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treatment, and prognosis. The approach here will focus on
predicting pertinent information from the large
observational dataset and discovering data points that
contribute to the data-driven phenotype of a diagnosed
subject [1]. The larger research project we are pursuing
involves two national organizations, PEDSnet[2] and The
Children’s Brain Tumor Tissue Consortium (CBTTC)[3].
PEDSnet, a PCORnet Clinical Data Research Network
(CDRN)[4], is an information resource containing over 5.3
million open-ended pediatric observational data sets
aggregated from clinical data collected from Electronic
Health Records (EHRs).

Abstract—Observational data resources based on the capture
of clinical data in the electronic health record (EHR) have
produced significant learning opportunities in many areas of
medicine. These large data resources can span multiple
hospital systems and employ common semantics, ontologies,
and data models. They have uncovered critical safety issues
for patients, and spurred observational research and clinical
decision support. In the age of precision medicine there is also
an increased need to obtain genomic and clinical data to
discover novel treatments for the deadliest of diseases. With
this, there are efforts to create deep-dive disease specific
repositories that include tissue in biobanks. The latter require
significant human annotation of biospecimens. Securing the
data is especially critical in rare pediatric brain tumors. In the
specific case of The Children’s Brain Tumor Tissue
Consortium (CBTTC) an international rare pediatric brain
tumor repository, the number of patients that need to be
followed prospectively is outpacing the ability of human
annotation. In this preliminary study, we perform a prescribed
data exploration analysis on simulation data in the
Observational Medical Outcomes Partnership (OMOP)
Common Data Model (CDM) employed by the pediatric data
network PEDSNet with the intention to ascertain feasibility in
automatic annotation of patient records in the CBTTC.

The Children’s Brain Tumor Tissue Consortium
(CBTTC) is a growing, open-ended biologically focused
pediatric brain tumor resource focused on creating easy-toobtain cohorts around pediatric rare brain tumor specimens
with rich longitudinal clinical annotation. Both projects look
to bring data to the researchers and increase the [5] at which
there can be high-impact clinical research created for a
population in need. The patient sets overlap in both projects
because two institutions participate in both projects; The
Children’s Hospital of Philadelphia and Seattle Children’s
Hospital. The two resources have different aims, but
together they combine biologically focused research with
clinical outcomes research. This manuscript is a report on
the preliminary work to obtain information from the
standard model adopted by PEDSnet and use simulation
data to gauge the potential predictive capabilities of
PEDSnet on longitudinal, event based data.
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I. INTRODUCTION
This preliminary research is intended to evaluate
analysis methods on observational clinical data to
automatically obtain necessary data for tumor-tissue-based
research related to diagnostics, tumor location, survival,

There are some differences between biologically
based tissue research and strictly observational research: 1)
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level of automation of data collection, 2) human burden of
data abstraction, and 3) specifics of information necessary
for research and operational logistics. Similarities include:
1) longitudinal, temporally and sequentially based data sets,
2) cross-institutional effort, 3) high national visibility, 4)
overlapping specific patient and institutional participation
and 5) common goals to make progress in disease-related
research.

We are interested in discovering the computable
phenotype or data-driven phenotype through predictive
analytics on time-series and frequency in observational
clinical records. The computable phenotype is a
representation of all of the data and a combination of
knowledge of a patient within the electronic health record
(EHR) inclusive of all digital elements beyond tagged
observations and conditions[16]. We are looking to find data
points, that include a temporal component, to aid in the
biologically based research in rare brain tumors.

Though this manuscript includes many accessible
methods, the outcome we are looking for is an ability to
create set of data that adds up to a data-driven phenotype
that has the power to predict the condition of a patient but
conversely can be used to annotate biological tissue
specimens. We take a data exploratory analysis approach to
discovering features based on clinical expert advice and
perform direct structured database querying to prepare the
simulation data for multiple iterations of predictive analytics
based on frequencies and sequences of events in
observational health data. The data used for prediction is
part of a patient data-driven phenotype and could be
integrated with the CBTTC.

IV. METHODS
The first component of this research was to analyze and
become familiar with the capabilities of the Observational
Medical Outcomes Partnership (OMOP) common data
model data model (CDM)[5]. This is a relational model
representing observational data usually derived from the
EHR. We are potentially gauging the utility of this data set
and data model based on the predictive power of the data.
Therefore, the data must be transformed and prepared for
running multiple algorithms to predict a specific condition in
a patient based on frequencies and sequences of events. For
the purpose of this manuscript methods laid out here are for
the sole purpose of evaluating the data in the OMOP model
and setting up plug-and-play pipelines for transformations
and analyses upon obtaining data sets. This initial research is
to start to understand, transform, and run some simulations
pertinent to data points required by brain tumor researchers
of the CBTTC.

