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Abstract: There is huge potential to predict hidden social ties 
between different people sharing common area of interest or 
common friends. This paper presents data analysis on social 
network data for target advertising of the automobiles. The 
interrelated groups are derived from client s interaction data 
in social networks. Based on these cohesive subgroups, the 
likelihood of client s preference of a product category is 
inferred. Using this information, we construct a targeted 
advertising system. The experimental results on the social 
network dataset yields better quality of advertisement. 
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I. INTRODUCTION 

The importance of advertising using client s feedback has long 
been acknowledged by businesses [9]. A lot of attention is 
attracted towards this research area for many reasons. There is 
a huge amount of product/service information available to 
clients. Hence, it is desirable for having different ways with 
which clients can wade through information that could help 
them find product/services. Secondly, it is important to 
understand what clients (both current and potential) needs, as 
a part of client relationship management (CRM). If one could 
identify the needs of clients more accurately and efficiently, 
they can advertise the products and services in a better way. It 
would increase the retention power of the company for its 
clients, the growth of the company and its profits. 

Social data mining helps the organizations in targeting the 
consumer using behavioral and sentimental approach [25]. 
There are various popular social networking sites such as 
Facebook, Twitter, Instagram and Google+. People are also 
Connected to each other through various E-commerce sites 
[26]. Companies need to quantify and classify the feedback to 
make different business strategies by understanding emerging 
trends in a virtual world. [2].  

This analysis is useful both for marketers as well as the 
clients. On one hand, it helps clients to understand popular 
preferences about a product or service. It is particularly useful 
for companies in evaluating the online feedback related to 
their products. These ideas and opinions propagating on a 

social network have been studied to improvise products and 
design new strategies of viral marketing [10], [11],[12][24]. 

II. RELATED WORK 

Similar work was undertaken in paper [1], where development 
of an android application based on BLE device, was used to 
track the location of user. This app sends the data surfed by 
the user to admin and will advertise the user on device as per 
the interest and shops available near the location. 

Previous work also shows mining and analyzing the data 
provided by the government. Authors in [4] have analyzed the 
data of one particular society to advertise the product as per 
the customer s need. By dividing groups into subgroups, the 
social data for targeting the correct group for the 
advertisement of the product to attract the consumers is done 
by authors of paper [3]. 

Earlier, the database of previous transactions was manually 
analyzed and the features that are associated with potential 
clients were extracted. This was done with some statistical 
tools and would identify clients that might respond to 
advertisements of products. With these new technologies that 
are coming up now, we could identify potential clients using 
automatic tools. Hence, many recommender systems have 
emerged over the past couple of years since the basic idea 
behind these systems is to advertise products according to the 
preferences of the users. These preferences could be by getting 
the ratings that are stated explicitly or inferred implicitly from 
their previous records, web logs or even cookies. 

The structure of the paper is as follows. The proposed work is 
explained in section III. Section IV gives the conclusion and 
directions for future work. 

III. PROPOSED WORK 

To conduct this research the datasets for mining the social data 
was required. The data was fetched from twitter using R studio 
as a tool. 

The code was developed for fetching the live clickstream data 
from twitter using APIs and Key Tokens provided by twitter. 
The data was thus fetched using hashtags of different 
automobile companies. All the dataset was then saved in .csv 
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format in an excel file. After that data filtration was done on 
the basis of factors like location of tweet, ratings of car, about 
which feature of car people are doing tweets.  Further 
sentimental data analysis was done on the filtered dataset. 
Frequency of occurrence of words was recorded by writing 
code in R studio. The Word Cloud of words frequently 
searched in twitter is represented in the Fig 1. 

 

Fig. 1. Word Cloud representation of cars frequently searched on 
twitter 

Data analysis in Fig 2 shows the count of persons over the 
internet that are discussing about that particular automobile 
company. The graph shows the popularity of automobile 
companies Maruti, followed by BMW, Volkswagen, Toyota, 
Nissan, Lexus, Lamborghini, Hyundai, Honda, Ford, Ferrari, 
Chevrolet and Audi over the internet. With the help of this 
graph companies can easily get to know that how popular their 
brand is.  

 

Fig..2. Graphical representation of companies most twitted 

Benchmarks help the buyer and supplier both in deciding the 
type of car the particular group of user want to buy. To find 
the consumer reviews, different benchmarks were set by 
fetching the data. Fig 3 represents the benchmarks set while 
doing the research data analysis. This will help the consumer 
to know complete performance of a particular car and this will 
make decision easy for the buyer to buy that particular car.  

