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SUMMARY

Identifying factors that affect treatment response is a central objective of clinical research, yet the role of
common genetic variation remains largely unknown. Here, we develop a framework to study the genetic ar-
chitecture of response to commonly prescribed drugs in large biobanks. We quantify treatment response
heritability for statins, metformin, warfarin, and methotrexate in the UK Biobank. We find that genetic varia-
tion modifies the primary effect of statins on LDL cholesterol (9% heritable) as well as their side effects on
hemoglobin Alc and blood glucose (10% and 11% heritable, respectively). We identify dozens of genes
that modify drug response, which we replicate in a retrospective pharmacogenomic study. Finally, we find
that polygenic score (PGS) accuracy varies up to 2-fold depending on treatment status, showing that stan-

dard PGSs are likely to underperform in clinical contexts.

INTRODUCTION

Initiation of drug treatment poses arisk for adverse reactions and
long-term side effects, sometimes without guaranteed effective-
ness for an individual patient.'® Genetic testing holds promise
for safer and more effective treatment by predicting each individ-
ual’s specific drug response.”'° To date, several large-effect
pharmacogenomic genes have been identified''~'"; these genes
are commonly tested in the clinic to guide administration and
dosing of certain medications,'®" which reduces the incidence
of certain severe adverse drug reactions.'*'"*>?% More recently,
additional pharmacogenomic genes have been identified by
genome-wide association studies (GWASs) in randomized
controlled trials (RCTs), pharmacogenomic studies nested within
large epidemiological cohort studies, or meta-analyses of
both.?*?> For example, the Clinical Pharmacogenetics Imple-
mentation Consortium (CPIC)*® —which curates gene-drug pairs
and publishes corresponding clinical practice guidelines—

currently lists 119 unique pharmacogenomic genes for 293
drugs with variable levels of evidence or actionability. Addition-
ally, pharmacogenomic studies have reported significant herita-
bility of drug response phenotypes,?”+*® that most variants and
genes discovered in pharmacogenomic GWASs differ from
candidate genes,®® and that large-effect variants likely
contribute little to the heritability of pharmacogenomic pheno-
types.®° However, access to genetic data from RCTs is limited,
nested pharmacogenomic studies are rare, and both have
much smaller sample sizes than those available in biobanks,
so they are generally underpowered to investigate the genetic ar-
chitecture of drug response.

Even more recently, genome-wide genetic data have been
considered for clinical biomarkers of disease risk in the form of
polygenic scores (PGSs).®'° PGSs predict disease risk by
aggregating many risk alleles identified by GWASs.*® For some
diseases, PGSs have comparable performance to current clin-
ical risk-prediction algorithms, at least in European ancestry

oot Cell Genomics 4, 100722, December 11, 2024 © 2024 The Author(s). Published by Elsevier Inc. 1

uuuuuu

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:michalsadowski@ucla.edu
mailto:nzaitlen@ucla.edu
https://doi.org/10.1016/j.xgen.2024.100722
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xgen.2024.100722&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

¢? CellPress

OPEN ACCESS

Cell Genomics

Table 1. Drug exposures and responses examined in this work

Number of users

Drug exposure (non-users) Description

Primary effects Side effects

Statins 56,169 (286,088) low-density lipoprotein (LDL)
cholesterol-lowering therapy
prescribed to prevent
atherosclerotic cardiovascular
disease (ASCVD) events

Metformin 8,606 (333,651) antidiabetic therapy

Warfarin 3,753 (338,504) anticoagulant therapy

Methotrexate 1,865 (340,392) antirheumatic therapy

LDL cholesterol, cardiovascular
disease (CVD)*%*°

glucose, hemoglobin Alc,
type 2 diabetes (T2D)*' >4

55-58

body mass index (BMI),>-¢°
LDL cholesterol, CVD®":%?

none examined

glucose, Alc

reticulocyte count, hematocrit,
plateletcrit, venous
thromboembolism (VTE)®*°°

66,67

C-reactive protein (CRP) none examined

individuals.®”~>° However, very few genome-wide predictions for
treatment response have been developed,“®*"' even though their
potential benefits have been discussed extensively.**~*°

Here, we build a framework to study genome-wide genetic ef-
fects on the primary and side effects of common drugs. Our
approach leverages recent and novel methods for gene-environ-
ment interaction (GxE). Crucially, our methods apply to passively
obtained electronic health records (EHRs), enabling analyses of
sample sizes far exceeding randomized controlled trials. We apply
our approach to some of the most common drugs in the UK Bio-
bank: statins, metformin, warfarin, and methotrexate. Our
methods quantify genome-wide heritability of drug response,
identify specific genes modifying drug response, and characterize
the implications for clinical use of PGSs. We replicate many of the
gene-drug interactions in a longitudinal pharmacogenomic study
of statins’ effects on LDL cholesterol.*>*” Overall, our framework
characterizes the genetic architecture of individual-level response
to modifiable risk factors in passively obtained EHRs.

RESULTS

Study overview

We apply our framework to 342,257 unrelated white British indi-
viduals in the UK Biobank*® (STAR Methods). We focus on four
commonly prescribed drugs in this dataset: statins, metformin,
warfarin, and methotrexate. For each drug, we study phenotypes
related to its primary effect as well as phenotypes related to its
possible side effects (Table 1).

We first define and develop a novel approach to estimate the
aggregate impact of common genetic variation on treatment
response (Mesponse)- Neesponse 1S the SNP heritability of the pheno-
type change after treatment (Figure 1A, STAR Methods). We esti-
mate this parameter by post-processing results from GXEMM,®®
which was developed to estimate GxE-based heritability.
GxEMM explicitly models treatment-dependent heteroscedastic-
ity, which is essential for unbiased estimates of treatment-depen-
dent heritability. Because this approach aggregates genetic ef-
fects across the genome, it is powerful but does not identify
specific genes.

Next, we develop a new method called TXEWAS to identify
specific genes that modify drug response. TXEWAS is a
GxE extension of the transcriptome-wide association study
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(TWAS®®7%) framework. It genetically imputes gene expression
levels using reference transcriptomics data, as in a TWAS, and
then tests whether the imputed expression interacts with an
environmental (“E”) variable (Figure 1B, STAR Methods). A major
challenge in TXEWAS is accounting for treatment-dependent
heteroscedasticity, which we accomplish using the sandwich
variance estimator (SVE)"" (Figures 1C, S1A, and S1B, STAR
Methods). Compared to SNP-level tests, TXEWAS improves
interpretability by suggesting possible causal genes and can
improve power by aggregating multiple SNP effects and there-
fore reducing the number of statistical tests.®®"°

Like all existing gene-environment interaction models,
GXxEMM and TxEWAS are susceptible to endogeneity bias
because individuals’ treatments depend on their baseline phe-
notypes. We use theory, simulations, and additional data to
characterize and account for this bias (Figures S2 and S3, sup-
plemental note). Importantly, we test the gene-statin interaction
effects on LDL cholesterol in a retrospective longitudinal phar-
macogenomic study, which validates these specific results as
well as our cross-sectional approach.

Finally, we study the impact of treatment status, which varies
significantly between individuals, on the performance of poly-
genic scores. We evaluate changes in PGS prediction accuracy
by varying the proportion of treated individuals in the training
and/or validation data.

Primary effects and side effects of commonly
prescribed drugs are heritable

We estimated hZne. for statins’ association with LDL choles-
terol at 9% (Table 2). This is consistent with a prior estimate of
12% (SE = 9%) derived by comparing first-degree relatives.*®
Statin-dependent genetic effects on Alc and blood glucose
were estimated at 10% and 11%, respectively (Table 2). For
comparison, the statin-independent heritabilities for these traits
(2, are 21%, 29%, and 11% for LDL cholesterol, Alc, and
blood glucose, respectively (Table 2).

We next found that the hZ,,,nse for metformin’s associations
with LDL cholesterol and BMI are 2% and 17 %, respectively (Ta-
ble 2), and the metformin-independent heritabilities are 11% and
28%, respectively. However, we did not find significant heritabil-
ity of response to warfarin or methotrexate, which was expected
as we have lower power for less common drugs (Table S1).
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(C) Statistical interactions with treatment status
induce treatment-dependent heteroscedasticity
that must be modeled in GXEMM and TXxEWAS.

131 interaction effects have opposite
signs to the main effects (Figures 3A and
S5). That is, statins uniformly buffer these
genetic effects on LDL cholesterol. This is
consistent with our observation that LDL
cholesterol has higher heritability in statin
non-users than users (Table S2).

Predicted expression (g)

We next separately evaluated heritabilities in statin users vs.
non-users. We observe that the heritability of LDL cholesterol
is much higher in individuals who do not take statins (41% vs.
27%, Tables S2 and S3). This suggests that statins mitigate
the genetic effects on LDL cholesterol present in untreated in-
dividuals (Table S4). We found a qualitatively different pattern
for the side effect of statins on A1c and blood glucose, where
statin users had comparable or higher heritability (Table S2).
This suggests that statins activate or amplify genetic effects
on blood sugar compared to untreated individuals. For met-
formin users, we found significantly higher heritability for
BMI (51% vs. 31%) and lower heritability for LDL cholesterol
(11% vs. 23%).

Identifying gene-drug interactions for primary and side
effects
We next sought to identify specific genes that modify drug
response. We found 156 genes that modify statins’ associa-
tion with LDL cholesterol (hierarchical FDR’*":
hFDR < 10%, Figures 2A and S4A, Table S5). These genes
include APOE, which has been previously implicated in
response to statin therapy”® and is listed by CPIC as one of
13 gene-statin pharmacogenes. None of the other 12 CPIC
genes overlap our TXEWAS genes, but four of them are within
200 kb of our TXEWAS genes (CYP2C9, HMGCR, CETP,
LDLR). Overall, this demonstrates some alignment of our re-
sults with existing evidence. Additionally, our discovery of
many genes that are not in CPIC further documents the
complexity of drug response phenotypes.?®-*°

Of the 156 genes significantly interacting with statins, 131 also
have significant additive effects (hFDR < 10%). Interestingly, all

At the time of conducting this study, the

NHGRI-EBI GWAS Catalog’* reports 10

unique SNP associations with LDL choles-

terol change in response to statin therapy,

and 2,766 such associations with LDL cholesterol levels (STAR

Methods). These SNP associations were mapped—either by the

studies or the GWAS Catalog—to 17 and 1,468 genes, respec-

tively. Of the 156 gene-statin interactions identified in the LDL

cholesterol TXEWAS, four overlap the 17 genes reported by

GWAS for LDL cholesterol change (SMARCA4, APOE, PCSK9,

APOCT). Those four, as well as 51 additional TXEWAS genes,

overlap the 1,468 GWAS genes for LDL cholesterol levels (Fig-

ure S6A). Compared to a TWAS for LDL cholesterol (STAR

Methods), 135 of the 156 TXEWAS genes are shared, and 21

are new (Figure S6B). These 135 shared genes include the 55
shared with GWAS (Figure S6C).

