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Abstract.  Arabic is widely spoken language but very few text
mining tools have been developed for Arabic language. This paper
presents an algorithm for automatically building dictionaries. The
target domain is crime profiling. The corpus is mined for crime type,
location and nationality. This work is then validated through three
experiments, the results of which show that the algorithm developed
here is promising.

1 INTRODUCTION

Information extraction aims to extract specific, predefined entities
from text. Feldman and Sanger [3] have stated that entities, such as
peoples names, organizations names, locations, and crime type can
all be extracted. According to Toral and Munoz [5], there are two
types of evidence that help in identifying entities. Internal evidence
can be deduced from the sentence that contains the entity by notic-
ing the sequence of words. On the other hand, external evidence is
gained from the context. This paper is an extension of our previous
works in terms of endeavouring to find the best method for recogniz-
ing and extracting patterns of interest within the crime domain. Con-
sequently, our goal is to develop a system that is able to recognize
valuable information in a given document, such as types of crime,
locations and nationalities. Therefore, the system here automatically
generates three dictionaries, i.e. for the crime type, location and na-
tionality, in domain of crime events. These automated dictionaries
are then used to extract information from text instead of using manual
dictionaries. As well-known the approaches that are used to identify
named entities are hand-craft rules, machine learning approaches and
hybrid. Alruily et al. [1] developed a software to extract crime infor-
mation from texts based on a dictionary created manually. Riloff [4]
developed a program called AutoSlog that automatically constructs
a domain-specific dictionary for information extraction. Also, Chau
et al. [2] used named entity extraction techniques to identify mean-
ingful entities from police narrative reports. The rest of the paper is
organized as follows: section 2 describes the domain analysis; sec-
tion 3 presents Emergent and Adaptive Dictionaries (EAD) method;
section 4 provides the results of the experiments and an evaluation of
their performance; and finally, the conclusion is presented in section
5.

2 DOMAIN ANALYSIS

In this research, the crime domain is studied in the Arabic language.
Most Arabic newspaper reports have the same structure, with respect
to writing style, in the crime domain. Most journalists start with a
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sentence containing the name of the police station that has investi-
gated the crime, followed by a description of that crime. The crime
description is about the type of crime committed and the type of crim-
inal. Following these, details of any victims and other information
are described. Fig. 1 shows an example from Alkhaleej newspaper.
So the crime location can be deduced from this pattern ” £& JLE:J\ G
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Alsharqa police have amounced that its detectives have amested three Arab people involvedin stolen
100,000 Dirham

Figure 1. Crime Description

/ shurtat alsharqa” . Furthermore, other related crime information can
be extracted from the text, such as the nationalities of the people in-
volved in the crime (e.g. ”&y & &wwi=>/jnsytarabiat ) type of crime

can also be extracted from this pattern: ” &3 d ‘5.\9 >, 35 / tawaratwo

fi sareekat”. It can be noticed that the type of crime appeared in
connection with prepositional phrases, as in the above example. The
Arabic language has approximately fourteen prepositions. For exam-
ple; the preposition o : bi” which has different meanings, so based
on a whole sentence, its meaning can be inferred. In this research
context, it means “because”. Also, the preposition ” § : fi” repre-
sents the preposition ’in” in the English language. With regard to the
preposition ”J : i”, it has many meanings but in the current domain
being studied it again means ’because’. Sometimes the preposition
" J): ela” takes the place of preposition . Additionally, they can
work as a link between some verbs and nouns. Moreover, the mean-
ings of sentences that contain some specific verbs cannot be identi-
fied without prepositional phrases. Consequently, it can be said there
is a dependency relationship between some particular verbs “vrb”
and prepositional phrases “preph”. For example, the verb ” ;o 2"
means “expose” in English, and always relates with the preposition

7 ull :ela” or 7 : 1i”. Also, the synonyms of the words ” 1, ¢5” and
? U.a,zs"” in English are “involved” and ”specialized”, respectively.
Both of these two words come with preposition ” 3 : fi”. Moreover,

the verb ” r\s means ~performed” and it correlates with the preposi-

tion ”o : bi”. The noun after the preposition is considered to be the
type of crime. With regard to crime location, it is usually attached



95 s

to these words:” {alate / mantqt /region ”, &y uo / madinat / town ”,

» {25\ /mohafdat / Province”, &/ shmal / north”, ” > / jnwb
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/ south, 73 & / sharq / east”, " &/ grb / west” and ”lawg / wst /

centre”. By exploiting this relationship, a dictionary for location can
be automatically constructed. Moreover, regarding the nationalities
of the people involved in crime events. Nationality usually appears
next to the word ” &id | / aljnsyt”.

