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Electronic health record (EHR) data informs decision-making in clinical care; however,
EHR data are generally underused for other purposes, including secondary use applications.
The need to leverage EHR data, including clinical notes, is highlighted by the COVID-19
pandemic, as clinicians, researchers, and policymakers struggle to understand, treat, and
contain a new disease. Secondary use cases for EHR data extend to many research areas
related to healthcare effectiveness, epidemiology, and public health.

Clinical notes contain many types of patient information that are not well character-
ized through structured data in the EHR, including social determinants of health (SDOH),
symptoms, and other factors relevant to clinical informatics research. These patient data are
frequently represented in the clinical narrative, rather than structured data, because struc-
tured data entry tools can be time-consuming and free-text entry allows richer descriptions.
This text-encoded information can benefit secondary use applications, like large retrospec-
tive studies and clinical decision-support systems; however, the key information must first
be automatically extracted, creating structured representations from unstructured clinical
text. Data driven information extraction models require annotated data for training and

evaluation, and annotated clinical data is limited by the high cost of annotation and privacy



regulations.

This work explores the automatic extraction of SDOH and COVID-19 diagnosis, testing,
and symptom information from clinical text. The exploration of SDOH and COVID-19 focus
on addressing the challenges associated with the limited availability of annotated clinical text.
Here, “limited” is intended to mean a relatively small data set or low resource setting. The
primary contributions of this work include the introduction of neural clinical information
extraction models, new annotated clinical corpora, a novel active learning framework, and a

secondary use application utilizing automatically extracted data.

We present state-of-the-art neural information extraction approaches for SDOH and
COVID-19 information, specifically designing the data-driven extraction architectures to
achieve high performance with limited training data, by using multi-task learning and unsu-
pervised pre-training. The extraction models generate event-based predictions that provide a
detailed characterization of SDOH and COVID-19, achieving performance levels comparable
to the inter-annotator agreement for several important factors. These information extraction

approaches are relevant to a range of clinical data.

As part of the exploration of SDOH and COVID-19, two new annotated corpora are
developed: the Social History Annotation Corpus (SHAC) and the COVID-19 Annotated
Clinical Text (CACT) Corpus. These corpora include detailed, high-quality annotations that
characterize SDOH and COVID-19 across multiple dimensions. SHAC is unique in its anno-
tation detail, size, and heterogeneity, and CACT is one of the first corpora with COVID-19
related annotations. These corpora are a substantial contribution to the available resources
for training and evaluating machine learning-based extraction models at the University of

Washington and for the larger clinical informatics community.

In collecting SHAC, we introduced a novel active learning framework that uses a relatively
simple text classification task as a proxy for a more complex event extraction task. The

framework increased corpus richness and heterogeneity and improved extraction performance,



relative to random selection. The largest performance improvements are associated with
prominent risk factors, like drug and tobacco use, homelessness, and living with others.

To demonstrate the utility of the automatically extracted data, this work presents a sec-
ondary use application exploring the prediction of COVID-19 infection. Incorporating au-
tomatically extracted symptom data improves COVID-19 infection prediction performance,

beyond just using existing structured data.
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Chapter 1

INTRODUCTION
1.1 Problem

In the clinical domain, electronic health record (EHR) data are underutilized in research
and can be mined to guide diagnosis and treatment through secondary uses, including ret-
rospective studies and clinical decision support (CDS) systems [I]. Through retrospective
studies, existing EHR data can be used to identify disease co-occurrences and assess treat-
ment outcomes. Historical and real-time patient EHR data can also be utilized by CDS
systems to assist clinicians in determining diagnoses and treatments [2]. EHR data includes
administrative data (e.g. patient demographics, diagnosis codes), clinical data (e.g. service
request, prescriptions, imaging results), and clinical text [I]. Clinical notes are a fundamen-
tal component of documentation and decision processes and often capture information not
represented in structured data, like social history, medical history, and physical examination
data [I, B]. To use the information contained in clinical text for secondary use, natural
language processing (NLP) information extraction (IE) techniques must be used to extract
salient information from the text, converting the unstructured text to structured data [3].
Creating machine learning-based IE models requires high-quality annotated data that
are representative of the target data. Unfortunately, clinical IE is challenged by data het-
erogeneity and the limited availability of annotated data. Clinical notes are extremely het-
erogeneous, as the content, structure, lexicon, and shorthand vary by domain and author
[2]. Additionally, the structure and formatting of the notes varies by institution, and notes
include grammatical and spelling errors [2]. The same document may contain both text
and structured data. Annotated clinical corpora are limited by the high cost of annotation

and by privacy regulations defined in the Health Insurance Portability & Accountability Act



(HIPAA) [4], which governs the use of protected health information (PHI). For these reasons,
corpus creation and learning in a low resource setting are important elements of this thesis
and clinical IE more broadly.

There is a wide range of text-encoded information within the clinical narrative, and
this work focuses on social determinants of health (SDOH) and Coronavirus disease 2019
(COVID-19) symptoms, diagnoses and testing. SDOH are the conditions in which people
work and live that impact health outcomes [5H7]. Prominent SDOH, like substance use,
living situation, and employment, impact morbidity and mortality [8H12]. Understanding
SDOH, including behaviors influenced by these social factors, can inform clinical decision-
making [12]. COVID-19 is a global pandemic, with 20.2 million confirmed infections and 737
thousand related deaths, as of August 12, 2020 [13]. Tracking the spread of COVID-19 and
estimating the true number of COVID-19 infections remains a challenge, even as the avail-
ability of COVID-19 testing increases. Symptom information would provide useful indicators
for tracking potential COVID-19 infections and disease clusters [I4]. For example, Elmore
et al. [I5] identified elevated rates of patient respiratory complaints starting in December
2019, suggesting COVID-19 spread prior to the establishment of testing capabilities. Cer-
tain initial symptoms may be associated with higher risk of complications, and correlations
between symptoms and COVID-19 outcomes are not well understood. Additionally, COVID-
19 outcomes (infection, hospitalization, need for intensive care unit, etc.) are impacted by
SDOH, including smoking, obesity exercise, diet, and homelessness [I6HIg]. Automatically
extracting the text-encoded SDOH and COVID-19 information in the clinical narrative may

contribute to improved healthcare and public health.
1.2 Contributions

This work explores clinical IE using an existing clinical data set with SDOH annotations,
referred to as YVnotes [19], and two new annotated clinical corpora: Social History An-
notation Corpus (SHAC) and COVID-19 Annotated Clinical Text (CACT) Corpus. Novel
IE architectures are introduced for YVnotes, SHAC, and CACT, and the extractors created



using these corpora are used to explore secondary uses for the extracted information. The

primary contributions of this work include:

1. Neural architectures for clinical IE with limited training data: This work presents

multiple neural IE architectures designed to extract clinical information with limited

training data. The architectures are customized to the specific annotation schemes but

can be easily generalized to other clinical IE data sets or tasks. All of the architectures

utilize multi-task learning, where early model layers share parameters across prediction

tasks. The shared parameters leverage similarities and learn dependencies between

labeled phenomena. The architectures include:

(a)

Multi-task Substance Extractor: The Multi-task Substance Extractor is a neural,
multi-task TE model designed to extract a subset of SDOH, specifically alcohol,
drug, and tobacco use information [20]. The Multi-task Substance Extractor
characterizes substance use across multiple dimensions (e.g. status, extent, tem-
porality) and achieved state-of-the-art performance on Y Vnotes.

Multi-task Event Eztractor: The Multi-task Event Extractor is a generalization
of the Multi-task Substance Extractor that utilizes end-to-end training for jointly
extracting a range of SDOH information [21I]. The Multi-task Event Extractor
was trained and evaluated on SHAC. For several critical SDOH, the Multi-task
Event Extractor achieved near-human performance (i.e. performance comparable
to inter-annotator agreement).

Span-based Event FExtractor: The Span-based Event Extractor jointly extracts all
event information and is a more flexible architecture that handles co-occurring
events and overlapping spans [22]. The Span-based Event Extractor is used to
extract the COVID-19 related phenomenon of CACT. The Span-based Event
Extractor achieved near-human performance in the extraction of key symptom

information.

2. Annotated corpora: This work presents two new annotated clinical corpora: SHAC and

CACT. Both corpora include detailed event-based annotations, characterizing a range



of attributes, including diagnoses, testing, severity, status, and temporal information.
SHAC is comprised of 4,480 social history sections with detailed annotations for 12
critical SDOH [21]. SHAC utilizes clinical notes from MIMIC-III [23] and the University
of Washington (UW) and Harborview Medical Centers and includes more than 18K
distinct events. SHAC is unique in its size and detailed characterization of SDOH.
CAC'T consists of 1,472 clinical notes from the UW and includes 30K distinct events
characterizing COVID-19 diagnoses, testing, and symptoms [22]. We are unaware of
any other clinical corpora with COVID-19 annotations.

. Active learning using Surrogate Classifiers: Active learning identifies samples (e.g.
sentences or documents) for annotation that maximize model learning. Active learning
query functions typically incorporate classifier predictions to identify samples near
the decision boundary or improve coverage across the label space. Active learning
is well-established within text classification and sequence tagging tasks; however, it
is less explored in relation and event extraction tasks, which involve more complex
predictions where spans are labeled and linked. This work introduces a novel active
learning framework, referred to as Active Learning using Surrogate Classifiers (ALSC),
which uses a combination of text classification tasks as a proxy for a more complex
event extraction task [2I]. A portion of the SHAC training set was selected using
ALSC, which increased the diversity and richness of the annotations and improved 1E
extraction performance, relative to random selection. Active selection improved IE
performance the most for less frequent, high-risk SDOH, including drug and tobacco
use, homelessness, and living with others.

. Secondary use with automatic labels: The relationship between the COVID-19 infec-
tion and the automatically extracted symptom information was explored through a
secondary use application. In a set of notes paired with EHR data, the likelihood
of COVID-19 infection was predicted using both structured data and automatically
extracted symptom data. Incorporating the automatically extracted symptom data

improves COVID-19 prediction performance, and two of the top three most predictive



features are automatically extracted cough and fever information.
1.3 Overview

Chapter[d, [Background, provides a general overview of recent work related to neural language
processing, IE, annotated clinical corpora, and active learning. Task-specific literature is

discussed in the applicable chapters.

Chapter[3, [Architectures for TF, describes the three neural architectures presented in this

work: Multi-task Substance Extractor, Multi-task Event Extractor, and Span-based Event

Extractor.

Chapter |4, |Substance Usd, explores the extraction of substance (alcohol, drug, and to-

bacco) use information from clinical text, using YVnotes. The performance of the Multi-task
Substance Extractor, when trained and evaluated using Y Vnotes, is presented. The extrac-
tor is applied to a large corpus of publicly available clinical notes to explore the prevalence

of substance use.

Chapter (3, [Social Determinants of Health] broadens the exploration of SDOH, introduces

the newly annotated SHAC, and presents the ALSC active learning framework. The distri-
bution of annotated risk factors is explored, comparing random sampling to ALSC. Experi-
mentation demonstrates ALSC improves extraction performance, beyond random sampling.
Using the Multi-task Event Extractor, the initial extraction performance for SHAC is pre-
sented.

Chapter[d, [COVID-19, presents COVID-19 related work, including the new CACT cor-
pus. The CACT annotation scheme is described and a summary of the annotated data is
presented. The Span-based Event Extractor is trained and evaluated on CACT, providing

the first extraction results for the corpus.

Chapter [, [Secondary Use with Automatic Labeld presents an initial secondary use ap-

plication for the automatically extracted COVID-19 symptom data.
Chapter [8, [Conclusiond, summarizes the main contributions of this work and presents

promising areas for future work.



Chapter 2

BACKGROUND

This section presents relevant background for this work. Section describes common
IE tasks, provides a high-level discussion of methodologies applied to these tasks, and mo-
tivates the use of neural IE techniques. Section describes contemporary approaches for
language representation, multi-task learning, and neural modeling techniques relevant to IE
and NLP more broadly. Section describes annotated clinical corpora related to SDOH

and symptoms. Section [2.4] describes active learning and relevant work.

2.1 Information Extraction

The goal of IE is to create structured representations from unstructured text. There are
several frequently explored IE tasks, including entity recognition, relation extraction, coref-
erence resolution, and event extraction. Entity recognition involves identifying and classifying
noun phrases in text, based on a pre-defined set of categories (e.g. identifying and classify-
ing person names, organizations, and locations). Relation extraction involves detecting and
classifying entities (similar to entity recognition) and identifying the semantic relationship
between the identified entities (e.g. determining a city is located in a specific country, or
determining the relationship between two people). Coreference resolution is the task of iden-
tifying all mentions of the same entity in a text (e.g. determining the proper noun referred
to by pronouns). Fvent extraction involves identifying the phrase that indicates an event is
present (called the “trigger”), classifying the trigger span, identifying argument (attribute)
spans that characterize the event, and classifying the roles (relations) of the arguments (e.g.
identifying the phrase “outbreak” in a news feed as an indicator of a type of event) . Re-

lation extraction, coreference resolution, and event extraction tasks all involve identifying



spans of interest and predicting links between identified spans, and there are similarities in

the extraction architectures applied to these tasks.

These information extraction tasks are relevant to a range of clinical IE problems. As
examples, identifying protected health information (de-identification of medical records) can
be approached as an entity recognition task [24]. Identifying medical problems, tests, and
treatments and determining the relationship between these identified entities can be framed
as a relation extraction task [25]. Identifying prescription drugs and associated adverse
outcomes can also be explored as a relation extraction task [26, 27]. Characterizing multiple
aspects of alcohol, drug, and tobacco use, like status, type, extent, and temporal information,
can be framed as an event extraction task [19]. This work approaches the extraction of SDOH

and COVID-19 information as entity recognition and event extraction tasks.

There is a long history of IE in general and clinical domains, and the techniques have
evolved over time, starting with rule-based systems, then transitioning to data-driven dis-
crete modeling approaches, and currently utilizing neural networks. The approaches used
in clinical IE tend to lag the methodologies used in the general domain. In a literature
survey, Wang et al. [28] found that more than 60% of clinical IE studies from 2009-2016 used
only rule-based systems. In contrast, Chiticariu et al. [29] found that rule-based systems
represented less than 4% of recent general domain IE works from 2003-2012. In a survey of
general domain conference papers, Young et al. [30] found that approximately 30%-40% of
papers in 2012 used neural networks and that this proportion grew to approximately 70%
by 2017. Neural approaches are becoming increasingly prominent in the clinical domain, as
well [31]. The subsequent section describes prominent neural modeling approaches, which

are relevant to this work.

2.2 Neural Networks for Language Processing

This section presents relevant neural modeling approaches in IE and NLP more broadly,

focusing on general methods and specific systems that are built on in this work.



2.2.1 Learned Word Representations

Pre-trained Word Embeddings: Within the context of neural modeling, it is common
to learn a vector representation (embedding) of a word or word sequence (e.g. phrase,
sentence, document, etc.). There are many ways to create word embeddings, including the
popular word2vec (Skip-gram and CBOW variants) [32] and GloVe [33] approaches. Word
embeddings provide a rich word representation, which can include syntactic and semantic
information. These approaches can be used to pre-train word embeddings on large corpora
of unlabeled text (i.e. millions or billions of words). Word embeddings are typically created
by applying unsupervised learning techniques to unlabeled text.

Pre-trained Language Models: Many recent NLP systems, including IE, use pre-
trained language models, like Embeddings from Language Models (ELMo) [34], Bidirectional
Encoder Representations from Transformers (BERT) [35], and XLNet [36], that leverage large
corpora of annotated text with billions of words [37H40]. Pre-trained word embeddings,
like word2vec or Glove embeddings, reflect a broad notion of context, based on general
context statistics across a training corpus. In contrast, pre-trained language models generate
contextualized word embeddings that reflect the specific context of each word within the
sentence or document. There are many domain-specific BERT variants, including Alsentzer
et al. [41]’s Bio+Clinical BERT, which is trained on abstracts and papers from PubMed
and clinical notes from MIMIC-IIT [23], and Bio+Discharge Summary, which PubMed and
discharge summaries from MIMIC-III.

2.2.2  Multi-task Learning

In multi-task modeling, a single model generates multiple outputs and/or leverages shared
parameters across multiple data sets or tasks. Multi-task learning can be useful in low-
resource tasks (limited data) for two reasons: parameter sharing between tasks can reduce
training requirements and learning with multiple objectives can lead to more robust models.

Collobert and Weston [42] use a single model to predict multiple phenomena, including part



of speech (POS), chunks, named entities, semantic roles, etc. Neural multi-task models have
achieved state-of-the-art performance in a variety of IE tasks [42-47]. Liu et al. [44], Luan
et al. [45], and Peters et al. [47] use a multi-task approach where input layers are shared
by multiple models that operate on different data sets. In the clinical domain, Maldonado
et al. [48] uses a multi-task model to simultaneously extract multiple electroencephalography
concepts and attributes, Harutyunyan et al. [49] used clinical time series data and neural
multi-task modeling to predict in-hospital mortality, length of stay, phenotyping, and de-
compensation, and Jaques et al. [50] predicted health, stress, and happiness using a neural
multi-task model and data from wearable sensors and smartphone logs. Both Harutyun-
yan et al. [49] and Jaques et al. [50] explored these prediction tasks retrospectively, and

prospective performance has been not evaluated.

