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Abstract. Causal relations are one of the most important types of in-
formation that can be extracted from medical publications. Therefore,
the automated extraction of such relations from medical text, and the
development of ontologies for representing them, are active fields of re-
search. Causal relation extraction is typically decomposed into causal
sentence detection, entity recognition, and relation extraction. This study
addresses the entity recognition sub-task, which remains largely unsolved
since existing ontological models do not capture the various entities in-
volved in causal relations, and datasets annotated with such entities are
missing. Therefore, here we propose MediCause, an ontological model
for entities involved in causal relations, and a novel dataset using it to
annotate 1,202 causal sentences from existing datasets. We evaluate Med-
iCause by training various BERT models that can recognize and label the
entities in unseen texts, and we find that a BioBERT-large model fine-
tuned with our dataset is the best model at this task (macro-averaged
F1-score of 0.844). We also use MediCause to annotate entities in causal
sentences from unseen, recent publications, and have experts evaluate
them with encouraging results.
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1 Introduction

One of the most important types of information that can be extracted from med-
ical publications is causal relations, because they reveal the actions that need
to be performed to produce a desirable outcome, such as curing a disease [I5].
Once extracted, these relations can be used by automated systems and ontolo-
gies, such as [I2I35IT34], to produce e.g. causal knowledge graphs that structure
and formalise valuable scientific knowledge and hypotheses for research [932].
However, in these approaches relations are typically manually annotated, and
are represented either as text (limiting their processing) or as structured state-
ments (limiting their complex, medical expressiveness). Moreover, in the medical
domain these relations already exist in natural language, with more than one mil-
lion papers added to the PubMed database each year [20]; this means, however,
that manual annotation of causal relations is not feasible. Therefore, a viable
solution is to automatically extract the relations and the roles of the entities
involved from the texts.
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Previous work addresses this task using rule-based and machine learning
methods, with varying degrees of success [43]. More recently, state-of-the-art
performance has been produced by fine-tuning pre-trained Bidirectional Encoder
Representations from Transformers (BERT) [7] models to perform the relation
extraction task. Although this approach has produced very good results [34J16],
its application to the medical domain is very limited due to the lack of anno-
tated causal sentences from medical publications for training [40]. Consequently,
researchers have decomposed the causal relation extraction problem into three
simpler tasks: (i) causal sentence detection; (ii) detection of entities involved in
the causal relation; and (iii) causal relation extraction [I9]. BERT models achieve
high performance at causal sentence detection using small datasets of annotated
causal sentences [I944]. However, to the best of our knowledge no ontological
model nor dataset exists with enough expressiveness and examples as to capture
the entities involved in the causal relations, such as ”Increased BMI is associ-
ated with reduced life expectancy”, where the existing ontologies would either
represent it as text or the triple (BMI, associated with, life expectancy), missing
the ”increased” and "reduced” which are vital to the relation. As a result, the
application of state-of-the-art models like BERT to the task of recognizing the
entities involved in the causal relations has been very limited.

In this paper we propose MediCause, an ontological model and a novel dataset
for causal relation extraction. The ontological model addresses the limitations
of the existing ontologies by capturing the causal relations as well as the roles
of the entities involved in them; and the dataset contains 1202 causal sentences
from the datasets of [19/44] with entities involved in the causal relations that we
annotate with the ontological model. With these, we develop a pipeline of BERT
models: one that detects sentences containing causal relations, and another that
annotates the entities involved in the relations by assigning them role labels
according to the MediCause ontology. Finally, we train various BERT models
and compare their performance on the entity recognition task. We perform a
quantitative and an expert-based qualitative evaluation for recent publications,
achieving a macro-averaged F1-score of 84.4%, and the expert evaluators com-
pletely agreed with the information extracted by the model in more than 68%
of the sentences annotated. Therefore, the research questions we address in this
paper are: How can an ontological model represent the various entities involved
in causal relations? How effective are pre-trained scientific language models at
the task of recognising the various entities involved in causal relations in medical
texts? The specific contributions of the paper are:

— MediCause, a novel ontological model for causal relations with causes, effects
and cause and effect variables and specifiers, for the annotation of causal
sentences; and a novel dataset with 1,202 annotated examples (Section

— Experiments (Section and results on using state-of-the-art language mod-
els, such as BioBERT, and standard baselines, such as SVM, at the task
of learning how to extract causal sentence elements according to the roles
defined by MediCause from data annotated with it
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2 Related Work

