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Abstract

As the adoption of Electronic Healthcare Records has grown, the need to transform manual processes that extract
and characterize medical data into automatic and high-throughput processes has also grown. Recently, researchers
have tackled the problem of automatically extracting candidate phenotypes from EHR data. Since these phenotypes
are usually generated using unsupervised or semi-supervised methods, it is necessary to examine and validate the
clinical relevance of the generated “candidate” phenotypes. We present PheKnow–Cloud, a framework that uses co-
occurrence analysis on the publicly available, online repository of journal articles, PubMed, to build sets of evidence
for user-supplied candidate phenotypes. PheKnow–Cloud works in an interactive manner to present the results of the
candidate phenotype analysis. This tool seeks to help researchers and clinical professionals evaluate the automatically
generated phenotypes so they may tune their processes and understand the candidate phenotypes.

Introduction

The widespread use of Electronic Health Records (EHRs) to record patient-level medical data has resulted in an ever
growing number of clinical narratives. A key challenge for clinicians and researchers using EHR data is distilling
the noisy, heterogeneous information into concise, clinically relevant concepts. One approach that addresses this
challenge is EHR-based, or computational, phenotyping, which is the process of extracting and mapping key features
of electronic health records to clinically relevant concepts or phenotypes. These phenotypes can be used to identify
patients with specific characteristics or conditions of interest from EHR data.

In the past, domain experts have manually derived phenotypes, but this is a laborious, time–consuming process1,2,3.
Recent efforts have focused on using machine learning techniques to automatically extract candidate phenotypes from
sets of electronic health records with minimal supervision4,5,6,7,8. When candidate phenotypes are generated using an
automatic, unsupervised, and high throughput process, it is necessary to explore their validity, clinical significance,
and relevance. To date, these methods are validated from a panel of domain experts, which is still time–consuming
albeit less than the manual derivation process. However, other issues can also arise during the phenotype verification
process. First, domain expert annotators may disagree on the clinical relevance of a candidate phenotype based on
their different experiences as medical professionals. Second, unsupervised methods may generate phenotypes that
are unfamiliar to annotators, so they may incorrectly judge a phenotype as clinically insignificant when it is not.
Additionally, given that these methods can result in a diverse set of candidate phenotypes, annotators may feel that the
objective of phenotype validation is subjective or not well defined.

In this paper, we present PheKnow–Cloud, an interactive tool that begins to address these challenges. Given a phe-
notype supplied by the user, PheKnow–Cloud builds a set of evidence for the phenotype and presents it to the user.
Specifically, PheKnow–Cloud leverages the medical expertise within the PubMed Open Access Subset,1 a publicly
available, online database of over one million scientific articles. The tool builds the evidence set by generating co-
occurrence counts of phenotypic terms from the articles and uses lift, a metric that summarizes if two or more items
co-occur more often than average while accounting for the frequency of the item (see Figure 1 for an overview of the
process). We present PheKnow–Cloud, describe the process by which the output of PheKnow–Cloud is generated,
and show experimental results to support generating the output in this manner. We then discuss and demonstrate how
PheKnow–Cloud can not only help with the assessment of candidate phenotype validity but also has the potential
to aid researchers in tuning and improving the automatic phenotype generation process. PheKnow–Cloud builds on

1http://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/



preliminary work by Bridges et al9 by substantially improving the evidence set generation process and introducing an
interactive interface.

Figure 1. PheKnow–Cloud process.

Methods

We first describe the PheKnow–Cloud interface and then discuss the methods that generate each of the features on this
interface.

PheKnow–Cloud: Front End Process

A standard usage case of PheKnow–Cloud is illustrated in Figure 1. First, a user generates phenotypes through an
automatic (statistical) method2. Then, the user enters a phenotype into the PheKnow–Cloud Welcome Page and starts
the analysis process by pressing the “Enter” button. The tool parses the phenotype, and on the backend, uses analysis
of PubMed to generate the evidence sets it then presents to the user.

