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Abstract 

 
We present in this paper a fully-automated method for the task of speech act classification for 

Arabic discourse. Speech act classification involves assigning a category from a set of predefined 

speech act categories to a sentence to indicate speaker’s intention. Our approach to speech act 

classification is based on the hypothesis that the initial words in a sentence and/or their parts-of-

speech of are very diagnostic of the particular speech act expressed in the sentence. We combine 

this approach with machine learning algorithms to automatically derive the parameters of the 

models we used to implement the approach. Experiments and results obtained with several 

models and machine learning algorithms on a corpus of 408 Arabic sentences are presented. 

1. Introduction 

Arabic Natural Language Processing (A-NLP) research has gained an increasing interest in the 

last few years for many reasons including underdeveloped computational methods to process it. 

We address in this paper the discourse task of automated speech act classification for Arabic, 

which has not been addressed before to the best of our knowledge. The task of speech act 

classification involves classifying a discourse contribution, e.g. a sentence, into a category from a 

set of predefined speech act categories that fulfill particular social discourse functions. Our 

overall goal is to infer a speaker’s status, leader vs. follower, based on an analysis of the 

distribution of speech acts in the speaker’s discourse. For instance, a discourse with many 

commands can be indicative of a leader. Other applications of the speech act classification 

include major NLP tasks like summarization and machine translation. 

 

In this paper, we present a fully-automated speech act classification method for Arabic discourse. 

The task of speech act classification involves classifying a discourse contribution, e.g. a sentence, 

into a category from a set of predefined speech act categories that fulfill specific social discourse 

functions. In particular, we worked with the following set of predefined categories: assertion, 

declaration, denial, expressive evaluation, greeting, indirect request, question, promise/denial, 

response to question, and short response.  

 

The rest of the paper is organized as follows. Early sections provide a quick overview of our 

speech act taxonomy and detail our approach to speech act classification. Then, we discuss the 

experimental setup and obtained results as well as major issues we encountered. Finally, 

conclusions and plans for the future are outlined in the Conclusions and Future Directions 

section. 

3. Our Approach 

Our approach to Arabic speech act classification is based on the hypothesis that the initial words 

in a sentence and/or their parts-of-speech are very diagnostic of the particular speech act 

expressed in the sentence. For example, Arabic sentences starting with question particle “ ” or 



“ ”are usually questions while those that begin with verbs that have no subject pronouns could 

be commands. 

 

A first decision we had to make was to choose the set of speech acts for our classification task, 

i.e. the question taxonomy. The chosen speech act taxonomy reflects a comparative analysis of 

the most important past approaches to the theory of speech acts. We consulted the theoretically-

defined taxonomies proposed by Bach and Harnish, Austin, Searle, Dore, and D’Andrade and 

Wish [1]. We also studied the more recent taxonomies of Graesser and Person [5], which was 

developed in the context of student inputs in Intelligent Tutoring Systems, and of Popescu et al. 

[2], which was developed for Natural Language Generation. The final choice of speech actstook 

into consideration an analysis of rhetoric characteristics of Arabic [3] and of the target corpus. 

For instance, we decided to collapse two categories (denial and promise) that were hard to 

differentiate by annotators on the set of sentences in our corpus and also because they had very 

low counts which would have led to inadequate parameter estimation during the machine learning 

process. The selected speech acts are close to those of D’Andrade and Wish [1], with some 

differences. For instance, while we have two separate categories for Command and Indirect-

Request, D’Andrade and Wish combine those into one category called Requests and Directives. 

They also merge Response to Question, and Short Response into one Reaction category. 

Furthermore, we added a separate class for Greetings. 

 

The definitions of the final set of speech acts along with examples in English with their Arabic 

translations are provided in Table 1. 

4. Experimental Setup 

We experimented with two machine learning algorithms, naïve Bayes and Decision Trees, to 

induce speech act classifiers for Arabic texts. To model the task of speech act classification, 

we used as features the first 3, 4, or 5 words in a sentence (the so-called sentence-initial 

context), the parts of speech tags of these words, and both the words and tags, i.e. the word-tag 

pairs. The parts of speech of the words were automatically obtained using an Arabic tagger, 

AMIRA 1.0 developed by Diab and colleagues [4]. 

 

We also considered semantic categorization of the first words in a sentence in terms of named 

entities such as PERSON, ORGANIZATION, LOCATION, TIME, MONEY, DEITY, 

PERCENTAGE, TITLE, and SPEED. For short sentences (less than 5 words, e.g. greetings), 

we used a NULL default value for the missing words (e.g. word #4 or #5 do not exist in a short 

greeting sentence) and a NONE default value for missing named entities. 

