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Summary

Natural texts are analyzed to obtain their intended meaning to be
classified depending on the problem under study. One way to
represent words is by generating vectors of real values to encode
the meaning; this is called word embedding. Similarities between
word representations are measured to identify text class. Word
embeddings can be created using word2vec technique. However,
recently fastText was implemented to provide better results when
it is used with classifiers. In this paper, we will study the
performance of well-known classifiers when using both
techniques for word embedding with Arabic dataset. We applied
them to real data collected from Wikipedia, and we found that
both word2vec and fastText had similar accuracy with all used
classifiers.
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1. Introduction

Natural language processing (NLP) includes text
analysis to obtain its intended meaning. It has been widely
used to solve many problems, such as distinguishing fake
news, finding users' interests in recommender systems, and
much more. E-commerce expanded recently, especially
with the outbreak of COVID-19. To improve users'
experience, e-commerce software uses user demographics,
shopping history, social media, etc. Collected data can be
analyzed and classified to determine users' interests, and
then services and products are provided based on these
[1][2]. To build a better recommender system, text analysis
was used to gain insights into individuals' interests. The
first step of this process is word embeddings, which
generates a vector of real values to encode the meaning of
the text. Then, to build the classifier, word embeddings
were used, and the similarities between vectors are
measured to classify the text.

There are different techniques to generate word
embeddings [3, 4, 5]. Word2vec was presented as a better
approach than feature extraction according to Altowayan et
al. [4]. In this method, each word is represented in a list of
numbers called a vector. A mathematical equation, such as
cosine similarity, measures the semantic similarities
between words. Word2vec is limited to the set of words in
the training set.
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Recently, a word embedding model, called fastText, was
implemented by Facebook to generate better embeddings.
It represents words as bags of n-gram characters; then, the
n-gram's vectors are summed [6]. It supports many
languages, and it overcomes the issues of word2vec, as it
can generate embeddings to new words that are not part of
the training set.

The research community has claimed that the
performance of fastText is better than that of word2vec;
however, to the best of our knowledge, there is no study
comparing the accuracy of classifier algorithms when each
technique was applied using Arabic text. Thus, in this
work, we conducted a controlled experiment to compare
the accuracy of different classifiers when different word
embedding techniques where used: word2vec and fastText.

Our previous study used fastText to generate word
embeddings [1]. Then, eight classification algorithms were
used to classify Arabic text. In our experiment, we will use
the same dataset and classifiers used in the previous study
to compare the results of using word2vec to those
generated using factText. The dataset consists of 1,909
articles belonging to five categories: health, sport, beauty,
technology, and work.

This paper is organized as follows: section 2 covers the
literature review. Then, section 3 explains the overall
methodology we will follow in our experiment. Last, in
section 4 is the experimental design and results.

2. Literature Review

Arabic text is used in many applications under the
field of natural language processing [7]. Text is classified
to determine its actual meanings; word embeddings, which
are word representations in low-dimensional space, are
produced to capture the syntax and semantic meanings of
the text. They can be generated using different techniques.
Word2vec is one of the techniques proposed by Mikolov et
al. [6], which generates a vector for each word with higher
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accuracy and lower computational costs than previous
techniques [8].

Semantic natural language processing uses the cosine
similarity to measure the similarity between two vectors.
Word2vec was applied because it is recommended more
than the legacy method TF-IDF. However, word2vec
embedding must be trained, which requires a big data
sample to generate accurate results [9].

Word2vec technique was also used with neural
network model to identify similarities between user
profiles and to determine the symmetries in word vectors
[10]. Word2vec was used along with Metadata as inputs in
movie recommendation systems [11]; it shows a better
performance than the Singular Value Decomposition
(SVD) and item2Vec methods.

A hybrid model that integrates embedding via
word2vec in recommender systems was proposed in [12].
The proposed model employed detailed descriptions rather
than meta-data only, which will enrich the obtained data
and lead to better recommendations.

Word2vec technique was used with deep neural

networks (DNN) to solve cold start problem in
E-commerce [13]. The issue appears in many common
situations, such as like suggesting new products or similar
products and or targeting specific users for offers or
discounts. Word2vec was used to convert the textual
information into latent vectors, which in response
increases the accuracy of the suggestions provided to the
user. Word2vec was also used with deep learning to
propose more general approach to solve the cold start
problem in recommender systems [14].
Security is another area that used word2vec technique to
propose a model that finds similarities between various
reviews for spam detection [15]. The results of Word2vec
were used with support vector machine (SVM) to classify
the text as a spam or not.

Some work has been conducted to compare the
performance of fastText and work2vec. Erdinc and Guran
compared the performance using Turkish documents [16],
and another research by Kang and Yang was conducted to
compare the differences between them. They found that
word2vec technique performed better than fastText in
terms of sentiment analysis tasks [17]. To the best of our
knowledge, no prior work used Arabic dataset to compare
the accuracy of classifier algorithms with Word2vec and
fastText.

3. Methodology

To replicate the study that was performed previously
using fastText word embedding model [1], we followed
the same methodology to train and evaluate the
classification models. First, we applied word2vec model to
generate word embeddings. Word embeddings are
generated at words level creating one vector for each word.
Then, the average of words embeddings is computed for
each article to return one embedding representing the
whole article. This value was used to train the classifier
model; We used a set of well-known classifiers following
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the previous work by Alghamdi and Assiri [1]. Lastly,
classifiers were evaluated based on their accuracy and F1

scores. The overall methodology is illustrated in Figure 1.
Fig. 1 Overall Methodology

4. Experimental Study

We conducted a controlled experiment that aims to
study the research hypothesis that fastText technique
generates better Arabic word embeddings than word2vec
model. The following is the null and alternative
hypotheses:

HO: The performance of fastText technique and Word2vec
technique are the same.

