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ABSTRACT
Alcohol use disorder and alcohol related phenotypes are genetically influenced, complex
traits. Complex traits have proved challenging for connecting genotype to phenotype because
they arise from a number of genetic factors capable of interacting with each other and the
environment. As a result, susceptibility to alcohol-related traits and diseases likely involves a
network of genes across several biological systems. Moreover, individual susceptibility to
complex traits is mainly due to variation in gene regulation rather than protein-coding sequence.
Our current research sought to improve our understanding of the genetic architecture of alcohol
related traits by developing and applying computational approaches that consider networks of
genes and gene isoforms on studies involving these traits using animal models. Specifically, we
first demonstrated an unsupervised, statistically based method for identifying networks of genes
associated with a complex trait and applied this method to two alcohol metabolism phenotypes:
alcohol clearance and circulating acetate levels. This systems biology approach – which
integrated genotype, expression, and phenotype data – identified a candidate gene network that
included the alcohol dehydrogenase genes, which have a well-documented history of influencing
alcohol metabolism phenotypes, thereby supporting our methodology. We were also able to
hypothesize how these alcohol dehydrogenase genes function with other genes in the network in
the absence of alcohol. We next developed a machine learning algorithm to identify
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polyadenylation sites of transcripts in the expressed transcriptome to characterize this gene
regulation phenomenon. This algorithm, aptardi (alternative polyadenylation transcriptome
analysis from RNA-Seq data and DNA sequence information), leverages both DNA sequence
and RNA sequencing, and we demonstrate improvements in identification over single omics
methods. Using this algorithm, we examined how alternative polyadenylation impacts
predisposition to voluntary alcohol consumption, again by applying a systems biology approach.
Here we were able to recapitulate genes we previously determined to be associated with this
phenotype; however, by including polyadenylation structures, we were able to identify the
specific gene isoforms associated with the trait. These studies provided additional insight into the
genetic etiology of alcohol related traits, and application of these methods to future studies could
likewise improve our knowledge.
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CHAPTER I
REVIEW OF THE LITERATURE AND STATEMENT OF PURPOSE
This chapter will provide the reader the background information for the subsequent
research chapters (Chapter II-IV). Briefly, this introduction will describe, in order, alcohol use
disorder (AUD), the genetics of alcohol related phenotypes, animal models for studying these
phenotypes, systems genetics approaches for interrogating the genetics of these phenotypes, the
potential genetic role alternative polyadenylation (APA) on these phenotypes, and finally
machine learning techniques to improve identification of APA transcripts in the expressed
transcriptome.
Alcohol use disorder
In the Americas, over half of the adult population consumes alcohol [1]. In 2016, the
harmful use of alcohol resulted in some three million deaths worldwide, and mortality resulting
from alcohol consumption is greater than that caused by diseases such as tuberculous,
HIV/AIDS, and diabetes [1]. Alcohol also caused 7.2% of all premature deaths (persons aged 69
or younger) in 2016.
Excessive alcohol consumption can lead to AUD, which is defined as a problematic
pattern of alcohol use accompanied by clinically significant impairment of distress [3].
Specifically, the Diagnostic and Statistical Manual for Mental Disorders, 5th edition (DSM-5)
defines AUD as a pattern of alcohol consumption that leads to problems associated with two or
more of the 11 potential symptoms of AUD within a 12 month period [3] (see [3] for symptoms).
Approximately one third of American adults will meet the criteria for a diagnosis of AUD at
some point in their lives [4].
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The genetics of alcohol related phenotypes
Genetics of alcohol use disorder
The concept of AUD being at least partially under genetic control – resulting from the
observation that the trait is characteristic of families – dates back to the nineteenth century.[5]
Since 1960, scientifically designed studies utilized family [6], twin [7-13], and adoption [14-18]
methods to address the heritability of AUD. Quantitative [19] and qualitative [20-22] analysis of
these family, twin and adoption studies have since concluded that – despite major differences in
methods – the results consistently demonstrate that genetics contribute approximately 50% to the
development of AUD [19]. AUD is a complex disease where variations in large numbers of
genes influence its risk and individuals can vary greatly in clinical symptoms that define their
disease. Despite our longstanding knowledge of the underpinnings of AUD, much of the genetic
component of AUD remains unexplained: the so-called “missing heritability.”
Endophenotypes for studying alcohol use disorder
One of the difficulties in identifying the genes responsible for AUD is clinical
heterogeneity, which confounds results from genetic studies [23-27]. To overcome this,
endophenotypes can be used. Endophenotypes, such as alcohol metabolism phenotypes and
alcohol consumption, deconstruct current diagnostic categories for AUD into quantitative
underlying traits that are more amenable to genetic studies [28]. The genetic components
underlying endophenotypes are more easily identifiable since they will have a larger effect on the
endophenotype than on AUD as a whole where diverse clinical symptoms and, most likely,
biological processes constitute AUD.

2

Alcohol metabolism
Although several genes have been proposed to influence AUD, reproducibility has cast
doubt upon nearly all of these genes [29-31]. The exceptions to this reproducibility problem are
the alcohol metabolizing genes, namely alcohol dehydrogenase (ADH) and aldehyde
dehydrogenase (ALDH). They have survived from the candidate gene era to today’s era of
genome-wide association studies (GWAS) [32-41], leaving little doubt regarding their genetic
contribution to AUD.
The majority (95-98%) of imbibed alcohol (ethanol) is eliminated via metabolism to
carbon dioxide and water.[42, 43] Although multiple metabolic pathways exist [44], hepatic
oxidation in which alcohol dehydrogenase (ADH) converts ethanol to acetaldehyde, followed by
rapid conversion of acetaldehyde to acetate by aldehyde dehydrogenase (ALDH) is the major
metabolic pathway [43-46]. The genes linked to AUD encode the enzymes of this dominant
metabolic pathway, i.e., ADH and ALDH, and therefore only the genetics of this dominant
metabolic pathway will be discussed.
There are six ADH genes expressed in human that constitute the ADH enzyme family (a
seventh has yet to be found as a protein in vivo) [32, 47]. These enzymes, which function as
dimers [48-50], are further categorized into five distinct classes [44]. Of these, class I and class II
are significantly involved in liver metabolism of ethanol [49, 51] – with the lower Km (~0.05-5
mM in human) [52], three-enzyme class I family being primarily responsible for metabolism of
circulating levels of ethanol usually reached in ethanol imbibing human [50]. These proteins –
ADH1A, ADH1B, and ADH1C – have over 90% amino acid sequence homology among the
three[32] and, unlike the rest of the enzymes of the ADH family that only homodimerize, are
capable of forming heterodimers with one another [32, 46, 50, 51, 53]. Based on mRNA levels,
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ADH1B is the highest expressed subunit in human liver, with the other two being expressed
about one third its levels [32]. As alcohol concentrations rise, the higher Km (~34 mM in human)
[52] class II ADH4 enzyme starts to contribute significantly to ethanol metabolism [46, 50, 53,
54], albeit likely still to a lesser degree than the class I proteins (estimates of up to 1/3 that of the
class I enzymes have been reported) [32]. At 22 mM alcohol concentration (0.1%; 0.08% is
generally defined as legally intoxicated), the total ethanol oxidizing capacity in the liver is
approximately 70% class I ADH1 enzymes and 30% class II ADH4 enzyme in humans [55]. The
class II ADH4 enzyme RNA expression level is approximately two thirds that of ADH1B [32].
The ALDH superfamily consists of 19 known enzymes in human to date [56], but only
three – ALDH1A1, ALDH1B1, and ALDH2 – are relevant to the oxidation of acetaldehyde
produced from the metabolism of alcohol by ADH in the liver [57, 58]. Although its name
suggests otherwise, ALDH2 is also a member of the ALDH1 subfamily along with ALDH1A1
and ALDH1B1; its longstanding name is due to its association with alcohol metabolism that has
been grandfathered into the ALDH nomenclature [59]. This subfamily is characterized by their
ability to synthesize retinoic acid from retinaldehyde and plays an important role in regulating
retinoic acid signaling [59]. They all share at least 68% amino acid sequence identity and
function as homotetramers [53]; however, their cellular locations [53] and substrate specificities
[32] differ. ALDH1A1 is localized to the cytosol of the liver, whereas ALDH1B1 and ALDH2,
which are 75% identical [60], reside in liver mitochondria and convert acetaldehyde to acetate in
the mitochondrial matrix [53]. ALDH2 – among the top 100 genes expressed in liver – displays
considerably higher expression in the liver than ALDH1A1 and ALDH1B1 [32] and, with
respect to acetaldehyde, has the highest affinity, i.e. lowest K m (~0.2 mM in human) [61].
ALDH2 is responsible for the majority of acetaldehyde metabolism [61]. The cytosolic
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ALDH1A1 has a much lower affinity for acetaldehyde, evidenced by its K m value being 900-fold
greater in human than that of ALDH2 (~180 mM) [61], and is expressed at lower levels in the
liver compared to ALDH2 [32]. Therefore, its contribution to acetaldehyde metabolism is likely
only relevant when ALDH2 is inactive or saturated with substrate [32]. Similarly, while the ~55
mM (in human) Km value of ALDH1B1 [60] is lower than that of ALDH1A1, it exhibits the
lowest expression in liver of the three enzymes and likely has a smaller role in acetaldehyde
metabolism compared to ALDH2 [32]. Regardless, Singh et al. [62] demonstrated that Aldh1b1
knockout mice have significantly higher blood acetaldehyde levels after intraperitoneal injection
of alcohol, albeit at the relatively high dose of 5 g/kg, suggesting ALDH1B1 may contribute a
measurable amount to acetaldehyde removal by the liver under some drinking conditions.
Genetic studies on alcohol metabolism genes
The genes encoding the ADH family are arranged head-to-tail in a 370 kb region on
chromosome 4 in humans [53]. One of the first linkage studies for AUD from the Collaborative
Study on the Genetics of Alcoholism (COGA) reported a broad risk locus encompassing this
region.[63] A second sib-pair study in 1998 from a Southwest American Indian tribe provided
further evidence for association on chromosome 4 [64]. Since then, several other studies have
replicated the association between the region on chromosome 4 containing the genes encoding
the ADH enzymes and AUD (or an alcohol-related trait) [65-70]. Some of these studies also
identified a region on chromosome 12 where the ALDH2 gene resides [69, 70].
Informed by previous linkage studies identifying the broad region on chromosome 4
containing the ADH genes, several follow-up positional candidate gene association studies on the
ADH genes have been performed. Additionally, the genes encoding other products with obvious
involvement in the actions of alcohol have been tested in several functional candidate gene
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association studies. Of these, the strongest associations with AUD have been detected for
markers across the ADH gene cluster and at the ALDH2 gene [25, 33, 34, 45, 50, 51, 71, 72], and
this remained true even when single studies were combined in meta-analyses to increase
statistical power [73-75].
As with candidate gene studies, the most robust associations with AUD or alcohol-related
traits from GWAS comes from the alcohol metabolism genes. Park et al. [37] and Quillen et al.
[76] found significant associations with variations in ALDH2, and Frank et al. [41] and Gelernter
et al. [35] likewise found significant associations with the ADH genes.
Unlike ALDH2, the overall evidence for association of AUD with ALDH1A1 and
ALDH1B1 is weak. For instance, some low-frequency ALDH1A1 variants have been nominally
associated with alcohol-related traits [69, 77-79], but none have shown up in GWAS [32]. For
ALDH1B1, associations have been found in some statistically underpowered studies [80-82], but
these weak signals were not replicated in larger studies [83].
Influence of genetics on alcohol metabolism gene function
Multiple functional studies have explored how single nucleotide polymorphisms (SNPs)
in the ADH genes that alter the amino acid sequences of their protein products, i.e., coding SNPs,
related to their ability to oxidize ethanol. Most studies have focused on the class I ADH
enzymes, likely because they are primarily responsible for alcohol metabolism in the liver.
Similarly, the vast majority of researchers have been interested in protein variants that have clear
functional consequences. To that end, multiple alleles of the class I ADH genes have been well
studied with respect to their impact on alcohol metabolism: ADH1B*1 (the reference allele),
ADH1B*2, and ADH1B*3. The ADH1B*2 variant has an arginine to histidine substitution at the
48th position of the amino acid sequence, and the ADH1B*3 variant has an arginine to cysteine
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substitution at the 370th position [24]. Both substitutions are at an amino acid contacting the
coenzyme nicotinamide adenine dinucleotide (NAD+) that cause it to be released more rapidly
during ethanol oxidation compared to the reference protein, which results in a 70- to 80-fold
greater enzymatic turnover rate and increased rate of ethanol conversion to acetaldehyde [50].
Like ADH1B, ADH1C displays three alleles, of which the resulting protein of two have been
extensively studied [50]. ADH1C*1, the reference, possesses an arginine at position 272 and
isoleucine at position 350, while ADH1C*2 has a glutamine and a valine at these positions,
respectively [50]. ADH1C*1 is about 1.5‐ to 2‐fold more active than ADH1C*2 [84], again
leading to increased acetaldehyde accumulation. The third allele, ADH1C*Thr352, encodes a
protein with threonine at position 352 and is common in Native American populations [85].
The class II ADH gene has fewer identified coding SNPs compared to the class I ADH
genes [32]. Stromberg et al. found a SNP that gives an isoleucine to valine substitution at 308
resulting in a less stable protein product; however, its Km value for alcohol was increased only
slightly [86].
The reference ALDH2 enzyme possesses a glutamate at amino acid position 487 of the
mature protein and is encoded by the ALDH2*1 allele [32]. There is one significant genetic
polymorphism of ALDH2, the coding variant ALDH2*2, with a lysine at this position instead
[87]. Studies have demonstrated that even a single ALDH2*2 encoded subunit in the ALDH2
tetramer renders the enzyme virtually inactive [88, 89]. Consequently, heterozygous individuals
(that is, those with one ALDH2*1 and one ALDH2*2 allele) have little detectable activity for
converting acetaldehyde to acetate and homozygous individuals have no detectable activity [88].
Moreover, the mutant tetramer is more rapidly degraded [90].
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Many polymorphisms have been found for the ALDH1A1 gene [53]. Those associated
with alcohol-related traits lie in its promoter region [32], suggesting they may modulate
ALDH1A1 gene expression. In addition, functional polymorphisms of ALDH1B1 have been
described [91, 92] and at least one has shown associations with alcohol drinking habits and
sensitivity [80, 81].
Noncoding genetic variants in the alcohol metabolism genes and their association with alcohol
phenotypes
Many more noncoding, regulatory SNPs have been identified for the class I and class II
ADH genes. Molecular studies of some of these noncoding SNPs have demonstrated that they
affect expression of ADH1 [93, 94] and ADH4 [95], and may also affect the rate of ethanol
conversion to acetaldehyde. Moreover, while coding variants in the ADH gene region and their
kinetic properties have thus far been highlighted with respect to their impact on AUD, noncoding
SNPs have been associated with risk for AUD as well. This aligns with the notion that the
genetic architecture underlying complex diseases and traits is largely driven by gene regulation
processes.[96-99]. For example, noncoding variations in and around ADH4 are among the mostly
widely replicated associations with AUD in several populations [53]. These include EuropeanAmericans [100], Brazilians [45], and another sample of European and African Americans [55].
Changes in ADH4 gene expression may be responsible for the observed associations; noncoding
SNPs in the promoter region of ADH4 have been shown to alter its expression level [95, 101],
and some of its strongest associations reside in the region near its 3’ end [55]. Changes in the
length of the 3’ untranslated region (3’ UTR) can have a significant impact on gene expression
[102-104]. In addition, noncoding SNPs in the region of ADH1A, ADH1B, and ADH1C have
been linked to AUD and drinking phenotypes [53], and noncoding SNPs that affect their gene
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expression have been identified [94, 105, 106]. Many of these noncoding SNPs are in strong
linkage disequilibrium with the coding variants associated with AUD delineated above, making
it difficult to distinguish exact contributions [50]. Biochemical evidence suggests a role for at
least the ADH1B coding variant, but this allele may also act by altering expression of one of the
ADH genes [32], and still other coding variants found to be associated with AUD may in fact be
linked because of the noncoding SNPs inherited together that alter expression.
Alcohol consumption
Despite the clear genetic connection between the alcohol metabolizing genes and AUD,
much of the genetic influence on AUD remains undefined. To better understand the genetic
architecture of AUD, some researchers have turned to endophenotypes such as alcohol
consumption. While a diagnosis of AUD does not depend on the amount of alcohol consumed,
alcohol consumption is considered an etiologic essential for the development of AUD [107, 108]
and other alcohol-related problems (e.g., cirrhosis, pancreatitis, and upper gastrointestinal tract
cancers [23]). Moreover, alcohol consumption is detrimental independent of AUD; for instance,
alcohol use is the leading cause of preventable death in the United States [109], and many of the
negative consequences of alcohol listed at the beginning of this introduction are due to excessive
alcohol consumption and not AUD per se. Beyond its risk factor for disease and health impacts,
costs associated with losses in workplace productivity, health care expenditures and criminal
justice due to excessive alcohol consumption were $249 billion in 2010 [2]. Alcohol
consumption is a genetically influenced [110, 111] complex trait [112, 113] lacking complete
genetic characterization. Complex traits have proved to be a challenge for connecting genotype
to phenotype because they arise from a number of genetic factors capable of interacting with
each other and the environment [114]. Identifying the missing heritability of alcohol
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consumption and AUD may lead to new treatment and prevention strategies since numerous
studies have illustrated that the efficacy of alcohol pharmacotherapies depend on one’s genetic
makeup [115] and a substantial proportion of individual differences in disease susceptibility is
due to genetic factors [116]. Four medications have been approved by The US Food and Drug
Administration to treat AUD – disulfiram, oral naltrexone, extended release injectable
naltrexone, and acamprosate [117]. Disulfiram acts by inhibiting ALDH, which produces the
unpleasant effects of alcohol analogous to individuals with the ALDH2*2 polymorphism [118].
The naltrexone based therapies operate as opioid antagonists to reduce alcohol consumption
[119]. Acamprosate has inhibitory effects at the metabotropic glutamate receptor 5 [120] and can
reduce elevated glutamate levels in those with AUD, but its exact mechanism of action is not
understood [118]. However, these therapies are only effective for a small proportion of
individuals with AUD.
Animal models for studying endophenotypes
Besides clinical heterogeneity, other challenges involved in identifying the genes
contributing to AUD and its related endophenotypes include reduced penetrance, epistatic
effects, contributions from gene-environment interactions [23, 24, 27, 50, 55, 121, 122], and the
polygenic nature of AUD and alcohol consumption that necessitates larger sample sizes for
genome-wide association studies (GWAS) [29, 123]. To circumvent some of these challenges,
mice and rats have been used for decades to study many traits associated with AUD such as
alcohol preference, alcohol sensitivity, and withdrawal sensitivity [124, 125]. The use of model
organisms, such as inbred panels, has several advantages over human studies for analyzing the
genetics of complex traits. For instance, inbred panels represent a permeant resource for trait
mapping and analysis and provide a means to accumulate phenotype and genetic information
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over time [126]. This likewise makes it possible to analyze biological replicates and perform
validation studies. Additionally, genotyping of each strain is only required once [127], multiple
individuals from each strain can be phenotyped to reduce the impact of technical and
environmental factors on the phenotype(s) [128], and multiple phenotypes can be assessed on the
same genetic background. Environmental factors can also be controlled in organisms to eliminate
their impact or even systematically manipulated and/or statistically accounted for to examine
gene-environment interactions [28]. Additionally, reducing the contribution of environmental
variation to the total error variation can increase statistical power [28]. Inbred animals are also
homozygous at all SNPs, providing additional statistical power and simplifying interpretation.
Animal models also allow for utilizing both forward and reverse genetics approaches in complex
traits and, in general, provide greater control over experimental design.
The HXB/BXH recombinant inbred rat panel and its utility for genetic studies
One such inbred panel, the HXB/BXH recombinant inbred (RI) panel, has been used to
study several alcohol related phenotypes [129-133]. The HXB/BXH RI rat strains were derived
by gender-reciprocal crossing of a spontaneously hypertensive rat (SHR/Ola) with the congenic
Brown Norway strain with polydactyly-luxate syndrome (BN-Lx/Cub) [134]. Specifically, these
progenitor strains were mated to produce F2 hybrids, each of which F2 animal contains a
practically irreproducible unique combinations of genes due to both independent segregation of
maternal and paternal chromosomes and recombination between homologous chromosomes
during meiosis. Subsequent inbreeding of randomly chosen pairs of F2 animals and brother-sister
mating for at least 20 generations yield individual, isogenic strains [134]. Each strain carries
unique paternal-maternal gene combinations, akin to the F2 animal and, since gender-reciprocal
crossing was utilized – two different sets of strains (denoted as HXB or BXH) that differ in the
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source of mitochondrial DNA and the Y chromosome [134]. The HXB/BXH RI panel consists of
30 lines that have been inbred for >80 generations [135]. This panel has been used to investigate
a wide variety of complex traits [136] and many complex traits, such as the alcohol related
phenotypes studies here, have been found to vary across this panel and are thus amenable to
genetic studies [132, 137-142].
Comparison of human and rat alcohol metabolizing genes
Historically, the nomenclature used to describe alcohol metabolizing genes in different
organisms was disjointed. Since in this present work we utilized the HXB/BXH RI panel to study
alcohol metabolizing genes, we clarify the nomenclature used here and how they relate their
human counterparts. Namely, we use the recommended nomenclature that has recently been
proposed based primarily on amino acid sequence homology and secondarily upon catalytic
properties or expression patterns to orthologs [143]. Furthermore, the protein and gene names
that provide the same name for the same protein/gene in different species are used [144]. So, for
example, rat Adh1/Adh1 and Adh4/Adh4 are analogous to the human ADH1/ADH1 and
ADH4/ADH4 genes/enzymes. Rodents (i.e. rats) possess Adh genes for each of the human ADH
genes; however, unlike humans, rodents express a single class I Adh1 gene instead of three
isoforms [144]. Likewise, the Km value of rat Adh4 may be somewhat greater than its human
counterpart [145]. Also like humans, the rat Adh genes are located near one another and in the
same transcriptional order, albeit on chromosome 2 rather than chromosome 4 [146].
Systems genetics
Benefit of systems genetics
Many of the human genetics studies of AUD mentioned previously were genome-wide
association studies (GWAS). GWAS aim to associate genotypes of SNPs within a population to
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the phenotype in the given population and are commonly employed for studying complex traits
[147]. As a forward genetics approach, the methodology of GWAS is as follows: the complex
trait is first measured in a population and then the genetic components influencing differences in
the phenotype are assessed. In other words, the study begins with a particular biological
phenomenon and asks which genes are necessary to observe the phenomenon [148, 149]. The
major advantage here is its unbiased nature; no assumptions are made regarding the molecular
basis of the phenotype in question [150], which enables identification of previously unknown
genes associated with the trait. From a medical perspective, the ultimate goal of GWAS are to
identify casual variants of a phenotype and elucidate the functional effects and the biological
pathways they impact for drug design [151]. While many loci have been independently
identified, understanding the molecular mechanism(s) from GWAS alone is difficult. For
instance, associated SNPs are often part of a larger region of correlated variants, thereby making
it difficult to identify the causal variant. Additionally, many associated SNPs lie in intergenic
regions, suggesting the underlying biological mechanism is regulatory [151]. Finally, SNPs are
each assess independently although genes may interact with one another to produce a phenotype
or the perturbation of any one of a collection of genes that function in the same pathway may
produce similar phenotypes.
Systems genetics seeks to characterize the connection between genotype and phenotype
by integrating intermediate phenotypes [152]. For example, incorporating transcript expression
data allows for characterizing their contribution to complex disease and can contribute to a better
mechanistic understanding of trait variation [153]. Expression data can also be used to ascertain
networks of coexpressed genes. The concept of evaluating genes in the context of networks
aligns with the observation that biological functions arise from complex interactions; each gene
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is estimated to be involved with four to eight other genes [154] and involved in 10 biological
functions [155]. Therefore, determining networks of genes associated with a complex trait can
improve our understanding of the biological processes involved and aid in identifying potential
therapeutic targets [156]. Another important advantage of network methods is that they greatly
alleviates the burden of multiple testing by focusing on modules rather than individual transcripts
[157].
Overview of weighted gene coexpression network analysis
Weighted gene coexpression network analysis (WGCNA) [158] is a popular method for
generating networks of coexpressed genes/transcripts, i.e., modules. The overall result of
WGCNA is the grouping of genes into modules based on similarity of gene expression. This is
done in three broad steps: 1) determining the coexpression strength between all gene pairs, 2)
determining the proximity of genes, and 3) identifying mutually exclusive clusters of genes
based on the proximity measure. To accomplish the first step, an adjacency matrix is calculated
that indicates the network connection strength between all pairs of genes. The coexpression
similarity is an intermediate quantity for determining connection strengths that is typically
defined as the absolute value of a correlation coefficient, by default the Pearson product moment
correlation coefficient. A soft thresholding procedure using the coexpression similarity values is
then used to transform the coexpression matrix into an adjacency matrix to mimic a scale-free
network. While hard thresholding can be used, i.e., genes with a coexpression similarity above a
threshold are assigned one and those below a threshold are assigned zero, soft thresholding is a
biologically motivated method [159] that also limits information loss [160]. In soft thresholding,
coexpression similarity values are raised to a power, i.e., soft threshold, to mimic a scale-free
network. Scale-free topologies imply that few genes are highly interconnected “hub” genes, i.e.,
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these genes are coexpressed with many other genes, while many other genes have few
connections [161]. To ensure connections between genes are robust, the adjacency matrix is
transformed into a topological overlap matrix. While the adjacency matrix considers the
coexpression similarity between pairs of genes in isolation, the topological overlap matrix
considers pairs of genes in relation to other genes in the network [162]. Namely, genes have high
topological overlap if they are connected to roughly the same group of genes in the network, i.e.,
share connections with third party genes. Finally, this topological overlap measure is used as
input for hierarchical clustering to determine coexpressed modules. This method uses
unsupervised clustering, and modules are defined as branches of the resulting clustering tree
using a dynamic branch cutting approach.
Using WGCNA in combination with the multiple data sources available in systems
genetics studies, i.e., expression data and genotype data, can also be used to reduce the number
of false positive networks associated with a phenotype. For example, one approach to identify
candidate networks (modules) is to require the satiation of three conditions: 1) the module
eigengene had to be significantly correlated with the quantitative phenotype measured across
strains, 2) the module eigengene had to have a statistically significant quantitative trait loci
(QTL), and 3) the module eigengene QTL had to reside within the 95% Bayesian credible
interval of a significant or suggestive physiologic/behavioral QTL.
Beyond genes: alternative polyadenylation
Review of polyadenylation and alternative polyadenylation
Thus far, the systems genetics approaches used for identifying gene networks associated
with alcohol metabolism and alcohol consumption have only been explored at the gene level and
not thoroughly evaluated in the context of differences in transcript structures such as different 3’
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ends, i.e., APA. The mature 3’ ends of nearly all eukaryotic mRNAs, are created by a two-step
process: 1) endonucleolytic cleavage of the pre-mRNA and 2) synthesis of a polyadenylate tail
onto the upstream cleavage product [104]. In other words, polyadenylation (polyA) defines the
3’ ends of transcripts. The molecular machinery involved in polyA is extensive and is a
continuous area of research that is beyond the scope of this dissertation.
Individual susceptibility to complex diseases is mainly due to variation in gene regulation
rather than protein-coding sequence [96-99]. In recent years, it has become evident that
alternative polyadenylation (APA) is an extensively used post-transcriptional mechanism [104].
For instance, an estimated 70% or more of human genes encode multiple transcripts derived
from APA [163]. APA enables a single gene to encode multiple mRNA isoforms with alternate
3’ ends through usage of different polyA sites and can be thought of as a subtype of alternative
splicing. Changes in the length of the 3’ UTR can have a significant impact on gene regulation
via modified mRNA stability, localization, and protein translation efficiency [102, 164]. Yet the
importance of APA was only recently realized and, by extension, our biomedical knowledge of
APA as well [165-168]. Nonetheless, changes in expression of APA transcripts have already
been associated with disease [169], and is increasingly being recognized as a risk factor in
complex diseases [170].
The 3’ UTR of mRNAs contain many binding sites for regulatory RNA-binding proteins
(RBPs) and microRNAs (miRNAs) [164, 171, 172]. For example, perhaps the most studied
consequence of APA is its effects on miRNA binding; in mammals, more than half of conserved
miRNA target sites are located between APA sites [173, 174]. Interestingly, studies on alcohol
indicate that “master regulator” miRNAs control the development of tolerance towards alcohol
and influence other complex substance use disorders and that miRNAs may also mediate other
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alcohol pathologies [175, 176]. Due to the highly interactive processes impacted by differential
expression of APA transcripts, a systems genetics approach that enables network modeling [177]
may aid in our understanding of the genetic underpinnings of alcohol phenotypes related to APA.
Indeed, susceptibility to alcohol-related traits and diseases likely involves a network of genes
across several biological systems [115]. However, a systems genetics study with APA isoforms
necessitates their transcriptome-wide quantitation side-by-side with other RNA molecules.
Current methods for identifying polyadenylation
There are three broad sequencing technologies utilized to identify polyA sites: 1) polyA
signals within DNA sequence, 2) changes in read coverage from short-read RNA sequencing
(RNA-Seq), and 3) direct 3’ end RNA sequencing, but each possesses inherent limitations for
sample-specific identification of polyA sites.
DNA sequence-based methods
One category of algorithms have sought to capitalize on the wealth of research
connecting specific strings of DNA nucleotides, or DNA sequence elements, to polyA (see Tian
and Gaber [178] for a detailed review). Most of these methods, e.g. DeepPASTA [179], OmniPolyA [180], and Conv-Net [181], deploy machine learning approaches but conspicuously do not
consider in vivo expression. These methods identify polyA sites that have the potential to be
expressed using DNA sequence but, since they do not incorporate any expression data, cannot
distinguish whether the site is actually expressed in a sample. This is an important consideration
because polyA is a dynamic gene regulation mechanism. In other words, expression of potential
polyA sites and APA phenomena can differ based on a multitude of factors. This includes cell
growth, cell cycle, differentiation, and development [182]. Additionally, pathological situations
such as cancer, immune response, inflammation, and viral infection can modulate 3’ end
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processing [182]. Thus, in vivo expression of alternative polyadenylation isoforms varies based
on a myriad of factors such as tissue, physiological, and disease states [104, 183] and,
furthermore, displays tissue specificity [184, 185]. As a result, characterization of polyA sites in
the transcriptome should consider sample specific expression.
Short RNA sequencing based methods
Next generation RNA-Seq has become the standard technology to profile the expressed
transcriptome. The resulting short reads are used by transcriptome assemblers to produce a
genome-scale, sample-specific transcriptome map. Transcriptome assembly has proven a
powerful approach to assess the transcriptome, but accurate determination of polyA sites from
short read RNA-Seq alone is a known shortcoming [104, 186-189]. Unlike splice junctions
which can be precisely located via reads that span the junctions, polyA sites are characterized by
a gradual drop off in coverage [190]. For assemblers that harness prior annotation to guide the
reconstruction, often the annotated polyA site assumed by the assembler is not correct [191].
While many transcriptome assemblers have been developed – each with its own design – to our
knowledge none have demonstrated competence at annotating 3’ ends. Some assemblers, e.g.,
Cufflinks [171]/StringTie [191], construct a minimum path RNA-Seq cover to the position where
there is zero read coverage to annotate the 3’ end of a transcript [190, 192]; but, since reads can
be derived from precursor mRNA [193], this often results in an overestimation of polyA sites.
Others, e.g., Scripture [194], calculate scan statistics above genomic background to define
transcript structures, but this approach tends to produce biased estimates of polyA sites and in
general is not well-suited for defining 3’ ends [195]. Importantly, these strategies are only
capable of producing a single transcript stop site per intron chain structure, which tends to be the
distal polyA site, thereby missing imbedded proximal polyA sites, i.e., APA isoforms [190]. The
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challenge of accurately identifying polyA sites is apparent to both the developers and those
evaluating assemblers by way of allowing for error at 3’ end predictions when assessing
accuracy [191, 196].
Acknowledging the challenges of annotating polyA sites and design shortcomings of
transcriptome assemblers to do so, researchers have developed supplemental tools to characterize
APA dynamics from RNA-Seq. Chen et al. [197] provided a comprehensive critical review of
these methods which we will briefly highlight here. There are three main methods for
characterizing polyA sites and/or quantifying APA dynamics. Those that require a priori
annotated polyA sites, e.g., MISO [198], QAPA [199], and PARQ [200], cannot identify de novo
polyA sites. Others such as Kleat [201] and ContextMap 2 [202] utilize reads with strings of
adenosines not derived from a DNA template, i.e., polyA tails. However, studies have
demonstrated that polyA reads are scarce in RNA-Seq data [203, 204], resulting in low
sensitivity and missing weakly expressed polyA sites. Finally, those that consider fluctuations in
read coverage near the 3’ ends of transcripts, e.g., DaPars [205], APAtrap [206], and TAPAS
[207], are largely interested in single gene APA switching and/or quantifying differential APA
usage between two groups of samples rather than producing a complete transcriptome. Also – as
noted by Chen et al. [197] – these tools are not user-friendly; specific input formats are required
and outputs are not readily integrable into downstream studies.
Targeted methods
An alternative approach is to directly capture 3’ ends of mRNA with sequencing
technology e.g., PolyA-Seq [208], 3’ READS [209], PAS-Seq [168], etc. (see Shi [163], Elkon et
al. [210], and Ji et al. [211] for a complete review). These methods are accurate at characterizing
the genomic locations of polyA sites; however, whereas RNA-Seq data are widely available, 3’
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sequencing data represent only a small fraction of available sequencing data and is costly and
labor intensive to produce [190, 197]. In PolyA-Seq, library construction consists of the
following: 1) reverse-transcription primed with an oligonucleotide consisting of the following: a
universal sequence for downstream polymerase chain reaction (PCR), a string of 10 thymidines
followed by a base other than thymidine, then a random base (i.e., any of the four bases), 2)
second strand synthesis using random hexamers linked to a second PCR anchor, and 3) nested
PCR to add Illumina specific adaptors while preserving strand orientation. For sequencing a
primer ending in 10 thymidines is used, which results in a read whose sequence starts with
resulting the base immediately upstream the string of adenosines [208].
Machine learning
Overview of machine learning
Combining the information afforded by both RNA-Seq and DNA sequence in a multiomics approach may improve upon current methods for identifying polyA sites. To combine
these data and make predictions on the locations of expressed polyA sites, a machine learning
approach will be used. Machine learning can be defined as the practices and set of tools to give
the ability to computers to find patterns in data without being explicitly programmed [212]. In
other words, in machine learning the computer is not told what to look for; instead, data are
provided to machine learning algorithms that then find patterns and correlations in the data to
draw future conclusions and probabilities (i.e., predictions) when given new data. Machine
learning tends to focus on making predictions without necessarily understanding the underlying
mechanisms. This contrasts inferential statistical models, which typically focus on inference by
creating and fitting a project-specific probability model [213]. One tangible example is using
linear regression in (supervised) machine learning vs inferential statistics. In machine learning,
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best practice is to train the model on a subset of the data and then tested on a held out set of data.
The overall goal of this is to evaluate how the model will perform when making predictions (by
evaluating its performance on the test set). In other words, machine learning focuses on the
prediction accuracy. For the inferential statistical models, the line that minimizes the mean
squared error is determined. The point here is to characterize the relationship between each
predictor and the response in context of given dataset rather than use the resulting model for
predictions on future datasets. Regardless, the statistical model can still be used to make
predictions. Indeed, the demarcation between machine learning and inferential statistics is blurry,
leading some to use the term statistical learning.
Machine learning has been widely applied in genomics research, which consists of large
datasets that are particularly suitable for this type of analysis. For instance, genomic sequence
elements, i.e., DNA sequence, have become a popular choice for applying machine learning.
Beyond recognizing sequences in DNA, machine learning has been applied to other high
throughput sequencing assays including RNA-Seq data, DNase I hypersensitive site sequencing,
and micrococcal nuclease digestion followed by sequencing [214].
The process of machine learning is dynamic and can be divided into somewhat arbitrary
steps. For example, one may define the steps as data collection and preparation, choosing a
model, training the model, evaluating the model, and making predictions, while another
researcher may include formatting the data and feature engineering as additional steps. Of note,
these steps are typically done cyclically; for example, evaluation of the model may result in
choosing a new model for training.

21

Supervised and unsupervised machine learning
Machine learning can be divided into two major paradigms: supervised and unsupervised.
Supervised machine learning uses a training set that consists of data that have been labeled, i.e.
the model has example input:output pairs from which it can learn how to map the input to the
output. In contrast, unsupervised machine learning does not use labeled data, i.e., it does not
possess the output, or answers, to input data [215]. In a broad sense, the primary goal of
supervised machine learning is to produce a predictive model, whereas unsupervised machine
learning is used for finding patterns in data. Supervised machine learning can be used for both
regression and classification tasks, which refers to whether the labeled data are continuous
(regression) or categorical (classification). An example of a supervised machine learning model
for regression is to predict housing prices based on factors such as lot size, location, etc. using
known housing prices for training. A classification task may be to predict house color using the
same features and known house colors. Unsupervised machine learning is most often applied
when the goal is clustering or dimensionality reduction. An example of using unsupervised
machine learning for clustering is to segment customers based on their purchases; there is no
inherent clustering that customers belong to (i.e., output), but grouping similar customers may
aid in targeting marketing or experiences to groups of customers that share common purchases
and thus may likely enjoy similar marketing/experiences. Unsupervised machine learning for
dimensionality reduction is often used to select/extract features for supervised prior to
performing supervised machine learning. This is done to remove uninformative or correlated
features and also to limit overfitting. Using the housing example once again, there may be many
features available for predicting the house price, and unsupervised may be used to select features
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or extract features that are then used in supervised machine learning rather than the entire feature
set. The present work focuses on a supervised machine learning for classification.
Artificial neural networks
One class of machine learning models are artificial neural networks, or simply neural nets
(Figure 1.1). These networks, loosely based on the brain, consists of artificial neurons (i.e.,
nodes) which are densely connected. The strength of the connection between two nodes (i.e.,
their proximity) is assigned a quantitative weight. Commonly, neural nets are connected via an
input layer, one or more hidden layers, and an output layer. Input features are fed to the input
layer. Hidden layer(s) perform nonlinear transformations on the data received from the input
layer. Finally, the output layer produces predictions from the information received by the hidden
layer(s).

