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The advancement of artificial intelligence has deeply influenced numerous domains. One
particular area that has experienced remarkable progress is natural language processing.
This progress can be largely attributed to the widespread use and popularity of social media
platforms. With the increasing use of social media, dialects have taken on a new importance,
as the diversity of dialects has an important role to consider in the relevance of Natural
Language Processing, as it allows a greater number of people to communicate using a
pertinent and appropriate local context. As evidenced by the rise of Chatbots that allow
people to interact with machines using their own native dialects. The significance of
dialects, especially in the Arabic-speaking world, cannot be understated. Many Arabic
dialects have been under-researched and not adequately addressed in natural language

processing applications. Among these, the Moroccan dialect stands out, prompting
researchers to focus their efforts on understanding and incorporating it into artificial
intelligence technologies. To facilitate the development of Chatbots that can effectively
understand and respond in Moroccan dialect, the availability of suitable datasets becomes
vital. For this reason, we adopt a targeted strategy for creating datasets by exploiting the
extensive resources offered by platforms such as YouTube, where audio content is highly
diverse in terms of language. This involves classifying each audio according to its theme
and dividing it into 30 second segments to simplify manual transcription into text. This
meticulous process enabled us to accumulate and annotate a large volume of data. As a
result, NLP models built on these extensive and comprehensive datasets can efficiently and
accurately understand Moroccan dialect speech and text. With the aim to employ this
dataset as training data for the future development of a Moroccan-dialect conversational
Chatbot. The methodologies and techniques can be adapted and applied to other
underexplored dialects, creating opportunities for further advancements in natural language
processing in a global context.

1. INTRODUCTION natural language processors and companies such as Google,
Amazon, Facebook, etc., who have developed speech and
language technologies and are currently developing text and
voice dialogue systems [4]. They have become more powerful
nowadays thanks to developments in Natural Language
Processing (NLP) as well as other fields of artificial
intelligence. Not only are these developments gaining ground
in Latin languages, but they have also extended to Arabic.
However, Arabic dialects are not exploited as much due to the
lack of corpora in these languages. This is why Arabic dialects
Chatbots are not yet available.

Clearly, dealing with dialects is more complicated than
Modern Standard Arabic (MSA) in Natural Language
Processing for many reasons. First, Arabic dialects are spoken
languages, so we do not need to write them down. Second,
they differ from country to country. Third, each dialect is
further divided into sub-dialects. Therefore, we need to pay
careful attention when choosing a specific dialect to work on

Artificial intelligence is becoming increasingly powerful
these days. It is being integrated into our daily lives in many
disciplines, including engineering, medicine, education and
economics. There are many instances of conversational
artificial intelligence in our daily life. Dialogue systems,
conversational agents and personal assistants are systems
designed to converse with humans using speech, gestures,
graphics and other methods of interaction [1]. Furthermore, a
chatbot is a computer programme that reacts like an intelligent
entity when spoken to through text or voice, and which
understands one or more human languages thanks to natural
language processing (NLP) [2]. The chatbot is one of the most
elementary and widespread forms of intelligent human-
machine interaction. it plays a critical function in many real-
life applications, like smart speakers, customer service
systems, etc [3]. In general, Conversational Al is a constantly
emerging discipline that has attracted the research efforts of
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[5]. On the other hand, Arabic dialects have been little
published, and suffer from a lack of NLP datasets. However,
the increased use of the Internet and social media. The
Moroccan dialect, for example, faces challenges due to the
unavailability of corpora, which poses a great challenge in the
use of this dialect [6].

Research into understudied dialects in developing countries
is crucial to maintaining cultural and linguistic diversity and
preventing the extinction of these languages. Whereas most

research concentrates on the more formal, wealthier languages.

The rarity of research into understudied dialects and the
challenges they present are often due to the predominance of
mainstream languages and the limited means to collect
resources, even when they are available. Language is the main
medium for preserving a country's heritage; it is the main
reference for traditional knowledge, values, practices, and
history over the centuries.

Indeed, there is current work on the Moroccan dialect.
Firstly, AIOX LAB worked on an Open-Source Voice Dataset
but only on single words [7]. Secondly, Issam and Mrini [§]
used the model developed by AIOX Labs Darijabert and other
models to summarize a long text. Then, the creation of corpora
for sentiment analysis by exploiting social media comments
[9]. Unfortunately, all this research is not suited to our research
objective.

