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Abstract

Keyphrase extraction is essential to many In-
formation retrieval (IR) and Natural language
Processing (NLP) tasks such as summarization
and indexing. This study investigates deep
learning approaches to Arabic keyphrase ex-
traction. We address the problem as sequence
classification and create a Bi-LSTM model to
classify each sequence token as either part of
the keyphrase or outside of it. We have ex-
tracted word embeddings from two pre-trained
models, Word2Vec and BERT. Moreover, we
have investigated the effect of incorporating
linguistic, positional, and statistical features
with word embeddings on performance. Our
best-performing model has achieved 0.45 F1-
score on ArabicKPE dataset when combining
linguistic and positional features with BERT
embedding.

1 Introduction

Keyphrases are the phrases that best represent a
document. They play an essential role in many Nat-
ural Language Processing (NLP) and Information
Retrieval (IR) tasks, such as indexing, summariza-
tion, categorization, and opinion mining (Merrouni
et al., 2020) (Hasan and Ng, 2014). Manual extrac-
tion of keyphrases is time-consuming and requires
experts’ knowledge; thus, the extraction needs to be
automated (Merrouni et al., 2020). Although many
studies have been proposed to address automatic
keyphrase extraction and generation, the perfor-
mance is still moderate due to the task’s difficulty
(Merrouni et al., 2020). Several approaches have
been proposed; one of the earliest approaches is the
two-step ranking, in which candidate phrases are
extracted with several heuristics and then ranked
using supervised or un-supervised methods (Hasan
and Ng, 2014). Another approach is the classifi-
cation approach, in which candidate phrases are
classified as keyphrases or not (Papagiannopoulou
and Tsoumakas, 2020). A more recent approach

is formulating keyphrase extraction as a sequence
labeling task in which each word in the documents
is labeled as part of a keyphrase or not (Alzaidy
et al., 2019). Another recent approach is to consider
formulating the task as a generation task utilizing
sequence-to-sequence models in order to be able
to generate keyphrases that are not available in the
source text, i.e., keyphrase generation (Meng et al.,
2017).

Word embeddings prove their effectiveness in
many NLP tasks. Several word embeddings are
proposed, such as Word2Vec (Mikolov et al., 2013)
and FastText (Bojanowski et al., 2017). The earli-
est proposed word embeddings generate the same
vector for the word regardless of the word con-
text hence called static word embeddings (Pilehvar
and Camacho-Collados). Recently, several word
embeddings generate different embeddings for the
word depending on its context hence called contex-
tualized word embeddings (Pilehvar and Camacho-
Collados) such as BERT (Devlin et al., 2019), and
ELMo (Peters et al., 2018). Several studies have
utilized various types of word embeddings into su-
pervised and unsupervised keyphrase extraction,
and they positively affect performance.

Arabic has its own characteristics that pose many
challenges on any IR or NLP task (Darwish and
Magdy, 2014) (Habash, 2010). Thus, it is crucial to
investigate the performance of state-of-the-art tech-
niques of keyphrase extraction on Arabic, which
might differ in terms of performance from other
languages. Several datasets are available for Ara-
bic keyphrase extraction; The Arabic keyphrase
extraction Corpus (AKEC) (Helmy et al., 2016),
Arabic Dataset proposed by (Al-Logmani and Al-
Muhtaseb), WikiAll 1 from Arabic Wikipedia doc-
uments, and ArabicKPE (Helmy et al., 2018) .

During our investigation of the keyphrase ex-
traction studies, we have found that studies on

1https://github.com/anastaw/
Arabic-Wikipedia-Corpus
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Arabic keyphrase extraction are falling behind in
applying state-of-the-art technologies. For exam-
ple, only a few studies have utilized word embed-
dings; Suleiman et al. 2019a have investigated
using Word2Vec and semantic similarity to gener-
ate keyphrases for three documents only. Helmy
et al. 2018 have investigated using Word2Vec
and Bidirectional-Long Short Term Memory (Bi-
LSTM) in keyphrase extraction. To fill this gap, we
aim to apply deep learning approaches to keyphrase
extraction utilizing the static and contextualized
word embeddings for Arabic keyphrase extraction.
Thus, we have formulated the task as a sequence
labeling task and have used a Bi-LSTM classifier
with token representation extracted from two types
of pre-trained word embeddings. Additionally, we
aim to investigate the effect of incorporating statis-
tical, positional, and linguistic features with static
and contextual embeddings.