A pathway enrichment analysis with ConsensusPathDB’° of
the 156 interacting genes found enrichments mostly in choles-
terol and lipoprotein metabolism pathways, as well as regulatory
and transcription pathways (Table S6). For example, the two
most significant Wikipathways were “Metabolic pathway of
LDL, HDL, and TG, including diseases” and “Statin inhibition
of cholesterol production,” and the top KEGG and Reactome
pathways also included cholesterol-related biology.

We next tested which genes modify the side effects of statins
on Alc and blood glucose, and we identified 53 and 6, respec-
tively (Figures 2B, 2C, S4B, and S4C). 28 of the 53 genes with
statin-dependent effects on A1c lie in the highly complex MHC
region, and it is likely that many of these are not causal.”® One
example gene outside the MHC is GIPR, which is known to
regulate insulin levels in the presence of elevated glucose in
mice’” and is associated with increased risk of hyperinsulinemia
after an antipsychotic treatment.”® All six genes that modify sta-
tins’ association with glucose overlap the statin-dependent A1c
loci (Figure 2C).

Cell Genomics 4, 100722, December 11, 2024 3




¢? CellPress

OPEN ACCESS

Table 2. Statistically significant drug-independent heritability
and heritability of drug response estimates

Drug/response h2om hesponse hesponse P Value
Statins

LDL cholesterol 0.21 0.089 1.13 x 107%°
Alc 0.29 0.102 1.79 x 107
glucose 0.11 0.111 2.26 x 1074
Metformin

LDL cholesterol 0.11 0.023 0.016

BMI 0.28 0.170 2.51 x 107*

Corresponding estimates for all tested drug exposures and responses
can be found in Table S1.

Of the 53 genes with statin-dependent effects on A1c, 36 have
significant additive effects. However, unlike the genes modifying
statins’ association with LDL cholesterol, only four of them have
an interaction effect with opposite sign to the main effect
(Figures 3B and S7). Similarly, only three of the six genes with
statin-dependent effects on glucose exhibit significant additive
effects, and all of these effects have the same sign as the corre-
sponding interaction effects (Figure 3C). Broadly, this suggests
that some genetic effects on A1c and glucose are amplified by
statins, while others are dampened.

We next analyzed metformin, warfarin, and methotrexate for
gene-drug interactions. Although these have many fewer users
(Table 1), we identified three gene-warfarin interactions effects
on reticulocyte count (HIF3A, implicated in the response to hyp-
oxia’?; ITGA1, shown to be upregulated at high oxygen levels in
the environment®’; and AL049542.1) and one gene-metho-
trexate interaction effect on C-reactive protein levels (C60rf164).

The results are highly concordant if we exclude individuals
who take combinations of the aforementioned drugs (Figure S8;
Table S5, supplemental note).

Replicating gene-drug interactions in a
pharmacogenomic study

The UK Biobank EHR data are passively obtained from an obser-
vational cohort and may suffer from confounding due to endoge-
neity in treatment status—sick individuals are more likely to be
on treatments, and this may be driven in part by genetics. There-
fore, we validated our approach by replicating the gene-level in-
teractions for statins’ primary effect in a pharmacogenomic
study. The replication study analyzed statin-induced LDL
cholesterol change in 34,874 statin users from the Kaiser Perma-
nente GERA cohort (Genetic Epidemiology Research on Adult
Health and Aging)*®*” (STAR Methods). Of the 156 significant
genes that we identified from cross-sectional data, 155 could
be studied in the replication cohort (STAR Methods). We found
that 36/155 genes replicated (hFDR < 10%, Table S5) and that
the remaining genes were significantly enriched for low p
values < 0.1 (binomial test p value = 0.002).

Two of the 36 replicated interacting genes (APOE and APOCT)
were previously reported in GWASSs of LDL cholesterol change in
response to statin therapy. These two and 16 more were re-
ported by GWASSs for LDL cholesterol levels. We then studied
the remaining 18/36 genes using pathway analysis, which re-
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vealed enrichments in plasma lipoprotein processes, statin inhi-
bition of cholesterol production, and cholesterol metabolism
(Table S7). All of the 36 replicated interacting genes were identi-
fied by the standard TWAS for LDL cholesterol levels.

Gene-drug interactions impact polygenic prediction
accuracy

Gene-drug interactions may reduce the performance of ordinary
PGSs, which are additive genetic predictors and must compro-
mise between optimizing for users and non-users. We assessed
the impact of this bias on PGS performance by varying the pro-
portion of individuals on a drug in the training and/or testing co-
horts, keeping the training sample size fixed. We focused on sta-
tins and metformin because they had treatment response
heritability (Table S1, STAR Methods).

First, we evaluated PGSs for A1c as a function of statin use
(Table 3). We find that statin users are better predicted by the
PGS trained on statin users, and vice versa for statin non-users.
Numerically, prediction accuracy of the PGS for Alc in statin
users increases by 31% when it is trained in treated vs. untreated
individuals. While this is intuitive, it need not hold in general. For
example, if two groups share identical genetic effects but have
different levels of non-genetic noise, the PGS should always
be trained in the less-noisy group. Indeed, we observe this
pattern for LDL cholesterol, which has higher heritability in statin
non-users than users, and we find that training a PGS in non-
users is optimal for predicting in users (Table 3). We performed
extensive simulations to confirm these results (Table S8, STAR
Methods). Finally, we evaluated an “agnostic” PGS built from a
mix of users and non-users without accounting for statins, and
we found that this PGS performed worst of all (Table 3). This illus-
trates an unappreciated limitation of standard approaches to
building PGSs in biobanks.

We found qualitatively similar results for PGSs dependent on
metformin, though they had smaller sample size and were
weaker: BMI for users were better predicted using the PGS built
from users, while LDL cholesterol was always better predicted
using non-users (Table 3).

Overall, our results demonstrate that the accuracy of poly-
genic prediction is significantly affected by the distribution of
drug use status in both GWAS and prediction cohorts, and
that the optimal approach varies across drugs and phenotypes.
In particular, when genetic effects on an outcome are simply
buffered by a drug, the optimal PGS for both users and non-
users will be trained solely in drug non-users. This is because
the genetic effects are perfectly correlated between groups,
yet larger in the non-user group. Conversely, if the drug does
not simply buffer baseline genetic effects, then the genetic cor-
relation between users and non-users will decrease, and it be-
comes more important to match drug use status between
GWAS and prediction cohorts. We hypothesize that the former
scenario will be more frequent when studying the primary effect
of a drug, and the latter will be more frequent for side effects;
this hypothesis is consistent with our observation for statins’
associations with LDL cholesterol and Aic. In general, the
optimal PGS will depend on the net effect of these parameters
and the available sample sizes for users and non-users
(Table S9).
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(A) Manhattan plot of gene-statin interaction effects
for LDL cholesterol (primary effect). Each point
represents a single gene, with physical position
plotted on the x axis and standardized effect size
plotted on the y axis. The most extreme effect
across tissues is shown for each gene. Significant
associations are highlighted in red, and the stron-
gest associations on each chromosome are
labeled.
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Our results suggest that genome-wide
genetic variation broadly modifies drug
response. This is an important extension
of pharmacogenomic studies, which usu-
ally focus on large-effect genes directly
involved in drug metabolism. This exten-
sion is consistent with the overall arc of
human genetic studies, where first
large-effect genes are identified and
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We observe a large, but not complete,
overlap between statin-interacting genes
identified with TXEWAS for LDL choles-
terol and TWAS and GWAS associations
with baseline LDL cholesterol (STAR
Methods). This result calls for caution,
since it could be explained by endogeneity
(Figure S2, supplemental note) or model
misspecification, which are one of the
main concerns in all GxE studies. None-
theless, reassuringly, many of these genes
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DISCUSSION

We quantified the genome-wide contribution of genetic
variation to drug response (hfesponse) for some of the most
commonly prescribed drugs worldwide. We identified specific
genes driving this variation, and we validated the gene-statin
interaction effects on LDL cholesterol in a longitudinal
pharmacogenomic study. We found that such genetic effects
on drug response have downstream implications for PGSs,
which are moving toward clinical use. In particular, we
showed that current PGSs will often underperform in the clinic
because they are biased toward untreated individuals. While
our paper focuses on drug treatments, we note that our novel
framework can characterize the genetic basis of any covari-
ate’s effect, including sex/gender, age, or modifiable risk
factors.

>

replicated in a longitudinal study, and
some have additional forms of experi-
mental evidence.?*%°

An interesting finding is PCSK9—an LDL cholesterol-lowering
drug target, which we observed to have a stronger effect in statin
users than non-users (Figure 3A). This interaction effect did not
replicate in our longitudinal study, which could be due to insuffi-
cient power in this study, or due to endogeneity in our discovery
analysis. There is a possibility of endogeneity bias because
PCSK9 has a strong effect on baseline LDL cholesterol (supple-
mental note). On the other hand, known facts about PCSK9
make it an interesting candidate for a statin pharmacogene: (1)
loss-of-function and gain-of-function variants in PCSK9 are known
toreduce and elevate LDL cholesterol levels, respectively,?®*” and
(2) statin therapy has been shown to increase serum PCSKO levels,
which can buffer statin LDL cholesterol-lowering effects.®**”
Furthermore, a genetic study®® identified loss-of-function variants
associated with improved LDL cholesterol response to statins.
However, the strongest association reported in this study was

Cell Genomics 4, 100722, December 11, 2024 5
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Figure 3. Gene-statin interaction effect sizes for low-density lipoprotein cholesterol, hemoglobin A1c, and blood glucose
(A) Estimated effect sizes of selected genes on LDL cholesterol in statin users and non-users and from a standard additive model. Color boxes depict standard
errors around effect size estimates. Reported p values P g,k are for the gene-statin interaction effects. The top 10 genes have significant interaction effects; for

comparison, the bottom three genes are only additively significant.

