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Abstract: Due to uncertain business climate, fierce competition, environmental challenges,
regulatory requirements, and the need for responsible business operations, organizations
are forced to implement sustainable supply chains. This necessitates the use of proper data
analytics methods and tools to monitor economic, environmental, and social performance,
as well as to manage and optimize supply chain operations. This paper discusses issues,
challenges, and the state of the art approaches in supply chain analytics and gives a system-
atic literature review of big data developments associated with supply chain management
(SCM). Even though big data technologies promise many benefits and advantages, the
prospective applications of big data technologies in sustainable SCM are still not achieved
to a full extent. This necessitates work on several segments like research, the design of new
models, architectures, services, and tools for big data analytics. The goal of the paper is to
introduce a methodology covering the whole Business Intelligence (BI) lifecycle and a uni-
fied model for advanced supply chain big data analytics (BDA). The model is multi-layered,
cloud-based, and adaptive in terms of specific big data scenarios. It comprises business
process modeling, data ingestion, storage, processing, machine learning, and end-user
intelligence and visualization. It enables the creation of next-generation BDA systems that
improve supply chain performance and enable sustainable SCM. The proposed supply
chain BDA methodology and the model have been successfully applied in practice for the
purpose of supplier quality management. The solution based on the real-world dataset and
the illustrative supply chain case are presented and discussed. The results demonstrate
the effectiveness and applicability of the big data model for intelligent and insight-driven
decision making and sustainable supply chain management.

Keywords: big data; sustainable supply chain; business intelligence; analytics; machine
learning; model; cloud computing

1. Introduction
Supply chain networks are becoming increasingly complex due to the fast-changing

and global business environment. Organizations are forced to embrace new business mod-
els, information sharing, integration and coordination, sustainability initiatives, and these
new business practices turned out to be crucial for the global supply chain performance.

Besides traditional SCM practices, supply chains need to consider various social
and environmental factors and also efficiently manage quality, risks, and waste. Supply
chain sustainability can only be achieved by coordinated efforts of all participants and
throughout the entire lifecycles of products and services. Collaboration between supply
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chain participants on sustainability issues can reduce costs, risks, and waste, foster innova-
tions, and improve branding and customer satisfaction. UN Global Compact [1] supply
chain sustainability guide provides concrete steps and actions organizations should take
to achieve supply chain sustainability. It introduces the continuous lifecycle model for
supply chain sustainability that consists of the following phases: commit, assess, define,
implement, measure, and communicate. The model incorporates principles of transparency,
engagement, and governance to each phase and gives special emphasis on supply chain
risks, productivity, and growth. Transparency and information-based decision making can
contribute to less waste, optimized processes, and ultimately greener supply chains [2].

Sustainable initiatives and practices need to make their way into the entire supply
chain. More than 70% of sustainability comes from suppliers, so managing those links and
supplier-related processes can significantly improve supply chain performance. Some of
the main actions supply chains can take include defining global and organizational sustain-
ability goals, coordinated management, and information integration and exchange [3].

Sustainable supply chains imply data integration from various sources and data
analysis, as well as digital collaboration platforms, to achieve a complete view of supply
chain processes and to establish a more effective decision-making framework [4]. Supply
chain intelligence is considered to be one of the key enablers and drivers for sustainable
supply chains. This includes data integration, data processing into valuable information
and knowledge, advanced analytics, and information delivery to decision-makers to take
timely and optimal actions.

SCM enterprise systems are undergoing extensive transformations as organizations
further depend on collaborative business communities to execute complex supply chain
processes. Being such complex networks, supply chains typically generate enormous
volumes of data that are demanding to integrate and analyze. While supply chains are
becoming more and more complex, transiting from linear configurations to interrelated
multi-level cooperative systems of organizations, there are ever-increasing amounts of
data that need to be extracted, stored, managed, and analyzed. Business intelligence
technologies and solutions have proven to be one of the best ways to successfully analyze
such compound systems.

Supply chain intelligence is the application of BI methods, technologies, and best
practices to better understand end-to-end supply chain operations by carrying out dif-
ferent types of analysis on data from organizations, supply chain participants, and other
internal/external data sources (websites, government, social networks, devices, sensors,
etc.). This comprises collecting, processing, analyzing, and managing large volumes of
diverse data about customer relationship management, service, manufacturing, quality
management, order fulfillment, supplier management, transportation, returns, e-commerce,
etc. The goal is to facilitate effective operational, tactical, and strategic business decision
making and provide the organizations with potential actions to improve supply chain
performance [5].

Over the past several years, the way in which organizations integrate, analyze, deliver,
and share their data has been altered significantly. Supply networks need to be more
adaptive, responsive, and agile, which implies the effective management of rapidly growing
volumes of various data and more intelligent decision making [6].

The current global and competitive business environment calls for timely and optimal
supply chain decisions with a shortened analytical cycle—from data capture to insights
and actions. This can be a very challenging task since supply chains typically produce vast
amounts of data, including enterprise resource planning systems, geospatial data, large
volumes of unstructured data (i.e., business documents, e-mails, blogs, and others), multi-
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media (images, podcasting, and videos), social networks, and data created by numerous
machines and sensor networks [7].

SCM business intelligence systems turned out to be incredibly effective in obtaining
useful information and knowledge from various enterprise resource planning systems
(ERP), but lately, many companies have to deal with new issues related to large volumes of
data produced both within the supply chains and externally, data variety (various types of
both structured and unstructured data), and data velocity (very often data are generated
at high speeds and need to be ingested, processed and analyzed in the right time). Most
present analytical systems are not capable of dealing with these new challenges [8].

The main challenges companies face when dealing with supply chain intelligence
initiatives include the following [9]:

• Data silos and integration—Data in the supply chain is often scattered across various
systems and companies, making it difficult to integrate and analyze comprehensively;

• Real-time data processing—Processing and analyzing data in real-time is crucial for
timely decision making but can be technically challenging;

• Scalability issues—As supply chains grow and become more complex, the systems
used to manage them must scale accordingly;

• Technological integration—Integrating new technologies like big data, IoT, and
blockchain with existing legacy systems can be complex and costly;

• Sustainability and environmental impact—There is increasing pressure to adopt sus-
tainable practices and reduce the environmental impact of supply chains.

Conversely, there are significant advancements in technologies such as cloud comput-
ing, in-memory computing engines, NoSQL databases, query languages and frameworks,
parallel data warehousing, Internet of Things (IoT), artificial intelligence, data mining,
visualization, etc. The term big data encompasses many of these technologies, which
provide efficient and cost-effective ways to ingest, store, and process enormous volumes of
data to provide useful information and knowledge for supply chain companies.