Several approaches have been developed in Knowledge representation aiming
to store scientific knowledge to facilitate information retrieval and hypothesis
generation. Indeed, nanopublications have been developed to formally represent
units of scientific information in the form of statements, which are represented as
triples of the form (subject,predicate,object) [13]. Similarly, the Automated
Discovery of Scientific Knowledge Ontology (DISK) provides a formal framework
for representing scientific hypotheses [12]. An important limitation of these on-
tologies is that the causal relation (or hypothesis) is represented either as simple
text [4I3] or as structured statements [T2J13]. Both types of representations have
drawbacks because textual statements limit the processing ability of machines as
there is no information regarding the entities and their role in the relation [35].
At the same time, the structured representations lack the capacity to repre-
sent complex hypothesis statements because they consist of simple triples. This
representation is far too simplistic to represent causal relations in the medical
field. For example, the statement “Increased BMI is associated with reduced life
expectancy” cannot be accurately represented by the triple (BMI, associated
with, life expectancy). An ontological model of causal relations that has the
expressive ability to capture causal relations in medicine is the Simplified Bi-
ological Expression Language (SBEL) statement format: (1st function, 1st
entity, relation, 2nd function, 2nd entity) [34]. The main limitation of
this model is that due to being developed for use on BEL statements it cannot
represent contextual information that specify the relationship, such as the age
group or comorbidities of the patients involved in the studies. This is assumed
to be provided by the BEL micropublications as experimental context. As such,
a more expressive ontological model is required to fully capture these relations
and structure them in a way that enables machines to efficiently reason with
them. Finally, [35] represents research hypotheses in computable form and uses
them to automatically formulate and test new hypotheses, but it is limited to
processing Yeast metabolic pathways.

Another major issue with the above approaches is that the hypotheses must
be manually annotated and input into the system. To tackle this problem, there
is ongoing research aiming to develop automated systems that can extract hy-
potheses, as causal relations of the form (cause — causal connective — effect), from
scientific text. Extracting causal relations from text can be broken down into
three main sub tasks, namely causal sentence detection, recognition of entities
involved in the relation, and relation extraction [40]. Recent research suggests
that decomposing the causal relation extraction into these three sub-tasks can
reduce the computational complexity of the process [19]. Given the complexity
of detecting explicit and implicit causal relations, at the time of writing, most of
the research has been attempting to solve the simpler task of extracting intra-
sentential causal relations [45/T9I2339], which are causal relations contained in
a single sentence, with fewer researchers attempting to develop systems that can
extract inter-sentential relations [I8I38], which are causal relations than extend
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to more than one sentence [43].The techniques used to solve these tasks can be
divided into rule-based and machine learning methods.

Rule based relation extraction methods rely on a set of rules that need to be
created and tuned by humans, which is a very time consuming process. Moreover,
they may exhibit low performance due to ambiguity and usually only work on the
specific domain they were created for, failing to generalize to other domains [23].
Indeed, [17] used a very small dataset consisting of 130 abstracts and achieved
an F1 score of 68% on identifying causal relationships but only achieved an
F1 score of 49.7% in identifying the cause and 51.2% in identifying the effect.
Meanwhile, [2] focused on the very narrow area of Human Immunodeficiency
Virus (HIV) drug resistance, and used a predefined list of mutations and drugs
which means that even though their approach achieved an F1 score of 84.5% in
relation extraction, the system would not be able to generalize outside the very
narrow scope of the paper.

In contrast, machine learning methods, and deep learning in particular, auto-
matically learn the features needed to perform the task. State of the art results
in the causal sentence detection task have been obtained by fine tuning BERT
models. BERT models have been used by [I9] to classify sentences as causal,
achieving an F1 score of 87% on the largest biomedical dataset tested in that
study. In [44], the authors created a manually annotated dataset of causal sen-
tences and compared the classification performance of Linear Support Vector
Machine (SVM)s with Deep Learning approaches. The BioBERT model [21]
performed best and achieved an F1 score of 88.1%. Deep learning approaches
used to address the problem of causal relation extraction include Convolutional
Neural Network (CNN) [23], Transformers [38], BERT [16J34] and Long Short-
Term Memory (LSTM) [41]. The performance of CNN models of [23] varied
depending on the dataset used for training and achieved a 91.82% F1l-score on
the International Workshop on Semantic Evaluation 2010 (SemEval-2010) task
8 dataset. The transformer model developed by [38] managed to achieve an F1
score of 66.2% in extracting both intra- and inter-sentential causal relations.
Furthermore, [I6] used BERT models and achieved an Fl-score of 97.68% on
the SemEval-2010 task 8 dataset. Finally, [34] used BioBERT models to extract
the BEL statements in the BioCreative-V BEL Track corpus [I0] and achieved
state-of-the-art performance producing an Fl-score of 54.8% in extracting the
entire BEL statement.