In this study, we have used Bidirectional En-
coder Representations from Transformers (BERT)
in Arabic keyphrase extraction and have compared
it to Word2Vec embedding. Additionally, we have
investigated three ways of utilizing BERT for Ara-
bic keyphrase extraction; extracting the output of
the last encoder of the BERT model and using it as
a feature, concatenating the output of the last four
encoder layer of BERT, and Fine-tuning BERT. To
the best of our knowledge, this is the first study in-
corporating contextualized word embedding from
BERT into the Arabic keyphrase extraction task.
We have found that utilizing contextual embed-
dings vastly enhances the performance of Arabic
keyphrase extraction model. Moreover, adding fea-
tures to the Arabic keyphrase extraction Bi-LSTM
model, in general, has a positive effect on the model
performance. The rest of the paper is organized as
follows: we present the related works in section 2,
Section 3 presents our methodology, and section 4
presents experiments results and discussion. Our
conclusion is presented in section 5.

2 Related Work

Keyphrase extraction has two general approaches:
unsupervised and supervised (Papagiannopoulou
and Tsoumakas, 2020). Supervised approaches
are powerful and perform better than unsuper-
vised approaches. However, the unsupervised ap-
proaches are less expensive (Papagiannopoulou
and Tsoumakas, 2020). Several unsupervised
keyphrase extraction studies have been conducted.

(Campos et al., 2020) have proposed YAKE!, an
unsupervised keyphrase extraction system based
on statistical features extracted from a single docu-
ment. Their approach depends on six features; term
frequency within the document, normalized term
frequency, term relative position (sentence index),
term relatedness to context, term case, and how
often a term appears in different sentences (term
different sentence). They have evaluated the system
on 20 datasets in five languages. YAKE! proved its
effectiveness generally compared to other systems
with large text and performed well with shorter
text on different domains and different document
types. Moreover, the frequency feature has a more
positive impact while removing term relatedness
from the context and term different sentence fea-
tures improves performance. Meanwhile, the term
frequency feature is more useful when the docu-
ment size increases, while the position feature is
more beneficial in shorter texts. The case feature is
more useful with mid to larger documents, while
the term different sentence feature is better with
short to mid documents. (Zhang et al., 2020) have
leveraged word embedding for unsupervised graph-
based keyphrase extraction. Their model selects
candidate words based on their Part-Of-Speech
(POS) tag; they have only selected nouns and adjec-
tives. They have built three graphs; a word-word
graph based on the word co-occurrence, a word-
topic graph that connects words to their topics, and
a topic-topic graph that is constructed when the
same word appears in different topics. They have
also proposed a modified random-walk model to
rank candidate words and a new scoring model for
candidate phrases based on the cosine similarity of
the generated word embedding and the modified
page rank score. The top scoring phrases are con-
sidered document keyphrases. Evaluating the type
of word embeddings used shows that their embed-
ding outperforms other embeddings on this task.
They have reported that their model performs the
best on all the tested datasets compared to other
baselines. (Zu et al., 2020) have utilized word em-
bedding with graph-based unsupervised keyphrase
extraction along with document embedding. They
have used a pre-trained Sent2Vec (Pagliardini et al.,
2018) model trained on Wikipedia to create word
embedding. The embedding vector is created by
averaging all document words and n-gram embed-
dings. They have found that using the word as a
node is better when dealing with a short text dataset
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and using a phrase as a node is better when dealing
with a long text dataset.

