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Abstract 
 

Title of Thesis: Extraction of Drug-Gene Relationships from Literature Using Gene 

Functional Contexts 

 

Eduardo Llamas, Master of Science, 2013 

Thesis directed by: Maricel G. Kann, Assistant Professor, Department of Biological 

Sciences, University of Maryland, Baltimore County 

 

 

Drug side effects and toxicity are often the result of off-target drug-gene 

interactions that affect biological processes unrelated to the focus of treatment. Drugs 

with multiple drug targets often fail in clinical trials due to limited knowledge of their 

inherent polypharmacology. The biomedical literature is rich in drug-gene relationship 

data, but much of it remains inaccessible, further hindering comprehensive knowledge of 

drug-gene interactions. Thus, accessible, high quality drug information databases 

providing comprehensive drug-gene information are critical for research in 

pharmacology, toxicology, and pharmacogenomics. Current resources of drug-gene 

information rely on manual curation that can be inefficient and expensive. Thus, 

automatic methods aiming to accelerate the identification of drug-gene relationships 

extracted from biomedical literature have great potential for increasing the coverage and 

efficiency of drug-gene annotations. The text-mining method Literature Extraction of 

Drug-Gene relationships (LEx-DG), described here, identifies drug-gene relationships in 

biomedical abstracts when the target genes can be grouped into biological function-

relevant clusters. These clusters identify GO terms, pathways, protein domains, sequence 

motifs, and protein-protein interaction networks that may be affected or targeted by a 

drug, thereby increasing the precision of the method and leading to new hypotheses about 

possible functional relationships among a drug’s multiple gene targets. In comparison 



with the PGx pipeline, a well-established drug-gene relationship prediction method, LEx-

DG achieves significantly higher precision and F-score in identifying known drug-gene 

relationships. Manual curation of LEx-DG results for gemcitabine lead to the 

identification of 46 relationships that were not previously annotated in PharmGKB or the 

Comparative Toxicogenomics Database. The results demonstrate the feasible application 

of LEx-DG for large-scale annotation of drug-gene relationships to facilitate updates of 

drug-gene interaction resources. 
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 Preface 

The most basic definition of a gene is that it is a DNA sequence that codes for a 

polypeptide or a functional RNA. Perhaps due to proteins often bearing the same names 

as the genes that encode them, the term “gene” can be used erroneously to refer to either 

the gene itself or its product(s). There are various forms in which drugs and other 

xenobiotics can interact with genes and their products (these are described within). The 

interactions may involve the actual gene, or their products, they may be physical and 

direct or indirect, and therefore involve multiple genes. The work described in this thesis 

deals with all of these possible interactions, often in a general sense. Therefore, the term 

“gene” is used interchangeably to describe an actual genetic sequence or any of its 

products. This is not done to be inaccurate or confuse the reader, but rather to be concise 

in describing what could be any number of interactions, in which case it would be 

impractical to describe them all. In addition, “relationship” is preferred to “interaction” as 

it allows both the direct and indirect influence of a drug on a gene to be generalized. 

I would like to express my appreciation to the team of curators who helped on this 

project: Mitsu Shah, Urooj Aqeel, Verna Van, Veer Gariwala, Ifemayowa Aworanti, 

Bisola Salisu, Olumide Omobo, and Irfan Manzoor. Thanks also to Thomas A. Peterson 

for providing the mapping between human genes, proteins and protein domains used in 

this work, and to Ye Sol Yun who performed all PGx pipeline evaluations. And a most 

special thank you to Emily Doughty whom I learned a lot from and leaned on for 

assistance, and who also coordinated the curation team.  
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Chapter 1: Introduction 

Efficacy and safety are the two key elements that the U.S. Food and Drug 

Administration (FDA) takes into consideration when evaluating a drug. Although the 

FDA was created in 1906, it was not until the Federal Food, Drug, and Cosmetic Act of 

1938 that drug manufacturers were required to demonstrate a drug’s safety. Since then, 

various other laws have been passed to ensure that only the safest possible drugs are 

approved to be marketed and sold to the public. Yet, although it has been argued that the 

approval process is too stringent (Wood, 2006), there are still instances of safety issues 

with drugs that have been approved. These post-market safety issues can lead to black-

box warnings, changes in dosing, requirement of supervised administration and 

monitoring, or recalls. The safety concerns often are the manifestation of adverse drug 

reactions or events (ADRs or ADEs) that were not detected in the pre-clinical or clinical 

trial phases of the development process. In addition to the limits of study design and 

statistical methods of evaluation, it is limited knowledge of a drug’s complete biological 

profile that may lead to important biological interactions being overlooked. 

Detecting all possible ADRs during the clinical trial phase is not always possible 

because of the nature of how the studies are designed. The clinical trials consist of 

randomized trials that are strictly controlled and highly selective of the subjects that are 

recruited in order to be able to demonstrate causation as well as safety. However, not all 

of the controlled variables are applicable to the general population, thus clinical trials will 

not always reveal all of the safety concerns for a given drug (Ehrenpreis et al., 2012). 

Side effects may be the result of the drug serving its purpose or the drug’s 

interaction with biological process unrelated to the ailment it is aimed to treat. Virtually 
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all drugs, including highly selective ones, can interact with multiple targets, a property 

known as polypharmacology. Therefore, all drugs have an inherent probability of 

producing a side effect. In some cases, these side effects may actually be beneficial for 

the treatment of another unrelated medical condition. These potential alternative uses for 

a drug are of great interest, not only to the pharmaceutical companies who seek to expand 

the market for a given drug, but also for their potential application in the treatment of 

orphan or rare diseases (Sardana et al., 2011). Predicting all possible targets of a drug and 

the physiological consequences, however, is a significant challenge. Computational 

methods are continually being developed to increase the safety and applicability of a 

drug. Some methods attempt to predict drug-gene relationships and their potential 

physiological effects, while others focus on the application of technology to prevent 

medication errors, improve post-market pharmacosurveillance, and data mining methods 

that integrate known drug facts in order to predict drug-gene relationships, and therefore 

prevent ADRs or find new uses for existing drugs. 

This project focused on the application of text mining the biomedical literature to 

extract information that would make it possible to form hypotheses of drug mechanisms 

of action. The method developed, Literature Extraction of Drug-Gene Information (LEx-

DG), involves mining through a drug’s biomedical corpus for genes which the drug may 

have a relationship with. The extraction and the subsequent enrichment of the data serve 

two principle purposes. First, the manual curation of the data leads to the discovery of 

drug-gene relationships that were not previously curated in dedicated data and 

knowledgebases. Second, the set of genes extracted from a drug’s corpus are used to 

determine various gene characteristics that may describe a unique relationship with the 
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drug, therefore making it possible to form hypotheses about other drug-gene 

relationships. The testing of these hypotheses may have the potential to elucidate 

mechanisms of side effects and toxicity, as well as a drug’s biological activity in 

processes which may be of benefit in treating conditions in addition to its original 

indication. 

 

1.1 Drug-Gene Relationships 

Drugs function by modifying biological processes related to diseases through 

various relationships with genes and gene products. A drug can interact directly with a 

protein (an enzyme, receptor, channel, or structural protein) to inhibit or enhance its 

activity or role. This physical interaction can lead to a covalent modification of the target 

or lead to an allosteric effect. In addition, a drug can influence the expression of a gene, 

or a set of genes, indirectly by interacting with transcription or translation initiation 

factors, as well as influencing the degradation of gene products. Finally, a drug can 

potentially interact directly with genes by inducing changes in DNA. 

 

1.2 Drug Development 

There are five stages in the drug development cycle in the United States; 

preclinical, phase I, II, and III clinical trials, and “phase IV” or post-marketing 

pharmacosurveillance (Lipsky and Sharp, 2001). In the pre-clinical stage, a drug 

candidate is tested in vitro using cell cultures and model organisms to establish the 

biological mechanisms by which it treats the proposed disease, as well as establishing 

safety and efficacy at the proposed dose range. If the candidate is successful, an 
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Investigational New Drug application is filed with the FDA for approval to advance to 

clinical trials. The clinical trials are separated into three phases. In phase I, the drug is 

tested in healthy individuals to establish the pharmacology of the drug in humans and 

determine its safety. In phase II, the efficacy of the drug in treating the disease is 

examined, the lowest effective dose is determined, and its safety is re-evaluated. In phase 

III, the drug is tested on a targeted population in order to confirm previous findings about 

its safety and efficacy and the dose and dosing intervals are refined. If the drug is 

successful in this phase, the sponsor(s) file(s) a New Drug Application with the FDA to 

obtain approval to market and sell the drug. The FDA may require post-marketing 

surveillance for an approved drug in order to continue monitoring its safety and 

effectiveness and is often a condition of accelerated approvals. 

In the period from 1993-2004, on average only about 16% of the drugs that 

entered clinical trials obtained market approval (DiMasi et al., 2010). The specific 

reasons drugs fail to advance through the development process are varied (Carpenter, 

2002; DiMasi et al., 2010; Lipsky and Sharp, 2001; O'Neill and Temple, 2012; Wood, 

2006). While some drugs lack efficacy, others are found to be too toxic or produce 

unbearable side effects, which account for about 30% of all drug failures (DiMasi et al., 

2010; Hopkins, 2008; Kola and Landis, 2004). Up to 73% of all drugs that enter clinical 

trials fail in phases I and II (DiMasi et al., 2010), the phases that are primarily concerned 

with establishing the safety and efficacy of the drug (see Table 1). Being able to better 

predict toxicity and side effects can help in the development of safer drugs as well as 

reducing the risks (i.e. costs) of developing a drug. 
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Table 1. Drug failure rates from clinical trials to NDA review. 

Stage Percentage of drugs that fail to advance Cumulative 

Phase I 23-26% 23-26% 

Phase II 59-61% 66-73% 

Phase III 34-37% 75-86% 

NDA Review 10% 76-89% 

 NDA: New Drug Application 

Adapted fromDiMasi et al. (2010). 

 

 

After the sequencing of the human genome, pharmaceutical research focused on 

designing drugs with high specificity towards a single target in order to minimize a 

drug’s side effects. However, it is now known that virtually all drugs can interact with 

multiple molecular entities (Hopkins, 2008; Pujol et al., 2010). Furthermore, the more 

efficacious drugs have been found to be more promiscuous (i.e. have multiple targets) 

with lower affinity towards their targets than more highly specific drugs (Csermely et al., 

2005; Hopkins et al., 2006). The success of promiscuous, or “dirty” drugs, may be due to 

the redundant nature of biological organisms (Hopkins, 2008). Gene knockout 

experiments have demonstrated that only a handful of genes are essential for an 

organism’s survival (Hopkins, 2008). Thus, it is more likely that when a protein, or 

“node”, in a pathway is specifically targeted, there will be other mechanisms by which 

the organism’s metabolic machinery can compensate for the altered node (Csermely et 

al., 2005). Some promiscuous drugs have a tendency to target gene families (Hopkins et 

al., 2006) which makes them able to affect multiple targets with similar functions and can 

better treat a disease or other ailment. Therefore, in order to more effectively treat a 

disease, drug therapies could potentially benefit from targeting various nodes within a 

pathway or multiple pathways. 
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In addition to efficacy, the polypharmacology of drugs also plays a role in their 

toxicity. Not knowing the full biological profile for a drug can limit what toxic or other 

side effects can be predicted before a drug enters clinical trials. Also, since more specific 

drugs tend to be less efficacious(Hopkins et al., 2006), a higher dose may be required to 

produce the desired effect; however the risk for toxicity increases. While promiscuous 

drugs seem more likely to produce more side effects, better efficacy allows for a lower 

dose, decreasing the risk of toxicity(Pujol et al., 2010). Thus, comprehensive knowledge 

about drug-gene relationships in addition to the specifically known or intended target(s) 

is critical to the understanding of the molecular basis of the adverse effects and toxicity. 

Information about drug-gene relationships is critical for the advancement of research in 

toxicology, drug repurposing (Achenbach et al., 2011), and pharmacogenomics for the 

advancement of personalized medicine (Sangkuhl et al., 2008). 

 

1.3 Drug Data Resources and Technologies 

High quality, manually curated drug information data and knowledgebases have 

been created to respond to the challenge of making drug-gene information readily 

available for drug research and discovery. These resources include the 

Pharmacogenomics Knowledgebase (PharmGKB) (Klein et al., 2001), DrugBank 

(Wishart et al., 2006), CancerResource (Ahmed et al., 2011), and the Comparative 

Toxicogenomics Database (CTD) (Davis et al., 2011; Mattingly et al., 2006). These 

databases all contain drug-gene relationship information from the published biomedical 

literature manually curated by experts. In an effort to identify biological processes that 

are targeted by a drug, these manual curation efforts are often followed by the association 
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of each drug with a biological pathway or Gene Ontology (GO) term (Ashburner et al., 

2000) based on the genes that interact with the drug. Although these databases contain 

valuable knowledge, manual curation is an extremely time intensive and costly process. 

The exponential growth of biomedical literature and the inability to efficiently keep up 

with this growth using only manual curation places a premium on developing automatic 

methods for extracting drug-gene relationships from literature. Ideally, these methods 

should also provide researchers with hypotheses about the molecular mechanisms behind 

these drug-gene interactions. 

