
 

 

Insights from Big Data Analytics in Supply Chain Management: An 

All-Inclusive Literature Review Using the SCOR Model 

When supply chain management (SCM) intersects with Big Data Analytics (BDA), 

uncountable opportunities for research emerge. Unfortunately, how analytics can 

be applied to supply chain processes is still unclear for both academics and 

industries. To better connect SC processes needs and what BDA offer, we present 

a structured review of academic literature that addresses BDA methods in SCM 

using the supply chain operations reference (SCOR) model. The literature since 

2001 is reviewed to provide a taxonomy framework resulting in a nomenclature 

grids and a SCOR-BDA matrix. The most important result of this paper indicates 

a clear disparity and points to an urgent need to bring the efforts closer in a 

collaborative way for more intelligent use of BDA in SCM. Furthermore, the paper 

highlights a misalignment between data scientists and SC managers in BDA 

applicability. It also highpoints upcoming research tracks and the main gaps that 

need to be stunned.  

Keywords: Big Data Analytics, supply chain management, SCOR matrix, 

nomenclature grid 

Introduction 

In recent years, the growing interest in Big Data has led organizations to develop Big 

Data Analytics (BDA) for their supply chains (SC) (Dubey et al. 2018). The primary goal 

of SC executives is to acquire meaningful information that allows them to better estimate, 

predict, uncover unseen patterns, and then improve competitiveness (Lamba and Singh 

2017). Analytics are altering the way supply chain management (SCM) processes this 

data, both internally through integration of transactional information systems, and 

externally through mobile devices, social media, and the Internet of Things (IoT) (Chavez 

et al. 2017). For businesses, this latest trend holds new opportunities but also unexpected 

new challenges for producing new trade models and refining existing operations, thereby 

creating market benefits (Shukla and Tiwari 2017). 

Beyond considering the return on an investment in big data, companies are also focusing 

on how analytics might be used to obtain the most meaningful insights for their SC 

management (R. Ramanathan et al. 2017). Given the variability and complexity of very 



 

 

large heterogeneous datasets, this task is not trivial and may be extremely challenging 

(Akter, Wamba, and Dewan 2017).  

Considering the many recent relevant publications in this field (Gunasekaran et al. 2018; 

Chavez et al. 2017; R. Ramanathan et al. 2017; Côrte-Real, Oliveira, and Ruivo 2017), 

suppliers and customers are using numerous products and services designed specifically 

for unconventional forms of analytics in addition to the traditional analytic tools. The 

most common tools are linked with Business Intelligence (BI), which has emerged as a 

key decision-making tool for increasing business value and performance (Baars et al. 

2014); Business Objects (BO) which handle large and dynamic queries (Shi, Lin, and Yu 

2017); data mining (DM), which uses statistics and analytic heuristics (Ghosh and Maiti 

2014); the extract-transform-load (ETL) which invests in moving massive data lakes from 

compound sources (Storey and Song 2017); and the online analytical processing (OLAP) 

used in running multi-dimensional queries (Sadek, Derdour, and Abdelkrim 2017). While 

it is good to have key business data stored, it is often hard to track and determine how 

they can be mined, explored, and applied, and the business activity where they can be 

used. For that reason, the main goal of this study is to provide a clear understanding of 

the countless number of methods and techniques that are employed to analyse Big Data 

in SCM and help academics in mapping the newly available approaches to the real-world 

SCM issues. 

The purpose of this research is fourfold. First, it deals with the misalignment between 

data scientists and SC managers by creating a real cartographic assessment of how 

different BDA methods can be applied. Second, this study uses structured methodology 

to perform a literature review of 805 academic publications from January 2001 to 

December 2017. The bibliographical analysis is carried out by identifying researcher 

contributions, synthetizing meta-information from publications, identifying trends 

through a deep analysis of the publication contents, and then making causality 

associations by highlighting further opportunities. Third, the study results in a clear 

academic macro-synopsis in the area of SCM studies that are related to analytics with and 

without Big Data support. In addition, a matching matrix is proposed to provide an 

intuitive tool for the use of BDA methods, sub-methods, and techniques across the 

processes of the Supply Chain Operations Reference (SCOR) model. Last, this study 

highlights upcoming research paths and the main gaps that need to be overcome. 

Academics can use the results to orient their future research opportunities, and SC 



 

 

professionals can employ them to benchmark BDA and measure their impacts on the 

SCM.  

Despite the increasing number of review papers concerning the application of BDA to 

SCM, no integral macro-study currently exists that synthesizes all SC processes in one 

single inclusive analysis. Accordingly, the main contribution of this study is to fill this 

gap by proposing a comprehensive macro-synthesis of BDA-SCM research. Further, the 

larger scope of all analytic methods (outside the Big Data environment) that have 

supported SCM issues are examined to make sense of all analytic methods in the field. 

The questions addressed in this literature review are listed in Table 1. 

Table 1. Set of questions needed in the literature review study 

Research Questions (RQ) 

RQ 1 What are SCM processes/activities that are addressed with BDA and with which analytic method?  

RQ 2 Are the BDA methods being used following the same tendencies on the different SCM processes? 

RQ 3 How the BDA methods/sub-methods and techniques are applied in the SC processes? 

RQ 4 What are the main research gaps regarding the using of BDA in SCM? 

 

The remainder of this paper is arranged as follows. Section 2 provides some background 

with an overview of BDA methods and the SCOR model. Section 3 presents the review 

methodology, followed by an analysis of the findings in section 4. Finally, section 5 

includes a discussion of issues, and concluding arguments. 

Background and Research Gaps 

Big Data Analytics and Supply Chain Management 

What is 'Big Data'? 

Data sources today are diversified and uncountable: data sensors, such as radio frequency 

identification (RFID) tags, which generate an impressive number of records across the 

value chain (Wamba et al. 2015); data streams like those from mobile phones that capture 

billions of videos, pictures, and texts; social media feeds that instantly engender a vast 

variety of data; geo-localization global positioning system (GPS) devices that initiate a 

massive quantity of data signals; and many other channels that feed data. However, the 

definition of Big Data is not restricted to any quantifiable size of data storage. To be 

clearer, there is no rigorous conceptual definition of size, as noted in (Wamba and Mishra 

2017; Chang, Mishra, and Lin 2015; Lee et al. 2015; Xu, Cai, and Liang 2015). 

Otherwise, a definition broadly acknowledged by academicians and industry is that the 



 

 

paradigm of 'Big Data' is close to the base of the four Vs (Wamba et al. 2015): volume—

large quantities of data (Vera-Baquero, Colomo-Palacios, and Molloy 2015), velocity—

speed of data acquisition (Gunasekaran et al. 2018), variety—multidimensional data 

fields (Rodríguez-Mazahua et al. 2016), and veracity—data quality and trustiness (Akter 

and Wamba 2016). 

Following the literature that considers the application of Big Data in SCM, there is an 

increasing use for many of its derived benefits (Dubey et al. 2016). However, there are 

definitions that more or less differ in certain aspects, such as the one proposed in (Lamba 

and Singh 2017) where the term 'Big Data' describes the massive multi-faceted data 

records that traditional tools are incapable of managing. Moreover, a number of research 

streams in SCM focus more on the use of the data for business value creation, 

independently of its origin and quantity such as (Amit and Han 2017; Ji-fan Ren et al. 

2017; Bärenfänger, Otto, and Österle 2014). Furthermore, ‘value’ in the context of Big 

Data is a word that suggests mining for worthy information by investigating collected 

data (Gunasekaran et al. 2018) and so defines the term 'Big Data Analytics'.  

What is 'Big Data Analytics' (BDA)? 

As reported in (Tonidandel, King, and Cortina 2018), BDA are evolving as the ‘next big 

thing’ to handle and report substantial data that could not be analysed with traditional 

tools and convert it into new information (Dubey et al. 2018). Formally, BDA is the use 

of advanced analytic approaches for very large and unstructured data sets, including 

predictive methods, statistics, data mining, artificial intelligence (AI), and others 

(Barbosa et al. 2018).  