2.2.3 Text Classification

In text classification, labels are assigned to variable-length word sequences (e.g. sentences,
documents). Examples of text classification tasks include predicting the sentiment of cus-

bR

tomer reviews (“positive,” “neutral,” or “negative”) or identifying social media posts with
toxic (hate) speech. Text classification models generally include a mechanism for convert-
ing variable length sequence representations to a fixed-length vector, which then feeds into
a feedforward neural network (FFNN) or other classifier layer. Popular text classification
approaches include convolutional neural networks (CNN) [51], recurrent neural networks

(RNN) [52], and self-attention [53]. Recent state-of-the-art text classification models utilize
large transformer models, like BERT [35].

2.2.4 Sequence Tagging

In sequence tagging, labels are predicted for each token in a word sequence. Examples of
sequence tagging tasks include predicting POS tags and identifying named entities. Several
IE works achieved high performance using the Conditional Random Field (CRF) model [54-
56]. More recent IE work utilizes RNNs;, including the Long Short Term Memory (LSTM)
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network and bidirectional-LSTM (bi-LSTM), which capture long-range word dependencies
[46], 46]. A popular LSTM-based approach to sequence tagging incorporates a CRF layer at
the output of the LSTM or bi-LSTM [57-59]. The inclusion of the CRF allows the model to

learn allowable transitions between labels and conditionally independent predictions.

2.2.5 (General Domain IE

Many contemporary coreference resolution, relation extraction, and event extraction works
use end-to-end multi-layer neural models that encode an input word sequence using a re-
current layer, classify spans (entities, arguments, etc.), and predict the relationship between
spans (coreference, relation, role, etc.) [60-62]. In this context, the phrase “end-to-end”
means the input to the model is (tokenized) text and the output is the extracted data,
without intermediate algorithms/steps. Typically, “end-to-end” implies the model is jointly
trained and error is back propagated from the output predictions to the input layer. Joint
end-to-end training is achieved through a multi-task learning, where the loss associated with
span classification and span relationship prediction is aggregated during training. The Multi-
task Event Extractor and Span-based Event Extractor introduced in this work utilize joint
end-to-end training.

In a relation extraction task, Zheng et al. [60] predict entities using an augmented LSTM
layer that generates sequentially dependent predictions, similar to a CRF, and resolves rela-
tions using CNN. In an event extraction task, Orr et al. [61] uses attention to combine outputs
from separate gated recurrent unit (GRU) layers that encode temporal (word sequence) and
syntactic (dependency) information. Pang et al. [62] jointly extract entities and relations
by encoding sentences using both bi-LSTM and Transformers and decode triplet predictions
using a dual-pointer algorithm. In a relation extraction task, Huang et al. [37] fine-tuned
BERT with a CRF entity extraction layer and multi-head attention relation classification
layer. Also in a relation extraction task, Wang et al. [38] fined-tuned BERT, predicting enti-
ties and relations using a linear layers operating on average pooled BERT output states. The

extraction models introduced in this thesis use many of the same modeling layers, including
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BERT, bi-LSTM, self-attention, CNN, and CRF.

Of most relevance to the final event extractor in this thesis work, the Span-based Event
Extractor, is a series of developments starting with Lee et al. [63], which introduces a span-
based coreference resolution model that enumerates all spans in a word sequence, predicts
entities using a FFNN operating on span representations, and resolves coreferences using a
FFNN operating on entity span-pairs. Luan et al. [64] adapted this framework to entity and
relation extraction, with a specific focus on scientific literature. Luan et al. [39] extended the
method to take advantage of co-reference and relation links in a graph-based approach for
jointly predicting entity spans, co-references, and relations. By updating span representa-
tions in multi-sentence co-reference chains, the graph-based approach achieved state-of-the-
art on several IE tasks representing a range of different genres. Wadden et al. [40] expands
on Luan et al. [39]’s approach, adapting it to event extraction tasks. Our Span-based Event
Extractor builds on Luan et al. [64] and Wadden et al. [40]’s work, augmenting the mod-
eling framework to fit the CACT annotation scheme, which includes argument subtypes.
In CACT, event arguments are generally close to the associated trigger, and inter-sentence
events linked by co-reference are infrequent, so the graph-based extension, which adds com-

plexity, is unlikely to benefit our extraction task.

2.2.6 Clinical IE

Recent clinical IE work has benefited from neural modeling approaches, including CNN
[65], 66], autoencoders [67], RNN [68H70], attention networks [71], multi-task learning [48-
50], and other neural frameworks. Dernoncourt et al. [68] explores a de-identification task
using an LSTM with an output classification layer that models label transition probabilities.
In a clinical entity extraction task, Shi et al. [70] uses a stacked LSTM-CRF approach. In a
medical concept slot for task, Shi et al. [70] encode input sentences using a bi-LSTM, predict
entity and attribute spans using a CRF, and resolve relations using a FFNN operating on
the averaged hidden states of the entity-attribute pairs. Chen et al. [26] extract adverse

drug reaction information, identifying entities (drugs, dosage, etc.) using a knowledge-based
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system (i.e. Unified Medical Language System) and resolving relations using a multi-layer bi-
LSTM-attention model. Also exploring an adverse drug event extraction task, Christopoulou
et al. [27] identify drugs and reactions using bi-LSTM and attention layers and predict
drug interactions (dependencies) using a binary classifier operating on the drug/reaction
representations. Similar to several of these works, we employed the stacked bi-LSTM-CRF
approach, also including self-attention layers at the bi-LSTM output.

2.3 Corpora

Creating machine learning IE models requires annotated corpora for model training and eval-
uation. To achieve high extraction performance, the annotated corpora must be sufficiently
large, diverse, and representative of the target data. Corpora size is especially important
when using neural IE approaches, which tend to require more annotated data than simpler
discrete models. Existing corpora associated with the two tasks explored in this thesis are
described below.

SDOH: Multiple corpora with note-level SDOH annotations have been developed. For
example, the i2b2 NLP Smoking Challenge introduced a publicly available corpus where
tobacco use status is labeled at the note-level [72]. Gehrmann et al. [73] annotated MIMIC-
IIT discharge summaries with note-level phenotype labels, including substance abuse and
obesity. Feller et al. [74] annotated 38 different SDOH at the note-level. While the note-level
labels are informative, the annotation scheme is insufficient to fully characterize the SDOH.
For example, the note-level tobacco status labels in the i2b2 NLP Smoking Challenge provide
useful information but are insufficient to characterize the severity of patients’ smoking history
and habit. Additionally, the note-level labels cannot distinguish between descriptions of past
and current tobacco usage within a given note.

Melton et al. [75] reviewed three widely used public health surveys to understand the
questions used by practitioners to measure behaviors that may be relevant to clinical care.
From this investigation, Melton et al. [75] proposed an information model for survey items

related to alcohol, drug, and tobacco use, that included dimensions of temporality, degree
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of exposure, and frequency. Melton et al. [75]’s model reflects the practitioners’ needs and
insights into how these substances impact patient health. Chen et al. [76] surveyed the use

PP AA4

of free-text describing alcohol use, coding for “type,” “status,” “temporal,” and “amount.”
Similar dimensions or characteristics have been proposed and implemented by others, in-
cluding Carter et al. [T7] and Wang et al. [78]. Yetisgen and Vanderwende [19] annotated
a corpus of 364 social history sections with SDOH, including substance use, using an anno-
tation scheme similar to the models/schemas of Melton et al. [75], Chen et al. [76], Carter
et al. [77], Wang et al. [7§]. Wang et al. [79] introduced a corpus with detailed substance
use annotations for 691 clinical notes. The annotated corpus introduced in this manuscript,
SHAC, follows a similar annotation scheme as these works [19] [T5H7g].

Unfortunately, existing publicly available corpora with SDOH annotations are lacking in
either annotation detail, size, and/or heterogeneity. To fill this gap, we introduce SHAC,
which is a relatively large corpus with high quality, detailed SDOH annotations. SHAC is
heterogeneous in that it includes clinical notes from multiple institutions and note types,
and in the use of active selection to encourage a richer representation of SDOH events.

COVID-19 and symptoms: Given the recent onset of COVID-19, there are limited
COVID-19 corpora for NLP experimentation. Corpora of scientific papers related to COVID-
19 are available [80} [81], and automatic labels for biomedical entity types are available for
some of these research papers [82]. However, we are unaware of corpora of clinical text with
supervised COVID-19 annotations.

Multiple clinical corpora are annotated for symptoms. As examples, South et al. [83]
annotated symptoms and other medical concepts with negation (present/not present), tem-
porality, and other attributes. Koeling et al. [84] annotated a pre-defined set of symptoms
related to ovarian cancer. For the i2b2/VA challenge, Uzuner et al. [25] annotated annotated
medical concepts, including symptoms, with assertion values and relations. While some of
these corpora may include the annotation of symptoms relevant to COVID-19 (e.g. “cough”
or “fever”), the distribution and characterization of symptoms in these corpora may not be

consistent with the symptoms in COVID-19 related notes. To fill the gap in clinical COVID-
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19 annotations, including symptoms, we introduce CACT to provide a relatively large corpus

with COVID-19 diagnosis, testing, and symptoms annotations.
2.4 Active Learning

Annotated corpora are generally created by having human-annotators label phenomena of
interest in unannotated (unlabeled) text. The annotators assign labels to documents, sen-
tences, or phrases, following a set of predefined annotation guidelines. The available un-
labeled text is often significantly larger than the annotation budget. Randomly selecting
samples (e.g. documents or sentences) for annotation is suboptimal from a model learn-
ing perspective, as samples vary in their usefulness, particularly when the phenomena of
interest are infrequent. Active learning is an approach for selecting samples for annotation
that maximizes model learning [85, 86]. In text annotation projects, the active learning
query function typically scores sample informativeness, representativeness, and/or diversity
[87H89]. Informativeness describes the potential for a sample to reduce classification uncer-
tainty (i.e. proximity to the decision boundary). The literature varies in the usage of the
terms “representativeness” and “diversity.” Here, “representativeness” describes the degree
to which a sample describes the structure of the data, and “diversity” characterizes the
variation in the samples selected.

Active learning is well-established for classification tasks, where a single label is pre-
dicted for each sample. Multiple studies have applied active learning to text classification
tasks, where a sample is a sentence or a document. Sample informativeness is derived from
classification uncertainty scores, such as maximizing entropy [90] or minimizing a support
vector machine margin [91], 92]. Du et al. [89] assesses diversity based on classifier posterior
distributions, and Wu and Ostendorf [90] assesses diversity and representativeness based on
sample similarity within the observation space.

Approaches for applying active learning to sequence tagging problems are also well-
established [03-08]. Although predictions are made at the token-level, sample selection

is typically performed at the sentence or document-level. Representativeness and/or diver-
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sity are often assessed by calculating sentence similarity metrics in the observation space
[93-95], [97]. Sequence-level uncertainty scores are calculated by various measures, like nor-
malized prediction sequence likelihood and minimum token-level confidence. In the clini-
cal and biomedical domain, uncertainty scores are generated with conditional random field
(CRF) models [93H97] or a neural tagger based on contextualized embeddings from ELMo
and BERT [9§].

Active learning is less explored in relation and event extraction tasks, where triggers
(heads), arguments, and/or relations are annotated. The predictions are more complex,
involving labeling and linking spans of text. Maldonado et al. [48] apply active learning
to a clinical relation extraction task, selecting samples using the average entropy of all
predicted phenomena as an uncertainty score. More recently, Maldonado and Harabagiu
[99] explore active learning in a medical concept and relation extraction task. In lieu of
a heuristic query function, an optimal selection strategy is learned from data with strong
and weakly supervised labels; including 1,000 electroencephalogram (EEG) reports with
automatic annotations generated by existing extraction models.

A portion of the SHAC training set was actively selected, to improve extraction perfor-
mance and data heterogeneity. SHAC is annotated using an event-based structure, where
SDOH are characterized through multiple argument types. These argument types are not
equally important for secondary use applications, and the entropy of different determinant-
argument combinations may differ significantly. Without sufficient annotated data to learn
an optimal selection strategy, we use a simplified text classification task as a surrogate for
assessing sample uncertainty, to prevent under sampling the critical phenomena. We hypoth-
esized that the surrogate task would improve extraction performance in the more complex

event extraction task and validated the hypothesis with experiments on SHAC data.
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Chapter 3
ARCHITECTURES FOR IE

This chapter describes the general event-based IE task that is explored throughout this
work and the IE architectures introduced in this work: Multi-task Substance Extractor,
Multi-task Event Extractor, and Span-based Event Extractor. This work describes models
developed for clinical IE from 2017-2020 [20H22], and the sequence of architectures intro-
duced represents an evolution both in the framing of the event extraction task and in the
neural architectures employed. The experimental assessment has involved multiple tasks
(presented in subsequent sections), but the models are presented together to highlight the

general applicability and different advances.

3.1 Event Extraction Task

In the clinical domain, event-based annotations characterize the phenomena of interest across
multiple dimensions. Events in the clinical narrative capture changes to the status, extent,
temporality, and other attributes of risk factors and diagnoses in the patient timeline. Each
event includes a trigger and all associated arguments to describe a specific change/incident
in this timeline. The annotated corpora used in this work (YVnotes, SHAC, and CACT)
all use a similar event-based structure, although the annotated features differ. Figure [3.1
contains SDOH event annotations from SHAC, which includes descriptions of employment
and tobacco, alcohol, and drug use, and Figure contains event annotations from CACT
that describe COVID-19 diagnosis and symptoms. The event structure identifies and labels
multi-word spans of interest (arguments) and links related spans, creating a more complex
and descriptive representation. Although the identified arguments may not strictly be noun

phrases, the argument identification task is similar to the entity identification. Predicting the
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links between triggers and arguments (referred to as the argument roles) is similar to predict-

ing relations between entities, in that the argument roles captures the semantic relationship

between triggers and arguments.

Status

Employment

Type Type StatusEmploy [unemployed]

——

SOCIAL HISTORY : Used to be a chef ; currently unemployed .

Amount
History
SIEIT StatusTime [past] History
—_— —— —

Tobacco Use : quit

7 years ago ; 15 - 20 pack years

Alcohol Status

*[StatusTime [none]]  [Drugr™ >""™*™[StatusTime [none] ]
—— P ——

Alcohol Use : No

Drug Use : No

Figure 3.1: SHAC annotation examples for Employment, Tobacco, Alcohol, and Drug events

Assertion
; COVID

|Assertion [possible] ]

Characteristics

Xray findings and hypoxemia suggestive of COVID - 19 pneumonia

Assertion Assertion [present] |
—_—— —_—

|Characteristics]|
S

Cough present

, nonproductive , poor effort .

Figure 3.2: CACT annotation examples for COVID and Symptom (SSz) events

In this work, trigger annotation includes the selection of a multi-word span and the

identification of the event type (e.g. Employment, Tobacco, or COVID) and is denoted by
white labels in Figures and 3.2l For example, the first line in Figure [3.1] includes an

event where the trigger span is “currently employed” and event type is Employment. The

arguments identify specific attributes of the event and connect to the trigger through the role

(relation). There are two types of arguments: labeled arguments and span-only arguments.

The annotation of labeled arguments includes the argument type, span, and subtype. For
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example, the first line of Figure [3.I]includes a labeled argument for which the argument type
is StatusEmploy, span is “currently unemployed,” and subtype is unemployed. Similar to
labeled arguments, the annotation of span-only arguments includes the argument type and
span; however, span-only arguments do not include an additional subtype label. For example,
the first line of Figure3.1|includes a span-only argument for which the argument type is Type
and the span is “a chef.” For labeled arguments, the identified subtype captures the most
important argument information, as the subtype essentially represents the normalization of
the argument span. For span-only arguments, the identified span cannot easily be mapped

to a fixed set of classes, and the identified span captures the most important information.
3.2 Multi-task Substance Extractor

The Multi-task Substance Extractor extracts substance use information across multiple di-
mensions, describing status, extent, type, and temporality [20]. It is designed based on
the substance use annotation schema of Yetisgen and Vanderwende [19]’s YVnotes corpus,
which was used to train and evaluate the extraction framework. Figure |3.3|is a diagram of
the Multi-task Substance Extractor. The extracted event types include Alcohol, Drug, and
Tobacco. Given the similarities between all three event types, the same arguments are used
to characterize each substance. These event types include a single labeled argument, Sta-
tus. The span-only arguments include Amount, Frequency, Exposure History, Type, and Quit
History. Each event is required to have a trigger and a Status argument. The Multi-task
Substance Extractor leverages shared information and similarities between event types and
arguments.

The Multi-task Substance Extractor generates sentence-level predictions for trigger and
labeled arguments (treating these problems as sentence-level text classification tasks) and
token-level predictions for span-only arguments (sequence tagging). Similar to previous work
with YVnotes, this work assessed the performance of the Multi-task Substance Extractor
through these sentence-level and token-level predictions, without explicit consideration of

the event structure of the annotations (see Chapter {4 for details). In other words, the
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Span-only arguments,

excluding Type - CRF m event Type - CRF
A . types 4
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P 7%‘ _J

| Labeled arguments - CNN LHJ// labeled
A t

Merged substance
Span-only arguments - CRF

P arguments

\
I Trigger - Attn LU/J(C\'CI]I

types

word2vec

sentence

Figure 3.3: Multi-task Substance Extractor

performance assessment does not consider the prediction of argument roles and only evaluates

individual sentence-level and token-level predictions.

Shared Layers: The inputs to the model are pre-trained word embeddings, which feed
into a bi-LSTM layer with layer normalization [100]. The forward and backward outputs
states of the LSTM are concatenated resulting in n x 2v;, matrix, h = [hy, hy], where vy, is
the LSTM hidden size and n is the sequence length. h is used as features in downstream

output classifiers.

