Indonesian Journal of Electrical Engineering and Computer Science
Vol. 18, No. 2, May 2020, pp. 946~952
ISSN: 2502-4752, DOI: 10.11591/ijeecs.v18.i2.pp946-952 a 946

A framework for named entity recognition of clinical data

Ravikumar J!, Ramakanth Kumar P?
!Department of CSE, Dr. Ambedkar Institute of Technology, India
2Department of CSE, R.V. College of Engineering, India

Avrticle Info ABSTRACT
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1. INTRODUCTION

To understand relevant parts present in the text and to gather information from several pieces of text,
Information Extraction (IE) systems are used. Using IE systems, the relevant information can be produced and
presented in a structured format like relations (in the database sense). This is also known as knowledge base.
The primary goal of the IE systems is organizing the information in a way that is useful to people. These
systems also put information in a semantically acceptable form so that further inferences can be made by
computer algorithms. Now a days, enormous amount of clinical data is being generated by health organizations.
Hence, extraction of information from these clinical notes will enable the improvement of clinical wards works.
It also helps to get good understanding of patient care and also the disease progression. The key point in
unlocking the information present in the clinical text is recognizing named entities. In the information
extraction process, an important sub task is named entity recognition. The process involves named entity
phrases recognition and classifying them into particular categories. In the medical domain, the important
categories are procedures, clinical findings and drugs. In the literature, named entity recognition is one of the
widely studied area [1-4].

The clinicians written notes are less structured and are usually in minimal grammatical form with
cryptic short hand. This poses challenges in named entity recognition. Principally, NER systems are either
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pattern based or rule based. Because of the diverse writing style of individual clinicians, the patterns and rules
are not generalizable. Technologies like machine learning are also not fully advanced in NER because of lack
of available training data. NERs are categorized into three approaches. Rule-based approaches, machine
learning based approaches and dictionary based approaches. The machine learning based systems focus on
choosing effective features for building classifiers. For experimentation, several machine learners have been
used. Support Vector Machines (SVMs) [5] and Hidden Markov Model (HMM) [6] are examples of such
learners. Natural language processing focuses on development of models to understand natural language [7].
The NLP framework includes modules for syntactic processing like tokenization, detection of sentences and
parts-of-speech tagging. The NLP system also include modules for semantic processing like named entity
recognition tagging, identification of concept, extraction of relation and anaphoric resolution. An Information
Extraction system is an NLP system that has semantic processing models to extract information that are pre-
defined. In the medical domain, NLP systems are used by researchers to identify clinical syndromes and
biomedical concepts from the reports of radiology [8] and discharge summaries [9]. NER process includes
tasks such as finding, storing and sorting content into categories such as the person’s names, locations,
organizations, expression of times, monetary values, quantities and percentages. NER system extracts data
directly from sentences of plain English. NER is also known as identification of entity, entity chunking and
extraction of entity. It is an intelligence system that is state-of-the-art that works equivalent to human brain in
terms of efficiency. From raw data, NER system finds entity elements and determines the category to which
the element belongs. It reads and highlights the important entity elements in the text. Depending on the project,
NER might be given separate sensitive entities. The system used in one project may not be suitable for another
project. The system also faces numerous challenges such as correct information extraction for specific but
closely related categories. The process of NER happens in several steps. First, the Knowledge base is to be
built which consists of known Named Entities. Then, linking of entity to a knowledge base should happen.
This process consists of components such as extractors, searchers and disambiguators. Extraction process
involves identifying and preparing named entity mentions. The tasks such as parts of speech tagging,
tokenization, detection of sentence boundary, capitalization rules and in-document co-reference. In-document
co-reference is used to find more specific search items. In the Search phase, titles, disambiguous pages can be
leveraged to capture synonyms. In order to reduce the computation, a searcher should balance precision and
recall for capturing of correct entity. In this paper we present a named entity recognizer using a classifiers to
find entities.

