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Abstract

Diglossia is a very common phenomenon in Arabic-speaking communities, where the spoken language is different from both
Classical Arabic (CA) and Modern Standard Arabic (MSA). The spoken language is characterised as a number of dialects used in
everyday communication as well as informal writing. In this paper, we highlight the lexical relation between the MSA and Dialectal
Arabic (DA) in more than one Arabic region. We conduct a computational cross dialectal lexical distance study to measure the
similarities and differences between dialects and the MSA. We exploit several methods from Natural Language Processing (NLP)
and Information Retrieval (IR) like Vector Space Model (VSM), Latent Semantic Indexing (LSI) and Hellinger Distance (HD), and
apply them on different Arabic dialectal corpora. We measure the overlap among all the dialects and compute the frequencies of
the most frequent words in every dialect. The results are informative and indicate that Levantine dialects are very similar to each
other and furthermore, that Palestinian appears to be the closest to MSA.
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1. Introduction

The number of the native Arabic speakers in the world varies from 290 million according to UNESCO' to 313
million, according to the Ethnologue”. There are three varieties in Arabic language: Classical Arabic, Modern Standard
Arabic (MSA), and Arabic dialects (Colloquialism). Classical Arabic (CA) is the form of the Arabic language used in
Umayyad and Abbasid literary texts from the 7th century AD to the 9th century AD. The orthography of the Quran
was not developed for the standardized form of Classical Arabic [1]. MSA is the official language used for education,
news, politics, religion and, in general, in any type of formal setting. Colloquialisms (dialects) are used in everyday
communication as well as informal writing, e.g. in social media [2].
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As a result of this situation, diglossia, a case where two distinct varieties of a language are spoken within the same
speech community [3], is a very common phenomenon in Arabic-speaking communities. In some parts of the Arab
speaking world, more than two varieties are spoken within the same community. For example, this is the case in North
African communities like Morocco where Arabic, Berber, French, English and Spanish are spoken within the same
speech community [4]. In a diglossic situation, the standard formal language assumes the role of the High variety (H),
while the other languages or dialects act as the Low variety (L) [5]. MSA is so different from the colloquial dialects
that they are in some cases not mutually intelligible. The differences are clearly evident in all linguistic aspects:
pronunciation, phonology, morphology, lexicon, syntax and semantics. However, the degree in which the individual
dialects differ with respect to these aspects has not been yet quantitatively measured.

In this paper, we focus on measuring the lexical distance between MSA and Arabic dialects using natural language
processing techniques, tools and text corpora. We use various distance metrics such as the Vector space model (VSM)
based on word distribution over documents as common in Information Retrieval (IR) [6], Latent semantic indexing
(LSI) [7] and the Divergence Distance algorithm as Hellinger Distance (HD) [8]. We hope that this study will shed
light on similarities and differences between the varieties and therefore inform our future work on building NLP tools
and applications for these domains, in particular how these can be ported.

To the best of our knowledge, our work is the most extensive effort to measure the distance or similarity across
Arabic dialects using natural language processing tools and text corpora.

2. Related Work

Several approaches have been used to measure the distance between European languages [9, 10], Indian dialects
[11], and similar languages [12, 13]. These approaches can be classified according to the type of linguistic represen-
tations they investigate: characters, terms and documents. Lexical similarity measures operate on string sequences at
a character level and on corpora of texts at a term level. Table 1 shows the most popular approaches in the litera-
ture. There is not much research on measuring the lexical closeness and divergence between Arabic and its dialects.

Table 1. Summary of the most commonly used approaches for measuring similarity between texts

Approach Level Approach Name Description

Measures the length of the longest contiguous sequence of characters existing in the
string under comparison [14, 15].

Measure the minimum number of insertions, deletions and substitutions needed

to transform one string into another [16, 17].

Can be used in different ways to estimate similarity or dissimilarity.

N-gram models One of the most effective approaches is to build n-gram models for

Language Identification and measure the perplexity of n-grams [18].

Used for biological sequence comparison;

e.g. the Needleman-Wunsch and Smith-Waterman algorithms [19].