(B and C) Same as (A), but for A1c and blood glucose. See also Figures S5 and S7.

estimated with just three carriers, and the effect of a loss-of-func-
tion variant is easier to predict than the combined effect of small
and moderate effect variants, which we studied. Amore recent ge-
netic study® reported variants with statin-dependent effects on
PCSKO9 levels, and stronger causal effects of PCSK9 on LDL
cholesterol in statin non-users compared to statin users. This is
in line with our result. However, this study evaluated statin interac-
tions on small preselected sets of variants and suffered similar lim-
itations as ours in regards to observational data.

Importantly, our results identify an unappreciated limitation of
the clinical use of PGSs, which are systematically less predictive
in treated individuals than healthy controls. This complements
other known limitations of PGSs, including limited transferability
across socio-economic status, age, sex,’*°' and ancestry,”>%
which could also be driven in part by gene-environment interac-
tions.?* On the other hand, our results pave a path to developing
context-specific PGSs that incorporate context-specific genetic
effects, which could directly predict an individual’s response to
common drugs by the difference between their on-drug PGS
and their off-drug PGS.

Limitations of the study

Our study has several limitations. First, it has focused on the UK
Biobank, which is a cross-sectional cohort with non-random allo-
cation of drugs. This raises the possibility of endogeneity biases
causing false positives or false negatives, where our results reflect
causes of drug prescription rather than its consequences. None-
theless, we have validated many of our results in a longitudinal
pharmacogenomic study, which took steps to reduce biases
from dosing and baseline LDL cholesterol levels. Robust replica-
tion for one drug-outcome pair does not imply that our results
will replicate for every such pair. Nonetheless, it is an important
reassurance that our exploratory approach has value to partly
recover longitudinal analyses. More importantly, for many traits,
the results are inconsistent with simple endogeneity-driven biases
because we observed both positive and negative interaction ef-
fects (supplemental note). A related limitation is that our cross-
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sectional approach to estimate heritability provides only a lower
bound to hZ,nse (SUpplemental note). In the future, methods to
formally account for such endogeneity would give more precise
estimates of treatment response heritability. Second, large-scale
projects, like the UK Biobank, measure many shallow phenotypes
but often do not measure the most clinically relevant phenotypes
for a specific study. For this study, for example, we were unable
to extract relevant phenotypes to investigate statin-induced
myopathy, and we were only able to extract proxies for the primary
clinical measure of warfarin’s effect (international normalized ra-
tio®). If the number of drug users in a large biobank is relatively
small, as in our warfarin study, bespoke small-scale studies can
have more power to model genetic effects on drug response.”®
Third, biobanks often lack detailed information about drug dose
for many or all participants. Our study in the UK Biobank did not ac-
count for drug dose, which is an important limitation, even though
we were able to validate an important part of our discoveries in a
pharmacogenomic study that did correct for it. Fourth, patients
are often on multiple drugs simultaneously. Results of our second-
ary analysis, which excluded individuals on combinations of drugs
considered in this study, showed high concordance with results of
the primary analysis. However, more targeted studies can improve
by including information about important drugs taken concur-
rently. Fifth, statistical genetic interactions need not reflect
biochemical interactions between a gene and drug. This contrasts
with large-effect pharmacogenomic genes, which typically
encode enzymes that directly metabolize the drug. Sixth, the
TXEWAS methodi is liable to detect genes or tissues that are merely
correlated with causal genes of tissues. In the future, established
TWAS methods to fine-map causal genes’® or tissues® 9 could
be adapted to the TXEWAS setting. Seventh, due to biases in avail-
able data, we analyzed only individuals of European ancestry. For
example, GXEMM requires tens of thousands of samples for
robustness, and TXEWAS requires reference genomic data which
currently is heavily biased to European ancestries.'°° More ances-
trally diverse data are needed to obtain more generally applicable
results. Nonetheless, we expect that our qualitative conclusions
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Table 3. Prediction accuracy of polygenic scores trained in drug users, non-users, and a 50:50 mixture of both agnostic to treatment

status
Training Prediction accuracy (incremental R? [%] [SE])

Statins Metformin

LDL cholesterol Alc LDL cholesterol BMI

On drug Off drug On drug Off drug On drug Off drug On drug Off drug
On drug 7.18 (0.30) 12.60 (0.36) 3.36 (0.23) 2.32 (0.18) 1.32 (0.37) 3.24 (0.54) 0.919 (0.286) 0.0040 (0.0592)
Off drug 7.98 (0.32) 14.87 (0.39) 2.56 (0.20) 5.79 (0.28) 2.75(0.51) 5.43 (0.67) 0.041 (0.080) 0.0077 (0.0636)
Agnostic 5.86 (0.29) 10.49 (0.36) 2.60 (0.20) 3.75 (0.23) 2.25 (0.44) 5.00 (0.66) 0.255 (0.164) 0.0931 (0.1078)

See also Table S9.

about the genetic architecture of treatment response will apply to
all individuals. Eighth, since estimated heritability depends on the
choice of covariates, and since our analyses always adjust for
the main effect of the specific drug being tested, our estimates
of h2,,,, for an outcome depend on the drug being tested. Similar
issues apply to ordinary additive heritability estimates'®" (supple-
mental note, Table S10). Nonetheless, this does not affect our con-
clusions about higonse-

Despite these limitations, we provided evidence for substan-
tial polygenic contributions to drug response and showed how
large-scale cross-sectional studies like the UK Biobank can be
used to estimate genetic effects on drug response. Although
validation with randomized controlled trials is needed before
drawing definitive conclusions about causal genetic effects on
treatment response, our results demonstrate that cross-
sectional data can generate compelling hypotheses on genetic
modifiers and statistical predictions for treatment response. It
is important, as advances in pharmacogenomics cannot be
made with sole input from randomized controlled trials,>* which
have strict inclusion and exclusion criteria, cannot always be
performed due to ethical issues and are limited to small sample
sizes due to high cost. Based on these results, we envision that
novel PGS approaches incorporating treatment information will
provide actionable clinical guidelines for optimizing primary ef-
fects and minimizing harmful side effects of drugs.
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METHOD DETAILS

UK Biobank data

Analyses presented in this work were performed in the UK Biobank population of 342,257 unrelated white British individuals.
Samples

The 342,257 unrelated white British individuals were identified by performing the following steps. From among 488,363 UK Biobank
participants, we retained putative “White British” individuals using field 22006-0.0 (n = 409,692). We then filtered out 199 individuals
with excess genotype missingness (>0.05), 312 individuals with a mismatch between self-reported and genetic sex, 999 individuals
with excess heterozygosity (> 5 standard deviations above the mean), and 90 individuals who requested their data be redacted. We
then removed 629 individuals related to ten or more individuals (KING coefficient > 2-9/2) as a preprocessing step to the application
of the maximal_independent_set algorithm implemented in the NetworkX Python package.'%®

In contrast to Bycroft et al.,’'” who estimated kinships using approximately 92,000 common SNPs with small loadings onto the first
few principal components (PCs) in the full sample (including multiple ancestries; see S3.7 of Bycroft et al.), we estimated kinships
using 561,780 common SNPs in a sample of European ancestry individuals. The close relatives the UK Biobank identified in field
22021-0.0 are a subset of our more conservative approach: we identified all 81,218 related individuals in this subsample identified
by the UK Biobank plus an additional 3,261 not identified by Bycroft et al.

Genotypes

For heritability and PGS analyses, we used 579,566 UK Biobank variants with minor allele frequency (MAF) larger than 0.01, Hardy-
Weinberg equilibrium (HWE) test p value below 10~ '°, and imputation INFO score of 1. For the TXEWAS analysis, UK Biobank SNPs
that matched eQTLs trained in the GTEx consortium''® were used.

Phenotypes

Individuals who take statins were identified by UK Biobank field 20003-0.0-47 using the following codes: 1140861958, 1140861970,
1141146138, 1140888594, 1140888648, 1140910632, 1140910654, 1141146234, 1141192410, 1141192414, 1141188146,
1140881748 and 1140864592. There were 56,169 such subjects within the UK Biobank population of 342,257 unrelated white British
individuals. Individuals who take metformin (n = 8,606) were identified by codes 1140884600 and 1141189090 in the same UK Bio-
bank field. Warfarin users (n = 3,753) were identified by codes 1140888266 and 1140910832; and methotrexate users (n = 1,865) by
codes 1140869848 and 1140910036.

LDL cholesterol, glucose, A1c, BMI, hematocrit, plateletcrit, reticulocyte count and C-reactive protein levels were retrieved from
UK Biobank fields 30780-0.0, 30740-0.0, 30750-0.0, 21001-0.0, 30030-0.0, 30090-0.0, 30240-0.0 and 30710-0.0, respectively.

C-reactive protein levels were inverse normally transformed before fitting the models. For other traits, we discarded measurements
greater than five standard deviations from the mean, with the assumption that such extreme levels were results of non-modeled
circumstances.

CVD was defined as in Thompson et al."'* The T2D disease status and the VTE status were extracted from the UK Biobank EHRs.
The former was defined using ICD10 code E11. The latter, using ICD10 codes 126, 180.1, 180.2, 181 and 182.0, and OPCS procedure
code L90.2.""° For testing associations with drug use, we only retained diagnoses recorded after the date of the initial assessment
with the UK Biobank initiative (when the information about medication use was collected), which resulted in 29,393 (278,675), 18,193
(297,399), 7,356 (332,403) cases (controls) for CVD, T2D and VTE, respectively.

