely to have significantly distorted allele frequencies. Our interest at the time was not in ethanol-related behaviors, but rather in haloperidol-induced catalepsy [see e.g., (14)] and in developing haloperidol response selected lines. The 6 HS/Ibg founders available for testing were skewed to very haloperidol responsive strains. Two non-responsive strains (CBA/J and LP/J) were chosen to fill out the 8 founders for developing a new HS. However, it should be noted that the 8 strains included 2 representatives each from 4 different phylogenetic clades [see Figure 1b in (3)]. The new HS was formed by pseudo-random breeding at the Northport VA, hence the NPT designation. The first report on the HS/NPT is found in Hitzemann et al. (15). For more than 25 years, the HS/NPT have been maintained as 48 families using a circle breeding design. HS/NPT were first used in ethanol research to fine map a QTL for ethanol-induced locomotor activation on chromosome 2 (16).

Breeding pairs from each of the 48 HS/NPT families were shipped in 2000 to Jonathan Flint (Oxford, U.K). Over the next several years >2,400 animals were phenotyped for a variety of physiological and behavioral traits (17). Valdar et al. (18) examined the genetic and environmental effects on 88 of these traits and mapped the QTLs for 97 traits to a reasonably high resolution (19). Huang et al. (20) mapped eQTLs in a subset of the tested animals; data were obtained for the hippocampus, liver and lung. Although these authors noted a large number of hybridization artifacts for detecting eQTLs, the data obtained remain an important feature in evaluating HS/NPT data. Of equal importance, the 8 HS/NPT founders were among the 17 strains initially sequenced as part of the Mouse Genomes Project (21).

Twenty years ago, members of the Complex Trait Consortium (CTC), later renamed the Complex Trait Community, began a series of meetings to develop the Collaborative Cross [CC] (22). The CC was proposed as a large panel of recombinant inbred (RI) strains derived from a genetically diverse HS. The initial plans were to develop more than 1,000 RI strains. Much of the early CC planning sessions focused on determining the 8 strains that would be crossed to form the HS founders. How the final 8 strains were chosen could easily be the subject of another review. There was however, general agreement that three wild-derived strains (WSB/EiJ, CAST/EiJ, and PWK/PhJ) would be included, which in turn would boost the overall HS genetic diversity to more than 90% of what is available in Mus musculus [see (23)]. In 2005, we began crossing the 8 CC founder strains. Thirty-two unique breeding funnels were used and each funnel was bred in duplicate [see (24) for breeding details]. Of the 64 breeding funnels, 3 produced no offspring, but each was unique. The 32 families were expanded to 48 and have been bred continuously since 2007 using a circle breeding design. This HS was designated the HS-CC (25).

The Diversity Outbred HS were formed by crossing 144 of the partially inbred CC lines [see (26) for breeding details]. The DO colony is maintained as a panel of ~175 breeding pairs; all matings are randomized with avoidance of sibling matings. The HS-CC and DO were compared in (27). Of particular note, a meiotic drive locus on chromosome 2 has been eliminated from the DO but not the HS-CC. However, this difference does not appear to have affected the high ethanol preference found in both the HS-CC and DO. Given the larger DO breeding population, genetic drift in the DO compared to the HS-CC will be slower. Compared to the HS/NPT, ethanol preference in the HS-CC and DO is 3–4 times higher. The reason for the higher preference in both populations would appear to be at least partially associated with the fact that in addition to the B6 strain, the PWK/PhJ founder strain also has a high ethanol preference (28).



TRANSCRIPTOMICS IN HS POPULATIONS

Sandberg et al. (29) were the first to detect differences in genome-wide brain gene expression between 2 inbred mouse strains (B6 and129S6/SvEvTac). Several differentially expressed (DE) genes aligned with known behavioral quantitative trait loci (bQTLs). For example, Kcnj9 was DE and is located on distal chromosome 1 in a region where bQTLs had been identified for locomotor activity, alcohol and pentobarbital withdrawal, open-field emotionality, and certain aspects of fear-conditioned behavior. This study was unable to determine whether or not the elements regulating Kcnj9 expression were located within the bQTL intervals and/or near the gene locus. However, it is possible to make such links by combining gene expression and genotype data. Jansen and Nap (30) termed this approach “genetical genomics.” This approach was quickly adopted to examine gene expression in Arabidopsis, Drosophila, yeast, and the mouse [see (31) and references therein]. The expression QTLs (eQTLs) can be classified as either cis (mapping near the gene locus) or trans (mapping elsewhere in the genome) (32). When bQTLs and cis-eQTLs overlap, the cis-eQTL genes are inferred as causal genes [see e.g., (32)].

This general strategy from the perspective of HS populations has evolved in several important ways. First and beginning with Talbot et al. (33), mapping QTLs, including eQTLs in advanced HS populations has become relatively straightforward. QTL intervals of 1–2 Mbp can be routinely obtained and a haplotype signature for each QTL can be extracted. Behavioral and gene expression data are generally available for the founder strains, which facilitates the mapping process. Rather than using relatively expensive microarrays, very cost effective genotype information can now be obtained by low density genome-wide sequencing, which builds upon the detailed founder strain sequence information. Second, mouse microarrays used probes based on B6 sequence. Because of hybridization errors, this was problematic even for di-allele crosses and resulted in false positive eQTLs [see e.g., (34)]. For HS populations, the hybridization artifacts increase dramatically. RNA-Seq essentially solved this problem. However, RNA-Seq has its own set of problems and biases, which have been detailed elsewhere [e.g., (4, 35)]. Importantly for expression analysis in HS populations, alignment errors can occur. Although most RNA-Seq experiments use polyA+ RNA libraries, ribosome depleted RNA libraries can be used to also look at the expression of non-coding RNAs. Third, regardless of whether one uses microarrays or RNA-Seq for genome-wide studies, one is making thousands of comparisons. The number of independent comparisons is fewer than the number of genes detected since gene expression can be collapsed into modules with similar expression patterns. Perhaps the most widely used algorithm to detect these modules is the Weighted Gene Co-expression Network Analysis (WGCNA) (36), although there are many others. In the WGCNA, the general procedure is to extract the module eigengene (first principal component) and determine how well the eigengene aligns with the phenotype of interest. Since the number of modules formed is generally relatively small (e.g., 30–40), the multiple comparison penalty is greatly reduced. This approach is relevant to HS animals for at least two reasons. One, given that RNA-Seq is the preferred technology to analyze gene expression in HS populations, it should be noted that because of the difference in variance structure (compared to microarray data), RNA-Seq datasets have an advantage when constructing co-expression networks (37). Two, the expression variances in HS animals are higher than those found for diallel crosses of laboratory mouse strains (37). Although it may seem superficially counter-intuitive, increased variance will, up to a point, improve co-expression detection. Finally we note that the network based approaches allow one to differentiate hub and leaf nodes. Module hub nodes are generally defined as those in the top 10–20 percent of module connectivity, while the leaf nodes are those that collectively contribute the bottom 10 percent of connectivity.

Although not explicitly stated in the argument for developing the CC (22), one could imagine that by including the 3 wild-derived strains, splicing complexity would greatly increase. Related arguments could be used for developing any HS population. Zheng et al. (38) examined the splicing issue with paired-end sequencing (>160,000,000 reads/strain) of the ventral striatum in the 8 CC founder strains. Mapped junctions were >360,000 for all strains; but only 50% of these junctions were annotated. Strain specific splicing (SSS) events were those detected in only one strain. Sixty-four thousand strain-specific junctions were identified when all junctions were considered; however, for junctions with ≥3 or ≥10 read coverage, the numbers dropped to an average of ~3,000 and 500, respectively. The wild-derived strains, CAST/EiJ and PWK/PhJ, were demonstrated to have the highest percentages of strain-specific junctions. Some of these junctions were confirmed using qPCR. From the perspective of genetic diversity and splicing, this study should be seen as a starting point. The read density would likely need to be an order of magnitude higher to reliably detect rare splice junctions and rare SSS events. Further, any survey would need to include multiple brain regions.



HS4 MICE AND MULTIPLE-CROSS MAPPING

We briefly introduce here the HS4, a relatively short-lived HS population (2001–2011). The HS4 was formed by crossing the B6, D2, BALB/cJ, and LP/J strains. Breeding details for the HS4 are found in Iancu et al. (24). It is important to note that a HS derived from only 4 strains can easily be completely balanced, while for an 8-way cross this is practically impossible (see above). A comparison of eQTL mapping in a B6xD2 F2, the HS4 and HS-CC is found in Iancu et al. (24). Two analysis methods were compared: HAPPY (39) and EMMA (40); the methods were also combined to produce joint method (JM). Single-marker (SM) QTL analysis tests for association between genotype at individual markers and the phenotype of interest here, gene expression. EMMA implements a variant of SM analysis. One essential feature of EMMA is to efficiently control for sample relatedness. HAPPY integrates information from several markers, and estimates the probability of descent from each of the founder strains and evaluates if there are significant phenotype differences between alleles inherited from the different progenitor strains. Perhaps the key observation from these analyses was the superior performance of the HS4 for detecting both cis and trans effects on gene expression when compared to the F2 and HS-CC. The superior performance was true regardless of the method used.