Represent documents as vectors of word frequencies and then apply vector comparison
measures to compare vectors of different documents [20].

Cosine Similarity Measures the cosine angle as a similarity indicator between two vector spaces [21].
For example, the Kullback-Leibler distance, Hellinger, Manhattan distance, etc.

These are used to measure the divergence between probability distributions [22, 23]
Measures the number of overlapping strings over the number of unique strings
between texts to indicate the similarity [24].

Latent Semantic Indexing Words that are close in meaning will occur frequently in similar positions in the text [25].

Character Level Longest Common SubString

Levenshtein distance

Dynamic programming

Term Level Vector space models

Divergence Distance

Jacquard similarity

Abunasser in [16] compares five Arabic dialects (MSA, Gulf, Levantine, Egyptian and Morocco) in terms of lexical
and pronunciation variation. He depends on the Swadesh list [26] and the concept of non-cognate words to measure
the amount of linguistic variations between the dialects. As the Swadesh list is a phonological list rather than a lexi-
con, the author collected the data from two male speakers for each dialect. The Swadesh list has been adapted to the
MSA list using two modern Arabic dictionaries (5, ¢l! almwrd [27] and bl o) el gamws abn ayas [28)).
To rule out the chance of lexical ambiguity, a context sentence per each lexical item has been provided. Thus, the
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distance between dialects is measured based on the percentage of non-cognates in the MSA Swadesh list. Moreover,
he employs Levenshtein distance to compute the distance between lexical items at the phonemic level based on the
IPA transcription of the words in the Swadesh list. He concludes that Gulf and Levantine are the closet dialects to
MSA followed by Egyptian, while Morocco is the farthest. The most significant limitation of this experiment is how
the data were collected where speakers, gender and the geographical location were limited to two male speakers per
dialect only. Also, the two modern dictionaries that are used to translate the Swadesh list to the corresponding MSA
list have been authored by Levantine authors which might bias MSA to Levantine to some degree. Finally, with the
intention to measure lexical variation, the study uses phonemic representation of words which may also reveal other
more subtle non-lexical differences.

Meftouh et al. [22] present PADIC (Parallel Arabic Dialect Corpus). It includes five dialects: two Algerian (from
the cities of Algiers and Annaba), one Tunisian and two Levantine dialects (Palestinian and Syrian). The authors
present a linguistic analytical study of PADIC where they employ experiments on every pair of dialect and MSA,
including:

o identifying the most frequent words in each dialect;

e computing the percentage of common lexical units both at the document and the sentence level to emphasize
the relation between the dialects and the MSA; and

e measuring the cross language divergence in terms of the Hellinger distance to measure which language is closer
to which one.

The experiments have shown that the Palestinian dialect is the closest dialect to MSA followed by Tunisian and Syrian,
whereas Algerian dialects are the most different. The results are expected, as they demonstrate that Tunisian is closer
to Algerian than to Palestinian and Syrian. In addition, the closest dialects according to the distance measurements are
Algerian dialects on one hand and Palestinian and Syrian on the other hand. Even though the results are reasonable,
the corpus has a shortcoming that it has been manually translated from Algerian conversations to MSA and further to
other dialects by one native speaker of each dialect which introduces several biases.

Rama et al. [12] present a computational classification of the Gondi dialects which are spoken in central India by
applying tools from dialectometry and phylogenetics. They use multilingual word lists for 210 concepts at 46 sites
where Gondi is the dominate dialect. They depend on the Glottolog classification as a gold standard to evaluate their
results. To be able to compute the aggregate distances, they employ the IPA to convert the word lists to pronunciation
data. Levenshtein distance and Long-Short Term Memory neural networks are used as dialectometry methods to
measure the distance between every word pair of words on the list. Moreover, they also apply Bayesian analysis on
cognate analysis as a phylogentic method. They find that phylogentic methods perform best when compared to the
gold standard classification.

