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Preface

The Advanced Business Intelligence- Tools and Techniques for Data-Driven Decision
Making provides a comprehensive discovery of the modern ecosystem for business
intelligence, which detects the development from stable reports to dynamic, real -time
analysis A dedicated comparison considers each tool onimportant dimensions, including
matrix prices, integration skills, scalability and purpose, which alows informed
decisions. The book concludes by detecting practical, sector -specific applications of Bl,
showing how industries to reveal insights into health services from finance, to increase
efficiency and maintain a competitive management to industries. Whether for IT
subjects, data analysts or business executives, this guide acts as a reference and a
roadmap to navigate in diverse Bl toals.

Sibaram Prasad panda
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1. The Evolution of Bl: From Reportsto Real-Time I nsights

Organizations have long relied on reporting to eval uate past business operations.
Historically, such reporting involved bulky printed sheets containing rows and
rows of tabular data, presenting the problem that customers had too much data
and too little information. Naturally, this resulted in poor, or no business
decisions and any benefits expected from the reports generally proved illusory.
Progress in reporting has however not stood still and advancements in computer
processing has resulted in a new generation of reporting, real-time reporting.
Real-time reporting can be defined as the creation of reports derived from data
that is as near to being instantaneously updated as possible. In practice, most
reports are generated from data that is uploaded within the last 24 hours.

Real-time reporting presents many advantages to organizations, the first being
the ability to react to business needs as they arise; that is, responding to business
regquirements almost as soon as they surface in the day-to-day operation of the
company [1]. Naturaly this is contingent on al the relevant business users
monitoring these reports on aregular basis. Second, the more regular generation
of reports and the employees assisted review of the datais expected to raise the
overall standard of data captured, because any frequently occurring data errors or
omissions are exposed more quickly and can be rectified timeoudly. The last
benefit may be seen as reactive rather than proactive but having such reports in
place can help during moments of crisis by way of increased confidence in the
past week’s data. However, the introduction of real-time reporting does not come

1



without its pitfalls. Caution must be exercised when implementing real-time
reporting.

1.1. Historical Overview of Business Intelligence

Foundations of Business Intelligence Early Bl explored static, digitally generated
reports to support decision making. Since the introduction of the interactive
Dashboard graphical user interface in 1984, Bl evolved via On-Line Analytical
Processing (OLAP) and interactive multidimensional databases into its current
state. Bl tools facilitate analysis of historical data (stored in a Data Warehouse)
through techniques such as Data Mining and predictive analytics.

Recent market developments have focused on the provision of real-time Bl
solutions. By combining Relational Online Analytical Processing, enterprise
applications and Collaborative Bl, Together, these technol ogies attempt to tackle
the traditional limitations of the centralised Data Warehouse in providing
decision support for day-to-day operations. The advent of open-source software
and Cloud Services as well as the proliferation of mobile devices have further
fuelled the illumination on these emerging real -time trends in the market. Today,
Bl is becoming one of the most strategic and important components of the IT
architecture. From the beginning of the Bl journey, the maor problem
organizations had was the lack of an integrated centralized view of data. When
the executives assembled their report from different divisions and sources, the
numbers simply did not seem to add up. Consequently, the decisions made were
not always based on the true business revenue.

1.2. Trangition from Static Reports to Interactive Dashboards
Business Intelligence (BI) initiatives have traditionally been run through
reporting projects. These projects seek to provide the business with historical
information about what happened within the company [1-3]. Typicaly, reports
are always presented as the year-to-date and are nicely sliced with as much filters
as anyone can set within the available three dimensions, but still the information
ishistorical. The problem with thistype of project, based on reports that are only
historical, is that the same analysis can be done manually without requiring a
complex project to be established. The Bl executives in charge of reporting
projects want more; something more operational or strategic and less historical
that can give businessavisibleimpact. Those projectsthat areless historical have
a higher appreciation factor by the business, but the investment requires more
commitment, more usersthat can see the value in the project, and more processes
and systems connected to Bl. The Executive guy is pushing for something Real-
Time, or the TPM guys want more Strategic decisions based on the information
provided by the reports.
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The first shift beyond ssimple analysis is decision making. This transition seeks
to define Key Performance Indicators (KPIs) that help the business examine its
health and take appropriate action when some of those indicators show a signal
that something is wrong [1-3]. To take this step from viewing many reports to
analysing afew indicators that can make a difference, a Dashboard project has to
be established. KPIs placed in dashboards offer a clearer display of the
information and provide drill-down capabilities that allow business users to
understand root causes. Such projects are more operational and require less
historical information.

1.3. Real-Time Data Processing and Its Impact

Today’s users want their insights in real time. An example can be found in a
shipping company that tracks the delivery progress of a shipment. Information
about how fast it is traveling—and whether it is still on schedule—is valuable
only for alimited amount of time. A delayed shipment, for instance, changes the
workload throughout the rest of the journey: It may require a new plan for the
route and timing of the cargo ship or plane itself, and a new delivery time slot
and schedule for customs clearance. For each of these entities, the original plan
was a prediction that was later displaced by real-world events. Real-world events
are constantly unfolding and changing the circumstances.

"Today’s Business Intelligence users want their insights in real time." This is the
challenge that drives red-time data processing—the ability to deliver
dynamically updated corporate insights with minimal latency [2,4]. Over the past
two decades, the idea of real-time Bl has evolved together with the popularity of
real-time streaming, operational databases, and data lakes, and its future will be
shaped by the maturation of artificial-intelligence technologies. Consequently,
many of these emerging Bl capabilities have dedicated names of their own, such
as streaming Bl, embedded BI, Al-enabled BI, and self-service Bl. They solve
different deployment challenges for different organizational roles, but they share
a common goal: to speed up business decision making by providing constant
data-access and self-service capabilities for the users.

1.4. Future Trends in Business Intelligence
The Evolution of BI: From Reports to Real-Time Insights Business Intelligence
(BI) solutionsfirst appeared as basic reporting applications that generated reports
on a weekly or monthly basis. These static reports, which often depended on
human interpretation and insight, told a story of what happened the last time the
numbers were crunched, but largely ignored what might be happening in real-
time—information that could or should influence decisions, policies, or
responses. More recently Bl solutions have evolved into interactive tools driven
3



by user demand for easier exploration of data. Shaped by current technology
trends, Bl vendors and organizations are incorporating features such as Ad hoc
analysis capabilities, Self-service Bl, Real-time processing and visualization,
Data storytelling and visuaization, Cloud computing, Social Bl, Mobile B,
Collaborative Bl, and 3-D data visualization [5-8].

The introduction of dashboard interfaces is one of the most visible elements of
this transformation. It was the introduction of real-time BI, however, that will
change the way the enterprise analyses key performance indicators (KPIs) and
corporate dashboards. Understanding the mechanics behind rea-time Bl is
fundamental to appreciating the power and promise of business intelligence
today—being ableto tell the story about what is happening right now, rather than
what happened yesterday [1-2,5-8]. Why is Real-Time Bl worth the fuss? And
how do we make it work? Exploring the answer requires a more detailed look at
the core processes that drive business intelligence today.

Core Concepts: ETL, Data Warehousing, Dashboards, and KPIs The shaping
forces listed above focus more on the user experience and the delivery
mechanism (dashboards, tablets, and so forth). Core functions, on the other hand,
revolve around taking raw data from many different systems in the organization,
getting it into one reasonable place, and then converting the data into
information—information that can be shared in a consistent manner and at the
standard of quality that users demand. It is important, therefore, to revisit the
foundational components and technologies that enable Business Intelligence
before considering how organizations put Bl to work.

2. Core Concepts. ETL, Data War ehousing,
Dashboards, and KPIs

Business Intelligence (BI) is concerned with the processes and technol ogies used
to convert raw business data into meaningful and useful information for business
anaysis purposes. High-level Bl activities include gathering direct customer
input through surveys or interviews; detailed business information from interna
data sources such as Enterprise Resource Planning (ERP) systems; and
competitor, industry, and other required information through Forward
Intelligence by searching online resources and reviewing consultants’ reports and
publications. Data sourced from different directory partners can aso be included
in competitor/industry analysis. The raw data is transformed using Extract,
Transform, and Load (ETL) processes into meaningful insights that are then
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displayed in graphical form on dashboardsto enable rapid and insightful decision
making. At the top level, Key Performance Indicators (KPIs) clearly indicate the
success or failure of the activities, projects, or the overall business; stakeholders
are expected to view adaily KPI dashboard.

The term Business Intelligence was introduced in the 19th century, became
popular in the late 20th and early 21st centuries with the emergence of computing
technologies, and is still evolving [6,9]. Bl started with very simple reporting of
historical data and analysis using predefined queries. As databases and data and
guery-processing techniques advanced, intuitive graphical representations of the
analysis were introduced. The introduction and development of dashboard-style
visualization replaced the traditional presentation of data in textual and tabular
form with more meaningful and condensed messages backed up with suitable
drill-down features. Today, thereis a demand for real -time dataloading and real -
time Bl—in other words, systems that provide immediate information,
eliminating the need to filter request-response time.

2.1. Understanding ETL Processes

Extract-transform-load (ETL) is a process in database usage and especialy in
data warehousing. Extract, transform, and load (ETL) refers to three database
functions that are combined into one tool to pull data out of one database and
place it into another database. In the ETL process, data are extracted from
homogeneous or heterogeneous data sources, then transformed for storing it in
the proper format or structurefor querying and analysis purposes, and loaded into
the final target, which is called the data warehouse.

ETL isfrequently used in datawarehousing. Datais extracted from homogeneous
or heterogeneous data sources and is processed for storing it in the proper format
or structure for querying and analysis purposes. As of 2009, ETL developments
can aso befound in EALI toolsthat support cleaning and matching services during
the process of moving data from the source to the hub. Extract—load-transform
(ELT) isthe process of loading datainto the target system and then transforming
it there[10].

2.2. Data Warehousing Fundamentals

Data warehouses are a specia type of database designed specifically to support
the analysis of huge volumes of business data. In the early days of BI, many
companies built these databases by extracting business information from
operational systems, transforming it into a standard business format, and loading
it into the data repository—a process known as Extraction, Transformation, and



Loading (ETL). An ETL process is a core component of amost all BI
architectures and is often considered the most difficult to implement.

Extract, Transform, Load

Data Sources
J

=

Data Sources

Figures.1 . Extract-transform-load (ETL)

Business Intelligence systems rely heavily on Data Warehousing as the
underlying foundation and starting point. Figures 2.1 to 2.3 illustrate various use
cases for Bl within an organization. Figure 2.1 depicts the supply chain
management scenario, where transaction information is collected from Point of
Sale (POS) systems and stored in a data warehouse built for Bl analysis. Often,
these data warehouses provide a complex Systems, Applications, and Products
in Data Processing (SAP) architecture to feed Bl requirements. Figure 2.2 shows
how the data repository supports Bl needs in banking and field services. Figure
2.3 demonstrates Business Activity Reporting needs for small and medium-size
businesses. Different companies implement Bl based on ther interest,
requirements, and usage.