The use of PubMed to explore and discover issues in biology, medicine, and health informatics is not new, but few
studies have used PubMed as a validation tool. A notable study by Boland et al. mined EHR records for patients
who had disease–specific codes and then compared the association between birth month and the disease to a group
of control patients who did not have the disease codes present in their EHRs10. They validated their results against
papers queried from PubMed that had disease and birth month as topics. Although Neveol et al. did not use PubMed
for validation, their tool generated candidate annotations for PubMed queries and then measured the inter–annotator
agreement as well as annotation time between sets of queries with and without the candidate annotations11. However,
annotating before annotators can examine the text can have the effect of biasing annotators, so it should be used
carefully. Rather than annotating the phenotype as valid or invalid, PheKnow–Cloud helps the user understand and
consider the credibility of the phenotype via metrics and sets of relevant articles.

Once PheKnow–Cloud has run the analysis on PubMed, the particulars of which are discussed in the next section,
it then presents the user with the results of the analysis on a new page. Figure 3 shows a screenshot of the example
output on a user-supplied candidate phenotype (with the middle entries of the table omitted for space reasons). The
Results page consists of three main parts. The top lefthand corner lists the candidate phenotype the user entered on the
Welcome Page. The top right hand corner contains a scatter plot depicting the standard deviations above the median
lift of each of the contributing tuples of terms that occurred once or more in the test corpus. This allows the user to
understand the distribution of the lifts. Below the plot is the average of the standard deviations above the median of

2PheKnow–Cloud does not strictly need an automatically generated phenotype and could potentially be used as a discovery tool.



Figure 2. Co-occurrence and lift analysis process.

non–zero lifts depicted in the scatterplot. The calculation of these values are discussed in the next section.

The majority of the page consists of a table of information listing a curated set of articles. This is the crux of PheKnow–
Cloud and is the body of evidence that can either give support to the hypothesis that the candidate phenotype is valid
or cast doubt on the validity of the hypothesis. The table contains information about the articles that were deemed the
most relevant to the phenotype via a process detailed in the next section. The results are sorted by lift in a descending
manner, with each row of the table containing information about a PubMed article including the title, author, year,
buttons that link to more information, and the tuple of terms that co–occur in the paper. The abstracts of the papers
are initially collapsed to allow users to view more articles, but can be expanded using the “Abstract” button for users
to see if the paper is relevant to the phenotype. Pushing the “Link to the paper” button takes the user to article on
PubMed should the user want to examine the article in more detail.

Our framework is flexible and modular to support new metrics and features like sorting and filtering. PheKnow–Cloud
can be easily updated with additional refinements to validation process to help the user better gather evidence for the
validity of the supplied candidate phenotype. For example, we plan to allow users to filter on the sets of co-occurring
items so they can examine the papers corresponding to those terms. Our tool is built on the new client–server stack,
Node.js, Javascript, HTML, and D3.js, which allows us to refine and further develop PhenKnow–Cloud to leverage
new interactive visualizations.

PheKnow–Cloud: Back End Process

Using PheKnow–Cloud, a user can sift through curated evidence that can either support or detract from the validity of
a candidate phenotype. We first discuss the motivation for the evidence curation process and then detail the evidence
curation and lift calculation process, which is depicted in Figure 2.

Many researchers have used PubMed as an exploratory and information extraction tool. Jensen et al. provide a thor-
ough overview of how PubMed can be harnessed for information extraction and entity recognition12. Amongst the
two methods they discuss for information extraction, natural language processing and co-occurrence analysis, co-
occurrence is more prevalent due to its straightforward implementation and the intuitive interpretation of the results.
Co-occurrence analysis does not give information about the type of relationship or any causal information, but work
done on bias towards publishing positive results allows for the assumption that when two phrases occur together the
relationship exists13,14,15. Researchers have also applied co-occurrence strategies to generate phenotypes. Some have
used PubMed to study links between diseases16, which can be thought of as phenotype discovery, and to explore rela-
tionships between phenotypes and genotypes17. Having generated phenotypes through machine learning techniques,
PheKnow–Cloud uses co-occurrence analysis of PubMed as a way to study and assess the clinical significance of
candidate phenotypes.

