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ABSTRACT

Research articles published in medical journals often present find-
ings from causal experiments. In this paper, we use this intuition to
build a model that leverages causal relations expressed in text to un-
earth factors related to Sjogren’s syndrome. Sjogren’s syndrome is
an auto-immune disease affecting up to 3.1 million Americans. The
uncommon nature of the disease, coupled with common symptoms
with other autoimmune conditions make the timely diagnosis of
this disease very hard. A centralized information system with easy
access to common and uncommon factors related to Sjégren’s syn-
drome may alleviate the problem. We use automatically extracted
causal relationships from text related to Sjogren’s syndrome col-
lected from the medical literature to identify a set of factors, such
as “signs and symptoms” and “associated conditions”, related to
this disease. We show that our approach is capable of retrieving
such factors with a high precision and recall values. Comparative
experiments show that this approach leads to 25% improvement in
retrieval F1-score compared to several state-of-the-art biomedical
models, including BioBERT and Gram-CNN.
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1 INTRODUCTION

Sjogren’s syndrome is an autoimmune disorder where the immune
system destroys glands that produce tears and saliva [38, 48] and is
also associated with rheumatic disorders [5, 6, 18]. Most people with
Sjogren’s syndrome have limited symptoms, such as dry eyes and
dry mouth and lack of timely intervention may affect other organs
of the body [40]. Due to the common symptoms and symptoms
relating to different specialities, such as dentistry, ophthalmology,
and rheumatology, and the lack of communication between them,
it becomes a challenge for clinicians to timely diagnose Sjogren’s
syndrome. Several research studies have published new findings
about Sjogren’s syndrome concerning new signs and symptoms, risk
factors, and associated conditions [11, 23, 38, 39]. Careful inspection
reveals that among them the relationships between “signs and
symptoms” and “associated conditions” are often expressed using
causal semantics, e.g. Sjogren’s syndrome may cause a patient to
develop an <associated condition>, or, Sjogren’s syndrome can cause


https://doi.org/10.1145/3530190.3534850
https://doi.org/10.1145/3530190.3534850
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3530190.3534850&domain=pdf&date_stamp=2022-06-29

COMPASS ’22, June 29-July 1, 2022, Seattle, WA, USA

<signs and symptoms>. Such information in research articles may
appear as causal sentences. For example, “sjogrens syndrome can
cause not only corneal perforation but also mucosal perforation which
may lead to a lacrimal fistula” [23] - this causal sentence expresses
the possibility of two symptoms of Sjogren’s syndrome. In this
paper, we present a novel method to identify causal sentences
and use them to unearth factors related to Sjégren’s syndrome,
specifically, associated conditions and signs and symptoms.

Expressing causality through a natural language can take many
different forms, using explicit markers (e.g. “causes”, “caused by”)
or implicitly (e.g. Last week temperature rose significantly, there
were several cases of heat stroke reported). In the second exam-
ple, although it is apparent that the rising temperature caused the
heatstroke cases but no explicit markers were used. Past works on
causality extraction from the text have mostly focused on explicit
causality [7, 9, 15, 24] We propose a new framework to detect causal
sentences and entities using Deep Q Reinforcement Learning (RL)
method [35]. Given a sentence or a document, we aim to extract two
sets of words and phrases that are connected by a causal semantic
(may not be explicit). To extract such words we propose an RL
agent, who will iterate over multiple episodes (subsamples of data)
and increase the chance of identifying right cause words or causal
phrases along with the related effect words or phrases by maximiz-
ing a reward. We train and test the model on two separate datasets
containing causal sentences, SemEval-2010 [20] and ADE [17], and
apply the trained model on a separate corpus of scholarly articles
related to Sjégren’s syndrome collected from PubMed.

