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Abstract

Runs of homozygosity (ROH) arise when an individual inherits two copies of the same haplotype 

segment. While ROH are ubiquitous across human populations, Native populations—with shared 

parental ancestry arising from isolation and endogamy—can carry a substantial enrichment for 

ROH. We have been investigating genetic and environmental risk factors for alcohol use disorders 

(AUD) in a group of American Indians (AI) who have higher rates of AUD than the general U. 

S. population. Here we explore whether ROH might be associated with incidence and severity of 

AUD in this admixed AI population (n=742) that live on geographically contiguous reservations, 

using low-coverage whole genome sequences. We have found that the genomic regions in the 

ROH that were identified in this population had significantly elevated American Indian heritage 

compared with the rest of the genome. Increased ROH abundance and ROH burden are likely 

risk factors for AUD severity in this AI population, especially in those diagnosed with severe 

and moderate AUD. The association between ROH and AUD was mostly driven by ROH of 

moderate lengths between 1–2Mb. An ROH island on chromosome 1p32.3 and a rare ROH pool 

on chromosome 3p12.3 were found to be significantly associated with AUD severity. They contain 

genes involved in lipid metabolism, oxidative stress and inflammatory responses; and OSBPL9 
was found to reside on the consensus part of the ROH island. These data demonstrate that ROH 

are associated with risk for AUD severity in this AI population.

INTRODUCTION

Alcohol use disorders (AUD) are highly prevalent worldwide. However, the incidence varies 

across populations and ethnic groups, with particularly high rates found in some indigenous 

populations such as American Indians (AI) (1, 2). Like many other complex diseases, the 

differences in incidence between ethnic groups are likely due to both environmental and 

genetic factors (3).
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In general, the most replicable genetic findings for AUD traits have been found for variants 

in the genes that code for differences in the major alcohol-metabolizing enzymes (4). The 

allele frequencies of these genetic variants differ substantially between populations (5–8) 

including American Indians (9, 10). Recent genome-wide association studies (GWAS) and 

meta-analyses with increasingly large sample sizes have identified an additional small and 

diverse set of single nucleotide polymorphisms (SNPs) associated with alcohol dependence, 

alcohol consumption, and related traits in genes not associated with alcohol metabolism (11–

13). These large GWAS findings are primarily in populations of European descent. Variants 

independent of the alcohol metabolizing enzymes have also been identified for AUD traits 

in American Indians. For instance, distinct rare variants in a potassium (K2P) channel gene 

KCNK2 and a pro-inflammatory mediator gene of the phosphodiesterase family PDE4C 
have been linked to AUD severity in American Indians and Euro-Americans (14). An 

interleukin subunit gene EBI3 (IL-27B) and a serine/threonine protein kinase family gene 

PRKG2 were found to be uniquely associated with alcohol-induced affective symptoms in 

AI (14). These studies demonstrate that genetic variants underlying AUD likely vary across 

populations. American Indians who have elevated rates of AUD, especially severe AUD, 

may carry distinct genetic risk for the disorder.

It is important to identify genetic and environmental risk factors that are specific to AI 

populations that account for the high rates of AUD seen in many tribes as they may lead 

to better approaches to prevention and treatment (3). One theoretical assumption concerning 

Native people is that isolation and endogamy over many generations coupled with a long 

history of dependence on foraging and subsistence agriculture may have led to selective 

enrichment of traits that increase food consumption when highly caloric food is available—

the so-called “thrifty” or “fat-sparing” genes hypothesis. There have been examples of rare 

variant effects under positive selection such as what has been observed in Samoan islanders 

where a thrifty variant, extremely rare in general populations, is found to be highly common 

among the islanders (15). We have suggested that this same selective pressure may have 

caused the enrichment for genetic variants that influence the risk for consumption of other 

high-salience substances, such as alcohol (16, 17). In addition to consumption related traits, 

other systems such as the stress and immune response systems could also be under selection 

pressure.