HI: The performance of fastText technique is better than
that of word2vec technique.

4.1 Dataset

We used an Arabic-labeled dataset that was collected
from Arabic Wikipedia Articles using Wikipedia API. It
consists of 1,909 articles belonging to five categories,
which are health, sport, beauty, technology, and work.
Data is already cleaned; stop words and unrelated words in
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the articles were removed. Therefore, no additional
pre-processing was applied. Data can be found here !.

4.1 Word Embeddings

A pre-trained Word2vec model was used to generate
word embeddings®. The model was trained on Wikipedia
articles with 300-vector length. We used this model as an
equivalent to the pre-trained fastText model that was used
in the previous study [1].

We generated the embeddings at the word level for each
article; then, we computed the average embedding to
represent each article with a single embedding. However,
we could not generate one embedding for each article
because Word2vec does not support sentence embeddings.

4.3 Classifiers

We used Python and the Scikit-learn library [18] to
implement the models. We applied same set of
classification algorithms as in the previous study:
Gaussian Naive Bayes (GNB), Logistic Regression (LR),
Support Vector Machine (SVM), K-Nearest Neighbour
(KNN), Nu-Support Vector Classifier (Nu-SVC), Decision
Tree, Multi-layer Perception (MLP), and Gaussian Process
Classifier (GPC). Then, 10-fold stratified cross-validation
with default parameters [18] was used for validation
(Figure 2).
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Fig. 2 10-folds cross-validation [19]

4.4 Evaluation

To evaluate the performance of the classifiers using
word2vec embedding model and compare it to the
classifiers when fastText model was used, we replicated

! https://github.com/Nuhagh/MastersThesis

2 https://github.com/rozester/Arabic-Word-Embeddings-Word2Vec

the word embedding process by using the average
embedding as the input to train the classification
algorithms, following the approach in [1]. As mentioned
earlier that we were unable to generate sentence
embeddings using word2vec; thus, we could not replicate
this part of the study. We used two metrics: accuracy and
F1 score as shown in equations 1 [20] and 2 [21].

Accuracy = (Tp + Tn)/(Tp + Tn + Fp + Fn) 1)
F1 =2 *(Precision * Recall)/ (Precision + Recall) 2)
Precision = Tp/(Tp + Fp) 3)
Recall = Tp/ (Tp + Fn) “

Tp denotes the number of true positives, which is the true
class i events that are successfully predicted, and Ty
denotes the number of true negative, which are the events
that are not class 1 and were not predicted as class i. F, and
F, are the numbers of falsely predicted events and falsely
not predicted events, respectively. F1 score is the harmonic
mean of precision (equation 3) and recall (equation 4). The
metrics were computed independently for each class, and
then the average was computed.

4.5 Results and Discussion

The results of the 10-fold cross-validation evaluation
are shown in detail in Table 3. The average accuracy and
F1 score compared to the results found by the previous
work [1] are shown in Tables 1 and 2. As shown, the
average accuracy and F1 score using word2vec model are
slightly less than those found when using fastText
technique. However, the difference is not significant.
These results were expected, as fastText is a better
alternative to word2vec as Mikolov et al. showed in their
work [6]. Based on their work, fastText overcome the
limitation of word2vec embedding technique, as word2vec
cannot generate embeddings for out-vocabulary (OOV)
words, which are the words that did not appear in the
training step of the embedding model.

However, we found that word2vec has almost the
same results as fastText, although we did not perform the
stemming phase before generating word2vec embeddings.
One reason for such finding could be due to the fact that
word2vec technique was trained on all Arabic Wikipedia
articles, which was also the source of the collected dataset.
In other words, all existing words in the dataset were
previously used in the training of word2vec technique,
allowing word2vec to generate its embeddings. Therefore,
for new words, word2vec might be unable to generate
embedding as with fastText. To conclude, based on our
experiment, we accept the null hypothesis: the
performance of fastText and Word2vec techniques are the
same.
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Table 1 Average Accuracy Comparison Results

Model Avg Accuracy Avg Accuracy %
%(Word2Vec) (fastText)

GNB 74.58 76.84
LR 86.69 87.74
SVM 85.85 87.63
KNN 80.98 84.61
NuSVC 90.71 82.02
Decision Tree 70.87 72.54
MLP 86.48 87.26
GPC 87.05 87.84

Table 2 Average F1 Score Caomparison Results

Model Avg F1 Score Avg F1 Score
%(Word2Vec) % (fastText)
GNB 74.42 76.95
LR 85.95 87.94
SVM 86.15 87.86
KNN 81.23 85.27
NuSVC 80.96 82.42
Decision Tree 71.12 72.82
MLP 86.40 87.30
GPC 87.30 88.12

5. Conclusion

In conclusion, this experimental study was conducted
to compare the quality of the word embeddings generated
by word2vec and fastText embedding techniques using an
Arabic dataset while controlling all factors that might
affect the obtained results. We evaluated the embeddings
through extrinsic evaluation using a multi-class
classification algorithm. We evaluated word2vec
embeddings and compared the results with the results of
the previous study that evaluated the fastText embedding
model [1]. We found that the results are almost the same,
although fastText models have proven that they overcome
the limitation of Word2Vec techniques. We suggested the
reason for the similar results in the discussion section.
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