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Abstract
Speech acts are the type of communicative acts within a conversation. Speech act recognition (aka classification) has been an active
research in recent years. However, much less attention was directed towards this task in Arabic due to the lack of resources for training
an Arabic speech-act classifier. In this paper we present ArSAS , an Arabic corpus of tweets annotated for the tasks of speech-act
recognition and sentiment analysis. A large set of 21k Arabic tweets covering multiple topics were collected, prepared and annotated
for six different classes of speech-act labels, such as expression, assertion, and question. In addition, the same set of tweets were also
annotated with four classes of sentiment. We aim to have this corpus promoting the research in both speech-act recognition and sentiment
analysis tasks for Arabic language.

1. Introduction
Understanding user’s Speech act within conversations is an
important research task of Natural Language Understand-
ing (NLU). Speech act task could be defined as identifying
the intention of a speaker in producing a particular utter-
ance of few words (e.g. sentence in a conversation or a
tweet) (Webb, 2010), where the intention can be expression
of a feeling, asking question, recommending something ...
etc. Speech act recognition is becoming an essential task
for many NLU applications such as summarization (McK-
eown et al., 2007), question answering (Hong and Davison,
2009), and chat-bots (Feng et al., 2006).
Speech act recognition is usually applied to conversations,
such as dialogues and chatting platforms, which is mainly
called synchronous conversations (Dhillon et al., 2004; Ju-
rafsky, 1997). Other work focused on asynchronous con-
versations, where the discussion is to open audience and
sequence of conversation is not fully synchronized; e.g.
forums and social media (Tavafi et al., 2013; Oya and
Carenini, 2014; Vosoughi and Roy, 2016b). Recently, so-
cial media platforms, such as Twitter, have become a ma-
jor mean of communication between users. Consequently,
understanding the speech act of user posts on these plat-
forms became of increasing importance (Vosoughi and Roy,
2016b). The main objective of classifying speech act of a
social post goes beyond the literal meaning of text, where
it considers how the context and intention contribute to the
meaning of the post (Vosoughi and Roy, 2016b). Most of
the work on this task focused on English, while almost no
attention was directed towards highly inflected languages
such as Arabic.
In this paper, we present ArSAS, a manually annotated
Arabic Speech Act and Sentiment corpus of tweets. To our
knowledge, ArSAS is considered the first corpus of Ara-
bic speech act on Twitter. The corpus consists of a set
of more than 21k Arabic tweets that are manually anno-
tated for six differences classes of speech-act {Assertion,
Expression, Recommendation, Respect, Question and
Misc}. In addition, tweets are also annotated for four dif-
ferent categories of sentiment {Positive, Negative, Neu-

tral and Mixed}, which is considered the largest Arabic
tweets corpus that is labeled for four categories of senti-
ment. ArSAS dataset is publicly available for free for re-
search purposes1.

2. Background
2.1. Speech Act
One of the most essential steps in human-computer interac-
tion systems, aka dialogue Systems, is understanding user’s
need. This process is called “language understating com-
ponent”, “Dialogue Acts” or “Speech Acts”. Speech act
recognition (also know as classification) task is labeling the
speaker’s intention in producing a particular utterance. The
speech act terminology is approximately the equivalent of
the speech act of (Searle, 1969), where it was presented as a
fundamental concept of linguistic pragmatics analyzing; for
example, what it means to ask a question or make a state-
ment. Although major dialogue theories treat dialogue acts
as a central notion, the conceptual granularity of the used
speech act labels/classes varies considerably among alter-
native analyses, depending on the application or domain
(Webb and Hardy, 2005). Within the field of computational
linguistics, recent work closely linked to the development
and deployment of spoken language dialogue systems has
focused on some of the conversational roles such acts can
perform. Most of the previous research on speech act is
widely used with data transcribed from telephone or face-
to-face conversations, which is also known as synchronous
conversations (Dhillon et al., 2004; Jurafsky, 1997).
Recently, social media platforms, such as Twitter, became
a hub for users to communicate and discuss various top-
ics. These communicative acts among social media users
are seen as a kind of asynchronous conversations, which
can include spreading news, asking questions, or express-
ing feelings, which all fall under the scope of “speech act”.
Classifying speech act of social media posts can provide
a new dimension to study social media content as well as
providing real-life data to validate or reject claims in the