American Indians share certain genetic characteristics with other indigenous population 

isolates (18), which may give clues to understanding the genetics of AUD in these 

populations. For instance, many aboriginal people with a history of isolation, such 

as Australian aboriginals, Maori of New Zealand, Pacific islanders, and North and 

South American Indian tribes, have highly increased risk for substance abuse (19). One 

characteristic that population isolates share is the enrichment of long runs of homozygosity 

in individuals’ genomes that arise when an individual inherits two copies of the same 

haplotype segment from each parent. Autozygous tracks across genome can be estimated as 

long stretches of homozygous SNPs in a row, which are referred to as runs of homozygosity 

(ROH). Distributions of ROH may reflect the processes of population size reduction, 

consanguinity, admixture, and natural selection (20, 21). Thus, studying ROH provides 

insight into a population’s genetic events over time and their potential impact on diseases. 

While ROH are ubiquitous across human populations, American Indian populations have 
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been shown to have a high burden (total length) of ROH (20). ROH can theoretically 

be more likely to harbor recessive deleterious variants, especially in long ROH. Recent 

inbreeding events tend to generate long ROH that enable rare deleterious variants to 

occur as homozygotes (22, 23). This is often the motivation for studying ROH in the 

context of complex disorders. Genomic regions under selective pressure may also show 

characteristic of ROH (24–29), since selection purges deleterious variants or elevates 

haplotype frequencies around a favored allele thereby increasing homozygosity surrounding 

the target loci (30). For this to happen, the ROH regions need to be sufficiently stable 

across generations to allow the selection effect to accumulate (22). ROH that survived many 

generations tend to be shorter. What benefited the population in the past as a result of 

selection could also contribute to increased risk for present-day disorders. Both inbreeding 

effects and selective sweeps (partial or complete) can be amplified in population isolates 

especially during population reduction. This further motivates us to search in ROH for 

alleles that may potentially confer increased risk for AUD in AI. In human populations, 

ROH have been associated with traits such as stature (31), cognitive functions (32–35), 

complex disorders such as schizophrenia (36, 37), autism (38) and dementias (39, 40), and 

more recently with a broad range of other phenotypes (41). However, while ROH have been 

shown to have health consequences due to inbreeding depression or possibly selection, it is 

not known whether areas of the genome with ROH can harbor genes that confer risk for 

AUD traits in AI.

In the present study we focused on a group of AI that have been demonstrated to have 

high rates of AUD (42). Using whole genome sequence data we investigated whether the 

total amount of ROH, or similarly, the proportion of genomes that are in ROH—referred 

to as FROH—may predict the severity levels of AUD in this population. We further 

investigated whether specific ROH segments can predict AUD severity in this AI population. 

Since American Indians are typically admixed populations, and the AI cohort under study 

has extended pedigrees, we used a linear mixed model to accommodate both population 

structure and potential relatedness. Studies have suggested that socioeconomic factors, such 

as: education attainment, religiosity, and socioeconomic status, can possibly bias ROH 

studies (43, 44). Since these environmental factors may also contribute to the development 

of AUD, we also included socioeconomic factors in our models. This study represents the 

first investigation, to date, into the potential consequences of ROH with respect to the risk 

for alcohol use disorders.

MATERIALS AND METHODS

Participants

Nine hundred and three (903) American Indians (AI) from extended pedigrees participated 

in the study. The population characteristics and the recruitment procedures were previously 

described (42, 45). Briefly, participants who had at least one-sixteenth self-reported 

American-Indian heritage and aged between 18 and 70 were targeted and recruited from 

geographically contiguous Indian reservations with a total population of about 3,000 

individuals for the study (46). The recruitment was conducted using a combination of 

a venue-based method for sampling hard-to-reach populations (47, 48) and a respondent­
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driven procedure (49). Seven hundred-fifty (750) individuals had their whole genome 

sequenced. Removing individuals with missing phenotypes or covariates for the present 

study, 742 individuals remained. Their demographics are characterized in Supplementary 

Table 1. The protocol for the study of this American Indian cohort was approved by the 

Institutional Review Board of The Scripps Research Institute (TSRI-IRB) and the Indian 

Health Council, a tribal review group overseeing health issues for the reservations where 

recruitment was undertaken. Written informed consent was obtained from each participant 

after the procedures had been fully explained.

