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Using a Cellular Automaton to Extract Medical
Information from Clinical Reports
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Abstract—An important amount of clinical data concerning the medical history of a
patient is in the form of clinical reports that are written by doctors. They describe patients,
their pathologies, their personal and medical histories, findings made during interviews or
during procedures, and so forth. They represent a source of precious information that can
be used in several applications such as research information to diagnose new patients,
epidemiological studies, decision support, statistical analysis, and data mining. But this
information is difficult to access, as it is often in unstructured text form. To make access to
patient data easy, our research aims to develop a system for extracting information from
unstructured text. In a previous work, a rule-based approach is applied to a clinical
reports corpus of infectious diseases to extract structured data in the form of named
entities and properties. In this paper, we propose the use of a Boolean inference engine,
which is based on a cellular automaton, to do extraction. Our motivation to adopt this
Boolean modeling approach is twofold: first optimize storage, and second reduce the
response time of the entities extraction.

Keywords—Clinical Reports, Information Extraction, Cellular Automaton, Boolean Inference
Engine

1. INTRODUCTION

An important amount of clinical data concerning the medical history of a patient is in the form
of clinical reports that are written by doctors. They describe patients, their pathologies, their
personal and medical histories, findings made during interviews or during procedures, and so
forth. CR presents a source of precious knowledge that can be used in several applications, such
as research information to diagnose new patients, epidemiological studies, decision support,
statistical analysis, and data mining, but these CR are difficult to analyze due to their unstruc-
tured nature and the large volume of records available. Thus, an efficient system for extracting
information in structured form can greatly benefit these applications. These kinds of systems
have become very necessary tools; they will enable researchers to access the accurate data and
required information, and reducing the time spent by doctors on making decisions about the
patient. At our laboratory, we are interested in developing a system of mining textual data from
clinical reports. The system is typically comprised of two main phases. We first, use the tech-
niques of natural language processing to extract the relevant information to be stored in a struc-
tured database from clinical reports. In the second phase, the data mining tools will be used to
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extract information that will be used in the exploration and discovery of new knowledge. In this
paper, we focus on the first phase; and we are interested in extracting entities from French clini-
cal reports (FCR). Most of the elements in these reports are name entities (e.g.., the names of
patients, diseases, symptoms, and drugs).

There are three major reasons why we felt it was important to capture entities from clinical
reports.

First, we know that these reports represent a source of valuable knowledge that can be used in
several applications, such as research information to diagnose new patients, epidemiological
studies, decision support, statistical analysis, and data mining. But these types of CR are difficult
to analyze due to their large volume and unstructured nature.

Second, we believe that such a system for extracting entities can greatly benefit these applica-
tions. It will enable researchers to access the required information, and will reduce the time
spent by doctors on making decisions about the patient.

Third, most of the work on named entity extraction (NEE) has been done in English. Research
being done in French medical language is only in the initial stages.

For these reasons, we propose an original approach to do extraction from French clinical re-
ports. We propose the CASI cellular automaton as a tool for extracting entities. We will study
how to adapt this automaton to extract the named entities from French clinical reports.

The rest of this paper is organized as follows: Section 2 summarizes the named entity extrac-
tion task and work related to this field. Section 3 presents the cellular automaton CASI, which is
a cellular inference engine and a machine learning system. In section 4 we propose to study our
approach based on this cellular automaton, which is a contribution to the improvement of rule-
based methods in the field of medical information extraction. Section 5 presents evaluation re-
sults concerning our proposed system performance. In Section 6 we conclude this research paper
with the motivations that led us to adopt the principle of Boolean representation and Boolean
inference to extract named entities and finally, we present some ideas for future works.

2. RELATED WORK

Named Entity Extraction consists in the automatic determination of continuous fragments of
texts (called Named Entities), which refers to information units such as persons, geographical
locations, names of organizations, dates, percentages, amounts of money, and references to
documents [21].

Named entities extraction is mostly based on two different groups of methodologies: (a) pat-
tern matching rules and (b) machine learning (ML). Many systems combine both approaches but
the majority does not use machine learning and instead rely only on pattern matching, rules, and
dictionaries [20].