The HS4 were part of a project we and others termed multiple cross mapping (MCM). A summary of this project is found in Hitzemann et al. (41). Our interest in MCM was triggered by the observation that an open-field activity QTL was independently detected in three different mouse F2 intercrosses (B6xD2; B6xA; B6xBALB/c) (42–44); however, the QTL was not detected in D2xBALB/c or D2xLP crosses (45). We proposed that the information detected from multiple crosses could be used to sort microsatellite or SNP markers in order to detect chromosomal regions with the highest probability of containing QTLs. Empirically, the data described above suggested that there must be a region or regions on chromosome 1 where three strains (i.e., D2, BALB/c and A strains) are identical and different from the B6. Given that it was not possible to easily sequence the region(s) of interest, MCM appeared to be a reasonable approach. The down-side of MCM was that each cross required several hundred animals to be phenotyped and genotyped, whereas mapping in a HS would require fewer animals and provide greater precision [see Figure 15 in (41)]. With the advent of sequence data for the inbred mouse strains (21) and improvements in genotyping technology, including reduced costs, the MCM approach was no longer appropriate or necessary.



HIGH DRINKING IN THE DARK (HDID) SELECTED LINES

Rhodes et al. (46) introduced the Drinking-In-the Dark (DID) procedure as a simple model of ethanol drinking to intoxicating blood ethanol concentrations (BECs). B6 mice regularly drank to BECs >1 mg/ml. Subsequently (3), DID was examined in a panel of inbred strains that included the 8 HS/NPT founders. The highest BECs (4 h DID trial) were obtained in the B6 and BALB/c strains, with males having somewhat higher BECs than females, even though females consumed higher amounts of ethanol. For all strains, the relationship between consumption and BECs was at best complex. Crabbe et al. (47) reported on the selection of the HDID-1 line; HS/NPT mice were the founders. The selection phenotype was the BEC at the end of a 4 h DID trial from the ingestion of a 20% ethanol solution. After 11 generations of selection, the BEC increased from 0.30 to 1.07 mg/ml. A replicate HDID selection (HDID-2) followed the HDID-1 selection. The lines were separated by 7 generations of breeding, but the selection response was largely identical [see Figure 3 in (48)]. Interestingly, the microstructure of drinking in the HDID-1 and -2 lines is different. HDID-1 mice drink in larger ethanol bouts than the HS founders, whereas HDID-2 mice drink in more frequent bouts (49). The observation that the two HDID lines appear superficially phenotypically similar but do show important differences is not unique to these replicate lines [see e.g., (50)]. In general, this should not be unexpected for a complex trait where no genes have a very large effect and where different allelic combinations can lead to a largely similar phenotype.

An issue we have indirectly addressed over the past few years is whether the transcriptional profiles associated with DID and ethanol preference overlap. Related to this issue, when compared across panels of inbred strains, DID and 2-bottle choice preference consumption appear to show some genetic overlap (3). Crabbe et al. (51) examined this issue in greater detail by looking at preference consumption in HDID-1 and the founder HS/NPT mice. The conclusion reached was similar; preference and DID consumption showed some genetic overlap, but this depended on the assay being used.



HDID SELECTED LINES AND GENE EXPRESSION

Iancu et al. (52) used the Illumina Mouse 8.2 array to examine gene expression in HDID-1, HDID-2, and HS/NPT mice (N = 48/group balanced for sex). An early version of the Mouse Universal Genotyping Array (MUGA) was used for genotyping; the MUGA contained 7,851 SNP markers, with an average spacing of 325 ± 191 kb. After elimination of non-polymorphic or low frequency (below 2.5%) SNPs, the data contained 3,683 markers further analyzed using a marker by marker approach (53, 54). The genotype data extracted (Figure 1) illustrated two important points. One, compared to the HS/NPT founders, genetic variance was strikingly reduced in both of the selected lines, presumably the result of the inbreeding that occurs when using a relatively small number of families for selection. Two, the genotype data illustrated that the selected lines were genetically distinct. The QTL analysis confirmed this point. Five unique QTLs exceeding the adjusted LOD threshold of 10.6 were found in the HDID-1 line and three unique QTLs were found in the HDID-2 line. There were however, three common QTLs on chromosomes 4, 14, and 16, each of which were mapped to relatively good (<5 Mbp) resolution. Of relevance to subsequent discussions, the Chr 14 QTL contained only 1 gene, protocadherin 17; the haplotype signature of the QTL corresponds to the LP/J strain being different than the other 7 founder strains. The QTL on Chr 4 has a similar haplotype (LP/J different from other founders) and a similar position and haplotype to a startle response QTL reported previously (19).
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FIGURE 1. Genome-wide genetic distances between the HDID-1 and -2 selected lines, HS/NPT animals and the inbred strains used to form the HS/NPT. Details of the animals used are found in the Methods in (52). Data are presented as a multidimensional scaling (MDS) plot. Note the greater dispersion in the HS/NPT animals when compared to the HDID-1 and HDID-2 selected lines and the differences between the two selected lines. Also note that among the inbred strains the C57BL/6J is distinct from the other 7 founders. Figure reprinted with permission from (52).


The gene expression analyses reported in Iancu et al. (52) and especially the integration of the differential expression and network analyses, set a pattern that has been repeated in our subsequent studies. The DE genes are in general, poorly connected to the co-expression network; i.e., the DE genes are largely leaf nodes. This cannot be unexpected. Unless the change in expression is very large, to detect DE the variance must be low. In contrast, construction of the co-expression network depends on a robust but biologically relevant variance structure. There were marked differences between the HDID-1 vs. HS/NPT and HDID-2 vs. HS/NPT in terms of the number of DE (FDR < 0.1) transcripts (1,430 vs. 301). One hundred and four transcripts were differentially expressed in both comparisons; 94 of these had the same directionality. A majority of the DE transcripts (85 out of 94) were found among the gray-network module, which is reserved for the poorly connected transcripts. GO annotation of the DE genes revealed significant enrichments in extracellular region part (p < 2 × 10−3) and the extracellular matrix (p < 5 × 10−3).

A consensus network approach (55) was used to evaluate the effects of selection on transcriptome organization. Based on previous empirical observations (25), we concluded that in order to form modules of very high quality, sample sizes of ~ >40 are required [see Supplemental Table 2 in (52)]. With modules of high quality, module disruption is relatively easy to detect (module disruption may be either a significant increase or decrease in module connectivity). Separate networks were formed using the HS/NPT and each HDID line's expression data; differences between these networks were evaluated against random changes. An empirical distribution of random changes was generated by constructing networks (N = 1,000) using a mixture of samples from the HS/NPT and HDID animals. Bootstrapping and statistical significance assessment was performed over samples. Despite the genetic differences noted above, two of the co-expression modules (black and magenta [color has no meaning]) were similarly affected; i.e., the modules were significantly disrupted (see Figure 2). Both modules were highly enriched in neuronal genes (black module—p < 3 × 10−27; magenta module—p < 3 × 10−5). GO annotation of the black module revealed significant enrichments in neurological system process (p < 5 × 10−6), glutamate secretion (p < 7 × 10−5), and neurotransmitter transport (p < 8 × 10−5). GO annotation of the magenta module revealed significant enrichments in neuropeptide hormone activity (p < 2 × 10−5), peptide receptor activity (p < 9 × 10−5), and post-synaptic membrane (p < 2 × 10−4). The progressive effects of selection on Dgkz, a gene found in the black module and known to be associated with glutamate neurotoxicity and brain trauma, are illustrated in Figure 3. Gene module connectivity was increased in the HDID-2 animals and further increased in the HDID-1. Examples of selected genes in the magenta module and significantly affected by selection are found in Table 1 in (52). We bring two points to the readers' attention. The first is that both selections have affected a subgroup of GABA and glutamate related genes; this will be a familiar observation. The second point is the observation that selection affected the neuropeptide Y system. Manipulation of the neuropeptide Y system affects both DID and ethanol preference consumption [see (56) and references therein]. There is some evidence, at least for ethanol preference that these effects may be genotype-dependent (57).


