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Abstract—On social media we browse through enormous messages. Most of the messages tend to 
be redundant. Browsing through this redundancy is simply time consuming and attention 
seeking. The messages may consist of many day-to-day slangs and short forms that are 
ambiguous. The spectacular usability of the social media applications can be improved by 
overcoming redundancy. The standard form of slangs or short form words enhances the 
understanding ability of messages. This paper discusses an application that has been developed 
to avoid redundancy by standardizing the messages. The application deploys machine learning 
techniques to preprocess and analyze the messages. Henceforth, the redundant messages are 
restricted from appearing on the application user interface. By this the spectators get the 
unique and standard messages view.  
 
Index Terms— Redundant messages, Social media, Dictionary, Android. 

I. INTRODUCTION 

Social media has become an important aspect in everyone’s day-to-day life. Social media applications like 
Facebook, Twitter, WhatsApp, Telegram, Instagram, ShareApp, LinkedIn, Messenger, Snapchat etc., have 
gained a lot of attention. A lot of common messages are shared by many people on these platforms. Similarly 
media files like images, videos etc are also shared repeatedly [5]. Therefore a person active on social media 
receives enormous messages with varying redundancy [2]. These redundant messages don’t weigh much 
importance. However, the redundancy in media consumes a lot of storage which is unnecessary [3]. 
Whatsapp is a commonly used social application to communicate. An exported file from Whatsapp is used as the 
input data [4] for the application. The messages in the input data are both unique and redundant. The redundant 
messages may have different forms but mean the same [1][8].  
Standard meaning like ‘hello’ can be inferred from ‘hie’, ‘hiii’, ‘heloo’, ‘hlo’ etc., similarly ‘How are you?’ can 
be inferred from ‘how are u?’, ‘hw r u?’, ‘how r u?’. ‘hru?’ etc. Though the spellings and the grammar may vary 
they pose a single meaning [9][10]. This is the basic level of redundancy we come across commonly. We find 
many forms for a single phrase and slang consisting of fewer words or letters. Overcoming this redundancy is 
basic. The detected redundancy should be avoided effectively to convince the spectator [3][6]. 
The application deploys ML modules [1] to preprocess the data. The messages are thoroughly segregated unique 
and redundant from time to time. The messages appear only once based on time sequence. This convinces the 
spectator that no redundant messages have appeared. In group chats the redundant message appears once 
however  the  sender is not tagged with it. The application provides all message view for group chats so that the  
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spectator can refer to it for his knowledge. 
As discussed above standard meanings can be extracted from phrases, slangs and short forms. A standard 
dictionary is created to train the application. When a phrase or slang is detected the application asks the user to 
teach it the meaning. Therefore the dictionary can be customized based on the user as to what he wants. 

II. LITERATURE SURVEY  

The paper [1] describes the professional chat application where the messages are interpreted into intended 
meaning to find any redundant or inappropriate terms in the message that may include vulgar words, etc., using 
NLP. However it omits the commonly used slangs or short forms of words. The paper [2] describes the android 
application built to create separate sections for unique and redundant messages in group chat of Whatsapp. 
Though redundancy is detected it is not handled. The paper [3] presents a scheme to remove the duplicate files 
based on proposed image matching scheme which suits mobile environment using hash function and Huffman 
code to build unique code for each image. Scheme implements creating index file and removing daily images. 
The drawback is the minor changes in the image like size, cropping etc, is considered as a new image. The 
paper [4] aims to study and analyze the Whatsapp conversations. The analysis discovered that both students and 
professionals use Whatsapp to achieve their academic and business goals. In paper [5] the research was done to 
check the images that circulated the news on Whatsapp is redundant. It uses the automatic detection tools using 
the machine learning techniques to detect the news in the images. The drawback is research checked all the 
redundant images, its space efficiency and time efficiency reduced. The paper [6] portrays the two stage 
sampling selection strategy and simple map reduce concept is proposed. Blocking, comparison and 
classification stage is used to analyze the data in these three stages, identify the duplicate data from the original 
data. The paper [7] proposes a 2-step approach to address this new ECPE task, which first performs individual 
emotion extraction and cause extraction via multi-task learning, and then conduct emotion-cause pairing and 
filtering. The emotion extraction and the cause extraction are independently modeled by two Bi-LSTMs. But the 
mistakes made in the first step will affect the results of the second step. The paper [8] explores the approach on a 
wide range of benchmarks for natural language understanding. They proposed a general task-agnostic model, 
which outperformed discriminatively trained models that use architectures specifically crafted for each task. The 
paper [9] analyzes more than 50 string matching methods in terms of strengths, weaknesses, and efficiency with 
respect to applications, which can helpful to identify suitable string matching algorithms. It is tedious choosing 
an appropriate string matching algorithm for current applications, integrating several algorithms, and modifying 
algorithms. The paper [10] reviews for unstructured data mining. The entire process of unstructured information 
parsing can be divided three major steps which are relationship-based extraction, template-based extraction and 
deep learning-based extraction. 

