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Text Mining for Precision Medicine: Bringing structure to EHRs
and biomedical literature to understand genes and health
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Abstract

The key question of precision medicine is whether it is possible to find clinically actionable
granularity in diagnosing disease and classifying patient risk. The advent of next generation
sequencing and the widespread adoption of electronic health records (EHRs) have provided
clinicians and researchers a wealth of data and made possible the precise characterization of
individual patient genotypes and phenotypes. Unstructured text — found in biomedical
publications and clinical notes — is an important component of genotype and phenotype
knowledge. Publications in the biomedical literature provide essential information for interpreting
genetic data. Likewise, clinical notes contain the richest source of phenotype information in EHRSs.
Text mining can render these texts computationally accessible and support information extraction
and hypothesis generation. This chapter reviews the mechanics of text mining in precision
medicine and discusses several specific use cases, including database curation for personalized
cancer medicine, patient outcome prediction from EHR-derived cohorts, and pharmacogenomic
research. Taken as a whole, these use cases demonstrate how text mining enables effective
utilization of existing knowledge sources and thus promotes increased value for patients and
healthcare systems. Text mining is an indispensable tool for translating genotype-phenotype data
into effective clinical care that will undoubtedly play an important role in the eventual realization
of precision medicine.
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1.1 Introduction

The precision medicine ideal is that data about genes, environment, and lifestyle can enable
optimal patient care by allowing physicians to customize each person’s treatment to reflect
these unique health determinants. Governments and healthcare organizations around the
globe have taken interest in this ideal, with the recent notable instance of the United States
Precision Medicine Initiative (PMI) announced by President Barack Obama in January 2015
[1]. Prior to President Obama’s announcement, many countries, including China, the UK,
Iceland, Japan, Canada and others, had established infrastructures for precision medicine
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research through the development of biobanks (repositories of patient DNA with
accompanying databases that link the medical history and lifestyle information of donors to
their biologic samples) [2]. Precision medicine is thus a global hope founded in the belief
that it is possible to harness big data in healthcare and biology to promote health and relieve
suffering.

The core challenge of precision medicine (PM) is that of classification: is it possible to
discern differences between individuals in a heterogeneous population that can guide
treatment decisions and support improved care? Which people, for example, are going to
develop cancer? What medications will treat their cancers most effectively? What is it about
patient A that makes her fundamentally distinct from patient B, and how should doctors
tailor the care of these patients to reflect these distinctions? These questions have always
been relevant to clinical practice, but a tradeoff has always existed between increasing
information and decreasing clinical utility of that information. Precision medicine is a
relevant concept now because technology has advanced in key areas of medicine to such a
degree that it is possible that precise classification of individuals may indeed enable
clinically effective, personalized treatment.

The last decade witnessed the birth of two key sources of data with great promise to enable
the precise classification of individuals for medical care: the sequencing of the human
genome with accompanying improvements in sequencing technology, and the widespread
adoption of the electronic health record (EHR). For both these data sources, much of the
information required to conduct precision medicine is contained within unstructured, written
texts such as the biomedical literature and clinical notes. In its current state, this information
is not computable; hence “unlocking” this information via natural language processing
(NLP) is an essential and truly exciting area of study.

This chapter is about text mining for precision medicine (TM for PM). Text mining is a
subfield of NLP dedicated to enabling computational analysis of text-locked data. The text
mining workflow generally involves identification of specific entities in surface text such as
diseases, genes, or relational terms and the deep normalization of these entities to
standardized ontologies. Data thus processed become the input values for a variety of
computations. There are two core functions of text mining: (1) information extraction and
(2) hypothesis generation via relationship extraction.

In this chapter (see Figure 1), we devote two sections to the information extraction
functionality of text mining. The first section addresses mining biomedical literature for the
purpose of assisting database curation in personalized cancer medicine. The second
addresses mining EHRs for the purpose of cohort identification. The third section of this
chapter explores the role of TM for PM as a vehicle for hypothesis generation and ties the
previous two sections together with a discussion of methods of using biomedical literature
and EHR texts to conduct pharmacogenomic research.

Two key terms to any discussion of precision medicine are the terms “genotype” and
“phenotype”. These terms can be confusing to people who are new to genetics research
because the meaning of both terms is contextual. Genotype, for example, can refer to the
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entirety of an individual’s unique assortment of genes, or it can refer to a specific variant of
a single gene that distinguishes an individual from others. Likewise the term phenotype can
be defined as broadly or as narrowly as context demands (a specific disease, such as age-
related macular degeneration (AMD), could be considered a phenotype, but within a group
of people with AMD, the presence or absence of specific findings such as aberrant blood
vessel growth could also be considered a phenotype). In this chapter, we discuss the
biomedical literature as an authoritative source of genotype information, and we discuss
electronic health records as a dynamic resource of human phenotypes (see Figure 2).

2.1 TM for PM: Personalized Cancer Medicine and Database Curation

One area where PM has already demonstrated value and great promise is the field of cancer
medicine. This is why the near-term focus of the United States Precision Medicine Initiative
is cancer diagnosis and treatment [1].

Cancer is a collection of diseases, all of which involve the development of a population of
cells in the body that gain the potential to replicate infinitely. Cancers are typically named
after the location of the cells that have undergone this transformation (e.g. “breast cancer” if
the altered cells were initially breast cells). Cancer of any form is a disease of the genome
[3, 4]. The changes that lead to cancer development occur within the DNA sequence and
result in the removal of physiologic protections against cancer (loss of function mutations)
and the production of new stimuli that promote cellular growth (gain of function mutations).
Doctors are hopeful that genomics-driven precision medicine will be particularly effective in
treating cancer because of the genetic nature of the disease process [1, 5] and because of the
demonstrated effectiveness of therapies directed precisely at the genomic alterations that
cause cancer [6].

Text mining has an intuitive place in the conceptual framework for the implementation of
personalized cancer medicine, which involves (1) characterization of the “driver” mutations
in a given patient’s tumor; and (2) identification of the drugs that will best counteract the
effects of those driver mutations [5]. Both of these steps are information extraction tasks,
which is a key function of text mining. Additionally, much of the information needed for
performing these two tasks is contained within the biomedical literature. This section will
discuss the current issues and science behind text mining for assisting database curation in
personalized cancer medicine.