Several studies have formulated the keyphrase
extraction task as a sequence labeling task.
(Basaldella et al., 2018) have proposed a deep learn-
ing model for automatic keyphrase extraction us-
ing Bi-LSTM and pre-trained GloVeembedding
(Pennington et al., 2014). Their model outper-
forms CopyRNN (Meng et al., 2017) model on
the same dataset. (Alzaidy et al., 2019) have uti-
lized Bi-LSTM and CRF for keyphrase extraction
from scientific documents using 100-dimension
pre-trained GloVeembedding for embedding ini-
tialization. They have studied the role of each
model layer on the performance and have com-
pared CRF only, forward-LSTM, and Bi-LSTM.
They have found that removing the Bi-LSTM layer
negatively affects the recall, while removing the
CRF layer increases the recall and decreases the
precision. Hence, it indicates that Bi-LSTM can
capture long-distance semantics and cause extrac-
tion of more gold-standard keyphrase. They have
also found that CRF can capture the dependencies
between labels leading to higher model precision.
Combining Bi-LSTM and CRF has the best per-
formance among the three created models. Addi-
tionally, the model outperforms CopyRNN (Meng
et al., 2017). Many studies have used encoder-
decoder architecture to generate absent and present
keyphrases. The most popular study is the work
by (Meng et al., 2017). They have proposed a gen-
erative model for keyphrase generation based on
encoder-decoder architecture. They have used Bidi-
rectional Gated Recurrent Units (Bi-GRU) for the
encoder and forward-GRU for the decoder and in-
corporated attention mechanism (Bahdanau et al.,
2015) (RNN-model) and copy mechanism (Gu
et al., 2016) (CopyRNN-model) to deal with out-of-
vocabulary words. CopyRNN model outperforms
all the models they have compared by an average
of almost 20% (Meng et al., 2017). Moreover, the
CopyRNN model outperforms RNN in predicting
both present and absent keyphrases. (Kehua Yang,
2019) encoder-decoder model is entirely based on
the self-attention mechanism. They have incorpo-
rated semantic similarity between keyphrases. The
model outperforms all baselines in predicting the
present keyphrase. Additionally, it outperforms
CopyRNN in predicting absent keyphrases. Target-
ing the problem of overlapping phrases generated
by sequence-to-sequence models, (Zhao and Zhang,

2019) have proposed (ParaNet). The model con-
sists of two parallel encoders; one to encode the text
and the other to encode the linguistic constraints
introducing coverage attention. They have used
multi-task learning on two parallel decoders to gen-
erate the keyphrase and POS tag for each word in
the keyphrase. They have tested different settings
for combining the vector of the words and their syn-
tactic tags, using the hyperbolic tangent function,
using tree-LSTM, and adding coverage attention
to the previous two. On the evaluation of present
keyphrases, all their model settings outperform the
extraction and generation methods baselines, in-
cluding CopyRNN (Meng et al., 2017). Their best
performing setting is when using tree-LSTM to
combine vectors along with coverage attention.

Several studies have used BERT contextualized
word embedding in two strategies; feature-based
strategy or fine-tuning-based strategy. Word fea-
ture is extracted from the pre-trained BERT in
the feature-based strategy. In fine-tuning based
strategy, BERT model parameters are fine-tuned
with the new smaller dataset for the downstream
task adding one fully connected layer on top of it
(Devlin et al., 2019). (Sun et al., 2020) have uti-
lized BERT embedding in multi-task learning for
keyphrase extraction. (Lim et al., 2020) have fine-
tuned BERT and SciBERT (Beltagy et al., 2019) for
keyphrase extraction. They have found that the best
performance happens within the first three epochs
of fine-tuning and that SciBERT performs better
than BERT on scientific datasets. (Dascalu and
Trăuşan-Matu, 2021) have experimented with four
neural network architectures based on Bi-LSTM
and multi-head attention on top of the transformer
models BERT and SciBERT. A recent study has
combined graph embedding and BERT embedding
for keyphrase extraction is PhraseFormer (Nikzad-
Khasmakhi et al., 2021). They have concatenated
the resulting graph embedding and word embed-
ding for each word and have used the resulting
encoding as input. Another way of utilizing BERT
for keyphrase extraction using a feature-based tech-
nique is using it in ranking candidate phrases (Mu
et al., 2020). (Ding et al., 2021) have incorporated
different types of features with BERT extracted
features for the Chinese medical keyphrase extrac-
tion. The task is considered as a character-level
labeling task. They have incorporated POS feature
and lexicon feature using two techniques: concate-
nation and feature embedding. They have used
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the model without feature as a baseline and have
tested the effect of features (POS only, lexicon
only, and their combination) and the effect of dif-
ferent feature incorporation techniques (concatena-
tion, embedding, and their combination). Their
results show that incorporating the lexicon fea-
ture has a more positive impact than the POS fea-
ture, regardless of the incorporation techniques.
Furthermore, the best incorporation technique is
the embedding technique. (Sahrawat et al., 2020)
have utilized contextualized word embeddings and
compared them to static word embedding in se-
quence labeling keyphrase extraction. They have
used Bi-LSTM-CRF and Bi-LSTM architectures
with several embeddings; BERT, SciBERT, ELMo,
TransformerXL (Dai et al., 2019), OpenAI-GPT
(Radford and Narasimhan, 2018), OpenAI-GPT2
(Radford et al., 2019), RoBERTa (Liu et al., 2019),
Glove, FastText, and Word2Vec. They have found
that contextualized embeddings are better than
static embedding, and BERT is the best among
them since it uses bi-directional training.

