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Abstract 

Phenome-Wide Association Studies (PheWAS) comprehensively investigate the association between genetic 
variation and a wide array of outcome traits. Electronic health record (EHR) based PheWAS uses various 
abstractions of International Classification of Diseases, Ninth Revision (ICD-9) codes to identify case/control status 
for diagnoses that are used as the phenotypic variables. However, there have not been comparisons within a 
PheWAS between results from high quality derived phenotypes and high-throughput but potentially inaccurate use 
of ICD-9 codes for case/control definition. For this study we first developed a group of high quality algorithms for 
five phenotypes. Next we evaluated the association of these and 4,636,178 genetic 
variants with minor allele frequency >  0.01 and compared the results from high-throughput associations at the 3 
digit, 5 digit, and PheWAS codes for defining case/control status. We found that certain diseases contained similar 
patient populations across phenotyping methods but had differences in PheWAS.   

Introduction 

Phenome-Wide Association Studies (PheWAS) are used to investigate the association between a collection of 
genetic variants and a wide and diverse range of phenotypes, diagnoses, traits, and/or outcomes1. PheWAS highlight 
novel connections between multiple phenotypes and can elucidate more of the phenotype-genotype landscape as 
well as generate new hypotheses for further exploration. The complex results of PheWAS also have the potential for 
uncovering new mechanistic insights. Electronic health record (EHR) data coupled with genetic data have been used 
repeatedly for PheWAS. For example, through the Electronic Medical Records and Genomics (eMERGE) network2,
EHR based International Classification of Diseases, Ninth Revision (ICD-9) codes have been used to establish 
case/control status for identifying significant associations between medical record diagnoses and genetic data3-6,
including using datasets from the Geisinger Health System (GHS) MyCode  biorepository7. Each PheWAS has 
shown the ability to replicate previously reported associations, clearly showing that the high-throughput PheWAS 
approach is valid as well as identifying hypothesis-generating novel associations.  

EHR based PheWAS have used various methods of grouping and counting ICD-9 codes to define case/control status 
for analyses. For example, there are three digit ICD-9 codes that specify disease categories (e.g. code 405 for 

 that can be further subdivided using multiple four or five digit sub ICD-9 codes (e.g. 
, that are more specific. The

most common methods of defining case/control status using EHR data include grouping ICD-9 codes by three digits 
(e.g. 250.02 rolls up to 250), five digits (e.g. 250.02 stays 250.02)7, and PheWAS Codes 8. The choice of which 
patients to consider a case or control based on their number of instances of a given code and who should be excluded 
(not classified as case or control) for a code has varied depending on the study. For example, one approach defines 
case status by requiring three or more instances of a given code per individual (rule of three), considering those with 
no instances of the code a control, and one or two instances of a code are excluded from further analysis. PheWAS 
Codes (http://phewas.mc.vanderbilt.edu/) go a step further by collapsing and grouping ICD-9 codes that are highly 
related and expanding the exclusion of individuals based on ICD-9 codes with revisions based on code frequency 
and human review. 

Case and control status based on the presence of an ICD-9 code has been one of the most accessible forms of EHR-
based high-throughput phenotypes allowing researchers to look for known and novel associations across a very 
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broad range of phenotypes. This can be attributed to the fact that the phenotype definitions can be easily applied 
across the spectrum of ICD-9 codes and results are more easily compared to other EHR based PheWAS. These 
methods have limitations, however; the positive and negative predictive values (PPV/NPV) vary greatly from 
phenotype to phenotype. For example a single diagnosis of myocardial infarction is highly predictive9 whereas a 
single diagnosis of stroke is not highly predictive10.  

While existing studies have demonstrated that PheWAS is a viable method to identifying genome/phenome 
associations which replicate well known associations, the measurement of EHR based PheWAS success have been 
focused on known associations and not a comparison of the phenotype definitions themselves. Thus, for this study,
using the Geisinger Health System MyCode  Biorepository, we identified ICD-9 code based case/control status 
using multiple methods. We then compared the results of the existing phenotype algorithms case/control status to 
high- case/control status for type 2 diabetes 
(T2DM), acute coronary syndrome (ACS), non-obstructive coronary artery disease (CAD), obstructive CAD, and 
obesity. Finally, we performed a genome-wide association study for each phenotype and contrasted highly 
significant results of these GWAS with association results from performing PheWAS using different ICD-9 code 
based case/control definitions. �

Methods 

Study Participants 

The MyCode dataset had a total of 3,022 individuals available with both phenotypic and genotypic data for this 
study. Because the majority of subjects were of European ancestry (EA), only EA subjects were selected for these 
analyses.  