The first approach is to manually define linguistic rules to detect each type of entity. These
rules use lexical markers, dictionaries of proper names, and dictionaries of general language for
identifying and typing named entities. This approach is time consuming during development, but
gives very good results. The main disadvantage of these approaches is their lack of generaliza-
tion, which limits their extension to new domains. Machine learning techniques have demon-
strated remarkable results in the general domain and hold promise for medical information ex-
traction, but they require large, annotated corpora for training, which are both expensive and
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time-consuming in regards to training the models [20].

NEE has attracted the interest of many researchers, and there is an enormous amount of pub-
lished research on this technology [7]. Although mostly tested on general entities such as names,
places, organizations, dates, times, and numeric expressions [17], named entities extraction was
also used, with promising results, in medical and biomedical texts to extract entities such as the
names of genes, proteins, diseases, and symptoms. NEE has been applied to medical records and
other clinical documents, such as reports from radiology and mammography. In [19] Meystre et
al. presented a review of recent research on information extraction from medical records.

For rule-based approaches, there has been a large effort in processing clinical reports. Many
clinical NLP systems have been developed, including MedLEE [12], SymTex [13], and
MetaMap [1].

The MedLEE system [12] was applied to patient records using natural language processing
techniques. It can extract useful entities from radiology and mammography reports to identify
patients with tuberculosis [17] or breast cancer [14]. A similar approach was used in [6] for the
automatic detection of fevers from clinical reports and therefore the possibility of detecting the
existence of infectious diseases in affected patients... MedLEE [11] was even combined with
machine translation to detect abnormal findings and devices in Portuguese radiology reports [5].

The authors in [23] presented an approach based on MetaMap for the extraction of medical
entities of 20 medical classes from pathologist reports. The authors in [19] obtained 89.9% recall
and 75.5% precision for the extraction of medical problems with an approach based on
MetaMap Transfer (MMTx) and the NegEx negation detection algorithm.

Embarek and Ferret [10] proposed an approach relying on linguistic patterns and canonical
entities for the extraction of medical entities belonging to five categories: disease, treatment,
drugs, tests, and symptoms.

In the literature we found some studies that have worked on extracting only drug names from
clinical reports. The representative research efforts include [8, 18, 27].

Chhieng et al. [8] reported a precision of 83% when using a string matching method to iden-
tify drug names in clinical records. Levin et al. [18] developed an effective rule-based system to
extract drug names from anesthesia records and mapped them to RxNorm concepts with 92.2%
sensitivity and 95.7% specificity. Recently, Xu et al. [27] developed a rule-based system for
extracting medication information, called MedEx, and reported F-scores over 90% on extracting
drug names, dosages, routes and, frequency in drug use from discharge summaries.

Recent systems are almost always based on some machine learning methods. An example is
the semantic category classifier developed by [24]. It employs support vector machines to attrib-
ute semantic categories to each word in discharge summaries. In [9] they developed a medical
information extraction system that combines a rule-based extraction engine with machine learn-
ing algorithms to identify and categorize references in clinical reports to patients who smoke.

The largest efforts to develop and evaluate information extraction from clinical text have been
achieved in the context of the i2b2 smoking status identification challenge in 2006 and the
Medical NLP challenge in 2007. A corpus of 502 de-identified and “re-identified” discharge
summaries was first created by Uzuner et al. [25]. The task was to use discharge summaries to
classify each patient as current smoker, past smoker, non smoker, or unknown. The best per-
forming system was developed by Clark et al. [9].

The authors in [16] implemented a machine-learning-based named entity recognition system
for clinical text and systematically evaluated the contributions of different types of features and
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ML algorithms using a training corpus of 349 annotated notes. This project was part of the 2010
Center of Informatics for Integrating Biology and the Bedside/Veterans Affairs (VA) natural-
language-processing challenge. Based on the results from training data, the authors developed a
novel hybrid clinical entity extraction system, which integrated heuristic rule-based modules
with the ML-base named entity recognition module. On a test corpus containing 477 hospital
discharge summaries, they achieved an F-measure of 0.8391 for concept extraction and 0.9313
for assertion classification.

