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Background

Precision medicine integrates data from medical history, genomics, environmental exposures, and more,
to enhance our understanding of disease etiology.(1) Facilitating these efforts, two prominent biobanks
are the UK Biobank (UKBB) and the All of Us Research Program (AoU). Previous work has shown that the
UKBB population is healthier than the general UK population, while the AoU population has a higher
disease burden compared with the US population, with the exception of psychiatric diagnoses.(2—4)
Furthermore, a recent study by Zeng et al. found that the majority of diseases have significantly higher
prevalence in AoU than in the UKBB.(3) Across each of these studies, disease cohort identification was
performed via Phecode phenotyping or by participant self-report.(2—4)

The richness of Electronic Health Record (EHR) information contained in each of these biobanks allows
researchers to define more expressive phenotype definitions to build cohorts for downstream
analysis.(5,6) Here, we contend that more precisely defined phenotypes will enable a more accurate
inclusion of patients in cohorts and facilitate better comparisons across biobanks. The OHDSI Phenotype
Library (PL) is a repository for high-quality phenotype definitions, including those generated by domain
experts and subjected to peer review, and thus is a rich resource for high-throughput computational
phenotyping.(7) However, due to the technical limitations on AoU’s Research Workbench, OHDSI’s
software ATLAS that allows cohort creation cannot be directly used in AoU.(8) This is in part because the
AoU curated data repository combines data from multiple sources such as surveys, physical
measurements, and EHR data.

We developed a tool to create ATLAS phenotypes within AoU’s Research Workbench. We demonstrate
this tool’s effectiveness by creating OHDSI Phenotype Library (PL) phenotypes in AoU and comparing them
with those in the UKBB.

Methods

To enable correct cohort construction in AoU, Atlas2AoU alters the original ATLAS query in two ways. First,
a temporary observation period table is created and queried as opposed to the original. The temporary
table is constructed using OHDSI’s suggestion of taking the minimum and maximum dates of recorded
clinical events for each individual across nine OMOP CDM tables.(9) Second, due to permissions on the
AoU workbench, queries do not write to a cohort table, but instead return the final table directly as a
Pandas Data Frame. Atlas2AoU is available at https://github.com/G2Lab/Atlas2AoU.

To illustrate the use of this tool, we present a prevalence comparison of 423 cohorts in OHDSI’s PL v3.1.6
between UKBB and AoU. Furthermore, for a Chronic Obstructive Pulmonary Disease (COPD) cohort
(cohortld: 28), we perform detailed analyses of geographic disease prevalence, demographics and social
determinants of health (SDOH), and identify variants significantly associated with the disease through
genome-wide association studies (GWAS).

Results


https://github.com/G2Lab/Atlas2AoU

Table 1 demonstrates the impact of deploying an ATLAS query on the AoU database without proper
configuration of the observation period table for three phenotypes. False positives are defined as
individuals who were found by the original query but not by the Atlas2AoU modified query, while false
negatives were missing from the original query but discovered by the Atlas2AoU query. As shown,
across all three phenotypes, the Atlas2AoU query results in a larger cohort size, increasing power of
downstream analysis.

Phenotype Original query Original query Original query Atlas2AoU query
false positives false negatives cohort size cohort size

T2D 370 43,111 7,503 50,244

COPD 488 23,044 2,256 24,812

Acute MI 0 6,131 194 6,325

Table 1. Cohort size comparison between original and Atlas2AoU queries for three phenotypes

Figure 1 shows prevalence ratios for all 423 phenotypes from the OHDSI PL. A prevalence ratio of one
represents equal prevalence. AoU has significantly higher prevalence compared to the UKBB for 335 of
the 423 phenotypes. In contrast, the UKBB only has significantly higher prevalence for 23 phenotypes.
Thus, as in Zeng et al., we find that AoU has a much higher disease burden than the UKBB.(3) All three of
the diseases with the highest prevalence ratios are in the Psychiatry/Psychology category, including two
phenotype definitions specific to Attention Deficit Hyperactivity Disorder. AoU has a higher prevalence
for 100% of phenotypes in the Psychiatry/Psychology, Ophthalmology, Endocrinology, Sleep,
Hematology, Rheumatology, Metabolism and Nutrition, Miscellanea, and Orthopedics categories.
Diseases with the lowest prevalence ratios include Peripheral Ischemia, Chilblains, and Cerebrovascular
accident.
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Figure 1. Prevalence comparison for OHDSI PL cohorts in AoU and the UKBB

Figure 2 illustrates detailed cohort comparisons for COPD. As shown in Figure 2e, we find the prevalence
of COPD to be significantly higher in AoU than in the UKBB. We find a similar estimate to that of Zeng et
al. for COPD in AoU (OHDSI PL: 0.086; Phecode: 0.087), but a much lower estimate in the UKBB (OHDSI
PL: 0.03; Phecode: 0.06).(3) Additionally, we see that the AoU cohort has a higher proportion of Black
participants and is generally older than the UKBB cohort. Areas of high prevalence for COPD, shown in
Figures 2a and 2b, are West Dunbartonshire, Glasgow City, and West Lothian, and 2-digit zip codes 64, 66,
and 67 corresponding to areas of Kansas and Missouri. These regions of high prevalence coincide with



regions characterized by high smoking rates, a known risk factor for COPD.(10,11) We see that the SDOH
variables of smoking pack years, companionship, income, alcohol frequency and education level are
significantly different among the AoU and UKBB cohorts. While smoking pack years variable is significantly
different, there is no difference in the proportion of individuals who have smoked 100 cigarettes in their
lifetime. Lastly, while the AoU GWAS did not detect any significant variants within exons, the UKBB GWAS
detected variants in the exons of HYKK, CHRNA3, CHRNA4, and CHRNAS, all of which are previously known
to harbor variants associated with COPD.(12,13)
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Figure 2. Geographic, SDOH, genomic, and demographic profiles for COPD
Conclusion

We demonstrate that Atlas2AoU can enable downstream deployment of ATLAS queries in the AoU
researcher workbench. Through application of Atlas2AoU with 423 OHDSI PL phenotypes, we show that
AoU has a significantly higher disease burden than the UKBB. Furthermore, we present detailed
comparisons between AoU and the UKBB for COPD. This detailed comparison demonstrates differences
in prevalence, demographics, and SDOH in the two databases, as well as highlights important regions of
high risk for disease susceptibility, both in terms of geography and genetics.
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