Covariates

The main analyses reported in this work were performed using the following covariates: age, sex, birth date, Townsend deprivation
index, and the first 16 genetic PCs.®” We additionally accounted for the measuring device type when an outcome required it, which
was the case for hematocrit, plateletcrit, and reticulocyte count. All non-binary covariates were standardized (transformed to mean-
zero, variance 1) before calculating interaction variables.

Heritability of treatment response
GxEMM quantifies the heritability contributed by genome-wide additive effects and genome-wide GxE effects. The general GXEMM
model for phenotype y of an individual i in environment k (i.e., Z; = k) is:

Yi|Zi =Kk~ inqaq + JhomZGisﬁs + \/V;ZGIS'YSk + \/ Wk‘“"gfi
q s s

In this model, X are covariates (indexed by g) with fixed effects «, and G is a matrix of SNPs (indexed by s), with additive effects 3.
We assume that ¢ and the noise, ¢, are i.i.d. standard normal, and the additive heritability is determined by the genetic and noise
variances, o2, and ¢2. GXEMM additionally captures SNP-environment interaction effects, v, which are also assumed i.i.d. standard
normal. Further, GXEMM allows environment-specific genetic (v) and noise (wy) variances. If the phenotype is scaled to variance 1,

2 — R2
Ohom = hhom‘
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Here, we use treatment status as the “environment” in order to quantify the heritability due to treatment-specific effects. We
approximate the heritability of treatment response, Ay; = yi(Z; = 1) — yi(Z = 0), by:
Vo+V4 < Vo+V+

2 cponse = <
Vo+V1+Wo+W+ Vo+V1+Wo+W1 — 2Woq

response *

= h*(ay)

where wp captures the covariance in effect sizes for unmodeled risk factors between treated/untreated states (Supplemental Note).

For warfarin, methotrexate, and metformin, we studied a sample of 30,000 individuals that included all users of that drug and an
accordingly-sized random draw of non-users. To assess stability of our results, we repeated the analysis five times by randomly re-
sampling non-users, and reported results from the sample with median additive heritability (h2,,,,, Figure S9). Because statins are
much more common, we instead randomly split all 342,257 individuals into 11 non-overlapping subsets and meta-analyzed the re-

sults. This is a common approach employed in biobank-scale datasets to reduce computational complexity.''®

Genes responsible for variable drug response

TXEWAS extends the transcriptome-wide association study (TWAS®®"%) framework to test gene-environment interactions. The
TXEWAS framework involves two major steps: First, gene expression levels of each gene are genetically imputed using a reference
dataset. Second, the interaction effect, v, between imputed gene expression and the drug is tested in the regression model:

Vi = Bo+ ZﬁUXij + Zﬁz,'zixij + Zﬁs}gixij + 849 + BsZi +¥9iZi + €,
) J )

where ¢ ~ J\/(O, 02) ;zi and g; are the drug use indicator and imputed expression of some gene for individual /, respectively, and X is a
matrix of covariates.

For binary phenotypes, the interaction effect is tested in the logistic regression model with the same covariates (Supplemental
Note). In both models, the variance of the effect size estimates is estimated with the sandwich variance estimator to control for het-
eroskedasticity and/or misspecification of the functional form of the environmental factor''”"'"® (Figure S1, Supplemental Note).

In this study, we imputed gene expression into the UK Biobank using 48 tissues from the GTEx consortium, and we used hierar-
chical FDR"*"® (hFDR < 10%) to account for multiple hypothesis testing across genes and tissues. Hierarchical FDR has been shown
to properly control the false discovery rate across contexts when there are multiple hypothesis tests being run for a given group, in
this case, a gene.”>"*1"? |t also boosts power in cases where a gene has a significant association in multiple contexts. Finally, since
TXEWAS is liable to detect genes that are merely correlated with the causal gene due to the genetic LD structure in the proximity of the
causal gene, we define TXEWAS association loci by adding consecutive genes until there is no gene within 500 kb from the last
added gene.

Gene expression prediction models

In TXEWAS, gene expression (or rather its genetic component) is imputed as a linear combination of genetic variants (SNPs). The
coefficients used for the imputation are referred to as “weights” or “eQTL weights” and are calculated on a per-gene basis by fitting
a linear model of gene expression onto the gene’s cis-genotypes in an external reference dataset. We fit each model using the elastic
net, as it has been found to be the most robust across a wide range of genetic architectures.'?° We used package bigstatsr'®” to fit
each model using 10-fold cross-validation, and after determining whether the expression of a gene was significantly predicted using
cis-genotypes at a nominal p value of 0.05, we retrained the model using the entire set of individuals to generate a final set of weights.
The weights has been deposited at http://gusevlab.org/projects/fusion/#multi-context-content-expression under the “GTEx
(context-by-context)” download link.

Replication in a pharmacogenomic study

We initially discovered gene-drug associations in cross-sectional data using TXEWAS. To validate these discoveries, we performed
an ordinary TWAS on the change in LDL cholesterol after statin initiation in an external pharmacogenomic study (we term this analysis
PGx TWAS, Table S11). More concretely, we used data from a longitudinal study of 28,616 individuals with European ancestries from
the Kaiser Permanente GERA cohort (Genetic Epidemiology Research on Adult Health and Aging).’®*” In this study, the phenotype
was rigorously characterized utilizing electronic health records, and the analysis was adjusted for carefully selected covariates. For
every TXEWAS interacting gene identified in the UK Biobank cohort, we calculated the PGx TWAS statistic in all available GTEXx tis-
sues, and employed an hFDR correction to call statistically significant genes at FDR < 10%.

Implications for polygenic scores

PGSs are weighted sums of risk alleles optimized to predict some training dataset. This makes PGSs depend on characteristics of the
training data, such as ancestry,” age,”® or sex.”’ We assessed the accuracy of PGSs as a function of drug use, including PGSs
trained in users and tested in non-users and vice-versa. In the main analysis, we varied the proportion of individuals on a drug in
the training cohort, keeping the sample size fixed. We evaluated additional scenarios in the Supplemental Note. We fit PGSs using
a fast implementation of penalized linear regression with the lasso penalty®>'°® and we measured prediction accuracy by the incre-
mental R? over baseline covariates. Standard errors around the estimates were calculated using bootstrap.
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Simulating polygenic scores

We performed realistic simulations to examine two scenarios observed in real data. Scenario 1 mimicked statin-LDL, where “on”
genetic effects are buffered to be half the size of “off” effects. As expected, we found that training a PGS in “off” individuals is optimal
regardless of the test set (Table S8). Scenario 2 mimicked statin-A1c, where “on” and “off” effects are highly correlated but vary
randomly in magnitude. As expected, we found that training a PGS in training samples matching the test samples is optimal in
this scenario. These simulations show how prediction accuracy of a PGS depends on the genetic correlation and heritability between
the train and test dataset and explain the discordant results for statins’ effects on A1c and LDL cholesterol (Table S9). In both cases,
we simulated the unexposed population to have 40% heritability. In the exposed population, we either (Scenario 1) divided all genetic
effect sizes by two, reflecting systemic buffering of the unexposed effects, or (Scenario 2) randomly deflated (with probability 0.4) or
inflated (with probability 0.6) each individual genetic effect by a random fraction between 0.2 and 1. We then performed PGS analyses
as in the real data by varying the distribution of drug use in the train and test populations.

GWAS data
GWAS associations with LDL cholesterol change in response to statin therapy, and LDL cholesterol levels were collected from the
NHGRI-EBI GWAS Catalog’* on 04/17/2024.

Associations with LDL cholesterol change in response to statin therapy were identified using the following names of traits:

“Response to statin therapy”, “Response to statins (LDL cholesterol change)”, “Response to statins (LDL cholesterol percent
Change)”.102_105

Associations with LDL cholesterol levels were identified using the following names of traits: “LDL cholesterol levels”, “Low-density
lipoprotein cholesterol levels”, “Direct low-density lipoprotein cholesterol levels”, “LDL cholesterol”, “Direct low-density lipoprotein
levels (UKB data field 30780)”.

Only associations that reached the genome-wide significance level of p value < 5 x 1078 were considered. For gene-level com-
parisons, lists of associated genes were created for each of the above phenotypes by taking the union of the “reported genes” and

“mapped genes” columns of a given summary table.

TWAS for LDL cholesterol levels

TWAS for LDL cholesterol levels was performed in the UK Biobank analogously to the TXEWAS for statins’ association with LDL
cholesterol (see above), only no interaction terms were included in the model. TWAS tests were performed in 48 tissues from the
GTEx consortium, and significant genes were called at hFDR < 10%.

QUANTIFICATION AND STATISTICAL ANALYSIS

General statistical analysis
Unless otherwise specified, all analyses were conducted using custom scripts implemented in the R programming language.

Heritability estimation with GxXEMM

GXEMM heritability estimates and their standard errors were calculated using the GXEMM package.®® Specifically, we fit the
GXxEMM'’s Free model using REML. p values for hrzesponse were obtained by testing for non-additive heritability, i.e., by testing whether
the off-drug (vo) and on-drug (v1) genetic variances are both zero. Because GXEMM does not scale to the whole UK Biobank, we
perform meta-analysis across 11 non-overlapping subsets of data (method details). More specifically, we use inverse variance

weighting to meta-analyze heritabilities and Fisher’s method to meta-analyze p values.

Heritability estimation with GCTA

Estimates of the additive heritability and their standard errors reported in Table S3 were calculated using the GCTA software.'*® Sam-
ple sizes of metformin users who were not statin users were: 1,584 for LDL cholesterol, 1,337 for A1c, and 1,243 for blood glucose.
Sample sizes of the rest of the drug user groups were matched to those available for users of statins and metformin: 6,572 for LDL
cholesterol, 5,800 for A1c, and 5,157 for blood glucose.

