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Abstract

Recent efforts in clinical natural language processing research have focused on
mining social media data and other user-generated data relevant to COVID-19. An
increasing number of machine learning tools have been developed for annotation, topic
modeling, and various classification tasks, including the now widely used Bidirectional
Encoder Representations from Transformer (BERT) language model. In this study, we
improve the domain specificity of COVID-Twitter-BERT for secure health system
messages through supervised fine-tuning on a large corpus of patient-originated
messages. Following sentiment annotation with a validated rule-based heuristic tool, an
auxiliary sentence approach was implemented to conduct aspect-based sentiment
analysis. We find that existing machine learning tools optimized on social media tools
demonstrate moderate-to-good generalizability to secure patient messages. Furthermore,
significant performance improvements to a weighted average F1 score of 0.881 were
realized upon implementation of fine-tuning and auxiliary sentence approaches. We also
observe temporal trends in positive, negative, and compound (overall) sentiment
measured on over 3.2 million patient messages related to COVID-19. We believe that
secure health system messages are an increasingly valuable source of clinical text data

and can be effectively mined using emerging deep transfer learning techniques.
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Chapter I

Introduction

This thesis presents the design, architecture, and implementation of a rule- and
deep transfer learning-based algorithm for improved sentiment analysis of secure health
system messages. Despite the increasing volume of health system messages and
telehealth-related communications in the era of COVID-19, most natural language
processing (NLP) studies have focused on more freely minable social media data. By
collating and utilizing a large, richly featured corpus of health system messages, this
work provides a unique comparison of extant approaches to COVID-related sentiment
analysis. We also investigate the generalizability of popular transformation-based models
to the analysis of patient-originated secure messages through the evaluation of recently
described rule-based and machine fine-tuning strategies. Our proposed implementation
aims to demonstrate a feasible method for domain-specific, aspect-based sentiment
analysis of COVID-19 content that broadens the existing scope of communication

corpora in clinical NLP.



Chapter 11

Background and Technical Context

2.1 Introduction

Natural language processing (NLP) is a computational subfield at the intersection
of linguistics, computer science, and artificial intelligence. Though the term is used
broadly, nearly all applications of NLP seek to functionally understand human language
through computational analysis. To this end, machine NLP generally treats a language as
a set of symbols arranged according to some discrete, discoverable set of rules (Khurana
et al., 2017). By utilizing a variety of frameworks to modularize, manipulate, and
otherwise transform these representations of language, such algorithms attempt to
accurately receive or transmit information from large volumes of text data. Given the
extraordinary rate at which unstructured text data is generated in today’s digital age,
ongoing NLP efforts primarily focus on the extraction of context and meaning from

unstructured free text.

Challenges in NLP can be categorized into issues of speech recognition, natural
language understanding (deconstruction), and natural language generation (construction).
Speech recognition, often referred to as “speech-to-text,” is the machine processing of
spoken language into a meaningful textual format. Natural language understanding refers
to machine “comprehension” of human-originated text that informs machine-based
action. Finally, natural language generation is the programmatic transformation of

various types of input data into human-readable text. The level of task complexity varies



based on a diverse array of application goals, input data, and analysis layers, with many

real-world applications involving aspects across all three domains.

In recent years, healthcare has become an important focus of applied NLP
research. Indeed, NLP is the most widely used big data analytical technique in healthcare
and frequently applied to internal health system data sources as well external data
originating from state agencies, federally-funded laboratories, pharmaceutical companies,
and medical journals (Mehta & Pandit, 2018). The availability of rich internal data is
largely due to the widespread use of electronic medical record (EMR) systems, which
were federally mandated for all United States healthcare providers starting in 2014
(Congress, 2009). Given the limitations of coding structured EMR fields and ever-
increasing volumes of regulatory documentation, many clinicians opt to capture the
nuances of diagnostic reasoning in free text notes. This data is often the only source of
patient status indicators, provider recommendations, and interprofessional consults,
among other critical pieces of clinical information (Lovis et al., 2000; Tange et al., 1997;
Walsh, 2004). Additionally, many health systems have implemented patient portals and
telemedicine apps that give patients and providers the option to exchange messages.
These messaging systems tend to mimic email services and are almost always designed
using a free text format. As a result, an estimated 80-90% of all medical record and
patient-provider communications data is stored as unstructured free text (Vashisth et al.,

2020).

Despite the vast array of text-based data available in EMRs and patient-provider
messaging portals, this information is widely underutilized due to a lack of accessible

end-user interface tools (Broseta, 2021). Accessibility problems are further exacerbated



by the fragmentation of software development companies and the lack of interoperability
across many EMR programs (Jensen et al., 2012; Technology, 2017). By design, NLP
methods are well-positioned to turn the existing landscape of feature-rich, text-based
clinical data repositories into usable drivers of downstream healthcare operations.
Examples of common development focuses include the extraction of actionable insights
from clinical notes, differentiation of low vs. high-risk patients, and real-time
augmentation of diagnostic decisions (Broseta, 2021). NLP-enabled text mining
applications are uniquely suited to address data challenges in modern medicine and could

potentially drive transformative advances across all aspects of healthcare delivery.

2.2 Clinical NLP

Over the past decade, the growing adoption of EMR systems has digitized clinical
information and driven an unprecedented increase in the volume of unorganized data.
Given the increasing regulatory complexity of modern medicine, the lack of
standardization across health systems, and the growing ubiquity of data-rich
environments in healthcare, there is an urgent need for tools that can extract actionable
value from unstructured text. Recent estimates predict that the value of the global
healthcare NLP market will rise by 20% over the next few years to nearly $7.5 billion
USD in 2027 (Research, 2020). Investment in large-scale clinical research projects has

risen accordingly, with NLP development concentrated in several key areas.

2.2.1 Acuity Triage
Patients who present acutely are often triaged by medical staff as part of the

clinical intake process. NLP algorithms that can identify patients at higher risk of



imminent adverse events are being actively developed to deploy resources more
efficiently across healthcare. For instance, a study of 139,150 adult emergency
department visits found that NLP analyses of free-text reason for visit data collected
during triage improved models predicting whether advanced diagnostic imaging would be
needed (Zhang, Kim, et al., 2019). Similar models have also been developed for pediatric
emergency visits (Zhang, Bellolio, et al., 2019). Other neural network-based algorithms
have been used to ingest clinical notes at the point of triage to predict features ranging
from emergency department resource requirements, patient acuity levels, and even future
need for hospitalization with moderate to excellent accuracy (Choi et al., 2019; Jiang et
al., 2021; Patel et al., 2018; Sterling et al., 2020). Recently, a deep learning tool showed
excellent performance in triaging radiation oncology incident reports based on the degree
of dosage irregularity (Syed et al., 2020). These and other recent studies suggest

predictive NLP tools can be used to improve outcomes in emergent care.

Even before the point of care, clinical NLP can also be used to triage incoming
messages from patients. In 2017, rule-based and machine learning approaches were used
to automate the classification of patient messages sent through secure patient portals.
Messages were categorized under all applicable communication types (i.e., informational,
medical, prescriptions, and so on), with several models demonstrating excellent
performance (Cronin et al., 2017; Elmessiry et al., 2017). These results have since been
replicated with other neural networks across health systems and content types; newer
studies have begun to also account for socioemotional tone (De et al., 2021; Hogan et al.,
2018; Sulieman et al., 2017). Interestingly, researchers have also applied NLP analysis to

messages coordinating patient care between medical staff and administrators.



Assessments of breast cancer treatment teams have identified areas where clinicians’
clerical burdens can be reduced to combat provider burnout (Steitz et al., 2021). This
emerging body of evidence demonstrates the utility of NLP “pre-processing” in the

management of increasing patient-provider messages volumes.

2.2.2 Event Detection

Electronic health records contain significant amounts of phenotypic information
that are not captured in structured (coded) EMR fields. While structured fields tend to be
used for billing processes and demographic surveys, unstructured data contains clinically
pertinent information authored and primarily utilized by providers. Patient status updates,
progress notes, and other indicators of medical status are included to help determine
medical status and appropriate next steps for patients. These records are frequently used
in clinical research to determine the occurrence of adverse events, investigate symptoms
that may contribute to or characterize diseases, and retrospectively investigate clinical
outcomes. NLP algorithms capable of identifying parameterized medical events from the
continuous, unorganized stream of EMR updates could increase real-time adherence to

clinical protocols and enhance clinical research.

Detecting and preventing adverse events is an important public health priority.
Adverse drug reactions (ADRs) drive up to 28% of visits to emergency department visits
and 6.4% of hospital fatalities (Patel & Zed, 2002; Wester et al., 2008). However,
voluntary reporting by most institutions remains largely unsuccessful (Hazell & Shakir,
2006). Over the last decade, text mining algorithms have become increasingly valuable in

identifying ADRs in narrative EMR documents. As algorithm complexity increases from



simple free text searches to NLP-enabled analyses, identification of ADRs generally
improves (Warrer et al., 2012; Wong et al., 2018; Wunnava et al., 2019; Young et al.,
2019). Recently, a public server was developed to automatically ingest, aggregate, and
report gene expression changes associated with drug resistance by disease category. By
combining NLP and rule-based methods, researchers were able to construct a hybrid set
of textual features that identify different drug response relationships with excellent
precision and accuracy (Khalid & Sezerman, 2017). Future applications of these and

similar tools show great promise for evaluating ADRs in complex disease.

In addition to the discovery of ADRs, narrative EMR documentation plays a
critical role in the assessment of medical status. NLP methods have advanced the
algorithmic detection of symptoms across multiple disease categories, most notably in
cardiac and other emergency medical events, chronic diseases, surgery, and more recently
mental health (Hernandez-Boussard et al., 2019; Koleck et al., 2019; Le Glaz et al., 2021;
S. Lee et al., 2019; Mellia et al., 2021; Sheikhalishahi et al., 2019). For example, a recent
United Kingdom (UK) study applied a rule-based natural language engine to the medical
records of 2000 randomized patients with a recorded myocardial infarction (MI).
Researchers extracted 10,927 diagnoses and thousands of related test results, negation
statements, and suspected secondary diagnoses. Compared to information in structured
fields, their results showed that the proportion of patients with preceding chest pain was
significantly higher, that subtypes of MI could be specifically defined, and that recorded
causes of death were often incomplete (Shah et al., 2019). Many studies find that NLP-
based processing similarly outperforms billing codes in evaluating symptom burden

across hemodialysis, allergic drug reactions, non-alcoholic fatty liver disease, epilepsy,



and other medical conditions (Banerji et al., 2020; Chan et al., 2020; Decker et al., 2021;
Van Vleck et al., 2019). Given the algorithmic nature of clinical protocols and the
importance of staging/grading in disease classification, NLP systems provide clear value

in patient management scenarios.