Phenotypes and genotypes

All participants were interviewed and assessed with Semi-Structured Assessment for 

the Genetics of Alcoholism (SSAGA) (50, 51), which was used to gather demographic 

information and make life-time alcohol use disorder (AUD) diagnoses according to the 

Diagnostic and Statistical Manual (DSM-5) (52). The SSAGA instrument has undergone 

both reliability and validity testing (50, 51), and has been successfully used in other 

American Indian populations previously (53, 54). All interviewers were trained by 

personnel from the Collaborative Study on the Genetics of Alcoholism (COGA). A 

research psychiatrist/addiction specialist made all best final diagnoses (42, 55). The SSAGA 

interview also retrospectively asks about the occurrence of alcohol-related life events and 

the ages when the problems first occurred, from which the main quantitative phenotype 

for this study, the severity level of AUD, was derived. The severity level of AUD was 

indexed by the 36 alcohol-related life events in the clinical course of the disorder, as 

listed in Supplementary Table 2 (56). The clinical course of AUD in this AI cohort has 

been previously described (42, 57). The order of the alcohol-related life events was based 

on the mean age of occurrence over the person’s lifetime. The life events were given a 

severity weight of 1 for events 1–12, 2 for 13–24, and 3 for 25–36. The quantitative severity 

phenotype was then defined as the sum of the severity weights of the 36 life events for 

AUD (14). Supplementary Figure 1 illustrates the distribution of the AUD severity and its 

relations to AUD diagnoses in the AI. 70% individuals were diagnosed with DSM-5 AUD. 

Supplementary Table 3 contrasts the demographics between the group of individuals who 

were diagnosed with AUD and the group who did not meet the criteria for AUD.

The AI participants had low-coverage whole genome sequencing (LCWGS) on their 

blood-derived DNAs (58). Reads from the whole genome sequencing were mapped to the 

GRCh37/hg19 human reference genome using BWA and GATK (59). Variants were called 

and imputed with GATK and Thunder (60, 61). For quality control, variants were removed 

if they had >5% missing rate, or >5% Mendel error rate, or were out of Hardy-Weinberg 

equilibrium with p<0.001; individuals were removed if they missed 2% genotypes. For ROH 

detection, variants having allele frequency <5% were excluded. Further details are given in 

the Supplementary Methods.

Detections of runs of homozygosity (ROH)

The homozygosity function in PLINK (62) was used to obtain the ROH for each individual 

and to derive consensus ROH pools across individuals. Using the low-coverage whole 

genome sequencing, we restricted ROH segments to longer than 1Mb to avoid shorter 

Peng and Ehlers Page 4

Mol Psychiatry. Author manuscript; available in PMC 2021 September 17.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



ROH resulting from link disequilibrium (LD) effects. We allowed for maximum three 

heterozygous variants per ROH scanning window for reliable ROH callings as recommended 

for LCWGS (63). An ROH pool is made of overlapping ROH across individuals that 

also have matching alleles. The minimum overlapping ROH across all individuals in an 

ROH pool is referred to as a consensus ROH. We considered pools that had at least five 

individuals with the minimum consensus ROH length of 100Kb and 10 SNPs. Detailed 

parameter settings are listed in Supplementary Methods.

An individual’s total number of ROH is referred to as ROH abundance, and their sum total 

length of ROH as ROH burden. One individual was considered as an outlier and removed, 

leaving 741 individuals for subsequent analyses: the individual’s ROH abundance was 

beyond 5 standard deviations and FROH was at 10.4%; but we had no parental information to 

determine whether it resulted from higher level of inbreeding such as avuncular union. FROH 

is defined as the sum total of ROH above a certain length as a proportion of the autosomal 

genome length. We used all ROH above 1Mb to derive FROH thus it’s proportional to the 

ROH burden in our study. FROH is also considered as a measure of the genomic inbreeding 

coefficient.

Assessing ancestral admixtures

Since patterns of ROH can be intricately related to the ancestral background of the genomes 

(23), and the ancestral makeup may confound the relationship of ROH to a trait (AUD 

severity is correlated with the degree of AI ancestry in this cohort), we first examined the 

relationship between ROH and the AI ancestry. We estimated ancestral admixtures for each 

AI individuals as shown in Supplementary Figure 2. The AI cohort was predominantly 

admixed between American Indian and European ancestries. We further estimated the local 

ancestries for each ROH segment, and computed for each individual the averaged ancestral 

admixtures in all of this individual’s ROH segments, or across a subset of ROH segments 

that are part of the consensus pools. Details are given in the Supplementary Methods.

