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ABSTRACT
Introduction: Routinely collected electronic health data (RCEHD), which are generated during
the process of managing and monitoring the health care system, can be comprised of structured,
semi-structured, or unstructured information. Electronic medical records (EMRs), one type of
RCEHD, often contain unstructured text data (UTD), which are typically prepared for analysis
(i.e., preprocessed) and analyzed using natural language processing (NLP) techniques. At
present, there are few studies about the specific types of NLP methods used to preprocess UTD
to address data quality issues prior to analysis or modelling, or information about the impact of
preprocessing on EMR data quality.
Purpose & Objectives: The purpose was to examine preprocessing methods for UTD and
evaluate the quality of UTD in EMRs. The objectives were to: 1) systematically document
current research and practices for preprocessing UTD to describe or improve its quality, and 2)
apply data quality indicators identified from current research and practices to UTD in EMRs
from the Manitoba Primary Care Research Network and describe the quality of these data.
Methods: Objective 1 involved a scoping review. Scopus, Web of Science, ProQuest, and
EBSCOhost were searched for literature on current research and practices to prepare UTD for
analysis, up to and including 2021. For objective 2, a case study was undertaken where data
quality indicators and preprocessing methods identified in the scoping review were applied to
UTD from EMRs. Notes were first converted into a data frame, then an exploratory analysis of
the EMR notes using preprocessing methods was conducted. Analyses were stratified by clinic
site and year of note creation. The words or characters affected by the preprocessing methods
were also described.
Results: A total of 41 articles were included in the scoping review for objective 1; over 50%
were published between 2016 and 2021 and over 90% were empirical research articles. Almost
one-fifth of the articles were published in health sciences journals. Common preprocessing
methods used to restructure and reorganize UTD included removal of stop words, punctuation,
and numbers, word tokenization, and parts of speech tagging. Data quality indicator topics for
UTD in EMRs included misspelled words, security, word variability, sources of noise, quality of
annotations, ambiguous abbreviations, and manual annotations. For objective 2, we selected
193,206 clinical encounter notes from EMRs for 6891 patients between 1985 and 2020 in 12

clinic sites. Descriptive statistics, including means, standard deviations (SDs), frequencies, and



percentages, were used to characterize data quality. Overall, the clinical encounter notes
contained an average (standard deviation [SD]) of 27.3 (27.0) stop words, 25.7 (27.8)
punctuation symbols, 12.1 (11.1) spelling errors, and 2.9 (2.6) special characters. The average
(SD) length of a clinical encounter note was 555.8 (551.1) characters, and 71.5 (59.7) words.
Lexical diversity, a measure of the range of vocabulary used, had a mean (SD) of 86.2 (11.9).
There was little variation in these characteristics of UTD in EMRs over time, but substantial
variability across clinic sites.

Conclusion: This study identified multiple data quality indicators that have been used to
preprocess UTD in published literature and demonstrated their application to real-world data.
Future research in four areas would be beneficial: 1) creation of operational definitions for data
quality dimensions specific to text data properties, 2) inspection of other text data quality
indicator topics, 3) exploration of quality indicators for short text documents, and 4) mapping

operational definitions for text data quality dimensions to data quality indicators for RCEHD.
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Chapter 1 - Introduction
1.1 Background

Routinely-collected electronic health data (RCEHD) are data generated during the
process of managing and monitoring the healthcare system(1,2). While RCEHD were never
intended to be used for research, they are now widely used for studies about health and
healthcare use. There are many benefits associated with using RCEHD for research, including: 1)
Population reach — RCEHD often cover entire populations and therefore can be used to study
rare outcomes and population sub-groups; 2) Longitudinal information — RCEHD are often
collected over long periods of time, and therefore enable long-term follow-up; 3) Reduced biases
— attrition and non-response bias are reduced when using RCEHD for research; 4) Reduced cost
— RCEHD are not as costly to collect as primary data; 5) Real world setting — RCEHD present
opportunity for studies about real-world changes in healthcare policy or practice(3).

RCEHD can be comprised of structured, semi-structured, and unstructured data.
However, most research studies that use RCEHD have primarily relied on structured data.
Diagnosis and medication codes, which are examples of structured data, are typically stored in
relational databases and are identifiable by humans or machines(4,5) because the data are
comprised of standardized fields or parameters. For example, an electronic medical record
(EMR), which is used to record the information gathered during a patient's visit to a physician or
other healthcare provider, can contain diagnosis codes, dates of patient visits, and prescription
medication codes. Semi-structured data typically follow some standard conventions for their
creation and may contain some identifiable medical terms or codes that can facilitate human or
machine readability(6-8). In contrast, unstructured data do not have an identifiable format or
structure(5). A lot of unstructured data is in text format, but may also have other formats, such as
images, voice recordings, and video data.

Unstructured text data (UTD) are particularly common in EMRs, one type of RCEHD. It
is estimated that nearly 80% of the information contained in EMRs is unstructured(9). EMRs,
which are routinely generated as part of the patient care process in both outpatient and inpatient
settings, are increasingly being used for research because they can provide important clinical
context about the patient’s health and healthcare use(4). This includes information about
behavioral risk factors such as smoking and alcohol use, clinical measures such as blood

pressure, and personal and family health histories of chronic diseases or health conditions.



The quality of data has been defined as their fitness for use(10-12), which means that
data meets the needs of the user for a specific task or purpose, such as identifying individuals
with a specific chronic disease. More specifically, data quality has been defined as “the totality
of features and characteristics of a data set, that bear on its ability to satisfy the needs that result
from the intended use of the data,”(13). Given that RCEHD are increasingly being used for
research, it is important to consider the fitness of the data for research projects, including
epidemiologic studies or health services utilization studies. However, data is also often assessed
without having a specific purpose in mind; it may be described with respect to a broad range of
purposes, such as conducting population health studies. Thus, questions such as “How complete
and how consistent are the data?” or “How precise is the information?”” may be addressed in
order to provide a general perspective about the quality of the data.

There are a number of consequences of poor data quality. For example, Kiefer notes that
poor data quality can “slow down innovation processes”(14). Poor data quality may also increase
the time required to prepare a dataset for use, which can impact the timeliness of research
outputs. The potential for inaccurate research results is often of paramount importance when data
are of poor quality (i.e., are inaccurate or incomplete) (15).

Data quality is a multidimensional construct, which means that there is no single
summary measure of quality that exists. Quality includes such data attributes (i.e., dimensions)
as relevance, consistency, accuracy, comparability, timeliness, accessibility and
usability(11,12,15,16). Frameworks that depict these various dimensions of data quality have
been developed by organizations that create or use electronic data. For example, data quality
frameworks have been developed by national organizations, such as Statistics Canada and the
Canadian Institute for Health Information (CIHI), and the Public Health Agency of Canada
(PHAC), as well as provincial/territorial data centres, such as the Manitoba Centre for Health
Policy (MCHP), Ontario’s ICES, and Population Data BC. Many of these frameworks also
capture indicators (i.e., measures) of the dimensions of data quality. Examples of indicators
include the percent of missing values, the percent of invalid values, and the availability of data
documentation. The MCHP and ICES frameworks also make a distinction between data quality
for a specific use (i.e., research project) and general measures of data quality that can be assessed
when data are first acquired into the organization, to provide an overall picture of their accuracy,

completeness, and comprehensiveness.



Most data quality frameworks have been developed with structured data in mind. For
example, an indicator such as the percent of missing values is not relevant for UTD. However,
Kiefer (14) has argued that most, if not all, data quality dimensions developed for structured data
are also relevant for UTD, although she emphasized the importance of relevance, interpretability,
and accuracy when assessing UTD fitness for use. Kiefer suggested that indicators of these
dimensions of UTD quality could be developed by comparing UTD to “three classes of ideal
data sets”, which are: (a) the data expected by the data consumer, to define interpretability, (b)
the data optimal for a specific task, to define relevance, and (c) the data that represent the real
world, to define accuracy. While Kiefer provides an important overview of the issue of quality
for UTD, she and others have noted that there has been little research about data quality
dimensions and indicators of these dimensions for UTD.

The usability of UTD for research generally requires the application of natural language
processing (NLP) techniques. NLP is a form of artificial intelligence used to understand and
interpret natural language and, in some applications, to generate natural language (i.e., to
generate text from speech). NLP techniques to understand and interpret UTD include topic
modeling, sentiment analysis, aspect mining (e.g., identifying different parts of speech), text
summarization, and named entity recognition (NER) (e.g., identifying people, places, and other
entities in unstructured data). Topic modelling is a method for determining the content of a
document by clustering words(17,18) (e.g., determining the topics from abstracts of published
articles(19)). Sentiment analysis is used to determine the emotional context of a document or a
group of documents (e.g., determining negative or positive reviews of a product sold online)(20).

To prepare UTD for one or more of these NLP techniques, preprocessing of the data is an
essential step. One definition of preprocessing data is the set of operations taken on a data set
before modelling and analysis(21). Furthermore, the role of preprocessing is focused on
processes that make the data more meaningful for analysis, and solving any data issues that
would prevent analysis to extract any meaningful knowledge(21). Simply put, preprocessing is
essential to create data that are fit for use. Preprocessing of UTD includes such actions as
removing stop words (i.e., common words in a language), removing punctuation, tagging (i.e.,
identifying or labelling) parts of speech, and transforming abbreviations into words or phrases so
that they can be easily interpreted. Accordingly, some researchers have suggested that indicators

that measure the outputs of data preprocessing steps, such as the number or percent of



abbreviations and the number or percent of spelling errors, could be used to characterize UTD
quality. Some types of NLP, such as NER, involve training classification models to learn to
identify data entities, such as parts of speech, diseases, or geographic locations(22). This requires
the use of annotated databases as a “gold standard” (i.e., reference standard), which have been
tagged (e.g., parts of speech have been documented or labelled) using manual or automated
methods(22). The quality of these annotated databases and the accuracy of classification models
based on NLP applications involving annotated databases have also been proposed as indicators
of UTD quality. Additionally, several unsupervised (or supervised) methods, which are used for
internal (or external) validation have been used for preprocessing and may be used to develop
indicators for data quality. For example in a study by Zennaki et al, a recurrent neural network
was used for unsupervised and semi-supervised parts of speech tagging in languages for which
there are no labeled training data(23).

In summary, there are potentially many indicators that could be used to assess UTD
quality. However, there is little relevant literature and few, if any, guidelines on the data quality
indicators that might be recommended for inclusion in data quality frameworks for UTD, or that
might be used to guide data preprocessing in studies that apply NLP methods to UTD. In
addition, there have been few studies that have investigated the impact of UTD quality
assessment on the performance of text analyses using NLP. In one example, Alnajran et al. (24),
compared a heuristic (i.e., problem-based) NLP UTD preprocessing method to a conventional
method of UTD preprocessing, to assess the impact of preprocessing on the performance of
similarity measures for short texts from Twitter. The authors hypothesized that a methodical and
systematic approach to data preprocessing could lead to improvements in the measurement of
similarity between texts and reduce error rates; they found some evidence to support their
hypothesis. Overall, they recommended a comprehensive and systematic approach to
preprocessing of UTD in order to improve its quality for research.

1.2 Purpose and objectives

Given this background, the purpose of this research was to examine preprocessing
methods for UTD and evaluate the quality of UTD in RCEHD with a focus on EMRs. The
objectives were to:

1) Systematically document current research and practices to preprocess UTD to

describe or improve its quality, and



2) Apply and describe data quality indicators identified from current research and
practices to UTD in EMRs.

1.3 Thesis organization

The thesis is organized as follows: Chapter 2 provides a review of relevant literature
about methods to assess the quality of in EMRs and other RCEHDs, UTD quality indicators, and
NLP techniques to preprocess UTD. Chapter 3 describes the methods used to conduct a
systematic review about preprocessing of UTD and conduct a case study about preprocessing for
UTD in EMRSs. Chapter 4 presents the results of the scoping review and the case study. The final
chapter of this thesis explores the key findings and their interpretation, the research strengths and

limitations, and the significance of the research.



Chapter 2 - Literature Review

This chapter provides an overview of methods and approaches to assess the quality of
EMRs and other RCEHDs, UTD quality indicators and characteristics of UTD for consideration
when describing data quality, NLP techniques to assess data quality. The chapter concludes with
a summary of the literature review that identifies gaps in existing research about UTD quality
and the expected contributions of the proposed research.

2.1 Methods to measure the quality of EMRs and other RCEHD

This section provides an overview of the history of data quality frameworks, the
dimensions of data quality in RCEHD, and methods for measuring data quality.
2.1.1 History of data quality dimensions and indicators in frameworks

Data quality indicators identified in frameworks were initially based on ISO9000
standards, where products and services were associated with quality standards for processes and
production. These frameworks originally included 1) management responsibilities, 2) operation
and assurance costs, 3) research and development, 4) production, 5) distribution, 6) personnel
management, and 7) legal functions(25). However, the extension of ISO9000 standards to data
quality research proved to be difficult; these standards were not intuitive for characterizing data
quality for research and operationalizing the indicators(25).

2.1.2 Dimensions of data quality in RCEHD

Kerr proposed a comprehensive approach to develop a data quality strategy and
framework for the New Zealand Ministry of Health’s RCEHD. This approach included: 1)
defining dimensions of data quality, 2) establishing a balance between scientific rigour for
researchers and ease of understanding for data users, 3) ensuring standardization but with
sufficient flexibility that a framework can be applied to different types of data, 4) transparency,
and 5) assessment tools for data quality (26). The combination of government policy needing
high quality RCEHD along with a rapid increase in research using RCEHD highlighted a need
for a data quality framework for use with health data(10,27,28).

Dimensions of quality that have been used to characterize structured data in RCEHD,
include accessibility, usability, security and confidentiality, accuracy, timeliness, completeness,
consistency, integrity, provenance, internal and external validity, interpretability, value, and
relevance(11,12,15,16,29). A literature review(30) about the properties that are relevant to

measuring data quality in EMRs revealed a large diversity in dimensions and indicators. The



main dimensions of data quality that were identified in the literature review included accuracy,
completeness, comparability, and validity. Timeliness of data in EMRs was not assessed as often
as the other data quality features(30). This is a concern because timeliness depends on if the data
are up to date to conduct the task at hand(15,31). The article concluded that there is a lack of
standardized methods to measure data quality in EMRs. Since the range of measurement
methods is diverse, this makes it difficult for methodological comparisons across EMR data
sources or frameworks(28).

Weiskopf and Weng (32) conducted a review of published, peer-reviewed articles to
examine methods for data quality assessment and dimensions of data quality in electronic health
records (EHRs). Key terms used to define the literature search strategy included terms for data
quality and its synonyms (e.g., data accuracy, data reliability), as well as terms for EHR and its
synonyms (e.g., computerized medical record). A total of 95 articles were included in the review.
Almost three-quarters of these articles focused on structured EHR data, while the remaining one-
quarter of these articles focused on both structured and unstructured EHR. The authors identified
27 unique terms used to describe dimensions of data quality. For example, recency and
timeliness were used to describe currency, while agreement, consistency, reliability, and
variation were used to describe concordance. Five dimensions of data quality were extracted
from the articles: completeness, correctness, concordance, plausibility, and currency(32).
Information about methods of data quality assessment were also extracted from the articles and
summarized into seven categories: 1) Gold standard - where an external dataset with or without
information from the EHR was used as a comparison standard. 2) Data element agreement —
where two or more EHR data points are compared to determine their consistency. 3) Element
presence — a decision is made whether or not desired or expected data points are present in the
data. 4) Data source agreement — data from EHRs is compared with data from another source to
assess agreement. 5) Distribution comparison — summary statistics for EHR data are compared to
their expected values. 6) Validity check — methods that measure the credibility of EHR data are
applied. 7) Log review — this involves an examination of the documents that contain information
about data entry practices. Weiskopf and Weng then mapped data quality dimensions to the
methods used to measure data quality. Completeness was the most frequently measured data
quality dimension; it was mentioned in 64% of the articles. Methods used to measure

completeness included utilizing a gold standard, element presence, data element agreement, data



source agreement, and distribution comparison. Correctness was measured in 60% of the articles;
methods such as utilizing a gold standard, data element agreement, validity checks, data source
agreements, and log reviews were used to measure correctness. Weiskopf and Weng noted some
gaps to be addressed in future research, including adopting a framework or taxonomy for data
quality which is consistent with previous research(28), raising awareness about the increasing
need to utilize EHRs for research, utilizing methods from other disciplines to measure data
quality, and adopting statistical methods for data quality assessment(32).

