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Abstract
Objective: Big Data refers to the overwhelming amount of data that is being captured today by society, computers, cell 
phones and the internet. These data sets are so large and are of varied in nature, type and format that it becomes difficult 
to actually capture, manage, analyze, transform, model and organize this unstructured data for realizing company’s 
goal of discovering information and gain insights into consumer purchasing behavior. The paper attempts to offer this 
understanding of insights into consumer’s requirements through studying this social media big data. Methods/Statistical 
Analysis: The paper proposes that Social Media and Big Data are related to development of consumer purchase behavior. 
The unstructured data that is generated also known as User Generated Data (UGC) plays a very important role in forming 
consumer purchase intention. Findings: Through this study it was found that the new paradigm shift in the consumer’s 
purchase intention is driven by Social Media and Big Data. The researcher has found a perfect model fit using Structural 
Equation Modeling and proven through hypothesis that Social Media and Big data combined together are responsible 
to generation of UGC’s which impact purchase intention of consumers. Application/Improvement: the paper proposes 
that social media and big data are intersecting each other in a novel way and new methods and techniques need to be 
developed in order to get better insights into the unstructured data so that consumer requirements are better understood 
by marketers.

1. Introduction
The data world has exploded like a nuclear bomb reaction 
and is getting stronger day by day. For the matter of fact, 
the world would be generating 1ZB of data that’s equal to 
1024 exabytes by the year 2020 as suggested by a report 
by EMC. India alone will be contributing 2.9 zettabyte 
that’s almost 7 percent of the global digital data universe. 
Simplifying it further, Cisco explains one Exabyte as 
equivalent to 36,000 years of HD-TV video or same as 
streaming entire Netflix Catalogue 3177 times.

Similarly, the big data market has been studied by 
Nasscom report in 2015, and it is estimated to be at $25 

billion and growing at a pace of 45 percent Compound 
Annual Growth Rate (CAGR). Indian Big data market is 
not far behind and it is estimated at $1 billion and grow-
ing at a staggering pace of 83 percent CAGR. The social 
media big data is not far, as over 7000 photos are uploaded 
on Flickr per minute, over 600 videos are uploaded on 
YouTube per minute and Twitter alone generates 12 tera-
bytes of data every day (Nasscom- Crisil report 2015). The 
International Data Corp. (IDC) study has found that glob-
ally there are 15 billion connected devices as per report by 
the year 2015. The Cisco report has highlighted that by 
2017 the global internet traffic will reach 1.4 Zettabytes 
per year and 120.6 exabytes per month. The report has 
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stressed on the fact that by 2017 nearly half of all the traf-
fic will originate from non-PC devices and mobile data 
traffic will reach 11.2 exobytes per month by 2017. 

The EMC report also states that India is not utilizing 
the digital information available and only half a percent 
is actually used for analysis. The study has revealed that 
if the information is systematically analyzed 36 percent of 
it will eventually reveal valuable insights about the users. 
The report has also raised question marks on security 
aspect and has highlighted that almost 7.61 percent of 
India’s digital needs protection of which only 56 percent is 
protected and the remaining is highly vulnerable to secu-
rity threats. Gartner report of 2015 study has put forward 
that by year 2015, 85 percent of fortune 500 organiza-
tions will be able to exploit the big data for competitive 
advantage but it has also revealed that the global IT job 
requirement will be scarcely filled as out of the 4.4 mil-
lion expected jobs will find only one third of the skilled 
professionals. 

This revolution of humongous data has transformed 
each and every level of the business and has changed the 
way organizations operate. Mckinsey has rightly said 
about the Big Data as the fifth wave in the technologi-
cal revolution. The personal data has not become an asset 
to the organizations and it at par with precious met-
als like gold, silver and oil. These data are considered as 
treasure and the organizations see opportunities wait-
ing to be tapped. Social media data, website data, mobile 
data, recent data associated with cloud technologies and 
the data through connected devices are all changing the 
competitive landscape of the business and paving way for 
predictive analytics. 