Trigger: Self-attention is used to estimate the probability of each event type occurring
in the sentence, automatically identifying word positions that best predict a given substance.
For sentences predicted to have a given event type present, the token position with the largest

attention weight is the trigger span. Attention weights, a., are calculated as
a. = softmaz(tanh(w*h™)) (3.1)

where ¢ denotes the event type, w? is a 1 x 2v;, learned vector, and a. is a 1 x n vector.

The probability of a substance event is calculated using the weighted average of the hidden
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states as

P! = softmaz(wt(a.h)’ +b") (3.2)

where w! is a 2 x 2v;, weight matrix and b’ is a 2 x 1 bias vector. The probability of
the events is concatenated to form a 3-dimensional vector (# substances) for use in Status
classification. The ground truth for learning P! is determined based on whether or not a
given event occurred at least once in the sentence. Error from the Status classification is not
back-propagated to the trigger network in training.

Labeled Arguments: Status is predicted using separate, sentence-level text classifiers
for each event type. A CNN with max-pooling creates a low dimensional sentence represen-
tation, g., where ¢ denotes the event type. The use of this CNN approach is motivated by
the ability of CNNs to highlight salient information in the input sequence and preserve word

order information. The CNNs uses multiple filter widths, and multiple filters are created

for each filter width. The trigger probability vector, P!

c)

is concatenated with g. to form a

vector of size m-by-1 to predict Status as
P? = softmaz(w?|[P!, g.| + b?) (3.3)

where w? is a |y3| x ¢ weight matrix, b? is a |yZ| x 1 bias vector (¢ = #event types+ #filters x
2vp,), and |y2| is the number of Status subtypes, including a null class. Status probabilities,
P?. for each event type are concatenated to form P?, which is used as input features in the
sequence tagging tasks. To prevent the sequence tagging tasks from negatively impacting
the Status classification, error from the sequence tagging tasks is not back-propagated to the
Status classifiers.

Span-only Arguments: Linear-chain CRF models are used to extract span-only argu-
ments using the begin-inside-outside (BIO) labeling formatting. The CRF is used because of
its ability learn and enforce allowable transitions between sequence labels (e.g. I-frequency
label may follow a B-frequency label but not I-amount). The Type arguments for all sub-

stances were extracted using a single CRF, with input features h and P?®. The Amount,
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Frequency, FExposure History, and Quit History labels were merged across all three event
types for training a substance-independent CRF that estimates probabilities, P™, for these
arguments with input features h and P?®. Then, substance-specific Amount, Frequency, Fx-

posure History, and Quit History arguments are extracted using separate, substance-specific

CRFs, with input features h, P’, and P™.

c

3.3 Multi-task Event Extractor

The Multi-task Event Extractor is a generalization of the Multi-task Substance Extractor and
is shown in Figure It utilizes contextualized word embeddings generated using BERT,
which did not exist during the development of the Multi-task Substance Extractor. The
Multi-task Event Extractor generates sentence and token-level predictions that are assembled
into events, allowing the performance assessment to consider the full event structure of the
annotations (see Chapter 5| for details). The Multi-task Event Extractor was trained and
evaluated using the newly annotated SHAC, which involved a larger number of event types
including substance use, employment, and living situation. The extraction framework can

be expanded to any number of event types or arguments.

[ Span-only arguments - CRF LI‘H' event
types

tr u

\

Trigger - Attn I_I—Hvevent

types

sentence

Figure 3.4: Multi-task Event Extractor
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Shared layers: Similar to previous multi-task work [50, [66, TOTHI04], the Multi-task
Event Extractor shares information across tasks (event types and arguments in this applica-
tion). Individual sentences are encoded using Bio+Discharge Summary BERT, creating an
n X v, matrix, where n is the sentence length in tokens and vy is the BERT embedding size.
Similar to other work [105], only the last word piece embedding for each token is used, to
simplify the downstream sequence tagging. The BERT encoding feeds into a bi-LSTM. The
forward and backward outputs states of the bi-LSTM are concatenated resulting in n x 2vy,
matrix, h, where vy, is the hidden size. h feeds into event type and argument-specific output
layers. The BERT weights are frozen, due to the limited amount of annotated data, and the
bi-LSTM provides a layer to adapt the BERT output to this task.

Trigger: The presence of each event type is predicted using separate self-attentive binary
classifiers (not present/present). Positive predictions serve as the trigger for assembling
events, and the token position with the maximum attention weight serves as the trigger
span. During training, event type c is considered present, if the sentence contains one or

more events of type ¢. Normalized attention weights, a., are calculated as
a! = softmaz(w, h") (3.4)

where ¢ denotes the event type, wfw is a 1 x 2vy, learned vector, and al, is a 1 x n vector.
The self-attention mechanism presented in Equation [3.4] differ slightly from the self-attention
mechanism presented with the Multi-task Substance Extractor, in that it omits the nonlin-
earity, tanh. The trigger probability for event type, P, is calculated similar to the Multi-task
Substance Extractor (see Equation . The trigger probabilities, P!, are concatenated to
form a 2 x m matrix, P?, for the labeled argument prediction. An event is detected if it has
probability greater than 50%. Because triggers are predicted using sentence-level classifiers,

the Multi-task Event Extractor can only represent a single event of a given event type within

a sentence.

Labeled arguments: Labeled argument prediction is also treated as a text-classification
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task, and utilizes separate self-attentive output layers for each labeled argument, similar to
trigger prediction. The token position with the maximum attention weight serves as the

argument span. The probability of labeled argument [ for event type c is calculated as

P! = softmax(w.[P', (alh)"] + bl) (3.5)

l

C

l

where w .

is a weight matrix, al is a vector of attention weights, and bl is a bias vector.
The dimension of P! depends on the number of possible labels for that event-argument
combination. The labeled argument probabilities, P!, are concatenated to form P!, for use
in span-only argument detection.

Span-only arguments: Span-only arguments are predicted using CRF [54] layers at
the output of the bi-LSTM. The bi-LSTM network learns sequential word dependencies,
and the CRF learns conditional dependencies between labels. A separate CRF extracts the
span-only arguments for each event type, with input features h and P!. Sequence labels are
represented using the BIO approach. The Multi-task Substance Extractor uses a separate
CRF to extract all substance Type spans, because of the overlap between some Amount and
Type spans. To create a more generalized framework, the Multi-task Event Extractor uses
a single CRF to extract all the span-only arguments for each event type, including Type.

Prediction errors associated with overlapping spans in the supervised labels are captured by

the scoring rubric.

3.4 Span-based Event Extractor

The Span-based Event Extractor is a span-based, end-to-end, multi-layer event extraction
model that jointly predicts all event phenomena, including the trigger span, event type,
argument spans, types, and subtypes, and argument roles [22]. Figure presents Span-
based Event Extractor. Although the Multi-task Event Extractor is well suited for SHAC, the
Span-based Event Extractor is a more flexible and powerful extraction architecture. Unlike

the Multi-task Event Extractor, which can only represent a single event of a given type per
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sentence, the Span-based Event Extractor can generate multiple trigger (event) predictions
of the same event type. This functionality is extremely important for corpora where multiple
events of the same type frequently co-occur in sentences. Additionally, the Multi-task Event
Extractor cannot represent overlapping spans, due to the CRF-based approach. The Span-
based Event Extractor overcomes this limitation and can represent overlapping spans. Lastly,
the Multi-task Event Extractor does not generate argument role predictions, rather separate
output classifiers are used for each event type. The Span-based Event Extractor jointly
predicts arguments and argument roles, creating a more flexible architecture.

The CACT annotation scheme differs from typical event extraction tasks, like ACEO05
[T06], in that labeled arguments require the argument type and subtype to be predicted.
Resolving the argument subtypes requires a classifier with additional predictive capacity,
and the Span-based Event extractor differs from prior related work in that multiple span

classifiers are used to accommodate the argument subtypes.

Role scoring () Wassertion(Sj» Sk)

Span scoring (¢c)  assertion(Sk) Prigger (S)

Span rep. (Qc,)
Attention

bi-LSTM

BERT
She has been short of breath

Figure 3.5: Span-based Event Extractor

Each input sentence consists of tokens, X = {x1,xs,...x,}, where n is the number of
tokens. For each sentence, the set of all possible spans, S = {s1, s2, ...}, is enumerated,
where m is the number of spans with token length less than or equal to M tokens. The
Span-based Event Extractor generates trigger and argument predictions for each span in S

and predicts the pairing between arguments and triggers to create events from individual
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span predictions.

Input encoding: Input sentences are mapped to contextualized word embeddings using
Bio+Clinical BERT [41]. Similar to the Multi-task Event Extractor, the contextualized
word embeddings feed into a bi-LSTM without fine tuning BERT (no backpropagation to
BERT). The primary motivation for freezing BERT in the Span-based Event Extractor was
to limit computational cost. The bi-LSTM has hidden size v,. The forward and backward
states, h;  and h,, are concatenated to form the 1 x 2v;, dimensional vector hy = [hy s, hyp),

where ¢ is the token position.

Span representation: Each span is represented as the attention weighted sum of the
bi-LSTM hidden states. Separate attention mechanisms, ¢, are implemented for trigger and
each labeled argument, and a single attention mechanism is implemented for all span-only
arguments, ¢ € {1,2...p} (p = 1 for trigger + #labeled arguments + 1 for span-only
arguments). The attention score for span representation ¢ at token position ¢ is calculated
as

At = wa,ch? (36)

where w,, . is a learned 1 x 2v;, vector. For span representation c, span ¢, and token position

t, the attention weights are calculated by normalizing the attention scores as

explas)
end(s;) ’

> explaek)

k=start(s;)

(3.7)

Qe it =

where start(s;) and end(s;) denote the start and end token indices of span s;. Span repre-
sentation ¢ for span ¢ is calculated as the attention-weighted sum of the bi-LSTM hidden

state as
end(s;)

Gei = Z Ac,ith. (3.8)

t=start(s;)

Span prediction: Similar to the span representations, separate span classifiers, c, are

implemented for trigger and each labeled argument, and a single classifier predicts all span-
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only arguments, ¢ € {1,2...p} (p = 1 for trigger + #labeled arguments + 1 for span-only

arguments). Label scores for classifier ¢ and span i are calculated as

(,bc(si) == ws,cFFNNs,c(gc,i)a (39)

where ¢.(s;) yields a vector of label scores of size |L.|, FFNN; . is a non-linear projection

from size 2vy, to vs, and ws, has size |L.| X v.

The trigger prediction label set, Lirigger, is the union of event types and a null label.
Separate classifiers are used for each labeled argument with label set, L. = {null U L;},
where L; is the argument subtype label set (see Table . A single classifier predicts all
span-only arguments with label set, Ls,qn—oniy, Wwhich is the union of the span-only arguments

and a null label.

Argument role prediction: The argument role layer predicts the assignment of ar-
guments to triggers using separate binary classifiers, d, for each labeled argument and one
classifier for all span-only arguments, d € {1,2,...q} (d = #labeled arguments + 1 for
span-only arguments). Argument role scores for trigger j and argument k using argument

role classifier d are calculated as

Ya(sj, sk) = w, aFFNN, 4([g;, gx]) (3.10)

where 14(s;, si) is a vector of binary scores of size 2, FENN, 4 is a non-linear projection from

size 2v, to v,, and w, 4 has size 2 X v,.

Span pruning: To limit time and space complexity of the pairwise argument role pre-
dictions, only the top-K spans for each span classifier, ¢, are considered during argument
role prediction. The span score is calculated as the maximum label score in ¢., excluding

the null label score.
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3.5 Summary

This section introduces three neural IE architectures: Multi-task Substance Extractor, Multi-
task Event Extractor, and Span-based Event Extractor. This sequence of extractors repre-
sents an evolution of neural architectures over the course of this work’s execution, which
reflects broader NLP developments. The Multi-task Event Extractor is a generalization of
the Multi-task Substance Extractor that incorporates contextualized word embeddings, uses
self-attention to predict labeled arguments, and uses fewer CRF output layers. Labeled argu-
ments are predicted using self-attention, rather than a CNN, to facilitate the visualization of
predictions and reduce model complexity. The Span-based Event Extractor is the most flex-
ible of the architectures introduced. By using span-based argument detection, rather than
text-classification and sequence tagging, the Span-based Event Extractor overcomes some
of the key limitations of the preceding multi-task approaches, specifically the assumption of
one event per event type in a sentence and no overlapping arguments.

The Multi-task Substance Extractor was developed for a scenario with very limited data.
Experimentation with the Multi-task Event Extractor included a substantially larger data
set; however, experimentation in Chapter [5| demonstrates it is well suited for event extraction
tasks where events of the same type infrequently occur in the same sentence. The Span-based
Event Extractor is a more complex framework that is advantageous for event extraction tasks

with frequent cooccurrence of events within sentences.
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Chapter 4
SUBSTANCE USE

4.1 Overview

The negative impact of substance abuse on health is increasingly recognized as a key factor
for morbidity and mortality [8) 10, [107]. There is some evidence that 5-10% of cancers can be
attributed to hereditary factors, while 90-95% have been found correlated with lifestyle and
environmental factors, such as smoking and alcohol consumption [I08]. Alcohol and tobacco
use, specifically, are leading risk factors for all-cause and cancer-related mortality [109, [110].
The consequences of illicit drug and prescribed opioid abuse are also widespread, causing
permanent physical and emotional damage to users. In many cases, users die prematurely
from drug overdoses or other drug-associated illnesses. Characterization of a patient’s sub-
stance abuse history can be used to assess risk of future negative health outcomes related to
substance abuse. Clinical notes contain rich information detailing the history of substance
abuse from caregivers’ perspective, beyond what is available from structured EHR databases
and which can be used to quantify severity of abuse.

We extend prior work using machine learning to automatically extract substance abuse in-
formation from clinical text. We introduce and evaluate the Multi-task Substance Extractor
using a corpus of clinical notes annotated in Yetisgen and Vanderwende [19]. The corpus,
which is referred to here as YVnotes, was created using a publicly available data source
(MTSamples) and annotated for alcohol, drug, and tobacco abuse information documented
in social history sections of history and physical notes.

The presented neural multi-task model outperforms the initial extraction performance in
Yetisgen and Vanderwende [19] and strong baselines we created using discrete models. To

assess the generalizability of the extraction model, we used the multi-task model to annotate
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59.7K discharge summaries from the MIMIC-III corpus [23], and hand-scored the substance
status predictions of a randomly selected subset of notes. The performance results are
encouraging and demonstrate the feasibility and generalizability of our extraction approach.

This chapter presents our initial work focused on extracting substance use and is largely
based on Lybarger et al. [20], published in 2018. In Lybarger et al. [20], I contributed to
experiment design, data analysis, and writing, performed all software development (program-

ming), and executed all experimentation.
4.2 Related Work

At the time of this work, prior work on characterizing patient substance use involved rule-
based or discrete statistical models. In the i2b2 NLP Smoking Challenge [72] 111], common
approaches included Support Vector Machines (SVM) and latent Dirichlet allocation (LDA)
Cohen [I12], Clark et al. [I13], Jonnagaddala et al. [I14]. Wang et al. [79] extracted more
detailed alcohol, drug, and tobacco use information from clinical notes describing status,
type, extent, and temporal information using a rule-based system. Gehrmann et al. [73]
predicted patient phenotypes, including substance use, using discrete modeling and CNNs.
Yetisgen and Vanderwende [19] extracted substance use information through the sentence-
level and token-level predictions related to status, type, extent, and temporal labels, using
maximum entropy (MaxEnt) and CRF models and rule-based approaches. Yetisgen and
Vanderwende [19], in particular, is relevant because it uses the same corpus as our work and

provides a baseline for our study.
4.3 Methods

This section describes the data that is the foundation for experimental work and the discrete
models implemented as a baseline. The neural extraction model used in this chapter, Multi-
task Substance Extractor, is defined in Section[3.2] The training set and test set assignments
from Yetisgen and Vanderwende [19] were unavailable, so we reimplemented discrete models

similar to Yetisgen and Vanderwende [19] as a baseline. In the reimplementation of the
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discrete models, some additional features were explored.

4.3.1 Data

Table summarizes the annotation scheme for substance use in YVnotes. The event type
defines the substance, whether Alcohol, Drug, or Tobacco. The event type is defined by
the trigger, which is required for all events. Given the similarities between the substance
use event types, a common set of argument types is defined for all substances. There is one
labeled argument, Status, which is the only required argument. The span-only arguments in-
clude Amount, FExposure History, Frequency, Method, Type, and Quit History. The span-only
arguments are optional. The spans associated with substance-related span-only arguments
often have a similar format. For example, Amount spans often have the format, (/quantity]
[units]); however, the units generally vary by substance (e.g. “three packs” vs. “one beer”).
The phrases used to describe Frequency, Fxposure History, and Quit History are similar for
all substances. Method was not extracted, as there were insufficient Method occurrences to

evaluate performance.

Table 4.1: Substance use argument types.  indicates the argument is required.

Event type, e Argument type, a Argument Subtypes, y; Span examples
Trigger* — “drinks,” “tobacco”
Status* {none, current, past} “denies,” “smokes”

Alcohol, Drug, Amount - “2 packs,” “3 drinks”

or Tobacco Exposure History - “for the past 8 years”
Frequency - “daily,” “monthly”
Method - “iv” “chews”
Type - “beer,” “cocaine”
Quit History - “seven years ago”

Supervised Labels: YVnotes includes 364 social history sections from 516 history and
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physical notes from MTSamples WebsiteH The annotated dataset is available for download
at the UW-BioNLP Website.ﬂ Table contains a summary of the argument frequencies by
event and argument type. For labeled arguments (e.g. Status), the counts reflect the number
of spans. For span-only arguments (e.g. Amount), the counts indicate the number of tokens

in associated spans.