Although the idea of using co-occurrence of terms to examine the relationship of those terms is conceptually simple,
there are several challenges that our automated framework must address before the co-occurrence analysis can take
place. For one, each phenotype consists of a phenotypic items, and the representation of each element of the phe-



Figure 3. Screenshot of PheKnow–Cloud search result.

notype is important as it can drastically impact the number of articles returned during the PubMed query. Thus, the
co-occurrence search needs to take into account encoding, form/tense, incorrect spellings, capitalization, and regular-
ization as well as be flexible enough that at least a subset of synonyms and concepts related to the phenotypic item
will be captured in a query. For example, if “myocardial failure” is a phenotypic item, our method should also know
to count “heart failure” when it occurs in an article in PubMed. To this end, the first step of the co-occurrence analysis
process is gathering sets of potential synonyms and related terms for each item in a phenotype using several medical
ontologies.3

We then filter the set of potential synonyms based on the amount of overlap between PubMed searches on the synonym
and the phenotypic item. Based on experimentation (refer to the discussion of Figure 4 in the Results section), we
found that using the six synonyms, or n-grams, with the highest overlap in a search with the phenotypic items resulted
in a good trade off between computational complexity (i.e., the more terms used to represent the phenotypic item,
the longer it will take to perform the co-occurrence counts) and representing the phenotypic item well enough to be
captured in the co-occurrence analysis. The phenotypic items are thus represented by themselves as well as a list of
synonyms and related concepts, which we refer to as the “phenotypic item synonym set.”

With the phenotypic synonym sets in hand, we now outline the co–occurrence calculation. For computational reasons,
we used a randomly selected subset of 25% of the articles available in PubMed for this analysis. Given the phenotypic
item synonym sets, all possible power sets between these synonym sets are computed. The co–occurrences for each
power set is then tallied. Thus any appearance of an item from the phenotypic item synonym set counts as an appear-
ance of the phenotypic item. We minimally process the PubMed text but do regularize capitalization and encoding
(utf-8), remove words included in NLTK’s English stopword list, use a conservative regular expression to remove

3We primarily used NCBI MeSH terms, SNOMED-CT, and ICD-10 18.



references (e.g. Smith, et al.), and remove special characters like quotes and parenthesis.

Having counted all co-occurrences the next challenge is to choose a phenotype significance metric that reflects the
strength of association of the phenotypic items overall.We use lift as a measure of significance, where lift is defined in
the following way: given the words/word sets A, B, and C in a sentence,

lift(A,B,C) =
P (A ∩B ∩ C)

P (A) ∗ P (B) ∗ P (C)

Probabilities are calculated as the number of sentences where the item occurs divided by the total number of sentences.
Having calculated the lift for each co–occurring set of terms within a phenotype, the next task is to combine the lifts
in such a way that will give a measure of the clinical “significance” of a phenotype. Experimentation showed that the
size of the co-occurrence tuple is positively correlated to the size of the lift. This suggests that aggregating all the lifts
within a phenotype will drown out the lifts of the smaller sets, and based on this observation, the goal of the measure
of the overall significance of a phenotype should somehow take into account the size of the phenotypic items subsets
(the size we refer to as the “phenotype cardinality”).

To address this problem we calculate measures of significance with respect to the size of co–occurring phenotypic item
sets. We first combine the lifts of all the phenotypic item subsets across all phenotypes, and then partition the lifts into
sets based on the phenotype item cardinality. We then calculate the median and standard deviation of the lifts within
these partitioned sets. As a final step, we repartition the subsets of phenotypic items back into the phenotypes to which
they belong and calculate the average of the standard deviations above the median. The average standard deviation
above the median across all the possible subsets of phenotypic items within a phenotype is used as the measurement
of phenotype clinical significance.

After this analysis has been run, it is summarized and presented to the user of PheKnow–Cloud (like in Figure 3). In
the “Lift” column, we present the standard deviations above the median that the co-occurring phenotypic item tuple
has in the analysis. In the Results section, we discuss how this analysis can be used to determine whether or not a
given phenotype is clinically meaningful.

