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CHAPTER 1 
 

INTRODUCTION 
 

Definitions of “Biomedical Informatics” include (1) “the interdisciplinary field that studies and 

pursues the effective uses of biomedical data, information, and knowledge for scientific inquiry, 

problem solving and decision making, motivated by efforts to improve human health”[1] and (2) 

“[the translation of] data to knowledge and discovery”.[2] Over the past decade, the amount of 

clinical data in electronic health records (EHRs) and human genetic data has grown 

exponentially. 

 

 

Figure 1. Overview of dissertation projects in the context of Biomedical 
Informatics. 

Shows the data transformation tools, knowledge repositories, and databases used in the 
development of new methods for using data, to answer questions in biomedicine. EHR: 
electronic health record; GWAS: genome-wide association study; PheWAS: phenome-wide 
association study; MEDI: MEDication Indication Resource. 

 

In the US, the Affordable Care Act increased the adoption of EHRs by hospitals across the 

country. Increased use of EHRs generated large amounts of clinical data, but researchers did 

not have tools to repurpose the aggregated clinical data for biomedical research. In the late 

2000s/early 2010s, researchers published the first studies showing that genomics research 

could be performed in EHR-linked DNA biobanks.[3] These biobanks connected genetic data to 

phenotype data contained in de-identified EHRs, allowing researchers to perform high-
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throughput genotype-phenotype association studies in EHRs.[4,5] These studies motivated the 

creation of the Electronic Medical Records and Genomics (eMERGE) Network,[6] a trans-

institutional consortium focused on developing, applying, and sharing approaches to combine 

clinical data in EHRs and biobanks for genomics research. The eMERGE network provided the 

opportunity for researchers to develop portable informatics methods, like phenotyping 

algorithms[7] to perform genetic association tests. In the 2010s, large national databases 

containing EHR data linked to genetic data were created, like the UK Biobank[8] and the 

National Institutes of Health (NIH) All of Us Research Program.[9] These publicly available 

databases contain unique data sources that not only allow genomics research using EHR data, 

but also allow biomedical research focused on answering questions outside the field of human 

genetics. 

Schemas that have facilitated the secondary use of EHR data for biomedical research are 

Common Data Models (CDMs). An early challenge in developing portable methods for reusing 

EHR data for research, was that institutions used idiosyncratic terminologies to represent clinical 

data and used local models to store data. To address the problem, initiatives like Observational 

Health Data Sciences and Informatics (OHDSI) created and have continuously updated the 

Observational Medical Outcomes Partnership (OMOP) CDM, which allows data coming from 

disparate sources to be harmonized in a consistent and standardized manner.[10,11] The 

OHDSI/OMOP CDM defines the data types collected and how data is organized, so researchers 

can develop and use methods on data sources that have adopted the format. 

In previous studies, researchers developed automated approaches to identify drug-drug 

interaction (DDI) signals[12] and to clinically validate drug repurposing signals[13] in EHRs. 

However, these approaches were often not portable, as the automated approaches relied upon 

bespoke natural language processing (NLP) tools tuned specifically for their database. Further, 

when those studies were conducted, EHR databases were only beginning to adopt CDMs. Since 

then, large de-identified EHR databases, like the Vanderbilt University Medical Center (VUMC) 

Synthetic Derivative (SD) and national databases, like the NIH All of Us Research Program, 

have adopted the OHDSI/OMOP CDM. This change provided the opportunity to develop 

portable methods to reuse EHR data for biomedical research. 

In this dissertation, I describe the development and application of portable methods to repurpose 

EHR data for identifying DDI signals and validating drug repurposing candidates (Figure 1). In 
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Chapter 1, I discuss the motivation for my research. In Chapter 2, I provide the background for 

the dissertation. In Chapter 3, I describe the development and evaluation of a novel approach 

called drug-drug interaction wide association study (DDIWAS). DDIWAS uses signals from the 

EHR allergy list to identify clinically-significant DDIs. Using allergy list information makes 

DDIWAS portable, because like International Classification of Diseases (ICD) billing codes, the 

allergy list section is widely used, as the module was required for US health systems to meet 

Meaningful Use criteria. In Chapter 4, I describe the development of a portable approach to 

integrate human transcriptomic data, drug perturbation data, and clinical data in EHRs to identify 

and clinically validate drug repurposing candidates. In chapter 5, I summarize the work with a 

discussion of the limitations and future directions. 
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CHAPTER 2 
 

BACKGROUND 
 

Electronic Health Record Data 

In the last two decades, a large amount of human biomedical data has been generated and 

stored. Such data have provided the opportunity for researchers to make new discoveries about 

human biology, discoveries leading to new treatments for human diseases. To make those 

discoveries, researchers need analytic tools to make those discoveries. 

Since the year 2000, there has been a large growth in clinical data from EHRs and human 

genetics. These two domains once separate, have come together due to the development of 

EHRs linked to DNA biobanks.[3] Integration of EHR and human genetic data has allowed 

researchers to conduct studies once very difficult due the high costs associated with collecting 

clinical and genetic data. 

When learning from data, standardized models for representing structured data and amount of 

data are important. The work in this dissertation, integrating clinical and genetic data, was only 

possible due to the standard terminologies developed prior to the start of this dissertation. These 

terminologies are the results of decades of public and private monetary investment and studies 

by researchers in the field of biomedical informatics. In this chapter, I provide background on the 

standardized vocabularies used in this dissertation and how data has been generated. First, I 

will focus on clinical data stored in EHRs, and then transition to genetic data. I will then describe 

the specific work that was done for my dissertation, providing the proper context in the areas of 

drug-drug interactions and drug repurposing in informatics. 

Standardized terminologies in EHR data 

When a patient visits their doctor or is admitted to the hospital, various data types are generated 

to document their care. For each patient, their visit generates information to document their 

conditions, drug exposures, and measurements performed to aid in diagnosing the patient or for 

preventive care. These data types are collected in the EHR and represented as machine-

readable information made possible by the development of standard vocabularies. This work 
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primarily used the following standard vocabularies: RxNorm (drugs), International Classification 

of Diseases (ICD) codes (conditions), and LOINC codes (lab measurements) (Figure 1). 

 

 

Figure 1. Overview of EHR data standard terminology used in studies.  

CUI: Concept Unique Identifier; ICD: International Classification of Diseases; LOINC: Logical 
Observation Identifiers Names and Codes; LDL-C: low-density lipoprotein cholesterol. 

 

Created in 2002, RxNorm is a terminology allowing semantic mapping of drugs.[14] With 

RxNorm, the same drug represented differently among sources are consolidated and mapped to 

RxNorm concepts represented by CUIs (RxCUIs). Thus, simvastatin, a common lipid-lowering 

drug different sources represented in the Anatomical Therapeutic Chemical (ATC) classification 

system[15] as C10AA01 and in DrugBank[16] as DB00641 both map to RXCUI 36567. In my 

chapters 3 and 4, I used RxNorm to map drugs to their active drug ingredients and to identify 

prescription drugs. 

To define patient cohorts in EHRs, researchers have leveraged ICD codes. In the US, the two 

most recent iterations of the coding system are ICD-9-CM and ICD-10-CM.[17] In 1979, ICD-9 

was developed by the World Health Organization (WHO) to track mortality and morbidity. 
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Subsequently, ICD-9 was modified by the US National Center for Health and Statistics (NCHS) 

to create ICD-9-CM, improving its application to clinical billing. In 1990, the WHO developed 

ICD-10,[18] which the NCHS used to replace ICD-9-CM, with ICD-10-CM. In EHR-based 

studies, ICD codes are commonly used in rule-based approaches to create disease cohorts, a 

process known as phenotyping.[19] Advantages of phenotyping algorithms based on ICD codes 

include portability, as ICD codes are used commonly across hospital systems, so data to identify 

patients with phenotypes of interest are widely available in EHR databases. Disadvantages of 

phenotyping based on ICD codes include its primary use for billing, as the specificity can differ 

depending on the phenotype of interest. However, combining ICD billing codes with other 

structured data like drugs have been shown to significantly improve the performance of 

phenotyping algorithms.[20] To meet Meaningful Use requirements, EHR systems were required 

to use Systematized Nomenclature of Medicine – Clinical Terminology (SNOMED-CT) to 

represent diagnoses in problem lists. SNOMED-CT is also the terminology chosen to represent 

diagnoses in the OHDSI/OMOP CDM because it is much more expressive and has an extensive 

hierarchical structure.[21] Diagnoses represented in SNOMED-CT can be mapped to ICD codes 

using existing publicly available mappings.[22] In Chapter 3, I use ICD codes to control for DDIs 

potentially confounded by indication. In both chapters, ICD-9-CM codes were used to identify 

drug-indication pairs, using the MEDI knowledge base.[23] 

In 1994, Logical Observation Identifiers Names and Codes (LOINC) codes were created as a 

standard terminology for laboratory tests.[24] LOINC codes were necessary, as institutions used 

local, idiosyncratic systems to map their laboratory results, making it difficult to integrate 

laboratory data from different sites.[25] In chapter 4, I used LOINC codes to obtain low-density 

lipoprotein cholesterol (LDL-C) and systolic blood pressure measurements. 

ICD codes, RxNorm CUIs, and LOINC codes are all integrated by the Unified Medical Language 

System (UMLS).[26] Started in 1990, the UMLS Metathesaurus by the US National Library of 

Medicine (NLM) allows semantic translation of biomedical concepts, thereby allowing 

researchers to integrate biomedical data from different resources, be it from the EHR or from the 

biomedical literature. Biomedical concepts are mapped to UMLS concepts, represented by CUIs. 

The most recent (2020AA) version of the UMLS contains 4.28 million concepts from 214 

vocabularies.[27] 
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The OMOP/OHDSI CDM,[11,28] builds on the standard terminologies by providing a template to 

organize data in relational databases, thereby allowing query code written at one institution to be 

used, with minimal modifications, in external databases organized also using OMOP/OHDSI 

CDM. CDMs reduce potential biases in findings related to variability in data extraction and 

processing. The OMOP/OHDSI CDM allowed researchers to integrate data from eleven 

hospitals across four countries, to answer questions about how treatment pathways vary for type 

2 diabetes, hypertension, and depression, using data from 250 million patients.[29] Integration of 

large data also allowed researchers to examine the effectiveness of second-line treatment 

options for type 2 diabetes, across a diverse cohort of 246 million patients.[30] Though there are 

other CDMs,[31] large-scale initiatives like the NIH All of Us Research Program have chosen to 

organize their data using the OMOP/OHDSI CDM.[9] In both chapters, I provide publicly 

available code templates to extract data from EHR databases organized using the 

OMOP/OHDSI CDM, thereby increasing the ability of other researchers to see whether findings 

described in these studies are replicable in their database. Publicly available code also allows 

them to build upon the tools developed in this study. 

Large EHR data 

The recent large growth in the amount of EHR data in the US has especially influenced the work 

in this dissertation. In 2008, only 7.6% of US hospitals had a basic EHR system.[32] In 2009, the 

US passed the Health Information Technology for Economic and Clinical Health (HITECH) Act. 

HITECH incentivized US hospitals to adopt EHR systems;[33,34] as a result, EHR use increased 

from 72% in 2011 to 96% in 2017 (Figure 2).[35] In the UK, a national EHR system was also 

implemented in the past decade.[36] This growth in EHR data has coincided with the 

development of the NIH All of Us Research Program, an initiative to create a large publicly 

available source of clinical data from a diversity cohort, linked to biobanks.[9] 
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Figure 2. Between 2008-2017, EHR adoption in the US increased.  

This figure was adapted from https://dashboard.healthit.gov/quickstats/pages/FIG-
Hospital-EHR-Adoption.php . [37] EHR: electronic health record. 

 

The exponential increase of EHR data allowed researchers to cost-effectively obtain phenotypic 

data from many patients. Hospitals use EHRs to document patient care, which facilitates 

healthcare provider communication and medical billing. Routinely collected healthcare data has 

been increasingly used with basic research to better understand disease pathophysiology,[38] 

and used as a source of Real-World Evidence (RWE) to support findings in clinical trial 

studies.[39] The amount of global EHR data available for biomedical research has grown at an 

exponential pace and will continue to accumulate in the future.[19,29] 

Human Transcriptomic Data 

In Chapter 4, I identified drug repurposing candidates using transcriptomic signature matching. 

Obtaining useful human transcriptomic data is difficult because of technological and ethical 

barriers. A major technological barrier to obtaining transcriptomic data at scale, is that 

technologies to measure gene expression, using methods like genome-wide gene expression 

microarrays and RNA-sequencing (RNA-seq) remains expensive.[40,41] Further, since gene 

expression differs from one tissue to another, even if a researcher had transcriptomic data from 

the blood of their patients of interest, knowing also how a gene is expressed in just the blood is 
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not enough, as tissue-specific expression is important to understanding disease biology.[42–44] 

Ethical and practical concerns preclude taking tissue biopsies from humans, like from the kidney 

or brain. In the past, researchers often used data from pre-clinical animal disease models. But, 

there are limitations to using animal disease models, since animal disease models often poorly 

simulate human diseases.[45,46] 

Fortunately, researchers recognized these two limitations and have developed methods to 

estimate transcriptomic signatures for phenotypes of interest. In Chapter 4, I used one of these 

methods, called S-PrediXcan.[47,48] S-PrediXcan models were trained using the Genotype-

Tissue Expression (GTEx) reference set.[49] S-PrediXcan estimates genetically-regulated 

transcriptomic signature for a phenotype of interest using just GWAS summary statistics, a 

widely available resource. 

High-quality GWAS summary statistics used by S-PrediXcan to estimate phenotype 

transcriptomic signatures are only available due to single-nucleotide polymorphism (SNP) 

imputation. SNP imputation is possible due to the substantial investment and work in the 

creation of tools and resources to annotate the human genome. In most GWAS, genotypes are 

obtained using microarrays,[50–53] where only 300,000-500,000 SNPs are directly genotyped 

and used to infer missing genotypes through imputation, expanding the number of SNPs to >2.2 

million.[54] SNP imputation is possible due to reference data sets from initiatives like the 

International HapMap Project,[55] 1000 Genomes Project,[56] Haplotype Reference 

Consortium[57], and gnomAD.[58] 

The GTEx project was formed to better understand how genetic variants affect gene expression 

across tissues and how variation-mediated gene expression changes impact human disease. 

The project has allowed the research community to understand some of the associations 

between genetic variants and human disease.[59] The most recent version of GTEx has RNA-

seq data linked to patient genotypes, across 49 different tissues.[60] For S-PrediXcan models, 

the SNP weights are calculated using an elastic net model, with the SNPs as independent 

variables, and gene expression as dependent variables.[47] 

Drug Perturbation Data 

In Chapter 4, I searched for drugs that reversed the S-PrediXcan estimated phenotype 

transcriptomic signatures using the Integrated Library of Integrated Network-Based Cellular 
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Signatures (iLINCS).[61] iLINCS is a data repository comprised of drug databases like 

ConnectivityMap (CMap),[62] L1000,[63] and DrugMatrix.[64] The data in these drug databases 

are drug-induced gene expression signatures. For CMap and L1000, gene expression 

signatures are from cancer cell lines treated in vitro with a library of drugs at varying 

concentrations and exposure times. For DrugMatrix, the gene expression signatures were 

obtained from primary non-human animal tissues, like rat liver induced by drug exposures. 

Drug-Drug Interactions 

Adverse DDIs cause patient harm and are responsible for a significant amount of withdrawn 

drugs. DDIs occur between an object drug (affected by the interaction) and precipitant drug 

(causes the interaction). There are two types of adverse DDIs: pharmacokinetic and 

pharmacodynamic. Pharmacokinetic DDIs are interactions that result in the concentration of the 

object drug. As an example, consider a patient taking both simvastatin and itraconazole. 

Itraconazole increases the concentration of simvastatin in the patient’s blood, because it 

decreases its metabolism by inhibiting the enzyme CYP3A4.[65] Increased simvastatin 

concentration has been shown to increase the risk of adverse drug reactions (ADRs), like 

myopathy.[66] In addition to decreases in drug metabolism, other causes of increased drug 

concentration in the blood include increase in drug absorption and decrease in excretion. There 

are two general types of pharmacodynamic DDIs: (1) when one drug decreases the effects of a 

second drug on the body and (2) concurrent use of two drugs with additive effects (eg, drugs 

that may cause sedation, like cetirizine [an antihistamine] and amitriptyline [an 

antidepressant]).[67] 

The US Food and Drug Administration (FDA) provides guidelines to drug sponsors and 

investigators for evaluating potential DDIs, starting first with in vitro studies, results that guide the 

in vivo studies that should be conducted.[68–70] Results from these studies are put on drug 

labels if the drug is approved. While these pre-market studies have decreased the incidence of 

DDIs, it is not feasible to test all the potential drug combinations that real-world patients use. To 

detect potential DDIs after a drug is approved, there are post-market surveillance systems, like 

the FDA Adverse Event Reporting System (FAERS). Systems like FAERS allow healthcare 

providers, companies, and patients to voluntarily report potential ADRs and DDIs. But, the 

voluntary reporting characteristic limits post-market surveillance systems to identify DDIs. EHR 
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data provide the opportunity to detect DDIs that may be missed in traditional pre-market studies 

and by post-market systems. 

Existing methods to identify DDIs using EHR data 

Since the availability of good quality and adequate amounts of longitudinal EHR data is very 

recent, researchers have developed methods to address key problems associated with using 

observational databases. These key problems are to limit the bias associated with confounding 

and detection of ADRs in EHRs. 

To address confounding, researchers have used methods developed for observational 

analysis,[71] by calculating propensity scores to use for either matching, stratification, or use as 

covariates in regression models. The main problem is potential for false-positive findings due to 

unmeasured confounders. For example, researchers have evaluated different methods to 

control for unmeasured confounders in the evaluation of ADRs due to drug exposure.[72] 

Researchers were initially focused on using EHR data to supplement existing post-market 

surveillance programs to monitor ADRs.[73] The basic study design is to detect drug exposure, 

which can be done using relatively structured data in patient medication lists. After drug exposed 

patients are found, the second task is to identify ADR events after patients are exposed to the 

drug(s) of interest. In EHRs, ADRs are detected using natural language processing (NLP) tools 

in unstructured clinical narratives,[74] which are then mapped to MedDRA terms.[73] 

Researchers then use statistical methods like disproportionality analysis to quantify the 

association between drug exposure and development of ADRs.[75] The comparison can be 

between two patient groups, where the cases could be patients exposed to the drug of interest 

and controls could be patients who were exposed to a drug with the same indication. 

When researchers were able to demonstrate the use of EHR data for ADR surveillance, they 

then used EHR data to validate DDIs identified in post-market surveillance systems. Tatonetti et 

al developed a method to control for confounders in observational clinical data, like concomitant 

drugs and patient comorbidities.[76] In EHR data, they validated 47 drug class interactions 

identified using their method in FAERS. In a separate study, the same group also validated a 

novel DDI detected in FAERS, between paroxetine and pravastatin, which led to larger than 

expected increases in blood glucose levels in patients exposed concurrently to both drugs, 

compared to patients exposed to one of the drugs alone.[77] Interestingly, the glucose increase 
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was even more extreme in patients with diabetes. They also used EHR data to show a false-

positive interaction between moxifloxacin and warfarin identified in FAERS, an interaction most 

likely confounded by kidney disease.[78] 

Researchers have also developed methods to search the EHR to discover potentially novel 

DDIs. Iyer et al mined the EHR to validate and discover potential novel DDIs.[12] They used 

patient medication lists to infer drug exposure and developed a simple text annotation tool to 

search through the unstructured text in clinical narratives for ADRs, which were mapped to 

MedDRA terms. In their study, a potential DDI was defined as a drug-drug-ADR. They selected 

14 ADRs to demonstrate their pipeline; the 14 ADRs were those that occurred frequently in their 

database. Potential DDIs were those for which when patients were exposed to two drugs 

concurrently, experienced higher odds of experiencing ADRs of interest compared to exposure 

to one of the drugs alone. They validated known DDIs and identified potential novel DDIs in two 

independent EHR databases. 

Gap in knowledge for using EHR data to detect DDIs 

No study has yet investigated the potential of information in EHR allergy lists to identify potential 

DDIs. Allergy lists are used to record both immune-related drug reactions and drug intolerance. 

These lists share a common semi-structured pattern across EHRs with two data types: a drug 

name (structured), and free text (unstructured) that allows healthcare providers to record the 

specific ADR experienced by the patient. Since allergy lists were required by EHR systems in 

the US to fulfill the requirements of Meaningful Use, methods using allergy list information to 

identify DDIs have high generalizability potential. In Chapter 3, I describe a systematic approach 

using EHR allergy lists to identify known DDIs and potential novel DDIs. 

Drug Repurposing 

In Chapter 4, I develop and evaluate an approach to identify drug repurposing candidates using 

public genomic data and validate candidates in the EHR. Here, I define drug repurposing as 

finding new indications for existing drugs. The motivation for drug repurposing is that drug 

development is expensive[79] and has a high failure rate.[80–82] Drug repurposing addresses 

the problems of high cost and failure rate in drug development.[83] Repurposing an existing drug 

saves money during clinical trial testing, as investigators can skip Phase 1[84], as the existing 
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drug has a well-characterized safety profile. Further, even in Phase 2 and 3 studies, adverse 

drug events can cause drugs to fail clinical trial testing. 

There are many examples of successfully repurposed drugs. Etanercept, a drug originally 

developed for treating sepsis, was repurposed to treat rheumatoid arthritis (RA).[85] Bupropion 

was originally approved for depression which was then approved for smoking cessation.[86] Also 

more recently, bupropion was shown to be effective in treating methamphetamine use 

disorder.[87] 

Repurposing drugs with retrospective observational analysis 

In the past, drugs have been repurposed successfully following observations from retrospective 

observational analysis. For instance, rituximab was repurposed for RA. A patient with non-

Hodgkin’s lymphoma and RA was treated with rituximab, and rituximab was observed to improve 

the patient’s RA symptoms.[88] Follow-up clinical trials showed that rituximab was effective in 

treating RA.[89–92] 

The growth of EHR data led researchers to evaluate whether they could mine EHR data to 

identify drug repurposing candidates. For example, a previous study confirmed a finding that 

metformin was associated with reduced cancer mortality using EHR databases from VUMC and 

the Mayo clinic.[13] EHR data has also been used to develop data-driven approaches to identify 

novel non-cancer drugs that may improve cancer survival.[93] More recently, using a data-driven 

approach to repurpose drugs, structured lab values in the EHR (e.g., LDL-C measurements) 

were used to search for drugs that were correlated with low lab values.[94] 

Repurposing drugs using human genetic data 

In the past decade, researchers have developed methods to leverage human genomic data to 

identify drug repurposing candidates.[83,95,96] Supporting a genetics-based approach to 

discover drug repurposing candidates is that compared to drugs in Phase I clinical trials, there is 

a 4x enrichment of drugs that is supported by human genetics data.[97] 

One such study developed a novel bioinformatics pipeline to augment the information from risk 

loci identified by GWAS to identify existing drugs as candidates for treating RA.[98] The authors 

first used cis-eQTL and functional annotation data to infer RA causal genes. They then searched 

for genes that directly interacted with the RA causal genes in protein-protein interaction 
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databases. The genes found in the databases were targets of approved RA drugs, 

demonstrating the feasibility of their pipeline. Applying the pipeline, they suggested palbociclib, 

an approved breast cancer drug, as a repurposing candidate for treating RA. 

While genetic-target based search for finding drug repurposing candidates (i.e., targeting one 

gene by inhibiting one protein’s activity) is a promising approach, an alternative method is 

signature-based discovery. The signature-based search, most often refers to gene expression 

signature, has its roots in systems biology. The idea is that for a phenotype of interest, there is a 

gene expression signature that represents the pathological mechanism that ultimately results in 

the phenotype. And that reversing the phenotype gene expression signature could potentially 

reverse the biological processes underlying the phenotype. Dudley et al[99] used publicly 

available gene expression data to identify small-molecule drugs as good candidates for treating 

inflammatory bowel disease. The best drug candidates were those that reversed the gene 

expression signature for inflammatory bowel disease. Using a rodent disease model, they 

validated an anticonvulsant, topiramate, as a repurposing candidate for inflammatory bowel 

disease. 

Nonetheless, while gene expression signature-based drug repurposing is a promising approach, 

reading gene expression is currently much more expensive than genotyping. Recognizing this, 

researchers have leveraged S-PrediXcan with publicly available GWAS summary statistics in a 

signature-based approach to identify drug repurposing candidates. So et al performed such a 

study to find drugs for treating psychiatric disorders and Alzheimer’s disease.[100] They used S-

PrediXcan to estimate phenotype gene expression signatures and then searched in the 

Connectivity Map/L1000 databases to find drugs that reversed the S-PrediXcan phenotype gene 

expression signatures. With this approach, they replicated known approved drugs for the target 

psychiatric disorder phenotypes. They then validated potential novel drug repurposing 

candidates using evidence from the literature and clinical trials. 

Gap in knowledge for using human ’omic data and clinical data in EHRs to identify 
drug repurposing candidates 

While researchers have developed methods to identify drug repurposing candidates using large 

drug databases and S-PrediXcan phenotype transcriptomic signatures, they have not developed 

an approach to validate those candidates using real-world data contained in the EHRs. Further, 

no study has yet developed a generalizable approach to mine clinical data in EHRs to 
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systematically quantify treatment effects of drug candidates identified from ’omic analysis. 

Integrating these three orthogonal “big data” sources (estimated phenotype transcriptomic data, 

drug perturbation data, and clinical data in publicly available resources) has the potential to 

better prioritize drug repurposing candidates for clinical trial testing. 
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CHAPTER 3 
 

DDIWAS: HIGH-THROUGHPUT ELECTRONIC HEALTH RECORD-BASED 
SCREENING OF DRUG-DRUG INTERACTIONS. 
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Abstract 

Objective: We developed and evaluated Drug-Drug Interaction Wide Association Study 

(DDIWAS). This novel method detects potential drug-drug interactions (DDIs) by leveraging data 

from the electronic health record (EHR) allergy list. 

Materials and Methods: To identify potential DDIs, DDIWAS scans for drug pairs that are 

frequently documented together on the allergy list. Using de-identified medical records, we 

tested 616 drugs for potential DDIs with simvastatin (a common lipid-lowering drug) and 

amlodipine (a common blood-pressure lowering drug). We evaluated the performance to 

rediscover known DDIs using existing knowledge bases and domain expert review. To validate 

potential novel DDIs, we manually reviewed patient charts and searched the literature. 

Results: DDIWAS replicated 34 known DDIs. The positive predictive value to detect known 

DDIs was 0.85 and 0.86 for simvastatin and amlodipine, respectively. DDIWAS also discovered 

potential novel interactions between simvastatin-hydrochlorothiazide, amlodipine-omeprazole, 

and amlodipine-valacyclovir. A software package to conduct DDIWAS is publicly available. 

Conclusions: In this proof-of-concept study, we demonstrate the value of incorporating 

information mined from existing allergy lists to detect DDIs in a real-world clinical setting. Since 

allergy lists are routinely collected in EHRs, DDIWAS has the potential to detect and validate 

DDI signals across institutions. 

Introduction 

Patients are taking more prescription drugs than ever to treat their chronic health 

conditions.[101] This rise in drug use increases their risk of developing drug-drug interactions 

(DDIs).[102] Patients experience DDIs when they concomitantly use an object drug (affected by 

the interaction) and a precipitant drug (causes the interaction). DDIs are responsible for >20% of 

adverse drug reactions (ADRs)[103] and for half of withdrawn drugs from the US market.[104] 

DDIs can be recognized during drug development and clinical trials, but a lack of consensus for 

defining clinically-actionable DDIs remains.[105–108] Before a new drug is approved, potentially 

harmful DDIs are assessed using in vitro and in vivo methods. But, it is not feasible to test for all 

the possible interactions between the new drug and those prescribed to patients.[68] To identify 
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DDIs missed during drug development, healthcare providers can voluntarily report DDIs to post-

market surveillance programs.[109,110] Yet, underreporting of DDI events can occur, as DDIs 

are hard to recognize and reporting events may not be the highest priority for healthcare 

providers. To complement post-market surveillance programs, researchers have developed 

methods to mine electronic health record (EHR) data for DDIs.[12,77] Implementing these 

methods across EHRs, however, remains challenging, because they are either purpose-

built[111] or depend upon complex natural language processing (NLP).[12] 

We developed Drug-Drug Interaction Wide Association Study (DDIWAS), a novel framework to 

identify potentially harmful DDIs by leveraging the EHR allergy list (Figure 1A). The allergy list is 

used by healthcare providers to document immune-mediated allergic drug reactions (e.g., 

penicillin anaphylaxis[112]) and drug intolerances (e.g., statin myopathy[113]) (Figure 1B). 

Allergy list entries also routinely contain only two data elements, the allergen (e.g., culprit drug’s 

name) and reaction (e.g., “muscle cramp”).[114] This standardized pattern shared among EHRs 

enables high-throughput DDI detection without sophisticated NLP. In this study, we assumed 

that a drug’s appearance on the allergy list indicated that a drug-ADR occurred. With that 

assumption, we hypothesized that adversely interacting drugs would frequently be documented 

together on the allergy list. We only used allergy list data because EHR fragmentation can make 

it difficult to obtain accurate medication lists.[115] 
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Figure 1. Overview of data analysis and example of DDIs modeled by DDIWAS. 

(A) From a cohort of object drug-exposed patients, cases were those who had the object drug 
listed in their EHR allergy lists (+object drug-ADR), and controls were those who did not have 
the object drug documented on their allergy lists (-object drug-ADR). In this study, DDIWAS was 
applied on two object drugs, simvastatin and amlodipine. To search for potential precipitant 
drugs that increased the risk of object drug-ADRs, a systematic association test was performed 
using logistic regression. Potential precipitant drugs of interest were those that were positively 
associated with object-drug ADRs (logistic regression Bonferroni p-value < 0.05 and OR > 1). 
Using MEDI and DrugBank, the relationship between the object drug and potential precipitant 
drugs were determined. All object-potential precipitant drug relationships were manually 
reviewed by a domain expert (S.N., a pharmacist). PPV was then used to evaluate DDIWAS’ 
ability to replicate known DDIs. See also Supplementary Figure 1. (B) In this example of a DDI 
modeled by DDIWAS, the object drug is simvastatin, and the potential precipitant drug is 
gemfibrozil. The patient develops an ADR after concurrently using simvastatin and gemfibrozil. 
At the next visit, the patient reports their ADR to their provider, who adds both drugs to the 
patient’s allergy list. DDI: drug-drug interaction; DDIWAS: Drug-Drug Interaction Wide 
Association Study; EHR: electronic health record; ADR: adverse drug reaction; OR: odds ratio; 
MEDI: MEDication Indication resource; PPV: positive predictive value. 

 

To start the DDIWAS pipeline, we first identified a cohort of object drug-exposed patients in a 

de-identified EHR database[3] (Figure 1A; Supplementary Figure 1). We then divided the 

patients into cases (+object drug-ADR, i.e., object drug on allergy list) and controls (-object drug-
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ADR, i.e., object drug not on allergy list). We searched for potential precipitant drugs that were 

disproportionately co-documented with the object drug on patients’ allergy lists. To measure 

DDIWAS’ performance, we calculated a positive predictive value (PPV) using a gold standard 

reference comprised of MEDication Indication resource (MEDI),[23] DrugBank,[16] and domain 

expert review (Supplementary Figure 2). We validated DDIWAS by applying it on two common 

drugs, simvastatin and amlodipine. 

Materials and Methods 

Defining a drug-drug interaction (DDI) 

In this study, a patient has experienced a DDI when the pharmacologic effects of two drugs 

overlap to produce an adverse outcome. When the object and precipitant drug interact, the 

patient experiences an ADR. The patient reports the ADR to their healthcare provider, who 

documents the adverse reaction in the patient’s EHR by adding the object drug to the patient’s 

allergy list. The provider does so because they believe that the ADR was most likely related to 

the patient’s exposure to the object drug.[116] If the provider believes that the ADR was due to a 

DDI between the object and precipitant drug, then they may add both drugs to the patient’s 

allergy list. 

As a concrete example of how DDIWAS determines whether a potential DDI occurred using 

allergy list data, consider a DDI between simvastatin (the object drug) and gemfibrozil (the 

precipitant drug) (Figure 1B). A provider prescribes gemfibrozil to a patient already on 

simvastatin. At the subsequent visit, the provider learns that after starting gemfibrozil, the patient 

began experiencing muscle aches. Since muscle ache is a common ADR associated with 

simvastatin exposure,[117] the provider believes that a DDI between simvastatin and gemfibrozil 

occurred and adds both drugs to the patient’s allergy list. 

Study design 

The study was reviewed and approved by the IRB at Vanderbilt University Medical Center 

(VUMC) (#180456). We used de-identified EHR data from VUMC. The EHR database maintains 

longitudinal clinical data for over 3.2 million unique patients from inpatient and outpatient 

encounters.[3] EHR data commonly includes diagnosis and procedure codes, medications, 

laboratory test results, unstructured clinical text, and demographics. We used EHR data from 
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outpatient visits from 1996-2020 and limited our analyses to adult patients between the ages of 

18-90 years. 

To demonstrate the feasibility of DDIWAS, we used it to identify DDIs for simvastatin and 

amlodipine, drugs that are commonly used with known precipitant drugs.[118] Simvastatin is one 

of the first-line therapies for hyperlipidemia and has a relatively increased frequency of myopathy 

at high doses.[119] Amlodipine is commonly used to treat hypertension and is known to inhibit 

CYP3A4,[117] a key enzyme involved in drug metabolism. 

To identify drugs in the EHR, we used a standard terminology that formalizes all prescription 

drugs currently marketed in the US, RxNorm[14]. We used generic and brand names to first map 

drugs to RxNorm Concept Unique Identifiers (RxCUIs) and then to their respective drug 

ingredients, based on their relationships in RxNorm. For example, “Simvastatin” (RxCUI 36567) 

and “Zocor” (RxCUI 196503) were both mapped to the drug ingredient “simvastatin” (RxCUI 

36567). 

For each object drug, we started with a cohort of patients who had ≥1 exposure(s) to the object 

drug (Figure 1A; Supplementary Figure 1A). In this cohort, we defined cases as patients who 

had the object drug documented on their allergy lists (+object drug-ADR), and defined controls 

as patients who did not have the object drug listed on their allergy lists (-object drug-ADR). 

For both cases and controls, we set the date on which object drug exposure occurred as the 

start of the observation period (T0) (Supplementary Figure 1B). For cases, we set the date on 

which the object drug was first documented on their allergy list as the end of the observation 

period (Te). We limited the duration of the observation period to twelve months, because we 

wanted to capture ADRs from both short and long object drug exposures.[120] If the observation 

period (Te-T0) was longer than twelve months, then we limited our analysis to the twelve month 

period prior to Te. For controls, we set Te as the date on which object drug exposure was last 

documented in their EHRs. If the observation period was longer than twelve months, we limited 

our analysis to the twelve month period after T0. 

We obtained potential precipitant drug-ADRs by extracting all drugs documented on the patient 

allergy lists during the observation period (Supplementary Figure 1C). We then mapped the 

potential precipitant drugs to their RxCUI ingredients (Supplementary Figure 1D). To obtain 

only ADRs potentially due to DDIs between object and potential precipitant drugs, we removed 
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drugs that were present on patient allergy lists prior to the start of the observation period. To 

prevent false-positive associations due to the absence of allergy list entries, we excluded 

controls who did not have any allergy list entries during the observation period (Supplementary 

Figure 1E). 

Data preprocessing and association analysis 

We created a patient feature matrix with each row representing one patient and with columns 

representing features (Supplementary Figure 1F). Features included covariates and potential 

precipitant drug-ADRs. The covariates were age, sex, race, duration of observation period, and 

number of unique drug ingredient exposures during the observation period. We encoded 

potential precipitant drug-ADRs as dichotomous variables. We then only tested potential 

precipitant drugs for which the 2x2 contingency table had ≥1 patients in each cell 

(Supplementary Figure 1G), because our goal was to identify drugs that increased the 

likelihood of object drug-ADRs. 