Figure 1.1. From [216]. The structure of a neural network. © 2018 IEEE.
Interconnected nodes receive inputs from their connections, and each input has an
associated weight. The weight is multiplied by the input for each connection, and this output for
each connection is summed to give a single number for each node. This sum is passed through a
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node’s activation function to determine whether and to what extent that signal should progress
further through the network to affect the ultimate outcome. During training, weights are
randomly assigned a value. Training data are passed through the nodes and nonlinearly
transformed through this activation process until reaching the output layer. The weights are then
continually adjusted so that the output matches the labels, which is essentially the learning
process.
There are three common types of supervised learning neural nets: feed forward nets,
convolutional neural nets, and recurrent neural nets. Feedforward nets are often simply referred
to as artificial neural nets and represent the core architecture of artificial neural nets. These
networks only process information from input to output. Neurons in a layer do not connect to
each other, and each neuron in one layer connects to all neurons in the next layer. These types of
networks are appropriate for mapping input to output akin to other machine learning methods but
benefit from the artificial neural network architecture in that they are able to abstract complex
patterns through use of nonlinear transformations and additional numbers/layers of nodes.
Nodes in convolutional neural nets, on the other hand, are only connected to a subset of
nodes in the previous layer [217], i.e., local connections. In other words, nodes in one layer only
get information from the nodes sharing that region in the previous layer. This greatly reduces the
number of parameters and thus the complexity of training. Additionally, the local connection
weights are fixed for the entire nodes in the next layer [217], which provides the opportunity for
convolutional neural net to detect and recognize input regardless of its spatial position in the
data. These characteristics make convolutional neural nets ideal for image analysis.
Recurrent neural nets are an extension of feedforward neural nets that introduce the
notion of time by the inclusion of edges that span adjacent time steps or sequence. (Figure 1.2A).
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These edges, termed recurrent edges, form cycles, which include those of length one that
represent a node connected to itself across time [218]. At a given time, nodes with recurrent
edges receive information from the current data point and also from hidden node values from the
previous state. In other words, the input of previous time steps can influence the output at the
current time step. The time step relationship can be visualized by unfolding the network as
depicted in Figure 1.2B. Instead of interpreting the recurrent edges as cyclic, this allows for
visualization of the recurrent neural net as a deep network with one layer per time step and
shared weights across time steps [218]. These networks are often employed on sequential data.
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A

B

Figure 1.2. From [218]. (A) A simple recurrent network. At each time step t, activation is
passed along solid edges as in a feedforward network. Dashed edges connect a source node at
each time t to a target node at each following time t + 1. (B) The recurrent network unfolded
across time points.
Bidirectional long short-term memory networks
Early recurrent neural nets, while effective at learning short term time dependencies,
were ineffective at learning long term temporal dependencies due to the vanishing/exploding
gradient problem [219]. During learning, backpropagation of the loss into the neural net is
required so that nodes can adjust their weights to match the output during training.
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Backpropagation is an efficient, dynamic programming method that uses the chain rule to work
backward from the last layer (or timestep) to the first layer (or timestep) to calculate the error
gradients with respect to each weight, i.e., partial derivatives. However, as this gradient is
backpropagated through time using the chain rule, its magnitude is multiplied over and over
again; as a result, there is exponential convergence to zero for small values (i.e., vanishing
gradient) or accumulation of extremely large error gradients (i.e., exploding gradient). In either
case, long term weights are not adjusted properly, and thus long-term dependencies are not
accurately captured. To rectify this issue, the long short-term memory network (LSTM), a
subclass of recurrent neural nets, was developed [220]. In this architecture, memory cells are
introduced that replace the hidden nodes in traditional recurrent neural networks (see Appendix
D for additional details). This type of architecture is useful for sequential data with a predefined
endpoint, i.e., it accounts for both past and future sequence elements. An extension of LSTM, the
bidirectional long short-term memory network (biLSTM) [221], has two layers of hidden nodes.
The two layers are both connected to the input and output. These layers differ in that one has
recurrent edges from past time steps, while the other has recurrent edges from future time steps.
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Figure 1.3. From [218]. A bidirectional long short-term memory network unfolded in time.
Training machine learning models
Two main aspects of the machine learning model that need to be defined for training are
the loss function and optimization. The loss function defines what the model attempts to
minimize during learning. For instance, a common choice for supervised machine learning when
the outcome is continuous is the mean square error. This is calculated by taking the average of
the square of the difference between the original and predicted value of the data. Similar to
regression, model parameters are adjusted to minimize the mean squared error. In the case of
binary classification, one method is binary cross entropy, or log loss (Eq. 1.1)
𝑁

1
𝐿𝑜𝑔 𝑙𝑜𝑠𝑠 = − ∑ 𝑦𝑖 ∗ log 𝑦̂𝑖 + (1 − 𝑦𝑖 ) ∗ log(1 − 𝑦̂𝑖 )
𝑁

(1.1)

𝑖=1

where 𝑁 = 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒, 𝑦𝑖 = 𝑎𝑐𝑢𝑡𝑎𝑙 𝑜𝑢𝑡𝑝𝑢𝑡 𝑎𝑡 𝑖, 𝑦̂𝑖 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑎𝑡 𝑖, Overall,
binary cross entropy is the negative average of the log of corrected predicted probabilities.
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Optimization defines how the model minimizes the loss function. A popular choice, especially
for neural nets, is stochastic gradient descent (see Appendix D for more details).
Another important concept during training is the bias-variance tradeoff, which analyzes
the expected generalizability of a machine learning model. Bias and variance are two
contributing factors to the overall error. In particular, bias is the error of the target function (i.e.,
model parameters) from the real values, whereas variance is a measure of the deviation of the
target function when using different training samples. In supervised machine learning, high bias
is analogous to underfitting, meaning the model is unable to capture the underlying pattern of the
data. In contrast, high variance equates to overfitting and indicates the model is capturing noise
along with the underlying pattern of data. See Appendix D for additional discussion on
underfitting and overfitting.
A common technique employed during the learning process is partitioning the data into
train-validate-test splits. The test set is used to get an unbiased measure of model performance
(i.e., its generalizability) using defined performance metrics, which will be discussed in the next
section. Likewise, the validation set is used to evaluate model performance, but with the intent of
tuning hyperparameters during the training process. Hyperparameters are parameters whose
values are set by the user prior to the learning process, e.g., the number of nodes in an artificial
neural net, the number of layers, the magnitude of the regularization parameter, the loss function,
the optimization method. By training a machine learning model using different hyperparameters
and then evaluating how these influence the performance on the validation set, one can get an
unbiased measure of the best set of hyperparameters amongst those explored. However,
partitioning a portion of the data solely for validation reduces the amount of data that can be used
for training. Furthermore, only a single estimate of performance per set of hyperparameters can
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be calculated. In response to this, many researchers split the data into only a training and testing
split and perform cross validation using the training set. For example, in K-fold cross validation,
the training set is split into k subsets, and the training-validation procedure is repeated k times.
For each fold, a random k subset is used for validation, while the remaining k-1 subsets are used
for training. Often times leave one out cross validation is employed, which is the logical extreme
of K-fold cross validation in which a single data point is held out for validation and the number
of training-validation procedures equals the number of data points. These cross-validation
methods still enable optimization of hyperparameters while also allowing for average
performances to be calculated for a given set of hyperparameters and more data to be used during
training.
Performance metrics
Since supervised machine learning relies on labeled data, i.e., data where the outcome is
known, performance can be directly assessed by comparing the predicted to expected output (i.e.,
label). Performance metrics are used during training to optimize the model and also to evaluate
the generalizability of the model on unseen data. Many performance metrics are available, and
the choice can depend on the task, the data, and the intended use. Here we will focus on
performance metrics for binary classification with a particular emphasis on unbalanced data.
There are four possible outcomes when comparing predictions to actual values in binary
classification, which can be summarized using a confusion matrix (Figure 1.3). Namely, a
prediction of yes on an actual value of yes is termed a true positive (TP), a prediction of no on an
actual value of yes is a false negative (FN), a prediction of yes on an actual value of no is a false
positive (FP), and a prediction of no on an actual value of no is a true negative (TN).
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Figure 1.3. A confusion matrix representing the four possible outcomes when mapping
predictions to output in binary classification.
The number of TP, FP, TN, and FN depend on the specified probability threshold that
dictates whether the output probability (i.e., prediction) is classified as yes or no. In the simplest
case, the accuracy can be calculated at a given probability threshold by summing TP and TN and
dividing this by the total number of predictions. However, accuracy can be a poor measure of
model performance. For example, imagine a dataset with 100 data instances where the number of
yes values is 2 and the number of no values is 98. A null machine learning model that simply
predicts no in all cases would have 98% accuracy but would not be able to identify any yes
values, which may be of interest.
Inevitably, improvement of one parameter in the confusion matrix often comes at the cost
of another. For instance, increasing the number of true positives can be achieved by decreasing
the probability threshold for labeling a prediction yes; however, this will likely also increase the
number of yes predictions that are actually no, i.e., the false positive rate. To visualize these
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tradeoffs, several metrics can be derived from TP, FP, TN, and FN and plotted against one
another as a function of probability thresholds including sensitivity/recall, specificity, and
precision. Sensitivity (also referred to as recall and true positive rate) measures the total number
of yes values are captured by the model (Eq. 1.2). In other words, a sensitivity of one indicates
all yes values were identified by the model. Specificity (also referred to as true negative rate)
does the same but for the no values (Eq. 1.3).
𝑅𝑒𝑐𝑎𝑙𝑙/𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(1.2)

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

(1.3)

In a receiver operating characteristic (ROC) curve, the false positive rate, or one minus the
specificity (Eq. 1.4) is plotted against the sensitivity as a function of the probability threshold.
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 = 1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝐹𝑃
𝐹𝑃 + 𝑇𝑁

(1.4)

The area under the curve is used to generate a single number to evaluate the model. However, the
ROC curve is uninformative in the case imbalanced classes, i.e., many more no values than yes
values. In this case, the false positive rate tends to stay at comparable, small values because the
number of TN dominates its value. Instead, the precision-recall curve is often used when dealing
with class imbalance. Here precision (Eq. 1.5) is plotted against recall (i.e., sensitivity) as a
function of the probability threshold.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(1.5)

Precision indicates out of all ‘yes’ predictions, how many are actually yes. Unlike the ROC
curve, which incorporates the number of negatives via TN in the false positive rate equation, the
precision-recall curve is concerned only with the yes class. Like the ROC curve, the area under
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the precision-recall curve, or average precision, can be used to summarize performance in a
single number.
While the precision-curve indicates model performance over a range of probability
thresholds and is useful for the imbalanced case, one may be interested in its performance on
imbalanced data at a single threshold. For this, the F measure can be used (Eq. 1.6).
𝐹𝛽 = (1 + 𝛽2 ) ∗

(𝛽2

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) + 𝑅𝑒𝑐𝑎𝑙𝑙

(1.6)

The  term allows for weighting precision and recall differently; for example, setting it equal to
two weights recall twice as importantly as precision. In the case of weighting the precision and
recall equally, referred to the harmonic mean between precision and recall, the  term is set to
one and Eq. 1.5 reduces to Eq. 1.7.
𝐹1 = 2 ∗

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(1.7)

As we showed above, the choice of performance metrics may depend on the data
(balanced vs imbalanced). Likewise, the intended use of the machine learning model may also
dictate which metric is most important. For instance, in the case of cancer screening, it may be
more important to have a high recall to ensure all instances of cancer are identified for a more
invasive follow up examination, even if this means also including some patients without cancer
in the follow up. In contrast, determining which websites are safe to visit may be more concerned
with high precision to ensure all visited sites are safe at the expensive of blocking some sites that
were falsely identified as unsafe. Often times, the end application of the machine learning model
may not only influence the performance metrics used to evaluate its generalizability, but also can
inform upstream training choices. For example, to counteract class imbalance and improve the
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resulting model, oversampling the minority class, under sampling the majority class, and
applying class weights may be applied during training.
Overall, APA may play an important role in complex traits. Here we sought to improve
methods for identifying and quantitating APA transcripts in the expressed transcriptome to
enable research into their contribution to the genetics of alcohol related phenotypes.
Statement of purpose
The major aims of this dissertation are the following:
1) Develop a systems genetics pipeline for identifying networks of genes associated with a
complex trait (Chapter II).
Hypothesis: Applying our method to alcohol metabolism phenotypes and liver expression data
will identify candidate networks of genes that include the alcohol metabolizing genes. By taking
a network approach, additional insight can be ascertained in regard to how these genes operate in
the absence of alcohol and, additionally, how ingestion of alcohol may perturb these biological
processes.
Summary of approach: The systems genetics approach used three types of data: 1) genotype, 2)
liver expression data (in the form of RNA-Seq), and 3) alcohol clearance and acetate area under
the curve (acetate AUC) data. The RNA-Seq data and weighted gene coexpresssion network
analysis (WGCNA) were used to build coexpressed gene networks. Several statistical criteria
were employed to reduce the number of false positives when identifying candidate networks
connecting genotype to phenotype.

34

2) Develop a machine learning algorithm for identifying polyA sites in the expressed
transcriptome that utilizes DNA sequence and short read bulk high-throughput RNA-Seq
(Chapter III).
Hypothesis: An algorithm that utilizes machine learning and combines DNA sequence and RNASeq will outperform either single-omics method for identifying expressed polyA sites.
Summary of approach: Short read bulk RNA-Seq, DNA sequence, and experimentally derived
polyA site information were gathered from matching samples. The RNA-Seq data and DNA
sequence data were used to engineer features for machine learning, and the polyA site
information served as labels for supervised machine learning. A biLSTM was trained to predict
polyA sites and distributed as a package written in Python.
3) Characterize the alternative splicing and alternative polyadenylation transcriptional
landscape in brain of the HXB/BXH recombinant inbred rat panel and assess its impact on
predisposition to voluntary alcohol consumption (Chapter IV).
Hypothesis: Since at least some of the genetic component of complex traits such as voluntary
alcohol consumption are likely influenced by gene regulation phenomena such as alternative
splicing and alternative polyadenylation, including these transcripts in systems genetics studies
on this trait will provide additional information.
Summary of approach: A brain specific transcriptome in the HXB/BXH RI panel was generated
that considered alternative splicing (via StringTie) and alternative polyadenylation (via aptardi the algorithm developed in Aim 2). A filtering pipeline was established to identify high quality
transcripts in the transcriptome. The systems genetics approach delineated in Aim 1 was applied
to identify candidate transcript networks, as well as a statistical pipeline for identifying candidate
individual transcripts.
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CHAPTER II
UNSUPERVISED, STATISTICALLY-BASED SYSTEMS BIOLOGY APPROACH FOR
UNRAVELING THE GENETICS OF COMPLEX TRAITS: A DEMONSTRATION
WITH ETHANOL METABOLISM1
___________________
1This

chapter was previously published in: Lusk R., et al., Unsupervised, statistically-based
systems biology approach for unraveling the genetics of complex traits: A demonstration with
ethanol metabolism. Alcohol Clin Exp Res. 2018;42(7):1177-1191.
Introduction
GWAS were originally designed to leverage the principle of linkage disequilibrium at the
population level by scanning millions of variants in the genome across unrelated individuals to
identify loci associated with complex traits [222]. Since its first applications [223], hundreds of
GWAS have been implemented and a dedicated catalog of the published studies has been
developed [224, 225]. Often the QTL identified in GWAS do not fully explain the heritability of
the complex trait anticipated from epidemiologic studies (e.g. alcohol dependence) [226], and the
relationship between the identified loci and the biology underlying complex diseases may not be
easily deciphered [227].
The advent of next-generation RNA-Seq technologies has provided researchers with new
tools for gaining insight into the genetic basis of health and disease. Namely, researchers can
now incorporate RNA expression levels in a “use all data” [228] systems biology approach to
extract meaningful genetic information about complex traits. Integrating transcriptome
expression data with genotype information, i.e. genetical genomics, can provide insight into the
mechanisms underlying disease phenotypes [229]. A now standard approach for integrating
information on RNA expression with genotypic information, to elucidate mechanisms by which
DNA polymorphisms contribute to complex traits, is to identify the areas of the genome that are
36

associated with a complex trait (QTL) and that contribute to determining the levels of gene
expression (expression quantitative trait loci; eQTL). Moreover, the use of methods to generate
information on networks arising from analysis of gene coexpression and the genetic loci driving
such coexpression (module eigengene quantitative trait loci; meQTL), can contribute additional
knowledge to the underlying biology [230, 231]. For example, co-expressed genes may not only
be controlled by the same transcriptional regulatory program [231], but also may be functionally
linked [232]. The co-expressed gene products may be members of the same metabolic pathway
or protein complex [233]. Additionally, coexpression modules can be used to functionally
annotate (“guilt by association”) novel or under annotated genes [234], including non-coding
elements. Zhang and Horvath [235] developed a statistical technique for quantifying gene
coexpression networks and identifying coexpression modules from RNA expression data. This
methodology, termed weighted gene coexpression analysis (WGCNA), has been employed in
numerous studies [157, 236-239] to statistically describe the relationship amongst gene products.
Our previous work has integrated expression quantitative trait loci (QTL) information
and WGCNA with phenotypic QTL analysis in a hypothesis generating approach, to identify
candidate modules for complex traits [132, 137, 138, 240]. In our current study, we investigated
whether this approach can be valuable in a “hypothesis testing” mode. We sought to provide a
proof-of-concept that an unsupervised, statistically-based systems biology approach can identify
coexpression module(s) that contain well known predisposing components influencing alcohol
(i.e., ethanol) metabolism. It is well-documented that the majority of alcohol (~ 95%) is
eliminated via metabolism in the liver [241-243]. Hepatic oxidation of ethanol, in which alcohol
dehydrogenase(s) (ADH) convert ethanol to acetaldehyde, and acetaldehyde is converted to
acetate by aldehyde dehydrogenase (ALDH), is the major metabolic pathway for elimination of
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ingested ethanol [243-246]. Prior studies seeking genetic explanations for differences in ethanol
metabolism using QTL analysis in mice have produced results which were difficult to interpret,
and did not relate to prior literature [247]. Therefore, we were attempting to validate our
approach by verifying whether coexpression module(s) which were associated with alcohol
clearance, derived through our analysis, reflected the extensive information in the literature on
known pathways affecting alcohol clearance in previously unexposed specimens. Assuming that
our analytical framework produced credible results, we further postulated that the module
information that we generated would provide insight into the normal physiologic network that
could be perturbed by ingestion of ethanol.
Materials and Methods
Unless otherwise noted, all analyses were performed using R (v. 3.3.2).
Animals
The HXB/BXH RI rat panel used in this study was derived from the congenic Brown
Norway strain with polydactyly-luxate syndrome (BN-Lx/Cub) and the spontaneous
hypertensive rat strain (SHR/OlaIpcv) using gender reciprocal crossing and more than 80
generations of brother/sister mating after the F2 generation [248]. While this panel was originally
constructed to examine genetic control of cardiovascular phenotypes, many other complex traits
have been found to vary across this panel and are thus amenable to genetic studies [129, 132,
138-142].
Male rats at the age of 90 days were used for our studies. These animals were bred and
maintained at the Institute of Physiology of the Czech Academy of Sciences, Prague, Czech
Republic. All experiments involving the administration of ethanol and blood sampling, as well as
liver harvesting, were performed in accordance with the Animal Protection Law of the Czech
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Republic and were approved by the Ethics Committee of the Institute of Physiology, Czech
Academy of Sciences, Prague.
Alcohol Clearance and Blood Acetate Level Measurements in the HXB/BXH Recombinant
Inbred Rat Panel
The alcohol experiments in the RI rat panel outlined in this section were performed
specifically for this study. Namely, three male rats per strain across 30 strains of the HXB/BXH
RI panel (90 rats total) were intraperitoneally injected with a 2 g/kg dose of ethanol (15% w/v).
(See Supplementary Methods in Appendix S1 for a detailed description of ethanol dose choice
rationale.) Blood draws from the tail vein were collected for quantifying alcohol and acetate
concentration at the following time points post-alcohol administration: 20, 40, 60, 90, 120, 180,
240, 300, and 400 minutes. In addition, a 0 time point sample was gathered immediately prior to
alcohol administration. For each sampling, approximately 100 µL of blood was collected.
Following collection, two volumes of ice cold 0.6 N perchloric acid were added to each sample,
and the resulting supernatant, after centrifugation at 13000 g and 4 °C for 10 minutes, was kept
for analysis. Samples were stored at -80 °C and shipped in dry ice to the University of Colorado
Anschutz Medical Campus for analysis.
Alcohol Clearance Quantitation in the HXB/BXH Recombinant Inbred Rat Panel
Blood alcohol levels were determined using a Varian 3800 gas chromatograph (Varian,
Palo Alto, CA, USA) equipped with an Agilent Technologies DB-ALC1 column (Agilent
Technologies, Santa Clara, CA, USA; part number 123-9134) and a Varian 8200 AutoSampler
(Varian, Palo Alto, CA, USA). Prior to gas chromatographic analysis, the thawed blood samples
were centrifuged at 13000 g and 4 °C for three minutes, and 10 µL of 100 mM 2-propanol
internal standard was added to 80 µL aliquots of the supernatant. With each batch of samples
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assayed, standard curves were generated using 0, 5, 10, 20, 40, 60, 80, and 100 mM alcohol
standards that were prepared in blood taken from control rats in a manner identical to the
experimental samples. The alcohol concentration/time curves for each rat were fit to a onecompartment pharmacokinetic (PK) model with first-order absorption and first-order elimination
by employing the nonlinear Levenberg-Marquardt fitting algorithm using the minpack.lm
package (v. 1.2-1) [249] in R. The first-order clearance values represent the alcohol clearance
phenotype (see Supplementary Methods in Appendix S1 for a detailed description of alcohol
quantitation). We used intraperitoneal injection of ethanol to avoid the confounding of
metabolism of ethanol by the high KM stomach ADH system [250]. (See Supplementary
Methods in Appendix S1 for a detailed description of ethanol delivery method rationale.) The
pharmacokinetics of some strains of the HXB/BXH RI panel resembled pseudo zero-order
alcohol elimination kinetics (e.g., BXH10 in Figure 2.1). We, however, used a uniform
phenotype derived using first-order kinetic parameters to enable comparison of alcohol clearance
across strains. Both statistical (Table S1) and visual comparison of zero-order (straight line) and
first-order (exponential decay) kinetic models indicated little difference in fits between the two
models for each animal.
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Figure 2.1. Representative alcohol and acetate profiles in blood after 2 g/kg alcohol
administration. Concentrations in millimolar for individual animals are represented by circles
at each time point for (A) blood alcohol concentrations and (B) blood acetate concentrations.
The lines represent strain-specific one-compartment pharmacokinetic models with first-order
absorption and elimination (a) generated from the mean of the parameter estimates from the
individual rats and the lines connecting the strain mean concentrations of acetate at each time
point (b).
Acetate Area under the Curve (AUC) Quantitation in the HXB/BXH Recombinant Inbred
Rat Panel
Blood acetate levels were determined using the Sigma-Aldrich acetate colorimetric assay
kit (Sigma-Aldrich, St. Louis, MO, USA; catalog number MAK086) using the manufacturer’s
recommended protocol. To prepare the blood samples for analysis, 48 µL of 0.5 M potassium
hydroxide was added to 60 μL aliquots of the blood samples. Samples were centrifuged at 13000
g and 4 °C for one minute, and 35.7 µL of the supernatant was combined with 14.3 µL of assay
buffer. For the standard curves, blood from control rats was processed in an identical manner to
the experimental samples, and standard curves for concentrations of 0.00, 0.25, 0.50, 1.00, 1.50,
and 2.00 mM were constructed. Absorbance values were measured using the BioTek Synergy
HT plate reader (BioTek, Winooski, VT, USA). Acetate AUC from 0 to 400 minutes was
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calculated from the acetate concentration-time curves for each individual rat by employing the
linear trapezoidal rule using the PK package (v. 1.3-3) [251] and these values were used as the
acetate AUC phenotype (see Supplementary Methods in Appendix S1 for a detailed description
of acetate quantitation).
Whole Liver RNA Sequencing for the HXB/BXH Recombinant Inbred Rat Panel
Sequencing of livers in the RI rat panel were done for the purposes of this study. Liver
tissue was stored in liquid nitrogen and shipped to the University of Colorado Anschutz Medical
Campus for RNA extraction and cDNA library preparation. Total RNA extracted from livers
obtained from 49 male rats (90 days old) was sequenced. Of the 49 liver samples, 44 were from
the HXB/BXH RI panel (1-2 livers/strain) and five samples were from the progenitor strains
(BN-Lx/Cub and SHR/OlaIpcv). The rats from these RI strains are genetically identical to the
rats used for phenotyping but the rats used for RNA-Seq analysis were not exposed to alcohol.
These animals were housed in identical environments as the rats that received ethanol.
Livers were processed in three batches and included seven technical replicates (56
libraries). Total RNA (>200 bases) was extracted and cleaned using the RNeasy Plus Universal
Midi Kit and Rneasy Mini Kit, respectively (Qiagen, Valencia, CA, USA). Four µL of a 1:100
dilution of either ERCC Spike-In Mix 1 or Mix 2 (ThermoFisher Scientific, Wilmington, DE,
USA) were added to each extracted RNA sample. Construction of sequencing libraries was done
using the Illumina TruSeq Stranded RNA Sample Preparation kit (Illumina, San Diego, CA,
USA) in accordance with the manufacturer’s protocol. Part of this process included ribosomal
RNA depletion via the Ribo-Zero rRNA reduction chemistry. An Agilent Technologies
Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA, USA) was utilized to assess
sequencing library quality, and samples were sequenced (2x100 paired-end (PE) reads, three to
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four samples multiplexed per lane) on an Illumina HiSeq2500 (Illumina, San Diego, CA, USA)
in High Output mode.
Quantitation of Whole Liver RNA for the HXB/BXH Recombinant Inbred Rat Panel
Raw reads were trimmed to remove adapter sequences as well as low quality bases using
Trim Galore! (v. 0.4.0). Low quality bases were determined using the default parameters. The
trimmed reads were initially aligned to ribosomal RNA (rRNA) from the RepeatMasker database
[252] accessed through the UCSC Genome Browser [253, 254] using TopHat (v. 2.0.14) [255].
PE reads which did not map to rRNA were quantified into Ensembl gene-level abundance
estimates (Ensembl Release 81) [256] using the RSEM (RNA-Seq by Expectation Maximization
package) (v. 1.2.21) [257] and strain-specific Ensembl transcriptomes generated in our
laboratories. (See Supplementary Methods in Appendix S1 for a detailed description of Trim
Galore!, TopHat, and RSEM settings). Initially, strain-specific genomes for the RI strains were
constructed from the Rat Genome Sequencing Consortium (RGSC) Rnor_6.0 version of the rat
genome [258] by imputing single nucleotide polymorphism (SNP) information for each strain
based on their STAR Consortium genotypes [259] and DNA sequencing (DNA-Seq) data from
male rats of the progenitor strains [86]. These data are publicly available on the PhenoGen
website [132, 260]. Strain-specific transcriptomes were generated from these imputed genomes
and the Ensembl database (Ensembl Release 81) [256].
To prepare the expression estimates for analysis, genes with an average RSEM-estimated
read count of less than one across the 56 samples were considered undetectable above
background and not used in the analysis. Quantitated samples were initially examined for quality
using hierarchical clustering. The RUV (Removal of Unwanted Variance) algorithm [261] based
on empirically-derived control genes was used to eliminate batch effects and other technical
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factors contributing to variance. Empirically-derived control genes were identified as the 5,000
least significant genes in a negative binomial generalized linear model [262] with RI strain as the
covariate using the edgeR package (v. 3.14.0) [263] in R. The RUVg function from the RUVSeq
package (v. 1.6.2) [261] was used to derive three normalization factors. The number of
normalization factors used was determined by the clustering of technical replicates. Normalized
counts were used in subsequent analyses.
After normalization, samples were reduced to only include RI animals (not the
progenitors) and only one technical replicate per biological sample, i.e. multiple measurements
from the same animal performed for analysis of unwanted variance were reduced to a single
measurement (the replicate with the highest normalized read count was retained). Because of the
reduction in samples and the normalization of read counts, genes were again filtered based on the
criteria of an average normalized read count greater than one. The normalized expression data
were transformed into regularized log (rlog) values using the DESeq2 package (v. 1.12.4) [264].
This function 1) transformed the data to a log2 scale and 2) stabilized the within gene variance to
avoid the dependence of the variance on the mean.
Weighted Gene Co-Expression Network Analysis for the HXB/BXH Recombinant Inbred
Rat Panel
The WGCNA package (v. 1.51) [265] was used to build coexpression modules from the
rlog-transformed RNA expression estimates for the HXB/BXH RI panel collected for this study.
For HXB/BXH RI strains with multiple samples, i.e. measurements on independent animals but
of the same strain, mean strain values were used to calculate connectivity. Two settings of the
network-building function for WGCNA were changed from their default settings: the minimum
module size parameter (set to five instead of 30) and the deepSplit parameter (set to four instead
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of two). Both of these alterations promote the identification of smaller modules, which was
desirable because it facilitates subsequent independent expert analysis of how genes contained
within any identified candidate modules are interrelated for ascertaining biological insights. The
potential trade-off between neglecting additional genes that otherwise would have been included
in a given module for manual interpretation is mitigated by the fact that coexpression between
modules can be elucidated. The absolute value of the Pearson correlation coefficient was used to
determine the adjacency matrix, i.e. an unsigned network. Furthermore, the soft-thresholding
index, β, was set to six to approximate a scale-free topology. The value for the soft-thresholding
index was determined using the methods and critical values proposed in Zhang and Horvath
[235] (Figure S1). A module eigengene (first principal component) was used to summarize the
gene expression profiles within a module across strains for subsequent analyses [265].
Quantitative Trait Loci Analysis (QTL)
The molecular marker set used for QTL analyses was derived from our existing publicly
available strain-specific genomes created using SNPs genotyped by the STAR Consortium [259].
Probes from the arrays used to generate this marker set were aligned to the RGSC Rnor_6.0 rat
genome assembly [258, 266] using the UCSC command line BLAST-like alignment tool
(BLAT) [267], and both the genome and the alignment tool were downloaded from the UCSC
Genome Browser [253, 254]. We retained markers for QTL analysis in this study if the following
criteria were met: 1) their probe sequence aligned perfectly and uniquely to the genome, 2) their
genotypes differed between progenitor strains, 3) neither progenitor strain was heterozygous for
the SNP, and 4) less than 5% of the HXB/BXH RI strains were missing or heterozygous for the
SNP. In addition, markers with large estimated genetic distance compared to physical distance
from adjacent markers (improbable recombination events, flanked by more than 10 cM on each
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side) and double recombinant markers were removed. Genetic distances were estimated using the
R/qtl package (v. 1.40-8) [268]. Prior to QTL analyses, the marker set was reduced to unique
strain distribution patterns, i.e., multiple adjacent markers with the same genotype pattern across
strains were represented by a single marker, in order to reduce the computational burden.
Marker regression was used to calculate module eigengene QTL using strains of the
HXB/BXH RI panel that had both genotype information previously acquired by our group and
RNA expression/eigengene estimates gathered for this study. The pQTL for alcohol clearance
and acetate AUC in the HXB/BXH RI panel were also determined using marker regression with
strain means. Empirical genome-wide p-values were calculated using 1000 permutations [269].
For the two phenotypes, both significant (p < 0.05) and suggestive (p < 0.63) pQTL were
considered. The definitions of significant and suggestive p-values were taken from Lander and
Kruglyak [270] and have been adopted by others [271]. The 95% Bayesian credible interval of
each meQTL and pQTL was calculated using the methods detailed in Sen and Churchill [272].
All QTL analyses and graphics were generated using the R/qtl package (v. 1.40-8) [268].
Identification of Candidate Modules for Alcohol Clearance and Acetate Area under the
Curve in the HXB/BXH Recombinant Inbred Rat Panel
The first step for identifying candidate coexpression modules for alcohol clearance and
acetate AUC was to evaluate their association with each phenotype. Strain mean values of
alcohol clearance and acetate AUC procured for this study were used for correlation analysis. A
Pearson correlation coefficient between the module eigengene and the phenotype across the
strains of the HXB/BXH RI panel was estimated for each module and phenotype. Only modules
significantly associated (nominal p-value < 0.01) with at least one of the two phenotypes were
considered in subsequent steps.
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For modules correlated with alcohol clearance and/or acetate AUC, additional criteria
were imposed using our previously obtained QTL data in order to be considered a candidate
module for either phenotype. Candidate modules were required to have a genome-wide
significant (p-value < 0.01) meQTL, and the module meQTL must fall within the 95% Bayesian
credible interval of a significant or suggestive pQTL for the given phenotype.
Results
Alcohol Clearance and Acetate Area Under the Curve in the HXB/BXH Recombinant
Inbred Rat Panel
Representative blood alcohol and acetate profiles (Figure 2.1) demonstrate the diversity
of the blood alcohol and acetate profiles across the HXB/BXH RI panel. Overall, 82 rats and 691
measurements were used for alcohol clearance calculations after quality control. (See
Supplementary Results in Appendix S1 for detailed results from quality control imposed on
alcohol and acetate measures). Average alcohol clearance varied approximately 10-fold among
strains in the RI rat panel (0.8 to 7.5 mL/min/kg; Figure 2.2A). Furthermore, the panel exhibited
high broad-sense heritability (81%) for this phenotype, estimated as the coefficient of
determination from a one-way ANOVA. After quality control, 89 rats and 888 measurements
were used for acetate AUC calculations. Peak circulating blood acetate levels varied from 0.20 to
2.74 mM (interquartile range: 0.84 to 1.79 mM) among strains, and acetate (AUC) varied from
82 to 617 mM*min and displayed a high broad-sense heritability (66%; Figure 2.2B). Using
strain means, alcohol clearance and acetate AUC were positively correlated (Pearson’s
correlation coefficient = 0.43, 95% CI = 0.09 to 0.69, p-value = 0.016; Figure 2.2C).
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Figure 2.2. Distribution of alcohol clearance and acetate AUC across the HXB/BXH
recombinant inbred rat panel. The bars represent mean values of the biological replicates
within the strain denoted on the x-axis for (A) first-order alcohol clearance (blue) and (B)
acetate AUC (red). The error bars represent plus/minus standard error of the mean. If error bars
are missing, only one biological replicate was available for the given strain. Alcohol clearance
estimate and acetate AUCs were determined in each rat separately. The broad sense heritability
of each phenotype was estimated as the R-squared value from a one-way ANOVA using strain as
the predictor. Mean values for the two phenotypes were plotted against each other by strain to
examine the (C) association between alcohol clearance and acetate AUC. Each point is
labeled by its respective strain.
Whole Liver RNA Sequencing for the HXB/BXH Recombinant Inbred Rat Panel
RNA-Seq was performed on RNA extracted from livers of naïve (non-alcohol exposed)
rats in three batches (56 libraries including technical replicates). Over three billion total pairedend (PE) reads were generated from these samples. This amounts to approximately 60 million PE
reads per sample. After trimming and removal of reads that aligned to ribosomal RNA (rRNA),
the average number of PE reads per sample was 59.5 million and 58.4 million, respectively. A
detailed summary of the RNA-Seq results by sample is in Table S2.
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Quantitation of Whole Liver RNA for the HXB/BXH Recombinant Inbred Rat Panel
We eliminated Ensembl genes with an average estimated RSEM count of less than one
across the 56 rat liver RNA-Seq libraries. This resulted in a reduction from 32285 to 16093
Ensembl genes. Based on visual inspection of the Pearson correlation between samples using
log2(RSEM counts + 1) transformed data, four samples were identified as outliers and removed
(Figure S2). The dendrograms of the samples (including information on technical replicates and
batches) before and after implementation of the RUV algorithm provided evidence that unwanted
variance, such as that introduced by batch effects, was markedly reduced. Removal of data from
progenitor strains and technical replicates (used for normalization) left data from 41 HXB/BXH
RI samples (1-2 rats/strain; 29 strains), and the further removal of genes with normalized counts
less than this final number of samples left 15984 Ensembl gene identified in liver. These data
were utilized in WGCNA.
Weighted Gene Co-Expression Network Analysis for the HXB/BXH Recombinant Inbred
Rat Panel
For strains in which RNA-Seq data were obtained (29 HXB/BXH RI strains), the
expression estimates were subjected to WGCNA to identify coexpression modules. A total of
658 modules were identified (median module size = 8 genes; Figure S3) along with 205 genes
that could not be assigned to a module. The module eigengenes captured much of the withinmodule variability in expression across strains (interquartile range: 59% to 67%).
Quantitative Trait Loci Analyses
A total of 20283 SNPs were originally contained in the STAR dataset [259]. After
processing (see Supplementary Results in Appendix S1 for detailed results from processing), we
identified 1529 unique strain distribution patterns, i.e., haplotype blocks, for the 32 HXB/BXH
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RI strains genotyped by the STAR Consortium. Of 32 HXB/BXH RI strains with genotype
information, 29 strains had expression/eigengene estimates and were used to calculate meQTL,
and 30 strains had alcohol clearance and acetate AUC data and were used for pQTL analysis.
The HXB21 RI strain had alcohol clearance and acetate AUC data and was therefore used in
pQTL analysis, but the RNA-Seq data were removed as outliers and therefore were not used in
meQTL analysis. The pQTL analysis using 1,000 permutations identified one significant
(genome-wide p-value < 0.05) and two suggestive (genome-wide p-value < 0.63) pQTL for
alcohol clearance (Figure 2.3A) and four suggestive pQTL for acetate AUC (Figure 2.3B).

Figure 2.3. Quantitative trait loci for alcohol clearance and acetate AUC in the HXB/BXH
recombinant inbred panel. Strain means were used in a marker regression to determine
phenotypic QTL for (A) alcohol clearance and (B) acetate AUC. The red lines represent the
logarithm of odds (LOD) score threshold for a significant QTL (genome-wide p-value = 0.05),
and the blue lines represent the LOD threshold for a suggestive QTL (genome-wide p-value =
0.63). Significant and suggestive QTL are labeled with their location, 95% Bayesian credible
interval, LOD score, and genome-wide p-value.
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Identification of Candidate Modules for Alcohol Clearance and Acetate Area under the
Curve in the HXB/BXH Recombinant Inbred Rat Panel
RNA expression data from alcohol-naïve rats were used to identify the transcriptional
predisposing factors for alcohol clearance and circulating acetate levels after administration of
ethanol. Module eigengenes were correlated with strain mean values of alcohol clearance and
acetate AUC separately. Ten modules were significantly (nominal p-value < 0.01) correlated
with alcohol clearance, and ten modules were significantly associated with acetate AUC;
moreover, three modules were correlated with both phenotypes (Table S3). The same marker set
used for pQTL analyses was used to identify the meQTL with the greatest logarithm of odds
(LOD) score for each module that had a significant correlation with either alcohol clearance or
acetate AUC. Of these modules, one module associated with alcohol clearance had a significant
(genome-wide p-value < 0.01) module eigengene QTL. The examination of overlap between the
95% Bayesian credible intervals of the alcohol tolerance pQTL and the location of the peak LOD
score for the module eigengene QTL demonstrated that only this candidate module (orange3)
met all the criteria to be identified as a candidate module influencing alcohol clearance. This
module was also identified as a candidate module for acetate AUC. The genes comprising the
orange3 module are listed in Table 1.1, and the connectivity between genes of the candidate
module is visualized in Figure 2.4.
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Table 2.1. Genes comprising the orange3 candidate module for both alcohol clearance and
acetate AUC.
Associated
Gene Starting
Intra-modular
Chromosome
Type
Description
Gene Name
Position (Mb)
Connectivity
Protein Alcohol dehydrogenase 4
Adh4
2
243.70
1.18
coding
(class II)
Protein Alcohol dehydrogenase 1
Adh1
2
243.55
1.17
coding
(class I)
Protein
Heparan sulfate 2-OHs2st1
2
250.47
1.14
coding
sulfotransferase 1
Protein ADP-ribosylation factor-like
Arl16
10
109.64
1.13
coding
16
Protein
Gbp5
2
248.18
Guanylate binding protein 5
1.11
coding
Calcium/calmodulinProtein
Camk2n1
5
156.88
dependent protein kinase II
1.11
coding
inhibitor 1
LOC68506
Protein Similar to guanylate binding
2
248.22
1.10
7
coding protein family, member 6
Protein
Tmem79
2
187.70
Transmembrane protein 79
1.08
coding
Protein
Zfp143
1
174.70
Zinc finger protein 143
1.07
coding
Protein Piwi-like RNA-mediated
Piwil2
15
52.04
1.05
coding
gene silencing 2
The candidate module was identified based on eigengene association (nominal p-value < 0.01)
with the phenotypes across the HXB/BXH panel and a maximum module eigengene quantitative
trait locus that was both significant (genome-wide p-value < 0.01) and overlapped significant
(genome-wide p-value < 0.05) or suggestive (genome-wide p-value < 0.63) phenotypic
quantitative trait loci for the phenotypes in the HXB/BXH RI rat panel after two g/kg alcohol
administration. Genes are ordered by intra-modular connectivity.