3. CELLULAR AUTOMATON CASI

CASI (Cellular Automata for Symbolic Induction) is a cellular method of generation repre-
sentation and a means to optimize induction graphs generated from a set of learning examples
[2]. This Cellular system is organized into cells where each cell is connected only with its
neighbors (subset of cells). All cells obey in parallel to the same rule, which is called the “local
transition function” This results in an overall transformation of the system.

As illustrated in Fig.1, CASI is composed of three modules: COG (Cellular Optimization and
Generation), CIE (Cellular Inference Engine), and CV (Cellular validation) [2].

Human expert User
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User Interface
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T '\\\‘
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Facts and rules

Fig. 1. Diagram Bloc of CASI [2]

3.1 COG module

Using a cellular automaton and cooperating with an induction graph (SIPINA method), COG
module will extract new knowledge from training data. Two finite layers of finite automata rep-
resent the knowledge that is generated.

3.2 CV module

After the rules have been generated by the SIPINA method, which has been coupled along
with the CASI machine, validation of this knowledge could be done using the CV module.
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3.3 CIE module

In this work, we are interested by the CIE component. The authors in [2] consider CIE as a
cellular automaton that is made of two finite arbitrary long layers of finite state machines (cells)
that are all identical. The operation of the system is synchronous, and the state of each cell at
time t+1 depends only on the state of its vicinity cells, and on its own state at time t.

This module, which is the core of the machine CASI, simulates the functioning of the basic
cycle of an inference engine by using two finite layers of finite automata. The first layer, called
CELFACT, is for representing the fact base, and the second layer, called CELRULE, is for repre-
senting the rule base. In each layer, the content of a cell determines whether and how it partici-
pates in each inference step. At every step, a cell can be active or passive, and can take part in
the inference or not. The states of cells are composed of two parts: EF and SF, and ER and SR,
which are the input and output parts of the CELFACT cells, and of the CELRULE cells, respec-
tively.

Any cell i in the CELFACT layer with input EF(i) = I is regarded as representing an estab-
lished fact. If EF'(i) = 0, the represented fact has to be established. Any cell j of the CELRULE
layer with input ER(j) = 0 is regarded as a candidate rule. When ER(j) = 1, the rule should not
take part in the inference.

Two incidence matrices called RE and RS define the neighborhood of cells. They represent
the facts input relation respectively and the facts output relation. They are used in forward chain-

ing.
The input relation, noted iR/, is formulated as follows: if (fact i € Premise of rule j) then iR
=1 else iRz = 0.

The output relation, noted iRy, is formulated as follows: if (fact i € Conclusion of rule j) then
iRg =1 else iRg =0.

In order to illustrate the cellular inference engine, let us consider the set of rules generated by
ML SIPINA (see Table 1). Table 2 shows how the automaton layers CELFACT and CELRULE
represent the knowledge base.

As illustrated in Table 3, the neighborhood in CIE is defined by the incidence matrices of in-
put (Rg) and output (Ry).

Finally, since there are / cells in the layer CELFACT, the EF and SF will be considered as /-
dimensional vectors (EF, SF {0, 1 }1). Similarly, since there are r cells in the layer CELRULE,
the ER and SR will be considered as r-dimensional vectors (ER, SR €{0, 1}"). Fig. 2 shows the
general outline of the cellular automaton.

Table 1. An example of a knowledge base

Rl if (AandB) thenC
R2 if (FandD) then A
R3 if (DandE) thenB
R4 if (BandD) thenF
RS if (EandF) thenD
R6 if (EandF) thenB
R7 if (BandF) thenG
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Table 2. Cellular representation of a knowledge base. We have seven facts and seven rules

CELFACT EF SF CELRULE ER SR
A 0 0 R1 0 1
B 0 0 R2 0 1
C 0 0 R3 0 1
D 0 0 R4 0 1
E 0 0 RS 0 1
F 0 0 R6 0 1
G 0 0 R7 0 1

Table 3. Input and output incidence matrices

RE RI | R2 | R3 | R4 | RS | R6 | R7 RE RI | R2 | R3 | R4 | RS | R6 | R7
A 1 A 1
B 1 1 1 B 1 1
C C 1
D 1 1 1 D 1
E 1 1 1 E
F 1 1 1 1 F 1
G G 1
Facts layer Rules layer I
O Input vicinity utput \icinit_\'[ e
O
OA /
. : Rz N s
C EL{.—\( T CELRULE

Fig. 2. Cellular Automaton for systems inference [2]

A goal fact, which is the basic cycle of an inference engine in forward chaining, traditionally
operates as follows:

1. Search for applicable rules (evaluation and selection).
2. Choose one of these rules for example R (filtering).
3. Apply and add the conclusion part of R to the fact base (execution).