Several methodologies have been developed to identify drug-gene relationships. 

A method developed byHansen et al. (2009), the PGx pipeline, generates a candidate 

gene list based on a known drug-indication pairs. This method builds sub-networks for 

12,460 human genes and compares a query drug’s chemical structure and indication of 

use to drugs in a gene’s sub-network. This method, however, does not utilize the 

literature as the source of known information, but instead extrapolates the drug-gene 

relationships from the gene interaction networks and drug indications. Another tool was 

developed by Garten and Altman (2009) using text mining based on the method 

Textpresso (Muller et al., 2004) to extract pharmacogenomic relationships from 

sentences in full-text papers. In a more recent work, the authors also combined 

Pharmspresso with the PGx pipeline (Garten et al., 2010).   Results from Garten et al. 

(2010)  underscore the value of developing text-mining methodologies, indicating that 

knowledge derived from text-mining the literature performs as well as, and sometimes 

better than, a high-quality, manually curated knowledge base. Rance et al. (2012) used 

MetaMap (Aronson and Lang, 2010), RxNorm (Nelson et al., 2011), and EMU (Doughty 
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et al., 2011) to extract pharmacogenomics information and their corresponding protein 

mutation from the literature.  Additionally, named entity recognition (NER) applications 

such as ABNER (Settles, 2005) and GNAT (Hakenberg et al., 2011) have been 

developed to identify gene mentions in text, but do not provide additional information. 

The CTD team incorporated ABNER into their automated curation workflow (Wiegers et 

al., 2009). Although these methods have been relatively successful in predicting or 

annotating known drug-gene relationships, a more systematic approach to capture drug-

gene relationships from literature is still needed. 

 

1.4 LEx-DG: Literature Extraction of Drug-Gene Information 

The principle aim for the development of the LEx-DG method is to prioritize the 

retrieval of drug-gene relationships from literature based on the hypotheses that gene 

targets for one drug share multiple functional contexts. The biomedical literature is rich 

with drug information describing events that may not have been seen, or were not 

apparent during the pre-clinical and clinical stages. The shared characteristics of a drug’s 

targets can be used to determine other possible drug-gene relationships. All the drug-gene 

relationships, when viewed in a functional context, can lead to a better understanding of 

the drug’s mechanisms of therapeutic action and toxicity. 

LEx-DG is based on a similar text-mining approach of drug-gene co-occurrence 

in text used by the CTD (Wiegers et al., 2009): both search for genes in the title and 

abstract from a drug’s literature corpus. However, LEx-DG relies on filtering the 

extracted genes and associated literature by associating a drug, via the extracted genes, 

with common molecular features such as sequence motifs and domains, as well as 
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common functional network environment, including GO terms, pathways, and protein-

protein interaction (PPI) networks. The drug-biological context associations are 

combined into clusters where all associations share a defined number of genes. The 

hypothesis is that this filtering approach will produce an enriched output of drug-gene 

information that will enable more focused curation efforts. Thus, in addition to providing 

a highly enriched list of drug-gene relationships, LEx-DG provides a list of functional 

features that are common to genes associated with that drug and are most likely to 

provide new hypotheses about the different biological processes that a drug may be 

affecting. An analysis was done on the performance of incorporating different 

combinations of molecular features as well as common network contexts in order that 

hypotheses about mechanisms of action can be formulated. An enriched corpus for the 

drug gemcitabine underwent manual curation to demonstrate the plausibility of 

discovering drug-gene relationships that have not yet been annotated in drug-gene 

relationship databases. 
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 Chapter 2: Methods 

The pipeline for LEx-DG has four steps (see Figure 1) described in the following 

sections. First, a literature search is conducted in PubMed to retrieve articles related to a 

drug. Second, the title and abstract of the articles are mined for genes mentions and a 

table of a drug-gene corpus is created with a list of PubMed identifiers (PMIDs) of the 

drug corpus and a list of genes found (extracted genes) in each abstract. Third, drug-

biological context associations are made based on the extracted genes from the drug-gene 

corpus when at least three genes are within the same functional context. The drug-

biological context associations are based on the following properties of genes: sequence 

motifs, protein domains, associated GO terms, and presence in the same pathways or 

protein-protein interaction (PPI) networks. Lastly, the inferred drug-gene relationships 

from each biological context association are combined with associations from other 

biological contexts into gene clusters when three or more genes associated to the drug are 

also associated with each context. The genes in the combined gene clusters are referred to 

as “positives”, i.e. genes that are likely to interact with the specific drug, and vary 

depending of the combination of context clusters. Each combined gene clusters was used 

to evaluate LEx-DG’s precision, sensitivity, and F-score. The benchmark results are 

compared to results obtained from the PGx pipeline’s predictive method. 
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Figure 1. The LEx-DG pipeline. Step1) Abstracts are retrieved from PubMed using drug name and 

qualifiers. Step 2) A drug-gene corpus is created by text-mining for gene mentions in the abstracts using 

ABNER. Step 3) A drug is associated with a specific domain, motif, pathway, GO term, or PPI network 

(context entities) via genes extracted from its corpus if a gene is found in an entity’s gene set. Step 4) 

Clusters are created by combining individual drug-biological context entity associations when all the 

groups share at least three genes associated with a drug. The genes in a cluster are called positives. Results 

were benchmarked against prediction results from the PGx pipeline and the abstracts in a gene cluster for 

gemcitabine were manually curated to identify drug-gene relationships not previously annotated in the 

Pharmacogenomics Knowledgebase (PharmGKB) (Klein et al., 2001) or the Comparative Toxicogenomics 

Database (CTD) (Mattingly et al., 2006). 

 



 

 

12 

 

2.1 Evaluation Methods 

At its core, LEx-DG is an information retrieval process and its performance is 

therefore evaluated by three measures; sensitivity (also known as recall), precision, and 

F-score. The sensitivity is the fraction of known genes that interact with a drug that is 

picked up by the method and is calculated by the equation: 

            
              

                              
     

 

 

Precision is the fraction of all the “positives” called by the method that are actually 

known positives and is calculated by the equation: 

          
              

                              
     

 

When steps are taken to increase one of the preceding measures, often the other is 

decreased. Therefore to get a balanced measure of performance, the F-score is calculated, 

which is the harmonic mean of the precision and sensitivity: 

          
                     

                     
     

 

2.2 Drug Selection 

A set of 100 drugs was randomly selected from 619 drugs related to Very 

Important Pharmacogenes (VIP genes) in PharmGKB (Thorn et al., 2010). From this set, 

seven drugs were removed due to lack of therapeutic purposes or broadness of term: 

calcium, dopamine, nicotine, heroin, phenol, 6,7-dihydroxybergamottin, and St. John’s 

wort. In addition, two variations of insulin (insulin-porcine and insulin-glargin) were 
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removed because the method to retrieve drug-related abstracts (described below) did not 

yield any results for these drug terms. For lecithin, liothyromine, and orciprenaline the 

PubMed search criteria also did not yield any results because these drugs are not indexed 

as a substance in the National Center for Biotechnology Information’s (NCBI’s) Medical 

Subject Headings (MeSH) database. Ten other drugs had less than three associated genes 

in the gold standard (described below) including Biricodar, carisoprodol, demeclocycline, 

fosinopril, pramipexole, SJG-136, sulfacetamide, tetrabenazine, tinidazole, and 

vigabatrin. Finally, for five drugs (epoetin alfa, nalidixic acid, naringenin, nitrazepam, 

and terbinafine), no indication of use was derived from information available on 

PharmGKB, or an adequate indication of use was not available as an option on the PGx 

pipeline website. Thus, they were excluded on the basis that it was not possible to 

evaluate these drugs with the PGx pipeline method. A total of 27 drugs were removed 

and the list of the remaining 73 drugs used in this study, including the PGx pipeline 

indications of use employed in that analysis, can be found in Appendix A. 

 

2.2 LEx-DG pipeline 

2.2.1 Building the drug corpus 

NCBI’s E-utilities was used within a Perl script to access and download drug-

related articles from PubMed. Each drug was used as a search term to retrieve drug-

related articles while limiting results to items having an abstract in English. In addition, 

the qualifiers [Title/Abstract] and [Substance] were used with each drug name to search 

for relevant articles, requiring the drug to be mentioned in the title or abstract and for an 

article to be indexed with the drug as a MeSH substance term. MeSH, the Medical 
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Subject Headings, is the National Library of Medicine’s controlled vocabulary for 

indexing articles in PubMed. The indexing is done manually, and thus ensures that 

articles indexed with specific terms can be considered of high relevance for those terms. 

Figure 2 demonstrates a sample query for the drug gemcitabine within the context of a 

Perl script and the corresponding query using PubMed on a web browser. 

 

 

Figure 2. PubMed query for drug-related articles. A) E-utilities search “address” embedded in a Perl 

script; the $search variable specifies the drug name and other qualifiers for the query. B) The same query 

structure can be used in the search bar when accessing PubMed with a web browser. 
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2.2.2 Text mining of genes in the drug corpus 

The drug-gene corpus, a subset of the drug corpus containing at least one gene per 

abstract, was created using ABNER for gene mention tagging. Abstracts were processed 

in batch mode using ABNER’s BioCreative entity tagging module (Settles, 2005). All 

gene mentions were normalized to their NCBI official gene symbol using a dictionary of 

all human genes (Human Gene Dictionary) downloaded from NCBI (August 30, 2011). 

The dictionary contains 45,512 unique NCBI gene IDs (including uncharacterized genes) 

with corresponding official gene symbol (e.g. gene ID: 1555; official symbol: CYP2B6), 

full name (e.g. cytochrome P450, family 2, subfamily B, polypeptide6), alternate gene 

symbols (e.g. CPB6, EFVM, etc.), and other aliases (cytochrome P450 2B6, etc.) per 

gene ID. For each drug, a table was created for the drug-gene corpus that lists all official 

gene symbols and gene IDs that result from the NER process for each abstract. 

 

2.2.3 Drug-biological context associations 

For this analysis, five different gene biological contexts were used to create drug-

biological context associations: protein domains (Domains), sequence motifs (Motifs), 

Gene Ontology terms (GO), Pathways, and protein-protein interaction (PPI) networks.  

To create the Domains sets, all human proteins in RefSeq (Pruitt et al., 2007) were 

mapped to their corresponding protein domains from the conserved domain database  

(CDD) (Marchler-Bauer et al., 2007) using HMMer (Eddy, 1998) (as described for the 

Domain Mapping of Disease Mutations (DMDM) site (Peterson et al., 2010)).  Each 

Domain gene set contains all human proteins (mapped to their corresponding gene 

symbols) sharing the specific domain. The Motifs sets were downloaded from ExPASy-
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Prosite (August 4, 2011) (Sigrist et al., 2010). The GO and Pathways gene sets were 

downloaded from the Broad Institute’s Molecular Signatures Database (pathway 

databases include BioCarta, KEGG, Reactome, SigmaAldrich, Signaling Gateway, 

Signaling Transduction KE, and SuperArray Pathways; GO and pathways databases 

downloaded October 13, 2011) (Subramanian et al., 2005). Finally, a PPI set of genes for 

a particular gene was created by including all of the proteins interacting with the 

protein(s) encoded by that gene. The PPI sets were downloaded from the STRING 

database of human protein interactions (the String700 set) using a threshold score of 700 

(January 16, 2012) (Szklarczyk et al., 2011). STRING defines a score of 700 as high 

confidence of interactions on the combination of seven different evidence levels. Each 

drug was linked to a specific Domain, GO term, Motif, Pathway, and String700 entity 

when at least two genes extracted from that drug-gene corpus belonged to a specific 

context entity’s gene set. 

 

2.2.4 Combining drug-gene associations from all biological contexts associated to a drug 

For each drug, the resulting drug-biological context associations (i.e., drug-

Domains, drug-GO, drug-Motifs, etc.) were combined into groups of two, three, four, or 

five based on a minimum of two, three, or four shared genes between the individual drug-

functional context entity associations. For example, when combining three drug-

biological context associations with a 3-gene minimum, a drug is linked to domain X via 

genes 1, 2, 3, 4, and 5, to GO term Y via genes 1, 2, 3, and 4, and pathway Z via genes 2, 

3, and 4. Therefore, the combination of these three biological context entities is possible 

because they all share genes 2, 3, and 4. The shared genes (2, 3, and 4) are classified as 
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“positives”; by being clustered together they are considered to have a relationship with 

the drug. Genes that LEx-DG considers “positives” for a drug are all of the genes in one 

of the drug’s clusters (the number of positives can vary depending on the combination of 

contexts). The “negatives” for a drug are defined as all other genes in the Human Gene 

Dictionary that are not part of a cluster. 

 

2.3 Benchmark and evaluation of the LEx-DG method 

The gold standard used to evaluate LEx-DG was developed by combining the 

annotated genes for each drug in the Pharmacogenomics Knowledgebase (PharmGKB) 

(Klein et al., 2001) (downloaded March 27, 2012) and the Comparative Toxicogenomics 

Database (CTD) (Mattingly et al., 2006) (downloaded April 27, 2012). These genes 

represent the “Positive” genes in the gold standard. The sets of “Negative” genes for 

benchmarking all drugs were defined as all other genes in the Human Gene Dictionary 

that are not part of a drug’s gold standard positive set. The drug-biological context 

associations and clusters created by LEx-DG for each drug were evaluated for precision, 

sensitivity, and F-score. The means of each measure for all 73 drugs were calculated for 

each of the possible biological context combinations. 