2.2 Considerations for text mining in database curation

The biomedical literature helps clinicians and researchers interpret genetic information, and
many databases in the cancer domain include literature references. Some prominent
databases with literature curations include the Catalogue Of Somatic Mutations in Cancer
(COSMIC), Online Mendelian Inheritance in Man (OMIM), ClinVar, ClinGen (the proposed
manually curated component of ClinVar), SwissProt, the Human Gene Mutation Database
(HGMD), the Pharmacogenomics Database (PharmGKB), and the Comparative
Toxicogenomics Database (CTD). All the above databases are examples of genotype-
phenotype databases[7]. The gold standard of quality in the curation of literature references
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for these databases is manual expert curation, but there is an indisputable need for text
mining tools to assist in the curation process. Baumgartner et al elegantly illustrated this
need by applying a found/fixed graph to examine the curation completeness of two databases
— Entrez Gene and Swiss Prot. Ignoring the pace of new publications, they instead examined
the numbers of missing entities within these two databases and compared the rate of
generation of missing data annotations over time to the rate of resolution of these missing
data points. They concluded that neither database would ever “catch up” to the pace of
generation of information without changes to their curation processes [8]. The rate of
biomedical discovery exceeds the curation capacity of these comprehensive resources.

Although it is true that the pace of article publication exceeds human curation capabilities, it
is a fallacy to conclude that assimilation of a//new information is necessary. In our
experience, text mining applications are most likely to be adopted by domain experts such as
clinicians, researchers and curation teams when the applications correctly /imitthe amount
of information they return. Curators of databases may recognize a need to increase the pace
and breadth of their curation efforts, but their intent is not to curate a//new articles but rather
to curate only the articles that further their institutional goals [9]. As an example, compare
two high-quality genotype-phenotype databases, SwissProt and ClinVar. Both databases
contain information about diseases associated with protein/gene sequence variations, but
their institutional scope is different. The chief aim of SwissProt is to identify variants that
alter protein function, while the chief aim of ClinVar is to provide evidence of the
relationship between human genetic variants and phenotypes. Because of this difference, an
article demonstrating a causative association between a variant and a given disease would
likely rank higher in priority for curation in ClinVar (or its manually curated partner,
ClinGen) than in SwissProt. To be useful to domain experts and database curators, text
mining tools must balance (1) comprehensive analysis of the literature; with (2) filtering
tools for ranking and identifying the most useful literature.

2.3 Text Mining in Database Curation

The curation workflow for genotype-phenotype databases involves three important steps
where text mining can play a crucial role [12, 13]: (1) information retrieval and document
triage; (2) named entity recognition and normalization; and (3) relation extraction. Figure 3
provides a schematic overview of this process. For an excellent treatment of the entire
workflow, we direct readers to the review by Hirschman et al [10]. In the remainder of this
section we will discuss the latter two aspects of the workflow.

An important step in curating genotype-phenotype databases is identifying relevant entities
within text. A wide variety of entities are appropriate for text mining in precision medicine,
including genes, gene variants, chemical/drug names, species, cohort types, diseases, or even
other biological concepts such as analysis techniques or evidence levels. Tagging these
entities is called named entity recognition (NER), and mapping tagged entities to standard
vocabularies is called normalization. NER and normalization constitute the second step of
the biocuration workflow. Mining named entities from text is challenging because of the
variability of natural language expressions. We will discuss identification of three core
entities for genotype-phenotype database curation: genes, variants, and diseases.
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Several forms of natural language variation complicate gene NER: orthographical variations
(e.g., “ESRI” vs “ESR-I"), morphological variations (e.g., “GHF-1 transcriptiona/ factor”
vs “GHF-1 transcription factor”), and abbreviations (e.g., “estrogen receptor alpha (ER)”).
Ambiguity also arises in texts that discuss multiple species, since separate species frequently
share genes of the same name with distinct sequences (e.g., ERBBZ2 can be either a human
gene or mouse gene name). It is also possible for different genes to share the same name.
For example, “AP-1" can refer to either the “jun proto-oncogene” (Entrez Gene: 3725) or
the “FBJ murine osteosarcoma viral oncogene homolog” (Entrez Gene: 2353). GNormPlus
is a state-of-the-art, open-source text mining system for gene NER and normalization [11].
GNormPlus utilizes multiple sophisticated text mining techniques and achieves a balanced
performance in recall and precision. (Please see the text box, “Text Mining Performance
Metrics”

Text Box
Text Mining Performance Metrics

The three most common evaluation metrics for text mining tools are precision, recall, and
F1-score [109]. These metrics apply equally to tools for processing clinical text and
published literature. Precision and recall are also common metrics for evaluating clinical
diagnostic tests. We describe each below.

Precision is the text mining equivalent of the clinical metric of positive predictive value
and is equal to the ratio of true positives to all positive values from a test. In lay terms,
recall answers the question, “How likely is it that the results of this tool actually reflect
what I was searching for?” Tools with high precision scores have low numbers of false
positives and can thus be trusted to produce only correct results.

Precision = Positive Predictive Value = True Positives/(True Positives + False Positives)

Recall is the text mining equivalent of the clinical metric of sensitivity and is equal to the
proportion of all true positives that a test detects. In lay terms, recall answers the
question,

“Can | rely on this tool to identify all relevant entities?” Tools with high recall scores
have low numbers of false negatives and are thus most reliable.

Recall = Sensitivity = True Positives/(True Positives + False Negatives)

A tradeoff exists between precision and recall such that it is possible to improve the
precision of any tool at the expense of recall and vice versa. For this reason it is common
in text mining evaluations to use a composite metric called F1-score, which is the
harmonic mean of precision and recall.

, in the last section of the chapter for more information about precision and recall.)
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Gene variants and mutations are not uniformly reported with standard nomenclature in
biomedical texts so identification and normalization of variant mentions is challenging.
Variant/mutation normalization is also complicated by the fact that nomenclature standards
have evolved over time as researchers have gained additional insights into genetic
complexities. The state-of-the-art tool for variant extraction is tmVar [12].

