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Abstract: Nowadays with the development of technology and access to the Internet everywhere for 

everyone, the interest to get the news from newspapers and other traditional media is decreasing. 

Therefore, the popularity of news websites is ascending as the newspapers are changing into 

electronic versions. News websites can be accessed from anywhere, i.e., any country, city, region, etc. 

So, the need to present the news depends on where the reader is from can be a research area, as with 

facing with variety of news topics on websites readers prefer to choose those which more often show 

the news, they are interested in on their home pages. Based on this idea we represent the technique to 

find favorite topics of Twitter users of certain geographical districts to provide news websites a way 

of increasing popularity. In this work we processed tweets. It seems that tweets are some small data, 

but we found out that processing this small data needs a lot of time, due to the repetition of the 

algorithm a lot and many searches to be done. Therefore, we categorized our work as big data. To 

help this problem we developed our work in the Spark framework. Our technique includes 2 phases; 

Feature Extraction Phase and Topic Discovery Phase. Our analysis shows that with this technique we 

can get the accuracy between 68% and 76%, in 3 developments 3-fold, 5-fold, and 10-fold. 
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1 Introduction 

Twitter is one the most popular microblogging sites, where users from everywhere can follow 

breaking news or posts about their interests. They can also post tweets with a limit of 140 characters 

about the topics they are attracted to. This is the reason we chose this site to extract information and 

knowledge about people’s favorites in different geographical places. The dataset we used includes 
tweets of some users from mostly the United States of America, but it includes some other countries' 

tweets, like United Kingdom, Germany. 

     The major drawback of working with tweets is their shortness. Tweets with only 140 characters 

cannot be useful alone. To overcome this drawback, we use a dataset of tweets altogether, and instead 

of treating one tweet as one document [1], we treat a dataset of tweets with similar topics as one 

document. In this way, we also overcome the problem of not enough repetition of keywords which is 

mentioned in [2]. As long as treating a dataset of tweets as one document, TF-IDF can work properly, 

although the shortness of tweets was a problem to it [2]. Because keywords repeat more in these 

datasets TF-IDF values are more precise. 

     With the development of technology, news websites are taking the place of traditional news media, 

like newspapers. For example, www.bbc.com can be accessed by people from different spots on the 

earth, from Americas to Europe, Asia, or elsewhere. The arising issue now is how to cover all kinds 

of news from different places about all possible topics on news website homepages in a way to satisfy 

all kinds of people. Also, it must be considered that Internet users are interested in sites that show 

what they are looking for, or attracted to, sooner, and therefore it is the key to increase the popularity 

of websites. 

     In this paper, we represent a technique based on N-Grams and their TF-IDF values. Along with 

those values we use an effective coefficient to give higher N-Grams more importance. This 

coefficient is chosen based on our training dataset, whereas the result separates relative topics from 

irrelative topics for a certain tweet. Then we use a test dataset and calculates 17 values, as we have 17 

topic classes for every tweet. Based on the topic values, which are calculated in the previous step, we 

choose the relative topics. To do this, we calculate the distance between those topic values in order to 

select the relative ones. Our work was developed 3 times; 3-fold, 5-fold, and 10-fold development. 

The results showed the respective average accuracy percentage of 76.5163, 74.1117, and 68.4516. 
 

The main research contribution: 

• Obtaining the appropriate data set from tweets in the field of topic discovery 

• Review of natural language processing methods and their use in message processing 

• Review of machine learning methods for system training to learn subject discovery 

• Analyze and obtain the percentage of interest of users in each region to each topic and find the 

most popular 

     The rest of the paper is organized as follows. Section 2 describes some preliminary, TF-IDF, one 

of the most practical keyword extractions, and N-Grams, a contiguous sequence of n items from a 

given sequence of text or speech, Section 3 reviews related work. Section 4 goes through our data and 

method. Our experiment results are shown in section 5. Finally, the conclusions are presented in 

section 6. 



2 Background 

In this section, basic concepts such as TF-IDF, and N-Grams are discussed in detail. 

 

2.1 TF-IDF 

In this method, words are given a weight based on their frequency in the document. In fact, this 

weighting system shows how important a word is to a document. This issue has many applications 

in data retrieval. The weight of a word increases with the number of repetitions in the text, but is 

controlled by the number of words in the text, because we know that if the length of the text is long, 

some words will naturally be repeated more than others, although very important in do not make 

sense [3]. This section is divided into two subsections: Term frequency and Inverse document 

frequency: 

 

A. Term frequency  

Suppose the number of times the word T occurs in text D is denoted by ( ),TF T D  and in the 

simplest case the initial number of iterations T is denoted by ( ),F T D .Therefore, Eq. (1) shows: 

( ) ( ), ,TF T D F T D=  (1) 

 

The rest is defined as follows: 

Boolean frequency: ( ),TF T D is equal to one if the word T occurs in the text, otherwise it is equal 

to zero. 