The performance of LEx-DG was benchmarked against the prediction results 

generated by the PGx pipeline. To generate a ranked list of genes, the PGx pipeline 

requires one to input the SMILES (Weininger, 1988) molecular representation of the drug  

and an indication of use (Figure 2). SMILES were obtained from PharmGKB or 

PubChem (Bolton, 2008), and indications of use were derived from information in 

PharmGKB (indications tested for each drug are found in Appendix A). Upon testing the 
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effect of slight differences in the SMILES character string from different sources, 

including imported SMILES generated from constructing a molecule on the PGx 

pipeline’s homepage (see Figure 2), no differences were observed in the results when 

evaluating the performance of the method, i.e. PGx pipeline interprets slight differences 

in SMILES strings for a drug as the same molecule.  For drugs with multiple indications 

of use, a run was performed for each indication individually, and was complemented with 

an additional run that combined all of the drug’s indications simultaneously. For 

example, a drug with two indications of use is run on PGx pipeline three times; once for 

each indication and a third with both indications simultaneously. The PGx pipeline drug-

gene output was classified using the original Hansen et al. (2009) threshold score of -

1.075, into positives and negatives for relationships with a greater and lower score than 

the threshold, respectively. All gene symbols from the PGx pipeline’s outputs were 

normalized to the corresponding Human Gene Dictionary official symbols using 

mappings between the Ensembl IDs given in the PGx pipeline output and the 

corresponding NCBI gene IDs. Doing so reduced the total number of genes ranked by the 

PGx pipeline to 11,670 due to Ensembl IDs being discontinued or replaced by an updated 

NCBI gene ID. The differences between means for precision, sensitivity, and F-score 

between PGx pipeline and LEx-DG results were evaluated using Student’s t-test. 
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Figure 3. PGx pipeline submission. The SMILES for gemcitabine are shown with pancreatic neoplasms 

selected as the indication of use. The molecule may also be constructed in the box on the right and will 

generate a SMILES when “Import” is clicked. 
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2.4 Manual curation of LEx-DG results for gemcitabine 

To evaluate the precision of LEx-DG, we first ranked the performance of several 

combinations of biological context clusters and selected a combination with a high 

sensitivity using the gold standard described in previous section. The best combination in 

terms of manageable curation workload for a small curation team was determined to be a 

GO-Pathways-String700 (GPS) combination with a minimum of three shared genes for 

the drug gemcitabine. To further reduce the size of the output and minimize the manual 

curation load, we excluded GO terms, pathways, and PPI networks with a high number of 

genes (i.e., we limited GO to sets with less than 100 genes, and Pathways and String700 

to sets no larger than 200 genes). This was done because terms with large gene sets tend 

to lack specific functional information, and thus are more likely to result in spurious 

drug-gene connections. The gene cut-off numbers were determined by constructing gene 

frequency plots for each of the biological contexts (Figure 3). Several cut-off points were 

selected for each functional context by examining where the gene frequency appears to 

stabilize. The cut-offs for GO, Pathways, and String700 were determined to give the best 

results. 

The manual curation of the gemcitabine-gene relationships was performed as 

follows. The genes classified as positives by the LEx-DG method that were already listed 

in the drug’s gold standard created in section 2.3 were considered positives without 

additional curation. For each of the false positive genes, the list of abstracts associated 

with each gene was sorted by most recent publication first (done automatically by 

PubMed). The curation process for each of the abstracts proceeded until the first abstract 

that presented evidence in favor, or against drug-gene relationship was found. When the 
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abstract provided an indication that there might be a relationship to gemcitabine for the 

query gene but not enough information for a confident positive decision, the whole article 

was consulted to verify the relationship. If evidence was found in favor of a drug-gene 

relationship, that gene was re-classified as a true positive. Evidence in favor of a drug-

gene relationship includes instances in which the drug induces the differential expression 

of the gene in question, the gene product is in some way inhibited or activated by the 

drug, or the gene plays a role in the drug’s pharmacodynamics and/or pharmacokinetics. 

Each gene was curated in a three-tier process with two curators (undergraduate and post-

graduate students majoring in a science discipline at the University of Maryland, 

Baltimore County) and a validator (master’s toxicology student) for reconciliation of 

differences in the initial curation. Curators had access to all articles requiring full text 

curation via subscriptions or inter-library loan through the Health Sciences and Human 

Services Library at the University of Maryland, Baltimore or the Albin O. Kuhn Library 

at the University of Maryland, Baltimore County. Upon completion of literature curation, 

the precision for the gemcitabine GPS 3-gene minimum was recalculated. 
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Figure 4. Gene Frequencies of five biological contexts. Gene limits for each context were chosen at the 

point where the numbers of genes appear to level off for a given number of biological function entities. For 

GO terms (B), Motifs (C), and Pathways (D), different points were selected due to presence of many peaks. 

All these points were tested in all possible functional context combinations in order to determine the more 

optimal parameters which were used to filter GO-Pathways-String700 results for the drug gemcitabine for 

the purpose of manual curation. 
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Chapter 3: Results 

3.1 Sensitivity and Precision of Gene Mining Methods on a Small Scale 

For the gene-mining step, two methods were initially compared to determine 

which one had a higher sensitivity. The first method used was the Human Gene 

Dictionary, in which an abstract was mined for any instance of any of the official gene 

symbols in the dictionary as well as all their synonyms and aliases. All gene mentions 

were then converted to their corresponding official symbol if necessary, counting each 

official gene symbols only once per abstract. The second method was the biological 

named entity recognition application ABNER. ABNER can be used with one of two pre-

loaded training modules that a user may choose from to obtain specific results. The 

NLPBA mode highlights and tags automatically tokenized strings within the source text 

that contain protein (including gene symbols), DNA, RNA, cell line, and cell type 

entities. The BioCreative mode only highlights and tags protein entities (also including 

gene symbols). Though the two modules recognize protein entities, they can produce 

different results. 

To determine the best gene-mining method, a set of ten abstracts for the drug 

gemcitabine were used to evaluate the sensitivity and precision of ABNER using each of 

its two modes (NLPBA and BioCreative) as well as performing the text mining using the 

Human Gene Dictionary. The primary purpose of this evaluation was to determine which 

ABNER mode performed better in order to compare it with the use of a dictionary for the 

gene-mining step. The abstracts were manually curated for all gene mentions and 

annotations of the corresponding gene symbol(s) in the Human Gene Dictionary made for 

each gene mention (Table 2). There are a total of 87 gene mentions corresponding to 23 
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official gene symbols in the ten abstracts. Certain gene mentions correspond to multiple 

official gene symbols, such as PI3K (abstract with PMID 22590527) which is a synonym 

for four gene symbols in the Human Gene Dictionary. Some official symbols can be 

represented by multiple gene mentions (abstract with PMID 22580938 SLC29A1 with 

“Human equilibrative nucleoside transporter 1” mentioned twice and “hENT1” 

mentioned 12 times), yet the official symbol is only counted once for a given abstract. 

The ten abstracts were processed using ABNER in both NLPBA and BioCreative 

mode as well as using the Human Gene Dictionary. The Human Gene Dictionary was 

also evaluated for three different character minimums (one, two, or three), meaning the 

minimum character length that is recognized as a valid gene mention. The outputs were 

manually evaluated, i.e. a person evaluated the outputs with the curated data in Table 2, 

crediting a tagged text string as a “positive” as long as a valid gene mention was 

contained within the string. For example, the string “human NME5 gene” tagged by 

ABNER in BioCreative mode (abstract PMID 22564704) is credited as a positive for the 

gene mention “NME5”. When evaluating ABNER in NLPBA mode, only strings tagged 

as protein, DNA, or RNA were considered (cell line and cell type tags were ignored). For 

the Human Gene Dictionary, the sensitivity (.4598) is the same for all three character 

minimums, but the best precision (0.6667) is achieved with the three character minimum 

(Table 3). ABNER in BioCreative mode had the highest sensitivity (0.5795) and F-score 

(0.6000), while the Human Gene Dictionary gave the highest precision (Table 3). 

ABNER in BioCreative mode outperforms the NLPBA mode by all three measures. 
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Table 2. Manual curation of gene mentions for ten abstracts. 

PMID Gene Mention(s) Mentions Official Symbols & IDs 

22665541 Vascular endothelial growth factor 1 VEGFA (7422) 

 

VEGF 3 

 22641665 Heat-shock protein 27 2 HSPB1 (3315) 

 

HSP27 3 

 

 

interferon-γ 1 IFNG (3458) 

 

IFN- γ 2 

 22623561 - - - 

22617428 terminal deoxynucleotidyl transferase 1 DNTT (1791) 

 

caspase-9 1 CASP9 (842) 

 

caspase-3 1 CASP3 (836) 

 

poly ADP-ribose polymerase 1 PARP1 (142) 

 

PARP 1 

 

 

Bax/Bcl2 1 BAX (581) 

   

BCL2 (596) 

22616006 cytidine deaminase 2 CDA (978) 

 

CDA 6 

 

 

E2F1 1 E2F1 (1869) 

22593509 - - - 

22593446 surviving 9 BIRC5 (332) 

22590527 FKBP5 5 FKBP5 (2289) 

 

FKBP51 1 

 

 

Akt 8 AKT1 (207) 

 

PHLPP 2 PHLPP1 (23239) 

 

mTOR 1 MTOR (2475) 

 

PI3K 1 PIK3CA (5290) 

   

PIK3CB (5291) 

   

PIK3CD (5293) 

   

PIK3CG (5294) 

22580938 Human equilibrative nucleoside transporter 1 2 SLC29A1 (2030) 

 

hENT1 12 

 22564704 NME5 11 NME5 (8382) 

 

Non-metastatic cells 5 1 

 

 

Sp1 4 SP1 (6667) 

 

transcription factor Sp1 1 

 

 

Sp1 transcription factor 1 

   NEM5* 1   

* This is a typo for “NME5”. 
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Table 3. Manual evaluation of three gene-mining methods for ten abstracts. 

Method Character Min* TP FP FN Precision Sensitivity F-score 

HGD 1 40 67 47 0.37 0.46 0.41 

HGD 2 40 47 47 0.46 0.46 0.46 

HGD 3 40 20 47 0.67 0.46 0.54 

ABNER BioCreative - 51 31 37 0.62 0.58 0.60 

ABNER NLPBA - 47 50 40 0.48 0.54 0.51 

* Character minimums are the minimum number of characters a potential gene mention in the abstract 

text must match a gene entity in the HGD (i.e. the character minimum of a gene entity in the HGD). 

 

 

The LEx-DG method utilizes NCBI official gene symbols in all its processes, 

therefore all gene mentions tagged by the gene-mining step must be normalized to an 

official gene symbol. Although it is very easy to manually evaluate the results for ten 

abstracts, this is not practical when mining thousands of abstracts for 73 drugs. All gene 

mentions, therefore, were automatically converted to their corresponding official gene 

symbol in the Human Gene Dictionary and the results were evaluated (Table 4). Using 

this approach, the highest sensitivity (0.7826) and F-score (0.6792) are achieved using 

the HGD method (also with a three character minimum), while the highest precision 

(0.8000) is achieved by the ABNER BioCreative method; the ABNER NLPBA method 

again performs more poorly compared to the BioCreative mode, though their sensitivities 

are equal. These results suggest that the ABNER BioCreative mode in general can 

perform better than the NLPBA mode, as well as show that the three character minimum 

for gene recognition for the Human Gene Dictionary method maximizes its precision 

without affecting its sensitivity. 
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Table 4. Automatic evaluation of three gene-mining methods for ten abstracts when gene mentions 

are converted to NCBI official gene symbols. 

Method Character Min* TP FP FN Precision Sensitivity F-score 

HGD 1 18 47 5 0.28 0.78 0.41 

HGD 2 18 37 5 0.33 0.78 0.46 

HGD 3 18 12 5 0.60 0.78 0.68 

ABNER BioCreative - 12 3 11 0.80 0.52 0.63 

ABNER NLPBA - 12 7 11 0.63 0.52 0.57 

Official gene symbols are only counted once per abstract. 

* Character minimums are the minimum number of characters a potential gene mention in the abstract 

text must match a gene entity in the HGD (i.e. the character minimum of a gene entity in the HGD). 

 

 

3.2 Sensitivity and Precision of Gene Mining Methods on a Large Scale 

The results in section 3.1 do not clearly indicate whether the Human Gene 

Dictionary or the ABNER BioCreative method is better than the other for two reasons. 

First, ten abstracts containing 87 gene mentions corresponding to 23 official gene 

symbols is not a large enough sample to properly evaluate the two methods. Second, the 

23 official genes generated from the ten abstracts are not necessarily genes known to 

have a relationship with gemcitabine; these are simply the official gene symbols 

corresponding to all the gene mentions in the abstracts. On a large scale, the sensitivity 

and precision of the methods must be evaluated against a set of known drug-gene 

relationships because it is not possible to manually curate all abstracts for a drug to 

perform the same evaluation described by the results of section 3.1 and the LEx-DG 

method is also evaluated with known drug-gene relationships. 