Today, supply chains are accumulating vast amounts of disparate data. Most compa-
nies view data as a critical corporate asset and consider data analysis as a very important
instrument for gaining a competitive advantage. Still, only some of them are able to
successfully manage and process these data. Those companies who have successfully
implemented big data and business intelligence in their supply chain management (i.e.,
Amazon, Wallmart, Proctor and Gamble, DHL, Nestle, General Electric, etc.) were able
to enhance efficiency, visibility, and decision making, as well as to optimize supply chain
processes and improve performance better than competitors [10].

Business intelligence systems were seen as an ideal means for data integration and
collaborative analysis. However, due to the proliferation of new technologies and market
pressures, many traditional BI systems are being challenged by today’s data volume,
velocity, variety, veracity, and value (5Vs). Additionally, BI systems should be capable of
handling big data, performing predictive analytics and collaborative decision making via
any device, as well as providing self-service BI capabilities [11].

Supply chain organizations face several vital challenges related to data analytics [12,13],
as follows:

• Data silos—Without a cloud-based model, data often remain siloed within different
departments, hindering comprehensive analysis and decision making;

• Limited scalability—Traditional on-premises systems may struggle to scale up to
handle large volumes of data, leading to inefficiencies;

• High costs—Maintaining and upgrading on-premises infrastructure can be costly and
resource-intensive;
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• Lack of real-time insights—Organizations may miss out on real-time analytics capabil-
ities, which are crucial for proactive supply chain management;

• Security and compliance issues: Ensuring data security and compliance with regu-
lations can be more challenging without the advanced security features offered by
cloud providers.

In order to thrive in a highly concurrent and global business environment, supply
chains need to be agile, responsive, and adaptable. This entails specialized cloud-based big
data analytical solutions that allow companies to respond without delay and to proactively
take optimal actions. These solutions should enable sustainable supply chain operations by
utilizing pervasive, collaborative, and user-friendly BI systems.

Cloud-based platforms offer scalable resources that can handle large volumes of
data from various sources in real time. This is crucial for managing the dynamic and
complex nature of supply chains. Cloud-based models enable real-time data processing
and analytics, which are essential for timely decision making and responding to supply
chain disruptions. They facilitate better collaboration among supply chain partners by
providing a centralized BI infrastructure and tools accessible to all parties. Finally, these
models help in tracking and analyzing sustainability metrics, such as carbon footprint and
resource usage, enabling organizations to implement more sustainable practices [14].

Considering the issues and challenges of contemporary supply chain analytics, the
purpose of this paper is to

• Provide a critical analysis of existing and traditional BI methods, approaches, and
platforms through systematic background research and literature review;

• Examine current trends by analyzing the latest trends and advancements in the appli-
cation of business intelligence and big data analytics within supply chain management;

• Investigate the benefits and challenges associated with implementing BI and BDA
in SCM, including improvements in efficiency, decision making, and overall supply
chain performance;

• Explore how BI and BDA can support sustainable supply chain practices and con-
tribute to sustainable goals;

• Introduce the methodology suited for big data analytics in SCM, as well as the accom-
panying supply chain analytics lifecycle model;

• Present the architecture of the supply chain cloud-based big data system and its main
advantages and benefits;

• Demonstrate the applicability and effectiveness of the proposed BDA methodology,
the model, and the analytical cloud platform.

This paper deals with supply chain business intelligence with an emphasis on big data
analytics systems, technologies, and tools. It examines challenges and new advances in
supply chain intelligence and gives relevant background research on big data developments
related to SCM. The paper presents an iterative and incremental methodology and a unified
model for SCM big data analytics, which encompasses the entire business intelligence
lifecycle. The model incorporates a scalable, flexible, and multilayered architecture with
various big data services, to achieve scalable, adaptable, and performant analytical systems.
Finally, the illustrative big data case related to supplier quality management is presented to
demonstrate the usefulness and advantages of the proposed model.

2. Literature Review
Over the last two decades, the new business climate characterized by globalization

and ever-increasing competitiveness has forced organizations and business networks to
heavily invest in SCM enterprise information systems and digital services, in order to stay
competitive and achieve sustainability. Even though these systems proved to be critical for
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supply chain performance, they did not deliver full business value. Those systems were
mostly transactional with a focus on the operational business view. The main deficiency
was related to the lack of end-to-end supply chain analytical features, which resulted in
isolated decision making and nonoptimal actions.

Many existing approaches to BI proved to be inadequate when challenged with big
data features: variety of data types, data integration, master data management (MDM),
new data modeling and querying techniques, metadata management, costs, and adequate
knowledge and skills [15]. The variety, velocity, and volume of big data have significantly
influenced supply chain business intelligence and analytics. New trends and technologies
such as real-time analytics, machine learning, and data science are now becoming an
integral part of BI solutions [16].

Present supply chain BI systems face several challenges, as follows [17]:

• Data volume—supply chains generate huge volumes of data that come from numerous
sources, and companies need specialized tools to store and process those data;

• Data variety—besides structured data, there are various forms and types of unstruc-
tured data;

• Data velocity—data are being produced and ingested at high speeds, which causes
new challenges for storing and analyzing data;

• Right-time analysis—having the right information at the right time becomes a necessity
and a form of competitive advantage. Still, most supply chains lack infrastructure,
services, tools, and apps for real-time or right-time analysis;

• Management and operations—big data systems are one of the most complex IT systems
that are very challenging to design, deploy, and operate. Supply chains require not
only more simple, scalable, and flexible infrastructures and platforms but also less
costly and easier-to-manage services, such as those available in the cloud.

Existing models and methodologies for supply chain management often fall short in
addressing the specific needs of sustainability, as follows [18,19]:

• Lack of comprehensive sustainability metrics—Many traditional models focus primar-
ily on economic efficiency and operational performance, neglecting environmental and
social dimensions. There is a need for models that integrate economic, environmental,
and social metrics comprehensively;

• Inflexibility and rigidity—Traditional supply chain models are often rigid and inflexi-
ble, making it difficult to adapt to the dynamic requirements of sustainability practices
and regulatory changes;

• Data silos and integration challenges—Existing methodologies often struggle with
integrating data from diverse sources, leading to fragmented insights. There is a
significant gap in the integration of diverse data sources and the use of advanced
analytics;

• Limited use of advanced analytics—Many traditional models do not leverage ad-
vanced analytics, such as machine learning, big data, and AI, which are crucial for
predictive and prescriptive insights;

As supply chain management is becoming increasingly complex, organizations are
employing big data analytics to manage and coordinate end-to-end supply chain processes.
BDA can improve supply chain performance by supporting business model enhancements,
facilitating improved operations, and improving tracking capabilities. With big data
technologies, companies are now able to mine information from both internal and external,
structured, and unstructured data sources and provide supply chain insights that were
formerly unattainable.
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Big data are not related to a single technology but rather a blend of existing and some
new technologies that can provide valuable intelligence for more efficient and effective
supply chain management. This requires the capabilities to collect, store, integrate, and
analyze increasing volumes of diverse data, at the right speed, while providing collaborative
right-time analysis and actionable insights for decision-makers. In order to successfully
realize these capabilities, new infrastructure, services, models, apps, and tools are needed.
This includes new breeds of data warehouses and other data stores, new ways to extract,
transform, and combine data, and new ways to query, analyze, visualize, and deliver data
and information [20].