Studies on Arabic keyphrase extraction fol-
lowed several approaches. Rule-based approaches
(El-Beltagy and Rafea, 2009) (Rammal et al.,
2015)(Najadat et al., 2016)(Loukam et al., 2019)
(Alotaibi and Ahmad, 2019) (Musleh et al., 2019),
ranking approachs (Basaldella et al., 2017) (Amer
and Foad, 2017), using a graph-based model as a
base for ranking (Halabi and Awajan, 2019) (Al
Hadidi et al., 2019), utilizing bag-of-concept (Awa-
jan, 2015) (Suleiman and Awajan, 2017) (Suleiman
et al., 2019b), machine learning approachs (Ali
and Omar, 2015) (Armouty and Tedmori, 2019)
(Al Etaiwi et al., 2019) and deep learning approachs
(Helmy et al., 2018). (Ali and Omar, 2015) have
combined statistical and machine learning methods
and have formulated the keyphrase extraction task
as a classification task. They have used term fre-
quency, first occurrence, sentence count, c-value
for multi-word nested terms, and TF-IDF statistical
features to construct a feature vector. They have
trained linear logistic regression, linear discrimi-
nant analysis, and support vector machine (SVM)
classifiers. (Armouty and Tedmori, 2019) have
used TF-IDF and the first occurrence weight of the
term with Support Vector Machine (SVM), Naïve
Bayes, and Random Forest classifiers. (Al Etaiwi
et al., 2019) have used graph centrality measures
along with term frequency and POS tags as input
features to multi-layer perceptron, Naïve Bayes,

Random Forest, and OneR algorithms. (Helmy
et al., 2018) have proposed a deep learning-based
model and a large-scale dataset for keyphrase ex-
traction task. They have used AraVec (Soliman
et al., 2017) to represent each token and a Bi-LSTM
model.

3 Methodology

3.1 Data Preprocessing

The text is tokenized using Stanford Stanza neural
pipeline for Arabic2 and processed to remove punc-
tuation, normalize all forms of Alef [@

�
@

@ @] into plain

Alef [@] and decorated kaf [ À] to kaf [¼], and
replace numbers’ digits with a token to represent
numbers which is [Õ�̄P] (number). Moreover, three
types of features are extracted to be incorporated
with the embeddings; linguistic feature (part-of-
speech for each token), positional features (first
occurrence and the sentence order of the first oc-
currence), and statistical feature (Term Frequency-
Inverse Document Frequency-TFIDF). The part-of-
speech tags are extracted using the MLE disam-
biguator of Camel tool (Obeid et al., 2020) and
the TFIDF using TFIDF vectorizer from the scikit-
learn library3. The actual value of the positional
features and statistical feature and the one-hot en-
coding vector of the linguistic feature are concate-
nated to the end of the word embedding. Finally,
the data is processed to be suitable for the sequence
labeling task by converting the document into a
sequence of tokens labeled with 1 if it is part of a
keyphrase and with 0 if it is out of the keyphrase.
Moreover, the maximum document length consid-
ered is 512 tokens for all models.

