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ABSTRACT

Objective: Knowledgebases are needed to clarify correlations observed in real-world electronic health record
(EHR) data. We posit design principles, present a unifying framework, and report a test of concept.

Materials and Methods: We structured a knowledge framework along 3 axes: condition of interest, knowledge
source, and taxonomy. In our test of concept, we used hypertension as our condition of interest, literature and
VanderbiltDDx knowledgebase as sources, and phecodes as our taxonomy. In a cohort of 832 566 deidentified
EHRs, we modeled blood pressure and heart rate by sex and age, classified individuals by hypertensive status,
and ran a Phenome-wide Association Study (PheWAS) for hypertension. We compared the correlations from
PheWAS to the associations in our knowledgebase.

Results: We produced PhecodeKbHtn: a knowledgebase comprising 167 hypertension-associated diseases, 15
of which were also negatively associated with blood pressure (pos+neg). Our hypertension PheWAS included
1914 phecodes, 129 of which were in the PhecodeKbHtn. Among the PheWAS association results, phecodes
that were in PhecodeKbHtn had larger effect sizes compared with those phecodes not in the knowledgebase.
Discussion: Each source contributed unique and additive associations. Models of blood pressure and heart rate
by age and sex were consistent with prior cohort studies. All but 4 PheWAS positive and negative correlations
for phecodes in PhecodeKbHtn may be explained by knowledgebase associations, hypertensive cardiac
complications, or causes of hypertension independently associated with hypotension.

Conclusion: It is feasible to assemble a knowledgebase that is compatible with EHR data to aid interpretation of
clinical correlation research.
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BACKGROUND AND SIGNIFICANCE

Biomedical science and medicine progress through iterative cycles as

molecular biology.! New means of recognizing, monitoring, and
treating diseases emerge as a result. Knowledge of a disease may

researchers recognize correlations, explore theories of underlying
mechanisms, test interventions, etc. Through this process our under-
standing of disease evolves, from clinical observations to designa-
tions grounded in anatomy, physiology, biochemistry, and

become so sophisticated that specialization is necessary,? with novel
nomenclature, measurement modalities, and methods of structuring
knowledge. As long as progress is being made, the definition of a
disease is in flux. Each alteration changes the spectrum of patients
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who have the disease,! and the characteristics of diagnosed patients
in real-world data—including comorbidity patterns, measured bio-
markers, treatment regimes, and modes of interacting with hospital
systems—change with them. The evolution of disease knowledge is
essential to progress, but it also complicates statistical modeling
efforts using real-world clinical data that is constantly shifting.
Application of today’s advances in machine learning to clinical pre-
diction research would benefit from a unifying knowledgebase
framework that relates knowledge of a disease to the clinical pat-
terns observed in real-world data. Here we present a prototype
framework, with application to electronic health record (EHR) data.

PheWAS® is a high throughput logistic modeling method that
produces correlation statistics with EHR variables. The method uses
International Classification of Diseases (ICD) codes to define over
3000 diseases and symptoms. These phenotypes are called pheco-
des.* PheWAS was developed to analyze genetic variation, but has
been used for nongenetic biomarkers as well, including those
extracted from the EHR (eg, test results).’ PheWAS allows research-
ers to observe correlations of a single predictor with a wide array of
phenotypes sampled from the medical phenome.

PheWAS makes it easy to generate summary statistics, but inter-
preting these associations is more complicated. Correlations identi-
fied in PheWAS (particularly when a nongenetic variable is
analyzed) may represent real associations (either causal or merely
correlational) or may reflect complex biases of real-world EHR
data.® Given this landscape, it is difficult to determine if and how
well PheWAS reflects our knowledge of a clinical entity. The overall
goal of this work is to create a framework for unifying our knowl-
edge of disease with the statistical correlations observed in EHR
data. To do so, we address 2 related feasibility questions. Is it work-
able to assemble a knowledgebase to inform interpretation of Phe-
WAS by mapping known associations to phecodes? Is it practicable
to repurpose PheWAS methods to clarify associations between diag-
noses and EHR-derived indicators?

We posit 3 design principles for a unifying knowledgebase
framework. First, the framework should be extensible and represent
abstractions from different knowledge sources side-by-side. This
principle is intended to preserve the implicit temporal, methodo-
logic, and semantic context of each source, while clarifying relation-
ships among content of various sources.” Second, the framework
should represent clinically meaningful relationships among con-
cepts. For this principle, we draw on the diagnosis relationships and
categories of manifestations in the INTERNIST-I knowledgebase.®
Third, the framework should enable integration with EHR data by
mapping the concepts to an EHR-compatible taxonomy, phecodes
in this case.