II. MOTIVATION
With the dawn of genomics and precision medicine,
there is an increased need to create accessible repositories of
data and specimens for research[6]. This information is
gathered without hypothesis to empower researchers to dive
in and make advances in areas in which there is little
advance[7]. A drive to create open data and collaborative
initiatives in rare and deadly diseases is evidenced in the
national spotlight from government to private industry[8]. A
reaction to this need, specifically in cancer, is seen in
programs like the CBTTC.

A. Data Source
The observational data is built on the OMOP data model
adopted by Observational Health Data Sciences and
Informatics (OHDSI). OHDSI serves many large-scale
networked and harmonized observational data sets based on
electronic medical record data[18]. For this preliminary
work, we obtained a 1,000 person sample of simulated CMS
SynPUF patient data[19]. This data is modeled on real
observations from real data sources, but the patients have
fictional medical histories and therefore the data cannot be
used to make any research conclusions from analysis[20].
The data set is specifically intended to create and test
applications for OHSDI. Therefore, we used this data to
build and test methods for this research.

III. RELATED WORKS
A. Use of Observational Data
Observational data can be used in many different
circumstances. In the literature, observational data sets are
used to accomplish:
• Adverse event prediction for drug safety[9];
• Finding negative controls for studies when comparing
patient clinical behavior[10][11];
• Epidemiological studies of co-varying
environments[12];
• Quality issues
time[13];

around

Vocabulary in the OMOP CDM specifically for
diagnoses/conditions, observations and drugs are based on
SNOMED-CT[21], ICD-9-CM[22] and RxNorm[23]
respectively. Some of these concepts can map to each other
and this is noted in the concept data file retrieved from the
ATHENA standardized vocabulary tool from OHDSI[24].
We requested an extensive concept table with about 2.8
million concept descriptions. Table 1 is a list of some of the
value counts of a selection of 41 specific sets of vocabularies
used to describe objects in the OMOP data model.

events and

pharmacovigilance

over

• The evaluation of definition of standards for
consistency in evaluating visit types in health
systems[14];
• Leveraging patient similarity versus genomics to
create methods in personalized medicine[15]; and
• Discovering
computable
phenotypes[16][17].

and

B. Transformation
We took a multi-modal approach to transforming the data
through direct structured database querying and in-memory

data-driven
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TABLE I.

SELECTION OF CONCEPTS USED IN OMOP

Concept

Number of Unique Concepts

SNOMED-CT

785,712

NDC

679,579

RxNORM Extension

617,949

RxNorm

257,977

LOINC

123,717

ICD10CM

106,666

NDFRT

37,344

ICD9CM

18,672

CPT4

14,579

table was joined on to frequency matrices where applicable
to categorize patient records with a diagnosis or condition.
C. Preparation and Prediction
The next step was to identify patient sets based on
observations or conditions recorded. We took a supervised
approach to this process utilizing subject matter experts in
Oncology, Epidemiology and the PEDSnet network to get a
better understanding as to what features are important to the
domain. There was no need, at this point, to use unsupervised
approaches to find factors for this research. Further, those
would be quite impossible with the current simulation
data[1]. We identified some general diagnoses that could
categorize the patient population in the simulation data that
will be similar to how we categorize patients in the pediatric
component of this project. The following categorizations
were established in the simulation data to run the analysis
algorithms in Table 2. This table also describes the data
source of the derived categorization.

…

module-based functions available in common statistics
packages. This multi-modal approach as discussed in
Peissing et al. gave us the ability to continue to evaluate the
data during the transformation process until the data was
consistent across concepts for analyses[25].
The concepts were matched to each data table based on
the specific instruction set forth in the OHDSI
documentation. In the first data transformation, we created
verbose data tables for the patient, condition, observation
and drug exposure objects in the OMOP data model and
joined this with patient demographics (gender, race, date of
birth etc.). The data model contains other information
pertaining to billing and hospital administration in the
electronic health record, but these were not included in our
evaluation. We focused only on the exploration of the
objects associated with the progression of the patient and
their interaction with hospital services and clinical
observations. The patient, conditions, observations and drug
exposures were put through a simple exploratory analysis
pipeline consisting of transforms, labeling concepts, and
joining with patient demographics to create verbose versions
of objects for further computational and human
interrogation of the data. All transformation and provenance
of the data are maintained in code repositories utilizing
Python notebooks to allow us to transparently navigate
backwards and forward through the data transformation
process.