In SCM, organizations are flooded with data sourced from traditional and advanced 

systems: (a) information technology such as Electronic Data Interchange (EDI), and 

RFID, (b) Information Systems (IS) as Electronic Commerce (E-Commerce), and 

Enterprise Resource Planning (ERP) (Gunasekaran et al. 2006), (c) data sensors like Near 

Field Communication (NFC), GPS, etc. (Li and Wang 2017), (d) warehouse information 

systems (Li, Xu, and Niu 2016), customer loyalty cards (U. Ramanathan et al. 2017), 

marketing data (Calder, Malthouse, and Maslowska 2016), social media (Chae, "Insights 

from hashtag", 2015), mobile commerce (M-Commerce) (Ngai, Eric, and Angappa 2007) 

and many others. The data sources are in such quantities that authors in (Agrahri et al. 

2017) stated that enterprises collect more data than they know what to do with. Firms are 

investing in and very focused on the potential of analytics in SCM, as noted by the 



 

 

worldwide leader in advisory services, Gartner (Aronow, Ennis, and Romano 2017), 

which shows BDA among the top 25 SC research topics for the year 2016. Forbes 

(Colombus 2015), the second best known advisory company, confirmed that no other 

issue has had as much effect on firm investments in the last decade. Furthermore, major 

organizations in SCs like Amazon rely on predictive analysis through BDA to anticipate 

shipping from more than 200 distribution centres around the world (Storey and Song 

2017). Walmart processes order analytics from millions of customer transactions per 

hour, approximating 3 petabytes, including RFID data (Heller 2017). On the other hand, 

scholars are aware that decision makers progressively view BDA as a significant source 

of value-creation for competitiveness and business processes improvement (Wamba et al. 

2017). An examination of bibliographies in the topic of BDA since the 2010s shows a 

growing number of publications more and more specialized and diversified: literature 

reviews (Nguyen et al. 2017; Akter and Wamba 2016; Vasarhelyi, Kogan, and Tuttle 

2015; etc.), original research (Gunasekaran et al. 2017; Dubey et al. 2016; Lee et al. 2015, 

etc.), and an assortment of case studies (Papadopoulos et al. 2017; Vera-Baquero, 

Colomo-Palacios, and Molloy 2016; etc.), and surveys (Dubey et al. 2016; Cao, Duan, 

and Li 2015; etc.).  

While most businesses strongly believe in applying BDA in their SCs, actual use is still 

limited, and many organizations struggle to extract valuable insights (Robmann, et al. 

2018). Moreover, in most cases, companies and scholars do not know exactly which 

analytic methods and techniques to apply and to what business activities and purposes. 

This hypothesis is confirmed in a number of research works, such as (Tiwari, Wee, and 

Daryanto 2018; Tonidandel, King, and Cortina 2018; Hazen et al. 2016). On the business 

side, Big Data projects today are considered significant investments because of the long 

preparation and research needed in the preliminary phase to identify the optimal BDA 

method/technique for the particular SC process and the available collected data (Wang, 

Kung, and Byrd 2018). Moreover, in the SCM context, analytic tools explore unusual 

information of business set-ups and customer interactions that rarely find their way into 

typical reports (Brinch et al. 2018).  

Due to the data’s complexity, BDA often involve advanced methods and techniques, as 

outdated statistical methods are only appropriate for structured and restricted data 

collections (Dubey et al. 2018). That is why, in most business and academic projects, data 

scientists and managers spend a great deal of time and effort analysing the applicable 



 

 

framework of analytic techniques through specifications and bibliographic reviews 

(Zicari et al. 2016). In the next section, we describe our investigation of such reviews.  

Scope of Review of BDA in SCM 

Literature reviews are expected to study published academic work, identify prospective 

research gaps, and highlight the limits of knowledge in the area (Barbosa et al. 2018). In 

this study, we performed a detailed literature review of academic work that addresses 

BDA in SCM, beginning with early work in the field in an effort to thoroughly understand 

the trend.  

First, we noticed there has been a progressively increasing number of publications over 

the past decade. Through our examination of the publications, we found a clear lack of a 

panoramic guide for capitalizing on BDA in SCM processes. We believe such a guide 

could assist academics and firms in focusing their efforts to identify the appropriate 

analytic methods for the business issue being dealt with. The literature review in this 

paper could be a powerful tool for providing this guidance. However, in consulting the 

bibliography, we found that the few existing review papers had restricted scopes of study, 

and in many cases, the study is strongly related to a specific issue in SCM (manufacturing, 

procurement, strategic decision-making, demand planning, etc.) and/or the application of 

a specific method of BDA (predictive analytics, statistical approaches, etc.) as illustrated 

and synthetized in Table 2. 

Table 2. Scopes of the most relevant literature review that dealt with BDA on SCM 

Reference Covered topic Scope of 

review 

Description 

(Akter and Wamba 2016) E-commerce Partial Authors offered a framework of a systematic 
review to examine the BDA challenges in the e-
commerce background. 

(Chen et al. 2016) Generic section 
about business 
management 

Global but 
restricted 

Authors conducted an extensive review journal 
publications about BDA in diverse perspectives 
and the business area of supply chain was a part 
in his spectra. 

(Rodríguez-Mazahua et al. 
2016) 

Smart 
manufacturing 

Partial Authors provided a comprehensive state-of-the-
art including BDA applications to find the main 
challenges in multiple areas of application and 
tools regarding BDA where the smart 
manufacturing was a part of this analysis. 

(Phillips-Wren et al. 2015) Governance Partial Authors studied a representative sample of 
publications in a form of a survey in the 
management and governance topics impacted by 
BDA. 

(O’Donovan et al., "Big 
data in manufacturing," 
2015) 

Smart 
manufacturing 

Partial Authors proposed a broad literature review 
papers of conferences and journals in the area of 
smart manufacturing. 

(Chong and Shi 2015) Generic section 
about business 
management 

Global but 
restricted 

Authors presented an overview of BDA 
applications and opportunities by benchmarking 



 

 

of papers from journals and conferences on 
different areas including business management. 

(Miklos, Vasarhelyi, and 
Tuttle 2015), 

ERP systems Partial Authors discussed the interaction between BDA 
and traditional sources of data through an 
accounting analysis in ERP systems. 

(Lamba and Singh 2017) Unstructured data 
and predictive 
analytics 

Partial Authors focused of the using of unstructured 
data (text, audio, video, and social media) with 
predictive analytics.  

(Nguyen et al. 2017) Levels of analytics 
in SCM 

Global but 
restricted 

The review proposed a new classification model 
but the study is focused on the question: Where 
BDA are applied in SCM more than why and 
how they are applied. 

(Wang et al. 2016) Strategic and 
Operational 

Partial Authors focused on strategy and operations in 
Logistics SCM (LSCM) 

 

As Table 2 highlights, there is clearly a lack of a panoramic overview of literature that 

provides a macro-reading of the applicability of analytics to SC processes. This overview 

could be in the form of a synthesis study that answers the main question: Which BDA 

method/technique is applied and on which SCM process/activity? The main purpose of 

this research is to answer this question and thus fill the research gap between data science 

and SCM issues by linking data analytic methods to SC processes across specific 

activities: warehousing, procurement, marketing, manufacturing, transportation, trans-

shipment, and so on. To accomplish this, we need a process-oriented model that provides 

a granular grid on which we can match BDA methods. Using literature, the section below 

presents a case for the selection of a process-oriented framework among the existing 

models.  

Process-Oriented SCM Frameworks 

In process-oriented SC models, there is a set of proposed models that includes descriptive 

and normative models (DNM) (Fahimnia et al. 2015), global supply chain forum 

framework (GSCF) (Marchesini and Alcântara 2016), value reference model (VRM) 

(Maruna et al. 2016), sustainable balanced scorecard (SBS) (Hansen and Schaltegger 

2016), and process classification framework (PCF) (Mantje et al. 2016). However, SCOR 

is considered by academics as the de facto standard and is used as a reference in the SCM 

field (Ntabe et al. 2015). 

