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Introduction

Global trends in alcohol use

Being part of many cultural, religious, and social practices, alcohol drinking patterns were
shaped by several socioeconomic factors though history (Heinz & Daedelow, 2021). Following
economic development levels of total alcohol per capita consumption (APC) are gradually
decreasing on a worldwide scale (Holmes & Anderson, 2017). On a regional level Europe shows
diverse trends in alcohol consumption, but compared to other macro-regions it is still those
showing the highest APC levels (Manthey et al., 2019). Extensive metanalyses including data
from 1980 to 2021, shown that while occasional or moderate daily alcohol consumption (from
0 to 44 g per day) is not significantly associated to reduced risk of all-cause mortality, huge
consumption (45g or more per day) significantly increased it (Zhao et al., 2023). Differences in
alcohol use between genders is narrowing as APC is increasing among female drinkers (Calvo
et al., 2020). Cumulative evidence shows that escalation from casual alcohol use to the
development of problematic alcohol use seems to be more rapid in women than in men, and
that relapse following a stressful event or drug-related cue is also more likely to occur among
female drinkers (Becker et al., 2017; Keyes et al., 2019). Interestingly, sexual orientation also
influences this trend, as non-heterosexual women are more likely to consume 12 or more
drinks on an occasion which is three times the standard binge threshold for women (White,
2020). Furthermore, the recovery from problematic alcohol use for female drinkers is hardened
by lower treatment entry and inadequate sample sizes in pharmacological study (Holzhauer et
al., 2020). Despite huge variability, cumulative evidence shows that alcohol use incurred
substantial social costs, which can be estimated to an average amount of 1306 Int$ per adult

or 2.6% of average GDP (Manthey et al., 2021). Efforts to prevent alcohol use in older adults are



not considered cost-effective, interventions aimed at those under 18 years old are therefore

the most effective measure to reduce such economic burden (Le et al., 2023).

Alcohol use in communicable and non-communicable diseases

In May 2013, the American Psychiatric Association issued unified the previous distinct
definition of alcohol abuse and alcohol dependence into alcohol use disorder (AUD) the fifth
edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) (Grant et al.,
2015). This division is maintained in the latest of the International Classification of Diseases
published by World Health Organization (ICD-11), which distinguishing among episodic
harmful use of alcohol, harmful pattern of use of alcohol, and alcohol dependence (Saunders
et al., 2019). While the alignment with both current and historical versions of DSM and ICD
dependence criteria has been improved in ICD-11, diagnostic consistency with DSM-5 is still
weak (Lundin et al., 2021). While ICD-11-related papers outnumbers those of ICD-10 (Chen et
al., 2019), the definitory apparatus proposed in DSM-5 stays prominent in alcohol research
(Rehm et al., 2019; Tyrer, 2018). The rate of problematic alcohol use developing into alcohol
use disorder (AUD) makes it the second most prevalent substance use disorder (estimated at
5.1% in past year), right after nicotine use disorder (estimated at 20% in past year) (Alcohol &
Drug Use, 2018). Nicotine and alcohol influence midbrain dopaminergic neurons, leading to
mutual reinforcement and cross-tolerance effects, while also heightening susceptibility to
risky behaviors (Morel et al., 2019; Poisson et al., 2021). Smoking and alcohol use are indeed
associated to impulsive decision making (Ariesen et al., 2023; Gabriel et al., 2019) which
increase the risk of experiencing traumatic events, especially among young adults
(Bartholomew et al., 2021). Besides other SUD, AUD is frequently associated with a high
comorbidity rate with various psychiatric disorders, especially mood and anxiety-related

disorders (Castillo-Carniglia et al., 2019; Puddephatt et al., 2022). Stress and maladaptive



response to traumatic events can eventually lead to the development of post-traumatic stress
disorder (PTSD) which among anxiety disorders is the one with highest comorbidity rates
towards AUD and is itself a predictor for SUD (Smith & Cottler, 2018). Although the interplay of
inflammatory processes and cognition has been identified in AUD, mood and anxiety-related
disorders, specific molecular mechanisms delineating a clear causal link between them
remain elusive (Erickson et al., 2019). The diverse patterns of high comorbidity rates linking
AUD to other psychiatric disorders indeed present epistemological challenges that impact the
effectiveness of clinical treatment (Carter et al., 2013). Several physical comorbidities are
widely recognized as risk factors for alcohol consumption, such as high blood pressure,
asthma, hyperlipidemia, and liver enzyme abnormalities (AshaRani et al., 2022). Setting aside
other psychiatric disorders, population-attributable fractions of risk due to alcohol
consumption are comparatively higher observed for Tuberculosis and Malignant neoplasms
among communicable and non-communicable diseases, respectively (Shield et al., 2020).
Due to its direct impact on the mucosal immune system, alcohol use is indeed significant
burdentoinfectious diseases epidemiology (Morojele et al., 2021; Szabo & Saha, 2015; Trevejo-
Nunez et al.,, 2015). As carcinogenic metabolite of ethanol, acetaldehyde is one of the
biological pathways by which alcohol use leads to cancer development, especially in
esophageal tissues (Sasaki et al., 2021). Interestingly, while Asia scores the lowest in APC
levels (Manthey et al., 2019), population living in that area score highest for both alcohol-
attributable cancer cases (Rumgay et al., 2021) and their demographic landscape was deeply

influenced by the spread of tuberculosis infection (Liu et al., 2017).

Genomics in alcohol research

Falling costs of sequencing technology causing a paradigm shift from microarray-based

genotyping studies to whole exome and whole genome sequencing allowed the fast rise of



genome-wide association studies (GWAS) (Heather & Chain, 2016). Similar advances in RNA
sequencing technology allowed wide analysis of differential gene expression and differential
splicing of mRNAs (Stark et al., 2019) and eventually the emerging of transcriptome-wide
association studies (TWAS) (Wainberg et al., 2019). Leveraging large sample size and extensive
genomic coverage, GWAS test the associations of each sequenced single nucleotide
polymorphism (SNPs) to a given phenotype through linear or logistic regression models
adjusted by covariates such as age, sex and ancestry (Uffelmann et al., 2021). Across different
loci, the nonrandom association of SNPs is quantified by their level of Linkage disequilibrium
(LD) that allows to evaluate the subdivision of a population, the heritability of trait and due to
signals of natural selection or genetic drift. LD is crucial in post GWAS analysis as, through
linear models based on LD (Slatkin, 2008) scores, allows to test correlation heritable traits
(Bulik-Sullivan et al., 2015). LD is also employed as a marker to distinguish causal SNPs for a
given phenotype and eventually use them as instrumental variables to evaluate causality
between genomically correlated traits, such as in Mendelian Randomization analysis (MR)
(Davey Smith & Hemani, 2014). Besides the complex and diverse interplay of environmental
influences, and history of alcohol exposure that may eventually lead to developing AUD;
alcohol use is indeed a hereditable trait (Schuckit, 2014). Consistent evidence of genetic
factors contributing to susceptibility towards AUD has been provided by twin, adoption, and
family studies (Verhulst et al., 2015). Large-scale GWAS conducted on multiethnic populations
have demonstrated that predispositions to alcohol use are heritable irrespective of cultural
influences (Saunders et al., 2022). While most variants associated to AUD occur in intergenic
or intronic regions and are not directly associated with protein coding few others, like those
affecting genes encoding for the enzymes alcohol dehydrogenase (ADH) and aldehyde

dehydrogenase (ALDH) (Hendershot et al., 2009; Peng & Yin, 2009), results in actual functional



changes thus having either a protective or detrimental effect (Liu et al., 2019). According to
recent metanalysis on functional variants associated to alcohol consumption, other loci
attaining genome-wide significant association were ADH1B, KLB, BTF3P13, GCKR, SLC39A8,
and DRD2 (Thompson et al., 2020). AUD, being a polygenic phenotype, exhibits a significant
degree of shared pleiotropy with various traits, particularly with SUD and mood-related
disorders (Icick et al., 2023). While genetic information can be used as an anchor for causal
inference (Jennings et al., 2024; Kember et al.,, 2023), the presence of extensive shared
pleiotropy poses an epistemological hurdle for genomic investigations in AUD (McCarthy et al.,
2008). Therefore, also in AUD research, integrating ecological, transcriptomic and GWAS
derived data is imperative to ensure a dependable interpretation of novel findings driven by

genomic insights (Dai et al., 2020).



Aim and relevance of the thesis

Considering the intricate nature of alcohol consumption behaviors and their varied
manifestations, this thesis aims to unveil novel insight and perspectives on causal mechanism
affecting patterns within alcohol consumption and their interplay with other related traits. In
the first chapter of this thesis, we focus our attentions upon the consistent pattern of low
alcohol consumptions among of Asian populations (Manthey et al., 2019). Carriers of ADH1B2
(Argd8His, rs1229984) and ALDH22 (Glu504Lys, rs671) genetic variants are recognized for their
heightened sensitivity to the adverse effects of alcohol consumption due to their effect on
acetaldehyde toxicity. Notably, these two functional genetic variations are mostly prevalent
within the Southeast Asia Region (SAER) and are rarely found in non-Asian populations
(Polimanti & Gelernter, 2018; Zhang et al., 2021). While the magnitude of selective pressure
exerted on population living in SAER is well known; postulated the content of “the aldehyde
hypothesis” (Darwin & Stanley, 2022), ours was the first study to systematically evaluate the
contribution of infectious diseases and other ecological variables to the selection these two
genomic variants in Asian populations (Deiana et al.,, 2024). Our analyses suggest that
Mycobacteria may have played a role in the joint selection of ADH1B*2 and ALDH2*2. Later in
the second chapter, we conducted an extensive review of available data on RNA-seq data for
AUD and PTSD tofind signals of shared transcriptomic signatures between the two. our analysis
evaluated for the first time the explanatory role of shared enriched pathways across
dorsolateral prefrontal cortex and basolateral amygdala on bidirectional pattern of comorbidity
linking AUD and PTSD (Dell'Aquila & Berle, 2023). Our results underline the role of family A
(rhodopsin-like) G-protein coupled receptors (GPCRs), and tyrosine kinases receptors (RTKs),
and their clinical affordance in both AUD and PTSD. Lastly, in the third chapter, we investigated

the pleiotropic mechanisms linking brain structure and function to alcohol and tobacco use.



Given the complex interplay of alcohol and nicotine with human brain (Alcohol & Drug Use,
2018; He et al., 2022), we applied a wide apparatus of post GWAS analysis including linkage
disequilibrium score regression (Bulik-Sullivan et al., 2015), local analysis of [co]variant
association (Werme et al., 2022) and genetically inferred causal inference analyses (Hemani et
al., 2018; O'Connor & Price, 2018). Our brain-wide investigation highlighted that different

pleiotropic mechanisms likely contribute to the relationship of brain structure and function
with alcohol drinking and tobacco smoking, suggesting decision-making activities and
chemosensory processing as modulators of propensity towards alcohol and tobacco

consumption.
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Chapter 1

Contribution of infectious diseases to the selection of ADH1B and
ALDH2 gene variants in Asian populations

Abstract

The gene variants ADH1B*2 (Arg48His, rs1229984) and ALDH2*2 (Glu504Lys, rs671) are
common in East Asian populations but rare in other populations. We propose that selective
pressures from pathogen exposure and dietary changes during the neolithic transition favored
these variants. Thus, their current association with differences in alcohol sensitivity likely
results from phenotypic plasticity rather than direct natural selection. Samples sourced from
the Allele Frequency Database (ALFRED) were utilized to compute the average frequency of
ADH1B*2 and ALDH2*2 across 88 and 61 countries, respectively. Following computation of the
average national allele frequencies, we tested the significance of their correlations with
ecologicalvariables. Subsequently, we subjected them to Principal Component Analysis (PCA)
and Elastic Net regularization. For comprehensive evaluation, we collected individual-level
phenotypic associations, compiling a Phenome-Wide Association Study (PheWAS) spanning
multiple ethnicities. Following multiple testing correction, ADH1B*2 displayed significant
correlations with Neolithic transition timing (r = 0.405, p.adj =2.013e-03, n =57) and historical
trypanosome burden (r=-0.418, p.adj=0.013, n=57). The first two components of PCA
explained 47.7% of the total variability across countries, with the top three contributors being
the historical indices of population density and trypanosome and leprosy burdens. Historical
burdens of Mycobacteria tuberculosis and leprosy were the sole predictive variables with
positive coefficients that survived Elastic Net regularization. Our analyses suggest that
Mycobacteria may have played a role in the joint selection of ADH1B*2 and ALDH2*2,
expanding the “toxic aldehyde hypothesis” to include Mycobacterium leprae. Additionally, our
hypothesis, linked to dietary shifts from rice domestication, emphasizes nutritional
deficiencies as a key element in the selective pressure exerted by Mycobacteria. This offers a

plausible explanation for the high frequency of ADH1B*2 and ALDH2*2 in Asian populations.



Introduction

According to the latest global status report on alcohol and health by the World Health
Organization (WHO), the South-East Asian Region (SEAR) has the second lowest Alcohol-Per
capita-Consumption (APC) in the world (Organization, 2019b). Cultural and social factors are
known to affect drinking behaviors of Asian subjects which show the lowest alcohol
consumption levels compared to other ethnicities (Lui & Zamboanga, 2019). APC levels have
beenincreasinginthe SEAR, butthe percentage of current drinkers did not significantly change,
being constant at around 33% from 2000 to 2016 (Organization, 2019b). This trend stays stable
also when looking at differences in APC amongst countries within SEAR (Organization, 2019b).
APC levels in SEAR countries match the worldwide distribution of two of the main genetic
variants associated with reduced alcohol intake, namely ADH71B*2 (Arg48His, rs1229984) and
ALDH2*2 (Glu504Lys, rs671) (Zhou et al, 2022). Indeed, these two variants exhibit a robust
association with decreased alcohol intake in the East Asian population (Chang et al., 2023;
Hashimoto et al., 2016), reaching their peak frequency within this demographic (Polimanti &
Gelernter, 2018; Zhang et al., 2021). In contrast, they are found to be rare and less effective in
other populations (Schaschl et al., 2022; Whitfield, 2002). Encoding the beta subunit of class |
of the alcohol dehydrogenases (ADH), ADH1B is responsible for the interconversion between
alcohols and aldehydes or ketones with the reduction of NAD+ to NADH (Zakhari, 2006). ALDH2
encodes the metabolizing enzyme for many reactive and oxidative stress-generated aldehydes,
such as acetaldehyde generated by ADH that is converted to acetate (Chen et al., 2014). Due
to its high reactivity and genotoxicity, acetaldehyde has been classified by the International
Agency for Research on Cancer (IARC) of WHO as carcinogenic to humans in Group 1 tissues
(Baan et al., 2007). Compared to the enzyme encoded by the ancestral allele, ADH1B*2

converts alcohol to acetaldehyde at a fast rate, causing a huge accumulation of blood



acetaldehyde (Whitfield, 2002). The increased amount of acetaldehyde cannot be oxidized into
acetate by ALDH2*2, which encodes an inactive enzyme (Crabb et al., 1989). The combination
of ADH1B*2 and ALDH2*2 increases alcohol toxicity, which results in skin rash and coughing
resembling an allergic reaction (Whitfield, 2002). Cumulating evidence shows that rice
domestication exerted selective pressures on alcohol and acetaldehyde dehydrogenases
among those populations that adopted rice farming during the Neolithic transition in SEAR
(Landini et al., 2021; Zhu et al., 2021). As rice constitutes the primary staple food for most
populations in the region (Muthayya et al., 2014), the diffusion of rice domestication across
East Asia primarily followed a demic pattern (Cobo et al., 2019), influencing and molding local
cultures and societies (Bray, 1986; Thomson et al., 2018). Rice domestication was paralleled
by the spread of infectious diseases that changed the demographic landscape through SEAR
as paddy rice forced low relational mobility (Cobo et al., 2019). Thus, it is conceivable that
paddy rice may have imposed new burdens of infection, changing the demographic landscape
of the area (Cobo et al., 2019; Liu et al., 2017). Indeed, it is remarkable that the emergence of
agriculture is associated with an increased allocation of energy to immune functions (Wells &
Stock, 2020). Additional phenotypes correlated with alcohol intake, such as risky sexual
behaviors (Hutton et al., 2008) and disgust sensitivity (Stafford et al., 2020), as well as broader
associations with all risky-type behaviors, have been linked to the historical burden of
pathogens (Schaller, 2011). The shared phenotypical association with a reduction in alcohol
intake of ADH1B*2 and ALDH2*2 (Serajuddin, 2018; Zhou et al., 2022) may therefore be the
current result of the effect of the selective pressure exerted by pathogens and changes in
dietary habits following the neolithic transition in SEAR. To corroborate this hypothesis, we took
advantage of previous works and publicly available data to investigate the correlation between

human geography, agriculture, and farming, the exposure to infectious disease, and the



worldwide distribution of the two alleles employing a country-based approach. Furthermore,
we attempted to provide a causal explanation linking our findings to changes in aldehyde

metabolism caused by ADH1B*2 and ALDH2*2.

Materials and Methods

Allele frequency and ecological data search, extraction, and harmonization

A total of 510 sample populations from the Allele Frequency Database (ALFRED) (Rajeevan et
al., 2012), containing 115,303 subjects self-identifying in 284 different ethnicities, was
included to calculate the average frequency of ADH7B*2 across 88 nation-states. For ALDH2*2,
212 sample populations composed of 35,540 subjects, self-identifying in 142 ethnicities, were
used to calculate its average frequency across 61 nation states. More details on the sample
demographics are provided in Tables S1 and S2. Ecological data describing food accessibility,
human geography, and historical exposure to infectious diseases were collected from a dataset
previously assembled by Fedderke and colleagues (Fedderke et al., 2017) containing 207
nations as described in Table 1 and Table S4. Samples from ALFRED (Rajeevan et al., 2012)
were divided by country and reported ethnicity to compute a mean weighted on their relative
sample size. National allelic frequencies were computed through a second weighted mean
combining previous results accordingly to the relative share of each reported ethnicity in the
demographic composition of their corresponding sampling country, as described in The World
Factbook (CIA, 2021). The resulting average national allele frequencies were mapped using the
rworldmap R package (South, 2011). For Brazil, the United States, and Australia, only native
population samples were considered. To standardize our dataset, missing values in the
distribution of ALDH2*2 frequency underwent imputation through Multivariate Imputation by

Chained Equations (MICE) using random forests. This imputation method was implemented



using the miceRanger R package (Wilson, 2020). The finalimputed dataset was the result of five
iterations using these variables as predictors in the order: genetic distance to Ethiopia—1500
match (fstdist1500_eth), genetic distance to the United Kingdom—1500 match
(fstdist1500_uk) and ethnic fractionalization index (efrac) Table S4. Other parameters were set

as default.

Correlation analyses

Given the nonparametric nature of our dataset, we conducted a Kendall hypothesis test on
complete observations to explore the potential correlation between the variables of interest,
followed by an exploratory Principal Component Analysis (PCA). The Kendal hypothesis test
was carried out as implemented by the corr.test function in the psych R package on the
following variables: national average frequency of ADH1B*2 (adh1b_2), national average
frequency of ALDH2*2 (aldh2_2), natural logarithm of distribution of population in 1500 CE
(In_pop1500), natural logarithm of distribution of population density in 1500 CE (ln_pd1500),
natural logarithm of distribution of neolithic transition timing until the year 1500 CE
(In_yst1500), natural logarithm of percentage of arable land (In_arable), natural logarithm of
temperature (ln_temp), natural logarithm of precipitation (In_precip), index of historical
prevalence of leishmaniasis (his_leishmanias), index of historical prevalence of schistosomes
(his_schistosomes), index of historical prevalence of filariae (his_filariae), index of historical
prevalence leprosy (his_leprosy), index of historical prevalence typhus (his_ typhus), index of
historical prevalence of malaria (his_malaria), index of historical prevalence of trypanosomes
(his_trypanosomes), index of historical prevalence of dengue (his_dengue), and index of

historical prevalence tuberculosis (his_tuberculosis). The test considered only complete



observation by selecting the use = “complete” option; results were adjusted by Bonferroni

correction.

Principal component analysis

After excluding rows with missing data from the imputed dataset, we conducted PCA using the
PCA function within the FactoMineR R package. Subsequently, we analyzed the PCA results
using functions from the factoextra R package. The contribution of each variable to the first two
dimensions was determined using the fviz_contrib function. To visualize variability across
nation states, we utilized the fviz_pca_var function to plot the results within the first two
dimensions. The contribution of each variable was depicted by the length and orientation of
their eigenvectors. Additionally, the quality of the representation of variability within each
nation state was assessed by incorporating the measure of squared cosines of their
eigenvectors. Considering the significant correlations among ecological variables post-
Bonferroni correction and the orientation of the square cosine of their eigenvectors (cos2), we
excluded those surpassing a variance inflation factor (VIF) cutoff of 3.00 as predictors in the
subsequent analysis. This step was undertaken to alleviate potential collinearity effects on
average allelic distributions. Squared eigenvector cosines measure the similarity between
eigenvectors of a matrix. It involves calculating the cosine of the angle between two

eigenvectors, squaring it to focus on similarity, with high values indicating strong alignment.

Elastic net regularization analysis

The effectiveness of retained variables in explaining variance was evaluated using Elastic Net
regularization, implemented in the glmnet R package through the cv.glmnet function (Friedman
et al., 2023). This approach enabled us to alleviate and ultimately eliminate factors that were

negatively impacting the fitting to the distributions of average national allelic frequencies, both



for single alleles and combined alleles. The first group of predictors included the following
ecological variables: natural logarithm of distribution population in 1500 CE (ln_pop1500),
natural logarithm of distribution population density in 1500 CE (In_pd1500), natural logarithm
of distribution neolithic transition timing until the year 1500 CE (ln_yst1500), natural logarithm
of distribution percentage of arable land (ln_arable), natural logarithm of distribution
precipitation (In_precip), index of historical prevalence of leishmaniasis (his_leishmanias),
index of historical prevalence of schistosomes (his_schistosomes), index of historical
prevalence leprosy (his_leprosy), index of historical prevalence typhus (his_ typhus), index of
historical prevalence of trypanosomes (his_ trypanosomes), and index of historical prevalence
tuberculosis (his_ tuberculosis). This set of predictors was applied to the distribution of
national average frequencies of ADH1B*2 (adh1b_2) and ALDH2*2 (aldh2_2) as outcome
variables. In the second group of predictors, adh1b_2 was included, and this set was combined
with aldh2_2 as the sole outcome variable. All regularizations were computed 10 times with

gamma values set as default (0, 0.25, 0.5, 0.75, 1).

Phenome-wide association study (Phe WAS)

To enhance the interpretation of results, phenotypic associations linked to each allele were
extracted from the meta-analysis conducted on the Global Biobank (Mclnnes et al., 2019),
which contains data compiled from summary statistics from the Million Veteran Program (MVP)
(Gaziano et al., 2016), the Japanese Biobank (Nagai et al., 2017), and the UK Biobank (Sudlow
et al., 2015). These associations were then compiled to create a PheWAS that takes into
consideration exposure to infectious diseases and dietary changes. Phenotypic associations

»

categorized as “Early life factors”, “Disease outcome”, "Anthropometrics”, and “Biomarkers”



were filtered for FDR< 0.005 calculated according to the Benjamini-Hochberg correction

method.