2. RELATED WORK

Named entity extraction is a type of information retrieval which focuses on identifying instances i.e.,
names of various types of entities. For example, cancer would be an instance of disease; swelling would be an
instance of symptoms and so on. One of the earliest NER models was based on decision tree [10]. Sekine
developed a system was developed for Japanese. The author used features viz. POS (part-of-speech) tags
extracted by a morphological analyzer, information based on character and specialized dictionary. The
researcher presented the algorithm which included two phases one for decision tree creation from training data
and the other for generating the tagged output that is based on the decision tree.

Another early work was done by Bikel, Schwartz and Weischedel [11]. Authors used Hidden Markov
Model (HMM) to identify named entity. Primary features like bi-gram and orthographic features like word
case, word shape etc. were used. The authors evaluated the model in English, Spanish and on speech input. To
quantify the performance on data available to the community (MUC-6 and MET-1), results are reported on
standard materials only. The results obtained have been found better consistently than any other learning
algorithm. Borthwick [12] in his PhD thesis used maximum entropy algorithm. This thesis explains a statistical
named-entity recognition system known as MENE (Maximum Entropy Named Entity). It utilizes a very flexible
object-based architecture which allows it to make use of a broad range of knowledge sources in making its
tagging decisions. McCallum and Li [13] developed Conditional Random Fields based algorithm to extract
NER in coNLL-2003 shared task competition. The work described WebListing which is a method to obtain
seeds for the lexicons from the labeled data. It then uses Web and HTML formatting regularities, service of
search engine for augmentation of those lexicons.

Sarawagi and Cohen [14] propose a semi Markov CRF (Conditional Random Field) algorithm for
named entity extraction. Semi-CRFs offer much of the power of higher-order models. The major advantage is
that it allows features which measures properties of segments than individual elements. These features can be
quite natural for applications like NER. The researchers extended their work with the use of dictionary and
notion of similarity function [15]. Naidu and Sekine [16] provide wide overall survey of NER research. The
researchers presented a survey of 15 years of research in the NERC field from 1991 to 2006. Handcrafted rule-
based algorithms were used by early systems. Machine learning techniques are being used in the recent systems.
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The survey of the techniques was conducted as well as other critical aspects of NERC such as features and
evaluation methods. Aronson [17] developed MetaMap to map bio-medical concepts from Unified Medical
Language System (UMLS). MetaMap is a program developed at the NLM (National Library of Medicine) that
can be used to map biomedical text to the Metathesaurus. MetaMap uses a knowledge intensive approach based
on symbolic, natural language processing (NLP) and computational linguistic techniques.

The researchers developed MetaMap based NLP system in [18] that extracts various entities like
temporal information, corresponding codes from clinical notes by matching with Unified Medical Language
System (UMLS). In this method, matching of MedLEE generated structured output that consists of findings
and modifiers to get most specific code. Recall and precision applied to Unified Medical Language System
(UMLS) coding were evaluated. The results were compared with reference standard determined in the manual
method by seven experts.

Minard et al. [19] proved that the developed hybrid approach that is based on both domain knowledge
and machine learning gives better performance. The work is compared with multiple approaches based on
domain-knowledge and machine-learning techniques to Medical Entity Recognition.The approaches rely on
machine learning and rule-based methods. To extract features from the input texts, NLP is used. Later they are
fed to machine learning methods. For concept extraction, the researcher used Conditional Random Fields, and
Support Vector Machines for assertion and relation annotation. The authors tested various combinations of
rule-based and machine-learning methods depending on the task.

Li, Schuler and Savova [20] have used both CRF and SVM based for model extraction of disorder in
clinical text. The authors presented a comparative analysis between support vector machines and Conditional
Random Fields for clinical named entity recognition. The authors also explored the applicability of these
methods to clinical domain. The outcome of the comparison indicates that CRFs perform better than SVMs
when evaluated against a set of gold standard named entities. The best F-score with CRFs is 0.86 and for the
SVMs is 0.64 as compared to a baseline of 0.60. Various techniques have been proposed for named entity
recognition [21-25]. But, there exist scope for improvement.