Literature mentions of diseases involve frequent use of abbreviations, synonyms,
morphological or orthographical variations, and inconsistent word ordering. DNorm is an
open-source tool for disease NER and normalization that maps concepts to the MEDIC
vocabulary using a pairwise learning to rank machine learning algorithm [13].

One of the most recent advancements in curation support is a tool produced by NCBI called
PubTator [14] (see Figure 4). This web-based application incorporates multiple state-of-the-
art tools, including all three NER tools discussed above, to support three curation tasks:
document triage, NER and normalization, and relationship annotation. PubTator combines
an an intuitive interface with comprehensive access to all references in PubMed, and is truly
an excellent multipurpose tool for curation.

The identification of semantic relationships between entities is called relationship extraction
and is considered the third step in the curation workflow. Conventionally, most relation
extraction techniques have used co-occurrence metrics to relate two entities within the text
(e.g. co-occurrence metrics make the assumption that if gene A and variant B are both in the
same abstract, then variant B must be a variant of gene A). However, co-occurrence
approaches ignore the textual content and result in many errors. For example, in variant-
disease relationship extraction, co-occurrence methods will wrongly interpret negative
results as support for an association. The high rate of false positives associated with co-
occurrence methods significantly lowers the utility of these methods for genotype-phenotype
database curation workflows. In response to these challenges, Singhal et al [15] developed a
machine learning approach to extract disease-variant relations from biomedical text. Their
machine learning approach learns patterns from the text to decide whether two entities co-
occurring within the text have any stated relationship or association. The patterns are learned
on six pre-defined features that capture both in-sentence and cross-sentence relation
mentions. Negative findings within the text are taken into account using numeric sentiment
descriptors. They demonstrate that machine learning delivers significantly higher
performance than the previous co-occurrence-based state of the art [16].

2.4 Applications of text mining in personalized cancer medicine

Text mining plays an important role in the curation workflow of many cancer-related
genotype-phenotype databases. For example, curators of SwissProt use a number of text-
mining resources for document triage in their curation workflow, including TextPresso and
iHOP [17]. In the Pharmacogenomics Database (PharmGKB) curators use an adaptation of
the TextPresso tool, Pharmspresso, for information retrieval and document triage [18, 19].
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The miRCancer database, which catalogs literature mentions of microRNA expression in
cancer cells, uses a rule-based text mining approach to identify miRNA-cancer mentions for
manual curation [20]. Two groups have used text mining to develop gene methylation
databases for cancer research: MelnfoText [21] and PubMeth [22]. Still other groups have
created cancer-specific databases using text mining. Examples of such databases include the
Osteosarcoma Database [23] and the Dragon Database of Genes associated with Prostate
Cancer (DDPC) [24].

One of the most prominent databases to use text mining to curate information related to
precision cancer medicine is the Comparative Toxicogenomics Database (CTD), a publicly
available database containing manually curated relationships between chemicals, genes,
proteins, and diseases. CTD employs text mining to triage documents and identify entities in
text for curation. They developed a metric called a document relevancy score to quantify
how important a given literature reference might be to their curation goals, and they found
that text mining reliably identifies articles that are most likely to provide the highest yield of
new, relevant and biologically interpretable information [25]. CTD has also featured
prominently in several BioCreative community challengesl. Track | of the BioCreative-2012
Workshop involved developing a document triage process with a web interface [27] for
curation in CTD. Likewise, Track 3 of BioCreative IV involved developing web tools for
performing named entity recognition on text passages using CTD’s controlled vocabulary
[28]. More recently, the 2015 BioCreative V challenge included a chemical disease relation
(CDR) task involving extraction of chemically induced diseases. The best systems in this
task achieved an F1-score of 57% [29].

The need for using text mining in database curation is extremely strong. The
interdisciplinary nature of precision cancer medicine and the volume of information relevant
to customizing patient care necessitates the use of databases to integrate information and
create broad access to it. The biomedical literature constitutes a relevant and authoritative
source of information for such databases, and text mining can structure and summarize this
information for rapid assimilation. As the science of text mining advances and tools become
more robust and accurate, the immediate relevance of TM for PM will only increase.

3.1 TM for PM: EHRs and Phenotype Determination

The previous section discussed how text mining biomedical literature supports database
curation and thus informs clinicians and researchers as they look deeply into individuals’
genotypes. In this next section, we consider a completely separate perspective of TM for PM
— how text mining electronic health record (EHR) data can enable physicians to look
broadly at an entire population by classifying patient phenotypes. Such patient phenotypes
may be the most accurate means of representing the interplay of all the health determinants
of precision medicine: genes, environment and lifestyle.

1BioCreative is one of a number of community-wide competitions and collaborative efforts designed to assess and advance the state of
the art in text mining for biomedicine. Past challenges have addressed many issues related to TM for PM. For more information
regarding this unique aspect of the text mining community, please see the review by Huang and Lu [26]
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Consider the case of an actual clinical dilemma that occurred involving a teenage girl who
was hospitalized for an autoimmune disorder called systemic lupus erythematosus (SLE or
lupus)[30]. Several factors complicated this girl’s condition and predisposed her to forming
blood clots. Although blood-thinning medications could protect against these clots, her
providers were also concerned about paradoxical bleeding if they prescribed these
medications. The key clinical question in this situation — whether to prescribe a blood
thinner — was not readily answerable from published research studies or guidelines so her
provider turned to her institution’s EHR and used its research informatics platform [31] to
identify an “electronic cohort’ of pediatric patients who had in previous years experienced
similar lupus exacerbations. From this cohort they identified a trend of complications from
blood clots, which convinced them to administer anticoagulants.