Table 4.2: Annotation statistics for YVnotes

Argument type Alcohol Drug Tobacco

Status 254 154 278
Type 26 112 50
Method 0 10 4

Amount 69 25 78
Frequency 65 6 29
Exposure History 7 10 37
Quit History 6 2 37

Unlabeled Text: The MIMIC-III corpus [23] discharge summaries (59.7K notes) and
physician notes (142K notes) were used in unsupervised learning to pre-train word embed-
dings for the neural multi-task model. The discharge summaries were also used to evaluate
the generalizability of the multi-task model and provide data with automatically detected
labels. We experimented with using the entirety of these notes vs. only the “Social History”
and “History of Present Illness” sections. Performance was similar, so the smaller subset
was used. Note sections were identified using simple pattern matching. Some notes in the
MIMIC-IIT corpus include extraneous line breaks within sentences. All of the lines within
a given section were merged into a single line, and then a sentence boundary detector [115]
was used to parse the section into sentences. The extracted sections resulted in a corpus of

19M tokens from 113K notes for word embedding training.

Thttp:/ /mtsamples.com
2http://depts.washington.edu/bionlp /index.html?corpora
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4.3.2  Task

In Yetisgen and Vanderwende [19]’s experimentation on YVnotes, a separate module was
designed to determine whether or not a sentence is associated with any substance events
(single binary detector), and the result was used to filter out sentences with no relevant
information in both frameworks. To be consistent with Yetisgen and Vanderwende [19],
the prediction of labeled arguments, specifically Status, was treated as a sentence-level text
classification task, and the identification of span-only arguments was treated as a sequence
tagging problem, using the BIO approach. Yetisgen and Vanderwende [19] evaluated perfor-
mance using precision (P), recall (R), and F1 score (F1). Status performance was computed
at the sentence-level, micro-averaging across labels. Span-only argument performance was
evaluated at the token-level, which is common in clinical information extraction tasks such
as this, particularly when the data set size is limited. Similar to Yetisgen and Vanderwende

[19], a separate detector is used to filter sentences without relevant information.

4.3.83  Discrete Models

Trigger: A substance detection model was trained to predict the presence of any events
(Alcohol, Drug, or Tobacco) within a sentence. The predictions from the substance detection
model were used as a first-stage mask, such that subsequent modeling only used sentences
that were predicted to contain a substance event. The substance detection model was created
using logistic regression (LR). The same substance detection model was used as the first-
stage mask for both discrete and neural modeling approaches. Substance indicator models
were also trained to predict each individual substance using LR. The substance indicator
predictions were used as the trigger. LR models used word n-gram features (unigram-trigram)
and gazetteer features. The gazetteer features consisted of three binary features, indicating
alcohol, drug, or tobacco. The gazetteer word lists were generated by searching WordNet

for hyponyms of each substance, resulting in 324 alcohol, 271 drug, and 46 tobacco words

bYEN14 bYAN14

(search terms included “tobacco,” “alcoholic_drink,” “sedative,” “narcotic,” and “controlled -
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substance”).

Labeled Arguments: The only labeled argument is Status. Status is classified using
separate Maximum Entropy (MaxFEnt) models for each substance. The MaxEnt models used

word n-gram features (unigram-trigram) and same gazetteer features as the LR models.

Span-only Arguments: The span-only arguments (Amount, Frequency, Exposure His-
tory, Quit History, and Type) are extracted using linear-chain CRF models [54]. Features
included word n-grams (unigram-trigram), POS tags, capitalization indicators (lowercase,
uppercase, title case, and other), and string type indicators (punctuation, number, alpha-

betic, alphanumeric, and other).

Span-only arguments are extracted using two approaches. In the first approach, a separate
CRF model is trained for each substance to extract substance-specific Amount, Frequency,
Exposure History, and Quit History arguments. In the second approach, these labels are
merged across all substances, and a single CRF model is created to extract these substance-
independent arguments. Then, the substance indicator models are used to associate a sub-
stance with each extracted argument using the heuristic that any predicted entity in the
sentence is assigned to all substances detected for the sentence. In the results in Section 4.5,

the first approach is referred to as “CRF,” and the second, two-stage, approach is referred

to as “CRF+LR.”

4.3.4  Multi-task Substance Extractor

The Multi-task Substance Extractor is as defined in Section [3.2] but it is applied after the
same LR model as in the discrete model was used to filter out sentences with no events. Word
embeddings were pretrained using word2vec [32] on the MIMIC-IIT data and held constant
during the training of the Multi-task Substance Extractor, due to the limited size of the
annotated data. A 38K token vocabulary was chosen using tokens that occurred at least five

times in the MIMIC-IIT subset, corresponding to a relatively low out-of-vocabulary rate of

2.3%.



34

4.4 Experimental Setup

The annotated corpus was split into training and test sets using an 80%/20% split. All
models were tuned using 5-fold cross validation (CV) on the training set. After determining
the best configuration, models were retrained on the entirety of the training set. Only the

highest performing discrete and multi-task models were applied to the withheld test set.

Discrete model tuning included the selection of feature types, including n-gram order,
regularization type (L1 or L2), and regularization strength. Discrete models were created
using Python scikit-learn [I16]. The best performing MaxEnt status models used the follow-
ing features: unigrams for alcohol; unigrams and gazetteer for drug; and unigrams-bigrams

and gazetteer for tobacco.

Multi-task Substance Extractor tuning included: selecting the word embedding training
set, determining the connections within the multi-task network, regularization strength,
LSTM size, learning rate, number of epochs, CNN filter widths, number of CNN filters
at each width, and layer normalization. The Multi-task Substance Extractor was regularized
using dropout in the LSTM and status CNN layers. The model was trained in multiple
stages. In the first stage, the entire model was trained jointly to minimize average loss
across all classifiers (tasks), updating all graph variables except for the pre-trained word
embeddings. In the second stage, the learned parameters in the LSTM were frozen, and each
set of argument-specific classifiers were trained jointly, with the other classifier variables
fixed. The argument-specific classifiers were trained in the following order: 1) trigger, 2)
labeled arguments, 3) Amount, Frequency, Exposure History, and Quit History, and 4) Type.
The Multi-task Substance Extractor configuration that achieved the best overall performance
had the following configuration: H size = 200, H dropout = 20%, # joint epochs = 1000, #
argument-specific epochs = 50, learning rate = 0.005, batch size = 20, CNN dropout = 40%,
# CNN filters = 10, and CNN filter widths = [2, 3]. The Multi-task Substance Extractor

was created models using Google’s TensorFlow [117].

All of the CV and test results presented reflect the end-to-end performance, i.e., any
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event detection errors impact the final results. Performance is presented in terms of the
true positive count (TP), false negative count (FN), false positive count (FP), precision (P),

recall (R) and F1 score (F1).
4.5 Results

The substance detector, which was used as a first-stage classifier, achieved a performance of
F1=0.97 during CV and F1=0.98 on the test set. Table[L.3] presents the training-CV and test
set Status prediction results for the MaxEnt and Multi-task Substance Extractor (MultiSub)
models. Results are micro-averaged across labels. High performance was obtained for all
substances in both data sets, with the Multi-task Substance Extractor giving slightly better
results in all cases. The Multi-task Substance Extractor achieved higher performance on
Status extraction than in Yetisgen and Vanderwende [19] (F1 scores of 0.91 for alcohol, 0.86
for drug, and 0.80 for tobacco on the test set), though the results are not directly comparable

because of the train/test differences.

Table 4.3: Substance Status performance

Train-CV Test
Event Type Model  —m—F——p—9 TP P R F1
Aleohal MaxEnt 168 0.91 0.84 0.87 49 091 091 0.91
MultiSub 178 0.89 0.89 0.89 52 0.93 0.96 0.95
Drog MaxEnt 94 095 082 0.8 20 0.87 0.77 0.82
MultiSub 99 0.93 0.86 0.89 24 0.96 092 0.94
T MaxEnt 172 0.84 080 0.82 19 083 082 0.82
MultiSub 185 0.85 0.86 0.86 53 0.88 0.88 0.88

Table presents the span-only argument CV development and test set performance
results for the discrete and Multi-task Substance Extractor models. Results are presented
for each argument, micro-averaged across substances. For Amount, Frequency, FExposure

History, and Quit History extraction, the best performing CRF models used the following
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features: unigrams and gazetteer for alcohol; unigrams, POS, capitalization, string type,
and gazetteer for drug; and unigrams and POS for tobacco. For the “CRF+LR” approach,
the best performing CRF model used unigrams-trigrams, POS, capitalization, string type,
and gazetteer features. The substance indicator models used in the “CRF+LR” approach
achieved F1 performance of 0.95 for alcohol, 0.93 for drug, and 0.97 for tobacco during CV
and F1 performance of 0.95 for alcohol, 0.88 for drug, and 0.95 for tobacco on the test set.
The best-performing CRF model for Type extraction used unigram and string type features.
On the test set, the Multi-task Substance Extractor produced similar or better results in all
categories. The performance is robust in moving to the test set except for a small degra-
dation for Ezposure History, which is from a drop in the drug subset where data is sparse.
For Amount, Frequency, Fxposure History, and Quit History, the Multi-task Substance Ex-
tractor outperformed Yetisgen and Vanderwende [19] (F1 scores of 0.76 for Amount, 0.75 for
Frequency, 0.63 for Ezposure History, and 0.75 for Quit History)[19] and both CRF baselines

across each argument.

Table 4.4: Substance span-only argument performance

Train-CV Test
Event Type Model TP P R F1 TP P R Fi
Type CRF 119 0.96 0.69 0.80 31 097 091 0.94
MultiSub 123 0.94 0.72 0.81 31 094 091 0.93
CRF 151 0.90 0.61 0.73 51 0.86 0.64 0.73
Amount CRF+LR 168 0.65 0.68 0.66 61 0.73 0.76 0.75
MultiSub 180 0.82 0.73 0.77 65 0.84 0.81 0.83
CRF 79 0.73 0.60 0.66 19 0.66 0.32 0.43
Exposure History CRF+LR 89 0.79 0.67 0.73 31 0.53 0.52 0.53
MultiSub 85 0.83 0.64 0.73 37 0.76 0.62 0.68
CRF 104 0.88 0.56 0.68 32 086 0.60 0.71
Frequency CRF+LR 120 0.63 0.64 0.64 35 0.80 0.66 0.72
MultiSub 142 0.85 0.76 0.80 39 083 0.74 0.78
CRF 59 091 0.52 0.66 18 0.60 0.67 0.63
Quit History CRF+LR 82 0.81 0.72 0.76 18 0.82 0.67 0.73

MultiSub 65 0.74 0.57 0.64 21 084 0.78 0.81
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Table presents the detailed Status test set results for Alcohol, Drug, and Tobacco.

The none case is the dominant class for all substances. Again, the Multi-task Substance

Extractor gives the best result on the test set. For the cases where the difference between

CV and test performance is greatest, the numbers of samples are small.

Table 4.5: Substance use Status test set performance by argument subtype

Event Type Argument Subtype Model TP P R F1
current MaxEnt 17 089 085  0.87

MultiSub 20 0.91 1.00 0.95

Alcohol hone MaxEnt 30 091 097 094
MultiSub 30 0.97 0.97 0.97

past MaxEnt 2 1.00 0.67 0.80

MultiSub 2 0.67 0.67 0.67

current MaxEnt 1 1.00 0.20 0.33

MultiSub 3 1.00 0.60 0.75

Drug none MaxEnt 19 090 095 0.93
MultiSub 20 0.95 1.00 0.98

past MaxEnt 0 0.00 0.00 0.00

MultiSub 1 1.00 1.00 1.00

current MaxEnt 8 0.89 0.73 0.80

MultiSub 8 0.89 0.73 0.80

Tobacco none MaxEnt 34 0.85 0.92 0.88
MultiSub 35 0.95 0.95 0.95

past MaxEnt 7 070 058 0.64

MultiSub 10 0.71 0.83 0.77

4.6 Application

The substance detection and Multi-task Substance Extractor were used to predict substance

events in the discharge summaries within the MIMIC-III corpus (59.7K notes). The sub-

stance detection model predicted 40.3K MIMIC-III discharge summaries to have a substance

event. Table presents the argument occurrence counts by event type from the unsuper-

vised labeling of these notes. Of the notes predicted to contain at least one substance event,
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50 randomly sampled notes were hand-scored to evaluate the precision of Status labels. Ta-
ble summarizes the manual review of 50 discharge summaries. The Status classification

precision was high for all substances (0.84-0.89).

Table 4.6: MIMI-III annotation summary Table 4.7: MIMIC-III Status evaluation

Argument Type Alcohol Drug Tobacco Event Type TP FP P
Status 44,536 20,725 45,244 Alcohol 76 14 0.84
Type 4,756 14,509 11,443 Drug 80 10 0.89
Amount 13,262 2,551 11,298 Tobacco 80 10 0.89
Frequency 12,200 355 7,183

Exposure History 770 396 4,639

Quit History 176 72 10,241

4.7 Conclusions

In summary, we implemented the Multi-task Substance Extractor to extract substance use
information from clinical notes, achieving state-of-the-art performance. The Multi-task Sub-
stance Extractor outperformed discrete baselines comparable to Yetisgen and Vanderwende
[19] on the test set for all entities, except Type. For Type, the multi-task model and the
CRF baseline had similar performance. Excluding Type, the performance gap between the
multi-task model and the discrete baselines was larger on the test set than the training CV
runs, suggesting the Multi-task Substance Extractor generalized better to the test set. The
improved extraction performance of the Multi-task Substance Extractor can benefit down-
stream applications, including clinical decision support systems. Additionally, the multi-task
modeling framework is well-suited to extending the current model to handle other types of
information, such as socio-demographic, behavioral, and environmental exposure factors, as
we explore in the next chapter. A limited evaluation of the unsupervised labeling of the
MIMIC-IIT discharge summaries indicated the multi-task model maintained high precision

in the prediction of Status.
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This work is limited by the size and homogeneity of the annotated corpus, which may neg-
atively impact generalizability of the extraction models to other clinical data sets. However,

the initial results on the MIMIC-III data are encouraging.
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Chapter 5
SOCIAL DETERMINANTS OF HEALTH

5.1 Overview

Decreasing life expectancy may be partly attributable to deteriorating social determinants
of health (SDOH) [II8], [119]. For example, substance abuse (including alcohol, drug, and
tobacco use) is increasingly recognized as a key factor for morbidity and mortality [S-10].
More Americans are living alone, leading to increased social isolation and negative health
outcomes [II]. Employment and occupation impact income, societal status, hazards en-
countered, and health [120]. Socioeconomic status impacts transportation, exercise, and air
quality exposure, which in turn influences lung and coronary health [121] [122].

This chapter presents a new annotated corpus, SHAC. To achieve high SDOH extrac-
tion performance that generalizes across clinicians, institutions, and specialties, annotated
corpora must be large and diverse. Currently available corpora with SDOH annotations are
lacking in either annotation detail, public availability, size, and/or heterogeneity. SHAC
addresses limitations of existing corpora by providing a relatively large, heterogeneous cor-
pus with high quality, detailed SDOH annotations. SHAC includes detailed event-based
annotations for 12 critical SDOH: substance use (alcohol, drug, and tobacco), physical ac-
tivity, employment, insurance, living status, sexual orientation, gender identity, country of
origin, race, and environmental exposure. SHAC is comprised of 4,480 social history sec-
tions. SHAC utilizes clinical notes from MIMIC-III [23] and an existing data set from the
UW and Harborview Medical Centers. It includes event-based annotations for more than
55K annotated spans and 18K distinct events across four note types.

Hand annotation of detailed SDOH information in clinical notes is costly, and many crit-

ical SDOH are infrequent. To address these budget and data sparsity limitations, the corpus
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development used active learning to select samples for annotation. Because extracting the
SDOH events is a complex sequence labeling task, standard active learning methods are
not practical. This work introduces the novel Active Learning using Surrogate Classifiers
(ALSC) framework that uses a simplified surrogate task for assessing sample informative-
ness. Our experiments show that this method increases the diversity and richness of the
annotations and improves extraction performance for a variety of event types. The largest
performance gains achieved by the active learning framework are associated with infrequent,
but extremely important risk factors, like drug use, homelessness, and unemployment.

With the annotated SHAC corpus, we provide the Multi-task Event Extractor and present
the first reported extraction results on SHAC for the most frequently annotated SDOH: sub-
stance use, employment, and living status. The event extraction model identifies substance
use, employment, and living status events at 0.89-0.98 F1 and characterizes the status of
these determinants with 0.81-0.96 F1.

This chapter expands on the substance use extraction work of the previous chapter to
include a broader set of SDOH and is largely based on Lybarger et al. [21], which is currently
under review. In Lybarger et al. [21], I contributed to experiment design, data analysis, and
writing, performed all software development (programming), and executed all experimenta-

tion.

5.2 DMaterials

5.2.1 Data

This work utilized two clinical data sets without SDOH annotations: MIMIC-1II and UW
Dataset. MIMIC-III (referred to here as MIMIC') is a publicly available, deidentified health
database for over 40K critical care patients at Beth Israel Deaconess Medical Center from
2001-2012 [23]. MIMIC contains clinical notes, diagnosis codes, and other data. This work
utilized 60K MIMIC discharge summaries. UW Dataset is an existing clinical data set
from the UW and Harborview Medical Centers generated between 2008-2019. This work
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utilized 83K emergency department, 22K admit, 8K progress, and 5K discharge summary

notes from UW Dataset. An existing corpus with SDOH annotations, Y Vnotes, was used

for model training during active learning [19].

