© AUG 2020 | IRE Journals | Volume 4 Issue 2 | ISSN: 2456-8880

A Visual Analytics Model Using Power BI to Improve
Decision-Making in Supply Chain Operations

OPEYEMI MORENIKE FILANI!, JOHN OLUWASEUN OLAJIDE?, GRACE OMOTUNDE OSHO?,
PATIENCE OKPEKE PAUL*
'Proburg Ltd, Lagos, Nigeria
2Unilever Nigeria PLC, Nigeria
’Guinness Nig. Plc, Nigeria
‘Henry Jackson Foundation Medical Research International Ltd/Gte, Nigeria.

Abstract- In today’s data-intensive global economy,
the ability to translate complex datasets into
actionable insights is crucial for supply chain
optimization. Visual analytics tools such as
Microsoft Power BI have emerged as powerful
platforms to support real-time monitoring, pattern
recognition, and informed decision-making across
supply chain operations. This literature-based
journal article introduces a Visual Analytics Model
(VAM) using Power BI to enhance transparency,
responsiveness, and efficiency within supply chains.
Drawing upon over 100 scholarly sources in data
visualization, business intelligence, and supply chain
management, the paper constructs a conceptual
model that leverages Power BI’s capabilities in
interactive dashboards, dynamic filtering, and KPI
tracking. Structured into five sections introduction,
literature review, model design, discussion, and
recommendations, the article provides a theoretical
and practical foundation for integrating visual
analytics into supply chain decision-making
frameworks.

Indexed Terms- visual analytics, Power BI, supply
chain, decision-making, business intelligence,
dashboard design

L INTRODUCTION

Global supply chains have evolved into increasingly
complex, data-rich systems characterized by volatility,
variability, and dynamic interdependencies [1], [2].
These global networks span continents, time zones,
and regulatory jurisdictions, requiring supply chain
managers to coordinate logistics, inventory, demand
forecasting, and supplier relationships in near real-
time [3], [4], [S]. In such a fast-paced and competitive
environment, the traditional tools of supply chain
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management spreadsheets, static reports, and siloed
information systems have become insufficient for
effective decision-making [6], [7]. The emergence of
advanced analytics, particularly visual analytics, has
enabled organizations to convert vast amounts of data
into intuitive and actionable insights [8], [9], [10].

Visual analytics combines the cognitive power of
human perception with the computational capacity of
data processing to reveal hidden patterns, detect
anomalies, and monitor key performance indicators
(KPIs) [11], [12], [13]. Tools like Microsoft Power BI
offer interactive dashboards, real-time data
integration, and customizable reporting capabilities
that support fast, collaborative decision-making across
functions [14], [15]. In the supply chain context, these
capabilities allow organizations to optimize logistics,
reduce lead times, manage inventory more accurately,
and respond rapidly to disruptions [16].

The relevance of visual analytics in supply chain
operations has been further underscored by the
COVID-19 pandemic, which exposed systemic
vulnerabilities and highlighted the need for better
visibility, agility, and data-driven foresight [17], [18],
[19]. Disruptions caused by lockdowns, labor
shortages, and fluctuating consumer demands forced
companies to reconsider their reliance on rigid,
centralized systems and embrace more flexible,
decentralized, and data-centric approaches [20], [21],
[22].

Furthermore, the convergence of the Fourth Industrial
Revolution technologies including IoT, Al, and cloud
computing has accelerated the generation of supply
chain data [23], [24], [25]. Sensor-enabled devices
track shipments in real time, ERP systems monitor
inventory levels across multiple locations, and
external feeds deliver insights on weather, geopolitical
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risks, and market trends [26], [27]. The sheer volume
and variety of these datasets necessitate the use of
tools that can simplify complexity and present relevant
information to decision-makers at all organizational
levels [28], [29].

Microsoft Power BI, part of the broader Microsoft
Power Platform, has emerged as a leading tool in this
space due to its accessibility, cloud-based architecture,
and seamless integration with other Microsoft
applications such as Excel, Dynamics 365, and Azure
[14], [30], [31]. Its drag-and-drop interface enables
users to build custom dashboards, create dynamic
visualizations, and share reports across teams without
extensive programming knowledge [5], [32].
Moreover, its robust data modeling features support
the integration of diverse data sources, from SQL
databases and cloud platforms to Excel spreadsheets
and real-time APIs [33], [34].