III. PROBLEM STATEMENT 

The messages of social media like WhatsApp get accumulated with lot of redundant or duplicate messages. 
There is a great need to reduce the real time problem of redundant messages without missing out essential 
details. 

IV. PROPOSED METHOD 

Fig. 1 system architecture depicts the working model of the application. The input file is uploaded into the 
application. The application is divided into the following modules.  
1. Message extraction: The imported file is read line by line. Each line is validated by checking for unusual 

contents like ‘This message was deleted’, ‘< Media omitted> ’, ‘ Vidya added +91 9876543219 ’, 
‘Nandini removed +91 8765493219 ’, ‘Aishwarya left’ etc., such contents are removed to get just messages. 

2. Dictionary search module: The messages are processed based on the criteria of their length. Only the short 
messages will checked for the key-value in the dictionary. If the message is found then key meaning of that 
message will be retrieved. In the case of new slangs or phrases being detected, they are piled into a list. 
Fuzzy logic is applied to compare the strings in the dictionary with accuracy more than 85%. Hence, the 
relevant key is retrieved from the dictionary. The processed messages along with its key and other attributes 
like word length, count, redundant, continued etc., is inserted into the firebase database. 

3. Comparison module: The new messages are compared with previous messages to check redundancy. The 
fuzzy logic is applied to match the strings with the accuracy of 87% and above. If the keys ought to match 
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the messages are considered redundant. If the logic fails the message is claimed unique.  
4. Unique message and redundant message module: The attributes of compared messages from the above 

module are updated based on uniqueness and redundancy. 
5. Message display module: Based on the occurrences of the messages from time to time the unique messages 

are displayed to the user in black colour. The redundant messages are displayed only once in green color. 
The redundant messages that occur more than once are tagged with count of the redundancy. The senders of 
such messages can also be viewed.  

 
Figure 1: Architecture 

V. ALGORITHMS 

Preprocessing algorithm:- 
Input: Valid lines from the file 
Output: Extracted message class 
Description: In this process date, time, author, message are extracted from the received lines. Computations 
are performed on the messages this to get word count, letter count and id. This is required to differentiate 
short messages and long messages for further process. 
Algorithm: 
Step 1: Start 
Step 2: The date and time are extracted from the line. 
Step 3: If line starts with date and time: 

         extract the message and the sender. 
 Else: 

       Considered as continuation of  previous msg. 
Step 4: computations are performed on the message and the previous message is updated. 
Step 5: Only the short messages are sent for dictionary check. The long messages are simply checked for 

redundancy. 
Step 6: Stop 
Dictionary check algorithm:- 
Input: Message 
Output: Key of the message 
Description: The short message is compared using fuzzy technique with matching dictionary. The mapped 
keys of the messages are returned. 
Algorithm: 
Step 1: Start 
Step 2: For short message get the valid dictionary from the database. 
Step 3: Search for the key in the dictionary using fuzzy sort token ratio. 
Step 4: If the message is found in the dictionary with an accuracy of 85% or above return the key of the 

message. 
Step 5: For long message simply the message itself is returned as key 
Step 6: In case of failure of any of the above steps return false. 
Step 7: Stop 
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Comparison algorithm:- 
Input: Key of the message. 
Output: Redundant/Unique message detected Description: The key of the message is compared with the key 
of previous message using the fuzzy string matching logic with accuracy of 87% and above. This process 
detects unique and redundant messages via the above comparison. 
Algorithm: 
Step 1: Start 
Step 2: Compare the new message key with previous message key by fuzzy set token ratio with accuracy of 

