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Big Data Analytics (BDA) has the capacity to increase communications and better manage
supply chain strategies. The main objective of this study developed, firstly was a systematic
literature review, to understand how BDA has been investigated on supply chain strategies,
which resources are handled by BDA and which Supply Chain Management strategies are pos-
itively affected by those technologies, and secondly, to apply a classification predictive model
to foresee the level of implementation of innovative technologies in supply chain strategies. The
applied predictive classification model helped to offer an understanding and to determine that
in supply chain strategies there are innovative technologies implemented and their percentage
of implementation will have an increasing value. This study, that is focused on BDA and supply
chain strategies, offers new opportunities, and is adding value and operational excellence for
existing supply chain practices. The adoption of big data technology in supply chain can create
considerable value-added.
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Introduction

Enhancement of information technology,
increasing client’s hopes, globalization, eco-
nomic, and the other innovative competitive
significances have pushed Supply Chain Man-
agement (SCM) to transform and adapt. Con-
sequently, competition between enterprises is
replaced by competition between enterprises
and their SCM. In competitive environment
generated, the supply chain professionals are
battling in managing the huge data to achieve
integrated, effective, efficient, and agile SCM.
Explosive increase in volume and various
types of data in SCM has produced the de-
mand to build technologies that can smartly
and quickly examine significant amount of
data. Big data analytics (BDA) capability is
one of the techniques, that can help enterprises
to overcome challenges that may encounter.
BDA offers a tool for obtaining valuable pat-
terns and information in large volume of data.
Supply chain expression is used in different
ways, three meanings dominate: “supply
chain” from the viewpoint of an individual
firm; “supply chain” associated to a certain
product or item; and “supply chain” utilized as
a synonym for purchasing, distribution, and

materials management.[1] SCM can mean any
one of these things, but one aspect is certain:
Purchasing and/or outsourcing activity is be-
ing undertaken.[2] SCM is an consolidative
viewpoint used to handle the total flow
through a distribution channel from the sup-
plier to the ultimate user [3] [4]. Another def-
inition is the management of a chain or of op-
erations and centers through which supplies
move from the source of supply to the final
customer or point of use [5]. Fundamentally,
the supply chain starts with the extraction of
raw material, and each link in the chain pro-
cesses the material or the concept in some way
or supports this processing. The supply chain
thus extends from the raw material extraction
or raw concept origination through many pro-
cesses to the ultimate sale of the final product,
whether goods or services, to the consumer.

Analyzing and understanding the outcomes in
real time can lead to make making better and
quicker decisions to meet the customer re-
quirements, and it will lead to the improve-
ment of supply chain design and management
by reducing costs and mitigating risks. Use of
data science, predictive analytics, and big data
could help logistics managers to meet internal
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needs and adjust to changes in the supply
chain environment [6] [7].

The remainder of this paper is structured in
three main sections, an introduction, and a
conclusion. The first section of this paper re-
views relevant Supply Chain Strategy litera-
ture and the studies related to the practices and
classification of supply chain strategy, in sec-
tion two is presented Big Data Analytics and
its impact in Supply Chain Management Strat-
egy, with examples of strategies integrated
with Big Data Analytics. Section 3 details the
model applied to analyze the level of imple-
mentation of innovative technology in supply
chain strategy and presents the results of clas-
sification predictive model analyses. The pa-
per is finalized with the conclusions.

2 Supply Chain Management strategy
SCM is becoming more dynamic and encom-
passes the continuous stream of data, funds,
and product between different stages of the
processes. Each phase in a SCM is linked
across the flow of information, products, and
funds. These movements regularly appear in
both routes and may be handled by one of the
phases or an intermediary. Supply chain de-
sign, planning, and operation judgments per-
form a considerable role in the success or fail-
ure of an enterprise. For remaining competi-
tive, SCM need to adjust to the shifting tech-
nology and client’s beliefs, a successful SCM
involves numerous decisions concerning the
flow of product, information, and funds.

2.1. Supply Chain Strategy & Design: the
company determines how to shape the SCM
over the following years (configuration, allo-
cation of the resources, and the processes in-
volved). Strategic decisions contain whether
to outsource or to perform a SCM function in-
house, the location and dimensions of produc-
tion and warehousing conveniences, the prod-
ucts to be manufactured or deposited at vari-
ous places, the type of transportation, and
what type of information system to operate.
Supply chain design decisions are usually pre-
pared for long term periods of time.