To identify potential precipitant drugs that increased the risk of object drug-ADRs, we used the 

patient feature matrix to perform a systematic association study with logistic regression 

(Supplementary Figure 1H). For each patient, the dependent variable indicated whether the 

patient was a case (+object drug-ADR; object drug on allergy list) or control (-object drug-ADR; 

object drug not on allergy list). For each potential precipitant drug tested, the dichotomous 

independent variable indicated whether the drug was listed on each patient’s allergy list. The 

logistic regression analysis was adjusted for the covariates described above. The outputs of the 

logistic regression analysis were association odds ratios (ORs) and p-values. Due to the 

limitations of logistic regression with rare events,[121] we used Firth regression for potential 

precipitant drugs that had <5 patients in each cell of the 2x2 contingency table. To account for 

multiple testing, we applied a Bonferroni correction with type I error rate set to 0.05. We 

considered a potential precipitant drug to have increased the risk of object drug-ADRs if the 

following conditions were met: (1) regression OR > 1 and (2) regression Bonferroni-corrected p-

value < 0.05 (Supplementary Figure 2). Drugs that met these conditions indicated that patients 

with the potential precipitant drug listed on their allergy lists (+potential precipitant drug-ADR) 

were more likely to have the object drug listed as well (+object drug-ADR). 

Labeling of DDIWAS output 
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We labeled the potential precipitant drugs meeting the two conditions, to help us interpret 

DDIWAS results, and to measure the method’s ability to replicate known DDIs. We used three 

labels: “Exclude”, “True-positive”, and “False-positive” (Supplementary Figure 2). To 

automatically label these drugs, we leveraged MEDI[23] and DrugBank[16] resources. First, 

using MEDI and manual engineering, we tagged drugs as “Exclude” if they shared indications 

with the object drug. Indications were represented by the International Classification of Diseases 

Ninth Revision, Clinical Modification (ICD-9-CM) code(s)[17] most specific for the object drug. As 

an example, for the simvastatin experiment, we used the hyperlipidemia diagnosis codes, ICD-9-

CM 272.4 “Other and unspecified hyperlipidemia” and ICD-9-CM 272.2 “Mixed hyperlipidemia”. 

Our gold standard reference for “True-positive” findings was DrugBank[16] followed by domain 

expert review. We used DrugBank to identify potential precipitant drugs that were known to 

interact adversely with the object drug of interest. We labeled potential precipitant drugs as 

“True-positive” if the DrugBank description indicated that for either the object or potential 

precipitant drug, drug metabolism decreased, serum concentration increased, drug absorption 

increased, drug elimination decreased, or concurrent use increased the risk of ADRs (e.g., 

rhabdomyolysis with simvastatin use). We then tagged the remaining unlabeled potential 

precipitant drugs as “False-positive”. For final classification of object and potential precipitant 

drug pairs, all labels were manually reviewed by a domain expert (S.N., a pharmacist). 

Measuring DDIWAS performance to replicate known DDIs 

To quantify the performance of DDIWAS to replicate known DDIs, we used PPV 

(Supplementary Figure 2). PPV was calculated by dividing the number of “True-positive” drugs 

by the sum of “True-positive” and “False-positive” drugs. PPV represented the fraction of 

remaining drugs with previously reported DDIs with the object drug of interest. 

Adjusting for potential confounders and sensitivity analysis 

To identify associations that may have been confounded by indication(s) for each significantly 

associated potential precipitant drug, we independently adjusted the regression for indications 

represented by phecodes.[122] To select indications for each potential precipitant drug, we used 

the two ICD-9-CM codes with the highest prevalence from MEDI.[23] We mapped these ICD-9-

CM codes to their respective phecodes using the ICD-9-CM to phecode v1.2 map. We then 

rolled up the mapped phecodes to their parent phecodes. Using the indication for digoxin as an 
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example, ICD-9-CM 427.31 “Atrial fibrillation” → phecode 427.21 “Atrial fibrillation” → phecode 

427 “Cardiac dysrhythmias”. To obtain phecode indications for ICD-10-CM codes in our study 

cohort, we used the ICD-10-CM to phecode v1.2 (beta) map.[22] 

We also conducted a sensitivity analysis by calculating PPVs and true-positive counts using 

minimum patient count thresholds of 1, 5, 10, and 20 patients, in each cell of the 2x2 

contingency table (Supplementary Figure 3). 

Data visualization 

To present the results from our primary analysis, we used forest plots of regression OR (95% 

confidence interval [95% CI]) for all potential precipitant drugs that passed Bonferroni correction 

and OR > 1. For each drug, we show the OR (95% CI) from the logistic regression adjusted for 

baseline characteristics and a second regression with additional adjustment for each drug’s 

main indication(s) (Figures 2A, 2B). 

Validation studies for potentially novel DDIs 

We defined “False-positive” drugs as potentially novel DDIs (Supplementary Figure 2). To 

validate these potentially novel DDIs, we reviewed the clinical notes for ten randomly selected 

patients who DDIWAS labeled as (+object drug-ADR, +potential precipitant drug-ADR). If there 

were less than ten (+object drug-ADR, +potential precipitant drug-ADR) patients, we reviewed 

the clinical notes for all available patients. For each DDIWAS-labeled +drug-ADR patient, we 

reviewed their clinical notes to verify that the drug was intentionally added to their allergy lists. 

Each reviewed DDIWAS-labeled +drug-ADR patient was labeled “True-positive +drug-ADR” or 

“False-positive +drug-ADR”. A “True-positive +drug-ADR” patient was not exposed to the drug 

after the end of the observation period and/or for whom a provider mentioned the drug-ADR in 

additional EHR sections like “History of Present Illness” and “Assessment & Plan”. A “False-

positive +drug-ADR” patient did not meet either criteria. 

After reviewing patient charts, we were concerned about the remaining drugs that met our 

criteria for potentially novel DDIs, but whose associations with object drug-ADRs did not likely 

represent novel DDIs. Instead, the associations were more likely to be due to interactions 

between the object drug and other drugs; the other drugs were either commonly co-prescribed 

or combined with the drugs of concern. To address this problem, we adjusted the regressions for 
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additional potential precipitant drug-ADRs. For example, in the primary simvastatin DDIWAS 

analysis, the regression for triamterene was: 

𝑝(+simvastatin-ADR|+triamterene-ADR) ∼ 𝑙𝑜𝑔𝑖𝑡(𝛽0 + 𝛽1triamterene-ADR

+[baseline covariates]) (1)
 

We then adjusted the regression for hydrochlorothiazide (HCTZ)-ADRs, because HCTZ is 

frequently combined with triamterene: 

𝑝(+simvastatin-ADR|+triamterene-ADR) ∼ 𝑙𝑜𝑔𝑖𝑡(𝛽0 + 𝛽1triamterene-ADR

+𝛽2HCTZ-ADR + [baseline covariates]) (2)
 

Results 

Simvastatin DDIWAS 

The simvastatin experiment (Table 1) had 85,873 controls (+simvastatin-exposed, -simvastatin-

ADR) and 2,814 cases (+simvastatin-exposed, +simvastatin-ADR). Of the 282 potential 

precipitant drugs tested (Supplementary Figure 4A; Supplementary Table 1), thirteen 

increased the risk of simvastatin-ADRs (passing Bonferroni correction [0.05/282 = 1.77x10-4] 

with OR > 1; Figure 2A). To control for potential confounding by drug indications, we adjusted 

the regressions for potential precipitant drug indications and found that all thirteen associations 

remained significant (Supplementary Table 2). Eleven of the thirteen drugs were known to 

interact with simvastatin, including fenofibrate, gemfibrozil, niacin, and amlodipine. In DrugBank, 

the remaining two drugs not known to interact with simvastatin were HCTZ and triamterene. 

 

  



26 

 

 

Table 1: Simvastatin Patient-Level Characteristics 

Characteristic 
Controls (n = 
85,873) 

Cases (n = 
2,814) 

P 

Female 0.52 (44,367) 0.56 (1,564) <0.001 

White 0.80 (68,900) 0.85 (2,384) <0.001 

Age, years 63 (54-71) 63 (54-70) 0.15 

Observation period length, days 337 (15-365) 365 (111-365) <0.001 

Unique drug exposures, count 12 (7-19) 13 (8-25) <0.001 

Phecode 250.* (Diabetes mellitus) 0.19 (16,241) 0.25 (702) <0.001 

Phecode 272.* (Disorders of lipid 
metabolism) 

0.34 (28,776) 0.74 (2,084) <0.001 

Phecode 401.* (Hypertensive disorder) 0.35 (30,253) 0.59 (1,654) <0.001 

Phecode 411.* (Myocardial infarction) 0.20 (17,384) 0.31 (859) <0.001 

Phecode 418.* (Chest pain) 0.13 (10,774) 0.18 (519) <0.001 

Phecode 743.* (Osteoporosis) 0.04 (3,280) 0.06 (172) <0.001 

For continuous variables, numbers represent median (interquartile range). 
For dichotomous variables, numbers after proportions are counts. 
P values indicate differences between cases and controls. For continuous variables, P values 
were calculated using Mann-Whitney test. For dichotomous variables, P values were calculated 
using 𝜒2 test. P < .05 was considered statistically significant. 

For phecodes, * means ≥1 digits or a period (e.g., phecode 401.* = phecodes 401, 401.1, 401.2, 
401.21, 401.22, or 401.3). 
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Figure 2. Forest plot of potential precipitant drugs associated with object drug 
ADRs and DDIWAS performance 

(A, B) Forest plots summarizing the potential precipitant drugs that were significantly associated 
(logistic regression Bonferroni p-value < 0.05 and OR > 1) with (A) simvastatin- and (B) 
amlodipine-ADRs. On the horizontal axis, potential precipitant drugs are sorted from smallest to 
largest ORs. On the vertical axis, association ORs (95% CI) are plotted on a logarithmic scale. 
Red triangles with dashed lines represent values from logistic regressions adjusted for age, sex, 
race, length of observation period, and number of unique drug exposures for each patient. Blue 
circles with solid lines indicate values from logistic regressions with additional adjustment for 
potential precipitant drug indications. These values were from analyses with a minimum patient 
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count threshold of 1. Minimum patient count threshold refers to the number of patients required 
in each cell of the 2x2 contingency table (Supplementary Figure 3). The Bonferroni correction 
was 1.77x10-4 (0.05/282) for simvastatin and 1.49x10-4 (0.05/335) for amlodipine. See 
Supplementary Table 2 for corresponding numbers. (C, D) PPV (left vertical axis) and true-
positive count (right vertical axis) for (C) simvastatin and (D) amlodipine DDIWAS at minimum 
patient count thresholds of 1, 5, 10, and 20. True-positive count refers to the number of potential 
precipitant drugs (logistic regression Bonferroni p-value < 0.05 and OR > 1) that were known to 
interact with the object drug. See Supplementary Table 3 for corresponding numbers. ADR: 
adverse drug reaction; DDIWAS: Drug-Drug Interaction Wide Association Study; PPV: positive 
predictive value; OR: odds ratio; 95% CI: 95% confidence interval; HCTZ: hydrochlorothiazide. 

 

To examine the potential novel DDIs between simvastatin-HCTZ and simvastatin-triamterene, 

we manually reviewed clinical notes to verify that the drugs were intentionally listed on patient 

allergy lists (Table 2). The reviewed notes were from two types of patients: those who potentially 

experienced simvastatin-HCTZ DDIs, i.e., DDIWAS-labeled (+simvastatin-ADR, +HCTZ-ADR) 

and those who potentially experienced simvastatin-triamterene DDIs, i.e., DDIWAS-labeled 

(+simvastatin-ADR, +triamterene-ADR). All reviewed patients had the respective drugs 

intentionally listed on their allergy lists. We hypothesized that the triamterene association was 

confounded by HCTZ-ADRs, because all reviewed DDIWAS-labeled (+simvastatin-ADR, 

+triamterene-ADR) patients were exposed via a HCTZ/triamterene combination drug. Further, 

there were DDIWAS-labeled (+simvastatin-ADR, +HCTZ-ADR) patients who did not have 

triamterene on their allergy lists. To test our hypothesis, we adjusted the triamterene-ADR 

regression with HCTZ-ADRs and found that triamterene’s association was no longer significant, 

while HCTZ’s association remained significant (Supplementary Table 4). 
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Table 2: Validation analysis of potentially novel DDIs, manual chart review results 

Object 
Drug 

Potential 
Precipitant 
Drug 

% TP drug-ADR 
(TP/number of 
patients reviewed) 

Comments 

simvastatin HCTZ 100 (10/10)  

simvastatin triamterene 100 (10/10) 

All (+simvastatin-ADR,  +triamterene-
ADR) patients were exposed to 
triamterene using a HCTZ/triamterene 
combination drug 

amlodipine ezetimibe 90 (9/10) 

Majority (8/10) of (+amlodipine-ADR, 
+ezetimibe-ADR) patients also had a 
statin drug on their allergy list.  

The single false-positive (+amlodipine-
ADR, +ezetimibe-ADR) patient had 
neither the object nor potential 
precipitant drug on their allergy list. 

amlodipine levothyroxine 40 (2/5) 

Reviewed all five available 
(+amlodipine-ADR, +levothyroxine-ADR) 
patients.   

Two false-positive  (+amlodipine-ADR, 
+levothyroxine-ADR) patients had 
neither the object nor potential 
precipitant drug on their allergy lists.  

One false-positive  (+amlodipine-ADR, 
+levothyroxine-ADR) patient did not 
have the potential precipitant drug on 
their allergy list. 

amlodipine valacyclovir 80 (4/5) 

Reviewed all five available 
(+amlodipine-ADR, +valacyclovir-ADR) 
patients.  

The single false-positive (+amlodipine-
ADR, +valacyclovir-ADR) patient had 
neither amlodipine nor valacyclovir on 
their allergy list. 
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Object 
Drug 

Potential 
Precipitant 
Drug 

% TP drug-ADR 
(TP/number of 
patients reviewed) 

Comments 

amlodipine omeprazole 100 (10/10)  

True-positive patients were those for whom providers intentionally added both the object and 
potential precipitant drugs to their allergy lists. 
DDIWAS: Drug-Drug-Interaction Wide Association Study; HCTZ: hydrochlorothiazide; ADR: 
adverse drug reaction; TP: True-positive. 
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Amlodipine DDIWAS 

The amlodipine experiment (Table 3) had 83,732 controls (+amlodipine-exposed, -amlodipine-

ADR) and 2,512 cases (+amlodipine-exposed, +amlodipine-ADR). Of the 335 potential 

precipitant drugs tested (Supplementary Figure 4B; Supplementary Table 1), 28 increased 

the risk of amlodipine-ADRs (passing Bonferroni correction [0.05/335 = 1.49x10-4] with OR > 1; 

Figure 2B). All associations remained significant after adjusting the regressions for potential 

precipitant drug indications (Supplementary Table 2). Twenty-four of the 28 drugs were known 

to interact with amlodipine, including prazosin, diltiazem, and verapamil. In DrugBank, there 

were four drugs not known to interact with amlodipine: levothyroxine, ezetimibe, omeprazole, 

and valacyclovir. 
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Table 3: Amlodipine Patient-Level Characteristics 

Characteristic 
Controls (n = 
83,732) 

Cases (n = 
2,512) 

P 

Female 0.54 (45,315) 0.65 (1,637) <0.001 

White 0.75 (63,144) 0.83 (2,083) <0.001 

Age, years 63 (53-72) 65 (55-73) <0.001 

Observation period length, days 287 (14-365) 206 (38-365) 0.91 

Unique drug exposures, count 12 (8-20) 13 (8-22) <0.001 

Phecodes 053.* (Herpes zoster) 2.93E-03 (245) 3.18E-03 (8) 0.81 

Phecodes 054.* (Herpes simplex) 1.97E-03 (165) 2.39E-03 (6) 0.64 

Phecodes 244.* (Hypothyroidism) 0.05 (4,558) 0.08 (201) <0.001 

Phecodes 250.* (Diabetes mellitus) 0.16 (13,144) 0.15 (365) 0.11 

Phecodes 272.* (Disorders of lipid metabolism) 0.21 (17,898) 0.37 (927) <0.001 

Phecodes 300.* (Anxiety, phobic and 
dissociative disorders) 

0.04 (3,325) 0.05 (114) 0.15 

Phecodes 401.* (Hypertensive disorder) 0.43 (36,059) 0.68 (1,702) <0.001 

Phecodes 411.* (Myocardial infarction) 0.14 (11,898) 0.15 (371) 0.43 

Phecodes 414.* (Other forms of chronic heart 
disease) 

0.02 (1,968) 0.02 (46) 0.09 

Phecodes 418.* (Chest pain) 0.11 (9,170) 0.14 (348) <0.001 

Phecodes 427.* (Cardiac dysrhythmias) 0.12 (10,096) 0.14 (355) 0.002 

Phecodes 428.* (Congestive heart failure) 0.06 (4,609) 0.05 (138) 0.98 
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Characteristic 
Controls (n = 
83,732) 

Cases (n = 
2,512) 

P 

Phecodes 530.* (Esophageal disorders) 0.08 (6,706) 0.09 (228) 0.053 

Phecodes 536.* (Disorders of function of 
stomach) 

0.01 (858) 0.01 (18) 0.13 

For continuous variables, numbers represent median (interquartile range). 
For dichotomous variables, numbers after proportions are counts. 
P values indicate differences between cases and controls. For continuous variables, P values 
were calculated using Mann-Whitney test. For dichotomous variables, P values were calculated 

using 𝜒2 test. P < .05 was considered statistically significant. 
For phecodes, * means ≥1 digits or a period (e.g., phecode 401.* = phecodes 401, 401.1, 401.2, 
401.21, 401.22, or 401.3). 
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To examine the potential novel DDIs between amlodipine and the four drugs, we manually 

reviewed clinical notes (Table 2). First, for levothyroxine, of the five available DDIWAS-labeled 

(+amlodipine-ADR, +levothyroxine-ADR) patients, two had both drugs listed on their allergy lists, 

one had only amlodipine listed, and two had neither drug listed. Of note, the two false-positive 

DDIWAS-labeled (+amlodipine-ADR, +levothyroxine-ADR) patients were taking both drugs 

during the observation period. Second, for ezetimibe, 90% (9/10) of DDIWAS-labeled 

(+amlodipine-ADR, +ezetimibe-ADR) patients had both drugs on their allergy lists. The single 

false-positive DDIWAS-labeled (+amlodipine-ADR, +ezetimibe-ADR) patient did not have either 

drug listed on their allergy list. Since ezetimibe is commonly used with statins to lower 

cholesterol, we then adjusted the ezetimibe regression for ADRs to common statins, simvastatin 

and atorvastatin; in this statin-ADRs adjusted regression, the association p-value for ezetimibe 

was no longer significant (p-value = 0.29; Supplementary Table 4) However, in this same 

adjusted ezetimibe regression, the association p-values for both statin-ADRs remained 

significant. Third, for omeprazole, all (10/10) DDIWAS-labeled (+amlodipine-ADR, +omeprazole-

ADR) patients had both drugs documented on their allergy lists. Fourth, for valacyclovir, 4/5 

DDIWAS-labeled (+amlodipine-ADR, +valacyclovir-ADR) patients had both drugs documented 

on their allergy lists. 

Replication sensitivity analysis 

To quantify the performance of DDIWAS to replicate known DDIs, we calculated the PPV for 

both simvastatin and amlodipine experiments at minimum patient count thresholds of 1, 5, 10, 

and 20 (Supplementary Table 3). In the simvastatin experiment, as thresholds increased, the 

PPV increased from 0.85 to 1.00, but the number of true-positive findings decreased from 

eleven to five potential precipitant drugs (Figure 2C). For amlodipine, as thresholds increased, 

the PPV increased from 0.86 to 1.00, but the number of true-positive findings decreased from 24 

to thirteen (Figure 2D). 

Discussion 

DDIWAS is a high-throughput method to identify potential DDIs by mining the EHR allergy list. 

We used the method to identify potential DDIs for simvastatin and amlodipine. DDIWAS 

replicated known DDIs with a PPV of 0.85 and 0.86 for simvastatin and amlodipine, respectively. 

For both drugs, DDIWAS also detected potentially novel DDIs that were validated with manual 
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review of patient clinical notes. Our validation studies support potentially novel interactions 

between simvastatin-HCTZ, amlodipine-omeprazole, and amlodipine-valacyclovir. 

Existing methods to mine EHR data have successfully replicated known DDIs,[12] but have 

limitations that prevent widespread adoption. First, the tools used to detect DDIs in EHRs are 

rarely publicly available. Second, even if they are available, these tools are often purpose-built 

advanced NLP or text annotation applications,[74] requiring users to perform substantial 

customization for use with external datasets.[123,124] In contrast, DDIWAS identifies DDI 

events using drug name recognition, a relatively simpler task than NLP-based detection of 

ADRs. Recognizing drug names is easier than detecting ADRs across health systems due to 

local documentation procedures that may lead to differences in how ADRs are represented in 

clinical narratives.[31,125] DDIWAS may be easier to implement in external databases, as it only 

searches for drug names in medication and allergy lists, EHR modules with smaller contextual 

variability than in clinical narratives. We anticipate that users will be able to apply DDIWAS to 

identify DDIs in their databases, without spending substantial time and resources to modify text 

annotation tools. 

To test our approach to identify DDIs, we wanted to see whether we could replicate drugs known 

to interact with the object drugs, simvastatin and amlodipine. We found that 85% (35/41) of the 

significantly associated drugs (Bonferroni p-value < 0.05 and OR > 1) were known to interact 

with the object drugs. In the simvastatin analysis, we tested eight drugs that were recommended 

for inclusion in all clinical decision support (CDS) DDI alert systems.[126] These drugs were 

amiodarone, clarithromycin, diltiazem, erythromycin, fluconazole, ketoconazole, nefazodone, 

verapamil. Among these drugs, none were found to be significantly associated with simvastatin-

ADRs. These “false-negative” findings could partially be attributed to intervention by the CDS 

alerts designed to reduce cases of clinically-significant DDIs.[127,128] Notably, drugs that were 

significantly associated with simvastatin-ADRs included niacin and warfarin. Although these 

drugs are known interact adversely with simvastatin, an expert committee recommended that 

alerts for these DDIs be deleted, because the therapeutic benefits of these drugs outweigh the 

risk of patient harm.[129] In this study’s amlodipine analysis, prazosin’s association had the 

largest effect size (Figure 2B; Supplementary Table 1). This finding is supported in the 

literature, as patients using both calcium-channel blockers (e.g., amlodipine) and alpha-1 

blockers (e.g., prazosin) have been found to be at increased risk of developing 

hypotension.[130,131] 
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In addition to replicating known DDIs, DDIWAS also identified potentially novel DDIs. Our results 

suggest a potential novel simvastatin-HCTZ DDI. Out of the thirteen drugs significantly 

associated with simvastatin-ADRs, HCTZ and triamterene did not have previously reported DDIs 

with simvastatin. When the triamterene regression was adjusted for HCTZ-ADRs, HCTZ’s 

association, but not triamterene’s, was still significant at a Bonferroni p-value <0.05 

(Supplementary Table 4). It has been shown that patients who concurrently used statins and 

HCTZ were at increased risk of adverse events, including chest pain, hyperglycemia, and 

muscle spasms.[76]. Additional evidence to support a simvastatin-HCTZ DDI can be found in 

DrugBank; rosuvastatin and pravastatin are predicted to decrease HCTZ excretion, suggesting a 

possible interaction between HCTZ and the statin drug class. Nonetheless, a biological 

mechanism to explain a simvastatin-HCTZ interaction remains to be explored. 

DDIWAS found potentially novel amlodipine-DDIs with valacyclovir and omeprazole. A previous 

study has shown that patients exposed concurrently to amlodipine and valacyclovir were at 

increased risk of developing adverse outcomes like acute kidney failure, dysarthria, and 

dizziness.[76] The same study found that patients using both amlodipine and omeprazole were 

more likely to experience chest pain and dyspnea.[76] A pharmacogenomic study found that 

CYP2C19 intermediate metabolizers were more prone to developing amlodipine-omeprazole 

DDIs.[132] When exposed to both amlodipine and omeprazole, these patients experienced 

higher than expected drops in blood pressure. The authors proposed a mechanism in which 

elevated levels of omeprazole inhibits CYP3A metabolism of amlodipine, leading to lower blood 

pressures. Overall, results from the amlodipine experiments corroborate DDIWAS as an 

effective tool to detect potentially novel DDIs using real-world evidence in EHR data. 

There are several limitations in this study. First, to detect DDIs, DDIWAS uses frequentist 

approaches assuming no prior information. If there is prior knowledge of a DDI, such as those 

derived from pharmacologic and/or pharmacokinetic studies, we can potentially improve 

DDIWAS using Bayesian approaches with prior probabilities determined from existing 

evidence[133,134]. Second, we only performed DDIWAS using a maximum observation window 

length of one year and did not examine other period lengths. Third, we assumed that a patient 

experienced an adverse outcome to a drug of interest if the drug was listed on the patient’s 

allergy list. Even if a healthcare provider intentionally added a drug to a patient’s allergy list, the 

patient still may not have truly experienced an ADR to the drug. Potential reasons for false-

positive cases include unverified patient-reported ADRs,[135,136] disease exacerbation 
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presenting like an ADR, and variability among healthcare providers’ abilities to identify the 

causal drug.[137] But, multiple studies have successfully used the allergy list to identify patients 

with ADRs.[138,139] Likewise, we found that the majority of the DDIWAS-labeled +drug-ADR 

patients reviewed truly had the drugs listed on their allergy lists (Table 2). The dependence on 

healthcare providers’ abilities to correctly identify causal drugs also increases the probability of 

false-negative DDIs. For example, DDIWAS did not detect a well-known interaction between 

simvastatin and amiodarone.[113] It would be interesting to see whether using drug exposures 

from the medication list increases the sensitivity of DDIWAS to identify potential DDIs without 

sacrificing PPV. Fourth, in its current form, DDIWAS does not systematically adjust for 

combination drugs, which can confound the interpretation of associations. In the simvastatin 

experiment, our stratified analysis found that the simvastatin-triamterene association was 

confounded by patients taking HCTZ/triamterene combination drugs (Table 2; Supplementary 

Table 4). Drugs frequently co-prescribed can also contribute to false-positive findings. We found 

that the amlodipine-ezetimibe association was most likely confounded by interactions between 

amlodipine and statin drugs. A module to automatically adjust associations for combination 

drugs and drugs often used together is an opportunity for future development. Fifth, to maximize 

the transportability of DDIWAS, we did not use ADR information that was present in some 

allergy list entries. Using ADR information represented as unstructured text would likely require 

NLP expertise, as providers may describe the same ADRs differently (e.g., myopathy could be 

described as “muscle cramp”, “myotoxicity” “muscle weakness”). Recently, Wang et 

al. developed a data-driven approach to help providers pick specific ADRs conditional on the 

drug selected in the allergy list.[114] Incorporating such approaches may increase the use of 

structured ADR entries, which could augment DDIWAS’ ability to detect potential DDIs. Sixth, 

like other retrospective observational studies, we do not claim that these associations were 

caused by DDIs. Like previous studies,[12] our goal was to show that DDIWAS can generate 

DDI hypotheses that will require validation by follow-up studies. Last, while we applied DDIWAS 

to data from only one institution, users at external institutions that also organize their EHR data 

with the Observational Health Data Sciences and Informatics (OHDSI)/Observational Medical 

Outcomes Partnership (OMOP) Common Data Model[11] can apply DDIWAS to their dataset 

after making minor changes to the code that we have shared publicly.[140] 

Conclusions 
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In summary, we developed and evaluated DDIWAS, a novel method that uses EHR allergy list 

entries to detect DDIs. DDIWAS replicated known DDIs and identified potentially novel DDIs. 

EHR-based methods like DDIWAS could complement existing tools to improve post-market 

surveillance of DDIs. 
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Supplementary Figure 1. Data processing and analysis overview. 

(A) We identified patients who had ≥1 outpatient exposures to the object drug. Cases were 
patients who had the object drug listed in their EHR allergy list (+object drug-ADR), whereas 
controls were patients who did not (-object drug-ADR). (B) For each patient, we defined an 
observation period with a maximum length of 12 months. (C) We obtained the potential 
precipitant drugs that were first documented on each patient’s allergy list during the defined 
observation period (+potential precipitant drug-ADR). The “object drug-ADR” column indicated 
whether each patient was case (= 1) or control (= 0). The “number of unique drug exposures” 
column indicated the number of unique drug ingredient(s) to which each patient was exposed 
during the observation period. We mapped the potential precipitant drugs from the allergy lists to 
RxCUIs using both brand and generic drug names, and then to their (D) RxCUI ingredient(s). (E) 
We removed patients who did not have ≥1 entries in their EHR allergy list during the observation 
period or were not between the 18-90 years at the start of the observation period. (F) We 
created a patient feature matrix with each row representing one patient and column representing 
a feature. For dichotomous features (sex, race, potential precipitant drug-ADRs, object drug-
ADR), a value of 1 in a cell indicated that the feature was present in the medical record for that 
patient. (G) We only tested potential precipitant drugs if there were ≥1 patients in each cell of 
their respective 2x2 contingency tables. (H) To identify drugs that increased the risk of 
developing object drug-ADRs, we performed logistic regression with the dependent dichotomous 
variable indicating whether each patient experienced an object drug-ADR. The independent 
dichotomous variable (𝑚𝑖) indicated whether a patient experienced ADR(s) to the potential 
precipitant drug being tested, adjusted for each patient’s age at the start of the observation 
period, sex, race, number of unique drug ingredient exposures, and length of the observation 
period. The output from each regression were association OR and p-value. We used 𝛽1 (beta-

coefficient for the potential precipitant drug tested) to calculate the OR, which represented the 
degree of association between object drug-ADRs and potential precipitant drug-ADRs. Drugs 
that increased the risk of developing object drug-ADR(s) had association OR > 1 and p-value 
passing Bonferroni correction. EHR: electronic health record; ADR: adverse drug reaction; 
RxCUI: RxNorm concept unique identifier; OR: odds ratio. 
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Supplementary Figure 2. Algorithm to calculate PPV for DDIWAS. 

(A) We used an automated approach to classify the potential precipitant drugs that were 
significantly associated with object drug-ADRs. For the calculation of PPV, we used MEDI[23] to 
exclude drugs that shared main indication(s) with the object drug (“Exclude” label). To identify 
true-positive findings (“True-positive” label), we used DrugBank[16] as our gold standard 
reference. True-positive findings were potential precipitant drugs with DrugBank descriptions 
that predicted increased risk of adverse effect(s) when combined with the object drug. In the 
amlodipine DDIWAS, for example, prazosin was a true-positive finding, because in DrugBank, 
the “risk or severity of hypotension can be increased when Prazosin is combined with 
Amlodipine”. We labeled potential precipitant drugs as false-positives (“False-positive” label) if 
they did not meet the criteria for true-positive findings. (B) A domain expert (S.N.) reviewed all 
labels and decided on the final classification for each drug. (C) We used the domain expert 
reviewed labels to calculate the PPV for each DDIWAS experiment. PPV: positive predictive 
value; DDIWAS: Drug-Drug Interaction Wide Association Study; MEDI: MEDication Indication 
resource; ADR: adverse drug reaction. 

 



43 

 

 

 

Supplementary Figure 3. Interpretation of DDIWAS results and 2x2 contingency 
table. 

(A) One row from the simvastatin DDIWAS results table (Supplementary Table 1). In this 
analysis, simvastatin was the object drug and gemfibrozil was the potential precipitant drug. 
Columns “coef”, “se”, “pval”, and “or” contain the regression beta-coefficients, standard errors, p-
values, and odds ratios, respectively for the potential precipitant drugs tested. Column 
“bonferroni” indicates whether the p-value for the potential precipitant drug tested passed 
Bonferroni correction. In this instance, documentation of gemfibrozil in the EHR allergy list 
increased a patients risk (OR > 1 and Bonferroni p-value < 0.05) of having simvastatin listed in 
their allergy list (i.e., patient potentially developed simvastatin-ADR). Column “label” indicates 
the final label for the object and potential precipitant drug pair after automated classification 
followed by domain expert review (Supplementary Figure 2). Columns “nA”, “nB”, “nC”, and 
“nD” correspond with the cells of (B) the 2x2 contingency table. The timelines illustrate the four 
DDIWAS-labeled types of patients in the 2x2 contingency table. Cell nA = number of patients 
who had both the object and potential precipitant drug listed on their allergy lists. Cell nB = 
number of patients who had the potential precipitant drug but not the object drug listed on their 
allergy lists. Cell nC = number of patients who had the object drug but not the potential 
precipitant drug listed on their allergy lists. Cell nD = number of patients who had neither drug 
listed on their allergy lists. DDIWAS: Drug-Drug Interaction Wide Association Study; ADR: 
adverse drug reaction; EHR: electronic health record; OR: odds ratio. 
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Supplementary Figure 4. Patient counts and number of unique potential 
precipitant drug ingredients. 