52

Figure 2.4. Connectivity within the candidate coexpression module for both alcohol
clearance and acetate area under the curve (AUC) after two g/kg alcohol administration.
The module eigengene is significantly (p < 0.01) correlated with alcohol clearance and acetate
AUC. Furthermore, its module eigengene QTL is significant (p < 0.05) and overlaps a
phenotypic QTL for alcohol clearance and acetate AUC, respectively. Each node represents a
gene from the coexpression module. The size of each node is weighted based on its intramodular connectivity, and the thickness of each edge is weighted based on the magnitude of the
connectivity between the two genes. The edge colors indicate the direction of the connectivity
(red = positive, blue = negative). The hub gene, defined here as the single gene with the largest
intra-modular connectivity, is colored in yellow (Adh4; alcohol dehydrogenase 4), and its
expression is positively associated with both alcohol clearance and acetate AUC. The figure was
generated using Cytoscape (v. 3.4.0) [273].
The module eigengene for orange3 explained 56% of the genetic variance in alcohol
clearance and 32% of the genetic variance in acetate AUC across the HXB/BXH RI rat panel,
estimated as the coefficient of determination from a linear model using the module eigengene as
a predictor of each phenotype. The hub gene, i.e. the gene with the highest intra-modular
connectivity within the orange3 candidate module, was alcohol dehydrogenase 4 (Adh4).
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Characterization of Alcohol Dehydrogenase Genes in the orange3 Candidate Module
Two alcohol dehydrogenase Ensembl genes, alcohol dehydrogenase 6 (Adh6) and Adh4,
were initially identified in the orange3 candidate module. We further examined these genes at the
transcript-level to verify their identities. The Adh6 gene expression estimate was found to be
derived from pooled estimates of three Ensembl transcripts. Using the University of California –
Santa Cruz (UCSC) Genome Browser [253, 254], we found that the RefSeq database annotated
two of these transcripts as separate genes: namely Adh6 and the class I alcohol dehydrogenase 1
(Adh1). The remaining transcript was unannotated in RefSeq, and closer inspection in Ensembl
(Ensembl Release 88) [274] revealed that this transcript represented a fusion of Adh1 and Adh6.
To disentangle the two Adh genes, we first examined the pile-up of the total RNA-Seq reads
from the livers of the two progenitor strains. The vast majority of reads aligned to the RefSeq
Adh1 gene, with very few reads aligning to Adh6, and there was no evidence for expression of
the fusion gene (Figure S4A). To verify that the variation in expression levels of the original
gene-level estimate mimic variation in Adh1, pairwise Pearson’s correlation analysis was
performed between the Ensembl gene-level expression estimate, Ensembl transcript-level
expression estimates of the three transcripts, and the phenotypes, using strain mean values.
Expression estimates of the transcripts were calculated in an identical manner as the gene-level
estimate, i.e., rlog-transformed batch-corrected RNA expression values. The expression of the
Ensembl transcript corresponding to the RefSeq Adh1 gene was most strongly correlated with the
overall Ensembl Adh6 gene expression (Pearson’s r = 0.95) and closely matched its correlation
with the phenotypes (Table S4). Moreover, the Ensembl database used for our initial annotation
(Ensembl Release 81) [256] did not annotate any transcripts as Adh1, in spite of the fact that
RNA from Adh1 is known to be present in rat liver [275]. Therefore, we concluded that the gene-
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level expression estimates originally annotated as Adh6 in fact most likely represented Adh1 and
changed the annotation throughout this manuscript accordingly.
Likewise, Adh4 included pooled estimates from three Ensembl transcripts. Again, two of
the Ensembl transcripts were annotated by RefSeq as separate genes, Adh4 and class III alcohol
dehydrogenase 5 (Adh5), and the third represented a fusion of these genes that was unannotated
in other databases. In this case, the expression of the Ensembl transcript corresponding to the
RefSeq Adh4 gene was most closely correlated with the overall Ensembl Adh4 gene-level
expression (Pearson’s r = 0.97) and most closely resembled its correlation with the phenotypes
(Table S4). While the liver total RNA-Seq reads from the progenitor strains mapped to both the
Adh4 and Adh5 RefSeq genes, indicating that both were expressed in the liver (Figure S4B), the
Ensembl transcript/RefSeq Adh4 gene demonstrated greater variation in expression across
strains. Taken together, we surmised Adh4 was indeed the gene represented in the orange3
candidate module, and the original nomenclature was retained. Furthermore, BLAST analysis
[276] revealed that the Ensembl transcript/RefSeq Adh4 that we identified shared > 99%
sequence similarity with the experimentally cloned and sequenced class II rat Adh4 gene [277],
thereby supporting the identity of the transcript that we sequenced as the class II alcohol
dehydrogenase gene product in rat.
Further Review of Alcohol Dehydrogenase Genes, Aldehyde Dehydrogenase Genes, and
Other Genes That Can Contribute to Alcohol Metabolism in the HXB/BXH RI Panel
All Ensembl annotated alcohol dehydrogenase genes and aldehyde dehydrogenase genes
with expression estimates, as well as the genes encoding catalase (Cat) and Cytochrome P450
2E1 (Cyp2e1), were examined to ascertain their expression and determine the correlation of their
expression estimates with alcohol clearance and acetate AUC in the HXB/BXH RI panel (Table
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S5). Using pairwise Pearson correlation analysis on strain mean values, significant (nominal pvalue < 0.05) associations were only found between the following: expression of Adh1 and
alcohol clearance (Pearson’s r = 0.76, p < 0.001), expression of Adh1 and acetate AUC
(Pearson’s r = 0.57, p-value = 0.0012), expression of Adh4 and alcohol clearance (Pearson’s r =
0.64, p-value = 0.0002), and expression of Adh4 and acetate AUC (Pearson’s r = 0.52, p-value =
0.0037). However, we noted that the correlation between expression of Aldh1a1 (aldehyde
dehydrogenase 1 family, member A1) and acetate AUC was marginally significant (Pearson’s r =
0.36, p-value = 0.052). If we accept the premise that expression levels of Aldh1a1 are
contributing to the variation of acetate AUC in the panel, then Aldh1a1 transcript levels explain
approximately 13% of the variance in acetate AUC.
Discussion
Candidate Module for Alcohol Clearance – orange3
Of the 658 coexpression modules built from the liver “total” RNA-Seq data across naïve
rats of the HXB/BXH RI panel, only one module satisfied all criteria as a candidate module for
alcohol clearance. The orange3 candidate module contained two alcohol dehydrogenase
transcripts, Adh1 and Adh4, which produce the alcohol dehydrogenase enzymes class I Adh1 and
class II Adh4, respectively. Adh1 is a high affinity, i.e., low Km, enzyme for alcohol (~ 1.4 mM)
that is mainly expressed in liver, where it accounts for the majority of alcohol elimination in rats
[278, 279]. Adh4 in rat is analogous to the human variant [280] and is also expressed in the liver
[281, 282]. While the Km value of rat Adh4 may be greater than that of its human counterpart
[282], similar to human ADH4, the rat enzyme most likely contributes to the metabolism of
alcohol in the liver at higher concentrations of alcohol [245]. Two other liver alcohol
dehydrogenase genes in the rat have been reported in the literature – class III alcohol
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dehydrogenase 5 (Adh5) and class IV alcohol dehydrogenase 7 (Adh7) [283]. The Rnor_6.0
version of the rat genome lacked any Ensembl annotation for Adh5; however, RefSeq annotation
indicates that one of the Ensembl transcripts quantitated in our RNA-Seq data may actually
represent Adh5. Indeed, research has demonstrated that Adh5 is expressed in the rat liver [280],
and the pile-up of liver total RNA-Seq reads from the progenitor strains indicates significant
levels of Adh5 expression. Nevertheless, the gene product of Adh5 is believed to have no
detectable ethanol metabolizing activity at concentrations reached in our studies [278, 280, 283].
An additional alcohol dehydrogenase gene, Adhfe1, existed in Ensembl annotation but is known
for metabolizing 4-hydroxybutyrate in mammals rather than alcohol [284]. Finally, expression of
both human and rat ADH7/Adh7 has been established as exclusive to the stomach [285]. Our
findings corroborated this view, as we found little Adh7 expression in the liver (Figure S6).
Overall, we were satisfied that our unsupervised statistically-based systems biology approach
could clearly reproduce an accepted fact about the importance of Adh1 and Adh4 in the
metabolism of alcohol when alcohol is present at levels attained in our studies.
The contradictory information regarding Ensembl and RefSeq annotations (see Results)
with regard to Adh1 and Adh4, however, highlights both the need to carefully examine the results
obtained from high throughput RNA-Seq analyses, and the intrinsic advantages of nextgeneration sequencing technologies like RNA-Seq over methods such as microarrays. Namely,
RNA-Seq allows one to examine post-hoc where reads aligned to the genome, and accordingly
make annotation adjustments as necessary. Indeed, updated Ensembl versions, for example
Ensembl Release 88 [274] and newer, changed the Adh6 gene annotation in the Rnor_6.0 rat
genome to Adh1 in agreement with the annotation used throughout this manuscript.

57

Characterization of Other Genes in the orange3 Module and Common Genetic Pathways
The added benefit of a systems biology approach is that it provides biologic context for
the statistically-derived relationships between transcripts contained in a module. Gene products
composing the orange3 candidate module are listed in Table 1.1. While products of Adh4 and
Adh1 are well known for their ethanol metabolizing function, alcohol dehydrogenases also
metabolize a wide variety of other substances, such as longer chain aliphatic alcohols [286, 287],
omega-hydroxy-fatty acids [277, 288], hydroxysteroids [277], and lipid peroxidation products
[288-290]. Another substrate for ADH enzymes is all-trans-retinol which is the alcohol form of
vitamin A [291]. The active metabolite of vitamin A is retinoic acid and the initial step in the
conversion of the retinol to retinoic acid is catalyzed by Adh1 as well as members of the retinol
dehydrogenase families [291]. The importance of Adh1 in this metabolic step is demonstrated by
the knock-out of this enzyme, which results in accumulation of retinol in adult mice, and a
greater retinol toxicity in the adult tissues [291]. The role of Adh1 in retinol metabolism provides
one of the links to explain the association of Adh and the other gene products in the orange3
module. Retinoic acid plays a number of physiological roles through binding to cellular retinoic
acid receptors (RARs) that control transcription [292]. With regard to the components of the
orange3 module, the induction of the retinoic-acid inducible gene I (RIG-I) is of interest [293].
RIG-I is a helicase which functions to destroy a number of RNA viruses that may enter the cell.
The RIG-I pathway is tightly regulated to maximize antiviral immunity while minimizing
immune-related pathology. The product of the orange3 module member ADP-ribosylation
factor-like 16 (Arl16) is a protein that interacts with RIG-I and inhibits its activity. Arl16 is part
of the extended ADP ribosylation factor (ARF) family of GTPases, and although the ADPribosylation factor-like (ARL) proteins have actions beyond those exhibited by the ARF
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GTPases, they also participate in the regulation of secretion, phagocytosis, endocytosis and
signal transduction characteristic of the ARF GTPases [294]. RIG-I activation also leads to the
production of interferon (IFN), which in turn is the major inducer of transcription of guanylatebinding proteins (GBPs). The guanylate binding protein 5 (Gbp5) gene is a member of the
orange3 module, and synthesis of its protein (Gbp5) is responsive to IFN- [295]. Gbp5 is a
member of the dynamin family of GTPases and recent studies have shown it to be a critical
factor in the assembly of inflammasomes. Overexpression of Gbp5 enhances the expression of
IFN and other pro-inflammatory factors [296], which generates a feed forward immune response
and antiviral activity [297]. Since LOC685067 is an under-annotated gene described as “similar
to guanylate binding protein family, member 6”, the fact that it shares membership with another
guanylate binding protein in the orange3 module may add rationale to its description.
Hs2st1 (heparin sulfate 2-O-sulfotransferase) encodes a member of the heparin sulfate
biosynthesis pathway [298]. Heparin sulfate is part of a family of heparin/heparin sulfate
glycosaminoglycans that organize at the cell surface to act as recognition and binding sites for
chemokines [299, 300], transforming growth factors [301], and viruses [302, 303]. It should be
noted that the quantity and location of sulfate groups on the heparin sulfate polysaccharide is a
determining factor in the selectivity of the cell surface polyglycan for various ligands [304, 305].
Acetylation of heparin sulfate is a further modification of the glycosaminoglycans and is
important in determining the recognition of various chemokines [305]. We postulate that the
production of acetate from ethanol could influence this molecular modification. On the whole,
the production and modification of heparin sulfate is an important component of both the
capacity of pathogens, particularly viruses, to infect cells, and for the cell to mount an immune
response to the pathogen. There also exists an under-investigated interaction between the
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heparin/heparin-sulfate glycosaminoglycans generated by the actions of the Hs2st1 protein and
another member of the orange3 module. Heparin has been shown to inhibit phosphorylation and
the generation of autonomous activity of the calcium/calmodulin-dependent protein kinase II
(CaMKII) [306]. The protein product of the module member calcium/calmodulin-dependent
protein kinase II inhibitor (Camk2n1) is also an inhibitor of CaMKII. CaMKII is a multipurpose
calcium/calmodulin signal transduction enzyme, best known for its role in generating cellular
memory (specifically, long-term potentiation) in the hippocampus. In relation to the liver and the
orange3 module, CaMKII has an important role in controlling tumor necrosis factor alpha (Tnf)-induced expression of CD44 [307]. CD44 is a transmembrane glycoprotein expressed in
many cell types. A key event in the activation of monocytes and their transformation, cytokine
release, and migration to sites of inflammation and tissue injury is the induction of CD44
expression [307]. Interestingly, ethanol is known to increase circulating levels of Tnf-, and the
Camk2n1 gene product may be a modifier of this response.
Zfp143 (zinc finger protein 143) encodes a zinc finger transcriptional regulator. Its human
counterpart, ZNF143 (zinc finger protein 143), exhibits the interesting property of connecting
promoter regions of DNA with distant regulatory elements through looping of chromatin [308],
and the protein product of ZNF143 has been hypothesized to influence differentiation and cell
identity [308]. The Piwil2 (piwi like RNA-mediated gene silencing 2) gene product has
previously been shown to be expressed in liver and is considered to be involved in regeneration
of liver after damage [309]. The function of the product of the Tmem79 (transmembrane protein
79) gene is not known with regard to liver, but its inclusion in this module may provide some
insights.
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The module as a whole provides the impression that in a basal state (without having
substantial amount of ethanol in the milieu) the co-expressed genes are functioning as
components which contribute to cell interaction with pathogens (possibly viruses), cellular
response to pathogens and immune system signals, and components of liver regeneration (if it
sustains damage). The alcohol dehydrogenases included in this module may be the enzymes that
generate the necessary ligands (e.g., retinoic acid or acetate) critical for the function of the other
module components. The association of the alcohol dehydrogenase genes with the other module
components may also indicate cross-cell type communication, with retinoic acid production in
hepatocytes being utilized for function of other liver cell types (e.g., Kupffer cells and/or
infiltrating macrophages).
The relationship of the alcohol dehydrogenase-containing orange3 module with immune function
may be through promoting what is called the autonomous immune response directed at viral
infections. The chronic consumption of alcohol in excess of 50 g/day increases an individual’s
vulnerability to the hepatitis C virus (HCV) [310]. McCartney et al. [311] produced evidence that
ethanol metabolism, rather than ethanol per se, promotes the replication of HCV and diminishes
the antiviral action of interferon . Our data may contribute to the interpretation of mechanisms
by which ethanol metabolism promotes the development of viral hepatitis.
The orange3 module was additionally identified as a candidate module for influencing
acetate AUC. This result indicates that the rate of alcohol clearance influences acetate AUC, i.e.
systemic blood acetate levels are at least partially determined by the rate at which alcohol is
metabolized. Such an observation logically follows what has been reported in the literature; that
is, the majority of alcohol is cleared via oxidative metabolism [242, 243] that generates acetate
[245].
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A somewhat surprising outcome was that, although the alcohol dehydrogenase-containing
module contributed to the determining circulating levels of acetate, enzymes essential for
conversion of acetaldehyde to acetate (aldehyde dehydrogenases) were not identified through the
process of coexpression module analysis as being responsible for circulating levels of acetate. A
cogent explanation of this fact would be, that under our experimental conditions, the aldehyde
dehydrogenases that catalyze an irreversible production of acetate are not rate-limiting in the
transition of ethanol to acetate. On the other hand, not all expressed genes can be assigned to
coexpression modules, or even if assigned to a module, the module eigengene values for that
module may not generate a statistically significant meQTL. With regard to Aldh1a1, we noted
that it was included in an identified module but that the module’s eigengene values did not
generate a meQTL which overlapped the pQTL for acetate AUC. On the other hand, an eQTL
for the expression levels of Aldh1a1 per se was associated with a SNP located at chr20: 44.71
Mb (p-value = 0.006 via permutation on PhenoGen) and overlapped the pQTL for acetate AUC
(chr20: 39.94 Mb, 95% Bayesian credible interval = 36.33-48.67 Mb, LOD score = 3.50). The
expression levels of Aldh1a1 did, also, nominally correlate with the acetate AUC values although
no correlation was evident with values for ethanol clearance. These results indicate to us that
under some circumstances, transcript products may act outside of the context of the module to
which they belong in order to carry out metabolic functions not normally part of the repertoire of
the module.
The current conceptualization of the metabolism of acetaldehyde produced from ethanol
is that it is rapidly metabolized by the protein product of Aldh2 (aldehyde dehydrogenase 2
family), which resides in the mitochondria [312]. There is, however, ample evidence for the
involvement of Aldh1a1 when higher levels of acetaldehyde are present. Thus, the contribution
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of Aldh1a1 to acetate AUC may be primarily evident under conditions of high ethanol clearance
rates.
Insights from acetate analysis
Inclusion of acetate in this study was done in a hypothesis generating manner. Our results
implicating expression of Adh1 and Adh4 as major players influencing acetate exposure agree
with the genetic studies on AUD that have consistently found an association between AUD and
the alcohol metabolism genes and, furthermore, support the importance of gene regulation,
including gene expression, that is believed to modulate many complex traits. Could the genetic
link between ADH genes, namely the ADH1 and ADH4 genes, and AUD be due to acetate and, if
so, what is the mechanistic explanation?
To explain – at the molecular level – the overwhelming evidence linking alcohol
metabolizing genes to AUD, the prevailing hypotheses have predominantly focused on
acetaldehyde. Acetaldehyde is a toxic intermediate whose accumulation leads to adverse
reactions such as flushing, nausea, and rapid heartbeat (i.e., tachycardia). As a result, scientists
have postulated that genetic polymorphisms leading to elevated acetaldehyde levels may protect
against AUD. Below we will discuss the possible reinforcing effects of acetaldehyde, followed
by a motivating hypothesis that acetate may contribute – as least in part – to genetic link between
the alcohol metabolizing genes and AUD. Importantly, we note that this hypothesis is not
mutually exclusive to a role of acetaldehyde.
Acetaldehyde as the molecular explanation for the genetic association of alcohol
metabolism genes with alcohol use disorder
The strong protective effects of ALDH2*2 on AUD [313-315] serves as the paradigm for
the “aversion” hypothesis; the polymorphism renders the protein product unable to catalyze

63

acetaldehyde conversion to acetate. Indeed, both in vivo and in vitro studies have clearly
demonstrated elevated acetaldehyde levels for those possessing the ALDH2*2 allele [52, 316].
Consequently, individuals with ALDH2*2 are “protected” against the development of AUD [317,
318]. SNPs causing other, less dramatic changes to alcohol metabolism kinetics are likewise
explained by way of at least transiently increasing acetaldehyde accumulation; however, the
causal relationship between the SNPs and acetaldehyde buildup are inconsistent. For example,
ADH1B*2, ADH1B*3, and ADH1C*1 have not been associated with elevations in acetaldehyde
[319], and the physiological reactions thought to deter drinking are not readily observable.
Moreover, if acetaldehyde protects against AUD by making consumption unpleasant, it raises the
question as to if and how the corresponding genetic polymorphisms in ADH genes that modulate
acetaldehyde levels contribute to the motivational and rewarding effects that lead to the
development of AUD.
To reconcile this issue, research has turned to the potential role of acetaldehyde in the
brain. The mechanism by which acetaldehyde reaches the brain after ingestion is controversial.
Two general possibilities have been proposed: systemic circulation of acetaldehyde after
metabolism of ethanol in liver (peripheral) or local metabolism of ethanol to acetaldehyde in the
brain (central). Several lines of evidence suggest peripherally generated acetaldehyde does not
reach the brain in appreciable amounts: 1) the blood brain barrier likely metabolizes most
acetaldehyde to acetate before it can enter the brain [320-322] and 2) liver ALDH rapidly
converts acetaldehyde to acetate so that very low levels of acetaldehyde are detected in blood
[323]. In contrast, ethanol is able to easily cross the blood brain barrier [324] and has been
shown to be metabolized to acetaldehyde in rodent brains [325-327]. Unlike the liver, its
oxidation to acetaldehyde here is mostly attributable to the catalase pathway [326, 328-330] and,

64

to a lesser extent, the cytochrome P450 2E1 pathway [330]. This is because catalase is expressed
highly in the brain [331], whereas there is a general lack of class I ADH [332]. It, however,
needs to be remembered that catalase requires hydrogen peroxide (H2O2) to convert ethanol to
acetaldehyde and brain levels of H2O2 are necessarily maintained at low levels.
Numerous studies have proposed – indirectly and speculatively – that acetaldehyde can
mediate the pharmacological effects of ethanol leading to addiction. The history of such studies
begins with the studies of Amit et al. who administered acetaldehyde directly into brain and a
long history of studies trying to link excessive ethanol consumption to formation of condensation
products of acetaldehyde and transmitter mono-amines to form tetrahydropalmatine (THP) like
products in brain. The theories emanating from such studies have been rejected because of
difficulties in finding acetaldehyde in brain at levels expected by the studies of Amit and
difficulties in demonstrating THP and other like alkaloids in brain of animals given ethanol and
blood or brain humans who consume ethanol. The current common approach is to study
enzymatic manipulations that alter the production and degradation of acetaldehyde. Results have
indicated that both peripheral and central acetaldehyde may contribute to drinking behavior. For
instance, inhibition of ADH1 reduced ethanol-induced conditioned place preference (CPP),
suggesting that peripherally derived acetaldehyde contributes to the motivational effect of
alcohol [333] Supporting central formation, acquisition of CPP was blocked by inhibiting brain
catalase activity [334]. Furthermore, peripheral and central sequestration of acetaldehyde – using
L-cysteine or D-penicillamine – reduced both acquisition and maintenance of oral ethanol selfadministration behavior [335-338]. Finally, peripheral [333, 339-341] and central [342, 343]
administration of acetaldehyde mimics alcohol’s neurobehavioral effects. But while the
pharmacological effects are clear, the role of acetaldehyde is less so. The aforementioned studies
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may intimate a role for acetaldehyde, but none rule out the possibility that ethanol exerts its
effects through its further downstream metabolite, acetate.
An alternative hypothesis: acetate as the molecular explanation for the genetic association
of alcohol metabolism genes with alcohol use disorder
Here we offer an alternative hypothesis to coalesce the genetic and behavioral studies.
Namely, we suggest acetate as a key contributor to the genetic component of AUD, and this
perspective simplifies and unifies many of the observations to date. From a behavioral
perspective, most studies implicating acetaldehyde do not eliminate a role for acetate, because
experimental designs used to manipulate acetaldehyde production and accumulation have the
same influence on acetate. In addition, the peripheral effects of ethanol are more easily explained
by acetate; unlike acetaldehyde, there is little debate that higher acetate levels are detected in
blood after ethanol intake [344-346] and significant amounts reach the brain [347]. Likewise, the
metabolic barrier presented by ALDH across the blood brain barrier produces additional acetate
that can access the brain. Ethanol escaping metabolism in liver and reaching the brain may also
be oxidized, thereby making it possible that the central effects of ethanol/acetaldehyde are
mediated by acetate. The possibility that brain tissue metabolizes ethanol still needs to be
demonstrated under measured alcohol drinking situations.
From a genetic perspective, a role of acetate as a contributor to AUD is also a reasonable
hypothesis. Peripherally derived acetate reaches the brain in large amounts, explaining the
association between alcohol metabolizing genes and AUD that has been rigorously determined
through genetic studies. In contrast, if catalase is indeed the main ethanol oxidation machinery in
brain, and if acetaldehyde indeed does not reach brain in appreciable amounts, it seems unlikely
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that acetaldehyde could be the main mediator of AUD because ADH and ALDH genes are the
ones associated with AUD.
Acetate from alcohol exerts its effects through histone acetylation
One possible mechanistic explanation of how acetate influences AUD at the molecular
level is through histone acetylation. Previous work showed that orally delivered acetate
supplementation in rats increased brain histone acetylation state. Specifically, acetate increased
the acetylation of brain histones while having no effect on liver histones. Additionally, this
phenomenon was mediated through inhibition of histone deacetylase (HDAC) protein levels –
and in particular HDAC2 – without altering histone acetyltransferase (HAT) activity [348].
Separate studies confirmed that HDAC2 protein levels are decreased in the amygdala of alcohol
preferring P rats after acute alcohol exposure and also showed that P rats innately express greater
HDAC2 protein in the amygdala than non-preferring NP rats [349, 350]. Besides displaying
higher alcohol preference compared to NP rats,[111, 351] P rats also exhibit heightened anxietylike behavior [352, 353]. Voluntary ethanol consumption (7% or 9% ethanol) produced
anxiolytic effects only in P rats, and HDAC inhibitors and HDAC2 siRNA normalized the
anxiety like behavior and attenuated the excessive alcohol intake [349, 350]. Taken together,
these results provide circumstantial evidence that acetate could mediate some of the behavioral
properties of aspects of alcohol and alcohol consumption.
Mews et al. [354] established with greater certainty the fact that acetate derived from
alcohol is responsible for altering brain histone acetylation. Using in vivo stable isotope labeling
in mice, the authors established that 1) acetate from alcohol metabolism contributed to rapid
acetylation of histones in brain both in the hippocampus and prefrontal cortex, 2) this occurred in
a chromatin-bound acetyl-CoA synthetase 2 (ACSS2) dependent fashion, and 3) much of this
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acetate was produced peripherally rather than centrally. Follow up functional experiments
showed that a myriad of genes undergo hyperacetylation in the dorsal hippocampus and,
subsequently, expression changes, in response to alcohol treatment. To ascertain that acetate per
se was responsible for the observed acetylation and expression changes in the brain, and not
another effect resulting from alcohol metabolism, they next supplemented primary hippocampal
neurons with acetate ex vivo. Many of the genes upregulated in vivo and ex vivo overlapped. Also
noteworthy, a separate in vivo study found alcohol induces altered expression for similar genes in
hippocampal neurons, suggesting acetate is the mediator of this effect [355]. In general, genes
whose expression was modulated displayed enrichment in functions that could be related to the
development of AUD (e.g., neuronal plasticity), and several individual genes have been directly
linked to alcohol use, drug related behavior, and addiction. As final evidence that alcohol’s
rewarding effects may also be mediated in part through acetate, the authors compared CPP in
wild type vs ACSS2-knockdown mice where the knockdown removes the pathway by which
alcohol derived acetate promotes acetylation and gene expression effects. Indeed, knockdown of
ACSS2 in the dorsal hippocampus greatly reduced the expression of CPP.
Acetate from alcohol exerts its effects through brain metabolism for energy.
These epigenetic changes may explain some of the persistent aspects of AUD attributable
to acetate derived from alcohol. Another, more immediate, potential avenue in which acetate
mediates some of the cerebral effects of alcohol is through caloric “reward” in the brain. Acetate
is endogenously produced by the body even in the absence of ethanol. Thus, in essence, acetate
from alcohol can enter the same metabolic paths as acetate not generated from alcohol. While the
brain normally relies on glucose for energy, acute alcohol exposure reduces glucose metabolism
and increases acetate uptake [356, 357]. Changes in brain glucose metabolism are sensitive to
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past histories of alcohol use [358]. For instance, circulating acetate levels [359] and brain acetate
uptake [356, 360] are increased in heavy drinkers compared to their social drinking counterparts.
Furthermore, those reporting a greater history of alcohol consumption likewise had greater
acetate uptake [356]. Enculescu et al. [361] observed changes in protein abundances for key
metabolic enzymes (e.g., glycolysis, trafficking, the cytoskeleton, and excitotoxicity) in AUD,
and suggested a switch from glucose to acetate utilization in AUD brain. Researchers have
therefore hypothesized that cessation of drinking in those afflicted with AUD may lead to
discomfort due to loss of acetate availability for brain metabolism, thereby promoting continued
drinking [356, 360]. Calories from alcoholic beverages in heavy drinkers can be as much as 50%
of total energy intake.[362] Notably, acetate supplementation in rats – made physically
dependent on alcohol – decreased alcohol withdrawal tremors [363]. After completion of this
work, we next wanted to probe the role APA plays in alcohol related phenotypes using a systems
genetics approach, which requires their identification and quantitation in the transcriptome.
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CHAPTER III
APTARDI PREDICTS POLYADENYLATION SITES IN SAMPLE-SPECIFIC
TRANSCRIPTOMES USING HIGH THROUGHPUT RNA SEQUENCING AND DNA
SEQUENCE2
___________________
2This

chapter was previously published in: Lusk R., et al., Aptardi predicts polyadenylation sites
in sample-specific transcriptomes using high-throughput RNA sequencing and DNA sequence.
Nat Commun. 12, 1652 (2021).
Introduction
Alternative polyadenylation (APA) is gene regulation mechanism by which a single gene
encodes multiple RNA isoforms with different polyadenylation (polyA) sites [104] (i.e., different
transcription stop sites/3’ termini). Most APA sites lead to identical protein products but variable
3’ UTR lengths [102]. APA has been associated with disease through many transcripts
displaying APA (e.g. cardiac hypertrophy [364], oculopharyngeal muscular dystrophy[365, 366],
breast cancer, and lung cancer [367]) and APA in an individual transcript (e.g. Fabry disease
[368], amyotrophic lateral sclerosis [369], metachromatic leukodystrophy [370], and
facioscapulohumeral muscular dystrophy [371]). Furthermore, differences in expression of APA
transcripts have been implicated in diseases [169] and are recognized as risk factors in complex
diseases [170]. Indeed, research suggests individual susceptibility to complex diseases is mainly
due to variation in gene regulation processes – such as APA – rather than variation in protein
coding sequence [96-99]. APA’s impact is expected given that it is pervasive, with more than
70% of human genes subjected to APA [163], and also far-reaching, as it modulates mRNA
stability, translation, nuclear export, and cellular localization, as well as the localization of the
encoded protein [102, 103] – often times through differences in miRNA binding availability.
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APA patterns are tissue specific [184, 185], and “choice” of polyA sites can be
influenced by physiological, environment, and disease states [104, 183]. This dynamic may
explain – at least in part – why polyA sites are often under annotated [191] and, furthermore,
why (the often times sparse) prior annotation is typically not relevant to the given set of
experimental conditions [372]. As a result, polyA sites often need to be re-defined for the
sample(s) of interest to gain insight into the role of APA in various processes and diseases (e.g.
are certain APA transcripts biomarkers of, or therapeutic targets for, a given disease state?).
There are three broad sequencing technologies utilized to identify polyA sites: 1) short-read
RNA-Seq, 2) direct 3’ end RNA sequencing, and 3) DNA sequence, but each possesses inherent
limitations for sample-specific identification of polyA sites (see Chapter I for a review).
To overcome current limitations, we introduce aptardi (alternative polyadenylation
transcriptome analysis from RNA-Seq data and DNA sequence information). Aptardi leverages
the information afforded by DNA nucleotide sequence information (from the appropriate
reference genome) and RNA-Seq, as well as the predilection of transcriptome assemblers to
accurately characterize splice junctions, in a use-all-data, multi-omics approach to create a
modified, sample-specific transcriptome that includes information on expressed polyA sites
(Figure 3.1). Specifically, harnessing the power of (supervised) machine learning, we trained
aptardi to detect polyA sites from DNA nucleotide sequence and RNA-Seq read coverage by
training on polyA sites identified by 3’ sequencing. Using what it learned, aptardi makes
predictions from DNA sequence and RNA-Seq alone, alleviating the burden of generating 3’
sequencing data. The program evaluates initial transcripts in the input original transcriptome to
identify expressed polyA sites in the biological sample and refines transcript 3’ ends accordingly
and outputs its results to a modified transcriptome (as a General Feature Format [GTF] file).
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Additionally, aptardi’s input is simple to compile and its output is easily amenable to
downstream analyses such as quantitation and differential expression.
RNA
sequencing
(FASTQ)

Genome
aligner
Aligned reads
(sorted BAM)

Transcriptome
assembler
Original
transcriptome
(GTF)*

DNA sequence
(FASTA)

aptardi

Downstream
analyses

*Reference transcriptome (GTF)

aptardi modified
transcriptome
(GTF)

Figure 3.1. Overview for using aptardi. Aptardi requires three files as input: 1) FASTA file of
DNA sequence with headers by chromosome, 2) sorted Binary Alignment Map (BAM) file of
reads aligned to the genome, and 3) General Feature Format (GTF) file of transcript structures.
Blue boxes represent software. Yellow writing/boxes indicate aptardi incorporation. Note
transcript structures can be derived from a reference transcriptome (i.e., Ensembl annotation) in
lieu of the original transcriptome generated from a transcriptome assembler.
Methods
Aptardi design
The overall goal of aptardi is to accurately identify the polyA sites of expressed
transcripts in a given biological sample. Specifically, aptardi analyzes the modified 3’ terminal
exon (see the Transcript processing section below for details on 3’ terminal exon modification)
of previously annotated transcripts and, using relevant RNA-Seq data and DNA sequence in a
machine learning environment, identifies locations of expressed polyA sites in the region.
Aptardi then annotates the 3’ termini to match these locations and outputs these transcript
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structures to the transcriptome (in GTF format) that can be easily incorporated into to
downstream analyses. Note that aptardi does not evaluate the intron chain structure of transcripts,
i.e., it only examines the modified 3’ terminal exon of each transcript structure and alters the 3’
terminus location(s) accordingly. Also note that aptardi outputs all original transcript structures
from the original transcriptome in addition to transcripts identified through its analysis, i.e., the
program only adds transcripts.
Datasets
A total of five unique datasets, hereafter referred to as HBR, 2nd HBR, UHR, BNLx, and
SHR, were subjected to aptardi’s machine learning pipeline. In addition to RNA-Seq
measurements, each dataset required DNA sequence, a transcriptome, and – since each was used
to build a machine learning model – a “gold standard” data source providing locations of
expressed, i.e. “true” polyA sites. HBR, 2nd HBR, and UHR are well-established RNA reference
samples from the MAQC/SEQC consortium [373] (see RNA sequencing datasets for more
details). BNLx and SHR represent two inbred rat strains: the congenic Brown Norway strain
with polydactyly-luxate syndrome (BN-Lx/Cub) and the spontaneous hypertensive rat strain
(SHR/OlaIpcv), respectively.
DNA sequence datasets
For BNLx and SHR, strain-specific genomes were generated from the rn6/Rnor_6.0
version of the rat genome [133] and are publicly available on the PhenoGen website. The human
reference genome (hg38/GRCh38), accessed via the UCSC Genome Browser [374], was utilized
for the HBR, 2nd HBR, and UHR DNA sequence datasets.
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RNA sequencing datasets
The HBR and 2nd HBR RNA-Seq datasets were derived from the Human Brain Reference
(multiple brain regions of 12 donors, Ambion, p/n AM6050), and the UHR RNA-Seq dataset
was derived from the Universal Human Reference (10 pooled cancer lines, Stratagene, p/n
740000). Each of these datasets were accessed from the Sequence Read Archive (SRA) using the
SRA Toolkit (v.2.8.2) as publicly available data (HBR [375]: Accession: PRJNA510978, SRA
runs: SRR8360036-37; 2nd HBR and UHR [376]: Accession: PRJNA362835, 2nd HBR SRA
runs: SRR5236425-30, UHR SRA runs: SRR5236455-60; BNLx and SHR [132]: Accession:
GSE166117, BNLx: GSM5061950-52, SHR: GSM5061947-49). Briefly, all libraries were
generated with the TruSeq stranded (HBR, 2nd HBR, UHR) or unstranded (BNLx and SHR)
mRNA sample preparation kit (Illumina), sequenced on a HiSeq2500 Instrument (Illumina), and
sequencing results processed to FASTQ files. The HBR RNA-Seq dataset originated from 1 µg
RNA starting material, while 100 ng input was used for 2nd HBR and UHR RNA-Seq datasets.
For more detailed descriptions on these publicly available data, see Palomares et al. [375] (HBR)
and Schuierer et al. [376] (2nd HBR and UHR). For BNLx and SHR, RNA‐seq libraries prepared
from the polyA+ fraction were constructed using the Illumina TruSeq RNA Sample Preparation
kit from one μg of brain RNA in accordance with the manufacturer's instructions. Four μL of a
1:100 dilution of either ERCC Spike-In Mix 1 or Mix 2 (ThermoFisher Scientific) were added to
each extracted RNA sample. An Agilent Technologies Bioanalyzer 2100 (Agilent Technologies)
was utilized to assess sequencing library quality. RNA samples from three biological replicates
per strain were processed and sequenced [132]. All reads were paired-end but differed in read
length (HBR, BNLx, and SHR: 2X100, 2nd HBR and UHR: 2X75). Individual FASTQ files were
assessed for quality using FastQC (v.0.11.4,
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https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and, if necessary, reads were
trimmed with cutadapt [377] (v.1.9.1). For the purpose of read coverage used by the aptardi
algorithm, reads from technical replicates (HBR = 2, 2nd HBR = 3, UHR = 3) or biological
replicates (BNLx = 3, SHR = 3) were concatenated and aligned to their respective genomes (see
DNA sequence datasets section for more details) using HISAT2 [378] (v.2.1.0) with the --rnastrandness (when appropriate) and --dta options specified as recommended for transcriptome
assembly with StringTie [191] (see Transcriptome datasets below for more details) and otherwise
default arguments (see Supplementary Table 5 for alignment results). After alignment, SAMtools
[379] (v.1.9) was used to remove unmapped reads and convert the output to a sorted Binary
Alignment Map (BAM) file required as input by aptardi.
True polyadenylation sites datasets
True polyA sites (i.e., labels for machine learning) were taken from Derti et al. [208] for
all datasets. Namely, total RNA from the same UHR and HBR RNA reference samples, as well
as brain total RNA from the Sprague Dawley rat (Zyagen, p/n RR-201), were subjected to
PolyA-Seq analysis to identify the genomic locations of expressed polyA sites in each sample
(for more information, see Derti et al. [208]). High quality filtered polyA sites from each RNA
sample were accessed using the UCSC Table Browser [380], and liftOver [381] (from the UCSC
Genome Browser Group) was used to convert the genomic coordinates to the most recent human
genome assembly (hg38/GRCh38) for the HBR and UHR samples, or rat genome assembly
(rn6/Rnor_6.0) for the rat brain sample. PolyA sites identified in the HBR and UHR RNA
reference samples were used for the corresponding HBR, 2nd HBR and UHR datasets, and those
identified in the rat brain were used for both BNLx and SHR. Derti et al. [208] uploaded
technical replicates to UCSC Table Browser for each RNA sample; however, since polyA sites
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within 30 bases were clustered into the single site with greatest expression, and since this was
done separately for each dataset, we utilized only a single dataset for each sample, i.e. technical
replicates were not combined.
Original transcriptome generation
StringTie [191] (v.1.3.5) was used to reconstruct the transcriptome expressed in each
dataset from their RNA-Seq data, hereafter referred to as the original transcriptome. Ensembl
[382] (v.99) reference annotation from the respective species was provided to guide the StringTie
reconstruction. We note that a user can simply use reference annotation directly, i.e. Ensembl
annotation, in lieu of performing transcriptome assembly that takes into account expression, i.e.
StringTie. If the RNA-Seq data were stranded, the read orientation was specified as an argument
to StringTie. Transcript structures from scaffold chromosomes and unstranded contigs, if present,
were removed.
The data processing pipeline
Transcript processing
Using the original transcriptome, the 3’ terminal exons of transcripts were isolated. Each
transcript’s 3’ terminal exon was extended 10,000 bases plus two times the bin size (i.e., 10,200
bases for the default 100 base bin size) similar to what has been done previously [205, 206].
Extensions overlapping any neighboring transcripts (on the same strand) were shortened to
remove the overlap. RNA-Seq coverage at single-nucleotide resolution was obtained via bedtools
genomecov (BEDtools [383]; v2.29.2) and, similar to the criteria employed by Ye et al. [206]
and Miura et al. [384], used to refine each of these 3’ terminal exons, hereafter referred to as
modified 3’ terminal exons (see Supplementary Information for more details.) The refinement