All the abstracts for the 73 drugs used in this project were processed using both 

the ABNER BioCreative method and the Human Gene Dictionary method with a three 

character minimum. All gene mentions extracted by the methods were converted to 



 

 

28 

 

official gene symbols as described in Methods section 2.2.2 and the results were 

evaluated using the gold standard described in Methods section 2.3 for each drug. The 

precision, sensitivity, and F-scores for all 73 drugs were averaged for both methods and 

compared by Student’s T test. In this analysis, the averages for all three measures for 

both methods are much lower than the smaller scale described previously. The ABNER 

BioCreative method has a higher average precision (0.0752 ± 0.0654) and F-score 

(0.1104 ± 0.0732) than the HGD method, while the HGD method has a higher sensitivity 

(0.4873 ± 0.2161) (Table 5). The difference in sensitivity for the two methods is not 

statistically significantly, while the differences for precision and F-score are (p = 0.0004 

and p < 0.0001, respectively). On an individual drug basis, the ABNER BioCreative 

method achieves a higher F-score for all drugs except two (pindolol and tretinoin; see 

Appendices B and C for individual drug results for the HGD and ABNER BioCreative 

methods, respectively). Because the F-score is the weighted average of the precision and 

sensitivity, these data suggest that the ABNER BioCreative method is a better option to 

perform the second step of the LEx-DG pipeline. 

 

Table 5. Evaluation of official gene symbol normalization for 73 drugs. 

Method Precision* Sensitivity** F-score*** 

 HGD (3 character min) 0.04 (±0.04) 0.5 (±0.2) 0.07 (±0.04) 

ABNER BioCreative 0.08 (±0.07) 0.4 (±0.2) 0.11 (±0.07) 

* p = 0.0004, ** p = 0.2, *** p = 0.3E-4 
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3.3 Evaluation of LEx-DG Method  

The evaluation of the LEx-DG method is a complex task due to all the possible 

combinations of parameters that each drug can be evaluated on. There are a total of 93 

possible parameter combinations for each drug. There are five single drug-biological 

context associations (Combo1), ten double (Combo2), ten triple (Combo3), five 

quadruple (Combo4), and one quintuple (Combo5) drug-biological context combinations, 

with each being evaluated for three different shared gene minimums (two, three, or four). 

In order to simplify this analysis, the results of all drugs for each combination and gene 

minimum were averaged (see Table 6). 

 

Table 6. Evaluation results for general LEx-DG combinations; means and standard deviations. 

Combo Gene Min Precision Sensitivity F-score 

Combo 1 2 0.1 (±0.1) 0.3 (±0.2) 0.13 (±0.10) 

Combo 2 2 0.1 (±0.2) 0. 3 (±0.2) 0.1 (±0.1) 

Combo 3 2 0.2 (±0.2) 0.2 (±0.2) 0.2 (±0.1) 

Combo 4 2 0.2 (±0.2) 0.2 (±0.2) 0.1 (±0.1) 

Combo 5 2 0.2 (±0.2) 0.2 (±0.1) 0.1 (±0.1) 

Combo 1 3 0.1 (±0.1) 0.3 (±0.2) 0.1 (±0.1) 

Combo 2 3 0.2 (±0.2) 0.2 (±0.2) 0.1 (±0.1) 

Combo 3 3 0.2 (±0.2) 0.2 (±0.2) 0.1 (±0.1) 

Combo 4 3 0.2 (±0.2) 0.1 (±0.1) 0.1 (±0.1) 

Combo 5 3 0.2 (±0.2) 0.1 (±0.1) 0.1 (±0.1) 

Combo 1 4 0.1 (±0.2) 0.3 (±0.2) 0.1 (±0.1) 

Combo 2 4 0.2 (±0.2) 0.2 (±0.2) 0.1 (±0.1) 

Combo 3 4 0.2 (±0.2) 0.1 (±0.2) 0.1 (±0.1) 

Combo 4 4 0.2 (±0.2) 0.1 (±0.1) 0.1 (±0.1) 

Combo 5 4 0.2 (±0.2) 0.1 (±0.1) 0.1 (±0.1) 

 

 

Figure 5 is a graphical representation of Table 6 which shows that demonstrates 

the inverse relationship between precision and sensitivity. The filtering steps of the LEx-
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DG method improve the precision while the sensitivity decreases. All the precision and 

sensitivity means are significantly different than the initial values of the gene mining step 

(Student’s t-test, p < 0.05). The values for precision improve as the gene clusters include 

more combined biological contexts. The sensitivity steadily declines as the combinations 

include more groups and minimum common genes among the groups. Beginning with 

Combo3, however, there are peaks in the sensitivity values for the 2-gene minimum 

combinations, indicating the a 2-gene minimum may be optimal. 

 

 

Figure 5. Sensitivity and Precision for LEx-DG combinations. All LEx-DG values are significantly 

different than the initial ABNER values; p < 0.05. 

 

For the F-score (Figure 6), only five combinations—Combo2-2genes (0.15 ± 

0.11), Combo2-3genes (0.14 ± 0.13), Combo3-2genes (0.15 ± 0.12), Combo4-2 genes (0.15 

± 0.13), and Combo5-2genes (0.15 ± 0.13)—are significantly higher than the gene mining 
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F-score (0.11 ± 0.07). The F-scores tend to be more consistent, though visually there is a 

trend for the three and four minimum gene combinations towards decreasing values as 

more biological contexts are combined. The F-scores also suggest that a two shared-gene 

minimum among the combined clusters produces better results. 

 

 

Figure 6. LEx-DG F-scores. Only five combinations have an F-score significantly higher than the gene 

mining F-score; * indicates p < 0.05. 

 

The next step was to observe which specific biological context combinations were 

performing the best within the five more general combinations with F-scores that were 

significantly higher than the F-score obtained in the gene-mining step. Table 7 shows the 

mean precision, sensitivity, and F-score for all 73 drugs when the genes extracted from 

their corpora are filtered using different biological context combinations. Specific 

biological context combinations and gene minimums provide and improvement on 
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precision and F-score in comparison to the initial gene-mining step. Whereas the initial 

mean precision was 0.08 ± 0.07 (Table 5), the lowest mean precision for any combination 

in Table 7 was 0.09 while the highest was 0.2. Likewise for the F-scores, the initial value 

was 0.11 ± 0.07 while it can be improved up to 0.2  (Table 7). 
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Table 7. Context-specific evaluation of LEx-DG. 

nCombo 
Gene 

Min. 
Combo Precision Sensitivity F-score 

2 2 Domains-GO 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-Motifs 0.2 (± 0.2) 0.3 (± 0.2) 0.2 (± 0.1) 

  
Domains-Pathways 0.2 (± 0.2) 0.2 (±0.2) 0.2 (±0.1) 

  
Domains-String700 0.2 (± 0.2) 0.3 (± 0.2) 0.2 (± 0.1) 

  
GO-Motifs 0.1 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
GO-Pathways 0.1 (± 0.1) 0.3 (0.2) 0.14 (± 0.09) 

  
GO-String700 0.09 (± 0.08) 0.4 (± 0.2) 0.13 (± 0.08) 

  
Motifs-Pathways 0.2 (± 0.2) 0.3 (± 0.2) 0.2 (± 0.1) 

  
Motifs-String700 0.1 (± 0.1) 0.3 (± 0.2) 0.2 (± 0.1) 

  
Pathways-String700 0.1 (± 0.1) 0.4 (± 0.2) 0.1 (± 0.1) 

2 3 Domains-GO 0.2 (± 0.2) 0.2 (± 0.1) 0.1 (± 0.1) 

  
Domains-Motifs 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
Domains-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
GO-Motifs 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
GO-Pathways 0.1 (± 0.1) 0.3 (± 0.2) 0.1 (± 0.1) 

  
GO-String700 0.10 (± 0.09) 0.3 (± 0.2) 0.13 (± 0.09) 

  
Motifs-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
Motifs-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Pathways-String700 0.1 (± 0.1) 0.3 (± 0.2) 0.1 (± 0.1) 

3 2 Domains-GO-Motifs 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-GO-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-GO-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-Motifs-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
Domains-Motifs-String700 0.2 (± 0.2) 0.3 (± 0.2) 0.2 (± 0.1) 

  
Domains-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
GO-Motifs-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
GO-Motifs-String700 0.1 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
GO-Pathways-String700 0.1 (± 0.1) 0.3 (± 0.2) 0.14 (± 0.09) 

  
Motifs-Pathways-String700 0.2 (± 0.2) 0.3 (± 0.2) 0.2 (± 0.1) 

4 2 Domains-GO-Motifs-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-GO-Motifs-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

  
Domains-GO-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.1) 0.1 (± 0.1) 

  
Domains-Motifs-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

  
GO-Motifs-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.1 (± 0.1) 

5 2 
Domains-GO-Motifs-Pathways-

String700 
0.2 (± 0.2) 0.2 (± 0.1) 0.1 (± 0.1) 

The highest values to four decimal places for each of the five general combinations are in 

bold.  
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3.4 Comparison of LEx-DG with the PGx pipeline 

Because there is not a biological context combination that stands out as the best, 

the nine combinations with bold values in Table 7 were used for comparison to the PGx 

pipeline. These combinations have the highest precision, sensitivity, or F-score in one of 

the five more general combinations that had an F-score that was significantly higher than 

the baseline (Figure 6). There are three PGx pipeline outputs to consider. First, for drugs 

with multiple indications of use (50 in total), the drugs were processed for each indication 

individually as well as with all of their indications simultaneously; drugs with single 

indications were only processed once. This output resulted in 196 total runs for the 73 

drugs. Second, the drugs were only processed with all their indications simultaneously; 

this resulted in 73 total runs. The third output is similar to the first, but did not include the 

additional run in which multiple indications are processed simultaneously; this resulted in 

146 runs. For each of the three outputs, the results of the 73 drugs were averaged. 

The results of the evaluation of the PGx pipeline predictions are given in Table 8. 

For all of the three outputs, the precision and F-score are significantly (p < 0.05) lower 

than any of the respective values for the nine LEx-DG combinations. The highest mean 

precision for the PGx pipeline is 0.01 ± 0.02 (Single Indications) while the lowest mean 

precision for the LEx-DG combinations in Table 8 is 0.09 ± 0.08 (GO-String700; 2 gene 

minimum). The highest F-score for the PGx pipeline is 0.02 ± 0.02 (Single Indications) 

compared to 0.13 ± 0.08 (GO-String700; 2 gene minimum), the lowest F-score for a 

LEx-DG combination. The PGx pipeline outputs obtain higher sensitivity; its lowest 

value, 0.4 ± 0.2 is statistically higher than all but the two highest sensitivity values for 

LEx-DG in Table 8. Taken together, LEx-DG does not match the PGx pipeline in 
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sensitivity, although it can be argued that it is competitive, is capable of higher values of 

precision as well as F-scores. 

 

Table 8. Benchmark results of LEx-DG and the PGx pipeline. 

Method Group Evaluated Precision Sensitivity F-score 

LEx-DG Domains-Pathways 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

(n = 73 

drugs) 
GO-String700 0.09 (± 0.08) 0.4 (± 0.2) 0.13 (± 0.08) 

 
Domains-Pathways* 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (± 0.1) 

 
GO-String700* 0.10 (± 0.09) 0.3 (± 0.2) 0.13 (± 0.09) 

 
Domains-Motifs-Pathways 0.2 (± 0.2) 0.2 (± 0.1) 0.2 (± 0.1) 

 
Domains-Pathways-String700 0. 2 (± 0.2) 0.2 (± 0. 2) 0. 2 (± 0.1) 

 
GO-Pathways-String700 0.1 (± 0.2) 0.3 (± 0.2) 0.1 (± 0.1) 

 
Domains-Motifs-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.2) 0.2 (±0.1) 

  Domains-GO-Motifs-Pathways-String700 0.2 (± 0.2) 0.2 (± 0.1) 0.1 (± 0.1) 

PGx 

pipeline 

Single & Combined Indications 

(n = 196 runs) 
0.01 (± 0.02) 0.4 (± 0.2) 0.02 (± 0.02) 

 

Combined Indications 

(n = 73 runs) 
0.01 (± 0.02) 0.4 (± 0.2) 0.02 (± 0.02) 

  
Single Indications 

(n = 146 runs) 
0.01 (± 0.02) 0.4 (± 0.2) 0.02 (± 0.02) 

* Three shared gene minimum; all others is two. 
   

 

 

3.5 Comparison of gemcitabine results and curation 

 

3.5.1 LEx-DG and PGx pipeline results for gemcitabine 

The LEx-DG method was further evaluated and compared to the PGx pipeline 

using the cancer drug gemcitabine. Gemcitabine was chosen because there are extensive 

drug-gene relationships annotated for it in data- and knowledgebases. Because at this 

point there was no biological context combination that was superior to all others, the 

triple combination GO-Pathways-String700 (GPS700) with a minimum of three shared 

genes was chosen for this analysis because it was determined that, for gemcitabine, it 
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created a curation workload that a small curation team could undertake. The results of 

this combination for gemcitabine were further enriched by excluding GO terms, 

pathways, and String PPI networks with very high numbers of associated genes (as 

explained in section 2.4). 

