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ABSTRACT

Increasing demand for retrieving accurate and timely information from
unstructured text data in healthcare motivates the need for effective biomedical
machine reading comprehension (MRC) systems. However, high-quality labeled
data scarcity in new biomedical problem domains presents an obstacle to training
state-of-the-art MRC models, thereby limiting their performance and applicability.
Consequently, the application of MRC in the biomedical domain is an
under-explored area of research. Employing transfer learning to transmit knowledge
to the low-resource biomedical domain from a high-resource domain is a potential
solution for limited data availability. Unfortunately, transferring knowledge directly
between domains often hurts models’ performance due to the domain shift
phenomenon.

In this dissertation, we focus on advancing biomedical text understanding
using MRC in the absence of large-scale annotated datasets, with particular
attention to transfer learning. We study the mitigation of domain shift and propose
BioADAPT-MRC, a novel framework designed to implement improved transfer
learning in the biomedical domain employing a domain adaptation algorithm
based on adversarial learning. BioADAPT-MRC aims to overcome data scarcity
challenges and enhance the performance of biomedical MRC. We identify two new
problem domains that can benefit from biomedical MRC tasks: MRC on clinical
practice guidelines (CPGs) and MRC on clinical notes to extract injection drug use
(IDU) information. We facilitate the evaluation and benchmarking of MRC tasks
on CPGs by manually building a benchmark dataset called cpgQA. Furthermore,
we create a framework named IDU-QA, enabling us to develop a reference dataset
and an MRC model capable of retrieving information regarding IDU from clinical
notes. We conduct a thorough evaluation of the BioADAPT-MRC framework using
MRC datasets sourced from the widely-known BioASQ competition. We tackle
the challenge of limited labeled data in the new problem domains by employing
different transfer learning settings, along with BioADAPT-MRC. We perform a
comprehensive error analysis for each problem domain, highlighting the strengths
and limitations of the MRC models. We further discuss future research directions
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to enhance the performance and applicability of biomedical MRC models. Overall,
this dissertation contributes to the advancement of MRC systems in the biomedical
domain, paving the way for improved healthcare interventions and a deeper
understanding of critical biomedical information.
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CHAPTER 1

INTRODUCTION

Healthcare professionals typically pose a minimum of one question for every two
patients they encounter during the consultation stage of patient care [1]. These
questions can be regarding the cause of a symptom, the tests to be performed, the
drug of choice for a particular condition, the dose of a drug, or ways to manage
a particular condition. Although they are able to find answers to around 78% of
these questions, they often abandon half of their inquiries due to limited time and
the uncertainty that helpful answers may be unavailable, despite the presence of
abundant evidence [1, 2]. Furthermore, to enhance the quality of patient care, it is
crucial for clinicians to stay informed about the latest information on diagnosis,
prognosis, treatment, recommendations, and the risks and benefits of treatment
within the framework of Evidence-based Medicine (EBM) [3, 4].

Because of time constraints, searching through existing resources to find high-
quality, trustworthy, and pertinent information is inconvenient for clinicians –
leading to the dependency on easily accessible simple-to-use general-information
electronic resources like Google [5]. However, this reliance on general-purpose
search engines poses a problem because their result ranking criteria do not align
with the principles of EBM, lacking reliability, quality, and precision [5]. This
problem is partially alleviated by traditional information retrieval (IR) systems
[6–10]; however, a healthcare-information professional still requires approximately
four hours to navigate and locate answers within complex biomedical resources [9].

Another information source used by healthcare professionals to provide
optimized patient care is clinical practice guidelines (CPGs). These guidelines are
documents with statements of recommendations developed through a rigorous
review of the cutting-edge research evidence and risks and benefits evaluation of
alternative care options [11]. Although these documents are concise compared to
reviewing numerous literature resources, interpreting them is often deemed to be
tedious and complicated by healthcare professionals [12]. Therefore, an efficient
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approach is necessary to help clinicians comprehend these guidelines and save
valuable time.

Furthermore, when making crucial decisions regarding comprehensive patient-
centered care, it is vital to integrate information from unstructured clinical notes
within electronic health records. Clinical notes encompass the comprehensive
progression of patients’ health conditions with different treatment measures. They
provide a higher level of detail compared to structured data. While there may
potentially be some intersection, these notes often capture additional information
typically excluded in structured data [13–16]. Extracting beneficial information
from these long clinical notes necessitates an efficient computational approach.

Machine reading comprehension (MRC), a crucial task in machine learning and
natural language understanding – a subfield of natural language processing (NLP),
facilitates the understanding of input text passages by machines and enables
them to respond accurately to user queries with extracted relevant information
(i.e., answers) from the input text, typically within seconds. MRC with input
text passages from the biomedical domain is known as biomedical MRC. Unlike
traditional IR systems that typically present users with a collection of documents
for interpreting and finding precise answers, intelligent biomedical MRC systems
offer a time-saving and effort-reducing alternative [10]. Despite the recent progress
in biomedical MRC systems, their application to the clinical practice guidelines still
needs to be explored. With regard to extracting valuable information from clinical
notes, unlike other NLP approaches with pre-defined sets of rules [13, 17–19], MRC
systems enable users to retrieve information with increased flexibility since the
information extracted by MRC systems is not restricted by pre-defined rules, but
the questions provided by the user [10].

With advancements in computing hardware and the availability of efficient
resources, researchers have made significant progress in developing state-of-the-
art MRC systems. These systems employ neural networks and demonstrate
performance comparable to, or even surpassing human-level capabilities in various
domains, including, but not limited to, Wikipedia articles and web search results
[20–22]. However, achieving such impressive results relies heavily on training
datasets that are high-quality, large-scale, and meticulously annotated by humans
[21]. These MRC datasets comprise triplets containing context, question, and
answer elements, where the question-answer pairs serve as labels within the dataset.
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The need for large-scale, high-quality human-annotated datasets presents a
significant challenge when it comes to applying MRC systems in the biomedical
domain. Creating a substantial number of reliable question-answer pairs for a new
biomedical domain requires expertise in the specific subject matter, making the
process both costly and time-consuming.

The undeniable need for subject-matter expertise in building MRC datasets
for new biomedical problem domains leads to non-existent or smaller datasets,
resulting in poor performance on the MRC task [23]. Hence, despite the numerous
potential application domains, the utilization of MRC systems in the biomedical
field remains constrained.

Given the inherent challenges, it is of utmost importance to devise an approach
that optimally leverages small-scale labeled or unlabeled biomedical MRC datasets
to train the MRC models and bolster their performance. In such scenarios, transfer
learning emerges as a valuable technique that facilitates the transfer of knowledge
to the low-resource domain, known as the target domain, from a high-resource
domain, known as the source domain [24]. High-resource domains are typically
extensively explored and built using open-source text passages requiring no domain
expertise. However, the direct transfer of knowledge between domains often leads
to subpar performance due to discrepancies in the feature representation caused by
domain shift.

This dissertation seeks to develop MRC systems for understanding and
extracting information from complex biomedical texts with improved performance
by incorporating unlabeled or relatively small quantities of labeled biomedical texts
and harnessing the power of transfer learning.

1.1 Contributions
The contributions described in this dissertation include the following:

• A new MRC framework, BioADAPT-MRC, implemented with a domain
adaptation algorithm based on adversarial learning. It comprises three key
components: a feature extractor, a domain similarity discriminator equipped
with an auxiliary task layer, and an MRC module. BioADAPT-MRC aims to
minimize the shift between two domains: low-resource biomedical (target)
and high-resource general-purpose (source). It is designed to enhance the
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performance of MRC systems in the biomedical domain by reducing the
domain shift and thus effectively addressing data scarcity challenges.

• Implementations of BioADAPT-MRC in unsupervised, semi-supervised, and
supervised settings.

• Introduction of two new applications of biomedical MRC.

• A benchmark MRC dataset, cpgQA, for the MRC task on clinical practice
guidelines, which is generated by a manual annotation process utilizing
support from subject-matter experts.

• An MRC framework, IDU-QA, to extract information regarding injection
drug use from patients’ clinical notes. The framework integrates rule-based
NLP techniques for generating a reference MRC dataset on clinical notes with
injection drug use for model development.

• MRC models for comprehending and extracting information from clinical
practice guidelines and clinical notes with injection drug use information.

• Extensive validation of the BioADAPT-MRC framework along with other
transfer learning approaches on biomedical scholarly articles, clinical practice
guidelines, and clinical notes with injection drug information.

1.2 Organization of The Dissertation
The remaining chapters of the dissertation are structured as follows.

Chapter 2 provides the necessary background material and related work on
machine reading comprehension and transfer learning.

Chapter 3 describes the proposed BioADAPT-MRC framework, designed
for effective domain adaptation in the biomedical field. This framework uses
adversarial learning to enhance MRC models’ adaptation capability to new
biomedical problem domains. The domain adaptation is achieved by incorporating
a domain similarity discriminator within the adversarial learning framework. The
discriminator, along with the feature extractor, engages in an alternating or joint
training process, resulting in the generation of feature representations with a
reduced domain gap. Reduced domain gap refers to the reduced distance between
the target and source domain feature representations in the embedding space.
In contrast to recent approaches of domain adaptation that rely on generating
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synthetic (machine-generated) labels for the purpose of augmenting training
data [25, 26], our framework leverages either a limited number of labeled data
or unlabeled data or both from the target biomedical domain. This unique
characteristic renders BioADAPT-MRC more appropriate for scenarios where
annotated datasets are scarce and synthetic label generation is resource-intensive
and requires additional verification by domain experts. We extensively evaluate
BioADAPT-MRC on three well-established datasets sourced from the BioASQ
challenge [27]. The evaluation is performed using the recommended metrics
provided by BioASQ. Furthermore, we assess the domain adaptation capability
of our framework through dimensionality reduction techniques and clustering.
To provide a comprehensive understanding of our framework, we end the chapter
with an in-depth analysis, highlighting its strengths and limitations. This analysis
demonstrates the effectiveness of BioADAPT-MRC while shedding light on areas
that require further improvement. Overall, our framework represents a significant
advancement in domain adaptation for biomedical MRC models, with promising
potential in real-world applications.

Chapter 4 describes the pioneering benchmark dataset called cpgQA, designed
explicitly for biomedical MRC on clinical practice guidelines (CPGs). This
dataset, consisting of 1097 samples, is meticulously constructed and validated by
subject-matter experts. We demonstrate the importance of a benchmark MRC
dataset tailored to CPGs through rigorous experimentation. In particular, we
conduct an extensive case study utilizing BioADAPT-MRC and various transfer
learning settings with transformer-based MRC models. Furthermore, we provide
a comprehensive error analysis that sheds light on the capabilities and limitations
of the MRC model, specifically when applied to CPGs. This analysis offers crucial
insights regarding the performance and limitations of the model, paving the way for
future enhancements and research directions in the field. We conclude the chapter
by discussing the limitations inherent in the cpgQA dataset. We outline the areas
that require improvement and highlight the scope for future research endeavors to
further enhance the quality and applicability of the dataset, opening doors for more
sophisticated and effective biomedical MRC models for CPG interpretation.

Chapter 5 presents a comprehensive description of the IDU-QA framework
designed to extract information about injection drug use (IDU) from clinical notes.
Given the absence of evidence of IDU in structured electronic health record (EHR)
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data, relying on unstructured clinical notes becomes crucial for understanding
the representation of this phenomenon and improving upon NLP techniques.
The primary objective of this study is to formulate the task of IDU information
extraction as an MRC problem. By treating it as such, we allow for the extraction
of answers that are not predetermined labels or entities, providing greater flexibility
in identifying relevant information. The interdependencies and associations
between the words in the answers are not constrained, enabling a more nuanced
understanding of patients’ IDU behavior. We consider the challenge of annotated
data availability necessary to develop MRC models and, therefore, build the IDU-
QA framework comprising two main parts: reference dataset generation and MRC
modeling. In this chapter, we describe the techniques employed to generate the
dataset. Subsequently, we present an extensive study leveraging transformer-based
MRC models, including the implementation of BioADAPT-MRC and other transfer
learning settings tailored to accommodate the relatively small dataset. To acquire a
deeper understanding of the MRC models’ performance and limitations, we end the
chapter with a thorough error analysis serving as a valuable resource for guiding
future research efforts in this problem domain. By developing this specialized MRC
framework for IDU extraction from clinical notes, we contribute to advancing the
understanding and application of NLP techniques in capturing critical information
related to IDU. This research paves the way for improved healthcare interventions
and a deeper understanding of the population affected by IDU.

Finally, we conclude in Chapter 6 by delving into a comprehensive analysis of
our work, accompanied by a discourse on potential avenues for future research
directions.
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CHAPTER 2

BACKGROUND & LITERATURE REVIEW

This dissertation addresses the well-known challenge of limited, labeled data
availability in biomedical machine reading comprehension (MRC) tasks. As
mentioned in Chapter 1, to overcome the data scarcity issue, we focus on utilizing
transfer learning and leveraging either unlabeled narrative texts or a relatively
small number of labeled narrative texts from the biomedical domain. Our approach
aims to enhance the performance of biomedical MRC models. Additionally,
we introduce two novel applications of biomedical MRC. The first application
involves MRC on clinical practice guidelines (CPGs) to extract crucial information
regarding treatment recommendations, risk factors, and more. The second one
involves MRC on clinical notes to extract information on patients’ injection drug
use (IDU) behavior.

Therefore, our work revolves around the intersection of three key research areas:
MRC models, MRC datasets, and transfer learning, with a specific focus on the
biomedical domain. This chapter provides relevant background information and a
literature overview of recent advancements in these three research directions.

2.1 Machine Reading Comprehension
Machine reading comprehension is an essential and intricate task in machine

learning and natural language understanding. Its primary objective is to
comprehend textual passages and effectively retrieve pertinent information encoded
within them. MRC aims to answer posed questions based on the understanding of
textual narratives. Similar to the objective of reading comprehension performed by
humans, the MRC task aims to evaluate the extent to which computer systems
comprehend and interpret human language effectively. The input for an MRC
model is a question and a piece of text excerpt known as the context, and the
output is the corresponding answer. Consequently, an MRC dataset comprises
numerous context-question-answer triplets (refer to Figure 2-1).

7



According to [28], MRC tasks can be categorized along four dimensions (Figure
2-2): (i) corpus types (textual/multi-modal), (ii) question types
(natural/cloze/synthetic), (iii) answer types (natural/multi-choice), and (iv) answer
sources (span/free-form).

(i) Types of corpus: Depending on the data types used in the task, there are
two groups into which MRC tasks can be classified: textual, where the data
is unstructured textual form, and multi-modal, where the data includes both
image and text [28].

(ii) Types of questions: Depending on the types of questions, there are three
main MRC task categories: natural form, cloze style, and synthetic form
[28]. In natural form, the questions are usually interrogative sentences with
“wh” question phrases. Sometimes, they can be imperative sentences such
as ‘Name a CFL2 mutation ...’. In cloze style, a question usually contains
a sentence containing a placeholder. The sentence can be of any form, such
as imperative, declarative, etc., and not necessarily interrogative. This type
of MRC task aims to find an answer to fill the placeholder in the question
correctly. For example, ‘Single-agent activity for reflected by response
rates of 10%-30% has been reported.’ In synthetic form, a question can be
a list of words without conforming to any grammatical rules [29, 30]. For
example, ‘located next to body of water’ [30].

(iii) Types of answers: Based on the types of answers, there are two types of
MRC tasks: natural form and multiple-choice [28]. In the context of multiple-
choice MRC tasks, the answer is usually a single or a group of phrases or
an image (if multi-modal) selected from a collection of candidate answers,
whereas, in natural form, there is no choice given for the answers.

(iv) Sources of answers: Depending on the answer sources, there are two types
of MRC tasks, MRC tasks with either span answers or free-form answers [28].
In span form, the source of answers is the provided contexts where a span
taken verbatim from the context is considered an answer. In contrast, the
free-form answers allow for phrases or groups of phrases or images (if multi-
modal) of free form as the answers, not necessarily taken from the contexts,
and with no limitation in their possible sources.
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Figure 2-1. An example context-question-answer triplet from a
machine reading comprehension (MRC) dataset presented in [27].

Figure 2-2. Categories of machine reading comprehension
(MRC) tasks according to the classification presented in [28].
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Our work focuses on MRC tasks involving a textual corpus, natural-form
questions that are interrogative or imperative sentences, and natural answers in
words or phrases that can be directly extracted from the context – also known as
extractive MRC. In order to eliminate redundancy, throughout the remainder of
this dissertation, we use the term “MRC” to refer specifically to “extractive MRC”.

2.2 Brief History of MRC Systems’ Development
MRC systems were first conceptualized in the 1970s, and the most noteworthy

MRC system was first proposed in [31]. The authors developed an MRC system,
QUALM, to understand the context in a hand-written story script and answer
questions about that story [31]. QUALM’s domain-specificity and small scale
restricted further general application of this system. Research in the area of
MRC was stagnant in the 1980s and 1990s because of the complexity of the task
and unavailability of datasets [32]. In the late 1990s, Hirschman et al., in [33],
revitalized the research in MRC by releasing a dataset consisting of stories from
the third- to sixth-grade reading materials and of five “wh” questions.

The MRC systems, during the late 90s, were primarily based on traditional
machine learning algorithms and rule-based heuristic techniques [33]. Hirschman
et al., in [33], presented a bag-of-words-based approach that can answer questions
from stories by identifying the best match between the questions and the stories.
In another work, Riloff et al. developed Quarc [34], a rule-based MRC system that
can answer questions by finding the most relevant sentence in a short story using
semantic and lexical clues such as entity recognition, part-of-speech tagging, and
morphological analysis, in the story and the question. The MRC systems developed
in [35] using a machine-learning-based combined approach that unifies Markov
logic, bootstrapping, and self-supervision.

The approaches based on rules and traditional machine learning exhibited
unsatisfactory performance in contributing to real-world applications effectively.
The reasons behind the low performance were the presence of inherent limitations
of these approaches, such as the absence of long-range dependencies and contextual
information, the non-generalizability of these approaches to other datasets,
the unavailability of large-scale MRC datasets on a variety of articles, and the
considerable amount of human effort required to build the datasets [21, 32, 36].
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Between 2013 and 2015, the introduction of labeled MRC datasets, such as
MCTest [37] and ProcessBank [38], addressed some of the issues mentioned
above and thus revolutionized the research in MRC and transformed the formerly
complex MRC task into a supervised learning problem [39]. Another driving
force to this revolution was neural network-based (NN-based) deep learning MRC
models, which exhibited their excellence in overcoming the inherent shortcomings
of the previous MRC systems, such as long-range dependencies and contextual
information [36]. With the combination of labeled MRC datasets, these NN-based
systems outperformed the traditional approaches for solving the MRC task [20,
40]. Rajpurkar et al. made a groundbreaking contribution in 2016 by introducing
the Stanford Question Answering Dataset or SQuAD, which served as the first
large-scale MRC dataset [21]. The SQuAD dataset was built using Wikipedia
articles, where the text passages in those articles are considered as the contexts
in the dataset. The question-answer pairs, on the other hand, were annotated
by crowd workers, and the answers in the dataset are extracted slices from the
corresponding text passages. In recent years, the advancement of deep learning
MRC models has also propagated to several specialized domains, such as the
biomedical domain [10]. However, because of the need for subject-matter expertise
to build high-quality datasets in the biomedical domain, there is a scarcity of large-
scale datasets [10]. The lack of large-scale datasets elicits the need for transfer
learning [24], a learning technique facilitating knowledge transfer from one domain
to another. As mentioned earlier, our focus for this work is mainly 2-fold: applying
state-of-the-art models to perform biomedical MRC tasks and leveraging transfer
learning to enhance the models’ performance. Therefore, in the remaining part of
this chapter, we review deep learning-based MRC models and MRC datasets in
the biomedical domain, along with transfer learning approaches in the MRC task
focusing specifically on the biomedical domain.

2.3 Machine Reading Comprehension Models
There are three steps in solving an MRC task using deep learning architectures:

creating the input vector representations of the question-context pairs using word
embeddings techniques, extracting the features from the embeddings using the
deep learning architectures, and predicting the answer span based on the provided
context [32]. The remaining section briefly reviews research works associated with
state-of-the-art techniques to achieve these steps.
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2.3.1 Question-Context Pair Representations
In deep learning-based MRC models, the input question-context pairs are

represented as continuous high-dimensional vector representations [20, 41–43]. In
order to convert every question-context pair from its discrete textual format to
a continuous vector representation, a three-step procedure is employed: tokenize
the sentences(s) in the question-context pair into words or sub-words (also known
as tokens), look up or train the vector embeddings of the tokenized words, and
concatenate the word embeddings to represent the input question-context pair.

There are several word embeddings algorithms to transform words into vector
embeddings, among which the most commonly used ones are: word2vec [41],
GloVe [42], FastText [43], and Bidirectional Encoder Representations from
Transformers (BERT) [20]. These aforementioned word embeddings algorithms,
except BERT, represent each word in a fixed vector representation for all contexts
and meanings. They leverage the words’ global and local co-occurrences and
morphological representations to generate word embeddings [42, 43]. Thus,
they cannot encapsulate the contextual meaning of the words in a body of text.
A word’s contextual meaning pertains to its vectorized representation which
encompasses the information surrounding that specific word.

On the other hand, BERT generates contextual word embeddings using a pre-
trained bidirectional multi-layer transformer network, capturing the contextual
meaning of the words and thus providing a more meaningful representation of
the question-context pair [20]. Pre-training refers to the usual training process of
a neural network in preparation to perform a task in the future. Consequently,
MRC models trained with BERT-generated word embeddings outperform the
others [20, 44, 45]. Some other examples of word embedding algorithms that
generate contextual embeddings are Embeddings from Language Models (ELMo)
[46] and Generative Pre-Training (GPT) [47]. ElMo generates word embeddings
using a pre-trained bidirectional long short-term memory (Bi-LSTM) language
model. Nevertheless, these embeddings are restricted by the limitations of LSTM.
GPT generates word embeddings using a pre-trained unidirectional multi-layer
transformer architecture. However, the vital shortcoming of GPT architecture
is that due to being unidirectional (from left to right), it lacks the ability to
capture contextual information from both directions. Thus, GPT is often unable to
perform as well as other bidirectional architectures, such as BERT, in tasks where
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incorporating contexts from both directions is crucial [20]. Given the resounding
success of BERT over other embedding techniques in MRC tasks [48, 49], for our
work, we restrict our focus only to BERT embeddings.

In addition to word embeddings, researchers have shown interest in including
syntactic, semantic, and morphological information about the question-context
pairs such as named entities, part-of-speech, and character-level embeddings [40,
50–54]. To solve an MRC task, Indurthi et al. obtained character-level word
embeddings using convolutional neural networks (CNNs) [54]. In these embeddings,
each character in each word has a fixed-dimensional embedding. In another
work [53], Xu et al. used the counts of different part-of-speech tags, such as
nouns, adjectives, and verbs, and named-entity-recognition tags, such as location,
organization, and person, for each question-answer pair.

2.3.2 Deep Learning Architectures for Machine Reading Comprehension
There are four primary NLP deep learning architectures for the MRC task:

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs),
networks with the attention mechanism, and transformer-based pre-trained
language models (PLMs).

Convolutional Neural Networks (CNNs) Although CNNs are primarily
used in computer vision applications [55], they have been shown to perform well in
several NLP tasks [56]. The CNN architecture uses multiple layers of convolutional
kernels or filters to extract spatial features from an image or a piece of text [56]. In
an MRC model, researchers have used CNNs mainly to generate word embeddings
[57] and mostly character-level embeddings [40, 54].

Chaturvedi et al., in [57], used CNN to perform MRC tasks. They employed
CNN to generate word embeddings from the questions and the contexts where the
CNN consists of one convolutional layer followed by one average pooling layer.
In [54], Indurthi et al. proposed a CNN-based MRC model – ConZNet. Instead
of considering MRC as a span prediction task focused on identifying the answer
span with the highest probability score, they considered multiple spans need to be
included in the correct answer. ConZNet uses a CNN architecture for generating
character-level embeddings and then concatenates them with the pre-trained word
embeddings for the questions and contexts. The goal here is to extract regions
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in the context relevant to the question and consequently produce an answer from
them.

Recurrent Neural Networks (RNNs) RNN is the class of architecture that
can model sequence data such as text or speech by including relative historical
information in the sequence, emulating neural activity in the human brain [58].
Prior to the success of attention-based networks, RNNs were the most popular and
widely used deep learning architecture choices among researchers for solving MRC
tasks [58].

RNNs have mainly two architectural varieties: (i) Long Short-Term Memory
(LSTM) [59] and (ii) Gated Recurrent Unit (GRU) [60]. Both variants of RNNs
overcome the vanishing gradient issue [61, 62] experienced by traditional RNNs.
The vanishing gradient problem refers to a phenomenon that arises when training
deep neural networks, such as RNNs. It occurs when the gradients utilized for
updating the network diminish significantly or “vanish” as they propagate backward
from the output layers to the earlier layers, consequently leading to minimal impact
or influence on the network’s learning process [63]. Originally the modeling of RNN
and its varieties was restricted by the temporal order of the sequence data (from
left to right) [58]. Thus, no future sequential data could be seen at the present
time step. However, realizing the importance of both past and future inputs in
a sequence for modeling the current one, researchers introduced the concept of
bidirectional RNNs where both past and future inputs in the sequence are taken
into account while modeling the current one [64]. Similar to the use cases of CNNs
in MRC models, researchers have used RNNs as feature extractor component [40,
65] that captures the temporal interactions between the word embeddings and
between the question-context pairs to create question-context pair representations
[66, 67].

Chen et al., in [65], used a multi-layer Bidirectional-LSTM (Bi-LSTM) to encode
the question-context pairs. The Bi-LSTM model takes a feature vector for each
token in each context consisting of a 300-dimensional GloVe word embedding; a
3-dimensional binary feature reflecting the match between a token in the context
and any tokens in the question in its lowercase, original, and lemma format;
a multidimensional vector reflecting the properties related to normalized term
frequency, named-entity-recognition, part-of-speech; and an attention score
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depicting the similarity between a token in the context and the tokens in the
questions. The Bi-LSTM also takes the 300-dimensional GloVe word embeddings
of the tokens in the questions. The authors then trained two different classifiers for
predicting the first and last tokens within the answer span.

In [40], Seo et al. used LSTM to extract features from question-context pairs.
The LSTM network takes character-level embeddings generated by CNN and pre-
trained GloVe word embeddings. The authors employed two LSTM networks in
both directions for capturing the temporal interactions between the words in the
sequence.