76

step either shortened the extended 3’ terminal exon or kept it the same length to give the
modified 3’ terminal exon.
Feature extraction
Features were engineered in 100 base increments along the modified 3’ terminal exon,
referred to hereafter as bins. For each bin, a total of 27 features were engineered and can be
broadly classified as being derived from DNA sequence or RNA-Seq data. In both cases,
information from the local environment, i.e., the 100 bases upstream and downstream the bin, as
well as the bin itself, (300 bases total) was used.
DNA sequence features
The choice of DNA sequence features was made through a combination of an exhaustive
literature review [178, 187, 385-392] and evaluation of other algorithms that use DNA sequence
to predict polyA sites [180, 181, 393, 394]. Perhaps the most well-known indicator of
polyadenylation is the polyadenylation signal (PAS), a conserved hexamer located ~10-35
nucleotides upstream the polyA site. Overrepresented sequences of DNA, or DNA sequence
elements, also influence polyadenylation, and the location of these sequences are often described
relative to the PAS. As such, DNA sequence features were engineered by first identifying the
presence of several known PAS’s. Specifically, for each bin, a six base sliding window scanned a
predefined region to detect the presence or absence (binary indicator of 1/-1) of 1) the canonical
PAS (AATAAA), 2) its major variant (ATTAAA), 3) a second common variant (AGTAAA),
and 4) any one of nine other minor variants (AAGAAA, AAAAAG, AATACA, TATAAA,
GATAAA, AATATA, CATAAA, AATAGA[178, 187, 385, 386]) for four total PAS features.
Subsequently, regions relative to the PAS (if present, otherwise predefined regions relative to the
current bin) were likewise scanned using a sliding window approach to determine frequency of

77

the following known DNA sequence elements: 1) a G-rich region downstream the PAS, 2) a
downstream region near the PAS enriched in TTT, 3) a downstream region near the PAS
enriched in GT/TG, and 4) a downstream region near the PAS enriched in GTGT/TGTG, 5) a Trich region immediately downstream of the PAS, 6) a T-rich region upstream the PAS, 7) a
TGTA/TATA-rich region upstream the PAS, and 8) a AT-rich region upstream and downstream
the PAS[178, 187, 387-392] for an additional 8 features (12 DNA sequence features total). If the
frequency of the given DNA sequence element was above an enrichment threshold, the feature
was encoded 1, otherwise -1. (See Supplementary Information for more details.)
RNA sequencing features
From the RNA-Seq data, coverage at single nucleotide resolution was determined using
BEDtools[383] (v2.29.2). The approach for designing RNA-Seq features was to exploit localized
fluctuations in RNA read coverage similar to that implemented by tools designed for APAspecific analysis from RNA-Seq data [205-207]. Intuitively, upstream but in close proximity to
the end of a transcript, coverage is expected to begin to decrease gradually until its end. As a
result, changes in expression were utilized when designing RNA-Seq features in two scenarios:
1) intra- and 2) inter-bin. In both cases, three regions were defined: an upstream region, a middle
region, and a downstream region (Supplementary Figure 4). Changes in expression between
these regions were quantified using various mathematical combinations of coverage values in
each region to generate 14 unique features (see Supplementary Information for more details). To
account for local variability in RNA-Seq coverage, median coverage values in each region were
used.
A final feature was derived from the original transcriptome. If the 3’ base of any
annotated transcript from the original reconstruction was located within a bin, this feature was
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encoded 1, otherwise -1. Supplementary Figure 5 summarizes the data processing pipeline prior
to machine learning.
Building aptardi
The machine learning task is two class classification (polyA site or no polyA site) of each
100 base bin. Supervised learning was used where labels for training were provided from the
polyA sites datasets (see PolyA sites datasets for more details). A BiLSTM [220, 221, 395, 396]
was implemented using the Keras (v.2.3.1) wrapper for TensorFlow (v.2.0.0). This machine
learning paradigm was chosen because of its design to analyze sequential data, i.e. it takes into
account all the 100 base bins of a given transcript when learning model parameters for each
individual bin. Each direction of the biLSTM consisted of 20 nodes (40 total), and this layer was
followed by a fully connected dense layer with a sigmoid activation function that outputs a
probability value. Of note, the biLSTM outperformed traditional classifiers such as Random
Forest (RF) and Support Vector Machine (SVM) models (biLSTM: AP = 0.58, F-measure =
0.52; RF: AP = 0.42, F-measure = 0.39; SVM: AP = 0.37, F-measure = 0.33; numbers shown are
on the testing set using the HBR dataset).
Training aptardi
To prevent duplicate bins, overlapping modified 3’ terminal exons were merged prior to
training. Additionally, all merged modified 3’ terminal exons were masked to a length of 300
bins (30,000 bases total) to generate equal lengths, which is required for the sequential model. A
total of 778,166 bins were present, of which 42,977 possessed a polyA site out of 94,322 polyA
sites annotated by the PolyA-Seq data (for the HBR dataset). Merged modified 3’ terminal exons
were split into 60/20/20 training, validation, testing sets, respectively. Quantitative measures
were standardized using the training set, and the training set was used to build the model in 25
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epochs. Due to the high imbalance of the data, class weights were used during training. Model
weights were optimized using a binary cross entropy loss function and Adam [397] optimizer.
Precision and recall metrics on the training and validation sets were monitored during training to
prevent overfitting, and the model that produced the minimum loss was kept. For evaluation
purposes (see Results), individual prediction models were generated from each of the five
datasets.
Evaluating aptardi
Precision, recall, and F-measure at the default probability threshold (0.5) were used to
evaluate model performance defined as follows:
𝑃=

𝑇𝑝
𝑇𝑝 + 𝐹𝑝

(3.1)

𝑅=

𝑇𝑝
𝑇𝑝 + 𝐹𝑛

(3.2)

𝐹 =2∗

(𝑃 ∗ 𝑅)
(𝑃 + 𝑅)

(3.3)

where 𝑇𝑝 = 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒, and 𝐹𝑝 = 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒, 𝐹𝑛 = 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒, 𝑃 =
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, 𝑅 = 𝑟𝑒𝑐𝑎𝑙𝑙, and 𝐹 = 𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒
To generalize model performance over the range of probability thresholds, average precision was
used in place of the receiver operating curve due to the highly imbalanced nature of the data
[398] (far fewer bins with polyA sites than bins without a polyA site):
𝐴𝑃 = ∑ (𝑅𝑛 − 𝑅𝑛−1 )𝑃𝑛
𝑛

(3.4)

where 𝐴𝑃 = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑅𝑛 and 𝑃𝑛 are the precision and recall at the 𝑛𝑡ℎ threshold,
respectively.
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Integrating aptardi results with the original transcriptome
For 100 base bins where a polyA site is predicted, transcript structures are annotated to
the 3’ most base position unless either 1) the input transcript’s stop site is already in the region or
2) the 3’ most base position is within 100 bases of the input transcript’s stop site. Any aptardi
transcript structures were added to the original transcriptome, and this aptardi modified
transcriptome was outputted as a GTF file.
Choice of bin size
To assess the impact of bin size, 25, 50, and 150 base bins were used to train the aptardi
prediction model on the HBR dataset in an otherwise identical manner to the original 100 base
bin. The average precision on the testing set was 0.41, 0.51, and 0.61 for the 25, 50 and 150 base
bins, respectively, compared to 0.58 for the original 100 base bin. Additionally, the F-measure
on the testing set was 0.35, 0.46, and 0.52, respectively, compared to 0.52 for the for the original
100 base bin. Based on these results, 100 base bins were utilized to build the pre-existing aptardi
prediction model. Higher resolution bin sizes may be appropriate depending on the dataset (e.g.,
RNA-Seq library preparation), species, etc. and bin size can be specified as a parameter when
using the aptardi pipeline.
Software
A user has the option of using the pre-existing aptardi prediction model or building a
prediction model (if a reliable true polyA sites dataset is available). The pre-built model, i.e., the
aptardi prediction model, provided on the aptardi GitHub repository
(https://github.com/luskry/aptardi) was generated from the HBR dataset [375]. Several other
algorithm options are available.
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TAPAS analysis
TAPAS (Tool for Alternative Polyadenylation site AnalysiS) predicts the locations of
polyA sites from RNA-Seq and reference annotation (genome or transcriptome) [207]. Its
performance was evaluated on HBR, specifically using the HBR RNA-Seq data and
StringTie/Ensembl original transcriptome. Since TAPAS makes predictions on noncoding
sequence coordinates of transcript models (i.e., 3’ UTRs), the 3’ terminal exon of each transcript
was provided as the noncoding region, and default arguments were used. The TAPAS polyA site
prediction program (APA_sites_detection) was used here and accessed via its GitHub repository
(https://github.com/arefeen/TAPAS).
APARENT analysis
APARENT (APA REgression NeT) predicts the locations of polyA sites from DNA
sequence [399]. Its performance was evaluated using the human reference genome
(hg38/GRCh38) and transcript structures generated from the HBR StringTie/Ensembl original
transcriptome. Specifically, similar to that for aptardi, the 3’ terminal exon of each of the
113,923 transcript models in the original transcriptome were extracted. Since APARENT
requires DNA sequences to be greater than or equal to 205 nucleotides and less than or equal to
10,000 nucleotides, 20,658 3’ terminal exons were removed from the analysis. For the remaining
93,265 3’ terminal exons, the DNA sequence was extracted using BEDtools (v2.29.2). For 3’
terminal exons on the negative strand, the reverse complement sequence was used. The
APARENT model (aparent_large_lessdropout_all_libs_no_sampleweights.h5) from its GitHub
repository (https://github.com/johli/aparent) was used to predict the locations of polyA sites
using default parameters.
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CFIm25 knockdown analysis
RNA-Seq from HeLa cells and RNA-Seq after RNA interference on HeLa cells was used
to generate the control RNA-Seq dataset and the treatment CFIm25 knockdown RNA-Seq
dataset that induces APA switching, respectively. The RNA-Seq datasets were accessed from
SRA as publicly available data (Accession: PRJNA182153, control SRA run: SRR1238549,
CFIm25 knockdown SRA run: SRR1238551). The RNA-Seq library preparation was unstranded,
and 100 base paired end reads were sequenced on an Illumina HiSeq 2000 instrument (see
Masamha et al. [400] for more details). Reads were processed in a manner identical to all other
datasets to produce a sorted BAM file (see Supplementary Table 6 for alignment results). An
original transcriptome using StringTie/Ensembl (without the read orientation argument) and an
aptardi modified transcriptome were generated for each RNA-Seq dataset (four total). The
aptardi prediction model produced using the HBR dataset was used to generate the aptardi
modified transcriptomes.
Mouse tissue analysis
RNA-Seq from mouse brain and liver tissues were taken from Li et al. [401] and accessed
from SRA as publicly available data (Accession: PRJNA375882, brain SRA runs: SRR5273637
and SRR5273673, liver SRA runs: SRR5273636 and SRR5273672). The two SRA runs per
tissue represent technical replicates from one biological sample – namely six-week old female
C57BL/6JJcl mice. Briefly, libraries were constructed using polyA selection and the Illumina
TruSeq RNA-Seq library protocol and sequenced using an Illumina HiSeq platform to generate
100 base, paired end, and unstranded reads. Reads were trimmed for quality and adapter content
with Trimmomatic [402] (v.0.39), and the two technical replicates per tissue were aligned
together to the mm10/GRCm38 genome using HISAT2 (v.2.1.0; see Supplementary Table 3 for
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alignment results). An original transcriptome was generated using StringTie (v.1.3.5) and the
mouse Ensembl (v.102) annotation as a guide and otherwise default settings. BALB/c mouse
brain and liver PolyA-Seq data from Derti et al. were used to define the tissue-specific true
polyA sites. Namely, high quality filtered true polyA sites were accessed using the UCSC Table
Browser, and liftOver (from the UCSC Genome Browser Group) was used to convert the
genomic coordinates to the most recent mouse assembly. Tissue specific polyA sites in brain and
liver were defined as polyA sites in the given tissue PolyA-Seq dataset not within 100 bases of
any polyA site in the other tissue PolyA-Seq dataset. The mouse reference genome
(mm10/GRCm38), accessed via the UCSC Genome Browser was used for DNA sequence for
both tissues. Comparisons between the polyA sites from the given PolyA-Seq data and
transcriptome were done by defining that a transcript annotated a polyA site if its 3’ terminus
was within 100 bases of the site.
Rat differential expression analysis
To generate a single transcriptome representing both rat strains, their genome-aligned
RNA-Seq data were merged using SAMtools [379] (v.1.9) followed by the production of an
original transcriptome using the merged RNA-Seq dataset and StringTie/Ensembl (without the
read orientation argument). The aptardi modified transcriptome was produced using the original
transcriptome as input, along with the merged RNA-Seq data, the rn6/Rnor_6 DNA sequence
(accessed via the UCSC Genome Browser [374]), and the aptardi prediction model built from
HBR. RSEM[257] (v.1.2.31) was used to estimate the abundances of the isoforms identified
within each transcriptome (the original transcriptome and aptardi modified transcriptome). Prior
to quantitation, transcripts from scaffold chromosomes and unstranded contigs were removed
from both transcriptomes. Isoform level expression estimates were determined for each
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biological sample (BNLx = 3, SHR = 3). Isoforms without at least 50 counts in two of the three
biological replicates for at least one strain were removed, and differential expression between the
two strains (with BNLx as reference) were evaluated using DESeq2 [264] (v.1.28.0) for the
remaining set of isoforms in each transcriptome (Supplementary Figure 6 summarizes these
analysis steps). A significance threshold of 0.001 was applied to the unadjusted p-values to allow
for comparisons across the two datasets (original transcriptome and aptardi modified
transcriptome) that differ in the number of transcripts tested.
Data availability
All data are publicly available. The genomic sequence data that support the findings of
this study are available on the UCSC Genome Browser (human: hg38/GRCh38, rat:
rn6/Rnor_6.0, mouse: mm10/GRCm38, http://genome.ucsc.edu/) and PhenoGen (BNLx: BNLx/CubPrin, SHR: SHR/OlaIpcvPrin, https://phenogen.org/). The polyadenylation sites from
PolyA-Seq data that support the findings of this study are available on the UCSC Table Browser
(https://genome.ucsc.edu/). The polyadenylation sites from PolyA_DB and PolyASite 2.0 that
support the findings of this study are available on their respective websites (PolyA_DB:
https://exon.apps.wistar.org/PolyA_DB/v3/, PolyASite 2.0: https://polyasite.unibas.ch/). The
RNA sequencing data that support the finding of this study are available on the NCBI Sequence
Read Archive (Human Brain Reference RNA sequencing: Accession: PRJNA510978
[https://www.ncbi.nlm.nih.gov/bioproject/PRJNA510978/], SRA runs: SRR5236425-30; 2nd
Human Brain Reference and Universal Human Reference RNA sequencing: Accession:
PRJNA362835 [https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA362835], 2nd HBR SRA
runs: SRR5236425-30, UHR SRA runs: SRR5236455-60; Control vs CFIm25 knockdown RNA
sequencing: Accession: PRJNA182153
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[https://www.ncbi.nlm.nih.gov/bioproject/PRJNA182153/], control SRA run: SRR1238549,
CFIm25 knockdown SRA run: SRR1238551; Mouse tissue analysis RNA sequencing:
Accession: PRJNA375882[https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA375882
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA375882], brain SRA runs: SRR5273637
and SRR5273673, liver SRA runs: SRR5273636 and SRR5273672). The BNLx and SHR RNA
sequencing that support this study have been deposited in NCBI Sequence Read Archive with the
primary accession code GSE166117
[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE166117 ] (BNLx: GSM5061950-52;
SHR: GSM5061947-49).
Code availability
The software aptardi [403] is maintained on its GitHub repository
(https://github.com/luskry/aptardi).
Results
Construction of multi-omics model for identification of polyadenylation sites
The initial dataset used for developing the aptardi model was derived from Human Brain
Reference [373] (HBR) RNA using Illumina’s TruSeq stranded mRNA sample preparation kit to
generate 100 base, paired end reads [375]. The transcriptome reconstruction contained 113,923
transcripts (excluding those from scaffold chromosomes) with 94,369 unique transcript termini,
and the corresponding PolyA-Seq data contained 94,322 polyA sites in this sample. Throughout
this manuscript we refer to the polyA sites identified from PolyA-Seq [208] as “true” polyA sites
to distinguish them from polyA sites predicted by a computational algorithm, but we
acknowledge that there are false negatives and false positives among the PolyA-Seq derived
polyA sites. After transcript processing (see Methods) and integration with the PolyA-Seq data –
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generated from the same HBR RNA – 70,748 transcript models with zero to 50 true polyA sites
per transcript model were used for learning and evaluating the aptardi prediction model. The
modified 3’ terminal exons of these transcript models were binned into 100 base increments for
machine learning, and 14 RNA-Seq features, 12 DNA sequence-related features, and one feature
derived from the original transcriptome were calculated for each bin.
As examples of DNA sequence derived features, the presence of the three strong polyA
signals (5’-AATAAA-3’, 5’ATTAAA-3’, and 5’-AGTAAA-3’) in each 100 base bin as a
function of whether the bin also contained a polyA site are shown in Figure 3.2a. Each strong
polyA signal demonstrated enrichment (AATAAA: 2 = 80,837, p-value < 0.0001; ATTAAA:
2 = 15,012, p-value < 0.0001; AGTAAA: 2 = 1,378, p-value < 0.0001 ). For instance, of the
100 base bins that possessed a true polyA site via PolyA-Seq, over half also possessed
AATAAA. In contrast, only approximately 10% of bins that did not contain a polyA site had the
AATAAA signal. This enrichment was observed for all binary features, i.e. all the DNA
sequence features and the original transcriptome end location feature (Supplementary Figure 1a).
The strong polyA signals were also independently associated with the presence of a polyA site.
Likewise, the distribution of the quantitative RNA-Seq features, e.g. the inter-bin RNA-Seq
features (Figure 3.2b) differed based on the presence or absence of a true polyA site (although no
one feature distinguishes the true polyA sites perfectly) and this was also seen for the intra-bin
RNA-Seq features (Supplementary Figure 1b) . Furthermore, features derived from DNA
sequence and RNA-Seq were independent of one another across omics type but were often
correlated within an omics category (Figure 3.2c).
When aptardi was built using only features derived from RNA-Seq or only features
derived from DNA sequence, the average precision (AP) in the testing dataset was significantly
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greater than simply relying on the polyA sites identified in the original transcriptome (Figure
3.2d). Furthermore, when the RNA-Seq features and the DNA sequence features were combined,
the multi-omics model had higher AP than either single-omics model (multi-omics AP = 0.58,
DNA-only AP = 0.41, RNA-only AP = 0.44). Using a specific prediction threshold (probability
> 0.5), the precision in the multi-omics model (0.74) increased from the DNA-only model (0.65)
but only modestly increased from the RNA-only model (0.71); however, the recall dramatically
improved compared to both single-omics models (multi-omics recall = 0.39, DNA-only recall =
0.18, RNA-only = 0.24; Figure 3.2e). The F-measure was similarly greater in the multi-omics
model than either single-omics model (multi-omics = 0.51, DNA-only = 0.28, RNA-only =
0.36). In addition, performance results were consistent across five random splits of the data for
training/validation/testing, and the results displayed above are the averages across the five splits.
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Figure 3.2. DNA sequence and RNA sequencing (RNA-Seq) features are individually
associated with polyadenylation (polyA) sites. a, The percent of 100 base bins containing each
of the three strong polyA signals stratified by the bin not containing (blue) or containing (orange)
a polyA site. b, Distribution of the inter-bin RNA-Seq features for each 100 base bin stratified by
the bin not containing (blue) or containing (orange) a polyA site (RNA-Seq ratio features were
standardized using the training set). c, RNA-Seq features and DNA sequence features display
little correlation (two-sided Pearson Product-Moment) across omics type. The combination of
RNA-Seq information and DNA sequence information improves d, average precision and e,
precision and recall at a specific prediction threshold (probability > 0.50) over each separately.
For both d and e, data are presented as mean values +/- standard deviation on the test set (n = 5
random train-validate-test splits). Data shown are from the Human Brain Reference dataset.
The relative contributions of the individual DNA sequence features were further explored
by generating aptardi models for each DNA sequence feature that either 1) included all other
features but the DNA sequence feature or 2) removed all other DNA-derived features but the
DNA sequence feature (i.e., all of the RNA-Seq features and the original transcriptome feature
were also still included) and evaluating performance on the testing split. Unsurprisingly, the
greatest reduction in performance from leaving out any single DNA sequence feature came from
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removing the canonical polyA signal (AP = 0.52 vs 0.58 in full model, F-measure = 0.45 vs 0.52
in full model), and the greatest improvement by including any single DNA sequence feature was
from this feature as well (AP = 0.54 vs 0.47 without any DNA-derived features , F-measure =
0.47 vs 0.39 without any DNA-derived features).
Evaluation of the generalizability of aptardi
To evaluate the generalizability of the aptardi prediction model, we asked two questions:
1) does the performance of the aptardi prediction model, built on the HBR dataset, remain
consistent across diverse datasets, and 2) are the performances of prediction models built on
alternative datasets comparable to the aptardi prediction model (built from the HBR dataset)? To
answer these questions, we analyzed four alternative datasets. These datasets were chosen
because they had sufficient similarities and differences to assess the applicability of the aptardi
prediction model (Supplementary Table 1). Namely, an additional Human Brain Reference RNA
dataset was included that was derived from the same Human Brain Reference RNA sample but
processed and sequenced in another laboratory (2nd HBR), and this laboratory also produced
another dataset we included from Universal Human Reference (UHR) RNA[376]. To include a
cross-species comparison and to examine similar tissue across two genetically different
individuals, we also used data derived from two inbred rat strains; the congenic Brown Norway
strain with polydactyly-luxate syndrome (BN-Lx/Cub; BNLx) and the spontaneously
hypertensive rat strain (SHR/OlaIpcv; SHR). All true polyA sites were derived from 3’
sequencing PolyA-Seq data; true polyA sites for the HBR and UHR datasets were from the same
corresponding RNA, whereas the true polyA sites for the two rat datasets were derived from
Sprague Dawley rat brain RNA[208].
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We first examined whether users can confidently apply the aptardi prediction model, built
from the HBR dataset, on their own datasets (i.e., on a dataset not used to train the model) by
comparing its performance on the four alternative datasets not used to train the model. The AP of
the HBR-based aptardi prediction model across the four other datasets ranged from 0.55 to 0.63,
whereas the AP of this HBR aptardi prediction model on its own HBR dataset was 0.65 (Figure
3.3; orange bars). Specifically, its performance on the other human RNA samples (2nd HBR and
UHR) only differed in AP by two percentage points (AP = 0.63 for each), but on the BNLx and
SHR rat brain datasets the HBR-based aptardi prediction model performed more modestly (AP =
0.55 for each). Similar results were observed for F-measures (HBR = 0.56, 2nd HBR = 0.51,
UHR = 0.53, BNLx = 0.47, SHR = 0.48). The major differences between the two rat datasets and
the HBR dataset include species, strandedness of the library preparation (rat samples were
unstranded), and the inexact matching between RNA-Seq and PolyA-Seq RNA sources.
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Figure 3.3. The machine learning pipeline used to build aptardi is robust to different
datasets and the aptardi prediction model generated from the Human Brain Reference
dataset is applicable across diverse datasets. Blue bars indicate the performance of the datasetspecific prediction model on its own dataset, i.e., the model was built and evaluated on a single
dataset. Orange bars represent the performance of the aptardi prediction model – built from the
Human Brain Reference dataset – on the given dataset (x-axis).
Also for the four alternative datasets, we built dataset-specific prediction models and
compared their performance on their own dataset to the performance of the HBR-based aptardi
prediction model on the given dataset to demonstrate the robustness of the machine learning
pipeline used to build the aptardi prediction model. For all four datasets, the increase in AP when
the same dataset for training the prediction model is used for evaluating the prediction model (as
opposed to the performance of the HBR aptardi prediction model on the same given dataset) was
minimal, i.e., less than or equal to 2 percentage points (Figure 3.3). Furthermore, the similarity
(within two percentage points) of the AP between the training, testing, and analysis (i.e., not
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merging transcripts; see Methods) sets demonstrate the aptardi prediction model is not prone to
overfitting and, when these intra- and inter- model/dataset comparisons with the HBR dataset
were extended to each of the four datasets, similar results were achieved (Supplementary Figure
2).
Performance of aptardi on other true polyadenylation sites datasets
Other polyA site datasets in the literature report polyA sites aggregated from multiple
samples and sources, such as PolyASite 2.0[404] and PolyA_DB 3[405]. While aptardi was
designed to make sample-specific predictions, we evaluated the performance of the aptardi
prediction model (built from HBR) on these more extensive true polyA sites datasets using the
HBR RNA-Seq data and hg38/GRCh38 human genome. For each polyA site cluster listed by
PolyASite 2.0, the representative polyA site was used. PolyASite 2.0 and PolyA_DB 3 contained
569,005 and 289,998 annotated polyA sites leading to 102,774 and 86,685 polyA site bins,
respectively (compared to 42,977 polyA site bins using the HBR PolyA-Seq data) out of the
778,166 bins produced from the transcript processing of HBR. As expected, the precision
increased (PolyASite 2.0 = 0.85, PolyA_DB_3 = 0.88) and the recall decreased (PolyASite 2.0 =
0.18, PolyA_DB = 0.22) compared to the aptardi prediction model’s performance on its testing
dataset (precision = 0.71, recall = 0.41).
Improvement of 3’ end annotation in the transcriptome map by aptardi
The overarching goal of aptardi is to yield an updated, sample/experiment-specific
transcriptome map from the original transcriptome with more accurately annotated 3’ ends of
expressed polyadenylated transcripts. As such, aptardi was primarily benchmarked by comparing
how it improved upon the reconstruction generated by the popular assembler StringTie[191]. The
StringTie assembly also incorporated Ensembl[382] (v.99) annotation, which helps guide its
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reconstruction – especially at 3’ ends. Note that aptardi outputs all original transcript structures
from the input transcriptome (i.e., original transcriptome) in addition to those annotations
identified by the program.
Of the 113,923 transcripts in the original transcriptome from the HBR sample (i.e.,
StringTie used the HBR sample RNA-Seq data and existing Ensembl annotation to generate the
original transcriptome), only 39,842 (35%) had a 3’ terminus that corresponded to a true polyA
site (+/- 100 bases). When the aptardi prediction model was incorporated, 27,853 transcript
annotations were added to the original transcriptome where the polyA site/3’ terminus differed
from its original transcript structure. Of these additional 27,853 transcripts, 22,846 (82%)
matched the location of a true polyA site in the HBR PolyA-Seq data (+/- 100 bases), meaning
the majority of aptardi transcript structures incorporated into the original transcriptome had
accurate polyA site annotation (Figure 3.4). Furthermore, the confusion matrix of predictions
made by the aptardi prediction model on each 100 base increment (i.e., bin) improved the true
positive to false positive ratio compared to the original transcriptome (produced by StringTie)
while simultaneously decreasing the number of false negatives in favor of true negatives
(Supplementary Figure 3).
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Figure 3.4. Incorporating aptardi transcripts into the original transcriptome improves the
ratio of true positive to false positive 3’ termini compared to the original transcriptome and
compared to the Tool for Alternative Polyadenylation site AnalysiS (TAPAS) analysis on
the original transcriptome. Results from transcripts added by aptardi to the original
transcriptome are shaded in dark. Transcripts whose 3’ terminus was plus or minus 100 bases of
a true polyadenylation site from PolyA-Seq data were considered a true positive and otherwise
counted as a false positive. Data shown are from the Human Brain Reference dataset.
We next compared aptardi to TAPAS[207] – identified by Chen et al.[197] as the top
performer for characterizing APA from RNA-Seq – using the same 100 base distance cutoff to
define true positives (i.e., if a TAPAS prediction was within 100 bases of any true polyA site in
the HBR PolyA-Seq data it was considered a true positive, otherwise it was a false positive). The
aptardi pipeline identified the 3’ termini correctly for 62,688 transcripts compared to 3’ termini
of 22,804 transcripts using TAPAS. Although the number of transcripts with a false positive 3’
terminus was higher in the aptardi modified transcriptome compared to TAPAS [207] due to
annotations from the original transcriptome, the positive predictive value was higher for the
aptardi modified transcriptome because it added many more true positive than false positive 3’
termini to the original transcriptome (aptardi modified transcriptome = 0.44, TAPAS = 0.31).
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Finally, the aptardi pipeline captured more unique true polyA sites (as identified by the HBR
PolyA-Seq data) compared to both TAPAS and the original transcriptome (aptardi modified
transcriptome = 29,327, TAPAS = 25,180, original transcriptome = 23,685). Similar results were
achieved when adjusting the base distance cutoff for true positives and/or utilizing the PolyASite
2.0 and PolyA_DB databases to define true polyA sites (Supplementary Table 2).
A final comparison was made to APARENT [399], which utilizes only DNA sequence to
make predictions. Its positive predictive value was lower than that for aptardi for all databases at
all base distance cutoffs (Supplementary Table 2). Notably, while APARENT annotated more
true polyA sites as defined in the PolyASite 2.0 and PolyA_DB databases compared to all the
other methods (likely due to its high number of overall predictions), this increase was not
observed when being compared to aptardi and using the HBR PolyA-Seq data to define the true
polyA sites, which likely more accurately represents the polyA sites being expressed in the
corresponding HBR RNA-Seq data (Supplementary Table 2).
Aptardi identifies sample-specific transcripts missed by current transcriptome
reconstruction methods
We next sought to ascertain if aptardi could identify APA transcripts observed in a
previous study where differential APA expression was induced by knocking down the cleavage
and polyadenylation machinery CFIm25 [400]. In this study, the authors experimentally
confirmed expression of short APA transcript isoforms after CFIm25 knockdown for three genes
capable of undergoing APA [406, 407] – CCND1, DICER1, and TIMP2 – and used DaPars [205]
to computationally estimate the locations of polyA sites.
For each the control and knockdown RNA-Seq dataset, the aptardi modified
transcriptome was compared to the original transcriptome, which contained both Ensembl
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annotations and sample-specific expressed transcripts identified through StringTie
reconstruction. In the control RNA-Seq dataset, neither aptardi nor the original transcriptome
identified a shorter APA transcript for CCND1 in agreement with the original study design; in
the knockdown treatment RNA-Seq dataset, only aptardi recapitulated the short APA isoform
(Figure 3.5a), demonstrating its sensitivity to sample-specific data and its ability to improve
upon current annotation methods. Likewise, only aptardi identified the proximal APA transcript
for DICER1 (Figure 3.5b). For TIMP2, multiple transcript isoforms are annotated in
Ensembl[382], and StringTie[191] retained all these transcripts in its reconstruction. In contrast,
aptardi annotated a short APA transcript only in the treatment consistent with Masamha et
al.[400], again demonstrating its sample-specific sensitivity (Figure 3.5c). Finally, the locations
of the proximal transcripts for these genes identified by aptardi were similar to the original study
(CCND1: aptardi = chr11: 69,651,917, original study = chr11: 69,651,578; DICER1: aptardi =
chr11: 95,090,264, original study = chr11: 95,090,400; TIMP2: aptardi = chr17: 78,855,465,
original study = chr17: 78,855,601).
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Figure 3.5. Aptardi displays sample specific sensitivity when annotating transcription stop
sites. RNA sequencing read densities for a, CCND1, b, DICER1, and c, TIMP2 after control
(Control) siRNA treatment and CFIm25 knockdown (KD) in HeLa cells. Numbers on y-axis
indicate RNA-Seq read coverage. After knockdown, each gene preferentially expresses a
proximal alternative polyadenylation (APA) site compared to under control conditions.
Transcript structures shown are from RefSeq annotation (dark blue), where boxes and lines
indicate exons and introns, respectively. Black vertical lines indicate transcript stop sites
identified in the original transcriptome, red vertical lines indicate transcript stop sites only
identified in the aptardi modified transcriptome and that match the original study’s findings, and
blue vertical lines indicate transcript stop sites only identified in the aptardi modified
transcriptome that are not described in the original study. Graphics were generating using the
UCSC Genome Browser (https://genome.ucsc.edu/) using the hg38 human genome assembly.
Comparison of aptardi predictions across mouse tissues
The above study demonstrated aptardi’s ability to differentiate polyA sites across
samples; however, we extended this analysis by comparing different mouse tissues – namely
liver and brain – to mimic subtle differences in polyA sites. Brain and liver RNA-Seq data were
procured from Li et al. [401], true polyA sites were derived again from PolyA-Seq data that were
specific to brain and liver, and the mouse reference mm10/GRCm38 genome was used for DNA
sequence for both tissues (see Mouse tissue analysis in Methods for more details). For the
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PolyA-Seq data, we identified polyA sites that 1) were unique to either brain or liver, 2) were
within the 3’ modified terminal exon of a transcript in the StringTie generated original
transcriptome (i.e., made available to aptardi) for both tissues, and 3) did not coincide with a
previously annotated Ensembl transcript end. Using these restrictions, we were able to focus on
unannotated polyA sites that differed across tissues but were associated with genes/transcripts
expressed in both tissues. This resulted in 756 unannotated brain-specific sites and 1,529
unannotated liver-specific sites. The StringTie pipeline was able to capture three of the
unannotated brain-specific sites and four of the unannotated liver-specific sites. Including the
aptardi prediction model (built from HBR) in the transcript discovery pipeline added 26
unannotated brain-specific sites (fold increase = 9) and 69 unannotated liver-specific sites (fold
increase = 17) Furthermore, only nine of these 26 additional unannotated brain-specific polyA
sites were also added to the liver data using aptardi (i.e., aptardi did not distinguish the brain
from liver) and only 25 of these 69 unannotated liver-specific polyA sites were identified by
aptardi in the brain data.
Evaluation of the use of aptardi in a differential expression pipeline
The influence of aptardi on differential expression analysis was evaluated using the BNLx and
SHR rat brain datasets by evaluating transcripts identified as differentially expressed between
strains with the aptardi modified transcriptome (p-value <= 0.001) but not the original
transcriptome derived from the StringTie/Ensembl pipeline (p-value >= 0.001). Note that since
aptardi incorporates transcripts into annotation, expression levels of existing transcripts can also
change, i.e., transcripts present in both the aptardi modified transcriptome and the original
transcriptome may be identified as differentially expressed in one and not the other. A total of
1,166 out of 32,348 transcripts and 918 out of 28,329 transcripts expressed above background
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were differentially expressed (p-value <= 0.001) using the aptardi modified transcriptome and
original transcriptome, respectively. A total of 40 transcripts that could be associated with an
Ensembl gene symbol were differentially expressed in the aptardi modified transcriptome but not
in the original transcriptome although they had identical structures, including 3’ ends, in both
(i.e., original transcriptome transcripts). Furthermore, 54 aptardi transcripts that could be
associated with a gene symbol were differentially expressed and NOT measured/identified in the
original transcriptome (Supplementary Data 1). The RNA-Seq read coverage for six of these
aptardi transcripts are depicted in Figure 3.6. For Unc79 (Figure 10a), Sf3b1 (Figure 3.6b), Ptn
(Figure 3.6c) and Ap3b1 (Figure 3.6d) the original transcript was differentially expressed in the
aptardi modified transcriptome but not the original transcriptome, and for Zdhhc22 (Figure 3.6e)
and RGD1559441 (Figure 3.6f) the aptardi transcript was differentially expressed. The RNA-seq
read coverage across these genes support the presence of the aptardi transcripts and differential
expression of the various isoforms between strains. Moreover, these results demonstrate that
aptardi is capable of identifying both shortening and lengthening events – e.g., four of the six
genes were annotated with a shorter transcript by aptardi and two of the six a longer one – as
well as identifying isoforms across a broad range of RNA-Seq coverage depths; the peak
coverage value for each gene ranged from approximately 200 to 8,000.
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Figure 3.6. Incorporation of aptardi into differential expression analyses. RNA sequencing
read densities for six genes in BNLx and SHR inbred rat strains. Numbers on y-axis indicate
RNA-Seq read coverage. Read coverage represents the aggregate of three biological samples for
each strain. Transcript structures shown are from Ensembl annotation (dark red), where boxes
and lines indicate exons and introns, respectively. Black vertical lines denote transcript stop sites
identified in the original transcriptome derived using StringTie, and red vertical lines indicate
transcript stop sites identified in the aptardi modified transcriptome only. No transcripts were
identified as differentially expressed between strains in the original transcriptome (p > 0.001),
but at least one differentially expressed transcript for each gene was identified in the aptardi
modified transcriptome (p <= 0.001). For a, Unc79 b, Sf3b1 c, Ptn and d Ap3b1 the original
transcript isoform (black line) was differentially expressed in the aptardi modified transcriptome,
and for e Zdhhc22 and f RGD1559441 the aptardi transcript was differentially expressed (red
line). Graphics were generating using the UCSC Genome Browser (https://genome.ucsc.edu/)
using the rn6 rat genome assembly.
Discussion
Aptardi leverages the information afforded by both DNA sequence and short-read RNASeq to accurately annotate the polyA sites of expressed transcripts in a biological sample. We
first established the applicability of aptardi by showing that 1) a prediction model derived from a
single dataset performed well on datasets that differ on technical issues and even species, 2) the
process of training the prediction model is generalizable across different types of RNA-Seq
data/DNA sequence, and 3) the algorithm is not prone to overfitting. Namely, we showed that the
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aptardi prediction model provided for users (built from the HBR dataset) performs equally well
on RNA-Seq datasets derived from different library preparations, organisms, and with different
RNA sequencing depths. We note that aptardi performed modestly worse on the BNLx and SHR
datasets and hypothesize this is because the true polyA sites were derived from the Sprague
Dawley rat instead of the specific rat strain. This is supported by the fact that prediction models
built from the BNLx and SHR datasets and tested on these same datasets performed similarly to
the aptardi prediction model built on the HBR dataset (Supplementary Figure 2). However, we
cannot rule out the possibility that this is due to the unstranded RNA-Seq for these datasets
and/or different species. Moreover, the comparable results when models were built and evaluated
on a single dataset versus models applied to different datasets from those used to train the model
suggest the data processing pipeline/prediction models are generalizable. Finally, the similarity
of the average precision estimates between training and testing sets demonstrates that aptardi is
not prone to overfitting. Overall, these results indicate aptardi can be broadly used.
We next established that incorporating aptardi into current transcriptome reconstruction
methods improves annotation of 3’ ends. This was done by comparing the aptardi modified
transcriptome to the original transcriptome assembled using the power of both existing
annotation via Ensembl and taking into consideration RNA-Seq coverage via StringTie. Adding
aptardi transcripts increased the number of unique true polyA sites captured by the transcriptome
and furthermore increased the ratio of true positive to false positive termini compared to the
original transcriptome. Aptardi also outperformed TAPAS in these respects, and TAPAS was
previously identified as the top performer for identifying polyA sites from RNA-Seq [197].
Likewise, aptardi produced greater positive predictive values compared to the deep learning
algorithm APARENT that utilizes DNA sequence to make predictions and, furthermore,
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annotated more polyA sites at 100 and 50 base distance cutoffs and nearly the same at a base
distance cutoff of 25 despite making many fewer predictions.
Applying aptardi in control and CFIm25 knockdown RNA-Seq data demonstrated its 1)
sensitivity to sample-specific expression, 2) ability to identify both shortening and lengthening
APA events, 3) competence across a broad range of RNA-Seq coverage depths, and 4) ability to
improve upon current reconstruction methods. Of interest, in the control for TIMP2, aptardi
identified several 3’ ends close to the annotated distal transcript that were not noted in the
original study[400]. The RNA-Seq from the control sample displays uneven coverage in this
region, meaning aptardi may have uncovered additional, previously unknown isoforms (Figure
3.5c). Of note, the library preparation for these RNA-Seq data were unstranded (unlike the data
used to generate aptardi), further supporting aptardi’s broad applicability. These results also
highlight potential weaknesses of aptardi. For instance, aptardi incorporates a single 3’ end into
multiple transcripts for each gene listed because it does not distinguish transcripts overlapping
the same genomic region. This may be somewhat mitigated by curating a more selective input
transcriptome. Here the entire Ensembl annotation was provided, which includes many “pseudo”
transcripts (e.g., retained introns, nonsense mediated decay, and isoforms only identified
computationally), and these transcripts often overlap manually identified mRNAs. Secondly,
aptardi will add polyA sites for a transcript regardless of if another transcript isoform from the
same gene already has a transcript stop site at the given location, as is the case for TIMP2. As a
result, it is possible that aptardi incorporates a transcript stop site belonging to a different
transcript.
The sample-specific sensitivity of aptardi was also evaluated using RNA-Seq from brain
and liver mouse tissues and evaluating its ability to identify polyA sites unique to each tissue.
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Aptardi successfully annotated tissue-specific polyA sites not previously reported in Ensembl
annotation or discovered by StringTie reconstruction. Furthermore, aptardi was able to provide a
significant fold increase in polyA site annotation compared to StringTie, exemplifying its
sensitivity. While the overall number of polyA sites detected was modest, this was likely due to
the low sequencing depths of the samples (Supplementary Table 3). As a result, many polyA
sites reported in the PolyA-Seq data – which was sequenced at much greater depths – were likely
not detectable here. Indeed, the reference mouse Ensembl genome annotated a greater number of
both overall polyA sites (brain = 14,630, liver = 13,209) and tissue-specific polyA sites (brain =
5,144, liver = 3,668) compared to the StringTie pipeline (overall: brain = 11,285, liver = 9,572;
tissue-specific: brain = 3,468, liver = 2,331). StringTie removes guide transcripts (in this case
Ensembl transcripts) below a minimum coverage threshold (one when using default settings),
suggesting many PolyA-Seq polyA sites – including those in the 3’ modified terminal exons that
aptardi did not annotate – were not detectable here.
We further examined how incorporating aptardi into downstream transcriptome analyses
such as differential expression may alter interpretation of results. We found that multiple
isoforms – some of which were already present in the original transcriptome and some of which
were transcripts identified by aptardi – were differentially expressed between BNLx and SHR
recombinant inbred rats only when using the aptardi modified transcriptome. Some of these
transcripts are derived from genes that have also been implicated in phenotypes related to the
SHR rat, such as greater sensitivity to addictive drugs [408] and increased voluntary ethanol
consumption [409]. For instance, expression of Ptn – which has verified APA sites [410] – is
modulated by amphetamine in rat nucleus accumbens [411]. Furthermore, Unc79 knockout mice
displayed hypersensitivity to ethanol, e.g. increased preference for and consumption of alcohol
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[409]. Undoubtedly further investigation is needed to elucidate the role of Ptn and Unc79 APA
on addiction phenotypes, but these preliminary results demonstrate how aptardi may help unravel
the genetic architecture of complex diseases. Of note, while Ensembl annotation provides two
transcript isoforms for Ap3b1, StringTie assembly resulted in inclusion of the longer isoform
only, highlighting the difficulty of current assembly methods for identifying 3’ ends of
transcripts embedded in a longer version. However, aptardi identified a shorter transcript within
100 bases of the original Ensembl annotation for the shorter transcript that is likewise supported
by the RNA-Seq data (Figure 3.6d).
Also of note, aptardi is easily integrable into existing analyses pipelines. For instance,
unlike current supplemental methods designed for APA detection from RNA-Seq, no additional
data manipulation is required prior to running the program. The input files are readily available
(e.g. reference genome and reference transcriptome) or already generated during the course of
transcriptomic analysis (e.g. RNA-Seq data and a reconstructed transcriptome). The output GTF
file can be used in the same manner as other annotation files (e.g. those accessed via Ensembl or
generated via a transcriptome assembler such as StringTie). Moreover, the program can be
seamlessly integrated into a single operation with upstream transcriptome assembly and
downstream analyses (e.g. quantitation) via piping to make for streamlined analysis. Finally,
there is also the option of constructing a prediction model using the aptardi architecture, which
increases the breadth of its applicability to diverse data sources.
Transcriptome profiling is one of the most utilized approaches for investigating human
diseases at the molecular level, yielding important insights into many pathologies. A prerequisite
for these studies is a representative transcriptome map. Aptardi incorporates APA transcripts to
produce a more accurate transcriptome map, thereby enabling future research into the role of