(A) Simvastatin and (B) amlodipine DDIWAS. DDIWAS: Drug-Drug Interaction Wide Association 
Study; EHR: electronic health record.
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Supplementary Table 1: Statistics for the primary simvastatin and amlodipine DDIWAS experiments. 

object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

simvastatin pitavastatin 5.69 0.92 
1.11E-
16 

297.29 1 10 1 2,804 85,872 88,687 Exclude 

simvastatin ezetimibe 5.28 0.16 
2.72E-
227 

196.13 1 257 45 2,557 85,828 88,687 Exclude 

simvastatin pravastatin 3.98 0.16 
4.74E-
142 

53.29 1 112 68 2,702 85,805 88,687 Exclude 

simvastatin colesevelam 3.82 0.43 
1.26E-
18 

45.47 1 12 10 2,802 85,863 88,687 Exclude 

simvastatin fluvastatin 3.61 0.36 
6.93E-
24 

37.09 1 17 15 2,797 85,858 88,687 Exclude 

simvastatin rosuvastatin 3.14 0.12 
3.20E-
143 

23.07 1 121 162 2,693 85,711 88,687 Exclude 

simvastatin atorvastatin 2.85 0.08 
1.43E-
299 

17.26 1 280 545 2,534 85,328 88,687 Exclude 

simvastatin fenofibrate 2.53 0.26 
5.80E-
22 

12.57 1 21 50 2,793 85,823 88,687 
True-
positive 

simvastatin lovastatin 2.51 0.21 
6.58E-
34 

12.26 1 34 81 2,780 85,792 88,687 Exclude 

simvastatin irbesartan 2.35 0.53 
8.88E-
06 

10.50 1 5 13 2,809 85,860 88,687 
True-
positive 

simvastatin gemfibrozil 1.98 0.32 
1.14E-
09 

7.21 1 12 49 2,802 85,824 88,687 
True-
positive 

simvastatin olmesartan 1.77 0.39 
7.05E-
06 

5.86 1 8 37 2,806 85,836 88,687 
True-
positive 

simvastatin risedronate 1.71 0.45 
1.42E-
04 

5.54 1 6 31 2,808 85,842 88,687 
True-
positive 

simvastatin triamterene 1.71 0.35 
8.87E-
07 

5.52 1 10 52 2,804 85,821 88,687 
False-
positive 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

simvastatin metoprolol 1.52 0.22 
2.50E-
12 

4.56 1 25 165 2,789 85,708 88,687 
True-
positive 

simvastatin niacin 1.36 0.16 
4.44E-
17 

3.90 1 44 349 2,770 85,524 88,687 
True-
positive 

simvastatin losartan 1.35 0.32 
3.00E-
05 

3.86 1 11 82 2,803 85,791 88,687 
True-
positive 

simvastatin hydrochlorothiazide 1.30 0.22 
2.63E-
09 

3.67 1 24 192 2,790 85,681 88,687 
False-
positive 

simvastatin alendronate 1.26 0.31 
4.63E-
05 

3.53 1 12 93 2,802 85,780 88,687 
True-
positive 

simvastatin amlodipine 0.94 0.21 
5.37E-
06 

2.56 1 26 285 2,788 85,588 88,687 
True-
positive 

simvastatin lisinopril 0.66 0.14 
2.21E-
06 

1.93 1 57 853 2,757 85,020 88,687 
True-
positive 

simvastatin acetaminophen -0.96 0.21 
3.67E-
06 

0.38 1 24 1,800 2,790 84,073 88,687 NA 

simvastatin morphine -1.42 0.23 
8.71E-
10 

0.24 1 19 2,278 2,795 83,595 88,687 NA 

simvastatin codeine -1.43 0.15 
2.35E-
21 

0.24 1 45 5,387 2,769 80,486 88,687 NA 

simvastatin meperidine -1.56 0.36 
1.19E-
05 

0.21 1 8 1,103 2,806 84,770 88,687 NA 

simvastatin indapamide 4.10 1.20 
3.45E-
04 

60.17 0 2 1 2,812 85,872 88,687 NA 

simvastatin cholestyramine resin 3.67 1.42 
8.19E-
03 

39.21 0 1 1 2,813 85,872 88,687 NA 

simvastatin mexiletine 3.58 1.19 
1.26E-
03 

35.91 0 2 1 2,812 85,872 88,687 NA 

simvastatin lactate 3.29 1.43 
1.55E-
02 

26.94 0 1 1 2,813 85,872 88,687 NA 

simvastatin glucosamine 3.28 0.91 
1.40E-
03 

26.54 0 2 3 2,812 85,870 88,687 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

simvastatin rotigotine 3.27 1.42 
1.55E-
02 

26.38 0 1 1 2,813 85,872 88,687 NA 

simvastatin urokinase 3.26 1.42 
1.61E-
02 

26.17 0 1 1 2,813 85,872 88,687 NA 

simvastatin galantamine 3.20 1.41 
1.73E-
02 

24.45 0 1 1 2,813 85,872 88,687 NA 

simvastatin fluvoxamine 3.14 1.42 
1.89E-
02 

23.07 0 1 1 2,813 85,872 88,687 NA 

simvastatin water 2.93 1.20 
2.19E-
02 

18.78 0 1 2 2,813 85,871 88,687 NA 

simvastatin denosumab 2.92 1.20 
2.25E-
02 

18.60 0 1 2 2,813 85,871 88,687 NA 

simvastatin moexipril 2.87 1.10 
2.19E-
02 

17.71 0 1 3 2,813 85,870 88,687 NA 

simvastatin estradiol 2.86 0.70 
5.43E-
04 

17.53 0 3 6 2,811 85,867 88,687 NA 

simvastatin colestipol 2.86 0.73 
6.38E-
04 

17.49 0 3 5 2,811 85,868 88,687 NA 

simvastatin apixaban 2.85 1.19 
2.44E-
02 

17.35 0 1 2 2,813 85,871 88,687 NA 

simvastatin pentosan polysulfate 2.77 1.20 
2.81E-
02 

15.98 0 1 2 2,813 85,871 88,687 NA 

simvastatin tapentadol 2.71 1.09 
2.77E-
02 

15.10 0 1 3 2,813 85,870 88,687 NA 

simvastatin botulinum toxin type a 2.60 1.09 
3.30E-
02 

13.50 0 1 3 2,813 85,870 88,687 NA 

simvastatin loperamide 2.55 1.12 
3.75E-
02 

12.86 0 1 3 2,813 85,870 88,687 NA 

simvastatin miconazole 2.50 1.10 
3.92E-
02 

12.18 0 1 3 2,813 85,870 88,687 NA 

simvastatin meclofenamate 2.46 1.10 
4.19E-
02 

11.69 0 1 3 2,813 85,870 88,687 NA 
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coef se pval or bonf nA nB nC nD total label 

simvastatin darifenacin 2.43 1.11 
4.47E-
02 

11.32 0 1 3 2,813 85,870 88,687 NA 

simvastatin clorazepate 2.42 1.04 
4.17E-
02 

11.27 0 1 4 2,813 85,869 88,687 NA 

simvastatin medroxyprogesterone 2.41 1.04 
4.27E-
02 

11.14 0 1 4 2,813 85,869 88,687 NA 

simvastatin telmisartan 2.39 0.68 
2.51E-
03 

10.95 0 3 8 2,811 85,865 88,687 NA 

simvastatin 
regular insulin, 
human 

2.35 0.83 
1.17E-
02 

10.45 0 2 5 2,812 85,868 88,687 NA 

simvastatin insulin, isophane 2.35 0.83 
1.17E-
02 

10.45 0 2 5 2,812 85,868 88,687 NA 

simvastatin guanfacine 2.33 1.05 
4.89E-
02 

10.30 0 1 4 2,813 85,869 88,687 NA 

simvastatin tegaserod 2.21 1.04 
5.82E-
02 

9.11 0 1 4 2,813 85,869 88,687 NA 

simvastatin rabeprazole 2.09 0.74 
1.78E-
02 

8.07 0 2 10 2,812 85,863 88,687 NA 

simvastatin teriparatide 2.08 1.02 
7.10E-
02 

7.97 0 1 5 2,813 85,868 88,687 NA 

simvastatin nisoldipine 2.02 1.00 
7.53E-
02 

7.53 0 1 5 2,813 85,868 88,687 NA 

simvastatin trandolapril 2.01 0.98 
7.51E-
02 

7.45 0 1 6 2,813 85,867 88,687 NA 

simvastatin bisoprolol 2.00 0.98 
7.59E-
02 

7.40 0 1 6 2,813 85,867 88,687 NA 

simvastatin torsemide 2.00 0.75 
2.32E-
02 

7.37 0 2 9 2,812 85,864 88,687 NA 

simvastatin insulin detemir 1.98 0.74 
2.37E-
02 

7.22 0 2 10 2,812 85,863 88,687 NA 

simvastatin choline 1.92 0.98 
8.70E-
02 

6.80 0 1 6 2,813 85,867 88,687 NA 
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simvastatin candesartan 1.89 0.75 
3.02E-
02 

6.63 0 2 10 2,812 85,863 88,687 NA 

simvastatin azelastine 1.88 0.74 
2.92E-
02 

6.56 0 2 10 2,812 85,863 88,687 NA 

simvastatin fosinopril 1.83 0.61 
1.14E-
02 

6.20 0 3 16 2,811 85,857 88,687 NA 

simvastatin 
insulin, aspart, 
human 

1.79 1.03 
1.12E-
01 

5.99 0 1 5 2,813 85,868 88,687 NA 

simvastatin chlorthalidone 1.79 0.97 
1.04E-
01 

5.97 0 1 6 2,813 85,867 88,687 NA 

simvastatin cyproheptadine 1.77 0.95 
1.05E-
01 

5.90 0 1 7 2,813 85,866 88,687 NA 

simvastatin phenyl salicylate 1.77 0.96 
1.06E-
01 

5.87 0 1 7 2,813 85,866 88,687 NA 

simvastatin methylene blue 1.77 0.96 
1.06E-
01 

5.87 0 1 7 2,813 85,866 88,687 NA 

simvastatin methenamine 1.77 0.96 
1.06E-
01 

5.87 0 1 7 2,813 85,866 88,687 NA 

simvastatin finasteride 1.74 0.92 
1.08E-
01 

5.69 0 1 9 2,813 85,864 88,687 NA 

simvastatin glyburide 1.74 0.53 
5.97E-
03 

5.67 0 4 21 2,810 85,852 88,687 NA 

simvastatin pramipexole 1.73 0.61 
1.59E-
02 

5.62 0 3 16 2,811 85,857 88,687 NA 

simvastatin benzoate 1.72 0.96 
1.14E-
01 

5.57 0 1 7 2,813 85,866 88,687 NA 

simvastatin bumetanide 1.69 0.99 
1.24E-
01 

5.40 0 1 6 2,813 85,867 88,687 NA 

simvastatin benzocaine 1.68 0.93 
1.19E-
01 

5.35 0 1 9 2,813 85,864 88,687 NA 

simvastatin benzonatate 1.67 0.72 
4.54E-
02 

5.33 0 2 13 2,812 85,860 88,687 NA 
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simvastatin testosterone 1.66 0.73 
4.89E-
02 

5.25 0 2 12 2,812 85,861 88,687 NA 

simvastatin solifenacin 1.65 0.94 
1.25E-
01 

5.21 0 1 8 2,813 85,865 88,687 NA 

simvastatin liraglutide 1.65 0.95 
1.27E-
01 

5.18 0 1 7 2,813 85,866 88,687 NA 

simvastatin tadalafil 1.63 0.94 
1.28E-
01 

5.12 0 1 8 2,813 85,865 88,687 NA 

simvastatin adalimumab 1.63 0.97 
1.32E-
01 

5.10 0 1 6 2,813 85,867 88,687 NA 

simvastatin sildenafil 1.63 1.01 
1.42E-
01 

5.09 0 1 6 2,813 85,867 88,687 NA 

simvastatin nefazodone 1.62 0.92 
1.28E-
01 

5.07 0 1 10 2,813 85,863 88,687 NA 

simvastatin levalbuterol 1.60 0.96 
1.38E-
01 

4.94 0 1 7 2,813 85,866 88,687 NA 

simvastatin salsalate 1.59 0.93 
1.36E-
01 

4.89 0 1 9 2,813 85,864 88,687 NA 

simvastatin formaldehyde 1.58 0.92 
1.36E-
01 

4.87 0 1 10 2,813 85,863 88,687 NA 

simvastatin cerivastatin 1.56 0.92 
1.41E-
01 

4.76 0 1 10 2,813 85,863 88,687 NA 

simvastatin 
polyethylene glycol 
3350 

1.54 0.94 
1.47E-
01 

4.67 0 1 8 2,813 85,865 88,687 NA 

simvastatin ketoconazole 1.52 0.94 
1.52E-
01 

4.55 0 1 8 2,813 85,865 88,687 NA 

simvastatin glipizide 1.51 0.71 
6.51E-
02 

4.54 0 2 14 2,812 85,859 88,687 NA 

simvastatin cetirizine 1.43 0.51 
1.73E-
02 

4.18 0 4 32 2,810 85,841 88,687 NA 

simvastatin exenatide 1.38 0.44 
1.83E-
03 

3.98 0 6 38 2,808 85,835 88,687 NA 
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simvastatin dexlansoprazole 1.38 0.92 
1.83E-
01 

3.97 0 1 10 2,813 85,863 88,687 NA 

simvastatin diflunisal 1.37 0.92 
1.85E-
01 

3.95 0 1 10 2,813 85,863 88,687 NA 

simvastatin mupirocin 1.37 0.92 
1.87E-
01 

3.93 0 1 10 2,813 85,863 88,687 NA 

simvastatin brompheniramine 1.36 0.93 
1.88E-
01 

3.91 0 1 9 2,813 85,864 88,687 NA 

simvastatin ipratropium 1.36 0.70 
8.95E-
02 

3.90 0 2 17 2,812 85,856 88,687 NA 

simvastatin isosorbide 1.34 0.41 
9.67E-
04 

3.81 0 7 51 2,807 85,822 88,687 NA 

simvastatin doxepin 1.34 0.90 
1.93E-
01 

3.80 0 1 13 2,813 85,860 88,687 NA 

simvastatin atenolol 1.32 0.36 
2.12E-
04 

3.73 0 9 72 2,805 85,801 88,687 NA 

simvastatin nebivolol 1.31 0.91 
2.02E-
01 

3.71 0 1 10 2,813 85,863 88,687 NA 

simvastatin butalbital 1.29 0.91 
2.06E-
01 

3.64 0 1 11 2,813 85,862 88,687 NA 

simvastatin ticlopidine 1.28 0.51 
2.92E-
02 

3.60 0 4 38 2,810 85,835 88,687 NA 

simvastatin oxybutynin 1.28 0.69 
1.06E-
01 

3.59 0 2 20 2,812 85,853 88,687 NA 

simvastatin omeprazole 1.26 0.43 
3.70E-
03 

3.53 0 6 51 2,808 85,822 88,687 NA 

simvastatin flecainide 1.26 0.93 
2.22E-
01 

3.52 0 1 9 2,813 85,864 88,687 NA 

simvastatin sitagliptin 1.25 0.58 
6.14E-
02 

3.48 0 3 27 2,811 85,846 88,687 NA 

simvastatin spironolactone 1.24 0.38 
1.03E-
03 

3.45 0 8 64 2,806 85,809 88,687 NA 
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simvastatin colchicine 1.24 0.70 
1.18E-
01 

3.45 0 2 18 2,812 85,855 88,687 NA 

simvastatin methyldopa 1.24 0.91 
2.25E-
01 

3.44 0 1 11 2,813 85,862 88,687 NA 

simvastatin dronedarone 1.22 0.90 
2.28E-
01 

3.38 0 1 12 2,813 85,861 88,687 NA 

simvastatin esomeprazole 1.18 0.50 
4.18E-
02 

3.25 0 4 44 2,810 85,829 88,687 NA 

simvastatin sotalol 1.17 0.58 
7.62E-
02 

3.23 0 3 26 2,811 85,847 88,687 NA 

simvastatin montelukast 1.13 0.57 
8.33E-
02 

3.10 0 3 33 2,811 85,840 88,687 NA 

simvastatin meclizine 1.10 0.68 
1.52E-
01 

3.01 0 2 23 2,812 85,850 88,687 NA 

simvastatin clonidine 1.10 0.35 
1.87E-
03 

3.00 0 9 82 2,805 85,791 88,687 NA 

simvastatin cimetidine 1.09 0.57 
9.23E-
02 

2.98 0 3 35 2,811 85,838 88,687 NA 

simvastatin tolmetin 1.09 0.57 
9.22E-
02 

2.98 0 3 37 2,811 85,836 88,687 NA 

simvastatin glimepiride 1.09 0.88 
2.72E-
01 

2.96 0 1 16 2,813 85,857 88,687 NA 

simvastatin minocycline 1.08 0.57 
9.44E-
02 

2.96 0 3 34 2,811 85,839 88,687 NA 

simvastatin benazepril 1.08 0.37 
3.61E-
03 

2.95 0 8 82 2,806 85,791 88,687 NA 

simvastatin verapamil 1.07 0.43 
1.28E-
02 

2.92 0 6 60 2,808 85,813 88,687 NA 

simvastatin sertraline 1.05 0.35 
2.96E-
03 

2.84 0 9 92 2,805 85,781 88,687 NA 

simvastatin doxazosin 1.03 0.68 
1.75E-
01 

2.81 0 2 26 2,812 85,847 88,687 NA 
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simvastatin minoxidil 1.03 0.68 
1.78E-
01 

2.79 0 2 26 2,812 85,847 88,687 NA 

simvastatin triamcinolone 1.02 0.67 
1.80E-
01 

2.76 0 2 27 2,812 85,846 88,687 NA 

simvastatin pantoprazole 1.00 0.57 
1.20E-
01 

2.71 0 3 33 2,811 85,840 88,687 NA 

simvastatin fenoprofen 1.00 0.89 
3.08E-
01 

2.71 0 1 15 2,813 85,858 88,687 NA 

simvastatin mometasone 1.00 0.88 
3.08E-
01 

2.70 0 1 16 2,813 85,857 88,687 NA 

simvastatin ergotamine 0.99 0.88 
3.09E-
01 

2.70 0 1 16 2,813 85,857 88,687 NA 

simvastatin insulin glargine 0.96 0.90 
3.26E-
01 

2.62 0 1 12 2,813 85,861 88,687 NA 

simvastatin digoxin 0.96 0.68 
2.03E-
01 

2.61 0 2 27 2,812 85,846 88,687 NA 

simvastatin sulindac 0.96 0.68 
2.03E-
01 

2.61 0 2 26 2,812 85,847 88,687 NA 

simvastatin ranolazine 0.95 0.88 
3.30E-
01 

2.57 0 1 16 2,813 85,857 88,687 NA 

simvastatin propranolol 0.93 0.67 
2.15E-
01 

2.53 0 2 31 2,812 85,842 88,687 NA 

simvastatin allopurinol 0.92 0.43 
3.21E-
02 

2.51 0 6 66 2,808 85,807 88,687 NA 

simvastatin amitriptyline 0.91 0.35 
8.86E-
03 

2.50 0 9 103 2,805 85,770 88,687 NA 

simvastatin fluconazole 0.89 0.57 
1.58E-
01 

2.44 0 3 38 2,811 85,835 88,687 NA 

simvastatin valdecoxib 0.89 0.57 
1.58E-
01 

2.43 0 3 40 2,811 85,833 88,687 NA 

simvastatin enalapril 0.88 0.40 
2.58E-
02 

2.41 0 7 82 2,807 85,791 88,687 NA 
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simvastatin rosiglitazone 0.88 0.57 
1.62E-
01 

2.41 0 3 41 2,811 85,832 88,687 NA 

simvastatin donepezil 0.86 0.57 
1.70E-
01 

2.37 0 3 41 2,811 85,832 88,687 NA 

simvastatin famotidine 0.85 0.88 
3.73E-
01 

2.35 0 1 16 2,813 85,857 88,687 NA 

simvastatin linezolid 0.85 0.88 
3.75E-
01 

2.34 0 1 18 2,813 85,855 88,687 NA 

simvastatin rifampin 0.85 0.68 
2.56E-
01 

2.34 0 2 24 2,812 85,849 88,687 NA 

simvastatin metformin 0.83 0.23 
3.75E-
04 

2.30 0 20 245 2,794 85,628 88,687 NA 

simvastatin escitalopram 0.83 0.49 
1.32E-
01 

2.29 0 4 60 2,810 85,813 88,687 NA 

simvastatin triprolidine 0.83 0.88 
3.86E-
01 

2.29 0 1 18 2,813 85,855 88,687 NA 

simvastatin propafenone 0.82 0.87 
3.89E-
01 

2.27 0 1 18 2,813 85,855 88,687 NA 

simvastatin procaine 0.81 0.67 
2.71E-
01 

2.25 0 2 31 2,812 85,842 88,687 NA 

simvastatin ropinirole 0.80 0.67 
2.77E-
01 

2.23 0 2 27 2,812 85,846 88,687 NA 

simvastatin terfenadine 0.79 0.87 
4.04E-
01 

2.20 0 1 20 2,813 85,853 88,687 NA 

simvastatin quinapril 0.76 0.46 
1.03E-
01 

2.13 0 5 69 2,809 85,804 88,687 NA 

simvastatin terazosin 0.75 0.86 
4.21E-
01 

2.13 0 1 23 2,813 85,850 88,687 NA 

simvastatin diclofenac 0.75 0.43 
7.71E-
02 

2.12 0 6 79 2,808 85,794 88,687 NA 

simvastatin quetiapine 0.72 0.67 
3.19E-
01 

2.06 0 2 34 2,812 85,839 88,687 NA 
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simvastatin albuterol 0.71 0.49 
1.86E-
01 

2.04 0 4 64 2,810 85,809 88,687 NA 

simvastatin chlorpheniramine 0.71 0.87 
4.48E-
01 

2.03 0 1 21 2,813 85,852 88,687 NA 

simvastatin cefadroxil 0.70 0.87 
4.51E-
01 

2.02 0 1 21 2,813 85,852 88,687 NA 

simvastatin diltiazem 0.70 0.35 
4.38E-
02 

2.01 0 9 126 2,805 85,747 88,687 NA 

simvastatin clopidogrel 0.68 0.27 
1.11E-
02 

1.98 0 15 221 2,799 85,652 88,687 NA 

simvastatin 
estrogens, 
conjugated (usp) 

0.67 0.86 
4.70E-
01 

1.96 0 1 22 2,813 85,851 88,687 NA 

simvastatin fluticasone 0.67 0.46 
1.51E-
01 

1.95 0 5 70 2,809 85,803 88,687 NA 

simvastatin thimerosal 0.66 0.87 
4.76E-
01 

1.94 0 1 21 2,813 85,852 88,687 NA 

simvastatin sulfasalazine 0.65 0.87 
4.83E-
01 

1.92 0 1 20 2,813 85,853 88,687 NA 

simvastatin alprazolam 0.64 0.66 
3.75E-
01 

1.89 0 2 40 2,812 85,833 88,687 NA 

simvastatin ibandronate 0.63 0.87 
4.95E-
01 

1.88 0 1 20 2,813 85,853 88,687 NA 

simvastatin budesonide 0.63 0.87 
4.95E-
01 

1.88 0 1 21 2,813 85,852 88,687 NA 

simvastatin lansoprazole 0.62 0.66 
3.83E-
01 

1.86 0 2 39 2,812 85,834 88,687 NA 

simvastatin paroxetine 0.61 0.49 
2.51E-
01 

1.84 0 4 68 2,810 85,805 88,687 NA 

simvastatin fexofenadine 0.61 0.56 
3.14E-
01 

1.83 0 3 55 2,811 85,818 88,687 NA 

simvastatin levothyroxine 0.59 0.86 
5.23E-
01 

1.80 0 1 25 2,813 85,848 88,687 NA 
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simvastatin citalopram 0.58 0.49 
2.70E-
01 

1.79 0 4 71 2,810 85,802 88,687 NA 

simvastatin cyclosporine 0.58 0.88 
5.32E-
01 

1.79 0 1 19 2,813 85,854 88,687 NA 

simvastatin pioglitazone 0.54 0.49 
3.05E-
01 

1.72 0 4 71 2,810 85,802 88,687 NA 

simvastatin oxcarbazepine 0.52 0.87 
5.69E-
01 

1.68 0 1 21 2,813 85,852 88,687 NA 

simvastatin piroxicam 0.52 0.66 
4.62E-
01 

1.68 0 2 44 2,812 85,829 88,687 NA 

simvastatin epinephrine 0.50 0.49 
3.34E-
01 

1.66 0 4 82 2,810 85,791 88,687 NA 

simvastatin atropine 0.48 0.66 
4.88E-
01 

1.62 0 2 44 2,812 85,829 88,687 NA 

simvastatin captopril 0.47 0.86 
6.01E-
01 

1.60 0 1 25 2,813 85,848 88,687 NA 

simvastatin tizanidine 0.47 0.86 
6.01E-
01 

1.60 0 1 27 2,813 85,846 88,687 NA 

simvastatin azathioprine 0.47 0.86 
6.04E-
01 

1.59 0 1 26 2,813 85,847 88,687 NA 

simvastatin carvedilol 0.46 0.56 
4.33E-
01 

1.59 0 3 61 2,811 85,812 88,687 NA 

simvastatin buspirone 0.45 0.85 
6.18E-
01 

1.56 0 1 29 2,813 85,844 88,687 NA 

simvastatin clonazepam 0.40 0.86 
6.57E-
01 

1.48 0 1 28 2,813 85,845 88,687 NA 

simvastatin hydralazine 0.39 0.66 
5.69E-
01 

1.48 0 2 51 2,812 85,822 88,687 NA 

simvastatin nortriptyline 0.39 0.86 
6.64E-
01 

1.47 0 1 28 2,813 85,845 88,687 NA 

simvastatin lorazepam 0.34 0.46 
4.62E-
01 

1.40 0 5 101 2,809 85,772 88,687 NA 
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simvastatin ramipril 0.32 0.39 
4.16E-
01 

1.37 0 7 152 2,807 85,721 88,687 NA 

simvastatin gabapentin 0.30 0.30 
3.18E-
01 

1.34 0 12 253 2,802 85,620 88,687 NA 

simvastatin dipyridamole 0.29 0.85 
7.37E-
01 

1.34 0 1 35 2,813 85,838 88,687 NA 

simvastatin ceftriaxone 0.27 0.49 
5.90E-
01 

1.31 0 4 96 2,810 85,777 88,687 NA 

simvastatin loratadine 0.25 0.65 
7.13E-
01 

1.28 0 2 56 2,812 85,817 88,687 NA 

simvastatin potassium 0.24 0.85 
7.85E-
01 

1.27 0 1 36 2,813 85,837 88,687 NA 

simvastatin salmeterol 0.21 0.65 
7.56E-
01 

1.23 0 2 53 2,812 85,820 88,687 NA 

simvastatin valsartan 0.19 0.55 
7.39E-
01 

1.21 0 3 84 2,811 85,789 88,687 NA 

simvastatin warfarin 0.16 0.55 
7.74E-
01 

1.17 0 3 87 2,811 85,786 88,687 NA 

simvastatin bupropion 0.16 0.42 
7.04E-
01 

1.17 0 6 153 2,808 85,720 88,687 NA 

simvastatin gentamicin 0.16 0.85 
8.55E-
01 

1.17 0 1 36 2,813 85,837 88,687 NA 

simvastatin trazodone 0.15 0.65 
8.17E-
01 

1.17 0 2 59 2,812 85,814 88,687 NA 

simvastatin doxycycline 0.15 0.30 
6.14E-
01 

1.16 0 12 296 2,802 85,577 88,687 NA 

simvastatin tamsulosin 0.14 0.84 
8.65E-
01 

1.16 0 1 45 2,813 85,828 88,687 NA 

simvastatin etodolac 0.14 0.65 
8.29E-
01 

1.15 0 2 65 2,812 85,808 88,687 NA 

simvastatin chlorpromazine 0.10 0.84 
9.06E-
01 

1.10 0 1 39 2,813 85,834 88,687 NA 
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simvastatin venlafaxine 0.10 0.65 
8.80E-
01 

1.10 0 2 65 2,812 85,808 88,687 NA 

simvastatin caffeine 0.09 0.65 
8.88E-
01 

1.10 0 2 68 2,812 85,805 88,687 NA 

simvastatin mirtazapine 0.07 0.85 
9.32E-
01 

1.08 0 1 36 2,813 85,837 88,687 NA 

simvastatin gatifloxacin 0.07 0.84 
9.33E-
01 

1.07 0 1 39 2,813 85,834 88,687 NA 

simvastatin phenazopyridine 0.07 0.85 
9.36E-
01 

1.07 0 1 38 2,813 85,835 88,687 NA 

simvastatin oxytetracycline 0.06 0.84 
9.43E-
01 

1.06 0 1 40 2,813 85,833 88,687 NA 

simvastatin furosemide 0.05 0.66 
9.35E-
01 

1.05 0 2 58 2,812 85,815 88,687 NA 

simvastatin nifedipine 0.05 0.46 
9.18E-
01 

1.05 0 5 134 2,809 85,739 88,687 NA 

simvastatin timolol 0.04 0.84 
9.61E-
01 

1.04 0 1 42 2,813 85,831 88,687 NA 

simvastatin amiodarone 0.02 0.55 
9.71E-
01 

1.02 0 3 89 2,811 85,784 88,687 NA 

simvastatin duloxetine 0.01 0.55 
9.79E-
01 

1.01 0 3 100 2,811 85,773 88,687 NA 

simvastatin hydroxyzine 0.01 0.65 
9.83E-
01 

1.01 0 2 70 2,812 85,803 88,687 NA 

simvastatin dexamethasone 0.01 0.84 
9.91E-
01 

1.01 0 1 41 2,813 85,832 88,687 NA 

simvastatin topiramate -0.01 0.65 
9.92E-
01 

0.99 0 2 76 2,812 85,797 88,687 NA 

simvastatin phenobarbital -0.02 0.65 
9.71E-
01 

0.98 0 2 77 2,812 85,796 88,687 NA 

simvastatin pregabalin -0.03 0.36 
9.40E-
01 

0.97 0 8 232 2,806 85,641 88,687 NA 



59 

 

 

object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

simvastatin ranitidine -0.08 0.84 
9.23E-
01 

0.92 0 1 49 2,813 85,824 88,687 NA 

simvastatin cyclobenzaprine -0.13 0.55 
8.12E-
01 

0.88 0 3 114 2,811 85,759 88,687 NA 

simvastatin meloxicam -0.21 0.54 
6.82E-
01 

0.81 0 3 127 2,811 85,746 88,687 NA 

simvastatin varenicline -0.23 0.84 
7.78E-
01 

0.80 0 1 52 2,813 85,821 88,687 NA 

simvastatin lidocaine -0.24 0.65 
6.97E-
01 

0.79 0 2 94 2,812 85,779 88,687 NA 

simvastatin zolpidem -0.25 0.45 
5.88E-
01 

0.78 0 5 176 2,809 85,697 88,687 NA 

simvastatin hydroxychloroquine -0.26 0.84 
7.41E-
01 

0.77 0 1 50 2,813 85,823 88,687 NA 

simvastatin celecoxib -0.29 0.36 
4.16E-
01 

0.75 0 8 319 2,806 85,554 88,687 NA 

simvastatin bacitracin -0.31 0.84 
6.98E-
01 

0.74 0 1 57 2,813 85,816 88,687 NA 

simvastatin heparin -0.32 0.55 
5.31E-
01 

0.72 0 3 137 2,811 85,736 88,687 NA 

simvastatin azithromycin -0.34 0.41 
4.16E-
01 

0.71 0 6 243 2,808 85,630 88,687 NA 

simvastatin ampicillin -0.34 0.48 
4.49E-
01 

0.71 0 4 189 2,810 85,684 88,687 NA 

simvastatin rofecoxib -0.34 0.48 
4.49E-
01 

0.71 0 4 184 2,810 85,689 88,687 NA 

simvastatin levofloxacin -0.36 0.23 
1.24E-
01 

0.70 0 19 768 2,795 85,105 88,687 NA 

simvastatin moxifloxacin -0.36 0.54 
4.78E-
01 

0.70 0 3 144 2,811 85,729 88,687 NA 

simvastatin neomycin -0.37 0.83 
6.38E-
01 

0.69 0 1 64 2,813 85,809 88,687 NA 
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simvastatin fluoxetine -0.37 0.83 
6.31E-
01 

0.69 0 1 64 2,813 85,809 88,687 NA 

simvastatin tramadol -0.40 0.34 
2.35E-
01 

0.67 0 9 395 2,805 85,478 88,687 NA 

simvastatin pentazocine -0.40 0.48 
3.66E-
01 

0.67 0 4 194 2,810 85,679 88,687 NA 

simvastatin clindamycin -0.43 0.45 
3.41E-
01 

0.65 0 5 223 2,809 85,650 88,687 NA 

simvastatin guaifenesin -0.44 0.83 
5.63E-
01 

0.64 0 1 69 2,813 85,804 88,687 NA 

simvastatin fentanyl -0.44 0.65 
4.57E-
01 

0.64 0 2 101 2,812 85,772 88,687 NA 

simvastatin clarithromycin -0.46 0.41 
2.67E-
01 

0.63 0 6 269 2,808 85,604 88,687 NA 

simvastatin prochlorperazine -0.49 0.48 
2.71E-
01 

0.61 0 4 207 2,810 85,666 88,687 NA 

simvastatin pseudoephedrine -0.53 0.64 
3.69E-
01 

0.59 0 2 131 2,812 85,742 88,687 NA 

simvastatin oxycodone -0.53 0.22 
1.72E-
02 

0.59 0 21 1,028 2,793 84,845 88,687 NA 

simvastatin metronidazole -0.58 0.54 
2.34E-
01 

0.56 0 3 187 2,811 85,686 88,687 NA 

simvastatin ciprofloxacin -0.60 0.27 
2.66E-
02 

0.55 0 14 747 2,800 85,126 88,687 NA 

simvastatin nalbuphine -0.61 0.83 
4.12E-
01 

0.54 0 1 81 2,813 85,792 88,687 NA 

simvastatin hydrocodone -0.61 0.20 
2.07E-
03 

0.54 0 26 1,375 2,788 84,498 88,687 NA 

simvastatin ondansetron -0.62 0.83 
4.08E-
01 

0.54 0 1 69 2,813 85,804 88,687 NA 

simvastatin quinine -0.62 0.64 
2.83E-
01 

0.54 0 2 137 2,812 85,736 88,687 NA 
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simvastatin aspirin -0.62 0.23 
6.04E-
03 

0.54 0 20 1,137 2,794 84,736 88,687 NA 

simvastatin sulfamethoxazole -0.66 0.27 
1.44E-
02 

0.52 0 14 788 2,800 85,085 88,687 NA 

simvastatin erythromycin -0.70 0.26 
7.60E-
03 

0.50 0 15 866 2,799 85,007 88,687 NA 

simvastatin clavulanate -0.74 0.38 
5.34E-
02 

0.48 0 7 424 2,807 85,449 88,687 NA 

simvastatin trimethoprim -0.76 0.28 
6.72E-
03 

0.47 0 13 803 2,801 85,070 88,687 NA 

simvastatin nitrofurantoin -0.76 0.45 
9.23E-
02 

0.47 0 5 298 2,809 85,575 88,687 NA 

simvastatin amoxicillin -0.78 0.27 
4.13E-
03 

0.46 0 14 907 2,800 84,966 88,687 NA 

simvastatin ketorolac -0.79 0.54 
9.40E-
02 

0.45 0 3 224 2,811 85,649 88,687 NA 

simvastatin tetracycline -0.80 0.38 
3.72E-
02 

0.45 0 7 458 2,807 85,415 88,687 NA 

simvastatin indomethacin -0.80 0.83 
2.65E-
01 

0.45 0 1 98 2,813 85,775 88,687 NA 

simvastatin carbamazepine -0.80 0.83 
2.66E-
01 

0.45 0 1 93 2,813 85,780 88,687 NA 

simvastatin ibuprofen -0.82 0.34 
1.43E-
02 

0.44 0 9 621 2,805 85,252 88,687 NA 

simvastatin cefuroxime -0.86 0.83 
2.24E-
01 

0.42 0 1 102 2,813 85,771 88,687 NA 

simvastatin naproxen -0.94 0.41 
2.30E-
02 

0.39 0 6 456 2,808 85,417 88,687 NA 

simvastatin iodine -0.94 0.36 
8.57E-
03 

0.39 0 8 622 2,806 85,251 88,687 NA 

simvastatin hydromorphone -0.95 0.45 
3.50E-
02 

0.39 0 5 340 2,809 85,533 88,687 NA 
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simvastatin prednisone -0.96 0.54 
3.61E-
02 

0.38 0 3 266 2,811 85,607 88,687 NA 

simvastatin diazepam -0.97 0.64 
7.33E-
02 

0.38 0 2 187 2,812 85,686 88,687 NA 

simvastatin cephalexin -1.01 0.30 
9.07E-
04 

0.36 0 11 883 2,803 84,990 88,687 NA 

simvastatin butorphanol -1.04 0.83 
1.29E-
01 

0.35 0 1 126 2,813 85,747 88,687 NA 

simvastatin metoclopramide -1.19 0.64 
2.12E-
02 

0.30 0 2 232 2,812 85,641 88,687 NA 

simvastatin promethazine -1.19 0.45 
8.16E-
03 

0.30 0 5 450 2,809 85,423 88,687 NA 

simvastatin vancomycin -1.24 0.64 
1.56E-
02 

0.29 0 2 220 2,812 85,653 88,687 NA 

simvastatin propoxyphene -1.26 0.41 
2.22E-
03 

0.28 0 6 610 2,808 85,263 88,687 NA 

simvastatin povidone-iodine -1.32 0.82 
4.08E-
02 

0.27 0 1 158 2,813 85,715 88,687 NA 

simvastatin sulfur -1.36 0.64 
6.27E-
03 

0.26 0 2 301 2,812 85,572 88,687 NA 

simvastatin cefaclor -1.44 0.64 
3.20E-
03 

0.24 0 2 313 2,812 85,560 88,687 NA 

simvastatin diphenhydramine -1.74 0.82 
3.22E-
03 

0.17 0 1 245 2,813 85,628 88,687 NA 

amlodipine benazepril 4.22 0.13 
9.89E-
243 

67.96 1 185 103 2,327 83,629 86,244 Exclude 

amlodipine prazosin 3.40 0.68 
1.40E-
05 

30.04 1 4 5 2,508 83,727 86,244 
True-
positive 

amlodipine felodipine 3.29 0.46 
1.38E-
12 

26.90 1 9 10 2,503 83,722 86,244 
True-
positive 

amlodipine olmesartan 2.97 0.20 
1.18E-
51 

19.50 1 42 75 2,470 83,657 86,244 Exclude 
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amlodipine aliskiren 2.94 0.38 
5.83E-
15 