Associations between ROH and AUD severity

To account for the population admixture and the relatedness in the AI cohort, we used 

a liner mixed model (LMM) to assess the relationships between AUD severity and ROH 

measurements (ROH abundance or FROH). The genetic relationship matrix (GRM) was 

used to accommodate both family and population structures. We estimated GRM using the 

genotypes as implemented in GCTA (64), and carried out the LMM regressions using the 

generalized LMM association tests package (GMMAT) in R (65). We further stratified ROH 

segments by their length into four groups: 1–2Mb, 2–4Mb, 4–8Mb, and >8Mb, and modified 

the LMM regression model to include four length groups as predictors. Details are given in 

Supplementary Methods.

We considered two models for covariates: (i) a main model that initially included sex, age, 

age-squared and the global AI ancestry; (ii) an extended model incorporating additional 

socioeconomic factors such as gross income, years of education, employment status, 

marriage status, religion, and frequency of religious service attendance. We first assessed 

whether the covariates were associated with AUD severity prior to ROH association analyses 
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using the LMM modeling, and dropped the factors with negligible effect (p>0.1). As a 

result, the main model retained sex, age, and age-squared as significant covariates; and the 

extended model additionally controlled for years of education, employment, and religion 

(Supplementary Table 4). Due to missing data, the sample size of the extended model 

reduced to 718 while the main model had 741 individuals. For the significant values, we 

adjusted for two models and two ROH measurements. However, since ROH abundance and 

FROH are correlated, we adjusted for the effective number of independent variables 1.05 

instead.

For each ROH consensus segment that is shared by at least five individuals, an association 

using LMM modeling was tested between the AUD severity and whether an individual has 

the ROH segment. The extended model incorporating socioeconomic factors was used in 

this analysis. The Benjamini-Hochberg false discovery rate procedure was used to adjust for 

multiple comparisons (66). Furthermore, a binomial test was used to examine whether there 

was an aggregated burden of increased (β > 0, positive effects from association tests) or 

decreased (β < 0, negative effects) risk for AUD severity from the consensus ROH pools.

To identify whether there might exist subpopulations in the AI cohort that differed in 

characteristics with respect to the relation between global ROH and the AUD severity, 

we carried out an unsupervised clustering analysis. We used a mixture model of linear 

regression and estimated the parameters using the R package flexmix (67). Details are given 

in the Supplementary Methods.

Functional analysis

Once ROH pools were identified and found to be associated with AUD, we used Combined 

Annotation Dependent Depletion (CADD) (68, 69) to examine the deleteriousness of the 

variants in these regions. CADD integrated multiple functional annotations to produce one 

PHRED-scaled C-score. The higher the C-score, the more likely a variant is deleterious (for 

instance, 10 and 20 indicated 10% and 1% most deleterious mutations respectively). We 

chose 15 as the threshold representing roughly top 3% most deleterious variants. Functional 

and pathway analysis of genes in these regions were performed using GENE2FUNC in 

FUMA, in which enriched biological functions were extracted by testing against gene sets 

from MsigDB (70) and WikiPathways (71) using hyper-geometric tests (72). We further 

searched in the GWAS catalog for traits and disorders that have been associated with the 

genes in the identified ROH pools (73). The enrichment of GWAS catalog associations for 

the gene sets was also carried out in FUMA.

Data and code availability

In accordance with the wishes of the tribes no sharing of the AI data are possible. All 

analysis codes were written in R and are available upon requests.
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RESULTS

ROH profiles of the AI population and their relations to the AI ancestry

The AI individuals had on average 41±18 ROH segments of at least 1Mb long, with a range 

between 2 and 132 segments. The sum total length of ROH in each individual had a mean 

of 61.3±31.2Mb, and ranged between 2.6 and 206.7Mb. The distributions of ROH burden 

stratified by the ROH length are illustrated in Supplementary Figure 3. FROH averaged 

at 2.12%±1.08% with a range from 0.09% to 7.17%. ROH distributed along the genome 

unevenly, as illustrated in Figure 1, with predominately short to medium sized segments 

concentrating on particular regions—known as ROH islands (74)—punctuated by a small 

number of randomly placed long ROH, reflecting more recent inbreeding. 863 ROH pools 

were identified. Some pools coincided with known ROH islands. For instance, a pool with 

consensus segments falling between 49.64 and 50.05Mb on chromosome 1 (Figure 1) is on 

an known ROH island (between 48.8–51.5Mb) in European populations (74). The averaged 

European ancestry of this pool was indeed relatively high at 48.6% and in the highest 4th 

quartile. Supplementary Figure 4 shows the frequencies of the identified ROH pools across 

the whole genome.