The objective of the scoping review conducted by Bian et al was to synthesize data
quality dimensions and assessment methods and to evaluate a data quality framework currently
in use — the Patient Centred Clinical Research Network’s data quality framework
(PCORnet)(33). The scoping review included previously-reviewed articles from systematic
reviews conducted by other authors (include articles from the Weiskopf and Weng review), data
quality frameworks, and relevant articles published up to February 2020(33). The aim of the
scoping review was to cross-tabulate data quality dimensions and data quality assessment
methods. The authors then focused on identifying gaps in PCORnet by mapping the data
characterisation checks from PCORnet to the scoping review extracted results. A total of three
literature reviews, 20 data quality frameworks, and 226 data quality studies were included in the
review. The authors extracted 14 data quality dimensions from the articles: 1) currency, 2)
correctness/accuracy, 3) plausibility, 4) completeness, 5) concordance, 6) comparability, 7)
conformance, 8) flexibility, 9) relevance, 10) usability/ease-of-use, 11) security, 12) information
loss and degradation, 13) consistency, and 14) understandability/interpretability(33).
Furthermore, the authors extracted three new data quality assessment methods on top of those
identified in Wieskopf and Weng’s literature review: 1) conformance checking, which includes
a) checking the uniqueness of objects that should not be duplicated, b) dataset agreement with
prespecified or additional constraints, and c) agreement of object concepts and format granularity
between two or more datasets(33). 2) Qualitative assessment — descriptive qualitative measures
with group interviews and interpreted with grounded theory(33). 3) Security analysis — analysis
of reports about security issues(33). The scoping review results were then compared to the data
quality dimensions and assessment methods found in PCORnet. Bian et al found that the data
quality assessment methods missing from the PCORnet data quality frameworks were data

element agreement, data source agreement, comparison to a gold standard, and qualitative



assessment(33). Furthermore, the data quality dimensions missing from PCORnet were
comparability, flexibility, relevance, usability/ease-of-use, consistency, and
understandability(33).

Hinds et al conducted a scoping review to describe characteristics of published Canadian
studies about the quality of administrative health data(27). Data quality dimensions were selected
from the data quality frameworks presented by MCHP, ICES, Statistics Canada, PHAC, and
CIHI. The authors found that almost 97% of articles identified in the scoping review were
validation studies. Hospital discharge abstracts and physician billing claims were the most
frequently validated data sources. Furthermore, one or more elements of administrative data were
compared to a reference standard, and more than half of the studies conducted were validating a
disease algorithm or case definition. Among the validation studies the data quality dimensions
most often addressed were reliability and correctness. Furthermore, the most common measures
of validity were sensitivity and positive predictive value. The authors also discussed several gaps
in the literature; most of the studies about data quality were conducted in a few provinces which
makes it difficult for cross-provincial comparisons. Few studies reported on the quality of EMRs.
Lastly, is the authors identified a need for more studies to examine different data quality
dimensions and noted there is no commonly used methods or reference standards to measure the
quality of administrative health data(27,28).

The scoping reviews described in this chapter reveal that knowledge synthesis
methodologies can be used to investigate data quality dimensions and the methods to measure
them (27,28,32,33). Furthermore, these reviews also provide guidance about how to use data
quality dimensions and methods for informing and building data quality frameworks(27,33). As
a result, these scoping reviews are the first step in creating a structure for capturing data quality
dimensions and common methods to measure the quality of data within RCEHD, including
EMRs.

2.1.3 Methods for measuring data quality in RCEHD

Through the application of a data quality framework to a set of data, quality can be
measured using individual indicators that correspond to one or more data quality dimensions. For
example, in the MCHP data quality framework, the dimension of accuracy is associated with
indicators of completeness and correctness. Completeness is measured using the rate (i.e.,

percent) of missing values, as well as with measures of geographic coverage. The MCHP data



quality framework involves an assessment of data quality in two phases: during data acquisition
and during the research phase. The framework provides a formalized process for evaluating
quality at the acquisition level; it is accompanied by a description of the techniques and tools
used to assess data quality. The MCHP framework contains six data quality dimensions:
accuracy, internal validity, external validity, timeliness, interpretability, and value.

ICES created the DataFit Toolkit, which is a data quality user guide similar to the MCHP
data quality framework(34). In the ICES framework, a distinction is made between quality
measured at the database level and quality measured at the research level. When new data are
acquired or existing data are refreshed, the Datafit Toolkit is applied. The data quality
dimensions in the Datafit Toolkit are accuracy, internal validity, external validity, timeliness, and
interpretability. Accuracy is assessed using indicators of completeness and correctness;
completeness is measured by the rate of missing values. The Datafit Toolkit includes the
dimension of relevance; this dimension is not included in the MCHP data quality framework.

PHAC’s data quality framework has four stages: 1) planning — data quality processes are
prepared and prioritized for a data holding, 2) implementation — data quality processes are
applied, 3) evaluation — the data holding is evaluated for its quality, and 4) feedback — feedback
from the evaluation is cyclical and used in the planning stage(11). The dimensions of quality
represented in this framework are: accuracy, timeliness, usability, serviceability and relevance.
The PHAC quality framework differs from the MCHP and ICES frameworks in the quality
dimension of serviceability. Indicators of serviceability include 1) consistency of the database
over time, 2) using standard classification systems, 3) the ability to link the data and re-identify
it, 4) using appropriate methodology according to best practices, 5) data element integrity where
data is reasonably collected at its finest detail, along with the maintaining the original data
elements, 6) data dictionary standards where a data dictionary exists, and data elements
correspond to it. PHAC lists some indicators of data quality dimensions but only do so
conceptually. For example, a criteria for accuracy is providing an operational definition for the
relevant subject matter along with explicitly documenting the population reference(11).

CIHI is a not-for-profit government funded organization that has also created a data
quality framework. Methods to measure data quality involve five phases of the information
lifecycle: 1) The creation and capture of data from research organizations, health care providers,

or institutions which are facilitated by CIHI to produce standards and support data providers. 2)
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Research organizations set up processes to prepare data though submission specifications,
standards and tools set by CIHI. 3) Data is then prepared, which means that it is verified, cleaned
and transformed for statistical analysis. 4) Processed data is then used for statistical analysis to
generate tables, reports, interactive tools and infographics. 5) Data is distributed and
disseminated by CIHI stakeholders(12). The dimensions of quality in the CIHI framework are 1)
relevance — information that caters to the needs of stakeholders. 2) accuracy and reliability —
information that correctly and consistently describes the phenomena in question. 3)
comparability and coherence —information is comparable over time and across jurisdictions using
common standards and methods. 4) timeliness and punctuality — this dimension refers to how
quickly information is made available and if information is delivered on time. 5) accessibility
and clarity — the degree to which supplemental information is easily obtainable and clearly
presented(12). No indicators are included in the CIHI data quality framework.

Statistics Canada’s data quality framework is guided by several principles: 1) quality is a
multidimensional construct; 2) quality is relative; 3) all employees are involved in assuring
quality; 4) quality involves each phase of a business process model; 5) a team approach is best to
balance the dimensions of data quality; 6) quality assurance adapts to specific programs or use
cases; 7) users of the data need to be informed about the quality dimensions to measure statistical
information that is appropriate for use; and 8) data quality is a continuous process(16). The
framework developed by Statistics Canada has six data quality dimensions: relevance, accuracy,
timeliness, accessibility, coherence, and interpretability(16). Conceptual definitions of indicators
of data quality are provided, but operational definitions are not. For example, relevance can be
measured by: 1) capturing emerging trends and changes to sociological and economical
frameworks while identifying gaps in statistical programs, 2) communicating information to data
users and stakeholders, 3) ensuring production of high-quality and timely information through
planning and priority setting, 4) supporting current statistical programs and new initiatives by
redirecting funds to such initiatives and procuring additional funding(16).

The frameworks reviewed in this chapter contain both guiding principles and methods for
evaluating the quality of data in organizations. While there is a certain structure used to develop
frameworks for data quality (e.g., the quality frameworks contain guiding principles and quality
dimensions; see Figure 1 for an example of a data quality framework), the quality dimensions are

not standardized across research and government organizations. However, a commonal aspect of
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the data quality frameworks reviewed in this section is that they are intended for data that are
structured. No framework has been proposed that represents quality for UTD.

Figure 1 - Concept and example of a data quality framework
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2.2 UTD quality indicators

Quality indicators for UTD, similar to quality indicators for structured data, can be used
to assess the fitness of the data for specific purposes, such as the application of machine-learning
algorithms or statistical models(35). However, some quality indicators are also intended to
provide a general overview of the key attributes or characteristics of UTD. While there is limited
literature on UTD quality, there are some key papers that provide an overview of UTD quality
indicators.

Indicators to characterize data quality include measures of noise(14,36). Noisy text data —
as Kiefer defines it — result in difficulties of both humans and machines to read text data due to

variability in words or sentences (i.e., words that are spelled wrong, abbreviations, special
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characters that are not alphanumeric or punctuation based or unnecessary punctuation
symbols)(14). Berndt et al discusses how sources of noise are introduced as more data become
available(35). These sources of noise include misspellings, abbreviations, and slang. Sonntag
refers to noise indicators as defining representational quality and notes that noise indicators in
UTD include misrepresentations of text that are not consistent or concise(36). Sonntag gives an
example where representation is indicated through consistency of data structures or data values,
where a reduction of redundancy in data is ranked as having high consistency. Representational
deficiencies include incorrect data values (e.g., typographical errors), spelling errors, duplicates
of documents, and homonym conflicts. Homonyms are words that have the same spelling but
different meaning; they can lead to ambiguity of words or abbreviations(36). Kiefer focused on
data quality at the text level (i.e., at the word or sentence level) while Sonntag focuses on quality
at the document level. It is important to note that UTD is often characterized as being high-
dimensional, where the number of features (variables) exceed the number of observations(37).
The reduction of noisy text - and its high dimensionality - is related to the bias-variance error
trade off. Bias refers to an error that occurs by having statistical or machine learning models
trained on too few features (i.e., an overly simplistic model that misses information, which is
known as under fitting). Variance is an error that refers to having an overly complex model
trained on too many features and is not generalizable to future data (i.e., overfitting)(38,39).
Since UTD is characterised as high-dimensional, building statistical or machine learning models
without caution could lead to having an imbalance between the bias-variance trade off where
models could have high variance and low bias. There are many ways to reduce complexity (high
variance — too many features) in UTD and reducing sources of noise is a common and needed
preprocessing step for data quality purposes.

Another quality indicator is the fit of the model in a training dataset; Kiefer describes
how well a machine reads data as input and how similar it is to the data output expected by the
end user(14). However, Berndt et al note that while text classification algorithms applied to
training data may not be susceptible to noise as the amount of text data increases, they can be
susceptible to noise if training data are comprised of short texts(35). Examples of short texts
include clinical notes and social media posts. Spasic et al, in their systematic review, synthesized
evidence about the properties of UTD used to train machine learning techniques(40). Two

examples of these properties are size and annotation of training data. Size includes the number of
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documents or words(40). Annotation occurs when text data elements are tagged with specific
indicators (e.g., a word is tagged with its part of speech or identified named entity). Regardless
of whether annotation is conducted using automatic or manual methods, it can lead to better
representation of data for predictive modeling(40). Lastly, when discussing model fit on training
data, Taleb et al notes that as data become more unstructured and heterogeneous, some data
quality dimensions can be affected(41). For example the ease of reading UTD is assessed by
transforming it into structured data, which would allow for accessible measurement and
query(41). The authors conclude that as data becomes more structured, the ability to evaluate it
and measure its quality increases(41). As a result, the amount of structure within a dataset may
serve as an indication of quality.

Specificity or relevance may also be used to describe UTD quality. Both Kiefer and
Sonntag describe specificity and relevance as having domain specific language in the context of
a specific use case(14,36). However, while Kiefer notes that while specificity is an indicator of
relevance, Sonntag considers relevance to be an indicator of contextual quality.

For the data quality dimension of relevance, Kiefer describes a quality indicator of
frequent key words, where certain words appear more than others depending on the discipline,
industry or trade(14). For example, a weather report is meant to have short and incomplete
sentences, whereas a pilot’s manual contains strictly-defined and specific vocabulary(36).

There is a lack of consistency in definitions of accuracy for UTD, although several
authors note that an improvement in accuracy is a desirable outcome(14,36,42). Kiefer describes
accuracy from an operational perspective, such as the percentage of correct decisions from a
classification algorithm(14). Sonntag takes a more contextual perspective, where data that are
error-free and precise are considered to be of high quality(36). Assale et al discuss accuracy from
the perspective of applying preprocessing steps so that clinical UTD will be more reliable and
accurate. Preprocessing steps can include reduction of noise (i.e., variability), reduction of
heterogeneity (e.g., abbreviation and word ambiguation) and redundancy, reduction of the
amount of data through dimension reduction methods (e.g., unsupervised methods), conversion
of data into a form that is suitable for analysis, and privacy and anonymity processing(42).
However, there is a lack of studies that demonstrate the impact of preprocessing methods on the

outcomes of text mining, especially in short text scenarios such as clinical notes in EMRs(43).
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There is no single agreed upon method for measuring UTD quality, although there are
some similarities in the indicators described in existing literature, such as indicators of accuracy.
However, the methods proposed to measure these aspects of data quality are heterogeneous. The
costs of having highly heterogeneous methods of measuring indicators are that they may not be
comparable across different datasets, while the benefits can be that data quality indicators can be
highly specific to a particular context.

2.3 NLP techniques to measure UTD quality

UTD contain characteristics that are unique to data analysis when compared to structured
data. These characteristics include properties such as abbreviations, word length, character length
or spelling errors. Therefore, the quality of UTD can be measured using text specific analyses,
namely, NLP techniques(44). Two approaches to solving NLP-based problems are rule-based
methods and machine/statistical learning methods.

Rule-based NLP methods are pattern matching methods that involve setting rules; these
rules can be used for several purposes, such as operationalizing indicators of noisy text data. A
rule-based method such as regular expressions is used to describe patterns in string data(45) and
to capture special characters, URLs, mail (or email) addresses, emoticons, abbreviations, or
pause-filled words. According to Kiefer, noise can be measured using certain indicators captured
by regular expressions, such as: percentage of sentences that cannot be parsed (i.e., breaking
down a sentence in its component parts), unknown words, punctuation, long and short sentences,
incorrect use of upper or lowercase, special characters, URLSs, mail or email addresses,
emoticons, abbreviations, pause-filling words (e.g., “uhh” or “umm”), rare words (i.e., words
that that have a low frequency of occurrence), and spelling errors (14). Kiefer also uses lexical
diversity, which is defined as how ‘rich’ a vocabulary in a text is, or the ‘range’ of vocabulary
used(44,46). Kiefer calculated lexical diversity using the type-token ratio where the number of
different words (the ‘type’) is divided by all the words in the text (i.e., tokens)(44,47).

Other rule-based methods include sentence parsing, synonym extraction, the original
Levenshtein distance metric and the evolved Damerau-Levenshtein distance metric. Sentence
parsing is splitting out words in a sentence to either its conceptual parts or different parts of
speech or grammar development using rules and patterns (i.e., what words are nouns or
verbs)(48-50). Synonym extraction is the process of automatically determining one or two or

more words that have the same meaning, and therefore are semantically related(51). Rule-based
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methods can achieve this through building a dictionary corpus containing synonyms of
words(51). Lastly, the original Levenshtein distance is a rule-based metric from information
theory that is used to determine the “closeness” of two strings (i.e., similar concept to
correlation)(42). Levenshtein distance was used to calculate the number of edits required to
change one word to match a second word(42) (e.g., a “distance of one” requires one edit on the
first word to match the second word). The Damerau-Levenshtein distance metric is an evolved
distance metric that also takes into account inverted letters in a word which are common in
spelling errors (e.g., words that contain “ie” are commonly reversed as “ei”)(42).