3.2 Models’ specifications

A Bi-LSTM token classifier is built with one bidi-
rectional LSTM layer that accepts input from the
embedding layer and has one dense layer to gen-
erate the output label. There are two settings for
the model input; the first is word embedding only,
and the other is word embedding concatenated with
different individual features or combined features.
Figure 1 shows the model architecture. Two types
of pre-trained word embeddings are used; static
word embedding and contextualized word embed-
ding, which are AraVec pre-trained embedding
(Soliman et al., 2017) and AraBERT v2 (Antoun

2https://stanfordnlp.github.io/stanza/
3https://scikit-learn.org/stable/
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Figure 1: Proposed Model Architecture

Word2vec Embedding dimension 100
BERT Embedding dimension 768
Bi-LSTM hidden unit 150
POS tag embedding dimension 26
Learning rate 1.00E-05
Loss function Cross entropy

loss
Batch Size 1
Optimizer SGD
Epoch for BERT 5
Epoch for Word2Vec 10
AraBERT pretrained Model bert-base-

arabertv02
Word2vec pretrained model full_uni_sg_

100_wiki
Maximum Document length 512

Table 1: Models Specifications

et al., 2020), respectively. We have used precision,
recall, and F1-score metrics to evaluate the model
performance on the level of extracted keywords and
the extracted keyphrases. We have rewarded the
model for each correctly extracted keyword at the
keyword level, even if the model has generated part
of the keyphrase. In contrast, at the keyphrase level,
we have rewarded the model if it has generated the
entire exact keyphrase. We have not stemmed the
keywords before testing.

3.3 Experiments setup

The used dataset is ArabicKPE (Helmy et al., 2018)
with the same splits provided by the authors; 4887
documents for training, 944 for model validation,
and 941 for testing. In addition, Word2Vec and
BERT have been used with Bi-LSTM and different

features combinations. Further experiments with
BERT include concatenating the last four hidden
layers of BERT used as inputs to Bi-LSTM and fine-
tuning BERT for keyphrase extraction on the used
dataset. We have tested each feature independently
and have combined two, three, and four features.
Pytorch library4 is used to build the models. The
same hyper-parameters are used for all experiments
as specified in Table 1. The Experiments are con-
ducted using Google Colab Pro+ with GPU. Due to
memory constraints and the large model size, the
batch size is set to 1.

4 Results and Discussion

4.1 Using no features experiments
Table 2 and 3 present the results of using AraVec
(Soliman et al., 2017) and AraBERT (Antoun et al.,
2020) without features and our baseline of using
no pre-trained embedding and no features. The
results clearly show the benefit of using pre-trained
word embedding compared to the baseline. Using
pre-trained word embeddings enhances the model
performance over the baseline in terms of F1-score
for keyphrase level by 0.03 and 0.23 for Word2Vec
and BERT, respectively. Moreover, Contextualized
word embedding (BERT) has vastly enhanced the
performance compared to static word embedding
(Word2Vec) by 0.20.

4.2 Results of different BERT settings
In Table 3, we present the results of different set-
tings of using BERT. The results show that using
Bi-LSTM with embedding extracted from BERT
has a slightly better F1-score than fine-tuning the
BERT model for keyphrase extraction. This might
be due to the ability of the model to learn more
context utilizing Bi-LSTM. Moreover, unlike (De-
vlin et al., 2019) suggestion, using the output of
the last encoder layer has a slightly better effect
on performance than concatenating the output of
the last four layers. This might be attributed to the
difference in the language used to train the BERT
model; different languages might have different be-
havior regarding choosing the best layer from the
twelve encoder layers. Another possible reason is
the difference in the tested downstream task as they
test for the Named Entity Recognition (NER) task.
Hence, for our task and language choice, it is better
to use the output of the last encoder layer only to
reduce the dimensionality of the input vector.

