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ABSTRACT

SEETHALAKSHMI GOPALAKRISHNAN. Building Computational
Representations of Medical Guidelines using Large Language Models And Transfer
Learning . (Under the direction of DR. WLODEK ZADROZNY)

This dissertation explores the potential of natural language models, including large
language models, to extract causal relations from medical texts, specifically from Clin-
ical Practice Guidelines. The outcomes of causality extraction from Clinical Practice
Guidelines on gestational diabetes are presented, marking a first in the field. We also
release, the first of its kind, an annotated corpus of causal statements in the Clinical
Practice Guidelines.

We address the challenge of classifying causal sentences with a small amount of
annotated data at the inter-sentence level by treating it as a cross-domain transfer
learning problem. Obtaining these classified sentences is the first step in extracting
causality. Furthermore, we delve into the importance of modal verbs and the degree
of influence from cause to effect. We show the capability of three models (BERT,
DistilBERT, and BioBERT) to identify the degree of influence in the text.

Lastly, we tackle the challenge of sparse annotated data for the causality extraction
from Clinical Practice Guidelines by, again, using transfer learning. We investigate
the correlation between data similarity and the efficacy of transfer learning. We also
investigate a zero-shot and few-shot approach to cross-domain transfer learning, and
quantify the link between data similarity and success rates. With the cross-domain
few-shot transfer learning, we achieve an Fl-score of 0.81, which suggests transfer

learning as a possible solution to address the limited availability of annotated data.
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CHAPTER 1: INTRODUCTION

1.1  Overview

Humans use natural languages to communicate and exchange information while
programming languages instruct computers on what actions to perform. However,
compilers or interpreters cannot comprehend natural languages like English in the
same way humans do. As a result, computational models are employed to gain a
limited understanding. Natural Language Processing (NLP) is an area of research
in computer science and artificial intelligence that involves the processing of natural
language. It involves translating the natural language into data that a computer can
use to learn about the world. Sometimes this learning can be used by a computer to
generate natural language text [2]. As stated in [I], [3], the challenges in NLP involve
speech recognition, natural-language understanding, and natural-language genera-
tion. It may involve tasks like text and speech processing, morphological analysis,
syntactic analysis, lexical semantics, relational semantics, and discourse.

This dissertation concentrates on the task of information extraction, particularly
the extraction of causality, which seeks to identify and categorize the semantic re-
lationships within a text. Information extraction involves obtaining valuable infor-
mation from unstructured text, as stated in [4]. The objective of this dissertation is
to extract causal statements from Clinical Practice Guidelines. We also explore the
transfer learning for the causality extraction tasks because of the limited availability
of the annotated corpus for medical text.

Clinical Practice Guidelines are a set of guidelines that guide physicians in the
decision-making process. Various societies provide numerous such guidelines, each

created by individuals with diverse backgrounds. This can lead to inconsistencies
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in the guidelines, as noted in our work [B, [6]. Recognizing these discrepancies is
crucial for establishing a common practice. To identify such disagreements and for
other applications like question answering [7, 8], it’s necessary to extract pertinent
information from the text. Such extracted information can be used to improve the
performance of our previous similar work on question answering [9]. This extraction
might involve basic classification [I0] followed by extraction from the classified sen-
tences. In our recent work [11], we create a text-to-knowledge graph that can be used
to make financial and strategic decisions.

Recently, pre-trained language models like BERT [12], which dynamically adjusts
the weightings between each part of the output and all elements of the input based
on their connection (attention), have demonstrated remarkable effectiveness. Simi-
larly, Large Language Models (LLMSs) like GPT-4 [13], which are pre-trained on ex-
tensive data and later enhanced through reinforcement learning feedback from both
humans and Al to ensure adherence with human principles and policy compliance,
and LLAMAZ2 [14], a model trained on 2 trillion tokens and available in three different
sizes (7B, 13B, and 70B), have made significant strides in numerous tasks, particularly
in information extraction.

Despite the emergence of the most recent LLMs, BERT continues to be one of
the top-performing models for various applications, including causality extraction.
In this thesis, we utilize various versions of BERT (DistilBERT[15], SpanBERT[16],
BioBERT[17]) and Large Language Models like GPT-4 and LLAMA2 for the task of

causality extraction.
1.2 Motivation

This thesis principally explores the topics of causality extraction and transfer learn-
ing. This section outlines the inspiration for selecting these topics, their relevance,

and the potential impacts they can make.



1.2.1  Causality extraction

This work focuses on retrieving the causal statements to retrieve causes, effects,
actions, conditions, and signals from the clinical practice guidelines. It also focuses on
extracting the degree of influence introduced in Section An example of a degree

of influence is given below.

Example 1.2.1 If a patient smokes more than 20 cigarettes per day and more than

five drinks a day have a hazard ratio of 8.5 [18, [19].

In medicine, the best explanations are causal. Causal reasoning is used in producing
and evaluating the impact of medical guidelines. The mechanistic model is preferred
in medicine (even if it is probabilistic). Automated analysis is necessary (for various
applications like comparing differences in guidelines, diagnostic support, etc.) since
there are currently over 37,000 of medical guidelines indexed on PubMed as "practice
guidelines" and two orders of magnitude of articles that are used to produce the
guidelines. Most of them use causal statements.

Possible impact opportunities for retrieving causal statements from medical guide-

lines are listed below:

e Medical guidelines have changed over time. We can compare the differences in

the guidelines by extracting the causal relations.

e Extracting causal relations can provide additional diagnostic support based on

less frequent cause-effect relationships.

e Evaluating the strength of evidence is important and could be, together with

an explanation, an important contribution to medical informatics can be made.

e In the medical field, the decision to provide the treatment is based on the
fact that medication will improve the patient’s condition (relationship between

medication and improvement or not). Retrieving such relationships from the



4

medical guidelines can be used to construct a knowledge graph which will be

helpful for doctors.

e If there is a graph indicating the relationship between the disease-cause, disease
symptom, treatment-result, etc. Such knowledge graphs can also be compared

to find whether there are any inconsistencies in the guidelines [6].

e (Causal relationships can also be used for many other applications such as ques-

tion answering [7, [8, 20, 2], information retrieval [22], medical text mining

123, 24, 25)

1.2.2  Transfer learning

This work applies transfer learning between the datasets of two different domains.
In Section and Section we summarize some of the available datasets for
causality extraction. A lot of causality extraction datasets are available, but only
a very few causality extraction datasets are available for medical text. Out of the
available annotated causality extraction datasets for medical text, none of the datasets
are annotated on Clinical Practice Guidelines. A success in transfer learning will help

expand the corpus of the annotated data for medical text.
1.3 Problems Statement

Given the motivation in Section [I.2] we realize the significance of extracting causal
statements from medical guidelines for various applications. Given the importance of

retrieving the causal statements, this work aims:

e To automatically identify the causal sentences from medical guidelines (this in-
cludes inter-sentence causalities) and to automatically extract which part of the
extracted text is a cause/effect. Best explanations in medical practice are usu-

ally based on causality. Therefore, extracting causal statements can enhance
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medical decision-making. Given the abundance of medical guidelines from var-
ious sources, an automated process for guideline analysis is essential. There
is no work that focuses on causality extraction from Clinical Practice Guide-
lines, even though they have causal statements. Although there is considerable
research on event extraction [26, 27, 28] and adverse drug event identification
[29, 30} B1], in general, there is limited work on extracting causal relationships

from medical text [32], B3] 34].

e To automatically identify the degree of influence of cause to effect. Example
1.2.1 is an example of the degree of influence. The degree of influence gives the
extent to which the cause influences an effect. If we have this information on
the amount of influence, the medical professionals can make a decision easily
based on the positive or negative impact. It’s an open research problem which

is not yet explored.

e To identify the relationship between the train, test data, and the success of
transfer learning between organizational data and medical guidelines data. Draw-
ing on the results, we propose a model for zero-shot and few-shot cross-domain
transfer learning, which has the potential to broaden the corpus of annotated

data.

There are some deep philosophical discussions in causalities, such as there are multiple
philosophical views and no common annotation standards. Since our work is more

data-driven, we ignore these limitations.
1.4  Dissertation Contributions

This dissertation expands our prior publications related to the medical text|5] 6, 9]
and causality extraction 111, [35], by presenting the results of causality extraction on an
annotated corpus of medical text. This causality extraction can be incorporated with

our prior work to improve its performance. The transfer learning approach proposed
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in this dissertation can be used to expand the medical guidelines annotated corpus.
The expanded corpus can subsequently contribute to bettering the performance of

causality extraction.

e We created several models to automatically extract causality from medical text
using transformers and LLMs (GPT-4 and LLAMA2). There is no work that fo-
cuses on extracting causalities from the Clinical Practice Guidelines (per Google
Scholar search [[) (Currently being prepared to be submitted to ACM Trans-

actions on Computational Biology and Bioinformatics).

— As part of the causality extraction, we created an annotated corpus that
focuses on cause/effect relationships within Clinical Practice Guidelines

for gestational diabetes. The data can be accessed at

https://github.com/gseethal4/Gestational-diabetes-annotated. As
per our research on Google Scholaif] there are currently no other anno-
tated datasets specifically designed for the task of causality extraction from

Clinical Practice Guidelines.

e We developed a cross-domain inter-sentence causal sentence classification be-
tween the Organizational and medical guidelines data. According to a search
on Google Scholar E], no existing model employs cross-domain causal sentence
classification at the inter-sentence level. In medical texts, relationships can of-
ten straddle multiple sentences. There are methods to extract causality from a
document; however, very few strategies classify inter-sentence level causalities
in sequential sentences prior to their extraction — particularly none for Clinical
Practice Guidelines (CPGs). The importance of extracting causalities between

consecutive sentences is underlined by the fact that many relationships might

'Search query: "causality extraction" from "clinical practice guidelines"
2Search query: causality extraction from clinical practice guidelines(Oct 20, 2023)
3Search query: Cross-domain inter-sentence level causal sentence classification (Oct 20, 2023)


https://github.com/gseetha04/Gestational-diabetes-annotated
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be encapsulated in a follow-up sentence. Extracting relations from the entire
document may pose challenges, but focusing on consecutive sentences might
lead to the capture of numerous relationships. (Currently being prepared to be

submitted to a Journal).

We identify the degree of influence from cause to effect. Identifying the extent
to which a cause influences an effect in medical texts is crucial. Recognizing
these varying degrees of influence can aid medical professionals in their decision-
making process. At present, there is no research dedicated to determining the
impact degree from cause to effect, specifically in medical guidelines, an issue
that this thesis seeks to rectify. (Currently being prepared to be submitted to

a Journal jointly with inter-sentence level causal sentence classification).

Driven by the lack of annotated data for medical texts (with no annotated data
available for CPGs), we developed a cross-domain zero-shot and few-shot trans-
fer learning method for causality extraction using transformer-based Large Lan-
guage Models (LLMs). Our findings demonstrate that few-shot cross-domain
transfer learning enhances the performance of causality extraction compared to

zero-shot cross-domain transfer learning.

— We present a study aimed at exploring the correlation between data sim-
ilarity and the level of success achieved through transfer learning. (Sub-

mitted to Elsevier NLP journal - Article under revision)

— In preparation for transfer learning, we present the results of causality ex-
traction on organizational data. Within this work’s scope, we introduce
a new text-to-knowledge graph pipeline specifically designed for organiza-
tional data, which transforms a text document into a knowledge graph.
This solution addresses a key requirement in recent accounting research,

where decision-makers heavily depend on cause-and-effect insights (such as
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materiality) inherent in accounting reports to make financial and strate-
gic decisions [36]. (Published in Information Journal 2023 and a patent

application)

1.5  Dissertation Structure

The remainder of this dissertation is organized as follows: Chapter introduces
and explores the concept of information extraction and related work. This chapter
also discusses causality extraction, which is one of the primary themes of this work.
Additionally, it includes an overview of previous work concerning causality extraction
and elucidates on accessible datasets for said extraction.

Chapter [3] defines Clinical Practice Guidelines and summarizes related works on
information extraction from these guidelines. It reviews previous work on event ex-
traction, Named Entity Recognition (NER), and causality extraction from medical
texts. The chapter concludes with a summary of datasets available for information
extraction from medical texts.

Chapter [ presents the key terms associated with causality extraction and defines
our causal unit (the relations we intend to extract from the text) using examples from
medical texts. Moreover, this chapter also explains the annotation process.

In Chapter [5| an automated method for identifying cause and effect relationships
from two datasets is divulged, utilizing models such as BERT and Large Language
Models like LLAMA2, GPT-4. This chapter also tackles the identification of sentences
possessing a demonstrable influence factor (cause-to-effect impact) and presents inter-
sentence relation classification. The chapter concludes with the presentation of the
causality extraction results using both the organizational and medical datasets.

Addressing the limited availability of annotated data for medical text, Chapter [0]
proposes utilizing a transfer learning approach for causality extraction from text.
Initially, we present our findings and results regarding the relationship between the

training data, test data, and the efficiency of transfer learning for causality extraction.
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We observe an almost 35% increase in the macro-average F1-score when the gap be-
tween the training and test distributions is small according to the K-L divergence, the
best-performing predictor on this task. To further probe this theory, we present the
results of a cross-domain zero-shot and few-shot transfer learning approach between
financial and medical domain texts.
Chapter [7] emphasizes the dissertation’s key contributions while summarizing its
overall findings. This closing chapter also speculates on potential future directions

for this research area.



CHAPTER 2: INFORMATION EXTRACTION

From Chapter[l], we can understand that this work mainly concentrates on informa-
tion extraction from medical guidelines. This chapter is meant to introduce natural
language processing concepts. Since there are many concepts related to natural lan-
guage processing, we constrained it to explain the concepts related to information

extraction, as causality extraction is the main focus of this work.
2.1  Natural Language Processing and related concepts

Natural Language Processing is an area of research in computer science and ar-
tificial intelligence that is concerned with the processing of natural languages like En-
glish etc. It involves translating the natural language into a computer-understandable
form, which can be used by a computer to learn about the world, which sometimes
can be used to generate natural language text reflecting that understanding [2].

According to [1], there are many stages in natural language processing that can be
viewed as layers in a feed-forward neural network. Figure [2.1| shows several stages of
natural language processing.

Knowledge Discovery in Databases (KDD) is the non-trivial process of iden-
tifying valid, novel, potentially useful, and ultimately understandable patterns in data
[37]. Text mining or knowledge discovery from text deals with the machine-supported
analysis of the text. It uses techniques from information retrieval, information ex-
traction, and natural language processing, then connects them with the algorithms
and methods to KDD, data mining, machine learning, and statistics [3§].

Text mining [39, [I] is the processing of input text. Usually, it involves parsing,

along with some derived linguistic features, and the removal of some features and



11

Algorithm Data Structure Example Applications

Cryptography, compression,

- < - spelling correction. predictive
Regular -

Search. stylistics, spam filter,

Expression [“Good”, “morning”, “Rosa”] sentiment analysis. Word2Vec math.
semantic search, dialog (chatbot)
POS [(“Good”, “adjective”),
(”“morning”, “singular noun”), Spelling and grammar correction.
' Tagger (“Rosa”, “singular proper noun”), Sblistics. dialog (chatbot)
(“om, #.my)
V] (FST)
‘\ { (“morning”, SN, root): cQoues‘ILondﬂglsowe”ng' s“gisagséctu
“ ” . )| X di . grammar corre on,
~— - - - { : “2052" ’ i§§' 2"‘0()1) 'NNO“e . wrltirEg coach b
= oo . . ep) : one,
Information »
Extractor .
Knowledge extraction and
( (FST) inference, medical diagnosis
r4 question answering. game
¥ = playing
LOgIC
! :
Y Compiler
' Theorem proving. inference.
) (FST) natural language database
- =~ - queries, artficial general

e X IS intelligence (AGI)

Figure 2.1: NLP Layers [I]. This figure shows layers of NLP that convert text into
knowledge. It has been a popular architecture, which only recently is being replaced in
parts by neural representations. From the knowledge base, we can use an information
extractor to extract the entity relationships. For example, the causality extraction
using BERT, discussed later, performs the relation extraction task, which can be used
for various applications such as medical diagnosis.

intersection into the database. It also involves deriving patterns within the struc-
tured data and evaluating and interpreting the output. Text categorization, text
clustering, concept/entity extraction, production of granular taxonomies, sentiment
analysis, document summarization, and entity relation modeling (i.e., learning rela-
tions between named entities) are the typical text mining tasks.

Text analysis [40], [39] involves information retrieval, lexical analysis to study
word frequency distributions, pattern recognition, tagging/annotation, information
extraction, data mining techniques, including link and association analysis, visual-
ization, and predictive analytics. Essentially, the overarching goal is to turn text
into data for analysis via natural language processing (NLP) applications, different
algorithms, and analytical methods. An important phase of this process is the inter-

pretation of the gathered information.
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2.2  Information extraction

The process of turning the unstructured information embedded in texts into struc-
tured data is called information extraction. It is related to text simplification, which
aims at creating machine-readable text. Typical information extraction tasks include
relation extraction, event extraction, and template filling [4].

Relation extraction: The process of finding and classifying the semantic relations
in the text is called relation extraction. It can be like a child-of-relation, part-whole,

or geospatial relation.

Example 2.2.1 |[pgrson Bill Gates| announced that [prrson John Smith| will be

[pERSON the chief scientist| of |org Microsoft Corporation| [41].

The above example gives the text and its relations. Bill Gates and John Smith are
persons, and Microsoft is an Organization. This example gives generic relations.

For some of the categories of text, entity types, and the relations are available. For
example, the Unified Medical Language System (UMLS) [42] categorizes the medical
text into various categories, entity types, and relations. Tools like Metamap[43| are
available for the medical text, which can be used to map the medical text to UMLS
Metathesaurus, which is a database containing information about medical concepts,
names, and their relations. The relations can be extracted in any of the following

ways [44],
e Pattern-based relation extraction
e Supervised machine learning
e Semi-supervised relation extraction (bootstrapping or distant supervision)

e Unsupervised relation extraction
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In this work, we will be concentrating on the supervised machine learning-based
relation extraction task where the task is to use transformer-based deep learning
models and Large Language Models to extract the cause/effect relations from medical
text.

Apart from relation extraction, there are also other types of extraction strategies
that are available. One of the common extraction is event extraction which is the
process of extracting the events from the entities. In order to determine which events
refer to the same event, an event coreference is needed. Temporal expressions are
needed to figure out when an event in a text happened. An example showing the

event mentions is given below.

Example 2.2.2 [py gyt Citing | high fuel prices, United Airlines |gvenT said] Friday
it has |py pnt increased | fares by 36 per round trip on flights to some cities also served
by lower-cost carriers. American Airlines, a unit of AMR Corp., immediately |gypnT
matched | [gvenT the move |, spokesman Tim Wagner |py gyt said |. United, a unit
of UAL Corp., |pvenT said | |[gvenT the increase | took effect Thursday and gy enT
applies | to most routes where it [py gy competes | against discount carriers, such as

Chicago to Dallas and Denver to San Francisco [4].