3 EMERGENT AND ADAPTIVE DICTIONARY
(EAD)

Fig. 2 shows our proposed algorithm for creating dictionaries based
on linguistic analysis, which is presented in section 2. Three dictio-
nary types are built. Crime type dictionary is built automatically by
extracting crime types from a given text. The system here is focused
on prepositional phrases. The advantage of this method is that there
is no need for an annotated corpus. In other words, the system has
no linguistic components, such as PoS taggers or shallow parsers.
Instead, lists of keywords and their prepositions are provided to the
system in order to extract the desired patterns. The aspect of most
significance here is that each keyword and its accompanying prepo-
sition is followed by a noun, and it is this noun that is considered
to be a type of crime. To sum up, in the processing phase, the sys-
tem looks for words in a text that match the words in the trigger list.
When a match occurs, the next step is to search for a preposition that
always comes with the keyword. After that, the word that immedi-
ately follows the preposition is extracted and added to the dictionary.
For creating location dictionary. There is strong correlation between
the name of the city and the keywords that are stated in section 2 .
So in the processing phase, each word in a text is matched with each
word in the keyword list. Once a match occurs, the word that fol-
lows the keyword is extracted and added to the dictionary. Finally,
for constructing nationality dictionary the keyword ”{euid | / aljen-

syah” is used. However, patterns for nationality sometimes appear
after or before the keyword. To solve this problem, the article ”J! :

al” is exploited. So, if the word after the keyword has the prefix “al”,
then the pattern is extracted as a nationality pattern, otherwise the
word before the keyword is the candidate for the nationality pattern.

4 EXPERIMENT AND EVALUATION

The system could automatically built crime type dictionary with
more than 400 tokens, but after removing the affixes and performing
frequency analysis, the number was reduced to 93 words. Moreover,
a threshold was applied, i.e. words with a high frequency were cho-
sen for the dictionary and the rest were discarded. As a result, the
number of words that formed the crime type dictionary is 12 words.
On the other hand, More than 1,000 tokens were initially extracted
to form location dictionary. Also, a frequency analysis process and a
threshold were also applied here. Consequently, our dictionary con-
tains only 73 different location names. With respect to nationality
dictionary, around 200 tokens were extracted. Because of use the
previous three processes the number of nationalities in this dictio-
nary is 32. In order to reveal the extent of the effectiveness, three ex-
periments were performed. The effectiveness of the system has been
evaluated using standard precision, recall and F-measure in each ex-
periment. The first experiment is for evaluating the ability of the type
of crime dictionary for extracting a type of crime from a given docu-
ment. The system was able to extract 236. The number of entities that

b

>,

Read theword
Search in Keywords files

@

No, @ Yes
No g
W € nationality file
‘ =

+
Read the word

i ition file
¥

|

Extract the word follows
preposition and add it to
crime type dictionary

Extractthe word and add it
to location dictionary

|

Extract the word exists
before the kevword and add
it to nationality dictionary

to nationality dictionary

Extract the word and add it ‘

A <>

Figure 2. Dictionaries Builder (DB).

were correctly recognized is 213. Values of precision, recall and F-
measure for this experiment are 90.25, 50.47 and 64.74, respectively.
In the second experiment location dictionary is evaluated. 278 enti-
ties were correctly extracted out of 351. The averages of precision,
recall and F-measure are 70.91, 79.20 and 74.83. Based on that the
accuracy of this dictionary seems high, and therefore, it can be said
that the performance of the location dictionary is good. Finally, in the
third experiment the nationality dictionary was assessed; the system
was able to correctly recognize 118 out of 123. The rates for preci-
sion, recall and F-measure are 81.19, 95.93, and 88.83 respectively,
so very good results have been achieved.

5 CONCLUSION

This paper presents an algorithm for automated adaptive dictionary
building to be used in crime text analytics within the domain of Ara-
bic language. Three empirical tests have been performed to evaluate
the performance of the algorithm applied into building three dictio-
nary types. The outcomes of the experiments are positively encour-
aging. In conclusion, the approach shows efficiency and effectiveness
in providing automated adaptive dictionary building algorithm.
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