2.3. Designing Effective Dashboards

When applied to Business Intelligence (Bl), a dashboard provides easy access to
Visualizations displaying a company’s Key Performance Indicators (KPIs).
Effective Performance Management demands a well-designed dashboard that
summarizes the KPIs, Highlight Management Exceptions, and supports drilling
through the exception to its detailed causes [6,9,10]. However, achallenge isto
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ensure that users do not overlook KPIs that are outside defined limits but are not
actually in an exception state. By showing al KPIs on the dashboard—signalling
exceptions for those KPIs that represent serious problems and highlighting those
KPIsthat are outside the desired range at |east ensures that a user is cognizant of
al the underlying risks. Dashboards must aso be designed to allow rapid
drilldown for business users who need to identify the underlying causes of the
problem.

Performance Management relies on KPIs that address every key risk and reward
area of a business. Ideally, the KPIs should provide an early warning of
impending problems asthey begin to deviate from the norm in anegative manner.
The ensuing drilldown should then help the business easily identify the
underlying causes of the issue at hand. Dashboards that apply the principles of
Balanced Scorecards enable organizations to monitor their KPIs from a variety
of perspectives ranging from Financial to Customer to Internal and Innovation.
These groups of KPIs provide early warning signals about potential risks in
various business areas. For any area that is off track, a manager can query the
dashboard for its detailed KPIs and begin the process of Root Cause Analysis.
For instance, if Customer KPIs are pointing toward less customer satisfaction, it
may be worthwhile to examine Internal KPIs such as a delay in deliveries or
product defects. Root Cause Analysis may further identify causes in the Supply
Chain or Manufacturing that explain the delay in deliveries or product defects,
which in turn may be traced back to Poor Supplier Performance or an inefficient
Manufacturing process. Crucially, the dashboard needs to facilitate such
drilldowns quickly.

2.4. Key Performance Indicators (KPIs): Definition and Importance
Key Performance Indicators (KPIs) are quantifiable measures that enable
organizationsto evaluate their success. Through the presented stages of evolution
from business reporting to dashboards, progress is achieved. To track this, KPIs
extract essential information from corporate data. However, limited attention is
devoted to the process of devel oping and selecting KPIs. Intelligent organisations
anayse KPIs in real-time to quickly identify problems and make timely
decisons. Government agencies are increasingly under pressure to deliver
valuable products and services within management constraints and imposed
guidance. This has highlighted the necessity of measuring performance to assess
the achievement of agreed objectives and programmes.

Determining the performance of a city or region requires the selection of
indicators located amidst many otherwise irrelevant measurements. Within a
government or public sector context, KPIsare selected to direct effort into aspects
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of public service delivery that are critica to employment and growth, then
performance measured using accepted and objective standards [10-12]. These
factors enable key decisions to be made by monitoring the measured KPIs. Well-
structured KPIs enable agencies and associated delivery organisations to
understand their performance in delivering outcomes that are financia,
operational, and manageria in nature.

3. Bl inthe Modern Enterprise: Use Cases and
Challenges

Business Intelligence (BI) use is now found in nearly every business function,
ranging from product development to sales, marketing, operations and finance.
Dashboards and reports play an especially significant role in today’s manager’s
day-to-day work. They help cope with a business environment that moves at a
dizzying pace. Hundreds, thousands, or even hundreds of thousands of
transactions can pass through a company each day. Monitoring for production
problems, quality issues, or customer complaints among such volumes of data
would be well-nigh impossible without the support of appropriate Key
Performance Indicators (KPIs).

During arecent client project, it was striking how many of the business problems
mentioned were not particularly new or innovative. Worst-case examples
included long-identified pricing errors that continued to reappear; ongoing
struggle to manage inventory; cancelled orders that had been shipped and
charged; and busi ness processes requiring multiple people and systemsto execute
what might previously have been done through a manager sitting at their desk
[10-12]. While modern products and techniques can certainly reduce the
occurrence or impact of problems like these, the fundamental problems
themselves have been well known for years. The painstaking execution of Bl is
not easy. Regardless of the progress made towards providing rea-time
information, construction system and infrastructure remains the achievement of
many enterprises.

3.1. Case Studies of Successful Bl Implementations

Consider a media company that acquires websites. The corporate strategy is to
invest capital and resources in growing the number of users on each platform,
thereby increasing revenue and capitalizing on economies of scale. The company
has a budget of $500,000 and must decide whether to invest fundsin building or

acquiring content or in centralized SEO resources.
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A traditional Bl approach might involve generating areport that staples together
several charts, graphs, and tables based on historical data. A report of this nature
could be a starting point for the investigation, but it is relatively high-level and,
as noted earlier, more tactical and exploratory in nature than strategically
prescriptive. The analysis would slow down the decision-making process and
could be easily challenged or disproved by even dlightly different or more
detailed parameters. A more tactical approach would be to build a centralized
SEO system that would alow each individual website to see keywords that are
ripe for growth, how much traffic would be generated if they ranked for those
keywords, and the difficulty of ranking for those keywords. Additionally, such a
system could provide the ability to group keywords around topics to assist with
the creation of more comprehensive and topical content. “The Evolution of BI:
From Reports to Real-Time Insights” outlines the underlying technology and
knowledge that has enabled the evolution of BI.

3.2. Common Challengesin Bl Adoption

A key part of successful Bl deployment is assessing critical success factors. It
may seem obvious to say that most organizations want to leverage their vast data
to resolve questions and support business decision-making; however, many BI
rolloutsfail to meet expectations because these fundamental relationships are not
sufficiently emphasized. Common challenges in Bl adoption include avoiding
data silos, creating demand for Bl results among business users, adapting
organizational decision-making procedures to incorporate Bl-detected
opportunities or threats, and setting up Bl for growth beyond immediate
deliveries as business and data volumes increase. Bl systems, athough
sophisticated, do not operate in isolation from business processes. If
organizational tensions arise because business executives fee undermined or
decisions are made automatically based on Bl output, it can lead to inflexible pre-
commitments that later business process interventions find hard to invalidate.
Allowing adequate time for organizational changes to leverage continuous and
changing Bl resultsis equally important to providing a suitably scalable platform.
When implemented properly, Bl can identify key performance areas and
opportunities for improvement that, when acted upon, result in improved
financial and operational performance for the business.

3.3. Overcoming Data Silos in Organizations

Corporate information is often distributed globally throughout the business and
its various data centres and networks. Many of these facilities may have awide
range of information storage media for data, ranging from modern electronic
databases to much older mechanical or paper operating files, files of contracts,
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and such critical documents as decrees issued by the company. Organizations,
especially those with many employees, produce agreat deal of information about
their operational activities. Unfortunately, neither internal data silos created by
departments and functions nor external data silos created by customers and
suppliers have yet been eliminated [7,13-16]. These data silos, therefore,
continue to encumber the efficient use of Business Intelligence techniques.
During Bl implementations, therefore, management is often faced with the
problem of data consolidation from heterogeneous sources within various parts
of the corporate information infrastructure during the immediate process of Data
Warehousing Design.

3.4. The Role of Al and Machine Learning in BI

The advent of artificia intelligence (Al) and machine learning is also reshaping
the use of business intelligence. Organizations are pairing Bl tools with Al and
machine learning agorithms to automate data collection and analysis, thereby
accelerating decision-making. Thisintegration enables a shift from retrospective
to prospective business intelligence, where predictive and prescriptive insights
support forward-looking decisions.

Real-time decision-making remains paramount. Flash, the originator of visual
dashboards, powered Goldman Sachs’ RiskEye dashboard, which offers a
panoramic view of market risk positions for all traders at any time. As the
technology evolved, Hewlett-Packard transformed the RiskEye dashboard into
an intelligence dashboard that combines risk positions with current accounting
data, enabling traders to make informed decisions about new tradesin real time.
The evolution thus progressed from reports to dashboards and then to dynamic,
real-time decision support.

4. The Role of Data Governancein Bl

Businessintelligenceis primarily used to describe the processes and technol ogies
used to translate raw data into information that decision makers can then use to
support operational decisions and strategic initiatives. However, because
different businesses have different goas and business challenges, the
implementations of business intelligence—and therefore the definition—vary.
Analysts typically categorize Bl tools and systems according to the business
process each supports, including, but not limited to, financial performance
management, budgeting and forecasting, and supply chain optimization. Bl
technologies aso are classified according to their analytic capability, including
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guerying, reporting, Online Analytical Processing (OLAP), statistical analysis,
forecasting, and data mining. Bl is delivered through dashboards, scorecards,
reports, and alerts, which compare analyses with pre-established Key
Performance Indicators (KPIs) or thresholds [2,17-19]. The integration of
financial and operational information enables companies to analyse product and
customer profitability, allocate expenses, evauate the effectiveness of
promotions, execute pricing decisions, assess capital projects, and understand
which customers are most profitable. Consolidation of financial statements and
visualization of key performance indicators—including realized sales, cash flow,
inventory turnover, debtor days, and customer profitability—gives management
access to current financial performance.

The Evolution of Bl describes how business intelligence has progressed over the
past two decades, highlighting important turning points and suggesting how the
business intelligence landscape may continue to evolve heading into the future.
Core Concepts explores data integration, data warehousing, dashboards, and Key
Performance Indicators (KPIs), revealing the processing of information that
supports modern decision-making. The Use Cases examine practical applications
of business intelligence and the resulting improvements in decision-making,
while The Challenges identifies several challenges typicaly encountered with
these initiatives.

Across al these topics it becomes clear that business intelligence continues to
move towards real-time insight. The Role of Data Governance discusses the data
quality and regulatory compliance initiatives that must be incorporated to ensure
reliable and sustainable outcomes, and Emerging Technologies analyses the
impact of cloud computing and Big Data on business intelligence. The potential
of predictive analytics and self-service Bl initiatives is examined, and the Future
of BI section highlights strategic initiatives that are shaping the future directions
of businessintelligence.

4.1. Importance of Data Quality

Data quality has always been one of the most important considerations for
business intelligence, as the analyses and reports are only as good as the data fed
into them. Business Intelligence showcases facts and figures to support decision
making, and therefore those supporting figures need to be accurate, valid, timely,
complete, consistent, and unique. Recent years have seen an increasing emphasis
on data governance.

Businesses need to submit financial results and tax calculations to government
departments by a certain deadline. Government departments need Home Office
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statistics on population for policy making [3,20-23]. Both the businesses and the
government departments need to ensure that data is submitted on time and the
figures are accurate and valid. Quality and integrity in these reports and analyses
are therefore paramount. Data quality frameworks encompass all the policies,
procedures, and processes that ensure the accuracy of the data supplied to
government departments.