Results

The average allelic frequencies of ADH1B*2 and ALDH2*2 were calculated for 88 and 61 nation
states (Figures 1C and 2C), respectively. Most countries showed low frequency levels for both
alleles, with their distributions reaching their density peak on the lower tail (Figures 1A and 2A).
This is especially true for ALDH2*2, whose variability (median = 0.072, A = 7.114, var = 0.004)
was lower than that of ADH1B*2 (median = 0, A = Inf ,var =0.047). After imputation, ALDH2*2
variability was further decreased (var = 0.0004) Table S3. Geographically, the two alleles were
similarly distributed, reaching their highest frequencies in SEAR, with Japan being at the
extreme upper tail of their distribution (ADH1B*2 =76.4%, ALDH2*2 = 29%) (Figures 1C and
2C). While the two alleles were significantly correlated (r=0.267, p =6.411e-03, n =57), after
applying a Bonferroni correction for multiple testing only ADH71B*2 showed significant
correlations, with the Neolithic transition timing until the year 1500 CE (ln_yst1500; r = 0.405,
p = 1.480e-05, p.adj=2.013e-03, n =57) and the historical burden of trypanosomes infection
(his_trypanosomes;r=-0.418,p = 1.010e-04, p.adj = 0.013, n = 57), which were also negatively
correlated with each other (r=-0.522, p =1.537e-06, p.adj = 1.796e-03, n = 57) (Figure 3). After
Bonferroni correction, the number of significant correlations between ecological variables was
reduced, except for some describing the historical burden of many infectious diseases, which
remained positively correlated (Figure 3). Variability across ecological variables was partitioned
into 10 main components by PCA; the first two principal components described as 27.8% and
19.9%, respectively, of the total variance (Figure 4A), ensuring within countries a representation
of more than 50% of the total variance according to square eigenvectors cosines (cos2). The

most relevant contributors to the first component were the historical burden of infectious



diseases led by trypanosomes and population indexes (population density in 1500 CE and
population in 1500 CE); the percentage of arable land was the main contributor to the second
principal component (Figure 4B). Southern European, Asian, and Middle Eastern countries
appear to lay close together due to population density in 1500 CE, population in 1500 CE, and
percentage of arable land, while most Oceanian, South American, and North African countries
were differently oriented due to the historical burden of infectious diseases (Figure 4C). Due to
the squared eigenvectors exhibiting cosine similarities among ecological variables, forming
two nearly opposite directional sets and implying a high degree of collinearity (Figure 4C), and
with both allele frequencies demonstrating significant inflation at the extremes of their
distributions (Figures 1B and 2B), temperature (VIF =3.20), historical prevalence of filariae
(VIF = 4.38), historical prevalence of malaria (VIF = 3.51), and historical prevalence of dengue
(VIF =3.90) were excluded based on their respective VIF values. Elastic net regularization
revealed that, at the lowest values of A, allowing for the best fit, population in 1500 CE,
historical prevalence of leprosy, and historical prevalence of tuberculosis were the sole
variables maintaining positive coefficients across all nets. For larger A values, resulting in fit
alterations up to one standard error, no variable exhibited a nonzero coefficient except for
In_leprosy. Notably, this pattern held true for nets considering ALDH2*2 as the single
dependent variable, only when ADH1B*2 was included among predictors (Figure 5).
Furthermore, when both allelic distributions were considered, variability in the fit due to
differentyvalues was diminished (Figure 5). In the Global Biobank (Mclnnes et al., 2019), meta-
analyzed phenotypic associations categorized as “Early life factors,” “Disease outcome,”
“Anthropometrics,” and “Biomarkers” were collected for both alleles, reaching a total amount
of 105 for ADH1B*2 and 58 for ALDH2*2. Of those associated with ADH1B*2, 33 traits passed a

minimum threshold of FDR< 0.005, with no one directly linked to an infectious disease; the



most significant was the reduction of insulin-like growth factor 1 (IGF-1) levels (n =423,324,
beta =-0.090, FDR = 2.89E-36) (Table 2). For ALDH2*2, six phenotypic associations passed a
minimum threshold of FDR< 0.005: in particular, the increased propensity to develop nasal

polyps was the most significant one (n = 6546, beta=7.108, FDR = 0.001) (Table 3).

Discussion

According to the results from Elastic Net regularization, the historical burden of tuberculosis
(his_tuberculosis) and leprosy (his_leprosy) emerged as the sole positive predictors for the
distribution of national average frequencies of ADH1B*2 and ALDH2*2. This association
appears to be primarily driven by ADH1B*2, as in models considering ALDH2*2 alone as the
dependentvariable, his_leprosy was retained only when ADH1B*2 was included as a predictor.
The PCA results suggest that the correlation observed between ADH1B*2 and the distance to
the Neolithic transition (In_yst1500) may potentially be attributed to other variables exhibiting
a positive correlation with it. The collective findings of our analyses indicate that exposure to
mycobacterial infections may have played a role in the concurrent selection of these two
alleles among Neolithic rice farmers (N. Wang et al., 2018; Z. Wang et al., 2018). Consistent
with our findings, a recent exome-wide association study among Han Chinese linked ALDH2*2
with heightened susceptibility to Mycobacterium leprae (p = 2.00 x 10-20, OR =1.35) (N. Wang
et al., 2018). This association was subsequently replicated in another Han Chinese cohort but
not observed in African populations, where the maximum frequency of ALDH2*2 in the sample
was below 1% (Gilchrist et al., 2022). Furthermore, clinical research conducted among Korean
patients linked ALDH2*2 with a diminished burden of infection from Mycobacterium
tuberculosis, particularly among subjects also afflicted by alcoholism, along with ADH1B*2
(Park et al., 2014). The dissemination of ADH71B*2 in Southeast Asia occurred sixty thousand

years prior to that of ALDH2*2, as demonstrated by Li and colleagues (Li et al., 2011), and Luo



and colleagues (Luo et al., 2009). Mutations within this extensive timeframe, taking place in
ecological niches, substantiate alterations in their patterns of natural selection. Consequently,
these two alleles are presently associated solely with five common phenotypes in our
Phenome-Wide Association Studies (PheWAS), all falling within the “Anthropometrics”
category, such as “Body fat percentage”, “BMI”, or “Trunk fat percentage” (see Tables 2 and 3).
Rice-based diets have been linked to deficiencies in lipid absorption, resulting in reduced food
intake and BMI measurements (Lim et al., 2016; Yang et al., 2012). ADH1B*2, associated with
higher levels of LDL-C in Asian populations (Luo et al., 2023), might have conferred survival
advantages to carriers due to the decreased energy intake resulting from their dietary habits.
Recent evidence of positive selection on variants related to ADH, including ADH1B*2, has been
identified in populations in Ethiopia following the advent of agriculture (McQuillan et al., 2022).
However, while rice domestication was a key catalyst for the Neolithic transition in Southeast
Asia and the Pacific, its dissemination appears to have been greatly influenced by demographic
factors (Bray, 1986; Cobo et al., 2019), which are closely linked to mycobacterial infections
(Benjaketal.,2018; Luo etal., 2015; Okazakiet al., 2019). We propose that alterations in dietary
practices in Southeast Asia due to the spread of rice farming resulted in chronic retinol
deficiency (Tang et al., 2009) and disrupted lipid metabolism (Lim et al., 2016; Yang et al., 2012),
thereby heightening selective pressures from infectious diseases in the region. Indeed, retinoid
acid has been shown to enhance antimicrobial responses in epithelial and mucous tissues
(Huang et al., 2018), playing a protective role in the response to mycobacterial infections
(Fairley et al., 2024; Kim et al., 2019; Tenorio de Menezes et al., 2023), alongside lipid
metabolism, which mediates host inflammatory responses (Fairley et al., 2024; Kim & Shin,
2023). Our hypotheses align with the idea that decreased detoxification of aldehydes may

confer beneficial effects against pathogens by promoting immune cell activation through the



cytokine interferon-gamma (Darwin & Stanley, 2022). The advent of rice domestication
conferred a significant advantage to farming populations in Southeast Asia and the Pacific,
facilitating its spread throughout the region during the Neolithic transition. Subsequent shifts
in the demographic landscape were profoundly influenced by mycobacterial infections.
Elevated levels of circulating aldehydes may have provided an advantage to ancient rice
farmers, enhancing their fitness against the high prevalence of mycobacterial infections. This
enhancement of immunity could serve as compensation for their retinol deficiency (Tang et al.,
2009) and disrupted lipid metabolism, both of which were consequences of a rice-based diet.
In summary, our study provides an initial understanding of the natural selection of ADH7B and
ALDH?2 genes in Asian populations, with a focus on dietary changes following the Neolithic
transition within the context of the behavioral immune system theory. Our analysis expands
upon the “aldehydes hypothesis” proposed by Darwin and Stanley (Darwin & Stanley, 2022),
originally centered on Mycobacterium tuberculosis, by advocating for the inclusion of
Mycobacterium leprae as a target for future research into the beneficial effects of aldehydes.
Given the speculative nature of our research and the limitations posed by the available data,
several important considerations must be addressed. First, national frequencies of ADH1B*2
and ALDH2*2 were calculated using ALFRED (Rajeevan et al., 2012), which provides the
geographical origin of each sample along with self-reported ethnicity. However, this dataset
lacks more detailed information on individual ancestry, which could impact the accuracy of our
analyses. Natural selection is a complex and dynamic process, yet the scarcity of time-framed
dataon ADH1B*2 and ALDH2*2 (Gao et al., 2020), as well as ecological variables, necessitated
a country-based approach. We relied on data from Fedderke and colleagues (Fedderke et al.,
2017), which were the most reliable sources available to us. It is important to note that while

there is some convergent evidence in Ethiopian populations linking the adoption of agriculture,



higher levels of aldehydes (McQuillan et al., 2022), and retinol deficiency to mycobacteria
(Keflie et al., 2018), research on ADH1B*2 and ALDH2*2 remains biased toward Asian
populations and their drinking patterns. However, there is evidence for other loci associated
with fatty acid metabolism, cholesterol/triglyceride biosynthesis, and retinoic acid production
being affected by the emergence and expansion of rice agriculture (Landini et al., 2021; L.-X.
Wangetal., 2016). Notably, among these, the expression of ALDH1B1 has also been associated
withimmune response to pathogens, modulating the production of interferon beta in mice (Sun
et al., 2024). These factors underscore the complexity and interconnectedness of genetic and
environmental influences on human health and disease susceptibility. Indeed, while further
research is imperative, our findings, which integrate diverse datasets, provide momentum for
the exploration of complex phenotypes, such as alcohol drinking patterns, within a broader
framework that encompasses considerations of nutrition and immune response. This holistic
approach acknowledges the interconnectedness of genetic, dietary, and immunological
factors in shaping human health and disease susceptibility, By embracing this
multidimensional perspective, future investigations can yield deeper insights into the intricate

interplay between genetics, behavior, and environmental influences on human biology.
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Figures

Figure 1 World-wide ADH1B*2 frequency. (A) Density plot of frequency distribution of
ADH1B*2, (B) QQ-plot of frequency distribution of ADH1B*2 compared to normal distribution,
and (C) National distribution of ADH1B*2 frequency.
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Figure 2 World-wide ALDH2*2 frequency. (A) Density plot of frequency distribution of
ALDH2*2, (B) QQ-plot of frequency distribution of ALDH2*2 compared to normal distribution,
and (C) National distribution of ALDH2*2 frequency.
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Figure 3 Correlation matrix for Kendall test (upper matrix reports Bonferroni adjusted p

values). Asterisks meaning: ***p <0.001, **p < 0.01, *p < 0.05.
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Figure 4

explained by each principal component,

Principal component analysis on significant values. (A) Percentage of variance

(B) contribution to the first pair of principal

components of each variable, (C) plotting of vectors describing the variability explained by the

first pair of principal components of each variable.
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Figure 5

Relaxed Lasso regression model. (A) Elastic net for ADH1B*2 + ALDH2*2 =y, (B)

Elastic net for ADH1B*2 = xi; ALDH2*2 =y, (C) Elastic net for ADH1B*2 =y, (D) Elastic net for

ALDH2*2 =y. The numbers at the top of each panel refer to the number of predictors with a

nonzero coefficient.
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Tables

Table 1

Set of variables from Fedderke et al. (2017).

Name

Description

fstdist1500_eth

Genetic distance to Ethiopia (1500 match)

fstdist1500_uk

Genetic distance to the U.K. (1500 match)

efrac

Ethnic fractionalization index

ln_pop1500 Populationin 1,500 CE LN

ln_pd1500 Population density in 1,500 CE LN

ln yst Neolithic transition timing until the year 1,500 CE LN
ln_arable Percentage of arable land LN

ln_temp Temperature LN

In_precip Precipitation LN

his_leishmanias

Index of historical prevalence of leishmaniasis

his_schistosomes

Index of historical prevalence of schistosomes

his_filariae Index of historical prevalence of filariae
his_leprosy Index of historical prevalence leprosy
his_typhus Index of historical prevalence typhus
his_malaria Index of historical prevalence malaria

his_trypanosomes

Index of historical prevalence of trypanosomes

his_dengue

Index of historical prevalence of dengue

his_tuberculosis

Index of historical prevalence tuberculosis




Table 2 Phenotypic traits associated to ADH1B*2.

Class | Code Description N info effect SE P FDR
biom INI10030770 IGF-1 423,324 beta -0.0895 0.0067 2.78E-38 2.89E-36
biom INI10030610 Alkaline 425,779 beta 0.0754 0.0066 6.07E-27 6.31E-25
phosphatase
biom INI120030780 LDL cholesterol 424,960 beta 0.0073 0.0066 3.53E-25 3.67E-23
dis_out HC328 Gout 9,506 or 0.66113 0.0391 3.13E-23 3.26E-21
dis_out HC1215 TTE gout 15,378 or 0.71527 0.0322 2.55E-22 2.65E-20
biom INI10030670 Urea 425,469 beta -0.0666 0.0066 1.02E-20 1.06E-18
dis_out HC719 TTE mental and 8,788 or 2.21 0.0728 1.40E-20 1.46E-18
behavioural

disorders due to
use of alcohol

biom INI10030860 Total protein 389,120 beta 0.0649 0.0069 8.53E-18 8.87E-16
biom INI20030690 Cholesterol 425,743 beta 0.0598 0.0066 1.95E-16 2.02E-14
biom INI10030880 Urate 425,235 beta -0.0584 0.0066 1.39E-15 1.45E-13
biom INI20030640 Apolipoprotein B 423,632 beta 0.0539 0.0066 5.42E-13 5.63E-11
dis_out HC215 Hypertension 153,912 or 1.1 0.0144 1.81E-11 1.88E-09
biom INI10030890 Vitamin D 406,303 beta -0.0484 0.0068 9.89E-10 1.03E-07
dis_out HC273 Essential 102,191 or 1.08177 0.1614 1.70E-08 1.77E-06
hypertension
antro INI23112 Leg fat mass R 442,807 beta 0.034 0.0051 3.20E-08 3.33E-06
antro INI23099 Gamma 442,599 beta 0.0317 0.0049 7.37E-08 7.66E-06

glutamyltransferas
e

biom INI10030730 Body fat 425,539 beta 0.0431 0.0066 7.68E-08 7.99E-06
percentuage

antro INI23116 Whole body fat 442,781 beta 0.0327 0.0051 1.10E-07 1.15E-05
index

antro INI23100 Leg fat mass L 442,115 beta 0.0403 0.0063 1.14E-07 1.19E-05

antro INI23111 Leg fat percentuage | 442,814 beta 0.0253 0.004 2.80E-07 2.91E-05
R

antro INI23115 Non-albumin 442,786 beta 0.0247 0.004 4.62E-07 4.80E-05
protein

biom INI30030860 Leg fat percentuage | 389,120 beta 0.0432 0.0069 4.66E-07 4.84E-05
L

dis_out HC932 TTE essential 112,342 or 1.08 0.16 5.11E-07 5.31E-05
(primary
hypertension)

antro INI23127 Trunk fat 442,582 beta 0.0352 0.0059 1.86E-06 0.0001932
percentuage

biom INI10030600 Albumin 389,120 beta 0.0414 0.0069 2.34E-06 0.0002436

antro INI23128 Trunk fat 442,558 beta 0.0383 0.0064 2.62E-06 0.0002729

antro INI23123 BMI 442,686 beta 0.0287 0.0049 3.62E-06 0.000376

antro INI23104 Arm fat 442,840 beta 0.0378 0.0064 3.66E-06 0.0003802
percentuage L

antro INI23124 Sodium in urine 442,647 beta 0.0367 0.0063 5.30E-06 0.0005508

biom INI10030530 Arm fat mass L 412,901 beta -0.0393 0.0067 5.46E-06 0.0005682

antro INI23120 Arm fat mass R 442,716 beta 0.0363 0.0063 7.08E-06 0.0007364

antro INI23119 BMI 442,746 beta 0.028 0.0049 9.14E-06 0.0009506

antro INI21001 Arm fat 448,906 beta 0.0365 0.0064 9.33E-06 0.0009705

percentuage R




Table 3 Phenotypic traits associated to ALDH2*2.

Class Code Description N info effect SE P FDR

dis_out HC156 Nasal polyps 6,546 or 7.10785 0.456 1.70E-05 0.000968
antro INI48 Waist circumference 449,704 beta -0.137 0.0319 | 1.78E-05 0.001013
antro INI23127 Trunk fat percentage 442,582 beta -0.144 0.0349 | 3.75E-05 0.002138
antro INI23099 Body fat percentage 442,599 beta -0.1183 0.0288 | 3.97E-05 0.002265
antro INI23124 Arm fat mass L 442,647 beta -0.1478 0.0361 | 4.32E-05 0.002462
antro INI23104 BMI 442,840 beta -0.1442 0.0361 | 6.53E-05 0.003723

Supplemental tables

Supplemental tables (S1-S4) are made available at the following link:

https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Facer.15288&fil
e=acer15288-sup-0001-TablesS1-S4.xlsx



Chapter 2

Shared transcriptomic signatures of Post-traumatic stress disorder
and Alcohol use disorder in human brain

Abstract

Post-traumatic stress disorder (PTSD) is a psychiatric condition caused by maladaptive
response to traumatic events. PTSD shows high comorbidity rates towards substance use
disorders (SUD), with alcohol use disorder (AUD) being the most prominent one. Data obtained
from genome wide association studies (GWAS) causally associated PTSD to AUD, the precise
nature of molecular mechanisms beneath this association stay elusive. Taking advantage of
PubMed and Google Scholar databases; Gene Expression Omnibus repositories we collected
transcriptomic data for PTSD and AUD obtained from postmortem brain tissues through bulk
RNA-seq technology. Following data harmonizing, differently expressed genes (DEGs) in
dorsolateral prefrontal cortex (dIPFC) and basolateral amygdala (BLA) were analyzed using
Metscape, a platform to individuate shared enriched pathways and protein-protein integrated
networks made publicly available on-line. Across several of shared enrichment patterns, our
results underline the role of family A (rhodopsin-like) G-protein coupled receptors (GPCRs),

and tyrosine kinases receptors (RTKs) and their clinical affordance in both AUD and PTSD.



Introduction

Post traumatic stress disorder (PTSD) is a psychiatric disorder that may arise as a pathological
response to the exposure to a traumatic event (Association, 2013; Organization, 2019a). Due to
the heterogenies in its symptomatology and prognosis, PTSD can include both cognitive and
physical impairments (Marshall et al., 2019; Pacella et al., 2013). Among civilian population
PTSD prevalence ranges between 0.56% to 6.67% across different European states (Wittchen
et al., 2011) and 8.0% to 56.7% in the United States (Schein et al., 2021). Sexual assault is
consistently reported as the main type of traumatic exposure by males and female patients in
the United States (Schein et al., 2021). PTSD shows high comorbidity rates towards several
conditions, such as major depression and other anxiety and substance disorders (SUD) (Lewis
etal., 2019; Rahman et al., 2022), with alcohol being the most prominent consumed substance
(Smith & Cottler, 2018). In US across different ethnic groups, the repeated exposition to trauma
increased the odd ratio toward PTSD (OR = 1.61; p <0.001) and alcohol use disorder (AUD)
(OR=1.81; p<0.001), with interpersonal trauma being the best predictor of PTSD and
subsequent AUD either after a single (OR = 2.54; p <0.001) or multiple exposure (OR =1.87 ;
p <0.001) (Dell'Aquila & Berle, 2023). Compared to other SUD, the co-occurrence of PTSD and
AUD alone is mostly associated to emotional numbing while the increase of hyperarousal
symptoms is mediated by other substances (Dworkin et al., 2018). In patients experiencing the
co-occurrence of AUD and PTSD, reductions in hyperarousal levels precede positive changes
in patterns of alcohol use and the reduction of impairments across all disrupted domains (Back
et al., 2006). Evidence on alcohol assumption effecting all the clusters of PTSD symptoms
reinforces hypothesis describing AUD as a self-medication response to trauma (Smith &
Cottler, 2018). Itis important to note that AUD is also associated with the increased propensity

towards risk-taking behaviors in decision making process (Ariesen et al., 2023). Therefore,



problematic alcohol use may itself be the trigger for those traumatic events responsible for the
development of PTSD (Cho & Yang, 2023; Polimanti et al., 2017). Other possible explanations
for the co-occurrence of PTSD and AUD are based environmental factors, such as childhood
neglect, or on molecular interactions underlying different styles of emotional learning (Maria-
Rios & Morrow, 2020; Schimmenti et al., 2022). A moderate yet significant positive genomic
correlation was observed between PTSD and AUD (Sheerin et al., 2020). Data from genome
wide association studies (GWAS) confirmed the specific causal effect of PTSD on AUD but not
on the number of alcoholic drinks consumed per week (Bountress et al., 2021). The nature of
molecular mechanisms outlined by genomic variants shared between PTSD and AUD stay
elusive due to their emerging yet diverse pattern of association (Bountress et al., 2022;
Bountress et al., 2023). Transcriptomic profiling of brain tissues associate to stress responsivity
and reward seeking, highlighted the modulatory role of inflammatory response and
dopaminergic, adrenocorticotropic, GABAergic, and glutamatergic pathways in the
pathophysiology of PTSD and AUD (Govindula et al., 2023; Maria-Rios & Morrow, 2020). To
further explore shared transcriptomic signatures across PTSD to AUD, the present study
employs data obtained through bulk RNA sequencing (RNAseq) technology for profiling gene
expression. To our knowledge the present study represents the first attemptto directly compare
the genome wide transcriptomic profile of subjects affected by either PTSD or AUD through a

systematic query across multiple data repositories.



Materials and Methods

Data collection

Between July 2022 and July 2023, we conducted a systematic search for data and literature,
using PubMed and Google Scholar databases. Gene Expression Omnibus repositories (Barrett
et al., 2013) were also interrogated. To ensure an extensive data retrieval while accurately
trawling through all three databases, two specific Boolean queries for PTSD and AUD were
formulated as it respectively follows: ((expression OR RNA) AND Brain AND PTSD), ((expression
OR RNA) AND (Brain OR (Alcohol OR AUD). Results were filtered following the following
selection criteria: 1) Being a case-control study 2) Employing RNA sequencing in post-mortem
human brain tissue 3) Match at least one brain region from the other phenotype. Following the
acquisition of the complete lists of differentially expressed genes (DEGs) either from open
repositories, full-text articles or through direct communication with investigators; we excluded
data whose original sample demographics exhibited overlaps to avoid any potential bias in

further analysis.

Meta Analysis

DEGs lists obtained relative to same brain areas and phenotype were metanalyzed combining
their unadjusted p values through the Fisher Z weighted test using sample sizes as weights
using the combine.test function including the z.transform option from the survcomp package
(Schroder et al., 2011). If needed, unadjusted p values were converted to 1-tailed p values
according to Log2 fold change value (log2fc) to suit Fisher’s test assumptions. Fold change
values were combined through a weighted mean using sample size with the “weighted.mean”

R function.



Metascape analysis

Functional enrichment analysis was performed using Metascape (Zhou et al., 2019), an online
platform that provides a rigorous pipeline for multi-platform OMICs data analysis and
interpretation that was employed as described in the following paragraphs. Only DEGs passing
nominal significant threshold (p< 0.05) were included in Metascape analysis. Gene annotation
was performed for dbGap (NCBI) (Mailman et al., 2007), GWAS (NHGRI-EBI) (Sollis et al., 2023),
Human Phenotype Ontology (HPO) (Gargano et al., 2024) libraries, merging one-to-many
relations to absorb most redundancies into representative clusters. Enrichment analysis was
performed on Canonical Pathways, Reactome Gene Sets (Milacic et al., 2024), KEGG Pathway
(Kanehisa & Goto, 2000) and WikiPathways (Agrawal et al., 2024) setting thresholds on nominal
significance (p< 0.01) applying a cutoff on minimum enrichment levels (1.5) and overlaps (3).
Data from STRING (Szklarczyk et al., 2019) and BioGrid (Oughtred et al., 2021) databases was
leveraged to extract relevant protein complexes embedded within networks of enriched genes.
Through mature complex identification algorithm (MCODE) (Bader & Hogue, 2003) included in
Metscape’s Protein-protein Interaction Enrichment Analysis, subsets of proteins forming
physical interactions with at least one other member were used to build protein networks
containing between 3 and 500 proteins. Pathway and process enrichment analysis has been
then independently applied to each MCODE component selecting the three best-scoring terms

by p-value as their corresponding functional description.