Machine/statistical learning uses probabilistic or classification modelling to describe the
structure of data or perform predictions based from inputs of a dataset(52). Machine/statistical
learning algorithms are classified as supervised or unsupervised(52). Sonntag presented Word
Sense Disambiguation (WSD) as an NLP method to identify and resolve homonym conflicts
within text; this task determines which sense of the word belongs in a certain context(53). Latent
Semantic Indexing — an unsupervised NLP method — is the computational framework for
WSD(36). Other machine/statistical learning methods can be applied to assist in annotations (i.e.,
tagging words or documents) or testing for the quality of annotations(54-56). For example,
supervised learning algorithms can automate parts of speech tagging (e.g., tagging a word as
either a noun or a pronoun or a verb), or tagging named entities (i.e., words identified as persons,
places, or addresses) by either training data on manual annotations, or using an external
dictionary(54-56).
2.3.1 Other techniques for measuring UTD quality

Frequencies and percentages can also be useful to describe UTD quality. Rare words are
identified by counting all the words less than some threshold in the corpus through NLP
measures such as tokenization or regular expressions(14). For example, if the frequency of a
word is less than the average frequency of all words, it is considered rare. Kiefer further
explained that rare words are also found by counting words that are not found in either a standard
dictionary or a generated dictionary(14).

Measures of linguistic quality using NLP techniques have also been proposed, including
readability, comprehension, sentence cohesion, and reader coherence(57-59). The readability
measures have been used on health care data and their accuracy has been validated(58). Sentence

cohesion and reader coherence were measured as well. However, beyond Batini et al’s work, the
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only measures that are available to measure local and global sentence cohesion are the Tool for
the Automatic Analysis of text COhesion (TAACO), which is used to measure how well a text is
understood(60), and the Coh-Metrix — the analysis of text cohesion, which, — similar to the
TAACO, measures how well a text is understood and its readability(61,62). Unfortunately, the
cohesion measures come in standalone applications, with no current integration into
programming languages such as R (statistical computing and graphics environment) or Python
(general purpose, object oriented, and high-level programming environment).
2.4 Summary

This chapter provided a review of current literature about data quality indicators for
UTD, the methods to measure data quality in RCEHD and EMRs, and NLP methods to measure
UTD quality. Overall, there is some literature that discusses indicators of UTD, such as measures
that characterize noisy data, fit of a NLP model to training data, specificity, relevance (context),
and accuracy. Methods to measure the quality of data were mostly portrayed from the
perspective of data quality frameworks. The frameworks proposed by five organizations, which
represent both research and government perspectives, were reviewed. Common features of these
frameworks include the use of data quality dimensions as a guide to measure data quality, and
the specification of indicators to measure the data quality dimensions. However, these
frameworks were created for the purpose of measuring or characterizing the quality of structured
data, not unstructured data. Lastly, NLP methods for measuring text quality were reviewed; this
section highlighted techniques and ways to measure data quality dimensions through indicators,
such as measures of noisy text data. Other aspects of data quality measurement are unique to text
data, such as readability or lexical diversity.
2.5 Gaps in existing literature and novel contributions of the proposed research

Gaps exist within research about techniques to measure the quality of UTD. No data
quality framework has been created to guide the analysis of UTD, especially for text data found
in RCEHD. Furthermore, while data quality frameworks exist, there is no formalized structure to
capture and measure the indicators of data quality that is standardized among different
organizations. Since existing data quality frameworks are primarily defined for structured data, it
is difficult to formalize a structured quality framework for UTD. One persistent challenge is the

lack of formal or consistent processes to report on methods for data quality assessment(28,63).
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Chapter 3 - Methods

To achieve objective 1, a scoping review of published research literature about practices
and methods to prepare UTD for analysis was conducted. To address objective 2, a case study
was undertaken in which preprocessing methods were applied to UTD from clinical encounter
notes in EMRs. Data quality indicators and their methods were generated in the analysis.

Ethics approval for the case study was provided by the University of Manitoba Health
Research Ethics Board (HREB). Data access approval was given by the Manitoba Primary Care
Research Network (MaPCReN) Director.

3.1 Scoping review

The purpose of a scoping review is to map (i.e., describe) the literature on a new topic or
research area and identify key concepts, gaps in the research area, and types and sources of
evidence to inform future research (64). Key steps include defining the search strategy and study
inclusion and exclusion criteria, screening and extracting data from eligible articles, and
synthesizing/summarizing the extracted information(65).

The scoping review framework developed by Arksey and O’Malley was used(64). The
steps in this framework are: 1) define the research question, 2) identify relevant studies, 3) select
studies, 4) chart the data, and 5) collate, summarize, and report results(64).

3.1.1 Search strategy

The scoping review was conducted using the approach outlined in the Cochrane
Handbook for Systematic Reviewers and reported according to the Preferred Reporting Items for
Systematic Reviews and Meta-Analysis (PRISMA\) criteria(66). Specifically, methods to define
inclusion and exclusion criteria, develop the data extraction methods, and create the PRISMA
flowchart were adopted. A librarian was consulted to assist with the development of the search
strategy, search terms, citation indices to review, and inclusion and exclusion criteria.

The search strategy included the concepts of 1) data quality, 2) NLP, and 3) data
preprocessing. These concepts were chosen because: 1) preliminary searches on literature
demonstrated little outcomes on specific topics such as a) data quality indicators for text and b)
measuring the effects of preprocessing methods on the outcomes of NLP methods. 2)
preprocessing methods are inherently linked to data quality indicators because preprocessing

methods are used to prepare UTD for analysis. The individual search terms used were:
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- NLP: “patural language*”, NLP, “text mining”, “computational linguistics”, “text
analy*”, “free text”

- Data Preprocessing: “pre process*”, “preproces*”, “Text processing”, “Preprocessing
phase”, “Text preprocessing”, “Data processing methods”, “Pre-processing step”,
“Pre-processing method”, “Preprocessing techniques”, “Preprocessing phase”

- Data Quality: “data qual*”, “data accur*”, “quality control”, “usability”, “timeliness”

Conditional statements were used to combine the search terms (e.g., "natural language*"
OR NLP OR "text mining" OR "computational linguistics" OR "text analy*" OR "free text").
The search strategy process with the associated search terms is outlined in Figure 2. Ford et al’s
systematic review on extracting text from EMRs to improve case detection informed the search
terms used for NLP(63). Hinds et al’s review informed the search terms used for data
quality(27). Lastly, the preprocessing terms used in the search strategy were acquired from
keyword tags or words related to “preprocessing” in abstracts from associated literature, then a
librarian assisted in identifying different synonyms(43,67,68).

The review included empirical research articles and review articles and was conducted
over two time periods. An initial search was executed with an unrestricted minimum date
criterion, with an end date of April 15 2020. An updated search was conducted that had an end
date of May 15 2021. The databases searched were Scopus, Web of Science, EBSCOhost and
ProQuest. Furthermore, we searched the reference sections of the selected articles to identify
additional articles.

3.1.2 Inclusion and exclusion criteria
An article was selected for inclusion if it met one or both of the following criteria:

1) It described research about preprocessing methods for UTD, or it described UTD
quality measures or methods, or it was a review article that discussed preprocessing
methods for UTD. Examples of preprocessing methods include stop word removal,
word stemming, lemmatization, removal of punctuation, text segmentation, lowercase
conversion, correction of spelling errors, expansion of abbreviations, expansion of
contractions, and word normalization. UTD quality methods include NLP methods

and text mining methods, or
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2) It was about methods or processes to create a gold standard (or reference) dataset to
validate UTD. Examples include text annotation, part of speech tagging, and word
sense disambiguation.

An article was excluded if it met one or more of the following criteria:
1) It was about methods for sentiment analysis, ontologies, semantic models, geo-spatial
analysis, or qualitative research (e.g., methods to analyze interview or focus group
data), or
2) It was about methods to construct lexicon databases, dictionaries, or language
databases, or
3) It was about the creation of software programs or proprietary solutions for text
analysis. Examples include software programs for cleaning or preprocessing UTD,
conducting analyses of UTD, and implementing supervised or unsupervised machine
learning methods.
4) 1t was not printed in the English language.
5) It was not a scholarly article from the ProQuest database only.
3.1.3 Title and abstract screening and full text screening

Title and abstract screening were conducted for all articles identified through the
implementation of the search strategy, after duplicates were removed. Initial training was
undertaken for the title and abstract screening. The initial training was completed by the author
and supervisor on a 10% sample of all articles identified from the application of the initial search
strategy (n = 1082), to ensure consistency when applying the inclusion and exclusion criteria.
Another subset of training was completed by the author and supervisor on another 10% of the
articles selected for title and abstract screening; this was used to calculate percent agree. Percent
agreement was calculated by counting all articles the author and supervisor agreed upon and
dividing by the total number of articles reviewed then multiplying by 100. A 95% confidence
interval (CI) based on the binomial distribution was subsequently calculated for percent
agreement. Rayyan, a web application for systematic and scoping reviews, was used to manage
and organize articles through the process of title and abstract screening(69). The minimum
acceptable agreement for the title and abstract screening process was 80%. Differences of

opinion on the title and abstract screening were resolved by consensus. Full text screening of all
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articles selected after title and abstract screening was conducted next, to identify the articles to
retain in the scoping review.
3.1.4 Data extraction and analysis

Articles that met the inclusion criteria proceeded to data extraction. The data extraction
form was created using Google Forms (see Appendix A). The following types of information
were extracted from each article: 1) characteristics of the article, 2) characteristics of the data, 3)
characteristics of preprocessing methods to restructure or reorganize the UTD, 4) characteristics
of supervised and unsupervised techniques to validate UTD, 5) characteristics of software used
for UTD processing. The systematic review conducted by Hinds et al(27) was used to inform the
types of information extracted from the articles, such as the characteristics of articles and
validation methods. The reviews conducted by Spasic et al and Kiefer provided guidance on the
characteristics of text data and the preprocessing methods that were included in the data
extraction form(14,40,44). Lastly, an inspection of the topics for data quality indicators for UTD
were explored. Articles that used EMR data were focused on. The indicator topic, methods used
to define the indicator, strengths and limitations of the indicator, and the use case were described.

Data extraction training was completed by the author and advisor on a 10% sample of the
articles selected for full data extraction. A data dictionary was created to ensure the consistency
of the data extraction methods; it is included in Appendix B. Percent agreement was used to
calculate the overall agreement between the reviewers. A 95% CI based on the binomial
distribution was calculated for percent agreement. The number of variables on which there was
agreement was divided by the total number of variables and multiplied by 100. Variables with
open-ended responses were excluded from the calculation of percent agreement; any differences
in agreement were settled with a consensus process. The minimum acceptable agreement was
80% for the entire set of extracted elements. Elements for which there was a lack of agreement
went through a process of consensus to discuss the rationale for decision making. Data from
Google Forms were exported to a *.csv format and were described using frequencies and
percentages. R software was used to analyze the scoping review data.
3.2 Case study of preprocessing methods applied to clinical notes in EMR data

The purpose of the case study was to apply and describe indicators for measuring the
preprocessing methods that were identified from the scoping review and previous research to

UTD from clinical encounter notes in EMRs. Previous research has informed that applying
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preprocessing methods address quality issues (due to reducing dimensionality of UTD(37,39))
before applying text-based modelling. These preprocessing methods were found in previous
literature (e.g., removal of stop words, removal of punctuation) and were also informed by the
scoping review. Therefore, by measuring preprocessing methods, this can act as several
indicators that inform us of the extent of variability of both words and the clinical note itself
within UTD in EMRs.

The preprocessing methods that were applied in the case study included checking for stop
words, punctuation symbols, special characters, spelling errors, and counting character (string)
length, and word length(14,35). Lexical diversity was also measured(44). The steps in the case
study were: (a) convert the clinical encounter notes into a data frame, (b) conduct an exploratory
data analysis (EDA), and (c) apply preprocessing methods to the clinical encounter notes.

3.2.1 Data source

Data for objective 2 were clinical encounter notes found in EMRs from MaPCReN,
which is part of the Canadian Primary Care Sentinel Surveillance Network (CPCSSN). CPCSSN
is a pan-Canadian multi-disease surveillance network where patient information is collected from
participating primary care clinic EMR systems(70,71). The goals of CPCSSN are to utilize EMR
data for disease surveillance, quality improvement, and facilitate primary care research(70,71).

The study data were extracted in 2020. The clinical encounter notes were created between
1985 and 2020. MaPCReN text data has been previously de-identified, which means that
identifying or potentially-identifying information has been removed(72). The variables included
in the clinical encounter notes were the note ID, the ID of the clinic where the data was
extracted, MaPCReN’s ID, the patient ID, the title of the note, the date the note was created, and
the encounter note text data. A text file was provided by MaPCReN in tab delimited format. The
file size was approximately 1 GB.

3.2.2 Preparing the UTD for a structured data format

To ensure computational feasibility of the analysis, a sample of the first 10% (2,127,514)
of the lines in the text file was selected for the case study. The data were initially loaded as a
vector and all string values and variables were converted to lowercase because upper case
characters take precedence over lowercase characters when strings are placed in sequential
order(73). Subsequently, the strings were subsetted to remove any spaces as carriage returns (i.e.,

“*?). This reduced the total lines of the text file to 1,818,602 lines. Regular expressions were
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utilized to detect a new value for the note ID and to identify the date when the note was created.
The application of these regular expressions to the text data were used to determine where the
text for a single clinical encounter note began and ended. A structured data frame was then
created from the cleaned vector. The final dataset used in the study was comprised of 193,206
clinical encounter notes. As mentioned by Taleb et al, by structuring data that are initially
unstructured this allows for ease of data quality inquiry(41).

To apply methods to measure characteristics of UTD such as lexical diversity, a
document term matrix (DTM) was created. A DTM is text data that are converted to matrix form.
The rows correspond to documents (e.g., individual clinical encounter notes) and each column
represents one term. The DTM facilitates measurement of term frequency.

3.2.3 Exploratory data analysis on characteristics of EMR notes

EDA was used to describe the characteristics of the EMR clinical encounter notes. EDA
is an important preliminary step in understanding the overall dataset which is inherently tied to
the overall quality of the data(45,74). While EDA does not have specific steps, EDA is used to
generate questions about data (i.e., hypothesis generation), check for data quality (e.g., missing
data, violation of statistical assumptions, and distributions of variables), create data
visualizations such as figures or tables (if needed), and lastly, identify models that might be
applied to the data (45,74).

In the EDA for the EMR clinical encounter notes, frequencies, measures of central
tendency (i.e., mean and median), and measures of variability (standard deviation (SD),
interquartile range (IQR) and range) were used to describe the unprocessed data. The number of
unique clinical encounter notes, patients, and clinic sites were described. The number of clinical
encounter notes per decade (based on the date the note was created) was described. The number
of clinical encounter notes with missing text was described by counting the number of notes that
had no text within the free text field.

3.2.4 Application of preprocessing methods for UTD quality assessment

After the EDA, preprocessing methods informed by the scoping review and other
relevant literature were applied to the EMR clinical encounter notes(14,35,44,75). This analysis
focused on common preprocessing steps identified from the scoping review. First, counts of stop
words, punctuation, special characters, word length, character length, and spelling errors, as well

as lexical diversity scores were produced for each note(14,24,35,44,75). Stop words were
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generated from a stop word dictionary found in the tidytext package in R(17). All the stop words
were converted into regular expressions patterns to detect each instance of a stop word in each
note. There is no dictionary for punctuation symbols; these were detected using regular
expressions. Special characters were detected using regular expressions from characters found in
the character map application in Windows 10. Spelling errors were identified used the hunspell
package in R. The spell-checking dictionaries that hunspell uses are based on dictionary files
typically found on an operating system (e.g., using the file names: “en_US.aff” and
“en_US.dic”)(76). Lexical diversity was calculated for each note using the type token ratio from
the quanteda and quanteda.textstats package in R(77). To measure lexical diversity, the note field
was first tokenized (i.e., separation of words or a sequence of letters separated by a space into a
matrix’s columns or rows), with punctuation and stop words removed. Then the tokenized
dataset was converted into a DTM. Counting character (i.e., string) length per note involved
utilizing a string length function. To produce word length (i.e., words per note), punctuation was
removed and then words were tokenized and counted for each unique record id. Retaining
punctuation when counting words would have inflated the estimate of the number of words when
tokenized. Measures of central tendency and variability for stop words, punctuation, special
characters, spelling errors, character length, word length, and lexical diversity were calculated.

