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Abstract

Rapid proliferation and adoption of the electronic health record (EHR) has led to seam-
less integration of clinical research into practice, and has facilitated healthcare decision-
making through enabling accurate and timely supply of health information. Leveraging
this supply of information, the Institute of Medicine envisioned the concept of continu-
ously Learning Health Systems (LHS) in 2007, with the aim of first deriving knowledge
from routine care data and then translating such knowledge into evidence-based clinical
practice. To achieve such a vision, it is critical to have a robust data and informatics
infrastructure with the following properties: 1) high-throughput and real-time methods
for data retrieval, extraction and analysis, 2) transparent and reproducible processes
to ensure scientific rigor in clinical research, and 3) implementable and generalizable
scientific findings.

There are many approaches to the derivation of knowledge from care data, one
of which is through the use of chart review: a common, albeit manual, approach to
practice-based knowledge discovery. Traditionally, chart review is performed by manu-
ally reviewing patient medical records. As a significant portion of clinical information is
represented in textual format, this manual approach can be time-consuming and costly.
With the implementation of EHRs, chart review can be automated by extracting data
from structured fields systematically and leveraging natural language processing (NLP)
techniques to extract information from text. Rigorous development and evaluation of
NLP algorithms for a specific chart review task requires, however, data abstraction and
annotation (i.e., the manual creation of a gold standard clinical corpus to evaluate the
developed NLP algorithm). In EHR-based settings, there is, however, a lack of stan-
dard processes or best practices for creating such a corpus due to the heterogeneity of
institutional EHR, systems and process variation between single and multi-site research
settings.

Recent advancement in healthcare Al identifies the need for detailed data provenance
for data used in the training and validation of Al models. Secondary use of EHR for
clinical research leveraging Al technologies such as NLP therefore requires the documen-

tation of the provenance information relating to the process used for the retrieval and

v



organization of the raw data used as well as the extraction and annotation of training
data. We thus define this process as clinical Text Retrieval and Use towards Scientific
rigor and Transparent (TRUST) process. As EHR-based research becomes increasingly
integrated into clinical care, it is important to have a systematic understanding of the
TRUST process, its corresponding utilization when developing informatics tools and
methods, as well as its overall impact on research reproducibility.

In this work, we propose a multi-phase method to develop informatics frameworks
and best practices to ensure reproducible TRUST processes for single and multi-site
studies. In the following chapters, we propose: 1) a definition of reproducibility in the
context of the secondary use of EHRs, 2) methods to assess various levels of data hetero-
geneity caused by differing EHR systems and inter-institutional variations, 3) approaches
to examine the implication of data heterogeneity to reproducibility, 4) steps to develop
frameworks, best practices, and reporting standards conforming to the TRUST process,

and 5) an application of the TRUST process in a real-world case study.
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Chapter 1

Introduction

The Health Information Technology for Economic and Clinical Health (HITECH) Act
of 2009, which provides incentives to institutions demonstrating aggressive applications
and “meaningful use” of EHR systems, has heavily incentivized recent development in
health information technology (HIT) [I}, 2]. These efforts enable the conceptual strategy
of continuously Learning Health Systems (LHS) [3], which focuses on routinely capturing
clinical data, converting data into new knowledge, and applying evidence-based knowl-
edge to improve the quality of care on the basis of rigorous research [3], [, [5]. To achieve
such a vision, it is critical to have a robust data and informatics infrastructure with
the following properties: 1) high-throughput and real-time methods for data extraction
and analysis [0], 2) transparent and reproducible processes to ensure scientific rigor in
clinical research [7], and 3) implementable and generalizable scientific findings [, [9].
There are many approaches to the derivation of knowledge from clinical data, one
of which being the chart review, a common, albeit manual, approach to practice-based
knowledge discovery [10, [I1]. As a significant portion of clinical information is rep-
resented in textual format, execution of such a manual approach can be both time-
consuming and costly [12] 13| 14]. EHR implementation can enable automation of chart
review by extracting data from structured fields systematically and leveraging artificial
intelligence (AI) technologies such as natural language processing (NLP) to extract in-
formation from text. The field of research related to this topic, commonly referred to as
information extraction (IE), itself a sub-domain of NLP, seeks to address the challenges

of computationally extracting information from free-text narratives [15] [16].
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The validity and portability of NLP models are however dependent on the data from
which they are derived. Consequently, models cannot be trusted without a good under-
standing of the data with which they are fed. The initial step of developing NLP-based
IE models requires an annotated clinical corpus, production of which is traditionally
referred to as corpus annotation: a task of covering any descriptive or analytic notations
applied to raw language data [I7]. In EHR-based research, this corpus annotation pro-
cess is embedded within an existing research workflow, which typically includes, but is
not limited to feasibility assessment, research protocol development, cohort screening,
data retrieval, curation, organization and use |7, [I8]. EHR data is known to suffer from
data quality issues [19, 20]. Unlike data being prospectively collected in a controlled
environment such as clinical trials, EHR systems are primarily designed for patient care
and data documentation patterns can therefore be easily affected by numerous contex-
tual factors. Furthermore, the data generation and curation process can be long-lasting,
iterative, and complex, particularly due to the heterogeneity in EHR systems implemen-
tations at an institutional level, as well as process variation between single and multi-site
research settings [21) 22, 23]. These issues can cause incomplete medical records, doc-
umentation errors, and misinterpretations. As a result, systematic bias, measurement
error, and misclassification can occur, which will ultimately impact the overall repro-
ducibility of any produced research [19] 20].

Recent advancement in healthcare Al identifies the need for detailed data provenance
for data used to train and validate Al models. Secondary use of EHR for clinical re-
search leveraging Al technologies such as NLP therefore requires the documentation of
the provenance information that captures the retrieval process and organization of any
raw data used as well as the extraction and annotation process for the derived training
data. We thus define this process as clinical Text Retrieval and Use towards Scientific
rigor and Transparent (TRUST) process. As EHR-based research becomes increasingly
integrated into clinical care, it is important to have a systematic understanding of the
TRUST process, its corresponding utilization when developing informatics tools and
methods, as well as its overall impact on overall research reproducibility. In this work,
we propose a multi-phase method to develop informatics frameworks and best prac-
tices to ensure reproducible TRUST processes for single and multi-site studies. In the

following chapters, we propose: 1) a definition of reproducibility in the context of the
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secondary use of EHRs, 2) methods to assess various data heterogeneity caused by differ-
ing EHR systems and institutional variations, 3) approaches to examine the implication
of data heterogeneity to reproducibility, 4) steps to develop frameworks, best practices,
and reporting standards conforming to the TRUST process, and 5) applications of the
TRUST process to a real-world case study.

1.1 Motivation

Clinical research reproducibility is crucial in the field of clinical and translational sci-
ence as the findings of a single limited study must first successfully be generalized for
broader patient care before it becomes useful in clinical practice [8]. Many barriers to
reproducibility however exist, including 1) the complex processing of collecting, trans-
forming, extracting, and organizing of EHR data and 2) the imperfect interactions and
pragmatics between the human and non-human actors (e.g., information, system, and
stakeholder) within the heterogeneous EHR environment [24].

Heterogeneity of EHR System and Institutional Variation Many of the chal-
lenges faced by the secondary use of EHR data originate from the voluminous, complex,
and dynamic nature of the data being documented, transformed, and represented within
heterogeneous and institution-specific EHR systems [23, 21I]. EHR systems are a vital
part of health IT infrastructure that 1) contain a patient’s medical record (e.g., diagno-
sis, history, medications, treatment plans, etc.), 2) provides access to clinical tools for
decision making, 3) streamlines provider workflow and communication, and 4) provides
digital management of health information [25]. EHRs data contain digitized patient
medical records represented through a variety of different formats such as 1) structured
(e.g. billing, medication), 2) semi-structured (e.g. patient provided information), 3)
unstructured (e.g. clinical notes, radiology reports) and d) binary files (e.g. medical
imaging files). Depending on the institutional data infrastructure, different data modal-
ities can be generated, managed, and stored as part of differing Health I'T systems or
clinical data warehouses. A significant amount of effort and steps are required in order to
locate, retrieve and pre-process EHR data into a specific format or representation [26].
Information loss and degradation can occur during this process when mapping EHR

data to a specific study or data model [27]. On one hand, the EHR system itself has a
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significant impact on the form and format of clinical data. In the context of secondary
use, data quality issues may have already occurred when the data is generated. As
the primary functions of EHR systems are centered around patient-oriented care man-
agement and billing rather than for research purposes, the objective and priority for
documentation and reporting of clinical information may vary significantly by providers
and care settings [28, 27]. This lack of consistency in documentation practices can result
in multiple sets of patient data sharing differing definitions that reside in disconnected
“silos”. This inherent latent documentation bias and information variability in the EHR
can ultimately result in information misinterpretation, ambiguous data definitions, in-
complete medical records, recording errors (e.g., missing or redundant documentation),
and non-standard data representations [29) 26], [19]. This issue can be further exacerbated
in multisite studies, where variations in EHR system implementations, ETL processes,
care practice, and patient populations, and values and definitions of EHR data across
multiple institutions can suffer from representational information quality issues. Madi-
gan et al. systematically assessed the variability of 10 different clinical databases. The
study discovered that 40% of the results from observational database studies vary sig-
nificantly [23]. To address the issue of data heterogeneity caused by EHR systems and
institutional variations, we develop and implement informatics methods to assess data
quality variations caused by different EHR systems and institutional variations.

Unstructured Text A well-known challenge in EHR-based studies is that much of
the detailed patient information is embedded within clinical narratives [30} [16], with the
usage of NLP being a proposed solution. In that vein, NLP-assisted chart review au-
tomatically extracts information from unstructured text in the EHR. Researchers have
used NLP systems to identify clinical syndromes and common biomedical concepts from
clinical notes [31], radiology reports [32], operative reports [33], pathology reports
[34], and microbiology reports [35]. Different clinical NLP systems have been devel-
oped at different institutions, including MedTagger [36], MedLEE [37|, cTAKES [3§],
MetaMap [39], KnowledgeMap [40] and HiTEX [41]. Text data is however known for
suffering from various quality issues. For example, the documentation functionality
such as templates, copy and paste, auto-documentation, and transcription built in to

EHR systems can affect the EHR-specific syntactic and semantic definition for any text
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data contained therein. As a result, NLP systems developed from heterogeneous clin-
ical notes may suffer from issues of portability, i.e., a measurement of the feasibility
and implementability of deploying a system to a different institution [42]. For example,
studies have reported various performance degradations when the original NLP system
is deployed to a different institution or for different studies [43] [42]. Currently, existing
methods of addressing EHR-related data quality issues were primary concerned with
structured data [44] 45] 28], [46], as opposed to unstructured. Our work aims to fill this
gap by primarily focusing on building pipelines and best practices to help establish data
provenance practices and reporting guidelines for clinical text.

Human Factor and Cognitive Bias The process of documenting, collecting, and
using EHR data can be task-specific, iterative, and complex, often involving a multi-
tude of stakeholders with diverse backgrounds in terms of training and domain exper-
tise [47, [48]. During the secondary use of EHRs, stakeholders regularly make choices
that directly affect the definition of the study cohort, data, disease measurement, and
outcome. Variations in the decision-making practice can affect the certainty about the
value of different options [49, 50, 5I]. On one hand, the validity and reliability of
research decisions are dependent on the rigor and explicitness of consensus activities
and team-science discussion, as suggested by studies finding that the reliability of clin-
ical choices [52], SNOMED-CT coding [53], and interpretation of radiology images and
reports [54] can be imperfect. On the other hand, the traceability of EHR data is de-
pendent on the presence, utilization, and quality of abstraction protocol. Morris et al
found a substantial variation in clinicians’ compliance, interpretation, and execution
with respect to a clinical protocol [52]. A review conducted by Gilbert et al. on three
emergency medicine journals discovered that only 11% (95% CI, 7% to 15%) of chart
review studies reported the use of standardized abstraction forms [12]. This finding
suggests that the current state of EHR-based research lacks standardized methods and
best practices to help 1) improve people’s decision-making and interpretation, 2) enforce
explicit discussion of ambiguous definitions, and 3) incentivize detailed protocols spec-
ifying the common conventions and standards. Our work aims to address this gap by
proposing methods to establish best practices, guidelines, and process frameworks based

on real-world case studies and literature.



1.2 Research Summary

The methods of developing the TRUST process can be summarized into four phases:
1) conceptualizing the definition of reproducibility in EHR-based settings, 2) real world
pragmatics assessment of the heterogeneity of institutional and EHR variance, 3) for-
mulation of an informatics process with best practices and reporting standards, and 4)
implementation and evaluation of a real-world NLP-assisted chart review study. Our ap-
proach leveraged multiple real-world investigations (single and multi-site) and large-scale
literature reviews. Here, we briefly present the main research objectives, corresponding

experiments, and findings below.

1.2.1 Latent Data Quality Impacted by EHR System Heterogeneity

e Hypothesis: The heterogeneous EHR systems can affect information quality and

variability.

— Experiment: We retrospectively assessed and compared the variability of
data produced from two different EHR systems (Epic and GE Centricity).
We considered three dimensions of data quality in the context of EHR-based
AT modeling in three translational stages: model development (data com-
pleteness), model deployment (data variability), and model implementation
(data timeliness). The case study was conducted based on the detection and

prediction of post-surgical complications.

— Results: We discovered a consistent level of data completeness across two
EHR systems with an exception for the lab data. On the other hand, there
was a high syntactic variation suggested by the corpus statistics. There was
also a moderate difference in the semantic type and frequency of document
sections. Textual similarity revealed a consistent pattern for roughly half of
the concept-section pairs. High language variation was found for the sec-
tions of Secondary Diagnosis (Abscess) and Past Medical/Surgical History
(Anemia). The data timeliness of clinical notes documentation for Epic was

improved when compared with Centricity.
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1.2.2 Latent Data Quality Impacted by Institutional and Process Vari-

ation

e Hypothesis: The variability of institutional data abstraction and annotation pro-

cess can affect information quality and variability.

— Experiment: Data abstraction and annotation was conducted at Mayo
Clinic and Tufts Medical Center. The assessment of EHR heterogeneity was
conducted using screening ratio, inter-rater reliability measurement, corpus

statistics, clinical document similarity, and prevalence ratio.

— Results: We discovered a significant variation in the patient populations,
neuroimaging reporting, EHR systems, and abstraction processes across the
two sites. There was also a variation regarding neuroimaging reporting where
TMC was lengthy, standardized, and descriptive while Mayo’s reports were
short and definitive with more textual variations. Furthermore, differences in
the EHR system, technology infrastructure, and data collection process were
identified.

1.2.3 The Implication of Latent Information Quality to Reproducibil-
ity
e Hypothesis: Information quality dimensions have implications for reproducibility.

— Experiment: To investigate heterogeneity involved in the process for the
secondary use of EHRs and its implications for reproducibility, we formu-
lated three components: 1) a conceptual process of information collection,
extraction, organization, and representation, 2) information quality metrics
for quantifying process feasibility and clinical outcome variability, and 3) a

downstream implication through a case simulation.

— Results: Based on the IQ assessment and case study implementation, we dis-
covered various barriers to reproducibility, such as inconsistent information
documentation patterns across settings, information loss during ETL pro-
cesses, and variable levels of information resource accessibility. In addition,

the accessibility IQ has direct implication to clinical outcome variability.
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1.2.4 Methodological Standard and Best Practices of Reproducibility

e Question: Can we formulate an informatics framework to help mitigate issues of

data quality and improve process transparency and standardization?

— Experiment: A multi-phase methods approach was used to determine the
components needed for the framework. The process includes the following
steps: 1) literature review, 2) standards adoption, 3) prototyping, 4) expert
evaluation, and 6) finalization. The development of the proposed framework
was designed after a review of the existing guidelines and best practices,
including Corpus Annotation Schemes; Fundamentals of clinical trials; and

Research data management.

— Results: The framework summarizes the linear process of extracting or re-
viewing information from EHRs and assembling a data set for various research
needs. The processes consider important action items (data quality and EHR-
related heterogeneity assessment methods) and documentation checklists to
identify, evaluate and mitigate variations across settings and assist data prove-

nance.

1.2.5 Research Standard and Metadata of Reproducibility

e Hypothesis: Evidence of reproducible methods and best practices can be sys-

tematically extracted from literature.

— Experiment: We developed and evaluated natural language processing al-
gorithms to extract the reporting patterns and data abstraction methodolo-
gies from EHR-based clinical research. Post-extracted findings were analyzed
using logistic regression to test the incremental significance of the use of
methodology throughout the years. In addition, authorship and affiliation
information for each publication was retrieved from PubMed API and quali-
tatively analyzed. The goal of this analysis was to understand whether there
was a variation regarding the reporting patterns given the first author’s train-

ing background.

— Results: Our investigation discovered an upward trend of reporting research
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methodologies, good practices, and the utilization of informatics-related tools
and methods for EHR-based clinical research. Despite these findings, the
methodologic standards were still consistently under-reported. We also dis-

covered high variation regarding clinical research reporting.

1.2.6 Applications to Real-World EHR-based Study

e Hypothesis: The adoption of the TRUST process can enhance process trans-

parency and research reproducibility.

— Experiment: The proposed TRUST process was implemented for a real-
world EHR-based clinical research focusing on developing NLP algorithms for
the ascertainment of delirium status. The post-implementation was evaluated
through the RITE (Reproducible, Implementable, Transparent, Explainable)

criteria.

— Results: Guided by the TRUST process, we adopted the standardized evidence-
based framework CAM to develop and evaluate NLP algorithms to identify
the occurrence of delirium from EHRs. The evaluation demonstrated high
performance in identifying patients with delirium using clinical notes in an
expeditious and cost-effective manner. The case implementation emphasizes

the importance of ensuring both process correctness’ and 'result correctness’.

1.3 Research Contributions

Our work proposed a TRUST (clinical Text Retrieval and Use towards Scientific rigor
and Transparent) process that facilitates the assessment of the EHR-related latent het-
erogeneity and documentation of the provenance information that captures the process
of the retrieval and organization of raw data as well as the extraction and annotation
of training data. The proposed framework is motivated by our desire to address real-
world data management and reproducibility-related challenges faced by researchers and
strengthen clinical research informatics processes. As the majority of previous repro-
ducibility research has been focusing on the stage of dissemination, we tackle research

reproducibility from the perspective of the research life cycle as a whole, which allows
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us to address a different type of issues related to reproducibility (e.g., implementation
quality, people-driven interpretation, semantic interoperability, reporting standard, etc).

To better understand and mitigate study outcome variability caused by various het-
erogeneous factors, we proposed and applied a standardized set of informatics (qualita-
tive and quantitative) methods to examine the heterogeneity of EHR systems, institu-
tions, people, and processes. Besides outcome variability, another important criterion
of reproducibility is implementation feasibility. To address the current issue of lack of
standard processes and best practices for conducting EHR-based studies, we followed
a multi-phase process to produce and validate internal and external standards and ev-
idence for developing best practices. We conducted large-scale literature reviews and
several real-world case studies based on multiple institutions. The proposed best prac-
tices cover an end-to-end TRUST process from the perspective of implementation qual-
ity, people-driven decision interpretation and making, documentation (data catalog and
provenance), and project management.

This work involves several multi-institutional efforts to provide pragmatic evidence
to develop reproducibility standards and best practices. The ESPRESSO (Effectiveness
of Stroke Prevention in Silent Stroke) is a multi-site EHR~based research project with
the goal to identify individuals with silent brain infarctions (SBI) at Tufts Medical Cen-
ter (TMC) and Mayo Clinic. This allows us to have real-world pragmatic evidence for
framework development and early end-user engagement for usability assessment. Our
work is also part of the open-source project under the Open Health Natural Language
Processing (OHNLP) consortium (http://www.ohnlp.org), which creates an interopera-

ble, scalable and usable NLP ecosystem.

1.4 Outline

The outline for the following chapters is presented below:

e Chapter 2 introduces the background and related work of EHR-based reproducibil-

ity research

e Chapter 3 conducts an informatics assessment on EHR-related information quality

and variability from the perspective of EHR system variation.
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e Chapter 4 conducts an informatics assessment on EHR-related information quality

and variability from the perspective of institution variation.

e Chapter 5 conducts the evaluation of post framework implementation to examine

the relationship between latent information quality and reproducibility.

e Chapter 6 illustrates the development process of an informatics framework and

best practices aiming to address process reproducibility.

e Chapter 7 illustrates the development process of reporting standard and research

metadata of reproducibility.

e Chapter 8 summarizes the implementation of the TRUST process in a real-world

case study of clinical NLP.