Despite its technical strengths, however, the effective
application of Power BI in supply chain management
depends on a coherent analytical framework that
aligns visualizations with decision-making needs [35],
[36]. Many organizations adopt business intelligence
tools without a clear strategy, leading to dashboards
that overwhelm users with irrelevant metrics or fail to
address root causes of operational inefficiencies [37].
Therefore, the central argument of this paper is that the
integration of Power BI into supply chain operations
should be guided by a structured visual analytics
model (VAM) that connects data insights to
operational goals.

This paper aims to design such a model based on a
comprehensive literature review of academic,
industry, and technical sources. Specifically, the
research is guided by the following questions:

1. What are the key data visualization needs in
modern supply chain decision-making?

2. How can Power BI’s features be leveraged to
address these needs?

3. What conceptual model can guide the integration
of Power BI into supply chain analytics
workflows?

The objectives of this study are threefold:
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e To analyze the current landscape of visual
analytics and Power BI adoption in supply chain
contexts.

e To develop a conceptual Visual Analytics Model
(VAM) that utilizes Power BI for enhanced
decision support.

e To provide practical and strategic
recommendations for implementing the VAM
across diverse supply chain environments.

The study is structured into five core sections. Section
1 provides a detailed introduction and contextual
background. Section 2 offers a literature review of
visual analytics in supply chains, Power BI
functionalities, and decision support systems. Section
3 presents the Visual Analytics Model (VAM),
detailing its components, architecture, and integration
points. Section 4 discusses the practical implications,
challenges, and limitations of the model. Finally,
Section 5 concludes with a synthesis of insights and
strategic recommendations.

This article is based entirely on secondary data and a
synthesis of existing literature, including peer-
reviewed journals, white papers, and industry reports
published between 2000 and 2020. It does not involve
any primary data collection or experimental design. As
such, its contribution lies in theoretical model
development and the integration of diverse knowledge
domains business intelligence, supply chain
management, and visual analytics.

II. LITERATURE REVIEW

The use of visual analytics in supply chain
management has gained prominence in recent years as
organizations increasingly rely on real-time data to
inform strategic and operational decisions. The
literature reveals that effective decision-making in
complex and distributed supply chains hinges on the
ability to process and visualize data on a scale. This
review categorizes existing research into four key
areas: (1) the role of data analytics in supply chain
operations, (2) the emergence and principles of visual
analytics, (3) Power BI as a business intelligence
platform, and (4) integrated decision-making
frameworks using visual tools.
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2.1 Data Analytics in Supply Chain Operations

Supply chains generate vast quantities of data across
procurement, production, logistics, inventory, demand
forecasting, and customer service domains [2], [38],
[39], [40]. Analytics has evolved from descriptive
reporting to diagnostic, predictive, and prescriptive
insights [41], [42], [43]. The literature highlights
several benefits of supply chain analytics (SCA),
including improved demand forecasting accuracy
[44], reduced inventory holding costs [45], enhanced
supplier evaluation [46], and improved transportation
efficiency [47], [48].

However, many organizations struggle to
operationalize analytics due to fragmented data
sources, lack of analytical capabilities, and limited
decision support tools [49], [50]. Several authors argue
that visual representation of data is a critical enabler of
analytics adoption, especially in organizations with
limited data science expertise [51], [52].

2.2 Visual Analytics: Theory and Practice

Visual analytics (VA) is defined as the science of
analytical reasoning facilitated by interactive visual
interfaces [53], [54]. It bridges human cognitive
processes with computational algorithms to enable
deeper understanding of complex datasets [55], [56].
VA enables analytics users to identify patterns, detect
outliers, and monitor trends through dashboards, heat
maps, charts, and other visualizations [57], [58].

Key principles of visual analytics include simplicity,
contextualization, real-time interaction, and scalability
[59], [60]. Tools like Tableau, QlikView, and Power
BI have made these principles accessible to a broader
range of users [14], [61], [62]. Research also shows
that visual analytics improves team collaboration and
communication in decision-making processes [63],
[64], [65].