SCOR was developed and established in 1996 by the Supply Chain Council (SCC) as a 

reference model for design and enhancement of SCs (Spanaki et al. 2016). The model 

provides a common setting for determining, unifying, and accomplishing SC processes 

(APICS 2018). It illustrates SC activities as a series of interconnecting inter-

organizational processes and in practice, is conventionally used in benchmarking studies 



 

 

(Ntabe et al. 2015). SCOR provides standard guidelines for companies (Spanaki et al. 

2016) to aid in examination of SC configuration, identification and measurement of 

metrics, and continuous application of best practices. It is considered a diagnostic tool 

that gathers performance processes, metrics, best practices, and people into an integrated 

structure. Furthermore, SCOR is commonly used as a deductive framework to study SC 

topics as mentioned by (Sangari, Hosnavi, and Zahedi 2015), and can also be categorized 

as a powerful normative approach to benchmarking process-oriented analysis in SCM 

(APICS 2018). Besides, SCOR has been used as a process-oriented framework for 

academic SCM analysis in a number of works such as (Brinch et al. 2018) and (Barbosa 

et al. 2018), while other studies are literature review papers like (Sanders 2016; Ntabe et 

al. 2015; Sangari, Hosnavi, and Zahedi 2015; Souza 2014). Likewise, the proposed 

comprehensive cross-operational review in this study is also based on SCOR. Our second 

motivation for the use of SCOR lies in the granularity of the levels within the SCOR 

structure. Each process level can be split into several sub-levels according to the desired 

level of detail. To be clearer about our second motivation, we acknowledge that our main 

research project aims to conduct a detailed study by levels from both perspectives: on one 

hand, to explore the methods and sub-methods/techniques of BDA by levels, and on the 

other hand, to delve into SCOR processes and sub-processes/activities/tasks by levels. 

The SCOR model is structured around five basic processes—plan, source, make, deliver, 

and return—that are further sub-sectioned into processes, sub-processes, activities, and 

tasks (Ntabe et al. 2015) as listed in Table 3. This table illustrates some possible examples 

of uses of analytics that were extracted from the literature studied.  

Table 3. The five main processes of SCOR (APICS 2018) with examples in analytics 

SCOR main processes 

Plan Balances the demand and supply to meet the sourcing, manufacturing and supplying requirements. 

Example: examining the volumes of synchronous input data instantly to adjust and predict the 
schedules; where this have often been performed monthly and/or annually (Weng and Lin 2014), 

Source Includes the procurement activities to acquire goods/services aligning planned and actual demand. 

Example: analytics can be used in supplier selection and assessment (Wang 2015), 

Make Is related to the transformation of products and services to meet planned and actual orders. 

Example: manufacturing in plants can be improved by using analytics in smart manufacturing (Davis 
et al. 2012) 

Deliver Comprises the fulfilment of customer demand as requested in the planned and actual orders. 

Example: optimized transportation system can be processed by analytics to improve logistics (Hsu et 
al. 2015). 

Return Is associated to all reverse movements of goods and services from customers for any reason. 



 

 

Example: analytic methods can contribute in managing smartly the reverse logistics by predicting the 
information flow from retailers to producer companies (Barker and Zabinsky 2011). 

 

Accordingly, considering these motivations, our review of BDA-SCM literature is based 

on the SCOR framework. The next section presents a step-wise description of the research 

approach used for the literature review. 

Research Approach  

Analytic methods are categorized into several sub-methods and techniques that differ in 

their purposes, prerequisites, and applicability (Song et al. 2016). Therefore, prior to 

hastily analysing the applicability of analytic methods, a taxonomy framework must first 

be chosen for those methods. The next sub-section describes our proposed BDA 

taxonomy based on our review. 

Proposed BDA Taxonomy 

For our goal of analysing existing academic work, the literature review provides us with 

many possible ways to classify BDA approaches. We found three main categories: (1) a 

taxonomy based on the nature of and objective for using BDA with three classes: 

descriptive, predictive, and prescriptive as found in (Wang et al. 2016); (2) a taxonomy 

based on the scope of using analytics in SCM issues, where eight classes were identified: 

architecture, framework, theory, methodology, model, platform, process, and tool, as in 

(O’Donovan et al., "An industrial big data," 2015); and (3) a taxonomy based on the 

technological aspects of BDA as in the technology organization environment (TOE) 

framework used in (Dubey et al. 2016). None of these three types of taxonomy 

frameworks can provide a comprehensive and complete grid for our study because our 

goal is to follow a detailed model of all BDA techniques, as mentioned in the previous 

section. Alternatively, we propose a new taxonomy based on classifying the literature into 

several levels related to the nature of the analytic algorithm. 

Analytic approaches are plentiful and may be classified into methods and sub-methods, 

and combined or employed separately (Chehbi-Gamoura and Derrouiche 2017). A 

method or sub-method usually uses one or a combination of statistical or mathematical 

techniques, depending on the desired business value and/or business context (Milliken 

2014). Because of our extended literature review, we found numerous methods that 

concern SCM. Based on these methods, there are several related sub-methods and 

techniques that can also be classified into categories and sub-categories. However, the 



 

 

extent and diversity of these techniques makes it difficult to provide a complete list and 

is beyond the scope of this unique study. Relevant sub-methods include optimization (Xu 

et al. 2015), classification (Bi and Cochran 2014), fuzzy logic (Wu et al., "Toward 

sustainability," 2017), and regression (Chae 2014), as well as others. Figure 1 presents a 

hierarchy of the most relevant, as also detailed in the following description.  

Exploratory data analysis (EDA)  

EDA is the stage of analysis dealing with determining what to make of the data and how 

to frame it, and then finding the best way to present and manipulate it based on a business 

insight (Zhao et al. 2017). EDA includes a set of sub-methods, we cluster them into four 

main categories:  

• (a) Data discovery and visualization (DDV) that aims to uncover hidden patterns 

by querying, filtering streamlining, inducting, and detecting unknown shapes 

(Bendoly 2016). In SCM, a set of techniques are used such as regression (REG) 

algorithms in green SCM (Zhao et al. 2017), dimensional reduction (DRE) 

heuristics in logistics optimization (Zhong et al., "A big data approach," 2015), 

and rules induction (RIN) heuristics in customer segmentation (Brito et al. 2015). 

• (b) Predictive data analysis (PDA) includes the set of approaches that make 

forecasts of the future or presumptions of unknown facts in order to identify risks 

and opportunities in management (Gunasekaran et al. 2017; Tan, et al. 2015). 

Such methods can be classified into data mining, machine learning (ML), and 

predictive modelling (PM) (Duan and Xiong 2015). In SC predictive 

management, the main techniques include algorithms of optimization (OPT) in 

SCM modelling (Schildbach and Morari 2016), aggregation (AGG) in SCM 

sustainability (Jeble et al. 2018), and classification (CLA) in operational SCM 

(Maghrebi, Sammut, and Waller 2014), in addition to operational research (ORE) 

approaches in logistics (Ayed, Halima, and Alimi 2015).   

• (c) Data reduction methods (DRM) consist of the set of approaches that transform 

raw data into a reformatted, sorted, and simplified forms in the preparation to 

extract meaningful parts (Li et al. 2015). In SCM research, the DRM used specific 

techniques such as fuzzy logic (FLO) (Rehman et al. 2016), real-time reporting 

score (RRS) (Zhang et al. 2016), and regression (REG) (Tao, et al. 2018).  

•  (d) Data deduction methods (DDM) are concerned with establishing hypotheses 

based on existing models (Alles 2015; Hazen et al. 2014; Baars et al. 2014). 



 

 

Techniques used in DDM have the ability of explaining causality relationships or 

applying inductive reasoning rules (McAbee, Landis, and Burke 2017) such as 

association rules learning (ARL) (Kache and Seuring 2015). 

Confirmatory data analysis (CDA)  

CDA is the evaluation stage where statistical tools are used, such as inference, causality, 

and coordination. At this point, the model is built and CDA questions it through 

challenging suppositions, constructing estimation precision, regression investigation, and 

variance scrutiny (Dubey et al. 2016). The main sub-methods in this category is data 

statistical-inference (DSM) (Chae 2014) used to interpret, infer, compare, and draw 

suitable proofs of assumptions. Regression (REG) models are the most usually applied 

technique in SCM issues such as stepwise regression (George and Pentland 2014), and 

linear regression algorithms (Bughin 2016). 