We then established feature combinations of observations
and drug exposures and time point driven data sets of
observations and drug exposures. These sets of categorized
and feature frequency or time-point data were then iteratively
put through a variety of predictive methods and
visualizations. Though prediction performance is not an
indicator of any real-world situation in this case, it is
important that the data worked with the pipelines being
developed, so we are ready for the real data when it is
available to us. Data was transformed into the following
tables/matrices:
• Matrix of observation frequencies.
• Matrix of drug exposure frequencies.
• Matrix of drug exposure frequencies and observation
frequencies.
• Attribute list of Conditions and age at first diagnosis.
• Attribute list of observations and age at observation.
• Attribute list of drug exposures and age at drug
exposure.
• Sequence list of observations with first observation as
0.
• Sequence list of drug exposure with first observation
as 0.
• Sequence list of drug exposure and observations with
first of either at 0.

Temporal and frequency data was then derived using the
date information and counts across multiple tables. For
observations, the verbose data tables created were further
processed to join an age of the patient at every patientobservation event. Finally, a frequency matrix was created
for every patient and the number of times an observation
took place for that patient. We performed a similar process
for drug exposures. The “condition occurrence” object are
the times when a patient’s diagnosis or current condition is
entered into the medical record at a visit or encounter. This
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TABLE II.

FOUR CATEGORIZATIONS DERIVED FROM THE DATA

Categorization
Description

Person History of
Specific Cancer
Reported
(not specifically in the
health system)

Personal History of
Cancer Reported (not
specifically in the
health system)
Specific primary
malignancy frequently
observed across the
population
Primary Malignancy
diagnosis in the health
system

Possible
Values
Thyroid,
Breast,
Prostate,
Lung,
Brain,
Cervix,
Ovary,
Larynx,
GI tract,
stomach
…

tumors which all contribute to overall and event-free survival
metrics[28], [29]. A Kaplan-Meier curve is a method to deal
with incomplete observations with differing survival times
and used to compare survival between groups. To create this
curve, we needed to obtain the patient’s 1) serial time, 2)
their status at the end of the serial time (with potential
censoring) and 3) a categorical item or study group[30].

Source
Occurrence Object: ICD-9CM/ICD-10-CM

TABLE III.
Person
Occurrence object: occurrence
description based on ICD-9CM/ICD-10-CM

Cancer,
NonCancer
Lung,
Breast,
Prostate,
Colon

Cancer,
Noncancer

Condition-occurrence object:
Condition Occurrence
Description based on
SNOMED-CT
Condition occurrence
description based on
SNOMED-CT
Condition-occurrence object:
Condition occurrence
description based on
SNOMED-CT

FOUR CATEGORIZATIONS DERIVED FROM THE DATA
T

E

Group

Disease

389

27.0

1

Sim.

Cancer

153

19.0

1

Sim.

Non-cancer

176

21.0

1

Sim.

Cancer

261

22.0

1

Sim.

Non-cancer

9

10.0

1

Sim.

Non-cancer

…

In the simulation data, the first time a patient has an
occurrence of a primary malignancy, we mark that as month
0. Then the latest event is calculated from the amount of time
from event 0. If that event was death, we mark the event
column. We also needed to be able to add any patient
category for survival comparisons. Below in Table 3 is an
example of the data prepared for Kaplan-Meier analysis. We
used our most general categorization from the frequency
analysis to build out survival analyses. We applied the
LifeLines python module which has the ability to give
average views of the population[31]. The module also has
tools to evaluate survival regression when working with
individual patient records. For this example we used the
module’s fitter specifically stating

Each analysis-ready table can be toggled based on
population based frequencies. For example, the matrix of
observations can show only those found frequently in the
database population to avoid rare conditions or viceversa[26]. This toggling method is shown in the literature
when exploring event based data looking for patterns or
predictive capability[27].
D. Survival Data
The final method we wanted to apply to the simulation
data were survival metrics. As discussed in the introduction
of this paper, the domain of interest for this research will
include longitudinal components of a child’s treatment,
adverse events and survival when diagnosed with rare brain

patient death if known and right censoring patients without a
known date of death.