Finally, free-text documentation is a rich source of information for clinical
researchers seeking to improve our understanding of disease course and current treatment
regimes. NLP mitigates several key challenges in outcomes research, including the
difficulty of modeling outcomes at an individual or group level, prohibitive costs of
large-sample studies, and inaccessibility of other non-EMR text data at meaningful scale
(Velupillai et al., 2018). NLP opportunities are particularly exciting in mental health
research, where most medical documentation is in free-text format and external data is
increasingly populated. For example, deep learning has been used to characterize
outcomes in patients with psychiatric conditions using social media posts, transcripts of
online and text-based psychotherapy sessions, and notes from interprofessional consults
(Althoff et al., 2016; Gkotsis et al., 2017; Goldberg et al., 2020; Obeid et al., 2019). In a
recent ophthalmologic surgery study, a rule-based laterality classifier built using the
records of 6347 patients achieved complete accuracy in categorizing surgery types when
compared to human annotators (S. Y. Wang et al., 2020). NLP algorithms have also been
used in oncology to quantify factors associated with cancer recurrence and overall
survival (Carrell et al., 2014; Kehl et al., 2020; Ping et al., 2013; Strauss et al., 2013; Yim
et al., 2016). These and other text-processing pipelines are important methods for

capturing clinical events and advancing clinical outcomes research.



2.2.3 Case (Diagnostic) Detection

Achieving diagnostic accuracy, usually as early as possible in a patient’s clinical
course, is integral to providing effective care. Machine learning applications may be able
to synthesize large volumes of dynamic, unstructured text data to augment clinical
diagnoses in real-time. In the medical literature, rapid advances in the automated
understanding of radiology reports are at the forefront of NLP-based case detection. A
systematic review published in 2021 identified 164 publications describing applications
of NLP in radiology. Of models that extracted information from free text, nearly 40%
surveilled the progression of known disease while 20% attempted to classify disease
types and/or stages (Casey et al., 2021). Recently, an increasing number of studies have
applied spatial role labeling annotation schemes to radiologic reports in the development
of deep learning-based entity extraction methods (Datta & Roberts, 2020). Algorithms
have demonstrated accuracy in the investigation of tumor characteristics such as size,
progression status, change over time, and treatment response (Bozkurt et al., 2019; P. H.
Chen et al., 2018; Cheng et al., 2010; Hassanpour et al., 2017). Classification algorithms
have also been developed to identify and further classify a range of conditions including
ischemic stroke, pulmonary embolism, bone fractures, ophthalmologic lesions, and late-
life depression, among many others (Casey et al., 2021; M. C. Chen et al., 2018; DeSouza

et al., 2021; Kim et al., 2019; C. Lee et al., 2019; Yang et al., 2021).

Patient-reported outcomes (PROs) are another important aspect of patient
phenotyping. Due to their subjective nature, PROs are rarely systematically recorded and
are most often found within unstructured text in EMRs. Programmatic NLP can be an

efficient way to convert unstructured PRO narratives to structured labels that augment



diagnostics (Gonzalez-Hernandez et al., 2017). In a recent study, a hybrid NLP pipeline
was developed to utilize PROs in the classification of urinary incontinence. Within a
cohort of 3642 prostate cancer patients, this model achieved excellent performance
(Bozkurt et al., 2020). Another study utilized over 11 million patient-generated posts in
online support group networks run by a large health system. NLP analysis found
statistically significant correlations between statin use and discussions of memory
impairment, aphasia, cognitive impairment, and emotional change (Timimi et al., 2019).
In a study of acute coronary syndromes, patient-reported post-discharge pain was
associated with shorter periods before rehospitalization (J. Chen et al., 2021).
Furthermore, early studies suggest that NLP analyses may also improve cohort
identification in the case of relatively common diseases such as diabetes and rare diseases
such as X-linked hypophosphatemia (Broseta, 2021; Turchin & Florez Builes, 2021). In
these scenarios and likely many others, the extraction of targeted features from patient-

reported information can improve diagnostic accuracy.

2.2.4 Patient Sentiment

Improving the patient experience has become an important priority for many
healthcare institutions. Since patient feedback is often text-based and solicited via
electronic surveys or captured within patient portal messages, NLP algorithms are well
positioned to address this need. Specific techniques designed to perform sentiment
analysis, also referred to as “opinion mining” or “emotion Al,” allow investigators to
measure affective states expressed in free text. A recent narrative review identified 19
studies where language analysis techniques were applied to both unsolicited patient

feedback posted to social media sites and solicited feedback provided through structured

10



surveys. Researchers found that a relatively small vocabulary set accounted for 92% of
content, suggesting that the perspectives and language domains used in patient feedback
are distinctly fixed. The results of topic modelling analyses were also similar to those of
topic classification analyses (Khanbhai et al., 2021). These data characteristics improve
the chances that NLP classifiers can reliably and reproducibly evaluate sentiment in
patient feedback (Smith, 2017). Interestingly, several studies found no relationship
between conventional metrics of patient sentiment and sentiment in matched Twitter
posts (Greaves et al., 2014; Hawkins et al., 2016). Social media analysis may instead be
better used to gain insight into how patients and their families experience disease

(Gabarron et al., 2019; Zunic et al., 2020).

Patient perception also plays a key role in the adoption of new health system
technologies. Automated conversational agents, which often employ underlying NLP
algorithms to interpret and respond to input text, are increasingly utilized in healthcare.
Agents have been developed for various uses including health screenings, patient triage,
counseling, and at-home health management; they demonstrate effectiveness in
efficiently allocating resources and advancing patient-centered care (Chang et al., 2008;
Fitzpatrick et al., 2017; Havik et al., 2018; Isaza-Restrepo et al., 2018). In addition to
supporting their technical architecture, NLP can also be applied to understand how
patients perceive and utilize conversational agents. Many studies have identified specific
features that tend to be rated highly by patients and appear to improve individual
experiences of the healthcare system. The overwhelming majority of studies find that
patients feel positively towards automated agents due to perceptions of usefulness, ease

of use, appropriateness, and overall satisfaction (Milne-Ives et al., 2020). As with

11



feedback provided directly by patient sources, sentiment analysis regarding

conversational agents can be applied to improve healthcare delivery.

2.3 Technical Approaches in Clinical NLP

The field of computational NLP has progressed significantly over the past decade.
With the advent of commercially available artificial intelligence applications, adoption of
NLP across healthcare, law, finance, and other data-reliant enterprise industries has
increased at an unprecedented rate (Vashisth et al., 2020). While many shared analytical
approaches can be utilized in NLP analyses regardless of data type, certain
methodologies are more common in healthcare due to the unique characteristics of
narrative clinical data. For example, vocabulary and linguistic structures used in clinical
text corpora tend to be highly stable and can be captured within a consistent set of
domains (Khanbhai et al., 2021). However, the underlying meaning of these vocabularies
is differentiated from that of other industries due to the complex coding system
implemented by health insurance payers. In addition, the use of patient/customer/user-
generated data is relatively more common in clinical NLP initiatives than in other
industry applications. Given the extensive regulations regarding the use of private health
information (PHI), researchers have developed differentiated methods of data annotation,
extraction, and analysis specific to clinical NLP that have important implications for

technical approach.

2.3.1 Systematized Nomenclature
The complexities of disease pathologies and clinical practice necessitate a method

for producing unambiguous medical information. First released in 2002, the Systematized

12



Nomenclature of Medicine-Clinical Terms (SNOMED CT) was developed by a
multinational group of researchers to ensure consistent reuse of data and support semantic
interoperability (Lee et al., 2014). The SNOMED system is widely considered to be the
most comprehensive catalogue of global standards for health terms and is maintained by
SNOMED International, a nonprofit organization with 39 member countries (Agrawal et
al., 2013; Elkin et al., 2006; Khorrami et al., 2018). In the United States, SNOMED was
recently implemented as a standard for meaningful use in electronic health record
programs and is near-ubiquitously used to encode diagnoses and problem lists (Agrawal

etal., 2013).

SNOMED CT consists of three components: concepts, descriptions, and
relationships. The system is continuously expanding, with the current version containing
over 350,000 concepts and accompanying descriptions and mapping over one million
semantic relationships. From an ontological perspective, SNOMED is structured as a
complex graph containing labeled edges and vertices, allowing for features such as
compositional grammar, expression constraint queries, and the creation of
postcoordinated concepts (Gaudet-Blavignac et al., 2021). Given its usefulness across
clinical practice, SNOMED is the basis of many structured fields in EMRs. However,
manual encoding of clinical free text into SNOMED is prohibitively time intensive and
lacks scalability. To circumvent these costs, NLP techniques are used to encode clinical
corpora into SNOMED vocabulary structures. An evolving body of work evaluates the
utility of current concept mapping strategies across rule-based, manual, hybrid, and
machine learning approaches; extant methodologies have been found to be primarily rule-

based (Gaudet-Blavignac et al., 2021).
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2.3.2 Public Annotated Corpora

Clinical text analyses frequently utilize forms of supervised machine learning and
deep learning. To perform at or above acceptable predictive standards, these and other
artificial intelligence methods require large volumes of annotated data for algorithmic
training and evaluation. Additionally, the ubiquitous SNOMED CT ontology requires a
significant investment in data annotation for mapping free text to over 350,000 classes. In
clinical machine learning applications, the SNOMED ontology is often used as a proxy
for semantic content to simplify classification between free text and structured data
(Gaudet-Blavignac et al., 2021). Automated mapping of clinical free text is therefore a
non-trivial task and subject to many constraints; as described in a recent systematic
review, this may lead to the reuse of non-evaluated, non-open-source tools such as
Medtex (Gaudet-Blavignac et al., 2021). Furthermore, clinical NLP efforts can be limited
by the expense and/or lack of accessibility of relevant, high-quality PHI, as such data is
subject to extensive patient privacy and confidentiality restrictions. Therefore, the public
availability of several annotated clinical text corpora has played a key role in supporting
clinical NLP studies. However, results generated from these shared datasets may be
limited in their generalizability (D'Avolio et al., 2011; Gobbel et al., 2014; Stanfill et al.,

2010).

The 12b2-shared task dataset was developed for the 2010 i2b2/VA Workshop on
Natural Language Processing Challenges for Clinical Records and is one of the most
popular datasets used in clinical NLP studies. Created as a partnership between the
UCLA Informatics for Integrating Biology and the Bedside (i12b2), an NIH-funded

National Center for Biomedical Computing, and the Veterans Affairs Salt Lake City

14



Health Care system, the dataset consists of 394 training reports, 477 test reports, and 877
unannotated de-identified reports contributed by Partners Healthcare, Beth Israel
Deaconess Medical Center, and the University of Pittsburgh Medical Center (Uzuner et
al., 2011). Training and test reports were manually annotated by providers at the three
institutions and shared in the public domain under data use agreements. To date, this
dataset is unique in its composition of multiple report types sourced from multiple
independent institutions. Multi-institutional participation is thought to support the
ongoing diversification of clinical NLP datasets and mitigate concerns regarding
generalizability. Additionally, the construction of the 2010 dataset extends that of
previous i2b2 datasets by adding new types of data, concepts, assertions, and
relationships (Hirschman et al., 2005; Jones, 1995; Uzuner, Solti, & Cadag, 2010;

Uzuner, Solti, Xia, et al., 2010; Uzuner et al., 2011).