Logarithmic frequency scoring: Logarithmic frequency scoring is shown in Eq. (2). 

( ) ( )( ), , 1TF T D Log f T D= +  (2) 
 

Augmented frequency: To avoid bias towards larger texts), i.e., due to the higher volume of the 

text than the other, the desired word may be repeated more, but this is not due to the greater 

frequency of the word in the larger text. T divide by the initial frequency of each word that has the 

most frequency in the text, which is mostly used in the search engine to retrieve documents with the 

searched words. Therefore, Eq. (3) shows: 

( ) ( )( )
( ) 

0.5* ,
, 0.5

, :

F T D
TF F D

Max F W D W D

 
= +   

 
(3) 

 

B. Inverse document frequency 

It is a measure of the number of words that are very common in all texts and are usually repeated. 

The method of obtaining this criterion is that the logarithm divides the total number of texts by the 

number of texts including the common word. For example: Suppose there is 1000 texts in our entire 

database. If there is a special word in each of its 1000s, for example, the product of the logarithm of 



1000 is divided by 1000, which means that it must be a common word and must have a coefficient 

of zero, but if the repetition has occurred in 500 texts, it is logarithm 2. The result is 1. The greater 

the number of texts in which the word is repeated, the smaller the weight of IDF: 

 

 ( )1 :

D
IDF Log

d D T d

 
=   +   

 
(4) 

 

With these explanations, the frequency of the image, the frequency of the document - is calculated 

as follows: 

 

( ) ( ) ( ), , , * ,TF IDF T d D TD T d IDF T D− =  (5) 

 

2.2 N-Grams 

In computational linguistics and probability, an N-Grams is an interconnected sequence of n 
elements from a given sequence of text or speech. Items can be called Phonemes, Syllables, Letters, 
Words or Base pairs, depending on the software. N-Grams are usually a text or speech collected 
from the Corpus. When items are words, N-Grams may also be called Shingles. An N-Grams, as 
large as one, is called a "Unigram"; Is the size of two "Bigrams" (or, to a lesser extent, a "Digram"; 
it is the size of three "Trigrams". "Four grams", "five grams", etc. are mentioned [4]. 

     N-Grams models are currently widely used in Probability-Communication theory, 

Computational linguistics (for example, Statistical natural language processing Computational 

biology (for example, Biological sequence analysis), and Data compression. The two advantages of 

the N-Grams model are the algorithms they use (their simplicity and scalability. With a larger n, a 

model can store more content with a better understanding of the space of that content. People who 

are more interested in multi-word expressions may use this technique to pre-process strings to 

eliminate extra spaces. Many extra blank spaces are simply converted to a single space while the 

paragraph marks are removed. 

     N-Grams can also be used for word sequences or almost any other type of data. For example, 

they have been used to extract features to cluster a large collection of satellite images of the Earth 

and to determine what part of the Earth a particular image belongs to. It has also been very 

successful as the first step in searching for genetic sequences and identifying species from which 

short DNA sequences originate. N-Grams can be used in various fields of computer science, 

computational linguistics and applied mathematics [5]. This technique has been used in cases such 

as the following: 

• Kernel design that allows machine learning algorithms, such as Support vector machine, to 

learn from disciplines. 

• Find the correct spelling of words. 

• Improved compression in Compression algorithms where a small area of data requires n grams 

longer. 



• Assess the probability of a sequence of words appearing in the text of a language in Pattern 

recognition, Speech recognition, OCR: Optical Character Recognition, ICR: Intelligent 

Character Recognition, Machine translation and similar programs. 

• Improved retrieval in data retrieval systems to find similar "documents" with respect to a query 

document and a database of reference documents. 

• Improve retrieval performance in genetic sequence analysis. 

• Identify the language of a text or species from which a small DNA sequence is derived. 

• Predict letters or words randomly in order to create text. 

• Cryptanalysis. 

 

3 Related work 

Text classification and filtering are important aspects of this research. In this section, we will 
review the classification of short texts, as it is a very important topic about the classification of 
microblogging messages. In the second part, we will have an overview of Twitter research. Finally, 
we review the big data, because due to the time complexity of this research, from our point of view, 
it is in the big data section. In each section, first a brief explanation of the relevant topic is provided, 
then we refer to the relevant papers. 
 