The cycle is repeated until the goal fact is added to the fact base, or stops when no rule is ap-
plicable.

The cellular automaton dynamics implements the CIE component as a cycle of an inference
engine made up of two local transitions functions &fact (equation 1) and drule (equation 2),
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where &fact corresponds to the evaluation, selection, and filtering phases and drule corresponds
to the execution phase.

(EF,SF,ER,SR) 6 fact (EF,EF,ER +(R! x EF), SR) (1)

After applying this function we have:
EF:EF;SF:EF;ERzER+(RET><EF)and SR = SR

(EF,SF,ER,SR) Srule (EF + (R4 x ER),SF,ER,ER) )

After applying this function, we have:
EF = EF +(Rg x ER); SF = SF; ER = ER and SR = ER

Where R; is the transposed matrix of Rz and gR is the negation of ER

We consider GO as the initial cellular automaton configuration (see Table 4) and the
A=drule°dfact, as a global transition function: A(G0) = Gl where 6fact(G0) = (G’0) and
orule(G’0)=G1

Let G = {GO0, G1, . . .,Gq} be the configuration set of the cellular automaton. The automaton
evolution in discrete time steps from one generation to the next and is defined by the configura-
tion sequence GO, G1...Gq, where Gi+1 =A(G1).

As an example, let us try first to establish fact C with the knowledge base from Table 1 where

Table 4. Initial cellular automaton configuration: GO. The EF of D and E are set to 1

CELFACT EF SF CELRULE ER SR
A 0 0 R1 0 1
B 0 0 R2 0 1
C 0 0 R3 0 1
D 1 0 R4 0 1
E 1 0 RS 0 1
F 0 0 R6 0 1
G 0 0 R7 0 1
Table 5. Configuration obtained with fact
CELFACT EF SF CELRULE ER | SR
A 0 0 Rl 0 1
B 0 0 R2 0 1
C 0 0 R3 1 1
D 1 1 R4 0 1
E 1 1 R5 0 1
F 0 0 R6 0 1
G 0 0 R7 0 1
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Table 6. Configuration G1 = A(G0) obtained with dfact e drule(G0)

CELFACT EF | SF CELRULE ER | SR
A 0 0 Rl 0 1
B 1 0 R2 0 1
C 0 0 R3 1 0
D 1 1 R4 0 1
E 1 1 RS 0 1
F 0 0 R6 0 1
G 0 0 R7 0 1

Table 7. Final configuration G= {Go, G1, G2, G3, G4}. Fact C established that its EF is set to 1

CELFACT EF | SF CELRULE ER | SR
A 1 0 Rl 1 0
B 1 0 R2 1 0
C 1 0 R3 1 0
D 1 0 R4 1 0
E 1 0 RS 0 1
F 1 0 R6 0 1
G 0 0 R7 0 1

D and E are initial facts (D, E e fact base).

Initially, all the cell inputs in the CELFACT layer are passive (EF = 0), except those repre-
senting the initial facts (EF(1) = 1) (see Table 4). Using the cellular automaton principle, Table 5
presents the two layers, CELFACT and CELRULE, after evaluating, selecting, and filtering
them in the synchronous mode with the first transition law, dfact. After the application of the
second transition law, drule, we obtain the configuration G1, as shown in Table 6.

dact and Srule will be executed in parallel until goal C is reached or no rule is applicable. At
the end we have the final configuration, as shown in Table 7.

4. CELLULAR APPROACH FOR EXTRACTING NAMED ENTITIES

We discuss in this section the use of cellular automaton for extracting named entities from
clinical reports. Our goal is shown in Fig. 3'.

The system proposed for this extraction task consists of two modules. The first is responsible
for building the Boolean knowledge base following the principle of the cellular automaton CASI.
The second module uses the inference engine CIE of CASI to classify named entities. In this
paper we use the manually written rules that we have already established in [3, 4].