The applications of i2b2 data in clinical NLP are diverse and ongoing. Though
originally created as reference standard corpora for the three challenge tasks of concept
extraction, assertion classification, and relation classification, the 2010 dataset has since
been used to develop algorithms for rapid medical phrase mapping, medication
information extraction and processing, clinical knowledge discovery, and events and
temporal expression extraction from clinician notes across specialties (Gobbel et al.,
2014; Jindal & Roth, 2013; Patrick & Li, 2010; Patrick et al., 2011; Zhou et al., 2011).
The corpus has also been used to develop guidelines for and validate state-of-art parsing
technologies in clinical text (Fan et al., 2013; Jiang et al., 2015). More recently,
researchers have also used i2b2 data to adapt word vectors to better encapsulate lexical

and clinical synonymy concepts and to build an NLP pipeline that accurately extracts
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physician-reported pain from clinical reports (Naseri et al., 2021; Nath et al., 2021). The
dataset has also been used to examine two deep neural network architectures, finding that
a recurrent neural network (RNN) model achieved state-of-the-art performance in named
entity recognition compared to a convolutional neural network (CNN) model (Wu et al.,
2017). Datasets from other i12b2 challenge tasks, such as the 2008 Obesity Challenge task
and the 2009 Medical Extraction Challenge, have also been used to phenotype patients
with certain conditions and improve clinical entity recognition in EMR systems (Gligic et
al., 2020; Hong et al., 2019). An estimated 200 individuals use data from past i2b2

challenge tasks in global academic NLP research (Uzuner et al., 2011).

The Multiparameter Intelligent Monitoring in Intensive Care (MIMIC) II and III
are comprehensive intensive care unit (ICU) datasets that are publicly accessible upon
formal request. The MIMIC databases were first released in 2011 and have been
developed by the Beth Israel Deaconess Medical Center since 2003 with funding from
the National Institutes of Health. MIMIC II consists of 40,426 ICU admissions across
32,356 patients admitted to medical, surgical, ICU, recovery, and critical care units (The
MIMIC II Clinical Database, 2011), while MIMIC III includes additional procedure,
medication, and progress note information. In addition to narrative data comprised of
clinical notes and structure fields, a subset of MIMIC II records contain high temporal
resolution data including physiological waveforms, laboratory results, and minute-by-
minute data recordings from bedside monitor devices (Saeed et al., 2011). The
availability of detailed records in MIMIC is unmatched across publicly available
annotated corpora and especially in the subfield of critical care informatics. Additionally,

many MIMIC records include International Classification of Disease 9" edition (ICD-9)
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codes directly used in administrative processes. MIMIC records have also been
deidentified in accordance with legislative standards. While these data are available for a
large and diverse patient population, they are representative of only a single tertiary care

hospital in the United States.

Given their convenience, depth, and large sample size, the MIMIC datasets have
been utilized across clinical NLP. Researchers have mined MIMIC text corpora for a
wide variety of medical knowledge, including the alcohol and substance abuse status of
patients discharged from the ICU, the effect of hypotension exposure on the risk of acute
kidney injury, and differences in circadian variation between septic patients who survive
and those who succumb in critical care situations (Lehman et al., 2016; Topaz et al.,
2019; Wang et al., 2014). Many MIMIC-based studies describe the processes of building,
testing, and refining machine learning models intended to predict clinical outcomes. For
example, a recent study compared the performance of six commonly used machine
learning programs in predicting acute hypotensive episodes. Only non-invasive
physiological parameters were used in an ensemble prediction model to achieve good-to-
excellent accuracy (G. Zhang et al., 2021). Many other studies have extracted thousands
of MIMIC cases to predict ICU readmission risk, hospital mortality and other morbidity
correlates, and even personalized illness scores (Awad et al., 2017; Data & Pirracchio,
2016; Ghosh et al., 2017; Han et al., 2021; Lee & Maslove, 2017; Venugopalan et al.,
2017; Xue et al., 2019; X. Zhang et al., 2021). MIMIC data has also been used to identify
synonymy in SNOMED and train clinical language models used in clinical information

extraction pipelines (Henriksson et al., 2013; Kim et al., 2021).
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The MIMIC databases have also contributed significantly to NLP-driven
innovation. A particularly novel study employed MIMIC II data to extract features from
electrocardiogram and photoplethysmography monitoring data. By running these features
through a hybrid feature selection algorithm and multi-penalty regularized regression
technique, researchers were able to implement a successful cuff-less blood pressure
management system (Khan Mamun, 2021). Another study used MIMIC III to determine
that positive sentiment in nursing notes written within 12 hours prior to death was
inversely correlated with in-hospital mortality rates. Certain features generated from
sentiment analysis, including sentiment polarity and sentiment subjectivity, may be
promising indicators of in-hospital mortality that can be assessed in real-time (Gao et al.,
2021). Furthermore, MIMIC has even been used to advance bioinformatics education,
where a subset of data from MIMIC II is integrated as part of a case study demonstrating
the concepts of propensity score analysis in EMR research (Chen & Moskowitz, 2016).
In 2013, the Shared Annotated Resources (ShARe) project and the CLEF Initiative
(Conference and Labs of the Evaluation Forum, previously known as Cross-Language
Evaluation Forum) created a “silver standard” concept annotations corpora derived from
the MIMIC-III database (Goldberger et al.; Mowery, 2013; Suominen et al., 2013).
Notably, the ShARe/CLEF corpus has been used to test several concept recognition
clinical NLP tools including cTAKES, the National Center for Biomedical Ontology
(NCBO) Annotator, the Biomedical Concept Annotation System (BeCAS) and

MetaMap/MMTx (Collier et al., 2015; Oellrich et al., 2015; Tang et al., 2015).

Other public clinical corpora are notable for their robust annotation and specific

focuses. The Clinical E-Science Framework (CLEF) corpus, developed by the Royal
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Marsden Hospital, consists of clinical narratives, radiology reports, and histopathology
reports associated with over 20,000 deceased cancer patients (Roberts et al., 2007). CLEF
was constructed using two semantic annotation schemes and achieves good performance
with gold standard inputs (Hong et al., 2020; Angus Roberts et al., 2008). A UK-based
research group successfully used CLEF data to extract important clinical relationships
from text (A. Roberts et al., 2008). Another corpus, PhenoCHF, is derived from an
obesity identification-related subset of i2b2 semantically annotated with phenotypic
information concerning congestive heart and renal failure. PhenoCHF has been used to
develop a series of algorithms that can extract phenotype information across diseases.
Consistent with previous literature, investigators found that solutions based on

conditional random fields and feature-rich datasets were optimal (Alnazzawi et al., 2015).

Conversely, the Temporal Histories of Your Medical Events (THYME) corpus is
also based on clinical notes and pathology reports but focuses on temporal semantic
relationships. Developed using 1,254 deidentified notes from the Mayo Clinic pertaining
to oncology, brain cancer, and colon cancer, the THYME guidelines extend the ISO-
TimeML tool to differentiate between linguistically- and inferentially-derived temporal
orderings of clinical data (Bethard et al., 2015; Bethard et al., 2016; Styler et al., 2014). A
systematic review found that 28 studies have used the THYME corpus to identify
clustered events and other significant temporal groupings (Alfattni et al., 2020; Savova et
al., 2017). Researchers found that associative attention networks can be used to reduce
the number of entity pairings and improve performance in models of health signals (Zhao
et al., 2019). THYME has also been used to validate the first open-source temporal

relation discovery program, able to programmatically infer temporal relationships
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between clinical events and time expressions using a multilayered modeling strategy (Lin

etal., 2016).

Importantly, few clinical corpora have been made available in non-English
languages. The MedNLPDoc corpus, comprised of fewer than 1000 medical examination
notes and annotation only at the document level, is published in Japanese (Aramaki et al.,
2016). The Turku Clinical TreeBank and PropBank are available in Finnish and were
developed using physician and nursing notes consisting of 2800 sentences across only
eight cardiology ICU patients (Ginter et al., 2010; Haverinen et al., 2013; Laippala et al.,
2014). Similarly, the Stockholm EPR PHI Pseudo Corpus consists of 100 pseudonymized
patients records and is published in Swedish (Alfalahi et al., 2012). There is also an
ongoing effort to develop clinical corpora in Chinese, where researchers have applied a
novel iterative annotation method to annotate nearly 1000 clinical documents (He et al.,
2017). These are other multilanguage NLP efforts have identified syntactical challenges
specific to individual language structures (He et al., 2017; Xu et al., 2014; Zhang et al.,

2016).

Several ancillary resources can help support multilanguage clinical NLP efforts.
Most well-known is the Unified Medical Language System (UMLS), an aggregate of
over 100 biomedical terminologies and ontologies that serves as an interoperability
standard across biomedical vocabularies. The current UMLS Metathesaurus release
includes over 9.1 million terms in English, 1.3 million terms in Spanish, and less than 5%
total terms in all other languages including Japanese, Dutch, and French (Bodenreider,
2004; Névéol et al., 2018). Additionally, the Clinical Trials for Evidence-Based Medicine

in Spanish (CT-EBM-SP) corpus is a biomedical resource that spans 1200 clinical trial
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texts annotated with various entities from UMLS groups (Campillos-Llanos et al., 2021).
While not directly applicable to clinical narrative text, the CT-EBM-SP employs related
machine learning methods to develop a pipeline for processing evidence-based medicine
articles. Similarly, Chia is a newly developed annotated corpus of eligibility criteria
extracted from 1,000 Phase IV interventional trials registered on ClinicalTrials.gov,
comprising 41,487 entities with 25,017 relationship types (Kury et al., 2020). Finally, the
multilingual clinical entity recognition tool Cimind was developed and validated using
translated versions of the 2016 and 2017 editions of the CLEF database (Cabot et al.,

2019).

Accessible annotated corpora serve as a valuable tool in the advancement of
clinical NLP. However, their relative scarcity, expensive, and lack of multilingual
support can pose significant barriers to research (Jiang et al., 2015). Recently, a
Norwegian research team has attempted to mitigate this burden through the systematic
generation and development of annotation guidelines for synthetic clinical corpora.
Double loops of corpus production and guideline development were implemented to
generate a corpus of 477 sentences associated with over 6000 entity labels. A linear
classifier trained to extract family history information regarding genetic cardiac disease
achieved good precision and recall on both synthetic data and a genuine corpus of 2,276
outpatient cardiologist notes (Brekke et al., 2021). Another study which implemented
recurrent neural network, generative adversarial network, generate pre-training, and
conditional transformer language models to generate 500 “history of present illness”
clinical notes. Similar to Brekke et al., named entity recognition models achieved good

performance on synthetic data compared to a subset of i2b2 data (Li et al., 2021). Recent
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evidence also suggests that machine-generated medical phrases can effectively substitute
clinical features in free text (Abdollahi et al., 2021). Synthetic data generation should

therefore be considered as a promising data augmentation strategy in clinical NLP.

