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Abstract— As there is a vast collection of news sources 

around the globe, News recommender systems help users 

manage this by suggesting and filtering out articles which 

the user might be interested in. This helps in pointing the 

user to relevant items and thus avoiding extensive searching. 

Our system is an endeavor to achieve this. Moreover, we 

would like out an application to give recommendations 

which are at least comparable to other similar systems out 

there if not better. Our system exists to personalize the news 

for the individual user. 
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I. INTRODUCTION 

There is a great amount of research in news recommender 

systems as it constitutes a problem-rich research area with 

numerous applications which help users to efficiently filter 

out noise to look for interesting content. Online news 

reading has become a widely popular way to read news 

articles from news sources around the globe. With the 

enormous amount of news articles available, users are easily 

swamped by information of little interest to them. News 

recommender systems are one approach to help users find 

interesting articles to read. News recommender systems 

present the articles to individual users based on their 

interests rather than presenting articles in order of their 

occurrence. The use of social media such as Twitter and 

other micro-blogging applications have become highly 

popular and researchers have started to investigate Twitter’s 

information propagation patterns. Many people post their 

opinions via social media services such as Twitter. This 

huge volume of opinions, expressed in real time, has 

enormous potential in marketing and advertisements. Our 

application along with content based filtering also considers 

the similar users for recommendation. Using the standard 

content based filtering approach along with collaborative 

filtering in the form of similar users, the application makes 

use of a hybrid recommender system to make 

recommendations. 

II. SYSTEM OVERVIEW & MOTIVATION 

A. Motivation 

Develop a hybrid personalized news recommendation 

system with the help of a popular micro-blogging service, 

“Twitter”. The application is for anyone who is interested in 

the latest news of their interest, but don’t have time to 

browse multiple sources of news. We target active twitter 

users for providing recommendations but is not limited by 

that, the system is also designed to provide 

recommendations for non-Twitter users. The content of any 

major news website is not tailored for the individual profile. 

For personalized news recommendation, existing methods 

mostly utilize information obtainable from the news articles 

read by the users such as titles, texts, and click through data. 

Our system uses the hybrid recommendation approach of 

combining various recommendation methods thereby 

utilizing the advantage of each method and improving the 

accuracy 

B. Content Based Filtering 

These recommender systems recommend an item to the user 

similar to the ones the user preferred in the past. In other 

words, the system basically compares the contents of 

candidate items to the contents of the items the user has 

shown interest in the past. 

C. Collaborative Based Filtering 

These systems recommend an item to the user based on the 

people with similar tastes and preferences have liked in the 

past. These systems basically determine similarity based on 

collective user-item interactions rather than on any specific 

items contents. These systems are widely used and are 

generally used to recommend books, movies, music etc. 

They have the advantage that they can recommend items for 

which little or no semantic information is available (music, 

movies, products). 

D. Hybrid Recommender Engine 

These systems combine both the collaborative and content-

based recommendation techniques in order                             

to improve the accuracy of the recommendation. 

III. SYSTEM IMPLEMENTATION 

A. Content Based Filtering 

The content based filtering approach involves: 

1) Tweet Collections:  

We collect the latest 200 tweets from the user’s timeline and 

save parameters required for the system such as the text part 

of the tweet, username and user id. These tweets include all 

the likes tweets and retweets by the user. 

2) Tweet Classification:  

Naïve Bayes classifier is used for classifying the tweets into 

predefined categories. The classification model is trained on 

a custom made dataset from news articles with predefined 

categories. 

we created our custom dataset from the news 

database. Since we were using “NewsAPI” for storing news 

articles, these articles came with a predefined category label. 

The data was then taken from news articles description and 

the label was taken form their category. The model is then 

trained on this dataset. 

3) Inferring user interests:  

After classification of the tweets is done. The count of 

tweets for each category is taken and an interest percentage 

is calculated i.e. count of a category divided by the total 

number of tweets. This helps us determining whether a user 

is interested in a category more than the other. 
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4) Finding most prominent keywords:  

The text part of the tweet is extracted which is then 

processed to remove the stop words after upon which 

python’s spacy library is used to get 30 most characteristics 

words along with its labels. we use the Spacy which is an 

open source, industrial strength library. Spacy provides 

models to calculate topics like LDA but gives result in 

milliseconds. Spacy was providing accurate results in lowest 

possible time to find the most prominent words form the 

user’s tweets. These keywords are then stored in a collection 

in the NOSQL database. 

5) Saving user search history:  

To build a strong user profile to recommend the news 

article, the application will also include a search facility 

which would allow the user to search for any topic of 

interest to read news items apart from those which were 

recommended. This would allow us to maintain the user 

search history which would help us to further refine the 

recommendations. 

6) Saving user interaction data:  

User interaction in the form of user clicks is also recorded 

by the system. However, when then user dislikes an article 

then the keywords of that article are removed from the 

collection. This system provides a mechanism for the 

application to learn the user overtime to refine the 

recommendations. 

7) Making recommendations:  

News articles are searched for in the database based on 

keyword matching. The user interests are matched with the 

keywords in the article description. All the news articles 

collected form NewsAPI are stored in JSON format and 

stored in a separate collection on the database. These are 

indexed on the description_keywords attribute which allows 

faster searching for news articles. 

