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Abstract. The Arabic language is one of the most widely spoken lan-
guages in the world. Many natural language processing experts have
tried to understand its linguistic complexity. This makes text processing
and its applications difficult, particularly in question-answering systems.
Some researchers have unsuccessfully tried to tackle the problem of cre-
ating an effective question-answering system. In this paper, we present a
question-answering system for a Saudi Arabia labor law dataset. Our sys-
tem works in three main stages named Data Preparation, Data Prepro-
cessing and Answer Extraction. The main aim of the first two stages is to
prepare and preprocess the dataset in order to be in a suitable format for
building question-answering system. In the Answer Extraction stage, two
text similarity measurements are applied, which is TF-IDF and Cosine.
Then, the candidate answers are evaluated and ranked based on their
similarity scores and the most relevant answer to the user’s query is dis-
played as a final answer. We evaluated our proposed system by test it
using 100 of manually generated user queries and on average we achieved
a good results.

Keywords: Arabic natural language processing - Question answering -
Search query - Relevant information

1 Introduction

The Internet and related applications have become the main source of informa-
tion for experts, researchers, students, and the general user [4]. However, these
applications contain vast amount of information, and sometimes a query requires
a specific answer. The user often must spend excessive time searching the list
of retrieved documents or information to find the answer they are looking for.
Thus, an application-based search engine would be useful. In addition, most of
the documents available for retrieval on the internet are written in English. Many
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users need access to papers in other languages, specifically Arabic since a large
part of the world’s population speak the language [12].

For these reasons, we built a search engine system that caters to Arabic min-
istries, specifically the System of Labor in the Ministry of Human Resources
and Social Development. The System of Labor contains many legal documents
and articles concerning many legal details. Government employees and law per-
sonnel must currently spend a great deal of time searching the list of retrieved
articles or legal documents to find related answers because they are not arranged
in a way that makes it easy to obtain information. As we will show in the lit-
erature review section, different techniques have been deployed in the creation
of question-answering systems. However, free form-based search engines are the
most effective means of achieving the objective of the system used here in which
the content of a chapter (text) is searched and retrieve back its number and text
as an answer to the user. This data was then organized into a free form-based
format that can be easily accessed publically. Thus, in this paper, we present a
way to organize the data of the System of Labor to be easily retrievable for any
user. The rest of this paper illustrates our methodology (Sect.3) and presents
the results that we obtained (Sect. 4).

2 Related Work

There is a difference between a search engine system and a question-answering
system. Search engine systems provide query results using databases that have
already indexed documents [8]. The typical search engine is not designed to
extract specific answers to queries and returns a set of references that may con-
tain the answers; a question-answering system retrieves direct or correct answers
to the questions rather than flooding the user with documents or giving general
answers [11].

Research in the field of Arabic language processing is very limited, and this
is one of the challenges that we faced in the implementation of our project.
AlMaayah et al. [5] offered an approach for extracting the synonyms of words
in the Qur’an, specifically Juzo Amma. They used the WordNet dataset, which
depends on traditional Arabic dictionaries and a collection of techniques, such
as frequency and inverse document frequency, cosine similarities, and three mea-
sures: precision, recall, and f-measure. Their search performance reached an accu-
racy of 27%.

Malhas et al. [10] provided (AyaTEC) test set contents 207 questions verse-
based on the Holy Qur’an for question answering system. That presented infor-
mation needs of both skeptical users and inquisitive which covered eleven subject
classes of the Holy Qur’an. They made AyaTEC set available to the research
society to develop this field further. They proposed many evaluation measures
to backing the kind of verse-based answers and questions systems while merging
in the evaluation the notion of partial matching of answers. In many instances,
the search is incapable to call pertinent verses where it did not use the semantic
relation between words in the query.
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Recently, Zouaoui et al. [23] introduced an ontology-based semantic search
engine as an index and acquired good results in terms of precision and recall mea-
sures. The search engine based on a collection of beneficial terms extracted from
the Quranic Earab book with grammatical functions that avail as definitions,
they concentrate on constructing a new ontology for the Quranic text to use for
information retrieval. While, Zeid et al. [21] used graph ontology together with
a web search API as an alternate track to get answers and perform the ontology.