Despite its benefits, VA implementation faces
challenges such as information overload, poorly
designed dashboards, and lack of integration with
operational workflows [66], [67], [68]. Studies
emphasize the need for user-centered design, training,
and iterative development to ensure successful
adoption [69], [70].
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2.3 Power BI in Business Intelligence Applications

Microsoft Power BI has become one of the most
widely used business intelligence (BI) platforms
globally [71], [72]. Its integration with Microsoft
Excel, Azure, and SQL Server, combined with low-
code/no-code capabilities, makes it appealing for
organizations of all sizes [40], [73], [74].

Power BI supports multiple data sources, real-time
data refresh, interactive filtering, natural language
queries, and DAX-based data modeling [75], [76].
Research has highlighted its utility in financial
reporting [77], [78], human resource analytics [79],
healthcare  informatics [33], and marketing
performance measurement [80].

In supply chain contexts, Power BI has been used to
monitor KPIs such as on-time delivery, inventory
turnover, and supplier lead time variability [81], [82],
[83]. However, few studies have offered
comprehensive models or frameworks for applying
Power BI systematically across the supply chain.

2.4 Integrated Visual Decision-Making Frameworks

Several researchers have proposed integrated
decision-making frameworks combining analytics,
visualization, and supply chain principles [84], [85].
For instance, the Supply Chain Operations Reference
(SCOR) model has been extended with visualization
layers to support decision-making [86], [87], [88].
Hybrid frameworks combining Lean principles, Six
Sigma, and BI dashboards have also been developed
[52], [89] Other studies emphasize real-time
dashboards for dynamic decision-making, particularly
in logistics and transportation [90], [91]. Dynamic
visualizations have been shown to improve
responsiveness to disruptions, such as supply delays or
demand surges [92], [93], [94].

The literature also discusses the role of cloud-based
platforms in enabling collaborative decision-making
across geographically dispersed teams [95], [96], [97].
Power BI’s ability to publish dashboards to the web
and embed reports in collaborative tools like Teams
and SharePoint supports this trend [98].
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2.5 Gaps in Existing Literature

Despite the growing body of research, several gaps
persist. First, there is limited literature specifically
addressing Power BI’s use as a visual analytics
platform tailored to supply chain operations. Most
studies treat BI tools generically or focus on use cases
outside the supply chain domain.

Second, existing models often fail to integrate
decision-making logic with visual design principles,
resulting in dashboards that are visually appealing but
lack operational relevance. Lastly, few studies address
implementation strategies, user training, and change
management when deploying visual analytics in
supply chains.

This paper seeks to bridge these gaps by developing a
Visual Analytics Model (VAM) for supply chains that
align Power BI functionalities with specific decision-
making needs. The next section presents the
conceptual design and structure of VAM.

III. MODEL DEVELOPMENT: THE VISUAL
ANALYTICS MODEL (VAM)

The Visual Analytics Model (VAM) presented in this
paper provides a structured framework for deploying
Microsoft Power BI in supply chain decision-making.
The model is designed to enhance operational
visibility, enable proactive decision-making, and
support performance management by integrating
business data with interactive visual tools. VAM
comprises five interrelated components: data sources
and architecture, data modeling, visualization design,
decision-support integration, and user feedback loops.

3.1 Data Sources and Architecture

VAM begins with the identification and integration of
relevant data sources, both internal and external.
Internal sources include enterprise resource planning
(ERP) systems, warehouse management systems
(WMS), transportation management systems (TMS),
and customer relationship management (CRM)
platforms. External data may come from APIs (e.g.,
Google Traffic, weather services), supplier portals, or
third-party logistics (3PL) platforms.

Data is extracted using Power Query, which enables
ETL (Extract, Transform, Load) processes within
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Power BI [99], [100]. The model supports hybrid
architecture, on-premise SQL databases and cloud-
based platforms such as Azure Data Lake or
SharePoint Online.

3.2 Data Modeling Layer

The data modeling layer transforms raw data into
usable formats by establishing relationships, creating
calculated columns and measures, and defining
hierarchies using DAX (Data Analysis Expressions).
For example:

e Delivery Time = Delivery Date — Order Date

e Inventory Turnover = Cost of Goods Sold /
Average Inventory

This layer also includes the creation of star schemas to
optimize query performance and semantic
consistency. Proper data modeling enables accurate
KPI tracking and reduces redundancy in reports.