Here, we present a knowledgebase framework and test of con-
cept using hypertension as the EHR-derived indicator of interest.
We populated a hypertension knowledgebase (PhecodeKbHtn) with
phecodes for hypertension-associated diseases from 2 sources: a lit-
erature review of epidemiology of hypertension and the Vander-
biltDDx knowledgebase.” We generated real-world phecode
correlation data using a cohort of deidentified EHRs and used mean
systolic and mean diastolic blood pressure over the course of EHR
follow-up to classify individuals as hypertensive or without hyper-
tension. We ran a PheWAS for hypertension which identified pheco-
des that were both positively and negatively correlated with
hypertension status. Phecodes that were in PhecodeKbHtn had

larger effect sizes compared with those phecodes not in the knowl-
edgebase, suggesting that associations in the knowledgebase were
reflected in PheWAS data.

This test of concept suggests it is feasible to assemble a knowl-
edgebase linking known associations from disparate knowledge
sources to phecodes in a structure that preserves context of the sour-
ces. EHR-derived indicators such as means of systolic and diastolic
blood pressure over course of EHR follow-up may provide sufficient
signal to explore associations of hypertension with other diagnoses.
The knowledgebase may be used to explore the nature of PheWAS
correlations to answer questions such as whether associations are
known or potentially novel. These methods open the door to reuse
of the labor-intensive research required to interpret results for a Phe-

WAS across subsequent studies.

Related work

Reviewing the literature, we identified multiple informatics projects
that relate to our goal of clarifying the relationships among knowl-
edge sources and EHR data. Supplementary Material I presents a
brief overview of existing methods and tools for clinical knowledge

representation including: Ontologies,'®!! Knowledge graphs,'>!

and the Pharmacogenomics Knowledgebase.' 1>

OBJECTIVE

To explore the feasibility of applying knowledgebase strategies to
aid interpretation of correlations observed in real-world data. We
posit design principles for a unifying knowledgebase framework to
relate knowledge from disparate sources to EHR data while preserv-
ing implicit temporal and semantic context of each source. This

paper presents a test of concept.

MATERIALS AND MIETHODS

Knowledgebase assembly

We propose a knowledgebase framework structured along 3 axes:
(1) the EHR-derived taxonomy, (2) sections for sources of knowl-
edge, and (3) chapters for conditions of interest, as depicted in
Figure 1A. Conditions may be a clinical presentation, eg, hyperten-
sion, biomarker, eg, test result or genotype, or disease entity. This
extensible structure represents abstractions of sources side-by-side
to preserve implicit context within each source while making
explicit relationships across sources. For test of concept, we use
phecodes as the taxonomy, a literature review, and the Vander-
biltDDx knowledgebase (VDDxKB) as sources and hypertension as
the condition.

The abstraction of a source includes associations between a con-
dition of interest and phecodes, whether the association is positive
or negative; the direction and type of association as depicted in
Figure 1B. A positive association indicates the condition increases
the likelihood of the phecode or vice versa. Some associations can be
both positive and negative (eg, hypertension is a risk factor for ische-
mic heart disease which may result in hypotension). We refer to
these associations as “positive and negative” or “pos+neg” for
short. Direction may be from condition to phecode, from phecode
to condition, or co-occurrence without known direction. Types of


https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocad078#supplementary-data

Journal of the American Medical Informatics Association, 2023, Vol. 30, No. 7 1259

Hypertension

4 VDDxKB
Literature

§ Taxonomy
§ Aggregate

Lt | Phecodes :>

B
Positive associations
From condition to phecode
Cause
Risk factor
From phecode to condition
Cause
Risk factor
Co-occurrence of condition & phecode
Constellation
Elevated biomarker
Negative associations
Inverse correlation of condition & phecode|
Reduced biomarker
c Specificity Relationships
MT MT|Source|ICD|Phecode
0 | No meaningful map
1 Full By % Ll 4
b 1 >1 1
2 Phecg;i:oijr::bset : 1 )11 i
c 1 >1 >1
a 1 1 1
3 Source is subsetof | b 1 [» 1
phecode C 1 |»>1 >1
d 1 1 >1

Figure 1. Unifying knowledgebase framework. (A) Content is represented in
sections by source and in aggregate, with chapters for conditions, loosely
coupled to phecodes; (B) content is represented as associations between con-
dition and phecodes; (C) source terms map to ICDs then phecodes, maps are
characterized by mapping type (MT).

association encoded in the knowledgebase include cause; risk factor;
system, part of a constellation; or co-occurrence.