Some supply chains have experienced positive effects of big data projects: improved
customer service levels, more efficient order fulfillment, enhanced demand–supply balanc-
ing, better responsiveness, agility, and problem-solving, optimized supply chain operations,
and improved integration and visibility throughout the supply chain. But most early
adopters have been less successful in producing such positive results from their projects.
Holistic, supply chain-wide big data initiatives and solutions can involve high risks and
substantial costs, so they need to be carefully planned, coordinated, and executed.

Supply chain sustainability can be improved by using big data analytical systems
to reduce risks and uncertainties [21]. By applying big data analysis with unstructured
data, the supply chain can improve resilience and enable sustainability. One of the studies
showed that big data analytics can enhance sustainable supply chain management of
manufacturing supply chains [22]. In recent years, numerous frameworks have been
developed to enhance sustainability management within supply chains. However, these
frameworks often exhibit various limitations. To address these gaps, a comprehensive
framework for sustainable supply chain management was introduced, encompassing
six key dimensions: methodology, organization, stakeholders, maturity model, human
resources, and technology [23].

Regardless of the recognized benefits of big data analytics, many supply chains have
faced difficulties in adopting it. Studies show that the main obstacles include large invest-
ments, lack of suitable frameworks and methodologies, inadequate infrastructures and
architectures, as well as issues with information delivery and decision making [24].

There are also examples of successful implementation of big data solutions that demon-
strate process improvement opportunities in various supply chain areas, as follows [25]:

• Big data solutions support integrated supply chain planning by making more respon-
sive networks through a better understanding of partners and customers;

• The Internet of Things can supply various real-time telemetry data that can expose
process details, while machine learning can be used for making predictions and
uncovering hidden trends and patterns;

• Big data solutions can also improve distribution by utilizing various data sources
(GPS, weather, traffic, logistics, etc.) to dynamically plan and optimize delivery;

• Supply chain risks can be mitigated by adopting proactive planning;
• Big data and BI systems can be applied in various supply chain processes [26];
• Planning—The processes associated with balancing demand and supply, developing

and communicating supply chain plans, performance management, and alignment
with overall business strategy;

• Sourcing—This includes processes related to purchasing, inbound transportation,
receiving, storage, and transfer of materials, semi-products, products, and services;

• Production—This involves processes related to engineering, production planning,
shop-floor control, quality management, materials requirements planning, assem-
bly, etc.;



Sustainability 2025, 17, 354 7 of 26

• Delivering—The processes related to sales, order fulfillment, finished product ware-
house management, shipping, etc.;

• Reverse logistics—This includes processes associated with returning defective prod-
ucts to suppliers, as well as receiving returns of finished products from the customers.

Zhan and Hua proposed an integrated analytical infrastructure to enhance supply
chain performance by utilizing various big data sources and analytical services [27]. The
results obtained from the sports equipment manufacturing company demonstrate how
adequate big data analytical infrastructure can integrate information silos, provide an
integrated viewpoint of the company’s operations capabilities, and facilitate decision
making by data visualization.

Surveys show that 64 percent of supply chain executives view big data technologies as
game-changing, but also view them as the cornerstone for future supply chain management
and optimization [28]. Furthermore, 97% of supply chain managers state that their supply
chains would benefit from big data systems, but only 17 percent confirmed implementing
big data analytical systems within supply chain operations [29]. The main reasons include
a lack of concrete value propositions and mature methods, as well as high risks.

Supply chains that put specific big data systems into operation have attained many
concrete benefits, as follows [30]:

• Improved customer relationship management;
• More agile and responsive supply chain;
• Enhanced supplier and customer relationships;
• Increased efficiency and performance of supply chain operations;
• Higher level of integration throughout the supply chain;
• Better production planning, execution, and quality management;
• Optimization of warehousing activities and inventory management;
• More effective decision making;
• Higher level of sustainability.

During the last several years, big data analytics has become one of the most discussed
topics among academics and supply chain practitioners. By studying existing research
developments, it is possible to assess current findings and establish future research and
development directions. Based on the systematic literature review, Nguyen et al. developed
a classification framework based on four research themes: SCM areas in which big data has
been applied, the level of analytics, types of big data models, and techniques deployed [31].
The study shows that most research is focused on single companies without an integrated
view of supply chain processes and without holistic utilization of modern technologies
such as cloud computing, IoT, data science, and internet technologies. It provides an
indication of a positive relationship between the adoption of cloud computing use in
process/activity integration, technology/system integration, and the integration of supply
chain participants.

Wamba and Akter give a comprehensive literature study of big data analytics in supply
chain management [32]. They provide main research guidelines and identify areas where
BDA could have most effects on supply chain operations. These include establishing new
methods and models for the design and development of BDA systems, as well as concrete
BDA applications for improved decision making. Waller and Fawcett stress the need for
further research related to data science, predictive analytics, and big data, especially in
areas such as inventory management, transportation, supplier and customer relationship
management, and forecasting [33].

One of the most important steps is to identify the right supply chain processes for
big data applications. Those processes are typically data-intensive and critical for supply
chain operations. Big data systems need to add concrete value in terms of improved
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performance based on better decision making. Big data analytics can be utilized to enhance
demand/supply planning and management, sourcing build-to-stock and build-to-order
products, production scheduling and execution, warehouse and inventory management,
transportation, delivery, and return processes. The study conducted by Roßmann et al.
implies that BDA can improve demand forecasts, reduce safety stocks, and improve supplier
relationship management performance [34]. Niu et al. proposed an intricate supply chain
demand forecasting method based on graph convolution networks that showed better
accuracy compared to traditional demand forecasting algorithms [35]. Ali et al. used the
balanced scorecard methodology and artificial intelligence approach with artificial neural
networks to enhance the prediction accuracy of supply chain performance metrics [36].

Although many companies have leveraged big data analytics capabilities to improve
supply chain performance, the means by which they have achieved these capabilities are
not well documented in the existing literature. For this reason, a stronger focus needs to
be placed on recognizing the capabilities required to extract information and knowledge
from big data. Arunachalam et al. introduced a maturity model that is conceptualized
around five dimensions of BDA capabilities, specifically data generation capability, data
integration and management capability, advanced analytics capability, data visualization
capability, and data-driven culture [37].

Big data technologies are also changing the way companies manage inventories
throughout the supply chain. There are examples of innovative companies that are using
data from various data sources combined with optimization and prescriptive systems for
more automated and intelligent decision making regarding inventory management. These
tools can provide right-time performance information and feedback on the effectiveness of
certain strategies [38].