This story illustrates the potential of using EHR data to direct personalized care. The
physicians in this case used EHR data to identify a group of similar patients with known
outcomes. The outcome data then enabled them to estimate their patient’s risk and intervene
to modify that risk. Although this analysis did not yield the statistical confidence of a formal
clinical trial, the patient’s physicians felt that this EHR cohort analysis provided superior
information than the alternatives — pooled opinion and physician recollection[30]. In a large
healthcare system, EHR-derived cohorts can reflect the interplay of genes, environment, and
lifestyle in the health outcomes of a specific group of patients. Many exciting applications of
cohort identification from EHR data exist. This section will discuss two use cases: patient
outcome prediction via patient similarity analytics, and cohort identification for clinical
trials. Text mining is integral to the development of these applications because in many cases
the richest and most diverse patient information in EHRS is contained in free, unstructured
notes written by healthcare providers [32] (see Figure 5).

3.2 EHR phenotype determination

Identifying populations of people with shared health characteristics amounts to defining a
phenotype. EHR data has been shown to be an effective source for comprehensive
measurement of the phenotypic characteristics of populations [33]. Simply defined, EHRs
are information systems that contain electronic records of all the key clinical and
administrative data relevant to the medical history of each patient in a specific healthcare
institution [34]. EHRs consist of both structured and unstructured data fields. Some of the
key structured data fields include billing data, laboratory and vital signs, and medication
records. Unstructured data is largely present in notes, of which there are two main types:
clinical notes (e.g. history and physical notes or discharge summaries) and test results (e.g.
radiology reports or pathology reports) [32]. EHR data (see Figure 6) is a promising source
of phenotype information because (1) information in EHRs is relatively inexpensive to
obtain since EHR data is generated as a byproduct of the healthcare process; (2) the scope of
EHR data is vaster than the scope of any organized study — both in terms of the variety of
pathology and in terms of longitudinal coverage; (3) the resolution of EHR data continually
improves over time because additional encounters for any given individual lead to increased
certainty regarding the presence or absence of a given diagnosis.
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There are several noteworthy challenges inherent in using EHR data for precision medicine
[35]. (1) EHR data consists of sensitive and highly confidential information with extensive
legal protections [36] and real ethical pitfalls related to privacy [37]. (2) EHR data is
incomplete for many reasons. One reason is that patients often utilize multiple healthcare
systems (for example, a given patient may see specialists at different, unrelated hospitals),
but separate systems do not share EHR data so information within EHRs can be fragmented
[32]. (3) EHR data is complicated by multiple biases. The highest quality manner of
collecting population phenotype data is through a prospective observational cohort, like the
Framingham Heart Study (FHS) [38]. In comparison with such studies, EHR data mining,
ranks much lower in an evidence hierarchy [39] and should be suspected of significant
biases such as multiple confounders, selection bias (EHRs represent sick people more than
healthy people), and measurement bias (e.g. documented physical exam findings may differ
in reliability between physicians) [40].

In addition to the above challenges inherent to EHR data, the process of identifying patients
with a specific diagnosis (i.e. defining a phenotype from an EHR) has its own attendant
challenges. Sun et al illustrated these challenges in their work to identify people with the
condition of high blood pressure (hypertension) from their institution’s EHR [41].
Physicians diagnose hypertension by observing blood pressures that consistently exceed a
certain threshold over time. Even though many EHRs contain blood pressure measurements
in structured formats, using blood pressure measurements alone to identify patients with the
condition of hypertension is surprisingly inaccurate. This is because blood pressure
measurements are inherently variable [42] (for example, blood pressures may rise in
response to pain or anxiety) and are modifiable through treatment (i.e. the use of
antihypertensive medication by people with the condition will result in normal blood
pressure levels). Thus in the approach utilized by Sun et al to detect changes in HTN control
status, detection models incorporating only aggregated blood pressure measurements
identified many more false positives and false negatives than models that incorporated
multiple features from the EHR.

Because of the complexity of determining phenotypes from EHR data, a common
convention is to use billing data such as International Classification of Disease (ICD) codes
and Current Procedural Terminology (CPT) codes for representing phenotypes [32]. These
billing codes are universal between healthcare systems and are available in structured
formats. Yet billing data alone is also insufficient for accurate representation of disease
phenotypes [43]. The best performing approaches to identifying EHR phenotypes
incorporate multiple data fields, including text mining [44]. Wei et al demonstrated the
benefit of text mining in phenotype development in a study where they examined the
advantages and utilities of billing codes, clinical notes (using text mining), and medications
from EHRs in detection of ten separate disease phenotypes. They found that information
collected from clinical notes through text mining offered the best average sensitivity (0.77)
out of all individual components, whereas billing code data had a sensitivity of 0.67. They
also found that the relevance of using text mining of clinical notes in identifying phenotypes
varied by disease (e.g. 84% of all information in the EHR necessary for identifying
rheumatoid arthritis was contained in clinical notes whereas only 2% of information needed
for identifying atrial fibrillation was contained in notes) [45]. Ultimately, the highest F1-
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scores resulted from combinations of two or more separate EHR components, such as billing
data and text mining. In general, incorporating text mining in phenotype algorithms results
in improvements in both the precision and recall [32].

3.3 Phenotype extraction from EHR text

In this section, we present a classification of the text mining approaches used in information
extraction for EHR phenotype development, and we provide a brief overview of
phenotyping. For a more comprehensive treatment of the entire approach for identifying
patient phenotype cohorts from EHRS, please see the review by Shivade et al [46].

Text in clinical notes differs from text in biomedical literature in several ways. The
foundational difference is that biomedical literature contains formal, peer-reviewed writing
whereas clinical notes are comparatively informal. Physicians write clinical notes with the
goal of maximizing time efficiency so clinical notes contain heavy use of abbreviations,
often only decipherable from contextual cues. For legal reasons, modification of existing
clinical notes is not permitted, yet due to time constraints, physicians often submit notes
with only cursory proofreading. Consequently, spelling errors and unconventional sentence
structures are common. Lastly, clinical notes frequently contain copied and pasted sections
of values or text such as lab findings or vital signs, which complicate parsing of notes [47].

The extraction of relevant information from EHR texts involves four steps: (1) text
segmentation; (2) entity identification and normalization; (3) evaluating for semantic
modifiers such as negation and possibility phrases; (4) extraction of special entities from
text.

1 Text segmentation. Free text from clinical notes needs to be segmented into
fundamental units called “tokens” before any further processing takes place. Text
segmentation is done using NLP parsers and tokenizers. cTAKES and the GATE
framework are examples of open source NLP parsers designed for handling
clinical text [48]. Several commercial options are also available.