2.3.3 Named Entity Recognition

In NLP, the mapping of language expressions to a systematized nomenclature is
referred to as clinical named entity recognition. Entity recognition is critical to critical
NLP and often the first step in more complex analyses (Sun et al., 2018). To meet the
needs of clinical researchers, an uncoordinated set of NLP mapping technologies has
been developed with significant variation in methods, measurement, and output
terminologies. Indeed, a recent literature review identified close to a dozen software-
based tools used in clinical text mining studies (Gaudet-Blavignac et al., 2021). However,
many of these algorithms have not been validated externally or at all (Kersloot et al.,
2020). The most popular tool is Medtex, which was developed by the Australian eHealth
research center as a pipeline layer built on other tools (Nguyen et al., 2009). Medtex
utilizes the General Architecture for Text Engineering (GATE) platform to map clinical
terms, abbreviations, acronyms, and clinical short-hand onto SNOMED concepts
(Cunningham, 2002; Nguyen et al., 2009). Following term retrieval, underlying part-of-
speech parsing algorithms and variant generation techniques from the open-sourced
MetaMap (MMTx) and NegEx programs are applied to annotate text with SNOMED
concepts and negation symbols (Aronson, 2001; Chapman et al., 2001). Furthermore,
Medtex implements a messaging architecture of parallel message consumers that can
receive messages from one queue simultaneously. This high-throughput capability makes

Medltex especially popular in the analysis of electronic pathology feeds (Gaudet-
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Blavignac et al., 2021; Monson-Haefel & Chappell, 2002; Nguyen et al., 2015). No
evaluation of Medtex mapping has been published, though excellent sensitivity,
specificity, and positive predictive value has been observed in cancer identification from

pathology reports and extraction of tumor prognostic markers (Khor et al., 2019; Nguyen

etal., 2016).

Another commonly used entity recognition tool is the Mayo Clinic Vocabulary
Server (MCVS), also referred to as the Multi-threaded Clinical Vocabulary Server. The
MCYV'S uses a combination of platform- and language-neutral server tools, which create an
extensive set of indices to underlying SNOMED terminology, and user-facing modular
GUI tools, which implement automated compositional expression and automated term
dissection methods to navigate the terminology and build conditional coded expressions
(Elkin et al., 2006). Considering only exact conceptual matches, an early study of the
MCVS demonstrated a sensitivity of 99.7% and specificity of 97.9% across the 4,996
most common problem statements in the Mayo Master Sheet Index (Elkin et al., 2006).
Though not as widely utilized as the MCV'S, LingoEngine has been cited as its

commercially available iteration (Brown et al., 2008).

A third system called the Medical Text Extraction Reasoning and Mapping
System (MTERMS) uses shallow and deep parsers to directly mine free text for SNOMED
terminology matches and to propose relationships between terminologies (Zhou et al.,
2011). Each implementation of MTERMS is customized and requires the addition of
specific ad hoc dictionaries, as well as other syntactical parameters. MTERMS has been
used to mine clinical information regarding medications, allergens, allergic reactions, and

familial relationships, with moderate to excellent measures of success. Specifically, two
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studies of allergic reactions and familial relationships demonstrated precision of 84.4%
and 100.0% and recall of 91.0-97.4%, respectively (Goss et al., 2014; Plasek et al., 2016;
Zhou et al., 2014). Generally, MTERMS is recommended for more restricted, single

subject use.

Other clinical ontology tools used to flag relevant text in clinical NLP studies
include the Open Biomedical Annotator (OBA), a web service that annotates free text
within a variety of ontologies, the Medical Language Extraction and Encoding System,
which transforms clinical data into controlled vocabularies, the clinical Text Analysis and
Knowledge Extraction System (cTAKES), which includes a dictionary lookup component
for mapping free text and a named entity recognition component, Snapper, which allows
users to input free text data to map from external terminologies to SNOMED CT, and the
Rapid Text Annotation Tool, which is a token order-specific naive Bayes-based machine
learning system that predicts associations between phrases and concepts (Gaudet-
Blavignac et al., 2021). Of these, the Medical Language Extraction and Encoding System
and the Rapid Text Annotation Tool have demonstrated precision of 89% and 95% and
recall of 83% and 85%, respectively (Friedman et al., 2004; Uzuner et al., 2011).
Additionally, cTAKES was recently evaluated in a phenotyping efficacy study along with
the MetaMapLite, MedLEE, and ClinPhen NLP systems, all of which were found to
demonstrate improved performance when ensembled with at least one other system (C.
Liu et al., 2019). These and other recent studies suggest that available NLP tools can be
ensembled to achieve better recognition of generic as well as patient-specific phenotype

concepts (Kreimeyer et al., 2017; Kuo et al., 2016).
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Though Medtex, MCVS, and MTERMS are the most frequently used programs for
automated mapping of free text to SNOMED CT concepts, they are not publicly
available. Conversely, MMTx — one of the foundational packages used in Medtex — is
open-source, as is cTAKES. OBA is not open-source, but its functionality is publicly
accessible through a web-based interface. Importantly, MMTx, cTAKES, and OBA were
not specifically designed to map the SNOMED ontology, though they can be used for
that purpose. They also lack support for features such as multiple languages and
postcoordination, which can be critical in the context of clinical data mining. Given this
landscape, there is currently not a publicly available “out of the box” solution for
mapping free text to SNOMED CT concepts. Of those that are widely used, few are
accessible at the implementation level. This landscape of mapping tools and the ubiquity

of SNOMED CT should be considered when designing clinical NLP studies.

2.3.4 Medical Concept Normalization

Mapping clinical free text to systematized nomenclature for entity recognition,
knowledge extraction, and disease phenotyping — as described previously — is generally
the first order analysis in clinical NLP. However, the use of these models can be limited
by the high variability of linguistic expressions that convey the same concept. For
example, “heart attack™ is more commonly referred to by medical professionals as
“myocardial infarction” and abbreviated in clinician notes as “MI,” though all three terms
map to the same identifier in the UMLS. Furthermore, while certain medical
abbreviations are commonly used, they are often significantly different between
geographies, specialties, clinical roles, and even institutions. These differences can be

difficult even for external clinicians to decipher. Additionally, the same abbreviations can
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have different meanings depending on clinical context. In clinical trial and other
experimentation-focused settings, words like “transport” can refer to concepts as
divergent as cellular function and human movement (Henry et al., 2020). Therefore, even
“data-hungry” deep learning models may achieve high accuracy on training datasets but
fail to generalize to other medical records (Lee et al., 2020; Nath et al., 2021). This can
delay research efforts and prevent or limit real-world implementation into clinical

practice.

Medical entity normalization is an emerging subfield of clinical NLP that seeks to
address these issues. Often performed as a second-order analysis task, the goal of
normalization is to link all flagged medical entities to a standardized concept vocabulary
or schema. Entity normalization algorithms consist of an (1) ontology processor, which
widens or narrows the scope of the reference ontology, (2) string matcher, which
compares flagged expressions (entities) against the reference ontology, and (3) filter that
removes false positive flags using rules or other models (Wang & Matthews, 2008).
Generally, the ontology processor relies on manually constructed sources of in-domain
knowledge to develop the linking processes used in NLP model training. The string
matcher, arguably the most important component in these systems, can be created using a
variety of approaches including exact or partial matching, rule-based heuristics, or
machine learning models. Emerging studies incorporate all three approaches types with
relative success (Suryawati & Widyantoro, 2017). Finally, filter models can be embedded
in the string matcher layer or integrated from extant language filtering libraries using
across NLP. In practice, it follows that multi-step clinical NLP analyses operate by first

running named entity recognition tasks to flag expressions of interest, followed by
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running named entity normalization tasks to retrieve a normalized set of medical concepts
for the flagged expressions (Henry et al., 2020). In conjunction, these two processes are
thought to improve the exchange of information across distinct sets of EMRs and could

be instrumental to effective communication between medical contexts.

Traditional approaches to entity normalization include the application of string
matching techniques, which attempt to find exact or partial (also referred to as “soft” or
“fuzzy”) language expression matches (Kalyan & Sangeetha, 2021). Though more
simplistic than partial matching, exact string matching has been successful in a variety of
clinical cases. For example, a recent study applied exact matching techniques to a
manually annotated corpus of 1345 clinical trials from ClinicalTrials.gov and 9422
abstracts from PubMed in the detection of clinical screening and diagnostic instruments
for posttraumatic stress disorders. Resulting trends analyses of instrument prevalence
were consistent with clinical experience and have been made freely available (Zong et al.,
2021). In contrast, partial matching approaches require the implementation of similarity
measures often considered under the umbrella of string-similarity matching. Such
measures can be hardcoded manually by domain experts, or developed based on the
characteristics of flagged entities or that of the corpus itself (Marki¢ et al., 2020). Early
partial matching experiments on large-scale gene-protein dictionaries found that logistic
regression-based similarity measures outperformed others in dictionary look-up programs
(Tsuruoka et al., 2007). Subsequent experiments have used various metrics including
edit-distance, fast heuristic comparators, and token-based distance to develop effective
similarity measures (Cohen et al., 2003). Since then, many tools and algorithms have

been released that demonstrate high efficiency in matching genomic and cellular-level
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concepts (Alser et al., 2020; Karcioglu & Bulut, 2021a, 2021b; Nicolas, 2012). Though
few clinical notes reference basic science concepts such as these, matching algorithms
based on these methods are used in the analysis of drug names, laboratory results, and

histopathology and radiology report expressions in clinical text corpora (Bonert et al.,

2021; Grundmeier et al., 2016; Mughli et al., 2021).

String matching approaches are limited by high computational costs. Though
various methods exist for reducing computing power, matching techniques usually
require the incremental parsing of enormously large corpora as well as the iterative
execution of lookup commands. As a result, the use of rule-based heuristic models has
become widespread within medical entity normalization due to their smaller
computational footprint and domain flexibility. In contrast to matching techniques, rule-
based algorithms alter the lexical forms of entities of interest according to sequential
rules designed to convert all possible expressions of a particular concept to the universal
lexicon (Wang & Matthews, 2008). The modified first entry can now be matched to the
underlying medical concept dictionary and return a standardized concept. Importantly,
the heuristic rules-based design allows dictionary lookup to be performed in constant
time, regardless of corpus size (Tsuruoka et al., 2008). A recent scoping review of NLP
in clinical pathology found that rule-based methods were the most commonly
normalization mechanism before 2003, ostensibly due to constraints on computing power
relative to current studies (Burger et al., 2016) This approach achieves success in the
extensive utilization of expert knowledge, as demonstrated by early diagnostic
histopathology and cytopathology systems, genotypic drug resistance interpretation

systems, and high-performing teams within the BioCreAtIVE 2 Gene Normalization Task
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(Bartels & Hiessl, 1989; Hakenberg et al., 2007; Schmidt et al., 2002). Interestingly,
heuristic approaches were recently used to develop a novel algorithmic plugin that

identifies clinical events matching a user-specified temporal order (Shrestha et al., 2021).