3.3 Visualization Design Layer

The visualization layer is the most visible component
of VAM. It translates data into interactive dashboards,
reports, and visual narratives tailored to various
decision-makers:

e Operational Dashboards for real-time monitoring
of delivery statuses, warchouse throughput, and
inventory levels.

e Tactical Reports focusing on  supplier
performance, demand variability, and order
accuracy over time.

e Strategic Dashboards for executives showing trend
analysis, cost-to-serve, and risk exposure.

Power BI visualizations include bar and line charts,
heat maps, gauges, waterfall charts, scatter plots, and
decomposition trees. Interactive features such as
slicers, drilldowns, and filters support
multidimensional analysis.

3.4 Integration with Decision Support Systems

To enhance its value, the VAM integrates Power BI
with decision-support workflows. This includes
embedding dashboards into operational tools (e.g.,
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Microsoft Teams, Dynamics 365), automating alert
systems using Power Automate, and linking reports
with machine learning insights (e.g., predictive
demand forecasts). This integration allows supply
chain managers to:

e Receive automated restocking alerts.
e Visualize impacts of what-if scenarios.

e Compare historical versus projected demand
patterns.

3.5 Feedback and Continuous Improvement

A key feature of VAM is the feedback mechanism that
ensures continuous learning and improvement. User
interactions, comments, and usage analytics inform
report enhancements. Periodic reviews with
stakeholders ensure dashboards remain relevant and
user-friendly.

Feedback also drives data quality initiatives, as
anomalies or gaps detected in reports prompt upstream
process improvements. Additionally, training and
change management programs support user adoption
and long-term model sustainability.

3.6 Scalability and Customization

The VAM is scalable and modular, enabling
deployment across small, medium, and large
enterprises. Each component can be customized based
on organizational maturity, industry vertical, and
supply chain structure. Custom visualizations, security
roles, and access permissions allow for personalization
across departments and regions.

In summary, the VAM offers a blueprint for
embedding visual analytics into supply chain
ecosystems. The next section critically assesses its
implementation challenges, scalability, and potential
for organizational transformation

IV.  DISCUSSION

The adoption of the Visual Analytics Model (VAM)
using Power BI in supply chain operations offers
promising benefits but also presents a range of
challenges and considerations. This section discusses
the practical implications, implementation hurdles,
scalability, and organizational transformation
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potential of the VAM, along with ethical and strategic
concerns that must be addressed to ensure sustainable
impact.

4.1 Practical Benefits and Decision Support
Capabilities

VAM enables real-time data-driven decision-making
by transforming raw supply chain data into actionable
visual insights. The model enhances operational
visibility across procurement, inventory, logistics, and
fulfillment domains. By integrating Power BI
dashboards into daily workflows, managers can
monitor KPIs such as lead times, order cycle times,
stockout frequencies, and supplier delivery reliability.

The modular nature of VAM ensures that decisions are
supported at different levels from operational (e.g.,
daily dispatch decisions) to strategic (e.g., evaluating
supplier risk or inventory optimization strategies).
Organizations that have implemented similar Power
Bl-based systems report significant improvements in
responsiveness, forecast accuracy, and customer
satisfaction.

4.2 Technical and Organizational Barriers

Despite its utility, several challenges hinder VAM
implementation. First, data quality remains a
persistent issue. Many organizations operate with
fragmented or outdated datasets across departments,
which reduces the reliability of analytics outputs.
Additionally, legacy ERP and warehouse systems may
not support seamless data integration with Power BI.

Second, the effectiveness of VAM hinges on
organizational readiness and digital maturity. Without
proper data governance, user training, and change
management strategies, Power BI dashboards may be
underutilized or misinterpreted. Studies show that
visualization tools often face resistance from staff
unfamiliar with analytical interfaces or skeptical of
data reliability.

4.3 Scalability and Customization

VAM is inherently scalable, allowing organizations to
start small (e.g., department-level dashboards) and
expand across regions, functions, or product
categories. However, scalability depends on proper IT
infrastructure, including secure cloud storage, API
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access, and scalable data warehouses. As firms grow,
the complexity of maintaining a centralized visual
analytics ecosystem also increases.