Data: Test Phenotypes

We use two sets of phenotypes to explore and test the potential of PheKnow–Cloud and the phenotype validation
framework. The first set consists of annotated results of candidate phenotypes generated by two different unsupervised,
high-throughput phenotype generation processes. The first automatic method, Rubik7, generated phenotypes from a
de-identified EHR dataset from Vanderbilt University Medical Center with 7,744 patients over a five year observation
period. For more details about the pre-processing of the data and phenotype generation, please refer to their paper7.
The authors graciously shared the file with 30 computational phenotypes as well as the annotations of a panel of three
domain experts. For each phenotype, each expert assigned one of the following three choices: 1) yes - the phenotype is
clinically meaningful, 2) possible - the phenotype is possibly meaningful, and 3) not – the phenotype is not clinically
meaningful. The second set of candidate phenotypes was generated by Marble5 using the EHR data of a random subset
of 10,000 patients from the Centers for Medicare and Medicaid Services (CMS) Linkable 2008-2010 Medicare Data
Entrepreneurs’ Synthetic Public Use File (DE-SynPUF), a publicly available dataset with claim records that span 3
years.4 The 50 candidate phenotypes that Marble generated were then annotated by two domain experts in a manner
identical to above.

We combined the 30 Rubik-generated candidate phenotypes with the 50 Marble-generated candidate phenotypes and
used the resulting set of 80 candidate phenotypes in the co-occurrence experiment. Of these 80 phenotypes, the
annotators found that approximately 14% are clinically meaningful, 78% are possibly significant and 8% are not
clinically meaningful.

The second set of phenotypes consists of randomly generated phenotypes and phenotypes curated to represent known
significant clinical narratives. The random phenotypes are generated by randomly selecting phenotypic items from a
set of 1000+ phenotypic items generated by Marble/Rubik phenotypes not used in this work. The curated phenotypes

4For more information see https://www.cms.gov/Research-Statistics-Data-and-Systems/Downloadable-Public-Use-
Files/SynPUFs/DE Syn PUF.html



were constructed by representing clinical narratives described in Epocrates references5 and the AHRQ national guide-
lines6 using phenotypic items. We randomly generated phenotypes and created phenotypes based on known medical
concepts to demonstrate the efficacy of our method.

Results

Analysis of Lift Generation Process

First we used the Marble and Rubik phenotypes that were annotated as either “clinically significant” or “not clini-
cally significant” to determine the optimal size of the phenotypic item synonym set. We performed a grid search over
phenotypic item synonym set sizes, calculated the co-occurrence counts for each phenotype, and then used this infor-
mation to classify annotated phenotypes as clinically meaningful or not (summarized in Figure 4). Specifically, Figure
4 shows the precision, recall and F1 score for classifying the annotated phenotypes when characterized by different
sizes of phenotypic item synonym sets (n-grams). Using six n-grams per phenotypic item to do the co-occurrence
analysis resulted in the classification with the best balance between precision and recall (F1 score of 0.87) We note
that while two n-grams scored 0.88, the lower precision delivered by this scenario was not desirable.

Figure 4. Classification Scores for Marble/Rubik Phenotypes versus size of Synonym Set

Using six synonyms or related concepts for each phenotypic item, we examine the lift averages of the randomly
generated and curated phenotypes to examine if there is a difference between random and curated phenotypes. Figure
5 shows the boxplot of the average standard deviations above the median for the two groups of phenotypes. In nearly
all cases lift average of the curated phenotypes is above that of the randomly generated phenotypes, which gives
support to the claim that constructing lift in this manner is an effective way of determining the clinical significance of
a candidate phenotype.

We then applied this analysis to the candidate phenotypes generated by Marble and Rubik. Figure 6 shows the normal-
ized lift average of the phenotypes generated by Marble and Rubik4,5,7. If we consider only the candidate phenotypes
labeled “significant” and “not significant” by the annotators and draw a boundary at 0.028, we are able to classify
candidate phenotypes with an F1 score of 0.87. At this point, we focus on this binary classification task because 1) we
consider the annotations to be a “silver” standard ground truth and 2) this binary classification task helps us study the
separation between the clinically significant and not clinically significant phenotypes.