Fig 1. Single patient view of longitudinal drug exposures and observations.
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will be used against the real PEDSnet data. Here we see KNearest Neighbor (KNN) has the highest success rates of
prediction.
This data with high predictive scores was
labeled with a simple binary, “personal history of cancer” or
“no personal history of cancer” versus patient-frequencies of
highest population frequent events of all potential
observations and drug exposures. When using the condition
of a “primary malignancy,” the accuracy rates on the
algorithms has very low performance even if factoring in all
observations, drugs, their frequencies and sequence in the
patients visit. Again, this was an expected result. The
purpose of putting this data through these algorithms is the
set-up the pipeline for real data to be evaluated in our future
research.

V. RESULTS
A. Data Preparation
In this study, the simulation data, based on a real-world
larger data set of adult Medicare patients was sufficient to
perform complex transformations, data preparations and
pipeline multivariate prediction simulations. The data was
also labeled verbosely to explore the various diagnostic,
observation and drug exposures during transformation and
processing. The model lent itself to transformations that
included temporal features, drug exposure based frequency
matrices and combinations of the two. All of these could be
crossed with patient demographics and diagnoses from the
condition table. For example, we were able to create verbose
frequency tables which included human readable along with
machine computable components.

D. Survival Analysis
The data in the CDM is highly temporal. Each event at
any level of the model is tagged with time points or time
ranges. The specific domain that will be addressed in future
research is overall survival. The data lent itself to creating
Kaplan-Meier curves because the data includes the date of
initial primary diagnosis, the last date of patient contact and a
date of death. These data points display Kaplan-Meier curves
for any qualification category necessary to explore. The fact
that this method also allows for right censoring is important
because we will not always know if a subject is living or lost
to follow up. Though Fig. 3 is an arbitrary representation; all
data points are available to create these curves that are key to
unlocking a larger picture for rare disease. Fig. 1 is a fitted
Kaplan-Meier curve based on the entire population in the
simulation data. It can be categorized with a general personal
history of malignancy as previously discussed in the method
section was also performed, but because of the nature of the
simulation data it is not described or pictured in this paper
because it does not fit a real-life circumstance and could be
confusing. If this data were real, it would be describing an
estimate of patient survival across the database population. In
the end, we have data in the OMOP data model that will
provide the information for survival analysis specifically the
analysis done in cancer research. We will also have the
opportunity to provide researchers with comparative survival

B. Longitudinal Represenation of Events
The data also lent itself to straightforward visualizations
at the individual and population levels. This lent itself to
deep patient-based analyses for rare disease and comparison
with populations. The series of events for a specific patient
set can be visualized in a similar way to other observational
studies either looking at rare features or large
epidemiological features[32]. Fig. 1 is an example of a
patient event timeline of coded events and drugs represented
from the simulation data. Coding is a mix of ICD-9-CM
codes and RxNorm. The actual label is inconsequential
because the data is simulated. The figure shows the ability
to lay out an observation timeline for an individual patient.
C. Predictive Power
Though prediction methods will be used for validation
with data from PEDSnet, it was important to set up
scafolding for this specific data model and build pipelines
ready for larger data sets. For each set of transformed and
labeled data, the population was split into 10 parts and our
model was trained on 9. Tests were done on 1 leftover set.
This process was then repeated for mix of linear and nonlinear algorithms. A percentage was created by comparing
the correct predictions versus the full population in the data
set[33]. This rudimentary approach yields very low
performance scores. This is to be expected from the known
limitations of the simulation data set used for this
preliminary research. We know that the simulation data is
based on actual real-world Medicare records, but they are
collapsed into one patient for the purpose of learning the
OMOP CDM and not for predictive power.
Surprisingly, there was a set of data in the simulation
model that yielded some good predictive capability, but it
was categorized at a very high level. The reason could be
that the simulation data is actually based on real examples
from other OMOP databases. In the literature describing
predictive power in observational databases, there are
examples of combining drug exposures and observations to
get higher predictive capability[26]. Fig. 2 displays the
percent of correctly identified cases from the different multivariate machine learning algorithms in a box plot
representation. Though inconsequential, this rating system

Fig 2. Algorithem performance comparision showing
percent of correctly identified cases from different multivariate machine learning algorithms; Logistic Regression
Linear Discriminant Analysis, K Neighbors Classifier,
Decision Tree Classifier, Gaussian and SVM.
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