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• International collaborative consortium applying open-source data analytic solutions based on OMOP-
Common Data Model (CDM) to a large network of health databases across the world 

https://www.ohdsi.org/

OHDSI (Observational Health 
Data Sciences and Informatics)



Why Common Data Model (CDM)?
기존의다기관연구방법
연구 수행 때마다 데이터 모델을 맞추는 변환 작업을 수행해야 함



CDM in Distributed Research Network 





Various Common Data Models
• The OMOP CDM 

accommodated 
the highest 
percentage of 
our data 
elements (76%), 
fared well on 
other 
requirements, 
and had broader 
terminology 
coverage than 
the other 
models

8Garza, et al., JBI 2016



OMOP Common Data Model V6
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• International collaborative consortium applying open-source data analytic solutions based on OMOP-
Common Data Model (CDM) to a large network of health databases across the world 

https://www.ohdsi.org/
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How OHDSI works
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공통 데이터모델 (CDM) 기반 헬스케어 융합 빅데이터
생태계 구축
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Standardized data-based software 개발의장점:
Scalability

• It is widely held that 80% of the effort in an analytic model is preprocessing, 
merging, customizing, and cleaning datasets, not analyzing them for 
insights. This profoundly limits the scalability of predictive models

• It is crucial to standardize the health care data to enhance scalability of 
developed software

16Rajkomar et al., Npj Digital Medicine, 2018



ATLAS

17

A free, publicly available, web-based tool developed by the OHDSI community that facilitates the design and 
execution of analyses on standardized, patient-level, observational data in the CDM format.

https://youtu.be/pMtJ3aBQ6sk https://github.com/OHDSI/Atlas/wiki



OHDSI ATLAS on GCP or AWS

18https://youtu.be/yXLd6DCp26A https://github.com/OHDSI/OHDSIonAWS



Characterization of anticancer treatment trajectory
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Figure 2. Schematic depiction of algorithm rules in a tool for regimen-level abstraction of chemotherapy episode records. FOLFOX: fluorouracil,
leucovorin, and oxaliplatin.

Instantiation of Chemotherapy Regimen Descriptions
The HDAC includes standardized parameters to feed the
specifications of regimen protocols into the algorithm. The
variables in HDAC are categorized into two types: parameters
for drug composition (drug parameters) and meta parameters.

The drug parameter includes the identifiers of drugs (OMOP
concept IDs), which link a specific regimen with its respective
role. Each drug parameter is granted a role as an index drug,
combination drug, or exclusion drug. The index drug in the
HDAC is a constituent drug that can be used to identify the first
day (day 1) of treatment. A combination drug in the HDAC is
a constituent drug (other than the index drug) of the regimen.
An exclusion drug is one whose appearance would indicate
another regimen. For example, oxaliplatin is the index drug in
the fluorouracil, leucovorin, and oxaliplatin (FOLFOX) regimen.
Leucovorin and fluorouracil are combination drugs. In this
example, bevacizumab is considered as an exclusion drug to
distinguish the FOLFOX regimen from the
FOLFOX-bevacizumab regimen (Figure 2).

The meta parameter includes the metadata of the HDAC
document (eg, origin, valid date, or invalid reason for document)
to determine the modifications and define the window range to
be adjusted to the algorithm rule. The window identifies a unit
of drug records that determines whether the medication record
is a part of a particular regimen or distinguishes a boundary for
a distinct treatment cycle. The HDAC also stipulates the window
for episodes to distinguish the separated treatment line. The
concept ID (encoded in the HemOnc vocabulary) of the drug
regimen is a primary key for each HDAC snippet. Based on the
chemotherapy indications in the HemOnc web database, a total
of 1506 indications for chemotherapy protocols were reviewed
by an expert and instantiated into the HDAC.