18.99 1 11 21 2,501 83,711 86,244 Exclude 

amlodipine indapamide 2.88 0.63 
8.87E-
05 

17.78 1 4 7 2,508 83,725 86,244 
True-
positive 

amlodipine candesartan 2.80 0.42 
2.72E-
11 

16.52 1 9 16 2,503 83,716 86,244 Exclude 

amlodipine irbesartan 2.78 0.29 
1.79E-
21 

16.16 1 18 36 2,494 83,696 86,244 Exclude 

amlodipine valsartan 2.49 0.17 
6.12E-
46 

12.02 1 46 128 2,466 83,604 86,244 Exclude 

amlodipine metoprolol 2.35 0.15 
1.91E-
56 

10.52 1 62 194 2,450 83,538 86,244 
True-
positive 

amlodipine spironolactone 2.34 0.25 
2.90E-
20 

10.40 1 21 67 2,491 83,665 86,244 
True-
positive 

amlodipine valacyclovir 2.32 0.52 
8.22E-
06 

10.17 1 5 15 2,507 83,717 86,244 
False-
positive 

amlodipine chlorthalidone 2.30 0.37 
4.28E-
10 

10.02 1 10 30 2,502 83,702 86,244 
True-
positive 

amlodipine nifedipine 2.28 0.15 
1.66E-
55 

9.80 1 64 212 2,448 83,520 86,244 
True-
positive 

amlodipine doxazosin 2.26 0.36 
5.55E-
10 

9.56 1 10 33 2,502 83,699 86,244 Exclude 

amlodipine minoxidil 2.21 0.38 
4.05E-
09 

9.14 1 9 36 2,503 83,696 86,244 
True-
positive 

amlodipine atenolol 2.20 0.20 
2.45E-
28 

9.05 1 33 119 2,479 83,613 86,244 
True-
positive 

amlodipine hydralazine 2.18 0.21 
9.16E-
25 

8.88 1 29 108 2,483 83,624 86,244 
True-
positive 

amlodipine carvedilol 2.17 0.25 
2.21E-
18 

8.77 1 21 79 2,491 83,653 86,244 
True-
positive 

amlodipine labetalol 2.17 0.46 
2.97E-
06 

8.72 1 6 23 2,506 83,709 86,244 
True-
positive 
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amlodipine losartan 2.14 0.14 
6.55E-
51 

8.52 1 64 251 2,448 83,481 86,244 Exclude 

amlodipine nebivolol 2.09 0.38 
2.68E-
08 

8.05 1 9 37 2,503 83,695 86,244 
True-
positive 

amlodipine clonidine 1.96 0.19 
1.44E-
24 

7.12 1 34 155 2,478 83,577 86,244 
True-
positive 

amlodipine telmisartan 1.96 0.46 
1.92E-
05 

7.07 1 6 25 2,506 83,707 86,244 Exclude 

amlodipine hydrochlorothiazide 1.95 0.12 
1.18E-
62 

7.01 1 94 436 2,418 83,296 86,244 
True-
positive 

amlodipine verapamil 1.94 0.24 
1.88E-
15 

6.95 1 21 94 2,491 83,638 86,244 
True-
positive 

amlodipine levothyroxine 1.90 0.50 
1.45E-
04 

6.70 1 5 21 2,507 83,711 86,244 
False-
positive 

amlodipine diltiazem 1.87 0.20 
2.17E-
21 

6.50 1 32 150 2,480 83,582 86,244 
True-
positive 

amlodipine triamterene 1.87 0.26 
9.59E-
13 

6.47 1 18 88 2,494 83,644 86,244 
True-
positive 

amlodipine quinapril 1.67 0.29 
9.10E-
09 

5.31 1 14 86 2,498 83,646 86,244 Exclude 

amlodipine isosorbide 1.66 0.31 
1.33E-
07 

5.24 1 12 74 2,500 83,658 86,244 
True-
positive 

amlodipine furosemide 1.65 0.29 
1.47E-
08 

5.22 1 14 83 2,498 83,649 86,244 
True-
positive 

amlodipine ramipril 1.55 0.24 
4.70E-
11 

4.73 1 21 140 2,491 83,592 86,244 Exclude 

amlodipine omeprazole 1.49 0.34 
1.31E-
05 

4.43 1 10 66 2,502 83,666 86,244 
False-
positive 

amlodipine lisinopril 1.43 0.08 
5.04E-
76 

4.17 1 204 1,806 2,308 81,926 86,244 Exclude 

amlodipine atorvastatin 1.28 0.14 
1.67E-
20 

3.60 1 60 560 2,452 83,172 86,244 
True-
positive 
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amlodipine enalapril 1.22 0.29 
3.23E-
05 

3.39 1 13 122 2,499 83,610 86,244 Exclude 

amlodipine rosuvastatin 1.19 0.21 
2.14E-
08 

3.27 1 25 247 2,487 83,485 86,244 
True-
positive 

amlodipine ezetimibe 1.11 0.28 
8.48E-
05 

3.03 1 14 138 2,498 83,594 86,244 
False-
positive 

amlodipine pravastatin 1.11 0.26 
1.41E-
05 

3.03 1 17 182 2,495 83,550 86,244 
True-
positive 

amlodipine simvastatin 1.08 0.15 
1.49E-
12 

2.95 1 48 525 2,464 83,207 86,244 
True-
positive 

amlodipine codeine -1.12 0.14 
2.17E-
15 

0.33 1 52 4,611 2,460 79,121 86,244 NA 

amlodipine isradipine 3.61 1.42 
8.96E-
03 

37.06 0 1 1 2,511 83,731 86,244 NA 

amlodipine calcipotriene 3.56 1.42 
1.00E-
02 

35.12 0 1 1 2,511 83,731 86,244 NA 

amlodipine gramicidin 3.53 1.00 
9.44E-
04 

34.01 0 2 2 2,510 83,730 86,244 NA 

amlodipine cevimeline 3.51 1.46 
1.22E-
02 

33.57 0 1 1 2,511 83,731 86,244 NA 

amlodipine naratriptan 3.49 1.42 
1.10E-
02 

32.83 0 1 1 2,511 83,731 86,244 NA 

amlodipine vitamin b 12 3.40 1.44 
1.35E-
02 

29.82 0 1 1 2,511 83,731 86,244 NA 

amlodipine folic acid 3.40 1.44 
1.35E-
02 

29.82 0 1 1 2,511 83,731 86,244 NA 

amlodipine roflumilast 3.34 1.43 
1.43E-
02 

28.36 0 1 1 2,511 83,731 86,244 NA 

amlodipine latanoprost 3.29 1.01 
1.80E-
03 

26.78 0 2 2 2,510 83,730 86,244 NA 

amlodipine medroxyprogesterone 3.25 1.42 
1.59E-
02 

25.83 0 1 1 2,511 83,731 86,244 NA 
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amlodipine pyridostigmine 3.25 1.20 
1.33E-
02 

25.67 0 1 2 2,511 83,730 86,244 NA 

amlodipine methylphenidate 3.10 1.42 
2.01E-
02 

22.27 0 1 1 2,511 83,731 86,244 NA 

amlodipine dexlansoprazole 3.08 0.87 
2.19E-
03 

21.75 0 2 4 2,510 83,728 86,244 NA 

amlodipine febuxostat 3.07 0.91 
2.41E-
03 

21.60 0 2 3 2,510 83,729 86,244 NA 

amlodipine azelastine 3.06 0.92 
2.60E-
03 

21.27 0 2 3 2,510 83,729 86,244 NA 

amlodipine trihexyphenidyl 3.05 1.42 
2.21E-
02 

21.04 0 1 1 2,511 83,731 86,244 NA 

amlodipine isopropyl alcohol 3.04 1.20 
1.87E-
02 

20.83 0 1 2 2,511 83,730 86,244 NA 

amlodipine iodine povacrylex 3.04 1.20 
1.87E-
02 

20.83 0 1 2 2,511 83,730 86,244 NA 

amlodipine epoetin alfa 2.99 1.20 
2.00E-
02 

19.94 0 1 2 2,511 83,730 86,244 NA 

amlodipine rabeprazole 2.90 0.71 
5.23E-
04 

18.09 0 3 6 2,509 83,726 86,244 NA 

amlodipine simethicone 2.87 1.21 
2.46E-
02 

17.66 0 1 2 2,511 83,730 86,244 NA 

amlodipine nitroprusside 2.86 1.20 
2.42E-
02 

17.54 0 1 2 2,511 83,730 86,244 NA 

amlodipine vardenafil 2.85 1.09 
2.23E-
02 

17.32 0 1 3 2,511 83,729 86,244 NA 

amlodipine 
insulin, aspart, 
human 

2.83 1.20 
2.58E-
02 

16.89 0 1 2 2,511 83,730 86,244 NA 

amlodipine domperidone 2.82 1.23 
2.73E-
02 

16.84 0 1 2 2,511 83,730 86,244 NA 

amlodipine insulin lispro 2.82 1.20 
2.62E-
02 

16.79 0 1 2 2,511 83,730 86,244 NA 
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amlodipine dichloralphenazone 2.81 1.20 
2.69E-
02 

16.53 0 1 2 2,511 83,730 86,244 NA 

amlodipine flecainide 2.73 0.86 
4.86E-
03 

15.33 0 2 4 2,510 83,728 86,244 NA 

amlodipine loperamide 2.68 1.13 
3.09E-
02 

14.62 0 1 3 2,511 83,729 86,244 NA 

amlodipine chlorzoxazone 2.67 1.10 
2.97E-
02 

14.51 0 1 3 2,511 83,729 86,244 NA 

amlodipine moexipril 2.66 0.71 
1.09E-
03 

14.35 0 3 6 2,509 83,726 86,244 NA 

amlodipine flunisolide 2.64 1.04 
2.95E-
02 

14.01 0 1 4 2,511 83,728 86,244 NA 

amlodipine guanfacine 2.60 0.59 
2.37E-
04 

13.48 0 4 10 2,508 83,722 86,244 NA 

amlodipine eplerenone 2.60 1.12 
3.46E-
02 

13.45 0 1 3 2,511 83,729 86,244 NA 

amlodipine clidinium 2.59 0.80 
6.08E-
03 

13.27 0 2 6 2,510 83,726 86,244 NA 

amlodipine cyclophosphamide 2.57 1.10 
3.51E-
02 

13.02 0 1 3 2,511 83,729 86,244 NA 

amlodipine valganciclovir 2.52 1.10 
3.82E-
02 

12.38 0 1 3 2,511 83,729 86,244 NA 

amlodipine glucosamine 2.51 0.83 
7.83E-
03 

12.33 0 2 5 2,510 83,727 86,244 NA 

amlodipine isometheptene 2.50 1.10 
3.91E-
02 

12.21 0 1 3 2,511 83,729 86,244 NA 

amlodipine clorazepate 2.49 1.10 
4.00E-
02 

12.03 0 1 3 2,511 83,729 86,244 NA 

amlodipine estradiol 2.47 1.10 
4.09E-
02 

11.88 0 1 3 2,511 83,729 86,244 NA 

amlodipine mirabegron 2.47 1.10 
4.15E-
02 

11.80 0 1 3 2,511 83,729 86,244 NA 



68 

 

 

object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine amiloride 2.46 1.10 
4.25E-
02 

11.66 0 1 3 2,511 83,729 86,244 NA 

amlodipine zonisamide 2.45 0.82 
8.85E-
03 

11.59 0 2 5 2,510 83,727 86,244 NA 

amlodipine trifluoperazine 2.44 1.05 
4.16E-
02 

11.49 0 1 4 2,511 83,728 86,244 NA 

amlodipine docetaxel 2.44 1.05 
4.12E-
02 

11.45 0 1 4 2,511 83,728 86,244 NA 

amlodipine ethacrynate 2.38 1.10 
4.75E-
02 

10.82 0 1 3 2,511 83,729 86,244 NA 

amlodipine ergotamine 2.33 1.04 
4.87E-
02 

10.25 0 1 4 2,511 83,728 86,244 NA 

amlodipine perindopril 2.28 1.04 
5.28E-
02 

9.73 0 1 4 2,511 83,728 86,244 NA 

amlodipine sodium sulfate 2.27 1.04 
5.35E-
02 

9.64 0 1 4 2,511 83,728 86,244 NA 

amlodipine potassium chloride 2.27 1.04 
5.35E-
02 

9.64 0 1 4 2,511 83,728 86,244 NA 

amlodipine sodium chloride 2.27 1.04 
5.35E-
02 

9.64 0 1 4 2,511 83,728 86,244 NA 

amlodipine sodium bicarbonate 2.27 1.04 
5.35E-
02 

9.64 0 1 4 2,511 83,728 86,244 NA 

amlodipine sildenafil 2.22 0.98 
5.46E-
02 

9.21 0 1 6 2,511 83,726 86,244 NA 

amlodipine droperidol 2.20 0.97 
5.53E-
02 

9.02 0 1 6 2,511 83,726 86,244 NA 

amlodipine salmon calcitonin 2.17 0.76 
1.52E-
02 

8.79 0 2 8 2,510 83,724 86,244 NA 

amlodipine linezolid 2.17 0.63 
4.17E-
03 

8.75 0 3 12 2,509 83,720 86,244 NA 

amlodipine bimatoprost 2.16 1.04 
6.24E-
02 

8.70 0 1 4 2,511 83,728 86,244 NA 
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amlodipine bumetanide 2.13 0.77 
1.75E-
02 

8.41 0 2 7 2,510 83,725 86,244 NA 

amlodipine solifenacin 2.13 0.62 
4.51E-
03 

8.40 0 3 14 2,509 83,718 86,244 NA 

amlodipine acebutolol 2.10 1.00 
6.62E-
02 

8.18 0 1 5 2,511 83,727 86,244 NA 

amlodipine 
polyethylene glycol 
3350 

2.10 1.00 
6.66E-
02 

8.17 0 1 5 2,511 83,727 86,244 NA 

amlodipine trospium 2.10 1.04 
6.91E-
02 

8.15 0 1 4 2,511 83,728 86,244 NA 

amlodipine tolterodine 2.08 0.55 
1.63E-
03 

8.03 0 4 15 2,508 83,717 86,244 NA 

amlodipine fludrocortisone 2.08 1.00 
6.91E-
02 

7.97 0 1 5 2,511 83,727 86,244 NA 

amlodipine 
estrogens, 
conjugated (usp) 

2.07 0.63 
5.58E-
03 

7.95 0 3 12 2,509 83,720 86,244 NA 

amlodipine desvenlafaxine 2.04 1.00 
7.34E-
02 

7.67 0 1 5 2,511 83,727 86,244 NA 

amlodipine dicyclomine 1.99 0.54 
2.29E-
03 

7.30 0 4 17 2,508 83,715 86,244 NA 

amlodipine bisoprolol 1.97 0.62 
7.42E-
03 

7.18 0 3 15 2,509 83,717 86,244 NA 

amlodipine insulin detemir 1.93 0.94 
8.14E-
02 

6.91 0 1 8 2,511 83,724 86,244 NA 

amlodipine travoprost 1.93 0.98 
8.46E-
02 

6.89 0 1 6 2,511 83,726 86,244 NA 

amlodipine nadolol 1.93 0.63 
8.96E-
03 

6.86 0 3 12 2,509 83,720 86,244 NA 

amlodipine pitavastatin 1.92 0.60 
8.23E-
03 

6.84 0 3 18 2,509 83,714 86,244 NA 

amlodipine ketamine 1.91 0.97 
8.68E-
02 

6.74 0 1 6 2,511 83,726 86,244 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine methyldopa 1.85 0.54 
3.86E-
03 

6.37 0 4 18 2,508 83,714 86,244 NA 

amlodipine glyburide 1.84 0.71 
3.02E-
02 

6.31 0 2 14 2,510 83,718 86,244 NA 

amlodipine levodopa 1.83 0.95 
9.61E-
02 

6.25 0 1 7 2,511 83,725 86,244 NA 

amlodipine tacrolimus 1.83 0.54 
4.19E-
03 

6.24 0 4 21 2,508 83,711 86,244 NA 

amlodipine ranolazine 1.83 0.49 
2.05E-
04 

6.24 0 5 25 2,507 83,707 86,244 NA 

amlodipine canagliflozin 1.81 0.95 
9.99E-
02 

6.09 0 1 7 2,511 83,725 86,244 NA 

amlodipine prasugrel 1.78 0.72 
3.51E-
02 

5.95 0 2 13 2,510 83,719 86,244 NA 

amlodipine penicillamine 1.78 0.72 
3.62E-
02 

5.91 0 2 12 2,510 83,720 86,244 NA 

amlodipine sevelamer 1.77 0.96 
1.07E-
01 

5.88 0 1 7 2,511 83,725 86,244 NA 

amlodipine cisapride 1.69 0.95 
1.19E-
01 

5.40 0 1 7 2,511 83,725 86,244 NA 

amlodipine insulin glargine 1.68 0.93 
1.18E-
01 

5.39 0 1 9 2,511 83,723 86,244 NA 

amlodipine rizatriptan 1.68 0.94 
1.18E-
01 

5.39 0 1 8 2,511 83,724 86,244 NA 

amlodipine formoterol 1.67 0.71 
4.51E-
02 

5.32 0 2 14 2,510 83,718 86,244 NA 

amlodipine dipyridamole 1.67 0.60 
1.84E-
02 

5.32 0 3 17 2,509 83,715 86,244 NA 

amlodipine metolazone 1.67 0.94 
1.22E-
01 

5.29 0 1 8 2,511 83,724 86,244 NA 

amlodipine sulfadiazine 1.66 0.93 
1.22E-
01 

5.25 0 1 9 2,511 83,723 86,244 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine nisoldipine 1.65 0.72 
4.82E-
02 

5.21 0 2 12 2,510 83,720 86,244 NA 

amlodipine nafcillin 1.62 0.93 
1.29E-
01 

5.06 0 1 9 2,511 83,723 86,244 NA 

amlodipine oseltamivir 1.62 0.72 
5.15E-
02 

5.06 0 2 13 2,510 83,719 86,244 NA 

amlodipine tapentadol 1.62 0.93 
1.30E-
01 

5.03 0 1 9 2,511 83,723 86,244 NA 

amlodipine orphenadrine 1.59 0.91 
1.33E-
01 

4.91 0 1 11 2,511 83,721 86,244 NA 

amlodipine itraconazole 1.58 0.71 
5.51E-
02 

4.87 0 2 15 2,510 83,717 86,244 NA 

amlodipine colestipol 1.57 0.94 
1.41E-
01 

4.81 0 1 8 2,511 83,724 86,244 NA 

amlodipine cerivastatin 1.56 0.92 
1.41E-
01 

4.75 0 1 10 2,511 83,722 86,244 NA 

amlodipine chlordiazepoxide 1.56 0.70 
5.77E-
02 

4.74 0 2 16 2,510 83,716 86,244 NA 

amlodipine brinzolamide 1.56 0.95 
1.45E-
01 

4.74 0 1 7 2,511 83,725 86,244 NA 

amlodipine cefpodoxime 1.55 0.94 
1.44E-
01 

4.73 0 1 8 2,511 83,724 86,244 NA 

amlodipine testosterone 1.55 0.90 
1.41E-
01 

4.70 0 1 12 2,511 83,720 86,244 NA 

amlodipine oxybutynin 1.52 0.59 
2.78E-
02 

4.59 0 3 21 2,509 83,711 86,244 NA 

amlodipine formaldehyde 1.52 0.94 
1.51E-
01 

4.57 0 1 8 2,511 83,724 86,244 NA 

amlodipine naloxone 1.51 0.93 
1.51E-
01 

4.55 0 1 9 2,511 83,723 86,244 NA 

amlodipine rivaroxaban 1.49 0.70 
6.65E-
02 

4.45 0 2 17 2,510 83,715 86,244 NA 
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drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine dabigatran etexilate 1.43 0.93 
1.71E-
01 

4.19 0 1 9 2,511 83,723 86,244 NA 

amlodipine carbidopa 1.43 0.91 
1.69E-
01 

4.17 0 1 11 2,511 83,721 86,244 NA 

amlodipine donepezil 1.43 0.52 
1.79E-
02 

4.16 0 4 30 2,508 83,702 86,244 NA 

amlodipine budesonide 1.42 0.70 
7.77E-
02 

4.15 0 2 17 2,510 83,715 86,244 NA 

amlodipine oxcarbazepine 1.41 0.58 
3.84E-
02 

4.08 0 3 27 2,509 83,705 86,244 NA 

amlodipine thioridazine 1.40 0.91 
1.75E-
01 

4.07 0 1 11 2,511 83,721 86,244 NA 

amlodipine nicotine 1.39 0.90 
1.78E-
01 

4.00 0 1 13 2,511 83,719 86,244 NA 

amlodipine tiotropium 1.38 0.58 
4.12E-
02 

3.98 0 3 26 2,509 83,706 86,244 NA 

amlodipine terazosin 1.35 0.57 
4.50E-
02 

3.84 0 3 31 2,509 83,701 86,244 NA 

amlodipine nortriptyline 1.34 0.58 
4.62E-
02 

3.83 0 3 27 2,509 83,705 86,244 NA 

amlodipine cetirizine 1.34 0.58 
4.67E-
02 

3.81 0 3 28 2,509 83,704 86,244 NA 

amlodipine adalimumab 1.33 0.91 
1.94E-
01 

3.80 0 1 11 2,511 83,721 86,244 NA 

amlodipine lovastatin 1.28 0.37 
6.53E-
04 

3.59 0 8 74 2,504 83,658 86,244 NA 

amlodipine salmeterol 1.26 0.48 
7.94E-
03 

3.53 0 5 42 2,507 83,690 86,244 NA 

amlodipine raloxifene 1.25 0.69 
1.13E-
01 

3.49 0 2 17 2,510 83,715 86,244 NA 

amlodipine acyclovir 1.25 0.69 
1.13E-
01 

3.48 0 2 20 2,510 83,712 86,244 NA 
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potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine neomycin 1.24 0.40 
2.02E-
03 

3.45 0 7 61 2,505 83,671 86,244 NA 

amlodipine fosinopril 1.23 0.68 
1.16E-
01 

3.42 0 2 22 2,510 83,710 86,244 NA 

amlodipine benzonatate 1.22 0.69 
1.19E-
01 

3.40 0 2 20 2,510 83,712 86,244 NA 

amlodipine escitalopram 1.21 0.43 
5.14E-
03 

3.35 0 6 54 2,506 83,678 86,244 NA 

amlodipine colesevelam 1.21 0.57 
6.73E-
02 

3.35 0 3 31 2,509 83,701 86,244 NA 

amlodipine fluticasone 1.19 0.40 
2.94E-
03 

3.29 0 7 64 2,505 83,668 86,244 NA 

amlodipine ibandronate 1.18 0.69 
1.29E-
01 

3.27 0 2 19 2,510 83,713 86,244 NA 

amlodipine fenofibrate 1.17 0.37 
1.81E-
03 

3.21 0 8 74 2,504 83,658 86,244 NA 

amlodipine propafenone 1.15 0.89 
2.49E-
01 

3.17 0 1 13 2,511 83,719 86,244 NA 

amlodipine pantoprazole 1.15 0.57 
7.91E-
02 

3.15 0 3 35 2,509 83,697 86,244 NA 

amlodipine metaxalone 1.15 0.68 
1.38E-
01 

3.14 0 2 24 2,510 83,708 86,244 NA 

amlodipine propranolol 1.14 0.50 
4.74E-
02 

3.13 0 4 43 2,508 83,689 86,244 NA 

amlodipine cyclosporine 1.11 0.68 
1.47E-
01 

3.05 0 2 26 2,510 83,706 86,244 NA 

amlodipine lamotrigine 1.11 0.50 
5.30E-
02 

3.04 0 4 45 2,508 83,687 86,244 NA 

amlodipine captopril 1.11 0.57 
8.91E-
02 

3.02 0 3 33 2,509 83,699 86,244 NA 

amlodipine cefadroxil 1.10 0.89 
2.67E-
01 

3.01 0 1 14 2,511 83,718 86,244 NA 
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coef se pval or bonf nA nB nC nD total label 

amlodipine rifampin 1.08 0.68 
1.58E-
01 

2.96 0 2 22 2,510 83,710 86,244 NA 

amlodipine potassium 1.08 0.68 
1.58E-
01 

2.94 0 2 27 2,510 83,705 86,244 NA 

amlodipine tamsulosin 1.08 0.56 
9.41E-
02 

2.94 0 3 45 2,509 83,687 86,244 NA 

amlodipine buspirone 1.08 0.68 
1.60E-
01 

2.94 0 2 25 2,510 83,707 86,244 NA 

amlodipine alendronate 1.08 0.34 
1.34E-
03 

2.93 0 10 88 2,502 83,644 86,244 NA 

amlodipine risedronate 1.06 0.47 
2.49E-
02 

2.89 0 5 43 2,507 83,689 86,244 NA 

amlodipine sucralfate 1.05 0.90 
2.90E-
01 

2.85 0 1 13 2,511 83,719 86,244 NA 

amlodipine cefprozil 1.04 0.89 
2.89E-
01 

2.84 0 1 14 2,511 83,718 86,244 NA 

amlodipine fluoxetine 1.04 0.50 
6.70E-
02 

2.83 0 4 48 2,508 83,684 86,244 NA 

amlodipine famotidine 1.03 0.88 
2.92E-
01 

2.81 0 1 17 2,511 83,715 86,244 NA 

amlodipine citalopram 1.03 0.43 
1.63E-
02 

2.80 0 6 63 2,506 83,669 86,244 NA 

amlodipine pioglitazone 1.02 0.50 
7.07E-
02 

2.78 0 4 52 2,508 83,680 86,244 NA 

amlodipine sertraline 1.02 0.33 
2.19E-
03 

2.77 0 10 110 2,502 83,622 86,244 NA 

amlodipine betamethasone 1.01 0.88 
3.02E-
01 

2.74 0 1 15 2,511 83,717 86,244 NA 

amlodipine amiodarone 0.99 0.56 
1.22E-
01 

2.68 0 3 43 2,509 83,689 86,244 NA 

amlodipine meloxicam 0.97 0.29 
8.45E-
04 

2.64 0 13 155 2,499 83,577 86,244 NA 
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potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine theophylline 0.97 0.88 
3.19E-
01 

2.63 0 1 18 2,511 83,714 86,244 NA 

amlodipine gemfibrozil 0.96 0.47 
4.09E-
02 

2.60 0 5 59 2,507 83,673 86,244 NA 

amlodipine hydroxyzine 0.92 0.50 
9.89E-
02 

2.51 0 4 50 2,508 83,682 86,244 NA 

amlodipine ipratropium 0.90 0.88 
3.50E-
01 

2.46 0 1 16 2,511 83,716 86,244 NA 

amlodipine phenylephrine 0.88 0.88 
3.58E-
01 

2.42 0 1 16 2,511 83,716 86,244 NA 

amlodipine alprazolam 0.88 0.56 
1.60E-
01 

2.42 0 3 45 2,509 83,687 86,244 NA 

amlodipine valdecoxib 0.87 0.56 
1.65E-
01 

2.39 0 3 43 2,509 83,689 86,244 NA 

amlodipine albuterol 0.86 0.50 
1.19E-
01 

2.37 0 4 57 2,508 83,675 86,244 NA 

amlodipine ropinirole 0.85 0.67 
2.52E-
01 

2.34 0 2 29 2,510 83,703 86,244 NA 

amlodipine minocycline 0.85 0.56 
1.74E-
01 

2.34 0 3 48 2,509 83,684 86,244 NA 

amlodipine meclizine 0.85 0.88 
3.75E-
01 

2.34 0 1 16 2,511 83,716 86,244 NA 

amlodipine levetiracetam 0.82 0.87 
3.87E-
01 

2.28 0 1 20 2,511 83,712 86,244 NA 

amlodipine enoxaparin 0.80 0.87 
3.98E-
01 

2.23 0 1 21 2,511 83,711 86,244 NA 

amlodipine infliximab 0.80 0.86 
3.99E-
01 

2.22 0 1 23 2,511 83,709 86,244 NA 

amlodipine fexofenadine 0.79 0.56 
2.01E-
01 

2.21 0 3 51 2,509 83,681 86,244 NA 

amlodipine venlafaxine 0.79 0.47 
9.02E-
02 

2.20 0 5 66 2,507 83,666 86,244 NA 
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potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine allopurinol 0.79 0.46 
9.03E-
02 

2.19 0 5 76 2,507 83,656 86,244 NA 

amlodipine cefuroxime 0.78 0.42 
6.76E-
02 

2.17 0 6 84 2,506 83,648 86,244 NA 

amlodipine dorzolamide 0.75 0.87 
4.25E-
01 

2.12 0 1 20 2,511 83,712 86,244 NA 

amlodipine bacitracin 0.74 0.56 
2.29E-
01 

2.10 0 3 47 2,509 83,685 86,244 NA 

amlodipine povidone 0.74 0.87 
4.33E-
01 

2.09 0 1 21 2,511 83,711 86,244 NA 

amlodipine fluconazole 0.73 0.67 
3.15E-
01 

2.08 0 2 33 2,510 83,699 86,244 NA 

amlodipine methotrexate 0.73 0.49 
1.79E-
01 

2.07 0 4 62 2,508 83,670 86,244 NA 

amlodipine leflunomide 0.72 0.87 
4.40E-
01 

2.06 0 1 21 2,511 83,711 86,244 NA 

amlodipine sulfasalazine 0.71 0.87 
4.48E-
01 

2.04 0 1 20 2,511 83,712 86,244 NA 

amlodipine montelukast 0.67 0.66 
3.51E-
01 

1.96 0 2 36 2,510 83,696 86,244 NA 

amlodipine clonazepam 0.67 0.86 
4.72E-
01 

1.95 0 1 24 2,511 83,708 86,244 NA 

amlodipine hydroxychloroquine 0.66 0.49 
2.16E-
01 

1.94 0 4 64 2,508 83,668 86,244 NA 

amlodipine ranitidine 0.66 0.66 
3.58E-
01 

1.93 0 2 39 2,510 83,693 86,244 NA 

amlodipine cyclobenzaprine 0.66 0.39 
9.31E-
02 

1.93 0 7 116 2,505 83,616 86,244 NA 

amlodipine rosiglitazone 0.65 0.87 
4.81E-
01 

1.92 0 1 21 2,511 83,711 86,244 NA 

amlodipine carbamazepine 0.64 0.49 
2.32E-
01 

1.89 0 4 75 2,508 83,657 86,244 NA 
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potential precipitant 
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coef se pval or bonf nA nB nC nD total label 

amlodipine doxycycline 0.63 0.25 
1.21E-
02 

1.88 0 17 269 2,495 83,463 86,244 NA 

amlodipine sulfacetamide 0.63 0.87 
4.99E-
01 

1.87 0 1 21 2,511 83,711 86,244 NA 

amlodipine metformin 0.59 0.27 
2.73E-
02 

1.80 0 15 268 2,497 83,464 86,244 NA 

amlodipine 
mycophenolate 
mofetil 

0.59 0.66 
4.08E-
01 

1.80 0 2 43 2,510 83,689 86,244 NA 

amlodipine lansoprazole 0.58 0.66 
4.10E-
01 

1.79 0 2 43 2,510 83,689 86,244 NA 

amlodipine clopidogrel 0.57 0.33 
7.95E-
02 

1.77 0 10 169 2,502 83,563 86,244 NA 

amlodipine paroxetine 0.52 0.55 
3.79E-
01 

1.69 0 3 62 2,509 83,670 86,244 NA 

amlodipine baclofen 0.51 0.66 
4.65E-
01 

1.67 0 2 45 2,510 83,687 86,244 NA 

amlodipine amitriptyline 0.51 0.42 
2.27E-
01 

1.66 0 6 110 2,506 83,622 86,244 NA 

amlodipine niacin 0.50 0.27 
6.17E-
02 

1.64 0 15 298 2,497 83,434 86,244 NA 

amlodipine duloxetine 0.48 0.39 
2.19E-
01 

1.61 0 7 127 2,505 83,605 86,244 NA 

amlodipine gabapentin 0.48 0.26 
6.41E-
02 

1.61 0 16 302 2,496 83,430 86,244 NA 

amlodipine ceftriaxone 0.48 0.46 
3.00E-
01 

1.61 0 5 98 2,507 83,634 86,244 NA 

amlodipine chlorpromazine 0.47 0.85 
6.04E-
01 

1.59 0 1 31 2,511 83,701 86,244 NA 

amlodipine exenatide 0.45 0.85 
6.14E-
01 

1.57 0 1 32 2,511 83,700 86,244 NA 

amlodipine azathioprine 0.44 0.66 
5.23E-
01 

1.56 0 2 47 2,510 83,685 86,244 NA 
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coef se pval or bonf nA nB nC nD total label 

amlodipine esomeprazole 0.44 0.55 
4.58E-
01 

1.55 0 3 64 2,509 83,668 86,244 NA 

amlodipine methadone 0.43 0.85 
6.28E-
01 

1.54 0 1 30 2,511 83,702 86,244 NA 

amlodipine sulindac 0.43 0.86 
6.33E-
01 

1.53 0 1 27 2,511 83,705 86,244 NA 

amlodipine triamcinolone 0.42 0.85 
6.35E-
01 

1.53 0 1 30 2,511 83,702 86,244 NA 

amlodipine varenicline 0.42 0.85 
6.38E-
01 

1.52 0 1 33 2,511 83,699 86,244 NA 

amlodipine polymyxin b 0.42 0.86 
6.40E-
01 

1.52 0 1 27 2,511 83,705 86,244 NA 

amlodipine indomethacin 0.40 0.49 
4.34E-
01 

1.49 0 4 96 2,508 83,636 86,244 NA 

amlodipine timolol 0.38 0.85 
6.70E-
01 

1.46 0 1 30 2,511 83,702 86,244 NA 

amlodipine guaifenesin 0.37 0.55 
5.22E-
01 

1.45 0 3 70 2,509 83,662 86,244 NA 

amlodipine fluvastatin 0.36 0.85 
6.79E-
01 

1.44 0 1 33 2,511 83,699 86,244 NA 

amlodipine metoclopramide 0.36 0.30 
2.22E-
01 

1.44 0 12 254 2,500 83,478 86,244 NA 

amlodipine mirtazapine 0.35 0.85 
6.88E-
01 

1.43 0 1 30 2,511 83,702 86,244 NA 

amlodipine azithromycin 0.35 0.31 
2.54E-
01 

1.42 0 11 240 2,501 83,492 86,244 NA 

amlodipine oxaprozin 0.35 0.85 
6.94E-
01 

1.41 0 1 30 2,511 83,702 86,244 NA 

amlodipine cefdinir 0.31 0.65 
6.45E-
01 

1.37 0 2 53 2,510 83,679 86,244 NA 

amlodipine bupropion 0.30 0.42 
4.74E-
01 

1.35 0 6 142 2,506 83,590 86,244 NA 
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amlodipine brimonidine 0.28 0.85 
7.46E-
01 

1.33 0 1 34 2,511 83,698 86,244 NA 

amlodipine gatifloxacin 0.25 0.85 
7.71E-
01 

1.29 0 1 34 2,511 83,698 86,244 NA 

amlodipine etodolac 0.23 0.65 
7.29E-
01 

1.26 0 2 57 2,510 83,675 86,244 NA 

amlodipine gentamicin 0.22 0.85 
7.95E-
01 

1.25 0 1 35 2,511 83,697 86,244 NA 

amlodipine caffeine 0.20 0.65 
7.62E-
01 

1.22 0 2 58 2,510 83,674 86,244 NA 

amlodipine carisoprodol 0.20 0.65 
7.64E-
01 

1.22 0 2 62 2,510 83,670 86,244 NA 

amlodipine tizanidine 0.20 0.85 
8.16E-
01 

1.22 0 1 37 2,511 83,695 86,244 NA 

amlodipine nitroglycerin 0.19 0.65 
7.80E-
01 

1.20 0 2 67 2,510 83,665 86,244 NA 

amlodipine lorazepam 0.18 0.48 
7.16E-
01 

1.20 0 4 119 2,508 83,613 86,244 NA 

amlodipine pregabalin 0.16 0.31 
5.98E-
01 

1.18 0 11 266 2,501 83,466 86,244 NA 

amlodipine quinine 0.13 0.46 
7.73E-
01 

1.14 0 5 131 2,507 83,601 86,244 NA 

amlodipine valproate 0.11 0.84 
8.97E-
01 

1.12 0 1 46 2,511 83,686 86,244 NA 

amlodipine diclofenac 0.09 0.65 
8.95E-
01 

1.09 0 2 67 2,510 83,665 86,244 NA 

amlodipine phenobarbital 0.08 0.65 
9.02E-
01 

1.08 0 2 67 2,510 83,665 86,244 NA 

amlodipine quetiapine 0.07 0.84 
9.37E-
01 

1.07 0 1 45 2,511 83,687 86,244 NA 

amlodipine dexamethasone 0.07 0.84 
9.38E-
01 

1.07 0 1 42 2,511 83,690 86,244 NA 
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amlodipine nabumetone 0.06 0.84 
9.48E-
01 

