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1IADRGSE: A Graph-Embedding and Self-Attention
Encoding for Identifying Adverse Drug Reaction in
the Earlier Phase of Drug Development
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Abstract

Adverse drug reactions (ADRs) are a major issue to be addressed by the pharmaceutical industry. Early and accurate detection of
potential ADRs contributes to enhancing drug safety and reducing financial expenses. The majority of the approaches that have been
employed to identify ADRs are limited to determining whether a drug exhibits an ADR, rather than identifying the exact type of ADR. By
introducing the "multi-level feature-fusion deep-learning model", a new predictor, called iADRGSE, has been developed, which can be
used to identify adverse drug reactions at the early stage of drug discovery. iIADRGSE integrates a self-attentive module and a graph-
network module that can extract one-dimensional sub-structure sequence information and two-dimensional chemical-structure graph
information of drug molecules. As a demonstration, cross-validation and independent testing were performed with iADRGSE on a dataset
of ADRs classified into 27 categories, based on SOC (system organ classification). In addition, experiments comparing iADRGSE with
approaches such as NPF were conducted on the OMOP dataset, using the jackknife test method. Experiments show that iADRGSE was
superior to existing state-of-the-art predictors.
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Abstract

A retrospective observational study is one of the most widely used research methods in medicine. However, evidence postulated from a
single data source likely contains biases such as selection bias, information bias, and confounding bias. Acquiring enough data from
multiple institutions is one of the most effective methods to overcome the limitations. However, acquiring data from multiple institutions
from many countries requires enormous effort because of financial, technical, ethical, and legal issues as well as standardization of data
structure and semantics. The Observational Health Data Sciences and Informatics (OHDSI) research network standardized 928 million
unique records or 12% of the world's population into a common structure and meaning and established a research network of 453 data
partners from 41 countries around the world. OHDSI is a distributed research network wherein researchers do not own or directly share
data but only analyzed results. However, sharing evidence without sharing data is difficult to understand. In this review, we will look at
the basic principles of OHDSI, common data model, distributed research networks, and some representative studies in the cardiovascular
field using the network. This paper also briefly introduces a Korean distributed research network named FeederNet.
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Abstract

Introduction: The DoD and VA Infrastructure for Clinical Intelligence (DaVINCI) data-sharing initiative has bridged the gap between DoD
and VA data. DaVINCI utilizes the Observational Medical Outcomes Partnership (OMOP) Common Data Model (CDM) to map DoD and
VA-specific health care codes to a standardized terminology. Although OMOP CDM provides a standardized longitudinal view of health
care concepts, it fails in capturing multiple and changing relationships beneficiaries have with DoD and VA as it has a static (vs. yearly)
person characteristic table. Furthermore, DoD and VA utilize different policies and terminology to identify their respective beneficiaries,
which makes it difficult to track patients longitudinally. The primary purpose of this report is to provide a methodology for categorizing
beneficiaries and creating continuous longitudinal patient records to maximize the use of the joint DoD and VA data in DaVINCI.
Materials and methods: For calendar year 2000-2020, we combined DoD and VA OMOP CDM and source databases to uniquely
categorize beneficiaries into the following hierarchical groups: Active Duty, Guard, and Reserve Service Members (ADSMs); Separatees;
Retirees; Veterans; and Deceased. Once the cohorts were identified, we examined calendar year 2020 health care utilization data using
the OMOP VISIT_OCCURRENCE, DRUG_EXPOSURE, MEASUREMENT, and PROCEDURE tables. We also used the Defense Enrollment and
Eligibility Reporting System source table to derive enrollment periods for DoD beneficiaries. As VA does not have enrollment plans, we
utilized the VA's priority groups (1-5) in the SPATIENT source table to crosswalk the DoD's enrollment concept to the VA. We then
assessed lengths of continuous enrollments in DoD and VA and the impact of appending the longitudinal records together.

