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Abstract: 

The aim of this study is to investigate the benefits of big data driven supply chain management (BDSCM) practices on its 

implementation in Indian industries.  These benefits fall into three general categories i.e. Man, Machine and Method. Interpretive 

Structural  Modeling  (ISM)  technique  is  employed  for  a select manufacturing units  which  operates  in  automobile, textile 

and footwear industries  in  India. Benefits selected from the literature are distributed hierarchically to found their contextual 

relationships. Out of ten benefits found from the literature, benefits like improved visibility across supply chain, Improved  

service quality, Better accuracy in demand forecasting, Higher manufacturing efficiencies, Better inventory planning, 

Opportunities to solve more complex distribution network problems etc. are found to be the most dominating benefits in the 

implementation of big data driven supply chain management practices. The results denote that benefits of big data driven supply 

chain management practices have positive effect on its implementation decision for the organizations. These benefits work 

together and must be adopted as such. Management must adopt these benefits to achieve competitive advantages. 
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I.INTRODUCTION 
 

Big  data  is  data  that  exceeds  the  processing  capacity of  

conventional  database  systems.    The  data  is  too  big, 

moves  too  fast,  or  doesn‟t  fit  the  strictures  of conventional  

database  architectures  (Dumbill,  2013). Wal-Mart generates 

2.5 petabyte (PB:  approximately 1015bytes) of customer 

transaction data every hour. Furthermore,  if  Wal-Mart  

operates  Radio  Frequency Identification (RFID) on the item 

level, it is expected to generate  7  terabytes  (TB:  appro 

ximately 1012bytes)  of data every day (Zaslavsky et al., 2012). 

Devices such as smart  phones,  webcams,  RFID  readers  and  

sensor networks  add  a  huge  number  of  autonomous  data  

sources.    These devices continuously generate data streams 

without human intervention, increasing the volume and 

velocity of data aggregation. The majority of the data is 

unstructured and contributes to a much larger variety of data 

types (Jeske et al., 2013). Major business players who embrace 

Big Data as a new paradigm are seemingly offered endless 

promises of business transformation and operational efficiency 

improvements. In Supply Chain Management (SCM) in 

particular, some examples have captured the attention of both 

practitioners and researchers, hitting the headlines of recent 

news. Amazon uses Big Data to monitor, track and secure 1.5 

billion items in its inventory that are laying around 200 

fulfilment centres around the world, and then relies on 

predictive analytics for its „anticipatory shipping‟ to predict 

when a customer will purchase a product, and pre-ship it to a 

depot close to the final destination. Wal-Mart handles more 

than a million customer transactions each hour (Sanders, 2014), 

imports information into databases to contain more than 2.5 

petabytes and asked their suppliers to tag shipments with radio 

frequency identification (RFID) systems (Feng et al. ,2014) 

that can generate 100 to 1000 times the data of conventional 

bar code systems. UPS deployment of telematics in their 

freight segment helped in their global redesign of logistical 

networks (Davenport and Patil, 2012).  

BIG DATA CHARACTERISTICS 
 

It can be described by “6Vs”. They are: Volume, Velocity, 

Variety, Value, Variability and Veracity (Russom, 2011; Eaton 

et al., 2012; O‟Reilly Radar Team, 2012; Zikopoulos  and  

Eaton,  2012;  Bellini  et  al., 2013; Demchenko et al., 2013; 

Megahed and Jones-Farmer, 2013; Rajpathak and 

Narsingpurkar, 2013). 

 

Volume: Data is large in the amount such as Petabyte (PB: 

1015), Exabyte (EB: 1018 bytes) Zettabyte (ZB: 1021 bytes) 

and Yottabyte (YB: 1024 bytes) etc.   

 

Velocity: Data is generated at a high speed.  

 

Variety: This means increased data type disparity, such as 

structured data from relational tables, semi-structured data 

from key-value web clicks and unstructured data from social 

networking data, streamed video and audio.  

 

Value:  It  means  that  there  is  some  valuable information-

golden  data  to  extract  within  the  collected data, though 

most of the pieces of data individually may seem valueless.  

 

Variability:  It refers to data changes during processing and 

lifecycle.  Increasing  variety  and variability  also  increases  

the  attractiveness  of  data  and the  potentiality  in  providing  

unexpected,  hidden  and valuable information.  

 

Veracity: It includes two aspects: Data consistency (or 

certainty) and data reliability.   