[image: Figure 2]
FIGURE 2. Multidimensional scaling (MDS) plots of the coexpression networks in HS/NPT (A), HDID-2 (B), and HDID-1 (C) datasets. For visual clarity, only the 4 modules most consistently affected by selection (“black,” “magenta,” “dark-red,” and “green”) are depicted. Each dot represents a transcript, with colors corresponding to module assignments. The distances between points correspond to network adjacency. The figure illustrates (1) the modularity of the networks, with similar colors clustered together and (2) the effect of selection on the network structure, with HDID-1,2 diverging from the original HS/NPT network structure. In particular, the “dark-red” module appears more dispersed, while the “magenta” module appears more compacted in the selection networks. Figure reprinted with permission from (52).
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FIGURE 3. The effects of selection on intra-modular connectivity for Dgkz. Dgkz is found in the “black” module. Edge thickness and opacity are proportional with network adjacency between Dgkz and other module transcripts. The intra-modular connectivity of the other module genes is reflected in the node size. (A) HS/NPT network connectivity. (B) HDID-2 network connectivity. (C) HDID-1 network connectivity. Note the more pronounced increase in connectivity in the HDID-1 as compared to the HDID-2 animals. Figure reprinted with permission from (52).


Hoffman et al. (58) is the brain gene expression study focusing on ethanol preference that appears to be closest to Iancu et al. (52). Gene expression in HAP3 and LAP3 animals derived from HS/Ibg mice (59) were analyzed using Affymetrix microarrays. Although the analysis strategies were different, there appears to be no overlap of the DE genes detected in Iancu et al. (52).

Following on Iancu et al. (52), Iancu et al. (60) used RNA-Seq to compare the ventral striatal transcriptome of ethanol naïve HDID-2 mice and HS/NPT founders. Sample sizes were sufficient to analyze the male and female data separately. For females, the number of DE (FDR < 0.05) genes was 227; there was no significant GO enrichment for this grouping. For males, there were 1,525 DE genes, 836 and 689 genes were down- and up-regulated; 153 genes overlapped with the female grouping. Analysis of the down-regulated genes revealed significant enrichment in genes associated with extracellular matrix (ECM) organization and immune system process. No significant GO enrichment categories were detected for the up-regulated genes.

Beginning with Colville et al. (61) (see below), we introduced the differential variability (DV) metric into our analysis strategy [see (62–64)]. This computationally simple procedure identifies those genes that are likely to show a change in network connectivity. “For the DV metric, selection significantly (FDR < 0.05) increased the variability of 1,498 female genes and 766 male genes; 82 genes overlapped. Included in the overlapping subset were Calb2, Gabrq, Nos1ap, Oxt, Pomc, Pvab, Slc6a11, and Trh. For female genes with increased variance (N = 1,418), there was significant enrichment in annotations that included extracellular space, plasma membrane part, signaling receptor activity, and extracellular matrix organization. For female genes with decreased variance (N = 80), significant enrichment was detected for cytoskeleton of presynaptic active zone and axon part; genes involved included Bsn, Pclo, Syn1, Myoc, Nav1, Tubb4a, Cplx2, and Ank3. For male genes with increased variance (N = 663), there were significant enrichments in GO categories that included modulation of synaptic transmission, voltage gated cation channel activity, plasma membrane part, and synapse part. Genes in the latter category included Grin2a, Grin2b, Dlg4, Gabbr2, Grm2, Pdyn, Gabra1, and Camk2a. For male genes with decreased variance (N = 103), there were significant enrichments in GO categories associated with biological adhesion and extracellular part. From the perspective of the DV metric, which is closely aligned with network connectivity, the female and male data were largely mirror images” (64).

Additional analyses of this data set are found in Iancu et al. (60). However, the main observations are noted above. Two of these observations we wish to emphasize. The first is the involvement of neuroimmune systems, at least in males, in the DID phenotype. These data are consistent with the neuroimmune hypothesis of alcohol use disorder (AUD) (65). Sex differences in the alcohol-induced neuroimmune signaling are discussed elsewhere (64). The second point of emphasis are the data pointing to the involvement of the ECM. Alcohol and other drugs of abuse can have marked effects on ECM constituents [reviewed in (66–68)]. Ethanol has been shown to affect the brain expression of tPA (or Plat) (69, 70), Mmp-9 (71), Bcan & Ncan (72), and Tsp2 & Tsp4 (73). Some data show that all elements of the brain ECM—the basement membrane, the interstitial ECM and the perineuronal nets– are affected by acute and/or chronic ethanol treatment (67). The evidence that changes in the brain ECM are associated with the risk for developing an AUD are less compelling. However, polymorphisms have been detected in Mmp-9m, Tnc & Tnr in human alcoholics (74, 75). Genome-wide association studies (GWAS) have revealed a polymorphism in Col6a3 associated with alcoholism (76). Our data illustrate that HDID risk is associated with ECM associated genes in both males and females.

A common observation in both basic science and clinical populations is that substantial individual variation is retained even in groups at high risk for excessive ethanol consumption. Interestingly, this individual variation is seen even within inbred mouse strains such as the B6 [see (77)]. We asked whether the genes associated with individual variation in HDID-1 mice are different from those associated with selection (risk) (78). Thirty-five HDID-1 mice (18 males and 17 females) phenotyped for their BECs at the end of a standard 4-day DID trial, were sacrificed 3 weeks later. RNA-Seq was used to analyze the striatal transcriptome. Pearson correlations were used to assess the relationships between gene expression and the BEC. Five hundred and fifty-seven genes (375 positive vs. 182 negative) met the criteria for inclusion in the gene set enrichment analysis. The most significant (FDR < 0.01) annotation enrichments were for the positively correlated genes [Table 2 in (78)]. Broadly, the enriched gene categories were associated with the regulation of synaptic function. Genes associated with the category included Grik5, Syn1, Stxbp1, Stx1a, Rims4, Rims1, and Stx1b Camk2g, Chrm3, Crhbp, Gria3, Grin1, Strn4, Syngap1 and Syt2. These data generally differ from those reported by Mulligan et al. (77) for individual DID variation in B6 mice. Given the differences in experimental design, such differences cannot be unexpected. However, perhaps their most salient conclusion is consistent with our results. “One hypothesis that evolved from our modular network analysis is that striatal medium spiny neurons may react to acute alcohol consumption with transcriptional changes that may underlie subsequent changes in behavior, including alcohol preference, tolerance and dependence” (77).



HS-CC AND ETHANOL PREFERENCE

HDID selection has only used HS/NPT founders. Thus, there is no way to actually know if a different and/or simpler founder cross would yield similar results. However, for ethanol preference, we do have data that gets very close to this issue (see below). For those unfamiliar with alcohol preference research, selection from B6xD2 intercross animals and/or data collected from BXD RI strains has yielded remarkably consistent preference results for almost 30 years [see e.g., (79–81)].

Colville et al. (82) examined the transcriptional changes across three brain regions associated with selection for ethanol preference (24h/7d, 10% ethanol vs. water) from HS-CC founders. The three brain regions examined were the nucleus accumbens shell, the prelimbic cortex, and the central nucleus of the amygdala (CeA). Sample sizes were moderate (N = ~30/region/line). The selection protocol was short-term, terminated after four generations of selection. In the “High” line, ethanol preference more than doubled to ~0.5 whereas in the “Low” line preference was <0.1. As expected [see (83)] there were a large number of transcriptional changes, unique to each brain region. Here we focus on the changes that were common to all three regions [see Figure 3 in (82)]. 5730455P16Rik, Gdi2, Skiv2, Tsr1, and Glod4 were the only common DE genes. There were 30 common DV genes and this grouping was significantly enriched in genes associated with cell to cell signaling. Genes with this GO annotation included Dlg2, Egr3, Gabbr2, Lnpep, Pcdhgb2, Pcdhac2, Sstr4, and Syt10. The common DV genes were enriched in a common network module that differed in size across the three regions but shared common annotations. The three modules also shared 183 common genes. These common genes included several receptors; Adra1a, Chrna7, Grin2b, Htr2a, Oprd1, and Sstr4; 17 protocadherins including 14 of the 22 known protocadherins. Common hub nodes across regions included Dlg2, Gatad2b, Pcdhac2, Tnks, Usp29, and Usp9x.

Figure 4 illustrates the coexpression and physical interaction partners for Dlg2. Key partners include a number of glutamate related genes: e.g., Grin2b, Grid1 Dlg1, Dlg4, and Dlgap1. These data extend the observations of Bell et al. (85) who noted when comparing ethanol naïve P and NP rats, there were a number of differences in glutamate signaling genes. Further, clinical studies have shown that in family history positive (FHP) individuals there is an altered response to the NMDA antagonist ketamine (86, 87).
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FIGURE 4. Interaction partners for Dlg2 extracted using Gene Mania (84) which was accessed as a Cytoscape plugin with default settings. Depicted are top 20 genes related to Dlg2 through physical interactions, colocalizations, or sharing protein domains. Dlg2 which encodes for PSD93, interacts with a number of genes and gene products associated with glutamate receptor activity including Dlg4, Syngap1, Neto, Grin1, Grin2b,Dlgap1 & Dlg3. Figure reprinted with permission from (82).