With permission from the publishers, the following chapters included previously pub-
lished materials. Sunyang Fu’s contribution to these chapters includes study design and
conceptualization, data collection, data analysis, methodology development, software

and algorithm development, initial draft writing, revising, and editing.
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Chapter 2

Background and Related Work

This chapter presents relevant background and related work of reproducibility research
in the secondary use of EHRs. Section describes a brief history of the definition of
reproducibility and our approach to addressing reproducibility in the context of EHRs.
Section summarizes existing methods and approaches for enhancing EHR-based re-

producibility issues.

2.1 Definition of Reproducibility

Reproducibility is the foundation of trusted discoveries and science advancement [55].
However, the terminology of reproducibility has been broadly defined across numerous
domains and science (Table . One of the early efforts in attempting to address repro-
ducibility that involved digital computers was carried by Claerbout and Karrenbach in
1992 [56]. Their work introduced two related terminologies: reproducibility and replica-
bility. Based on Claerbout and Karrenbachin’s definition, reproducibility focus on being
able to follow the same computational steps and execution to obtain the same result that
does not require an expert; and replicability focuses on running new software to achieve
"similar enough" results [50, 57]. In 2016, the Association for Computing Machinery
(ACM) adopted the definitions from the experimental science community to distinguish
the variation (original versus new) in experimental design and study team [58]. In the
same year, a unique view of reproducibility was introduced by Goodman et al. The au-

thors proposed to specify the word ‘reproducibility’ with descriptors for the underlying

13
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construct of the measuring objective, which introduced method reproducibility, results
reproducibility and inferential reproducibility [59]. In the informatics community, McIn-
tosh et al applied the conceptual definition of empirical reproducibility to measure the
information availability for re-run the experiment [60]. More recently, the National
Academies of Sciences, Engineering, and Medicine (NASEM) defined reproducibility as
computational reproducibility of using the same data, computational steps, methods,
and code, and conditions of analysis to obtain consistent results.

Rather than debating for the single definition of reproducibility, we use the fitness-
for-use [61] approach to study reproducibility in the context of secondary use of EHRs.
This approach advocates the view that quality measures for reproducibility should be
relative, context-specific and outcome-driven. In the context of EHR-based observa-
tional clinical research - cohort, cross-sectional, and case-control studies - the knowledge
discovered from the study will be 1) disseminated through research publication, 2) com-
pared, interpreted, and synthesized by systematic reviews, and 3) replicated by other
study teams or institutions. In the context of learning health systems, the cyclical cycle
of knowledge conversion requires the ability to re-run the experiments regularly for the
continuous discovery of the latest evidence to improve the quality of care. Both scenarios
can involve single or multiple institutions. As shown in the table [2.1] different scenarios

demand different experiment replication designs and needs.

Table 2.1: Scenarios and Needs of Study replication

EHR-based Clinical Research Learning Health System

Single Insti- Multiple In- Single Insti- Multiple In-
tution stitutions tution stitutions
Need to be replicated by No No Yes Yes
the original team
Need to be replicated by  Yes Yes No Yes
the a different team
Need to be replicated in  No No Yes Yes

the same institution
Need to be replicated in  Yes Yes No Yes

a different institution
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In order to satisfy the needs from the above two scenarios, we proposed the RITE cri-
teria, which comprised of four dimensions of reproducibility related measuring objectives:
Reproducible, Implementable, Transparent, and Explainable. The RITE criteria not
only emphasize result reproducibility but also process transparency and implementabil-
ity; since the variability and explainability of the result are dependent on the process
(Figure . Even in a situation that does not require the process or results to be
replicated, all important steps and details need to be documented and made available to
ensure the traceability of the process and explainability of the result. We thus focus on
activities of replicating the prior process of information generation and information use
of EHRs to assess the technical soundness of the process. Two metrics of reproducibil-
ity were defined: 1) feasibility of completing the original steps (i.e., implementation

feasibility) and 2) variability of results (i.e., clinical outcome variability).

RITE Implementation Principles

Transparent and Implementable Explainable and Reproducible

Process Correctness Result Correctness

Figure 2.1: RITE Implementation Principles
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Table 2.2: Comparison of Reproducibility Related Terminologies and Definitions

Terminology Year
Reproducibility 1992

2016

2016

2017

2019

Definition
"Running the same software on the same input

data and obtaining the same results”

"The measurement can be obtained with
stated precision by a different team, a dif-
ferent measuring system, in a different loca-
tion on multiple trials. For computational
experiments, this means that an independent
group can obtain the same result using arti-
facts which they develop completely indepen-
dently."

"Methods - provide sufficient detail about pro-
cedures and data so that the same procedures
could be exactly repeated"

"Results - obtain the same results from an
independent study with procedures as closely
matched to the original study as possible"
"Inferential - draw the same conclusions from
either an independent replication of a study or
a reanalysis of the original study"

"The provision of sufficient methodological de-
tail about a study so it could, in theory, or
in actuality, be exactly repeated by investiga-
tors."

"Obtaining consistent computational results
using the same input data, computational
steps, methods, and code, and conditions of

analysis."

Author
Claerbout
and Karren-
bach [56]
ACM [62]

Goodman [59]

Denaxase et
al [26]

NASEM [63]
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Terminology Year Definition Author
Replicability 1992 "Writing and then running new software based Claerbout
on the description of a computational model or and Karren-
method provided in the original publication, bach [56]
and obtaining results that are similar enough"
2016 "The measurement can be obtained with ACM [62]
stated precision by a different team using the
same measurement procedure, the same mea-
suring system, under the same operating con-
ditions, in the same or a different location
on multiple trials. For computational experi-
ments, this means that an independent group
can obtain the same result using the author’s
own artifacts."
Repeatability 2016 "The measurement can be obtained with ACM [62]
stated precision by the same team using the
same measurement procedure, the same mea-
suring system, under the same operating con-
ditions, in the same location on multiple trials.
For computational experiments, this means
that a researcher can reliably repeat her own
computation."
Generalizability 2019 "Results of a study apply in other contexts or NASEM [63]

populations that differ from the original one"

2.2 Existing Methods of Enhancing Reproducibility

Current efforts for enhancing the reproducibility of secondary use of EHRs can be
summarized into following areas: data standards and interoperability [45, 28] [46] 64
65l 66, [67], data pre-processing and analytics pipeline [68, [69, [70, 26| [7T], data qual-
ity and heterogeneity assessment [72] [73, [74], reproducibility and replicability assess-
ment [27], data and code repository [75], research design and implementation best prac-

tices |20}, [52), [76, [77], and reporting guideline and regulation [50, [78, [79]. The topic
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of data standards and interoperability has been widely studied due to the recent ad-
vancement in the standard community. For example, the OMOP Common Data Model
(CDM) developed by the Observational Health Data Sciences and Informatics (OHDSI)
community has been explored to promote reporting standards of clinical research [79].
More recently, the OHDSI community launched the Large-scale Evidence Generation and
Evaluation across a Network of Databases (LEGEND) research initiative. 10 guiding
principles were recommended to address study bias, P hacking, and reporting bias [50].
Researchers also attempt to adopt a fitness-for-use approach and establish new stan-
dards to improve data capture, reuse, and sharing across organizations: Chow et al
developed a nursing information model with repeatable steps and processes to enable
the semantic interoperability of relevant and contextual nursing data [66]. Pan and
Cimino created of knowledge representation of disease and database structure to facil-
itate clinical data retrieval through improving representational information quality of
EHRs [67]. From the infrastructure and tooling perspective, the Critical Care Health
Informatics Collaborative (CCHIC) developed a scalable EHR processing pipeline for ex-
tracting, linking, normalizing, curating, and anonymizing EHR data to enhance the data
availability of multi-center EHRs [71]. The pipeline leveraged a common data model,
validation of data provenance and de-identification [71]. In the clinical decision support
(CDS) community, Wright et al identified 10 unique best practices in the area of CDS
governance and content management by conducting specific site visits [80]. Asha et al
conducted surveys and interviews followed by a template organizing method for identi-
fying best practices [|. In addressing research reproducibility, McIntosh et al. leveraged
multi-phase approaches to extract recommendations and practices for improving repro-
ducibility from publications for the development of a reproducibility framework [60].
Existing reporting guidelines such as RECORD (REporting of studies Conducted using
Observational Routinely-collected health Data) and STROBE (The Strengthening the
Reporting of Observational Studies in Epidemiology) serve as important standards for
enhancing the reporting of clinical research. However, the reporting guideline for EHR
and informatics-related methodologies are still missing. For example, reporting criteria
for EHR-related data quality issues, EHR-specific biases, and implementation details of
EHR-derived phenotyping algorithms.
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In summary, the majority of existing research in the field focuses on reporting stan-
dards [81], [60], database standardization and cataloging [71], and system-level specifica-
tion [82]. More importantly, the aforementioned works primarily focused on structured
data. Our work differs from previous studies, which address reproducibility from the
perspective of process, i.e., information quality life cycle (i.e., information collection and

information use), and primarily focus on unstructured data.



Chapter 3

Latent Data Quality Impacted by
EHR Systems Heterogeneity

3.1 Overview

NLP-assisted chart review offers unique opportunities for achieving real-time clinical
decision support, risk management, and personalized patient monitoring [83} [84]. How-
ever, NLP models cannot be trusted without a good understanding of the data being
fed into them. Consequently, the validity and portability of models are dependent on
the data on which it is derived. EHR data is known to suffer from several data qual-
ity issues [20, 85]. As illustrated in Figure since the primary functions of EHR
systems are centered around patient-oriented care management and billing rather than
for research purposes, the objective and priority of data documentation and reporting
may vary significantly by providers and care settings [81]. The EHR system itself has
a significant impact on the form and format of clinical data. Built-in documentation
functionality such as templates, copy and paste, auto-documentation, and transcription
can affect the EHR-specific syntactic and semantic definition for any data contained
therein |86, [87]. These EHR-system-related specific factors can cause data heterogene-
ity, which measures the variability of information quality and semantic definition across
heterogeneous data sources [7]. If NLP models are trained on data that cannot be re-
produced due to a high level of variability, models may suffer the issues of portability

and generalizability.

20
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Figure 3.1: Issues of Reproducibility in the Context of EHRs

This chapter presents an investigation of the variation of data quality issues caused
by the heterogeneous EHR systems. As EHR system functionality and information doc-
umentation patterns are deeply embedded within the clinical workflow and practice, we
examined the quality of data for the given context (i.e., fitness for use). We considered
three dimensions of data quality in the context of EHR-based modeling for three distinct
transnational phases: model development (data completeness), model deployment (data
variability), and model implementation (data timeliness). The data quality-related mea-
surements were implemented in a real-world study of post-surgical complications (PSC)
that comprised a wide range of clinical modalities collected from three stages of surgery
(pre-operative, intra-operative, and post-operative). To the best of our knowledge, this
is the first study that compares data heterogeneity of two EHR systems using the case
matching design. We believe the pragmatic informatics methods presented by the study
can be considered as potential data quality assessment methods for the implementation

and translation of NLP models.

3.2 Methods

Study Setting Study Setting This study was approved by the Mayo Clinic Institutional
Review Board. In May 2018, Mayo Clinic completed a large EHR migration and workflow
standardization. The effort for Mayo Clinic Rochester campus included the conversion
of the GE Centricity /LastWord EHR system (Centricity) to Epic EHR system (Epic).
This migration offers an ideal scenario to study the difference between two EHR systems

because confounding factors from inter-institutional variation can be mitigated due to



22
the entire study being conducted within a single institution. In addition, we used the case
matching design to account for potential confounders contributed by patient population
variation. Bins were created for the age variable with a fixed range of 5 years. We
performed exact matching for age, sex, and type of surgery (Table 1). Two study cohorts
with colorectal surgery performed as the primary procedure performed at Mayo Clinic

Rochester were retrospectively constructed. Each cohort contains a total of 811 patients.

(Table [3.1.

Table 3.1: Matching Criteria of Two EHRs

GE Centricity Epic

(Pre-migration) (Post-migration)
Study Period 2017-01-01 - 2018-01-01 2019-01-01 - 2020-01-01
Total matched patients 811 811
Matching criteria Age, sex, type and outcome of surgery (CPT: 44140,

44141, 44143-44147, 44150 - 44153, 44155 - 44158, 44160,
44204 — 44208, 44210 - 44212, 45110 - 45114, 45116 ,45119,
45123, 45395, 45397)

Study Variables All study anticipates are part of the ACS National Surgical Qual-
ity Improvement Program (ACS NSQIP®)) based on the Mayo Clinic Rochester cam-
pus. The program conducts a monthly evaluation of a sample (approximately 20%)
of the colon and rectal surgery (CRS) practice based on standard procedure sampling
methodology [88]. The NSQIP variables were defined by the ACS NSQIP abstraction
guidelines and can be summarized into three stages: pre-operative, intra-operative, and
post-operative (including post-hospitalization) (Figure [3.1). The key variables include
patient demographic, comorbidities, preoperative labs (90 days before surgery), clinical,
intraoperative elements, and postoperative occurrences/complications for 30 days after

surgery.
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Preoperative labs, characteristics Surgery and hospital stay Readmissions within 30 days
and comorbidities *  Transfer status *  Unplanned readmission
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Figure 3.2: Study Timeline and Example Variables in Three Stages of Colon and Rectal
Surgery

Data collection Definitions of data collection and abstraction were standardized
and aggregated with 18 other participating institutions across the nation [89]. The
structured data consists of 102 unique variables falling under categories of demographic
data, patient-provided information (PPI), symptoms, comorbidities, physiologic mea-
surements, laboratory tests, observational assessments, and operative factors. The data
was retrieved from the Mayo Unified Data Platform (UDP) using an R-based application
programming interface (API). The UDP is an enterprise data warehouse that loads data
directly from the Mayo Clinic EHR. Patient comorbidities were found from ICD-9 and
10 codes recorded within one year of surgery. PPI was measured and collected at the
time of admission. Symptoms, physiologic values, laboratory tests, and observational
factors were abstracted from two weeks before surgery until the start of surgery. In ad-
dition to the 102 variables abstracted from EHR, another 16 were generated using NLP
as a Service [30], a Mayo Clinic internal natural language processing (NLP) platform
for extracting medical information from unstructured text. This system was developed
based on an open-source NLP framework MedTaggerIE [36]. In total, 118 variables were
created for the final data set.

Measurements of EHR Variability To examine the potential variability of in-
formation quality caused by two EHR systems, we consider three dimensions of data
quality: data completeness, data variability (syntactic, semantic, textual and lexicon),

and data timeliness, as listed in Table [8:3]
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Table 3.2: Definitions of Dimensions in the Context of EHRs

Dimensions Definition
Data completeness A record contains all observations, all desired types

of data, and a specified frequency of data over time

Data variability (syntactic) The structure (or syntax) of exchanged data
Data variability (semantic) The meaning (or semantics) of exchanged data
Data timeliness The measurement of time expectation for accessibil-

ity and availability of data

Data Completeness As suggested by Juran and Weiskopf et al, data completeness
needs to be viewed as context-dependent and fitness for use [90, 44]. We used the NSQIP
as the reference standard to assess the data completeness. Each clinical encounter was
defined as a colorectal surgery period using surgery operation date as the index date
(Figure . The completeness of data is measured by the presence of a reference
standard given all observations made about a patient [44]. We used the rate of missing
(RoM) to calculate the presence of information frequently found in CRS patients. A
missing event for pre-operative variables was defined as the absence of the information
within 90 days prior to the surgery index date. The perioperative duration was calculated
using admit and discharge date. The duration for post-operative variables was 30 days
after the surgery. To further understand and measure the RoM variation, we organized
the variables by seven unique data sources including admit, discharge, and transfer
status (ADT), billing code, patient demographics, vital signs, laboratory result, clinical
note, and surgery information. Three different stages (pre-operative, intra-operative,
and post-operative) were also assigned to each variable. McNemar’s test was performed
to determine the statistically significant difference in the data completeness between
Centricity and Epic [91].

Data Variability The health level seven (HL7) messages of unstructured clini-
cal notes within one month before and after the surgery date were retrieved for the
two matched cohorts. The HL7 Clinical Document Architecture (CDA) is a standard
XML format for the syntactic representation of clinical documents based on the Ref-

erence Information Model (RIM) [92]. The general structure of a CDA document is
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comprised of 1) document header or metadata information such as document date, doc-
ument creator, and service location, and 2) narrative text in the body of the document.
Based on the definition proposed by Elkin et al and Sohn et al, syntactic variability
was examined by comparing meta-structure, documentation sections of the HL7 mes-
sages, and calculating corpus statistics [42, [93]. The following metrics were considered:
tokens/section, tokens/document, tokens/patient, sections/document, sections/patient,
and documents/patient15. The statistically significant difference between the two sites
was determined using Wilcoxon signed-rank test [94].

The semantics variability was examined by comparing the number of PSC concepts
per patient across two EHR systems. The PSC concepts were extracted by an existing
NLP algorithm30. Since the original algorithm was developed and evaluated using the
Centricity data only, we conducted corpus annotation and NLP refinement on 100 pa-
tients with roughly 1200 Epic clinical notes (within one month before and after surgery
index date). Corpus annotation is a process of marking interpretative linguistic and pre-
defined clinical concepts. The annotation was conducted by the same annotator (DMI)
who participated in the previous study and had gone through training and consensus
development. The same annotation guideline, annotation software (MAE), and schema
were applied. The 100 patients were randomly split into 50 training and 50 test sets.
The out-of-box (i.e., directly applied with no refinement) precision, recall, and fl-score
for NLP were 0.72, 0.84, and 0.79, respectively. After the refinement of the training
data, the final performance on test data was 0.92 in fl-score. Two versions of the NLP
algorithm were applied separately to two cohorts (Centricity and Epic).

Furthermore, we assessed the variability of semantic textual similarity (STS) of the
positive mentions extracted from the NLP algorithm. We measured the sentence pair
textual similarity using the averaged value of three surface lexical similarities, which
include a string-matching algorithm proposed by Ratcliff and Obershelp, cosine similar-
ity of two-word vector space, and Levenshtein distance [95] 96, 97]. The method was
utilized and evaluated in the 2018 BioCreative/OHNLP clinical semantic textual sim-
ilarity challenge [96]. A high similarity sentence pair is determined when the average
score was greater or equal to 0.40. Based on the concept distribution, we examine the
textual similarity of two frequent concepts - Anemia and Abscess and the two least fre-

quent concepts — Purulent Drain and Wound Infection (with minimal 50 sentence pairs
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per section). We calculate both intra-EHR similarity (i.e., comparison within the same
EHR system) and inter EHR similarity between Epic and Centricity. The distributions
of the unique clinical expressions were visualized using histogram charts.

Data Timeliness In the era of achieving real-time clinical decision support and
prospective risk detection, information timeliness becomes an important quality criterion
since the timeliness of the model is dependent on data. Data timeliness was defined
as the time expectation of whether information can be accessible given each patient
encounter [98]. The analysis of data timeliness for structured data was focused on lab
variables due to their high prevalence and importance to the prediction of PSC [99]. We
retrieved the lab result record date (i.e., the date when a record loaded to the source
system) and compared it with the patient encounter date. For unstructured data, we
retrospectively collected and measured the time spent on the documentation of clinical
notes for each patient visit (i.e., comparison of note date on source system and encounter
date). To simplify the measure, we define timely information as the data that can be

accessed within 24 hours of a CRS-related clinical encounter.

3.3 Results

Data completeness The overall comparison of RoM across the two EHRs was illus-
trated in Figure 5.3] Among a total of 118 variables studied, the median rate of missing
for Centricity is 0.011 (1st IQR 0, 3rd 0.71), whereas it was 0.007 (1st IQR 0, 3rd IQR
0.665) for Epic. We observed a high RoM among the intraoperative variables (green
dots) compared with the postoperative variables (red dots). There was no significant
pattern discovered for the comparison of measurement and temporal variables. A zero
to mild difference was discovered for both highly complete variables (RoM < 0.1) and
highly incomplete variables (RoM > 0.85). On the other hand, there was a high varia-
tion among variables with RoM between 0.1 to 0.85 across two EHRs (Figure 2- Area
of High Heterogeneity).