Ruette et al. [20] measure the distance between Belgian and Netherlandic Dutch using two similarity measures in
the Vector Space Model (VSM). They apply the two methods on a Dutch corpus collected from two registers (qual-
ity newspapers and Usenet) and topics related to politics and economy. They also exploit the profile-based approach
(where the frequency of pre-selected words is compared from speakers’ data) in addition to the text categorization
method. For the profile based approach they implement the City-Block distance as a straightforward descriptive dis-
tance measure. On the other hand, text categorisation is using TFXIDF on documents and cosine similarity to measure
distance as the complement of cosine similarity.

3. Qualitative differences between MSA and DA

Arabic is characterized by its rich morphology and vocabulary. For instance the Arabic word dlascws wsyeyk

means “and he will give you” in English so one word in Arabic may correspond to 5 words in English [29] and that
would make the comparison between languages/dialects challenging. This is true for both MSA as well as dialectal
Arabic. However, MSA and DA have a number of differences that make it difficult for one to apply state of the art
MSA natural language processing tools to DA. Previous attempts to do so have resulted in very low performance
due to the significant difference between the varieties. [30] report that over one third of Levantine verbs cannot be
analysed using an MSA morphological analyser. The degree of variation between MSA and dialectal Arabic depends
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on the specific dialect of Arabic. MSA and dialectal Arabic differ to a different degree phonologically, orthographi-
cally, morphologically, syntactically, lexically and semantically [31, 32]. In this section we describe some qualitative
differences between MSA and the dialects based on our observation of examples.

3.1. Orthographical and Phonological Differences

Dialectal Arabic (DA) does not have an established standard orthography like MSA. Mostly, Arabic script is used
to write DA but in some cases, e.g. in Lebanese, the Latin alphabet is used for writing short messages or posting on
social media. For example, ¢laS” kyfk / “how are you™ is represented as Keifk. Another example is the pronunciation

of dialectal words containing the letter (3 ¢ which depends on the dialect and regions. For instance, the Palestinian

speakers from rural and urban regions pronounce it like /’/ glottal stop or /k/ while Bedouin pronounce it as /g/ . The
word )& gal /say is pronounced and sometimes written as & gal , J§ kal , JC »al or J» gal [33].

3.2. Morphological Differences

Dialects, like MSA and other Semitic languages, make extensive use of particular morphological patterns in addi-
tion to a large set of affixes (prefixes, suffixes, or infixes) and clitics, and therefore there are some important differences
between MSA and dialectal Arabic in terms of morphology because of the way of using these clitics, particles and

affixes [34]. Some examples are illustrated in Table 2 and 3.

Table 2. Examples for Morphological differences

Example Dialect word Dialect MSA English

Using multiple words together oS kyfk Levantine N oS kyf halk How are you?
u:’zlm mds Egyptian o N la yhm Does not matter
sy Aoo mbdrss Palestinian U N laydrs He does not study

Sharing the stem with different affixes e Lo ma bydrs Syrian
iy dee mbydrsS Egyptian
ol borah Oy swf will

The future marker _ale> Dyl Palestinian oy Cs swfyld He will play
ok 7L, rah yih
< b for present

Clitics S\ byakl Egyptian 5 i yakl He is eating
c.\aJ o= bibh Syrain C.Jai Ul una atbh I am cooking

3.3. Syntactic Differences

Syntactically, MSA and DA are very similar with some differences regarding word order. For example, the OVS
and OSV word orders are most commonly used in MSA while in dialects other word order patterns can be found.
For example, in Levantine SVO is most commonly used, while in Maghrebi VSO is used to a great extent [35].
Furthermore, in dialectal Arabic it is common to use masculine plural or singular forms instead of dual and feminine
plural forms [36].

3.4. Lexical and Semantic differences

Many DA words are borrowed from a variety of other languages like Turkish, French, English, Hebrew, Persian
and others depending on the speaker contact with these languages. Table 4 shows some of the borrowed words. New
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Table 3. Differences in negation between the dialects

MSA Englihs Negation English
sl aaf know el N g aaf Don’t know
Palestinian Jordanian Syrian Lebanese

Gle e mS arf
Egyptian

b yma mfS
Gulf

&M mdry

Gle e mS arf
Algerian

O e mS naf
Iraqi

d)j L ma adry

dj'”. Lemdb“rif

Slds mibsalys

O m o ma berif
Tunisian

Sl e mnys arf

lexical items appear mostly in dialects and not MSA as shown by the example in in Table 5. Another thing to note is
dialects and MSA share words but with different meanings. For example, the word ] 95 dwl means "these’ in Egyptian

but “countries” in MSA.

