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Abstract
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Department of Biomedical Informatics and Medical Education

Researchers have difficulty in accessing health care data for multiple different reasons.
Although some technologies, like i2b2, have been developed and evaluated to overcome these
difficulties, limitations and challenges remain. In addition, there are limited comparisons among
qguery tools, such that users do not have an understanding of which tool works best in which
situation. Studies that evaluate and compare such technologies to both guide users and
improve tools are needed.

To evaluate and compare between two self-service query tools — LEAF and 12b2, and one
common data model — OMOP, | selected different representative query questions that are
commonly asked by researchers based on externally-defined query categories; quality
measurement, based on observational EHR research studies, and representative queries made
by users to the analytics team in our organization. Most of the query questions included four

main concepts: the diagnosis, patient age, length of stay, and measurement period. | used the



three different query tools to answer all query questions. | then analyzed the results to
determine which is the best approach to increase data access using the two main determinants
in Technology Acceptance Model (TAM): perceived usefulness (PU) and perceived ease of
use(PEQU). LEAF, developed by the University of Washington, returned as the best performer
among the three query tools due to its flexibility, perceived ease of use, and perceived
usefulness. Researchers can easily explore its customized features without needing a
programming background. The development of these technologies could reduce the challenges

for data access in health care.
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Background & Significance

1.1 Introduction

Accessing healthcare data for researchers is demanding and few tools are developed to simplify
data access. Although self-service query tools are still developing, access to data is challenging
for various reasons. The secondary use of healthcare data is one of the most important uses in
clinical care. However, there are huge barriers to get access to the data they need, such as
restricted permissions, limited comparison among query tools, and lack of integration of

information systems across multiple institutions.

1.2 Secondary Use of Data

Secondary use of data is important. The secondary analysis of existing data has become an
increasingly popular method of enhancing the overall efficiency of health research enterprise. A
study shows the secondary use of health information has significant implications for basic and
clinical research, public health surveillance and management, quality improvement, and safety-
monitoring®. Another study demonstrated the importance of the secondary use of health data
in Ireland?. This resource makes economic and ethical sense to use this data as much as
possible to improve the effectiveness and efficiency of the health services. Other benefits may
include researchers finding a large amount of data online instead of collecting primary data.
The increasing availability of such data online encourages the creative use and cross-linking of
information from different data sources?.

Electronic Health Record data is one of the secondary uses to improve patient quality. A

research study stated the use of electronic health record data can accurately identify whether



patients need lung cancer screening®. The purpose of this study design is to compare the
sensitivity, specificity, and positive and negative predictive value of an EHR query to patient
self-report, to identify patients who are in need of lung cancer screening. They invited 200
current or former smokers between age 55-80 in a large, community-based health care system.
24 surveys were included in the analysis®. In this study, researchers found out EHR data had a
66.7% positive predictive value and 81.8% negative predictive value for identifying patients
eligible for lung cancer screening®. Although the accuracy of EHR data today will be useful to
clinicians to initiate conversations between patients about lung cancer screening information.
The study shows the importance of accessing health care data to improve patient quality.
Sharing is couple with secondary use because in order for data to be used by others, they need
to be accessible®. Data is demanding for researchers. The demands for scientific data arise
primarily from two areas. One demand comes from the scientific questions that researchers
attempt to answer®. The second type of demand for scientific data is comprised of a broad
range of social influences®. Although the two demands are listed separately, they are often
intertwined. For example, when data requests come from researchers in other fields, different
cultural norms and expectations can complicate sharing’. Data sharing is and it is an important
example of secondary data use. There is no doubt that data sharing and provision of secondary
data access can have a profoundly beneficial impact on progress in biomedicine and the health
science®. The National Academy of Science stated new knowledge could be transformed into
socially beneficial goods and services only by sharing research data®. Researchers can use the
research information when it is accessible to create products and services for human needs. A

report by the Research Information Network of the United Kingdom examined data sharing and



stated the global importance and relevance of data accessibility in research®. Data sharing can
help medical professionals and researchers review information from patients, cross reference
similar medical conditions and other factors across a vast data set, and draw conclusions based
on these findings!C. They can then allow more data to be analyzed, tested and evaluated which
treatments are most effective across a large number of patients. The purpose of this research
study is to evaluate the secondary use of healthcare data by using different query tools to

answer representative questions.

1.3 Benefits and Challenges with Secondary Use of Data

Many studies show the importance of secondary use of data, but accessing data is still a
challenge. A systematic review of secondary use in public health shows the use of data has
become essential for decision making at the local, national, and global level'!. Although society
is recognizing the benefits of data reuse—transparency and cooperation, research, cost-
efficiency and preventing redundancies, this can still be challenging in reality. A global policy
framework or guidelines have not yet been developed for most types of data, which leads to
one of the challenges of secondary use of data'l. Another study published in Journal of the
American Medical Informatics Association shows the importance of the secondary use of health
data which applies to personal health information (PHI) for different purposes of the outside of
direct health care delivery'?. Secondary use of health data can enhance individuals’ health care
experiences, expand knowledge about diseases and treatments, strengthen understanding of
health care systems’ effectiveness and efficiency. For example, individual patients are able to
access their own electronic health records and view health information. It can improve patient

quality care, and lead to more efficient, more personalized care outside of clinical settings'?.



However, complex ethical, political, technical, and social issues surround the secondary use of
health data. The same study conducted a panel, it was a first step in promoting dialogue among
researchers about the opportunities and challenges related to the secondary use of health
data®?. 36 panel members were involved. The panel focused on secondary uses of person-
specific health data and four main perspectives were viewed for secondary use of health data.
The panel enumerated major issues associated with secondary uses of health data and some
major findings and recommendations were record!?. These recommendations provide guidance
that should shape a national framework for secondary use of health data. Despite the
significant benefits of secondary use of healthcare data, data availability and institutional
differences in practice limit researchers’ use of secondary data.

Navigating local data can be difficult because limited tools exist and tools that overcome
navigating data are not always available. For example, Individual researchers require more time
to verify, analyze, and derive their data and conclusions to publish their results. Manually
checking data would make mistakes due to human error, if new tools can automatically rapidly
share and assess data quality, it would improve the secondary use of data for researchers.
However, these tools have their own set of challenges. Although self-service query tools and
common data query tools are developed to address secondary use of data, these tools may not
be able to answer all data request questions. Also, it is challenging for researchers to access

secondary use of data by writing SQL queries or other methods containing programming.
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1.4 Barriers to Secondary Use of Data — Privacy and Confidentiality

Privacy and confidentially create another barrier to secondary use of health data in the medical
field of research data. Currently, people are trying to make medical research data available to
the public while ensuring the data are de-identified before using. Identifiers can be removed
prior to data use to the public to protect patient information, however, challenges remain for
ongoing concern and investigation®. Reuse of clinical data has been widely spread and is crucial
for health care quality, management, reduced costs, population health management, and
effective clinical research®®. Mark Weiner et al. published the Reuse of Clinical Data for
Research and Quality Improvement stated the health information technology (HIT) today
provides an extraordinary coverage for the electronic health records, data use capabilities,
improving research and health care quality!®. Enabling access to high quality, patient-level
health information is one approach where data can be transferred and readily accessed to
answer questions. However, HIT raises personal privacy and intellectual property concerns, and
the goal of information widespread to enable integrated health information access from various
health systems remains elusive. Another study found in 2004 by Jane and Schur referred to the
research study on ‘New Approaches to Confidentiality Protection’ by Abowd and Lane®>, they
mentioned one approach to new health care access is to design synthetic public use data files
that add systematic noise to the microdata. This technique measures data quality and reduces
risk since the synthetic data record does not expose the actual data record, and identity
disclosure is impossible. The drawback of synthetic data is the reduced of data utility>. Very
few people are trained in this technology which causes users having difficulties to use the

dataset correctly.
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Privacy and confidentially act under the HIPAA laws. A study stated although the HIPPA
guideline protects health information, still, there is a potential lack of protection of personal
health information which is not explicitly covered by HIPAA legislation or regulations'2. For
instance, HIPPA requires the de-identification of data and data use agreements, there are still
possibilities for re-identification of patients.

Getting approval due to privacy and confidentially becomes a challenge for secondary use of
health data. Approvals may sometimes require a long time, it would affect researchers
regarding their future work. The tools that | used in this research study combines de-identified
data and data that are not de-identified. An Institutional Review Board (IRB) needed to be filled

out before | can get access for approval.

