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OMOP Common Data Model and Diagnostic Classification
The All of Us Research Program returned results using the standardized OMOP Common Data Model, which employs granular diagnostic classifications, resulting in identification of specific clinical entities rather than general disease categories. For example, rather than the broad category of "kidney stones," the database identified specific compositions such as calcium oxalate and uric acid calculi. This data-driven approach also revealed associations with conditions not initially hypothesized, including pregnancy-related complications and specific cardiovascular phenomena, demonstrating the value of comprehensive exploration in identifying novel disease associations.
The OMOP model organizes patient information into standardized tables for conditions, procedures, measurements, observations, and other clinical domains. All data were harmonized to OMOP Common Data Model version 5.2, which standardizes clinical terminology and facilitates consistent analysis across various data sources.
Data Extraction and Processing
We created comprehensive SQL queries in the All of Us Researcher Workbench to extract condition occurrence records for both cases and controls. Each comorbid condition was identified using corresponding OMOP standard concept codes in the condition_occurrence table, ensuring standardized and reproducible case definitions.
For each participant, we identified all diagnosed conditions recorded within the observation period, which extended from the earliest available EHR entry to the end of the data collection period (February 2025). The data extraction process involved several key steps:
1. Query Construction:
1. OMOP concept codes were systematically mapped to identify cases, controls, and all specified comorbidities
1. SQL queries were developed and validated within the All of Us Researcher Workbench environment
1. Demographic and clinical variables were extracted for all participants using standardized data dictionaries

2. Comorbidity Prevalence Assessment:
1. Among the 413,457 total participants in the dataset, 186,581 participants (45.1%) had at least one of the investigated comorbidities
1. Of the 5,094 IBD cases, 3,469 participants (68.1%) had at least one comorbidity
1. This high comorbidity prevalence in IBD cases compared to the general dataset population provided the foundation for our comparative analysis

3. Data Integration and Quality Control:
1. Case and control data were merged into a single analytical dataset
1. Comorbidity information was structured as binary indicators for statistical analysis
1. Quality control procedures were implemented to ensure data integrity and validate matching procedures
1. Cross-validation checks were performed to confirm accurate case-control assignment

