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Abstract

Understanding the contribution of genetic variation to drug response can improve the deliv-
ery of precision medicine. However, genome-wide association studies (GWAS) for drug
response are uncommon and are often hindered by small sample sizes. We present a high-
throughput framework to efficiently identify eligible patients for genetic studies of adverse
drug reactions (ADRs) using “drug allergy” labels from electronic health records (EHRs). As
a proof-of-concept, we conducted GWAS for ADRs to 14 common drug/drug groups with
81,739 individuals from Vanderbilt University Medical Center’'s BioVU DNA Biobank. We
identified 7 genetic loci associated with ADRs at P< 5 x 1078, including known genetic asso-
ciations such as CYP2D6 and OPRM1 for CYP2D6-metabolized opioid ADR. Additional
expression quantitative trait loci and phenome-wide association analyses added evidence
to the observed associations. Our high-throughput framework is both scalable and portable,
enabling impactful pharmacogenomic research to improve precision medicine.

Author summary

Adverse drug reactions are a considerable burden on the healthcare system. Genetic stud-
ies can improve our understanding of the pathophysiological mechanisms of adverse drug
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reactions but have been hindered by small sample sizes. Drug responses are less often
recorded than physiological traits and common diseases. Here, we present a high-
throughput framework to efficiently identify eligible patients for genetic studies of adverse
drug reactions from electronic health records. We validated our approach by conducting
genome-wide association studies for adverse reactions to 14 common drug/drug groups
with 81,739 individuals from Vanderbilt University Medical Centre’s BioVU DNA Bio-
bank, identifying 7 genetic loci associated with adverse drug reactions. Our high-through-
put framework can enable impactful pharmacogenomic research to help develop clinical
guidelines for the delivery of the right drug to the right person.

Introduction

Genome-wide association studies (GWAS) have contributed substantially to precision medi-
cine, providing critical insights into the physiological and pathophysiological mechanisms of
human complex traits and diseases. [1,2] However, less than 10% of published GWAS have
focused on drug response. [3] Adverse drug reactions (ADRs) are a considerable burden on
patients and healthcare systems as a major source of hospitalization, morbidity, and mortality.
[4-7] The lack of such pharmacogenomics GWASs on ADRs hinders our ability to deliver the
right drug to the right person. [3,6-9]

A significant challenge for pharmacogenomics discovery is small sample size. [3,10] Drug
response phenotypes, such as ADRs, are less often recorded than physiological traits and com-
mon diseases. [3,7,10] Traditional studies that recruit patient cohorts remain cumbersome and
costly, and usually result in limited statistical power to detect genetic predictors with small
effect sizes. [3,7,10] Biobanks that are linked to electronic health records (EHRs) can generate
large datasets for efficient discovery and replication GWASs. [7,10,11] However, defining drug
response using EHR data (i.e., pharmacological phenotyping), remains difficult. Unlike disease
phenotypes, which can be represented with diagnostic codes, drug response information is
often embedded in clinical notes, [11,12] complicating the development and implementation
of uniform methods to extract drug response phenotypes. [11,13]

In this study, we investigated the feasibility of using the allergy section in EHRs to conduct
high-throughput GWAS of reported ADRs. In routine practice, healthcare providers often use
“drug allergy” labels in an allergy section to document a patient’s intolerance or allergy to a
drug as reported by the patient or observed by a healthcare provider. [14,15] Despite being
called an “allergy” section, the documented information most clearly satisfies the definition for
ADR, which includes any noxious, unintended or undesired effect of a drug experienced at
normal therapeutic doses. [7,16] The ADR information in this section is meant to be recon-
ciled with every patient encounter to capture new information. The allergy section is semi-
structured (i.e., some structure but does not adhere to any rigorous format), which allows for
easy retrieval of adverse reaction information without sophisticated natural language process-
ing, enabling high-throughput analysis when linked to genetic data.

We hypothesized that drug allergy labels from the allergy sections in EHRs can be leveraged
for efficient identification of reported ADRs. We developed and applied a high-throughput
approach for identifying ADRs from allergy sections in EHRs from Vanderbilt University
Medical Center’s (VUMC) Synthetic Derivative. Then using VUMC’s BioVU DNA Biobank,
[17] we conducted GWAS on 14 drug (drug class) ADRs in a subset of 67,323 individuals with
self-reported European ancestry (EA), followed by trans-ethnic validation in 14,416 individu-
als with self-reported African ancestry (AA). Additional expression quantitative trait loci
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(eQTL) analyses and phenome-wide association analyses (PheWAS) were performed on the
lead variants. [18,19]

Results

Identifying adverse drug reactions in electronic health records

A summary of selected EHR characteristics for all individuals with available EHRs at VUMC
and the selected BioVU individuals is shown in Table 1. The BioVU cohort had mean EHR
length of 10.6 years, which was more than double the length of the mean EHR length for all
VUMC individuals (4.4 years). Additionally, a greater proportion of BioVU individuals
(95.3%) had information documented in their allergy section compared to all VUMC individ-
uals (62.4%). Similarly, a greater proportion of BioVU individuals (63.0%) had at least one
reported ADR compared to all VUMC individuals (28.6%). While the proportion of individu-
als that have information documented in their allergy section is similar between EAs and AAs,
we observed that the proportion of individuals with reported ADRs was greater among EAs
compared to AAs for all VUMC individuals and the BioVU cohort.

The most frequently documented ADRs were to penicillins (17.4%), sulfa drugs (11.6%),
and codeine (9.1%). Cases and controls for GWAS of 14 adverse drug or drug group reactions
are shown in Table 2. We selected the top 10 most frequent drugs or drug classes reported in
the allergy sections: penicillins, sulfa drugs, codeine, morphine, aspirin, lisinopril, levofloxacin,
erythromycin, meperidine, and cephalexin. The top 10 most frequently reported drugs in the
allergy sections were the same for EAs and AAs with differences in ordering. Additionally, we
observed that ADRSs to statins as a class of drugs were reported frequently. Therefore, we iden-
tified ADRs to any statin for a grouped analysis since the class of drugs shares a similar meta-
bolic pathway and further broke down ADRs into atorvastatin only or simvastatin only.
Likewise, we selected CYP2D6-metabolized opioid prodrugs, including codeine, hydrocodone,
oxycodone, and tramadol, as a grouped analysis. [20] Types of adverse drug reactions for the
14 selected drug or drug groups are summarized in S1 Table. The type of reaction is not always
documented in the allergy section and the percent missing ranges from 24.4% to 58.0%.

Genome-wide analysis

The genetic analyses for EAs identified genome-wide significant signals (P < 5 x 10~°) for 7 of
the 14 adverse drug reactions. The lead variant for each signal is shown in Table 3, and addi-
tional correlated variants are reported in S2 Table. The trans-ethnic validation of the identified
signals for EAs in the AA cohort yielded no significant findings (S3 Table). Genome-wide

Table 1. Summary of selected EHR characteristics for all VUMC individuals and the BioVU individuals selected for genetic analyses, stratified by self-reported
ancestry.