1.5 Data Sharing Limits Secondary Use of Data

Data sharing is especially difficult among health care settings which limits the secondary use of
data for researchers. Although the acceptance of willingness to engage in data sharing is
increasing, there is also increased perceived risk associated with data sharing, and specific
barriers to data sharing persist. Limited systematic framework or global operational guidelines
have been created for data sharing, barriers at different levels have limited data sharing®. The
largest discrepancy in current practices of data sharing is between what people believe should
be done with data and what is actually being done®. Despite an overall belief that scientific
data should be available for use beyond their original purpose?’, scientists are often protective
of their data and may not readily engage in sharing practices'®°. A study was conducted by
DataONE team members to capture researchers perceptions about data sharing and reuse by

answering a series of designed questions. The result showed researchers were more concerned
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about the possible risks associated with sharing data, and the potential for misuse and
misinterpretation?°. The above study stated individual factors can have an effect on data
sharing, privacy and confidentiality barriers across multiple institutions is another factor®.
Although there are some policies and recommendations related to data sharing, policies for
data sharing have tended to vary by different institutions. Another study published by Kohane
et al found some problems in data sharing among institutions including shared data
presentation, standardized vocabulary, data selection, and confidentiality across multiple
institutions?!. The study also stated sharing data across institutions must first have a shared
policy for data security, authentication, and disciplinary action.

Data navigation is even harder across multiple institutions. Although researchers could
overcome these issues at one institution, they need to overcome more challenges at other
institutions for data sharing.

1.6 Data Navigation tools to increase Secondary Use of Data

Data navigation is an important concept that has been attempted to be addressed. The purpose
of self-service query tools is to enable users to perform their day-to-day analytics tasks
themselves to get more involved in the more critical analysis process?2. People need
technologies to gain access to data. Accessing EHR data for researchers is a major challenge in
using self-service query tools (SSQT) to meet the need of diverse users. Hruby, Ancker, and
Weng, authors of the article “Use of self-service query tools varies by experience and research
knowledge” reported user experiences across SSQT and how diverse users interact with SSQTs
for future effective query tool designs?2. The study conducted eight semi-structured interviews

and user observations at four academic institutions. Users include physicians, clinical
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researchers, and EHR data analysts. They were asked to write a query to solve their real-world
information using “think aloud” protocols. The studies were all videotaped to capture the
actions and thoughts of different users. After completing the query, an exit interview was
performed, and a user-action schema was developed and pruned for a video annotation. For
remaining quality control stabilized, user actions were annotated with this schema by a single
annotator in each video?2. Users were divided into two groups: experts and novices, based on
beyond 2 years of experience with research and SSQT. Results showed in four user actions:
browse, enter, review, and select. It is found both experts and novices had similar frequency
distributions among actions. One finding showed experts prefer to use the action “Enter ‘Search
Criteria’” compared to novices. The study also found most SSQT experts performed a more
organized flow of user actions; they intended to add data elements instead of removing them
after building the query?2. Comparing to expert users, novice users implied to develop their
gueries by adding or removing data. The final results presented a similar pattern in both
experts and novices using the SSQT. Self-service query tools (SSQT) have been developed to
meet this goal among diverse users. Based on the above study, self-service query tools are
suitable for both expert and novice users when building the same queries??. There were
minimal differences between expert and novice researchers’ user-action pattern which means
self-service query tools are developing rapidly today.

I12b2 is one of the self-service query tools that exist to simplify data access. 12b2 is referred to as
Informatics for Integrating Biology and the Beside?3. The primary purpose of i2b2 is to develop
the science and the engineering required to enable the clinical investigators of academic

medical centers to conduct clinical research that is informed by state-of-the-art genomic and
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biomedical informatics?3. 12b2 is a tool which combines clinical research data with basic
sciences research data to develop a new informatics framework. It is a light-acceptance product
of CTSA in Harvard University developed by medical informaticians which continuously spread
the use of this product this day. 12b2 is an open source tool that is designed to overcome
significant obstacles to translating the discoveries of the genomic era into safer, more effective
and more personalized health care?.

Common data model (CDM) is another tool for data navigation. Common data models are often
used in research when researchers need to exchange or share data for particular reasons or
uses. CDMs are used in clinical research to standardize and facilitate these exchanges from
multiple sources?*. Common data model differs in both purpose and design. It allows users to
generate evidence from a wide variety of sources. The current CDMs have been developed to
support secondary use of healthcare data in research. The Observational Medical Outcomes
Partnership (OMOP) is one of the commonly used CDMs that allows for the systematic analysis
of disparate observational databases. Its concept is to transform data contained within those
databases into a common format data model as well as a common representation such as
terminologies, vocabularies, coding schemes, and then perform systematic analyses using a
library of standard analytic routines that have been written based on the common format®.
OMOP also accommodates different data domains typically found within observational data
(demographics, visits, condition occurrences, drug exposures, procedures, and laboratory

data)?®.
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1.7 Challenges with Previous Approaches

Despite the existing two tools — i2b2 and OMOP for simplifying the secondary use of health
data, these previous approaches still face challenges. According to the research by Hruby et al
in “Use of self-service query tools varies by experience and research knowledge,” self-service
query tools is still a barrier to designing effective query tools due to lack of understanding??. In
this research, it is showed that the proficient use of self-service query tools requires significant
technical experience.

12b2 needs to overcome two major obstacles?2. The first obstacle is comprised of the
computational challenges of discovery across large, heterogeneous datasets in clinical care and
the genome-wide measurements made of the corresponding patients. The lack of knowledge of
genomic-level physiology and how to study it became the second obstacle.

According to the research, self-service query tools is still a barrier to designing effective query
tools due to lack of understanding?2. In this research, it is showed that the proficient use of self-
service query tools requires significant technical experience. The evaluation of i2b2 for clinical
research stated the graphical interface in i2b2 imposes limitations that prevent all query
conditions from being satisfied without post-processing in the form of extensive manual
intervention, which may not be practical when selecting large research cohorts?’. Some of the
challenges related to modeling, storing and retrieving temporal data from a clinical information
system arise from the limitations in how these systems are used to capture the information
during clinical care?’. Another limitation is the diagnoses related information is often buried in
textual narratives, which makes it less accessible to automated retrieval methods. The same

study found the limitations that exist in the capture of clinical information apply equally when

16



trying to retrieve it from the clinical system?’. For example, trying to query other clinical
conditions or medications or lab results that followed a given diagnoses from the electronic
chart is limited by how effectively the diagnoses information was captured and stored in the
chart during the patient’s care.

Although OMOP CDMs have various benefits, limitations still exist. A research found out a
potential limitation of mapping individual databases to a CDM is that the CDM may not allow
some of the relationships or data contained in a local database to be fully represented3?. It is
necessary to map data to a CDM to maintain some of the relationships or data contained in the
original data. However, data mapping or transformations can be mismatched or “lossy” when
using CDM:s as a logical data model for data storage?®. Unless a CDM is a perfect representation
of source data, information loss will occur as a result. Thus, CDM is not recommended for data
storage unless it is fully developed or evaluated for that specific content coverage?®. Some
other potential limitations loss of information associated with abstracting above individual
source system differences, and differences in supported associations?®. The transformation of
data to CDMs should occur at the latest data processing stream as possible — closest to the
analysis to preserve full information content of data for potential secondary use.

Leaf is another tool that has been built to address the problem of the secondary use of health
data. LEAF is a self-service clinical data discovery query tool will provide the ability for
researchers to individually query a managed, de-identified view to handle data visualization
requests developed by University of Washington Medicine Information Technology Services

that leverages the Amalga clinical data repository. Leaf can extract and visualize any datasets
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into a portable format that researchers can easily query without needing high technical
background or support.

Due to the limited comparison between the common model query tools and self-service query
tools, people are unclear which tool is most appropriate under specific circumstances. The

focus of this research study is to assess these tools and find out the value of them.

1.8 Technology Acceptance Model Framework (TAM)

Technology Acceptance Model is a useful framework to assess tools. Although many models
have been proposed to explain and predict the use of a system or tool, the Technology
Acceptance Model has been the only one which has captured the most attention of the
Information Systems community?®. The Technology Acceptance Model application in health
care settings has been widely spread. It is a theory that has been widely researched outside of
health care and it has become an important tool for health IT research. Holden and Karsh
reviewed the TAM theory to health care?®. They reviewed 16 datasets analyzed in over 20
studies of clinicians using health IT for patient care, a model of quantitative relationships
between variables. The results found TAM has been widely spread in explaining health care
provider’s reactions to health IT. Although TAM is well-used in predicting, and explaining
clinician end-user acceptance and use of health IT, the remaining challenges indicate a deeper
problem with TAM in health care use?®. TAM requires a need for standardization and a need to
continue exploring new theoretically motivated variables and relationships. Researchers have
used Technology Acceptance Model to understand the acceptance of different types of

information systems.
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Another research study found out that researchers wanted to use Technology Acceptance
Model (TAM) to find out the acceptance of information technology in Health Information
Management (HIM)3C. The study sampled 187 people from 363 people who were working in the
medical records department at Tehran University of Medical Sciences. A researcher-developed
qguestionnaire was applied to users’ perception when applying to information technology. Data
were analyzed using descriptive statistics and regression analysis by SPSS software. Results
demonstrated TAM is a useful framework for HIM to assess user acceptance of information
technology. One interesting finding is the result of perceived ease of use (PEOU), and perceived
usefulness (PE) were positively correlated with users’ attitudes to HIM. PU was more associated
than PEOU3?, The results and findings in this study suggested that user acceptance is a crucial
element and should become a major concern for health organizations and health policymakers.
This study will use Technology Acceptance Model (TAM) to evaluate between Leaf, i2b2, and
OMOP to find out which tool is most appropriately used under certain circumstances. TAM
explains the motivation of users by three factors; perceived usefulness, perceived ease of use,
and attitude toward use3?. The two main components were used in this research study:
perceived usefulness and perceived ease of use, to assess and study the three query tools —

i2b2, Leaf, and OMOP.