Wang et al., in [68], proposed a Multi-Perspective Context Matching (MPCM)
model for the MRC task. The model uses a Bi-LSTM network to generate
character-level embeddings for question-context pairs. The authors calculated
matching vectors representing the comparison between the embeddings of the
question and the context from multiple perspectives. They also used another
Bi-LSTM network for aggregating the matching vectors and for predicting the first
and last tokens within the answer span.

In [69], Kobayashi et al. introduced a neural network MRC model with a Bi-
LSTM network for generating entity representations to improve the performance
of the MRC task. In another work [70], Clark and Gardner applied a Bidirectional-
GRU (Bi-GRU) in the last layer of their MRC model followed by a linear layer that
computes the scores for the start position in the answer span. They also applied
another Bi-GRU with a linear layer to calculate the probability scores for the end
position. Another model named the Gated-Attention Reader (GA) was proposed in
[71], which uses two Bi-GRU for extracting word embeddings and features from the
contexts and the questions.

In [72], Chen et al. used shallow Bi-LSTMs to encode the contexts and the
questions from the 100-dimensional pre-trained GloVe word embeddings. Ghaeini
et al., on the other hand, proposed a dependent gated reading Bi-GRU network
(DGR) in [73] to map the relationship between the question-context pair. Similar
to [72], DGR uses Bi-GRUs for encoding the 100-dimensional GloVe embeddings of
the question-context pairs.

Networks with Attention Mechanism The concept of attention has
revolutionized many tasks (including MRC [74–76]) in NLP since its first
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introduction in machine translation [77]. Due to the sequential nature of RNN
architectures, they often suffer from information loss when presented with long
sequences, which is reflected in their poor performance [78]. It happens because the
last hidden state in an RNN encoder is tasked to contain all information related to
the past hidden states, which often becomes a bottleneck. The attention
mechanism alleviates this issue by facilitating access to all hidden states at each
time step and improves the performance of several NLP tasks [78].

Hermann et al. proposed Attentive Readers and Impatient Readers – two
architectures for solving MRC tasks using an attention mechanism [74]. Attentive
Readers encode the word embeddings in the questions and the contexts using two
separate single-layer Bi-LSTM networks. They then calculate the attention scores
to measure the amount of attention provided by the network to a token in the
context while answering the question. The Attentive Readers attend to segments
of the contexts that are most likely to answer the provided query. The Impatient
Readers extend the attentive readers by enabling the model to reread the context
as each question token is read.

In [79], Kadlec et al. proposed an MRC model named Attention Sum Reader
(AS Reader), which defines the MRC task as an answer extraction task from the
given context where the answer is a single word. It uses two Bi-GRU networks as
encoders and one embedding function to calculate a contextual vector
representation of every individual word in the context and a fixed-length
representation for each question. Then, it computes the attention score for each
word in the context using these vector representations to select the most probable
answer.

Seo et al., in [40], introduced BIDAF, a Bi-Directional Attention Flow network,
for the MRC task. BIDAF uses a bidirectional flow of attention to assist the
interactions between the questions and the contexts and builds query-aware
representations of the contexts. At each time step, the attention layer in BiDAF
computes the attention score, and the attended vectors are passed to the
subsequent layer of the BIDAF model, reducing the information loss. The authors
used a memory-less attention mechanism that captures the attention between
question-context pair at the current time step, ensuring that the attention at each
time step is not affected by any incorrect attention score calculated at the previous
time steps.
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Transformer-based Networks The transformer network was first introduced in
2017 by Vaswani et al. in [80]. The network is entirely based on the attention
mechanism and caused a paradigm shift in NLP for the following reasons: Although
RNN-based networks were the first choice among researchers for sequence modeling,
due to the nature of their learning paradigm, their training process is
computationally inefficient due to their lack of parallelization. Transformer-based
networks solved this problem using self-attention mechanisms that can be efficiently
parallelized. Moreover, transformer-based networks can capture the semantic
correlation among the words in a sequence and generate contextualized
representations of the words.

The transformer architecture comprises a stack of six encoder layers and six
decoder layers. Each layer has a self-attention layer with a self-attention mechanism
that captures the attention between the words in a sequence and generates
contextual vector representations. Followed by that is a point-wise fully connected
feed-forward neural network layer. Since the transformer network has no recurrence
or convolution component to encode the information regarding the relative order
of the words in the sequence, it uses positional encodings (PE) typically calculated
using sine and cosine functions of varying frequencies as shown in Equation 2.1 [80]:

PE(p,2k) = sin
p

10000
2k
dm

; PE(p,2k+1) = cos
p

10000
2k
dm

(2.1)

Here, p refers to the position of the token in the sentence, dm is the maximum
dimension used by the transformer network for word embedding, and k denotes the
embedding dimension. In other words, the positional encodings utilize sinusoidal
waves to represent each dimension. The wavelengths of these waves follow a
geometric progression ranging from 2π to 10000 · 2π.

The success of the transformer network led to the development of other models.
In [81], a unidirectional multi-layer transformer decoder was used for training a
language model, which achieved state-of-the-art performance in the MRC task.
Another notable model is BERT (Bidirectional Encoder Representations from
Transformers) proposed in [20], which uses bidirectional encoders to alleviate the
unidirectional constraint, masked language modeling (MLM) as the pre-training
objective, and next sentence prediction (NSP) as an additional task. Pre-training
corpora of the BERT model consist of Wikipedia articles and BooksCorpus [82].
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There are two architectural variants of the BERT model: BERTBASE with 110M
parameters, 12 encoder layers, 12 self-attention heads per layer, and 768 hidden
size; and BERTLARGE with 340M parameters, 24 encoder layers, 16 self-attention
heads per layer, and 1024 hidden size.

The advent of BERT has revolutionized transfer learning in NLP and, since
then, has been used as a first choice among researchers to perform a myriad of
NLP tasks [49]. BERT has been shown to achieve human-level performance and
outperform the previous alternate methods for MRC tasks in various domains
[83–86] and become the first choice for MRC tasks. When performing MRC tasks,
transformer-based PLMs such as BERT are usually employed as feature extractors
which extract feature representations from the input question-context pair. Later,
a single/few simple linear feed-forward neural network layers are added on top of
these PLMs, which works as the MRC module and predicts the first and last tokens
of the answer span [20]. Note that since these PLMs are trainable, they produce
contextual feature representations from the input question-context pairs.

Since 2018, researchers proposed many variants of BERT, considering aspects
such as computational resources, task domains, or limitations in existing
approaches. [44, 45, 83, 87, 88]. The limitation of the MLM task in BERT is
neglecting the dependency between the positions that were masked during
pre-training. This may cause a discrepancy between pre-training and fine-tuning,
hurting performance in the downstream tasks [89]. Fine-tuning is a way of
transferring learned knowledge representations to a new but similar problem. In
this context, we refer to fine-tuning as a process where the parameters of a trained
deep learning model (on a certain dataset for a certain task) are tuned/tweaked to
solve another related task on another dataset [20].

Yang et al. proposed XLNet in [89], which uses an auto-regressive pre-training
method and overcomes this limitation. In addition to the corpora used in BERT,
they used Common Crawl [90], ClueWeb 2012-B [91], and Giga5 [92] for pre-
training. They found that XLNet outperforms BERT on 20 NLP tasks, including
the MRC task [89]. RoBERTa was proposed in [45], which replicated the study of
BERT and improved upon it in hyperparameter settings and training data size. For
pre-training corpora, they used STORIES [93], OPENWEBTEXT [94], and CC-
NEWS [95] in addition to the ones used in BERT. RoBERTa outperformed both
BERT and XLNet in the MRC task. Later, BART was introduced in [88], which

18



performs pre-training of an encoder-decoder architecture by corrupting text and
then learning its reconstruction. They used the same training corpora as BERT.
BART achieved similar performance as RoBERTa in the MRC task.

A smaller PLM DistilBERT [87] was proposed to address the problem of the
computational expense required to pre-train or fine-tune large PLMs. It was
shown that DistilBERT is 60% faster than BERT while being 40% smaller than it.
DistilBERT also retains 97% of the capabilities for natural language understanding
compared to BERT. DistilBERT achieves comparable performance to BERT
in the MRC task. Although the performance of PLMs often improves with
increasing model size, training larger models becomes harder due to computational
constraints. Addressing this issue, Lan et al. proposed ALBERT in [44], which
reduces parameters to reduce memory usage. They pre-trained ALBERT using
the corpora similar to BERT and showed that it outperforms BERT in many NLP
tasks, including MRC. In another work [96], Clark et al. proposed ELECTRA,
which follows an efficient version of the MLM pre-training task – replaced token
detection. While BERT masks some tokens in the input, ELECTRA replaces them
with plausible alternatives. Then, instead of predicting the original tokens, they
trained a discriminative model that predicted whether those tokens were replaced
or not. The authors used similar pre-training corpora as BERT for their primary
implementation of ELECTRA and later extended it to the pre-training corpora
of XLNet. ELECTRA outperforms BERT and achieves comparable performance
to RoBERTa and XLNet in the MRC task. Some other variants of BERT and
GPT that were proposed by researchers for MRC tasks are SqueezeBERT [97],
MobileBERT [98], Longformer [99], DEBERTA [100], and PEGASUS [101]

Very recently, the recognition of the impact of scaling on improving model
capabilities has prompted researchers to develop large language models (LLMs)
[102]. LLMs are pre-trained language models with “tens or hundreds of billions of
parameters” trained on billions or trillions of tokens [102]. Training these LLMs
requires massive computing resources and is sensitive to data quality and training
tricks [103, 104]. Examples of such models are T5 [105], GPT-3 [106], GPT-4 [107],
OPT [108], BLOOM [103], LLaMA [109], Pythia [110], PaLM [111], etc. These
LLMs are trained on a vast amount of publicly available generic texts with the
goal of generalizing among different domains. Therefore, no specific step is taken to
address any specific domain [102]. Given the computational cost, fine-tuning these
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general-purpose LLMs is preferred over pre-training of these LLMs on domain-
specific texts [47, 105]. Nonetheless, fine-tuning these LLMs may still lead to more
expensive inference time compared to the smaller PLMs due to the size of the
LLMs while gaining minimal to no improvement in performance [112]. A rather
cheaper alternative to fine-tuning an LLM is to utilize in-context learning (ICL) –
a learning paradigm in natural language understanding, where LLMs observe some
examples of the task as input, provided through the input prompt and decode them
directly without any update to the model parameters [113].

Researchers have found that using the ICL paradigm, GPT-3 has shown
competing or better performance compared to smaller PLMs on several clinical
tasks, including medication extraction, co-reference resolution, and acronym
disambiguation [114]. Another study has shown that ChatGPT can attain passing
scores on all three steps of the United States Medical Licensing Examination
(USMLE) [115]. However, OpenAI’s data policies restricted the set of tasks that
can evaluate GPT-3’s capability [114]. GPT-3 and its variants, such as ChatGPT,
which can perform as well as or even better than many fine-tuned smaller PLMs,
are typically exclusively accessible via APIs offered by private enterprises like
OpenAI, which may raise additional apprehensions pertaining to security and
the protection of data [116, 117]. As a result, it remains uncertain whether such
performance exhibited by these LLMs without any fine-tuning can be effectively
translated to tasks involving clinical notes. Moreover, these LLMs have a tendency
to hallucinate and generate realistic but false information [118, 119] which, if
not carefully evaluated, can mislead into believing to be true, which may be
especially problematic for applications in the biomedical domain [102]. A recent
thorough comparative study between smaller fine-tuned PLMs and LLMs using
the ICL approach demonstrated the capability of smaller models to achieve better
performance with significantly fewer computational resources [102]. The findings of
their extensive study indicated the importance of smaller PLMs in the biomedical
domain.

This dissertation focuses on improving the performance of comparatively smaller
encoder-based PLMs in the biomedical MRC task.

Domain-specific Transformer-based Pre-trained Language Models The
development of transformer-based pre-trained language models or PLMs has
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enabled us to achieve human-level performance in many NLP tasks, including
MRC [20]. However, one of the issues with applying these models in downstream
tasks, for example, MRC tasks, is the linguistic differences between the pre-training
corpora and the fine-tuning corpora [83, 120]. As explained earlier, the pre-training
corpora of the original BERT model consist of general-purpose English texts.
Despite being the same language, many domains, such as biomedical, academic,
programming, or legal, differ from the colloquial English language on various
linguistic facets, such as lexicon, syntax, semantics, or noise, depending on the
domain [121]. Moreover, fine-tuning PLMs, pre-trained on general-purpose domain
datasets, on domain-specific datasets is often not enough for the PLMs to acquire
enough domain knowledge to achieve the best performance [83, 120].

Keeping that in mind, researchers have proposed domain-specific BERT/BERT-
variant models where they used domain-specific corpora to pre-train either from
scratch [85, 86, 122] or using continual pre-training [123]. Some examples of such
models are Finbert [84] for the finance domain; ALeaseBERT [124] and Legal-bert
[122] for the legal domain; RoBERTa-News [123] for the news domain; Codebert
[85], PLBART [125], Graphcodebert [126], and Cotext [127] for the programming
language domain; Scibert [86] for the academic science domain; and Biobert
[83], ClinicalBERT [120], PubMedBERT [128], BioElectra [129], BlueBERT[130],
BioLinkBERT [131], and BioBART [132] for the biomedical domain.

This dissertation exclusively focuses on the biomedical domain. Natural language
in the biomedical domain differs in many linguistic aspects, including sentence
structure, semantic property, syntactic features, and lexicon uniqueness [83,
133]. As a result, the best-performing PLMs in the general-purpose domain often
struggle to capture the semantics in these domain-specific corpora. Consequently,
they are often unable to match the performance on various downstream biomedical
NLP tasks, for example, relation extraction, named-entity-recognition (NER), and
MRC [83]. PLMs that are pre-trained on corpora from the biomedical domain
alleviate this issue to a great extent [134]. Some common choices of pre-training
corpora among researchers are MIMIC datasets [135] and PubMed abstracts and
PMC full articles (available at: https://www.ncbi.nlm.nih.gov/pmc/). The PLMs
pre-trained on these corpora have reportedly outperformed the original BERT
model or its variants across diverse NLP tasks in the biomedical domain [83, 120,
128, 130].
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2.3.3 Machine Reading Comprehension Datasets
So far, we have seen how domain-specific corpora have been used to improve

transformer-based feature extractors to generate more meaningful representations
of the question-context pairs. However, to perform the downstream NLP tasks,
such as MRC, by reaching the full capacity of any deep learning model, we still
need high-quality, large-scale, task-specific, labeled datasets for fine-tuning, i.e.,
knowledge transfer [136]. In this section, we highlight the existence and availability
of high-quality MRC datasets in various domains, emphasizing the biomedical
domain.

In 2016, Rajpurkar et al., in [21], presented a Stanford Question Answering
Dataset v1.0 (SQuAD) dataset to address the need for high-quality, large-scale
MRC datasets. Before 2016, the available datasets were small-scale and not
targeted to perform MRC tasks. SQuAD, created by crowdworkers, consists of
107,785 question-answer pairs with 536 unique contexts taken from Wikipedia
articles (available at: https://en.wikipedia.org/wiki/). Following SQuAD, Trischler
et al., in [137], presented NewsQA, a large-scale MRC dataset built using news
articles from CNN, consisting of 119,633 questions posed by crowdworkers and
12,744 unique contexts. Another dataset TriviaQA was presented in [22], consisting
of 662,659 samples with 95,956 question-answer pairs. Some other large-scale
datasets that followed SQuAD include: QuAC [138], HotpotQA [139], and DROP
[140] on Wikipedia articles; AmazonQA [141] on Amazon reviews; ROPES [142] on
science textbooks and Wikipedia articles; MS MARCO [143] on Bing’s web search
query logs; Natural Questions (NQ) [144] on queries from Google search engine
and Wikipedia articles; SpaceQA [145] on Concurrent Design Facility report; and
CoQA [146] on 8000 conversations between crowdworkers about text passages from
children’s stories, CNN news articles, project Gutenberg literature, Wikipedia and
Reddit articles, middle and high school English exams, and science articles.

While the MRC capability of NN-based models has increased to a great extent
by these large-scale annotated datasets, this capability still lacks domain-specific
understanding of biomedical corpora such as clinical notes or biomedical literature
[83, 120, 128]. To mitigate this issue, researchers have presented several datasets in
the biomedical domain.
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Figure 2-3. Sub-domains in biomedical machine reading
comprehension tasks according to the classification presented in [10].
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According to [10], based on the content, to date, there exist four types of
biomedical MRC datasets1 (Figure 2-3): clinical notes, scientific biomedical
literature, medical examination, and consumer health.

The BioASQ dataset [27] focuses on addressing the challenge of extracting
valuable knowledge from biomedical literature with minimal effort. However, the
latest BioASQ dataset has only 4719 question-answer pairs on various PubMed
abstracts [27], despite being the largest MRC dataset on biomedical scholarly
articles annotated by subject-matter experts (SMEs) [10]. COVID-QA [147],
CovidQA [148], and CoQUAD [149] are three additional biomedical MRC datasets
on the scientific literature on COVID-19. COVID-QA and CoQUAD consist of
2019 and 150 question-answer pairs, respectively, while CovidQA comprises 124
question-article pairs. These datasets were meticulously annotated by volunteer
SMEs using COVID-19-related scientific articles as contexts to provide accurate
and reliable labels in the datasets. SleepQA dataset, on the other hand, consists of
5000 samples annotated from 527 sleep health-related articles [150].

In [151], Pampari et al. presented emrQA, a biomedical dataset on unstructured
electronic medical records, with templated patient-specific questions that healthcare
providers might ask. emrQA has 455,837 question-answer pairs, automatically
generated from 2,425 unique clinical notes. However, despite being a large-scale
dataset for the clinical notes sub-domain, since emrQA consists of auto-generated
samples instead of domain-expert annotations, the samples often suffer from lack of
diversity, unanswerable questions, and incompleteness in the answers [152] Another
large-scale dataset concerning clinical case reports is CliCR [153]. However, this
dataset focuses on the cloze-style MRC problem rather than span prediction.
Some other large-scale cloze-style biomedical MRC datasets are BioREAD [154]
and BioMRC [155]. DrugEHRQA dataset [156], on the other hand, includes
medication-related queries consisting of question-answer pairs from structured and
unstructured electronic health records (EHRs). Another dataset RadQA consists of
6148 samples annotated from 1009 radiology reports [157].

One other aspect of biomedical MRC tasks is consumer health, where questions
are usually raised by the general public regarding various health conditions. In
[158], Savery et al. presented an extractive and abstractive summarization dataset

1sub-domains or problem domains in the biomedical domain
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MEDIQA-AnS – an extension of the task and dataset presented in MEDIQA-QA –
for the consumer health MRC task [159]. MEDIQA-QA was built based on medical
queries posed by the general public to the consumer health QA system CHiQA
[160]. The answers in the extractive summarization MRC dataset were formed by
extracting a single contiguous text span, or an accumulation of multiple detached
text spans from the context. MASH-QA [161] is another consumer health MRC
dataset with multiple answer spans curated from health articles.

Some other question-answering datasets are MedQuAD [162] and HealthQA
[163] on consumer health, MIMICSQL [164] on SQL queries for a medical records
database, and multi-choice HEAD-QA [165] on medical examination. PubMedQA
dataset [166] is another large-scale biomedical dataset, consisting of 211.3k
artificially generated, 1k expert-annotated, 61.2k unlabeled question-answer pairs.
PubMedQA attempts to solve the problem of yes/no/maybe questions which are
targeted to summarize the conclusion of PubMed abstracts.

Despite the increasing availability of MRC datasets in recent years, there are still
a lot of areas in the biomedical domain where the applications of MRC can prove
to be helpful. Among them is using MRC to interpret clinical practice guidelines at
the point of care and extract information from clinical notes on injection drug use
(IDU).

Moreover, due to expensive domain expertise, most of these datasets tend
to be smaller in scale, and researchers have discovered that relying solely on
these biomedical MRC datasets for fine-tuning PLMs does not yield performance
comparable to that of general-purpose domains like news or Wikipedia [53, 167].
As a solution, they have adopted transfer learning, which involves transferring
knowledge to the target biomedical domain from a high-resource source domain,
focusing on the relevant information for MRC tasks.

2.3.4 Transfer Learning
The concept of transfer learning refers to the learning process that facilitates

transferring of knowledge acquired from an extensively-explored domain or task,
referred to as the source domain or task, to a new unexplored or under-explored
domain or task, referred to as the target domain or task [24]. Following the
definitions in [24], a domain D can be defined as a tuple as follows: (X , p(X)).
In this context, X refers to the feature space, X ∈ X denotes the data samples,
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and p(X) refers to the marginal probability distribution of X. A task T , on the
other hand, can be defined as the following tuple of label space Y for D and the
predictor function F(.) [24]: (Y ,F(.)). F(.) is learned from the training samples
(X ∈ X , Y ∈ Y), and corresponds to the conditional probability distribution
p(Y ∈ Y|X ∈ X ). Therefore, we can express T as (Y , p(Y |X)).

Usually, in NLP, there can be several cases [24] where we can apply transfer
learning (Figure 2-4):

(i) Case I: The target and source domains have distinct feature spaces, i.e., Xt 6= Xs. For
example, multi-lingual feature spaces.

(ii) Case II: The target and source domains have distinct marginal probability
distributions, i.e., p(Xt ∈ Xt) 6= p(Xs ∈ Xs). For example, despite sharing the
same language, the topics in both domains are dissimilar. The differences in
topics between two domains can occur when some words are used in one
domain more than others because some words have a stronger relationship
with the domain topic. Figure 2-5a shows that two domains have the same
distribution of features for the samples if they have similar topic distributions.
On the other hand, Figure 2-5b shows two different domains with different
distributions of features for the samples resulting from different topic
distributions.

(iii) Case III: The target and source domains have distinct label spaces, i.e., Yt 6= Ys – for
example, binary and multi-class classification tasks.

(iv) Case IV: The target and source domains have distinct label distributions, i.e., p(Yt ∈
Yt|Xt) 6= p(Ys ∈ Ys|Xs). For example, a source domain could have 100
positive samples, whereas the target domain has 10 positive samples.

The unavailability of high-quality, large-scale labeled data in the biomedical
domain is often an obstruction for models to fully achieve their full potential
performance. As a result, researchers have resorted to Case II of transfer learning
to enhance models’ generalizability to the target tasks in the biomedical domain,
using obtained knowledge from both low-resource target biomedical domain Dt and
high-resource source domain Ds – which is also the focus of this dissertation.
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Figure 2-4. Different cases for transfer learning according to the classification presented in [24].



The learning paradigms of transfer learning can be classified into three primary
categories [24]: (i) Inductive, (ii) Unsupervised, and (iii) Transductive.

(i) Inductive transfer learning: In this learning paradigm, the target and
source tasks differ, whereas their domains can be dissimilar or similar. It
requires the target domain to have labeled data for inducing an objective
predictor function Ft(.) = p(Yt|Xt) to be used in the target task. According to
[24], inductive transfer learning can be defined as follows: Given Dt, Ds and
Tt, Ts, the aim here is to improve the learning of Ft(.) for Dt, by leveraging
knowledge acquired from Ds and Ts, where Tt 6= Ts. Here, Dt is the target
domain, and Tt is the associated learning task. Ds is the source domain, and
Ts is the associated learning task. Based on different scenarios regarding the
availability of labeled data in the source domain, inductive transfer learning
can be sub-divided into two cases:

Case I: The source domain has a labeled dataset that is large-scale and
of high quality. This case leads to the multi-task learning setting, which
seeks to facilitate knowledge transfer from the source domain by trying to
learn the target and source domain tasks simultaneously to achieve high
performance in the target task. One alternative approach to multi-task
learning is sequential transfer learning. In this setting, a model is trained
individually and sequentially on the source and target domain tasks, aiming
to achieve the same objective as the multi-task learning setting. Sequential
learning is chosen over multi-task learning in the following circumstances:
(i) labeled data for both target and source domains are not simultaneously
available, (ii) the source domain has too large a dataset in comparison with
the target domain inducing data imbalance issue and hurting the performance
in the target task. Nevertheless, the ‘catastrophic forgetting’ phenomenon
is one of the major concerns when opting for sequential transfer learning
instead of multi-task learning. This phenomenon refers to the fact that deep
NN-based models trained on a source-domain dataset tend to ‘forget’ learned
knowledge representations when further trained on the target domain dataset.
Consequently, this phenomenon results in a significant drop in the source
domain’s performance.

Case II: Labeled data in the source domain is unavailable. This case leads to
the self-taught learning setting, where a representation is learned using only
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(a)Domains with similar topic distributions

(b)Domains with different topic distributions

Figure 2-5. Two-dimensional visualizations of vector representations
and the distributions of the features for the samples from two
domains with (a) similar and (b) different topic distributions.
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unlabeled source domain data and later applied to the labeled target domain
data [168].

(ii) Unsupervised transfer learning: In this learning paradigm, both target
domain and source domain data used for training are unlabeled, while
their corresponding tasks are different but related. This setting focuses on
solving unsupervised target domain learning tasks such as clustering or
dimensionality reduction [169, 170]. According to [24], unsupervised transfer
learning can be defined in the following manner: Given Dt, Ds and Tt, Ts, the
aim here is to improve the learning of Ft(.) for Dt, by leveraging knowledge
acquired from Ds and Ts, where Tt 6= Ts. Here, Dt is the target domain,
and Tt is the associated learning task. Ds is the source domain, and Ts is
the associated learning task. Given target domain label space Yt and source
domain label space Ys, unsupervised transfer learning assumes that Yt and Ys

are not observable.

(iii) Transductive transfer learning: Within the paradigm of transductive
learning, the target and source domains differ, whereas their corresponding
tasks are identical. Furthermore, in the given scenario, the source domain
constitutes a large amount of labeled data, while the target domain lacks
labeled data. According to the definition in [24], we can describe transductive
transfer learning as follows: Given Dt, Ds and Tt, Ts, the aim here is to
improve the learning of Ft(.) for Dt, by leveraging knowledge acquired from
Ts and Ds, where Tt = Ts but Dt 6= Ds. Here, Dt is the target domain,
and Tt is the associated learning task. Ds is the source domain, and Ts is the
associated learning task. Depending on different scenarios, the transductive
transfer learning paradigm can be sub-divided into two cases:

Case I: The target and source domains have distinct feature spaces, which
leads to cross-lingual learning or adaptation.

Case II: The target domain and source domain marginal probability
distributions are dissimilar, despite their identical feature spaces. This case
arises when the two domains have distinct topics, such as ours. It is otherwise
known as domain adaptation [24].