Results

Data collection and harmonization

Transcriptomic data for AUD were obtained from specimens coming from the same cohort of

European ancestry built by the New South Wales Brain Tissue Resource Centre (NSWBTRC)



(Sutherland et al., 2016). Due to sample overlaps reported by the NSWBTRC only data from
Kapoorand colleagues (Kapoor et al., 2019) and Van Booven and colleagues (Van Booven et al.,
2021) were employed in our analysis. Subjects from 3 studies identified for PTSD showed
primarily white non-Hispanic or African American ancestry. Approximately 50% of the sample
analyzed in Logue and colleagues (Logue et al., 2021) overlaps with that reported by Girgenti
and colleagues (Girgenti & Duman, 2018). Considered the sample size of Logue and colleagues
(Logue et al., 2021) was lower than Girgenti and colleagues (Girgenti & Duman, 2018), and that
it was not possible to obtain full data access it was excluded from our analysis. Data provided
by Jaffe and colleagues (Jaffe et al., 2022) accounting for the co-occurrence of major
depressive disorder and PTSD was also excluded from our analysis. Brain areas whose
transcriptomic profile was not examined across both phenotypes were removed leaving 2 DEGs
lists for basolateral amygdala (BLA) and 3 for dorsolateral prefrontal cortex (dIPFC). Data
obtained from dIPFC by Girgenti and colleagues (Girgenti & Duman, 2018) and Jaffe and
colleagues (Jaffe et al., 2022) were combined in a single list of 14414 DEGs though Fisher Z
weighted test. Full details on sample demographic are reported in Table 1. After filtering non-
nominally significant DEGs, they were combined according to Metscape guidelines into a single
operative dataset of 2523 gene entries. A total of 238 genes were dysregulated in AUD while 52
in PTSD, shared DEGs across dIPFC were 56 while 139 for BLA; carbonic anhydrase 12 (CA12)

was the only DEG present in all lists (Figure 1A).

Metascape analysis

Following annotation and enrichment analysis, 101 terms were hierarchically clustered into 20
networks (Figure 1B). Most enriched pathways members within the 4 fully converging networks

were: Signaling by GPCR (GO= R-HSA-372790, rank= 3, gene percentage= 9.59%, pvalue=



6.606e-60, g= 8.912e-57), Extracellular matrix organization (GO= R-HSA-1474244, rank= 4,
gene percentage= 6.12%, pvalue= 4.677e-58, q= 4.677e-55), Signaling by Receptor Tyrosine
Kinases (GO= R-HSA-9006934, rank= 6, gene percentage= 7.44%, pvalue = 6.760e-49, q=
3.890e-4), Hemostasis (GO= R-HSA-109582, rank = 8, gene percentage= 7.61%, pvalue=
3.388e-42, g= 1.513e-39) (Figure 2). With the exception of Signaling by GPCR, other fully
converging networks clustered together with 6 others whose most enriched pathways were:
Pleural mesothelioma (GO=WP5087, rank= 5, gene percentage=7.28%, pvalue= 5.88844e-57,
qg= 4.7863e-54), Proteoglycans in cancer (GO= hsa05205, rank= 10, gene percentage= 3.97%,
pvalue=2.95121e-36, = 6.60693e-34), NABA CORE MATRISOME (GO= M5884, rank= 11, gene
percentage= 4.47%, pvalue=2.5704E-34, g= 5.49541E-32), MAPK signaling pathway (GO=
hsa04010, rank= 14, gene percentage= 4.63%, pvalue= 5.01187E-34, g= 9.12011E-32),
Intracellular signaling by second messengers (GO= R-HSA-9006925, rank= 15, gene
percentage= 4.69%, pvalue= 8.51138E-34, g= 3.63078E-31), Calcium signaling pathway (GO=
hsa04020, rank= 17, gene percentage= 4.02%, pvalue= 8.31764E-31, q= 3,01995E-28) (Figure
3). A total of 35 related protein-protein interaction networks embedded within genes enriched
in Cytokine Signaling in Immune system (GO= R-HSA-1280215, pvalue= 5.01187E-21),
Pathways in cancer (GO= hsa05200, pvalue= 7.94328E-20), and Extracellular matrix
organization (GO= R-HSA-1474244, pvalue= 6.30957E-19) were divided into 13 MCODE
components (Figure 4B-C). Most of protein-protein interactions were clustered within the first
four MCODE components whose best scoring terms respectively were: Interferon alpha/beta
signaling (MCODE1, GO= R-HSA-909733, pvalue= 6.30957E-20), Phosphatidyl inositol
phosphate pathway (MCODE2, GO= WP5411, pvalue=3.98107E-14), Defective B3GALTL
causes PpS (MCODE3, GO= R-HSA-5083635, pvalue= 1.99526E-09 ) and MAPK signaling

pathway (MCODE4, GO=hsa04010, pvalue=7.94328E-10) (Figure 4A).



Discussion

To our knowledge the present study represents the first attempt to leverage data coming from
genome wide transcriptomic profiling of human brain tissues to analyze common alteration in
gene expression due to PTSD and AUD. Our analysis focused on data from basolateral
amygdala (BLA) and dorsolateral prefrontal cortex (dIPFC) which play a modulatory role in
threat and fear processing and are both involved in AUD and PTSD (Alexandra Kredlow et al.,
2022; Gorka, 2020; Laing et al., 2022). Although carbonic anhydrase 12 (CA12) was the only
gene present across all DEGs lists, it was embedded in an integrated network related to
Transport of smallmolecules (R-HSA-382551) whose pathways was enriched both in dIPFC and
BLA for AUD, while for PTSD only in dIPFC. In previous GWAS CA12 variants have been
associated to decreased response to paliperidone (Li et al., 2017) and warfarin (Asiimwe et al.,
2022), together with increased inflammation levels (Hill et al., 2017). While the use of
antipsychotics drugs such as paliperidone are stillunder evaluation as potential treatments for
PTSD (https://clinicaltrials.gov/study/NCT00766064), the disruption of vascular system and
(Edmondson & von Kanel, 2017; Pathak et al., 2024) and the high concentration of pro-
inflammatory biomarkers have been consistently reported as a determining risk factors for
PTSD development in brain tissues of traumatized individuals (Lauten et al., 2024; Passos et
al., 2015; Yetter et al.,, 2024); similarly to those affected by AUD (Coppens et al., 2019;
Lanquetin et al., 2021; Moura et al., 2022). Across all analyzed tissues, the significance of
molecular mechanisms related to stress response is outlined by integrated networks of
enriched pathways targeting family A (rhodopsin-like) G-protein coupled receptors (GPCRs),
and tyrosine kinases receptors (RTKs). Early stress has been associated to abnormal
expression of 5-HTA1/2 GPCRs (Tiwari et al., 2021), which interestingly have been targeted as a

potential novel treatment for AUD due to their potential modulatory role towards resumption of



alcohol seeking behaviors through the induction of neuroplasticity (Benvenuti et al., 20283;
Calder & Hasler, 2023; Shao et al., 2021). Murine models shown that RTKs are involved both in
fear and addiction (Kutlu et al., 2018), they modulate the use of ethanol intake as a coping
strategy towards anxiety (Hamada & Lasek, 2020), triggering aberrant synaptic pruning that
might actually worsen anxiety symptoms (Socodato et al., 2020). Extracellular matrix
organization was the only integrated network of pathways enriched across analyzed tissues
that contributed to protein-protein interaction enrichment. Alterations of intracellular enzymes
necessary for cell growth, and extracellular matrix organization due to collagen turnover
resulting in higher oxidative levels are one of the biomarkers of chronic stress-related diseases
(Decker et al., 2021; Demir et al., 2016; Ercan et al., 2017; Obi et al., 2019). The application of
MCODE algorithm to enriched protein-protein interaction shown that the 4 MCODE
components embedded the largest interaction networks, which were either associated to
Interferon alpha/beta signaling (MCODEO1), phosphatidylinositol (MCODEOQ02), O-glycosylation
(MCODE 3), mitogen-activated protein kinase (MCODE4). While post-deployment US Marine
experiencing PTSD shown an increase enrichment of networks associated to interferon
signaling (Breen et al., 2015; Glatt et al., 2013), follow up studies dismissed these associations
as the result of matrix degradation products leading to chronic inflammatory response (Muhie
et al., 2023). Murine models for chronic restraint stress displayed similar results, showing that
chronic stress increases Interferon alpha/beta receptor 1 (IFNAR-1) signaling causing the
infiltration of macrophages into prefrontal cortex and behavioral abnormalities (Tripathi et al.,
2021). The activation of phosphatidylinositol 3-kinase (PI3K)/protein kinase B (Akt) mitigates
damages related to disruption of inflammatory response altering the functioning of
cardiovascular system (Manning & Toker, 2017), which is indeed characterized by increased

lipid peroxidation (Atli et al., 2016). Murine models also show that the consolidation of fear



memories causes an increased activation of PI3K/Akt pathways specific to BLA (Knox et al.,
2021). O-glycosylation is a common posttranslational modification of protein implied in several
neurodegenerative and neurodevelopment conditions (Pradeep et al., 2023). Among O-glicans,
O-GlcNAc modification exhibits rapid and transient upregulation causing stress-induced
hyperglycemia and upregulation of immune-response genes while providing energy for high-
energy organs, such as the brain and heart (Xue et al., 2024). Interestingly, forebrain specific O-
linked GlcNACc transferase conditional knockout mouse models displayed impaired amygdala-
dependent cued freezing behavior in the open field, fear conditioning in behavior tests,
excessive grooming, impaired nest building, reduced exploration, and increased anxiety (A. C.
Wang et al., 2016). The enrichment of mitogen-activated protein kinase (MAPK) pathways has
been reported in studies on PTSD employing monozygotic twins (Bainomugisa et al., 2021).
Studies on metabolic dysregulation caused by elevated inflammation and oxidative stress in
soldiers experiencing PTSD shown that, together with impaired glycolytic processes, the
interplay between of MAPK and PI3K-AKT pathways plays crucial role in the dysregulation of
insulin signaling which exacerbate oxidative stress derived impairments contributing to
persistent PTSD and related medical comorbidities (Muhie et al., 2023). Being highly polygenic
the causal relationship linking PTSD to AUD stays elusive (Bountress et al., 2022; Bountress et
al., 2023; Bountress et al., 2021; Sheerin et al., 2020). Pro-inflammatory biomarkers have been
previously associated to increased alcohol consumption and anxiety (Kazmi et al., 2022), our
results point at molecular pathways involved in extracellular matrix organization in response to
oxidative stress as the main transcriptomic signature shared between PTSD and AUD. While the
role of increased oxidative stress has been consistently reported for both analyzed traits, some
limitations should be addressed. The use of bulk RNA-seq, the certified overlaps across

samples provided by NSWBTRC, and the huge diversity in tissues whose transcriptomic profiles



were available for both traits, limited the range of our analysis. Concerns over possible bias due
to PTSD cohort including multiple ancestries should be considered at the light converging
results from similar analysis on cross-species of PTSD transcriptomic profiles limited to
European descendants (Nunez-Rios et al., 2023). Our results also reinforce the clinical
affordance of serotonin GPCRs as molecular targets for AUD, due to their role converging
enrichmentin and across PTSD transcriptome; further research on their interplay with tyrosine

kinases receptors within the context of neuroplasticity in both disorders is advised.
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Figures

Figure 1 Overlaps across analyzed lists of differently expressed genes (DEGs): (A) Gene
level overlaps where each purple curve links identical DEGs; (B) Enrichment term level
overlaps, where each blue curve links DEGs that belong to the same enriched ontology term.
The inner circle represents DEGs lists, where hits are arranged along the arch. DEGs that hit

multiple lists are colored in dark orange, and genes unique to a list are shown in light orange.

A B

M PTSD_BLA B PTSD_BLA
W AUD ;LA Il AUD_BLA
| AUDidIPFC M AUD_dIPFC
n PTS[_)_dIPFC M PTSD_dIPFC
Figure 2 Heatmap of top 20 clusters of enriched terms across analyzed lists of differently

expressed genes (DEGs) colored by p-values. Ration between enriched DEGs and total

amount of genes included in each pathway is reported in red.
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Figure 3 Network of enriched terms across analyzed lists of differently expressed gene
(DEGs) (A) Networks are colored by cluster ID based on the best-scoring term by enrichment,
where nodes that share the same cluster ID are typically close to each other; (B) Nodes are
colored pies based on the percentage of identity to each DEG list; (C) Nodes are colored by p-

value, where terms containing more genes tend to have a more significant p-value.
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Figure 4 Protein-protein interaction network and MCODE components identified lists of
differently expressed gene (DEGs). (A) MCODE colored by the independently enriched three
best-scoring terms by p-value; (B) MCODE components where nodes are colored pies based
on the percentage of identity to each DEG list; (C) Protein-protein interaction network where

nodes are colored by the independently enriched three best-scoring terms by p-value
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Tables

Tissues and sample demographics. Grey colored columns stand as headers.

Table 1

1nd X X

ND X

SA X

dIiH X X

JVN X X X

NJ Awe X X

vig Awe X X X

TN Awe X

24s X X

240 X

J4d3s X

J4dwn X

VP X X

24dIP X X X X X X
sjew™N 9T VN 10T 89 9€ VN ov 9y 9t Ly ovtT 123 VN
N 9T 1€ 8€T 66 9€ 0z 0S 09 09 86 90¢ €L 0zt
(R .DWR N s :A%%mm m::m”mm N w:MM”B WM A%mmv Smumq ﬂmw« :W%S N
s pas pas p pas pas pas pas p pas p p pas pas
njejs—uoisnpul SIwIssIp SIwssIp apnpul SIwIssIp SIwssIp SIwssIp SIwssIp apnpul SIwISsIp apnpul apnpul SIwIssIp SIwSsIp
— 1T LT 88 L9 18 T ¥9 86 v6 18 1T ST Ly

€V9YTC | COSPST | 9S9L0€ | LETSSE | E€CEEEE | STEETE | LIBLYE | EVIVEE | LLLYIE | E€TEEEE | 9T6LSE | 69YIVE | 66TVOE

ouayd anv anv anv anv anv anv anv anv anv asld asld asld anv




Chapter 3

Brain-wide pleiotropy investigation of alcohol drinking and tobacco
smoking behaviors

Abstract

To investigate the pleiotropic mechanisms linking brain structure and function to alcohol
drinking and tobacco smoking, we integrated genome-wide data generated by the GWAS and
Sequencing Consortium of Alcohol and Nicotine use (GSCAN; up to 805,431 participants) with
information related to 3,935 brain imaging-derived phenotypes (IDPs) available from UK
Biobank (N=33,224). We observed global genetic correlation of smoking behaviors with white
matter hyperintensities, the morphology of the superior longitudinal fasciculus, and the mean
thickness of pole-occipital. With respect to the latter brain IDP, we identified a local genetic
correlation with age at which the individual began smoking regularly (chr2:36,120,744-
36,867,389: rho=1, p=1.01x10?). This pleiotropic effect appears to be related to STRN (Striatin)
gene, previously associated with structural connectivity and possibly linked to tobacco
cigarette craving. Our genetically informed causal inference analysis using latent causal
variable approach and Mendelian randomization linked the activity of prefrontal and premotor
cortex and that of superior and inferior precentral sulci, and cingulate sulci to alcoholic drinks
per week (genetic causality proportion, gcp=0.38, p=8.9x10%, rho=-0.18+0.07; inverse variance
weighting, IVW beta=-0.04, 95%CI=-0.07 - -0.01). This relationship could be related to the role
of these brain regions in the modulation of reward-seeking motivation and the processing of
social cues. Overall, our brain-wide investigation highlighted that different pleiotropic
mechanisms likely contribute to the relationship of brain structure and function with alcohol
drinking and tobacco smoking, suggesting decision-making activities and chemosensory

processing as modulators of propensity towards alcohol and tobacco consumption.



Introduction

Alcohol drinking and tobacco smoking are among the leading causes of death worldwide due
to their high prevalence (Collaborators, 2018; He et al., 2022). This widespread use is partially
attributed to the complex interplay of alcohol and nicotine with human brain, as shown by
previous studies (Abburietal., 2016; Morel et al., 2019; Weera et al., 2019). Additionally, several
analyses observed consistent pleiotropy linking alcohol drinking and tobacco smoking to brain
structure and function. For instance, early tobacco smoking initiation was genetically
correlated with an increased precuneus surface area and decreased cortical thickness and
surface area of the inferior temporal gyrus (Rabinowitz et al., 2022). Similarly, alcohol drinking
showed genetic correlation with an increased total cortical surface area and decreased
average cortical thickness (Rabinowitz et al., 2022). Because genetic information can be used
as an anchor for causal inference (Davey Smith & Hemani, 2014), investigators also explored
possible direct effects between drinking/smoking behaviors and brain morphology. For
example, smoking initiation and alcohol drinking appear to have a possible causal association
with decreased gray matter volume and the multivariable analysis pointed to alcohol drinking
as the potential primary driver of this relationship (Lin et al., 2023). In another study, genetically
predicted global cortical thickness showed an effect on alcohol drinking behaviors that was
independent of neuropsychiatric phenotypes, substance use, trauma, and neurodegeneration
(Mavromatis et al., 2022). Focusing on specific hypotheses, these previous investigations
advanced our understanding of the brain mechanisms contributing to alcohol drinking and
tobacco smoking behaviors. However, large-scale datasets allow investigators to expand
further the depth of the analyses. Indeed, recent brain-wide pleiotropy analyses provided new
insights into the role of brain structure and function on neuropsychiatric and behavioral traits

(Bao et al., 2023; He et al., 2024; Koller et al., 2024; Zanoaga et al., 2023). In the present study,



we systematically investigated the pleiotropic mechanisms linking alcohol drinking and
tobacco smokingto brain structure and function. Specifically, we integrated genome-wide data
generated by the genome-wide association studies (GWAS) and Sequencing Consortium of
Alcohol and Nicotine use (GSCAN; up to 805,431 participants) (Saunders et al., 2022) with
information related to 3,935 brain imaging-derived phenotypes (IDPs; Supplemental Table 1)
obtained from six magnetic resonance imaging (MRI) modalities (Smith et al., 2021), exploring
the contribution of different pleiotropic mechanisms in the interplay between drinking/smoking

behaviors and human brain.

Materials and Methods
Study Design

In the present study, we investigated the pleiotropic mechanisms linking alcohol drinking and
tobacco smoking behaviors to brain structure and function by applying multiple analytic
approaches to large-scale genome-wide datasets (Figure 1). A global genetic correlation
analysis was performed to assess the overall genetic overlap between alcohol drinking and
tobacco smoking and brain IDPs. Considering global genetic correlations surviving multiple
testing correction, we leveraged the local analysis of [co]variant association (LAVA) approach
(Werme et al., 2022) to identify chromosomal regions with strong statistical evidence of shared
genetic mechanisms. To assess the presence of causal relationships underlying the global
genetic overlap observed, we applied the latent causal variable (LCV) approach (O'Connor &
Price, 2018) to pairwise combinations of brain IDP and alcohol/tobacco-related behaviors
reaching nominally significant genetic correlation. Mendelian Randomization (MR) analysis
was also conducted to follow up on the false discovery rate (FDR) significant results obtained

from the LCV analysis.



Data sources

Genome-wide association statistics regarding IDPs were derived from the UK Biobank (UKB).
The UKB is a large population-based prospective cohort containing in-depth genetic and health
information from over 500,000 participants (Bycroft et al., 2018). In UKB, brain imaging was
conducted using six MRI modalities: T1-weighted structural image, T2-weighted fluid-
attenuated inversion recovery (T2_FLAIR) structural image, diffusion MRI (dMRI), resting-state
functional MRI (rfMRl), task functional MRI (tfMRI), and susceptibility-weighted imaging (SWI).
Atotal of 3,935 brain IDPs (Supplemental Table 1) were defined from MRI scans (Alfaro-Almagro
et al., 2018). GWAS of brain IDPs in up to 33,224 UKB participants of European descent was
previously described (Smith et al.,, 2021). Genome-wide association statistics regarding
behaviors related to alcohol drinking and tobacco smoking were derived from GSCAN. In its
latest GWAS (Saunders et al., 2022), this large collaborative effort meta-analyzed genome-wide
information regarding smoking initiation (Smklnit) and the age at which the individual began
smoking regularly (AgeSmk), cigarettes smoked per day (CigDay), smoking cessation
(SmkCes), and alcoholic drinks per week (DrnkWKk). Since brain IDP GWAS data were available
only for individuals of European descent, we used publicly available GSCAN GWAS data for the
same ancestry group (Smkinit N=805,431; AgeSmk N=323,386; CigDay N=326,497; SmkCes
N= 388,313; DrnkWk N= 666,978). The sample overlap due to UKB inclusion in both IDP and
GSCAN GWAS does not affect genetic correlation, LAVA, and LCV analyses. However, to avoid
potential sample overlap bias in Mendelian randomization (MR) analysis, we also analyzed
GSCAN GWAS data excluding the UKB cohort (Smkinit N= 357,235; AgeSmk N= 175,835;

CigDay N=183,196; SmkCes N=188,701; DrnkWk N= 304,322).



Linkage disequilibrium score regression

Single nucleotide polymorphism (SNP)-based heritability and global genetic correlation were
estimated using the linkage disequilibrium score regression (LDSC) method (Bulik-Sullivan et
al., 2015). These analyses were performed using the HapMap 3 reference panel (International
HapMap, 2003) and LD scores derived from European reference populations available from the
1000 Genomes Project (Genomes Project et al.,, 2015). Statistically significant genetic
correlations were determined considering FDR g<0.05 to account for the number of brain IDPs
tested with respect to each GSCAN phenotype.

Local analysis of [co]variant association

Local genetic correlation was assessed across 2,495 semi-independent chromosomal regions
(~1Mb window) using LAVA (Werme et al., 2022). The LAVA univariate analysis was performed
to estimate local SNP-based heritability for each pair of GSCAN phenotype and brain IDP.
Considering chromosomal regions with at least nominally significant local SNP-based
heritability (p<0.05), we estimated local genetic correlation between GSCAN phenotypes and
brain IDPs using LAVA bivariate analysis. FDR multiple testing correction (FDR g<0.05)
accounting for the number of chromosomal regions tested was applied to define statistically
significant local genetic correlations. To further characterize the genomic regions identified
using the LAVA approach, we leveraged information available from the GWAS catalog including
genetic regions and reports from previous associations (Sollis et al., 2023).

Genetically Inferred Causal Inference

We performed a LCV analysis (O'Connor & Price, 2018) to estimate whether the global genetic
correlation observed between GSCAN phenotypes and brain IDPs was due to possible cause-
effect relationships. Considering pair combinations that reached at least nominally

significance in the LDSC genetic correlation analysis (p<0.05), we estimated the genetic



causality proportions (gcp) between two traits. The gcp statistics can range from -1 to 1, where
gcp=0 indicates no genetic causality, gcp=1 indicates a full genetic causality of trait #1 on trait
#2, and gcp=-1 indicates full genetic causality of trait #2 on trait #1. In the present study, LCV
analyses were performed considering brain IDPs phenotypes as trait #1 and GSCAN
phenotypes as trait #2. Accordingly, positive gcp estimates indicate a causal effect of brain
IDPs on GSCAN phenotypes, while a negative gcp estimate indicates a causal effect in the
reverse direction. The sign of the genetically inferred causal effect is defined by the sign of the
LCV rho statistics (i.e., rho>0 corresponds to positive causal effects, while rho<0 corresponds
to negative causal effects). FDR correction accounting for the number of tests performed (FDR
g<0.05) was applied to define statistically significant LCV results. To complement LCV results,
we performed a MR analysis. Although both methods evaluate causal effect relationships, the
LCV and MR results are based on different assumptions. Accordingly, an effect consistent
between these two approaches can be considered more reliable. The MR analysis was
performed using the TwoSampleMR package (Hemani et al., 2018) to estimate inverse variance
weighting (IVW) estimates. Independent genetic instruments for TwoSampleMR analyses were
identified considering SNPs with an exposure GWAS P-value threshold of 1x10®, that were LD-
independent (r?’=0.001 within a 10,000-kb window). Because MR analyses can be biased by
sample overlap, this analysis was conducted using UKB brain-IDP GWAS and GSCAN GWAS

data excluding UKB participants.