Both string matching and heuristic rule-based techniques are subject to significant
limitations. Matching techniques can also fail when there is no overlap between a certain
language expression and its corresponding medical concept (e.g., “pins and needles”
mapping to paresthesia). Rule-based techniques are limited by bottlenecks in acquiring or
refining the domain knowledge required to construct useful rules limits, as well as to
scale data normalization approaches. As a result, the use of probabilistic machine
learning techniques has become widespread in clinical NLP entity normalization (Burger
et al., 2016; Mehta & Pandit, 2018). The first machine learning-based approach was
described in 2013 and applied pairwise-learning-to-rank, which ranks entities based on
differences in relevance, to disease name normalization (Leaman et al., 2013). These and
subsequent machine learning methods such as low-rank approximation and machine-
phrase translation were found to outperform baseline methods when applied to clinical
text and medically-relevant social media posts (Leaman & Lu, 2014; Limsopatham &
Collier, 2015). Simultaneously, efforts to scale-up NLP pipelines to accommodate
increasingly larger and more complex EMR corpora were developed. In some cases, the
application of foundational computing techniques such as replication via multithreading,
intra-annotator threading for further decomposed tasks, and the creation of remote
annotator services achieved improvements on the order of twelve-fold processing speeds

(Divita et al., 2015).
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Recently, deep learning-based systems have risen to the forefront of medical
entity normalization for their powerful semantic analysis capabilities (Wu et al., 2019).
By taking a machine learning approach and conceptualizing normalization tasks as multi-
class text classification problems, investigators have developed algorithms that can be
trained to automatically process complex linguistic features such as grammatical
structure, inter-item lexical relationships, and collocations. The inclusion of a varied and
complex set of features allows for accurate machine predictions of textual meaning and
conceptual relationships. In practice, these systems have improved on existing
architectures by implementing ensembles of CNN, RNN, and linear model layers with
input word embeddings trained on clinical domain-specific sources (Vashishth et al.,
2021). Investigators have achieved promising results on benchmark clinical text datasets,
data from online health communities and social media platforms, and drug reviews
(Belousov et al., 2017; Lee et al., 2017; Tutubalina et al., 2018). Importantly, variation
exists within approaches to word embeddings. These can be traditionally learned using
shallow neural network models such as Word2Vec, though lower-quality word vectors
are produced due to a more limited capacity to code information as vector
representations. Conversely, embeddings can also be trained downstream from scratch.
Downstream-trained models require more training examples to improve performance and

are infeasible with small datasets (Kalyan & Sangeetha, 2021).

Currently, there are several pre-trained deep learning-based language
representation models popularly described in the literature. These include Embeddings
from Language Models (ELMo), Universal Language Model Fine-tuning (ULMFiT),

General Pre-Training (GPT), and Bidirectional Encoder Representations from
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Transformers (BERT), the last of which was developed by Google Al Research (Devlin
et al., 2018; Howard & Ruder, 2018; Peters et al., 2018; Radford et al., 2018). Of these,
the BERT algorithm is most frequently implemented in medical concept mapping studies.
BERT and is pre-trained on large volumes of unlabeled text data, iterating through
stacked transformer encoders that allow for large-scale learning and the creation of
bidirectional language representations (Kalyan & Sangeetha, 2021). BERT serves as the
foundation for additional task-specific layers, which can then be further refined using
task-specific annotated datasets of all sizes. By expanding the scope of inputs that can be
used in the model refinement process, BERT has achieved superior performance
compared to CNN or RNN-based models trained from scratch in the clinical narrative,
biomedical, and consumer health NLP domains (Alsentzer et al., 2019; Ji et al., 2020;
Kalyan & Sangeetha, 2021; Kilicoglu et al., 2018; Miftahutdinov et al., 2021; Omoregbe
et al., 2020; Rasmy et al., 2021; Wei et al., 2019). A recent study of 16,526 symptoms
within 1108 discharge summaries found that BERT’s performance was comparable to
those of human annotators and slightly improved compared to RNN-based models
(Steinkamp et al., 2020). Encouragingly, BERT-based models were able to extract and
high-level symptoms, acronyms, typographical errors, and grouping statements in ways
that generalized effectively to other clinical note corpora (Steinkamp et al., 2020). To
date, BERT has been cited in nearly thirty thousand published studies and its success has
led to the development of other open-source, transformer-based models that demonstrate
good-to-excellent performance in clinical NLP tasks (Alsentzer et al., 2019; X. Yang et

al., 2020).
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Medical entity normalization is an important clinical NLP tool that is rapidly
advancing across a variety of technologies. Development is now concentrated in the
refinement of machine learning models applied to large EMR text corpora and gold
standard annotated corpora as described previously. Many studies find that CNN, RNN,
and stacked encoder models perform superiorly to other models such as support vector
machine and random forest, though there is ongoing debate. More commonly, machine
learning approaches are ensembled with rule-based and heuristic models to achieve state-
of-the-art performance. For example, one of several recent studies found that a rule-based
clinical text classification paradigm using weak supervision and deep language
representation models achieved near-perfect classification of smoking status and hip
fractures at Mayo Clinic (Wang et al., 2019). Similar to those described previously for
named entity recognition, publicly available annotated corpora are being developed for
medical concept normalization (Luo et al., 2019). Recent evidence also suggests that
synthetic datasets can successfully be used to train deep language representations of
medical concepts (Pattisapu et al., 2020). Emerging challenges in medical concept
normalization include addressing string ambiguity in clinical text, developing robust
model evaluation measures, and developing coverage for multilingual terminologies that

can generalize across datasets (Newman-Griffis et al., 2021; Wajsbiirt et al., 2021).
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Chapter 111

Intersections of Clinical NLP and COVID-19

The emergence of the SARS-CoV-2 virus and the ongoing global pandemic has
had a profound influence on clinical artificial intelligence research (Adamidi et al., 2021;
Grabar & Grouin, 2021). Shifts from in-person visits to telehealth sessions have had
lasting impacts, many of which include increased utilization of remote healthcare
services. These changes are particularly relevant to clinical NLP, as they have catalyzed
the rapid implementation of infrastructure supporting electronic patient-provider
communication and video visits. Recent studies report a growing uptick in the number of
electronic health messages sent across SMS, email, and EMR platforms in a variety of
specialties (Boyajian et al., 2021; Musaoglu et al., 2021). Over the past two years, many
individuals have also turned to social media and online communities to discuss COVID-
19 developments. NLP-enabled analysis of electronic health messages, social media
posts, and other text-based media has and continues to provide valuable insights into
public sentiment. Given the topic of the current work, the following section presents a
brief discussion of the relevant impacts that COVID-19 has had on clinical NLP (Robles

Hernandez et al., 2021).

3.1 User-Generated Corpora
Given the heightened importance of digital communication during the pandemic
lockdowns, as well as the ubiquity of social media platforms, there has been significant
interest in utilizing user-generated data in NLP analyses of COVID-19. In May 2021, a

high-profile digital lab released a variant of the BERT deep learning model called

33



COVID-Twitter-BERT (CT-BERT). This transformer-based model was pretrained on
over 160 million tweets about the coronavirus collected from January to April 2020, often
considered to be the “peak” period of infections in the United States. CT-BERT showed
an improvement of 10-30% over the BERT-Large model across five major classification
datasets and is further optimized for use on COVID-19 social media content (Miiller et
al., 2020). To date, CT-BERT has been used as the base algorithm for several models that
demonstrate efficacy in measuring the fact-checking potential of tweets published by the
CLEF 2020 CheckThat! challenge. Augmentations of CT-BERT have improved baseline
performance and demonstrate evidence of reliable generalizing to the classification and
semantic analysis of other types of user-generated posts (Alkhalifa et al., 2020; B. Chen
et al., 2021; Glazkova et al., 2021; Hettiarachchi & Ranasinghe, 2020; Mgller et al.,
2020; Tran et al., 2020). Additionally, machine learning methods were used to
automatically annotate a biomedically oriented corpus of over 120 million tweets

regarding the characterization, symptomology, and public experience of COVID-19

Potentially biased or misleading information regarding the coronavirus was
rapidly disseminated through networked media sites and algorithmized social media
platforms, a phenomenon also referred to as “the global COVID-19 infodemic” (Islam et
al., 2020). In response, user-generated datasets have also been mined to help identify,
track, and contain the spread of misinformation. Due to novel language expressions and
the rapid exchange of digital information, extant training data were not as effective in the
identification of COVID-specific misinformation. In early 2021, a Twitter corpus called
COVIDLies was released earlier this year to help address this issue. Comprising 6591

expert-annotated tweets across 62 unique entities of COVID-19-based misinformation,
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this corpus was intended for the detection of misinformation regarding COVID-19.
Alongside the corpus itself, investigators also described an evaluation of existing NLP
systems on COVIDLies, including behavior tests of the best-performing models
(Hossain, 2021). Applications of augmented algorithms to this dataset are ongoing. The
2021 Workshop on NLP for Internet Freedom, supported by the National Science
Foundation, recently launched two multilingual shared tasks for fighting the COVID-19
infodemic by predicting worthiness of COVID-related tweets and predicting which
tweets would be censored, respectively (NLPIF, 2021). BERT- and transformer-based
systems have achieved good performance, (Henia et al., 2021; Tziafas et al., 2021;

Uyangodage et al., 2021).

Given its success in other predictive NLP applications, many incrementally
augmented systems have ensembled variants of the foundational BERT deep learning
model to add COVID and Twitter domain-targeted layers. Advanced word embedding
techniques, the creation of long short-term memory networks, and the addition of other
classification models allow for the improved identification of contextual relationships
between rare and unseen words, as often appear in text corpora relevant to COVID-19
(Alsayat, 2021). Such adaptations appear to significantly improve the performance of
CT-BERT text classification tasks in sentiment analysis of COVID-related tweets (Lin &
Moh, 2021). Importantly, expressed sentiment is thought to be an important precursor of
human behavior and could potentially inform public health responses (Ballinari &
Behrendt, 2021; Mangono et al., 2021; Mehta et al., 2021). A recent linguistic study of
health platform rating data associated with 5521 physicians found that negative sentiment

was a significant factor in patient decision-making (Shah et al., 2021). Furthermore, a
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multilabel version of CT-BERT achieved incremental improvements in predicting
COVID-related events from Twitter data, including positive and negative COVID test
results, COVID-related deaths, and developments in COVID-related medical treatment
and prevention (Xiangyu Yang et al., 2020). NLP-based analysis of text messages from a
tele-mental health platform may also provide insight into pandemic-related psychological

responses and psychiatric symptoms (Hull et al., 2021).