The results in Table 9 show the precision, sensitivity, and F-score values for the 

LEx-DG GPS700 combination both with and without gene set limits. The results for the 

PGx pipeline are given for each of gemcitabine’s indications individually, as well as 

combined. The GPS700 combination showed a precision of 0.1864 and an F-score of 

0.2202. When excluding gene sets with over 100 genes in GO and over 200 genes in 

Pathways and String700, the precision for GPS700 combination increases to 0.2634, 

decreasing the number of false positive genes that need from 323 to 151. In all cases for 

the PGx pipeline results, the precision is very low and the number of false positives is 

extremely high. 

 

Table 9. Benchmark results of LEx-DG and PGx pipeline for gemcitabine. 

Method Group Evaluated FP Precision Sensitivity F-Score 

LEx-DG GPS700 323 0.194 0.27 0.22 

 GPS700* 151 0.26 0.19 0.22 

PGx pipeline Breast neoplasms 3675 0.04 0.54 0.07 

 Lung neoplasms 3526 0.04 0.53 0.07 

 Pancreatic neoplasms 1620 0.06 0.36 0.10 

 Combined Indications 4292 0.04 0.60 0.07 

Gemcitabine gold standard includes 284 “positive” genes. 

*Includes genes limits of 100 for GO and 200 for Pathways and String700. 
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3.5.2 Evaluation of LEx-DG precision by manual curation 

A total of 1068 genes were extracted from 2598 out of 4364 abstracts in the 

gemcitabine corpus. The results obtained from the GPS700* combination in Table 9 were 

used for the curation effort in an attempt to find drug-gene (gemcitabine-gene) 

relationships from the 151 false positives that had not been previously curated in the 

Pharmacogenomics Knowledgebase and the Comparative Toxicogenomics Database. The 

151 false positive genes were extracted from 906 abstracts. The curation team curated a 

total of 567 abstracts and found 46 genes with literature evidence of their relationship to 

gemcitabine which had not been previously annotated in PharmGKB or CTD. With this 

discovery, the precision, sensitivity, and the F-score for the GPS700* all increase (Table 

10). 

 

Table 10. Evaluation of LEx-DG precision after manual curation of gemcitabine GPS700* combo. 

Gold standard TP FP FN Precision Sensitivity F-score 

PharmGKB/CTD 54 151 230 0.26 0.19 0.22 

PharmGKB/CTD + manual curation 100 105 230 0.49 0.30 0.37 
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Chapter 4: Discussion 

The LEx-DG method was developed to mine drug-gene relationships from 

biomedical abstracts, cluster the extracted genes in a biological functional context, and 

prioritize literature that can lead to discovery of previously un-annotated relationships. 

The extracted genes were used to link a drug to a domain, GO term, motif, pathway, or 

PPI network. The drug-functional context associations were combined into clusters of 

three functional contexts and were benchmarked against a gold standard created by 

combining drug-gene relationships from PharmGKB and CTD. The performance of LEx-

DG was evaluated by measures of precision, sensitivity, and F-score (the weighted 

average of the previous two) after processing the corpora of 73 drugs. LEx-DG was also 

compared to the established PGx-pipeline, a drug-gene relationship recognition and 

predictive application. 

 

4.1 LEx-DG performance 

 

4.1.1 Text-mining using ABNER and the Human Gene Dictionary 

The second step of the LEx-DG pipeline is the gene-mining step. Three 

approaches were tested in order to utilize the tool that offered the best balance between 

the sensitivity and precision. The F-score is a useful measure to compare multiple 

methods for which varying sensitivity and precision values would make it difficult to 

determine which method performs better overall. Two distinct methods, the Human Gene 

Dictionary and ABNER, were tested in order to implement the better method into the 

LEx-DG pipeline. 
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 The ABNER application can be used as-is in two modes; NLPBA and 

BioCreative (Settles, 2005). These modes are the training sets that were used for the 

application and can produce different results. Thus, a preliminary analysis was performed 

to determine which of these two modes was better suited to implement into the LEx-DG 

pipeline. Ten abstracts were manually curated for all gene mentions, and these were 

converted to official gene symbols from the Human Gene Dictionary. The abstracts were 

then processed with ABNER in each of the two modes. The gene mentions tagged by the 

method were converted to official gene symbols from the Human Gene Dictionary. The 

sensitivity of both modes was equal (Table 4), but the precision and F-score were higher 

for the BioCreative mode and is the mode that was used for subsequent procedures. 

The Human Gene Dictionary was also evaluated for its applicability in the gene-

mining step. For this approach, each abstract was mined for every official gene symbol, 

synonym, and alias in the dictionary, and then synonyms and aliases were converted back 

to their corresponding official symbol. This method uses regular expression strings to 

find a match in the title and abstract text of each document processed. Gene entities in the 

dictionary can have as few as one character for their symbols, thus the Human Gene 

Dictionary was evaluated on matching one, two, or three characters for a gene entity. The 

results in Table 4 show that increasing the required character match count improves the 

precision of the method without affecting the sensitivity which also results in a higher F-

score. 

The ABNER BioCreative mode and the Human Gene Dictionary with a three-

character minimum were then evaluated using a larger data set. The corpora for all 73 

drugs were processed with both methods and their precision, sensitivity, and F-score 
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calculated. The gold standard for this experiment was the PharmGKB/CTD combined 

gold standard described in section 2.3. On this larger scale, ABNER achieves a 

significantly higher precision and F-score, while the sensitivities of both methods were 

not significantly different. 

A point of concern before any filtering of the extracted genes is performed is the 

low values associated with sensitivity, and more so the precision. ABNER has been 

shown to achieve 65.9% sensitivity, 74.5% precision, and 69.9% F-score on the 

BioCreative training set (Settles, 2005) and the CTD team has demonstrated up to 74% 

sensitivity when they integrated ABNER into their workflow (Wiegers et al., 2009). The 

CTD team evaluated ABNER on a pre-curated set of 1600 articles and simply verified 

that the application tagged a string containing the curated genes. A necessary step for the 

LEx-DG pipeline is the normalization of all gene mentions tagged by the NER method to 

official gene symbols. The Perl script that performs this conversion stores the Human 

Gene Dictionary data as hash keys and the strings tagged by ABNER are used to look up 

a match in the data structure. Therefore, if a string contains non-gene related text, the 

string has no chance for a possible match to an official gene symbol. The hash key look-

up approach was used because it allows for much faster processing times than utilizing 

regular expression for string matching. Figure 8 shows an example of an abstract 

processed with ABNER in BioCreative mode. In this example, the strings “human NME5 

gene” and “NME5 promoter” would not match up to any synonym or alias for the official 

gene symbol NME5. In this case, however, NME5 would still be credited to this abstract 

because there are other tagged strings that would be valid. 
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Figure 7. Example of a processed abstract (PMID 22564704) in the ABNER GUI. 

 

The results for the Human Gene Dictionary were also low, though the reason is of 

a different nature. First, this method does not tokenize the abstract text; instead it utilizes 

regular expression to match gene entities from the dictionary within the abstract text. For 

most gene symbols, getting an exact match is not an issue. There are missed 

opportunities, though, when verbose aliases (mostly full protein names) can be variably 
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structured. Because the regular expression requires a strict match, variability in natural 

language can become a source of false negatives. 

Yet another reason for the low sensitivity of both ABNER and the Human Gene 

Dictionary is the annotation of genes from the gold standard sources that are not actually 

mentioned in the abstract. Both PharmGKB and CTD are manually curated and are able 

to curate the whole text of articles as well as supplemental data. A clear example of how 

this can affect the sensitivity for the gene-mining step of LEx-DG was drawn by 

analyzing the false negatives called for the gemcitabine corpus using an earlier version of 

the Human Gene Dictionary (all data available in Appendix D). In that analysis, 165 false 

negatives were called by the method. A single article (PMID 20531411) accounted for 21 

genes annotated in CTD that were not mentioned in the abstract or the full text; they were 

annotated from supplemental information. Another article (PMID 94) accounted for 94 

genes found in the full text. This experiment also revealed that the PubMed search query 

can also fail to retrieve abstracts that are cited in CTD or PharmGKB. 

The results produced by the ABNER BioCreative method were used for the 

subsequent steps in the LEx-DG pipeline. This decision was made because the precision 

and F-score values are significantly higher than those of the Human Gene Dictionary. 

Additionally, ABNER can process an abstract in about one second. The HGD method 

takes considerably longer because every abstract is analyzed for every entity in the 

dictionary. The processing time for the entire 73 drug corpora was on the order of days 

with the Human Gene Dictionary, whereas ABNER was able to process all the same 

number of abstracts in both the NLPBA and BioCreative modes in under four hours. 
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Therefore, it would be a more worthwhile endeavor to improve on the gene normalization 

process using ABNER than using the Human Gene Dictionary. 

 

4.1.2 LEx-DG evaluation 

The initial goal for the development of the LEx-DG pipeline was to mine the 

literature of a drug for genes it interacts with and determine what protein domains were 

found in those genes. Doing so would enable one to describe and analyze the structural 

and functional similarities between the proteins sharing a domain, or domains. But, as 

was discussed in the previous section, the initial (or baseline) sensitivity and precision of 

the pipeline were not optimal. The main concern was the extremely low precision and 

therefore the pipeline was developed into its current state as a way to filter false positives. 

The hypothesis was that incorporating more structural and functional contexts would 

create a filter that could improve the precision of the gene-mining results. 

The first parameter that was established to enrich the gene-mining data was that a 

drug could only be associated with a biological context entity, e.g. a specific domain, if at 

least two genes extracted from the drug’s corpus share the same entity. This is an obvious 

requirement because the goal was to compare multiple genes sharing the same structural 

or functional entity. When this did not greatly improve the precision, the experimentation 

with various shared-gene minimums and other biological contexts began. Figure 4 shows 

how increasing the shared-gene minimum and the number of biological contexts can 

significantly improve precision. 

The drawback in increasing the number of possible combinations with which to 

enrich the data is that comparing them all is very complex; there were 93 possible 
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combinations. In order to arrive at the best possible options the data were first organized 

and evaluated into 15 general, non-specific combinations (Table 6 and Figure 5). This 

evaluation revealed five general combinations with F-scores that were significantly 

higher than the baseline ABNER F-score. From those five broad combinations, more 

specific ones were evaluated (36 total combinations; Table 7). At this level of specificity, 

it becomes easier to observe how different biological context combinations perform. 

However, it is still not possible to determine if there is a combination that stands out. 

Even the highest values for any measure of performance will likely not be significantly 

different from the next closest value. What these data do show is that different 

combinations can be used to obtain specific results, such as a higher precision or 

sensitivity, or the type of functional information one wishes to obtain. The data also 

suggest that a two shared-gene minimum is often an adequate requirement to obtain 

better results. 

 

4.1.3 Comparison of LEx-DG and PGx pipeline 

Although there is not a single LEx-DG combination to call the best, on the whole 

it seems that LEx-DG performs better than the PGx pipeline. In Table 8, the values for 

precision and F-score for the nine LEx-DG combinations are about an order of magnitude 

larger than those for any of the three evaluations done for the PGx pipeline.  The PGx 

pipeline can achieve higher sensitivity, but certain combinations for LEx-DG are also 

comparable. When evaluating both methods for gemcitabine alone, the same general 

trends still hold (Table 9), although the PGx pipeline achieves a much higher sensitivity. 



 

 

45 

 

The gold standard used to evaluate the methods presents a bias against the PGx 

pipeline. PharmGKB annotates pharmacogenes, genes that have variants that can cause a 

hetero or homozygote to have varying responses to a drug not generally seen in the 

general population. The PGx pipeline is trained on this principle. Pharmacogenes are only 

a part of the wider scope of genes annotated in the CTD for a drug. Therefore, the 

sensitivity of PGx pipeline is negatively affected when evaluated with the 

PharmGKB/CTD gold standard. When the PGx pipeline results are instead evaluated 

using only the PharmGKB gene annotations, the sensitivity of the method improves 

(Table 11). However, the precision and overall F-score values decrease compared to 

when the PGx pipeline results are evaluated with the combined gold standard (compare 

results of Table 11 and Table 8). In terms of analyzing false positive data in order to 

uncover “novel” drug-gene relationships, a low precision creates bigger workload 

whether the analysis performed is biocuration, informatics, or wet lab experimentation. In 

this regard, the LEx-DG method seems like a better option for discovery. 

 

Table 11. Evaluation of PGx pipeline results using only PharmGKB gene annotations. 

Group Evaluated Precision Sensitivity F-score 

Single & Combined Indications (n = 196 runs) 0.008 (±0.009) 0.5 (±0.3) 0.01 (±0.02) 

Combined Indications (n = 73 runs) 0.007 (±0.009) 0.6 (±0.3) 0.01 (±0.02) 

Single Indications (n = 146 runs) 0.008 (±0.009) 0.5 (±0.3) 0.01 (±0.02) 

 

  

LEx-DG and the PGx pipeline are fundamentally dissimilar methods, but their 

goal, nonetheless, is to prioritize genes that may interact with a given drug. The PGx 

pipeline predicts genes likely to interact with an input molecular structure in the context 
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of an indication of use. The advantage of this approach is that a number of drug-gene 

relationships absent in the published literature can be inferred. Additionally, relationships 

can be predicted for novel molecules. However, the large number of false positives that 

the PGx pipeline can return would make it difficult to focus a serious exploration of 

possible novel drug-gene interactions. On average, the PGx pipeline generated an average 

of 1519 false positives for the 73 drugs evaluated. The PGx pipeline is also better suited 

to for predicting potential drug interactions with pharmacogenes. Overall, the PGx 

pipeline is not designed for the same application that LEx-DG was designed for. 

