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Abstract

This chapter overviews emerging applications of big data analytics in supply chain management. The
academic attention on big data applications and their practitioner uptake is growing. Many recent papers
showcase descriptive, predictive, and prescriptive analytics applications where multiple benefits emerge
from applying big data analytics to managerial problems. Such benefits include cost reduction, increases
in revenues and profits, and minimization of the environmental impact of operations. Current concerns
include the transition from traditional to digital supply chains and what can realistically be achieved over
the next two decades. While we evidence excellent applications of big data analytics for supply chain
planning and management problems, the issue of working in siloes persists. For an organization to fully
exploit big data applications, data should be perceived as an asset. When deploying novel artificial
intelligence algorithms, the explainability of these algorithms should be at the forefront of an
implementation strategy. Future research directions should be aimed at devising a connected and
coordinated analytics approach that will enable the benefits of big data applications to go beyond what is
currently realized.

Keywords Data capture, Descriptive Analytics, Predictive Analytics, Prescriptive Analytics, Logistics,
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Introduction

Together with the fourth industrial revolution, big data and analytics have entered our everyday
conversations with great potential to improve how we run our operations in terms of costs, environmental
impact, and social implications. One of the contributing factors to big data being the conversation topic
from marketing to supply chain is the digitalization of our supply chains, relocation of our enterprise data
to cloud servers, so they are accurate and accessible real-time, and an astonishing increase of connected
devices, mobiles, and wearables as well as sensors deployed on physical networks. All these developments
are exciting for supply chain planning and operation purposes. This chapter aims to outline existing and
future applications of big data and analytics.

IBM defines big data as “data sets whose size or type is beyond the ability of traditional relational
databases to capture, manage, and process the data with low-latency” (https://www.ibm.com/uk-
en/analytics/hadoop/big-data-analytics). Big data are digitally and passively produced, automatically

collected, geographically and temporally traceable, and available in real-time or almost real-time. Sensors,
connected devices, social media posts, and mobile apps make supply chain management a relevant
testbed for big data tools and applications.
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Big data are typically characterized by 5Vs: volume, velocity, variety, variability/veracity, and value.
Volume refers to the size of the data sets. Velocity represents the speed of data generation. Variety
indicates the diversity of data. Variability/Veracity is concerned with the value or the meaning of a variable
depending on the context. Value, which has recently started to be explicitly mentioned, highlights the
benefits that could be achieved from using big data to address a strategic, tactical, or operational decision
problem. Since handling big data requires hardware, software, and users with data science skills,
applications should generate a value higher than the costs of collecting and analyzing data.

With the advent of computers in the 1960s, data were stored without structure, and many efforts were
needed to create value from them. Relational databases that followed structured the data, making it
easier to organize and elicit value. As the volume of structured data grew faster than the computing
power, data warehouses and data marts came into place to manage the data and generate insights.
Everything has changed with the Internet, as the volume of unstructured data started to grow
exponentially, and data format was no longer limited to data tables. In addition to the web content, data
started to flow from connected devices, sensors, cameras, GPS transceivers, leading to only a tiny amount
of data collected being purposefully analyzed. With the costs of collecting, storing, processing, and
analyzing data decreasing, distributed and cloud computing allowed massive amounts of data to be
analyzed almost in real-time.

Popularity of Big Data and Supply Chain

Figure 1 shows a Google Trend chart comparing the terms “big data” and “supply chain” from the
beginning of 2004 onwards. While the “supply chain” term was at its highest popularity in 2004, the “big
data” did not appear in searches on a regular basis until after the end of 2010. The significant growth in
the interest in “big data” is visible until the end of 2016 and stable until the beginning of the pandemic in
March 2020. While there is a slowing of searches on big data from March 2020 onwards, the growth in
supply chain searches continues to date.

The growth in big data applications can be attributed to the growth of data collected by the companies
through the Internet (e.g., web searches, social media, electronic documents), mobile phones, wearable
devices, and the Internet of Things (sensors). With the disruptions caused by the COVID-19 Pandemic, the
US-China Trade War, and Brexit, many companies are already investing or expected to invest soon in
digital tracking of data along the supply chain using sensors and other connected devices, analyzing supply
chain interdependencies, and developing contingency plans.
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Figure 1 Comparison of “big data” and “supply chain” terms on Google Trends
(https://trends.qgoogle.com/) date: Jan 2022

According to Research and Markets (2022), the big data market size is projected to grow from USD 162.6
billion in 2021 to USD 273.4 billion in 2026. This growth corresponds to a compound annual growth rate
(CAGR) of 11.0%. Big data is perceived to have the potential to improve many supply chain operations
such as order picking and stock-taking. Operational efficiency and revenue growth are expected to rely
heavily on data-driven decisions at strategic, tactical, and operational levels. Many of the big data
solutions providers are located in the Asia Pacific with expertise in India, China, and Japan.

Cloud platforms such as Microsoft Azure, Amazon Web Services, and Snowflake are the go-to platforms
for storing data for many organizations. New terms such as “data fabric” and “data mesh” represent
emerging architectures that access, manage, and integrate data across multiple platforms and
technologies. While in traditional supply chains information flows in a linear fashion and is usually
shared by the two sides (originator and receiver), the idea behind data fabric is to connect all entities in
the supply chain so questions such as “who are the suppliers and the raw materials they provide for the
finished good X?” can be queried within seconds (Megarbane, 2020).