3. DATA COLLECTION
The data set used for training the model is given in the Table 1.

Table 1. Data Set Details

Data set Purpose  Notes Entities Entity types
i2b2 2010  Training 349 27,837  Problem, Treatment
Test 477 45,009 Test

4. THE PROPOSED MODEL

Patients health status, tests conducted, diseases and response to the treatments are stored in clinical
records. Analysis of such information provides immense value for clinical practice, organization and
management of healthcare services. Concept extraction (CE) activity aims to recognize mentions to medical
concepts like problems, diagnosis data (tests) and treatments mentioned in the clinical records. (e.g., progress
reports and discharge summaries). Further these identified concepts are classified into predefined categories.
The concept in clinical data is usually mentioned in text format. Hence, it is a challenging task for Natural
Language Processing systems to extract these concepts automatically.

In the proposed model, machine learning model has been used to recognize and extract concepts from
clinical data. This work employs a new approach known as bidirectional Long Short Tem Memory —
Conditional Random Field (LSTM-CRF) initialized with general-purpose, off-the-shelf word embeddings.
Figure 1 depicts the training for named entity detection. Figure 2 indicates the training for named entity
boundary determination.

He was admitted to ICU for meningitis. He was continued on  Acyclovir
Positive example Negative example
Can only mean disorder Cannot mean disorder
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The input sequence is x=(x1,x2,x3,...xm ), i.e., the words of a sentence and a sequence of output
states S=(s1,s2,s3,...sm ), i.e. the named entity tags. In conditional random fields the conditional probability
P(s1,s2,s3,...sm| x1,x2,x3,...xm) is modeled as the output state sequence. It has been done by defining a feature
map.

#(X1,..,Xm.,51,..,.5m) € Rd (1)

that maps an entire input sequence paired with an entire state sequence tosome dimensional feature vector.
The probability as a log-linear model with the parameter vector has been modeled as

weRS @)
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Tef exp (w.elxafl) 3
where s’ ranges over all possible output sequences. The expression w . #(X,S) = score «f (X,S) can be viewed as
a scoring how well the state sequence fits the given input sequence. The idea is now, to replace the linear
scoring function by a non-linear neural network. Hence score can be defined as,

SCOTe rstm-orf (X,S) = g Wit 8i.LSTM(X)i +b si.t, Si (4)

where Ws;i.1, siand b are the weight vector and the bias corresponding to the transition from si.1 1 Sinespectively.
The score functions are also called potential functions. After constructing this score function, the conditional
probability p(S|x :W,b) can be optimized as in the usual CRF and propagating back through the network.

In the input sentence, each word is first mapped to random vector or a vector from a word embedding.
Word embeddings are vector representation of words of natural language that preserve the syntactic and
semantic similarities between them. The vector representations are generated by count-based approaches such
as or trained models. In its embedded representation, each word in a text is represented by a real-valued vector,
x, of arbitrary dimensionality, d. Figure 3 indicates the algorithm used for named entity recognition.

To conduct experiments, more than some concept-annotated reports are taken for training; testing and
results are examined after execution through proposed methodology. Figure 4 and Figure 6 indicate the
example for clinical records and Figure 5 and Figure 7 are present the output of the proposed method.
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Step 1 Start
Input: Clinical records having patients health status, tests conducted, diseases and response to the treatments. The input
sequence is x=(x1,x2,x3,...xm ).
Step 2 Development of Classification Model
Identified concepts like problems, diagnosis data (tests) and treatments mentioned in the clinical records are classified
into predefined categories.
Step 3 Feed the training data to model
The records are divided into training data and testing data. 70% of data is used as training data and it is fed to the model.
Step 4 Feed the test data to model
30 % of the data is used as testing data. The data consisting of patients information are fed to the model to test the
accuracy of the model
Step 5 Feed the clinical records to model
Once the model is built, the real data (clinical records) are fed to the pre developed model. This generates output
Step 6 Obtain output
The output is the document that include list of words that indicate problem diagnosed, test conducted or treatment given
Step 7 End

