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Abstract— A new sentiment analysis annotated training dataset 
for Libyan dialect is introduced in this paper which collected from 
Twitter social media network in five topics or categories. Recently, 
sentiment analysis has received considerable attention in Arabic 
NLP research due to not only lack of publicly available annotated 
datasets or corpora for these dialects but also  it can provide great 

insights and information about individuals sentiments and their 
opinion on social media networks in many domains of  modern life 
such as marketing, policy and so on. This work thus aims to 
partially fill this gap by presenting manually building a annotated 
training dataset of 2938 sentences with (𝒌 = 𝟎. 𝟖𝟑𝟔) for Libyan 
dialect sentiment analysis. 
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Introduction 

In recent years there has been a steady increase in harvesting 

information that written in Arabic language from web such 

as forums and Twitter. Several Natural Language 
Processing(NLP) tasks [1]: text mining and machine 

learning techniques are used in order to figure out this 

information. Compared to other languages, such as English, 

Arabic is extremely difficult to deal because it has complex 

morphology, many inflectional and derivation forms as well 

as it has many dialects which require advanced techniques 

to solve.  Apart from Arabic language, sentiment analysis is 

considered the most challenged part in natural language 

processing tasks because of the ambiguity of sentiments in 

written expressions. For example, “I’m craving Domino's 

Pizza so bad.” Most sentiment analysis systems would 
wrongly interpret this statement, seeing the word “bad”, or 

even the phrase “so bad”, and score it as negative statement. 

In this case, contextual understanding is crucial aspect to 

improve sentiment analysis systems to be able to reach 

human-level accuracy. Typically, sentiment essentially 

relates to opinions, feelings, attitudes and emotions. 

Sentiment analysis refers to the practice of applying NLP to 

identify sentiment information from context of text 

[2][3][4]. Generally, sentiment analysis has been mainly 

classified into three levels. (i) document level: the task at 

this level is to classify whether a whole opinion of document 

is a positive or negative sentiment. For example, for 
particular brand review, the system determines whether the 

review in entire document expressed an overall positive or 

negative opinion. This task is commonly known as 

document level sentiment classification. (ii) sentence level: 

it is going to the sentences itself to determine and classify 

each sentence as positive, negative, or neutral opinion. 

Neutral usually means no opinion. Sentences are split into 

subjective and objective. Mainly, subjective sentences 

contain information about personal opinions, assumptions, 

interpretations, points of view, emotions and judgment and 

beliefs, while the objective sentences is fact-based, 
measurable and observable. Subjective sentences are further 

processed for extraction to classify as positive, negative or 

neutral opinions. (iii) entity and aspect level: previous two 

analysis level do not discover what exactly people like and 

dislike. Aspect level performs finer-grained analysis. Instead 

of looking at language constructs (documents, paragraphs, 

sentences, clauses or phrases), aspect level directly looks at 

the opinion itself. It is based on the idea that opinion and a 

target of opinion. For example, the object, you might be 

interested in not only whether people are talking with a 

positive, neutral, or negative polarity, but also which 

particular aspects or features of the object people talk about. 
That is what aspect-based sentiment analysis is about. In our 

next example: “the battery life of S4 mobile is too short”. 

The sentence clearly has a negative tone about the S4 mobile, 

but more precisely, about the battery life, which is a 

particular feature of the S4 mobile. Basically, there are three 

approaches to implement sentiment analysis systems, which 

can be classified as: lexicon-based [5][6], machine learning 

[7][8] and hybrid approach [9] [10]. In lexicon-based 

the systems that perform sentiment analysis based on a set of 

manually crafted rules, whereas machine learning approach 

based on automatic systems that rely on machine learning 
techniques which learn from an annotated training dataset to 

classify opinions. In the last approach, the systems that 

combine lexicon-based and machine learning approaches. 
 

In this research, we tried to build a Libyan dialect training 
dataset for sentiment analysis at sentence-level which could 
be used to train machine learning applications for sentiment 
analysis to achieve good results. 

The rest of the paper is organized as follows. Related work 
in Section I. In the following section, we outline the 
essential steps of collecting data. In Section III, agreement 
study was done. Describing the process of data pre-
processing and dataset format in Section IV. Section V 
presents the results of dataset analysis. Finally, Section VI 
concludes the article and future work. 

 

I. RELATED WORK 

Twitter has become a mainly source of data for several NLP 

application such as sentiment analysis. Many Arabic dialect 

researches have been done for sentiment analysis, few of 
them were dedicated to building Arabic dialect sentiment 
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analysis datasets or corpus to enrich the sources of research.  