The inbreeding coefficient FROH was related to an individual’s degree of American Indian 

ancestry in a quadratic fashion as shown in Figure 2A. FROH reaches the minimum value 

at about 23% of AI ancestry in the fitted curve. As illustrated in Figure 2B, at individuals’ 

level, genomic regions in the ROH had significantly higher American Indian heritage on 

average (52.8%) than the whole genome (mean=47.5%, adjusted p=6.9E-6), while the 

regions in ROH pools had even more significantly elevated AI ancestry (mean=54.8%, 

adjusted p=2.54E-10). The ancestry component of the ROH pools was predominately AI 

when there were fewer than 100 individuals in the pools. As a pool grew larger with 

more individuals, other ancestral components especially European increased (Supplementary 

Figure 5), although the length of the consensus segments became shorter invariably (data 

not shown). The patterns reflected that the population admixtures of different ancestries 

happened in the distant past.

Associations between AUD severity and ROH

The severity level of AUD was positively associated with both FROH (adjusted p=0.015 and 

0.023 for the main and the extended models respectively, see Table 1) and ROH abundance 

(adjusted p=0.0086 in the main model and 0.0077 in the extended model, see Supplementary 

Table 5). The estimated effect size β in the extended model for FROH was 2.04, indicating 

that with a 1% increase in FROH, we would predict that the AUD severity increases by 2.04 

points. None of the socioeconomic factors in the extended model was associated with FROH 

(Supplementary Table 6). When ROH segments were stratified by their lengths, only the 

ROH of 1–2Mb long were found to be significantly associated with AUD severity (adjusted 

p=0.013 for FROH and 0.0088 for ROH abundance in the extended model, Supplementary 

Tables 7 & 8).

The unsupervised clustering analysis detected two subgroups in the AI cohort that 

significantly differed in AUD severity levels (p=9E-155, see Figure 3). The two subgroups 
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were not found to be significantly different for any of the demographic variables (see Figure 

3B). In the higher severity group (n=484, 67%), the AUD severity level was significantly 

positively associated with FROH (p=0.023 after controlling all covariates in the extended 

model); 52% individuals in this group had been diagnosed with severe AUD and 22% with 

moderate AUD. In the lower severity group, AUD severity was not associated with FROH; 

this subgroup had a number of mild AUD, one moderate AUD but no severe AUD diagnosis 

(Figure 3). The estimated effect size β for FROH was 2.38 (p=0.023) and 0.03 (p=0.95) 

for the higher and the lower severity subgroups respectively (Figure 3A). No significant 

interaction effect was detected between FROH and AUD subgroup (Supplementary Table 9). 

The identification of the two subgroups suggested that the effect of ROH on AUD was more 

pronounced and detectable in populations with high prevalence of severe AUD.

ROH pools associated with AUD severity in AI

ROH pool association analysis identified one common ROH group and one rare ROH group 

that were significantly associated with the severity level of AUD (Figure 4). The common 

ROH group is on 1p32.3 as shown in Figure 1 (adjusted p=0.028). 130 individuals (17.5%) 

had this ROH (ranges from 1.0–4.5 Mb long). Having this ROH increased the expected 

severity level of AUD from 22.6 to 28.7. Supplementary Figure 6 contrasts the distributions 

of AUD severity between individuals with or without this ROH segment. The consensus 

part of the pool is 169kb long on chr1: 52.1–52.2Mb. The maximum boundary of this ROH 

group spans 4.9Mb (Figure 4B). The consensus segment encompasses the oxysterol binding 

protein-like 9 gene OSBPL9. This gene is part of the bile acid and bile salt metabolic 

pathway. The maximum span (union of all ROH segments) of this ROH pool consists of 

44 genes. The enriched functional groups of these genes are detailed in Supplementary 

Table 10. There were two enriched immunologic signatures, and several enriched functional 

groups including adipogenesis, TGF-β1 targets and neuroblastoma. Several GWAS catalog 

traits were enriched in these genes; the top two being hippocampal tail volume, and 

cerebrospinal fluid amyloid beta 1–42 levels. The complete list of traits and disorders that 

were found to be associated with genes in this ROH region is listed in Supplementary Table 

11.