The Internet of Things implies to all the equipment 
connected to internet and interacts with the virtual and 
real world and Big Data have made the situation even 
more interesting. The wearable’s and sensors offer a very 
high level of connectivity to the users.

2. Objectives
•	 To examine the relevance of big data in social 

media environment.
•	 To study the Social Media big data and its impact 

on Consumers purchase intention.

2.1 From Big Data to Social Big Data
The study report by McKinsey explains the big data phe-
nomena as those data sets that are very large in size and 

way beyond the capacity of available database software 
tools that assist in the process of capturing and analyzing 
the data1. The big data can be generated from everywhere: 
pictures, videos, online purchases, the GPS locations, 
information through mobile devices so on and so forth. 
But the fact is that big data is more than just being called 
as the data being measured in huge volumes as terabytes 
or xetabytes2. Another very important facet of this big 
data is described by four V’s: Volume, Velocity, Variety 
and Value3. Social media data are hence contributing in a 
huge proportion to fulfill the four V’s and by the amount 
of user base and connectivity that has reached people one 
can only say that Big Data has now become the Social Big 
Data. The unstructured data like the texts, audio, video, 
click streams and the log in data of users are all laden with 
sentiments and connection among the users as well as 
with the brand, product, services and relationship with 
the organizations. The online reviews, blogs, comments 
and communities are all part of the big social media data. 
It is believed that more 80 percent of the available global 
digital data is unstructured and needs the marketers to 
understand and arrange it into a well-structured for-
mat for it to have meaningful interpretations that can be 
measured and analyzed. An important study carried out 
by IBM has stated that most of the companies are cur-
rently focused on capturing an analyzing the internal data 
sources that more structured to gain insights into con-
sumer’s intentions and behavior. Very few organizations 
look to capture the data outside their firewalls such as 
social media data just because they are unstructured and 
need more proficiency in handling, analyzing and inter-
preting. The study highlights the fact that external source 
contributes heavily to Big Data, 43 percent contribution is 
from social media, 38 percent from audio and 34 percent 
from videos and photos.

2.2Amalgamation of Big Data and Social 
media
The importance of social media cannot be relegated as 
it is one of the important waves of IT as described by 
McKinsey. Studies have revealed that 90 percent of all 
purchased are hugely impacted by the influence from one 
of the social group the consumer is subscribed to. Over 
90 percent of consumers trust recommendations from 
people they know, more than 67 percent of the shoppers 
are willing to spend more for the recommended product 
from their friends and family members. Consumers want 
to share their experience more and hence there is a change 
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in the consumer’s behavior too, according to the study4 

percent of the Facebook users have “liked” a brand in past 
and 53 percent of twitter users have recommended com-
panies or products to others based on their experience. 
The Loyal customers or the Fans of a particular brand 
are more likely to buy the same brand in their next pur-
chase. Social media has the sharing feature which helps 
in increasing the awareness of a brand by 246 percent just 
by clicking a “like” button and by 98 percent if “send to a 
friend” is done. The information available to users is huge 
across each of their networks and the most important 
aspect is that companies have no control over the conver-
sations users go through about a particular product or a 
brand. Relevant and engaging contents often allows users 
to interact more deeply about a product as these conver-
sations provide value addition to the user, allows them to 
find answers to their questions and helps them gain better 
and novel solutions for their search issues. In fact, accord-
ing to BrightEdge survey conducted in 2014 to study 
the Content and Search Marketing they have stated that 
84 percent of marketers are assigning larger budget for 
developing a specified content strategy. The study reveals 
that it is very important engage consumers if the company 
wants to have competent and cohesive marketing opera-
tions. Figure 1 describes the amalgamation of big data 
and social media.

Social media serves as a guide for driving innovations 
in product design too. Studies have shown that 26 per-
cent marketers utilize inputs from social media sources 
for R&D and product development and 46 percent use 
it to forecast future requirements also called predictive 
analysis.