Perceived

Usefulness
Attitude Behavioural .| Actual use
towards use intention to US€

Perceived

ease of use

Figure 1: Technology Acceptance Model33
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Methods

2.1 Overview

The main study of my research is to compare and evaluate between OMOP, LEAF, and i2b2 to
find the most appropriate performer to increase data access to health care. The sub study is to
determine the 9 types of queries in order to compare between common model tools and self-
service tools to determine whether these query tools could answer the questions. | queried 20
questions from different sources and areas to make my results less bias and more varied using
i2b2, LEAF, and OMOP. Because there are limited comparisons made between these self-
service query tools and common model query tools, researchers do not have an understanding
of which tool is most appropriate under certain circumstances. It is also important to evaluate
the number of questions these tools could answer by using the representative questions in
health care.

| chose Leaf and i2b2 as my two self-service query tools because Leaf is a local tool developed
by UW Medicine and i2b2 is a public tool. | would like to evaluate the differences between two
self-service query tools such as features and the results. | chose OMOP as my common data
model example because it is commonly used across many institutions. For instance, UW
Medicine and Seattle Children’s Hospital are using it. Also, referring to the research on
evaluating common data models, OMOP stands out comparing to Sentinel and PCORnet. OMOP
had the highest content coverage and data elements, 76%, compared to Sentinel (37%) and
PCORnet (48%)%*. These four CDMs were chosen from models in use for clinical research data
and each model was evaluated based on 11 criteria in six categories: content coverage,

integrity, flexibility, ease of querying, standards compatibility, and ease and extent of

20



implementation?*. The results showed OMOP is the best match for supporting data sharing

from longitudinal EHR-based studies.

2.2 Research Focus

My main focus was to examine whether the three query tools can answer all the questions and
what are some differences and similarities comparing these tools.

Initially, | assumed either OMOP or i2b2 would be the most appropriate performer to help
researchers increase data access by evaluating the number of questions they answered. The
two query tools have been developed and used for several years by various health care
industries and they would be mature enough to complete the query questions. | thought LEAF
cannot answer all the questions compared to i2b2 because LEAF is a newly developed self-
service tool and it may not contain varies specific diseases and features.

Our goal was to test the questions by ourselves and ask different levels of query writers to
answer the same problems as us. Initially we want to make a comparison on the results to
evaluate if the same questions have different answers by different users. Later, we found that it
was too challenging to invite varies levels of people to test 9 types of queries based on the
timeline. Ultimately we settled down the research by assessing the query question on my own.
| want to determine the perceived ease of use by comparing various features between Leaf and
i2b2. For example, whether i2b2 has the functions of ‘encounter’; ‘emergency’; ‘discharge’
when answering the query questions, and create a comparison table of each feature.

In my sub study, we are trying to determine the 9 types of queries by research representative
guestions and discussion. Also, we want to find out if the same question can return different

results according to different variations based on Kahn’s paper. Among all those 20 questions, |

21



want to know the number of patients each tool returns after running the query, and | am also
interested in whether LEAF and i2b2 are using similar concepts for the same question. | started
to query the questions | chose by using the three different query tools in my main study to test

perceived ease of use and perceived usefulness using Technology Acceptance Model (TAM).

2.3 Determine the Types of Query Questions

| chose the 9 types of queries based on the representation and essentialness in healthcare. |
also chose to answer two questions based on Michael Kahn’s paper on “Querying Clinical
Databases: How Many Patients?3>” because | want to know the result difference when the
same query question is answered in two ways. This article has not been published yet, but it is
the best source from a query writer examining clinical data from complex administrative,
clinical and national databases. Michael Kahn’s expertise is in data quality assessment is
demonstrated in an article published ‘The Journal of Electronic Health Data and Methods’
named ‘A Harmonized Data Quality Assessment Terminology and Framework for the Secondary
Use of Electronic Health Record Data34.’ In his paper, he mentioned currently clinical analytics is
expanding rapidly with the development of electronic health records, large clinical data
warehouses, national quality improvement collaboratives and, the newest addition, distributed
research networks34. The power of emerging data resources is impressive, but it still leaves
miscommunication an issue which results in large differences between data. One example Kahn
provided is to determine the number of patients with two related ICD — 9 diagnoses who were
seen by a specific provider. The question was asked: “how many patients with
neurofibromatosis-1 and scoliosis did provider = 123456 seen recently?” It turned out the same

guestion can return 9 different ways to answer from the electronic medical record database
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(Figure 2)%>. Depending on the creativity of the query writer, each variation in Figure 2

embodied different assumptions and returned closely related results. With Kahn’s reference,

we decided to choose our two questions (A & I) of queries based on his statement. We chose to

qguery ‘A’ and ‘I because they have the most significant difference and we would like to

evaluate the results based on each variation.

(A)

-Dx=NF-1
-Dx=Scoliosis
-Billing provider# = 123456

| 1/1/2008 — 3/30/2009 |

(F)

N(Pt)

-Dx= NF-1
-Billing provider# = 123456

-Dx=Scoliosis
-Billing provider# = 123456

-Dx=Anything
-Billing provider# = 123456

1/1/2008 — 3/30/2009

(B)

N(Pt)

-Dx= NF-1
-Billing provider# = 123456

-Dx=Scoliosis
-Billing provider# = 123456

1/1/2008 — 3/30/2009

G)

N(Pt)

-Dx = NF-1
-Billing provider# = Anybody

-Dx=Scoliosis
-Billing provider# = 123456

-Dx=Anything
-Billing provider# = 123456

1/1/2008 — 3/30/2009

©

N(Pt)

Encounter
-Dx= NF-1
-Billing provider# = Anybody

Encounter
-Dx=Scoliosis
-Billing provider# = 123456

1/1/2008 — 3/30/2009

(H)

N(Pt)

-Dx= NF-1
-Billing provider# = 123456

-Dx=Scoliosis
-Billing provider# = Anybody

-Dx=Anything
-Billing provider# = 123456

1/1/2008 — 3/30/2009

(D)

N(Pt)

-Dx = NF-1
-Billing provider# = 123456

-Dx=Scoliosis

-Billing provider# = 123456

Q)

1/1/2008 — 3/30/2009

N(Pt)

-Dx = NF-1
-Billing provider# = Anybody

-Dx=Scoliosis
-Billing provider# = Anybody

-Dx=Anything
-Billing provider# = 123456

1/1/2008 — 3/30/2009

(E)

-Dx= NF-1
-Billing provider# = Anybody

-Dx=Scoliosis
-Billing provider# = 123456

! 1/1/2008 — 3/30/2009

Figure 2: Kahn’s 9 types of queries answering the same question3?

The data requests that | chose from are also based on real-world examples, including the three

of the data queries from the analytics team in University of Washington. The 9 types of queries
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are divided into 3 different categories: quality measurement; based on observational research
studies; and ask the analytics team.

2.4 Actions to Get Data and Writing Queries

We chose these 3 categories of queries because they are most representative and essential in
health care; also, we want to diversify our choices to cover more information. For quality
measurement, | included 30-day re-admission, hospital prevention, and health care
professionals. We decided to randomly choose three questions for both hospital preventions
and quality measure for professionals and clinicians by using a true random number generator
to generate the avoid personal bias. We focused on VTE, ED, and discharge in hospital
prevention because these three elements are most representative in hospitals (Table 1) most
represented metrics used in hospitals3®.

| was thinking about querying measure description at first for hospital prevention and
professionals and clinicians prevention3’ (Table 2). However, after meeting with Nicholas
Dobbins, one of the developers of LEAF, he suggested that it is difficult to perform calculation
for measure description such as median and percentage in LEAF. Ultimately, | decided to only
guery the denominator statement containing more specific features like age, length of stay,
diagnoses, and measurement period.