Results

After FDR multiple testing correction (FDR g<0.05), we identified three genetic correlations
linking behaviors related to tobacco smoking with brain structure and function (Supplemental
Table 2). AgeSmk showed a negative genetic correlation with the mean thickness of Pole-

occipital in the left hemisphere generated by Destrieux (a2009s) parcellation of the white



surface (aparc-a2009s Lh thickness Pole-occipital, IDP 1219; rg=-0.23, p=7.74x10°). A positive
genetic correlation was observed between SmCes and the total volume of white matter
hyperintensities from T1 and T2_FLAIR images (T2 FLAIR BIANCA WMH volume, IDP 1437;
rg=0.16, p=1.03x107%). CigDay also showed a positive correlation with the mean second level
(L2) of right superior longitudinal fasciculus on fractional anisotropy skeleton from dMRI data
(dMRI TBSS L2 Superior longitudinal fasciculus R, IDP 1736; rg=0.14, p=1.24x107%). To further
investigate the dynamics underlying these relationships, we conducted a local genetic
correlation analysis and identified one region (hg38 chr2:35,895,678-36,640,246) showing
statistically significant local genetic correlation between AgeSmk and aparc-a2009s Lh
thickness Pole-occipital (rho=1, p=1.01x10°®). In this region, 178 genome-wide significant
associations (p<5X102%) were reported in the GWAS catalog (Sollis et al., 2023) (Supplemental
Table 3). Among them, several were related to brain related phenotypes including smoking
initiation (rs62134085 p=1x107%), educational attainment (rs305191 p=2x10"4), chronotype
(rs848552 p=5x10"%), self-reported math ability (rs6708545 p=1x10"°), cognitive performance
(rs6728742 p=1x107%), and cortical thickness (rs1017154 p=3x10%). As mentioned above,
positive gcp estimates in the LCV analysis indicate a causal effect of brain IDPs on GSCAN
phenotypes, while the sign of the genetically inferred causal effect is defined by the sign of the
LCV rho statistics (i.e., rho>0 corresponds to positive causal effects, while rho<0 corresponds
to negative causal effects). Considering nominally significant genetic correlations between
brain IDPs and GSCAN phenotypes (Supplemental Table 2), we found 19 relationships linking
brain structure and function to behaviors related to alcohol drinking and tobacco smoking
(gcp>0, FDR g<0.05; Figure 2, Supplemental Table 4). Among them, 12 were related to brain
connectivity analysis derived from rfMRI: three were related to DrnkWk (e.g, partial correlation

of edge 363 in rfMRI dimensionality 100, ICA100 edge 363, IDP 2791; gcp=0.77, P=1.12x107"5,



rho=0.18+0.07), four to AgeSmk (e.g., ICA100 edge 838, IDP 3266, Supplemental Figure 1;
gcp=0.79, P=3.72x10%, rho=0.20+0.08), three to CigDay (e.g., ICA25 edge 184, IDP 2402,
Supplemental Figure 2; gcp=0.47, P=2.13x10%°, rho=-0.20+0.08), and two to SmkCes (e.g.,
ICA25 edge 190, IDP 2408; gcp=0.86, P=9.43x1022, rho=0.21+0.07). We observed significant
LCV results not related to brain connectivity only with respect to AgeSmk. These included brain
IDPs related to cortical thickness (i.e., mean thickness of V1 in the right hemisphere generated
by parcellation of the white surface using BA_exvivo parcellation, IDP 1111; gcp=0.67,
P=3.33x107%, rho=-0.24+0.07), regional brain volumes (i.e., volume of rostral anterior cingulate
in the right hemisphere generated by parcellation of the white surface using DKT parcellation,
IDP 492; gcp=0.6, P=1.45x107, rho=0.18+0.06), and cortical areas (e.g., area of orbital-inferior
frontal gyrus in the right hemisphere generated by parcellation of the white surface using
a2009s parcellation, IDP 958; gcp=-0.67, P=7.07x10"°, rho=0.22+0.08). Among LCV effects
surviving FDR-significance, we observed consistent effects in the MR analyses with respect to
rfMRI connectivity ICA100 edge 772 (IDP 3200, Figure 3) on DrnWk (LCV gcp=0.38, p=8.9x10%,
rho=-0.18+0.07; IVW beta=-0.04, 95%CI|=-0.07 —-0.01). Direction consistency was observed for

other 12 of the LCV significant results (Supplemental Table 5).

Discussion

The present study uncovered new information regarding the contribution of pleiotropic
mechanisms to the complex interplay of alcohol drinking and tobacco smoking with brain
structure and function. Building on previous studies that reported genetically informed
relationships of drinking and smoking behaviors with brain cortical morphology and grey matter
volume (Lin et al., 2023; Mavromatis et al., 2022; Rabinowitz et al., 2022), our brain-wide

analyses identified genetic overlaps linking alcohol drinking and tobacco smoking with



previously unexplored brain-related phenotypes, including white matter hyperintensities,
specific brain substructures, and brain connectivity. The global genetic correlation analysis
identified three smoking-related results surviving multiple testing correction. Specifically,
SmCes phenotype (current versus former smoker) was genetically correlated with increased
total volume of white matter hyperintensities (T2 FLAIR BIANCA WMH volume, IDP 1437).
Tobacco smoking has been previously linked to the progression of white matter hyperintensity
in a dose-response relationship (Power et al., 2015). However, although this previous study did
not observe an association between years since quitting tobacco smoking (Power et al., 2015),
our finding highlights a possible genetic relationship between SmCes and white matter
hyperintensities. This may be due to the fact that former smokers are more likely to have quit
because of health conditions and heavier tobacco use in the past (Gallus et al., 2013).
Additionally, SmCes is known to be associated with long-term weight gain (Veldheer et al.,
2015), which can lead to white matter hyperintensities via inflammation (Lampe et al., 2019).
We also observed a positive genetic correlation between CigDay and the morphology of the
mean second level of the right superior longitudinal fasciculus (dMRI TBSS L2 Superior
longitudinal fasciculus R, IDP 1736). This brain region is part of a brain network involved in
spatial awareness and proprioception (Naito et al., 2016). Interestingly, the right superior
longitudinal fasciculus has been associated with olfactory performance (Carreiras et al., 2024;
Segura et al., 2013). In this context, the relationship of this brain region with CigDay may be
related to chemosensory processing. While there is a well-established relationship between
tobacco smoking and olfactory dysfunction (Ajmani et al., 2017), our result suggests possible
shared genetic mechanisms predisposing individuals with certain chemosensory abilities to
tobacco smoking quantity. There was also a negative genetic correlation between AgeSmk and

the mean thickness of pole-occipital (parc-a2009s lh thickness Pole-occipital, IDP 1219). This



region is involved in visual attention (Mevorach et al., 2010) and appears to play a role in the
reactivity toward smoking cues and tobacco craving (Mondino et al., 2018; Yang et al., 2020). In
young adults, a reduced mean thickness of the left occipital pole has been associated with
exposure to domestic violence (Tomoda et al., 2012), which is also a risk factor for tobacco
smoking (Budenz et al., 2021). With respect to the relationship between AgeSmk and IDP 1219,
we also observed a significant local genetic correlation in hg38 chr2:35,895,678-36,640,246
region. In this region, the GWAS catalog (Sollis et al., 2023) reports a number of genome-wide
significant associations, including several related to smoking initiation, chronotype,
educational attainment, cognitive performance, and cortical thickness. The majority of the
associations reported were related to variants mapping to CRIM1 and FEZ2. CRIM1 gene has
been linked to regulatory mechanisms over axon projection targeting (Sahni, Itoh, et al., 2021;
Sahni, Shnider, et al., 2021). FEZ2 is a member of a hub protein family involved in neuronal
development, neurological disorders, viral infection, and autophagy (Teixeira et al., 2019).
While these genes were not previously linked to substance use behaviors, their functions
neurodevelopment suggests mechanisms pointing to the effect of brain development on
tobacco-smoking behaviors later in life. To understand potential cause-effect relationships
linking alcohol drinking and tobacco smoking to brain structure and function, we conducted a
genetically informed causal inference analysis, observing convergent results between the LCV
and MR methods that support an inverse effect of rfMRI connectivity ICA100 edge 772 (IDP
3200) on DrnWk phenotype. Because LCV and MR approaches are based on different
assumptions, findings supported by both can be considered highly reliable. IDP 3200 reflects
the activity of prefrontal and premotor cortex in the left hemisphere and that of superior frontal
sulci, superior and inferior precentral sulci, and cingulate sulci (Figure 3). The left premotor

cortex is involved in visual attention and in the integration of visual data at a semantic level



(Bartel et al., 2020; Hertrich et al., 2021). Precentral and cingulate regions are associated with
the modulation of reward-seeking motivation (Dubey et al., 2020) and are also involved in the
processing of context-related social cues (Apps et al., 2016; Gordon et al., 2023; Lavin et al.,
2013). Conversely, the right orbitofrontal region is associated with social comprehension
(Nakamura et al., 2020). In this context, the effect of IDP 3200 on DrnWk could reflect the
impact of social cognition and decision-making process on the propensity towards alcohol
consumption. While the other LCV results did not show statistical significance in the MR
analysis, we observed directional consistency for 12 of them (Supplemental Table 5). Among
them, we observed that CigDay was inversely affected by fluctuations in rfMRI connectivity in
edge 184 for dimensionality 25 (IDP 2402) and edge 505 for dimensionality 100 (IDP 2933). IDP
2402 reflects increased activity across left hemisphere in dorsolateral prefrontal cortex and
frontal gyri, decreased activity around right orbitofrontal areas, along with increased activation
of parietal lobe (Supplemental Figure 2). Being part of the superior longitudinal fasciculus,
these brain areas are associated with spatial awareness and proprioception (Naito et al., 2016)
and olfactory performance (Carreiras et al., 2024; Segura et al.,, 2013). While olfactory
perception is especially mediated by the orbitofrontal cortex (Sagar et al., 2023), brain lesions
localized within the right orbitofrontal cortex have been recorded to specifically hinder the
formation of conscious olfactory percepts (Li et al., 2010). Interestingly, stimulating the left
dorsolateral prefrontal cortex and inhibiting the right orbitofrontal cortex resulted in a risk-
averse response in human subjects enrolled in a transcranial direct current stimulation study
(Nejati et al., 2018). IDP 2933 reflects the association between lower activation levels in the
ventral posterolateral nucleus to higher ones in the right hemisphere along the posterior
cingulate cortex, dorsolateral prefrontal cortex, and frontal gyri (Supplemental Figure 3).

Intriguingly, opposite fluctuation patterns were associated with increased pain in patients



experiencing migraine attacks, possibly due to a strengthened network of nociceptive
information processing (Lim et al., 2021). Nicotine may have anti-nociceptive effects (Carstens
& Carstens, 2022) and tobacco smoking has been linked to coping mechanisms related to
migraine and chronic head pain (Weinberger & Seng, 2023). Additionally, the interplay between
nociception and olfaction has been proposed at both molecular and functional levels (Lotsch
et al., 2016; Mignot et al., 2023). In this context, our results reinforce the hypothesis of shared
genetic mechanisms predisposing individuals with certain chemosensory abilities to tobacco
smoking behaviors. In conclusion, our brain-wide analyses highlighted that different
pleiotropic mechanisms likely contribute to the relationship of brain structure and function
with alcohol drinking and tobacco smoking, opening new directions in understanding the
processes underlying these complex behaviors. However, we also acknowledge two main
limitations. While we leveraged large-scale genome-wide datasets, these were generated
including only participants of European descent, because of the lack of large genetic and
imaging studies in other human populations. Accordingly, our findings may not be generalizable
to other population groups. Another important limitation is related to genetically informed
analysis. While we used multiple methods relying on different assumptions, our results may
still be affected by unaccounted confounders. Thus, our findings will need to be confirmed by
evidence generated by complementary study designs (e.g., prospective studies). Finally, while
no genetically inferred effect of alcohol drinking and tobacco smoking was observed, future

studies with larger datasets may be able to characterize this effect direction.
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Figure 1 Workflow of the analyses performed.
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Figure 2 Genetic causal proportion (false discovery rate, FDR g<0.05) linking brain
imaging-derived phenotypes (IDP) to alcohol drinking and tobacco smoking behaviors.
Abbreviations aparc-a2009s rh area G-front-inf-Orbital (IDP 0958); aparc-DKTatlas rh area
rostralanteriorcingulate (IDP 0864 ); aparc-a2009s rh area S-interm-prim-Jensen (IDP 1000);
aparc-Desikan rh area rostralanteriorcingulate (IDP 0707); aparc-a2009s rh area G-subcallosal
(IDP 0977); BA-exvivo rh thickness V1 (IDP 1111); aparc-DKTatlas rh volume
rostralanteriorcingulate (IDP 0492); ICA100 edge 838 (IDP 3266); ICA25 edge 190 (IDP 2408);
ICA25 edge 184 (IDP 2402); ICA100 edge 363 (IDP 2791); ICA100 edge 649 (IDP 3077); ICA100
edge 534 (IDP 2962); ICA100 edge 1438 (IDP 3866); ICA100 edge 628 (IDP 3056); ICA100 edge
974 (IDP 3402); ICA100 edge 772 (IDP 3200); ICA100 edge 162 (IDP 2590); ICA100 edge 505 (IDP
2933)
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Figure 3 IDP 3200 reflecting edge 772 of dimensionality 100 separated by spatial ICA in

resting-state functional magnetic resonance imaging.
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Supplemental Figures

Supplemental Figure 1 IDP 3266 reflecting edge 838 of dimensionality 100 separated by

spatial ICA in resting-state functional magnetic resonance imaging.
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Supplemental Figure 2 IDP 2402 reflecting edge 184 of dimensionality 25 separated by

spatial ICA in resting-state functional magnetic resonance imaging.
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Supplemental Figure 3 IDP 2933 reflecting edge 505 of dimensionality 100 separated by

spatial ICA in resting-state functional magnetic resonance imaging.
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Supplemental tables

Supplemental Table 1
found in

Table S1

Information for brain imaging-derived phenotypes (IDPs) can be

of the

preprint

available

the following link:

https://www.medrxiv.org/content/medrxiv/early/2023/08/28/2023.08.25.23294639/DC1/emb
ed/media-1.xlsx?download=true

Supplemental Table 2 Global genetic correlation between GSCAN phenotypes (smoking
initiation Smklnit; Age at which the individual began smoking regularly, AgeSmk; cigarettes
smoked per day, CigDay; smoking cessation, SmkCes; alcoholic drinks per week, DrnkWk) and
brain imaging-derived phenotypes (IDPs; abbreviations described in Supplemental Table 1).
Genetic correlation was calculated for 3,723 IDPs with heritability > 0. Here only results

surviving false discovery rate (FDR g<0.05) are show.

GSCAN phenotype Brain IDP rg se p
AgeSmk 1219 -0.234 0.052 7.74E-06
SmkCes 1437 0.164 0.037 1.04E-05

CigDay 1736 0.143 0.033 1.24E-05
Supplemental Table 3 Genome-wide significant associations reported in the GWAS
catalog for chr2:36,120,744-36,867,389 locus.

Phenotype STRONGEST SNP P-VALUE MAPPED_GENE
Height rs711245 1E-300 CRIM1, FEZ2
Height rs9295 2E-254 FEZ2, CRIM1
Height rs861051 2E-178 CRIM1
Height rs6544015 4E-74 FEZ2
Height rs17018786 1E-65 CRIM1
Height rs711255 6E-56 CRIM1
Height rs3770817 1E-51 CRIM1, FEZ2
Height rs848602 5E-42 FEZ2
Height rs711245 9E-39 CRIM1, FEZ2
Height rs17018786 3E-36 CRIM1
Height rs3770879 3E-32 CRIM1
Height rs12997487 9E-32 CRIM1
Lung function (FEV1/FVC) rs7571231 1E-29 CRIM1
Height rs3770962 3E-29 CRIM1
Lung function (FEV1/FVC) rs1179500 5E-28 CRIM1
Height rs3755206 7E-27 CRIM1




QRS duration rs3770901 2E-26 CRIM1
QRS duration rs7562790 7E-23 CRIM1
Height rs3755206 4E-21 CRIM1
Weight rs9295 1E-20 FEZ2, CRIM1
Body surface area rs9295 4E-20 FEZ2, CRIM1
Height rs9295 9E-20 FEZ2, CRIM1
Height rs17018786 4E-19 CRIM1
Smoking initiation rs62134085 1E-18 MRPL50P1 - RPL21P36
Blood pressure (pleiotropy rs861051 4E-18 CRIM1
model 1 DBP adjusted for
estimated causal effects x
SBP)
Height rs10172196 5E-18 FEZ2
Height rs3755206 8E-17 CRIM1
Smoking initiation rs13023731 1E-16 MRPL50P1 - RPL21P36
Core binding factor acute rs13405170; 8E-16 MRPL50P1 - RPL21P36;
myeloid leukemia rs11124500; MRPL50P1 - RPL21P36;
rs1186353; MRPL50P1 - RPL21P36;
rs1183799; MRPL50P1 - RPL21P36;
rs17018460; MRPL50P1 - RPL21P36;
rs13430583; MRPL50P1 - RPL21P36;
rs1167437; MRPL50P1 - RPL21P36;
rs1183798 MRPL50P1 - RPL21P36
Body fat percentage rs13410783 8E-15 FEZ2
Core binding factor acute rs13405170; 1E-14 MRPL50P1 - RPL21P36;
myeloid leukemia rs11124500; MRPL50P1 - RPL21P36;
rs1186353; MRPL50P1 - RPL21P36;
rs1183799; MRPL50P1 - RPL21P36;
rs17018460; MRPL50P1 - RPL21P36;
rs13430583; MRPL50P1 - RPL21P36;
rs1167437; MRPL50P1 - RPL21P36;
rs1183798 MRPL50P1 - RPL21P36
Whole body fat mass (UKB rs9295 1E-14 FEZ2, CRIM1
data field 23100)
QRS duration rs7562790 2E-14 CRIM1
Educational attainment rs305191 2E-14 MRPL50P1 - RPL21P36
Height rs848602 2E-14 FEZ2
Height rs711245 4E-14 CRIM1, FEZ2
Chronic obstructive rs4670562 5E-14 CRIM1
pulmonary disease liability
(machine learning-based
score)
Chronotype rs848552 5E-14 CRIM1
Morning person rs848552 5E-14 CRIM1
ECG latent space rs3821160 7E-14 CRIM1
Height rs11900940 2E-13 MRPL50P1 - RPL21P36
Whole body fat mass (UKB rs10197570 3E-13 FEZ2

data field 23100)




Diverticular disease rs10172196 4E-13 FEZ2
Lung function (forced vital rs888078 9E-13 CRIM1
capacity)
Height rs3755206 1E-12 CRIM1
Blood pressure (pleiotropy rs861051 1E-12 CRIM1
model 2 SBP adjusted for
estimated causal effects x
DBP)
Hip circumference adjusted rs3821150 2E-12 FEZ2
for BMI
Height rs11124513 2E-12 CRIM1
Height rs17018663 7E-12 CRIM1
Metabolic biomarkers rs13410783 2E-11 FEZ2
(multivariate analysis)
Multi-trait sex score rs11691767 2E-11 FEZ2
Electrocardiogram rs56036545 3E-11 CRIM1
morphology (amplitude at
temporal datapoints)
Lung function (FEV1) rs1477048 4E-11 CRIM1
Educational attainment rs6721505 4E-11 RPL21P36 - CRIM1-DT
Height rs145029810 9E-11 CRIM1
QRS duration rs1523787 1E-10 CRIM1
Body mass index rs3770799 1E-10 FEZ2
Height rs3770820 1E-10 CRIM1, FEZ2
Height (standard GWA) rs12712501 1E-10 CRIM1
Self-reported math ability rs6708545 1E-10 RPL21P36 - CRIM1-DT
(MTAG)
Hip circumference adjusted rs7571231 1E-10 CRIM1
for BMI
Corneal resistance factor rs10172196 2E-10 FEZ2
(MTAG)
Highest math class taken rs6708545 2E-10 RPL21P36 - CRIM1-DT
(MTAG)
Lung function (FEV1/FVC) rs4670546 2E-10 CRIM1
Total PHF-tau (SNP x SNP rs12613323 x 2E-10 MRPL50P1 - RPL21P36 x
interaction) rs1018491 SIGLEC1 - HSPA12B
Total PHF-tau (SNP x SNP rs1953119 x 2E-10 LINC00609 x LRRTM4 -
interaction) rs4286311 RPL38P2
QRS duration rs7562790 3E-10 CRIM1
Height rs3821169 3E-10 CRIM1
Body mass index (MTAG) rs3770799 5E-10 FEZ2
Central corneal thickness rs848546 5E-10 CRIM1
Hip circumference adjusted rs884215 5E-10 CRIM1
for BMI
Waist circumference rs2276671 7E-10 CRIM1, FEZ2
adjusted for body mass
index
Serum total protein levels rs1045543 7E-10 CRIM1, FEZ2




Total PHF-tau (SNP x SNP rs10196561 x 7E-10 HDAC4-AS1 - LINC02991 x
interaction) rs10114094 HMGB3P24 - RNF38
Offspring birth weight rs1179494 9E-10 FEZ2
Body mass index rs6544006 1.00E-09 RPL21P36 - CRIM1-DT
Haemorrhoidal disease rs4670149 1.00E-09 FEZ2
Protein quantitative trait loci rs141708688 1.00E-09 CRIM1
(liver)
Smoking initiation (ever rs11124501 1.00E-09 MRPL50P1 - RPL21P36
regular vs never regular)
(MTAG)
Morningness rs848552 1.00E-09 CRIM1
Aspartate aminotransferase rs848608 2.00E-09 FEZ2
to alanine aminotransferase
ratio
Body mass index rs3770799 2.00E-09 FEZ2
Body fat percentage rs13410783 2.00E-09 FEZ2
Waist circumference rs17488036 2.00E-09 FEZ2
adjusted for body mass
index
Multi-trait sex score rs10189344 2.00E-09 FEZ2
Diffuse plaques (SNP x SNP rs10951234 x 2.00E-09 PRR15-DT x MRPL50P1 -
interaction) rs4670134 RPL21P36
Mean reticulocyte volume rs11891181 3.00E-09 CRIM1
Central corneal thickness rs10172196 3.00E-09 FEZ2
(MTAG)
Intraocular pressure rs10172196 3.00E-09 FEZ2
Multi-trait sex score rs13010413 3.00E-09 FEZ2
Body mass index rs3770799 4.00E-09 FEZ2
Protein quantitative trait loci rs141708688 4.00E-09 CRIM1
(liver)
Lung function (FVC) rs2216099 4.00E-09 CRIM1
Seropositivity for shigella rs1017153 5.00E-09 CRIM1
phage sp18 peptide
(twist_65448)
Self-reported math ability rs181698387 5.00E-09 CRIM1-DT - CRIM1
Neuroblastoma rs17018667 6.00E-09 CRIM1
Serum uric acid levels rs2287084 6.00E-09 CRIM1
Educational attainment rs6752813 7.00E-09 RPL21P36 - CRIM1-DT
(MTAG)
Educational attainment rs17480064 7.00E-09 CRIM1
Chronic elevation of alanine rs848559 8.00E-09 CRIM1
aminotransferase (CALT)
levels
Body mass index rs3770890 8.00E-09 CRIM1
QRS duration rs1523787 1.00E-08 CRIM1
Protein quantitative trait loci rs73922873 1.00E-08 RPL21P36 - CRIM1-DT
(liver)
Body mass index rs3770890 1.00E-08 CRIM1




Body mass index rs3770890 1.00E-08 CRIM1
Cognitive performance rs6728742 1.00E-08 CRIM1
(MTAG)
Whole body fat mass (UKB rs12615281 1.00E-08 CRIM1
data field 23100)
Serum urate levels rs2287084 1.00E-08 CRIM1
Hip circumference adjusted rs115545989 1.00E-08 FEZ2
for BMI
Chronic elevation of alanine rs848559 2.00E-08 CRIM1
aminotransferase (CALT)
levels
Height rs17019115 2.00E-08 FEZ2
Axial length rs60806750 2.00E-08 RPL21P36 - CRIM1-DT
Hip circumference adjusted rs756203 2.00E-08 CRIM1
for BMI
Hip circumference adjusted rs711245 2.00E-08 CRIM1, FEZ2
for BMI
Neurofibrillary tangles (SNP rs17332034 x 2.00E-08 MRPL50P1 - RPL21P36 x
x SNP interaction) rs10518756 TMEMS87A
Neurofibrillary tangles (SNP rs7401172 x 2.00E-08 BRMS1L - ILF2P2 x CPS1 -
x SNP interaction) rs13432611 RPS27P10
Electrocardiographic traits rs4670556 3.00E-08 CRIM1
(multivariate)
Cortical thickness rs1017154 3.00E-08 CRIM1
Waist circumference rs111693785 3.00E-08 FEZ2
adjusted for body mass
index
Body mass index rs62132389 3.00E-08 MRPL50P1 - RPL21P36
Whole body fat mass (UKB rs7604086 3.00E-08 CRIM1
data field 23100)
Waist circumference rs848606 3.00E-08 FEZ2, CRIM1
adjusted for body mass
index
Multi-trait sex score rs848517 3.00E-08 CRIM1, FEZ2
Height rs3770820 4.00E-08 CRIM1, FEZ2
Alistipes shahii abundance rs12473111 4.00E-08 MRPL50P1 - RPL21P36
in stool
Body mass index rs2699189 4.00E-08 MRPL50P1 - RPL21P36
Body mass index rs14291 4.00E-08 FEZ2
Body mass index (MTAG) rs3770890 4.00E-08 CRIM1
Morning person rs848552 4.00E-08 CRIM1




Supplemental Table 4 Latent causal variable (LCV) analysis between GSCAN phenotypes
(smoking initiation Smkinit; Age at which the individual began smoking regularly, AgeSmk;
cigarettes smoked per day, CigDay; smoking cessation, SmkCes; alcoholic drinks per week,
DrnkWk) and brain imaging-derived phenotypes (IDPs; abbreviations described in
Supplemental Table 1). LCV analysis was performed for GSCAN-IDP pairs with nominally

significant genetic correlations. Here only results surviving false discovery rate (FDR g<0.05)

are show.
GSCAN Brain IDP gep gcp pvalue rho rhoSE
phenotype
AgeSmk 3266 0.786 3.73E-23 0.204 0.080
SmCes 2408 0.857 9.44E-22 0.215 0.078
CigDay 2402 0.474 2.14E-20 -0.198 0.080
DrnWk 2791 0.766 1.12E-16 0.184 0.073
AgeSmk 958 0.666 7.08E-10 0.222 0.079
DrnWk 3077 0.582 1.39E-09 -0.178 0.087
AgeSmk 864 0.629 1.56E-09 0.161 0.057
AgeSmk 1111 0.670 3.34E-09 -0.239 0.069
AgeSmk 2962 0.571 4.24E-09 0.179 0.087
AgeSmk 1000 0.628 1.07E-08 0.252 0.085
AgeSmk 492 0.600 1.45E-07 0.184 0.057
SmCes 3866 0.617 4.62E-07 -0.188 0.082
AgeSmk 3056 0.609 6.97E-07 0.175 0.083
AgeSmk 3402 0.573 2.93E-06 0.210 0.062
AgeSmk 707 0.616 4.32E-06 0.142 0.060
AgeSmk 977 0.644 6.27E-04 0.277 0.085
DrnWk 3200 0.376 8.95E-04 -0.175 0.072
CigDay 2590 0.038 0.001 -0.198 0.068
CigDay 2933 0.354 0.002 -0.170 0.065




Supplemental Table 5

Mendelian randomization (MR) analysis between GSCAN

phenotypes (smoking initiation Smkinit; Age at which the individual began smoking regularly,

AgeSmk; cigarettes smoked per day, CigDay; smoking cessation, SmkCes; alcoholic drinks

per week, DrnkWk) and brain imaging-derived phenotypes (IDPs; abbreviations described in

Supplemental Table 1). MR analysis was performed for GSCAN-IDP pairs surviving false

discovery rate (FDR g<0.05) using TwoSampleMR package (Hemani et al., 2018). Converging

LCV and MR statistically significant results are highlighted in red. Direction consistency

between LCV and MR analyses are indicated in light blue.