With a view to harnessing the power of the neural networks,
we aim to generate firstly a Moroccan dialect dataset that
could help a ChatBot learn Moroccan communication. To
strengthen this content, we seek to create an open dataset, as a
solution to increase the innovation and application of NLP for
the Moroccan dialect. Written content in Moroccan dialect has
grown significantly on the internet in recent years thanks to by
social media. Therefore, social media has become the
appropriate source for collecting data [10, 11]. While we were
unable to collect audio data exclusively from the YouTube
platform, we will have the opportunity to use this data in the
future to train a chatbot capable of understanding speech.

To accomplish this objective, our study involved a series of
methodical steps to transcribe the Moroccan dialect videos
from the YouTube platform into text. Initially, we chose the
appropriate videos with clear audio and general Moroccan
dialect. Subsequently, we divided each recording into small
recordings (30 seconds). Then, we wrote the content manually
to make sure that our dataset included correct words in
Moroccan dialect. our study distinguishes itself as the
pioneering effort in creating a dataset that combines transcripts
of text with corresponding audio recordings, using the
YouTube platform to extract recordings and transcribe them
manually with the assistance of different editors for quality
assurance.

The rest of this article is organized as follows: Section 2
describes related works. Section 3 includes an overview of the
Moroccan Dialect at the phonological, morphological,
syntactic and lexical levels. Section 4 explains the main
challenges concerning the Moroccan Dialect, such as
morphological, semantic and syntactic ambiguities Section 5
outlines in detail the methodology of creating the corpus.
Results and discussion are presented in Section 6. Finally, we
provide a conclusion and lay the ground for future research in
Section 7.

2. RELATED WORK

Over the past several years, interest in Arabic NLP
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resources has grown, significantly, methods to collect corpora
are also diversified. The MADAR Arabic Dialect Corpus, has
adopted the Machine translation approach for the corpus
creation, whose domain is Travel and Tourism. This method
focuses on converting text from a source language into a target
language, while retaining the same meaning, by choosing
items from the Basic Travel Expression Corpus (BTEC), the
English phrases are translated into French, Modern Standard
Arabic and dialectical Arabic of five regional area. MADAR
could reach over 62K sentences at size, with a public
accessibility to corpus and private reuse [11]. The authors of
Darija Open Dataset (DODA) adopted the same method of
MADAR, unfortunately, they use arabizi form to build the
corpus, with multiple categories, such as: Food, Animals,
Health...etc. Corpus could achieve more than +10K entries,
which have a public access and reuse [12]. MDED, a bilingual
dictionary, created using the same method as the previous ones,
but without a specific theme, with private rights of access and
re-use, it contains 18,000 entries mainly constructed by
manual translation of an MSA dictionary and a Moroccan
dialect dictionary [13].

Nowadays, Moroccan dialect is attracting more and more
attention due to the massive use and popularity of social media,
blogs, ... etc. Even though there are not many research studies
that have covered Darija [14]. GOUD.MA is a dataset of news
articles, gathered using manual data collection, based on the
extraction of data from a news website, it should be noted that
this corpus includes 158,000 news articles of wvarious
categories, which are accessible to the public and available for
re-use [8]. In particular, Dvoice adopts the same method as
GOUD.MA but adds voice as an extra option. It is a web
application that allows users to contribute their own voice by
submitting recordings that correspond to texts written in Darija
or to approve the recordings of other users. Furthermore,
Dvoice gives subscribers public access to data and its reuse,
with a file size of 2,990, in various categories [7].

Our work is also based on the same approach as that adopted
by GOUD.MA and Dvoice. We have chosen to collect data
manually from the web, but on specific themes, which the
other datasets do not contain. In addition, we have been trying
a new method of converting audio to text that will enable us to
collect both voice and text data. This corpus therefore contains
sentences from everyday communication, whose meaning is
comprehensible, as well as textual data and voice recordings
on different themes.

3. MOROCCAN DIALECT
3.1 Overview

Arabic is one of the oldest Semitic languages in the world.
The development of this language has made it possible to
distinguish four different varieties. First, Old Arabic, which is
no longer used today, is only present in earlier literature, more
specifically in poetry. Secondly, Classical Arabic, also known
as Literary Arabic, refers to the official language of Islam’s
Holy Book. Third, Modern Standard Arabic (MSA), a more
modern version of Classical Arabic and finally dialects. MSA
is the official language of all countries in the Arab world. It is
used in a range of contexts; namely, media, education,
business, literature and in official or juridical written
documents [15, 16].