A statistic added in Colville et al. (82) was differential wiring (DW). DW was restricted to search for Pearson correlations between individual genes that differed by >0.5. This general procedure has been used to quantify network rewiring in both genomic (88) and neural imaging studies (89). We identified for each gene, the number of changed edges and then inquired as to whether some genes had a disproportionately high number of changed edges. For the latter, a binomial test was used to test for significance. There were 72 significant DW genes common to all three brain regions and this grouping included Chrna7, Als2, Pppir9a, Strn, Kcna4, Kif1a, and Slc1a2. Slc1a2, which encodes for the excitatory amino acid transporter 2 (EAAT2); the inhibition of EAAT2 has been reported to reduce ethanol consumption (90).

Keeping the Colville et al. (61, 82) data in perspective, we turn to Kozell et al. (81). Beginning with a B6xD2 F2 intercross founder population, these authors selectively bred for both high alcohol consumption and low acute withdrawal (SOT line), or vice versa (NOT line). SOT is Old-English for habitual high alcohol user. Using randomly chosen fourth selected generation (S4) mice, RNA-Seq was employed to assess transcriptional differences in the ventral striatum between the SOT and NOT mice. Data were analyzed as described in Colville et al. (61, 82). For genes more highly expressed in the SOT line there was enrichment in genes associated with cell adhesion and post-synaptic membrane. The cell adhesion genes included 23 protocadherins, Mpdz & Dlg2. The post-synaptic membrane genes included Gabrb3, Gphn, Grid1, Grin2b, and Grin2c & Grm3. Thus, the SOT selection (81) and High preference line selection show overlapping transcriptional signatures. In contrast, the NOT line was enriched in genes with mitochondrial function.

The final study to be reviewed is Hitzemann et al. (68), which examined in HS-CC mice the effects of chronic (13 weeks) ethanol consumption [24h/7d 2-bottle choice] on CeA gene expression. Here we focus on the correlation of individual gene expression and week 13 ethanol preference. For females, the enriched annotations associated with cilium organization, extracellular region, and collagen-containing ECM. For males there were no significant annotation enrichments.

The majority (70%) of female genes correlated with preference were found in a single WGCNA network module. This module was enriched (p < 0.0001) in genes with an astrocyte annotation and in annotations associated with the extracellular matrix and cilium. Among the female genes positively correlated with preference, 43 were top hub nodes. “Enrichr (91, 92) was used to search for key transcription factors among the top hub nodes. A key finding was that 19 of the top nodes were down-regulated in an orthodenticle homeobox 2 (Otx2) knockout mouse [GSE27630; (93)]. Otx2 is often referred to as a master regulator, and known to have key roles in brain patterning and post-natal plasticity. Otx2 is further required for generation of various neuronal subpopulations, including ocular motor and midbrain dopaminergic neurons (94, 95), and development and maintenance of perineuronal nets. In the adult brain, Otx2 expression is largely localized to the choroid plexus (96). The OTX2 protein is captured by the perineuronal nets and accumulated in parvalbumin type GABA-ergic neurons throughout the brain (97). Our data indicate a low, but detectable expression of Otx2 in the CeA, affected by ethanol exposure and predicted to have a role in the escalation of ethanol preference seen in HS-CC females, but not males, and in the observed sex differences in the transcriptional response” (68). Of related interest, Coles and Lasek (98) found that DID increased Otx2 expression in the VTA; however, viral mediated down-regulation of Otx2 did not affect ethanol consumption.



DISCUSSION

For more than 50 years, HS and other outbred rodent populations have been key to investigating the genetics and basic biology of ethanol phenotypes, including excessive ethanol consumption. To put the current use of HS animals in perspective it is useful to return to Gora-Maslek et al. (99) who observed that a panel of BXD RI strains, even with a sparse genetic map, could be used to map drug-related QTLs. However, this study also illustrated a point that continues to complicate genomic research: gene effect sizes for essentially all complex traits are very small. To confirm a BXD generated QTL with an effect size of 5 percent (actually a very large effect!) would require ~600 B6xD2 F2 intercross animals. While confirmation was possible, resolution of the QTL was poor, given the relatively low number of recombinations in the F2 population. One suggested solution to this problem was to generate from the F2 an advanced intercross that would build the recombination density [see e.g., (100)]. This solution introduced a new problem. Since it is practically impossible to generate an advanced intercross with a very large number of families, substantial relationships among individuals will develop over time and relatedness becomes a confounding factor. HS animals and selected lines have this same problem. As noted above, there are algorithms that deal with relatedness and importantly these are included in recent updates to r/QTL (101). Regardless of how one deals with the relatedness issue(s), it would seem that independent replication should be a convincing solution to the problem. For QTLs associated with ethanol preference and derived from B6xD2 crosses, replication has worked extremely well (79–81). However, replication in HS animals does not appear to be straightforward. As shown in Iancu et al. (52), the replicate HDID-1 and HDID-2 selections yielded only partially overlapping QTL results. These data suggest that with the increase in genetic diversity, different sets of genes can be employed to produce a similar phenotype, in this case high BECs. In addition, detailed analysis of the drinking behavior in the two selected lines revealed that there are differences—one favors larger bouts and the other favors more bouts to increase BECs. From a certain perspective, one could argue that these differences in genotype and phenotype are precisely the reasons one uses an HS population, to generate a diversity of results, detecting new pathways and mechanisms of action. However, one can also understand why this diversity is not universally appealing.

The argument that new mechanisms will be revealed as genetic diversity increases has rarely been tested under identical laboratory conditions. As noted above, Iancu et al. (24) examined eQTL expression in the striatum of F2, HS4 and HS-CC animals. This experiment was conducted using Illumina microarrays; in order to prevent hybridization artifacts, any probe sequence known to contain a SNP from one of the founder strains, was removed from the analysis. As noted previously, the detection of cis and trans eQTLs was the most reliable in the HS4. However, the detection of trans eQTLs was higher in the HS-CC. However, interpretation of these data are complicated by the complex kinship matrices among samples, which differ on a chromosome by chromosome basis. The question naturally arises as to how these and other changes in the regulation of gene expression will affect issues such as selection for a behavioral phenotype and the associated transcriptional changes. The only data we have for an ethanol phenotype (ethanol preference) are described above and suggest that there is likely overlap between the F2 and HS-CC along dimensions related to glutamate synaptic transmission and cell adhesion. However, for a different phenotype, haloperidol-induced catalepsy, we have a very direct comparison among F2, HS4 and HS-CC animals (102). Haloperidol-induced catalepsy is highly heritable (h2 > 0.6), and the mechanism of action is well-known (blockade of D2 receptors), as is the target brain region (the striatum). Short-term selective breeding was used for all 3 populations and selection was stopped after 3 generations. The High and Low lines differed by 30 fold or more in the haloperidol ED50; the lines also differed in their response to raclopride and showed no difference in the response to the D1 antagonist, SKF23390. Microarrays were used to analyze gene expression. The number of differentially expressed transcripts (FDR < 0.1) was significantly higher in the HS-CC compared with the F2 and HS4 selections (445 vs. 113 and 33, respectively). There were no differentially expressed transcripts common to all 3 selections. A consensus network approach, previously described, was used to compare the effects of the 3 selections. A relatively large number of transcripts significantly changed network connectivity: 458 (7.0%), 499 (7.6%), and 1,537 (23.4%) in F2, HS4 and HS-CC populations, respectively. However, as for differential expression, none of the differentially connected transcripts were shared in common across the 3 selections. Our analysis revealed that, for each selection, several modules significantly (Z < −2) changed intra-modular connectivity structure: 4 modules in the F2, 12 in the HS4 and 21 in the HS-CC. There were 3 affected modules in common to all selections and in these the HS-CC showed the largest changes in connectivity. Importantly, and we believe this is the most salient point, there was no overlap among the 3 populations in the genes that showed a change in module connectivity. The common feature was the module(s) not the genes; the common modules were enriched in annotations associated with intracellular signaling and locomotor behavior. The latter category included Drd2, Chat, and Pde10a & Rgs9. These data suggest that combining the results from populations at different levels of genetic diversity could be key to finding new (or old) targets for therapeutic manipulation.