1http://homepages.inf.ed.ac.uk/wmagdy/
resources.htm
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speech act theory (Zhang et al., 2012). Speech act classifi-
cation of tweets is considered fairly new task. Recent work
mostly focused on classifying speech act of tweets on trend-
ing topics. (Zhang et al., 2012; Zhang et al., 2011) proposed
a speech act classification method to understand Twitter
users’ behavior through a set of word-based and character-
based features. (Nemer, 2015) proposed a system for un-
derstanding celebrity (e.g. Oprah Winfrey and Britney
Spears) speech act on Twitter. They investigated celebri-
ties’ speech patterns on Twitter and whether they mostly
talk to fans, and how they communicate with different au-
diences. (Vosoughi and Roy, 2015; Vosoughi and Roy,
2016a) proposed two systems based on assertion speech act
detection. The assertion act is an utterance that commits the
speaker to the truth of the expressed proposition. For exam-
ple, the tweet “there is a third bomber on the roof ” contains
an assertion, while the tweet “I hate reporters!” contains an
expression. They proved that assertion is important to iden-
tify rumors and track stories about real-world events. More-
over, they showed that more than half of tweets about events
do not contain assertions. (Vosoughi and Roy, 2016b) pro-
posed automatic speech act classifier for tweets based on
semantics features such as opinion and vulgar words, emo-
tions, speech act verb, n-grams, syntactic features, Twitter-
specific Characters (# and @ ), abbreviations, and depen-
dency Sub-trees. They examined four classifiers: Naive
Bayes (NB), decision trees, logistic regression, and SVMs.
All previous work mainly focused on speech act classifica-
tion for English, while very limited work targeted speech
act classification for Arabic.

2.2. Arabic Speech Act
To the best of our knowledge, there are two available
corpora for Arabic speech act on synchronous conversa-
tions. First, TuDiCoI (Tunisian Dialect Corpus Interlocu-
tor) consists of Railway information from the National
Railway Company in Tunisia (SNCFT) which transcribed
spoken Arabic dialogues and contains 12,182 utterances
(Graja et al., 2013). Second, JANA corpus which is a
multi-genre corpus of Arabic dialogues labeled for Ara-
bic Dialogues Language Understanding (ADLU) at utter-
ance level and comprising Spontaneous Speech Dialogues
(SSD) and Instance Messages (IM) for Egyptian dialect.
It contains 4,725 utterances and it is published on LDC
(LDC2016T24) (Elmadany et al., 2016).
These two datasets were investigated in few research stud-
ies. (Graja et al., 2013) used the TuDiCoI corpus to develop
a discriminative algorithm based on conditional random
fields (CRF) to semantically label spoken Tunisian dialect
turns which are not segmented into utterances. (Elmadany,
2016; Elmadany et al., 2018) utilized the JANA corpus to
create a statistical dialogue analysis model for recogniz-
ing utterance’s dialogue acts using a machine learning ap-
proach based on multi-classes hierarchical structure.
In addition, there are other few initiatives that studied Ara-
bic speech acts classification, but on a much smaller scale
using hand-crafted small dataset. (Shala et al., 2010) ap-
plied speech act classification for Arabic discourse using
NB and decision trees classifiers on a dataset of about
400 utterances only collected from newspapers. (Bahou et

al., 2008) proposed a method for the semantic representa-
tions of utterances of spontaneous Arabic speech based on
the frame grammar formalism and tested on about 1,000
Tunisian national railway queries collected using Wizard-
of-Oz technology. Another work (Lhioui et al., 2013) used
the same Wizard-of-Oz technology but to collect a smaller
set of 140 utterances only recorded from 10 speakers.
Previous work shows the huge limitation in the avail-
ability of annotated Arabic data for the task of speech
act recognition. We believe that ArSAS would be the
first stranded corpus for Arabic speech act classification
for asynchronous conversations, which contains over 21k
tweets labeled with fine-grained set of six different speech
act classes.