5.2.2  Annotation Scheme

We created detailed annotation guidelines for 12 SDOH (event types). Table 5.1 summarizes

the annotation of the SHAC event types extracted using the Multi-task Event Extractor:

Alcohol, Drug, Tobacco, Employment, and Living Situation. Table in the Appendix

contains a summary of all annotated event types.

Event type, e

Argument type, a

Argument subtypes, y;

Span examples

Trigger* — “alcohol”
Status* {none, current, past} “denies,” “smokes”
31?35;;2rug’ Duration - “for 8 years”
History - “seven years ago”
Type - “beer,” “cocaine”
Amount - “2 packs”
Frequency - “daily,” “monthly”
Trigger* — “works,” ”nurse”
Bployment > on Shsabiiy, stadnt, homemaker} o
Duration - “for five years”
History - “15 years ago”
Type - “nurse”
Trigger* - “lives”
Living status Status* {current, past, future} “lives,” “lived”
Type* {alone, with family, with others, homeless}  “with husband”
Duration - “for 6 months”
History — “last month”

Table 5.1: SHAC annotation guideline summary for the most frequent event types. *indicates
the argument is required.
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5.2.8  Annotation Cycle

Social history sections, referred to here as samples, were extracted from MIMIC and the UW
Dataset, using pattern matching to identify section headings (alphanumeric, forward slash,
backslash, ampersand, or white space characters followed by a colon). SHAC includes train,
development, and test sets. Samples for the train set were randomly and actively selected.
Training samples were randomly selected for initial model training in active learning, then
the initial model is used in actively selecting samples to bias the training set towards diverse
samples that frequently contain the phenomena of interest. All development and test samples
were randomly selected to approximate the true distribution within the corpora used. Sam-
ples were annotated by four 4-year medical students through 12 rounds of annotation (8
randomly selected and 4 actively selected). Table in the Appendix describes each round
of annotation. The first two rounds were randomly sampled and double-annotated, to assess
inter-annotator agreement. After the initial annotation round, the annotation guidelines

were revised, and the initial annotations were updated.

5.2.4  Fwvaluation and Annotation Scoring

We treat event annotation and extraction as a slot filling task, as this is most relevant
to secondary use applications. As such, there can be multiple equivalent span annotations.
Figure presents the same sentence annotated by two annotators (labeled A and B), along
with the populated slots. Both annotators labeled two Drug events: Fvent 1 and Fvent 2.
Event 1 describes past intravenous drug use (IVDU), and Event 2 describes current cocaine
use. Event 1 is annotated identically by both annotators. However, there are differences
in the annotation spans of Event 2, specifically for the Trigger (“cocaine” versus “cocaine
use”) and Status (“use” vs. “Recent”). From a slot perspective, the annotations for Event
2 are equivalent. Thus, scoring of automatic detection and annotator agreement is based
on relaxed span match criteria, as described below. Trigger and argument performance is

evaluated using precision, recall, and F1, micro averaged over the event types, argument
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Type Type
A Former IVDU , none since [**2174**] - Recent cocaine use ([**2182**])
e Type
Stays{org!
= Status "~—History: n n - D
Type] Type]
B Former IVDU , none since [**2174%**] - Recent cocaine use ( [**2182%**])
Event 1 Event 2
o Event type = Drug . Event type = Drug
e  Status = past e  Status =current
e  History = "none since [**2174**]"” e Type = "cocaine”
e Type="IVDU"”

Figure 5.1: SHAC annotation examples describing event extraction as a slot filling task

types, and/or argument subtypes.

Trigger: Triggers, T;, are represented by a pair (event type, e;; token indices, x;). For
Event 2 in Figure , Tas = (ea2 = Drug;zas = [8]) and To = (ep2 = Drug;xps =
8,9]). Triggers of the same event type, e, are aligned by minimizing the distance between

span centers computed from the token indices. Trigger equivalence is defined as
T, =1T; if (e; = e;) A (T; aligned with Tj). (5.1)

Although there are two drug events in the Figure example, Ty o aligns with Tz » because

of the overlapping spans

Argument: Events are aligned based on trigger equivalence, and the arguments of
aligned events are compared using different criteria for labeled arguments and span-only
arguments. Labeled arguments, Al are represented as a triple (argument type, a;; token
indices, x;; subtype, [;). For Fvent 2 in Figure AZA2 = (aa2 = Status;xas = [9],la2 =
current) and Ay, = (aps = Status;zpy = [7],lp2 = current). For labeled arguments, the

argument type, a, and subtype, [, capture the salient information and equivalence is defined
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as

Al = Aé if (T, =T5) A (ai = aj) AN = 15). (5.2)

Span-only arguments, A7, are represented as a pair (argument type, a;; token indices,
x;). For Fvent 2 in Figure , A% 3 = (a3 = Type;xa3 = [7]) corresponds to “cocaine.”
Span-only arguments are not easily mapped to a fixed set of classes, and the identified span,
x, contains the most salient argument information. Span-only arguments with equivalent
triggers and argument types, (7; = 1;) A (a; = a;), are compared at the token-level (rather
than the span-level) to allow partial matches. Partial match scoring is used as partial matches
can still contain useful information.

We evaluate annotator agreement using Cohen’s Kappa, k, coefficient, where higher s
denotes better annotator agreement [123]. Calculating x for the full event structure is not
informative, because the probability of random agreement is close to zero. Instead, we
calculate x for trigger annotation in the subset of sentences with zero or one trigger for a
given event type in either set of annotations, which covers most of the data. We focus on this
subset of sentences, because triggers for a given event type are equivalent, if the annotated
sentences both include one trigger of that type. We assess annotator agreement on the full

event structure using F1 scores.

5.2.5 Annotation Statistics

SHAC consists of 4,480 annotated social history sections (70% train, 10% development, 20%
test). Table presents the corpus composition by source. The SHAC training samples
are 29% randomly selected and 71% actively selected. All development and test data are
randomly sampled.

Figure [5.2] presents the event type distribution. The most frequent event types are Drug,
Tobacco, Alcohol, Living status, and Employment, with the remaining event types occurring

infrequently.
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Source Train Dev Test
MIMIC 1316 188 376
UW Dataset 1820 260 520
TOTAL 3,136 448 896

Table 5.2: SHAC composition by source

Drug 4133
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Alcohol
Living status

1.00

Employment
Py 0.95
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Country - 0.90 -+
Physical activity =71 0.85 -
Sexual orient. 49 0.80 -

R -25
ace 0.75

Insurance -11
Gender -1 0.70 -

Trigger Labeled Span-only
! ! argument argument
0 2000 4000

Event count

Event type

F1

Figure 5.3: Annotator agreement for 300 doubly
Figure 5.2: Event type distribution annotated MIMIC samples

Figure[5.3|presents the annotator agreement for all event types in terms of F'1 score for 300
doubly annotated notes from the first two rounds of annotation. For Alcohol, Drug, Tobacco,
Employment, and Living status, trigger s is 0.94 — 0.97. For the remaining event types,
trigger  is 0.61 — 0.90.  is calculated for sentences with 0-1 events for each type (> 99%
of all sentences). The trigger agreement is very high, in terms of F1 and &, indicating the
annotators are consistently identifying and distinguishing between events. The argument
agreement is also high for labeled arguments. The somewhat lower agreement for span-
only arguments is primarily due to small differences in the start and end token spans (e.g.

“construction worker” vs. “construction”).
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5.3 Active Learning

This section presents the active learning framework used create SHAC and describes the

associated performance gains.

5.83.1 Methods

A portion of the SHAC training samples were selected using active learning, where a sample
is a social history section. Specifically, batch-mode active learning was used to facilitate

coordination with human annotators through the cyclical process shown in Figure 5.4 A

Retrain Classifier Predict
model (®) entropy

Labeled
pool (L)

Unlabeled
pool (U)

Annotate Batch to Query
batch annotate (B) samples

Figure 5.4: Active learning annotation cycle

batch of samples, B, was annotated and added to the labeled pool, L. The surrogate classifier
was trained on L and then generated uncertainty scores for unlabeled data U. Using the
uncertainty scores, the query function identified the next batch of samples, B. This process
was repeated until the annotation objective was met.

Similar to Wu and Ostendorf [90], a query score is designed to combine informativeness

and diversity scores of a batch of samples, B. Here, the query score has the form:

Q(B) => (1 —s;)"u(i) (5.3)

i€B

where (i) is the uncertainty entropy of sample i, s; is the similarity score of sample i relative
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to B, and (1 —s;) is the diversity score. « is a weight used to balance the relative importance
of the two scores (a > 0). The objective is to maximize the batch score, Q(B). We explored
different forms for the uncertainty and similarity scores for this multi-label scenario. We

implemented a greedy approach to selecting examples, as shown in Algorithm

Algorithm 1: Greedy query function
Input: unlabeled samples U, batch size N

Output: batch of samples B
B« 0;
while |B| < N do

k < argmax, ; Q(B U1);

B < BU{k};
U<+ U—{k};
end

Diversity: Sample diversity is assessed in the observation space using two different

similarity metrics: average similarity and mazimum similarity, defined as

1
A EJ’EBZ,J';M e S;ﬂ - ]é%%};z o
respectively, where a;; is the cosine similarity of samples j and 1.

The maximum similarity approach is a stricter condition that pushes the batch of samples
farther apart in the observation space, especially with larger batch sizes. Similar to Lilleberg
et al. [124], unsupervised vector representations of samples were learned as the TF-IDF
weighted averages of pre-trained word embeddings. Word embeddings were created using
the word2vec skip-gram model [32] and trained on the entirety of the MIMIC discharge
summaries (not just the social history sections). Separate TF-IDF weights were calculated
for MIMIC and UW Dataset samples.

Uncertainty: Active learning query functions typically assess sample informativeness
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(uncertainty) using the target classification task. In this work, sample uncertainty was
assessed using a simplified surrogate classification task, as a proxy for the more complex
event-based annotation scheme. The SHAC annotation scheme includes some arguments (e.g.
Status for Alcohol) that are more predictive of negative health outcomes than others (e.g.
Type for Alcohol), and the prediction uncertainty varies across event types and arguments.
To ensure the query function biases selection towards the most salient arguments, each of
the five most frequent event types in SHAC were represented using the single argument
that is most predictive of negative health outcomes: Alcohol-Status, Drug-Status, Tobacco-
Status, Employment-Type, and Living status-Status. To cover samples with multiple events
of the same type (e.g. both previous and current tobacco use described), an additional class,

“multiple,” is added to the argument subtypes, y;, in Table 5.1} y. = {y; U “multiple” }.

Aent types

social history section

Figure 5.5: Surrogate Classifier used to assess sample uncertainty in active learning

The text classification model, Surrogate Classifier in Figure |5.5] was used to assess sam-
ple uncertainty. The Surrogate Classifier operates on a sample, as a single sequence of
n tokens without line breaks. The input social history section is mapped to contextualized
word embeddings using Bio+Discharge Summary BERT [41], a version of BERT [35] trained
on clinical text from MIMIC. The BERT output feeds into a bidirectional long short-term
memory (bi-LSTM) layer, the output of which feeds into event-specific output layers. Sep-

arate self-attention (Attn) output layers for each event type make sample-level predictions.
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Details of the Surrogate Classifier are similar to the shared and event-argument layers of the
Multi-task Event Extractor in Section |[3.3 The Surrogate Classifier generates a set of five
multi-class predictions for each sample, one for each event type.

We explored two approaches to characterizing sample uncertainty: i) the sum of the five
event entropy values, similar to previous work [48, 125H127], and ii) entropy for an individual
event type, iterating over all types (referred to as “loop”). As a “loop” example, Alcohol-
Status entropy is used for sample 1, Drug-Status entropy is used for sample 2, and so forth,
starting over with Alcohol-Status entropy for sample 6. The second method was motivated
by the concern that summing the entropy values (referred to as “sum”) could overly bias the

selection process in favor of high-entropy event types, reducing the diversity of event types.

5.8.2  Experiments € Results

Query strategy selection: Due to limitations in the annotation budget, the query strategy
was determined early in the annotation effort. We used the first 700 annotated samples, L,
which consists of random MIMIC samples. Lg was partitioned into Lg = {620 train samples}
and L5 = {80 development samples}. For random sampling and each active sampling con-
figuration, 10 runs were performed:
(i) Ly < 100 samples from Lg. Train model, M;, on Lr;.
(ii) Lz9 < 100 samples from {Lg — L1} (random or active). Train model, My, on { Ly U
Lrs}.

(ili) Evaluate the performance of M, on L§
Active sampling experimentation included different uncertainty types (“loop” vs. “sum”),
similarity types (“average” vs “maximum”), and « values {0.1,1,2}. The hyperparameters
of the Surrogate Classifier were tuned on Lg (parameter values in Table of the Appendix).
Table [5.3| presents the results for the best a value for each uncertainty-similarity type combi-
nation. Performance is assessed using precision, recall, and F1-score, micro-averaged across
classes and event types. All active learning configurations outperform the random baseline

with significance (p < 0.05). The best configuration, uncertainty type =“sum”, similarity
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Uncertainty  Similarity « F1

loop average 1.0 0.788*
loop maximum 0.1  0.776*
sum average 2.0 0.788*
sum maximum 0.1 0.794*

Table 5.3: Query function tuning performance. *indicates statistical significance (p < 0.05)
relative to a random baseline of 0.752 F1.

type=‘“maximum”, and o = 0.1, was used in active selection.

Active learning performance: After the first round of active learning, performance
of the Surrogate Classifier was evaluated to confirm the effectiveness of the active learning
framework. Model training included the sets: Ly = {284 YVnotes samples} and Lg = {532
random MIMIC train samples}. YVnotes was used to train the Surrogate Classifier to im-
prove its accuracy and thereby obtain a better uncertainty score. Lpr was partitioned into
L% = {288 initial training samples} and LL := {244 remaining samples, Lp — LL}. For the
first round of active selection, an initial model, M;, was trained on { L%, U Ly} and used to se-
lect 400 MIMIC samples, L. LE was withheld when training M; to validate the active learn-
ing approach. Hyperparameters were tuned on Lp = {188 MIMIC development samples}
(parameter values in Table of the Appendix).

Figure presents the performance of four cases on Lg = {376 MIMIC test samples}:

MIMIC-only initial: Models trained only on the MIMIC samples, L%.

initial: The initial model, My, trained on {L%, U Ly} and from the first active round.

+random: Models trained on the initial set and additional random samples, {L% U
Ly ULE}.
+active: Models trained on the initial set and additional active samples, {L% U Ly U

244 from Ly}.

For MIMIC-only initial, +random, and +active, 10 runs were performed to account for

variance in model initialization. For MIMIC-only initial and +random, the training sets are
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fixed, as all data is used each run. For +active, the training set varies because only a subset
of L, is randomly selected each run, so sampling variance is introduced. The error bars in
Figure indicate the standard deviation of the F1 scores across runs.

Comparing MIMIC-only initial to initial demonstrates that including Y Vnotes improves
performance. Adding active samples to the initial training set yields a statistically significant
improvement over adding random samples (p < 0.06), demonstrating the effectiveness of the
active learning framework on the surrogate task.

The effectiveness of the active learning framework under the same conditions as Figure
[b.6]and on the target event extraction task using the Multi-task Event Extractor is presented
in Figure where scores are averaged across event typesll| The details of the Multi-task
Event Extractor are presented in Section [3.3] The performance achieved by adding active
samples outperforms that of adding random samples for labeled argument and span-only
argument extraction, with significance (p < 0.01). The addition of actively selected notes
improved extraction performance, relative to the random baseline, across most argument
types and subtypes. However, the largest active learning performance gains were
achieved for prominent health risk factors, including past and current drug use,
current tobacco use, unemployment, homelessness, and living with others (+0.09
AF1 for current Drug Status, +0.14 AF1 for past Drug Status, +0.07 AF1 for current
Tobacco Status, +0.04 AF1 for unemployed Employment Status, +0.06 AF1 for homeless
Living Status Type, and +0.07 AF1 for with others Living Status Type). The difference
in trigger performance is not statistically significant. This result validates the use of the
simplified surrogate text classification task as a proxy for the more complex event extraction
task. After validating the active learning strategy, three additional rounds of active selection
were performed (see Table of the Appendix for details), and the Surrogate Classifier
model was retrained prior to each active round. Due to the limited number of random

samples, further comparisons of active vs. random sampling are not possible.

IFor the Multi-task Event Extractor, we exclude Ly since YVnotes do not include all of the labeled
phenomena of SHAC.
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Figure 5.6: Surrogate Classifier performance Figure 5.7: Multi-task Event Extractor per-
with random and active samples, evaluated formance with random and active samples,
on MIMIC test samples. evaluated on MIMIC test samples.

We hypothesized the Surrogate Classifier uncertainty would bias the selection process to
include more health risk factors (e.g. positive substance abuse, unemployment, being on dis-
ability, homelessness, etc.), which tend to be more challenging to automatically extract than
less risky behavior (e.g. no substance use, being employed, and living with family). Active
learning successfully identified samples with richer, more detailed SDOH descriptions. Figure
m presents the label frequency per sample (note section) for random and active samples for
the entirety of SHAC. The frequency of positive substance use (Status € {current, past}) is
83% higher in active samples than random samples, with the frequency of positive drug use
151% higher with active selection. Active sampling produced higher rates for all Employment
Status labels, except retired. Descriptions of retirement, tend to have low entropy, because
of the reliable presence of keywords like “retired” or “retirement.” Regarding Living Status,
the rate of homeless is 109% higher in active samples than random samples, and the rate of
with others is 81% higher. The rate of alone is slightly lower in active samples, likely due
to lower entropy associated with the limited vocabulary used to describe living alone (e.g.