Our last point is that working with HS animals may be beneficial in finding the truly unexpected. We return to Hitzemann et al. (68) which focused on the transcriptional changes associated with a 13 week preference trial. The unexpected observation was that in females the transcriptional features associated with week 13 preference were enriched in cilium annotations. Alcohol is known to affect the motile cilia in the brain's ventricles and other tissues [see e.g., (103)]. However, in the CeA and other brain regions there will only be primary cilia in neurons and astrocytes. There are a number of proteins localized in the neuronal primary cilia (Figure 5). These include ADCY3, SSTR3, and HT6R. There is some evidence that the manipulation of these cilia-specific molecules affects ethanol consumption. For example, de Bruin et al. (107) found that a highly selective HT6R antagonist (CMP 42) attenuated both nicotine- and alcohol-seeking behaviors in Wistar rats. Further, Ht6r knockout mice are less sensitive to alcohol-induced ataxia and sedation (108), and HT6R antagonists reduce cocaine self-administration, attenuate cue-induced reinstatement, attenuate the expression of cocaine-induced conditioned place preference, and reduce the acquisition and expression of nicotine-induced sensitization [see references in (109)]. The orphan receptor, GPR88, is enriched in striatal neuronal primary cilia (110). The GPR88 agonist, RTI-13951-33, significantly reduces alcohol self-administration and intake in female Long-Evans rats in a dose-dependent manner, without effects on locomotion and sucrose self-administration. However, given that the module is enriched in astrocyte annotation genes, it could be reasonably argued that our attention should focus on astrocyte primary cilia. However, as noted by Sterpka and Chen (111), “Presently, little is known about the function, signaling pathways, and structural dynamics of astrocytic primary cilia in the mature brain, although astrocytes fulfill a wide range of functions including providing trophic support, maintaining homeostasis, and protecting neurons from acute insults or brain injury (112). Since astrocytes can proliferate under certain pathological conditions (113), astrocytic primary cilia are not static but subject to dynamic changes.”


[image: Figure 5]
FIGURE 5. The primary cilia as target for the effects of chronic ethanol consumption. There are to our knowledge, no reports linking the brain's primary cilia to ethanol preference, chronic ethanol exposure or excessive ethanol consumption. Our data shows that there is a strong cilia signal associated with individual variation in preference within the context of chronic ethanol exposure. The primary cilium is a long, thin organelle protruding from the apical surface of almost all cell types. This structure is formed when the cell is in G0 or G1 phase, and often during S/G2 phase (104). The timing of cilium formation, “ciliogenesis,” is restricted to these stages of the cell cycle because the cilium is rooted at its base by the basal body, which is derived from the mother centriole of the centrosome (105). Differently than mobile cilia, the axoneme of the primary cilium has a “9+0” structure and is not mobile. The “primary cilia” are fundamentally important for normal cell signaling during development and homeostasis, resulting in the adoption of the term “cell's antenna” (106). These signaling functions are carried out by the myriad of signaling molecules.


For most of the past 50 years, the use of HS mice largely has been limited to selective breeding; several examples of this approach in the context of ethanol research have been described. However, given that all the founder strains of existing HS populations have been deeply sequenced, it is now possible to precisely map QTLs in HS mice in much the same way one uses a GWAS approach to map human QTLs. The founders of the HS-CC and DO populations possess ~50 million SNPs. Thus, it is likely that there are allelic variants associated with the expression of every gene. Further, there are no rare alleles; absent the effects of genetic drift, the minimum allele frequency in an 8-way cross is 12.5%. With rare exception, because behavioral traits of interest are complex and polygenic, with no one gene accounting for a large percentage of the genetically-determined variance, sample sizes need to be scaled accordingly. Unlike human studies, the environment for mouse studies can be strictly controlled or modified in ways to test specific hypotheses. For some human disorders such as schizophrenia or major depressive disorder, a relevant mouse model seems unlikely. This challenge is considerably lessened for AUDs and substance abuse disorders and it is for such conditions that we believe HS mice will serve an important role in detecting new mechanisms of action that will lead to the development of new therapeutic approaches.



AUTHOR CONTRIBUTIONS

RH wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



FUNDING

Funding sources were NIH NIAAA P60 AA 010760 (RH, AO, and TP), R01 AA 011034 (RH), U01 AA 013484 (RH), R24 AA020245 (RH and TP), U01 AA 013519 (AO), I01 BX 004699 (AO), and the Office of Research, Department of Veterans Affairs (AO and TP).



ACKNOWLEDGMENTS

The studies described here reflect the contributions of numerous individuals who are noted in the respective publications.



REFERENCES

 1. McClearn GE, Rodgers DA. Differences in alcohol preference among inbred strains of mice. Q J Stud Alcohol. (1959) 20:691–5. doi: 10.15288/qjsa.1959.20.691

 2. Yoneyama N, Crabbe JC, Ford MM, Murillo A, Finn DA. Voluntary ethanol consumption in 22 inbred mouse strains. Alcohol. (2008) 42:149–60. doi: 10.1016/j.alcohol.2007.12.006

 3. Rhodes JS, Ford MM, Yu C-H, Brown LL, Finn DA, Garland T, et al. Mouse inbred strain differences in ethanol drinking to intoxication. Genes Brain Behav. (2007) 6:1–18. doi: 10.1111/j.1601-183X.2006.00210.x

 4. Hitzemann R, Bottomly D, Iancu O, Buck K, Wilmot B, Mooney M, et al. The genetics of gene expression in complex mouse crosses as a tool to study the molecular underpinnings of behavior traits. Mamm Genome. (2014) 25:12–22. doi: 10.1007/s00335-013-9495-6

 5. Solberg Woods LC, Mott R. Heterogeneous stock populations for analysis of complex traits. Methods Mol Biol. (2017) 1488:31–44. doi: 10.1007/978-1-4939-6427-7_2

 6. McClearn GE, Wilson JR, Meredith W. The use of isogenic and heterogenic mouse stocks in behavioral research. in Contributions to Behavior-Genetic Analysis: The Mouse as a Prototype. New York, NY: Appleton-Century-Crofts. p. 3–22.

 7. McClearn GE, Kakihana R. Selective breeding for ethanol sensitivity: short-sleep and long-sleep mice. In: McClearn GE, Deitrich RA, Erwin VG, editors. Development of Animal Models as Pharmacogenetic Tools. Rockville, MD: NIAAA Research Monograh. p. 147–59.

 8. Crabbe JC, Kosobud A, Young ER, Tam BR, McSwigan JD. Bidirectional selection for susceptibility to ethanol withdrawal seizures in Mus musculus. Behav Genet. (1985) 15:521–36. doi: 10.1007/BF01065448

 9. Shen EH, Harland RD, Crabbe JC, Phillips TJ. Bidirectional selective breeding for ethanol effects on locomotor activity: characterization of FAST and SLOW mice through selection generation 35. Alcohol Clin Exp Res. (1995) 19:1234–45. doi: 10.1111/j.1530-0277.1995.tb01606.x

 10. Grahame NJ, Li TK, Lumeng L. Selective breeding for high and low alcohol preference in mice. Behav Genet. (1999) 29:47–57. doi: 10.1023/A:1021489922751

 11. Crabbe JC, Kendler KS, Hitzemann RJ. Modeling the diagnostic criteria for alcohol dependence with genetic animal models. Curr Top Behav Neurosci. (2013) 13:187–221. doi: 10.1007/7854_2011_162

 12. Metten P, Phillips TJ, Crabbe JC, Tarantino LM, McClearn GE, Plomin R, et al. High genetic susceptibility to ethanol withdrawal predicts low ethanol consumption. Mamm Genome. (1998) 9:983–990. doi: 10.1007/s003359900911

 13. Crabbe JC, Spence SE, Huang LC, Cameron AJ, Schlumbohm JP, Barkley-Levenson AM, et al. Ethanol drinking in withdrawal seizure-prone and -resistant selected mouse lines. Alcohol. (2013) 47:381–9. doi: 10.1016/j.alcohol.2013.05.002

 14. Kanes SJ, Hitzemann BA, Hitzemann RJ. On the relationship between D2 receptor density and neuroleptic-induced catalepsy among eight inbred strains of mice. J Pharmacol Exp Ther. (1993) 267:538–47.

 15. Hitzemann B, Dains K, Kanes S, Hitzemann R. Further studies on the relationship between dopamine cell density and haloperidol-induced catalepsy. J Pharmacol Exp Ther. (1994) 271:969–76.

 16. Demarest K, Koyner J, McCaughran J, Cipp L, Hitzemann R. Further characterization and high-resolution mapping of quantitative trait loci for ethanol-induced locomotor activity. Behav Genet. (2001) 31:79–91. doi: 10.1023/A:1010261909853

 17. Solberg LC, Valdar W, Gauguier D, Nunez G, Taylor A, Burnett S, et al. A protocol for high-throughput phenotyping, suitable for quantitative trait analysis in mice. Mamm Genome. (2006) 17:129–46. doi: 10.1007/s00335-005-0112-1

 18. Valdar W, Solberg LC, Gauguier D, Cookson WO, Rawlins JNP, Mott R, et al. Genetic and environmental effects on complex traits in mice. Genetics. (2006) 174:959–84. doi: 10.1534/genetics.106.060004

 19. Valdar W, Solberg LC, Gauguier D, Burnett S, Klenerman P, Cookson WO, et al. Genome-wide genetic association of complex traits in heterogeneous stock mice. Nat Genet. (2006) 38:879–87. doi: 10.1038/ng1840

 20. Huang MC, Chen CH, Chen CH, Liu SC, Ho CJ, Shen WW, et al. Alterations of serum brain-derived neurotrophic factor levels in early alcohol withdrawal. Alcohol Alcohol. (2008) 43:241–5. doi: 10.1093/alcalc/agm172

