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ABSTRACT

Big data analytics or BDA is a buzzword today. Almost every
multinational e-commerce giant or management consulting
organization wants to be associated in some way or other to
the BDA processes. However the implementation of big data
analytics is not that exciting with respect to small medium
enterprises or SMEs due to various impediments. Present
research focuses on identifying the various barriers to
implementation of big data analytics in small medium
enterprises in developing countries. It further studies the inter-
relationships amongst them using ISM methodology.
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1. INTRODUCTION

““Big Data” is recently becoming popular due to its capability
of handling huge amount of data ranging in exabytes and
beyond thereby extending the technological capability to
handle data in a more efficient way [1]. It has four dimensions
often addressed as VVVC which stands for high-volume (V)
data, created with high velocity (V) in great variety (V) and of
high complexity (C). As per the study by [2] big data analytics
has greatly stimulated the demand of specialists in
information technology and management leaving aside no
excuse as to why it is becoming the first choice amongst the
IT giants such as AG, Oracle, IBM, Microsoft, SAP, EMC,
HP and Dell who have spent more than $15 billion on data
analytics and processing since its inception in the form of an
article introduction from ACM digital library . On the other
hand , “big data analytics” or BDA refers to the processes of
exploring , examining and analysing large amounts of data
with variable types to study the uncover hidden patterns,
unknown correlations and relationships ( if any ) amongst
them . This ability of BDA makes its possible for its
operating organization to increase business benefits and
improve operational efficiency thereby capturing larger
potential market share[3]. BDA allow users to analyse large
volumes of data obtained from different databases , internet
websites, mobile-phone records and locations as well as
sensor-captured information with the help of open source
software frameworks which are able to support the analysis of
large amounts of data sets across clustered systems [4].

Big data analytics would be incomplete without mentioning
its tools and techniques . These includes business intelligence
tools such as Oracle ‘s big data appliance and Cloudera’s
Hadoop distribution which are widely used in marketing
analytics for fraud detection and financial risk assessment [5].
Apart from these, Gridgain is used for processing large
amounts of real-time data, HPCC (High Performance
Computing Cluster) for real-time calculations, Storm for
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dealing with huge data sets with distributed real-time
computation capabilities and Talend for providing a number
of business intelligence (BI) service [6]. Microsoft, a popular
name in IT field, provides Power Bl for office 365 and
Microsoft Azure which uses a complete platform technique to
integrate models and analyse and visualize to uncover the
pattern from huge data sets. Similarly, IBM another popular
IT giant provides SPSS Modeler, an extensive predictive
analytics platform technique which is widely used in
forecasting and related decisions [7,8]. This is usually
achieved using a set of advanced algorithms, entity analytics,
decision management and optimization.

BDA and its acceptance : Although since its inception , BDA
is warmly and whole heartedly accepted by developed
countries , its world-wide acceptance is still a challenge
particularly amongst developing countries  despite its
popularity amongst them . The reasons of course are
numerous . Indeed, SMEs are often characterized with
limited resources such as lack of expertise in big data
analytics concepts and techniques , implementation of BDA
and also financial resources. Thus, SMEs are inclined not to
adopt in new technology , software or innovation unless they
are assured of the generated competitive advantage [9].
However, though SMEs are restricted in term of resources,
[10] suggests that SMEs should not ignore their significance
and should try to embrace new technologies in their
businesses. [11] have also identified that the strictness and
narrow mindedness and often ignorance on part of big data
analytics serve as barriers thereby inhibiting its
implementation.

Present research explores and identifies various barriers to
SME uptake of big data analytics and recognises their
complex challenge to all stakeholders, including national and
international policy makers, IT, business management and
data science communities. Some of the common barriers have
been described in section 2 which are further take up in
section 3 to obtain a hierarchical relationship amongst them
using Interpretive Structural Modelling Methodology (ISM ) .

The paper is organised as follows : section 2 briefly presents
the review of literature in two parts . First part explores the
literature describing applications of big data analytics in
various fields including SMEs . Section 2.2 particularly
accumulates various barriers through reviewing related
literature . Section 3 presents the ISM methodology and the
case problem. Section 4 provides the managerial implications
and directions for future research.