Other NLP deep learning techniques have been used to conduct annotation
analyses on a variety of datasets. A CNN and RNN-based system, trained on over
300,000 posts on Facebook and Twitter in the UK and US, found that public sentiment
concerning the safety, development, and effectiveness of COVID-19 vaccine correlated
broadly with nationwide surveys in both countries (Hussain et al., 2021). Additionally, a
named entity recognition algorithm trained on tweets geotagged to the UK was able to
extract temporal trends of COVID cases, identify popular locations for the use of face-
coverings, and uncover attitudes responses to face-covering requirements, vaccines, and
national testing and contact tracing programs (Alamoodi et al., 2021; Cheng et al., 2021).
A web-based system named EVIDENCEMINER was recently developed to allow
completely automatic annotation based on background COVID-19 corpora given a user-
generated query of a NLP statement (X. Wang et al., 2020). Intelligent frameworks that
implement sentiment analysis have also been developed to predict the socioeconomic
impacts of and corresponding public sentiments around COVID-19 (Nasir et al., 2021).
As recent events demonstrate, understanding community-specific responses to aspects of
the coronavirus response can be critical to the development of culturally competent

public health messaging (Budhwani et al., 2021). Furthermore, the preponderance of
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COVID-related literature has catalyzed the development of novel text mining methods
intended to identify new concepts related to COVID-19 and reduce repeated effort within

clinical NLP (Colic et al., 2020; Wang & Lo, 2020).

3.2 Deep Learning for Clinical Knowledge

From January through December 2020, over 101 artificial intelligence studies
developed or validated predictive models for screening, diagnosis, and prognostication of
COVID-19 (Adamidi et al., 2021). While many algorithms were based on established
deep learning approaches, other studies implemented logistic regression, score, machine
learning, and XGBoost models to diagnose COVID-19 in hospital-admitted adults.
Notably, the best performing of these achieved excellent an all-area under the ROC curve
measure of 0.94 (Locquet et al., 2021). Similarly, linear and non-linear classification
methods achieved 82-83% accuracy in predicting the level of care needed for 2566
consecutive COVID-19 patients at five health systems in Massachusetts. Clinical features
such as opacities on chest imaging, age, male gender, clinical presentation at admission,
and diabetes were some of the most highly associated features that predicted for ICU
admission and need for ventilation (Hao et al., 2020). Several of these results were
replicated in another study of 10,504 patients conducted in Spain (Izquierdo et al., 2020).
A variety of other physiological variables and laboratory results from electronic
healthcare records have also been used with generic as well as deep machine learning
algorithms to accurately model patient severity (Adamidi et al., 2021; Shorten et al.,
2021; Tayarani N, 2021). Interestingly, an active learning NLP system was proposed to
efficiently filter relevant from non-relevant scientific articles regarding COVID-19 to aid

clinical research (Verspoor, 2021). Neural network algorithms have also been used to
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develop semi-automatic screening tools that can be applied to sort through COVID-19

publications (Catelli et al., 2020).

As with existing efforts in general clinical NLP, several public corpora have been
made available to advance coronavirus-related NLP research. In May 2021, COVID-19
Annotated Clinical Text (CACT) Corpus was developed and made publicly available.
The CACT consists of 1,472 clinical notes from the University of Washington and
contains comprehensive annotations detailing COVID-19 diagnoses, testing, and medical
presentation. Investigators also released a pretrained neural network developed to
extraction diagnoses and symptomology from free clinical text (Lybarger, Ostendorf,
Thompson, et al., 2021). A research group at Columbia University released another
publicly available annotated corpus in June of the same year. Their database consists of
700 COVID-19 trials and trials’ corresponding eligibility criteria (COVIC); developers
utilized a hierarchical annotation schema based on the OMOP Common Data Model,
which accommodates four levels of granularity for the study cohort, eligibility criteria,
named entity, and standard concept. COVIC attempts to centralize unstructured clinical
trial eligibility criteria to enable automatic eligibility screening for participation in
COVID-19 trials. Within COVIC, over 17,000 entities are mapped to standardized
medical concepts and 1009 entities are normalized to computable representations. Future
uses of COVIC include semantic indexing for COVID-19 trial analytics and
benchmarking of machine learning-based feature extraction (Sun et al., 2021). These and
other NLP studies continue employ predictive modeling approaches to better understand

the symptomology, clinical course, and medical and social determinants of COVID-19.
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Chapter IV

Aspect-Based Sentiment Analysis of Health System Messages

4.1 Approach

This chapter discusses the approach taken to conduct a novel aspect-based
sentiment analysis of a large corpus of secure patient portal messages containing COVID-
19 content. Prior to model training, a combination of empirical NLP packages and a set
of manually developed rule-based heuristics were used for text preprocessing. Automated
annotation was performed using a parsimonious lexicon and rule-based sentiment model
specifically attuned to sentiments expressed in user-generated social media data (Hutto &
Gilbert, 2014). Predictive sentiment analysis models were then trained using a domain-
targeted state-of-the-art bidirectional encoder-based deep learning transfer algorithm, CT-
BERT. Since CT-BERT is pretrained on Twitter posts containing COVID-19 content,
supervised fine-tuning on an original large corpus of patient-originated messages was
performed to add a layer of domain specificity for secure health system message (Dang et
al., 2020; Lee et al., 2020; Li et al., 2019; Malla & Alphonse, 2021; Miiller et al., 2020;
Rasmy et al., 2021; W. Yu et al., 2021). Finally, an auxiliary sentence approach was used
to expand the input corpora by treating unique sentiments as aspects and assigning
polarity to each paired sentence entity (Adi et al., 2016; Jindian et al., 2020). In brief, this
allowed for the conversion of single-sentence classification to pair-sentence classification
(Lin & Moh, 2021; Sun, Huang, et al., 2019; Yu et al., 2019). This work builds on state-
of-the-art deep learning models applied to social media data and offers a targeted, aspect-

based approach to patient-originated secure health messages in the era of COVID-19.
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Figure 1. Proposed Fine-Tuned Deep Transfer Learning Approach to Aspect-Based
Sentiment Classification.

High level overview of our proposed fine-tuned deep transfer learning approach to
aspect-based sentiment classification of COVID-19 content in secure patient-originated
health system messages. The above system captures additional domain specificity for
secure health system messages and employs an auxiliary sentence approach to improve

sentiment classification accuracy. We also apply a parsimonious rule-based heuristics
model for processing user-generated data for sentiment annotation of a novel corpus.

4.2 Text Preprocessing

The present work utilized a large corpus of secure health system messages from a
major tertiary health system. Raw data consisted of text files containing all patient-
originated, provider-originated, and system-originated (i.e., automated appointment
reminders, scheduling information, medication notifications) messages exchanged
through the associated provider-patient portal from early 2020 to mid-2021. Messages
were collected across all available clinical departments and specialties during this period.
Prior to machine analysis, a combination of automated preprocessing and annotation
packages were used to collate and convert text data to a standardized format. The goal of
preprocessing was to establish a high quality of data for use in subsequent machine
learning and inference-based models, through the accurate identification of fundamental
linguistic units (i.e., characters, words, and sentences) appropriate for passage to further
processing stages. The goal of annotation was to add specific metadata appropriate for an

aspect-based sentiment analysis task of COVID-19 data. After preprocessing, a set of
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rule-based heuristics were manually developed for additional data labeling and to filter
messages into subsets of interest. Only patient-originated messages determined to include

COVID-19 content were included in analysis.

4.2.1 Empirical Techniques

The corpus used in this work consisted of generally well-written messages in
standard American English and did not contain microtext specific to social media posts,
emails, or web pages (Xue et al., 2011). We therefore applied a standardized set of
empirical text preprocessing methods widely used in NLP studies (Kannan et al., 2014;
Oyebode et al., 2021; Rustam et al., 2021). First, a tokenization pipeline was utilized to
normalize text to a more easily machine-readable state. Non-text related components
were removed, including special number and date formats, hyperlinks, unescape HTML
characters, HTML tags, and repeated characters (e.g., “loooong time” becomes “long
time”). Unicode characters, including emoticons, image attachments/GIFs, and other
special characters such as at-symbols were removed. Prepositions, articles, pronouns,
question words and other common words that are historically of low value in sentiment
mining were also removed (Kannan et al., 2014; Smelyakov et al., 2020). Most
punctuation marks were removed, though those with semantic value were preserved.
These included sentence markers such as periods and exclamation points, as well as
commas (Oyebode et al., 2021). Contractions were expanded, and slang words converted
to their English word equivalents using online sentiment analysis dictionaries available
for public academic use under the GNU General Public License (Oyebode et al., 2021;
SentiStrength, 2014, 2018). Duplicated text, caused by systematized inclusion of prior

message history with each consecutive message, was removed.
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Next, the standard tokenizing pipeline was internally modified to preserve several
word types that are normally removed in NLP applications. During initial preprocessing,
we found that these components had semantic value in the specific context of COVID-19
content. Numeric words unrelated to timekeeping (e.g., “three o’ clock”) were preserved,
as they often had value in communicating the extent of concerns related COVID-19. For
example, patients used numeric words to describe their number of missed health
maintenance appointments, the number of times they had called a provider’s office, the
duration of COVID-related symptoms, their number of potential COVID-19 exposures,
and their vaccine dose number. We also preserved common domain-specific
abbreviations and acronyms, including clinical shorthand, medical jargon, and degree
signifiers (e.g., “MD” and “NP”). These components provided useful information
correlated to patient message types, logistical timelines, and symptomology. This was
also consistent with other clinical NLP studies, where only a limited amount of
preprocessing is performed to preserve medical terminology. Of note, clinical
normalizers have been applied to handle relevant challenges related to ad-hoc formatting,
medical jargon, and ambiguous acronyms (Leaman et al., 2015). Text was not lowercased

to preserve characteristics of sentiment emphasis and expression.

Finally, stop words were removed to minimize noise in future analyses. Stop

99 ¢

words are common words or phrases such as “hey,” “please,” and “thanks” that do not
convey semantic information (Kulkarni & Shivananda, 2021; Rajman & Besangon,
1998). A compiled library of stop words was imported from various open-source

software packages and biomedical resources including PubMed (easyPubMed, 2021;

Nothman et al., 2018). In combination, these lists captured general English stop words
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and domain (COVID)-specific stop words as described in other works (Alga et al., 2020).
Previous evaluations of publicly available stop word lists found that individual libraries
can be lacking in completeness, domain specificity, and compatibility with specific
tokenizers, which we attempted to mitigate through our multi-source approach (Nothman
et al., 2018; Sarica & Luo, 2021). Per previous recommendations, we also dynamically
adapted imported stop lists where necessary for patient-originated message and COVID-

19 content contexts (Nothman et al., 2018).

Additional simple text preprocessing methods including stemming, lemmatizing,
and multiword grouping are also widely used. Generally, their aim is to conflate variant
words and/or word forms into a common representation. These procedures are more
common in information retrieval studies, with the common assumption that queries
including stems of certain words indicate a user’s interest in documents containing the
various word forms of that stem (Kannan et al., 2014). Though an intriguing
consideration for future studies, none of these techniques were applied to the current
analysis given its focus on aspect-based sentiment inference. Furthermore, an extensive
benchmarking study of neural text classifier performance in text categorization and
sentiment analysis studies, which compared tokenizing, lemmatizing, lowercasing, and
multiword grouping preprocessing decisions, found that simple tokenization of input text

was adequate (Camacho-Collados & Pilehvar, 2017).