2.3 Discussion of prior art on information extraction

This section summarizes some of the prior art on information extraction tasks,
techniques, etc. The information extraction can be done using various techniques.
A traditional way to do information extraction is to write rules and extract the
information[45], 46|, which is a rule-based information extraction. The rule-based
approaches are slowly being replaced by machine learning techniques. It can be a
supervised machine learning [47) 48] or unsupervised machine learning[49] [50]. Due
to the availability of the labeled data for the supervised machine learning tasks, a

semi-supervised machine learning technique [51, G2]leverages both the labeled and
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the unlabeled data in order to reduce the annotation cost. In recent times, deep
neural networks have been used for the information extraction task. Recent work on
information extraction [53] uses a deep neural network to extract the syntactic and
semantic elements from the data. It develops a corpus of manually annotated data and
tests the model on it. They use a Bi-LSTM with Condition Random Fields (CRF),
which obtained a precision and recall of 0.93 and 0.92, respectively. Zhang et al. [54]
uses a Generative Transformer model (CGT) for extracting the information from text.
This model does a triplet extraction and event extraction on text. The encoder of
the CGT uses a BERT-like input representation along with word piece tokenization.
In order to distinguish the encoder-decoder representation, a partial causal masking
is used. It is tested on the New York Times (NYT) and WebNLG datasets. This
model got an 89.1 F1 score on NYT and an 83.4 F1 score on the WebNLG dataset.
A survey on the available web information extraction systems [55] summarizes the
types of information extraction techniques available and tools used for the extraction.
It compares the information extraction system based on three dimensions which are
task difficulties, the techniques used, and the degree of automation used.

The above-mentioned works use some techniques to extract information from the

unstructured text which is the main aim of this work.
2.4 Causality Extraction

In the previous section, information extraction was introduced, and some of the
related work related to information extraction was summarized. The main topic of
this thesis is causality extraction which is a type of information extraction. This
section summarizes the methodologies related to causality extraction and some of the
prior arts related to causality extraction. It also summarizes some of the available
datasets that are related to causality extraction. A more detailed explanation of the

causality extraction with examples along with the causal unit we define is explained

in Chapter [4]
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Information extraction plays an important role in natural language processing be-
cause of the large availability of unstructured text. The tasks of the information

extraction [56] can be categorized into various categories, which include,

e Relation Extraction (RE)
e Named Entity Recognition (NER)

e Event Extraction (EE)

This work is concerned with the relation extraction task to extract the relationship
between cause and effect in a text. The remainder of this chapter concentrates on

causality extraction.
2.4.1  Three causality extraction methodologies and its related work

Based on the causality extraction techniques and the causality forms, we can clas-
sify the existing methods, which are summarized in this section. A recent survey [56]
categorizes the existing causality extraction methodology into knowledge-based, sta-
tistical machine learning-based, and deep learning-based methodologies. A knowledge-
based system can be pattern-based or rule-based. Sentence structure analysis, like
lexico-semantic or syntactic analysis, can be used to explore pattern-based systems.
The sentence structure can also be explored based on some procedures or heuristic
algorithms. These types of systems are called rule-based systems. To identify the
intra-sentence causality (i.e., explicit causality) [57), b8, 25] uses a pattern-based ap-
proach. Explicit causality is extracted by [59] by defining an algorithm based on
the rule-based approach. Implicit causality is the process of extracting causal rela-
tions where the explicit signal/trigger defining the relation between the cause/effect
will not be present. Various works on extracting implicit causality are available. To
extract implicit causality [60], [61] uses a pattern-based approach. Inter-sentential
causality extraction aims to extract the causalities present across the sentences. A

pattern-based approach was used by [62] to extract the inter-sentential causality.
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Statistical machine learning-based systems will use NLP tools like spaCy [63], Stan-
ford CoreNLP [64], Stanza [65], etc., to create features for the machine learning algo-
rithms. Rule-based approaches can be combined with machine learning techniques to
extract the explicit causality [20], define the most common patterns in the data, and
validate it with decision trees to extract the causal relations for a question-answering
task. Implicit and explicit relations can also be extracted from various languages like
Arabic [66], Thai[67] etc. Similarly, intra-sentence (causality within the sentences)
and inter-sentence (causality across sentences) causality extractions can also be done
for different languages like Japanese [68].

Neural Networks (NNs) will be the basic algorithm for deep learning-based ap-
proaches. When a neural network learns from multiple hidden layers, the neural
network is said to be a deep neural network. Commonly used deep learning models
include Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNNs),
Gated Recurrent Units (GRU), Recurrent Neural Networks (RNNs), etc. In recent
times, unsupervised pre-trained models like BERT significantly improved the per-
formance of NLP tasks. Deep learning-based models are used by [69, [70, [71] for
the causality extraction. A relatively recent work [72] uses bidirectional GRU with
self-attention as the baseline and explores the application of using models such as
BERT and ELMO for the causality extraction task. Many recent work on causality
extraction uses models like BILSTM to learn the entities and the relations between

text|73], [70] to extract the implicit causality.
2.4.2  Causality extraction from text - Related work

Causality extraction is the task of automatically extracting the cause/effect rela-
tionships from the text. In this section, we will provide a summary of numerous
studies related to causality extraction that are akin to our research. Nonetheless,
none of the studies summarized here delve into the degree to which a cause influences

an effect (see Chapter {4 for an in-depth explanation). Below are the distinctions
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between our work and the work that has been summarized. [74], [75] extracts events
from the text, but they don’t extract cause and effect. A more similar work [70] ex-
tracts causalities from the given text using SemEval data. But they define a different
causal unit than ours. They do not deal with scenarios like modals, inter-sentence
causalities, and degree of influence.

The study by [70], which closely aligns with our work, directly extracts cause and
effect from text without separately extracting candidate pairs and their relations.
This is achieved through a neural causality extractor that uses BILSTM-CRF as its
foundation. Their model, known as SCITE (Self-attentive BILSTM-CRF with Trans-
ferred Embeddings), expands the annotations of the SemEval 2010 task 8 dataset for
their experiments. The findings indicate that SCITE, when combined with Flair
embeddings [76], achieved an F1 score of 0.8455, surpassing the baseline scores.

Event causality extraction aims to extract the event relations from the text. A
work on event extraction [74] focuses on identifying the causal relationship between
pairs of event mentions, also known as Event Causality Identification (ECI). Initially,
the input sequence is converted into an input-output pair (I, O). Following this, a
transformer-based model, T5 [77], is applied to each transformed pair in the training
data. The REINFORCE algorithm is used during the training of the T5 model to
ensure label accuracy, which is used as the reward function. The model achieved an
F'1 score of 58.8 on EventStoryLine data and 56.5 on Causal-TimeBank. Balashankar
et al. [75] propose an event extraction that seeks to uncover the hidden relationships
between events mentioned in news streams by creating a Predictive Causal Graph
(PCG). The PCG assesses how the appearance of one word can impact another word
in future contexts. The dataset used for the experiments is a news dataset compiled
from news articles. The root mean squared error (RMSE) is then calculated. When
compared to the baseline model, the PCG derived from unigram (0.022), bigram
(0.023), or both (0.020) exhibits a lower error.
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The relationships in the text can also be represented in a tree format. Causality
Treebank [78] that represents the data in a tree format in order to get the causal
relations in a fine-grained form. The constructed dataset is tested using the Recursive
Neural Tensor Network (RNTN) model on the corpus, which achieves a mean F1-score
of 0.74 across all label types.

A recent work on causality extraction [79], Semi-automated CAusal Network Ex-
traction from Raw text (SCANER), integrates both automated and manual methods
to create a framework for generating a causal network from raw text. It is assessed
on three different datasets encompassing political, food insecurity, and medical do-
mains. SCANER achieves an Fl-score of 0.82 on the political narrative dataset, 0.88
on the food insecurity text, and 0.89 on the medical text. Another similar work [80]
extracts both the explicit and implicit causalities by representing the sentences as
character, word, and contextual string layers. These representations are converted
into a causality tree from which the labeled causalities are obtained. This multi-
granulation representation is input into a neural network to extract causality. The
model is evaluated using the SemEval 2010 Task 8 dataset.

In recent times, prompt tuning has been proposed to bridge the gap between pre-
training and fine-tuning on many of the mainstream NLP tasks like text classification |81
82, information extraction|83, 84] etc. A recent work [85], Knowledge Enhanced
Prompt Tuning (KEPT) employs external knowledge sourced from knowledge bases
(KBs) to fine-tune pre-trained language models through the design of an attention
mechanism. The model achieves an Fl-score of 0.58 on the EventStoryLine dataset

and 0.54 on the Causal-TimeBank dataset.
2.4.3  Causality extraction from text - Datasets

This section summarizes some of the available datasets on causality extraction
that are publicly available. This includes some of the datasets published as part of a

competition/challenge. A summary of the available datasets is shown in Table .



19

The SemEval Task 8 [86] dataset is centered around the multi-faceted classification
of semantic relationships between nominal pairs. This dataset comprises 10,717 anno-
tated instances, with 8,000 samples designated for training and the remaining 2,717
for testing. The dataset defines nine relationships: Cause-Effect (CE), Instrument-
Agency (IA), Product-Producer (PP), Content-Container (CC), Entity-Origin (EO),
Entity-Destination (ED), Component-Whole (CW), Member-Collection (MC), and
Message-Topic (MT). The initial data selection phase involved choosing 1,200 sen-
tences for each relationship based on a pattern-oriented web search. In the subsequent
phase, two annotators annotated the gathered candidates for each relationship. This
dataset was developed as part of a challenge with the objective of extracting relation-
ships from text.

The Penn Discourse Tree Bank (PDTB) [87] is a corpus featuring discourse-level
annotated data. It includes annotated discourse relations and their arguments derived
from the Wall Street Journal (WSJ) Corpus. The discourse relations in the PDTB
are classified into two types: "Explicit" or "Implicit". This classification is based on
the connectives. If a text lacks an explicit connective, it is inferred by the annotator,
who then inserts an implicit connective. PDTB-2.0 has a total of 40,600 annotated
relation tokens, comprising 18,459 explicit connectives, 16,224 implicit connectives,
624 AltLex relations, 5,210 EntRel relations, and 254 NoRel relations.

TACRED [88] is a supervised relation extraction dataset consisting of 119,474 ex-
amples. This dataset is derived from the TAC KBP challenge, utilizing query entities
from 2009 to 2012 as training data, data from 2013 for development, and data from
2014 for testing. Each sentence in the dataset is annotated with the span of the
subject and object entity, as well as the types of relations.

Document level Relation Extraction Dataset (DocRED) [89] is a dataset derived
from Wikipedia and annotated with both named entities and relations. The an-

notation process involves generating distantly supervised annotations, followed by
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annotating named entities and coreference information in Wikipedia articles. The
annotated named entities are then linked to Wikidata items. Finally, relations and
supporting evidence are labeled. The training data consists of 101,873 documents an-
notated in a weakly supervised setting and 3,053 documents annotated in a supervised
setting. Both the development and test data include 1,000 documents annotated in
both supervised and weakly supervised settings.

Automatic Content Extraction (ACE) [90] is a dataset created as part of a chal-
lenge. This corpus is produced in two genres: newswire and weblogs. Fifteen Chinese-
English and fifteen Arabic-English translation document pairs were manually selected
from the ET evaluation corpus. Out of the fifteen Chinese-English files, 786 Chinese
entity mentions and 820 English entity mentions were identified. Among these, 772
mentions matched across the Chinese and English pairs, with 0.84 of them perfectly
aligned. In the fourteen Arabic-English documents, there were 1,182 Arabic entity
mentions and 1,521 English entity mentions. In total, there were 1,081 mention pairs
across Arabic and English, with 0.74 of these pairs perfectly aligned.

The Inter-Sentence Relation Extraction Dataset [91] was developed using the re-
sources utilized by [92]. This balanced dataset comprises 31,970 pairs of sentences
with inter-sentence relation mentions involving 17 different relations. For the evalu-
ation process, 100 pairs of sentences with explicit relation mentions for each of the
relations were manually selected for the test set. The initial set of inter-sentence rela-
tions retrieved consisted of 87,514 sentence pairs. To maintain balance in the dataset,
an equal number of sentence pairs were selected for each of the relations, resulting in
a total of 31,970 pairs, out of which 14,861 are unique entities. Baseline models such
as the Bag-of-Words model, LSTM, and BiLSTM were tested on the dataset, with
the BiLSTM model achieving an F1 score of 0.72.

The 2023 Causal News Corpus (CNC) dataset [93] was released in conjunction

with the Challenges and Applications of Automated Extraction of Socio-political
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Events from Text (CASE 2023) workshop. The second version of this dataset includes
annotations for Cause, Effect, and Signals. The dataset comprises a total of 1,981
sentences and 2,754 causal relations.

The Organizational dataset [11] utilizes the 2020 SEC 10-K documents of 65 S&P
Financial Companies. Causal insights from the documents were annotated based on
a pre-established dictionary of causal trigger words or cue phrases. A total of 2,234
sentences were identified and manually annotated as having a causal nature. For
each of these identified causal sentences, the cause/effect relationship was indicated
using tags. During the manual annotation process, effects were marked with the
<outcome> tag.

The summary of some of the available datasets for relation extraction is summarized
in Table 211

Datasets [86], [96], and similar datasets published as part of the SemEval competi-
tion are the most commonly used datasets for the entity relationship extraction from
the text. The causal unit defined in this task differs from what is used in this work.
PDTB-2.0 [87] is the most commonly used discourse treebank dataset. Here the an-
notation for both implicit and explicit connectives is done at the discourse level. This
dataset is closely related to the proposed relation extraction, but their causal unit
consists of various senses. We are adapting some of the causal unit definitions from
this corpus’s guidelines. TACRED [8§] is also an entity relation extraction dataset
that is less related to our annotation. They have the person or the organization
entities. DocRED [89], Inter-Sentence Relation Extraction Dataset [91] are entity
relation datasets at a document and inter-sentence levels, respectively. Both of them
are less related to our annotation because they use different causal units and anno-
tation guidelines. ACE [04] is an entity, relation, and event extraction dataset. All
the dataset listed in Table is related to the task described in this work. However,

they use a different type of causal unit or concentrate on entity relation or event
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extraction. PDTB 2.0 [87] is more closely related to the causal unit discussed in this
work, but it also includes many more sense types and relations.

From the listed datasets, we can understand that a lot of the datasets are available.
The dataset that is closely related can be used for transfer learning tasks which will
reduce the cost of the annotation. In our transfer learning experiments (explained
in Chapter @, we use three datasets, SCITE, FinCausal, and Organizational, that
are more closely related to our data. In the future, this work can be expanded to
pre-train the model on all these datasets, which may improve the performance.

This chapter introduced basic natural language processing concepts and concen-
trates mainly on information extraction. It also summarized the work that is related
to information extraction. Then it discussed the literature behind the causality ex-
traction from text and the datasets created as part of a challenge or for an individual
study that is publicly available for users. Most of the datasets listed are publicly

available except the Inter-Sentence Relation Extraction Dataset [91].
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Table 2.1: Summary of a few of the available datasets on causality extraction and
relation extraction, which includes some commonly used data and datasets that repre-
sent document-level relations, inter-sentence level relations, and implicit and explicit
relations. This is not a complete list of available datasets, but this table gives an idea
that several datasets for information extraction with different causal units are avail-
able. Different levels of information extraction from text (sentence level, document
level, within sentence level, across sentence level) are available. From this, we use
three of the datasets, SCITE, FinCausal, and Organizational which are more similar

to our data for the transfer learning task in Chapter @

Dataset name

Article link

Data link

Dataset size

SemEval 2010
Task8 [86]

PDTB-2.0 [§7]

The TAC Re-
lation Extrac-
tion Dataset

(TACRED)[SS]

Document-Level
Relation Extrac-
tion Dataset (
DocRED) [89]

Automatic Con-
tent  Extraction
(ACE) [94]

Inter-Sentence
Relation Ex-
traction Dataset
91

https://aclanthology.org/
510-1006.pdf

http://www.lrec-conf.org/| |
proceedings/lrec2008/pdf/
754 _paper.pdf
https://aclanthology.org/| |
D17-1004.pdf

https://aclanthology.org/| ]
P19-1074.pdf

https://www.ldc.upenn.
edu/collaborations/
past-projects/ace/
papers-and-presentations

https://www.kaggle.
com/datasets/drtoshi/
semeval2010-task-8-dataset
| https://catalog.ldc.upenn.edu/
LDC2008T05

| 'https://catalog.ldc.upenn.edu/
LDC2018T24

| 'https://github.com/thunlp/
DocRED

| https://catalog.ldc.upenn.edu/

LDC2006T06

10717
8000 train,
test

instances,

2717

40600
relations

discourse

119,474 examples

5053 documents
Human annotated

Chinese, Arabic
and English

https://aclanthology.org/
L18-1246.pdf

31,970  sentence
pairs involving 17
different relations

Causal News Cor-
pus [93]

https://aclanthology.org/
2022.1rec-1.246.pdf

https://github.com/tanfiona/
CausalNewsCorpus/tree/master/
data/V2

Organizational
data [11]

SCITE [70]

FinCausal [95]

https://www.mdpi.com/
2078-2489/14/7/367
https://wuw.
sciencedirect.com/
science/article/abs/
pii/S0925231220316027

2754 causal rela-
tions.

https://github.com/GoPeaks-AI/
text2causalgraph

2234 sentences.

| https://github.com/Das-Boot/
scite&5236sentences

5236 sentences.

https://aclanthology.org/
2022.fnp-1.16/

https://wp.lancs.ac.uk/cfie/
fincausal2020/

4386 training and
265 validation
data.



https://aclanthology.org/S10-1006.pdf
https://aclanthology.org/S10-1006.pdf
https://www.kaggle.com/datasets/drtoshi/semeval2010-task-8-dataset
https://www.kaggle.com/datasets/drtoshi/semeval2010-task-8-dataset
https://www.kaggle.com/datasets/drtoshi/semeval2010-task-8-dataset
http://www.lrec-conf.org/proceedings/lrec2008/pdf/754_paper.pdf
http://www.lrec-conf.org/proceedings/lrec2008/pdf/754_paper.pdf
http://www.lrec-conf.org/proceedings/lrec2008/pdf/754_paper.pdf
https://catalog.ldc.upenn.edu/LDC2008T05
https://catalog.ldc.upenn.edu/LDC2008T05
https://aclanthology.org/D17-1004.pdf
https://aclanthology.org/D17-1004.pdf
https://catalog.ldc.upenn.edu/LDC2018T24
https://catalog.ldc.upenn.edu/LDC2018T24
https://aclanthology.org/P19-1074.pdf
https://aclanthology.org/P19-1074.pdf
https://github.com/thunlp/DocRED
https://github.com/thunlp/DocRED
https://www.ldc.upenn.edu/collaborations/past-projects/ace/papers-and-presentations
https://www.ldc.upenn.edu/collaborations/past-projects/ace/papers-and-presentations
https://www.ldc.upenn.edu/collaborations/past-projects/ace/papers-and-presentations
https://www.ldc.upenn.edu/collaborations/past-projects/ace/papers-and-presentations
https://catalog.ldc.upenn.edu/LDC2006T06
https://catalog.ldc.upenn.edu/LDC2006T06
https://aclanthology.org/L18-1246.pdf
https://aclanthology.org/L18-1246.pdf
https://aclanthology.org/2022.lrec-1.246.pdf
https://aclanthology.org/2022.lrec-1.246.pdf
https://github.com/tanfiona/CausalNewsCorpus/tree/master/data/V2
https://github.com/tanfiona/CausalNewsCorpus/tree/master/data/V2
https://github.com/tanfiona/CausalNewsCorpus/tree/master/data/V2
https://www.mdpi.com/2078-2489/14/7/367
https://www.mdpi.com/2078-2489/14/7/367
https://github.com/GoPeaks-AI/text2causalgraph
https://github.com/GoPeaks-AI/text2causalgraph
https://www.sciencedirect.com/science/article/abs/pii/S0925231220316027
https://www.sciencedirect.com/science/article/abs/pii/S0925231220316027
https://www.sciencedirect.com/science/article/abs/pii/S0925231220316027
https://www.sciencedirect.com/science/article/abs/pii/S0925231220316027
https://github.com/Das-Boot/scite & 5236 sentences
https://github.com/Das-Boot/scite & 5236 sentences
https://aclanthology.org/2022.fnp-1.16/
https://aclanthology.org/2022.fnp-1.16/
https://wp.lancs.ac.uk/cfie/fincausal2020/
https://wp.lancs.ac.uk/cfie/fincausal2020/

CHAPTER 3: CLINICAL PRACTICE GUIDELINES

A Clinical Practice Guideline (CPG) document serves as a roadmap for physi-
cians, aiding in their decision-making process about diagnosis, management, and
treatment. Clinical practice guideline is defined by the Institute of Medicine (IoM)
as "systematically developed statements to assist practitioner and patient decisions
about appropriate health care for specific clinical circumstances" [97].