Qualitative data analysis (QDA)  

QDA is concerned with non-numeric data, such as notes, videos, audio files, images, and 

other transcoded data sourced from different sensors (Donnelly et al. 2015). The main 

sub-category in QDA is the set of data quantification methods (DQM) that gather the 

quantification approaches and the qualitative analysis and interpretation of data (Simpao, 

Ahumada, and Rehman 2015; Donnelly et al. 2015; Vom Brocke et al. 2014;). These 

methods are used in various fields of SCM such as marketing surveys analysis by using 

the technique of aggregation (Leeflang et al. 2014), opinion mining algorithms (OMA) to 

extract products features from textual or visual data by techniques like association rules 

learning (ARL) (Tuarob and Tucker 2015), and some applications in product lifecycle 

management (PLM) by using classification (CLA) techniques (Li et al. 2015). 



 

 

 

Figure 1. The proposed BDA-SCM taxonomy  

 

 

 



 

 

Real-time analysis (RTA) 

RTA involves using data dynamically as soon as they arrive in the system in immediate 

or nearly immediate modes with high responsiveness (Lee et al. 2015). Data event-

oriented methods (DEM) are the most important sub-category in RTA (Yesudas, Menon, 

and Ramamurthy 2014; Vera-Baquero, Colomo-Palacios, and Molloy 2015; Hsu et al. 

2015) by using adapted techniques to reactive-analysis such as sequential analysis (SAN) 

and streamlining and modelling (SMO) in (Ittmann 2015) for interconnected sensors in 

manufacturing (Yin and Kaynak 2015). 

Proposed Search Strategy 

We have made every effort to provide the most comprehensive review possible by 

studying the most relevant academic literature that was peer-reviewed and published from 

2001 to 2017. For an in-depth analysis of papers using metrics and complete information 

(citations, authors, publication year), we opted to use Harzing’s Publish or Perish V.5 

(Harzing 2017), one of the most often used software programs already used in a number 

of review papers such as (Massaro, Dumay, and Garlatti 2015), (Yadav and Unni 2016), 

(Netland and Aspelund 2014), and (Kembro, J., Kostas S., and Dag 2014).  

Harzing software is usually used to retrieve and analyse academic citations through feeds 

from a variety of scholarly browsers (Crossref, Google Scholar, Microsoft Academic, 

Scopus, and Web of Science), gathering peer-reviewed papers from the most renowned 

academic databases such as Elsevier, Springer, Wiley, Emerald, Taylor & Francis, IEEE, 

Proquest, and Inderscience (Ferreira et al. 2014). The main characteristic of this software 

is its use of extractions and metrics that can be easily parameterized in a user-friendly 

mode. The extracted list of papers provide a range of metrics, such as total number of 

papers, total number of citations, average citations per paper, citations per author, papers 

per author, citations per year, Hirsch's h-index, Egghe's g-index, average annual increase 

in individual h-index, age-weighted citation rate, and many others. In addition, the results 

are available on-screen and can be saved in an assortment of output formats (i.e. CSV) 

(Harzing 2017). In addition, (Leydesdorff, Wouters, and Bornmann 2016) argued that the 

use of online fee-based bibliographic databases (e.g., Scopus) reveals some common 

problems such as non-compliance in records in these databases because of sharing of 

erroneous information. The authors noticed that citations can be misused because of 

spelling mistakes in citing authors, or because of difficulties with the homonyms (e.g., 



 

 

Sharma, Zhang). These problems may be handled using standalone software, such as 

Harzing (Harzing 2017). 

Based the aforementioned motivations, and in order to get dynamic, collaborative, and 

wealthy tool of review, Harzing seemed to be the best option. 

Literature review approaches are improving expressively from narrative methods to well-

structured and systematic approaches (Thomé, Scavarda, and Scavarda 2016). Structured 

reviews contrast in analysing literature by more strong and rigorous processes by 

following step-wise structure, and providing an examination of all the papers research 

contents. Studies in systematic and well-structured approaches are reinforced by scientific 

methods, techniques, and empirical figures (Jasti and Kodali, R. 2015).  

In this paper, we provide a step-by-step approach to conduct a well-structured review 

approach to afford a wide-ranging overview of BDA-SCM research evolution as 

illustrated in Figure 2; these are detailed in the next sub-section.  

 

 

Figure 2. Step-wise chart of the proposed review strategy (simplified chart) 



 

 

Raw Extraction Stage 

To get a broader base of literature, we conducted the search from 2001 to December 2017 

using the Harzing request itemized in Table 4. Our raw results included a total of 805 

papers and used CSV format (one row per paper with multiple columns such as cites, 

authors, title, year, source, publisher, URL, countries). 

Table 4. The query of research in Harzing (Harzing 2017) 

Query Parameters Field value 

Query Date 2018-02-20 
Maximum number 1000 
Any of the words {Big Data Analytics, Supply Chain, Management, Value} 
Since year 2001 
Publisher All 
Location  Title, abstract, key words  

 

The following sub-sections provide the rationale for our keyword selections and the 

insertion and elimination criteria used in the search query shown in Table 4. The last sub-

section situates the raw results of our search within other relevant review works.  

Keywords Selection 

In review studies, authors use different keywords as preliminary filters depending on the 

scope of the study they perform. For instance, authors in (Lamba and Singh 2017) used 

the set {‘big data’, ‘supply chain’, ‘supply chain management’, ‘operations and supply 

chain management’, ‘demand forecasting’, ‘strategic sourcing’, ‘supplier selection’} to 

collect articles more explicitly related to the pattern of SCM operations, namely, 

manufacturing, procurement, and logistics. Likewise, authors in (Nguyen et al. 2017) 

classified keywords into two groups: (a) group 1, with words related to BDA {'Big Data', 

'data analytics'; 'data mining'; 'machine learning'; 'descriptive analytics', 'predictive 

analytics', 'prescriptive analytics'}, and (b) group 2, with words related to SCM { 'supply 

chain', 'purchasing', 'procurement', 'manufacturing', 'inventory', 'storage assignment', 

'order picking', 'logistics', 'transport'}. However, for the purpose of our review, the 

infiltration of Big Data in key domains of SCM is more generic; our aim is to collect a 

wider range of the most relevant papers that consider BDA in SCM by integrating 

multiple facets in an all-inclusive reading and not only specific operations or analytic 

approaches. Therefore, we retained only the most generic and significant key words {'big 

data analytics', 'supply chain', 'management', 'value'} found in the title, abstract, or 

keywords of papers.  



 

 

Review Scope 

To obtain an idea of the scope of other literature studies, in Figure 3, we synthetized the 

main papers that cover an overview of BDA on SCM issues and deal with similar studies, 

then we positioned our contribution within those reviews. As seen in the spider-web chart 

in Figure 3, our search strategy does not sort the largest number of papers as in (Nguyen 

et al. 2017), which included 1,565 peer-reviewed documents, but includes more than 

many other studies, such as (O’Donovan et al., "An industrial big data," 2015) with 616 

papers and (Chong et al. 2015) with 266. First, we have fewer papers than (Nguyen et al. 

2017) because Harzing queries are limited to 1,000 papers; further, the authors in this 

paper used a large spectra of keywords including 'data mining', which certainly resulted 

in more papers. In addition, those authors explained that their initial search found many 

duplicated rows and after cleansing, the number was reduced to 598. The particular 

timeline selected for our review (2001 to 2017) covered the 16 years since the first 

academic paper that included the keyword ‘big data’ we found and was published in the 

International Journal of Innovations in Engineering and Technology (Sahu, Jena, and 

Satapathy 2001). Compared with other review papers, no study began before this year, 

although the concept of BDA has appeared in the SCM field as conceptual studies since 

2013 (Waller and Fawcett 2013), the first significant BDA research contributions in SCM 

started in 2014 (Hazen et al. 2014; Schlegel 2014; Milliken 2014). 