Phecodes are manually curated groups of ICD-CM codes
intended to capture clinically meaningful concepts for research. In
this project, we used Phecode X,'® an extended phecode map that
adds granularity to phecode version 1.2. Mappings between
the knowledgebase and phecodes were refined iteratively by
one investigator (WWS). The current iteration denotes variation
in the specificity of the map by number and annotates combina-
tions of mapping relationships with a letter as depicted in
Figure 1C.

Literature review

One investigator (WWS) conducted a preliminary literature review
to identify hypertension-associated disease entities. Expert searchers
reviewed published literature for content pertaining to hypertension
to ensure that the associations between each phecode and hyperten-
sion had valid evidentiary support. Supplementary Material IIA pro-
vides detailed search strategies. All diagnoses found through the
literature review are positive associations. We did not review litera-
ture for negative associations.

VanderbiltDDx knowledgebase
VDDxKB content was developed from 1973 to 1984 and updated
systematically through 1994.!7 Select disease profiles were added
from 2013 to 2017. VDDxKB contains 2 types of elements (diagno-
ses and manifestations), as well as information about these elements,
and relationships between diagnosis pairs and diagnosis-
manifestation pairs. This information is recorded in comma sepa-
rated text files and linked by diagnosis IDs (DXID). Links between
diagnosis pairs include direction, to or from first to second; nature
of association between diagnosis pairs, eg, cause, predispose; fre-
quency, an estimate of conditional probability of second given first;
and evoking strength, relative likelihood of second given first.
Diagnosis-manifestation pair links include frequency and evoking
strength.®

One investigator (WWS) explored VDDxKB files and found 2
diagnoses representing arterial hypertension and 8 manifestations of
a positive association with hypertension. The diagnoses are essential
and malignant hypertension. The manifestations include 5 physical
findings, diastolic blood pressure (DBP) 95-125, DBP >125,
increased pulse pressure, paroxysmal increase in arterial pressure,
systolic blood pressure (SBP) greater in arms than legs; and 3 hyper-
tension history findings, abrupt onset, recent exacerbation, and
resistant to treatment. We extracted DXIDs linked to these diagno-
ses or manifestations and represented the information in the links in
the VDDxKB section of PhecodeKbHtn. The extract included 2
manifestations of a negative association with blood pressure, SBP
<90 and DBP <60, if those manifestations were linked to one of the
DXIDs that also had a positive association. We classified these as
pos+neg associations.

Phecode taxonomy

Phecodes have parent-child structure supporting up to 4 levels of
granularity and are grouped into disease categories, similar to ICD
chapters. We consider the phecode taxonomy (PT) as a third knowl-
edge source, in addition to its role as a mapping terminology. The
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PT section includes phecodes with strings containing “hypertension”
and “hypertensive” encoded as pt=1 and phecodes that are up-
spread (pt=2) or down-spread (pt=3) from a phecode in the litera-
ture or VDDxKB maps. If the phecode string includes both
“hypertensive” and a disease with a negative association, eg, hyper-
tensive heart disease with heart failure, the association was classified
as pos-+neg, otherwise it was classified as positive.

Cohort extraction and data analysis
Figure 2 overviews the cohort extraction and data analysis process.

Data resource

We extracted data for this study from Vanderbilt University Medi-
cal Center’s (VUMC) Synthetic Derivative (SD),'® a deidentified
image of EHR data. VUMC’s Institutional Review Board No.
211951 designated this study as not qualifying as human subject
research. This study utilized the following data elements: demo-
graphic information (age, sex, date of birth), blood pressure and
heart rate (HR) measurements, and ICD-CM codes (version 9 and
10). Our cohort included individuals with greater than 2 viable
measurement triplets on distinct days between ages 18 and 81 years.
We defined viable measurements as SBP >50 and <270, DBP >10
and <170, and HR >30 and <200 and calculated age in years by
dividing days by 365.25. We excluded individuals with no ICDs
and unknown sex.

