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Docker based work�owObjective:

Key  Concepts:

Conclusion:

The goal of this work is to build a reproducible and deployable pipeline for making 
OHDSI CDM data available to data scientists. Building machine learning models on EHR 
data is a challenge due to the large number of features and temporal variation in un-
derlying measurements. The end products of the pipeline are HDF5 (Hierarchical Data 
Format version 5) �les which can be used for training neural networks.

OHDSI Common Data Model allows healthcare data from various sources to be 
stored in a single schema with a standardized vocabulary. It grew out of the work to 
rigorously evaluate methods and data sets for detecting adverse drug events.  

HDF5 is a �exible �le container for storing arrays in an organized structure. The con-
cept of groups which is similar to �le paths allows the data to be stored in a hierarchy.  
It supports a range of data types and compression methods.  It has been used for stor-
ing and analyzing the  data for the LIGO experiment to detect gravitational waves, 
see: (https://losc.ligo.org/s/events/LVT151012/LOSC_Event_tutorial_LVT151012.html).

Docker containerization system for automating the deployment and use of complex 
software with multiple dependencies.

Health Facts is a de-identi�ed database of EHR (Electronic Health Record) and admin-
istrative data from multiple institutions. The database is maintained by Cerner.

HealtheIntent: is a Cerner population health platform that creates a single popula-
tion health record from multiple EHRs. It maps data elements to a common set of 
standard vocabularies.

Keras an API for building and training deep neural networks. Tensor�ow uses Keras as 
the API for specifying model structure.

LSTM (Long Short-Term model) is a form of an RNN (Recurrent Neural Network) that 
allows feedback to be utilized in the learning process.

This work demonstrates the feasibility of mapping real world inpatient EHR datasets with large 
number of clinical measurements into a usable format for machine learning. The OHDSI CDM pro-
vides a robust data model to represent clinical data. Once clinical data has been transformed into 
the OHDSI CDM the mapping process can be run using a Docker based work�ow. While Docker 
does not solve all deployment issues it simpli�es the use of complex scienti�c software and depen-
dencies. The HDF5 �les make it easy to build and train complex models on OHDSI data such as 
LSTMs.

Links: References:

Methods:
Data was extracted from the Cerner’s Health Facts de-identi�ed database for adult (18+ 
years) inpatient visits with discharges occurring over a two-year period (2016-2017). Five 
separates facilities with the largest inpatient volume were included in the extraction. Data 
for a three-year period (2016-2018) were extracted from Stony Brook Medicine acute care 
facilities for adult patients from Cerner’s HealtheIntent platform.

Both datasets were mapped to the OHDSI CDM (Version 5.3) using a work�ow orchestrated 
with a Docker server running on a RedHat Enterprise Linux on-premise virtual machine. The 
code for all Docker machines is at: https://github.com/jhajagos/Dockers4Health-
CareDB2HDF52ML. This involves �rst mapping each source to a standardized intermediary 
format. The intermediary format is then mapped to the OHDSI CDM. OHDSI mapped data 
was then loaded into a PostgreSQL database server. Data in a PostgreSQL server was then 
extracted and mapped to HDF5 matrix format. HDF5 �les were used by a data science team 
to build predictive models for coded diagnoses in Python using scikit-learn and Keras librar-
ies. 

There are two potential types of HDF5 �les that are built with the dockerized work�ow. The 
�rst type automatically encodes using dummy variables all coded diagnoses, drug expo-
sures, and coded measurement and observation results (e.g., high blood creatinine). For nu-
meric results, such as, blood glucose the mean, median, max, min, �rst, and last result are 
calculated for each inpatient visit. Each inpatient visit is represented as a single row vector. 
The second type of HDF5 �le is built using sequential data such as the change in recorded 
blood glucose during an inpatient visit. Each visit is represented as a matrix where each row 
in the matrix is a temporal change in measurement values or exposure to a speci�c drug. 

Abstract:
Docker Pipelines: https://github.com/jhajagos/Dockers4HealthCareDB2HDF52ML
TransformDBtoHDF5ML (map DB to HDF5) : https://github.com/jhajagos/TransformDBtoHDF5ML
MappingOHDSI2HDF5 (OHDSI templates):  https://github.com/SBU-BMI/MappingOHDSI2HDF5
TimeWeaver (sequential data mapping):  https://github.com/jhajagos/TimeWeaver
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Mapping Results:
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Health Facts 5 institutions

Institutional HealtheIntent

Sequence representation of single inpatient stay

Tensor�ow model built using Keras API

LSTM model �tting results using Tensor�ow GPU acceleration

Training set contains 30,906 instances and test set 6,277 instances

There are 190 di�erent measurements with a maximum of 100 time steps

A stack of matrices

A Docker based pipeline was developed to map data from EHRs (electronic health records) in OHDSI 
CDM (common data model) to multiple HDF5 formats. Two real world inpatient datasets were 
mapped to HDF5: a large de-identi�ed EHR database for 5 institutions and an institutional EHR data-
base for 3 years of adult inpatient stays. The HDF5 datasets were then used by a data science team to 
build predictive models for coded conditions.

Measurement values are normalized from -1 to 1 

HDF5 matrix sequence generation
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Targets are SNOMED mapped ICD10 codes

Measurement labels

https://github.com/jhajagos/Dockers4HealthCareDB2HDF52ML

GPU accelerated training

Training an LSTM model to predict SNOMED conditions