 

Figure 3. Distribution of review papers in the area of BDA-SCM 



 

 

Cleansing and Preparation Stage 

Step 1: Distribution of Raw Collection by Type. After analytically reading the abstract, 

introduction, and discussion sections of each of the 805 papers, the following rule was 

applied: conference papers, repeated records, work reports, introductions to special 

issues, chapters, and books were excluded. We kept only journal papers to retain the 

highest quality publications in our study. This resulted in 698 papers with a retention rate 

of 87% (Table 5). 

Table 5. Distribution of raw collection of papers by types 

Types of papers Number 

# % 
Books 8 1% 
Chapters 12 1% 
Conferences  55 7% 
Reports 30 4% 
Introduction to special issues 2 ~0% 
Journals 698 87% 

Total 805 
 

Step 2: Distribution of Journal Papers by Topic. Based on the journal papers selected in 

the previous step (698), we conducted a quick analysis based on the core text of each 

publication, and then separated the papers into those related to BDA and those not related 

to BDA but that dealt with an analytic approach. This step identified 553 (79%) non-BDA 

papers to be reviewed later and 93 (13%) BDA papers to be classified in the next step. 

The remaining 52 (7%) papers were not related to an SCM topic, but to close topics such 

as organization of enterprises, macro-economics, and globalization. Table 6 presents the 

results of this macro-classification.  

Table 6. Distribution of selected journal papers by topics 

Topics in papers Number 

# % 

non-BDA 553 79% 
non-SCM 52 7% 
SCM -BDA 93 13% 
Total 698   

 

The subset of papers related to SCM-BDA (93, 13%) constitutes the core material for the 

deep analysis presented in section 4. The other subset of non-BDA journal papers (553, 

79%) are not systematically related to BDA; they reflect analytics approaches that are not 

applied in the Big Data context. Some of them are based on statistical methods such as 

the analytic hierarchy process (AHP) model (Ramanathan 2013; Shukla, Garg, and 



 

 

Agarwal 2014), the Delphi method (Wamba and Ngai 2015), and the data envelopment 

analysis (DEA) method (Wu and Olson 2010; Mitra Debnath and Shankar 2008; Edy 

Halim 2010). Others are aligned with artificial intelligence (AI) such as knowledge 

management approaches (KMA) (Biotto, De Toni, and Nonino 2012; Liao, Chen, and 

Wu 2008; Stefanou, Sarmaniotis, and Stafyla 2003; Eng 2004), and business intelligence 

(BI) (Sangari and Razmi 2015; Banerjee and Mishra 2017), or focused on analysis of data 

from sensors (Wamba et al. 2016), and many other techniques.   

To continue our investigation and understand the evolution of research efforts, we 

categorized all of the second subset (non-BDA papers) into two sub-parts. This was a 

time-consuming analysis; to perform well we worked in parallel in two teams, with two 

authors per team and sub-part. The first sub-part includes all journal papers that dealt with 

analytics outside the Big Data context with an orientation towards information systems 

(IS) research, such as decision-making models (DMM) (Chan et al. 2006; Işıklar, 

Alptekin, and Büyüközkan 2007), data sensors analysis (DSA) (Angeles 2009), predictive 

and inductive models (PM) (Koh and Gunasekaran 2006; Sydow et al. 2001; Campbell 

and Sankaran 2005), artificial intelligence approaches (Lau et al. 2002; Nagarajan and 

Sošić 2008; Cheng and Chen 2009; Kuo, Wang, and Tien, 2010; Collins, Ketter, and 

Sadeh 2010; Kumar and Mishra 2011), forecasting methods (Nikolopoulos et al. 2003), 

flexible and dynamic models (Gosain, Malhotra, and El Sawy 2004; Martínez Sánchez 

and Pérez Pérez 2005), analytic frameworks (Ravi, Shankar, and Tiwari 2008; Ku, Chang, 

and Ho 2010), and so forth. Table A1 and the pie chart in Figure A1 in Appendix A 

provide the sub-categories and distribution of non-BDA approaches categorized as IS. 

The second sub-part comprises papers that focus on SCM advanced approaches dealing 

with analytics such as BPM integrating analytics (Castellanos et al. 2004), CRM 

integrating analytics (Xu et al. 2002; Kellen 2002; Heikkilä 2002; Tan, Yen, and Fang 

2002; Nemati, Barko, and Moosa 2003; Yong Ahn, Ki Kim, and Soo Han 2003; Chen 

and Popovich 2003; Rigby and Ledingham 2004), collaborative analytic models 

(Simatupang and Sridharan 2005; Periatt, Chakrabarty, and Lemay 2007), quality 

management approaches (QMA) in (Kuei, Madu, and Lin 2008), customer behaviour 

analysis (Niraj, Gupta, and Narasimhan 2001; Korpela, Lehmusvaara, and Tuominen 

2001; Chellappa and Pavlou 2002; Wicks and Chin 2008; Bielski 2008), integrative 

information frameworks (Vickery et al. 2003; Payne and Frow 2005; Jayachandran et al. 

2005), customer predictive models (Zhao, Dröge, and Stank 2001), advanced 

manufacturing models (Lau 2011), market analysis tools  (Kibbeling, Van Der Bij, and 



 

 

Van Weele 2013), and others. All sub-categories identified are listed in Table B1 and 

their distribution is shown in the pie chart in Figure B1 in Appendix B). 

Furthermore, we created nomenclature grids by levels (with matching points) for each 

sub-part as illustrated in Figures A2 and B2. The analysis and discussion of these grids is 

beyond the scope of this paper, but will be analysed in a future work.  

Step 3: Distribution of BDA-SCM Journal Papers by Approach. In this step, we continued 

cleansing the dataset consisting of the 93 SCM-BDA papers. All literature review papers, 

a total of 10 (11%), were dropped, leaving a final sample for review of 83 papers (89%) 

mainly published between 2014 and 2017 and distributed as following: 31 papers (33%) 

in conceptual and theoretical studies, 7 papers (8%) as surveys and practical data analysis 

works, and 45 research approaches papers (48%). This distribution shows a minor ratio 

of surveys and practical data analysis and that is probably due to the fact that 

implementation of BDA-based solutions is still in its early stages in SCM (Table 7). 

Table 7. Distribution of selected BDA-SCM papers by approaches 

Year 

  

Conceptual / 
Theoretical 

Research 
Approach 

Survey / Data 
analysis 

Literature 
Review 

Total 

# % # % # % # % # % 

2011 1 3% 0 0% 0 0% 0 0% 1 1% 

2012 0 0% 0 0% 0 0% 0 0% 0 0% 

2013 0 0% 0 0% 0 0% 0 0% 0 0% 

2014 11 35% 4 9% 2 29% 0 0% 17 18% 

2015 8 26% 17 38% 3 43% 4 40% 32 34% 

2016 10 32% 7 16% 2 29% 3 30% 22 24% 

2017 1 3% 17 38% 0 0% 3 30% 21 23% 

Total 31 33% 45 48% 7 8% 10 11% 93 
 

 

Analysis and Findings Stage 

The previous stage narrowed the list of full-length peer-reviewed journal papers to 83 

(89%) that deal with the use of analytics and Big Data. The current stage focuses on a 

meticulous examination of those papers by conceptualizing the taxonomy framework 

established in previous sections.  

Figure 4 summarizes the steps of the search process used to select papers for review, 

including figures and rates.  



 

 

 

Figure 4. Step-wise chart of the proposed review strategy with figures 
 

Analysis and Findings 

This section outlines the outcomes of the analysis performed on the 83 selected peer-

reviewed journal papers, applying the set of questions in Table 1. Using the sorted list 

from the previous step, we reviewed each paper and generated a matrix that matches 

information with respect to the BDA methods taxonomy and SCOR processes. The 

following sub-sections discuss our relevant findings and empirical results.  

Distribution of Selected Papers 

To guarantee a comprehensive presentation and categorization of each paper, we began 

by classifying the articles by journals in Table 8.  