In [11], building a general purpose a Twitter corpus for 

Libyan dialect which contain about 5000 sentences. The 

Saudi Twitter corpus for Saudi dialect sentiment Analysis 

was introduced in 2016 by [12]. It consists of 4700 

annotated datasets with (K= 0.807). [13], presented a newly 
collected data set of 8,868 gold-standard annotated Arabic 

twitter feeds. The corpus is manually labeled for subjectivity 

and sentiment analysis with (k = 0:816). In [14], introduced 

multi-genre dialectal Arabic corpus called YADAC, which 

includes web data from micro-blogs (i.e. twitter), blogs, 

forums and online market services. [15] presented Arap-

Tweet, which is a wide-ranging and multi-dialectal Twitter 

corpus that collected from 11 different regions and 16 

countries in the Arab world.  

II. DATA  COLLECTION 

Application Programming Interface (API) called streaming 
API is offered by Twitter which allows programmatically 

obtaining a stream of real-time tweets. In order to retrieve 

Libyan dialect tweets, a set of Libyan dialect keywords were 

used to extract data from Twitter. For this reason, Python 

programming language was used. Python is a great language 

for mining data over the internet especially social media 

networks such as Twitter. It provides many libraries for this 

purpose one of these libraries is Tweepy.  Tweepy is open-
sourced, hosted on GitHub and provides readily access to 

the Twitter API for collecting data as well as  we can use 

GET and POST methods that the official Twitter API offers 

to getting data.  In our research, the GET method was used 

to collect data from Twitter thus we had to identify a set of 

keywords. Therefore, almost 80 unique keywords were 

collected to be used for retrieving Libyan dialect tweets. For 

example, the adjective word “فنينة” which means in English 

“Beautiful” was used as a keyword to retrieve Libyan 

dialect tweets. 

III. AGREEMENT STUDY 

 
In order to measure the reliability of the annotated training 

dataset, we recruited two Arabic language teachers for 

annotating the dataset. The inter-annotator agreement study 

was conducted on the annotated data by using Cohen’s 

Kappa [16], which measures the degree of agreement 

between two raters who determine which category of items 

belong to (positive, neutral and negative), takes into account 

the possibility of the agreement occurring by chance.  

Cohen’s Kappa measures the agreement between two raters 

who classify each N items into C mutually exclusive 

categories.  The value of Kappa is defined as: 

 

𝑘 ≡
𝑝0 − 𝑝𝑒

1 − 𝑝𝑒

= 1 −
1 − 𝑝0

1 − 𝑝𝑒

 

Where: 

 𝑝0 : the relative observed agreement among raters.  

 𝑝𝑒  : the hypothetical probability of chance agreement. 
 

 

𝑝0 =
1067 + 1021 + 850

3296
= 0.891 

 

𝑝𝑒 = 𝑝𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑝𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝑝𝑁𝑒𝑢𝑡𝑟𝑎𝑙  

 
𝑝𝑒 = 0.132 + 0.121 + 0.082 = 0.335 

 

 

The value of Kappa is: 

 

𝑘 =
0.891 − 0.335

1 − 0.335
= 0.836 

 
The overall observed agreement is 89.1% and resulting 

weighted Kappa reached 𝒌 = 𝟎. 𝟖𝟑𝟔 , which indicates 
reliable dataset annotations and almost perfect agreement 

[17]. Two annotators evaluate approximately 3296 tweets as 

to be positive, negative or neutral. The results are 

summarized in Table I. 

TABLE I.  AGREEMENT STUDY 

Annotator 1 Annotator 2 

Positive Negative Neutral 

Positive 1067 77 62 

Negative 85 1021 53 

Neutral 44 37 850 

 
Table II shows some examples of dataset annotations. For 

example, tweet (1) represents an agreement between both 

annotators with a clear positive polarity, while the second 

example shows a significant level of disagreement when the 

first annotator selected label neutral and also it is marked 

with a positive tag by the other annotator. Tweet (5) 

contains the cases where tweets are composed of positive 

and negative emotions simultaneously [18]. The last 

example shows the cases where annotators are not able to 

decide on one of the aforementioned labels, they can label 

tweet with uncertain. Moreover, sarcastic and heterogeneous 

tweets have compounded the problem of sentiment 
interpretation. For instance, sarcasm is difficult to detect 

even to human annotators because it uses positive indicators 

to express negative emotions. 