Machine learning models require data for training and inference – training
data and test data – where it is typically assumed that the data used for
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training and testing are “independent and identically distributed” (i.i.d.)
[121, 171]. Nonetheless, many practical applications in the real world
necessitate the application of machine learning models to datasets exhibiting
distributions different from those encountered during the training stage.
Typically, this scenario arises when our aim is to achieve satisfactory model
performance in a domain that lacks or has a limited amount of labeled data,
and we can leverage a somewhat related domain that has an adequate number
of training samples. However, when this happens, often due to distributional
discrepancies between domains, the domain introduced at the test time suffers
from performance degradation in machine learning models. This issue is
tackled by domain adaptation. Domain adaptation is a learning technique
with the objective of increasing the generalization capability of machine
learning models so that they can attain comparable performance in the
domains that have either unlabeled or very limited labeled data [172, 173].
For increasing generalization capability, domain adaptation mainly utilizes
target domain data with few or no labels and a substantial amount of source
domain data with labels. In NLP, various efforts have been put forth in
developing various domain adaptation methods such as data selection and
representation learning [24].

Data selection Researchers have found that all source domain instances
are not equally beneficial for training a system that would yield the best
performance in the target domain [174, 175]. One solution is to apply
automated data selection techniques to choose the samples from the source
domain that closely resemble the samples from the target domain. Thus,
properly implementing data selection techniques relies primarily on two
components: an instance representation and a similarity metric. Plank and
Noord in [176] used character tetragrams, relative frequencies of words, and
topic models as instance representations. For the similarity metrics, they
experimented with both ‘probabilistically-motivated’ and ‘geometrically-
motivated’ distance functions – Jensen-Shannon divergence, Kullback-Leibler
(KL) divergence, cosine distance, euclidean distance, and Manhattan distance
functions. For instance representations, researchers also used pre-trained
word embeddings [177, 178], sentence embeddings [179–181], and autoencoder
representations [172, 182].
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Representation learning Another way to implement domain adaptation
is representation learning. Its objective is to learn a function facilitating
adaptation from the distribution of training data to the distribution of test
data by projecting the samples from two domains into a common latent
space. In [172], Glorot et al. introduced a method that learns a common
representation by training a shared stacked denoising autoencoder that
can reconstruct noisy source domain and target domain texts. The stacked
denoising autoencoder was used for domain adaptation in other studies as
well [183, 184]. These approaches implicitly reduce the distance between the
source and target instance representations by using the same model for text
reconstruction. Further improvements in the approaches for representation
learning – representation distance minimization [182, 185] and adversarial
learning [186] – explicitly enforce the overlap between two domains in the
latent spaces and are more efficient.

Representation distance minimization focuses on explicitly minimizing the
distance between the target and source instance representations in the latent
space. To diminish this distance, the researchers in [185, 187, 188] used
maximum mean discrepancy, whereas the authors in [182] used KL divergence
to achieve the same objective.

Another domain adaptation approach was introduced in [173]. This approach
employs adversarial learning for domain adaptation. It uses an encoder
followed by a domain classifier that can predict the domain from the latent
representations of the target and source samples. This approach reverses
the gradients of the domain classifier when back-propagated to the encoder
– a technique that encourages the encoder to learn representations that
can confuse the domain classifier into misidentifying the domains. The
adversarial learning approach has been shown to effectively reduce the
discrepancy between the distributions of the target and source-domain
samples [173, 189]. However, similar to the learning of GAN, adversarial
learning makes the training procedure unstable [190, 191]. Researchers have
used various approaches, such as minimizing the Kantorovich–Rubinstein
metric (the Wasserstein/Earth mover’s distance) between target and source
domain distributions, to solve this issue and make the learning process more
stable [192]. While the above representation learning techniques for domain
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adaptation focus on minimizing the distance between two domains by learning
the mapping of domain-invariant features, another school of research focuses
on individual properties of each domain as well as the domain-invariant ones
[193, 194]. They identified that, in performing the task, some individual
domain-specific properties may play a vital role. An example of this can be
provided using clinical notes. The word ‘negative’ often means a positive
outcome of a test result for a patient, whereas generally, in movie reviews,
the same word usually bears its literal meaning. Here, domain-invariant
refers to the fact that the instance representations from the target and source
domains exhibit higher proximity in the latent embedding space. In [193],
Bousmalis et al. partitioned the latent space for feature representations
into two components – shared domain-invariant space that can be obtained
by the representation learning techniques mentioned above and private
domain-specific space that is orthogonal to the shared space, preserving the
information unique to the respective domains.

Transfer learning in biomedical MRC Researchers have applied transfer
learning techniques to many NLP tasks, for example, neural machine translation
[195], speech recognition [196], sentiment classification [172], and named entity
recognition (NER) [197]. Compared to these tasks, applying transfer learning to
the MRC task requires handling an additional challenge. Other NLP tasks usually
deal with datasets consisting of a single label per sample, e.g., a sentiment per
review in a sentiment classification dataset and a translation per text in a machine
translation dataset. However, for the MRC task, in an MRC dataset, we consider
the questions as a part of the labels in addition to the answers as the labels.
Therefore, during transfer learning, along with the missing answers in the target
domain, we must also deal with the missing questions. To tackle this challenge,
over the past few years, a variety of methods have been suggested by researchers
to generate synthetic labels using unlabeled contexts, such as using conditional
probability, inside–outside–beginning (IOB) tagger, and Bi-LSTM [25]; NER and
Bi-LSTM [26]; seq2seq model with an attention mechanism [198–213]; pre-trained
language models [214]; and variational autoencoder (VAE) [215–217]. Researchers
have also used the roundtrip consistency algorithm (RTC) [218], reinforcement
learning [219], and self-training [220] for synthetic question-answer generation.
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Synthetic or pseudo labels refer to machine-generated labels. Only a few of these
works focused on the biomedical domain [198, 213, 214, 216, 217].

However, while it is crucial to generate synthetic labels to save domain experts’
valuable effort and time, the computational expense required to generate these
synthetic data should also be counted. Moreover, these question-answer generation
techniques focus on one sub-domain of the biomedical domain at a time, lacking
generalization to other sub-domains and often over-fitting on specific datasets [198,
221]. Hence, our research endeavors to avoid developing yet another synthetic
question-answer generator limited to a specific biomedical sub-domain. Instead,
we aim to extend the applicability of biomedical MRC tasks through the process
of transfer learning. Primarily, we concentrate on leveraging adversarial learning-
based domain adaptation technique [173] to tackle the challenge of scarce labeled
data within the target biomedical domain. In a similar vein, a previous study
[26] employed adversarial learning for domain adaptation while incorporating
synthetic question-answer pairs. Although the domain adaptation approach was
demonstrated to improve performance in more general domains like news, movie
reviews, web search, and Wikipedia [26], its effectiveness within the biomedical
domain remains to be determined.

In the rest of the section, we comprehensively review existing literature on
transfer learning in biomedical MRC. Based on the publicly available resources, we
examine the related works along two key dimensions: (i) the utilization of labeled
target and labeled source domains and (ii) the utilization of unlabeled target and
labeled source domains.

With the emergence of the BioASQ dataset, researchers in the biomedical
domain have shown significant interest in transfer learning [10]. Typically,
researchers tend to focus on transfer learning by sequential fine-tuning [53, 167,
222–227]. In this setting, MRC models are sequentially trained on a large-scale
labeled source domain (typically general-purpose domain) dataset and a small-scale
labeled target biomedical domain dataset. Wiese et al., in [222], trained the
FastQA model sequentially on SQuAD and BioASQ and achieved state-of-the-art
performance in the BioASQ test set. They also addressed the catastrophic
forgetting phenomenon using an additional forgetting cost regularizer and an l2
weight regularizer. The effect of catastrophic forgetting was explored in more detail
in [228]. Another study used SQuAD and BioASQ as source domains and
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COVID-QA as the target domain for sequential fine-tuning of the RoBERTa model
[229]. A similar study with COVID-QA used only SQuAD as the source-domain
dataset to sequentially fine-tune the BERT model [230]. In [231], Hu et al.
proposed a new MRC model that employs dynamic routing and answer voting
along with sequential transfer learning with SQuAD and BioASQ.

A Hierarchical Question-Aware Context Learning (HQACL) model was
introduced in [232], which incorporates a multi-level attention mechanism to
improve the ability of language representation and a data augmentation technique
to inflate the SQuAD training set. HQACL uses sequential transfer learning with
two source domains and one target domain dataset. It uses SQuAD and CoQA as
the source, and for the target, it uses BioASQ. In another study [233], Du et al.
used a hierarchical multi-layer transfer learning model for knowledge transfer to
BioASQ from SQuAD using sequential training and a forgetting cost regularizer to
handle catastrophic forgetting. In a recent study, the BioBERT model with a novel
self-attention enriching mechanism was sequentially fine-tuned on SQuAD and
BioASQ datasets to achieve better performance on BioASQ [234]. In this model,
the self-attention enriching mechanism integrated named and biomedical entity
information, derived from the context and question, into the BioBERT model to
enhance its self-attention layer. In [235], Soni and Roberts explored the impact of
different sequences of fine-tuning datasets during sequential learning on the
performance of biomedical MRC involving clinical notes. They separately
fine-tuned four PLMs using multiple combinations of SQuAD, CliCR, and emrQA
datasets. To assess the effectiveness of the fine-tuned models, the authors employed
held-out test sets from the emrQA and CliCR datasets.

Researchers not only applied the transfer learning approach using pre-trained
language models to accomplish knowledge transfer from the MRC task leveraging
large-scale MRC datasets but also extended this approach to transfer the knowledge
of the natural language inference task to the biomedical MRC task [167, 236, 237].
They fine-tuned the transformer models on the natural language inference task
before fine-tuning them on the MRC task.

Although researchers have made efforts to tackle the task of utilizing small
labeled datasets in the target domain, the focus on scenarios with very few or
absent labeled data in MRC has been limited [25, 26]. Moreover, there has been
even less emphasis on addressing this issue within the biomedical domain [238, 239].
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Considering the gaps mentioned above, although this dissertation primarily focuses
on biomedical MRC, we also review some highly pertinent literature from the non-
biomedical domain.

Golub et al., in [25], proposed a novel two-stage synthesis network (SynNet) to
transfer knowledge from a high-resource labeled domain to a low-resource domain
where no labeled data is available. They used an answer synthesis module and a
question synthesis module to generate synthetic question-answer pairs. They used
a Bi-LSTM model as an IOB tagger for the answer synthesis module, predicting
whether each word in the context is an answer. The question synthesis module used
an encoder-decoder network with attention, a Bi-LSTM network, and an LSTM
decoder. As the MRC module, they used a BiDAF model. They evaluated their
framework on SQuAD and NewsQA datasets by alternatively using them as source
and target domains.

Wang et al., in [26], extended SynNet to achieve effective domain adaptation by
implementing adversarial learning to learn transferable domain-invariant features.
Their framework, Adversarial Domain Adaptation for MRC (AdaMRC), uses
source domain data with manually-generated labels and target domain data with
synthetically-generated labels to train an MRC model and a domain classifier in
the adversarial setting. As the answer synthesis module, the authors used an NER
system to identify possible answer spans. As the question generation module, they
used a sequence-to-sequence model equipped with a BiLSTM encoder, an attention
mechanism, and an LSTM decoder. For the MRC model, they experimented with
SAN, BiDAF, BERT, and ELMo models. The authors evaluated their framework
by alternatively using SQuAD, NewsQA, and MS MARCO as source and target
domains.

Cao et al., in [240], introduced Conditional Adversarial Self-training (CASe),
another domain adaptation framework focusing on non-biomedical domains. This
framework tackles the challenge of utilizing partially labeled target domain data
consisting of questions only. It incorporates the fine-tuning of a BERT model on
the labeled source-domain dataset, followed by self-training with pseudo answers for
the target domain and conditional adversarial learning. To assess the effectiveness
of their approach, the authors evaluated CASe on multiple datasets, including
SQuAD, CNN/Daily Mail [74], NewsQA, CoQA, and DROP.
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Some relatively recent studies in late 2022 have also used adversarial learning-
based domain adaptation [241, 242]. In [241], Bai et al. proposed a model named
Indirect Domain Adaptive Multi-Task Transformer (Indirect DAMT), which
uses adversarial learning along with MLM and NSP with source and target
domain contexts. They used SQuAD, NewsQA, and ReviewRC [243] datasets
for transfer learning. In another study [242], Wu and Xu proposed a multi-task
learning approach TrustMRC, where pseudo answers for the partially unlabeled
(consisting of only questions) target domain data are obtained by training an MRC
model on the source-domain dataset. A conditional calibration strategy was then
introduced to estimate the predictive uncertainty of these answers and increase
the reliability of the confidence in the predicted answers by adding calibration
loss constraint. A conditional adversarial learning strategy was also incorporated.
This strategy considers the uncertainty mismatches for source and target domain
feature representations by integrating Maximum Mean Discrepancy (MMD) as
the uncertainty-aware constraint in the domain classifier. The authors evaluated
their approach by alternatively using SQuAD, NewsQA, and NQ as the target and
source domains.

In [244], a simple zero-shot method was proposed to facilitate transfer learning
from the source domain to the unlabeled target domain. This method employed
several base models with similar structures but separate training datasets with an
accuracy-based weight ensemble technique. The training of these models required
no target domain data. This method was evaluated on four target domain datasets,
one of which is BioASQ. Dhingra et al., in [245], used transfer learning with limited
labeled data in multiple target domains, one of which is the biomedical domain.
As the dataset for the source domain, they used two large-scale cloze-style MRC
datasets built from Wikipedia articles and PubMed articles, respectively. They
experimented with two MRC models: GA Reader [71] and BiDAF + Self-Attention
(SA) [246]. They used a small set of labeled samples from the SQuAD, TriviaQA,
and BioASQ datasets as the target domain datasets.

Nishida et al. proposed a multi-task transfer learning approach in [238]. This
approach performs the language modeling and MRC tasks simultaneously. Their
methodology entails adapting the BERT model to the target domain through
language modeling on the unlabeled target domain contexts, followed by fine-
tuning the model using the labeled source-domain dataset. The effectiveness of

37



their approach was assessed by conducting experiments on various datasets. The
source-domain datasets employed for validation include SQuAD and NewsQA,
whereas the target domain datasets consist of BioASQ, DuoRC [247], and NQ.
Xu et al., in [248], also used a multi-task learning framework and validated their
framework on four datasets – SQuAD, NewsQA, MS MARCO, and Who-Did-
What. Another work used unlabeled target domain (BioASQ) and labeled source
domain (SQuAD) data for transfer learning with BioBERT and SciBERT [239].
They used a named entity extractor to identify possible answers from the contexts.
For synthetic questions, they generated cloze-style questions using a denoising
approach that focused on learning about entity mentions in the contexts by finding
incorrect entity mentions in a corrupted context.

It is evident that although some research endeavors in MRC have focused on
transferring knowledge representations from domains with abundant resources to
those with limited resources, the exploration of learning domain-invariant feature
representations has been quite limited. Furthermore, the biomedical domain
remains largely unexplored in this particular context.
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CHAPTER 3

BIOADAPT-MRC: ADVERSARIAL
LEARNING-BASED DOMAIN ADAPTATION
FRAMEWORK FOR BIOMEDICAL MACHINE
READING COMPREHENSION

Much of the content in this chapter is taken without alteration from the published
article M. Mahbub, S. Srinivasan, E. Begoli, and G. D. Peterson,
“BioADAPT-MRC: Adversarial Learning-based Domain Adaptation
Improves Biomedical Machine Reading Comprehension Task,”
Bioinformatics, Jul. 2022, btac508, issn: 1367-4803. [249] by Maria
Mahbub, Sudarshan Srinivasan, Edmon Begoli, and Gregory D Peterson. For
permission to reuse this material, please visit
http:// global.oup.com/ academic/ rights. The authors’ contributions to the published
article are as follows: MM conceptualized and designed the study, pre-processed
data, implemented methodology, performed experiments, analyzed results, and wrote
the article with comments and reviews from SS, EB, and GDP. EB and GDP
supervised the primary author.

In this chapter, we present BioADAPT-MRC, a transfer learning framework
that focuses on learning domain-invariant feature representations to achieve high
performance in the biomedical machine reading comprehension (MRC) task.
BioADAPT-MRC stands for Adversarial learning-based Domain adAPTation
framework for Bio-medical Machine Reading Comprehension. Domain-invariant
features imply that the feature representations extracted from the source- and
the target-domain samples are closer in the feature embedding space. We start
the chapter with a brief overview of the motivation behind the framework,
followed by a formal problem definition. We then provide a detailed description
of BioADAPT-MRC and report the outcomes of extensive validations of the
framework for performing biomedical MRC tasks on three commonly used and
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publicly available benchmark datasets—–BioASQ-7b, BioASQ-8b, and BioASQ-
9b. Finally, we end the chapter with a thorough error analysis of the approach
to identify its strengths and weaknesses. To facilitate reproducibility, we make
the BioADAPT-MRC framework freely available as an open-source project at
https://github.com/mmahbub/BioADAPT-MRC.

3.1 Motivation
As explained in Chapter 2, the availability of large-scale, high-quality annotated

datasets plays a crucial role in unleashing the full potential of state-of-the-art
MRC models that employ deep neural networks, enabling them to excel in the
MRC task and achieve high performance. Building such datasets in the biomedical
domain is challenging as it requires domain knowledge from (subject-matter
experts) SMEs, which is expensive to manage. Therefore, the issue posed by
labeled-data insufficiency in a new or less-explored biomedical problem domain still
needs to be tackled. To resolve this issue, we use transfer learning that transmits
knowledge from a widely-explored source domain with labeled samples to the
target biomedical domain with unlabeled or few labeled samples. Nonetheless,
as elaborated in Chapter 2, the samples in the source and target domains are
often not i.i.d. due to the variances in the topics between the domains. According
to the assumptions of machine/deep learning, this phenomenon results in the
discrepancy in marginal distributions between the domains. As a result, when
we try to apply transfer learning with direct transferring, i.e., transmitting the
feature representations learned by a model (from being trained on a source domain)
directly to the biomedical domain, it often degrades the performance of the model
[173].

Our framework, BioADAPT-MRC, attempts to solve this issue by
computationally reducing the distributional dissimilarity. It uses adversarial
learning to generate domain-invariant feature representations for better domain
adaptation in biomedical MRC models. In the BioADAPT-MRC framework, we
train two adversaries – feature extractor and discriminator – jointly against one
another with labeled data from the source domain and unlabeled data from the
target domain. In that way, BioADAPT-MRC attempts to generate feature
representations that are discriminative from the viewpoint of the MRC task in the
source domain and indiscriminative from the perspective of the shift in the
marginal distributions between the source and target domains [173]. Thus, it
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relaxes the need for generating labels for training a well-performing MRC model for
a new biomedical/clinical problem domain and the need for expensive domain
expertise for data annotations.

It is worth noting that some recent domain adaptation techniques for the MRC
task concentrate on generating artificial question-answer pairs to augment the
training dataset, as observed in studies like [25, 26]. However, our approach
exclusively relies on the unlabeled contexts from the target domain. This aspect
makes our framework more appropriate in scenarios where obtaining annotated
data is challenging and generating synthetic question-answer pairs is
computationally demanding and necessitates domain experts’ further assessment.

We validate BioADAPT-MRC on three benchmark datasets from the BioASQ
[27], built from PubMed articles and commonly used for biomedical question-
answering. We employed the recommended evaluation metrics by BioASQ to
validate our approach. Our experimental results show that BioADAPT-MRC
can achieve state-of-the-art performance on these datasets, even without any
labeled data from the biomedical domain, whether synthetic or human-annotated.
To further assess the domain adaptation capability of our approach, we utilize
clustering and dimensionality reduction techniques. Moreover, we extend our
framework to a semi-supervised scenario and assess its performance with varying
ratios of labeled target-domain data. Lastly, we conduct a comprehensive error
analysis of our proposed framework to demonstrate its strengths and limitations.

3.2 Material & Methods
This section discusses the problem formulation and the BioADAPT-MRC

framework (Figure 3-1), which consists of three primary components: feature
extractor, domain similarity discriminator, and MRC-module.

3.2.1 Problem Definition
We assume that there exists an unlabeled biomedical problem domain (i.e.,

target domain), denoted as Dt, and a labeled source domain, denoted as Ds, each
associated with their own learning tasks, Tt and Ts, respectively. We assume that
the tasks are equivalent, i.e., Tt = Ts, but the domains are distinct because the
marginal probability distribution of the target domain, p(Xt ∈ X ), is not the same
as that of the source domain, p(Xs ∈ X ).
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Figure 3-1. BioADAPT-MRC: an adversarial learning-based domain adaptation framework for
biomedical machine reading comprehension task. The framework has three main components:

(i) feature extractor MF , (ii) MRC-module MQ, and (iii) domain similarity discriminator
D. (©The Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)



Here, p(.) denotes the marginal probability distribution, and Xt and Xs are
learning samples from the target and source domains, correspondingly. The
differences in p(Xs) and p(Xt) are attributed to dissimilarities in the topics and
hence, the word distributions of the learning samples between the two domains,
despite both domains using the same language.

In this work, we designate a general-purpose domain (such as Wikipedia articles)
as the source domain, which contains distinct topics from the biomedical problem
domains (such as biomedical scholarly articles). As a result, we postulate that
p(Xt) 6= p(Xs). The task for both domains is MRC (i.e., Tt = Ts).

Given a question Q = {q1, q2, ..., qn} and a context C = {c1, c2, ..., cm}, MRC
predicts the start and end positions astart and aend, respectively, of the answer span
A = {ci}a

end

astart in C such that there exists one and only one answer span consisting
of continuous tokens in the context. Here, qi denotes the ith token in the question,
ci denotes the ith token in the context, and n, m respectively denote the number of
tokens in Q and C.

3.2.2 BioADAPT-MRC
The proposed BioADAPT-MRC framework accepts the labeled and unlabeled

instances, respectively, from the source and target domains and endeavors to
accomplish two primary objectives, namely (i) the prediction of answer spans
from the provided contexts, and (ii) the mitigation of the differences in marginal
distributions between the inputs from the source and target domains by generating
domain-invariant features. BioADAPT-MRC consists of three primary components,
illustrated in Figure 3-1.

• Feature extractor takes a sequence of text as input. It then transforms the
text sequence into a continuous vector representation with high
dimensionality.

• MRC-module receives the output of the feature extractor, which is the vector
representation of the input sample from either the source domain (during
training) or the target domain (during testing) as input. It then predicts the
start and end positions of the answer span A within C using the input vector
representation.
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• Domain similarity discriminator receives the vector representations (the
outputs of the feature extractor) of the samples from the source and target
domains. It then learns to differentiate between source and target-domain
representations. The goal of the discriminator is to encourage the feature
extractor to generate domain-invariant vector representations.

3.2.2.1 Feature Extractor
The feature extractor MF (.) maps the extracted feature representation fi for the

ith input sample Xi from either Ds or Dt into a shared feature space F :

fi =MF (Xi), Xi ∈ Ds ∪ Dt (3.1)

As explained in Chapter 2, the encoders in the state-of-the-art PLMs are the
first choice among researchers to use as trainable feature extractors in many
downstream NLP tasks due to their unmatched performance. The feature extractor
used in our work is the encoder of the PLM BioELECTRA [129]. We opted for
BioELECTRA for the following reason: at the time of this work, it achieved
the highest performance scores in various biomedical NLP tasks compared to
other existing biomedical domain-specific BERT models such as BioBERT [83],
SciBERT [86], and PubMedBERT [128] – according to the Biomedical Language
Understanding and Reasoning Benchmark (BLURB) [128].

The vector representations produced by the BioELECTRA encoder are high-
dimensional trainable word embeddings that are dependent on the surrounding
contexts and extracted from the input question-context pairs. The BioELECTRA
encoder generates these word embeddings by utilizing the WordPiece tokenization
algorithm [250] and the architecture from the ELECTRA encoder—a transformer-
based deep neural network which is also a variant of the BERT model [96]. The
ELECTRA encoder model has 12 layers, with a hidden size of 768, 3072 for the
feed-forward network (FFN) inner hidden size and 12 attention heads per layer.
Although BioELECTRA uses the architecture of the ELECTRA model, it is pre-
trained on a biomedical corpus with 3.2 million full-text articles from PubMed
Central and 22 million abstracts from PubMed, making it more suitable for
biomedical NLP tasks. The pre-training task involves predicting replaced tokens.
Its vocabulary consists of 30522 words, and the maximum number of tokens that
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can be used per input is 512, with each token having an embedding dimension of
768.

The final tokenized input to the BioELECTRA encoder model for each question-
context pair consists of {[CLS], Q, [SEP ], C, [SEP ]}, where Q and C are tokens
from the question and context respectively. The special token [CLS] represents
an accumulated representation of the input sequence [20] and is utilized for
classification tasks, while [SEP ] is used to separate consecutive sequences. It
should be noted that in the absence of labels in the target domain samples, the
special token [MASK] is used in place of the question tokens Q to maintain
consistency in the structure of the tokenized samples. The [MASK] token ensures
that the model understands the absence of the question tokens.

3.2.2.2 MRC-module
To implement the MRC-module MQ(.), we incorporate a simple fully-connected

neural network layer with a hidden size H of 768 above the feature extractor MF (.).
We utilize the softmax activation function, as outlined in Equation 3.2, to generate
probability distributions for the positions of start and end tokens in the answer
spans.

pstartl =
exp(W start · hl)∑nseq

k=1 exp
W start·hk

; pendl =
exp(W end · hl)∑nseq

k=1 exp
W end·hk

(3.2)

Here, pstartl and pendl are the probabilities of the lth token to be predicted as start
and end respectively, hl ∈ RH is the hidden representation vector of the lth

token, W start ∈ RH and W end ∈ RH are two trainable weight matrices, nseq

is the input sequence length. We use the cross-entropy loss LQ on the predicted
answer positions as the objective function for the MQ. Since for each answer span
prediction, we get two predicted outputs for the start and end positions; we average
the total cross-entropy loss as shown in Equation 3.3.

LQ = −1

2
(logpstartystart + logpendyend) (3.3)

Here the golden answer’s start and end token positions are represented by ystart

and yend, respectively. During the test phase, the predicted answer span is selected
based on the positions of the highest probabilities from pstartk∈[1,nseq ]

and pendk∈[1,nseq ]
.
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3.2.2.3 Domain Similarity Discriminator
The domain similarity discriminator D(.) addresses the domain variance between

two domains (caused by the discrepancies in the marginal probability distributions)
as follows: In the adversarial setting, D(.) learns to distinguish between the feature
representations of the source-domain and target-domain samples generated by the
feature extractor. D(.) then penalizes the feature extractor for producing domain-
variant feature representations and thus promotes the generation of domain-
invariant features. D(.) uses cosine distance between the feature representations
of the input samples to distinguish between the domains. We consider that two
samples are closer in the embedding space and thus have a greater chance to be
in the same domain if their feature representations have a smaller cosine distance
between them and vice-versa. The input of D(.) is a triplet (f t

k, f
s
i , f

s
j ) where f t

k,
f s
i , and f s

j are respectively the feature representations of the kth sample X t
k from

the target domain and ith sample Xs
i and jth sample Xs

j from the source domain
extracted by MF (.). The triplet is then split into two distinct pairs, consisting of
(f s

i , f
t
k) and (f s

i , f
s
j ). As indicated in Figure 3-1, upon receiving each triplet, D

accomplishes two tasks: i) measures the similarity between (f s
i , f

s
j ) and dissimilarity

between (f s
i , f

t
k), ii) performs MRC task similar to MQ for the source sample Xs

i .