2.2. Supply Chain Planning: The SCM’s
configuration formed in the strategic stage is

fixed and establishes constraints within which
planning must be completed. Planning estab-
lishes parameters within which a supply chain
will function over a specified period. The
planning stage begins with a forecast for the
next year of demand and other factors such as
costs and prices in different markets. Because
of the planning stage, enterprises define a set
of operational procedures that regulate short-
term operations.

2.3. Supply Chain Operation: During this
stage, enterprises make judgments concerning
individual client’s orders. The main objective
of supply chain operations is to handle incom-
ing customer orders in the best potential way.
In this stage, enterprises allocate inventory or
production to single orders, establish a date
that an order is to be filled, create pick lists at
a warehouse, allocate an order to a specific
shipping shipment and mode, establish deliv-
ery schedules of trucks, and place replenish-
ment orders. Because of the limitations
formed by the configuration and planning
guidelines, the objective during the operation
stage is to exploit the reduction of ambiguity
and optimize performance.

SCM is a series of processes and flows that
take place within and among different phases
and come together to fill a customer need for
a product. SCM processes can be categorized
into Supplier Relationship Management
(SRM), focused on the interface between the
enterprise and its suppliers, Internal Supply
Chain Management (ISCM), internal pro-
cesses for the enterprise and Customer Rela-
tionship Management (CRM), focused on the
interface between the enterprise firm and its
customers. These processes control the flow
of data, product, and funds expected to gener-
ate, receive, and fulfil a customer request.
CRM generates customer demand and facili-
tate the placement and tracking of orders,
ISCM fulfils demand generated by the CRM
process in a timely manner and at the lowest
possible cost and SRM arranges and manages
supply sources for various goods and services.
For a SCM to be successful, it is important
that the three processes are properly inte-
grated. (e.g.: Figure 1)
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Fig. 1. Supply chain processes classification and attributes

A supply chain strategy controls the nature of
procurement of raw materials, transportation
of materials within the company, manufacture
of the product or operation to deliver the ser-
vice, and distribution of the product to the cus-
tomer, along with any follow-up specification
whether these processes will be performed in-
house or outsourced. Supply chain strategy as
well contains design decisions about inven-
tory, transportation, operating facilities, infor-
mation flows, pricing, and sourcing. The sup-
ply chain strategy establishes how the SCM
must operate with respect to efficiency and re-
sponsiveness (e.g.: Figure 2).

a. Facilities are important for SCM perfor-
mance in terms of responsiveness and effi-
ciency, and they are a crucial part of supply
chain design.

b. Inventory impacts the assets held, the
costs incurred, and responsiveness provided in
the SCM. Inventory also has a significant im-
pact on the material flow time in a supply
chain.

c. Transportation transfers the product be-
tween different phases in a SCM and impacts

responsiveness and efficiency. The type of
transportation that is used affects the inven-
tory and facility locations in the SCM and al-
lows a firm to adapt the location of its facili-
ties and inventory to get the right equilibrium
between responsiveness and efficiency.

d. Information can help increase the utili-
zation of SCM assets and the coordination of
the flows to improve responsiveness and re-
duce costs. The appropriate investment in in-
formation technology increases visibility of
transactions and synchronization of decisions
within the SCM.

e. Sourcing is the set of processes needed
to purchase goods and services. Sourcing de-
cisions have a substantial impact on SCM per-
formance.

f. Pricing includes the process of the deci-
sions on how much a customer will be charged
for its goods and services. Pricing influences
the customer divisions, that choose to buy the
product, and the customer’s expectations.
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Fig. 2. Supply Chain Decision Making Framework