Definitions of the Algorithm
The TRACER sequentially extracts the episodes of regimens
included in a list of user settings. The algorithm identifies each
treatment cycle episode record and treatment line episode of
regimens with the defined rules and parameters in a step-by-step
manner (Figure 3). The algorithm consists of the following four
steps:

1. Day 1 of the respective treatment cycle (index date) is
identified based on the dispense date of the index drug.
Each index date is flagged as a datum point for checking
the use of other drug ingredients to identify a specific
regimen.

2. The prescriptions of the combination drug or exclusion drug
are investigated within the period of the predefined window
for the cycle in HDAC. If the index drug and all
combination drugs were given and none of the exclusion
drugs were prescribed in this period, the records of the index
drug and combination drug are regarded as a constituent
component for a targeting regimen. These records are
abstracted as a regimen episode record.

3. The start date of each episode is derived from the start date
of the instance of index drug utilization, and the end date
of the episode record is derived from the end date of the
last index or combination drug utilization. The generated
episodes are curated in the episode table of the
OMOP-CDM oncology module.

4. The episodes are numbered sequentially in chronological
order, provided the interval between the start dates of each
episode does not exceed the predefined window in the
HDAC. The episode records are collapsed as an identical
episode when the interval exceeds the cycle window. The
window for distinguishing the treatment line is also defined
in the HDAC. The TRACER distinguishes the different
treatment lines by changes in regimen type or by episodes
beyond the window for the treatment line based on the start
date of the previous episode.
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were the trajectories with the highest proportions, respectively.
The 10 most frequent trajectories according to cancer type are

described in Multimedia Appendix 6.

Figure 5. Anticancer treatment trajectories of patients with lung cancer in the Ajou University School of Medicine database. The treatment trajectories
of patients with lung cancer were classified according to the type of first-line treatment: (A) surgery, (B) chemotherapy or chemotherapy with radiation,
and (C) radiation therapy. The height of each node represents the population of patients in the corresponding treatment line or therapy. The number of
patients who progressed to the next line of treatment is illustrated using gray lines. The chemotherapy regimen changes or the transition between types
of treatment were regarded as a treatment line transition. The percentage on the label covers the proportion of the number of patients to all patients in
the identical line of trajectory. As the large number of nodes hinders the purpose of the visualizations within a graphical summary, the nodes are truncated
at the third node. For the same reason, the nodes for patient count under 10 were removed. AUSOM: Ajou University School of Medicine; RT: radiation
therapy.
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The treatment trajectories of patients in the KDH database are
illustrated in Multimedia Appendix 7. Among the patients with
colorectal cancer, FOLFOX was the most frequently used
first-line (n=52, 17.9%) and second-line (n=84, 28.9%) regimen
in the trajectory. For breast cancer, Taxotere was the most
frequent first-line chemotherapy before mastectomy (n=58,
17.3%). Gefitinib was the most widely used first-line regimen
among patients with lung cancer (n=30, 10.5%). Figure 6 shows

the treatment trajectories of patients with malignant neoplasm
who also had COVID-19. Of the 7590 patients nationwide with
a diagnosis of COVID-19, we identified 382 patients with a
history of cancer. Among them, a total of 62 patients had an
episode of chemotherapy. Most of the patients received only
one line of treatment between 2017-2020, before COVID-19
infection (n=47). The trajectory included 6 patients with a node
of end of life.

Figure 6. Anticancer treatment trajectories of patients with COVID-19. Sankey plot of the treatment trajectories of patients with COVID-19, including
episodes of anticancer chemotherapy between 2017 and 2020. Each node represents the chemotherapy regimen used for cancer treatment. The percentage
on the label covers the proportion of the patient number in each node in the same trajectory phase. As the large number of nodes hinders the purpose
of the visualizations within a graphical summary, the nodes are truncated at the fourth node. For the same reason, the nodes for patient count <5 were
removed.