For 30-day re-admission, we included the association between frequent elderly attendees to
the emergency department with increased 30-day mortality®®. We want to determine factors
associated with 30-day readmission in elderly patients admitted for community-acquired

pneumonia (CAP)3°. We also want to examine whether or not a potentially modifiable factor
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such as physical activity affects the lowering risk of 30-day readmission in patients with chronic
obstructive pulmonary disease (COPD) (Table 3)%.

| also chose three queries questions based on observational studies in with EHR data. | found 10
observational studies on electronic health records based on research and selected the three
most interesting articles for my queries. | focused on type 2 diabetes including HbA1lc
comparing between body mass index and insulin initiators. The query is based on Patients with
T2DM with more than one office visits between 6 and 18 months before the index date, and
with 21 glycosylated hemoglobin (HbA1¢) result in the 6-month preindex (baseline) period were
included between November 2014 and February 2016.%1. The second choice | made the study
examining survival across older adults with different chronic multimorbidity patterns (CMPs)*2. |
chose this query because ‘multimorbidity’ refers to as patients with three or more chronic
diseases, it is interesting to find out the returned results with each tool. | chose to query the
diagnoses ‘acromegaly’ because it is a very rare disease in the US. | am curious if these query
tools can find patients with this specific disease. (Table 4)*3.

The last three queries we wanted to use a different source instead of the external sources. We
asked the UW analytics team to provide us with three research questions that are
representative. We received the questions from the Director of Research IT. We then found
that the questions he gave us were not actually a query question, but rather topics about how
health care works and is structured. We modified the questions into queries that might be
answered by self-service query tools (Table 5).

| also included three questions from an evaluation of i2b2 to make my research and analysis

more generalized (Table 6)%’.
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| used i2b2 and LEAF to query the 20 questions at the same time to see the similarities and
differences because these two are both self-service tools. For hospital prevention questions, |
included three columns: measurement description, numerator, and denominator. For
professionals and clinicians prevention, | included only the denominator. | chose to query the
denominator because the measurement description and numerator require calculations which
is more challenging in self-service tools to execute. There were some challenges with i2b2 when
| was querying the questions. Unlike LEAF, the data in demo version of i2b2 is not current. |
tested the date range starting from 2017 until 2010; | could only find data before 2010.
Therefore, the date range for i2b2 and LEAF of the same query is different, but they both can
answer the questions and the date difference does not affect the capabilities of i2b2.

| started writing in OMOP after finish running queries in both i2b2 and LEAF because i2b2 and
LEAF are similar, it is easier to compare the features and data when querying at the same time.
The four main tables | used in OMOP are person, visit occurrence, condition occurrence, and
concept. | generally used these four tables because | need patient information such as
‘patient_id’; the visit occurrence type is included to determine whether a patient is admitted
into a hospital as an inpatient, an outpatient or admitted through the emergency department.
Condition occurrence table is also needed to join the three tables together to find the unique
value to count the number of patients; concept table is also relevant for users to find out the
specific diagnosis in the query questions.

| created a comparison table to indicate the number of patients executing from each tool to see
the difference or gap in those numbers answering the same questions. | am also interested in

finding out if i2b2, LEAF, and OMOP can answer all the questions, and will any of the results
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return no data. After obtaining the results, | generated two tables to make a comparison
between the three query tools. A master list was created containing all 20 questions with
additional three columns behind for the number of patients in LEAF, i2b2, and OMOP. Another
table was built to compare the features of LEAF and i2b2 since they both are self-service query
tools. | did not include OMOP in the second table because it is a common data model which
does not have the same features as self-service tools. | want to compare the number gaps
between each result, the flexibility, perceived ease of use, and perceived usefulness to
determine which query tool is most appropriately used at specific circumstances.

Table 1 presents the three electronic clinical quality measures for hospital preventions including
Venous thromboembolism (VTE), emergency department (ED), and discharge. | started to query
measure description at first, however, the measure description includes calculations such as
proportion and median. From the research | found, the current version of i2b2 could not do
calculations?’. | focused on the numerator and denominator statement, | used LEAF first to
query the numerator statement in one column, and denominator statement in the second
column. However, this plan did not work out, no patient was found if the numerator and
denominator is combined. Alternatively, | chose to query the denominator because the
denominator contains more specific information such as patient age, length of stay, and

measurement period.
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Hospital Measure Description Numerator Statement Denominator
Prevention Statement
VTE This measure assesses Patients who received VTE Patients age 18 and older
the number of patients prophylaxis: discharged from hospital
who received VTE the day of or the day after hospital | inpatient acute care
prophylaxis or has admission without a diagnosis of
documentation why no the day of or the day after surgery | venous thromboembolism
VTE prophylaxis was end date for surgeries that end the | (VTE) or obstetrics with a
given the day of or the day of or the day after hospital length of stay less than or
day after hospital admission equal to 120 days that
admission or surgery end ends during the
date for surgeries that Patients who have documentation | measurement period
start the day of or the of a reason why no VTE
day after hospital prophylaxis was given:
admission between arrival and hospital
admission
the day of or the day after hospital
admission
the day of or the day after surgery
end date (for surgeries that end
the day of or the day after hospital
admission)
ED Median time (in minutes) | Measure Observations Statement: | Initial Population
from admit decision time | Time (in minutes) from Decision to | Statement: Inpatient
to time of departure from | Admit to ED facility location Encounters ending during
the emergency departure for patients admitted to | the measurement period
department for the facility from the emergency with Length of Stay
emergency department department (Discharge Date minus
patients admitted to Admission Date) less than
inpatient status or equal to 120 days, and
where the decision to
admit was made during
the preceding emergency
department visit at the
same physical facility
Measure Population
Statement: Equals initial
population
Discharge Median elapsed time Measure Observations Statement: | Initial Population
from emergency Median elapsed time (in minutes) Statement: Emergency
department arrival to from emergency department department encounters
emergency room arrival to emergency room during the measurement
departure for patients departure for patients discharged period Measure
discharged from the from the emergency department Population Statement:
emergency department Equals initial population

Table 1: Query Questions for Hospital Prevention3®
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Professionals & | Denominator Statement

Clinicians

Patients 18-75 years of age with
diabetes with a visit during the
measurement period

All patients aged 18 years and older
before the start of the measurement
period with at least one eligible
encounter during the measurement
period

Patients 18-85 years of age who had a
diagnosis of essential hypertension
within the first six months of the
measurement period or any time prior
to the measurement period

Table 2: Query Questions for Professionals and Clinicians Prevention3’

Table 2 shows the three randomly chosen query questions from electronic clinical quality
measures for professionals and clinicians. | did not include the measure description and the
numerator columns because from the example above for hospital prevention, | could not query
the measure description due to calculations. The denominator has more precise information to

accurately find the number of patients.
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30-day Readmission

Title

Query Sentence

Association between the elderly
frequent attender to the emergency
department and 30-day mortality: A
retrospective study over 10 years.

Patients aged 65 years and older, with
3 or more visits within a calendar year
were identified.

Factors associated with 30-day
readmission after hospitalization for
community-acquired pneumonia in
older patients: a cross-sectional study
in seven Spanish regions.

Patients aged 265 years admitted
through the emergency department
with a diagnosis compatible with CAP.

Associations between physical activity
and 30-day readmission risk in chronic
obstructive pulmonary disease.

Patients discharged between January 1,
2011 and December 31, 2012, aged 40
years or older, on a bronchodilator or
steroid inhaler.

Table 3: Query Questions for 30-day Readmission3&3940

Table 3 contains three query questions for 30-day readmission. | chose these three query

guestions based on the papers | read and | found these three statements most related to my

research topic. Some of the papers are representative, but they are not query questions. It

includes the title of the papers and the query sentences from each chosen paper. Also, | chose

different diagnoses and different contents to make the questions more diverse. For example,

both first and second query has patient age 65 years and older, but they have different

contents where the first question includes 3 or more visits, and the second contains diagnoses

with CAP.
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EHR Data Based on Research

Title

Query Sentence

Characteristics Associated with
the choice of first injectable
therapy among US patients with
type 2 diabetes.

Patients with T2DM, 21 office visit
between 6 and 18 months before the
index date, and with 21 glycosylated
hemoglobin (HbA:.) result in the 6-
month preindex (baseline) period
were included between November
2014 and February 2016.

Survival in relation to
multimorbidity patterns in older
adults in primary care in
Barcelona, Spain (2010-2014): a
longitudinal study based on
electronic health records.

Patients aged 265 years with chronic
multimorbidity patterns (CMPs)
identified.

Use of Electronic Health
Records to characterize a rare
disease in the use USA:
treatment, comorbidities and
follow-up trends among
patients with a confirmed
diagnosis of acromegaly.

