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ABSTRACT
....................................................................................................................................................

Objective Health care generated data have become an important source for clinical and genomic research. Often, investigators create and itera-
tively refine phenotype algorithms to achieve high positive predictive values (PPVs) or sensitivity, thereby identifying valid cases and controls.
These algorithms achieve the greatest utility when validated and shared by multiple health care systems.
Materials and Methods We report the current status and impact of the Phenotype KnowledgeBase (PheKB, http://phekb.org), an online environ-
ment supporting the workflow of building, sharing, and validating electronic phenotype algorithms. We analyze the most frequent components
used in algorithms and their performance at authoring institutions and secondary implementation sites.
Results As of June 2015, PheKB contained 30 finalized phenotype algorithms and 62 algorithms in development spanning a range of traits and
diseases. Phenotypes have had over 3500 unique views in a 6-month period and have been reused by other institutions. International
Classification of Disease codes were the most frequently used component, followed by medications and natural language processing. Among algo-
rithms with published performance data, the median PPV was nearly identical when evaluated at the authoring institutions (n¼ 44; case 96.0%,
control 100%) compared to implementation sites (n¼ 40; case 97.5%, control 100%).
Discussion These results demonstrate that a broad range of algorithms to mine electronic health record data from different health systems can be
developed with high PPV, and algorithms developed at one site are generally transportable to others.
Conclusion By providing a central repository, PheKB enables improved development, transportability, and validity of algorithms for research-grade
phenotypes using health care generated data.
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OBJECTIVE
The Electronic MEdical Records and GEnomics (eMERGE) Network,1 as
well as other efforts,2–7 have demonstrated that electronic health record
(EHR) data can be used to identify research-grade disease phenotypes
with sufficient positive and negative predictive values for use in identifying
traits and diseases for biomedical research and clinical care,6–11 recruit-
ment for clinical trials,3,4 quality improvement studies,12 population-
based health outcomes research,9 disease or drug safety surveil-
lance,13,14 and genetic research.15–21 These studies have required accu-
rate, sharable, and quickly adaptable phenotype algorithms implemented
in varying clinical data repositories.22 Moreover, research has shown that
once created, these algorithms can be ported from one institution to an-
other, often with comparable performance.15,23–26 The Phenotype
Knowledgebase (PheKB; available at http://phekb.org) was created as a
workflow management system and learning center supporting the crea-
tion, validation, and dissemination of computable algorithms. PheKB has
built-in tools specifically designed to enhance knowledge sharing and
collaboration across sites. With feedback mechanisms and structured
performance measures for implementations, PheKB facilitates the trans-
portability of algorithms across different institutions, health care systems,
and clinical data repositories and into multiple research applications.

BACKGROUND AND SIGNIFICANCE
eMERGE is a national network organized and funded by the National
Human Genome Research Institute that combines DNA biorepositories

with EHRs for large-scale, high-throughput genetic research in support
of implementing genomic medicine. During Phases I and II (2007–
2015), the network developed and deployed more than 47 electronic
phenotype algorithms across more than 55 000 subjects with dense
genomic data. The eMERGE network found that phenotype develop-
ment is both highly iterative and time consuming,16,22 often taking up
to 6–8 months to develop and validate a single algorithm and requiring
coordination and collaboration among informaticians and clinical ex-
perts. Phenotype algorithms typically use heuristic or machine learning
algorithms, combining multiple data sources to achieve high positive
predictive values (PPVs) in identifying cases and controls for pheno-
types of interest.27 Critically, sharing phenotypic and genotypic data
across sites allowed increased sample size and thus power for discov-
ery and has been able to advance genomic discoveries based on this
data.15,19,20,28,29 For example, in the study of ventricular conduction in
normal hearts, eMERGE leveraged existing genotype data from multi-
ple sites to increase the statistical power of the analysis, resulting in a
significant result where single site results had been nonsignificant.24