Timing of Chemotherapy-Induced Neutropenia
Figure 7 shows the time of onset of the CIN/FN event for each
patient in the AUSOM database. The episodes of neutropenia
among patients with colorectal cancer were clustered between
days 9 and 15. Compared with the regimens used for colorectal
cancer, the neutropenia events that were recorded after docetaxel
monotherapy and Taxotere treatment for breast cancer and after
carboplatin and gemcitabine for lung cancer generally began

one week earlier (days 2-8). We illustrated the incidence of
neutropenia events in each cycle of treatment in Multimedia
Appendix 8. Regardless of the cancer type, the incidence of
CIN/FN events was high during the first cycle, with the
exception of the FOLFOX regimen for colorectal cancer and
the carboplatin and paclitaxel regimen for lung cancer. Finally,
neutropenia occurred more frequently during the Taxotere
regimen for breast cancer (75.3%), which includes doxorubicin
and docetaxel as constituent drugs.
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Neutropenia onset timing across various treatment
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Figure 7. Trends in neutropenia onset time according to regimen. Time of onset of chemotherapy-induced (febrile) neutropenia event after the first
exposure to chemotherapy among patients with (A) breast cancer, (B) colorectal cancer, and (C) lung cancer at the Ajou University School of Medicine.
Each dot represents the neutropenia event of a distinct patient. The events are categorized in a 7-day range. The violin plot represents the trends in the
frequency on each day from chemotherapy exposure. AC: doxorubicin and cyclophosphamide; FAC: fluorouracil, doxorubicin, and cyclophosphamide;
FOLFIRI: fluorouracil, leucovorin, and irinotecan; FOLFOX: fluorouracil, leucovorin, and oxaliplatin.

Discussion
Overview
This study described a system for analyzing the treatment
patterns and trajectories of patients with cancer based on the
oncology extension model in the OMOP-CDM. The proposed
algorithm (TRACER) for extracting chemotherapy episodes at
the regimen level effectively generated the treatment episodes
for patients with cancer. This approach illustrates how laborious
manual curation can be replaced with an automatic extraction
system. The obtained episodes were validated by reviewing
clinical notes, which revealed that the type of regimen or the
number of treatment cycles were estimated with high accuracy.
We also demonstrated the usefulness of the proposed system
by performing a pilot study investigating the onset time of
CIN/FN across various chemotherapy regimens.

Principal Findings
Comprehensive clinical information, including longitudinal
treatment sequences and the various clinical outcomes of
patients with cancer, is not available in nationwide cancer
registries, such as the Surveillance, Epidemiology, and End
Results Program [16-18] or the Korea Central Cancer Registry

[19,20]. Large-scale real-world data derived from EHRs [21]
and administrative claims data [17] of a standardized data
network can support the timely assessment of the
characterization and quality of routine clinical practice and
active pharmacovigilance across institutions or countries.

The unexpectedly rapid spread of COVID-19 revealed an urgent
unmet need for the timely retrieval of detailed data for patients
with cancer, to provide relevant evidence for the management
of patients with cancer during the pandemic period [22].
Although conventional cancer registries have failed to provide
these data to researchers, the secondary use of EHRs and claims
databases can promptly provide valuable insights into the impact
of a novel infection on patients with cancer [13]. The TRACER
was able to generate records to describe the trajectory of cancer
treatment and death of patients with COVID-19, which may be
helpful for identifying the relationship between cancer treatment
and a fatal case of COVID-19.

We demonstrated how electronically captured data elements
can support clinical research using longitudinal detailed clinical
data. FN is one of the most common oncologic emergencies
[23] and is associated with considerable morbidity and mortality
[24]. Although it is well known that the risk of CIN/FN is
highest during the first cycle of chemotherapy for solid tumors
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Deep phenotyping of 34,128 patients hospitalized with 
COVID-19 in an international network study

22EBurn, SCYou, et al., Nature Communications, 2020



Use of repurposed and adjuvant drugs in hospital patients with 
covid-19: multinational network cohort study 

23Prats-Uribe, et al., BMJ, 2021

RESEARCH

the bmj | BMJ 2021;373:n1038 | doi: 10.1136/bmj.n1038 7

at the start of the pandemic in South Korea and Spain, 
with a downward trend over time. Remdesivir was only 
recorded in CUIMC and IQVIA Hospital CDM, and it 
showed a slight upward trend from June onwards.