A

Records with
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2,032,073

N
1,524,662
g E Bad measurements 785
1,523,877
—
S
g ; <3 measurement dates »| 1,196,527
- & |
835,546
2,958
z i No ICD codes s
|
832,588
S [ )
22
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Figure 2. Process flow. (A) Cohort extraction; (B) data analysis.

Defining hypertension and hypertensive subtypes

We calculated means of SBP, DBP, and HR measurements over the
course of EHR follow-up for each individual without adjustment for
hypertensive medication. We tested the signal provided by these
means with linear regression models using mean SBP, DBP, and HR
as dependent variables and sex, first measurement age with a cubic
spline, and the interaction between these 2 variables, as independent
variables.

Using mean blood pressure readings, we classified individuals
with hypertension (SBP >130, DBP >80) and those without hyper-
tension (SBP <130, DBP <80) as defined by the 2017 American
Heart Association (AHA) criteria.'® We further stratified mean
blood pressure readings into 5 subtypes based on cutoffs in the crite-
ria. These groups included 2 nonhypertensive subtypes, not elevated
(SBP <120, DBP <80) and elevated (SBP 120-129, DBP <80. The
hypertensive group was separated into 3 subtypes: isolated systolic
(SBP >130, DBP <80), isolated diastolic (SBP <130, DBP >80),
and a combined systolic and diastolic subtype (SBP >130, DBP
>80). We stratified our cohort by first measurement age (10-year
increments) and sex, and calculated the percentage of each subtype
for each strata.

Defining cases and controls

ICD codes were mapped to Phecode X.'® For each phecode, we
defined cases as individuals with 2 or more target phecodes on
unique billing dates. We defined controls as individuals without the
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target phecode. We calculated the prevalence of each phecode for
our entire cohort. Phecodes with fewer than 400 cases were
excluded from subsequent analysis.

PheWAS analysis

We ran a PheWAS to explore associations between phecodes and
the case/control status for hypertension. PheWAS uses logistic
regression testing each phecode as the dependent variable. We
included age at last encounter and sex as covariates. We used a Bon-
ferroni correction to define “phenome-wide significant” associations
(P value <.05/total number of tests). To assess the effect of multicol-
linearity in logistic regression tests, we computed the Variance Infla-
tion Factor (VIF) using the vif() function available in the “car” R
package.

Analysis of PheWAS results with PhecodeKbHtn associations

We tested the hypothesis that the effect size of PheWAS results
would be correlated with PhecodeKbHtn association status (0 =not
in knowledgebase, 3 =positive, 4 =pos+neg). We compared the
resulting betas with a Kruskal-Wallis test, a nonparametric method
testing whether samples come from the same distribution.?® Further,
one investigator (WWS) compared PheWAS correlations to Pheco-
deKbHtn associations for each phecode in PhecodeKbHtn.

RESULTS
PhecodeKbHtn assembly

The literature review found 53 diagnoses associated with hyperten-
sion. All but one mapped to a phecode and the remaining 52 diagno-
ses map to 58 phecodes. These maps are provided in Supplementary
Material IIB. The representation of the links between phecodes and
literature diagnoses is presented in Supplementary Material IIC with
direction of the association, type of association, and reference.”'>°

VDDxKB contains 124 diagnoses associated with hypertension.
Fourteen do not map to a phecode in a meaningful way. The remain-
ing 110 map to 118 phecodes. These maps are provided in Supple-
mentary Material IITA. We present the VDDx content supporting
the associations in the VDDx section of PhecodeKbHtn as Supple-
mentary Material IIIB.

The specificity of the maps varies by source and is summarized
Supplementary Material IVA. The specificity of the literature diag-
nosis is similar to the phecode in 75% of the maps compared to
49% for VDDxKB diagnoses. The VDDxKB diagnosis is a subset
(ie, more specific) of the phecode in 36% of maps, while the litera-
ture diagnosis is a subset of the phecode in 10% of maps.

Each source contributes unique associations, ie, adds a phecode
not in the other sources, and others that are additive, ie, providing
additional information about direction or type of association, as
depicted in Figure 3. The aggregate PhecodeKbHtn includes associa-
tions between hypertension and 167 phecodes, all of which are posi-
tive associations. Fifteen also include negative associations. The data
dictionary for PhecodeKbHtn is included in Supplementary Material
IVB. PhecodeKbHtn with positive or pos+neg association for each
phecode, in aggregate and by section, are presented in Supplemen-
tary Material IVC.