4https://pytorch.org/
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Word2Vec Model Name Keyword-Wise Keyphrase-Wise
Precision Recall F1-Score Precision Recall F1-Score

Bi-LSTM-Baseline 0.50 0.38 0.43 0.20 0.21 0.20
No added feature 0.64 0.33 0.44 0.28 0.19 0.23
POS 0.63 0.33 0.43 0.29 0.19 0.23
TFIDF 0.65 0.38 0.48 0.24 0.20 0.22
First Occurrence 0.57 0.41 0.47 0.30 0.25 0.27
Sentence Order 0.64 0.42 0.51 0.28 0.25 0.27
POS + TFIDF 0.69 0.34 0.45 0.28 0.18 0.22
POS + First occurrence 0.68 0.39 0.50 0.31 0.23 0.27
POS + Sentence order 0.60 0.49 0.54 0.28 0.30 0.29
TFIDF+ First occurrence 0.63 0.43 0.51 0.26 0.25 0.26
TFIDF+ sentence order 0.66 0.37 0.47 0.24 0.19 0.21
First occurrence + sentence order 0.68 0.40 0.50 0.29 0.24 0.26
TFIDF+ First occurrence + First sentence order 0.65 0.42 0.51 0.26 0.23 0.25
POS+ First occurrence + First sentence order 0.65 0.43 0.51 0.29 0.26 0.27
POS+ TFIDF+ First occurrence 0.67 0.38 0.48 0.26 0.21 0.23
POS+ TFIDF+ Sentence order 0.65 0.44 0.52 0.30 0.26 0.28
POS+ TFIDF+ First occurrence

+ First sentence order 0.64 0.41 0.50 0.27 0.24 0.25

Table 2: Word2Vec Experiments’ results

4.3 Results of adding features:

We have tested the effect of incorporating the raw
positional and statistical features’ values to the
embedding of each token and the one-hot 26 di-
mensions vector of the POS feature to the end of
each word embedding.Table 2 and Table 3 show
the results of adding each feature to Word2Vec and
BERT embeddings respectively.

4.3.1 Independent features
In Word2Vec experiments, the results show that
the positional features have the most impact on
the performance in terms of the F1-score for the
keyphrase level. Moreover, TFIDF has decreased
the performance by 0.01 for the keyphrase level.
Meanwhile, TFIDF has increased the performance
over the no-feature model at the keyword level by
0.04. Adding POS tag features unexpectedly has
no effect on the keyphrase level’s performance and
has decreased the keyword level’s performance. In
contrast, in BERT experiments, all features have
a slightly positive impact on performance over
the no-features model in terms of F1-score and
recall of keyphrase level and recall of keyword
level. Meanwhile, all features have not impacted
performance regarding the F1-score of the keyword
level. This slight improvement or no improvement
in performance might be attributed to the fact that
BERT already learned that information during the

pr-training phase.

4.3.2 Combination of features

• Combing two features: In Word2Vec experi-
ments, the best features combined with POS
are the sentence order and the first occurrence.
Combining TFIDF with POS has decreased
the performance in terms of F1-score and re-
call for keyphrase level evaluation. However,
it has increased the performance in terms of
F1-score and recall at the keyword level. Com-
bining numerical features reveals that com-
bining TFIDF with sentence order has de-
creased the performance of the F1-score at
the keyphrase level but has increased it on
the keyword level. The best combination of
two features in BERT experiments is when
combining the POS feature with the first oc-
currence. Like Word2Vec, adding TFIDF to
POS features has decreased the F1-score per-
formance for the keyphrase level. Combin-
ing numerical features does not improve the
performance, unlike when each independent
numerical feature is used. That might result
from combining features without normalizing
them to have the same mean leading to some
noise. Moreover, we can notice that in the con-
text of keyword level evaluation, all F1-score
results can be rounded to 0.60.
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BERT Model Name Keyword-Wise Keyphrase-Wise
Precision Recall F1-Score Precision Recall F1-Score