Based on the above definition, guidelines have two parts:

e The basis for a Clinical Practice Guideline is a systematic evaluation of the
research evidence related to a specific medical query. The emphasis is on the
robustness of the evidence that informs the clinical decision-making process for

that particular condition.

e A suite of suggestions that include both the evidence and assessments of the
merits and disadvantages of various care alternatives. These recommendations
address how patients with a particular condition should be treated, assuming

all other factors are equal.

In 2011, the Institute of Medicine updated the definition of Clinical Practice Guide-
lines [98] as "Clinical Practice Guidelines are statements that include recommenda-
tions intended to optimize patient care that is informed by a systematic review of
evidence and an assessment of the benefits and harms of alternative care options."
They also define a set of criteria that can be used to decide the trustworthiness of

the guidelines. They are listed below.

e The guidelines should be developed following a systematic evaluation of avail-

able evidence.
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e The guidelines should be created by a team of proficient individuals, encom-
passing a diverse panel of experts. It’s crucial that the panel also includes

representations from the key groups affected.

e It’s important to take into account significant patient subgroups and patient

preferences appropriately.

e The establishment of the guidelines should be carried out in a clear and straight-
forward manner, focusing on minimizing any misleading representations, prej-

udices, or conflicting interests.

e There should be a clear portrayal of the various care alternatives and health
outcomes. Additionally, the evidence quality and the strength of the suggestions

should be assigned a rating.

e The guidelines should be reevaluated and updated as new evidence emerges that

necessitates changes.

There are over 37,000 guidelines indexed in PubMed [[] as "clinical practice guide-
lines." In the past five years, approximately 50,000 documents mentioning gestational
diabetes. Automated analysis is necessary (for various applications like comparing
differences in guidelines, diagnostic support, etc.)

Given below is an example from the clinical practice guidelines, which are causal.

Example 3.0.1 Inhaled steroids are the most effective preventer drug for adults and
children for achieving overall treatment goals. Inhaled steroids are the recommended

preventer drug for adults and children for achieving overall treatment goals [99).

Example 3.0.1 from asthma guidelines has an obvious causality with inhaled steroids
as the cause, and the effect is achieving treatment goals. (Implicit effect: Preventing

asthma).

'https://pubmed.ncbi.nlm.nih.gov/


https://pubmed.ncbi.nlm.nih.gov/
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Example 3.0.2 The decision to start screening mammography in women prior to age
50 years should be an individual one. Women who place a higher value on the potential

benefit than the potential harms may choose to begin biennial screening between the

ages of 40 and 49 years [100].

In example 3.0.2 from breast cancer screening guidelines [I00], the causality is not
obvious. Here the modal verb "may" decides the causality. If there is a potential
benefit, then biennial screening is recommended, which is a causal statement. This

is an example of a vague causality because of the presence of a modal verb.
3.1  Clinical Decision Support System (CDSS)

Clinical practice guidelines (CPGs) are the primary source of knowledge for the
CDSS. It includes a variety of tools and interventions. It can be computerized (Clin-
icalKey) or non-computerized (clinical guidelines) [I0I]. They are the tools for infor-
mation management. The CDSS can be categorized based on various aspects such
as "system function, a model for providing recommendations, communication style,
underlying decision-making process, and human-computer interaction" [I01]. Based

on the characteristic "system function" [L101] distinguishes CDSS into two functions

e Determining what is true? Which include diagnostic CDSSs like WebMD etc.

(diagnosis websites).

e What to do? For the purpose of differential diagnosis, which tests should be

ordered?

3.1.1  Work related to automatic information extraction from Clinical Practice

Guidelines (CPG)

This section summarizes the prior work related to information extraction on the
Clinical Practice Guidelines. However, there is no existing work on causality extrac-

tion from CPGs.
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There are plenty of works that discuss information extraction from Clinical Prac-
tice Guidelines. Extracting clinical findings from the outpatient progress notes was
done by [102]. This work uses the CPGs to compare it against the chart notes. A
chart note is deemed relevant if it can be assessed against the National Heart, Lung,
and Blood/National Asthma Education program’s clinical practice guidelines. This
project aims to select outpatient notes that can be evaluated, ascertain the patient’s
requirement for inhaled anti-inflammatory medications, and measure the severity of
asthma. This initial project contrasts their findings with the judgment of an ex-
pert panel of practitioners. By utilizing a PERL-based partitioning program, they
identified the need for anti-inflammatory medications 0.76 of the time.

A few years ago, [103] targeted the automated extraction of diagnosis and treatment
procedures from these guidelines. Experts annotated the guidelines for diagnosing
and treating chronic heart failure (CHF), as released by the European Society of
Cardiology. After annotation, 171 sentences were identified. The referenced work
recognized the entities and extracted the predictions using SemRep. OpenNLP and
Stanford parsers were then utilized for shallow syntactic parsing, followed by Named
Entity Recognition (NER). From the NER, patient context extraction was carried
out using Regular Expressions (RE) with an Fl-score of 0.75. In text pre-processing,
they achieved an Fl-score of 0.91, and SemRep correctly mapped 87% of the entities.
Another similar work [I04] introduces a method for automatically collecting useful
information using rules rooted in both syntactic and semantic information. These
information extraction rules are defined by the semantic relations derived from the
UMLS. The study finds that rules formed using semantic and syntactic information
prove beneficial and valuable. For evaluation, they use the "management of labor"
clinical practice guideline, achieving recall and precision values of 0.69 and 0.79,
respectively. A pattern-based approach was used by [105], which contrasts a manually

developed ontology for CPG eligibility criteria with a top-level ontology stemming
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from a semantic pattern-based approach. They design a model that amalgamates
knowledge representation and knowledge acquisition technologies. The model they
have created incorporates both the conceptual and procedural knowledge required for
parsing. It also includes modules for coding a CPG.

A recent work [106] introduces an innovative system that blends the methodolo-
gies of Natural Language Processing (NLP) and Fuzzy Logic. Initially, a semantic
extraction from the medical guidelines was performed using Long Short-Term Mem-
ory (LSTM). Subsequently, fuzzy rules were developed using the extracted semantics.
These fuzzy rules are capable of identifying new cases in the learning domain. It
also predicts and extracts the grade of recommendation. Its performance was com-
pared with the latest NLP techniques for clinical information extraction. In the initial
phase of the approach, the Fl-score for the NLP-Fuzzy system is 0.88. For the pre-
diction of the grade of recommendation using the fuzzy rules, the Fl-score is 0.97.
The machine learning methodology was used by another similar work [107] to ex-
tract and categorize Conflicts Of Interest (COIs) from disclosure statements indexed
in PubMed. The correlation between the aggregate COI in medical literature and
drug safety as determined by the FDA is assessed in the study. For each drug, they
gathered the 10,000 most pertinent articles and cross-referenced them with the COI
database. Spacy NER, trained on English web text, is employed for a small sample
of COI disclosure statements (100 samples). The statements were then manually cor-
rected, leading to a 0.25 enhancement in named entity recognition accuracy. Given
that the data is scattered, a quasi-Poisson regression was employed for the analysis.
Incidence Rate Ratios (IRR) with 0.95 confidence intervals were calculated for each
association between COls and adverse events.

Recently, Large Language Models (LLMs) have been employed for a variety of NLP
tasks, including those involving information extraction. LLMs can be fine-tuned to

cater to a specific dataset, or a prompt-based approach can be utilized. An illustrative
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study [108] measures the efficiency of the few-shot learning performance of GPT-3 in
tasks related to text classification and information extraction. A recent survey article
[109] provides a summary of the methods and solutions employed for information
extraction. It also highlights the challenges encountered when extracting information

from medical documents.
3.2 Existing works and datasets on causality extraction from medical text

The previous section introduced the Clinical Practice Guidelines (CPGs) and sum-
marized some of the prior art that is related to information extraction from CPGs.
This chapter discusses some of the available work and datasets that are related to

causality extraction from medical text.
3.2.1  Causality extraction from the medical text — Related work

This section discusses the work related to causality extraction from medical text.
Among the works that are summarized below, [I10], [I11], and [112] are more closely
related to the task discussed in this work. However, all this work only concentrates
on identifying condition-action statements from the CPGs. They are not extracting
cause-effect relations or the signals from the CPGs, which we are doing. Also, the do-
main adaptability across domains and extracting the degree of influence are not done
in the above-mentioned related works. [I13] extracts recommendation statements
from CPGs, which is less related to this work even though it does an information
extraction from CPG. [I14], [II5] are less related to our work because they are doing
different tasks on CPGs.

A few years ago, [I11] aimed to automatically detect conditional activities in med-
ical guidelines using a rule-based approach. They calculate a score based on the
presence of trigger words such as "if" and "should" and sequences of semantic types
from the UMLS. Following this approach with the asthma guidelines, they achieved

precision, recall, and Fl-score values of 0.88, 0.75, and 0.81, respectively. Similar
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works on detecting condition action statements from CPGs, [110], [112] apply su-
pervised machine learning techniques to classify sentences according to whether they
express conditions and actions. The study utilizes a manually annotated medical
guideline on Asthma, Rhinosinusitis, and Hypertension as the gold standard data.
Candidate condition-action sentences are extracted using regular expressions applied
to POS tags. Classifiers such as ZeroR, Naive Bayes, J48, and Random Forest, were
deployed for the research. For the asthma guidelines, the Naive Bayes Classifier
recorded superior performance with an Fl-score of 0.33. The Random Forest Classi-
fier delivered an F1l-score of 0.535 for the Rhinosinusitis guidelines and an F1-score
of 0.587 for the Hypertension guidelines. Another study by Hussain et al. [113] uses
heuristic patterns to identify recommendation statements in Clinical Practice Guide-
lines (CPG). In this process, meaningful data known as recommendation statements
are pulled from the CPGs, restructured into a word vector format and used to train
an ensemble learning model. This model involves several methods, including Naive
Bayes, Generalized Linear Model, Random Forest, Deep Learning, and Decision Tree,
and its primary function is to discern whether a sentence is a recommendation state-
ment. In terms of results, the Naive Bayes model achieved an F1-score of 0.82, the
Generalized Linear Model scored 0.74, the Deep Learning model reached 0.66, the
Decision Tree model achieved 0.66, the Random Forest classifier scored 0.74, and the
Ensemble Learner attained a score of 0.83.

A review article [116] documents the existing methods and tools for clinical concept
extraction. A literature search was conducted to gather electronic health records
and published articles. The retrieved articles underwent screening and selection.
Documents retrieved automatically were also manually screened. Of the 10,441 total
articles retrieved, there were 6,686 unique ones. These articles were manually filtered,
leaving 228 articles that mainly focused on clinical concept extraction. These chosen

articles were then overviewed in the article.
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A study by Schlegel et al. [115] introduces a framework known as Clinical Trac-
tor, which employs Natural Language Understanding (NLU) techniques to generate
semantic representations of entire Clinical Practice Guidelines (CPG). The process
begins by converting each guideline document into an XML format, followed by text
processing on the XML data. This processed text then undergoes dependency parsing
and Named Entity Recognition. A tool called Propositionalizer is used to consoli-
date annotations with identical start and end positions. The Background Knowledge
Alignment System (BKAS) is then employed to compare the text with lexical re-
sources such as WordNet and VerbNet and to identify Ontological terms. These
terms are then imported into a knowledge base (KB). Finally, a syntax-to-semantics
mapper is applied, resulting in the creation of a semantic KB.

Xie et al., [114] uses pre-trained language models to produce an extractive sum-
marization of biomedical literature. The Sci model is trained via the EBM-NLP
dataset for a sequence labeling task, the goal of which is to pinpoint PICO (Popu-
lation, Intervention, Comparison, and Outcome) components within the text. These
PICO elements, brimming with domain knowledge, are then incorporated into the
pre-trained language models for the extractive summarization, achieved by training a
blend of generative and discriminative adapters. The effectiveness of this method is
tested on the CORD-19 dataset and the PubMed-Long dataset. In terms of results, a
roguel Fl-score of 32.04 was achieved on the CORD-19 dataset - PubMed-all-full with
all adapters, while the PubMed-Long dataset yielded a Roguel F1-score of 36.39. A
more recent study [117] explores the use of ChatGPT for clinical text mining, specif-
ically for extracting structured data from unstructured healthcare texts and focusing
on biological named entity recognition and relation extraction. Initial results showed
that using ChatGPT directly for these tasks was not effective. To address these issues,
we suggest a new training approach that involves creating a large amount of high-

quality synthetic data with labels using ChatGPT and fine-tuning a local model for
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the task at hand. It also reduces the time and effort for data collection and labeling.
3.2.2  Causality extraction from medical text - Datasets

This section summarizes the causality extraction datasets created with the medical
text. These datasets can be a part of a challenge, or they can be developed for
individual research. A summary of details about the datasets is available in Table[3.1]

The National NLP Clinical Challenges (n2c2) - Cohort Selection and Adverse Drug
Events & Medication Extraction [118] is a competition centered on extracting infor-
mation about adverse drug events from clinical records. Participants are given the raw
text of discharge summaries and can choose any model for the task of relation extrac-
tion. The data set comprises 505 discharge summaries sourced from the MIMIC-III
(Medical Information Mart for Intensive Care-1II) clinical care database [119]. Each
record is searched for the keyword ’ADE’ in the international classification of diseases
code description and manually checked to confirm the presence of an Adverse Drug
Event. Each document is then annotated by two annotators, with a third resolving
any disagreements. Out of the 505 discharge summaries, 303 were used for training
and the remainder for testing.

The 2016 Centers of Excellence in Genomic Science (CEGS) Neuropsychiatric
Genome-Scale and RDOC Individualized Domains (N-GRID) challenge [120] is cen-
tered on predicting symptom severity from neuropsychiatric clinical records. The
data for this challenge is provided by Partners Healthcare and the N-GRID project of
Harvard Medical School, comprising a total of 816 neuropsychiatric clinical records.
Of these, 600 records are used for training, and the remaining 216 for testing. Out of
the 600 training records, 325 were annotated by two annotators, 108 were annotated
by a single experienced annotator, and 167 were left unannotated. The inclusion of
unannotated records in the training data is intended to provide participants with
experience in a semi-supervised approach.

The Medication, Indication, and Adverse Drug Events (MADE) 1.0 corpus [121]
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was developed for the MADE 2018 challenge. The goal of this challenge is to extract
information about medication, indications, and adverse drug events from Electronic
Health Record (EHR) notes. The corpus comprises 1,089 fully de-identified longi-
tudinal EHR notes from 21 randomly selected cancer patients at the University of
Massachusetts Memorial Hospital. Three shared Natural Language Processing (NLP)
tasks were designed based on this corpus. The first task, Named Entity Recognition
(NER), aims to identify medications and their attributes (dosage, route, duration,
frequency), indications, adverse drug events, and severity. The second task, Relation
Identification (RI), seeks to identify the relationships between named entities, specifi-
cally medication-indication, medication-ADE, and attribute relations. The third task
evaluates NLP models that perform both NER and RI tasks jointly. The annotation
guidelines were formed through an iterative process, adapting and extending from the
2009 i2b2 shared task of the Medication Challenge annotation guideline. It defines
nine named entity types and seven relation types. Two annotators performed the an-
notation, and Fleiss” Kappa measure of inter-annotator agreement was used on three
documents from the corpus annotated by five annotators.

The Cantemist (CANcer TExt Mining Shared Task) study [122] involves the devel-
opment of resources for named entity recognition, concept recognition, concept nor-
malization, and clinical coding, all with a focus on cancer data in Spanish. Named
entity recognition involves automatically identifying tumor morphology mentions in
text. Concept recognition and normalization require the model to identify all tumor
morphology entity mentions and their corresponding eCIE-O codes. Clinical cod-
ing requires the model to provide a ranked list of correct eCIE-O code assignments
for each document. The Cantemist corpus comprises 1301 oncological clinical case
reports in Spanish, with 16030 annotations, 850 unique codes, and 63016 sentences.
The training subset includes 501 documents, the development phase includes 500 doc-

uments, and the test subset includes 300 documents. All documents were manually
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annotated by clinical experts for mentions of tumor morphology. The Cantemist test
set was released along with an additional collection of 4,932 clinical case documents.

The BioCreative V.CDR (BC5CDR) corpus [123] was developed by a team of
Medical Subject Headings (MeSH) indexers for disease/chemical entity annotation,
while the Comparative Toxicogenomics Database (CTD) curators performed the CID
relation annotation. To ensure high-quality annotation, detailed guidelines, and auto-
matic annotation tools were provided. The BC5CDR corpus comprises 1500 PubMed
articles, with 4409 annotated chemicals, 5818 diseases, and 3116 chemical-disease in-
teractions. Each entity annotation includes the mention of text span and a normalized
concept identifier annotated using MeSH vocabulary. To ensure annotation accuracy,
two annotators independently annotate the entities, followed by a consensus anno-
tation. The training, development, and most of the test set were randomly selected
from the CTD Pfizer corpus, which includes over 150,000 chemical-disease relations
from 88,000 articles.

BioCause [124] is a dataset specifically designed for the extraction of causality in
the biomedical field. It involves manual annotation of causality on existing bio-event
corpora. The dataset includes 19 open-access biomedical journals from the infectious
disease subdomain, annotated to include 851 causal relations.

All the datasets listed in Table are available publicly except [125], which is
related to our work. The annotation guidelines discussed in this thesis are partly
adopted from BioDRB [125]. However, the BioDRB is not annotated on the CPGs.
Another dataset [110)] is related to our work, but it concentrates only on the condition-
action statements from the CPGs. [II8|, [I12I] is an adverse drug event extraction
task, [120] extracts symptom severity. They are less related to our work even though
they extract information from the medical text because they aim to extract different
types of information, which is not a concern of this thesis.

From the summary of the medical relation extraction datasets, we can understand
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Table 3.1: Summary of few of the available datasets on causality extraction and rela-
tion extraction of medical text. From this summary of datasets, we can understand
that a lot of datasets are available for relation extraction from medical text. Most of
them extract different information like adverse drug event etc but only a very few of

them are causality extraction dataset and no dataset is annotated on CPGs.

Dataset name Article link Data link Dataset size

National NLP Clinical Chal- | https://academic. https://n2c2.dbmi.hms. 505  discharge

lenges (n2c¢2)- Cohort Selec- | |oup.com/jamia/ harvard.edu/data-sets summaries

tion and Adverse Drug Events | |article-abstract/ drawn from

& Medication Extraction [I18] |[27/1/3/55812777 the MIMIC-IIT
redirectedFrom= database

2016 Centers of Excellence in
Genomic Science (CEGS) Neu-
ropsychiatric ~ Genome-Scale
and RDOC Individualized
Domains (N-GRID) challenge
[120]

fulltext&login=false

https://www.
sciencedirect.com/
science/article/pii/
51532046417300874

https://portal.dbmi.hms.
harvard.edu/projects/
n2c2-nlp/

816 de-identified
neuropsychiatric
clinical records

Extracting Medication, Indica- | https://www.ncbi. https://bio-nlp.org/index. 1092 medical
tion, and Adverse Drug Events | nlm.nih.gov/pmc/ php/announcements notes from 21
from Electronic Health Record | larticles/PMC6860017/ randomly se-
Notes (MADE 1.0) [121] pdf/nihms-1518894.pdf lected  cancer
patients’
CANTEMIST CANcer TExt | http://ceur-ws.org/ https://temu.bsc.es/ 1900 clinical
Mining Shared Task — tumor || Vol-2664/cantemist_ cantemist/?7p=4338 cases
named entity recognition [122] | joverview.pdf
BC5CDR -BioCreative V CDR | https://www.ncbi.nlm. https://github.com/JHnlp/ 1500  PubMed
task corpus [123] nih.gov/pmc/articles/ BioCreative-V-CDR-Corpus articles with
PMC4860626/pdf/baw068. 4409 annotated
pdf chemicals, 5818
diseases and
3116  chemical-
disease interac-
tions.
The biomedical discourse rela- | https://link.springer. 24-articles from
tion bank- BioDRB [125] com/content/pdf/10. GENIA corpus.

