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Fig. 1. Data conversion process from data in the OMOP CDM format to be compatible with Cadence tool [3]

Abstract—The differences in health data models obstruct the use of analytics tools on new datasets or at other institutions. This
work presents a data conversion tool that converts data from the standardized Observational Medical Outcomes Partnership (OMOP)
Common Data Model (CDM) to be compatible with the existing Cadence event visual analysis tool. The tool is available as a web-based
application with an interactive data quality report, which makes the data conversion process more observable visually. Users may
detect anomalies and unexpected data distributions in the converted data, and solve the issues prior to uploading the data to Cadence.
This conversion and visual assessment concept could be applied to other existing analytics tools in healthcare by leveraging the OMOP
CDM, and could improve data quality for subsequent analyses.

Index Terms—Data harmonization, Data quality, Visual data mining of EMRs, Longitudinal clinical data

1 INTRODUCTION

The differences in health data models from various EMR systems cause
significant difficulties in applying visual analytics tools across datasets
and institutions. Recent development in the medical data harmonization
has introduced several common data models that medical data collected
in EMR systems can be converted into. The Observational Health Data
Sciences and Informatics (OHDSI) network develops and maintains
Observational Medical Outcomes Partnership (OMOP) Common Data
Model (CDM). [5] The OMOP CDM has gained popularity in observa-
tional research, and is adopted in many institutions and projects globally,
including the US National COVID Cohort Collaborative (N3C) and
the US National Pediatric Learning Health System (PDESnet). [1, 4]
Medical data that are transformed into the OMOP CDM can be used
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for further analysis by tools that support the OMOP CDM, for ex-
ample, HADES PatientLevelPrediction [10], PatientExploreR [2] and
Trajectories [6].

Cadence is a web-based temporal event analytical suite with dynamic
hierarchical aggregation, which can be used to study event-outcome
associations in the medical domain. [3] However, prior to this work, the
usage of Cadence is limited to a few groups of researchers and Cadence
not compatible with the OMOP CDM. The users of Cadence have to
manually convert their data into the format that is required by Cadence.

The data transformation and conversion processes have to conform
to the specifications of the data models. Given the complexity of
medical data models, the development of these processes can be time-
consuming. In addition, ad hoc manual data transformation procedure
may introduce errors, which can negatively impact the quality of subse-
quent analyses. To avoid these issues, a data assessment tool can make
the conversion process observable, and support early error detection.

In this work, we use Cadence as a data conversion target. OMOP
CDM data is converted into Cadence event data format. The data
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conversion tool is designed to be used on static files and database
connections, and providing a data quality report. This conversion
concept and its data quality report could be applied to other existing
analyics tools by leveraging the OMOP CDM and other standardized
data models.

2 METHODS

We developed the data conversion and visual assessment tool with
Python v3.9. The tool is available as a self-hosted web-based appli-
cation that users can configure the data conversion settings. The data
conversion modules are also executable via command line interface
(CLI). The repository of the tool along with its usage manual is publicly
available on GitHub at: https://github.com/VACLab/omop-to-cadence-
converter.

2.1 Data conversion

The tool imports data tables in the OMOP CDM format as either
CSV files via DuckDB [9] or PostgreSQL database connections via
psycopg2 [12]. The imported data are converted into the specified
Cadence format with SQL via DuckDB in-memory engine for CSV
files or via psycopg2 on PostgreSQL host server. The converted data
are exported as either CSV files or tables on a PostgreSQL database.

2.2 Data quality report

The data quality report is presented visually to the users. We use
Streamlit [11] to create the web-based application, and Altair [13] to
render the visualization, as displayed in Fig. 2.

Fig. 2. A partial screenshot of the web-based application with a data
quality report on the right panel. Users can edit configuration settings on
the left panel of the application.

3 RESULTS

3.1 Data conversion

We successfully converted sample datasets in the OMOP CDM format
to Cadence format via both command line interface and the application
with graphical user interface. The tested datasets are Eunomia 2.6k as
CSV files [7], Synthea 1k on a PostgreSQL database [15], and Synthea
COVID 10k on a PostgreSQL database [14]. The converted data can
be used for further analyses on Cadence.

3.2 Data quality report

The data quality report is presented visually in three forms.

3.2.1 Samples of the original and converted data

We can explore a sample of the original data in the OMOP CDM format
to verify that the data are loaded into the application properly. Once
the conversion is completed, users can also explore a sample of the
converted data in the Cadence format, and check the completeness of
expected data columns and values.

3.2.2 Summary statistics of the converted data

The tool reports a descriptive summary statistics of the data in the
Cadence format. Any missing data or null values are reported in this
statistics.

3.2.3 Distributions of the converted data

The distributions of ages, genders, time of diagnosis, medical code
classes, and medical codes are presented as interactive charts. Users can
visually spot anomalies or errors in the converted data. For example, in
Fig. 2, the ages range from 30 to 120 with a sizable number of patients
over the age of 100 years. This distribution might be unlikely and
should be fixed prior to subsequent analyses.

4 DISCUSSION

This data conversion tool facilitates the data preparation process from
the OMOP CDM format for temporal event analyses in the existing
Cadence program. Cadence specifically requires two data tables that
are optimized for efficiency in temporal event pattern finding at scale,
while the OMOP CDM stores data in over 30 tables that enable broad
analytical purposes. [8] Given the comprehensive data stored in the
OMOP CDM, we are able to select only relevant data to be imported
into Cadence.

We believe that this approach in data conversion from the OMOP
CDM may be applied to other existing analytics tools in healthcare
to expand the tool adoption. In addition, the development of new
medical analytics tools, especially for research settings, may explore
and leverage the existing standardized data models as data input for
their tools.

4.1 Limitations

We used only synthetic datasets to develop the current version of this
tool. Unlike synthetic datasets, actual datasets may have data issues,
including missing data and non-standard medical codes, that may not
yet be handled properly by this conversion tool.

4.2 Future work

The data conversion tool can be expanded to support to support more
queries, other databases and configuration settings, such as cohort
specification by demographic information or conditions. Currently,
the tool converts the CSV file using in-memory data storage for fast
conversion with limited file size. The future version of the tool may
support larger CSV files with persistent data storage.

The data quality report may include additional visualizations and
automated checks to add coverage for quality control prior to data anal-
yses. In addition, the report could also be produced via the command
line interface.

5 CONCLUSIONS

The data conversion and visual data quality assessment tool presented
in this work expands the compatibility of the existing Cadence event
visual analysis tool to support data from the OMOP CDM format.
The tool is available as a web-based application and Python modules
executable via command line interface. This data conversion approach
along with the data quality report may be applied to other existing tools
to promote the tool adoption by leveraging the OMOP CDM standard,
and to improve the quality of the data used for analysis.
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