GSCAN Brain gcp | gcp pvalue rho rhoSE | IVWb se p n_IVS LCV rho - IVW
phenotype IDP beta
concordance
DrnWk 3200 0.38 8.95E-04 -0.175 | 0.072 | -0.037 | 0.016 | 0.021 18 Y
AgeSmk 3402 0.57 2.93E-06 0.210 0.062 | -0.029 | 0.020 | 0.158 23 N
AgeSmk 977 0.64 6.27E-04 0.277 0.085 | -0.026 | 0.020 | 0.195 27 N
CigDay 2933 0.35 0.002 -0.170 | 0.065 | -0.025 | 0.021 0.227 23 Y
SmCes 2408 0.86 9.44E-22 0.215 0.078 | -0.018 | 0.019 | 0.355 19 N
AgeSmk 1000 0.63 1.07181E- 0.252 0.085 0.017 0.019 0.363 18 Y
08
AgeSmk 2962 0.57 4.24E-09 0.179 0.087 | -0.018 | 0.020 | 0.370 23 N
AgeSmk 3266 0.79 3.73E-23 0.204 0.080 0.018 0.026 0.484 14 Y
AgeSmk 492 0.60 1.45E-07 0.184 0.057 | -0.013 | 0.020 | 0.509 29 N
AgeSmk 1111 0.67 3.34E-09 -0.239 0.069 -0.011 0.018 0.551 34 Y
CigDay 2590 0.04 0.001 -0.198 | 0.068 0.013 | 0.025 | 0.596 21 N
SmCes 3866 0.62 4.62E-07 -0.188 | 0.082 | -0.010 | 0.025 | 0.703 21 Y
DrnWk 3077 0.58 1.39E-09 -0.178 0.087 -0.006 0.016 0.718 24 Y
AgeSmk 3056 0.61 6.97E-07 0.175 0.083 0.006 | 0.019 | 0.749 24 Y
DrnWk 2791 0.77 1.12E-16 0.184 0.073 0.003 0.014 0.808 26 Y
CigDay 2402 0.47 2.14E-20 -0.198 0.080 -0.004 0.018 0.809 27 Y
AgeSmk 707 0.62 4.32E-06 0.142 0.060 0.003 | 0.019 | 0.891 22 Y
AgeSmk 958 0.67 7.08E-10 0.222 0.079 0.001 0.018 0.961 33 Y
AgeSmk 864 0.63 1.56E-09 0.161 0.057 0.000 | 0.017 | 0.999 32 Y
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Abstract

Background: The gene variants ADH1B*2 (Arg48His, rs1229984) and ALDH2*2
(Glu504Lys, rs671) are common in East Asian populations but rare in other popu-
lations. We propose that selective pressures from pathogen exposure and dietary
changes during the neolithic transition favored these variants. Thus, their current as-
sociation with differences in alcohol sensitivity likely results from phenotypic plastic-
ity rather than direct natural selection.

Methods: Samples sourced from the Allele Frequency Database (ALFRED) were uti-
lized to compute the average frequency of ADH1B*2 and ALDH2*2 across 88 and
61 countries, respectively. Following computation of the average national allele fre-
quencies, we tested the significance of their correlations with ecological variables.
Subsequently, we subjected them to Principal Component Analysis (PCA) and Elastic
Net regularization. For comprehensive evaluation, we collected individual-level phe-
notypic associations, compiling a Phenome-Wide Association Study (PheWAS) span-
ning multiple ethnicities.

Results: Following multiple testing correction, ADH1B*2 displayed significant correla-
tions with Neolithic transition timing (r=0.405, p.adj=2.013e-03, n=57) and histori-
cal trypanosome burden (r=-0.418, p.adj=0.013, n=57). The first two components
of PCA explained 47.7% of the total variability across countries, with the top three
contributors being the historical indices of population density and trypanosome and
leprosy burdens. Historical burdens of the Mycobacteria tuberculosis and leprosy
were the sole predictive variables with positive coefficients that survived Elastic Net
regularization.

Conclusions: Our analyses suggest that Mycobacteria may have played a role in the
joint selection of ADH1B*2 and ALDH2*2, expanding the “toxic aldehyde hypothesis”
to include Mycobacterium leprae. Additionally, our hypothesis, linked to dietary shifts
from rice domestication, emphasizes nutritional deficiencies as a key element in the
selective pressure exerted by Mycobacteria. This offers a plausible explanation for the
high frequency of ADH1B*2 and ALDH2*2 in Asian populations.
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alcohol use disorder, East-Asia, environment, evolution, natural selection
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According to the latest global status report on alcohol and health by
the World Health Organization (WHO), the South-East Asian Region
(SEAR) has the second lowest Alcohol-Per capita-Consumption
(APC) in the world (World Health Organization, 2018). Cultural and
social factors are known to affect the drinking behaviors of Asian
subjects, who show the lowest alcohol consumption levels com-
pared to other ethnicities (Lui & Zamboanga, 2019). APC levels
have been increasing in the SEAR, but the percentage of current
drinkers did not significantly change, being constant at around 33%
from 2000 to 2016 (World Health Organization, 2018). This trend
stays stable also when looking at differences in APC among coun-
tries within SEAR (World Health Organization, 2018). APC levels in
SEAR countries match the worldwide distribution of two of the main
genetic variants associated with reduced alcohol intake, namely,
ADH1B*2 (Arg48His, rs1229984) and ALDH2*2 (Glu504Lys, rs671)
(Zhou et al., 2022). Indeed, these two variants exhibit a robust as-
sociation with decreased alcohol intake in the East Asian population
(Chang et al., 2023; Hashimoto et al., 2016), reaching their peak fre-
quency within this demographic (Polimanti & Gelernter, 2018; Zhang
et al., 2021). In contrast, they are found to be rare and less effective
in other populations (Schaschl et al., 2022; Whitfield, 2002).

Encoding the beta subunit of class | of the alcohol dehydroge-
nases (ADH), ADH1B is responsible for the interconversion between
alcohols and aldehydes or ketones with the reduction of NAD™ to
NADH (Zakhari, 2006). ALDH2 encodes the metabolizing enzyme
for many reactive and oxidative stress-generated aldehydes, such as
acetaldehyde generated by ADH that is converted to acetate (Chen
et al.,, 2014). Due to its high reactivity and genotoxicity, acetalde-
hyde has been classified by the International Agency for Research on
Cancer (IARC) of WHO as carcinogenic to humans in Group 1 tissues
(Baan et al., 2007). Compared to the enzyme encoded by the ances-
tral allele, ADH1B*2 converts alcohol to acetaldehyde at a fast rate,
causing a huge accumulation of blood acetaldehyde (Whitefield,
2002). The increased amount of acetaldehyde cannot be oxidized
into acetate by ALDH2*2, which encodes an inactive enzyme (Crabb
et al., 1989). The combination of ADH1B*2 and ALDH2*2 increases
alcohol toxicity, which results in skin rash and coughing resembling
an allergic reaction (Whitfield, 2002).

Cumulating evidence shows that rice domestication exerted
selective pressures on alcohol and acetaldehyde dehydrogenases
among those populations that adopted rice farming during the
Neolithic transition in SEAR (Landini et al., 2021; Zhu et al., 2021).
As rice constitutes the primary staple food for most populations
in the region (Muthayya et al., 2014), the diffusion of rice domes-
tication across East Asia primarily followed a demic pattern (Cobo
et al., 2019), influencing and molding local cultures and societies
(Bray, 1994; Thomson et al., 2018). Rice domestication was paralleled
by the spread of infectious diseases that changed the demographic
landscape through SEAR as paddy rice forced low relational mobil-
ity (Cobo et al., 2019). Thus, it is conceivable that paddy rice may
have imposed new burdens of infection, changing the demographic

landscape of the area (Cobo et al., 2019; Liu et al., 2017). Indeed, it
is remarkable that the emergence of agriculture is associated with
an increased allocation of energy to immune functions (Wells &
Stock, 2020).

Additional phenotypes correlated with alcohol intake, such as
risky sexual behaviors (Hutton et al., 2008) and disgust sensitivity
(Stafford et al., 2020), as well as broader associations with all risky-
type behaviors, have been linked to the historical burden of patho-
gens (Schaller, 2011). The shared phenotypical association with a
reduction in alcohol intake of ADH1B*2 and ALDH2*2 (Serajuddin &
Maeda, 2018; Zhou et al., 2022) may therefore be the current re-
sult of the effect of the selective pressure exerted by pathogens and
changes in dietary habits following the neolithic transition in SEAR.

To corroborate this hypothesis, we took advantage of previous
works and publicly available data to investigate the correlation be-
tween human geography, agriculture, and farming, the exposure to
infectious disease, and the worldwide distribution of the two alleles
employing a country-based approach. Furthermore, we attempted
to provide a causal explanation linking our findings to changes in
aldehyde metabolism caused by ADH1B*2 and ALDH2*2.

METHODS

Allele frequency and ecological data search,
extraction, and harmonization

A total of 510 sample populations from the Allele Frequency
Database (ALFRED) (Rajeevan et al., 2012), containing 115,303
subjects self-identifying in 284 different ethnicities, was included
to calculate the average frequency of ADH1B*2 across 88 nation-
states. For ALDH2*2, 212 sample populations composed of 35,540
subjects, self-identifying in 142 ethnicities, were used to calculate
its average frequency across 61 nation states. More details on the
sample demographics are provided in Tables S1 and S2. Ecological
data describing food accessibility, human geography, and historical
exposure to infectious diseases were collected from a dataset previ-
ously assembled by Fedderke et al. (2017) containing 207 nations as
described in Table 1 and Table S4.

Samples from ALFRED (Rajeevan et al., 2012) were divided by
country and reported ethnicity to compute a mean weighted on
their relative sample size. National allelic frequencies were com-
puted through a second weighted mean combining previous results
accordingly to the relative share of each reported ethnicity in the de-
mographic composition of their corresponding sampling country, as
described in The World Factbook (The World Factbook, 2021). The
resulting average national allele frequencies were mapped using the
rworldmap R package (South, 2011). For Brazil, the United States,
and Australia, only native population samples were considered.

To standardize our dataset, missing values in the distribution of
ALDH2*2 frequency underwent imputation through Multivariate
Imputation by Chained Equations (MICE) using random forests. This
imputation method was implemented using the miceRanger R package
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TABLE 1 Set of variables from Fedderke et al. (2017).

Name Description

fstdist1500_eth
fstdist1500_uk

Genetic distance to Ethiopia (1500 match)
Genetic distance to the U.K. (1500 match)

efrac Ethnic fractionalization index

In_pop1500 Population in 1500CE LN

In_pd1500 Population density in 1500CE LN

In yst Neolithic transition timing until the year
1500CE LN

In_arable Percentage of arable land LN

In_temp Temperature LN

In_precip Precipitation LN

Index of historical prevalence of
leishmaniasis

his_leishmanias

Index of historical prevalence of
schistosomes

his_schistosomes

his_filariae Index of historical prevalence of filariae
his_leprosy Index of historical prevalence leprosy
his_typhus Index of historical prevalence typhus
his_malaria Index of historical prevalence malaria

Index of historical prevalence of
trypanosomes

his_trypanosomes

his_dengue Index of historical prevalence of dengue

his_tuberculosis Index of historical prevalence tuberculosis

Note: List of variables employed in our analysis. When “LN” is reported

values are distributed in a natural logarithm form.
Abbreviation: LN, Natural logarithm.

(Wilson, 2021). The final imputed dataset was the result of five itera-
tions using these variables as predictors in the order: genetic distance
to Ethiopia—1500 match (fstdist1500_eth), genetic distance to the
United Kingdom—1500 match (fstdist1500_uk) and ethnic fractional-
ization index (efrac) Table S4. Other parameters were set as default.

Correlation analyses

Given the nonparametric nature of our dataset, we conducted a
Kendall hypothesis test on complete observations to explore the po-
tential correlation between the variables of interest, followed by an
exploratory Principal Component Analysis (PCA).

The Kendal hypothesis test was carried out as implemented by
the corr.test function in the psych R package on the following vari-
ables: national average frequency of ADH1B*2 (adh1b_2), national
average frequency of ALDH2*2 (aldh2_2), natural logarithm of dis-
tribution of population in 1500 CE (In_pop1500), natural logarithm
of distribution of population density in 1500CE (In_pd1500), nat-
ural logarithm of distribution of neolithic transition timing until the
year 1500 CE (In_yst1500), natural logarithm of percentage of arable
land (In_arable), natural logarithm of temperature (In_temp), natural
logarithm of precipitation (In_precip), index of historical prevalence
of leishmaniasis (his_leishmanias), index of historical prevalence of
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schistosomes (his_schistosomes), index of historical prevalence of
filariae (his_filariae), index of historical prevalence leprosy (his_lep-
rosy), index of historical prevalence typhus (his_ typhus), index of
historical prevalence of malaria (his_malaria), index of historical
prevalence of trypanosomes (his_trypanosomes), index of historical
prevalence of dengue (his_dengue), and index of historical preva-
lence tuberculosis (his_tuberculosis). The test considered only com-
plete observation by selecting the use="“complete” option; results

were adjusted by Bonferroni correction.

Principal component analysis

After excluding rows with missing data from the imputed dataset,
we conducted PCA using the PCA function within the FactoMineR
R package. Subsequently, we analyzed the PCA results using func-
tions from the factoextra R package. The contribution of each variable
to the first two dimensions was determined using the fviz_contrib
function. To visualize variability across nation states, we utilized the
fviz_pca_var function to plot the results within the first two dimen-
sions. The contribution of each variable was depicted by the length
and orientation of their eigenvectors. Additionally, the quality of the
representation of variability within each nation state was assessed by
incorporating the measure of squared cosines of their eigenvectors.
Considering the significant correlations among ecological vari-
ables post-Bonferroni correction and the orientation of the square
cosine of their eigenvectors (cos2), we excluded those surpassing
a variance inflation factor (VIF) cutoff of 3.00 as predictors in the
subsequent analysis. This step was undertaken to alleviate poten-
tial collinearity effects on average allelic distributions. Squared ei-
genvector cosines measure the similarity between eigenvectors of
a matrix. It involves calculating the cosine of the angle between two
eigenvectors, squaring it to focus on similarity, with high values indi-

cating strong alignment.

Elastic net regularization analysis

The effectiveness of retained variables in explaining variance
was evaluated using Elastic Net regularization, implemented in
the glmnet R package through the cv.glmnet function (Friedman
et al., 2023). This approach enabled us to alleviate and ultimately
eliminate factors that were negatively impacting the fitting to the
distributions of average national allelic frequencies, both for single
alleles and combined alleles. The first group of predictors included
the following ecological variables: natural logarithm of distribution
population in 1500CE (In_pop1500), natural logarithm of distribu-
tion population density in 1500CE (In_pd1500), natural logarithm
of distribution neolithic transition timing until the year 1500CE (In_
yst1500), natural logarithm of distribution percentage of arable land
(In_arable), natural logarithm of distribution precipitation (In_precip),
index of historical prevalence of leishmaniasis (his_leishmanias),
index of historical prevalence of schistosomes (his_schistosomes),
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index of historical prevalence leprosy (his_leprosy), index of histori-
cal prevalence typhus (his_ typhus), index of historical prevalence
of trypanosomes (his_ trypanosomes), and index of historical preva-
lence tuberculosis (his_ tuberculosis). This set of predictors was ap-
plied to the distribution of national average frequencies of ADH1B*2
(adh1b_2) and ALDH2*2 (aldh2_2) as outcome variables. In the sec-
ond group of predictors, adhlb_2 was included, and this set was
combined with aldh2_2 as the sole outcome variable. All regulariza-
tions were computed 10 times with gamma values set as default (O,
0.25,0.5,0.75, 1).

Phenome-wide association study (PheWAS)

To enhance the interpretation of results, phenotypic associations
linked to each allele were extracted from the meta-analysis con-
ducted on the Global Biobank (Mclnnes et al., 2019), which contains
data compiled from summary statistics from the Million Veteran
Program (MVP) (Gaziano et al., 2016), the Japanese Biobank (Nagai
et al., 2017), and the UK Biobank (Sudlow et al., 2015). These

associations were then compiled to create a PheWAS that takes into
consideration exposure to infectious diseases and dietary changes.
Phenotypic associations categorized as “Early life factors,” “Disease
outcome,” “Anthropometrics,” and “Biomarkers” were filtered for
FDR <0.005 calculated according to the Benjamini-Hochberg cor-
rection method.

RESULTS

The average allelic frequencies of ADH1B*2 and ALDH2*2 were
calculated for 88 and 61 nation states (Figures 1C and 2C), respec-
tively. Most countries showed low frequency levels for both alleles,
with their distributions reaching their density peak on the lower tail
(Figures 1A and 2A). This is especially true for ALDH2*2, whose vari-
ability (var=0.004) was lower than that of ADH1B*2 (var=0.047).
After imputation, ALDH2*2 variability was further decreased
(var=0.0004) Table S3.

Geographically, the two alleles were similarly distributed,

reaching their highest frequencies in SEAR, with Japan being at

(A) Density plot of ADH1B*2 (B) Quantile-Quantile plot
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FIGURE 1 World-wide ADH1B*2 frequency. (A) Density plot of frequency distribution of ADH1B*2, (B) QQ-plot of frequency distribution
of ADH1B*2 compared to normal distribution, and (C) National distribution of ADH1B*2 frequency.
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FIGURE 2 World-wide ALDH2*2 frequency. (A) Density plot of frequency distribution of ALDH2*2, (B) QQ-plot of frequency distribution
of ALDH2*2 compared to normal distribution, and (C) National distribution of A LDH2*2 frequency.

the extreme upper tail of their distribution (ADH1B*2=76.4%,
ALDH2*2=29%) (Figures 1C and 2C).

While the two alleles were significantly correlated (r=0.267,
p=6.411e-03, n=57), after applying a Bonferroni correction for
multiple testing only ADH1B*2 showed significant correlations,
with the Neolithic transition timing until the year 1500CE (In_
yst1500; r=0.405, p=1.480e-05, p.adj=2.013e-03, n=57) and
the historical burden of trypanosomes infection (his_trypano-
somes; r=-0.418, p=1.010e-04, p.adj=0.013, n=57), which were
also negatively correlated with each other (r=-0.522, p=1.537e-
06, p.adj=1.796e-03, n=57) (Figure 3). After Bonferroni correc-
tion, the number of significant correlations between ecological
variables was reduced, except for some describing the historical
burden of many infectious diseases, which remained positively
correlated (Figure 3).

Variability across ecological variables was partitioned into 10
main components by PCA; the first two principal components de-
scribed as 27.8% and 19.9%, respectively, of the total variance
(Figure 4A), ensuring within countries a representation of more than
50% of the total variance according to square eigenvectors cosines
(cos?). The most relevant contributors to the first component were

the historical burden of infectious diseases led by trypanosomes and
population indexes (population density in 1500 CE and population
in 1500 CE); the percentage of arable land was the main contributor
to the second principal component (Figure 4B). Southern European,
Asian, and Middle Eastern countries appear to lay close together
due to population density in 1500 CE, population in 1500CE, and
percentage of arable land, while most Oceanian, South American,
and North African countries were differently oriented due to the
historical burden of infectious diseases (Figure 4C).

Due to the squared eigenvectors exhibiting cosine similarities
among ecological variables, forming two nearly opposite directional
sets and implying a high degree of collinearity (Figure 4C), and with
both allele frequencies demonstrating significant inflation at the
extremes of their distributions (Figures 1B and 2B), temperature
(VIF=3.20), historical prevalence of filariae (VIF=4.38), historical
prevalence of malaria (VIF=3.51), and historical prevalence of den-
gue (VIF=3.90) were excluded based on their respective VIF values.

Elastic net regularization revealed that, at the lowest values of
A, allowing for the best fit, population in 1500CE, historical preva-
lence of leprosy, and historical prevalence of tuberculosis were the
sole variables maintaining positive coefficients across all nets. For
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FIGURE 3 Correlation matrix for Kendall test (upper matrix reports Bonferroni adjusted p values). Asterisks meaning: ***p <0.001,

**p<0.01, *p<0.05.

larger A values, resulting in fit alterations up to one standard error,
no variable exhibited a nonzero coefficient except for In_leprosy.
Notably, this pattern held true for nets considering ALDH2*2 as the
single dependent variable, only when ADH1B*2 was included among
predictors (Figure 5). Furthermore, when both allelic distributions
were considered, variability in the fit due to different y values was
diminished (Figure 5).

In the Global Biobank (Mclnnes et al., 2019), meta-analyzed
phenotypic associations categorized as “Early life factors,” “Disease
outcome,” “Anthropometrics,” and “Biomarkers” were collected for
both alleles, reaching a total amount of 105 for ADH1B*2 and 58
for ALDH2*2. Of those associated with ADH1B*2, 33 traits passed a
minimum threshold of FDR <0.005, with no one directly linked to an
infectious disease; the most significant was the reduction of insulin-
like growth factor 1 (IGF-1) levels (n=423,324, beta=-0.090,
FDR=2.89E-36) (Table 2). For ALDH2*2, six phenotypic associations
passed a minimum threshold of FDR <0.005: in particular, the in-
creased propensity to develop nasal polyps was the most significant
one (n=6546, beta=7.108, FDR=0.001) (Table 3).

DISCUSSION

According to the results from Elastic Net regularization, the his-

torical burden of tuberculosis (his_tuberculosis) and leprosy

(his_leprosy) emerged as the sole positive predictors for the distri-
bution of national average frequencies of ADH1B*2 and ALDH2*2.
This association appears to be primarily driven by ADH1B*2, as in
models considering ALDH2*2 alone as the dependent variable, his_
leprosy was retained only when ADH1B*2 was included as a predic-
tor. The PCA results suggest that the correlation observed between
ADH1B*2 and the distance to the Neolithic transition (In_yst1500)
may potentially be attributed to other variables exhibiting a positive
correlation with it. The collective findings of our analyses indicate
that exposure to mycobacterial infections may have played a role in
the concurrent selection of these two alleles among Neolithic rice
farmers (Wang, Mi, et al., 2018; Wang, Wang, et al., 2018).

Consistent with our findings, a recent exome-wide association
study among Han Chinese linked ALDH2*2 with heightened suscepti-
bility to Mycobacterium leprae (p=2.00x 10-20, OR=1.35) (Wang, Mi,
et al., 2018). This association was subsequently replicated in another
Han Chinese cohort but not observed in African populations, where
the maximum frequency of ALDH2*2 in the sample was below 1%
(Gilchrist et al., 2022). Furthermore, clinical research conducted among
Korean patients linked ALDH2*2 with a diminished burden of infection
from Mycobacterium tuberculosis, particularly among subjects also af-
flicted by alcoholism, along with ADH1B*2 (Park et al., 2014).