The causal relationship extraction model performed with a F1-
score of 0.89 and 0.87 on the SemEval-2010 and ADE datasets re-
spectively. We compared these results with several baseline models,
as well as related works that used the same dataset, and found
that our model’s performance was slightly lower than just one
model [30] (F1-score: 90.6) on SemEval-2010 but outperformed the
state-of-the-art models trained on the ADE dataset. We observe sim-
ilar patterns while extracting factors related to Sjégren’s syndrome.
The precision and recall for our method in extracting Sjogren’s
syndrome related factors were 0.85 and 0.78 respectively (F1-score:
0.81), which was at least 25% better than other state-of-the-art
models targeted towards biomedical text, such as, Gram-CNN and
BioBERT.

2 SJOGREN’S SYNDROME

Sjogren’s syndrome (SS) is the second most common autoimmune
connective tissue disease [48] affecting up to 3.1 million Ameri-
cans [38]. It affects the salivary and lacrimal glands resulting in
dry mouth and dry eyes. SS is common among middle-aged people,
with a high prevalence in females [4] [19]. The exact etiology of SS
is not known [37, 39], as a result, the diagnosis of SS is delayed [12]
and frequently misdiagnosed. Sjégren’s syndrome patients (SSP)
also experience significantly impaired quality of life due to tooth
loss, corneal scarring, fatigue, pain, and depression [45].

The fragmentation of care and suboptimal communication be-
tween dentists, physicians including rheumatologists and ophthal-
mologists is a crucial reason for the poor understanding of SSPs’
disease characteristics. The clinical diagnosis of SS is based on a
combination of symptoms and objective tests that includes the
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following: patient-reported symptoms of dry eyes and dry mouth
along with objective evidence of ocular tests indicating dry eyes [8],
and/or decreased salivary flow rate indicating dry mouth and a pos-
itive test for serum anti-Ro antibodies [46] or rheumatoid factor or
a labial salivary gland showing lymphocyte infiltrates [25]. While
dentists are trained to determine the salivary rate and labial sali-
vary gland biopsy and ophthalmologists are trained to conduct
ocular tests for dry eyes, rheumatologists who manage patients
with autoimmune conditions may not feel comfortable doing these
procedures.

The objective of this paper is to establish a novel entity extrac-
tion model that automates the retrieval of clinical findings relevant
to SS from the scientific literature. Such a model will support min-
ing relevant information from a large corpus of literature, which
is infeasible through a manual process. The factors related to SS
that we aim to extract from the scientific literature, such as symp-
toms, associated conditions, risks are expressed in the literature
using some form of causal semantics. For example, “dry mouth is
caused by Sjogren’s syndrome”. Thus, our goal is to design a causal
sentences classifier that identifies sentences with causal semantics,
furthermore identify the cause and effect event pairs from those
sentences.

3 CAUSAL RELATIONSHIP EXTRACTION
USING REINFORCEMENT LEARNING

We define the problem of identifying causal relationships from
natural language text as a sequence labeling task. If an input sen-
tence with n words is represented as X = x1, x, ..., X, then pro-
duce an output sequence of length n, Y = yi,...,yn, where y; €
{CAUS, EFF, NONE} — CAUS and EFF represents words causing
and effect events or factors respectively, and NONE represents all
other words. Figure 1 shows an example causal sentence with dif-
ferent labels. To identify factors related to Sjogren’s syndrome, we
analyze sentences where L(“Sjogren’s syndrome”) € { CAUS,EFF},
where L(w) represents the label of the word w. If L(“Sjogren’s
syndrome”) = CAUS then Yw, £(w) = EFF will represent factors
caused by Sjogren’s syndrome and vice versa.

Deep Reinforcement Learning (RL) in recent times has emerged
as a promising approach which can utilize popular architectures (e.g.
Transformers, CNNs, LSTMs, etc) while also going a step further
than function approximation towards general Artificial Intelligence.
This is possible due to the way RL tasks are formulated to be basi-
cally an optimization strategy, where we simulate an agent playing
a finite sequential game to gradually improve the reward obtained
at each step. The key difference is, this scalar reward neither needs
ground truth labels nor has to be differentiable - as long as the
reward magnitudes reflects the agent behaving in a favorable way.
We propose a unsupervised framework for the causality extrac-
tion from sentences using A2C [1, 29] or Actor Advantage Critic
Method.