87% and above 
Step 3: If the keys match the message is considered redundant. 
Step 4: If failed the message is considered unique. 
Step 5: Stop 

Unique Message algorithm:- 
 Input: Unique message Output: Unique message class 
Description: The unique message class is updated. The parent of the unique message is updated to itself. 
The count of the message is set to 0 and the previous message class is updated to the key and the message 
itself. 
Algorithm:  
Step 1: Start 
Step 2: Set the parent as the message itself.  
Step 3: Set the count of the message to 0. 
Step 4: Set the rest of the attributes like redundant, continued etc to null 
Step 5: Update the previous message class to the current message class. 
Step 6: Update the message class in the dictionary. 
Step 7: Stop 

Redundant message algorithm:-  
Input: Redundant message Output: Redundant message class 
Description: The redundant message class is updated. The parent of the message is updated to the previous 
message. The count of the message is updated. The redundant factor is set and the previous message is 
retained. 
Algorithm: 
Step 1: Start 

  Step 2: Set the parent as the previous message.  
  Step 3: Set the count of the message based on its occurrence. 
Step 4: Set the redundant factor 
Step 5: Retain the previous message class 
Step 6: Update the message class in the dictionary. 

    Step 7: Stop 

VI. RESULT AND DISCUSSION  

The results from the above experimentation are discussed in this section along with tables and graphs. The table 
1 shows the time taken for dictionary check of different type of messages. Three types of messages are 
considered for dictionary check and comparison module. They are long messages and short messages. Short 
messages are further categorized into message found in the dictionary and not found in the dictionary. Long 
messages take negligible time for the process. 
It happens so because long messages do not undergo dictionary check however they are compared for 
redundancy. Short messages undergo dictionary check and comparison module. The keys of short messages can 
be found at the beginning, at the end or anywhere in between in the dictionary. The time complexity of 
comparison module is based on this search. When the keys of short messages are not found in the dictionary the 
time complexity is the highest because the entire dictionary is searched. The Fig. 2 shows the graph of efficiency 
of dictionary searches and comparison module. It can be deciphered that processing of long messages is efficient 
than short messages. The execution time of short messages found in dictionary is less than that not found. 
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TABLE I. THE TABLE SHOWS THE TIME TAKEN FOR DICTIONARY CHECKAND COMPARISON MODULE OF DIFFERENT TYPE OF MESSAGES 
DICTIONARY 

Phrases Average time in ms 
Peace out 13.4 
Zero 12.4 
Cannot talk 2 
Gd morning 5.4 
Not in dictionary 26.2 
Atleast 17.8 
Practical 15.4 
Dictionary not found in 23.4 
Long message 1 
Long message 1 
Long message 1 
Long message 1 

 
Figure 2: Graphical representation of time efficiency of check and comparison module for different types of messages 

The Fig. 3 shows graphical representation of the accuracy score of token sort ratio on test data and dataset. The 
token sort ratio function sorts the strings alphabetically and then joins them together, ratio is then computed. The 
peaks indicate highest possible accuracy for considered test data with dataset. 
The Fig. 4 shows graphical representation of the accuracy score of token sort ratio on test data and dataset. The 
token set ratio function sorts the strings alphabetically and then joins them together; it takes out the common 
tokens before calculating the ratio between the strings. The peaks indicate highest possible accuracy for 
considered test data with dataset. 

 
Figure 3: Graphical representation of the accuracy score of token sort ratio on test data and dataset 
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Figure 4: Graphical representation of the accuracy score of token set ratio on test data and dataset 

VII. CONCLUSIONS 

The problems and the treats that were discussed in the existing system and its drawback can be solved using this 
effective Machine Learning models. The problem of redundancy can be overcome by the application. Besides 
detecting, effective avoidance measures are also included. The integrated application can be used with other 
social media applications to detect and avoid redundancy. The application can evolve semantic analysis and 
emotions for better performance in the future. Hence using social media applications are easier and better. 
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