2.3. Arabic Sentiment Analysis
Unlike speech act, there was some attention to Arabic sen-
timent analysis including few initiative to create standard
corpora and lexicons for this task.
Early work on Arabic sentiment analysis focused on Mod-
ern Standard Arabic (MSA) (Abbasi et al., 2008; Abdul-
Mageed et al., 2011). Later on, many initiatives started
to focus on dialectal Arabic on social media (Mourad and
Darwish, 2013; Abdul-Mageed et al., 2014). One of the
initial work on sentiment analysis for Arabic tweets was
presented by (Mourad and Darwish, 2013). They proposed
expandable ArabSinti lexicon for both Modern Standard
Arabic (MSA) news articles and dialectal Arabic tweets.
They used 2,300 Arabic tweets annotated with five pos-
sible labels: neutral, positive, negative, both, or sarcas-
tic. Another work by (Badaro et al., 2015) introduced a
large-scale Standard Arabic sentiment lexicon (ArSenL)
developed using a combination of English SentiWordnet
(ESWN), Arabic WordNet, and the Arabic Morphologi-
cal Analyzer (AraMorph). They developed a set of 28,760
words, but mainly in MSA. (Ibrahim et al., 2015) proposed
a corpus of MSA and Egyptian dialect. The corpus is ex-
tracted from tweets, comments on hotel reservations and
TV programs and product reviews annotated at the sentence
level. It consists of 2,154 positive, 1,648 negative and 1,98
neutral texts. (Refaee and Rieser, 2014) proposed a cor-
pus of Arabic tweets annotated for subjectivity and senti-
ment analysis consists of 6,894 tweets and annotated with
four sentiment labels: positive, negative, neutral and mixed.
More recent work in SemEval 2016 on a sentiment analysis
task for multiple languages including Arabic (Kiritchenko
et al., 2016) introduced a small dataset of 1,366 tweets. An-
other SemEval task for sentiment analysis for Arabic tweets
was introduced in 2017 with a larger set of 9,455 Arabic
tweets annotated with 3 labels: positive, negative, and neu-
tral (Rosenthal et al., 2017). Another available copora on
Arabic sentiment analysis was introduced by (Nabil et al.,
2015), where they introduced the Arabic Sentiment Tweets
Dataset (ASTD) which contains 10k Egyptian tweets an-
notated with four sentiment labels. Finally, (Al-Twairesh
et al., 2017) developed a larger corpus that consists of 17k
annotated tweets with the same four sentiment labels.
Our ArSAS corpus should be the current largest corpus for
Arabic sentiment analysis with over 21k annotated tweets
annotated with 4 different labels of sentiment.



Type Arabic Topic Translation 
Ev

en
ts

 

 Egyptian presidential election االنتخابات الرئاسية المرصية

ات سيناء  Sinai bombings تفجير

 Wahat attack حادث الواحات

 World cup qualifications تصفيات كأس العالم

ي السعودية
 
  Fighting corruption in KSA محاربة الفساد ف

 World youth forum منتدى شباب العالم

 Arresting Salman Aloda مان العودةاعتقال سل

En
ti

ti
es

 

 Abdelfattah Al-Sisi عبد الفتاح السيسي 

 Khaled Ali المحامي خالد علي 

 Hamdeen Sabahi حمدين صباحي 

 Mohamed Salah محمد صالح

ي منصور
 Mortada Mansour مرتض 

 KSA crown prince ولي العهد السعودي

 Houthis الحوثيون

 Khalifa Haftar خليفة حفي  

Lo
n

g 

St
an

d
in

g
 

ي   Arab spring الربيع العرب 

ان وصنافير   Tiran and Sanafir تير

 January Revolution ثورة يناير

 Gulf crisis أزمة الخليج

 Qatar siege and boycott حصار ومقاطعة قطر

 

Table 1: List of topics used to collect tweets

3. Corpus Creation
3.1. Data Collection
We used the Twitter API2 to collect tweets on a set of topics
we developed. We used (Zhao and Jiang, 2011; Vosoughi
and Roy, 2016b) definitions for three different types of
topic. A topic is an essay or article which discussed in one
or more tweets. A type is the characteristic of topics, and is
classified into:
• Long-Standing: Topics about articles that are com-

monly discussed over long period of time.
• Entity: Topics about celebrities or organizations.
• Event: Topics about an important thing that is happen-

ing.
We created a set of 20 topics of the three types above which
covers controversial topics that potentially get discussion
on social media, which would be highly suitable for both
the tasks of speech act recognition and sentiment analysis.
Table 1 shows the list of topics we developed and used to
collect the tweets.
We collected a set of 62,690 tweets in the period 1-15
November 2017. We applied some data filtering by remov-
ing short tweets that contain fewer than three words (with-
out counting hashtags, user mentions, and URLs). Then we
randomly selected a set of 21,064 tweets for annotation,
where 6151, 6146, 8767 tweets were covering the long-
standing, entity, and event topics respectively.