105

APA transcripts – as well as other transcripts unencumbered by convoluted annotation with APA
transcripts – in human health and disease.
Aptardi is implemented in Python and is freely available as open source software
(https://github.com/luskry/aptardi).
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CHAPTER IV
BEYOND GENES: INCLUSION OF ALTERNATIVE SPLICING AND ALTERNATIVE
POLYADENYLATION TO ASSESS THE GENETIC ARCHITECTURE OF
PREDISPOSITION TO VOLUNTARY ALCOHOL CONSUMPTION IN BRAIN OF
THE HXB/BXH RECOMBINANT INBRED RAT PANEL
Introduction
Post transcriptional phenomena are powerful mechanisms by which eukaryotes expand
their genetic diversity. For instance, researchers estimate that 95-100% of multi-exon genes in
human can undergo alternative splicing [412-414]. Likewise, an estimated 70% or more
mammalian genes have multiple polyadenylation sites [208, 415] and can therefore express
alternative polyadenylation isoforms.
Biologically, alternative splicing can lead to diverse functions [416] by changing the
protein encoded by the mRNA [417]. In contrast, the vast majority of alternative polyadenylation
occurs in the 3’ UTR [102] and thus generates identical proteins. Regardless, alternative
polyadenylation profoundly impacts the mRNA by modifying its stability, translocation, nuclear
export, and cellular localization, as well as the localization of the encoded protein [102, 103].
Alternative polyadenylation most often exerts its effects though gain or loss of miRNA binding
sites the 3’ UTR; more than 50% of conserved miRNA binding sites reside downstream of the
most proximal polyadenylation site in mammalian genes [418].
Alternative splicing and alternative polyadenylation have increasingly been associated
with disease. For example, alternative splicing has been recognized as a genetic modifier of
disease phenotype [416] and susceptibility to disease [419]. Notably, alternative splicing has
been shown to impact the phenotypic variation of diseases, or in other words impact quantitative
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(complex) traits, via changes in the expression of alternative “normal” transcripts or in the
relative pattern of different mRNA isoforms [420]. One example of the latter is the tau protein;
exon 10 can be included or skipped, and dysregulation of the ratio between these two alternative
splicing isoforms can lead to the development of inherited frontotemporal dementia and
parkinsonism linked to chromosome 17 [421-423]. Several other alternative splicing events have
been linked to neurological diseases [424].
Although alternative polyadenylation is a relatively new research area, it too has been
associated with biological processes such as the innate antiviral immune response, cancer
initiation and prognosis, and developing drug resistance [418]. Similarly, differences in
expression of alternative polyadenylation transcripts has been implicated in disease [169] and
alternative polyadenylation is increasingly being acknowledged as a risk factor for complex
diseases [170].
The objective in our present study was twofold: 1) characterize the alternative splicing
and alternative polyadenylation transcriptional landscape in brain of the HXB/BXH RI rat panel,
and 2) identify candidate transcripts associated with the complex trait of voluntary alcohol (i.e.,
ethanol) consumption using both a network and individual transcript approach. Throughout this
paper, we use the term ‘transcript’ to refer to the sequence of a processed RNA and the term
‘gene’ as the DNA locus that the transcript is transcribed from. In this context a gene can
produce many distinct transcripts through alternative splicing and alternative transcription start
and stop sites (e.g., alternative polyadenylation).
To accomplish our first goal, we procured an extensive expression library of whole brain
in the HXB/BXH RI panel consisting of over one terabyte of RNA sequencing (RNA-Seq) data.
We then applied two computational methods, StringTie [191] and aptardi [425], to characterize
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in vivo expression of alternative splicing and alternative polyadenylation in the brains of these
animals. We furthermore developed a transcriptome generation pipeline that integrates these
tools and also filters transcripts to eliminate potential false positives yielding a high-quality
transcriptome.
To accomplish our second goal, we integrated expression data with phenotypic data to
identify candidate coexpression networks and individual candidate transcripts that predispose
these rats to voluntary alcohol consumption, i.e., expression data were taken without exposure to
alcohol, similar to our previous work [129, 132, 138, 240]. Particularly, we previously used
whole brain expression data and this phenotype to identify candidate gene coexpression networks
[132]. However, that study utilized expression data in the form of microarrays and analysis was
limited to genes and transcripts that were unambiguously probed by the microarray. In the
current study, we sought to go beyond genes and identify specific transcripts associated with the
trait by harnessing the power of our deep RNA-Seq libraries in these animals.
Materials and Methods
Animals
The HXB/BXH RI rat panel, a subset of the Hybrid Rat Diversity Panel, was used in this
study. This RI panel consists of 30 strains derived from the congenic Brown Norway strain with
polydactyly-luxate syndrome (BN-Lx/Cub) and the Wistar origin spontaneously hypertensive rat
strain (SHR/OlaIpcv) using gender reciprocal crossing and more than 80 generations of brother
sister mating after the F2 generation [248].
Voluntary Alcohol Consumption in the HXB/BXH Recombinant Inbred Rat Panel
Voluntary alcohol consumption was measured using a two-bottle choice paradigm and 23
HXB/BXH strains and the two progenitor strains of the RI panel. Specifically, rats were provided
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10% ethanol as their only fluid during week zero. During weeks 1-7, rats were given a two-bottle
choice between water and ethanol. The average daily alcohol consumption (g/kg body weight)
during week two represents the voluntary alcohol consumption phenotype for this analysis
(Figure 4.1).

Figure 4.1. From [129]. The experimental design for the voluntary alcohol consumption
phenotype used in this study. Measurements from week two were used.
This phenotype was described in our previous study [129], has been used in previous
genetics studies [129, 132, 426], and has an established its heritability (R2 = 0.39) [129, 426],
making it amenable to this genomics study. Only voluntary alcohol consumption data from
HXB/BXH strains with corresponding RNA expression (21 strains) and/or genetic marker data
(21 strains) were used (Supplementary Table 1). Moreover, these data are publicly available
through PhenoGen [132] (http://phenogen.org).
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Whole Brain RNA Sequencing
The University of Colorado Anschutz Medical Campus received shipments of brain tissue
from male rats (~70-90 days old) stored in liquid nitrogen from Dr. Michal Pravenec at the
Institute of Physiology of the Czech Academy of Sciences. These studies were performed in
accordance with the Animal Protection Law of the Czech Republic and were approved by the
Ethics Committee of the Institute of Physiology, Czech Academy of Sciences, Prague. A total 90
HXB/BXH biological replicates (i.e., brains from individual rats) from 30 strains were received,
as well as 3 SHR/OlaIpcv progenitor strain samples (93 samples total). The SHR/OlaIpcv
samples were used as a loading controls and eight, two, or one technical replicate(s) were
generated from each biological sample. Including the technical replicates for the SHR strains,
101 RNA-Seq libraries were generated.
Total RNA (>200 nucleotides) was extracted from whole brain using the RNeasy Plus
Universal Midi Kit (Qiagen, Valencia, CA, USA) and cleaned using the RNeasy Mini Kit
(Qiagen, Valencia, CA, USA). Four L 1:100 dilution of either ERCC Spike-In Mix 1 or Mix 2
(ThermoFisher Scientific, Wilmington, DE, USA) was added to each RNA sample. The Illumina
TruSeq Stranded RNA Sample Preparation kit (Illumina, San Diego, CA, USA) was used to
construct sequencing libraries, which included ribosomal RNA depletion using the Ribo-Zero
rRNA reduction chemistry. Sequencing library quality was evaluated using an Agilent
Technologies Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA, USA). Samples were
sequenced in eight batches on an Illumina HiSeq2500 or HiSeq4500 (Illumina, San Diego, CA,
USA) in High Output mode to generate 2X100 or 2X150 paired end reads.
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Brain Specific Transcriptome Generation and Quantitation Using Whole Brain RNA
Sequencing
Reference annotation, especially in non-model organisms such as rat, lack annotation of
alternative splicing and alternative polyadenylation transcripts. Likewise, reference annotation
represents data pooled from multiple tissues, experiments, etc., and thus may not accurately
represent the transcriptome for a given study. Therefore, we sought to generate a brain specific
transcriptome map of the HXB/BXH RI panel used in this study by incorporating RNA
expression data (in the form of short read RNA-Seq), DNA sequence information, and
computational methods, namely StringTie and aptardi, to annotate expressed alternative splicing
and alternative polyadenylation transcripts, respectively. To identify high confidence transcripts,
we furthermore quantitated transcripts and removed those that were lower expression. We
likewise quantitated the transcriptome to enable downstream quantitative analyses evaluating the
role of transcripts/genes in predisposition to voluntary alcohol consumption. An outline of the
transcript generation and quantitation steps are presented in Supplementary Figure 1.
Read Processing for Quality
Initially, adapter sequences and low quality base calls were eliminated from raw reads
from the 90 HXB/BXH RNA-Seq samples (one rat per library) and 11 SHR/OlaIpcv RNA-Seq
libraries (i.e., loading controls) using cutadapt (v.1.9.1) [377]. Reads aligning to rRNA from
the RepeatMasker database [427] (accessed through the UCSC Genome Browser;
https://genome.ucsc.edu/) [381] using Bowtie 2 (v.2.3.4.3) [428] were removed.
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Evaluation of Unannotated Genes and Unannotated Splicing – StringTie Transcriptome
Generation
RNA-Seq libraries from each sample were aligned to their strain-specific genomes using
HISAT2 (v.2.1.0) [429], and then alignments from the same strain were concatenated across
biological replicates using SAMtools (v.1.9) [379] merge to generate a single genome alignment
per strain. Strain-specific genomes were constructed from the Rat Genome Sequencing
Consortium (RGSC) Rnor_6.0/rn6 version of the rat genome [430] by imputing single nucleotide
polymorphism (SNP) information for each strain based on their STAR Consortium genotypes
[431] and DNA sequencing (DNA-Seq) data from male rats of the progenitor strains. The DNA
sequencing data are publicly available on the PhenoGen website [132] (http://phenogen.org).
StringTie (v.1.3.5) [191] was used to generate de novo strain-specific transcriptomes using
default settings, which used the strain-specific genome alignment and the rat Ensembl reference
transcriptome (v.99) [432] to guide transcriptome assembly. A combined StringTie transcriptome
for the HXB/BXH RI panel was generated using the merge functionality of StringTie and
providing each strain-specific transcriptome and the rat Ensembl reference transcriptome as a
guide.
Evaluation of 3’ Termini – Aptardi Transcriptome Generation
The transcriptome was further processed by aptardi to identify alternative
polyadenylation transcripts [425]. For aptardi (v.1.0.0) analysis, a single file with alignment of
all RNA-Seq reads to the genome, the reconstructed transcriptome file, and a genome sequence
file are required. To generate a single BAM file, the strain-specific BAM files of all HXB/BXH
RI strains (but not the SHR/OlaIpcv BAM file) were merged using SAMtools merge. The
combined StringTie transcriptome was used as the input GTF reconstructed transcriptome file,
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and the rat Rnor_6.0/rn6 reference genome accessed via the UCSC Genome Browser [430, 433]
was used for genomic sequence information.
Detected Above Background Transcriptome Generation and Quantitation
After analyzing the transcriptome for alternative splicing and alternative polyadenylation
transcripts of genes, quantitation was used to establish the detected above background (DABG)
transcriptome. Prior to quantitation, transcripts not derived from autosomal or sex chromosomes
were removed. Transcripts in the aptardi transcriptome were then quantitated in each of the 90
HXB/BXH RNA-Seq samples using RSEM (v.1.3.0) [257]. Transcripts with zero estimated read
counts in one third or more samples were removed, as well as transcripts 200 nucleotides or
fewer in length. This high-quality transcriptome was then used to re-quantitate transcripts with
RSEM for each of the HXB/BXH samples as well as the 11 SHR/OlaIpcv samples. Prior to
transcript filtering, libraries with less than 10 million paired end reads were removed from all
subsequent analyses, resulting in the removal of a single SHR/OlaIpcv sample. Transcripts with
zero counts in one third or more of samples were again removed to yield the DABG
transcriptome and the corresponding estimated read counts for each RNA-Seq library and for
each transcript.
Quantitation Normalization for Weighted Gene Coexpression Network Analysis and Correlation
Analysis
Estimated read counts of transcripts in the DABG transcriptome for each RNA-Seq
library generated by RSEM were normalized for sequencing depth using upper quartile
normalization [434] implemented in EDASeq (v.2.22.0) [435] followed by a regularized log
(rlog) normalization with DESeq2 (v.1.28.1) [436].Finally, expression values were adjusted for
batch effects using ComBat [437] from sva (v.3.36.0) [438].
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Quantitative Trait Loci Analysis
Genetic Markers for Quantitative Trait Loci Analyses
Genetic makers were initially procured from publicly available SNP genotype data for
these rats originally obtained by the STAR Consortium [431]. Probes from the original array
were aligned to the Rnor_6.0/rn6 version of the rat genome using BLAT [439]. Markers were
further processed into unique strain distribution patterns for QTL analyses as detailed in our
previous work [440]. These data are publicly available on the PhenoGen website
(http://phenogen.org), including the version specific to this paper.
Statistical Methods for Quantitative Trait Loci Analyses
Quantitative trait loci (QTL) analysis was performed for the behavioral phenotype
(pQTL), for module eigengenes (meQTL), and for transcript expression levels (eQTL). Marker
regression was using for all QTL analyses. Likewise, all empirical genome-wide p-values were
calculated using 1,000 permutations [441]. Both significant (genome-wide p-value < 0.05 and
suggestive (genome-wide p-value < 0.63) QTL were considered for pQTL analysis [442, 443].
For meQTL and eQTL analyses, a stricter genome-wide significant p-value of < 0.01 was
enforced. Strain mean voluntary alcohol consumption values were used for pQTL analysis, strain
mean transcript normalized expression estimates were used for eQTL analyses, and module
eigengene values (which were produced from WGCNA using strain mean transcript normalized
expression estimates and thus represent strain means) were used for meQTL analysis. The 95%
Bayesian credible intervals of significant or suggestive pQTL, significant meQTL, and
significant eQTL were estimated and all QTL analyses and graphics were generated using the
R/qtl package (v.1.47-9) [444].
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Heritability of Transcripts
Heritability of transcripts in the DABG transcriptome was estimated as the R-squared
value from a one-way ANOVA of individual rat expression values using strain as the predictor
and transcript normalized expression estimates as the response.
Identification of Candidate Coexpression Networks and Candidate Individual Transcripts
Associated with Voluntary Alcohol Consumption
To be included in association analyses with alcohol consumption, transcripts needed to be
one of the three expressed isoforms of a gene with the highest expression levels where
expression levels were represented by the mean transcripts per million (TPM) value (as
determined vis RSEM) across individual rat RNA-Seq samples for rats with voluntary alcohol
consumption data only (63 samples, 21 strains, see Supplementary Table 1). Furthermore,
among these, only transcripts with high heritability (greater than the median value of all
transcripts in the DABG transcriptome) were included to focus on genetically influenced
transcripts. Finally, transcripts that could be associated with a gene symbol through Ensembl
were included for interpretability. A gene name is assigned to an individual transcript if any of
the other transcripts associated with that same gene share a splice junction with an annotated
gene. In this context, the assumption is that unannotated transcripts are novel splice variants of
an annotated gene. For the candidate individual transcripts, there was no requirement that the
eQTL must be local – that is, the location of the eQTL was not required to reside near the
location of the transcript itself.
Weighted Gene Coexpression Network Analysis
The WGCNA R package (v.1.69) was used to build a transcript coexpression network
and to identify coexpression modules within that network from the strain mean normalized

116

expression estimates of transcripts. Minimum module size was set five and the deepSplit
parameter was set to four to promote identification of smaller modules, but otherwise default
settings were used. The soft-thresholding index () was set to seven to approximate scale-free
topology [158] in an unsigned network (Supplementary Figure 2). The module eigengene (first
principal component) was used to summarize transcript expression values within a module across
strains [160].
Candidate Coexpression Networks and Individual Candidate Transcripts
Multiple criteria similar to those previously established [440] were used to determine
candidate modules and individual candidate transcripts. 1) The Spearman’s rank correlation to
voluntary alcohol consumption must be significant (p-value < 0.01). For the module analysis the
module eigengene expression values were used for correlation analysis, and for the individual
transcripts the strain mean normalized expression estimates were used. 2) The module eigengene
QTL (meQTL; for modules) or expression QTL (eQTL; for individual transcripts) must have
genome-wide significance (p-value < 0.01) and must overlap a significant (p-value < 0.05) or
suggestive (p-value < 0.63) phenotypic QTL (pQTL) using 95% Bayesian credible intervals.
Results
Whole Brain RNA Sequencing
After processing reads for quality, the number of paired end reads in the 90 HXB/BXH
RI panel RNA-Seq libraries ranged from 29 million to 199 million (median number of paired end
reads per sample = 71 million). The number of paired end reads in each RNA-Seq library,
including the 10 SHR/OlaIpcv libraries, is provided in Supplementary Table 2.
The median strain specific genome alignment rate of the 90 HXB/BXH RI panel RNA-Seq
libraries was 97% (interquartile range = 96.8% to 97.5%) and the alignment rate ranged from
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79% to 98%. The alignment rate of each RNA-Seq library, including the 10 SHR/OlaIpcv
libraries, is provided in Supplementary Table 3.
Brain Specific Transcriptome Generation for the HXB/BXH Recombinant Inbred Rat
Panel
Comparison of the Number of Isoforms Per Gene in the Reference, StringTie, Aptardi, and
Detected Above Background Transcriptomes
The rat Ensembl reference transcriptome (v.99) contains 32,586 genes and 40,772
transcripts (only including genes/transcripts derived from autosomal and sex chromosomes) for a
transcript:gene ratio of 1.25 (Table 4.1). Using the reference transcriptome to guide its assembly,
the StringTie transcriptome yielded 33,649 genes and 83,920 transcripts. Of the 83,920
transcripts, 40,754 were from reference annotation and 43,166 were identified by StringTie (i.e.,
transcripts without existing annotation in Ensembl). Applying aptardi to the StringTie
transcriptome resulted in an aptardi transcriptome with an additional 71,757 transcripts identified
by the program (only including genes/transcripts derived from autosomal and sex chromosomes)
for a total of 155,677 transcripts. After filtering to produce the final, DABG transcriptome, there
were 19,517 genes and 59,751 transcripts, or a transcript:gene ratio of 3.06. Of the 59,751
transcripts, 17,028 were derived from the reference transcriptome, 24,219 were derived from
StringTie, and 18,504 were derived from aptardi. For comparison, 83% of genes in the reference
Ensembl transcriptome possessed a single transcript, i.e., genes without documented alternative
splicing or alternative polyadenylation isoforms (Supplementary Figure 3A). In contrast, only
44% of genes in the DABG transcriptome expressed a single transcript (Supplementary Figure
3B).
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Table 4.1. Summary of the genes and transcripts at each step in the transcriptome
generation pipeline.
Transcriptome

#
#

Dataset

Generation

Transcript:Gene

# Genes

# StringTie

# Aptardi

Transcripts

Transcripts

Reference
Transcripts

Ratio

Step

Transcripts
40,772

Reference

Step 1

32,586

40,772

1.25
(100%)

StringTie

Aptardi

DABG

Step 2

Step 3

Step 4

33,649

33,649

19,517

83,920

155,677

59,751

40,754

43,166

(48.6%)

(51.4 %)

40,754

43,166

(26.2%)

(27.7%)

17,028

24,219

(28.5%)

(40.5%)

2.49

4.63

71,757 (46.1%)

3.06

18,504 (31.0%)

The percent of total transcripts identified by each source at each step is shown in parenthesis.
Reference annotation represents the rat Ensembl reference transcriptome (v.99) and was used as
input for StringTie, along with whole brain RNA sequencing data, to characterize alternative
splicing in brain of the HXB/BXH recombinant inbred rat panel. RNA sequencing data was
likewise used, in conjunction with DNA sequence of the reference Rnor_6.0/rn6 rat, to identify
brain specific alternative polyadenylation events in the HXB/BXH recombinant inbred rat panel.
Finally, transcripts were filtered based on their expression estimates as determined by RSEM to
retain only transcripts with substantial expression in the detected above background (DABG)
transcriptome.
Evaluation of 3’ Termini
Since this is one of the first demonstrations of the integration of aptardi into the
transcriptome reconstruction pipeline in a dataset of this magnitude, it was important to examine,
in detail, the 3’ termini of the resulting transcriptome. Aptardi was designed to identify expressed
polyadenylation sites based on RNA-Seq read coverage and on signals with the DNA sequence.
To integrate this information with the StringTie transcriptome, aptardi-identified polyadenylation
sites were assigned to all possible transcripts with similar 3’ terminal exons since aptardi uses
these locations to identify polyadenylation sites but cannot distinguish the site between these
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transcripts. The goal of the two-step iterative process of estimating read counts was to use the
strategies implemented in RSEM to assign reads to different transcripts/polyadenylation site
pairs to clarify which transcript(s) that polyadenylation site should be associated with, i.e., more
reads equate to higher confidence in the transcript/polyadenylation site pair. To examine the
performance of this pipeline we 1) compared the number of transcript/polyadenylation site pairs
in the aptardi transcriptome to the number of pairs that remained in DABG transcriptome, i.e.,
could we use read counts to determine the most appropriate transcript/polyadenylation site pairs,
and 2) compared aptardi-identified polyadenylation sites to annotated polyadenylation sites via
the reference transcriptome or the StringTie reconstruction.
Filtering transcript/polyadenylation site pairs based on estimated read count dramatically
reduced the number of transcripts a 3’ terminus was associated with. The aptardi analysis
identified 71,757 new transcript/polyadenylation site pairs (i.e., aptardi transcripts). These
represent 34,003 unique 3’ termini resulting in each unique 3’ terminus being associated with
approximately two transcripts on average. After filtering to yield the DABG transcriptome, there
were 18,504 aptardi transcripts representing 14,388 3’ termini (approximately 1.3 aptardi
transcripts associated with each 3’ terminus).
Within this pipeline, aptardi interrogates the 3’ end of all transcripts. Because of this, it is
possible for aptardi for identify a 3’ terminus in a transcript/polyadenylation site pair that has
been identified using another source (i.e., Ensembl or StringTie) although it has never been
associated with the transcript in the aptardi-identified transcript/polyadenylation site pair. Of the
initial 71,757 aptardi transcripts, 19% matched the 3’ terminus of a reference or StringTie
transcript +/- 100 bases, i.e., the 3’ terminus was not novel but had not been paired with that
particular transcript before. When the percent was calculated based on the number of 3’ termini
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rather than the number transcripts, a similar percentage was observed (21%; Supplementary
Table 4). Of the 18,504 DABG aptardi transcripts, 16% had a 3’ terminus that matched
annotation (+/- 100 bases) from the Ensembl reference or StringTie transcriptome. This overlap
was similarly 16% when calculated based on number of 3’ termini (Supplementary Table 4). The
slight decrease in the number of aptardi 3’ termini matching a StringTie or reference 3’ termini
in the DABG transcriptome compared to pre-filtering suggests the filtering removes some false
positive aptardi transcript/polyadenylation site pairs in favor of the original StringTie/reference
transcript with the given polyadenylation site. At the same time, the relatively high number of
overlapping reference/StringTie and aptardi 3’ termini in the DABG transcriptome suggests that
aptardi annotation of the polyadenylation site for the given transcript is accurate and simply
represents a transcript with a similar 3’ terminus to another StringTie/reference transcript with
different upstream exon structure.
Heritability of Transcripts in the Detected Above Background Transcriptome
Transcripts in the DABG transcriptome displayed similar heritability regardless of the
source (reference, StringTie, or aptardi) used to identify the transcripts (Figure 4.2).
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Figure 4.2. Heritability of transcripts in the detected above background transcriptome.
Heritability of transcripts derived from reference annotation, StringTie, and aptardi. Heritability
was estimated as the R-squared value from a one-way ANOVA of individual rat expression
values using strain as the predictor (30 strains total) and transcript normalized expression
estimates as the response.
Evaluation of Genes Previously Identified as Associated with Voluntary Alcohol
Consumption in the HXB/BXH Recombinant Inbred Rat Panel
Our earlier work identified a candidate brain coexpression module associated with
voluntary alcohol consumption in the HXB/BXH RI panel using RNA expression levels
measured from microarrays [132, 445]. As stated previously, this network was generated using
data from exon arrays and therefore, lacked the resolution to estimate expression levels of all
possible isoforms, i.e., alternative splicing and alternative polyadenylation transcripts. However,
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we were able to replicate many of our previous findings for our strongest candidates and gained
valuable insight into the transcriptome structure of these candidates.
In particular, we examined the genes from the previous candidate coexpression module
that were either significantly associated with alcohol consumption (p < 0.05) or were within the
top 8 most highly connected genes within the module. The RNA-Seq data from the HXB/BXH
RI panel replicated the association with alcohol consumption (correlation in the same direction
and p-value < 0.05) for four of the eight genes (Table 4.2). One unannotated gene
(GENE_27603) from the previous module was not identified in the DABG transcriptome. For
Txnip, the association with alcohol was suggestive (p = 0.068). The two remaining genes
(Cfap91 and Coq5) both had two transcripts each and neither transcript was associated with
alcohol consumption.
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Table 4.2. Genes whose brain expression were previously identified as associated with
voluntary alcohol consumption in the HXB/BXH recombinant inbred rat panel.

Gene Symbol

Lrap
Ift81
Coq5
Txnip
P2rx4
Tmem116
Cfap91
(formerly
Maats1)
GENE_27603

Gene Description

Locus regulating
alcohol
preference
Intraflagellar
transport 81
Coenzyme Q5,
methyltransferase
Thioredoxin
interacting
protein
Purinergic
receptor P2X 4
Transmembrane
protein 116
Cilia and flagella
associated
protein 91
Unannotated
gene

From Microarray Data (Saba et al.
2021)
Correlation with
ConnectivityAlcohol
Based
Consumption
Intramodular
with Microarray
Connectivity
[Correlation
(Rank Within
Coefficient (PModule)
Value)]

From HXB/BXH RNA-Seq Data
#
Transcripts
Identified
in
HXB/BXH
Panel

#
Reference
/ StringTie
/ Aptardi
Transcripts

Most Significant Transcript
Correlation with Alcohol
Consumption [Correlation
Coefficient (p-value)]

-0.55 (0.011)

2.99 (1)

1

0/1/0

-0.45 (0.042)

-0.43 (0.051)

2.66 (2)

3

0/1/2

-0.44 (0.049)

-0.50 (0.021)

2.24 (3)

2

1/0/1

0.13 (0.59)

0.61 (0.003)

2.20 (4)

1

1/0/0

0.41 (0.068)

-0.63 (0.002)

2.15 (5)

2

1/1/0

-0.58 (0.006)

0.34 (0.133)

2.00 (6)

1

1/0/0

0.52 (0.017)

-0.56 (0.008)

1.95 (7)

2

1/0/1

0.21 (0.37)

-0.51 (0.021)

1.74 (8)

NOT INCLUDED IN DABG TRANSCRIPTOME

Correlations were determined using Spearman’s rank correlation and strain mean gene level
normalized expression estimates or strain mean transcript level normalized expression estimates
and strain mean alcohol consumption values for the gene and transcript correlations,
respectively. Genes are ordered by gene correlation with voluntary alcohol consumption p-value.
The number of transcripts identified for each gene in the detected above background
transcriptome is shown with its source of identification. Maximum transcript correlations with
voluntary alcohol consumption are based on absolute values. The intra-modular connectivity
values of genes in the candidate module from the previous study (Saba et al. 2021) are shown,
along with their rank within the module. Only genes that could be assigned a gene name from the
previous study (13 of the 17) were included. All p-values are unadjusted for multiple testing.
Furthermore, our earlier work identified a long, potentially non-coding RNA transcript,
Lrap, as a key modulator of voluntary alcohol consumption in the HXB/BXH RI panel initially
using a systems genetics approach and subsequently using genetically manipulated rats [132,
445]. Since this transcript was originally identified using short read RNA sequencing from the
progenitor strains only and does not exist in the reference annotation, we assessed whether it was
recapitulated with the full HXB/BXH RI panel through our transcriptome reconstruction
methods (i.e., StringTie and/or aptardi). A similar transcript (transcript ID = MSTRG.6520.1;
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associated gene name = AABR07036336.2) – identified by StringTie – was observed (Figure
4.3). Lrap and MSTRG.6520.1 reside on the negative strand on chromosome 12, possess three
exons, and have similar exon structures with near identical intron junctions (Original Lrap:
39,009,809-39,016,585, 39,017,055-39,017,223, and 39,021,009-39,021,641; MSTRG.6520.1:
39,011,243-39,016,585, 39,017,056-39,017,223, and 39,021,010-39,021,635). Furthermore,
MSTRG.6250.1 was the only isoform of this gene (MSTRG.6520). As a result, this
gene/transcript was hereafter labeled Lrap. With the new RNA-Seq data from the entire
HXB/BXH RI panel, Lrap remained significantly negatively associated with alcohol
consumption (correlation coefficient = -0.45; p-value = 0.042; Table 4.2).
chr12:
416 _

39,015,000
39,020,000
Minus Strand RNA Read Counts

RI Brain Minus

1_
Lrap
Lrap
DABG Transcriptome
MSTRG.6250.1
Reference Transcriptome
ENSRNOT00000077521

Figure 4.3. Recapitulation of Lrap. We previously identified a novel transcript, subsequently
annotated Lrap, as a mediator of alcohol consumption and expressed in rat brain (Saba et al.
2015, Saba et al. 2021). The structure identified previously is shown in green (Lrap), the de novo
transcript identified in the detected above background (DABG) transcriptome is shown in blue
(MSTRG.6250.1), and existing reference annotation is shown in red (ENSRNOT00000077521).
The transcript identified here as MSTRG.620.1 (annotated by StringTie) closely matches our
previous annotation of Lrap. Additionally, the RNA sequencing reads on the negative strand
(black plot) support the present of this transcript in our dataset. The RNA sequencing reads
represent a 10% randomly sampled subset from the HXB/BXH recombinant inbred rat panel
RNA sequencing data in brain. This image was generated using the UCSC Genome Browser
[381] (http://genome.ucsc.edu).
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Voluntary Alcohol Consumption Quantitative Trait Loci
Using the 21 HXB/BXH RI strains with voluntary alcohol consumption data and genotype
data (Supplementary Table 1) resulted in four suggestive (p-value < 0.63) pQTL; two on
chromosome 1, one on chromosome 5 and one on chromosome 12 (Figure 4.4). To deduce if the
two suggestive peaks on chromosome 1 represented individual peaks, a second QTL analysis
was done that included the maximum peak on chromosome 1 as a covariate (Supplementary
Figure 4.4). Since the second QTL did not include any peaks on chromosome 1, the two peaks on
chromosome 1 likely represent regions in linkage disequilibrium and were treated as a single
QTL in the remainder of the analysis. Notably, the other pQTL on chromosomes 5 and 12
remained suggestive in the second QTL analysis, indicating these pQTL are independent of the
pQTL on chromosome 1.
4
Chr 1: 239.1 Mb
95% Bayesian credible interval = 45.7 to 249.2
LOD score = 3.00
Genome−wide p−value = 0.364

Chr 5: 156.5 Mb
95% Bayesian credible interval = 4.7 to 173.6
LOD score = 2.76
Genome−wide p−value = 0.503

Chr 12: 40.5 Mb
95% Bayesian credible interval = 11.2 to 42.8
LOD score = 2.71
Genome−wide p−value = 0.527

LOD Score

3

2
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Figure 4.4. Quantitative trait loci (QTL) for voluntary alcohol consumption in the
HXB/BXH recombinant inbred panel. Strain means were used in a marker regression to
determine phenotypic QTL. The blue line represents the logarithm of odds (LOD) score
threshold for a suggestive QTL (genome-wide p-value = 0.63). Suggestive QTL are labeled with
their location, 95% Bayesian credible interval, LOD score, and genome-wide p-value. Empirical
genome-wide phenotypic QTL p-values were calculated using 1,000 permutations.
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Identification of Candidate Coexpression Networks and Candidate Individual Transcripts
Associated with Voluntary Alcohol Consumption
RNA expression data from alcohol naïve rats were used to determining candidate
networks/ individual candidate transcripts that predispose these animals to voluntary alcohol
consumption. Prior to these analyses, additional filtering of the DABG transcriptome was
performed to include only transcripts that 1) were the dominant isoforms expressed for a gene
(maximum number of transcripts considered per gene = 3) in rats with voluntary alcohol
consumption data, 2) demonstrated heritability in the HXB/BXH RI panel and thus genetic
influence on RNA expression levels, and 3) could be associated with a gene name (i.e., shared at
least one splicing junction with an Ensembl gene) for interpretation purposes. Of the 59,751
transcripts in the DABG transcriptome, 37,453 were kept after removing transcripts that were not
within the top three expressed isoforms for a gene. Eliminating transcripts not highly heritable
(heritability <= 0.478), resulted in 20,442 transcripts. Finally, removing transcripts without an
associated gene symbol produced a final set of 18,543 transcripts (Supplementary Figure 5). The
final set of transcripts were derived from 12,609 genes, of which 7,945 (63%), 3,403 (27%), and
1,261 (10%) possessed one, two, and three isoforms, respectively. Of the 18,543 transcripts,
5,427, 4,932, and 8,175 transcripts were identified by aptardi, StringTie, and the reference,
respectively.
Candidate Individual Transcripts
Of the 18,534 individual transcripts whose strain mean normalized expression estimates
were subjected to correlation analysis with strain mean voluntary alcohol consumption, 64 were
significantly (p-value < 0.01) correlated with voluntary alcohol consumption. Requiring a
significant (genome-wide p-value < 0.01) eQTL, as well as eQTL overlap with a pQTL (using
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95% Bayesian credible intervals) resulted in a final set of 11 transcripts (Table 4.3). One of these
transcripts was identified by aptardi, six were identified by StringTie, and four were identified by
the reference. Furthermore, seven of the 11 transcripts belonged to genes expressing multiple
isoforms. Other notable transcripts include Map3k7, which possesses a distal eQTL that overlaps
the pQTL for alcohol consumption on chromosome 5, and Aldh1a7, which has a clear connection
to alcohol. Besides Map3k7, all transcripts contained local eQTL. We note that using a multiple
testing correction p-value eliminated all transcripts – likely due to the small sample size – but
suggest applying additional filtering criteria reduces the number of false positives.
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Table 4.3. Individual candidate transcripts in brain for predisposition to voluntary alcohol
consumption.