Estimates of the additive heritability and their standard errors reported in Table S10 were calculated using the GCTA software.
Similarly to GXEMM, GCTA only scales up to tens of thousands samples. Thus, for the analyses that did not include drug use as co-
variates or included statin use (which has high frequency of ~16% in our dataset), we randomly split all 342,257 individuals into 11
non-overlapping subsets and meta-analyzed the results, as described above for GXEMM. For the analyses which included metformin
use as a covariate, we estimated the additive heritability in a sample of 30,000 individuals that included all users of the drug and an
accordingly-sized random draw of non-users. As in the corresponding GXEMM analysis, we repeated the analysis five times by
randomly resampling non-users, and reported results from the sample with median estimate.

GxE tests with TXEWAS

The TXEWAS model of a continuous response is fitted using R’s Im() function, and the model of a binary response using the gim()
function with the parameter family = "binomial" and logit link function. For both models, robust standard errors are calculated using
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White’s estimator implemented in the vcovHC() function from R package sandwich.''>""" p values are obtained from a two-sided
Wald test. Hierarchical FDR correction from package TreeQTL’?"® is applied to p values across genes tested for multiple tissues,
and significant genes are called at 10% FDR.

Replication analysis

TWAS on summary statistics from our replication pharmacogenomic study (method details) was performed using FUSION® and the
LD reference data for individuals of European ancestry provided with the software. The LD reference was calculated based on ge-
notypes from the 1000 Genomes Project, which provided fewer SNPs than the UK Biobank. As a result, FUSION could not build
expression models for some of the genes that were identified with TXEWAS using the individual-level UK Biobank data. This is
why, in the main analysis, we report replication rate relative to 155 genes, and not all 156 genes identified in the statin-LDL TXEWAS.

Pathway enrichment analysis
All pathway enrichment analyses presented in this work were performed with ConsensusPathDB.”®
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1 Supplemental Figures
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Figure S1. Evaluation of the type I error rate for the GxE effect estimated with the OLS model, the
OLS model using robust standard errors (OLS + SVE) and the DGLM; related to Figure 1 and STAR
Methods. (A) False positive rate (FPR) of GXE as a function of the ratio between phenotype variances
in two environments: unexposed (of size n; and phenotype variance 0?), and exposed (of size ny and
phenotype variance ¢3). The nominal FPR of 5% is marked by the black dashed line. (B) Quantile-quantile
plot comparing the null expected p values (x-axis) to the observed GxE p values after permuting real data
from the UK Biobank (y-axis). The permutation permutes imputed expression of 4,516 genes and then tests
their interaction with statins on blood glucose (circles) or LDL cholesterol (triangles).
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vs interaction effect sizes. Third column: Comparison of estimated effect sizes in treated vs untreated
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Figure S3. GxEMM estimates in the presence of the buffering effect of a drug; related to Table 2 and Figure
3. Error bars represent standard deviation over 10 simulations.
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Figure S5. Z-scores for the main (G) and interaction (GxE) effects of genes whose interactions with statins
were significantly associated with LDL cholesterol in TxEWAS:; related to Figure 3. For each gene, we plot
the estimates corresponding to the tissue with the strongest interaction p-value.
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Figure S6. Overlap between genes identified or reported in the four following studies: (1) TxEWAS of statin
interactions for LDL cholesterol (TxEWAS), (2) TWAS for LDL cholesterol (TWAS), (3) GWAS for LDL
cholesterol change in response to statin therapy (LDL change GWAS), and (4) GWAS for LDL cholesterol
(LDL GWAS); related to Figure 2. (A) Overlap between 1, 3 and 4. (B) Overlap between 1, 2, and main
genetic effects from 1. (C) Overlap between 1, 2, 3, 4, and main genetic effects from 1.



Figure S7. Z-scores for the main (G) and interaction (GxE) effects of genes whose interactions with stating
were significantly associated with Alc in TxEWAS; related to Figure 3. For each gene, we plot the estimates
corresponding to the tissue with the strongest interaction p-value.
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Figure S8. TxEWAS effect sizes of gene-drug interactions significantly associated with a phenotype either
in the main analysis (using all users of a certain drug in the population studied) or the restricted analysis
(using users of a certain drug who are non-users for the other drugs considered in the study); related to
Figure 2. Effect sizes in all tested tissues are shown.
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2 Supplemental Tables

Table S1. Drug-independent heritability (h}210m)7 and heritability of drug response (h2

drug exposures and responses; related to Table 2.

response)

Drug exposure Response Piom | Plesponse | Miesponse P value
LDL cholesterol 0.208 | 0.0892 1.13 x 10739
CVD 0.086 0.0118 0.797
Statins Alc 0.285 | 0.1018 1.79 x 1076
Glucose 0.112 0.1114 2.26 x 1074
T2D 0.319 | -0.0119 0.936
Alc 0.035 0.0719 0.516
Glucose 0.030 0.0354 0.907
Metformin LDL cholesterol 0.113 0.0230 0.016
CVD 0.108 0.0211 0.924
BMI 0.281 0.1703 2.51 x 1074
Hematocrit 0.171 | -0.0209 0.991
Warfarin Plateletcrit 0.329 | -0.1257 0.291
Reticulocyte count | 0.288 0.0579 0.627
VTE -0.067 0.2062 0.840
Methotrexate | CRP 0.269 0.2466 0.337

for a range of



Table S2. Off-drug (hgﬁ) and on-drug (hgn) heritability estimates for a range of drug exposures and re-

sponses; related to Table 2. Note that h2; and h?2

on

are generally higher than h

2
hom>»

capture genetic effects specific to on-drug and off-drug individuals, respectively.

because they additionally

Drug exposure Response h%s (SE) h2, (SE)
LDL cholesterol 0.4125 (0.0080) | 0.270 (0.034)
CVD 0.1029 (0.0739) | 0.075 (0.081)
Statins Alc 0.3170 (0.0075) | 0.286 (0.034)
Glucose 0.0924 (0.0068) | 0.213 (0.033)
T2D 0.2820 (0.4547) | 0.119 (0.035)
Alc 0.3040 (0.0568) | 0.081 (0.147)
Glucose 0.0758 (0.0302) | 0.057 (0.106)
Metformin LDL cholesterol 0.2294 (0.0317) | 0.114 (0.075)
CVD 0.1975 (0.3253) | 0.067 (0.137)
BMI 0.3073 (0.0300) | 0.513 (0.073)
Hematocrit 0.2647 (0.0296) | 0.153 (0.187)
Warfarin Plateletcrit 0.3936 (0.0231) | 0.180 (0.112)
Reticulocyte count | 0.3385 (0.0209) | 0.337 (0.138)
VTE 0.1386 (0.5809) | 0.185 (0.604)
Methotrexate | CRP 0.3457 (0.0202) | 0.549 (0.248)

Table S3. Heritability of LDL cholesterol, Alc and glucose in individuals on statin-metformin drug combinations,
estimated by the (additive) GCTA model; related to Table 2. A small number of metformin users who do not
take statins (1,583) has not allowed for reliable estimation in this group.

LDL cholesterol Alc Glucose
Statins Statins Statins
Non-users Users Non-users Users Non-users Users
§ Non-users | 0.534 (0.074) | 0.335 (0.077) | 0.401 (0.085) | 0.391 (0.082) | 0.121 (0.087) | 0.025 (0.092)
S
;; Users 0.000 (0.281) | 0.244 (0.074) | 0.000 (0.347) | 0.101 (0.077) | 0.860 (0.397) | 0.088 (0.090)




Table S4. Variance decomposition with GXEMM for a range of drug exposures and responses; related to Table 2.

Drug exposure Response ot (SE) Vo(oft) (SE) V1(on) (SE) wo(ofty (SE) W1(on) (SE)
LDL cholesterol 0.2077 (0.0090) | 0.1414 (0.0110) | -0.0483 (0.0216) | 0.4973 (0.0068) | 0.4528 (0.0214)
CVD 0.0860 (0.0400) | -0.0049 (0.0501) | 0.0315 (0.1101) | 0.7637 (0.2682) | 1.4621 (0.4331)
Statins Alc 0.2849 (0.0132) | -0.0840 (0.0138) | 0.2989 (0.0698) | 0.4328 (0.0049) | 1.4629 (0.0698)
Glucose 0.1116 (0.0131) | -0.0450 (0.0137) | 0.3361 (0.0695) | 0.6600 (0.0052) | 1.6615 (0.0694)
T2D 0.3187 (0.0481) | -0.0825 (0.0647) | 0.0473 (0.0983) | 0.2676 (0.7135) | 2.7246 (0.3624)
Alc 0.0354 (0.0328) | 0.0398 (0.0352) | 0.0394 (0.1348) | 0.1720 (0.0144) | 0.8505 (0.1368)
Glucose 0.0303 (0.0334) | -0.0054 (0.0344) | 0.0886 (0.2220) | 0.3037 (0.0113) | 1.9657 (0.2222)
Metformin LDL cholesterol 0.1132 (0.0233) | 0.0778 (0.0337) | -0.0513 (0.0436) | 0.6415 (0.0264) | 0.4803 (0.0412)
CVD 0.1083 (0.0929) | 0.0518 (0.1310) | -0.0072 (0.1826) | 0.6507 (1.1650) | 1.4190 (1.2552)
BMI 0.2813 (0.0292) | -0.0618 (0.0350) | 0.2706 (0.0828) | 0.4948 (0.0216) | 0.5222 (0.0782)
Hematocrit 0.1712 (0.0427) | -0.0023 (0.0459) | -0.0241 (0.1808) | 0.4694 (0.0190) | 0.8145 (0.1807)
R Plateleterit 0.3295 (0.0369) | 0.0108 (0.0409) | -0.1570 (0.1009) | 0.5243 (0.0199) | 0.7850 (0.1082)
Reticulocyte count | 0.2877 (0.0372) | 0.0400 (0.0417) | 0.0389 (0.1369) | 0.6404 (0.0203) | 0.6433 (0.1338)
VTE -0.0671 (0.3474) | 0.1863 (0.4042) | 0.4819 (1.3094) | 0.7404 (1.4170) | 1.8327 (4.2795)
Methotrexate | CRP 0.2692 (0.0536) | 0.0550 (0.0563) | 0.2986 (0.2573) | 0.6135 (0.0189) | 0.4670 (0.2559)




Table S6. Enrichment of gene-statin interactions for LDL cholesterol in pathway-based gene sets at 1% significance level;

related to Figure 2.