Results: The majority of the ADSMs utilized the DoD system, but about 60,557 (3%) were seen in the VA for varied types of care. The
market share of care provided to ADSMs by the VA varied by specialty and location. For Retirees, the split between DoD (1,625,874
[75%]) and VA (895,992 [41%]) health care utilization was more significant. The value added for utilizing DaVINCI in longitudinal studies
was the highest for researchers normally limited to DoD data only. For beneficiaries who had 5 years of continuous enrollment, DaVINCI
increased the potential study population by over 202% compared to using DoD data alone and by over 14% compared to VA data alone.
Among beneficiaries with 20 years of continuous enrollment, DaVINCI increased the potential study population by over 133% compared
to DoD data and by nearly 39% compared to VA data.

Conclusions: DaVINCI has successfully combined DoD and VA data and utilized OMOP CDM to standardize health care concepts. However,
to fully maximize the potential of DaVINCI's DoD and VA OMOP databases, researchers must uniquely categorize the DaVINCI cohort and
build longitudinal patient records across DoD and VA. Because of the low other health insurance rates among DoD enrollees and their
choice to enroll to a DoD Primary Care Manager, we believe this population to be the least censored in the DoD. Applying a similar
concept through VA's priority groups (1-5) would enable researchers to follow ADSMs as they transition from the military.
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Dec. 6 Recent OHDSI Publications

® Comparative risk of thrombosis with thrombocytopenia syndrome or thromboembolic events
associated with different covid-19 vaccines

® Transforming and evaluating the UK Biobank to the OMOP Common Data Model for COVID-19
research and beyond

® Adjusting for indirectly measured confounding using large-scale propensity score

® PheValuator 2.0: Methodological improvements for the PheValuator approach to semi-
automated phenotype algorithm evaluation

Dec. 13 2022 In Review
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Objective 1: Enable the device standardization efforts to be interoperable
with OMOP to support large scale device data analysis

2022 Key Results:

1. Survey the current practice within OHDSI community for device specific
data and device generated data for real world evidence generation

2. Define methods to assess and harmonize standards to be included in
OMOP vocabulary for device data

Objective 2 in dev:

Device areas

1. General surgery

2. Cardiovascular devices

3. Orthopedics (Spine) | nte rest to p |CS
4. Orthopedics (hips and knees)

5. Neurological devices ( aneurysm,
stroke)

6. Vision, lens

7. Breast implant

8. Robotic devices

9. Oncology surgery

10. Mesh for hernia repair

Is there a need to extend the CDM
or Vocabulary?
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)" Workgroup: Clinical Trials (Tom Walpole)

P¥ Workgroup Objectives

Transform CDISC SDTM Formatted Clinical Trials Data to OMOP CDM
e Propose Conventions
e (Generate Mappings
e Publish Guidelines

PZ Challenges

e Data are currently collected according to CDISC SDTM Standard and require
ETL definitions/mappings to convert into OMOP CDM

Privacy concerns make it difficult to access data for testing

e Clinical Trials data are specialized type of medical record often requiring
custom vocabularies

)" Our Approach

e Document Proposed Conventions
o https://github.com/OHDSI/Clinical TrialsWGETL/wiki
e Collect a set of SDTM formatted source data that adequately represents a
breadth of data elements
o Across different Phases and Therapeutic Areas
e Data Sources

o PhUSE e Produce ETL definitions and field mappings for source data

o Vivli o https://github.com/OHDSI/Clinical TrialsWGETL/tree/master/docs
o CPath e Proof of Concept
o TrialTwin

o Perform data transformations using definitions & mappings in a protected environment



% Workgroup: Patient-Level Prediction (Jenna Reps)

Current research projects

* Improving model transportability (calibration)

* Interpreting external validation

* Empirical evaluation into best practices for patient-level prediction
* Model updating

* Counter-factual prediction

* Comparison of deep learning methods

* Comparison of regularization methods



P Workgroup: Psychiatry (Dmytry Dymshyts)

B Standards: Vocabulary development — initial
phase, done not systematically

Initial set of around 280 scales added to the OMOP vocabulary

B Standards: Vocabulary development — second
phase: comprehensive and systematic approach

B Standards: explore questionaries in a RW data

Ongoing Study

* Predicting Adverse Drug Events during Methylphenidate Treatment in
ADHD : International Collaborative Network Study

Previously run studies

* The risk of schizophrenia in ACE inhibitor users compared with users of
other antihypertensives
* Covid-19 pandEmic impacts on mental health Related conditions Via

multi-database nEtwork: a Longitutinal Observational
study (CERVELLO)
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