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Abstract—Phenotyping definitions are widely used in
observational studies that utilize population data from Electronic
Health Records (EHRs). Biomedical text mining supports
biomedical knowledge discovery. Therefore, we believe that
mining phenotyping definitions from the literature can support
EHR-based clinical research. However, information about these
definitions presented in the literature is inconsistent, diverse, and
unknown, especially for text mining usage. Therefore, we aim to
analyze patterns of “phenotyping definitions” as a first step
toward developing a text mining application to improve
phenotype definition. A set random of observational studies was
used for this analysis. Term frequency-inverse document
frequency (TF-IDF) and Term Frequency (TF) were used to rank
the terms in the 3958 sentences. Finally, we present preliminary
results analyzing “phenotyping definitions” patterns.
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I. INTRODUCTION

“Phenotyping definition” is the description of the criteria
used to define a phenotype in observational studies to advance
knowledge of a disease or adverse event in a population [1].
The nature of “phenotyping definitions” across different
studies is highly diverse and inconsistent [2, 3]. There is no
internationally agreed upon standard to assist in conducting
and reporting “phenotyping definitions” in published studies
[3]. This is problematic when developing research studies or
comparing results across studies. Text mining methods are
able to identify various phenotype definitions from the
literature. There is evidence that “repeatable patterns within
phenotyping definitions exist” [4]. Learning repeatable patterns
in “phenotyping definitions” is a strong starting point for
mining “phenotyping definitions” in the biomedical literature.

Biomedical literature mining has shown evidence in
supporting biomedical knowledge [5]. Biomedical text mining
offers several advantages, such as an accelerated knowledge
discovery and cost reduction [6]. Literature-based knowledge
discovery has shown evidence of successes in the biomedical
domain, such as genome and gene expression, drug—target
discovery, drug repositioning, and adverse events [7].
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In this work, we provide some preliminary results of
analyzing “phenotyping definitions” for text mining
applications. There have been some studies in analyzing
phenotypes in literature [8, 9]. However, to our knowledge,
there has not been work on analyzing patterns of literature-
based “phenotyping definitions” where how these phenotypes
are defined for future text mining applications.

II. METHODS

The first goal of this work is to better understand the
patterns of the “phenotyping definitions” in biomedical
literature and to propose patterns that represent “phenotyping
definitions”. Therefore, we selected a random set of articles of
observational studies that used electronic health records
(EHRs) as a data source. Articles were reviewed to identify
potential target sections that present information pertinent to
“phenotyping definitions”. After identifying the target section,
all sentences from that section were extracted and tokenized.

Phenotype KnowledgeBase (PheKB) [10], which is a
phenotype knowledgebase collaborative environment, inspired
the data modalities for defining a phenotype. Here, we utilized
the following modalities as our baseline features: “Standard
codes”, “Laboratories”, “Medications”, and “Natural Language
Processing”. We further added the “Biomedical and/or
Procedure” as a feature. Furthermore, for each of these
features, a set of handcrafted sub-patterns representing
“phenotyping definitions” were identified. These patterns were
term-based, phrase-based, and co-occurrence of terms. These
sentences were analyzed using Unigrams and N-Grams
techniques. In addition, we used term frequency-inverse
document frequency (TF-IDF) and Term Frequency (TF) to
rank the terms in the 3958 sentences. Finally, we provide the
percentages of the pattern occurrences in our dataset of 3958
sentences.

III. RESULTS AND DISCUSSION

Our analysis revealed that information about phenotype
definitions are mostly in “Method” sections of abstracts and
full-text. In addition, we found that the major phenotype of the
study are usually found in the title of the study. TABLE I
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shows the percentages of these patterns in the analyzed
sentences.

TABLE L PERCENTAGES OF PHENOTYPING DEFINITIONS PATTERNS
Pattern Number of %
sentences

Biomedical and procedure

Standard code

Medication use

Laboratories and quantitative values

The use of Natural Language Processing

(NLP)

1432 out of 3958 36.2%

383 out of 3958 9.7%

591 out of 3958 14.9%

247 out of 3958 6.2%

49 out of 3958 1.2%

TABLE II provides the handcrafted criteria for each feature
or pattern. In addition, we illustrate these criteria on some
example sentences from our dataset.

TABLE II. PATTERNS’ CRITERIA AND SENTENCES’ EXAMPLES
Pattern Pattern criteria Examples
Biomedical or [Biomedical/ “[identification] of
procedure Procedure term] [syndromic conditions]”
AND [Definition (PMID 17567225)
term]
Standard code Terms indicating “a primary or any secondary

the use of standard
codes, e.g. billing
codes

discharge diagnosis [ICD-9-
CM code] of myoglobinuria
(791.3)” (PMID15572716)

Medication use

Terms describing
medication use
[Drug term] AND
[Definition term]

“Prior [antihypertensive
therapy] was [defined as]
[the use] of any [AHDs]”
(PMID15323063)

Laboratories and [Biomedical/Proce | “[triglyceride] [level less
quantitative dure term] AND than 150 mg/dL], [HDL-C]
values [Measurable [greater than 40 mg/dL],”
value] (PMID16765240)
The use of [Biomedical/Proce | “[Rule-based] and machine
Natural dure/Drug term] learning techniques were
language AND [NLP terms] | applied to clinical narratives
Processing and [smoking status]”
(NLP) (PMID20819866)

Some of the top terms for each patterns ranked by TF-IDF
scores for unigram, and TF scores for N-Grams, as the

following:

1) Biomedical or Procedure pattern

terms (Top

Unigrams and N-grams): patients, with, diagnosis,
patient, included, disease, 'patients with', 'defined as',
'at least, 'diagnosis of', ‘was defined', 'to identify’,
'based on', 'the following', and 'history of'.

2) Standard Codes pattern terms (Top Unigrams and N-
grams): icd-9, code, diagnosis, codes, icd-9-cm,
classification of diseases', 'icd-9 code', and 'at least'.

3) Medications Use pattern terms (Top Unigrams and N-
grams): patient, medication, prescription, included,
drug, prescribed, 'at least', 'defined as’, 'at least one',
'category X', and 'date of'.

4) Laboratories and quantitative values pattern terms
(Top Unigrams and N-grams): greater, equal, criteria,
less, 'greater than', 'equal to', 'defined as', 'mm hg', 'at
least', and ‘mg/dl’.

5) The use of Natural language Processing (NLP)
pattern terms (Top Unigrams and N-grams: nlp,
language, natural, processing, algorithm, natural
language processing', rule-based, 'nlp system', and
'clinical notes'.

We note that the results presented here are preliminary
results of creating features for text mining application. The
focus is not only on phenotypic data, but also on patterns that
surround phenotypes in the literature.

IV. CONCLUSION

This study provides preliminary results of work in progress
on analyzing patterns of literature-based “phenotyping
definitions”. We proposed five major patterns accompanied by
examples. In addition, we illustrated some example terms
ranked using text mining techniques (Unigrams, N-grams, TF-
IDF, and TF) that characterizes each pattern. Finally, we
believe that these results can assist in development of future
text mining applications for “phenotyping definitions”.
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