“alone” or “by herself”).
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Figure 5.8: Label frequency per social history section, comparing random and active sampling

5.4 Event Extraction

5.4.1 Methods

The Multi-task Event Extractor used in this chapter is defined in Section [3.3] Experimen-
tation included six labeled arguments: Status for Alcohol, Drug, and Tobacco; Status for
Employment; and Status and Type for Living status, and 20 span-only arguments: Duration,
History, Type, Amount, and Frequency for Alcohol, Drug, and Tobacco; Duration, History,
and Type for Employment; and Duration and History for Living status. The Multi-task
Event Extractor hyperparameters were tuned on the development set, Lp, and Table

presents the selected parameters.

5.4.2  Results

Figure|5.9 presents the trigger and argument performance of the Multi-task Event Extractor
trained on the entire SHAC train set and evaluated on the MIMIC and UW Dataset test
sets. Overall, performance is higher on MIMIC, even though there are more UW Dataset
training samples, including more active samples. The UW Dataset portion of SHAC includes
four different note types, whereas the MIMIC portion includes only one note type, which

likely contributes to the lower performance on the UW Dataset.



95

Parameter Figure |5_7|, Figure |5_9|, and
Table [5.5]

batch size 50
learning rate 0.005
maximum gradient L2 norm 0.5
maximum length 30
number of epochs 250
LSTM hidden size 100
dropout, input to LSTM 0.6
dropout, output of LSTM 0.4
dropout, self-attention 0.4

Table 5.4: Multi-task Event Extractor hyperparameters

1.00

s MIMIC

0.95 — UW
0.90 -
0.85
0.80
0.75 I
0.70 =, . .

Trigger  Labeled Span-only
argument argument

F1

Figure 5.9: Multi-task Event Extractor micro-averaged trigger and argument performance
comparing the MIMIC and UW Dataset test sets.

Table [5.5| presents detailed results for the same Multi-task Event Extractor model and
data configuration as Figure [5.9, Trigger performance is greater than 0.89 F1 for all event
types in both data sets. Labeled argument performance is similar in both data sets for Alco-
hol and Tobacco Status; however, there are performance differences for Drug, Employment,
and Living status labeled arguments. In substance use Status prediction, the none label is
typically less confusable and easier to predict than past and current. In the test set, the
relative frequency of none Status labels for Drug events is higher in MIMIC samples (80%)
than UW Dataset samples (57%), which contributes to the higher performance on MIMIC.

Living status Status performance is lower in the UW Dataset, even though the distribution of
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Field Event type Argument 7 ll?,/ﬂMlg Fi 7 PUWR Fi
Alcohol - 314 | 099 | 0.96 | 0.97 | 404 | 0.97 | 0.99 | 0.98
Drug - 194 | 0.96 | 0.95 | 0.96 | 481 | 0.97 | 0.92 | 0.94
Trigger Tobacco - 324 | 098 | 0.95 | 0.97 | 432 | 0.97 | 0.97 | 0.97
Employment | — 169 | 0.93 | 0.96 | 0.94 | 148 | 0.86 | 0.91 | 0.89
Living status | — 244 |1 096 | 0.97 | 0.97 | 343 | 0.93 | 0.88 | 0.90
Alcohol Status 314 | 092 | 0.89 | 0.90 | 404 | 0.92 | 0.94 | 0.93
Drug Status 194 | 0.91 | 0.89 | 0.90 | 481 | 0.85 | 0.80 | 0.82
Labeled Tobacco Status 324 | 091 | 0.89 | 0.90 | 432 | 0.91 | 0.90 | 0.90
argument | Employment | Status 169 | 0.84 | 0.88 | 0.86 | 148 | 0.79 | 0.83 | 0.81
Living status Status 244 1 096 | 0.95 | 0.96 | 343 | 0.92 | 0.86 | 0.89
Type 244 1 093 | 093 | 0.93 | 343 | 0.85 | 0.78 | 0.81
Alcohol Amount, Duration, 396 | 0.70 | 0.74 | 0.72 | 420 | 0.67 | 0.80 | 0.73
Span-only Drug Frequency, History, 219 | 0.67 | 0.75 | 0.71 | 583 | 0.62 | 0.63 | 0.62
Tobacco Type 799 | 0.81 | 0.83 | 0.82 | 880 | 0.78 | 0.81 | 0.79

argument Duration, History
Employment Type ’ ’ 441 | 0.80 | 0.74 | 0.77 | 261 | 0.77 | 0.77 | 0.77
Living status | Duration, History 21 | 0.21 | 0.57 | 0.31 57 1 0.19 | 0.26 | 0.22

Table 5.5: Multi-task Event Extractor trigger and argument role performance trained on the

entire SHAC train set, evaluated on the MIMIC and UW Dataset test sets.

Status labels is similar in both data sets. Living status Type performance is 0.12 F1 higher

in MIMIC than the UW Dataset. In the test set, the distribution of Living status Type

labels differs greatly between the data sets with the UW Dataset at 37% with family, 22%
with others, 26% homeless, and 15% alone and MIMIC at 57% with family, 16% with others,

2% homeless, and 25% alone. For the span-only arguments, the performance is calculated

at the token-level and micro averaged across the arguments for each event type. Span-only

argument performance is comparable for Alcohol, Tobacco, and Employment. However, it is

higher for Drug span-only arguments in MIMIC than the UW Dataset. Living status span-

only argument performance is very low for both data sets, primarily due to sparsity in the

training set (only 167 Duration and History arguments among 3,267 Living status events).
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5.4.8 Limatations

Although the Multi-task Event Extractor achieved high performance for most target phe-
nomena, the extraction framework has several limitations. The Multi-task Event Extractor
treats trigger and labeled argument prediction as a text classification task and can only
represent a single event of a given type per sentence. Figure presents predicted labels
for a sentence with multiple gold Drug events describing current marijuana use and previous
cocaine use. While the Type predictions in this example are correct, the Status prediction of
past is incorrectly associated with both marijuana and cocaine. Of the sentences with at least
one event in SHAC, 6% contain multiple events of the same type. Span-only arguments for
each event type are extracted using a single CRF, which cannot accommodate overlapping
spans. Figure presents predictions for a sentence where the gold span-only argument
spans overlap. The Amount is correctly labeled as “about 1 pint of vodka,” but there should
also be a Type argument of “vodka.” Approximately 6% of span-only arguments in events of
the same type overlap in SHAC. The Multi-task Event Extractor treats sentences indepen-
dently. It does not incorporate context from the preceding sentences and cannot generate
events that span multiple sentences. Figure presents predictions for an example where
past tobacco use is described in concurrent sentences. The first sentence includes a strong
cue for past Status, “quit”; however, the Status in the second sentence is less clear without

previous context. Fewer than 2% of SHAC events span multiple sentences.

5.5 Conclusions

We present a new clinical corpus, SHAC, with detailed event-based annotations for 12 SDOH.
SHAC includes approximately 4.5K social history sections from multiple institutions and note
types and contains frequent descriptions of alcohol, drug, and tobacco use, employment, and
living status. Approximately 71% of the SHAC training set was selected using the novel
active learning framework, ALSC, that utilizes a surrogate task for assessing sample uncer-

tainty, which increased the prevalence of critical risk factors in the annotated training data,
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Figure 5.10: Error analysis examples

including positive substance use, unemployment, disability, and homelessness, and increased
event extraction performance, relative to using only randomly selected samples. The ac-
tively selected samples improve performance in both the surrogate task and the target event
extraction task, validating the surrogate task approach. The Multi-task Event Extractor
model achieves high performance on the MIMIC and UW Dataset: 0.89-0.98 F1 in identify-
ing distinct SDOH events, 0.82-0.93 F1 for substance use status, 0.81-0.86 F'1 for employment
status, and 0.81-0.93 F1 for living status type.

The ALSC approach is predicated on identifying the most important annotated phenom-
ena in the annotation scheme, as this defines the Surrogate Classifier prediction task(s).
For this SDOH extraction task, the information “importance” was determined based on

how indicative it is of negative health outcomes. Making this determination was relatively
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straightforward for this task; however, there are likely other relation or event extraction
tasks where this determination is less clear. Additional experimentation with other relation
and/or event extraction tasks is needed to understand the limitations of the ALSC approach
and identify a generalizable approach that can be applied to a wide range of annotated

phenomena.
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Chapter 6
COVID-19

6.1 Overview

COVID-19 is a global pandemic, and efforts to track its spread remains a challenge for
policy makers, healthcare workers, and researchers, despite increased availability of testing.
Symptom information can inform COVID-19 infection tracking [14]. Certain symptoms and
underlying comorbidities have directed COVID-19 testing, and this direction has changed
over time as the understanding of COVID-19 and the availability of testing has changed.
The clinical presentation of COVID-19 varies significantly in severity and symptom profiles
[128]. The most prevalent COVID-19 symptoms reported to date are fever, cough, fatigue,
and dyspnea [129], but emerging reports identify additional symptoms, including diarrhea
and neurological symptoms, such as changes in taste or smell [I30-132]. Certain initial
symptoms may be associated with higher risk of complications; in one study, dyspnea was
associated with a two-fold increased risk of Acute Respiratory Distress Syndrome [133]. The
relationship between symptoms, positive tests, and rapid clinical deterioration are not well
understood in ambulatory care and emergency department settings, especially in the presence
of covariate risk factors, like diabetes, obesity, and heart disease.

Information collected by the Electronic Health Record (EHR) can provide crucial COVID-
19 testing, diagnosis, and symptom data needed to address these knowledge gaps. Test results
can easily be queried and analyzed at scale from structured EHR data. However, more
detailed and nuanced descriptions of COVID-19 diagnoses, exposure history, symptoms,
and clinical decision-making are typically only documented in the clinical narrative. To
leverage this textual information in large-scale studies, the salient COVID-19 and symptom

information must be automatically extracted.
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This chapter presents the new corpus, CACT, which consists of 1,472 notes from the UW
clinical repository with detailed event-based annotations for COVID-19 diagnosis, testing,
and symptoms. Given the recent rapid emergence of the pandemic, CACT is one of the
first clinical data sets with COVID-19 annotations and includes 29.9K distinct events. We
also present the first information extraction results on CACT using the Span-based Event
Extractor, establishing a strong baseline for identifying COVID-19 and symptom events.

This chapter presents our work annotating and automatically extracting COVID-19 diag-
noses, testing, and symptoms, and is largely based on Lybarger et al. [22], which is currently
not published. In Lybarger et al. [22], T contributed to experiment design, data analysis, and
writing, performed all software development (programming), and executed all experimenta-

tion.

6.2 DMaterials

6.2.1 Data

This work used inpatient and outpatient clinical notes from the UW clinical repository.
COVID-19-related notes were identified by searching for variations of the terms “coron-

2w

avirus,” “covid,” “sars-cov,” and “sars-2” in notes authored between February 20-March 31,
2020, resulting in a pool of 92K notes. This work utilized a subset of 53K notes, including
only notes with at least five sentences and corresponding to one of six types: telephone en-
counters, outpatient progress, emergency department, inpatient nursing, intensive care unit,
and general inpatient medicine. Multiple note types were used to improve the extraction
model generalizability.

Early in the outbreak, the UW EHR did not include COVID-19 specific structured data;
however, structured fields indicating COVID-19 test types and results were added as testing
expanded. We used these structured fields to assign a COVID-19 Test label describing
COVID-19 polymerase chain reaction (PCR) testing to each note based on patient test

status:
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e none: patient will be tested

e positive: patient will test positive

e negative: patient will test negative
More nuanced descriptions of COVID-19 testing (e.g. conditional or unordered tests) or
diagnoses (e.g. possible infection or exposure) are not available as structured data. For the
53K note subset, the COVID-19 Test label distribution is 90.8% none, 1.3% positive, and
7.9% negative.

Given the sparsity of positive and negative notes, CACT is intentionally biased to increase
the prevalence of these labels. To ensure adequate positive training samples, the CACT
training partition includes 50% positive notes and 50% none and negative notes. Ideally,
the test set would be representative of the true distribution; however, the expected number
of positive labels with random selection is insufficient to evaluate extraction performance.
Consequently, the CACT test partition includes 50% positive and negative notes and 50%

none notes. Notes were randomly selected in equal proportions from the six note types.

6.2.2 Annotation Scheme

We created detailed annotation guidelines for two event types, COVID and Symptom, which
are summarized in Table Similar to the annotations in YVnotes and SHAC, CACT is an-
notated using an event-based approach. CACT includes two event types, COVID and Symp-
tom, which are summarized in Table COVID trigger is generally an explicit COVID-19
reference, like “COVID-19” or “coronavirus.” COVID Test Status characterizes implicit and
explicit references to testing, and Assertion captures diagnoses and hypothetical references
to COVID-19. Symptom events capture subjective, often patient reported, indications of
disorders and diseases (e.g. “cough”). Symptom trigger identifies the specific symptom, for
example “wheezing” or “fever,” which are characterized through Assertion, Change, Sever-
ity, Anatomy, Characteristics, Duration, and Frequency arguments. Labeled arguments (e.g.
Assertion) include an argument span, type, and subtype (e.g. present). Span-only argu-

ments, like Characteristics, include an argument span and type, without a subtype label.



Notes were annotated using the BRAT annotation tool [134].
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Event type, e

Argument type, a

Argument Subtypes, y;

Span examples

Trigger* - “COVID-19”
COVID Test Status' {positive, negative, pending, conditional, “tested positive”
not ordered, not patient, indeterminate}
Assertion® {present, absent, possible, hypothetical, “low suspicion”
not patient}
Trigger* — “cough,” “fever”
Assertion* {present, absent, possible, conditional, “admits,” “denies”
hypothetical, not patient}
Symptom Change {no change, worsened, improved, resolved}  “improved”
Severity {mild, moderate, severe} “milde”
Anatomy - “chest wall,”
Characteristics - “diffuse”
Duration - “for two days”
Frequency — “occasional”

Table 6.1: CACT annotation guideline summary.

" indicates the argument is required. T

indicates at least one of the arguments, Test Status or Assertion, is required

6.2.3 Annotation Scoring and Fvaluation

Annotation and extraction is scored as a slot filling task, focusing on information most rele-

vant to secondary use applications. Figure [6.1| presents the same sentence annotated by two

annotators, along with the populated slots for the Symptom event. Both annotations include

the same trigger and Frequency spans (“cough” and “intermittent”, respectively). The As-

sertion spans differ (“presenting with” vs. “presenting”), but the assigned subtypes (present)

are the same, so the annotations are equivalent for purposes of populating a database. Anno-

tator agreement and extraction performance are assessed using scoring criteria that reflects

this slot filling interpretation of the labeling task.

The Symptom trigger span identifies the specific symptom. For COVID, the trigger
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Assertion

FISELETE)
e =,

Assertion [present
= —

woman ... presenting with encephalopathy , intermittent cough
Assertion
Frequency Ngey]
woman ... presenting with encephalopathy , intermittent cough

U

SSx(trigger=*“cough”, Assertion=present, Frequency="“intermittent”)

Figure 6.1: Annotation examples describing event extraction as a slot filling task

anchors the event, although the span text is not salient to downstream applications. For
labeled arguments, the subtype label captures the most salient information, and the identified
span is less informative. For span-only arguments, the spans are not easily mapped to a fixed
label set, so the selected span contains the salient information. Performance is evaluated

using precision, recall, and F1.

Trigger: Triggers, T}, are represented by a pair (event type, e;; token indices, x;). Trigger
equivalence is defined as

T, =T;if (e; = ¢j) A (z; = xj).

Arguments: Events are aligned based on trigger equivalence. The arguments of events
with equivalent triggers are compared using different criteria for labeled arguments and span-
only arguments. Labeled arguments, Al are represented as a triple (argument type, a;;
token indices, x;; subtype, [;). For labeled arguments, the argument type, a, and subtype, [,

capture the salient information and equivalence is defined as

Span-only arguments, A?, are represented as a pair (argument type, a;; token indices, x;).
Arguments with equivalent triggers and argument types, (7; = T;) A (a; = a;), are compared

at the token-level (rather than the span-level) to allow partial matches. Partial match scoring
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is used as partial matches can still contain useful information.

6.2./ Annotation Statistics

CACT includes 1,472 notes with a 70%/30% train/test split and 29.9K events annotated
(5.4K COVID and 24.4K Symptom). Notes were annotated by four 4™-year medical stu-
dents. Figure 6.2 contains a summary of the COVID annotation statistics for the train/test
subsets. By design, the training and test sets include high rates of COVID-19 infection
(present subtype for Assertion and positive subtype for Test Status), with higher rates in
the training set. CACT includes high rates of Assertion hypothetical and possible subtypes.
The hypothetical subtype applies to sentences like, “She is mildly concerned about the coron-
avirus” and “She cancelled nexplanon replacement due to COVID-19.” The possible subtype
applies to sentences like, “risk of Covid exposure” and “Concern for respiratory illness (in-

cluding COVID-19 and influenza).” Test Status pending is also frequent.
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Figure 6.2: COVID annotation summary

There is some variability in the endpoints of the annotated COVID trigger spans (e.g.
“COVID” vs. “COVID test”); however 98% of the COVID trigger spans in the training
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set start with the tokens “COVID,” “COVID19,” or “coronavirus.” Since the COVID trig-
ger span is only used to anchor and disambiguate events, the COVID trigger spans were
truncated to the first token of the annotated span in all experimentation and results.