Innovation Potential

Anyone studying supply chain management or conducting research in supply chain management cannot
ignore the increasing relevance and significance of big data applications to innovation. Figure 2 shows the
linear growth in patents issued with big data and supply chain focus, with an additional 200 patents every
year over the past years. The topics of these patents include logistics storage bin allocation based on big
data, intelligent information management systems for logistics transportation data, supply chain big data
service systems, and computer architectures for big data calculations, to name a few. Many of the patents
are focusing on big data acquisition and increasing visibility of product flows across the supply chain, which
then lends itself to higher-level analytical approaches such as prediction and optimization.
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Figure 2 Patents published with big data and supply chain keywords over the past five years (data
source: European Patent Office)

The United States has one of the most innovative economies in the world, with innovations emerging
from US-based companies affecting people’s lives globally. Since 2018, Innovation Roundtables have been
held by the Bureau of Economic and Business Affairs with the US private sector to explore challenges and
opportunities emerging in the information and communication technology sector. Among these
roundtables, the Internet of Things is perceived as an increasingly high-profile area of technological
development with software, devices, and operating systems. Similarly, Cloud Computing is recognized as
the enabler of many services and technologies. The US Department of State is working on creating policy
environments and regulatory frameworks that support the adoption of blockchain and distributed ledger
technologies in manufacturing supply chains (US Department of State, 2022).

Digital transformation is at the heart of the European Union’s research and innovation strategy, which
strives to move the society towards a sustainable and prosperous future faster and in a way that is
respecting European values (European Union, 2022). In the Strategic Plan for 2020-2024, making Europe
fit for the digital age is recognized as one of the seven specific research and innovation objectives. Ethical
use of artificial intelligence is highlighted along with data governance. Data-driven manufacturing of tailor-
made products and the delivery of personalized services emphasize the need for big data applications in
supply chains.

The UK government has the vision to make the UK a global hub for innovation by 2035 (UK Department
for Business, Energy, and Industrial Strategy, 2022). For this purpose, annual public investment in research
and development is set at around £22 billion. There is a strong emphasis on protecting data, research,
and intellectual property to maintain competitiveness. Specific technologies related to big data and
underlined in the national data strategy are artificial intelligence, computing, and augmented and virtual
reality. The National Cyber Security Centre provides guidance on secure innovation to startups and
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companies growing with emerging technologies. Cyber security company Darktrace is mentioned as the
most innovative cyber defense company globally. Darktrace investigates defensive and adversarial
artificial intelligence, social engineering, natural language processing, and graph theory to fight back
against ransomware that disrupts businesses.

Job Prospects

Similar observations can be made for the job market. With a naive search of “big data” terms in the query
database, thousands of jobs were identified in top job portals such as Indeed, LinkedIn, and SimplyHired
(Figure 3). The number of hits is lower but still in the order of hundreds in more UK-specific job portals
such as the Gov.UK'’s job search engine, Reed, or CV Library. The search identified jobs in the UK that have
“big data” in the title or the description. Job titles included “big data engineer”, “big data architect”, “big
data developer”, and “big data solution designer”.
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Figure 3 Jobs with “big data” skills in the UK. Author’s search on Jan 20, 2022.

According to the Masters Portal (2022), there are 385 live data science and big data masters programs in
the UK and 429 programs in the US as of February 2022. On the other hand, Germany has 56 degrees,
France has 51, and Canada has 31. Many of these programs offer online learning as an alternative.
Typical modules taught involve machine learning, neural networks and deep learning, big data
processing, data mining, and natural language processing. Electives offered highlight sustainability and
how data and models could help improve the environmental and social impacts of businesses.

Among the largest private companies in the UK, British Petrol is looking for big data engineers, data
scientists, and cyber security experts. There are tens of open positions in HSBC UK that are related to big
data expertise. Similarly, Unilever is recruiting hundreds of big data professionals globally. Typical roles
involve business insights analyst, product data scientist, consumer data scientist, tax data operations
manager, and data lake engineer. In the pharmaceuticals sector, Glaxo Smith Kline has tens of vacancies
that are broadly categorized under digital data and analytics, with a specific focus on artificial
intelligence and machine learning.
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Chapter Outline

The rest of the chapter is organized as follows. The background section provides an overview of the key
successes in supporting supply chain management with big data applications, commenting on their links
with other Industry 4.0 technologies such as the Internet of things, cloud technologies, and artificial
intelligence. The section on current concerns highlights the state-of-the-art big data applications to typical
supply chain problems strategic, tactical, and operational decision levels. The emergent concerns section
provides directions for taking big data analytics forward, exemplifying open research areas in several
domains. The managerial implications section that follows provides key deliverables expected from a big
data application, such as benchmarks against current status, alternative solutions to the proposed
solutions, and sensitivity of results to the changes in input parameters or external factors that may not
have been reflected in the application. The final section summarizes and concludes the chapter.

Background

One thing to note is the difference between “large” and “big” data: where big data implies higher
complexity of data structure and technologies to process it, in addition to the size of the data (van de
Klundert, 2016). Another case in point is the methodologies needed to process the data. It is unlikely that
the big data can be analyzed with standard statistical methods.

