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Abstract. Category assignment of medical concepts is presented as an essential
task in information extraction from a large number of available medical corpora
in the form of unstructured and semi-structured. Besides, the category of medical
concepts helps to identify the conceptual knowledge from the corpora, especially
in healthcare. So, in the present task, we are motivated to design a category
assignment system for the medical concepts and contexts which assists in
understanding the subjective information of the medical corpus. The proposed
system is able to identify five different types of categories for medical concepts
(e.g., diseases, drugs, symptoms, human_anatomy, and miscellaneous medical
terms (MMT)) and eleven types of context categories (e.g., disease-symptom,
disease-drug, and disease-MMT). In order to design the system, we have
distributed the task into three subtasks such as medical concept identification,
concept category assignment, and category assignment for the context. Moreover,
we have employed a domain-specific lexicon namely WordNet of Medical Event
(WME 3.0) to design all three subtasks. The lexicon assists in recognizing
the medical concepts and assigning the categories of these concepts using its
provided various features as affinity score, gravity score, polarity scores, similar
sentiment words, and sentiment. Thereafter, we have used two well-known
supervised classifiers to build and validate the proposed both of the category
assignment systems.

Keywords: Medical concepts, medical text categories, text classifier.

1 Introduction

In healthcare, category assignment of medical concepts and contexts are challenging
due to the lack of involvement of domain-experts as well as unavailability of
domain-specific lexicons and ontologies [27, 37].
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In order to address these challenges, the researchers have developed several
information extraction systems as Systematized Nomenclature of Medicine-Clinical
Terms (SNOMED-CT), Unified Medical Language System (UMLS), and GENIA [4].
The systems help to recognize the medical concepts and their various conceptual
features from unstructured corpora which assists in presenting structured corpus from
unstructured corpora [18, 9].

On the other side, the researchers have designed various statistical and
ontology-based approaches to identify the information automatically from the
corpus [20]. The automated systems help the experts’ like doctors and medical
practitioners and non-experts as patients to describe the information related to medical
concepts and contexts.

The concepts refer the key medical terms where the contexts represent the sentences
of the corpus. For example, the medical concept ”congenital _heart_disease” and medical
context ”A congenital heart defect (CHD) is a problem in the structure of the heart that
is present at birth.” respectively.

In the present paper, we are motivated to design an automated information extraction
system namely categorization of medical concepts and contexts with the help of two
well-known machine learning classifiers viz. Naive Bayes and Logistic Regression [11].
Besides, we have prepared an experimental dataset and extracted features for medical
concepts such as statistical, linguistic, and syntactical to build and validate both of
the systems [36, 3].

We have also observed that a domain-specific lexicon is essential to extract the
subjective and conceptual features of the medical concepts. Hence, we have employed
previously developed a domain-specific lexicon viz. WordNet of Medical Event (WME
3.0) to design the proposed systems. The lexicon assists in recognizing the medical
concepts in a context and extracting the features such as affinity score, category, gravity
score, polarity score, Parts-Of-Speech (POS), sentiments, and similar sentiment words
(SSW) for the medical concepts [26, 25].

We have also noticed the following difficulties exists to design the proposed
categorization system. A. how to recognize the medical concepts (e.g.,
breathing problem) and isolate the general concepts (e.g., organization) from the
corpus? B. how to decide the set of medical categories and assign them to the
medical concepts? This challenge is also presented as a classification task of medical
concepts [28] viz.

A chronic cough is present either symptom or disease category. C. how to assign
the set of categories for medical contexts and assign them? E. finally, how to prepare
an experimental dataset to design and validate the proposed system? In order to address
the mentioned challenges, we have used WME 3.0 lexicon which helps to recognize the
medical concepts and isolate from non-medical concepts.