A. Classify and filter 

With the daily increase of news sites, receiving emails with the theme of daily news or sometimes 
moment-by-moment news, can become Information overload. Because different news sites try to 
attract users to increase their popularity, but in this case, users get much more news by receiving 
too much news, which usually includes their favorite and disliked news. They can search for their 
favorite topic, and in this case, the subscribers of news sites will be reduced. On the other hand, 
users who visit news sites are more inclined to those who often present their favorite topics on their 
homepage. This raises the need for an information filtering system based on users' interests.  

    A review paper on text filtering is provided in [6]. We have two types of text filtering systems: 

Content-based system and Social-filtering system. The first type is how to filter based on 

information extracted from texts. The second type is based on notes taken by previous readers about 

the text. According to the framework presented in this research, the relevant system is text-based. 

Text filtering can be considered as a program in which documents are divided into two classes: 

Relevant class and Irrelevant class. 

     Reference [7] provides an overview of Machine learning for automated classification and 

explains how classrooms are constructed and evaluated for this classification model, text 

classification. Restrictions on the size of texts in microblogging services result in very little data in 

the field of classification. This issue exists in other areas such as Web search snippet, Web search 

snippet and Chat services.  

    Different theories have been proposed to solve this problem, such as using Wikipedia as an 

external source [8] and [9], or using the results of network search engines [10]. 



     Another solution [11] uses Topic models. In this theory, a thematic model is constructed using a 

Latent Dritchlet [12] Allocation on a general corpus, and then this thematic model is used to 

classify short texts. 

    Another solution, which is a method for measuring the syntactic similarity of texts using 

knowledge-based and corpus-based measurements, is presented in [13]. 

 

B. Twitter 

Microblogging is an emerging form of communication and has become very popular in recent 

years. Micro-blogging services allow users to publish short messages. These messages are sent to 

their Followers immediately. In this study, our focus is on Twitter, the most popular microblogging 

service with more than 144 million users by 2414. In recent years, microblogging services and 

social networks have become very popular fields for research. Twitter is the most popular 

microblogging service, but the main reason it is popular with researchers is its access to data. 

Unlike most social networks, the messages and comments of the users of this site are displayed to 

the public and can be retrieved in real time using the Twitter application interface. Relationships 

between members in this network can also be restored. 

    It has been studied why users use Twitter and how communication is formed. In this paper, the 

topic is that daily chatter, conversations, sharing information or URL, and news reporting are the 

main goals of users. 

    A study has been conducted on the uses of Twitter, exploring its benefits and its impact on 

informal or verbal communication [15]. Most research on Twitter has focused on analyzing, 

summarizing, and exploring real-time data. 

     References [16] and [17] discuss the collection and evaluation of real-time related negotiations 
during that event. 

     References [18] and [19] describe systems that collect and index large amounts of text data, such 
as new messages on blogs, Twitter messages, and news. These systems also allow online analysis of 
this type of data. 

     A system for discovering news messages on Twitter and clustering these messages based on 
their position in [24] is provided. As a real-time system, Twitter is a good source of new 
information or content. So, its real time stream can be used to find new pages. Search engines often 
use this method to find new pages to show them in their results. 

     References [21] and [22] use microblogging to detect new network addresses and improve 
search engine rankings. 

 

C. Big data 

When we talk about big data, we can only mistakenly think that we mean only very large volumes 
of data. Bulk data is not a new issue. Wal-Mart’s corporate data warehouse was about 300 terabytes 
in 2003 and 480 terabytes in 2004. These tanks were really bulky at the time, in contrast to the 



techniques available at the time. So, it's not just the volume of data that counts, but the core 
meaning of "big data" is the performance of the equipment compared to what it needs to do, so what 
kind of data needs to be analyzed. Also, all previous methods worked on structured data, but big 
data often works on unstructured data. 

    Several papers have been published on the potential of big data, emphasizing the possibility of a 
revolution in science and society as a whole. Community white paper Written by several American 
management researchers states that a well-directed, well-directed investment in big data can not 
only lead to great advances in science, but also establish a generation. Next will be advances in 
science, medicine, and commerce [23]. 

    Alex Pentland, director of the Human Dynamics Laboratory and one of the pioneers who has 
used vast data in the social sciences, claims that this data can be a great tool for Reinvent society 
and can improve its processing [24]. 