B. Collaborative Filtering 

Collaborative filtering approach involves: 

1) User document creation:  

For every user, a profile in the form of a document is 

created. The document contains the user interests in the 

form of 

1) Most prominent keywords calculated from Spacy. 

2) Hashtags used by the user 

3) Friends/Followings of the user 

2) Finding similar users:  

We calculate the cosine similarity for all the documents and 

create a user– similarity matrix. Then using this matrix, 

based on a set threshold value, we can find the top ‘n’ most 

similar users for the given user. Since keywords from 

similar users bring in diversity to the recommendation, 

increasing the number of similar users tend to bring more 

irrelevance to recommendation result. As the number of 

users increases, the size of the user similarity matrix also 

increases.   

3) Making recommendations:  

Once we have the set of similar users. We find the 

intersection of the keywords in the documents with the 

similar user’s documents and save those keywords which 

were not present in the intersection. We then use these 

keywords to recommend articles which the user might be 

interested in. Using this approach, we try to handle the 

diversity and filter bubble issue in recommendation. 

C. Tweet Collection 

We collect the latest 200 tweets from the user’s timeline and 

save parameters required for the system such as the text part 

of the tweet, username and user id. These tweets include all 

the likes tweets and retweets by the user.. We use the 

user_timeline() method returns the most recent statuses 

posted from the authenticating user or the user specified 

.Using this method, we get the latest 200 tweets of user. 

These tweets include the tweets liked and the retweets for 

the user. After collecting the tweets, the tweets are 

preprocessed to extract information such as Hashtags used. 

Then we take the text part of the tweet, the username, 

authorID and the published date and store each tweet as a 

separate document in a collection in the NOSQL database. 

This tweet collection occurs every time when the user logs 

in. When the user logs in again, only the new tweets are 

stored and duplicates are left out. 

 

 
Fig. 1: System Flow Chart 
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D. News Collection 

The system recommends news articles based on news title, 

description, published datetime and news categories, all of 

which we can easily get via News API. The News Data 

Collection consists of two parts: News Collector and Daily 

Task. Then we finally created our custom dataset from the 

news database. Since we were using “NewsAPI” for storing 

news articles, these articles came with a predefined category 

label. The data was then taken from news articles 

description and the label was taken from their category. The 

model is then trained on this dataset. 

E. News Collector 

The News API offers general news information, such as 

title, description, news original URL, URL of news Image, 

published date time and author, from over 70 news agencies, 

for example,BBC, CNN, ABC and Reuters. First, we 

register on https://newsapi.org/ and get an API Key for free. 

Then via 

https://newsapi.org/v1/sources?language=en&apiKey={A 

PI_Key}, we have a list of all news agencies whose news 

are in English. Different news agencies offer their articles in 

one or more different orders, for example, {top, latest}, 

{top, popular}. LATEST is the priority option if it is 

provided. If not, the program takes the first item in the 

sortedBy options. 

F. Daily task 

 

The daily task is to move out-of-date news articles from 

collection NEWS to collection, NEWS_HISTORY and only 

keep the last 10 days news articles in the collection NEWS, 

for two purposes: 

1) Recommend the newest news to users only, because it 

does not make any sense that the user get news too old 

to read which recommend by the system. 

2) Make the recommended system runs quicker, because 

there is less data storing in collection NEWS and it 

saves time while the recommend part searching on it. 

IV. RELATED WORK 

One of the promising social news readers we’ve tried are 

News360. They provide sign in with Twitter, Facebook or 

Google+. So, when you connect it with Twitter, the top-line 

topics will be based on your activity on the social network. 

Also, you can opt to log-in just with your email. News360 

uses a complex formula to rank stories, taking in the 

influence of the source, author, text quality and complexity, 

size and velocity of the story cluster and many other metrics. 

As the user uses News360, additional data is collected from 

their behavior - as they read stories and give feedback. From 

our usage of the application we also noticed that they do 

cookie profiling of the users and use that in recommending 

news, that is they track the browsing history the users and 

collect information which is passed on to the 

recommendation system.“News.Me”, from the New York 

Times, take social networking and aggregates news. It takes 

the links posted by the friends in your Twitter feed and 

displays the most interesting and talked about stories on the 

Internet in an attractive summary form. Another news 

recommender is the “recent news” which suggests news 

based on the user click behavior. Then we have Google 

news which uses the keyword search history to build the 

users interest profile for recommending news. Since the 

algorithms used by the above-mentioned systems are not 

revealed publicly, it is difficult to figure out what techniques 

are being used by them.  

V. CONCLUSION 

In this paper, we have presented the design and 

implementation of a news recommender system that 

incorporates a novel approach to recommend interesting 

news articles to the user. We implemented three different 

strategies to recommend news articles to the user that are 

interesting to read. The first strategy was to recommend the 

news articles based on their popularity as identified with the 

help of tweets from Twitters public timeline. The second 

strategy was to recommend the news articles based on their 

match to categories in the user’s profile. The third strategy is 

a hybrid approach that fuses the first two strategies to 

present a novel approach that recommends news articles to 

the user based on both the articles popularity and similarity 

to the user’s profile. 
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