The only dataset that is widely available and which is most often used as a
benchmark for the task of causal relation extraction, is the SemEval-2010 task
8 dataset [I4]. This dataset has significant drawbacks. Specifically, the cause-
and-effect sentences contained therein are predominantly short and explicit [19],
which is not representative of text which would be found in medical publications.
Moreover, the sentences are not sourced exclusively from medical publications so
the terminology and language used would not be the one needed for this study.
Finally, the annotation of the relations is very poor, with only the cause and
effect being annotated, which means that important information of the relation
is discarded as irrelevant.
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3 MediCause: Ontological Model and Dataset

3.1 Causal Sentence Detection

The dataset used in this study is a combination of the bio-causal dataset de-
veloped by [19] and the Detecting Causal Language in Science dataset (DCLS)
developed by [44]. These datasets contain causal and non-causal sentences ex-
tracted from medical publications. The main difference between the two datasets
is that the bio-causal dataset contains sentences that are annotated as causal
(1) or non-causal (0), whereas the DCLS dataset further divides the sentences
into “no relation” (0), “direct causal” (1), “conditional causal” (2) and “corre-
lational” (3). To combine these two datasets, it was necessary to convert them
into a common format. As such, given that in this work we are interested in
extracting all kinds of causal relations between variables, all non-zero labels of
sentences in the DCLS dataset were converted to 1 and then the two datasets
were combined. A summary of the characteristics of the individual datasets and
the combined dataset can be seen in Table [

Table 1. The characteristics of the datasets

Non-Causal

Dataset Causal Sentences Total
Sentences
Bio-causal 1113 887 2000
DCLS 1705 1356 3061
Combined 2818 2243 5061

Pre-processing There are several pre-processing steps that are used in NLP to
improve performance of the models. These steps include, but are not limited to,
lowercasing, stemming and/or lemmatization, as well as removal of stop words.
It has been established that BERT models that are trained on cased text (both
uppercase and lowercase letters) perform better on Named Entity Recognition
tasks, because the entities usually start with an uppercase letter [2I]. Further-
more, in both [T9044] stemming and lemmatization was not performed as it may
remove valuable information. Finally, it has been shown that removal of stop
words does not benefit BERT models [29]. Based on the above, the only pre-
processing performed on the text was to remove all characters that should not
appear in biomedical texts, using regular expressions.

3.2 Entity Recognition

Having extracted the sentences that contain causal relations, the next step is to
develop a model that can detect and label the entities involved in the relation.
Through the background research, it became apparent that no complete onto-
logical model for representing these relations exists for the medical domain and,
correspondingly, no annotated dataset of such sentences exists [40]. Furthermore,
given that the terminology and causal markers used in different disciplines shows
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limited overlap [27], using datasets from non-medical domains was not a viable
alternative. As such, Medicause, a novel ontological model and the corresponding
annotated dataset were developed for this study.

3.3 Hypothesis model

Due to the inherent representational limitations of the available ontologies, the
first step prior to performing the annotation was to define a simple ontological
model of causal relations.

Causal relations can be approached as relations among events and the cor-
responding variables/entities [26]. Furthermore, researchers aiming to separate
causal from correlational relations refine the above approach by examining the
relation in terms of independent and dependent variables [5]. Given that medical
research aims to test whether some manipulation of one entity produces some
effect on another, the latter approach was more appropriate. As such, based on
[5U34] here we define a causal relation to include a manipulation (cause),
the independent variable (causal variable), the connective, the effect
and the dependent variable (effect variable).