3.2. Labels Schema
Each tweet in our collection prepared for annotation with
two labels for speech act and sentiment. We used a list
of six speech act tags based on Searleś speech act tax-
onomies (Searle, 1969; Searle, 1975) as follows:

2https://dev.twitter.com/

Arabic Tweet Speech act Sentiment 

ي أزمة وال  -الرياضة تنتخب 
يف عبد القادر : الزمالك ف  شر

 أحد ينكر طفرة مرتض  منصور داخل النادي
Assertion Mixed 

كي ال الشيخ
 Recommendation Neutral الكرة االيطالية تحتاج لتر

ي رغم االلتفاف عليه اال أنه إشعاع من   Expression Positive الحريةالربيع العرب 

   Question Positive ليه محمد صالح؟

اطالب الرئيس ببناء مدينة لها سور عاىل ف  اقاىص الصحراء 

 وليتم حجز كل المعاتيه الذين امنو بما اسموها ثورة يناير
Request Negative 

جنيه وسأنفذ حكم  2000سأرفع الحد األدب  لألجور إىل 

ان   وتعهد أيضا باإلفراج عن المحبوسير   -وصنافتر تتر
Miscellaneous Neutral 

 

Table 2: Samples of annotated tweets with speech act and
sentiment

1. Assertion: user declares some proposition such as
stating, claiming, reporting, or announcing.

2. Recommendation: user recommends something.

3. Expression: user expresses some psychological state
such as thanking, apologizing, or congratulating.

4. Question: user asks a question such as why, what, or
confirmation.

5. Request: user asks for something such as ordering,
requesting, demanding, or begging.

6. Miscellaneous: user committed to some future action
such as promising or offering.

For sentiment labels, we used the standard four sentiment
tags: positive, negative, mixed (contains both positive
and negative sentiment), or neutral (no opinion or senti-
ment disclosed).
Table 2 shows illustrative examples of each of the speech
act and sentiment tags.

3.3. Data Annotation
For tweets annotation, we created a job on CrowdFlower
crowdsourcing platform where we showed tweets to anno-
tators and asked them to classify speech act and sentiment
for each tweet into one of the above-described tags. Guide-
lines and examples of tweets for each tag were presented to
annotators for better understanding. We restricted annota-
tion to workers from all Arab countries who have “Arabic”
language in their profile. Each tweet was judged by at least
three annotators.
Quality of annotation was controlled by utilizing 70 hid-
den test questions; each has the correct answer(s) for both
speech act and sentiment. These test questions were se-
lected such that their answers, as selected by two language
experts, are matched. Annotators on CrowdFlower were re-
quired to get at least 70% of the hidden test questions cor-
rectly to continue. Otherwise, they get excluded from the
job and their work gets discarded. Around 500 annotators
participated successfully in the annotation process which
gives the diversity of opinions needed for such tasks.
Agreement among annotators was 87% for speech act,
and 79% for sentiment, which indicates that annotation



Annotators agreement on labels
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Sentiment
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# tweets
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Full agreement 2 vs. 1 agreement no agreement

Figure 1: The number of tweets that have full, partial, or no
agreement for each of the speech act and sentiment labels

of speech act might be simpler and more straightforward
than the arguable sentiment. However, both inter-annotator
agreements are considered high, especially for an annota-
tion task with three annotators and 4+ choices.
Crowdflower provides a confidence score with each anno-
tated tweet that represents the confidence in the quality of
the label. For a three annotators per tweet setup, the con-
fidence score would range between 0.3 and 1 according to
two factors: 1) annotator quality level; and 2) agreement
among annotators. A confidence score of 1 means that the
three annotators selected the same label. A score around
0.6 refers to two annotators agreeing on a given label while
the third selecting another one. A score around 0.3 refers
to having the three annotators selecting three different la-
bels, and in this case the label selected by the annotator with
the highest quality value is considered. Figure 1 shows the
number of tweets that have full, partial, or no agreement
for each of the speech act and sentiment labels. As shown,
the majority of the tweets got full agreement for both tasks
(69% and 55% for speech act and sentiment labels respec-
tively). The number of tweets that received different label
from each annotator is very small (2% and 6% of all tweets
for speech act and sentiment labels respectively). We could
exclude these tweets, however we preferred to keep in our
collection as an example of challenging tweets.