Table 4. Examples of borrow words from other languages

Word MSA English Word Original MSA English
S b trbyzh Yol rawlh Table 8,9y bndwrh Italian oLl tmarm Tomatoes
sk astad e mdrs Teacher Oy tf Hebrew A gyd Good
5:@;‘ afwkadw s\ mhamy lawyer O 92 tlyfwn English &5\a hatf Telephone
Table 5. Examples for new lexicon in dialects
MSA English

Y alan Now
Levantine Bedouin Saudi Arabia Iraqi

Sk (M hla, higyt ol hlhyn e dhyn ciglla halwgt
Libyan Tunisian Algerian Egyptian

lgs twa 3g5 twh lg5 twa C3eds ¢ 3e)s diwgty, diwgt

4. Quantitative differences between MSA and DA

4.1. Arabic Corpora

Ferguson [3] was the first to define the term diglossia. He stated and defined the most important features in order
to understand the difference between the official languages (H) and the informal varieties (L). One of these features is
the lexicon. In his own words: “A striking feature of Diglossia is the existence of many paired items, one H and one
L, referring to fairly common concepts frequently used in both H and L, where the range of meaning of the two items
is roughly the same, and the use of one or the other immediately stamps the utterance or written sequence as H or L”.

In this work, we examine several existing Arabic corpora, so that we can include as many dialectal data as we can.
Table 6 shows the corpora we use and the dialectal data they contain. Table 7 shows the statistics about each corpus
where |d| is the number of documents (sentences) in the corpus, |w| is the number of words in the corpus, and |v| is the
vocabulary size (number of unique words).
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Table 6. List of Arabic corpora used to investigate the differences between dialects

Corpus Name Type Dialects Description
PADIC MSA, Algerian, The corpus is Vcollecte.d from Algerian chats
(Parallel Arabic Dialect Corpus) Parallel Tunisian, Palestinian, Syrian and conversations which are translated to
P ’ -3 MSA and then to other dialects.
Multi-dialectal Arabic MSA, Egyptian, Syrian, This corpus is orlglnglly bulld. on Egyptian dialects
Parallel . . . extracted from Egyptian-English corpus. It has been translated
parallel corpus Palestinian, Tunisian, Jordanian .. .
to the remaining dialects by four translators
SDC Palestinian, Syrian, The corpus is collected from different sources

Non-parallel of social media, blogs, stories and public figures

(Shami Dialect Corpus) on the Internet.

Jordanian, Lebanese

WikiDocs Corpus Comparable ~ MSA, Egyptian It contains a comparable documents from Wikipedia.

The two Algerian dialects are the basis of the Parallel Arabic Dialect Corpus (PADIC), that was collected from
daily conversations, movies and TV shows were presented in Annaba and Algeria dialects. The two corpora were
transcribed by hand and then translated to MSA. Hence, the MSA is considered the pivot language to construct the
Syrian, Palestinian and Tunisian dialects. They adopt Arabic notation to write dialectal words. If the dialectal word
does exist in MSA, it is written as MSA without any change, otherwise, it is written as it is uttered. Some consider
these rules as drawbacks of the corpus which bias the dialect to the MSA and the translated sentence is subjected to
the annotators [22]. The corpus is not considered fully representative for every dialect due to the lack of translators
particularly for the Levantine dialects where only 2 translators are involved while for Tunisian they had 20 speakers
all of them from the South of Tunisia where their dialect is close to the Standard Arabic.