 

BIG DATA DRIVEN SUPPLY CHAIN  

Supply Chain Management is defined by Christopher (2011) as 

the management, across and within a network of upstream and 

downstream organizations, of both relationships and flows of 

material, information and resources. For centuries, information 
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of the goods that were stored and shipped was transported with 

the goods themselves in the form of physical documents, but 

actual supply chains have little resemblance with that. Our 

interest in the extended supply chain considers a model where 

technologies, such as BDA, synchronize SCM by driving a 

separate flow of information (Edwards et al., 2001) that 

enables organizations to capture, process, analyze, store and 

exchange data about their operations. An extended supply 

chain is a multi-echelon system that connects organizations 

allowing collaboration and integration, as competition between 

supply chains is perceived to be more intense than individual 

firms (Antai and Olson, 2013). The long list of IT systems that 

have been used for this purpose before included Electronic 

Data Interchange (EDI), Vendor Managed Inventory (VMI), 

Efficient Consumer Response (ECR),  

 

 Collaborative Planning  Forecasting  and  Replenishment 

(CPFR), Collaborative Planning System (CPS), Sales Force 

Automation (SFA), Point Of Sale data (POS) or Customer 

Service Manager (CSM) (Barrat and Oke, 2007). Amongst the 

phases of the SCM information flow (capture, process, analyse, 

store and exchange), BDA specifically focus on the analysis. 

Tools that facilitate analysis of SCM data are englobed in the 

“Analytics” domain. Major business players who embrace Big 

Data as a new paradigm are seemingly offered endless 

promises of business transformation and operational efficiency 

improvements. In Supply Chain Management (SCM) in 

particular, some examples have captured the attention of both 

practitioners and researchers, hitting the headlines of recent 

news. Amazon uses Big Data to monitor, track and secure 1.5 

billion items in its inventory that are laying around 200 

fulfillment centers around the world, and then relies on 

predictive analytics for its „anticipatory shipping‟ to predict 

when a customer will purchase a product, and pre-ship it to a 

depot close to the final destination . Wal-Mart handles more 

than a million customer transactions each hour (Sanders, 2014), 

imports information into databases to contain more than 2.5 

petabytes and asked their suppliers to tag shipments with radio 

frequency identification (RFID) systems (Feng et al., 2014) 

that can generate 100 to 1000 times the data of conventional 

bar code systems. UPS deployment of telematics in their 

freight segment helped in their global redesign of logistical 

networks (Davenport and Patil, 2012). SCM organizations are 

inundated with data, so much that McAfee et al. (2012) 

reported “business collect more data than they know what to do 

with”. This is apparently true in firms that are considered a 

benchmark for warehouse data management, marketing or 

transportation. Nonetheless, the reality reveals that these cases 

are not just anecdotes of success; they are the face of a change 

where failure to adapt could mean irrelevance. Hopkins et al. 

(2010) reported from a Sloan Management Review survey that 

analytics‟ top performers outpace industry peers performance 

up to three times. While most organizations have high 

expectations from Big Data Applications (BDA) in their supply 

chain, the actual use is limited and many firms struggle to 

unveil its business value (Waller et al., 2014). In the pursuit of 

a change to that situation and a willingness to guide the SCM 

practice to capitalize BDA, the overall aim of this research is to 

close the knowledge gap between data science and Supply 

Chain Management domain, linking the data, technology and 

functional knowledge in BDA applications across procurement, 

transportation, warehouse operations and marketing. 

Specifically, this paper will (1) redefine, by research on 

previous scientific work, what BDA means in the context of 

Supply Chain Management, and how it differs and has evolved 

from previous analytics technologies; (2) develop taxonomy of 

Big Data within SCM that identifies and classifies the different 

sources and types of data arising in modern supply chains and 

(3) suggest some applications of Big data and show the 

potential high value this technology offers to solve complex 

SCM challenges. BDSCM is a heterogeneous topic as it builds 

upon cross-disciplinary work from various areas. Business 

challenges rarely show up in the appearance of a perfect data 

problem (Provost and Fawcett, 2013), and even when data are 

abundant, practitioners have difficulties to incorporate it into 

their complex decision making that adds business value. Hazen 

et al. (2014) described the field as “new and emergent”. Barratt 

et al. (2014) recognized the need for searching more practical 

implications of big data in SCM, and they manifested their 

intention to attract research projects about big data driven 

supply chain management for the Council of Supply Chain 

Management Professionals (CSCMP) 2014 annual conference. 