Patients aged 65 years and younger
admitted as Inpatient or outpatient
between 2008-2013 with diagnosis
of acromegaly

Table 4: Query Questions for Observational EHR Research data

41,42,43

Table 4 includes questions from observational electronic health record data based on my

research. | found a lot of EHR data related to diabetes, but | only chose one to avoid the bias

from this diagnoses. | chose to query the diagnoses chronic multimorbidity patterns (CMPs)

because this diagnoses defines as patients who have multiple (3 or more) chronic conditions,

such as diabetes, kidney disease, heart failure, hypertension, depression, cancer, or others. |

chose the diagnoses ‘acromegaly’ because it is a rare disease in the USA and | am curious if

these query tools could find this diagnoses.
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Research Questions Adapted | Query Sentence
from Analytics Team

Is there an interaction between hormonal contraceptives and
cystic fibrosis medications that may affect the efficacy of the
contraceptive method or the cystic fibrosis medication.

Query: patient with a diagnosis of cystic fibrosis who have been
prescribed with cystic fibrosis medications and also prescribed
oral contraceptives.

Prove or disprove the hypothesis that intraoperative cardiac
arrest has significant effects on mortality, graft survival, and
perioperative morbidity.

Query: patient with intraoperative cardiac arrest (LOS)

Prove or disprove the hypothesis that 10% of inpatient records
for UWMC and HMC Medicine services contain progress notes
that contain clinically misleading content resulting from copying
and pasting.

Query: UWMC & HMC Inpatient records and diagnosis and
procedures

Table 5: Query Questions from the Analytics Team

Table 5 indicates the questions the analytics team sent to us. | divided the query sentences into
two parts because the questions they sent was not actually query questions. The first part is the
original questions the analytics team sent. For part two, my professor and | changed the
guestions into query questions where it starts with the word “Query.” The three questions did

not include any patient age compared to the above three tables.
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Evaluation of i2b2

Description of data requests in Evaluation of i2b2

Pl needs counts of patients that had Basal cell Carcinomas,
Squamous Cell Carcinomas, Squamous Cell Carcinomas in situ,
Displastic Nevus, any kind of Nevus, melanomas, etc. Broken
down by years 2004 and 2005.

Female patients from January 2002 onwards with a diagnosis of
DVT/PE and age less than 51.

Pl needs a list of patients who have undergone Orthopedic
surgery with a therapeutic INR on the day of surgery.

Table 6: Query Questions from the Evaluation of i2b2%’

Table 6 illustrates the three questions in the evaluation of i2b2 paper. | chose to include these

three questions because it is chosen from a valuable source which would make our selection of

questions broader. Also, i2b2 has already answered these three questions and recorded in the

paper, | wanted to test if the version of i2b2 | use could answer the questions as well.
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Results

Result 1: Perceived Usefulness

Performance

After answering the 20 questions by these three query tools, the results in table 7 shows 90%
(18 questions) can be answered by both LEAF and i2b2. OMOP data model can answer 19 out of
20 questions (95%). When comparing i2b2 with LEAF and OMOP, it is clear that LEAF and
OMOP show more number of patients than in i2b2 due to the use of different data. The data
requests contain similar information such as patient age, diagnoses, length of stay, and
measurement period. These information are all included in the three query tools which had a
high performance of answering these questions. All three query tools shows the timing when
searching for the number of patients. When the systems could not find any patients due to long
time searching, they will show an error message to notify users and users could make
adjustments. Leaf and i2b2 also provide clear categories when searching for the specific
information. OMOP is useful when users know how to program; users can create their own SQL
gueries according to the specific contents to provide more accurate results. Leaf and i2b2
would enhance the efficiency if researchers want to find the number of patients in a fast pace.
Flexibility

Flexibility is considered as perceived usefulness because | want to evaluate the tools based on
the capability of the user interface. This is in contrast to flexibility of the user interface which
would be a component of perceived ease of use. OMOP has a strong flexibility comparing to

i2b2 and LEAF because OMORP is all about writing SQL queries. Each person might have a
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different query for the same question according to Michael Kahn’s paper. For example,
qguestion #19 and #20 are answering the same question from different variations in all three
guery tools. By comparing the results for these two questions, all three tools returned different
results. Below is the screenshots from three different query tools. The results in OMOP show a
significant difference when comparing the two diagnoses whether they are in the same
encounter or any encounter. Leaf and i2b2 returned a similar result when comparing these two

questions.

-- S5AME VISIT

select countip.person_id)

from uzOMOP.OMOP.visit occurrence v, uzOMOP.OMOP.person p,

uzOMOP . OMOP . condition_occurrence col, uzOMOP.OMOP.condition_occurrence co2
where v.visit_start_date between '2817-81-81' and '2818-81-81'

and v.person_id = p.person_id

and v.visit _occurrence_id = col.visit occurrence_id

and v.visit_occurrence_id = co2.visit_occurrence_id

and col.condition_concept_id in (44828885, 45538758)

and co2.condition_concept_id in (44829878, 45545935)

-- ANY WISIT
—Iselect countip.person_id)
from uzOMOP.OMOP.visit occurrence v, uzOMOP.OMOP.person p,
uzOMOP . OMOP. condition_occurrence col, uzOMOP.OMOP.condition_occurrence co2
where v.visit_start_date between '2817-81-81' and '2818-81-81'
and v.person_id = p.person_id
and p.person_id = col.person_id
and p.person_id = co2.person_id
and col.condition_concept_id in (44828885, 45538758)
and co.condition_concept_id in (44829878, 45548935)

Figure 3: Screenshot of OMOP for questions #19 and #20
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Figure 4: Screenshot of Leaf when diagnoses are in the same encounter (question #19)
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Figure 5: Screenshot of Leaf when diagnoses are in the any encounter (question #20)
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Figure 6: Screenshot of i2b2 when diagnoses are in the same encounter (question #19)
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Figure 7: Screenshot of i2b2 when diagnoses are in the any encounter (question #20)
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| found Leaf has a greater flexibility because it has the most obvious ‘run query’ button on the
top of the page. The icons in Leaf are easy to understand and clear to see comparing to the SQL
gueries lines written in OMOP. It is also easy to see the name of the specific diagnoses in Leaf
and i2b2 compared to OMOP. In OMOP, it is difficult to see what specific diagnoses were
chosen after selecting the ‘condition_concept_id" number into SQL queries.

In addition with the resource from Nicholas Dobbins, i2b2 is built within a one large data table;
when users are running the query in i2b2, it runs on the whole table to find out the results. As
in LEAF, the concepts are built individually and up to date. When users are running a query in

LEAF, it runs separately and gets data from different small tables.

Data

The three query tools answered most of the questions. The data differences does not have any
impact on the results because each query tool contains different number of patients and the
main purpose of this study was only to show the capabilities of these query tools answering the
questions.

Among all 20 questions, only question 12 had a similar number of patients shown in the result
answered by the three tools. | assume may be it is because of the rare disease — ‘acromegaly’,
few patients are found in all three query tools.

For question number 15, the results are not accurate because both LEAF and i2b2 cannot query
notes, so we simplified the query by ignoring the two words “copying” and “pasting.” We
received this query from our University of Washington analytics team; the query question only
contains data from UWMC and HMC. Because i2b2 does not use data from UWMC and HMC,

we ignored the two institutions in i2b2. It still returned a result when excluding the institutions.
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There are two numbers labeled in red, which are question #16 and #18 in the results of i2b2. |
labeled these two results in red because i2b2 does not contain the information | need to query
the questions. For example, question #16, the results showed up for Basal cell Carcinomas and
Squamous cell Carcinomas, but they appeared in a grey color which | cannot choose to pull over
to the query section. It made me realize how important it is to have the number of patients
behind each concept when choosing the content we want.

OMOP has one ‘N/A’ labeled in blue because our OMOP model didn't include the content for
question #2.

The two numbers labeled in green from Leaf are question # 13 and #18. Question #13 returned
as zero because Leaf did not contain any patients with both cystic fibrosis and oral
contraceptives. For question #18, both Leaf i2b2 could not find the correct concept for
‘orthopedic surgery’. The concept for this query is a procedure, the search results in Leaf and

i2b2 returned as a diagnoses or problem list.
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Results

Description of data requests

LEAF Number

of Patients

12b2 Number

of Patients

OMOP Number

of Patients

Patients age 18 and older discharged
from hospital inpatient acute care
without a diagnosis of venous
thromboembolism (VTE) or obstetrics
with a length of stay less than or equal
to 120 days that ends during the
measurement period

61833

10

795

Initial Population Statement: Inpatient
Encounters ending during the
measurement period with Length of
Stay (Discharge Date minus Admission
Date) less than or equal to 120 days,
and where the decision to admit was
made during the preceding emergency
department visit at the same physical
facility

Measure Population Statement: Equals

initial population

20782

20

N/A

Initial Population Statement:
Emergency department encounters
during the measurement period
Measure Population Statement: Equals
initial population

75318

20

95419

Patients 18-75 years of age with
diabetes with a visit during the
measurement period

27743

102

1268

All patients aged 18 years and older
before the start of 2017 with at least
one eligible encounter during the
2017 (measurement period)

326613

100

360663

Patients 18-85 years of age who had a
diagnosis of essential hypertension
within the first six months of the
measurement period or any time prior
to the measurement period

177571

35

29176

Patients aged 65 years and older, with
3 or more visits within a calendar year
were identified.