We introduce a Siamese network [251] De with a single transformer encoder
layer for the first task. De acts as a function that helps estimate the similarity
and dissimilarity between the received pairs. Considering the success of the
BERT models in many NLP tasks, for the Siamese network, we adopt the same
architecture as any encoder layer in the BERTBase model, which has 12 attention
heads, 768 embedding dimensions, 3072 FFN inner hidden size with 10% dropout
rate and ‘GeLU’ activation function. We encode the input pairs (f s

i , f
t
k) and

(f s
i , f

s
j ), using the same encoder network De. Considering the role of the special

token [CLS] as explained in 3.2.2.1, to let D(.) differentiate whether the pairs are
from the same domain or not, we extract the [CLS] token representations from De

for f t
k, f

s
i , and f s

j . We then use these [CLS] token representations to calculate the
domain-similarity and dissimilarity via triplet loss function [252] and use it as the
learning objective of the discriminator D(.) as shown in Equation 3.4.

LD,triplet = max{d(f s,[CLS]
i , f

s,[CLS]
j )

−d(f s,[CLS]
i , f

t,[CLS]
k ) + α, 0}

(3.4)
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Here, f s,[CLS]
i , f

s,[CLS]
j , f t,[CLS]

k are respectively the [CLS] token representations
of ith and jth samples from the source domain and the kth sample from the target
domain where i 6= j, d(.) = 1.0− CosSim(.) is the cosine distance where CosSim(.)

is the cosine similarity, α is the non-negative margin representing the minimum
difference between d(f s,[CLS]

i , f
s,[CLS]
j ) and d(f s,[CLS]

i , f
t,[CLS]
k ) that is required for

the triplet loss to be 0. To optimize D(.), LD,triplet aims at minimizing d(.) between
the samples from the source domain and maximizing d(.) between the samples
from the source and target domains. Using triplet loss, our discriminator efficiently
employs both similar and dissimilar information extracted by the feature extractor
component of the model.

While using triplet loss in the adversarial setting, we also consider that the
triplet loss might make representations from the source domain dissimilar.
Therefore, as an additional experiment, we optimize the discriminator by
minimizing a distance-based loss, which is equivalent to just minimizing the
distance d(.) between the source- and the target-domain sample representations in
the adversarial setting. We demonstrate the comparison between these two
approaches in Section 3.3.5.1.

Adversarial learning for domain adaptation is known to be unstable [190, 191].
To stabilize the training process, we use the concept of AC-GAN [253]. AC-GAN
uses an auxiliary task layer on top of the discriminator and appears to stabilize the
adversarial learning procedure and improve the performance [253].

Following this concept, for the second task of D(.), we introduce an MRC-
module Dq similar to MQ on top of De as an auxiliary task layer. Dq enforces
that the discriminator does not lose task-specific information while learning to
encode domain-variant features. Later in Sections 3.3.4 and 3.3.5.2, we demonstrate
the effectiveness of the auxiliary layer by performing an ablation study and a
stability analysis. The input of Dq is the output of De for f s

i , and the output is
the probability distributions for the start and end token positions of the answer
span, similar to (pstarti , pendj ). Thus, the loss function LD,aux for Dq is the same as
LQ. The final loss function LD for D(.) is shown in Equation 3.5.

LD = LD,triplet + LD,aux (3.5)
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3.2.2.4 Cost Function
To eliminate domain shift by learning domain-invariant features, we integrate

MF (.), MQ(.), and D(.) into an adversarial learning framework where we update
MF and MQ to maximize LD and minimize LQ while updating D to minimize LD.
Thus, the cost function Ltotal of the BioADAPT-MRC framework consists of LQ

and LD as shown in Equation 3.6 and is optimized end-to-end:

Ltotal = LQ − λLD (3.6)

Here, λ is a regularization parameter to balance LQ and LD. Unlike the original
adversarial learning framework proposed in GAN, where the adversaries are
updated alternately [254], we perform joint optimization for all three components
of our model using the gradient-reversal layer [173], as suggested by [255].

3.3 Results & Discussion
We perform an extensive study to evaluate the BioADAPT-MRC framework and

compare it with the state-of-the-art biomedical MRC methods on a collection of
publicly available and widely used benchmark biomedical MRC datasets.

3.3.1 Dataset
To demonstrate the effectiveness of our framework, we evaluate BioADAPT-

MRC and compare it with the state-of-the-art methods on three biomedical MRC
datasets from the BioASQ annual challenge [27]. The BioASQ competition has
been organized since 2013 and consists of two large-scale biomedical NLP tasks, one
of which is question-answering (task B), which involves four types of questions –
Yes/No, Factoid, List, and Summary. Among them, the factoid questions resemble
the biomedical MRC task. As such, we utilize only the factoid MRC data from
the BioASQ challenges held in 2019 (BioASQ-7b), 2020 (BioASQ-8b), and 2021
(BioASQ-9b) as the target-domain datasets to verify our model. These datasets
were created from the search engine for biomedical literature, PubMed, with the
help of domain experts. Note that, for training, our framework requires only
unlabeled contexts in the target domain. As such, we only consider the contexts
in the BioASQ-7b,8b, and 9b training sets and disregard the question-answer pairs.
The details on the availability of the training data and the pre-processing steps are
provided below:
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We reinforce the reliability of the comparison of experimental results with
other methods and validate the efficacy of the BioADAPT-MRC framework by
using the pre-processed training set for BioASQ-7b and 8b, provided by [256] and
[167], respectively. For BioASQ-9b, we pre-process the training data by retrieving
full abstracts from PubMed using their provided PMIDs. We use these retrieved
abstracts as the contexts in the BioASQ-9b training set. Since our framework
requires no label (question-answer pair) in the training set of the target domain, for
all BioASQ training sets, we disregard each question by assigning a [MASK] token
and each answer by replacing it with an empty string. At test time, we use the
golden enriched test sets – BioASQ-7b, 8b, and 9b – from the BioASQ challenges.

Similar to the previous studies [167, 256], as the source-domain dataset, we
use SQuAD-1.1 [21], which was developed from Wikipedia articles by crowd-
workers. Table 3-1 shows the basic statistical information of all datasets used in the
experiments. As shown, the number of training data samples in the source domain
is noticeably higher than that of the target domain. The details on experimental
setup and training configurations are provided below:

The BioADAPT-MRC framework consists of three main components: feature
extractor, MRC-module, and discriminator. In the implementation of the
framework with PyTorch [257], we initialize the feature extractor with the
parameters from the pre-trained BioELECTRA model using the huggingface API
[258]. We perform random initialization for the parameters in the MRC-module and
the discriminator. For tokenization, we set the maximum query length to 64, the
maximum answer length to 30, the maximum sequence length to 384, and the
document stride to 128, as suggested in [20, 83, 129]. For optimizing the
hyperparameters – learning rate, batch size, and the regularization parameter λ, we
use a set of randomly selected 5000 samples from the SQuAD development dataset.
We then empirically determined that learning rate 5e-5 and batch size 35 are the
best choices for our experiments and for the hardware resources we are using. We
also empirically set the regularization parameter λ to 0 and then increase it by 0.01
every 10 epochs up to 0.04.

For each step in the training epoch, we randomly select two samples from the
source domain dataset SQuAD and one from the target domain dataset BioASQ-
7b/8b/9b. We run all our experiments on a Linux server with Intel(R) Xeon(R)
Gold 6130 CPU @ 2.10GHz and a single Tesla V100-SXM2-16GB GPU.
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3.3.2 Metrics
For evaluation, we use three metrics used in the MRC task in the official

BioASQ challenge: strict accuracy (SAcc), lenient accuracy (LAcc), and mean
reciprocal rank (MRR). The BioASQ challenge requires the participant systems
to predict the five best-matched answer spans extracted from the context(s) in a
decreasing order based on the confidence score. In the test set, for each question,
the biomedical experts in the BioASQ team provided one golden answer extracted
from the context. Both golden answers and predicted answer spans are used to
calculate the SAcc, LAcc, and MRR scores, as shown in Equations 3.7, 3.8, and
3.9. SAcc shows the models’ capability to find the exact answer location, LAcc
determines the models’ understanding of the predicted answers’ range, and MRR
reflects the quality of the predicted answer spans [27]:

SAcc =
c1
ntest

(3.7)

LAcc =
c5
ntest

(3.8)

MRR =
1

ntest

ntest∑
i=1

1

r(i)
(3.9)

Here, c1 is the number of questions correctly answered by the predicted answer
span with the highest confidence score, c5 is the number of questions answered
correctly by any of the five predicted answer spans, ntest is the number of questions
in the test set, and r(i) is the rank of the golden answer among all five predicted
answer spans for the ith question. If the golden answer does not belong to the five
predicted answer spans, we consider 1

r(i)
= 0, i.e., r(i) → +∞ We implement these

metrics by leveraging the publicly available tools provided by the official BioASQ
challenge at https://github.com/BioASQ/Evaluation-Measures.

3.3.3 Method Comparison
We compare the test-time performance of BioADAPT-MRC on BioASQ-7b and

8b with six best-performing models selected based on related published articles:
Google [259], BioBERT [256], UNCC [260], Umass [239], KU-DMIS-2020 [167],
and BioQAExternalFeatures [53]. For BioASQ-9b, we pick the best-performing
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system Ir_sys2 from the BioASQ-9b leaderboard (available at: http://participants-
area.bioasq.org/results/9b/phaseB/).

We also consider a hypothetical system that we would get for BioASQ-9b if that
system would achieve the highest SAcc, LAcc, and MRR scores on the leaderboard
in all five batches of this test set. Note that, in reality, no individual system in the
competition achieved the highest scores for all three metrics in all the batches.

In addition to these models, we also compare the performance of BioADAPT-
MRC with AdaMRC [26], a state-of-the-art domain adaptation method for the
MRC task. We provide brief descriptions of these models mentioned above below:

• Google: Authors in [259] have used sequential transfer learning for biomedical
MRC tasks by fine-tuning a BERT PLM on two labeled general-purpose
source-domain datasets – NQ [144] and CoQA [146], and a labeled target-
domain dataset – BioASQ [27].

• BioBERT: Authors in [256] have taken a similar approach as [259] but fine-
tuned a BioBERT PLM and used SQuAD as the labeled general-purpose
source-domain dataset. Their system secured first place in the BioASQ-7b
challenge.

• UNCC: In addition to the approach taken in [256], authors in [260] have used
lexical answer types (LAT) as additional input features.

• Umass: Authors in [239] have used labeled SQuAD data and unlabeled
BioASQ data for transfer learning with BioBERT and SciBERT, along with a
focus on a self-denoising task that helps learn mentions of biomedical named
entities in the contexts.

• KU-DMIS-2020: Authors in [167] have introduced the natural language
inference (NLI) task in the pipeline of sequential transfer learning, where it
fine-tunes BioBERT on labeled SQuAD, MNLI, and BioASQ datasets.

• BioQAExternalFeatures: The current state-of-the-art method on BioASQ-7b
and 8b was proposed by authors in [53]. It uses externally extracted syntactic
and lexical features in addition to the approach taken by authors in [256],
possibly exposing to different adversarial attacks that may leverage syntactic
and lexical knowledge-base from the dataset [261].
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• BioASQ-9b Challenge - Best system (Ir_sys2): For BioASQ-9b, we pick the
best performing model Ir_sys2 from the BioASQ-9b leaderboard (available
at http://participants-area.bioasq.org/results/9b/phaseB/). Each year the
BioASQ question-answering challenge publishes five batches of the test set
(e.g., Task 9b - Test batch 1, Test batch 2, etc.), and the participants submit
their system evaluations for each of these batches separately. To find the best-
performing system from the leaderboard for BioASQ-9b, we take the following
steps: First, we discard the systems that did not report scores for all five
batches. Then we calculate the weighted average of SAcc, LAcc, and MRR
scores (across five batches) of the remaining systems, which is equivalent to
reporting the results on the whole BioASQ-9b dataset (see Table 3-2). We do
this because the published articles on the compared state-of-the-art models
(for BioASQ-7b and 8b) reported SAcc, LAcc, and MRR scores on the whole
dataset. Finally, to select the best system for BioASQ-9b, we average these
mean SAcc, mean LAcc, and mean MRR scores (shown in the last column
of Table 3-2) for each system and find that Ir_sys2 is the best-performing
system. Ir_sys2 achieved the highest SAcc and MRR scores. For the LAcc
score, Ir_sys2 achieved the second-best score with a slight difference of 0.006.

• BioASQ-9b Challenge - Hypothetical system: As another compared baseline
for BioASQ-9b, we also considered a hypothetical system with the best SAcc,
LAcc, and MRR scores in all five batches of the BioASQ-9b test set. Note
that no system on the leaderboard achieved the highest scores in all three
metrics for all five batches in the test set. Later in Section 3.3.4, we show
that BioADAPT-MRC outperforms even this hypothetical system.

• AdaMRC: Authors in [26] have used an adversarial domain adaptation
framework that uses a binary domain classifier, a synthetic question
generator, and an MRC-module. As the MRC module, AdaMRC uses SAN,
BiDAF, BERT, and ELMo. AdaMRC has been shown to improve
performance for target domains such as Wikipedia (SQuAD dataset), news
(NewsQA dataset [137]), and web search log (MS MARCO dataset [262]).
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3.3.4 Experimental Results
Table 3-3 shows the comparison of BioADAPT-MRC with the state-of-the-art

biomedical MRC methods on BioASQ-7b, 8b, and 9b. As shown, BioADAPT-
MRC improves on both LAcc and MRR when tested on all three BioASQ test sets
and achieves the best performance. We also notice that while our model achieves
the highest SAcc score for BioASQ-9b, it achieves the second-best SAcc scores for
BioASQ-7b and 8b. The higher SAcc and LAcc scores imply that our model is
able to correctly extract complete answers from the given contexts more frequently
than the previous methods. The higher MRR scores, on the other hand, reflect
our model’s ability to extract complete answers with higher probability than the
previous methods. In contrast to the previous works, our method uses no label
information (question-answer pairs) during the training process and has still been
able to achieve good performance, implying the effectiveness of our proposed
framework.

As explained in Section 3.2, in the framework, we propose a domain similarity
discriminator with an auxiliary task layer that aims to promote the generation of
domain-invariant features in the feature extractor and thus improve the model’s
performance. To show the effectiveness of the discriminator and the auxiliary
task layer, we perform an ablation study and report the experimental results in
Table 3-4. For a fair comparison, we perform all experiments under the same
hyperparameter settings. The baseline model shown in Table 3-4 consists of only
the feature extractor and the MRC-module and was trained on the labeled source
domain dataset, SQuAD.

For the remaining two models, we use the labeled SQuAD and the unlabeled
BioASQ training datasets simultaneously. The addition of the discriminator enables
the feature extractor in the baseline model to use the unlabeled BioASQ training
datasets for generating domain-invariant feature representations. This is achieved
by using the dissimilarity measurements between the feature representations of the
SQuAD and BioASQ training data. As shown, after adding only the discriminator
without the auxiliary task layer, the performance of the model improves from the
baseline, suggesting the influence of the discriminator.
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Table 3-1. Statistics of the datasets used in the experiments. (©The
Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

Dataset name Train (raw) Train (pre-processed) Target to source train set Test set

SQuAD-1.1 87,599 87,599 – –

BioASQ-7b 779 5,537 ∼1:16 162

BioASQ-8b 941 10,147 ∼1:9 151

BioASQ-9b 1,092 13,178 ∼1:7 163
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Table 3-2. Scores from BioASQ-9b leaderboard. Here, ‘Average’ implies
the average of mean SAcc, mean LAcc, and mean MRR scores. (©The

Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

System Mean SAcc Mean LAcc Mean MRR Average

Ir_sys2 0.503065 0.662573 0.566660 0.577433

lalala 0.466259 0.668706 0.544162 0.559709
Ir_sys1 0.478536 0.638055 0.544579 0.553723

Ir_sys4 0.447864 0.644181 0.518606 0.536884

LASIGE_ULISBOA 0.411042 0.650313 0.505514 0.522290

Ir_sys3 0.423315 0.631908 0.497349 0.517524

LASIGE_ULISBOA_3 0.404896 0.631904 0.497517 0.511439

LASIGE_ULISBOA_2 0.404911 0.631901 0.482426 0.506413

KU-DMIS-5 0.404922 0.607362 0.480883 0.497722
KU-DMIS-2 0.404922 0.601233 0.480654 0.495603
bio-answerfinder-2 0.453973 0.539867 0.492339 0.495393
bio-answerfinder 0.453973 0.539867 0.492339 0.495393
KU-DMIS-3 0.404902 0.595119 0.481271 0.493764
KU-DMIS-1 0.398782 0.582811 0.469935 0.483843
KU-DMIS-4 0.386517 0.588975 0.463591 0.479695
Best factoid 0.368108 0.527612 0.430671 0.442130
AUEB-System4 0.368087 0.515336 0.426766 0.436729

Best yesno 0.355813 0.503080 0.414328 0.424407

AUEB-System3 0.349711 0.484645 0.408483 0.414280

AUEB-System2 0.368114 0.453992 0.407663 0.409923

UoT_baseline 0.337436 0.484642 0.397855 0.406644

UoT_multitask_learn 0.337421 0.478522 0.392840 0.402928

AUEB-System1 0.318998 0.429440 0.365547 0.371328

UoT_allquestions 0.214723 0.380357 0.276910 0.290663

BioASQ_Baseline 0.079759 0.325160 0.167685 0.190868
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Table 3-3. Performance of BioADAPT-MRC compared with the best scores on BioASQ-7b, BioASQ-8b, and
BioASQ-9b test sets. The best and the second-best scores are respectively highlighted in bold and italic. ‘–’

indicates that the corresponding source did not report the scores. * denotes previously best-performing method for
BioASQ-7B and BioASQ-8B. (©The Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

Model BioASQ-7b BioASQ-8b BioASQ-9b

SAcc LAcc MRR SAcc LAcc MRR SAcc LAcc MRR

Google [259] 0.4201 0.5822 0.4798 – – – – – –

BioBERT [256] 0.4367 0.6274 0.5115 – – – – – –

UNCC [260] 0.3554 0.4922 0.4063 – – – – – –

Umass [239] – – – 0.3133 0.4798 0.3780 – – –

KU-DMIS-2020 [167] 0.4510 0.6245 0.5163 0.3819 0.5719 0.4593 – – –

BioQAExternalFeatures [53]* 0.4444 0.6419 0.5165 0.3937 0.6098 0.4688 – – –

BioASQ-9b Challenge - Best system (Ir_sys2) – – – – – – 0.5031 0.6626 0.5667

BioASQ-9b Challenge - Hypothetical system – – – – – – 0.5399 0.7300 0.6017

AdaMRC [26] 0.4321 0.6235 0.5136 0.3510 0.5828 0.4455 0.5337 0.7117 0.6001

BioADAPT-MRC 0.4506 0.6420 0.5289 0.3841 0.6225 0.4749 0.5399 0.7423 0.6187
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Table 3-4. Test scores for ablation experiments of BioADAPT-MRC. The best and the second-best scores are respectively
highlighted in bold and italic. (©The Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

Model BioASQ-7b BioASQ-8b BioASQ-9b

SAcc LAcc MRR SAcc LAcc MRR SAcc LAcc MRR

Baseline 0.4136 0.6296 0.5056 0.3642 0.5960 0.4602 0.5092 0.7362 0.6010

BioADAPT-MRC (no auxiliary layer) 0.4259 0.6296 0.5146 0.3775 0.6026 0.4679 0.5276 0.7485 0.6142

BioADAPT-MRC 0.4506 0.6420 0.5289 0.3841 0.6225 0.4749 0.5399 0.7423 0.6187



We explain this influence on the feature extractor more elaborately later in
Section 3.3.5.5. For the final experiment in the ablation study (Table 3-4), we
use our whole model consisting of the domain similarity discriminator with the
auxiliary task layer and notice an even further performance improvement. The
auxiliary task layer, in this study, constrains the changes in the task-relevant
features in the domain similarity discriminator during training.

Thus, the improvement in model performance after incorporating the auxiliary
task layer suggests that with the task layer, the domain similarity discriminator can
better promote the generation of domain-invariant features that are simultaneously
discriminative from the viewpoint of the MRC task in the source domain.
Moreover, as explained in Section 3.2.2.3, we further demonstrate the stabilizing
capability of the auxiliary task layer in Section 3.3.5.2.

3.3.5 Analysis
In this section, we analyze different components of the proposed framework. We

also study the domain adaptation capability and the strengths and weaknesses of
the BioADAPT-MRC model.

3.3.5.1 Triplet vs. Distance-based Loss
BioADPT-MRC uses triplet loss to optimize the discriminator. As explained in

Section 3.2.2.3, we also consider using distance-based loss in place of triplet loss.
Table 3-5 shows the results of the contrastive experiments of loss functions – triplet
loss and distance-based loss. As shown in Table 3-5, the model with triplet loss
outperforms the one with the distance-based loss with higher mean SAcc, LAcc,
MRR, and lower standard deviation.

To further analyze this performance gap, we examine the trend of the distance
between source-domain training sample pairs and between source- and target-
domain training sample pairs per epoch across 50 training epochs (Figure 3-2).

Note that both experiments in Figure 3-2 are performed under the same seed.
As shown in Figure 3-2, when we use distance-based loss, the cosine distance
between either source-domain training sample pairs or source- and target-domain
training sample pairs tends to be higher than when we use the triplet loss. It may
happen because in the adversarial framework, while distance-based loss focuses only
on minimizing the distance between the source- and target-domain training samples
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Table 3-5. Average test scores with standard deviations (across three different
seeds) for the contrastive experiments of discriminator loss functions – triplet
loss and distance-based loss. The best scores are highlighted in bold. (©The
Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

Discriminator Loss BioASQ-9b

SAcc LAcc MRR

Distance-based 0.5256±0.0202 0.7219±0.0104 0.6038±0.0105

Triplet 0.5358±0.0029 0.7321±0.0077 0.6140±0.0035

Figure 3-2. Per-epoch cosine distance between source-
domain training sample pairs and source- and target-domain

training sample pairs across 50 epochs. (©The Author(s) 2022.
Published by Oxford University Press. Reprinted from [249].)
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without considering the distance between the source samples, triplet loss focuses on
balancing both [263, 264]. As a result, triplet loss can minimize the domain shift
to a greater extent than the distance-based loss and thus enable our framework to
achieve higher performance.

3.3.5.2 Stability Analysis
We examine the stability of BioADAPT-MRC and perform an error analysis

of its performance by repeating the experiments for three different random seeds
(10, 42, 2018). Table 3-7 shows the test scores averaged across three seeds with
standard deviations for BioASQ-7b, 8b, and 9b.

We also report the averaged scores with standard deviations for our baseline,
the BioADAPT-MRC model with no auxiliary layer, and a state-of-the-art method
AdaMRC to compare model stability. As shown in Table 3-7, BioADAPT-MRC
outperforms the other models with lower standard deviations, indicating higher
stability of our framework. Moreover, the scores from the BioADAPT-MRC models
with and without the auxiliary layer indicate that the auxiliary task layer helps
increase both performance and overall model stability.

3.3.5.3 Masked vs. Synthetic Questions
Recall that, BioADAPT-MRC uses a special token [MASK] in place of the

question tokens Q for the unlabeled target-domain training samples. The [MASK]

tokens are used to inform the encoder model that the question tokens are missing
and maintain consistency in the structure of the tokenized samples. Another
approach to address the issue of missing questions in the target-domain training
samples is to use synthetic questions [26]. In Table 3-6, we present the results
of the contrastive experiments of these two approaches – masked and synthetic
questions. Inspired by the success of the AdaMRC question-generator in various
target domains such as news, Wikipedia, and web search log, we use it to generate
synthetic questions.

Table 3-6 shows the average test scores for BioASQ-9b with standard deviations
across three seeds. We find that although the synthetic questions can noticeably
improve performance over the baseline (see results for ‘Baseline’ in Table 3-7),
BioADAPT-MRC with synthetic questions is unable to achieve better performance
than with masked questions. It may happen because the biomedical domain differs
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Table 3-6. Average test scores with standard deviations (across three
different seeds) for experiments using synthetic questions and masked

questions in the target-domain training dataset. The best and the second-
best scores are respectively highlighted in bold and italic. (©The Author(s)

2022. Published by Oxford University Press. Reprinted from [249].)

Questions BioASQ-9b

SAcc LAcc MRR

Synthetic 0.5337±0.0087 0.7198±0.0126 0.6069±0.0059

Masked 0.5358±0.0029 0.7321±0.0077 0.6140±0.0035

Figure 3-3. Synthetic questions generated from the first context of
the BioASQ-9b training set using the question-generator component
of the AdaMRC model along with the context. (©The Author(s)
2022. Published by Oxford University Press. Reprinted from [249].)
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Table 3-7. Average test scores with standard deviations across experiments
with three random seeds (10, 42, 2018) for initialization to measure and
compare the stability of BioADAPT-MRC. The best and the second-best
scores are respectively highlighted in bold and italic. (©The Author(s)
2022. Published by Oxford University Press. Reprinted from [249].)