27

1 Date
information
08
06
Lab information
04
02 Vitals
information
r ”””””””””” i
1 0=Fully Captured |
,,,,,,,,,,,,,,,,,,,, i
o I|ll|......... '
~ > N
8 5P S F S S S S FE IS TEE S LS E T S L S TP
e’ & F T EE R4 3 @ @é’&& TS & o & & & & & & @& & &
& s S RN e R T & & égv & €8 g o 8¢ ERFFE S &
S CEL P EF T S FE & é?z i B & g
oo cceee eeeecscccccsesssscccsssscscsessssssssesnns eeeeececcsssecessssssesssssccecesssnn

m Centricity mEpic

Figure 3.3: Comparison of the Information Completeness Across Two EHRs

Table provides the aggregated comparison of RoM by operation stage and data
source. No significant difference was found for the data collected in the intra-operative
and postoperative stages. However, there was a significant differences in the level of RoM
for unknown and lab-related variables. Based on the McNemar’s test, variables with sig-
nificant difference in the level of RoM were Serum albumin (p<0.001), BUN (p<0.001),
Bilirubin (p<0.001), Alkaline phosphatase (p<0.001), C. Diff (p<0.001), Transfer status
(p=0.002), International Normalized Ratio (INR) of PT values (p=0.012).
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Table 3.3: Comparison of Information Completeness by Operation Stage and Data

Source
Stage Original Data Source Total No. of Vari- No. of Significant
ables Variables (%)

Preoperative ~ ADT 4 0 (0)

Billing (D) 16 0 (0)

CN 2 1 (4)

Demo 6 2 (33)

Lab 36 16 (44)

Vitals 4 0 (0)
Intraoperative  Billing (P) 1 0 (0)

Surgery 11 1(9)
Postoperative ~ ADT 10 0 (0)

Billing (P) 3 0 (0)

Variables were organized by the stage of surgery and summarized by the original data
source. Statistically significant difference was determined by paired McNemar’s test of
the data completeness between Centricity and Epic, a significant variable was defined
as p<0.05; Abbreviation: ADT: admit, discharge, and transfer status, CN: clinical
notes, Billing (D): diagnosis code, Billing (P): procedure code.

Data Variability The comparison of the corpus statistics between Centricity and
Epic was provided in Table 3.4 We observed a larger number of clinical documents,
tokens, and sections (total) in Epic compared with Centricity. Because the total number
of documents and sections for Epic has increased, the number of sections/patient and
documents/patient were higher than Centricity. On the other hand, the median of the
number of tokens/patient for Epic was lower than Centricity despite the fact that the
total number of documents and tokens were higher. Based on the Wilcoxon signed-rank
test, all five corpus statistics metrics were found to be significant for the comparison be-
tween two EHRs. Overall, it is evident that two systems have different ways of organizing

clinical documents.
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Table 3.4: Example of Language Variation between Two Data Sources

Original data source Centricity Epic p-value
No. of patients 811 811

No. of documents 18,648 30,476

No. of tokens (Total) 8,273,327 11,383,088

No. of sections (Total) 94,645 116,399

No. of sections (Unique) 64 47

No. of tokens/section, 29 (95) 64 (90) <0.001
median (IQR)

No. of tokens/document, 243 (440) 229 (328) <0.001

median (IQR)
No. of tokens/patient, 35,927 (42,828) 26,744 (36,367) <0.001
median (IQR)

No. of  sec- 4(5) 3 (b) 0.0012
tions/document, median

(IQR)

No. of sections/patient, 81 (69) 94 (92) <0.001
median (IQR)

No. of docu- 15 (14) 26 (26) <0.001
ments/patient,  median

(10R)

*IQR: interquartile range. Statistically significant difference was determined

by paired Wilcozon signed-rank test.

Based on the semantic mapping and analysis of the document sections across two
EHRs, there was a high similarity of the clinical document sections across the two sys-
tems (Figure . Among the total 94,645 sections in Centricity, the top three sections
were “Impression/Report/Plan” (14,203), “Chief Complaint/Reason for Visit” (7,106),
and “Physical Examination” (5,853). The three most prevalent sections for Epic were
Impression/Report/Plan” (20,392), “Procedure Information” (8,267), and “Physical Ex-
amination” (6,628). Among the top 15 sections, 9 sections were matched, including
'Tmpression/Report/Plan’, Chief Complaint/Reason for Visit’, "Physical Examination’,
"History of Present Illness’, "Vital Signs’, 'Subjective’, 'Diagnosis’, ‘Procedure Informa-

tion’, and ‘Social History’.
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Centricity | Epic | Venn Diagram Comparison of Section Headers
Impression/Report/Plan 14208 1mpression/Report/Plan 120392
Chief Complaint/Reason for Visit 106 Procedure Information 8267
Physical Examination 15353 Physical Examination Wo628
History of Present Illness 4925 Chief Complaint/Reason for Visll5733
Vital Signs 4363 Subjective W5478
Subjective 3853 History of Present Illness Ws422
Diagnosis 3850 Vital Signs N 4209
Current Medications N3254 Diagnosis 03714 24 37 10
Referral Source H2918 Labs I 2650
Allergies N2879 Past Medical/Surgical History I 2481
Administrative 02867 System Reviews I 2073
Past Medical/Surgical History 2470 Family History I 2013 .
Pre Procedure Information 02406 Social History I 1702 Centricity Epic
Procedure Information 02405 Anesthesia I 1545
Social History 0l 2147 Patient Disposition | 1488

Figure 3.4: Semantic Mapping and Comparison of Document Sections across two EHRs

The overall summary statistics of the number of PSC-related clinical concepts ex-
tracted by NLP was provided in Table . Overall, the concept/document ratios and
concept/patient ratios for Epic (blue and orange columns) were lower for all concept
types and significantly lower for Anemia, Abscess, Cellulitis and Painful incision; this
pattern indicates that Centricity has potentially higher semantic breadth in the context
of PSC.

Table 3.5: Semantic Concept Distribution of Two EHRs

Concept/Document Ratio |Concept/Document Ratio |Concept/Patient Ratio | Concept/Patient Ratio

PSC Concept Centricity Epic Centricity Epic

Anemia [ 0.1058 || | 0.0524 1.8947 1.1690
Abscess [ 00813 [ | 0.0218 1.4562 0.4856
Cellulitis L | 00575 [I] 0.0097 1.0292 02158
Painfulincision [ 0.0201 |l 0.0017 0.3592 0.0371
Purulentdrain ] 0.0076 || 0.0013 0.1356 0.0293
Woundinfec I 0.0063 |l 0.0015 0.1126 0.0339
Wounddehiscence |l 0.0020 | 0.0006 0.0365 0.0136
Fascialdehiscence || 0.0017 | 0.0008 0.0302 0.0170
Abdomtender | 0.0010 | 0.0007 0.0188 00165
Infecabdom | 0.0009 || 0.0004 0.0162 0.0097
Fever | 0.0008 0.0001 0.0146 0.0017
Reopen 0.0001 0.0001 0.0010 0.0015

Based on the concept distribution from Table [3.5] we further examined the textual
similarity of two most frequent concepts, anemia and abscess, and two least frequent

concepts, purulent drain and wound infection. Figure [3.5 presents the summarized
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textual similarity scores for intra and inter EHR comparison. Since the document section
plays an important role in contextual information, this analysis was further stratified by
document sections. Compared with Epic, the intra-EHR textual similarity of Centricity
was higher for all disease categories and the majority of the sections. On the other
hand, Epic yielded a substantially higher similarity under the ‘Secondary Diagnoses’
section. Among the section dimension, the similarity difference of ‘Diagnosis’, ‘Past
Medical/Surgical History’, ‘Secondary Diagnosis’, and ‘History of Present Illness’ was
substantial. For most clinical concepts and document sections, there was no substantial

drop in inter-EHR similarity.

Concept

Abscess FH -} . b

Anemia = — i — [ —
Purulentdrain HEH Hit 1}
Woundinfec B ] B (R

Section

Brief Hospital Course I ] 4}
Chief Complaint/Re.. | I

Diagnosis I ] ||
History of Present IlI.. H H HE— H H H
Impression/Report/P.. Hm 4 =
Past Medical/Surgic.. I I — 1 ]
Physical Examination E I |

Principle Diagnosis I

Secondary Diagnoses I } |

Subjective . ol

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3 04 0.0 0.1 0.2 0.3 0.4
Inter-E-C Intra-C Intra-E

Figure 3.5: Comparison of the Textual Similarity between Centricity and Epic. High
similarity: greater or equal to 0.40, Abbreviation: Intra-C: Intra-Centricity, Intra-E:

Intra-Epic, Inter-E-C, Inter-Epic-Centricity

The distribution of the unique clinical expressions related to abscess and anemia
(Figure revealed two completely opposite patterns: Epic has more standardized
language for abscess, whereas Centricity is lengthy and descriptive. On the other hand,
the language representing anemia for Epic was more variant than Centricity. For exam-
ple, the expression of “Anemia Posthemorrhagic Acute (Blood Loss Anemia)” was repet-
itively documented for more than 30% of the total sample size. The varying similarity

patterns affirm that the characteristics and patterns of data are context-dependent.
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Figure 3.6: Comparison of the Concept Distribution between Epic and Centricity. Figure
(left): distribution of abscess-related concepts under the section of Secondary Diagnosis,
figure (right): distribution of anemia-related concepts under the section of past medi-
cal /surgical history between Epic (blue) and Centricity (orange). X-axis: unique clinical
expressions related to abscess and anemia; Y-axis: frequency of expression. Bars skewed
to the left: indication of high language repetition; bars scatter to the right: indication

of low language repetition.

Data timeliness There was no delay of information found in the structured lab vari-
ables across two EHR systems. Amongst the total 811 patients who had CRS under the
centricity EHR, there were a total of 1855 visits and 1673 instances of on-time documen-
tation and 182 instances of delayed documentation. For the other 811 matched patients
under Epic EHR, there were a total of 3260 encounters, of which 44 encounters had
documentation delay. The delayed documentation rate for Centricity and Epic cohorts

were 0.098 and 0.013, respectively.

3.4 Discussion

The translation of EHR-derived findings into routine clinical care faces challenges in the
form of various data quality issues caused by the heterogeneity of EHR systems. To
better understand this barrier, we retrospectively assessed the variability of data from
two EHR systems in the context of PSC. We discovered a consistent level of data com-
pleteness across two EHR systems with an exception for lab data. To further understand
Epic’s significant improvement of capturing lab data in the context of CRS, we investi-

gated the workflow difference between two EHRs. We learned that after EHR migration,
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there was a process change with how laboratory tests can be ordered. The migration
enables the primary providers to order the laboratory test directly through the Epic
EHRs, which may explain the lower RoM score. Conversely, there was a high syntactic
variation suggested by the corpus statistics. There was also a moderate-high difference
in the semantic type and frequency of document sections. Textual similarity revealed a
consistent pattern for roughly half of the concept-section pairs. High language variation
was found for the sections of Secondary Diagnosis (Abscess) and Past Medical /Surgical
History (Anemia). The data timeliness of clinical notes documentation for Epic was
improved when compared with Centricity. The improvement of information timeliness
from the Epic system suggests a potential higher utilization of auto- or assisted docu-
mentation. However, confirmation of this finding requires additional on-site evaluation,
which we have left to a future study.

The validity and reliability of clinical data are crucial for the development of robust,
safe, and scalable NLP models. However, data is often being viewed as the least incen-
tivized aspect by ML researchers [100]. Dealing with data can indeed be challenging;
for example, data curation and wrangling can be time-consuming and tedious, espe-
cially in the context of secondary use of EHRs, where researchers have limited control
of how the data is documented and standardized. On the other hand, because these
latent factors (e.g., variant patterns of documentation) may introduce systematic bias
and measurement error, a solid understanding of how data is documented, defined, and
collected is required prior to adoption of any predictive models relying upon it. Solid
data understanding can promote a good data curation plan and solutions for mitigat-
ing potential biases or confounders prior to model development and re-deployment. The
transparency of information documentation has a direct implication to the explainability,
implementability, and ultimately the trust of the models derived from the data. Based
on our case study investigation on CRS patients, the EHR system plays an important
role in how data is documented, defined, and organized. In a situation when a model will
be translated to care practice or deployed to a different environment, proper data quality
assessment needs to be conducted including the comparison of data characteristics and
variability between the destination environment and the development environment.

Our investigation confirmed that the quality of data needs to be viewed from the con-

text of data being generated and documented. For example, the results from Figure
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discovered high similarity patterns in two EHR systems under different contextual fac-
tors (disease-section combination). Chart review was conducted to confirm expressions
with high textual similarity were associated with the use of documentation templates.
Although the use of templates may enhance the documentation standardization, the
clinician’s reasoning process may be eliminated. The direct implication to machine
learning models may be a varying level of contextual knowledge loss36. The varying
results from the analysis also strongly indicated a proper model re-training, refinement,
and re-evaluation are needed.

Our study has several limitations. Since the study was conducted on a single-case
scenario, the generalizability of the findings is limited by the scope of the study. We aim
to expand our investigation on multiple different institutions with diverse case scenarios
as part of future work. Furthermore, we plan to leverage qualitative methods to study

the workflow of data documentation and transformation across multiple EHR systems.

3.5 Conclusion

To better understand the potential data heterogeneity caused by different EHR systems,
we proposed and applied a standardized set of informatics methods to retrospective
assess the variability of data quality contributed by two EHR systems. We discovered a
varying level of data quality across two EHR systems, for which the quality of data is
context-specific and closely related to the documentation workflow and the functionality
of individual EHR systems. We recommend that data understanding should be equally

incentivized as model development.



Chapter 4

Latent Data Quality Impacted by

Institutional and Process Variation

4.1 Overview

Findings of a single site study must be able to be independently validated at different
sites. It is very challenging to validate an EHR-based study, particularly due to the varia-
tion in institution-specific choice, design, and implementation of health I'T infrastructure
and applications, process and workflow, policy and guideline, and social-demographics
characteristics. In this chapter, we assess the heterogeneity of institutional and process
variations based on a multi-site EHR-based comparative effectiveness study of stroke
prevention. The study involves multiple steps to generate a corpus for the develop-
ment of complex phenotype algorithms. The heterogeneity of healthcare institutions,
EHR systems, documentation, and process variation in case identification was assessed

quantitatively and qualitatively.

4.2 Methods

To assess the data variation caused by institutional differences, we conduct a second case
study based on two healthcare institutions: Mayo Clinic and Tufts Medical Center. This
study is designed as an EHR-based comparative effectiveness study aiming to estimate

the preventive therapies on the risk of future stroke and dementia in patients with

35
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incidentally-discovered brain infraction [I0I] [7]. The study has been approved by the
Mayo Clinic and Tufts Medical Center institutional review boards.

Study Site Mayo Clinic is a tertiary care, nonprofit, academic medical center. Mayo
Clinic is a referral center with major campuses in three regions of the U.S. including
Rochester, Minnesota; Jacksonville, Florida; and Phoenix/Scottsdale, Arizona as well
as Mayo Clinic Health System locations that serve more than 70 communities in Iowa,
Wisconsin, and Minnesota. The organization attends to nearly 1.2 million patients each
year, who come from throughout the United States and abroad. The Saint Mary’s
(1,265 licensed beds) and Rochester Methodist (794 beds) campuses are two main hos-
pitals located in Rochester, Minnesota. Tufts Medical Center is similarly a tertiary care,
nonprofit, academic medical center that is located in Boston, MA and is the principal
teaching hospital of the Tufts University School of Medicine. The 415 licensed bed med-
ical center provides comprehensive patient care across a wide variety of disciplines with
disease-specific certifications through the Joint Commission as a Comprehensive Stroke
Center and transplant center. TMC is the referral center for the WellForce network
serving communities throughout Eastern Massachusetts and New England (Maine, New
Hampshire, Vermont, Rhode Island). The medical center is actively engaged in clinical
research and medical education with ACGME-accredited residencies and fellowships.

Disease Silent brain infarction (SBI) is the presence of one or more brain infarcts,
presumed to be due to vascular occlusion, found by neuroimaging in patients without
clinical manifestations of stroke [102, [103) 104]. It is more common than a stroke and
can be detected in 20% of healthy elderly people [102] 103, 104]. Early detection of
SBI may prompt efforts to mitigate the risk of stroke by offering preventative treatment
plans. In addition to SBI, white matter disease (WMD) or leukoaraiosis is another
common finding in neuroimaging of older patients. SBI and WMD are related, but
it is unclear whether they result from the same, independent, or synergistic processes
[105] [106]. Since SBIs and WMDs are usually incidentally detected, there are no related
International Classification of Diseases (ICD) codes in the structured fields of EHRs to
facilitate large-scale screening. Instead, the findings are usually recorded in neuroimaging
reports, so NLP techniques offer an opportunity to systematically identify SBI and WMD
cases in EHRs.

To assess the data variability across two institutions, we conducted retrospective data
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abstraction and annotation from two EHRs and examined the variations that occurred

during the process.

Protocol development

A screening protocol was co-developed by the two institutions using procedure codes,
diagnosis codes, and problem lists. The protocol included ICD-9 and ICD-10 codes to
identify non-incidental clinical events. The codes were expanded with the corresponding
descriptions to enable us to perform a text search. The initial criteria were developed
by a vascular neurologist at TMC and were evaluated by two neuroradiologists and
one internist. The inclusion criteria were defined as individuals with neuroimaging scans
between 2009 and October 2015. The exclusion criteria included patients with clinically-
evident stroke, transient ischemic attack (TTA), and dementia any time before or up to
30-days after the imaging exam. TIA was considered an exclusion criterion as TIA is
sometimes incorrectly assigned on occasion by clinicians as the diagnosis in the setting of
transient neurologic symptoms and positive evidence of brain infarction on neuroimaging.
Dementia was an exclusion criterion because of a projected future application of the NLP
algorithm in identifying patients for comparative effectiveness studies or clinical trials for
which both stroke and dementia could be outcomes of interest. The systematic reviews
suggested that the U.S. population over 50-years old had a high average prevalence of
SBI [44]. By identifying a large cohort of patients with SBIs, age restriction was applied
to exclude individuals 50-years of age or younger at the time of the first neuroimaging

scall.

Data collection

At TMC, the data was aggregated and retrieved from three EHR systems: General
Electric Logician, eClinicalWorks, and Cerner Soarian. The EHRs in TMC were imple-
mented in 2009 with 1,031,159 unique patient records. At Mayo Clinic, the data was
retrieved from the Mayo Unified Data Platform (UDP), an enterprise data warehouse
that loads data directly from Mayo EHRs. Mayo EHR was implemented in 1994. Cur-
rently, there are 9,855,533 unique patient records. To allow data sharing across the
sites, we de-identified the data by applying the de-identification tool DEID [107], a

Java-based software that automatically removes protected health information (PHI) in
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neuroimaging reports with manual verification where an informatician, an abstractor

and a statistician manually reviewed all the output from DEID.

Cohort screening

At Mayo Clinic, an NLP system, MedTagger [I08|, was utilized to capture mentions
from the exclusion list in the clinical notes. As the system has a regular expression com-
ponent, language variations such as spelling and abbreviations were able to be captured.
Structured ICD-9 and ICD-10 codes were obtained by an informatician from the UDP.
A clinician and an abstractor manually compared the screened cohort with the EHRs to
ensure the validity of the screening algorithm.

At TMC, due to infrastructure limitations, this process was conducted through a
manual chart review. To ensure reproducibility, we carefully documented each step
of the workflow. Briefly, a vascular neurologist and three research assistants conducted
manual chart review in order to determine whether individuals were included or excluded
appropriately at each step. This process was performed using a list of free text exclusion
criteria associated with the exclusionary ICD-9 and ICD-10 codes. It involved review of
the full text of any discharge summaries associated with the encounter during which the
neuroimaging scan was obtained in Cerner Soarian, if present, as well as review of the
neuroimaging scan indication in the neuroimaging report.

Each site randomly selected 500 eligible reports to form the raw corpus for guideline
development and corpus annotation. The cohort consisted of 1400 reports with 400
duplications for double reading. Among the total 400 double-read reports, 5 reports
were removed because of invalid scan types. The remaining 395 reports were comprised
of 207 from Mayo and 188 from TMC.

Guideline development

A baseline guideline was created by a vascular neurologist based on domain knowledge
and published literature. To develop the annotation guideline, 40 reports pooled from
the two institutions were annotated by two neuroradiologists and one neurologist using
the baseline guideline. Inter-annotator agreement (IAA) was calculated and a consen-
sus was organized to finalize the guideline, which included task definitions, annotation

instructions, annotation concepts, and examples.
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Corpus annotation

The annotation processes consist of two tasks: neuroimaging report annotation and neu-
roimage interpretation. Neuroimaging report annotation is the process of reading and
extracting SBI and WMD related sentences or concepts from text documents. Neuroim-
age interpretation is the process of identifying SBIs or WMDs from CT or MRI images.
Figure provides an example of two tasks.