4.2. Regulatory Compliance and Bl

TheRole of Data Governancein Bl, with an emphasis on Regulatory Compliance
Data governance—including data quality management and regulatory
compliance—establishes the framework within which organizations exploit
information as a resource in competitive and tactical decision making. As
organizations are increasing their reliance on Bl and Bl applications,
responsibility for regulatory compliance—particularly Sarbanes-Oxley, Basdl |1,
and the Health Insurance Portability and Accountability Act (HIPAA)—isbeing
top of mind for executive management. Regulatory compliance requires that
organizations be able to demonstrate the following: - Financia reporting
accuracy and integrity - Data security and access - Externa data-file integrity -
Information confidentiality - Auditability and transparency - Timely reporting
(e.g., monthly, quarterly, and annually)

Organizations must therefore have a data governance program in place that also
ensures the accuracy, consistency, availability, and integrity of the required data
for decision making, including support for Sarbanes-Oxley, Basel 11, and HIPAA
compliance. Within Enabling BI, the term data governance sometimes refers
specific to regulatory compliance. In this context, data governance requires that
the data management function demonstrate the following: - Data accuracy and
consistency - Security and access - File integrity - Confidentiality - Auditability
and transparency - Audit statement and its components - Timely reporting (e.g.,
monthly, quarterly, and annually)

4.3. Establishing Data Governance Frameworks

Data governance focuses Bl on the quality and shape of data. A corporation may
use business intelligence tools to ensure compliance with legal and regulatory
reguirements. Incorrect taxation reports, broken SOX regulations, and improper
forecasting for the corporation are likely to be caused by alack of data quality.
Many large corporations establish a data governance office that sets standards
and policies designed to ensure high-quality data [9,24-26]. Over time, data
governance reveals the corporation's commitment to producing believable data.
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Business intelligence requires a robust data governance framework to provide a
standardized practice that establishes clarity on who has data access and what can
be done with the data. The Bl data governance framework specifieswho can alter
or changethe data. The framework also specifiestherange of activitiesallowable
with the data. This becomes especially important when there is more than one Bl
tool available to usersin the organization to perform analysis or generate reports.
Establishing a data governance framework isacritical step in achieving Bl goals
and objectives.

5. Emerging Technologiesin Business Intelligence

Cloud computing has had a significant impact on Bl by providing virtually
unlimited self-service access to computing resources that can be obtained and
paid for on demand. These devel opments have changed the nature of Bl from a
fully managed, on-premises, persistent database to a distributed and flexible
analytical environment. The promise has aways been that the new environment
will make BI for the masses a reality—Iless expensive and more scalable and
accessible. Y et despite these advantages, many corporations remain reluctant to
migrate their enterprise Bl environments to a public cloud.

Big data projects adso usudly implement some sort of
hindsight...insight...foresight business analytics whose levels of sophistication
and complexity vary widely from company to company, depending on the nature
of the specific chalenge or opportunity being addressed. Mobile BI, which
historically has been an extension or afterthought of B, is growing rapidly [27-
29]. Smartphone and tablet users are much more demanding and expect easy
access to reports and dashboards that are custom configured for their small
screens. Unfortunately, delivering high-quality mobile Bl content has proven to
be more difficult than vendors anticipated.

5.1. Cloud Computing and BI

Cloud computing architectures provide shared data center resources as services
via the public Internet. Examples include Amazon Web Services (AWS),
Microsoft Azure, and Google Cloud Platform. Cloud offerings deliver eastic
compute capabilities, storage space, and network capacity, enabling
organizations to rapidly scale resources according to demand. Key features of
cloud offerings include "pay as you go" pricing models, scalable resources, and
elasticity of service.
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Cloud services for business intelligence are also hosted in the cloud on a third-
party's cloud platform and delivered on demand to users anytime and anywhere
viajust a browser. Big data itself is often stored in the cloud using public cloud
resources and platforms such as AWS, Azure, and Google Cloud. For example,
leading analytics service providers have designed and implemented elearning
modules and customer support services for their big data and cloud offerings,
making use of specialized toolsets [30-32]. Equally important is the growing use
of cloud-based Business Intelligence, Analytics, and Big Data IT paradigms.

5.2. Big Data Analytics in Business Intelligence

Business intelligence allows a company to go one step further in the information
discovery cycle: enabling userswithout technical training to interact with the data
and receive answersto business-related questions. Ideally auser can specify what
information is desired in aform that is as natural and pertinent to the business as
possible, which is usually a data visualization. The role of Big Data analytics in
Business Intelligence has been particularly emphasized. Analysis performed on
Big Data allows businesses to realize their future potential through Product
innovation, process enhancement, market and business development. Henceit is
rightly said, "Insights from large volumes of data, labelled as Big Data today,
promise to become the corporate precious gems of future.”

Theexistences of datasilosform one of theimportant reasonsfor failure or partial
success of Bl solutions in many organizations. Most organizations are already
struggling to incorporate enterprise-wide data and information in an integrated
manner to support abetter Bl environment. The next wavein the field of business
intelligence adopts the concept of Service-oriented architecture, which enables
interaction with different services existing in an organization. These services
encapsulate the underlying data, information and functionality. In the Service-
oriented Business Intelligence framework, all business processes and workflow
data of an enterprise can be accessed by Business Intelligence tools at any time
and from anywhere.

5.3. Mobile BI: Trends and Applications

Business intelligence dashboards offer a high-level view on key performance
indicators (KPIs) that matter to abusiness at any moment in-time. When properly
developed, Bl dashboards give executives the ability to understand the
performance of their business and to make better decisions moving forward. The
intention is to develop the dashboards in such a way that decision-makers can

engage in ‘what-if” planning and forecasting and act based on facts rather than
gut fedl.
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Besides conventional desktop or laptop access, the ability to consume and
interact with Bl dashboards on amobile device can be areal differentiator for the
business. With the power of mobile BI, executives can stay on top of their
business at any time, from any location—whether customer, supplier, or site
visits-thereby shortening the response cycle. It is considered best practice to
design Bl dashboards to fit the specific needs of mobile business users.
Understandably, the mobile Bl screen plays a huge role in user adoption and
should be well thought through to ensure a positive user experience.

6. The Future of Business Intelligence

Predictive analytics represents a forward step from today's extensive use of
dashboards and key performance indicators (KPIs). Business Intelligence (BI)
tools have been built on appropriate databases that store current and historical
data in a clean, consistent, integrated manner capable of supporting analysis.
Predictive analytics seeks to understand trends and provide foresight into what
may happen. Self-service Bl enables business users to independently access a
wide range of information without relying on a technology team to gather and
present the information [9,33-35]. The integration of Enterprise Resource
Planning (ERP) and Customer Relationship Management (CRM) information
with other functions such as finance and procurement will also drive future Bl
initiatives.

Dashboards, Key Performance Indicators, and Trends. Business Intelligence
presents performance information in a summarized format using dashboards that
incorporate graphical gauges, charts, and tables. These customer-facing
dashboards can be used during a complaint call or to track visit schedules. Ml
(Management Information) is not merely physical information but aso
performance information. The underlying Bl technology creates the
opportunities for implementing such frameworks [ 36-38].

6.1. Predictive Analytics and Its Implications

Predictive analytics deals with methods that make forecastings about future
behaviour of data. With predictive analytics, historical datais fed into analytic
models, which are then run through instances of production or what-if scenarios.
The results help recognize interesting patterns, predict future data behaviour with
improved accuracy and suggest actions based on predictions. All these support
decisions making and proactive action, thus creating a significant impact on
operational and financial bottom lines.
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Predictive analytics is applicable in many different industries, including
telecommunications, financial services, manufacturing, retail, and so on. More
business scenarios and associated processes are being analysed and modelled to
exploit predictive analytics capabilities [36-38]. Moving beyond reporting and
optimisation, this area signals the real value creation potential within Business
Intelligence and its merger with other areas of the enterprise such as Business
Process Management and enterprise Risk Management. The notion of CI
supports the real-time enterprise and the holistic concept of sense-and-respond
enterprise where the agility of business is increased in terms of its operational
performance and its ability to react to customersin rea time.

6.2. The Shift Towards Self-Service Bl

Self-service Bl is centered around one fundamental problem: decision support
capabilities are scarce and the demand to facilitate sound decision making is
huge. In many companies, only a few people have the resources to anayse data
and extract answers from it. The likes of journalists, accountants, marketing
analysts, Bl consultants, market researchers, database administrators, and data
scientists can use reporting and analytics tools, structured data, and resources to
answer some of the strategic questions they face. Demand, however, far exceeds
this supply. Hence, the Bl department inevitably becomes a bottleneck for
answering questions that could otherwise mature the business. Besides the sheer
volume of requests, it isalso the diversity of questionsand need for rapid delivery
that limits the range of queries that can realistically be supported. The World
Economic Foruml has ranked general data analytics knowledge as the most
sought-after skill in today’s job market. Self-service BI, in its ssimplest form,
provides all employees with the tools they need to generate their questions
directly, in near rea-time. Information technology can become the company’s
secret weapon in this battle. Enabling a self-service Bl environment is of utmost
importance for kindness, concern, and care for the rest of the company. It can
supply the tools needed to manage changesin the market with the rapid responses
the market demands.

Self-service Bl levels the playing field, making key data and analytics available
to anyone who needs it and empowering them to perform their own searches and
analysis of the data. It takesthe DRY principle—"don’t repeat yourself"—to the
next level and makesit possiblefor the company to scale and evolve by removing
the bottleneck that is knowledge and datain the Bl department. Offering the right
tools to the people in the field grants them the autonomy and power they need to
perform tactical and operational business manoeuvres when called for, and to
explore new paths to growth and profitability beyond that.
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6.3. The Integration of Bl with Other Business Functions

Business Intelligence (Bl) tools enable managers and employees to analyse
historical data and make informed decisions. Strategic business functions such as
marketing, manufacturing, and finance depend on Bl systemsand datato improve
decision-making processes. The integration of Bl with other business functions
enhances collaboration, fosters information sharing, and drives more cohesive
decision making. By incorporating Bl into the daily activities of various business
units, companies can adapt more quickly to marketplace changes and identify
unmet customer needs. The growing importance of collaboration and knowledge
sharing also extends to suppliers and customers. Integrating Bl with functions
such as Supplier and Customer Relationship Management (SCRM) results in
greater business visibility, improved communication among stakeholders, and
increased competitive advantage.

Although the adoption of Bl applications continuesto grow, the utility of Bl data
is still underexploited. The economic and business impact of Bl applications
information remains largely negligible in many organizations, with data often
treated as a byproduct of business activity rather than as a primary resource.
Additionally, in most organizations, transactional applications of ERP, SCM, and
CRM are areas of strength compared to the analysis offered by their business
intelligence counterparts, SAP-BW and Business Objects [3,39-40]. Making the
Bl function more operative and pervasive is now a significant challenge for
organizations. Exploring the potential role of Bl in mid-sized companies offers
new insights into the effects of Bl and the changes that Bl organizations must
undergo to shift from a self-service to a business intelligence as a service
orientation.