BearingPoint supports customers in the devel-
opment of superior supply chain strategies,
these strategies are the operational strategy,
which help companies identify the optimal po-
sitions of working capital, costs, and service
levels. Outsourcing, focusing on core compe-
tencies minimizes efforts for non-core activi-
ties and drives efficiency. Labor and force op-
timization, operational locations use perfor-
mance metrics to plan activities, benchmark
internal performance versus other locations,
manage staff, and decide on individual com-
pensation. Reviewing how this information is
utilized enables companies to identify ineffec-
tive or inaccurate performance metrics, which
may result in reduced productivity, ineffective
planning, and scheduling activities, as well as
misleading comparisons being drawn between
locations. Inventory performance

management, controlling inventory levels and
analyzing the root causes of poor inventory
performance. Network strategy and design,
the goal of strategic design and optimization
of supply chain networks is to find an opti-
mally balanced and robust structural solution
for the trade-offs of low cost, excellent ser-
vice, and minimal inventory. Risk manage-
ment, to reduce risk exposures through solid
management rules, which create a standard-
ized and sustainable approach. Predictive sup-
ply chain analytics and diagnostics, discover-
ing hidden insights and relationships to derive
relevant implications as early as possible.
Product configuration analytics, by providing
new tools to innovate, especially a client's
product sales processes and product manage-
ment. (e.g.: Figure 3)
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Fig. 3. Supply Chain Strategy according to BearingPoint
Source: Own processing with data from Bearing Point site https://www.bearingpoint.com/ro-ro/our-expertise/capabil-
ities/operations/supply-chain-strategy-and-network/

3 Big Data Analytics in Supply Chain Man-
agement Strategy

SCM involves utilizing BDA techniques to
find obscured valuable understanding from
supply chain [8]. BDA techniques can be cat-
egorized into descriptive, predictive, and pre-
scriptive analytics [9].

Applying BDA techniques to solve SCM chal-
lenges has a positive and considerable impact

on supply chain performance. Supply chain
professionals and representative researchers
have applied operational and statistical re-
search techniques to unravel supply and de-
mand assessing problems. [10] The interac-
tions between descriptive, predictive, and pre-
scriptive analytics to make decisions or take
actions is presented in Figure 4.
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Fig. 4. Using descriptive, predictive, prescriptive analytics to make decisions and to take ac-
tions.

In the production area, a significant volume of
data is created by internal networks that in-
clude sensor networks or equipment on the
production floor and by external channels.
Applying BDA, it can enhance the efficiency
of the distribution together with sales process
and to continuously monitor processes and de-
vices involved. The various number of ven-
dors and the multiplicity of their evaluation
and selection indicators, the selection process
of the right and optimal vendor for the SCM
is challenging, BDA techniques give valuable
understanding to select the best suitable ven-
dors. BDA can be used in numerous areas of
SCM, in the next sections, a synopsis of BDA
applications in different areas of SCM is of-
fered [11].

3.1. Big Data Analytics and SRM

Creating close relations with key suppliers
and improving the cooperation with them is a
crucial factor in determining and creating new
value and lowering the risk of failure in SRM.
Using BDA techniques can offer precise in-
formation on organizational expenditure pat-
terns that help to manage supplier relation-
ships [12].

3.2. Big Data Analytics and Supply Chain
Network Design

Is a strategic decision, that involves all deci-
sions concerning the selection of business
partners and describes company procedures to
accomplish  long-term  strategic  targets.

Supply chain network design project includes
deciding supply chain physical configuration
that influences the business units or functional
areas. The aim of supply chain design is to
create a network of members that can meet the
long-term strategic targets established. The
following steps must be followed when de-
signing a supply chain: define the long-term
strategic targets; define the project scope; de-
termine the form of analyses; determine the
tools that will be used; and project comple-
tion.

3.3. Big Data Analytics and product design
and development

Designers need instruments to predict and
measure the preferences and expectations of
the customers, it needs the be considered that
a lack of enough information about custom-
ers’ is a critical issue in the product design
process. By continuously monitoring the cus-
tomer behaviour and preferences, a better de-
sign of products can be achieved. Collecting,
managing a high volume of data, and applying
new analytical techniques lead to valuable in-
sights and valuable information that can re-
duce uncertainty [13]. Supply chain design ac-
cording to product design creates competitive
advantage and flexibility in the supply chain
[14]. Designers can use online behavior and
customer purchase record data to predict and
understand the customer needs [15]. The goal
of companies producing consumer durables is
to maintain their competitiveness over the
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longest possible period [16].