1186/1471-2105-12-188.

112,000-word

pdf tokens and
approximately
5000 sentences.
Identifying Condition-Action | https://arxiv.org/pdf/ || https://data. Hypertension
Statements in Medical | [1706.04206.pdf world/hematialam/ 2014, Chap-
Guidelines  Using Domain- condition-action-data ter 4 of 2008
Independent Features [110] asthma, 2012
rhinosinusitis
guideline
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that there are a lot of datasets available. But only a very few are causality extraction
datasets [34], [124], [126], [127]. Notably, none of these datasets are annotated on
CPGs. This highlights a gap in the field and underscores the need for either a transfer
learning approach or a specifically annotated corpus. This thesis addresses both these
needs.

This chapter provided an introduction to Clinical Practice Guidelines. It then sum-
marized some of the previous work on information extraction from these guidelines.
Additionally, it reviewed prior research on causality extraction and the datasets cur-
rently available for this purpose. The chapter concludes by identifying the existing
gap in the field of causality extraction from Clinical Practice Guidelines and outlines

how this thesis aims to address these gaps.



CHAPTER 4: CAUSALITY: DEFINING THE MAIN CONCEPTS AND DATA
ANNOTATION

In this chapter, the two primary research areas of this thesis - causality and causal-
ity extraction - will be explored. We informally introduced causality in Chapter [I]
and in this Chapter, we introduce causality formally with examples. Each of the terms
is introduced with an example from the medical guidelines. Additionally, the causal

unit that shall be utilized during the annotation process will be precisely defined.
4.1  Causality extraction

Causality represents the relationship between the "cause" and "effect" in text. The
occurrence of a cause will trigger an effect to happen. The process of automatically
extracting such relations is causality extraction.

Causality can be within a sentence, or it can be across a sentence. If it is within
a sentence, it is called intra sentence relation, and if the relationship is across the

sentences, then it is called inter sentence relation.

Example 4.1.1 Intra sentence relation:

Women aged 45 to 49 years should be screened with mammography annually [100].

Condition: age 45 to 49,
Action: screened with mammography annually,
Effect: detect breast cancer.
In the above example from breast cancer screening guidelines [I00], we have a

condition action statement which is a direct condition/ action statement.

Example 4.1.2 Inter sentence relation:

In children under 5 years, higher doses may be required if there are problems in ob-



38

taining consistent drug delivery. Titrate the dose of inhaled steroids to the lowest dose

at which effective control of asthma is maintained [99).

Condition: children under 5 years,
Cause: if there are problems in obtaining consistent drug delivery,
Action: higher doses may be required. Titrate the dose of inhaled steroids to the
lowest dose,
Effect: control asthma.

The above example from the asthma guidelines [99] is a condition, cause, and action
statement. Here, the action is not direct but depends on the modal verb "may." If
there are problems with consistent drug delivery, higher doses may or may not be

required.
4.2 Causal unit

Different causal units have been defined by different works [128], [33], [32], 129]. We
define our causal unit based on [125] and [130]. Below is the definition of our causal

unit for organizational and medical data; this is not the only way to define it.
4.2.1  Causal unit in Organizational data

e Cause: Give two arguments, argl and arg?2, if they are related causally and

are not in a conditional relation.
e Effect: Possible effect that the condition/cause/action will lead to.
e Causal Trigger (CT): Represents the link between cause and effect.

4.2.2  Causal unit in medical data
e Cause: Give two arguments, argl and arg?2, if they are related causally and

are not in a conditional relation.

e Condition: The condition which is true and will lead to a solution. It represents

conditional relations.
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Causal Unit

| T T T 1
Cause Condition Action Effect Signal Modal LI cehi
I l l l l l on as action

Figure 4.1: Tree showing the causal unit. If there is a modal verb in that sentence, it
will be annotated. In some cases, cause/condition can also act as an action; in those
cases, both the senses will be annotated.

e Action: Possible action that needs to be taken for a condition/cause. This

depends on the condition/cause.
e Effect: Possible effect that the condition/cause/action will lead to.

e Signal: Represents the link between the cause and effect.

There can be sentences with condition-action, condition-effect, cause-effect, cause-
action, etc., or all of them. In Organizational data, the link between cause and effect
is given by a causal trigger, whereas in medical text, we define the link between cause
and effect as a signal as given in [I30]. Throughout this thesis, we will use both these

terms interchangeably.
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Table 4.1: Summary of the causal unit defined in this work with examples from
medical guidelines. In the examples, a Cause is marked as C, a Condition is marked
as CO, an Effect as E, an Action as A, a Signal as S, and a Modal verb as MD. The
cause, condition, effect, action, or signal identified in the sentence are marked inside
brackets. In some cases causes can be effects and vice versa.

Causal | Example
unit
Cause Some |[pregnant persons|g are [screened earlier than 24 weeks of
gestation|4 because they |have risk factors for type 2 diabetes, such as
obesity, family history of type 2 diabetes, or fetal macrosomia during a

previous pregnancy|c g

[Potential harms|g of [screening for gestational diabetes|c include [psy-
chological harms (anxiety, depression), intensive medical interventions
(induction of labor, cesarean delivery, or admission to the neonatal in-
tensive care unit [NICU]), and negative hospital experiences related to
labeling (reduction in breastfeeding and fewer newborns staying in the
mother’s room)| g that may be associated with a diagnosis of gestational
diabetes. Possible adverse effects of treatment include neonatal or ma-
ternal hypoglycemia, increased risk of small for gestational-age infants,
and maternal stress.

AAFP acknowledges that diabetes, like all chronic conditions, exists on
a continuum and that insulin resistance is a [risk factor|g for developing
diabetes, the [current evidence does not show improvement in long-term
health outcomes|c for [screening for prediabetes in adults who have obe-
sity or overweight|g.

Many [studies|g [comparing different inhaled steroids|c are of [inade-
quate design and have been omitted from further assessment|g.
Condition| [You’d get fatter|g if [you ate too much|c

There is [limited evidence|s that [screening with mammography reduces
breast cancer mortality|z in [women 40- 49 years of age|c.

If he had [reduced his sugar intake|c, he would be [free from diabetes|g.
Modal [Pregnant persons with gestational diabetes|c are at [increased risk for
maternal and fetal complications|p and [may|y;p benefit from [early
identification and treatment| 4.

Cause/ In the | SHOCK trial |¢, | patients were randomized to medical therapy
Con- or emergency revascularization |4. Among the [patients randomized to
dition revascularization|c, [two-thirds of patients were referred for PCI and
is an | one-third for CABG |4, and the decision to proceed with PCI or CABG
action was made by the treating physician.
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The causal units defined in this thesis, along with examples from medical guidelines,

are given in this section.

1. Cause: is defined between arguments if they are related causally. Examples of

causes are given below.

Example 4.2.1 Some [pregnant persons|s are |screened earlier than 24 weeks
of gestation|a because they |have risk factors for type 2 diabetes, such as obe-
sity, family history of type 2 diabetes, or fetal macrosomia during a previous

pregnancy|c g [131].

Example 4.2.2 [Potential harms|s of |screening for gestational diabetes|c in-
clude [psychological harms (anziety, depression), intensive medical interventions
(induction of labor, cesarean delivery, or admission to the meonatal intensive
care unit [NICUJ), and negative hospital experiences related to labeling (reduc-
tion in breastfeeding and fewer newborns staying in the mother’s room)|g that
may be associated with a diagnosis of gestational diabetes. Possible adverse ef-
fects of treatment include neonatal or maternal hypoglycemia, increased risk of

small for gestational-age infants, and maternal stress [131].

Example 4.2.3 AAFP acknowledges that diabetes, like all chronic conditions,
exists on a continuum and that insulin resistance is a |risk factor|s for devel-
oping diabetes, the [current evidence does not show improvement in long-term
health outcomes|c for |screening for prediabetes in adults who have obesity or

overweight|g [132].

Example 4.2.4 Many |studies|s [comparing different inhaled steroids|c are of

[inadequate design and have been omitted from further assessment|g [99).
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2. Condition: which describes all the conditional relations. Conditions were

annotated as CO.
Example 4.2.5 [You’d get fatter|g if |you ate too much|co

Example 4.2.6 There is [limited evidence|s that |screening with mammography

reduces breast cancer mortality|g in {women 40- 49 years of age|lco [100].

Example 4.2.7 If he had |reduced his sugar intake|lco, he would be |free from

diabetes| .

3. Modal: If there is a modal verb like may, must, can, could, etc., it was anno-

tated as MD.

Example 4.2.8 [Pregnant persons with gestational diabetes|c are at |increased
risk for maternal and fetal complications|g and [may|yp benefit from |early

identification and treatment| s [131].

Here the action for a particular cause may or may not help to reduce the effect.

4. Cause/Condition is an action: The situations where the cause/condition

will also be an action or vice versa.

Example 4.2.9 In the | SHOCK trial|c, | patients were randomized to medical
therapy or emergency revascularization | 4. Among the |patients randomized to
revascularization|c, [two-thirds of patients were referred for PCI and one-third

for CABG |4, and the decision to proceed with PCI or CABG was made by the

treating physician [133].

In the above examples, the phrases marked with C indicate a Cause, phrases with
CO indicate a condition, phrases marked with E represent an Effect, A represents
an Action, and S indicates a Signal. A summary of all the causal units and their

examples are available in Table
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4.3 Degree of influence of cause to effect

The degree of influence represents a cause’s influence on the effect.

Example 4.3.1 Risk analysis shows that all women diagnosed at or before age 50
and treated with breast-conserving therapy have a 20% or higher lifetime risk for a

new breast cancer [134].

The above example is from the breast cancer screening guideline by the American
College of Radiology(ACR) [134]. Here the degree of influence from cause (women
diagnosed at or before age 50 and treated with breast-conserving therapy) to effect

(higher lifetime risk for new breast cancer) is 20% or higher.
4.4  Data Annotation

This thesis incorporates two sets of annotations - organizational data and medical
data. This section provides an overview of the data and the annotation process, both
of which have undergone manual annotation. For the organizational data, we man-
ually evaluated the concordance among the annotators. Meanwhile, for the medical

data, we computed the agreement through an automated process.
4.4.1  Organizational data

As we explained in [I1],

The organizational data was manually annotated on the 2020 SEC 10-
K Documents of 65 S&P Financial Companies. Five graduate students
trained in business analytics, business administration, and/or economics
were hired to manually annotate the causal insights from the documents
based on a predefined dictionary of causal trigger words (or cue phrases).
Causal triggers are also called causal trigger words. At least two students
carefully read each sentence with trigger words to ensure it described a

cause-and-effect relationship. As is customary in the area of causality
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extraction [20, 135], only sentences with trigger words were considered
causal. Thus, the article addresses explicit causality. However, this is not
a major limitation since causal sentences without causal triggers are rela-
tively rare. Two thousand two hundred thirty-four causal sentences were
identified and manually annotated. For each of the identified causal sen-
tences, the cause/effect relationship was marked using tags. In the manual
annotation, the effects were marked with the <outcome> tag. Five grad-
uate students manually annotated causes, triggers, and outcomes. After
one round of discussions to resolve disagreements, there was a 100% inter-
rater agreement. However, the 100% agreement did not imply complete
consistency, e.g., some phrases included the determiner the’ in some sen-

tences but omitted it in others. An example sentence is given below:

Example 4.4.1 <causal-relation> When a <cause> policyholder or in-
sured person becomes sick or hurt </cause>, the Company <trigger>
pays </trigger> <outcome> cash benefits fairly and promptly for eligi-

ble claims </outcome> < /causal-relation>.

4.4.2 Medical data

We annotated seven documents of gestational diabetes guidelines from various so-
cieties like the American Diabetes Association (ADA) [136], US Preventive Services
Task Force (USPSTF) [I31], American College of Obstetrics & Gynecology (ACOG)
[137], American Academy of Family Physician (AAFP) [132], Endocrine Society [138]
etc. This idea to annotate the gestational diabetes guidelines is based on an opinion
from Dr. Luciana Garbayo, who is an assistant professor of Philosophy and Medical
Education at the University of Central Florida College of Medicine. She suggested
the presence of causal sentences in the gestational diabetes guidelines.

Two annotators were recruited. Given a text document, their task is to read the
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document and mark the cause, effect, condition, action, modal, and degree of influence
with tags. The cause will be marked as C, effect as E, signal as S, condition as CO,
action as A, modal as MD, and degree of influence as DI. The phrases containing
any of these causal phrases should be differentiated. For example, the beginning of a

cause phrase will be marked as <C> and the end as </C>.
4.4.3  Inter-annotator agreement for the medical data

Due to the intricacy of causality extraction, which involves annotators labeling
varying text spans as "cause," "effect," and so on, computing agreement between two
annotators can be challenging as it requires comparing two spans of texts. Traditional
methods of inter-annotator agreement, such as the Kappa statistic [I139], are inade-
quate due to their need for classifications to fit into mutually exclusive and discrete
categories. Therefore, we decided to assess agreement using both exact match and
relaxed match criteria. The F-measure is used for the exact match [140], 141, [124].
In the case of the relaxed match, the average distance between phrases is computed.
Initially, the annotated phrases, their corresponding labels, and the full sentence they
are derived from are extracted from the entire annotated document. These annota-
tions, originating from both annotators, are then compared and amalgamated based
on the sentence. The resulting merged table thus features the sentence, the extracted
phrase, and the labels as marked by Annotator 1 and Annotator 2. In total, 514
matching phrases have been identified. An overall agreement computed as a Jaccard
similarity of 0.66 was obtained. Details of the inter-annotator agreement computation
are given below.

From the merged data table, the inter-annotator agreement was computed. This

is done by computing the match between the annotations as follows.

e Relaxed match — Both annotator’s phrases overlap with each other but are not

necessarily an exact match.
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Figure 4.2: Distribution of the labels in the corpus. The percentage of almost all the
labels is around 24% except signal, which is only 6%

e Exact match — Both annotator’s phrases exactly match.

To execute the relaxed match, we employ the Levenshtein distance [I142] and the
Jaccard distance [143]. The Levenshtein distance quantifies the difference between
two string sequences, indicating the minimum single-character edits required to trans-
form one word into another. Jaccard similarity computes the degree of relatedness
between two finite samples by dividing the intersection’s size by the size of the sam-
ple sets” union. The Jaccard distance is subsequently calculated by subtracting the
Jaccard similarity from 1. The Python library Levenshtein E| is used in computing
the Levenshtein distance. The Jaccard index was computed using the Python li-
brary textdistancd’] The Levenshtein distance and the Jaccard distance between the
annotators are summarized in Table

From Table we can understand that there is an average Levenshtein distance
of 0.41 and an average Jaccard distance of 0.34. In most cases, both annotators

annotated the same sentence with the same labels, but the length of the phrase was

1https://pypi.org/project/python—Levenshtein/|

‘https://pypi.org/project/textdistance4
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Table 4.2: Relaxed match between the annotated phrases. Levenshtein distance is
the minimum number of edits required to transform one phrase to another, whereas
Jaccard distance is the amount of non-overlap between phrases. The lower the dis-
tance, the agreement is higher. The distance is higher for action. In most of the
cases where there is a mismatch, the length of the phrase by both the annotators was
different.

Levenshtein distance | Jaccard distance
Cause 0.22 0.27
Condition | 0.34 0.21
Effect 0.37 0.31
Action 0.87 0.48
Signal 0.26 0.44

Table 4.3: For a given phrase, the labels annotated by annotators 1 and 2 are com-
pared. An average F1 score of 0.69 was obtained. From the F1-score, we can under-
stand that both the annotators agree on most of the categories except the signal for
which the Fl-score is low.

Precision | Recall | Fl-score
Cause 0.86 0.71 0.77
Condition | 0.56 0.85 0.67
Effect 0.85 0.90 0.88
Action 0.89 0.70 0.78
Signal 0.25 0.62 0.36

different. The exact match between the phrases is computed by finding the exact
string match between phrases 1 and 2. Out of the 514 phrases, 112 phrases are exact
matches. The match between the labels for the same phrase by both annotators is
also computed with an average F1 score of 0.69. The match between the labels for
each subcategory is given in Table

In this chapter, the main concept of this thesis, causality, was introduced. Also,

the process of annotation was discussed in detail.



CHAPTER 5: CAUSALITY EXTRACTION FROM ORGANIZATIONAL TEXT
AND MEDICAL TEXT

This chapter will explain the experiments we did with two specific datasets, or-
ganizational data and medical data. The organizational data is annotated on a set
of financial documents, whereas the medical data is annotated on a set of Clinical

Practice Guidelines.
5.1  Causality extraction on the organizational data

This section will discuss the data preparation we did for the organizational data. It
also explains the methods we use to classify the causal sentences and extract causali-
ties from those sentences. The content and the results of this section are copied from
our [T1].

5.1.1  Data Preparation and Preprocessing

As we have explained already in our work on causality extraction [11],

Initially, 65 reports for the year 2019 from the 10-K annual report docu-
ments of Standard & Poor (S&P 500) Financial Companies were retrieved
from the Securities and Exchange Commission (SEC) website. On the
SEC website, the data is in Inline (eXtensible Business Reporting Lan-
guage) XBRL format (IXBRL) format. This text is extracted in JSON
format without filtering using Trafilatura [144], a Python package, and
cleaned the data using the NLTK package [145]. From this extracted
and cleaned text, the causal sentences were identified using the causal

trigger words. About two dozen trigger words and their variants (man-
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ually) adopted from the [146] and from online sourceq!| (last accessed on
15 June 2023) were used. If a trigger word was present in a sentence, it
was marked as a possible causal sentence using tags <causal-relation>.
A JSON dataset, with possible causal sentences marked, was given to a
set of graduate students who read the sentences and marked which part

of a sentence was cause/effect. They were marked using the tags given in

Example 4.4.1.