Pathway Source Genes p value
Herpes simplex virus 1 infection KEGG ZNF627, ZNF235, ZNF234, ZNF233, ZNF222, TYK2, 3.0le-12

ZNF225, ZNF700, NECTIN2, ZNF433, ZNF284, ZNF45,

ZNF223, ZNF224, NXF1, ZNF226, ZNF227, ZNF229,

ZNF589, ZNF440, ZNF441, ZNF155, ZNF112
Cholesterol metabolism KEGG PCSK9, LPL, ANGPTLS, APOE, APOC1 5.76e-05
Generic Transcription Pathway Reactome ZNF627, ZNF235, ZNF234, ZNF233, ZNF45, SMARCAA4, 5.78e-05

APOE, ZNF700, ZNF433, ZNF222, ZNF223, ZNF224,

ZNF225, ZNF226, ZNF227, ZNF589, GATAD2A, ZNF440,

ZNF441, ZNF155, PPP1R13L, ZNF112
Plasma lipoprotein assembly, remodeling, Reactome PCSK9, LPL, APOE, ANGPTLS, APOC1 1.59e-04
and clearance
RNA Polymerase II Transcription Reactome ZNF627, ZNF235, ZNF234, ZNF233, ZNF45, SMARCAA4, 2.81e-04

APOE, ZNF700, ZNF433, ZNF222, ZNF223, ZNF224,

ZNF225, ZNF226, ZNF227, ZNF589, GATAD2A, ZNF440,

ZNF441, ZNF155, PPP1R13L, ZNF112
Omega-3 fatty acid metabolism EHMN FADSI1, FADS3, FADS2 2.88e-04
Gene expression (Transcription) Reactome ZNF627, ZNF235, ZNF234, ZNF233, ZNF45, SMARCAA4, 4.64e-04

APOE, ZNF700, DNMT1, ZNF433, ZNF222, ZNF223,

ZNF224, ZNF225, ZNF226, ZNF227, ZNF589, PPP1R13L,

ZNF440, ZNF441, ZNF155, GATAD2A, ZNF112
Nectin/Necl trans heterodimerization Reactome NECTIN2, PVR 4.66e-04
Alpha Linolenic Acid and Linoleic Acid SMPDB FADS1, FADS2 7.72e-04
Metabolism
Metabolic pathway of LDL, HDL and TG, | Wikipathways | LPL, PCSK9 1.15e-03
including diseases
Plasma lipoprotein remodeling Reactome LPL, APOE, ANGPTLS 1.21e-03
Linoleate metabolism EHMN FADS1, CYP2CS8, FADS3, FADS2 1.33e-03
Omega-6 fatty acid metabolism EHMN FADS1, FADS3, FADS2 1.54e-03
Statin inhibition of cholesterol production | Wikipathways | LPL, APOE, APOC1 1.54e-03
Linoleic acid (LA) metabolism Reactome FADS1, FADS2 1.60e-03
Plasma lipoprotein clearance Reactome PCSK9, APOE, APOC1 2.12e-03
Chylomicron remodeling Reactome LPL, APOE 2.12e-03
oleate biosynthesis HumanCyc FADS1, FADS2 2.12e-03
eicosapentaenoate biosynthesis HumanCyc FADS1, FADS2 3.37e-03
Omega-9 FA synthesis Wikipathways | FADS1, FADS2 4.10e-03
alpha-linolenic acid (ALA) metabolism Reactome FADS1, FADS2 4.89¢-03
alpha-linolenic (omega3) and linoleic Reactome FADS1, FADS2 4.89e-03
(omegab) acid metabolism
Assembly of active LPL and LIPC lipase Reactome LPL, ANGPTLS8 4.89e-03
complexes
Omega-3-Omega-6 FA synthesis Wikipathways | FADS1, FADS2 5.75e-03
LKBI signaling events PID MARK4, SIK1, CDC37 6.12e-03
Plasma lipoprotein assembly Reactome APOE, APOC1 8.69e-03
Deregulated CDK?5 triggers multiple Reactome CAST, CDC25A 9.79e-03
neurodegenerative pathways in
Alzheimer’s disease models
Neurodegenerative Diseases Reactome CAST, CDC25A 9.79e-03




Table S7. Enrichment of replicated and not reported in LDL cholesterol GWAS gene-statin interactions for
LDL cholesterol in pathway-based gene sets at 1% significance level; related to Figure 2.

Pathway Source Genes p value
Herpes simplex virus 1 infection - KEGG ZNF224, ZNF226, ZNF227, 6.63e-08
Homo sapiens (human) ZNF229, ZNF235, NECTIN2,

ZNF284, ZNF112
Nectin/Necl trans heterodimerization | Reactome NECTIN2, PVR 1.24e-05
Plasma lipoprotein assembly Reactome APOE, APOC1 2.45e-04
Statin inhibition of cholesterol Wikipathways | APOE, APOC1 6.58e-04
production
Adherens junctions interactions Reactome NECTIN2, PVR 6.58e-04
Nectin adhesion pathway PID NECTIN2, PVR 7.64e-04
Plasma lipoprotein clearance Reactome APOE, APOC1 8.20e-04
NR1H3 & NR1H2 regulate gene Reactome APOE, APOC1 1.19e-03

expression linked to cholesterol
transport and efflux

NR1H2 and NR1H3-mediated Reactome APOE, APOC1 1.89e-03

signaling

Cholesterol metabolism - Homo KEGG APOE, APOC1 2.15e-03

sapiens (human)

Generic Transcription Pathway Reactome APOE, ZNF224, ZNF226, 2.32e-03
ZNF227, ZNF235, ZNF112

Apoptosis-related network due to Wikipathways | APOE, BCL3 2.53e-03

altered Notch3 in ovarian cancer

Cell-cell junction organization Reactome NECTIN2, PVR 2.62e-03

Plasma lipoprotein assembly, Reactome APOE, APOC1 3.25e-03

remodeling, and clearance

RNA Polymerase II Transcription Reactome APOE, ZNF224, ZNF226, 4.03e-03
ZNF227, ZNF235, ZNF112

Cell junction organization Reactome NECTIN2, PVR 5.38e-03

Gene expression (Transcription) Reactome APOE, ZNF224, ZNF226, 6.75e-03
ZNF227, ZNF235, ZNF112

C-type lectin receptor signaling KEGG RELB, BCL3 9.22e-03

pathway - Homo sapiens (human)




Table S8. Simulation of polygenic prediction in individuals on and off a treatment; related to Table 3.

PGS Prediction accuracy (RQ)

Scenario 1 Scenario 2
On drug | Off drug | On drug | Off drug
on-drug-PGS 0.0881 0.2654 0.3613 0.2091
off-drug-PGS 0.0940 0.2838 0.2548 0.2955
all-PGS 0.0942 0.2844 0.3379 0.2699

Table S9. Prediction accuracy of a PGS as a function of training population (rows) and test population (columns);
related to Table 3. In order, training populations/rows are: drug users; non-users, subsampled to match the
number of drug users; a similarly subsampled 50:50 mixture of users and non-users without adjustment for
treatment as a covariate; the same 50:50 mixture with adjustment; and a 50:50 mixture of users and subsampled
non-users pooled together, with adjustment. The last two rows report prediction accuracy of combinations of
above PGSs tested jointly (Section .

PGS Prediction accuracy (Incremental R? [%](SE))
Statins Metformin
LDL cholesterol Alc LDL cholesterol BMI
On drug | Off drug | On drug | Off drug | On drug | Off drug | On drug | Off drug
on-drug-PGS 7.18 12.60 3.36 2.32 1.32 3.24 0.919 0.0040
(0.30) (0.36) (0.23) (0.18) (0.37) (0.54) (0.286) | (0.0592)
off-drug-PGS 7.98 14.87 2.56 5.79 2.75 5.43 0.041 0.0077
(0.32) (0.39) (0.20) (0.28) (0.51) (0.67) (0.080) | (0.0636)
agnostic-PGS 5.86 10.49 2.60 3.75 2.25 5.00 0.255 0.0931
(0.29) (0.36) (0.20) (0.23) (0.44) (0.66) (0.164) | (0.1078)
adjusted-PGS 7.67 13.59 2.80 3.75 2.14 5.24 0.193 | -0.0205
(0.32) (0.38) (0.21) (0.22) (0.45) (0.67) (0.141) | (0.0370)
adjusted-all-PGS 8.62 15.66 4.70 5.62 3.01 6.63 0.212 0.0477
(0.32) (0.42) (0.26) (0.25) (0.53) (0.74) (0.148) | (0.0843)
on-drug-PGS + 8.15 14.93 4.12 6.02 2.74 5.42 0.959 0.0120
off-drug-PGS (0.34) (0.40) (0.24) (0.28) (0.51) (0.66) (0.299) | (0.0851)
adjusted-all-PGS 8.65 15.82 4.72 6.82 3.12 6.70 0.950 0.0341
+ on-drug-PGS + (0.33) (0.40) (0.26) (0.30) (0.55) (0.79) (0.305) | (0.1029)
off-drug-PGS




Table S10. Heritability of LDL cholesterol, Alc and glucose estimated with the additive GCTA model with
adjustment for statin or metformin use, or without adjustment; related to Table 2.