Severe chronic microvascular
degenerative change. periventricular
deep white matter most likely related to
small vessel ischemic disease.

Moderate parenchymal Blue arrow: WMD modified

atrophy. Manolio grading scale of 6
Small amount of fluid
within the mastoid air cells.
Task 1- Neuroimaging report annotation Task 2 - Neuroimage interpretation

Figure 4.1: Example of neuroimaging report annotation (left) and neuroimage interpre-
tation (right) for SBI (yellow) and WMD (blue)

Neuroimaging report annotation The purpose of the annotation task was to
annotate the findings of SBI and WMD lesions in both the body (Findings) and summary
(Impression and Assessment) sections of neuroimaging reports. The annotation was
organized into two iterations. The first iteration extended from the finalization of the
process guideline until the midpoint when half of the reports were annotated. The goal
of the first iteration was to identify new problems that were not captured in the sample
data. After the first iteration, all problematic cases were reviewed by the two senior
clinicians, and the guidelines were updated. The second iteration of annotation then
commenced using the updated guidelines. Several consensus meetings were organized
to resolve all disagreements after the annotation process was completed. All conflicting

cases were adjudicated by the two senior clinicians. All of the issues encountered during
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the process were documented.

The annotation team was formed with members from both institutions. Two third-
year residents from Mayo and two first-year residents from TMC performed the anno-
tation. The experts for quality control were two senior radiologists from Mayo and one
senior internist and one vascular neurologist from TMC. We used Multi-document An-
notation Environment (MAE) [109], a Java-based natural language annotation software
package, to conduct the annotation.

Prior to annotation, training was conducted for all four annotators including one
online video session and two on-site training sessions. The online video provided demon-
strations and instructions on how to download, install, and use the annotation software.
The on-site training conducted by two neuroradiologists contained initial annotation
guideline walkthroughs, case studies, and practice annotations. The same clinicians
supervised the subsequent annotation process.

Neuroimage interpretation To assess the validity of the corpus, we obtained a bal-
anced sample of images with and without SBI from the annotated neuroimaging re-
ports. From each site, 81 neuroimages were de-identified and reformatted to remove
institution-specific information and then pooled together for the sample group. We
invited four attending neuroradiologists, two from each site, to read grade the imaging
exams. Each exam was graded twice by two neuroradiologists independently. The image
reading process followed the proposed best practices including guideline development,
image extraction form, training, and consensus building. The level of agreements be-
tween the research-grade reading of the neuroimages and the corresponding annotation

of the reports was calculated.

Assessment of heterogeneity

The screening ratio was calculated on the post screened cohort. Cohen’s kappa [110] and
F-measure [IT1] were adopted to measure the TAA during the annotation and image
reading processes. Corpus statistics were used to measure the variations in clinical
documentation across institutions. The analysis compared corpus length, number of
SBI and WMD concepts, number of documents with SBI and WMD concepts, and
distribution of SBI related concept mentions. Document similarity was calculated by

comparing the cosine similarity between two vectors created by term frequency-inverse
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document frequency (tf-idf), where each corpus was represented by a normalized tf-idf
vector [42]. Age-specific prevalence of SBI and WMD were calculated and compared with
the literature. To analyze the cohort characteristics between Mayo and TMC, Student’s
t-test was performed for continuous variables. Comparison of categorical variables was
calculated with frequency tables with Fisher’s exact test.

Qualitative assessments were conducted to evaluate the abstraction process and an
assessment protocol was created to facilitate the post abstraction interview. The proto-
col was designed to focus on three main areas: 1) evaluation of the abstraction process,
2) language patterns in the reports, and 3) abstraction techniques. Four back-to-back
interviews were conducted with the four abstractors following the guidelines of Contex-
tual Interview (CI) suggested by Rapid Contextual Design [I12]. Each interview was
conducted by an informatician and lasted approximately 30 min. Questions and issues
raised by each annotator during the two iterations of annotation were collected and
qualitatively assessed. The data were then classified into six categories: data, modifier,

medical concept, annotation rules, linguistic, and others.

4.3 Results

Neuroimaging report annotation The average inter-annotator agreements across 207
Mayo reports and 188 TMC reports on SBI and WMD were 0.87 and 0.98 in kappa score
and 0.98 and 0.99 in F-measure, respectively. Overall, both Mayo and TMC annotators
achieved high inter-annotator agreements.

Neuroimage interpretation The average inter-annotator agreement among four
neuroradiologists was 0.66 in kappa score and 0.83 in F-measure. The average agreement
between neuroimaging interpretation and corpus annotation was 0.68 in kappa score and
0.84 in F-measure. The result suggested high corpus validity outcomes.

Institutional variation The process of screening eligible neuroimaging reports
across two institutions was variant. At Mayo, 262,061 reports were obtained from Mayo
EHR based on the CPT inclusion criteria. 4015 reports were randomly sampled for
cohort screening. 749 were eligible for annotation after applying the ICD exclusion cri-
teria (structured and unstructured). At TMC, 63,419 reports were obtained from TMC
EHR based on CPT inclusion criteria. 12,092 reports remained after applying the ICD
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exclusion criteria (structured). 1000 reports were randomly selected for text screening, a
method of identifying eligible patients using NLP techniques to extract eligibility criteria
from patient clinical notes. 773 reports were eligible for annotation. Among the total
1522 eligible (Mayo 749, TMC 773) neuroimaging reports, 1000 (Mayo 500, TMC 500)
reports were randomly selected.

The prevalence of SBI and WMD for Mayo and TMC patients at age of 50, 60, 70,
and 80 is listed in Table Despite the variation, the results were consistent with
the published literature, between 10 and 20% [102] 103], and the number increased
with age in both computed tomography (CT) and magnetic resonance imaging (MRI)

as anticipated.

Table 4.1: The prevalence of SBI and WMD for Mayo and TMC patients at age of 50,
60, 70 and 80

SBI WMD
CT Scan (%) MRI Scan (%) CT Scan (%) MRI Scan (%)
Age Mayo TMC Mayo TMC Mayo TMC Mayo TMC
>=50 12.5 7.4 11.3 7.7 28.7 55.0 69.2 51.7
>=60 16.0 9.4 14.0 9.7 35.1 65.9 75.3 60.2
>=70 23.5 114 20.2 12.2 47.1 80.7 84.6 65.3
>=80 26.3 18.4 26.5 20.8 52.6 94.7 85.3 66.7

The average age of Mayo and TMC patients 65 and 66, respectively. The number
of female patients in the Mayo and TMC cohort were 243 and 274, respectively. We
found a moderate variation in the presence of SBI and WMD and a high variation in the
WMD grading. A significant variation in the missing documentation of WMD grading
between Mayo and TMC was found (p = 0.0024). Table summarizes the cohort

characteristics across two institutions.
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Table 4.2: Attributes of SBI and WMD for Mayo and TMC patients

Variables Mayo (n =500) TMC (n =500) p Value
Age (mean) 65 (£10.6) 66 (£9.7) 0.1197
Gender (female) 243 (48.6) 274 (54.8) 0.0576
SBI 57 (11.4) 38 (7.6) 0.0516
Acuity

Acuity/subacute 6 (1.2) 6 (1.2) 1.0000
Chronic 44 (8.8) 29 (5.8) 0.0882
Non-specified 7 (1.4) 3 (0.6) 0.3407
Location

Lacunar /subcortical 27 (5.4) 10 (2.0) 0.0065
Cortical /juxtacortical 9 (1.8) 13 (2.6) 0.5188
Both 0 (0) 3 (0.6) 0.2492
Non-specified 21(4.2) 12 (2.4) 0.1558
WMD 201 (58.2) 264 (52.8) 0.9800
WMD grading

Mild 191 (38.2) 154 (30.8) 0.0165
Mild /moderate 21 (4.2) 0 (0.0) 7.6963e-7
Moderate 42 (8.4) 45 (9.0) 0.8226
Moderate/severe 2 (0.4) 0 (0) 0.4995
Severe 8 (1.6) 11 (2.2) 0.6443
No mention of quantification 27 (5.4) 54 (10.8) 0.0024

EHR system variation There was a high variation in the EHR system vendors, the
number of EHR systems per site, and the extract, transform, and load (ETL) processes
for the different EHR systems between Mayo and TMC. At TMC, the data was obtained
directly from three EHR systems: General Electric Logician, eClinical Works, and Cerner
Soarian. The data retrieval process involved different abstraction processes due to the
different interface design and data transfer capabilities. At Mayo Clinic, there was an
ETL process to aggregate the data from Mayo EHRs to the enterprise data warehouse.
Since data could be linked and transferred through direct queries, the abstraction process
was less variant.

Documentation variation There was variation between Mayo and TMC in ex-

pressing SBI and WMD in neuroimaging reports. Corpus statistics identified the three
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most frequent expressions of negated infarction in neuroimaging reports (Table .
In the TMC reports, ‘no acute territorial infarction” is a common phrase to describe
negated SBI concepts. This expression was never discovered in Mayo reports. When de-
scribing the grade measure for WMDs, definitive expressions such as “mild”, “moderate”
and “severe” were used by Mayo physicians. On the other hand, TMC physicians used
more descriptive expressions in describing the grade measure for WMDs. In regards to
documentation styles, TMC used a template-based reporting method whereas Mayo did
not adopt any reporting schemas. The average numbers of tokens per document on Mayo
and TMC reports were 217 and 368, respectively. The corpus similarity between TMC
and Mayo Clinic radiology reports was 0.82 and suggested a potential moderate-to-high
semantic similarity. Overall, Mayo’s reports are definitive and varied, whereas TMC

reports are lengthy, standardized and descriptive.

Table 4.3: Example of Language Variation between Two Data Sources

Mayo — Non-SBI TMC — Non-SBI

No restricted diffusion. There is no acute territorial infarct.
No focal masses, focal atrophy, or foci of No acute territorial infarct.
restricted water diffusion.

No evidence for acute ischemia on the dif- There is no decreased diffusion to indicate

fusion weighted images. an acute infarct.
Mayo — WMD TMC — WMD
Mild leukoaraiosis There are scattered foci of hypodensity in

the subcortical and periventricular white
matter, a non-specific finding but likely
reflecting the sequela of chronic microan-
giopathy

Minimal leukoaraiosis Areas of white matter hypodensity are a
non-specific finding but may represent the
sequela of chronic microangiopathy

Moderate leukoaraiosis There are multiple foci of t2 flair hyperin-
tensity in the periventricular, deep and sub-
cortical white matter, a non-specific finding
but likely reflecting the sequela of chronic

microangiopathy
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Process variation The process map of the ESPRESSO data abstraction is illus-
trated in Figure. [4.2] - Part I. The map provides an overview of the relationship and
interaction between people and technology in the context of the data abstraction process.
The analysis suggested that the variations of EHR systems and technology infrastruc-
tures between the two sites have resulted in differences in the number of processing steps,

experts, and duration (Figure. [£.2]— Part II).

Part I - Overview of ESPRESSO Data Abstraction Process
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Figure 4.2: Overview of ESPRESSO Data Abstraction Process. Total Annotation Issues

during Two Iterations

4.4 Discussion

We conducted a multi-site EHR-based case study in the implementation of the ESPRESSO
project to assess the impact of EHR heterogeneity for clinical research. The case study
discovered significant variation regarding patient population, neuroimaging reporting,
EHR systems, and abstraction processes. Despite the variation, the evaluation of the

final corpus yielded high reliability and validity.
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The assessment through the ESPRESSO discovered a high variation in the reported
prevalence of SBIs between Mayo and TMC. There are two potential reasons for the low
prevalence of SBIs in TMC. First, the two locations have different patient sociodemo-
graphic characteristics at the two locations. Although both Mayo and TMC are referral
centers, Mayo may have a larger proportion of patients who are referred from distant lo-
cations whereas TMC may have predominantly local and regional referrals. Second, low
SBI prevalence may be due to the different documentation priorities during the routine
practice. For further investigation, a qualitative assessment was utilized to learn how
clinicians report neuroimaging interpretations. Based on the analysis of cohort char-
acteristics between Mayo and TMC (Table 3) and the post abstraction interview, we
discovered a portion of SBIs were under-documented by TMC neuroradiologists due to
their historical perceptions of potentially low clinical significance for SBIs. For example,
the descriptions about the clinical utility of reporting on small and presumably asymp-
tomatic brain lesions that could represent infarcts were very uncertain. Compared with
TMC, the wording describing SBIs on the Mayo reports was more definitive.

Although the average kappa score on the Mayo reports was lower than the TMC
reports, the score still reflected an exceptionally high agreement between all annotators.
We believe this was achieved by a well-designed process. During guideline develop-
ment, we found that variation could be reduced by adding an instruction manual to
the guidelines. Due to the large number of reports that were assigned to each resident,
the de-identified reports were equally distributed to individuals as a “take home” assign-
ment. The instruction manual helped to guide annotation activities, such as suggesting
the number of reports that needed to be annotated per day. One of the most commonly
raised issues was the lack of precise modifier definitions for WMD. To reduce the abstrac-
tion variation caused by different interpretation of modifiers, we created a normalization
mapping schema. For example, the level of grading for WMDs was explicitly defined to
be mild, mild/moderate, moderate, moderate/severe, and severe.

The qualitative assessment of the annotation process (Figure. 1 - process 5 - box
2) identified that medical concepts (i.e. mention of SBI and WMD) and modifiers (i.e.
acuity and location) were the primary issues during the first iteration of annotation.
Additional training was offered to address the primary issues experienced during the first

iteration of annotation and thus, decreased the occurrence of issues during the second
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iteration (Fig. 3). All four annotators noted that with the combination of training and
comprehensive annotation guidelines, annotation time was shortened, effort redundancy

was reduced, and annotation consistency was improved.

4.5 Limitations and future work

Since the study was conducted on two sites with one case scenario, the generalizability
of the process is limited by the scope of the study. Our next step is to expand our
investigation on pragmatic clinical trials by incorporating more sites and case scenar-
ios. Furthermore, we plan to develop a standardized process framework for EHR-based
clinical research to ensure the validity, reliability, reproducibility and transparency of

research findings.



Chapter 5

Implications of Latent Data Quality
to Reproducibility

5.1 Overview

The various heterogeneous factors identified in Chapter [B]and [ have both direct and
indirect impacts on the quality of data and implementation. To better understand the
downstream impact of these issues to reproducibility and outcomes of clinical research,
we conducted an investigation of real-world clinical research of aging under the Rochester
Epidemiology Project (REP). We first summarized various heterogeneous factors into
four dimensions of information quality (IQ): Intrinsic 1Q, Accessibility 1Q, Represen-
tational 1Q, and Contextual 1Q. The implication of IQ caused by the heterogeneous
EHR environment and variations in the process of information collection and use to

reproducibility was examined using both real-world evidence and a simulation study.

5.2 Materials and Methods

Assessment Methods To investigate heterogeneity involved in the process for the
secondary use of EHRs and its implications for reproducibility, we formulated three
components: 1) a conceptual process of information collection, extraction, organization,
and representation, 2) information quality metrics for quantifying process feasibility and

clinical outcome variability, and 3) a downstream implication through a case simulation.
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TRUST Process The TRUST process stands for clinical Text Retrieval and Use
towards Scientific rigor and Transparent. To define the TRUST process, we adapted
an 1Q life cycle model as a conceptual representation of 1QQ through a sequence of pro-
cesses [113]. The information quality models [114] [113], based on the definition of “fitness
for use”, as a middle layer conceptual representation to help organize and define the con-
text. In the context of secondary use of EHRs, we view information as the subject of
heterogeneous network interactions between human and non-human actors [115]. The
barriers to achieving reproducibility were modeled as the gaps between the ideal state
of multi-level interaction and imperfect pragmatics (i.e., implementation quality). This
view helps to capture the dynamic interactions between users (e.g., data abstractor,
informatician) and information in a sequential order, providing additional context use-
ful for studying reproducibility. Four stages were considered in the TRUST process:
planning, information generation, information use, and information dissemination. Dur-
ing information generation, four sub-processes were identified: documentation (primary
use), collection, annotation, extraction, representation, and organization (Figure .
Although the study focuses on the secondary use, we included the stage of information

documentation during patient care as quality issues have already occurred.
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Figure 5.1: TRUST Process in the Context of EHR)

1Q Assessment The TRUST process defines the scope of reproducibility measure-

ments. To assess the technical soundness of the process, there are two metrics to be
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measured 1) feasibility of completing the original steps (i.e., implementation feasibility)
and 2) variability of results (i.e., clinical outcome variability). To quantify the previously
defined metrics, we considered four I1Q surrogate measurements related to reproducibil-
ity, including intrinsic IQ, accessibility 1Q, representational 1Q, and contextual 1Q [116].
The definition of each measurement is provided in Table

Table 5.1: Definition of Information Quality

Measurement Definition Primary
Implication
Intrinsic 1Q The quality of information is a measurement O

based on its own right (i.e., information va-

lidity).
Accessibility 1Q The information is accessible and available. 0,1
Representational 1Q The information is interpretable and interop- O, I

erable (syntax and semantics), and easy to
manipulate.

Contextual IQ The information is measured within the con- O
text of the task at hand. (i.e., completeness,

timeliness)

*Q: clinical outcome variability, I: implementation feasibility

IQ Implication to Reproducibility Model simulation can be applied to illustrate
the downstream impact of I1Q on reproducibility. This simulation can create synthetic
medical record data based on detailed analyses of a real observational database. As
suggested by Hum et al, the agent-based simulation (model) can be used to model the
complex interactions between patient and provider through simulating individual char-
acteristics of providers [29]. It is important to note that the model is not a perfect
representation of real world scenarios but exaggerates certain aspects for the given con-
dition. In our study, the model was used to simulate the implication of poor accessibility

IQ to clinical outcome variability.
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5.3 Case Study

Study Setting The study was approved by the Mayo Clinic Institutional Re- view
Board (IRB) and the Olmsted Medical Center IRB. The study population consisted of
participants of the Mayo Clinic Biobank [I17]. The Mayo Clinic Biobank is an institu-
tional resource comprised of volunteers who have donated biological specimens, provided
risk factor data, and have given permission to access clinical data from their EHRs for
clinical research studies. Participants were contacted as part of a pre-scheduled medical
examination at Mayo Clinic sites between April 2009 and September 2015. All partici-
pants were 18 years or older at the time of consent. Approximately 57,000 participants
have been enrolled, of which 24,224 were 65 years of age or older at the time of consent.
Disease The case study was conducted with an objective to ascertain delirium status
from electronic health records. Based on the definition of the International Statistical
Classification of Diseases and Related Health Problems (ICD-10) and in the Diagnostic
and Statistical Manual of Mental Disorders (DSM-5), delirium is a syndrome with symp-
toms of acute onset, cognitive impairment, fluctuating course, attentional and awareness
deficits, and psychomotor and circadian changes [I18]. Delirium is underreported and
not every patient has a formal assessment for delirium diagnosis [119]. Most patients
present with encephalopathy, confusion, and alternation of mental status as the main
symptom. Diagnosing delirium is typically based on a combination of mental status as-
sessment, physical, and neurological exams. The Confusion Assessment Method (CAM)
is the most widely used bedside clinical assessment tool for the diagnosis of delirium.
Due to the variability of diagnostic methods (i.e., no singular, conclusive diagnostic
test) in the clinical setting, the documentation patterns of delirium-related findings can
be variable. As suggested by prior studies, the following definition was applied to deter-
mine patients’ delirium status (Table[5.2): the presence of International Classification of
Diseases (ICD) codes for delirium, the presence of a nursing flowsheet documentation of
their assessment of delirium, and the presence of CAM definition based on information

extracted from clinical notes (CAM-NLP) [120].
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Table 5.2: Definition of EHR-derived Measures for Ascertaining Delirium Status

EHR-derived mea- Definition

sures

CAM-NLP Definitive: number of unique CAM criteria >= 3
Possible: 2 <= number of unique CAM criteria < 3

ICD Delirium ICD-9: 290.11, 290.3, 290.41, 291.0, 292.81,
293.0, 293.1, 293.89, 293.9, 300.11, 437
Delirium ICD-10: F05, R41, F10.231, F10.921
Encephalopathy ICD-9: 348.30
Encephalopathy ICD-10: G93.40, G93.41, G93.49, G92,
G94, G31.2

Flowsheet CAM-ICU, B-CAM

Appreciation: CAM-ICU: Confusion Assessment Method for the Intensive Care Unit, B-
CAM: modified CAM-ICU for non-critically ill patients

Implementation Workflow To better understand the implication of IQ in repro-
ducibility with respect to secondary use of EHR data, we describe the pragmatic imple-
mentation process aiming to capture the dynamic interactions between user, system, and
information. Post thematic analysis was applied to understand multi-dimensional user-
system—information interactions. The TRUST process of ascertaining delirium status
from EHRs can be summarized into the following: information collection, information
extraction, and information organization and representation. Information collection in-
volves retrospectively retrieving various data topics through either human-assisted man-
ual data abstraction or an automatic extract, transform and load (ETL) process. Before
the data transformation process began, we utilized an i2b2 (Informatics for Integrating
Biology and the Bedside) data warehouse to help obtain patient’s demographic sta-
tus. i2b2 is an interactive informatics platform that is widely used for patient cohort
identification [I2I]. The system is based on an internal Datamart of i2b2 Ontology
for data standardization. For privacy and security purposes, information accessibility
was limited to summary statistics and patient identifiers. Additional data including ap-
pointment (admit, discharge, and transfer), diagnosis, flowsheet, and clinical notes were
automatically retrieved through customized Structured Query Language (SQL) from the
Mayo Unified Data Platform (UDP). UDP is an enterprise data warehouse that loads
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data directly from Mayo EHRs. Information extraction is a sub-task of natural language
processing (NLP) aiming to automatically extract structured information from unstruc-
tured text. We applied our previously developed and validated NLP system to extract
CAM-related features from patient clinical notes [I20]. For information representation
and organization, we used patient id, encounter id, and encounter date to link patients
across EHRs. All data was normalized from visit level to patient level.