Cohort description

The final cohort comprised 832 566 individuals, with 355 428 meet-
ing AHA’s criteria for hypertension and 477 138 classified as with-
out hypertension. Distribution of sex, measurements, duration of

Figure 3. Phecodes contributed to PhecodeKbHtn by knowledge source.

EHR follow-up, and hypertensive subtype are summarized by
10-year age increment in Supplementary Material V. Prevalence
of phecodes for our entire cohort are provided in Supplementary
Material VI.

Figure 4 presents the linear regression models for mean SBP,
DBP, and HR as dependent variables with first measurement age
and gender as independent variables. Figure 5 visualizes shifts in the
frequency distribution of the hypertensive subtypes by age in 10-

year increments.

PheWAS analysis

The PheWAS analysis included 1914 phecodes. The majority of cor-
relations (61%) were “phenome-wide significant” indicating strong
correlation with most phecodes tested. About 82.3% of phenome-
wide significant correlations were negative (beta <1) and 17.7%
were positive (beta >1). The VIF was within acceptable limits, and
never exceeded 1.12. PheWAS results are presented with Pheco-
deKbHtn associations as Supplementary Material VII.

Comparison of PheWAS results with PhecodeKbHtn
associations
Of the 167 phecodes in PhecodeKbHtn, 129 (77%) had adequate
case counts to include in the PheWAS analysis, 116 positive associa-
tions and 13 pos+neg. The estimated effect sizes (betas) in PheWAS
were significantly different for phecodes that were in PhecodeKbHtn
versus those that were absent from the knowledgebase. Pheco-
deKbHtn positive phecodes had, on average higher betas, and pos-
neg had lower betas (Figure 6; Supplementary Material VIII).
Supplementary Material IX compares associations for phecodes
in PhecodeKbHtn by section, with PheWAS correlations. About
forty-three percent of positive associations and 100% of pos+neg
associations aligned with the model’s correlations. Review of the 35
phecodes with positive association in PhecodeKbHtn and negative
PheWAS correlations found explanation for association with

reduced blood pressure in 31.%¢7
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Figure 4. Linear models of mean blood pressures and heart rate (y axis) by
age (x axis) and stratified by sex: female (red) and male (blue).

DISCUSSION

This test of concept validates our 3 design principles and demon-
strates feasibility of assembling a unifying knowledgebase to clarify
relationships among disparate knowledge sources and EHR data.

The 3 knowledge sources differ in purpose, granularity, and cur-
rency. The literature review includes current expert syntheses such
as UpToDate augmented by original publications as needed.
VDDxKB reflects diagnostic terms, prevalence of disease, and fre-
quency of manifestations as reported in the literature through 1994
and precoordinates diagnostic concepts with specific etiologies. The
phecode taxonomy amalgamates diagnostic classifications, from
ICD-9-CM, first formalized in 1979, and ICD-10-CM, first draft
posted in 1997, into groups with emphasis on chronic conditions
relevant to genetic associations.

Representing sources side-by-side, and loosely coupling them to
phecodes, maintains the context implicit in each source. Linking
associations from current literature and the earlier literature

represented in VDDxKB provides visibility into evolution in termi-
nology and knowledge that may be helpful when interpreting real
world data entered over several years. The PT section makes explicit
which phecodes include hypertensive ICD codes, limiting circular
logic. Abstracting content within each source into a framework of
clinically meaningful relationships between diagnoses and a condi-
tion of interest eases comparison of associations across sources. The
aggregate positive or pos+neg associations from these disparate
sources add robustness to the knowledgebase.

Phecode-based phenotypes have been extensively evaluated and
shown to replicate known genetic associations for a wide variety of
diseases.>® They capture case/control status across the medical phe-
nome and are highly portable because they are based on standard
codes. Mapping source diagnoses to phecodes is not a simple matter
of matching the text in the phecode string. It requires looking at
each member of the group of ICDs that define a phecode to deter-
mine its specificity. It is often necessary to look at the approximate
synonyms in the ICD coding guide to identify which ICD is most
likely to represent a concept in the EHR. For example, chronic gouty
nephropathy is an approximate synonym of N28.9 Disorder of kid-
ney and ureter, unspecified. This ICD is used for this condition
instead of ones with gout in the name. Including the mapping type
by phecode within each source gives visibility into differences in
specificity.