Drug added to
covariates

WEora (SE)

LDL cholesterol

Alc

Glucose

None
Statins

Metformin

0.2268 (0.0054)
0.3780 (0.0055)
0.2115 (0.0179)

0.2837 (0.0055)
0.2767 (0.0055)
0.1521 (0.0176)

0.0938 (0.0055)
0.0892 (0.0055)
0.0476 (0.0167)




3 Supplemental Note

3.1 Variance decomposition analysis with GxXEMM
3.1.1 The GxEMM model

We quantify heritable effects on drug response using GxEMM, a linear mixed model for genome-wide gene-
environment interactions [S1]. GxEMM quantifies the heritability contributed by genome-wide additive
effects and genome-wide GxE effects. The general GxEMM model is:

y=Xa+GB+ (G*xZ)y+ (I*Z)e

Bl 1'_1\(11 (0 Jhom)

iid
Y, ~ 0, — >

) 11d (0’

In this model, the known data are:

e y is the quantiative phenotype

e X are covariates with fixed effects «, like age or sex.

e (G is a centered and scaled matrix of genome-wide genotypes

e Z is matrix of context features. In our study, Z; = (0,1) if individual ¢ is treated, and Z; = (1,0) if
individual ¢ is untreated

% is the column-wise Khatri-Rao product, which forms the interaction between two design matrices.
For example, each column of G * Z is of the form G ; o Z j, where o takes the element-wise product
between SNP j and context feature k

The random effects and their corresponding variance components are:

e 3 is the effect of SNP [ that is shared across contexts. of  is the additive genetic variance—i.e., the

size of >, B

® k) is the effect of SNP [ that is specific to context k. vy := Vi is the genetic variance specific to
context k—i.e., the size of >, )

® c(;) is the noise for individual 7 from context k. wy, := Wy, is the noise variance in context k.
Finally, the cross-context covariance terms are:

e v15 := Vj5 is the genetic covariance between contexts. Because Z is binary in our setting, this term be
ignored WLOG—it can be folded in with o2 [S1]

e wis := Wiy is the noise covariance between contexts 1 and 2. In our setting with binary Z, this term
cannot be identified—an individual either has noise €; or €3, but we cannot observe the covariance
between these terms in cross-sectional data.

e Comparing to main text parameters. In the main text, we use simpler notation to simplify the
presentation. Specifically, vy and v; in the main text correspond to Vi1 and Vi here, respectively (and
likewise for wp, and wy). Wiy appears as wp;. V12 does not appear in the main text.

While neither v15 nor wis can be identified in our cross-sectional data, they are different in an important
way. Specifically, v12 can be assumed 0 WLOG, because it is already captured in aﬁom. However, w12 cannot
be assumed to be zero—we simply have no data to learn about this parameter.



To unpack the model, imagine studying genetic effects on LDL cholesterol across statin users and non-
users. A SNP s that equally increases LDL cholesterol in both groups has a homogeneous effect (55 > 0) but
has no drug-specific effects (751 = 752 = 0), so s contributes to o7, but not vy or vs. Conversely, a SNP
s’ that increases LDL cholesterol only in statin users has 8y = 0 and 42 > 71 = 0, so s’ contributes to
ve but not aﬁom or vy. Finally, ws > w; means that statin users have higher non-genetic LDL cholesterol
variance.

In various special cases, GxEMM is similar or identical to other methods that fit genome-wide GxE heri-
tability [S2}(S3},|S4]. For example, the method from [S3| applies to categorical environments and continuous
phenotypes and, thus, would apply to our analyses of quantitative phenotypes (such as LDL cholesterol or
Alc) but would not apply to our analyses of binary disorders (such as T2D or CVD). Finally, GxEMM
reduces to the ordinary additive heritability model when V' = 0 and w; = ws, i.e., when neither genetic nor
nongenetic variance depends on the environment.

3.1.2 Using GXxEMM to estimate treatment response heritability

If we had measures of a phenotype before and after a treatment, we could directly calculate the change
in phenotype, Ay, and then estimate its heritability using standard heritability estimation methods. This
would be ideal, as the change in phenotype captured in Ay cancels out the contribution of all covariates and
unmodelled noise that do not depend on treatment status.

In contrast, we are interested in the setting where we only measure each individual’s phenotype before
or after treatment. This is motivated by large cross-sectional biobank data like UK Biobank, where most
individuals are only observed at one time point. Here, we show how to approximate the heritability of Ay
in this setting using GXEMM.

How is this possible if we never observe Ay? Imagine we only see individual i pre-treatment (F; = 0), but
that we see their relative j post-treatment (E; = 1). Intuitively, we can use individual j’s post-treatment
phenotype to proxy for individual i’s post-treatment phenotype. More specifically, individual j will be a proxy
for the genetic part of individual ¢. Intuitively, individual j cannot inform the nongenetic part of individual
1’s phenotype; mathematically, this is equivalent to our above observation that wio is not identified.

To declutter notation, consider a single individual’s phenotype y and genotype vector g. Let 77 indicate
the effects of all S SNPs in untreated individuals (E = 0), and let 72 indicate the effects of the SNPs in
treated individuals (E = 1). Informally define Ay as y(E = 1) — y(E = 0), i.e., the phenotype change after
an individual is treated. Ay is unobserved because we only observe either the treated or untreated state.
Our goal is to estimate the heritability of this unobserved phenotype using GXEMM. Under the GxEMM
model defined above, we have:

Ay=y(E=1)-y(E=0)
= (98 + g2 +e2) — (98 +gn +€1)
=g(re—m)+ (2 —e) =
V(Ay) =tr (g"gV (72 —1))) + V(e2 — 1)

1
= tr <9T9LIL (vi1 + 022)> + (w11 + wa2 — 2wi2)
= (v11 + v22) + (w11 + waz — 2w2)

GxEMM can estimate all of these parameters—except for wis. Intuitively, it captures the covariance in
effect sizes for unmodelled risk factors between treated/untreated states. We can safely assume that wis is
nonnegative: Otherwise, the majority of unmodelled nongenetic risk factors would have opposite effects in
the treated /untreated contexts. For example, if smoking status was the only unmodelled risk factor for LDL
cholesterol, then wio < 0 implies smoking becomes protective after statin administration. We emphasize
that this is a biological assumption, not a mathematical assumption.



Therefore, we can estimate the heritability of treatment response by:

hfesponse = hz(Ay)
. V11 + Va2
V11 + V22 + w11 + wa2 — 2wi2
V11 + V22

T v11 + veg + wir + wae

We call this “conservative” in the main text to emphasize that the heritability is underestimated when
wi2 > 0, and in this sense the inequality is mathematically conservative. But, again, we will overestimate
h? in the unlikely case where wis < 0.

Finally, we note that these calculations ignore endogeneity in treatment status. This is hiding in our
informal definition of Ay, which imagines that we observe an individual in £ = 0 or £ = 1 state at random.
However, when the treatment is prescribed based on y itself, we are ignoring a subtle form of dependence
between F and G (that is more pernicious than mere G-E correlation, which does not generally cause bias
in GxEMM [S1]). This is worth theoretically solving in future work; here, we use simulations to evaluate
the implications of this potential bias.

3.1.3 Negative estimates of drug-specific genetic variance

Some of the drug-specific genetic variance estimates obtained in this study are negative (Table . We
demonstrate in simulation that such observations are expected when a drug has a buffering effect.

We simulated 10,000 non-users and 5,000 users of a hypothetical drug. A phenotype of each non-user was
simulated as a sum of minor-allele effects at 1000 SNPs plus a noise term drawn from a normal distribution
with a zero mean and a variance selected to obtain a particular heritability of the phenotype (h?). Each of
the SNPs was drawn independently from a binomial distribution B(2,p) with p representing the minor allele
frequency, which was drawn uniformly from a range between 0.2 and 0.5. SNP effects were drawn from a
normal distribution with zero mean and variance 03 = h2/1000. Users’ phenotypes were generated similarly,
with the only difference being that the effects of a randomly selected half of the SNPs were shrunk twofold,
representing a buffering effect of the drug.

We find that GXEMM produces a negative value of drug-specific genetic variance (v1) on average across
simulation replicates (Figure . We note that all heritability parameters (h2g, h2,, and hfesponse) remain
non-negative, as expected. This is consistent with our empirical results, where v; may be negative but no
heritability estimate is significantly less than zero (Tables [S1] and [S2).

We note that although buffering is a plausible cause for negative vy in the context of our work, the
above simulation does not prove that this buffering model is the only possible model to explain negative v .
More generally, parameters vy and v, should be interpreted as offsets from hﬁom, and thus can be negative
when one group has higher genetic variance than another. That is, the total genetic variance in the on-drug
group is hi . + v, and this should be nonnegative; but if h2__ is larger than the genetic variance in this

group, then vy should be negative. vy and vy are internal model parameters that are a means to the directly

interpretable heritability parameters that we focus on in the main text, h2g, h2,, and hfcsponsc.

3.1.4 Dependence of heritability estimates on covariates

In our analysis, estimates of hZ_ = for a given outcome vary depending on which drug we test for interaction
(Table . This is because we always adjust for the main effect of a specific drug being tested. This is
important to avoid false positive gene-drug interactions, but can substantially affect the phenotype variance
components because drug effects can be large.

This dependence on the choice of covariates is common to all heritability estimation methods and has been
discussed before [S5]. To illustrate this point, we show that the ordinary additive estimates of heritability
calculated with GCTA [S6| exhibit similar behavior to the corresponding hZ__ estimates (Table [S10)).

hom



3.2 TxEWAS for detection of gene-drug interactions
3.2.1 The TxEWAS model

To identify specific genes involved in drug response from cross-sectional data, we use a newly developed
statistical framework, TxEWAS, which extends the transcriptome-wide association study (TWAS [S7, [S§])
framework. TxEWAS addresses shortcomings of SNP-level GXE studies—it improves power by reducing the
number of tests, and interpretability by directly suggesting possible causal genes.

The TxEWAS framework involves two major steps: First, gene expression levels of each gene are geneti-
cally imputed using a reference dataset. Second, the interaction effect between imputed gene expression and
the drug is tested.

In case where a response y; is continuous, the interaction effect (5g) is tested in the linear regression
model:

yi~ N | Bo+ Y Bujcij+ Y Bajeicij + Y Bsjgici + Pagi + Bsei + Bogiei, o |
J J J

where e; and g; are drug use indicator and imputed expression of some gene for individual i, respectively;
and ¢; ; is an element of a matrix of covariates C. 84 and f5 are what we call “main” or “aditive” effects of
a gene and drug, respectively.