The Multi-dialectal Arabic parallel corpus is built on the English-Egyptian corpus [37], where the Egyptian sen-
tences have been selected as the starting point for the new parallel corpus. Five translators, one for every dialect,
were asked to translate the Egyptian corpus to Palestinian, Jordanian, Syrian and Tunisian dialects, while the Egyp-
tian speakers translated the corpus to corresponding MSA [38]. Using the Egyptian sentences as the pivot dialect
makes the corpus heavily influenced and biased by the Egyptian dialects, which is clearly shown in our results in the
following sections.

The WikiDocs corpus is extracted from Arabic Wikipedia articles and their corresponding Egyptian Wikipedia
articles [39]. It should be noted that a lot of the Egyptian articles are not detailed, as most of these only contain one or
two sentences. This is in contrast to the MSA articles, which contain full details on each subject. The Shami Dialect
Corpus (SDC) corpus is collected from different domains like social life, sports, house work, cooking, etc. and from
resources such as personal blogs, social media public figures posts and stories written in DA. It focuses on public
figures from Levantine countries. It is not a parallel corpus, thus the measures are done over the whole corpus and not
on every document [32].

Table 7. Statistics about the used corpora

PADIC SDC

MSA PA AlG SY Tn PA JO SY LB
d| 6.4K 6.4K 6.4K 6.4K 6.4K 21K 32K 48K 16K
[wl 51K 51K 48K 49K 48K 0.35M 0.47M 0.7M 0.2M
vl 9.4K 9.6K 9.4K 10K 10.6K 56K 69K 63K 34K

Multi-dialect corpus WikiDocs corpus

MSA PA JO SY TN EG MSA EG
|d]| 1K 1K 1K 1K 1K 1K 459K 16K
[wl 11.9K 10.5K 9.7K 11.5K 10.6K 10.9K 83.5M 2.18M

vl 4.4K 4K 3.6K 4K 3.8K 45K 4. 7™M 293.5K
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In what follows, we exploit various approaches to the lexicon to precisely clarify the difference between MSA and
other Arabic dialects in term of lexical distance. The type of corpora affects the way we implement each measure as
follows:

e for parallel and comparable corpora: the comparison is at the document (sentence) level, then the average is
taken at a corpus level;

o for non-parallel and non-comparable corpora: the comparison is at the corpus level, given that the data belong
to the same domain.

In all experiments we have used Python as a programming language to implement the algorithms and used the Gensim
library for some methods. As the corpora are already preprocessed, we did not do any further pre-processing.’ In the
next subsections, we present the measures what we use in our experiments.

4.2. Lexical Sharing and Overlapping

Jaccard Index is a measure of how similar two data sets are. Given that dialects share many words, we compute the
percentage of vocabularies that overlap between these dialects according to Equation 1. Table 8 presents the similarity
overlap across dialects. Palestinian is the most similar to MSA, that coming after the Egyptian dialect, with the
highest percentage of vocabulary overlap in both parallel corpora. The measurement on the SDC shows a reasonable
overlapping across the Levantine dialects, while in the comparable corpus the overlapping between the MSA and the
Egyptian does not exceed the 0.1.

|A Bl
JaccardIndex(A,B) = ——— (D
AU B
Table 8. Percentage of vocabulary overlapping between dialects
PADIC Multi-dialect corpus
ALG TN SY PA EG JO TN SY PA
MSA 0.1 0.14 0.14 0.19 MSA 0.21 0.14 0.13 0.15 0.16
PA 0.13 0.14 0.25 PA 0.23 0.25 0.18 0.24
SY 0.12 0.16 SY 0.23 0.26 0.18
TN 0.17 TN 0.18 0.18
JO 0.21
SDC WikiDocs corpus
LB JO SY EG
PA 0.15 0.21 0.19 MSA 0.1
SY 0.16 0.2
JO 0.16

4.3. Vector Space Model (VSM)

VSM is broken down into three steps. First, document indexing where each document is represented by the content
bearing words which, in turn, are represented as a document-terms vector. VSM represents all documents as vectors
in a high dimensional space in which each dimension of the space corresponds to a term in the document collection
[7]. Secondly, term weighting where a weighting schema is used to compute the term weightings for each term in
the represented vector (document). The most common weighting schema is to employ the frequency of occurrence

3 It is possible that the preprocessing techniques that have been used on different corpora might affect their comparison, which is an unfortunate
limitation of our approach in terms of the implications for language use in general.
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expressed as a ration between frequency and inverse document frequency (tf-idf). A similarity coefficient is then
computed between each pair of vectors to indicate a ranking of documents [40].