Cohort N EHR length (years), Mean + SD Have allergy section® At least one ADR*

All individuals 3,169,625 4.4+6.0 1,979,220 (62.4) 905,301 (28.6%)
European ancestry 1,957,846 53+6.3 1,376,127 (70.2) 679,141 (34.7%)
African ancestry 310,864 6370 214,149 (68.8) 77,223 (24.8%)
Other 900,915 1.6 +34 388,944 (43.2) 148,937 (16.5%)

BioVU individuals 81,739 106 £7.3 77,907 (95.3) 51,534 (63.0)
European ancestry 67,323 10.7 £7.2 64,166 (95.3) 44,407 (66.0)
African ancestry 14,416 10.0 +7.8 13,714 (95.3) 7,127 (48.4)

* Reporting count and row percentages for the respective cohort

https://doi.org/10.1371/journal.pgen.1009593.t001
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Table 2. Case and control counts for adverse drug reactions to 14 selected drugs or drug groups, stratified by self-reported ancestry.

Drugs/Drug Groups European ancestry (N = 67,323) African ancestry (N = 14,416)
Cases (%) Controls Cases (%) Controls

Penicillin 12294 (18.3) 38284 1894 (13.1) 9539
Sulfa 8492 (12.6) 46642 964 (6.7) 11085
Codeine 6706 (10.0) 24579 706 (4.9) 7330
Morphine 3646 (5.4) 38181 450 (3.1) 9515
Aspirin 1800 (2.7) 47351 401 (2.8) 10264
Lisinopril 1591 (2.4) 34096 439 (3.0) 8959
Levofloxacin 1737 (2.6) 35888 136 (0.9) 8560
Erythromycin 1607 (2.4) 23400 138 (1.0) 7310
Meperidine 1499 (2.2) 27261 112 (0.8) 7590
Cephalexin 1460 (2.2) 30479 124 (0.9) 7995
Any statin 2927 (4.3) 42551 258 (1.8) 9897
Atorvastatin 1325 (2.0) 31048 86 (0.6) 8234
Simvastatin 1020 (1.5) 31394 111 (0.8) 8053
CYP2D6-metabolized opioidsb 10264 (15.2) 48445 1343 (9.3) 11288

# Reporting count and percentage of self-reported ancestry population identified with ADR
" CYP2D6-metabolized opioids include codeine, hydrocodone, oxycodone, and tramadol

https://doi.org/10.1371/journal.pgen.1009593.t002

analyses in AA individuals were excluded in our primary analysis due to the potential for
unstable point estimates and inflated false discovery rates from limited sample size. Nonethe-
less, significant ADR-genetic associations in AAs may be informative for future studies and
have been included S4 Table.

The opioids shown in Fig 1 are prodrugs metabolized to a morphine or morphine-like
active metabolites by CYP2D6. We identified a strong genome-wide significant association sig-
nal near the CYP2D6 gene for codeine and CYP2D6-metabolized opioid ADRs (Fig 1). Near
the CYP2D6 locus, the minor allele of the variant rs9620007 (G) was associated with reduced
risk of codeine ADRs (Odds ratio [OR] = 0.84; 95% confidence interval [CI] = 0.79 to 0.89)
and CYP2D6-metabolized opioid ADRs (OR = 0.86; 95% CI = 0.82 to 0.90). Additionally, the

Table 3. Lead variant per signal associated with adverse drug reactions for European ancestry patients.

Adverse Drug Reaction Variant Mapped Gene Consequence Allele® EAF R? OR (95% CI)® P
Aspirin rs115346678 SSBP2, ATG10 intergenic G/A 0.01 0.98 2.03 (1.79 to 2.28) 1.40x 10°%
Cephalexin rs34545984 LOC105376453, OTUD1 intergenic G/T 0.01 0.50 2.03 (1.79 to 2.28) 123x10°%
Codeine rs9620007 WBP2NL (CYP2D6) intronic C/G 0.30 0.98 0.84 (0.79 to 0.89) 1.24x 107"
CYP2D6-metabolized opioids rs62436463 OPRM1 intronic C/T 0.10 0.94 0.84 (0.79 to 0.90) 5.43 x 107
1rs739296 SEPTIN3 (CYP2D6) intronic G/A 0.30 0.99 0.86 (0.83 to 0.90) 1.08 x 1071°
Meperidine rs11049274 PTHLH, LOC729291 intergenic G/A 0.08 0.99 1.42 (1.30 to 1.54) 2.09x107®
rs113100019 FIPIL1 intronic T/G 0.01 0.82 2.10 (1.84 to 2.36) 2.26x 1078
rs185462714 SERINC5 intronic A/G 0.01 0.82 2.09 (1.83 to 2.35) 3.37x 1078
Penicillin rs115200108 HLA-B, MICA-AS1 intergenic C/A 0.02 0.99 1.30 (1.21 to 1.39) 423%x107°
Simvastatin rs76103438 DIPK2A, LNCSRLR intergenic T/A 0.03 0.90 1.88 (1.65 to 2.09) 2.56x 1078

EAF = Effect allele frequency; R* = imputation quality
 Alleles are listed as reference/effect and are reported in the forward strand.

" OR and 95% CIs were derived from logistic regression models adjusted for sex, age, length of electronic health records (years), and first 10 principal components.

https://doi.org/10.1371/journal.pgen.1009593.t003
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Fig 1. A) Manhattan plots of genome-wide association studies (GWAS) for codeine (left) and CYP2D6-metabolized opioid (right) adverse
drug reactions (ADRs). Red lines on Manhattan plots show the genome-wide significance level (P < 5.0 x 107%). B) CYP2D6 locus for
CYP2D6-metabolized opioid ADRs. SNPs are colored according to their linkage disequilibrium (LD, based on 1000 Genome phase3 EUR
reference panel) with the lead variant rs739296 (22:42389948), which is marked with a purple diamond. The lead variant rs9620007
(22:42405657) for codeine ADRs is also labeled. Dotted gray line shows the genome-wide significance level (P < 5.0 x 107%).

https://doi.org/10.1371/journal.pgen.1009593.9001

nearby variant rs739296 (A) was associated with reduced risk of CYP2D6-metabolized opioid
ADRs (OR = 0.86; 95% CI = 0.83 to 0.90). The rs739296 (A) variant was also associated with
reduced risk of specifically nausea/vomiting reactions to CYP2D6-metabolized opioids

(OR =0.80;95% CI = 0.74 to 0.86). We found a significant association for OPRM1 and
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CYP2D6-metabolized opioid ADRs, where individuals carrying the minor allele of the lead
variant rs62436463 (T) were less likely to have a reported ADR (OR = 0.84; 95% CI = 0.79 to
0.90). Notably, the minor allele of the exonic variant rs1799971 (G) in OPRM1, which is in
high LD with the lead variant rs62436463, was also associated with reduced risk of
CYP2D6-metabolized opioid ADRs (OR = 0.86; 95% CI = 0.82 to 0.91).

For meperidine ADRs, the analysis revealed a genome-wide significant association signal
upstream of PTHLH and two significantly associated variants in FIPLI and SERINC5 (Fig 2A).
Additionally, we identified a genome-wide significant signal in the major histocompatibility

A PTHLH-risk locus for meperidine adverse drug reaction
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Fig 2. Riskloci for meperidine (a) and penicillin (b) adverse drug reactions (ADRs). SNPs are colored according to their linkage disequilibrium (LD, based

on 1000 Genome phase3 EUR reference panel) with the lead variants rs11049274 (12:28161055) for meperidine ADRs and rs115200108 (6:31327622) for
penicillin ADRs, which are marked with a purple diamond. Dotted gray line shows the genome-wide significance level (P < 5.0 x 10”%).

https://doi.org/10.1371/journal.pgen.1009593.9002
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complex (MHC) region for penicillin ADR (Fig 2B). The minor allele of the lead variant
rs115200108, which is located between HLA-B and MICA, was significantly associated with
increased risk of penicillin ADRs (OR = 1.30, 95% CI = 1.21 to 1.39).