Besides many potential benefits, there are still several main challenges for effective
data-driven supply chain big data analytics, as follows [39]:

• End users and customers have increasing expectations from big data analytics;
• BDA cost efficiency and optimization;
• Compliance, security, and risk management and monitoring;
• BDA systems need to provision supply chain traceability and sustainability;
• In today’s unstable business environment, BDA systems should enable better supply

chain agility, flexibility, and adaptability.

Another important aspect of successful big data solutions is collaborative capabilities.
Connectivity and information sharing have proved to be sone of the important factors for
effective big data analytics and have ultimately improved supply chain performance [40].
For this reason, technologies such as web portals, enterprise social networks, mobility,
and similar collaboration and communication services and tools are becoming critical for
collaborative planning and decision making in supply networks.

BDA systems for supply chain management also require significant investment in
cloud infrastructure and platforms, including servers, storage, computational resources,
and analytical tools. Many organizations opt for cloud-based solutions to leverage scalabil-
ity and flexibility. Cloud services offer pay-as-you-go models, which can be cost-effective
compared to on-premises solutions. These services typically offer a higher level of avail-
ability and security. They provide the computational power needed to run complex data
pipelines, data processing queries, and machine learning models. The upfront costs for
setting up big data infrastructure can be substantial, including hardware, software licenses,
and implementation services. Cloud-based solutions can help mitigate some of these costs
by offering scalable pricing models. Hiring skilled data scientists and analysts, as well as
training existing staff, adds to the overall cost but is crucial for maximizing the benefits of
big data analytics [41].
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On the other hand, BDA can significantly improve supply chain efficiency by optimiz-
ing inventory management, reducing lead times, and enhancing demand forecasting. By
identifying inefficiencies and optimizing processes, supply chains can achieve substantial
cost savings. Access to real-time data and advanced analytics enables better decision
making, leading to improved supply chain performance and competitiveness. Additionally,
improved supply chain visibility and responsiveness can enhance customer satisfaction by
ensuring timely delivery and better service levels [42].

Even though there is a lot of hype around various data analysis approaches such as big
data, data science, business intelligence, predictive analytics, and others, academic studies
related to applications of these approaches in SCM are still emerging. More concrete and
rigorous research in this area needs to be carried out. Most of the articles study the general
capacities of big data in SCM, as well as potential applications and values. Regardless of
the advancements in information technologies and evident demands from the industry,
methodologies, models, and software solutions related to big data analytics are yet to be
studied and examined.

All these aspects combined point toward a necessity for a holistic approach to big
data supply chain analytics with a specifically defined model and platform with a concrete
combination of business intelligence and big data technologies that provide necessary
flexibility, scalability, integration, collaboration, and security along the supply chain.

In the following sections, the unified supply chain big data model, the software
architecture for SCM big data systems, as well as the example of a big data analytical
system built using the proposed approach are presented.

3. Methodology and Model for Big Data Analytics
Although big data systems comprise many technologies and tools, the main emphasis

of supply chain BDA is associated with questions, values, ideas, and innovations. They
need to provide concrete and actionable insights to improve supply chain operations and
sustainability. For this to be achieved, supply chains need to have a clear sustainability and
business strategy and goals, adequate methodology for implementing BDA solutions, and
the right combination of technologies.

3.1. Supply Chain Big Data Methodology

Supply chain big data projects require careful planning and execution due to substan-
tial complexity, high risks, regulatory requirements, and significant investments. They
demand an approach that is different from traditional BI projects. When it comes to
supply chain BDA, the challenges related to data heterogeneity and quality, timeliness, pri-
vacy, collaboration, and flexibility are even more expressed when compared to traditional
BI systems.

Big data methodology usually involves a complex work breakdown structure with
multiple phases with many subphases/subtasks that are carried out both sequentially and
in parallel. The iterative and incremental method for designing and implementing BDA
solutions, which comprises steps related to technology (infrastructure), data management
(extraction, transformation, data modelling, etc.). and data delivery (reporting, visualiza-
tions, and collaboration) is proposed. Because of the complexity of supply chain processes,
data speed, scale, and variety, an incremental method is proposed that involves progressive
design, modification, and extension, instead of designing the entire BDA system at once [43].
The incremental nature of development cycles also plays a large part in reducing the risks
related to BDA projects. This reduction in risk is perhaps one of the most significant factors
for large companies that are skeptical about the potential business value of BDA projects.
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Figure 1 shows an overall scheme of the proposed BDA methodology for executing
iterative and incremental big data projects. After the use case analysis, steps 2 to 6 should
be carried out iteratively through several design cycles. During each cycle, designers and
analysts should incrementally include more data, apply various data modeling techniques,
or add more analytical reports that are needed for solving particular supply chain problems.
These iterations should ultimately result in an adequate solution that is agreed between
designers, business analysts, stakeholders, and users. After deployment, these solutions
should be periodically monitored for accuracy and quality and improved as needed.
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Figure 1. Methodology for big data analytics.

The first phase is to analyze supply chain processes and evaluate the business case.
This involves problem identification, specifications of business requirements, and initial
data gathering and exploration. This should result in specific analytical goals and point
toward the type of analytical solution that should be built (data exploration, predictive
analytics, performance monitoring, stream analytics, etc.).

In the next phase, business analysts and designers should create illustrative use
cases and carry out fit-gap analysis through several iterations, thus creating a detailed
specification of the business hypothesis together with suitable infrastructure, data, and
software needs.

The third phase includes defining appropriate analytical techniques/methods for
solving supply chain problems. The type of analytical technique depends on the business
problem, and it can be segmentation, prediction, association, what-if analysis, etc.

The next step is to create suitable quality datasets that will be used by analytical
models and algorithms. This is a major challenge due to the complexity, heterogeneity,
and scale of supply chain data. Data from the identified data sources (structured and
unstructured) need to be extracted, transformed, and loaded into appropriate data stores
(data warehouses, Spark-based datastores, events hubs, etc.). Metadata management is
critical for big data projects, especially when transforming data. Supply chain metadata
repository (centralized or distributed) ensures better data consistency and value extraction.
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The following phase comprises building analytical models and developing proto-
type solutions using smaller data samples. This assumes experimenting and gradual
refinement through several iterations. After the successful evaluation of the results, the
production-ready system capable of handling the scale of big data should be established.
Here, infrastructure and cluster configurations should be specified, along with a combi-
nation of big data tools and technologies for each analytical segment (ingestion, storing,
analysis, and reporting). For supply chain BDA systems, it is critical to equip end users with
intuitive and useful tools that enable them to explore data, gain insights, and take action.

The final stage is to monitor and measure the effectiveness of the BDA solution and
make appropriate adjustments. Establishing the feedback mechanism is essential for
continuous improvement in the BDA solutions.