1.06 0 1 42 2,511 83,690 86,244 NA 

amlodipine warfarin 0.04 0.65 
9.57E-
01 

1.04 0 2 73 2,510 83,659 86,244 NA 

amlodipine clarithromycin 0.03 0.34 
9.22E-
01 

1.03 0 9 249 2,503 83,483 86,244 NA 

amlodipine clindamycin 0.01 0.36 
9.81E-
01 

1.01 0 8 229 2,504 83,503 86,244 NA 

amlodipine phenazopyridine -0.01 0.84 
9.87E-
01 

0.99 0 1 40 2,511 83,692 86,244 NA 

amlodipine ondansetron -0.03 0.55 
9.61E-
01 

0.97 0 3 109 2,509 83,623 86,244 NA 

amlodipine loratadine -0.07 0.84 
9.31E-
01 

0.93 0 1 51 2,511 83,681 86,244 NA 

amlodipine sitagliptin -0.07 0.84 
9.29E-
01 

0.93 0 1 48 2,511 83,684 86,244 NA 

amlodipine piroxicam -0.10 0.84 
8.98E-
01 

0.90 0 1 48 2,511 83,684 86,244 NA 

amlodipine moxifloxacin -0.14 0.48 
7.70E-
01 

0.87 0 4 153 2,508 83,579 86,244 NA 

amlodipine naproxen -0.18 0.32 
5.71E-
01 

0.83 0 10 375 2,502 83,357 86,244 NA 

amlodipine phenytoin -0.20 0.64 
7.52E-
01 

0.82 0 2 96 2,510 83,636 86,244 NA 

amlodipine zolpidem -0.20 0.48 
6.61E-
01 

0.82 0 4 165 2,508 83,567 86,244 NA 

amlodipine methylprednisolone -0.21 0.84 
7.95E-
01 

0.81 0 1 53 2,511 83,679 86,244 NA 

amlodipine ciprofloxacin -0.21 0.22 
3.23E-
01 

0.81 0 22 818 2,490 82,914 86,244 NA 

amlodipine butorphanol -0.22 0.54 
6.79E-
01 

0.81 0 3 131 2,509 83,601 86,244 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine topiramate -0.24 0.84 
7.62E-
01 

0.79 0 1 57 2,511 83,675 86,244 NA 

amlodipine prednisone -0.25 0.38 
5.14E-
01 

0.78 0 7 266 2,505 83,466 86,244 NA 

amlodipine metronidazole -0.28 0.45 
5.41E-
01 

0.76 0 5 192 2,507 83,540 86,244 NA 

amlodipine nitrofurantoin -0.28 0.36 
4.38E-
01 

0.76 0 8 283 2,504 83,449 86,244 NA 

amlodipine midazolam -0.29 0.83 
7.10E-
01 

0.75 0 1 64 2,511 83,668 86,244 NA 

amlodipine levofloxacin -0.30 0.23 
1.92E-
01 

0.74 0 20 795 2,492 82,937 86,244 NA 

amlodipine sulfamethoxazole -0.30 0.23 
1.87E-
01 

0.74 0 20 820 2,492 82,912 86,244 NA 

amlodipine trazodone -0.30 0.83 
7.03E-
01 

0.74 0 1 61 2,511 83,671 86,244 NA 

amlodipine diphenhydramine -0.31 0.38 
4.12E-
01 

0.73 0 7 288 2,505 83,444 86,244 NA 

amlodipine fentanyl -0.32 0.64 
6.04E-
01 

0.73 0 2 106 2,510 83,626 86,244 NA 

amlodipine tramadol -0.33 0.32 
3.05E-
01 

0.72 0 10 441 2,502 83,291 86,244 NA 

amlodipine trimethoprim -0.33 0.23 
1.52E-
01 

0.72 0 19 801 2,493 82,931 86,244 NA 

amlodipine cortisone -0.34 0.64 
5.76E-
01 

0.71 0 2 104 2,510 83,628 86,244 NA 

amlodipine promethazine -0.36 0.31 
2.37E-
01 

0.70 0 11 473 2,501 83,259 86,244 NA 

amlodipine celecoxib -0.36 0.38 
3.44E-
01 

0.70 0 7 295 2,505 83,437 86,244 NA 

amlodipine aspirin -0.39 0.22 
6.87E-
02 

0.67 0 22 1,031 2,490 82,701 86,244 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine rofecoxib -0.40 0.54 
4.25E-
01 

0.67 0 3 157 2,509 83,575 86,244 NA 

amlodipine povidone-iodine -0.44 0.64 
4.62E-
01 

0.65 0 2 117 2,510 83,615 86,244 NA 

amlodipine lidocaine -0.51 0.64 
3.82E-
01 

0.60 0 2 120 2,510 83,612 86,244 NA 

amlodipine diazepam -0.52 0.54 
2.96E-
01 

0.59 0 3 170 2,509 83,562 86,244 NA 

amlodipine cephalexin -0.54 0.25 
3.18E-
02 

0.58 0 16 817 2,496 82,915 86,244 NA 

amlodipine sumatriptan -0.55 0.83 
4.67E-
01 

0.58 0 1 81 2,511 83,651 86,244 NA 

amlodipine ibuprofen -0.55 0.34 
1.03E-
01 

0.58 0 9 533 2,503 83,199 86,244 NA 

amlodipine morphine -0.57 0.17 
5.35E-
04 

0.56 0 38 2,078 2,474 81,654 86,244 NA 

amlodipine meperidine -0.63 0.25 
1.05E-
02 

0.53 0 17 948 2,495 82,784 86,244 NA 

amlodipine oxycodone -0.63 0.25 
1.26E-
02 

0.53 0 16 941 2,496 82,791 86,244 NA 

amlodipine hydromorphone -0.63 0.41 
1.25E-
01 

0.53 0 6 347 2,506 83,385 86,244 NA 

amlodipine acetaminophen -0.69 0.20 
3.93E-
04 

0.50 0 27 1,670 2,485 82,062 86,244 NA 

amlodipine clavulanate -0.71 0.41 
8.52E-
02 

0.49 0 6 368 2,506 83,364 86,244 NA 

amlodipine cefaclor -0.74 0.48 
7.93E-
02 

0.48 0 4 287 2,508 83,445 86,244 NA 

amlodipine hydrocodone -0.75 0.23 
9.29E-
04 

0.47 0 20 1,321 2,492 82,411 86,244 NA 

amlodipine heparin -0.77 0.83 
2.89E-
01 

0.46 0 1 107 2,511 83,625 86,244 NA 
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object 
drug 

potential precipitant 
drug 

coef se pval or bonf nA nB nC nD total label 

amlodipine pentazocine -0.78 0.64 
1.61E-
01 

0.46 0 2 161 2,510 83,571 86,244 NA 

amlodipine amoxicillin -0.85 0.29 
3.60E-
03 

0.43 0 12 874 2,500 82,858 86,244 NA 

amlodipine propoxyphene -0.85 0.38 
2.57E-
02 

0.43 0 7 496 2,505 83,236 86,244 NA 

amlodipine epinephrine -0.88 0.83 
2.15E-
01 

0.42 0 1 101 2,511 83,631 86,244 NA 

amlodipine ketorolac -0.94 0.64 
8.27E-
02 

0.39 0 2 208 2,510 83,524 86,244 NA 

amlodipine pseudoephedrine -0.98 0.83 
1.59E-
01 

0.38 0 1 124 2,511 83,608 86,244 NA 

amlodipine erythromycin -1.02 0.34 
2.35E-
03 

0.36 0 9 745 2,503 82,987 86,244 NA 

amlodipine prochlorperazine -1.06 0.64 
4.52E-
02 

0.35 0 2 217 2,510 83,515 86,244 NA 

amlodipine iodine -1.21 0.45 
7.16E-
03 

0.30 0 5 537 2,507 83,195 86,244 NA 

amlodipine tetracycline -1.25 0.54 
3.57E-
03 

0.29 0 3 377 2,509 83,355 86,244 NA 

amlodipine sulfur -1.91 0.82 
8.25E-
04 

0.15 0 1 310 2,511 83,422 86,244 NA 

 
Columns “object drug” and “potential precipitant drug” indicate the ADRs for the object and potential precipitant drugs, respectively, 
used in the regression analysis. 
Columns “coef”, “se”, “pval”, and “or” indicate the regression beta-coefficient, standard error, p-value, and odds ratio, respectively. 
Column “bonf” indicates whether the p-value passed Bonferroni correction. 
Columns “nA”, “nB”, “nC”, and “nD” are the patient counts in the 2x2 contingency table (Supplementary Figure 3). Column 
“total_patients” is the sum of columns “nA”, “nB”, “nC”, and “nD”. 
Column “label” indicates the final label for the object and potential precipitant drug pair after automated classification followed by 
domain expert review (Supplementary Figure 2). 
DDIWAS: Drug-Drug Interaction Wide Association Study; ADRs: adverse drug reactions. 
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Supplementary Table 2: Comparison of outputs from logistic regression adjusted for baseline covariates and with 
additional adjustment for potential precipitant drug indications. 

object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

simvastatin alendronate 
additional adjustment 
for potential precipitant 
drug indications 

1.20 0.31 
1.10E-
04 

3.33 12 93 2,802 85,780 88,687 

simvastatin alendronate 
adjusted for baseline 
covariates only 

1.26 0.31 
4.63E-
05 

3.53 12 93 2,802 85,780 88,687 

simvastatin amlodipine 
additional adjustment 
for potential precipitant 
drug indications 

0.79 0.21 
1.43E-
04 

2.20 26 285 2,788 85,588 88,687 

simvastatin amlodipine 
adjusted for baseline 
covariates only 

0.94 0.21 
5.37E-
06 

2.56 26 285 2,788 85,588 88,687 

simvastatin fenofibrate 
additional adjustment 
for potential precipitant 
drug indications 

2.33 0.28 
3.61E-
17 

10.23 21 50 2,793 85,823 88,687 

simvastatin fenofibrate 
adjusted for baseline 
covariates only 

2.53 0.26 
5.80E-
22 

12.57 21 50 2,793 85,823 88,687 

simvastatin gemfibrozil 
additional adjustment 
for potential precipitant 
drug indications 

1.84 0.34 
5.21E-
08 

6.29 12 49 2,802 85,824 88,687 

simvastatin gemfibrozil 
adjusted for baseline 
covariates only 

1.98 0.32 
1.14E-
09 

7.21 12 49 2,802 85,824 88,687 

simvastatin hydrochlorothiazide 
additional adjustment 
for potential precipitant 
drug indications 

1.15 0.22 
1.64E-
07 

3.17 24 192 2,790 85,681 88,687 

simvastatin hydrochlorothiazide 
adjusted for baseline 
covariates only 

1.30 0.22 
2.63E-
09 

3.67 24 192 2,790 85,681 88,687 

simvastatin irbesartan 
additional adjustment 
for potential precipitant 
drug indications 

2.02 0.53 
1.50E-
04 

7.54 5 13 2,809 85,860 88,687 
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object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

simvastatin irbesartan 
adjusted for baseline 
covariates only 

2.35 0.53 
8.88E-
06 

10.50 5 13 2,809 85,860 88,687 

simvastatin lisinopril 
additional adjustment 
for potential precipitant 
drug indications 

0.51 0.14 
2.31E-
04 

1.67 57 853 2,757 85,020 88,687 

simvastatin lisinopril 
adjusted for baseline 
covariates only 

0.66 0.14 
2.21E-
06 

1.93 57 853 2,757 85,020 88,687 

simvastatin losartan 
additional adjustment 
for potential precipitant 
drug indications 

1.18 0.33 
2.83E-
04 

3.26 11 82 2,803 85,791 88,687 

simvastatin losartan 
adjusted for baseline 
covariates only 

1.35 0.32 
3.00E-
05 

3.86 11 82 2,803 85,791 88,687 

simvastatin metoprolol 
additional adjustment 
for potential precipitant 
drug indications 

1.42 0.22 
8.57E-
11 

4.14 25 165 2,789 85,708 88,687 

simvastatin metoprolol 
adjusted for baseline 
covariates only 

1.52 0.22 
2.50E-
12 

4.56 25 165 2,789 85,708 88,687 

simvastatin niacin 
additional adjustment 
for potential precipitant 
drug indications 

1.22 0.17 
1.86E-
13 

3.40 44 349 2,770 85,524 88,687 

simvastatin niacin 
adjusted for baseline 
covariates only 

1.36 0.16 
4.44E-
17 

3.90 44 349 2,770 85,524 88,687 

simvastatin olmesartan 
additional adjustment 
for potential precipitant 
drug indications 

1.64 0.40 
3.50E-
05 

5.16 8 37 2,806 85,836 88,687 

simvastatin olmesartan 
adjusted for baseline 
covariates only 

1.77 0.39 
7.05E-
06 

5.86 8 37 2,806 85,836 88,687 

simvastatin risedronate 
additional adjustment 
for potential precipitant 
drug indications 

1.64 0.45 
2.95E-
04 

5.13 6 31 2,808 85,842 88,687 

simvastatin risedronate 
adjusted for baseline 
covariates only 

1.71 0.45 
1.42E-
04 

5.54 6 31 2,808 85,842 88,687 
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object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

simvastatin triamterene 
additional adjustment 
for potential precipitant 
drug indications 

1.59 0.35 
6.12E-
06 

4.90 10 52 2,804 85,821 88,687 

simvastatin triamterene 
adjusted for baseline 
covariates only 

1.71 0.35 
8.87E-
07 

5.52 10 52 2,804 85,821 88,687 

amlodipine atenolol 
additional adjustment 
for potential precipitant 
drug indications 

2.05 0.20 
5.80E-
24 

7.75 33 119 2,479 83,613 86,244 

amlodipine atenolol 
adjusted for baseline 
covariates only 

2.20 0.20 
2.45E-
28 

9.05 33 119 2,479 83,613 86,244 

amlodipine atorvastatin 
additional adjustment 
for potential precipitant 
drug indications 

1.15 0.14 
2.82E-
16 

3.15 60 560 2,452 83,172 86,244 

amlodipine atorvastatin 
adjusted for baseline 
covariates only 

1.28 0.14 
1.67E-
20 

3.60 60 560 2,452 83,172 86,244 

amlodipine carvedilol 
additional adjustment 
for potential precipitant 
drug indications 

2.03 0.25 
1.30E-
15 

7.61 21 79 2,491 83,653 86,244 

amlodipine carvedilol 
adjusted for baseline 
covariates only 

2.17 0.25 
2.21E-
18 

8.77 21 79 2,491 83,653 86,244 

amlodipine chlorthalidone 
additional adjustment 
for potential precipitant 
drug indications 

2.20 0.37 
3.55E-
09 

9.00 10 30 2,502 83,702 86,244 

amlodipine chlorthalidone 
adjusted for baseline 
covariates only 

2.30 0.37 
4.28E-
10 

10.02 10 30 2,502 83,702 86,244 

amlodipine clonidine 
additional adjustment 
for potential precipitant 
drug indications 

1.80 0.20 
2.42E-
20 

6.07 34 155 2,478 83,577 86,244 

amlodipine clonidine 
adjusted for baseline 
covariates only 

1.96 0.19 
1.44E-
24 

7.12 34 155 2,478 83,577 86,244 
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object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

amlodipine diltiazem 
additional adjustment 
for potential precipitant 
drug indications 

1.81 0.20 
1.86E-
19 

6.14 32 150 2,480 83,582 86,244 

amlodipine diltiazem 
adjusted for baseline 
covariates only 

1.87 0.20 
2.16E-
21 

6.50 32 150 2,480 83,582 86,244 

amlodipine ezetimibe 
additional adjustment 
for potential precipitant 
drug indications 

0.89 0.28 
1.71E-
03 

2.44 14 138 2,498 83,594 86,244 

amlodipine ezetimibe 
adjusted for baseline 
covariates only 

1.11 0.28 
8.48E-
05 

3.03 14 138 2,498 83,594 86,244 

amlodipine felodipine 
additional adjustment 
for potential precipitant 
drug indications 

3.20 0.48 
1.77E-
11 

24.62 9 10 2,503 83,722 86,244 

amlodipine felodipine 
adjusted for baseline 
covariates only 

3.29 0.46 
1.38E-
12 

26.90 9 10 2,503 83,722 86,244 

amlodipine furosemide 
additional adjustment 
for potential precipitant 
drug indications 

1.66 0.30 
2.53E-
08 

5.25 14 83 2,498 83,649 86,244 

amlodipine furosemide 
adjusted for baseline 
covariates only 

1.65 0.29 
1.47E-
08 

5.22 14 83 2,498 83,649 86,244 

amlodipine hydralazine 
additional adjustment 
for potential precipitant 
drug indications 

2.13 0.22 
8.38E-
23 

8.44 29 108 2,483 83,624 86,244 

amlodipine hydralazine 
adjusted for baseline 
covariates only 

2.18 0.21 
9.15E-
25 

8.88 29 108 2,483 83,624 86,244 

amlodipine hydrochlorothiazide 
additional adjustment 
for potential precipitant 
drug indications 

1.85 0.12 
6.92E-
55 

6.37 94 436 2,418 83,296 86,244 

amlodipine hydrochlorothiazide 
adjusted for baseline 
covariates only 

1.95 0.12 
1.18E-
62 

7.01 94 436 2,418 83,296 86,244 



89 

 

 

object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

amlodipine indapamide 
additional adjustment 
for potential precipitant 
drug indications 

2.84 0.66 
1.89E-
05 

17.06 4 7 2,508 83,725 86,244 

amlodipine indapamide 
adjusted for baseline 
covariates only 

2.83 0.63 
6.90E-
06 

16.95 4 7 2,508 83,725 86,244 

amlodipine isosorbide 
additional adjustment 
for potential precipitant 
drug indications 

1.63 0.31 
2.32E-
07 

5.09 12 74 2,500 83,658 86,244 

amlodipine isosorbide 
adjusted for baseline 
covariates only 

1.66 0.31 
1.33E-
07 

5.24 12 74 2,500 83,658 86,244 

amlodipine labetalol 
additional adjustment 
for potential precipitant 
drug indications 

2.02 0.48 
2.08E-
05 

7.57 6 23 2,506 83,709 86,244 

amlodipine labetalol 
adjusted for baseline 
covariates only 

2.17 0.46 
2.97E-
06 

8.72 6 23 2,506 83,709 86,244 

amlodipine levothyroxine 
additional adjustment 
for potential precipitant 
drug indications 

1.81 0.50 
3.07E-
04 

6.13 5 21 2,507 83,711 86,244 

amlodipine levothyroxine 
adjusted for baseline 
covariates only 

1.90 0.50 
1.45E-
04 

6.70 5 21 2,507 83,711 86,244 

amlodipine metoprolol 
additional adjustment 
for potential precipitant 
drug indications 

2.22 0.15 
2.70E-
48 

9.24 62 194 2,450 83,538 86,244 

amlodipine metoprolol 
adjusted for baseline 
covariates only 

2.35 0.15 
1.91E-
56 

10.52 62 194 2,450 83,538 86,244 

amlodipine minoxidil 
additional adjustment 
for potential precipitant 
drug indications 

2.00 0.39 
2.11E-
07 

7.40 9 36 2,503 83,696 86,244 

amlodipine minoxidil 
adjusted for baseline 
covariates only 

2.21 0.38 
4.05E-
09 

9.14 9 36 2,503 83,696 86,244 
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object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

amlodipine nebivolol 
additional adjustment 
for potential precipitant 
drug indications 

1.93 0.38 
4.21E-
07 

6.89 9 37 2,503 83,695 86,244 

amlodipine nebivolol 
adjusted for baseline 
covariates only 

2.09 0.38 
2.68E-
08 

8.05 9 37 2,503 83,695 86,244 

amlodipine nifedipine 
additional adjustment 
for potential precipitant 
drug indications 

2.20 0.15 
2.21E-
49 

9.00 64 212 2,448 83,520 86,244 

amlodipine nifedipine 
adjusted for baseline 
covariates only 

2.28 0.15 
1.65E-
55 

9.80 64 212 2,448 83,520 86,244 

amlodipine omeprazole 
additional adjustment 
for potential precipitant 
drug indications 

1.48 0.34 
1.46E-
05 

4.40 10 66 2,502 83,666 86,244 

amlodipine omeprazole 
adjusted for baseline 
covariates only 

1.49 0.34 
1.31E-
05 

4.43 10 66 2,502 83,666 86,244 

amlodipine pravastatin 
additional adjustment 
for potential precipitant 
drug indications 

0.85 0.26 
9.38E-
04 

2.34 17 182 2,495 83,550 86,244 

amlodipine pravastatin 
adjusted for baseline 
covariates only 

1.11 0.26 
1.41E-
05 

3.03 17 182 2,495 83,550 86,244 

amlodipine prazosin 
additional adjustment 
for potential precipitant 
drug indications 

3.58 0.72 
6.58E-
07 

35.93 4 5 2,508 83,727 86,244 

amlodipine prazosin 
adjusted for baseline 
covariates only 

3.38 0.68 
7.69E-
07 

29.43 4 5 2,508 83,727 86,244 

amlodipine rosuvastatin 
additional adjustment 
for potential precipitant 
drug indications 

0.90 0.21 
2.45E-
05 

2.46 25 247 2,487 83,485 86,244 

amlodipine rosuvastatin 
adjusted for baseline 
covariates only 

1.19 0.21 
2.14E-
08 

3.27 25 247 2,487 83,485 86,244 
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object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

amlodipine simvastatin 
additional adjustment 
for potential precipitant 
drug indications 

0.84 0.15 
5.56E-
08 

2.31 48 525 2,464 83,207 86,244 

amlodipine simvastatin 
adjusted for baseline 
covariates only 

1.08 0.15 
1.49E-
12 

2.95 48 525 2,464 83,207 86,244 

amlodipine spironolactone 
additional adjustment 
for potential precipitant 
drug indications 

2.34 0.26 
2.80E-
19 

10.39 21 67 2,491 83,665 86,244 

amlodipine spironolactone 
adjusted for baseline 
covariates only 

2.34 0.25 
2.89E-
20 

10.40 21 67 2,491 83,665 86,244 

amlodipine triamterene 
additional adjustment 
for potential precipitant 
drug indications 

1.80 0.27 
1.48E-
11 

6.03 18 88 2,494 83,644 86,244 

amlodipine triamterene 
adjusted for baseline 
covariates only 

1.87 0.26 
9.59E-
13 

6.47 18 88 2,494 83,644 86,244 

amlodipine valacyclovir 
additional adjustment 
for potential precipitant 
drug indications 

2.32 0.52 
8.05E-
06 

10.21 5 15 2,507 83,717 86,244 

amlodipine valacyclovir 
adjusted for baseline 
covariates only 

2.32 0.52 
8.22E-
06 

10.17 5 15 2,507 83,717 86,244 

amlodipine verapamil 
additional adjustment 
for potential precipitant 
drug indications 

1.86 0.25 
7.53E-
14 

6.43 21 94 2,491 83,638 86,244 

amlodipine verapamil 
adjusted for baseline 
covariates only 

1.94 0.24 
1.88E-
15 

6.95 21 94 2,491 83,638 86,244 

 
Table is a companion to Figure 2 and shows only drugs with Bonferroni p-value < 0.05 and OR > 1. 
See Supplementary Table 1 for description of columns. 
The “model” column indicates whether the results are from the regression adjusted for baseline covariates only or with additional 
adjustment for potential precipitant drug indications. 
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Supplementary Table 3: PPVs for Simvastatin and Amlodipine DDIWAS 

Object Drug Minimum Patient Count Thresholds TPs FPs PPV 

simvastatin 1 11 2 0.85 

simvastatin 5 11 2 0.85 

simvastatin 10 8 2 0.80 

simvastatin 20 5 0 1.00 

amlodipine 1 24 4 0.86 

amlodipine 5 22 4 0.85 

amlodipine 10 18 2 0.90 

amlodipine 20 13 0 1.00 

 
Minimum patient count thresholds were the number of patients required in each cell of the 2x2 contingency table. 
TPs: True-positives. Number of significantly associated potential precipitant drugs that had known DDIs with the object drug. 
FPs: False-positives. Number of significantly associated potential precipitant drugs that did not have previously reported DDIs with 
the object drug. 
PPV: Positive predictive value. 
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Supplementary Table 4: Comparison of results from baseline regression and regression with additional 
adjustment for potential precipitant drug-ADRs. 

object 
drug 

potential precipitant 
drug 

model coef se pval or nA nB nC nD 
total 
patients 

amlodipine atorvastatin 
adjusted for baseline 
covariates only 

1.28 0.14 
1.67E-
20 

3.60 60 560 2,452 83,172 86,244 

amlodipine atorvastatin 
additional adjustment for 
ADRs to simvastatin and 
atorvastatin 

1.10 0.15 
6.44E-
14 

2.99 60 560 2,452 83,172 86,244 

amlodipine ezetimibe 
adjusted for baseline 
covariates only 

1.11 0.28 
8.48E-
05 

3.03 14 138 2,498 83,594 86,244 

amlodipine ezetimibe 
additional adjustment for 
ADRs to simvastatin and 
atorvastatin 

0.32 0.31 
2.89E-
01 

1.38 14 138 2,498 83,594 86,244 

amlodipine simvastatin 
adjusted for baseline 
covariates only 

1.08 0.15 
1.49E-
12 

2.95 48 525 2,464 83,207 86,244 

amlodipine simvastatin 
additional adjustment for 
ADRs to simvastatin and 
atorvastatin 

0.78 0.17 
3.08E-
06 

2.18 48 525 2,464 83,207 86,244 

simvastatin hydrochlorothiazide 
adjusted for baseline 
covariates only 

1.30 0.22 
2.63E-
09 

3.67 24 192 2,790 85,681 88,687 

simvastatin hydrochlorothiazide 
additional adjustment for 
ADRs to HCTZ 

1.07 0.27 
7.63E-
05 

2.91 24 192 2,790 85,681 88,687 

simvastatin triamterene 
adjusted for baseline 
covariates only 

1.71 0.35 
8.87E-
07 

5.52 10 52 2,804 85,821 88,687 

simvastatin triamterene 
additional adjustment for 
ADRs to HCTZ 

0.76 0.43 
7.56E-
02 

2.14 10 52 2,804 85,821 88,687 

 
See Supplementary Table 1 for description of columns. 
The “model” column indicates whether the results are from the regression adjusted for baseline covariates only or regression with 
additional adjustment for potential precipitant drug-ADRs. 
HCTZ: hydrochlorothiazide; ADRs: adverse drug reactions. 
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CHAPTER 4 
 

COMBINING TRANSCRIPTOMIC DATA AND ELECTRONIC HEALTH RECORDS TO 
REPURPOSE DRUGS 

 

Abstract 

Discovering novel uses for existing drugs or drug repurposing reduces time, costs, and the risk 

of failure associated with new drug development. We present a generalizable high-throughput 

approach to identify and validate drug repurposing candidates, which integrates human 

transcriptomes, drug perturbation data, and clinical data. We applied our method to find potential 

repurposing candidates for two complex phenotypes, hyperlipidemia and hypertension. We 

screened >21,000 drugs and replicated seven and ten approved drugs for hyperlipidemia and 

hypertension, respectively. We also identified existing drugs with repurposing potential for both 

phenotypes. We found three drugs with significant therapeutic effects on clinically-relevant 

biomarkers in two independent electronic health record databases, including the All of Us data 

set. Our approach allows researchers to integrate multiple large publicly available biomedical 

data sets to repurpose drugs across the human phenome. 

Introduction 

New drug development is expensive, often fails, and takes a long time. Drug repurposing aims to 

address these problems by finding new indications for approved drugs.[83] Repurposing existing 

drugs reduces the risk of failure due to well-characterized safety profiles, lowers development 

costs, and shortens the overall duration by bypassing safety studies. A challenge to drug 

repurposing has been the lack of systematic approaches to identify promising drug candidates. 

To address this problem, researchers developed methods to identify drug repurposing 

candidates by mining clinical data in electronic health records (EHRs) and publicly available 

transcriptomic data. Many successfully repurposed drugs, like rituximab[88] were identified by 

retrospective clinical analysis. To apply retrospective analysis at scale, researchers developed 

methods to systematically search EHR data for drug repurposing candidates. They have used 

these data mining approaches to identify existing drugs as new treatments for cancer[13,93] and 

neurodegenerative diseases.[141] Likewise, other groups have leveraged public transcriptomic 
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data to repurpose existing drugs. They reason that drugs which reverse a disease phenotype’s 

transcriptomic signature will reverse the mechanisms causing the disease. Using signature 

matching, researchers have replicated drug indications[142] and discovered new uses for 

existing drugs.[99] 

These studies demonstrated the feasibility of using EHR and transcriptomic data to repurpose 

drugs, but technological barriers limited the generalizability of these methods. For EHR mining 

studies, programs written to extract data from one EHR system could not be used without labor 

and time-intensive changes. These changes were required due to proprietary EHR data 

structures between institutions. However, standard frameworks, like the Observational Medical 

Outcomes Partnership (OMOP) Common Data Model (CDM) allow researchers to use programs 

with only minor changes. Likewise, signature matching approaches were limited by the high 

costs to generate transcriptomic data for human phenotypes. Thus, for phenotypes without 

human data, researchers used data generated from pre-clinical animal studies. Recent 

methods[47] to estimate transcriptomic signatures for human diseases provide a rich resource 

for signature matching approaches.[100,143] 

Here, we describe a high-throughput approach integrating genetically regulated transcriptomic 

signatures, drug perturbation studies, and routinely collected clinical data to identify and validate 

drug repurposing candidates (Figure 1). The three major steps of the approach include 1) 

estimating the transcriptomic signatures associated with a target phenotype using genome-wide 

association study (GWAS) summary statistics and S-PrediXcan,[47] 2) searching the Integrative 

Library of Integrated Network-Based Cellular Signatures (iLINCS)[62,63,144] database for drugs 

that reversed that signal, and 3) Validating promising drug repurposing candidates using real-

world clinical data within a local EHR and in the All of Us data set.[9,145] We applied our method 

to find potential repurposing candidates for two complex phenotypes, hyperlipidemia and 

hypertension. Transcriptomes, drug perturbation data, and the All of Us data set are all publicly 

available. We have also shared scripts designed to extract data from the widely used OMOP 

CDM. 
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Figure 1. Study design and workflow 

A transcriptomic signature for each phenotype was estimated using S-PrediXcan and GWAS 
summary statistics. For each phenotype’s transcriptomic signature, genes were sorted from the 
most upregulated to the most downregulated. The top upregulated and downregulated genes 
were then uploaded to the iLINCS drug database. From iLINCs, an initial list of drug repurposing 
candidates was obtained; drugs in this list induced perturbations that reversed the S-PrediXcan 
estimated phenotype transcriptomic signatures. In this set of drug repurposing candidates, a 
replication study was then conducted by looking for approved drugs for the target phenotypes. In 
the discovery study, potentially novel drug repurposing candidates were clinically validated using 
real-world data from two independent EHR databases. MEDI: MEDication Indication; GWAS: 
genome-wide association study; iLINCS: Integrative Library of Integrated Network-Based 
Cellular Signature; EHRs: electronic health records. 
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Results 

Phenotype transcriptomic signatures and drug database query 

For hyperlipidemia and hypertension phenotypes, we searched a public database[146,147] for 

genetically regulated transcriptomic signatures. The database’s authors estimated these 

transcriptomic signatures using GWAS summary statistics[148,149] and S-PrediXcan.[47,48] We 

uploaded the S-PrediXcan estimated transcriptomic signatures (Supplementary Tables 1-2 , 

Supplementary Figure 1) to iLINCS. In iLINCS, we found 121 and 164 potential drug 

repurposing candidates with perturbations reversing the transcriptomic signatures for 

hyperlipidemia (Supplementary Table 3) and hypertension (Supplementary Table 4), 

respectively. 

Replication study 

We validated our estimated signature matching approach by searching the iLINCS lists for drugs 

approved for treating hyperlipidemia and hypertension. For hyperlipidemia, we found seven lipid-

lowering drugs, including multiple statins and fibrates (Supplementary Table 3). For 

hypertension, we found ten antihypertensive drugs, including three diuretics 

(bendroflumethiazide, ethacrynate, spironolactone), one vasodilator (iloprost), one calcium 

channel blocker (amlodipine), three beta-blockers (carvedilol, esmolol, and nadolol), and two 

angiotensin-converting enzyme (ACE) inhibitors (benazepril and captopril) (Supplementary 

Table 4). 

Discovery study 

We next performed a discovery study, applying our method to find existing drugs not approved 

for treating the phenotypes of interest with clinical validation in Vanderbilt’s EHR database. To 

identify drug repurposing candidates from the iLINCS lists for clinical validation, we used a two-

stage filtering approach (Supplementary Figure 2). In the first stage, we leveraged structured 

data to automate the filtering process. We excluded drugs if they were not prescribable, were 

approved for treating the phenotype of interest (i.e., approved lipid-lowering and 

antihypertensive drugs), and induced perturbations positively correlated with the estimated 

phenotype transcriptomic signature. In the second stage, we manually reviewed the remaining 
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candidates to exclude non-systemic drugs, drugs more commonly used for acute conditions, 

drugs with toxicity issues (e.g., chemotherapeutic agents), and drugs that were not taken by 

enough patients for clinical validation studies. For hyperlipidemia, this resulted in four drug 

repurposing candidates to clinically validate in the EHR: alendronate, megestrol, quinapril, and 

lisinopril. Lisinopril was not in the hyperlipidemia iLINCS list; we added the drug to the clinical 

validation list, as quinapril and lisinopril are both angiotensin-converting enzyme (ACE) 

inhibitors, but lisinopril is more commonly prescribed. For hypertension, we validated ten drug 

repurposing candidates with the largest sample sizes in the Vanderbilt EHR. These drugs were 

tacrolimus, budesonide, digoxin, pioglitazone, fluoxetine, haloperidol, sertraline, estradiol, 

escitalopram, and atorvastatin. 

To validate these candidates, we used a self-controlled case series (SCCS) study design. As 

shown Figure 2, consider the clinical validation study of lisinopril as a drug repurposing 

candidate for hyperlipidemia. In this experiment, we calculated the low-density lipoprotein 

cholesterol (LDL-C) decrease due to lisinopril exposure. For each patient, we defined an 

observation period comprising two parts, a baseline period (prior to lisinopril exposure) and 

treatment period (post lisinopril exposure). The baseline and treatment periods were separated 

by the index date, which we defined as the first date each patient was exposed to lisinopril. We 

then calculated the outpatient median LDL-C values for both baseline and treatment periods, 

respectively. We used a paired one-tailed t-test to determine whether patients experienced 

statistically significant decreases of LDL-C after being exposed to lisinopril. 
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Figure 2. Clinical validation study design 

Illustration of self-controlled case series study design used for clinical validation studies in EHRs. 
The phenotype of interest is hyperlipidemia, and the drug repurposing candidate is lisinopril. The 
outcome is the change in median LDL-C from baseline after exposure to lisinopril. LDL-C: low-
density lipoprotein cholesterol; EHRs: electronic health records. 

 

For the hyperlipidemia clinical validation study, we quantified the effects of five drugs on LDL-C 

levels. In addition to the four drug repurposing candidates from iLINCS, we added the most 

common lipid-lowering drug, simvastatin as a positive control. There were 6,305 patients on 

simvastatin, 620 on alendronate, 36 on megestrol, 170 on quinapril, and 2,447 on lisinopril in 

Vanderbilt’s EHR (Supplementary Figure 3). These patients were not exposed to known lipid-

lowering drugs during the baseline and treatment periods. For the simvastatin positive control 

experiment, patients were not exposed to other known lipid-lowering drugs. The 

sociodemographic characteristics for these patients are shown in Supplementary Table 5. As 

expected, we saw significant decreases in LDL-C levels in patients exposed to simvastatin (-

31.30 mg/dl, P < 2.2x10-16) (Figure 3a, Table 1). Out of the four candidates tested, we found only 

lisinopril had a significant effect on decreasing LDL-C levels (-1.18 mg/dl, P = 5.88x10-3) after 

Bonferroni correction. Using a raw P < 0.05, patients exposed to quinapril also experienced 

decreases in LDL-C (-3.65 mg/dl, P = 0.028). 
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Figure 3. EHR validation study results for drug repurposing candidates. 