We also identified three low-frequency variants (minor allele frequency [EAF] < 0.05) that
were strongly associated with ADRs to aspirin (rs115346678; OR = 2.03; 95% CI = 1.79 to
2.28), cephalexin (rs34545984; OR = 2.03; 95% CI = 1.79 to 2.28), and simvastatin
(rs76103438; OR = 1.88; 95% CI = 1.65 to 2.09).

Expression quantitative trait loci analyses

Using data from the Genotype-Tissue Expression (GTEx) project, we evaluated the correlation
of the lead variants for the genetic loci identified by the GWAS and expression levels of puta-
tive target genes. For CYP2D6-metabolized opioid ADRs, the A allele of lead variant rs739296
in the CYP2D6 locus was most significantly associated with decreased WBP2NL expression in
adipose tissue (normalized effect size [NES] =-0.33; P = 1.9 x 1071 and increased CYP2D6
expression in brain tissue (NES = 0.55; P = 5.3 x 10_'"). The T allele of the lead variant
rs62436463 and the G allele of the exonic variant rs1799971 in OPRM1 were both associated
with higher OPRM1 expression in the cerebellum with NES of 0.70 (P = 9.5 x 10~%) and 0.63
(P=14x1077), respectively.

The A allele of the lead variant rs11049274 in PTHLH for meperidine ADRs was significantly
associated with increased PTHLH expression in muscoskeletal tissue (NES = 0.28; P = 6.5 x 107°).
Additionally, the A allele of rs115200108 for penicillin ADRs was most significantly associated
with higher MIR6891 expression in adipose tissue (NES = 1.3; P = 2.0 x 10""*) and reduced
MICA expression in whole blood tissue (NES = -0.72; P = 2.0 x 107"%).

Phenome-wide analyses

To compare our framework with the ability of diagnosis codes to identify ADRs, we performed
PheWAS of the lead variants from the identified genetic loci (CYP2D6, OPRM1, PTHLH,
HLA/MICA) (S1 Fig). The lead variant rs115200108 in the HLA/MICA risk-locus was associ-
ated with increased risk of ‘Poisoning by antibiotic’ with an (OR = 2.37; 95% CI = 1.90 to 2.84;
P =3.0 x 107%) but did not reach phenome-wide significance (P < 5.0 x 107°).

Discussion

In this study, we present a high-throughput and scalable approach to conduct large-scale,
genome-wide analyses for adverse drug reactions. Our framework can be adapted or shared
between institutions, helping facilitate collaboration between sites. Utilizing EHRs allowed us
to study ADRs in individuals with diverse clinical and ethnic backgrounds under the condi-
tions of routine clinical care. As shown in this study, what and how physicians choose to docu-
ment clinical observations or patients’ self-reported details as drug allergies in the EHR may
provide useful information. In addition, our results demonstrated the potential of utilizing
EHRs and our framework to efficiently generate pharmacogenomic findings, which can pro-
vide insights for optimizing drug therapy with maximal efficacy and minimal adverse effects.
We found that 28.6% of individuals at VUMC had at least one drug listed in the allergy sec-
tion of their EHRs. This is consistent with other studies have reported between 20 to 35 per-
cent of their populations have at least one drug allergy label in their EHRs. [14,21] The
genotyped BioVU cohort is a patient cohort (i.e., receives more frequent medical care than
general population) and has more dense EHR data, which may explain the higher proportion
of the BioVU cohort (66.0%) that reported at least one ADR. We also observed a lower propor-
tion of reported ADRs among AAs than EAs, which is consistent with a previous report. [14]
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As noted by the previous study, the difference in the reported ADRs between AAs and EAs
may reflect a documentation bias that has been reported in other clinical domains. [14]

Using our ADR case-control definitions, analyses identified genetic loci for 7 of the 14
selected drug/drug group allergies. We found that variants in two well-known genetic loci,
CYP2D6 and OPRM 1, were associated with reduced risk of CYP2D6-metabolized opioid
ADRs. The analysis of eQTL data from the GTEx project showed that variants in the CYP2D6
locus and in OPRM 1 were associated with elevated expression of these genes in the brain. [22]
Previous studies have implicated both of these genetic loci in opioid response and metabolism.
[23-25] Notably, an independent report on variants associated with reduced risk of opioid-
induced vomiting in a 23andMe cohort supported our findings that the minor alleles of
rs9620007 near CYP2D6 and rs1799971 in OPRM1 were associated with reduced risk of
CYP2D6-metabolized opioid ADRs. [26] Furthermore, our analysis of CYP2D6-metabolized
opioid related nausea or vomiting also identified the same loci near CYP2D6 as associated with
reduced risk. However, CYP2D6 metabolic activity also varies greatly depending on a copy
number variation, [23] which was not available for this study. Therefore, further work is
needed to better understand the contributions of genetic variations to CYP2D6-metabolized
opioid ADRs. Additionally, studies have reported that patients who carried the G allele of
rs1799971 in OPRM1 required higher doses of opioid for pain relief. [27,28] It is possible that
patients carrying the minor allele for the significant variants in OPRM1I experienced reduced
opioid effectiveness, which may affect their opioid sensitivity and risk of adverse reaction
depending on the opioid dosage.

We also identified HLA-MICA as a risk-locus for penicillin ADR, which is supported with a
recent large-scale genetic analysis for penicillin allergy including data from UK Biobank, Esto-
nian Biobank and BioVU. The previous study also showed a strong association between peni-
cillin allergy label and the HLA-MICA region with a different lead variant. [29] The eQTL
analysis showed that the minor allele of the lead variant rs115200108 in the HLA-MICA risk-
locus for penicillin ADR was associated with reduced MICA expression in whole blood tissue.
The PheWAS results found that the minor allele of rs115200108 was highly associated with
increased risk of ‘Poisoning by antibiotic, but did not reach phenome-wide significance. This
finding suggests that our approach to identifying ADRs not only offers ADR phenotypes that
are not covered by diagnosis codes but may also provide more power for genetic analyses than
using diagnostic codes alone.

There have been no previous studies regarding the associations between PTHLH and
meperidine allergy. In our eQTL analysis, we found that the lead variant in the PTHLH risk-
locus for meperidine allergy was associated with increased PTHLH expression in muscoskele-
tal tissue. However, further investigation is needed to confirm this finding. Trans-ethnic vali-
dation among individuals with self-reported African ancestry did not replicate any
associations of genome-wide significance, but this analysis may have been limited by smaller
sample size. Additionally, we performed genetic imputation with reference panels from the
Haplotype Reference Consortium, which were developed with individuals from predomi-
nantly European ancestry and therefore may not be adequate for individuals with self-reported
African ancestry. [30] Likewise, genome-wide analyses in the African ancestry cohort were
also limited by small sample sizes and predominantly European ancestry genetic reference
panels. Further improvements in ADR documentation and genetic reference panels as well as
the continued growth of EHR data may help us determine the generalizability of these findings
in diverse populations. Due to the high-throughput nature of our framework, it should be easy
to adapt to other large multi-ancestry EHR-based biobanks for future analyses.