2. NER and normalization. The most common approach for entity identification is
to map tokens from segmented text into a target dictionaries such as SNOMED-
CT, ICD, UMLS etc. Tools for mapping concepts in biomedical literature such as
MetaMap can also process tokenized clinical texts [49, 50], but other clinically
customized tools exist [51, 52] such as the HITex system [53] and the
Knowledge Map Concept Identifier [53, 54].

3. Evaluation for semantic modifiers. Words that modify the semantic meaning of
sentences are important for accurate phenotyping. For example, consider the
significance of the word “no” in the following list that might appear in a
provider’s note for a patient with chest pain: “no history of heart palpitations,
dizziness/fainting, or tobacco use.” In a similar sense, identifying possibility

phrases or status keywords such as “confirmed”, “possible”, “probable” etc. is
very helpful.

Adv Exp Med Biol. Author manuscript; available in PMC 2018 May 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Simmons et al.

Page 11

4, Special entity extraction. Other important entities in free text include special
keywords such as numerical measurements and units [55], dates and time-related
words (e.g. “before”, “during” or “after”)[56] and phenotype-specific keywords
[57].

3.3 Phenotype algorithm development

The entities extracted from clinical texts serve as inputs along with other structured EHR
data such as billing codes and medications for phenotype algorithms. It is also worth
acknowledging that several studies have looked at external sources such as imaging data [58,
59], drug characterization databases [60] and scientific articles from biomedical literature
[61] to extract EHR phenotypes. Regardless of the data types used, phenotype algorithm
development for EHRs involves identifying relevant features and then synthesizing those
features — either through the application of expert-derived rules or through ML.

Rule application

For some conditions, clear clinical guidelines exist to guide phenotype algorithm
development. The breathing disorder asthma is one such condition [62]. One way of defining
a phenotype algorithm is to incorporate these clinical guidelines into a set of rules that can
guide identification of patients with a given condition. Wu et al took this approach in
modifying the asthma diagnostic criteria and developing a set of rules to identify patients
with gefinite and probable asthma [43]. Other conditions also lend to rule-based algorithms.
Nguyen et al [63] used a set of rules to build a classification system to identify lung cancer
stages from free text data from pathology reports. Schmiedeskamp et al [64] used a set of
empirical rules to combine ICD-9-CM codes, labs and medication data to classify patients
with nosocomial Clostridium difficile infection. A few studies such as those by Kho et al
[65], Klompas et al [66], Trick et al [67] and Mathias et al [68]] have used guidelines
published by organizations such as the American Diabetes Association, the Centers for
Disease Control and Prevention, the American Cancer Society and other trusted
organizations to develop rule-based algorithms.

Machine Learning

As opposed to rule-based techniques where expert knowledge determines parameter
significance, ML techniques identify patterns (not necessarily rules) from data. ML
techniques are ideal for extracting phenotypes when rules are either not available or not
comprehensive. There are two steps to ML phenotype algorithm development: feature
selection and model building. “Feature selection” refers to the identification of parameters to
use in ML algorithms. Establishing a sufficiently robust feature set prior to model building is
important for achieving the best performance. We encourage the readers to read Bishop [69]
for this topic.

Researchers have experimented with several ML models including probability [61, 70, 71],
decision tree [58, 72, 73], discriminant [54, 70] and other types of ML models [52, 74, 75] to
build phenotype categorization systems. In each case, the models essentially approach
phenotyping as a classification or categorization problem with a positive class (the target
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phenotype) and a negative class (everything else). No consensus exists about which ML
model is best for phenotype algorithm development. Wu et al, who developed the rule-based
algorithm for identifying patients with asthma that we previously discussed, also developed
an algorithm for asthma detection using ML. They chose a decision tree model and
compared the results of their ML and rule-based algorithms. Both algorithms substantially
outperformed a phenotyping approach using ICD codes alone, and the ML algorithm
performed slightly better than the rule-based algorithm across all performance metrics. [43].

Phenotype extraction from EHRs is a challenging task that has become the rate-limiting step
for applications of EHR phenotypes; nevertheless, broad, flexible phenotyping for point-of-
care uses like patient outcome prediction is achievable. One factor that may aid in broad
phenotype determination is the transferability of phenotype algorithms from one institute to
another. The EMERGE network — a collaboration between healthcare systems with EHR-
linked biobanks — demonstrated this transferability in a study where separate healthcare
systems measured the performance of phenotype algorithms developed by a primary site at
other sites within the network. They found that the majority of algorithms transferred well
despite dramatic differences in EHR structures between sites. The majority of algorithms
yielded PPV values above 90% [76]. Many phenotype algorithms are publicly available at
the Phenotype Knowledgebase, an online repository of algorithms produced in partnership
with the eMERGE Network and the NIH Collaboratory [77]. Other groups have investigated
the possibility of automatic, high-throughput phenotype development. Yu et al employed a
penalized logistic regression model to identify phenotypic features automatically and
generated algorithms for identifying cases of rheumatoid arthritis and coronary artery
disease cases using data obtained through text mining of EHRS. Their approach
demonstrated comparable accuracy to algorithms trained with expert-curated features such
as those in the previously mentioned study by the EMERGE network [78].

3.4 Patient outcome prediction through similarity analytics

Widespread interest exists in utilizing EHR phenotype data to produce point-of-care tools
for clinicians [79]. One potential function is patient outcome prediction through similarity
analytics. This is the use case of EHR phenotypes that we presented at the beginning of this
section. Patient outcome prediction is a relatively new field of study. Consequently, even
though text mining is an important component of the phenotype-determination algorithms
that such prediction tools require, relatively few studies have examined the role of text
mining in end-to-end risk prediction models. Most studies focus on either patient risk
prediction or phenotype definition [46]. Regarding the former, Lee et al showed the potential
benefit of phenotype-derived predictions in their work developing a patient similarity metric
to quantify the degree of similarity between patients in an intensive care unit for the purpose
of predicting 30-day mortality [80]. Their model demonstrated that using data from a
relatively small (~100) subset of patients who possessed the greatest degree of similarity
delivered the best predictive performance. One notable study has used text mining in an end-
to-end fashion with patient outcome prediction: Cole et al used the NCBO Annotator to
process clinical notes related to juvenile idiopathic arthritis (JIA) and employed this
information in combination with billing code data to predict risk of developing uveitis (a
vision-threatening complication of JIA) [81]. The field of patient similarity analytics using
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phenotype detection to drive outcome prediction is an exciting field of research where TM
for PM promises great results.