The dissemination of ADH1B*2 in Southeast Asia occurred sixty
thousand years prior to that of ALDH2*2, as demonstrated by Li
et al. (2011) and Luo et al. (2009). Mutations within this extensive
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FIGURE 4 Principal component analysis on significant values. (A) Percentage of variance explained by each principal component, (B)
contribution to the first pair of principal components of each variable, (C) plotting of vectors describing the variability explained by the first
pair of principal components of each variable.

timeframe, taking place in ecological niches, substantiate alterations Phenome-Wide Association Studies (PheWAS), all falling within the
in their patterns of natural selection. Consequently, these two alleles “Anthropometrics” category, such as “Body fat percentage,” “BMI,” or
are presently associated solely with five common phenotypes in our “Trunk fat percentage” (see Tables 2 and 3).
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Rice-based diets have been linked to deficiencies in lipid absorp-
tion, resulting in reduced food intake and BMI measurements (Lim
et al., 2016; Yang et al., 2012). ADH1B*2, associated with higher lev-
els of LDL-C in Asian populations (Luo et al., 2023), might have con-
ferred survival advantages to carriers due to the decreased energy
intake resulting from their dietary habits. Recent evidence of positive
selection on variants related to ADH, including ADH1B*2, has been
identified in populations in Ethiopia following the advent of agricul-
ture (McQuillan et al., 2022). However, while rice domestication was
a key catalyst for the Neolithic transition in Southeast Asia and the
Pacific, its dissemination appears to have been greatly influenced by
demographic factors (Bray, 1994), which are closely linked to my-
cobacterial infections (Benjak et al., 2018; Luo et al., 2015; Okazaki
et al., 2019). We propose that alterations in dietary practices in
Southeast Asia due to the spread of rice farming resulted in chronic
retinol deficiency (Tang et al., 2009) and disrupted lipid metabolism
(Lim et al., 2016; Yang et al., 2012), thereby heightening selective
pressures from infectious diseases in the region. Indeed, retinoid

acid has been shown to enhance antimicrobial responses in epi-
thelial and mucous tissues (Huang et al., 2018), playing a protective
role in the response to mycobacterial infections (Fairley et al., 2023;
Kim et al., 2019; Tenério De Menezes et al., 2023), alongside lipid
metabolism, which mediates host inflammatory responses (Fairley
et al., 2023; Kim & Shin, 2023).

Our hypotheses align with the idea that decreased detoxifi-
cation of aldehydes may confer beneficial effects against patho-
gens by promoting immune cell activation through the cytokine
interferon-gamma (Darwin & Stanley, 2022). The advent of rice
domestication conferred a significant advantage to farming pop-
ulations in Southeast Asia and the Pacific, facilitating its spread
throughout the region during the Neolithic transition. Subsequent
shifts in the demographic landscape were profoundly influenced
by mycobacterial infections. Elevated levels of circulating alde-
hydes may have provided an advantage to ancient rice farmers,
enhancing their fitness against the high prevalence of mycobac-

terial infections. This enhancement of immunity could serve as
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TABLE 2 Phenotypic traits associated to ADH1B*2.

Class Code Description N
biom INI210030770 IGF-1 423,324
biom INI10030610 Alkaline phosphatase 425,779
biom INI20030780 LDL cholesterol 424,960
dis_out HC328 Gout 9506
dis_out HC1215 TTE gout 15,378
biom INI10030670 Urea 425,469
dis_out HC719 TTE mental and 8788

behavioral disorders

due to use of

alcohol
biom INI10030860 Total protein 389,120
biom INI20030690 Cholesterol 425,743
biom INI20030880 Urate 425,235
biom INI120030640 Apolipoprotein B 423,632
dis_out HC215 Hypertension 153,912
biom IN110030890 Vitamin D 406,303
dis_out HC273 Essential hypertension 102,191
antro INI23112 Leg fat mass R 442,807
antro INI23099 Gamma 442,599

glutamyltransferase
biom INI110030730 Body fat percentage 425,539
antro INI23116 Whole body fat index 442,781
antro INI23100 Leg fat mass L 442,115
antro INI23111 Leg fat percentage R 442,814
antro INI23115 Non-albumin protein 442,786
biom INI30030860 Leg fat percentage L 389,120
dis_out HC932 TTE essential (primary 112,342

hypertension)
antro INI23127 Trunk fat percentage 442,582
biom INI20030600 Albumin 389,120
antro INI23128 Trunk fat 442,558
antro INI23123 BMI 442,686
antro INI23104 Arm fat percentage L 442,840
antro INI23124 Sodium in urine 442,647
biom INI10030530 Arm fat mass L 412,901
antro IN123120 Arm fat mass R 442,716
antro IN123119 BMI 442,746
antro INI21001 Arm fat percentage R 448,906

cumtﬁ!ﬁgrgn!:!monzls_mcu [gs

Info Effect SE p FDR

beta -0.0895 0.0067 2.78E-38 2.89E-36
beta 0.0754 0.0066 6.07E-27 6.31E-25
beta 0.0073 0.0066 3.53E-25 3.67E-23
or 0.66113 0.0391 BMBEYS 3.26E-21
or 0.71527 0.0322 2.55E-22 2.65E-20
beta -0.0666 0.0066 1.02E-20 1.06E-18
or 2.21 0.0728 1.40E-20 1.46E-18
beta 0.0649 0.0069 8.53E-18 8.87E-16
beta 0.0598 0.0066 1.95E-16 2.02E-14
beta -0.0584 0.0066 1.39E-15 1.45E-13
beta 0.0539 0.0066 5.42E-13 5.63E-11
or 1.1 0.0144 1.81E-11 1.88E-09
beta -0.0484 0.0068 9.89E-10 1.03E-07
or 1.08177 0.1614 1.70E-08 1.77E-06
beta 0.034 0.0051 3.20E-08 3.33E-06
beta 0.0317 0.0049 7.37E-08 7.66E-06
beta 0.0431 0.0066 7.68E-08 7.99E-06
beta 0.0327 0.0051 1.10E-07 1.15E-05
beta 0.0403 0.0063 1.14E-07 1.19E-05
beta 0.0253 0.004 2.80E-07 2.91E-05
beta 0.0247 0.004 4.62E-07 4.80E-05
beta 0.0432 0.0069 4.66E-07 4.84E-05
or 1.08 0.16 5.11E-07 5.31E-05
beta 0.0352 0.0059 1.86E-06 0.0001932
beta 0.0414 0.0069 2.34E-06 0.0002436
beta 0.0383 0.0064 2.62E-06 0.0002729
beta 0.0287 0.0049 3.62E-06 0.000376
beta 0.0378 0.0064 3.66E-06 0.0003802
beta 0.0367 0.0063 5.30E-06 0.0005508
beta -0.0393 0.0067 5.46E-06 0.0005682
beta 0.0363 0.0063 7.08E-06 0.0007364
beta 0.028 0.0049 9.14E-06 0.0009506
beta 0.0365 0.0064 9.33E-06 0.0009705

Note: Full list of the phenotypic traits associated to ADH1B*2 retrieved from the Global Biobank (Mclnnes et al., 2019) for FDR <0.005, divided in
class by Biometrics(biom), Disease outcome (dis_out) and Antropometrics (antro). The column “info” reports whether the effect value is an odds ratio

(or) or its Beta (beta).

compensation for their retinol deficiency (Tang et al., 2009) and
disrupted lipid metabolism, both of which were consequences of
a rice-based diet.

In summary, our study provides an initial understanding of the
natural selection of ADH1B and ALDH2 genes in Asian populations,
with a focus on dietary changes following the Neolithic transition

within the context of the behavioral immune system theory. Our
analysis expands upon the “aldehydes hypothesis” proposed by
Darwin and Stanley (2022), originally centered on Mycobacterium
tuberculosis, by advocating for the inclusion of Mycobacterium
leprae as a target for future research into the beneficial effects of
aldehydes.
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TABLE 3 Phenotypic traits associated to ALDH2*2.

Class Code Description N Info Effect SE p FDR

dis_out HC156 Nasal polyps 6546 or 7.10785 0.456 1.70E-05 0.000968
antro IN148 Waist circumference 449,704 beta -0.137 0.0319 1.78E-05 0.001013
antro INI23127 Trunk fat percentage 442,582 beta -0.144 0.0349 3.75E-05 0.002138
antro IN123099 Body fat percentage 442,599 beta -0.1183 0.0288 3.97E-05 0.002265
antro INI23124 Arm fat mass L 442,647 beta -0.1478 0.0361 4.32E-05 0.002462
antro INI23104 BMI 442,840 beta -0.1442 0.0361 6.53E-05 0.003723

Note: Full list of the phenotypic traits associated to ALDH2*2 retrieved from the Global Biobank (Mclnnes et al., 2019) for FDR <0.005, divided in
class by Biometrics (biom), Disease outcome (dis_out) and Antropometrics (antro). The column “info” reports whether the effect value is an odds ratio

(or) or its Beta (beta).

Given the speculative nature of our research and the limita-
tions posed by the available data, several important considerations
must be addressed. First, national frequencies of ADH1B*2 and
ALDH2*2 were calculated using ALFRED (Rajeevan et al., 2012),
which provides the geographical origin of each sample along with
self-reported ethnicity. However, this dataset lacks more detailed
information on individual ancestry, which could impact the accuracy
of our analyses. Natural selection is a complex and dynamic process,
yet the scarcity of time-framed data on ADH1B*2 and ALDH2*2 (Gao
et al., 2020), as well as ecological variables, necessitated a country-
based approach. We relied on data from Fedderke et al. (2017),
which were the most reliable sources available to us. It is important
to note that while there is some convergent evidence in Ethiopian
populations linking the adoption of agriculture, higher levels of al-
dehydes (McQuillan et al., 2022), and retinol deficiency to myco-
bacteria (Keflie et al., 2018), research on ADH1B*2 and ALDH2*2
remains biased toward Asian populations and their drinking pat-
terns. However, there is evidence for other loci associated with fatty
acid metabolism, cholesterol/triglyceride biosynthesis, and retinoic
acid production being affected by the emergence and expansion of
rice agriculture (Landini et al., 2021; Wang et al., 2016). Notably,
among these, the expression of ALDH1B1 has also been associated
with immune response to pathogens, modulating the production of
interferon beta in mice (Sun et al., 2024). These factors underscore
the complexity and interconnectedness of genetic and environmen-
tal influences on human health and disease susceptibility.

Indeed, while further research is imperative, our findings, which
integrate diverse datasets, provide momentum for the exploration
of complex phenotypes, such as alcohol drinking patterns, within a
broader framework that encompasses considerations of nutrition
and immune response. This holistic approach acknowledges the in-
terconnectedness of genetic, dietary, and immunological factors in
shaping human health and disease susceptibility. By embracing this
multidimensional perspective, future investigations can yield deeper
insights into the intricate interplay between genetics, behavior, and

environmental influences on human biology.
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ABSTRACT

We leveraged information from more than 1.2 million participants to investigate the
genetics of anxiety disorders across five continental ancestral groups. Ancestry-specific and
cross-ancestry genome-wide association studies identified 51 anxiety-associated loci, 39 of
which are novel. Additionally, polygenic risk scores derived from individuals of European
descent were associated with anxiety in African, Admixed-American, and East Asian groups.
The heritability of anxiety was enriched for genes expressed in the limbic system, the
cerebral cortex, the cerebellum, the metencephalon, the entorhinal cortex, and the brain
stem. Transcriptome- and proteome-wide analyses highlighted 115 genes associated with
anxiety through brain-specific and cross-tissue regulation. We also observed global and local
genetic correlations with depression, schizophrenia, and bipolar disorder and putative causal
relationships with several physical health conditions. Overall, this study expands the
knowledge regarding the genetic risk and pathogenesis of anxiety disorders, highlighting the

importance of investigating diverse populations and integrating multi-omics information.
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MAIN

Anxiety disorders affect many people worldwide, with a lifetime prevalence of
approximately 34%, impacting overall health and all-cause mortality™?. Although, according
to the DSM-53, this diagnostic category contains multiple anxiety disorders with distinct sets
of diagnostic criteria, there is a significant phenotypic overlap among them; 48-68% of
individuals with an anxiety diagnosis fulfill the criteria for at least a second one*. Likewise,
twin and genome-wide association studies (GWAS) demonstrated a shared genetic basis for
the whole spectrum of anxiety diagnoses®. Specifically, anxiety disorders have an estimated
twin-based heritability of 20-60% across subtypes and are highly polygenic®’. GWAS
contributed to understanding the genetic architecture of anxiety disorders by identifying up to
ten risk loci®°. These were primarily conducted in individuals of European descent, with
limited samples available from African American participants enrolled in the Million Veteran
Program (MVP)™. While the lack of diversity is a known issue in human genetic research'?,
genetic research on anxiety appears to progress slower and be less diverse compared to
current studies of other internalizing disorders, such as major depressive disorder (MDD) **
and posttraumatic stress disorder (PTSD)". To fill this gap, we conducted a multi-ancestry
GWAS meta-analysis combining newly generated cohorts with previously reported data,
reaching a total sample size of 1,266,780 participants (97,383 anxiety cases; Table 1). We
included individuals of European (EUR, N=1,096,458), African (AFR, N=118,071), Admixed-
American (AMR, N=36,634), South Asian (SAS, N=10,534), and East Asian (EAS, N=5,083)
ancestries available from the All of Us Research Program (AoU)™, the Lundbeck Foundation
Initiative for Integrative Psychiatric Research (iPSYCH)™, the FinnGen Project *°, MVP™, the
Psychiatric Genomics Consortium (PGC)'’, and the UK Biobank (UKB)*®. Studying these
cohorts, we identified multiple loci associated with anxiety and gained insights into the role of
polygenic risk, pleiotropy, tissue-specific regulation, and transcriptomic and proteomic

variations in the pathogenesis of anxiety disorders.

RESULTS

Genetic Discovery for Common Anxiety Factor, SNP-Heritability, and

Genetic Correlation.

We combined GWAS of anxiety from six cohorts consisting of five ancestries (Table
1). In the EUR cohort, statistically significant single nucleotide polymorphism (SNP)-based
heritability was observed in all cohorts, with Z-scores ranging from 2.64 (PGC) to 15.13

(FinnGen), and values proportional to the effective sample size of each cohort. The genetic
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correlation (rg) ranged from 0.46 (p=2.1x107%), between PGC and iPSYCH, to 1.02
(p=2.0x10"), between PGC and AoU, with a median estimate of 0.72 (Figure 1;
Supplemental Table 1). To quantify the genetically inferred differences across anxiety
phenotypes across EUR datasets (Supplemental Figure 1), we applied PheMED (Phenotypic
Measurement of Effective Dilution)'*. FinnGen was considered the reference sample
because it had the highest SNP-based heritability z score among the datasets investigated.
MVP exhibited the largest phenotypic dilution (¢=2.92, p=5x10"), followed by AoU (¢=2.35,
p=6.0x10"%), PGC (¢=1.81, p=2.0-x10"%) and UKB (¢=1.73, p<1x107°%), while the iPSYCH
anxiety phenotype was not significantly diluted when compared to FinnGen (9=1.09,
p=0.09). Leveraging data from cohorts assessed with different approaches, we observed
that FinnGen and iPSYCH show more consistent genetic effects than the other samples
investigated, with MVP showing the highest phenotypic dilution factor. We did not observe
statistically significant SNP-based heritability among non-EUR groups due to their limited
sample size (Supplemental Table 2). Therefore, we could not explore the genetic correlation

and phenotypic dilution among anxiety datasets in other populations.

We combined the genome-wide information of the 1,096,458 EUR individuals with
genomic structural equation modeling (gSEM)™ to account for the variability in the genetic
correlation and the phenotypic heterogeneity among cohorts. The common anxiety factor
(ANX; x*(9)0=013.4, p=0.15, comparative fit index=1, standardized root mean square
residual=10.08) loaded significantly on all indicators (standardized loadings on
AoU=0.85+0.05, FinnGen=[10.82+0.03, MVP=0.80+0.04, iPSYCH=0.80%0.05,
PGC=0.80+0.8, UKB=0.95+0.05; Figure 2). ANX showed a SNP-based heritability of
0.05+0.002 z-score=25.1) with no evidence of systematic bias due to population stratification
or other confounders (linkage disequilibrium score regression'® LDSC intercept=1.01+0.01,
ratio=0.01+0.02). We identified 35 linkage disequilibrium (LD)-independent (r’<0.1) variants
with genome-wide significant association (p<5x10®) with ANX (Figure 3; Supplemental
Table 3). A conditional analysis®’ yielded five additional genome-wide significant (GWS)
variants, leading to a total of 40 genome-wide significant independent SNPs (Supplemental
Table 3). Of these, 29 were LD-independent (LD r’<0.1) from variants reported by previous
anxiety GWAS studies.®® Among the novel associations, the most significant one was
rs6689226 (beta=0.01, p=4.8 x10™*%), located in an intergenic region downstream of

LINC01360 gene on chromosome 1.

Due to the limited sample size of other population groups, we could not apply the

gSEM approach. These ancestry-specific meta-analyses were conducted using a sample-
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size weighted approach®® to combine genetic effects derived from different assessments
(Table 1). In the AFR GWAS meta-analysis of UKB, MVP, and AoU, we observed a GWS
association for rs575403075 (beta=-0.11, p=2.8X10®), located within a candidate cis-
regulatory element with enhancer-like signature (ENCODE accession number:
EH38E2597848) on chromosome 7*°. This AFR-specific locus (non-AFR minor allele
frequency<0.01) was previously associated with anxiety in the AFR GWAS in MVP.*® No
GWS associations were observed for the other populations. Because of the limited sample
size of the other population groups, we observed cross-ancestry replication (p<0.01) only for
two EUR GWS associations (Supplemental Table 3): rs12457101 (EUR beta=0.01,
p=2.1x10°; SAS beta=0.12, p=0.008) and rs10078721 (EUR beta=0.01, p=4.9x10% AFR
beta=0.02, p=0.009). EUR-derived polygenic risk scores (PRS) were significantly associated
with anxiety phenotypes (fifth quintile vs. first quintile of PRS distribution) in AFR-AoU
(OR=1.23, 95%Cl=1.12-1.36), AMR-AoU (OR=1.55, 95%CI=1.39-1.74), EAS-AoU
(OR=1.69, 95%CI=1.16-2.49), and EUR-AoU (OR=1.79, 95%CI|=1.69-1.89) (Figure 4;
Supplemental Table 4). The strength of the cross-ancestry PRS associations was
proportional to the genetic distance between EUR and the other populations investigated?’.
Likely due to the limited sample size, null EUR-derived PRS association was observed with

respect to SAS-AoU (Figure 4; Supplemental Table 4).

A cross-ancestry meta-analysis revealed 41 GWS LD-independent loci, of which ten

810 and index

were novel (Supplemental Table 5), considering previously reported variants
variants identified in the present ancestry-specific GWAS. The most significant among the
novel cross-ancestry GWS associations was rs2510682 (cross-ancestry z=5.92, p=3.3 X 10
°: EUR beta=-0.12, p=6.2X10®; AFR beta=-0.02, p=0.05; AMR beta=-0.04, p=0.18; EAS
beta=-0.04, p=0.69; SAS beta=-0.04, p=0.44) located in an intronic region of CNTN5 gene.
For this locus and most of the other cross-ancestry associations, the signal was almost
exclusively driven by the EUR sample. However, rs11681562 showed a cross-ancestry
GWS association (z=-5.67, p=1.4x10®) driven by both EUR and AFR samples (EUR beta=-
0.01, p=4.3x10; AFR beta=-0.02, p=0.005; EAS beta=-0.05, p=0.64; SAS beta=-0.07,

p=0.12).

Transcriptomic and Proteomic Analyses.

Partitioning the EUR-ANX heritability to 205 annotations based on tissue- and cell-
specific transcriptomic profiles (Supplemental Table 6), we identified that ANX genetic
liability was enriched for genes expressed in multiple brain regions, including the limbic
system (p=2.3 X107, the cerebral cortex (p=4.2 X 107), the cerebellum (p=7.4x107), the
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metencephalon (p=1.1x10"), the entorhinal cortex (p=1.5x10™), and the brain stem
(p=2.0x10™).

We performed a transcriptome-wide association study (TWAS) of the EUR-ANX
GWAS using S-PrediXcan®. Initially, we conducted a tissue-specific TWAS considering 13
brain tissues available from GTEx v8?%. We observed 152 transcriptome-wide significant
associations related to 39 genes accounting for the number of genes and brain tissues
tested (N=165,710, p<3.0x10™) with a Bonferroni correction (Supplemental Table 7). The
strongest association was related to the genetically regulated transcriptomic variation of the
DRD2 locus in the cerebellar hemisphere (z=-6.8, p=1.1x10™""). Interestingly, no
associations survived Bonferroni correction for this gene among the other brain tissues
tested. Conversely, four genes showed Bonferroni significant associations with 10 or more
brain tissues: CD40 (from hippocampus z=-6.0, p=1.5x 10 to nucleus accumbens z=-5.1,
p=2.7x10""), GNL3 (from spinal cord z=5.5, p=4.1 <107 to cerebellum z=5.3, p=1.0x107),
NEK4 (from cerebellar hemisphere z=5.6, p=5.6 X 10® to spinal cord z=5.2, p=2.5x10), and
SMIM4 (from anterior cingulate cortex z=-5.9, p=3.4 %107 to spinal cord z=-5.8, p=6.3xX10"
%). To investigate cross-tissue transcriptomic regulation further, we combined information
from 49 tissues available from GTEx V8?? in a multi-tissue TWAS using S-MultiXcan®. After
Bonferroni correction accounting for the number of genes tested (N=22,045; p<2.3x10®),
we identified 94 loci with genetically regulated transcriptomic associations with ANX (Figure
3, Supplemental Table 8). Fifty-nine of the 94 loci were not observed in the brain-specific
TWAS, including the most significant transcriptome-wide association related to MED19 (S-
MultiXcan p=5.5x10""). The second strongest multi-tissue association was LINC01360 (S-
MultiXcan p=1.5%x10"") near rs6689226, the most significant novel variant in the present
EUR-ANX GWAS.

To understand the potential role of brain proteomic regulation in the pathogenesis of
anxiety, we tested the EUR-ANX GWAS against protein quantitative trait loci (pQTL) in the
dorsolateral prefrontal cortex (dIPFC) with FUSION?*. We identified 24 loci with evidence of
genetically regulated proteomic association with ANX after Bonferroni correction accounting
for the number of genes tested (N=1,629; p<3.1x107) (Figure 3; Supplemental Table 9). We
observed six genes identified by the proteome-wide association study (PWAS) to also be
Bonferroni significant in the multi-tissue TWAS: CTNND1 (PWAS p=3.5x10®; multi-tissue
TWAS p=2.1x10?), CNNM2 (PWAS p=8.3x10™; multi-tissue TWAS p=2.3x10"), RAB27B
(PWAS p=9.4x10**; multi-tissue TWAS p=5.9x107%), KHK (PWAS p=4.2 X 10°%; multi-tissue
TWAS p=8.1x10"7), NEK4 (PWAS p=9.4x10®; multi-tissue TWAS p=7.2x10%), and
BTN2AL (PWAS p=9.6 x107°; multi-tissue TWAS p=1.2x107). Of those, CTNND1 and NEK4
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also demonstrated Bonferroni-significant expression in areas of the cortex, the basal ganglia,
and the cerebellum in the brain TWAS. CGREF1 was a PWAS significant hit (PWAS
p=3.3x107), with a significant brain TWAS expression in the frontal cortex (TWAS
p=1.13x10") and the putamen (TWAS p=2.73x107). The Bonferroni-significant PWAS loci

were enriched for multiple synaptic locations and biological processes, including synapse
(gene ontology, GO:0045202, p=4.6 X10™), synaptic vesicle membrane (GO:0030672,
p=5.9x10*), presynapse, synaptic vesicle (GO:0008021, p=0.001), process in the synapse
(SYNGO:synprocess, p=0.003), and process in the presynapse (SYNGO:presynprocess,
p=0.008).

Pleiotropy with Human Traits and Diseases.

We used MixeR? to investigate the polygenic architecture of anxiety in the context of
other psychiatric disorders. A total of 12,622+834 influential variants were estimated for
EUR-ANX. A similar estimate was observed for MDD (N=11,428+453, panx.diference=0.21).
Conversely, for anorexia nervosa (AN, N=7,869+387, panx-diference=1.9 X 107°), attention-deficit
hyperactivity disorder (ADHD, N=7,978+387, pANx_difference:4.4><10‘7), bipolar disorder (BIP,
N=8,772+387, Panx-diterence=1.4 X 107), PTSD (N=7,585+533, panx-diterence=3.6 X107"), and
schizophrenia (SCZ, N=9,636+262, panx-diference=6.4 X 10™), the number of influential variants
was significantly lower. No reliable estimate was obtained for autism spectrum disorder
(ASD), obsessive-compulsive disorder (OCD), and Tourette syndrome (TS, Supplemental
Table 10). Considering statistically meaningful bivariate MixeR models (Akaike information
criterion for the best model versus model with minimal possible polygenic overlap>0;
Supplemental Table 11), ANX shared 91+4%, 75+9%, and 68+1% of its influential variants
with MDD, BIP, and SCZ, respectively (Figure 5A; Supplemental Figure 2).