There are several additional limitations to this study and approach. Drug allergy labels in
the allergy section are entered into the EHRs by healthcare providers, but this information is
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often self-reported or subject to interpretation bias by the individual receiving the information
and entering the data, introducing potential documentation or selection bias. For instance,
patients who communicate with their healthcare provider more frequently, whether due to
their specific conditions or due to socio-behavioral factors, may be more likely to report their
adverse drug reactions. A better understanding of the factors that affect the likelihood of
receiving a drug allergy label may improve our ability to utilize EHRs to study ADRs. Addi-
tionally, it is likely there were some misclassification errors in the controls. Controls who were
exposed to the drug and experienced an adverse reaction may not have reported the reaction
to their clinician to be documented. Similarly, controls who were never exposed to the drug
and only had the “no known drug allergy” label may experience an adverse reaction when
exposed to the drug. However, misclassifications of cases as controls most likely biases the
results to null and leads to an underestimation of the true contribution of genetic variation to
ADRs.

While a drug allergy labels in the allergy section is consistent with a previous adverse drug
reaction to the drug, more detailed questioning often reveals that a true allergy is less certain.
[15,31] For instance the vast majority of patients who are labeled as having a penicillin allergy
were typically labeled much earlier in childhood. [32-34] Studies in allergy practice show that
>95% of these individuals that undergo validated skin testing and challenge will tolerate peni-
cillin, in part due to waning of this allergic response over time. [31] Therefore, our analysis did
not consider the possibility of patients having lost their allergic tendency and being delabeled
for a drug allergy, and our results should be explained as ‘ever or never’ reported an adverse
reaction to a drug. Indeed, it is more challenging to capture specific details in the EHR when
identifying individuals who ever had a penicillin allergy label, rather than those who currently
have a penicillin allergy.

We also observed that clinicians often do not enter information in the allergy section in a
standardized manner, especially in older EHRs. Drug allergies and drug intolerances are fre-
quently documented together in the allergy section without clear distinguishers. In addition,
allergy section entries often omit details such as severity, type of reaction (e.g., anaphylaxis vs.
rash), specific dose, and time of administration, limiting nuanced analyses. Although the
CYP2D6-metabolized opioid related nausea/vomiting findings demonstrate that our frame-
work can extract more detailed ADR phenotypes, the frequency of missing reaction informa-
tion hinders a high-throughput analyses of specific adverse effects. Thus, the high-throughput
nature of our framework means that our genetic analyses were likely driven by the milder,
more frequent reactions (e.g., rash from penicillin) rather than rarer phenotypes like Stevens-
Johnson syndrome. Nonetheless, genetic variants identified with our framework need further
follow-up to better understand the potential risks of a medication for a patient. For instance,
labeling a patient to be broadly ‘at risk’ for an ADR may cause the patient to be given subopti-
mal therapy even if the reaction may be a common, expected side effect.

These observation highlights the need to emphasize efforts to capture more accurate and
relevant drug response information. Our framework will yield better outcomes as newer EHR
systems introduce more explicit semantic meaning (e.g., allergy vs. intolerance), structured
inputs and questionnaires (e.g., drop-down menus or checkboxes), [15] and increased quantity
of quality data to the allergy section. Although these improvements require time and planning,
it is encouraging that our current study in the context of these limitations can successfully
identify several known genetic associations for ADRs.

In summary, our results demonstrate the utility and efficacy of a high-throughput frame-
work to identifying ADRs and eligible individuals from EHRs for large-scale studies. Our
approach is scalable and portable and can help accelerate the pace of impactful pharmacogeno-
mic research for advancing precision medicine.
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Methods

Ethics statement

This study was approved by VUMC Institutional Review Board (#150475). Written consent
was obtained for use of genetic data (https://victr.vumc.org/biovu-consent/).

Identifying adverse drug reactions in EHRs

For a given patient, allergy sections across all their clinical notes were extracted as free text.
The data in an allergy section is often semi-structured (e.g., pcn [rash] and sulfa [itching]), but
formatting can vary depending on the healthcare provider who entered the data. Therefore,
drugs that appear in the allergy section were identified using case-insensitive regular expres-
sions for generic names, brand names, abbreviations (e.g., pcn for penicillin), and common
misspellings. Regular expressions allow us to match drug keywords within a drug allergy label
irrespective of formatting. A full list of regular expressions used to identify drugs in this study
can be found in S5 Table. The type of reaction was identified similarly with regular expressions
when available. For drug allergy labels that refer to a class of drugs (e.g., penicillin, sulfa, etc.),
we grouped all the drugs in the class as one ADR phenotype.

For each drug, we defined cases as individuals with any mention of the drug in the allergy
section. For controls, we included individuals that met either of two criteria: 1) individuals who
were prescribed the drug and had no mention of the drug in their allergy sections; or 2) individ-
uals who only had labels for “no known drug allergy” or an equivalent description in of their
allergy sections. For the first criteria, we used RxNorm codes—a normalized naming system for
generic and branded drug-to identify individuals with prescriptions of the drug of interest.

Genotyping and SNP imputation

Genotyping was performed on the Infinium Multi-Ethnic Genotyping Array (MEGAchip). We
excluded DNA samples: (1) with per-individual call rate < 95%; (2) with wrongly assigned sex;
(3) with a cryptic relationship closer than a third-degree relative (proportion identity by descent
>0.25); or (4) unexpected duplication. We performed whole genome imputation using the
Michigan Imputation Server (https://imputationserver.sph.umich.edu) [35] with the Haplotype
Reference Consortium (HRC), version rl.1, [36] as reference. Principal components for ances-
try (PCs) were calculated using common variants (MAF > 0.01) with high variant call rate

(> 98%), excluding variants in linkage and regions known to affect PCs (HLA region on chro-
mosome 6, inversion on chromosome 8 (8135000-12000000) and inversion on chr 17
(40900000-45000000), GRCh37 build). For association analyses, we used EasyQC (www.
genepi-regensburg.de/easyqc) [37] to filter (1) poorly imputed variants with imputation quality
(R?) value of < 0.5, (2) EAF < 0.005, (3) deviation from Hardy-Weinberg equilibrium with a P-
value < 1x107°® and (4) variants with EAF that deviated from the HRC reference panel by > 0.3.

Genetic analyses

All statistical analyses were performed with PLINK 2.0.[38] This study included 81,739 indi-
viduals from the Vanderbilt University Medical Center’s BioVU DNA Biobank, [17] including
GWAS data from 67,323 individuals with self-reported European ancestry and trans-ethnic
validation using 14,416 individuals with self-reported African ancestry. We applied logistic
regression models to investigate the association of genetic variants with risk of ADR to any of
the 14 drugs or drug groups selected for this study. All regression models were adjusted for
sex, age, length of EHR, and the first 10 principal components of the genotyping array for
ancestry. Association results were annotated with ANNOVAR. [39] Region plots were
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produced with LocusZoom. [40] Additional eQTL analysis used data from the Genotype-Tis-
sue Expression (GTEx) project (www.gtexportal.org). [22]

For PheWAS, we used logistic regression models with phecodes, which are diagnosis codes
aggregated into meaningful disease phenotypes that have been commonly used in phenome-
wide analyses. [18,19] Patients with > 2 phecodes were assigned to case. All regression models
were again adjusted for sex, age, length of EHR, and the first 10 principal components of the
genotyping array for ancestry.

Supporting information
S1 Table. Summary of types of adverse drug reactions stratified by ancestry.
(PDF)

$2 Table. Genome-wide significant variants associated with adverse drug reactions in
European ancestry individuals.
(PDF)

$3 Table. Trans-ethnic replication of lead variant per signal associated with adverse drug
reactions in individuals with self-reported African ancestry.
(PDF)

$4 Table. Genome-wide significant variants associated with adverse drug reactions in self-
reported African ancestry individuals.
(PDF)

S5 Table. Regular expressions for extracting adverse drug reactions from the ‘Allergy sec-
tion’ of electronic health records.
(PDF)

S1 Fig. Manhattan plots of phenome-wide analysis of lead variants in CYP2D6, OPRM1,
PTHLH, and HLA/MICA associated with adverse drug reactions (ADRs). Red lines on
Manhattan plots show the phenome-wide level of significance (5.0 x 10~°). Phenotypes with P-
values < 0.005 were annotated.