The initial approach adopted in eMERGE was to store versions of
phenotype algorithms on shared wiki pages. Although these postings
provided a way to share the final pseudocode product, the approach
lacked critical historical information collected, as each site worked
through implementation within the specific data available in their clini-
cal data repository. Access to versions with an understanding of the
changes became critical for efficient workflow. Communicating
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changes in algorithms as they occur along with associated work docu-
ments, included flow charts, site adaptations, implementation notes,
and validation tools enables validating sites to efficiently implement
the lead site’s algorithm. PheKB was created to meet this need by of-
fering a collaborative environment to support all stages of develop-
ment, validation, implementation, data sharing, and dissemination.
More recent collaborations with the Patient-Centered Outcomes
Research Network (PCORnet), the NIH Collaboratory, and the
Pharmacogenomics Research Network have yielded a broader en-
gaged community providing a greater number of use cases, resulting
in important evolution of the site. While PheKB typically supports rule-
based phenotype algorithms, emerging statistical approaches to phe-
notyping5,30 are yielding data-driven approaches to phenotyping; one
such example is currently available on PheKB.31 Lessons learned in
multisite collaboration for phenotype algorithm development include
early assessment of feasibility, appropriate versioning, standardizing
data elements, data quality and validation checks, and methods for
disseminating the results.22

MATERIALS AND METHODS
PheKB was developed iteratively within the eMERGE Network starting
from 2012 and is continuously enhanced as needs are identified and
the field advances. The site leverages the Drupal content management
system32 and includes custom-developed extensions to facilitate as-
pects of the phenotype algorithm workflow (see Results). Drupal was
chosen largely due to local familiarity, its flexibility to support custom
content types with arbitrary metadata tags, the ability to integrate cus-
tom code with off-the-shelf modules, and its longevity, though many
other content management systems would support the needed func-
tionality. PheKB required the ability to collect custom metadata for
phenotypes and their implementations and support different views and
searching based on these fields, implemented with standard Drupal
modules. Nonstandard features including customized access controls,
phenotype workflow, and integrated external code for data validation
features, described in more detail below, were implemented with cus-
tom programming using Drupal’s standard application programming
interface. Over the years, we have migrated websites across major
revisions from Drupal 5 to Drupal 7 with relative ease and with each
upgrade had major improvements.

The goal of PheKB is to enable a workflow with purposefully inte-
grated tools and standards that guide the user in efficiently navigating
each of these stages from initial development to public sharing and
reuse. As the eMERGE Network Coordinating Center, Vanderbilt
University led development of PheKB and solicited feedback from
eMERGE members during face-to-face and online conference meet-
ings. On-boarding new users has led to additional suggestions to im-
prove the usability of the site. For additional support, the eMERGE
Coordinating Center has provided “How To” documentation and held
one-on-one help sessions to assist new users, less than 5 sessions
for the over 250 registered users. The design objectives for PheKB
were to: (1) be a reference site enabling asynchronous communication
between collaborators, (2) manage levels of sharing through the itera-
tive stages of development and implementation, (3) facilitate sharing
results, (4) provide an archive of published algorithms and implemen-
tation results (with customizations) that can serve as a resource for
others to reuse the algorithms with confidence, and (5) provide effi-
cient search and navigation mechanisms.

PheKB accomplishes these functions by (1) extending user permis-
sions with a user group system to apply the custom access rules for
viewing, creation, and data access; (2) having user profiles and au-
thentication with institution as a metadata field; (3) defining content

types to collect phenotype metadata and files as well as supporting
commenting on discussion boards around phenotypes; (4) creating a
metadata element that flags phenotype status to varied levels of visi-
bility; and (5) allowing search by keywords as well as metadata. The
concept of metadata-driven application development is not new and is
well established;33 a key component in development was to create a
simple workflow methodology and lightweight interface to allow re-
search teams to autonomously develop and share phenotype algo-
rithms efficiently.