3.5 Clinical Trial Recruitment

Another application of text mining for phenotype definition from EHRs is automated clinical
trial eligibility screening. Precise phenotype cohort identification facilitates improvements in
both the effectiveness (identifying the best patients) and efficiency (enrolling the most
patients) of clinical trial recruitment. The key goals of this process are to (1) identify those
populations who meet the inclusion criteria for a study, and (2) facilitate the most efficient
workflow for enrollment of those patients into the correct trial [82]. Ni et al showed that a
text-mining-based screening system could accomplish both goals [83]. They identified
patient phenotypes using text mining of notes and billing code data to enable automated
patient screening. At the same time, they obtained from ClinicalTrials.gov the narrative text
of eligibility criteria of the trials being conducted at their institution and used NLP to extract
pattern vectors for each clinical trial. They used these vectors to identify which trials would
best fit a given patient. Ultimately, their process reduced workload of physicians in
screening patients for clinical trials by 85%. Many other studies have shown similar benefits
[82].

Another exciting application of precision EHR phenotyping related to trial recruitment is
that of automated point-of-care clinical trial generation using EHRs [79]. Conducting
randomized interventional studies using the existing infrastructure of the EHR involves
building point-of-care tools into the EHR that will activate an enrollment process when a
clinician is faced with a clinical decision where medical knowledge is insufficient to guide
care [84] — for example, consider hypothetically the case study of the teen with lupus at the
beginning of this section. In her situation, if an EHR trial was in place regarding the use of
anticoagulation in a lupus exacerbation, and if the patient and her physician were truly
ambivalent about what the right choice was, after she provided consent, the EHR would
randomize the patient to one intervention or the other (i.e. give anticoagulants or withhold
them). All subsequent follow-up would be purely observational through the data recorded in
the course of the patient’s care. The randomized intervention in this type of study resolves
some of the issues of confounding associated with observational data, and as such, this type
of randomized observational study falls between observational studies and randomized trials
in an evidence hierarchy. Vickers and Scardino proposed that this model might be applied in
four areas: comparison of surgical techniques, ‘me too’ drugs, rare diseases, and lifestyle
interventions [85]. Point-of-care clinical trials are an application of EHR phenotyping that
might be the only cost-effective way to effectively study a large number of clinical questions
related to precision medicine.

4.1 TM for PM: Hypothesis Generation

Please insert the Text Box - “Text Mining Performance Metrics” somewhere in this section

Text mining is useful for identifying genotypes and phenotypes from biomedical literature
and EHRs. Yet information extraction is not the only function of TM for PM. Text mining
tools can also generate hypotheses and by so doing support precision medicine research. In
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this section, we will address hypothesis generation using biomedical literature and EHR data
related to one area of precision medicine — pharmacogenomics discovery.

Pharmacogenomics is the study of how genes affect drug response. In the context of this
chapter, it may be helpful to view pharmacogenomics as a particular kind of genotype-
phenotype relationship (i.e. consider response to a drug as a phenotype). Two areas of
applied pharmacogenomics research where text mining tools for hypothesis generation have
proved useful are drug repurposing (identifying new indications for existing, approved
drugs) and drug adverse effect prediction.

Text mining tools for hypothesis generation universally function through identification of
relationships between entities. These relationships can be semantically defined relationships,
formal relationships in structured ontologies, or relationships across heterogeneous data
sources [86]. Text mining tools that synthesize such relationships and successfully identify
new information can increase research productivity and provide substantial savings in terms
of opportunity cost. Hypothesis generating tools are particularly important in precision
medicine because the large data sources associated with precision medicine encourage
execution of multiple tests, which results in increased statistical penalties [7]. For example,
although genetics researchers now have the capability of sequencing thousands of genes to
identify genetic determinants of response to a particular drug, the analysis of each of these
genes results in thousands of tests, each of which carries a specific probability of returning a
false positive. Thus for every test that researchers perform, they must increase the value of
their significance threshold, which in turn creates a bias preventing detection of rare variants
and variants with small effect sizes. Well-formulated and supported hypotheses derived /in
sifico from data such as biomedical literature grant researchers the ability to find support for
a potential gene association before committing resources to test that association
experimentally. As researchers are enabled to test fewer genes, the significance thresholds
for discovery grow smaller, and the likelihood of discovering true associations increases.

4.2 Pharmacogenomic hypothesis generation from text mining biomedical

literature

The world’s biomedical literature, when accessed via text mining, can become an incredibly
rich database of multidimensional relationships, including core pharmacogenomic
relationships such as those between genes, proteins, chemicals and diseases. Text mining
makes such relationships computationally mappable and enables discovery of ‘hidden’
relationships that are not explicitly described in published literature and indeed, are not yet
known. The validity of this conceptual approach to hypothesis generation was demonstrated
in an early application of text mining that explored disease-chemical relationships to predict
a benefit for using fish oil in Raynaud’s syndrome [87] and for using magnesium to treat
migraines [88]. The discoveries hypothesized in these studies identified a straightforward
form of relationship: if drug A is related to phenotype B in one body of literature, and
disease C is related to phenotype B in a separate body of literature, drug A and disease C
might be related to each other [89]. Reflecting an understanding of the complexity of
biological disease processes, more recent approaches using text mining to generate
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hypotheses for precision medicine have explored drug-gene relationships, drug-protein
interaction networks, and gene pathway relationships.