(PDF)
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S1 Table. Summary of types of adverse drug reactions stratified by self-reported ancestry.

Drug Rash Cough Anaphylaxis Myalgia Swelling Nausea Gl Asthma Bleeding Missing Total
European Ancestry

Penicillin 5889 (47.9)  7(0.1) 673 (5.5) 12(0.1) 973(7.9) 539(44) 517(42) 6(0.0) 15(0.1) 4573 (37.2) 12294
Sulfa 3491 (41.1)  7(0.1) 235(2.8) 33(0.4) 564 (6.6) 593 (7.0)  226(2.7) 89 (1.0) 10(0.1) 3758 (44.3) 8492
Codeine 1511 (22.5) 17(0.3) 103 (1.5) 4(0.1) 180 (2.7) 1931 (28.8) 314 (4.7) 69 (1.0) 2(0.0) 2976 (44.4) 6706
Morphine 971 (26.6) 3(0.1) 93 (2.6) 4(0.1) 100 (2.7) 650 (17.8)  62(1.7) 49(1.3) 1(0.0) 1861 (51.0) 3646
Aspirin 261 (14.5) 3(0.2) 73 (4.1) 1(0.1) 135(7.5) 102 (5.7) 300(16.7)  55(3.1)  229(12.7) 792 (44.0) 1800
Lisinopril 102 (6.4) 765 (48.1) 14 (0.9) 10(0.6) 187(11.8) 22(1.4) 31(1.9) 11(0.7) 0(0.0) 489 (30.7) 1591
Levofloxacin 464 (26.7) 1(0.1) 43(2.5) 54 (3.1) 122 (7.0) 138(7.9) 77 (4.4) 13(0.7) 3(0.2) 903 (52.0) 1737
Erythromycin 420 (26.1) 1(0.1) 24 (1.5) 5(0.3) 55(3.4)  306(19.0) 281 (17.5) 18 (1.1) 3(0.2) 611 (38.0) 1607
Meperidine 225 (15.0) 0(0.0) 48 (3.2) 3(0.2) 36(24) 360(24.0) 31(2.1) 22(1.5) 0(0.0) 837 (55.8) 1499
Cephalexin 644 (44.1) 1(0.1) 57(3.9) 1(0.1) 91(6.2) 89 (6.1) 68 (4.7) 19(1.3) 3(0.2) 574 (39.3) 1460
Any statin 175 (6.0) 8(0.3) 8(0.3) 1504 (51.4)  55(1.9) 84 (2.9) 133 (4.5) 10(0.3) 4(0.1) 1087 (37.2) 2924
Atorvastatin 50 (3.8) 5(0.4) 2(0.2) 657(49.7)  25(1.9) 35(2.6) 52(3.9) 5(0.4) 2(0.2) 526 (39.8) 1323
Simvastatin 52(5.1) 1(0.1) 2(0.2) 496 (48.6) 11(1.1) 18 (1.8) 37 (3.6) 1(0.1) 1(0.1) 422 (41.4) 1020
CYP2D6-metabolized opioids 2772 (27.0) 24 (0.2) 153 (1.5) 11(0.1) 291 (2.8) 2883 (28.1) 456 (4.4) 115 (1.1) 5(0.0)  4385(42.7) 10264
African Ancestry

Penicillin 887 (46.8) 0(0.0) 84 (4.4) 0(0.0) 181 (9.6) 65(3.4) 48 (2.5) 6(0.3) 2(0.1) 731 (38.6) 1894
Sulfa 389 (40.4) 1(0.1) 25(2.6) 5(0.5) 82 (8.5) 29 (3.0) 13(1.3) 18 (1.9) 2(0.2) 455 (47.2) 964
Codeine 195 (27.6) 2(0.3) 7(1.0) 0(0.0) 34(4.8) 144(204) 38(5.4) 13 (1.8) 0(0.0) 313 (44.3) 706
Morphine 169 (37.6) 0(0.0) 9(2.0) 2(0.4) 21 (4.7) 52(11.6) 7(1.6) 5(1.1) 0(0.0) 204 (45.3) 450
Aspirin 70 (17.5) 0(0.0) 13(3.2) 0(0.0) 31(7.7) 37(9.2) 65(16.2) 21(5.2) 33(8.2) 167 (41.6) 401
Lisinopril 22 (5.0) 136 (31.0) 9(2.1) 5(1.1) 157 (35.8) 5(1.1) 6(1.4) 4(0.9) 0(0.0) 107 (24.4) 439
Levofloxacin 37 (27.2) 0(0.0) 3(22) 3(2.2) 13 (9.6) 7(5.1) 6(4.4) 4(2.9) 0(0.0) 66 (48.5) 136
Erythromycin 44 (31.9) 0(0.0) 4(2.9) 0(0.0) 11 (8.0) 21(15.2) 10(7.2) 0(0.0) 0(0.0) 59 (42.8) 138
Meperidine 27 (24.1) 0(0.0) 2(1.8) 0(0.0) 4(3.6) 16 (14.3) 0(0.0) 1(0.9) 0(0.0) 65 (58.0) 112
Cephalexin 56 (45.2) 0(0.0) 4(3.2) 0(0.0) 8(6.5) 7(5.6) 7(5.6) 1(0.8) 0(0.0) 46 (37.1) 124
Any statin 17 (6.6) 2(0.8) 0(0.0) 120 (46.7) 7(2.7) 8(3.1) 9(3.5) 3(1.2) 0(0.0) 96 (37.4) 257
Atorvastatin 5(5.8) 0(0.0) 0(0.0) 41 (47.7) 3(3.5) 2(23) 4(4.7) 0(0.0) 0(0.0) 32(37.2) 86
Simvastatin 10 (9.0) 1(0.9) 0(0.0) 46 (41.4) 0(0.0) 5(4.5) 4(3.6) 2(1.8) 0(0.0) 44 (39.6) 111
CYP2D6-metabolized opioids 473 (35.2) 3(0.2) 12 (0.9) 1(0.1) 59(44) 291 (21.7) 64 (4.8) 16(1.2) 0(0.0) 531 (39.5) 1343




S2 Table. G ide si;

variants associated with adverse drug reactions in self-reported European ancestry individu:

ADVERSE DRUG REACTION POS SNP FUNCTION GENE REF ALT EAF OR P

ASPIRIN 5 81062986 rs115346678  intergenic SSBP2(dist=15914),ATG 10(dist=204856) G A 0.010  0.985 2.031 0.125 1.40E-08
CEPHALEXIN 10 23704359 rs34545984  intergenic LOC105376453(dist=70271),0TUD 1 (dist=23839) G T 0.015 0.504 2.040  0.125 1.23E-08
CODEINE 22 42405657 159620007 intronic WBP2NL C G 0.301 0.984 0.837  0.024 1.24E-13
CODEINE 22 42389948 rs739296 intronic SEPTIN3 G A 0.301 0.988 0.838  0.024 1.57E-13
CODEINE 22 42388826 rs56234624  intronic SEPTIN3 A G 0.301 0.988 0.838  0.024 1.65E-13
CODEINE 22 42389431 152097561 intronic SEPTIN3 T C 0.301 0.988 0.838  0.024 1.65E-13
CODEINE 22 42389500 rs2097562 intronic SEPTIN3 T C 0.301 0.988 0.838  0.024 1.65E-13
CODEINE 22 42390209 rs7290907 intronic SEPTIN3 G A 0.301 0.989 0.838  0.024 1.66E-13
CODEINE 22 42390225 rs7290655 intronic SEPTIN3 C G 0.301 0.989 0.838  0.024 1.66E-13
CODEINE 22 42392811 rs1062753 UTR3 SEPTIN3(NM_019106:¢.*2051G>A) G A 0.301 1.000 0.838  0.024 1.75E-13
CODEINE 22 42403980 rs59993856  intronic WBP2NL C T 0.301 0.984 0.838  0.024 1.76E-13
CODEINE 22 42409977 159611710 intronic WBP2NL G T 0.301 0.984 0.838  0.024 1.76E-13
CODEINE 22 42418110 rs9607869 intronic WBP2NL T A 0.301 0.982 0.838  0.024 1.96E-13
CODEINE 22 42399547 159620006 intronic WBP2NL T A 0.301 0.984 0.839  0.024 1.99E-13
CODEINE 22 42396371 rs8138080 intronic WBP2NL G A 0.301 0.989 0.839  0.024 2.02E-13
CODEINE 22 42397026 159623489 intronic WBP2NL A G 0.301 0.989 0.839  0.024 2.02E-13
CODEINE 22 42398266 159623490 intronic WBP2NL G C 0.301 0.989 0.839  0.024 2.02E-13
CODEINE 22 42414181 159607868 intronic WBP2NL G A 0.301 0.984 0.839  0.024 2.09E-13
CODEINE 22 42410419 rs12166549  intronic WBP2NL T C 0.301 0.984 0.839  0.024 2.16E-13
CODEINE 22 42410695 rs9611711 intronic WBP2NL G A 0.301 0.984 0.839  0.024 2.16E-13
CODEINE 22 42410993 159611712 intronic WBP2NL T C 0.301 0.984 0.839  0.024 2.16E-13
CODEINE 22 42401514 159611700 intronic WBP2NL C T 0.301 0.989 0.839  0.024 2.29E-13
CODEINE 22 42402399 rs2413663 intronic WBP2NL T A 0.301 0.989 0.839  0.024 2.29E-13
CODEINE 22 42398195 rs11090066  intronic WBP2NL T C 0.301 0.987 0.840  0.024 2.84E-13
CODEINE 22 42394612 rs4822079 upstream:downstream WBP2NL(dist=180):SEPTIN3(dist=387) G C 0.301 0.984 0.840  0.024 3.13E-13
CODEINE 22 42632833 155758666 intronic TCF20 G A 0.286  0.985 0.840  0.024 5.07E-13
CODEINE 22 42633054 155751247 intronic TCF20 T C 0.285 0.984 0.840  0.024 5.82E-13
CODEINE 22 42620940 rs5751245 intronic TCF20 T C 0.288  0.987 0.843 0.024 1.21E-12
CODEINE 22 42406788 rs4822081 intronic WBP2NL C T 0.304  0.976 0.845 0.024 1.98E-12
CODEINE 22 42614362 15932376 intronic TCF20 T C 0.290  0.999 0.848  0.024 6.19E-12
CODEINE 22 42378507 rs62241000  intronic SEPTIN3 C T 0.321 0.989 0.853 0.023 1.08E-11
CODEINE 22 42378070 rs11914200  intronic SEPTIN3 G A 0.321 0.984 0.853 0.023 1.38E-11
CODEINE 22 42384171 rs11090065  intronic SEPTIN3 T C 0322 0.986 0.855 0.023 2.03E-11
CODEINE 22 42386269 rs58874647  intronic SEPTIN3 C T 0.295 0.971 0.862  0.024 5.48E-10
CODEINE 22 42491479 15758579 ncRNA _intronic NDUFA6-DT T C 0.210  0.961 0.850  0.027 1.90E-09
CODEINE 22 42492985 rs57117731  ncRNA_intronic NDUFA6-DT G A 0.210  0.961 0.850  0.027 1.90E-09
CODEINE 22 42493875 15758580 ncRNA _intronic NDUFA6-DT T C 0.210  0.961 0.850  0.027 1.90E-09
CODEINE 22 42486056 rs5751211 intronic NDUFA6 G A 0.210  0.959 0.852  0.027 2.88E-09
CODEINE 22 42488163 15758576 ncRNA_exonic NDUFA6-DT G A 0.210  0.959 0.852  0.027 2.88E-09
CODEINE 22 42516366 rs5751221 ncRNA_intronic NDUFA6-DT C T 0.211 0.958 0.852  0.027 3.10E-09
CODEINE 22 42517471 15758586 ncRNA _intronic NDUFA6-DT A T 0.211 0.963 0.852  0.027 3.12E-09
CODEINE 22 42517922 155751222 ncRNA_intronic NDUFA6-DT T A 0.211 0.963 0.852  0.027 3.12E-09
CODEINE 22 42453772 158099562  downstream NAGA(dist=566) T C 0.199  0.947 0.849  0.028 3.23E-09
CODEINE 22 42511727 rs3985938 ncRNA_intronic NDUFA6-DT G T 0.211 0.966 0.852  0.027 3.34E-09
CODEINE 22 42502070 rs9611734 ncRNA _intronic NDUFA6-DT A G 0.211 0.983 0.853 0.027 3.91E-09
CODEINE 22 42472237 152413667 intronic PHETA2 A C 0.199  0.958 0.850  0.028 3.93E-09
CODEINE 22 42461918 rs2854827 intronic NAGA G A 0.205 0.983 0.855 0.027 8.12E-09
CODEINE 22 42441091 rs28715885  intergenic WBP2NL(dist=16614),NAGA (dist=13247) T G 0.195 0.946 0.857  0.028 2.86E-08
CODEINE 22 42471738 rs45441993  intronic PHETA2 C A 0.180  0.913 0.853 0.029 3.19E-08
CODEINE 22 42574555 155758629 intronic TCF20 C T 0212 0971 0.862  0.027 3.52E-08
CODEINE 22 42550287 rs1997659 intergenic CYP2D7(dist=9803), TCF20(dist=5732) A G 0.217  0.840 0.864  0.027 4.07E-08
CODEINE 22 42563308 rs4453786 intronic TCF20 C T 0212 0.998 0.863 0.027 4.13E-08
CODEINE 22 42563529 rs62240863  intronic TCF20 T G 0.209  0.926 0.862  0.027 4.41E-08
CODEINE 22 42573139 rs1989375 intronic TCF20 C G 0.215 0.972 0.864  0.027 4.55E-08
CODEINE 22 42436322 159607871 intergenic WBP2NL(dist=11845) NAGA(dist=18016) G A 0.198  0.955 0.860  0.028 4.72E-08
CODEINE 22 42564304 rs5751232 intronic TCF20 C T 0.211 0.988 0.863 0.027 4.80E-08
CODEINE 22 42563933 155758622 intronic TCF20 C T 0.211 0.988 0.863 0.027 4.82E-08
CODEINE 22 42359302 rs1984419 intergenic LINC00634(dist=4356),SEPTIN3(dist=6140) T C 0.347  0.984 0.883 0.023  4.92E-08
CYP2D6-METABOLIZED OPIOIDS 6 154390607 rs62436463  intronic OPRM1 C T 0.102 0941 0.844  0.027 5.43E-10
CYP2D6-METABOLIZED OPIOIDS 6 154360797 151799971 exonic OPRM1 A G 0.131 0.999 0.864  0.024 2.42E-09
CYP2D6-METABOLIZED OPIOIDS 6 154335673 rs1294092 intronic OPRM1 A G 0.165 0.988 0.879  0.022 5.73E-09
CYP2D6-METABOLIZED OPIOIDS 6 154337179 rs1294088 intronic OPRM1 T C 0.165 0.986 0.879  0.022 5.93E-09
CYP2D6-METABOLIZED OPIOIDS 6 154337784 rs1294086 intronic OPRM1 A G 0.165 0.985 0.880  0.022 7.08E-09
CYP2D6-METABOLIZED OPIOIDS 6 154336426 151294091 intronic OPRM1 A G 0.165 0.984 0.880  0.022 7.47E-09
CYP2D6-METABOLIZED OPIOIDS 22 42389948 1739296 intronic SEPTIN3 G A 0.301 0.988 0.863 0.018 1.08E-16
CYP2D6-METABOLIZED OPIOIDS 22 42388826 rs56234624  intronic SEPTIN3 A G 0.301 0.988 0.863 0.018 1.17E-16
CYP2D6-METABOLIZED OPIOIDS 22 42389431 1rs2097561 intronic SEPTIN3 T C 0.301 0.988 0.863 0.018 1.17E-16
CYP2D6-METABOLIZED OPIOIDS 22 42389500 rs2097562 intronic SEPTIN3 T C 0.301 0.988 0.863 0.018 1.17E-16
CYP2D6-METABOLIZED OPIOIDS 22 42392811 rs1062753 UTR3 SEPTIN3(NM_019106:¢.*2051G>A) G A 0.301 1.000 0.863 0.018 1.17E-16
CYP2D6-METABOLIZED OPIOIDS 22 42390209 rs7290907 intronic SEPTIN3 G A 0.301 0.989 0.863 0.018 1.19E-16
CYP2D6-METABOLIZED OPIOIDS 22 42390225 rs7290655 intronic SEPTIN3 C G 0.301 0.989 0.863 0.018 1.19E-16
CYP2D6-METABOLIZED OPIOIDS 22 42405657 159620007 intronic WBP2NL C G 0.301 0.984 0.863 0.018 1.20E-16
CYP2D6-METABOLIZED OPIOIDS 22 42396371 rs8138080 intronic WBP2NL G A 0.301 0.989 0.864  0.018 1.56E-16
CYP2D6-METABOLIZED OPIOIDS 22 42397026 159623489 intronic WBP2NL A G 0.301 0.989 0.864  0.018 1.56E-16
CYP2D6-METABOLIZED OPIOIDS 22 42398266 159623490 intronic WBP2NL G C 0.301 0.989 0.864  0.018 1.56E-16
CYP2D6-METABOLIZED OPIOIDS 22 42399547 159620006 intronic WBP2NL T A 0.301 0.984 0.864  0.018 1.62E-16
CYP2D6-METABOLIZED OPIOIDS 22 42401514 159611700 intronic WBP2NL C T 0.301 0.989 0.864  0.018 1.72E-16
CYP2D6-METABOLIZED OPIOIDS 22 42402399 152413663 intronic WBP2NL T A 0.301 0.989 0.864  0.018 1.72E-16
CYP2D6-METABOLIZED OPIOIDS 22 42398195 rs11090066  intronic WBP2NL T C 0.301 0.987 0.864  0.018 1.77E-16
CYP2D6-METABOLIZED OPIOIDS 22 42418110 rs9607869 intronic WBP2NL T A 0.301 0.982 0.864  0.018 1.85E-16
CYP2D6-METABOLIZED OPIOIDS 22 42403980 rs59993856 intronic WBP2NL C T 0.301 0.984 0.864  0.018 1.85E-16
CYP2D6-METABOLIZED OPIOIDS 22 42409977 159611710 intronic WBP2NL G T 0.301 0.984 0.864  0.018 1.85E-16
CYP2D6-METABOLIZED OPIOIDS 22 42410419 rs12166549  intronic WBP2NL T C 0.301 0.984 0.864  0.018 2.27E-16
CYP2D6-METABOLIZED OPIOIDS 22 42410695 rs9611711 intronic WBP2NL G A 0.301 0.984 0.864  0.018 2.27E-16
CYP2D6-METABOLIZED OPIOIDS 22 42410993 159611712 intronic WBP2NL T C 0.301 0.984 0.864  0.018 2.27E-16
CYP2D6-METABOLIZED OPIOIDS 22 42394612 rs4822079 upstream;downstream WBP2NL(dist=180);SEPTIN3(dist=387) G C 0.301 0.984 0.864  0.018 2.30E-16
CYP2D6-METABOLIZED OPIOIDS 22 42414181 159607868 intronic WBP2NL G A 0.301 0.984 0.865 0.018 2.40E-16
CYP2D6-METABOLIZED OPIOIDS 22 42406788 rs4822081 intronic WBP2NL C T 0304  0.976 0.867  0.018 6.75E-16
CYP2D6-METABOLIZED OPIOIDS 22 42453772 1558099562  downstream NAGA(dist=566) T C 0.199  0.947 0.856  0.020 3.11E-14
CYP2D6-METABOLIZED OPIOIDS 22 42472237 152413667 intronic PHETA2 A C 0.199  0.958 0.856  0.020 3.49E-14
CYP2D6-METABOLIZED OPIOIDS 22 42633054 155751247 intronic TCF20 T C 0.285 0.984 0.874  0.018 6.31E-14
CYP2D6-METABOLIZED OPIOIDS 22 42493875 rs5758580 ncRNA_intronic NDUFA6-DT T C 0.210  0.961 0.861 0.020 6.79E-14
CYP2D6-METABOLIZED OPIOIDS 22 42492985 rs57117731  ncRNA _intronic NDUFA6-DT G A 0.210  0.961 0.861 0.020 6.97E-14
CYP2D6-METABOLIZED OPIOIDS 22 42632833 155758666 intronic TCF20 G A 0.286  0.985 0.874  0.018 7.14E-14
CYP2D6-METABOLIZED OPIOIDS 22 42491479 15758579 ncRNA _intronic NDUFA6-DT T C 0.210  0.961 0.861 0.020 7.47E-14
CYP2D6-METABOLIZED OPIOIDS 22 42441091 rs28715885  intergenic WBP2NL(dist=16614),NAGA (dist=13247) T G 0.195 0.946 0.857  0.021 7.93E-14
CYP2D6-METABOLIZED OPIOIDS 22 42502070 rs9611734 ncRNA _intronic NDUFA6-DT A G 0.211 0.983 0.861 0.020 8.27E-14
CYP2D6-METABOLIZED OPIOIDS 22 42516366 rs5751221 ncRNA_intronic NDUFA6-DT C T 0.211 0.958 0.862  0.020 1.01E-13
CYP2D6-METABOLIZED OPIOIDS 22 42517471 15758586 ncRNA _intronic NDUFA6-DT A T 0.211 0.963 0.862  0.020 1.01E-13
CYP2D6-METABOLIZED OPIOIDS 22 42517922 155751222 ncRNA_intronic NDUFA6-DT T A 0.211 0.963 0.862  0.020 1.01E-13
CYP2D6-METABOLIZED OPIOIDS 22 42511727 rs3985938 ncRNA _intronic NDUFA6-DT G T 0.211 0.966 0.862  0.020 1.07E-13
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S3 Table. Trans-ethnic replication of lead variant per signal associated with adverse drug reactions in individuals with self-reported African
ancestry.