Guided by the MCHP data quality framework(15), temporal stability of a number of
measures was assessed using a time series analysis based on the date when the note was created.
The time series analysis was applied to the annual mean values for stop words, punctuation
symbols, special characters, spelling errors, character length, word length, and lexical diversity.
Lastly, 95% Cls were produced for each of the preprocessing methods.

Stop words, punctuation symbols, and special characters were chosen for analysis based
on scoping review articles that utilized EMR data(20,24,35,42,78). Spelling errors and lexical
diversity are measures based from previous literature(14,44). Character length and word length
were chosen based on a scoping review article on short text data that analyzes outlier
information(75). Lastly, following MCHP privacy protocol on suppression of small values, any
analyses that reported n = 6 or fewer entities per subgroup was filtered from the data.
Accordingly, any note that was created prior to 1999 was removed.

The same preprocessing methods utilized for temporal stability were also used for each

clinic site. Mean numbers of stop words, punctuation symbols, special characters, word length,
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character length, and lexical diversity were calculated for each site along with their 95% Cls.
Site 25 was removed from the analyses because it had fewer than six clinical encounter notes.
Furthermore, since clinic sites other than 2 and 7 had small sample sizes (i.e., the majority of
clinic sites had fewer than 50 notes), they were excluded from the main analysis, but included in
Appendix D.

A frequency analysis was conducted for stop words, punctuation symbols, and special
characters. For spelling errors, an inspection of the top 20 words that were spelled incorrectly
was explored to determine what the dictionary deemed as incorrect or correct spelling. Regarding
word length, notes containing 32 words (first quartile) and less were inspected. For character
length, a similar approach was taken for the first quartile of character length, where notes
containing 216 characters or less were inspected. Frequencies and percentages for both were
taken for each word length group or character length group (e.g., count of notes with 1 to 10
words or 1 to 20 characters) up to the first quartile. The first quartile of words and characters per
note was chosen for inspection because the articles in the scoping review cited potential text

quality issues when notes contain few words(35,75,79).
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Chapter 4 — Results

4.1 Scoping review

For objective 1, the scoping review was conducted using the following steps: 1) apply the
search strategy; 2) apply the inclusion and exclusion criteria for title and abstract screening and
full text screening; 3) extract information from the articles; and 4) describe and visualize the
characteristics of the articles.
4.1.1 Search strategy and screening results

The initial search (Figure 2, numbers not in parentheses), which encompassed the period
up to April 15, 2020, identified 197 articles from Scopus, 273 articles from Web of Science, 20
articles from EBSCOhost, and 925 articles from ProQuest.
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Figure 2 - Scoping review search strategy results

[ Natural Language Processing Terms | |  Scopus | [ WebofScience | | EBSCOhost | | ProQuest |

"natural language*” OR
NLP OR

"text mining" OR 149,086 143,787 62,351 157,513
"computational linguistics” OR [ (21,462) J [ (19.438) J [ (9,549) ] [ (37,919) J
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"free text”
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"Data processing methods”™ OR
"Pre-processing step” OR
"Pre-processing method” OR
"Preprocessing techmques™ OR

\;E’reprﬂcessing phase” _/)

124,144 260,943 36,338 42,430
(19.828) [46,132) 6 (8.362)

[ Data Quality Terms ]
- "data qual*” OR
-::dﬂuz?tl:wzt"rfl’ﬁm [ 509,909 ] [ 439,492 ] [ 245,783 ] [ 1,094,728 ]
- quality contro 51,215 7.707 2 53
- "usability" OR 51.215) (47.707) (26.616) (153,604)
- "timeliness”
[ Combined Totals J

[ Scopus | [ WebofScience | [ EBSCOhost | [ ProQuest |

I

Matural Language Processing Terms AND )
Data Preprocessing Terms AND
Data Quality Terms

—

w1-68 | [ m-@ ][ 20+ ][ ss5-@3m ]

Y Y ¥ Y Y

( English Only Articles b—— [ 1-08 |[ @ [ 20-® |[ 23-w@y |

[ ProQuest- Scholatly Ouly Asticles | 647+ (104)

!

| Article Count per Database

|

| Final Article Count

Note: Numbers not in parentheses are for the search completed in April 2021; number in parentheses are for the search completed in May 2021

After removal of duplicates, the search yielded 196 articles from Scopus, 271 articles
from Web of Science, 20 articles from EBSCOhost, and 647 articles from ProQuest. Thus, a total
of 1,134 articles was retrieved from the initial search. There were 52 duplicate articles that were

deleted; this reduced the total to 1,082 articles for title and abstract screening.
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The search was updated on May 15, 2021 (Figure 2, numbers in parentheses). An
additional 154 articles were retrieved from the search; 10 duplicates were removed. Accordingly,
144 articles were selected for title and abstract screening. In summary, a total of 1,226 articles
were retrieved from the search.

Initial training for title and abstract screening yielded 83.3% (95% CI: 75.2%, 89.2%)
agreement on the 10% sample of articles reviewed by the author and their supervisor during the
initial search. The second training by the author and their supervisor, yielded 86.1% (95% CI:
78.3%, 91.4%) agreement. Figure 3 provides a PRISMA flow chart that illustrates the
application of the inclusion and exclusion criteria on both title and abstract screening and full
text screening.

Figure 3 - Scoping review PRISMA flowchart

Articles identified through searching
[Secopus; Web of Science; EBSCOhest; ProQuest]
n=L1L1M+(mn=154)
rd i ™ I ™
Articles identified after duplicates removed Articles excluded
n=1,082+(n=144) n=52+{n=10)
p A
/ Exclugion reasons \
/ Ll ~ - ~ « No focus on preprocessing methods (n=14)
Articles identified after title and abstract screening Articles excluded o No data quality relevant to cur study (n=21)
< + [nformation retrieval with no foeus on data quality
1 =106 + (n=15) =976 +(n=129) (n=10)
h g » Some articles had too little information to be viable
to extract (1-2 page articles or just abstracts) (n=3)
h 4 » No focus on NLP (n=2)
rs Y I "y - -
Articles 1dentified after fill text screening Articles excluded Out of s%zp:ff:;;;im fext categorization (a=5)
a
o+ — . ; -
n=30+(@=2 n=67+@=13) Too fpcused on ma{:hme translation (n=3})
\ J Creation of a proprietary software (n=2)
Too focused on automated text
summarization (n=2)
p A 4 - Creation of dictionaries (=4}
Articles to be mcluded in analysis Focus on other NLP methods (n=7)
Focus on machine translation, eptical
H=30+mn=12 character recognition, metadata (n=3)
- - Focus on visual analysis, text presentation,

\ ontology (n=3)

Note: Numbers not in parentheses are for the search completed in April 2021; number in parentheses are for the search completed in May 2021

After full text screening was completed, a total of 41 articles remained. These articles and
their titles are reported in Appendix C. Issues that arose in the application of the inclusion and
exclusion criteria were resolved through consensus between the author and their supervisor.

Reasons for article exclusion were: 1) article did not focus on preprocessing methods, 2) no data
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quality relevant to our research (e.g., improving library indexing strategies), 3) focus on
information retrieval rather than data quality, 4) abstracts only, and 5) no focus on NLP. Articles
were out of scope because: 1) focus on text categorization, 2) automated summaries — articles
about the use of NLP methods to produce automatic summaries of long text, and 3) creation of
lexicons — articles about creation of language dictionaries or large word databases. However,
note that we included four articles where a language treebank was created because the article
focused on data quality elements such as quality of annotations(56,80-82), 4) the focus was on
other NLP methods such as sentiment analysis, 5) optimization of techniques — articles in which
the authors developed a proprietary framework or using supervised learning methods to enhance
annotations, 6) machine translation — articles about technological enhancements such as optical
character recognition or automated transcription of voice data, and 7) the focus was on visual
analysis, or text presentation methods, which were unrelated to the focus of the scoping review.
4.1.2 Data extraction results

Four of 39 articles from the initial search were selected for the calculation of agreement
for the full text extraction; the overall agreement was 94.6% (95% CI: 88.9%, 97.4%).

Table 1 summarizes the characteristics of the articles selected for full data extraction.
Overall, 90.2% of the articles reported the results of empirical research and another 7.3% (n = 3)
were review articles. Only a single article was classified as a case study. More than half (51.2%)
of the articles were published between 2016 and 2021. No articles were published prior to 2002,
even though the search strategy was implemented with unrestricted date criteria. In terms of
disciplinary area, 61% of articles were deemed to be from computer science and engineering
disciplines, while 39% were from the health sciences, social sciences, humanities, and business.
Articles that were in a particular disciplinary area did not necessarily use data from their
disciplinary area. For example Gero and Ho’s article used biomedical data(83) but the discipline
of the research was computer science.

A variety of types of text data were represented in the 31 empirical articles, 3 review
articles, and 1 case study. This included EMRs (i.e., clinical notes, progress notes, patient safety
records(35,42,54,78,84-87)), lexical documents (i.e., language treebanks, WordNet
database(56,80,88-92)), organizational documents (i.e., maintenance logs/data, accident reports,
requirements documentation(93-96)), abstracts and scientific articles (i.e., PubMed and various

engineering journals(55,83,97,98)), various corpora (i.e., non-language corpora, non-
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medical/medical/biomedical corpora, language corpus (82,98-100)), social media data (i.e.,
Twitter, meme tracker from various social media websites(24,75,101)), product reviews (i.e.,
general product, Chinese tourism, Amazon product(20,102,103)), and news articles (i.e.,
magazines, newswires, consumer reports(81,101,104)).

The case study focused on data quality elements to assess statistical text mining
algorithms for clinical progress notes in EMRs(35). Specifically, this article discussed
approaches for text analysis and the sources of noise that could affect the outcome of algorithms
for identifying fall-related injuries in clinical progress notes. This case study used preprocessing
methods, including removal of stop words and lowercase conversion, to prepare the clinical
progress notes for analysis. Manual annotation of the clinical progress notes was used to enhance
the quality of the data for application of an NLP algorithm.

Regarding the three review articles, one article used preprocessing methods on clinical
notes to reduce word variability; the second article was about preprocessing methods to enhance
exploratory methods for hypothesis generation(42,101). The third article discussed preprocessing
methods to improve sentiment analysis(20). All three review articles were literature reviews that
examined a process method framework for UTD preprocessing. For example, the Assale et al
article presented a process to measure for error prevention and error correction with an emphasis
on disambiguation of abbreviations in medical text data(42). Assale et al demonstrated error
correction using rule-based methods such as Damerau-Levenshtein (also known as: Levenshtein-
Damerau) to preprocess UTD(42). Allen et al presented a preprocessing method to improve word
count quality in exploratory analyses(101). This preprocessing method consisted of steps that
utilize tokenization, removal of punctuation and symbols, lowercase conversion, removal of stop
words, stemming words and appending titles to words (if applicable)(101). After these methods
were applied, sentiment analyses and topic modelling were conducted.

It should be noted that Assale et al’s review referenced Berndt et al’s article in how to
operationally define data quality(35,42). None of the information extracted between these two
articles were redundant. Assale et al’s review extracted information about word variability (i.e.,
spelling errors), while Berndt et al’s article extracted information about noisy text (i.e.,

preprocessing methods addressing noisy text)(35,42).

30



Table 1. Characteristics of the scoping review articles (n=41)

n %
Article type
Empirical research 37 90.2
Review article 3 7.3
Case study 1 2.4
Publication year
2002 - 2009 7 17.1
2010 - 2015 13 31.7
2016 - 2021 21 51.2
Disciplinary area
Computer Sciences and Engineering 25 61.0
Health Sciences 8 195
Social Sciences, Humanities, Business 8 19.5
Type of data*
Electronic Medical Records 8 195
Lexical (e.g., language treebanks) 8 19.5
Organizational Documents 6 14.6
Product Reviews 4 9.8
News Articles 4 9.8
Corpora (e.g., biomedical text of gene entities) 4 9.8
Abstracts and Articles from Scientific Journals 4 9.8
Social Media 3 7.3
Administrative 1 2.4
Other 5 12.2

* Categories are not mutually exclusive

The last review article, which was by Gharatkar et al, also presented a pipeline for
preprocessing of UTD. This pipeline included tokenizing the data and removing special
characters, URLs, hashtags, slangs, and stop words. Spell checking and stemming were also
implemented. Sentiment analysis was performed after the preprocessing methods were applied to
the data(20).

With respect to the empirical articles, almost all (85.4%) of these articles described
preprocessing methods to improve NLP algorithm performance. However, one article(24)
offered an empirical approach to compare the effect of a proposed preprocessing methodology to
a baseline preprocessing method on short text similarity measures; results showed that the
proposed method outperformed the baseline method(24). Other empirical articles discussed
methods for manual or automated annotation. For example, Westpfahl et al discussed the
creation of a gold standard corpus for teaching and research about spoken German(82). In this
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article, the corpus was manually annotated with part of speech tagging (i.e., identifying and
annotating words that are nouns, adverbs, verbs, and other parts of speech) and lemmatization, a
form of word stemming, where the morphological base of a word is returned(82).

In terms of data size and terms used to describe data size, the UTD described in the
articles were characterized in many ways (Table 2). Documents and words were mentioned most
frequently (e.g., citing how many documents were used or how many words were found in a type
of UTD). More than half (53.7%) of the articles mentioned the volume of documents, and 46.3%
of the articles mentioned the count of words in each document. Elements of size often used to
describe the size of structured data such as “how many rows (records)” or “how many columns

(features)” were among the least common ways to describe UTD size.
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Table 2. Characteristics of text data and quality assessment in the scoping review articles
(n=41)

n %
Measures used to describe data size*
Documents 22 53.7
Words 19 46.3
Phrases (sentences) 8 19.5
Rows (records) 6 14.6
Features 4 9.8
Data annotation*
Manual 20 48.8
Automated 17 41.5
No annotation 15 36.6
Data availability
Publicly available 14 34.1
Not publicly available 27 68.9
Preprocessing methods*
Reorganizing or restructuring methods 35 85.4
Internal validation 23 56.1
External validation 11 26.8
Other 4 9.8
Data quality dimensions*
Accuracy 28 68.3
Relevance 14 34.1
Comparability 13 31.7
Usability 7 17.1
Completeness 7 17.1
Validity 7 17.1
Readability 6 14.6
Accessibility 3 7.3
Timeliness 3 7.3

*Categories are not mutually exclusive

Overall, over one third (36.6%) of the articles did not employ text annotation, while
48.8% of the articles discussed manual annotation (e.g., an experienced coder assigning codes
using ICD-9-CM(105)), and 41.5% of articles discussed automated annotation (e.g., words were
automatically annotated for part of speech analyses, grammar tagging, and assistance with
manual annotation processes(24,80,82,83,88,100,106,107)).

Almost all (85.4%) of the articles discussed using restructuring and reorganizing methods
to prepare UTD for analysis (e.g., removing stop words, punctuation, removing URLS). Figure 4
describes the types of restructuring and reorganizing methods that were used for all articles,
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while Figure 5 shows the same information for the subset of articles from health science

disciplines.

Figure 4 - Restructuring and reorganizing methods used in the scoping review articles
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Figure 5 - Restructuring and reorganizing methods used in scoping review articles from the
health sciences
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The types of restructuring and reorganizing methods for both Figures 4 and 5 were
common in 4 of the top 5 methods. These common restructuring and reorganizing methods are
(in no order): parts of speech tagging, stop word removal, punctuation removal, and tokenization.
The different restructuring and reorganizing methods among the top 5 methods for Figures 4 and
5 are: word stemming occurred more in all articles for the scoping review, whereas the removal
of numbers was more common in health science articles.