Discussion
This study reports on the use of repurposed and 
adjunctive drugs for the treatment of patients admitted 
to hospital with covid-19, including those who received 
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Large-scale evidence based on CDM and distributed 
research network

• Large-scale in terms of diverse databases
– Heterogeneous healthcare system, enrolled patients, ethnicity, captured 

data
• Korean national insurance vs US Medicare vs US private insurance data vs European 

administrative data vs EMR

• Large-scale in terms of analytic settings
– Number of covariates adjusted
– Diverse analytic settings (PS stratification vs PS matching)

• Large-scale in terms of number of comparisons
• Prespecified analytic process to avoid p-hacking

29
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LEGEND knowledge base for hypertension
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LEGEND-HTN: Thiazide is better than ACEi for first-line anti-
hypertension treatment

32Suchard, et al., Lancet 2019



33https://github.com/ohdsi-studies/ticagrelorVsClopidogrel/

https://data.ohdsi.org/TicagrelorVsClopidogrel/

SCYou, et al., JAMA, 2020
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https://data.ohdsi.org/TicagrelorVsClopidogrel/

SCYou, et al., JAMA, 2020



35https://github.com/ohdsi-studies/ticagrelorVsClopidogrel/

https://data.ohdsi.org/TicagrelorVsClopidogrel/

SCYou, et al., JAMA, 2020



Ongoing international study: 
The risk of cancer in ranitidine vs other H2RAs
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230 370 Other H2RAs users matched

1 183 999 adults (≥20 years old) who exposed to H2RAs longer than 30 days 
without history of cancer

909 168 Ranitidine users 274 831 Other H2RAs users

44 461 Patients not matched678 798 Patients not matched

230 370 Ranitidine users matched

1:1 Propensity-score matching

758 683 Patients meeting eligibility criteria 
from the American databases
(IQVIA AmbER, CUIMC, STARR)

338 957 Patients meeting eligibility criteria 
from the European databases
(IQVIA DA Ger, IMRD, SIDIAP)

86 359 Patients meeting eligibility criteria from the 
Asian databases
(NHIS-NSC,AUSOM,HUMIC,KDH, TMUCDR)

217 406 Other H2RAs users 
in the primary analysis

217 406 Ranitidine users 
in the primary analysis

Diagnostics

12 964 Patients did not pass the 
diagnostics

12 964 Patients did not pass the 
diagnostics



The risk of cancer in ranitidine vs other H2RAs
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Bring the algorithm to the data,
not data to the algorithm

39Reps, et al., JAMIA 2018



Robust machine-learning model to predict the cause of death 
based on distributed research network / CDM

40Ckim, SCYou, et al., JAMIA (accepted)
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Pragmatic Clinical Trial 
based on Nationwide CDM data network

43Marquis-Gravel et al., JAMA Cardiology, 2020 Hernandez et al., Annals of Internal Medicine, 2015



Pragmatic Clinical Trial 
based on Nationwide CDM data network
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Pragmatic Clinical Trial 
based on Nationwide CDM data network

45Marquis-Gravel et al., JAMA Cardiology, 2020 Hernandez et al., Annals of Internal Medicine, 2015



Longitudinal Expansion of Data: Integration with 
Standardized Nationwide Claim Data
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http://www.g2b.go.kr/pt/menu/selectSubFrame.do?framesrc=/pt/menu/frameTgong.do?url=http://www.g2b.go.kr:8101/ep/tbid/tbidList.do?taskClCds=&bidNm=&searchDtType=1&fromBidDt=2020/10/30&toBidDt=2020/11/06&fromOpenBidD
t=&toOpenBidDt=&radOrgan=1&instNm=%BD%C9%BB%E7%C6%F2%B0%A1%BF%F8&area=&regYn=Y&bidSearchType=1&searchType=1
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• International collaborative consortium applying open-source data analytic solutions based on OMOP-
Common Data Model (CDM) to a large network of health databases across the world 
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