 



 

 

Table 8. Distribution of the selected papers by journals and citations 

Journals Abr. Pub. per journal  Cit. per journal Reference                         Citations**                                                                           
 # % # %   

IJ of Production Economics IJPE 7 8.43% 850 17.34% (Dutta and Bose 2015) 67 
 (Tan, et al. 2015) 155 

 (Chong et al. 2015) 71 
 (Hsu et al. 2015) 35 
 (Chae, " Insights from 

hashtag", 2015) 
166 

 (Zhao et al. 2017) 39 

 (Hazen et al. 2014) 317 

IJ of Production Research IJPR 5 6.02% 179 3.65% (Pan et al. 2017) 20 

 (Lee et al. 2015) 11 

 (Ji-fan Ren et al. 2017) 37 

 (Hofmann 2017) 47 
 (Zhong et al., "Big Data 

Analytics," 2015) 
64 

IJ of Advanced 

Manufacturing Technology 

IJA
MT 

5 6.02% 438 8.93% (Li, Song, and Huang 
2016) 

30 

 (Zhong et al. 2016) 72 

 (Dubey et al. 
2016) 

99 

 (Li et al. 2015) 204 

 (Xu 2017) 33 

Production Planning & 

Control 

PPC 4 4.82% 49 1.00% (Shukla and Tiwari 
2017) 

3 

 (Lamba and Singh 2017) 20 

 (Chavez et al. 2017) 5 

 (Wamba and Ngai 2015) 21 

Journal of Cleaner 

Production 

JCP 3 3.61% 182 3.71% (Zhao et al. 2017) 55 

 (Papadopoulos et al. 
2017) 

79 

 (Wu et al., "Toward 
sustainability," 2017) 

48 

Procedia CIRP CIRP 3 3.61% 655 13.36% (Lee et al. 2015) 97 

 (Gölzer et al. 2015) 13 

 (Lee, Kao, and Yang 
2014) 

545 

Journal of Business 

Research 

JBR 3 3,61% 309 6.30% (Côrte-Real, Oliveira, 
and Ruivo 2017) 

63 

     (Gunasekaran et al. 
2017) 

88 

     (Wamba et al. 2017) 158 

Journal of Business 

Forecasting 

JBF 2 2.41% 27 0.55% (Milliken 2014) 10 

 (Schlegel 2014) 17 

Annals of Operations 

Research 

AOR 2 2.41% 111 2.26% (Hazen et al. 2016) 39 

 (Song et al. 2016) 72 

Decision Support Systems DSS 2 2.41% 92 1.88% (Chae et al. 2014) 58 

 (Chae 2014) 34 

Journal of Big Data JBD 2 2.41% 83 1.69% (Bughin 2016) 52 

 (O’Donovan et al., "Big 
data in manufacturing," 
2015) 

31 



 

 

Industrial Management & 

Data Systems 

IMD
S 

2 2.41% 48 0.98% (Cheng, Zhang, and Qin 
2016) 

22 

 (Bärenfänger, Otto, and 
Österle 2014) 

26 

Journal of Business 

Logistics 

JBL 2 2.41% 152 3.10% (Bendoly 2016) 28 
 (Schoenherr and Speier 

Pero 2015) 
124 

IJ of Information 

Management 

IJIM 2 2.41% 151 3.08% (Larson and Chang 
2016) 

94 

 (Rehman et al. 2016) 57 
Journal of Management 

Analytics 

JMA 2 2.41% 119 2.43% (Duan and Xiong 2015) 55 

 (Bi and Cochran 2014) 64 

J of Manufacturing Systems JMS 2 2.41% 50 1.02% (Wu et al., "A fog 
computing," 2017) 

32 

 (Ji and Wang 2017) 18 

MIS quarterly MIS 2 2.41% 125 2.55% (Martin 2015) 88 

 (Ketter et al. 2015) 37 

MIT Sloan Management 

Review 

MIT 2 2.41% 78 1.59% (Winnig 2016) 24 

 (Ransbotham, Kiron, and 
Prentice 2016) 

54 

IJ of Operations & 

Production Management 

IJOP
M 

1 1.20% 59 1.20% (Kache and Seuring 
2015) 

59 

Accounting and Business 

Research 

ABR 1 1.20% 76 1.55% (Bhimani and Willcocks 
2014) 

76 

Accounting Horizons AH 1 1.20% 60 1.22% (Alles 2015) 60 

British journal of anesthesia BJA 1 1.20% 37 0.75% (Simpao, Ahumada, and 
Rehman 2015) 

37 

Business & Information 

Systems Engineering 

BISE 1 1.20% 33 0.67% (Baars et al. 2014) 33 

California Management 

Review 

CAM
R 

1 1.20% 47 0.96% (Sanders 2016) 47 

Communications of the 

Association for Information 

Systems 

CAIS 1 1.20% 50 1.02% (Vom Brocke et al. 
2014) 

50 

Computers & Chemical 

Engineering 

CCE 1 1.20% 265 5.40% (Davis et al. 2012) 265 

Computers & Industrial 

Engineering 

CIE 1 1.20% 31 0.63% (Wang 2015) 31 

Contemporary Management 

Research 

CMR 1 1.20% 6 0.12% (Weng and Lin 2014) 6 

Expert Systems With 

Applications 

ESW
A 

1 1.20% 18 0.37% (Aqlan 2016) 18 

IBM Journal of Research 

and Development 

IBMJ 1 1.20% 7 0.14% (Yesudas, Menon, and 
Ramamurthy 2014) 

7 

IEEE Transactions on 

Engineering Management 

IEEE
T 

1 1.20% 48 0.98% (Cao, Duan, and Li 
2015) 

48 

IJ of Cloud Computing IJCC 1 1.20% 2 0.04% (Liu, Pacitti, and 
Valduriez 2017) 

2 

IJ of information systems 

and project management 

IJISP
M 

1 1.20% 15 0.31% (Vera-Baquero et al. 
2015) 

15 

IT Professional ITP 1 1.20% 9 0.18% (Chae, "Big data and 
IT", 2015) 

9 

J. of Decision Systems JDS 1 1.20% 40 0.82% (Phillips-Wren and 
Hoskisson 2015) 

40 

J. of Engineering 

Manufacture 

JEM 1 1.20% 28 0.57% (Ding et al. 2016) 28 

J. of Enterprise Information 

Management 

JEIM 1 1.20% 28 0.57% (Giannakis and Louis 
2016) 

28 

J. of Industrial Ecology JIE 1 1.20% 17 0.35% (Xu, Cai, and Liang 
2015) 

17 

Journal of Manufacturing 

Science and Engineering 

JMS
E 

1 1.20% 32 0.65% (Liu and Xu 2017) 32 



 

 

Journal of Marketing JM 1 1.20% 107 2.18% (Wedel and Kannan 
2016) 

107 

J of Organizational 

Computing and Electronic 

Commerce 

JOC
EC 

1 1.20% 20 0.41% (Janssen and Kuk 2016) 20 

Journal of Transport and 

Supply Chain Management 

JTSC
M 

1 1.20% 21 0.43% (Ittmann 2015) 21 

Organization & 

Environment 

OE 1 1.20% 18 0.37% (Etzion and Aragon-
Correa 2016) 

18 

PloS one PLO
S 

1 1.20% 16 0.33% (Chang, Mishra, and Lin 
2015) 

16 

Procedia Computer Science PCS 1 1.20% 6 0.12% (Vera-Baquero, Colomo-
Palacios, and Molloy 
2015) 

6 

Procedia Technology PT 1 1.20% 26 0.53% (Vera-Baquero, Colomo-
Palacios, and Molloy 
2014) 

26 

Telematics and Informatics TI 1 1.20% 31 0.63% (Vera-Baquero, Colomo-
Palacios, and Molloy 
2016) 

31 

International Small Business 

Journal 

ISBJ 1 1.20% 23 0.47% (Donnelly et al. 2015) 23 

The Scientific World Journal SWJ 1 1.20% 29 0.59% (Stefanovic 2014) 29 

** Citations up to date as of 31/10/2018 
 

To avoid excluding high impact papers from the literature, we opted to integrate citation 

count, a specific bibliometric key indicator. The argument is that the number of citations 

indicates the amount of impact a paper has; in other words, a higher number of citations 

indicates greater impact (Milojević, Radicchi, and Bar-Ilan 2017). In addition, 

bibliometric analytics consider citation counts, confirming that the scientific quality 

factor is directly relied to this key bibliometric measurement (White 2018). Figure 5 

shows that the rank order of journals is not the same as comparing a simple arithmetic 

summation of papers and number of citations. For example, the International Journal of 

Production Economics (IJPE) jumped from a rate of 8.34% for the number of publications 

to 17.34% in citation count. Another more obvious example is Procedia CIRP, which 

jumped from 3.61% at the bottom of the list with 13.36% to become the second highest 

ranked journal in terms of cited papers. 