We identified the articles that explicitly mentioned a data quality dimension; the three
data quality dimensions that were most frequently mentioned were: accuracy (68.3%), relevance
(34.1%), and comparability (31.7%). Furthermore, “data quality” or “quality” as terms were
described or referenced in several ways among the 41 articles. Several articles discussed quality

either from the perspective of data quality (or information quality), or using terminology from
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data or information quality dimensions (e.g., accuracy, correctness,
interpretability)(75,86,96,102,103). Other articles discussed enhancing data quality by focusing
on either utilizing or improving preprocessing methods(24,42,75,84,85,87—
89,91,95,98,100,101,108,109). Several of these articles only mention “data quality” in passing,
since the main focus of these articles were the preprocessing methods. Other articles discussed
quality from an “annotation” perspective where by tagging documents or words will enhance the
quality of algorithms either through the creation of treebanks or manually annotating using
expert opinion(35,54-56,78,80-82,96,97,99,103,110,111). Lastly, some articles discussed
quality through utilizing preprocessing methods that were primarily focused on achieving a more
“accurate or relevant” outcome for algorithmic model performance (20,79,83,90,92—
94,102,104,106,112). Overall, while articles mentioned terminology such as “accuracy” or
“relevance”, data quality as a concept (or its individual dimensions), was referenced or described
in multiple ways. Articles that focused on the data quality dimensions (or measuring them) were
rare.

The software used to process data was mostly user-defined software (54.0% of articles).
One of the user-defined software tools that was used was Stanford CoreNLP, a Java-based
program that supports six different languages. Stanford CoreNLP was used to annotate text using
different preprocessing methods such as parts of speech tagging, NER, tokenization, determining
sentence boundaries (e.g., text is divided into sentences using rule based methods), numeric
entities and time values (e.g., numbered addresses and dates are annotated)(113). Stanford POS
Tagger(114) was another common software reported in the articles. It is described as a more in-
depth part of speech tagger than the Stanford CoreNLP program. Four articles explicitly
mentioned the use of Python software, including spaCy, NLTK, and scikit-learn. SpaCy and
NLTK are NLP libraries while scikit-learn is a machine learning library(115-117). Two articles
explicitly mentioned the R packages tm and caret. The former is used for text mining in R(118),
while caret is a predictive modelling package for classification and regression analysis(119).

Overall, many of the articles described an improvement of algorithm outcome
performance through a variety of preprocessing techniques to enhance UTD quality. However,
there were no articles that reported on indicators of UTD quality before preprocessing. While the
data quality dimensions were not mapped to specific preprocessing methods, “accuracy” was

used for evaluating outcomes in a confusion matrix and used as a descriptor for utilising
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preprocessing methods to enable unsupervised and supervised algorithms outcomes more
accurate. That is, all preprocessing methods were closely tied to the data quality dimension of
accuracy.

4.1.3 UTD quality indicator topics in EMR data

Table 3 provides a detailed assessment of data quality indicator topics for UTD in articles
that focused on EMR data. Seven data quality indicator topics were discussed. Two articles
reported on the assessment of misspelled words. In the first article, spelling errors were checked
in both clinical terms and general terms and were applied to three different types of clinical
UTD: 1) clinical notes from primary care clinics, 2) free-text allergy entries, and 3) free-text
medication orders. The methods utilized were: 1) dictionary based - where a word was checked
against a dictionary (e.g., string matching), 2) NER, which was utilized to detect person names to
avoid classifying names as spelling errors, and 3) regular expressions, which were used to detect
string patterns of emails, URLs, and commonly misspelled words that were not in the dictionary.
The strength of the method is it utilizes multiple approaches to detect spelling errors. However,
the authors did not investigate whether spelling errors or their corrections impacted the quality of
the data.

In the second article, spelling errors were corrected by utilizing a three-module approach:
1) a string-to-string edit distance known as the Levenshtein-Damerau distance, 2) syntactic
correction (i.e., grammatical correction) to correct word order provided by data in the first
module, and 3) word sense disambiguation for words with similar parts of speech (e.g.,
distinguishing between two similar words that are classified as verbs).

The second indicator topic was security, which was reported in one article by Pantazos et
al(86). The focus was on addressing four different criteria to assess the quality of de-identified
UTD: 1) medical correctness — each health record must provide an accurate picture of a patient
(while still being de-identified), 2) anonymity —so that it is not possible to identify a patient, 3)
readability — each record must represent reality where patient names and addresses look real,
however have de-identified information, and 4) consistency — where existing identifiers are
replaced by new de-identified information must be consistently false (e.g., a real patient name
“John Doe” has been de-identified as “Jack Tie” and the entire clinical note history must be
consistent with the de-identified name “Jack Tie”). For each of these methods, a mapping table

(i.e., a table that maps identifiable information with de-identifiable information), was utilized to
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replace existing identifiers. For example, an address “123 Somewhere Street” is identified by the
mapping table and replaced with a de-identified address “456 Elsewhere Avenue”. Ambiguous
medical words (e.g., Parkinson’s disease versus the surname Parkinson, or different spellings of
the word “diabetes’) were deleted if they occurred less than 200 times in the EMR database. The
strength of this method is that it aims to mimic a clinical note that contains identifiable
information using de-identified data. However, there were some limitations of this method;
spelling errors were not addressed, pharmaceutical names were overlooked, and several clinical
abbreviations were mistaken as ambiguous names. Furthermore, because zip codes were
scrambled so that specific locations could not be identified, geographical analysis was not
possible.

The third indicator topic, which was reported in one article by Assale et al, was about
reducing word variability in typographical corrections, where typographical errors in one word
can create variability in how the word is spelled (e.g., the word “hello” could be misspelled as
“helo”, “hallo”, and “ello” and thus create variants of the word “hello”)(42). The methods used
were multi-faceted: 1) preprocessing methods to restructure and reorganize UTD, including
tokenization, and removal of stop words, numbers, and non-ASCII symbols, 2) counting word
frequency (and percentage) to identify potential typographical errors (i.e., any word that was
commonly spelled that occured above 80% of the area under the power law curve was not
considered a typographical error), 3) the Levenshtein distance metric was used to search for 80%
of the most frequently spelled words and compare them to the other 20% that were considered
typological errors, 4) using the Damerau-Levenshtein distance for words that contained letters
that were switched around (e.g., consc[ie]nce versus consc[ei]ence), 5) ambiguous associations
from the Damerau-Levenshtein distance metric were discarded, and 6) replaced multi-associated
words with the most frequent word (e.g., “helo”, “hallo”, and “ello” were replaced with “hello).

The fourth indicator topic was sources of noise. Sources of noise in text primarily
involves preprocessing methods that restructure and reorganize UTD. Some of these methods
are: 1) Converting uppercase letters to lowercase letters. 2) Tokenization (separation of words (or
a sequence of letters separated by a space) unto a matrix’s columns or rows). 3) Removal of
tokens with less than three characters or tokens that do not contain alphabetical characters. 4)
Normalizing terms (correcting spelling errors or expansion of abbreviations). 5) Removal of stop

words. 6) Removal of tokens that have a frequency of one. The strength is that these
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preprocessing methods are relatively straightforward to apply and are conceptually easy to grasp
(e.g., removal of punctuation is easy to implement).

The fifth indicator topic was the quality of annotations; two articles focused on this topic.
In the first article, two subject matter experts manually annotated clinical notes about fall-related
injuries. Each document was classified as “fall” or “not fall”. Spot checks by a clinical expert
were performed on 10 documents in every 1000 annotations. Inter-rater reliability was evaluated
using Cohen’s Kappa scoring metric. Cohen’s Kappa score between annotators was 0.90 (on n =
275 annotations), which was considered to represent high reliability. The strength of this method
is that it uses clinical expertise to determine fall-related injuries within each clinical note.
Supervised methods that involved classification algorithms highly benefit from the quality of
annotations from expertise. A limitation of conducting manual annotations involve cost in paying
annotators for their expertise. At the same time, manual annotation takes a significant amount of
time and commitment to ensure quality of annotations (e.g., in this article it required spot checks
and time needed from a third clinician expert). Another limitation is that it may be unrealistic to
manually annotation a large sample of documents. In the second article, restructuring and
reorganizing methods were used in combination with tagging parts of speech, NER, and lastly
tagging relationships among named entities that were previously annotated by NER. These tags
were applied by annotators with backgrounds in computational linguistics, while resident
physicians were solving any disagreements between annotators. Inter-annotator agreement was
calculated to evaluate the quality of annotations. These annotation guidelines were proposed to
provide a method of ensuring high annotation quality for Chinese clinical texts. A strength of this
method is that the authors have inherently built a concept of data quality within their annotation
guidelines to build a corpus by utilizing annotation quality assurance measures. A limitation was
that the clinical text used to build the corpus only covered two departments containing a limited
amount of medical terminology. However, results showed that the annotation guidelines were of
high quality, as measured by inter-annotator agreement.

Ambiguous abbreviations was the sixth indicator topic that was addressed; it was the
focus of one article. In this article, the authors utilized deep learning methods (i.e., convolutional
neural networks (CNN)); no feature engineering or preprocessing was required. The CNN was
trained on word embeddings, which are representations of words in a vector. These word

embeddings were extracted from journal articles found in PubMed. The CNN was also trained on
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parts of speech tags and other covariates such as author name. A major strength of CNNs within
deep learning methods, is that they automate feature engineering and preprocessing methods.
Thus, CNNs allow for overall reduction in workload. The limitation is that the effects of
disambiguating the abbreviations were not tested to assess whether this method impacted the
quality of the text.

The last indicator topic was about the reduction of manual workload when annotating
documents. The article that focused on this topic used a K-nearest neighbour classifier, which is
a supervised learning method, to predict the classification of documents between "diagnostic
errors™ or "device related complications". Several preprocessing methods were applied to the
data; specifically, punctuation, stop words, and white space were removed. All character values
were set to lowercase. The document was then converted to a DTM, and documents were
annotated prior to classification. The key strength of this method was the use of a supervised
learning technique to assist with document annotation, instead of relying on manual annotation.
However, the limitation of this research was it used a small sample size during the training
phase. Thus, generalizability can be a concern, so there is no way to tell if the trained data can be
used on new notes (i.e., training dataset may not be sufficient for a test dataset).

40



Table 3. UTD restructuring and reorganizing data quality indicators described in scoping review articles using EMR data

module 3) processing words with the same parts of speech by applying contextual word sense
disambiguation

Authors did not attempt to investigate whether
misspellings & misspelling corrections impacted
on the quality of the information extracted from
medical texts.

_Irnodpliccator Source Methods Strengths / Limitations Use Case
The authors measured spelling errors for clinical and general terms. A clinical term was a Strengths: . .
- - A combination of previous methods that worked
word that was not a name or was not present in the Aspells(85) default dictionary. A general really well Applied to:
term was any other word that was not a clinical term. ally well. . pplied to.
Limitations: 1) clinical notes from
Lai et al These methods were used to identify both clinical and general terms: .l) Since its a composite .Of previous methods so primary care clinics .
B . - - - its incomparable to previous methods. 2) free-text allergy entries
1) used many dictionaries for misspelling detection 2) Authors did not attempt to investigate whether 3) free-text medication
2m)ilsjsseguli\lnans1ed Entity Recognition (NER) to avoid misclassification of person names as misspellings & misspelling corrections impacted orders
periing . . . on the quality of the information extracted from
3) used regular expressions to correct emails, URLs, and commonly misspelled words b
) medical texts.
Misspelled
words
Strengths:
NLP tools such as NER and lexical
Methods used to improve spelling correction: disambiguation can reduce spelling correction,
module 1) string to string edit distance known as Damerau-Levenshtein this can allow for automated processes. Anplied to electronic patient
Ruch et al module 2) syntactic correction - addresses word order and agreement problems Limitations: PP P

records
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Security

Pantazos et
al

The methods used for de-identification has to meet the criteria of:

1) Medical correctness - each health record must show a true medical picture of a patient
2) Anonymity - its not possible to see who the real patient is

3) Readability - the health record has to represent reality

4) Consistency - the patients identifiers has to be consistent with the entire medical picture
Each method utilized a mapping table to replace existing identifiers with new identifiers.

To treat ambiguity, when the de-identification program meets an ambiguous word it:

1) gets deleted if its a rare word (occurs less than 200 times);

2) gets left if it occurs more than 200 times

permutation tables - that mapped existing identifiers with new ones - ensured readability and
consistency

distorted identifier tables - mapped existing civil registration numbers to a scrambled one -
ensured readability and correctness

Strengths:

While de-identifying EMR data, the authors tried
to preserve essential components of note to mimic
the original note.

Limitations:

1) Did not address spelling errors.

2) Overlooked pharmaceutical names.

3) Missed several clinical abbreviations.

4) Cannot do analysis on geography due to
scrambled zip codes.

5) For statistical purposes de-identification should
not care about readability or consistency.

De-identified an existing
Danish EMR database

Reducing word

1) Tokenization, removal of stop words, numbers and non-ASCII symbols

2) Counted frequency of words - words occurring above an 80% percentage were considered
correct, less frequent words were checked if they were present in an Italian dictionary or a
medical dictionary, whatever is left over was considered typographical.

3) Used distance metric between strings - “Levenshtein distance". Search in the 80% of most
frequent words that had a "distance 1" from the typos. Distance 1 signifies that typological
words differ from 1 letter insertion/deletion/substitution from the original word.

Strengths:
Proposed a method for reducing word variability

Applied to the anamnestic
summaries of

variability Assale etal 4) Also take into account "Damerau-Levenshtein distance" metric where it also takes into Limitations: PR Endocrinology and
- - - . . 1) Number of false positives is high.
account inversions between letters - because its common to invert two adjacent letters Rheumatology
(distance 2). 2) Cannot guarantee to correct all errors.
5) Manually inspected to verify no association errors. Ambiguous associations were
discarded.
6) Multi-associated words (i.e., words with the same meaning but varied in spelling) were
replaced with the most frequent one.
1) conve_rtm_g text to lowercase Strengths:
2) tokenization Authors addressed text noise by introducin
Sources of Berndt et al 3) removal of tokens with less than three characters or no alphabetical characters reprocessing methods to re duge noise 9 Applied to clinical progress
noise 4) normalizing terms prep 9 notes

5) removal of stop words
6) removing tokens that only occur once

Limitations:
The study only used one dataset
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Annotation methods included:
1) word segmentation
2) part of speech tagging (with shallow and full parsing of parts of speech tags)

Strengths:

Authors have built a concept of data quality into
the creation of a corpus by assessing the quality of
annotations

Applied to:

He et al . : Limitations: 1) discharge summaries
3) named entity tagging . - . >
- LI - . . . Since there was a limit of annotation resources, 2) clinical progress notes
4) relational tagging (i.e., finding relationships among named entities)
- ’ . . the corpus created only covered two departments
Annotation quality was evaluated using F1 measure, precision, and recall : . - - -
. of a hospital, thus lacking medical terminology in
Quality of other departments
annotations
Strengths:
Generally manual annotations are used as a
Quality of Annotations include: reference standard to be used for machine learning . L
Berndt et al 1) "Fall" or "Not fall" was given an operational definition classification algorithms ,:gatglsled to clinical progress
2) Manual annotation evaluated with Cohen’s kappa for interrater agreement Limitations:
Manual annotations are time consuming, costly,
and can lead to manual error
. Applied to:
Strengths: S
. . 1 & 2) de-identified
Using deep_learr_ung allows tl_1e user to b_ypass longitudinal patient records
- . . feature engineering tasks which can be time . o
Utilized a convolutional neural network (CNN) that: - with clinical notes (the
; . - ion of . | consuming, furthermore the CNN model worked iff h
Ambiguous ) }) Was tra!ned on word embeddings (i.e., a representation of words in a vector) located on well on disambiguating abbreviations difference be_tvveen these
. Joopudi etal | journal articles in PubMed N two datasets is that the 2nd
abbreviations - Limitations:
2) Was trained on parts of speech tags hile th hors h h h hod d dataset was manually
3) Used clinical notes meta information such as author W e t e_aut 0rs Nave snown that methods use - annotated)
to disambiguate abbreviations works well, there is ] .
. AN p 3) publicly available dataset
no investigation if the corrections have had an I
. . - . created by University of
impact on the quality of information. :
Minnesota
Utilized KNN classifier (supervised method) to predict the type of documents (i.e., a .
‘e ai wii - W c ot Strengths:
document is either "diagnostic errors"” or "device related complications"). The process was as h h .
follows: Demonstrated a proceis that Iend ar;ces autc;matlc
Reducing 1) Noise Removal: removal of punctuations, words were set to lowercase, white space was :Inenmogarl]ttlsn processes that include data quality Applied to patient safety
manual Liang et al removed, stop words were removed LimitatibnS' documents from WebM&M
annotation 2) Document was converted to a document term matrix : - publicly available