The next step was to convert the annotated tags into the BIO label format.
Whenever there was a cause tag, the beginning of that tag would be
marked as the “B-C” beginning of the cause, and the rest of the cause
was marked as “I-C” inside the cause. Similarly, the beginning of the
effect would be marked as “B-E”; the rest of the effect as “I-E”, and the
beginning of a causal trigger would be marked as “B-CT”, and the rest
of the causal trigger as “I-CT”. The rest of the words, which were not
cause/effect /trigger, were marked with “O” to indicate outside (i.e., not a
label of interest). From the annotated tags, BIO labels were marked using
regular expressions. The data in the BIO label format was simplified into

the 10 label format, which improved the consistency of annotations.
5.1.2  Causal sentence classification from Organizational data
As given in our work on causality extraction [IT],
BERT [12] for sequence classification was fine-tuned on our dataset. We
ran two sets of experiments to classify the causal sentences. For both

sets of experiments, the positive sample consisted of manually annotated

causal sentences. The differences lay in the negative samples. The first set

'http://web.mit.edu/course/21/21.guide/tran-cwp.htm, https://languageonschools.
com/free-english-lessons/conjunctions/transition-words-cause-and-effect/,
https://continuingstudies.uvic.ca/elc/studyzone/570/pulp/hempb
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of negative classes consisted of all cases containing a causal trigger where
the sentence did not contain a causal relation (selected from organiza-
tional data) and a random sample of sentences without causal relations
and without causal triggers (selected from Twitter data). The second set
of negative samples consisted of all cases of a causal trigger where the sen-
tence did not contain a causal relation. Our data had an equal number of
positive and negative samples. The obtained data was divided into train
and test data. In the first case, we obtained a macro Fl-score of 0.89,
and, in the second case, a 0.88 macro F1l-score. The detailed results of

the causal sentence classification for the two above-mentioned scenarios

are given in Appendix A, Table [A.1] and Table

5.1.3  Causality extraction from Organizational data

we explained in [11],

BERT is a state-of-the-art performing model for many NLP tasks, in-
cluding relation extraction [147, 148]. We used the SpanBERT and Dis-
tilBERT models, adapted for token classification for causality extrac-
tion. Based on an 80% training set and 20% test set from the manually-
annotated gold data, the performance of the SpanBERT model had a
macro average Fl-score of 0.89, macro average precision of 0.87, and macro
average recall of 0.91 and DistilBERT had an average F1-score of 0.86,
macro average precision of 0.81, and macro average recall of 0.91. From
Table [5.1], it can be observed that Span BERT’s performance was better
for the causal triggers. However, DistilBERT performed slightly better

for cause and effect.

We also tried using the BERT-large model for the same causality extrac-

tion task. BERT-large obtained a macro average F1-score of 0.83, macro

50
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Table 5.1: Summary of SpanBERT(Sp) and DistilBERT’s(Dis) performance on the
Organizational data for the causality extraction task (CE-ORG). Each token in the
text was assigned a Cause (C), Effect (E), and Causal Trigger (CT) label. The results
given above were obtained by splitting the manually annotated gold data into train
and test partitions, from which the training partition was used to fine-tune BERT.

P(Sp) R(Sp) Fi1(Sp) P(Dis) R(Dis) F1(Dis)

Cause 0.82 0.86 0.84 0.78 0.93 0.85
Causal trigger 0.93 0.97 0.95 0.77 0.86 0.81
Effect 0.86 0.90 0.88 0.88 0.94 0.91

precision of 0.78, and macro recall of 0.90, which was lower than the per-
formances of DistilBERT and SpanBERT. We have also tried a few-shot

prompting on this data.

Finally, we noted that when using the BIO-label format to include the
beginning and the inside tags for cause, effect, and trigger, we obtained a
macro average Fl-score of 0.60, accuracy of 0.73, macro average precision

of 0.73, and macro average recall of 0.60 using DistilBERT.

In this work on Organizational data, we built a pipeline that will take the
text document as input and output a knowledge graph. An algorithmf]

that explains the steps of the pipeline is given in Algorithm

2 Algorithm copied from [11]
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Algorithm 1 Text to Knowledge Graph

Input: Organizational data: a set of annual reports of Standard & Poor Financial

company documents in textual format .
Model: a pipeline to process unstructured text into a knowledge graph.
Output: g — A knowledge graph, based on stakeholder taxonomy classification,

obtained from the extracted causal statements.

1: for each of the test documents in pdf form uploaded by the user. do

2:  Extract the text from the pdf document.

3:  Classify whether a sentence is causal or not using a transformer-based deep

learning model.

4:  Extract the causalities from the classified causal sentences.

5. Classify the extracted causalities based on the stakeholder taxonomy.

6:  Construct the Knowledge graph g

7: end for

8 return Kg

The results of this causality extraction task were good compared to many baseline
similar works [70], [I49]. Since the results are promising for the causality extraction
task, we decided to use organizational data as the training data for the transfer

learning task.
5.2 Causality extraction on the medical data

This section discusses the data preparation for the medical data. It also discusses
causal sentence classification and causality extraction on the annotated corpus of the

medical text.
5.2.1  Data preparation and preprocessing

Seven documents on gestational diabetes guidelines provided by different societies

are downloaded as PDF documents. The PDFs are converted into a document format,
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and the documents are given to the annotators for annotating them manually. The
annotators used tags to annotate the documents.

After annotating them, the NLTK sentence tokenizer is used to extract sentences
from all the documents. The sentences from all the documents are appended together
and converted into a data frame. Regular expressions are used to extract the causal
sentence. If any of the sentences contain a tag <>, it will be extracted as a causal
sentence. Again regular expressions are used to extract the phrases of cause, effect,
action, signal, and condition from the sentences. The extracted phrases are used for

computing inter-annotator agreement.
5.2.2  Causal sentence classification from medical data

For the causal sentence classification, we consider the manually annotated causal
sentences as positive cases and label them as 1. An equal number of sentences from
the corpus that are not causal are considered negative samples and are annotated
as 0. The negative sentences are randomly selected from the list of the non-causal
sentences. The data for this causal sentence classification consists of an equal number
of causal and non-causal sentences. We ran four models on this data, out of which
BERT gave a higher macro average F1l-score of 0.94. The dataset is split into train
and test using a five-fold cross-validation. Then BERT for sequence classification was
fine-tuned on our dataset for four epochs. The results of this classification task for
the highest performing model are given in Table

We ran Logistic regression, BiLSTM, and DistilBERT on the same data. With
Logistic regression, a macro average Fl-score of 0.85 was obtained, BiLSTM gave
an average Fl-score of 0.83, DistilBERT gave an average F1-score of 0.97, four shot
prompting on GPT-4 gave an average F1l-score of 0.80 which is lower than all other
models.

A summary of results for all the models is given in Table [5.3] From the results, we

can infer that fine-tuning BERT gives much better results, which is also the scenario
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Table 5.2: Results of causal sentence classification on the medical data using BERT.
Here the positive samples are the manually annotated data, and an equal number
of negative samples are taken from the list of non-causal sentences from the medical
data. With a five-fold cross-validation, BERT got a higher F1 score compared to all
other models.

Precision | Recall | Fl-score | Support
Non-Causal 0.97 0.90 0.93 292
Causal 0.91 0.97 0.94 292
Accuracy 0.94 584
Macro average 0.94 0.94 0.94 584
Weighted average | 0.94 0.94 0.94 584

Table 5.3: Summary of the results of the causal sentence classification on the medical
data using various models. Here the manually annotated samples are considered as
positive samples, and an equal number of data that are non-causal are selected as
negative samples. From the results, we can understand that BERT performs better
than all other models with a higher Fl-score of 0.94. With GPT-4, a four-shot
prompting was done.

Precision | Recall | Fl-score | Accuracy
Logistic regression | 0.87 0.85 0.85 0.85
Bi-LSTM 0.91 0.76 0.83 0.85
DistilBERT 0.93 0.93 0.93 0.93
BERT 0.94 0.94 0.94 0.94
GPT-4 prompting | 0.82 0.81 0.80 0.81

with the organizational data.

The detailed results of logistic regression and DistilBERT are given in Appendix
A Table [A.3 and Table [A.4]

We chose a four-shot prompting for the sequence classification based on our set
of experiments for causal sentence classification on the Causal News Corpus dataset.
The summary of the results of sequence classification with various prompt sizes on
the Causal News Corpus is given in Appendix A Table [A.5] From Table we can
understand that there is no improvement in the performance with an increase in the
prompts.

In real-world data, the distribution of positive and negative samples may not be

the same. In gestational diabetes, there was a high imbalance between the causal and
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non-causal sentences. There was a total of 290 causal sentences and 1900 non-causal
sentences. In order to estimate the performance of the model on such real-world data,
we appended the imbalanced causal and non-causal sentences and tested them using
BERT. With BERT, we got an F1 score of 0.51 for the causal sentence classification.
The results indicate that if one of the categories has more examples than the other
and the data is highly imbalanced, the performance is high for the category with more
examples than the other category. Also, the overall performance decreased. These
results suggest that training should be done with oversampling the causal /non-causal

data, or an equal amount of causal and non-causal sentences should be selected.
5.2.3  Causality extraction from medical data

This section elaborates on the approaches employed for causality extraction and the
resulting outcomes. Given the good performance of DistilBERT with organizational
data, this model was also applied to the medical data. Considering the limited sample
size in medical data, we attempted to improve the learning process by increasing the
number of epochs. This approach allows for more refined fine-tuning of the model.

In order to decide on the correct number of epochs and to avoid overfitting, we tried
running the model for 100 epochs and plotted the validation loss and the training loss.
The graph showing the train and validation loss for our highest performing model,
BioBERT, is given in Figure 5.1} The graph for the DistilBERT and BERT are given
in Appendix B Figure and Figure

From the graph, we can understand that with the increase in the number of epochs,
the training loss is constantly increasing and approaching 0. The validation loss
decreases till 18 epochs and then starts to increase. Based on this, we fine-tuned
DistilBERT for 18 epochs, BERT (BERT-base-uncased) for 20 epochs, and BioBERT
for 16 epochs.

The data is split into train and test. DistilBERT for token classification is fine-

tuned on the training data for 18 epochs. On the test data, the model obtained an
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Figure 5.1: Graph showing the train and validation loss when fine-tuning on
BioBERT. Looking at the graph, we can understand that with the increase in the
number of epochs, the training loss is constantly decreasing and approaching 0. The
validation loss decreases till 16 epochs and then starts to increase. Based on this, we
fine-tuned BioBERT for 16 epochs.

average F'l-score of 0.57.

Similarly, we fine-tuned BioBERT for 16 epochs and BERT for 20 epochs. Out
of these three models, BioBERT[I7] gave us an average higher Fl-score. BioBERT
gave an average F1 score of 0.61, and BERT gave an average F1 score of 0.60. The
detailed results of fine-tuning BioBERT on the test data are given in Table [5.4] The
detailed results for the DistilBERT and BERT are available in Appendix B Table
and Table [B.3

From the detailed results, we can understand that the performance of the signal is
0 with all three models (BioBERT, DistilBERT, and BERT). In the overall dataset,
there is only a small number of samples of the signal (Figure , and the model
cannot predict it correctly. The higher the number of samples in the dataset, the

performance of that particular category is better.
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Table 5.4: Causality extraction results on the medical data using BioBERT, the
highest performing model. Each token in the text was assigned a label Signal(S),
Effect(E), Other(O), Cause(C), Condition(CO), and Action(A). The results are ob-
tained by splitting the manually annotated data into train and test data. Note: there
are very few samples in the entire dataset for the signal, and the F1-score for a signal
is 0 with all the models.

Precision | Recall | Fl-score | Support

S 1.00 0.00 0.00 31

E 0.82 0.75 0.78 696

@) 0.78 0.74 0.76 1186

C 0.62 0.69 0.65 411

CO 0.80 0.63 0.71 717

A 0.65 0.85 0.73 838
Accuracy 0.73 3879
Macro average 0.78 0.61 0.61 3879
Weighted average | 0.75 0.73 0.73 3879

Table 5.5: Summary of the results of causality extraction on medical text using the
Pre-trained Language Model (BERT) and its variants. The gestational diabetes data
is split into train and test data. All the models are fine-tuned on train data and
tested on test data.

Precision | Recall | Fl-score | Accuracy
DistilBERT | 0.74 0.57 0.57 0.69
BERT 0.77 0.60 0.60 0.73
BioBERT 0.78 0.61 0.61 0.73
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5.2.3.1  GPT-4 for causality extraction from medical guidelines

Apart from using one of the state-of-the-art performing transformer-based models
(BERT), we ran two Large Language Models (LLMs), GPT-4 and LLAMA2, on the
medical guidelines data for the causality extraction task. We did a few-shot prompting
on this data with different prompt sizes and documented our results in this section.

Generative Pre-trained Transformer 4 (GPT-4) [I3] outperforms most of the state-
of-the-art performing models on the traditional NLP benchmark datasets. We ex-
plored various prompt sizes (zero, four, six, eight, ten-shot, and twenty-shot prompt-
ing). When token-level labels are given as prompting examples, the model halluci-
nated by predicting a long number of "O-other" tokens.

Note: For the organizational data, we did a few-shot prompting using GPT-3.5,
which we performed as a token classification. But GPT-4 cannot deal with token
classification. For the causality extraction, using medical data, we did a phrase-level
extraction using both GPT-4.

Initially, with GPT-4, we did a four-shot prompting. The annotated data with the
tags will be given as an example in the prompt, and the model is expected to predict

similarly. A sample is given in Example 5.2.1.

Example 5.2.1 <C>Gestational diabetes</C> has also been associated with an
<E>increased risk of several long-term health outcomes in pregnant persons and in-

termediate outcomes in their offspring</E>

We tried converting the predictions with the tags into a token-level format in order to
compute the F1 score. However, since the tags are placed in different places in some
of the gold annotations and predictions, the number of tokens in gold and predictions

doesn’t match. An example is given below

Example 5.2.2 Gold: Importance<C>Gestational diabetes</C> is diabetes that

develops during pregnancy.1-3 Prevalence of gestational diabetes in the US has been
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estimated at 5.8% to 9.2%, based on traditional diagnostic criteria, although it may
be higher if more inclusive criteria are used.4-8 <C>Pregnant persons with gesta-
tional diabetes</C> <E>increased risk for maternal and fetal complications, in-
cluding preeclampsia, fetal macrosomia (which can cause shoulder dystocia and birth
injury), and neonatal hypoglycemia</E> .3,9-11 <C>Gestational diabetes<,/C>
has also been associated with an <FE>increased risk of several long-term health out-
comes in pregnant persons and intermedtate outcomes in their offspring</E>

.12-16Table 1.

Prediction: Importance Gestational diabetes is diabetes that develops during preg-
nancy. 1-8 Prevalence of gestational diabetes in the US has been estimated at 5.8%
to 9.2%, based on traditional diagnostic criteria, although it may be higher if more
inclusive criteria are used.4-8 <C>Pregnant persons with gestational diabetes</C>
<E>increased risk for maternal and fetal complications, including preeclampsia, fe-
tal macrosomia (which can cause shoulder dystocia and birth injury), and neonatal
hypoglycemia. 3,9-11</E> <(C>Gestational diabetes</C> has also been associ-
ated with an <E>increased risk of several long-term health outcomes in pregnant

persons and intermediate outcomes in their offspring.12-16Table 1.</E>

In Example 5.2.2, the phrases marked indicate the scenario where some extra spaces
can be added, leading to the indifference in the number of tokens between gold and
the predictions. In the gold data, neonatal hypoglycemia</E> .3,9-11 have a
space after the tag, but in the prediction, the tag is predicted after
the number, which leads to no space between </E> and .3,9-11. Insome sce-
narios, the GPT-4 omits some of the words if they do not contain a causal relation
(omits the 'O’ labels in some places). This mismatch between the gold and the predic-
tions impedes the token-level comparison and reporting of the F1 score. An example

is given below:
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Example 5.2.3 Gold:Race/Ethnicity/Hemoglobinopathies<C>Hemoglobin variants

</C> can <E>interfere with the measurement of A1C</E>, although most assays
in use in the U.S. are unaffected by the most common variants.

Prediction: <C>Race/Ethnicity/Hemoglobinopathies variants</C> can inter-

fere with the measurement of A1C, although most assays in use in the U.S. are unaf-

fected by the most common variants.

In Example 5.2.3, in the prediction, the keyword "Hemoglobin" is missing, which is
present in the gold data. In some places, such inconsistencies lead to token mismatch
between the gold and predicted data.

To compare the performance of GPT-4 with other models, the predictions are con-
verted into the token level and manually checked to convert both the gold predictions
to the same number of tokens for the four-shot prompting. In the predictions, some
tokens are missed; those tokens are added to the predictions and marked as label
"0."(as O indicates tokens that are not cause, effect, condition, action, or signal).
After converting the data into a token level, we computed the F1 score. With GPT-4,
we got an average F'1 score of 0.32 with four-shot prompting. The detailed results of
four-shot prompting with GPT-4 are given in Appendix B Table [B.4]

As the predictions of GPT-4 are unpredictable and miss some tokens in a sentence
leading to token mismatch, Jaccard distance and Cosine similarity are proposed as
alternative solutions. The Jaccard similarity was computed using the textdistancd’|
Python library. The cosine similarity is obtained by computing the vectors of both the
gold and the predictions using the Universal Sentence Encoder[150]. The computed
values are used to compute the pairwise cosine similarity between two vectors using
Scikit-learn |7_f] The cause, effect, signal, condition, and action are extracted from the

predictions using regular expressions on the tags. The extracted prediction phrases

3https://pypi.org/project/textdistance/
‘https://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.
cosine_similarity.html
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Table 5.6: The phrase level comparison results of few-shot prompting using GPT-4.
We tried various prompt sizes (zero, four, six, eight, ten, and twenty-shot prompting).
From the results, we can understand that the Jaccard similarity at ten-shot prompting
is higher (higher the similarity, higher overlap between the gold and predicted spans),
cosine similarity is lower (lower the similarity, higher the gold and press are related),
and the Fl-score between the labels is higher, after which the similarity and F1
decreases at twenty-shot. The cosine similarity, which gives the semantic similarity
between gold and predictions, remains the same with all the prompt sizes. Here the
F1-score is computed by comparing the gold labels and the predicted labels.

Jaccard similarity Cosine similarity F1 (labels)

Zero-shot 0.37 0.20 0.27
Four-shot 0.41 0.20 0.35
Six-shot 0.55 0.20 0.47
Eight-shot 0.49 0.21 0.48
Ten-shot 0.55 0.19 0.50
Twenty-shot  0.55 0.21 0.28

and the gold annotated phrases are merged together. We perform three types of

matching on the gold and predicted phrases.

e Jaccard distance: To measure the dissimilarity between the gold data and the

predictions.

e (Cosine similarity: To measure the semantic similarity between the gold data

and the predictions.

The results of phrase level similarity between the gold annotated data and predic-
tions of GPT-4 using various prompt sizes are summarized in Table [5.6

From the results of the various prompt sizes for the causality extraction on medical
data, we can understand that the result of the ten-shot prompting gives a higher
similarity and F1 score. There is not much difference in the cosine similarity with
various prompt sizes. The Jaccard similarity gives the similarity score based on the
overlap between the gold and the predictions. The higher the similarity, the more
the similarity. Cosine similarity gives the semantic similarity between the gold and

predicted phrases. The Fl-scores are computed by comparing the gold labels with
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Table 5.7: Summary of the results of the predictions of ten-shot prompting. Here the
F1-score is computed by comparing the gold labels and the predicted labels. The F'1
score for cause, effect, and action is higher compared to the other two labels.

Precision Recall F1 score

Action 0.56 0.90 0.69
Cause 0.60 0.74 0.66
Condition 0.95 0.17 0.29
Effect 0.74 0.79 0.76
Signal 0.50 0.06 0.10
Accuracy 0.64
Macro average 0.67 0.53 0.50
weighted average 0.70 0.64 0.59

the predicted labels (Jaccard and cosine similarity for the predicted phrases, F1l-score
for the labels).

A recent work [I5I] uses ChatGPT on 13 benchmark datasets which include the
datasets on causal relation and reasoning. In their experiment, they used zero-
shot prompting along with in-context learning (few-shot learning) on three datasets:
Choice of Plausible Alternatives (COPA) [152], e-CARE [I53|, HeadlineCause [154].
Their results indicate that, for reasoning and detecting causal relationships, Chat-
GPT exhibits strong performance. Their performance is particularly good with cause
and effect. Our results indicate the same for the cause-and-effect scenario. The de-
tailed F1-score for the ten-shot prompting label match between gold and predictions
is given in Table

From the results in Table[5.7], we can understand that the F1 score for cause, effect,

and action is higher compared to the other labels.
5.2.3.2 LLAMA2 for causality extraction from medical guidelines

LLAMAZ2[T4] is a pre-trained and fine-tuned Large Language Model. Three vari-
ants of LLAMA2 are available, which differ in the parameters. 7B, 13B, and 70B
parameters are publicly available. LLAMAZ2 is trained on two trillion tokens of data.