 

Fig. 3. Graphical representation of benchmarks 

Fig 4 further shows popularity of brand between different age 
groups. This will help the company in targeting the right 
customer in right way of different age groups. The age group 
data was collected from 2000 existing users over the internet 
by creating a form. 

 

Fig. 4. Usage of car in different age groups 
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These results will help company and buyer with 
manufacturing decisions, improvisations and purchasing 
decisions about a particular car. 

 

Fig. 5. Steps for making right decision 

For smart and efficient decision which can be done by 
consumer to buy a car we propose a decision matrix on the 
basis of twit history about cars and its different features 
extracted which a consumer wants while buying a car. To 
make a smart decision, a flow chart is presented above in fig 
5. 

Flow Chart Steps 

Step 1: Set the criteria for creating decision matrix table. For 
example: power, fuel economy, price, safety, reliability, cargo 
capacity, and the ability to hold your two teenagers 
comfortably. These are the key constraints which every 
consumer compare before buying a car. 

Table 1, shows the value of each criteria of a car chosen by 
customers to show how the decision matrix works. It contains 
all the values of the cars along with the safety measures.  

TABLE 1: Raw Data 

Automobile Honda 
Jazz 

Nissan 
Sunny 

VW 
Polo 

Audi 
Q7 

Ford 
Endeavour 

HP 110 119 149 160 154 

WT (kg) 1140 1250 1420 1350 1470 

Power/weight 0.090 0.092 0.104 0.120 0.101 

I/100k city 7.7 7.6 10.2 9.4 10.5 

I/100k h-way 5.5 6 7 6.5 8.2 

Avg I/100k 6.6 7 8.7 8.2 9.2 

Rear legroom 
(mm) 

866 976 886 920 920 

Cargo up (L) 602 503 400 480 820 

Cargo down 
(L) 

1180 1420 1000 888 1867 

Safety Stars 

Driver frontal 5 4 4 4 4 

Pass frontal 5 4 4 4 4 

Front side 5 5 5 3 5 

Rear side 3 5 5 3 5 

Rollover 4 4 4 4 3 

Average 4.4 4.4 4.4 3.6 4.2 

Reliability 
stars 

5 3 1 4 3 

Total price($) 22350 22460 26492 28265 32567 

 
Step 2: Table 2 shows normalized value of the criteria which 
was chosen, Normalization is done by giving highest value of 
each category rank 1 and divide the rest value by that. 

Step 3: Finally, weight the relative importance of each 
criterion. 

 

Fig. 6. Weight of different criteria. 

Step 4: Table 4 shows final result of the research. On the basis 
of this decision matrix, consumers can easily buy the car of 
the choice which is suitable to him as per his requirement. 
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TABLE 2: Normalized Criteria Rating 

 Jazz Sunny Polo Q7 Endeavor 

Power/wt. 0.68 0.74 0.93 1 0.96 

Avg fuel 
economy 

0.70 0.81 0.91 0.96 0.92 

Legroom 0.73 0.72 0.97 0.89 1 

Cargo 0.69 0.74 0.89 0.84 1 

Safety 
rating 

0.88 1 0.90 0.94 0.94 

Reliability 0.73 0.61 0.48 0.58 1 

Price 0.63 0.76 0.53 0.47 1 

 
TABLE 3: Final Result 

 Weight 
% 

Jazz Sunny Polo Q7 Endeavour 

Power/wt. 10 6.8 7.4 9.3 10 9.6 

Avg. fuel 
economy 

15 10.5 12.15 13.65 14.4 13.8 

Legroom 10 7.3 7.2 9.7 8.9 10 

Cargo 15 10.35 11.1 13.35 12.6 15 

Safety 20 17.6 20 18 18.8 18.8 

Reliability 10 7.3 6.1 4.8 5.8 10 

Price 20 12.6 12.2 9.6 11.6 20 

Total score 100 72.45 76.15 78.4 82.1 97.2 

Rank 
 

5 4 3 2 1 
 
This decision matrix also helps companies to advertise their 
product in correct manner and this will also help them in 
targeting the customer by advertisement. 

IV. CONCLUSION 

In this paper, the propensity of clients sharing common 
interest can be used to mine and predict client feedback on 
cars. Our methodology demonstrates that meaningful hashtag 
categories can be inferred. From the data analysis on the basis 
of popularity, it will be easy for company in hitting the correct 
groups. The trends detected will help in analyzing the 
popularity. The benchmarks thus discovered will help the 
consumer in purchasing the car wisely. They help automobile 
companies in predicting the demand of all the cars amongst 
the users. The graphical results show shared interest and 
feedback of the clients that can be used by both car 
manufacturers as well clients.  
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