2. LITERATURE REVIEW

2.1 Literature review on applications of

big data analytics in various sectors

Big data is big and the aspirations from it is also big. Today
almost every multinational company wants to be associated
with the big data analytics tools and techniques . Not only are
they making significant advances in their customer relations
thereby improving their CRM but also improving profitability
through appropriate product selection and development. Big
data analytics is implemented in companies with the intention
to achieve the ‘‘right data, for the right user, at the right time”.
It is been used by different e-commerce and management
consulting companies to provide a rich set of services to their
consumers or client firms so that they can improve their
performance sustainably . For example , McKinsey &
Company, uses BDA to help banks to analyse consumer
behaviours to implement digital innovation and upgrading
services [12] . Many banks are using big data to rate the credit
worthiness and predict the solvency of clients . On the other
hand , Amazon uses BDA to analyse consumer behaviour for
the timely delivery of the consumer goods . Intel recently
adopts BDA to accelerate development and deployment of
wearable applications with data-driven intelligence by
integrating various tools and algorithms from Intel along with
cloud-based data management system [13]. A recent study by
KPMG! sees the insurance industry as the leader in the usage
of advanced data analytics and big data strategy.

The level of adoption and refinement of data analytics varies
considerably over industrial sectors. For example |,
supermarkets used big data to determine what products people
bought together, to identify fluctuations in sales of items in
certain days, weeks or months, and to understand the sort of
offers or advertising to which people react positively.
Financial market participants use big data analytics in high-
frequency trading (HFT) algorithms to make automatic
transaction decisions [14]. A high level of refinement of data
analytics is also present in the energy and retail sectors
particularly when talked about supply chain in the automotive
industry.

2.2 Literature review on barriers to
adoption of big data analytics in SME s

Small and medium enterprises (SMEs) have proved
themselves to be slow adopters of the new technology of big
data analytics and are in danger of being left behind even in
developed countries such as Europe and UK where the
adoption rate of BDA among SMEs was only 0.2%, compared
with 25% for businesses with over 1000 employees? . Delayed
innovation and incapacity to adopt new technologies in the
SME sector are critical for the European economy because of
the large representation of the SME sector. The e-skills UK
study expects that the demand for big data specialists will
increase from 2013 until 2018 by 243%. Inability to adjust or
adapt to BDA could be because of many reasons. For example
, in a survey among Austrian SMEs, the lack of in-house data
analytic expertise was identified as a major barrier against the
take-up of big data projects. In a survey by [15], it is
predicted that United States alone faces a shortage of 140,
000 to 190, 000 people with analytical expertise and 1.5
million managers and analysts with the skills to understand
and make decisions based on the analysis of big data in the
year 2018 . This section therefore focuses on exploring
various barriers to adoption of BDA in developing countries .
The literature is reviewed using the keywords such as barriers
to big data analytics , big data analytics and SME , SME s in
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India , adoption of big data in India , big data and SMEs ,
data analytics and SMEs etc. Table 2.2 below compiles the
various barriers to adoption of big data analytics in SME s in
developing countries .

Table 1. Compilation of various barriers to adoption of big
data analytics in SMEs

S.no. Barrier Description Author

1. Lack of SMEs representatives [16]
understand | have a low understanding
ing (LU) of big data analytics as
compared to the
representatives of larger
organizations

2. Dominanc Operating in a highly [16]
e of specialised field is a
domain particular strength of
specialists | many SMEs. Usually the
(DDS) staff of an SME is
domain specialists.
Because the general
management functions
are poorly covered.
Hence , there is reduced
awareness of new
business trends and
opportunities, such as
business and big data
analytics.
3. Cultural Domain-specialised [16]
barriers SMEs often used to have
and little interest and
intrinsic confidence in

conservatis | management trends. Then
m (CBIC) | there are cultural barriers
as well as specialists
could be from different
socio-economic
background and religion.