One issue we encountered with the above definition is that in pure cause and
effect relationships of the form “A causes B” there is no manipulation of the
independent variable and no effect on the dependent one. To solve this prob-
lem, we extend the definition to include an implicit “Occurrence” in both the
cause and the effect. In this way, when the relationship is of the form “Manip-
ulation of A results in Effect in B” it becomes “Occurrence of Manipulation of
A results in Occurrence of Effect in B” which does not alter the meaning of the
relation. Additionally, when the relationship is of the form “A causes B” it be-
comes “Occurrence of A causes Occurrence of B” which solves the problem since
“occurrence” is both the manipulation (cause) and the effect and does not alter
the meaning of the relation. This extension in the definition of causal relation
allows it to capture both causal and correlational relationships between entities.

Another important issue is that causal relations in medical texts may require
information outside of the relation to capture their full meaning. For example,
even in the simple sentence “Suicide is one of the leading causes of death among
pre-adolescents and teens” contained in the SemEval-2010 dataset, suicide is an-
notated as the cause and death is annotated as the effect, totally ignoring the
words “among pre-adolescents and teens” which specify the relation. As such, if
one was to extract the entities annotated in the dataset, the resulting relation
would be ((Suicide),(Death)) which is misleading. Therefore, our definition was
further extended to include cause specifiers and effect specifiers, which are infor-
mation that define and specify the cause and effect respectively. The final form
of a causal relationship in MediCause is shown in Figure

It should be noted that this is a formal definition of an explicit causal relation
and that some of these terms in causal relationships in medical texts may be
omitted due to them being implicit. e.g, see Figure
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(Occurrence), (Cause), (Causal Variable), (Causal Specifier)
(Connective)

(Occurrence), (Effect), (EffectVariable), (EffectSpecifier)

Fig. 1. The form of a causal relationship in MediCause.

‘High concentration“oxygen|therapy“increasesﬂPtcoQ‘in‘morbidly obese patients|.
\/

“Occurrence”

of therapy EﬂjCCt‘ ‘Ef[‘%'?(:)t
Causal (Cause) Variable Specifier
Specifier Causal
Variable |
“Occurrence” of increase (Effect)

Fig. 2. Implicit connective (causes)

A comparison between the information identified by MediCause compared to
the existing annotation of sentences of the SemEval-2010 dataset can be seen in
Table 2

Table 2. Difference in entities annotated by our model and the existing annotation
of SemEval 2010. The labels shown are Causal Variable (VC), Connective (CON),
Variable Effect (VE), Effect Specifier (ES), Effect (EF), Causal Specifier (CS), Variable
Causal (VC) and Cause (C).

the chronic inflammation in the distal part of the stomach caused by Helicobacter pylori inflection

SemEval el e2
Eﬁ.::z;i?on ((infection),(inflammation))

Ours EF ES ES VE CON VvC Cs C
Extracted

Information ((infection),(Helicobacter),(pylori),(caused),(inflammation),(stomach),(distal,part))

In order to simplify the very complex task at hand, we assume that the
cause, effect, and causal and effect variables are represented by one word, and
that noun-phrases can be broken down into parts, as shown in Fig. [3

‘Remifentanil H produced‘ a in ‘blood H pressure‘ and ‘cardiac H index‘

Effect Effect
Causal Causal fect Specifier Effect Effect Variable
Variable Connective Variable Specifier

Fig. 3. Separation of the noun-phrase (blood pressure) into effect variable and specifier
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Annotation. Training a machine learning model that can identify the enti-
ties involved in causal relations according to MediCause requires an annotated
dataset of causal relations. Since such a dataset did not exist, one was manually
annotated for the needs of this study. Specifically, the entities involved in the
causal relations of 1202 causal sentences from the combined dataset of [19/44]
were annotated according to the labeling rules mentioned above. The labels used
for the annotation were developed using the Inside-Outside-Beginning (IOB) for-
mat [30], which is commonly used in token classification tasks, such as Named
Entity Recognition (NER) [37].The labels used for the annotation can be seen
in Table [3] and a sample annotation can be seen in Table [4

Table 3. The labels used for the annotation of the dataset

Label Entity

B-C Cause

B-VC Causal Variable
B-CS Beginning Causal Specifier
I-CS Inside Causal Specifier
B-CON Beginning Connective
I-CON Inside Connective
B-EF Effect

B-VE Effect Variable
B-ES  Beginning Effect Specifier
I-ES Inside Effect Specifier
() Outside

Table 4. Sample annotated sentence from the dataset

Endothelial dysfunction may result in activation of platelets and coagulation
B-VC B-C O B-CON I-CON  B-EF O B-VE O B-VE (0]