3) Documents were pre-annotated as either "diagnostic errors" or "device related
complications" to create a gold standard comparison
4) Evaluated using F measure and Accuracy

The sample size in the study was small and this
method was not demonstrated on other types of
data such as EMR clinical notes.
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4.2 Case study

For objective 2, a case study was conducted to apply and describe preprocessing methods
identified from the scoping review and previous literature to UTD from clinical encounter notes
in EMRs. Recall that by measuring the preprocessing methods allows to understand the extent of
variability of both words and the clinical note itself within UTD in EMRs. The following steps
were taken: 1) An exploratory data analysis on the characteristics of EMR notes were conducted.
2) Preprocessing methods were applied to the clinical notes in the EMR.
4.2.1 Results of exploratory data analysis

Tables 4 summarizes the results of the EDA on characteristics of 193,206 EMR clinical
encounter notes. The results reported in Table 4 reveal that data were available for 6891 patients;
the year in which a note was created spanned over 32 years, from 1985 to 2020, with no notes
appearing in the years 1990, 1994, 1995 and 1997. Less than 0.1% of the notes had no characters
or words in them (i.e., the note field was empty with a string length of 0).
Table 4. Characteristics of EMR clinical encounter notes (N= 193,206)

n
Patients 6,891
Clinic sites 12
Time period
1985 - 1990 11
1991 - 2000 5,806
2001 - 2010 89,708
2011 - 2020 97,681
Notes with missing text 28

Figure 6 displays the variability in years; few notes were collected electronically in the
late 1980s. However, the frequency of notes dramatically increased from 1999 onward. There
was a larger increase in the frequency of notes between 2008 and 2010. Figure 7 displays that the
frequency of notes was concentrated in clinic sites 2 (38,141 notes) and 7 (153,208 notes), the

other 10 clinic sites displayed a lower sample size per site.
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Figure 6 - Frequency of notes by year of note creation
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Figure 7 - Frequency of notes per clinic site
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4.2.2 Results of the application of preprocessing methods

Table 5 contains information about the preprocessing methods applied to the clinical
encounter notes in the EMR data. Each preprocessing method was counted per note (i.e., how
many stop words were contained in a note). Overall, stop words and punctuation have higher
mean and median elements than spelling errors and special characters. However, focusing briefly
on spelling errors per note, the percentage of all notes that contained spelling errors was 97.8%.
At the same time, the variability measures among all preprocessing methods (except for lexical
diversity) are high which is also evidenced in the range (min and max). For perspective, the
mean character length (555.8) is slightly higher than two Twitter posts (a Twitter post is 250
characters). Furthermore, the mean word length (71.5) is between 30 to 60 seconds of spoken

speech.
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Table 5. Characteristics of preprocessing methods applied to EMR clinical encounter notes

(N=193,206)
Characteristic Mean (SD)* Median (Q1, Q3)* Min, Max*
Stop word elements 27.3 (27.0) 20 (10, 36) 1, 1075
Punctuation symbols 25.7 (27.8) 18 (10, 29) 1,833
Spelling errorst 12.1(11.1) 9 (5, 15) 1, 255
Special character elements 2.9 (2.6) 2(2,4) 1,36
Character (string) length 555.8 (551.1) 390 (216, 648) 2, 14056
Word length? 71.5 (59.7) 59 (32, 95) 1, 1966
Lexical diversity!?3 86.2 (11.9) 88.2 (81, 94.9) 22.4, 100

1 Punctuation removed; 2 Stop words removed; ¢ Number reported is a percentage
* Each measure is based from counting each preprocessing method per note
The time series analyses revealed some consistent trends among most preprocessing
methods (Figure 8, and 11 to 14). There is a generally stable trend until 2008. The variation
between 2008 and 2010 may indicate changes in the capture of different types of notes which
warrants further investigation. Two examples of a low-quality notes from the year 2010 where
one contains several questions and their respective responses, similar to that of a survey. The
other note appears to contain areas that a clinician would “enter data” such as dates, or
checkmarks on a checklist. These EMR notes, contained a low lexical diversity, a high stop word
count on the first note, a lower-than-average stop word count on the second note, and both
contained a very high punctuation count. Both notes did not contain any meaningful clinical
patient information.
Regarding mean word length (Figure 9), there was an increasing trend during the years
when the note was first created. Lastly, while overall sample size was small (i.e., only 2.9% of
all notes contain special characters), Figure 10 shows a decreasing trend over time in the mean

number of special characters in each clinical encounter note.
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Figure 8 — Mean character length per note by year of note creation
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Figure 9 — Mean word length per note by year of note creation
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Figure 10 - Mean number of special characters per note by year of note creation
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Figure 11 - Mean number of punctuation symbols per note by year of note creation
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Figure 12 - Mean number of stop words per note by year of note creation
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Figure 13 - Mean number of spelling errors per note by year of note creation
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Figure 14 — Mean lexical diversity score per note by year of note creation
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Clinic site consistency depicts the variability among different clinic sites. Figures 15 to
20 reveal limited variability or differences between clinic sites 2 and 7, however there is a visible
pattern that clinic site 2 has on average a higher word count, stop word count and spelling error
count. Appendix D reveals that sites 32 and 46 have high variation in most of the measures
(spelling errors, punctuation, word length and character length). Considering the low sample
sizes among the clinic sites other than 2 and 7, there are some sites that contain a narrow ClI
width, which indicates consistency among notes per clinic site. For example, lexical diversity is
fairly stable with narrow Cls for all sites, along with narrow Cls with other preprocessing

methods in site 34 and site 57.
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Figure 15 - Mean lexical diversity per note by clinic site
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Figure 16 - Mean character length per note by clinic site
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Figure 17 - Mean word length per note by clinic site
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Figure 18 - Mean punctuation per note by clinic site
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Figure 19 - Mean spelling errors per note by clinic site
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Figure 20 - Mean stop words per note by clinic site
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4.2.3 Results of the inspection of words after application of preprocessing methods

After applying the preprocessing methods to the EMR notes, the data were inspected to
determine the effect on words, punctuation, and characters. Table 6 displays the most frequent
stop words, punctuation, and special characters.
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Table 6. Frequent preprocessing elements in EMR clinical encounter notes

10 most frequent stop words n % of all stop words
no 266672 51
a 236642 4.5
to 225222 4.3
and 177633 34
s 149868 2.9
for 148771 2.8
p 145226 2.8
0 141414 2.8
in 126384 2.4
of 118696 2.3
6 most frequent special N % of all characters
characters
amp* (i.e., &) 16177 99.0
° 143 0.9
§ 16 0.1
+ 9 0.1
Yo 2 0.0
1 1 0.0
10 most frequent punctuation symbols n % of all punctuation
, 1072809 21.8
844613 17.2
: 797994 16.2
[ 601548 12.2
] 601447 12.2
/ 321264 6.5
- 295812 6.0
* 100368 2.0
) 52036 1.1
: 47488 1.0

*This is the ampersand (&); it results in an error when loading or converting data from one type to another

The top 10 punctuation symbols listed in Table 6, make up over 96% of all punctuation
symbols used in the EMR data, the top 5 symbols (,:.[]) make up close to 80% of all punctuation
symbols used in the EMR data. The “amp” special character was the most common of all special
characters. The “amp” character is the “&” symbol and represents 99% of all special characters.

Lastly, for stop words the top 10 most used stop words account for 33.3% of all stop words used.
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Some notable stop words identified are “no” which makes up 5.1% of all stop word usage, and

€C 9% €C_ 9% CC. %% ¢ 9

the four letters “s”, “0”, “a”, “p” which make up 13.0% of all stop words.
Table 7. 20 most frequent misspelled words in EMR clinical encounter notes

Misspelled - : 7 of all
words Identified meaning n misspelled
words
Dt date 168734 7.4
yyyymmdd date 82646 3.6
bp blood pressure 73438 3.2
Dr doctor 50917 2.2
resultval result value 34235 1.5
fbs fast blood sugar 29928 1.3
Fu follow up 29438 1.3
Idl low density lipo protein 24193 1.1
htn hypertension 23255 1.0
mo30 Unknown 20377 0.9
abd Abdominal 19794 0.9
RXx prescription 19176 0.8
chol cholesterol 17535 0.8
meds medication 17344 0.8
Sx surgery or symptoms 15532 0.7
qd daily 13685 0.6
hbalc HBGA1C Hemoglobin A1C 13554 0.6
fup follow up 13390 0.6
crea creatinine 13241 0.6
prn as necessary 13170 0.6

Table 7 displays the 20 most misspelled words, which make up over 30% of all
misspelled words. However, 19 out of 20 words were identified as medical or other
abbreviations. The two most frequently misspelled words were abbreviations of dates; they
accounted for over 11% of all spelling errors. Furthermore, aside from the identified dates listed
previously, the other abbreviations were characterized as medical abbreviations except for
“mo30”.

Focusing on Table 8, the first quartile of word and character length counts, and
percentages were inspected. Notes that contained between 1 and 22 words made up over 65% of
the first quartile of notes containing 32 words or less. Notes that contained between two and 101
characters made up 39% of the first quartile of notes containing 216 characters or less. Notes
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with 102 to 216 characters accounted for almost 62% of the first quartile of notes containing 216
characters or less.

Table 8. 1st quartile of word and character length per note

n %
Word length per note
12-22 18012 | 37.2
23-32 16378 | 34.0
1-11 13919 | 28.6
Character length per note
102 - 121 6574 | 13.5
162 - 181 5476 | 11.5
122 - 141 2630 | 10.4
82-101 4687 | 10.1
182 - 201 4773 | 9.9
142 - 161 4223 | 8.8
42 - 61 3943 | 8.3
2-21 3836 | 8.1
202 - 216 3702 | 7.7
62 - 81 3384 | 6.9
22 -41 2859 [ 5.6

Table 9 focuses on the 20 most frequent words within the first quartile of word length
(i.e., in notes that contained 32 words or less). Certain observations are similar to the misspelled
words. For example, the top 20 words that contained medical abbreviations made up almost 12%
of all words within notes containing 32 words or less. The remaining words (except for “17)
were stop words; stop words were not removed when counting words per note. Stop words made
up almost 10% of the words among the 20 most frequent words within the first quartile of word

length.
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Table 9. Top 20 words among notes that contain 32 words or less

Top 20 words Context n %
a medical abbreviation 23313 2.7
S medical abbreviation 22799 2.7
p medical abbreviation 21723 2.6
0 medical abbreviation 14879 1.8
to stop word 11897 1.4
for stop word 10322 1.2
no stop word 9881 1.2
dr medical abbreviation 8451 1.0

and stop word 7453 0.9
by stop word 6817 0.8
in stop word 6516 0.8
of stop word 4984 0.6
1 unknown 4916 0.6
bp medical abbreviation 4757 0.6

with stop word 4741 0.6
on stop word 4713 0.6
pt medical abbreviation 4498 0.5

will stop word 4351 0.5
see stop word 4314 0.5

well stop word 4303 0.5

4.3 Summary of results

The scoping review included 41 articles. Most were empirical research articles. The
number of articles increased over time. Furthermore, while most articles were from the computer
science and engineering disciplines, many articles used EMR data or created corpora using
medical data. Most articles used frequency measures to count documents and words that were
used to describe the size of UTD. Furthermore, articles that contained annotations were also
documented to understand if these were manual processes or automated processes. Most articles
utilized manual annotation procedures (e.g., expert opinion). Restructuring and reorganizing
methods (e.g., removal of stop words) were primarily used for preparing text data for analysis
purposes. Internal and external validation methods were used for various statistical or machine
learning algorithms. Lastly, the data quality dimensions were logged based on the number
mentions in an article (i.e., an explicit mention of the term “accuracy” or “relevance” and so on).
The top three mentions were “accuracy”, “relevance” and “comparability”.

The scoping review further revealed that although there is an abundance of research

about increasing accuracy using NLP techniques, very little of this research reports indicators of
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data quality for UTD. Methods to improve algorithm outcomes are focused on a variety of
preprocessing methods such as restructuring or reorganizing techniques or validation methods.
The scoping review provided guidance as to which text quality indicator topics have been
explored for EMR data. Some of the notable quality indicators focused on characteristics and
properties specific to text, such as misspelled words, lexical diversity, security, ambiguity of
abbreviations, variability of words (i.e., can be classified as misspelling, or words that are spelled
the same but have a different meaning depending on the context), and text data that contain noise
such as punctuation, stop words, and special characters. Other indicators that do not fall into
categories that are specific to text data are character length and word length per note.

The case study involved a detailed analysis on preprocessing methods. The methods were
informed by the scoping review and previous literature and were applied to EMR clinical
encounter notes. The case study revealed that the distribution of preprocessing methods such as
stop words, punctuation, special characters, word and character length, and lexical diversity, can
be assessed using EDA methods. Furthermore, the application of concepts from previous data
quality frameworks (i.e., measurement over time and by clinic sites) were used to find any
anomalies such as outliers over time or between clinic sites. While attempting to detect
misspellings, an abundance of abbreviations utilized in clinical settings were identified. Lexical
diversity may be useful to identify notes that have a large amount of word redundancy. Lastly. an
inspection of word length from the notes that contained the first quartile of word length revealed
that two thirds only have up to 22 words; at the same time the majority of the words were either

stop words or medical abbreviations.
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Chapter 5 — Discussion and Conclusion
5.1 Summary and discussion

The purpose of this research was to examine preprocessing methods for UTD and
evaluate the quality of UTD in RCEHD with a focus on EMRs. For objective 1, a scoping review
was undertaken to examine preprocessing methods used to prepare UTD for analysis. The steps
in the scoping review were: 1) apply the search strategy; 2) apply the inclusion and exclusion
criteria for title and abstract screening and full text screening; 3) extract information from the
articles; and 4) describe and visualize the extracted information, including i) characteristics of
the articles, ii) characteristics of text data and preprocessing methods, and iii) data quality
indicators described in articles about EMR data.

For objective 2, preprocessing methods identified from the scoping review were applied
to UTD in clinical encounter notes from MaPCReN, a major source of EMRs in Manitoba. The
following steps were taken for the case study: 1) an EDA on the characteristics of the EMR
notes, and 2) an application of preprocessing methods. The application included i) describing
characteristics of preprocessing methods in EMR notes, ii) plotting preprocessing methods over
time of when the note was created and by clinic site to observe if there were variations over time
or by site, and lastly iii) an inspection of the individual elements (words, characters, punctuation,
spelling errors) that were subjected to the preprocessing methods.

The scoping review captured both preprocessing methods and data quality indicator
topics for UTD. Few articles in the scoping review discussed the quality of UTD before analysis
or preprocessing was initiated. The main discussion points raised in this published literature were
in the challenges of defining data quality, the choice of data quality indicators for UTD depends
on the context of the text data, and the challenges associated with EMR UTD are different than
other types of text data.

One difficulty with describing the quality of UTD is the lack of standardized
terminology. Strong et al differentiate “information quality” from “data quality” in terms of its
specific goals; information quality is about assessing the needs of information users while data
quality refers to the fitness of data for its intended use(120). However in Chen and Tseng’s
article the authors do not make that distinction; their indicators of information quality are similar

to those found in data quality frameworks(102). In the scoping review and supporting literature,
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it was difficult to settle on a standard definition of data quality for text data and its respective
dimensions in specific contexts.