Means of median biomarker values are shown. Circles indicate baseline values, squares 
indicate treatment values, and error bars represent 95% confidence intervals. P-values were 
calculated using paired one-tailed t-tests. The null hypothesis was that the drugs had no effect 
on or increased the biomarker, and the alternative hypothesis was that the drugs decreased the 
biomarker. The biomarker for hyperlipidemia was LDL-C. The biomarker for hypertension was 
systolic blood pressure. a, Vanderbilt clinical validation study results. b, All of Us clinical 
validation study results. EHR: electronic health record; LDL-C: low-density lipoprotein 
cholesterol. 
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Table 1: Vanderbilt clinical validation study results. 

Phenotype Drug N Biomarker Baseline Treatment Change P Bonferroni 

Hyperlipidemia Simvastatin# 6,305 LDL-C (mg/dl) 130.18 (38.16) 98.89 (31.38) -31.30 (36.45) < 2.2E-16 Yes 

 Alendronate 620  109.45 (30.23) 109.86 (31.02) 0.41 (22.42) 0.68 No 

 Megestrol 36  104.15 (31.42) 97.86 (27.94) -6.29 (30.46) 0.11 No 

 Quinapril 170  112.67 (30.68) 109.02 (29.36) -3.65 (24.83) 0.028 No 

 Lisinopril 2,447  114.36 (30.98) 113.18 (30.15) -1.18 (23.19) 5.88E-03 Yes 

Hypertension Losartan# 3,759 SBP (mm Hg) 136.34 (14.57) 132.52 (13.55) -3.82 (14.88) < 2.2E-16 Yes 

 Tacrolimus 527  119.87 (12.42) 120.43 (12.77) 0.56 (11.55) 0.87 No 

 Budesonide 4,204  119.47 (12.63) 119.69 (12.72) 0.22 (11.12) 0.90 No 

 Digoxin 220  123.85 (16.85) 123.68 (15.85) -0.17 (15.07) 0.43 No 

 Pioglitazone 581  127.44 (14.08) 126.95 (13.02) -0.49 (13.09) 0.18 No 

 Fluoxetine 7,724  119.24 (13.42) 118.97 (13.12) -0.27 (12.08) 0.03 No 

 Haloperidol 441  122.61 (13.55) 121.39 (13.63) -1.22 (14.14) 0.036 No 

 Sertraline 14,168  119.32 (13.13) 118.92 (12.82) -0.40 (11.75) 2.73E-05 Yes 

 Estradiol 9,794  120.67 (13.24) 120.23 (13.22) -0.43 (11.87) 1.52E-04 Yes 

 Escitalopram 12,535  119.06 (13.17) 118.52 (12.99) -0.55 (11.79) 1.03E-07 Yes 

 Atorvastatin 8,027  125.69 (13.34) 124.97 (12.94) -0.73 (12.71) 1.58E-07 Yes 

 
Change was calculated by subtracting median measurements during treatment period from that of baseline periods. 
For LDL-C, values are mean (SD) LDL-C plasma levels, mg/dl. For SBP, values are mean (SD), mm Hg. 
pvalues were calculated using one-tailed paired t-test. 
Bonferroni: hyperlipidemia = 0.05/5 = 0.1, hypertension = 0.05/11 = 4.54x10 -3. 
# = Positive Control. 
LDL-C: low-density lipoprotein cholesterol; SBP: systolic blood pressure. 
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For hypertension, we quantified the effects of eleven drugs on the biomarker, systolic blood 

pressure (SBP). In addition to the ten drugs from the iLINCS drug list, we added losartan as a 

positive control. There were 3,759 patients on losartan, 527 on tacrolimus, 4,204 on budesonide, 

220 on digoxin, 581 on pioglitazone, 7,724 on fluoxetine, 441 on haloperidol, 14,168 on 

sertraline, 9,787 on estradiol, 12,535 on escitalopram, and 8,027 on atorvastatin from 

Vanderbilt’s EHR (Supplementary Figure 3). These patients were not exposed to known 

antihypertensive drugs during baseline and treatment periods. For the losartan positive control 

experiment, patients were not exposed to other known antihypertensive drugs. The 

sociodemographic characteristics for the cohorts are shown in Supplementary Table 5. For 

these patients, we extracted SBP measurements both at baseline and after treatment. As 

expected in the positive control experiment, we saw a significant decrease in SBP after patients 

were exposed to losartan (-3,82 mm Hg, P < 2.2x10-16) (Figure 3a, Table 1). Out of the ten drug 

repurposing candidates tested, four drugs had significant effects on decreasing SBP with 

Bonferroni correction: sertraline (-0.40 mm Hg, P = 2.73x10-5), estradiol (-0.43 mm Hg, P = 

1.52x10-4), escitalopram (-0.55 mm Hg, P = 1.03x10-7), and atorvastatin (-0.73 mm Hg, P = 

1.58x10-7) (Figure 3a, Table 1). Using a raw P < 0.05, patients experienced decreases in SBP 

after being exposed to fluoxetine (-0.27 mm Hg, P = 0.03) and haloperidol (-1.22 mm Hg, P = 

0.036). 

To confirm our observations in the clinical validation studies, we performed external replication 

studies using data from All of Us. We performed replication studies for drugs with P < 0.05 in the 

Vanderbilt EHR clinical validation experiments. For hyperlipidemia, there were 1526 patients on 

simvastatin (positive control) and 899 patients on lisinopril (Supplementary Figure 4, 

Supplementary Table 5). There were only 12 patients in the quinapril cohort, so we did not 

include the results in this analysis. We replicated the LDL-C lowering effects for both simvastatin 

(-27.78 mg/dl, P < 2.2x10-16) and lisinopril (-1.34 mg/dl, P = 0.041) (Figure 3b, Table 2). For 

hypertension, there were 328 patients on losartan (positive control), 839 on fluoxetine, 203 on 

haloperidol, 1094 on sertraline, 838 on estradiol, 709 on escitalopram, and 1842 on atorvastatin 

(Supplementary Figure 4, Supplementary Table 5). We replicated the SBP lowering effects for 

losartan (-2.20 mm Hg, P = 2.10x10-3), sertraline (-0.65 mm Hg, P = 0.019), and atorvastatin (-

0.51 mm Hg, P = 0.031) (Figure 3b, Table 2).
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Table 2: All of Us clinical validation study results. 

Phenotype Drug N Biomarker Baseline Treatment Change P Validated 

Hyperlipidemia Simvastatin# 1,526 LDL-C (mg/dl) 127.23 (38.16) 99.45 (28.74) -27.78 (34.32) < 2.2E-16 Yes 

 Lisinopril 899  109.54 (30.27) 108.19 (31.72) -1.34 (23.06) 0.041 Yes 

Hypertension Losartan# 328 SBP (mm Hg) 134.86 (12.71) 132.67 (12.26) -2.20 (13.79) 2.10E-03 Yes 

 Fluoxetine 839  118.55 (11.82) 118.52 (11.71) -0.03 (10.28) 0.47 No 

 Haloperidol 203  121.51 (12.05) 120.52 (12.72) -0.99 (11.04) 0.10 No 

 Sertraline 1,094  119.09 (11.89) 118.44 (11.67) -0.65 (10.28) 0.019 Yes 

 Estradiol 838  117.98 (11.48) 117.69 (11.49) -0.29 (10.17) 0.20 No 

 Escitalopram 709  118.39 (11.68) 118.54 (11.75) 0.15 (10.73) 0.65 No 

 Atorvastatin 1,842  124.28 (12.87) 123.77 (12.89) -0.51 (11.65) 0.031 Yes 

 
Change was calculated by subtracting median measurements during treatment period from that of baseline periods. 
For LDL-C, values are mean (SD) LDL-C plasma levels, mg/dl. For SBP, values are mean (SD), mm Hg. 
pvalues were calculated using one-tailed paired t-test. 
Bonferroni: hyperlipidemia = 0.05/5 = 0.1, hypertension = 0.05/11 = 4.54x10 -3. 
# = Positive Control. 
LDL-C: low-density lipoprotein cholesterol; SBP: systolic blood pressure.
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Discussion 

In this study, we described a high-throughput approach integrating estimated phenotype 

transcriptomic signatures and real-world data in EHRs to systematically discover and clinically 

validate potential drug repurposing candidates. We found that patients exposed to lisinopril 

experienced significant decreases in LDL-C levels. We also found that patients exposed to 

sertraline, escitalopram, estradiol, and atorvastatin experienced lower SBP. We also validated 

the LDL-C lowering effects for lisinopril and SBP lowering effects for sertraline and atorvastatin 

in the All of Us data set, with similar effect sizes. These effects have been observed in the 

published literature.[150,151] These results suggest that the increasing amount of publicly 

available omics and EHR data can be leveraged for drug repurposing studies. 

The main contribution of this study is an end-to-end pipeline using large publicly available 

human phenotype transcriptomic data and clinical data in EHRs. Only recently has it been able 

to combine these two powerful systematic approaches of using transcriptomic and clinical data, 

as methods and frameworks have been developed to overcome technological barriers. Methods 

like S-PrediXcan have made it possible to obtain genetically regulated transcriptomic signatures 

for 44 tissues for a large amount of human diseases with GWAS summary statistics available. 

Due to the still relatively high cost of RNA-seq experiments and difficulty with obtaining tissue 

biopsies of living patients (e.g., brain), estimated transcriptomic data provides a rich resource for 

signature matching drug repurposing. Further, these estimated transcriptomic data addresses 

the hurdle of obtaining transcriptomic data from traditional sources due to patient privacy 

concerns.[152] For clinical data, widely-adopted standards to structure data, like the OMOP 

CDM, increase the generalizability of EHR data mining studies and promotes reproducibility. 

Further, initiatives like the All of Us Research Program, allows researchers working at institutions 

without access to EHR data to conduct drug repurposing studies for their phenotype of interest. 

There are two key limitations of this study. First, the iLINCS database has drug signatures from 

a variety of cell types, but much of the data comes from cancer cell lines and primary non-

human cells, which could respond biologically differently than primary human cells. Thus, our 

initial query of iLINCS could be biased due to these in vitro experiments in non-primary human 

cells. As future similar drug repositories are generated, potentially from induced pluripotent stem 

cells and organoids,[153] increasingly more accurate drug perturbed transcriptomic data can be 
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generated. Second, we tackled “low-hanging” phenotypes in the EHR, phenotypes with common 

quantifiable biomarkers as the primary outcomes. But, many important diseases are not as 

easily measurable as these traits, so deep phenotyping methods, especially in the space of 

tracking progress over time[154] could further improve this method’s generalizability. 

In conclusion, we demonstrated as a proof-of-concept a high-throughput generalizable approach 

to identify drug repurposing candidates using genome-wide transcriptomic signatures. Novel 

drug repurposing candidates were clinically validated in real-world patients in two independent 

EHR databases. 

Methods 

Estimation of phenotype transcriptomic signatures 

We used publicly available transcriptomic signatures[155–157] estimated by S-

PrediXcan;[47,48] this method computes genome-wide transcriptomic signatures for target 

phenotypes using GWAS summary statistics (Figure 1). S-PrediXcan was trained using 

Genotype-Tissue Expression (GTEx),[49] a data set with genotypes linked to RNA-seq data for 

44 human tissues. The transcriptomic signature for hyperlipidemia was estimated using the 

whole blood elastic net model (tissue = “TW_Whole_Blood_Elastic_Net_0.5”)[158] and GWAS 

summary statistics from the Global Lipids Genetics Consortium with 188,577 individuals 

(phenotype = “GLGC_Mc_LDL”).[148,159] The file was downloaded from 

“https://s3.amazonaws.com/imlab-

open/Data/MetaXcan/results/metaxcan_results_database_v0.1.tar.gz”. The transcriptomic 

signature for hypertension (phenotype = “Systolic blood pressure, automated reading”) was 

estimated using an aggregate tissue model and GWAS summary statistics from a UK Biobank 

study with 340,159 individuals.[8,149] The file “smultixcan_4080_raw_ccn30.tsv.gz”, was 

downloaded from https://uchicago.box.com/shared/static/vket4ickq7qt3sj8dy3mv8zsr1our3xd.gz. 

Querying iLINCS database for drug repurposing candidates 

We obtained the initial list of drug repurposing candidates from iLINCS.[144] This database 

hosts drug perturbations (i.e., transcriptomic data) from in vitro experiments using a variety of 

cells including human cancer cell lines[63] and primary rat hepatocytes.[64,160] Overall, iLINCS 

contains expression measurements for 74,201 genes from 21,299 small molecules.[144] 

https://s3.amazonaws.com/imlab-open/Data/MetaXcan/results/metaxcan_results_database_v0.1.tar.gz
https://s3.amazonaws.com/imlab-open/Data/MetaXcan/results/metaxcan_results_database_v0.1.tar.gz
https://uchicago.box.com/shared/static/vket4ickq7qt3sj8dy3mv8zsr1our3xd.gz
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To query iLINCS for drug repurposing candidates, we searched for drugs that reversed the S-

PrediXcan estimated phenotype transcriptomic signatures. For hyperlipidemia, we sorted the 

genes from most upregulated to most downregulated, using z-scores. We then selected the top 

fifty most upregulated and downregulated genes, for a total of 100 genes. For hypertension, 

transcriptomic signatures from “smultixcan_4080_raw_ccn30.tsv.gz” for genes in 

“suppl_table_S1-significant_gene_trait_associations.xlsx”,[156] (trait = “4080_raw-

Systolic_blood_pressure_automated_reading”) were used. These genes were identified as likely 

causal genes for SBP. For both phenotypes, the transcriptomic signatures were uploaded to 

iLINCS. To measure the similarity between S-PrediXcan estimated phenotype transcriptomic 

signatures and drug perturbed transcriptomic signatures in iLINCS, either a weighted Pearson 

correlation[144] or moderated z-scores were used.[63] Promising drug repurposing candidates 

were those with perturbations that reversed the phenotype transcriptomic signature estimated by 

S-PrediXcan (i.e., negative correlation coefficient/concordance) with a P < 0.05 for 

hyperlipidemia and P < 0.001 for hypertension. 

For hyperlipidemia, we obtained drug repurposing candidates from DrugMatrix signatures. The 

DrugMatrix data set contains differential gene expression and p-values for ~13,000 

genes.[64,161] We used this set of drugs for hyperlipidemia because it contained data from 

primary liver tissue, which is one of the major tissues regulating LDL-C levels. For hypertension, 

we obtained drug repurposing candidates from LINCS chemical perturbagen experiments. The 

LINCS data set contains transcriptomic signatures from the L1000 project,[63] mainly from cell 

lines. We used the LINCS data set for hypertension because the drug list contained more known 

antihypertensive drugs than other data sets in iLINCS. 

Replication of approved drugs for target phenotypes 

To demonstrate the feasibility of using S-PrediXcan estimated phenotype transcriptomic 

signatures to identify drug repurposing candidates, we searched for known approved drugs for 

the target phenotypes (e.g., statin drugs for LDL-C) in the iLINCS drug lists. We mapped the 

drugs from iLINCS to active pharmaceutical ingredients using RxNorm. RxNorm is a 

standardized terminology that links drugs to concepts, unique terms that represent 

therapeutically equivalent medications.[14,162] To identify drugs approved for treating the target 

phenotypes, we used the MEDication Indication high-precision subset (MEDI-HPS) knowledge 

base.[23] MEDI-HPS links drug ingredients to phenotypes represented as International 
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Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes. To identify 

drug ingredients approved for treating hyperlipidemia, we used ICD-9-CM codes 272.0 “Pure 

hypercholesterolemia”, 272.2 “Mixed hyperlipidemia”, and 272.4 “Other and unspecified 

hyperlipidemia”. To identify drug ingredients approved treating hypertension, we used ICD-9-CM 

code 401.9 “Hypertension NOS”. We then manually reviewed the drug lists and added drugs 

that were approved after MEDI-HPS was released (e.g., PCSK9 antibodies for 

hyperlipidemia).[163] 

Discovery study: selection of drug repurposing candidates for clinical validation 
in the EHR 

We used a two-stage filtering approach to select drugs from iLINCS to validate in the EHR. In 

the first automated stage, we used structured data contained in the iLINCS drug lists. From the 

iLINCS drug lists, we mapped drugs to their ingredients in RxNorm, excluded drugs if they were 

not prescribable using RxNorm (flag CVF = 4096), were approved for treating the phenotype of 

interest using MEDI-HPS, or were incubated for more than one day in iLINCS experiments. We 

then removed drugs that induced transcriptomic signatures iLINCS, that positively correlated 

with the S-PrediXcan estimated phenotype transcriptomic signatures. There were drugs that in 

certain conditions (variable incubation time and drug concentration) induced perturbations that 

reversed the phenotype transcriptomic signatures (i.e., were negatively correlated) and in other 

conditions did not (i.e., were positively correlated). We reasoned that drug perturbations that 

positively correlated with S-PrediXcan phenotype transcriptomic signatures, would simulate the 

phenotype; for instance, a drug that increased a patient’s blood pressure may be predicted to 

induce perturbations positively correlated with the transcriptomic signature for hypertension. For 

the last step in the first automated stage, we then corrected for multiple testing by excluding 

drugs with gene-set P that did not pass Bonferroni correction. 

In the second stage of the filtering process, we manually inspected the remaining candidates to 

decide whether we should validate those drugs in the EHR. We excluded drugs that are 

commonly used in a non-systemic form (e.g., topical drugs), those taken for short-term (e.g., 

antibiotics), drugs recommended to be taken “as needed” (e.g., benzodiazepines), toxicity (e.g., 

NSAIDS, chemotherapeutic agents). We used these exclusion criteria, because we wanted to 

see the effects of chronic exposure of drugs on the target phenotypes. Last, we excluded drugs 

with low patient numbers in the Vanderbilt EHR to maximize statistical power. 
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Discovery study: clinical validation of drug repurposing candidates using real-
world clinical data in the EHR 

Drug repurposing candidates were tested for their effects on the target phenotype using a de-

identified copy of Vanderbilt’s EHR. The Vanderbilt EHR has longitudinal data for 3.2 million 

patients including billing codes, lab values, and medication exposure information. 

To validate drug repurposing candidates in the EHR, we used a SCCS study design (Figure 

2).[164] Using SCCS allowed us to reduce the bias due to confounders. Minimizing bias allowed 

us to be more confident in the effects of the drug repurposing candidates on the target 

phenotype in our validation EHR studies. We designed the SCCS study by creating an 

observation window with two periods: baseline and treatment period. The index date was the 

first date of exposure to the drug repurposing candidates of interest. The baseline period was 

the time before the index date, with a maximum length of one year before. After the index date, 

we required a minimum period of thirty days in the treatment period, the time after the start of the 

index date with a maximum length of one year. 

For hyperlipidemia, we used change in outpatient LDL-C levels as the biomarker of interest to 

quantify each drug’s therapeutic effects. For hypertension, we used change in outpatient SBP 

measurements. We selected these biomarkers because they are easily quantifiable clinical 

variables in the EHR and have been shown to be important for predicting risk of cardiovascular 

disease in The Framingham Study.[165] We chose to measure changes in outpatient 

biomarkers, as the values of the biomarkers during inpatient stays can be dramatically affected 

by acute disease processes related to inpatient admissions. 

For the hyperlipidemia clinical validation studies, we tested the potential LDL-C lowering effects 

of five drugs: simvastatin (positive control), megestrol, alendronate, quinapril, and lisinopril. 

Although lisinopril did not appear among the top hits in the transcriptomic signature comparison 

analysis, we tested the drug because it belongs to the same drug class (angiotensin-converting 

enzyme [ACE] inhibitor) as quinapril, but is much more frequently prescribed. 

For each drug repurposing candidate, we identified a cohort of adults (≥ 18 years and < 90 

years) with outpatient exposure to the drug being tested. We estimated the treatment effect of 

the drugs on LDL-C in a cohort of patients without exposure to lipid-lowering drugs. This study 

design allowed us to measure the lipid-lowering treatment effect of the drug candidates. 
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The treatment effect was defined as the between-group difference. To measure the treatment 

effect of the drugs on LDL-C, we calculated the difference between the median LDL-C levels 

during baseline period and the levels during the treatment period. Outliers were removed 

(defined as 1.5 x interquartile range, outside first and third quartiles). We reported the mean and 

standard deviation (SD) for median LDL-C plasma levels for both periods and for LDL-C change. 

We used a one-tailed paired t-test to measure each drug’s effect on LDL-C plasma levels with a 

type-1 error rate set to the Bonferroni-corrected value of 0.05. The Bonferroni correction was set 

to 0.05/5 = 0.01. The null hypothesis was that the drug had no effect or increased LDL-C plasma 

levels, and the alternative hypothesis was that the drug decreased LDL-C levels. We reported 

the one-tailed p-value from this analysis. 

For the hypertension clinical validation studies, we validated the potential SBP lowering effects 

of eleven drugs: losartan (positive control), tacrolimus, budesonide, digoxin, pioglitazone, 

fluoxetine, haloperidol, sertraline, estradiol, escitalopram, and atorvastatin. Treatment effect was 

measured in a cohort of patients without exposure to known antihypertensive drugs during the 

observation period. The Bonferroni correction was set to 0.05/11 = 4.54x10-3. 

Discovery study: external clinical validation of drug repurposing candidates in the 
All of Us data set 

We performed external clinical validation studies using the All of Us data set. The All of Us data 

set is a unique resource with health data from a diverse group of participants, with >50% of 

participants as members of racial and ethnic minorities, and >80% from underrepresented 

groups in biomedical research. The data set currently contains >370,000 diverse participants 

and EHRs for >236,000 participants. Analyses were performed in All of Us data set, v4 during 

the beta testing phase of the program, which began in May 2020.[166] We tested drugs with P < 

0.05 in the Vanderbilt clinical validation analyses and used the same positive controls. 

Code availability 

We have made publicly available code to query EHR databases and for data processing and 

analysis (https://github.com/pwatrick/DrugRepurposingToolKit). 

  

https://github.com/pwatrick/DrugRepurposingToolKit
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Supplementary Material 

 

Supplementary Figure 1. Example of drug perturbation reversal of phenotype 
transcriptomic signature estimated by S-PrediXcan. 

Each point represents one gene. Since simvastatin is a known lipid-lowering drug, simvastatin 
induced transcriptomic signature was predicted to reverse the S-PrediXcan estimated 
transcriptomic signature for hyperlipidemia. The blue line indicates the expected negative 
correlation between S-PrediXcan estimated hyperlipidemia transcriptomic signature (horizontal 
axis) and iLINCS simvastatin induced transcriptomic signature (vertical axis). As expected, the 
LDLR gene was downregulated in patients with hyperlipidemia and upregulated in simvastatin 
perturbation experiments. iLINCS: Integrative Library of Integrated Network-Based Cellular 
Signature. 
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Supplementary Figure 2. Selection of drug repurposing candidates to clinically 
validate in EHR. 

a, Selection of drug repurposing candidates from the iLINCS database to validate in the EHR, 
for hyperlipidemia. In addition to the three drugs from iLINCS (megestrol, alendronate, quinapril), 
lisinopril was also tested. Like quinapril, 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. EHR: electronic health record; iLINCS: Integrative Library 
of Integrated Network-Based Cellular Signatures; NSAIDs: Nonsteroidal anti-inflammatory drugs; 
ACE: angiotensin-converting enzyme. 
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Supplementary Figure 3. Cohort selection for Vanderbilt clinical validation 
studies. 

Cohort selection for a hyperlipidemia and b hypertension clinical validation in Vanderbilt’s EHR. 
EHR: electronic health record; LDL-C: low-density lipoprotein cholesterol; SBP: systolic blood 
pressure. 
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Supplementary Figure 4. Cohort selection for All of Us clinical validation studies. 

Cohort selection for a hyperlipidemia and b hypertension clinical validation in All of Us data set. 
LDL-C: low-density lipoprotein cholesterol; SBP: systolic blood pressure.
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Supplementary Table 1: S-PrediXcan estimated transcriptomic signatures used to query iLINCS for hyperlipidemia drug repurposing 
candidates. 

phenotype gene_name zscore pvalue 

Hyperlipidemia GEMIN7 11.73 8.83E-32 

Hyperlipidemia CELSR2 10.11 5.05E-24 

Hyperlipidemia MAU2 8.62 6.74E-18 

Hyperlipidemia UBXN1 8.55 1.23E-17 

Hyperlipidemia PUM2 7.66 1.92E-14 

Hyperlipidemia PVRL2 6.43 1.25E-10 

Hyperlipidemia VASP 6.08 1.17E-09 

Hyperlipidemia QPCTL 5.83 5.53E-09 

Hyperlipidemia TMEM161A 5.34 9.54E-08 

Hyperlipidemia OPA3 4.81 1.53E-06 

Hyperlipidemia DPP3 4.33 1.51E-05 

Hyperlipidemia ROM1 3.95 7.79E-05 

Hyperlipidemia COL10A1 3.90 9.74E-05 

Hyperlipidemia HSPA1L 3.90 9.82E-05 

Hyperlipidemia CCS 3.88 1.03E-04 

Hyperlipidemia UEVLD 3.84 1.25E-04 

Hyperlipidemia MCM6 3.79 1.53E-04 

Hyperlipidemia GDI2 3.78 1.56E-04 

Hyperlipidemia DARS 3.76 1.71E-04 

Hyperlipidemia TOM1 3.75 1.77E-04 

Hyperlipidemia GALK1 3.75 1.80E-04 

Hyperlipidemia NUDCD3 3.74 1.83E-04 

Hyperlipidemia PMF1 3.66 2.53E-04 

Hyperlipidemia ALDH2 3.56 3.70E-04 

Hyperlipidemia KPNA1 3.52 4.29E-04 

Hyperlipidemia MPI 3.50 4.58E-04 

Hyperlipidemia HLA-DQA1 3.50 4.61E-04 

Hyperlipidemia OASL 3.47 5.13E-04 

Hyperlipidemia SPCS1 3.44 5.80E-04 

Hyperlipidemia GFRA2 3.38 7.24E-04 
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phenotype gene_name zscore pvalue 

Hyperlipidemia HLA-DQB1 3.33 8.78E-04 

Hyperlipidemia LDLRAP1 3.29 9.85E-04 

Hyperlipidemia M6PR 3.29 1.01E-03 

Hyperlipidemia SMPD2 3.26 1.12E-03 

Hyperlipidemia JUND 3.22 1.30E-03 

Hyperlipidemia MAPRE3 3.20 1.37E-03 

Hyperlipidemia SCAMP2 3.14 1.71E-03 

Hyperlipidemia TRIM22 3.13 1.77E-03 

Hyperlipidemia TPM3 3.12 1.80E-03 

Hyperlipidemia WDR25 3.10 1.91E-03 

Hyperlipidemia PYGB 3.09 1.98E-03 

Hyperlipidemia SLC25A28 3.09 2.01E-03 

Hyperlipidemia TMED1 3.03 2.45E-03 

Hyperlipidemia PPP5C 3.02 2.52E-03 

Hyperlipidemia ARSA 3.02 2.56E-03 

Hyperlipidemia DDX11 3.01 2.63E-03 

Hyperlipidemia UQCC1 2.95 3.15E-03 

Hyperlipidemia PDZK1IP1 2.95 3.17E-03 

Hyperlipidemia CSNK1D 2.91 3.56E-03 

Hyperlipidemia LSM7 2.91 3.64E-03 

Hyperlipidemia PSRC1 -33.97 7.06E-253 

Hyperlipidemia ECSIT -15.55 1.63E-54 

Hyperlipidemia S1PR5 -13.44 3.31E-41 

Hyperlipidemia TMEM258 -12.26 1.41E-34 

Hyperlipidemia GATAD2A -9.47 2.83E-21 

Hyperlipidemia FADS2 -8.16 3.40E-16 

Hyperlipidemia HPR -7.13 1.03E-12 

Hyperlipidemia GRINA -6.81 9.85E-12 

Hyperlipidemia PLEC -6.59 4.54E-11 

Hyperlipidemia HP -5.56 2.72E-08 

Hyperlipidemia CKM -5.43 5.62E-08 

Hyperlipidemia ICAM1 -5.43 5.64E-08 
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phenotype gene_name zscore pvalue 

Hyperlipidemia RHD -5.35 8.58E-08 

Hyperlipidemia EVI5 -5.21 1.92E-07 

Hyperlipidemia C19orf66 -4.77 1.88E-06 

Hyperlipidemia C6orf106 -4.59 4.47E-06 

Hyperlipidemia GSTM4 -4.59 4.51E-06 

Hyperlipidemia LDLR -4.57 4.93E-06 

Hyperlipidemia MAP3K11 -4.34 1.42E-05 

Hyperlipidemia C19orf60 -4.23 2.31E-05 

Hyperlipidemia TBKBP1 -4.04 5.31E-05 

Hyperlipidemia EIF3G -3.97 7.27E-05 

Hyperlipidemia ARID1A -3.92 8.96E-05 

Hyperlipidemia PIGV -3.84 1.21E-04 

Hyperlipidemia RPS6 -3.82 1.33E-04 

Hyperlipidemia C10orf88 -3.79 1.53E-04 

Hyperlipidemia C2 -3.75 1.77E-04 

Hyperlipidemia CTC1 -3.72 1.97E-04 

Hyperlipidemia HLA-DRA -3.68 2.34E-04 

Hyperlipidemia KCNC4 -3.61 3.06E-04 

Hyperlipidemia HECTD4 -3.60 3.19E-04 

Hyperlipidemia ZNF668 -3.56 3.72E-04 

Hyperlipidemia TAF6L -3.55 3.90E-04 

Hyperlipidemia IQGAP2 -3.46 5.43E-04 

Hyperlipidemia DBN1 -3.44 5.73E-04 

Hyperlipidemia SMG5 -3.44 5.87E-04 

Hyperlipidemia BACE1 -3.41 6.52E-04 

Hyperlipidemia DEF6 -3.37 7.55E-04 

Hyperlipidemia TMEM50A -3.33 8.56E-04 

Hyperlipidemia WARS -3.29 1.01E-03 

Hyperlipidemia ARCN1 -3.27 1.06E-03 

Hyperlipidemia DDB1 -3.23 1.25E-03 

Hyperlipidemia HLA-C -3.19 1.41E-03 

Hyperlipidemia RAB3IL1 -3.15 1.63E-03 
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phenotype gene_name zscore pvalue 

Hyperlipidemia COQ9 -3.15 1.64E-03 

Hyperlipidemia COPB1 -3.14 1.68E-03 

Hyperlipidemia ASPSCR1 -3.12 1.79E-03 

Hyperlipidemia PEX6 -3.12 1.82E-03 

Hyperlipidemia LYRM9 -3.11 1.87E-03 

Hyperlipidemia PAQR6 -3.10 1.94E-03 
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Supplementary Table 2: S-PrediXcan estimated transcriptomic signatures used to query iLINCS for hypertension drug repurposing 
candidates. 

phenotype gene_name zscore pvalue 

Hypertension FES -9.49 1.32E-38 

Hypertension CLCN6 -8.84 4.61E-62 

Hypertension C20orf187 -8.18 2.89E-16 

Hypertension RP3-473L9.4 -6.86 4.91E-13 

Hypertension NDUFS3 -6.51 2.47E-20 

Hypertension SLC5A11 -6.36 3.72E-14 

Hypertension HELLS -5.53 4.48E-13 

Hypertension TBX2 -5.51 1.16E-12 

Hypertension AGBL2 -5.07 4.06E-17 

Hypertension CHP1 -4.60 5.47E-10 

Hypertension CFDP1 -4.52 8.73E-11 

Hypertension ARHGAP42 -4.41 2.28E-35 

Hypertension ACADVL -4.33 5.78E-12 

Hypertension FHL5 -4.10 2.22E-10 

Hypertension HFE -4.05 3.30E-10 

Hypertension RP11-103J8.2 -3.68 1.89E-15 

Hypertension ENPEP -3.27 1.09E-10 

Hypertension TMEM170A -2.91 1.29E-11 

Hypertension ITGB5 -2.77 2.30E-10 

Hypertension HIC1 -2.52 3.20E-18 

Hypertension NT5C2 -2.37 1.07E-31 

Hypertension ATP2B1-AS1 -2.26 7.00E-26 

Hypertension TNNT3 -2.17 1.16E-24 

Hypertension CYP2C9 -2.01 2.96E-11 

Hypertension ZNF827 -1.99 5.16E-11 

Hypertension LMAN1L -1.95 3.63E-15 

Hypertension TMEM133 -1.69 3.25E-34 

Hypertension PLCE1 -1.64 1.86E-21 

Hypertension SLC4A7 -1.59 6.53E-13 

Hypertension C5orf47 -1.58 5.16E-11 
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phenotype gene_name zscore pvalue 

Hypertension AP3D1 -1.56 1.17E-12 

Hypertension CLDN7 -1.54 8.20E-11 

Hypertension ADAM11 -1.44 2.63E-12 

Hypertension LRP4 -1.16 4.51E-12 

Hypertension INA -1.08 1.00E-20 

Hypertension BCAR1 -1.04 8.37E-11 

Hypertension COX14 -1.01 2.46E-10 

Hypertension MAPK4 -0.97 4.50E-14 

Hypertension NICN1 -0.86 4.83E-10 

Hypertension FERMT2 -0.81 5.19E-12 

Hypertension NPR3 -0.65 5.72E-51 

Hypertension CYP2C19 -0.62 3.21E-14 

Hypertension YBX2 -0.59 1.12E-10 

Hypertension CYP2C18 -0.38 3.84E-13 

Hypertension CPLX3 -0.30 1.11E-12 

Hypertension CERS5 -0.27 6.35E-11 

Hypertension TNFSF13 -0.23 1.63E-10 

Hypertension ADAMTS8 -0.20 3.12E-15 

Hypertension MYOZ1 -0.16 1.32E-11 

Hypertension GUCY1A3 -0.14 4.03E-24 

Hypertension SYNPO2L -0.12 1.00E-10 

Hypertension WWP2 -0.08 2.38E-10 

Hypertension AGT -0.05 3.88E-13 

Hypertension ZFYVE1 0.13 3.08E-10 

Hypertension CIB4 0.16 8.28E-22 

Hypertension SETBP1 0.16 1.35E-11 

Hypertension NFE2L1 0.27 6.23E-11 

Hypertension MYH7 0.36 1.72E-10 

Hypertension ARHGAP24 0.66 5.66E-15 

Hypertension KCNK3 0.69 6.70E-25 

Hypertension TNS2 0.78 1.00E-11 

Hypertension FBN2 1.18 7.48E-12 
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phenotype gene_name zscore pvalue 

Hypertension CACNB2 1.20 3.80E-17 

Hypertension ATP2B1 1.35 1.51E-23 

Hypertension CCDC71L 1.36 5.30E-18 

Hypertension C17orf82 1.44 1.66E-11 

Hypertension LINC01358 1.48 1.01E-11 

Hypertension NGF 1.60 6.23E-12 

Hypertension HOXA10 1.70 7.99E-11 

Hypertension DLG4 1.90 2.72E-12 

Hypertension INO80 1.95 7.18E-11 

Hypertension MADD 2.06 1.58E-22 

Hypertension ABHD17C 2.10 3.04E-11 

Hypertension ADRB1 2.25 9.58E-14 

Hypertension FGF5 2.30 2.21E-39 

Hypertension EFEMP1 2.30 4.65E-10 

Hypertension CYP1A1 2.33 3.34E-12 

Hypertension PRR33 2.51 1.93E-23 

Hypertension VARS 2.68 2.30E-10 

Hypertension GPER1 2.71 3.88E-12 

Hypertension LCORL 3.08 2.39E-10 

Hypertension SHBG 3.32 8.50E-12 

Hypertension TCEA2 3.44 4.02E-12 

Hypertension BAG6 3.46 4.53E-12 

Hypertension SLC35E2 3.94 4.47E-10 

Hypertension AGAP5 4.01 3.27E-10 

Hypertension ULK3 4.02 1.24E-12 

Hypertension PRRC2A 4.07 1.69E-12 

Hypertension IGFBP3 4.88 2.66E-11 

Hypertension FN1 4.92 1.01E-12 

Hypertension CSK 4.98 8.62E-14 

Hypertension CEP68 5.22 1.97E-11 

Hypertension SIPA1 5.25 1.35E-10 

Hypertension SLC2A4 5.29 7.31E-15 
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phenotype gene_name zscore pvalue 

Hypertension RERE 5.62 3.29E-12 

Hypertension LSP1 5.64 2.14E-23 

Hypertension CBX1 5.80 1.52E-10 

Hypertension FURIN 5.80 7.94E-25 

Hypertension CDC16 5.97 5.46E-10 

Hypertension CTB-30L5.1 8.37 1.25E-49 

Hypertension NMT1 9.30 4.43E-25 
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Supplementary Table 3: iLINCS drug repurposing candidate list for hyperlipidemia. 