IQ Assessment Intrinsic 1Q was assessed using agreements on case and non- case
ascertainment between three EHR-derived measures (CAM, ICD, and Flowsheet) using
unweighted Cohen’s kappa, sensitivity, specificity, and fl-score. The accessibility 1Q
was evaluated through analyzing the information accessibility and shareability (system
and method) based on two settings: intra- institution (i.e., study occurs in the same
organization) and inter-institution (i.e., multi-site collaboration). The evaluation process
was done independently by two informaticians and adjudicated by a third informatics
researcher. We defined four- levels of accessibility: direct access (level 1), adaptive access

(level 2), partial access (level 3), and no access (level 4) as follows:

e Level 1: information resources can be directly shared and used with no information

loss.

e Level 2: information resources can be directly shared; site-specific adaptation

needed for information use.

e Level 3: information resources cannot be shared without usage agreements or de-

identification; site-specific adaptation needed for information use
e Level 4: information resources cannot be shared and re-used.

To illustrate the level of information loss caused by representational 1Q, we retro-
spectively analyzed the inconsistency in data representation and identified the presence
of information loss during the TRUST process. Lastly, as suggested by Weiskopf et al,
information completeness can be measured in the following four dimensions: documenta-
tion, breadth, density, and predictive [44]. Due to the underdiagnosed nature of delirium
in clinical practice, we focused on documentation completeness ratio to assess contex-
tual IQ, defined as a record containing all observations made about a patient. Patients

with positive delirium status should contain all enough CAM features for satisfying the
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diagnosis definition. We calculated the CAM missing rate for positive delirium patients
diagnosed by ICD and examine the documentation pattern of delirium-related findings
in ICU and non-ICU settings.

IQ Implication to Reproducibility To illustrate the implication of IQ issues
caused by the imperfect interactions between users and information based on the situated
scenarios, we conducted a simulation to show the effect of the performance variability
in case ascertainment of delirium. The one common scenario in clinical research is the
systematic bias or measurement error caused by imperfect EHR-derived phenotypes [19].
Thus, we focus on simulating the effects of poor accessibility IQ to clinical outcome
variability. The hold-out method was applied by providing individual EHR-derived
measures at a time and observing the associated outcomes. Logistic regression was used
to model for each outcome variable while adjusting for age and sex. The Odds Ratios
(OR) are reported for these models. We compared the model using true disease status

with the model using simulated misclassified outcomes caused by the latent effects

5.4 Results

Intrinsic IQ The agreement between ICD, flowsheet, and CAM-NLP are provided
in Table The agreement between ICD and CAM-NLP was moderate-high (k =
0.61). Agreement between ICD and flowsheet was moderate (k = 0.41). Similarly, the
agreement between CAM-NLP and flowsheet was moderate (k = 0.42). Although CAM-
NLP yielded the highest agreement, no single data type comprehensively represented the
delirium status. There was a strong indication that a data quality assessment should be

conducted prior to the information use.

Table 5.3: Agreements between ICD, flowsheet and NLP

EHR Data Sen Spe F1 kappa
ICD - CAM-NLP 0.56 0.97 0.67 0.61
ICD - Flowsheet 0.54 0.91 0.47 0.41
CAM-NLP - Flowsheet  0.72 0.86 0.50 0.42

Abbreviation: Sen: sensitivity, Spe: specificity

Accessibility 1Q The workflow analysis indicated a variant level of accessibility 1Q
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in both intra-institutional and inter-institutional settings (Figure. We observed that
user-level resources (i.e., information resources generated by users) had better accessi-
bility under the inter-institutional setting. Site-specific ETL infrastructures may help to
promote internal data accessibility. For example, the integration of multiple EHRs from
Mayo Clinic Health Systems allows direct information access (also see Figure 3). On
the other hand, there were greater issues with information and system-level accessibility

under the inter-institutional setting due to privacy and regulatory issues.
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Figure 5.2: Level of Accessibility IQ in Two Settings

Contextual IQ The assessment indicated a high level of variation in the documen-
tation and reporting of CAM feature documentation for delirium patients in ICU and
non-ICU settings. We found the concepts of disorganized thinking, encephalopathy, and
delirium are more likely to be documented in the non-ICU environment. Alternatively,
the concepts of disoriented, altered mental status and disconnected yielded a much higher

documentation completeness ratio (Figure [5.3)).
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Figure 5.3: Information Completeness of CAM Feature Documentation in ICU and Non-
ICU Settings

Representational I1Q Figure shows two types of ETL processes (structured
and unstructured data) based on the case study implementation. The ETL process for
structured data involves information transformation from a non-relational database to
a relational database, a direct copy of said information to create a duplicated research
datamart, and a complete ETL process. We identified that the amount of information
loss is lower if the information transformation happens within two databases that were
developed by the same company and share the same data standards such as Chronicles
and EHR Clarity. During the direct information copy from Epic Clarity to the MS
SQL server and UDP integration layer to i2b2 datamart, we observed a greater infor-
mation loss due to the incomplete view of both data syntax and semantic standards.

For unstructured data, we observed information loss due to the syntactic structure of
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a document (e.g., tabular data) when converting RTF to plain text. Similarly, not all
information was extracted during information transformation for structured metadata

elements (e.g., patient id, provider id, doc id).
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Figure 5.4: ETL processes for Structured and Unstructured Data

Accessibility IQ Implication for Reproducibility The simulation of five differ-
ent information sources on the outcome of delirium patients indicated high variability
in the estimated odds ratios. As illustrated in Figure [5.5] directly applying any single
information resource may not accurately reflect the true disease status. When inaccu-
rate or incomplete information sources are used as the gold standard for downstream
applications, bias, errors, or misclassification can occur. The experiment demonstrated

that IQ has a significant effect on reproducibility.
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5.5 Discussion

Based on the 1Q) assessment and case study implementation, we discovered various bar-
riers to reproducibility, such as inconsistent information documentation patterns across
settings, information loss during ETL processes, and variable levels of information re-
source accessibility. One key recommendation for the informatics community is to place
a higher value on the information resources prior to the information use. Due to the
heightened downstream impact of EHRs, information and implementation quality carry
an equivalent significance with downstream applications (e.g., machine learning models).
We thus believe it is important to promote transparent, high-throughput and accessible

data infrastructures and implementation best practices (e.g., data quality assessment,
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reporting standard) aiming for process standardization. Our study was limited due to
only involving a single secondary EHR use application as a case study, and as such the
generalizability of our findings (e.g., ETL process, barriers to reproducibility) is limited

by the scope of the study.

5.6 Conclusion

Reproducibility is crucial for the secondary use of EHRs. We applied a multi-phase
method to investigate heterogeneity in the processes involved the secondary use of EHRs
and its implications for reproducibility. We discovered that four types of IQ measure-
ments suggested that barriers to reproducibility occurred for all stages of secondary use

of EHR data



Chapter 6

Methodological Standard and Best
Practices of Reproducibility

6.1 Overview

This chapter aims to address various data quality issues that occur during the imple-
mentation and execution of the TRUST process. We focus on gathering best practices
of implementation strategies from existing literature and real-world case studies based
on chapters and [5l A process framework was proposed to capture important steps
needed for conducting TRUST.

6.2 Background and Related Work

Manual chart review is a common way for researchers to investigate the disease causal
path and to predict health outcomes [122]. It has been widely applied to clinical research,
epidemiology, and quality assessment [10], 12, 123, 124]. Despite its popularity, manual
chart review has been criticized for lack of research reproducibility [12], data reliability
and validity [125], and scalability [I4]. First, clinical research reproducibility is crucial
in the field of medicine so that the findings of a single limited study may be translated
to broader patient care [126] [127]. However, it is not easy to reproduce an EHR-based
study, due to the heterogeneity of EHR systems, the complexity of the research team,

and the difficulty of capturing every essential piece of information needed to reproduce

60
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the study [128, 27]. Second, the validity and reliability of clinical data manually drawn
from EHR can be questioned, because the individuals who performed the review may
not have a detailed protocol specifying the common conventions and standards for an-
notations [22, [7]. Studies have reported differences in health care quality measured by
manual review [129] 130} 131, 132], and indicate a need for more clinical involvement in
the capture and validation. Data reliability in EHR-based research can be measured by
the agreement between several data abstractors. Failure to address inter-rater reliabil-
ity can lead to inconsistent results and unreproducible discoveries [125]. Furthermore,
the gap between structured and unstructured clinical research data creates barriers to
routinely aggregate and analyze data. As much of the detailed patient information is
embedded in clinical narratives, it is a very time- consuming and costly process to extract
information from clinical records manually.

NLP-assisted chart review has been seen as a scalable way to extract information.
However, it has been shown that NLP algorithms developed in one institution for a study
may not perform well when reused in the same institution or deployed to a different insti-
tution or for different studies [133] 22, 134 135]. Mehrabi et al. [43], Liu et al. [I36] and
Carroll et al. [I37| examined the system performance and discovered that customization
was essential to achieve desirable performance when the system is deployed to different
institutions. Wagholikar et al. evaluated the performance of an NLP tagging system
from two sites. The performance degrades when the tagger was ported to a different
hospital [133]. To address the issue, efforts have been made to standardize NLP devel-
opment by creating annotated lexical resources and normalizing data elements. Savova
et al. created a gold standard for anaphoric relations from a cross-institutional cor-
pus [I38]. Albright et al. built the first syntactically and semantically annotated clinical
corpus [139]. South et al. developed a clinical corpus from manually annotated EHRs
to identify phenotypic concepts [140]. To address the heterogeneity of EHR, Sohn et
al. assessed the clinical documentation variations across two hospitals [42]. To enhance
the transparency of NLP development, Scuba et al. developed an ontology-based web
tool [141], and the open-source consortium Open Health Natural Language Processing
(OHNLP) was initiated [142].

However, even with sharable corpora, online tools, and open source initiatives, an

NLP system may still have degraded performance when the system is reused by others.
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One challenge is that NLP-enabled clinical research involves an intangible, iterative,
and complex process; the validity and reliability of data abstraction and annotation are
often ignored. Lack of data abstraction protocols, heterogeneity of EHRs, and unstan-
dardized practices are common issues during the process [42]. One potential solution
is to standardize the process by establishing best practices. As NLP-enabled clinical
research studies become increasingly integrated into clinical care, a universal framework
is needed to ensure every step of the research is consistent, reliable, and valid. In this
paper, we propose a new framework to facilitate automated data abstraction and cohort

annotation when conducting single- and multi-site EHR-based clinical research.

6.3 Methods

The development of EHR-based TRUST framework was followed by a multi-phase pro-
cess (Figure The process includes following steps: 1) conceptualization, 2) adoption

of external standard, 3), design and prototyping, and 4) expert review.

Multi-phase approach

. Adopt Prototyping > Expert Refinement
Literature .
) > Existing > and Panel > and
Review ) . S
Standards Refinement <« Review Finalization

Figure 6.1: A Multi-phase Approach for the Development of TRUST Framework

Conceptualization Based on the findings from Chapte2 we conceptualize the
definition of reproducibility in the context of secondary use of EHRs. Instead of pursuing
an exact universal definition, we propose to view reproducibility as a generic quality
measure with the fundamental meaning of the capability for reiterating the experiment
for achieving valid results. We view the target experiment as an ideal state. To satisfy
the definition of reproducibility, the new study should be performed within a satisfactory
variability and avoid any deviation from the original state. This would require all actors
and non-actors within the process to be adherent to the original intent. We introduce
the concept of ‘process reproducibility’ that shares the view of reproducibility is dynamic

which can be applied to various of contexts and objects. In the context of EHR, we focus



63
on activities of replicating the prior process of information generation and information
use of EHRs to assess the technical soundness of the process.

Adoption of External Standards A literature review was conducted to identify
existing methods and best practices of the TRUST process. A search was conducted,
retrieving EHR-based concept extraction articles that were written in English and pub-
lished from January 2009 through June 2019. Literature databases surveyed included
Ovid MEDLINE In-Process and Other Non-Indexed Citations, Ovid MEDLINE, Ovid
EMBASE, Scopus, Web of Science, and the ACM Digital Library. The implementations
of search patterns were consistent across the different databases. The search query was
designed and implemented by an experienced librarian (LJP) as: (“clinic” or “clinical” or
“electronic health record” or “electronic health records” or “electronic medical record” or
“electronic medical records” or “electronic patient record” or “electronic patient records”
or “EHR* or “EMR” or “EPR” or “ATR”) AND (“information extraction” OR “concept
extraction” OR “named entity extraction” OR “named entity recognition” OR “text min-
ing” OR “natural language processing”) AND (NOT “information retrieval”). A total of
10,441 articles were retrieved from five libraries, of which 6,686 articles were found to
be unique. The articles were then filtered manually based on the title, abstract, and
method sections to keep articles with EHR-based clinical information extraction from
English text. After this screening process, 928 articles were considered for subsequent
categorization. We conducted an additional manual review to keep articles with method-
ology descriptions focusing on clinical concept extraction. The final inclusion criteria
for the target papers are as follows 1) using concept extraction methods, 2) applied
to EHR data in English, 3) providing a methodological contribution via: a) presenting
novel methods for clinical concept extraction, including introducing a new model, data
processing framework, NLP pipeline, etc., or b) applying existing methods to a new
domain or task. Articles without full text or methodology descriptions were excluded.
Following this screening process, 228 articles were selected and categorized based on the
methods used. A comprehensive full-text review of all 228 studies was performed by the
study team. In addition to the retrieved literature, the following standards were also
considered: Corpus Annotation Schemes [I7]; Fundamentals of clinical trials [143]; and

Research data management [144].
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Design and Prototyping To prototype the framework, we considered the prag-
matic implementation process, best practices, and lessons learned from Chapters
and [] as the real world evidence and help improve the design of the framework. Specif-
ically, we focused on the implementation strategies and best practices learned from the

case studies.

e Identification of Silent Brain Infarction Events The ESPRESSO (Effectiveness of
Stroke Prevention in Silent Stroke) study is an EHR-based study aiming to es-

timate the comparative effectiveness of preventive therapies on the risk of future
stroke and dementia in patients with incidentally-discovered brain infraction. SBIs
are commonly detected as incidental findings in patients without clinical manifes-
tations of stroke via neuroimaging. Descriptions of these events are frequently
documented in radiology reports as text, rendering NLP an ideal tool to assist in
the identification of SBI cases. The TRUST process was initially implemented at
Mayo Clinic and Tuft Medical Center and later replicated at Kaiser Permanente
Southern California (KPSC) health system. The process involved five different
EHR systems, across an interdisciplinary team of neurologist, radiologists, infor-

maticians, statisticians, study coordinators, students and residents.

e Characterizing Chronic Pain Episodes in Clinical Text Clinical text contains rich

information about chronic pain, but no systematic appraisal has been performed
to assess the electronic health record (EHR) narratives for these patients. We
applied the TRUST process to characterize individual episodes of chronic pain
and analyze EHR notes for a stratified cohort of adults with known chronic pain.
An iterative consensus development and an episode-centered approach were applied

to annotating chronic pain based on input from clinical domain experts.

Post-implementation interviews were conducted to retrospectively collect user-level
feedback. An interview protocol was created to focus on three main areas: 1) abstraction
process, 2) human factors, and 3) tooling. Four back-to-back interviews were conducted
with the four abstractors following the guidelines of Contextual Interview (CI) suggested
by Rapid Contextual Design. Each interview was conducted by an informatician and
lasted approximately 30 min. Questions and issues raised by each annotator during the

two iterations of annotation were collected and qualitatively assessed.
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Expert Review The framework was reviewed by three domain experts including
two biomedical informatics faculties and one epidemiology faculty at Mayo Clinic. A
Delphi consensus technique was utilized during the review. The initial framework was
independently and blindly reviewed by each reviewer. A post-review interview was
organized to understand the feedback and suggestions. Items were further refined after

the discussion. The process continued until a consensus was reached.

6.4 Current Practice of Clinical Corpus Annotation

Based on our review, we determined that the typical tasks involved in this process in-
cluded annotation task formulation, data collection, and cohort screening, annotation
guideline development, annotation training, annotation production, and corpus adju-
dication [145] [146]. Formulation of a task in a practice setting involved definition of
points of interest, execution of a literature review, consultation with domain experts,
and identification of study stakeholders such as abstractors and annotators with special-
ized knowledge. This step was then followed by definition and/or creation of a study
population or cohort. For example, a concept extraction application of geriatric syn-
dromes was developed based on the cohort of 18,341 people who were 1) 65 years or
older, 2) received health insurance coverage between 2011 and 2013 and 3) were enrolled
in a regional Medicare Advantage Health Maintenance Organization [147]. Once the
cohort definition was finalized, data was screened and retrieved. Studies have found
the usefulness of leveraging open-source informatics technologies such as i2b2 or cus-
tomized application programming interface and SQL queries for automatic screening
and retrieval [121]. Subsequent to dataset definition and creation, the development of
a detailed annotation guideline specifying the common conventions and standards was
necessary, ensuring that definitions created are scientifically valid and robust. Notably,
this step involves prototyping a baseline guideline, performing trial annotation runs,
calculating inter-annotator agreement (IAA), and consensus building.

Based on the analysis of 18 articles with exclusive discussions of the gold standard
development process, 4 (22%) studies used a single annotator, 10 (56%) studies reported

of using two annotators and one adjudicator, 3 (17%) studies reported of using multiple
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annotators but did not specify the number, and 1 (6%) study with no mention of anno-
tator. The median, minimal and maximal number of annotated clinical documents were
251, 100 and 8,321 respectively. Most studies choose 200 to 600 documents as the study
data size. Among these, 30% to 60% were randomly sampled for double annotation and
TAA assessment. Process iteration was used to save the annotation cost and increase
effectiveness. For example, Mayer et al. reported having two annotators perform the
initial annotation on 15 documents for training and consensus development. During the
second iteration, another 30 new documents were applied and IAA was calculated. The

process was repeated until the IAA reached to 0.85 [148].

6.5 Implementation Steps of the TRUST Process

The TRUST Process summarizes the linear process of extracting or reviewing informa-
tion from EHRs and assembling a data set for various research needs. The processes
consider important action items and documentation checklists to identify, evaluate and
mitigate variations across sites. Depending on the study design, the order of processes

and selection of activities can be altered.
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Figure 6.5: TRUST process - Guideline Development and Corpus Annotation

6.6 Recommended Implementation Best Practices

Institutional variation It is inevitable to encounter variabilities across different in-

stitutions. Being aware of the degree of variation can help estimate biases and prevent

inaccurate study conclusions. Thus, it is always helpful to apply informatics techniques
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to capture and assess the variation to ensure transparent and informed EHR-based clin-
ical research.