To extract named entities from French clinical reports written in a free and natural language,
our contribution adopts the following approach:

— Manual construction of named entities classification rules;
- Boolean Modeling of constructed rules;

! Patient names in the report are not real names
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il s'agit de la patiente Aissati Lyla, agée de 35 ans originaire et
demeurant a El Bayadh, sans antécédent, mariée, mére de 2
enfants admise a notre service pour Brucellose le 25/07/2009.

Le début remonte 1mois par syndrome suderoalgique, sueur
profuse nocturne, figvre élevée avec arthralgie diffuse et

asthme ayant consulté a plusieurs reprise d'oti sérologie Wright
demandé, d'ol son orientation a notre service.

A 'examen clinique, patiente consciente, état général conserve
Apyrétique,

TA normal, conjonctif normo colorée. Examen CV RAS, examen
pleur pulmonaire

RAS, I'examen Abdominal normal.

Bilan fait retrouve FNS : GB 3700, Ly 1.7 x 103/mm3, PN1.9 x
103/mm3,

Plaquette 100 x103/mm3, Urée, créatine 9.4 g, TGO 29, TGP
31.75ull.

Mise sous Gentamicine 16g pendant 10j, Doxycycline 100g 2cp/j
L'évolution était favorable.

Template Id  File
Reference:

ID-005
c\reports\reportS.txt

Patient

Surname: Aissati
Name: Lyla

Age : 35 ans
Adress: El Bayadh

Disease

Name : Brucellose
Code CIM10: A23
Date of consultation : 25/09/2009

Symptom

Syndrome suderoalgique, sueur
profuse nocturne, fievre élevée ...

Clinical Review

GB 3700, Ly 1.7 x 103/mm3,
PN1.9x 103/mm3,

Medication

Name: Gentamicine 16g
Duration: 10j

Name: Doxycycline 100g
Dosage: 2¢p/j

Fig. 3. From unstructured text to structured information. The figure shows different types of

entities (person, disease, symptom etc.) with their properties extracted from French

clinical reports

Knowledge Base Construction

Transformation .

Boolean
Representation

1

1

1

1

1

N <>
1 Rules
1

1

1

1

1

1

CELFACT, CELRULE,
RE, RS

Nominal Phrases
Extraction

Clinical
Report

Boolean Inference

Nominal
Phrases
List

l

Cellular Inference Engine

end

Patient

P

Class prediction

? ?
Disease Other

Fig. 4. System Architecture based on cellul

ar automaton

— Linguistic Analysis of clinical reports for extracting nominal phrases with their morpho-
syntactic and semantic properties; and
- Boolean Inference for classifying nominal phrases into different classes (person, date,

symptoms, disease...).

4.1 Building rules for classifying entities

A preliminary study [4] on a corpus of medical records of patients in the infectious diseases

department of the hospital of Oran allowed us to identify the different entities that must be ex-
tracted for future data mining. We selected the following entities: person, disease, symptom,
medication, place, and date (consultation, birth, duration of treatment), and to study the syntactic
structure of each type of named entity. Indeed, we found that most of the named entities present
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Table 8. Nominal Phrases extracted from clinical reports and their classes

Term Grammatical sequence Class
Patiente Aissati lyla NOM + NAM +NAM Person
35 ans NUM +NOM Age
El Bayadh NAM City
Syndréme suderoalgique NOM + ADJ Symptom
Gentamicine 16g NAM + NUM + ABR Medication

in a clinical report are terms (or nominal phrases: NP) composed of several words (see Table 8).

To recognize these nominal phrases (NP), we rely on their linguistic characteristics that are
part of the grammatical categories of the NP and other syntactic rules of their arrangement. In
Table 8 we present the grammatical sequences of some of the NP that we encounter most often
in a FCR. We first tokenize and tag words that appear in different sections of (FCR) with the
TreeTagger® tool. Secondly, the tagged medical report is parsed with a NP parser in order to
detect NP. The analysis began by applying a set of syntactic rules to locate all the nominal
phrases that are present in different sections of the clinical report. A filter is then applied to fa-
vor the longest NP among several NPs who share the same name.