Thereafter, we have proposed five different types of categories for medical concepts
such as disease, symptom, drug, human_anatomy, and miscellaneous terms (MMT)
as unrecognized categories, suggested by medical practitioners after observing the
experimental dataset. Besides, these categories assist in presenting eleven different
pair-based categories for the medical context such as disease-symptom, disease-drug,
disease-human_anatomy, disease-MMT, symptom-drug, symptom-human_anatomy,
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Dr-SyDi
Drug ¥ “Disease)

an antiviral drug used to combat HIV infection .

Di-Di —

Diseasel” Disease)

It can be temporary ( from tinea versicolor ) or permanent ( from albinism ) .

Fig. 1. A sample output of the proposed categorization system.

symptom-MMT, human_anatomy-MMT, drug-human_anatomy, drug-MMT, and
MMT-MMT. Thereafter, we have employed Naive Bayes and Logistic Regression
classifiers along with various extracted features to develop the proposed
categorization system.

The systems have provided F-score 0.81 and 0.86 for assigning the categories of
medical concepts and contexts individually. Figure 1 shows a sample output of the
proposed system.

We have observed that the categories of medical concepts and contexts facilitate to
identify the subjective and conceptual information from the corpus. The system also
helps to build various applications like medical concept network, annotation system,
and recommendation system in healthcare services [22, 8, 9].

The rest of the paper is as follows. Section 2 presents the background of this
work. Section 3 describes the preparation process of the experimental dataset and a
brief overview WME lexicon. Section 4 discusses how we have developed both of the
categorization systems such as concepts and contexts. Finally, the concluding remarks
appear in Section 5.

2 Background

Information extraction from the biomedical textual corpus is demanding due to the
lack of domain experts involvement and unavailability of structured corpora [21, 6].
In order to produce the structured corpus from the largely available semi-structured and
unstructured corpora, the researchers have developed several ontologies and lexicons,
which are also used for building automated information extraction system.

Few of the ontologies and lexicons are UMLS (Unified Medical Language System)
and SNOMED-CT (Systematized Nomenclature of Medicine-Clinical Terms), MEN
(Medical WordNet), and WME (WordNet of Medical Event) [33, 15,25]. Primarily,
these resources are looking for recognizing the conceptual as well as knowledge-based
information from corpora [13, 5].

In the current research, we have focused on designing an automated categorization
system using machine learning approaches in the presence of a domain-specific
lexicons. So, in the following, we have discussed how the lexicons are taking a crucial
role to develop the category assignment system for the medical concepts in healthcare.

Medical WordNet (MEN) lexicon built with two different sub-networks viz.
Medical FactNet (MFN) and Medical BeliefNet (MBN), to evaluate consumer
health reports [33].
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The formal architecture of Princeton WordNet has been used to develop this
lexicon [15]. On the other side, Mondal et al., [26,25] have designed a domain-specific
lexicon like WordNet of Medical Events (WME 3.0) to identify medical concepts and
their various features. The features are affinity score, categories, gloss, gravity score,
Parts-Of-Speech, polarity score, sentiment, and similar sentiment words. In this work,
we have employed this lexicon to prepare and build the automated category assignment
system for medical concepts and contexts.

Besides, we have noticed that the fundamental and broad classes such as category
identification are still challenging due to insufficient number of domain experts
involvement [23]. We have observed few of the category assignment research as
follows: Yao, et al., [38] have extracted category-based relations as cures, prevents, and
side_effects, which describe the distinctive nature from the biomedical text (medical
papers) [2, 17].

Franzen et al., [16] have annotated Yapex corpus with 200 medical abstracts to
assign the category such as proteins. Primarily, the ontology looks for extracting
protein-protein interaction and disease-treatment relations from corpora under a
BioText project [1,30,31, 19]. Eklund [12] developed an annotation system to extract
the relations as diseases for treatments from the scientific medical corpus.