Documentation plan and checklist A comprehensive documentation plan for a
study allows interventions aimed at process replication and error prevention to be de-
signed into the data abstraction. The plan should explicitly mention what, where, and
when to document experimental elements such as protocols, guidelines, codes, operations
manuals, and process workflows. Ensuring adequate time is devoted to documentation is
critical in order to prevent details from being overlooked or omitted. A documentation
checklist ensures important study details are documented. Examples of important meta-
data elements are data identifier (i.e. document id, document date, and patient clinic
number), cohort definition (i.e. inclusion and exclusion criteria), steward, and descrip-
tion of the data (when the data is created, moved, modified, or filtered). During data
abstraction, process logs, tools, data definitions, and methodologies need to be carefully
analyzed and explicitly stated.

Concept definitions and protocol co-development To ensure data validity,
the variables of the study should be strictly defined. Standardized terminology codes,
such as ICD, SNOMED-CT, CPT-4, or RxNorm are useful for describing observable
medical characteristics. Protocol co-development and consensus building helped reduce
institutional and process variance in our study (Figs. 1 and 3). Particularly, having a
well-represented expert panel (from all sites) for developing and evaluating inclusion and
exclusion criteria and annotation guidelines helped the creation of high-quality protocol
documents.

Annotation study design Determining the appropriate number of annotators and
the size of corpus for annotation is critical and often challenged by the resources available.
In general, the process requires at least two annotators with (clinical) domain expertise
to independently perform the annotation [48], [49], [50]. Having only one annotator in
the study is not recommended since data validity and reliability cannot be measured and
ensured [50]. For multi-site studies, the process requires at least two annotators from
both sites in order to help estimate inter-institutional and intra-institutional variation
[51].

Abstraction and annotation training Proper training and education can help

reduce process inconsistency and increase transparency, especially for a cross disciplinary



72
team. When the training sessions were applied, a shared understanding of rigorous ex-
perimental design, research standards, and objective evaluation of data was ensured.
The training materials generated included an initial annotation guideline walk-through;
demos and instructions on how to download, install, and use the annotation software;
case studies; and practice annotations. Annotation production is typically organized
into several iterations with a significant amount of overlap in the data annotated by
each individual annotator to ensure the ability to determine IAA. Finally, in cases where
annotators disagree, conflicts were adjudicated by subject matter experts. All the is-
sues encountered during the gold standard creation process were documented. Some
example training activities included discussing the overall study goal, going through the
contents of the annotation guideline and definitions of interest, and practicing using the
annotation tool (i.e. allowing people to work on a sample of 5-10 notes).

Process iteration and consensus building A consensus reaching process is an
iterative and dynamic process for building agreement on any potential issues and dis-
agreements. A consensus meeting should be organized when developing screening pro-
tocols and annotation guidelines. Routine discussions ensure guidelines and protocols
are scientifically valid and robust.

Adoption of appropriate informatics tools Successfully leveraging informatics
techniques can improve process efficiency, data quality, and reproducibility. For exam-
ple, automatic data retrieval techniques (such as application programming interface and
structured query language) and cohort screening tools (such as i2b2 [54]) can enable a
high-throughput data abstraction process. Using annotation tools ensures a standard-
ized and reproducible annotation process. It is more important to choose an appropriate
informatics solution than an advanced solution. In the study, we chose a light and stan-
dalone version of annotation software over an advanced web-based tool due to its high
feasibility and efficiency. In situations that require extensive validation for processes,
such as de-identification, human validations are needed after applying the informatics

tools.



Chapter 7

Reporting Standards and Research
Metadata of Reproducibility

7.1 Overview

This chapter aims to address issues related to reporting practices and standards that
occur during the information dissemination of the TRUST process. We focus on gather-
ing new reporting standards and research metadata of reproducibility from high-quality
research studies. Based on the STROBE Statement, the newly discovered standards

were provided as extended recommendations for EHR-based studies.

7.2 Related Work

Evidence has suggested that the methodologies of chart review lack standardization,
scientific rigor, and reporting guidelines. For example, a review conducted by Gilbert
et al. on three emergency medicine journals discovered that among all studies related
to retrospective chart review, only 11% reported the use of an abstraction form and 4%
reported inter-rater agreement [12]. Meanwhile, informatics tools have been developed
to enhance the use of EHR data for supporting clinical and translational research. For
example, Informatics for Integrating Biology and the Bedside (12B2) is a patient privacy-

preserving query tool for facilitating research feasibility assessment [149]. Once study
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feasibility is determined, data capture tools such as Redcap, TELEforms®) (Cardiff Soft-
ware, Inc., Vista, CA), and Studytrax® (ScienceTRAX LLC, Macon, GA, USA) aim
to facilitate patient information collection. Protocol management aids such as Protocol
Builder®) (Biomedical Research Alliance of New York) and questionnaire development
tools like QDS™(NOVA Research Company, Bethesda, USA) ensure the document de-
velopment process is more efficient. Additionally, many informatics methodologies, such
as natural language processing (NLP), have been leveraged to perform chart review by
automatically extracting clinical concepts from unstructured EHR data. Various types
of EHR-based phenotype algorithms have been developed, ranging from drug-related
adverse events [I50] to individualized risk prediction [16]. However, even with the great
advancement of clinical research informatics, there is a lack of systematic understanding
of how the tools and methods are utilized and reported, as well as the impact on overall
research quality. Our empirical analysis on clinical research ontologies and reporting
standards found little-to-no informatics-related standards. This often manifests as the
withholding of key methodological details such as data abstraction methods, protocols,
processes, and definitions11. Several pragmatic evaluations of high-profile clinical jour-
nals have shown that only 11% to 25% of projects can be replicated12-14. The issues
often appear as the inability to reproduce research data. Mobley et al. surveyed faculty
and trainees at MD Anderson Cancer Center, and discovered that 50% of respondents
had experienced issues with data reproducibility in cancer-related research [I51]. The
consequences of invalid methodologic processes and unreproducible results in biomedi-
cal research can be serious, such as preventing clinical knowledge translation, wasting
scientific resources, and delaying treatment timing [127].

To ensure valid, transparent, and reproducible clinical research, a growing number of
informatics related efforts have been reported. Several clinical research ontologies have
been developed to ensure scientific standards, including Ontology of Clinical Research
(OCRe) [152] and Biomedical Resource Ontology (BRO) [I53]. Leveraging existing on-
tologies, Kong et al. further expanded the schematic representation of clinical research
using Conceptual Model Representation (CMP) to aid the development of clinical re-
search databases [I54]. Sahoo et al. created an informatics framework that allows

detailed research data elements to be systematically mapped and represented [I55]. By
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combining NLP techniques, Valdez et al. were able to build an ontology-based clini-
cal research knowledgebase for evaluating research studies and enhancing study repro-
ducibility [I56]. Ross et al. systematically analyzed eligibility criteria in clinical trials
using heuristic rules and logic [I57]. Our project aims to enhance the current infor-
matics solution by demonstrating a methodologic development process (corpus devel-
opment, sub-language analysis, and modeling) that uses NLP to discover the reporting
patterns of EHR-based observational studies. Our investigation is focused on evaluating
the trends, variability, utilization and adoption of EHR-based data abstraction related
methodologies. Existing clinical research ontologies and research reporting standards

were leveraged to help define important data elements.

7.3 Methods

Data Selection The Rochester Epidemiology Project is a National Institutes of Health-
funded research infrastructure that collates and indexes health care information from
virtually all sources of medical care available to residents of Olmsted County, Min-
nesota [158]. It has maintained a comprehensive medical records linkage system for over
half a century, which makes it an ideal resource for conducting population-based stud-
ies. These data have been utilized by investigators throughout the country, resulting
in more than 2,000 publications on a wide range of health care topics from top clinical
journals and conferences including JAMA, NEJM, and Lancet. Our study investigated
all articles from the REP publication registry between 1995 and 2016. In total, 1,543
articles were retrieved; 321 were removed due to their non-convertible PDF format or
no full text being available. The final data set was comprised of 1,279 articles.
Guideline We adopted existing guidelines gathered from the Reporting Guidelines
for Health Research EQUATOR Network24 including RECORD (REporting of studies
Conducted using Observational Routinely-collected health Data) and STROBE (The
Strengthening the Reporting of Observational Studies in Epidemiology) as the baseline
guideline [159] [160]. Additional methodologic strategies were borrowed from research
by Boyd et al. and Horwitz et al., including training, abstraction forms, meetings,
monitoring, and testing of interrater agreement [161, 162]. In consultation with the

above standards and guidelines, we defined the use of EHRs to include the following
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processes: feasibility assessment, cohort identification (case selection), and data retrieval.

Reporting categories were provided in Table

Table 7.1: Definition of EHR-based Reporting Category

Reporting Cate- Definition

gory

Participants The methods of study population selection (such as codes or al-
gorithms used to identify subjects), validation of the codes or
algorithms used to select the population, data linkage process,
participant follow-up and matching.

Variables The methods of the classification, assessment, and validation of
variables (exposures, outcomes, confounders, and effect modifiers)

Data sources The methods of data assessment (reliability and validity) and data

collection (development, training, validation, and administration,

such as blinding)

Annotation Based on the baseline guideline, we randomly sampled 200 articles
(from 1,279) for manual review. 71 out of the 200 reports were randomly sampled
and double read to determine interrater reliability. We defined two objectives for this
process. The first objective was to assess the reporting cohesiveness to the existing
standards. FEach article was annotated for the presence or absence of methodologic
standards provided in the guideline. The second objective was to identify additional
important activities that were not captured by the current standards, such as recently
proposed best practices and methodologies for the use of EHRs.

The annotation process was conducted according to Corpus Annotation Schemes [17],
including organizing training sessions, developing annotation guidelines, multi-phase an-
notation, evaluation, and adjudication. Four annotators (N.W., J.J, X.Z, and S.P) were
given initial one-hour training. Questions raised from the training exercise were used
to refine the baseline guideline. In the first week, each annotator annotated four to
eight papers (two papers for every batch). After each batch, the inter-annotator agree-
ment (IAA) was calculated using F-measure (2* precision * recall/(precision -+ recall)).
The matched cases were determined by comparing the bipartite set alignment for two

annotated sentences using Kuhn-Munkres algorithm [163]. A consensus meeting was
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organized to resolve disagreements and annotation issues. The process continued until
a high agreement was reached. Over the next three to four weeks, weekly batches of a
total of 200 papers were annotated. Each document was independently annotated by
two annotators. After the weekly assignments were completed, we computed the IAA,
resolved disagreements, and clarified the guidelines.

The final gold standard annotations were created by combining the individual ex-
perts’ annotations followed by adjudication of the mismatches. The jointly annotated
training notes were added to the gold standard but excluded from the final IAA compu-
tation. The annotation tool for this project is Multi-document Annotation Environment
(MAE), a Java-based natural language annotation software package [109] .

Natural Language Processing Based on the above methodologic standards and
gold standard corpus, we developed an NLP algorithm to automate the manual pro-
cess. The infrastructure for the NLP system was adopted from the existing open source
NLP framework MedTaggerIE [36], a resource-driven open-source Unstructured Informa-
tion Management Architecture (UIMA) [164]-based IE framework. The NLP algorithm
was developed through three steps: 1) prototype system development based on existing
knowledge and standards, information theory algorithms, and expert knowledge, 2) for-
mative system development using a training dataset and manual case review for iterative
refinement, and 3) final system evaluation using a test dataset. A total of 200 annotated
articles were divided into a training set (n=100) and a test set (n=100).

The initial step was to exclude irrelevant information by segmenting the information
into different sections. Since MedTaggerIE contains a built-in section detector through
terminology lookup [165], we only needed to modify the dictionary to match with sections
for clinical research. Based on STROBE, we included sections that are related to study
method, study design, data (collection), case definition, and participants (cohort).

Concept extraction is a knowledge-driven annotation and indexing process to identify
phrases referring to concepts of interest in an unstructured text. We leveraged Pointwise
Mutual Information (PMI), to provide heuristic ranks of n-gram features (an adjoining
sequence of n items from a given sample of sentences) for keyword prototyping. Table 1

lists the top 15 n-gram features that were automatically generated from the algorithm.



Table 7.2: Example of N-gram Features with High PMI Scores

Reporting
Category

Participant

Data source

Top Uni- and Bigram Features
with the Highest PMI Score*

records; medical; medical records;
identified;

records of; review; complete; case;

residents; reviewed;

county residents; were identified;

subjects; were reviewed; nurse

data; records

information;

medical records;
of; reviewed; was

collected; records linkage; used;

database; nurse; system; selected;

Example Sentence

"We reviewed charts to identify
cases of PJP, cross referenced with
the REP database using diagnos-
tic codes for PJP and the Mayo
Clinic and Olmsted Medical Center
databases."

"We used the REP database to re-
trieve all medical records for resi-
dents of Olmsted county who had

an established diagnosis of any of

from the; obtained; by trained the subtypes of CLE"

*Keywords in second column were only for system prototyping and had not been

manually curated

Due to a high textual similarity between participant and data source, additional
patterns needed to be identified in order to accurately distinguish the two classes. Thus,
we analyzed the syntactic patterns by parsing the dependencies of each sentence. We
used the Stanford CoreNLP 3.9.235 and integrated it into the existing MedTagger UIMA
framework. We found the majority of methodologic events can be modeled into concepts
separated by semantic connectors. For example, Figure shows the syntactic struc-
ture of sentence objective (event confirmation) and methodologic event (medical record

review) were connected through the case making element and the adjectival modifier.

nmod
nsubjp amod
onj / amod
e~ auxpass o ow Ete
—_—— ——— —_—

mpound
identified through direct medical record

amod CC
— =

Confirmed VTE and cerebrovascular event were review

Figure 7.1: Parsing Structure of Case Ascertainment
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Context Detector The assertion and temporal expressions were handled by the Med-
TaggerlE context detector. The assertion of each concept includes certainty (i.e., posi-
tive, negative, and possible) along with experiencer (i.e., patient, associated with some-
one else), while temporality identifies historical or present. For example, from the sen-
tence “Data were collected from a random sample using questionnaires,” “Data” would
be extracted as a data concept and “collected” would be extracted as a methodology
concept, along with corresponding assertion status “positive”, temporality “past’.
Normalization and Summarization After keywords or phrases were extracted from
a sentence, they were normalized to a specific concept. As an example, the phrases
“patient record” and “medical record” were normalized to the concept of “data”. The
normalized categories were processed by the rule engine, a series of conditional clauses
including “and”, “or” and “not” independently. A summary of these concepts, keywords,

and modifiers are listed in Table [Z71



Table 7.3: Keywords for Concept Extraction
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NLP Concept
Population se-

lection general

Population
selection
specific

Measurement

Data  collec-

tion

Validation

Data linkage

Follow up
Matching

Cohort-
related

Keywords™*

assemble(d); categorize(d); choose(chosen); classify(classfied); con-
struct(ed); contact(ed); establish(ed);
screen(ed); select(ed); recruit(ed); invit(ed); sample(d); abstract(ed);

draw(drawn); determine(d);
cohort screen(ing); complete(d) abstraction

search(ed); review(ed); identify(ied); exclude(d); include(d); con-
firm(ed)/ascertain(ed); avoid(ed);

measurement(s)/ assessment(s) performed; assessed; measure(d); deter-
mine(d); evaluate(d); search(ed); review(ed); identify(ied);

retrieve(d); collecte(d); obtaine(d); retrieve(d); contact(ed); inter-
view(ed); complete abstraction; data collection/abstraction; question-

naire(s) /survey(ies) was/were designed/used/created/mailed;

validate(d);  validation;  confirm(ed);  verify(verified);  verifica-
tion; ensure(d); agreement(s); agreement measure(s); accuracy;
inter /intra-rader /annotator /observer  agreement(s); agreement(s)

between; IAA; test retest; gold standard; kappa; reliability; valid-
ity; (doubly; double; triply; triple; quadruply; quadruple) + (re-
view /read/exam /assess/measure) + (twice; multiple times); Consensus;
disagreement(s) resolved;

linking; link(ed); data linkage; linkage system; indexing; cross refer-
enc(ed/ing); cross match(ed);

follow(ed) up; follow(ed) up through; follow up period; follow(ed) for
match(ed) with; matching; match(ed) (subject) to; matched pair with;
matched(ing) on; matched in (characteristics); matched for;

cohort (of); sub(-)cohort; population; participant(s); patient(s); con-
trol(s); case(s); resident(s); child; children; man; men; woman; women;
subject(s); adult(s); volunteer(s); person(s); survey respondent(s); com-

parison group(s)
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NLP Concept  Keywords™*

Study abstractor(s); specialist(s); fellow(s); RTP(s); research temporary pro-
team/abstractor fessional(s); intern(s); author(s); reviewer(s); operator(s)

Eligibility- eligible; eligibility; ineligible; criteria; criterion; inclusion criteria; exclu-
related sion criteria; included; excluded; screening protocol; screening
EHR-related medical record(s); information; data; record(s); characteristic(s);

chart(s); sample(s); questionnaire.?; database; computerized diagnostic
index; EHR(s); EMR(s); electronic medical record(s); electronic health
record(s); survey(s);

Terminology diagnostic; diagnostic code; ICD(s); international classification of dis-
eases; CPT(s); current procedural terminology; Berkson code (s or ing)

(REP cohort only); symptom(s); factor(s);

*Keywords should be connected through wild card regular expression for fuzzy match-

ing; additional refinement is required when used for different data sources.

The following patterns were used to identify the common expressions for each class.
We used square brackets “[|” to represent each concept group, parentheses “()” for direct
keywords, curly brackets for “” typed dependencies, “|” for the conjunction or, and “&”
for the conjunction and. The expressions for dependencies were followed by the Stan-
ford Typed Dependencies Manual35, where “auxpass” represents passive auxiliary, “case”
represents case-marking elements, “mark” represents a marker which introduces a clause
subordinate to another clause, and “amod” as an adjectival modifier. Textbox 1 provides

the logic rules for nine different events related to the use of EHRs for clinical research.
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Reporting
Category

Participants

Variables

Methodologic Events

Study population selection

(study event)

Screening validation (valida-
tion of screening protocol,
procedure, inclusion and ex-
clusion criteria)

Data linkage process (study
event)

Participant follow-up (co-
hort study only)

Matching (matched studies
only)

Measurement and classifica-
tion of variables (study and
clinical event)

Validation of variables (con-
firmation of subject has cer-

tain characteristics)

NLP Rules

[Cohort-related] AND auxpass AND [Pop-
ulation selection general] AND preposi-
tion case-marking element AND [Popu-
lation selection specific]; [Population se-
lection general | specificy AND preposi-
tion marker AND [Population selection
specific] AND ([Cohort-related | Eligibil-
ity]); [Data] AND auxpass AND [Pop-
ulation selection specific] AND preposi-
tion case-marking element AND [Study
team /abstractor| AND preposition marker
AND [Population selection general | spe-
cific]

[Population selection concepts] AND aux-
pass AND [Validation|; [Cohort-related|
AND [Study population selection] AND
[Validation]

([EHR related] | [Cohort-related]) AND
[Data linkage]

[Cohort related] AND auxpass AND [Fol-
low up|; [Follow up] AND [Cohort related|]
[Matching] AND [Cohort related]

[UMLS Dictionary (medical concept | pro-
cedure)] AND [Measurement]

[UMLS Dictionary (medical concept | pro-
cedure)] AND [Measurement] AND [Vali-

dation]
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Reporting Methodologic Events NLP Rules
Category
Data sources  Data collection (study event) [EHR related] AND auxpass AND [Data
collection] AND preposition case-marking
element; [Study team/abstractor] AND
[Data collection] AND [EHR-related|;
[Population selection general] AND prepo-
sition marker AND [Data collection] AND
[EHR-related]
Data quality assessment [Data collection] AND [Validation]
(validation of data collection
tools, frameworks, protocols
and methods)

After section selection and sentence detection, the final test corpus consisted of 1220
sentences. Each sentence was pre-annotated with either one of the nine categories listed
in Table 4 or “other”. The final system was evaluated on all tasks using F-measure.