To classify these NP, we decided to consider their internal structure and their neighbors that
are on the left of NP. Thus, for our work, the process of named entities classification is to first
recognize the NP that are present in the text of the clinical report, and then assign a class to these
NP. To do so, we used the following four properties:

— Morphosyntactic information of the first three words of the NP.
— Semantic information of the first three words of the NP.

- Size of the NP.

- Neighborhood of the NP.

Thus, each NP is represented by a vector of words; these words are those belonging to this NP
and those that appear in its neighborhood on the left. For example, the term “patiente Aissati
Lyla™ of the report shown in Figure 3 receives the following representation (Table 9):

Using a set of training reports, a set of rules is formalized for each section in [4]. For example,
in the identification section of the CR we have established “person rules” to extract patient en-
tity. In the treatment section, we can extract a list of medication entities with their dosage as
properties by applying “medication rules ..” This extracted information can be imported into a
structured data repository, where they can be queried or used for other applications. Below, we
give some simple rules for extracting entities.

-R1: If (Person Trigger and NAM* and NAM) then person entity;

- R2:If (NAM and Person Name) then person entity;

- R3:If (NUM and Date) and (left neighbors = «4gé de») then age property;
- R4:If (NAM) and (size <2) and (left neighbors = «demeurant a») then city.

2 http://www.ims.uni-tuttgart.de/projekte/corplex/Tree Tagger/Decision Tree Tagger
3 Patient names are not real names
* NAM: Proper noun; result of morphosyntactic tagging done by the TreeTagger tool
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Table 9. Noun phrase representation

Neighbors on the left Noun Phrase
wordt., word._; word, word, word;
De La Patiente Aissati Lyla
Part of Speech > NOM NAM NAM
Semantic Information > Person Trigger Unknown Person Name

For example, the first rule (R1) classifies a term as a person if its first word appears in the list
of person triggers. Its second and third words are tagged with proper name category (e.g., “pa-
tiente Aissati Lyla”).

4.2 Boolean modeling of rules

Our motivation to model rules for extracting entities with the Boolean principle adopted by
the cellular automaton CASI is to reduce the storage complexity of these rules and also the re-
sponse time while using them for classification.

We adopt the following approach as shown in Fig. 4. We first transform rules and secondly
we produce Boolean rules. Thus, the rules previously described will be pre-processed and trans-
formed, which will generate the Boolean rules.

4.2.1 Coding

We present in this section the coding adopted by the cellular automaton CASI to represent the
different information used for named entities extraction. Table 10 provides some variables used
by rules to describe NP.

Table 10. Some Descriptive Variables and Coding

Descriptive Variables Notation Value
Semantic information of word,; SIW1 zzo‘filt);;S.(.)fil trigger) ; = 1(place trigger) ;
Semantic information of word, SIW2 =0 (name) ; =I(date), ...
Part of speech of word, POS1 =0(NAM) ; =1(NOM) ; =2(NUM) ;
Part of speech of word, POS2 =0(NAM) ; =1(NOM) ; =2(ADJ)
Part of speech of words; POS3 =0(NAM) ; =1(ADJ) ;
Term size TS >2:<2;
First neighbor-; on the left LN1 =0 («a»);=1(«de»);=2(«pour ») ;
Second neighbor-; on the left LN2 =0(« demeurant ») ; =1(agé) ; =2(« admis ») ;
Entity class C Person, Disease, medication, ...

4.2.2 Transformation

The CELFACT and CELRULE layers of CASI represent transformed rules. The input/output
matrices represent the input and output relationships between the various facts.

To illustrate this representation, we consider that our knowledge base consists of only two
rules, R1 and R3, as cited in Section (§4.1.). According to the coding presented in Table 10 we
have the following transformation:
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Table 11. Boolean Knowledge base: CELFACT, CELRULE, RE and RS