7. Conclusion

Business Intelligence (Bl) tools and techniques have long been used by
enterprisesto facilitate competitive and efficient decisions. The potential benefits
from using Bl are tremendous. Bl tools enable access to the right information at
the right time to make better strategic, tactical, and operational decisions and
enhance business performance. For example, a warehouse manager can track
inventory levels and monitor purchase and sale transactions in rea time.
Connectivity to sources such as bar code scanners and point-of-sale systems
enables such real-time insight.
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Several organisations’ success stories attest to the power of Business Intelligence
and Enterprise Resource Planning: Companies such as Amazon, Dell, Hershey’s,
Wa Mart, and UPS use Enterprise Resource Planning software on a highly
customized basis. Successful Enterprise Resource Planning implementations
utilise “best practice” processes built into the software. For instance, General
Electric (GE) saved $300 million in inventory costs in one year by making the
Enterprise Resource Planning system the source for all inventory data. The
Toyota suppliers’ collaboration system enables Toyota and its suppliers to share
demand, order, inventory, and production data, which helped Toyota reduce
inventory costs while maintaining superior company performance. As a final
example, the company used Business Intelligence tools to respond more
effectively to customer serviceinquiries.
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1. Introduction to Business I ntelligence

Business Intelligence refers to the processes, technologies, skills, and
applications used to transform data into knowledge. The role of Business
Intelligence is to support better business decision making through the analysis of
past, present, and future business operations and conditions.

Fundamental concepts of Business Intelligence can be visualised as technical
architecture. Microsoft Power Bl is a suite of Business Intelligence tools that
enable data analysis and sharing of insights through rich visualisations. It is
capable of accessing data stored both on the Microsoft Azure Cloud and on-
Premises in a Microsoft SQL Server database, making Power Bl an ecosystem
rather than a standalone product. Power Bl can also consume data from avariety
of other Azure Cloud services, such as Azure Data Lake, Azure Data Storage,
Azure HDInsight, Azure Synapse Analytics, and Azure Analysis Services[1-2].

2. Overview of Microsoft Power Bl

Business Intelligence (BI) is a set of tools and techniques that helps businesses
make better decisions through data analysis. It also provides businesses with
measurable information that they can use to measure productivity. Besides, it can
help businesses to forecast and predict possible sales for the coming months
based on historical data. It is a full ecosystem that accomplishes data ingestion,
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preparation, transformation, visualization, and analysis. Microsoft Power Bl is
one of the best self-service business intelligence tools, supporting data-driven
decision-making in an organization.

Business Intelligence (Bl)
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Fig 1.BI architecture
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The landscape of Business Intelligence is vast and diverse, with an increasing
number of technologies available for various requirements. Although the initial
phase of Bl projects was time consuming and required IT involvement,
manufactured tools like Power Bl have transformed the field. Power Bl stands
out due to its extensive range of useful features and its status as a part of the
Microsoft Power Platform, acomprehensive and scalable ecosystem for business
applications. The Power Platform enables organizations to build end-to-end
busi ness sol utions with low-code technology.

3. Power Bl Architecture

A proper understanding of business intelligence can be achieved only through a
comprehensive study of Power BI, abusiness intelligence tool. Diving deep into
Power BI features requires a solid foundation in business intelligence concepts.
Business intelligence encompasses processes, architectures, and technologies
that transform raw data into meaningful and useful information for business
analysis [2]. Power Bl enables users to access, explore, analyse, transform,
visuaize, disseminate, and generate reports. It offers interactive visualizations
and self-service business intelligence capabilities, empowering business users
without requiring extensive data analysis or reporting skills.

The Power Bl architecture constitutes an ecosystem of diverse tools and services
designed for data transformation, visualization, sharing, and exploration. These
tools and components enabl e usersto create compelling data visualization reports
that enhance decision-making. Integrating all these services into a single cloud
platform establishes a scalable, cohesive enterprise businessintelligence solution
accessibleviaWeb, desktop, and mobile. The architecture includes Data Sources,
Data Modelling, the Visualization Layer, and Data Refresh and Storage. Data
Sources refer to the origins of external data, which are organized into tables
within Power Bl. Data Modelling involves structuring and organizing the data to
create a data model that facilitates meaningful insights across tables. The
Visualization Layer presents the structured datain various chart formats for easy
understanding. Data Refresh and Storage encompass the mechanisms for storing
population-specific data and updating Power Bl reports with the latest data.

3.1. Data Sources

1. Introduction to Business Intelligence Business intelligence (Bl) is a process
for delivering information and insight to decision makers. Organizations use
businessintelligenceto support operational or strategic decisions, and to optimize
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business processes. Business intelligence uses data related to the organization
and its business environment, such as financial, operational, and competitor
information. As organizations carry out their day-to-day operations, they
generate substantial amounts of data, regardless of industry or size. Dataanaysis
methods can range from standard business reports to complex analytical
operations that identify trends and predict outcomes based on historical data.
Organizations strive to learn from data history to make better decisions and
optimize operations.

Power Bl is Microsoft's direct response to the development of technologies that
facilitate data exploration, visualization, and generation of valuableinsightsin a
user-friendly manner. Regardless of language, education, or cultural background,
all people are receptive to visual content; Power Bl creates companies reports
and dashboards, making data universally accessible and understandable.

2. Power Bl Architecture Many companies use multiple systems for generating
reports and business dashboards. For example, ticket cost reports during a flight
are generated in ticketing systems, while airport arrival and departure times are
obtained by connecting to the SITA system. Power Bl permits a connection to
different sources and catersto the requirements of the report/dashboards users by
consolidating data sources as the final output.

The architecture of Power Bl involves severa components. Data Sources
represent diverse databases or files in folders. Data Modelling involves the
transformation of source data and the use of Business Intelligence calculations
through the DAX language [2-4]. The Visualization Layer displays the objects
from the Model and includes charts, tables, cards, scatter plots, and gauges.
Finally, Data Refresh and Storage assure the updating, scheduling, integration,
and security of the reports and dashboards. Practical applications of these
concepts are developed in the Power Bl Desktop, Power Bl Service, and Power
Bl Mobile subsections.

3.2. DataModelling

Business Intelligence (Bl) is a set of technologies and processes that
organizations use to collect, analyse, and present business data in a meaningful
way to enable easier and better decision-making process. It allows companies to
turn raw data into understandable information. For example, understanding the
demographic characteristics of customers can allow a company to develop
targeted marketing campaigns. A Financial Data Analytics Report that displays
monthly and annual revenue, profit, and costs helps in formulating strategic
goals.
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Microsoft Power Bl is a collection of several Software as a Service (SaaS),
desktop applications, and connector services that enable business users to
visualize their data on a consolidated platform. It allows users to transform data
from disparate sources into interactive, easy-to-consume, and de-tangled reports
and dashboards. Power BI’s capabilities include data modelling, data
visualization, data sharing, report publishing, and others. These functions can be
performed using Power BI tools in conjunction with Excel, Azure-cloud
platform, SQL Server Analysis Server, and an on-premises Power Bl Report
Server. The Power Bl architecture can be described in four sections: data sources,
data modelling Layer, visualization layer, and report storage/refresh. The
Architecture section of Power Bl details the data sources that can be connected
to Power Bl. The Power Query section explains the creation of Business
Intelligence reports that provide dimensional or relationa visibility for the
Tabular model. The Data Analysis Expressions (DAX) section details the
creation of calculated columns and measures for easy data analysis. These
elements of the Architecture section, in combination with Power Query and
DAX, enable the creation of advanced Power Bl reports.

3.3. Visualization Layer

Microsoft Power Bl is a data visualization tool that enables the display of data
through visual reports in the browser. Users can create charts, graphs, and other
visual artifacts. The software's graphical front end respondsto queries against the
underlying data model, executed in the in-memory Analysis Services engine.
Datasets and reports can be published directly to the Power Bl Service and the
Power BI Mobile application.

Power Bl supports a range of data sources, from the simplest Excel worksheets
to complex datasets, such as those from a cloud service, on-premises database,
or big data source like Azure Data Lake Store. It has built-in connectors for
Google Analytics, QuickBooks, and Salesforce, among others. An additional
software component called Power Query enables data manipulation within the
ETL process of Power Bl [5-6]. ETL consists of gathering data from different
sources into a staging area (the Query tab in Power BI). Once the last
transformation is made, data is pushed into Power Bl's data model using DAX
once the CSV isloaded.

3.4. Data Refresh and Storage

The Data Refresh and Storage components determine how data is managed and

maintained. Power Bl connects with multiple data sources, permitting refresh

operations that update the dataset in Power Bl whenever changes occur.

Scheduled refreshes can be configured to run automatically or triggered by user
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requests. Power Bl is compatible with Source Control Systems such as GitHub
and Azure DevOps, which enhances collaborative project development. Different
Data Refresh options can have varying processing schedules, with Premium and
Embedded Capacities enabling more frequent updating than Pro Capacities. Data
storage options such as Import Mode, Direct Query Mode, Aggregation, and
Hybrid Models determine how the data is cached and utilized. Import Mode
caches the data through scheduled refresh; Direct Query Mode queries the data
source directly without caching, athough this can impact Performance.
Aggregation in Direct Query Mode takes advantage of pre-cached data at
aggregated levels, Hybrid Models combine Import Mode and Direct Query
Mode, tailoring data access and performance to analytical needs.

4. Power Bl Desktop

Power Bl Desktop is the launchpad for building stunning, effective reports and
dashboards. It’s a free Windows application from Microsoft that makes it easy to
create reports leveraging Power BI’s Al capabilities. It also provides a flexible
canvas combined with more than 85 modern data visuals from Microsoft and the
community to design tailored reports and offers a broad set of shaping,
modelling, and authoring features for the data within. Power Bl Desktop serves
as a sophisticated report authoring environment, enabling the creation of data
models and the definition of measures using DAX. When these reports are
published to the Power Bl service, they become dashboards and datasets for your
users.

Setting up Power Bl Desktop is straightforward, with the application readily
available for download from the Power Bl website or the Microsoft Store. The
user interface is intuitively divided into four main areas, facilitating navigation
and report creation. These areas encompass the side ribbon (including Fields,
Visualizations, and Filters panes), the main ribbon at the top, the report-building
canvas, and the page navigator at the bottom. Crafting a report begins with
loading data from a chosen source on the Home Ribbon—after which the report
isready for building and beautification.

4.1. Installation and Setup

Power Bl Desktop represents the foundational client-side component of Power
Bl, a comprehensive business intelligence solution engineered by Microsoft.
Offered free of charge, the application can be acquired viathe Microsoft Store or
by downloading the executable installer package. Additionally, Power Bl Report
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Server, alied with Power BI Premium, facilitates on-premises report hosting and
offers a specialized version of Power Bl Desktop.

Facilitating an interactive approach to report design, the tool accommodates a
spectrum of use cases from advanced corporate scenarios to basic reporting
requirements [7,8]. An intuitive functionality, encapsulated in a single button,
simplifies the triggering of logical, incremental report refreshes, enhancing user
efficiency. With stand-alone complexity and a user interface dedicated to report
and dashboard assembly, Power Bl Desktop receives the full and constant
attention of its design team, ensuring consistent evolution and responsiveness to
the needs of the power user community.

4.2. User Interface Overview

Within Power Bl Desktop, the Field List, Visualizations pane, Report View, and
Page Settings pane are al encompassed in one section. While this offers
convenience, the layout is overwhelming at first glance. By advancing through
the tutorial, the user gains an appreciation for the seamless completeness of this
all-in-one solution.

The Power Query and Data panes are displayed separately, aligned alongside the
Fields section of the Field List in Report View. The dual approach is eloquent in
concept and becomes immensely valuable in practice.