 

 

 

Figure 5. Number of publications and citations per journals (abbreviations in Table 8) 
 

Matching Matrix 

In the first step of the analysis, we depicted BDA methods, sub-methods, and techniques 

following our taxonomy in one grid called the 'matching matrix'. In addition to the 

recording of contributions with BDA approaches in the grid, we also recorded with regard 

to the SCOR process. To avoid mistakes in classifying approaches and contributions, a 

rigorous analysis of each paper was performed, with a double-reading process by the four 

authors over three months. The outcome matrix is shown in Table 9. 



 

 

Table 9. The proposed SCOR-BDA matching matrix from the literature review 
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(Vera-Baquero, Colomo-Palacios, and Molloy 2015)    �   �         �   �    �  

(O’Donovan et al., "Big data in manufacturing," 
2015) 

      �         �   �  �    

(Cao, Duan, and Li 2015)    �             �  �   �   

(Zhang et al. 2015)    �   � �        �     �    

(Ittmann 2015)  �  �     �             �   

(Hazen et al. 2014)    �       �           �   

(Vom Brocke et al. 2014)    �  1     �        �     � 
(Bi and Cochran 2014)  �       � �           �    

(Milliken 2014)    �    �               �  
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** Abbreviations in Figure 1 

 

 



 

 

Our BDA-SCM matrix is flexible and dynamic and can be extended to integrate new 

publications or updated lists of publications that have an impact when updating the trends 

and figures below in dynamic mode. 

Overview of SCOR-BDA Publications 

To depict the evolution of publications in each SCOR process, we use a bar chart in Figure 

6 to summarize the total number of publications per year. The evolution of publications 

per process is also illustrated in Figure 7 using detailed curves. This analysis tries to 

answer both research questions RQ1 ("What are SCM processes/activities that are 

addressed with BDA and with which analytic method?") and RQ 2 ("Are the BDA 

methods being used following the same tendencies on the different SCM processes?") of 

Table 1. 



 

 

 

 

Figure 6. Yearly evolution of publications in SCOR processes in cumulated bars chart 

 

Figure 7. Yearly evolution of publications in SCOR processes in separated curves charts 



 

 

To complete Figure 6, Figure 7 illustrates the exponential increase in the number of 

contributions for SCOR processes from a global perspective with an exponential variation 

of y = +0. 0545e0.514 (R²=~0.566). Furthermore, few works were published in early 2014 

(11%), but more than doubled by the end of 2015 (~27%). The rate of increase in 2016 

was approximately the same as 2015 (28%). However, since early 2017, the rate of 

publication growth continued its rise, reaching 34%. This increasing trend proves that 

BDA tools have emerged as one of the fastest growing fields in SCM in recent years.  

On the other hand, as seen by the growth trends of publications by process in Figure 7, 

there is unequal growth among processes. Plan, return, and source activities research 

accumulated at an increasing pace over the four years, while growth for studies on the 

deliver and make activities slowed down and then decreased. To better understand the 

causes and effects of these disparate trends, we broke down the total by processes for a 

detailed examination in the next sub-section. 

Detailed View of SCOR-BDA Publications 

Panoramic View of All SCOR Processes. In this empirical analysis we try to complete the 

second part of answer to the research question RQ 2 ("Are the BDA methods being used 

following the same tendencies on the different SCM processes?") and RQ 3 ("How the 

BDA methods/sub-methods and techniques are applied in the SC processes?") of Table 

1.  Figure 8 ranks the number of contributions related to SCOR processes based on the 

variation in yearly counts. 



 

 

 

Figure 8. Disparities of using BDA in SCOR processes 



 

 

As shown in Figure 8, all SCOR processes have adopted BDA, however at mixed paces. 

The evolution rates are sorted by processes in the following consecutive order of 

exponential variation. In the first position, plan activities showed an increasing variation 

of (+0.0855ln(x) + 0.063). The deliver process holds the second position with a 

decreasing variation of (-0.367ln(x) + 0.2767). In third, the return process followed an 

increasing trend at (+0.0337e0.3466x). The source process is ranked in fourth position 

with a negative variation of (y = -0.146ln(x) + 0.1663), while the last position is held by 

the making process with a decreasing variation of (y = -0.34ln(x) + 0.1659).  

Relief View by SCOR Processes. As observed from trends synthetized in the last section, 

research works do not have the same level of intensity in using BDA to deal with issues 

in the SCM field. For a deeper analysis, we magnify this hypothesis by retracing the 

ranked SCOR processes in terms of disparity in intensity as illustrated by the graph in 

Figure 9.  

 

Figure 9. Classification of intensity of publications of using BDA in SCOR processes 
 

In the following sub-section, the analysis focuses on each process with reasoning and 

hypotheses.  

• 1st position- Plan Process. Based on our results, the area of highest interest among 

BDA-SCM research publications is the plan process (about 31%). This may be 

because the early use of BDA by SC managers was for tactical and strategic 

decision making seeking for more accurate information to adjust their planning. 



 

 

Since the beginning, analytics helped with the ability to detect, and prioritize tasks 

and activities in planning process. In addition, because of the uncertain nature of 

future task scheduling in plan process, predictive analytics have been applied from 

the early research, such as such as (Yesudas, Menon, and Ramamurthy 2014; 

Vera-Baquero, Colomo-Palacios, and Molloy 2014; Cao, Duan, and Li 2015), and 

so forth. This tendency continued later with the introduction of BDA to face the 

fluctuating demand where prediction can be taken a step further (Schoenherr and 

Speier Pero 2015; Ji and Wang 2017). This hypothesis is confirmed through the 

graphic in Figure 10, which shows the main BDA method in the top publications 

is DDM with a ratio of 30%, while regression (20%), optimization (12%), and 

operations research (12%) techniques are the most used techniques. 

 

 

Figure 10. Distribution of using BDA methods and techniques in Plan process 
 

 

• 2nd position- Deliver Process. Based on our bibliographically selected dataset, at 

23%, the deliver process is the second most frequently addressed topic by 

academics. This may be explained by the increasing use of the IoT in logistics 

through GPS and RFID tracking (Wang et al. 2016). The ranking of second may 

be due to dependence on the evolution of the IoT technologies, which have 

increased at a slower pace than IT infrastructures (Chang, Mishra, and Lin 2015), 

and could also be the reason published work in this area has decreased since 2015, 

as noted in the previous sub-section. In the distribution graph in Figure 11, DDM 



 

 

is the most used method for GPS and RFID tracking and reporting (31%). 

Likewise, DDV methods (25%) are widely used in attempts to improve value-

added information for supply and transport concerns. The main technique used is 

regression, which is most employed in DDM with a rate of 21%. 

 

 

Figure 11. Distribution of using BDA methods and techniques in Deliver process 
 

• 3nd position- Return Process. The return process is ranked third, with an evolution 

rate of 21% of papers and following an increasing trend. According to the analysis 

of related papers (Figure 12), this position is due to the emergence of more and 

more research that applies BDA to green SCM (Zhao et al. 2017) with the 

particular concerns of ecology and cost reduction (Zhao et al. 2017), as well as 

reverse logistic management (Pan et al. 2017). DDM and DDV are the most used 

analytic approaches in this activity at 32% and 26%, respectively. Operations 

research (OR) is the top used technique in this process with 17% of publications.  



 

 

Figure 12. Distribution of using BDA methods and techniques in Return process 

 

• 4h position: Source Process. BDA are less frequently used in the source process, 

with a modest rate of 14%. This can be explained by the moderate need to advance 

value-added information for suppliers, sourcing, and procurement (Wang 2015). 