2.3 The Big Social Data through Social 
Media Impacting Purchase Intentions
There has been an increase in the research of the ever 
dynamic social media and various networks in last few 
years as it has a very strong impact on the inter-rela-
tionships among the consumers and organizations. The 
interdisciplinary approach is the most important fea-
ture of social media5. In past when the social media was 
not present and internet based communication was fast 
becoming quite popular, measuring the affinity between 
the two interacting parties was very tough. Traditionally 
this was done using questionnaire method or interview 
method6. Recent studies have stated that observation 
method is best suited to analyze the strength of the bond 

between the two individuals in social media environ-
ment7. The intensions to purchase a product can be studied 
merely by observing the interaction in Facebook without 
actually interviewing. The new methods of analysis allow 
companies to define segmented correlations and measure 
the impact of the interactions on intension to buy. Studies 
have been had conducted traditional hypothesis testing on 
the data collected from 118 participants who are part of a 
social network and the study was conducted in a random 
field experiment that constituted 9167 users and close 
to 1.4 million friends on Facebook. The study was also 
expanded to analyze the effect of viral stories and innova-
tive marketing campaigns on social media. It was found 
that these contents have a very strong impact on consum-
ers and their decisions to purchase. The greater influence 
of peers in social media is highlighted and impact of 
user generated content is found to have direct influence 
on purchase decisions8. These new found changes need 
a completely novel approach towards research design so 
that all aspects of the interaction can be covered. Modern 
approaches like the graph theory models or neural net-
works and analyzing the current events are required to get 
an insight into consumer behavior9.

Figure 1. Intersection of Big Data and Social Media. 
Source: http//blogs.znet.com/Hinchcliffe

3. Research Methods
Qualitative analysis was conducted that resulted in find-
ing the sources of User generated content that lead to 
development of consumer behavior. The paper attempts 
to study the impact of the UGC’s on consumers purchase 
intention. The major source of UGC’s as identified were 
Social Media and Website Big Data that is as a result of 
consumer interaction. The content analysis is stated to be 
a very useful method in identifying the major influenc-
ers10. In another study it has been stated that qualitative 
analysis can be further scrutinize to verify its validity as 
it has been congregated from public sources11. In order 
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to increase the validity and improve the results survey 
research method has also been carried out13. Hence quan-
titative research was carried out and primary data was 
collected and statistical tests were conducted to validate 
the constructs.

3.1 Theoretical Framework
Figure 2 explains the Structure Equation Modeling dia-
gram that encompasses the social media and big data for 
formation of purchase intention among consumers.

Figure 2. The proposed model.

3.1.1 Social Media
Social media incorporates a wide range of online avenues 
that enable consumers to interact, collaborate and share 
information related product and services13. Social media 
has enabled consumers to actively participate in various 
online communities and gather information and insight 
about the product and hence they are no longer dormant 
recipients of product related information. It helps in 
locating right information at right time and allows users 
to access same interest groups14. They have been pro-
moted to content creators and distributers from merely 
being consumers in the form of videos, text messages, and 
audio. It is hence proven that consumers have the power 
to influence other users purchasing behavior and inten-
tions on a very high level as which was not seen before15.

3.1.2 Big Data
The advancements in technology have steered the way the 
information is accessed and due to this the importance 
of Big Data has also been increased16. In the forthcoming 
years the volume of data being generated and gathered is 
expected to explode17. Although the context of big data 
is enormous there is still a lot of non-uniformity and 
the data generated are mostly unstructured. Due this 
scenario there is a need for more advanced technology 
that can collect and analyse these unstructured data and 
infer meaningful inferences18. The communications done 
through electronic mode that speaks about the brand, 

product or services, delivered through the existing, past or 
future users is considered as electronic word of mouth19.

The main challenge with big data analysis still remains 
about extracting meaningful inferences from large scale 
data which is available freely on internet20. Various tools 
and web services are being developed by scientist that will 
enable smooth interface between the user and website 
and will make data collection more easy and structured. 
Tools like Milne and Witten designed for Wikis, Reips 
and Garaizer designed especially for twitter21. Data gen-
erated are all various forms of User generated content that 
needs more structuring for in depth data analysis.