Gold Standard Algorithmically Defined Phenotypes 

Five phenotype algorithms developed within Geisinger Health System with a high PPV/NPV  95%) were selected 
to compare to the phenotype definitions from various approaches for identifying case/control status based only on 
ICD-9 codes. These phenotype algorithms are considered to be gold-standard  because of their high PPV. The 
algorithms for these gold standard phenotypes incorporate EHR data (labs, meds, procedures, etc.) and temporality 
in addition to ICD-9 codes used in traditional PheWAS phenotyping. Table 1 illustrates the different types of data 
used in the gold standard phenotypes and shows the gold-standard phenotype overlaps with ICD-9 codes for 
different ICD-9 code levels/abstractions. The asterisks (*) in the table refer to a wildcard operator which would 
indicate any digit (0-9) included in the range. 

Table 1. Algorithmically Defined Phenotypes of This Study and Matched ICD-9 Based Diagnoses

At Geisinger Health System, data for creating phenotype algorithms are extracted 
Decision Intelligence System (CDIS), an enterprise data warehouse, additionally supplemented data from the 
Department of Cardiology. CDIS is updated every 24 hours with feeds from multiple source systems, including the 
EHR, tumor registry, financial decision support, claims, patient satisfaction and high-use third-party reference 

Phenotype 
Data Entities Used in Gold Standard 

Algorithm 
PheWAS 

Codes 
3 Digit 5 Digit 

Type II Diabetes 
Mellitus 

ICD-9 Codes, Medications, Laboratory 
Results 

250.2 250*
250.*0, 
250.*2 

Acute Coronary 
Syndrome 

ICD-9 Codes, Laboratory Results, Cardiac 
Catheterization Results, Radiology Results, 

ECG Results 

411, 411.2, 
411.4, 
411.9 

410*, 
411*

410.*, 
411.1 

Non-Obstructive 
Coronary Artery 

Disease 

ICD-9 Codes, Laboratory Results, Procedures, 
Interventional Radiology Results 

411, 411.3 413* 413.* 

Obesity 
ICD-9 Codes, Laboratory Results, Procedures, 

Interventional Radiology Results 
278.*, 
513.* 

278.* 278.* 

Obstructive 
Coronary Artery 

Disease 

ICD-9 Codes, Laboratory Results, Procedures, 
Interventional Radiology Results 

411, 411.3 413* 413.* 
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datasets. The source data are transformed through a complex -Transform- ETL) process. Laboratory 
results, medications, procedures, past medical history, and encounter setting are often key components of validated 
phenotypes and help to improve PPV/NPV.  

Phenotype algorithm development is a very iterative process that incorporates input from researchers, clinicians, 
clinical support staff, and Information Technology (IT) teams to understand how and why data was captured at the 
point of care in order to inform algorithm development. Programmer/Analysts in the Phenomic-Analytics and 
Clinical Data Core (P-ACDC) use existing methods of phenotyping and expand the process to allow for increased 
iteration and validation. First, analysts receive input from the members of the research team to determine if all data 
needed for the phenotype exists in the data warehouse and if not, the analyst will work with IT staff to incorporate 
that data into CDIS. Once complete data is obtained to define a phenotype, the algorithm is developed. Using the 
algorithm, one hundred positive (cases) and 100 negative patients (controls) for that phenotype are identified, and an 
analyst reviews the clinical records to validate the algorithm and calculate the PPV/NPV. If the predictive values are 
below desired levels (ie, < 85%), the analyst will identify areas of improvement, modify the algorithm, and repeat 
the validation process until desired results are achieved.

All attributes of the validated phenotypes are saved as value sets (terminology) and business rules (setting, timing, 
etc.). The collection of value sets and business rules is based on existing processes and repositories so that 
phenotypes can be consumed and shared across organizations. The National Library of Medicine (NLM) Value Set 
Authority Center (VSAC) (https://vsac.nlm.nih.gov/), the Center for Disease Control and Prevention (CDC) Public 
Health Information Network Vocabulary Access Distribution System (PHIN VADS) 
(http://www.cdc.gov/phin/tools/PHINvads/index.html), Phenotype Knowledge Base (PheKB) (https://phekb.org/),
and PhenotypePortal (http://phenotypeportal.org/) are well known national standards for consuming and authoring 
value sets and business rules.  