In our experiments, the LLAMA2 7B parameter is fine-tuned on the medical data. It
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is fine-tuned using the HuggingFace autotrain (refer to Appendix B for the autotrain
command used).

To fine-tune LLAMAZ2, the first step is to prepare the data. At first, when the model
was fine-tuned and tested on the token level as BERT, LLAMA2 was predicting a long
number of "O-other" as GPT-4. So we dealt with this as a phrase-level extraction
problem. The data is prepared with three parts which are instruction, input, and

output. A sample training data is given in example 5.2.3

Example 5.2.4 ###Instruction: Fxtract the cause, condition, effect, signal, and
action from the given sentence. ###Input: Pregnant persons with gestational dia-
betes are at increased risk for maternal and fetal complications, including preeclamp-
sia, fetal macrosomia (which can cause shoulder dystocia and birth injury), and neona-
tal hypoglycemia. ### Output: [’Pregnant persons-signal’, "with gestational diabetes
-cause’, increased risk for maternal and fetal complications, including preeclampsia,
fetal macrosomia (which can cause shoulder dystocia and birth injury), and neonatal

hypoglycemia-effect’]

The test data should be similar to the training data except for the output, which
should be empty. The gestational diabetes annotated data was split into train and
test data. The HuggingFace autotrain | for the LLM fine-tuning was used to fine-
tune the model. The fine-tuned weights are pushed into the HuggingFace dataset for
inference. This experiment was done using Google Colab Pro+ with a High-RAM
A100 GPU. Similar to the GPT-4, the predictions of LLAMA-2 were also at phrase
level. So a similar evaluation strategy is followed for LLAMA2. We present the results
with three types of distance.

The predictions are split into phrase levels and then compared with gold data. The

Jaccard similarity was computed using the textdistanceﬂ Python library. The cosine

Shttps://huggingface.co/docs/autotrain/llm_finetuning
Shttps://pypi.org/project/textdistance/
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similarity is obtained by computing the vectors of both the gold and the predictions
using the Universal sentence encoder[I50]. The computed values are used to compute
the pairwise cosine similarity between two vectors using Scikit-learn 7]

Initially, we split the data into train and test using the Scikit learn train test split().
We have converted the phrase-level predictions into token-level. In the test data, there
were a total of 59 samples. Out of the 59 samples, only 29 samples, LLAMA2 pre-
dicted the labels, so the evaluation is only for those sentences. With LLAMA2, we
got an average F'1-score of 0.36, which is lower than that of all the other models. The
detailed results are available in Appendix B Table

Since the test data size is very small, we have also tried a four-fold cross-validation
on this data. The results of fine-tuning LLAMA2 using four-fold cross-validation with
3,5, and 10 epochs are given in Table [5.8]

With the increase in the number of epochs, the Jaccard similarity increased till ten
epochs, but the Fl-score remains the same after five epochs. Also, the predictions
of LLAMAZ2 missed labels in many of the predictions. It extracted the phrases with
no label. With three epochs, LLAMA2 missed 38% of the labels; with five epochs,
21% of the labels; and with ten epochs, it missed 26% of the labels. We omitted
the predictions with no labels (108 predictions, 60 predictions, 76 predictions). The
results of causality extraction presented in Table are after omitting the predictions
with no labels.

From the results, we can understand that Jaccard similarity and cosine similarity
increase with the increase in the number of epochs. However, the F1-score remains
the same with the increase in the number of epochs beyond 5 epochs. Also, the

number of missed labels started increasing after 5 epochs.

"https://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.
cosine_similarity.html
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Table 5.8: The phrase level comparison results of LLAMA?2 using 4 fold cross valida-
tion. Jaccard similarity and cosine similarity indicate the average similarity between
the gold and the predictions. The F1 score is the comparison between the gold labels
and predicted labels.

Jaccard similarity Cosine similarity F1-score

LLAMA?2 (3epochs)  0.70 0.17 0.62
LLAMAZ2 (5epochs)  0.87 0.18 0.71
LLAMAZ2 (10epochs) 0.91 0.19 0.71

5.3  Modals and Degree of Influence

Modal verbs such as 'can’, 'could’, 'may’, 'might’, 'will’, "would’, ’shall’, ’should’,
'must’, and ’ought to’ significantly contribute to linguistic expression in English [I55].
They indicate various modes such as necessity, potential, permission, and obligation
by modifying the main verb in a sentence, providing additional context that aids in
conveying the speaker’s intention. Thus, proper comprehension and application of
modal verbs are vital for effective English communication.

In medical texts, modal verbs are crucial as they offer essential context and speci-
ficity. They can signify certainty, potential, permission, or requirement, all of which
are essential in medical communication. For instance, 'must’ can convey urgency or a
medical necessity, as in "Patients must take this medication daily." '"May’ or 'might’
can illustrate potential or uncertainty, often used when discussing potential side effects
or outcomes, such as "Patients may experience dizziness." 'Should’ is often employed
to provide medical advice or recommendations, like "Patients should avoid heavy lift-
ing after surgery." Therefore, accurately understanding and interpreting modal verbs
is significant for precise communication in medical texts.

A few years ago, a work [I56] on protein-protein extraction from medical texts
explained the importance of understanding the modal verb during the extraction
process. A relatively recent work [I57] proposes an event extraction system that can
capture various types of modality.

In this study, modal verbs are automatically extracted from the annotated corpus,
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Table 5.9: Summary of the results of extracting modal verbs from the sentences. All
three models predict the modals correctly. In these experiments, we did a two-fold
cross-validation.

Precision Recall F1-Score

DistilBERT 0.95 0.99 0.97
BERT 0.96 0.97 0.97
BioBERT 0.96 0.99 0.97

supporting the identification of the intensity of the recommendation or assertion.
Annotators were given a list of English modal verbd’) which they used to annotate
sentences containing modal verbs. Additionally, sentences containing modals were
automatically extracted using regular expressions. In total, 128 causal sentences con-
tained modal verbs. The transformer-based models (BERT, DistilBERT, BioBERT)
were fine-tuned using the 128 sentences that contain modal verbs. This was done by
dividing the data into training and testing datasets. Owing to the small number of
samples, the model’s performance was suboptimal. To enhance the performance, we
attempted to increase the sample size by including examples from a similar dataset.
We randomly selected samples from a comparable dataset [110], ending up with a
total of 1023 sentences. Each sentence with a modal verb was annotated at the token
level, marking the modal verb as MD and all other tokens as O. Every token in the
testing data was then categorized as MD or O. The results of these modal predictions
are provided in Table |5.9

From the results, we can understand that all three models predict the modal verbs
correctly. We also looked into the vocabulary of all three models, which contains
almost all the modal verbs. With this experiment, we can understand that modal
verb extraction can be done easily with BERT. If we can identify such modal verbs,

we can employ some modifications to BERT to understand the modal sense [I58]

Shttps://en.wikipedia.org/wiki/Modal_verb
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Table 5.10: Summary of the results of classifying the sentences with degree of in-
fluence. Logistic regression is performing better. GPT-4 is also performing almost
similarly to the best-performing model.

Precision Recall F1-Score Accuracy

DistilBERT 0.66 0.63 0.62 0.63
BERT 0.77 0.76 0.76 0.76
Logistic regression (.94 0.94 0.94 0.94
GPT-4 0.93 0.93 0.92 0.93

5.3.1  Degree of influence

The degree of influence indicates the impact a cause has on its effect. Clinical Prac-
tice Guidelines (CPGs) are documents designed to assist physicians in their decision-
making process. These are written in a manner that specifically outlines the cause
and its effect. In certain instances, these guidelines specify the extent to which a

cause influences its effect.

Example 5.3.1 If a patient smokes more than 20 cigarettes per day and more than

five drinks a day have a hazard ratio of 8.5 [18, 19/

Example 5.3.1 demonstrates that an individual who smokes 20 cigarettes a day
and consumes over five alcoholic drinks daily has an elevated likelihood of developing
lung cancer. The hazard ratio in this scenario determines the probability of a person
in a higher-risk category reaching the endpoint (developing lung cancer in this case)
prior to those in lower-risk groups. Recognizing such information is beneficial in
the decision-making process. The outcomes of identifying the degree of influence are
provided in Table. [5.10]

Identifying the degree of influence is considered a classification task. The sentences
with the degree of influence are labeled as positive classes, and an equal number of
sentences that do not have a degree of influence are labeled as negative classes.

The results presented in Table indicate that the model can identify the sen-

tences with a degree of influence even if it is fine-tuned on small data. In the entire



68
dataset, there were only 42 sentences with a degree of influence that indicated a re-
lation between the cause and effect. If more data is available, this classification task
can be extended to extract the degree of influence from the sentence. If extracted,
the degree of influence can be used to find how much influence a cause has on effect,

which can be used for the decision-making process.
5.4  Inter-sentence level causal sentence classification

Identifying causal sentences from the entire text document is one of the impor-
tant steps in the causality extraction task. In recent times, various works on causal
sentence classification have been published [159] 160, 161]. However, all the work
concentrates on the intra-sentence level classification. All the work on the causality
extraction at the inter-sentence level concentrates only on the causality extraction
[162], 163, [164]. A recent work [165] generates a word-level encoding and uses an
attention-based Bi-LSTM to compute the weight of all words. Then a graph atten-
tion network is introduced to get the information in the neighboring nodes, which
is then sent to the sentence-level BILSTM. Another similar work [I66] proposes a
document-level Event Causality Identification that detects the causal relation between
the event mention pairs in text. To the best of our knowledge(per Google Scholar
search)ﬂ, there is no work that does a cross-domain inter-sentence level causal sentence
classification on a small dataset. This work considers only the cause/effect relation-
ship in two consecutive sentences because, in both the organizational and medical
data, the cause/effect relationships are annotated between two consecutive sentences.
From the classified inter-sentence level causal sentence classification, causalities can
be extracted.

Inter-sentence level causal sentence classification is performed on two datasets, or-
ganizational data and medical data. For the organizational data, when the cause/effect

relationship is present across the sentence, they are combined together as a single row

9Gearch query - Cross domain inter-sentence causal sentence classification
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Table 5.11: Summary of the results of inter-sentence causal sentence classification
on the organizational data. Bi-LSTM is performing better with the inter-sentence
level classification compared to other Pre-trained Language models like BERT. The
Fl-score increased till three layers were stacked. On adding the fourth layer, the
F1-score decreased.

Precision Recall F1-Score Accuracy

DistilBERT 0.51 0.51 0.51 0.51
BERT 0.52 0.52 0.52 0.52
Logistic regression 0.52 0.52 0.52 0.52
Bi-LSTM 0.85 0.84 0.85 0.85
Stacked Bi-LSTM (2 layers) 0.87 0.87  0.87 0.87
Stacked Bi-LSTM (3 layers) 0.89 0.89 0.89 0.89

which will be considered as positive samples. An equal number of negative samples

are selected. The negative samples are selected based on two scenarios.

e First, the sentences that are not causal are selected from the annotated set of
documents. Two consecutive sentences from the corpus are appended together

to match the positive samples.

e Second, an equal number of sentences are generated by data augmentation using
Chat GPT-4. Similar sentences are generated based on the sentences that are

selected from the corpus.

Both the positive and negative samples are shuffled and split into train and test
data. The results of the inter-sentence causal sentence classification are summarized
in Table [5.11]

Totally there were 641 inter-sentence relations in the organizational data. We
appended an equal number of the sentences that are non-causal. So there are totally
1282 sentences in the data that were used for the classification. With organizational
data for the BERT, DistilBERT, we fine-tune the model for four epochs that are
recommended by the original BERT authors. We use a 5-fold cross-validation.

In the medical data, there were only 38 sentences that had inter-sentence relations.

So we did a cross-domain inter-sentence classification with the medical data. The
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Table 5.12: Summary of the results of inter-sentence causal sentence classification on
the medical data. A cross-domain inter-sentence level causal sentence classification
is done. Here the model is fine-tuned on the inter-sentence level organizational data
and tested on the inter-sentence level medical data.

Precision Recall F1-Score Accuracy

DistilBERT 0.76 0.53 0.39 0.53
BERT 0.75 0.50 0.33 0.50
Logistic regression 0.38 0.43 0.37 0.43
Bi-LSTM 0.48 0.49 0.44 0.49
Stacked Bi-LSTM (2 layers) 0.55 0.54  0.51 0.54
Stacked Bi-LSTM (3 layers) 0.41 0.42  0.40 0.42

inter-sentence relations in organizational data are used as training data, and the
medical data is used as the test data. From the results in Table [5.11| and Table [5.12]
we can understand that the Bi-LSTM can capture the relation between the sentences.
With a three-stack Bi-LSTM, an average F'1-score of 0.89 is obtained. With the cross-
domain classification, Bi-LSTM with two layers gave a higher F1-score of 0.51. This
can be improved by appending some similar medical datasets with inter-sentence
relations like [167].

In this Chapter, we presented the results of the causality extraction and causal
sentence classification on both organizational data and medical data. We have also
shown the importance of the modal verbs in medical text and the degree of influence.
Lastly, we have shown the possibility of an inter-sentence causal sentence classifica-
tion. The performance of the causality extraction and degree of influence can be
improved by increasing the size of the data. We have shown that the model can
extract the modal verbs from the text successfully. We have established a baseline
for the cross-domain inter-sentence causal sentence classification. The applicability
of using LLMs for the causality extraction on medical guidelines was shown, and we
are working on improving its performance by applying cross-validation and increasing

the prompt size.



CHAPTER 6: CAUSAL TRANSFER LEARNING FROM ORGANIZATIONAL
TEXT TO MEDICAL TEXT

Machine learning is used widely for many applications where the machine learning
model will be trained on certain data in order to predict future outcomes. Usually,
the machine learning model will be trained and tested on a dataset that will have
the same data distributions. If there is a difference in the data distributions between
the train and test datasets, the performance of the model can be degraded [168].
However, it will be a difficult task to create an annotated dataset for all domains.
The motivation behind transfer learning is to have high-performance predictions on
the target domain when the model is trained on a related source domain.

Transfer learning, or domain adaptation, ([I69], [I70]) have been proposed as a
mitigation for the problem of scarcity of annotated data. The idea is that the per-
formance of a machine learning program can be enhanced by pretraining on a related

task. A survey article [I71] defines the transfer learning as follows:

“Given a source domain Dg with a corresponding task Tg and a target
domain Dy with corresponding task Ty, where Dg # D or Tg # T, transfer
learning aims to improve the performance of the model’s predictions by

using the related information from Dg and Tg.”

Transfer learning problems can generally be categorized into two main classes based
on how similar the source and the target domains are. The main classes are Homo-
geneous transfer learning and Heterogeneous transfer learning. In the homogeneous
transfer learning, the source (X,Ys) and the target domain(X;,Y;) will be similar (X,=X;

and Y,=Y,), and the task will be to bridge the gap between the source and the target
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domains. In heterogeneous transfer learning, the source and the target have different
feature spaces (X5 # X; and Yy # Yy).

To solve the transfer learning problem, different strategies and implementations
are employed. Three general strategies that are used to solve homogeneous transfer
learning are a) the marginal distribution difference in the source should be corrected
[172],[173], b) correct the conditional distribution difference [174],[175], or ¢) correct
both the marginal and the conditional distribution differences [176],[I77]. With het-
erogeneous transfer learning [I78|, [I79], the source and the target domains will be
aligned with the assumption that they are equal. If the distributions are not equal
further domain adaptation will be needed. Transfer learning does not always produce
positive results [180]

In NLP, transfer learning has been used in the Natural Language Inference (NLI)
task (e.g. [I81]), and for various other tasks like causal sentence detection ([72]);
finding condition-action sentences in medical guidelines ([I82]) and understanding
of biomedical texts [I83]. In another example, extracting drug timelines from the
electronic health record was done by [184] by training the model on THYME colon
cancer corpus and testing on THYME brain cancer corpus.

Transfer learning is often used interchangeably with the term domain adaptation,
especially in natural language processing, as observed by [170)].

Transfer learning focuses on applying the knowledge gained in solving a problem
to a different but related problem [185], [I86]. Because of the limited annotated
data available for the medical guidelines text, the success in transfer learning will
help expand the corpus of annotated data for the medical text. Transfer learning
on medical guidelines has given promising results for [I82], but this work tests the
domain adaptability between different medical guidelines. They use rhinosinusitis
and hypertension guidelines for training and asthma guidelines for testing the domain

adaptability. This work will test domain adaptability between the financial data and
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the medical guidelines text. Since there are a lot of annotated datasets, as listed
in Table [3.I]2.T] from the various competitions are available, the medical guidelines
annotated corpus can be expanded with success in transfer learning.

In this chapter, we discuss two sets of transfer learning experiments.

e Experiment 1 — Run a set of experiments to understand the relationship between

properties of datasets and the degree of success of transfer learning.

e Experiment 2 — Apply Experimentl results to document the transfer learning

results between Organizational data and the medical data.

6.1  Understanding the relation between the similarity of data and degree of

success of transfer learning

In this section, we investigate the applicability of transfer learning (domain adapta-
tion) to address the impediments to the availability of annotated data in experiments
with three publicly available datasets: FinCausal [95], SCITE [70], and Organiza-
tional [II]. We perform pairwise transfer experiments between the datasets using
DistilBERT (a variant of BERT') and measure the performance of the resulting mod-
els. To understand the relationship between data sets and performance, we measure
the differences between vocabulary distributions in the datasets using four methods:
Kullback-Leibler (K-L) divergence, Wasserstein metric, Kolmogorov-Smirnov test,

and Maximum Mean Discrepancy. We record the predictive values of each measure.
6.1.1  Measures of divergence and their uses

There are infinitely many ways we can talk about differences between text data.
However, the simplest measures of difference are count-based, i.e., statistical. We use
four popular tests for differences between the distributions: Kullback-Leibler diver-
gence, Wasserstein distance, Kolmogorov-Smirnov test, and Maximum Mean Discrep-

ancy. The mathematical relations between them are described in [I87]. However, in
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this work, we care about their potential predictive powers with respect to the accu-
racy of transfer learning for causality extraction. All three tests have been used in
NLP, and KL divergence is perhaps the most popular.

KL divergence is a statistical distance that measures how different is a probability
distribution compared to another. It is denoted by Dk (P || Q) where P and Q
are the probability distributions [I88|. Notably, it is not symmetric Dy (P]|Q) #
D1 (QIIP).

An example of recent use is shown in [189] to disentangle the syntax and semantics
in a deep decomposeable model. For semantic similarity tasks and syntactic similarity
tasks, their model improves their disentanglement quality.

In this work, using KL divergence, we show that the distributions of the three
datasets are different and predict quite well transfer results.

KL Divergence measures the difference between two probability distributions based
on information theory, that is, how much we can learn from one distribution about
another, and therefore is not symmetric. The other two measures are symmetric.
Wasserstein distance measures the distance between two probability distributions by
considering the 'cost’ of transforming one into the other and is symmetric. That’s why
it is sometimes called "the earth mover distance." Finally, the Kolmogorov-Smirnov
test is a statistical test used to compare empirical distributions and is often employed
to determine if a sample comes from a specific distribution and is not symmetric.