The literature survey helps to motivate to design the category assignment system
for medical concepts and contexts both. Hence, we have used WME 3.0 lexicon and
two well-known classifiers such as Naive Bayes and Logistic Regression to prepare
the experimental dataset, design, and validate the system. The concept categories show
the subjective information for each of the medical concepts whereas context categories
present the conceptual relation between each pair of medical concepts in a context.

3 Resource and Dataset

The present section describes how we employed WordNet of Medical Event (WME 3.0)
lexicon to prepare the experimental dataset for the proposed categorization system.

WordNet of Medical Event Lexicon:A domain-specific lexicon is demanding to
identify the conceptual information such as category or sentiment from the medical
corpus [7]. So, we have borrowed the knowledge from the current version of WordNet
of Medical Event lexicon namely WME 3.0 [26, 25, 24].

WME 3.0 lexicon was developed with an additional category feature of 10186
number of medical concepts along with previous two versions such as WME 1.0
and WME 2.0. WME 1.0 is able to identify the gloss (descriptive explanation),
Parts-Of-Speech (POS), polarity score, and sentiment for 1654 number of medical
concepts where WME 2.0 was added affinity score, gravity score, and Similar Sentiment
Words (SSW) features for 6415 number of medical concepts.

The conventional WordNet!, a preprocessed medical dictionary, and SenticNet?
resources were applied to prepare all three versions of WME [10, 35]. In the following,
we have discussed how the affinity score, gravity score, and category features help to
design the proposed system.

! https://wordnet.princeton.edu/
2 http://sentic.net/
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<Txml version="3.0" encoding="UTF-§" 7>
- <Medical Concapts>
- <Concept>
</Concapt>
- <Concept>
<Titlexamne sia</Title>
- <Propertizs>
<POS>noun< POS>
<Catzgory>disease<Categor®
<Gloss=Loss of memory sometimes including the memory of
personal identity due to brain injury, shock, fatisue. repression,
or illness or sometimes induced by anesthesia </Gloss>
- <38W and Affinityscors>
blackout (0.674)
memory loss (0.334)
stupor (0.429)
fugue (0.343)
</53W and Affinity scorel
<Polarity score> - 0.375<Polarity scor=>
<Gravityscore>0. 170 Gravify scorz>
<Sentimenfnegative</Sentiment>
<Properties™
</Concapt>
- <Concept>
<Concapt>
Miedical Concepts™

Fig.2. The current version of WordNet of Medical Event (WME 3.0) lexicon. The features
considered in WME 3.0, affinity score, category, gloss, gravity score, Parts-Of-Speech (POS),

polarity score, sentiment, and Similar Sentiment Words (SSW) are listed for an example medical
concept amnesia.

1. Affinity score indicates what extend two concepts are close to each other by
measuring the number of common sentiment words (SSW) appeared for a pair of
concepts within the range of O to 1.

2. Gravity score identifies sentiment-oriented relevance between medical concepts
and their various glosses (descriptive explanations) and ranges from -1 to 1. While
-1 suggests no relation and 1 indicates strong relations either positive or negative,
which helps to identify a proper gloss for concepts.

3. Besides, the assigned categories such as diseases, drugs, treatments,
human_anatomy, and MMT assist in extracting the subjective information of
the concepts.

In the present paper, WME 3.0 lexicon has been used as a baseline to build a category
assignment system. Figure 2 shows a sample output of WME 3.0 lexicon.

Experimental Dataset: A label dataset is essential to build and validate any
information extraction system with machine learning classifiers. Hence, we have
acquired and prepared an experimental dataset from two different resources such as
one SemEval 2015 Task-6° and two MedicineNet*.

3 http://alt.qcri.org/semeval2015/task6/
* http://www.medicinenet.com/script/main/hp.asp
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Table 1. A comparative statistics between two resources namely SemEval 2015 Task-6 and
MedicineNet which are used to prepare the experiment dataset.