Customization capabilities—such as role-based
dashboards, multi-language support, and KPI
prioritization—enhance user engagement.
Organizations must balance dashboard standardization
(for consistency) with customization (for relevance).

4.4 Ethical and Strategic Considerations

While VAM empowers transparency and performance
monitoring, it may inadvertently raise concerns about
employee surveillance and data privacy. Visualizing
individual performance or location tracking must be
approached with caution, transparency, and clear
communication. Additionally, algorithmic bias may
arise if predictive analytics are incorporated into VAM
without fairness controls.

Strategically, VAM enables agile supply chain
strategies, including demand-driven planning, real-
time inventory balancing, and responsive
procurement. However, reliance on visual dashboards
should not substitute for strategic thinking.
Visualizations must be contextualized within broader
business objectives.

4.5 Sustainability and Continuous Improvement

To remain effective, VAM must evolve with business
requirements. Feedback loops built into the model
allow for iterative dashboard improvements and
process refinements. Organizations should regularly
update data models, review user feedback, and
incorporate new data streams to enhance analytical
depth.

Moreover, cross-functional collaboration between IT,
supply chain, and executive leadership is vital for
sustaining VAM. Establishing analytics centers of
excellence and visual governance committees can
institutionalize best practices and maintain alignment
with enterprise goals.

V. CONCLUSION AND
RECOMMENDATIONS

This paper has presented a comprehensive
framework—Visual Analytics Model (VAM)—for
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leveraging Microsoft Power BI in supply chain
decision-making. In an era where supply chains are
becoming more globalized, digitized, and data-
intensive, the importance of visual analytics cannot be
overstated. VAM offers organizations a structured
pathway for transforming raw, fragmented data into
real-time, actionable insights that support operational,
tactical, and strategic decisions.

The model integrates five key layers, data sources and
architecture, data modeling, visualization design,
decision-support integration, and user feedback loops.
Together, these components ensure that Power BI is
not just a reporting tool, but a strategic asset embedded
within the supply chain ecosystem. VAM's modular
design supports scalability, customization, and
continuous improvement, making it suitable for
organizations of varying sizes and digital maturity.

The literature review underscored the growing
significance of data-driven decision-making in supply
chain management and highlighted gaps in current BI
adoption frameworks, particularly those specific to
Power BI. By bridging these gaps, the VAM provides
a novel contribution that aligns analytical capabilities
with supply chain performance objectives.

However, successful implementation of VAM
requires attention to several critical enablers: data
quality management, cross-functional collaboration,
user training, and change management. Organizations
must invest in governance structures, cloud
infrastructure, and analytics maturity to fully realize
the benefits of visual analytics.

From a strategic perspective, VAM supports agile and
resilient supply chains that can respond to disruptions,
predict demand variability, optimize inventory, and
improve customer service. Ethical considerations,
such as data privacy and algorithmic transparency,
should also be incorporated into the implementation
process.

Recommendations

Based on the findings and framework presented, the
following recommendations are proposed for
practitioners, decision-makers, and researchers:
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Adopt a phased implementation approach: Start
with pilot projects targeting high-impact areas
(e.g., inventory optimization, logistics tracking)
before scaling to enterprise-wide applications.

Develop cross-functional analytics teams: Include
stakeholders from supply chain, IT, and finance to
ensure dashboards align with strategic goals and
operational realities.

Invest in training and literacy: Equip users at all
levels with the skills needed to interpret and act on
visual data, including familiarity with key KPIs
and Power BI functionalities.

Institutionalize feedback loops: Create structured
mechanisms for users to provide feedback, suggest
new metrics, and request dashboard enhancements.

Ensure data governance and ethical compliance:
Establish policies for data quality, access control,
and responsible Al integration to maintain trust
and transparency.

Collaborate with academia and industry: Engage

with research institutions and supply chain
consortia to stay updated on best practices,

innovations, and emerging analytics standards.

Future research should explore empirical validation of
the VAM in various industry contexts, assess its

performance metrics, and refine its components using
case studies and simulation methods. As the digital

supply chain landscape evolves, models like VAM

will be crucial in ensuring organizations can navigate
complexity with clarity and precision.
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