L 4 Shortage Most SMEs have few or | [16],[17][1
of in-house | no in-house data-analytic | 8],[19],[15
data expertise to approach
analytic advanced big data
expertise | analytics. Various factors
(SIE) hamper the creation of

adequate in-house
expertise: (i) high set-up
costs relative to
uncertainty in future
returns from data
analytics; (ii) lack of
management expertise to
design, establish and
monitor a data analytic
unit; (iii) shortage of
qualified workers,
excessive staff costs

5. Bottleneck There is a growing [15,16]
sin the shortage of qualified data
labour analysts on the labour
market; market. The dearth of
lack of data scientists as well as
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resources IT experts is hindering
inlT the further development
knowledge of predictive analytics
and services in European as
experts well as non-European
(LOE) markets . Salaries have
been increasing to levels
that are not accessible for
most SMEs.
6. Lack of The availability of [16]
business exemplary case studies
cases and success stories is an
(LBC) important factor for the
successful propagation of
innovation in business
and industry. Big data
SMEs usage is lacking .
7. Lack of Shortage of useful and [15],[16]
business | affordable consulting and
analytics business analytics
services services
(LBAS)
8. Beliefsand | Adoption of BDA often [15],[20]
perception | is a decision taken by top
s of higher | management and owner
manageme | of the organisation . It is
nt towards | quite obvious that these
BDA (BP) | decisions are influenced
by the risk taking
capacity , owners’ and
higher management’ own
beliefs and perceptions
about BDA
9. Lack of The present market offer [16]
intuitive in business and big data
software analytics is split into two
(LIS) extreme parts: potentially
useful but highly
complex solutions
requiring the expertise of
knowledgeable data
scientists and some
simple but less-effective
implementations. Market
analysts emphasise the
need for predictive
analytics software with
intuitive user interfaces
and a shorter learning
curve.
10. Lack of To make business [16],[21].[
manageme analytics an economic 22]
nt and success, a company needs
organisatio an appropriate
nal models | management concept and
(LMOM) organisational structure .

For instance, issues like
leadership, allocation to
departments, horizontal
and vertical relationships
and centralised versus
distributed functions have
little or no relevance for

SMEs.

n. 11. Concerns | The data security issue is | [16],[23],[
on data more serious for SMEs 24],[25],[2
security than for larger 6]

and companies. In general,
privacy the conditions of and the
expertise in IT security
(CDS) are at a lower level in
SMEs than in bigger
companies. An important
security gap at SMEs is
the use of outdated and
unsupported database
management systems.

p. 12. Different The business model for [16]
venture SMEs is often built
concept around specific market
(DVC) opportunities or the

existence of
differentiating skills and
strategic resources that
make them competitive
in the local or global
market.

B. 13. Financial | SMEs have less accessto | [17],[27],[
barriers/ debt finance than larger | 28],[29],[3
lack on companies. Limited 0],[31],[32

investment | financial resources cause 1,[33]
in SMEs to be very cautious
sophisticat about new investments
ed beyond their specific
software business scope.
and
solutions
(FB)
14. Lack of IT This includes slower [32],[33].[
knowledge adoption towards new 30],[31].[1
(LOK) technology due to 0]
unfamiliarity with ICT ,
lack of IT knowledge ,
lack of availability and
affordability of
technology in the country

3. INTERPRETIVE STRUCTURAL

MODELLING METHODOLOGY
Suggested by [35] , the technique has been used widely to
relationships between the many
elements in the form of a hierarchy graph. Group’s judgement
decides whether and how the items are related.

develop a map of the

ISM includes first identifying the relevant elements and then
establishing the contextual relationship amongst them by

examining them in pairs .

Thereafter a structural self-

interaction matrix (SSIM) may be developed between two

variables i.e.

i and j

which

establishes the “lead to”

relationship between criteria. Four symbols viz. V, A, X &
O are used for establishing the relationships. SSIM may be




further used to develop an initial reachability matrix which
has all values in binary form. Rule of transitivity is usually
checked at this stage. After removing the transitivity, final
reachability matrix will form. Afterwards, the reachability set
and antecedent set for each criterion and for each element can
be obtained from the final reachability matrix . After that a
level partition matrix can be obtained based on establishing
the precedence relationships and arranging the elements in a
topological order. Thereafter a Mic-Mac analysis can be
performed which categorise the variables as per the driving
and dependence power in to autonomous, dependent, driver
and linkage category before constructing a final diagraph.