4.2.2 Rule-Based Heuristics
A rule-based heuristic approach was implemented to filter and subset patient-

originated messages. Given the specificity of our dataset to hospital-specific
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departments/divisions and healthcare operations in the mid-Atlantic and immediate
Philadelphia region, as well as the idiosyncrasies of the institution itself, these rules were
developed through manual exploration of the dataset. In many cases, filtering logic was
developed through the manipulation and recategorization of existing metadata labels. For
example, duplicative and payer-specific labels corresponding to different subspecialties
were collapsed into clinically relevant categories. Demographic labels were recorded and
applied across a variety of domains based on provided census categories, as well as
institution- and state-specific information such as payer groups, billing codes, and social
services. Individual messages within the same exchange chain were categorized as either
sent by the provider, patient, or automated system based on grouped metadata and
distinguishing key phrases. Through the utilization and modification of existing metadata,
an initial taxonomy of communication types was created (i.e., main categories of medical
events, information-seeking, medications, and so on). Additionally, ancillary data files
containing problem lists, active medications, and active diagnoses were cleaned based on
matching records in preprocessed message files and matched on unique identifiers. These
approaches are aligned with previously described manual annotation of patient portal

messages (Cronin et al., 2017; Elmessiry et al., 2017).

Notably, a keyword-based approach was used to filter messages containing
COVID-19 content. Messages containing variations of “COVID-19,” “COVID”,
“coronavirus,” “SARS-CoV-2,” and “pandemic” were labeled as relevant to COVID-19.
These keywords were developed based on manual exploration of the dataset and are
consistent with previous COVID-19 topic modelling and social media mining studies

(Bahja & Safdar, 2020; Boon-Itt & Skunkan, 2020; Bose et al., 2021; Cronin et al., 2017;
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Malla & Alphonse, 2021; Oyebode et al., 2021; Shamrat et al., 2021; Wang et al., 2021).
A similar approach was used to sublabel messages relevant to the COVID-19 vaccine
(Kwok et al., 2021). Additionally, message dates were used to segment messages into
early, middle, and late-stage COVID with respect to relevant developments in the United

States. Only messages in English were considered during analysis.

4.3 Parsimonious Lexicon and Rule-Based Annotation

The Valence Award Dictionary and sEntiment Reasoner (VADER) is an open-
source lexicon and rule-based sentiment analysis tool specifically developed for social
media data. When applied to input corpora, VADER first constructs and empirically
validates a gold-standard list of lexical features attuned to microblog-like contexts.
Associated sentiment intensity measures are also recorded, then combined with five rule-
based heuristics that encapsulate syntactical conventions for expressing sentiment
intensity (Hutto & Gilbert, 2014). These rules are specifically designed to reflect
generalizable, human-centered markers of sentiment in user-authored posts including the
use of exclamation marks, ALL-CAPS, degree modifiers, and contrastive conjunctions
signaling a shift in polarity. Upon its release in 2014, VADER was validated against
eleven typical state-of-practice benchmark models including those with foundational
machine learning layers utilizing Naive Bayes, Maximum Entropy, and Support Vector
Machine methods. VADER was found to have excellent classification accuracy,
generalized more favorably across contexts than any of the benchmark models, and
outperformed individual human raters in sentiment analysis (Hutto & Gilbert, 2014).

Since its release, VADER has been modified and validated in a variety of user-generated
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and user-reported data types (Awajan et al., 2021; Larsen et al., 2021; Luber et al., 2021;

Margus et al., 2021; Sasangohar et al., 2021; Shrestha, 2021).

Recently, VADER has been used extensively in analyses of public responses and
patient sentiment regarding COVID-19. Performance has been validated by human raters
and semi-automated mixed-method models across a diverse set of topics, including time
series analyses of mental health during the pandemic, public and private responses to
face-covering mandates and other public health measures, perceptions of the COVID-19
vaccine, and general sentiment regarding the coronavirus pandemic (Chandrasekaran et
al., 2020; Chiny et al., 2021; Chum et al., 2021; Gbashi et al., 2021; Liew & Lee, 2021;
Liu & Liu, 2021; Monselise et al., 2021; Mudassir et al., 2021; Sediqin, 2021; Shrestha,
2021; Valdez et al., 2020; Vargas et al., 2021). An increasing number of these studies
utilize user- or patient-authored text data not derived from Twitter, including interview
transcripts and private messages. Furthermore, a recent study evaluating various deep
learning and lexical-semantic based sentiment analyses methods on telemedicine data
found that VADER demonstrated superior performance compared to other deep learning
methods (Talpada et al., 2019). Given its demonstrated generalizability across domains,
direct accessibility for extension/modification, high interpretability, and computational

efficiency, VADER was utilized for scored sentiment annotation of the current dataset.

4.4 Fine-Tuning of CT-BERT
BERT, described previously, is a widely used state-of-the-art large-scale
autoencoding transformer-based language model with pretrained word embeddings

(Devlin et al., 2018). BERT evaluates both positionality and order, with representations
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jointly conditioned on both left and right-side contexts in all model layers (Lin & Moh,
2021). Excellent performance is attained on downstream NLP tasks with little
backpropagation and fine-tuning required, reportedly on the order of less than 5 epochs.
Importantly, BERT utilizes encoder components within a transformer model which can
be split into embedding layers that ingest a sequential sentence (Lin & Moh, 2021;
Vaswani et al., 2017). BERT has been adapted for multiple domains; CT-BERT is a
recently released version of BERT that has been optimized for use on COVID-19 content
(Miiller et al., 2020). The fine-tuning process is contextualized within existing CT-BERT

architecture as shown in Figure 2.
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Figure 2. Architecture of Proposed CT-BERT Fine-Tuning Process.
Architecture of CT-BERT fine-tuning process trained on patient-originated secure health

system messages containing COVID-19 content. Adapted from Devlin et al., 2019 and
Lee et al., 2020.

To improve the domain specificity of CT-BERT for secure health system
messages, supervised fine-tuning was performed using the present dataset (Xu et al.,
2020). An additional neural output layer was trained on annotated patient-originated
COVID-19 messages and evaluated on standard named entity recognition, relation

extraction, and question answering tasks (Ji et al., 2021; Lee et al., 2020; Miiller et al.,
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2020). An appropriate layer-wise decreased learning rate was used to overcome the
BERT fine-tuning catastrophic forgetting problem (Merchant et al., 2020; Sun, Qiu, et al.,
2019). The present model was then initialized with pretrained weights from CT-BERT
and updated with the fine-tuned weights and final output layer. Compared to the original
CT-BERT model, the updated version more accurately captures the characteristics and
vocabulary of secure health system messages. An overview of the fine-tuning process is

provided in Figure 3.

Pre-Training Fine-Tuning

Large unlabeled dataset Medium-size labelled dataset D
(120M COVID-19 tweets) D (8M COVID-19 secure messages) % Fine-Tuned I nfe rence
Weights Weights
Self-supervised training Task-specific fine tuning

(high computational cost) (minimal computational cost)

Figure 3. Overview of Proposed CT-BERT Fine-Tuning Process.

High level overview of CT-BERT fine-tuning methodology.

4.5 Auxiliary Sentence Approach

Recent studies of CT-BERT-based language models for sentiment analysis
demonstrate good overall performance, but only marginal improvement compared to
other predictive models (Li et al., 2019). These limited improvements are thought to be
due to a lack of relevant data and low task-specific awareness, as BERT was pretrained
on BookCorpus and Wikipedia (Nakov et al., 2019). Studies of the general BERT model
find that implementing an auxiliary sentence approach substantially improves
performance in sentiment analysis tasks. Indeed, auxiliary-modified BERT outperforms

both feature-based and fine-tuning methods to achieve state-of-the-art performance on
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multi-class classification data (Yu et al., 2019). Similarly, a recent study of CT-BERT
demonstrated superior performance in pair classification tasks requiring text generation
and prediction (Lin & Moh, 2021). Therefore, an auxiliary sentence approach was
applied to expand the dataset and convert the original binary-sentence classification task
to pair-sentence classification. Evaluation of binary sentence pairs allows for aspect-
based sentiment analysis, where the aspect and polarity of each sentence is extracted to
classify message sentiment more accurately. This can be especially important when
evaluating data regarding a potentially polarizing and complex topic like COVID-19

(Jang et al., 2021).
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Chapter V

Development Tools and Resources

In this chapter, the tools and development frameworks used to implement the

approaches described in Chapter 4 are briefly discussed.

5.1 Electronic Patient Portal

Secure health system messages were collected from a proprietary instance of
MyChart® by Epic, an electronic patient portal service licensed from Epic Systems
Corporation. Patients of both impatient and outpatient facilities at the previously
described health system have access to the MyChart via web application and smartphone
app. MyChart functionality includes sending direct messages to providers on a patient’s
care team, scheduling, checking in for, and canceling appointments, sharing medical
records to other providers, requesting medication refills, paying medical bills, and
accessing medical information including lab and test results. Patient-provider messages
and all associated metadata are stored in a HIPA A-protected data lake. Data export was
performed by the data science division of the health system and raw data was accessed in

a machine-readable format.

5.2 Deep Transfer Learning in R
All text preprocessing, annotation, and machine learning analyses were performed
using R statistical software, version 4.1.2 (R-Core-Team, 2017). R packages tm and
VADER were used for text preprocessing, automated annotation, and other NLP tasks

(Feinerer, 2020; Roehrick, 2021). The R implementation of several Python modules and
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their dependencies including BERT, tensorflow, COVID-Twitter-BERT, and Huggingface
were utilized for fine-tuning and model training (Bratt, 2020; Digital-Epidemiology-Lab,

2021; RStudio, 2021). Internal modifications were made to open-source code as needed.

5.3 Hyperparameters

Various deep neural network model parameters were tested for their impact on the
performance of the final model. These included learning rate, batch size, maximum
epochs, dropout rate, momentum, and the number of hidden units. As documented in
previous reports of fine-tuning BERT, the loss did not converge with a high learning rate
Se-2 and batch size 9. After several rounds of experimentations, loss stopped improving
at 12 epochs. Ultimately, a decaying learning rate of 2e-5 and batch size 4 were chosen
for both single and pair-sentence classification tasks. Dropout rate remained at 0.1 (Gao

etal., 2019).

An early stop mechanism was set to prevent overfitting during model training.
The AdamW optimizer, accessed through TensorFlow for R, was used to improve model
training speed while stabilizing weight decay as previously described in the literature
(Lin & Moh, 2021; Loshchilov & Hutter, 2017, 2018; Xie et al., 2020). Due to the higher
memory cost of AdamW, 128 was chosen as the maximum sequence length. This
sequence length is consistent with other studies of BERT-based models, though other
systems not limited by out-of-memory issues have run epochs with maximum sequence
length of up to 512 tokens (Dumitrescu et al., 2020; Lin & Moh, 2021; Y. Liu et al.,

2019; Novo, 2021; Ulcar & Robnik-gikonja, 2020).
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Chapter VI

Results

After text preprocessing and filtering rules were applied, over 3.2M patient-
originated messages sent from 209,000 unique patients were included in machine
analysis. Eighteen medical subspecialties were represented, with most messages
appearing to be exchanged in the context of outpatient care services. Messages were sent
to all levels of clinical care providers, most commonly physicians, physician assistants,
and nurse practitioners. After text preprocessing, the corpus of included messages was

found to comprise over 62,000 unique entities and nearly 21,500 discrete relationship

types.