The presented methodology differs from most existing BI methodologies because it en-
compasses the whole analytical life cycle, starting from project initiation and requirements
analysis, all the way to system deployment, monitoring, and improvement. It features
an iterative approach where knowledge from each iteration is used to improve system
design in the next pass. The methodology is also flexible enough to support the design and
development of various supply chain BDA systems.

In order to accommodate such flexibility and different types of processing tasks, it is
necessary to define suitable big data models and supporting infrastructure that will enable
the design and composition of various analytical applications.

3.2. Supply Chain Big Data Lifecycle Model

Technologies cannot be undervalued since they are the key enablers for achieving the
goals of supply chain big data systems, process optimization, and improvement, as well
as innovations in products and services. Since supply chain processes are very complex
and each organization can have specific requirements and technological constraints and
needs, analytical requirements can vary significantly. Therefore, big data architecture
should be layered (provide services for data ingestion, transformation, modeling, analytics,
and delivery) and be flexible to support various analytical scenarios, as well as enable
future additions.

To surpass the key shortcomings of present supply chain business intelligence systems
and to solve the main challenges of big data analytics in SCM, a unified multi-layered
supply chain BDA model is proposed. The model incorporates cloud-based infrastructure,
platforms, services, and tools for data ingestion, ETL (extract, transform, and load), storage,
processing, analysis, and reporting. It has been designed to integrate with existing business
intelligence and collaboration systems. It is based on the supply chain process metamodel,
with process metrics and best practices for actions and improvements. The model includes
a flexible supply chain process, data modeling approaches, and a multi-layered system
architecture that supports the design and development of composite BDA systems. Supply
chain process modeling, metrics, and best practices are based on the standard supply chain
operations model (SCOR), which provides necessary standardization and interoperability
for analytical information systems. This way, supply chain participants can use the entire
set of analytical platforms, which lets them use the suited services and tools for the right
analytical job when developing big data systems.

Figure 2 illustrates the architecture along with the main layers and services.
As the model relies on a variety of cloud services to achieve its scalability and per-

formance requirements, the choice of cloud provider is flexible (it is compatible with the
analytical services of leading cloud providers); the model can also be deployed in a variety
of environments (supply chain can decide to use public, private, or hybrid clouds).
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One of the most important steps in the supply chain analytics lifecycle is data in-
gestion and preparation for further data processing and analysis. The data integration
and analytics layer handles a variety of data types (relational, unstructured, streaming,
OLAP (On-Line Analytical Processing), etc.) and data sources (ERP, SCM, B2B platforms,
e-commerce websites, third-party logistics providers, sensors and IoT networks, etc.) via
managed cloud ETL services. These services enable data-driven workflows and pipelines
for data orchestration and transformation at scale. Data pipelines can be used to perform
various data transformations and data flows through a range of predefined or custom-built
connectors for various supply chain data sources and services and to design complex ETL
workflows with advanced control flow logic that can move or refresh large volumes of data.
Data pipelines can be also used for incorporating DevOps practices such as continuous
integration and continuous delivery (CI/CD) workflows within the BI lifecycle model.
This means that the process of development, testing, and deployment can be automated
significantly, resulting in better data quality, faster delivery, and efficient decision making.

Data storage and processing are based on the massively scalable cloud Data Lake
technology with supplementary services that enable more options for data querying and
modeling. Data Lake includes HDInsight clusters as a managed service in the Kubernetes
Service infrastructure. This enables various analytical engines (Spark, Storm, Kafka, HBase,
etc.) to run side-by-side. Data can be queried by standard languages and data sciences
frameworks, as well as with specialized U-SQL query language that enables the parallel
execution of map-reduce style programs. Raw and existing supply chain data can be queried
directly via DirectQuery technology, always providing current reports and eliminating
the need for data import. The analytical services include various data analytical engines,
models, and schemas. These involve data exploration, machine learning (predictions,
segmentation, pattern recognition, etc.), and performance measurement models.

The visualization layer delivers insights to appropriate users via reports, dashboards,
and advanced analytics such as self-service BI, natural language processing, performance
management, and collaborative decision making. The main element of this layer is a
dedicated business intelligence portal, which serves as an integrated analytical front-end,
with various analytical and visualization services and features for planning, collaboration,
sharing, and actions.

The introduced BDA model unifies methods, processes, services, and tools into the
integrated big data system. Using the presented cloud services, supply chain member
companies can gather, store, and manage data from various sources and in various for-
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mats and then process and transform that data in accordance with specific analytical
requirements. This enables integrated, timely, and transparent monitoring of operational
and sustainability key performance indicators, as well as more optimal decision making
and actions.

4. Cloud-Based Big Data Solution—Results and Discussion
To demonstrate the applicability and effectiveness of the proposed supply chain big

data model, the concrete cloud-based analytical system was designed. Furthermore, a
supplier management solution based on the real-world dataset and using the described
big data methodology was designed, developed, and deployed. The main results and
advantages are further presented and discussed.

4.1. Supply Chain Big Data Analytical System

The proposed supply chain BDA model requires the careful selection and composition
of various analytical services in order to support a variety of analytical scenarios. Figure 3
shows the general architecture of the real-world big data system for supply chain analy-
sis. The architecture is cloud-based (Azure platform) and provides necessary adaptivity,
flexibility, extensibility, scalability, and security.
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The first layer includes several cloud-based data management services such as data
gateways, data catalogs, ETL workflows, and big data streaming. ETL jobs for data
extraction, cleansing and import, and event hubs act as a scalable data streaming platform
capable of ingesting large amounts of high-velocity data from sensors and IoT devices
throughout the supply chain.

Event Hubs is a real-time data streaming platform-as-a-service with distributed archi-
tecture and low latency. It is based on the Apache Kafka engine and capable of ingesting,
buffering, storing, and processing data streams in real time. This service utilizes a parti-
tioned consumer model, which allows concurrent processing of many data streams. This is
useful in supply chain scenarios where many companies can stream data simultaneously.

The Data Factory service enables the serverless creation of both ETL end ELT (Extract,
Load, and Transform) data-driven pipeline workflows to ingest, prepare, transform, and
process data from various supply chain data sources. Workflows and individual data
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tasks can be saved as templates and reused as needed since supply chain participants can
have matching or similar data integration scenarios. These reusable ETL workflows can
be utilized across multiple semantic data models and reports by different supply chain
organizations. Data pipelines can also be used for ingesting data into a single data lake,
allowing it to be accessed by other cloud analytics services. This single source of truth can
be utilized for integrated and coordinated analysis and decision making throughout the
supply chain. Furthermore, through the Lakehouse approach, supply chain data sources
are abstracted, which eliminates the need for direct access to data sources and facilitates
access control and security management.

For scenarios where companies want to keep their data sources in-house, it is possible
to install on-premises data gateways and connect them (register) to the single cloud data
gateway via an encrypted connection. The cloud data gateway provides data to other
services such as those for ETL (data pipelines) and analytics.

