Integrating Gene Expression and Clinical Data to Identify Drug Repurposing Candidates for Hyperlipidemia
and Hypertension

SUPPLEMENTARY INFORMATION



Supplementary Figures

a This study's contribution in the context of existing bioinformatics approaches to identify
drug repurposing candidates.

o In clinical trials, drug repurposing candidates often fail due to lack of efficacy.
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o To identify drug repurposing candidates that are likely to be effective in clinical trials, existing bioinformatics
approaches search for drugs that reverse disease gene expression signatures.
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+ Clinical trial Investigators may choose to test candidates with the largest estimated treatment effects
(with adequate safety profiles).

+ Estimated treatment effect data may also help in other areas of clinical trial design, like cohort size and
primary outcome parameters.

b Integration of genetic and clinical data may increase the prior probability of identifying
effective drug repurposing candidates.
o Updated prior probability when gene expression data is used to
a Prior probability of drug repurposing candidate —+ identify drug repurposing candidates (step 2 in Supp Fig. 1a).
passing clinical trials (step 1 in Supp Fig. 1a). \ QUpdated prior probability when drug repurposing candidates identified using gene
\ data are clinically (step 3 in Supp Fig. 1a).
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Supplementary Figure 1. Overview of study’s contributions to identifying drug repurposing candidates.
a Compared to existing bioinformatics approaches, our approach allows researchers to clinically validate drug
repurposing candidates identified from gene expression data. b Conceptual framework for the value added by
integrating genetic and clinical data to identify drug repurposing candidates for clinical trial testing. Note that
this is just an illustration and a formal Bayesian-like analysis was not conducted.

Abbreviations. GWAS: genome-wide association study; EHR: electronic health record; VUMC: Vanderbilt
University Medical Center; SD: Synthetic Derivativ
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Supplementary Figure 2. Selection of drug repurposing candidates to clinically validate in VUMC SD.
a Selection of drug repurposing candidates from the iLINCS database to validate in the EHR, for
hyperlipidemia. Lisinopril was added as a drug repurposing candidate because like quinapril, one of the drug
repurposing candidates from iLINCS, lisinopril is an ACE inhibitor, but is much more commonly prescribed. b
Selection of drug repurposing candidates from iLINCS database to validate in the EHR, for hypertension.

Abbreviations. VUMC: Vanderbilt University Medical Center; SD: Synthetic Derivative; EHR: electronic health
record; iLINCS: Integrative Library of Integrated Network-Based Cellular Signatures; ACE: angiotensin-
converting enzyme.



Supplementary Tables

Supplementary Table 1. Review of existing evidence to confirm the therapeutic effects for hyperlipidemia drug
repurposing candidates observed in clinical validation studies.

Existing evidence

Disease Drug Approyed supports Evidence description
indication .
therapeutic effect
Breast cancer patients on
Hyperlipidemia Tamoxifen Cancer Yes Famoxﬁen experienced decreases
in total serum cholesterol and
LDL-C.
Most likely false-positive finding,
as chronic drug exposure is
- , .- Bacterial uncommon. Also, the treatment
Hyperlipidemia Gentamicin . . No .
infections effect was no longer statistically

significant after removing non-
systemic exposures.

Apolipoprotein E-deficient mice
Hyperlipidemia Digoxin Arrhythmias Yes exposed to digoxin experienced
reductions in LDL-C.?

Studies show that risperidone
Hyperlipidemia Risperidone Schizophrenia No either has a negligible effect on or
may increase LDL-C levels.?

Children with epilepsy on valproic
acid had significantly lower mean

roperipidema Yelroste Seiaure ves LDL-C levels compared to healthy
children.*
Hyperlipidemia Methocarbamol Muscle No
spasms
Hyperlipidemia Acetaminophen Pain NoO

Abbreviations. RCT: randomized clinical trial; ACE: angiotensin-converting enzyme; LDL-C: low-density
lipoprotein cholesterol; SSRIs: selective serotonin reuptake inhibitors.



Supplementary Table 2: Review of existing evidence to confirm the therapeutic effects for hypertension drug
repurposing candidates observed in clinical validation studies.

Existing evidence

Disease Drug ﬁzfégxgg supports Evidence description
therapeutic effect
Hypertension Caffeine Fatigue No Most_llke_ly false-positive flndlngr as
caffeine is not commonly prescribed
: Rapid intravenous infusion of
. . Bacterial ; i
Hypertension Levofloxacin infections Yes levofloxacin can result in
hypotension.®
Most likely false-positive finding, as
Hypertension Doxorubicin Cancer No chronic drug exposure is
uncommon.
SIDER: 2.8% of patients with solid
Hypertension Docetaxel Cancer Yes tumors treated with docetaxel
experienced hypotension.
In an RCT, patients randomized to
metformin and rosiglitazone had
. - Type 2 .
Hypertension Rosiglitazone . Yes lower blood pressures than patients
Diabetes , .
randomized to the metformin and
placebo group.®
Most likely false-positive finding, as
Hypertension Gemcitabine Cancer No chronic drug exposure is
uncommon.
Hypertension Phenytoin Seizure Yes DEB2: hyp_otenS|on Is a side effect
of phenytoin.
. . . . . In an RCT, simvastatin was shown
Hypertension Simvastatin Hyperlipidemia Yes to lower blood pressure.”
SIDER: Hypotension can occur due
to adrenal insufficiency, but
Hypertension Dexamethasone Inflammation No hypertension seems more likely due
to increased sodium levels, leading
to edema.
Hypertension Atorvastatin Hyperlipidemia Yes In an RCT, atorvastatin \évas shown
to lower blood pressure.
SIDER: 1% of patients exposed to
Hypertension Fluorouracil Cancer Yes fluorouracil experienced
hypotension.
. : . SSRIs have been shown to increase
Hypertension Escitalopram Depression No 9
blood pressure.
. . Estradiol exposure was shown to
Hypertension Estradiol Menopause Yes lower blood pressure.1°
: . . SSRIs have been shown to increase
Hypertension Sertraline Depression No 9
blood pressure.
SIDER: hypotension and
Hypertension Ipratropium Asthma No hypertension are both listed as
potential side effects.
. . . SIDER: celecoxib can worsen
Hypertension Celecoxib Pain No hypertension.
, . : SSRIs have been shown to increase
Hypertension Fluoxetine Depression No

blood pressure.®




Existing evidence
supports Evidence description
therapeutic effect

Approved

Disease Drug indication

In an RCT, fexofenadine reduced
Hypertension Fexofenadine Allergic Rhinitis No vasodilation and postexercise
hypotension.!

Abbreviations. RCT: randomized clinical trial; SSRIs: selective serotonin reuptake inhibitors.



Supplementary Table 3. Observational database study design catalog.

Expected time to clinical endpoint after exposure to drug Study design Clinical endpoint examples
Fasting glucose/HbA1c levels?!3
Short (weeks-months) SCCS Cholesterol levels!?
Blood pressure®®
Coronary artery disease!*
Cancer mortality>1©
Long (years) Cohort Colectomy procedure?’
Alzheimer’'s disease prevalence®

Abbreviations. SCCS: self-controlled case series; HbAlc: hemoglobin Alc
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