A Data Dictionary/Data Validation tool written as a Ruby web ser-
vice was integrated via a custom Drupal module to identify errors and
warnings in data dictionaries and data files associated with a given
phenotype. As files are uploaded, PheKB is able to display errors and
warnings about the structure and content of the files. Users will upload
data dictionaries for a phenotype, and data files containing implemen-
tation results can be associated to one of those dictionaries. In this
way, the system ensures that the data structure and values fit the
rules established in the data dictionary. A key feature in the data vali-
dation tool and sharing is the role-based security to restrict viewing of
datasets to only specific groups. While most commonly this is the ac-
cess group created for the phenotype algorithm authoring institution, it
is flexible enough to include other groups (such as a secondary analy-
sis site). Other groups can be given read-only access and can view
the phenotype artifacts and uploaded data, but only the algorithm
owners and the data owners can download data. In this way, PheKB
becomes a secure environment to centralize asynchronous data col-
lection and validation.

RESULTS
The current version of PheKB supports the following workflow and
features.

Computable phenotype creation, validation, and implementation
To facilitate electronic algorithm creation within the eMERGE Network,
a site typically leads the study by assessing the feasibility, then de-
velops a phenotype algorithm that is implemented and tested within
their system. The algorithm is shared on PheKB for iterative feedback
and revision as it is implemented (Figure 1). In addition to posting as-
sociated documents, researchers are encouraged to catalog their up-
loaded phenotype with metadata labels based on multidimensional
representations, such as the methods and modalities used in the phe-
notype criteria (e.g., International Classification of Disease [ICD] codes,
medications, natural language processing [NLP]), age, network, or in-
stitution affiliation. Uploaded documents typically include full descrip-
tions of the computable algorithms including data types used,
execution logic and variable dependencies, data definitions, and flow
charts or other descriptive graphics. Although most files currently in
PheKB are descriptive documents, such as human-readable portable
document format files, users can also upload executable logic such as
Konstanz Information Miner (KNIME)34 files and customized mod-
ules (e.g., for NLP tools). KNIME is a graphical workbench that in-
cludes extract, transform, and load functions and provides a
framework to embed a logical workflow of steps for a phenotype algo-
rithm. Sites within the eMERGE Network have used KNIME to create
transportable phenotypes, and at least 7 of these have been shared on
PheKB by at least 2 different sites, and have been implemented by at
least 4 sites.25,35–37

Validation of the algorithm’s performance within different clinical
data repositories is critical for establishing transportability to a large
number of collaborating sites. The author of a phenotype and subse-
quent sites that utilize PheKB’s implementation pages can add site-
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specific implementation results in table format that capture data to
calculate sensitivity, specificity, PPV, and negative predictive value, as
well as total subjects identified.38 A commenting feature encourages
discussion of poor or unexpected results, unique qualities of the data
or the clinical repository supporting the implementation, and any
changes or adaptations made to the phenotype algorithm to allow it to
work within that site’s EHR system. These features assist future users
in applying the algorithm to their unique repository as well as deter-
mining the algorithm’s suitability to the specific study or use case,
e.g., identification of specific, narrowly defined disease cohort vs de-
termining potential participants for broad-based recruitment.

The social networking framework for the website allows the user
to control and define sharing of algorithm information. An algorithm is
not publicly viewable until it is designated as “final” by the author.
Earlier stages of sharing foster collaboration, allowing users to post
and archive multiple iterations of the documents, comment and dis-
cuss issues in a whiteboard-type fashion, notify collaborators of
changes, and provide implementation details. There are 3 stages of
pre-final development that are viewable only by the selected “owner”
and “view” groups: in-development, testing, and validated. Users join
collaborative groups by sending a “membership request” to the ap-
pointed group administrator. For each phenotype, the author can des-
ignate an “owner group” and a “view group.” Collaborative owner
groups allow member researchers to collectively revise a phenotype
algorithm before making it available publicly. Phenotypes can be pri-
vately shared within view groups so these users can discuss, provide
feedback, and upload implementation data for the phenotype. Users
can also post their own implementation results through “implementa-
tion records,” which allow structured capture of a site-specific valida-
tion of a phenotype algorithm and any changes they may have made
to adapt the phenotype to their environment. The site’s streamlined
workflow requires minimal additional training for users, both for pro-
ducers of phenotypes and consumers.