Furthermore, we could categorize Arabic dialects regionally,



such as: North African, Egyptian, Levantine, Yemeni, Gulf.
Or, Sub-regionally: Moroccan, Tunisian, Lebanese, Jordanian,
Kuwaiti, and Qatari [17].

Moroccan dialect poses many challenges, for several
reasons:

(1) The Moroccan constitution recognizes Arabic and
Tamazight as the two official languages of Morocco.
The Moroccan dialect is used among Arabic speakers,
among Arabic and Amazigh speakers, and among
Amazigh speakers of different Amazigh dialects. It is
used in informal social settings.

Moroccan dialect is the most used language in
Morocco according to the official population census of
2014 (90% of Moroccans use the Moroccan dialect).
Only 27% of them could use at least one of the oral
forms of Tamazight [14, 18, 19].

Moroccan Arabic diverges from MSA at the lexical and
phonological levels due to various factors, including
Morocco geographic location, colonial history and
other considerations. Moroccan dialect has had some
linguistic influences from the French and Spanish
protectorates through loanwords. Alternatively, Arabic,
especially at the lexical level, heavily influences
Moroccan dialect as 81% of Moroccan words come
from the Arabic language. Table 1 shows some
Moroccan dialect loanwords from Arabic language.
Moroccan dialect is challenging to understand because
of the great distance between Morocco and the Middle
East. Furthermore, Moroccan culture is not as
widespread as Egyptian or Gulf culture through
television broadcasts.

Morocco has been colonized by different countries in
the past, which has affected its dialect. The Moroccan
dialect is influenced by foreign words from the French
or Spanish language [5]. To a greater or a lesser degree
11% from French, and less than 1% from both Spanish
and Tamazight languages [18, 12, 16].
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Table 1. Moroccan dialect loanwords from Arabic language

Moroccan Dialect Arabic Language English Translation

<l <ol a lot
silas el sa as how
GRS saudl o2 G A mess
= Al o 3 o want
Akl s fault

Nowadays, Morocco has reached approximately 37 million
people divided into 12 regions of the kingdom. Each region
uses a specific dialect. Moroccan dialect is considered the
most diverse dialect, containing urban, Amazigh and
Sahraouian dialects. Along with each dialect, there are sub-
dialects, for instance Tamazight contains Rifia (of the Rif
region), Soussia (of the Middle and High Atlas region), among
others [10].

Linguists provide different classifications of Moroccan
dialect types. For one, Fatima Sadiqi (2002) distinguishes five
varieties of Darija:

(1) The Shamali variety in the north of Morocco.

(2) The Fassi variety in the center.

(3) The Rabat/Casablanca variety around these two cities.

(4) The Marrakshi/Agadiri variety in the south.

(5) The hassaniya variety in the Sahara.

Other researchers, such as Boukous and Amour, have
divided Darija into four varieties only: The Mdini, which
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designates people living in the city, the Jebli, referring to
people in the mountains, the Arubi, meaning the Bedouin
population, and the Aribi for Hassani in southern Morocco
[16].

As is the case with most Arabic dialects, Darija remains
highly under-resourced from a computational point of view
(NLP, machine translation, etc.) even though the written
content of Moroccan dialect has developed rapidly on the
Internet in recent years. Notably, through social media
platforms, such as Facebook, Twitter, YouTube, etc [10]. This
occurs through diverse forms such as written texts, audio and
video documents, by using either the Arabic alphabet or a
combination of the Latin alphabet and numbers [12]. Adoption
of new modes of communication (SMS, Facebook, Twitter...),
which are widespread in Arab countries, have strengthened
dialect writing, particularly in Latin characters, the written
content based on Latin Script is called " Arabizi " [19]. The
next section reviews some of the features of Moroccan Darija.

3.2 Characteristics

3.2.1 Phonological level

The Moroccan Arabic (MA) consonantal system contains
28 consonant phonemes and four vowel phonemes [20] less
vowels compared to Classical Arabic, but share the same
features. MA uses non-Arabic phonemes /g/, /p/ and /v/, which
are mainly used in words borrowed from foreign languages as
French [21], for instance, the word Virage meaning a bend or
turn, is used in Moroccan dialect; pronounced as /Virage/ but
written as (z'_#). The influence of Berber on MA is mainly
seen at the phonological level. This influence is shown in
many areas through the deletion or addition of a segment [21].
For example deleting Hamza (Arabic s : 33«4). The word sl
(Water) is pronounced in Classical Arabic /Almaa/, but in MA
it is pronounced as /Lma/.