Adverse Drug Reactions Variant Mapped Gene  Consequence Allele® EAF" R? OR (95% CI) ¢ P
Aspirin rs115346678 SSBP2, ATG10 intergenic G/A 0.03 0.98 0.97 (0.52 to 1.41) 0.88
: LOC105376453, . .
Cephalexin 1334545984 OTUDI intergenic G/T <0.005
Codeine rs9620007 WBP2NL intronic C/G 0.32 0.98 0.93 (0.81 to 1.06) 0.28
CYP2D6-metabolized opioids rs62436463 OPRM1 intronic C/T 0.02 0.94 0.77 (0.46 to 1.09) 0.11
rs739296 SEPTIN3 intronic G/A 0.30 0.99 0.97 (0.87 to 1.06) 0.45
- PTHLH, . .
Meperidine rs11049274 LOC729291 intergenic G/A 0.02 1.00 1.38(0.53 to 2.23) 0.46
rs113100019  FIP1L1 intronic T/G <0.005
rs185462714  SERINCS intronic A/G <0.005
e HLA-B, . .
Penicillin rs115200108 MICA-AS] intergenic C/A 0.01 1.00 0.77 (0.29 to 1.25) 0.28
. . DIPK2A, . .
Simvastatin 176103438 LNCSRILR intergenic T/A 0.01 0.90 1.89(0.53t03.26) 0.36