4.3. Creating Reports

The Visuaization pane enables users to easily add visuaizations by simply
dragging and dropping them onto the interface. Each visualization is highly
customizable, alowing you to add numerous fields and utilize features such as
drill-down and detail hierarchies. Tooltips can be configured for each
visuaization to display additional, user-defined information when the cursor
hovers over specific elements. Practical examples can be explored within the
Visualization pane setting.

The Fields pane lets you add columns and tables from the data source to the
visualization. Numerical values can be used for aggregation calculations like
Sum or Count, while categorical values serve as categories, legends, or
thresholds. The Filters pane offers aconvenient way to add report-wide or visual-
specific filter conditions, effectively managing the visibility of datain the report.
Multiple pages facilitate the inclusion of different view types within a single
report.
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5. Power Bl Service

Power Bl Service is till evolving. It enables you to publish Power Bl Desktop
reports, assign scheduled refreshes, and set row-level and object-level security;
the Power Bl Serviceis built on the Microsoft Azure cloud platform.

Power Bl Service simplifies report sharing and embedment with no requirement
to create an external secure environment. Many productivity tools are added
frequently. Power Bl Service also enables usersto connect directly to a published
Power Bl Desktop report and analyse the report data in Excel through a live
connection.

5.1. Publishing Reports

Business Intelligence (BI) involves the technologies, systems, practices, and
applications that analyse an organization’s raw data in detail and present
actionable information that hel ps executives, managers, and workers make better
business decisions. Microsoft Power Bl isaBusiness Intelligence tool that offers
interactive visualization [9-12]. It uses a user-friendly interface, simple query
language, and drag-and-drop features to create custom reports and dashboards.

Power BI’s Architecture enables the integration of multi-source data to create
comprehensive reports, which can be published and shared across the enterprise.
After creating the Data Model, the visualization layer builds cohesive and
interactive reports. The reports are then published to the Power Bl Service-a
cloud SaaS-to share the reports with decision-makers, making them accessible
anytime and from any device. The reports are connected to abstraction layers
through which the data is created, and a report refresh mechanism ensures the
views reflect the most recent updates.

5.2. Collaboration Features

A key benefit of Power Bl Service is publishing reports to share with users of
differing skill levels. The report can be shared remotely, if required, with users
that can either interact with it in Reading mode or be allotted editing rights.Also,
Power Bl Service alows the creation of Workspaces to hold content such as
reports, dashboards, datasets, and workbooks. Users can be added to each
Workspace with very specific access rights—Admin, Member, Contributor, or
Viewer. It is recommended to use Workspaces for managing content instead of
individual reports as this is much easier to maintain at scale. However, this
feature is only available to users with a Power BI Premium license, with a free
license only allowing the creation of content in the one personal Workspace that
is provided.
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Finally, Power Bl Service supplies awide variety of schedulable alerts, enabling
users to be notified when specific values in their reports satisfy some triggering
condition (such as exceeding a defined limit). These alerts can be created with
minute-level granularity and distributed to any number of usersviae-mail or via
Microsoft Teams. Detailed guidance on licensing requirements and creation of
each of these features is provided in the Microsoft Power Bl documentation.

5.3. Data Sharing and Security

Business userstypically consumereports created by Power Bl Desktop via Power
Bl Service and Power Bl Mobile. All those reports, in fact, use the database and
datavisualization services. Datavisualization services alow usersto share Power
Bl reports with their colleagues and business partners through a process that
utilizes workspaces and applications. When areport is ready to be shared, it can
be linked to a workspace and then published as an app. Access to the app is
granted by inviting users or security groups through Microsoft 365 integration.
Proper configuration of Azure Active Directory security groups pertaining to
security roles of a report in the Power Bl Service ensures that users see only
reports, dashboards, and apps from workspaces to which they have access.

Apart from report sharing, the Power Bl Service also supports data sharing.
Analysis Services live connections are a typical case in which the Power Bl
Service is used as a platform that enables users to perform data analysis in any
device, without sharing their credentials, while the data modelling is performed
on-premises and datais never exposed outside the local network.

6. Power Bl Mobile

Org_App_Mobile Bl _Best Practices.md explains how the Microsoft Power Bl
mobile app supports on-the-move decision making by enabling users to access
and ask questions of their Power Bl reports and KPIsfrom their Android and iOS
phones. To create acompelling mobile report, optimization of the desktop report
layout is necessary to achieve the best user experience. The mobile app can be
downloaded from Google Play for Android Devices or Apple Store for iOS
Devices.

Microsoft Power Bl Mobile Services allow users to access reports and business
insights on any device through a mobile app for Windows, iOS, and Android
phones and tablets. The interactive mobile reports give users the ability to keep
up-to-date by providing alertsto their phone or tablet. Mobile reports allow users
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to be connected, engaged, and informed with their business data wherever they
are.

6.1. Mobile App Features

The Power Bl mobile app significantly increases business intelligence
accessibility and usability by enabling users to interact with business data on the
go [7,13-15]. Reflecting Power BI’s comprehensive approach, the mobile
application offersarich set of features:. the option to choose in-app settings, share
ideas or feedback, customize the mobile experiencefor personal success, and stay
updated with enhancements. Users can easily connect to the support team, rate
the app, create a shortcut on the home screen, and get help.

The app’s menus enhance user interaction—"About the app" provides
information on features, company blogs, and legal licenses, "Subscribe for
updates’ allows users to receive notifications on new features, tips, training
sessions, webinars, and Power Bl-related events. Under "Help improve Power
BI," users can review the experience, submit ideas or requests, share screenshots,
and access the Power BI Community. The mobile workspace includes browsing
with a home-screen shortcut and support options for assistance and rating.

6.2. Optimizing Reports for Mobile

Modern businesses require access to critical data anywhere and at any time. The
Microsoft Power Bl mobile app caters to this demand by enabling users to view
dashboard and report data on iOS and Android devices. Most report elements—
including visuals, dlicers, crossfiltering interactions, and drill-down
functionalities—are accessible via the mobile interface. Beyond viewing, users
can annotate reports and share insights directly through the app. Reports can be
displayed on various mobile screens, such as phones and tablets, enhancing
operational agility and support efficiency.

Members of a workspace can share specific customized views of a report with
colleagues viaa simple URL, provided that the shared report corresponds to the
platform (desktop or mobile) of the recipient device. Regardless of the viewing
platform, mobile users benefit fully from row-level security (RLS) implemented
in the dataset. Furthermore, filtering and slicing capabilities allow usersto access
the precise data they need, ensuring a tailored and secure business intelligence
experience.

30



/. Power Query

Power Query makes the relationship between Power Bl Data Sources and Data
Modelling more navigable by showing the type of data transformation involved
before creating the Data Models and Visuaizations. The section begins with a
look a the Power Query Interface and then explores common data
transformations. Finally, it touches on the M language that provides a flexible,
effective, and powerful data transformation capability.

The Power Bl Data Sources feature can pull data from many systems, and each
system’s data displays differently [16]. Collections, tables, and even each field
brings varying data into the Power Bl model. Equally important are the efforts
creating tables of data structures that are a part of the relationship between the
data sets to provide meaningful data insights. Power Query also plays an
important role in creating unique insights through calculated columns, using
practical use-case examples.

7.1. Data Transformation Techniques

Data transformation—the cleansing, filtering, and shaping of data—is a
foundational task in Business Intelligence and analytics design and devel opment.
Power Query simplifies the process through built-in transformations, but
advanced and customized requirements call for the M programming language.
This section introduces M and provides an overview of fundamental functions
[9,16-18].

Power Query can connect to hundreds of data sources, encompassing on-
premises, cloud, software as a service, and even web content. Data is imported
and transformed within the Power Query Editor interface.

7.2. M Language Basics

Understanding the M Language is essential for mastering data transformations
within Power Query. While the graphical interface allows users to perform
operations through direct interactions, each action records a corresponding M
statement behind the scenes. Delving into these statements offers deeper control
and flexibility for data shaping tasks.

Consider the structure of an M query that begins by sourcing sales data from a
CSV file. The resulting procedure includes commands to promote header rows,
remove undesired columns, and alter column types. Even though the user might
execute these changes via the user interface, unraveling the generated M code
clarifies the underlying mechanics[2,19-20]. Theintroductory keywords of each
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step—such as 'Source’, 'Promoted Headers, '‘Removed Columns, and ‘Changed
Type—signal the nature of the transformation being applied. Familiarity with
these elements enables more informed and sophisticated data preparation
routines.

8. DAX (Data Analysis Expressions)

DAX, or Data Analysis Expressions, serves as the functional query language for
Power BI, Excel Power Pivot, and Analysis Services Tabular models. Its primary
role involves performing calculations and queries on data within tables. Power
Query handlesthe initial Data Transformation and Modelling phases, loading the
data into the Power Bl data model, whereas DAX defines Calculated Columns,
Cities, or Queriesfor sicing and dicing the data during the report's visualization.

DAX supports avariety of functions, including mathematical operations (such as
SUM, AVERAGE, COUNT) and date/time calculations (like DATEDIFF and
DATEADD). Calculated Columns stem from earlier Data M odel ling stageswhen
the model requires computation in addition to the loaded data. Calculated
Measures, on the other hand, aggregate information using DAX Functions
whenever necessary. Lastly, Calculated Tables represent subsets or filtered
versions of the main data model, allowing custom filtering within the Power BI
report.

8.1. Introduction to DAX

Much like Power Query transforms and prepares data input, DAX extends
analysis capabilities by helping create cal culations and aggregated metrics. Both
features are essential to Power Bl and form the foundation for advanced
calculations and analytics. Data Analysis Expressions, or DAX, is a powerful
language designed for creating custom calculationsin Power Bl. DAX formulas
can perform complex mathematical operations on data, essential for generating
calculated columns and measures that enrich reports with insightful metrics.
Calculated columns add new data fields within tables, whereas calculated
measures offer aggregated insights computed on the fly during query time.

DAX employs a combination of arithmetic, comparison, and logical operatorsto
define these computations. It supports numerous functions, including those from
Excdl like ABS() and SUMX(), as well as specialized DAX functions such as
DISTINCT(), RELATED(), and CALCULATE(). In Power BI, DAX
expressions can be applied not only to Power Query-driven tables but also to any
tabular data source, encompassing Excel, SQL Server, and Oracle.
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8.2. Common DAX Functions

Functions are the workhorses of DAX, performing easily defined formulas and
calculations. Listing all DAX functions and capabilities is impractical; instead,
thefocus hereis on some common and interesting ones, while the Microsoft DAX
reference is an excellent further resource.

DAX functions fall into severa categories: Aggregate, Date and Time, Filter,
Logical, Mathematical and Trigonometric, Statistical, and Text. It isworth noting
that DAX lacks native text functions.

8.3. Creating Calculated Columns and Measures

Calculated columns can be created in the Power Query Editor or the Data view
in Power Bl Desktop. Inthe Dataview, select New Column and enter the required
expression using the DAX language to create the column. Entering the desired
column name followed by an equal sign initiates the editor. The DAX editor
highlights recognized functions, assisting in correct function use.