3.2.2 Morphological level

Moroccan Arabic is similar to MSA in a few ways. First, the
order subject-verb object [22] dominates the composition of a
sentence in Darija. Also, the original MSA words keep their
morphology, or undergo some changes in their patterns or
affixes [23]. For instance, the prefix & or the word (3¢ in
Darija, indicates the intention of speaker to do the action in the
future. Moreover, writing the verb between the prefix & and
the letter & designate negation (Ui W) which means (I
won’t). Furthermore, adding (<) to the verb refers to doing
something at the same time of speaking (indicative present
tense) like (a+_S) which means I am drawing. Finally, we use
G as a prefix for present tense first person singular (JSU) which
means (I eat) [24].

3.2.3 Syntactic level

Moroccan dialect, like other Arabic dialects, has some
syntactic specificities. Unlike English which uses Subject
Verb Object (SVO) [25]. Moroccan dialect offers many
possibilities for word order. The speaker will usually start the
sentence with the element he or she wants to emphasize. In this
sense, SVO and VSO can be used interchangeably. However,
OSV and OVS are the most rarely applied [21]. Moreover, the
disappearance of the feminine plural of the second person ¢l
and the feminine plural of the third person ¢». Beyond that,
regional variations [25] in syntax play a key role in changes of
Moroccan dialect. For example, the gender marker in the
second person singular in Casablanca is different from Fes,



Table 2 gives some Gender marker difference between cities.
(1) Word order flexibility and Agreement: a sentence
in Moroccan dialect has a subject and a predicate.
It could have a simple SVO form, where the
subject leads the verb and the complement of the
verb. It can also have a VSO Structure, where the
verb comes before the subject and the direct object
[26]. Moroccan dialect demands complete
agreement in person, number, and gender between
the verb and the subject, independently of the word
order.
Pro-drop nature: SA permits missing subjects in
the subject position ... of clauses [27], on the other
hand, Moroccan dialect also drops the pronouns in
the subject position, each the sentence below lacks
subject yet remains grammatically correct. Table 3
gives an example of Moroccan dialect sentences
without Personal Pronouns.

2

Table 2. Gender marker difference between cities

Personal Pronouns Casablanca Fes
The Second Person Singular (You) masculine il [He

The Second Person Singular (You) feminine ol g

Table 3. Moroccan dialect sentences without personal
pronouns

Without Personal Pronouns Moroccan Dialect Sentence
He made tea S b
They arrived last night psdll I bas

3.2.4 Lexical level

Moroccan dialect consists of Arabic with a number of
borrowed words from many different languages. This was a
direct influence of the colonization of Morocco in the past by
different countries such as France, Spain [21] and Portugal,
which affected daily communication. Moroccan dialect
vocabulary is rich due to historical events. Moroccan Arabic
speakers use it and so do Amazigh, who represent about 50%
of population in Morocco [19], as well as Amazigh speakers
who do not understand each other; when the Amazigh variety
of each person is not identical. Moroccan dialect includes
verbs, nouns, and pronouns, like Arabic language.

3.3 Challenges

3.3.1 Phonological variety

Many phonological ambiguities make dealing with
Moroccan dialect challenging due to the different varieties of
this dialect:

(1) The /q/ variant differ according to geographical regions,
for example in Fes, Tetouan and Tangier the
community use /g/. In the other cities most people use
/g/ for example: /gal/ becomes /qal/, which translates in
English as ‘he says’ in Fes variety.

Metathesis: the same word keeps meaning with a
transposition of letters, for instance (=)) /z3ma/
becomes (L) /zm3a/

The double process of assimilation-deletion: words
undergo some small transformation, but the meaning
does not change. For purposes of fast connected speech,
the word (%) /bnty/ ‘my daughter’ becomes () /bty/
deleting “J” but keeping the same meaning.

(4) The use of /d/ could be different from one region to

2
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another. Some communities use it as a simple /d/ but
others use it as a /t/ [25].

Intonation: this key point varies from language to
language [20]. This is why we are under the obligation
of keeping punctuation marks to know the difference
between a declarative sentences, interrogative
sentences, and imperative sentences.

©)

3.3.2 Morphological richness

Diacritical marks in Arabic give different meanings to the
same word, which is the case for Moroccan dialect. Deleting
diacritical marks give rise to serious problems while
determining the location of the vowels. Moreover,
decomposing words occurs in two cases:

(1) Decomposition at the level of words: verb, name ...

(2) Decomposition at the level of grammatical information:

noun (singular), verb (1st person) [6].