Transcript ID

ENSRNOT0000
0072618
MSTRG.1868.13
MSTRG.1793.4
ENSRNOT0000
0075003
MSTRG.23809.1
ENSRNOT0000
0090867
ENSRNOT0000
0024093.1
ENSRNOT0000
0001752
MSTRG.1874.1

MSTRG.2084.2

MSTRG.1526.1

Gene
Gene Description(s)
Symbol(s)

E2F transcription
factor
Transmembrane
Tmem9b
protein 9b
Tripartite motifTrim68
containing 68
Transmembrane
Tmem159
protein 159
Mitogen activated
Map3k7
protein kinase
kinase kinase 7
2’-5’-oligoadenylate
Oas3
synthase 3
Aldehyde
Aldh1a7
dehydrogenase,
cytosolic 1
Purinergic receptor
P2rx4
P2X 4
Transmembrane
Tmem41b
protein 41B
Linker for activation
of T-cells family
Lat,Spns1,Nf member 1, Protein
atc2ip
spinster homolog 1,
NFATC2interacting protein
Peroxisomal
Pex11a
membrane protein
11A
E2f2

#
Transcript
Expression
s
# Reference
QTL
Identified / StringTie /
Chromosome:P
in
Aptardi
osition (Mb) HXB/BX Transcripts
H RI
Panel

Source

Transcript
Correlation With
Alcohol
Consumption
[Correlation
Coefficient (PValue)]

Expression
QTL LOD
Score
[GenomeWide (PValue)]

Reference

-0.66 (0.0013)

13.88 (<0.001)

5:154.8

1

1/0/0

StringTie

-0.62 (0.0030)

5.26 (<0.001)

1:173.9

11

0/10/1

StringTie

0.61 (0.0031)

13.06 (<0.001)

1:167.2

4

3/1/0

Reference

-0.60 (0.0038)

9.33 (<0.001)

1:189.2

1

1/0/0

StringTie

0.60 (0.0041)

5.92 (0.0040)

5:46.8

2

1/1/0

Reference

0.60 (0.0043)

9.29 (<0.001)

12:40.5

1

1/0/0

Aptardi

-0.59 (0.0051)

14.28 (<0.001)

1:237.6

1

0/0/1

Reference

-0.58 (0.0059)

9.81 (<0.001)

12:39.1

2

1/1/0

StringTie

0.57 (0.0068)

9.37 (<0.001)

1:173.9

3

1/2/0

StringTie

0.56 (0.0089)

7.65 (<0.001)

1:197.0

7

1/6/0

StringTie

0.55 (0.0093)

11.02 (<0.001)

1:141.0

2

1/1/0

Strain mean normalized expression estimates and strain mean voluntary alcohol consumption
values were used to determine Spearman’s rank correlations. Strain mean normalized expression
estimates were used in a marker regression to determine expression quantitative trait loci (eQTL)
and corresponding logarithm of odds (LOD) scores. Empirical genome-wide expression QTL pvalues were calculated using 1,000 permutations. Transcripts are ordered by p-value. The total
number of transcripts generated from the same gene in the detected above background
transcriptome, and the source(s) identifying the transcripts, is also shown. All transcripts
possessed local eQTL with the exception of the transcript from the Map3k7 gene.
Map3k7
Two isoforms of Map3k7 (gene ID = MSTRG.23809) were present in the DABG
transcriptome (Figure 4.5A), of which one was from the reference (ENSRNOT00000007657) and
one was identified by StringTie (MSTRG.23809.1). MSTRG.23809.1, the candidate individual
transcript, is located on the plus strand of chromosome 9 (114.02-114.07 Mb), but its eQTL
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overlapped the voluntary alcohol consumption pQTL on chromosome 5. The transcript structure
of MSTRG.23809.1 represents an exon skipping isoform of ENSRNOT00000007657;
specifically, it lacks exon 12 (Figure 4.5B). Across the 63 individual rat RNA-Seq libraries (21
HXB/BXH RI strains) with voluntary alcohol consumption data, the mean TPM of
MSTRG.23809.1 and ENSRNOT00000007657 was 0.95 and 1.30, respectively.

Figure 4.5. Isoforms of the Map3k7 gene. (A) Blue transcripts represent those identified in the
detected above background (DABG) transcriptome, and the red transcript represents the
transcript present in reference annotation. ENSRNOT00000007657 is annotated in the reference
transcriptome and retained in the DABG transcriptome. MSTRG.23809.1 represents a novel
isoform identified by StringTie. MSTRG.23809.1 represents an isoform with exon 12 skipped
compared to ENSRNOT00000007657 (circled in green). (B) A zoomed in image of the exon 12
region. The RNA sequencing reads on the positive strand (black plot) represent a 10% randomly
sampled subset from the HXB/BXH recombinant inbred rat panel RNA sequencing data in brain.
This image was generated using the UCSC Genome Browser [381] (http://genome.ucsc.edu).
We note that a transcript with an identical transcript structure as MSTRG.23809.1 was
identified de novo by StringTie (MSTRG.1784.2) on the plus strand of chromosome 5 (47.1947.24 Mb), which overlaps the voluntary alcohol consumption pQTL. The gene of this transcript
(LOC100910771) was previously described as Map3k7-like by the Rat Genome Database, but
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has since been re-annotated as Map3k7. Therefore, there are multiple locations of this
gene/transcript currently annotated in rat. Moreover, the strain mean normalized expression
estimates of MSTRG.23809.1 and MSTRG.1784.2 are highly correlated (Spearman’s rank
correlation = -0.84). While both transcripts’ strain mean normalized expression estimates have a
similar (absolute) Spearman’s rank correlation to strain mean voluntary alcohol consumption
(MSTRG.23809.1 = 0.600; MSTRG.1784.2 = -0.509), the slightly weaker correlation of
MSTRG.1784.2 caused it to be removed as a candidate transcript based on correlation p-value (pvalue = 0.018). Taken together, we suggest the transcript structure is accurate (i.e., the exon 12
skipping isoform) and, furthermore, the transcript is likely a bona fide candidate individual
transcript, but note the genomic location of the candidate individual transcript is unclear.
Aldh1a7
A single transcript of Aldh1a7, ENSRNOT00000024093.1, was present in the DABG
transcriptome (Figure 4.6). The reference version of this transcript, ENSRNOT00000024093, was
removed during filtering and thus not present in the DABG transcriptome.
ENSRNOT00000024093.1 shares intron junctions with ENSRNOT00000024093 (Figure 4.6A)
but possesses a unique 3’ terminus on the negative strand of chromosome 1 compared to the
reference (ENSRNOT00000024093.1 3’ end = 240,561,896; ENSRNOT00000024093 3’ end =
240,562,423; Figure 4.6B).
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Figure 4.6. Isoforms of the Aldh1a7 gene. (A) The blue transcript represents those identified in
the detected above background (DABG) transcriptome, and the red transcript represents the
transcript present in reference annotation. ENSRNOT00000024093 is annotated in the reference
transcriptome but was filtered out of the DABG transcriptome. ENSRNOT00000024093.1
represents a novel isoform identified by aptardi. (B) A zoomed in image of the 3’ region
comparing aptardi annotation (ENSRNOT00000024093.1) to reference annotation
(ENSRNOT00000024093). ENSRNOT00000024093 and ENSRNOT00000024093.1 differ only in
the length of their 3’ most exon. The RNA sequencing reads on the negative strand (black plot)
represent a 10% randomly sampled subset from the HXB/BXH recombinant inbred rat panel
RNA sequencing data in brain. This image was generated using the UCSC Genome Browser
[381] (http://genome.ucsc.edu).
Candidate Modules from Weighted Gene Coexpression Network Analysis
A total of 30 HXB/BXH RI strains with expression data (Supplementary Table 1) were
used to generate transcript coexpression modules using strain means of transcript normalized
expression estimates. WGCNA identified 215 modules along with 137 transcripts (out of the
18,543) that were not assigned a module. The median module size was 10 transcripts
(Supplementary Figure 6). Module eigengenes captured much of the within-module transcript
expression variability (interquartile range: 60% to 72%). In addition, many isoforms of genes
belonged to different modules (Supplementary Figure 7). For example, of the 4,664 genes with
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more than one isoform included in WGCNA, 2,526 (54%) genes possessed isoforms that
belonged to more than one module.
Of the 215 modules, the module eigengene of a single module – blue1 – was significantly
(p-value < 0.01) associated with voluntary alcohol consumption (correlation coefficient = -0.62,
p-value = 0.0026). Using the 30 HXB/BXH RI strains with blue1 module eigengene values and
genotype data (Supplementary Table 1), a genome-wide significant (p-value < 0.01) meQTL was
identified on chromosome 12 (logarithm of odds score = 16.83, p-value < 0.0001). Furthermore,
the location of the meQTL (chromosome 12, position = 39.1 Mb, 95% Bayesian credible = 39.140.5 Mb) overlapped the suggestive (p-value < 0.63) pQTL on chromosome 12 (chromosome 12,
position = 40.5 Mb, 95% Bayesian credible = 11.2-42.8 Mb) thereby satisfying all the
requirements for candidacy. The module eigengene explained 75% of the within-module
expression variability.
The transcripts comprising the blue1 module are shown in Figure 4.7 and listed in Table
4.4. One transcript was identified by aptardi (Ift81), three were identified by StringTie (Lrap,
Mapkapk5, AABR07065438.1) and two were in reference annotation (P2rx4 and Oas3). Most of
these transcripts reside near the physical location of the meQTL and pQTL. Three of the six
transcripts shared a gene ID with other transcripts (Mapkapk5, P2rx4, and Ift81) in the DABG
transcriptome, indicating these transcripts represented splicing variants (i.e., isoforms) of the
gene. The expression of all transcripts displayed individual correlation with voluntary alcohol
consumption (p-value < 0.05). The genes of these three transcripts (Lrap, P2rx4 and Ift81) were
identified in our previous candidate module [132] using microarray data (vs RNA-Seq data here).
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Figure 4.7. Connectivity within the brain candidate coexpression module for predisposition
to voluntary alcohol consumption. Each circle represents a transcript from the coexpression
module. The size of each circle is weighted based on its intra-modular connectivity (not to scale),
and the thickness of each edge is weighted based on the magnitude of the connectivity between
the two transcripts (not to scale). The edge colors indicate the direction of the connectivity (red =
positive, blue = negative). The hub transcript, defined here as the single transcript with the
largest intra-modular connectivity, is colored in yellow (Ift81), and its expression is negatively
associated with voluntary alcohol consumption. Transcripts are ordered by intra-modular
connectivity clockwise starting with Ift81. Strain mean normalized transcript expression
estimates were used in weighted gene coexpression network analysis to generate coexpression
networks. This figure was generated using Cytoscape (v. 3.8.2) [446].
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Table 4.4. Transcripts in the brain candidate coexpression module for predisposition to
voluntary alcohol consumption.
Transcript ID
ENSRNOT0
0000066952.
1

Gene
Gene
Symbol Description

Ift81

Chromosome:Start
Transcript Correlation
# Transcripts # Reference /
Position-End
Intra-modular
With Alcohol
Identified in
StringTie /
Position (Mb)
Connectivity Consumption [Correlation HXB/BXH RI
Aptardi
(Strand)
Coefficient (P-Value)]
Panel
Transcripts

Intraflagellar
Aptardi 12:39.42-39.51 (+)
transport 81

Locus
regulating
Lrap
alcohol
preference
MAPK
MSTRG.628 Mapkapk activated
1.1
5
protein
kinase 5
Ribosomal
MSTRG.199 AABR07
protein L6,
29.1
065438.1
pseudo 1
2’-5’ENSRNOT0
oligoadenylat
Oas3
0000090867
e synthetase
3
Purinergic
ENSRNOT0
P2rx4 receptor P2X
0000001752
4
MSTRG.625
0.1

Source

1.22

-0.44 (0.0487)

3

0/1/2

StringTie 12:39.01-39.02 (-)

1.14

-0.45 (0.0417)

1

0/1/0

StringTie 12:40.51-40.53 (+)

1.10

-0.49 (0.0238)

3

2/1/0

1.01

0.51 (0.0191)

1

0/1/0

Reference 12:41.32-41.34 (+)

1.01

0.60 (0.0043)

1

1/0/0

Reference 12:39.31-39.33 (-)

1.00

-0.58 (0.0059)

2

1/1/0

StringTie

6:128.74-128.74
(+)

Transcripts are ordered by intra-modular connectivity, and the source that identified the
transcript is shown. The total number of transcripts with the same gene ID as the candidate
individual transcripts (i.e., isoforms of the gene) in the detected above background transcriptome,
and the source(s) identifying the transcripts, is also shown. Strain mean normalized expression
estimates and strain mean voluntary alcohol consumption values were used to determine
Spearman’s rank correlations. Strain mean normalized transcript expression estimates were used
in weighted gene coexpression network analysis to generate coexpression networks.
P2rx4
Two isoforms of P2rx4 (gene ID = MSTRG.6256) were identified in the DABG
transcriptome: ENSRNOT00000001752, which was annotated in the reference transcriptome and
represented the transcript in the candidate module, and MSTRG.6256.1, which was annotated by
StringTie (Figure 4.8). The reference and StringTie transcripts differ at their 5’ most exon but
otherwise share identical transcript structure. Both were included in WGCNA.
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Figure 4.8. Isoforms of the P2rx4 gene. Blue transcripts represent those identified in the
detected above background (DABG) transcriptome, and the red transcript represents the
transcript present in reference annotation. ENSRNOT00000001752 is annotated in the reference
transcriptome and retained in the DABG transcriptome, whereas MSTRG.6256.1 represents a
novel isoform identified here by StringTie. MSTRG.6256.1 and ENSRNOT00000001752 differ in
their 5’ most exon but otherwise share exon structure. The RNA sequencing reads on the
negative strand (black plot) represent a 10% randomly sampled subset from the HXB/BXH
recombinant inbred rat panel RNA sequencing data in brain. This image was generated using the
UCSC Genome Browser [381] (http://genome.ucsc.edu).
ENSRNOT00000001752 was also identified as a candidate transcript (see Individual
Candidate Transcripts in Results). While the strain mean normalized expression estimates of
ENSRNOT0000000175 were negatively correlated with strain mean voluntary alcohol
consumption (Spearman’s rank correlation = -0.579, p-value = 0.0051), MSTRG.6256.1 was not
significantly associated with alcohol consumption (Spearman’s rank correlation = 0.166, p-value
= 0.471). ENSRNOT00000001752 was the dominant isoform in the 63 individual rat RNA-Seq
libraries (21 HXB/BXH RI strains) with voluntary alcohol consumption data
(ENSRNOT00000001752 mean TPM = 6.143; MSTRG.6256.1 TPM = 0.254).
Ift81
An isoform of Ift81, ENSRNOT00000066952.1, is the hub gene in the candidate module
(i.e., transcript with the greatest intra-modular connectivity). This transcript was identified by
aptardi. Two additional isoforms of this gene were annotated in the DABG transcriptome:
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ENSRNOT00000066952.2, which was annotated by aptardi, and MSTRG.6258.1, which was
identified by StringTie (Figure 4.9). The reference annotation of Ift81, ENSRNOT00000066952,
was not present in the DABG transcriptome. Both aptardi transcripts only differ in their 3’ base
position (on the plus strand of chromosome 12) compared to the reference transcript
(ENSRNOT00000066952 3’ end = 39,506,890; ENSRNOT00000066952.1 3’ end = 39,507,407;
ENSRNOT00000066952.2 3’ end = 39,507,807; Figure 4.9B). In contrast, the transcript
identified by StringTie, MSTRG.6258.1, possesses unique exon structure (Figure 4.9A). The
isoform belonging to this candidate module (ENSRNOT00000066952.1) was the only individual
isoform of this gene significantly (p-value < 0.05) associated with voluntary alcohol
consumption (ENSRNOT00000066952.1: correlation = -0.44, p-value = 0.049;
ENSRNOT00000066952.2: correlation = -0.33, p-value= 0.14, MSTRG.6258.1: correlation = 0.15, p-value = 0.52). Across the 63 RNA-Seq samples of the 21 HXB/BXH RI strains with
voluntary alcohol consumption data, the mean transcripts per million was 0.68, 2.35, and 2.67 for
ENSRNOT00000066952.2, ENSRNOT00000066952.1, and MSTRG.6258.1, respectively. Only
ENSRNOT00000066952.1, and MSTRG.6258.1 were subjected to WGCNA.
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Figure 4.9. Isoforms of the Ift81 gene. (A) Blue transcripts represent those identified in the
detected above background (DABG) transcriptome, and the red transcript represents the
transcript present in reference annotation. ENSRNOT00000066952 is annotated in the reference
transcriptome but removed in the DABG transcriptome. MSTRG.6258.1 represents a novel
isoform identified by StringTie, and ENSRNOT00000066952.1 and ENSRNOT00000066952.2
represent novel isoforms identified by aptardi. (B) A zoomed in image of the 3’ region
comparing aptardi annotation (ENSRNOT00000066952.1 and ENSRNOT00000066952.2) to
reference annotation (ENSRNOT00000066952). ENSRNOT00000066952,
ENSRNOT00000066952.1, and ENSRNOT00000066952.2 differ only in the length of their 3’
most exon, whereas MSTRG.6258.1 possesses a different exon structure. The RNA sequencing
reads on the positive strand (black plot) represent a 10% randomly sampled subset from the
HXB/BXH recombinant inbred rat panel RNA sequencing data in brain. This image was
generated using the UCSC Genome Browser [381] (http://genome.ucsc.edu).
Discussion
Characterization of the Brain Specific Transcriptome in the HXB/BXH Recombinant
Inbred Rat Panel
A major goal of this work was to annotate the brain specific transcriptome in the
HXB/BXH recombinant inbred rat panel by applying computational methods – namely StringTie
and aptardi – that incorporate expression data (in the form of RNA-Seq). By including
expression data, we were able to characterize the expressed transcriptome in the specific context
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of our study. Moreover, our deeply sequenced RNA-Seq libraries enabled high resolution
mapping of the transcriptome.
Many transcripts in the DABG transcriptome were identified by the computational
approaches that utilized RNA-Seq data (Table 4.1) and were not included in the current Ensembl
transcriptome for rat, highlighting the importance of generating transcriptomes that take into
account study-specific expression. Another – likely complementary – explanation of the
abundance of StringTie and aptardi transcripts is that the rat reference transcriptome is under
annotated compared to humans and other model species such as mouse [447]. Additionally, the
comparable expression heritabilities of StringTie and aptardi transcripts to reference transcripts
indicates these algorithms annotate genetically meaningful transcripts.
Unsurprisingly, we found that the transcript:gene ratio in the DABG transcriptome was
much greater than existing rat Ensembl reference annotation (Table 4.1), and many more genes
in the DABG transcriptome expressed more than one isoform compared to the reference
(Supplementary Figure 3). This aligns with the literature that many higher order eukaryotic genes
express alternative splicing and/or alternative polyadenylation transcripts [102, 412] and, in
particular, that brain expresses the greatest mRNA diversity compared to other tissues due to
alternative splicing and alternative polyadenylation [448]. Furthermore, a recent study likewise
observed an increase in the transcript:gene ratio in rat when including RNA-Seq data to generate
the transcriptome compared to reference annotation [447]. The transcripts of multiple isoform
genes were mostly identified through multiple sources (i.e., StringTie, aptardi, and reference),
demonstrating the utility of our transcript generation pipeline.
Also of note, we suggest that our transcriptome generation pipeline, including the filtering
procedure, provides a means to generate a high quality, representative transcriptome.
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Interestingly, the filtering procedure resulted in a marked reduction in the number of reference
transcripts in the DABG transcriptome. We hypothesize this is because many isoforms identified
by StringTie and/or aptardi more accurately annotated the transcripts expressed by the genes
here. Specific examples of this include Ift81 and Aldh1a7, where the reference transcript was
removed after filtering in favor of the StringTie and/or aptardi transcripts, and these
computationally identified transcripts are better supported by the RNA-Seq data (Figure 4.9 and
Figure 4.6).
Evaluation of Genes Previously Identified as Associated With Voluntary Alcohol
Consumption in the HXB/BXH Recombinant Inbred Rat Panel
We previously performed WGCNA on brain expression data in the HXB/BXH RI panel to
identify networks of genes associated with the same phenotype (voluntary alcohol consumption)
[132]. The major difference here was in the technology used to generate expression data and, as a
result, the type of analysis performed. Specifically, we utilized RNA-Seq data here (as opposed
to microarray data) for the quantitative measurement of transcript expression. In the previous
analysis, we did do a transcriptome reconstruction using RNA-Seq data from the HXB/BXH
progenitor strains but we had to rely on the Affymetrix array to have probes that distinguished
between transcripts of a gene. For most genes, the array was not capable of unambiguously
estimating the expression of individual transcripts. With RNA-Seq data from the full panel, we
were not only able to estimate expression for each individual transcript of a gene, but we were
also able to filter individual transcripts for their heritability. As a result, we sought to compare
the results of this analysis compared to our earlier work.
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Comparison of the Candidate Transcript Coexpression Network Identified Here to the Previous
Candidate Gene Coexpression Network
The previous candidate coexpression module’s meQTL overlapped a voluntary alcohol
consumption pQTL on chromosome 12. Likewise, here we identified a single candidate
coexpression module (out of 215 modules) with its meQTL/pQTL overlap also on chromosome
12. Of the six transcripts in the new candidate transcript module, genes of three were present in
our previous candidate gene module – P2rx4, Lrap, and Ift81. Additionally, the genes of these
transcripts had some of the greatest intra-modular connectivity values in the previous gene
module; Lrap, Ift81, and P2rx4 had the first, second, and fifth greatest intra-modular
connectivity values, respectively. In particular, Lrap was identified as a key modulator of
voluntary alcohol consumption in these rats [445]. For many other genes from the original
candidate coexpression module – especially those with high intra-modular connectivity values –
displayed correlation with voluntary alcohol consumption at the individual transcript level (Table
4.2). Overall, these results indicate that the major genes/transcripts in candidate coexpression
modules (i.e., those with the greatest intra-modular connectivity values) are robust across diverse
data and experimental designs.
Recapitulation of Lrap
The hub gene of the previous candidate coexpression module was an unannotated gene
initially identified from the transcriptome reconstruction in the progenitor strains. Its structure
was confirmed using PCR and was subsequently annotated it as long non-coding RNA for
alcohol preference, Lrap. In this study, we were able to de novo assemble its transcript structure
(Figure 4.3) using all of the HXB/BXH RI strains, thereby providing additional experimental
validation of our computationally identified transcript. The intron junctions of these two
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transcripts are nearly identical; however, the length of the 3’ end location differs to a greater
degree (39,009,809 here vs 39,011,243 previously). We note that the precise locations of the 3’
and 5’ ends have never been validated [132].
Candidate Coexpression Network and Candidate Individual Transcripts
Characterization of Transcripts in the Candidate Coexpression Network
Existing reference annotation possessed a single transcript structure for Ift81; here we
identified three alternative transcripts (Figure 4.9). Moreover, filtering to yield the DABG
transcriptome removed the reference transcript, but the three new structures remained. The RNASeq data support the presence of these structures, exemplifying how the transcriptome generation
procedure can not only annotate new transcripts, but also potentially improve annotation of
existing transcripts. Furthermore, while Ift81 was identified in the previous candidate gene
module and was present in the candidate transcript module, only a single isoform of Ift81 was
present in the candidate transcript module, thereby enabling greater granularity as to the exact
transcript that is associated with alcohol consumption. Likewise, a second, previously
unannotated isoform of P2rx4 was identified, but the reference transcript of this gene was
present in the candidate transcript module. Of note, both of these transcripts were the
predominantly expressed isoforms for their respective genes.
Beyond Ift81, P2rx4, and Lrap, the other transcripts in the candidate module include
isoforms/transcripts of Mapkapk5, Oas3, and AABR07065438.1 (an unannotated transcript).
The Mapkapk5, MAPK activated protein kinase 5, transcript in the candidate module was
annotated by StringTie (MSTRG.6281.1). There are two additional isoforms of Mapkapk5 in the
DABG transcriptome which were annotated by the reference (ENSRNOT00000001817 and
ENSRNOT00000065314); however, only MSTRG.6281.1 was included in WGCNA.
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MSTRG.6281.1 shares similar exons to the longer reference isoform ENSRNOT00000001817 but
with a noticeably longer 3’ terminal exon and an additional, long 5’ exon (Supplementary Figure
8). MAPK activated protein kinases are enzymes whose activation is mediated by Mapks [449].
Notably, Mapkapk5 is a downstream target of Mapk14 [450], which was shown to be a central
regulator of the immunological response in astrocytes [451]. Mapk14 was also differentially
expressed in alcohol preferring AA (alko, alcohol) vs alcohol-avoiding (alko, non-alcohol) rats
[452, 453]. Furthermore, Mapk14 was expressed at lower levels in alcohol preferring iP rats
compared to the alcohol non preferring iNP rats in the caudate-putamen of brain [454].
Interestingly, Map3k7 – a candidate individual transcript – is an upstream regulator of Mapk14
[455], providing a common biological pathway for Mapkapk5 and Map3k7.
The single transcript for Oas3, 2’-5’-oligoadenylate synthetase 3, in the candidate module
was annotated by the reference. A genome wide association study of alcohol consumption in
Korean male drinkers identified a SNP in OAS3 with genome wide significance [456]. Similar to
Mapkapk5, OAS3 plays a role in immunity, namely the antiviral immune response [457].
Expression of Oas3 was shown to be enriched in infiltrating macrophages relative to homeostatic
microglia during virus-induced neuroinflammation [458].
The unannotated transcript is from the AABR07065438.1 gene and was identified by
StringTie. The single reference transcript for this gene was removed from the DABG
transcriptome and, therefore, was also not included in WGCNA. The reference and StringTie
transcripts have identical 5’ and 3’ ends but differ in that the reference transcript has as a single
exon, whereas StringTie identified a splice junction and therefore annotated two exons
(Supplementary Figure 9). Ensembl describes the reference transcript as ribosomal protein L6,
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pseudo 1. Pseudogenes have similar sequence to another gene but are defective [459]; however,
pseudogenes are expressed [460].
Overall, the candidate module is linked to inflammation/the immune response. Such an
observation is consistent with our previous findings [132, 445].
Candidate Individual Transcripts
Notable candidate transcripts include Aldh1a7 and Map3k7. The candidate individual
transcript of Map3k7 was identified de novo and differed from the existing reference transcript
for this gene in that exon 12 was skipped (Figure 4.5). Previous literature has reported that
Map3k7 expresses an exon 12 skipping isoform of the gene [461, 462], providing credence for
the transcript structure identified here. Specifically, the exon skipping isoform was observed to
be differentially expressed in the JSL1 human T-cell line when stimulated to illicit an immune
response [461]. In regard to alcohol, differences in brain expression of Map3k7 between high and
low alcohol preferring mice have been reported. Moreover, Map3k7 pathways were displayed
changes in brain expression of adolescent alcohol-preferring rats following binge-like-alcohol
drinking [463]. Taken together, these results may indicate that differences in baseline expression
levels of the exon 12 skipping Map3k7 isoform may predispose an individual to differences in
voluntary alcohol consumption via modulation of immune response.
The humans ALDH1 family consists of six genes [464]. Aldh1a7 is an additional rodentspecific gene for this family [465] that is a paralogue of Aldh1a1 [56]. Here we annotated a
novel transcript for this gene, ENSRNOT00000024093.1, which was identified by aptardi. This
transcript was present in the DABG transcriptome, while the reference transcript for this gene
(ENSRNOT00000024093), was removed during filtering. The transcripts shared intron junctions
but differ in that the aptardi transcript has a longer 3’ exon. The RNA-Seq reads support the
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presence of the aptardi transcript. Aldh1a7 catalyzes the irreversible conversion of retinaldehyde
to retinoic acid [466]. Retinoic acid can act on immune cells and is involved in
neuroinflammation [467].
These candidate individual transcripts further point towards the role of inflammation and
immunity as predisposing factors associated with voluntary alcohol consumption.
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CHAPTER V
SUMMARY AND FUTURE DIRECTIONS
Summary
Aim 1: Develop a systems genetics pipeline for identifying networks of genes associated
with a complex trait (Chapter II).
In Chapter II, we sought to demonstrate/validate a pipeline that takes a systems genetics
approach for understanding the genetic architecture of complex traits. Prior work has utilized
quantitative genetics analysis to integrate physiological, behavioral, and transcriptomic
information to uncover a number of genetic factors for predisposition to cardiovascular,
metabolic, and certain behavioral traits [468, 469]. We have adopted this approach and integrated
several filters to focus attention on the role of coexpression modules, and we have required
conditions that have to be met to categorize a module as a candidate for influencing the
quantitative character of a chosen trait. In the current work we chose to apply our approach to
analysis of two phenotypes related to alcohol (ethanol) metabolism: 1) alcohol clearance and 2)
the measure of circulating acetate levels over time after alcohol administration (i.e., the “area
under the curve” for acetate). With regard to the alcohol clearance phenotype, our hypothesis
was that if our approach was viable, the identified module would contain components, such as
alcohol dehydrogenases, which are accepted determinants of the rate of alcohol metabolism in
mammals. For the phenotype of acetate “area under the curve”, the approach was being used as
hypothesis-generating rather than a hypothesis testing entity.
Overall, the unsupervised, statistically based, systems biology approach that we instituted
for analyzing factors influencing ethanol metabolism and resultant acetate levels produced some
rewarding results. First, out of 658 modules, our approach identified one module related to the
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genomic locus determining the rate of ethanol clearance. This liver module contained two
alcohol dehydrogenase transcripts that would be fully expected, from ample literature [278, 279],
to be responsible for ethanol oxidation in the rat. The identification of a module with two alcohol
dehydrogenases also substantiates the belief that alcohol dehydrogenase isoforms with different
KM values for ethanol can contribute to metabolism depending on the blood levels achieved after
a particular dose of ethanol (2 g/kg in our work). Our results also pointed to the functional
context for inclusion of these alcohol dehydrogenases in a module which, in the rat, under
normal conditions rarely, if at all, experiences alcohol concentrations of 40 mM or higher. The
same can be said for most humans and this module’s involvement in generation and utilization of
retinoic acid is another relevant component of our results.
We would suggest that the protocol we implemented that included QTL or GWAS of
physiologic, pathologic and behavioral traits in animals, including humans, can bring credence to
anticipated results and introduce unexpected but plausible systems genetic explanations of
complex traits. Furthermore, since the RI rats utilized in this study have been stored for eternal
use and we have procured a rich database of their attributes for public use, studies addressing
alternative research questions, e.g., the influence of genes and/or modules on different
phenotypes or how they predispose response to various environmental factors, can easily be
employed in this panel and perhaps extrapolated to humans for valuable insights, The evidence
for the possible contribution of Aldh1a1 to acetate AUC although it was not included in a
candidate module, must, however, temper the absolute utility of the coexpression approach and
indicates that careful inspection of all forms of gene expression data in relationship to a given
phenotype is still necessary to reach optimum conclusions. Additionally, it should be noted that

147

our study design included only male rats, and gender differences in alcohol metabolism have
been reported [470].
In summary, here we sought to provide evidence that the association between alcohol
metabolizing genes and AUD may be at least partly due to acetate. These genes are directly
involved with the production of acetate. Our work demonstrated that differential expression of
Adh1 and Adh4 and not ALDH isoforms, influences acetate exposure in rats. ADH1 and ADH4
have some of the strongest associations with AUD in humans and possess noncoding SNPs that
influence expression. In addition, the genetic etiology of complex traits such as AUD are likely
driven by gene regulation processes such as expression. Beyond the genetic support for acetate
as the metabolic and biological link between the genome and AUD, we also provided two
possible modes of action for acetate. Namely, acetate from ethanol reaches the brain and causes
1) hyperacetylation and corresponding gene expression changes, and 2) an increase in brain
acetate metabolism for energy needs during development of AUD, rather than glucose
metabolism. Future studies on acetate derived from alcohol are needed to clearly establish its
potential role in AUD that ideally combine or consider its molecular, genetic and genomic
aspects.
Aim 2: Develop a machine learning algorithm for identifying polyA sites in the expressed
transcriptome that utilizes DNA sequence and short read bulk high-throughput RNA-Seq
(Chapter III)
In Chapter II, we utilized gene level expression estimates when identifying candidate
coexpression networks associated with a complex trait. In other words, this analysis did not
distinguish between isoforms derived from the same gene. While grouping expression estimates
by gene may possess inherent advantages, e.g., it likely yields more robust expression estimates,
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is easily interpretable, many complex traits are understood to be modulated by only one isoform
derived from a gene even when multiple isoforms of that gene are expressed. One posttranscriptional modification that combines aspects of expression and different transcript
structures is alternative polyadenylation (APA). APA transcripts derived from the same gene, by
definition, have different transcript structures. However, APA transcripts often share the same
protein coding sequence and only differ in 3’ UTR length. Regardless, APA transcripts can have
distinct biological consequences; for example, expression of one APA isoform at the expense of
another can reduce the overall expression level of the gene through differential miRNA binding
between these isoforms.
APA is a pervasive gene regulation mechanism that may play a role alcohol related
complex traits; however, current methods for identifying polyA sites and characterizing APA
suffer several shortcomings. As a result, in Chapter III, we developed an algorithm to improve
annotation of polyA sites in the expressed transcriptome whose results can be incorporated into
downstream analyses such as that utilized in Chapter II.
The algorithm we developed, aptardi, utilized multiple omics sources and supervised
machine learning. Specifically, we harnessed the information afforded by both DNA sequence
and high-throughput RNA-Seq to predict polyA sites. For machine learning, we utilized a
supervised paradigm where the labels were derived from the highly accurate PolyA-Seq data.
The machine learning algorithm was a biLSTM, which takes into account the sequential nature
of bins across a transcript when making predictions.
We first demonstrated that aptardi is broadly applicable. We did this by showing that a
model trained on one dataset performs comparably on unseen data from difference sources. We
then showed that aptardi outperforms current methods for identifying polyA sites. In particular,
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we showed that applying aptardi to current transcriptome reconstruction pipelines improves
polyA site annotation. We further showed that aptardi outperforms RNA-Seq based and DNA
sequence-based algorithms for identifying polyA sites. Finally, we applied aptardi to a dataset
where APA events were experimentally confirmed and showed that aptardi could successfully
identify these APA sites in a sample specific manner (i.e., identified the sites in the knockdown
but not the control) although they were not identified using current reconstruction methods.
We made aptardi publicly available as free, open-source software. Therefore, future
research can use aptardi to study the impact of APA on various processes and diseases.
One limitation of aptardi is that it cannot distinguish transcript/polyA site pairs when
multiple transcripts overlap a genomic region where it identified a polyA site. As a result, it
enumerates all possible transcripts for a given polyA site when multiple transcripts are present.
Future research to assign polyA sites to specific transcripts would enhance the algorithm.
Another perceived limitation may be that aptardi makes predictions on 100 base bins (for
positive predictions, it annotates the transcript stop site as the 3’ most base in the given 100 base
bin). However, this concern is partially mitigated because the precise location of polyA sites can
“wiggle” by up to 30 nucleotides for what is considered a single isoform, i.e. not an APA event
[178], and as such researchers often group polyA sites within 30 bases into a single site [208].
Furthermore, few 100 base bins contained multiple polyA sites (Supplementary Table 4).
Finally, the manually engineered DNA sequence features may not apply to taxa outside of
mammals [178] and will require further research for extension to other taxa, such as plans and
insects.
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Aim 3: Characterize the alternative splicing and alternative polyadenylation
transcriptional landscape in brain of the HXB/BXH recombinant inbred rat panel and
assess its impact on predisposition to voluntary alcohol consumption (Chapter IV)
Alternative splicing and APA greatly increase the transcriptomic diversity in eukaryotes.
However, these events are often under-annotated in reference annotation, especially in model
organisms such as rat. In addition, alternative splicing and alternative polyadenylation can vary
based on physiological conditions, cell type, developmental, stage, sex, immune and disease
state, immune response, inflammation, and viral infection. Moreover, brain exhibits the greatest
diversity from these phenomena of all tissues. Finally, as previously delineated, previous
research has implicated alternative splicing and APA in the genetic underpinnings of complex
diseases such as alcohol related phenotypes.
In Chapter IV, we had two main goals 1) characterize the alternative splicing and APA
transcriptional landscape in brain of the HXB/BXH RI rat panel and 2) identify candidate
transcripts and transcript networks associated with voluntary alcohol consumption.
To generate a brain specific transcriptome of the HXB/BXH RI panel assessed for
alternative splicing and APA, we applied StringTie (for alternative splicing) and aptardi (for
APA) – the algorithm we developed Chapter III. We first established a filtering pipeline for
identifying high quality transcripts when applying these algorithms. Of note, since this was the
first time applying aptardi to data of this magnitude, and since aptardi cannot distinguish
transcript/polyA site pairs for overlapping transcripts, we assessed how to filter potential false
positive transcripts identified by aptardi. Others can utilize this pipeline when applying aptardi in
their studies. This filtering was used to establish an expressed transcriptome. The number of
isoforms was greatly increased in this transcriptome compared to the reference transcriptome,
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supporting the notion that most genes undergo alternative splicing and APA and that these events
are under-annotated. Supporting their genetic component, transcripts identified by StringTie and
aptardi showed comparable heritability to those in reference annotation.
We then applied the statistical pipeline developed in Chapter II to identify candidate
transcript coexpression networks. By doing this at the transcript level, we were able to resolve
isoforms of genes, unlike the method employed previously. We successfully recapitulated results
from previous studies examining genes associated with this phenotype while further advancing
our knowledge by identifying specific isoforms of these genes responsible for the association.
We likewise identified individual candidate transcripts associated with voluntary alcohol
consumption, some of which included novel alternative splicing and APA transcripts identified
through our computational approach.
Future directions
Aim 1: Develop a systems genetics pipeline for identifying networks of genes associated
with a complex trait (Chapter II).
Our use-all-data, systems genetics approach to identify networks of genes associated with
a complex trait was successfully validated by identifying a candidate module containing the
ADH genes, which are well-known to influence the alcohol metabolism phenotypes. As a result,
we suggest researchers can apply our methodology to other phenotypes to likewise investigate
networks of genes associated with a complex trait. Another interesting aspect of this work was
inclusion of acetate as a phenotype. The same ADH containing candidate module was associated
with this phenotype. Much of the work focused on explaining the molecular pathways influenced
by the alcohol metabolizing genes that lead to their association with AUD have focused on
acetaldehyde. Yet results have been inconsistent, and we provided a possible explanation for
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how acetate may be a mediator of AUD. Follow up experiments on the role of acetate in AUD,
with a particular focus on a design that allows for differentiating the contributions of acetate and
acetaldehyde, would likely lead to better insights into a possible role for acetate.
Aim 2: Develop a machine learning algorithm for identifying polyA sites in the expressed
transcriptome that utilizes DNA sequence and short read bulk high-throughput RNA-Seq
(Chapter III)
Two divergent future directions could be pursued in regard to Aim 2: 1) improvement of
the algorithm and 2) use of the algorithm to gain biological insight. To improve the algorithm,
several avenues are available. For instance, aptardi cannot distinguish transcript/polyA site pairs
for overlapping transcripts. The ability to assign a single polyA site to a single transcript would
therefore be beneficial but may require alternative datasets. Another possibility is to cultivate
other features and potentially perform automated feature engineering using more sophisticated
machine learning methods. Likewise, alternative hyperparameters and more complex machine
learning models could be explored. Reducing the bin size that aptardi identifies polyA sites
within would increase the resolution of polyA sites. Smoothing of the RNA-Seq data to reduce
false positives resulting from uneven coverage changes due to sequencing phenomena such as
GC biases could also improve performance. Future research could also use the algorithm to
better characterize the expressed transcriptome by improving identification of 3’ ends of
transcripts. In Chapter IV, we demonstrated how aptardi could be incorporated into
transcriptome assembly. By improving the resolution transcript structures of genes using aptardi,
better expression estimates of specific isoforms can be obtained and utilized to ascertain the role
of specific isoform expression on the phenotype. Likewise, improved annotation of the expressed
transcriptome may provide greater detail into the exact transcript isoforms responsible for a
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phenotype. This could present new avenues for therapeutic targets, e.g., the discovery of an
aptardi transcript with a longer 3’ UTR than previously annotated could enable therapies targeted
at newly acquired miRNA binding sites. Furthermore, assembling sample specific transcriptomes
with aptardi may uncover differences in transcripts that could serve as a biomarker of a given
disease state, e.g., shortening or lengthening of transcript 3’ UTRs as identified by aptardi could
indicate cancer vs healthy individuals. Alternatively, understanding differences in transcript
structures from aptardi analysis or expression levels may provide insight into individual
differences in response to a therapy.
Aim 3: Characterize the alternative splicing and alternative polyadenylation
transcriptional landscape in brain of the HXB/BXH recombinant inbred rat panel and
assess its impact on predisposition to voluntary alcohol consumption (Chapter IV)
Future research should focus on several key areas. One area would be to experimentally
validate the computationally derived transcript structures identified here that were in the
candidate transcript coexpression module (e.g., Ift81 and Mapkapk5) or individual candidate
transcripts (e.g., Map3k7 and Aldh1a7). For those with different 3’ ends compared to existing
reference transcripts as identified by aptardi (e.g., Ift81 and Aldh1a7), the gain and/or loss of
potential microRNA binding sites may be of interest and the biological consequences elucidated
with respect to voluntary alcohol consumption. For those with different exon structures (i.e.,
Mapkapk5 and Map3k7), the impact on the encoded protein may provide insight into their
association with voluntary alcohol consumption.
Other work could address the robustness of the candidate individual transcripts using
functional validation studies and/or increasing sample size. Likewise, ascertaining the
relatedness of the module components and casual relationships to each other and to voluntary
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alcohol consumption would likely yield important insights. Another potentially interesting study
would be to evaluate these candidate modules and candidate individual transcripts after exposure
to alcohol (rather than as predisposing factors).
Concluding remarks
The genetic architecture of complex traits is, as the name suggests, complex. In this work
we sought to better understand the connection between genotype and phenotype by including the
information afforded by RNA expression data. Specifically, we first validated a methodology for
identifying networks of coexpressed genes associated with a complex trait. Networks of genes
provide information on the biological processes underlying a phenotype. Next, we developed a
machine learning algorithm for identifying the 3’ ends, or polyA sites, of transcripts in the
expressed transcriptome. Post transcriptional modification of transcripts allows for dynamic
usage of 3’ ends, thereby necessitating sample specific analysis to uncover the impact of this on
phenotypes. Finally, we applied these methods to gain additional insight into the genetic
underpinnings of voluntary alcohol consumption.
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APPENDIX A
CHAPTER II SUPPLEMENTARY
Supplementary Methods