 21. Keane TM, Goodstadt L, Danecek P, White MA, Wong K, Yalcin B, et al. Mouse genomic variation and its effect on phenotypes and gene regulation. Nature. (2011) 477:289–94. doi: 10.1038/nature10413

 22. Churchill GA, Airey DC, Allayee H, Angel JM, Attie AD, Beatty J, et al. The Collaborative Cross, a community resource for the genetic analysis of complex traits. Nat Genet. (2004) 36:1133–7. doi: 10.1038/ng1104-1133

 23. Roberts A, Pardo-Manuel de Villena F, Wang W, McMillan L, Threadgill DW. The polymorphism architecture of mouse genetic resources elucidated using genome-wide resequencing data: implications for QTL discovery and systems genetics. Mamm Genome. (2007) 18:473–81. doi: 10.1007/s00335-007-9045-1

 24. Iancu OD, Darakjian P, Kawane S, Bottomly D, Hitzemann R, McWeeney S. Detection of expression quantitative trait loci in complex mouse crosses: impact and alleviation of data quality and complex population substructure. Front Genet. (2012) 3:157. doi: 10.3389/fgene.2012.00157

 25. Iancu OD, Darakjian P, Walter NA, Malmanger B, Oberbeck D, Belknap J, et al. Genetic diversity and striatal gene networks: focus on the heterogeneous stock-collaborative cross (HS-CC) mouse. BMC Genomics. (2010) 11:585. doi: 10.1186/1471-2164-11-585

 26. Svenson KL, Gatti DM, Valdar W, Welsh CE, Cheng R, Chesler EJ, et al. High-resolution genetic mapping using the Mouse Diversity outbred population. Genetics. (2012) 190:437–47. doi: 10.1534/genetics.111.132597

 27. Chesler EJ, Gatti DM, Morgan AP, Strobel M, Trepanier L, Oberbeck D, et al. Diversity outbred mice at 21: maintaining allelic variation in the face of selection. G3. (2016) 6:3893–902. doi: 10.1534/g3.116.035527

 28. Bagley JR, Chesler EJ, Philip VM, Center for the Systems Genetics of Addiction, Jentsch JD. Heritability of ethanol consumption and pharmacokinetics in a genetically diverse panel of collaborative cross mouse strains and their inbred founders. Alcohol Clin Exp Re.s. (2021) 45:697–708. doi: 10.1101/2020.09.13.294769

 29. Sandberg R, Yasuda R, Pankratz DG, Carter TA, Del Rio JA, Wodicka L, et al. Regional and strain-specific gene expression mapping in the adult mouse brain. Proc Natl Acad Sci USA. (2000) 97:11038–43. doi: 10.1073/pnas.97.20.11038

 30. Jansen RC, Nap JP. Genetical genomics: the added value from segregation. Trends Genet. (2001) 17:388–91. doi: 10.1016/S0168-9525(01)02310-1

 31. Dorner S, Lum L, Kim M, Paro R, Beachy PA, Green R. A genomewide screen for components of the RNAi pathway in Drosophila cultured cells. Proc Natl Acad Sci USA. (2006) 103:11880–5. doi: 10.1073/pnas.0605210103

 32. Farris SP, Wolen AR, Miles MF. Using expression genetics to study the neurobiology of ethanol and alcoholism. Int Rev Neurobiol. (2010) 91:95–128. doi: 10.1016/S0074-7742(10)91004-0

 33. Talbot CJ, Nicod A, Cherny SS, Fulker DW, Collins AC, Flint J. High-resolution mapping of quantitative trait loci in outbred mice. Nat Genet. (1999) 21:305–8. doi: 10.1038/6825

 34. Walter NAR, McWeeney SK, Peters ST, Belknap JK, Hitzemann R, Buck KJ. SNPs matter: impact on detection of differential expression. Nat Methods. (2007) 4:679–80. doi: 10.1038/nmeth0907-679

 35. Hitzemann R, Bottomly D, Darakjian P, Walter N, Iancu O, Searles R, et al. Genes, behavior and next-generation RNA sequencing. Genes Brain Behav. (2013) 12:1–12. doi: 10.1111/gbb.12007

 36. Zhang B, Horvath S. A general framework for weighted gene co-expression network analysis. Stat Appl Genet Mol Biol. (2005) 4:17. doi: 10.2202/1544-6115.1128

 37. Iancu OD, Kawane S, Bottomly D, Searles R, Hitzemann R, McWeeney S. Utilizing RNA-Seq data for de novo coexpression network inference. Bioinformatics. (2012) 28:1592–7. doi: 10.1093/bioinformatics/bts245

 38. Zheng CL, Wilmot B, Walter NA, Oberbeck D, Kawane S, Searles RP, et al. Splicing landscape of the eight collaborative cross founder strains. BMC Genomics. (2015) 16:52. doi: 10.1186/s12864-015-1267-0

 39. Mott R, Talbot CJ, Turri MG, Collins AC, Flint J. A method for fine mapping quantitative trait loci in outbred animal stocks. Proc Natl Acad Sci USA. (2000) 97:12649–654. doi: 10.1073/pnas.230304397

 40. Kang HM, Zaitlen NA, Wade CM, Kirby A, Heckerman D, Daly MJ, et al. Efficient control of population structure in model organism association mapping. Genetics. (2008) 178:1709–23. doi: 10.1534/genetics.107.080101

 41. Hitzemann R, Belknap JK, McWeeney SK. Quantitative trait locus analysis: multiple cross and heterogeneous stock mapping. Alcohol Res Health. (2008) 31:261–5.

 42. Flint J, Corley R, DeFries JC, Fulker DW, Gray JA, Miller S, et al. A simple genetic basis for a complex psychological trait in laboratory mice. Science. (1995) 269:1432–5. doi: 10.1126/science.7660127

 43. Gershenfeld HK, Neumann PE, Mathis C, Crawley JN, Li X, Paul SM. Mapping quantitative trait loci for open-field behavior in mice. Behav Genet. (1997) 27:201–10. doi: 10.1023/A:1025653812535

 44. Koyner J, Demarest K, McCaughran J, Cipp L, Hitzemann R. Identification and time dependence of quantitative trait loci for basal locomotor activity in the BXD recombinant inbred series and a B6D2 F2 intercross. Behav Genet. (2000) 30:159–70. doi: 10.1023/A:1001963906258

 45. Hitzemann R, Demarest K, Koyner J, Cipp L, Patel N, Rasmussen E, et al. Effect of genetic cross on the detection of quantitative trait loci and a novel approach to mapping QTLs. Pharmacol Biochem Behav. (2000) 67:767–72. doi: 10.1016/S0091-3057(00)00421-4

 46. Rhodes JS, Best K, Belknap JK, Finn DA, Crabbe JC. Evaluation of a simple model of ethanol drinking to intoxication in C57BL/6J mice. Physiol Behav. (2005) 84:53–63. doi: 10.1016/j.physbeh.2004.10.007

 47. Crabbe JC, Metten P, Rhodes JS, Yu C-H, Brown LL, Phillips TJ, et al. A line of mice selected for high blood ethanol concentrations shows drinking in the dark to intoxication. Biol Psychiatry. (2009) 65:662–70. doi: 10.1016/j.biopsych.2008.11.002

 48. Crabbe JC, Phillips TJ, Belknap JK. The complexity of alcohol drinking: studies in rodent genetic models. Behav Genet. (2010) 40:737–50. doi: 10.1007/s10519-010-9371-z

 49. Barkley-Levenson AM, Crabbe JC. Distinct ethanol drinking microstructures in two replicate lines of mice selected for drinking to intoxication. Genes Brain Behav. (2015) 14:398–410. doi: 10.1111/gbb.12225

 50. Crabbe JC, Merrill CM, Belknap JK. Effect of acute alcohol withdrawal on sensitivity to pro- and anticonvulsant treatments in WSP mice. Alcohol Clin Exp Res. (1993) 17:1233–9. doi: 10.1111/j.1530-0277.1993.tb05235.x

 51. Crabbe JC, Spence SE, Brown LL, Metten P. Alcohol preference drinking in a mouse line selectively bred for high drinking in the dark. Alcohol. (2011) 45:427–40. doi: 10.1016/j.alcohol.2010.12.001

 52. Iancu OD, Oberbeck D, Darakjian P, Metten P, McWeeney S, Crabbe JC, et al. Selection for drinking in the dark alters brain gene coexpression networks. Alcohol Clin Exp Res. (2013) 37:1295–303. doi: 10.1111/acer.12100

 53. Hitzemann R, Edmunds S, Wu W, Malmanger B, Walter N, Belknap J, et al. Detection of reciprocal quantitative trait loci for acute ethanol withdrawal and ethanol consumption in heterogeneous stock mice. Psychopharmacology. (2009) 203:713–22. doi: 10.1007/s00213-008-1418-y