Data sharing tools
The Data Dictionary/Data Validation Tool validates covariate data defi-
nitions and associated data and is an embedded resource for regis-
tered users. The user uploads to the page associated to the
phenotype, and the tool verifies the data dictionary file for adherence
to standards and best practices. A predefined set of rules identifies
deviations from the standard (“errors,” such as listing a variable twice)
or recommendations for best practices (“warnings,” such as including
an additional column). These checks are similar to (and inspired by)
the checks run by the National Center for Biotechnology Information’s
database of Genotypes and Phenotypes for phenotype submission
files.39,40 Its integration in the phenotyping development workflow
within PheKB ensures consistent formatting and coding of shared data
sets. A data management function provides tracking tools for users to
easily determine what data has been shared, what algorithm it is

linked to, and by whom it was shared. The Data Dictionary/Data
Validation Tool encourages data standardization and early stage quality
control to efficiently share data for the merging of study sets. This
minimizes reprocessing that may be otherwise needed by slight devia-
tions from a published data dictionary.

Algorithm dissemination
Finally, phenotype algorithms can be published on the site to allow for
public sharing of definitions and results for reuse. Within PheKB, one
can publicly share algorithms as well as multiple implementation re-
sults with recorded PPV, sensitivity, and site-specific notations.
Performance data in the form of baseline implementation comparisons
allows reuse of the algorithms with confidence. As seen in Figure 2,
between December 1, 2014, and May 31, 2015, almost all of the pub-
lic phenotypes have been uniquely viewed more than 50 times, with
the Type 2 Diabetes algorithm having over 900 views since its publica-
tion. While many public algorithms have been developed by the
eMERGE, the Mid-South Clinical Data Research Network Coronary
Heart Disease algorithm is the third-most viewed algorithm, and was
developed as part of PCORNet.4 Of the top 20 locations that have
viewed this algorithm, 15 are institutions that are part of some Clinical
Data Research Network sites and 4 are locations outside the United
States.

Having a well-defined corpus of developed phenotypes has been
used to study algorithm portability,26 define recurring design elements
in phenotype algorithms,41 and compare performance of different al-
gorithms identifying the same disease.42 Leveraging past phenotype
work, users can clone, edit, and link related phenotypes together (e.g.,
“diabetic retinopathy” is related to “type 2 diabetes,” as the former
embeds the latter).

Using metadata, an algorithm can be searched on the inclusion or
exclusion of classes of data elements (such as diagnoses or medica-
tions), authoring institution, author, network affiliation, or keyword.
This functionality assists users in finding algorithms suited to their
study as well as the capability of their clinical data repository.
Electronic phenotype development efforts in eMERGE demonstrated
that although algorithms showed considerable heterogeneity of spe-
cific features used, there was a strong degree of homogeneity in logic
and classes of data elements.41

Use of PheKB
Currently, PheKB has 414 users from 52 institutions. Table 1 shows
an overview of posted algorithms and contributing networks; the me-
dian number of algorithms per institution is 4 and the maximum num-
ber is 30. There are 30 public algorithms with 66 implementations
currently available and 62 nonfinal algorithms with 83 associated im-
plementations in various stages of development.

The most common data modality used for the algorithms were ICD
codes, followed by medication data and NLP (Table 2).

Figure 1: Approach to phenotyping.
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Of the 92 public and nonfinal algorithms, 51 have validation data
from at least 1 site. Forty-three of the algorithms have multisite evalu-
ations, with a median of 3 (range 1–8) external validations per algo-
rithm. Median case PPV and case sensitivity were 96.5 and 100%
with an interquartile range (IQR) of 9% and 8%, respectively. Median
control PPV and control sensitivity were 100% and 99.0% with an IQR
of 4% and 2%, respectively. The lower PPVs (see Figure 3) were asso-
ciated with algorithms for rare phenotypes, which were tuned for sen-
sitivity rather than PPV, such as drug-induced liver injury
(PPV¼ 32%).31,32 Lower sensitivities included an algorithm to identify
dementia (sensitivity¼ 37.1%), which utilized only ICD codes.