A typical RL problem consists of the following setup: a sequential
task, where an agent starts at a initial position(sg), and has to navi-
gate through different steps to eventually reach an end point(st),
which is referred to as completing an episode. At every step, the

!https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3822229/



Note: Using Causality to Mine Sjégren’s Syndrome related Factors from Medical Literature

COMPASS ’22, June 29-July 1, 2022, Seattle, WA, USA

Renal tubular acidosis is a common cause of hypokalemia which can be idiopathic to Sjogrens syndrome
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agent receives feedback on the decisions taken. Based on the feed-
back, at time ¢ it tries to take an action(a;) that will maximize the
reward(r;). Eventually, after multiple simulations of an episode and
using an optimization algorithm, the objective is to maximize the
cumulative reward or Ztho r; for an episode. We use this setup and
define sz, r; and a; to ensure that maximizing Ztho ry will improve
the prediction accuracy of labeling words in a sentence as cause
and effect. Figure 2 visually depicts this process.

For a particular episode, we pick a random subsample(v) of sen-
tences. At every step, the agent(in our case a neural network), takes
st as an input and predicts a;, also giving us ;. We score this pre-
diction, and assign value y; to it. Accordingly, since we want to use
previous feedback and results to guide current action, we define
the state(s;) as a collection of a time invariant variable (input sen-
tence) as well as two time dependent variables (previous state and
scores) incorporating the information of the trajectory after start:
st = [v,.a¢-1, ptr—1]. Since RL algorithms optimize Ztho rt, we de-
fine our reward as: r; = py —pi;—1. Thus, ZLO 1y 18 py — jlo, meaning
optimizing cumulative reward is the same as improving the predic-
tion score compared to random walk (based on our definition). An
overview of the scoring method is shown in Figure 3.

We used the actor critique algorithm based on Deep Q-learning
Network (DQN) [35] algorithm. This network uses Value function
and Q-values at each state to compute the usefulness and qual-
ity of the state. At each state s; consisting of v , a;—1 and p;—1
where sentence v stays constant where as a;—1 and ;1 are the
feedback terms. The p;—1 is a scalar output and a;—; is a vector of
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4x maxlen(v). We fix that the maximum length of a sentence is 80
words for our experimentation and we estimate the probability of
every word to be a cause or an effect word. The output vectors for
each word will have a size of four and each element will represent
the probability of the word to be start (¢°(x)) and end (¢°(k)) of the
cause phrase or the effect phrase ( ¢°(€),¢¢(€)) respectively. At each
iteration of the state a sentence of length len(d;) is passed through
Albert [31] a lighter version of BERT [10] based transformer model
with 12 million parameters to generate sentence embeddings of
size (len(d;),768). This output is then batch normalized [43] and is
reduced by taking a mean across the length 1 resulting in vector of
size (1,768). Then the action a; — 1 output from previous state of
size (80, 4) is reduced to (1,128) and batch normalized. This output
aLl and y;—1 are combined to one single vector of size (1, 896), this
output is further reduced and normalized to (1, 128) and combined
with the scalar epsilon from previous state €;_.

4 EVALUATION

We evaluate this work in two phases - (Task 1) evaluate the per-
formance of the causal relationship extraction model, and (Task 2)
validate the findings after applying this model to extract factors for
Sjogren’s syndrome. We use SemEval-2010 Task 8 [20] and Adverse
Drug Effects (ADE) [16, 17] for Task 1 and a custom dataset built
from the PubMed database for Task 2. We created this dataset from
2,350 PubMed abstracts retrieved using the keyword “Sjégren’s syn-
drome” and its variants. This dataset has 1,058 sentences and the
words/phrases were annotated simultaneously by two annotators
with a 90.7% agreement (See Appendix B). We refer this dataset as
Sjogren’s syndrome Dataset (SSD).