     While the rest of the researchers talk about big data, they mean relationships on social media, 
Alex Pentland focuses on the location of data from mobile devices, payment data from credit cards, 
and so on. Be. He sees this data as data to describe the actual behavior of humans, not their choices 
to relate to others. In his view, big data is ascending about the actual behaviors of individuals [24] 
and the communication of individuals. 

     This potential for community restructuring has also been recognized by the mainstream media 
and has been widely discussed. The New York Times, for example, published "The Age of Big 
Data" [25] and published books on how big data transforms our way of life, work, and thinking 
[26]. 

     Various social media sites are often used as data sources in social media research and social 
behaviors. However, these data do not represent the entire human population. It may have a specific 
orientation to a country, an age group, or people who deal with technology in general. In addition, 
researchers may not even have access to the entire population on social media [27]. 

     The standard Twitter application interface, for example, does not retrieve all tweets, but only 
selects and retrieves some of them, and the search application interface retrieves only recent tweets 
[28]. 

 

4 Proposed approach 

In this section, the proposed idea is explained in detail in three subsections: classification and 

filtering, possible changes in existing techniques, and big data.  

 

4.1 Classification and Filtering 

Classification and filtering are two very similar concepts. For example, we can say that an 

expression can belong to a class "A" or not. It can be said that the phrase is filtered if it does not 

belong, or it can be said that the phrase is being classified. Now consider a news system whose 

news topics are limited to 17 topics. People from all over the world have the ability to connect to 

this system and view its news. Of course, there can be several headlines a day about some news 



items. Now including all these headlines on the main page of the site is one issue, another issue is 

how this news is arranged. Because news "A" can be considered important news for a country like 

Iran but not important for another country like Sweden. So, the news layout should be changed 

according to the user's geographical location or even some of this news should be filtered. 

      On the other hand, such news systems sometimes send daily news to their subscribers. If this 

news is not in line with the users' interest, the number of subscribers will decrease over time. 

Therefore, the need for a News Filtering System, or it can also be called a news suggestion system, 

is felt to filter the submitted news according to the relevant user or change the arrangement of the 

news according to the priority of users' interests. To this end, this article provides a way to find the 

topics of interest to the residents of those areas based on the tweets of users in different 

geographical locations, and to use these results to filter the news, either on the main page of the site 

or in sending E -mail, used. These results can also be used to change the order of news based on the 

priority of users' interests. Thus, we first need to find topics related to a tweet, because these topics 

speak to the interest of their authors. Then, according to the geographical location of the users and 

the topics found, the topics of interest of the majority of the residents of those areas, who are related 

to online news media, are found. 

     The proposed classification has two phases: Feature extraction phase, which includes 5 stages, 

and Topic discovery phase, which includes 6 stages. 

 

 

Fig. 1 The first phase of the proposed model, finding the effective coefficient for better weighting of N-

Grams. 

 

4.1.1 Feature’s extraction phase 

This phase is in fact the educational phase of this article and consists of 5 stages: 

Educational 
database

Pre-processing 
tweets

Creating N-
Grams files
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IDF for each N-

Grams

Find the 
effective 

coefficient



 

Educational data group: In the first step, a series of tweets are randomly selected. At this stage, 

each tweet should be accompanied by relevant topics. These topics can be found and added 

manually or, as done in this article, the topics can be identified by the Thomson Reuters Institute 

and added to this data set. These tweets are used to find N-Grams related to each topic and then 

weighted. The N-Grams found along with their weight are used as features that are calculated using 

the Topic discovery phase. 

 

Pre-processing tweets: We need a series of edits to extract the N-Grams related to a topic. First of 

all, we have to remove Stop words. Stop words are words that are common to all topics. At this 

stage, we need a natural language processing tool to do this. Using this tool, we first delete Stop 

words throughout the data set, then use the Regular expression package, which is common in the 

Python language, to filter the characters. 

 

Making N-Grams Vectors: For each topic, we create separate vectors of all the unique N-Grams 

that we found in the topic data group in step A. In this article, we consider the value of n to be 

between 1 and 30. As a result, depending on the length of the tweet, up to 30 vectors can be found 

for it. In other research, they have created a vector with the whole N-Grams community and used it 

to find similarities between a tweet and vectors of different topics. The reason for not using this 

method in this article is to save memory and search time. 