Model BioASQ-7b

SAcc LAcc MRR

AdaMRC 0.4300±0.0029 0.6152±0.0116 0.5083±0.0076

Baseline 0.4156±0.0127 0.6173±0.0101 0.5038±0.0033

BioADAPT-MRC (no auxiliary layer) 0.4177±0.0058 0.6193±0.0105 0.5038±0.0076

BioADAPT-MRC 0.4465±0.0029 0.6379±0.0029 0.5237±0.0037

Model BioASQ-8b

SAcc LAcc MRR

AdaMRC 0.3422±0.0083 0.5960±0.0143 0.4425±0.0031

Baseline 0.3554±0.0125 0.5960±0.0162 0.4547±0.0152

BioADAPT-MRC (no auxiliary layer) 0.3664±0.0113 0.5982±0.0031 0.4618±0.0080

BioADAPT-MRC 0.3797±0.0031 0.6137±0.0083 0.4750±0.0024

Model BioASQ-9b

SAcc LAcc MRR

AdaMRC 0.5276±0.0050 0.7239±0.0100 0.6068±0.0062

Baseline 0.5174±0.0058 0.7198±0.0126 0.6018±0.0011

BioADAPT-MRC (no auxiliary layer) 0.5337±0.0050 0.7280±0.0153 0.6127±0.0012

BioADAPT-MRC 0.5358±0.0029 0.7321±0.0077 0.6140±0.0035
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from other domains, such as news or Wikipedia, in many linguistic dimensions
such as syntax, lexicon, and semantics [83, 133]. As a result, while the question-
generator can generate meaningful questions for domains such as web, news, and
movie reviews [26], it mostly generates incoherent questions for the biomedical
domain (as shown in Figure 3-3), which can eventually hurt the performance
of the model. Moreover, synthetic-question generation also requires additional
computational time – generating questions from around 10,000 contexts using a
trained question generator took approximately 3 hours with our computational
resources. Given the findings, we think that generating synthetic questions for the
biomedical domain requires more attention and consider it as a future study.

3.3.5.4 Semi-supervised Setting
As an additional experiment, we evaluate the BioADAPT-MRC framework

under a semi-supervised setting where we combine labeled and unlabeled target-
domain training data. We perform four experiments where the ratios of labeled
target-domain training samples are 0%, 10%, 50%, and 80% of the total target-
domain training data. Note that we choose the labeled target-domain data by
random sampling. Table 3-8 shows the test scores on BioASQ-9b when trained with
varying ratios of labeled target-domain data. As shown, with an increased ratio of
labeled samples in the target-domain training data, the performance scores also
increase, which is expected. These results suggest that our proposed framework is
also effective in a semi-supervised setting.

Note that although multiple labeled datasets in various sub-domains of
biomedical MRC (such as scientific literature and clinical notes) have been made
available in the past few years [27, 151], there is still a severe scarcity of labeled
data in some other sub-domains that are linguistically different (e.g., consumer
health biomedical MRC) [10, 265].

3.3.5.5 Domain Adaptation
We show the influence of the domain similarity discriminator by plotting (Figure

3-4) all samples from the BioASQ-9b test set and a set of random samples from
the SQuAD training set. We pick random samples from the SQuAD training set to
match the number of samples in the BioASQ-9b test set. As explained in Section
3.2.2.1, we use the feature representation of the [CLS] token as an accumulated
representation of the whole input sequence. Each feature representation of the
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[CLS] token has a dimension of 768. To reduce these dimensions into two for
visualization, we use multidimensional scaling (MDS) [266]. We use MDS because
it reduces the dimensions by preserving the dissimilarities between two data
points in the original high-dimensional space. Since we use cosine distance in
the discriminator to measure the dissimilarity between two domains, as the
dissimilarity measure in the MDS, we use the pairwise cosine distance. The feature
representations of the [CLS] token on the left plot and the right plot in Figure
3-4 are generated by the feature extractors from the baseline model and the
BioADAPT-MRC model, respectively.

For a fair comparison, the selection of random SQuAD training samples is
the same for the baseline and BioADAPT-MRC models. As shown, the features
generated by the baseline model create two separate clusters for SQuAD and
BioASQ-9b. The features generated by the BioADAPT-MRC model, on the other
hand, form two overlapping clusters implying reduced dissimilarities between the
source and target domains. Interestingly, we notice that the data points from the
BioASQ are closer to its cluster than those from the SQuAD. It may be because,
unlike SQuAD, the data in the BioASQ originate from one single domain, and thus
the feature representations are more similar to one another.

To further analyze the quality of the clusters before and after introducing the
domain similarity discriminator to the framework and thus quantify the effect of
domain adaptation, we perform DBSCAN clustering [267]. We perform clustering
on the MDS components of the features for the [CLS] tokens for the samples
in the BioASQ test sets and the random samples from the SQuAD training set.
Considering the bias of random sampling, for each BioASQ test set, we select five
sets of random samples from the SQuAD training set and report the mean accuracy
and silhouette scores with standard deviation in Table 3-9 and Figure 3-5. We use
the DBSCAN clustering because it views clusters as high-density regions where the
distance between the samples is measured by a distance metric, providing flexibility
in shapes and numbers of clusters. We describe the selected hyperparameters for
the DBSCAN algorithm implementation below:

As the distance measure for DBSCAN, we choose pairwise cosine distance.
We implement the DBSCAN algorithm using the scikit-learn tool [268] and tune
the two essential hyperparameters: eps and min_samples. The details on these
two hyperparameters can be found in the scikit-learn documentation. After
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Table 3-8. Test scores for experiments using varied ratios of labeled
target-domain training data. The best and the second-best scores
are respectively highlighted in bold and italic. (©The Author(s)

2022. Published by Oxford University Press. Reprinted from [249].)

Ratio BioASQ-9b

SAcc LAcc MRR

0% 0.5399 0.7423 0.6187

10% 0.5460 0.7178 0.6118

50% 0.5644 0.7301 0.6264

80% 0.5828 0.7301 0.6369

Figure 3-4. Multidimensional scaling (MDS) plot for the features
(extracted from the baseline (left) and the BioADAPT-MRC (right)

models) of all samples from the BioASQ-9b test set (blue) and a set of
random samples from the SQuAD training set (yellow). (©The Author(s)

2022. Published by Oxford University Press. Reprinted from [249].)
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Figure 3-5. Mean accuracy scores (left) and mean silhouette
scores (right) with standard deviations for DBSCAN clustering

on BioASQ test sets and SQuAD. (©The Author(s) 2022.
Published by Oxford University Press. Reprinted from [249].)

Table 3-9. Mean accuracy and mean silhouette scores with standard
deviations for DBSCAN clustering on the MDS components. The MDS

dimensionality reduction technique was applied to reduce the dimension of
the [CLS] token representations for the samples in the BioASQ test sets

and a set of random samples from the SQuAD training set. A [CLS] token
represents the accumulated representations of a sample in the dataset. (©The
Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)

Mean accuracy (±standard deviation) Mean silhouette score (±standard deviation)

Baseline BioADAPT-MRC Baseline BioADAPT-MRC

BioASQ-7b 0.7664(±0.0625) 0.4786(±0.0051) 0.7714(±0.0535) 0.2745(±0.0585)

BioASQ-8b 0.7011(±0.0563) 0.4838(±0.0015) 0.8111(±0.0577) 0.4484(±0.0660)

BioASQ-9b 0.6880(±0.0075) 0.3561(±0.0782) 0.7100(±0.0089) 0.4540(±0.0398)
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optimization, we select 0.005, 0.01, and 0.001 as the eps for BioASQ-7b, 8b, and
9b, respectively, and 20 as the min_samples for all three test sets. Note that, for a
fair comparison, for each test set, the choice of hyperparameters is the same for the
baseline and BioADAPT-MRC models.

Table 3-9 and Figure 3-5 show that DBSCAN can identify two clusters with high
accuracy when the features of the samples are extracted from the baseline model.
The accuracy goes down when the features of the same samples are extracted from
the BioADAPT-MRC model as they form a single cluster. Moreover, we analyze
the silhouette scores to understand the separation distance between clusters.

The range of silhouette score is [−1, 1]. A score of 1 indicates that the clusters
are highly dense and clearly distinguishable from each other, whereas -1 refers
to incorrect clustering. A score of zero or near zero indicates indistinguishable
or overlapping clusters. As shown in Table 3-9 and Figure 3-5, in this case,
the high silhouette scores (closer to 1) for the baseline model reflect that the
feature representations of the samples from the same domain are very similar to
its own cluster compared to the other one. On the contrary, the low silhouette
scores (closer to zero) for the BioADAPT-MRC model indicate that the feature
representations of the samples from both domains are very similar to one another.
These results show the effectiveness of the domain similarity discriminator in the
BioADAPT-MRC framework.

3.3.5.6 Motivating Example
Considering the variability of the predicted answers in an MRC task, we present

a motivating example to demonstrate how the word importance may impact
the answer predictions, thus, the performance of the biomedical MRC task. The
example in Figure 3-6 shows the effectiveness of BioADAPT-MRC over the baseline
model for the given sample.

This example is selected randomly from the BioASQ-9b test set from the
samples incorrectly predicted by the baseline model and correctly predicted by the
BioADAPT-MRC model. The question is separated from the context by the [SEP ]

token, and the correct answer, in this case, is cortisol. The predicted start and end
tokens are highlighted in yellow. The positive and negative importance of the words
is highlighted in green and red, respectively. The intensity of the color shows the
amount of importance. Higher intensity reflects higher importance.
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Figure 3-6. Motivating example from the BioASQ-9b test set. The left and right plots show the
word importance for answer span prediction given by the baseline and BioADAPT-MRC models. The
green and red colors show positive and negative word importance, respectively. The density of color
shows the amount of importance. The highlighted word in yellow represents either the predicted start
or end tokens. (©The Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)



We calculate the word importance using the Integrated Gradients algorithm
[269] implemented in the Captum tool [270]. Integrated gradients measure the
importance of the word (in predicting the answer span) by computing the gradient
of the predicted output with respect to the specified input word [269].

In this particular example, the start and end token being the same, we expect
that the correct prediction of the MRC model should provide similar importance
to the words for the start and end position predictions. However, while this is true
for the BioADAPT-MRC model (right plot), for the baseline (left plot), we notice
a different pattern in word importance while predicting for start and end positions
and thus result in wrong answer span prediction. It shows the effectiveness of our
model over the baseline for this example.

3.3.5.7 Error Analysis
We analyze the strengths and weaknesses of our approach by performing a

two-fold error analysis. We focus on two aspects of the MRC dataset – types of
questions and answers. Through this error analysis, we aim to answer the following
questions: (i) What types of questions can be answered after domain adaptation
that could not be answered before? (ii) What types of answers can be identified by
the proposed approach after domain adaptation? (iii) What types of items does the
model struggle with, even with the domain adaptation component?

We use the SAcc score to perform the error analysis since the ultimate goal for
any MRC system is to predict correct answer spans with the highest probability,
reflected in the SAcc score. We categorize the test sets based on the following types
of questions: which, what, how, where, when, and name (an example question for
name – “Name a CFL2 mutation which is associated with nemaline myopathy?”).
We find that the most prevalent question types in the test sets are what (43%)
and which (44%) (embedded in Figure 3-7). We also find that after adding the
domain adaptation module, the SAcc score increases by 52%, 20%, 17%, and
4% for question types – when, name, what, and which, respectively (Figure 3-7).
It indicates that the domain adaptation module can help increase the model’s
capability to answer these types of questions with higher probability. For question
types how and where, we do not notice further improvement, even with the domain
adaptation module.
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Figure 3-7. Error analysis of BioADAPT-MRC, in comparison with the baseline
model, depending on the types of questions in the BioASQ test sets. (©The
Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)
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Figure 3-8. Error analysis of BioADAPT-MRC, in comparison with the baseline
model, depending on the types of answers in the BioASQ test sets. (©The

Author(s) 2022. Published by Oxford University Press. Reprinted from [249].)
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Figure 3-9. Example question-answer pairs from the test sets
demonstrating the strengths and weaknesses of the BioADAPT-MRC

model over the baseline model. The green and red colors show correctly
and incorrectly predicted answers, respectively. (©The Author(s)
2022. Published by Oxford University Press. Reprinted from [249].)
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To analyze the types of answers that can be identified after introducing the
domain adaptation module, we categorize the test sets based on the named entities
in the answers. We use named entity recognition (NER) algorithms from the widely
used spaCy library [271]. Figure 3-8 shows that the answers in the test sets mainly
consist of entities such as GENE (23%), DISEASE (18%), CHEMICAL (16%),
CELL/TISSUE (8%), and CARDINAL/DATE/PERCENT (7%).

As shown in Figure 3-8, after adding the domain adaptation module, the model
has been able to identify the CHEMICAL, CELL/TISSUE entities with the
highest SAcc scores (improvement by 13% from the baseline). We also notice an
improvement in the SAcc scores for GENE and DISEASE entities. However, we
notice no improvement in the SAcc scores for CARDINAL/DATE/PERCENT,
PERSON, DNA/RNA, ORGANISM, ORGAN, and PROTEIN entities even
after adding the domain adaptation module. Given the results, we would like to
emphasize that in both of the aforementioned analyses, for some categories, we
do not have a large enough sample set to draw a definite conclusion about the
effectiveness of the domain adaptation module and hence requires further future
investigation.

To provide further evidence about what the model learned, we present eight
example question-answer pairs demonstrating the strengths and weaknesses of
the BioADAPT-MRC model over the baseline model (Figure 3-9). We randomly
select two examples from each of the following four categories: (i) mispredicted
by baseline, correctly predicted by BioADAPT-MRC, (ii) incompletely predicted
by baseline, correctly predicted by BioADAPT-MRC, (iii) correctly predicted
by both baseline and BioADAPT-MRC, and (iv) mispredicted by both baseline
and BioADAPT-MRC. In examples 1-8, the answer spans respectively contain
GENE, CARDINAL, DISEASE, CELL, CHEMICAL, CARDINAL, ORGAN, and
DISEASE entities. As shown in examples 1-6, the BioADAPT-MRC model can
identify the answer span better than the baseline model with a higher probability
score. However, the probability scores (i.e., the prediction capability) can be further
improved. Moreover, examples 7 and 8 provide additional motivation for future
investigation of the reason behind the misprediction of the model.

The results from the overall error analysis indicate that while the BioADAPT-
MRC model does well under various scenarios, there is still significant room for
potential improvement.
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3.4 Conclusion
We have proposed a framework for biomedical machine reading comprehension,

BioADAPT-MRC, addressing the issue of domain shift by using a domain
adaptation technique in an adversarial learning setting. We have used a labeled
MRC dataset from a general-purpose domain (source domain) along with unlabeled
contexts from the biomedical domain (target domain) as our training data. We
have introduced a domain similarity discriminator, aiming to reduce the domain
shift between the general-purpose domain and the biomedical domain to help boost
the performance of the biomedical MRC model. We have validated our proposed
framework on three widely used benchmark datasets from the biomedical question
answering and semantic indexing challenge, BioASQ. We have comprehensively
demonstrated that without any label information in the target domain during
training, the BioADAPT-MRC framework can achieve state-of-the-art performance
on these datasets. We have performed an extensive quantitative study on the
domain adaptation capability using dimensionality reduction and clustering
techniques and have shown that our framework can learn domain-invariant feature
representations. Additionally, we have extended our framework to a semi-supervised
setting and demonstrate that our framework can be efficiently applied even with
varying ratios of labeled data. We have performed a two-fold error analysis to
investigate the shortcomings of our framework and provide motivation for further
future investigation and improvement.
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CHAPTER 4

CPGQA: MACHINE READING
COMPREHENSION ON CLINICAL PRACTICE
GUIDELINES

Much of the content in this chapter is taken without alteration from the published
article M. Mahbub, E. Begoli, S. Martins, A. Peluso, S. Tamang,
and G. Peterson, “Cpgqa: A benchmark dataset for machine reading
comprehension tasks on clinical practice guidelines and a case study
using transfer learning,” IEEE Access, 2023. [272] by Maria Mahbub,
Edmon Begoli, Susana Martins, Alina Peluso, Suzanne Tamang, and Gregory D
Peterson (©2023 IEEE. Reprinted, with permission, from [272]). The authors’
contributions to the published article are as follows: MM and EB conceptualized
the task. MM designed the study, curated data, investigated, developed methodology,
performed experiments, and wrote the article with comments and reviews from EB,
SM, AP, ST, and GDP. MM and AP performed the formal analysis. SM validated
the data. EB and GDP supervised the primary author.

This chapter focuses on expanding the application of biomedical machine
reading comprehension (MRC) to a previously unexplored area – MRC on clinical
practice guidelines (CPGs). The ultimate goal of this study is to assist clinicians
in efficiently interpreting the guidelines by leveraging MRC systems. We develop
a benchmark dataset called “cpgQA” to accomplish this objective. The cpgQA
dataset is manually annotated and validated by subject-matter experts (SMEs)

“In reference to IEEE copyrighted material which is used with permission in this thesis, the
IEEE does not endorse any of The University of Tennessee, Knoxville’s products or services.
Internal or personal use of this material is permitted. If interested in reprinting/republishing
IEEE copyrighted material for advertising or promotional purposes or for creating new collective
works for resale or redistribution, please go to http://www.ieee.org/publications_standards/
publications/rights/rights_link.html to learn how to obtain a License from RightsLink. If
applicable, University Microfilms and/or ProQuest Library, or the Archives of Canada may supply
single copies of the dissertation.”
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specifically for the biomedical MRC task on CPGs. Its primary purpose is to
evaluate the performance of intelligent systems undertaking MRC tasks on CPGs.

We start the chapter with a brief overview of the motivation, followed by a
dataset description. We then provide a case study employing state-of-the-art
MRC models to evaluate the proposed dataset extensively. We address the lack of
training data in this newly defined domain by utilizing transfer learning, including
but not limited to BioADAPT-MRC introduced in Chapter 3. Finally, we end
the chapter with a thorough error analysis of the best-performing MRC model to
identify its strengths and weaknesses in performing the MRC task on CPGs. To
facilitate further research efforts in this problem domain, we release the cpgQA
dataset at https://github.com/mmahbub/cpgQA.

4.1 Motivation
CPGs are a pivotal component of clinical decision-making at the point of care.

These guidelines are formulated by meticulously reviewing the most up-to-date
research evidence to provide recommendations for patient-specific care based on
the best available evidence, value judgments on risks and benefits, alternative care
options, patient management, and practice experience. Their ultimate objective
is to support healthcare professionals in delivering optimal care and implementing
best practices for their patients [11]. Despite the conciseness compared to reviewing
multiple resources, clinicians often find the CPGs lengthy, complex, and time-
consuming to use [12]. The goal of the biomedical MRC task on CPGs is to save
clinicians valuable time and effort by assisting them in comprehending the complex
narratives in the CPGs while providing targeted selected information to support
their clinical practice. While recent advances in biomedical MRC consider text data
from resources such as clinical notes and scholarly articles, the CPGs still need to
be explored.

In this work, we attempt to bridge the gap in MRC for CPGs by introducing it
as a new biomedical MRC problem domain. In this context, utilizing a benchmark
dataset is a critical factor for evaluating the abilities of intelligent systems in
reading and comprehending the narratives in CPGs and then answering queries
from them. To the best of our knowledge, no existing benchmark MRC dataset
focuses on or includes CPGs. This chapter presents a manually built, SME-
validated benchmark MRC dataset – cpgQA, with 1097 samples, using a clinical
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practice guideline. cpgQA can be viewed as the pioneer dataset for biomedical
MRC on CPGs that can extend existing MRC models to enable efficient and
accurate interpretation of the CPGs.

We also present an extensive case study using the state-of-the-art technique for
the low-resource biomedical MRC task – transfer learning with transformer-based
pre-trained language models. As explained in Chapter 2, in real-world applications,
MRC tasks on new problem domains, such as this, suffer from a lack of high-
quality, large-scale labeled training datasets, which is a bottleneck for the high-
performance of these models. Moreover, acquiring such datasets in the biomedical
field requires subject-matter expertise, causing the process to be expensive and
time-consuming. Transfer learning comes into play in scenarios where large-scale
datasets are unavailable for training.

This chapter further experimentally demonstrates the necessity for a benchmark
MRC dataset on CPGs. We also perform a thorough error analysis that depicts the
strengths and weaknesses of the state-of-the-art approach in light of the MRC task
on CPGs. Lastly, we explain the limitations of this dataset and delineate the scope
of improvements.

4.2 Material & Methods
The primary goal of this research is three-fold: (i) introduce a new problem

domain in biomedical MRC – MRC on CPGs, (ii) publish a reliable benchmark
dataset called cpgQA for evaluating the effectiveness of MRC systems in
comprehending CPGs and answering questions related to them, (iii) present a
comprehensive case study using transfer learning with state-of-the-art machine
reading comprehension approaches and cpgQA. In this section, we describe the
aforementioned parts of this study in detail.

4.2.1 cpgQA Dataset
CPGs are “systematically developed statements to assist practitioner and

patient decisions about appropriate health care for specific clinical circumstances”
[273]. The foundation of the CPGs is a systematic review of the available research
evidence targeted to answer specific clinical questions on a certain condition with
an emphasis on the strength of the evidence used for confident clinical decision-
making [11]. CPG developers consider a variety of questions when they review
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multiple sources to compile a guideline from them – “the identification of risk
factors for conditions; diagnostic criteria for conditions; prognostic factors with
and without treatment; the benefits and harms of different treatment options; the
resources associated with different diagnostic or treatment options; and patients’
experiences of healthcare interventions” [274]. These characteristics make CPGs
different from other unstructured biomedical text data such as scientific literature
or clinical notes.

4.2.1.1 Dataset Construction:
The proposed cpgQA dataset consists of 1097 questions with answers and

contexts taken verbatim from the VA/DoD CPG on Opioid Therapy for Chronic
Pain [275] (available at https://www.healthquality.va.gov/guidelines/Pain/cot/
VADoDOTCPGPocketCard022817.pdf). Similar to other CPGs, this guideline
contains the most prevailing information, collated from multiple relevant resources
into one concise document, and follows the same structure [275].

cpgQA is manually annotated and released in collaboration with SMEs as the
first standard benchmark MRC dataset in the biomedical sub-domain, CPGs. Each
context in the dataset is a paragraph from the CPG. The questions and answers are
created from the contexts with the help of SMEs by manually reading through the
document paragraph-by-paragraph to ensure high quality, focusing on the following
five primary components of the CPG. The numbers in the parentheses indicate the
count of data instances in cpgQA for that specific component:

• Introductory information on the guideline (44 instances)

• Background information on the subject-matter (233 instances)

• Features and overview of the guideline (280 instances)

• Algorithm that accommodates the “understanding of the clinical pathway and
decision making process” (129 instances)

• Recommendations under the consideration of “confidence in the quality of the
evidence, balance of desirable and undesirable outcomes (i.e., benefits and
harms), patient or provider values and preferences, and other implications, as
appropriate (e.g., resource use, equity, acceptability)” (411 instances)

Figure 4-1 shows an example sample from the cpgQA dataset.
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Figure 4-1. Example context and question-answer pair from the cpgQA dataset. (©2023 IEEE. Reprinted from [272].)



4.2.1.2 Dataset Statistics
The cpgQA dataset has 190 unique contexts and 1,097 question-answer pairs.

We further analyze the characteristics of the cpgQA dataset based on two linguistic
aspects: (i) distribution of types of questions (based on interrogative
words/phrases) and (ii) distribution of the number of words in the questions,
answers, and contexts. Figure 4-2 shows that there are eight types of questions in
the dataset, among which approximately 61% are “What” type questions,
dominating the dataset, while one-third of the dataset is equally shared by the
“When”, “Which”, “How”, “Who” type questions.

The dominance of the “What” question is also shown in Figure 4-3, which details
the distribution of the question types for each of the five components in the CPG:
introductory information, background information, features and overview, algorithm
and recommendations. 75% of the questions and answers in the cpgQA dataset
consist of less than 18 and 17 words, respectively (Figure 4-4). On the other hand,
75% of the contexts consist of 247 words or less.

In Table 4-1, we also show the comparison between cpgQA and two other
biomedical MRC datasets – BioASQ [276] and emrQA [151] test sets, in terms of
context, question, and answer lengths.

4.2.1.3 Comparison with Other Biomedical Sub-domains
To explain why we need a dataset for CPGs, we compare the CPG sub-domain

with two other biomedical sub-domains that have MRC datasets – scholarly
articles and clinical notes/EMRs. For scholarly articles and EMRs, we choose the
question-context pairs from the test sets of BioASQ-9b (Factoid) [276], and emrQA
(Relation subset) [151], respectively. BioASQ-9b (Factoid) is an SME-annotated
MRC dataset published in the BioASQ challenge 2021, where the contexts are
snippets extracted from PubMed/MedLine articles 1. emrQA is an automatically-
annotated MRC dataset where the contexts are from “longitudinal EMRs” of
patients [151]. Among four subsets of emrQA, we choose the relation subset based
on the experiments performed by [152].

We demonstrate the domain difference by plotting the vector representations
of the question-context pairs from these domains in 2D (Figure 4-5), adapting the
approach described in [277]. In this approach, given a single question-context pair,

1https://pubmed.ncbi.nlm.nih.gov/
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Figure 4-2. Distribution of question types in the
cpgQA dataset. (©2023 IEEE. Reprinted from [272].)
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Figure 4-3. Distribution of question types in each component
of the clinical practice guideline used for cpgQA in the
cpgQA dataset. (©2023 IEEE. Reprinted from [272].)

Figure 4-4. Distribution of context, question, and answer lengths (in number
of words) in the cpgQA dataset. (©2023 IEEE. Reprinted from [272].)
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Table 4-1. Comparison among cpgQA, BioASQ, and emrQA in terms of
context, question, and answer lengths. (©2023 IEEE. Reprinted from [272].)

Dataset Length of 75% of the contexts Length of 75% of the questions Length of 75% of the answers

cpgQA ≤247 ≤18 ≤17

BioASQ ≤42 ≤12 ≤2

emrQA ≤1669 ≤10 ≤16
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we use the last hidden state of the BERT (Bidirectional Encoder Representations
from Transformers) encoder [20] to create 768-dimensional vector representations
for each of the tokens in that pair. BERT is one of the state-of-the-art bidirectional
multi-layer transformer network for modeling language representations, which
is pre-trained on Wikipedia articles and BookCorpus [20]. Then, we calculate
the average over these token representations, which results in a 768-dimensional
vector representation for the question-context pair. To visualize, we then perform
dimensionality reduction with 2-component PCA over the vector representations of
all question-context pairs. For a fair comparison, we use the original BERT model
[20] and do not fine-tune on any of the biomedical sub-domains.

Figure 4-5 clearly shows that CPGs are linguistically very different from
scholarly articles and clinical notes, necessitating the introduction of CPGs as a
different sub-domain in biomedical MRC.

4.2.2 Machine Reading Comprehension Models
As explained in Chapter 2, MRC models aim to understand biomedical

narratives to correctly answer questions posed by users (such as clinicians, patients,
or general people, depending on the application) from these narratives. An input to
the MRC model is a question-context pair, and the output is the positions of the
start and end tokens in the answer span taken from the context.

More formally, Given a question Q with nq tokens (words) and a context C with
nc tokens, an MRC model respectively predicts the start token position as and
end token position ae of the answer span Aae

as ∈ C such that there exists a unique
answer span composed of na (with na ≤ nc) consecutive tokens in the context.