The growing availability of big data has facilitated the development of new software packages and inspired
new algorithms and approaches to big data analytics. R and Python are the two open-source software
that are most widely used for analytics, as well as big data analytics. While for most analytics tasks each
software performs reasonably well, R is preferred for statistical analysis and data visualization, whereas
Python is preferred for machine learning. There is growing compatibility and sharing of tools between the
two software such as Keras and TensorFlow. Keras is a library that provides a Python interface for building
artificial neural networks, whereas TensorFlow is a library specifically used for the training and inference
of deep neural networks.

A widely accepted terminology in big data applications refers to descriptive, predictive, and prescriptive
analytics Figure 4. Descriptive analytics, also diagnostic analytics, is a summary of the current situation. It
would inform what has happened in the past or the current level of performance across indicators of

IM

interest. For example, we may have a descriptive statistic of an “on time in full” performance as of 11:00
am today, for the last week, or the previous month. It may be used for diagnostic purposes, for example,
for identifying deviations from expected performance or outliers in a set of similar units of analysis. A
retailer interested in store profitability may monitor the sales performance of each store and identify
those that are significantly overperforming or underperforming within hundreds of stores across the
country. Descriptive analytics information is usually provided in dashboards, most often with some kind
of a traffic light system that turns from green to orange for warning and from orange to red to indicate
severe problems in the running of the supply chain. It is not concerned with the future or what the
company needs to do to achieve a given objective, such as minimizing costs. However, it is the foundation

of any further data modeling that may follow in the predictive or prescriptive stages.
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Figure 4 Analytics approaches applicable along the supply chain

Predictive analytics is only concerned with producing likely future values of a variable of interest. As per
the example in Figure 4, a typical variable of interest that affects distribution and production planning,
as well as procurement activities, is the demand or sales of the products and services offered by the
supply chain. Other typical variables on which predictive models are used to produce forecasts are the
number of customers arriving at a store or the number of patients admitted to a hospital, the number of
wind turbines that are likely to fail in the next few weeks to inform preventive maintenance, or the
expected time of arrival for logistics operations. A vast range of methods and models are available from
simple time series to neural networks, some of which are better at handling big data.

Prescriptive analytics is the gold standard that provides decision support to reach the decision-maker’s
objectives. Prescriptive analytics approaches comprise mathematical modeling and sometimes
simulation when the aim is to identify the best course of action for the company. The best course of
action varies from strategic to tactical and operational decisions in the supply chain. Strategic decisions
such as facility location, make or buy, or plant capacity would be difficult and costly to change in the
short term. Operational decisions are those that are repeated on a daily or weekly basis, such as
production and inventory routing decisions where the quantities to be produced and distributed across
the network every day would be decided to minimize costs given a customer service level.

Recently cognitive analytics has also started to appear in the discussions, which indicates the capacity of
computer hardware and software to simultaneously analyze and synthesize big data flowing from a range
of sources. Most user-generated data such as expert opinions, ratings, recommendations, and
testimonials are readily available in an unstructured format for mining. The abundance of user-generated
text data inspired new automation tools comprised of machine learning methods and deep learning
algorithms that can parse and understand natural language, paving the way for sentiment analysis
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applications with increasing accuracy. For example, over 850,000 receipts collected over a year by a
retailer were analyzed to estimate the customer’s lifetime value (de Marco et al., 2021).

Cognitive analytics is capable of delivering descriptive, predictive, and prescriptive analytics based on big
data collected and analyzed in real-time or near-real-time. Data used for cognitive analytics purposes
would originate from multiple sources in a structured and unstructured way. Typical elements of a
cognitive analytics platform would be a layer responsible for data acquisition, cleaning, and preprocessing,
where the data are prepared for modeling. Another layer in a cognitive analytics platform would be
responsible for model building and knowledge management with a range of predictive algorithms, which
would serve as a repository of tools and models from which the required model could be selected and
deployed to provide predictions of a variable of interest (Rousopoulou et al., 2022).

Description

Dashboards are where key descriptive analytics information is captured and presented to the usersin a
simple way. The main purpose is monitoring, and many dashboards follow an indicator to draw
attention to deviations from long-term averages in the metrics. Typical information that can be found on
descriptive analytics dashboards is the proportion of on-time and in-full deliveries for transportation
activities. For a warehouse, the dashboard is likely to have the unit, line, and order fill proportions
where unit fill monitors the proportion of items delivered, line fill monitors the proportion of order lines
delivered, and the order fill monitors the proportion of orders delivered. Usually, monitoring all three is
redundant, and the indicator to monitor could be selected in line with the service level agreement. From
an inventory management point of view, the relevant indicators are inventory days of supply, days sales
outstanding, and inventory turnover. Procurement-related descriptive indicators could involve contract
spend to date compared against the spending commitment, supplier performance indicators around
delivery reliability and quality, and distribution of spend over categories. With the increasing e-
commerce, the returns have also increased significantly. Therefore, a dashboard reporting the
proportion of orders returned and return reasons could inform actions to reduce the returns.

Prediction

A typical problem in supply chain management, forecasting of demand, is increasingly using higher
frequency data such as daily or weekly series. Daily or hourly data are relevant to forecasting the sales of
perishable items for replenishment decisions (Makridakis et al., 2021). However, the frequency should be
linked with the decision level rather than the availability of granular data. More granular data should be
used for operational, day-to-day decisions such as transport schedules, whereas monthly or yearly data
should inform strategic decisions such as supply network design.