3.1.3 User Generated Content- UGC
The content that is generated though the interactions of 
members within a media and that involves the informa-
tion to be created, influence, disseminated and consumed 
by others is referred to as User Generated Content22. The 
information generally includes product, brand or specifi-
cation related subject matter that propels the consumer to 
gain more insights about the product and drive their pur-
chase intentions23. Recent Studies states that electronic 
word of mouth and user generated content are although 
used in tandem but are very different. Only in case of 
brand specific products UGC and e-WOM can be used 
interchangeably24.The study hence investigates the impact 
of these UGCs on consumer purchase intention.

The study is very important as UGC has a significant 
influence on consumers especially when marketplace is 
taken into consideration and retailers have limited con-
trol over these UGC and this is also a very big challenge 
for them25.

3.1.4 Purchase Intention
Users of social media are exposed large amount of infor-
mation either intentionally or unintentionally. In past 
studies have shown that the information available online 
influences consumers purchasing intentions26, the level 
of influence alone may vary depending on consumer 
to consumer and the kind of product or services being 
searched27.

4. Data Collection
In order to test the proposed framework, the data was 
collected through a structured questionnaire which was 
circulated to social media users and consumers who intend 
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to search online before purchasing a product. Total of 250 
questionnaires was distributed randomly for the period of 
two months (Feb 2016-March 2016) and we were able to 
collect 202 usable responses. The questionnaire consisted 
of demographic questions and Likert scale questions each 
containing five items were used (1= Strongly disagree, 2= 
Disagree, 3= Neutral, 4= Agree, 5= Strongly agree). Table 
1 explains demographic of the respondents. 

Table 1. Demographic summary

Gender Frequency Percent
FEMALE 94 46.5
MALE 108 53.5

Age Frequency Percent
26-33 52 25.7
34-41 98 48.5
ABOVE 41 52 25.7

Income Frequency Percent
BELOW 40000 56 27.7
40000-60000 66 32.7
60001-80000 36 17.8
ABOVE 80000 44 21.8
Education Frequency Percent
UG 12 5.9
PG 118 58.4
Professional Courses 72 35.6

5. Data Analysis and Results
Hypothesis:

Table 2 shows the relations between the constructs
H1: Social Media is positively associated with UGC- 

Accepted 
H2: Big Data is positively associated with UGC- 

Accepted
H3: UGC is positively associated with Purchase 

Intention- Accepted
H4: Big Data is positively associated with Purchase 

Intention- Accepted

The items were tested so that they are uni-dimen-
tional, as discussed by28, they have stated that the items 
should be associated significantly with the indicators of 

the constructs and the association should be with only 
one construct. Bentler and Hair et al. have also studied 
the unidimentionality in their studies29. Model Fit indices 
were studied and based on these indices, (χ2/df=1.854; 
goodness of fit [GFI]=0.93; adjusted goodness of fit 
[AGFI]=0.91; Bentler comparative fit index[CFI]=0.972; 
root mean square residua [RMSR]l=0.06; and root mean 
square error of approximation [RMSEA]=0.047) the 
model fit was achieved, and it can be concluded that unidi-
mentionality was achieved. Convergent and Discriminant 
validity was tested by using Confirmatory Factor Analysis 
(CFA). Table 2 shows the result of CFA. As discussed by 
Fornell and Larker in 1981 and Chen and Pulraj in 2004, 
standardized factor loadings of every indicator (>=0.5), 
composite reliability CR (>=0.7) and average variance 
extracted AVE (>=0.5)30. The results support the test. 
Discriminant validity was further analysed by calculating 
squared root of AVE measured and the result showed that 
that it was greater than the correlation coefficient between 
the constructs of same column. Common method bias 
was also studied as chances potential biases due to mul-
tiple responses are high. Table 3 explains the Factor 
Loading, CR and AVE values