Hani et al. [3] used an ontological resource to match their search with seman-
tically similar words. They divided the processing of the query as follows: first
they extracted an enhanced query using keywords and then passed those results
through an ontological resource to get semantically correlated words. They tested
this approach on 50 Arabic questions from the standard set of TREC and CLEF
Arabic questions and received a mean reciprocal ratio for retrieving documents
of 1.53, which is considered good.

Paolo, et al. [13] used a regular question-answering system that had three
modules: a question analysis module, a passage retrieval module, and an answer
extraction module. To be able to analyze the question, they implemented their
own Arabic Named Entity Recognition system to determine the named entities
in the question that will determine the type of answer. They adapted an already
implemented system called JIRS for their passage retrieval module. When tested
on a dataset of 200 questions, the overall performance of their model was good.

Jaffar et al. [6] provided a query expansion review in Arabic. This was basi-
cally divided into three strategies. The first used classical methods of stemming,
lemmatization, and word sense disambiguation. The second strategy used a feed-
back score to find matching results for query enhancement. The third strategy
used data extracted from a corpus or external resources such as WordNET.

Dima et al. [19] proposed a system that extracts keywords using word2vec.
In their system, the text was first pre-process to word stems. The stems were
used to calculate the bag of concepts used to make a linear combination of each
word that shows the concepts that define it. Next, the words were catagorized to
similar classes to determine synonyms and similar words. They then calculated
the different N-gram weights to extract the keywords.

Dima et al. [18] presented a study on the usage of word embeddings in the
Arabic language. They showed the effect of the word embeddings used from
GLOVE and Skip-gram and CBOW. The study showed that the applications
included sentiment analysis and classification of sentiment and that they are
applied in measuring semantic-based similarities. The applications also included
short-answer grading and information-retrieval applications, such as cosine sim-
ilarities. The similarity-based applications included plagiarism detection and
paraphrasing identification.

Wissam, et al. [20] have tested five web search engines on an information
retrieval evaluation for fifty queries chosen randomly essential with the obser-
vance of the web-specific estimate requirements. The descriptions of the top ten
results and relation they’re for all queries were evaluated by independent jurors.
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The essence return was that Google perfected roughly all the times better than
the other different engines.

Majed, et al. [15] have presented explain and identify the restrictions of the
difficulties of Arabic documents retrieving. They approach used three Arabic
search engines: Yahoo, Google, and Idrisi. They applied stemming and spelling
normalization techniques were not enough techniques requirement significantly
develop retrieval, when retrieval by n-grams technique was more efficient for
indexing Arabic documents.

Zhong et al. [22] sophisticated approach to retrieve questions pertaining to
building regulations. The approach combine deep learning model of Natural
Language Processing (NLP) with information retrieval to get specific and fast
answers to user’s queries about building regulations. They proposed a chatbot
System for building regulations question answering.

3 Arabic Question Answering System

Figure 1 shows the architecture of our proposed Arabic Question Answering Sys-
tem. The system consists of three main stages, which are Data Preparation, Data
Preprocessing and Answer Extraction. The following subsections explain them
in more details:

Data Preparation Data Preprocessing

Removing special
characters and symbols

Converting Data_ Saved it to

System of
$]{ Arabic.docx

Labor
Laws to docx file
Documents

— . v
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1
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1
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1
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library "pickle"

Building Dictionary

Compute TF-IDF measure

Query

User Input

Apply cosine similarity

The number of articles to
retrieve as an answer

Candidate answers evaluation and ranking

Display the final answer

Fig. 1. The Arabic question answering system architecture.
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3.1 Data Preparation

For this project, we worked with the labor law dataset available on the website
of the Ministry of Human Resources and Social Development in the Kingdom
of Saudi Arabia [2]. The dataset contained 245 articles divided into six sections.
This type of dataset is known as primary data, which refers to data collected
from first-hand experience. Primary data has not yet been published and is more
reliable, authentic, and objective.