The training set includes 1,756 distinct uncased Symptom trigger spans, 1,425 of which
occur fewer than five times. The identified symptoms were not normalized to canonical forms
(e.g. “shortness of breath” and “sob” considered distinct symptoms). Figure presents
the frequency of the 20 most common Symptom trigger spans in the training set by Assertion
subtypes present, absent, and other (possible, conditional, hypothetical, or not patient). These
20 symptoms account for 49% of the training set Symptom events. There is ambiguity in
delineating between some symptoms and other clinical phenomena (e.g. exam findings and

medical problems), which introduces some annotation noise.

pain
cough
fever
shortness of breath
sob
nausea
distress
diarrhea
edema
sore throat
fevers
vomiting
coughing
chills
myalgias
dyspnea
fatigue
headache
weakness
wheezing

Symptoms

I present
I absent
I other

LI ill
O N Y QX o N Y ©®
O O O © O ™ ™ ™™ =

Frequency

Figure 6.3: Most frequent symptoms in the training set broken down by Assertion subtype

Given the long tail of the symptom distribution and our desire to understand the more

prominent COVID-19 symptoms, we focused annotator agreement assessment and extraction
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model training/evaluation on the symptoms that occurred at least 10 times in the training
set, resulting in 185 distinct symptoms that cover 82% of the training set Symptom events.
The set of 185 symptoms was determined only using the training set, to allow unbiased
experimentation on the test set. All subsequent results and experimentation only incorporate

these 185 most frequent symptoms.

6.2.5 Annotator Agreement

The first two rounds of annotation were doubly annotated (72 notes in round 1 and 96 notes
in round 2). Figure presents the annotator agreement for each annotation round. For
labeled arguments, F1 scores are micro-average across subtypes. After round 1, annotator
disagreements were carefully reviewed, the annotation guidelines were updated, and anno-
tators received additional training. Starting with round 2, potential COVID triggers were
pre-annotated using pattern matching (“COVID,” “COVID-19,” “coronavirus,” etc.), to im-
prove the recall of COVID annotations. Pre-annotated COVID triggers were modified as
needed by the annotators, including removing, shifting, and adding trigger spans. The guide-
line updates, additional annotator training, and pre-annotation of COVID triggers resulted

in improved agreement across all labeled phenomena, except for Change.
6.3 Methods

The Span-based Event Extractor used in this chapter is defined in Section The model
configuration was selected using 3-fold cross validation (CV) on the training set. Table
summarizes the selected configuration. Training loss was calculated by summing the cross
entropy across all span and argument role classifiers.

During initial experimentation, Symptom Assertion extraction performance was high for
the absent subtype and lower for present. The higher absent performance is primarily as-
sociated with the consistent presence of negation cues, like “denies” or “no.” While there
are affirming cues, like “reports” or “has,” the present subtype is often implied by a lack

of negation cues. For example, an entire sentence could be “Short of breath.” To pro-
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Figure 6.4: Annotator agreement

vide the Symptom Assertion span classifier with a more consistent span representation, we
substituted the Symptom trigger token indices for the Symptom Assertion token indices in
each event and found that performance improved. We extended this trigger token indices
substitution approach to all labeled arguments and found performance improved. By sub-
stituting the trigger indices for the labeled argument indices, trigger and labeled argument
prediction is roughly treated as a multi-label classification problem, although the model is
not constrained to require trigger and labeled argument predictions to be paired with the
same spans. As previously discussed, the scoring routine does not consider the span indices

of labeled arguments.
6.4 Results

Table presents the extraction performance of the Span-based Event Extractor on the
training set using CV and withheld test set. Extraction performance is similar on the train
and test sets, even though the training set has higher rates of COVID-19 positive notes.
COVID trigger extraction performance is very high (0.97 F1) and exceeds the round 2
annotator agreement (0.95 F1). The COVID Assertion performance (0.73 F1) is higher
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Parameter Value
Maximum sentence length, n 30
Maximum span length, M 6
Top-K spans per classifier n
Batch size 100
Number of epochs 100
Learning rate 0.001
Optimizer Adam
Maximum gradient L2-norm 100
BERT embedding dropout 0.3
bi-LSTM hidden size, vy, 200
bi-LSTM activation function tanh
bi-LSTM dropout 0.3
Span classifier projection size, v 100
Span classifier activation function ReLU
Span classifier dropout 0.3
Role classifier projection size, v, 100
Role classifier activation function ReLLU
Role classifier dropout 0.3

Table 6.2: Span-based Event Extractor hyperparameters

than Test Status performance (0.62 F1), which is likely due to the more consistent Assertion
annotation. Symptom trigger and Assertion extraction performance is high (0.83 F1 and
0.79 F1, respectively), approaching the round 2 annotator agreement (0.86 F1 and 0.83 F1,
respectively). Anatomy extraction performance (0.61 F1) is lower than expected, given the
high round 2 annotator agreement (0.81 F1). Duration extraction performance is comparable
to annotator agreement, and Frequency extraction performance is lower than annotation
agreement. Change, Severity, and Characteristics extraction performance is low, again likely

related to low annotator agreement for these cases.

6.5 Conclusions

We present CACT, a novel corpus with detailed annotations for COVID-19 diagnoses, testing,

and symptoms. CACT includes 1,472 unique notes across six note types with more than 500



70

Event type Argument Train-CV Test
# Gold P R Fi1 # Gold P R Fi1
Trigger 3,931 0.95 0.97 0.96 1,497 0.96 0.97 0.97
COVID Assertion 2936 0.70 0.74 0.72 1,075 072 0.74 0.73
Test Status 1,068 0.60 0.62 0.61 457 0.63 0.60 0.62
Trigger 13,823 0.82 0.85 0.83 5,789 0.81 0.85 0.83
Assertion 13,833 0.77 0.79 0.78 5791 0.77 0.80 0.79
Change 739 0.45 0.03 0.06 341 0.45 0.05 0.09
Symptom Severity 743 0.47 0.30 0.37 327 0.45 0.31 0.37
Anatomy 3,839 0.76 0.59 0.66 1,959 0.78 0.50 0.61
Characteristics 3,145 0.59 0.26 0.36 1,441 0.66 0.25 0.36
Duration 3,744 0.62 0.44 0.51 1,344 0.54 0.56 0.55
Frequency 801 0.64 0.39 0.48 250 0.60 0.51 0.55

Table 6.3: Extraction performance

notes from patients with positive COVID-19 tests. We introduce the Span-based Event
Extractor that jointly extracts all annotated phenomena, including argument types and
subtypes. The Span-based Event Extractor performs well in the extraction of COVID trigger
(0.97 F1) and Assertion (0.73 F1) and achieves near-human performance in the extraction
of Symptom trigger (0.83 F1) and Assertion (0.79 F1).

While CACT includes six different note types, it only includes data from a single insti-
tution over a relatively short period from the COVID-19 pandemic, which may reduce the
generalizability of extractors trained on CACT. The COVID-19 documentation protocols
at UW changed over the course of the pandemic, including the use of templated symptom
information (e.g. ”[x] fever | ] cough”), and the performance of the trained extractors may
vary, depending on the timing of the notes. Additionally, each institution has its own doc-
umentation protocols, including protocols related to COVID-19, and the generalizability of

extraction models trained on CACT to other institutions is unknown.
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Chapter 7
SECONDARY USE WITH AUTOMATIC LABELS

7.1 Overview

This chapter explores a secondary use application for the automatically extracted informa-
tion. Specifically, the relationship between COVID-19 infection (positive or negative) and
automatically extracted symptom information is explored through a COVID-19 infection

prediction task.
7.2 Related Work

There are many pre-print and published works exploring the prediction of COVID-19 out-
comes, including COVID-19 infection, hospitalization, acute respiratory distress syndrome
(ARDS), need for intensive care unit (ICU), need for a ventilator, and mortality [I35-H14T].
These COVID-19 outcomes are generally predicted using existing structured data within the
EHR, including demographics, diagnosis codes, vitals, and lab results.

Wollenstein-Betech et al. [I35] used an existing clinical data set from Mexico to explore
the prediction of COVID-19 related hospitalization, ICU need, ventilator need, and mortality
(pre-print publication). The outcomes are predicted using logistic regression and SVM.
Wollenstein-Betech et al. [I35] identifies the most salient preconditions for the COVID-19
outcomes as: i) age, gender, chronic renal insufficiency, diabetes, and immunosuppression
for hospitalization; ii) pneumonia, cardiovascular disease, and asthma for ICU need; iii)
pneumonia, age, gender, cardiovascular disease, obesity, and pregnancy for ventilator need;
and iv) age, immunosuppression and pregnancy for mortality.

Bertsimas et al. [I36] explore the prediction of COVID-19 infection risk and mortality

using data from healthcare institutions in Spain and Italy (pre-print publication). Out-
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comes are predicted using gradient boosted decision trees (XGBoost specifically) with demo-
graphics, vitals, and lab values as input features. The results indicate the main indicators
of mortality are age, Blood Urea Nitrogen (BUN), C- reactive protein (CRP), Aspartate
Aminotransferase (AST), and low oxygen saturation. The primary indicators of COVID-19
infection risk are CRP, white blood cell count (WBC), Calcium, AST, and temperature. In
the absence of lab results, the indicators of infection risk are age, oxygen saturation, temper-
ature, and heart rate. Bertsimas et al. [130] find that demographics and vitals are predictive
of COVID-19 infection when lab values are not available; however demographics and vitals
become secondary features when lab values are available.

Izquierdo et al. [I37] predict ICU admission using a data set with 10.5K COVID-19 infec-
tions, 1.4K hospitalizations, and 83 ICU admissions (pre-print publication). ICU admission
is predicted using decision trees using structured EHR data and information automatically
extracted from clinical notes. Information was extracted from free-text notes using the ex-
isting EHRead tool. A comprehensive list of the extracted information is not provided,
although common diseases (e.g. diabetes) are mentioned. Izquierdo et al. [137] found age,
temperature, and respiratory frequency are the best predictors of ICU admission.

There are multiple review papers focused on synthesizing predictors of COVID-19 infec-
tion and severity. Wynants et al. [I42] finds the primary predictors of COVID-19 infection to
be age, body temperature, signs and symptoms, sex, blood pressure and creatinine. Wynants
et al. [142] also finds the primary predictors of hospitalization to be age, sex, previous hos-
pitalization, comorbidities, and SDOH. In a review paper exploring the epidemiology and
clinical features of COVID-19, Siordia [143] identifies elderly age, hypertension, cardiovascu-
lar disease, cerebrovascular disease, and chronic kidney disease as salient comorbidities and
elevated lactic acid dehydrogenase (LDH), elevated CRP, and lymphopenia as laboratory
predictors for severe COVID-19. In a review paper focused laboratory predictors of COVID-
19 severity and outcomes, Zhang et al. [144] identified elevated leukocyte count, ALT, AST,
LDH, and procalcitonin as risk factors for ICU admission.

Table summarizes the laboratory, vital sign, and demographic structured fields found
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to be most predictive of COVID-19 infection in the literature described above. While there
are some frequently cited laboratory results, like CRP and lymphyocytes, there does not
appear to be a consensus across the literature, regarding the most prominent predictors of
COVID-19 infection. Of the four sources cited in Table [7.1] three sources [142HI44] are
review papers, so this table represents the distillation of many recent works. The predictive
parameters in Table informed the development of the COVID-19 infection prediction

model in the subsequent section.

Table 7.1: Prominent parameters available through structured EHR fields that are predictive
of COVID-19 infection.

Parameter Source
age [136], 142]
alanine aminotransferase (ALT) [143]
albumin [144]
aspartate aminotransferase (AST)  [136, [143]
calcium [136]
C-reactive protein (CRP) [136], 143, 144]
D-dimer [143]
eosinopenia [143]
heart rate [136]
lactate dehydrogenase (LDH) [143], 144]
lymphocyte [142H144]
neutrophils [142], 143]
oxygen saturation [136]
prothrombin time (PT) [143]
respiratory rate [136]
temperature [136, 142]
troponin [143]
white blood cell (WBC) count [136]

7.3 DMethods

An existing data set from the UW from January 2020 through May 2020 was used to explore
the prediction of COVID-19 infection and to identify the most predictive features. The data
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set is from the UW Enterprise Data Warehouse, which is a subset of the UW EHR. This
data set has some overlap with the data set used in Chapter [6] but is treated as a separate
data set in this COVID-19 infection prediction task.

The data set includes clinical notes (telephone encounters, progress notes, and emergency
department (ED) notes) and structured data (demographics, vitals, laboratory results, di-
agnosis codes, etc.). For each patient in this data set, all of the COVID-19 tests with either
a positive or negative result and an ED note within the seven days preceding the test result
were identified, resulting in a set of 1,580 negative tests and 115 positive tests (6.8% infection
rate). COVID-19 tests with an indeterminate result were not included in experimentation, as
the indeterminate result is a function of testing procedures rather than patient factors. Ad-
ditionally, COVID-19 tests without an ED note within the past seven days were not included
in experimentation, to provide a fair comparison for the predictive power of the structured
and automatically extracted data. Fach of these test results was treated as a sample in
model training and evaluation. The likelihood of COVID-19 infection was predicted using
structured EHR data and ED notes within a seven-day window preceding the COVID-19
test result.

Symptom information was automatically extracted from the ED notes using the Span-
based Event Extractor trained on CACT [[] The extracted symptoms were manually normal-
ized to aggregate different extracted spans with similar meanings (e.g. “sob” — “shortness
of breath” or “fatigued” — “fatigue”). As an input feature, each extracted symptom was
assigned a numerical value, based on the Assertion value: present = +1 and absent = —1.
Symptoms not referenced in the note were assigned a value of 0.

For each of the structured fields in Table the corresponding UW EHR field was
identified. Experimentation with structured fields was limited to this subset of literature-
supported COVID-19 predictors, given the limited size of the available data set. Table
lists the 32 structured fields used in the COVID-19 prediction task. The following EHR

1Only automatically extracted symptom data were used. No supervised (hand annotated) labels were
used.
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field pairs measure the same phenomena and were treated as a single feature, resulting
in 29 distinct structured EHR fields: {“Temperature - C,” “Temperature (C)”}, {“HR,”
“Heart Rate”}, and {“O2 Saturation (%),” “Oxygen Saturation”}. All structured fields
used in experimentation are numerical (e.g. “Temperature (C)”=38.1) with the exception of
“Troponin I Interpretation,” which is categorical (abnormal or normal).

Within the seven-day history window, features may occur multiple times (e.g. multiple
temperature measurements). For each feature, the series of measurements/values was repre-
sented as either the minimum or maximum of the values depending on the specific feature.
For example, temperature was represented as the maximum of the temperature measure-
ments to detect any fever, and oxygen saturation was represented as the minimum of the
saturation values to capture any low oxygenation events. Table includes the aggregat-
ing function, f, used for each structured field. For all extracted symptoms, the maximum
feature value was used, to capture any present symptoms within the time window.

COVID-19 infection was predicted using the Random Forest model using the scikit-learn
Python implementation [I16]. Alternative prediction algorithms include Logistic Regression,
SVM, or FFNN. Random Forest was selected over Logistic Regression, because the feature
independence and linear assumptions associated with Logistic Regression are not valid this
prediction task. Random Forest was selected over SVM, because the Random Forest model
provides improved interpretability. A FFNN was not used because of the small amount of
data available for this study.

The available data was split into train/test sets using an 80%/20% split by patient.
Performance was evaluated using the receiver operating characteristic (ROC) area under the
curve (AUC). Given the relatively small data set size, the train/test splits were randomly
created 1,000 times through repeated hold-out testing [145]. Kim [145] demonstrated that
repeated hold-out testing can improve the robustness of the results in low resource settings.
For each training/test split, the ROC was calculated, and an averaged ROC was calculated
across all random hold-out iterations. The random holdout iterations yield a distribution

of ROC and AUC values, which facilitate significance testing. The significance of the AUC
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Table 7.2: Structured fields from UW EHR used to predict COVID-19 infection. f indicates
the with function used to aggregate multiple measurements/values

Parameter Field in UW EHR f

age “Ageln2020” max
ALT “ALT (GPT)” max
albumin “Albumin,” “Albumin/Globulin Ratio,” “Albumin (Micro), URN”, max

and “Albumin/Creatinine Ratio, URN”

AST “AST (GOT)” max
calcium “Calcium” max
CRP “CRP, high sensitivity” max
D-dimer “D_Dimer Quant” max
eosinopenia “Eosinophils,” “% Eosinophils,” and “Body Fluid Eosinophils” max
heart rate “Heart Rate” and “HR” max
LDH “Lactate Dehydrogenase” max
lymphocyte “Lymphocytes,” “% Lymphocytes,” and “Body Fluid Lymphocytes” max
neutrophils “Neutrophils,” “% Neutrophils,” and “Body Fluid Neutrophils” max
oxygen saturation “Oxygen Saturation” and “O2 Saturation (%)” min
PT “Prothrombin Time Patient” and “Prothrombin INR” max
respiratory rate “Respiratory Rate” max
temperature “Temperature - C” and “Temperature (C)” max
troponin “Troponin_I” and “Troponin_I Interpretation” max
WBC count “WBC” max

performance was assessed using a two-sided T-test. The Random Forest models were tuned

using 3-fold cross validation on the training set and evaluated on the withheld test set.