Thanks to the richness of this dialect, it is common to create
a sentence from one word that translates into a five-word
English sentence “& s=x¢” and ‘they will sell it” [28]. The fact
that there is a huge number of vocabulary items in Moroccan
dialect compared to English represents a challenge for models
based on Machine Learning [29].

3.3.3 Syntactic ambiguity

A sentence has only one meaning when we use diacritical
marks, but without them the sentence can be interpreted in
several ways, all of which are syntactically correct [6], which
we could observe on Table 4.

Table 4. Meanings of sentence

Sentence Flrs_t Translation Secoqd Translation
Meaning Meaning
a3 Sl Iwantthis 3 <ws Do you want
48 4l a3l document @531 this document?
e Jae, - & How old the car
5l gl Fill the car SERA] is?

This syntactic ambiguity exists because of the difficulty of
adding diacritical marks in conversation.

3.3.4 Lexical ambiguity

Darija is a spoken dialect without rules, so everyone writes
the same word in different ways. Many users on the web write
Moroccan dialect with the Latin letters, and numbers to
illustrate letters, which does not exist in Latin. To deal with
this ambiguity, we need to transform all illustrated letters to
Arabic letters. Table 5 gives examples of these:

Table 5. Illustration of Arab letters

Arab Letters lllustration Letters

z 7
¢ 5
& 3

Moroccan dialects suffer from many problems, including
phonological variations, which depend on the geographical
region, as well as metathesis, adding that we sometimes have
words with the same meaning but with a small transformation,
ultimately pronouncing the same letter differently, and
intonation can change the meaning. In fact, the large number
of vocabulary and diacritical marks in the Moroccan dialect
represent a morphological richness and, at the same time, a



challenge for models based on machine learning. To mention
that the absence of diacritical marks represents a syntactic
ambiguity This syntactic ambiguity exists because of the
difficulty of adding diacritical marks in conversation. Then
there are Arabizi letters, which require us to transform each of
them into Arabic letters. Table 5 shows some illustration of
Arab letters.

4. CORPUS BUILDING
4.1 Data collection

The purpose of the corpus was to create a new dataset for
Moroccan dialect because of a lack of data in this language and
with the aim of training a Chatbot on how to speak Moroccan
dialect easily. YouTube proved to be the most suitable
platform for many reasons:

(1) The popularity of YouTube and its use by many

different Moroccan speakers.

(2) The capability to collect audio and text data at the same

time.

(3) The possibility to download records using a playlist and

python scripts.

The choice of an appropriate playlist was not a
straightforward process. We started by selecting content that
represented the Moroccan population, using informal
language with no swearing. Each video had to contain
different forms of greeting, which we planned to use later to
train the chatbot. In parallel, we were looking for clear voices
with good pronunciation. We were interested in various
themes relevant to the Moroccan society, including cooking
videos where everyone could discover our delicious and
traditional meals, social activities that raise awareness of the
importance of helping others and showing solidarity. Stories
relating to Moroccan history and important events in our
country give a glimpse of modern Morocco. Finally, we have
included proverbs inherited from our predecessors and
commonly used in everyday conversation. Each theme
contains a different number of videos, depending on their
length. Table 6 below gives the relevant numbers.

After the preparation of appropriate playlists on the
YouTube platform, with different themes, we used YouTube-
dl, which is a command-line program to download videos from
YouTube website. This requires a Python interpreter and is
suitable for any platform.

Each audio file was filed in the suitable folder according to
its category. All files had the same “MP3” format. Each
recording was further divided into small 30 seconds recordings,
using “mp3splt-gtk™ to facilitate the next step (Transcription).
This is an application which allows for cutting MP3 tracks into
as many pieces as you want. Finally, we obtained the number
of divisions mentioned in the Table 6 below:

Table 6. Dataset summary

Number  Mean of Sum of

#  Catedory Records of Splits  Records Minutes
1 Social 7 98 6.61min 46.33min

2 Cooking 8 172 10.29min  82.32min
3 History 11 281 12.32min  135.53min
4 Proverbs 37 159 1.68min 62.47min
Total 4 63 710 - 326.65min

Figure 1 below summarises the various phases of data

861

collection.
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1 2 3

Playlist creation Playlist download

Records|classification
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5 4

Recl
Recl_00

Recl_30

Recl _.
Recl _

Records transcription Records split

Figure 1. The steps of data collection
4.2 Data transcription

Chatbots are able to understand text messages. In recent
years, there is a great deal of research to develop the ability to
understand voice and play both roles at the same time: chatbot
and voice assistance. Therefore, we chose to create a voice and
text dataset at the same time in order to obtain the same text
from the voice. Therefore, to transcribe these recordings, we
adopted two test methods to decide which method we would
use for the whole transcription.