For evaluating the state-of-the-art transformer-based models on cpgQA, we pick
the top nine best-performing models from the Biomedical Language Understanding
and Reasoning Benchmark (BLURB): BioLinkBERT [131], PubMedBERT [128],
ClinicalBERT [120], BioELECTRA [129], SciBERT [86], BioBERT [83], RoBERTa
[45], BERT [20], and BlueBERT [130].

We provide the specifications of these models in Table 4-2. All nine encoder
models have 12 layers, 12 attention heads per layer, 768 hidden nodes, and 3,072
FFNN inner hidden nodes. For these models, the embedding dimension of each
token is 768. A maximum of 512 tokens can be provided as one input sequence in
these models, except RoBERTa, which can accept 514 tokens per input.
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Figure 4-5. A two-dimensional visualization of vector representations of
question-context pairs using PCA. The colors represent the three sub-domains in
biomedical-MRC: clinical practice guidelines (cpgQA), clinical notes (emrQA),

and scholarly articles (BioASQ). (©2023 IEEE. Reprinted from [272].)
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We use a single-layer FFNN with 768 hidden nodes as the task-specific layer.
The layer calculates the probability distributions for start and end token positions
using the softmax activation function, as shown in Equation (4.1).

psi =
exp(W s · hi)∑nl

k=1 exp(W
s · hk)

; pei =
exp(W e · hi)∑nl

k=1 exp(W
e · hk)

(4.1)

Here, nl is the sequence length of the input, hi ∈ RH is the hidden representation
vector of the ith token, W s,W e ∈ RH and ∈ RH are two trainable weight matrices,
and psi and pei refer the probabilities of the ith token being predicted as start and
end respectively,

To optimize the MRC model, we employ the cross-entropy (CE) loss L on the
predicted answer positions. For each sample, we average the total cross-entropy loss
of two predicted outputs for the start and end positions, following Equation 4.2.

L = −1

2
(log psys + log peye) (4.2)

Here ys and ye respectively denote the ground truth answer’s start and end token
positions. The answer in the test phase is predicted by selecting the sequence of
tokens in the interval defined by the two highest probabilities from the distributions
psk∈[1,nl]

and pek∈[1,nl]
.

4.2.3 Transfer Learning with cpgQA
As explained in Chapter 2, transfer learning is the first choice among researchers

in the absence of no labeled training data. As a new biomedical sub-domain,
no existing labeled training dataset focuses on/including CPGs, hence the need
for transfer learning. In this work, we present a case study on MRC modeling
of cpgQA with transfer learning, where we consider the CPGs as the target
domain. For the source domain, we explore three different ones: (i) biomedical
scholarly articles, (ii) clinical notes, and (ii) Wikipedia. Our case study is two-fold,
considering two transfer settings:

(1) Unsupervised setting: In this setting, we consider that no labeled training
data is available in the target domain. Hence, we only use the source domain
to train the MRC models in Section 4.2.2. We then perform inference on the
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cpgQA dataset using the trained models. We repeat this experiment for three
different source domains, as mentioned above.

(2) Supervised setting: While no labeled training data is available for CPGs,
to demonstrate the potential of using small-scale labeled training data from
the target domain in the transfer learning setting, we also perform MRC
modeling in the supervised setting. Here, we consider that some labeled
target-domain training data are available and use subsets from the cpgQA
dataset. As the source domain and the MRC model, we pick the best-
performing ones based on the experiments performed in the unsupervised
setting.

To apply transfer learning in this setting, we consider two sub-settings:

(i) Sequential learning: In this setup, the MRC model is sequentially
trained on the source and target domains. As mentioned in Chapter
2, deep learning models require large-scale datasets to learn better
representations of the data instances during training and thus perform
better in the task. Sequential learning ensures the model’s exposure to a
large-scale dataset during training by sequentially training it on a source
domain with a large-scale dataset and then on the target domain with a
small-scale dataset. Thus, it increases the efficiency of the MRC model
in performing the MRC task in the target domain [278, 279].

(ii) Simultaneous learning: In this setup, the MRC model is simultaneously
trained on the source and target domains. Similar to sequential learning,
simultaneous learning ensures that the model is exposed to a large-scale
dataset during training.

To evaluate the model on the cpgQA dataset in the supervised setting, we
perform a 5-fold cross-validation as follows: We divide the cpgQA dataset
into five disjoint subsets (folds) based on 190 unique contexts to avoid data
leakage in the test sets. For sequential learning, we subsequently train the
MRC model on the source-domain dataset and all but one of the folds of
the target-domain dataset. At the end of the training, the remaining target-
domain subset is then used as the test set. We repeat this five times, each
with a different subset excluded from training and reserved for testing. Table
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4-3 shows the number of target-domain training and testing samples (i.e.,
question-answer pairs) in each fold.

We follow the same process for simultaneous learning, except that we train
the MRC model simultaneously on the source and target domain samples. As
the baseline and to show the effect of transfer learning, we also perform a 5-
fold cross-validation using only the target-domain dataset.

Additionally, we experiment with BioADAPT-MRC for both of these settings
[249]. In Chapter 2, we explained how using a trained model (on the source
domain) for inference in the target domain in the aforementioned unsupervised
setting often hurts the model’s performance. We demonstrate this phenomenon in
Section 4.3.4.1.

BioADAPT-MRC addresses this issue and improves model performance using
a deep learning framework incorporating adversarial learning. This approach
leverages both the source domain with a large-scale labeled dataset and the target
domain with an unlabeled or limited labeled dataset for learning. The details of
this methodology are described in Chapter 3. In this study, we experimentally
explore the potential of BioADAPT-MRC in performing the MRC task on CPGs.

4.3 Results & Discussion
In this section, we describe the specifications of the source-domain datasets

used in the experiments, the metrics used to measure the performance of the MRC
models, and the experimental setup. We further report the experimental results
of the case study on MRC modeling of cpgQA using transfer learning. We then
report a thorough error analysis to demonstrate the strengths and weaknesses of
the current state-of-the-art approach in performing the MRC task on cpgQA.

4.3.1 Source-domain Datasets
As mentioned in Section 4.2.3, we consider three source domains for this study:

(i) biomedical scholarly articles, (ii) clinical notes, and (iii) Wikipedia. As datasets
from these domains, we use BioASQ-9B (Factoid) [276], emrQA (Relation subset)
[151], and SQuAD-1.1 [21], respectively. While BioASQ and emrQA are biomedical
domain-specific datasets, SQuAD is a general-purpose dataset with the contexts
from Wikipedia articles and crowd-workers developed the question-answer pairs
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Table 4-2. Specifications of nine pre-trained language models
used in the experiments. (©2023 IEEE. Reprinted from [272].)

Model name Pre-training corpora Pre-trained from Vocabulary size

BioLinkBERT PubMed + Citation Links Between PMC Articles BERT 28895

PubMedBERT PubMed + PMC Scratch 30522

BioELECTRA PubMed Scratch 30522

BioBERT PubMed + PMC BERT 28996

SciBERT Biomedical + Computer Science Literature Scratch 31090

ClinicalBERT MIMIC III BERT 28996

RoBERTa Web crawl Scratch 50265

BlueBERT PubMed + MIMIC III BERT 30522

BERT Wikipedia + BookCorpus Scratch 30522

Table 4-3. Number of target-domain training and testing
samples (i.e., question-answer pairs) in the folds created for 5-
fold cross-validation. (©2023 IEEE. Reprinted from [272].)

Fold Target-domain training set Target-domain test set

1 1012 85

2 939 158

3 856 241

4 869 228

5 712 385

89



[21]. Table 4-4 provides the number of contexts and question-answer pairs in the
training and test sets of these datasets.

The SQuAD-1.1 dataset can be found in the Wolfram data repository2. For
BioASQ-9b, we use the training and test sets from the BioASQ challenge website3.
BioASQ dataset includes four types of questions – yes/no, factoid, list, and
summary. Among them, the factoid question-answering task closely relates to
extractive MRC. Hence, we pre-process the training and test sets to keep only the
factoid questions. In place of text passages, the contexts in the BioASQ training
set consist of PMIDs. Therefore, we further pre-process the BioASQ training data
by retrieving full abstracts from PubMed utilizing the PMIDs. Then, we use these
abstracts as the contexts in the training set. We also remove the entries (from
the training and test sets) that do not have an answer in the context. For emrQA
(relation subset)4, we pre-process the training and development sets following [152].
For both SQuAD and emrQA, we use the development datasets as the test sets.

Target-domain training dataset for BioADAPT-MRC: As explained in
Section 4.2.3, BioADAPT-MRC can utilize unlabeled training datasets from the
target domain. An unlabeled MRC dataset implies that the dataset does not
contain the labels, i.e., question-answer pairs, but the contexts. Hence, as the
unlabeled target-domain training data, we use 10,987 paragraphs, automatically
extracted using Regular Expressions, from 21 other VA/DoD CPGs5. Along with
the benchmark dataset cpgQA, we release this unlabeled training set in our GitHub
repository6 for reproducibility.

4.3.2 Experimental Setup and Training Configurations
We implement the MRC models using PyTorch [257] using the huggingface API

[258]. According to the hyperparameter choices for the MRC tasks provided in [20,
45, 83, 86, 120, 128–131], we select the following ones for all the experiments except
the ones with BioADAPT-MRC: for tokenization – 384 as the maximum sequence
length, 64 as the maximum query length, 128 as the document stride; for training
– 3e−5 as the learning rate, 24 as the batch size, and 3 as the number of training

2https://datarepository.wolframcloud.com/resources/SQuAD-v1.1
3http://participants-area.bioasq.org/datasets/
4https://github.com/panushri25/emrQA
5https://www.healthquality.va.gov/
6https://github.com/mmahbub/cpgQA
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epochs. For the maximum answer length, we choose 200, given the distribution of
answer length in cpgQA (Figure 4-4). To implement the BioADAPT-MRC model,
we follow the default implementation process and hyperparameter setting provided
in Chapter 3. We performed all experiments on a Linux virtual machine with a
single Tesla V100-SXM2-16GB GPU and Intel(R) Xeon(R) Gold 6130 CPU @
2.10GHz.

4.3.3 Evaluation Metrics
For measuring the performance of the MRC models on cpgQA, we use two

metrics widely used in the MRC tasks: Exact Match (EM) and F1-Score (F1).

Exact match: Each question in the cpgQA dataset corresponds to exactly one
correct answer that can be a word, a phrase, or single/multiple sentences. For each
question-answer pair, if the predicted answer matches strictly with the ground
truth answer to the character, then for that data instance, EM is calculated as
1, otherwise 0. Thus, being off by a single character in the predicted answers
results in an EM score of zero. In this way, for the whole dataset, the EM score is
calculated following Equation 4.3.

EM =

∑N
i=1 emi

N
(4.3)

Here, N is the length of the dataset, i.e., the total number of QA pairs in the
dataset, and emi is the exact match score for the ith pair.

F1-score: F1-score is a well-known classification metric used in cases where
precision and recall should be provided equal importance. The basis of the F1-
score in MRC is the number of shared words between the ground truth and the
predicted answers. For each question-answer pair, the F1-score can be calculated
using Equations 4.4 and 4.5.

f1 =
2× Precision× Recall

Precision + Recall
(4.4)

Precision =
TP

TP + FP
; Recall =

TP

TP + FN
(4.5)
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Here, TP is the number of tokens shared between the predicted answer and
ground truth, FP is the number of tokens in the predicted answer but not in the
ground truth, and FN denotes the number of tokens in the ground truth answer but
not in the predicted one.

F1-score for the whole dataset is calculated following Equation 4.6.

F1 =

∑N
i=1 f1i
N

(4.6)

Here, f1i is the F1-score calculated using Equation 4.4 for the ith QA pair.

The range of EM and F1 scores are {0,1} and [0,1], respectively.

Cross-validation score: We perform 5-fold cross-validation (CV) for
experiments in the supervised setting. Since the folds are not evenly distributed
(Table 4-3), we calculate the weighted CV mean (for both EM and F1 calculated by
Equations 4.3 and 4.6) across all five folds following Equation 4.7. We also
calculate the error rates of EM and F1 scores using weighted standard deviation
following Equation 4.8.

CV Mean, µ =

∑5
i=1 sifi∑5
i=1 fi

(4.7)

CV Standard Deviation =

√∑5
i=1 fi(si − µ)2

(M−1)
M

∑5
i=1 fi

(4.8)

Here, M is the number of folds. For a 5-fold CV, M = 5. si is either EM or F1
score calculated over the samples in fold i and fi is the number of samples in fold i.

4.3.4 Experimental Results
In this section, we discuss the experimental results of the MRC models on

cpgQA.

4.3.4.1 Unsupervised Setting
Table 4-5 and Figure 4-6 show the experimental results of MRC models on

cpgQA in the unsupervised setting. As depicted by the low EM and F1 scores on
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cpgQA in Table 4-5 and the drop in performance from source to target domains
in Figure 4-6, the models poorly perform when we transfer knowledge directly
from the biomedical scholarly articles (BioASQ) and clinical notes (emrQA). It
indicates that the CPGs are linguistically different from articles or clinical notes.
These results reaffirm the need for the new biomedical sub-domain – CPGs. We
also notice that when we use a more general-purpose domain such as Wikipedia
(SQuAD) as the source domain, the performance of the MRC models on cpgQA is
higher. It may happen because compared to BioASQ and emrQA, SQuAD consists
of more diverse documents and does not focus on a narrow domain. Moreover, as
shown in Table 4-4, while emrQA is the largest of three datasets with more than
600k samples in the training set, the diversity in the contexts is approximately
64 times less than that of the contexts in the SQuAD dataset. Consequently,
MRC models that are trained on SQuAD may generate comparatively better
generalizable feature representations.

Table 4-6 show the results from the BioADAPT-MRC model and the best-
performing model in Table 4-5 – BioLinkBERT trained on SQuAD. In the rest
of the chapter, we denote the model name BioLinkBERT by its original name
hyphenated with the name of the training data to avoid redundancy. As shown,
BioADAPT-MRC can achieve a 62% EM score with 95% confidence interval
(CI): 59%-65% and 82% F1-score with 95% CI: 81%-84% in the target domain
while retaining high-performance scores in the source domain. This is because the
unlabeled target-domain dataset and adversarial learning enable BioADAPT-MRC
to generate features that reduce domain shift and thus reduce the gap between the
performance of MRC models in the source and target domains.

4.3.4.2 Supervised Setting
Table 4-7 shows the cross-validation scores with 95% CI of MRC models on

cpgQA in the supervised setting. We also show the trends of EM and F1 scores
across five folds of cpgQA used in the experiments (Figure 4-7). As shown, when
trained with only the target domain dataset, the BioLinkBERT-cpgQA model
achieves the worst performance. It may happen because the training dataset is too
small to use the full potential of the model. Nonetheless, when we train the MRC
Model on SQuAD and cpgQA (BioLinkBERT-SQuAD-cpgQA), it achieves higher
EM and F1 scores.
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Table 4-4. Statistics of the source-domain datasets used
in the experiments. (©2023 IEEE. Reprinted from [272].)

Source-domain Datasets Training set Test set

#QA Pairs #Contexts #QA Pairs #Contexts

BioASQ-9b (Factoid) 10,584 3,703 937 930

emrQA (Relation) 621,428 296 101,700 42

SQuAD-1.1 87,599 18,891 10,570 2,067

Table 4-5. Test scores on cpgQA in the unsupervised setting
with nine pre-trained language models and three source domains.
The highest and the second highest scores are highlighted in bold
and italic, respectively. (©2023 IEEE. Reprinted from [272].)

Model Trained on BioASQ-9b Trained on emrQA Trained on SQuAD

EM F1 EM F1 EM F1

BioLinkBERT 0.1668 0.3816 0.0055 0.3311 0.5497 0.7815

PubMedBERT 0.1076 0.2844 0.0082 0.3022 0.5515 0.7742

BioELECTRA 0.0319 0.1457 0.0027 0.1988 0.4941 0.7411

BioBERT 0.0501 0.1855 0.0027 0.2881 0.5369 0.7680

SciBERT 0.0811 0.2387 0.0018 0.3229 0.5232 0.7532

ClinicalBERT 0.0301 0.1497 0.0027 0.2742 0.4950 0.7321

RoBERTa 0.0866 0.2761 0.0027 0.3373 0.4950 0.7335

BlueBERT 0.0137 0.1187 0.0036 0.3327 0.4038 0.6524

BERT 0.0228 0.1533 0.0055 0.318 0.4859 0.7226
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Figure 4-6. Drop in EM scores (top) and F1 scores (bottom)
after direct knowledge transfer from the source domains to
the target domain. (©2023 IEEE. Reprinted from [272].)
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Table 4-6. Test scores on cpgQA in the unsupervised setting with BioLinkBERT-SQuAD and
BioADAPT-MRC. The highest scores are highlighted in bold. (©2023 IEEE. Reprinted from [272].)

Model Source Domain Target Domain

EM EM (95% CI) F1 F1 (95% CI) EM EM (95% CI) F1 F1 (95% CI)

BioLinkBERT-SQuAD 0.8239 0.8167-0.8312 0.8978 0.8928-0.9028 0.5497 0.5202-0.5792 0.7815 0.7634-0.7995

BioADAPT-MRC 0.7812 0.7733-0.7891 0.8712 0.8657-0.8767 0.6180 0.5893-0.6468 0.8229 0.8062-0.8397



Comparing the scores reported in Table 4-7, we can say that the addition of
the source domain dataset, SQuAD, in the training process helps improve the
learning of the MRC model. We also notice that sequential training is better
than simultaneous training – indicating a learning pattern in the transformer-
based MRC model. We also show the experimental results using BioADAPT-MRC
(Table 4-7). Even in the default setting without any hyperparameter optimization,
BioADAPT-MRC outperforms BioLinkBERT-cpgQA and BioLinkBERT-SQuAD-
cpgQA with higher CV mean and lower CV standard deviation, achieving higher
stability in performance across five folds (Figure 4-7). It shows the potential of this
state-of-the-art approach in performing MRC tasks on CPGs.

4.3.5 Error Analysis
In this section, we present a comprehensive three-fold error analysis of the best-

performing MRC model from our experiments by considering the following aspects
of the cpgQA dataset: (i) components of the clinical practice guideline, (ii) types of
questions, (iii) length of answers.

According to our experimental results presented in Section 4.3.4, we choose the
BioADAPT-MRC model (in the supervised setting) for performance analysis.

Components: As mentioned in Section 4.2.1, there are five components in
the guideline which was used to build the dataset: (1) Introductory information,
(2) Background information, (3) Features and overview, (4) Algorithm, and (5)
Recommendations.

To analyze which parts of the guideline are correctly comprehended and
interpreted by the model, we divide the dataset into five subsets according to these
components and then calculate the EM and F1 scores for each of these subsets. An
ideal MRC model that can understand CPGs should be able to answer questions
correctly from each of these parts of the CPG and achieve an exact match score of
1 for each of these parts. Figure 4-8 shows that the model has been able to answer
approximately 80% of the questions from each subset with an exact match to the
ground truth answers. Nonetheless, to build the MRC system more reliable for
future deployment in the healthcare setting, further performance improvement is
required for each of the components of the guideline.

97



Figure 4-7. Exact match (top) and F1 (bottom) scores
with confidence intervals for five folds of cpgQA in the

supervised setting. (©2023 IEEE. Reprinted from [272].)

98



Table 4-7. Test scores on cpgQA in the supervised setting. The highest
scores are highlighted in bold. (©2023 IEEE. Reprinted from [272].)

Model CV Mean ± CV Standard Deviation and Confidence Interval

EM EM (95% CI) F1 F1 (95% CI)

BioLinkBERT-cpgQA 0.4831±0.0853 0.4535-0.5127 0.7076±0.0691 0.6860-0.7292

BioLinkBERT-SQuAD-cpgQA (Simultaneous) 0.6974±0.0240 0.6701-0.7246 0.8678±0.0173 0.8525-0.8830

BioLinkBERT-SQuAD-cpgQA (Sequential) 0.7767±0.0185 0.7520-0.8013 0.9071±0.0112 0.8937-0.9206

BioADAPT-MRC (Supervised) 0.7876±0.0155 0.7634-0.8118 0.9149±0.0087 0.9019-0.9279

Figure 4-8. Error analysis for MRC modeling of cpgQA, considering the types of
components in the guideline in the answers. (©2023 IEEE. Reprinted from [272].)
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Figure 4-9. Error analysis for MRC modeling of cpgQA,
considering the types of interrogative words/phrases in the

questions in the answers. (©2023 IEEE. Reprinted from [272].)
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Figure 4-10. Error analysis for MRC modeling of cpgQA, considering the
length (number of words) in the answers. (©2023 IEEE. Reprinted from [272].)
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Question types: The cpgQA dataset consists of eight types of questions
based on eight different interrogative words/phrases: “What, When, Which,
How, Who, Why, Where, Is there”. Figure 4-9 shows the capability of the MRC
model to answer different types of questions present in the dataset. According
to the EM scores, while the model can correctly answer most of the questions
with the interrogative word “Who”, it struggles the most with questions with the
interrogative word “Where”. There is also plenty of room for improvement for other
question types such as “Is there”, “Why”, “Which”, etc.

Answer length: cpgQA dataset consists of answer spans ranging from 1 word to
194 consecutive words. An ideal MRC model should be able to capture all ranges
of answer spans. To show the influence of answer length on the performance of the
model, in this experiment, we divide the dataset based on “binned” answer length.
As the dividing criteria, we use 15 percentiles for granularity, and we group the
dataset into seven disjoint bins as follows:

bin-1: (0th − 15th percentile] =⇒ (0− 3 words]

bin-2: (10th − 30th percentile] =⇒ (3− 5 words]

bin-3: (30th − 45th percentile] =⇒ (5− 8 words]

bin-4: (45th − 60th percentile] =⇒ (8− 12 words]

bin-5: (60th − 75th percentile] =⇒ (12− 18 words]

bin-6: (75th − 90th percentile] =⇒ (18− 31 words]

bin-7: (90th − 100th percentile] =⇒ (31− 194 words]

Figure 4-10 shows that the model does remarkably well with smaller answer
spans, i.e., short answers. As the answer length increases, the model struggles to
predict the start and end token positions (of the answer span) that exactly match
the ground truth.

Model’s capability to identify ground truth answer locations: Last but
not least, we demonstrate whether the model can identify the location of the
ground truth answer in cases where it is unable to find the exact match. We do this
by calculating the percentage of test samples which do not have an exact match
but an overlap between words in the predicted and ground truth answers. Figure
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4-11 shows that approximately 6.7% mispredicted answer spans have 100% overlap
with the ground truth, whereas only 1.3% mispredicted samples have no overlap. It
indicates that while the model is struggling to find the exact answer spans for all
the questions in the test set, it is able to identify their location most of the time.

The overall error analysis indicates that while, in this study, the best-performing
model performs well in various scenarios, there is still much room for potential
improvement.

4.4 Limitations of cpgQA
While the cpgQA dataset contains most parts of the guideline, it omits the

tables embedded in the appendix of the guideline. These tables contain additional
information on diagnosis, treatment, recommendations, etc. Thus, a future research
direction that can stem from this work is incorporating the tabular data into the
text-based cpgQA dataset to generate a multi-modal dataset, similar to the Finance
dataset presented in [280]. Furthermore, we used only one guideline to build the
benchmark cpgQA dataset due to resource constraints, which resulted in a smaller
dataset. Additionally, the dataset, in its current state, does not contain cases
where no answer can be found in the provided context. While cpgQA provides a
well-informed baseline for the MRC task on CPGs, including more guidelines and
sample cases with no answers will enlarge and diversify the dataset and help us
increase the reliability of the MRC models.

Disclaimer: The sole purpose of cpgQA is to evaluate the state-of-the-art
machine reading comprehension models and pioneer the research in the sub-domain
– clinical practice guidelines – in biomedical machine reading comprehension. The
dataset is not intended as a resource for patient care and should not be used as
such.

4.5 Conclusion
Clinical practice guidelines are intricate biomedical narratives that are crucial

resources at the point of care, as they provide the most up-to-date and
authoritative recommendations necessitated by a consistent and well-defined clinical
decision-making process. In recent years, several research studies have dedicated
their efforts to the biomedical MRC task, primarily focusing on resources such as
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Figure 4-11. Percentage of test samples which do not have an
exact match but an overlap between words in the predicted and
ground truth answers. (©2023 IEEE. Reprinted from [272].)
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scholarly articles and clinical notes. However, an unexplored area that still awaits
investigation is using clinical practice guidelines. In this work, we have explored the
clinical practice guidelines for the biomedical MRC task and identified them as a
new problem domain. We have presented a benchmark dataset – cpgQA – manually
annotated using a guideline with assistance from SMEs. We have then evaluated
the dataset by presenting a thorough case study on transfer learning with
state-of-the-art transformer-based language models. Finally, we have investigated
the shortcomings of the state-of-the-art approach in performing the MRC task on
cpgQA and identified possible future research directions by performing a three-fold
error analysis.
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CHAPTER 5

IDU-QA: MACHINE READING
COMPREHENSION TO EXTRACT
INFORMATION ON INJECTION DRUG USE
FROM CLINICAL NOTES

The results discussed in this chapter are derived using clinical notes obtained
from MIMIC-III [135] and have yet to be officially published. Nonetheless, the
methods employed in this chapter have been implemented in a real-world scenario
[281], the results from which have been made available as a pre-print publication
[281] along with the methodologies. Therefore, much of the content in this chapter
is taken without alteration from the pre-print article [281] by Maria Mahbub,
Ian Goethert, Ioana Danciu, Kathryn Knight, Sudarshan Srinivasan, Suzanne
Tamang, Karine Rozenberg-Ben-Dror, Hugo Solares, Susana Martins, Edmon
Begoli, and Gregory D. Peterson. The authors’ contributions to the pre-print article
are as follows: MM, ID, and EB conceptualized the task. MM designed the study,
generated data, investigated, developed methodology, performed experiments, and
wrote the article with comments and reviews from ID, KK, SS, ST, KR, SM, EB,
and GDP. MM and ID performed the formal analysis. IG curated data. ST and
KR assisted in dataset generation. HS validated data. EB and GDP supervised the
primary author.