Perhaps a better comparator for LEx-DG is the automated method that the CTD 

group implemented into their manual curation workflow (Wiegers et al., 2009). As 

previously mentioned, the CTD group also implemented ABNER to perform gene and 

protein recognition in article abstracts. They then rank the articles by the likelihood that 

they contain relevant drug-gene information based on frequency of gene, or “actor” 

mentions and other statistics. The goal of CTD is to annotate all genes that interact with 

drugs and other chemicals than can cause toxicity. 

 

4.2 Functional Information Extracted From Gene Clusters 

Another goal for the development of the LEx-DG method was to use it as a tool 

that makes it possible to better understand drug mechanisms of action. The genes 

extracted from a drug’s corpus were enriched by setting certain conditions to increase the 

likelihood that the extracted genes actually interact with the drug. The drug was then 

associated with a biological structure or function, or a combination thereof, if the at least 

two or more genes related to the drug were also related to a biological function, or 



 

 

47 

 

combinations of functions. The different biological functions, or contexts, that were 

considered were protein domains, gene sequence motifs, GO terms, pathways, and PPI 

networks. Over 50% of drugs target just 4 different gene families (Overington et al., 

2006), so it is very likely that all other genes, or proteins, that interact with similar 

ligands are similar in some ways. Therefore, the drug-biological context associations 

drawn by the LEx-DG method have the potential to help understand these similarities. 

Furthermore, there is the potential to discover molecular mechanisms that may not have 

previously been known that can help explain adverse drug reactions, non-efficacy, or 

even reveal new potential uses for existing and even abandoned drugs, especially for the 

treatment of orphan diseases (Achenbach et al., 2011; Sardana et al., 2011). 

To illustrate the potential for discovery of new information, the specific 

gemcitabine-GO-Pathways-Srting700 association was mined for information that does 

not seem instinctively obvious. Gemcitabine is a nucleoside analog used in the treatment 

of several cancer. Searching through its GPS700 data, gemcitabine was found to be 

associated with the KEGG pathway “Amyotrophic Lateral Sclerosis” (ALS), GO term 

“Mitochondrion Organization and Biogenesis”, and the String700 PPI networks for 16 

different proteins: BAD, BAK1, BBC3, BIRC3, CASP2, CASP8, CYCS, FADD, FAS, 

FASLG, MCL1, PARP1, PMAIP1, TNFRSF10B, TNFRSF1A, and TNFSF10. 

Gemcitabine was associated to all these entities through four genes: BID, BCL2L1, 

BCL2, and BAX. A PubMed search for gemcitabine and ALS-related articles did not 

return and results. This association may simply be anecdotal, but further investigation of 

these types of associations may be warranted. 
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4.3 Summary and Future Directions 

The LEx-DG method was developed with two purposes in mind. First, it is a 

method for enrichment of a drug-gene corpus in order to prioritize genes and the 

associated literature for manual curation of drug-gene relationships. Second, it clusters 

the enriched genes into biological structure and/or function contexts that may lead to a 

better understanding of drug mechanisms of action. There are many improvements that 

can be made make LEx-DG a more useful tool; its current performance in terms of 

precision and sensitivity are not optimal. At the same time, the novelty of the LEx-DG 

method is in combining different drug-biological function associations which have the 

potential to be a very useful approach to understanding drug mechanisms of action. 

An attractive feature of LEx-DG is that there is flexibility to choose parameters 

that will produce desired results. This can be a higher precision or sensitivity, but it also 

allows one to select the type of biological information that is most desirable. The 

downside to this feature, though, is that there are too many possible combinations and 

although about a third of those combinations were shown to generally perform better, 

there is still no real outstanding combination. 

A key improvement that needs to be made is in the normalization of gene 

mentions to official gene symbols. The sensitivity of the established NER application 

ABNER is decreased in this step and continues to decrease in subsequent LEx-DG steps. 

More importantly, the precision of the method also needs further improvement. The 

combination of different biological contexts and requiring certain shared-gene minimums 

did lead to an increase in precision, supporting the stated hypotheses. However, in an 

attempt to further increase the precision of the GPS700 results for manual curation of the 
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gemcitabine corpus, a rather crude method was employed to reduce the number of false 

positive genes (Methods section 2.4 and Figure 4). GO terms that have large numbers of 

associated genes do not provide specific information (e.g. cell membrane), therefore their 

gene sets may not be relevant. A more systematic way of filtering such GO terms, 

pathways, and PPI networks needs to be employed. A potential solution might be 

provided by the Comparative Toxicogenomics Database, which annotates GO terms 

according to their specificity. Finally, although an improvement of precision is desirable, 

for the purposes of discovery, too high of a precision is also not ideal. However, the 

quality of false positives can be improved; less than a third of false positive genes were 

reclassified as positives after manual curation of the gemcitabine data (Results section 

3.5.2). 

The need for automated methods to extract relevant drug-gene information from 

the literature cannot be overstated. The post-market pharmacosurveillance of drugs is not 

conducted as well as it should be (Carpenter et al., 2008; Wood, 2006) and is not 

universally required for all drugs. Traditionally, medical review of post-market studies 

has brought to light potential adverse drug effects and toxicity. However, this process can 

take years after a drug is approved to have an impact. As the biomedical literature 

continues to grow at a rapid pace, it is inconceivable for humans alone to review all the 

relevant literature. Even groups with dedicated teams of curators such as the CTD have 

seen the need to implement automated methods. Access to full length articles in free text 

form would also greatly benefit efforts to automate literature review.  
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 Chapter 5: Concluding Remarks 

In summary, the LEx-DG method is can prioritize genes and the related literature 

for the purpose of discovery of un-annotated drug-gene relationships through manual 

curation. It was based on the hypothesis that the various targets for a drug share structural 

and/or functional features, such as common domains, motifs, pathways and other 

functional networks, and that exploiting these common features would results in an 

enriched data set. The results of this study support the hypothesis, as it was shown that 

incorporating functional contexts as a filter improved the precision of the method, leading 

to a more manageable and focused curation effort. The curation done for the drug 

gemcitabine produced 46 drug-gene relationships that were not previously annotated in 

the Pharmacogenomics Knowledgebase or the Comparative Toxicogenomics Database. 

An inspection of the GO-Pathways-String 700 gene clusters for gemcitabine also 

uncovered a potential role for the drug in biological processes which it may usually not 

be implicated in. The performance of the LEx-DG method was compared with PGx 

pipeline, a web-based application that predicts possible gene interactions for a query 

molecular structure and indication of use. LEx-DG seemed to perform better, but the 

methods are too fundamentally different to draw relevant conclusions. In its current state, 

the LEx-DG method is affected by low sensitivity—even when utilizing and established 

NER application—and even lower precision. The precision was improved by several 

filtering steps, but there is potential for further improvement. Overall, the results 

demonstrate the potential of applying LEx-DG for large-scale annotation of drug-gene 

relationships for facilitating updates to drug-gene relationship databases.   
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Appendix A. Drugs used in LEx-DG evaluation and PGx pipeline 

indications. 
 

Drug SMILES 

Source 

PGx Indication ID(s) PGx Indication(s) 

abacavir PGKB PA447230 HIV 

acetazolamide PGKB PA444370 

PA444065 

PA444119 

Congestive heart failure 

Epilepsy 

Eye disease 

alendronate PGKB PA445190 Osteoporosis 

ampicillin PGKB PA444814 Lung Diseases 

arteether PubChem PA444859 

PA446390 

Malaria 

Malaria Falciparum 

artesunate PubChem PA444859 

PA446390 

Malaria 

Malaria Falciparum 

asparaginase PubChem PA446155 

PA444845 

Acute lymphocytic leukemia 

Non-Hodgkin lymphoma 

azacitidine PGKB PA446171 Chronic myeloid leukemia 

bisoprolol PGKB PA443362 

PA444368 

PA130232983 

Angina pectoris 

Heart diseases 

Heart failure 

bromocriptine PGKB PA443269 

PA445254 

PA447324 

PA447062 

Adenoma 

Parkinson Disease 

Parkinson's disease 

Parkinsonian disorders 

budesonide PGKB PA447279 

PA443450 

PA443815 

PA446116 

Allergic rhinitis 

Asthma 

Crohn disease 

Inflammatory bowel disease 

bumetanide PGKB PA444370 

PA447234 

PA444434 

Congestive heart failure 

Hepatic veno-clusive disease 

Hepatic veno-occlusive disease 

busulfan PGKB PA444760 

PA446171 

PA134850491 

Acute myelocytic leukemia 

Chronic myeloid leukemia 

Transplantation 

cabergoline PGKB PA443269 

PA445254 

PA447062 

PA447324 

Adenoma 

Parkinson Disease 

Parkinsonian disorders 

Parkinson's Disease 

chlorthalidone PGKB PA444552 Hypertension 

cilazapril PGKB PA444553 

PA130232983 

Hypertension 

Heart failure 

citalopram PGKB PA447278 Depression 

diazepam PGKB PA446879 

PA447196 

Alcohol-related disorders 

Anxiety disorders 

diclofenac PGKB PA443430 

PA443434 

Arthritis 

Rheumatoid arthritis 

dicloxacillin PGKB PA445355 

PA446771 

Pneumonia 

Sepsis 

dicumarol PGKB PA446900 

PA445850 

Coagulation protein disorders 

Thrombosis 

digoxin PGKB PA443421 

PA130232983 

Arrhythmia 

Heart failure 
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PA444370 Congestive heart failure 

doxycycline PGKB PA128407009 

PA444814 

PA445355 

Mycobacterial infections 

Lung diseases 

Pneumonia 

epinephrine PGKB PA446771 

PA445647 

Sepsis 

Septic shock 

epirubicin PGKB PA445062 Neoplasms 

gefitinib PGKB PA131550671 

PA443622 

Non-small cell lung cancer 

Non-small cell lung carcinoma 

gemcitabine PGKB PA443560 

PA444818 

PA445218 

Breast neoplasms 

Lung neoplasms 

Pancreatic neoplasms 

hydroxyzine PGKB PA447196 Anxiety disorders 

indinavir PGKB PA447230 HIV 

isoproterenol PGKB PA443421 

PA443459 

PA444814 

PA443450 

Arrhythmia 

Atrial fibrillation 

Lung diseases 

Asthma 

loratadine PGKB PA447279 Allergic rhinitis 

losartan PGKB PA444552 Hypertension 

maprotiline PGKB PA447278 

PA447199 

PA447312 

Depression 

Bipolar disorder 

Psychosis 

minocycline PGKB PA445355 Pneumonia 

minoxidil PGKB PA444552 Hypertension 

mirtazapine PGKB PA447321 

PA447278 

Major depression 

Depression 

nefazodone PGKB PA447278 Depression 

nelfinavir PGKB PA447230 HIV 

nevirapine PGKB PA447230 HIV 

nitrendipine PGKB PA444552 Hypertension 

oxcarbazepine PGKB PA445629 

PA444065 

Seizures 

Epilepsy 

oxycodone PGKB PA443899 

PA445208 

Diarrhea 

Pain 

pimozide PGKB PA447312 Psychosis 

pindolol PGKB PA444552 

PA446450 

PA443459 

PA443421 

Hypertension 

Ventricular tachycardia 

Atrial fibrillation 

Arrhythmia 

pranlukast PGKB PA443450 Asthma 

prazosin PGKB PA444552 

PA444370 

PA445062 

Hypertension 

Congestive heart failure 

Neoplasms 

primaquine PGKB PA444859 

PA446390 

Malaria 

Malaria Falciparum 

procainamide PGKB PA443421 Arrhythmia 

promazine PGKB PA447312 

PA446051 

PA445048 

Psychosis 

Vomiting 

Nausea 

promethazine PGKB PA447279 

PA445048 

PA446051 

Allergic rhinitis 

Nausea 

Vomiting 
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raltitrexed PGKB PA443756 

PA445503 

Colonic neoplasms 

Rectal neoplasms 

repaglinide PGKB PA447306 

PA443886 

Diabetes mellitus type 2 and obesity 

Diabetes mellitus 

reserpine PGKB PA444552 Hypertension 

rosiglitazone PGKB PA447306 

PA443886 

Diabetes mellitus type 2 and obesity 

Diabetes mellitus 

rosuvastatin PGKB PA444528 

PA443635 

Hyperlipidemia 

Cardiovascular disease 

saquinavir PGKB PA447230 

PA443250 

HIV 

Acquired immunodeficiency syndrome 

sotalol PGKB PA443459 

PA443421 

Atrial fibrillation 

Arrhythmia 

sparfloxacin PGKB PA445355 Pneumonia 

sulfasalazine PGKB PA443815 

PA443434 

PA443430 

Crohn disease 

Rheumatoid arthritis 

Arthritis 

tamsulosin PGKB PA445425 Prostatic neoplasms 

telmisartan PGKB PA444552 

PA444370 

Hypertension 

Congestive heart failure 

teriparatide PGKB PA445190 Osteoporosis 

timolol PGKB PA444552 

PA444119 

Hypertension 

Eye disease 

tipifarnib PubChem PA444760 

PA443560 

Acute myelocytic leukemia 

Breast neoplasms 

tipranavir PGKB PA447230 HIV 

torasemide PGKB PA444370 

PA444434 

PA444552 

Congestive heart failure 

Hepatic veno-occlusive disease 

Hypertension 

tretinoin PGKB PA444760 Acute myelocytic leukemia 

trimethoprim PGKB PA445355 

PA443899 

Pneumonia 

Diarrhea 

tripelennamine PGKB PA447279 

PA443450 

Allergic rhinitis 

Asthma 

troglitazone PGKB PA447306 

PA443886 

Diabetes mellitus type 2 and obesity 

Diabetes mellitus 

troleandomycin PGKB PA445355 Pneumonia 

vinblastine PGKB PA443560 

PA444840 

PA444845 

Breast neoplasms 

Lymphoma 

Non-Hodgkin lymphoma 

ziprasidone PGKB PA447216 

PA447312 

Schizophrenia 

Psychosis 
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 Appendix B. Human Gene Dictionary gene-mining results. 