Investigators derive indicators of hypertension using longitudinal
real-world data in multiple ways (eg, mean®’ or median*® of all valid
measurements, mean of 2-3 consecutive measurements,*' ICD codes
used alone or in combination with reported HTN treatment and/or
BP measurements). Our linear regression models of mean SBP, DBP,
and HR with age and sex as independent variables are similar to the
results of cohort studies reporting trends over the life course.*>*
The AHA criteria are designed to classify blood pressures into stages
associated with cardiovascular complications. By using the cutoffs
in AHA criteria and further stratifying into subtypes reflecting vari-
ous combinations of systolic and diastolic hypertension, we capture
differences in hemodynamics. The frequency distribution of sub-
types by 10-year increments aligns with the results of cohort studies
pursuing that distinction.*>** These findings suggest mean measure-
ments over EHR follow-up provide meaningful signal.

The PheWAS analysis revealed a medical phenome that is
strongly correlated with hypertension status, either in positive or in
negative direction. The majority of PheWAS associations were sig-
nificant, even after adjusting for multiple testing burden. This find-
ing is likely explained, in part, by the multifactorial nature of
hypertension. But many observed correlations are also likely to be
artifactual and driven by complex relationships inherent in EHR
data. For example, risk factors for hypertension may also lead to
additional diseases. Furthermore, a diagnosis of hypertension may
initiate a clinical care pathway in which new pathologies and discov-
ered and documented. Our results suggest a unified knowledgebase
strategy may aid in interpreting this complex web of PheWAS corre-
lations, relating them to existing knowledge of a disease. We found
that phecodes in PhecodeKbHtn had more robust effect sizes com-
pared with those that were absent from the knowledgebase. More-
over, we found that positive associations in PhecodeKbHtn
correlated with positive correlations in PheWAS while pos+neg
associations correlated with negative correlations.

All but 4 of the PheWAS’s positive and negative correlations for
phecodes in PhecodeKbHtn may be explained by associations in
PhecodeKbHtn, additional cardiac complications of hypertension
which may reduce blood pressure, and other causes of hypertension
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that have independent associations with hypotension. If the addi-
tional associations with reduced blood pressure had been repre-
sented in PhecodeKbHtn, 76 % of the associations in PhecodeKbHtn
would have aligned with PheWAS correlations. Therefore, it will be

important to pay equal attention to positive and negative associa-
tions with a condition when abstracting knowledge sources. In the
case of hypertension this will involve adding hypotension as a sepa-
rate chapter with sections for each source. Representing positive
associations with these 2 opposite conditions in separate chapters of
the knowledgebase avoids ambiguity and allows capture of the
union of the 2 as pos+neg in each where appropriate.

This test of concept has several limitations. One investigator
(WWS) with a background in biomedical informatics and nephrol-
ogy mapped source diagnoses to phecodes and extracted content
related to hypertension from VDDxKB as a formative process. The
cohort was drawn from patients seen at a tertiary medical center
and is not representative of the general population. As a complex
and multifactorial disease, hypertension may be a particularly chal-
lenging phenotype to investigate via PheWAS; further study is neces-
sary to determine if the knowledgebase approach generalizes to
other diseases. Conditions associated with hypertension and aging
overlap. Finally, average SBP and DBP over the course of follow-up
are summative indicators. The PheWAS analysis did not use infor-
mation regarding the timing of diagnoses and blood pressure meas-
ures across an individual patient record. Despite this temporal
flattening, we still observed a significant concordance between Phe-
WAS correlations and the knowledgebase, but the signal may have
been attenuated compared with a temporally sensitive approach.

The next step is to repeat the knowledgebase assembly process
with hypotension as the condition to explore how chapters of associ-
ations with opposite conditions work together. Future work might
include developing a chapter with a genetic mutation as the condi-
tion to explore use of a multicondition knowledgebase as an aid to
interpretation of a PheWAS with many fewer phecodes with
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phenome-wide significance. Additional knowledge sources might be
piloted as part of the assembly of a chapter and extended to other
chapters as appropriate.

CONCLUSION

We present methods to assemble a knowledgebase to link known
associations from disparate knowledge sources to EHR data to aid
interpretation of clinical correlations observed in real-world clinical
data. Our test of concept shows multiple sources add robustness to
the aggregate knowledgebase while its structure preserves context
implicit in a source; mean blood pressure measurements over EHR
follow-up provide meaningful signal to explore associations with
hypertension; and the knowledgebase may be used to explore
whether PheWAS correlations are known or potentially novel. These
methods open the door to reuse of the labor-intensive research
required to interpret results for a PheWAS across subsequent
studies.
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