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Objective: The large-scale collection of observational data and digital technologies could help curb the COVID-19 pandemic. However, the
coexistence of multiple Common Data Models (CDMs) and the lack of data extract, transform, and load (ETL) tool between different CDMs causes
potential interoperability issue between different data systems. The objective of this study is to design, develop, and evaluate an ETL tool that
transforms the PCORnet CDM format data into the OMOP CDM.

Methods: We developed an open-source ETL tool to facilitate the data conversion from the PCORnet CDM and the OMOP CDM. The ETL tool was
evaluated using a dataset with 1000 patients randomly selected from the PCORnet CDM at Mayo Clinic. Information loss, data mapping accuracy, and
gap analysis approaches were conducted to assess the performance of the ETL tool. We designed an experiment to conduct a real-world COVID-19
surveillance task to assess the feasibility of the ETL tool. We also assessed the capacity of the ETL tool for the COVID-19 data surveillance using data
collection criteria of the MN EHR Consortium COVID-19 project.

Results: After the ETL process, all the records of 1000 patients from 18 PCORnet CDM tables were successfully transformed into 12 OMOP CDM
tables. The information loss for all the concept mapping was less than 0.61%. The string mapping process for the unit concepts lost 2.84% records.
Almost all the fields in the manual mapping process achieved 0% information loss, except the specialty concept mapping. Moreover, the mapping
accuracy for all the fields were 100%. The COVID-19 surveillance task collected almost the same set of cases (99.3% overlaps) from the original
PCORnet CDM and target OMOP CDM separately. Finally, all the data elements for MN EHR Consortium COVID-19 project could be captured from
both the PCORnet CDM and the OMOP CDM.

Conclusion: We demonstrated that our ETL tool could satisfy the data conversion requirements between the PCORnet CDM and the OMOP CDM. The
outcome of the work would facilitate the data retrieval, communication, sharing, and analysis between different institutions for not only COVID-19
related project, but also other real-world evidence-based observational studies.
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Background: We investigated whether we could use influenza data to develop prediction models for COVID-19 to increase the speed at which
prediction models can reliably be developed and validated early in a pandemic. We developed COVID-19 Estimated Risk (COVER) scores that quantify
a patient's risk of hospital admission with pneumonia (COVER-H), hospitalization with pneumonia requiring intensive services or death (COVER-I), or
fatality (COVER-F) in the 30-days following COVID-19 diagnosis using historical data from patients with influenza or flu-like symptoms and tested this
in COVID-19 patients.

Methods: We analyzed a federated network of electronic medical records and administrative claims data from 14 data sources and 6 countries
containing data collected on or before 4/27/2020. We used a 2-step process to develop 3 scores using historical data from patients with influenza or
flu-like symptoms any time prior to 2020. The first step was to create a data-driven model using LASSO regularized logistic regression, the covariates
of which were used to develop aggregate covariates for the second step where the COVER scores were developed using a smaller set of features.
These 3 COVER scores were then externally validated on patients with 1) influenza or flu-like symptoms and 2) confirmed or suspected COVID-19
diagnosis across 5 databases from South Korea, Spain, and the United States. Outcomes included i) hospitalization with pneumonia, ii) hospitalization
with pneumonia requiring intensive services or death, and iii) death in the 30 days after index date.

Results: Overall, 44,507 COVID-19 patients were included for model validation. We identified 7 predictors (history of cancer, chronic obstructive
pulmonary disease, diabetes, heart disease, hypertension, hyperlipidemia, kidney disease) which combined with age and sex discriminated which
patients would experience any of our three outcomes. The models achieved good performance in influenza and COVID-19 cohorts. For COVID-19 the
AUC ranges were, COVER-H: 0.69-0.81, COVER-I: 0.73-0.91, and COVER-F: 0.72-0.90. Calibration varied across the validations with some of the
COVID-19 validations being less well calibrated than the influenza validations.