Figure 5 shows the broad categorization of machine learning methods. Supervised learning algorithms
require matched inputs and outputs (targets), where the data are divided into training, validation, and
test sets. The algorithm is trained on the training set to minimize the errors based on the matched inputs
and targets. The parameters of the algorithm are tuned with the validation set, which is separate from
the training set. Finally, the model performance is assessed on the test set where no further adjustments
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are made to the model. Typical applications are classification and regression, where the algorithm tries to
detect fraudulent transactions or spam emails in the classification problem and forecasts the market size
or the sales of a product in the regression problem.

In unsupervised learning, the algorithms are presented with a data structure and tasked with finding
patterns in data. Typical applications are dimension reduction, for example, to identify the most useful
features in a multidimensional problem to focus later on fewer features or clustering to segment
customers and present them with customized marketing strategies.

Reinforcement learning is different from supervised and unsupervised learning in the sense that the
algorithm learns what it needs to do based on rewards and penalties. It does not necessarily know the
right answer but infers the right behavior to reach the right answer by maximizing the reward and
minimizing the penalty. A typical application in the supply chain is automated inventory management
decisions. The algorithm decides on the right quantities to order from penalties associated with having
too much (excess stocks and possibly waste if items are perishable) and not having enough (shortages). In
the warehousing context, the robot navigation application is exemplified in obstacle avoidance, i.e., the
robot is rewarded for traveling on free paths.

APPLICATION EXAMPLES

METHODS Classification Fraud Detection

Supervised

Market

Regression .
g Forecasting

Dimension Feature
Reduction Extraction

Machine

. Unsupervised
Learning upervi

Customer

Clustering Segmentation

Automated Penalty for
Inventory Excess and

Management Shortage
Reinforcement

Robot Obstacle

Navigation Avoidance

Figure 5 A representative categorization of machine learning methods with examples of specific
applications

Machine learning systems can predict service-level failures a few weeks in advance to alert the planners
(Melangon et al., 2021). Service levels fall below targets due to a range of reasons, one of which is machine
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failures. Melancon et al. (2021) model service level failures as binary variables and build Gradient Boosted
Decision Trees that produce a probability of failure over a prediction horizon of 14 days. Comparable other
methods are artificial neural networks, logistic regression, and classification and regression trees (CART),
and random forests. Using the authors’ model, the planners in Michelin are able to improve the service
level by 10 percentage points and to recognize safety-stock calculation problems.

In a forecasting exercise with temporal big data, the least absolute shrinkage selection operator (LASSO)
regression was used to predict 12 months into the future using 814,212 variables and 66 data points,
which cannot be solved with conventional causal-regression predictive modeling (Sagaert et al., 2018).
The authors automated the identification of key leading macro-economic indicators from a set of 67,851
to predict tire sales. Macro-economic indicators were considered in the tactical tire sales prediction as
they drive sales across different regions and markets. The LASSO method improved the accuracy of
prediction by 16.1% compared with the company’s existing practice.

Prescription

We can find many applications of big data analytics for supply chain and operations management
problems. For example, scheduling tugboats in a seaport is a common problem observed across the world
in the context of seaborne cargo transportation. Many supply chains got disrupted when Ever Given ran
aground in the Suez Canal on 23 March 2021. The ship did not have a tugboat and was behind two
containerships that were paired with a tugboat. While the reasons for Ever Given’s not being assisted by
a tugboat remain unclear, the research is underway for scheduling tugboats with instances from a busy
container port in Shanghai (Jia et al., 2021). In scheduling problems such as this one concerning tugboats
for ports, a range of models are used (e.g., mixed integer linear programming, heuristics, and
metaheuristics) where the computational complexity of the problem requires relaxation and
decomposition approaches.

Production and distribution planning decisions are interdependent and difficult to solve simultaneously.
A decision support system executing operations research tools on big data collected by Danone Waters
to optimize production and distribution decisions is reported to have reduced the total cost of operation
by 4.7%, by approximately $5.2 million (Zhang & Song, 2018). The big data application involved a mixed
integer linear programming model that minimizes production, transportation, and storage costs under
operating constraints. In addition to the direct economic benefits of using this decision support system,
managers at Danone started making data-driven decisions with lower complexity.

Prediction and Prescription

The typical workflow of a big data analytics project would be from descriptive to predictive analytics,
followed by prescriptive analytics depending on the needs of the business problem addressed. An
exemplary execution of this flow is applied to distribution network design (Liu et al., 2021). The prediction
stage leverages artificial neural networks to predict customer demand, as affected by the logistics service
quality of a network and the city-level purchasing power of customers based on demographic
characteristics of residential areas. The optimization in the prescriptive stage solves a mixed integer linear
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programming model to choose facility locations so that the total costs of transportation, facility setup,
and package processing are minimized.

Four themes for big data applications in retail operations are availability, assortment, pricing, and layout
planning. Interviews with experts suggest that historical sales data and loyalty schemes help obtain
customer insights for operational planning, but granular sales data can be used to increase availability
and facilitate assortment decisions (Aktas & Meng, 2017). Demand forecasting and pricing decisions can
benefit from models that incorporate external data such as competitors’ prices and weather conditions.
Retailers could leverage big data to improve inventory decisions by stocking the correct kinds of
products in right quantities. They could make pricing decisions for the season-end products or
promotions by discounting prices at prescribed percentages.