We utilize the VSM to measure the similarity across dialects and MSA by comparing the similarity between the
terms in their documents or sentences. Clearly, not all words in a dialect or a document are equally important. Most
current approaches remove all the stop words during the preprocessing phase. However, we have decided to index all
words as many of the stop words act like function words and therefore are distinguishing of certain dialects. In order
to overcome the out-of-dictionary problem we build a vector for each pair of dialects. Therefore, for the first dialect
(MSA), we draw a vector model and employ the tf-idf weighting schema. The second dialect is considered as the
query vector compared to the first dialect. Spatial closeness corresponds to conceptual similarity (words that are used
in the same documents are similar) so we measure the cosine similarity between the main vector model (first-dialect)
and the query vector (second-dialect) (what a vector represents in each case depends on the kind of corpora we are
comparing as explained above) which is a symmetric measurement. Table 9 present the similarity across dialects for
all corpora.

Table 9. Similarity across dialects for all corpora based on VSM

PADIC Multi-dialect corpus

ALG N SY PA EG JO N SY PA
MSA 0.27 0.38 0.37 0.5 MSA 0.5 0.38 0.37 0.4 0.4
PA 0.38 0.47 0.63 PA 0.59 0.66 0.48 0.62
SY 0.34 0.41 SY 0.63 0.7 0.5
N 0.44 N 0.49 0.47

JO 0.56

SDC WikiDocs corpus

LB JO SY EG
PA 0.84 0.86 0.77 MSA 0.4
SY 0.81 0.9
JO 0.84

The results show that the Palestinian dialects in both the PADIC and the Multi dialect corpus are closer to MSA,
with 0.5 and 0.4 similarity respectively, while the Tunisian and Algerian dialects are furthest from MSA. Moreover,
on SDC we can demonstrate a high similarity between individual Levantine dialects. For example Jordanian is the
closest to Palestinian, which seems to coincide with informal observations by native speakers of both dialects.

It is worth mentioning that the Egyptian dialect records the highest relation with MSA in Multi-dialect corpus, as
we previously expected. The corpus is biased towards the Egyptian dialect, as Egyptian was the pivot language when
the corpus was built. This is reflected in all the measures used here. However, the bias of the pivot language is not
reflected between Algerian and MSA in the PADIC corpus as these are the least similar varieties.

4.4. Latent Semantic Indexing LSI

Unlike VSM and other retrieval methods, LSI can address the problem of synonymy and polysemy among words.
It analyzes the documents in order to represent the concepts they contain. LSI tries to map the vector space into a new
compressed space by reducing the dimensions of the terms matrix using Singular Value Decomposition (SVD). By
using SVD, the main associative patterns and trends are extracted from the document space and the noise is ignored.
In other words, it makes the best possible reconstruction of the document matrix with the most valuable information
[7]. We exploit the LSI model to measure the similarity between the dialects. We build the model with all the dialects
(full corpus) and test it on one dialect in each run. The model outputs the similarity between the test dialect and every
dialect used to build the model. Table 10 shows the similarities among the Arabic dialects for all corpora.

Palestinian appears to be close to MSA only in PADIC, whereas the Tunisian dialect shows a close relation to MSA
in both corpora. In addition to this, it is obvious that the relation between the dialects in the Levantine corpus (SDC)
is very strong as well as the relation between the Algerian and Tunisian. These results show the artefacts of the LSI
model which connects the data according to topics and clusters.
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PADIC Multi-dialect corpus

ALG N SY PA EG JO N SY PA
MSA 0.68 0.75 0.69 0.75 MSA 0.72 0.37 0.75 0.4 041
PA 0.78 0.82 0.85 PA 0.82 0.88 0.63 0.9
SY 0.74 0.74 SY 0.7 0.94 0.59
TN 0.82 N 0.74 0.55