This analysis gives support to using lift as a measure of clinical significance of a candidate phenotype.

5http://www.epocrates.com/
6http://www.ahrq.gov/professionals/clinicians-providers/guidelines-recommendations/index.html



Figure 5. Normalized Average Lift of Curated Phenotypes

Figure 6. Normalized Average Lift of Marble/Rubik Phenotypes

Discussion

PheKnow–Cloud allows users to analyze the evidence behind the lift calculation and assess its validity. For example,
in the phenotype depicted in Figure 3, a user can examine the evidence given by the co-occurrence tuple “(Disor-
ders of fluid, electrolyte, and acid-base balance, hypertension, secondary hypertension)” by clicking on the associated
paper. In that paper, the user would find the sentence, “If urinary K+ excretion is high, transtubular potassium gra-
dient (TTKG), acid-base status, and the presence or absence of hypertension are helpful in differential diagnosis of
hypokalemia due to renal potassium loss,” which may give support to the candidate phenotype19. In the future, we
plan to enhance PheKnow–Cloud to highlight the sentences where the terms co-occur.

However, from the PheKnow–Cloud screenshot, we see that the tuple that has the highest standard deviation from the
median, is “(calcium channel blocking agents, selective immunosuppressants),” and the paper in which they occur the
most is about lupus. The lift captures that they are correlated with one another but maybe not with the phenotype
on the whole. This co-occurrence detracts from the body of evidence supporting this phenotype. In the future, we
may introduce a semi-supervised aspect to PheKnow–Cloud where the user can weight tuples they think are the most
important.

Another potential use of PheKnow–Cloud is providing evidence to analyze the phenotypes that are deemed “possibly
significant.” Of the 80 phenotypes resulting from Marble and Rubik, 78% are possibly significant. Annotators could
use this analysis as evidence to give labels the phenotypes. For example, if an annotator was not sure about the
significance, he or she could use the evidence generated by PheKnow–Cloud in addition to professional experience



while labeling the candidate phenotype. However, a more thorough analysis of the value of this and whether or not it
would bias an annotator must be studied.

On the back-end side of things, we note that while lift thresholding classifies phenotypes with relative success in
both high-throughput and curated phenotypes, the method does not provide a universal threshold guaranteed for all
phenotypes. In addition, the majority of phenotypes are very close to the optimal threshold. This suggests that further
work is needed to improve the predictive value of lift thresholding.

As noted in the Results section, the classification task is whether or not an annotated phenotype is clinically significant
or not. However, this task leaves out 78% of the compiled phenotypes that were labeled as “possibly significant.” In the
future, we would like to use PheKnow–Cloud to examine these possibly significant phenotypes as well as incorporate
them into the classification task.

Another possible future direction is incorporating the knowledge of the lift of “gold standard”/curated phenotypes,
which are phenotypes that have been manually generated by domain experts. Examples of these are the curated
phenotypes we used in the experimental section of this paper and phenotypes that have been produced by PheKB7.
We could combine these with the “silver standard” phenotypes, which are those generated using automatic methods
and have been confirmed by panels of experts20. One way to do this would be to present the average lift of a given
phenotype with respect to these standard phenotypes. This will give annotators and researchers more information when
assessing candidate phenotypes. Knowledge of the lift of gold and silver standards could also be used in classification
tasks of new phenotypes.

Conclusion

When rapidly generating candidate phenotypes in an unsupervised manner, it is necessary to have some measure of
their clinical validity and relevance. PheKnow–Cloud is an interactive tool that generates a measure of significance
for any proposed phenotype and points to supporting material in the medical literature. PheKnow–Cloud has several
potential uses including improving the phenotype verification process, and facilitating knowledge discovery by tying
evidence across multiple publications. Displaying the results in terms of lift makes one able to quickly analyze which
tuples are contributing the most to a phenotype and the associated strength of evidence based on co-occurrence. In the
future, we to further evaluate the value of PheKnow–Cloud feedback to domain experts. After all, the purpose of the
tool and phenotype evaluation process is not to replace domain experts, but to act as another annotator or a smart tool
that assists domain experts in evaluating phenotypes.
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