Analysis of Methodologic Reporting Patterns We applied the algorithm to the
entire REP cohort from 1995 to 2016. Each sentence was categorized into the above nine
categories. Once the category was determined, we conducted a sublanguage analysis to
identify how each activity was conducted. Briefly, we identified the top five commonly
used case-marking elements and markers including “using”, “through”, “with use of”,
“with”, “via” for identifying the key methodologic expressions. The expressions that
cannot be identified automatically were assessed through manual review. Furthermore,
we applied the research practice framework proposed by Boyd et al., Horwitz et al., and
Gilbert et al. to evaluate the quality of the reported methods through the identification
of the following six activities: screening/data collection protocol, training, blinding,
inter-observer agreement, team meetings, and supervision. To understand the usage
of informatics tools and methods, a trend analysis was conducted using least-squares
regression to test the incremental significance of the use of methodology throughout the
years. Finally, we randomly sampled 40 articles to conduct an authorship and affiliation
analysis through manual review. The goal of this analysis is to understand whether there

would be a variation regarding the reporting patterns given the first author’s training
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background. As the focus of our study is observational research, we classified each author
into epidemiology background and other using the affiliation information from PubMed.
We then defined the positive outcome as the satisfaction of at least three activities from
the framework (Boyd et al., Horwitz et al., and Gilbert et al.) and the negative outcome

as less than three criteria were discovered.

7.4 Results and Discussion

Performance of Annotation and NLP Three articles were removed due to no full-
text found. The averaged inter-annotator agreement (IAA) of manual reviewing of 71
articles is 0.863 in F-measure. The evaluation of the NLP system on the test articles is
provided in Table [7.5] We found the identification of variables was the most challeng-
ing task. Many expressions either lacked context or used very specific terminology such
as directly referring to the inventor’s name (e.g. Morris, a type of clinical rating scale
assessment for dementia). The MedTaggerIE dictionary look up from UMLS Metathe-
saurus was able to provide additional context information such as medical concept and
assessment type, however, the performance of the system on this task is capped by
the comprehensiveness of the dictionary. Despite this limitation, the system achieved a

moderate-high performance over nine different tasks.

Table 7.5: Performance of IAA and NLP System of Nine Different Tasks

Reporting  Cate- Methodologic Events NLP (F-measure)

gory

Participants Study population selection 0.716
Screening validation 0.866
Data linkage process 0.900
Participant follow-up (cohort study only) 0.888
Matching (matched studies only) 0.955

Variables Measurement and classification of vari- 0.780
ables
Validation of variables 0.759

Data sources Data collection 0.850

Data quality assessment 0.967
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Analysis of Methodologic Reporting Patterns Our analysis showed that manual chart
review was the most popular method reported for study population selection (51.92%)
and case validation (7.97%) and the second most popular method for data collection
(4.14%). We found electronic retrieval (i.e. query) was the most popular method for
data collection (6.18%). However, there were a large number of articles that did not
specify what methods they used for various tasks, e.g. only 49% of articles mentioned
activities related to data collection. We believed this was due to the lack of reporting
standards. For example, the expression like “all clinical variables were either obtained
electronically or from patient records” described a potential data collection activity that
was conducted. However, there were no related expressions discussing how exactly the
data were collected, when this activity happened, or who conducted the abstraction.
Furthermore, even among the sentences with abstractors mentioned, 77% use the pro-

noun “we” as an unspecified expression for the entire method sections.
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Table 7.6: Summary of Methodologic Events Among 1279 Articles from REP

Sections

Participants

Variables

Data sources

Methodologic Events*

Study population selection
Chart review

Database Query

Standard terminology

Cohort screen tools
Computer-based algorithms
Natural language processing
Validation

Chart review

Existing criteria
Questionnaires/survey/interview
Data linkage

Participant follow-up

Matching

Measurement /Assessment of variables
Clinical intervention/criteria
Questionnaires/survey/interview
Chart review

Computer-based algorithms
Validation
Questionnaires/survey/interview
Existing criteria

Data collection

Electronic retrieval

Manual chart review

Survey /questionnaire/interview
Electronic data capture tools

Data quality assessment

Number of Articles
(n=1279)

90.30% (1155)
51.92% (664)

22.28% (285)
7.97% (102)
5.47% (70)
0.70% (9)
26.11% (334)
49.57% (634)
21.11% (270)
35.26% (451)
29.48% (377)

In assessing the use of methodologic standards, 5% (61) reported the use of a screen-

ing/data collection protocol, 24.0% (146) reported training for data abstraction, 6% (74)

reported the abstractors were blinded, 4.5% (57) tested the inter-observer agreement,
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1.5% (19) reported that team meetings were organized for consensus building, and 0.8%
(10) mentioned supervision activities by senior researchers. In comparison with the
study conducted by Gilbert et al. in 1996, we found an increasing number of studies
reported the use of good methodologic practices when dealing with EHRs. However, no
single methodologic standard had an adoption rate of 25% or greater among the 1279
articles. Our author and affiliation analysis showed that papers with the first author of
epidemiology background were more likely to report good practices (Figure 2). However,
the result was not significant (p-value = 0.118).

The trend analysis showed a significantly increased number of articles reported using
informatics-related methods (i.e. electronic data capture, phenotype algorithms, etc.).
Figure 3 shows an upward trend of using informatics methods since 1998 (p-value <
0.0001). Among these articles, we were able to identify 11 different phenotype algorithms

from 14 articles that used computer-based algorithms for case ascertainment (Table 5).

Table 7.7: Computer Based Case Ascertainment Algorithms

Computer Based Case Ascertainment Algorithms Articles
Interstitial lung disease [166]
Myocardial infarction [167, 168, [169]
Osteoarthritis [170]
Fracture risk assessment [7T)
Antineutrophil cytoplasmic autoantibody —associated vasculitis 172
Vertebral deformities [173]
Nonalcoholic fatty liver disease [174)
White matter hyperintensity volume [175]
Herpes zoster [176, 177]
Cause of death [178]
Heart failure [179, [1R0]

Reporting Standards Based on the gap analysis of the STROBE statement, we
identified the following recommendations for the reporting of EHR-based clinical research
(Table [7.8]). The recommendations included specific activities related to EHR-based in-
formation quality assessment and information provenance that involve additional infor-

matics activities such as electronic data retrieval, cohort screening, assessment methods
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of study variable, definition and data sources, etc.

Table 7.8: Reporting Standard of EHR-based Chart Review Research (Item number
based on STROBE Statement)

Section Item Reporting Recommendation
Number
Introduction
Background 2 Existing clinical criteria, validity of clinical criteria, EHR
and rationale data source used (e.g. free text, billing), methods of EHR-

derived phenotyping (e.g. code-based method, text-based
method, hybrid), validity of EHR-based methods, reported

epidemiology ratio (e.g. incidence, prevalence)

Methods

Participants 6 Methods of selection of participants: Clinical criteria for
cohort definition (e.g. inclusion, exclusion criteria) EHR
related methods for cohort screening Evaluation method
for cohort screening (e.g. chart review) Validity of cohort
screening methods

Variables 7 Definitions of all clinical variables (e.g. outcome, exposures,
confounders), clinical criteria, validation methods

Data sources 8 Describe sources of EHRs; Details of methods of assess-

and measure- ment (measurement); Describe comparability of assessment

ment methods if there is more than one group

Bias 9 Report EHR related bias (e.g. query bias, documentation

bias)

7.5 Conclusion

In summary, our study demonstrated a process of using informatics to discover research
reporting patterns and methodologic events from a series of papers that used the REP
cohort. Our investigation discovered an upward trend of reporting research method-
ologies, good practices, and the utilization of informatics-related tools and methods

for EHR based clinical research. Despite these findings, the methodologic standards
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were still consistently under-reported. We also discovered high variation regarding clin-
ical research reporting. Developing process frameworks, ontology models and reporting

guidelines for the given context are recommended for future work.



Chapter 8

Application to Real-World
EHR-based Study

8.1 Overview

This chapter presents an end-to-end implementation of the TRUST process leveraging
the proposed implementation guide and best practices based on a real-world EHR-based
clinical study. We first present the process of design, development, evaluation, and
deployment of a clinical NLP algorithm of delirium. We then qualitatively and quan-
titatively examine the validity and reproducibility of the process based on the RITE

criteria.

8.2 Background and Motivation

Delirium is a syndrome with symptoms that present as confusion and is characterized by
an acute change in mental status, fluctuating course, lack of attention, and disorganized
thinking or altered level of consciousness [I81]. Delirium is common in hospitalized older
adults [I82) [118], with prevalence in the postoperative setting ranging between 21% and
35% [183], and in intensive care unit patients between 60% and 85% [184]. Delirium
has been associated with multiple predisposing and precipitating risk factors, including
infections, use of specific medications, and the presence of a wide range of other chronic

conditions [I85]. In particular, persons with dementia are at high risk of delirium, and

90
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delirium has been associated with subsequent cognitive impairment [186] and additional
adverse outcomes [I187], including longer hospital stays, increased likelihood of nursing
home placement, and an increased risk of death [118] [188] [189, 190l 191].

Delirium is underdiagnosed in clinical practice and is not routinely coded for billing [119].
A study of patients undergoing elective surgery indicated that delirium was given an In-
ternational Classification of Diseases, 9th Revision (ICD-9) code in only 3% of patient
records [I82]. Causes of delirium are multi-factorial, but it has been estimated that
30%—40% of cases may be preventable [118]. However, further research is necessary to
identify the best ways to detect, prevent, and manage delirium. Such research is cur-
rently limited by challenges in identifying persons with delirium from electronic health
records (EHRs). Inouye et al. [I82] have developed methods for identifying persons
with delirium from chart review of medical records. However, manual chart review is
time-consuming and costly to extract information from clinical notes for large patient
populations. Natural language processing (NLP) has been adopted to computationally
extract clinical information from EHRs for a wide range of applications ranging from
advancing EHR-based clinical research [192] 193] to supporting clinical decision-making
[83, 194]. Different NLP frameworks have been developed to convert clinical narratives
into structured data, including MedLEE [195], MetaMap [39], KnowledgeMap [40], Med-
Tagger [36], and cTAKES [3§]. In this study, we adopted the MedTagger framework with
domain-specific customizability to develop and validate an NLP algorithm to identify

the occurrence of delirium using clinical notes derived from the Mayo Clinic EHR.

8.3 Materials and Methods

Study Implementation This study was approved by the Mayo Clinic Institutional
Review Board and the Olmsted Medical Center Institutional Review Board. We followed
our previously proposed assessment methods (chapter , frameworks (chapter @
7) and best practiceﬂ to conduct the study, which include sequentially following the
TRUST process, adopting templates of screening protocol and annotation guideline,
referring best practices in the procedure guideline and complying with documentation

checklist.

! mttps://github.com/OHNLP/annotation-best-practices
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Evaluation Criteria To assess the technical soundness of the process, we considered
the FAIR data principle. The FAIR data principle (Findable, Accessible, Interoperable,
and Reusable) is comprised of a set of guiding principles to guide the reusability of digital
assets [196]. In addition, we applied our previously proposed RITE implementation
principles (Reproducible, Implementable, Transparent, and Explainable). The RITE
principles, presented in the figure 8.2 not only emphasize result reproducibility but also
process transparency and implementability; since the variability and explainability of
the result are dependent on the process. The implementation details are presented in
the section

RITE Implementation Principles

Transparent and Implementable

Process Correctness

Explainable and Reproducible

Result Correctness

Figure 8.1: RITE Implementation Principles

8.4 Process Correctness

The overview of the implementation of the TRUST process for the development of the

delirium algorithm is presented in Figure [8.2
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Study Population

Mayo Clinic Biobank 65 years of age or older at the
Cohort (n = 57,000) time of consent: 24,224

Random sample

Training annotators - Training Phase (n = 30)
(not included in the study result)

[}
| Random sample
[}
[}

Study Participants
ICD-9 code for delirium: 44
ICD-9 code for alteration of consciousness: 141
Age and sex-matched without codes for delirium: 115

Manual chart review (gold standard)* - Production Phase
Definitive delirium: 126
Possible delirium: 38
negative delirium: 136

Random sample

NLP Algorithm Development*
Training set (n = 150, definitive = 62, possible =20, negative Random
= 68) sample

Statistical Analysis*

Test set (n = 150, definitive = 64, possible = 18,

system negative = 68, Table 3)

Finalized NLP ]

.
*Results were based m-CAM criteria

Figure 8.2: Workflow of Cohort Screening and Sampling for the Corpus Annotation and
NLP Development

Study Population The study population consisted of participants of the Mayo
Clinic Biobank [197]. The Mayo Clinic Biobank is an institutional resource comprised of
volunteers who have donated biological specimens, provided risk factor data, and have
given permission to access clinical data from their EHRs for clinical research studies.

Participants were contacted as part of a prescheduled medical examination at Mayo
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Clinic sites between April 2009 and September 2015. All participants were 18 years or
older at the time of consent. Approximately 57 000 participants have been enrolled,
and 24 224 of these participants were 65 years of age or older at the time of consent.
Among these participants, we identified all persons who received an ICD-9 code for
delirium or alteration of consciousness after date of enrollment (N = 731; ICD-9 codes:
290.3, 290.41, 291.0, 292.81, 293.0, 293.1, 348.30, and 780.09). We randomly sampled
persons (N = 300) from this population for the annotation guideline development and
gold standard identification phases of the study (details below). Among 300 randomly
selected individuals aged 65 and older, 48.3% were female. A total of 615 visit records
were noted for these 300 individuals of which 247 were inpatient records, 55 observation
records, 186 emergency records, and 127 outpatient records. Among the 247 inpatient
records, 89 visits were ICU records. Half of the persons from the sample population (n
= 150) were used to develop NLP algorithms to identify occurrences of delirium, and
the remaining sample (n = 150) was set aside to evaluate the performance of the NLP
algorithm.

Annotation Guideline Development Delirium is diagnosed based on a constella-
tion of established clinical symptoms. Therefore, our primary criterion for identification
of delirium was an explicit mention of a delirium episode (eg, “Patient experienced acute
post-operative delirium this morning”) documented in the clinical notes. If there was
no clear diagnosis or mention of delirium, then we identified delirium based on whether
symptoms documented in the clinical notes satisfied the “Confusion Assessment Method”
(CAM) criteria [182].

Briefly, CAM has 4 features that are used to facilitate the diagnosis of delirium, in-
cluding (A) acute onset and fluctuating course, (B) inattention, (C) disorganized think-
ing, and (D) altered level of consciousness. Each feature was further represented by a
list of specific delirium-related concepts, such as deteriorating mental status, drowsiness,
mumbling gibberish, impaired orientation, and encephalopathy [I82]. For example, the
CAM feature “Disorganized thinking” was represented by several expressions, includ-
ing “mumbling gibberish,” “rambling speech,” “unclear flow of ideas,” etc. Figure [8.3]

summarizes CAM features.
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Clinical Notes: CAM Summary: Final Status:
* Mental status decline « CAM A:Act_]te onset P
in patient - and fluctuating course - 1A, B, C =Delirium
: Inattention Positive
and poor cognition . CAM C: Disorganized
* Moderate disorganized thinking
thinking

Figure 8.3: Comparison of Original CAM and the Modified CAM. CAM = Confusion
Assessment Method.

In our study, we developed 2 versions of the criteria: the original CAM and the
modified CAM (mCAM) (Tabldg.1). For the original CAM, we operationalized the
results as “definitive delirium” or “no delirium.” “Definitive delirium” status was achieved
when the medical records described symptoms that match criteria A and B and either
C or D of the CAM criteria within 1 month. The average duration of time from the first
symptom to the last symptom was 13.8 days (range: 0-28 days). Most persons with
delirium met the criteria within 48 hours (38%).
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Table 8.1: Confusion Assessment Method (CAM)

A acute onset and fluctuating course B: inattention

Do the abnormal behaviors? Does the patient:
Come and go Have difficulty focusing attention
Fluctuate during the day Become easily distracted
Increase/decrease in severity Have difficulty keeping track of what is said
| C: disorganized thinking D: altered level of consciousness
Is the patient’s thinking? What is the patient’s level of consciousness?
Disorganized Alert (normal)
Incoherent Vigilant (hyper-alert)

Lethargic (drowsy but easily roused)
Stuporous (difficult to rouse)
Comatose (unrousable)
 Original CAM: Modified CAM:
Definitive: A and B and (C or D) Definitive: At least 3 unique CAM criteria
Possible: Any 2 criteria and does not meet

the definitive criteria as above

Two Mayo geriatricians and one palliative care physician (S.P., Z.X., B.T.) helped
to define the review criteria and noted that symptoms of delirium may be poorly docu-
mented (missing information related to delirium features and concepts) [198]. Therefore,
we created mCAM to address this issue. Using the mCAM criteria, definitive delirium
status was defined as when the medical records describe symptoms that matched 3 of
4 CAM criteria (eg, CAM B + C + D or A + C + D). Possible delirium status was
defined as when symptoms matched exactly 2 CAM criteria.

Corpus Annotation Corpus annotation is the process of manual chart review,
marking interpretative linguistic (eg, syntax, negation) or predefined clinical informa-
tion (eg, delirium-related concepts) to a corpus that can be used for NLP algorithm
development and evaluation |17, [I8, [7]. There were 2 phases involved in our process: (a)
training phase to be familiar with the annotation process and refine annotation guidelines
and (b) production phase to create the gold standard for NLP algorithm development

and evaluation.
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Training phase One geriatrician and one psychologist (S.P. and G.S.L.) annotated
a random sample of records obtained from 15 patients who had an ICD-9 code for
delirium or alteration of consciousness and another 15 patients who did not have code
to identify documentation of delirium and/or keywords and terms related to the 4 CAM
components. In the training phase, annotators reviewed the full medical records from
30 days prior to the date of the ICD-9 code through 30 days following receipt of the
initial diagnosis code. They identified delirium-related terms previously described by
Puelle et al. [199] for the identification of delirium from medical records as well as
additional keywords associated with episodes of delirium observed in the sample records.
Discrepancies between reviewers were discussed and resolved, and annotation criteria
were updated.

Production phase A new sample of 44 patients with an ICD-9 code for delirium and

141 patients with an ICD-9 code for the alteration of consciousness was matched by age
(£1 year) and sex to 115 patients without a code for delirium (Figure 1). All 300 patient
records within £+ 30 days anchored by ICD-9 delirium diagnosis (total 8761 documents)
were double-annotated by 2 reviewers (G.S.L. and D.I.) using the final annotation guide-
lines. Interannotator agreement (IAA) was calculated at the patient-level delirium status
(eg, definitive delirium, no delirium) and for each concept (eg, confusion). All conflicting
cases were adjudicated by a geriatrician and palliative care physician with expertise in
geriatrics (S.P. and B.T.). The results of the final adjudicated annotation served as the
gold standard for the development and test of the NLP algorithm.

NLP Algorithm Development The NLP algorithm was developed to automate
EHR chart review to identify patients with delirium based on 2 definitions of delir-
ium (CAM and mCAM). To identify a patient’s delirium status, the NLP algorithm
screens the clinical notes to extract direct mention of delirium (physician’s diagnosis)
and delirium-related clinical concepts that match the CAM criteria. Each concept was
then normalized into a standard form based on the CAM instruments. For example,
“unresponsiveness”’ and “decreased responsiveness” were normalized into “disconnected.”
Furthermore, the normalized CAM instruments were mapped into the CAM Features A,
B, C, and D. As an example in Figure[8.4] a patient who experienced acute altered men-
tal status (CAM Feature A), inattention (CAM Feature B), and disorganized thinking

(CAM Feature C) was considered “definitive” delirium.
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Confusion Assessment Method

CAM A: acute onset and fluctuating course

Do the abnormal behavior:

» Come and go?

* Fluctuate during the day?

* Increase/decrease in severity?

CAM B: inattention

Do the patient:

» Have difficulty focusing attention?

» Become easily distracted?

» Have difficulty keeping track of what is said?

CAM C: disorganized thinking

Is the patient’s thinking:
» Disorganized
* Incoherent

CAM D: Altered level of consciousness

What is the patient’s level of consciousness:
Alert (normal)

Vigilant (hyper-alert)

Lethargic (drowsy but easily roused)
Stuporous (difficult to rouse)

Comatose (unrousable)

Original CAM:

Definitive: A + B + (C or D)

Modified CAM:

Definitive: # of unique CAM criteria >= 3
Possible: 2 <= # of unique CAM criteria < 3

Figure 8.4: An Example for Detecting Delirium Status Based on CAM

To implement the algorithm, we adopted the open-source NLP pipeline MedTag-

gerlE [36], an open-source unstructured information management architecture-based

information extraction framework. This system separates task-specific NLP knowledge

engineering (ie, CAM criteria) from the generic routine NLP, which enables words and

phrases containing clinical information (ie, keywords relevant to CAM features) to be di-

rectly coded by subject matter experts. The tool has been utilized in various clinical NLP

tasks and adopted by multiple studies of phenotyping algorithm development [191], 200].
Additionally, we utilized the Mayo Clinic big data NLP platform [30], a distributed
parallel computing environment to support data sets of extremely large volume which

integrates NLP with existing EHR data stores. This enabled us to execute the NLP

algorithm without manually retrieving large sets of documents prior to execution.
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Figure [8.5] shows the NLP workflow. The generic NLP includes sentence segmenta-
tion, tokenization, temporal status detection (eg, present, history), and assertion detec-
tion (eg, negation, possible, hypothetical). The task-specific NLP includes the detection
of keywords relevant to delirium in the text using regular expressions and normalized
to specific delirium concepts. The summarization component applies heuristic rules (ie,

CAM criteria) for assigning the delirium status.