SemEval 2015 Task-6 MedicineNet

Total number of contexts (both medical and non-medical) 4023 3329
Unique number of Medical contexts 2481 2583
Total number of concepts (only medical) 14665 16809
Unique number of Medical concepts 4485 4847
Average number of Medical concepts per contexts (respect to unique) 1.81 1.88
No. of mentioned categories 3 4

Table 2. A detail statistics of the experimental dataset.

Statistics of the labelled Experimental dataset
Experimental Training (40%) Test (60%)

Disease-Symptom 938 375 563

Disease-Drug 713 285 428

Disease-Human_anatomy 315 126 189

Context Categories Disease-MMT 535 214 321
Symptom-Drug 108 43 65
Symptom-Human_anatomy 78 31 47
Symptom-MMT 135 54 81
Human_anatomy-MMT 105 42 63
Drug-Human_anatomy 285 114 171
Drug-MMT 117 47 70

MMT-MMT 1735 694 1041

Diseases 2246 898 1348

Symptoms 1204 482 722

Concept Categories Drugs 2108 843 1265
Human_anatomy 428 171 257

MMT 3346 1338 2008

The experimental dataset contains 5064 and 9332 number of unique medical
contexts and concepts individually after combining both of the resources. Table 1
presents a statistical comparison between these resources.

Besides, a group of medical practitioners helps to label both of the experimental
datasets in the presence of WME 3.0 lexicon. Thereafter, we have split the datasets into
two parts such as training (40%) and test (60%) dataset. The training dataset uses for
building the systems where test dataset applies for validating them. Table 2 shows the
distributions of both of the experimental datasets in details.

In the following sections, we have discussed how the prepared experimental dataset
assists in building the categorization system for medical concepts and contexts.

4 Category Assignment Systems

The conceptual classes of medical concepts present the categories which help to identify
the conceptual information from the corpus [32].
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Both of the categories such as concepts and contexts of medical concepts
assist in representing structured corpus from a large number of the unstructured
and semi-structured corpora produced by the medical practitioners. Besides, these
categories help to design various decision-making systems in healthcare services as
annotation and recommendation etc [34,29]. Hence, in the present work, we have
recognized five different types of categories of medical concepts and their related eleven
types of contexts categories.

The categories of medical concepts are disease, drug, human_anatomy, symptom
and MMT where the categories of contexts are disease-symptom, disease-drug,
disease-human_anatomy, disease-MMT, symptom-drug, symptom-human_anatomy,
symptom-MMT, human_anatomy-MMT, drug-human_anatomy, drug-MMT, and
MMT-MMT. We have proposed categories of the context as a pair-based due to the
short length in the experimental dataset.

Thereafter, to assign the mentioned categories for both concepts as well as
contexts, we have proposed two different categorization systems using machine learning
classifiers individually. First categorization system is able to identify the subjective
information from the corpus whereas the second system is able to extract the overall
conceptual information from the corpus. In the following subsections discuss, how we
have developed and validated both of the categorization systems in details.

4.1 Concept Categorization System

In order to design the proposed category assignment system for the medical concept,
we have extracted various linguistic as well as knowledge-based features with two
well-known supervised classifiers viz. Naive Bayes and Logistic Regression. The
features are POS, uni-gram, bi-gram, tri-gram, sentiment, and Similar Sentiment Words
(SSW). To extract these features, we have employed WME 3.0 lexicon along with
conventional WordNet, SentiWordNet, and SenticNet resources [14, 10].

Initially, we have extracted the mentioned features for the training dataset as
mentioned in Section 3 and process it through two different classifiers individually.
Thereafter, we have combined both of the classification modules to build the final
category assignment system for medical concepts. The following steps discussed the
system development in details.

— Step-1: Extract various features for the medical concepts of the training dataset
using the mentioned resources (e.g., WME 3.0 and WordNet) and prepare a feature
vector, Iy =[(1,0,1,1,1,1), (1,1,0,1,0,1), (1,1,0,1,0,0), ...., (1,1,1,1,0,1)].