To estimate the local genetic correlation of ANX with other psychiatric traits, we used
Local Analysis of (co-)Variant Association (LAVA)?. After Bonferroni correction for the
number of tests performed (N=12,368, p<4.1x10®), we observed 47 local genetic
correlations of ANX with five psychiatric disorders (i.e., ADHD, BIP, MDD, PTSD, and SCZ)
across 35 genomic regions (Figure 5B; Supplemental Table 12). Consistent with the
extensive genetic overlap observed in MixeR, we observed local genetic correlations
between ANX and MDD in 39 genomic regions. Twelve regions showed evidence of local
genetic correlation between ANX and SCZ. Only two regions were genetically correlated
between ANX and ADHD, BIP, and PTSD, respectively. ANX demonstrated local genetic
correlations with two or more psychiatric disorders in 10 regions. Among them, ANX showed
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local genetic correlation with MDD (rho=0.97, p=2.3xX10°), SCZ (rho=0.84, p=7.2x10™?),
and BIP (rho=0.73, p=8.3x10"®) within locus 1719 (chr11:112,755,447-113,889,019;
Supplemental Figure 3. Within locus 2281 (chr18:52,512,524-53,762,996), ANX local genetic
correlation was found with MDD (rho=0.88, p=1.7 X10™?) and SCZ (rho=0.67, p=1.9x10™).
Among the most significant genomic regions, we also observed locus 852 (chr5:91,956,906-
93,814,604), where ANX was genetically correlated with ADHD (rho=0.97, p=4.7x10") and
MDD (rho=1, p=3.4x10®).

To decompose the pleiotropic mechanisms linking ANX to multiple psychiatric
disorders, we applied LAVA multiple regression models? to the five genomic regions with
the strongest evidence of local genetic correlation with ANX (Supplemental Table 13). ANX
was entered in the regression models as an outcome, and the other genetically correlated
traits as predictors. We observed that the local genetic correlations of ANX with MDD, SCZ,
and BIP in locus 1719 were not independent of each other. Shared pleiotropic mechanisms
involving ANX were also observed in locus 62 (chrl:72,513,120-73,992,170) for MDD and
SCZ and locus 852 (chr5:91,956,906-93,814,604) for ADHD and MDD. Conversely, for locus
1582 (chr10:106,142,284-107,877,787), we identified independent pleiotropic mechanisms
of ANX with MDD (rho=0.91, p=5.2x 10°%; gamma=0.63, p=0.04) and SCZ (rho=1,
p=2.8 x10%; gamma=0.78, p=0.004). For locus 2281 (chr18:52,512,524-53,762,996), the
ANX-MDD local genetic correlation (rho=0.88, p=1.7 X 10*?; gamma=0.78, p=0.003) was the
primary pleiotropic driver that also accounted for ANX-SCZ relationship (rho=0.67,
p=1.9%x10"; gamma=0.16, p=0.35).

To investigate the shared genetic mechanisms between ANX and human traits and
diseases, we performed a phenome-wide genetic correlation analysis leveraging 11,175
phenotypes available from UKB, MVP, and FinnGen?"?. After Bonferroni correction
(p<4.47%x107), 1,929 showed a statistically significant genetic correlation with ANX (Figure
6, Supplemental Table 14). Among these, the median |rg| was 0.42 (25" percentile=0.29;
75" percentile=0.55), with 77 of the top 100 results (all |rg|>0.72) being mental health
outcomes (e.g., FinnGen anxiety disorders rg=0.91, p<1x107%; UKB self-reported
depression rg=0.83, p=1.0x10"%) and related drug prescriptions (e.g., UKB citalopram
medication rg=0.93, p=7.3x10®; FinnGen depression medications rg=0.82, p<1x10°%).
Among non-psychiatric outcomes, the top results included myalgia (FinnGen rg=0.85,
p=4.0x10"?), nausea/vomiting (UKB rg=0.84, p=1.5x10""), diseases of pulp and periapical
tissues (FinnGen rg=0.84, p=4.6 X107, dysuria (MVP rg=0.79, p=1.7 X 10®), cystitis
(FinnGen rg=0.77, p=8.1x10"), constipation (UKB rg=0.75, p=1.2 x10?°), pain related to
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temporomandibular disorders (FinnGen rg=0.75, p=1.4 < 10™*°), unspecified dorsalgia
(FinnGen rg=0.73, p=3.1x10*), and pain management (UKB rg=0.73, p=6.1x107).

To investigate potential causal relationships underlying those genetic correlations, we
employed the latent causal variable approach (LCV)®. We identified 24 traits with
statistically significant genetic causal proportion (gcp) after a false discovery rate (FDR)
multiple testing correction (FDR g<0.05, p<4.1x10®) (Supplemental Table 15). Positive
causal effects were observed from other phenotypes to ANX in all cases (LCV rho>0). Only
three of these phenotypes were related to mental health: “Number of things worried about
during worst period of anxiety” (UKB gcp=0.89, p=4.1x10%%; rho=0.67+0.10), “Ever had
period of mania/excitability” (UKB gcp=0.46, p=1.4 X10%; rho=0.51+0.08), and “Number of
cigarettes currently smoked daily” (UKB gcp=0.54, p=2.2x10; rh0=0.23+0.07). Seven of
the phenotypes identified were related to physical health concerns, with the strongest
relationship implicating Dupuytren's disease (MVP, gcp=0.71, p=7.1x10; rho=0.13+0.05).
Five were related to the cardiovascular system: “Atherosclerotic cardiovascular disease”
(MVP, gcp=0.60, p=8.9x10%°; rho=0.40+0.09), “Other disorders of circulatory system” (UKB,
gcp=0.43, p=5.2x10%; rho=0.46+0.07), “Medication for transient ischemic attack” (MVP,
gcp=0.63, p=6.4x10™""; rho=0.24+0.0.8), “Other specified cardiac dysrhythmias” (UKB,
gcp=0.93, p=7.0x10™"; rho=0.40+0.08), and “Heart Surgery” (UKB, gcp=0.96, p=7.0x10™**;
rho=0.40+0.0.08). We also observed two environmental variables with FDR-significant
effects: “Workplace had a lot of diesel exhaust” (UKB, gcp=0.95, p=2.9 X10%*;
rho=0.45+0.10) and “Number of gap periods in employment” (UKB, gcp=0.60, p=5.4x10";
rho=0.26+0.08).

DISCUSSION

The present study analyzed genome-wide information of more than 1.2 million
participants, giving valuable insights into the genetic liability of anxiety disorders. The ANX
GWAS in EUR identified 40 GWS associations, 29 of which were novel. Unfortunately, the
limited sample size of other ancestry groups permitted us to only confirm a previously
reported locus in AFR™. However, the cross-ancestry GWAS added ten novel anxiety risk
loci to our gene discovery. The novel findings of the EUR-specific and cross-ancestry
analyses quadrupled the gene discoveries reported by previous studies®*°. Among the novel
loci identified, the strongest ANX association was with rs6689226, located near LINC01360.
While the regulatory mechanisms related to this long non-coding RNA (IncRNA) are unclear,
this variant was previously associated with several mental health outcomes such as smoking

initiation®*, externalizing behaviors®, and cross-disorder psychopathology®®. Our multi-


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

tissue transcriptomic analysis identified genetically regulated expression of LINC01360 in the
testis. LncRNAs are more expressed in the testis than other tissues, and some of them play
a role in androgen production®*, which may be of pathophysiological relevance in certain
animal models of anxiety®. In the cross-ancestry GWAS, the strongest ANX association was
rs2510682, located in an intron region of the CNTN5 gene, which encodes a protein
mediating cell surface interactions during the development of the nervous system*®. While it
has not been associated with anxiety by previous GWAS®'°, CNTN5 variants were linked to
neuroticism®’, suicidal behaviors®, and ASD*. The second most significant cross-ancestry
association, rs11681562, was also a novel ANX locus. Variants in high LD with rs11681562
(r*>0.8) have been previously associated with multiple phenotypes related to human cortical
folding (i.e., vertex-wise sulcal depth, vertex-wise cortical thickness, vertex-wise cortical
surface area, cortical thickness, and cortical surface area)*°. Rs11681562 is an eQTL for
multiple genes located in a chromosomal region with high gene density. In this region, our
transcriptome-wide and proteome-wide analyses converge on KHK as potentially linked to
anxiety pathogenesis. This gene is responsible for producing an enzyme involved in fructose
metabolism*. Animal studies highlighted the potential role of early-life high fructose
exposure in long-term depression- and anxiety-like behaviors*’. KHK has also been
identified as a PTSD risk locus in transcriptomic and proteomic analyses in the brain and
blood*®. However, we cannot exclude that other genes in this region may contribute to the
association observed.

The transcriptome- and proteome-wide analyses converged on five additional loci:
CTNND1, CNNM2, RAB27B, BTN2A1, and NEK4. In both approaches, the strongest
statistical evidence was observed for the CTNND1 gene. This encodes a protein regulating
the dendritic spine and synapse development through rho-family GTPases and cadherins*.
The overexpression of CTNND1 has been linked to improved memory and reduced anxiety
in mice*®. The CNNM2 gene, encoding a cyclin protein involved in Mg®* transport, has been
associated with impaired neuronal development and epilepsy*®. RAB27B has been identified
as a PTSD and depression risk locus in transcriptomic and proteomic analyses in the brain
and blood*’. Reduced BTN2A1 expression in the placenta was linked to immune system
processes in the context of maternal anxiety and depression*®. NEK4 has been previously
associated with ADHD, BIP, migraines, and cross-disorder psychopathology in genetic and

multi-omics analyses®®*?.

In line with the cross-disorder overlap observed in the single-locus discoveries
described above, our genome-wide analyses indicated pleiotropic mechanisms between

ANX and other psychiatric disorders. We observed a similar degree of polygenicity and a
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high genetic correlation between ANX and MDD (rg=0.9), consistent with previous

354 and their shared symptomatology>>°°. However, while 99% of MDD influential

studies
variants appear to be shared with ANX, our MixeR analysis suggests that about 10% of the
ANX influential variants do not overlap with those of MDD. This may suggest, from a genetic

perspective, that MDD is considered an ANX subtype.

LAVA identified several genomic regions with statistical evidence for the local genetic
correlation of ANX with multiple psychiatric disorders. In line with the global pleiotropy
analysis, ANX shared the most local genetic correlations with MDD. We also observed
multiple regions where ANX showed local genetic correlation with two or more mental
illnesses. Among them, locus 1719 (chr11:112,755,447-113,889,019) linked ANX to MDD,
SCZ, and BIP. Based on data available from the GWAS catalog®’, over 400 GWS
associations involving more than 100 phenotypes have been previously reported in this
genomic region (Supplemental Table 16), with the majority related to mental health
outcomes, such as anxiety, SCZ, BIP, MDD, PTSD, substance use, and educational
attainment. Within this region, we observed the strongest brain-specific TWAS finding,
involving the association of ANX with the genetically regulated transcriptomic variation of
DRD2 in the cerebellar hemispheres but not in other brain tissues. This locus is well-known
in psychiatric genetics, and considerable research has characterized the function of the
encoded dopamine D2 receptor (DR2) protein®. In mice, changes in cerebellar D2R levels in
Purkinje cells alter sociability and preference for social novelty®®. The present findings

suggest a role for cerebellar D2R in the pathophysiology of human anxiety disorders.

Additionally, we observed a strong genetic overlap between ANX and health-related
traits beyond psychiatric disorders. Among the non-psychiatric phenotypes in the 100
highest genetic correlations, we observed several gastrointestinal (43%) and pain-related
(17%) phenotypes involving different body areas (e.g., muscle, temporomandibular, and
thoracic). Anxiety is highly comorbid with gastrointestinal (Gl) disorders. Irritable bowel

€081 However, the

syndrome has a common genetic basis with anxiety and mood disorders
genomic links between anxiety and the broader spectrum of Gl disorders are still unclear. A
growing body of literature supports the complex interplay between pain and anxiety
disorders®®. A recent brain-wide analysis integrating imaging and genetic data highlighted
the potential role of pain sensitivity in the pathogenesis of anxiety disorders®. The results of
our LCV analyses also identified genetic evidence of a causal impact of physical health
phenotypes on anxiety disorders, particularly for multiple cardiovascular conditions. This is in
line with the known comorbidity between these disorders® and the high anxiety prevalence

after cardiac events®.
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Our common ANX factor demonstrated high loadings to all input datasets
(standardized loadings=0.8), suggesting the generalizability of the results across different
cohorts. However, FinnGen and iPSYCH showed more consistent genetic effects than the
other samples investigated, with MVP showing the highest degree of phenotypic dilution.
One potential explanation is that MVP was the only cohort where anxiety was assessed
guantitatively. Those results highlight that more homogeneous and detailed assessments
may improve the statistical power and interpretability of genetic studies. Unfortunately, the
limited sample size and statistical power in non-EUR populations precluded identifying novel
loci in these ancestries. However, we demonstrated evidence that the polygenic risk for ANX
detected in EUR is translatable to other population groups. Similar to prior observations®’,
the strength of the cross-ancestry PRS association was proportional to the genetic distance
between the population group of the training and target samples. To improve inclusion and
equity in anxiety genetics, future studies should prioritize recruiting and assessing diverse

cohorts.

In conclusion, this large-scale genome-wide and multi-omics investigation yielded
novel insights into the biology of anxiety disorders. We significantly expanded the number of
known anxiety risk loci, highlighting the importance of analyzing data from ancestrally
diverse participants. Our multi-omics analyses identified novel pathways putatively involved
in the pathogenesis of anxiety and refined plausible mechanisms related to previously
reported loci. We also disentangled the pleiotropic mechanisms linking ANX to MDD and
other psychiatric disorders, reinforcing the importance of studying anxiety disorders in the

context of physical health.
METHODS
Study Populations.

The present study leveraged genome-wide data from six cohorts including AoU®,
FinnGen®®, iPSYCH', MVP'°, PGC™, and UKB? (Table 1). This permitted us to investigate
a total of 1,266,780 participants with diverse ancestral backgrounds. AoU is a research
program aiming to create a representative cohort of the US population to accelerate
biomedical research and improve healthcare through precision medicine®®. Among the
samples investigated in the present study, the AoU cohort was the most ancestrally diverse,
with information on five genetically inferred population groups (i.e., AFR, AMR, EAS, EUR,

and SAS). Details regarding AoU recruitment, assessment, and whole-genome sequencing
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have been previously described®®, and the genomic quality control is described at

https://support.researchallofus.org/hc/en-us/articles/4617899955092-All-of-Us-Genomic-

Quality-Report. In the present study, we analyzed genetic and phenotypic information for
201,334 individuals. The definition of anxiety disorder cases and controls was derived from
AoU electronic health records (EHR) using the SNOMED (Systematized Nomenclature of
Medicine) classification system’?. Cases were defined as AoU participants with a lifetime
diagnosis of generalized anxiety disorder (SNOMED ID: 434613), panic disorder (SNOMED
ID: 4138454), phobic disorder (SNOMED ID: 4304010), chronic stress disorder (SNOMED
ID: 436074), acute stress disorder (SNOMED ID: 440083), posttraumatic stress disorder
(SNOMED ID: 436676), obsessive-compulsive disorder (SNOMED ID: 440374), or mixed
anxiety and depressive disorder (SNOMED ID: 4338031). Any participant without a
documented EHR diagnosis falling into the above categories until the maximum follow-up
age was considered a control. Ancestry-stratified GWAS was performed using the following
quality control criteria: biallelic variants with minor allele frequency >1%, Hardy-Weinberg
equilibrium p<10®, call rate >95%, and per-individual genotyping rate >95%. A PLINK 2"
logistic regression model estimated genetic associations, including covariates for sex, age,

and the first ten within-ancestry principal components.

FinnGen is a project focused on developing a large Finnish cohort combining
genotype data from biobanks and digital health record data from health registries?’. In the
present study, we used genome-wide association statistics generated from Release 9 (May
11, 2023). A detailed description of FinnGen data is available at
https://finngen.qgitbook.io/documentation/v/r9/. The FinnGen GWAS was performed using

REGENIE™ including covariates for age, sex, the top-ten within-ancestry PCs, and
genotyping batch. In our analysis, we used GWAS data generated from 40,191 cases and
277,526 controls of EUR descent for the phenotype "anxiety disorders”
(KRA_PSY_ANXIETY), defined based on International Classification of Diseases (ICD-10
F40-F48; ICD-9 300.0-300.3, 300.6-300.9,3078A, 309; ICD-8 300.0-300.2, 30030, 300.5-
300.9, 305, 30680, 30799). Details regarding the KRA_PSY_ANXIETY definition are
available at https://risteys.finregistry.fi/endpoints/KRA _PSY ANXIETY.

iPSYCH is a large Danish population-based cohort aimed at unraveling the genetic
and environmental architecture of severe mental disorders”. In the present study, we used
genome-wide association statistics generated from the analysis of 12,655 cases and 19,225
controls of EUR descent’®. Cases were defined as individuals with an anxiety and stress-
related diagnosis according to the ICD-10 F40.0-F41.9 and F43.0-F43.9. codes. Controls

included individuals without any ICD-10 diagnoses of anxiety, stress-related disorders, or
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mood disorders. Genetic associations were estimated using logistic regression models with
the imputed marker dosages using the first four principal components as ancestry
covariates. The analysis was stratified by genotyping batch, and the results were meta-

analyzed using an inverse variance—weighted fixed-effect models.

MVP is a biobank funded by the US Department of Veterans Affairs to understand
how genes, lifestyle, military experiences, and exposures affect health and wellness’®. The
GWA statistics used in the present study were generated from an analysis of 61,796 and
241,541 participants of AFR and EUR descent, respectively'®. The anxiety phenotype was
the total score of the generalized anxiety disorder 2-item scale, which ranged from 0 to 6.
The genetic association analysis was performed using a PLINK 27 logistic regression model

with covariates for age, sex, and the first ten within-ancestry principal components.

PGC genome-wide association statistics were derived from a meta-analysis
conducted by the Anxiety NeuroGenetics STudy (ANGST)"*. Cases were defined as
individuals with diagnoses of generalized anxiety disorder, panic disorder, social phobia,
agoraphobia, or specific phobias’. A total of 5,761 cases and 11,765 controls of EUR
descent were included. The GWAS was performed using a logistic regression model with

covariates for sex, age, and the first ten within-ancestry principal components.

UKB is a large population-based study that collected information regarding over
500,000 participants®®. GWA statistics used in the present study were obtained from the

Pan-UKB analysis. Details regarding the quality control, ancestry assignment, and statistical

analyses are available at https://pan.ukbb.broadinstitute.org/. Briefly, ancestry-stratified
GWASs were performed using the Scalable and Accurate Implementation of Generalized
(SAIGE)"" mixed models, including a kinship matrix as a random effect and the remaining
covariates (i.e., top-10 within-ancestry PC, sex, age, age?, sexxage, and sex X age?) as
fixed effects. We analyzed UKB a total of 10,751 cases and 383,235 controls of AFR, EUR,

and SAS descents for the phecode 300 “Anxiety, dissociative and somatoform disorders”.

Phenotype Definition Comparisons.

Because of the different anxiety definitions, we compared their genetic architecture
using two methods. LD Score regression’® was used to estimate their SNP-based heritability
and their pairwise genetic correlations. LD scores were calculated using HapMap 3 variants
and the 1000 Genomes Project reference populations corresponding to each ancestry

group™. Phenotype dilution among anxiety definitions was quantified using PheMED"*,
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considering the FinnGen cohort as the reference sample because it showed the highest
SNP-based heritability z-score. Because of the lack of significant SNP-based heritability in
non-EUR samples, genetic correlation, and phenotype dilution analyses were performed

only in EUR datasets.
Ancestry-Specific and Cross-Ancestry Meta-Analyses and Conditional Analysis.

Due to moderate genetic correlation (median rg=0.72) and statistically significant
phenotype dilution among anxiety phenotypes, we combined the EUR GWASS using the

gSEM approach®™. As recommended®, we used the effective sample size for each EUR

+1/n ). For

controls

anxiety GWAS. For binary definitions, this was calculated as 4/(1/N

cases
guantitative phenotypes, we used the total sample size. The effective sample size of the
common ANX factor obtained from the gSEM analysis was estimated as

mean(1/(2 X MAF x (1 — MAF) x SE*), where MAF is the minor allele frequency and SE is
the standard error. Due to the limited sample sizes, we could not use gSEM to combine
genome-wide information available for AFR (AoU, UKB, and MVP) and SAS (AoU and UKB).
Thus, we performed ancestry-specific meta-analyses using the sample-size weighted
approach available in METAL™. To present ancestry-specific effects with the same statistics,
AFR and SAS z-scores obtained from the sample-size weighted approach were converted to
betas using the following formula: beta = z/sqrt(2 X p X (1 — p) x (n + z?%), where p is the
effect allele frequency and n is the sample size. The sample-size weighted approach, using
effective sample sizes, was also used to perform the cross-ancestry meta-analysis.
Independent associations were identified by clumping GWS associations considering LD
r’<0.1. To identify secondary associations accounting for the primary GWS signals, we
applied the stepwise model selection procedure available in the COJO approach
implemented in the GCTA package'”®'. Among the GWS associations identified by the
conditional analysis, we considered only those with LD r’<0.8 with respect to the

corresponding index GWS variant.
Cross-Ancestry Polygenic Risk Scoring.

To investigate how anxiety polygenic risk translates across ancestry groups, we
derived PRS from the EUR ANX factor and tested them in other populations available from
the AoU cohort (i.e., AFR, AMR, EAS, and SAS). To compare within-ancestry to cross-
ancestry PRS associations, we derived a PRS from the EUR ANX factor excluding AoU-

EUR and used the latter as the EUR target sample. Posterior variant-level effect sizes of the
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EUR ANX factor were computed using PRS-CS® and the 1000 Genomes European
population as LD reference. ANX PRS were computed using PLINK"®. We tested the
quintiles of PRS distribution using the first quintile as reference with logistic regression

models available in the stats R package in AoU population groups.

Heritability Analyses.

LDSC"® was used to estimate the SNP-based heritability of anxiety leveraging
ancestry-specific genome-wide association statistics using the methods described above.
For the EUR ANX factor, we also performed a partitioned heritability analysis®, testing the
enrichment of 205 tissue- and cell-type specific transcriptomic profiles. These annotations

4
b8 ,85

were derived from GTEx V8% (53 tissues) and the Franke la (152 tissues/cell types).

Transcriptome- and Proteome-Wide Association Studies.

To understand the role of genetically regulated transcriptomic and proteomic
variation in anxiety pathogenesis, we performed transcriptome-wide and proteome-wide
association analyses. A brain-specific transcriptome-wide investigation was conducted using
S-PrediXcan? to integrate EUR-ANX genome-wide association statistics with GTEx eQTL
data available for 13 brain tissues. A Bonferroni correction accounting for the number of
tests performed (N=165,710, p<3x10”) was applied to define the statistically significant
associations. To explore cross-tissue transcriptomic regulation, we performed a multi-tissue
transcriptome-wide association analysis using S-MultiXcan?®. This permitted us to boost the
statistical power of the association analysis via a joint multi-tissue analysis accounting for
transcriptomic correlation across the 49 GTEX tissues tested. Multi-tissue genetically
regulated transcriptomic associations were defined after Bonferroni correction accounting for
the number of the genes tested (N=22,045; p<2.27 x10®).

Proteome-wide associations were estimated using the FUSION approach?* to
integrate EUR-ANX GWAS with dIPFC pQTLs available from Religious Orders Study and
Memory and Aging Project (ROSMAP)® and the Banner Sun Health Research Institute
(BSHRI)®’. Analyses were performed separately in two pQTL datasets and the results were
meta-analyzed using an inverse-variance weighted approach available in METAL*.
Bonferroni correction accounting for the number of genes tested (N=1,629; p<3.07 X107)
was applied to define proteome-wide significant genes. To understand their implications on
synaptic localization and function, these loci were analyzed using SynGO®®, an online

knowledge base that organizes research on synaptic proteins using GO annotations. SynGO
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enrichments were estimated for each subset of cellular components and biological

processes by a one-sided Fisher exact test.

Pleiotropy Analyses.