To create the MediCause Entity Recognition dataset, 1250 sentences from
the combined datasets of [44] and [19] were randomly selected for annotation.
To ensure that the annotation of the causal sentences would be correct, 50 ran-
domly selected sentences from the MediCause dataset were annotated by both
the first annotator and a second expert annotator who is a medical doctor and
a researcher. The inter-annotator agreement was subsequently assessed by cal-
culating Cohen’s Kappa coefficient [6].The Cohen’s Kappa value calculated be-
tween the two annotators in this study was 0.90, which is considered near perfect
agreement [24]. After the annotation, most of the disagreements between annota-
tors were resolved through discussion. A small number of disagreements between
the two annotators could not be resolved, mainly due to the ambiguity of the
text. The decision to not create stricter annotation rules that would eliminate
the disagreements was made based on the work of [§], who state that developing
very prescriptive annotation instructions to resolve all disagreements between
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annotators leads to the development of artificial datasets that do not represent
the ambiguity present in natural language.

Given the high agreement between annotators and having resolved as many
disagreements as possible, the remaining 1200 sentences were annotated by the
first annotator. Of those sentences only 1152 were included in the MediCause
dataset because the remaining 48 were misclassified as causal in the original
datasets and did not contain a causal relation. The characteristics of the Medi-
Cause dataset, including the total count for each label, can be seen in Table

Table 5. The characteristics of the MediCause Entity Recognition dataset

Label Count
B-C 727
B-VC 1368
B-CS 1207
I-CS 849
B-CON 917
I-CON 940
B-EF 1184
B-VE 1684
B-ES 1914
I-ES 1570
O 15816
Total Tokens 28176
Total Sentences 1202

4 Evaluation

The MediCause dataset, models and code that we use in our evaluation are
available online in GitHub and Zenodo[T]

To evaluate our proposed MediCause ontological model and dataset, we fol-
low a two-fold strategy with a quantitative and qualitative evaluation. For the
quantitative evaluation, we assess the performance of transformer-based lan-
guage models that we fine-tune with the annotated dataset at the tasks of
causal sentence detection (which distinguishes sentences containing causal re-
lations from those that do not) and entity recognition (which recognizes the
various entities of our ontological model in causal sentences) with various met-
rics. For the qualitative evaluation, we ask medical experts about how much
causal information the model captures, and how accurately, in unseen sentences
that the model has previously annotated.

! https://github.com/IReklos/MediCause,
https://doi.org/10.5281/zenodo.6422025
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4.1 Task: Causal Sentence Detection

To detect causal sentences, transfer learning was performed by using pre-trained
BERT models and fine-tuning them on the combined dataset of [19/44] devel-
oped for this task. In addition to the original BERT models, we also fine-tuned
SciBERT [I] and BioBERT [2I] models which have been shown to produce state
of the art performance on NLP tasks in scientific domains. After experimenting
with different values for the epochs, learning rate and batch size based on the
work of [7I36I31T9I44], the BERT models developed matched the performance
reported by [19J44], with BioBERT (+PubMed + PMC) model achieving an F1-
score of 0.881 when fine-tuned for 4 epochs with a learning rate of 2e-5 and a
batch size of 32. The rest of the hyperparameters were kept the same as the
pre-training of the models and we used Adam as the optimizer’}

4.2 Task: Entity Recognition

To develop BERT multi-class classifiers that can recognize the entities involved
in causal relations and compare their performance, we followed a similar process
to the experimental design used for the causal sentence detection. For these ex-
periments, we fine-tuned BERT models using a batch size of 32 and learning rates
of 2e-5 and 3e-5. During initial testing, it became apparent that the number of
training epochs needed for this task was larger and, based on initial results, 5,10
and 15 epochs were selected as the most suitable values. Moreover, we experi-
mented with using a linear classification layer, as well as as a Multi-Layer Per-
ceptron classifier consisting of a hidden layer of 500 non-linear units with ReLU
activation function. The remaining training hyperparameters and the Adam opti-
mizer parameters were kept the same. Given the large number of epochs required
for fine-tuning, we hypothesized that since the dataset consists of the same sen-
tences as the dataset used in the first task, the models that performed best on
the first task would most likely perform best on the second task. Therefore, the
models used in the Entity Recognition experiments were BioBERT (+PubMed),
BioBERT(+PubMed + PMC), BioBERT-Large(+PubMed) and SciBERT with
the custom vocabulary (scivocab). In addition to BERT, we also developed an
SVM multi-class classifier using a one-versus-one approach [33], which serves as
a baseline for the classification task. To train the SVM, the tokens were vector-
ized using FastText embeddings [25]. The best value of the hyperparameters of
the SVM were determined by experimenting using both a linear and an RBF
kernel, which is non-linear, and searching over different values of C' using Grid
Search.