Measures perform calculations on aggregated data within the filter context,
returning a smaller, summarized set. They can be created by selecting New
Measure, which triggers a pop-up box; enter the expression and click the check
mark. Power Bl automatically formats the result with default settings such as $
and percent. A common measure example is Total Sales, created by summing a
measure column with Sales Amount.

9. Power Bl and Azure Integration

Microsoft Power Bl naturally integrates with Azure's cloud services and
infrastructure. Additional features enabled by integration include Advanced
analytics, Enterprise ready built on Azure, and Power Bl Embedded. Azure API
Management combined with Power Bl embedding allows an organization to
build asecure and scalable analytics portal for external users. Solution devel opers
can use Power Bl to create analytic solutions with beautiful interactive chartsand
reports, and then Power Bl Embedded APl to embed the visuas into their
applications [9,21-23]. Such a porta could provide Business Intelligence based
on an organization's product or service data for their customers. Customers can
register and subscribe for the service plans from the porta and the above
combination takes care of securing the anal ytics pages from unauthorized access.

Power Bl provides some pre-canned content pack services for Azure products
like Azure HDInsight and Azure Audit Logs. Data from these two services can
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be used to create rich reports and dashboards within Power Bl with its direct
connection to HDInsight clusters. Power Bl aso supports an "upload file"
interface for Excel and .csv files. A user can create these files in multiple ways
using Microsoft Excel and Azure HDInsight Microsoft Excel Add-ins.

The Azure

9.1. Using Azure Data Services

In the early days of Business Intelligence (Bl), data typically originated from
internal systems—databases, tables, spreadsheets, CSV files, and so forth. Each
data source required its own extract, transformation, and load (ETL) process to
prepare, cleanse, and implement complex data transformations. It was essential
to have a reliable data source, centralizing the complex ETL workload into one
place. However, Bl has evolved in step with technology, alowing us to
incorporate not only internal data but also external sources, such as social media,
RSS feeds, and Facebook, as well as sources located closer to the cloud.

Since Power Bl isacomponent of Microsoft Azure, we have the ability to analyse
data stored in the cloud through numerous Azure services, including Azure SQL
Database, Azure Data Lake, Azure Blob Storage, and more. As with in-house
data, complex ETL processes are often necessary to transform the data before
incorporating it into Power Bl. Azure provides numerous services, both in the
PaaS (Platform as a Service) and |aaS (Infrastructure as a Service) categories, for
this purpose. For example, Azure Analysis Services and Azure Data Factory are
PaaS services commonly used to address the ETL requirements for Power BI.

9.2. Power Bl Embedded

Power Bl Embedded is a collection of Application Programming Interfaces
(APIs) and client libraries, al hosted within Microsoft Azure. The fundamental
idea behind Power Bl Embedded isthat user-level features and controls available
through the Power Bl service are also accessible to application developers and
independent software vendors (ISV's). Developers can embed these features into
applications, establishing a single relationship between the application and the
Power BI tenant, which then facilitates features supporting multi-tenancy within
the application [24-26]. ISV's can utilize Power BI Embedded to permit tenants
or customers to log into their application and access Power Bl without the
necessity of creating atenant or customer account within the Power Bl service.

Power Bl Embedded enables developers to access Power Bl reports and
dashboards and embed them within custom business applications. Developers
have full control over features like report navigation, dashboard filters, and

bookmarks, allowing them to provide better user experiences. They can also
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create new reports and publish them to existing workspaces for their users or
customers. Power Bl Embedded supports several use cases, including Embedded
analytics, Customer-facing analytics, and Internal-facing analytics. Additional
functionalities include REST API maintenance tasks for Power Bl resources.
These capabilities are available through the Microsoft Power Bl SDK for
JavaScript development, facilitating enhanced customization and integration
within applications.

10. Real-world Use Cases of Power Bl

Power Bl is enabling analytics in every industry imaginable. Two illustrative
examples—financial analytics and marketing insight generation—are followed
by links to other demos. These real-world applications demonstrate how a
creative analytics team can significantly increase productivity and improve the
user experience.

The Financial Analytics demonstration uses Power Bl with SharePoint Online
and Excdl to analyse cash payments made during April's budget period. In this
example, budget analysts created Power Bl reports and dashboards that showed
spending by categories such as account, vendor, employee, purpose, and
transaction date [8,27-30]. These visua presentations helped both end users and
managers easily identify spending trends. In the Marketing Insights
demonstration, salary survey results were imported from a CSV file for
respondent age, function, industry, and salary. Marketing anal ysts created Power
Bl reports and dashboards that display the variance of each segment against the
overall population. A handful of filterswere placed on each visual to let end users
explore that particular segment, and colour was added to highlight the segment's
variance from the overall population.

10.1. Case Study: Financial Analytics

A financia performance report created with Power Bl showcases revenues and
profits for the past three years, both in actuals and forecasts. It also identifies the
causes of revenue decline and tracks related key performance indicators (KPIs).

Power BI’s ability to swiftly generate charts and heat maps based on underlying
data sets is demonstrated by profits and expenses presented as one-page heat
maps. Heat maps for product forecasts compare product revenuesfor 2015 versus
2016, categorized by product and market, while revenue variations are mapped
by region. Key insights highlight the effect of currency fluctuations on revenues
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and the reversal of past losss-making markets. Expense categorization uses
calendar quarters as well as month and year hierarchies.

10.2. Case Study: Marketing Insights

Business Intelligence (BI) is defined as the process of analyzing current and
historic business datato discover trends, patterns, and relationships between data
points. Bl systems providethe ability to present the analysis and display business-
critical information on dashboards and reports so that the business can be
proactive, identify opportunities and threats, and improve customer relationships.

Power Bl offers a complete umbrella of services and capabilities scoped to
deliver efficient Business Intelligence across the organizational data landscape
[9,31-33]. For disparate data spread across the enterprise premises and cloud,
Microsoft offers Microsoft Power Platform with Azure services for streamlined
data management and connectivity, so that the data is easily available for
decision-making. Microsoft Azure provides a collection of severa services that
help in meeting different Bl and Al needs:

These integration capabilities enhance and expand the collaborative power of the
Bl ecosystem and enable Business Intelligence at an enterprise level with role-
based security. Azure integration helps applicable Power Platform services to
connect Power Bl data and visuals; it further allows Bl reporting functionalities
to be embedded in Azure websites and app services for both vendors and
customers.

11. Best Practicesfor Power Bl Development

Numerous free resources are available to help Power Bl users get started,
including the official Microsoft Facebook page, YouTube tutorids, and
comprehensive documentation [34-36]. Exploring additional capabilities such as
Power Bl Embedded and Power Bl for Azure enhances the Power Bl ecosystem
and supports advanced data-related scenarios. Optimizing Power Bl reports
begins with data analysis, followed by appropriate front-end and backend design
choices; here, DAX playsavital role.

Power Bl Desktop enables effective visualization presentation, but sharing
options vary in complexity and applicability. While the Free license facilitates
publishing on the Web, the Pro license supports dashboard sharing within the
organization. The Power Bl Premium license offers extensive backend
enhancements and storage capacity. For real-time data, Power Bl Streaming
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Datasets—using the APl—are recommended. Microsoft Power BI’s strength lies
in its ability to address a wide array of business requirements, including
maintenance, finance, marketing, and point-of-sale analytics.

11.1. Performance Optimization

Building highly performant dashboards is essential for the overall success of the
solution. Users often interact with several report pages, and if the initial pageis
slow, it may take too long to render other report pages. Therefore, developers
should begin optimization as early as possible and monitor performance on an
ongoing basis.

The Power Bl community provides severa best practices covering various
aspects of performance. First, data in the Power Bl Desktop is stored inside the
in-memory engine. The maximum supported memory capacity for a dataset is 1
GB, so models should be optimized to fit into the memory constraints of the
Power Bl dataset engine. Second, the size of the data model is acritical criterion
in performance. To reduce the data model volume, Power Query can be used to
remove unnecessary columns, change data granularity, and filter out unwanted
rows directly in the data source. Filtered tables should also be excluded from
refresh if possible [3,37-39]. The third aspect is optimization of calculations.
Calculations should be optimized with minimum complexity in both Power
Query (M) and DAX. Calculated columns are not dynamic, because they
calculate their value for each row when a refresh happens; on the other hand,
measures are caculated on demand and offer significant performance
enhancements but can only be created at the table level.

11.2. User Experience Design

The ability to enter comments or add custom notes can help provide additional
clarification or context, as well as engage users and encourage them to react
accordingly. For example, an analyst may want to add a comment highlighting
an important development, or an executive deciding on the next steps may want
to add notes to document their insights and decisions.

Complex datasets and visually unappealing charts may confuse the report users
and cause them to miss key takeaway's, which can be avoided by making the right
design choices. Power Bl offers various customizations such as changing the
colours, fonts, layouts, borders, and more for making the report more visually
appealing and at the same time simpler to consume. Designing a great user
experience is simply a matter of understanding suitable customizations and
applying them correctly.
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12. Future Trendsin Business I ntelligence

The integration of emerging technologies into Business Intelligence (BI) is
swiftly transforming methods of data analysis and decision support. Artificial
Intelligence (Al) plays a pivota role in this evolution by enabling Autonomous
BI, which automates the generation of explanations for outliers and presenting
insightsin natural language. Al-driven visual analysisleverages natural language
gueries and image-processing capabilities to create custom visuals, enhancing
continuous data analysis. Data governance functions increasingly incorporate Al
through natural language processing techniques, which augment metadata with
conversational tags and simplify access controls.

The confluence of Bl and Artificial Analytics is revolutionizing modern
enterprise operations. Bl software now employs deep learning and computer
vision to analyse structured and unstructured data, routinely generating insights.
Natural Language Processing (NL P) supports conversational interfaces, allowing
users to interact with dashboards via speech or text. Chatbots and digital
assistants interpret these inputs, responding with executable insights, complete
drill-down capabilities, and summariesin natural or speech language. Automated
decision-making and execution rely on persuasive analytics to suggest courses of
action. These advances have led to the introduction of Power Bl Copilot,
integrating recent Microsoft research technologies to provide conversational
capabilities like ChatGPT within Power BI.

12.1. Artificia Intelligencein Bl

Artificial intelligence continues to make inroads into all stages of the business
intelligence process, ranging from data preparation, to building machinelearning
models, to data exploration, to acquiring business insights and explanations.
Finaly, intelligent technologies are becoming important to the role of data
governance for Bl, and Power Bl now features Al-categorized data sensitive
labels. Power Bl offers numerous cognitive services to enrich the data and
produce visudizations. The integrations include Machine Learning and
Cognitive Service APIsfrom Azure aswell asthe Cognitive Services connectors
for Azure Blob and Azure Table facilities. The cognitive connectors enable data
cleansing and data enrichment [ 36,40-42].