 

Calculate TF-IDF for each N-Grams: At this point, the goal is to find a weight for each attribute, 

N-Grams. One of the simplest and most widely used methods is to use TF-IDF. In last research, it is 

mentioned that this method is very useful in text documents, such as news articles, because in these 

texts we want to find phrases that are repeated frequently in these documents, but are not common 

in other existing documents. To be. Of course, there is a negative point in that article that this 

method is not suitable for working with Twitter, because the tweets are very short, and therefore 

most phrases and words, including keywords, are repeated only once. be. In this article, we do not 

consider a tweet as a document in the training phase, but consider the Corpus of tweets with the 

same topics as a document. With this approach, we achieved satisfactory results. 
 

Find Effective Coefficient: This stage is the most important stage of this phase. In the course of 
this research, we conclude that if the significance of N-Grams increases exponentially with 

increasing n, in the subject discovery phase, relevant and irrelevant topics are broken down into two 
separate groups. The effective power coefficients are n in N-Grams. In implementing this research, 

the best result was obtained with 
6

n . 

 

4.1.2 Subject Discovery Phase 

This phase is the experimental phase and has 6 stages: 



Educational data group: The first step in this phase is to select the remaining tweets from the total 

data set so that the training tweets are deleted. This new data set is used to test and execute 

algorithms on them. 
 

Pre-processing tweets: In this step, we first remove the word Stop, words that are common to all 

topics. To do this, we need natural language processing tools. Using the Stop word list of this tool, 

we first filter them across the data group, then use the Regular expression package to filter the 

symbols. 

 

Find N-Grams: All N-Grams are found in one tweet. The value of n is between 1 and the total 

number of words in the tweet. Of course, it should be noted that the maximum value that n can have 

is 30. These N-Grams are used to measure the similarity between relevant tweets and different 

topics. 

 

Aggregate Effective Coefficient * TF-IDF values for a tweet: In this step we use the N-Grams 

found in the previous step and find the equivalent vectors, if the equivalent vector is available. To 

do this, the search is performed only on vectors that have the same value n. If these vectors were 

present, we would find the result of the sum of their TF-IDF multiplications, calculated in the fourth 

stage of phase 1, with the effective coefficient, calculated in the last stage of phase 1 based on the 

value of n. Eq. (6) shows this calculation. 

 

max( ) ( 1)

1

*
i

n n

tweet k n

k

result TF IDF EC
− −

=

= −  
(6) 

 

Sort the results of all topics: The results in this step are the sums obtained in the previous step. For 

this purpose, we arrange these results in descending order. The largest value indicates that the 

relevant topic certainly belongs to the relevant tweet. In the next step, other relevant topics will be 

found. 
 

Calculate the distance of the results: As mentioned before, the first issue is the biggest result. To 

get the other topics, we move forward in the sorted list and find the distance of each member to the 

first value, which is labeled as the first relevant topic. If the distance obtained is greater than 99, it 

indicates that the subject is one hundred percent irrelevant. With the first interval of 99, the 

algorithm does not continue and stops. Eq. (7) shows this calculation. 

 1 1, | 99
itweet t t

topics SR SR SR SR= −   (7) 

 



 

Fig. 2 The second phase of the proposed model is to calculate the distance between the results of the 

similarity of a tweet and different topics. 

 

4.2 Possible changes in existing techniques 
4.2.1 How to use N-Grams 

One of the most important techniques used in word processing is the use of N-Grams. N-Grams are 
a sequence of words that are separated by n sentences. In this study, the value of n is between 1 and 
the maximum number of words in a tweet, although this value is not defined more than 30. It should 
be noted that word order does not matter here, so N-Grams are arranged in alphabetical order to 
avoid repetition due to word rotation. Each N-Grams is stored in a separate list with N-Grams of the 
same size to avoid additional comparison time when searching. N-Grams can be used as a Feature 
for texts. This means that by using the common N-Grams between a tweet and the N-Grams in a 
topic, you can determine the similarity of that tweet to that topic. Also, because the higher the 
number of words in N-Grams, the more accurate they contribute to this problem. We change the 
effect of these expressions according to the value of n with an Effective Coefficient. That is, the 

higher the n, the greater the effect. In implementing this research, we obtained the optimal answer 

when this coefficient of impact increases exponentially and is calculated with
6

n . 

 

4.2.2 TF-IDF: Term Frequency-Inverse Document Frequency 

TF-IDF is one of the easiest ways to find keywords and weight words and phrases in text 

processing. In this method, the weight of a word or phrase is based on the amount of repetition in a 

document, while the amount of repetition in other documents are not ineffective. This method has 

been criticized in many articles and researches for its use in the field of Twitter, because the tweets 

are very short and the keywords are often repeated once in a while. To address this shortcoming, 

what has been done is to use the body of tweets as a document, rather than a tweet as a document. 