Detailed Description of Ethanol Delivery Method and Dose Choice Rationale
The use of intraperitoneal delivery circumvents the gastrointestinal tract (GI), and
therefore also any confounding influence of GI alcohol metabolism on alcohol clearance [1],
while still otherwise closely mimicking first pass metabolism and the traditional route of alcohol
administration [2, 3]. Indeed, the relative contribution of the GI tract to first pass metabolism of
alcohol remains controversial; however, here we are only interested in the genetic variables of
the main alcohol metabolizing organ – the liver [4, 5]. The dose of alcohol was chosen based on
previous observations in these animals that it induces moderate intoxication and anxiolysis and
achieves peak blood alcohol concentrations of approximately 40 mM. The high blood alcohol
concentrations are presumably sufficient to saturate the alcohol metabolizing enzyme class I
alcohol dehydrogenase 1 (ADH1), as well as capture any genetic involvement of low affinity, i.e.
high Km, enzyme systems on alcohol clearance such as the class II alcohol dehydrogenase 4
(ADH4) identified in the rat [6, 7].
Detailed Description of Alcohol Clearance Quantitation in the HXB/BXH Recombinant Inbred
Rat Panel
For gas chromatographic analysis of blood alcohol levels, ambient headspace injections
with an injection volume of 10 μL were performed, and nitrogen was utilized for the mobile
phase. The 2-propanol (product number 675431) and the ethanol (product number 493511) used
for the internal standards and standard curves, respectively, were received from Sigma-Aldrich
(Sigma-Aldrich, St. Louis, MO, USA). Estimated concentrations below 2 mM were considered
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under the detection limit and consequently removed from alcohol clearance calculations.
Additionally, individual rats missing more than half (5 out of 10 time points) of their blood
samples were removed from the analysis, and measurements at 0 minutes were not used in the
model fitting as the pharmacokinetic (PK) model used assumed zero concentration at time 0.
Detailed Description of Acetate Area Under the Curve Quantitation in the HXB/BXH
Recombinant Inbred Rat Panel
In general, each plate contained 30 blood samples in duplicate (60 measures total) and
two standard curves; one was measured prior to the experimental samples and one measured
after the experimental samples were recorded. The standard curves were first evaluated for
quality using the coefficient of determination from a linear regression model predicting observed
quantity from known acetate concentration. When both curves had coefficients of determination
greater than 0.9, the average intercept and average slope was used for estimating acetate
concentrations. When only one curve met this criterion, only that curve was used for
quantitation. When neither curve had a coefficient of determination greater than 0.9, individual
values were examined for quality. If the rank of two observed values did not match the rank of
their known concentration, these two values were removed and the calibration curve was
estimated based on four concentrations. If the rank of more than two observed values differed
from their known rank, the observation with the largest absolute deviation in the fitted linear
model was removed. Additionally, entire plates/batches that had greater than two-thirds of its
absorbance measurements below background absorbance, defined as the mean absorbance of
0.00 M acetate concentration standards for the given batch, were not included. To ensure
comparable acetate AUC estimates across rats, rats missing acetate values at the beginning (0
minutes) and/or end (400 minutes) of the acetate concentration-time curve were excluded from
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further analysis. Acetate measurements were repeated for several rats excluded due to quality
control using a separate aliquot of the blood samples and four standard curves per plate, and the
resulting measurements were processed as noted above. Duplicate acetate measurements were
averaged to give the concentration for a given sample. Negative acetate concentrations were
counted as zero when calculating acetate AUC. Of note, adjusting for basal acetate levels, i.e.
shifting the acetate concentration-time curves for each rat based on the concentration of acetate
at 0 minutes when calculating acetate AUC, did not alter the conclusions of this study as most of
these values were below the limits of detection.
Detailed Description of Trim Galore!, TopHat, and RSEM Settings Used in the Quantitation of
Whole Liver RNA Sequencing for the HXB/BXH Recombinant Inbred Rat Panel Pipeline
Trim Galore!:
Function = trim_galore
Options = --paired –stringency 3 -q 20

TopHat:
Function = tophat
Options = -g 2 --library-type fr-firststrand -p 12

RSEM:
Function = rsem-calculate-expression
Options = -p 6 –time --seed-length 20 --bowtie2 --no-bamoutput --forward-prob=0.0 --pairedend
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Supplementary Tables
Supplementary Table S1. Statistical comparison of zero-order and first-order elimination
phase pharmacokinetic model fits in individual animals of the HXB/BXH recombinant
inbred rat panel.

Animal

Strain

First-order
Elimination
Rate
Constant
(/min)

Sum of
Residuals
from Firstorder
Model Fit

Zero-order
Elimination
Rate
Constant
(mM/min)

Sum of
Residuals
from Zeroorder
Model Fit

F-statistic (Firstorder Sum of
Residuals/Zeroorder Sum of
Residuals)

p-value

BXH10_1_2G

BXH10

0.0023

154.3

0.0830

152.2

1.01

0.51

BXH10_2_2G

BXH10

0.0013

51.3

0.0406

49.0

1.05

0.52

BXH10_3_2G

BXH10

0.0021

78.7

0.0677

75.6

1.04

0.52

BXH11-2mg-1

BXH11

0.0025

69.4

0.0866

132.3

0.52

0.23

BXH11-2mg-2

BXH11

0.0026

118.4

0.0902

114.8

1.03

0.51

BXH11-2mg-3

BXH11

0.0030

35.6

0.0965

24.7

1.44

0.67

BXH12-2mg-1

BXH12

0.0018

99.3

0.0808

79.3

1.25

0.60

BXH12-2mg-2

BXH12

0.0023

50.4

0.0914

40.8

1.23

0.58

BXH12-2mg-3

BXH12

0.0022

109.2

0.0816

94.6

1.15

0.55

BXH13-2mg-1

BXH13

0.0038

1.0

0.0649

0.2

5.25

0.90

BXH13-2mg-2

BXH13

0.0035

241.3

0.1054

240.4

1.00

0.50

BXH13-2mg-3

BXH13

0.0055

79.5

0.1122

65.6

1.21

0.59

BXH2-2mg-1

BXH2

0.0024

118.2

0.0900

162.5

0.73

0.40

BXH2-2mg-2

BXH2

0.0032

38.0

0.0981

55.6

0.68

0.34

BXH2-2mg-3

BXH2

0.0023

287.0

0.1207

190.6

1.51

0.70

BXH3_1_2G

BXH3

0.0020

33.5

0.0532

33.2

1.01

0.50

BXH5-2mg-2

BXH5

0.0023

19.2

0.0808

25.2

0.76

0.40

BXH5-2mg-3

BXH5

0.0029

182.5

0.1106

281.4

0.65

0.29

BXH5-2mg-4

BXH5

0.0023

217.8

0.0799

268.7

0.81

0.39

BHX6_3_2G

BXH6

0.0056

79.8

0.1163

36.6

2.18

0.79

BXH6_1_2G

BXH6

0.0065

72.7

0.1758

39.8

1.83

0.65

BXH6_2_2G

BXH6

0.0056

52.0

0.1786

19.0

2.73

0.78

BXH8_1_2G

BXH8

0.0066

162.8

0.2044

56.1

2.90

0.84

BXH8_2_2G

BXH8

0.0057

95.0

0.1423

47.7

1.99

0.77

BXH9_2_2G

BXH9

0.0037

68.3

0.1124

17.6

3.88

0.94

BXH9_3_2G

BXH9

0.0042

131.3

0.1220

50.7

2.59

0.84

HXB1-2mg-1

HXB1

0.0061

42.9

0.1572

19.1

2.24

0.80

HXB1-2mg-2

HXB1

0.0095

101.1

0.2200

164.7

0.61

0.35

HXB1-2mg-3

HXB1

0.0098

105.4

0.1761

639.3

0.16

0.03

HBX10_2_2G

HXB10

0.0032

16.3

0.0897

17.0

0.96

0.48

HXB10_1_2G

HXB10

0.0047

64.9

0.1071

31.9

2.03

0.77

HXB10_3_2G

HXB10

0.0036

36.7

0.0912

37.6

0.97

0.49

HXB13_1_2G

HXB13

0.0011

83.5

0.0479

84.8

0.98

0.49
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HXB13_3_2G

HXB13

0.0007

47.8

0.0336

43.9

1.09

0.54

HXB15-2mg-1

HXB15

0.0041

149.2

0.1215

182.2

0.82

0.41

HXB15-2mg-2

HXB15

0.0050

276.9

0.1143

159.2

1.74

0.74

HXB15-2mg-3

HXB15

0.0043

69.2

0.1018

28.7

2.41

0.85

HXB17-2mg-1

HXB17

0.0070

16.8

0.1130

94.5

0.18

0.06

HXB17-2mg-2

HXB17

0.0069

63.0

0.1869

33.9

1.86

0.72

HXB17-2mg-3

HXB17

0.0052

69.8

0.1436

10.8

6.48

0.97

HXB18-2mg-1

HXB18

0.0053

209.8

0.1614

98.7

2.13

0.76

HXB18-2mg-2

HXB18

0.0060

99.8

0.1390

25.9

3.86

0.92

HXB18-2mg-3

HXB18

0.0062

34.4

0.1184

10.5

3.27

0.86

HXB2-2mg-1

HXB2

0.0038

75.1

0.1044

104.1

0.72

0.35

HXB2-2mg-2

HXB2

0.0036

120.0

0.1192

47.1

2.54

0.86

HXB2-2mg-3

HXB2

0.0026

485.3

0.1039

423.1

1.15

0.57

HXB20-2mg-1

HXB20

0.0038

80.8

0.1107

63.4

1.27

0.61

HXB20-2mg-2

HXB20

0.0047

71.4

0.1110

21.2

3.37

0.92

HXB20-2mg-3

HXB20

0.0055

215.3

0.1271

134.8

1.60

0.67

HXB21-2mg-1

HXB21

0.0045

119.2

0.1491

54.0

2.21

0.82

HXB21-2mg-2

HXB21

0.0034

150.2

0.0951

77.6

1.94

0.76

HXB21-2mg-3

HXB21

0.0055

85.2

0.1393

28.4

3.00

0.84

HXB22-2mg-1

HXB22

0.0031

179.7

0.0823

224.2

0.80

0.40

HXB22-2mg-2

HXB22

0.0062

84.5

0.1371

168.7

0.50

0.21

HXB22-2mg-3

HXB22

0.0048

147.8

0.1229

50.3

2.94

0.89

HXB23_1_2G

HXB23

0.0047

29.6

0.0906

11.2

2.65

0.82

HXB23_2_2G

HXB23

0.0034

41.0

0.0799

33.7

1.22

0.57

HXB23_3_2G

HXB23

0.0032

5.6

0.1067

1.3

4.25

0.87

HXB24-2mg-1

HXB24

0.0022

65.6

0.0718

52.0

1.26

0.60

HXB24-2mg-2

HXB24

0.0027

55.1

0.0967

38.5

1.43

0.65

HXB24-2mg-3

HXB24

0.0029

132.5

0.0890

94.2

1.41

0.66

HXB25_1_2G

HXB25

0.0037

172.6

0.1009

112.3

1.54

0.69

HXB25_3_2G

HXB25

0.0046

36.1

0.1222

94.4

0.38

0.19

HXB27_1_2G

HXB27

0.0068

75.6

0.1598

7.9

9.51

0.97

HXB27_2_2G

HXB27

0.0061

11.7

0.1676

16.5

0.71

0.39

HXB27_3_2G

HXB27

0.0061

14.4

0.1745

36.3

0.40

0.23

HXB29-2mg-1

HXB29

0.0025

124.4

0.0745

148.1

0.84

0.42

HXB29-2mg-2

HXB29

0.0023

20.0

0.0614

16.8

1.19

0.57

HXB29-2mg-3

HXB29

0.0039

127.9

0.1128

148.0

0.86

0.43

HXB3_1_2G

HXB3

0.0073

64.4

0.1653

7.3

8.80

0.97

HXB3_2_2G

HXB3

0.0072

111.0

0.1423

52.6

2.11

0.78

HXB31_1_2G

HXB31

0.0044

69.8

0.1016

37.5

1.86

0.77

HXB31_3_2G

HXB31

0.0054

221.1

0.1449

322.4

0.69

0.32

HXB4-2mg-1

HXB4

0.0051

104.3

0.1423

35.3

2.95

0.89
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HXB4-2mg-2

HXB4

0.0039

145.1

0.1118

175.0

0.83

0.42

HXB4-2mg-3

HXB4

0.0050

146.8

0.1580

104.7

1.40

0.65

HXB5-2mg-1

HXB5

0.0050

82.7

0.1187

29.5

2.81

0.86

HXB5-2mg-2

HXB5

0.0063

70.0

0.1455

221.1

0.32

0.09

HXB5-2mg-3

HXB5

0.0063

39.6

0.1145

83.0

0.48

0.19

HXB7_2_2G

HXB7

0.0056

11.2

0.0999

15.1

0.74

0.39

HXB7_3_2G

HXB7

0.0029

109.5

0.0845

64.7

1.69

0.73

Each row represents an individual animal. For each animal, the elimination phase of ethanol, i.e.,
the concentration-time curve from peak blood concentration through the remaining data after a 2
g/kg dose of ethanol, was fit to a zero-order (i.e., straight line) and first-order (i.e., exponential
decay) kinetic model and the corresponding rate constant calculated. The F-statistic was
determined by taking the ratio of the sum of residuals for the first-order fit to the zero-order fit
for each individual animal. A small p-value for the F-statistic indicates the first-order model fit
the concentration-time curve more accurately for the given animal, and a large p-value indicates
the zero-order model was a better fit. The vast majority of p-values for the rats lie between 0.05
and 0.95, which suggests neither model fit the animal significantly better than the other.
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Supplementary Table S2. Detailed summary of RNA sequencing results by sample
Batch 1

Batch 2

Percent of
Number of
Number
PairedPaired-End
Sample of PairedEnd Reads
Reads After
End Reads
Aligned to
Trimming
rRNA

Number of
Paired-End
Number of
Reads NOT Sample Paired-End
Aligned to
Reads
rRNA

BXH2

Batch 3

Percent of
Number of
PairedPaired-End
End Reads
Reads After
Aligned to
Trimming
rRNA

Percent of Number of
Number of
Number of
Paired- Paired-End
Paired-End
Number of Paired-End
End
Reads
Reads NOT Sample Paired-End Reads
Reads
NOT
Aligned to
Reads
After
Aligned Aligned to
rRNA
Trimming
to rRNA rRNA

BXH12_1 48944095 46522887

1.1%

45993223

42903025

42775273

0.6%

42536334

BNLx_1 90666458 90074574

1.0%

89129996

BXH12_2 46809812 44375871

3.4%

42854944 HXB10 47121630

46941747

0.7%

46634733

BNLx_2 59006131 58598172

0.8%

58106969

HXB13_1 50150896 46695549

1.3%

46073379

42944312

42818522

1.1%

42349636 BXH10_1 86114764 85143297

1.1%

84243361

HXB13_2 45529860 43140610

5.8%

40647600 HXB15 53558009

53443809

0.7%

53084566 BXH10_2 70514093 70140982

1.2%

69302759

HXB17_1 46594113 43848524

1.2%

43332445 HXB18 38623372

38468664

1.1%

38040549 BXH11_1 84084666 83482541

0.8%

82832449

HXB17_2 37696059 34782463

1.2%

34374408 HXB20 53698856

53408926

0.8%

52972074 BXH11_2 96941474 96387388

0.6%

95796252

HXB2_1 40389886 38408290

8.2%

35247605 HXB21 46122637

45786609

0.6%

45512955 BXH13_1 76910934 76398952

1.3%

75423998

HXB2_2 41680207 38891718

1.0%

38492580 HXB22 38836500

38660060

0.7%

38389294

BXH3_1 89250975 88220526

1.6%

86851878

HXB25_1 35104202 33348011

1.9%

32708490 HXB23 54376269

54248472

0.6%

53922836

BXH3_2 82735428 82205766

0.7%

81646781

HXB25_2 47102360 45162710

11.7%

39859957 HXB24 48470543

48325150

0.7%

47999114

BXH5_1 79983954 79290372

0.8%

78693651

HXB27_1 35651237 33631341

1.2%

33212524 HXB29 44560164

44415617

0.7%

44099219

BXH6_1 87032370 86490639

2.3%

84540498

HXB27_2 45626177 43339409

6.0%

40737697 HXB31 47936946

47786908

0.6%

47489523

BXH6_2 85302331 84720856

0.8%

84017266

HXB7_1 53174270 50102243

8.9%

45637827

HXB3

40526076

40398533

1.2%

39931495

BXH8_1 72771217 72054807

1.1%

71292055

HXB7_2 49021976 46849723

1.0%

46376933

HXB4

43726307

43612129

1.0%

43169045

BXH8_2 73575935 72444118

0.7%

71929130

SHR_1 49060694 47297561

12%

41635176

HXB5

49348173

49214553

1.0%

48705074

BXH9_1 102849405 102221494

1.3%

100925554

SHR_2 50009902 47699506

2.9%

46336265

SHR

47027334

46839830

7.8%

43167544

BXH9_2 71741565 71367904

1.0%

70645598

HXB10_1 89785465 89027890

0.9%

88256121

HXB18_1 89184507 88827405

1.8%

87251073

HXB22_1 81854638 81416829

1.4%

80263351

HXB23_1 67289160 66497693

0.9%

65926737

HXB31_1 73540759 73100949

1.9%

71743480

HXB3_1 81953604 81299891

1.3%

80220536

HXB1

SHR_1

70590530 70000608

0.9%

69403209

SHR_2

63996267 63304220

0.7%

62837673

Samples are denoted by strain and if required sample number separated by an underscore.
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Supplementary Table S3A. Modules from HXB/BXH WGCNA that are associated with
alcohol clearance in the recombinant inbred rat panel after 2 g/kg alcohol administration.
Module

orange3
darkslateblue.1
peachpuff3
palegreen1
maroon4
lightcyan.1
mistyrose3.1
palegreen3
darkorange3
goldenrod2

Number of
Genes in
Module

Proportion of Variance in
Module Explained By
Eigengene

10
6
9
8
8
6
5
8
7
8

0.60
0.66
0.59
0.62
0.63
0.65
0.66
0.66
0.68
0.62

Correlation with Alcohol
Clearance in HXB/BXH
Correlation
Coefficient

p-value

-0.75
-0.56
-0.55
-0.53
0.50
-0.49
0.49
0.49
0.48
-0.48

<0.001
0.0016
0.0018
0.0030
0.0055
0.0065
0.0075
0.0076
0.0084
0.0091

Maximum Module Eigengene QTL
Location [Chromosome:Mb
Empirical
(95% Bayesian Credible
Genome-wide pInterval)]
value
chr2:242.9 (242.9-246.2)
< 0.001
chr3:36.4 (35.4-41.2)
0.014
chr5:54.7 (1.8-162.6)
0.97
chr6:54.3 (0.1-121.5)
0.63
chr2:242.9 (2.6-265.4)
0.13
chr7:108.9 (11.8-144.4)
0.89
chr6:110.1 (24.8-145.1)
0.54
chr3:41.2 (35.4-58.1)
0.032
chr12:33.1 (2.2-47.8)
0.51
chr3:45.3 (4.1-176.6)
0.60

Module eigengenes were used to determine correlation (Pearson) between modules and alcohol
clearance. Modules with a correlation coefficient p-value < 0.01 were included and are ordered
by p-value. The location and empirical genome-wide p-value of the most significant module
eigengene QTL for each module is included.
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Supplementary Table S3B. Modules from HXB/BXH WGCNA that are associated with
acetate area under the curve (AUC) in the recombinant inbred rat panel after 2 g/kg
alcohol administration.
Module

lightslateblue
sienna2.1
bisque3.1
orange3
antiquewhite4
goldenrod2
cadetblue4
maroon4
deepskyblue2
cadetblue

Number of
Genes in
Module

Proportion of Variance
in Module Explained
By Eigengene

14
5
5
10
22
8
7
8
8
8

0.54
0.68
0.65
0.60
0.55
0.62
0.70
0.63
0.64
0.62

Correlation with Acetate AUC
in HXB/BXH
Correlation
Coefficient

p-value

0.70
0.62
-0.58
-0.57
0.51
-0.51
0.50
0.49
0.47
-0.47

<0.001
0.0003
0.0009
0.0014
0.0050
0.0051
0.0063
0.0073
0.0095
0.0100

Maximum Module Eigengene QTL
Location [Chromosome:Mb
(95% Bayesian Credible
Interval)]
chr18:54.6 (54.1-56.4)
chr2:229.3 (2.6-243.8)
chr19:49.5 (10.9-60.3)
chr2:242.9 (242.9-246.2)
chr2:186.3 (186.3-186.3)
chr3:45.3 (4.1-176.6)
chr3:40.5 (33.1-108.6)
chr2:242.9 (2.6-265.4)
chr13:45.3 (18.1-72.5)
chr18:6.8 (0.4-15.3)

Empirical
Genome-wide pvalue
0.013
0.20
0.49
< 0.001
< 0.001
0.60
0.14
0.13
0.065
0.22

Module eigengenes were used to determine correlation (Pearson) between modules and acetate
AUC. Modules with a correlation coefficient p-value < 0.01 were included and are ordered by pvalue. The location and empirical genome-wide p-value of the most significant module
eigengene QTL for each module is included.

208

Supplementary Table S4. Associations between Ensembl genes, Ensembl transcripts and
the phenotypes for the alcohol dehydrogenase genes in the orange3 candidate module.

Adh6
ENSRNOT0
0000036993
(Adh6)
ENSRNOT0
0000083682
(Adh1)
ENSRNOT0
0000085067
(Fusion
Gene with
Adh1 and
Adh6)
Adh4
ENSRNOT0
0000016891
(Adh4)
ENSRNOT0
0000017252
(Adh5)
ENSRNOT0
0000090253
(Fusion
Gene with
Adh4 and
Adh5)
Acetate
AUC
Alcohol
Clearance

Adh
6

ENSRNOT0
0000036993
(Adh6)

ENSRNOT
000000836
82 (Adh1)

ENSRNOT000000
85067 (Fusion
Gene with Adh1
and Adh6)

Adh
4

ENSRNOT00
000016891
(Adh4)

ENSRNOT0000
0017252 (Adh5)

ENSRNOT000000
90253 (Fusion
Gene with Adh4
and Adh5)

Acetate
AUC

Alcohol
Clearance

1.00

0.86

0.95

0.21

0.89

0.85

0.43

0.59

0.57

0.76

0.86

1.00

0.77

0.30

0.92

0.90

0.55

0.69

0.53

0.64

0.95

0.77

1.00

0.23

0.80

0.74

0.52

0.42

0.52

0.72

0.21

0.30

0.23

1.00

0.33

0.33

0.06

0.02

0.35

0.06

0.89

0.92

0.80

0.33

1.00

0.97

0.48

0.67

0.52

0.64

0.85

0.90

0.74

0.33

0.97

1.00

0.33

0.66

0.46

0.63

0.43

0.55

0.52

0.06

0.48

0.33

1.00

0.33

0.20

0.23

0.59

0.69

0.42

0.02

0.67

0.66

0.33

1.00

0.47

0.41

0.57

0.53

0.52

0.35

0.52

0.46

0.20

0.47

1.00

0.44

0.76

0.64

0.72

0.06

0.64

0.63

0.23

0.41

0.44

1.00

The Ensembl genes identified in the orange3 module are listed by themselves (Adh6 = alcohol
dehydrogenase 6 Adh4 = alcohol dehydrogenase 4) and the three Ensembl transcripts whose
pooled expression yielded the overall Ensembl gene expression estimate
(ENSRNOT00000036993 ENSRNOT00000083682 and ENSRNOT00000085067 for Adh6 and
ENSRNOT00000016891 ENSRNOT00000017252 and ENSRNOT00000090253 for Adh4) are
listed with the corresponding RefSeq gene annotations in parenthesis (those listed as fusion
genes did not have a corresponding RefSeq gene annotation). Cells with bold text indicate 1) the
similarity in expression between the overall Ensembl gene and a single Ensembl transcript and 2)
the similarity in the association of expression with the phenotype(s) between the overall Ensembl
gene and a single Ensembl transcript across the strains of the HXB/BXH recombinant inbred rat
panels. Strain means were used for pairwise Pearson correlation analysis.
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Supplementary Table S5. Comparison of expression and expression associations with
alcohol clearance and acetate area under the curve (AUC) across the HXB/BXH
recombinant inbred (RI) rat panel for selected genes.

3.5

Correlation of
Expression and
Alcohol Clearance in
HXB/BXH
Correlation
pCoefficient
value
0.76
<0.001

Correlation of
Expression and
Acetate AUC in
HXB/BXH
Correlation
pCoefficient
value
0.57
0.0012

180249

2.9

0.64

<0.001

0.52

0.0037

orange3

Adh7

10056

2.3

0.28

0.14

0.43

0.019

green

Adhfe1

75819

3.1

-0.07

0.72

-0.04

0.82

pink3.1

Cyp2e1

4428563

2.0

0.21

0.26

0.02

0.92

plum2

Cat

1111940

2.0

-0.27

0.16

0.11

0.55

turquoise

Aldh2

64713

2.6

-0.20

0.30

0.09

0.64

turquoise

Aldh3a2

445668

1.5

0.06

0.75

-0.21

0.27

steelblue

Aldh9a1

266873

1.5

0.00

1.00

-0.17

0.37

mediumorchid3

Aldh1l2

23678

2.8

-0.19

0.31

-0.02

0.93

yellow

Aldh6a1

733434

1.4

-0.04

0.84

0.11

0.57

lavenderblush2

Aldh1b1

18735

2.0

0.13

0.52

0.03

0.87

brown

Aldh7a1

248254

1.5

-0.03

0.88

-0.07

0.71

tan2

Aldh8a1

199173

1.3

-0.38

0.044

0.00

0.98

orange

Aldh18a1

162

2.1

0.00

0.99

-0.16

0.40

darkolivegreen3

Aldh3b1

466

1.4

0.02

0.93

-0.05

0.80

brown

Aldh1a1

331535

3.1

0.14

0.48

0.36

0.052

violet

Aldh1a7

19223

42.5

-0.12

0.53

0.15

0.45

brown.1

Aldh16a1

4985

1.4

-0.16

0.39

0.01

0.96

cornsilk2

Aldh5a1

60984

1.4

0.22

0.25

0.15

0.44

blue

Aldh1l1

104751

2.8

0.01

0.96

0.02

0.90

turquoise

Aldh1a3

18433

2.0

-0.11

0.57

-0.14

0.47

lightgoldenrod1

Aldh1a2

580

1.4

0.15

0.43

-0.07

0.71

turquoise

Gene

Total
Counts in
HXB/BXH

Ratio of
Expression
in
HXB/BXH

Adh1

716112

Adh4

Module
Membership

orange3

Description

Alcohol dehydrogenase 1 (class I)
Alcohol dehydrogenase 4 (class II) pi
polypeptide
Alcohol dehydrogenase 7 (class IV) mu
or sigma polypeptide
Alcohol dehydrogenase iron containing
1
Cytochrome P450 family 2 subfamily e
polypeptide 1
Catalase
Aldehyde dehydrogenase 2 family
(mitochondrial)
Aldehyde dehydrogenase 3 family
member A2
Aldehyde dehydrogenase 9 family
member A1
Aldehyde dehydrogenase 1 family
member L2
Aldehyde dehydrogenase 6 family
member A1
Aldehyde dehydrogenase 1 family
member B1
Aldehyde dehydrogenase 7 family
member A1
Aldehyde dehydrogenase 8 family
member A1
Aldehyde dehydrogenase 18 family
member A1
Aldehyde dehydrogenase 3 family
member B1
Aldehyde dehydrogenase 1 family
member A1
Aldehyde dehydrogenase family 1
subfamily A7
Aldehyde dehydrogenase 16 family
member A1
Aldehyde dehydrogenase 5 family
member A1
Aldehyde dehydrogenase 1 family
member L1
Aldehyde dehydrogenase 1 family
member A3
Retinal dehydrogenase 2

Total counts in HXB/BXH for each gene represent the summed counts across all liver samples
used to derive final strain mean expression estimates (41 samples total) using the expression
values after normalization via removal of unwanted variance but prior to rlog-transformation and
strain averaging. For the ratio of expression in the HXB/BXH RI rat panel the final strain mean
rlog-transformed expression estimates used to build co-expression networks were back
transformed and the highest expression estimate in any strain over the smallest expression
estimate in any strain across the HXB/BXH RI panel was calculated for each gene. Pairwise
Pearson correlation analysis on strain mean values of gene expression estimates alcohol
clearance and acetate AUC was used to determine correlation coefficients. Significant (nominal
p-value < 0.05) associations are denoted with bold text.
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Supplementary Figures

Supplementary Figure S1. Network topology as a function of soft-thresholding power (β).
The influence of different index values on the goodness-of-fit to scale-free topology and
topological features for the network were examined in (a) scale-free model fit index vs β and
(b) mean connectivity vs β. Each point is labeled by its β index value in red. In (a), the red line
represents a recommended cutoff value of 0.90 (Zhang and Horvath 2005; Stat Appl Genet Mol
Biol. 4:17). An index of six was chosen for network construction.
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Supplementary Figure S2. Clustering of liver samples after quantification of gene
abundances. Distances were calculated using Pearson correlation on the log2(RSEM counts + 1)
transformed gene expression data. Leaves of the dendrogram are labeled by strain, sample
number, and batch (strain_sample number.batch). Samples HXB21_1.batch2, SHR_1.batch1,
HXB25_2.batch1, and HXB7_1.batch1 were identified as outliers and removed from subsequent
analyses.
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Supplementary Figure S3. Distribution of module sizes built from weighted gene coexpression network analysis of the liver RNA expression data in the HXB/BXH
recombinant inbred rat panel. Module size is defined as the number of genes in the module.
Module with more than 30 genes were put into a single bin (31+).
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Supplementary Figure S4. Alignment of the RNA sequencing (RNA-Seq) reads from the
plus strand of the progenitor strains to the Rnor_6.0 rat genome locations containing
Ensembl and/or RefSeq annotations for (a) alcohol dehydrogenase 1 (Adh1), alcohol
dehydrogenase 6 (Adh6), and the fusion of these genes and for (b) alcohol dehydrogenase 4
(Adh4), alcohol dehydrogenase 5 (Adh5), and the fusion of these genes. Ensembl and RefSeq
annotations are labeled in red and blue, respectively, where blocks represent exons. The track
representing the liver total RNA-Seq reads from the plus strand of the progenitor strains (BNLx/Cub and SHR/OlaIpcv) is labeled to the left in the figures with the corresponding pile up of
reads represented in black. The negative strand was not significantly expressed and as a result
not included. In (a), the Ensembl annotations ENSRNOT00000083682.1 (far left),
ENSRNOT00000036993.4 (far right), and ENSRNOT00000085067.1 correspond to the three
Ensembl transcripts whose pooled expression estimates produced the gene-level Ensembl Adh6
estimate. Of these three transcripts, the vast majority of reads align to
ENSRNOT00000083682.1, which in RefSeq is annotated as its own unique gene, Adh1. In (b),
the Ensembl transcripts whose pooled expression estimates yielded the gene-level Ensembl Adh4
estimate are ENSRNOT00000016891.6 (far left), ENSRNOT00000017252.6 (far right), and
ENSRNOT00000090253.1. Here the distribution of reads is split between the two Ensembl
transcripts ENSRNOT00000016891.6 and ENSRNOT00000017252.6 that are annotated in
RefSeq as two unique genes Adh4 and Adh5, respectively; however, correlation analysis between
the Ensembl gene-level Adh4, Ensembl transcripts, and the phenotypes suggest Ensembl
transcript/RefSeq ENSRNOT00000016891.6/Adh4 is the main contributor to the variation in the
overall Ensembl Adh4 gene-level expression. These images were generated using the UCSC
genome browser (https://genome.ucsc.edu).
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Supplementary Figure S5. Workflow of methods used to identify candidate modules. Boxes
outlined in green denote steps where modules were filtered.