Table 2. Hypothesis and results of goodness of fit 
indices

Std RW C.R. P
H1 UGC <--- Social 

media 
0.39 5.305 ***

H2 UGC <--- Big 
Data

0.26 3.716 ***

H3
Purchase 
intension

<--- UGC 0.88 16.571 ***

H4
Purchase 
intension

<--- Big 
Data

0.41 5.381 ***

Goodness-of-fit indices
X2/d.f.                     1.854

Goodness-of-fit index (GFI) 0.930

Adjusted GFI (AGFI) 0.906

Comparative fit index (CFI) 0.972

RMSEA 0.047

Note: *p < 0.05, **p < 0.01, ***p < 0.001.
Std R.W = Standardized Regression Weights, C.R = 
Critical Ratio.
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Table 3. Factor loading, CR and AVE values

Variable  Item Factor loading CR*                AVE**
Social 
Media            

SM1
SM2
SM3

0.74
0.86
0.82

0.851 1.95

Big Data BD1
BD2
BD3
BD4

0.79
0.86
0.76
0.86

0.83 2.67

UGC U1
U2
U3

0.85
0.80
0.88

0.837 2.13

Purchase 
Intention

PI1
PI2
PI3

0.73
0.74
0.84

0.815 0.77

*CR= Composite Reliability, **AVE= Average Variance 
Extracted

6. Discussion
The paper emphasizes that companies should explore the 
available knowledge and gain awareness regarding con-
sumer’s preferences. These can help companies in gaining 
insights into consumer’s requirements and develop strat-
egies accordingly. The traditional concept of seasonal 
demand may no longer exist and the in depth study might 
reveal more location based demands. Another aspect is 
regarding customized service and making the consumer 
a part of branding. By analyzing the digital footprints 
of consumers companies can deliver bundled services 
focused towards the consumer choice and gain an edge 
in the competitive market31. One of the best measures 
to analyze the consumer’s likings the companies should 
observe the search carried out by them. Companies can 
create awareness in order to increase the initial interest in 
the product that eventually will lead to increasing search 
volumes. Big data has opened up prospects in many 
industries. Merely by following the consumers digital 
foot prints companies can strategies their marketing cam-
paigns and maximize company’s performance. Big social 
data allow the freedom to capture and observe the data 
and the reactions from the consumers towards the prod-
uct. The purchase intentions of users can be impacted 
heavily by the interactions users have with each other in 
the social network communities. The focus of big social 
data analysis remains on the pattern used by the consum-
ers for searching and interacting with other like-minded 
people. It can allow businesses to penetrate into consum-

er’s minds and discover their need. The content creator 
can be identified and its influence on other readers can 
be ascertained.

7. Conclusion
Big data has not been completely understood by all and 
hence it still has a lot of potential to understand it and 
implement it to the benefit of organizations. In spite 
of few companies having understood the underlying 
potential, it still needs an expert to actually research the 
available to data to get insights out of it. Social media has 
been used by many companies to market their products 
and is in a very nascent stage or maturity. Many organiza-
tions are utilizing the existing platforms and channels for 
gathering consumer related information for developing 
a perfect strategy to implement perfect technology and 
get accurate results. Hence big social data is very useful 
and since social media has penetrated so deep in our lives 
we cannot ignore the impact it can have on the consumer 
decisions. Due to these changes in the social environment 
has led to deeper and wider studies on the impact these 
platforms have on consumer purchase intentions. The 
challenges still persist as identifying the real content cre-
ator and the one who can influence is tricky. Observation 
methods are best suited for conducting research in these 
contexts. This in-depth research will help in enhancing 
the decision making capabilities of the managers as the 
decisions will be more data driven than being just hypo-
thetical. Purchase intensions are driven by social media 
communications and big data is also generated by social 
media platforms that imply there needs a proper system 
to understand these unstructured data derive inferences 
from them for analyzing the consumer preferences. 
Finally, the onus is on humans for delivering the best pos-
sible process that will help in discovering the best possible 
amalgamation of finding insights using machine data and 
sentiments of people. 
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