The Power Bl service built on the Azure Machine Learning service supports two
approaches. One approach enabl es creating and training machine learning models
through Azure Machine Learning Studio. The newly trained model can then be
tested and published as aweb service. The Azure Machine Learning web service
can then be called from Power Bl Desktop or Power Bl service as an action on
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data. The second approach leverages Azure Services from Power Query in Power
Bl Desktop. Power Bl Desktop enables calling a Power Very Simple Prediction
(VSP) machine learning model to predict values for input data. Likewise, Power
Query enables calling other Azure Cognitive Services, such as language, visual,
text, and speech. Additionally, Power Bl Desktop supports integrating R-scipt
visualizations into reports.

12.2. The Role of Data Governance

Business intelligence nurses a paradox at the foundations of the entire data-
product development business: the lengthy, tedious, and error-prone process of
funneling data into dashboards and reports of key metrics can make all the
difference between giving a business the necessary insight and knowledge, or an
imaginary insight leading their business to failure. With a growing number of
users and contributors, Bl reports become workshops of living ideas for any
business—growing, refining, and evolving to include all pertinent key indicators
[40,43-44]. However, the ever-expanding constellation of Power Bl reports can
also sit scattered and unmanageabl e, with security waning, awarenessfalling, and
development skills decaying.

From a data-gov perspective, the question arises: “which users are both a threat
and can mitigate risk?” Enterprise Data & Analytics teams might look to
championing and collaboration within a Power Bl user-base—whether business,
IT, or development. Such teams are armed with governance and risk-aversion
tools, and armed with the skills and best-practice-awareness, they can wield
Power Bl as ashield rather than athreat.

13. Conclusion

Businessintelligence is about getting the right information at the right timeto the
right people in the right format so they can act on it. Power Bl enables the
delivery of information so that users can make decisions based on data instead of
gut feeling. Power BI is a complete solution—offering infrastructure, reports,
transformers, burnout, and presentation layers in one place and supporting both
open-sourced and Microsoft proprietary technologies.

Power Bl offers benefits over other Bl tools by integrating the components that
once formed an ecosystem into a single product. Even though Power Bl contains
many components, they come bundled inside a single package. With Power Bl
Desktop, business analysts can develop a corporate portal that contains datasets
uploaded from Power Bl Desktop. Setting up acluster can establish a user access
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control environment. Power Bl Desktop includes an embedding feature that
enables devel opers to embed Power Bl reports inside their applications.
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1. Introduction to Data Visualization

The crux of the burgeoning era of Big Data and its practical deployment using
data analytics and business intelligence tools lies not only in data visualization
but also in the enriched meaningful information |eading towards better decision-
making. Although the meaning and role of data visualization have been explored
and argued at length data visualization represents the means through which the
data that resonate with the human visual system are better exploited. It is the art
and craft of both acquiring high-dimensional data and leveraging the capabilities
of visual encoding channels to convey messages effectively and efficiently.
Using visual representations and infographics, it aims at communicating and
illuminating the effectively organized data and information. Data visualization
comprises lists of guiding principles supported by an aternating series of
summarizing tables, a catalog of common chart types, and a list of charts
connected to these principles. Thanks to the design of scaled objectsin physical
displays, the users could see the information within a data set, and are able to
note the trends and patterns, compare and group, find exceptions, and finally
understand the data.

Software products such as Tableau are specifically designed to address the need
of publishing information on the Web and to support an unlimited number of end-
users without the need of Tableau licenses [1]. The Tableau product suite is
currently ranked as the leader in the Gartner Magic Quadrant for Business
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Intelligence and Analytics Platforms for the eighth consecutive year. Tableau is
a powerful and fastest growing data visualization tool used in the Business
Intelligence Industry. It can connect to files, relational and Big Data sources to
acquire and process data. It allows the creation of interactive and shareable
dashboards. The dashboards depict the trends, variations, and density of the data
in the pictorial or graphical format which is easy to comprehend for the users.
With the help of these dashboards, actions can be taken immediately based on
the data presented. Interactive Filters allow users to explore the data with
different angles easily. Tableau workbook can be published to Tableau Server,
Tableau Online which alows othersto interact with the report and download the
datafor further analysis.

Visualizing with Tableau:
Creating Interactive Dashboards

Introduction to Setting Up
Data Visualization Tableau

Creating
Interactive
Dashboards

Overview of Connecting to
Tableau Software Data Sources

Fig 1. Visualization with Tableau



2. Overview of Tableau Softwar e

Tableau is a powerful data visualization software widely used in the business
intelligence industry. It allows for the creation of an interactive, data-driven
environment to explore complex datasets [1-2]. Tableau’s advantages include a
user-friendly interface, the ability to connect to various data sources, and
offerings for both commercial and personal users.

Industries such as business, health, education, and many others employ Tableau
to visualize data, glean insights, and make sound data-driven decisions. The
software provides a simple means for analysing extensive amounts of data,
enabling users to detect hidden trends and relationships quickly.

3. Setting Up Tableau

Visual dataexploration plays avital role across ailmost all sectors. Graphics help
experts communicate knowledge they hold—be it numbers, statistics, or trends—
much more effectively. People grasp concepts and relate to stories better with
images, so information ismore likely to persuade, relate, engage, and educate. In
sales, business, healthcare, education, and beyond, dashboards convey core
messages to help make critical decisions.

Tableau is a leader in the visual analytics and business intelligence market
segment. Setting up Tableau involvesinstalling Tableau Desktop and connecting
to data sources. When the software is installed on a computer, it appears in the
Start Menu or all apps list [3-5]. Launching it presents the Tableau start screen
offers options to connect to data and create visualizations. People can link to data
they cleaned and saved or to other sources including their computers or disks,
and to online data sets on websites or cloud services. A dedicated section
containing specific data connection options appears.

3.1. Installation Process

Setting up a Tableau environment begins with installing the software on a
dedicated workstation. Theinstallation package can be obtained by signing in to
the officia Tableau website on the products page with the appropriate
credentials. Although the current example uses Tableau Desktop, different
packages offer similar services and might be more suitable depending on the
user's goals. After selecting the 'Download' button, the program automatically
downloads to the device.
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Upon completion, launching the software initiates the setup process. The initial
screen prompts sign-in or license key entry; users opting for two weeks of free
service select the 'Start Trial' button, leading to the normal operating mode.
Tableau supports connections to a multitude of data sources, ranging from
traditional file formats (Excel workbooks, delimited text files, statistical
workbooks, data extracts) to servers and sites (Microsoft SQL Server, Salesforce,
Google Analytics, Oracle, among others). These options ensure that real-time
data can be ingested from nearly any place on the internet.

3.2. Connecting to Data Sour ces

After installing Tableau, the next step involves connecting to a data source.
Selecting "Connect to a File" presents multiple choices, encompassing Excel
spreadsheets, text files (.csv/.txt), JSON files, PDFs, Spatial files, Statistical files
(.sav) data extracts, and Microsoft Access. Conversely, "Connect to a Server”
includes various server options: Microsoft SQL Server, Excel Services, Oracle,
OData, MySQL, PostgreSQL, IBM DB2, Google BigQuery, Microsoft Analysis
Services, Teradata, SAP HANA, and Splunk.

Once a suitable data source is chosen, Tableau automatically fetches the
information and displays it in the Source tab of the Workspace. In this stage,
users can inspect their data, undertake cleanup operations, or execute
fundamental transformations, thereby preparing the data for the creation of
insightful visualizations.

4. Under standing Tableau Interface

The Tableau interface features several main components. The data pane contains
dimensions, which hold categorical data, and measures, which hold quantitative
data[6-8]. Tableau automatically assigns geographic rolesto certain dimensions
(Country, State, City, and Postal Code). The information provided for each
province in the later map of Australia example is obtained by highlighting the
province and the associated Province Info section.

Themiddle of theinterface containsthe center pane, which allowsfor the creation
of worksheets, dashboards, and stories. The bottom of the interface
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contains tabs for selecting one of these modes. Above the tabsisthe shelves area
(Pages, Filters, Marks) along with the Columns and Rows shelves. The Tableau
datatypeis also shown for each variable (string, number, date, geographic role).

4.1. Main Features

The Tableau interface layout includes several important features. The Data
window holds all the fields of the connected data source. It alows the creation of
calculated fields, new sets, parameters, and groups. Selections here can be
dragged to the Columns and Rows shelvesto visualize datain rows and columns.

The Workspace area displays the data visualization under development, with the
tree of sheets at the bottom. In the Data pane, dimensions and measures are
displayed in blue and green, representing Discrete and Continuous fields
respectively [9]. The Display pane shows tabs for Worksheets and Dashboards.
The Pages shelf supports visualizing different values of a selected field through
animation. The Marks area contains controls such as the Marks type drop-down
and options for Colour, Size, Label, Detail, and Tooltip.

4.2. Navigating the Wor kspace

After setting up Tableau and connecting to your data, the next step is to
understand the workspace interface. All Tableau activities — creating basic
visualizations, applying advanced charting techniques, or compiling the display
into interactive dashboards — take place within this environment.
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The workspace comprises three key areas. The sidebar contains the Data pane,
displaying al data from the connected source(s). The middle section includes a
plethora of tabs and menus for settings, filters, annotation, formatting, and
illustrations. The space at the back is for creating and viewing dashboards,
stories, and sheets.

5. Data Preparation Techniques

Data Preparation Techniques Data cleaning and transformation are crucial
preparatory steps ensuring that analyses and visualizations rest on accurate data.
Junk, incomplete, or corrupted data can produce misleading outcomes, which can
be costly when analyses underpin decision-making. During the data preparation
phase, analysts assess each column's contribution; data added merely for
completeness but without analysis relevance may, in fact, clutter and confound
the model. The objective is to provide Tableau with seamless and continuous
access—the resulting visualization is derived from continuous connectivity [7,9-
10].

Gathering Data Establishing an analysis framework before proceeding is
advisable. Understanding the key information stakehol ders seek enables the data
collector to assemble the required raw data in the correct foundational structure.
This prerequisite shapes the techniques for extracting, transforming, and loading
the data (ETL) into the Tableau data engine. Assessing the database size helps
determine data volume and memory requirements. Upon meeting assessment
criteria, the gathered data tables can be saved in afile format compatible with
Tableau for presentation and analytics on the desktop platform. Tableau supports
a variety of usage types—business intelligence, web authoring, embedded
analytics, or mobile solutions—facilitating seaml ess connectivity and interaction
with data.

5.1. Cleaning Data

Before creating visualizations, it is useful to prepare the dataset first in order to
improve the output of the analyses. Datasets are often incomplete, dirty, or
unsystematic; data preparation involves cleaning and transforming the data such
that it is suitable for visualization [1,11-14]. Tableau software is able to perform
several data preparation techniques on the data source connected to the
workbook.

Data Cleansing Data cleansing includes procedures such as renaming field
names, changing field data types, hiding fields from the Data pane, and
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trandating field aliases. The associated Data pane alows renaming of the fields
through aright-click action and selecting Rename[13,15-17]. The Data Type can
be changed from a right-click action and one of the Data Type options can be
selected. Tableau can interpret afield of number data type for visualization, but
when that data represents a Category, a change to String is needed. Nonrelevant
fields can be hidden from view and will not be availablefor visualization by right-
clicking and selecting Hide for the intended field. When a field contains values
that are either not well labeled or cannot be understood by the Tableau dashboard
user, the field aliases can be updated by right-clicking the field containing the
values to be modified Aliases are typically used to change an abbreviation to a
more descriptive text (e.g., changing CA to California).