Amongst the data quality measures for text data identified from the scoping review, the
data quality indicators are tailored specifically to the EMR data being assessed, which suggests
that data quality frameworks for UTD may depend on the context or type of data that is being
assessed. Language usage must be contextual to the environment (i.e., vernacular used in product
reviews differ from vernacular used in EMR notes). For example, several of the data quality
indicators for UTD that Chen and Tseng’s article refers to, do not necessarily apply to data in
EMRs such as the data quality dimension for “objectivity”, and its indicators that assesses
whether a product review is an opinion rather than factual(102).

Some of the challenges with UTD in EMRs are different than the challenges with UTD
found in social media data or organizational reports. One of the biggest challenges of UTD in
EMRs is ensuring privacy, anonymity, and confidentiality of patient data. Pantazos et al states
that as UTD in EMRs increase in usage, it must achieve two goals 1) that it is de-identified and
anonymized and 2) EMRs that are de-identified must contain accurate information about the
unidentified patient and be coherent to the reader(86). The scoping review revealed that high-
quality UTD within EMR must provide readability, correctness, and consistency of a patient’s
record (i.e., the de-identified record must maintain a level of accuracy that reflects the patient).
Regardless of whether UTD in EMRs are de-identified or not, the data still needs to meet a
certain quality standard so that it is usable for research. For example, names, addresses, and dates
that are de-identified at the patient level must be consistent throughout an entire patient record.

The case study provided a real-world example of the variability of words in clinical
encounter notes for data quality purposes (e.g., spelling errors). The selection of preprocessing
methods was informed by the scoping review and previous literature. The key findings were
characteristics of EMR data based on measuring preprocessing methods differ versus other types
of text data, the EDA of EMR notes and each individual preprocessing method, the analyses of
when the note was created along with clinic sites, a discussion on the inspection of individual
words and note types, and lastly, a discussion on the overall insights derived from the case study.

The study results highlight that 97.8% of all notes contained spelling errors as identified
by the spell checker using a generalized dictionary. However, this high percentage can be

attributed, in part, to the large number of abbreviations and other words that are medical
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terminology, (e.g., “prednisone”), that the spell checker could not identify. Lexical diversity was
high for EMR data when compared to other types of text data, possibly because medical
professionals use clinical encounter for multiple purposes, such as to describe the purpose of the
visit, list chronic health conditions that the patient encounters, detail prescription medications of
a patient, describe mental health, and document risk behaviors. Kiefer evaluated five different
types of text data: social media, prose, news, chat, and industry data that contained downtime
records in a production line. Based on the indicators Kiefer described, social media data, chat
and industry data contained high levels of spelling errors, and all five types of text data had low
lexical diversity. Kiefer also claimed that a high number of abbreviations for a single word or
concept can lead to poor data quality (e.g., diabetes has several different abbreviations such as:
“db”, “diab”, “dm”)(44). However, within clinical settings, abbreviations are standard in
practice. Thus, there are generally-accepted abbreviation lists that have been created; an example
is the clinical practice guidelines for primary care nurses from the Government of Canada
website(121).

In the EDA, a frequency analysis was conducted for categorical variables (clinic site,
year of note creation). It revealed a large range in notes per clinic site, resulting in a lack of
precision (i.e., high variability) in measures of data quality for all but clinic sites 2 and 7. There
were a larger number of notes from the years from 2000 to 2019. In particular, between the years
of 2008 and 2010 there was a large increase in the frequency of notes.

The average number of stop words, punctuation symbols, and special characters
combined make up a large amount of textual variability. For example, on average there were
roughly 27 stop words, about 28 punctuation and special characters, and lastly, at least 12
spelling errors per note. There were few special characters per note; the most frequent special
characters were “&amp” or “amp” (after removal of punctuation). The former signifies that there
is a conversion error that occurs when either exporting data from one database to another or
converting from one file type to another. Conversion errors can result in data quality issues
because these errors result in special characters being added or removed. Regarding character or
word length, the distribution of length is skewed, which indicates a high SD, thus resulting in
mean not being a good measure of central tendency, median as a measure of central tendency
would be a valid alternative. Lastly, the mean lexical diversity score suggests that most notes

have high lexical diversity, meaning that most notes contain a diverse set of vocabulary and
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tended to not repeat words. However, when looking specifically at notes that contain a low
lexical diversity score, many words were repeated. For example, the note with the lowest lexical
diversity score (22.4%) repeated words such as: “refills”, “tab”, “cap”, “for” and “mo30”.

An analysis of variations from when the note was created, and clinic site reveals that
measuring preprocessing methods can show variations in data that may have low or high quality.
For example, the measurement of punctuation counts per note per year revealed notes that were
akin to clinical surveys or requisition forms with no contextual information. The literature search
conducted by this research project did not reveal any similar analyses in the field of data quality
where preprocessing methods were applied to UTD in EMRs over time or by clinic site.
However, the MCHP data quality framework was instrumental in guiding these types of
analyses, this exemplifies those methods utilized for structured data can similarly be applied to
UTD.

A further inspection of words reveals that certain spelling errors contain words that
would raise concern if filtered out or have an automated spelling correction correct the “error”.
For example, most spelling errors identified legitimate medical abbreviations. Recall that
misspellings make up a mean of around 12% per note after punctuation has been removed. In
this research there was no medical dictionaries to be found in R libraries therefore we utilized a
general open-source dictionary. Since roughly 30% of misspelled words have been identified in
medical terminology this can be concerning as general dictionaries may not be the correct source
for detecting spelling errors in medical text. Upon further inspection, lowercase dates (e.g., july
versus July), medical abbreviations, and several words that are associated with medical
terminology that have been fully spelled are detected as misspelled (e.g., creatinine,
lymphadenopathy, prednisone). However, it should also be noted that several words associated
with medical terminology that have been fully spelled out are correct (e.g., chronic, pain, blood,
lipid, symptoms). A silver lining could be that if a general dictionary cannot identify correct
spellings of medical abbreviations, the benefit is that it does detect medical abbreviations
indirectly through spelling errors. which can aid in the application of other algorithms to identify
abbreviations and disambiguate them.

For the stop word dictionary from the tidytext package in R, there are two interesting
observations. First, the word “no” is filtered out when removing stop words; this can be

problematic because “no” has a negation function (i.e., “no Parkinsons”, or “no symptoms”), and
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can result in a loss of context of data when analysing UTD. Second, the letters “s, o, a, p”” are
filtered out as well, which is indicative in medical terminology as an abbreviation of
“Subjective”, “Objective”, “Assessment”, and “Plan”. SOAP is intended to form a structure
when typing out a clinical note in primary care settings to capture all relevant information during
a clinical encounter with a patient. Filtering these letters out could result in a loss of contextual
information.

Punctuation symbols made up 26.5% of all data elements. Identifying and counting
punctuation symbols has been useful for the identification of a non-standard note. For example,
as previously mentioned there have been some notes in EMR records that have had either
requisition forms, or “checklists” copied onto the text field in the EMR record. This can lead to a
quality issue since some of these “checklists” have a large amount of punctuation which contain
questions and options (e.g., history of back pain? [yes/no]), at the same time, the note does not
identify what options the primary care clinician chose or wrote. As a result, contextual
information is not available, or is not clear, nor any meaning can be derived within these types of
notes. The identification of punctuation symbols has been instrumental in identifying the quality
of a note from the perspective of context and meaning. A red flag would be if there is a larger
than average amount of punctuation characters within a note, the note should be closely
inspected.

Lastly, for character and word length, notes with few words (e.g., fewer than 12 words)
or having very few characters (e.g., fewer than 22 characters) may explain quality issues since no
context or meaning can be derived from sparse notes. Another potential methodological issue for
text analysis in EMR notes is that words are tokenized before being counted. This may explain
issues since tokenization involves counting single letters (e.g., “S”, “O”, “A”, “P”). As suggested
in previous literature, notes with few words or characters may be removed. Removing notes with
few words, then removing notes with few characters, is one potential process, since the
elimination of notes with few words would also result in the elimination of notes with few
characters. Thus, a potential approach would be to count the words, then count the character
length within those words, then eliminate words with low character counts.

The preprocessing methods successfully identified a subsection of notes as having low
quality due to a lack of contextual information from copying and pasting requisition forms or

survey questions onto the EMR note field. Furthermore, preprocessing methods that were applied
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using the date when the note was first created, captured a period of time (i.e., 2008-2010) where
notes were ‘irregular’.More specifically, the measurements of the preprocessing methods
revealed variability over time. This suggests that measuring preprocessing methods can capture
low quality notes.

The case study revealed some valuable insights. Firstly, in accordance with Taleb et al’s
article, converting all the EMR notes to a structured (tabular) data format enabled exploratory
analyses of the characteristics of the dataset and characteristics of the preprocessing methods to
be streamlined(41). Converting the unstructured elements of the EMR notes and semi-structured
elements of the other variables (e.g., clinic site id, patient id) into a single data structure
facilitates quality evaluation(41). This should be the first step taken to prepare UTD for analysis
or data quality assessment. Second, in Spasic and Nenadic’s(40) systematic review about clinical
text data, the properties of text data include size, provenance, collection methods, and annotation.
EDA can be used to characterize EMR data. For example, this included average word length,
average character length, and frequency of annotation. Third, few articles in the scoping review
conducted an EDA of text data. Christen et al presented a table where the authors reported on the
amount of outlier data, through looking at string or word length(75). Although the authors did
not use EMR or health-related data, inspection of outliers from preprocessing is recommended.
Lastly, this research focused on UTD from EMRs gathered in primary care clinics. These
methods may not generalize to other types of RCEHD. There may be different software systems
that record and collect information, and there are different ways of expressing written language
that is dependent on the context (i.e., emergency room notes differ from primary care notes). In
addition, the results of this analysis may not generalize to all primary care clinics. Furthermore,
there are subsets of the population that experience inequity of access to health care, and thus may
not have a family physician or have difficulties receiving care in a primary care clinic(122). For
these reasons, individuals captured in EMRs from primary care clinics are unlikely to be
representative of individuals in the general population. However, it should be noted that the text
data elements examined in this research are linguistically common. For example, stop words are
the most frequent words used in the English language, and punctuation symbols are used for
grammatical order and organization. Furthermore, any free text field can be characterized by
word length, lexical diversity can be measured to assess the repetitiveness of a text field, and

spelling errors can be identified. The preprocessing methods used in this research can be applied
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to other RCEHD, so long as the text data in other clinical settings closely mimic the properties of
an EMR note (i.e., each document is a short text note, its context is the medical setting, and there
are other variables such as patient id, clinic site id, and when the note was created to structure a
row of data).

5.2 Strengths and limitations

This research has some limitations. For objective 1, the scoping review was restricted to
English language articles. No grey literature was included. Accordingly, the scoping review may
not represent all published articles about UTD quality. Furthermore, articles that discussed
preprocessing methods utilized for performance improvement of algorithmic modelling
outcomes were not included. It was not feasible to address all different modelling techniques for
text data (i.e., collect all articles that conducted a sentiment analysis or other methods). The
articles selected were those that focused on quality of text data, or that focused on preprocessing
methods with an emphasis on data quality. Choosing key words for the scoping review search
strategy was challenging. This was due in large part to the lack of standardized terminology
along with a diversity of terminology within the NLP and data quality literatures.

For objective 2, one limitation is that this study looked at a small, restricted set of
preprocessing methods to measure data quality in UTD. Other indicator topics were not
explored, such as disambiguation of abbreviations. Some measures of data quality, such as
relevance and accuracy(14,57), require the use of annotated documents to evaluate the source
documents. It was beyond the scope of this research to develop and apply these gold standard
annotated documents to measure data quality. There is significant work required to establish gold
standard annotated documents and there are currently no clear guidelines for their development.
A second limitation pertains to the dictionaries used for identifying stop words and spelling
errors. This research used a general dictionary to identify stop words and spelling errors, because
R software packages do not use spelling dictionaries created specifically for medical/clinical
purposes or for EMR data. Accordingly, several medical terms were identified as spelling errors
when the words were spelled correctly. The adoption of a medical dictionary would result in
fewer misclassified spelling errors. Similarly, the stop word dictionary used for this research
removed certain one letter words that are medical abbreviations. Furthermore, the stop word
dictionary removed negating words (e.g., “no” or “not”), which can cause contextual issues. A

third limitation pertains to not using the variable “Note Type”. Note types may be used to
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discover different types of notes, which may indirectly affect note quality. However there was a
lack of literature referring to guidelines to utilize note types as an indicator for data quality for
text. Lastly, the case study only used 10% of the total lines of the entire EMR datafile which may
affect generalizability of the results. This subset was used because of the the computational
limitation of converting the text data to structured dataset.

Despite these limitations, the research has many strengths. The major strength of this
research is that it used a systematic approach to examine and apply preprocessing methods to
describe data quality indicators for UTD in EMRs. The combination of methods, which included
a scoping review and a case study, was helpful for exploring indicators of data quality for UTD.
For example, through this scoping review privacy and security were identified as unigque issues
of text data quality. Furthermore, data quality indicators from established data quality
frameworks (i.e., MCHP’s data quality framework) can be conceptually leveraged for UTD. For
example, trends in the text preprocessing measures over time, and variations across clinic sites
were inspired by time series analyses and geographic analyses used in the MCHP data quality
framework. Lastly, this research contributes to the limited literature about quality indicators for
UTD in EMRs. Data quality for UTD is an important area for research within the medical field
because written language in EMRs is different from other types of text data found in textbooks or
social media.

5.3 Research significance

The information extracted from UTD in EMRs can complement information extracted
from structured data about health and health service use. This study has shown that many of the
same indicators used in existing data quality frameworks are relevant and may apply to UTD, but
new indicators must be considered that describe the properties of text data in RCEHD. Many
indicators identified in this research can stand on their own (i.e., no need to utilize external data
for validation purposes) similar to several indicators in existing data quality frameworks for
structured data. An example is missing data indicators(15). However, at the same time,
specialized reference standards are also important for validating UTD(27). Analyses of the
quality of clinical encounter notes can provide a basis for future studies about the reasons why
people seek health services. Researchers that utilize EMRs can benefit from this research

because it can open new avenues for analyses of RCEHD.
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Organizations are increasingly using large volumes of data and new methods of
analytics(123). It is estimated that 80% of all data in organizations are comprised of text
data(123). UTD quality indicators can be used by health care organizations to check the
consistency and redundancy of patient information(124). These measures can also facilitate the
routine use of UTD in health research. By structuring text data and then applying data quality
indicators to UTD in RCEHD, researchers and users of data can reliably expect a certain level of
quality in the results of research or reporting. Organizations should not proceed with ad-hoc
quality checks since EMRs are more prone to quality issues than text in novels or structured
organizational documents. Data quality must be approached with rigour and standardization.

5.4 Recommendations for future projects

A number of opportunities for future research exist. First, —a scoping review could be
conducted to identify operational definitions for data quality dimensions specific to text data
within RCEHD. Akin to Weiskopf et al’s scoping review on discovering methods and
dimensions(32), the scoping review could be used to create definitions for dimensions of data
quality for UTD in RCEHD. This research has shown that there are unique characteristics of text
data that are not present in numerical data (e.g., grammar rules, or punctuation). Thus,
operationalizing data quality definitions that specifically address text data properties is an
important step towards structuring a quality framework for text data. Second, a case study could
be undertaken for the other text data quality indicator topics identified from this research (e.g.,
disambiguation of abbreviations). While there have been studies to disambiguate
abbreviations(84) and correct spelling/typographical errors (42,85), it would also be beneficial to
identify the impact of word variability on algorithm outputs in clinical text data. Third, a more
focused scoping review about other text quality indicators could be conducted. In particular,
quality indicators for short text documents such as social media posts, reviews, and EMRs, could
be explored(24,75,101-103,125). Since EMRs are characterized by short texts, it would be
interesting to examine other text quality indicators appropriate for these types of texts. Lastly, a
documentation project that maps operational definitions for data quality dimensions to the data
quality indicators for RCEHD should be explored similar to the work conducted by Weiskopf et
al(32).
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5.5 Conclusion

Quality of UTD, while important for ensuring the validity and generalizability of research
based on information extracted from UTD, appears to be a topic that has received limited
attention in research, particularly for EMRs. Data quality is important for understanding the
suitability of data for a specific research purpose. Both the scoping review and case study
provide useful information about data quality indicators that might be recommended for routine
application to UTD. This research investigated some of the preprocessing methods appropriate
for clinical encounter notes found in EMRs and reported on quality indicators identified from
existing studies about UTD from multiple disciplines.