4. Dataset Preparation:
1. The final dataset included 25,470 participants (5,094 IBD cases and 20,376 matched controls)
1. Variables included demographic characteristics, binary comorbidity indicators, and group identifiers (case/control)
1. The dataset was exported in standardized format for subsequent statistical analysis
IBD Population Breakdown
The comprehensive IBD population breakdown was as follows:
1. Total IBD cases (any IBD diagnosis): 5,094 participants
1. Ulcerative colitis: 2,868 participants
1. Crohn's disease: 2,997 participants
1. General IBD (unspecified): 2,236 participants
Note: These numbers reflect overlapping diagnoses, as some participants had multiple IBD-related diagnostic codes recorded in their medical records.
Medication Data
As part of our comprehensive approach to understanding IBD patient characteristics, we extracted medication data for IBD patients. Supplementary Table 2 details the 20 IBD-related medications investigated, including conventional therapies (methotrexate, azathioprine, mercaptopurine), biologics (adalimumab, infliximab, vedolizumab, ustekinumab), JAK inhibitors (tofacitinib, upadacitinib), and corticosteroids (prednisone, prednisolone, budesonide, methylprednisolone), among others.
A total of 97,367 participants in the overall dataset were taking at least one of these medications for various indications. Within our specifically identified IBD cohort (n=5,094), medication data provided context for IBD-specific treatment patterns. Comprehensive medication-comorbidity analysis was beyond the scope of this study. Future pharmacovigilance studies examining medication-specific comorbidity risks would provide valuable insights into whether certain associations are related to IBD pathophysiology versus treatment effects.
Data Visualization Methods
The volcano plot (Figure 1) was generated using custom R scripts with the ggplot2 package, with specialized formatting to highlight significantly associated comorbidities. Vertical dashed lines mark the threshold values for significance of association (OR < 0.5 for decreased morbidity, OR > 1.5 for increased morbidity comorbidities), while the horizontal dashed line indicates the statistical significance threshold (FDR = 0.05).
Forest plots (Figure 2) were generated to visualize both unadjusted and adjusted ORs with their respective 95% confidence intervals for 21 of the 22 significant comorbidities identified in the volcano plot analysis. One comorbidity ("calcium oxalate calculus of kidney") was excluded from the forest plot due to extreme data sparsity, exhibiting near-complete separation that resulted in unstable OR estimates and extremely wide confidence intervals that could not be reliably adjusted.
Software and Statistical Tools
All analyses were conducted within the secure cloud-based Researcher Workbench platform provided by the All of Us Research Program. The primary analytical tools included R version 4.2.3 (R Core Team, 2024) and Python 3.11 (Python Software Foundation).
For data extraction and preparation, we utilized SQL queries through the integrated Jupyter Notebook environment to access the OMOP-formatted data tables. The dplyr, tidyr, and data.table packages in R were employed for data manipulation and transformation. Statistical analyses were performed using the stats package in R, with additional implementations from the survival package for time-to-event analyses in sensitivity studies.
For data visualization, volcano plots were custom-built using ggplot2 in R with specialized formatting to highlight significantly associated comorbidities. The forest plots were created through a specialized approach using artificial intelligence assistance, where we provided the raw data to a large language model that then generated a customized implementation of the forest plot displaying both unadjusted and adjusted odds ratios simultaneously.
Data Access Procedures
To ensure reproducibility, all analysis scripts, including data extraction, processing, statistical analysis, and visualization code, have been documented and are available in the Researcher Workbench environment. Additionally, the final analytical dataset containing both IBD cases and matched controls with all variables used in this study is available in our GitHub repository as "a1_fixed_corrected.csv" (https://github.com/SohamSudhakaran/IBD). This dataset includes the 5,094 IBD cases and 20,376 matched controls along with their demographic characteristics, comorbidity indicators, and group identifiers, enabling complete reproduction of our analyses.
Due to privacy regulations and the sensitive nature of healthcare data:
1. Access to the original All of Us data requires completion of the All of Us Researcher Workbench registration process
2. Researchers interested in accessing the raw data must:
1. Obtain appropriate institutional approval
1. Complete required training on responsible data use
1. Submit a data access request through the official All of Us platform
For more information on accessing All of Us data, visit: https://allofus.nih.gov/
Comorbidity Categories Investigated
Our initial screening identified a broad range of potential comorbidities organized into the following major categories:
1. Dermatological conditions including acne, hidradenitis suppurativa, alopecia areata, contact dermatitis, dermatomyositis, eczema, lichen planus, localized scleroderma, psoriasis, seborrheic dermatitis, and vitiligo.
1. Cardiovascular and vascular conditions including pericarditis, myocarditis, hypertensive disorders, and various arterial conditions.
1. Autoimmune and rheumatologic conditions including diabetes mellitus (types 1 and 2), autoimmune hepatitis, Sjögren's syndrome, and rheumatoid arthritis.
1. Renal and urological conditions including end-stage renal disease, kidney stones, nephritis, and various renal complications.
1. Neurological and psychiatric conditions including seizure disorders, anxiety, depression, and eating disorders.
1. Gastrointestinal conditions beyond IBD, including various complications and related disorders.
1. Respiratory conditions including interstitial lung disease and lung cancer.
The complete list of investigated comorbidities is provided in Supplementary Table 1, which details both the proposed conditions for investigation and the specific conditions returned by the All of Us Research Program query results.
Control Matching Details
The Cohort Matcher tool, an integrated component of the All of Us Researcher Workbench platform, was employed to implement the matching algorithm. This approach was designed to minimize confounding by fundamental demographic factors. The matching process was performed without replacement, meaning each control participant could be matched to only one case. When multiple potential controls met the matching criteria for a case, selections were made randomly from the pool of eligible controls. For cases where fewer than four matching controls were available, all available matching controls were included, and the reduced matching ratio was accounted for in the statistical analysis.
Although our study design included matching controls to cases on age, gender, and race, analysis of the final study population revealed significant differences in these demographic variables between groups (Table 1). This discrepancy occurred because the complexity of demographic data labels and subcategories in the All of Us Research Program dataset made achieving perfect 1:1 matching challenging for all participants. We prioritized including all eligible IBD cases to maximize statistical power for detecting rare comorbidities, which occasionally required compromises in the strictness of matching criteria. To account for these demographic differences, we performed additional statistical adjustments using the Mantel-Haenszel method, which controlled for these demographic variables in our calculation of adjusted odds ratios.
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