We used multiple methods and data sources to estimate the pleiotropy between EUR
ANX and human traits and diseases. Initially, we focused on understanding the shared
genetic mechanisms of ANX with other psychiatric disorders previously investigated using
GWAS, including ADHD®®, AN*°, ASD®, BIP®2, MDD, OCD*, PTSD%, SCZ, and TS®. After
excluding the MHC region (chr6:26,000,000-34,000,000), we applied mixture models
available from MixeR? to estimate the number of influential variants ANX shares with other
psychiatric disorders. We then applied LAVA? to estimate local genetic correlations of ANX
with mental ilinesses. Because we observed local genetic correlation with multiple
psychiatric disorders in the same genomic regions, we used LAVA multivariate models?® to
dissect whether the observed local genetic correlations were common or distinct among the
implicated disorders. For MixeR and LAVA analyses, European populations available from

1000 Genomes Project Phase 3 were used as LD reference.

To assess ANX pleiotropic mechanisms across the human phenotypic spectrum, we
performed an LDSC genetic correlation analysis’® for 11,175 phenotypes available from UKB

(details available at https://pan.ukbb.broadinstitute.org/), FinnGen (Release 9, details

available at https:/finngen.gitbook.io/documentation/v/r9/), and MVP?°. Bonferroni correction

accounting for the number of tests performed was applied to define statistically significant
genetic correlations (p<4.47 x10®). To investigate the potential causality underlying the
observed genetic correlations, we conducted a phenome-wide LCV* analysis using
FinnGen, UKB, and MVP data. This was performed using LD scores calculated from
European populations available from the 1000 Genomes Project Phase 3. LCV permitted us
to calculate gcp estimates. Positive and negative gcp values reflect the direction of the
putative causal effect (i.e., phenotype #1 — phenotype #2 and phenotype

#2 — phenotype #1, respectively). In the present study, positive gcp values correspond to
the effect of a phenotype on ANX. Information regarding the sign of the LCV effect is
determined by the LCV rho statistics: rho>0 corresponds to a positive effect, while rho<0

corresponds to a negative effect.

ACKNOWLEDGMENTS


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

This study was supported by grants from the National Institutes of Health (RF1 MH132337,
R33 DA047527, and K99 AG078503), One Mind, the Alzheimer’'s Association (Research
Fellowship AARF-22-967171), the American Foundation for Suicide Prevention (PDF-1-022-
21), Horizon 2020 (Marie Sklodowska-Curie Individual Fellowship 101028810), University of
Bergen (International Training Grant), and the Yale Franke Program in Science and
Humanities. We also acknowledge the contribution of the participants and the investigators
involved in the UK Biobank, the FinnGen Project, the Million Veteran Program, the All of Us
Research Program, the iPSYCH study, and the Psychiatric Genomics Consortium. The All of
Us Research Program is supported by the National Institutes of Health, Office of the
Director: Regional Medical Centers: 1 OT2 OD026549; 1 OT2 OD026554; 1 OT2
0OD026557; 1 OT2 OD026556; 1 OT2 OD026550; 1 OT2 OD 026552; 1 OT2 OD026553; 1
OT2 0OD026548; 1 OT2 OD026551; 1 OT2 OD026555; IAA #: AOD 16037; Federally
Qualified Health Centers: HHSN 263201600085U; Data and Research Center: 5 U2C
0D023196; Biobank: 1 U24 OD023121; The Participant Center: U24 OD023176; Participant
Technology Systems Center: 1 U24 OD023163; Communications and Engagement: 3 OT2
0D023205; 3 OT2 OD023206; and Community Partners: 1 OT2 OD025277; 3 OT2
0OD025315; 1 OT2 OD025337; 1 OT2 OD025276.

COMPETING INTERESTS

Dr. Polimanti is paid for their editorial work on the journal Complex Psychiatry and reports a

research grant from Alkermes. The other authors declare no competing interests.


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

REFERENCES
1. Szuhany, K.L. & Simon, N.M. Anxiety Disorders: A Review. JAMA 328, 2431-2445
(2022).
2. Mutz, J., Choudhury, U., Zhao, J. & Dregan, A. Frailty in individuals with depression,

bipolar disorder and anxiety disorders: longitudinal analyses of all-cause mortality.
BMC Med 20, 274 (2022).

3. Association, A.P. Diagnostic and Statistical Manual of Mental Disorders.

4, Penninx, B.W.J.H., Pine, D.S., Holmes, E.A. & Reif, A. Anxiety disorders. The Lancet
397, 914-927 (2021).

5. Meier, S.M. & Deckert, J. Genetics of Anxiety Disorders. Curr Psychiatry Rep 21, 16
(2019).

6. Hettema, J.M., Neale, M.C. & Kendler, K.S. A review and meta-analysis of the
genetic epidemiology of anxiety disorders. Am J Psychiatry 158, 1568-78 (2001).

7. Purves, K.L. et al. A major role for common genetic variation in anxiety disorders. Mol
Psychiatry 25, 3292-3303 (2020).

8. Hettema, J.M. et al. Genome-wide association study of shared liability to anxiety
disorders in Army STARRS. Am J Med Genet B Neuropsychiatr Genet 183, 197-207
(2020).

9. Li, W. et al. Genome-wide meta-analysis, functional genomics and integrative

analyses implicate new risk genes and therapeutic targets for anxiety disorders. Nat
Hum Behav (2023).

10. Levey, D.F. et al. Reproducible Genetic Risk Loci for Anxiety: Results From ~200,000
Participants in the Million Veteran Program. Am J Psychiatry 177, 223-232 (2020).

11. Sirugo, G., Williams, S.M. & Tishkoff, S.A. The Missing Diversity in Human Genetic
Studies. Cell 177, 26-31 (2019).

12. Meng, X. et al. Multi-ancestry genome-wide association study of major depression
aids locus discovery, fine mapping, gene prioritization and causal inference. Nat
Genet (2024).

13. Nievergelt, C.M. et al. Discovery of 95 PTSD loci provides insight into genetic
architecture and neurobiology of trauma and stress-related disorders. medRxiv
(2023).

14, Burstein, D. et al. Detecting and Adjusting for Hidden Biases due to Phenotype
Misclassification in Genome-Wide Association Studies. medRxiv (2023).

15. Grotzinger, A.D. et al. Genomic structural equation modelling provides insights into
the multivariate genetic architecture of complex traits. Nat Hum Behav 3, 513-525
(2019).

16. Bulik-Sullivan, B.K. et al. LD Score regression distinguishes confounding from
polygenicity in genome-wide association studies. Nature Genetics 47, 291-295
(2015).

17. Yang, J. et al. Conditional and joint multiple-SNP analysis of GWAS summary
statistics identifies additional variants influencing complex traits. Nat Genet 44, 369-
75, S1-3 (2012).

18. Willer, C.J., Li, Y. & Abecasis, G.R. METAL.: fast and efficient meta-analysis of
genomewide association scans. Bioinformatics 26, 2190-1 (2010).

19. Moore, J.E. et al. Expanded encyclopaedias of DNA elements in the human and
mouse genomes. Nature 583, 699-710 (2020).

20. Peterson, R.E. et al. Genome-wide Association Studies in Ancestrally Diverse
Populations: Opportunities, Methods, Pitfalls, and Recommendations. Cell 179, 589-
603 (2019).

21. Barbeira, A.N. et al. Exploring the phenotypic consequences of tissue specific gene
expression variation inferred from GWAS summary statistics. Nat Commun 9, 1825
(2018).


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

All rights reserved. No reuse allowed without permission.

Consortium, G. The GTEx Consortium atlas of genetic regulatory effects across
human tissues. Science 369, 1318-1330 (2020).

Barbeira, A.N. et al. Integrating predicted transcriptome from multiple tissues
improves association detection. PLoS Genet 15, e1007889 (2019).

Guseyv, A. et al. Integrative approaches for large-scale transcriptome-wide
association studies. Nat Genet 48, 245-52 (2016).

Frei, O. et al. Bivariate causal mixture model quantifies polygenic overlap between
complex traits beyond genetic correlation. Nat Commun 10, 2417 (2019).

Werme, J., van der Sluis, S., Posthuma, D. & de Leeuw, C.A. An integrated
framework for local genetic correlation analysis. Nat Genet 54, 274-282 (2022).
Kurki, M.1. et al. FinnGen provides genetic insights from a well-phenotyped isolated
population. Nature 613, 508-518 (2023).

Bycroft, C. et al. The UK Biobank resource with deep phenotyping and genomic data.
Nature 562, 203-209 (2018).

Verma, A. et al. Diversity and Scale: Genetic Architecture of 2,068 Traits in the VA
Million Veteran Program. medRxiv (2023).

O'Connor, L.J. & Price, A.L. Distinguishing genetic correlation from causation across
52 diseases and complex traits. Nat Genet 50, 1728-1734 (2018).

Liu, M. et al. Association studies of up to 1.2 million individuals yield new insights into
the genetic etiology of tobacco and alcohol use. Nat Genet 51, 237-244 (2019).
Karlsson Linnér, R. et al. Multivariate analysis of 1.5 million people identifies genetic
associations with traits related to self-regulation and addiction. Nat Neurosci 24,
1367-1376 (2021).

pleeO@mgh.harvard.edu, C.-D.G.0.t.P.G.C.E.a. & Consortium, C.-D.G.0.t.P.G.
Genomic Relationships, Novel Loci, and Pleiotropic Mechanisms across Eight
Psychiatric Disorders. Cell 179, 1469-1482.e11 (2019).

Otsuka, K. et al. A Testis-Specific Long Noncoding RNA,. Front Endocrinol
(Lausanne) 12, 665874 (2021).

Domonkos, E., Hodosy, J., Ostatnikova, D. & Celec, P. On the Role of Testosterone
in Anxiety-Like Behavior Across Life in Experimental Rodents. Front Endocrinol
(Lausanne) 9, 441 (2018).

Zuloaga, D.G., Heck, A.L., De Guzman, R.M. & Handa, R.J. Roles for androgens in
mediating the sex differences of neuroendocrine and behavioral stress responses.
Biol Sex Differ 11, 44 (2020).

Wendt, F.R. et al. Sex-Specific Genetic and Transcriptomic Liability to Neuroticism.
Biol Psychiatry 93, 243-252 (2023).

Wendt, F.R. et al. Sex-stratified gene-by-environment genome-wide interaction study
of trauma, posttraumatic-stress, and suicidality. Neurobiol Stress 14, 100309 (2021).
Narita, A. et al. Clustering by phenotype and genome-wide association study in
autism. Transl Psychiatry 10, 290 (2020).

Shadrin, A.A. et al. Vertex-wise multivariate genome-wide association study identifies
780 unique genetic loci associated with cortical morphology. Neuroimage 244,
118603 (2021).

Brouwers, M.C.G.J. Fructose 1-phosphate, an evolutionary signaling molecule of
abundancy. Trends Endocrinol Metab 33, 680-689 (2022).

Hyldgaard Andersen, S., Black, T., Grassi-Oliveira, R. & Wegener, G. Can early-life
high fructose exposure induce long-term depression and anxiety-like behaviours? - A
preclinical systematic review. Brain Res 1814, 148427 (2023).

Pathak, G.A. et al. Genetically regulated multi-omics study for symptom clusters of
posttraumatic stress disorder highlights pleiotropy with hematologic and cardio-
metabolic traits. Mol Psychiatry 27, 1394-1404 (2022).

Elia, L.P., Yamamoto, M., Zang, K. & Reichardt, L.F. p120 catenin regulates dendritic
spine and synapse development through Rho-family GTPases and cadherins.
Neuron 51, 43-56 (2006).


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

All rights reserved. No reuse allowed without permission.

Ryu, T. et al. Improved memory and reduced anxiety in d-catenin transgenic mice.
Exp Neurol 318, 22-31 (2019).

Li, X. et al. Case Report: CNNM2 Mutations Cause Damaged Brain Development
and Intractable Epilepsy in a Patient Without Hypomagnesemia. Front Genet 12,
705734 (2021).

Deng, Y.T. et al. Identifying causal genes for depression via integration of the
proteome and transcriptome from brain and blood. Mol Psychiatry 27, 2849-2857
(2022).

Martinez, C.A. et al. Prenatal stress, anxiety and depression alter transcripts,
proteins and pathways associated with immune responses at the maternal-fetal
interfacet. Biol Reprod 106, 449-462 (2022).

Al-Mubarak, B.R. et al. Whole exome sequencing in ADHD trios from single and
multi-incident families implicates new candidate genes and highlights polygenic
transmission. Eur J Hum Genet 28, 1098-1110 (2020).

Shang, M.Y. et al. Genetic associations between bipolar disorder and brain structural
phenotypes. Cereb Cortex 33, 6990-7000 (2023).

Gedik, H. et al. Identifying potential risk genes and pathways for neuropsychiatric and
substance use disorders using intermediate molecular mediator information. Front
Genet 14, 1191264 (2023).

Meyers, T.J. et al. Transcriptome-wide association study identifies novel candidate
susceptibility genes for migraine. HGG Adv 4, 100211 (2023).

Wendt, F.R. et al. Characterizing the effect of background selection on the
polygenicity of brain-related traits. Genomics 113, 111-119 (2021).

Wendt, F.R., Pathak, G.A., Tylee, D.S., Goswami, A. & Polimanti, R. Heterogeneity
and Polygenicity in Psychiatric Disorders: A Genome-Wide Perspective. Chronic
Stress (Thousand Oaks) 4, 2470547020924844 (2020).

Marshall, M. The hidden links between mental disorders. Nature 581, 19-21 (2020).
Huang, Y.C. et al. Anxiety comorbidities in patients with major depressive disorder:
the role of attachment. Int J Psychiatry Clin Pract 23, 286-292 (2019).

Sollis, E. et al. The NHGRI-EBI GWAS Catalog: knowledgebase and deposition
resource. Nucleic Acids Res 51, D977-D985 (2023).

Ike, K.G.O. et al. The human neuropsychiatric risk gene Drd2 is necessary for social
functioning across evolutionary distant species. Mol Psychiatry (2023).

Cutando, L. et al. Cerebellar dopamine D2 receptors regulate social behaviors. Nat
Neurosci 25, 900-911 (2022).

Avramidou, M. et al. Epidemiology of gastrointestinal symptoms in young and middle-
aged Swiss adults: prevalences and comorbidities in a longitudinal population cohort
over 28 years. BMC Gastroenterol 18, 21 (2018).

Eijsbouts, C. et al. Genome-wide analysis of 53,400 people with irritable bowel
syndrome highlights shared genetic pathways with mood and anxiety disorders. Nat
Genet 53, 1543-1552 (2021).

Kremer, M., Becker, L.J., Barrot, M. & Yalcin, I. How to study anxiety and depression
in rodent models of chronic pain? Eur J Neurosci 53, 236-270 (2021).

GOmez Penedo, J.M. et al. The Complex Interplay of Pain, Depression, and Anxiety
Symptoms in Patients With Chronic Pain: A Network Approach. Clin J Pain 36, 249-
259 (2020).

Zanoaga, M.D. et al. Brainwide Mendelian Randomization Study of Anxiety Disorders
and Symptoms. Biol Psychiatry (2023).

Celano, C.M., Daunis, D.J., Lokko, H.N., Campbell, K.A. & Huffman, J.C. Anxiety
Disorders and Cardiovascular Disease. Curr Psychiatry Rep 18, 101 (2016).
Murphy, B., Le Grande, M., Alvarenga, M., Worcester, M. & Jackson, A. Anxiety and
Depression After a Cardiac Event: Prevalence and Predictors. Front Psychol 10,
3010 (2019).

(" INVALID CITATION !l 25).


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

All rights reserved. No reuse allowed without permission.

Denny, J.C. et al. The "All of Us" Research Program. N Engl J Med 381, 668-676
(2019).

Kurki, M.1. et al. FinnGen: Unique genetic insights from combining isolated population
and national health register data. medRxiv, 2022.03.03.22271360 (2022).

Meier, S.M. et al. Genetic Variants Associated With Anxiety and Stress-Related
Disorders: A Genome-Wide Association Study and Mouse-Model Study. JAMA
Psychiatry 76, 924-932 (2019).

Otowa, T. et al. Meta-analysis of genome-wide association studies of anxiety
disorders. Mol Psychiatry 21, 1391-9 (2016).

Chang, E. & Mostafa, J. The use of SNOMED CT, 2013-2020: a literature review. J
Am Med Inform Assoc 28, 2017-2026 (2021).

Purcell, S. et al. PLINK: a tool set for whole-genome association and population-
based linkage analyses. Am J Hum Genet 81, 559-75 (2007).

Mbatchou, J. et al. Computationally efficient whole-genome regression for
guantitative and binary traits. Nat Genet 53, 1097-1103 (2021).

Pedersen, C.B. et al. The iPSYCH2012 case-cohort sample: new directions for
unravelling genetic and environmental architectures of severe mental disorders. Mol
Psychiatry 23, 6-14 (2018).

Gaziano, J.M. et al. Million Veteran Program: A mega-biobank to study genetic
influences on health and disease. J Clin Epidemiol 70, 214-23 (2016).

Zhou, W. et al. Efficiently controlling for case-control imbalance and sample
relatedness in large-scale genetic association studies. Nat Genet 50, 1335-1341
(2018).

Bulik-Sullivan, B. et al. An atlas of genetic correlations across human diseases and
traits. Nat Genet 47, 1236-41 (2015).

Altshuler, D.M. et al. Integrating common and rare genetic variation in diverse human
populations. Nature 467, 52-8 (2010).

Grotzinger, A.D., Fuente, J., Privé, F., Nivard, M.G. & Tucker-Drob, E.M. Pervasive
Downward Bias in Estimates of Liability-Scale Heritability in Genome-wide
Association Study Meta-analysis: A Simple Solution. Biol Psychiatry 93, 29-36
(2023).

Yang, J., Lee, S.H., Goddard, M.E. & Visscher, P.M. GCTA: a tool for genome-wide
complex trait analysis. Am J Hum Genet 88, 76-82 (2011).

Ge, T., Chen, C.-Y.,, Ni, Y., Feng, Y.-C.A. & Smoller, J.W. Polygenic prediction via
Bayesian regression and continuous shrinkage priors. Nature Communications 10,
1776 (2019).

Finucane, H.K. et al. Partitioning heritability by functional annotation using genome-
wide association summary statistics. Nat Genet 47, 1228-35 (2015).

Pers, T.H. et al. Biological interpretation of genome-wide association studies using
predicted gene functions. Nat Commun 6, 5890 (2015).

Fehrmann, R.S. et al. Gene expression analysis identifies global gene dosage
sensitivity in cancer. Nat Genet 47, 115-25 (2015).

Beach, T.G. et al. Arizona Study of Aging and Neurodegenerative Disorders and
Brain and Body Donation Program. Neuropathology 35, 354-89 (2015).

Beach, T.G. et al. The Sun Health Research Institute Brain Donation Program:
description and experience, 1987-2007. Cell Tissue Bank 9, 229-45 (2008).
Koopmans, F. et al. SynGO: An Evidence-Based, Expert-Curated Knowledge Base
for the Synapse. Neuron 103, 217-234.e4 (2019).

Demontis, D. et al. Genome-wide analyses of ADHD identify 27 risk loci, refine the
genetic architecture and implicate several cognitive domains. Nat Genet 55, 198-208
(2023).

Watson, H.J. et al. Genome-wide association study identifies eight risk loci and
implicates metabo-psychiatric origins for anorexia nervosa. Nat Genet 51, 1207-1214
(2019).


https://doi.org/10.1101/2024.02.14.24302836

medRXxiv preprint doi: https://doi.org/10.1101/2024.02.14.24302836; this version posted February 15, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

91.

92.

93.

94.

95.

96.

All rights reserved. No reuse allowed without permission.

Grove, J. et al. Identification of common genetic risk variants for autism spectrum
disorder. Nat Genet 51, 431-444 (2019).

Mullins, N. et al. Genome-wide association study of more than 40,000 bipolar
disorder cases provides new insights into the underlying biology. Nat Genet 53, 817-
829 (2021).

Levey, D.F. et al. Bi-ancestral depression GWAS in the Million Veteran Program and
meta-analysis in >1.2 million individuals highlight new therapeutic directions. Nat
Neurosci 24, 954-963 (2021).

Yu, D. et al. Interrogating the Genetic Determinants of Tourette's Syndrome and
Other Tic Disorders Through Genome-Wide Association Studies. Am J Psychiatry
176, 217-227 (2019).

Stein, M.B. et al. Genome-wide association analyses of post-traumatic stress
disorder and its symptom subdomains in the Million Veteran Program. Nat Genet 53,
174-184 (2021).

Auton, A. et al. A global reference for human genetic variation. Nature 526, 68-74
(2015).


https://doi.org/10.1101/2024.02.14.24302836

Table 1. Cohorts and Anxiety Definitions investigated. Population groups included African (AFR), Admixed-American (AMR), East Asian

(EAS), European (EUR), and South Asian (SAS) descent. Case and control sample sizes are reported for binary anxiety definitions, while the

total sample size is reported for quantitative anxiety phenotypes. Other abbreviations include International Classification of Diseases (ICD) and
Systemized Nomenclature of Medicine (SNOMED).

Cohort Population Sample Size Anxiety Definition

AFR 4,937 -45,092 | Generalized Anxiety Disorder (SNOMED ID: 434613), Panic
Disorder (SNOMED ID: 4138454), Phobic Disorder (SNOMED

AMR 4,157 - 32,477 . .
ID: 4304010), Chronic Stress Disorder (SNOMED ID: 436074),

All of Us Research Program (AoU) EAS 337 - 4,746 Acute Stress Disorder (SNOMED ID: 440083), Posttraumatic

Stress Disorder (SNOMED ID: 436676), Obsessive-

EUR 18,461 - 88,954 compulsive Disorder (SNOMED ID: 440374), or Mixed Anxiety

SAS 133 - 2,040 and Depressive Disorder (SNOMED ID: 4338031)

FinnGen Study EUR 40,191 - 277,526 | KRA_PSY_ANXIETY endpoint
Lundbeck Foundation Initiative for i
Integrative Psychiatric Research (iPSYCH) EUR 12,655 - 19,225 | ICD-10 F40.0-F41.9; F43.0-F43.9
. AFR 61,796 _ _ . _
Million Veteran Program (MVP) Generalized Anxiety Disorder 2-item scale
EUR 241,541
Psychiatric Genomics Consortium (PGC) EUR 5,761 - 11,765 Generallze_d anxiety d_|_sorder, panic disorder, social phobia,

agoraphobia, or specific phobias

AFR 130 - 6,116

UK Biobank (UKB) EUR 10,449 - 369,930 Phecode ;&OO, Anxiety, dissociative and somatoform

disorders

SAS 172 - 8,189
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FIGURES

Figure 1. Genetic correlations among anxiety phenotypes assessed in participants of

European descent (EUR). Full statistics are reported in Supplemental Table 1.

Figure 2. Factor structure of anxiety phenotypes assessed in individuals of European
descent. Factor loadings and model fit for the confirmatory factor analysis model of the

common anxiety factor (ANX) are reported.

Figure 3. Manhattan plots of genome-wide, transcriptome-wide, and proteome-wide
association statistics (bottom, center, and top, respectively) related to the common anxiety
factor (ANX). Transcriptome-wide data are those obtained from the multiple-tissue analysis
(Supplemental Table 8). Dashed lines represent Bonferroni multiple testing correction
applied in each analysis. The labeled genes are those with convergent evidence across

analyses.

Figure 4. Within-ancestry and cross-ancestry polygenic risk score (PRS) associations of the
common anxiety factor (ANX). Full statistics are available in Supplemental Table 4. In the
within-ancestry, the EUR-ANX PRS (excluding EUR AoU from the training sample) is tested
against the EUR AoU sample. In the cross-ancestry analysis, EUR-ANX PRSs (with and
without EUR AoU in the training sample) are tested against AoU samples of African (AoU),
Admixed-American (AMR), East Asian (EAS), and South Asian (SAS) descent.

Figure 5 A. Venn diagrams of unique and shared causal variants showing polygenic overlap
(gray) of the common anxiety factor (ANX) with major depressive disorder (MDD), bipolar
disorder (BIP), and schizophrenia (SCZ). The numbers indicate the estimates of causal
variants and their standard errors (in thousands), explaining 90% of the SNP heritability in
each phenotype. The size of the circles reflects the degree of polygenicity. B. Chord diagram
representing ANX local genetic correlations with respect to attention deficit and hyperactivity
disorder (ADHD), BIP, MDD, post-traumatic stress disorder (PTSD), and SCZ.

Figure 6. Phenome-wide genetic correlation of the common anxiety factor (ANX). The x-axis
reports the genetic correlation of ANX with traits available from UK Biobank, FinnGen, and
Million Veteran Program. The y-axis corresponds to two-tailed —log;o(p-value). Bonferroni-
significant results are color-coded based on the corresponding categories. Full statistics of
the Bonferroni-significant results are available in Supplemental Table 14. Non-significant

results are reported in grey.
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