EAF = Minor allele frequency; R* = imputation quality

* Alleles are listed as reference/effect and are reported in the forward strand.

P Variants with MAF < 0.005 were excluded from analysis.

¢ OR and 95% Cls were derived from logistic regression models adjusted for sex, age, length of electronic health records (years), and first 10
principal components.



S5 Table. Genome-wide significant variants associated with adverse drug reactions in self-reported African ancestry individuals.

ADVERSE DRUG REACTION CHR POS SNP FUNCTION GENE REF ALT EAF R2 OR SE P

CYP2D6-Metabolized Opiod 1 63974562 15146874207 intronic ITGB3BP T A 0.0424181 0.98927 1.64392 0.0911337 4.91E-08
CYP2D6-Metabolized Opiod 1 63977576 15138184320 intronic ITGB3BP A T 0.0461987 0.99359 1.62984 0.0886776 3.62E-08
CYP2D6-Metabolized Opiod 1 64024507 rs143428350 intronic EFCAB7 C T 0.0431465 0.94358 1.66626 0.0903162 1.57E-08
CYP2D6-Metabolized Opiod 1 64042059 rs141490219 intergenic EFCAB7(dist=3695),PGM 1(dist=17023) G A 0.0424875 0.98206 1.64574 0.0911313 4.58E-08
CYP2D6-Metabolized Opiod 1 64066333 15116486075 intronic PGM1 C T 0.0455397 0.94886 1.64483 0.0892045 2.42E-08
Erythromycin 19 53788036 1s189641101 downstream FAMO90A27P(dist=434) A T 0.0579564 0.91986 2.86106 0.183805 1.07E-08
Erythromycin 8 15422695 15140359534 intronic TUSC3 T C 0.0612514 0.93249 2.80678 0.178575  7.50E-09
Simvastatin 7 91884628 1512670516 intronic ANKIBI1 C T 0.0856687 0.98559 2.81764 0.187978  3.57E-08
Simvastatin 7 91887996 151013522  intronic ANKIBI1 T C 0.0856687 0.98559 2.81764 0.187978  3.57E-08
Simvastatin 7 91899508 154727271  intronic ANKIBI1 C G 0.0852525 0.98384 2.82149 0.187959 3.42E-08
Simvastatin 7 91970821 1576631110 intronic ANKIBI1 C A 0.0863624 0.97071 2.83169 0.186898  2.56E-08
Simvastatin 9 25730652 1s1937930  intergenic TUSC1(dist=51796),LINC01241(dist=49402, T G 0.0699917 0.86791 3.07349 0.198614 1.57E-08
Any Statin 14 105258893 rs2494749 intronic AKTI A G 0.875555 0.77651 0.522439 0.115837  2.08E-08

OR and 95% Cls were derived from logistic regression models adjusted for sex, age, length of electronic health records (years), and first 10 principal components.



S5 Table. Regular expressions for extracting adverse drug reactions from the 'Allergy section' of electronic health records.

Penicillin Sulfa Codeine Morphine _ Aspirin Lisinopril _ Levofl Erythromycin Cephalexin Meperidine Anystatin _Simvastatin Atorvastatin CYP2D6-metabolized opiods
pen sulfa(?!te “codeine morphine  aspirin lisinopril levofloxacin  erythromycin cephalexin statin simvastatin  atorvastatin ~ codeine
penicillin Sulfafurazole ~codien ~asa zestril levaquin “EES keflex atorvastatin - zocor lipitor codien
pennic Sulfacetamide “codene prinivil levoquin erithromycin ~ cefalexin lipitor codene
aktob Sulfadiazine ~codine qgbrelis erythrocin simvastatin codine
amoxicillin -~ Sulfadimidine zocor codone
amoxil Sulfisomidine fluvastatin vicodin
ampicillin -~ Sulfadoxine lescol lortab
augmentin  Sulfamethoxazole lovastatin lorcet
carbenicillin - Sulfamoxole mevacor norco
clavulanate  Sulfanitran altoprev vicoprofen
cloxacillin  Sulfadimethoxine pravastatin oxycontin
loxap Ifamethoxypyridazine pravachol percocet
dicloxacillin - Sulfametoxydiazine rosuvastatin percodan
dycill Sulfametopyrazine crestor tramadol
dynapen Terephtyl pitavastatin ultram
floxacillin ~ Sulfisoxazole livalo ultracet
floxapen Sulfaisodimidine tapentadol
geocillin Acetohexamide nucynta
mezlin Carbutamide
mezlocillin -~ Chlorpropamide
nafcillin Glibenclamide
nallpen Glibornuride
omnipen Gliclazide
oxacillin Glyclopyramide
penicillin Glimepiride
permapen  Glipizide
pfizerpen  Gliquidone
piperacillin ~ Glisoxepide
pipracil Tolazamide
polycillin Tolbutamide
polyox Glyburide
principen Acetazolamide
staphcillin -~ Bumetanide
sulbactam  Chlorthalidone
tazobactam  Clopamide
ticarcillin Furosemide
timentin Hydrochlorothiazide
totacillin Indapamide
trimox Mefruside
unasyn Metolazone
unipen Xipamide
veetids Ethoxzolamide
wycillin Sultiame
zosyn Zonisamide

Mafenide

Amprenavir

Darunavir

Delavirdine

Fosamprenavir

Tipranavir

Asunaprevir

Beclabuvir

Dasabuvir

Grazoprevir

Paritaprevir

Simeprevir

Azabon

Apricoxib

Bosentan

Brinzolamide

Celecoxib

Dofetilide

Dorzolamide

Dronedarone

Ibutilide

Parecoxib

Probenecid

Sotalol

Sulfasalazine

Sumatriptan

Tamsulosin

Udenafil

Sulfamethizole

Trimethopri

azole
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S1 Figure. Manhattan plots of phenome-wide analysis of lead variants in CYP2D6, OPRM1, PTHLH, and HLA/MICA associated with adverse drug
reactions (ADRs). Red lines on Manhattan plots show the phenome-wide level of significance (5.0 x 10°). Phenotypes with P-values < 0.005 were
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