4.1 Performance of the Causal Relationship
Extraction Model

We evaluated our model on the SemEval and ADE datasets by com-
paring our findings with the ground truth. We compare our findings
with several baseline models, such as Long Term Short Term mem-
ory neural network (LSTM) [21], Bidirectional LSTM (BiLSTM) [22],
BERT language model [10] with a fully connected network as the
final classifier. Table 1 presents the performance across all these
models. Our approach outperformed all these baseline models and
the F1-score is almost 6% better than the next best (BERT based)
model. We also compared our results with the best-performing
models from the literature for each dataset — SemEval: Kyriakakis
et al. [30], Li et al. [34], Wang et al. [50] and ADE: Gurulingappa
et al. [17], Wang and Lu [49], Zhao et al. [53]. Table 2 presents the
summary of this comparative analysis and shows the F1 scores in
comparison to our approach. Our model outperformed other top
models trained on ADE. On the other hand, for SemEval-2010, our
model was marginally poorer than Kyriakakis et al. [30].
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Table 1: Comparison of our reinforcement learning method with baseline models

SemEval-2010 ADE
Precision | Recall | F1score | Precision | Recall | F1 score
Our approach (Reinforcement Learning) 0.93 0.86 0.89 0.88 0.85 0.86
LSTM-Glove 0.78 0.82 0.79 0.80 0.77 0.78
BiLSITM-Glove 0.82 0.80 0.81 0.82 0.84 0.82
BERT 0.87 0.83 0.84 0.86 0.831 0.84
Table 2: Comparison with selected related works
Dataset Model F1 Score | Dataset | Model F1 Score
SemEval-2010 | Li et al. [34] 84.6 ADE Gurulingappa et al. [17] 70.0
Wang et al. [50] 88.0 Wang and Lu [49] 80.1
Kyriakakis et al. [30] 90.6 Zhao et al. [53] 81.1
Our approach 89.4 Our approach 86.4

Trovato and Tobin, et al.

Table 3: Comparative performance

Model Precision | Recall | F1-score
Bi LSTM 0.45 0.84 0.59
Glove Embedings + CNN 0.47 0.72 0.56
Bi LSTM + CRF 0.05 0.4 0.1
BioWordVec + CNN [26, 52] 0.48 0.74 0.58
BioBERT [33] 0.39 0.55 0.46
Gram-CNN [55] 0.52 0.74 0.61
Our approach 0.85 0.78 0.81

4.2 Identification of Factors related to Sjogren’s
syndrome

We apply the causal relationship extraction model tested on SemEval-
2010 and ADE datasets on the Sjogren’s syndrome dataset (SSD) to

identify causal sentences and the corresponding cause and effect

phrases to extract signs and symptoms and associated conditions

related to Sjogren’s syndrome. We present a set of selected causal-
effect pairs extracted through our model in Table 4 in Appendix

A. In these examples, we see that “Sjégren’s syndrome ” and the

factors, such as signs and symptoms (e.g. “loss of secretion”, “xe-
rophthalmia”) and associated conditions (e.g. “annular erythema”,

“non-Hodgkin’s lymphoma”) can appear as a cause as well as an

effect. To verify the above claim, we applied our model to the la-
beled dataset where 1,058 sentences were annotated (See Appendix

B for details about the annotation process). We created a test set

containing 100 sentences out of the 383 causal sentences found

in this dataset. We collected the cause (or effect) associated with

the term “Sjogren’s syndrome” when it is the effect (or cause) and

computed the retrieval accuracy of those two labels. The model

performed with a precision of 0.87 and recall of 0.71 (Table 3). We

compared our findings with several baseline models designed for

sequence labeling. All these were supervised models and trained

on a set of 283 annotated sentences and tested on the same test set.
Baseline models included BiLSTM and a modified BiLSTM with an