COVID-19 prediction experimentation included three feature sets: structured (29 structured

EHR fields), notes (automatically extracted symptoms from ED notes), and structured+notes

(combination of structured fields and automatically extracted symptoms).

The relative importance of features in predicting COVID-19 infection was explored using
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Lundberg et al. [146]’s SHAP (SHapley Additive exPlanations) approach, which is imple-
mented in the SHAP Python module.ﬂ SHAP generates interpretable, feature-level explana-
tions for nonlinear model predictions. For each prediction, SHAP scores are estimated for
each feature, where larger absolute scores indicate more important features, and the absolute

values of the scores sum to 1.0 for each prediction.

7.4 Results

Figure presents the ROC for the COVID-19 infection prediction task (positive or nega-
tive), with three feature sets: structured, notes, structured+notes. This ROC curve is aver-
aged across the 1,000 repeated hold-out partitions. On the withheld test set, the inclusion of
the automatically extracted symptom information (structured+notes) improves the average
AUC over structured data only (structured) from 0.69 to 0.73 with significance (p < 0.001).

The shaded region around each mean ROC indicates one standard deviation.

True Positive Rate

—— structured (AUC=0.69)
notes (AUC=0.63)
—— structured+notes (AUC=0.73)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 7.1: COVID-19 infection prediction ROC on the withheld test set, averaged across
repeated hold-out runs

Zhttps://pypi.org/project/shap/
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Figure is a SHAP value plot for the 20 most predictive features from a single Random
Forest model utilizing the structured+notes feature set. In this SHAP plot, each point
represents a single prediction for the test set, and the SHAP value (x-axis) describes the
importance of that feature in making each prediction. Positive SHAP values indicate support
for a positive COVID-19 test result, and negative SHAP values indicate support for negative
test result. The most predictive features include four automatically extracted symptoms:
fever, pain, cough, and myalgia (muscle pain/ache).

For some features, like “Calcium” and “fever,” the feature values and COVID-19 positiv-
ity are highly correlated (i.e. feature values correlated with SHAP values), which is indicated
by a clear separation of the feature values (i.e. blue and red data points well separated).
However, for some features, like “Albumin,” the correlation is lower, which is indicated by a
mixing of the feature values (i.e. blue and red data points mixed). Features with lower cor-
relation but higher predictive power suggests the features are predictive when combined with
other features (i.e. feature interdependence). Additionally, there are features that charac-
terize the same phenomena, just with different criteria, for example { “fever”, “Temperature
(C)”} and { “Eosinophils”, “% Eosinophils” }.

Given the relatively small sample size and low proportion of positive COVID-19 tests,
the SHAP impact values presented in Figure were aggregated across repeated hold-out
runs. Figure|7.3|presents the distribution of the mean SHAP values for the structured+notes
feature set. For each repeated hold-out run, the absolute value of the SHAP values were
averaged, yielding a single feature score per repetition. In Figure the mean SHAP
values (x-axis) represents the importance of the feature with predicting COVID-19 infection
(positive or negative). Only features with a mean absolute correlation greater than or equal
to 0.5 are included in Figure [7.3] to emphasize features that are predictive with less reliance
on contributions from other features (i.e. more independent features).

The most predictive features are temperature/fever, WBC, cough, calcium, eosinophils,
age, respiratory rate, and oxygen saturation. Fever, cough, pain, myalgia, and fatigue are

the most predictive automatically extracted symptoms. These results suggest that patient



79

High
Calcium
Ageln2020 o o oo oo o
fever*
WBC
Respiratory Rate wwwo meoo om o
Eosinophils
Neutrophils .
Oxygen Saturation -‘---------- -
pain* 4§ - v
D_Dimer Quant -* oo cammecccomme o @ o [
% Eosinophils L S «‘ f’ij
cough* -.- - k3
Temperature (C) . o coen omusen
ALT (GPT) . womem o
Lactate Dehydrogenase -‘ @ ooo o . oo o
myalgia* wmoe o0 o oo =
AST (GOT) e oo 0
% Lymphocytes 00 ©
Albumin
CRP, high sensitivity . emooe
T T T T T T Low
—0.02 0.00 0.02 0.04 0.06 0.08
SHAP value (impact on model output)

Figure 7.2: SHAP plot for Random Forest model utilizing the labs+wvitals+notes feature set,
explaining the importance of features in making predictions for the withheld test set. *
indicates the feature is an automatically extracted symptom

reported fever is more predictive of COVID-19 infection than the raw temperature measure-

ments (i.e. “Temperature (C)”), which did not meet the correlation threshold of 0.5.
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Figure 7.3: Distribution of averaged SHAP values. The vertical lines in each violin indicate
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7.5 Conclusions

In the COVID-19 infection prediction task, automatically extracted symptom information
improved extraction performance (with significance) beyond just using structured data, and

two of the top three most predictive features, fever and cough, were automatically extracted
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from the ED notes. This secondary use application is limited by the size and scope of the
available data. In ongoing COVID-19 work, the Span-based Event Extractor trained on
CACT will be applied to a broader set of over 2 million ambulatory care and emergency
department notes created at UW during the first five months of the pandemic for a more

comprehensive analysis of reported symptoms, patient characteristics, and outcomes.
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Chapter 8
CONCLUSIONS

This chapter summarizes the primary contributions of this work, including the presented
methodologies and empirical findings. It also presents future directions for continuing this

research and plans for maximizing the impact of the resources created.

8.1 Summary

This dissertation explores the extraction of information from clinical text, to facilitate the
use of this text-encoded information in secondary use applications. Specifically, it explores
the automatic extraction of SDOH and COVID-19 information and demonstrates the utility
of the extracted data. The main contributions of this work are described below.

Neural architectures for clinical IE with limited training data: The limited availability of
annotated clinical text, due to privacy concerns and the cost of human annotation, is one of
the primary challenges associated with clinical IE. The proposed IE methodologies address
this challenge, by introducing multi-task modeling frameworks that leverage shared informa-
tion across event and argument types. The progression of the introduced IE architectures
reflects the evolution of this work and field of NLP, as the generalizability, flexibility, and
modeling power improves in the successive models. Multi-task Event Extractor incorporates
contextualized word embeddings and utilizes a more generalized set of output layers, relative
to the Multi-task Substance Extractor. The Span-based Event Extractor overcomes two pri-
mary limitations of the earlier approaches, specifically the ability to accommodate multiple
events of the same type within a sentence and model overlapping spans. The Multi-task Sub-
stance Extractor achieved state-of-the-art performance on YVnotes. The Multi-task Event

Extractor and Span-based Event Extractor achieved extraction performance comparable to
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inter-annotator agreement for several key phenomena in the respective corpora on which
they were trained.

The self-attention trigger prediction approach of the Multi-task Event Extractor can only
generate a single prediction for each event type within a sentence, and this approach performs
well on SHAC, because co-occurring events of the same type are infrequent. In SHAC, only
6% of sentences with at least one event include multiple events of the same type. The
Multi-task Event Extractor was not applied to CACT, because of the high prevalence of co-
occurring symptoms within sentences. In CACT, 35% of sentences with at least one symptom
include multiple symptoms, and these sentences with co-occurring symptoms account for
61% of all annotated symptoms. Extracting the symptom information in CACT requires an
extraction approach that can represent multiple triggers within a single sentence, which is
accomplished by the Span-based Event Extractor.

The extraction models are tailored to specific annotation/extraction schemes, to maxi-
mize extraction performance, and are only evaluated on a single data set. The presented 1E
frameworks can be extended to a range of information represented in the clinical narrative;
however, additional experimentation is required to assess the performance of the architec-
tures in other event extraction tasks.

Annotated corpora: This work presents two new annotated corpora, SHAC and CACT,
which include detailed event-based annotations for SDOH and COVID-19, respectively. Both
corpora frequently contain the risk-factors and conditions of greatest interest. SHAC contains
rich descriptions of SDOH, including substance use, employment, and living situation. CACT
includes detailed annotations of COVID-19 testing, diagnoses, and symptoms, including high
proportions of notes associated with COVID-19 positive patients.

SHAC includes multiple note types from three institutions, and CACT includes multiple
note types from a single institution. While we attempted to make these corpora as hetero-
geneous as possible, SHAC and CACT are limited by the publicly and internally available
data sets used. The degree to which the content, structure, and format of the SHAC and

CACT notes is representative of other institutions is unknown. The portions of the notes
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that use the most natural language (e.g. “Patient reports cough and fever but denies short-
ness of breath”) will likely generalize better than more structured/templated content (e.g.
“[x] cough [x] fever [ | shortness of breath”). Additional annotation and experimentation is
needed to better understand the generalizability of the corpora created.

Active learning using Surrogate Classifiers: A novel active learning framework, ALSC, is
introduced and used to select samples for SHAC. The presented surrogate classifier approach
increased the prevalence of salient health risk factors. The actively selected notes improved
extraction performance beyond that of random selection, with the biggest performance im-
provements associated with underrepresented but extremely important health risk factors
(i.e. drug and tobacco use, homelessness, and living with others).

The performance of the ALSC approach was only evaluated on a single domain, and ad-
ditional experimentation is needed to assess the generalizability of this approach and better
understand its limitations. In the SDOH extraction task, it is relatively clear which argu-
ments (attributes) are the most salient, which motivated the surrogate classifier approach.
However, identifying the most salient information within other clinical IE tasks may not be
as clear or even possible, which is limits the generalizability of the ALSC approach. The
ALSC approach improved event extraction performance for the specific extraction architec-
ture and scoring rubric used, and different extraction architectures and/or scoring rubrics
may impact the performance gains achieved using ALSC.

Secondary use with automatic labels: The usefulness and importance of the automatically
extracted data is demonstrated through secondary use applications. COVID-19 infection
prediction performance improves with the incorporation of automatically extracted symptom
data, and the results indicate the most predictive symptoms are fever, cough, pain, myalgia,
and fatigue.

The COVID-19 infection prediction task used a relatively small data set, specifically a
relatively small number of positive COVID-19 test results. A larger multi-institution data
set is needed to draw broader conclusions regarding the most prominent risk factors for

COVID-19 positivity, including things like symptoms, laboratory results, and vital signs.
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8.2 Future Work

8.2.1 IE

There are several promising avenues for building on the presented IE models. The extracted
information from labeled arguments (e.g. Tobacco Status) can easily be represented as a
one-hot encoding in downstream prediction tasks. However, incorporating the the extracted
information from span-only arguments (e.g. Tobacco Amount, Frequency, and Duration) is
more challenging, as the extracted span(s) must first be normalized to a fixed set of classes
(e.g. “mild,” “moderate,” or “severe”), a scalar representation (e.g. score of 2 out of 3),
or a distributional representation (e.g. vector of real numbers). A data-driven approach
for learning a mapping or transformation to these normalized quantities would improve the
usefulness of the extracted arguments.

The presented IE approaches only uses the information contained in the clinical notes.
The IE approaches do not leverage non-text data in the EHR or data from biomedical knowl-
edge sources. It is not clear that utilizing such data sources would assist in the extraction
of SDOH or symptom information; however, it may be beneficial in other clinical informa-
tion extraction tasks. If the present IE architectures are utilized in other clinical TE tasks,
like medical problem or diagnosis extraction, augmenting the frameworks to incorporate
structured sources may improve performance.

All of the presented approaches utilize sequential word information; however, incorporat-
ing dependency information may improve extraction performance, especially where multiple
events are in close proximity or overlap. Work in other domains and to a lesser degree
the clinical domain has benefited from such approaches [61), 147, 148]. However, such an

approach would require a high performing dependency parser that is trained on clinical text.

8.2.2  Active Learning

The presented active learning framework, ALSC, was successful because the surrogate clas-

sifier prediction task captured salient aspects of the more complex event extraction task. In
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other words, the gains achieved by the surrogate classifier resulted in gains for the event
extractor. In future work, the surrogate classifier approach could be explored in different
clinical IE tasks to identify and demonstrate a generalizable approach for representing com-
plex annotation structures (e.g. events or relations) through a simplified proxy task in active

learning.

8.2.8 Shared Task

SHAC includes clinical text from MIMIC-III, which is deidentified and publicly available. We
are planning to create a shared IE task using this deidentified portion of SHAC. The shared
task will increase the visibility of this work and advance the exploration of SDOH extraction.
The MIMIC-III portion of SHAC is relatively large and will facilitate experimentation with
more contemporary neural extraction approaches. Additionally, the detailed event-based
structure of the SHAC annotations will facilitate a range of possible challenge tasks (e.g.

relation extraction, event extraction).

8.2.4 Secondary Use

The uncertainty associated with the automatically extracted data varies, depending on the
frequency and similarity of the target phenomena within the training set. The COVID-
19 infection prediction task explored in this work incorporated the automatically extracted
symptom data, without utilizing the uncertainty of the predictions. Incorporating predic-
tion uncertainty in secondary use applications may provide performance improvements, by
emphasizing more confident predictions and deemphasizing less confident predictions.
Using its Enterprise Data Warehouse (EDW), UW Medicine applies a range of tools
to large repositories of clinical data, including clinical notes, to enable large-scale outcomes
analyses. The SDOH and COVID-19 extractors created using SHAC and CACT, respectively,
are integrated into the EDW analysis pipeline to automatically populate databases with the
extracted information. The integration of the SDOH and COVID-19 extractors into the

EDW pipeline will allow UW investigators to explore negative health outcomes associated
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with SDOH and symptoms. Additionally, we are working to release the pre-trained extraction
models to collaborators outside the UW.

As part of the integration of the extractors into the EDW pipeline, the SDOH and
COVID-19 extractors will be applied to a much larger set of clinical ambulatory care and
emergency department notes from UW and collaborating institutions nationally. The ex-
tracted symptom information will also be combined with routinely coded data (e.g. diagnosis
and procedure codes, demographics) and automatically extracted data (e.g. social determi-
nants of health). Using these data, we will develop models for predicting risk of COVID-19
infection amongst individuals who are tested. These models could better inform clinical
indications for prioritizing testing with constrained test availability and more accurately de-
termine pre-test probability. Additionally, the presence or absence of certain symptoms can
be used to inform clinical care decisions with greater precision. This future work may also
identify combinations of symptoms (including their presence, absence, severity, sequence of
appearance, duration, etc.) associated with clinical outcomes and health service utilization,
such as deteriorating clinical course and need for repeat consultation or hospital admission.
The use of detailed symptom information will be highly valuable in informing these models,
but potentially only with the level of nuance that our extraction models provide. With the
COVID-19 pandemic continuing for the foreseeable future, accelerating the research outlined

in this paper will inform key clinical and health service decision making.
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Event type, e

Argument type, a

Argument subtypes, y;

Span examples

Trigger* — “alcohol”
Alcohol, Drug, Status* {none, current, past} “denies”
or Tobacco Duration - “for 8 years”
History - “seven years ago”
Type - “beer,” “cocaine”
Amount - “2 packs”
Frequency — “daily,” “monthly”
Trigger* - “works,” "nurse”
Employment Status™* {employed, unemployed, retired, “works”
on disability, student, homemaker}
Duration - “for five years”
History - “15 years ago”
Type — “nurse”
Trigger* - “lives”
Living status ~_ Status” {current, past, future} “lives,” “lived”
Type* {alone, with family, with others, homeless}  “with husband”
Duration - “for 6 months”
History — “last month”
Insurance Status {yes, no} “has been off”’
Sexual Status {current, past} “participated in”
orientation Type {heterosexual, homosexual, bisexual} “homosexual”
Gender Status {current, past} “identifies as”
identity Type {cisgender, transgender} “transgender”
Country of ori- Type - “England”
gin
Race Type — “African ~ Ameri-
can”
Status {none, current, past} “currently jogs”
Physical Duration - “for 2 years”
activity History - “10 years ago”
Type - “walks”
Amount - “4 miles”
Frequency — “every evening”
Status {none, current, past} “no history”
Environmental Duration - “since 2001”7
exposure History - “until last month”
Type - “asbestos”
Amount - “significant”
Frequency - “daily”

Table A.1: Annotation guideline summary for all event types. *indicates the argument is

required.
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Round| Source Selection| Active learning training | Train| Dev | Test | Total
set
1 MIMIC Random | — 100 - - 100
2 MIMIC Random | - 144 56 - 200
3 MIMIC Random | — 288 112 — | 400
4 UW Dataset | Random | — 84 140 280 504
5 MIMIC Active 572 samples (Round 3 train | 400 - - | 400
+ 284 YVnotes)
6 UW Dataset | Random | — 168 120 240 528
7 MIMIC Random | - - 20 280 300
8 UW Dataset | Random | — 112 - — 112
9 UW Dataset | Active 1336 samples (Rounds 3-8 728 - - 728
train 4+ 284 YVnotes)
10 UW Dataset | Active 2064 samples (Rounds 3-9 728 - - 728
train 4+ 284 YVnotes)
11 MIMIC Active 3036 samples (Rounds 1-10 384 - - 384
train + 284 YVnotes)
12 MIMIC Random | — - - 96 96
TOTAL | 3136 | 448 | 896 | 4480

Table A.2: Annotation round summary, including selection type (random versus active) and
training data used in active selection.

Parameter Query function Active learning
selection in Table evaluation in
[5.3] Figure [5.6|

batch size 2 100
learning rate 0.001 0.005
maximum gradient L2 norm 1.0 1.0
maximum length 200 200
number of epochs 500 500
LSTM hidden size 100 100
dropout, input to LSTM 0.7 0.4
dropout, output of LSTM 0.0 0.4
dropout, self-attention 0.7 0.4

Table A.3: Surrogate Classifier hyperparameters
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