4.2.1 Automatic transcription

Many websites offer transcription services, but we were
looking for a good result, while we had no time to waste on
correction. After a long search, we chose four websites where
we uploaded the same recording. After a short time, we
obtained the result. Automatic transcription seemed like a
promising idea at first, but after testing several websites, we
made several observations about the quality of the
transcription. First of all, some websites transcribe in a dialect
other than Moroccan, which gave us extra work. In addition,
we tried to ensure that the text corresponded precisely to the
words in the audio file, but we sometimes came across
additional words that did not exist in the original audio file. In
addition, some websites changed the meaning of the sentence,
which could pose a problem when testing the dataset further
with machine learning models. This Table 7 below shows the
observations on each transcription.

Table 7. List of transcription services websites

Website URL Observation
Kateb! https://kateb.ai/home Egyp_tla_n
transcription
Speehto  https://spechtotext.com/Voice  Words do not exist
text Typing/SpeechToTextArabic in the recording
) Correct words but
Speech  https://www.speechtexter.com different from the
texter / L .
original meaning
Correct words but
Talk typer https://talktyper.com/ we need to correct

the script manually

4.2.2 Manual transcription
This method was achieved using a stopwatch and several



recordings of different speakers. We noticed that all recordings
have the same duration of 30 secs, we concluded that speech
pace influences the writing time parameter. Listening and
writing at the same time was a bit difficult, but we were able
to obtain the results presented in Figure 2 below which
represent time of writing/min:

In order to make the right decisions, we compared all the
parameters of each method.

We chose manual transcription for many reasons:

(M
2

We need a correct text spelling to train the model.
Manual transcription is time consuming but gives the
best result in the end. However, automatic transcription
requires a double effort: transcription and correction.
We are obliged to have the correct spellings of the same
word.

3

We adopted the manual method for all the reasons cited
above. However, we cannot deny the challenges we
encountered during this process and the efforts we made to
overcome them. Firstly, we divided the tasks between several
transcribers in order to rationalize the process. The pace of the
speech influenced the time taken to transcribe; some videos
had speakers who transmitted information rapidly, which
increased the transcription time compared to videos of the
same length but with slower speech. We asked the transcribers
to take the time to listen and write the content accordingly.
Furthermore, we recognize that manual transcription is time-
consuming and requires a high level of commitment to achieve
the desired result. In addition, to ensure that the generated text
matches the content of the extract, transcribers need to listen
carefully to the extract several times at the end of the
transcription. Knowing that each word can have different
forms of spelling, we were flexible in accepting different
forms of a word in order to enrich the dataset. Given that
women are often used to cooking and can easily understand
each split, we entrusted this task to a woman. Transcription
was done with the assistance of young native speakers, who
are proficient in Moroccan Dialect, and who had experience in
technological fields. Four people, one woman and three men
transcribed the recordings. We chose different people for this
mission to make sure we get different spellings of the same
word. The transcriber must be careful when he or she is writing
the content, and they should read the transcription several
times to be sure it does not contain mistakes. After transcribing
710 recordings, we were able to obtain 816 rows in Excel, each
row containing several lines.

Apart from the rationale mentioned earlier, we opted for the
manual transcription for several other compelling reasons.
One of the main considerations was the uniqueness and
complexity of the Moroccan Dialect, which demanded the
expertise of young native speakers who were not only well-
versed in the language but also had a background in
technological fields. This combined knowledge ensured that
the transcriptions would accurately capture the nuances and
intricacies of the dialect, making it an invaluable resource for
further research and applications in natural language
processing. To ensure diversity and comprehensive coverage
of the language, a team of four skilled transcribers was
assembled, comprising one woman and three men. This
deliberate selection aimed to obtain a wide range of
perspectives and insights into the different variations and
spellings of words in the Moroccan Dialect. By having
multiple transcribers, the dataset could capture the rich
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tapestry of linguistic expressions found within the language,
leading to a more robust and adaptable model for future
language-based Al technologies. The transcribers were well
aware of the responsibility they carried in this endeavor. They
understood the significance of their meticulous work in
building a high-quality dataset. Precision and accuracy were
paramount, as even a minor mistake in the transcription could
have far-reaching consequences on the AI model's
performance. Therefore, the transcribers approached their task
with great care and attention to detail.