Furthermore, the global supply chain data catalog was deployed in the cloud. This is a
specialized cloud-managed common data service that allows clients to discover, understand,
consume, and extend data models. The data catalog is based on a crowdsourcing model
of semantic metadata, annotations, entities, attributes, and relationships and enables all
supply chain information workers to add their expertise to build suitable data models
that can be reused and integrated into specific analytical applications and services. The
idea is to achieve structural and semantic consistency and to simplify the integration and
disambiguation of data since supply chain data sources and schemas are typically diverse.

Data Factory pipeline workflows can further store data in various big data stores,
depending on the specific data tasks and data formats: Data Warehouse, Data Lake, Blob
storage, OneLake, or some other cloud-managed NoSQL storage. Data Lake is a highly
scalable and performant service capable of storing data of any size, speed, and shape. It
can store transformed or original data that can be later loaded into a data warehouse or
some analytical service for processing. Blob storage can be used for unstructured supply
chain data such as documents, images, audio, or video. It supports controlled data sharing,
so each supply chain consumer can access only authorized data. OneLake is a unique,
unified, and logical data lake ideal for supply chain data storage scenarios. It provides
a single copy of data and data items (data lakes, data warehouses, etc.) that can be used
by various analytical engines thanks to the open data format. OneLake also supports the
shortcuts, which enable data fusion from various cloud systems and supply chain data
sources, without the need for data copying and duplication.

Data Warehouse is a cloud-managed service that provides a single version of truth
for the whole supply chain. Staged data from the Blob storage can be transformed and
cleansed data using Databricks (cloud-based Apache Spark engine) and imported into the
data warehouse. The main benefits include data integration (structured and unstructured),
mature modeling methods and tools, and consolidated semantic data structure. This
enables faster and easier data analysis and visualization.

Data from big data stores can be used directly for reporting and visualization, but
it can also be used for advanced analytics. Data lake analytics enables the creation and
execution of on-demand analytical jobs without special servers or virtual machines. It can
consume data from the data warehouse, data lake, or Blob storage.

Machine learning services can be used to design, deploy, train, automate, manage,
and track machine learning models. These models derive new knowledge via predictions,
segmentation, pattern recognition, or associations and enable supply chain managers to
make better decisions based on insights. Stream analytics is a complex event-processing
engine whose purpose is to process large volumes of high-velocity streaming data from
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multiple supply chain sources. The data can come from various supply chain telemetric
systems, e-commerce websites, geospatial systems, social networks, etc.

Lastly, information and knowledge obtained from previously described analytical
services and models should be supplied to information workers at the right time and in the
right format. In this context, a specialized BI web portal is employed. The portal serves as a
single point for data analysis, reporting, and collaborative decision making. For advanced
analytics, BI portals and other analytical apps can be further enhanced with intelligent
cognitive services such as natural language processing (NLP), computer vision, and speech
processing or integrated with bot frameworks for automatic or semi-automatic planning
and decision making in the form of digital assistants.

4.2. Illustrative Supply Chain Supplier Management Big Data Analytical Solutions

Sourcing costs typically account for more than 70% of total costs in industry-related
supply chains. Analytical systems can be highly beneficial for more efficient and effective
supplier management. Tracking supplier performance and product/parts quality can
lead to process optimization, higher quality throughout the supply chain, and significant
cost reduction.

To demonstrate the proposed big data methodology, model, and system architecture,
a supply chain big data analytical solution supplier relationship management analysis was
designed. An anonymized supplier relationship management dataset from a real-world
supply chain was used [44]. It contains data from 24 manufacturing factories and from
several states. Additional data were integrated from various available sources (i.e., maps).

The proposed iterative and incremental big data methodology was used to manage all
the steps required for such an analytical solution, as follows:

• Analysis and evaluation of supplier relationship management use cases;
• Developing the business hypothesis with illustrative use cases and data exploration

and gathering;
• Identifying appropriate analytical techniques, methods, and tools for solving supply

management analytical requirements;
• Design of the big data architecture and implementation in the cloud environment;
• Data preparation, extracting, cleansing, transformation, and loading;
• Building the concrete analytical models, testing, and validation;
• Information visualization through the design of the dashboards and reports;
• Deployment of models and reports to the cloud analytical services, including the data

warehouse and the BI portal;
• Monitoring and evaluating the effectiveness of the solution and providing feedback

for further improvements.

Based on the presented supply chain analytics lifecycle model and the general big
data solution architecture, the concrete big data solution that includes data ingestion,
transformation, storage, analytical processing, and visualization was designed.

Data from several data sources such as relational databases, files, and web APIs, is
ingested via cloud Data Factory workflows into the Data Lake Store in the form of related
entities of the Data Catalog (Common Data Model). The main dataset with operational data
is retrieved via on-premises and cloud gateways, with auto-refresh capability. Using the
Data Factory jobs, data from the data lake store is then transformed, cleansed, and loaded
into the cloud-managed Azure Data Warehouse with the predefined multidimensional data
model, including dimensions, measures, cubes, and key performance indicators (KPIs).
The data warehouse serves as a centralized and integrated supply chain analytical data
store. This ensures the required data quality, reporting consistency, and better performance.
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Using the Azure Databricks (Apache Spark-based analytics engine) workflows, data
from the Data Warehouse are extracted, prepared, and sent to cloud machine learning
services for processing and then to the cloud-based business intelligence service for ad-
vanced insights.

BI service and the BI web portal are used for information visualization from the Data
Warehouse and Databricks and collaborative analysis and decision making. They support
self-service BI and integration with cloud cognitive APIs (Application Programming Inter-
faces) and services, such as those for automated decision making and language processing.

Considering the specifics of the supply chain (different companies, data sources,
inability to alter existing systems, etc.), an abstracted multidimensional data model with
dimensions, metrics, and key performance indicators was created. This data model is ideal
for supply chain analytical scenarios, and it is part of the unified BI semantic model [11].
Figure 4 presents the segment of the multidimensional data model, one of the analysis
services cubes, with dimensions, facts (metrics), calculations, and KPIs.
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This kind of data structure enables better performance due to a star schema, pre-
processed aggregations, and an in-memory column store engine. Furthermore, the rich
semantic model ensures modeling consistency for the supply chain and provides a unified
base for end-user reporting where different systems (BI portals, desktops, or mobile apps)
can consume analytical artifacts from a single place. It is also suitable for other analytical
tasks, such as self-service BI or machine learning experiments.
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Different cubes (models) can be designed to fit specific analysis tasks and to facilitate
access control and authorization. The same dimension/measure/KPI can be used in
different cubes, thus providing master data management throughout the supply chain. Fact
entity contains various metrics (related to downtime and defects) and dimensions (date,
plant, vendor, category, etc.). The data model enables various analyses and performance
monitoring related to supplier quality and plant operations (defects and downtime). This
way, many of the existing BI solutions or artifacts can be reused or directly migrated to the
cloud for better performance and manageability.