In this chapter, we expand the application of biomedical machine reading
comprehension (MRC) to another unexplored area – MRC on clinical notes
containing information related to injection drug use (IDU). This study aims to
extract patients’ IDU information from clinical notes using an MRC system.
Extracting IDU behaviors from patients’ electronic health records (EHR) is difficult
because there is no International Classification of Disease (ICD) code, and the only
place IDU information can be indicated is unstructured free-text clinical notes.
Although NLP can efficiently extract this information from unstructured data, no
validated tools exist. To address this gap in clinical information, we design and
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demonstrate an MRC framework, IDU-QA, to extract information on IDU from
clinical notes. Unlike other methods discussed in the literature, the MRC model
can extract various types of information without being constrained by predefined
entities, relations, or concepts. Due to the unavailability of an MRC dataset for
this specific problem, we have designed our study as a two-part investigation:
(1) generating a reference MRC dataset and (2) developing and testing the
MRC model. To build the dataset, we use a combination of manual exploration,
consultation with subject-matter experts, and rule-based NLP techniques. However,
given the sensitivity of the subject matter and use cases of the MRC dataset, the
final dataset still needs to be validated by subject-matter experts (SMEs) to ensure
high quality. Therefore, we call this MRC dataset a “reference dataset”. In our
experiments, this reference dataset serves as the reference against which we measure
the MRC models’ performance using the evaluation metrics.

We start the chapter with a brief overview of the motivation and a description
of the pipeline used for generating the reference dataset. Subsequently, we delve
into the process of building and evaluating MRC systems using this dataset. To
enhance the performance of the MRC model within this new problem domain with
a comparatively smaller dataset, we employ transfer learning, including but not
limited to the BioADAPT-MRC framework introduced in Chapter 3. Additionally,
we demonstrate the MRC model’s ability to extract IDU-related information from
temporally out-of-distribution data. Finally, we end the chapter with a thorough
error analysis of the MRC model to identify its strengths and weaknesses in
effectively extracting IDU-related information from clinical notes.

5.1 Motivation
IDU is a critical health concern in the United States and internationally [282].

Most people begin using illicit drugs through other modes of administration,
such as smoking, intranasal absorption, or oral ingestion. As dependence grows,
individuals tend to prefer the intravenous (IV) route of drug administration,
injecting drugs directly into the veins, as it offers stronger and more immediate
effects [283]. The number of people who use IV drugs increased almost fivefold from
2011 to 2018 according to estimates in [284], whereas the number of IDU-related
overdoses increased eightfold from 2000 to 2018 [285].
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IDU is a highly dangerous practice, which can lead to complicated medical
conditions such as abscesses and cutaneous infections, scarring and needle tracks,
endocarditis, HIV/AIDS, Hepatitis C, overdose and deaths [282, 286–289]. An
increase in IDU is also associated with an increase in morbidity and mortality
[290–292].

Accurately identifying IDU behaviors in patients is crucial for risk assessment
and detection of patients who can benefit from harm reduction interventions to
potentially prevent IDU-related morbidity and mortality potentially [13, 293]. In
the literature, IDU-related information extraction has been studied along with
other socio-behavioral determinants of health (SBDH). Considering and including
SBDH such as prior incarceration, substance use (regardless of administration
mode), treatment attitude, psychological distress, and interpersonal violence
improve patient mortality and enhances the prediction of medication adherence,
hospital readmission, and suicide attempts [294, 295].

Despite the growing interest, SBDH such as IDU is not identifiable in patients’
electronic health records (EHRs) through ICD codes; although not systematically
assessed, it can be documented in clinical notes [15, 16]. While structured data
fields derived from EHRs may provide some information about risky drug use
behaviors and morbidities related to IDU, the clinical progress note is the only
place it can be explicitly documented [13]. Despite being clinically meaningful
and having the potential to identify patients that can benefit from harm reduction
interventions, care providers often struggle to retrieve these data points from EHRs,
and evidently, the exclusion of this data may result in overall reduced quality of
care [296, 297].

Natural language processing (NLP) can help extract SBDH-related information
from clinical notes and expand the utility of such information in patient care
[298–300]. NLP is a branch of computer science that involves automated learning,
understanding, and generation of natural languages, enabling the interactions
between machines and human languages. Although NLP deals with a variety of
tasks involving unstructured text data (e.g., event prediction [14], entity recognition
[301], information extraction [272], and relation extraction [302]); in this chapter,
we use MRC task to automatically extract information related to IDU from clinical
notes in EHRs.
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Although not specific to IDU, several studies have focused on identifying
clinical concepts or information on substance use disorders (SUD) using NLP [19,
300]. Various NLP techniques have been used in these studies to extract SUD-
related information. The stemming algorithm has been used to identify words and
phrases associated with mental illness and substance use in clinical notes [303,
304]. Dependency structure has been utilized to capture relationships between
phrases and tokens in the substance use statement [19]. Word-embedding models
have been employed to identify alcohol and substance abuse status [299]. MRC
has been applied to extract predefined sets of clinical concept categories and
relation categories, such as relations of medications with adverse drug events and
SBDH [300]. Multi-label text classification and sequence labeling have been used
to identify sentences containing labeled arguments about drug use [305]. Topic
modeling and keyword matching techniques have been leveraged to extract drug
use–related information [18]. Techniques such as active learning [306], multi-
label classification [307–310], concept extraction, and joint extraction of entities
and relations have been employed to extract information about drug use [17].
Researchers have also focused on identifying drug use information by using NLP-
specific techniques to detect opioid use disorder and predict overdose [311–322].
In the literature, we found one research study focused exclusively on IDU. The
study has utilized rule-based algorithms, such as regular expressions (RegEx),
NegEx [323], and N-grams to search for IDU-related terms, with the objective of
identifying people who inject drugs (PWIDs) [13].

Although these techniques have been shown to perform relatively well in
extracting drug use–related information from clinical notes, they are constrained
by a set of predefined entities, labels, or relations and, as such, may not generalize
well when presented with unseen types of entities/labels/relations [17, 302, 307,
324]. Moreover, only a few of these works focus solely on IDU-related information
extraction [13], which is the theme of our study. Since evidence of IDU cannot be
found in structured EHR data and therefore must be inferred from clinical notes,
this study’s sole focus on IDU aims to help understand how this phenomenon is
represented in unstructured notes data and augment techniques that have used
NLP techniques less generalizable to this population.

We focus on extracting IDU-related information from clinical notes by
formulating the problem as an MRC task. To the best of our knowledge, there has
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been no published attempt at developing an MRC algorithm to extract IDU-related
information from clinical notes.

In this MRC task, given a query and a clinical progress note, an MRC model
would return the relevant answer verbatim from the note as the extracted
information. Thus, an MRC system is tasked with learning to read and comprehend
the clinical progress note provided a query and then to extract information
consisting of consecutive words from the notes relevant to the query from that note
(Figure 5-1).

Because extracted answers are not derived using a predefined set of labels or
entities and the dependencies/relationships between the words in the answers are
not constricted in any way, this method provides more flexibility in identifying
relevant information.

The most streamlined way to solve the MRC task is by using state-of-the-art
Bidirectional Encoder Representations from Transformers (BERT)-based models
[20, 83]. BERT models are efficient deep neural networks that can evidently achieve
comparable performance in extracting targeted information from different types
of biomedical documents, such as scholarly articles [83, 249], clinical practice
guidelines [272], electronic medical records [151], etc. Nonetheless, evidence
suggests that these supervised deep learning models require high-quality and
large-scale annotated datasets to achieve comparable performance [20–22] and the
absence of such a dataset for our targeted MRC task poses a critical challenge. An
annotated MRC dataset consists of data samples where each sample is a triplet
with a context (e.g., clinical progress note), a question, and an answer taken
verbatim from the context (i.e., the extracted information).

To overcome the challenge of annotated MRC data availability, we build a high-
quality reference MRC dataset that includes clinical notes as contexts and question-
answer pairs specific to IDU in collaboration with subject matter experts (SMEs).
We then build and evaluate an effective MRC system using this reference dataset.
We also perform an error analysis to identify the strengths and weaknesses of our
MRC system to inform future research.
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Figure 5-1. A sample clinical progress note featuring questions about the patient’s IDU
behavior with extracted IDU-related information color-coded in the note. (Reprinted from [281].)



5.2 Material & Methods
In this section, we elaborate on the formulation of this study, the IDU-QA

framework, along with its two components: (i) Reference dataset generation and
(ii) modeling (Figure 5-2).

5.2.1 Problem Formulation
We formulate the information extraction task as an MRC problem in NLP in the

following manner: Given a question on patients’ behavior about IDU and a clinical
progress note with IDU-related information (i.e., the context), an MRC system
retrieves the relevant information (i.e., the answer) from the provided note.

For example, given the following question Does the patient have a history of
IDU? and clinical progress note pt X, 200 yrs old . . . he has a history of smoking
with 50 pack years, quit 10 years ago . . . social ethanol user . . . no history of
idu . . . remote history of marijuana use . . . family hx: . . . physical exam: . . .
provider: name. – the MRC system is expected to return the answer no history of
idu – verbatim from the note.

5.2.2 Reference Dataset Generation
MRC is a supervised NLP learning task and, as such, requires an annotated

reference dataset for model development and inference. In an MRC dataset, each
sample comprises a triplet consisting of the context, a question, and an answer,
with the question-answer pairs serving as annotations. To generate a reference
dataset from clinical notes, which serve as the context, we employ a three-stage
process outlined in Figure 5-2: (1) question collection, (2) context processing, and
(3) reference-answer extraction.

5.2.2.1 Question Collection
We initialize the process of question collection for the dataset by asking SMEs

about the kind of information on IDU they are interested in from the clinical notes.
We then generate a set of questions based on their interest. Table 5-1 shows the
nine categories of interest. In the rest of the chapter, we use the term “Query
Group” to imply categories of interest.

Table 5-1 also provides sample questions and answers for each query group.
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Figure 5-2. IDU-QA: Framework for a two-part study for extracting information on IDU behavior in patients
from clinical notes. The first part consists of reference dataset generation in three primary steps, and the

second part consists of MRC model development from implementation to inference. (Reprinted from [281].)



One query group targets to extract one type of information from the notes
pertaining to that group. Thus, one question per query group should suffice to
extract IDU-related information for that group. For example, for the query group
“drug names”, we can use the question “Which IV drugs has the patient used?”
to extract any information about IV drug names from the notes. However, we
anticipate our system to be used as a standalone application – a more user-friendly
MRC tool to collect IDU evidence – and to be capable of handling different styles
of questions posed by clinicians. Moreover, we also want our model to understand
the questions from each query group rather than memorize them, and incorporating
only one question from each query group would encourage memorizing behavior.

Therefore, to ensure that the MRC model can handle a wide range of user
queries and extract information from clinical notes accurately, we include multiple
versions of the same question for each query group. These different versions are
designed to extract the same information from the notes, which helps to increase
the models’ flexibility, comprehensiveness, and robustness. We achieve this by
including appropriate abbreviations, synonyms, and syntactical variations:

• Abbreviations: “Is the patient actively using intravenous drugs?” → “Is the pt
actively using intravenous drugs?”, “Is the patient actively using intravenous
drugs?” → “Is the patient actively using iv drugs?”, etc.

• Synonyms: “Does the pt have a history of using intravenous drugs?” → “Does
the pt have a history of using injection drugs?”, “Does the pt have a history of
IDU?” → “Does the pt have a history of IVDU?”,

• Syntactical variations: “Which iv drugs has the patient used?” → “To which
iv drugs has the patient been exposed?”, “Does the pt have a history of
IVDU?” → “Has the pt ever used IV drugs?”

It should be noted that when identifying abbreviations and synonyms to be
used in questions, we only choose terms and variants that clinicians commonly use.
Examples of these terms and variants include “patient” and “pt”, “intravenous” and
“iv”, “history” and “hx”, and “IVDU” and “IDU”. And, to ensure that we were able
to accurately capture the nuances of possible language usage in the questions with
regard to syntactical variations, we sought the guidance of SMEs.
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Table 5-1. Types of information about IDU that are most likely to be inquired by
clinicians from the clinical notes, categorized into nine query groups. Abbreviations:

ivdu, intravenous drug use; bnz, benzodiazepines. (Reprinted from [281].)

Query Groups Sample Question
→ Sample Answer

Drug names Which iv drugs has the patient used?
→ hx of iv heroin abuse, cocaine, and bnz

Visible signs of IDU Does the patient have any needle track marks?
→ track marks noted over bilateral upper extremities

Risky needle-using
behavior

Has the patient ever shared needles?
→ hx of ivdu, has shared needles in the past few weeks

Active/historical use Is the patient actively using iv drugs?
→ h/o active iv drug use

Frequency of use How frequently has the patient used iv drug?
→ history of ivdu (reports daily use of heroin)

Last use When did the patient last use iv drugs?
→ daily use of iv heroin with last use 4 days prior to
admission

Skin popping Does the patient have any history of skin popping?
→ diffuse scarring from skin popping on lower extremities

Self-harm reduction
interventions

Has the patient been counseled on safe injection
technique?
→ discussed the importance of using clean needles with
patient should he continue to inject drugs

Existence of IDU Does the patient have any history of IDU?
→ no ivdu or h/o sharing needles
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5.2.2.2 Context Processing
The contexts in the reference dataset are clinical notes that contain some

IDU-related information. To guarantee that the clinical notes include information
relevant to IDU and narrow down the notes accordingly, we use a list of
keywords/phrases indicative of IDU (refer to Table 5-2), which has been developed
by SMEs. SMEs followed an iterative approach to create this list. They began by
compiling a list of common terms related to IDU, which they then refined by
reviewing the associated snippet. They removed terms that caused excessive noise,
such as “slamming” and “drug paraphernalia,” and added terms like “skin popping”
to enhance granularity. The experts received extensive training to sort and/or
define the snippet categories, and they validated the terms to ensure their accuracy.

For our study, we assumed that the presence of any of these IDU-related
keywords indicates the presence of relevant information pertaining to IDU in the
note. Hence, we discard the notes that do not contain any of the words/phrases
provided in Table 5-2, suggesting the possible non-existence of any IDU-related
information in that note. As shown in Table 5-2, this list can be categorized into
the following groups: IV drug names, visible signs of IDU, risky needle-using
behavior, skin popping, self-harm reduction interventions, and generic IDU terms.

Our final set of clinical notes undergoes minimal cleaning to preserve crucial
information. The preprocessing involves removing multiple consecutive new lines,
white spaces, periods, dashes, and underscores. Additionally, new lines trailing
internal punctuation marks such as commas, colons, semicolons, apostrophes, and
quotation marks are also removed.

5.2.2.3 Reference Answer Extraction
The next step in our dataset generation process is to extract reference answers

(i.e., information related to IDU) from the clinical notes. clinical notes are
inherently lengthy, and manually extracting the reference answers from them
requires a substantial amount of time, rendering the process unfeasible. Therefore,
we devise an automated step-by-step extraction process that incorporates rule-
based NLP techniques, considerably reducing manual effort while retaining high
quality. We base the process on three assumptions:

1. Our MRC task only tackles information extraction (i.e., answering questions)
from one single place (a sentence) in the note at a time.
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Table 5-2. A list of IDU keywords/phrases provided by SMEs.
Abbreviations: ssp, syringe services programs; ivda, intravenous
drug abuse; ris4e, resists infection by sterile syringe safe sex and

education; PWID, people who inject drugs. (Reprinted from [281].)

Keyword Groups Keywords/phrases

IV drug names iv/intravenous/inject(s/ed) heroin/meth/cocaine/crack,
speedball

Visible signs of IDU track marks, skin popping

Risky needle-using
behavior

sharing/shared/dirty needle

Skin popping skin popping

Self-harm reduction
interventions

community/clean/safe syringe service/program, ssp, ris4e,
counseled on safe(r) injection, safe injection technique

Generic IDU terms ivdu, idu, ivda, iv/intravenous/injection drug use/abuse,
inject/injected drug, drug(s) by injection, iv/intravenous
drug injector/injection, illicit iv/intravenous drug,
iv/intravenous drug paraphernalia, suspect injecting,
pwid
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2. The inquired information can be found in a single sentence in the note.

3. If the note contains IDU-related information in multiple locations, each is
considered a separate answer string. Furthermore, multiple answer strings
from the same note are expected to contain different kinds of information that
should be answered by different questions. For example, in the note snippet –
pt has a history of smoking with 50 pack years, quit 10 years ago . . . social
ethanol user . . . has h/o ivdu . . . remote history of marijuana use . . . last
used iv meth 2 years ago . . ., there are two locations where IDU-related
information can be found – has h/o ivdu and last used iv drugs 2 years ago.
In such cases, we consider them as separate answers that are retrieved when
asked the following questions: Does the pt have a history of IDU? and When
did the pt last use iv drugs? .

Given clinical notes, we extract the automated reference answers using rule-
based NLP techniques as follows:

Step 1: Tokenize the sentences in the notes.

Step 2: Identify sentences that contain any of the IDU keywords from Table 5-2 using
regular expression string matching and discard the rest.

Step 3: At this point, the sentences containing the IDU keywords can be ideally
considered the reference answers (i.e., extracted information relevant to IDU).
Nonetheless, our primary aim is to extract IDU-related information from the
notes, but we also want the extracted information to be as precise as possible,
containing lesser nonessential information. A full-sentence answer is most
likely to include nonessential information, which can be further reduced by
using parsing rules.1 An example is transforming the sentence social history:
pt lives with family in [location], quit smoking 10 y ago, occ etoh, denies ivdu
into the phrase denies ivdu.

To create the parsing rules in this study, we randomly sample a set of
sentences and focus on identifying specific phrases that occur together before
or after the IDU keywords and modify or provide information that is crucial
to the IDU-related history of the patient (refer to Table 5-1). These phrases
can be adjacent to or distant from the keywords. For example, pt. lives with

1Parsing rules refer to NLP techniques that can identify specific patterns of text within a string
that represent the concepts of interest while ignoring the remaining text.
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family, denies ivdu. vs pt lives with family, denies any tobacco, etoh or ivdu.
In this example, the phrase “denies” provides crucial information on the IDU
behavior of the patient.

In Table 5-3, we provide a detailed list of these phrases along with the
targeted pattern type, parsing rules, and examples of how they help reduce
the nonessential information from the answers. The parsing rules mainly focus
on identifying patterns stating negative IDU mentions, temporal information,
opioid use disorder specific to IDU, and status of track marks.

As we apply each parsing rule, we check a set of random samples for quality
control. Following the application of these parsing rules, we randomly sample 50
answers and manually analyze their correctness. Although our answer extraction
process can usually identify the correct, concise reference answers from the clinical
notes, we have observed that in certain cases, irrelevant words are also present in
the identified answers. We address this issue in Section 5.3.6.

5.2.2.4 Question-to-Answer Mapping
Finally, to generate the labels (question-answer pairs) of our reference dataset,

we create mappings between the questions from Section 5.2.2.1 and the reference
answers from Section 5.2.2.3. We achieve this by considering the query groups
in Table 5-1. For each query group, we identify a group of words in the reference
answers that are most likely to provide the information inquired by that query
group. Depending on the kind of information we are interested in (reflected by the
query groups), these words can be either the keywords in Table 5-2 or the words
(Table 5-3) that co-occur with the keywords and can help convey the information
inquired by the user. For example, co-occurring words “daily” and “last” describes
the “frequency of use” and the “last use” of IDU, respectively.

Thus, for each query group, we decide on a group of words that are most likely
to help convey the inquired information and map the answers that contain these
words to the questions in that query group (Table 5-1).

In Table 5-4, we present the mappings between the query groups and the words
in reference answers that are most likely to provide inquired information. We also
demonstrate sample answers for each mapping. Note that the answers in one query
group and the answers in a different query may not be mutually exclusive.
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Table 5-3. A detailed list of co-occurring phrases before/after IDU keywords along with the parsing
rules, targeted pattern type, and examples of answers before and after parsing. (Reprinted from [281].)

Targeted Patterns Co-occurring Phrases Before/After IDU
Keywords

Parsing Rules Example Answers Before and After
Parsing

Negations
(nullifying the
existence of IDU/skin
popping/track
marks/needle sharing)

Negation Phrases (NP):
den(ying/ies/ied), no, never

Sentence: <text before NP> NP <text
after NP containing keywords>
Rule: NP <text after NP containing
keywords>

Before: 65y/o m w cardiac procedures,
or recent surgical procedures, admits to
drinking alcohol daily for the past 10
years, denies any history of ivdu
After: denies any history of ivdu

Temporal information
(active/historical/last/
frequency of use)

Temporal Phrases (TemP):
past/remote/distant/prior/previous/former/
active/current/recent/last/long history/hx (or
h/o), daily, occasional, past, remote, distant,
prior, previous, former, active, current, recent,
last, long, intermittent, hpi, history, hx, h/o, pmh

Sentence: <text before TemP> TemP
<text after TemP containing keywords>
Rule: TemP <text after TemP
containing keywords>

Before: pt smokes cannabis, has a h/o
ivdu but none now, went to rehab 2070
After: h/o ivdu but none now, went to
rehab 2070

Additional temporal
information

Additional Temporal Phrases (ATP):
year(s)/yr(s)/month(s)/mnth(s)/day(s)/d/wk/
wks/mos ago

Sentence: <TemP> <text after TemP
and before ATP containing keywords>
ATP <text after ATP>
Rule: <TemP> <text after TemP and
before ATP containing keywords> ATP

Before: last ivdu was 10 days ago, snorts
cocaine occasionally
After: last ivdu was 10 days ago

Opioid/substance use
disorder specific to IDU

Phrases related to Substance use
disorder (SP):
substance/polysubstance use/abuse disorder, sud,
psud, oud, polysubstance, opioid use disorder,
opioid, opiate

Sentence: <text before SP> SP <text
after SP containing keywords>
Rule: SP <text after SP containing
keywords>

Before: 200m w niddm, htn, bipolar
disorder and oud (iv heroin) on
methadone maintenance, recent heroin
relapse
After: oud (iv heroin) on methadone
maintenance, recent heroin relapse

Status of track marks Phrases related to Track Mark status (TMP):
arm(s)/abnormal/multiple/many/several/
healing/healed/old/diffuse/localized/visible/
red/iv/fresh/dark/needle/notable

Sentence: <text before TMP> TMP
<text after TMP containing “track
marks”>
Rule: TMP <text after TMP containing
“track marks”>

Before: comments: extremities: mid line
in upper right arm, scars and old track
marks noted on mid arm
After: old track marks noted on mid
arm



This is because if we find words in an answer that belong to multiple query
groups, then that answer is mapped to all questions from these query groups. For
example, the first sample answer from Table 5-4 – “recent iv meth use” – contains
the words “recent” and “iv meth” from query groups “active/historical use” and
“drug names”, respectively. Hence, this answer will be mapped to all questions in
these two query groups.

5.2.3 Modeling with Machine Reading Comprehension System
In the next step of our study, we develop the MRC model for extracting IDU-

related information using the reference MRC dataset from Section 5.2.2. We use
BERT-based deep learning MRC models where the feature extractor is a trainable
pre-trained BERT-based language model, and the MRC task layer is a single-layer
feed-forward neural network.

Baseline modeling: We experiment with four state-of-the-art pre-trained
language models – BERT [20], BioBERT [83], BlueBERT [130], and ClinicalBERT
[120] – as trainable feature extractors and develop four MRC models.

Provided a sequence of tokens (words or pieces of words) in a question and
a clinical progress note, the MRC model returns the start and end token of
the answer span. Any text between the start and end tokens included is then
considered as the answer (i.e., the extracted information). Together with the
question and the note, the maximum allowable number of input tokens in these
BERT-based MRC models is 512. To handle samples with longer clinical notes,
we follow a widely known technique in MRC modeling – sliding window with a
document stride [20].

Below we provide a brief description of this technique: Given an input question
consisting of 20 tokens, the remaining allowable number of input tokens for the note
is limited to 492 (which is 512 minus the 20 tokens in the question). If the note
exceeds this limit, we employ a sliding window technique to split it into multiple
chunks using a document stride of 128 tokens. The document stride determines the
starting token of each subsequent chunk. After this preprocessing step, each chunk
prepended with the original question tokens is considered a separate data sample.

Modeling with transfer learning: As described in Chapter 2, previous studies
have demonstrated the effectiveness of using an additional high-quality, large-scale
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Table 5-4. Mappings between the query groups and the words
in reference answers most likely to provide inquired information
and example answers for each mapping. (Reprinted from [281].)

Query Groups Words in Reference Answers
Most Likely to Provide
Inquired Information

Sample Answers

Drug names IV drug names from Table 5-2,
opioid, opiate, oud

recent iv meth use

Visible signs of IDU Phrases for visible signs of IDU
from Table 5-2

multiple track marks over
extremities

Risky needle-using
behavior

Phrases for risky needle-using
behavior from Table 5-2

h/o sharing needles with gf

Active/historical
use

Temporal phrases from Table 5-
3, remission

active iv drug user up to day
of admission

Frequency of use daily, occasional, regularly,
often, sometimes, frequently,
intermittent

- iv cocaine daily, ∼$5–
40/day

Last use Additional temporal phrases
from Table 5-3, last, quit, since,
clean

last ivdu >30 years ago

Skin popping Phrases for skin popping from
Table 5-2

h/o drug injections -
skin popping

Self-harm reduction
interventions

Phrases for self-harm reduction
interventions from Table 5-2

patient participates in
clean syringe program

Existence of IDU Negation phrases from Table 5-3 denies any ivdu for many
years

Existence of IDU Remaining answers iv drug user
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reference dataset from the source domain in the training pipeline of the biomedical
MRC models [167, 249]. The reason for this choice is the smaller size of biomedical
MRC datasets often poses an obstacle for the MRC models to achieve comparable
performance. These studies have used various transfer learning settings where the
model’s knowledge is transferred from the source domain to a new less-explored
target biomedical domain with a smaller reference dataset [249, 272]. Thus transfer
learning enables new problem domains to have a smaller dataset and still be able to
achieve good performance in the MRC task.

For our study, we also use two state-of-the-art transfer learning settings –
sequential learning [167, 272] and adversarial learning [249]. In sequential transfer
learning, the MRC model is sequentially trained on the source- and target-domain
instances with the expectation of transferring the model’s knowledge that is
acquired by learning the MRC task on the source domain to the MRC task in the
target domain.

In adversarial learning, the MRC model is simultaneously trained on the source-
and target-domain instances in a game-theoretic learning environment involving the
feature extractor that generates feature representations for both source- and target-
domain samples and a domain discriminator that discriminates these domains,
competing them against each other. The domain discriminator encourages the
feature extractor in the model to reduce the variance in source- and target-domain
feature representations while maintaining good performance in their common task,
MRC. The idea is to use a source domain in which the MRC models have already
achieved human-level performance [21] and retain that performance for the target
domain by bringing the feature representations from the source and target domains
closer to each other. Overall, the purpose of adversarial learning is to ensure that
the MRC model concentrates on performing the MRC task rather than the domain.
A detailed description of the adversarial learning process is provided in Chapter 3.

In both transfer learning settings, as the source domain, we use the widely
explored domain of Wikipedia articles. And as the target, we use our problem
domain – clinical notes with IDU-related information.