phenotype signatureid drug_name concentration tissue time concordance pvalue 

Hyperlipidemia DM_2102 butenafine 150 mg/kg liver 1 d -0.54 8.19E-05 

Hyperlipidemia DM_939 lorazepam 2000 mg/kg liver 1 d -0.54 1.36E-07 

Hyperlipidemia DM_3106 fenofibrate 215 mg/kg kidney 3 d -0.48 5.81E-04 

Hyperlipidemia DM_4565 quinapril 2500 mg/kg kidney 1 d -0.48 6.19E-04 

Hyperlipidemia DM_435 clotrimazole 60 uM primary rat hepatocytes 1 d -0.47 5.86E-06 

Hyperlipidemia DM_3566 ketorolac 48 mg/kg liver 1 d -0.47 8.13E-04 

Hyperlipidemia DM_743 gefitinib 116 mg/kg liver 5 d -0.47 7.55E-06 

Hyperlipidemia DM_4398 phenylbutazone 368 mg/kg kidney 5 d -0.46 1.04E-03 

Hyperlipidemia DM_5060 tolazamide 1500 mg/kg kidney 3 d -0.45 1.32E-03 

Hyperlipidemia DM_2710 diazepam 710 mg/kg kidney 5 d -0.45 1.34E-03 

Hyperlipidemia DM_2757 diethylstilbestrol 2.8 mg/kg kidney 1 d -0.45 1.39E-03 

Hyperlipidemia DM_1057 nevirapine 250 uM primary rat hepatocytes 1 d -0.45 1.93E-05 

Hyperlipidemia DM_1123 oxfendazole 1500 mg/kg liver 1 d -0.45 1.95E-05 

Hyperlipidemia DM_759 gentamicin 2900 uM primary rat hepatocytes 1 d -0.45 2.00E-05 

Hyperlipidemia DM_2817 dipyridamole 750 mg/kg liver 3 d -0.44 1.62E-03 

Hyperlipidemia DM_2427 cisplatin 2 mg/kg kidney 3 d -0.44 1.62E-03 

Hyperlipidemia DM_2650 dactinomycin 0.06 mg/kg bone marrow 5 d -0.43 2.42E-03 

Hyperlipidemia DM_3498 irinotecan 5 mg/kg bone marrow 3 d -0.43 2.48E-03 

Hyperlipidemia DM_5079 tramadol 114 mg/kg brain 5 d -0.42 2.86E-03 

Hyperlipidemia DM_5207 vecuronium 0.05 mg/kg liver 1 d -0.41 3.80E-03 

Hyperlipidemia DM_4420 pioglitazone 1500 mg/kg liver 5 d -0.41 3.95E-03 

Hyperlipidemia DM_84 alendronate 138 mg/kg heart 1 d -0.41 1.22E-04 

Hyperlipidemia DM_2374 cholecalciferol 8 mg/kg kidney 5 d -0.41 4.24E-03 

Hyperlipidemia DM_559 doxorubicin 1.5 uM primary rat hepatocytes 1 d -0.41 1.31E-04 

Hyperlipidemia DM_969 megestrol 132 mg/kg liver 1 d -0.40 1.36E-04 

Hyperlipidemia DM_5078 tramadol 114 mg/kg brain 3 d -0.40 4.42E-03 

Hyperlipidemia DM_3984 moxonidine 17 mg/kg heart 5 d -0.40 4.55E-03 

Hyperlipidemia DM_1595 acyclovir 330 mg/kg liver 1 d -0.40 4.83E-03 

Hyperlipidemia DM_1374 valproate 1340 mg/kg liver 5 d -0.40 1.67E-04 

Hyperlipidemia DM_4711 sertraline 23 uM primary rat hepatocytes 1 d -0.40 4.95E-03 

Hyperlipidemia DM_1775 antipyrine 1500 mg/kg kidney 5 d -0.40 5.22E-03 
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phenotype signatureid drug_name concentration tissue time concordance pvalue 

Hyperlipidemia DM_4304 paroxetine 30 uM primary rat hepatocytes 1 d -0.40 5.36E-03 

Hyperlipidemia DM_2949 ergocalciferol 15 mg/kg kidney 3 d -0.39 6.08E-03 

Hyperlipidemia DM_3741 loratadine 62.25 uM primary rat hepatocytes 1 d -0.39 6.68E-03 

Hyperlipidemia DM_4583 raloxifene 650 mg/kg liver 5 d -0.39 6.69E-03 

Hyperlipidemia DM_1794 aspirin 167 mg/kg liver 3 d -0.38 7.05E-03 

Hyperlipidemia DM_4110 nitrofurantoin 76 mg/kg liver 5 d -0.38 7.31E-03 

Hyperlipidemia DM_2129 calcitriol 0.04 mg/kg kidney 5 d -0.38 7.46E-03 

Hyperlipidemia DM_1762 amprenavir 600 mg/kg kidney 5 d -0.38 7.48E-03 

Hyperlipidemia DM_3406 ibuprofen 90 mg/kg liver 3 d -0.38 7.78E-03 

Hyperlipidemia DM_1052 neomycin 56 mg/kg kidney 5 d -0.38 3.71E-04 

Hyperlipidemia DM_4375 phenelzine 27 mg/kg brain 5 d -0.37 8.73E-03 

Hyperlipidemia DM_2302 chlorambucil 0.6 mg/kg liver 0.25 d -0.37 1.01E-02 

Hyperlipidemia DM_3284 gentian violet 18 mg/kg liver 3 d -0.37 1.01E-02 

Hyperlipidemia DM_4443 pramoxine 526 mg/kg heart 5 d -0.37 1.05E-02 

Hyperlipidemia DM_653 fenofibrate 43 mg/kg liver 1 d -0.36 6.72E-04 

Hyperlipidemia DM_2371 cholecalciferol 8 mg/kg kidney 3 d -0.36 1.12E-02 

Hyperlipidemia DM_754 gemfibrozil 700 mg/kg liver 3 d -0.36 6.94E-04 

Hyperlipidemia DM_4963 terbinafine 2000 mg/kg liver 5 d -0.36 1.13E-02 

Hyperlipidemia DM_3918 miconazole 200 mg/kg liver 3 d -0.36 1.14E-02 

Hyperlipidemia DM_1667 alprazolam 115 mg/kg liver 1 d -0.36 1.35E-02 

Hyperlipidemia DM_1143 pemoline 70 mg/kg liver 1 d -0.36 8.57E-04 

Hyperlipidemia DM_1629 alendronate 138 mg/kg heart 1 d -0.35 1.34E-02 

Hyperlipidemia DM_4413 pioglitazone 1500 mg/kg liver 1 d -0.35 1.34E-02 

Hyperlipidemia DM_3196 flurbiprofen 10 mg/kg kidney 1 d -0.35 2.02E-02 

Hyperlipidemia DM_811 ifosfamide 143 mg/kg liver 3 d -0.35 1.13E-03 

Hyperlipidemia DM_970 megestrol 132 mg/kg liver 5 d -0.35 1.13E-03 

Hyperlipidemia DM_4065 nicotine 75 mg/kg brain 5 d -0.35 1.53E-02 

Hyperlipidemia DM_4196 norethindrone 375 mg/kg liver 5 d -0.35 1.54E-02 

Hyperlipidemia DM_941 lorazepam 2000 mg/kg liver 5 d -0.35 1.23E-03 

Hyperlipidemia DM_670 finasteride 800 mg/kg liver 5 d -0.35 1.30E-03 

Hyperlipidemia DM_4662 rosiglitazone 10 mg/kg liver 0.25 d -0.34 1.66E-02 

Hyperlipidemia DM_2622 cyproterone 2500 mg/kg liver 5 d -0.34 1.68E-02 



126 

 

 

phenotype signatureid drug_name concentration tissue time concordance pvalue 

Hyperlipidemia DM_3490 iproniazid 46 mg/kg brain 0.25 d -0.34 1.68E-02 

Hyperlipidemia DM_2368 cholecalciferol 8 mg/kg kidney 1 d -0.34 1.72E-02 

Hyperlipidemia DM_1287 spironolactone 300 mg/kg liver 5 d -0.34 1.57E-03 

Hyperlipidemia DM_2517 clotrimazole 60 uM primary rat hepatocytes 1 d -0.34 1.85E-02 

Hyperlipidemia DM_1812 atorvastatin 300 mg/kg liver 1 d -0.34 1.89E-02 

Hyperlipidemia DM_2442 citalopram 40 mg/kg liver 3 d -0.34 1.92E-02 

Hyperlipidemia DM_4636 rofecoxib 1550 mg/kg liver 3 d -0.34 1.93E-02 

Hyperlipidemia DM_4878 sulfisoxazole 2500 mg/kg liver 1 d -0.34 2.08E-02 

Hyperlipidemia DM_3091 fenbendazole 375 mg/kg liver 1 d -0.34 1.98E-02 

Hyperlipidemia DM_3366 hydroquinone 800 mg/kg kidney 1 d -0.34 1.98E-02 

Hyperlipidemia DM_2265 celecoxib 100 uM primary rat hepatocytes 1 d -0.33 2.00E-02 

Hyperlipidemia DM_436 clotrimazole 89 mg/kg liver 1 d -0.33 1.87E-03 

Hyperlipidemia DM_2148 captopril 1750 mg/kg kidney 0.25 d -0.33 2.02E-02 

Hyperlipidemia DM_4524 promazine 100 mg/kg liver 0.25 d -0.33 2.39E-02 

Hyperlipidemia DM_1803 aspirin 375 mg/kg kidney 5 d -0.33 2.10E-02 

Hyperlipidemia DM_3119 fenoprofen 52 mg/kg kidney 1 d -0.33 2.14E-02 

Hyperlipidemia DM_291 calcitriol 0.04 mg/kg kidney 1 d -0.33 2.09E-03 

Hyperlipidemia DM_4050 nevirapine 200 mg/kg liver 3 d -0.33 2.16E-02 

Hyperlipidemia DM_1928 benzoate 1700 mg/kg liver 5 d -0.33 2.18E-02 

Hyperlipidemia DM_4011 naproxen 134 mg/kg kidney 3 d -0.33 2.20E-02 

Hyperlipidemia DM_3394 ibuprofen 275 mg/kg liver 1 d -0.33 2.23E-02 

Hyperlipidemia DM_115 altretamine 13 mg/kg liver 3 d -0.33 2.36E-03 

Hyperlipidemia DM_5155 valdecoxib 404 mg/kg kidney 3 d -0.33 2.32E-02 

Hyperlipidemia DM_3740 loperamide 47 mg/kg intestine 3 d -0.33 2.34E-02 

Hyperlipidemia DM_3254 gemfibrozil 100 mg/kg kidney 1 d -0.33 2.73E-02 

Hyperlipidemia DM_1804 aspirin 375 mg/kg liver 5 d -0.33 2.41E-02 

Hyperlipidemia DM_484 cyproterone 2500 mg/kg liver 5 d -0.33 2.54E-03 

Hyperlipidemia DM_1313 sulpiride 667 uM primary rat hepatocytes 1 d -0.32 2.63E-03 

Hyperlipidemia DM_2508 clopidogrel 400 mg/kg bone marrow 1 d -0.32 2.67E-02 

Hyperlipidemia DM_3097 fenofibrate 250 uM primary rat hepatocytes 1 d -0.32 2.56E-02 

Hyperlipidemia DM_5128 troglitazone 1200 mg/kg liver 1 d -0.32 2.57E-02 

Hyperlipidemia DM_4740 simvastatin 160 uM primary rat hepatocytes 1 d -0.32 2.58E-02 
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Hyperlipidemia DM_3444 imatinib 150 mg/kg liver 1 d -0.32 2.59E-02 

Hyperlipidemia DM_1808 atorvastatin 250 uM primary rat hepatocytes 1 d -0.32 2.60E-02 

Hyperlipidemia DM_866 kanamycin 6584 uM primary rat hepatocytes 1 d -0.32 3.00E-03 

Hyperlipidemia DM_1235 risperidone 22 mg/kg heart 1 d -0.32 3.04E-03 

Hyperlipidemia DM_2649 dactinomycin 0.06 mg/kg bone marrow 3 d -0.32 2.72E-02 

Hyperlipidemia DM_524 diazepam 710 mg/kg liver 3 d -0.32 3.30E-03 

Hyperlipidemia DM_2404 cisapride 250 mg/kg intestine 3 d -0.32 2.82E-02 

Hyperlipidemia DM_1197 progesterone 164 mg/kg liver 1 d -0.32 3.31E-03 

Hyperlipidemia DM_1262 sertraline 23 uM primary rat hepatocytes 1 d -0.32 3.32E-03 

Hyperlipidemia DM_3794 mefenamate 93 mg/kg liver 0.25 d -0.32 2.83E-02 

Hyperlipidemia DM_1582 acetazolamide 250 mg/kg liver 5 d -0.32 2.85E-02 

Hyperlipidemia DM_816 imatinib 15 mg/kg heart 1 d -0.32 3.45E-03 

Hyperlipidemia DM_4243 ondansetron 84 mg/kg intestine 1 d -0.31 2.92E-02 

Hyperlipidemia DM_2433 cisplatin 2 mg/kg kidney 5 d -0.31 2.93E-02 

Hyperlipidemia DM_1239 rofecoxib 111 uM primary rat hepatocytes 1 d -0.31 3.87E-03 

Hyperlipidemia DM_2628 cytarabine 487 mg/kg liver 1 d -0.31 3.13E-02 

Hyperlipidemia DM_4716 sibutramine 50 mg/kg brain 3 d -0.31 3.16E-02 

Hyperlipidemia DM_3423 ifosfamide 11000 uM primary rat hepatocytes 1 d -0.31 3.16E-02 

Hyperlipidemia DM_2863 doxorubicin 0.65 mg/kg liver 0.25 d -0.31 3.16E-02 

Hyperlipidemia DM_1914 benzethonium 138 mg/kg heart 3 d -0.31 3.21E-02 

Hyperlipidemia DM_2432 cisplatin 2 mg/kg bone marrow 5 d -0.31 3.24E-02 

Hyperlipidemia DM_4606 rifabutin 1500 mg/kg liver 3 d -0.31 3.30E-02 

Hyperlipidemia DM_3567 ketorolac 48 mg/kg liver 3 d -0.31 3.39E-02 

Hyperlipidemia DM_4992 thiabendazole 10 mg/kg liver 1 d -0.31 3.48E-02 

Hyperlipidemia DM_284 busulfan 500 uM primary rat hepatocytes 1 d -0.31 4.77E-03 

Hyperlipidemia DM_3198 flurbiprofen 10 mg/kg kidney 5 d -0.30 3.54E-02 

Hyperlipidemia DM_2406 cisapride 250 mg/kg intestine 5 d -0.30 3.56E-02 

Hyperlipidemia DM_5223 verapamil 108 mg/kg heart 3 d -0.30 3.61E-02 

Hyperlipidemia DM_4446 pravastatin 1200 mg/kg liver 1 d -0.30 3.68E-02 

Hyperlipidemia DM_2725 diclofenac 10 mg/kg liver 0.25 d -0.30 3.88E-02 

Hyperlipidemia DM_4305 paroxetine 104 mg/kg brain 0.25 d -0.30 3.91E-02 

Hyperlipidemia DM_703 fluphenazine 2.5 mg/kg liver 3 d -0.30 5.81E-03 
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Hyperlipidemia DM_4108 nitrofurantoin 76 mg/kg liver 1 d -0.30 3.93E-02 

Hyperlipidemia DM_2792 digoxin 0.26 mg/kg liver 0.25 d -0.30 3.97E-02 

Hyperlipidemia DM_4396 phenylbutazone 368 mg/kg kidney 1 d -0.30 4.06E-02 

Hyperlipidemia DM_2419 cisplatin 1.17 mg/kg liver 0.25 d -0.30 4.10E-02 

Hyperlipidemia DM_2504 clonazepam 2500 mg/kg liver 5 d -0.30 4.13E-02 

Hyperlipidemia DM_1257 salicylamide 1300 mg/kg liver 1 d -0.30 6.34E-03 

Hyperlipidemia DM_3756 lovastatin 1500 mg/kg liver 1 d -0.29 4.30E-02 

Hyperlipidemia DM_3314 griseofulvin 75 uM primary rat hepatocytes 1 d -0.29 4.33E-02 

Hyperlipidemia DM_868 ketoconazole 90 uM primary rat hepatocytes 1 d -0.29 6.95E-03 

Hyperlipidemia DM_3850 methotrexate 27 mg/kg kidney 1 d -0.29 4.47E-02 

Hyperlipidemia DM_4607 rifabutin 1500 mg/kg kidney 5 d -0.29 4.48E-02 

Hyperlipidemia DM_2054 bromfenac 5 mg/kg liver 5 d -0.29 4.52E-02 

Hyperlipidemia DM_3890 metoclopramide 185 mg/kg intestine 1 d -0.29 4.53E-02 

Hyperlipidemia DM_1919 benzethonium 30 mg/kg heart 5 d -0.29 4.54E-02 

Hyperlipidemia DM_3232 gabapentin 500 uM primary rat hepatocytes 1 d -0.29 4.61E-02 

Hyperlipidemia DM_137 amitriptyline 160 mg/kg kidney 1 d -0.29 7.61E-03 

Hyperlipidemia DM_1611 acyclovir 980 mg/kg bone marrow 5 d -0.29 4.64E-02 

Hyperlipidemia DM_3244 gallamine 2.5 mg/kg heart 3 d -0.29 4.68E-02 

Hyperlipidemia DM_434 clotrimazole 52 mg/kg liver 1 d -0.29 7.79E-03 

Hyperlipidemia DM_807 ifosfamide 17 mg/kg liver 1 d -0.29 8.07E-03 

Hyperlipidemia DM_666 fenofibrate 430 mg/kg liver 5 d -0.29 8.26E-03 

Hyperlipidemia DM_5265 zileuton 450 mg/kg kidney 3 d -0.29 4.89E-02 

Hyperlipidemia DM_4624 ritonavir 1200 mg/kg kidney 3 d -0.29 4.93E-02 

Hyperlipidemia DM_5127 troglitazone 100 mg/kg liver 1 d -0.29 4.93E-02 

Hyperlipidemia DM_3197 flurbiprofen 10 mg/kg kidney 3 d -0.29 4.93E-02 

Hyperlipidemia DM_1195 procarbazine 54 mg/kg liver 5 d -0.29 8.54E-03 

Hyperlipidemia DM_808 ifosfamide 143 mg/kg liver 0.25 d -0.28 9.19E-03 

Hyperlipidemia DM_580 econazole 43 mg/kg liver 5 d -0.28 9.26E-03 

Hyperlipidemia DM_362 chlorambucil 0.6 mg/kg liver 0.25 d -0.28 9.73E-03 

Hyperlipidemia DM_1279 sotalol 2000 mg/kg liver 3 d -0.28 1.02E-02 

Hyperlipidemia DM_1266 simvastatin 160 uM primary rat hepatocytes 1 d -0.28 1.12E-02 

Hyperlipidemia DM_1352 tretinoin 156 uM primary rat hepatocytes 1 d -0.27 1.29E-02 
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Hyperlipidemia DM_299 captopril 1750 mg/kg kidney 5 d -0.27 1.46E-02 

Hyperlipidemia DM_667 fenofibrate 43 mg/kg liver 5 d -0.26 1.54E-02 

Hyperlipidemia DM_707 fluvastatin 5 mg/kg liver 1 d -0.26 1.61E-02 

Hyperlipidemia DM_66 acetaminophen 486 mg/kg kidney 3 d -0.26 1.71E-02 

Hyperlipidemia DM_700 fluphenazine 45 uM primary rat hepatocytes 1 d -0.26 1.74E-02 

Hyperlipidemia DM_1378 valsartan 30 mg/kg heart 0.25 d -0.26 1.82E-02 

Hyperlipidemia DM_576 econazole 334 mg/kg liver 0.25 d -0.26 1.88E-02 

Hyperlipidemia DM_775 haloperidol 77 uM primary rat hepatocytes 1 d -0.25 1.99E-02 

Hyperlipidemia DM_1311 sulindac 23 mg/kg kidney 5 d -0.25 2.20E-02 

Hyperlipidemia DM_532 diclofenac 3.5 mg/kg kidney 5 d -0.25 2.23E-02 

Hyperlipidemia DM_323 carboplatin 5 mg/kg kidney 5 d -0.25 2.25E-02 

Hyperlipidemia DM_330 carmustine 4 mg/kg liver 3 d -0.25 2.25E-02 

Hyperlipidemia DM_427 clonazepam 2500 mg/kg liver 1 d -0.25 2.33E-02 

Hyperlipidemia DM_699 fluphenazine 2.5 mg/kg liver 1 d -0.25 2.35E-02 

Hyperlipidemia DM_462 cyclophosphamide 1320 uM primary rat hepatocytes 1 d -0.25 2.36E-02 

Hyperlipidemia DM_867 ketoconazole 227 mg/kg liver 1 d -0.25 2.39E-02 

Hyperlipidemia DM_199 azithromycin 225 mg/kg kidney 5 d 0.25 2.29E-02 

Hyperlipidemia DM_734 gefitinib 116 mg/kg liver 1 d 0.25 2.21E-02 

Hyperlipidemia DM_949 lovastatin 450 mg/kg kidney 1 d 0.25 2.13E-02 

Hyperlipidemia DM_613 erythromycin 1500 mg/kg liver 5 d 0.25 2.13E-02 

Hyperlipidemia DM_392 cholecalciferol 8 mg/kg liver 3 d 0.25 2.03E-02 

Hyperlipidemia DM_1201 progesterone 11.3 mg/kg liver 5 d 0.25 1.93E-02 

Hyperlipidemia DM_1124 oxybutynin 230 mg/kg heart 3 d 0.26 1.92E-02 

Hyperlipidemia DM_857 isotretinoin 13 mg/kg liver 0.25 d 0.26 1.72E-02 

Hyperlipidemia DM_1186 prednisone 68 mg/kg heart 1 d 0.27 1.42E-02 

Hyperlipidemia DM_192 azathioprine 54 mg/kg kidney 3 d 0.27 1.41E-02 

Hyperlipidemia DM_742 gefitinib 116 mg/kg kidney 5 d 0.27 1.31E-02 

Hyperlipidemia DM_663 fenofibrate 215 mg/kg heart 5 d 0.27 1.17E-02 

Hyperlipidemia DM_715 fluvastatin 5 mg/kg liver 5 d 0.28 1.12E-02 

Hyperlipidemia DM_1259 salicylic acid 223 mg/kg liver 1 d 0.28 1.08E-02 

Hyperlipidemia DM_302 carbamazepine 490 mg/kg liver 5 d 0.28 1.02E-02 

Hyperlipidemia DM_942 losartan 1000 mg/kg heart 1 d 0.28 1.02E-02 



130 

 

 

phenotype signatureid drug_name concentration tissue time concordance pvalue 

Hyperlipidemia DM_1337 testosterone 375 mg/kg liver 5 d 0.28 9.42E-03 

Hyperlipidemia DM_1260 salicylic acid 223 mg/kg liver 5 d 0.28 8.83E-03 

Hyperlipidemia DM_1862 azathioprine 20 mg/kg spleen 3 d 0.28 4.99E-02 

Hyperlipidemia DM_814 imatinib 150 mg/kg kidney 1 d 0.29 8.55E-03 

Hyperlipidemia DM_4987 theophylline 225 mg/kg heart 1 d 0.29 4.94E-02 

Hyperlipidemia DM_4228 olanzapine 23 mg/kg heart 1 d 0.29 4.93E-02 

Hyperlipidemia DM_3471 indomethacin 9.6 mg/kg liver 3 d 0.29 4.83E-02 

Hyperlipidemia DM_4299 papaverine 69 mg/kg heart 1 d 0.29 4.81E-02 

Hyperlipidemia DM_738 gefitinib 116 mg/kg kidney 3 d 0.29 8.09E-03 

Hyperlipidemia DM_817 imatinib 15 mg/kg kidney 1 d 0.29 8.07E-03 

Hyperlipidemia DM_3870 methyldopa 325 mg/kg heart 1 d 0.29 4.72E-02 

Hyperlipidemia DM_3983 moxonidine 17 mg/kg heart 3 d 0.29 4.59E-02 

Hyperlipidemia DM_1370 valproate 1000 uM primary rat hepatocytes 1 d 0.29 7.40E-03 

Hyperlipidemia DM_1963 betamethasone 79 mg/kg liver 1 d 0.29 4.53E-02 

Hyperlipidemia DM_5013 thioguanine 12 mg/kg liver 0.25 d 0.29 4.52E-02 

Hyperlipidemia DM_4893 sulindac 132 mg/kg liver 3 d 0.29 4.44E-02 

Hyperlipidemia DM_3656 leflunomide 30 mg/kg liver 0.25 d 0.29 4.43E-02 

Hyperlipidemia DM_1233 rifabutin 1500 mg/kg liver 5 d 0.29 7.05E-03 

Hyperlipidemia DM_938 loratadine 2000 mg/kg heart 5 d 0.29 6.86E-03 

Hyperlipidemia DM_2767 diethylstilbestrol 280 mg/kg liver 3 d 0.29 4.55E-02 

Hyperlipidemia DM_2182 carboplatin 14 mg/kg kidney 1 d 0.29 4.26E-02 

Hyperlipidemia DM_4512 progesterone 148 uM primary rat hepatocytes 1 d 0.29 4.24E-02 

Hyperlipidemia DM_457 cortisone 206 mg/kg liver 5 d 0.30 6.31E-03 

Hyperlipidemia DM_3260 gemfibrozil 700 mg/kg liver 0.25 d 0.30 4.08E-02 

Hyperlipidemia DM_3157 fludrocortisone 125 mg/kg kidney 3 d 0.30 4.04E-02 

Hyperlipidemia DM_4946 teicoplanin 41 mg/kg bone marrow 3 d 0.30 4.00E-02 

Hyperlipidemia DM_1967 betamethasone 79 mg/kg liver 5 d 0.30 3.96E-02 

Hyperlipidemia DM_4090 nimodipine 1100 mg/kg heart 3 d 0.30 3.96E-02 

Hyperlipidemia DM_176 atorvastatin 2.5 mg/kg liver 1 d 0.30 5.82E-03 

Hyperlipidemia DM_3492 iproniazid 46 mg/kg heart 3 d 0.30 3.92E-02 

Hyperlipidemia DM_1965 betamethasone 79 mg/kg liver 3 d 0.30 3.92E-02 

Hyperlipidemia DM_928 lomustine 4.2 mg/kg liver 1 d 0.30 5.73E-03 
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Hyperlipidemia DM_562 doxorubicin 3 mg/kg liver 1 d 0.30 5.54E-03 

Hyperlipidemia DM_787 hydrocortisone 56 mg/kg liver 1 d 0.30 5.52E-03 

Hyperlipidemia DM_4506 procarbazine 54 mg/kg liver 5 d 0.30 3.79E-02 

Hyperlipidemia DM_4006 naproxen 10 mg/kg kidney 0.25 d 0.30 3.78E-02 

Hyperlipidemia DM_4889 sulindac 23 mg/kg kidney 0.25 d 0.30 3.77E-02 

Hyperlipidemia DM_1727 amitraz 75 mg/kg heart 3 d 0.30 3.71E-02 

Hyperlipidemia DM_3864 methotrexate 27 mg/kg spleen 3 d 0.30 3.67E-02 

Hyperlipidemia DM_4630 rofecoxib 775 mg/kg kidney 1 d 0.30 3.61E-02 

Hyperlipidemia DM_648 fenbendazole 375 mg/kg liver 1 d 0.30 4.98E-03 

Hyperlipidemia DM_164 aspirin 35 mg/kg heart 3 d 0.30 4.94E-03 

Hyperlipidemia DM_4494 procarbazine 54 mg/kg liver 1 d 0.30 3.51E-02 

Hyperlipidemia DM_3082 famciclovir 1200 mg/kg liver 3 d 0.31 3.50E-02 

Hyperlipidemia DM_3531 isotretinoin 125 mg/kg liver 5 d 0.31 3.48E-02 

Hyperlipidemia DM_4418 pioglitazone 300 mg/kg liver 3 d 0.31 3.41E-02 

Hyperlipidemia DM_584 enoxacin 100 mg/kg liver 0.25 d 0.31 4.53E-03 

Hyperlipidemia DM_736 gefitinib 58 mg/kg kidney 1 d 0.31 4.52E-03 

Hyperlipidemia DM_1170 phenytoin 572 mg/kg heart 5 d 0.31 4.35E-03 

Hyperlipidemia DM_4279 oxybutynin 230 mg/kg heart 5 d 0.31 3.30E-02 

Hyperlipidemia DM_985 methimazole 100 mg/kg liver 3 d 0.31 4.06E-03 

Hyperlipidemia DM_4030 neomycin 56 mg/kg kidney 5 d 0.31 3.17E-02 

Hyperlipidemia DM_611 erythromycin 1500 mg/kg liver 1 d 0.31 3.96E-03 

Hyperlipidemia DM_3412 idarubicin 1.5 uM primary rat hepatocytes 1 d 0.31 3.13E-02 

Hyperlipidemia DM_1182 pramoxine 526 mg/kg liver 3 d 0.31 3.75E-03 

Hyperlipidemia DM_4610 rifampin 99 mg/kg kidney 1 d 0.31 3.01E-02 

Hyperlipidemia DM_1174 pioglitazone 1500 mg/kg liver 3 d 0.31 3.69E-03 

Hyperlipidemia DM_3867 methotrexate 0.3 mg/kg liver 3 d 0.31 2.99E-02 

Hyperlipidemia DM_3377 hydroxyurea 59 mg/kg liver 0.25 d 0.31 2.99E-02 

Hyperlipidemia DM_3191 fluphenazine 22 mg/kg liver 3 d 0.31 2.97E-02 

Hyperlipidemia DM_300 carbamazepine 490 mg/kg liver 1 d 0.32 3.34E-03 

Hyperlipidemia DM_1007 mifepristone 300 mg/kg liver 1 d 0.32 3.27E-03 

Hyperlipidemia DM_987 methotrexate 0.3 mg/kg liver 1 d 0.32 3.27E-03 

Hyperlipidemia DM_3529 isotretinoin 125 mg/kg liver 3 d 0.32 2.77E-02 
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Hyperlipidemia DM_1342 thioguanine 12 mg/kg liver 1 d 0.32 3.14E-03 

Hyperlipidemia DM_2879 doxorubicin 4 mg/kg kidney 5 d 0.32 2.70E-02 

Hyperlipidemia DM_1286 spironolactone 300 mg/kg kidney 5 d 0.32 3.09E-03 

Hyperlipidemia DM_3183 fluoxetine 52 mg/kg kidney 5 d 0.32 2.68E-02 

Hyperlipidemia DM_3671 leflunomide 60 mg/kg spleen 5 d 0.32 2.66E-02 

Hyperlipidemia DM_3178 fluoxetine 52 mg/kg kidney 1 d 0.32 2.65E-02 

Hyperlipidemia DM_5021 thioguanine 12 mg/kg liver 5 d 0.32 2.60E-02 

Hyperlipidemia DM_2866 doxorubicin 3 mg/kg heart 3 d 0.32 2.54E-02 

Hyperlipidemia DM_592 epirubicin 2.7 mg/kg heart 3 d 0.32 2.69E-03 

Hyperlipidemia DM_482 cyproterone 2500 mg/kg liver 0.25 d 0.32 2.57E-03 

Hyperlipidemia DM_994 metoprolol 120 mg/kg heart 1 d 0.33 2.51E-03 

Hyperlipidemia DM_5179 valproate 1500 mg/kg heart 3 d 0.33 2.39E-02 

Hyperlipidemia DM_1118 omeprazole 435 uM primary rat hepatocytes 1 d 0.33 2.47E-03 

Hyperlipidemia DM_4899 sulindac 132 mg/kg liver 5 d 0.33 2.35E-02 

Hyperlipidemia DM_190 azathioprine 160 mg/kg liver 3 d 0.33 2.34E-03 

Hyperlipidemia DM_591 epirubicin 2.7 mg/kg liver 1 d 0.33 2.31E-03 

Hyperlipidemia DM_2198 carboplatin 6 mg/kg kidney 3 d 0.33 2.16E-02 

Hyperlipidemia DM_367 chlorambucil 0.6 mg/kg liver 5 d 0.33 2.07E-03 

Hyperlipidemia DM_2533 clozapine 95 mg/kg heart 3 d 0.33 2.08E-02 

Hyperlipidemia DM_426 clomipramine 115 mg/kg liver 3 d 0.33 1.93E-03 

Hyperlipidemia DM_2314 chlorambucil 4.5 mg/kg spleen 5 d 0.33 2.03E-02 

Hyperlipidemia DM_5186 valproate 850 mg/kg kidney 3 d 0.33 2.01E-02 

Hyperlipidemia DM_801 idarubicin 0.625 mg/kg heart 1 d 0.33 1.85E-03 

Hyperlipidemia DM_1148 pentoxifylline 1170 mg/kg thigh muscle 3 d 0.34 1.72E-03 

Hyperlipidemia DM_1115 omeprazole 365 uM primary rat hepatocytes 1 d 0.34 1.59E-03 

Hyperlipidemia DM_3440 ifosfamide 143 mg/kg heart 5 d 0.34 1.81E-02 

Hyperlipidemia DM_4923 tacrolimus 134 mg/kg heart 3 d 0.34 1.76E-02 

Hyperlipidemia DM_702 fluphenazine 2.5 mg/kg liver 0.25 d 0.34 1.47E-03 

Hyperlipidemia DM_2434 cisplatin 2 mg/kg liver 5 d 0.34 1.75E-02 

Hyperlipidemia DM_4452 pravastatin 1200 mg/kg thigh muscle 5 d 0.34 1.74E-02 

Hyperlipidemia DM_2921 enoxacin 750 mg/kg liver 3 d 0.34 1.70E-02 

Hyperlipidemia DM_3064 etoposide 188 mg/kg liver 5 d 0.34 1.70E-02 
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Hyperlipidemia DM_2449 citric acid 3000 mg/kg liver 3 d 0.34 1.70E-02 

Hyperlipidemia DM_698 fluphenazine 22 mg/kg liver 1 d 0.34 1.32E-03 

Hyperlipidemia DM_1723 amiodarone 147 mg/kg kidney 5 d 0.35 1.62E-02 

Hyperlipidemia DM_3189 fluphenazine 2.5 mg/kg liver 0.25 d 0.35 1.71E-02 

Hyperlipidemia DM_4587 ramipril 620 uM primary rat hepatocytes 1 d 0.35 1.54E-02 

Hyperlipidemia DM_2505 clonidine 6 mg/kg heart 1 d 0.35 1.46E-02 

Hyperlipidemia DM_4278 oxybutynin 230 mg/kg heart 3 d 0.35 1.41E-02 

Hyperlipidemia DM_705 flurbiprofen 10 mg/kg kidney 3 d 0.35 9.74E-04 

Hyperlipidemia DM_4394 phentolamine 44 mg/kg heart 3 d 0.35 1.35E-02 

Hyperlipidemia DM_2814 diphenidol 300 mg/kg heart 3 d 0.36 1.32E-02 

Hyperlipidemia DM_140 amlodipine 0.2 mg/kg liver 0.25 d 0.36 9.07E-04 

Hyperlipidemia DM_1749 amoxapine 313 mg/kg heart 5 d 0.36 1.29E-02 

Hyperlipidemia DM_1716 amiodarone 147 mg/kg kidney 1 d 0.36 1.28E-02 

Hyperlipidemia DM_1185 prednisolone 184 mg/kg liver 1 d 0.36 8.64E-04 

Hyperlipidemia DM_2685 dexamethasone 1 mg/kg liver 3 d 0.36 1.23E-02 

Hyperlipidemia DM_4728 sildenafil 14.6 mg/kg liver 3 d 0.36 1.29E-02 

Hyperlipidemia DM_612 erythromycin 1500 mg/kg liver 3 d 0.36 7.45E-04 

Hyperlipidemia DM_208 benzethonium 138 mg/kg heart 3 d 0.36 7.28E-04 

Hyperlipidemia DM_1903 benazepril 1750 mg/kg kidney 1 d 0.36 1.14E-02 

Hyperlipidemia DM_3959 mitoxantrone 2 mg/kg heart 3 d 0.36 1.14E-02 

Hyperlipidemia DM_1391 vinorelbine 1.5 mg/kg heart 3 d 0.36 6.58E-04 

Hyperlipidemia DM_69 acetazolamide 250 mg/kg liver 0.25 d 0.37 5.35E-04 

Hyperlipidemia DM_1014 mifepristone 3 mg/kg liver 5 d 0.37 5.19E-04 

Hyperlipidemia DM_1857 azathioprine 54 mg/kg liver 0.25 d 0.37 9.49E-03 

Hyperlipidemia DM_678 fludrocortisone 125 mg/kg kidney 1 d 0.37 4.86E-04 

Hyperlipidemia DM_1144 pemoline 833 uM primary rat hepatocytes 1 d 0.37 4.81E-04 

Hyperlipidemia DM_3170 fluocinolone 2.5 mg/kg liver 3 d 0.37 8.98E-03 

Hyperlipidemia DM_3968 modafinil 17.5 mg/kg liver 3 d 0.37 8.97E-03 

Hyperlipidemia DM_383 chlorpromazine 43.9 uM primary rat hepatocytes 1 d 0.37 4.53E-04 