additional CRF model similar to Li et al. [34], biomedical models,

including BioBERT [33], BioWordVec [52], and gram-CNN [55] The

results from these experiments are summarized in Table 3.
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The results (Table 3) show the central hypothesis of this work
that causal relations can be used to extract certain factors associated
with Sjégren’s syndrome holds. Retrieval performance is better than
the baseline methods but on many occasions, associated factors or
signs and symptoms are present in a sentence without any causal
semantics. To achieve the long-term goals and improve the recall
of the model, it is important to identify other relations that bind
these factors with the disease. For example, the sentence “Two
years after presentation the patient developed dyspnea cough
and xerostomia” contains symptoms but due to the absence of
a causal semantic, our present model will add this to the list of
false negatives. Moreover, detecting and using other relations in
the future will also help to extract the other two labels — “diagnostic
tests” and “risk factors”. As these two labels do not associate with
the disease as a causality, we need to investigate the relations that
will help to discover those factors. We will keep these tasks as part
of the future directions of this work.

5 RELATED WORK

Causality is an important problem and has been addressed across
many domains [42]. As an extension, mining causal relationships
from text has been extensively explored. A large body of such
work focused on domain-specific texts[32, 47, 51, 54] or have used
rule-based models [2, 15, 27]. Meuller et al. [36] presented a novel
method and a working prototype that automatically extracts not
only causes and effects but also signs, mediators, and conditions
from scientific papers. Kim et al. [28] proposed a method to ex-
tract technological data from patents, to identify technological
causes and effect relations. Egami et al. [13] provided a concep-
tual framework for text-based causal inferences. CausalTriad [54]
is a minimally supervised approach, based on focused distribu-
tional similarity methods and discourse connectives, for identifying
causality. Other approaches focused on extracting causal relation-
ships from text, exploited linguistic structures, such as, multi-word
expressions [44], N-grams, topics and sentiments [27], lexical pat-
terns [2, 15]. Paul et al. [41] used causal inference to find causal
relationships between word features and document labels for better
feature engineering. Although, there have been many different di-
rections in identifying causal statements from text, however, most
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of the methods are directed at domain-specific text or statements
that are express causality explicitly.

6

CONCLUSION

This paper presents an innovative approach to extract factors re-
lated to Sjogren’s syndrome from medical journal articles. We
present a novel reinforcement learning-based method to identify
causal relations from text and show that it outperforms most other
similar models. We apply this model on a dataset of 383 sentences
extracted from a larger set of 2,530 abstracts taken from articles on
Sjogren’s syndrome. Using causal relationships, we aimed to extract
two labels, “signs and symptoms” and “associated conditions” and
show that our retrieval method has better performance compared
to several supervised baseline models.
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APPENDIX

A EXAMPLES OF FACTORS RELATED TO SJOGREN’S SYNDROME USING CAUSAL
RELATIONSHIPS

Table 4: Selected examples of extracting factors by mining causal relationships

Sentence Cause Effect
Hypokalemic paralysis is a rare presentation of
1 | Fanconi syndrome (FS) caused by sjogrens sjogrens Syndrome Hypokalemic paralysis
Syndrome.
Primary sjogrens syndrome (pSS) is a chronic

sicca symptoms, mainly

2 | systemic autoimmune disease that leads to sicca Primary sjogrens syndrome . .
Y ¥ 8108 Y xerophtalmia and xerostomia

symptoms, mainly xerophtalmia and xerostomia.
sjogrens syndrome (SjS) is an autoimmune

3 | condition that primarily affects salivary and sjogrens syndrome loss of secretion
lacrimal glands, causing loss of secretion.

71-year old woman in whom diagnosis of possible
4 | causes of the development of annular erythema, development of annular erythema | primary sjogrens syndrome
led the team to identify primary sjogrens syndrome (SS).
Primary sjogrens syndrome (pSS) is characterized

5 | by lymphocytic infiltration of the exocrine glands Primary Sjogrens Syndrome
resulting in decreased saliva and tear production.
Development of non-Hodgkin’s lymphoma (NHL)
6 | is the major adverse outcome of sjogrens syndrome sjogrens syndrome non-Hodgkin’s lymphoma
affecting both morbidity and mortality.

decreased saliva and
tear production

B DATA ANNOTATION

B.1 Data Extraction and Preprocessing

We collected around 2,530 abstracts with 25,525 sentences. These abstracts were extracted from the PubMed database using keywords
"Sjogren’s Syndrome", "Sjogren" from 2016 to December 2020. Duplicates were removed, and the abstracts were downloaded. The downloaded
data had further additional information such as PMID, Title, Authors, Citation, NIHMS ID, DOI, and abstract text. The abstract text was
further cleaned to ASCII text to remove all non-Latin words and letters, and the resulting abstract text was saved to an excel sheet for further
usage. Each sentence of the abstract was further broken down and converted into individual text files for annotations. We selected a set of
1,058 sentences for annotation and to be used in all the experiments.