The following sections briefly summarize the results of (1) sentiment annotation
using VADER and (2) aspect-based sentiment analysis with auxiliary sentence approach
using CT-BERT, fine-tuned on a large corpus of patient-originated secure health system

messages containing COVID-19 content.

6.1 VADER Output
The VADER model of sentiment annotation outputs four scores normalized from
0-1. “Positive,” “Negative,” and “Neutral” scores measures the proportion of text
classified into the corresponding sentiment category. These scores are translated to
percentages and sum to 1. The “Compound” score is the sum of all lexicon ratings
normalized between -1, representing the most extreme negative sentiment, to +1,

representing the most extreme positive sentiment (Barros et al., 2021; Hutto & Gilbert,
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2014; Roehrick, 2021). Table 1 reports the VADER sentiment score averages across all

tokenized language components in the present corpus.

As described previously, messages were segmented by date to reflect major
developments regarding COVID-19 in the United States (CDC, 2021). “Early COVID”
was defined as March through August 2020, representing the period from which a global
pandemic was first declared by the World Health Organization and the U.S. death toll
surpassed 100,000. “Middle COVID” was defined as September through December 2020,
representing the period from which the U.S. death toll surpassed 300,000 to the
vaccination of more than 1 million Americans against COVID-19. “Late COVID” was
defined as January through May 2021, representing the period from which the U.S. death

toll surpassed 400,000 to the administration of over 200 million vaccinations.

Table 1. Normalized Averages of VADER Output Scores for All Tokenized Message
Components Relevant to COVID-19, Segmented by Time Period.

Sentiment Early COVID Middle COVID Late COVID
Category
March-August September- January-May

2020 December 2020 2021
Positive 0.113 0.104 0.391
Neutral 0.476 0.405 0.287
Negative 0.411 0.491 0.322
Compound -0.152 -0.033 0.336

54



6.2 Fine-Tuned CT-BERT with Auxiliary Sentence Approach
Model performance for aspect-based sentiment analysis was benchmarked on the
present VADER-annotated dataset. Results were evaluated using 10-fold cross-validation
to compute accuracy (Q. Chen et al., 2021; Savoy, 2012). This accounts for classification
effectiveness across all sentiment classes by counting the number of correct predictions
divided by the number of cases (tokenized language components). Evaluative measures

of model performance are based on the following formulas:

True Positives + True Negatives

Accuracy =
Y Total Cases
Precision x Recall
Fl1 =2+« —
Precision + Recall
o True Positives
Precision =

True Positives + False Positives

e True Positives
Recall (Sensitivity) =

True Positives + False Negatives

Sentiment size was used to weight F1 scores, precision, and recall as reported in
Table 2. Our proposed model achieved a weighted average F1 score of 0.881 for aspect

extraction and predicted sentiment intensity scores with a mean square error of 0.008.
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Table 2. Comparative Evaluation of Aspect-Based Sentiment Analysis Models Evaluated
on a Novel Corpus of Patient-Originated Secure Health System Messages Containing
COVID-19 Content.

Model Accuracy Macro F1 Precision
CT-BERT 76.0 75.0 72.0
CT-BERT, fine- 84.1 83.7 82.0

tuned, single

CT-BERT, fine- 88.5 88.1 85.0
tuned, auxiliary/pair
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Chapter VII

Discussion and Conclusions

7.1 Experimental Outcomes

VADER-generated sentiment annotation of the processed corpus demonstrates
several temporal trends. First, there is a significant increase in positive sentiment from
both early and middle COVID to late COVID (p<0.001). Patients may have expressed
more positive sentiments to their providers as lockdown periods ended, vaccines became
widely available, and infection rates declined in the northeastern United States. Negative
sentiment followed a similar but inverted trend, where messages in the late COVID
category had a significantly larger proportion of negative expressions compared to early
and middle COVID (p<0.05). These changes were somewhat associated with changes in
positive sentiment and could be attributed to similar causes. No significant changes in
neutral sentiment were detected between early, middle, and late COVID. However, the
largest proportion of text within all COVID-relevant messages was classified as having
neutral sentiment. This may signify that the nature of patient-provider messages is more
formal and therefore less likely to contain strong positive or negative sentiment.
Therefore, domain-specific methods targeted to secure health system messages may be
required for the meaningful application of widely used COVID sentiment analysis

models.

Notably, compound measures showed a statistically significant period-over-period
increase (p<0.05), with the largest absolute difference observed between early and late

COVID. Based on compound scores, the average patient-originated message during early
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and middle COVID could be described as weakly negative to neutral compared to weakly
or mildly positive during late COVID. These changes could be due to improvements in
COVID-related harms and public response developments. Previous analyses further
suggest that changes in COVID-related sentiment may be mediated by spatiotemporal
interactions related to geographic location, socioeconomic status, and political affiliation
(Ali et al., 2021; Surano et al., 2021). Trends may also differ between distinct subsets of
COVID-19 message. For example, compound sentiment across Twitter posts related to
COVID-19 symptoms, outbreak sources, and political impacts was found to be
consistently negative, while sentiment reversed from negative to positive in posts
discussing economy recovery, government response, and COVID-19 treatment
(Chandrasekaran et al., 2020). Consistent with our findings, a recent study of COVID-19
vaccine-related social media posts found that negative sentiment decreased from
November 2020 to February 2021 (Karami et al., 2021; Vargas et al., 2021). Other
studies also demonstrate that public health mandates and announcements regarding
COVID-19 prevalence have a significant impact on expressions of public sentiment
(Chalkiadakis et al., 2021; Ebadi et al., 2020; Thorpe Huerta et al., 2021). For a limited
number of topics, these temporal trends in pandemic-related sentiment appear to
generalize to non-US countries including China and the UK (Han et al., 2020; S. Yu et

al., 2021; Zou et al., 2020).

Compared to both CT-BERT and fine-tuned CT-BERT with single-sentence
classification, fine-tuned CT-BERT with pair-sentence classification achieved superior
performance. Classification measures derived from a standardized confusion matrix were

increased in the latter model. However, the magnitude of improvement seems to be
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largest when moving from CT-BERT to either of the fine-tuned, domain-specific CT-
BERT models. We also observe that the construction of an auxiliary sentence, and
consequent conversion of a single-sentence classification task to a pair-sentence
classification task, modestly improves model performance. These findings are consistent
with a prior study of CT-BERT in COVID-19 social media data, though our results
suggest that fine-tuned CT-BERT has a better result on patient-originated health system
messages (Lin & Moh, 2021). Even standalone, our fine-tuned model achieves good to

excellent performance in pair-sentence classification tasks.

These findings suggest that (1) domain-specific training improves the
performance of CT-BERT on secure health system messages and (2) the implementation
of an auxiliary sentence approach improves the predictive ability of sentiment analysis
models when applied to COVID-related message data. We believe that our proposed

model can be directly applied to future analyses of secure health system message corpora.

7.2 Limitations

The present study has several limitations. First, the foundational CT-BERT model
was pretrained on COVID-19 social media data. Additionally, CT-BERT was trained on
corpora that included some non-English tokens (Miiller et al., 2020). In addition to fine-
tuning, an optimized approach to BERT modification would include full pretraining on
English-only, patient-originated secure health system messages. Pretraining was not
performed due to limited computational power. Second, VADER was used for automated
sentiment annotation given data volume. Given that manual human review is considered

the gold standard for annotation, the accuracy of our findings may be limited.
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Additionally, VADER is optimized for sentiment analysis of social media data and may
not capture expressions within more formal communication texts such as patient portal
messages. Finally, the dataset used in this study was obtained from a single health
system. Therefore, our results may have limited institutional and regional

generalizability. Our exclusion of non-English messages also limits cross-language use.

7.3 Future Directions

Manual, semi-automated, and other fully automated approaches to annotation
could be applied to the present dataset. Consumer health frameworks such as the Fast
Health Care Interoperability Resources (FIHR) data model have previously been used to
analyze a large corpus of secure patient messages, though not in the setting of COVID-19
(De et al., 2021). The UMLS has also been used in machine learning studies of patient
messages, though on a significantly smaller volume data drawn from only a few medical
specialties (Mastorakos et al., 2021). Other open-domain biomedical knowledge tools
including DBpedia and MetaMap have been applied to consumer health inquiry data
released by the National Library of Medicine (NLM) (Cui et al., 2014; Demner-Fushman
et al., 2020; Kilicoglu et al., 2016; Kilicoglu et al., 2018; Mrabet et al., 2016; Roberts et
al., 2014). These and other semantic approaches could support the development of
automated tools that inform the triage, routing, and management of incoming patient

messages, especially in the setting of COVID-19.

Future topic modelling and entity recognition studies can utilize our data for a
variety of potentially valuable applications. This feature-rich, clinically diverse corpus of

secure health system messages in the setting of the COVID-19 pandemic can be mined
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for information regarding patient beliefs, patient-provider interactions, specialty-specific
approaches to COVID-19, impacts of various public health measures on outpatient care,
and other significant topics. A granular understanding of patient information-seeking
trends in response to COVID-related measures could provide valuable guidance in the
future development of public health campaigns (Bashar et al., 2020). Similarly,
surveilling disease-related “emotional contagion” on social media sites could improve
preventive measures in the future (Crocamo et al., 2021; Rajput et al., 2020).
Investigators could also explore ensembling and hybrid approaches — instead of or in
addition to the pre-training and fine-tuning strategies utilized here — to augment the
performance of BERT-based models on patient-originated communications (Kumar et al.,

2021; Moller et al., 2020).

From a clinical perspective, few studies have examined the complexity of medical
decision-making represented in patient portal messages (Robinson et al., 2017).
Understanding characteristics associated with patient messages could be of increasing
importance given the rapid spread of telehealth adoption. Symptom extraction models
that achieve good performance on social media data could be augmented to identify
symptomology on the present data, especially since there may be systematic differences
between symptoms reported to clinical providers versus those shared informally on social
networks (Luo et al., 2021; Lybarger, Ostendorf, Thompson, et al., 2021). Importantly,
studies that incorporate ancillary demographic information could provide high-resolution
characterizations of social determinants of health at scale (Lybarger, Ostendorf, &
Yetisgen, 2021). Further utilization of our dataset and the proposed fine-tuned deep

transfer learning model have significant potential to address these knowledge gaps as
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they relate to secure health system communications. Ultimately, we believe that future
applications of this work can help advance clinical and technical understanding of the

COVID-19 pandemic.
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