4195

16

32538

Patients aged 265 years admitted
through the emergency department
with a diagnosis compatible with CAP.

7726

25

203

Patients discharged between January
1, 2011 and December 31, 2012, aged

28

41

1018
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40 years or older, on a bronchodilator
or steroid inhaler.

10.

Patients with T2DM, >1 office visit
between 6 and 18 months before the
index date, and with 21 glycosylated
hemoglobin (HbAi) result in the 6-
month preindex (baseline) period were
included between November 2014 and
February 2016.

58

12913

11.

Patients aged 265 years with chronic
multimorbidity patterns (CMPs)
identified.

16599

13

110

12.

Patients aged 65 years and younger
admitted as Inpatient or outpatient
between 2008-2013 with diagnosis of
acromegaly

121

123

88

13.

Is there an interaction between
hormonal contraceptives and cystic
fibrosis medications that may affect
the efficacy of the contraceptive
method or the cystic fibrosis
medication.

Query: patient with a diagnosis of
cystic fibrosis who have been
prescribed with cystic fibrosis
medications and also prescribed oral
contraceptives.

11

5563

14.

Prove or disprove the hypothesis that
intraoperative cardiac arrest has
significant effects on mortality, graft
survival, and perioperative morbidity.

Query: patient with intraoperative
cardiac arrest (LOS).

24

16

145

15.

Prove or disprove the hypothesis that
10% of inpatient records for UWMC
and HMC Medicine services contain
progress notes that contain clinically
misleading content resulting from
copying and pasting.

Query: UWMC & HMC Inpatient
records and diagnosis and procedures.

1143

133

1564

16.

Pl needs counts of patients that had
Basal cell Carcinomas, Squamous Cell
Carcinomas, Squamous Cell

2695

241
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Carcinomas in situ, Displastic Nevus,
any kind of Nevus, melanomas, etc.
Broken down by years 2004 and 2005.

17. Female patients from January 2002 2529 121 250
onwards with a diagnosis of DVT/PE
and age less than 51.

18. Pl needs a list of patients who have 0 0 19282
undergone Orthopedic surgery with a
therapeutic INR on the day of surgery.

19. How many patients with 17 5 0
neurofibromatosis type 1 and scoliosis
(A).

20. How many patients with 21 0 2470

neurofibromatosis type 1 and scoliosis

(1).

Table 7: Master list of all 20 query questions answered by three query tools

Table 7 is a master list of all 20 questions answered by the three query tools including the one
guestion in Kahn's paper. The result differences in this table does not show any relationships
between the three tools.

As can be seen in table 7, among 20 questions, i2b2 showed a significant number difference
compared to Leaf and OMOP when answering the same questions. One reason is because i2b2
is using different data compared to Leaf and OMOP (both UW data), the other reason might be
because of the demo version | used. The date range is not consistent to the current date in the
demo version of i2b2, so | adjusted the dates to find the results. | chose only to use the demo
version because this study is about evaluating the capabilities of these tools, not the evaluation
of data.

Leaf and OMOP are using the same data to answer the same questions, however, the results
still showed a huge difference. One reason might be the diagnoses | chose from these two

qguery tools. For example, question #4 and #6 have diagnoses ‘diabetes’ and ‘hypertension’.
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When | searched for these two diagnoses, multiple results appeared relating to ‘diabetes’ and
‘hypertension’. The number of patients in each result is different, which made my results
difference significant. Although the results contain significant differences, the gaps do not have

any impacts between those tools.

Result 2: Perceived Ease of Use

Perceived ease of use is evaluated based on the different features between Leaf and i2b2,
whether it is user-friendly for researchers to use. Throughout the exploration of the three query
tools, | determined that LEAF has the highest perceived ease of use. Because LEAF is a self-
service tool, unlike OMOP, users do not need to write SQL queries. As | mentioned earlier in my
paper, not everyone can become a programmer. There are a huge amount of people who need
access to data and cannot write SQL queries, OMOP will not be the best choice for those users.
Therefore, OMOP has the lowest perceived ease of use. LEAF and i2b2, on the other hand, will
make users more able to run queries without writing SQL.

I2b2 and LEAF are similar self-service query tools that are built up with SQL queries behind the
back. They are both flexible by customizing date range, the number of occurrences,
include/exclude. Between these two tools, | find LEAF has a greater flexibility than i2b2. LEAF
can change the number of occurrence for each concept that is pulled into the same encounter
in the same column. From table 8, LEAF can also customize age range and length of stay which
i2b2 cannot. However, LEAF did not have a term called ‘length of stay’ in visit details at first.
Nicholas Dobbins, the developer of LEAF, added after we emailed him about this problem, so it
may contain some bias when writing the program for the ‘length of stay’. On the other hand,

i2b2 is more developed than LEAF with the length of stay in visit details. Compared to i2b2,
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LEAF also has a specific encounter, emergency, and discharge concept where users can specify

the query questions.

Features LEAF 12b2

Show patient number | Yes No

Table Different small tables One big table
Encounter concept Yes No
Emergency concept Yes No
Customize age range Yes No

Length of Stay (LOS) Added when we requested, | Exist, cannot customize

can customize

Discharge Yes No
Diagnosis Specific More specific
Query notes No No

Table 8: Comparison between the features of LEAF and 12B2

Table 8 demonstrates the different features between LEAF and i2b2. There 9 different types of
features that | discovered while using these two query tools. LEAF shows a better flexibility due
to 5 features where i2b2 does not have.

Additionally, LEAF has a function where it can show the number of patients behind each
concept, but i2b2 does not. When choosing the concepts in i2b2, it is difficult to find out how
many patients are in the concept. If there are zero patients, the result is likely to be zero. It is
important to be aware of the number of patients when choosing the concepts. As in LEAF, you
can choose the concepts with more patients which it will show a satisfied result.

Concepts can be in the same encounter when a query involves the word “without,” in LEAF.
Users can choose the “and not” which represents “without” to exclude from the encounter. In

i2b2, you must separate the “without” concepts with other concepts into two different groups
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using the “exclude” function. When users are running the query in i2b2, it runs two separate
columns together to combine the results.

Both LEAF and OMOP need permissions to proceed to future work with data, i2b2 is the only
public version where users can download and use it without any restrictions. As mentioned
earlier, getting approval for the secondary use of health care data is a challenge due to data

privacy and confidentiality. Also, institutions are unclear how far the data is been used by

researchers. By skipping the step to get permissions, users can easily access to health care data

for research.
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Discussion

The results of this research confirm that the three query tools answered most of the 20
guestions, but each of the tools still has one or two questions that could not be answered. In
my first initiation, the adopted OMOP could answer all query questions leaving LEAF to be the
tool that is unable to answer most of the questions.

Comparing with LEAF and OMOP, i2b2 contains fewer data due to the demo version and the
use of different data. The i2b2 and OMOP repositories do include a formal terminology layer
but differ in how concepts can be hierarchically grouped together. After evaluating between
the tools, Leaf has the highest perceived ease of use due to its flexible features and easy user-
experience for non-programmers. Researchers could find the number of patients in a short time

by pulling useful contents into the same encounter.

Finding 1: Perceived Usefulness — Performance

Our research found out that it is easy to use a common data model to complete complex
gueries, such as OMOP. Based on the comparison and the research study, OMOP ranked high in
the overall evaluation criteria including flexibility and perceived usefulness. However, it has the
lowest perceived ease of use due to writing long query sentences and requires trainings for
users who are not familiar with SQL. As mentioned earlier, not every researcher can write
programs. As for simple query questions, users need to perform long, complex lines of queries
to answer the questions. For instance, question #4 is a simple query with patients 18-75 with
diabetes in 2017. Users can simply use LEAF or i2b2 with 3-4 drags with minor changes: 1. drag
and customize age group, 2. search for diabetes in the diagnosis and drag into the same

encounter, 3. change the date range, 4. run the query. When this question applies to OMOP, 14
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lines were written in SQL to achieve the result (Figure 9). Three tables were used in this
guestion, switching back and forth between tables and finding the unique value which can
represent each table is an essential step, it is important to join all these tables for OMOP to find
the unique values. By comparing Figure 8 and Figure 10, it is clear to see i2b2 cannot customize
age range like LEAF. If we want patients’ ages between 18 — 75 there are two ways in i2b2: 1.
include all patients age from 18 to 74 by dragging 5 age groups; 2. Drag the remaining 4 age
groups and click ‘exclude’ in the group 2.

| also discovered when searching a diagnosis in LEAF or i2b2, it is straightforward for users to
use a search bar, but in OMOP, | wrote 5 lines to gain the results for one diagnosis.