Assortment planning is a key part of retail operations management. It involves making decisions on which
products to carry (assortment breadth) and how many of each product to carry (assortment depth) in
store. Big data applications have great potential to improve assortment planning decisions, as is evidenced
in one of the leading outdoor fashion brands in South Korea, Kolon Sport. The company teamed up with
a business analytics team to improve their distribution decisions: what set of items to pack in a box and
how to allocate boxes to retail stores (Sung et al., 2017). The assort packing and distribution decisions
need to be taken for more than 4,000 articles sold at more than 250 stores, making the problem extremely
difficult to solve for human decision makers. The authors develop a two-stage prediction — optimization
methodology, where they use multiple linear regression in the first stage to predict the demand for
articles sold at stores, followed by an optimization model that assigns articles at different sizes and
guantities into shipment boxes to minimize the time needed for distribution in the second stage. Their
method is anticipated to increase sales by eight percent due to the increased availability of items in stores.

Equally relevant is managing and monitoring thousands of suppliers and controlling spend. Strategic
sourcing teams hold lengthy, labor-intensive negotiations. In an impressive application of big data
analytics, Verizon built a supplier rationalization tool based on operations research, machine learning, text
mining, natural language processing, and artificial intelligence and reduced spend by millions of dollars
while obtaining the lowest price per unit for the sourced products and services (Abdollahnejadbarough et
al., 2020). Other benefits reported are a centralized and transparent contract and supplier relationship
management, overhead cost reduction, decreased contract execution lead time, and service quality
improvement for strategic sourcing teams.

Big data applications are expected to support assessing risk exposures and developing supply chain risk
management practices while managing the transfer of risk along the supply chain. Zurich Insurance
combined legacy claims databases with the large claims database and produced a data lake of historical
claims from structured and semi-structured regional databases to understand risk exposures based on its
customers’ industries (Mizgier et al., 2018). Hence Zurich Insurance is not only able to better assess risk
exposure but also can offer its customers customized insurance products as well as risk mitigation
strategies such as operational hedging (design of agile and flexible supply chains) and the reduction of
supply chain complexity.
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An award-winning implementation of predictive and prescriptive analytics in Walmart helps clear excess
inventory in stores by a certain time period, improves revenue by minimizing the discounts needed to
move inventory and clear shelves, and reduces the operational cost of relabeling discounted products
(Chen et al., 2021). The integrated system developed by the authors first builds a forecasting model that
produces the price-to-demand forecast based on items that need discounting, store demographics
variables, store inventory, and discount depth. Second, the output of the forecast model is inputted into
an optimization model along with operations costs, markdown period to recommend when the products
should be marked down and their corresponding prices. The benefits of the model include a 7% reduction
in costs, a 21% increase in sell-through rate (the proportion of items sold by the end of the markdown
period), and a store-specific price-adjustment policy.

In a comparable study, Intel increased their profitability by over $25 billion using advanced analytics in
their supply chain planning and product design (Heiney et al., 2021). As can be appreciated, Intel has a
complex supply chain owing to its scale, products, and capital-intensive manufacturing processes. Heiney
et al. (2021) developed an integrated approach that generates and optimizes product design alternatives
using genetic algorithms and mixed integer programming. The approach not only brought financial
benefits by increasing revenues and reducing costs but also provided organizational benefits where the
users took ownership of the solution. The users advocated for its use owing to its environmental benefits
that reduced the amount of water used and the wastewater generated in the system.

Cognition

Cognitive analytics for supply chain management using big data is in its infancy compared with other
analytics approaches. Many studies focus on text mining of customer reviews (Varudharajulu & Ma, 2018)
or incorporating weather and Twitter data into predicting the estimated time of arrival for trucks
delivering certain goods (ben Miled et al., 2021). For example, A market leader in fruit juice manufacturing
used big data in their new product development process (Jagtap & Duong, 2019), specifically by collecting
data on sugar levels (nutrition data), prices (retailer data), quality (customer reviews), cost (own data),
and environmental impacts (estimates informed by research reports) of own alternatives and
competitors’ existing products. Incorporating big data into the new product development reduced the
associated costs by 33% and the development time by 11% for this fruit juice manufacturer.

Mobile crowdsensing is an approach that collects social data from a large number of users carrying mobile
devices. Such data can then be used for cognition purposes, for making near-real-time predictions that
can inform industrial processes. Typical research questions involve extrapolating from sparse data
collected from a few users, learning nonlinear correlations, and completing the picture where sensor or
mobile data are unavailable. Once the nonlinear correlations are learned, these correlations should be
preserved and used for predicting the near future (E. Wang et al., 2021).

Real-time stock information can be captured using machine-to-machine communication and inform
replenishment decisions so that stock-outs can be minimized. With the advent of the Internet of Things,
sensors in vending machines can monitor the sales rate of various snacks and beverages in real-time.

Machine-to-machine communication allows data flow between entities in the system without human
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intervention. For example, the stock position in the vending machine is communicated to a Web API via
an Internet of Things module. Web APl then passes this information to an AppServer, which then
communicates with a mobile app used by the owner. None of these data transactions require human
intervention (Dijaya et al., 2019).

Current concerns

Using the machine-to-machine communication framework in Dijaya et al. (2019), real-time stocking
information obtained by an loT module is sent to a Web Application Programming Interface (Web API),
which is then communicated to the vendor of the products via an Application Server (AppServer) on the
computer or on a mobile device. Hence, the user can access real-time stock positions of products in the
vending machine and make timely restocking decisions for individual products. The next step in this type
of exercise would be an automatic reordering of low stock by the system, eliminating human supervision
on stocking decisions.