As can be seen in Table more than 56% of the tokens in the dataset
are labeled as “O”, which makes it very unbalanced. This is a common issue
in multi-class classification problems, with the distribution skew increasing with
the number of classes [I1]. To mitigate the resulting unbalance of classes as much

2 Adam hyperparameter values: 81 = 0.9, 82 = 0.999, eps = le-6, weight decay of
0.01 and a linear warmup of 0.1.
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as possible, class weights were calculated and used when calculating the error
during model training to increase the weight of errors when classifying tokens
labelled with the labels of interest and prevent the classifier from just predicting
the majority class (“O”).

4.3 Metrics

To evaluate the performance of the models we recorded their precision, recall
and F1 score. These are the metrics proposed by [22] and used in all related
work [19J44I34I23]. Given the relatively small size of the available datasets, the
metrics were calculated using 5-Fold Cross-Validation which avoids splitting the
dataset into training and test sets and thus produces a more accurate estimate
of the performance of the models when trained on the entire dataset [42]. The
evaluation of the performance of the models on the Entity Recognition task was
done according the suggestions of [22]. The two methods that can be used to
evaluate the performance of multi-class classifiers is micro- and macro-averaging
of the scores for the individual labels.

Given that our dataset is very unbalanced and the performance of the models

on the majority class (“O”) is the highest as shown in Table [f| micro-averaging
would result in very high scores which would not accurately represent the perfor-
mance of the models. As such, the macro-averaging method was used to produce
the macro-averaged Precision, Recall and F1-score of the multi-class classifiers
and the models were compared based on the macro-averaged F1-score.
Expert Evaluation To qualitatively evaluate the performance of the model
and the expressive ability of the MediCause ontological model on unseen data,
causal sentences from recent medical publications were extracted and annotated
by our models. The resulting extracted relations were then graded by 5 medical
doctors who evaluated whether all the information related to the causal relation
was captured and whether the model identified the cause and effect correctly.
The evaluation was done using a Likert scale ranging from ”Completely agree”
to ”Completely disagree”. Moreover, in order to ensure that the evaluators could
identify the cause and effect correctly, we added two of the manually annotated
sentences as controls where we switched the cause and effect.

4.4 Results

In the Entity Recognition task, the best performance was produced by BioBERT-
large which achieved a macro-averaged F1l-score of 0.844 when trained for 15
epochs with a learning rate of 3e-5 and an MLP final classifier. All three of the
remaining BERT models produced similar macro-averaged F1l-scores ranging
from 0.835 to 0.837 when trained for 15 epochs with a learning rate of 3e-5 and
an MLP final classifier. Finally the SVM classifier achieved a macro-averaged F1-
score of 0.431 when using an RBF kernel and C' = 5. A comparison between the
top Fl-scores achieved by each model, as well as their macro-averaged precision
and recall scores, can be viewed in Figure @ Additionally, the Precision, Recall
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and F1l-score produced by the best performing BioBERT-large model for each
label are shown in Table

Entity Recognition Model F1 Scores
0900 F-——---"“"“"“"“"“"“"“"“"“"“" """ "o
0.850 [---- e - e e - B it
0.800 F——-—----"“"“"“" " "o
0.750 F-—----- - """
0700 F-——---""“"“"“"“"“"“"“"“"“" """
0650 F————---" """ "o
0600 F--------"“"“"“"“"“"“"“" "~
0550 F~————-~""“"“"“"“"“"“"“"“"“" """~ —-
0500 F-———-- """ """ -
0450 F-—-------""“"“"“"- - e
0.400 - : - T
BioBERT BioBERT SciBERT BioBERT SVM
(PD) (PD+PMC) (sci) large

Precision 0.813 0.814 0.813 0.826 0.395

Recall 0.866 0.862 0.860 0.864 0.521

F1 Score 0.837 0.836 0.835 0.844 0.431

Fig. 4. The highest macro-averaged F1l-score produced by each model. The highest
F1l-score is shown in bold. The macro-averaged Precision, Recall and F1-score for each
model are displayed as columns. For BioBERT models, PubMed is abbreviated to PD
and for SciBERT models scivocab is abbreviated to sci.