From the overall perspective, LEAF is the most appropriate performer among all three query
tools according to its flexibility features and high performance. Leaf and i2b2 answered 18
guestions, and OMOP answered 19. | found the results surprising when there is only one
guestion difference between Leaf and i2b2 compared to OMOP. From this research study, self-
service query tools are able to perform as well as common data query tools.

After comparing the two self-service query tools, | found LEAF has an easier user experience
than i2b2. 12b2 was established in 2004 and LEAF was developed in 2016. My first thought is
that i2b2 would be a more mature and well-developed tool, but as | was using them both, LEAF
impressed me with its flexible temporal criteria including customizing date and age range;
choosing admissions source for inpatient; and excluding concepts in the same column. 68% (13)
of data requests in the sample contained temporal criteria. However, LEAF did not have ‘length

of stay’ feature at first comparing to i2b2. Users in i2b2 do not have this concern.
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Based on the evaluation of i2b2 on predicting asthma exacerbations, it is a user-friendly query
and visualization tool for researchers to improve their access to clinical data?’. 12b2 contains
large terminology with enriched laboratory exam and medication concepts, it could answer
almost all queries required for this research study. With the free and open source cohort
selection tool of i2b2, more researchers would benefit from using i2b2 for clinical research. |
found the terminology searching and browsing functionalities very intuitive and easy to use
while | was using i2b2. It can build queries by simply drag-and-dropping terminology concepts
into different criteria groupings.

Both Leaf and i2b2 use similar methods to determine the number of patients, they both work
well with simple standard questions involving diagnoses and a limited number of demographic
data elements. But some diagnoses in i2b2 such as ‘Squamous Cell Carcinomas’ appeared grey
after searching. It appeared in grey may be because they do not contain any patients. This is
why the number of patients behind each concept is necessary. | could not choose the ones in
grey which leads me zero number of patients compared to LEAF. In i2b2, there are some
challenges related to terminology encountered which related to the inconsistent use of
controlled medical vocabularies when representing laboratory tests and results in the different
clinical information system?’.

The results are somewhat surprising because the results in the table show LEAF can answer the
same amount of questions as i2b2 and only one question less than OMOP. Also, | was amazed
by how flexible LEAF is with its varies features when using the system; LEAF would benefit a lot

of non-programmers who need access to health care data.
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Figure 10: Screenshot of i2b2; Find patients for question #4.

Finding 2: Query Process

| found strengths and limitations of the three different types of query tools under each specific
circumstances when writing queries. | made some changes to my questions while | was writing
my queries. Before | started to write the queries questions | do not know what information is
exactly needed because | was not familiar with the tools. The previous query questions | found
did not returned any patients in any of the tools because they were not actually a query
question. They did not contain elements such as patient age, diagnosis, and measurement
period. Without these elements, it is difficult to use either self-service tools or common data
models.

When | started to write queries in OMOP, | faced some challenges. | learned SQL in my

bachelor’s degree, but | have not used it for a long time. Before writing the SQL queries, | dig
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into some research by reading the SQL cookbook and learning SQL online. At first, it was quite
difficult for me to write SQL queries because | did not understand the grammar. Also, | am not
familiar with the OMOP tables; | read through each table and initiatives to make sure |
understand the relationships between the tables | need. With the help of others and getting my
memories back, writing SQL became much easier. If researchers choose to query questions in
OMOP, they need a lot of trainings from other professionals and it would be time-consuming.
Throughout my testing, | found some of the same results according to the evaluation of i2b2
study?’, the study evaluated the usability and functionality of i2b2 using several real world
examples of research data requests. i2b2 is a useful tool containing medical terminologies for
diagnosis and procedures, medications, and laboratory tests, along with mapping legacy data
and generating structured and coded rich metadata. One significant strength of i2b2 is the
ability to estimate patient cohort sizes by changing the inclusion/exclusion criteria?’. In
addition, i2b2 also provides terminologies for patient demographics including age, gender,
income, language, marital status, race, religion, vital status, and zip codes. The i2b2 data model
is valuable when the type of data requests are structured and straightforward without using
pre-coordinated concept, which can also be transformed to fit the i2b2 logical data model.
However, there is still limitations in i2b2; it has a column called ‘modifier_cd’ which contains
information related to the ranking of modifiers?’. This column is currently not used by the visual
query client tool; the end-users have no way of querying the data using relationships between
observations. This limitation requires professional training before use. 12b2 is only allowed to
present simple ranking/order relationship, which causes the complex relationships to be lost.

Due to the limitation of i2b2, individual clinical observations can only be stored and retrieved at
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the same level of an ‘encounter’ or a ‘visit.” For complex relationships, it is necessary to create
another pre-coordinated metadata concept outside of i2b2%7.

The inadequacy of provisions for preserving contexts and relationships between individual
clinical observations is a shortcoming of the i2b2%’. This limitation is important when importing
data from structured clinical documentation into i2b2, every atomic observation will have to be
available as a pre-coordinated concept. The shortcoming is not practical when in an
environment with a large-scale EMR implementation. One of the most significant limitations of
i2b2 is importing data from structured clinical documentation into i2b2?’. Along with the
current EMR vendors is not yet standardized in the United States, it may limit the researcher’s
ability to use data in a consistent manner.

There are some temporal criteria such as setting the date range, it was relatively easy to model
in the queries using i2b2. Question #5 and #6 as examples, the data requested the time range
before the measurement period and during the measurement period (#5); another query
requested the date range within the first 6 months of the measurement period or any time
prior to the measurement period. In i2b2 it requires multiple runs using two separate datasets
and combing together to get the final results, but it would be much easier using a single SQL
qguery in OMOP to express this logic.

According to a journal in AMIA, Overhage et al. concluded OMOP CDM has the possibility of
losing data by forcing disparate sources into one common model3!. When mapping between
concepts in different terminologies, various types of complexities may be encountered.

Data query structures are often determined by the structure of the database being queried.

Answering the same question may result in different structures when different databases are

52



used. The types of questions that can also be asked depends on the specific structure of a
database according to Kahn’s paper®. A database that does not represent encounters cannot
answer questions about encounters. For example, if a question is asked about an insurance
membership database, the three query tools are not able to answer the question®>.

Although LEAF contains the highest flexibility, it is still a local query tool which is not publicly
used outside of UW Medicine. OMOP and i2b2 are open-source tools that can be easily
download and use. However, the OMOP data | used in this research study requires permissions
because the data is from UW Medicine. Because Leaf is a local query tool, one limitation
appears as users could only find the information of patients inside UWMC, HMC, and NWHMC

when query questions.

Finding 3: Evaluation on Data Elements — Terminology Coverage

In my study, | found OMOP CDM contains the largest medical terminology compared to LEAF
and i2b2. The OMOP CDM accommodated the highest percentage of data elements. One
example is question #18 which asks for patients who have undergone Orthopedic surgery with
a therapeutic INR. In LEAF, | could not find the exact word for ‘Orthopedic surgery.” The most
equivalent word | found is ‘orthopaedic surgical,” however, it was still not the result that | was
looking for. I did not choose the similar terminology due to different concepts. The word
‘Orthopedic surgery’ is a procedure in the query question, Leaf returned the similar word as
diagnoses or problem list which do not match the same concept. 12b2 appears with similar
results as LEAF and the word ‘therapeutic’ was not detailed enough in i2b2 and displayed over
200 results. OMOP presented 86 results after searching the word ‘therapeutic’ and 50 rows for

‘orthopedic surgery,’ it generated the results in a more specific term by capturing most of the
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data elements and domains. The evaluation of common data models also stated OMOP had a
100% match of the data model constraints compared to other models, and 100% of data
integration of terminology coverage?*.

OMOP works best with complex queries as it might be challenging for self-service tools to run
the queries and writing long SQL queries also may take a long time which decreases efficiency*>.
In OMOP, users can write down each line of queries depending on the questions and their own
solution; it is more flexible when writing your own queries and each user might have a different
solution to the same question. As stated in a research study, a CDM can be used to minimize
variability and enable common interpretation within the context of underlying source data®.
The same study also confirmed that CDMs are a feasible and useful approach to allow
systematic analysis of health care data sources, administrative claims and EMR data.

With the strengths of implementing standardized vocabularies in OMOP, it can improve the

integration of various types of data sources.