Also, as mentioned in the previous section, the weights attributed to N-Grams change with respect 
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to the value of n, which means that by increasing the n frequency of the inverse expression, the 

frequency of the document increases exponentially, with an impact factor. 

 

4.2.3 KNN: K-Nearest Neighbor 

The nearest neighbor K algorithm is used in this paper in two steps. To classify a tweet, we need to 
give the tweet weight to each topic. To do this, the k algorithm finds the same neighbor in each 
Topic class, these neighbors are the same N-Grams in each subject, and we add them TF-IDF. This 
is the sum of the weight of that tweet relative to that topic. This is the first step in using this 
algorithm. The next step is to find topics related to a tweet. This means that the weights given in the 
previous step of the relevant subject classes, the nearest neighbor K algorithm, must be found. The 
nearest neighbor K algorithm used in this study has little change. This change is applied only to the 

value of K, so that in the standard mode of the algorithm, this value is a fixed value specified by the 
user or programmer. But here in both steps the value of the K algorithm varies and this value 
changes as the tweet changes. This value is not set manually, but the program finds it dynamically 
and intelligently. For example, the phrase "food prices have gone up with rising inflation" could be 
about Business, Finance and Politics, i.e., K is equal to 2, but the phrase "tourists without visas are 
at risk of terrorism and the exchange rate falls in the country" Can be in the case of business and 
finance, Disaster and Accident, Law and Crime and politics, i.e., K is 4. So, we see that the 
existence of a constant value as K is not reasonable and we needed this change in this algorithm. 
How to find the value of K in the algorithm is that in the first step we used to determine the number 
of N-Grams similar to this value, and in the second step of using this algorithm, the distance 
between the topic weights of each the tweets, which were described in the second phase of the 

proposed algorithm of this research and in step 6, specify this value. 

 

4.3 Big data 

As mentioned earlier, there are three main reasons for using big data: Volume Information, Velocity 

and Variety Data. The reason for this research is in the field of big data, low processing speed and 

searches. The data group processing speed used in this study increased dramatically when the 

project was transferred from Python to PySpark. Also, due to the use of more RAM, the search time 

was greatly reduced. Figure 3 shows the architecture for using large data using the PySpark tool. 

 

Fig. 3 Proposed system architecture in the field of big data. 



5 Performance evaluation 
5.1 Implementation features 

In this article, we used natural language processing tools and PySpark. Natural language processing 

tools are used to pre-process tweets in this article. For example, to delete symbols or delete Stop 

words. Also, because the method presented in this article has nothing to do with the order of the 

words, this tool has also been used to sort the words of a phrase in alphabetical order, because if 

you do not sort the phrases into the same phrases with different permutations from, we encounter 

the same words. 

     This paper was first implemented in PyCharm in Python. But due to the very high time 

complexity, which is due to the large amount of data, it was transferred to Spark and re-

implemented in PySpark in Python. The advantage of using Spark is faster speed in required 

searches. Because it brings more data to RAM and speeds up these searches. In this part of the 

article, the results are obtained in the form of graphs in MATLAB software. The implementation of 

the idea presented in this article is in three ways. In the first case, we consider 10% of the total data 

as educational data sets, in the second case, 20%, and in the third case, approximately 33% of them 

are educational data. Each of these implementations has been compared with each other in terms of 

the accuracy of the results, and each implementation within itself has been compared in terms of the 

accuracy of the results by changing the training dataset. Also, the percentage of topics of interest to 

users in different geographical areas is shown on the chart. 

 

5.2 Implementation data 

The data used in this research is a data set that was introduced and made available to the public by 

[3]. According to the same article, the dataset includes tweets that have been themed by the 

Thomson Reuters Center and used for research. It should be noted that only the values of tweets, 

subject, and geographical location of users in the relevant data set are used. Also, tweets without 

geo-location names have been filtered because the goal was to find out what users might be 

interested in. The number of topics covered in this dataset by the Thomson Reuters Center is 17, 

which are as follows: 

Business_Finance, Disaster_Accident, Education, ntertainment_Culture, Environment, 

Health_Medical_Pharma, Hospitality_Recreation, Human Interest, Labor, Law_Crime, Politics, 

Religion_Belief, Social Issues, Sports, Technology_Internet, War_Conflict, Weather. 