 54. Malmanger B, Lawler M, Coulombe S, Murray R, Cooper S, Polyakov Y, et al. Further studies on using multiple-cross mapping (MCM) to map quantitative trait loci. Mamm Genome. (2006) 17:1193–204. doi: 10.1007/s00335-006-0070-2

 55. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinformatics. (2008) 9:559. doi: 10.1186/1471-2105-9-559

 56. Barkley-Levenson AM, Ryabinin AE, Crabbe JC. Neuropeptide Y response to alcohol is altered in nucleus accumbens of mice selectively bred for drinking to intoxication. Behav Brain Res. (2016) 302:160–70. doi: 10.1016/j.bbr.2016.01.015

 57. Thiele TE, Miura GI, Marsh DJ, Bernstein IL, Palmiter RD. Neurobiological responses to ethanol in mutant mice lacking neuropeptide Y or the Y5 receptor. Pharmacol Biochem Behav. (2000) 67:683–91. doi: 10.1016/S0091-3057(00)00413-5

 58. Hoffman PL, Saba LM, Flink S, Grahame NJ, Kechris K, Tabakoff B. Genetics of gene expression characterizes response to selective breeding for alcohol preference. Genes Brain Behav. (2014) 13:743–57. doi: 10.1111/gbb.12175

 59. Oberlin B, Best C, Matson L, Henderson A, Grahame N. Derivation and characterization of replicate high- and low-alcohol preferring lines of mice and a high-drinking crossed HAP line. Behav Genet. (2011) 41:288–302. doi: 10.1007/s10519-010-9394-5

 60. Iancu OD, Colville AM, Wilmot B, Searles R, Darakjian P, Zheng C, et al. Gender-specific effects of selection for drinking in the dark on the network roles of coding and noncoding RNAs. Alcohol Clin Exp Res. (2018) 42:1454–65 doi: 10.1111/acer.13777

 61. Colville AM, Iancu OD, Oberbeck DL, Darakjian P, Zheng CL, Walter NA, et al. Effects of selection for ethanol preference on gene expression in the nucleus accumbens of HS-CC mice. Genes Brain Behav. (2017) 16:462–71. doi: 10.1111/gbb.12367

 62. Ando T, Kato R, Honda H. Differential variability and correlation of gene expression identifies key genes involved in neuronal differentiation. BMC Syst Biol. (2015) 9:82. doi: 10.1186/s12918-015-0231-6

 63. Mar JC, Matigian NA, Mackay-Sim A, Mellick GD, Sue CM, Silburn PA, et al. Variance of gene expression identifies altered network constraints in neurological disease. PLoS Genet. (2011) 7:e1002207. doi: 10.1371/journal.pgen.1002207

 64. Hitzemann R, Bergeson SE, Berman AE, Bubier JA, Chesler EJ, Finn DA, et al. Sex differences in the brain transcriptome related to alcohol effects and alcohol use disorder. Biol Psychiatry. (2021). doi: 10.1016/j.biopsych.2021.04.016. [Epub ahead of print].

 65. Mayfield J, Harris RA. The neuroimmune basis of excessive alcohol consumption. Neuropsychopharmacology. (2017) 42:376. doi: 10.1038/npp.2016.177

 66. Lubbers BR, Smit AB, Spijker S, van den Oever MC. Neural ECM in addiction, schizophrenia, and mood disorder. Prog Brain Res. (2014) 214:263–84. doi: 10.1016/B978-0-444-63486-3.00012-8

 67. Lasek AW. Effects of ethanol on brain extracellular matrix: implications for alcohol use disorder. Alcohol Clin Exp Res. (2016) 40:2030–42. doi: 10.1111/acer.13200

 68. Hitzemann R, Phillips TJ, Lockwood DR, Darakjian P, Searles RP. Phenotypic and gene expression features associated with variation in chronic ethanol consumption in heterogeneous stock collaborative cross mice. Genomics. (2020) 112:4516–24. doi: 10.1016/j.ygeno.2020.08.004

 69. Pawlak R, Melchor JP, Matys T, Skrzypiec AE, Strickland S. Ethanol-withdrawal seizures are controlled by tissue plasminogen activator via modulation of NR2B-containing NMDA receptors. Proc Natl Acad Sci USA. (2005) 102:443–8. doi: 10.1073/pnas.0406454102

 70. Bahi A, Dreyer J-L. Involvement of tissue plasminogen activator “tPA” in ethanol-induced locomotor sensitization and conditioned-place preference. Behav Brain Res. (2012) 226:250–258. doi: 10.1016/j.bbr.2011.09.024

 71. Wright JW, Masino AJ, Reichert JR, Turner GD, Meighan SE, Meighan PC, et al. Ethanol-induced impairment of spatial memory and brain matrix metalloproteinases. Brain Res. (2003) 963:252–61. doi: 10.1016/S0006-8993(02)04036-2

 72. Coleman LG, Liu W, Oguz I, Styner M, Crews FT. Adolescent binge ethanol treatment alters adult brain regional volumes, cortical extracellular matrix protein and behavioral flexibility. Pharmacol Biochem Behav. (2014) 116:142–51. doi: 10.1016/j.pbb.2013.11.021

 73. Risher M-L, Sexton HG, Risher WC, Wilson WA, Fleming RL, Madison RD, et al. Adolescent intermittent alcohol exposure: dysregulation of thrombospondins and synapse formation are associated with decreased neuronal density in the adult hippocampus. Alcohol Clin Exp Res. (2015) 39:2403–13. doi: 10.1111/acer.12913

 74. Samochowiec A, Grzywacz A, Kaczmarek L, Bienkowski P, Samochowiec J, Mierzejewski P, et al. Functional polymorphism of matrix metalloproteinase-9 (MMP-9) gene in alcohol dependence: family and case control study. Brain Res. (2010) 1327:103–6. doi: 10.1016/j.brainres.2010.02.072

 75. Zuo L, Zhang F, Zhang H, Zhang X-Y, Wang F, Li C-SR, et al. Genome-wide search for replicable risk gene regions in alcohol and nicotine co-dependence. Am J Med Genet B Neuropsychiatr Genet. (2012) 159B:437–44. doi: 10.1002/ajmg.b.32047

 76. Adkins AE, Hack LM, Bigdeli TB, Williamson VS, McMichael GO, Mamdani M, et al. Genomewide association study of alcohol dependence identifies risk loci altering ethanol-response behaviors in model organisms. Alcohol Clin Exp Res. (2017) 41:911–28. doi: 10.1111/acer.13362

 77. Mulligan MK, Rhodes JS, Crabbe JC, Mayfield RD, Harris RA, Ponomarev I. Molecular profiles of drinking alcohol to intoxication in C57BL/6J mice. Alcohol Clin Exp Res. (2011) 35:659–70. doi: 10.1111/j.1530-0277.2010.01384.x

 78. Hitzemann R, Oberbeck D, Iancu O, Darakjian P, McWeeney S, Spence S, et al. Alignment of the transcriptome with individual variation in animals selectively bred for High Drinking-In-the-Dark (HDID). Alcohol. (2017) 60:115–20. doi: 10.1016/j.alcohol.2017.02.176

 79. Belknap JK, Atkins AL. The replicability of QTLs for murine alcohol preference drinking behavior across eight independent studies. Mamm Genome. (2001) 12:893–9. doi: 10.1007/s00335-001-2074-2

 80. Metten P, Iancu OD, Spence SE, Walter NAR, Oberbeck D, Harrington CA, et al. Dual-trait selection for ethanol consumption and withdrawal: genetic and transcriptional network effects. Alcohol Clin Exp Res. (2014) 38:2915–24. doi: 10.1111/acer.12574

 81. Kozell LB, Lockwood D, Darakjian P, Edmunds S, Shepherdson K, Buck KJ, et al. RNA-Seq analysis of genetic and transcriptome network effects of dual-trait selection for ethanol preference and withdrawal using SOT and NOT genetic models. Alcohol Clin Exp Res. (2020) 44:820–30. doi: 10.1111/acer.14312

 82. Colville AM, Iancu OD, Lockwood DR, Darakjian P, McWeeney SK, Searles R, et al. Regional differences and similarities in the brain transcriptome for mice selected for ethanol preference from HS-CC founders. Front Genet. (2018) 9:300. doi: 10.3389/fgene.2018.00300

 83. Contet C. Gene expression under the influence: transcriptional profiling of ethanol in the brain. Curr Psychopharmacol. (2012) 1:301–14. doi: 10.2174/2211556011201040301

 84. Warde-Farley D, Donaldson SL, Comes O, Zuberi K, Badrawi R, Chao P, et al. The GeneMANIA prediction server: biological network integration for gene prioritization and predicting gene function. Nucleic Acids Res. (2010) 38:W214–220. doi: 10.1093/nar/gkq537

 85. Bell RL, Hauser SR, McClintick J, Rahman S, Edenberg HJ, Szumlinski KK, et al. Ethanol-Associated Changes in Glutamate Reward Neurocircuitry: A Minireview of Clinical and Preclinical Genetic Findings. Prog Mol Biol Transl Sci. (2016) 137:41–85. doi: 10.1016/bs.pmbts.2015.10.018