Performances on case and control algorithms for development-site
(host) evaluations were similar to performance by external-site evalua-
tions. Median case PPV and sensitivity were 96.0% and 99.5% for
host evaluations, with IQRs of 6% and 5%, respectively. Median exter-
nal site case PPV and sensitivity were 97.5% and 100% with variance
of 1% and 9%, respectively. Median host control PPV and sensitivity
were 100% and 99.0% with IQRs of 4% and 3%, whereas median ex-
ternal site control PPV and sensitivity were both 100% with IQRs of
4% and 2%.

Case study: multisite interactions during phenotype development
in eMERGE
Among eMERGE network phenotyping workgroup use of PheKB for
phenotype development and implementations, 384 comments have
been made on 35 eMERGE phenotypes, with 1–31 comments per

Figure 2: Views of Phenotypes on PheKB.
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Table 1: Phenotypes and Implementation Results on PheKB

Institutions with users 52

Total phenotype algorithms 92

Public 30

Restricted/in development 62

With single site validationa 51

With external validationsa 42

Final (total) phenotype
algorithm groups

eMERGEa 20 (43)

Pharmacogenomics
Research Network/PGPopa

0 (11)

Local/Othersa 10 (8)

Total implementation resultsa 149 (for 53 algorithms)
range: 0–8/phenotypes

Total comments posted
on shared algorithmsa

384 (for 35 phenotypes)

aIncludes phenotypes not yet public.

RESEARCH
AND

APPLICATIONS
Kirby JC, et al. J Am Med Inform Assoc 2016;23:1046–1052. doi:10.1093/jamia/ocv202, Research and Applications

1049



algorithm. Comments have occurred on algorithms at all stages of de-
velopment, with the majority occurring on “validated” algorithms
(when algorithms are typically being executed across eMERGE sites).

As an example, we characterize the development “life cycle” of a
particular completed phenotype for Clostridium difficile colitis. There
were 21 comments from 6 institutions, with 20 of those comments
coming over a period 27 days in the active network-implementation
phase. Eight exchanges clarified issues within the algorithm necessary
for implementation at other sites. As the algorithm was developed in

an adult population, other comments addressed the application in a
pediatric population. Many users also identified areas of clarification
that were necessary to collect required analysis covariates, as this col-
lection is often as complex as implementation of the original pheno-
type algorithm. The comments and validations led to 4 revisions of the
C. difficile colitis phenotype algorithm. Similar development life cycles
occur with other phenotypes.

DISCUSSION
PheKB enables streamlined development, sharing, and collaboration of
algorithms designed to abstract research-quality phenotypes from
health care data by design. PheKB also seeks to facilitate collaborative
“next-generation phenotyping” as users investigate additional and
more detailed phenotypes21,43 as well as varied use cases, such as
recruitment and surveillance.

Analysis of current implementation results on PheKB show that the
posted algorithms produce phenotypes with high precision and are
transportable across different health care systems with generally simi-
lar high performance. In the setting of performing research on a given
condition, PPV has generally been considered a more important metric
than sensitivity,22,44,45 assuming sufficient sample size and that exclu-
sions of cases are typically based on lack of available health care data
instead of asserting a systematic bias toward a disease subset. As ex-
pected, more phenotypes had PPV evaluations than sensitivity evalua-
tions. Algorithms with poorer PPV were often rare disease phenotypes
in which manual review is feasible. While these results are subject to
a reporting bias (authors may not post poorly performing algorithms),
the breadth and diversity of implementations and phenotypes on
PheKB suggest a wide variety of phenotypes can effectively be ex-
tracted using health care data and that these algorithms are transport-
able. The range of diseases investigated by the phenotypes posted
spans circulatory, neurodevelopment, metabolic, and respiratory dis-
eases and traits. This data adds importantly to specific phenotype
evaluations,15–17,24,25,29 many of which are posted on PheKB.