Over 100 variants in this region had CADD scores of at least 15, among which 17 had 

scores over 20 representing the 1% most deleterious mutations, including nonsynonymous 

variants on the following genes: epidermal growth factor receptor pathway substrate 15 

(EPS15), cytochrome C oxidase assembly factor 7 (COA7), solute carrier family 1 member 

7 (SLC1A7), carnitine palmitoyltransferase 2 (CPT2), LDL receptor related protein 8 

(LRP8) and GLIS family zinc finger 1 (GLIS1) (see Supplementary Table 12 for the full 

list). Nonsynonymous variant rs5174 (1:53712727) on LRP8 had the highest CADD score 

of 35 (top 0.03% most deleterious) in the region. The variant also found eQTL for LRP8 
in tissues including cerebellar hemisphere and adipose (75). LRP8 has been associated with 

educational attainment (76), risk-taking behavior (77), as well as body mass index (BMI) 

and alcohol intake interaction in a Hispanic population (78).

Since there is presently no publicly available replication sample for AI population with 

both AUD phenotypes and genome sequencing data, we searched for GWAS results in this 
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genomic region for AUD or alcohol consumption traits in other populations (12, 78–84) 

and listed the top SNPs in Supplementary Table 13. Variant rs12116501 on gene LRP8 was 

found to be associated with AUD diagnosis (p=9.1E-5) in the Euro-American population 

of the Million Veteran Program (MVP) (12). Variants on Fas associated factor 1 gene 

FAF1 were associated with comorbid alcohol dependence and depression (p=3.9E-6) in 

Euro-American samples in COGA (82) and with drinks-per-week (p=2.1E-5) in the GWAS 

& Sequencing Consortium of Alcohol and Nicotine use (GSCAN) study (80). Variants 

on ATP/GTP binding protein-like 4 gene AGBL4 have been associated with substance 

dependence (alcohol, heroin, methamphetamine) (p=3E-12) in Chinese population (83) and 

with aspartate aminotransferase (AST) level in excessive alcohol consumption (p=2E-7) in 

Australians (84).

The rare ROH pool that was associated with AUD severity (adjusted p=0.028) is on 3p12.3 

with the consensus segment spanning 222kb long on chr3: 76.3–76.5Mb (Figure 4). Only 

five individuals had this ROH (ranges from 1.1–1.7Mb long), which elevated the expected 

AUD severity from 22.6 to 56.6 (Supplementary Figure 6). The consensus segment is 

located on roundabout guidance receptor 2 gene ROBO2, while the maximum span (of 

2.6Mb long) covers nine genes. 60 variants in this region had CADD scores of at least 15. 

Two intronic variants on ROBO2 in the region had CADD scores over 20 (Supplementary 

Table 14). ROBO2 has been associated with a number of traits and disorders including BMI, 

visceral fat, eating disorder, smoking behaviors, and sleep (Supplementary Table 11).

Additionally, of the 863 ROH pools, if we consider those with β > 0 from the association 

test as potentially increasing risk for AUD severity and those β < 0 as decreasing risk, 

aggregated burden analysis showed that there was an over-representation of ROH pools 

increasing the risk (58%) than those that were protective (42%). The difference was 

significant whether the ROH pools that were significantly associated with AUD severity 

were excluded (p=1.3E-6) or not (p=1.7E-6).

DISCUSSION

The present study estimated ROH in an admixed American Indian population with elevated 

rates of AUD, using low-coverage whole genome sequence data. These data were used in 

order to investigate the relationship between ROH and ancestry admixture, and to determine 

whether ROH represent potential risk factors for severe AUD in AI.

Enrichment of American Indian heritage in the ROH

ROH burden and FROH were found to decrease as an individual’s degree of American 

Indian ancestry increased from nearly 0 to about 23%, and then increased quadratically. 