CELFACT EF | SF CELRULRE ER | SR
SIW1=0 0 0 R1 0 1
SIW1=2 0 0 R3 0 1
SIW2=1 0 0
POS1=2 0 0
POS2=0 0 0
POS3=0 0 0

LN1="3" 0 0
LN2="agé” 0 0
C=Person 0 0
C=Age 0 0
Ry RI R2 Rs RI R2
SIW1=0 1 0 SIW1=0 0 0
SIW1=2 0 0 SIW1=2 0 0
SIW2=1 0 1 SIW2=1 0 0
POS1=2 0 1 POS1=2 0 0
POS2=0 1 0 POS2=0 0 0
POS3=0 1 0 POS3=0 0 0
LN1="de” 0 1 LN1="de” 0 0
LN2="ag¢” 0 1 LN2="ag¢” 0 0
C=Person 0 0 C=Person 1 0
C=Age 0 0 C=Age 0 1

~ R1: If (SIW1==0) and (POS2==0) and (POS3==0) then C is person

- R3: If (LN1== « de ») and (LN2= « agé ») and (POS1==2) et (SIW2==1) then C is age

This rule set, which is integrated into the cellular automaton CASI, is shown in Table 11 (for
this illustration we use only some descriptive variables). To build the Boolean Knowledge base,

we use the following principles:

— Every premise or conclusion of a rule is represented by a cell in the CELFACT layer
- 0 initializes the EF state of each cell in CELFACT.
- Every rule in the original base constitutes a cell in the CELRULE layer.
- 0 initializes the ER state of each cell in CELRULE.
- For every fact f'belonging to CELFACT and for every rule » in CELRULE,

if (f) is a premise of (r) then Rg/f, /=1 otherwise 0.
- For every fact f'belonging to CELFACT and for every rule » in CELRULE,

if (f) is a conclusion of () then RS/f, r/=1 otherwise 0.

4.3 Boolean inference

To explain the principle of this Boolean inference, we consider the knowledge base shown in
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Table 12. Boolean inference

(a) Initialization (b) Rules filtering
CELFACT EF | SF CELFACT EF | SF CELRULE ER | SR
SIW1=0 1| o SIW1=0 1 RI L
SIW1=2 0 0 SIW1=2 0 0 R 0 !
SIwW2=1 0 SIW2=1 0 0
POS1=2 0 0 POS1=2 0 0
POS2=0 1 0 POS2=0 1 1
POS3=0 1 0 POS3=0 1 1
LN1="a" 0 0 LN1="a” 0 0
LN2="ag¢” 0 0 LN2="ag¢” 0 0
C=Person 0 0 C=Person 0 0
C=Age 0 0 C=Age 0 0
(c) Execution of selected rules
CELRULE ER SR CELFACT EF | SF

R1 1 0 SIW1=0 1 1

R3 0 1 SIW1=2 0 0

SIW2=1 0 0

POS1=2 0 0

POS2=0 1 1

POS3=0 1 1

LN1="a” 0 0

LN2="2ag¢” 0 0

C=Person 1 1

C=Age 0 0

Table 11 and the noun phrase “patiente Aissati Lyla ..” We first recall the functioning of the
cellular automaton CASI. It consists of three phases: selection, filtering, and execution.

Before running the inference engine CIE, we must initialize the CELFACT layer with infor-
mation about the nominal phrase to analyze. In the case of the noun phrase “patiente Aissati
Lyla” the following cells are set (EF=1). See Table 12(a).

— Patiente (is a person trigger) > EF( SIW1=0)=1
— Aissati (is NAM) > EF(POS2=0)=1
— Lyla (is NAM) > EF(POS3=0)=1

In the filtering phase, the transition function 8fact is executed to select only established facts.
Those facts can participate in the filtering step. SF (output of facts) receives the initial value of
EF (input facts).

The ER (input rules) is obtained according to the rule ER =ER + R;;' x EF, as shown in Table
12(b). The cellular engine compares the premises of the rules to all established facts. In our case,
the rule R/ is a candidate and its ER receives the value of 1.

During the execution phase, the transition function & rule is started. At this stage, one or more
rules that must be actually called are set. In our case it is only rule R/ that has been selected and
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therefore its output SR receives the value 0, as shown in Table 12(c). The conclusion fact of that
rule (person) is established in the CELFACT base by EF=EF + (SRxER).

The cellular automaton implemented for entity classification performs only one cycle after
each selection step. As shown in Table 12(c), entries of cells “SIWI= 0 “, “POS2 = 0 “ and
“POS3 = 0” are active (their EF = I). After one cycle of inference, the cellular automaton de-
termines the class of “Aissati Lyla” as a person and the EF cell of “C=Person” fact becomes
active (EF=1).