As the technology is developing, empirical and conceptual works on big data analytics and applications in
logistics and supply chain management are also evolving. Big data applications for logistics and supply
chain strategy decisions comprise strategic sourcing, supply chain network design, and product design and
development, while operational decisions involve demand planning, procurement, production, inventory,
and logistics (G. Wang et al., 2016). We find statistical analysis, simulation, and optimization to be the
driving analytical approaches, where new techniques need to be invented to cope with increasing multi-
dimensionality and observations in data flowing from systems. Figure 6 shows the move towards simply
sensing data and building individual models in the 2020s towards fully operational digital twins and the
vision of end-to-end coordination of supply chains in the next two decades to come.
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Figure 6 Anticipated big data analytics development over the next two decades

Today, we can build and run simulation and optimization models, but these need to be integrated with
business functions and other supply chain partners using real-time data (sensing). Simulation and
optimization models could provide higher value when data from external stakeholders are incorporated
into the decision making. Such external data integration is expected to facilitate dynamic replanning in
case of deviations from expectations. The future of decision making in logistics is expected to rely on
model-based control, automated decisions, and the ultimate replica of the real-world operations with
digital twins, which will enable experimenting with different configurations and observing the
consequences of strategic, tactical, and operational decisions without changing the real-world operation.

Emergent Concerns, Outstanding Research, and Future Directions

In many of the applications reported in this chapter, the authors address a real-world case with some
simplifying assumptions. The authors ignore some costs to keep the models at a practical complexity, or
they consider some factors that may affect the costs out of scope. Many of the models solve a
deterministic problem, and future research is expected to address the demand uncertainty as well as
supply chain disruptions with stochastic modeling approaches. Figure 7 highlights the key concepts in
transitioning from traditional to digital supply chains. Our factories are becoming smarter with the
Internet of Things devices, mobile and fixed robots, and automation. Visibility of machine status has
increased thanks to frequent readings from sensors which enable predictive and preventive maintenance.
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We are fast approaching an age where autonomous trucks will be on the roads with real-time information
on the location and the load (Simpson & Mishra, 2021; Talebian & Mishra, 2022), allowing the dynamic
update of schedules in case of deviations from the expected journey (Cota et al., 2022; Nagarajan et al.,
2022). However, many factors affect technology adoption, and larger organizations are likely to be slower
in adopting new technologies. Having visibility of truck travel times and deviations from the plan would
help minimize penalties caused by delays in fulfilling customers’ orders.

Automation in warehouses is also an exciting area where we can incorporate multiple technologies,
including autonomous robots. Warehouses are under increasing pressure from rapidly growing e-
commerce activities, online purchasing, and same-day deliveries. Autonomous robots support human
order pickers by reducing the non-productive walking time (Zulj et al., 2022). Current concerns around
incorporating autonomous mobile robots into warehouses include robot path planning and navigation,
obstacle avoidance, collision avoidance, and battery / recharging management.

With the advance of machine-to-machine communication, we have higher data visibility, but we need to
consider data security issues in all applications. Services for conducting data breaches are increasingly
shared by criminals in online forums. These services are tools and software sold at various prices to collect
financial and personal information of victims, scam websites to acquire sensitive information, and
compromise computers for malicious purposes (Li et al., 2016). Online forums such as cardmafia, cardpro,
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or cardclub have tens of thousands of members with hundreds of thousands of threads and several
hundreds of thousands of posts. Li et al. (2016) extracted service listings and their ratings by
cybercriminals from these forums and proposed a text-mining approach to predict the service quality of
these listings. They were able to identify key services used for data breaches. Comparably, Bayesian Belief
Networks are used to detect cyber-attacks and improve cyber security (Yeboah-Ofori et al., 2019).
Categories of malware recognized are viruses, trojans, rootkit, and botnet. The Bayesian Belief Network
is capable of determining the likelihood of an attack and its corresponding impact.

Blockchain and smart contracts are exciting developments in this area (Omar et al., 2022; Tolmach et al.,
2022). Smart contracts reside in a blockchain and self-execute upon instructions received to exchange
money, property, or any other value over transactions recorded in a blockchain (Grida & Mostafa, 2022).
However, the transparency offered by smart contracts needs further digitalization of supply chains to
match real-world assets with asset records in the virtual world.

Thanks to higher volumes of structured and unstructured data available, we now have many options to
improve forecasting models, increase service and reduce inventory costs. While the widely used inventory
models rely on the normality assumption, new techniques such as bootstrapping, robust optimization,
density forecasts, quantile estimation, and machine learning approaches exploit the increased computing
power at the hands of the user and the big data flowing from enterprise information systems (Goltsos et
al., 2022).

We shall not forget exciting developments in the last mile delivery process with drone deliveries and
autonomous robots. Although drone deliveries are mostly in the experimental phase, they have been used
to transport urgent medication during the COVID-19 pandemic (Constant, 2021). Comparably,
autonomous delivery robots have been extensively used to deliver groceries when many countries in the
world decided to introduce lockdowns to curb the spread of coronavirus. Using delivery robots in the last
mile not only increases the delivery efficiency but also reduces the rate of infection transmission (Du,
2021) and serves those customers who cannot leave their homes to join long queues in supermarkets.
COVID-19 stimulated the demand for unmanned and contactless deliveries, urging different types of
autonomous e-commerce delivery vehicles and scenarios to be tested across the world (Buldeo Rai et al.,
2022). The new business models developed and tested during the pandemic are promising further
adoption of automation and efficiency increase in the last mile delivery problem.