JO 0.73

SDC WikiDocs corpus

LB JO SY EG
PA 0.84 0.86 0.77 MSA 0.8
SY 0.81 0.9
JO 0.84

4.5. Hellinger Distance

We are interested to measure the divergence between the dialects. Here we will use the Hellinger Distance (HD) that
measures the difference between two probability distributions [22]. In this work we use Latent Dirichlet Allocation
(LDA) to model a vector of discrete probability distributions of topics to measure the distance between dialects in
comparison. LDA is a very common technique used to uncover topics in the data [41]. For simplicity, a Bag Of Words
(BOW) model is used to represent the data from our corpora. LDA gives us a probability distribution over a specified
number of unknown topics. LDA therefore works like a way of soft clustering the documents made up of words. Later
HD is then used to measure the distance between these topics and new documents. The greater the distance the less
the similarity between the dialects and vice versa.

Table 11 shows the distance between the dialects cross all corpora. Palestinian is less dissimilar from MSA com-
pared to the rest of the dialects in PADIC. Even though in the Multi-dialect corpus the results for the distance of all
dialects, except of the Egyptian, to MSA is quite close, the Tunisian seems to be the closest to MSA. Considering that
the Levantine dialects in SDC are very similar to each other, the Jordanian and the Syrian dialects are the closest to
each other, while the Palestinian and the Lebanese dialects are most dissimilar.

Table 11. Distance between dialects for all corpora based on Hellinger Distance

PADIC Multi-dialect corpus

ALG N SY PA EG JO N SY PA
MSA 0.91 0.83 0.77 0.77 MSA 0.01 0.77 0.76 0.78 0.78
PA 0.73 0.64 0.58 PA 0.52 0.34 0.77 0.55
SY 0.87 0.81 SY 0.53 0.54 0.72
TN 0.72 N 0.35 0.69

JO 0.51

SDC WikiDocs corpus

LB JO SY EG
PA 0.26 0.18 0.23 MSA 0.73
SY 0.25 0.1
JO 0.2
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4.6. Frequent words and Correlation Coefficient
This step consists of two parts. At first, we extract the 30 most frequent words in each dialect and then we collect
those words that appear in all dialects to calculate the Pearson correlation coefficient among them in respect to their

frequency as shown in Table 12.

Table 12. The Person correlation coefficient between dialects in PADIC and SDC

PADIC SDC

ALG N SY PA LB JO SY
MSA 0.76 0.92 0.67 0.85 PA 0.31 0.42 -0.05
PA 0.97 0.95 0.86 SY 0.13 0.74
SY 0.83 0.71 JO 0.47
N 0.92

The result shows high correlation for the frequent words between the MSA and Tunisian, followed by the Pales-
tinian dialects in PADIC. This sheds the light on the different usage of frequent words cross dialects. For example
Palestinian speakers say dw J.\.U 3 fy almdrsh | “at the school” while the Syrian speakers say <. J.)Jb_ balmdrsh.

For the words that are not shared and have not been included in the correlation experiment, we have calculated the
Term Frequency (TF) as in Equation 2.

TF@) = (Number of times term t appears in a dialect) ®
- (Total number of terms in the dialect)

As we have already mentioned, we have not eliminated stop words from the corpora as these keywords are discrim-
inative and representative for each dialect and hence can be used to build a dialectal lexicon. Table 13 shows the 20
most frequent words in PADIC*.

5. Conclusion

In this paper, we estimate the degree of similarity and dissimilarity between MSA and DA on one hand, and across
dialects of Arabic on the other. Different measures have been exploited, such as as VSM, LSI, HD as well as simple
measures like vocabulary overlap, coefficient correlation and Jaccard similarity. More than one corpus has been used.
In particular, PADIC, the Multi-Dialect corpus, SDC and Wiki-Docs were used, that include MSA, Levantine dialects,
Egyptian and Dialects from North Africa. This was done in order to minimise the bias of any of the individual corpora
and to address the question of the degree of the text representativeness. Most of the measurements used indicate that
the Levantine dialects are in general the closet to MSA, while the North African dialects the farthest. Although the
results show some differences due to the nature of the corpora, in general, the results are homogeneous. For example,
it is expected that the Egyptian dialects appear very close to MSA in the Multi-Dialect corpus. This is, as mentioned
earlier, due to a strong bias of the specific corpus towards the Egyptian dialect, given that it was built from an Egyptian
corpus and then translated into other dialects and MSA.