Sanders (2014) published the first book combining both SCM 

theory and Big Data, Big Data Driven Supply Chain 

Management that provides great insight in the managerial 

implications of implementing big data tool in SCM. The most 

cited „call for research‟ in big data and analytics came from 

Waller and Fawcett (2013), who highlighted the importance 

that conducting scientific research in the area where SCM 

intersects with Big Data and advanced analytics techniques 

from Operational Research domain could illuminate a “myriad 

of new opportunities” for both practitioners and academia. 

They attributed the lack of publications or applications of data 

science, predictive analytics, and Big Data in the context of 

SCM, to not fully address the conceptual requirements in 

integrating domain knowledge with quantitative skills. From 

the abovementioned evidence, a clear knowledge gap has been 

identified, and with the intention to bridge the gap, this 

research has set off. 

 

II. BENEFITS IN BIG DATA DRIVEN SUPPLY CHAIN 

 

Big data driven supply chains are more complex to achieve as 

compared to the traditional supply chains. In this thesis, we 

have determined 10 Benefits for big data driven supply chains 

that have a major impact in achieving competitive advantage. 

These Benefits are listed in Table-1. The Benefits were 

selected based on literature review and opinions of supply 

chain experts. 
 

Benefits related in Big data driven Supply Chain  
 

 Improved  visibility across supply chain 

Planning and scheduling are perhaps the most important part of 

any supply chain. So much money can be lost or expended with 

scheduling and planning and with big data firms can truly 

optimize this process. With the use of big data firms can gain 

end to end visibility so that managers know that where items 

are at all times, firm can also attain high-quality decision 

support which can be crucial if something goes wrong a split 

second decision does not have to go without support. 
 

 Improved  service quality 

Analysis of more varied data types, including social media data, 

can be used to improve the customer experience.  For example, 

analysis of customer feedback regarding delivery and returns 

helps the company better understand the customer and offer an 

improved user experience, as well as introducing greater 

efficiencies and reducing waste. Big data enabled personalized 

service increases customer engagement in supply chain. It also 

analyze  customer  interactions  across  all  channels like social, 

mobile and web-to determine how the customer  is using the 

products they bought or will buy. 
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 Better accuracy in demand forecasting 

Another benefit is that a firm can really predict and meet 

demand. With big data, helps to predict and determine what 

items are going to be needed as it pertains to demand. 

Managers can see what items are selling well, what items did 

not sell well, and so much more making it possible to forgo 

getting items that you may not even end up being able to use or 

sell. Instead of relying on the same rigid systems and inexact 

predictions from the sales team, companies now have access to 

huge and complex amounts of data from various sources, 

including suppliers and customers.  Advanced analytical tools 

can be employed to integrate data from a range of systems and  

 

 Higher manufacturing efficiencies 

Big data helps to Expedite  order  picking  and  order  

fulfillment  by  analyzing data from different sources like 

historical orders,  product  inventory,  warehouse  layout  and 

historical picking times. It also Improve product and service 

traceability. Identification of potential problem suppliers as 

well as identify problems for suppliers executed in better way. 

It Uncover defects in products/services in the supply chain, 

give early warning and avoid recalls Minimize inventory and 

supply chain risk using big data analytics. 

 

 Better inventory planning 

This is another benefit as big data allows users to plan, forecast, 

and truly optimize their inventory so that they do not waste 

space or waste money with items that may or may not be 

working the way they should. Organizations can in effectively 

look across networks to consider consumption rates, inventory 

levels, and other aspects of their supply chain so that they can 

make sure to get what needed at all times no matter what. This 

is great for companies that work with larger amounts of cargo 

and have issue with receiving too little or too much. 

 

 Opportunities to solve more complex distribution 

network problem  

Most complex distribution networks have developed 

organically over time into an almost impenetrable web of 

factories, warehouses and distribution hubs which can struggle 

to adapt quickly to changing patterns of demand.  Companies 

can deal with this complexity more easily than in the past with 

the use of big data analysis.  Big data provides the opportunity 

to solve much more complex distribution network problems by 

modeling outcomes in more detailed scenarios than ever before. 