Regarding drug-gene relationships, Percha et al hypothesized that drug-drug interactions
(DDIs) occur when different drugs interact with the same gene product. To prove this
hypothesis, they extracted a network of gene-drug relationships from Medline (the indexed
component of PubMed). Their work is notable for their extraction of the type of relationship
between drugs and genes (e.g. “inhibit”, “metabolize”, etc.) as well as the gene and drug
entities themselves. They verified their approach by predicting a number of known DDIs as
well as several DDIs that were not reported in the literature [90]. In another work, Percha
and Altman approached mapping the rich networks of drug-gene relationships in published
literature by explicitly defining the ways in which gene-drug interactions are described in
literature. They employed a novel algorithm, termed ensemble biclustering for classification,
which they validated against manually curated sets from PharmGKB and DrugBank. Finally
they applied it to Medline, creating a map of all drug-gene relationships in Medline with at
least five mentions. This map contained 2898 pairs of drug-gene interactions that were novel
to PharmGKB and DrugBank [91].

Drug-protein interactions (DPIs) are another form of relationship from which to generate
pharmacogenomic hypotheses. Li et al used DPI data to create disease-specific drug-protein
connectivity maps as a tool for drug repurposing. Their approach involved establishing
connectivity maps between text-mined disease-drug relationships and an outside database of
protein-drug interactions. They demonstrated the utility of this approach by applying their
work to Alzheimer disease, where they used these maps to generate the hypotheses that
prazosin, diltiazem and quinidine might have therapeutic effects in AD patients. By
searching ClinicalTrials.gov, they discovered that one of these drugs, prazosin, was already
under investigation as a therapy for agitation and aggression in AD patients [92].

Biological pathways are sequences of interactions between biological entities such as genes,
chemicals, and proteins that combine to exert a change in a cell. Because these pathways are
essentially complex networks of relationships, they have great potential for hypothesis
generation, yet pathways are necessarily high in order. As we discussed in the biocuration
section of this chapter, mining high-order entities from text remains challenging. Tari et al
made significant progress in this domain with an approach to construction of
pharmacogenomic pathways [93]. They produced pharmacokinetic pathways for 20 separate
drugs (pharmacokinetic pathways describe how the body processes a drug). They extracted
molecular drug interaction facts from databases such as Drug Bank and PharmGKB and then
expanded this information with text-mined data from Medline. The key contribution of their
approach is their use of automated reasoning to sort these facts and construct pathways
according to logical time points by assigning pre- and post-condition states to entities. A
comparison between their automatically constructed pathways and manually curated
pathways for the same drugs in PharmGKB revealed that the automated approach achieved
84% precision for the extraction of enzymes and 82% for the extraction of metabolites.
Their system enabled them to propose an additional 24 extra enzymes and 48 metabolites
that were not included in the manually curated resources.
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4.3 Hypothesis generation from EHRs

Many applications of TM for PM using EHR text for hypothesis generation require the
integration of phenotypic data with genetic data. Although this is uncommon in EHRSs, it is
possible with EHR-linked biobanks. Examples of such biobanks include the NUgene project
at Northwestern University [94], the Personalized Medicine Research Population project of
the Marshfield Clinic [95] and BioVu at Vanderbilt [96]. A fitting starting point to a
discussion of TM for PM in hypothesis generation using EHR text is the experimental
design of a genome-wide association study (GWAS), which detects disease-causing genetic
variants [97]. GWA studies are traditionally conducted by enrolling patients and then
obtaining their phenotype and genotype through physical exam and gene sequencing;
however, these studies can also be conducted using EHR-linked genetic data in conjunction
with EHR phenotyping.

In a GWAS, researchers compare genes of people with a disease (the ‘cases’) to genes of
people without the disease (the ‘controls’). Gene variants that are found more commonly
among cases than controls are evidence of an association between a variant and a disease if
the difference reaches statistical significance. Because of the statistical hazards of multiple
testing mentioned in the introduction to this section, significance thresholds in GWAS are
often quite stringent [98]. Ritchie et al demonstrated the feasibility of using EHR-linked
genetic data in performing GWAS [99]. Text mining is important in EHR-based GWAS
since accurately defining case and control phenotypes is a prerequisite to distinguishing
genetic associations. For example, in an EHR-based GWAS study regarding cardiac rhythm,
Denny et al employed text mining to detect negated concepts and family history from all
physician-generated clinical documents. They linked this text-mined data with
electrocardiogram data, billing codes, and labs to define phenotypes for cases and controls.
The inclusion of text mining in these phenotype algorithms resulted in substantial
improvements in recall while maintaining a high precision. Ultimately, this approach
identified a novel gene for an ion channel involved in cardiac conduction [32, 100].

Text mining-enabled GWAS studies using EHR-linked genetic data are a cost-efficient and
flexible avenue of discovery because EHRs can support exploration of an incredibly
dynamic array of phenotypes. For example, Kullo et al used NLP of clinical notes and
medication lists to identify case and control phenotypes for an EHR-based GWAS that
employed genetic data from a previous study about one phenotype (peripheral artery
disease) to perform an EHR-based GWAS about a completely separate phenotype (red blood
cell traits) and identified a new variant in a gene previously unknown to be related to RBC
function while also successfully replicating results of previous dedicated GWAS about RBC
function [101]. Although the biases inherent in EHR data limit the reliability of these
findings, this /n silico method of discovery demonstrates the utility of text mining in EHR
notes to generate hypotheses through GWAS.

One limitation of GWA studies is that the selection of cases and controls permits
investigation of only one phenotype at a time and prevents the detection of gene variants that
might predispose to multiple diseases. For example, it took two separate studies performed
at different times to demonstrate that variants in the #70 gene predispose to both diabetes
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and to obesity. Text mining EHRs can enable discovery of such gene-disease relationships
through an experimental modality called a phenome-wide association study (PheWAS),
which is essentially the reverse design of a GWAS. In a PheWAS, the cases and controls are
people with or without a specific gene variant that is suspected of causing disease.
Comparison of a broad array of hundreds of disease phenotypes experienced by people with
and without the variant allows the detection of multiple gene-disease associations and
suggests etiologic relationships between disease types. The first PheWAS studies used only
billing code data to define phenotypes, but subsequent studies have shown that using text
mining of clinical notes in addition to billing data improves the significance of results [32].