This is the expected relationship considering that the AI cohort is an admixed population, 

primarily between American Indian and European ancestries. Admixed populations usually 

have fewer ROH than their parental populations. Individuals within an admixed population 

tend to have a different burden of short to medium sized ROH, which was also reflected 

in the AI cohort (Supplementary Figure 3). Specific patterns of ROH lengths may depend 

on when the admixture occurred as well as the ROH burden of the parental populations. In 

general, the higher the American Indian ancestry component, the greater the probability of 
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ROH formation (20). We found that the genomic regions in the ROH also had significantly 

elevated AI heritage compared with the rest of the genome.

ROH segments associated with AUD severity in AI contain genes involved in lipid 
metabolism, oxidative stress and inflammatory responses

The severity level of AUD was positively associated with both ROH abundance and 

FROH (or ROH burden). The association was dominated by the moderate sized ROH. 

Unsupervised clustering identified two subpopulations that significantly differed in AUD 

severity. Individuals in the higher severity group had a significantly increased risk of AUD 

associated with their ROH burden, with over half of them having been diagnosed with severe 

AUD in their lifetime.

An ROH pool residing on chromosome 1p32.3 was found to be significantly associated 

with AUD severity in this AI population. The consensus part of the ROH pool contains 

gene OSBPL9. OSBPL9 encodes for an oxysterol-binding protein that belongs to a group of 

intracellular lipid receptors. Oxysterols are products of cholesterol metabolism and markers 

of lipid-related oxidative stress and have been suggested to play a role in inflammation and 

neuroinflammation. It has also been shown recently that oxysterols can modulate glial cell 

activation (85).

The full span of this ROH pool encompasses 44 genes. Functional enrichment analysis of 

these genes identified several significantly enriched traits in the GWAS catalog: the top 

two being hippocampal tail volume, and cerebrospinal fluid amyloid beta 1–42 levels (CSF 

Aβ42). Reduced hippocampal tail volume has been reported in persons with AUD in a 

recent study (86), as well as in individuals with major depressive disorder (MDD) (87). CSF 

Aβ42 is one of the biomarkers for mild cognitive impairment and dementia (88), and may 

also be related to AUD. A recent animal study has shown that alcohol intake can reduce the 

uptake of Aβ42 by primary microglia (89). Within these genes on the top ROH pool, there 

were also two enriched immunologic signatures, and several enriched functional groups 

including neuroblastoma, TGF-β1 targets and adipogenesis. The significantly enriched 

immunologic signatures were sets of genes that were up regulated when stimulated with 

a toll-like receptor 4 (TLR4) agonist or down-regulated when stimulated with a TLR3 

agonist in dendritic cells (90, 91). This immune signaling cascade is thought to play an 

important role in neurodegeneration and the development of AUD (92). A recent study 

found that activation of TLR3 increased alcohol intake in mice (93). A significant number of 

genes in this ROH pool region were also down regulated by TGF-β1 via TGF-β1 receptors 

(94). TGF-β1 is a cytokine mediating the pathogenesis of chronic inflammatory processes. 

It has been shown that alcohol, and its metabolite acetaldehyde, could increase TGF-β1 

expression; and elevated TGF-β1 signaling may mediate alcohol induced deleterious effects 

such as hepatic fibrosis by involving extracellular matrix (ECM) deposition (95) and 

suppressed neuronal development in patients with AUD (96). TGF-β1 alters cell migration 

in the developing cortex through regulating cell adhesion proteins thus TGF-β1 system is a 

target of alcohol toxicity (97).

Genes in this ROH region were also found to contain pathways for adipogenesis. Evidence 

suggests that chronic alcohol intake can perturb lipid metabolism leading to the promotion 
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of an inflammatory environment. Alcohol induced adipose tissue dysfunction and the 

resulting inflammatory environment may contribute to the injury progression of other organs 

and systems, and other pathological states that accompany chronic AUD (98). Our data 

supports this finding as we found that organ damage associated with drinking, memory 

problems and neuropathy were significantly associated with the presence of this ROH 

segment (Supplementary Table 15).