In case where the response is binary, the interaction effect is tested in the logistic regression model:

y; ~ Bernoulli | logit™" [ By + Z Bijci; + ZﬁQjeiCi,j + Z Bsjgici,j + Bagi + Bsei + Begies
J J J

The variance of the effect size estimates is estimated with the robust sandwich variance estimator (SVE).
In the linear regression-based test, their role is to control for both heteroscedasticity [S9] and misspecification
of the functional form of the environmental factor [S10, [S11]. In the logistic regression-based test, they are
meant to account for the latter. The bias caused by the violation of the homoscedasticity assumption of the
linear regression model is a specifically important concern in GxE studies. We therefore perform extensive
simulations and permutation analyses to test that the TXEWAS model is calibrated (Section .

We note that even though in this work we use TXxEWAS to detect gene-drug interactions, any environment
can be tested with this method.

3.2.2 TxEWAS performance in simulations

In the presence of environment-conditional heteroscedasticity, testing multiple genetic variants for interaction
with the environmental factor in a simple linear regression model results in an inflated or deflated false positive
rate (FPR), depending on the relation between group size and phenotypic variation [S9]. We performed a
simulation to assess the size of this bias in a dataset of the size and characteristics of the UK Biobank (Figure
ST)A).

In the simulation, we considered a binary environmental variable that divided observations into two
groups of sizes n; and ngy, and phenotype variances o7 and o3. We simulated the phenotype as a Gaussian
random variable with the corresponding group variances, but with no mean effects. The genotype was drawn
from a binomial distribution with the same probability 0.4 of success for both groups. We fitted to this data
GxE models that included the genotype, the environmental factor and the product of those two as covariates.
For every selected value of the ratio 03 /0%, we ran 5,000 such simulations, and calculated the FPR for the
GxE effect as the proportion of simulations where the nominal p value for this effect was less than 0.05.

Group sizes used in the simulation were chosen based on the number of statin users in the UK Biobank
(n1 = 285,822 and ny = 56,132). Examples of 03 /07 values that we encountered in the UK Biobank when
stratifying individuals by statin use were: 0.68 for LDL cholesterol, 1.96 for blood glucose, or 3.00 for Alc.

The simulation shows that if the smaller (larger) group is characterized by the larger (smaller) variance
of the response, the FPR for the GXE model fitted with ordinary least-squares (OLS) is inflated (deflated).



Within a realistic range of parameter values, the FPR can reach zero or increase threefold (Figure )
On the other hand, if the groups have equal sizes, the model is well calibrated. The bias can be controlled
by using robust standard errors estimated with the sandwich variance estimator (SVE). This approach
gives virtually the same results as the double generalized linear model (DGLM), which correctly models the
phenotypic variance as a function of covariates, and is more computationally efficient than the latter.

Taking advantage of those facts, TxEWAS performs a linear regression-based interaction test and controls
for heteroskedasticity with the SVE.

To investigate the type I error rate for TXEWAS in real data, we performed a permutation analysis
where we randomly shuffled imputed expression of 4,516 liver genes across subjects. We selected statin for
drug exposure, and LDL cholesterol and blood glucose for responses to examine both deflation and inflation
biases (03/0? = 0.68 and 03 /0% = 1.96, respectively). The analysis demonstrates that the TxEWAS model
is well calibrated, even though p values estimated with the simple linear regression-based interaction test are
heavily deflated or inflated, depending on the examined response (Figure )

3.2.3 Combinations of treatments

Patients are often on multiple drugs simultaneously, for example, in the cohort studied in this work, out
of the 8,606 individuals who reported taking metformin 6,946 also reported taking statins. This makes
accompanying treatments an important potential confounder in our analyses. To test their impact on GxE,
we repeated TxEWAS for each drug excluding individuals on the other drugs we consider—e.g., in the
TxEWAS for statins, we excluded individuals taking metformin, warfarin, or methotrexate. We observe that
the original results remain largely unaffected (Figure|S8]). For example, the statins-LDL analysis identified
127 interaction genes, from which 113 were among the 156 interaction genes found in the original analysis.
Of those 127 genes, 126 could be studied in the replication cohort, and 35 replicated at hFDR < 10%. The
remaining genes were enriched for low p values < 0.1 (binomial test=0.002).

3.3 Endogeneity bias

Like all existing gene-environment interaction models, GREMM and TxEWAS are susceptible to endogeneity
bias. In practice, drugs are not administered at random. When the causes of drug prescription are intertwined
with causal effects on the focal phenotype, this is called endogeneity. In general, endogeneity can induce
complex biases in statistical analyses.

A particularly relevant example to our analysis is when a drug is prescribed to lower a phenotype that
exceeds a certain level. Statin therapy for high LDL cholesterol is such an example. Below we simulate
two different effects that such a therapy could have in the population (first column in Figure : 1) the
drug lowers the phenotype of every treated individual by the same amount, and 2) the drug is administered
at a dose that achieves the same target level of the phenotype in all treated individuals. Modeling both
simulated phenotypes with the GxE model yields GxE effects which are starkly negatively correlated with
additive effects (second column in Figure , even though the phenotypes were generated in the absence
of gene-drug interactions. We further show that the heritability of the change of the second phenotype (we
selected one for simplicity) is substantial.

These simulation results are consistent with our empirical results for statins and LDL cholesterol. Indeed,
endogeneity bias is surely present in our analyses and affects their results. However, to verify that our
approach has ability to discover true gene-drug interactions, we replicated our gene-statin interaction effects
on LDL cholesterol in a pharmacogenomic study. This study evades endogenetity bias by examining statin-
induced LDL cholesterol change and adjusting for statin dose and other carefully selected covariates.

Furthermore, in other analyses presented in this work, e.g. the analysis of gene-statin interactions on Alc,
we identify interaction effects whose signs are the same as the corresponding main genetic effects, and others
whose signs are opposite to the corresponding main effects. This result is not consistent with the discussed
generative model, where endogeneity bias manifests as interaction effects whose signs are determined by the
corresponding main genetic effects—they are either all the same as the main effects or opposite to them.
This is a further indication that our approach to analyzing cross-sectional data can generate valid hypotheses
on genetic modifiers and statistical predictions for treatment response.



However, we do note that endogeneity induced through other generative processes may not have the same
interaction effect property and it is a shortcoming of our approach.

3.3.1 Simulating endogenous “E”

Here, we perform simulations to understand a particular form of endogeneity that is surely present in our
analyses: statins are prescribed for individuals with higher levels of LDL cholesterol. We are concerned with
the impact of this endogeneity on our gene-drug interaction tests in the absence of any genetic interactions
at baseline. Therefore, we simulate LDL cholesterol as a purely additive genetic trait, as is standard in
complex trait genetics:

y~GB+e
B S N(0,02/L)
€ b (O,Uz)

We use N = 10,000 samples, L = 100 SNPs, 0’3 = .5, and 02 = .5. Note that this is a special case of our
GxEMM model, where V = 0 and W = ¢2I,. That is, the genetic heterogeneity is absent, and the noise is
i.i.d. across contexts.

The novel part of our simulation is adding a drug effect in a way that depends on y. Specifically, we assume
the drug (F) is administered to individuals above the 80th percentile of the LDL cholesterol distribution.
We consider two different models for the drug effect:

e Homogeneous across individuals. In this case, the phenotype y is modified by:
Yy y+EBe

where F is a 0-1 indicator of drug use status, and we take S = —1. (This is one standard deviation
on the pre-treatment phenotype scale.)

e Projecting individuals to the treatment threshold: all individuals with y; above the threshold are
returned directly to the threshold.

These operations are visualized in the post-treatment phenotype histograms in the left column of Figure [S2]
These two scenarios are intended to represent two different realistic treatment effects: in the homogeneous
case, everyone gets the same effect; in the threshold case, everyone is given a drug dosage/regimen to achieve
a target phenotype.

After simulating the data, we then perform a series of regressions to understand the impact on effect
size estimates. First, we compare the additive genetic effects (from regressing post-treatment phenotypes
on () to the interaction genetic effects (the interaction term from regression post-treatment phenotypes on
G x E). As expected based on our real data analyses in Figure [S5| we find that GxE effects are starkly
negatively correlated with additive effects (second column of Figu. This reflects systematic buffering
of genetic effects after treatment, which can also be seen when we compare the effect size estimates from
only treated vs only untreated individuals (third column of Figure [S2)).Finally, we observe that the additive
effect estimates are modestly reduced when fitted to post-treatment phenotypes rather than pre-treatment
phenotypes (fourth column).

We next fit GXEMM with HE regression to estimate h?(Ay) from the same simulations (with the Ho-
mogeneous ‘E’ effect for simplicity). We found that h?(Ay) was 13.8% under this model (on average over
100 simulations, standard error=0.6%). These simulations assume that baseline LDL cholesterol has her-
itability of 50%. When we instead assume baseline heritability of 20%, we found that h?(Ay) was 4.3%
(on average over 100 simulations, standard error=0.4%). Qualitatively, these results are consistent with the
observed h?(Ay) for the LDL cholesterol response to statins that we observe in practice (9%) because the
LDL cholesterol heritability likely lies in the range of 20-50%.



3.4 The impact of gene-drug interactions on polygenic prediction accuracy

We assessed transferability of PGSs between samples that are of similar genetic ancestry but differ by the
drug use status.

We used four samples for training: 1. drug users (50% of all users of a given drug), 2. non-users (randomly
subsampled to match the size of sample 1), 3. a 50:50 mixture of users and non-users (randomly subsampled
to together match the size of sample 1), 4. merged samples 1 and 2.

We call the PGSs trained in samples 1 and 2, “on-drug-PGS” and “off-drug-PGS”, respectively. We
trained two PGSs using sample 3: “agnostic-PGS”, where we used the standard covariates (age, sex, birth
date, Townsend deprivation index, and the first 16 genetic PCs), and “adjusted-PGS”, where we added the
drug use status to the standard covariates. The drug use status was also added when training PGSs in
sample 4, which we call “adjusted-all-PGS”.

We fitted PGSs using a fast implementation of penalized linear regression with the lasso penalty [S12,[S13],
and we measured prediction accuracy by the incremental R? over baseline covariates (Table . Standard
errors around the estimates were calculated using bootstrap.

We also calculated the incremental R? for models including more then one PGS as regressors: 1) on-
drug-PGS and off-drug-PGS, and 2) on-drug-PGS, off-drug-PGS and adjusted-all-PGS (Table [S9).
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