While areas such as text mining and relationship network analysis have witnessed significant
developments over the last decade, future research on them is still exciting and attracting many
researchers and practitioners. Some of the prominent conferences where new research on text mining
with supply chain applications regularly appear are as follows: IEEE International Conference on Digital
Twins and Parallel Intelligence, IEEE Conference on Technologies and Applications of Artificial Intelligence,
and IEEE International Conference on Big Data. These conferences provide a fresh overview of the current
big data, text mining, and supply chain research, and they deserve to be regularly monitored for the most
current applications of methodologies on supply chain big data.
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One of the emergent concerns around big data applications for supply chain management is the need for
updates and innovations in curriculum design. New academic programs are opening on big data, analytics,
data science, and a few on supply chain analytics. As the availability of data increases and the companies’
hunger for converting big data into insights strengthens, the gap in academia is felt both by academic
institutions and their collaborating industry partners. Some organizations, such as the United States Air
Force Academy, have spent significant time and effort on developing an operations research program for
practitioners (Armacost et al., 2018). In the program, big data analytics is highlighted with R and Python
classes and Apache Spark final projects, which require the students use parallel processing and machine
learning on big data. There is a growing need for considering changes and extensions to tools used on big
data; an example could be natural language processing.

Big data applications increase supply chain visibility, reduce time and resources needed for coordination,
and grow revenue streams by better targeting customers or offering new products or services built on the
big data capabilities of an organization (Nguyen et al., 2018). Yet, there is scope for a systematic
investigation of business models leveraging big data and for empirical research on maximizing the value
captured from big data and how traditional businesses can transition into an operating environment
enhanced by big data flowing from internal and external systems.

However, visualizing big data is not straightforward due to the complexity of the data. Some kind of data
aggregation and dimension reduction need to be executed on the data before it can be visualized clearly.
Recently, visualizing big data with augmented reality has been offered as a novel and interactive approach
for users to engage with data. A representative example is a 3D visualization of stock levels overlaid on a
geographical map (Ramaseri Chandra et al., 2019). Augmented reality could help improve the
understanding of thermal characteristics of warehouses, the computational power demand of complex
calculations, or the communication of supply chain risk.

Managerial implications
Preliminaries

The path to exploiting big data is not straightforward. Managers need to overcome shortages of people
with the right set of data analytics skills, lack of support from other players in the supply chain, IT
integration and data security issues, and physical capability to respond to real-time changes captured by
big data. A data maturity profile can help businesses gauge their status and plan the way forward to
embed big data analytics into their operational decision making.

To capture benefits from big data, managers should have flexible IT resources to integrate with their
company’s upstream and downstream supply chain partners. The operations in many supply chains are
interconnected, and investment in IT resources alone does not bring sufficient gains. Excellence depends
on data-driven supply chains. Actors in the sector can adopt cloud-based applications for accurate and
timely sharing of data. Technology alone won’t be sufficient to reap the benefits. Appropriate change
management and technology adoption processes should be put in place, and transition should be
governed carefully. When a new technology is being adopted, the affected parties’ views on the
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expected benefits and potential issues should be collected and reviewed prior to taking the decision to
implement.

Data governance is a key data capability required to unlock and maximize the value captured from data.
Many companies use business intelligence, digital products, analytics, and artificial intelligence to unlock
the value of data. These are the most talked-about developments that feature news and presentations.
However, for any of these tools to deliver value, the data that inform them must be trustable. Trusted
data can only be obtained by formal data quality management, monitoring data collection, and building a
data culture. Data culture entails roles and responsibilities for data owners and awareness of how data
are leveraged within the business. There should be a single point of reference for everyone where data
definitions, data sources, and data flows can be found and queried.

A manager needs to reconcile the growth in big data processing capabilities of a business with its decision-
making processes, which are likely to be updated to accommodate new data streams while keeping a
certain level of standardization for transparency and accountability purposes. Incorporating big data
analytics applications into the supply chain management decisions allow managers to observe trade-offs
between different decisions such as the production and transportation costs with the appropriate tools
and methodologies that can estimate them accurately (Zhang & Song, 2018). Decision support systems
leveraging big data analytics applications allow managers to decide objectively, based on evidence rather
than guesswork.

Success Factors

For any big data analysis of supply chain management problems to inform managerial decisions
effectively, the data should be presented in a way that can be effortlessly followed by its audience. A
sensible recommendation is to present the managerial problem first, followed by the tensions caused by
this problem in the business, and conclude with a resolution of the problem with a proposed solution
approach (Camm, 2018). This type of structured communication of big data problems can facilitate better
engagement with the stakeholders and alleviate the anxiety generated by the jargon in the big data
analytics domain.

A good big data application would not only present solutions to the given managerial problem but also
provides alternative optimal solutions along with a discussion of limitations. Such a discussion should note
factors external to the model that may make one of the alternative solutions preferred over the others.
Since applications are built on assumptions, the limitations should acknowledge how the solution may
shift from one alternative to another when factor values change within an acceptable range.