Matching ICD-9 Based Phenotypes to Gold Standard Phenotypes 

ICD-9 codes from the MyCode participants EHR that also had genotypic data were used for this study. For our 3 
digit and 5 digit PheWAS analyses, case status was defined as having  3 visits per individual, zero instances of an 
ICD-9 code to be considered a control. Individuals between 0 and 3 instances of a code (i.e., 1-2 visits) were omitted 
from the analyses for that code. At least ten case subjects per ICD-9 code to retain that ICD-9 code in association 
testing was required. 

Genotypic Data and Quality Control 

GHS MyCode subjects were genotyped using the Illumina HumanOmniExpress-12 v1.0 array a total of 729,078 
SNPs. Imputation was used to improve genomic coverage of the datasets. The imputation was performed using the 
IMPUTE2 algorithm after phasing with SHAPEIT211 using the 1,000 Genomes cosmopolitan reference panel, 
resulting in a total of 38,054,243 SNPs in 3,111 samples for MyCode12. Genotype Quality Control (QC) procedures 
were performed prior to association testing using the R programming statistical package13 and PLINK software14. 
The first step was to filter out the SNPs with poor imputation quality; SNPs with imputation quality scores > 0.9 
were used for further analyses. Data were filtered further for 99% genotype and sample call rates and minor allele 
frequency (MAF) threshold of 1%. Also, related samples were removed using Identity by Descent (IBD) kinship 
coefficient estimates. After QC, the genotypic data consisted of 4,636,178 SNPs and 3,022 samples with both 
phenotypic and genotypic data from MyCode. 

Association Testing 

Logistic regression with an additive encoding for the SNPs was used to evaluate the association between SNPs and 
the gold standard phenotypes. For each association, models were adjusted for decade of birth and sex. Association 
results were filtered for p-values < 1x10-4, to focus further analyses on highly significant results associated with the 
gold standard variables. Results were annotated using Biofilter15, to add information about any genes that the SNPs 
were in or near, as well as to annotate the SNPs with any known results from the NHGRI GWAS catalog16. The 
NHGRI GWAS catalog contains results from published GWAS in the literature reaching genome-wide significance.  
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Next, a PheWAS was performed using all SNPs identified through the previous step with p < 1x10-4. As described 
above, logistic regression with an additive encoding of the SNPs was used while controlling for decade of birth and 
sex. This was performed at the 3 digit and 5 digit ICD-9 code diagnosis level, and with PheWAS codes. Results for 
the association testing were plotted using GGPlot217 and PheWAS-View18 software. 

Results 

Comparing Case and Control Status: Gold Standard Phenotypes and ICD-9 Methods 

After patients were classified as either a case or control using the various methods a comparison was conducted to 
demonstrate the overlap existing between the defined case/controls sets according to each method (Table 2). Not 
surprisingly, it was found that the methods agree in some areas and not in others. For example, T2DM was very 
closely matched across all of the methods (Figure 1) and obesity showed a large overlap (Figure 2) using diagnosis 
codes but incorporating vital measurements in the gold standard picked up additional patients that were otherwise 
missed. The cardiovascular phenotypes did not show agreement between the 3-digit and 5-digit code methods with 
the gold standard because of the inherent lack of information in the ICD-9 codes themselves. Using results from the 
cardiac catheterization laboratory and elevated biomarkers helps to appropriately classify the disease state. Overall, 
evaluating the absolute value of the difference in the number of cases according to the gold standard definition with 
that of PheWAS Codes, 3 digit codes, and 5 digit codes, it is observed that 3 digit and 5 digit codes have the closest 
case counts to the gold standard in all phenotypes except for obesity. To better understand the various case 
classifications, Venn diagrams were used to show the differences in actual patient overlap, not just absolute count.�

Table 2. Counts of patients identified by phenotype method.
Phenotype Gold Standard PheWAS Code 3 digit 5 digit 

T2DM  1012 1029 1033 1024
ACS 158 870 129 74

Non-Obstructive CAD 208 870 134 134
Obesity 1741 1334 1321 1283

Obstructive CAD 315 870 134 134

Figure 1. Venn diagram demonstrating the overlap of 
cases by phenotype method for T2DM 

Figure 2. Venn diagram demonstrating the overlap of 
cases by phenotype method for Obesity
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Figure 3. Venn diagram demonstrating the overlap of cases by phenotype method for ACS