 

Drug GSpos MethodPos TP FP FN Precision Sensitivity Fscore 

abacavir 17 212 13 199 4 0.063 0.7647 0.1135 

acetazolamide 7 514 5 509 2 0.0097 0.7143 0.0192 

alendronate 20 488 8 480 12 0.0164 0.4000 0.0315 

ampicillin 4 623 2 621 2 0.0032 0.5000 0.0064 

arteether 6 38 3 35 3 0.0789 0.5000 0.1364 

artesunate 17 349 13 336 4 0.0372 0.7647 0.0710 

asparaginase 18 424 5 419 13 0.0118 0.2778 0.0226 

azacitidine 181 133 17 116 162 0.1278 0.0950 0.1090 

bisoprolol 9 169 5 164 4 0.0296 0.5556 0.0562 

bromocriptine 13 671 10 661 3 0.0149 0.7692 0.0292 

budesonide 59 633 22 611 37 0.0348 0.3729 0.0636 

bumetanide 13 474 9 465 4 0.0190 0.6923 0.0370 

busulfan 49 441 24 417 24 0.0544 0.5000 0.0982 

cabergoline 4 167 3 164 1 0.0180 0.7500 0.0351 

chlorthalidone 5 128 3 125 2 0.0234 0.6000 0.0451 

cilazapril 4 163 2 161 2 0.0123 0.5000 0.0240 

citalopram 68 506 38 468 30 0.0751 0.5588 0.1324 

diazepam 28 1158 14 1144 14 0.0121 0.5000 0.0236 

diclofenac 82 896 47 849 31 0.0525 0.6026 0.0965 

dicloxacillin 5 48 2 46 3 0.0417 0.4000 0.0755 

dicumarol 19 151 9 142 9 0.0596 0.5000 0.1065 

digoxin 25 650 15 635 10 0.0231 0.6000 0.0444 

doxycycline 15 1239 12 1227 3 0.0097 0.8000 0.0191 

epinephrine 150 1702 63 1639 85 0.0370 0.4257 0.0681 

epirubicin 31 685 20 665 11 0.0292 0.6452 0.0559 

gefitinib 169 693 76 617 92 0.1097 0.4524 0.1765 

gemcitabine 284 1197 117 1080 158 0.0977 0.4255 0.1590 

hydroxyzine 6 115 2 113 4 0.0174 0.3333 0.0331 

indinavir 24 354 19 335 5 0.0537 0.7917 0.1005 

isoproterenol 74 1789 38 1751 36 0.0212 0.5135 0.0408 

loratadine 31 201 12 189 19 0.0597 0.3871 0.1034 

losartan 36 1067 30 1037 4 0.0281 0.8824 0.0545 

maprotiline 4 145 2 143 2 0.0138 0.5000 0.0268 

minocycline 24 704 14 690 10 0.0199 0.5833 0.0385 

minoxidil 3 233 3 230 0 0.0129 1.0000 0.0254 

mirtazapine 21 228 13 215 8 0.0570 0.6190 0.1044 

nefazodone 6 118 4 114 2 0.0339 0.6667 0.0645 

nelfinavir 47 312 30 282 16 0.0962 0.6522 0.1676 

nevirapine 37 353 26 327 11 0.0737 0.7027 0.1333 

nitrendipine 7 423 4 419 3 0.0095 0.5714 0.0186 

oxcarbazepine 18 173 8 165 9 0.0462 0.4706 0.0842 

oxycodone 7 206 6 200 1 0.0291 0.8571 0.0563 

pimozide 18 236 6 230 12 0.0254 0.3333 0.0472 

pindolol 74 325 6 319 66 0.0185 0.0833 0.0302 

pranlukast 12 171 6 165 6 0.0351 0.5000 0.0656 
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prazosin 12 789 3 786 9 0.0038 0.2500 0.0075 

primaquine 10 238 7 231 3 0.0294 0.7000 0.0565 

procainamide 20 296 6 290 14 0.0203 0.3000 0.0380 

promazine 3 80 1 79 2 0.0125 0.3333 0.0241 

promethazine 3 237 1 236 2 0.0042 0.3333 0.0083 

raltitrexed 12 142 4 138 8 0.0282 0.3333 0.0519 

repaglinide 55 168 17 151 38 0.1012 0.3091 0.1525 

reserpine 28 672 11 661 17 0.0164 0.3929 0.0314 

rosiglitazone 292 1171 89 1082 190 0.0760 0.3190 0.1228 

rosuvastatin 38 437 22 415 16 0.0503 0.5789 0.0926 

saquinavir 40 300 18 282 22 0.0600 0.4500 0.1059 

sotalol 20 250 3 247 17 0.0120 0.1500 0.0222 

sparfloxacin 14 158 3 155 11 0.0190 0.2143 0.0349 

sulfasalazine 75 453 35 418 38 0.0773 0.4795 0.1331 

tamsulosin 7 148 2 146 5 0.0135 0.2857 0.0258 

telmisartan 30 453 21 432 9 0.0464 0.7000 0.0870 

teriparatide 28 99 6 93 21 0.0606 0.2222 0.0952 

timolol 7 375 4 371 3 0.0107 0.5714 0.0209 

tipifarnib 18 133 6 127 12 0.0451 0.3333 0.0795 

tipranavir 6 61 5 56 1 0.0820 0.8333 0.1493 

torasemide 11 79 2 77 9 0.0253 0.1818 0.0444 

tretinoin 1207 203 60 143 1128 0.2956 0.0505 0.0863 

trimethoprim 13 412 4 408 9 0.0097 0.3077 0.0188 

tripelennamine 3 47 0 47 3 0.0000 0.0000 0.0000 

troglitazone 151 782 64 718 78 0.0818 0.4507 0.1385 

troleandomycin 7 109 4 105 1 0.0367 0.8000 0.0702 

vinblastine 206 1121 31 1090 167 0.0277 0.1566 0.0470 

ziprasidone 19 126 8 118 11 0.0635 0.4211 0.1103 
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 Appendix C. ABNER BioCreative gene-mining results. 

 

Drug GSpos MethodPos TP FP FN Precision Sensitivity Fscore 

abacavir 17 92 10 82 7 0.1087 0.5882 0.1835 

acetazolamide 7 236 5 230 2 0.0213 0.7143 0.0413 

alendronate 20 249 7 239 13 0.0285 0.3500 0.0526 

ampicillin 4 296 2 293 2 0.0068 0.5000 0.0134 

arteether 6 25 3 22 3 0.1200 0.5000 0.1935 

artesunate 17 181 8 173 9 0.0442 0.4706 0.0808 

asparaginase 18 170 4 165 14 0.0237 0.2222 0.0428 

azacitidine 181 82 18 64 162 0.2195 0.1000 0.1374 

bisoprolol 9 76 6 70 3 0.0789 0.6667 0.1412 

bromocriptine 13 342 11 330 2 0.0323 0.8462 0.0621 

budesonide 59 321 23 295 36 0.0723 0.3898 0.1220 

bumetanide 13 273 9 264 4 0.0330 0.6923 0.0629 

busulfan 49 211 21 190 27 0.0995 0.4375 0.1622 

cabergoline 4 81 2 79 2 0.0247 0.5000 0.0471 

chlorthalidone 5 52 3 49 2 0.0577 0.6000 0.1053 

cilazapril 4 96 2 94 2 0.0208 0.5000 0.0400 

citalopram 68 239 34 203 34 0.1435 0.5000 0.2230 

diazepam 28 625 14 609 14 0.0225 0.5000 0.0430 

diclofenac 82 428 45 380 33 0.1059 0.5769 0.1789 

dicloxacillin 5 14 2 12 3 0.1429 0.4000 0.2105 

dicumarol 19 73 9 64 9 0.1233 0.5000 0.1978 

digoxin 25 328 16 311 9 0.0489 0.6400 0.0909 

doxycycline 15 800 11 784 4 0.0138 0.7333 0.0272 

epinephrine 150 1047 56 985 92 0.0538 0.3784 0.0942 

epirubicin 31 352 18 332 13 0.0514 0.5806 0.0945 

gefitinib 169 434 65 369 103 0.1498 0.3869 0.2159 

gemcitabine 284 726 103 620 172 0.1425 0.3745 0.2064 

hydroxyzine 6 34 1 33 5 0.0294 0.1667 0.0500 

indinavir 24 204 18 186 6 0.0882 0.7500 0.1579 

isoproterenol 74 1297 39 1249 35 0.0303 0.5270 0.0573 

loratadine 31 94 10 83 21 0.1075 0.3226 0.1613 

losartan 36 662 27 630 7 0.0411 0.7941 0.0781 

maprotiline 4 54 2 52 2 0.0370 0.5000 0.0690 

minocycline 24 327 12 311 12 0.0372 0.5000 0.0692 

minoxidil 3 102 2 99 1 0.0198 0.6667 0.0385 

mirtazapine 21 90 11 78 10 0.1236 0.5238 0.2000 

nefazodone 6 21 1 20 5 0.0476 0.1667 0.0741 

nelfinavir 47 193 26 167 20 0.1347 0.5652 0.2176 

nevirapine 37 108 17 90 20 0.1589 0.4595 0.2361 

nitrendipine 7 211 4 206 3 0.0190 0.5714 0.0369 

oxcarbazepine 18 71 7 64 10 0.0986 0.4118 0.1591 

oxycodone 7 65 6 59 1 0.0923 0.8571 0.1667 

pimozide 18 152 4 146 14 0.0267 0.2222 0.0476 

pindolol 74 141 3 138 69 0.0213 0.0417 0.0282 

pranlukast 12 86 5 81 7 0.0581 0.4167 0.1020 
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prazosin 12 436 3 433 9 0.0069 0.2500 0.0134 

primaquine 10 144 7 117 3 0.0565 0.7000 0.1045 

procainamide 20 161 5 156 15 0.0311 0.2500 0.0552 

promazine 3 31 1 30 2 0.0323 0.3333 0.0588 

promethazine 3 87 1 86 2 0.0115 0.3333 0.0222 

raltitrexed 12 74 4 70 8 0.0541 0.3333 0.0930 

repaglinide 55 74 14 60 41 0.1892 0.2545 0.2171 

reserpine 28 414 9 403 19 0.0218 0.3214 0.0409 

rosiglitazone 292 737 87 649 198 0.1182 0.3053 0.1704 

rosuvastatin 38 235 20 214 18 0.0855 0.5263 0.1471 

saquinavir 40 166 17 149 23 0.1024 0.4250 0.1650 

sotalol 20 110 3 106 17 0.0275 0.1500 0.0465 

sparfloxacin 14 36 2 33 12 0.0571 0.1429 0.0816 

sulfasalazine 75 252 30 222 43 0.1190 0.4110 0.1846 

tamsulosin 7 48 2 46 5 0.0417 0.2857 0.0727 

telmisartan 30 223 20 202 10 0.0901 0.6667 0.1587 

teriparatide 28 50 6 44 21 0.1200 0.2222 0.1558 

timolol 7 164 4 160 3 0.0244 0.5714 0.0468 

tipifarnib 18 76 4 72 14 0.0526 0.2222 0.0851 

tipranavir 6 24 6 18 0 0.2500 1.0000 0.4000 

torasemide 11 20 2 18 9 0.1000 0.1818 0.1290 

tretinoin 1207 87 35 52 1156 0.4023 0.0294 0.0548 

trimethoprim 13 193 3 190 10 0.0155 0.2308 0.0291 

tripelennamine 3 23 0 23 3 0.0000 0.0000 0.0000 

troglitazone 151 518 66 451 78 0.1277 0.4583 0.1997 

troleandomycin 7 62 4 58 1 0.0645 0.8000 0.1194 

vinblastine 206 621 25 574 175 0.0417 0.1250 0.0626 

ziprasidone 19 59 5 54 14 0.0847 0.2632 0.1282 
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Appendix D. Source of False Negative in Gene-Mining Step for 