The data file was originally received in PDF format, and it was converted to
a docx file format to facilitate the use of the Python language; unfortunately,
when handling Arabic text, Python packages often destroy much of the infor-
mation. We used docx2txt, which is a pure python-based utility, to read text
from Microsoft Word documents or extract images from docx files [1]. Docx2txt
also performs a fundamental function of converting data inside the docx files
into rows, which enables the mining and programming of data. The next section
presents the data preprocessing steps in detail.

3.2 Data Preprocessing

After using the docx2txt library, we were surprised at the amount of prepro-
cessing that the data still needed, as it contained many characters, punctuation
marks, and spaces that would have made the query processing difficult; the
texts also appeared in reverse, as shown in Fig. 2. Thus, several steps were used
to organize the data.
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Fig. 2. Outputs before preprocessing stage

First, strip function with separator \n was used to remove specified spaces
at the beginning and end of the text; Fig. 2 shows that the text was still in need
of further processing.
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Next, regular expressions were used to remove any special characters, spaces,
punctuations, and English letters, such as $, *, xa0, ...etc. Figure3 shows the
output after this stage.
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Fig. 3. Outputs after preprocessing

As Fig. 3 shows, the text was in reverse order, so to put it in the correct order,
we looped on each word separately and reversed its characters. The output of
this stage is shown in Fig. 4.
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Fig. 4. Final outputs

3.3 Answer Extraction

After preprocessing the data, the user is asked to enter the query into our system,
and it should be in the form of asking about the article that is related to specific
topic along with the number of articles that he/she wish to retrieve as an answer
k.

Then we apply two text similarity measurements to calculate the similarity
between each words in the user query and our dataset as follows:
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The Term Frequency-Inverse Document Frequency (TF-IDF). Next,
we computed the term frequency-inverse document frequency (TF-IDF) for the
terms mentioned in our search engine. The idea was to combine the frequency of
a term in a context (query) with its relative frequency in the documents overall.
According to Salton and Buckley [14], the TF-IDF weighs a term’s frequency
(TF) and its inverse document frequency (IDF).

To calculate TF, we built the inverted index representation which consists of
two basic components: the inverted list and the vocabulary. The inverted list is
the reference about the place of that word in the documents set, its frequency,
position,... etc. and it is represented by a vector. While, the vocabulary is the
one word from the document set. In the index, each word has an inverted list
include reference of occurrences of the word in special documents [4,16].

Then we built the inverted index of our system, in which each word mentioned
is connected with the chapter it is mentioned in. Inverted index representation
is the main building block for any search engine or information retrieval system
and allows for the calculation of the text similarity metrics.

After we calculated TF, we computed the TF-IDF using the following for-
mulas:

TF-IDF = TF(i, ) « IDF (i)

TFG,j) = Frequency of word i in document j

Total words in document j (1)

)

Total documents

IDF (1) =1
(@) Og(documents with word i

Cosine Similarity Function. We were then able to compute the similarity
functions needed for information retrieval based on the dictionary using the TF-
IDF scores for our system. This stage includes two types of computations. First,
we summed up the similarities of each word of the query with each document
based on the morphology and semantics of the word. We also calculated the
length of each of the queries and the length of the chapter’s text: this information
is needed for the next type of computation, which involves calculating the cosine
similarity between the input query from the user and the candidate texts. Since
cosine similarity represent the projection of one word vector to another, it was
used to measure the whole projection of the word vector (the query) and the
text of the chapter in the dataset. The use of this type of similarity proved to be
very efficient and useful for our results, which are presented in the next section.
After calculation of the similarity metrics with all the chapters available in our
data, we ranked the documents in a descending order, and we displayed the k
most relevant documents to the whole user’s query vector.