Given the complexity of the Moroccan Dialect, the
transcribers were aware of the potential challenges they might
encounter. They made it a point to read the content they
transcribed multiple times to ensure its faithfulness to the
original recordings. This rigorous reviewing process not only
eliminated errors but also served as an opportunity to gain a
deeper understanding of the dialect's unique features and
linguistic patterns. After dedicating substantial effort and time,
the team successfully transcribed a total of 710 records. The
resulting dataset proved to be a valuable repository of
language data, containing 816 rows in Excel, Figure 3
represent a screenshot of Dataset, with each row containing
several lines of transcribed text. This substantial dataset laid
the foundation for the development of a powerful Chatbot and
other AI applications, capable of interacting seamlessly with
users in the Moroccan Dialect. The insights gained from this
project can be applied to other dialects and languages, creating
a ripple effect of progress in the field of natural language
processing and Al.

The decision to adopt the manual method for transcription,
the careful selection of transcribers, and the meticulous
approach taken in creating the dataset have proven to be vital
steps in the evolution of language-based Al technologies.
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Figure 3. Screenshot of dataset



5. CORPUS STATISTICS

It should be noted that before creating a machine learning
or deep learning model, we had to clean the dataset. The
cleaning process is a crucial step in preparing our dataset to be
understandable by a computer. Cleaning tools are quite poor
when we are dealing with Moroccan dialect. Hence, we chose
to do it manually. Figure 4 shows a screenshot after a manual
cleaning of our dataset. At first, by not only deleting columns
without useful information, but also empty rows, and
assigning a suitable target for each row.

Data processing is time-consuming, but using the
appropriate libraries to do it automatically helps us to reduce
time. Although we do not have libraries devoted to the
Moroccan dialect, we were able to use Natural Language
Toolkit (NLTK), which is a platform for building Python
programs to work with human language data. Text pre-
processing techniques involves converting the raw data into an
understandable structure, focusing on keywords that
emphasise the context of the sentence or paragraph. The order
in which the NLP pipeline is built has a considerable influence
on the result. Tokenization, empty word removal, punctuation
removal and lemmatisation are widely recognised and
effective text pre-processing techniques [30]. We consider that
the pre-processing steps have a significant impact on the
accuracy of machine learning algorithms [31].

text target
531 M e peelill cas e Mgl Dlling bl Proverbs
676 d=lyllg dounlly 8)y Sygal (wid Cooking
133 el g ool piibsae il Glisll galall cisai.,  Cooking
T03 & o oie dlil] camdl iy wigemy o Logiila..,  Cocoking
168 zolllagibnes loile gy Lolad Gaa0 i legalsi..  Cooking

Figure 4. Screenshot of dataset after manual cleaning

text target

0 [poS @il Ly iwmBls isugs Cute.  social

1 [i8 guini ,q sy, irlays s3ls digall alge il .. social

2 [pi8aew Ul . Cupsire Ml o2uls  dligighll, Jga,.. social

3 [Cw= dils dwll, idle Ll pac  aBiwgs, o social

4 [ apoas  olpsll g paud s lil w2 lsg LGl social
b [y il Argmen glaler ulill  Jl3y walp.. Cooking
712 [Cwiyls ol gals Lly dyguiu,jbjs lgiguni..  Cooking
713 [, JLa, He@ladl , Jua , Islpall aS=a lijs. Cooking
714 [gums il eitlizigs) | Jar el dblgy.. Cooking
715 [l coaSlal sl JBLE] g p0i  ag9s grdiai..  Cooking

Figure 5. Screenshot of dataset after automatic cleaning

After removal of punctuation and repetitive characters, we
moved to the normalization of the dataset to make it standard
and to reduce inflectional forms through stemming.
Additionally, the segmentation of the dataset into sentences
and words was done through tokenization, which helped us to
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get each word as a token, thus allowing us to remove stop
words using the NLTK library. Figure 5 exposes the result of
our automatic cleaning.

The analysis of our dataset allows us to obtain the number
of words per theme, the frequency of words used, and some
other information that we are going to show in Figure 6 and
Table 8 below.

Table 8. Dataset in numbers

Words Vocabulary Max Sentence
Total Size Length
Social 1909 974 68
Cooking 10902 3701 62
History 17816 6951 170
Proverbs 8318 3587 71
20000 17816
15000
10902
10000 8318
5000
1909
0 .
Number of words
M Social Cooking History Proverbs

Figure 6. Number of words on each theme

The Figure 7 shows the word cloud of social context content,
we observe word frequencies such as " ¢ cdll ¢l (Lla cola
ke, These words provide contextual understanding and
meaning of the social theme. In another way, words like " «/_S&
S Al «(Ja&" emphasize the importance of the general
context, indicating its relevance to the social theme.