Figure 3. Algorithm steps

DATE OF ADHISSION : MM/OD/YYYY, DATE OF DISCHARGE : M¥/DD/YYYY ‘traumatic arthritis’
‘hypertension’
DISCHARGE DIAGNOSES ‘recurrent urinary tract infection’
1. vasovagal syncope , status post fall . ‘renal carcinoma
2 . Traumatic arthritis , right knee . ‘chronic obstructive pulmonary disease
3. Hypertension . ‘previous stroke
4 . History of recurrent urinary tract fnfection , ‘hypertension’
5 . istory of renal carcinona , stable ‘copd’
6 . History of chronic abstructive pwruna!) disease , :rega}]cardnoma'
a a

CONSULTANTS : Noe .
'd'ld h1t her head on the ground’

PROCEDURES : None . 'Toss of consciousness’
‘previous falls'
BRIEF HISTORY : The patient is an ( Xt ) -year-old female with history of previous stroke ; hypertension ; COPD , stable ; renal carcinoma ; presenting after a fall ‘a hip fracture'
and possible syncope . while nﬂhn? she accidentally fell to her knees and did hit her head on the qround near her Teft e}e Her fall was not observed , but the ‘physical therapy'
ganer does not profess any loss of consciousness , recalling the entire event . The patient does have a hismry of previous falls , one of which resulted in a hip ‘initial examination’
racture . She has had pl {ma] therapy and recover o conpletely from that . Initial examination showed bruising around the Teft eye , normal lung exarination , normal ‘bruising around the Teft eye’
heart exanination , normal neurologic {uncmr with a baseline decreased mobility of her Teft arm . The patient was adnitted for ev valuation of her fall and to rule out 'a baseline decreased mobility of her
syncope and passm]e stroke with her positive histories . Teft arm’
‘evaluation’
DIAGNOSTIC STUDIES : ATl x-rays including Teft foot , right knee , Teft shoulder and cervical spine showed no acute fractures . The left shoulder did show old healed ‘her fall’
Teft huneral head and neck fracture with baseline anterfor dislocation . CT of the brain showed no acute changes , Teft periorbital soft tissue suelling . 'syncope’
CT of the maxillofacial area showed no facial bone fracture . Echocardiogran showed noraal Teft ventricular function , ejection fraction estinated greater than 65 % . ‘her positive histories’
‘diagnostic studies’
HOSPITAL COURSE : ‘cervical spine’ 2
1. fall : The patient was adaitted and ruled out for s{n(upal episode . ‘acute fractures ] 'prob]em
E(ho(arquram was normal , and when the patient was able , her orthostatic blood pressures were within normal 1imits . ‘old healed 1eft humeral head and neck
Am serious conditions were quic Kly ruled out . fracture’ :'problem’
. Btatus post fall with trauma : The patient was unable to walk normally secondary to traumatic injury of her knee , causing significant pain and swelling . 'baseline anterior dislocation’
.\khmh a scan showed no acute fractures , the patients frail status and previous use of cane prevented her regular abﬂmes ‘ct of the brain'
she was set up with a skilled nursing facﬂwty which took several days to arrange , where she was to be given daily physical therapy and rehabilitation until ‘acute changes'
appropriate for her previous residence . ‘left _periorbita] soft tissue swelling
‘ct of the maxillofacial area’
DISCHARGE DISPOSITION : Discharged to skilled nursing facility . ‘facial bone fracture’
‘echocardiogram’
ACTIVITY : Per physical therapy and rehabilitation , 'syncopal episode’
‘echocardiogram
DIET : General cardiac ‘her orthostatic blood pressures’

‘traumatic injury of her knee'