215

Supplementary Figure S6. Alignment of the RNA sequencing (RNA-Seq) reads from the
plus and minus strands of the progenitor strains to the Rnor_6.0 rat genome location
containing the Ensembl and RefSeq annotations for alcohol dehydrogenase 7 (Adh7).
Ensembl and RefSeq annotations are labeled in red and blue, respectively, where blocks
represent exons (ENSRNOT00000015870.4 is the single Ensembl transcript for Adh7). The
tracks representing the liver total RNA-Seq reads from the plus and minus strands of the
progenitor strains (BN-Lx/Cub and SHR/OlaIpcv) are labeled to the left in the figure with the
corresponding pile up of reads represented in black. This image was generated using the UCSC
genome browser (https://genome.ucsc.edu).
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a

b

Supplementary Fig. 1: DNA sequence and RNA sequencing (RNA-Seq) features for each
bin as a function of whether the bin contains a polyadenylation (polyA) site. a, The percent
of 100 base bins containing the listed DNA sequence feature stratified by the bin not containing
(blue) or containing (orange) a polyA site. b, Distribution of the standardized ratios for the intrabin RNA-Seq features for each 100 base bin stratified by the bin not containing (blue) or
containing (orange) a polyA site (each RNA-Seq ratio feature was standardized using the
training set). Data shown are from the Human Brain Reference dataset.
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a

b

Supplementary Fig. 2: The machine learning pipeline used to build aptardi is robust to
different datasets. a, Prediction models built on a given dataset perform comparably across all
datasets. Colors denote the dataset used to build the predictive model, and the x-axis indicates
the model used to calculate the average precision (y-axis) on the given dataset. b, Model
performance is consistent similar the training, testing, and analysis (entire dataset without
merging modified 3’ terminal exons) sets.
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a

b

Supplementary Fig. 3: Aptardi improves the classification confusion matrix compared to
StringTie. a, The confusion matrix from the aptardi prediction model generated from the Human
Brain Reference (HBR) dataset improved the positive predictive value by increasing the
proportion of true positive tests among positive aptardi results compared to b, the confusion
matrix from StringTie on the same dataset. Classifications on each 100 base increment (i.e. bin)
included in the analysis were compared. For the aptardi prediction model, its predictions for the
presence (Yes) or absence (No) of a polyadenylation (polyA site) site were determined using the
default probability threshold (0.5). For StringTie, the presence or absence of any 3’ terminus
within the bin from its transcriptome was used as positive and negative predictions, respectively.
True polyA sites were taken from the HBR PolyA-Seq data.
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a

b

Supplementary Fig. 4: Simple depiction of the a, intra- and b, inter-bin comparisons used
to engineer RNA sequencing features. For the a, intra-bin comparison, the bin of interest
(default 100 bases) was divided into three roughly equally sized regions – R1, R2, and R3 –
representing the beginning, middle, and end region of the bin, respectively. For the b, inter-bin
comparisons, the bin of interest was considered R2, and the 100 bases upstream and downstream
the bin were considered R1 and R3, respectively.
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Supplementary Fig. 5: The data processing pipeline used by aptardi prior to machine
learning. The 3’ terminal exons of input transcripts are processed by aptardi (yellow) followed
by feature extraction (blue).
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Supplementary Fig. 6: Flowchart depicting the differential expression analysis between the
two inbred rat strains, BNLx and SHR. Yellow boxes denote raw data, green boxes denote
data that we generated, and blue boxes denote the two transcriptomes separately subjected to
RSEM (RNA-Seq by Expectation Maximization) for comparison.
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3’ terminal exon

Extension
5’ exon of different transcript

3’ terminal exon

Extension

Low coverage region
3’ terminal exon

Original
transcriptome
transcript 3’
terminal exon
Extend terminal
exon 10,000
bases + 2*bin
size
Subtract
extensions
overlapping 5’
start exons

Extension
Refine extensions
based on RNASeq coverage

Modified 3’ terminal exon

Round end up to
nearest value
evenly divisible
by bin size

Supplementary Fig. 7: Graphical depiction of the transcript processing steps. The 3’
terminal exon of a transcript derived from the original transcriptome (blue) is first extended
10,000 bases plus two times the bin size (orange). If the extension overlapped the 5’ exon of a
neighboring transcript on the same strand (red), the extension was reduced to remove the overlap
(green). Next the RNA-sequencing (RNA-Seq) coverage at single nucleotide resolution was used
to shorten the 3’ terminal exon to only include regions with detectable coverage relative to the
start of the 3’ terminal exon (purple). Finally, the 3’ terminal exon was rounded up to the nearest
value evenly divisible by the bin size for compatibility with machine learning (yellow).
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Supplementary Fig. 8: Results from truncating modified 3’ terminal exon extensions based
on transcript coverage. Transcripts were shortened based on coverage as described in
Transcript processing section of Methods. The base position relative to the start of the terminal
exon is given on the x-axis. Over half the modified 3’ terminal exons were shortened to <= 1,000
bases. A base position value of zero indicates the transcript was removed entirely because its
modified 3’ terminal exon did not meet the minimum coverage requirements. Data shown are
from the Human Brain Reference dataset.
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Supplementary Table 1: Datasets used to evaluate aptardi.
RNA
Dataset
HBR
2nd HBR

Source
Human Brain
Reference
Human Brain
Reference

DNA Source

Read
Length

Stranded?

# Reads

100

Yes

115,926,448

75

Yes

139,851,362

UHR

Universal Human
Reference

75

Yes

145,513,666

SHR

SHR Inbred Rat Brain

100

No

111,812,107

BNLx

BNLx Inbred Rat
Brain

100

No

74,863,513

True Polyadenyation
Sites Source

PolyA-Seq Human Brain
Reference Total RNA
PolyA-Seq Human Brain
hg38/GRCh38
Reference Total RNA
PolyA-Seq Universal
hg38/GRCh38
Human Reference Total
RNA
PolyA-Seq Sprague
SHR Strain Specific
Dawley Total RNA
BNLx Strain
PolyA-Seq Sprague
Specific
Dawley Total RNA
hg38/GRCh38
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Supplementary Table 2: Comparison of the positive predictive value (PPV) and number of
polyadenylation (polyA) sites annotated between the original transcriptome, aptardi
modified transcriptome, TAPAS [207], and APARENT [399] at different base distance
cutoffs and utilizing different polyA site annotation databases.
Source of PolyA Sites

Base Distance
Cutoff

True Positives

False Positives

PPV

Number of PolyA Sites Annotated

Original Transcriptome

39,842

74,081

0.35

23,685

Aptardi Modified Transcriptome

62,688

79,088

0.44

29,327

TAPAS

22,804

51,810

0.31

25,180

APARENT

33,213

238,883

0.14

27,999

Original Transcriptome

35,731

78,192

0.31

19,511

Aptardi Modified Transcriptome

49,025

92,751

0.35

23,192

TAPAS

18,357

56,257

0.25

19,064

APARENT

23,562

248,534

0.09

22,153

Original Transcriptome

30,761

78,192

0.28

16,236

Aptardi Modified Transcriptome

38,044

103,732

0.27

18,226

TAPAS

14,303

60,311

0.19

14,281

APARENT

19,560

252,536

0.08

18,371

Original Transcriptome

51,191

62,712

0.45

45,562

100

HBR PolyA-Seq

50

25

Aptardi Modified Transcriptome

76,277

65,452

0.54

54,925

TAPAS

33,481

41,133

0.45

51,286

APARENT

73,232

198,864

0.37

80,512

Original Transcriptome

44,249

69,654

0.39

31,861

Aptardi Modified Transcriptome

60,900

80,829

0.43

37,842

TAPAS

26,418

48,196

0.35

33,567

APARENT

54,665

217,431

0.25

59,115

Original Transcriptome

36,996

76,907

0.32

21,969

Aptardi Modified Transcriptome

46,973

94,756

0.33

25,218

TAPAS

20,063

54,551

0.27

20,743

APARENT

43,722

228,374

0.19

42,425

Original Transcriptome

49,648

64,255

0.44

41,893

Aptardi Modified Transcriptome

75,531

66,198

0.53

51,381

TAPAS

31,379

43,235

0.42

46,125

100

PolyASite 2.0

50

25

100
APARENT

63,249

208,847

0.30

66,770

Original Transcriptome

43,960

69,943

0.39

30,717

Aptardi Modified Transcriptome

61,348

80,381

0.43

36,974

TAPAS

25,319

49,295

0.34

31,369

APARENT

47,852

224,244

0.21

50,794

Original Transcriptome

37,670

76,233

0.33

22,340

Aptardi Modified Transcriptome

48,112

93,617

0.34

25,833

TAPAS

19,482

55,132

0.26

20,307

APARENT

40,149

231,947

0.17

38,965

PolyA_DB

50

25

A prediction was considered a true positive if it was within the given base distance cutoff of an
annotated polyA site. Annotated polyA sites were taken from the human brain reference (HBR)
PolyA-Seq data, PolyASite 2.0[404], and PolyA_DB[405]. The original transcriptome was
generated from the HBR dataset, and predictions by aptardi, TAPAS, and APARENT were made
using these transcript structures. Namely, TAPAS used the HBR RNA-Seq data, APARENT
used the hg38/GRCh38 reference human genome, and aptardi used both.
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Supplementary Table 3: RNA sequencing alignment results for mouse tissue analysis.

Dataset

Brain

Liver

# Reads

15,239,319

15,991,252

Overall Genome Alignment Rate

98.70%

97.46%

Reads were aligned to the mm10/GRCm38 mouse reference genome with HISAT2 (v.2.1.0).
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Supplementary Table 4: Few polyadenylation (polyA) sites share a 100 base region with
another polyA site.

Total # PolyA Sites
Captured
42,977

# PolyA Sites Sharing 100
Base Bin
3,625

# Multi PolyA 100 Base
Bins
1,807

Since aptardi makes predictions in 100 base increments, sites within 100 bases of one another
cannot be distinguished. Data shown are from the Human Brain Reference dataset.
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Supplementary Table 5: RNA sequencing alignment results for each sample.

Dataset
# Reads
Overall
Genome
Alignment
Rate

HBR

2nd HBR

UHR

BNLx

SHR

115,926,448 139,851,362 145,513,666 74,863,513 111,812,107
96.58%

95.39%

95.38%

96.41%

96.76%

Reads were aligned to each sample’s respective genome with HISAT2 (v. 2.1.0).
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Supplementary Table 6: RNA sequencing alignment results for the CFIm25 knockdown
analysis.

Dataset

Control

CFIm25 Knockdown

# Reads

164,774,179

160,083,915

Overall Genome Alignment Rate

94.94%

95.91%

Reads were aligned to the hg38/GRCh38 human reference genome with HISAT2 (v. 2.1.0).
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Supplementary Table 7: The transcript processing steps increase the number of
polyadenylation sites included in aptardi analysis.

Transcript Processing Step

Terminal Exon + Extension
(Original)
Subtract Overlapping Starts

# Polyadenylation Sites from Source
Both a
Transcript’s
Transcript
Transcript Terminal Exon
Terminal Exon Extension and a Separate
Transcript’s
Extension
24,640

24,107

20,707

24,635

22,356

10,336

Truncate Based on Coverage

20,072

6,189

8,097

Window (Final)

20,541

7,437

8,390

The number of unique polyadenylation sites captured at each step is shown, along with the
category from which the site was derived.
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Supplementary Table 8: Summary of engineered DNA sequence features.
DNA Sequence Element
Distal downstream G-rich
region
Proximal downstream T-rich
region
Proximal downstream
GT/TG-rich region
Proximal downstream
GTGT/TGTG-rich region
Intermediate T-rich region
Upstream T-rich region
Upstream TGTA/TATArich region
AT-rich region

Nucleotide
String(s)

Window
Size

Region Probed, if
PAS Present
(Relative to PAS)

Region Probed, if PAS not
Present (Relative to Bin
Start (for Start), Bin End
(for End))

Frequency of String
Required for
Enrichment (>=)

>=5 G’s

6

+43 to +143 (or
end*)

+30 to end*

0.0585

TTT

3

GT & TG

2

GTGT &
TGTG
T
T
TGTA &
TATA
AT

0.125
+13 to +76

+10 to +40

1
1

+6 to +36
-50 to 0

-36 to 0
-86 to -7

0.375
0.375

4

-40 to 0

-76 to -7

0.0469

2

-93 (or start*) to
+142 (or end*)

Start* to end*

0.125

4

0.25
0.0469

*Start = 100 bases upstream bin start, end = 100 bases downstream bin end
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Supplementary Information
Transcript processing
Modified 3’ terminal exons were refined using an approach similar to that described by
Ye et al. [206] and Miura et al. [384] as follows. If the average coverage of the first X bases (X
= bin size) of the modified 3’ terminal exon was less than 10% of the entire transcript’s average
coverage and/or the modified 3’ terminal exon was not at least three times the bin size (default
100 bases), the transcript was removed. Otherwise the transcript’s modified 3’ terminal exon was
scanned 5’ to 3’ using a sliding window equal to the bin size until the following metrics were
less than 5% of the average coverage of the first bases equal to the bin size of the modified 3’
terminal exon: 1) 80% of the bases in the current bin, 2) the average coverage of the previous
bin, 3) the average coverage of the subsequent bin, and 4) the coverage of the current base (i.e.
first base in the current bin). This strategy is robust to poor local coverage that can occur in
RNA-Seq data (e.g. GC bias). The base that meets these criteria defines the end of the modified
3’ terminal exon for the transcript, i.e. this base is not considered a transcript stop site but rather
defines the 3’ end of the region that will be explored by aptardi. For compatibility with machine
learning, where predictions are made on a set bin size (i.e. 100 base bins as the default), each
modified 3’ terminal exon was rounded up to the nearest value evenly divisible by the bin size at
the 3’ end. Supplementary Fig. 7 graphically depicts these transcript processing steps. Note that
since the coverage of the current and subsequent bins are used when refining modified 3’
terminal exons, the longest possible 3’ modified terminal exon is two times the bin size less than
its total length.
To evaluate the impact of transcript processing on the original transcriptome fed to
aptardi, we first ascertained the number of unique polyadenylation (polyA) sites captured at each
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step and further determined from which of the following three categories each was derived: 1)
the original reconstruction terminal exon, 2) the extension step, or 3) both (1) and (2) as a result
of overlaps (Supplementary Table 8). The extension step doubled the number of polyA sites
captured. After subtracting extensions overlapping a neighboring transcript’s start, the number of
polyA sites in (3) was halved. This suggests the extension step resulted in extensions long
enough to encompass entire neighboring transcripts, supporting the need to subtract overlap.
Shrinking extension length once again based on transcript coverage (see Transcript processing
section in Methods) reduced the number of polyA sites captured in (2) by more than a third and
removed 7,598 transcripts from analysis (Supplementary Fig. 8). This decrease is large but likely
necessary to ensure polyA sites captured by a given transcript plus extension confidently belong
to that extension and is being expressed. Overall, more than 7,000 novel transcript stop sites
were included in aptardi analysis though transcript processing.
DNA sequence features
All DNA sequence features were encoded as binary indicators to indicate presence (1) or
absence (-1) in each bin (default 100 bases).
For each of the four polyadenylation signals (PAS’s) – 1) AATAAA, 2) ATTAAA, 3)
AGTAAA and any of 4) AAGAAA, AAAAAG, AATACA, TATAAA, GATAAA, AATATA,
CATAAA, AATAGA – a sliding six base window was scanned from -35 bases upsteam the bin
start to -7 bases upstream the base end in single nucleotide increments. If any single hexamer
matched the given PAS, it was encoded 1, otherwise -1.
In general, the 100 bases upstream and downstream the bin, as well as the bin itself (300
bases total for the default 100 base bin size) were used for the DNA sequence elements features;
however, the specific region examined for each DNA sequence element varied by the given
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feature and whether a PAS was present. If more than one PAS was present, the PAS that dictated
the region probed was first by priority in the order listed above, i.e. if AATAAA and ATTAAA
were present, the location of AATAAA was used, and next by the first occurrence of the
location, i.e. if AATAAA was present multiple times, the location of the 5’ most signal was
used.
The following DNA sequence elements were evaluated: 5) a distal downstream G-rich
region, a proximal downstream region enriched in 6) T, 7) GT/TG, and 8) GTGT/TGTG, an
intermediate 9) T-rich region, an upstream region enriched in 10) T and 11) TGTA/TATA, and a
surrounding 12) AT-rich region. A similar sliding window strategy was utilized, but here the
number of windows matching the element to the number of windows not matching the element,
i.e., its frequency, was compared to an enrichment threshold value to determine if the given
element was considered enriched, encoded 1, or not, encoded (-1). Enrichment thresholds varied
across elements. Supplementary Table 9 summarizes the DNA sequence features.
RNA sequencing features
RNA-Seq features were engineered by defining an upstream region (R1), middle region (R2),
and downstream region (R3) for each of the following: 1) intra- and 2) inter-bin. For intra-bin,
the 100 base bin was divided into 34, 33, and 33 bases 5’ to 3’. For inter-bin, the 100 bases 5’ the
100 base bin, the bin itself, and the 100 bases 3’ the bin served as R1, R2, and R3, respectively.
The median coverage values of the regions were combined in seven ways for each the intra- and
inter-bin to give 14 features:
1) R1-R2
2) R2-R3
3) R1/(R1+R2+R3)
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4) R2/(R1+R2+R3)
5) R3/(R1+R2+R3)
6) R2/(R1+R3)
7) R3/(R1+R3)
Note that if the denominator equaled zero, the feature was given a zero.
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Supplementary Data 1.
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Supplementary Figures

A

B

Supplementary Figure 1. Outline of the transcriptome generation and quantitation steps.
(A) A general overview of the transcriptome generation steps used to generate the detection
above background (DABG) transcriptome. Starting with the reference transcriptome,
StringTiincorporated RNA sequencing (RNA-Seq) data to identify expressed transcripts. Aptardi
likewise utilized RNA-Seq, as well as DNA sequence, to identify transcripts with different 3’
termini than the input StringTie transcriptome. Finally, lowly expressed transcripts were removed
by quantitating with RSEM and removing transcripts with zero counts in one third or more of
samples or 200 bases or fewer in length. This was followed by re-quantitation and once again
removal of transcripts with zero counts in one third or more of samples. Yellow boxes indicate
transcriptomes, and blue boxes indicate data used during transcript assembly. (B) A detailed
overview of the steps used to generate and quantitate the DABG transcriptome.
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Supplementary Figure 2. Network topology as a function of soft-thresholding power (β).
The influence of different index values on the goodness-of-fit to scale-free topology and
topological features for the network were examined in (A) scale-free model fit index vs β and (B)
mean connectivity vs β. Each point is labeled by its β index value in red. An index of seven was
chosen for network construction.
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Supplementary Figure 3. Number of isoforms for each gene in (A) the reference
transcriptome and (B) the detection above background transcriptome. Numbers above each
bar indicate the percentage of total genes.
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Supplementary Figure 4. Voluntary alcohol consumption quantitative trait loci (QTL)
adjusted for the maximum peak on chromosome 1. The red plot represents the original QTL
for alcohol consumption in the HXB/BXH recombinant inbred rat panel. The green plot
represents the QTL scan for alcohol consumption after adjusting for the maximum peak
chromosome 1 QTL (chr1:239 Mb). The blue line displays the logarithm of odds (LOD)
suggestive threshold (p-value < 0.63) for genome-wide significance in the original analysis. The
LOD scores below the suggestive threshold after adjusting for the maximum peak chromosome 1
QTL suggest that the two adjacent peaks on chromosome 1 display some degree of linkage
disequilibrium and are better represented by a single QTL. The peaks on chromosome 5 and
chromosome 12 remain suggestive after the adjustment, indicating that these two peaks
contribute independently of chromosome 1 to the phenotype of voluntary alcohol consumption.
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Supplementary Figure 5. Outline of the steps used to identify candidate networks and
transcripts. Only transcripts with confident expression values were included by filtering for the
top three expressed isoforms per gene using the mean transcript per million value across
individual rat RNA sequencing samples for rats with alcohol consumption data only (63 samples,
21 strains). Next, only transcripts with high heritability (> 0.478) were included to focus on
genetically influenced transcripts. Finally, transcripts that could be associated with a gene name
were included for interpretability. (These steps are denoted by yellow boxes.) Using these
transcripts, candidate coexpression modules were identified using weighted gene coexpression
network analysis (WGCNA) and requiring 1) module eigengene association with voluntary
alcohol consumption (Spearman’s rank correlation coefficient p-value <= 0.01) and 2) a
significant module eigengene QTL (genome-wide p-value < 0.01) overlap with voluntary alcohol
consumption QTL (genome-wide p-value < 0.63) using 95% Bayesian credible intervals (green
boxes). Individual candidate transcripts were identified by requiring 1) expression correlation
with voluntary alcohol consumption (Spearman’s rank correlation coefficient p-value <= 0.01)
and 2) a significant expression QTL (genome-wide p-value < 0.01) overlap with voluntary
alcohol consumption QTL (genome-wide p-value < 0.63) using 95% Bayesian credible intervals
(orange boxes). Strain means of the normalized expression values were used as expression
estimates for the transcripts in WGCNA/individual transcript associations, and strain mean
voluntary alcohol consumption values were used for the association analyses. Heritability was
estimated as the R-squared value from a one-way ANOVA using strain as the predictor (30
strains total) and transcript normalized expression estimates from individual rats as the response.
Each strain possessed three expression estimates per transcript.
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Supplementary Figure 6. Distribution of module sizes built from weighted gene
coexpression network analysis of the brain RNA expression data in the HXB/BXH
recombinant inbred rat panel. Module size is defined as the number of transcripts in the
module. Modules with 30 or more transcripts were put into a single bin (30+).
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Supplementary Figure 7. Module memberships of transcripts derived from genes
expressing more than one isoform and included in weighted gene coexpression network
analysis. The y-axis indicates the number of genes with more than one transcript (i.e. isoform),
and the x-axis indicates the total number of isoforms of the gene. Blue bars indicate genes whose
isoforms all belong to the same coexpression module, and red bars indicate genes whose
isoforms belong to multiple modules.
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Supplementary Figure 8. Isoforms of the Mapkapk5 gene. Blue transcripts represent those
identified in the detection above background (DABG) transcriptome, and the red transcripts
represent the transcripts present in reference annotation. ENSRNOT00000001817 and
ENSRNOT00000065314 are annotated in the reference transcriptome and retained in the DABG
transcriptome, whereas MSTRG.6281.1 represents a novel isoform identified here by StringTie.
The RNA sequencing reads on the positive strand (black plot) represent a 10% randomly
sampled subset from the HXB/BXH recombinant inbred rat panel RNA sequencing data in brain.
This image was generated using the UCSC Genome Browser (http://genome.ucsc.edu).
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Supplementary Tables
Supplementary Table 1. Overview of the strains with data available and the number of
strains used in each analysis.
Data type

Strains with data available

# strains

Phenotype: Voluntary alcohol consumption

BXH: 08, 10, 11, 12, 13, 6; HXB: 1, 10, 13, 15, 17, 18, 2, 20, 23, 25,
26, 27, 29, 3, 31, 4, 7

23

RNA expression: Brain RNA expression

BXH: 10, 11, 12, 13, 2, 3, 5, 6, 8, 9; HXB: 1, 10, 13, 15, 17, 18, 2, 20,
21, 22, 23, 24, 25, 27, 29, 3, 31, 4, 5, 7

30

Genotype: STAR consortium HXB/BXH recombinant inbred rat strain panel genotype data

BXH: 6, 10, 11, 12, 12a, 13, 2, 3, 5, 8, 9; HXB: 1, 2, 3, 4, 5, 7, 10, 13,
14, 15, 17, 18, 20, 21, 22, 23, 24, 25, 27, 29, 31

32

Analysis

Data type(s) used

# strains used

Voluntary alcohol consumption QTL

Phenotype and genotype

21

Correlation of individual transcript expression estimates with voluntary alcohol consumption

Phenotype and RNA expression

21

Transcript expression QTL analysis

RNA expression and genotype

30

WGCNA, brain coexpression module construction

RNA expression

30

Correlation of module eigengenes with voluntary alcohol consumption

Phenotype and RNA expression

21

Module eigengene QTL analysis

RNA expression and genotype

30

The upper portion of the table includes the data types and strains possessing the data. The lower
portion of the table includes the analysis type and datasets used for analysis. Only strains with
data for each data type required in the analysis were included.
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Supplementary Table 2. The number of paired end reads from each HXB/BXH
recombinant inbred rats strain RNA sequencing library after processing reads for quality.
RNA sequencing Library
# Paired End Reads
BXH12_1_brain_total_RNA_cDNA_GTCCGC
148355651
BXH12_2_brain_total_RNA_cDNA_CAGATC
52079970
HXB13_1_brain_total_RNA_cDNA_ATGTCA
116868597
HXB13_2_brain_total_RNA_cDNA_GTGAAA
46829305
HXB17_1_brain_total_RNA_cDNA_CCGTCC
88744825
HXB17_2_brain_total_RNA_cDNA_ATGTCA
168985266
HXB2_1_brain_total_RNA_cDNA_GTCCGC
99182123
HXB2_2_brain_total_RNA_cDNA_CTTGTA
114362638
HXB25_1_brain_total_RNA_cDNA_AGTTCC
99324506
HXB25_2_brain_total_RNA_cDNA_AGTCAA
166249222
HXB27_1_brain_total_RNA_cDNA_CGATGT
105872835
HXB27_2_brain_total_RNA_cDNA_AGTTCC
124727782
HXB7_1_brain_total_RNA_cDNA_ACAGTG
115718346
HXB7_2_brain_total_RNA_cDNA_AGTCAA
162467043
SHR_1_brain_total_RNA_cDNA_GCCAAT
139282727
SHR_2_brain_total_RNA_cDNA_TGACCA
163139828
BXH2_1brain_ATGTCA
54395419
HXB10_1brain_AGTCAA
174354400
HXB1_1brain_CGATGT
144414084
HXB15_1brain_AGTTCC
126509012
HXB18_1brain_AGTCAA
139174364
HXB20_1brain_AGTTCC
116862005
HXB21_1brain_CTTGTA
129178807
HXB22_1brain_GTGAAA
124296887
HXB23_1brain_GTCCGC
154796799
HXB24_1brain_GTCCGC
66657290
HXB29_1brain_CAGATC
93213212
HXB31_1brain_ATGTCA
59230408
HXB3_1brain_GCCAAT
189101809
HXB4_1brain_ACAGTG
177983932
HXB5_1brain_TGACCA
199415470
SHR_1brain_CCGTCC
107459766
BXH10_1brain_GCCAAT
130991055
BXH10_2brain_GTCCGC
135753861
BXH11_1brain_AGTCAA
128875208
BXH11_2brain_CTTGTA
118956148
BXH13_1brain_GTCCGC
125318634
BXH3_1brain_CGATGT
133564814
BXH3_2brain_CCGTCC
90481113
BXH5_1brain_ACAGTG
134842078
BXH6_1brain_TGACCA
129481334
BXH6_2brain_GTGAAA
137408642
BXH8_1brain_AGTTCC
124708638
BXH9_1brain_AGTCAA
80099484
BXH9_2brain_CAGATC
108511730
SHR_1brain_ATGTCA
134043458
SHR_1_brain_GTGAAA
83012818
SHR_3_brain_CGATGT
95497387
HXB10-2-brain-total-RNA_ATTACTCG
48767922
HXB10-3-brain-total-RNA_TAATGCGC
65474217
HXB13-3-brain-total-RNA_TCCGGAGA
68178915
HXB1-3-brain-total-RNA_GAGATTCC
63557879
HXB15-2-brain-total-RNA_CGCTCATT
57679989
HXB15-3-brain-total-RNA_CGGCTATG
70562062
HXB3-2-brain-total-RNA_CGGCTATG
56804414
HXB3-3-brain-total-RNA_ATTCAGAA
62656125
HXB4-2-brain-total-RNA_TCCGCGAA
64497180
HXB4-3-brain-total-RNA_GAATTCGT
59027380
HXB5-2-brain-total-RNA_TCTCGCGC
35183682
HXB5-3-brain-total-RNA_CTGAAGCT
64659675
HXB7-3-brain-total-RNA_AGCGATAG
64578795
SHR-1-brain-total-RNA_TCCGCGAA
55423592
BXH12_3-brain-total-RNA_S27
62692091
BXH13_2-brain-total-RNA_S28
42327929
BXH13_3-brain-total-RNA_S31
29413451
HXB1-2-brain-total-RNA_S29
65476997
HXB17_3-brain-total-RNA_S7
49976394
HXB18_2-brain-total-RNA_S8
59529117
HXB18_3-brain-total-RNA_S20
39953745
HXB20_2-brain-total-RNA_S9
68334408
HXB20_3-brain-total-RNA_S21
67600480
HXB21_2-brain-total-RNA_S10
52687007
HXB21_3-brain-total-RNA_S22
64305006
HXB22_2-brain-total-RNA_S15
45596570
HXB22_3-brain-total-RNA_S23
44230154
HXB23_2-brain-total-RNA_S16
71551992
HXB23_3-brain-total-RNA_S24
55804997
HXB2-3-brain-total-RNA_S30
68638370
HXB24_2-brain-total-RNA_S17
54265512
HXB24_3-brain-total-RNA_S25
71170858
HXB25_3-brain-total-RNA_S18
53458445
HXB27_3-brain-total-RNA_S19
47836835
SHR_1-brain-total-RNA_S26
84668795
SHR_3-brain-total-RNA_S33
73238192
BXH10-3-brain-total-RNA_CTGAAGCT
77064133
BXH11-3-brain-total-RNA_TAATGCGC
79309805
BXH2-2-brain-total-RNA_ATTACTCG
64804424
BXH3-3-brain-total-RNA_TCCGGAGA
78382756
BXH5-2-brain-total-RNA_CGCTCATT
79239513
BXH6-3-brain-total-RNA_GAGATTCC
61524723
BXH8-4-brain-total-RNA_ATTCAGAA
71079477
BXH9-3-brain-total-RNA_GAATTCGT
80036840
HXB29-2-brain-total-RNA_TCTCGCGC
53467464
HXB31-2-brain-total-RNA_AGCGATAG
80119439
BXH2-3-brain-total-RNA_S4
66768574
BXH5-3-brain-total-RNA_S3
66915253
BXH8-3-brain-total-RNA_S5
58113952
HXB29-3-brain-total-RNA_S2
62702995
HXB31-3-brain-total-RNA_S1
60567171
SHR-1-brain-total-RNA_S6
64964188
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Supplementary Table 3. The genome alignment rate for each HXB/BXH recombinant
inbred rat strain RNA sequencing library after processing for quality.
RNA sequencing Library
Strain Specific Genome Alignment
BXH12_1_brain_total_RNA_cDNA_GTCCGC
98.28%
BXH12_2_brain_total_RNA_cDNA_CAGATC
78.92%
HXB13_1_brain_total_RNA_cDNA_ATGTCA
97.78%
HXB13_2_brain_total_RNA_cDNA_GTGAAA
86.06%
HXB17_1_brain_total_RNA_cDNA_CCGTCC
97.17%
HXB17_2_brain_total_RNA_cDNA_ATGTCA
97.94%
HXB2_1_brain_total_RNA_cDNA_GTCCGC
96.68%
HXB2_2_brain_total_RNA_cDNA_CTTGTA
97.84%
HXB25_1_brain_total_RNA_cDNA_AGTTCC
97.97%
HXB25_2_brain_total_RNA_cDNA_AGTCAA
98.08%
HXB27_1_brain_total_RNA_cDNA_CGATGT
97.34%
HXB27_2_brain_total_RNA_cDNA_AGTTCC
96.87%
HXB7_1_brain_total_RNA_cDNA_ACAGTG
97.94%
HXB7_2_brain_total_RNA_cDNA_AGTCAA
98.22%
SHR_1_brain_total_RNA_cDNA_GCCAAT
97.87%
SHR_2_brain_total_RNA_cDNA_TGACCA
97.61%
BXH2_1brain_ATGTCA
88.39%
HXB10_1brain_AGTCAA
96.57%
HXB1_1brain_CGATGT
97.19%
HXB15_1brain_AGTTCC
96.12%
HXB18_1brain_AGTCAA
97.17%
HXB20_1brain_AGTTCC
97.34%
HXB21_1brain_CTTGTA
97.17%
HXB22_1brain_GTGAAA
97.87%
HXB23_1brain_GTCCGC
97.27%
HXB24_1brain_GTCCGC
94.76%
HXB29_1brain_CAGATC
94.75%
HXB31_1brain_ATGTCA
92.32%
HXB3_1brain_GCCAAT
97.31%
HXB4_1brain_ACAGTG
97.51%
HXB5_1brain_TGACCA
97.42%
SHR_1brain_CCGTCC
97.50%
BXH10_1brain_GCCAAT
97.48%
BXH10_2brain_GTCCGC
97.45%
BXH11_1brain_AGTCAA
97.18%
BXH11_2brain_CTTGTA
96.89%
BXH13_1brain_GTCCGC
97.21%
BXH3_1brain_CGATGT
97.03%
BXH3_2brain_CCGTCC
94.90%
BXH5_1brain_ACAGTG
97.28%
BXH6_1brain_TGACCA
97.65%
BXH6_2brain_GTGAAA
97.43%
BXH8_1brain_AGTTCC
97.56%
BXH9_1brain_AGTCAA
95.44%
BXH9_2brain_CAGATC
97.16%
SHR_1brain_ATGTCA
97.36%
SHR_1_brain_GTGAAA
97.29%
SHR_3_brain_CGATGT
97.15%
HXB10-2-brain-total-RNA_ATTACTCG
96.38%
HXB10-3-brain-total-RNA_TAATGCGC
96.32%
HXB13-3-brain-total-RNA_TCCGGAGA
96.77%
HXB1-3-brain-total-RNA_GAGATTCC
97.17%
HXB15-2-brain-total-RNA_CGCTCATT
96.99%
HXB15-3-brain-total-RNA_CGGCTATG
96.52%
HXB3-2-brain-total-RNA_CGGCTATG
96.82%
HXB3-3-brain-total-RNA_ATTCAGAA
96.98%
HXB4-2-brain-total-RNA_TCCGCGAA
96.62%
HXB4-3-brain-total-RNA_GAATTCGT
96.61%
HXB5-2-brain-total-RNA_TCTCGCGC
97.04%
HXB5-3-brain-total-RNA_CTGAAGCT
96.77%
HXB7-3-brain-total-RNA_AGCGATAG
96.93%
SHR-1-brain-total-RNA_TCCGCGAA
96.55%
BXH12_3-brain-total-RNA_S27
97.53%
BXH13_2-brain-total-RNA_S28
97.50%
BXH13_3-brain-total-RNA_S31
97.47%
HXB1-2-brain-total-RNA_S29
97.17%
HXB17_3-brain-total-RNA_S7
97.16%
HXB18_2-brain-total-RNA_S8
97.18%
HXB18_3-brain-total-RNA_S20
97.02%
HXB20_2-brain-total-RNA_S9
97.31%
HXB20_3-brain-total-RNA_S21
97.35%
HXB21_2-brain-total-RNA_S10
97.33%
HXB21_3-brain-total-RNA_S22
97.19%
HXB22_2-brain-total-RNA_S15
97.19%
HXB22_3-brain-total-RNA_S23
96.55%
HXB23_2-brain-total-RNA_S16
97.51%
HXB23_3-brain-total-RNA_S24
96.92%
HXB2-3-brain-total-RNA_S30
97.51%
HXB24_2-brain-total-RNA_S17
96.78%
HXB24_3-brain-total-RNA_S25
96.84%
HXB25_3-brain-total-RNA_S18
97.17%
HXB27_3-brain-total-RNA_S19
97.15%
SHR_1-brain-total-RNA_S26
96.92%
SHR_3-brain-total-RNA_S33
96.83%
BXH10-3-brain-total-RNA_CTGAAGCT
97.28%
BXH11-3-brain-total-RNA_TAATGCGC
97.35%
BXH2-2-brain-total-RNA_ATTACTCG
97.50%
BXH3-3-brain-total-RNA_TCCGGAGA
97.77%
BXH5-2-brain-total-RNA_CGCTCATT
97.54%
BXH6-3-brain-total-RNA_GAGATTCC
97.82%
BXH8-4-brain-total-RNA_ATTCAGAA
97.28%
BXH9-3-brain-total-RNA_GAATTCGT
97.78%
HXB29-2-brain-total-RNA_TCTCGCGC
96.52%
HXB31-2-brain-total-RNA_AGCGATAG
96.58%
BXH2-3-brain-total-RNA_S4
97.72%
BXH5-3-brain-total-RNA_S3
97.64%
BXH8-3-brain-total-RNA_S5
97.78%
HXB29-3-brain-total-RNA_S2
97.36%
HXB31-3-brain-total-RNA_S1
97.29%
SHR-1-brain-total-RNA_S6
97.33%

Libraries were aligned to strain specific genomes using HISAT2.
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Supplementary Table 4. Unique 3’ termini identified by aptardi already annotated by a
StringTie or reference transcript 3’ terminus (+/- 100 bases) before filtering (aptardi) and
after filtering to generate the detection above background (DABG) transcriptome.
% Unique Aptardi 3'
# Unique 3'
Termini Corresponding to
Aptardi Termini StringTie 3' Terminus (+/100 Bases)
Aptardi
34,003
13%
DABG
14,388
11%
Dataset

% Unique Aptardi 3' Termini % Aptardi Transcripts Whose 3' Terminus
Corresponding to Reference 3' Corresponds to StringTie or Reference 3'
Terminus (+/- 100 Bases)
Terminus (+/- 100 Bases)
12%
8%

21%
16%
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APPENDIX D
MACHINE LEARNING SUPPLEMENTARY
Long short-term memory network memory cells
Key to memory cells in the LSTM is the presence of an internal state, or cell state
(denoted C), in addition to the hidden state (denoted H). (Recall the hidden state represents
information stored from the previous time steps.) The cell state possesses a self-connected
recurrent edge that allows for error to traverse the memory cell without being changed due to a
constant error carousel, which prevents vanishing/exploding gradients. In modern LSTM
architectures, three gates control how information is used to update the cell state: the input gate,
forget gate, and output gate (Figure 1.2). In the forget gate, also called the remember vector,
input information from the previous hidden state and information from the current input are
passed through a sigmoid activation function whose output is multiplied with the previous cell
state. The forget gate was introduced after the original LSTM [395] and, intuitively, enables the
LSTM to learn to reset itself at appropriate times, i.e. flushing of the contents of the cell state. In
other words, the forget gate enables the reset of the constant error carousel, whereas in the
original version of the LSTM the constant error carousel was maintained using a fixed weight of
one for the cell state self-recurrent edge. The input gate likewise uses the previous hidden state
and current input and passes this information through two parallel branches, one with an sigmoid
activation and one with a tanh activation. The branch with sigmoid activation is akin to the
standard way a recurrent neural net takes information from the input layer and from the hidden
layer at the previous time step. Passing the information through the tanh function and
multiplying the output of these branches together helps regulate the network. Intuitively, the
input gate decides what information should be added to the cell state, i.e. long term memory. To
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determine the current cell state, the previous cell state is first multiplied by the output of the
forget gate. This value is then added to the output of the input gate to give the current cell state.
Finally, the output gate, which determines the next hidden state, can be calculated using this
newly determined current cell state. Namely, the output gate takes as input the previous cell state
and information from the current input and passes it through a sigmoid activation function. Then
the newly modified current cell state is passed through a tanh function and multiplied by the
sigmoid output to yield the new hidden state used in subsequent time steps, along with the new
current cell state.

Supplementary Figure D.1. From [471]. Architecture of the long short-term memory cell and
its operations. Ct represents the cell state at time t, Ct-1 represents the cell state at time t-1, ht
represents the hidden state at time t, ht-1 represents the hidden state at time t01, and xt represents
the input at time t.
Gradient descent
. Briefly, gradient descent minimizes the loss by taking derivative of the loss function and
updating weights accordingly. An additional parameter, the learning rate, dictates the magnitude
of weight adjustment at each update. Instead of updating the weights only after a complete
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training set as in gradient descent, stochastic gradient descent constantly updates weights during
training.
Regularization techniques
Underfitting is typically addressed by additional features or more complex models. In the
case of overfitting, regularization techniques such as Ridge, Lasso, elastic net, and dropout can
be used where dropout is a technique specific to neural nets. Dropout is a regularization
technique unique to artificial neural nets [472]. During training, nodes (and their connections)
are randomly removed from the network to prevent co-adapting. Co-adapting occurs when nodes
sharing connections learn together (i.e., specialize) by correcting each other’s mistakes, which
does not generalize to unseen data. Dropout effectively trains different network architectures in
parallel which are then combined to produce the final model.
Both Ridge and Lasso penalize large coefficients (i.e. weights) by adding a penalty term
to the loss. In Ridge regularization, also known as L2 regularization, the penalty term is the
square of the coefficient, whereas in Lasso regularization, also known as L1 regularization, the
penalty term is the absolute value of the coefficient. The penalty term is multiplied by a
predetermined regularization parameter that determines the degree of regularization (i.e. a high
regularization parameter confers greater regularization). An advantage of Lasso regularization
compared to Ridge regularization is that Lasso enables weights to to converge to zero, which
effectively acts as a feature selection method that produces sparse models. On the other hand,
Lasso regularization cannot incorporate more features than the number of observations and, in
the case of collinear variables, will randomly select one, which tends to lead to unstable models
and loss of information. Ridge regularization does not suffer these traits. A third regularization
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method, elastic net, uses both Ridge and Lasso regularization principles, which enables both
feature selection while also inclusion of collinear variables.
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