 

 Develop greater collaboration in your supply chain 

networks 

The increased amount of data available to supply chain 

managers should be seen as an opportunity to improve the 

management of more complicated networks of suppliers and to 

develop greater collaboration. Getting the most out of big data 

naturally requires an investment in technology, but also a 

culture change.  Staff across different business functions needs 

to be involved in the process of identifying which data is useful 

to them.  For example, it is very important to the supply chain 

function to have reliable manufacturing data so employees 

from manufacturing as well as other teams must be involved in 

the process of data collection. 

 

 Improved network responsiveness 

This is another factor that can truly be helpful. Firms can 

manage the uncertain times of year that come when seasons for 

certain items come and go. This can also help manager to 

decide how to manage new items that are new to firm‟s 

business or to just for inventory. This means that firm can 

predict what is going on in a way so that it can better determine 

what items to buy, what items to forgo, and what items you 

need more of. This is very important and can help organization 

to truly determine what items you need to include in your 

supply chain. 

 

 Optimization of ordering process 

Optimize the items managers are ordering and the ordering 

process overall. they can improve the number of orders that are 

on time, minimize the cost of getting items to the firm, and 

really make sure that firm have what ordered previously. This 

means that procurement personnel can truly have the best 

experience possible without having to worry about it something 

is going to be on time or late. 

 

 Efficient delivery route planning 

The huge amount of location data which is now available, 

combined with the latest advanced techniques in geo-analytical 

mapping, allows companies to model a greater number of 

potential routing scenarios as well as visualize those routes 

more dynamically at street level. We listed out 10 principal 

benefits of big data in supply chain as follows: 

 

TABLE.1. 

 
 

III. RESEARCH APPROACH 

 

Introduction of Interpretive Structural Modeling This study 

combines two techniques: literature review and ISM. We will 

discuss ISM in this subsection. ISM is found and handled by 

Warfield (1973) and its roots come from graph theory. The 

ISM process transforms unclear, poorly articulated mental 

models of systems into visible, well-defined models useful for 

many purposes (Sage, 1977). Ravi and Shankar (2005) describe 

the significant characteristics of ISM as follows: (i) This 

methodology is interpretive as the judgment of the group 

decides whether and how different elements are related; (ii) It 

is structural as on the basis of the relationships, an overall 

structure is extracted from the complex set of elements; (iii) It 

is a modeling technique as the specific relationships and 

overall structure are portrayed in a digraph model. The steps 

involved in the ISM methodology are given below (Ravi and 

Shankar, 2005; Govindan et al., 2012): 
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Step1. Variables affecting the system under consideration are 

listed. 

 

Step2. A contextual relationship is established among variables 

with respect to which pairs of variables would be examined. 

 

Step3. A Structural Self-Interaction Matrix (SSIM) is 

developed for variables, which indicates pair wise relationships 

among variables of the system under consideration. 

 

Step4. Reachability matrix is developed from the SSIM and the 

matrix is checked for transitivity. The transitivity of the 

contextual relation is a basic assumption made in ISM. It states 

that if variable A is related to B, and B is related to C, then A is 

necessarily related to C. 

 

Step5. The reachability matrix obtained in Step 4 is partitioned 

into different levels. 

 

Step6. A digraph is drawn and the transitive links are removed 

based on the relationships given in the reachability matrix. 

 

Step7. The resultant digraph is converted into an ISM model, 

by replacing variable nodes with statements. 

 

Step8. The ISM model developed in Step 7 is reviewed to 

check for conceptual inconsistency and necessary 

modifications are made. In this study, after applying the ISM 

methodology to the benefits of adoption of big data driven 

supply chain management. Structural Self-Interaction Matrix 

for analyzing the relationship between the various benefits of 

big data driven supply chains, a contextual relationship 

of ―leads to‖ type is chosen. This means that one variable 

helps to ameliorate another variable. Based on this, contextual 

relationship between the variables is developed (Faisal et al., 

2006).  After defining contextual relationship for each variable, 

the relationship between any two sub-variables (i and j) and the 

associated direction of relation is questioned. Four symbols are 

used for the type of the relation that exists between the two 

sub-variables under consideration (Faisal et al., 2006). 

 

V: enabler i will ameliorate enabler j;     

A: enabler j will ameliorate enabler i;  

X: enabler i and j will ameliorate each other;    

O: enablers i and j are unrelated.  

 

Reach ability Matrix  

The SSIM is converted into a Reach ability matrix, which is a 

binary matrix consisting of 1„s and 0„s. The rules for 

substitution of 1„s and 0„s are as mentioned below:  

 

 If the (i, j) entry in the SSIM is V, then (i, j) entry in 

the Reachability matrix becomes 1 and the (j, i) entry 

becomes 0.  