TABLE II.  EXAMPLES OF ANNOTATIONS FROM THE DATASET 

ID Original 

tweet 

English 

translation 

Annotator 

1 

Annotator 

2 

من  7هاتف جي  1
 األخير

J7 phone  is 

very nice 
Positive Positive 

ليبيا لديها موارد  2
 سياحية كبيرة
 غير مستغلة

Libya has many 

Tourist 

Resources that 

are untapped 

Neutral Positive 

عندنا نفط واجد  3
 وغاز واجد

We have a lot 

of oil and gas  
Neutral Neutral 

قفطان الحفلة  4
للبسلته ايدرة 

 الكبد

The party dress 

that she was 

wearing was 

terrible 

Negative Negative 

حفلة مش عادية  5
لكن احمد عفس 

 فيها

The party was 

fantastic, but 

Ahamed spoiled 

it 

Negative Positive 

كل واحد اقعمز  6
 في مكانة ويركح

Every one, 
stay where you 

are 

Negative Uncertain 

https://dev.twitter.com/streaming/reference/post/statuses/filter
https://dev.twitter.com/streaming/reference/post/statuses/filter
https://dev.twitter.com/overview/api/tweets
https://github.com/tweepy/tweepy
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IV. DATA  FORMAT AND PRE-PROCESSING 

Removing insignificant text is a crucial step that must be 
considered during the data preprocessing task. In this task, a 

new tool was used for eliminating all trivial text from 

tweets. For example, all of the following tweet’s elements: 

@-mentions, emoticons, URLs and #hash-tags were 

separately removed from each tweet by the tool in a 

preprocessing chain. Then we had to remove some repeated 

sentences manually.  
The rest of tweets were organized into sentences within five 

categories. In the next step, we have decided to store data 

and all relevant data in a way to be easier to handle. 

Therefore, data was stored in two data type format. First of 

all, entire data was stored in a relational database (MySQL) 

while the second type of data format is written in standard 

XML format. Figure 1 illustrates the main steps in our 

method. 

 
Fig. 1.  The block diagram of the proposed method 

 

We properly specified the dataset structure in standard XML 

format to be readable for both human and machines with 

taking into account that XML elements names, they must 

indicate their contents. The current version of our XML 

dataset include root element called <dataset> and its content 

comprises an one main element named <sentence>, this 

element has three child elements named: <text>, <polarity> 

and <category> as well as it contains the attribute named id 

for representing the sentence number. Figure 2 shows some 
examples from dataset were stored in standard XML format.  

 

 
 

Fig. 2.  Sample of dataset in standard XML format 

V. DATASET ANALYSIS 

 
In this paper, the dataset is composed of over 2938 

sentences which are marked into polarity groups: 36.32%, 

34.75% and 28.91% being positive, negative and neutral 

respectively, spreading out over the five categories. Table 

III represents the results of each category with their 

sentiment proportion. 

TABLE III.  DATASET CATEGORIES AND THEIR POLARIES 

Categories Positive Negative Neutral Total 

News 320 374 224 918 

Sport 277 228 357 862 

Technology 191 94 103 388 

Love 173 190 69 432 

Religion 106 135 97 338 

Total 1067 1021 850 2938 

 

The numbers of sentiments or polarities in five categories 

showed a considerable diversity. However, both positive 
and negative sentiments in entire dataset have the largest 

numbers and their participation numbers were quite 1067 

and 1021, whereas neutral sentiments number was far from 

them with only just 850 tweets. Obviously, positive 

sentiments have the largest number in the news category 

while its lowest number was in a religion category. 

Although, all of polarities (positive, neutral and negative) 

have the largest numbers in news and sport categories, they 

have their lowest numbers in religion category. Likewise, 

almost all sentiments numbers in technology, religion and 

love categories are clearly close to each other.  

VI. CONCLUSION AND FUTURE WORK 

In this paper we have introduced a human-annotated dataset 

on sentence level for Libyan dialect which is the first 

publicly released corpus or dataset for this task. We 

collected 2938 tweets or sentences from Twitter to 

composite the training dataset, which are manually 

annotated by two annotators. Our dataset annotations 

indicate reliable inter-annotator agreement with (κ = 0.836). 
The dataset would be useful for training and develop 

sentiment analysis classifiers that need to high-quality 

training data to be more precise. In future work we will 

extend this annotated training dataset, and we plan to use 

this training datasets to train a new machine learning 

sentiment analysis classifier to be the first application for 

Libyan dialect. 
. 
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