Bi-LSTM-Baseline 0.50 0.38 0.43 0.20 0.21 0.20
No added feature 0.60 0.59 0.59 0.43 0.43 0.43
Fine-Tuned 0.51 0.67 0.58 0.37 0.49 0.42
No-feature -4layer 0.56 0.59 0.58 0.41 0.44 0.42
POS 0.56 0.63 0.59 0.42 0.46 0.44
TFIDF 0.55 0.64 0.59 0.41 0.48 0.44
First Occurrence 0.53 0.67 0.59 0.40 0.51 0.45
Sentence Order 0.51 0.69 0.59 0.39 0.52 0.45
POS + TFIDF 0.56 0.60 0.58 0.42 0.43 0.42
POS + First occurrence 0.53 0.69 0.60 0.41 0.51 0.45
POS + Sentence order 0.51 0.69 0.59 0.38 0.52 0.44
TFIDF+ First occurrence 0.58 0.60 0.59 0.42 0.43 0.43
TFIDF+ sentence order 0.55 0.62 0.58 0.41 0.45 0.43
First occurrence + sentence order 0.55 0.64 0.59 0.40 0.46 0.43
TFIDF+ First occurrence + First sentence order 0.58 0.59 0.59 0.42 0.42 0.42
POS+ First occurrence + First sentence order 0.56 0.62 0.59 0.41 0.46 0.43
POS+ TFIDF+ First occurrence 0.56 0.62 0.59 0.42 0.45 0.44
POS+ TFIDF+ Sentence order 0.56 0.62 0.59 0.41 0.45 0.43
POS+ TFIDF+ First occurrence

+ First sentence order 0.54 0.65 0.59 0.39 0.47 0.43

Table 3: BERT Experiments’ results

• Combining three features: In Word2Vec
experiments, all three features combination
has improved the performance in terms
of F1-score for keyphrase level except for
(POS+TFIDF+first occurrence) combination,
which does not change the performance of
keyphrase level but increases the performance
of the keyword level. In contrast, BERT ex-
periments show that the models have the same
performance in terms of F1-score of the key-
word level. While in keyphrase level perfor-
mance, combining (POS+TFIDF+ First Oc-
currence) has slightly increased the perfor-
mance, and combining (TFIDF+First occur-
rence+First sentence order) has slightly de-
creased the performance in terms of F1-score.

• Combining four features: BERT model has
the same results as using no features on both
keyphrase and keyword levels. On the other
hand, Word2Vec has benefited by 0.02 and
0.06 F1-score for keyphrase level and key-
word level, respectively, compared to using
no features experiments.

4.4 Comparison with others’ work
Table 4 shows our results compared to (Helmy
et al., 2018). They have used deep learning with Ar-

aVec pre-trained word embedding (Soliman et al.,
2017). Additionally, they have reported their re-
sults on the same dataset at the top 5, 10, and 15
retrieved keyphrases. They have compared the lem-
matized version of the gold keyphrase with the
lemmatized version of the predicted keyphrase. We
have chosen to compare our results to their top 15
results since the maximum number of keyphrases
available on the test set is 13 keyphrases for the doc-
ument, and all of them will be included in our and
their results. Moreover, they have not mentioned
the used stemmer, and we have used ISRIStemmer
from the NLTK library5 to stem keywords. The re-
sults show that using no feature on Word2Vec has
a similar F1-score to their model and that the best
performing model on our Word2Vec experiments
has outperformed their model due to incorporating
features to Word2Vec embedding. Moreover, us-
ing BERT embedding without features and BERT’s
best performing model has vastly outperformed
their model by 0.21 and 0.24, respectively.