4. DEVELOPMENT OF ISM MODEL

This section, ISM model is developed for studying the
interrelationships amongst the various barriers to adoption of
Big data analytics in SME s in developing countries . 15
important criteria are considered viz. Lack of understanding
(LU), Dominance of domain specialists (DDS), Cultural
barriers and intrinsic conservatism (CBIC), Shortage of in-
house data analytic expertise (SIE), Bottlenecks in the labour
market; lack of resources in IT knowledge and experts (LOE),
Lack of business cases (LBC), Lack of business analytics
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services  (LBAS), Beliefs and perceptions of higher
management towards BDA ( BP), Lack of intuitive software
(LIS), Lack of management and organisational models
(LMOM), Concerns on data security and privacy (CDS),
Different venture concept (DVC), Financial barriers/ lack on
investment in sophisticated software and solutions (FB), Lack
of IT knowledge (LOK), Lack of appropriate infrastructure
(LAI)

4.1 Construction of Structural Self -
Interaction Matrix (SSIM)

This matrix gives the pair-wise relationship between two
variables i.e. i and j based on VAXO. SSIM has been
presented below in Fig 1.

4.2 Construction of Initial Reachability

Matrix and final reachability matrix
The SSIM has been converted in to a binary matrix called the
initial reachability matrix shown in fig. 2 by substituting V, A,
X, O by 1 or 0 as per the case. After incorporating the
transitivity, the final reachability matrix is shown below in the
Fig3.

Fig 1: SSIM matrix for pair wise relationship amongst barriers

Barriers 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
LU | DDS | CBIC | SIE | LOE | LBC | LBAS | BP | LIS | LMOM | CDS | DVC | FB | LOK | LAI
1 LU \Y \Y \Y \Y \Y A V V V \Y V \Y \Y V
2 DDS \Y% \Y \Y \Y V A \Y% \Y% A \Y% O \Y \Y%
3 CBIC A \Y A A A A \Y% A A A A \Y%
4 SIE \Y \Y A \Y% A \Y% A \Y% A \Y \Y%
5 LOE A A A A A A A A A V
6 LBC A A A A A A A A V
7 LBAS \Y% \Y% \Y% \Y \Y% \Y \Y \Y%
8 BP A A A A A A \Y%
9 LIS \Y% A A X \Y \Y%
10 LMOM A A A A V
11 CDS Vv \Y% \Y% V
12 DvC \Y \Y \Y%
13 FB \Y \Y%
14 LOK V
15 LAI
Fig 2: Initial reachability matrix
Barriers 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
LU | DDS | CBIC | SIE | LOE | LBC | LBAS | BP | LIS | LMOM | CDS | DVC | FB | LOK | LAI
1 LU 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1
2 DDS 0 1 1 1 1 1 1 0 1 1 0 1 0 1 1
3 CBIC 0 0 1 0 1 0 0 0 0 0 0 0 0 0 1
4 SIE 0 0 1 1 1 1 0 1 0 1 0 1 0 1 1
5 LOE 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1
6 LBC 0 0 1 0 1 1 0 0 0 0 0 0 0 0 1
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4.3 Level Partition
From the final reachability matrix, reachability and final
antecedent set for each factor are found . The element for
which the reachability and intersection sets are same are the
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D.P : Driving power ; De.P : dependence power