Across institutions, the differences in EHRs require local customi-
zations and workarounds of algorithms,22 which PheKB facilitates with
the discussion boards and other features. By sharing phenotypes and
their implementations broadly, researchers have also been able to
identify commonalities between these phenotypes.41 Without an inter-
face to capture data and system descriptions along with workflow, the
algorithms risks increasing ambiguity and decreasing standardization.
We hope that use of increasingly standardized definitions and pre-pro-
cessing algorithms will reduce the need for local customization in the
future. It is important to note that, because of the inevitable variation
in workflow and data collection, standardization should provide context
for site-specific needs that may be missing from the supporting publi-
cation using an algorithm. Communication about workflow and EHR
differences can also improve transportability of phenotype algorithms
through documentation of customizations fitted to specific EHRs, data
repositories, or data types. PheKB makes research on phenotype algo-
rithms easier by providing a knowledge base of what others have
done, their implementation results, and details on what and why cus-
tomizations have been made. We have seen that researchers have
used PheKB as a resource to evaluate phenotype algorithms for com-
monalities41,42 and to compare results using different methods.8,46,47

PheKB algorithms have also proven a source of high-performing
benchmarks against which novel approaches of statistical or knowl-
edge resource mined approaches to automated phenotyping may be
held.5,31,48

Currently, it is not clear why some algorithms may not perform as
well at a given site as another, and the only method to identify poorer-

Table 2: Types of health care-related data modalities used in
phenotype algorithms posted on PheKB

Data modalities
or methods

Number of phenotypes
utilizing these features

Public
(N¼ 30)

Non-publica

(N¼ 62)
Percent of
total (%)

ICD-9 codes 27 37 70

Medications 25 32 62

Natural language processing 21 21 46

CPT codes 14 24 41

Laboratory test results 14 21 38

Counts are out of 92 total algorithms at the time of this study.
aIncludes the all non-public statuses: “In development,” “Testing,”
and “Validated.”

Figure 3: Primary and external site implementation distribu-
tion of results. Primary site refers to the algorithm’s perfor-
mance at the authoring institution; external site refers to the
results seen at sites other than the authoring institution. The
diamonds represent the median results.
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performing algorithms is validation. Increasingly standardized algo-
rithms and use of PheKB as a data aggregation tool could enable sim-
ple data profiling approaches to spot some inconsistencies (e.g.,
pregnant males, populations varying dramatically in covariate distribu-
tions, case/control count ratios, etc.). Future research into algorithms
could identify factors associated with superior performance across dif-
ferent sites.

CONCLUSION
A key measure of long-term success for PheKB will be the growing li-
brary of phenotypes from a variety of networks and contributors, with
subsequent reuse. It is difficult to directly track implementations of
PheKB algorithms outside of those who have posted implementation
data. However, based on a citation review, at least 40 non-eMERGE
groups have deployed and then cited the Type 2 Diabetes algorithm
(see Appendix).

Currently, most of the electronic phenotype algorithms on PheKB
are in human-readable formats, which require human translation into
executable code within local clinical repositories. However, several
phenotype algorithms also include computable representations, such
as in KNIME, or use statistical methods and approaches. As these
methods evolve, PheKB will need to grow and adapt to fit the needs of
these representations. Additionally, a key improvement for adoption of
electronic phenotype algorithms will be creation of structured repre-
sentations that enable rapid and error-free implementation and execu-
tion. One related approach has been the Quality Data Model49 and
approaches built on common data models, such as Observational
Health Data Sciences and Informatics42 and PCORnet. The format-
agnostic approach of PheKB would allow such codified approaches, as
well as the current data formats. Creating programmatic interfaces be-
tween PheKB and some of the networks to allow easy interchange of
executable phenotype algorithms may be advisable.

Research using the EMR can be time consuming and diffi-
cult.27,43,44,50 The outgrowth of work in this area by the eMERGE
Network is the workflow and tools built within PheKB. PheKB benefits
from a consortium of academic institutions, and we encourage others to
participate in sharing and disseminating research results. Next steps in-
clude collaborating with other consortia and institutions to develop im-
proved tools that can further facilitate reuse, including algorithm
comparisons by research topic and implementing data quality metrics.
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