/ NLP System - MedTaggerlE Rule Engine \
Text Processing Pipeline
Sentence ASSELICH dnd Temporal
EHR . Negation :
Segmentation Extraction
\ Detector
Information Extraction
Delirium Concepts
CAM Features
Rule Engine Classification
Concept - I Delirium
Mapping l:{)[ Normalization ]E{> Classification

N Y,

*EHR: electronic health records

Figure 8.5: Architecture of the NLP

The NLP algorithms were developed in the following 3 steps: (a) prototype algorithm
development based on CAM, (b) formative algorithm development using the training
data after the acceptable performance was reached (accuracy >0.95), and (c) final algo-
rithm evaluation on the independent test set. The algorithm was applied and refined on
the training data. Incorrect cases were manually reviewed by 2 domain experts (G.S.L.
and D.K.I.) and iteratively refined until all issues were resolved.

NLP Algorithm Evaluation The manual annotation of delirium status by 2 an-
notators was assessed by Fl-score [IT11]. Fl-score (eqn (1)) is a well-established metric

in the information retrieval and machine learning community. It measures both positive
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predictive value (precision) and sensitivity (recall) of the test object. The performance
of the algorithm was assessed by using sensitivity (eqn (2)), specificity (eqn (3)), and
accuracy (eqn (4)), to assess concordance between delirium status identified using the
NLP algorithms and delirium status identified via manual chart review (gold standard).

Fl-score = 2 x (Precision x Recall)/(Precision + Recall) (1)

Sensitivity = True positive/(True positive + False negative) (2)

Specificity = True negative/(False positive + True negative) (3)

Accuracy = (True positive + True negative)/(Total positive + Total negative) (4)

NLP Algorithm Deployment To further compare the effectiveness between the
NLP algorithm and ICD-9, we applied NLP-CAM and NLP-mCAM to screen all hospi-
talized patients who visited Mayo Clinic Rochester from April 2009 to September 2015.
About 134 910 patients aged 65 years or older who were hospitalized at the Mayo Clinic
in Rochester Minnesota were identified. For the purposes of comparison, we calculated
the prevalence of positive delirium cases based on ICD-9, NLP-CAM, and NLP-mCAM.

8.5 Results Correctness

Annotation Guideline As the guideline was developed and used, some attributes
were refined to make annotations more informative. For example, subcategories such as
injury and trauma were added to the cause attribute to make the selections better fit the
data. Other attributes were dropped due to scarce mentions in the corpus. Examples of
dropped attributes include pain trend, which was intended to summarize whether pain
was increasing, decreasing, or staying the same, and referral, which would identify a
clinician referring a patient to another service.

Interannotator Agreement Among the 300 patients, 8761 clinical documents
were double-reviewed, and 7515 delirium-related concepts were annotated. The TAA
of patient-level delirium status (N = 300) between 2 annotators in Fl-score was 0.94.
Agreement between the 2 annotators at the concept level (ie, whether 2 annotators
identify the same delirium-related terms, eg, Figure box 1, mental status decline;
N = 7515) in Fl-score was 0.87. Overall, there were high agreements between the 2
annotators at both the delirium status and individual delirium concept levels.

Corpus Availability To enhance interoperability, shareability, and reusability, the
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finalized annotation corpus was converted to the BioC format, a common interchange
and extensible mark-up language format to represent, store and exchange text data [201].
Figure [8:6] presents a mock-up patient with identified CAM concepts. Here, the patient
presents all CAM features within three different documents during a single episode of
delirium. All CAM concepts were further standardized and mapped to SNOMED CT

(Systematized Nomenclature Of Medicine-Clinical Terms) Identifier.



{
"patient_1": {
"patient_id": 123123,
"delirium_status": "definitive",
"document_1": {
"document_id": 1234567,
"document_date": 20150614,
"cam_b": [
{
"concept_1": {
"name": "inattention",
"spans": "23-34",
"SCTID": "22058002"
}
L
{

"concept_2": {
"name": "inattention ",
"spans": "67-78",
"SCTID": "22058002"
}
}
1,
"cam_a": [
{
"concept_3": {
"name": "fluctuating_course",
"spans": "120-138",
"SCTID": "255341006"
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"document_2": {
"document_id": 1234568,
"document_date": 20150615,
"cam_d": [

{
"concept_4": {
"name": "altered_mental_status",
"spans": "320-341",
"SCTID": "419284004"
}
}
]

L

"document_3": {
"document_id": 1234569,
"document_date": 20150616,
"cam_c": [
{
"concept_5": {
"name": "disorganized_thinking",
“spans": "23-44",
"SCTID": "736319003"

Figure 8.6: Illustration of annotated delirium concepts exported into JavaScript Object

Notation (JSON) format.

NLP Performance The NLP-CAM algorithm demonstrated a sensitivity, speci-

ficity, and accuracy of 0.919, 1.000, and 0.967, respectively, at identifying delirium com-
pared to the gold standard (Table . The NLP-mCAM algorithm demonstrated a
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sensitivity, specificity, and accuracy of 0.827, 0.913, and 0.827, respectively, at identify-
ing definite, possible, and no delirium compared to the gold standard (Table .

Table 8.2: 2 x 2 Contingency Table of NLP-CAM

Gold Standard

Delirium No Delirium Total
NLP Delirium 57 0 57
No Delirium 5 88 93
Total 62 88 150

Sensitivity = 0.919  Specificity = 1.000  Accuracy = 0.967

Table 8.3: 3 x 3 Contingency Table of NLP-mCAM

Gold Standard

Definitive Possible No Delirium Total
Delirium Delirium
NLP  Delirium 60 4 2 66
Possible  Delir- 1 8 10 19
ium
No Delirium 3 6 56 65
Total 64 18 68 150

NLP System Awvailability To enhance system sharability and transparency, we
released and maintained the NLP system under the Open Health Natural Language
Processing (OHNLP) Consortium, which can be accessed throug}ﬂ under the code-
exchange and version control platform Git. The NLP system contains two components:
1) a generic MedTagger framework and 2) delirium algorithms, which are separated
part from the main program. This architecture design can allow the algorithms to be
easily plugged into the main program for better sharability and customizability. Addi-
tional user instructions including syntactic formats, such as text input, pre-processing
instructions, and system directories and system-level instructions and requirements were

maintained in a delirium-specific repository[ﬂ

2 https://github.com/0HNLP/MedTagger
3 https://github.com/0HNLP/AgingNLP/tree/master/delirium


https://github.com/OHNLP/MedTagger
https://github.com/OHNLP/AgingNLP/tree/master/delirium
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Downstream Application When the NLP-CAM algorithm was applied to the
clinical notes of patients who were aged 65 or older and hospitalized at the Mayo Clinic
in Rochester Minnesota between April 2009 and September 2015, 12 651 (9.4%) patients
were identified as having delirium. The NLP-mCAM algorithm yielded 20 611 (15.3%)
definite delirium cases and 10 762 (8.0%) possible cases. About 5490 (4.1%) of the
sample population were identified as having delirium through ICD-9 screening. The
results were consistent with the published literature, between 15% and 20% for patients
with age greater or equal to 65 (4,35). These results reflect the ability of the NLP-
based phenotyping algorithm to identify more likely delirium cases than conventional

code-based screening methods.

8.6 Discussion

In this study, we implemented the TRUST process to develop and evaluate two NLP
algorithms (NLP-CAM and NLP-mCAM) in the task of automatically identifying pa-
tients with delirium from clinical notes. The evaluation demonstrated that even without
a definitive diagnosis of delirium, using descriptive terminology consistent with and
meeting standard CAM criteria. The implementation of both algorithms demonstrated
high performance in classifying delirium. In addition, when applied to a large group
of randomly selected patients, the NLP algorithms were able to identify more patients
with delirium compared to structured data (ICD codes). These results suggest that
these algorithms may have high sensitivity to capture occurrences of delirium by mining
relevant keywords and concepts in clinical free text. Compared with conventional man-
ual chart review, NLP provides more systematic and scalable solutions in identifying
clinical concepts. In general, human annotators have a lower test-retest reliability score
(eg, missing true positives due to human error) and manual chart review is impracti-
cal to do on a large number of documents. NLP can solve these issues. However, the
performance of NLP algorithms is affected by the quality of EHR documentation (eg,
presence, absence, and consistency of information required for delirium) because NLP
algorithms are based on the records in EHR documents.

Error Analysis Most disagreements resulted from asymmetric annotation presence

(ie, one annotator identified something the other annotator did not). In resolving these
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disagreements, we determined that some represented under-annotation and others over-
annotation due to human interpretation bias. We learned that asymmetric presence of
annotations usually emerged due to unclear or inadequate extensional definition of the
attribute to be annotated. The typical scenario was that an annotator did not realize
that an entity should be annotated. For example, “paranoid thoughts” can be annotated
as disorganized thinking, but such qualification was not apparent unless specifically
named in the guidelines. The inconsistency could be rooted in differential interpretation
or domain literacy, which were compensated by the iteratively refined guidelines through
patching of inclusion criteria as annotators gained more experience.

We noticed that the accuracy of the algorithm was lower when classifying the delirium
based on the modified CAM criteria compared with the original CAM criteria. This may
be due to the introduction of the “possible” category. Our modified CAM changed the
task from a 2-class to a 3-class classification problem. This implementation causes a
relatively lower performance measure than NLP-CAM even though NLP-mCAM is able
to identify more number of total delirium cases (definite and possible). During the
NLP evaluation, we performed an error analysis to identify the most common causes of
errors. We found that extracting “disorganized thinking” related concepts from clinical
notes was a major challenge. The same concept can be expressed in many different ways.
For example, the same concept can be expressed through different behaviors, such as
speech, cognitive process, decision making, and patient reactions. Therefore, the NLP
algorithms needed to be both accurate and generalizable in capturing these concepts. To
address this problem, we used relaxed word distance, that is, allowing number of words
between 2 anchor words, to help fine-tune the rules in multiple iterations (36). This
process is, however, time-consuming. In the future, we will explore advanced machine
learning techniques to capture the common meaning of the various expressions to aid
the development effort.

Implications for Research The process of manually abstracting clinical concepts
for delirium ascertainment is time-consuming, costly, and non-scalable. NLP algorithms
are distinctive in their ability to extract critical information from free text in EHRs. NLP
techniques offer a sophisticated way of handling free text with high levels of accuracy,

allowing efficient mining of unstructured data for broad applications. The NLP-CAM
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algorithm was developed strictly based on the original definition of CAM with the ob-
jective of achieving a high degree of precision. Researchers may find NLP-CAM to be
helpful for identifying delirium with high confidence. However, we recognize that delir-
ium symptoms are likely to be poorly documented in the clinical notes [I98]. Thus,
strictly applying the original definition may not be sensitive enough to capture highly
likely or possible cases. We therefore modified the criteria definition to adapt to the
real-world EHR. Instead of strictly following the CAM criteria, we developed a modified
definition for definite cases and added an additional “possible” category. The modified
NLP-mCAM algorithm also had a good performance in identifying definite delirium cases
and also identified a significant number of possible cases. Depending on the research
study, investigators may wish to include only definite cases or may want to include pos-
sible cases. The NLP-CAM and NLP-mCAM algorithms therefore offer investigators
the flexibility to apply either algorithm depending on the needs of the study.

Implications for Clinical Practice The NLP algorithms also have many poten-
tial clinical applications especially when it comes to proactively identify patients at
high risk of delirium based on prior history, or flagging hospitalized patients, who per
clinical documentation are showing signs of delirium in real time. Because delirium is
underreported and not all patients have a formal assessment for delirium diagnosis, the
use of NLP algorithms on routine EHRs can facilitate the early detection of delirium.
This can be achieved by integrating the NLP algorithms into clinical workflow through
application programming interface technologies, which allows outputs from NLP to be
delivered to clinicians by mobile applications or EHR system (eg, EPIC). Such clinical
decision tools could facilitate the implementation of preventive measures to reduce the
incidence of delirium (through risk factors) and institute early intervention strategies to
avoid escalating symptoms and associated complications of delirium.

Limitations Our study has several limitations. The algorithms initially were devel-
oped after a review of clinical notes at a single institution, with the structure tailored
to a specific EHR system. Although we have successfully demonstrated the external
validity of other NLP algorithms on EHRs in another hospital setting [42], 202] (37,38),
additional work is necessary to demonstrate the portability of these algorithms to other
institutions and EHRs. The NLP algorithms do not intend to replace a formal delirium

assessment. Instead, the NLP algorithms can be used to automate manual chart review
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based on CAM criteria. The system was developed based on manual chart review from
EHRs, the success of NLP algorithms depends on the level of detail and accuracy of
the medical records. If there is no documentation of the features and concepts about
delirium (hypoactive and hyperactive), NLP cannot identify the cases. We also note
that hyperactive delirium is more likely to be documented in the medical records than
hypoactive delirium. Therefore, we expect to consistently underestimate the presence of

hypoactive delirium.

8.7 Conclusion

Guided by the TRUST process, we adopted the standardized evidence-based framework
CAM to develop and evaluate NLP algorithms to identify the occurrence of delirium from
EHRs. Our NLP algorithms demonstrated excellent performance in identifying patients
with delirium using clinical notes in an expeditious and cost-effective manner. These
algorithms represent a promising alternative to manual chart review used in EHR-based

delirium research projects and artificial intelligence-based clinical decision support.



Chapter 9

Conclusion and Future Work

9.1 Conclusion

As EHR-based research becomes increasingly integrated into clinical care, it is important
to ensure reproducible processes for NLP development. Our work proposed a TRUST
(clinical Text Retrieval and Use towards Scientific rigor and Transparent) process that
facilitates the assessment of the EHR-related latent heterogeneity and documentation of
the provenance information that captures the process of the retrieval and organization
of raw data as well as the extraction and annotation of training data. We first conceptu-
alized the common barriers to reproducibility. We then conduct a real-world pragmatics
assessment of the heterogeneity of institutional and EHR variance. Based on the case
implementation and external literature evidence, we formulate an informatics (TRUST)
process with best practice and reporting standards. Lastly, we conduct an end-to-end
real-world NLP-assisted chart review study. The main contributions of this work are
described below.

Reproducibility in Context of EHR Reproducibility is an important quality
criterion for the secondary use of electronic health records (EHRs). However, multiple
barriers to reproducibility are embedded in the heterogeneous EHR environment. Tradi-
tional methods of addressing research reproducibility are primarily focused on enhancing
reporting standards or system specifications. The barriers to reproducibility can occur

at all stages of information collection, extraction, transformation, and use. Unlike the
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deterministic use of information, such as clinical trials, the objective of information col-
lection and use for the secondary use of EHR data can be ad-hoc. To address that, we
first conceptualized the problem and scope of reproducibility in the context of EHRs.
We purpose to study EHRs from the perspective of a dynamic process instead of a static
view. We thus introduced and defined the TRUST process to capture the nature of in-
formation exchange in EHR settings. The second challenge in the secondary use of EHR
data is the heterogeneous nature of the problem. This includes various quality issues of
data, implementation, documentation, and reporting. We tackle this by conceptualizing
a multi-actor interaction model to capture the dynamic multi-level interactions occurring
during information use (e.g., inter-personal, inter-system, and cross-institutional). The
multi-actor interaction model combined with the TRUST process defines the scope of re-
producibility measurements with the following two metrics: 1) feasibility of completing
the original steps (i.e., implementation feasibility) and 2) variability of outcome (i.e.,
clinical outcome variability). We believe the proposed representation offers a holistic
view of multi-level interactions in the information quality life cycle. This view can be
used as a conceptual framework when considering reproducibility in the context of the
secondary use of EHRs.

Heterogeneity assessment To better understand and mitigate study outcome vari-
ability caused by various heterogeneous factors, we proposed and applied a standardized
set of informatics (qualitative and quantitative) methods to examine the heterogeneity of
EHR systems, institutions, people, and processes. The first set of methods were focused
on data quality, which includes data completeness, data variability, data timeliness,
data validity, and data reliability. Specifically, our approach of assessing data quality is
context-dependent and fitness for use. The second set of methods were focused on con-
textual variability. We studied four potential macro factors: EHR system, institution,
people behavior, and process. To link these heterogeneous factors and issues of infor-
mation quality, we adopted four unique dimensions of information quality: Intrinsic 1Q),
Accessibility 1Q, Representational 1Q, and Contextual IQ. Based on the IQ assessment
and case study implementation, we discovered various barriers to reproducibility, such as
inconsistent information documentation patterns across settings, information loss during

ETL processes, and variable levels of information re- source accessibility.
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Best practices and reporting standard Besides outcome variability, another im-
portant criterion of reproducibility is implementation feasibility. To address the current
issue of lack of standard processes and best practices for conducting EHR-based studies,
we followed a multi-phase process to produce and validate internal and external stan-
dards and evidence for developing best practices. Evidence was based on large-scale
literature reviews and several real-world case studies based on multiple institutions.
The proposed best practices cover an end-to-end TRUST process from the perspective
of implementation quality, people-driven decision interpretation and making, documen-
tation (data catalog and provenance), and project management. To address these is-
sues of little-to-no informatics-related standards in existing clinical research ontologies
and reporting standards, we develop novel NLP-assisted literature mining techniques to
discover the reporting patterns and data abstraction methodologies for EHR-based clin-
ical research. Our investigation discovered an upward trend of reporting EHR-related
research methodologies, good practice, and the use of informatics-related methods. De-
spite that, the overall ratio of reporting/adoption of methodologic standards was still
low. There was also a high variation regarding clinical research reporting. This inves-

tigation also produced a new set of reporting standards for EHR-based Chart Review

Research (Table

9.2 Limitations

This work has several limitations. First, our study aims to propose a standard set of in-
formatics methods for leveraging EHRs for clinical research. The generalizability of these
methods is limited by the scope of the case studies (e.g., number of institutions involved)
as well as existing evidence from the literature. The unstructured EHRs although serve
as valuable sources for research, there are inherent limitations in the nature of the data
source. For example, the missing documentation was discovered when detecting SBIls
cases from neuroimages compared with neuroimaging reports. Thirdly, although NLP
is a powerful solution for high throughput clinical concept extraction, it is still very
expensive to develop high-quality NLP solutions. Re-using existing NLP systems may
also suffer portability issues. More cost-effective and ’ecologically efficient’ strategies are

needed for future clinical NLP research.



111
9.3 Future Work

Building on top of this work, we have identified the following potential future directions
to continuously ensure the validity, reliability, and reproducibility of research findings

Living evidence synthesis A novel approach to further enhance and expand upon
our existing methods of generating best practices is to incorporate a living interactive
evidence synthesis framework to present 'live’ evidence of current practice and reporting
standards of EHR-based chart review research. The framework will incorporate natural
language processing techniques, ontology, common data elements, and human-in-the-
loop concepts to achieve systematic extracting and real-time management of reproducible
best practices for the secondary use of EHRs.

Community engagement and knowledge dissemination The dissemination
of the proposed framework and best practices is crucial to achieving community-level
awareness and good practices in the secondary use of EHRs for clinical research. We
thus plan to seek potential collaboration with leverage existing multi-center consortiums
such as All of Us, OHNLP, N3C, CD2H for promoting the development and adoption of
best practices for trusted science advancement and discovery in the informatics commu-
nity. With the support from these collaboration centers, we can prospectively implement
our framework into EHR-based observational studies to compare the effectiveness. The
newly generated evidence will be further synthesized for developing a new set of guide-
lines.

Tooling Existing best practices can be integrated into tools to enhance the standard-
ization and provenance of ETL processes. The ultimate comparability and consistency
of clinical data sets derived from heterogeneous clinical data sources can be enhanced
by the adoption of existing and emerging standards such as standard formats, common
data elements, ontology, and controlled vocabularies. The traceability, validity, and re-
producibility of clinical data sets can be enhanced by the detailed documentation and
logging of the ETL process. Built upon our ongoing informatics effort to support data
management and digital curation, we will develop a suite of digital curation methods

and tools focusing on the standardization and provenance of ETL processes.
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