Table 4 : Iteration |1

top-level
Table 3 : Iteration |
S. Reachabilit | Antecedent Intersectio Iteratio
No |y set n set n/
. set Levels
1. 15 1,2,3,45,6, 15
7,8,9,10,11,
12,13,14,15
2. 5,15 1,2,3,4,5,6, 5
7,8,9,10,11, |
12,13,14
3. 5,3,15 1,2,3,4,6, 3
7,8,9,10,11,
12,13,14
4. | 3,5,10,15 1,2,3,4,7,8, 3,10
9,10,11,12,
13,14
5. | 3,5,6,10,15 1,2,4,6,7,8, 6,10
9,10,11,12,
13,14
6. | 3,5,6,8,10, 1,2,47,8,9, 8,10
15 10,11,12,13,
14
7. | 3,5,6,10,14, 1,2,4,7,8,9,10, 10,14
15 11,12,13,14
8. | 8,13,14 1,2,47,8,9,10, | 8,13
11,12,13
9. | 49,12,13 1,2,79,11,13 9,13
10. | 4,12,13 1,2,4,79,11,13 | 4,13
11. | 9,12,2 1,2,79,11,13 2,9
12. | 2,9,11,12 1,2,7,11 2,11
13. | 12,13 1,2,4,7911,12 | 12,13
13
14. | 2,7,11 1,2,7 2,7
15. | 1,7 1,7 1,7
16 | 1,2,3,4,5,6, 1 1
7,8,9,10,11,
12,
13,14,15
17. | 2,3,45,6,7,8, | 1,2 2
9,10,11,12,1
3,14,151

element in the ISM hierarchy. After its identification, it is
separated out from the other elements and the process
continues for next level of elements. Iterations have been

shown from table 3 — table 13 below

S.No | Reachability Antecedent Intersection Itera
set set set tion
2. 5 1,2,3,4,5,6,7, 5
8,9,10,11,12,
13,14
3. 53 1,2,.3,4,6,7,8, 3
9,10,11,12,1
3,14
4. 3,5,10 1,2,3,4,7,8,9, 3,10
10,11,12,13,
14
5. 3,5,6,10 1,2,4,6,7,8,9, 6,10
10,11,12,13,
14 1"
6. 3,5,6,8,10 1,2,4,7,89,1 8,10
0,11,12,13,1
4
7. 3,5,6,10,14 1,2,4,7,89,1 10,14
0,11,12,13,1
4
8. 8,13,14 1,2,4,7,89,1 8,13
0,11,12,13
9. 4,9,12,13 1,2,7,9,11,13 9,13
10. 4,12,13 1,2,4,7,9,11, 4,13
13
11. 9,12,2 1,2,79,11,13 2,9
12. 2,9,11,12 12,711 2,11
13. 12,13 1,2,4779,11, 12,13
12,13
14. 2,711 1,2,7 2,7
15. 1,7 1,7 1,7
16. 1,2,3,4,5,6,7, 1 1
8,9,10,11,12,
13,14
17. 2,3,4,5,6,7,8,9, 1,2 2

10,11,12,13,14

10
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Table 5 : Iteration |11 9,10,11,12,13
Sr. Reachability Antecedent Intersection Itera 9. 4,9,12,13 1,2,7,9,11,13 9,13
No. set set set tion
4,12,13 1,24,7)9, 4,13
3. 3 1,2,3,4,6,7,8, 3 10.
9,10,11,12,1 11,13
3,14 11. 9,122 1,2,7,9,11,13 2,9
4. 3,10 1234,78)9, 3,10 12. 2,9,11,12 12,711 2,11
10,11,12,13,
14 13. 12,13 1,2,4,7,9, 12,13
5. 3,6,10 1,2,46,7,89, 6,10 i 11,12,13
10'111"112'13’ 1. 2711 127 2.7
6. 3,6,8,10 1,2,4,7,89,1 8,10 1. L7 L7 L7
0,11,12,13.1 16. | 1,2,4,6,7,8,9,10, 1 1
4 11,12,13,14
7. 3,6,10,14 1,2,4,7,89,1 10,14 17. | 2,4,6,7,8,9,10,11 1,2 2
0,11,12,13,1 ,12,13,14
4
8. 8,13,14 1,2,4,789,1 8,13 .
0.11.1213 Table 7 : Iteration V
9. 491213 12791113 913 Sr. Reachability | Antecedent Intersection | Itera
No. set set set tion
10. 4,12,13 1,2,4,7,9,11, 4,13
13 6. 8 1247891 8
1,12,13,14
11. 9,12,2 1,2,7,9,11,13 2,9
7. 14 1,2,4,789,1 14
12. 2,9,11,12 1,2,7,11 2,11 1,12,13,14
13. 12,13 1,2,4,79,11, 12,13 8. 8,13,14 1,2,4,789,1 8,13
12,13 1,12,13 \Y
14. 2,7,11 1,2,7 2,7 9. 49,12,13 1,2,7,9,11,13 9,13
15. 1,7 1,7 1,7 10. 412,13 1,2,4,79,11, 4,13
16. 1,2,3,4,6,7,8,9, 1 1 13
10,11,12,13,14 11. 9,12,2 1,2,7,9,11,13 29
17. 2,34,6,7,89,1 1,2 2 12. 29,11,12 1,2,7,11 2,11
0,11,12,13,14
13. 12,13 1,2,4,79,11, 12,13
12,13
Table 6 : Iteration IV 14. 2,711 1,2,7 2,7
S. Reachability Antecedent set | Interse | lIterat 15. 1,7 1,7 1,7
No set ction ion/
set | Level 16. | 1,2478911, 1 1
s 12,1314
10 1,2,4,7,8,9,10,1 10 17. 2,4,7,8,9,11,12 1,2 2
4. 1,12,13,14 ,13,14
6,10 1,2,4,6,7,8, 6,10
> 9,10,11,12,13,1
4
6,8,10 1,2,4,7,8, 8,10
6 9,10,11,12,13,1
4
7. 6,10,14 1,2,4,7,89,10,1 10,14 v
1,12,13,14
8. 8,13,14 1,2,4,7,8, 8,13