 

In addition, we have experimented with several other models in which we used bigrams and 

trigrams of parts-of-speech. The basic idea is to capture positional/sequential information about 

the parts of speech, which could be important when identifying speech acts. To obtain bigrams of 

parts-of-speech, we simply concatenated two consecutive parts of speech into one feature. As 

before, we only considered parts of speech for the first 3, 4, and 5 words in a sentence. We paired 

the first part-of-speech with the second, the second with the third, and so on, generating five 

features for the first five words. These features were used in conjunction with the same 

algorithms to induce speech act classifiers. We introduced before the first word a fake part of 

speech, START, such that we could generate a bigram for the first word. 

 

 

 

  



Table 1. Our speech act taxonomy 

Speech Act Definition Example 

Assertion 

 

 

Acts that report facts, state rules, convey attitude 

 

 

The situation is getting worse every 

day. 

 

Declaration Acts that change the reality in accord with the 

proposition of the declaration 

I quit. 

 

You are fired. 

 

 

Command An authoritative direction or instruction to do 

something 

Give me one proof to that. 

 

Just answer my questions. 

 

 

Promise/Denial A verbal commitment by one person to another 

agreeing to do (or not to do) something in the future 

I will answer all your questions after 

the break.  

 

I will not interrupt you with my 

questions anymore. 

 

 

Question An expression of inquiry that invites or calls for a 

reply. 

How did you escape from all that? 

 

Response to 

Question 

A statement made to reply to a question Yes, I have tried all these solutions, 

but nothing worked for me. 

 

 

 

Short 

Response 

Giving a short answer to a question usually agreeing 

(accepting) or disagreeing (denying) without any 

explanations.  

Yes.  

 

No. 

 

Maybe. 

 

 

Greetings Acts of welcoming Hi.  

 

Thanks 

 

I am fine, how are you? 

 

 

Expressive 

Evaluation 

Appraisal of the value of something. What you said is correct.  

 

This is a very important point. 

 

 

Indirect 

Request 

A statement that asks for an action without any 

expressive commands. 

Can you list the categories one more 

time? 

 

 



In order to assess our approach, we collected 408 Arabic sentences from two Arabic news 

sources: Al-hayat newspaper and Aljazeera television station. The sentences were manually 

annotated by an Arabic speaker with a single corresponding speech act from our predefined set 

shown in Table 1. Due to the low count of the “command” category, it was eliminated hoping that 

it will be included in future experiments when a larger data set will be annotated. The remained 

sentences formed our experimental data set to automatically build classifiers and evaluate their 

performance.  

 

A gold standard approach was used for evaluation. That is, the collected sentences were manually 

annotated by an Arabic speaker with correct speech acts. This annotated data set is our gold 

standard against which the output of our automated method is assessed. The Arabic scholar also 

assigned named entities to the words as we were not able to find a freely available named entity 

recognizer for Arabic. Given the early stages of Arabic NLP, this is not surprising. The evaluation 

was conducted based on a 10-fold cross-validation method in which the available data set is 

divided in 10 folds and for each fold a classifier is induced. The classifier is derived from 9 folds 

and tested on the remaining fold. The overall performance is the average over the 10 folds. 

 

The speech act classification process is summarized in Figure 1 below. 

 

 
  

Figure 1. Speech Act Classification Process. 

 

5. Results 

Tables 2-6 summarize the speech act classification results for each model in our experiment 

giving accuracy scores (percentage of sentences correctly classified) as well as kappa scores. 

Kappa measures agreement between predicted speech acts by our approach and correct speech 

acts in the gold standard while accounting for chance agreement. Best overall results were 

obtained with a 4-word-only model and no named entities (-NE) in combination with a naïve 

Bayes learning algorithm (see Table 3; accuracy=41.73, kappa=0.22). 

 
Table 2. Summary of results with POS tags (accuracy/kappas). Top two rows include results with Named 

Entities (+NE). 

Algorithm 3-Word 4-Word 5-Word 

Naïve Bayes (+NE)    29.63/0.03   31.11/0.05    29.88/0.04 

Named Entity 
Recognition 

Arabic 
sentences 

POS Tagger 
AMIRA-1.0 

Weka 
(naïve Bayes and 
Decision Trees) 

feature, feature, feature,…,speech act 
feature, feature, feature,…,speech act 
. 
. 
 

word/tag word/tag…. 
word/tag word/tag…. 
. 
. 
 