This substantiates that SC models in those publications are pulled downstream 

(customer demand) rather than upstream (suppliers). According to Figure 13, the 

most employed method is DDM (33%), indicating the use of decision making and 

proofs of assumptions. Two main techniques are used: regression (17%) and 

operations research (13%). 

 

Figure 13. Distribution of using BDA methods and techniques in Source process 
 

 



 

 

• 5th position: Make Process. In last position are research studies that use BDA in 

the make process (Figure 14). Based on related publications, this could be caused 

by the complexity and nature of topics related to this process with regard to 

massive data. By their nature, manufacturing activities are the activities most 

controlled by managers and that use analytics such as the IoT (Zhong et al., "Big 

Data Analytics," 2015; O’Donovan et al., "Big data in manufacturing," 2015). 

DDM is the main method used (64%) in this process because of multiple studies 

on improving management in plants and manufacturing by using streaming and 

modelling as the most used techniques in research with a ratio of 27%. 

 

 

Figure 14. Distribution of using BDA methods and techniques in Source process 
 

Discussion, Implications, and Limitations  

This research uses peer-reviewed academic works to investigate how different activities 

in SCM have adopted BDA. Further, we depicted and combined figures and readings of 

several views based on SCOR processes. The following are some key findings from the 

current results.  

Key Findings 

The investigation of trends in the last separate views of findings highlights the following 

key outcomes that may answer our research question RQ 4 ("What are the main 

research gaps regarding the using of BDA in SCM?") in Table 1.   

• BDA are applied to SC activities in different ways and at different paces because 

of the nature of these activities. It seems natural to use analytics in the plan 



 

 

process; since it is based on forecasting, which makes it the most inaccurate 

activity, unconventional techniques are required to obtain accurate results. In 

contrast, analytics are less relevant in the make process, because it is better 

established and more stable. 

• The more internally focused activities are within the SC (manufacturing), the less 

BDA are used. This means academics need to obtain business data from the 

borders of enterprises where there are external contact points, such as in the 

deliver, return, source, and plan processes. The make process is the most internally 

focused process, thus it is less examined with advanced BDA techniques. 

• There is a lack of collaboration among stakeholders in the task of extracting 

business data through BDA. This can be explained by the fact that these 

enterprises compete to extract as much business value from data that are supposed 

to be open and shared, but unfortunately, each one acts individually. From our 

point of view, this will be risky in the future because of the complex and 

overstated nature of BDA infrastructures. New and intricate problems may appear 

in SC management if there is no collaboration in BDA value-added. This point is 

very significant, as it highlights the need for collaborative Big Data analytics to 

be intelligently exploited in SCM. 

Limitations and Challenges 

In spite of this study’s important insights, there are some limitations. First, since use of 

BDA in SCM is still in the early stages, there might be different opinions among firms 

about BDA’s business value for SCM. This might result in mixed interpretations, which 

could affect the consistency and logic of this study. Second, we built the dataset using a 

very restricted number of peer-reviewed papers (< 1,000), most of which were published 

in IT-oriented journals. This could be criticized because, to some degree, the empirical 

figures from the results cannot represent reality. Third, we acquired the data through a 

one-shot extraction, leading to the potential for some bias. Fourth, Harzing’s Publish or 

Perish® search tool is itself limited to only 1,000 extracted papers and cannot associate 

search engines. Upcoming research can avoid these limitations by performing a 

longitudinal study to distinguish how application of BDA methods in SCM is evolving 

over time.  

Another important concern in the Big Data era is mastering analytic techniques with 

massive data challenges. When researchers do not have enough knowledge about 



 

 

complex techniques, mistaken research directions are possible. Additionally, in this 

study, we tried to depict the applicability of BDA using one macro-level of SCOR, which 

might be unsatisfactory for accurate insight. Therefore, this study should be continued to 

extend it and integrate the multiple overlapping levels of SCOR.  

Finally, we believe other hypotheses exist that may impact the adoption of BDA. Indeed, 

some SC characteristics might also have the requisite features for adoption of analytics; 

hence, in future research, we will consider other context-related factors that are more 

relevant to SCM. For example, logistics complexity and constraints might influence 

which analytic methods are applied; since the system is supposed to deal with a large 

amount of data and high volatility at the same time, it has to integrate multi-dimensional 

constraints and much more information that is produced along the logistics chain. 

Conclusion and Future Insights 

Through a process-oriented analysis, this research proposed a deep understanding of 

academic implications in determining BDA adoption in SCM. Specifically, the study 

considered the perceived interpretation, strong points, and discussion of trends in the use 

of BDA methods and techniques. This study also highlights that analytics do not follow 

a pre-determined model of application to business activities, but an argued treatment 

depending on each research approach.  

The review revealed that an organization’s most essential motivation to adopt BDA in its 

SC is the profits BDA can bring. In which way and how this new technique can be applied 

to reduce business costs, optimize activities, and improve and preserve sustainable 

competitiveness is yet to be determined. Furthermore, this structured literature review 

provides a taxonomy for BDA methods and techniques based on a matching matrix that 

uses a BDA-SCOR model. Both tools can be used by scholars and managers to 

automatically integrate the two to adjust to their needs before launching a Big Data project 

or research study. Moreover, the observed outcomes argue that future research should 

include more general BDA to continue redefining the focus of up-to-date management of 

SCs. However, as relevant literature shows, BDA must not be hastily used as a fad 

phenomenon. SC experts must inaugurate an inclusive schema to pinpoint the use of 

analytics, the motive for enlarging the volume of data handled, and the specific predicted 

business value of using analytics.  

The application of BDA in SC management can be significantly improved in at least three 

aspects: (1) more attention to BDA is required in the make (manufacturing) and source 



 

 

(procurement) SCOR processes. (2) All SC actors should collaborate to set up a viable 

and flawless deployment of BDA. This can ensure an accurate evaluation of massive data 

and may decrease the huge underlying costs of BDA infrastructures, in addition to 

providing timely and accurate information. (3) Before the data processing step in 

analytics, the accumulated data should be jointly prepared, grouped, and synthesized by 

all SC actors. Rather than individually amassing and processing data with costly 

investments, managers should build and link their efforts to create a coherent picture of 

valuable data across the entire chain. This important recommendation encourages 

collaborative co-working by stakeholders for more intelligent use of Big Data and 

analytics. 
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Appendices 

Appendix A: Classification of non-BDA papers related to sub-part 1 (IS)  

Table A1. Categorization of non-BDA papers according to sub-part 1 (IS) 

Research orientation Category Sub-category 

Information systems (IS) Analytic Data analysis (DA) 

  Artificial intelligence (AI) 

  Decision-making models (DMM) 

  Knowledge management (KM) 

 Data collection Data sensors (DS) 

 Infrastructure Cloud computing (CC) 

 Management Information sharing (ISH) 

 

 

Figure A1. Distribution of non-BDA papers from the literature review (Sub-part 1 - IS) 
 



 

 

 

Figure A2. Nomenclature grid of AI sub-category in non-BDA publications (14%) (Example in sub-part 1 - IS) 



 

 

Appendix B: Classification of non-BDA papers related to sub-part 2 (SCM)  

Table B1. Categorization of non-BDA papers according to sub-part 2 (SCM) 

Research orientation Category Sub-category 

Supply Chain Management (SCM) Management Business process management (BPM) 

  Theory of constraints (TOC) 

  Total quality management (TGM) 
 

 Business value creation (BVC) 

  Customer relationship management (CRM) 

  Dynamic management approaches (DMA) 

  Operational management (OM) 

  Quality management approach (QMA) 

  Supplier relationship management (SRM) 

 Modelling Agile models (AM) 

  Collaborative models (CM) 

  Processes modelling (PM) 

  Responsive models (RM) 

 Optimization Optimization approach (OA) 

  Processes analysis (PA) 

  Processes optimization (PO) 

 

 

 
Figure B1. Distribution of non-BDA approaches of sorted papers (Sub-part 2 – SCM) 



 

 

 

Figure B2. Nomenclature grid of CRM sub-category in non-BDA publications (8%) (Example in sub-part 2 - SCM) 