The Figure 8 represents the word cloud of cooking content,
we see word frequencies such as " Fm ¢ 5b «Juy el o oyl
These words help to make sense of the context and contribute
to the meaning of the cooking theme. On the other hand, such
words as "iladl Ay yhall ¢ g3 5 (g ) 5 pall ¢ Sl sl highlight
the importance of the general context, indicating its relevance
to the cooking theme through the presence of words linked to
this topic.

The Figure 9 exposes the word cloud of historical content,
we see word occurrences such as "ol ¢gale e rall cala (JL,
These words contribute to understanding the context and help
to convey the meaning of the story's theme. In contrast, words
such as "Ll (&S @ laall il il emphasise the
importance of the overall context, indicating its pertinence to
the theme of the story through the presence of words related to
this topic.

Overall, as we can see on the figures, words are different for
each theme, which could give us a global view about the
diversity of our dataset. This dataset contains written and vocal
data with over 650 recordings. Each recording has a playback
time of 30 seconds and is divided into four classes. In
comparison, many of the older corpora do not have specific
classes. The CFMD is accessible to the public, whereas the
other corpora do not contain voice recordings. For all these



reasons, we can see that the CFMD is created with a unique it added value. Table 9 below shows a comparison of all the
combination that does not exist in other corpora, which gives corpora mentioned.

Figure 9. Word cloud of top words in history
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Table 9. Existing Moroccan dialect corpora

No. of No. of

# Corpus Language Source Size Year Accessibility Reuse Text Classes Medium Purpose
translating
selected
M;B?AR sentences 25 cities
- 25 Arabic city from the Basic ~ +372K . . +62000  from the . .
1 Arabic . . 2018 Public Private Written  Translation
. dialects+MSA  Traveling words sentences Arab
Dialect -
Expression World
Corpus
Corpus
(BTEC)
News articles 10
for automatic categories to establish
GQ;Jn%I'\YISA Moroccan  summarization +1,229,993 +158k over baselines for
'article Darija in code- unique 2022 Public Public  news articles of ~ Written Moroccan
dataset MSA switched tokens articles the Darija
Moroccan GOUD.MA summarization
Darija dataset
Moroccan
Dialect- Moroccan design with + 10K +10K L;rr;%e;;tjznd
3 Darija-Open dialect NLP- - 2021 Public Public - 8 classes  Written y
i N entries entries Moroccan
Dataset English applications dialect
(DODA)
will be used as
Building a translated a lexical
Moroccan Moroccan manually to resource to
dialect - Moroccan +18K . - +18K . build a
4 electronic dl\'/?lsff\t dialect content  entries 2014 Private Private entries 2 classes  Written machine
Dictionary of an MSA translation for
(MDED) dictionary the Moroccan
dialect
-Dvoice
Dialectal platform
Voice: An “Web scrape . Automatic
0 e.n- Moroccan  -Label a set of +2990 +2990 Written voice
5 e dialect collected Clos 2021 Public  Public 5 o & ecoanition
\Voi MSA recordings via speech 9
oice the Speech system
Dataset Peex
Recognition
library

6. CONCLUSIONS

In this paper, our primary objective was to address the
significant lack of resources for the Moroccan dialect, which
is severely under-resourced. To achieve our goal, we devised
a unique approach that involved harnessing the vast resources
available on the YouTube platform by collecting diverse audio
data related to various topics, we further categorized each
audio clip into smaller records, then engaging native
Moroccan speakers as transcribers. Their inherent familiarity
with the dialect and cultural context was invaluable in ensuring
accurate and authentic transcriptions. However, we
acknowledged that this manual transcription, process was
time-consuming, however, because we recognized the
significance of producing a high-quality corpus that accurately
represented the nuances and intricacies of this unique dialect,
we persevered through our quest.

Unfortunately, time did not allow us to expand our database
to include topics such as tourism and travel, as well as other
relevant topics related to Moroccan culture. In addition, with
fewer spelling variations associated with each region of
Morocco, our database has remained relatively small
compared to databases in other languages including English
and French. However, our future efforts will focus on
expanding this dataset.
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This corpus, which contains both textual and vocal data,
represents an important asset for training chatbots and voice
assistants using the Moroccan dialect. The inclusion of both
modalities enhances its usefulness in various applications,
including natural language processing (NLP) tasks, speech
recognition systems and conversational agents.
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