B.2 Annotations Guidelines and References Standards

We created annotation guidelines for manually annotating Sjogren’s Syndrome information that typically dentists seek for their diagnosis of
the disease during patient care. We created these guidelines based on the existing literature in dentistry and medicine [3, 6, 14, 18]. Sjogren’s
related information address by our annotation schema included concepts of Signs and Symptoms, Associated Conditions, Diagnostic Tests,
and Risk Factors. Two annotators (A and B) participated in this task and both have advanced knowledge and prior experience with Sjogren’s
syndrome. We chose the extensible Human Oracle Suite of Tools (eHOST) for this annotation task. Table 5 summarizes the label and
corresponding examples.

B.3 Annotation Task

Practice Phase: For this phase, annotators A and B first selected a set of 100 sentences then 501 and lastly 200 from the given dataset and
independently annotated them based on the minimal guidelines created. After every set Inter-Annotator Agreements (IAA) were calculated
and disagreements between the annotators were resolved through discussion and consensus, and the guidelines were updated subsequently.
After this phase concluded, the first author analyzed each annotation set to identify annotation patterns. This cycle continued till a good
score of IAA was achieved thus representing an excellent agreement between the two researchers. The analysis results were then discussed
among the annotators and served to refine the guidelines.

Adjudication phase: Finally, the final set of annotations were adjudicated and overseen by the annotator C. To create the gold standard to
be used on the remaining 2000 annotations. During this phase, annotator C was free and discussed the annotations with the actual annotator
to understand his/her reasoning.
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Table 5: Labels with examples

Trovato and Tobin, et al.

Sjogren’s Syndrome Concepts

Examples of the literal text match from the sentences.

Signs and Symptoms

"xerostomia", "xeropthalmia”, "hyposalivation", "dry eyes",
"dry mouth", "joint pain", vasculitis

Associated Conditions

"

"Rheumatoid arthritis"," Systemic lupus Erythematosus,’,
"Squamous cell carcinoma,’ "Hodgkin’s lymphoma"

Diagnostic Tests

"Schirmer Test", "Rose Bengal Test", "Abnormal Flow rate",
"Scintigram”,

Risk Factors

"Women", "Postmenopausal”, "Mean age 40" "Rheumatic Disease"

Class and span matcher

Annotations match if they have same or overlapping spans, with same classes.

2-way IAA Results

1AA calculated on 200 documents.
all annotations = matches + non-matches
|AA = matches | all annotations

For annotations between Annotator{Anushri] and Annotator[BCJ:

Type

IAA | matches non-matches

Al selected classes  ||90.7% (156 6

Associated Conditions|88.9% 40

Risk Factors 185.7% 6

Diagnostic Tests 189.6%60

Signs and Symptoms |04.3% 50

Figure 4: Screenshot of eHOST tool summarizing the inter-annotator performance and agreement

Results: After the first set of 100 and 501 sentences, the IAA score was a fair 48.4% and 53.5% with a moderate increase of 5.5%. In discussing
the disagreements, the annotators’ existing domain knowledge and inference were playing a key role in identifying the concepts. Therefore,
for the next set of 200 sentences, a strict ground rule was set, as "The annotations should be text-bound. The annotators domain knowledge
and interpretation should play a minimal role in annotation and the annotator should be only concerned with what is explicitly stated in the
text. The annotators should also provide basis and justify the annotation and its concept". Following this and the updated guidelines IAA

was recorded to be 90.7% (Figure 4.
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