A rare ROH pool on chromosome 3p12.3 was also significantly associated with AUD 

severity. The consensus part of this ROH pool resides on an axon guidance receptor gene 

ROBO2 that encodes a roundabout (ROBO) family protein that is highly conserved from 

fly to human. This gene has been linked to multiple traits including smoking initiation (80), 

sleep measurements such as chronotype (99), BMI (100), education attainment (76), and 

unipolar depression (101).

In summary, this study represents the first investigation into the potential consequences 

of runs of homozygosity associated with alcohol use disorders. We have established that 

increased ROH are likely risk factors for severe AUD in this American Indian population. 

ROH of relatively moderate length of 1–2Mb produced the most significant associations. 

The moderate sized ROH most likely resulted from inbreeding of distant common ancestors, 

which may have happened when the population experienced a size reduction and the 

subsequent bottleneck and admixture. An ROH island harboring genes involved in lipid 

metabolism, oxidative stress and inflammatory responses was significantly associated with 

AUD severity, and was enriched for adipogenesis and immune signatures. These results 

are consistent with the thrifty gene related hypothesis; however, to draw further inferences 

requires rigorous tests for evolutionary signatures. At the moderate sample size of 741, 

we had limited statistical power for genome-wide significant associations. However, by 

focusing on the ROH segments across the genome, we dramatically reduced the number of 

multiple comparisons. Our findings could also be unique to this AI population and may not 

be found in other AI populations or non-AI populations. In fact, a recent study has found 

that increased FROH is associated with reduced risk-taking behaviors, including weekly 

alcohol consumption, in a primarily European population (41). While alcohol consumption 

and use disorders may have some overlapping but largely differing genetic underpinnings 

(12), it is also possible that ROH affect disorders differentially depending on the population 

background due to their distinct coalescent histories. For instance, endogamy within isolated 

groups with very low drinking levels may result in a negative association between ROH and 

drinking. Further studies in other population isolates should inform this hypothesis.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. ROH distribution on chromosome 1 in the AI population.
Gray curve at the bottom: average American Indian ancestry of each ROH pool.

Dark blue color: A pool of ROH with consensus falling on 49.64–50.05Mb coincided with 

an ROH island in European populations. The mean local American Indian ancestry of this 

ROH pool is at a much lower level than average.

Red color: The top ROH pool on chromosome 1p32.3 that was significantly associated with 

AUD severity in the AI.
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Figure 2. Relationships between ROH and American Indian ancestry.
(A) Inbreeding coefficient FROH derived from ROH (>1Mb) as a function of American 

Indian ancestry. The fitted red curve: FROH = 8.15AMI2 – 3.70AMI + 1.72, and AMIext = 

0.227.

(B) The genomic regions falling on ROH have significantly elevated levels of American 

Indian ancestry components as illustrated by the distributions of individuals’ ancestral 

proportions across the whole genome (All: red), within ROH (ROH: green), or within 

ROH segments that were part of an ROH pool (ROHpool: blue). All-versus-ROH has 

adjusted p=6.9E-6. All-versus-ROHpool has adjusted p=2.54E-10. The difference of 

ancestry components between genomic regions in the ROH pools and in all ROH was 

not significant (p=0.16). Ancestral origins correspond to four major continental populations 

including American Indian (ami), European (eur), East Asian (eas) and African (afr).
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Figure 3. Two subgroups were identified by the unsupervised clustering analysis with respect to 
the relationships between AUD severity and FROH.
(A) Two groups significantly differed in their severity levels of AUD. It is in the subgroup 

with higher severity on average (subgroup 2, orange line and dots) that AUD severity was 

significantly associated with FROH (p=0.023) as illustrated in the figure. The regression lines 

in the figure were plotted with continuous covariates mean-centered solely for illustration 

purpose. The actual analysis was conducted with the extended model controlling all 

covariates.
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(B) While subgroup 2 consisted of much more individuals with AUD especially moderate 

and severe AUD diagnoses, two subgroups had similar demographics.
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Figure 4. Associations between ROH pools and AUD severity.
(A) Manhattan plot of associations between ROH pool and AUD severity.

(B) Top ROH pools associated with AUD severity. A common ROH pool on chromosome 

1p32.3 and a rare ROH pool on chromosome 3p12.3 were significantly associated with AUD 

severity after multiple comparisons adjustments.
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