4 Experiment Results

In the final stage of this study, we tested the system performance using 100
user queries and calculated both the BLEU [7] and ROUGE [9] as an evaluation
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measures for each query. BLEU and ROUGE measures were used as they are the
most popular methods for testing the performance of machine translation, sum-
marization, and question-answering models. BLEU and ROUGE ranged from 0
to 1, where 0 value indicates a perfect result of the mismatching text, while 1 indi-
cates a perfect result for matched text. ROUGE results contain three symbols: f,
p, and r where it refers to fl-score, precision, and recall percentage respectively.
Recall simply means how much of the user queries is the model capturing or
recovering. In other words, recall (r) means is the number of overlapping words
appearing in both model and user queries divided by the number of words in
user queries [17]. While precision (p) means is the number of words appearing
in both model and user queries divided by the number of words in the model
[17]. It is always best to compute both the recall and precision in ROUGE and
then report the fl-score [9]. Fl-score calculation is done by using the following
equation.

kK
2*p*r )
pt+r

However, we used ROUGE measure on unigrams level (ROUGE-1) and biograms
level (ROUGE-2). Also, high accuracy was indicated using the BLEU measure-
ment, which indicates a high accuracy when more words match between the
result and the entered query. Figuresb and 6 show some of the user queries
tested against the model and their corresponding scores.

F — score =

coudt gsol ot [Jaxdl plbs plaidl 1is aw |

1ot g Lge b aopd SU1 o sadl sue Jsof

Jadl plas alaidl Tl gay 3 (Je¥1 Foladl

ROUGE Value = : [{'rouge-1': {'f': 0.999999995, 'p': 1.0, 'r': 1.0}, 'rouge-2': {'f': 0.999999995, 'p': 1.0, 'r':
1.0}, 'rouge-1': {'f': 0.999999995, 'p': 1.0, 'r': 1.0}}]
BLEU Value = : 0.46153846153846156

Fig. 5. The result of query that has a high similarity with the text in the dataset.

Figure5 shows that the highest values of measures ROUGE-1, ROUGE-2
and BLEU are achieved when there is a high percentage of similarity between
the user’s query and the text in our dataset.

Exactly the contrary in Fig. 6, we believe that these lower values of F, P, and
R do not mean mismatching between the user’s query and the result, but the
number of entered words by the user is much less than the number of result’s
words. This impacts the scores because the similarity of words is divided by the
total number of words in the user’s query or results as we have mentioned in P
and R laws.

Figure 7 shows the average results of BLEU, ROUGE-1 and ROUGE-2 of the
100 user queries. However, on average our proposed system performance nearly
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"'t 0.0, 'r': 0.0}, 'rouge-1's {'f's 0.0769230755029586, 'p's 0.5, 'r': 0.041666666666666664}}]
BLEU Value = : 0.07547169811320754

Fig. 6. The result of query that has a moderate similarity with the test in the dataset.
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Fig. 7. The average results to evaluate 100 queries.

reached 0.6 using ROUGE-1 (P), and above 0.3 using ROUGE-2 (P) and BLEU
measurements.

In summary, we can say that our system helps people who are familiar with
the words used in the documents of Ministry of Human Resources and Social
Development to get their desired answer in an effective way.

5 Conclusion and Future Work

We implemented an automatic approach for the search engine of the Ministry of
Labor system of the Ministry of Human Resources and Social Development in
the Kingdom of Saudi Arabia. We created a dataset from the original document
from the website of the Ministry of Labor, and we estimated the similarity
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between words in a query and each chapter in the document. The more relevant
documents were retrieved as an answer to the user. A limitation of the proposed
System is that the form of the words in the query must have some similarity as
the words in the Ministry of Labor system’s dataset to return a high accurate
results and this is acceptable at this stage as most user of the Ministry of Labor
systems are more familiar with the vocabulary used in its documents.

Future work should include developing a question-answering system that
deals with the semantics of words in order to improve the accuracy of a mean-
ing search of a query, creating a dialogue between the user and the system in
order to retrieve information more specific to the Ministry of Labor system, and
expanding the task for use with more than one system.
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