Finally, diagrams are shown to show the percentage of interest of users in different geographical 

locations to different topics.     

 

5.3 Implementation results 

The presented diagrams are based on the accuracy of the algorithm, which is measured in all 3 types 
of implementations. This accuracy has been measured in subject-based, instructional-based, and 
implementation-based modes. This accuracy means the ratio of the number of tweets whose topics 



are correctly guessed to the total number of tweets on a particular topic [29]. Eq. (8) shows this 
calculation. 

 

/ #     #Accuracy correct results all tweets=  (8) 

 

Finally, diagrams are shown to show the percentage of interest of users in different geographical 

locations to different topics. 

 

5.4 Average accuracy charts 

Figure 4 shows the average accuracy of the algorithm in three modes of 3, 5 and 10 parts (3-fold, 5-

fold, 10-fold). In the first case, the educational data set is approximately 33% of the total data set 

with an average accuracy of 76.5163%. In the second case, 20%, with an average accuracy of 

74.1117%, and in the third case, 10%, with an average accuracy of 68.4516, is the total data set. In 

the opinion of this research group, the best implementation has been the 5-fold mode, due to its 

better accuracy than the 10-fold mode and the smaller training data set than the 3-fold mode. 

 

 

Fig. 4 The average accuracy of the algorithm in three modes of 3, 5 and 10 parts. 

Figures 5, 6 and 7 show the average accuracy of the algorithm in different implementations 

according to different training data sets. In Figure 5, we see that when the first part of the data set is 

considered as an educational data set, the final results are more accurate and better. This shows that 

with this scatter of words and phrases we can achieve more normal frequencies. The distance 

between the best and the second-best results is 3.4477. In Figure 6, section 5m, with a slight 

difference from the second best, 1.9657, is the best section for the training dataset, and in the last 

figure, Figure 7, as can be seen, forms the sixth section of the best training dataset. In all of these 

graphs, the result bars are curved together, with the initial and end bars being the longest and the 

middle bars the shortest. This indicates that in this dataset the words and phrases are scattered more 



normally at the beginning and end than in the middle of the whole data set. As a result, more 

normal values are obtained for the frequency of the inverse expression of the document, in the case 

where the training dataset is at the beginning or end of the whole dataset. 

 

Fig. 5 Average accuracy in 3-part mode. 

 

 

Fig. 6 Average accuracy in 5-part mode. 

Figure 8 shows the average accuracy of the results with respect to different subjects. In the 

corresponding diagram, we see that accuracy is directly related to the size of the training data set. 

The larger the training dataset, the greater the accuracy. But one point in this diagram shows that it 

all depends on how the words and phrases are scattered in the data set. As we can see in the 

diagram, in the last issue, although the size of the training dataset has increased from 20% to 

approximately 33%, the accuracy has decreased. This shows that the way the words are scattered, a 

higher percentage of words are words and phrases that are not related to the relevant topic, in the 

case of 3 parts, the frequency of TF-IDF is more inappropriate, and thus the accuracy of the results 

the result is reduced. 

      Figures 9, 10, and 11 show the average accuracy of subject-based results in 3-fold, 5-fold, and 

10-fold implementation modes. The data displayed in these diagrams show how words and phrases 

are distributed throughout this dataset. The best word scatter in these graphs is when the result 



points in a particular topic are on the vector of an instructional data set as close to the mean point of 

that topic as possible on the mean vector. The greater the distance between the subject vectors as 

well as between them and the mean vector, the greater the indication that the word scatter is not the 

same in different parts of the data set, and therefore the frequency of the inverse expression is the 

frequency of the document in a word. Different values of the data set, which are considered as 

educational data sets, are calculated different values. To see more closely the scatter of words and 

phrases in this dataset, their standard deviation is calculated and displayed in a table. These results 

are shown in Table 1. Based on the results of standard deviation, the best dispersion of words and 

phrases in the subject of crime-law. 
 

Table. 1 Standard deviation of the results of each issue in three implementation modes: 3-fold, 5-fold, and 

10-fold. 

 

 



 

Fig. 7 Average accuracy in 10-part mode. 

 

 

Fig. 8 Average accuracy with respect to different subjects for all three 3-part mode, 5-part mode, and 10-part 

mode. 

 



 

Fig. 9 Average accuracy according to different topics for 3-part mode. This diagram shows how words and 

phrases are scattered. 

 

Fig. 10 Average accuracy according to different topics for 5-part mode. This diagram shows how words and 

phrases are scattered. 