In this work, we are applying these concepts without any modifications. An intro-
duction, formulas, and comparisons of mathematical properties are available in [I87].
Examples of their uses in NLP appear e.g., in [I88] [190] [191], 192] . For our practical
objectives, we care about the existence of (Python) packages that we can easily apply

to compute the required measures.
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6.1.2  Datasets

In our experiments, we use three causality extraction datasets. First, SCITE [70],
which extends the annotations of SemEval 2010 task 8 dataset [193] by considering
all the causal triplets present in the sentence, whereas [193] considers only one causal
triplet in the sentence. This dataset consists of text data from the web, which is not
particularly related to the financial domain. Second, FinCausal|95], which is created
as part of a challenge FinCausal 2022. This challenge aims to extract causalities
from financial documents. This data is extracted from the 2019 financial news, which
is collected from 14,000 economics and finance websites. Third, the Organizational
(ORG) dataset, which was created for the causality extraction on Financial docu-
ments [I1]. In this dataset, the 2020 SEC 10-K Documents of 65 S&P 80 Financial
Companies were collected and manually annotated.

Here are some examples from each dataset. In the SCITE dataset, the cause-effect

pairs are annotated using the XML tags, as shown below:

Example 6.1.1 SCITE: <item id="15" label="Cause-Effect((el,e2))"> <sentence>
This case arises from <el>;a December 21, 2005 automobile accident <el> that re-

sulted in <e2> the death <e2> of Larry Haynes.</sentence>

In the FinCausal dataset, the cause-effect relation pairs are available as tags. <el>
represents the cause and <e2> represents the effect. The phrases of cause/effect are

also available.

Example 6.1.2 FinCausal:

Text: It found that total U.S. healthcare spending would be about $3.9 trillion under
Medicare for All in 2019, compared with about $3.8 trillion under the status quo. Part
of the reason is that Medicare for All would offer generous benefits with no copays and
deductibles, except limited

cost-sharing for certain medications.



76

Tag format: <e2>It found that total U.S. healthcare spending would be about $3.9
trillion under Medicare for All in 2019, compared with about $3.8 trillion under the
status quo.</e2> <el>Part of the reason is that Medicare for All would offer gen-
erous benefits with no copays and deductibles, except limited cost-sharing for certain

medications. </el >

The organizational data is annotated in the BIO-label format. For each of the tokens

in the text, a label will be assigned. The cause is represented as C, effect as E.

Example 6.1.3 Organizational:
Text: ["When ", "a " "policyholder ", "or " "insured ", "gets " "sick ", "or " "hurt

"the " "Company ", "pays ", "cash ", "benefits ", "fairly ","and ", "promptly", "for

" Meligible ", "claims"]
Label: /NO// //OI/ //B_C// I/[_Cl/ I/]_C// //]_C/! /I[_C/I //I_C!/ I/[_Cl/ //OI/ //OI/ I/B_CT//

L2 3 S0 S S o SN S SRS o SR o SR o ”[—E”/

For the transfer learning experiments, we converted all these three datasets into

the IO label format.
6.1.3  Differences between the datasets

To understand the differences in the distributions, we have created a feature dis-
tribution chart. This chart plots the frequency of the words in both the training and
test data. The Organizational data (training data) had a total word count of 4747,
and the SCITE data (test data) had a word of 1488. Totally 638 words were common
in both of these datasets. Similarly, we have computed a frequency distribution chart
for the Organizational and FinCausal dataset. In the FinCausal data, we had a total
of 1595 words, out of which 966 are common in both datasets.

These differences in word distributions are shown in Figure (and further quan-
tified in Table .
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012
01
0.08
0.06
0.04
.02 l
AT FRANL il
0 20 40 60 B0 100 120 140 160 180 200 230 240 260 280 300 320 340 360 380 400 420 440 460 480 500 520 540 560 580 600 620 640 G660 GBO
Series]l Series2
Gap (difference between two distributions)
o7
006
aos
o004

0 25 S0 7S 100 125 150 175 200 225 250 275 300 325 350 375 400 425 450 475 500 525 S50 575 600 625 ES0 675

(a) The top part of the chart with seriesl and series2 indicates the frequency
distribution on a 638 common word count between the Organizational and SCITE
data. The bottom part, with only one blue legend, shows the gap between the two

distributions at the top.
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(b)The top part of the chart with seriesl and series2 indicates the frequency
distribution on a 966 common word count between the Organizational and

FinCausal data. The bottom part, with only one blue legend, shows the gap
between the two distributions at the top.

Figure 6.1: From the top and the bottom panel, we observe that the difference between
the distributions is high for Organizational and SCITE, whereas the gap between the
Organizational and FinCausal is smaller. As we shall see later, the difference in
distribution is predictive of the F1-score in transfer learning. This is true both when
we measure the differences by the K-L divergence and by the Wasserstein distance,
although the former is more accurate.



78

Looking at graphs (a) and (b) of Figure[6.1] we can see the gaps between the pair’s

frequency distributions. The gap between FinCausal and Organizational data seems
smaller than for the SCITE data.

Table 6.1: Summary of the computed K-L divergence values, Wasserstein distance
(Wassers dist), Kolmogorov-Smirnov test (Kolmog-Smir), and Maximum Mean Dis-
crepancy (MMD) on all the combinations of the datasets. The K-L divergence, MMD,
and the Wasserstein distance on the same datasets is zero, meaning that there is a
maximum overlap between the train and the test datasets. The higher the value of
the K-L divergence, the lower the similarity between the datasets. For the K-S test,
the low p-values prove that the distributions are different. From the computed val-
ues, we can understand that SCITE is less similar to FinCausal, and Organizational
datasets.

Train data  Test data K-L diverg Wassers dist Kolmog-Smir MMD
SCITE 0 0 1.0 0
SCITE FinCausal 0.942 4.95 3.9555e-59 0.7796
Organizational| 0.906 13.1 1.1294e-136  0.7982
FinCausal 0 0 1.0 0
FinCausal SCITE 0.771 4.95 0.000109 0.1067
Organizational| 0.286 8.15 2.2483e-66 0.1488
Organizational| 0 0 1.0 0
Organizational| FinCausal 0.279 8.15 1.1639e-65 0.1481
SCITE 0.336 13.1 3.3517e-151  0.3559

This is intuitively explained by the fact that the Organizational and the SCITE
data are from completely different domains. Organizational data is created on the
financial documents, whereas the SCITE is from the web text. Organizational and
FinCausal seem to be similar data because they both are created using the financial
text. But the Organizational data is annotated on the financial company reports,
whereas FinCausal data is annotated on the financial text from the web.

As shown in Table the K-L divergences between the data sets vary and confirm
the impressions from Figure [6.1] Thus for the Organizational data and SCITE data
we get the values 0.336 and 0.369; in contrast, for Organizational and FinCausal we
get 0.279 and 0.286. In both cases and all directions the values are relatively high,

which means the distributions are different.
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We repeated the same set of comparisons using the Wasserstein metric, the
Kolmogorov-Smirnov test and the Maximum Mean Discrepancy (MMD). The Wasser-
stein distance between the Organizational data and the SCITE data is 13.09, and the
distance between the Organizational and FinCausal data is 8.14. We got a Wasser-
stein distance of 0 between the dataset with itself, and the distance between SCITE
and FinCausal is 4.95.

The Kolmogorov-Smirnov (KS) test can be used to compare two probability distri-
butions to check whether they are drawn from the same distribution. We chose the
standard confidence level of 95%, which means the values that are in favor of the al-
ternative will be rejected if the p-value is less than 0.05. All the p-values we obtained
were much smaller than that, indicating and quantifying the differences between the
word frequency distributions [[]

The Maximum Mean Discrepancy (MMD) is a non-parametric statistical test that
can be used to identify the amount of discrepancy between the two probability dis-
tributions. It can be given as the distance between the feature means. The MMD
between the same datasets will be 0. The maximum the MMD value, the maximum
discrepancy between the source and target domain.

All the obtained values of differences between the data sets are summarized in
Table[6.1] The table also suggests their intended experimental use in transfer learning.
That is, training on one set and testing on another. The impact of these measured

differences and the predictive value of each test is discussed in Section [6.1.4]
6.1.4  Experiments and Results

Given the performance of DistilBERT is good for the causality extraction task
on all three datasets individually ([70], [95],[11]), the next natural question, namely

is what happens when we attempt transfer learning, and if there are differences in

'For both computations, we used the SCIPY packages: https://docs.scipy.org/doc/scipy/
reference/generated/scipy.stats.wasserstein_distance.html, https://docs.scipy.org/
doc/scipy/reference/generated/scipy.stats.ks_2samp.html#scipy.stats.ks_2samp


https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.wasserstein_distance.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.wasserstein_distance.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html##scipy.stats.ks_2samp
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.ks_2samp.html##scipy.stats.ks_2samp
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performance.

To answer this question, we ran several transfer learning experiments with the three
datasets. In all the experiments, the DistilBERT model was fine-tuned on one of the
datasets, and the other two were used as the test data. For the FinCausal dataset
and Organizational data, several BERT variants perform well, as reported in [194]
and [II]. In another example, experiments using DistilBERT on the SCITE data
produce a (relatively good) macro average F1-score of 0.88 (in our experiment). Here
and later, the results are reported using macro-average scores; for example, F1 refers
to the macro-average F1 score, i.e., the average F1 score for all the labels.

Before we discuss the results, we need to mention the composition of the datasets.
Thus, SCITE contains the gold annotation for all train, validation, and test subsets.
In contrast, in FinCausal, although we have split into train, validation, and test sets,
there is no gold standard released for the test set, and therefore we use the validation
set as test data. In Organizational (2235 sentences), we do the split train (70%),
validation (10%), and test (20%).

We performed three sets of rounds of transfer experiments. In the first round of
experiments, we fine-tuned the DistilBERT model on the SCITE train dataset, and
we tested it on SCITE test data and on validation data of both FinCausal and Orga-
nizational test data. In the second round, we fine-tuned the FinCausal train data and
tested on FinCausal validation and on Organizational and SCITE test data. And in
the third set of experiments with transfer, we first fine-tuned the Organizational train-
ing data, and then tested on Organizational and SCITE test data and on FinCausal
Validation data.

We are reporting our results of fine-tuning DistilBERT on the FinCausal data and
predicting on the FinCausal, even though earlier results of [I94] are available, showing
the F1 of 0.87 on the validation data. Our results, for comparison, are 0.94, as shown

in Table The difference perhaps due to the fact that we use the Trainer() from
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the Huggingface to fine-tune the model EI, whereas [194] use the transformer model
from the Huggingface source E]

The result of fine-tuning DistilBERT on the Organizational data and testing it on
the Organizational data were obtained earlier and are presented in [11].

We train our model for (the optimal) 3 epochs with a batch size of 16. All the
experiments are conducted on NVIDIA-SMI 525 GPU (using Google Colab). The
results of running the causality extraction task on the SCITE, FinCausal, and Orga-
nizational dataset are summarized in Table [6.21

Table 6.2: Summary of the transfer learning experiments. This table shows the
performance of DistilBERT for causality extraction. In the top panel of the table, the
model is fine-tuned on the Organizational data and tested on SCITE, the FinCausal
dataset. In the bottom panel, the model is trained and tested on the FinCausal data.

Train data Test data P R F1

SCITE 0.86 0.87 0.86

SCITE FinCausal 0.8 0.04 0.075
Organizational 0.68 0.07 0.11
FinCausal 0.94 0.94 0.94

FinCausal SCITE 0.21 0.74 0.33
Organizational 0.64 0.75 0.69
Organizational 0.78 0.89 0.83

Organizational FinCausal 0.79 0.70 0.74
SCITE 0.25 0.78 0.38

With respect to the transfer learning task, from Table[6.2] we can understand that
the performance of the model is much better when the Organizational data is used as
the training data and the validation data of FinCausal data is used as the test data,
and vice versa. We got a macro average F1 score of 0.74 when FinCausal data was
used as the test data and a macro average of 0.38 when SCITE data was used as the
test data. There is almost a 0.36 increase in the F1-score when FinCausal is used as
a test dataset rather than using SCITE. Similarly, we can see a 0.33 increase in the
F1-score when FinCausal is used as a train, and the SCITE and Organizational data

are used as test data.

Zhttps://huggingface.co/docs/transformers/tasks/token_classification
3gitclonehttps://github.com/huggingface/transformers.git


https://huggingface.co/docs/transformers/tasks/token_classification
git clone https://github.com/huggingface/transformers.git
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It means that the model performs better when there is more similarity between the

vocabulary used in the train and test dataset. From section [6.1.2] we know that the

SCITE data is created from the web text, and the FinCausal data is annotated on
the financial documents.

To understand how the Fl-score varies depending on the K-L divergence, Wasser-

stein distance, and Kolmogorov-Smirnov test p-values, we have plotted the depen-

dencies in Figure[6.2] in their simplest forms, as linear regression lines.
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Figure 6.2: Top Left Panel: A linear regression model approximating between the
data points of the experiments; the K-L divergence between data sets is represented
along the X-axis, and the Fl-scores of the corresponding machine learning transfer
experiments are shown represented along the Y-axis. Top Right Panel: The results
of the same experiments using the Wasserstein distance instead of the K-L divergence.
Bottom Left Panel: The results of the same experiments using the Kolmogorov-
Smirnov test. Bottom Right Panel: The results of the same experiments using the
Maximum Mean Discrepancy (MMD).

We can see that lower K-L divergence values predict higher F'1 scores. The same
is true for Wasserstein distance and MMD. The dependence between the computed

p-values of the Kolmogorov-Smirnov test and the F1 score is plotted in the bottom
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left panel of Figure [6.2] but the diagram does not seem informative — the high F1
values correspond to identical distributions.

Linear regression helps quantify these impressions. Thus K-L divergence pre-
dicts the performance of transfer learning with high accuracy as measured by R2=
[0.07462152| and confidence interval [-0.81916225 0.87093901]. The other three mea-
sures are not particularly good: surprisingly, Wasserstein distance gives R2 =
[0.52912651|, with the confidence interval [-0.03987017 0.78268854|, the MMD gives
R2 = [0.17625334], with the confidence interval [-0.92479103, 0.79202877]|, and the
K-S test R2 = [0.40025979], with the confidence interval [0.48917194 0.38749281].

With a small number of points, we obtain wide confidence intervals. So, the results,
even though confirming the observations of [182] on medical transfer learning, have
to be taken with a grain of salt. Nevertheless, they do suggest the higher predictive
value of K-L divergence for this and perhaps similar tasks.

We performed additional transfer experiments using SpanBERT [16]. The F1 scores
are lower. Example: when fine-tuned on the Organizational data and tested on the
SCITE'’s test data, SpanBERT gave a macro average precision of 0.25, recall of 0.74,
and F1-score of 0.37; and when fine-tuned on Organizational data and tested on the
validation data of the FinCausal dataset, SpanBERT gave a macro average precision
of 0.80, recall of 0.64, and F1-score of 0.70. However, just like for DistilBERT, KL

divergence is the best predictor of the successful transfer.
6.2  Transfer learning between Organizational data and Medical data

In the previous section, we selected three datasets from different areas with the
aim of understanding the relationship between data similarity and the effectiveness of
transfer learning. The results indicated that even with some resemblance between the
training and test data, the transfer learning outcomes between FinCausal and Orga-
nizational data were much better than that of SCITE and FinCausal/Organizational.

This is primarily due to FinCausal and Organizational data having more similarity
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than SCITE. To validate this, we perform two series of experiments in this section.
The first involves training the model on Organizational data and testing it on med-
ical data, which is a case of cross-domain few-shot transfer learning. For the second
experiment, we will also be implementing cross-domain few-shot transfer learning,

where we randomly add 10% of the medical data to the Organizational data.
6.2.1  Cross domain zero-shot transfer learning

From Chapter [4 we can understand that organizational data was annotated on
financial documents, and the medical data was annotated on a set of gestational
diabetes Clinical Practice Guidelines. This indicates that both these datasets are
annotated on completely different domains. In zero-shot transfer learning, we are
fine-tuning the model on organizational data and testing the model with medical
data. Since the organizational data has more samples than the medical data, we
chose the organizational data as training data. A recent work on transfer learning for
causality extraction task [195] pre-train the ELECTRA model on five of the available
datasets(out of 5, two of them are annotated on medical text). They use these pre-
trained weights for causality extraction on the text related to Sjogren’s syndrome.
The difference between this work and our work is that they are doing pretraining.
The data includes the medical domain text. But we are just fine-tuning the model on
an entirely different domain data. When preparing the dataset, the causal triggers in
the organizational data are marked as the ’O-other’ label. In the medical data, apart
from cause and effect, there are various labels like signal, condition, and action. If all
these labels are marked as 'O’, the count of O’ will be higher. Also, the sentences
with condition and action alone will be considered non-causal. So we considered only
the sentences with cause/effect relationship as the test data.

As a baseline model, we ran standard classifiers like random forest, logistic regres-
sion, and Naive Bayes classifier. Then we ran transformer-based models like BERT

and its variants. We also ran the Large Language Model LLAMA2. The summary of
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Table 6.3: Summary of the causal transfer learning results. Here the financial data
is used for training, and the gestational diabetes guidelines are used as test data.
Precision, Recall, and F'1-score given are the macro average scores. From the results,
we can infer that the F'1 score on DistilBERT is higher compared to the other models.

Precision Recall F1-Score Accuracy

Random Forest 0.34 0.34 0.32 0.40
Multinomial Naive Bayes 0.38 0.35 0.21 0.22
Logistic regression 0.38 0.39 0.26 0.26
DistilBERT 0.51 0.51 0.49 0.51
BERT 0.50 0.52 0.48 0.48
BioBERT 0.59 0.63 0.59 0.60

Table 6.4: Summary of the causal transfer learning results when BioBERT was used.
Here the financial data is used for training, and the gestational diabetes guidelines
are used as test data. From the results, we can infer that the F1 score on BioBERT
is higher compared to the other models.

Precision Recall F1-Score

E 0.62 0.68 0.65
O 0.74 0.51 0.61
C 0.41 0.70 0.52
Accuracy 0.60
macro avg 0.59 0.63 0.59
weighted avg 0.64 0.60 0.60

zero-shot causal transfer learning for various models is given in Table [6.3

Looking into the results summarized in Table [6.3] we can understand that the
transformer-based models are performing better than the baseline classifiers. As we
did in Section [5.2.3] we ran all the models for 100 epochs to decide on the number
of epochs and to avoid overfitting. With DistilBERT, the validation loss starts to
increase after 4 epochs constantly. Similarly, for BioBERT after 8 epochs and for
BERT after 7 epochs the validation loss increased constantly. A graph showing the
train and the validation loss is given in Figure [6.3] The graph for the BERT and
BioBERT are given in Appendix C, Figure and Figure

The detailed results of the highest-performing model, BioBERT, are given in Ta-
ble[C.2] The detailed results of all other models are given in Appendix [C]
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Figure 6.3: Graph showing the train and validation loss when fine-tuning on
BioBERT. Looking at the graph, we can understand that with the increase in the
number of epochs, the training loss is constantly decreasing and approaching 0. The
validation loss decreases till 8 epochs and then starts to increase. Based on this, we
fine-tuned BioBERT for 8 epochs.