— Step-2: Assign five different category label Cy, = [1, 2, 2, ...., 4] to the feature
vector Fy . The category labels are 1, 2, 3, 4, and 5 for diseases, symptoms, drugs,
human_anatomy, and MMT individually.

— Step-3: The feature vector Fy, and its corresponding label C'z, have applied through
two different classifiers such as Naive-Bayes and Logistic regression and build two
approaches as M p and M| i respectively.

— Step-4: Thereafter, we have combined these approaches Myp and Mpp
with the union operator and built another approach (Mcompineq) under the
proposed module.
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Table 3. An ablation study (as F-score) for assigning categories of medical concepts using three
approaches viz. Naive Bayes, logistic regression, and combined.

Features AiNB ]\/[LR A{Cnmbi"ﬂd
Precision Recall F-score Precision Recall F-score Precision Recall F-score
n-grams 0.79 091 0.85 0.80 0.89 0.84 0.81 0.83 0.85
n-grams + POS 0.82 0.89 0.85 0.83 0.87 0.85 0.84 0.88  0.86
Sentiment + SSW 0.75 0.83 0.79 0.77 0.85 0.81 0.78 0.84 0.81

POS + Sentiment + SSW 0.83 0.89 0.86 084 090 0.87 0.85 091 0.88
n-grams + Sentiment + SSW  0.84 0.88 0.86 0.83 0.89 0.86 0.86 091 0.88

Table 4. A comparative result analysis to assign categories of medical concepts using Naive
Bayes, logistic regression, and their combined approach.

MnB Mrr Mcombined
Precision Recall F-score Precision Recall F-score Precision Recall F-score
diseases 0.85 0.97 0091 0.85 097 091 0.86 098 0.92
symptoms 0.87 0.78 0.82 0.88 0.79 0.83 0.91 0.79 0.85
drugs 0.91 0.87 0.89 0.90 0.88 0.89 0.92 0.89 0.90
human_anatomy  0.67 0.90 0.77 0.70 0.88 0.78 0.67 091 0.77
MMT 0.79 0.84 0.81 0.81 0.84 0.82 0.86 0.81 0.83

For example, the proposed module is able to identify the medical concepts
pneumonia and infection and their category as disease and symptom from the medical
context ”Pneumonia is frequently but not always due to infection”.

4.2 Validation of Concept Categorization System

Thereafter, to validate the output of the proposed system, we have used the labeled
test dataset as mentioned in Section 3. We have processed the test dataset with three
modules viz. Myp, Mg, and Mcompined consequently to calculate the accuracy of
the final categorization system for medical concepts. Table 3 shows the importance of
the applied features through an ablation study for the proposed system. We have also
conducted a comparative result analysis for all three modules by calculating Precision,
Recall, and F-score as shown in Table 4.

Finally, we have compared the category output of the proposed system along with
WME 3.0 lexicon to prove the accuracy of the proposed system as shown in Table 5.
We have also noticed that the coverage of the extracted categories of medical concepts
is same with WME 3.0 lexicon due to use of the similar type of resources.

4.3 Context Categorization System

In addition, the category assignment system for the medical contexts is essential to
determine the overall conceptual information for the corpus. So, we have proposed
another categorization system on the top of the categorization system of medical
concepts. The context categorization system is able to identify eleven types of
pair-based categories for the medical corpus. Primarily these categories are derived after
observing our experimental dataset by a group of medical practitioners.
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Table 5. A statistical comparison of the coverage between the extracted categories from test
dataset of the proposed system and WME 3.0 lexicon.

Distributions Test dataset WME 3.0
Extracted Unique Coverage (%) Unique

Disease 1321 1248 100 3641

Symptom 570 534 100 802

Drug 1126 1079 100 4196

Human_anatomy 234 206 100 227

MMT 1627 1185 85.07 1320

Table 6. A comparative result analysis to assign the categories of medical contexts using the
proposed system.