Finding 4: Calculation Performance

Leaf and i2b2 cannot perform calculations using the current version compared to OMOP CDM.
Due to the fact that LEAF and i2b2 can only perform simple criteria queries it is incredibly
challenging for these two tools to calculate or aggregate values. There is a column called
measurement description back to table 1 and table 2; the measurement description asks users
to calculate the percentage and median of patients in both numerator and denominator. OMOP
can merely calculate the numbers by writing math formulas in SQL, however, for LEAF and i2b2,
there is no such function to execute calculations. The main reason | chose to only query the

guestions in the denominator is because there is no calculation function in LEAF and i2b2.
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Deshmukh et al. evaluated i2b2 on clinical research and discovered i2b2 could not complete
guery complex data requests containing inclusion or exclusion criteria such as calculations and
aggregate data?’. Aggregating data would address post-processing the observations after
obtaining an initial data set. Version 1.3 of i2b2 software strengthened the ability to include
conditions based on values of certain findings?’. This specific function benefits in other types of

queries, but it does not directly provide the needs to inclusion or exclusion criteria.

Finding 5: Accessing Data

We faced access challenges at the beginning; | used to have access from the previous quarter
for LEAF using the AMC account. However, | did not log in to my account during the summer,
my account was deleted. My professor and | asked for permissions at the beginning of spring
guarter, and it took two weeks for them to reply. After they replied to our email, | was asked to
complete a form. The access took another two weeks, so | was not able to use LEAF for almost a
month.

In the meantime, | focused on researching the information | need and find relevance scholars
and articles relating to my topic. | also finished CITI training because | was planning to invite
different levels of query writers to complete the 9 types of queries | created in order to
compare and contrast, it ultimately became a barrier due to many challenges.

Getting familiar with OMOP and i2b2 is another task | achieved before getting access to LEAF. |
tested some simple and complex queries in i2b2 and dug deeper into OMOP common model
database online. During our meeting at the beginning of March, we finally tested our access to
ensure | have got all the access | need for LEAF and OMOP. 12b2 has an online demo version; we

do not need access to i2b2. Because it is a demo version, we do not need to worry about data
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leakage and data confidentiality. In LEAF, we used de-identification in our research to reduce
risk.

We paired up our computers and used Microsoft Remote Desktop, after | downloaded this
application we added the connection name we need, and accessed OMOP. Getting access to
data is always the hardest step to start a research study. Although data querying for clinical
trials is one way to promote the fair and transparent conduct of clinical trials. It would benefit
the exploration of additional hypotheses and maximize the use of data for various purposes;
some practical issues arise which need to be addressed*®.

One of the main reasons related to my data access is remote access platforms facing technical
issues with software limitations and internet requirements. Also, LEAF cannot be opened with
Safari, downloading Google Chrome is another step to access LEAF. As for OMOP, an application
must be download to add user’s name before logging into the system. When accessing to LEAF
and OMOP an external VPN is needed. Also, the LEAF developers need to understand the

purpose of me using LEAF, and multiple emails need to be sent out to get the approval.

Limitations

Time

Expressing the differences between the queries in English requires very careful articulation of
the relationships between encounters, diagnosis, providers and time3. With different users
guerying the same questions, the results may be varied according to query writers’
understanding of each question. Initially, we wanted to involve more query writers to answer

the 20 questions and compare to my results, are these tools returning the same results or
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different. If the results are different what are the differences when we query the questions, did
we choose different codes for the same diagnoses? However, due to the time limitation, it is a
big challenge to find different levels of query writers to answer all 20 questions. Also, | am using
three query tools to determine the results, not every query writer exactly knows how to use all
three tools, and it will take them a lot of training to explore the functions. We then narrowed
down to find 1 to 2 people to complete only one query question, but we still faced obstacles
due to finding the right people and finding the time to train them.

If I had enough time for this research study, | would invite 10 query writers based on different
levels and time themselves while completing the query for each question. Users and | could
record the time on the timer on each of the query tools; | could compare their queries and time
to find out the most accurate query with the least time used. One of our limitations is we did
not find others to answer the same query questions and compare the results due to time
limitation.

Design

When choosing our query questions from the analytics team, they only sent us the three
guestions they wanted us to query; it may contain some personal bias while he was selecting
the queries for us. It would be best if we can have a list of query questions and randomly
choose from the list. The three queries the analytics team gave us are not really query
guestions, as | started to query, | found the three query tools could not answer any of those
three questions. We changed and simplified the three questions into query questions; this may

also contain bias from my professor and me.
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It is best to choose more questions to answer instead of only answering 20 questions; the
results would be more persuasive and precise according to the number of questions been
answered. Originally our goal was to answer 50 questions, 10 questions for each type, due to
the limited resources and time limit we only examined 20 questions.

Involving other users analysis and opinions on the three tools would improve my evaluation. |
would include more users in my study and provide them with a user-experience survey after
they answered all 50 questions in three different tools. The survey would consist of features in
LEAF and i2b2 according to Table 8; it would also include users thoughts after returning the
results, were the results expected, surprised, or mixed. In the end, users would choose which is
the best performer and state out the reasons.

Scope

The University of Washington is the only institution we used in this research study; we lack
limited resources to develop a more integrated design. Although getting access to other
resources might be a challenge, involving more institutes can improve the accuracy of data and
increase the amount of resources to retrieve data. We could also compare the results with
more query tools, including SQL or other self-service query tools would enhance the efficiency
of data and results. Seattle Children’s Hospital has its own self-service query tools developed
and used in the health informatics department, getting data from other hospitals can also
strengthen the final results. Only using the three query tools is another limitation we had in our
research study. Self-service query tools and common data models are not only used in health
care industries but also a variety of other industries including customer service and business

intelligence. Digging deeper into other fields can also help to improve my understanding of
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SSQT and CDMs on how it is performed in a non-health care environment and what are some

changes comparing to health-related field.

Conclusion

We found LEAF performs the highest flexibility, ease of use, and usefulness among all three
guery tools by answering 20 query questions chosen from 3 different categories. But each of
the query tools has various strengths and limitations according to different circumstances. With
the development of self-service query tools, many non-query writers in health care would
benefit from this technology by avoiding trainings to save their time.

Self-service query tool - LEAF performs best when query writers need data from UWMC, HMC,
and NWMC based on its well-developed and flexible features. Due to many customized
features, the user experience of LEAF will increase the efficiency when answering query
guestions such as answering ‘the number of patients’ in certain conditions. However, users
require permissions to grant access to LEAF by stating the purpose of their use. AVPN is
required to log in to LEAF, and a specific web browser (Google Chrome) is needed as well.
Compared to LEAF, i2b2 is a free and open source software that welcomes every user to
download online for diverse reasons. Open-source tools are important in health care because it
ensure unrestricted access to data, users can also deploy the data as widely as they like and
alter them to their needs. Although i2b2 has been developed for more than 10 years, some
features are not flexible enough to customize queries criteria. This lack of functionality would

decrease the efficiency and accuracy of the returning results. These two self-service query tools
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work best when users are not familiar with writing SQL queries, LEAF and i2b2 are built on
writing SQL behind the system.

OMOP, the common data model is also a flexible query tool for users who can complete well-
written SQL queries. OMOP contain the most extensive medical vocabularies and contents as a
comparison to LEAF and i2b2; it is a reliable tool for researchers when they are searching for
complex diagnoses. OMOP has been well-used in both University of Washington and Seattle
Children’s Hospital; it is a more comprehensive query tool than LEAF. Because OMOP is based
on writing SQL queries, it will maximize the flexibility of each user for the same question. As
mentioned earlier, one query question can have 9 or more different answers according to each
query writers’ understanding of different clinical scenarios and creativity. Although OMOP is
also a public source for standardizing the format and content of observational data, retrieving
data from OMOP is a challenging step for researchers. Getting access to secondary use of
health care data for researchers is still a barrier, accessing data can benefit researchers from
gaining more health care information to improve the health care services and expand Big Data
usage. But data confidentiality is one of the essential concerns because permissions and
restrictions are required for the reuse of health care data. With the development of more open-
source self-service query tools, accessing to secondary use of health care data would overcome
the current barriers in the future.

NORC data is one particular approach to data access that has been adopted and used by many
agencies®. This remote access data technology provides researchers with data augmentation
and knowledge sharing. It allows researchers to access confidential microdata from their offices

by using statistical, technical, and legal protections. Operational protection controls the limit of
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researchers’ access to information and ensures they are using the data for their specific needs,
audit logs, trails, and webcams are also provided to monitor researchers activities*®. The quality
of analysis is increased due to the use of NORC data; it provides permit data archiving, indexing,
and curation.

The ideal result of the self-service tool is to test the ability to put up a piece of software of each
medical center such that a single query could be written that would go off and find out how big
the cohort was that in each of the institutions. The dream was can we do national trial
recruitment, can we have visibility to the power that we might be able to bring to the national
clinical trials through this technology. In this study, we examined 9 different types of queries by
randomly choosing them. It is best to find more types of queries to make our selections more
vary. Also, we determined 3 queries for each type, for more additional work choosing more
gueries would increase the level of accuracy of results.

The result of this study performs the abilities to answer different query questions in both self-
service query tools and common data model in health care data. With these query tools
developed and widespread, data access to health care for researchers would overcome a big

step in the future.
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