PheWAS studies are a powerful hypothesis-generating application of TM for PM. Moore et
al, noting that PheWAS enable discovery of multiple phenotypes associated with single
genes, used clinical trial data from the AIDS Clinical Trials Group (ACTG) to explore
phenotypes related to drug adverse effects in AIDS therapies. Their first published work
established baseline associations between clinical measurements and patient genotypes,
replicating 20 known associations and identifying several that were novel in HIV-positive
cohorts [102]. In other areas of medicine, Rzhetsky et al used a PheWAS approach to
hypothesize a relationship between autism, bipolar, and schizophrenia [103]. Likewise,
Shameer et al performed a PheWAS and demonstrated that gene variants that affect
characteristics of platelets also have an association with heart attack and autoimmune
diseases [104]. Each of these findings identifies a potential avenue for pharmacogenomic
therapy and demonstrates the potential of text mining EHRs for hypothesis generation.

5.1 TM for PM Conclusion: Value in Healthcare

One final concept that merits discussion is that of value. Value in healthcare is defined as
health outcomes achieved per dollar spent [105]. Every medical intervention, including
precision medicine and TM for PM, should be weighed in terms of this framework. How
much will precision medicine benefit patients and at what cost?

In many circumstances value actually opposes the implementation of precision medicine.
For many conditions, increasing the granularity with which we understand our patients may
result in benefits, but those benefits may be so slight that the cost of obtaining them renders
the technology valueless [106]. In some settings the current therapies or diagnostics may be
so effective and inexpensive that the costs of PM will not merit the marginal gains.
Alternatively, even if PM does greatly enhance diagnosis and prediction of disease, if no
effective therapies exist for that disease, the overall value of PM will be reduced [107]. It is
difficult to predict in the early stages of adoption of PM which diseases and therapies will
benefit from PM and which will not.

Value is also the tantalizing target of precision medicine. In the 2016 Precision Medicine
Initiative Summit, which took place one year after the announcement of the PMI, United
States President Barack Obama reviewed the status of the Precision Medicine Initiative and
asserted the potential of precision medicine to produce efficient and cost-effective healthcare
[108]. Many factors support this assertion. Regarding the numerator of the value equation
(healthcare outcomes) it is likely that precision medicine will indeed increase prevention of
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many diseases and improve therapeutic options for diseases that are detected. Regarding the
denominator (cost), two factors may lower the relative costs and favor its adoption: (1)
human DNA is largely unvarying (with the exception of cancer) within a single individual
throughout the lifespan. Therefore, although genetic sequence analysis may be initially
expensive compared to other diagnostic tests, as our understanding increases of the role of
genes in health and disease the repeated utility of sequence data will lower the comparative
cost. (2) Data in electronic health records are already widely collected and stored so use of
this data should require only minimal expense.

Text mining is a vehicle to obtain increased utility from existing information resources, and
it offers several advantages in the precision medicine value equation. Mining biomedical
literature, for example, can help streamline curation and can improve research efficiency
through hypothesis generation. Likewise, mining EHR text facilitates the use of this
underutilized source of important patient phenotype information and enables a host of useful
applications. As far as TM for PM can demonstrate increased value, its merit and ultimate
adoption into mainstream medicine is assured.
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The structure of this chapter reflects the two core functions of text mining and the two

Text Sources
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Gene-variant Risk Prediction
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Discovery with Pharmacogenomics Applications
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foremost text sources related to precision medicine. Section 1 discusses how text mining
published literature can facilitate curation of genotype-phenotype databases for support of
personalized cancer medicine. Section 2 discusses how text mining is useful in defining
patient phenotypes from EHRs. Section 3 is about using text mining of both text sources for
hypothesis generation in pharmacogenomics.
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Figure 2.
Text mining brings unstructured information into focus to characterize genotypes and

phenotypes in precision medicine.
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Adapted from Lu & Hirschman, Biocuration workflow and text mining,
Database, 2012

Figure 3.
Genotype data permits incredibly deep classification of individuals. The biomedical

literature contains a wealth of information regarding how to clinically interpret genetic
knowledge. Text mining can facilitate expert curation of this information into genotype-
phenotype databases.

Adv Exp Med Biol. Author manuscript; available in PMC 2018 May 02.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Simmons et al.

Page 27

—Bioconcept

Curatable
Go back Not Curatable P u bTa or ®@Diseass B (& Mutation |
TBD P

Effects of polymorphisms in the XRCC1, XRCC3, and XPG genes on clinical outcomes of platinum-based
herapy for tr of Il cell lung cancer.
Publication: Genetics and molecular research : GMR; 2014 ; 13(3) 7617 25 [Full text links
,\

les ~ Mutation ‘

Effects of polymorphlsms in e and genes on clmlcal outcomes of
treatment of non-small cell lung cancer.
ABSTRACT:
This study aimed to investigate the effects of single-nucleotide polymorphisms (SNPs) KRGGH Arg194Trp, KREGH Arg280His,

Arg399GIn, Thr241Met, - His104Asp, and His46His in genes involved in the DNA-repair pathway on
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Figure 4.
This abstract includes examples of each of the five bio-entities that PubTator identifies. Note

the correct identification of mentions to non-small cell lung cancer regardless of whether the
text uses the full term or its abbreviation, NSCLC. Likewise, PubTator correctly interprets
the term “patients” as a reference to a species, Homo sapiens. Although this abstract uses
protein-level nomenclature to describe gene variants (e.g. “XRCC1 Arg399GIn”), the
authors distinguish genotypes with nucleotides rather than amino acids (e.g. “the XRCC1
399A/A genotype™). This variability is an example of the challenges inherent to named
entity recognition of gene mutations.
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EHRs are rich sources of phenotype information. Algorithms to extract phenotypes
commonly incorporate text mining of clinical notes as well as billing codes and medications.
In contrast to the deeply individual nature of genotype information, phenotype algorithms
generate clinical insights by first looking broadly at aggregated populations of people with
similar conditions and known health outcomes.
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Figure6.

The Veterans Information Systems and Technology Architecture (VISTA) is the most widely
used EHR in the United States. Like most EHRs it contains structured data and unstructured

text.
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