Test Extracted Precision Recall F-score

Dataset
Disease-Symptom 563 545 0.95 0.98 0.96
Disease-Drug 428 397 0.89 0.96 0.92
Disease-Human_anatomy 189 165 0.80 0.92 0.86
Disease-MMT 321 278 0.82 0.95 0.88
Symptom-Drug 65 46 0.58 0.83 0.68
Symptom-Human_anatomy 47 32 0.62 0.91 0.74
Symptom-MMT 81 66 0.65 0.80 0.72
Human_anatomy-MMT 63 38 0.49 0.81 0.61
Drug-Human_anatomy 171 152 0.84 0.94 0.89
Drug-MMT 70 43 0.53 0.86 0.66
MMT-MMT 1041 971 0.77 0.83 0.80

Thereafter, to design the proposed categorization system for medical contexts, we
have applied the following algorithm on training dataset in the presence of concept
categorization system.

Step-1: Initially, we have assigned the categories of medical concepts in a context
using concept categorization system. Each medical concept and its category presented
as Medic in a context.

Step-2: Consider the consecutive medical concepts and their category from the
context, which is presented as Partial Context Category (PCC).

Step-2.1: If the consecutive pair of concept categories are same then PCC'is:
PCC = Medich N Medics. (D)
Step-2.2: Else PCC' is:
PCC = Medici1 U Medico, 2)

where Medicy and Medico indicate two consecutive medical concepts and
their categories.
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Step-3: The extracted Partial Context Category (PCC') helps to assign the Final
Context Category (F'C'C) as:

FCC = PCCi1NPCCs, 3)

where PC'C and PC'Cs refer the partial context category in a context.

For example, the proposed system is able to assign human_anatomy-MMT category
for the following medical context after identifying the medical concepts and their
corresponding categories such as "passage” as MMT, "air” as MMT, supply” as MMT,
“oxygen” as MMT, "lungs” as human_anatomy, and ’body” as human_anatomy.

”The passage of air into and out of the lungs to supply the body with oxygen”.

4.4 Validation of Context Categorization System

In order to validate the proposed categorization system of medical contexts, we have
used test dataset and calculated the accuracy in the form of F-score. Table 6 shows
the extracted categories of medical contexts and a statistical comparison with manually
labeled test dataset for medical context categories.

The presented result shows the importance of the proposed eleven categories of
medical contexts to discover the overall conceptual information from the corpus. We
have also observed that the category of the context provides an overall intuition whereas
category of each concept of the context indicates specific fundamental class. Finally,
we can conclude that the proposed systems may help to develop various medical
applications like medical concept network, annotation system, and recommendation
system in healthcare.

5 Conclusion and Future Scope

Category refers the broadest fundamental classes of any information extraction system
especially in medical domain to identify the subjective information from the corpus.
It also helps to represent structured corpus from the largely available unstructured and
semi-structured corpora. So, in this paper, we are motivated to design the categorization
system for medical concepts and contexts using supervised classifiers in the presence
of a domain-specific lexicon namely WME 3.0.

The lexicon assists in preparing the experimental dataset and extracting various
features from the dataset to build and validate the proposed categorization systems.
The concept categories show the subjective information for each of the concepts
whereas pair-based context categories indicate the overall conceptual information for
the medical context. We are able to identify five types of concept categories as diseases
and symptoms and eleven types of context categories like disease-symptom by the
proposed systems individually. In order to build the category assignment system for
medical concepts, we have amalgamated two classifiers namely Naive Bayes and
Logistic Regression. We have also conducted an ablation study to prove the accuracy of
the system.
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Thereafter, we have described how this system helps to design context
categorization systems. In future, we will try to introduce more knowledge-based
features to improve the accuracy of both of the systems. We will also focus on
to design various applications to support expert and non-expert groups in their
respective applications.
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