3.4. Big Data Analytics and demand plan-
ning

A numerous number of SCM executives are
eager to develop demand forecasting and pro-
duction planning with BDA [17]. Precise de-
mand forecast has always been a key puzzle in
SCM [18]. A challenge that the enterprises
face is the capability to apply advanced soft-
ware, hardware and algorithm architecture
[19]. BDA permit to recognize new market
trends and determine root causes of issues,
failures, and defects and can predict custom-
ers’ preferences and needs by examining cus-
tomer behavior [20].

3.5. Big Data Analytics and procurement
management

Supply chain analytics can be applied to con-
trol suppliers’ performance and supply chain
risk with the use of external and internal big
data [21]. Applying a framework to identify
supply chain risk enables real-time risk man-
agement monitoring, decision support, and
emergency planning [22].

3.6. Big Data Analytics and customized
production

With BDA, manufacturers can discover new
information and identify patterns that enable
them to improve processes, increase SCM ef-
ficiency, and identify variables that affect pro-
duction. Data analytics allows manufacturers
to precisely determine each person’s activities
and tasks of each part of the production pro-
cess and examine entire SCM in detail, which
can allow manufacturers to recognize bottle-
necks and reveal poorly performing processes
and components. BDA have made it possible
to precisely predict customer demands and
preferences for customized products.

3.7. Big Data Analytics and inventory man-
agement

Big data create substantial competitive ad-
vantage by linking and combining internal
production system with external partners in
inventory management. Below are some
ways that BDA is changing the way

enterprises handle inventory:
a) Improved operational efficiency.
b) Increased customer service satisfac-
tion.
c) Maximized sales and profits.
d) Reduced costs by migrating to the
cloud.

3.8. Big Data Analytics and logistics

The logistic industry has faced a major trans-
formation due to the occurrence of significant
volumes of data and devices and rise of new
technology. Since high volumes of data such
as size, weight, origin, and destination are be-
ing produced daily, there is a huge potential
for new business creation and operational ef-
ficiency and customer experience improve-
ment. BDA have been used to gain competi-
tive advantage and provide new services in lo-
gistics [23].

4 An analysis of supply chain with Classifi-
cation Predictive model

Predictive Classification technique of SAP
Analytics Cloud predicts the probability that
an event happens. The principle of the classi-
fication engine of Smart Predict is to discover
the best function capable to distinguish be-
tween examples that belong to a class.

4.1. Data collection and preparation

The data that was collected is structured
(spreadsheets) and it was extracted data from
the Eurostat database from 15 European Un-
ion Countries. Eurostat is the statistical office
of the European Union, is a world-leading da-
tabase widely known for its extensive, reliable
content and high-quality statistics and data on
Europe.

The data is composed of the technological in-
novations in the supply chain, as well as their
percentage of applicability, but also the reason
and the percentage of their implementation.
To build the classification predictive model,
the most common supply chain strategies
were considered, these strategies are redesign
of shipment, inventory management systems,
digital supply chain management and E-pro-
curement. For these four supply chain strate-
gies, the data was extracted from fifteen
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European countries. For each strategy, firstly,
the average applicability percentage for the
European countries was determined, and sec-
ondly, was identified the maximum value in
each country of the applicability percentage of
the strategies, followed by the calculation of
the average for the maximum value. To create
the best possible quality model, several varia-
bles were added in the construction of the
module, for example, the reason why techno-
logical innovations were applied in supply
chain strategies. Those reasons are to respond-
ing to cost pressures, improving enterprise's
performance, opening new market opportuni-
ties, and responding to market pressures. For
these four reasons mentioned, the percentage
of the reason for their implementation was
calculated and, firstly, the average percentage
of applicability for European countries was

calculated, and secondly, the maximum value
in each country of the percentage of applica-
bility of the strategies was identified, followed
by calculating the average for the maximum
value.

4.2. Modelling

The predictive goal is the technology innova-
tion usability percentage value will likely be
equal or more than the average of maximum
value (13,5%). To identify if the classification
predictive model has a high quality and ro-
bustness, two indicators should be deter-
mined, Prediction  Confidence  which
measures the robustness of the model and Pre-
dictive Power which measures the quality of
the model. These two indicators are subtracted
based on the graph shown in Figure 5.

% Detected Target

Q a |&

100% /

B Perfect Model
B Validation
@ Random

Training

% Population

60% 70% 80% 90% 100%

Fig. 5. Percentage of detected target / Percentage population

The red line is randomly picked by the model,
which is a representation that there is no pre-
dictive model. The green curve exemplifies a
hypothetical perfect predictive model, while
the blue and orange curves relate to two data
partitions of the generated model, training and
validation.