5.3 Results & Discussion
In this section, we outline the specifications of our reference dataset, along with

the metrics used to assess the performance of the MRC models. We also describe

123



the experimental setup, followed by a report of the findings from the experiments
with MRC models. Furthermore, we conduct a comprehensive error analysis to
demonstrate the capabilities and limitations of the MRC models in extracting
information related to IDU from clinical notes.

5.3.1 Dataset Statistics
We use clinical notes sourced from the MIMIC-III dataset [135] to construct the

reference dataset. MIMIC-III is a large database that contains health-related data
from over forty thousand patients who were treated in critical care units at the
Beth Israel Deaconess Medical Center between 2001 and 2012. The data in MIMIC-
III is freely available and has been deidentified to comply with Health Insurance
Portability and Accountability Act (HIPAA) standards. The deidentification
process involved removing identifying information such as patient names, contact
details, and dates. Dates in the database were shifted into the future using a
random offset for each patient, preserving intervals and creating stays between 2100
and 2200. Additionally, the dates of birth for patients older than 89 were shifted to
protect their true age, resulting in ages over 300 years in the database [135].

The NOTEEVENTS table in the database contains a total of 2,083,180 notes
pertaining to 46,146 patients. These notes span between 7th December 2097 and
1st October 2210. For our study, we specifically focus on notes that include any
of the IDU-related keywords listed in Table 5-2. Additionally, we narrow down
our selection to notes documented within the initial fifty-year period. As a result,
the timeline considered for our experiment ranges from 22nd June 2100 to 9th June
2150.

To reduce computational overhead during training and because unusually large
notes (determined by the outliers in the distribution of note lengths) may contain
templated nonessential information that is not relevant to any specific patient, we
remove some outlier notes based on the interquartile range of the note lengths. We
later show in Section 5.3.6 that note length does not affect the performance of the
model at the time of inference.

Table 5-5 shows the statistics of our reference dataset. Our cohort consists of
1209 patients with a total of 3265 notes that have an average length of 879.19
words.
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In addition, we examine the distribution of the query groups outlined in Tables
5-1 and 5-4 within the reference dataset. This analysis is illustrated by the pie
chart depicted in Figure 5-3. The dataset is dominated by MRC pairs related
to the “existence of IDU”, as demonstrated. Following closely behind are MRC
pairs about “active/historical use”, whereas the least frequent MRC pairs in
the dataset are those pertaining to “frequency of use” and “risky needle-using
behavior”. It is important to mention that within our set of notes, we did not come
across any instances specifically addressing “skin popping” or “self-harm reduction
interventions.”

5.3.2 Experimental Setup
For experimentation, we divide our reference dataset into train, test, and

validation sets using an 80-10-10 split based on patients to avoid any data leakage.
To implement the MRC models, we use PyTorch [257]. We use the pre-trained
language models from the huggingface API [258].

Based on the statistics of our reference dataset, we choose 512 as the maximum
sequence length, 20 as the query length, and 100 as the answer length. After
reviewing the hyperparameters utilized in various MRC tasks as outlined in [20,
45, 83, 86, 120, 128–131, 272], we set the document stride to 128 and opted for
a batch size of 32, a learning rate of 3e−5 and a training epoch count of 3 for the
training configurations. As the adversarial learning-based MRC model, we use the
BioADAPT-MRC model from Chapter 3 and follow the default implementation
process [249]. As the feature extractor in BioADAPT-MRC, we use the best-
performing model, ClinicalBERT, from the baseline modeling experiments. As the
source-domain dataset in adversarial and sequential learning–based MRC models,
we use the SQuAD dataset [21], which has 87599 samples, built from Wikipedia
articles and manually annotated by crowd workers. We performed all experiments
using a single GPU on a Linux virtual machine with two GRID V100-32C GPUs.

5.3.3 Metrics
To assess how well the MRC models can extract information related to IDU from

the reference dataset, we employ three widely used metrics in MRC tasks: Exact
Match (EM) Score, Perfect Recall Score, and F1 Score.
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Table 5-5. Statistics of the reference dataset.

Property Statistics

#Patients 1209

#Notes 3265

#Notes per patient (average) 2.70

#Samples in dataset 33028

#MRC per note (average) 10.12

Note length (in words) 879.19 (average), 924 (median), 1604 (max)

Question length (in words) 6.33 (average), 7 (median), 14 (max)

Answer length (in words) 7.41 (average), 5 (median), 37 (max)

Figure 5-3. Distribution of the query groups in the reference dataset
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The EM score for a data instance is determined by whether the predicted answer
exactly matches the reference answer character-for-character. If there is a strict
match, the EM score is 1; otherwise, it is 0. This means that even being off by a
single character will result in an EM score of zero.

Perfect recall examines if the predicted answer contains the reference answer. If
that is the case, then the perfect recall score is 1; otherwise, it is 0. Although this
metric is less strict than the EM score, there is a potential issue with the predicted
answer being the entire context. We address this concern in Section 5.3.6, where we
compare the percentage overlap of the predicted answer with the context to that of
the reference answer with the context.

The F1 score is a widely used classification metric that assigns equal importance
to precision and recall, making it more lenient than EM or Perfect Recall score.
An MRC model can make two types of errors: False Positive (FP) when the model
extracts words that are not in the reference answer and False Negative (FN) when
the model fails to extract words that are in the reference answer. The F1-score
takes into account both of these errors by taking the harmonic mean of precision
and recall in its measurement, providing a balanced measure of how the MRC
model is performing. Precision is calculated as the ratio of correctly extracted
words in the predicted answer to the total number of words in the predicted
answer, whereas recall is calculated as the ratio of correctly extracted words in the
predicted answer to the total number of words in the reference answer. Equations
4.4 and 4.5 can be used to calculate the F1 score for each question-answer pair.

The range of EM, Perfect Recall and F1 scores are {0,1}, {0,1}, and [0,1],
respectively.

5.3.4 Results on Reference Test Set
This section focuses on examining the experimental outcomes of the MRC

models and demonstrates their performance on the test set of our reference dataset.
As shown in Table 5-6, in our baseline modeling experiments, ClinicalBERT
outperforms other BERT-based baseline models. An exact match of ∼65% and a
perfect recall of ∼78% for ClinicalBERT implies that ClinicalBERT can extract
IDU-related information 78% of the time and 65% of the time the extracted
information is an exact match with the reference answer. A high F1 score of ∼82%
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indicates that the ClinicalBERT model can extract a high percentage of correct
information while achieving high precision in those extracted answers.

We use ClinicalBERT as the baseline model for our next experiments.

Table 5-7 shows the experimental results for the transfer learning settings
– sequential and adversarial learning, using the best-performing ClinicalBERT
model and SQuAD dataset. The results indicate that transfer learning, especially
adversarial learning, improves the overall performance of the MRC model from the
baseline.

5.3.5 Temporal Out-of-Distribution Testing
The writing style of clinical notes may change over time because of changes in

clinicians, health care facilities, patients, etc. [325]. Given the purpose of our MRC
model, it is imperative to examine whether the performance of our MRC models
is retained over time. Therefore, we perform additional testing of the models from
Table 5-7 on unseen data. We examine the MRC models’ short-term and long-term
information extraction capabilities by testing on clinical notes from two additional
cohorts.

To select these cohorts, we consider the clinical notes in the NOTEEVENTS
table, which were recorded after 9th June 2150 (the cutoff date for our reference
dataset as described in Section 5.3.1) and contain at least one of the IDU-related
keywords listed in Table 5-2. The chart dates of these notes span a 58-year time
window, ranging from 24th June 2150 to 30th April 2208.

For testing the short-term capability, we use notes from the first 29-year period
spanning from 24th June 2150 to 14th June 2179. And, to assess the long-term
capability, we use notes from the last 29-year period ranging from 24th June 2179
to 30th April 2208.

To avoid data leakage, we use patients and their notes that did not appear in the
training set of our reference dataset. We use the method described in Section 5.2.2
for building the test datasets using these notes. For the rest of the chapter, we
use the terms “Cohort-Short” and “Cohort-Long” to represent temporally out-
of-distribution notes in the first 29-year period and the last 29-year period,
respectively. Table 5-8 shows the statistics of the test datasets built using Cohort-
Short and Cohort-Long. We also show the distribution of query groups in these test
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Table 5-6. Performance scores of baseline MRC models
on the test set. The highest scores are highlighted in bold.

Model EM Perfect Recall F1

BERT 61.66 77.11 80.99

BioBERT 63.26 78.70 81.13

BlueBERT 55.96 74.11 77.99

ClinicalBERT 64.93 78.20 81.73

Table 5-7. Performance scores of the best baseline (ClinicalBERT),
sequential learning, and adversarial learning–based MRC models

on the test set. The highest scores are highlighted in bold.

Model EM Perfect Recall F1

Baseline 64.93 78.20 81.73

Sequential Learning 66.42 79.86 82.59

Adversarial Learning 66.72 78.30 83.20
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datasets in Figures 5-4 and 5-5. As shown, the distribution of the query groups
is similar for the additional test sets and our original reference dataset (refer to
Figure 5-3).

Table 5-9 shows the performance of the baseline, sequential learning, and
adversarial learning–based models. As shown, for both test datasets, our MRC
models perform with high scores, reflecting their possible competence in extracting
information over time. Nonetheless, more experiments are necessary to draw any
conclusion about this capability. The comparative analysis of the three models in
Table 5-9 shows that overall, the adversarial learning–based model outperforms the
others, indicating the effectiveness of adversarial learning–based transfer learning in
our MRC task. However, more experiments are needed to ascertain the effectiveness
of adversarial learning in this scenario.

5.3.6 Error Analysis
In this section, we provide a comprehensive analysis of the strengths and

weaknesses of our best-performing model, which is the adversarial learning–based
MRC model, in extracting IDU-related information. We perform a fivefold analysis
as follows: Examine the (i) confidence intervals of the performance scores, the effect
of (ii) note length, (iii) question length, and (iv) reference answer length on the
performance of the MRC model, and (v) the performance of the MRC model for
each query group. Furthermore, we showcase the proficiency of the MRC model in
retrieving information related to IDU. For our error analysis, we consider all three
of our test sets – the test set in our reference dataset and the test datasets from
Cohort-Short and Cohort-Long.

Confidence Intervals of Performance Scores: We calculate the confidence
intervals (CI) for EM, Perfect Recall, and F1 scores achieved by the
best-performing MRC model to represent how “good” these estimates are and thus
quantify their uncertainty. Smaller confidence intervals demonstrated in Table 5-10
indicate that our estimates are precise with a high level (95%) of confidence.

Effect of Note Length: Clinical notes have varying lengths – they can be as
short as eight words up to as long as approximately 5787 words, based on the
statistics of our test datasets. Therefore, we want the MRC model to perform
consistently well for all lengths of clinical notes.
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Table 5-8. Statistics of the additional test datasets built using Cohort-
Short and Cohort-Long. The highest scores are highlighted in bold.

Property Statistics

Test Dataset
(Cohort-Short)

Test Dataset
(Cohort-Long)

#Patients 1031 799

#Notes 2186 1852

#Notes per patient (average) 2.12 2.32

#Samples in dataset 22507 15693

#MRC per note (average) 10.30 8.47

Note length (in words) 1300.80 (average), 1170
(median), 5379 (max)

1373.61 (average), 1213
(median), 5787 (max)

Question length (in words) 6.32 (average), 7
(median), 14 (max)

6.27 (average), 7
(median), 14 (max)

Answer length (in words) 7.19 (average), 5
(median), 36 (max)

7.36 (average), 5
(median), 37 (max)
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Figure 5-4. Distribution of query groups in the
additional test dataset built using Cohort-Short.

Figure 5-5. Distribution of query groups in the
additional test dataset built using Cohort-Long.
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Table 5-9. Performance scores of the best baseline (ClinicalBERT),
sequential learning, and adversarial learning–based MRC models on

the additional test datasets built using Cohort-Short and Cohort-Long.

Model Test dataset (Cohort-Short)

EM Perfect Recall F1

Baseline 63.78 80.77 81.76

Sequential Learning 63.20 80.13 81.57

Adversarial Learning 64.43 80.12 82.15

Model Test dataset (Cohort-Long)

EM Perfect Recall F1

Baseline 65.14 77.81 80.74

Sequential Learning 65.28 76.72 80.57

Adversarial Learning 65.48 77.87 80.34
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Table 5-10. Performance scores with 95% confidence intervals adversarial learning–based MRC
models on the test set in the reference dataset, test datasets from Cohort-Short and Cohort-Long.

Model EM (95% CI) Perfect Recall (95% CI) F1 (95% CI)

Test Set (Reference) 66.72 (65.36 - 68.05) 78.30 (77.09 - 79.44) 83.20 (82.38 - 84.03)

Test Dataset (Cohort-Short) 64.43 (63.80 - 65.06) 80.12 (79.59 - 80.64) 82.15 (81.75 - 82.56)

Test Dataset (Cohort-Long) 65.48 (64.73 - 66.22) 77.87 (77.21 - 78.51) 80.34 (79.84 - 80.84)



To identify the effect of note length on the MRC model’s performance, we
calculate the length of the contexts (i.e., notes) in the three test sets and bin them
into four quartiles based on their ascending lengths. The x-axis in Figure 5-6 shows
the length range of these bins, whereas the green bars with the right y-axis show
the sample count for each bin. We find that note length does not affect the model’s
performance scores, depicted on the left y-axis of Figure 5-6.

Effect of Question Length: We also examine the effect of question length on
the performance of the MRC model. For this analysis, we adopt the same binning
approach as the one on note length. Figure 5-7 shows that similar to note length,
question length also has no notable effect on the model’s performance scores.

Effect of Reference Answer Length: In our test sets, we have varying
lengths for the reference answers (i.e., extracted information). For successful
implementation, it is essential for the MRC model to be able to extract different
lengths of information from the clinical notes. Using the binning approach
described earlier for the analysis on note length, we find that the MRC model
struggles more with longer answers than shorter answers – demonstrated in
Figure 5-8. There is a higher chance that longer answers may include information
that is not relevant to the specific inquiry (see Section 5.2.2.3). As a result, we
believe that the presence of irrelevant words in these longer answers contributes
to the decrease in the performance of the MRC model for these particular samples.
Therefore, the subsequent phase of this research involves a manual examination of
the lengthy answers in order to eliminate any irrelevant information.

Performance for Query Groups: Based on the information we are interested
in extracting from the clinical notes, we create nine query groups as shown in
Table 5-1. The green bars along with the right y-axis in Figure 5-8 show the
sample count for the query groups in the test sets. The query group “existence
of IDU” dominates the test sets, followed by the query group “active/historical
use”. Interestingly we find that the model performs the best on the query group
“existence of IDU” and struggles the most with the group “skin popping” with the
lowest exact match score. However, for a more fair comparison among the query
groups, we need more test samples for the least appearing groups in our test sets.
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Figure 5-6. Effect of context (note) length on the MRC model’s performance
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Figure 5-7. Effect of question length on the MRC model’s performance
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Figure 5-8. Effect of reference answer length on the MRC model’s performance
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Figure 5-9. Performance of the MRC model for each query group
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Analysis of Perfect Recall: As discussed in Section 5.3.3, the performance
metric Perfect Recall has a potential issue with the predicted answers being the
entire context in cases where they do not exactly match with the reference answers.
To address this concern, we compare the ratio of the predicted answers (that do not
have an exact match of 1) to the contexts with the ratio of the reference answer to
the contexts. Figure 5-10 shows that the distribution of the percentage ratios of the
predicted answers to the contexts is similar to that of the reference answers to the
contexts.

Examples of Predicted Answers: We demonstrate the capability of the MRC
model by showing some randomly selected examples of the predicted answers along
with the questions and reference answers in Table 5-11.

Analysis of Model’s Capability to Identify Whether a Note Contains
IDU-related Information or Not: Our study focuses on extracting IDU-
related information from clinical notes, but ideally, we also want our MRC model to
identify whether the note contains IDU-related information or not. As such, as an
additional analysis, we examine the MRC model’s ability to identify clinical notes
that do not contain any mention of IDU keywords (Table 5-2) and, as such, are
assumed to have no information about IDU. We hypothesize that given a clinical
progress note with no mentions of IDU, the MRC model should return an empty
string because it could not find the information it was asked to retrieve.

To test this, we use the test set in the reference dataset from Section 5.2.2.
Recall that in our context processing step in Section 5.2.2.2, we remove notes that
do not contain any IDU keywords. For this analysis, we incorporate 362 notes from
181 patients with no mentions of IDU keywords. We ensure that these 181 patients
do not have any notes in the data used for training the MRC model but only in the
test set from Section 5.3.2.

To annotate these notes, we use the query group “existence of IDU” as questions
and empty strings as answers. For example, given a note with no mentions of IDU
and the question “Does the patient have a history of IDU?”, the MRC model should
return an empty string. To measure the performance, we consider only the exact
match. Thus, if the predicted answer matches with the empty string, we consider
that a success (exact match score = 1) and otherwise a failure (exact match score
= 0).
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Figure 5-10. Distributions of the ratios of the predicted answers
to the contexts and the ratios of the reference answers to the

contexts. The ratios here are presented in the form of percentages.
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Table 5-11. Examples of answers predicted by the MRC model along with the
question and the reference answers. Abbreviations: ble, bilateral lower extremities.

Question Reference Answer Predicted Answer

Which IV drugs has the pt used? ivda (cocaine, heroin) ivda (cocaine, heroin)

Does the pt have any visible
signs of IVDU?

noted needle track marks on arms bil noted needle track marks on
arms bil

Does the patient have a hx of
sharing needles?

no active iv drug use (thinks he
contracted hep c in college with a shared
needle)

no active iv drug use (thinks he
contracted hep c in college with a
shared needle)

Active vs historical IDU? remote history of iv drug use remote history of iv drug use

When did the patient last use IV
drugs?

past ivdu abuse in 90s past ivdu abuse in 90s - poor
peripheral veins

Does the patient have any
history of skin popping?

he also has one on his rt arm that he says
is from skin popping

one on his rt arm that he says is
from skin popping

Does the patient have a history
of IDU?

no etoh or tobacco, no illicit or ivdu no illicit or ivdu



We find that our MRC model can identify 94.20% of the clinical notes that do
not contain any IDU-related information. Therefore, we can say that while our
MRC model can extract IDU-related information from clinical notes, it also has the
potential to identify the notes that do not contain any.

Reference Answer Validation by SMEs: In Section 5.2.2.3, we explained
that although the automated rule-based reference answer extraction process has
succeeded, some samples still require further nonessential information reduction.
Additionally, it is possible that some answers may contain information related to
family members who use IV drugs instead of the patients themselves. For instance,
“patient reported sadness as his daughter recently died from iv heroin overdose”.

To ensure that our reference answers are of high quality and accuracy and
to maintain the study’s credibility, it is crucial to validate the correctness and
precision of the data using domain knowledge. Therefore, in the future, we plan
to collaborate with SMEs to validate the answers in our reference dataset and the
additional test sets.

5.4 Conclusion
Detection of injection drug use or IDU behavior among patients is crucial for

informed patient care. In this chapter, we have tackled the challenging task of
extracting IDU-related information from clinical notes. We have built a framework
IDU-QA to generate a reference MRC dataset using clinical notes and develop an
MRC model that takes in a clinical progress note and end-user query on IDU to
return the information on IDU extracted from the note. The dataset generation
process involved a combination of manual exploration and rule-based NLP
techniques. The outcomes of our MRC model are only influenced by the questions
asked by the user and not by any predefined entities, relations, or concepts. We
have conducted a comprehensive evaluation of the MRC model using our generated
dataset. Furthermore, we have performed an additional evaluation to assess the
capability of our trained MRC model to extract information from notes that are
temporally out-of-distribution. Finally, we have thoroughly examined the strengths
and limitations of the MRC model by conducting an error analysis to identify
potential avenues for future research.
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CHAPTER 6

CONCLUSIONS & FUTURE WORK

Unstructured text data in the biomedical field encompasses various types of
documents, including scientific literature, clinical notes, psychotherapy notes,
medical examinations, and practice guidelines. These unstructured data hold
significant value for healthcare professionals as they can aid in clinical decision-
making, enhance patient care and outcomes, and provide deeper insights. However,
unlike structured data that is organized and easily searchable, text data is often
irregular and disorganized. Consequently, extracting meaningful information from
unstructured text data poses unique challenges and requires additional effort.

Recent advancements in machine learning and natural language processing
techniques have facilitated the extraction of valuable information from unstructured
biomedical text data in an efficient manner. One notable technique is machine
reading comprehension, which emphasizes understanding complex biomedical
documents and extracting information from them.

While extensive research has been conducted on extracting information using
MRC models from non-biomedical text data, there remains a lack of exploration
in various problem domains involving unstructured biomedical text data. A major
impediment to applying these models to new biomedical problem domains is the
unavailability of large-scale, high-quality annotated datasets required for training
high-performing MRC models. Acquiring subject-matter expertise, which is
necessary for creating such datasets, contributes to this scarcity. One approach to
address this issue is through transfer learning.

This dissertation makes significant contributions toward implementing machine
reading comprehension systems for biomedical problem domains in the absence of
large-scale annotated MRC datasets with transfer learning.

We developed BioADAPT-MRC to enhance performance in the biomedical MRC
task through domain adaptation with adversarial learning. The framework uses
a dataset with a substantial amount of labeled samples from a widely explored
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source domain and another dataset with few or no labeled samples from the target
biomedical domain. We evaluated BioADAPT-MRC on three benchmark datasets
from the BioASQ challenge. We demonstrated that our framework achieved
overall superior performance on these datasets, surpassing previous benchmarks,
without using labels in the target-domain training dataset. The performance
improvement was approximately 7% compared to other state-of-the-art methods.
Additionally, we conducted a comprehensive quantitative study using clustering and
dimensionality reduction techniques to assess the domain adaptation capability,
confirming that our framework has the ability to learn feature representations
that are invariant across two domains, albeit to a certain extent. Furthermore, we
extended our framework to a semi-supervised setting and showcased its efficiency
when different proportions of labeled target-domain data were utilized. We
identified the limitations of our framework by conducting a thorough error analysis
to provide insights for future improvement and investigation. We concluded that
BioADAPT-MRC has the potential to benefit healthcare systems by efficiently
retrieving information from biomedical narratives, thereby preserving the crucial
time and energy of healthcare professionals.

We identified two novel areas of biomedical research where the MRC task
can be advantageous. Firstly, we explored the application of the MRC task on
clinical practice guidelines (CPGs) to extract crucial information such as risk
factors, diagnostic criteria, treatment recommendations, treatment benefits, and
harms. Secondly, we focused on the MRC task applied to clinical notes containing
information about injection drug use (IDU) to identify instances of IDU behavior in
patients.

Given the importance of CPGs in healthcare and the difficulty of efficiently
comprehending lengthy CPGs by healthcare professionals, we identified biomedical
MRC tasks on CPGs as a new problem domain that can assist clinicians in
interpreting them. We curated a benchmark validation dataset called cpgQA, which
consists of 1097 context-question-answer triplets. The dataset was meticulously
annotated with the help of subject-matter experts and a guideline. To thoroughly
evaluate the dataset, we employed state-of-the-art pre-trained language models.
Considering the scarcity of labeled data, we utilized transfer learning and the
BioADAPT-MRC framework. The results showed that 78% of the answers
predicted by our best-performing MRC model match the answers in the cpgQA
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dataset. Additionally, we comprehensively conducted an error analysis to examine
the shortcomings of the existing method for the MRC task on the cpgQA dataset
and proposed potential directions for future research. Our objective in providing
this dataset is to foster the development of MRC systems that enable efficient and
intelligent interpretation of CPGs in the healthcare domain.

Furthermore, we tackled the complex task of retrieving information from clinical
notes on injection drug use (IDU) by formulating it as an MRC task and building
a framework IDU-QA. Our developed MRC framework incorporates rule-based
NLP techniques and manual exploration to generate a reference dataset and an
MRC model that accepts a user query regarding IDU and a clinical progress note
as input to retrieve the relevant information on IDU from the note. We utilized a
dataset constructed from clinical notes from MIMIC-III to assess the performance
of the model. We applied sequential transfer learning and the BioADAPT-MRC
framework to enhance model performance. The results showed that 67% of the
answers predicted by our best-performing MRC model match the reference answers.
It also showed that 78% of the predicted answers contain reference answers
surrounded by additional words. Additionally, we conducted a further evaluation
to assess the model’s ability to comprehend temporally out-of-distribution notes
and extract information from them. We found that the performance of the model
remains consistent over time. Through a rigorous error analysis, we identified the
strengths and limitations of our MRC model and outlined promising avenues for
further study. Our aim with this study is to contribute to efficiently identifying
IDU behaviors in patients from clinical notes, thereby supporting clinicians in their
work.

We have identified several avenues for future work and outlined them here:

• Building MRC models and expanding the application of BioADAPT-
MRC: The application of MRC models along with BioADAPT-MRC could
be extended to extract various types of information from clinical notes,
including but not limited to the severity and frequency of drug use (e.g.,
methamphetamine use). This extension could further enhance the capabilities
of the BioADAPT-MRC framework and other MRC models.

• Integration of MRC models into real-world applications: The MRC models
could be integrated into real-world applications focusing on identifying
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patients who inject drugs and analyzing their IDU behavior patterns. This
practical integration may help clinicians effectively address these issues.

• Incorporating tabular data in the cpgQA dataset: As tabular data is integral
to CPGs, we recognize the importance of integrating it into the cpgQA
dataset. One future direction can be incorporating tabular data along with
text and transforming the cpgQA dataset into a multi-modal dataset. This
expansion might enable the development of an MRC system capable of
handling multi-modal inputs.

• Expanding the cpgQA dataset: To increase the reliability and diversity of the
cpgQA dataset, more guidelines and data samples that may not have answers
could be included to expand the dataset. This expansion may contribute to
improving the performance of MRC models for CPGs.

• Developing a synthetic question-answer generator: To further enhance the
performance of the BioADAPT-MRC framework, one could develop an
efficient synthetic question-answer generator specifically designed for the
biomedical domain to aid in generating additional training data for MRC
models.

• Applying the BioADAPT-MRC framework to other NLP applications: The
application of the BioADAPT-MRC framework could be extended to other
biomedical NLP tasks that may encounter a shortage of labeled data, such
as clinical negation detection and biomedical named-entity-recognition, to
improve the accuracy by addressing labeled data scarcity issues in these areas.

• Robustness analysis of MRC models: The robustness of the MRC models
developed in this research could be analyzed against carefully tailored
adversarial attack scenarios by leveraging lexical and syntactic information
present within the dataset. Such analysis might provide insights into the
models’ reliability and help identify areas for improvement.

The overarching objective of all these future endeavors is to advance the
utilization of MRC techniques within the biomedical domain, ultimately leading
to improved efficiency in healthcare practices.
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