Table 6. The average Precision, Recall and F1-score with standard deviation (+) over
5 folds produced by the best performing BioBERT-large model for each label.

Label Precision Recall F1 Score

B-C 0.792 (£0.040) 0.846 (+0.024) 0.818 (£0.029)
B-CON 0.866 (£0.015) 0.924 (£0.017) 0.894 (£0.014)
B-CS 0.740 (£0.009) 0.817 (£0.012) 0.777 (£0.009)
B-EF 0.875 (£0.013) 0.895 (£0.017) 0.884 (£0.003)
B-ES 0.814 (+0.016) 0.866 (£0.017) 0.839 (£0.009)
B-VC 0.818 (£0.022) 0.836 (£0.029) 0.826 (£0.019)
B-VE 0.864 (+0.016) 0.902 (£0.013) 0.883 (£0.011)
I-CON  0.887 (+0.012) 0.954 (£0.013) 0.920 (£0.008)
I-CS 0.690 (£0.044) 0.741 (£0.043) 0.713 (£0.027)
I-ES 0.787 (£0.029) 0.813 (£0.049) 0.799 (£0.030)
O 0.955 (£0.006) 0.914 (£0.008) 0.934 (£0.003)

In the expert evaluation, in 68% of sentences the experts completely agreed
that the model captured all of the information of the causal relation, Moreover,
the cause and effect identified by the model was evaluated to be completely
correct by the experts in 78% and 86% of the sentences respectively. It should
be noted that there was only one ” Completely Disagree” response in identifying
the effect and one in identifying the relation. The results of the expert evaluation
are shown in Table
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Table 7. Results of the expert evaluation of the MediCause models.

Completely Somewhat Not Agree Somewhat Completely
Disagree Disagree or Disagree Agree Agree

Cause 1 0 0 10
Effect 0 0 1 6
Relation 1 0 1

4.5 Discussion

In the Entity Recognition task, the best performance was produced by the
BioBERT-large multi-class classifier, which achieved a macro-averaged F1-score
of 0.844. Furthermore, the SciBERT (scivocab) multi-class classifier produced a
macro-averaged F1-score of 0.835 which was the lowest among the BERT models
tested. The best results for all classifierrs were obtained for the labels“B-CON”
and “I-CON” where BioBERT-large achieved F1-scores of 0.894 and 0.920 re-
spectively. The very high scores achieved for those two labels can be attributed
to the fact that each domain uses specific causal markers and one of the most
important causal markers are the causatives (or causal verbs), with the number
of different causatives used in each domain being fairly small [27]. Given that the
“B-CON” and “I-CON” labels correspond to the causatives, identifying whether
a word is part of a causative is a simple task, which explains the high F1-scores
achieved by all models.

Interestingly, the baseline SVM multi-class classifier only managed to achieve
a macro-averaged F'1-score of 0.431 in the entity recognition task, even though its
inputs were vectorized using FastText embeddings which are much more infor-
mative than the TF-IDF and Bag-of-Words vectors used in the Causal Sentence
Detection task by [19/44]. The difference between the Fl-score achieved by the
SVM and the score achieved by BioBERT-large is 0.413, with BioBERT-large
showing a performance improvement of 95.8% compared to the baseline. This dif-
ference not only highlights the complexity of the Entity Recognition task, which
cannot be solved without providing information about the context of words,
but also demonstrates the amount of information captured in the contextual
embeddings produced by BERT. Furthermore, the increased complexity of this
task allowed the BioBERT-large model to surpass the F1l-score produced by all
other models by 0.007 to 0.009. While these differences only represent an in-
crease of 0.8 to 1% over the scores of the smaller BERT models, these results are
in accordance with the differences in F1l-score between BERT-base and BERT-
large recorded by [7]. Even though the difference in the Fl-scores produced by
BioBERT-large and the smaller BERT models is small it was consistent across
all hyperparameter combinations tested in this study, which suggests that it is
the result of the improved embeddings produced by BioBERT-large compared
to the other BERT models and cannot be attributed to the random initialization
of the weights of the classification layer.