We have shown the degree of convergence between the dialects of the Levant and the linguistic overlap to such
an extent that in some cases it seems impossible to distinguish between them in writing without the presence of
phonological information or without adding accent diacritic marks.

It is very clear that we have a new variety, i.e. an informal writing dialect, which differs from the spoken dialects.
Even if some dialects appear close to each other based on the speakers’ intuitions, there may be differences in the
writing form due to the lack of accent diacritics. The reverse is also true. Some dialects appear closer lexically in their
writing form given that a big part of their vocabulary overlaps, but in their spoken form, they are not that close.

This study can be seen as a basis for building Natural Language Processing tools for dialectal processing by adapt-
ing what already exists for MSA and focusing on areas of similarity and degrees of difference. The study is the

4 The full tables for all corpora can be found in https://github.com/GU-CLASP/DAdistance
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Table 13. The percentage of the most frequent words in PADIC

MSA Palestinian Syrian Tunisian Algerian

‘Word TF% ‘Word TF % ‘Word TF % Word TF% Word TF%
N la 1.96 W aity 0.84 o~ bs 0.98 S bas 0.85 db 1.14
ol an 1.44 <l anh 0.83 sl ay 0.92 Jaly 0.78 Sy was 1

g Im 0.81 o bs 0.81 s“‘ n 0.89 <l ayh 0.73 ! ayh 0.82
Jb 0.7 il ays 0.8 o Sw 0.88 Y la 0.72 gL 0.79
o= nm 0.7 e m¥ 0.79 corh 0.85 Ll ama 0.59 Sk 0.67
la hda 0.65 ol ah 0.77 s Sy 0.73 O kan 0.46 Y lala 0.59
15 mada 0.47 N la 0.65 Y la 0.7 lia hda 0.44 soly wahd 0.48
) la 0.45 Iia hda 0.64 ! anw 0.51 5w 0.37 Ny wia 0.4
Ja i 0.45 il asy 0.55 9o MW 0.48 e das 0.35 4\, rany 0.38
o3 dik 0.42 U ima 0.53 RS knyr 047 S hia 0.34 L\ bas 0.37
o lkn 0.42 o8 hw 0.5 U ima 0.45 Al bahy 0.33 > hia 0.36
o Ik 0.39 olas san 0.45 L alty 0.44 o hw 0.31 Wy wallh 0.34
biis sidma 0.39 sha hyk 0.44 s hyk 0.37 =3y wqt 0.31 oa hw 0.32
s glt 0.83 15 ada 0.44 sl had 0.36 Sy mws 0.29 C'J rah 0.32
13 #ida 0.35 S ktyr 0.4 Wl allh 0.35 soly wahd 0.25 el balsh 0.32
) tha 0.34 I allh 0.36 S bys 0.34 0.25 9> dwk 0.31
A hnak 0.41 oda hdh 0.35 15\ ada 0.31 3 brsh 0.25 loS” kyma 0.31
W allh 0.32 S5 0.34 Jeo mul 0.31 M atly 0.24 2, brk 0.3
J Ih 0.32 S Iys 0.33 o5 N 0.29 dv 5y 0.23 2!, rahy 0.3
st e 032 gl any 03 o8 kan 0.28 Yy wia 023 g sh 0.29

most extensive of its kind concerned with measuring similarities and differences in Arabic and dialectal Arabic, and
represents a basis for new similar investigations, focusing on other criteria such as phonological distance, morpho-
logical distance and semantic distance. In the future, we plan to employ other methods of measuring similarity and
distance based on the semantics of the words, e.g. word embedding techniques with Word2Vec. In this way, one can
extract different words in terms of their lexical relatedness, and use them in automatic machine translation tools for
the languages and dialects investigated.
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