Hyperlipidemia DM_3982 moxonidine 17 mg/kg heart 1 d 0.38 8.39E-03 

Hyperlipidemia DM_458 cromolyn 1500 mg/kg kidney 5 d 0.38 4.09E-04 

Hyperlipidemia DM_4667 rosiglitazone 1800 mg/kg thigh muscle 3 d 0.38 7.96E-03 
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Hyperlipidemia DM_1171 phenytoin 572 mg/kg thigh muscle 5 d 0.38 3.81E-04 

Hyperlipidemia DM_3386 hydroxyurea 400 mg/kg liver 5 d 0.38 7.90E-03 

Hyperlipidemia DM_2842 doxepin 147 mg/kg heart 5 d 0.38 7.76E-03 

Hyperlipidemia DM_588 enrofloxacin 2000 mg/kg kidney 3 d 0.38 3.67E-04 

Hyperlipidemia DM_4805 spironolactone 300 mg/kg heart 5 d 0.38 7.65E-03 

Hyperlipidemia DM_2694 dexfenfluramine 29 mg/kg kidney 1 d 0.38 7.58E-03 

Hyperlipidemia DM_3899 metronidazole 1500 mg/kg liver 3 d 0.38 7.46E-03 

Hyperlipidemia DM_2267 celecoxib 400 mg/kg heart 3 d 0.38 7.43E-03 

Hyperlipidemia DM_1001 miconazole 920 mg/kg liver 0.25 d 0.38 3.29E-04 

Hyperlipidemia DM_2830 doxapram 20 mg/kg heart 1 d 0.38 7.15E-03 

Hyperlipidemia DM_4591 ranitidine 1500 mg/kg heart 3 d 0.38 7.07E-03 

Hyperlipidemia DM_195 azathioprine 54 mg/kg liver 5 d 0.39 2.96E-04 

Hyperlipidemia DM_3194 fluphenazine 22 mg/kg liver 5 d 0.39 6.68E-03 

Hyperlipidemia DM_3049 etoposide 100 mg/kg liver 0.25 d 0.39 6.10E-03 

Hyperlipidemia DM_752 gemfibrozil 700 mg/kg liver 0.25 d 0.39 2.35E-04 

Hyperlipidemia DM_438 clotrimazole 52 mg/kg liver 0.25 d 0.39 2.34E-04 

Hyperlipidemia DM_2454 clarithromycin 56 mg/kg liver 0.25 d 0.39 5.96E-03 

Hyperlipidemia DM_4535 propranolol 175 mg/kg heart 1 d 0.39 5.82E-03 

Hyperlipidemia DM_441 clotrimazole 52 mg/kg liver 3 d 0.40 1.96E-04 

Hyperlipidemia DM_582 enoxacin 100 mg/kg liver 1 d 0.40 1.73E-04 

Hyperlipidemia DM_278 buspirone 196 mg/kg heart 3 d 0.40 1.45E-04 

Hyperlipidemia DM_2365 chlorzoxazone 763 mg/kg liver 3 d 0.41 3.93E-03 

Hyperlipidemia DM_831 imatinib 15 mg/kg liver 5 d 0.41 1.08E-04 

Hyperlipidemia DM_2236 carvedilol 2000 mg/kg heart 3 d 0.41 3.71E-03 

Hyperlipidemia DM_4543 propylene glycol 2000 mg/kg liver 5 d 0.41 3.62E-03 

Hyperlipidemia DM_1851 azathioprine 0.5 uM primary rat hepatocytes 1 d 0.42 3.30E-03 

Hyperlipidemia DM_860 itraconazole 10 uM primary rat hepatocytes 1 d 0.42 8.03E-05 

Hyperlipidemia DM_361 chlorambucil 1540 uM primary rat hepatocytes 1 d 0.42 6.91E-05 

Hyperlipidemia DM_283 busulfan 250 uM primary rat hepatocytes 1 d 0.42 6.79E-05 

Hyperlipidemia DM_158 aspirin 167 mg/kg liver 1 d 0.42 6.04E-05 

Hyperlipidemia DM_354 cerivastatin 7 mg/kg kidney 1 d 0.43 4.28E-05 

Hyperlipidemia DM_3530 isotretinoin 13 mg/kg liver 3 d 0.43 2.06E-03 
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Hyperlipidemia DM_437 clotrimazole 178 mg/kg liver 0.25 d 0.44 2.62E-05 

Hyperlipidemia DM_2506 clonidine 6 mg/kg heart 3 d 0.45 1.52E-03 

Hyperlipidemia DM_4045 nevirapine 250 uM primary rat hepatocytes 1 d 0.45 1.50E-03 

Hyperlipidemia DM_2796 digoxin 11 mg/kg heart 5 d 0.45 1.42E-03 

Hyperlipidemia DM_233 betamethasone 79 mg/kg liver 1 d 0.46 1.06E-05 

Hyperlipidemia DM_829 imatinib 15 mg/kg heart 5 d 0.46 1.06E-05 

Hyperlipidemia DM_328 carmustine 4 mg/kg liver 0.25 d 0.46 9.68E-06 

Hyperlipidemia DM_3970 modafinil 17.5 mg/kg liver 5 d 0.46 9.21E-04 

Hyperlipidemia DM_3784 maprotiline 380 mg/kg heart 1 d 0.46 8.89E-04 

Hyperlipidemia DM_3182 fluoxetine 52 mg/kg heart 5 d 0.47 8.35E-04 

Hyperlipidemia DM_1548 aceclofenac 9 mg/kg kidney 3 d 0.47 8.18E-04 

Hyperlipidemia DM_2187 carboplatin 6 mg/kg liver 1 d 0.47 6.81E-04 

Hyperlipidemia DM_936 loratadine 2000 mg/kg heart 1 d 0.48 3.13E-06 

Hyperlipidemia DM_5161 valproate 1500 mg/kg heart 1 d 0.49 4.31E-04 

Hyperlipidemia DM_336 carvedilol 2000 mg/kg liver 5 d 0.52 3.55E-07 

Hyperlipidemia DM_282 busulfan 125 uM primary rat hepatocytes 1 d 0.53 1.75E-07 
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Supplementary Table 4: iLINCS drug repurposing candidate list for hypertension. 

phenotype drug_name correlation zscore pvalue 

Hypertension vorinostat - 22.25 5.15E-110 

Hypertension niclosamide - 14.00 7.35E-45 

Hypertension valdecoxib - 8.17 1.53E-16 

Hypertension crizotinib - 7.98 7.53E-16 

Hypertension guanethidine + 7.60 1.48E-14 

Hypertension perphenazine - 7.39 7.41E-14 

Hypertension thiothixene - 7.23 2.41E-13 

Hypertension troglitazone - 7.18 3.49E-13 

Hypertension sirolimus - 6.95 1.87E-12 

Hypertension thioridazine - 6.94 1.94E-12 

Hypertension terfenadine - 6.93 2.09E-12 

Hypertension azacitidine + 6.70 1.04E-11 

Hypertension triflupromazine - 6.68 1.22E-11 

Hypertension doxorubicin - 6.65 1.48E-11 

Hypertension imatinib - 6.61 1.97E-11 

Hypertension chlorpromazine - 6.56 2.75E-11 

Hypertension captopril - 6.31 1.38E-10 

Hypertension olaparib - 5.98 1.10E-09 

Hypertension ticagrelor + 5.98 1.14E-09 

Hypertension anagrelide + 5.87 2.12E-09 

Hypertension cabozantinib - 5.80 3.33E-09 

Hypertension edaravone + 5.75 4.45E-09 

Hypertension ouabain - 5.74 4.67E-09 

Hypertension idelalisib - 5.73 4.96E-09 

Hypertension levonorgestrel + 5.55 1.45E-08 

Hypertension oxymetholone - 5.50 1.91E-08 

Hypertension valrubicin - 5.48 2.14E-08 

Hypertension cobimetinib + 5.42 3.01E-08 

Hypertension benzoate - 5.31 5.42E-08 

Hypertension thiostrepton - 5.26 7.18E-08 

Hypertension griseofulvin + 5.25 7.42E-08 
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phenotype drug_name correlation zscore pvalue 

Hypertension rivaroxaban - 5.24 8.14E-08 

Hypertension sirolimus - 5.21 9.39E-08 

Hypertension bosentan + 5.15 1.27E-07 

Hypertension amiodarone - 5.12 1.55E-07 

Hypertension fluphenazine - 5.09 1.78E-07 

Hypertension ruxolitinib - 5.03 2.51E-07 

Hypertension procyclidine - 5.01 2.77E-07 

Hypertension perindopril + 5.00 2.83E-07 

Hypertension lacosamide + 4.94 3.88E-07 

Hypertension carbinoxamine - 4.85 6.14E-07 

Hypertension tacalcitol + 4.84 6.37E-07 

Hypertension fluoxetine - 4.81 7.72E-07 

Hypertension fluorouracil - 4.81 7.72E-07 

Hypertension halofantrine + 4.80 7.83E-07 

Hypertension gemcitabine - 4.79 8.27E-07 

Hypertension caffeine - 4.71 1.21E-06 

Hypertension amisulpride + 4.69 1.36E-06 

Hypertension rosiglitazone - 4.67 1.54E-06 

Hypertension pioglitazone - 4.65 1.69E-06 

Hypertension clonazepam + 4.62 1.93E-06 

Hypertension troleandomycin - 4.58 2.31E-06 

Hypertension iloprost + 4.57 2.43E-06 

Hypertension escitalopram - 4.53 2.91E-06 

Hypertension terbinafine + 4.48 3.73E-06 

Hypertension melatonin - 4.47 3.85E-06 

Hypertension gemifloxacin + 4.47 3.96E-06 

Hypertension haloperidol - 4.46 4.02E-06 

Hypertension nandrolone + 4.45 4.24E-06 

Hypertension trovafloxacin + 4.41 5.20E-06 

Hypertension tiaprofenate + 4.41 5.22E-06 

Hypertension beclomethasone - 4.40 5.50E-06 

Hypertension digoxin - 4.38 5.97E-06 
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phenotype drug_name correlation zscore pvalue 

Hypertension tranylcypromine - 4.37 6.29E-06 

Hypertension ethotoin - 4.37 6.32E-06 

Hypertension megestrol - 4.36 6.47E-06 

Hypertension nadolol - 4.35 6.68E-06 

Hypertension nilotinib - 4.33 7.63E-06 

Hypertension iloprost - 4.32 7.79E-06 

Hypertension diethylstilbestrol - 4.29 8.95E-06 

Hypertension azithromycin - 4.25 1.05E-05 

Hypertension lomefloxacin + 4.21 1.25E-05 

Hypertension estradiol - 4.21 1.26E-05 

Hypertension pilocarpine + 4.13 1.81E-05 

Hypertension primidone + 4.10 2.10E-05 

Hypertension nelarabine + 4.08 2.27E-05 

Hypertension minoxidil + 4.01 3.09E-05 

Hypertension rimantadine + 3.97 3.57E-05 

Hypertension midodrine - 3.92 4.45E-05 

Hypertension dihydroergotamine - 3.90 4.76E-05 

Hypertension hydrocortisone - 3.88 5.21E-05 

Hypertension meclizine + 3.84 6.24E-05 

Hypertension homatropine + 3.84 6.27E-05 

Hypertension budesonide - 3.83 6.33E-05 

Hypertension atorvastatin - 3.82 6.71E-05 

Hypertension osimertinib - 3.81 7.08E-05 

Hypertension loperamide - 3.80 7.09E-05 

Hypertension calcitriol + 3.80 7.25E-05 

Hypertension mifepristone - 3.80 7.32E-05 

Hypertension loteprednol etabonate - 3.79 7.57E-05 

Hypertension linezolid - 3.78 7.74E-05 

Hypertension medrysone - 3.78 7.87E-05 

Hypertension lisinopril + 3.76 8.33E-05 

Hypertension gefitinib - 3.76 8.45E-05 

Hypertension sertraline - 3.75 8.80E-05 
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phenotype drug_name correlation zscore pvalue 

Hypertension isoniazid + 3.71 1.05E-04 

Hypertension everolimus - 3.70 1.06E-04 

Hypertension mianserin - 3.70 1.08E-04 

Hypertension tacrolimus - 3.70 1.09E-04 

Hypertension valproate + 3.69 1.11E-04 

Hypertension pyridoxine - 3.67 1.21E-04 

Hypertension erlotinib + 3.66 1.26E-04 

Hypertension ifosfamide + 3.66 1.26E-04 

Hypertension norgestrel + 3.66 1.26E-04 

Hypertension miglitol - 3.64 1.36E-04 

Hypertension spironolactone - 3.63 1.41E-04 

Hypertension rasagiline + 3.62 1.45E-04 

Hypertension fenoldopam + 3.59 1.62E-04 

Hypertension dichlorphenamide + 3.59 1.64E-04 

Hypertension pimozide - 3.58 1.74E-04 

Hypertension rizatriptan + 3.56 1.83E-04 

Hypertension iopanoic acid - 3.55 1.91E-04 

Hypertension selamectin - 3.52 2.16E-04 

Hypertension toremifene - 3.48 2.55E-04 

Hypertension paricalcitol + 3.47 2.65E-04 

Hypertension ambrisentan + 3.46 2.69E-04 

Hypertension dorzolamide + 3.45 2.78E-04 

Hypertension cytarabine - 3.45 2.80E-04 

Hypertension telbivudine + 3.40 3.36E-04 

Hypertension thioguanine + 3.38 3.67E-04 

Hypertension amoxapine - 3.37 3.76E-04 

Hypertension febuxostat - 3.35 4.04E-04 

Hypertension acyclovir + 3.34 4.17E-04 

Hypertension probenecid - 3.31 4.64E-04 

Hypertension methylprednisolone - 3.30 4.82E-04 

Hypertension lovastatin - 3.30 4.84E-04 

Hypertension palbociclib - 3.29 5.00E-04 
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phenotype drug_name correlation zscore pvalue 

Hypertension thiotepa - 3.29 5.02E-04 

Hypertension perampanel + 3.27 5.41E-04 

Hypertension dactinomycin - 3.26 5.63E-04 

Hypertension mecamylamine + 3.25 5.82E-04 

Hypertension thalidomide - 3.24 5.90E-04 

Hypertension zolpidem + 3.22 6.34E-04 

Hypertension sirolimus - 3.21 6.57E-04 

Hypertension ipratropium - 3.20 6.89E-04 

Hypertension loracarbef - 3.18 7.28E-04 

Hypertension enoxacin - 3.18 7.33E-04 

Hypertension tegaserod - 3.17 7.52E-04 

Hypertension cyclobenzaprine - 3.17 7.53E-04 

Hypertension protriptyline - 3.17 7.71E-04 

Hypertension piperidolate - 3.15 8.08E-04 

Hypertension sulpiride + 3.15 8.20E-04 

Hypertension inositol - 3.14 8.37E-04 

Hypertension topiramate + 3.14 8.53E-04 

Hypertension trifluoperazine - 3.14 8.58E-04 

Hypertension oxaprozin - 3.13 8.63E-04 

Hypertension piretanide - 3.12 9.07E-04 

Hypertension nitazoxanide - 3.12 9.07E-04 

Hypertension naftifine + 3.12 9.12E-04 

Hypertension salmeterol - 3.11 9.27E-04 

Hypertension vilazodone + 3.11 9.27E-04 

Hypertension olmesartan + 3.11 9.39E-04 

Hypertension amlodipine - 3.10 9.53E-04 

Hypertension dexfenfluramine + 3.06 1.10E-03 

Hypertension phentermine - 3.05 1.14E-03 

Hypertension bicalutamide + 3.05 1.14E-03 

Hypertension famciclovir + 3.05 1.15E-03 

Hypertension simvastatin - 3.05 1.16E-03 

Hypertension fluticasone + 3.03 1.21E-03 
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phenotype drug_name correlation zscore pvalue 

Hypertension rilpivirine + 3.03 1.22E-03 

Hypertension alectinib + 3.03 1.24E-03 

Hypertension zeranol - 3.02 1.25E-03 

Hypertension ipratropium - 3.02 1.25E-03 

Hypertension sunitinib + 3.01 1.30E-03 

Hypertension paroxetine - 3.00 1.34E-03 

Hypertension celecoxib - 3.00 1.35E-03 

Hypertension dipyridamole - 3.00 1.35E-03 

Hypertension sulfacetamide - 3.00 1.36E-03 

Hypertension ziprasidone + 3.00 1.37E-03 

Hypertension efavirenz - 2.99 1.39E-03 

Hypertension lapatinib - 2.98 1.43E-03 

Hypertension desloratadine - 2.96 1.51E-03 

Hypertension penicillin v + 2.96 1.55E-03 

Hypertension sorafenib - 2.94 1.66E-03 

Hypertension tacrine + 2.93 1.70E-03 

Hypertension dichloroacetate + 2.91 1.80E-03 

Hypertension altrenogest + 2.91 1.80E-03 

Hypertension levothyroxine + 2.91 1.82E-03 

Hypertension cefuroxime + 2.90 1.88E-03 

Hypertension bendroflumethiazide - 2.89 1.90E-03 

Hypertension medetomidine - 2.89 1.90E-03 

Hypertension nimodipine - 2.88 1.99E-03 

Hypertension sildenafil + 2.88 2.00E-03 

Hypertension clomipramine - 2.86 2.09E-03 

Hypertension raloxifene - 2.86 2.10E-03 

Hypertension benzethonium - 2.86 2.12E-03 

Hypertension acamprosate + 2.85 2.17E-03 

Hypertension diphenidol - 2.85 2.18E-03 

Hypertension fluvastatin - 2.85 2.20E-03 

Hypertension propantheline - 2.84 2.23E-03 

Hypertension amoxicillin + 2.84 2.28E-03 
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phenotype drug_name correlation zscore pvalue 

Hypertension fluocinonide - 2.83 2.32E-03 

Hypertension regorafenib - 2.83 2.32E-03 

Hypertension tenoxicam + 2.83 2.34E-03 

Hypertension danazol - 2.83 2.34E-03 

Hypertension phenazopyridine + 2.82 2.37E-03 

Hypertension clenbuterol + 2.81 2.46E-03 

Hypertension atomoxetine + 2.81 2.48E-03 

Hypertension altrenogest + 2.80 2.54E-03 

Hypertension fexofenadine - 2.79 2.62E-03 

Hypertension aminolevulinic acid + 2.78 2.70E-03 

Hypertension methenamine - 2.77 2.82E-03 

Hypertension nabumetone - 2.76 2.87E-03 

Hypertension sorbitol + 2.76 2.90E-03 

Hypertension duloxetine - 2.75 2.94E-03 

Hypertension trametinib + 2.75 3.01E-03 

Hypertension pralatrexate + 2.75 3.02E-03 

Hypertension chlorotrianisene - 2.74 3.04E-03 

Hypertension pentobarbital + 2.74 3.10E-03 

Hypertension tretinoin - 2.73 3.12E-03 

Hypertension aceclofenac - 2.73 3.18E-03 

Hypertension praziquantel + 2.71 3.35E-03 

Hypertension amitriptyline - 2.71 3.36E-03 

Hypertension ethacrynate - 2.69 3.52E-03 

Hypertension vecuronium + 2.69 3.53E-03 

Hypertension carvedilol - 2.69 3.59E-03 

Hypertension papaverine - 2.68 3.64E-03 

Hypertension propafenone - 2.68 3.64E-03 

Hypertension dexamethasone - 2.68 3.66E-03 

Hypertension oxandrolone - 2.68 3.67E-03 

Hypertension levofloxacin - 2.68 3.69E-03 

Hypertension indomethacin - 2.67 3.79E-03 

Hypertension ribavirin - 2.66 3.85E-03 
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phenotype drug_name correlation zscore pvalue 

Hypertension phensuximide - 2.66 3.87E-03 

Hypertension triamcinolone - 2.65 3.97E-03 

Hypertension epirubicin - 2.65 4.00E-03 

Hypertension meptazinol + 2.64 4.17E-03 

Hypertension guanadrel + 2.64 4.18E-03 

Hypertension tamoxifen + 2.63 4.29E-03 

Hypertension sunitinib - 2.62 4.44E-03 

Hypertension novobiocin + 2.61 4.51E-03 

Hypertension glyburide - 2.61 4.52E-03 

Hypertension apazone - 2.60 4.67E-03 

Hypertension metronidazole + 2.60 4.72E-03 

Hypertension cerivastatin - 2.58 4.89E-03 

Hypertension raltegravir + 2.58 4.95E-03 

Hypertension brompheniramine - 2.57 5.04E-03 

Hypertension tolnaftate + 2.56 5.17E-03 

Hypertension paroxetine - 2.56 5.20E-03 

Hypertension ropinirole + 2.56 5.22E-03 

Hypertension tigecycline - 2.56 5.26E-03 

Hypertension thonzonium - 2.56 5.29E-03 

Hypertension amcinonide - 2.56 5.30E-03 

Hypertension phenylephrine - 2.55 5.32E-03 

Hypertension nifedipine + 2.55 5.34E-03 

Hypertension pyrimethamine - 2.55 5.44E-03 

Hypertension chlorambucil - 2.54 5.52E-03 

Hypertension phenytoin - 2.54 5.59E-03 

Hypertension griseofulvin - 2.53 5.73E-03 

Hypertension benzthiazide + 2.53 5.76E-03 

Hypertension oxprenolol - 2.52 5.89E-03 

Hypertension benazepril - 2.51 5.96E-03 

Hypertension liothyronine - 2.51 6.00E-03 

Hypertension bisoprolol + 2.49 6.31E-03 

Hypertension fomepizole + 2.49 6.39E-03 
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phenotype drug_name correlation zscore pvalue 

Hypertension dabrafenib + 2.48 6.64E-03 

Hypertension diazoxide - 2.47 6.70E-03 

Hypertension ethosuximide + 2.47 6.75E-03 

Hypertension fenbufen - 2.47 6.83E-03 

Hypertension dinoprost - 2.46 6.91E-03 

Hypertension mibefradil - 2.46 6.94E-03 

Hypertension biperiden - 2.45 7.15E-03 

Hypertension fenofibrate + 2.44 7.41E-03 

Hypertension esmolol - 2.43 7.65E-03 

Hypertension artemether - 2.42 7.66E-03 

Hypertension ethamivan - 2.42 7.78E-03 
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Supplementary Table 5: Demographic Characteristics of clinical validation study cohorts. 

Source Phenotype Drugs N 
Female - 
no. (%) 

White - 
no. (%) 

Age - 
yr 

Observation Period 
Length - d 

Treatment Period 
Length - d 

Vanderbilt Hyperlipidemia Simvastatin 6,305 3201 (50.8) 
5022 
(79.7) 

56.5 
(12.8) 

710 (62.6) 345 (62.6) 

  Alendronate 620 496 (80.0) 528 (85.2) 
60.4 
(13.7) 

710 (57.6) 345 (57.6) 

  Megestrol 36 17 (47.2) 20 (55.6) 
58.3 
(13.0) 

648 (108) 283 (108) 

  Quinapril 170 76 (44.7) 
129 
(75.9%) 

55.9 
(13.2) 

699 (67.6) 334 (67.6) 

  Lisinopril 2,447 1216 (49.7) 
1820 
(74.4) 

52.1 
(14.1) 

704 (69.8) 339 (69.8) 

 Hypertension Losartan 3,759 2065 (54.9) 
3221 
(85.7) 

55.7 
(13.4) 

648 (118) 283 (118) 

  Tacrolimus 527 324 (61.5) 449 (85.2) 
43.5 
(15.3) 

638 (120) 273 (120) 

  Budesonide 4,204 2825 (67.2) 
3693 
(87.8) 

42.7 
(15.3) 

637 (121) 272 (121) 

  Digoxin 220 126 (57.3) 200 (90.9) 
61.0 
(16.8) 

619 (133) 254 (133) 

  Pioglitazone 581 277 (47.7) 455 (78.3) 
50.8 
(13.3) 

620 (128) 255 (128) 

  Fluoxetine 7,724 6318 (81.8) 
6765 
(87.6) 

39.1 
(14.3) 

632 (122) 267 (123) 

  Haloperidol 441 244 (55.3) 328 (74.4) 
40.6 
(15.0) 

609 (130) 243 (130) 

  Sertraline 14,168 
10872 
(76.7) 

12196 
(86.1) 

38.8 
(14.8) 

629 (124) 264 (124) 

  Estradiol 9,794 9772 (99.8) 
8765 
(89.5) 

50.0 
(12.4) 

659 (113) 293 (113) 

  Escitalopram 12,535 9464 (75.5) 
11094 
(88.5) 

39.9 
(14.7) 

631 (123) 265 (123) 
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Source Phenotype Drugs N 
Female - 
no. (%) 

White - 
no. (%) 

Age - 
yr 

Observation Period 
Length - d 

Treatment Period 
Length - d 

  Atorvastatin 8,027 4179 (52.1) 
7057 
(87.9) 

54.6 
(12.3) 

662 (110) 296 (110) 

All of Us Hyperlipidemia Simvastatin 1,526 727 (47.6) 990 (64.9) 
56.6 
(9.60) 

717 (50.8) 351 (50.8) 

  Lisinopril 899 422 (46.9) 499 (55.5) 
54.1 
(11.3) 

712 (59.1) 347 (59.1) 

 Hypertension Losartan 328 189 (57.6) 216 (65.9) 
60.0 
(11.5) 

686 (94.8) 321 (94.8) 

  Fluoxetine 839 640 (76.3) 575 (68.5) 
42.1 
(13.2) 

670 (105) 305 (105) 

  Haloperidol 203 156 (76.8) 143 (70.4) 
48.7 
(14.7) 

665 (101) 299 (101) 

  Sertraline 1,094 841 (76.9) 739 (67.6) 
42.6 
(14.3) 

665 (109) 300 (109) 

  Estradiol 838 831 (99.2) 692 (82.6) 
51.6 
(13.1) 

690 (87.6) 325 (87.5) 

  Escitalopram 709 536 (75.6) 481 (67.8) 
43.9 
(14.2) 

653 (115) 287 (115) 

  Atorvastatin 1,842 1056 (57.3) 
1153 
(62.6) 

54.8 
(13.1) 

696 (82.0) 331 (82.0) 
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CHAPTER 5 
 

SUMMARY 
 

Summary of findings 

In this dissertation, I developed and evaluated two novel methods to detect DDI signals and 

identify drug repurposing candidates. In Chapter 3, I demonstrated that information from the 

allergy list can be used to detect DDI signals, using DDIWAS. Because the allergy list is a 

common module in the EHR, there is a high potential that researchers at other institutions will be 

interested in applying DDIWAS to identify DDI signals in their database. In the Biomedical 

Informatics literature, the allergy list has been relatively underused as a source of information for 

pharmacovigilance. DDIWAS was applied to identify DDIs for two common drugs, simvastatin 

and amlodipine. For both drugs, DDIWAS replicated known DDIs and identified potential novel 

DDIs. For Chapter 3’s project, I developed software tools to implement these two methods and 

released them as R packages in publicly available GitHub repositories. The DDIWAS R package 

can be found at “https://github.com/pwatrick/ddiwas”. 

In Chapter 4, I demonstrated a method that integrates multiple sources of publicly available 

biomedical data to identify and validate drug repurposing candidates. Because of its use of 

publicly available data sources and open-source software tools, this method can be considered 

portable. First, this method uses S-PrediXcan (an open-source software tool) and publicly 

available GWAS summary statistics to estimate human phenotype transcriptomic signatures. 

Second, this method searches in iLINCS (a publicly available database) for drugs with 

perturbation signatures that reverse the phenotype transcriptomic signatures estimated using S-

PrediXcan. Third, this method validates drug repurposing candidates using clinical data stored in 

EHR databases organized using the OHDSI/OMOP CDM. I was able to easily and quickly 

replicate the clinical validation study in the All of Us dataset with minor code modifications, 

because the dataset and the VUMC SD both use the OHDSI/OMOP CDM format. The All of Us 

program is in its initial phase of recruiting when these experiments were conducted, but I 

successfully replicated the treatment effects of several drug repurposing candidates with similar 

effect sizes. As of March 2021, the NIH All of Us Research Program database is available to 

researchers from 183 institutions in the US. They can use an R package that I have developed, 

https://github.com/pwatrick/ddiwas
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which can be found at “https://github.com/pwatrick/DrugRepurposingToolKit”. The NIH All of Us 

Research Program workbench was in beta when these experiments were conducted, and only 

demonstration projects focused on replicating known findings[145] and predictive models[167] 

have been published. To my knowledge, this is the first study introducing a novel method for 

biomedical discovery, performed in the NIH All of Us Research Program database. 

Limitations 

The two methods have limitations. The main limitation for DDIWAS is that we did not 

demonstrate portability of the method in an external database. The challenge to replicating 

DDIWAS in an external database is that there is not a consensus approach for representing 

allergy list information in the most recent version of the OHDSI/OMOP CDM (version 6.0; 

https://ohdsi.github.io/CommonDataModel/cdm60.html). In the VUMC SD, allergy list information 

is found in the NOTE table by string matching ALLERGY in the NOTE_SOURCE_VALUE column. 

However, allergy list information may not be found using a similar query in an external 

OHDSI/OMOP CDM database, because NOTE_SOURCE_VALUE is not a required column. 

Discussions related to representing allergy list information is still ongoing in the OHDSI 

community.[168] 

For the drug repurposing method described in Chapter 4, the main limitation is that I only applied 

the pipeline to two phenotypes, hyperlipidemia and hypertension. These two phenotypes were 

chosen because the goal was to demonstrate proof-of-concept, of using longitudinal clinical data 

in the EHR to clinically validate drug repurposing candidates. To validate drug repurposing 

candidates in the EHR required large patient cohorts and common biomarker measurements. 

LDL-C and SBP measurements are relatively common because they are recorded as part of 

preventive care and the clinical intake process, respectively. A large starting cohort with 

common biomarkers maximized the statistical power to measure the treatment effects of drug 

repurposing candidates. 

Future Directions 

There are several potential avenues to build upon these methods. The performance of DDIWAS 

to detect DDI signals can potentially be improved by incorporating drug doses in the model. 

Performance can potentially improve because higher drug doses increase the likelihood of 

known DDIs.[113] Historically, it has been difficult to obtain accurate drug dose information, but 

https://github.com/pwatrick/DrugRepurposingToolKit
https://ohdsi.github.io/CommonDataModel/cdm60.html
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novel methods have been recently been developed to extract longitudinal drug doses accurately 

from clinical notes.[169] 

Approaches similar to DDIWAS, using information from the allergy list, can potentially be useful 

for identifying not only DDIs but also ADRs attributed to new classes of therapeutics, for which 

the pharmacological properties we are just beginning to understand. Many DDIs and ADRs for 

small-molecule drugs can be investigated using in vitro and in vivo studies, as suggested by the 

US FDA.[69] But, these tests are only possible due to decades of research that have improved 

our understanding of the pharmacokinetic and pharmacodynamic properties of prescribed small-

molecule drugs.[68] With each passing year, new classes of “biologic” treatments, like cell-,[170] 

antibody-,[171] and gene-based therapeutics are approved, therapeutics for which we are just 

starting to understand the causal biological mechanisms.[172] Information from the allergy list 

could potentially be used to detect ADR and DDI cases involving these new therapeutics, and 

results from these studies could lead to the design of experiments to elucidate the underlying 

mechanisms and eventual development of pre-clinical tests that can be used to assess risk of 

DDIs and ADRs prior to drug approval. 

Another potential question that may be worth exploring is to understand the signals captured by 

DDIWAS. For example, DDIWAS could be capturing latent DDI signals, potentially missed by 

existing methods in the literature. Drugs entered in the allergy could perhaps represent those 

drugs providers think are responsible for a patient’s reported symptoms. This could explain the 

relatively high performance of DDIWAS of capturing known DDIs, as providers may be more 

likely to suspect certain well-known DDIs if they learned about them through training or were 

contained in the CDS knowledge base of their EHR system. On the other hand, DDIWAS could 

also be capturing DDIs across temporal space, in that the allergy list entries could be entered by 

different providers at different visits. Future work could explore this temporal aspect to better 

understand the latent signals captured by DDIWAS. 

The modular nature of the drug repurposing method described in Chapter 4 provides several 

opportunities for future investigation. First, the estimation of phenotype transcriptomic signature 

can be optimized, as new tools are published, which improve upon S-PrediXcan’s ability to infer 

gene expression. For instance, researchers recently found that detection of known gene 

expression-phenotype associations is improved by integrating gene expression information from 

multiple tissues.[173] Further, methods that incorporate epigenetic data have been shown to 
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improve the prediction accuracy of gene expression for tissues with small sample sizes (eg, 

brain).[174] Future research may consider experiments to see whether these methods lead to 

closer approximations of the “true” transcriptomic signature for phenotypes. Second, the large 

number of publicly available GWAS summary statistics datasets (869 and 7,221 unique human 

phenotypes available in the GWAS catalog[175] and UK Biobank,[149] respectively), provides 

researchers with the opportunity to apply this method to find and clinically validate drug 

repurposing candidates for human diseases, especially for those with few effective treatments. 

Third, future work may consider developing methods to better infer the molecular signature of 

phenotypes through the incorporation of new data types, like single-cell gene expression 

experiments.[176] 

Fourth, databases with drug perturbation data that serve as improved proxies for human 

biological drug response can further improve this approach to identify drug repurposing 

candidates. The iLINCS database serves as a valuable resource for perturbation transcriptomic 

signatures, but the majority of data are derived from experiments using immortalized human cell 

lines and non-human primary tissues. If similar drug perturbation datasets are released from 

experiments using human organoids[177] or induced pluripotent stem cells (iPSCs),[178,179] 

which serve as closer proxies than cell lines and non-human tissues, the signature matching 

approach to identify drug repurposing candidates can potentially improve. 

Fifth, the results from studies in Chapter 4, provide further support for the importance of 

investing in projects focused on developing digital biomarkers for diseases that do not have 

reliable biomarkers as proxies for disease prognosis, ie, data that represents whether a patients 

disease is worsening or improving. Such approaches using mobile devices for digital 

phenotyping is especially promising for diseases without objective lab measurements, like 

psychiatric disorders[180] and Parkinson’s disease.[181,182] The NIH All of Us database is 

already integrating clinical data outside of EHRs, from wearable platforms Fitbit and Apple 

HealthKit.[145] As large, integrated clinical datasets like the NIH All of Us recruit more patients, 

this approach to clinically validating drug candidates can improve. 

Both approaches can improve as future tools are developed to better understand biological 

mechanisms affecting human health across space and time. There are now methods available to 

detect genome-wide gene expression in tissues,[183] and to track the dynamics of gene 

expression changes across time to understand cell lineage development.[184] The next phase 
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of research in translational biomedical informatics may focus on the incorporation of longitudinal 

information across an individual’s life (re: pediatric health data),[9], the transformation 

unstructured EHR data (majority of EHR data), the integration EHR data with other data sources 

(genetic data, consumer mobile health data, environmental data) answer questions pertinent to 

human health, and inclusion of biomedical data from diverse populations.[185] Such work will 

allow us to better understand the mechanisms underlying genotype-phenotype relationships, 

with the ultimate goal of developing improved treatments for human diseases. 
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