A variety of analytical reports are designed using various business intelligence tech-
nologies, services, and tools. The most important BI artifacts (dashlets, i.e., reports, spread-
sheets, charts, maps, etc.) are combined within several dashboard web pages. Figure 5
shows the dashboard page with various dashlets, which present information in various
forms and from various data sources.
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As a result of automatic data refresh and high-speed querying (high-speed in-memory
storage), it is possible to monitor actual KPIs and take proactive actions. Reports and
dashboards can be adequately displayed on mobile devices, thus enabling users to track
information and from any device and any place.

The dashboard is designed with dashlets and scorecards that are associated with
drill-down reports to provide further information exploration and analysis and ultimately
better information-based decision making. For instance, if an employee needs to analyze
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how factories manage and handle faulty materials and interruptions, by selecting the map
dashlet (as well as some other web page segments), it opens another dashboard page
(shown in Figure 6), which can be applied for further drill-down analysis and filtering in
order to obtain valuable knowledge about supplier quality and production management
and take corrective actions based on the SCOR best practices.
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The report consists of various types of dashlets, and it is designed in such a way that
quality managers can quickly obtain general insights. For instance, the analysis shows that
some materials have fewer defective parts but they can cause a huge delay resulting in
larger downtime. By analyzing the total downtime minutes information and the downtime
by type of material, it can be observed that corrugated materials have fewer defects but
cause the most downtime, whereas raw materials have the most defects and also cause
significant downtime. Additionally, by selecting the Corrugate column in the chart, users
can see which factories are impacted most by this defect and which vendors are most
responsible. Supplementary analysis can be performed by selecting a specific factory in the
map dashlet to understand which vendor or material is responsible for the interpretations
at that factory.

Additionally, the monthly downtime analytical chart shows monthly downtime where
information can also be dynamically filtered by selecting a specific month (by filtering a
single chart, other chart data on other charts is automatically filtered). From the chart, it can
also be seen that the most downtime has been in October and that the raw materials cause
the most downtime. This information can be associated with the supplier that delivered
most of the raw materials that month. Quality managers can inform the supplier, which
can further analyze its processes and thus collaboratively analyze problems and perform
actions. Furthermore, information can be observed by category parts, year, and defect type.

Most of the existing BI systems do not provide users with intuitive, flexible, and
customizable analytics. The presented big data system provides advanced self-service
BI capabilities. Thanks to the designed multidimensional data model, it is possible to
dynamically filter data by various dimensions (i.e., defect type, plant, vendor, year, process
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category, etc.) and change existing dashlets (select different dimension attributes, metrics,
and KPIs or change visualizations).

Also, this data model enables users to ask questions using natural language queries as
shown in Figure 7. The system uses a data schema and the cloud-based natural language
processing API to intelligently filter, sort, aggregate, group, and display data based on the
keywords in question (underlined in yellow color), thus enabling more user-friendly and
intelligent interaction. The results can be saved and pinned to the dashboard, so knowledge
can be shared with other employees and partners.
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Based on the analysis, users can share certain reports or dashboards with co-workers
in charge of a particular plant, department, or process. The presented BI portal is inte-
grated with the enterprise collaboration platform, so users can easily find relevant persons,
share information, communicate (chat, video), collaboratively analyze processes, and take
necessary actions.

Additionally, users can subscribe to relevant reports or dashboards and be notified
by e-mail at certain times. It is also possible to create automatic alerts so that users are
immediately notified when certain metric passes the defined threshold.

The data model and the BI portal framework enable further development and exten-
sions to the supplier quality analysis. For example, it is possible to add new reports or
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create even machine learning models (upon existing multidimensional models) for making
predictions, pattern recognition, etc.

Even though the presented big data analytical solution provides advanced reporting,
self-service BI, and exploratory analysis, additional knowledge can be derived by incorpo-
rating machine learning models. For this purpose, several machine learning models are
designed to provide more advanced insights, which include discovering hidden patterns,
trends, outliers, and key influencers, as well as correlations and predictions. Machine learn-
ing models can be applied for the entire dataset, or scoped for the particular dashlet (tile),
so the user can gain more focused insights. Figure 8 shows segments of the automatically
derived knowledge from the supplier dataset.
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Based on the machine learning models, different types of new knowledge can be
obtained. For example, it can be noticed that two vendors have noticeably more defects
in the Mechanical category. The Logistics and Mechanical categories have noticeably
more factories when it comes to the “No Impact” defect type. The “Bad Seams” type
of defect caused most of the downtime. The maximum downtime was for defect type
“Rejected” and for “Packaging” and “Mechanical” categories. The time series outliers
machine learning model detected the total defect quantity outliers for the raw materials.
Raw materials accounted for the majority of vendors for the “No Impact” defect type.
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Decision-makers can use this derived knowledge and insights to make smarter decisions
and take appropriate actions.

In order to make the design more efficient and to allow reuse, specialized BI packs have
been created. These BI packs are special types of apps that contain datasets, workbooks,
reports, and dashboards. These elements can be published to the supply chain-wide BI
pack library and securely shared and reused throughout the supply chain, as well as
customized or extended. This enables faster deployment, consolidated reporting, and
single-point maintenance.

It is possible to create different workspaces (with reports, dashlets, dashboards,
datasets, spreadsheets, etc.) for specific analytical processes and business segments (depart-
ment, company, or supply chain), where developers and business users can collaboratively
design BI artifacts. These artifacts can also be embedded (reused) via web portal API by
supply chain companies in their own information systems, thus creating flexible composite
BI apps.

The presented BDA supplier management solution can be used for more informed,
real-time, knowledge-based, and predictive decision making. Managers can take timely
and proactive actions to decrease costs, minimize defects and production downtime, and
monitor suppliers’ performance.

Implementing the proposed cloud-based big data analytics model can significantly
transform supply chain management, making it more efficient, sustainable, and re-
silient. The main practical implications for sustainable supply chain management include
the following:

• Enhanced decision making

o Implication: Real-time data processing and advanced analytics enable more
informed and timely decisions.

o Benefit: Organizations can quickly respond to supply chain disruptions, optimize
inventory levels, and improve overall efficiency.

• Cost efficiency

o Implication: Cloud infrastructure reduces the need for significant upfront invest-
ments in hardware and maintenance.

o Benefit: Lower operational costs and the ability to scale resources as needed
without large capital expenditures.

• Improved collaboration

o Implication: A centralized cloud platform facilitates better data sharing and
collaboration among supply chain partners.

o Benefit: Enhanced coordination and communication lead to more synchronized
and efficient supply chain operations.

• Sustainability tracking

o Implication: The model provides tools to monitor and analyze sustainability
metrics.

o Benefit: Organizations can implement more sustainable practices, reduce envi-
ronmental impact, and comply with regulatory requirements.