 



 

Fig. 11 Average accuracy according to different topics for 10-part mode. This diagram shows how words 

and phrases are scattered. 

 

5.5 User interest percentage charts 

The purpose of this study was to design a news suggestion system using the discovery of topics of 

interest to Twitter users and based on their geographical location. For this purpose, tweets related to 

several countries have been used for example. The final results for each country are shown 

separately in Figures 12 to 28. Finally, Figure 29 presents the final results in three dimensions with 

the axes of topics, countries, and percentage of interest. For example, it can be seen that Twitter 

users in Italy have talked more about the number one topic, business-finance, or the first topic of 

interest for American users is entertainment-culture. Tables 2 and 3 also show the identification 

numbers of countries and topics with the equivalent of their names. 

 

Fig. 12 Percentage of Belgian users interested in various topics. 



 

Fig. 13 Percentage of Brazilian users' interest in various topics. 

 

 

Fig. 14 Percentage of Danish users' interest in various topics. 

 



 

Fig. 15 Percentage of Canadian users interested in various topics. 

 

 

Fig. 16 Percentage of Greek users' interest in various topics. 

 



 

Fig. 17 Percentage of German users' interest in various topics. 

 

 

Fig. 18 Percentage of Italian users' interest in various topics. 

 



 

Fig. 19 Percentage of Indonesian users interested in various topics. 

 

 

Fig. 20 Percentage of Spanish users' interest in various topics. 

 

 



 

Fig. 21 Percentage of Swedish users' interest in various topics. 

 

 

 

Fig. 22 Percentage of Russian users' interest in various topics. 

 



 

Fig. 23 Percentage of South African users interested in various topics. 

 

 

 

Fig. 24 Percentage of Mexican users interested in various topics. 

 

 



 

Fig. 25 Percentage of Malaysian users interested in various topics. 

 

 

 

Fig. 26 Percentage of Dutch users' interest in various topics. 

 

 



 

Fig. 27 Percentage of US users interested in various topics. 

 

 

 

Fig. 28 Percentage of UK users interested in various topics. 

 

 



 

Fig. 29 Percentage of users in different countries interested in different topics. 

Table. 2 Each number in the horizontal axis of the graphs represents a subject. In this table, their equivalent 

names are presented. 

 

 

 

 



Table. 3 Each number in the third axis of the 3D graph represents a country. In this table, their equivalent 

names are presented. 

 

 

6 Conclusion 

This paper presents a news recommendation system using the twitter social network based on the 

geographical location of its users. To implement and test the proposed system, a data set of 120,000 

tweets, presented in paper [8] and used by the Thomson Reuters Center and topic discovery, was 

used. One part of this data group was used as an educational data group and the other part was used 

as an experimental data group. It should be noted that although the volume of the tweet data group 

seems small, but due to the many calculations and searches that are done on each word and phrase, 

the computational time is very high and in this regard in the field the data is large, so the Spark 

framework has been used to improve this computational time. This paper has worked on news 

suggestion systems, so we needed to discover the topic so that we could find the topics of interest to 

users based on their situation. To do this, two computational phases were designed; First, a metric 

was used to determine the importance of each word or phrase, as a weight for each in the relevant 

topic, in each specific class in the educational data group. These calculated weights were considered 

as a feature for each Topic class. The second phase involves calculating the degree to which a tweet 

relates to a particular class in the experimental data group. In order to find the relevant topics, it 

should be noted that for each tweet, at least one topic and a maximum of seventeen topics can be 

found. 

     Implementation was performed with 3 models of experimental and educational data group (10-

fold, 5-fold, 3-fold). In the first case, 10% of the whole data group is responsible for teaching the 

algorithm and 90% of it was used for testing. In this case, the average was 68.4518%. In the second 

case, educational and experimental data groups included 20% and 80% of the data group, 



respectively. In this implementation, the accuracy of the answers was 74,117%. In the third case, 

approximately 33% formed the educational data group and 67% formed the experimental data 

group. In this case, the accuracy rate reached 76.5163%. From the point of view of this research 

group, the second case was considered the best case, because the accuracy of the turn increased to 

the first case and the third case resulted in a smaller educational data group, although the focus of 

this paper was on Twitter social network data. But the proposed approach can be applied to other 

social networks as well. It should be noted that the implementation of this paper was done on one 

device. With the implementation in the form of clustering, the efficiency of the system will 

definitely increase. Or in the first phase, when calculating the TF-IDF, only one device is used 

because those parts of the algorithm are not independent of each other and cannot be run in parallel. 
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