Another element of successful big data applications is the explainability and reproducibility of results. The
receivers of the solutions provided by the application should be confident why the application is
suggesting these specific solutions. It is unlikely for a black-box application to be widely adopted in
business.
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Any analytics project, irrespective of the size of the data that informs it, should start with a solid
managerial problem that is identified and agreed upon by the stakeholders. The stakeholder buy-in and
involvement in the project is a must for any decision support tool developed to address the problem to
be accepted and implemented in the business. There is a strong aspect of change management to carry
big data analytics projects in the supply chain to completion and exploitation.

Breaking Siloes

Many of the applied research reviewed in this chapter refer to working in siloes and suffering from an
inability to have a holistic view of the problem. Our systems are generating big data, and we are capable
of storing and processing them; there is scope for integrating various sources of data and how decisions
informed by a set of data affect other decisions. While we are improving an element of the supply chain,
we may be deteriorating another. The typical tension is between procurement and inventory
management. Large quantities are incentivized with lower unit cost, improving the procurement
performance metric while the items bought need to be stocked elsewhere in the supply chain,
deteriorating days of inventory metric.

Traditionally, many of the big data applications in supply chain and operations management focus on a
single or a few objectives, which makes it challenging to have a holistic approach to managerial issues. A
way forward is to incorporate multi-objective decision analysis and explore the trade-offs between
interdependent decisions. Any big data application on supply chain management thus shall try to
incorporate stakeholders from different departments to the problem at hand and possibly produce a
trade-off analysis for a range of decisions. Once the business priorities are set and understood by
everybody involved in the process, the decision making could be left to automation in cases of repeat
operational decisions.

Managerial challenges comprise shortages of people with the right set of skills, the lack of support from
upstream and downstream supply chain partners, issues in information technology and systems
integration, concerns around information sharing and security, and physical capability of the supply chain
to respond to real-time changes captured by big data. A data maturity profile for businesses is proposed
in Table 1.

Table 1 A big data analytics maturity proposal around people, supply chain, and information
technology

Indicator Level 1 Level 2 Level 3 Level 4

Peopl lopi
People who  People who can People with excellent eople developing

People . . . ) hypotheses for
P I canuse the interpretdataand  analytical skills, using . P .
Capabilities . . - improving
system apply it to business  prescriptive models .
operations
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Indicator Level 1 Level 2 Level 3 Level 4

Information The system is full
Data The system is IT integrated, but the . ¥ ¥
technology and . . integrated, and
handled in connected but not  user requires ..
systems . . . decisions are
. . isolation fully integrated frequent changes
integration automated
. Improving
Improving . .
. . performance with The entire supply
Supply Chain . performance with .
. Surviving upstream and chainis
Operation downstream .
downstream synchronized
partners
partners

People's capabilities in Table 1 refer to a range of challenges that need to be overcome as organizations
introduce and improve their big data applications. Organizations sometimes suffer from the lack of people
who can use a big data application system effectively. At the very least, people could be trained to use
the system, collect data, and produce complex analyses. However, further investment needs to be made
to either develop skills to interpret analysis results and produce insights or further introduce hypotheses
to improve current operations. It should be noted that people at the fourth level of maturity are difficult
to find and expensive to keep. The organization needs to have in place career progression plans and both
financial and nonfinancial incentives to attract and retain people with big data analytics capabilities.

Integrating the supply chain with downstream partners is relatively easy, for it is in the best interest of
these partners (for example, retailers) to improve their predictive capabilities or reduce lead times to
serve the customer better and increase the supply chain surplus. Then the experience in downstream
integration could be extrapolated to upstream integration in a comparable way. The vision for the supply
chain is to be synchronized entirely with end-to-end visibility and coordination of decisions. Reaching end-
to-end synchronization requires investments and improvements in both hardware and software, along
with skills development.

Summary and Conclusion

Big data applications in supply chain management draw heavily on statistical analysis and operations
research methods where deterministic and probabilistic mathematical modeling have been widely
utilized. Now many companies are at a transition phase where they are investigating the availability of
data in their systems and matching the data with business problems that need immediate attention.
More and more, we will see an increasing demand for people who have not only supply chain
management knowledge but also has a good command of data science skills so they can bridge supply
chain management with analytical approaches.

Encouraging attempts to leverage big data for forecasting have been highlighted in the chapter. It is
possible to include new variables into predictor sets, considering not only macroeconomic indicators but
also weather temperature or other incorporating unstructured data from customer reviews of the
products into the prediction model.
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It is now the time to treat data as an asset and investigate how it can be effectively used to improve the
efficiency of operations and resources in the supply chain. It is not a trivial exercise to determine which
data assets are valuable, but this process is supported by automated algorithms that sift terabytes of big
data. The key idea behind assessing the value of data focuses on the use of data in applications and
business integration, monitoring, and management.

Introducing big data applications could face resistance from people within the organization. Curiosity and
openness to novelty, searching for innovative ways of running the business should be encouraged. A
culture of “fast fail’ could help navigate the uncertain waters of big data technology adoption. Fast fail
culture entails being open to new opportunities when success is not guaranteed and being able to
discontinue failing endeavors swiftly without deploying further resources into them.

Limitations

While the content reported is novel at the time of publication, big data applications are expected to
evolve and become more intelligent as our understanding of algorithms and computing capabilities
increases. What may be new and exciting for 2021 is likely to become standard practice over the next
decade.
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