�

Comparing Association Results between Gold Standard Phenotypes and ICD-9 Code Based PheWAS 

A total of 2,585 SNPs passed the p-value cutoff for the gold-standard phenotypes. Eight of these SNPs were present 
in the NHGRI GWAS Catalog. Those SNPs significantly associated with gold-standard phenotype at p-value >
1x10-4 were evaluated by performing a PheWAS with the ICD-9 codes at 3 digit, 5 digit diagnosis level, and 
PheWAS code level. Table 3 shows the average p-value of the gold standard associations passing our p-value cutoff, 
and what the maximum p-value was. Table 3 also shows for each gold standard phenotype the number of 
associations with p < 1x10-4 matching the same SNP-phenotype gold association. Note, more than one ICD-9 code 
corresponds to some of the gold standard phenotypes (Table 1), thus matches were only counted once when they 
occurred. The results of the PheWAS using different ways to define case control status recapitulate what was 
observed in the case/control definition comparisons of Table 2. For phenotypes where the ICD-9 codes offer more 
specific or appropriate terminology about a diagnosis, such as with T2DM, there is a better match in associations 
identified through PheWAS. For phenotypes poorly represented in ICD-9 code terminology compared to high-
quality algorithmic development using multiple inclusion and exclusion criteria, the number of associations repeated 
in PheWAS compared to gold standard results is reduced, particularly in ACS.  

Also, of note, while PheWAS Codes had higher case numbers than the algorithms for CAD, this did not result in 
more overlap in associations with the gold standard associations when compared to the 5-digit and 3-digit 
approaches. Ranges of p-values for associations where there was the same SNP from the gold standard phenotype 
and a matching ICD-9 code from Table 1 were evaluated and shown in Table 4. Depending on the gold standard 
phenotype, one case/control approach (PheWAS codes, 5 digit, and 3 digit) performs better than another method, 
however the differences are mostly minimal across the definitions of case/control status. While the case numbers can 
be lower for ICD-9 codes compared to gold standard algorithms, which can affect power to detect associations, there 
will also be more individuals incorrectly defined as cases and controls when using ICD-9 based case/control 
definitions alone. As a result, this will impact the ability to detect significant associations, as well as the degree of 
the significance of the association. Supplementary materials have containing all the individual association results 
used for Table 3 and 4 are located online: https://ritchielab.psu.edu/publications/supplementary-data/amia-phewas. 

Table 3. Range of gold standard p-value results and number of associations for the same SNP and phenotype 
matched across three methods of defining ICD-9 case/control status. 

Phenotype 
Gold  

p-value avg 
Gold  

p-value max 

Number Gold 
Phenotype 

SNPs 

Matched 
PheWAS Code 
Associations 

Matched  
5 Digit 

Associations 

Matched  
3 Digit 

Associations 

T2DM 5.33E-05 1.00E-04 563 559 558 562

ACS 5.17E-05 9.99E-05 399 13 19 4 
Non-Obstructive 

CAD 3.80E-05 9.97E-05 738 114 76 76

Obesity 5.03E-05 9.99E-05 310 109 149 90

Obstructive CAD 5.14E-05 1.00E-04 721 159 22 22
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Table 4. The range of p-values (minimum, average, maximum) for associations matching the same SNP and gold-
standard defined phenotype across three methods of defining case/control status.  

Phenotype 
Phecode  

p-value min 
Phecode  

p-value avg 
Phecode  

p-value max 
5 Digit 

p-value min 
5 Digit  

p-value avg 
5 Digit  

p-value max 
3 Digit  

p-value min 
3 Digit 

p-value avg 
3 Digit  

p-value max 

T2DM 1.01E-04 7.54E-04 9.81E-05 1.01E-04 7.54E-04 9.87E-05 1.00E-04 6.84E-04 9.80E-05

ACS 2.54E-04 5.88E-03 9.25E-03 1.16E-03 3.54E-03 9.10E-03 5.10E-04 3.28E-03 8.38E-03

Non-Obstructive 
CAD 

1.59E-04 2.60E-03 9.93E-03 1.86E-03 4.76E-03 7.88E-03 1.87E-03 4.80E-03 7.94E-03

Obesity 1.05E-04 3.72E-03 4.56E-05 1.21E-04 3.25E-03 9.77E-06 1.07E-04 3.87E-03 1.83E-05

Obstructive CAD 1.59E-04 3.21E-03 3.70E-05 1.38E-03 5.58E-03 9.38E-03 1.40E-03 5.67E-03 9.51E-03

Figure 4. Manhattan-plots of all results. These are the results for the 5-digit ICD-9 code defined case/control 
diagnoses. Supplementary figures show the results for the 3-digit and PheWAS Code defined case/control status and 
are available online. The points in gold show the significance of the association result for the ICD-9 based diagnoses
most similar to the gold-standard defined phenotype, for example the ICD-9 code 250.00 is the ICD-9 code for 
T2DM.  