4. ArSAS Corpus Characteristics
ArSASreleased dataset contains the following information:

• ID: ID of the tweet.

• Text: the original unprocessed text of the tweet

• topic: topic type of the keyword used to collect the
tweet.

• Sentiment: selected sentiment label.

• Sentiment Conf.: Confidence score of sentiment
label.

• Speech Act: selected speech act label.

• Speech Act Conf.: Confidence score of the
speech act label.

Figure 2(a) shows the distribution of speech act labels in
our ArSAS corpus after annotation. As shown, the ma-
jority of the tweets are labeled as either Expression (56%)
or Assertion (39%), and the remaining labels are used in
only 5% of the cases. This highly unbalanced distribution
is similar to the English tweets corpus used in (Vosoughi
and Roy, 2016b).

Figure 2(b) shows the distribution of sentiment labels.
Tweets having negative sentiment represent one third of
the tweets, while those with positive sentiment represent
around quarter of the tweets, and one third of the tweets
have no (neutral) sentiment. Only 6% of the tweets have
mixed sentiment.

Table 3 shows the fine-grained distribution of speech act
tags by topics type and sentiment tags. As can be seen in
the table, the majority of the Assertion tweets are coming
from the ‘Events’ topics, while the tweets with other speech
acts have less bias towards the topics. Also, it can be no-
ticed that the largest two speech act tags, Assertion and
Expression, have very different distributions for the sen-
timent, where most of the Assertion tweets have no senti-
ment (neutral), while most of the tweets with Expression
speech act have polarized sentiment, most of them are neg-
ative. These observations show the value of having a corpus
labeled for both speech act and sentiment, since one of the
two tasks can be used as an effective feature to predict the
other.

5. Conclusion

In this paper, we introduce ArSAS, a large dataset of Ara-
bic tweets annotated for both speech acts and sentiment.
ArSAS consists of 21k Arabic tweets written in multiple
Arabic dialects as observed by examining different sam-
ples. The tweets in the corpus were extracted and collected
using 20 controversial topics in different countries that are
expected to have hot discussions among Twitter users. The
tweets collection did not rely on emotions or sentiment key-
words to avoid data bias to a given lexicon, especially for
the task of sentiment analysis. The corpus is annotated with
six speech act labels and four sentiment labels. The anno-
tation process was applied using a crowdsourcing platform
by having at least three annotators labeling each tweet. An
inter-annotator agreement of 87% and 79% was achieved
for the speech act and sentiment labels respectively. To the
best of our knowledge, ArSAS is the largest annotated cor-
pus of speech act and sentiment in Arabic. In addition, it is
considered the first Arabic corpus annotated for the speech
act recognition in tweets. We hope that our corpus would
bring the attention to the speech act recognition task for
Arabic and further promote the research in Arabic senti-
ment analysis. Moreover, it can be applied for applications
that combines both tasks.

ArSAS corpus is freely available online as an open-
source for researchers interested in Arabic speech act
and sentiment analysis and could be downloaded from
http://homepages.inf.ed.ac.uk/wmagdy/
resources.htm.
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Speech Act Sentiment 

(a)                                                             (b) 

Figure 2: The distribution of the speech act tags (a) and sentiment tags (b) in the ArSAS corpus

Topics Types Sentiment Analysis tags
Speech Act (# tweets) Long-standing Entities Events Neutral Positive Negative Mixed
Assertion (8,221) 627 2,097 5,497 6,666 962 488 105
Recommendation (107) 18 55 34 23 36 36 12
Question (751) 327 219 205 248 47 403 53
Request (180) 23 94 63 30 63 66 21
Expression (11,745) 5,126 3,658 2,961 289 3,514 6,835 1,107
Miscellaneous (60) 30 23 7 23 21 12 4

Table 3: The distribution of speech act tags via topics type and sentiment analysis tags
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