Conclusions: This research demonstrated the utility of using a proxy disease to develop a prediction model. The 3 COVER models with 9-predictors
that were developed using influenza data perform well for COVID-19 patients for predicting hospitalization, intensive services, and fatality. The scores
showed good discriminatory performance which transferred well to the COVID-19 population. There was some miscalibration in the COVID-19
validations, which is potentially due to the difference in symptom severity between the two diseases. A possible solution for this is to recalibrate the
models in each location before use.
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Background: Temporal pattern discovery (TPD) is a method of signal detection using electronic healthcare databases, serving as an
alternative to spontaneous reporting of adverse drug events. Here, we aimed to replicate and optimise a TPD approach previously used
to assess temporal signals of statins with rhabdomyolysis (in The Health Improvement Network (THIN) database) by using the OHDSI
tools designed for OMOP data sources.
Methods: We used data from the Truven MarketScan US Commercial Claims and the Commercial Claims and Encounters (CCAE). Using an
extension of the OHDSI ICTemporalPatternDiscovery package, we ran positive and negative controls through four analytical settings and
calculated sensitivity, specificity, bias and AUC to assess performance.
Results: Similar to previous findings, we noted an increase in the Information Component (IC) for simvastatin and rhabdomyolysis
following initial exposure and throughout the surveillance window. For example, the change in IC was 0.266 for the surveillance period of
1-30 days as compared to the control period of - 180 to - 1 days. Our modification of the existing OHDSI software allowed for faster
queries and more efficient generation of chronographs.
Conclusion: Our OMOP replication matched the we can account forwe can account for of the original THIN study, only simvastatin had a
signal. The TPD method is a useful signal detection tool that provides a single statistic on temporal association and a graphical depiction
of the temporal pattern of the drug outcome combination. It remains unclear if the method works well for rare adverse events, but it has
been shown to be a useful risk identification tool for longitudinal observational databases. Future work should compare the performance
of TPD with other pharmacoepidemiology methods and mining techniques of signal detection. In addition, it would be worth
investigating the relative TPD performance characteristics using a variety of observational data sources.
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Background: Thrombosis with thrombocytopenia syndrome (TTS) has been reported among individuals vaccinated with adenovirus-
vectored COVID-19 vaccines. In this study we describe the background incidence of non-vaccine induced TTS in 6 European countries.
Methods: Electronic medical records from France, the Netherlands, Italy, Germany, Spain, and the United Kingdom informed the study.
Incidence rates of cerebral venous sinus thrombosis (CVST), splanchnic vein thrombosis (SVT), deep vein thrombosis (DVT), pulmonary
embolism (PE), and myocardial infarction or ischemic stroke, all with concurrent thrombocytopenia, were estimated among the general
population of persons in a database between 2017 to 2019. A range of additional potential adverse events of special interest for COVID-
19 vaccinations were also studied in a similar manner.

Findings: A total of 38,611,617 individuals were included. Background rates ranged from 1.0 (95% CI: 0.7 to 1.4) to 8.5 (7.4 t0 9.9) per
100,000 person-years for DVT with thrombocytopenia, from 0.5 (0.3 to 0.6) to 20.8 (18.9 to 22.8) for PE with thrombocytopenia, from 0.1
(0.0t0 0.1) to 2.5 (2.2 to 2.7) for SVT with thrombocytopenia, and from 1.0 (0.8 to 1.2) to 43.4 (40.7 to 46.3) for myocardial infarction or
ischemic stroke with thrombocytopenia. CVST with thrombocytopenia was only identified in one database, with incidence rate of 0.1 (0.1
to 0.2) per 100,000 person-years. The incidence of non-vaccine induced TTS increased with age, and is typically greater among those with
more comorbidities and greater medication use than the general population. It was also more often seen in men than women. A large
proportion of those affected were seen to have been taking antithrombotic and anticoagulant therapies prior to their event.
Interpretation: Although rates vary across databases, non-vaccine induced TTS has consistently been seen to be a very rare event among
the general population. While still remaining very rare, rates were typically higher among older individuals, and those affected were also
seen to generally be male and have more comorbidities and greater medication use than the general population. This article is protected
by copyright. All rights reserved.
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February 2022: Every day, a new phenotype will be developed and evaluated following OHDSI best practices
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Extracting OMOP Concepts from Clinical

Narratives to Empower Clinical Research

From presentation at OHDCI Community Call on Jan. 25, 2022.

e N3C Overview
e Open Health Natural Language Processing (OHNLP)

o Ethical Al framework
o Scientificrigor

o OHNLP Toolkits

o PASC NLP algorithms

e Jointhe journey for NLP-empowered RECOVER
o Contribute to the development effort
Implement the N3C NLP Infrastructure

(]
o Augment data with NLP for N3C
o Collaboration and Partnership

https://www.ohdsi.org/wp-content/uploads/2022/01/N3CNLP_OHDSI _01252022.pdf