The Predictive Power indicator measures how
close to the ideal model the predictive model
is. Area among Validation and Random
curves divided by the area between Perfect
and Random curves. The role of the Predictive
Power is to give an idea of the quality of the

predictive model. Prediction Confidence ex-
presses the ability to reproduce the same de-
tection with a new dataset. A «validation sam-
ple » is necessary to estimate it. The role of
the Prediction Confidence is to measure if the
predictive model can do the predictions with
the same reliability when new cases arrive. If
these new cases look like cases of the training
dataset, then the Prediction Confidence will
be good. The model that was trained for this
study has the result of Predictive Power indi-
cator 94,44% and the Prediction Confidence
indicator 80,51%. (e.g.: Figure 6).
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Another significative part of the report of a
predictive classification model in SAP Ana-
Iytics Cloud is the contributions of variables
that were trained in the model. Contribution
variables are displayed sorted by decreasing
importance, and the most contributively ones
are the ones that best explain the target varia-
ble. The sum of all contributions influencers

equals always 100%. In the model applied the
most contributively variables are the technol-
ogy innovation with a percentage of 69,17%,
the percentage of reason of implementation
with a value of 23,78% and the reason of im-
plementation with an implication of 5,27%
(e.g.: Figure 7).

Influencer

Innovation

Reason of implementation percentage
Reason of implementation

Bigger than Average (7.1%)

Contribution

| B
I 17w

Fig. 7. Influencer contribution

4.3. Evaluation

Before proceeding to final deployment of the
model, it is important to evaluate the model
more thoroughly. The figure above shows the
statistical results of the applied predictive
classification model. The results from the
Training section compared to the Validation

Target Statistics

Training

Data Partition

Validation

0% 10% 20% 30% 40% 50%
Frequency

section show that the percentage of applica-
tion of innovations in supply chains is higher,
which means that “Yes”, more innovations
will have the value equal or more than the av-
erage of maximum value (13,5%). (e.g.: Fig-
ure 8).

a a |@

Target Category
Yes
No

Fig. 8. Statistic results of the model, graphic representation

Figure 9 shows the statistical results of the
classification predictive model applied, for the
Training partition, category

"YeS", a

percentage of 28.95%, more innovations will
have the value equal to or greater than the av-
erage of the maximum value (13.5%). On the
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other side, in the Validation partition, for the
same category, 18.18% will have the value
equal or higher than the average of the maxi-
mum value (13.5%). Focusing on the category
"No", which indicates that innovation technol-
ogies in supply chain strategy will not have

the value equal or more than the average of
maximum value (13.5%), the results for
Training partitions show a percentage of
71.05%, and the results for the Validation par-
tition, show aa result of 81.83%. (e.g.: Figure
9)

Data Partition Target Category

Training Yes
Training No
Validation Yes
Validation No

Frequency

| BEE
| R

Fig. 9. Statistic results of the model, detailed representation

The applied predictive classification model
added to the literature an understanding of the
innovative technologies associated with SCM
strategies and determined that there are inno-
vative technologies, and more than a quarter
of the countries analyzed where the percent-
age of their implementation in supply chain
will have the value of adopting innovative
technologies that is equal, or more than the av-
erage of maximum value (13, 5 %).

5 Conclusions

There are many scopes for advancement in the
application of most appropriate analytic tech-
niques in era of SCM. This study tries to show
some of the most essential and latest applica-
tions of innovative technology within the
SCM strategies. BDA is also used in a range
of activities which support the supply chain,
including supplier relationship management,
product design, development, demand plan-
ning, inventory, network design, production,
procurement, logistics and distribution. There
are several crucial applications across the end-
to-end SCM, taking in consideration that is
applied in various strategies of SCM, includ-
ing the demand data at the sales department,
retailer data, delivery data, manufacturing
data, and until supplier data. By applying big
data sources and analytics techniques in sup-
ply chain strategy led to various improve-
ments, expansion, and developments. Addi-
tionally, BDA can sustain the development
and improvement of responsive, reliable,
and/or sustainable strategies of SCM and can

be able to operate and incorporate massive
sets of different data in a complex global
SCM.
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