Finally, it is important to discuss the significance of the high F1l-scores
achieved by the BioBERT-large multi-class classifier in the Entity Recognition
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task in relation to the MediCause ontological model and dataset developed in
this study. MediCause consists of two main parts, the development of an on-
tological model of the causal relations and the annotation of the entities in
1202 sentences. For the first part, the main considerations were to develop a
definition which captures all the entities involved in causal relations, including
relevant information that specify the relationship, while keeping the definition
simple enough so that the underlying patterns can be learned by machine learn-
ing models trained on limited amounts of data. For the second part, the main
consideration was to ensure that the annotation was as consistent as possible so
that the machine learning models could extract the patterns without too much
noise introduced by annotation errors. The performance of the BioBERT-large
multi-class classifier developed using this dataset, suggests that the ontological
model was sufficiently simple, allowing the BERT model to learn the underlying
patterns and successfully classify unseen instances. Moreover, these scores sug-
gest that the annotation of the dataset was consistent and did not introduce too
much noise in the data which could have negatively impacted the performance
of the models, especially given the small size of the dataset.

The expert evaluation of the performance of the model on unseen causal
sentences shows that the more expressive MediCause ontology is able to capture
all the information of the causal relations in medical texts. It is noteworthy that
the experts agreement followed the F1-scores produced during model evaluation,
with the experts completely agreeing with the effect in 86% of the sentences
(0.88 Fl-score) and the cause in 78% of the sentences (0.82 Fl-score). The one
sentence where one of the evaluators completely disagreed with the relation
extracted by the model was ”We found that among individuals without diabetes
or other traditional ASCVD risk factors, there is an increased risk of incident
CVD with increasing abnormal FPG levels.” [46] where the model annotated
”increasing abnormal FPG levels” as the cause and the evaluator argued that
the cause was ”individuals without diabetes”. In that sentence the evaluator
also did not agree or disagree with the effect annotated by the model (increased
risk of incident CVD). The rest of the evaluators either ”somewhat agreed” or
”completely agreed” with the annotations made by the model on this sentence.
In other sentences where the evaluators ”somewhat agreed” or ”did not agree
or disagree” with the model, the model correctly annotated the cause and effect
but missed some of the contextual information, as is the case with the phrase
”"CMR-FT derived GLS is a powerful independent predictor of MACE in patients
with HCM” [28] where the model missed the word ”derived” and just annotated
”GLS” as the causal variable and "CMR-FT” as a causal specifier.

5 Conclusion

The purpose of this study was to address the unsolved problem of recognizing
the entities involved in causal relations in medical publications. According to
recent research, the proposed solution to this problem is to first detect causal
sentences and then recognize of the entities involved in the causal relations of
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those sentences. For the detection of causal sentences, the state of the art results
of [19/44] were replicated and the produced BERT model is able to detect causal
sentences with very high accuracy. For the entity recognition task, we first devel-
oped the MediCause ontological model of causal relations in medical text, which
addresses the limitations of existing ontological models, and used it to manu-
ally annotate the entities of 1202 causal sentences. This dataset was then used to
fine-tune BioBERT and SciBERT models that can recognize the entities involved
in causal relationships and label them, achieving very high performance on the
task, as can be seen by both the metrics and the expert evaluation. Answer-
ing the research questions, compared to previous ontological models, MediCause
effectively captures the entities involved in causal relations and represents the
relations in a fine-grained way which can enhance the ability of machines to parse
it and extract new information and research hypotheses. Moreover, the models
developed using the novel dataset developed in this study are very effective in
recognising the entities involved in causal relations and can be used to extract
and annotate causal sentences from medical publications or annotate the entities
of causal relations stored in textual format in existing ontologies.

We plan on extending our work in various ways. First, since one of our main
limitations is the relatively small size of the MediCause dataset, we plan on
extending the annotated sentences to improve performance, especially at rec-
ognizing Causal Specifiers and Effect Specifiers. Second, we will improve both
the architecture of the final classifier for the BERT models —by using a CNN
to extend token embeddings with their weighted neighborhoods— and the hy-
perparameter space search —by increasing number of epochs and learning rate.
Third, we will continue with the natural step of extracting the causal relations
between multiple entities beyond pairs in different relations, effectively building
a knowledge graph of interconnected causal relations. Such a knowledge graph
could open various possibilities for inference in scientific settings, by using it
for e.g. generating graph embeddings (for causal link discovery and completion),
reasoning (for consistency checking and derived causes and effects), hypothesis
generation techniques, etc. Finally, we plan on experimenting with the meth-
ods we use in this paper for causal relation extraction in other areas of science
beyond medicine, in order to investigate their generality.
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