 If the (i, j) entry in the SSIM is A, then (i, j) entry in 

the Reachability matrix becomes 0 and the (j, i) entry 

becomes 1.  

 If the (i, j) entry in the SSIM is X, then (i, j) entry in 

the Reachability matrix becomes 1 and the (j, i) entry 

becomes 1.  

 If the (i, j) entry in the SSIM is O, then (i, j) entry in 

the Reachability matrix becomes 0 and the (j, i) entry 

becomes 0.  

Level partitioning the Reach ability matrix  From the final 

Reachability matrix, partitioning is done by assessing the 

reachability and antecedent sets for each variable‖ (Warfield, 

1974). The reachability set consists of the element itself and 

other elements, which it may help achieve; on the other hand 

antecedent set consists of the element itself and other elements, 

which may help achieving it. Then the intersection of these sets 

is derived for all the elements (Faisal et al., 2006). The 

elements for which the reach ability and intersection sets are 

same are the top level elements in the ISM hierarchy. The top 

level elements in the hierarchy would not help achieve any 

other element above its own level (Faisal et al., 2006). Once 

the top level elements are found they are separated out of other 

elements. Then this process is continued until the level of each 

element is found. 

 

IV. NUMERICAL ANALYSIS 

 

Structural Self Interaction Matrix 

Firstly, the SSIM„s are developed for benefits and benefits of 

big data application. In order to get an unbiased solution to the 

problem opinions of academic experts in big data driven supply 

chains was taken and the accumulated results were used to 

develop the final Self Structure Interaction Matrix (SSIM).  We 

obtain an initial reachability matrix for the SSIM. These 

matrices are as shown in the Tables 2 & 3. 

 

Reachability Matrix 

Once we have the SSIM, the next step is to obtain the 

reachability matrix. Based on the rules mentioned in we obtain 

an initial reachability matrix for the SSIM. These matrices are 

as shown in the Tables 2 & 3. 
 

TABLE.2. INITIAL REACHABILITY MATRIX 

 
TABLE.3. INITIAL REACHABILITY MATRIX 

 
After checking for transitivity of various elements in above 

Initial reachability matrices we get the final Reachability 

matrices which are shown in Tables 4. The entry 1with 

highlighted color represents the transitivity incorporated to fill 
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any gaps in the opinion collected during the development of 

SSIM. 

 

Table .4.Final Reachability Matrix for the Ssim  

 
Level Partitioning 

Level partitioning procedure is similar as described in the 

research approach for Benefits. For benefits we can follow 

same steps to decide the level of hierarchical structure to obtain 

relationship among benefits associated in adoption of BDSCM 

practices. 

 

TABLE.5 

 

 

MIC MAC Analysis 

Figure 2 present graphically the results of MICMAC analysis. 

From the results of final reachability matrix it is found that 

Enhancement of corporate value by investment in its people 

and environment, reduction in consumption in hazardous and 

toxic material, reduction in energy consumption and product 

quality improvement are the key benefits associated on 

adoption of BDSCM in Indian firms, these benefits have a 

strong driving power and fall in the cluster IV which is cluster 

of independent variables. 

 

Diagraphs for ISM: Figure 1 presents the results of ISM for 

the benefits of BDSCM practices adoption for Indian firms. It 

can be seen from the digraph the most important benefit that 

will drive other benefits to adopt techniques big data tools in 

Indian supply chains adopt techniques big data tools in Indian 

supply chains. 

 

 
Figure.1. Ism Framework For Benefit Of Bdscm Adoption 

 
Figure.2. Micmac Analysis 

 

V. CONCLUSION 

 

This study investigates the effects of the benefits of 

implementation of big data in SCM practices on its adoption 

decisions. An empirical analysis has been performed for 

manufacturing units of automobile, textile and footwear 

industries in India. The aim of the study is to list out benefits of 

BDSCM practices for its adoption in Indian industries. This is 

achieved achieved by measuring the driving power of each 

potential benefits as well as the inter-relations within them. The 

results of this part of the study denote that among the benefits 

of BDSCM practices, inadequate most important benefits that 

will drive other benefits in achieving BDSCM practices in 

Indian industries are improved visibility across supply chain, 

Opportunities to solve more complex distribution network 

problems, Optimization of ordering process, Better inventory 

planning. 
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