4.5 Discussion
The best performing model on both level keyword
level and keyphrase level for Word2Vec is when
combining POS with the sentence order feature fol-

5https://www.nltk.org/
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Model Name Keyword-wise Keyphrase-wise
Precision Recall F1-score Precision Recall F1-score

(Helmy et al., 2018)@15KP - - - 0.16 0.67 0.26
Word2Vec-no feature 0.68 0.35 0.46 0.30 0.21 0.25
BERT-no feature 0.63 0.62 0.63 0.48 0.47 0.47
Word2Vec -Best 0.63 0.52 0.57 0.32 0.34 0.33
BERT-Best 0.57 0.71 0.64 0.45 0.56 0.50

Table 4: Comparing the results with previous work

lowed by combining POS with TFIDF and sentence
order. Conversely, the model with the least perfor-
mance at the keyphrase level is when combining
TFIDF with sentence order features. In general, it
seems that using the TFIDF feature or combining
it with other features degraded the model learning.
In contrast, the model that has the least perfor-
mance on the keyword level is when using the POS
feature. In General, all BERT experiments have
similar performance in both keyphrase and key-
word levels. The keyphrase level scores differ by
0.03 only and range between 0.42 to 0.45, and all
keyword level scores can be rounded to 0.60. The
best performing models on BERT are when using
first occurrence features alone, sentence order fea-
tures alone, and when combining POS feature with
first occurrence. While the least performing mod-
els are when combining TFIDF, first occurrence,
and sentence order features and combining POS
and TFIDF features. We can notice that the perfor-
mance on the keyphrase level is not affected on 6
features combinations experiments out of 11, i.e., it
is the same as no feature model. This might prove
that BERT can encode linguistic and statistical fea-
tures during pre-training. Further investigation and
model propping are needed to confirm this finding.
Generally, the improvements for both evaluation
levels are aligned in BERT experiments. On the
other hand, some Word2Vec experiments, which
are TFIDF, POS+TFIDF, and TFIDF+Sentence or-
der, have different behavior; the increased perfor-
mance at the keyword level might be accompanied
by a decreased performance at the keyphrase level.
We can notice that TFIDF feature is available in
all these experiments, which suggests that this fea-
ture might be beneficial to identifying the keyword
more than the keyphrase. Comparing the gap be-
tween the scores of keyword level and keyphrase
level on both Word2Vec and BERT, we notice that
the difference between the two levels on BERT is
smaller than the difference between the two levels

on Word2Vec. This can be attributed to BERT’s
ability to generate the correct entire keyphrase due
to more contextual information considered when
giving context-dependent embedding compared to
Word2Vec, which gives the same embedding for
the word in different contexts. It seems that us-
ing Word2Vec enables models to recognize that the
word is part of the keyphrase but could not present
these words in the correct order. Additionally, we
have noticed that different features combinations
have different effects on performance depending
on the embedding type. For example, BERT em-
bedding based models are positively affected by
the combination that includes the first occurrence
feature more than the sentence order feature. In
contrast, Word2Vec embedding based models are
positively affected by the sentence order feature
more than the first occurrence.

5 Conclusion

This study uses two types of pre-trained word
embeddings for Arabic keyphrase extraction
task: static and contextualized word embedding
(Word2Vec and BERT). Several features are incor-
porated into the models to test their effect on per-
formance. We have found that contextualized word
embedding has vastly enhanced the performance
of Arabic keyphrase extraction. Moreover, incor-
porating features with static embedding has more
effect than incorporating features with contextual-
ized embedding. Different features and features
combinations affect the performance differently
depending on the used embeddings. For future
work, we consider trying the effect of adding more
features to the models. Moreover, investigate the
best combination of layers to select from BERT for
keyphrase extraction.

Limitations

First, we have adopted a strict evaluation metric at
the keyphrase level, which only rewards the correct

327



keyphrase with the same keyword order and key-
word numbers, i.e., we do not reward the model
if it over generates a word in the middle of the
keyphrase. This might affect the reported perfor-
mance. Therefore, less strict metrics that consider
stemming or word similarity might be helpful. Sec-
ond, we broadcast the value of the POS for the
unknown words that BERT decides to segment into
sub-words which might introduce some noise to
the training that might affect the performance. Nev-
ertheless, trying not to broadcast the value does not
affect the performance. Third, the randomness in-
troduced on PyTorch run time execution with GPU
setting might affect the ability to reproduce the
same results when repeating the experiments. The
model size and the time needed to model training
have been challenging. Although we are using a
GPU subscription with google colab, the run has
taken a long time, and we have run out of drive
space.
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