Variability in the identification and significance of associations was observed across the various methods of defining 
case/control status definitions when compared to the results using gold standard phenotypes. Some of this variability 
may be due to shifting case identification; different ICD-9 approaches resulted in identifying different individuals. 
Interestingly, the study did not observe the 3 digit or PheWAS code approach as having the most significant results 
of the three approaches from SNP to SNP, even though there could have been increased power through increased 
case numbers. Three examples are shown (Figure 5-7) of single SNPs. and the results across three different methods 
for the phenotypes of obesity, non-obstructive and obstructive CAD, and T2DM. Larger versions of figures are 
available in the online supplementary materials. For all three of these SNPs the ICD-9 diagnoses most similar to 
these gold-standard phenotypes have a similar direction of effect of the association. Figures 5-7 illustrate the 
significance of association through ordering by most significant at the top of the figure with decreasing significance 
plotted clockwise. The length of the each line corresponds to the log(p-value) of each result. 
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Figure 5. Sun Plot of association results for SNP rs7127254, coded allele T, present across the three methods of 
identifying case/control status used for these analyses. This SNP was associated with the gold standard phenotype of 
obesity in our study with p-value 6.19x10-7, and the array of metabolic syndrome comorbidities also associated with 
SNP notable. The most significant association for this SNP was with the 5 digit ICD-9 of T2DM. 

Figure 6. Sun Plot of results for SNP rs2277251, coded allele T. This SNP was associated with the gold standard 
phenotype of T2DM with p-value 7.08x10-7. SNP-phenotype associations (p < 0.01) that were also present for this 
SNP across the 3 methods of identifying case/control status. The spectrum of other comorbidities related to T2DM 
also associated with this SNP is notable.  

Figure 7. Sun Plot of results for SNP rs10009355, coded allele T. This SNP was associated with the gold standard 
phenotype of obstructive CAD with p-value 8.24x10-7. SNP-phenotype associations (p < 0.01) that were also present 
for this SNP across the 3 methods of identifying case/control status. Additional comorbidities related to CAD are 
associated with this SNP. 
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Discussion 

Studies have shown that PheWAS can be a viable method for identifying known and/or novel associations in 
phenotypes and genotypes for hypothesis generation. The current methods used to define phenotypes allow for 
simple application of business rules to define a wide range of diseases. Defining gold standard methods for 
phenotypes is a laborious task that cannot be reasonably applied to all diseases. Comparing these methods of 
defining phenotypes shows that there are certain diseases where using code based case methods agree with more 
co
data from the EHR. For example, good agreement across the various methods was observed for T2DM, whereas 
ACS exhibited poor agreement due to the lack of specificity PheWAS codes. 

For the gold-standard phenotypes, some associations were identified from previously published replicated results 
(annotated in the supplementary results of associations). The sample size was relatively small and thus the analysis 
had low power to identify new associations or replicate known associations. Therefore, for these exploratory 
analyses, a less stringent p-value cutoff of 1x10-4 was used and p-values for multiple testing were not corrected for.  
Future directions include exploring these analyses within a larger genetic dataset linked to EHR based phenotypic 
data as well as repeating -9 code will 
indicate an individual is a control, instead -9
code for case/status will increase the number of controls. For some ICD-9 codes this may increase the number of 
false-controls; however it may increase the power of associations for ICD-9 codes that are rare and unlikely to have 
been assigned to a patient incorrectly.  

Additional research needs to be done to compare the positive and negative predictive value of the ICD-9 code based 
method phenotypes and compare the patient populations that do not agree to potentially identify additional methods 
that are generalizable and can be added broadly to phenotype definitions. In addition, comparing more gold standard 
phenotypes to code based approaches would help to identify disease areas that have a high degree of agreement 
between the simple and complex approaches. Collaborating with existing efforts such as eMERGE, VSAC, and 
PHIN VADS would allow comparison to be completed at a much larger scale and across multiple institutions. 
Machine learning approaches are also a next step in developing phenotypes that perhaps can be semi-automated.
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