Gemcitabine 

Gene 

Unmatche

d PMIDs 

Matched 

PMIDs Reason for miss 

ABCC8 19712441 n/a - 

ALDH1A1 20940707 n/a - 

ATP7B 19712441 n/a - 

IGFBP1 19712441 n/a - 

MKI67 19712441 n/a - 

NFE2L2 21489257 n/a - 

NOTCH1 20940707 n/a - 

RBM17 16061639 n/a - 

REL 20940707 n/a - 

SLC29A3 19164483 n/a - 

SMG1 21418860 n/a - 

TAP2 19712441 n/a - 

TOP2A 19712441 n/a - 

XRCC5 19712441 n/a - 

CASP8 14750167 20699664 20699664: In abstract, mentioned in phrase "caspases-8, -9", 

does not match a synonym 

  18089714 18089714: In abstract, mentioned as "caspase-8", does not 

match synonyms 

  17159604 17159604: In abstract, mentioned in phrase "caspase-3, -8 

and -9", does not match a synonym 

  12479703 12479703: In abstract, mentioned as "caspase-8", does not 

match synonyms 

  17671697 17671697: In abstract, mentioned up as "caspase-8", does not 

match synonyms 

CASP9 21418860 20699664 20699664: In abstract, mentioned in phrase "caspases-8, -9", 

does not match synonyms 

  18089714 18089714: Symbol, name, synonyms, and other aliases not 

found in abstract or full text 

  17159604 17159604: In abstract, mentioned as "caspase-3, -8 and -9", 

does not match synonyms 

  12479703 12479703: In abstract, mentioned as "caspase-8 and -9", does 

not match synonyms 

  17671697 17671697: Symbol, name, synonyms, and other aliases not 

found in abstract or full text 

CASP3 21418860 20699664 20699664: In abstract, mentioned as "caspases-8, -9, -6 and -

3", does not match synonyms 

  15770523 15770523: In abstract, mentioned as "Caspase-3", does not 

match synonyms 

  18089714 18089714: In abstract, mentioned as "caspase-3", does not 

match synonyms 

  12479703 12479703: In abstract, mentioned as "caspase-3", does not 

match synonyms 

  17159604 17159604: In abstract, mentioned as "caspase-3", does not 

match synonyms 

  15476743 15476743: In full text, mentioned as "caspase-3" 

  15726400 15726400: In abstract. mentioned as "caspases 3", does not 

match synonyms 

  20299819 20299819: In abstract, mentioned as "caspase-3", does not 

match synonyms 
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  16153448 16153448: In abstract, mentioned as "caspase-3", does not 

match synonyms 

A2M n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "alpha-2-macroglobulin" in 

supplemental table 

ADIPOQ n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "adiponectin" in 

supplemental table 

AGPAT2 n/a 17039268 Mentioned in full text 

AICDA n/a 19369935 Mentioned in full text 

ALDH1A3 n/a 17039268 Mentioned in full text 

ALDH6A1 n/a 17039268 Mentioned in full text 

ANAPC1 n/a 17039268 Mentioned in full text 

ANK3 n/a 17039268 Mentioned in full text 

ANKRD1 n/a 17039268 Mentioned in full text 

APCS n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text. 

APOH n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "apolipoprotein H" in 

supplemental table 

ARF1 n/a 17039268 Mentioned in full text 

BAIAP1 n/a 17039268 Mentioned in full text 

BCL6 n/a 17039268 Mentioned in full text 

BDNF n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned in supplemental table 

BIRC2 n/a 17039268 Mentioned in full text 

BIRC5 n/a 16929163 In abstract and full text, mentioned as "survivin", does not 

match synonyms 

C1ORF144 n/a 17039268 Mentioned as "DKFZp566C0424" in full text 

C4ORF18 n/a 17039268 Mentioned in full text; symbol is actually a synonym for 

"FAM198B" 

CASP6 n/a 20699664 In abstract, mentioned in phrase "caspases-8, -9, -6", does not 

match synonyms 

CCL2 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "MCP-1" in supplemental 

table 

CCL20 n/a 17039268 Mentioned in full text 

CCL3 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "MIP-1 alpha" in 

supplemental table 

CDH1 n/a 17039268 Mentioned in full text 

CEBPB n/a 17039268 Mentioned in full text 

CKB n/a 17039268 Mentioned in full text 

CLIC4 n/a 17039268 Mentioned in full text 

COX3 n/a 17428446 In abstract, mentioned as "CCOX3", does not match 

synonyms 

CSF2 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "CSF" in supplemental 

table 

CSRP2 n/a 17039268 Mentioned in full text 

CTHRC1 n/a 17039268 Mentioned in full text 

CXCL2 n/a 17039268 Mentioned in full text 

CXCL3 n/a 17039268 Mentioned in full text 
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CYP24A1 n/a 17039268 Mentioned in full text 

DHX9 n/a 17039268 Mentioned in full text 

DLG2 n/a 17039268 Mentioned in full text 

DNCH1 n/a 17039268 Mentioned in full text 

EDN1 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Endothelin-1" in 

supplemental table 

EDN2 n/a 17039268 Mentioned in full text 

ETV1 n/a 17039268 Mentioned in full text 

EVI2B n/a 17039268 Mentioned in full text 

F7 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Factor VII" in 

supplemental table 

FAK n/a 14623342 Mentioned in abstract…should have been picked up by 

LEX 

FBXO25 n/a 17039268 Mentioned in full text 

FGG n/a 17039268 Mentioned in full text 

FOSL2 n/a 17039268 Mentioned in full text 

FXYD3 n/a 17039268 Mentioned in full text 

GAL3ST1 n/a 17039268 Mentioned in full text 

GAS1 n/a 17039268 Mentioned in full text 

GLRX n/a 17039268 Mentioned in full text 

GPC3 n/a 17039268 Mentioned in full text 

GPM6A n/a 19898621 Mentioned in full text 

GSK3B n/a 16570353 In full text, mentioned as "Glycogen synthease kinase 3B" 

GTF2A1 n/a 17039268 Mentioned in full text 

HER3 n/a 20726858 In abstract, mentioned as "HER3"…should have been 

picked up by LEX 

HIST1H4B n/a 17039268 Mentioned in full text 

HIST1H4C n/a 17039268 Mentioned in full text 

HOXB2 n/a 17039268 Mentioned in full text 

HSPA1L n/a 17039268 Mentioned in full text 

HSPA5 n/a 17039268 Mentioned in full text 

IFIT1 n/a 17039268 Mentioned in full text 

IFNG n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Interferon gamma" in 

supplemental table 

IL15 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Interleuking-15" in 

supplemental table 

IL16 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Interleuking-16" in 

supplemental table 

IL1A n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Interleuking-1 alpha" in 

supplemental table 

IQGAP1 n/a 17039268 Mentioned in full text 

IRF3 n/a 17039268 Mentioned in full text 

ITGAV n/a 20150628 In abstract, mentioned as "Integrin alphavbeta6", does not 

match synonyms 

ITGB6 n/a 20150628 In abstract, mentioned as "Integrin alphavbeta6", does not 

match synonyms 

ITSN2 n/a 17039268 Mentioned in full text 
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JAM3 n/a 17039268 Mentioned in full text 

KCTD12 n/a 17039268 Mentioned in full text 

KITLG n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Stem cell factor" in 

supplemental table 

KLF8 n/a 17039268 Mentioned in full text 

KRT8 n/a 17039268 Mentioned in full text 

LARP4B n/a 17039268 Mentioned in full text as "KIAA0217" 

LEP n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Leptin" in supplemental 

table 

LIFR n/a 17039268 Mentioned in full text 

LPAR6 n/a 17039268 Mentioned in full text as "P2RY5" 

LRRC28 n/a 17039268 Mentioned in full text 

LTA n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Tumor necrosis factor-

alpha" in supplemental table 

LYZ n/a 17039268 Mentioned in full text 

MAGEA10 n/a 17039268 Mentioned in full text 

MAGEC1 n/a 17039268 Mentioned in full text 

MAP2K6 n/a 15003513 In abstract, mentioned as "MKK3/6", does not match 

synonyms 

MMP3 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "MMP-3" in supplemental 

table 

MPO n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Myeloperoxidase" in 

supplemental table 

MXI1 n/a 17039268 Mentioned in full text 

MYB n/a 17039268 Mentioned in full text 

NCBP1 n/a 17039268 Mentioned in full text 

NEDD9 n/a 17039268 Mentioned in full text 

NFKB2 n/a 17039268 Mentioned in full text 

NFKBIA n/a 20523344 Synonyms not found in abstract, full text not available 

NFKBIE n/a 17039268 Mentioned in full text 

NNMT n/a 17039268 Mentioned in full text 

NR4A3 n/a 17039268 Mentioned in full text 

NRG1 n/a 17039268 Mentioned in full text 

NUPR1 n/a 16397047 * Mentioned as "p8" in title, abstract, and full text, and as 

alias "protein p8" in full text * 

PAPPA n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "PAPP-A" in supplemental 

table 

PAQR8 n/a 17039268 Mentioned in full text as "Progestin and adipoQ receptor 

family member VIII" and "C6orf33" 

PJA2 n/a 17039268 Mentioned in full text 

PLAU n/a 17039268 Mentioned in full text 

POLA2 n/a 15224082 Mentioned in full text 

POLE n/a 15224082 Mentioned in full text 

POLS n/a 18330920 Mentioned in abstract, but is a currently a synonym for 

official symbol PAPD7 which LEX properly picked up and 

converted to official symbol. This is a PGKB-only annotated 

gene. 
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PPFIA4 n/a 17039268 Mentioned in full text 

PPP1R15A n/a 17039268 Mentioned in full text 

PRKCB1 n/a 12811511 * In title and abstract, mentioned as "protein kinase c", 

though PRKCB1 is a synonym symbols for PRKCB. This is a 

PGKB-only annotated gene. * 

PRKCE n/a 12811511 * In title and abstract, mentioned as "protein kinase c", 

though PRKCB1 is a synonym symbols for PRKCB. This is a 

PGKB-only annotated gene. * 

PTGS1 n/a 17039268 Mentioned in full text 

PTPN11 n/a 17039268 Mentioned in full text 

RAB8A n/a 17039268 Mentioned in full text 

RGS2 n/a 17039268 Mentioned in full text 

RNF149 n/a 17039268 Mentioned in full text 

RPL37 n/a 17039268 Mentioned in full text 

RRAGD n/a 17039268 Mentioned in full text 

RSL24D1 n/a 17039268 Symbol, name, synonyms, and other aliases not found in 

abstract or full text 

SAT n/a 17039268 Mentioned in full text 

SCD n/a 17039268 Mentioned in full text 

SLC25A29 n/a 17039268 Mentioned in full text 

SLC2A14 n/a 17039268 Mentioned in full text 

SLC2A3 n/a 17039268 Mentioned in full text 

SLC43A3 n/a 17039268 Mentioned in full text 

SLITRK2 n/a 17039268 Mentioned in full text 

SP1 n/a 14514691 In title and abstract, mentioned as "Sp1", does not match 

official symbol, name (Sp1 transcription factor), or alias 

(transcription factor Sp1) 

SPP1 n/a 17039268 Mentioned in full text 

SYNCRIP n/a 17039268 Mentioned in full text 

TCOF1 n/a 17039268 Mentioned in full text 

THPO n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "Thrombopoietin" in 

supplemental table 

TNFAIP3 n/a 17039268 Mentioned in full text 

TNFRSF11

B 

n/a 17039268 Mentioned in full text 

TUBE1 n/a 17039268 Mentioned in full text 

TYRP1 n/a 17039268 Mentioned in full text 

UBE2C n/a 17039268 Mentioned in full text 

UGGT2 n/a 17039268 Mentioned in full text as "UDP-glucose ceramide 

glucosyltransferase-like 2" and "UGCGL2" 

USF2 n/a 14514691 In abstract, mentioned as "USF2a", does not match 

synonyms; mentioned by various aliases in full text. 

VAV3 n/a 19898621 Mentioned in full text 

VCAM1 n/a 20531411 Symbol, name, synonyms, and other aliases not found in 

abstract or full text; mentioned as "VCAM-1" in 

supplemental table 

VLDLR n/a 17039268 Mentioned in full text 

WBP5 n/a 17039268 Mentioned in full text 

WNT5A n/a 17039268 Mentioned in full text 

XBP1 n/a 21525939 Mentioned in full text footnote by name "X-box-binding 

protein-1", referring to "XBP-1" in main text, does not match 

synonyms or aliases 
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ZNF274 n/a 17039268 Mentioned in full text 

ZNF449 n/a 17039268 Mentioned in full text 

ZNF521 n/a 17039268 Mentioned in full text 

CLU n/a 15126879 15126879: * In title and abstract, mentioned by name 

"clusterin" * 

  19007378 19007378: Mentioned in title and abstract by name 

"clusterin" and symbol "sCLU-2" (does not match synonyms) 

FGF2 n/a 12738744 12738744: In full text, picked up as bFGF, does not match 

synonyms 

  

20531411 20531411: Symbol, name, synonyms, and other aliases not 

found in abstract or full text; mentioned as "Fibroblast 

growth factor, basic" in supplemental table 

MARCKS n/a 9523737 9523737: Mentioned in full text 

    17039268 17039268:  Mentioned in full text 
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