 86. Petrakis IL, Limoncelli D, Gueorguieva R, Jatlow P, Boutros NN, Trevisan L, et al. Altered NMDA glutamate receptor antagonist response in individuals with a family vulnerability to alcoholism. Am J Psychiatry. (2004) 161:1776–82. doi: 10.1176/ajp.161.10.1776

 87. Joslyn G, Ravindranathan A, Brush G, Schuckit M, White RL. Human variation in alcohol response is influenced by variation in neuronal signaling genes. Alcohol Clin Exp Res. (2010) 34:800–12. doi: 10.1111/j.1530-0277.2010.01152.x

 88. Gill TM, Castaneda PJ, Janak PH. Dissociable roles of the medial prefrontal cortex and nucleus accumbens core in goal-directed actions for differential reward magnitude. Cereb Cortex. (2010) 20:2884–99. doi: 10.1093/cercor/bhq036

 89. Hosseini SMH, Hoeft F, Kesler SR. GAT: a graph-theoretical analysis toolbox for analyzing between-group differences in large-scale structural and functional brain networks. PLoS ONE. (2012) 7:e40709. doi: 10.1371/journal.pone.0040709

 90. Sari Y, Toalston JE, Rao PSS, Bell RL. Effects of ceftriaxone on ethanol, nicotine or sucrose intake by alcohol-preferring (P) rats and its association with GLT-1 expression. Neuroscience. (2016) 326:117–25. doi: 10.1016/j.neuroscience.2016.04.004

 91. Kuleshov MV, Jones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z, et al. Enrichr: a comprehensive gene set enrichment analysis web server 2016 update. Nucleic Acids Res. (2016) 44:W90–97. doi: 10.1093/nar/gkw377

 92. Chen EY, Tan CM, Kou Y, Duan Q, Wang Z, Meirelles GV, et al. Enrichr: interactive and collaborative HTML5 gene list enrichment analysis tool. BMC Bioinformatics. (2013) 14:128. doi: 10.1186/1471-2105-14-128

 93. Johansson PA, Irmler M, Acampora D, Beckers J, Simeone A, Götz M. The transcription factor Otx2 regulates choroid plexus development and function. Development. (2013) 140:1055–66. doi: 10.1242/dev.090860

 94. Tripathi PP, Di Giovannantonio LG, Sanguinetti E, Acampora D, Allegra M, Caleo M, et al. Increased dopaminergic innervation in the brain of conditional mutant mice overexpressing Otx2: effects on locomotor behavior and seizure susceptibility. Neuroscience. (2014) 261:173–83. doi: 10.1016/j.neuroscience.2013.12.045

 95. Sherf O, Nashelsky Zolotov L, Liser K, Tilleman H, Jovanovic VM, Zega K, et al. Otx2 Requires Lmx1b to control the development of mesodiencephalic dopaminergic neurons. PLoS ONE. (2015) 10:e0139697. doi: 10.1371/journal.pone.0139697

 96. Planques A, Oliveira Moreira V, Dubreuil C, Prochiantz A, Di Nardo AA. OTX2 signals from the choroid plexus to regulate adult neurogenesis. eNeuro. (2019) 6:1–11. doi: 10.1101/243659

 97. Spatazza J, Lee HHC, Di Nardo AA, Tibaldi L, Joliot A, et al. Choroid-plexus-derived Otx2 homeoprotein constrains adult cortical plasticity. Cell Rep. (2013) 3:1815–23. doi: 10.1016/j.celrep.2013.05.014

 98. Coles C, Lasek AW. Binge-like ethanol drinking increases Otx2, Wnt1, and Mdk gene expression in the ventral tegmental area of adult mice. Neurosci Insights. (2021) 16:26331055211009850. doi: 10.1177/26331055211009850

 99. Gora-Maslak G, McClearn GE, Crabbe JC, Phillips TJ, Belknap JK, et al. Use of recombinant inbred strains to identify quantitative trait loci in psychopharmacology. Psychopharmacology. (1991) 104:413–24. doi: 10.1007/BF02245643

 100. Darvasi A, Soller M. A simple method to calculate resolving power and confidence interval of QTL map location. Behav Genet. (1997) 27:125–32. doi: 10.1023/A:1025685324830

 101. Broman KW, Wu H, Sen S, Churchill GA. R/qtl: QTL mapping in experimental crosses. Bioinformatics. (2003) 19:889–90. doi: 10.1093/bioinformatics/btg112

 102. Iancu OD, Oberbeck D, Darakjian P, Kawane S, Erk J, McWeeney S, et al. Differential network analysis reveals genetic effects on catalepsy modules. PLoS ONE. (2013) 8:e58951. doi: 10.1371/journal.pone.0058951

 103. Omran AJA, Saternos HC, Althobaiti YS, Wisner A, Sari Y, Nauli SM, et al. Alcohol consumption impairs the ependymal cilia motility in the brain ventricles. Sci Rep. (2017) 7:13652. doi: 10.1038/s41598-017-13947-3

 104. Plotnikova OV, Pugacheva EN, Golemis EA. Primary cilia and the cell cycle. Methods Cell Biol. (2009) 94:137–160. doi: 10.1016/S0091-679X(08)94007-3

 105. Nigg EA, Stearns T. The centrosome cycle: Centriole biogenesis, duplication and inherent asymmetries. Nat Cell Biol. (2011) 13:1154–1160. doi: 10.1038/ncb2345

 106. Singla V, Reiter JF. The primary cilium as the cell's antenna: signaling at a sensory organelle. Science. (2006) 313:629–633. doi: 10.1126/science.1124534

 107. de Bruin NMWJ, McCreary AC, van Loevezijn A, de Vries TJ, Venhorst J, van Drimmelen M, et al. A novel highly selective 5-HT6 receptor antagonist attenuates ethanol and nicotine seeking but does not affect inhibitory response control in Wistar rats. Behav Brain Res. (2013) 236:157–65. doi: 10.1016/j.bbr.2012.08.048

 108. Bonasera SJ, Chu H-M, Brennan TJ, Tecott LH. A null mutation of the serotonin 6 receptor alters acute responses to ethanol. Neuropsychopharmacology. (2006) 31:1801–13. doi: 10.1038/sj.npp.1301030

 109. van Gaalen MM, Schetters D, Schoffelmeer ANM, De Vries TJ. 5-HT6 antagonism attenuates cue-induced relapse to cocaine seeking without affecting cocaine reinforcement. Int J Neuropsychopharmacol. (2010) 13:961–5. doi: 10.1017/S1461145710000428

 110. Marley A, Choy RW-Y, von Zastrow M. GPR88 reveals a discrete function of primary cilia as selective insulators of GPCR cross-talk. PLoS ONE. (2013) 8:e70857. doi: 10.1371/journal.pone.0070857

 111. Sterpka A, Chen X. Neuronal and astrocytic primary cilia in the mature brain. Pharmacol Res. (2018) 137:114–21. doi: 10.1016/j.phrs.2018.10.002

 112. Molofsky AV, Krencik R, Krenick R, Ullian EM, Ullian E, Tsai H, et al. Astrocytes and disease: a neurodevelopmental perspective. Genes Dev. (2012) 26:891–907. doi: 10.1101/gad.188326.112

 113. Sofroniew MV, Vinters HV. Astrocytes: biology and pathology. Acta Neuropathol. (2010) 119:7–35. doi: 10.1007/s00401-009-0619-8

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Hitzemann, Lockwood, Ozburn and Phillips. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fpsyt-12-725819-g005.gif
Enriched Proteins
Adey3

Sstdr

H6r

Mehir

Viple
Npy2r
Npysr





OPS/images/fpsyt-12-725819-g003.gif





OPS/images/fpsyt-12-725819-g004.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		On the Use of Heterogeneous Stock Mice to Map Transcriptomes Associated With Excessive Ethanol Consumption



		Introduction to HS Mice



		Transcriptomics in HS Populations



		HS4 Mice and Multiple-Cross Mapping



		High Drinking in the Dark (HDID) Selected Lines



		HDID Selected Lines and Gene Expression



		HS-CC and Ethanol Preference



		Discussion



		Author Contributions



		Funding



		Acknowledgments



		References

















OPS/images/cover.jpg
’ frontiers
in Psychiatry

On the Use of Heterogeneous Stock
Mice to Map Transcriptomes
Associated With Excessive Ethanol
Consumption





OPS/images/fpsyt-12-725819-g001.gif
Scaling Dimension 2

El

14

26

ar

MDS plot,
genetic distances

HDID-2 . ufs;
csreues
Bawey P
Inbred g
Strains AU -+ POA L

cames” gy |

10 2 “ 2

Scaling Dimension 1






OPS/images/fpsyt-12-725819-g002.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Psychiatry