MED CATIONS @ Darvocet-N 100 one tablet go ‘significant pain and swelling’
4-6.h. p.r.n .and Colace 100 ng p.o . b.i.d .Medications at Hose : Zestril 40 mg p.o . 'a scan
Plavix 75 ng p.o . daily’, Norvasc 5 mg p.0 ‘acute fractures'
hydrochlorothiazide 50 g p.o . aﬂg pmss un chloride 40 wsq r' ‘rehabilitation’
Atrovent inhaler 2 puffs 9.1.d. , albuterol inhaler 2 puffs ﬂ ‘rehabilitation’
prih, + Clonidine 0.1 ngp.0o. b, Cardra 2 9 p.o . daily , anc Wacrobid for prophylaxis , 100 ug p.o . daily . ‘darvocet-n’
i o
FOLLOUP ‘colace’
1 .Follow up per skilled numna facility until discharged to regular residence , ‘zestril’
2 .Follon up with prinary provider within 2-3 weeks on arriving to hore . ‘plavix’
‘norvasc’ :
‘hydrochlorothiazide’ :"treatment’

Figure 4. Clinical record 1 Figure 5. Output of the
algorithm for clinical record 1

This is a 59-year-old gentleman who presents with a prior history of malignant neoplasm of the bladder.

He is allergic to penicillin. . . . . '
e ; malignant neoplasm of the bladder. :'problem
patient will need pulmonary rehab referral upon discharge from Tcu. ‘pu'\ monary rehab referral’ :'"treatment’

Figure 6. Clinical record 2 Figure 7. Output of the algorithm for
clinical record 2

5. RESULTS AND DISCUSSIONS

The performance comparison between the proposed method and existing state of the art CE systems
indicate that the bidirectional LSTM-CRF initialized with GloVe outperforms all recent approaches. These
results are not directly comparable since the some of the previous works have used the original dataset which
has a significantly larger number of training samples. In general, the results achieved with the proposed
approach are close and in many cases above the results achieved by systems based on hand-engineered features.
Figure 8 indicates the prediction accuracy. Result comparison of proposed method with other state-of-the-art
techniques shown in Table 2.

Indonesian J Elec Eng & Comp Sci, Vol. 18, No. 2, May 2020 : 946 - 952



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 ) 951

6.

Table 2. Result Comparison of Proposed Method with Other State-of-The-Art Techniques

Method F-score
Proposed Method 0.291
MetaMap[31] 0.113
ZE’13[13] 0.265

FILE
umber of Reference Files Tested Humber of Sustem Flle_‘ Tested :=0.8
umber of Reference Lines :=61.8 Numbex of System Lines =

ESTING 1.1 — Exact span for all concepts_together

rue Positive Fal_‘e Hegative False Positive R Ualue F U
oncept Exact Span_ —> a. 6l.6 a.a a.a NaN a.a
lass Exact Span —2> B.B 61.6 a.a a.a NaN a.a

alue

ESTING 1.2 — Exact span for separate concept classes
True Positive  False Negative False Positive R Ualue P Ualue

Span for Problem —> a. R ] 8.8 MaN

Span for Treatment —> 8.8 170 z 8.8 NaN

Span for Test —> 0.8 16.8 -8 z NaN 8.8

Span With Matching Class for Problom > z 34.8 8.8

a.
Span With Matching Class for Treatment —> - 17.4a a.a

Spaﬁauith Matching Class For Test —> R 18.8 8.8

ESTING 1.3 — Inexact span for all concepts together

True Positive False Hegative False Positive R Ualue P
oncept Inexact Span —> @.8 6l.6 a.a - -
lass Inexact Span —> a.a 61.6 a.a a.a a.a

1.4 — Inexact span for separate_concept classes

True Positive False Hegative False Positive F Ualue

Span for Problem —> a.a 34. a.a - NaM

Span for Treatment —> B B - a. - NaMN
for Test —> -a a. - NaMN
With Matching Class fDl Pr nhlem —> 8. - a.a

With Matching Class for Treatment —> - 17.4a
I.-Jit]l-ﬂatching Class for Test —> a. - a.a

Figure 8. Prediction accuracy

CONCLUSION
In this work, a new approach has been proposed for extraction of named entities and classifying them.

This is of immense use to practitioners as well as management of the hospitals. The key finding of this work is
its ability to provide end-to-end recognition using general-purpose, off-the-shelf word embeddings. This avoids
additional efforts from time-consuming feature construction. This work can be a good contribution to a research
in the area of NER extraction in clinical data.
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