• Scalability and flexibility

o Implication: Cloud-based solutions offer scalable resources that can handle large
volumes of data from various sources.

o Benefit: The ability to adapt to changing business needs and scale operations
efficiently as the supply chain grows.

• Risk management
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o Implication: Advanced analytics can predict potential risks and disruptions in
the supply chain.

o Benefit: Proactive risk management strategies can be developed, reducing the
impact of unforeseen events.

• Enhanced customer satisfaction

o Implication: Improved supply chain visibility and efficiency lead to better service
levels and faster delivery times.

o Benefit: Higher customer satisfaction and loyalty due to reliable and timely
product availability.

• Data-driven innovation

o Implication: Access to comprehensive data analytics fosters innovation in supply
chain processes and strategies.

o Benefit: Continuous improvement and the ability to stay competitive in a rapidly
evolving market.

4.3. Future Research Directions

Based on the background research of big data analytics and the proposed methodology
and the model for supply chain BDA, the following main research directions can be defined:

• Real-time data integration—Investigate methods for integrating real-time data from
diverse sources (e.g., IoT devices, social media, market trends) into supply chain
management systems and assess the impact of real-time data on supply chain visibility
and responsiveness;

• Predictive analytics and machine learning—Explore the use of predictive analytics and
machine learning models to forecast supply chain disruptions and demand fluctuations
and evaluate the effectiveness of these models in improving supply chain planning
and risk management;

• AI applications—Examine the potential of generative AI for creating synthetic data
to enhance supply chain simulations and scenario planning. Investigate how gener-
ative AI can be used to optimize supply chain designs and processes by generating
innovative solutions and strategies. Assess the potential of LLMs (Large Language
Models) in improving supply chain collaboration by facilitating better understanding
and interpretation of complex data;

• Scalability and performance optimization—Examine the scalability of BI and BDA
solutions in handling large datasets and complex supply chain networks and develop
strategies for optimizing the performance of these systems to ensure efficient data
processing and analysis;

• Data quality and governance—Address challenges related to data quality and gov-
ernance in big data environments and propose frameworks for maintaining high
standards of data integrity and security in supply chain operations;

• Cost–benefit analysis—Conduct a comprehensive cost–benefit analysis of implement-
ing advanced BI and BDA tools in supply chain management. Assess the return on
investment (ROI) for organizations, considering both direct and indirect benefits;

• Sustainability and ethical considerations: Explore how BI and BDA can support
sustainable supply chain practices and contribute to environmental and social goals.
Address ethical considerations related to data privacy and the use of AI in supply
chain management.
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5. Conclusions
Due to globalization and other market factors, supply chains are one of the key busi-

ness systems. They not only need to be economically efficient but also need to be sustainable
and improve the social and environmental impact. This creates many SCM challenges
that can only be resolved with more intelligent decision making. This involves incorporat-
ing advanced big data analytical systems capable of integrating, storing, processing, and
analyzing large and various volumes of data.

Over the last decade, there have been significant advancements in terms of variety,
velocity, and volume of data created not only inside companies but also throughout supply
chains. This brings various challenges related to business analytics, especially when it
comes to infrastructure, platforms, software solutions, and development methodology.
The present supply chain environment requires more collaborative, agile, flexible, and
intelligent decision making.

Business intelligence technologies enable companies to achieve new and effective
innovations that improve their supply chain processes, competitiveness, and sustainabil-
ity. As supply chains become more and more complex, successful management of these
complex processes becomes dependent on big data systems. Supply chain companies
face numerous challenges related to big data integration, storage, modeling, processing,
analysis, and visualization.

One of the main contributions of this paper is the methodology for designing and
implementing supply chain BDA solutions that comprise the whole analytical life cycle and
the specifics of supply chain systems. It incorporates an iterative and incremental approach
with clearly defined phases and tasks while providing flexibility for creating various types
of analytical solutions.

The presented multi-tiered SCM big data model and the cloud/based architecture
enable the design of novel loosely-coupled composite business intelligence systems, which
bring together various data sources, information systems, data models, and visualization
artifacts within the unified BDA ecosystem.

Cloud-based architecture with various managed analytical services such as data gate-
ways, common data service, data lake, big data warehouse, and machine learning models,
as well as artifacts such as predefined calculations, KPIs, data flows and pipelines, reports,
dashlets, and content packs, enable the faster design, development, and deployment of com-
posite big data analytical solution, adapted to specific supply chain analytical requirements.

The illustrative big data solution for supplier quality analysis demonstrates the ap-
plicability and effectiveness of the proposed big data methodology and its architecture. It
shows how various cloud-based analytical services can be designed, reused, and composed
into a user-friendly BI portal with dashboards, drill-down capabilities, automated machine
learning analytics, and self-service BI, where decision-makers can monitor supplier-related
processes, gain real-time valuable insights, take proactive action, and ultimately improve
sustainability. While the presented illustrative solution intends to show the capabilities
and the potential of the methodology and the architecture, it is yet to be evaluated in a live
supply chain environment.

The main characteristics and advantages of the proposed approach can be summarized
as follows:

• Adaptivity—The system can be adjusted according to specific supply chain needs,
integrated with existing systems, and extended with new services and tools;

• Faster development—It is possible to develop or compose solutions more easily by
reusing existing assets (data sources, data models, queries, KPIs, reports, etc.);

• Scalability and performance—Cloud-based architecture enables elastic scalability, high
performance, and close to real-time analytics, with in-memory data storage;
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• Rich data modeling—The BI semantic model serves as an additional model layer over
data sources and enables the design of data models, analytical models, calculations,
business rules, KPIs, etc.;

• User-friendly and effective data exploration and visualization;
• Intelligent cognitive services for more automated decision making and optimization

(i.e., NLP, bots, digital assistants, etc.);
• Information sharing and collaborative decision making.

The described analytical models, services, and tools demonstrate the applicability and
effectiveness of the presented big data approach. This approach enables the efficient creation
of feature-rich, flexible, high-performant, collaborative, and secure supply chain analytical
systems. Through the adoption of the proposed BDA model, companies should have a
more straightforward way of achieving more adaptive, effective, intelligent, collaborative,
agile, and sustainable supply chains.

Future work and research will be carried out to enhance, extend, and evaluate the pre-
sented BDA methodology, architecture, and models. This involves extending the common
data model with more entities, data warehouse BI models with additional cubes and KPIs
based on the Green SCOR, as well as the creation of more BI artifacts such as data flows,
reports, dashboards, and process-specific BI content packs. Related to advanced analytics,
more machine learning algorithms and models that relate to specific supply chain processes
and that provide additional types of insights can be designed. Also, efforts will be made to
deploy and assess the proposed BDA methodology and the model in the live supply chain
environment to obtain feedback information about effectiveness and usability.
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