11




Table 8 : Iteration VI
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Table 11 : Iteration IX
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Sr. Reachability Antecedent Intersection Itera Sr. Reachability Antecedent Intersection Itera
No. set set set tion No. set set set tion
8. 13 1,2,4,7,9,11, 13 12. 11 1,711 11
12,13
14. 7,11 1,7 7
9. 4,9,12,13 1,2,79,11,13 9,13
15. 1,7 1,7 1,7 IX
10. 412,13 1,2,4,79,11, 4,13
13 16. 1,7,8,11,14 1 1
11. 9,12,2 1,27,91113 2,9 Vi 12 11 1711 11
12. 29,1112 1,2,7,11 2,11
13 1213 1247911, 1213 Table 12 : Iteration X
12,13 Sr. | Reachability | Antecedent | Intersection | lItera
14, 2711 127 27 No. set set set tion
15. 17 1,7 17 14. 7 1,7 7 X
16. | 12478911, 1 1 15. 17 L7 L7
12,13,14 16. 1,7,8,14 1 1
17. 2,4,7,8,9,11,12 1.2 2
,13,14 L .
4.4 Classification of factors
Fig. 4 below shows the driving power and dominance
Table 9 : Iteration VII diagram.
Sr. Reachability Antecedent Intersection Itera S el
No. set set set tion b oes
R 13 CDS
9. 4,9 1,2,7,9,11 9 -
10. 4 1,2,4,79,11 4 e 9E B ee
I Lis
11. 9,2 1,2,79,11 2,9 Vi v
12. 2,911 1,2,7,11 2,11 el Linkage LMOM
P 8 Drivers DvC o
14. 2,711 1,2,7 2,7 o L -
15. 1,7 1,7 1,7 W s
E
16. | 1,247809,11, 1 1 -
14 4 Autonomous Dependent LBC CBIC
3
17. 2,4,7,8,9,11,14 1,2 2
2 LOE
1
Table 10 : Iteration VIII PR L e el et B Bl
Sr. Reachability Antecedent Intersection Itera
No. set set set tion . . .
Fig . 4: Driving power and dependence diagram
9. 9 1,2,79,11 9
4.5 ISM model
11. 9,2 12,7911 2,9 An ISM model is developed ( as shown in fig. 5 below ) after
12 2011 12711 211 VIII arranging the elements as per their interaction or dependence
" T ’ relationships.
14. 2,711 1,2,7 2,7
15. 1,7 1,7 1,7
16. 1,2,7,8,9,11,14 1 1
17. 2,7,8,9,11,14 1,2 2

12




CBIC

|
@ @
Fig 5. ISM model

5. MANAGERIAL IMPLICATIONS &
CONCLUSIONS

This research may help manufacturing companies to develop
business policies related to big data analytics in supply chains.
It may also lead to the exploration of barriers to big data
analytics in service companies.
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