5. EXPERIMENTATION AND DISCUSSION

In this section we describe the data and metrics used to test our approach experimentally and
discuss the different results.

5.1 Data: Clinical Reports

We have analyzed 50 clinical reports to build the knowledge base, and for the test we created
the data set from 15 new clinical reports from patients seen in 2009/2010 at the infectious dis-
ease department of the University Hospital of Oran (Algeria). With the help of a doctor, we an-
notated the test data. We identified 348 different entities. For each of these we recorded the
name (person, disease, symptom, etc.) Fig. 5 summarizes the various entities present in the test
data.

39 15 45

@ Person

| Time:age

O location

@ Drug

m Clinical Review
| Symptom

m Disease

Fig. 5. The different entities present in the test data

5.2 Metrics

These are standard metrics for evaluating named-entity detection. Three metrics were used to
measure the accuracy of named-entity detectors: Precision, Recall, and F-measure.They are de-
fined as:

NEC NEC 2 X Precision x Recall
Precision=———— Recall = ——— F — mesure =

NEC + NEM : NEC + NEN ; Precision + Recall
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Where
— NEC: number of named entities identified correctly (True Positives);
— NEM: number of noun phrases mistakenly claimed to be entities (False Positives);
— NEN: number of entities not identified (False Negatives).

5.3 Experimental results

Fig. 6 shows the precision, recall, and F-measure for each class. Analysis of the results of this
experiment allowed us to better understand the reasons for the decline in performance, espe-
cially recall, that were relative to certain entities. For example, the low recall was due to the
insufficient coverage of the diversity of disease, symptoms, and findings expressions in our
small set of rules. The system fails to recognize entities because it does not have rules for catch-
ing these. This case was especially apparent for entities like symptoms, and clinical review.

Globally, the system performs a good extraction. Out of 348 entities, it accurately matched
278, missed 70 (false negative), and identified 28 entities erroneously (false positive). This gives
a precision of 92% (macro precision) and a recall of 89% (macro recall). These results are very
interesting but need to be checked in a collection of clinical reports, which is more important.
The Cellular automaton relies on a library of rules and a lexicon of proper nouns to identify enti-
ties. Fortunately, both the lexicon and the rules are flexible, and can be easily customized to
better extract the missing named entities.

1,2 4

1
0.8 1 @ Precision
0,6 | Recall
0,4 m F-measure
0,2

04

Q)@o“ é{b% & & @ & &
S GRS

&

Fig. 6. Performance system

6. CONCLUSION

In this paper, we proposed the passage of a classic named entities classification to a cellular
classification. In fact, we have explicitly shown the functioning of the cellular automaton for
named entities classification.

Our motivation to adopt the principle of cellular automata for this classification task is to ex-
ploit its advantages which are knowledge representation and computation time during classifica-
tion. The Boolean principle offers the following advantages:

— In the form of binary matrices, the representation of knowledge and its controls are simple
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and require minimal pretreatment.

- Ease of implementation of the transition functions, which are robust and have a low com-
plexity.

— Determining the class for an entity results from the execution of a single cycle of the cellu-
lar engine.

This new Boolean representation will reduce the amount of storage and execution time. In
fact, this is due to the use of Boolean representation matrices RE and RS, and the multiplication
used by Boolean transition functions: dfact and drule.

Boolean matrices can be expressed as two vectors of several binary sequences and the amount
of memory required to store these Boolean matrices is in the order of O (q), when using the q
sequences of the r-bit.

The proposed approach has the ability to take into account an initial knowledge base in the
form of symbolic rules and convert it according to the principle of Boolean cellular automaton
CASI. In the context of improving the performance of this new solution, we plan to add knowl-
edge (rules) by machine learning. The COG component of the automaton CASI, which is based
on supervised learning, allows us to make the induction from data. This hybridization will be a
performance evaluation for future work. We therefore propose as a perspective or increasing the
rate of named entities extraction by using the automatic acquisition of Boolean classification
rules. What we are going to baptize a named entities extraction tool that is guided by data min-
ing.
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