Sentence    speech act 
Sent ence    speech act 
. 
. 
 

Speech Act 
Classification 

Model 

Model 
Evaluation 
(10-fold cross-

validation) 



Decision Trees (+NE) 33.33/0.08 31.85/0.06 33.83/0.07 

Naïve Bayes (-NE) 30.54/0.05 32.02/0.08 32.02/0.09 

Decision Trees (-NE) 34.73/0.12 33.00/0.07 32.02/0.07 

 
Table 3. Summary of results with words (accuracy/kappas). Top two rows include results with Named 

Entities (+NE). 

Algorithm 3-Word 4-Word 5-Word 

Naïve Bayes (+NE)    38.52/0.16   39.75/0.19    39.51/0.18 

Decision Trees (+NE) 32.35/0.08 34.32/0.06 34.32/0.03 

Naïve Bayes (-NE) 41.48/0.20 41.73/0.22 38.27/0.18 

Decision Trees (-NE) 32.35/0.08 34.32/0.06 34.32/0.03 

 

Table 4. Summary of results with word-tag pairs(accuracy/kappas). Top two rows include results with 

Named Entities (+NE). 

Algorithm 3-Word 4-Word 5-Word 

Naïve Bayes (+NE)    39.01/0.16    38.02/0.16    38.52/0.17 

Decision Trees (+NE) 32.35/0.05 31.85/0.02 32.10/0.03 

Naïve Bayes (-NE) 40.74/0.18 41.23/0.21 38.02/0.18 

Decision Trees (-NE) 32.35/0.05 31.85/0.02 32.10/0.03 

 
Table 5. Summary of results with POS tag bigrams (accuracy/kappas). Top two rows include results with 

Named Entities (+NE). 

Algorithm 3-Word 4-Word 5-Word 

Naïve B ayes (+NE) 33.58/0.05 33.83/0.04 34.32/0.05 

Decision Trees (+NE) 33.58/0.12 35.56/0.12 35.31/0.11 

Naïve Bayes (-NE) 37.28/0.12 35.80/0.10 35.80/0.10 

Decision Trees (-NE) 34.32/0.13 35.56/0.11 35.56/0.11 

 
Table 6. Summary of results with POS tag trigrams (accuracy/kappas). Top two rows include results with 

Named Entities (+NE). 

Algorithm 3-Word 4-Word 5-Word 

Naïve Bayes (+NE) 38.77/0.19 38.02/0.19 38.02/0.19 

Decision Trees (+NE) 29.63/0.06 27.90/0.04 28.89/0.01 

Naïve Bayes (-NE) 39.26/0.20 38.27/0.19 38.27/0.20 

Decision Trees (-NE) 28.89/0.05 28.64/0.02 28.89/0.01 

 

6. Conclusion and Future Directions 

The results above reveal that the classification accuracy scores of all models were 

modest, highest was 41.73, with kappa score of 0.22. In general, models using the words 

themselves as features yielded higher accuracy and kappa scores than those using parts-

of-speech tags or word-tag pairs. The use of named entities had no effects or, in some 

cases, decreased the performance. Decision-tree based classifiers worked slightly better 

for a 3-word context while Naïve Bayes were better for 4- or 5-word contexts. Results 

obtained using sequences (bigrams and trigrams) of POS tags had higher accuracy when 

using naïve Bayes classifier but lower or similar accuracy scores when using decision 

trees. 

 

A more in-depth analysis of the approach and experimental setup revealed several factors 

that may explain the modest results we obtained and which could constitute future 

avenues for improvements. First, the data set used in our experiments is relatively small, 



408 sentences, which is not enough to accurately estimate the parameters of the models 

during the machine learning phase. Second, the data set is not balanced as the number of 

occurrences varies largely among different speech act categories. For example, the data 

set contains 132 declaration sentences, 92 expressive-evaluation sentences, but only 11 

indirect-requests. We also had to eliminate the command category due to low counts, as 

already mentioned. Finally, after closely examining the manually classified sentences in 

the data set, we have come to the conclusion that some sentences were not accurately 

classified by our Arabic speaker. We are in the process of collecting a larger and more 

balanced data set of Arabic sentences. Additionally, we are in the process of identifying 

several Arabic scholars that would annotate the sentences independently and then go 

through an inter-annotator agreement process. We have not used several Arabic scholars 

by now as they are scarce and the annotation process is expensive in terms of time and 

other resources which makes the retention of such scholars over longer periods of time 

quite challenging. 
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