Measuring data quality is challenging because data quality is a multidimensional
construct that is dependent on the context in which the data will be used. However, there are
many similarities between the dimensions of data quality for structured and unstructured text.
Many indicators require access to specialized gold standard datasets or dictionaries to assess
quality. However, there are a few general-purpose indicators of data quality that do not require
external data; most of these focus on the measurement of noise in the data. UTD from clinical
encounter notes in EMRs are of generally poor quality; preprocessing is an essential step to

improve quality of the data to benefit research about health and health services use.
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Appendix A — Scoping review data extraction form

Obj 1 - Data Extraction Form

The data extraction form will extract data on the following topics:

1) Characteristics of the article

)
2) Characteristics of the text data that was proprocessed

3) Characteristics of any methods used to restructure/reorganize the text data
4) Characteristics of any techniques used to validate the text data

5) Characteristics of the software used to assess data quality.

1.  Name of Data Extractor

Mark only one oval.

Marcello Nesca

Dr Lisa Lix

Please make sure to fill every item. If not applicable on text based

1) Characteristics of questions please write "N/A"

the article

2. Article Title

3. First Author

Last name only

4. Publication Year
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Journal Name

Full journal names - no abbreviations please. This is located in the "Publication” field in Zotero

What type of article was this?

Mark only one oval.

-

_ empirical research
) case study
[ review article

__ ) Other:

What approach(es) was used to pre-process the text data in the article:

**QOnly relevant if empirical research or case study was used**
Mark only one oval per row.

Yes No

Restructuring

or —
Reorganizing
text data

Validating — _—
the textdata —

Neither
approach ) (
was used

If neither approach was used, what approach was adopted?

For example, If an unsupervised method was used, describe it here.
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9. Were any of the following data quality dimensions described in the article?

Mark only one oval per row.

Yes No
Accessibility C
Usability O
Accuracy D C
Timeliness o C
Relevance - -
Completeness ([ -
Validity O C
Comparability () -
Readability D C

10. Disciplinary Area

Which disciplinary area is the article focused on?

Mark only one oval.

_ Epidemiology Population Health or Health Services
) Basic Clinical Sciences
) Computer Sciences
O Engineering (e.g., Computer Engineering)
) Social Sciences (e.g., Sociology, Psychology, Economics)
: Business (e.g., Marketing, Finance)

") Humanities (e.g., Linguistics, English, Classics)

;3 Other:
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2) Characteristics of

the text data

11.  Type of Text Data

Mark only one oval per row.

Text data properties include: size, annotation, provenance

Please make sure to fill every item.
questions please write "N/A"

No

Electronic
Medical
Records

Administrative
Data

HTML/Web
Data

PDFs

Social Media
Data (E.g.,
Tweets,
Facebook
posts, etc)

Product
Review Data
(e.g., Amazon
reviews,
Google
reviews, etc)

Lexical Data
(e.g., Prose,
treebanks,
industry
articles)
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12. If another type of text data was described in this article, please list it here.

13. Are the following elements regarding the size of the text data described?

Mark only one oval per row.

Yes No

Number of
words

Number of
phrases

Number of
records ()
(rows)

Number of  — —
documents .

Number of

features
(columns, ' -
variables)

14. if yes to number of Words how many words?

15. if yes to number of Phrases how many phrases?

16. if yes to number of Records (or rows) how many records?
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17.

18.

19.

20.

21.

if yes to number of Documents how many documents?

if yes to number of Features (columns, variables) how many features?

Was the text data annotated?

An annotation is a note, explanation, or tag added to text to enhance meaning (e.g., part of speech
tagging where each word is tagged as noun, verb, adjective, etc). Text data can also be annotated with
medical codes (e.g., ICD codes), please see reference below.

Mark only one oval.

 Yes

 No

If Yes, what level of annotation automation was adopted?

Manual annotation: labour intensive and involves subject matter experts to manually tag specific text
elements such as words, documents, phrases. (e.g., a doctor tagging patients text notes in electronic
medical records, as having a diagnosis in PTSD or not) Automatic annotation: No labour involved in
tagging specific text elements. Automatic annotation can reduce time and financial costs, at the
expense of accuracy.

Mark only one oval per row.

Yes No

Manual

Automatic

If the annotation was automatic, how was it implemented and used?
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22. Is the text data publically available?

If Yes, do a Google search for the dataset
Mark only one oval.

Yes

No

23. If yes to above, what was the source(s)?
Report the URL

3) Characteristics of Please make sure tq fill every |teml. If no‘ruapplncable
. . on text based questions please write "N/A
restructuring/reorganizing

methods for text data
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24.  What methods were used to restructure/reorganize the data?

Mark only one oval per row.

Yes No
Stop word — Y
removal e o
Word P T
stemming — —
Lemmatization [ :
Removal of — —
punctuation — —
Tex-l - ~ - ~
. 4 / LN )
segmentation o o
Lowercase — —
conversion e e
Removal of — -
spelling errors ~ — —
Expansion of Y
abbreviations - o
Expansion of —_ —
contractions . -
Tokenization () -,
HTML tag Y
conversion - e
Part of speech — —
tagg I ng N/ L)
Removal of —
URLs e o
Removal of — —
numbers \‘_J —




Hashtag/tag
segmentation

Term
frequency -
Inverse
document
frequency TF-
IDF (assign
weights to
text)

25. If another method was used to restructure/reorganize the data, please describe
it below.

26. Are quantitative measures used to describe the results of text pre-processing to
restructure or reorganize the data?

Mark only one oval.

Yes

No

27. If yes, then what measure(s) were used to describe the results of text pre-
processing to restructure or reorganize the data?

. Please make sure to fill every item. If not applicable on text
4) Characteristics of data based questions please write "N/A"

validation techniques
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28.

29.

30.

Was one or more text dataset features validated?

Mark only one oval.

Yes

No

If Yes, what text dataset feature(s) was validated?

Was a text dataset method validated?

Mark only one oval.

Yes

No
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31. What supervised methods were used to validate the data

Mark only one oval per row.

Yes No

Support Vector
Machine
(SVM)

Statistical Text  — —
Mining (STM) — —

Latent
Semantic
Analysis (LSM)

Singular Value
Decomposition
(SVD)

Convolutional
Neural
Network
(CNN)

Hidden Markov =~ —
Model (HMM) —

Conditional
Random Fields
(CRF)

Naive Bayes

32. If another method was used to validate the text data, please describe it below.
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33.

34.

Were any of the restructuring/reorganizing methods or validation methods
applied to subgroups or subsets of the data?

Mark only one oval.

Yes

No

If yes, what subgroups or subsections were analyzed?
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35. How were the supervised methods evaluated?

Mark only one oval per row.

Yes No
Sensitivity/Recall/True —_ .
Positive Rate ~— -~
Specificity/Selectivity/True —
Negative Rate N _/
Precision/Positive . —
Predictive Value p— )
Negative Predictive Value {':_'j: .j":
Accuracy ,_’.'__ ,_'.'__

F1 Score/F-Measure/F-
Score (Harmonic Mean of ()
PPV and Sensitivity)

Youden Index/J (combines - —_—
specificity and sensitivity) R

Area under the ROC curve ()

Mean Absolute Error /
Mean Squared Error / Root () )
Mean Squared Error

36. If another evaluation measure was used, please describe it here.

37. What reference database was used to validate the text data?

This item refers to the use of reference or gold standard corpora used in text data validation. List the
name of the reference database / gold standard corpus. If no answer type “N/A". If a URL is available for
the reference database, add it here.
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Please make sure to fill every item. If not applicable on text based

5) Characteristics of questions please write "N/A”

the software.

38. What software was used to restructure/reorganize and/or validate the text data?

Mark only one oval per row.

Yes No

Python C

User I
Defined g -

No
software () (
stated

39. If user defined software was adopted, what was it used to do?

Complete this question if “User Defined” is checked as "Yes" in previous question otherwise "N/A"
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40. If R or Python was used, what packages were used?

Mark only one oval per row.

Yes No
Keras - Y —
pythoan S '\__)
Tensorflow - — P
python/R — -
Numpy - — @)
p)"‘l‘hon AN S L

Scipy - python )

Theano - —

) )
pyth on N N S
PyTorch - \ Y
P)rth on . NS
Pandas - N
python — —
Matplotlib - — —
P}r'tho n R S

NLTK - python C) )

#

TextBlob - ~ —
python - —
Stanford
CoreNLP - o -
python

spaCy - python () -,

gensim - — ,/_')
python "'_’ o
tidytext - R - -
openNLP - R . -,
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tm - R o O

quanteda - R C ) -
text2vec - R C ) )
qdap - R O O
textstem-R

(for C )
lemmatization)

41. If another package was used, please list it here.
if its in R or Python, please put a "- R" or " - Python" at the end of the package
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Appendix B — Data dictionary for the scoping review data extraction form

Variable Name

Type of Variable

Instructions for Data Extraction

Article Title

Free Text

Fill out.

First Author

Free Text

Write the name of the first author last name
only

Publication Year

Numeric

Fill out.

Journal Name

Free Text

Write the full journal name - no abbreviations
please. This is located in the "Publication”
field in Zotero

What type of article was
this?

Categorical

Empirical research article — defines a
research question, study population, behaviour
or phenomena being studied, and description
of method/process.

Case study article — an intensive study about
a person, a group of people, or a unit, which is
aimed to generalize over several units.
Review article — includes literature reviews,
syntheses, and overviews of the current state
of research on a given topic.

Other — describe using free text if the article
does not fall into one of the categories listed

What approach(es) was
used to pre-process the
text data in the article?

Categorical

Restructuring or reorganizing text data —
methods applied to raw text to standardize or
manipulate the data into a format that is
suitable for research

Validating text data — methods applied to
verify text data against a reference standard
dataset

Neither approach was used

NOTE: both restructuring or reorganizing
AND validating responses can be selected for
a single article. If neither approach was used
select “Yes” for that option and select “No”
for both restructuring or reorganizing text data
and validating text data

If neither approach was
used, what approach was
adopted?

Free Text

If an unsupervised method was used, describe
it here.

Were any of the
following data quality
dimensions described in
the article?

Categorical

Check “yes” for all dimensions that are
explicitly mentioned in the article. Use the
search command in the PDF (Ctrl + F) and
type the data quality dimension to help search.

Disciplinary Area

Categorical

What disciplinary area is best represented by
the topic of the research or review article?
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Type of Text Data

Categorical

Electronic Medical Records — text data from
a computer-based patient record. Usually
from a primary care setting.

Administrative Data — text data that are
collected by governments, agencies, or
organizations (e.g., health, justice, social) for
management or administrative functions
HTML/Web Data — text data scraped from
web pages

PDFs — text data from a specific file format to
present documents (i.e., *.pdf)

Social Media Data — text data that comes
from social media websites such as Facebook,
Twitter, Instagram, etc.

Product Review Data — text data that comes
from product reviews such as Amazon.ca,
Google reviews, or other online retail stores
Lexical Data - text data in the form of prose
(e.g., books), treebanks (e.g., news articles), or
industry articles (e.g., organizational
documents)

If another type of text
data was described in this
article, please list it here.

Free Text

If no other type of text data is described in the
article, type “N/A”

Are the following
elements regarding the
size of the text data
described?

Categorical

Words — individual words

Phrase — a sentence or part of a sentence (e.g.,
cannot include a number, must be more than 1
word (e.g., a Tweet)

Records (rows) — rows or units of a data
frame

Documents — a written, printed, or electronic
paper furnishing information or evidence,
such as a passport, deed, bill of sale, or bill of
lading; a legal or official paper:

Features —variables or columns of a data
frame

if yes to number of words
how many words?

Free Text (restricted

to numbers only)

Fill out, if the article does not apply in this
context, type “N/A”

if yes to number of
phrases how many
phrases?

Free Text (restricted

to numbers only)

Fill out, if the article does not apply in this
context, type “N/A”

if yes to number of
records (or rows) how
many records?

Free Text (restricted

to numbers only)

Fill out, if the article does not apply in this
context, type “N/A”
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if yes to number of
documents how many
documents?

Free Text (restricted
to numbers only)

Fill out, if the article does not apply in this
context, type “N/A”

if yes to number of
features (columns,
variables) how many
features?

Free Text (restricted
to numbers only)

Fill out, if the article does not apply in this
context, type “N/A”

Was the text data Categorical Yes/No

annotated? An annotation is a note, explanation, or tag
added to text to enhance meaning (e.g., part of
speech tagging where each word is tagged as
noun, verb, adjective, etc)

If Yes, what level of Categorical Manual annotation - labour intensive and

annotation automation involves subject matter experts to manually

was adopted? tag specific text elements such as words,
documents, phrases. (e.g., a doctor tagging
patients text notes in electronic medical
records, as having a diagnosis in PTSD or not)
Automatic annotation — No labour involved
in tagging specific text elements. Automatic
annotation can reduce time and financial
costs, at the expense of accuracy.
NOTE: Both Manual and Automatic
annotation can be selected as an option

If the annotation was Free Text Describe where automation was used and how

automatic, how was it was it used. If automation was manual, put

implemented and used? N/A in this space.

Is the text data publicly Categorical Fill out as yes (i.e., publically available), no

available? (i.e., not publically available)

If yes to above, what was | Free Text Report URL for the source

the source(s)?

What methods were used | Categorical Fill out, choose an option, multiple methods

to restructure and/or can be selected.

reorganize the data?

If another method was Free Text Fill out, if the article does not apply in this

used to context, type “N/A”

restructure/reorganize the

data, please describe it

below.

Are quantitative measures | Categorical Fill out, yes/no

used to describe the
results of methods
applied to restructure or
reorganize the data?
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If yes, then what Free Text Fill out, if the article does not apply in this

measure(s) were used to context, type “N/A”

describe the results of

text pre-processing to

restructure or reorganize

the data?

Was one or more text Categorical Fill out, yes/no

dataset features

validated?

If Yes, what text dataset | Free Text List the feature that was validated and how the

feature(s) was validated? validation was done

Was a text dataset Categorical Fill out, yes/no

method validated?

What supervised methods | Categorical Fill out, choose yes or no for each method

were used to characterize

or validate the data

If another supervised Free Text Fill out, if the article does not apply in this

method was used to context, type “N/A”

characterize or validate

the text data, please

describe it below.

Were any of the Categorical Fill out, yes/no

restructuring/reorganizing

methods, validation

methods, or descriptive

methods applied to

subgroups or subsets of

the data?

If yes, what subgroups or | Free Text Fill out, if the article does not apply in this

subsections were context, type “N/A”

analyzed?

How were the supervised | Categorical Fill out, choose either yes or no for each

methods evaluated? option according to the article

If another evaluation Free Text Fill out, if the article does not apply in this

measure was used, please context, type “N/A”

describe it here.

What reference database | Free Text List the name of the reference database / gold

was used to validate the standard corpus. If there is no reference

text data? database or gold standard, please type “N/A”.
If a URL is available for the reference
database, add it here.

What software was used | Categorical Fill out, choose Yes/No for each type of

to restructure/reorganize
and/or validate the text
data?

software. The categories are not mutually
exclusive.
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If user defined software Free Text Complete this question if “User Defined” is
was adopted, what was it checked as “Yes” in previous question

used to do? otherwise “N/A”

If R or Python was used, | Categorical Fill out; choose either yes or no for each listed
what packages were package

used?

If another package was Free Text Fill out, if the article does not apply in this

used, please list it here.

context, type “N/A”
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Appendix D — Preprocessing methods by clinic site

Figure 21 - Mean lexical diversity per note by clinic site
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Figure 22 - Mean spelling errors per note by clinic site
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Figure 23 - Mean punctuation per note by clinic site
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Figure 24 - Mean stop words per note by clinic site
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Figure 25 - Mean word length per note by clinic site
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Figure 26 - Mean character length per note by clinic site
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