We have also tried running LLAMA?2 for this transfer learning task. The LLAMA2
model is fine-tuned on the organizational data. The dataset is prepared in such a
way that it will have instruction, input, and output, as given in Example 5.2.3. In
the test data, the output part will be empty. In the test data, only the sentences
with the cause/effect relations are selected. There are a total of 175 sentences in the
test data. For each sentence, LLAMA2 will predict the cause and effect phrases. The
predicted phrases are then post-processed to extract the sentence and its cause/effect
phrase. This is then merged with the gold annotated data to compute the phrase
level score. We computed the Jaccard distance, and the cosine similarity between the
gold annotated and the predicted phrases. For the zero-shot transfer learning with
3 epochs, we got a Jaccard similarity of 0.50 which means there is a 50% similarity
between the gold and the predictions. We got a cosine similarity value of 0.56. The

cosine similarity is obtained by computing the vectors of both the gold and the pre-
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Table 6.5: Phrase level comparison results of LLAMA2. The model is fine-tuned on
Organizational data and tested on medical guidelines data. Jaccard similarity and
cosine similarity indicates the average similarity between the gold and the predictions.
The F1 score is the comparison between the gold labels and predicted labels.

Jaccard similarity Cosine similarity F1-score

LLAMAZ2 (3epochs)  0.50 0.56 0.49
LLAMAZ2 (5epochs)  0.48 0.21 0.64
LLAMAZ2 (10epochs) 0.48 0.20 0.64

dictions using the Universal Sentence Encoder[I50]. The computed values are used
to compute the pairwise cosine similarity between two vectors using Scikit-learn ﬂ

Looking into the results of LLAMAZ2, we can understand that the predictions are
better half of the time. One more observation from the results is that the LLAMA?2
predicts one cause and one outcome for all the sentences. This is because the training
data (Organizational data) is annotated with one cause and outcome for each sen-
tence. So if there is more than one cause or outcome in the same sentence, the model
is not predicting it.

For the sake of the comparison with the results of BERT, DistilBERT, and BioBERT,
we converted the phrase-level results into tokens and computed the F1 score. We got
an average F1 score of 0.49. Detailed results of the zero-shot transfer learning using
LLAMAZ2 are available in Appendix C Table [C.3] From the results, we can un-
derstand that LLAMAZ2 is performing better than the baseline models, which are
standard classifiers, but the results of BioBERT are higher compared to LLAMA2.

We tried increasing the number of the epochs to 5 epochs and 10 epochs. With
the increase in the number of epochs, the Jaccard similarity and the cosine similarity
decreases. However, the F'1 score, which compares the gold label with the predicted

label, increases with five epochs and remains the same with ten epochs.

‘https://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.
cosine_similarity.html


https://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.cosine_similarity.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.cosine_similarity.html
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6.2.2  Cross domain few-shot transfer learning

The link between the similarity of training and testing data, and the efficiency
of transfer learning was detailed in Section The results indicate that a cer-
tain degree of resemblance between the training and testing data can enhance the
performance of the model. To validate this observation between two vastly diverse
dataset domains (organizational and medical), we’re proposing a cross-domain few-
shot transfer learning. At first, we arbitrarily incorporated 10% of the medical data
into the training data (organizational data) and executed all three transformer-based
models (BERT, DistilBERT, and BioBERT'). We ran all three models to a number
of epochs, similar to zero-shot learning. We observed an approximate increase of 10
to 12% in the Fl-score for all models. Furthermore, BioBERT displayed superior
performance, providing a higher average F1 score of 0.71 within this few-shot learn-
ing framework. To evaluate the precision of each model, we implemented a five-fold
cross-validation. The outcome revealed an increase in the average F1 score by around
20% compared to the zero-shot learning. Hence, employing few-shot learning with
cross-validation resulted in an improved F1 score with all three transformer-based
models. We fine-tuned the model for three epochs while implementing five-fold cross-
validation. The summary of the results of the few-shot transfer learning is given in
Table The performance of all three models surpassed that of zero-shot transfer
learning. When few-shot transfer learning with cross-validation is implemented, the
three transformer-based models exhibit almost equivalent performance. Among these,
BioBERT and BERT-based-uncased demonstrated a marginally better performance
compared to BERT.
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Table 6.6: Summary of the results of cross-domain few-shot transfer learning. Here
a five-fold cross-validation was performed, and the smaller part of the split was ap-
pended with the training data(organizational data). From the results, we can infer
that BioBERT and BERT are performing better than all the other models. Also,
compared to zero-shot transfer learning performance, all the models perform better
with few-shot transfer learning.

Precision Recall F1-Score Accuracy

Random forest 0.41 0.41 0.40 0.41
Logistic regression (.44 0.43 0.38 0.38
DistilBERT 0.78 0.77 0.77 0.80
BERT 0.81 0.80 0.79 0.81
BioBERT 0.81 0.78 0.79 0.81

This chapter provided the findings of our research on identifying the correlation
between the training and testing data’s similarity and the effectiveness of transfer
learning. We corroborated these findings through the application of cross-domain
zero-shot and few-shot transfer learning. The results indicate that cross-domain few-
shot transfer learning can be a possible solution to address the limited availability of

annotated data.



CHAPTER 7: CONCLUSIONS

Throughout this thesis, we tackled the challenges arising from an abundance of
Clinical Practice Guidelines in the healthcare sector. We utilized Natural Language
Processing techniques to extract causal relations from these medical guidelines. Fur-
thermore, we pioneered a method of inter-sentence level causal sentence classification
applied to a corpus of medical guidelines, evaluating the magnitude of the impact
from cause to effect. Finally, we showcased the effective use of cross-domain transfer
learning to overcome the shortage of annotations.

The main contributions of this dissertation, along with the future directions, are

summarized below:

e We developed an automated technique for extracting causalities from anno-
tated corpora of medical guidelines. Additionally, we exhibited the practicality
of employing new Large Language Models for causality extraction tasks. With
BioBERT, we got an average F1l-score of 0.61, whereas with LLAMA2, an av-

erage Jaccard distance of 0.40 was obtained.

We demonstrated the potential for extracting causalities from medical guidelines
using a small annotated corpus. The next logical step could involve expanding
the corpus through the annotation of more data and creating a benchmark

dataset for causality extraction from medical guidelines.

¢ An inter-sentence level causal sentence classification that can be used to classify
the sentences with causal relations across consecutive sentences. We employed
a cross-domain inter-sentence level classification between organizational and

medical data. An average F'l-score of 0.51 was obtained. This work establishes
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a baseline for the cross-domain inter-sentence level causal sentence classification.

The accuracy of inter-sentence level classification for medical data could be
enhanced with more data. A few-shot approach, similar to what we previously

employed in [6.2.2 can be a viable method for achieving this.

e A successful cross-domain intra-sentence level transfer learning between two
different domains (organizational and medical). With a few-shot cross-domain
transfer learning compared to a zero-shot transfer learning, we got approxi-

mately 20% increase in the Fl-score.

— In preparation for the transfer learning, we introduced a novel text-to-
knowledge graph pipeline on an annotated corpus of the financial text.
For the causality extraction, we got an average Fl-score of 0.81, and the
results were published in the Information Journal (Published in Informa-
tion Journal [11] and patent application [35]).

We employed a basic intra-sentence level explicit causality extraction. This
approach could be expanded to incorporate an inter-sentence level and the
implementation of implicit causality. Currently, this pipeline is designed
specifically for financial text, but it holds potential for extension across

multiple domains.

We showed successful transfer learning with BERT. This can be extended to
various LLMs. We can also check the stability of this result by running it for

more number of times.

The potential of this research opens up novel dimensions for the health domain, as
causality extraction from medical guidelines can enhance clinical decision-making and
patient care. This dissertation explored both machine learning and natural language
processing techniques for causality extraction. Despite the abundance of causal sen-

tences within these guidelines, automatic extraction is an unexplored field of research.



92
Also, machine learning models often fail in clinical applications [196] due to the gap
between data (both training and testing). In order to avoid this gap, more realistic
tests need to be done so that they can be employed for real-world data.

Moreover, the method of quantifying the degree of influence showed promise, as
it provided a means of understanding the impact and magnitude of cause to effect.
However, future work is still needed to refine these methods and validate their ef-
fectiveness, as there is no annotated corpus except the one we introduced in this
dissertation.

Furthermore, we explored a cross-domain inter-sentence causal sentence classifica-
tion in order to amplify our extraction outcomes. Inter-sentence level causality ex-
traction remains a relatively less explored area in research, but utilizing cross-domain
inter-sentence causal sentence classification could help expand the inter-sentence level
corpus.

This thesis introduced techniques for the automated analysis of causal statements
in Clinical Practice Guidelines, enabling an automatic comparison of such discrepan-
cies within these guidelines. This work can be extended in several directions enabling
other meta-analyses. For example, further semantic analyses of the content of the
guidelines; temporal analysis of recommendations; the examination of geographical
variations (e.g. by country) or of contributions of different research centers. Such
analyses can potentially improve the methodology of writing clinical practice guide-

lines.
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APPENDIX A: Results of causal sentence classification

This chapter summarizes the results of the causal sentence classification. The aver-

age results are given in the thesis and the detailed results are given in this appendix.

A.1  Causal sentence classification on Organizational data

Table A.1: Summary of BERT’s performance for the causal sentence classification.
Here, for the positive sentences, we use the sentences with causal relations from our
data. For the negative sample, we have sentences that do not contain causal relations
from our data and a random sample of sentences from Twitter data that do not
contain causal triggers. We merge the data to form the negative sample.

Precision | Recall | F1

Class 0: Negative class with all cases of a causal trigger | 0.91 0.86 0.88
where the sentence does not contain a causal relation
and random sample of sentences without causal rela-

tions and without causal triggers

Class 1: Positive class, consisting of sentences that | 0.86 0.91 0.89

contain causal relations

Table A.2: Summary of BERT’s performance for the causal sentence classification.
Here, for the positive sentences, we use sentences with causal relations from our
data. For the negative sample, we have sentences that do not contain causal relations
selected from our data. P stands for Precision, R for Recall and F1 for Fl-score

Precision | Recall | Fl-score

Class 0: Negative class with all cases of a causal | 0.91 0.83 0.87
trigger where the sentence does not contain a

causal relation

Class 1: Positive class, which consists of sentences | 0.85 0.92 0.88

that contain causal relations
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Table A.3: Summary of the causal sentence classification on medical text using Lo-
gistic regression.

Precision | Recall | Fl-score | Support
Non-Causal 0.96 0.73 0.83 292
Causal 0.78 0.97 0.87 292
Accuracy 0.85 584
Macro average 0.87 0.85 0.85 584
Weighted average | 0.87 0.85 0.85 584

Table A.4: Summary of the causal sentence classification using DistilBERT.

Precision | Recall | Fl-score | Support
Non-Causal 0.98 0.97 0.97 292
Causal 0.97 0.98 0.97 292
Accuracy 0.97 584
Macro average 0.97 0.97 0.97 584
Weighted average | 0.97 0.97 0.97 584

A.2  Causal sentence classification on Medical data

This section summarizes the results of the causal sentence classification on the
medical data. The detailed results for the top-performing model are given in the

thesis, and the detailed results of all other models are summarized in Table[A.3] [A.4]

A.3  Causal sentence classification on Causal News Corpus

For the causal sentence classification on medical guidelines text using GPT-4, we
used a four-shot prompting. We particularly chose a four-shot prompting based on our
similar work on the Causal News Corpus dataset. We noticed the lack of performance

improvement after four prompts. The results of various prompt sizes are given in

Table [AD]
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Table A.5: Results of GPT-4 with prompting vs. fine-tuned BERT for Causal Event
Classification task (on the Causal News Corpus). Note the lack of GPT-4 improve-

ment with more prompts.

Recall | Precision F1 Accuracy | MCC

GPT-4 zero-shot prompting 0.641 0.613 0.627 0.625 0.25
GPT-4 two-shot prompting 0.716 0.670 0.692 0.687 0.376
GPT-4 four-shot prompting 0.653 0.701 0.677 0.693 0.386
GPT-4 six-shot prompting 0.745 0.671 0.707 0.696 0.395
GPT-4 fourteen-shot prompting | 0.711 0.687 0.699 0.699 0.398
BERT-base, fine-tuned 0.861 0.780 0.818 0.812 0.628
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APPENDIX B: Results of Causality extraction

B.1  Causality extraction from Organizational data

In recent times, prompting large language models has given state-of-the-art per-
forming results for many NLP tasks [197, [198]. We tried a few-shot prompting of
GPT-3 on a sample of 100 sentences from our dataset. The model’s results are sum-
marized in Table [B.I] At the time of running these experiments, we did not have

access to GPT-4.

Table B.1: Few-shot prompting of GPT-3.5 on the organizational causality extraction
dataset. This result was on a sample of 100 sentences from the dataset.

Precision Recall F1-Score
Cause 0.49 0.28 0.36
Causal trigger 0.05 0.05 0.05
Effect 0.47 0.38 0.42

From Table it can be observed that the Large Language Model GPT-3.5 per-
formed poorly on a sample of 100 sentences from our data. [199] discusses the perfor-
mance of ChatGPT for causal reasoning and causal interpretation. Their experiments

showed that ChatGPT was not a good causal reasoner, which our results also indicate.
B.2  Causality extraction from medical data

The graph representing the training loss and the validation loss or DistilBERT
and BERT are given below in Figure and Figure [B.2] The results of our best-
performing model BioBERT are given in the thesis.

The results of the DistilBERT and the BERT’s performance are summarized in
Table B.2], [B.3
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Figure B.1: Graph showing the train and validation loss when fine-tuning on Dis-
tilBERT. Looking at the graph, we can understand that with the increase in the
number of epochs, the training loss is constantly decreasing and approaching 0. The
validation loss decreases till 18 epochs and then starts to increase. Based on this, we
fine-tuned DistilBERT for 18 epochs.

train/loss

eval/loss

M\/\/\AJ—

trainfepoch

20 40 60 80 100

Figure B.2: Graph showing the train and validation loss when fine-tuning on BERT.
Looking at the graph, we can understand that with the increase in the number of
epochs, the training loss is constantly decreasing and approaching 0. The validation
loss decreases till 20 epochs and then starts to increase. Based on this, we fine-tuned
BERT for 20 epochs.
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Table B.2: Summary of causality extraction results on the medical data using Distil-
BERT. Each token in the text was assigned a label Signal(S), Effect(E), Other(O),
Cause(C), Condition(CO), and Action(A). The results are obtained by splitting the
manually annotated data into train and test data. Note: there are very few samples
in the entire dataset for the signal, and the F1l-score for a signal is 0 with all the
models.

Precision | Recall | Fl-score | Support

S 1.00 0.00 0.00 31

E 0.71 0.74 0.72 696

O 0.70 0.73 0.72 1186

C 0.67 0.57 0.62 411

CO 0.73 0.65 0.69 717

A 0.66 0.74 0.69 838
Accuracy 0.69 3879
Macro average 0.74 0.57 0.57 3879
Weighted average | 0.70 0.69 0.69 3879

Table B.3: Summary of causality extraction results on the medical data using BERT.
Each token in the text was assigned a label Signal(S), Effect(E), Other(O), Cause(C),
Condition(CO), and Action(A). The results are obtained by splitting the manually
annotated data into train and test data. Note: there are very few samples in the
entire dataset for the signal, and the F1-score for a signal is 0 with all the models.

Precision | Recall | Fl-score | Support

S 1.00 0.00 0.00 31

E 0.77 0.76 0.76 696

O 0.75 0.75 0.75 1186

C 0.69 0.59 0.63 411

CO 0.71 0.68 0.70 717

A 0.71 0.83 0.76 838
Accuracy 0.73 3879
Macro average 0.77 0.60 0.60 3879
Weighted average | 0.73 0.73 0.73 3879
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Table B.4: Summary of causality extraction results on the medical data using GPT-4.
Each token in the text was assigned a label Signal(S), Effect(E), Other(O), Cause(C),
Condition(CO), and Action(A). Here four-shot prompting is used. Expect the data
that are used for prompting the rest of the data was used as test data.

Precision | Recall | Fl-score | Support

S 0.00 0.00 0.00 75

E 0.78 0.36 0.49 1805
@) 0.49 0.29 0.37 2499
C 0.24 0.83 0.37 1080
CO 0.46 0.06 0.11 1584
A 0.50 0.69 0.58 2126
Accuracy 0.42 9169
Macro average 0.41 0.37 0.32 9169
Weighted average | 0.51 0.42 0.39 9169
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B.3 LLAMA2

In this section, we document the command we use for fine-tuning the LLAMAZ2
model. We fine-tuned the model using HuggingFace autotrain. We also present the
detailed results of causality extraction using LLAMAZ2 in Table The average F1
score, along with the phrase level distance (Jaccard distance and cosine similarity)

score, are reported in Chapter [f

The autotrain command which we used for fine-tuning LLAMAZ2:

lautotrain 1lm --train --project\_name ’llama2-causalityextractionGD’ \
--model yahma/llama-7b-hf --data_path /content/data/ --use_peft --\use\_int4 \
--learning\_rate 2e-4 --train\_batch\_size 2 \

--num\_train\_epochs 3 --push_to_hub --repo\_id \
Seetha/llama2-causalityextractionGD \

--trainer sft > training.log &

Table B.5: Summary of causality extraction results on the medical data using
LLAMA2. Each token in the text was assigned a label Signal(S), Effect(E), Other(O),
Cause(C), Condition(CO), and Action(A). The gestational diabetes data is split into
train and test. The model is fine-tuned on the training data and tested on the test
data. The overall accuracy was 0.43. The baselines are shown in Table

Precision | Recall | Fl-score
S 0.00 0.00 0.00
E 0.28 0.58 0.38
O 0.37 0.78 0.50
C 0.39 0.54 0.45
CcO 0.71 0.25 0.37
A 0.86 0.29 0.44
Macro average 0.43 0.41 0.36
Weighted average | 0.61 0.43 0.42
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APPENDIX C: Causal transfer learning from organizational data to medical data

This chapter summarizes the detailed results of the transfer learning. The detailed results

of the best-performing model are summarized in Chapter [6]

C.1  Zero-shot transfer learning

rain loss

Figure C.1: Graph showing the train and validation loss when fine-tuning on BERT.
Looking at the graph, we can understand that with the increase in the number of
epochs, the training loss is constantly decreasing and approaching 0. The validation
loss decreases till 7 epochs and then starts to increase. Based on this, we fine-tuned
DistilBERT for 7 epochs.
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Figure C.2: Graph showing the train and validation loss when fine-tuning on Dis-
tilBERT. Looking at the graph, we can understand that with the increase in the
number of epochs, the training loss is constantly decreasing and approaching 0. The
validation loss decreases till 4 epochs and then starts to increase. Based on this, we
fine-tuned DistilBERT for 4 epochs.
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Table C.1: Summary of the causal transfer learning results when BERT was used.
Here the financial data is used for training, and the gestational diabetes guidelines
are used as test data. From the results, we can infer that the F1 score of 0.48 was
obtained. With BERT, the Fl-score was low for the cause.

Precision Recall F1-Score

E 0.47 0.54 0.51
O 0.70 0.39 0.50
C 0.31 0.63 0.42
Accuracy 0.48
macro avg 0.50 0.52 0.48
weighted avg 0.56 0.48 0.49

Table C.2: Summary of the causal transfer learning results when DistilBERT was
used. Here the financial data is used for training, and the gestational diabetes guide-
lines are used as test data. From the results, we can infer that the F1 score for cause
is lower than the other two labels. This result is similar to the BERT’s performance,
where the F1 score of cause was lower than other labels.

Precision Recall F1-Score

E 0.44 0.68 0.53
O 0.74 0.43 0.54
C 0.35 0.43 0.38
Accuracy 0.51
macro avg 0.51 0.51 0.49
weighted avg 0.57 0.51 0.51

Table C.3: Summary of the causal transfer learning results when LLAMA2 was used.
Here the Organizational data is used for training, and the gestational diabetes guide-
lines are used as test data.

Precision Recall F1-Score

E 0.49 0.53 0.51
O 0.63 0.48 0.54
C 0.34 0.52 0.42
Accuracy 0.50
macro avg 0.49 0.51 0.49

weighted avg 0.53 0.50 0.51
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