5.2. Transforming Data

Preparing datafor analysisin Tableau is the next step after initial transformation
to cleaning. The data-cleaning processtypically entails removing duplicate rows,
renaming heaps letters, eliminating negative values, selecting specific columns
for analysis, and converting the data type of values. Tableau Prep provides
numerous wizard-driven pages that smplify the cleansing of data for analysis.
Users can subsequently create visualizations and dashboards based on the
cleaned data[18-20]. Remember that data preconditioning enhances data sources
so that subsequent needs are not overly reliant on complex data transformations.
It is important to outline data preparation tasks before starting to construct
reports.

Consider another example involving an online retailer that collects transactions
from customer orders delivered around the world. The retailer collects the data,
although it is valuable in its aggregated form as data: salesperson, country of
delivery, sku, quantity, sales, cost, margin, customer name, salesorg, and
salesregion. A myriad of additional data preconditioning might be required, but
the focus here is ssmply on how to construct a basic visuaization given data
aggregated within Excel.

6. Creating Basic Visualizations

Asdatagrowsin complexity and volume, visualization has become acritical part
of organizational strategy. It eases the decision-making process by
communicating patterns, trends and outliers that might go undetected in datasets
[19,21-22]. True to its name, Tableau helps users visualize data patterns and
trends by using bar charts, line charts and pie charts, as well as more advanced
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techniques. The chapters that follow begin with basic visualizations and progress
to increasingly sophisticated graphic forms.

The program can connect to a vast range of data formats including plain text,
Microsoft Excel, Microsoft Access, Microsoft SQL Server, JSON, PDF, and
SAS. Acting as abridge between the data source and the user, Tableau simplifies
advanced analyses and offers basic techniques for data preparation and
manipulation. Bar charts, line charts and pie charts help build the foundations;
together, they address many of the questions users normally ask of the data.

Creating Basic Visualizations

As data grows in complexity and volume, visualization has become a critrical
part of organizational strategy. It eases the decision-making process by
communicating patterns, treneds and butliers that might go undetetced in True
to its name. Tableau helps users visualize data patterns and trends by using
bar charts, line charts and pie charts, as well more avdvanced techniques. The
chapters that follow begin with basic visualizations and progress to increasing
sophisticated graphic forms.

all -~ @

Bar chart Line chart Pie chart

6.1. Bar Charts

Bar charts are one of the most popular chart types for visualizing relational data
that includes discrete categorical dimensions and a corresponding quantitative
measure [11,23-25]. In the example visualization, the categories on the discrete
Dimension Axis are each department of a company and the Axis Measures
represent the Total Expense for the corresponding department and month. The
axesintersect at the zero point. Bars of different heights extend either upward for
positive values or downward for negative values from the zero point on the
vertical axis.

Each Category is grouped into a cluster or stack, depending on the colours of the
Slices. Adding a Slicing dimension splits the bars in close proximity to give an
immediate indication of the size of sub-categorized groups within each of the
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main categories, much like submitted bids for a company’s downtown project
from different local construction companies in different industries (Engineering,
Material Supplier). Creating stacked bars that add up to the total for the grouped
bar isaso smplicity itself.

6.2. Line Graphs
After entering the first visualization using a Bar chart, return to the Data
Worksheet and create the second dimension: Change the Mark Typeto Line.

Now add the “Sales” measure: Click on SUM(Sales) and drag it to Rows. By
default, Tableau creates two axes, one for each measure. This behaviour can be
avoided by dragging the second measure over the first. When the darker strip
appears around the first measure, release the mouse. Now there is only one Y -
axis and the two measures shareit.

6.3. Pie Charts

Pie charts can be a useful tool if the sequences are short, for example, less than
6-8 members. Pie charts can be used to display the relationship between sum of
salesfor different years and division member. Fig. 6.18 shows asimple pie chart
that shows the relative contributions of division sales for the different years. All
the three Pie charts are positioned next to each other.

The pie chart was created using acircle mark. The division member isthe colour,
and the size shows the sum of sales for the different years. For the exploded pie
chart, the colours are assigned using the number encoding, where number
encodes “Yes” and 1 encodes “No.” The group member has been added to a detail
card.

7. Advanced Visualization Techniques

The previous section introduced the creation of basic visualisations such as bar
and pie charts. Tableau also offers awide range of advanced visualisation types,
including heat maps, highlight tables, scatter plots, histograms, bullet charts, and
geographical maps [26-28]. These visualisation types are particularly useful for
creating interactive dashboards. By combining different types, the key metrics
can be clearly and concisely displayed, providing userswith acomplete overview
of the data.

Heat maps represent data frequency where colour intensity indicatesthe intensity
or concentration of a particular metric value. Highlight tables also represent data
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frequency. A scatter plot is an effective way to visualise the correlation between
two variables, with two columns or rows being displayed as points on the marks
card within the visualisation. Histograms are modification of bar charts,
representing the distribution of a continuous variable, with the bars representing
intervals or bins of the variable. Bullet charts are a variation of bar charts,
allowing the denotation of a target within the bar chart, and are often used in
executive-level dashboards to provide a comparison between actual and target
performance. A map visualisation plots data in relation to a geographic location
based on longitude and latitude. The values of a chosen measure are represented
on the map by differing shades of colour.

7.1. Heat Maps

Cross-referencing isafundamental tool for scholars, hel ping articulate the credits
for ideas and evidence. Yet in ever-growing volumes of scholarship, it serves
perhapsits most compelling use: enabling the reader to chart their own navigation
through the text, toward deeper understanding. Readers contemplating the
creation of basic visualizations such as bar, line, or pie charts should refer to
section 6. Creating Basic Visualizations, and those seeking to integrate a variety
of charts into interactive dashboards should consult section 8. Building
Interactive Dashboards.

Heat maps visualize tabular data through the intensity of colours in a range of
native Tableau charts. This can be combined with page marks for scrollable data
display. For example, adding Postal Code to Page and Member to Colour to a
Heat Map quickly reveals variations in members for the postal codes within a
state. Larger values can be highlighted using Count and the attribute Average of
Count of Members. Visual encoding is enhanced for tile shading by clicking
Colour and selecting a suitable palette. Other fields that might be visualized using
encoding include 1d, Event, Home Depot store, Inventory Group, Document
Number, and Product Category.

7.2. Scatter Plots

Scatter plots alow correlation or relationship between two of their measures.
These plots display distribution shapes, concentrations, and identify outlier
values that appear away from the main distribution [29-32]. A scatter plot uses
plotted circlesto display values for the two measurement variables. The data are
plotted as points using the two supplied measurement columns, one for each
coordinate. The position of each circle obviously can indicate the value of each
measure, but the other measures can be used to provide the size and colour of the
circles.
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A few lead-in examples help to understand the notion of this corner of the story.
In the Scatter Plots area of the Tableau show case, click Scatter Plot Interactions.
The Scatter Plot interactions show the visual relationships between states as the
year changes. The scatter plot uses population and sales as its two primary
measures, with a year-based playback that shows the relationship between the
eight selected states for each year. The colour indicates the region, and the size
relatesto the square miles of each state. Next, in the Scatter Plots area of the show
case, select Body Mass Index. This plot plots the individual values of height and
weight for a selection of men. Y ou can select any branch of the upper tree to see
the individual valuesfor those two measures. Then, from the same section, select
BMI by Races. Here, the average heights and weights are plotted for the different
races of men in the sample. The size of the lung sets the actual numeric values
and helps us understand where the average within each group lies.

7.3. Geographic Maps

Geographic maps stand out among data visualization techniques because they
display location information alongside other related data. When geographic
locations are involved, Tableau offers avariety of mapping functions[31,33-35].
There are several types of maps: traditional maps used everywhere, filled maps
that provide a colour fill to clearly distinguish each geographic region, and
density maps that highlight areas of high concentration.

Maps are most effective when both dimension and measure fields related to
location data are present in the view. Tableau automatically generates geographic
maps whenever geographic fields—such as country, province or state, city, and
zip code—are used asdimensions. By default, Tableau utilizesthefirst such field
added to establish regional boundaries on the map. Additional address
information, including street, postcode, and country, is also recognized by
Tableau and can be incorporated to enhance the map's detail.

8. Building I nteractive Dashboards

The creation of interactive dashboards is one of Tableau’s most powerful
features. Dashboards are a collection of views from one or more worksheets,
offering the user a comprehensive snapshot of entire datasets. While standard
web pages can display images or text together, Tableau dashboards can present
web content, spread sheets, or combinations of local and browser-scoped feeds
and dashboards.
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Thekey elements of adashboard include views, filters, legends, and web objects.
A view is afunctional web page displaying visualizations, such as a heat map.
Filters and legends enhance navigation and understanding, while web objects
modify the browser window's HTML scripts. Filters can be applied to all views
on aweb page; for instance, selecting a country in one view causes the mapsin
other views to adjust accordingly. Actions provide interactive control over
filtering and final-point highlighting in and across visuaizations. They help
create navigable and dynamic dashboards where readers can delve deeper into
their data or move intuitively through the displayed views.

8.1. Dashboard Components

Certain components are fundamental to creating any Tableau dashboard. A
dashboard without visualization would be like a car without a steering wheel —it
may be technically functional, but it would serve little purpose.

Tableau enables the compilation of multiple chartsto assemble the desired story.
Table calculations— such as rank, moving window average, total percent, and
difference— provide the necessary analytical purpose. Additionaly, filters
facilitate user interaction. Additional features are added during the assembly
phase to make the dashboard engaging and appealing.

8.2. Using Filtersand Actions

Filters control what dataisdisplayed in aview. Generaly, only the different data
items displayed in rows and columns of aview are available for filtering. One of
the key features of Tableau is that it allows for several different filters to be set
on different data levels:

» Data source filters ¢ Extract filters » Context filters ¢ Dimension filters * Measure
filters ¢ Date filters » Table calculation filters

Actions add interactivity to dashboards and worksheets. Filters applied through
Actions are a powerful tool to create an engaging and dynamic user experience.
The key types of Tableau actions are:

» Filter actions * Highlight actions * URL actions

Interactive dashboards usually contain complex navigation between different
sheets; the use of Actions helpsto create a seamless experience. The possibilities
of using Actions can be very broad—for example, by combining Highlight
Actions with the complex use of Colours and also combining URL actions with
another JavaScript API.



9. Enhancing Dashboard Aesthetics

Creating a Tableau dashboard that is both visualy appealing and interactive
elevates user engagement and maximizes business value [36-38]. Adding filters
to dashboard objects allows viewers to manipulate actively the display set,
updating the visualization accordingly. Filters introduce movement to the
interface, lessening the sense of dead-ends common in static charts. The next step
in dashboard design—adding page, category, and range selectors—further
enriches interactivity.

Strategic use of colour enhances aesthetic fun while improving readability and
visual consumption. Colour treatments can draw attention to specific behaviours
or trends and add different dimensions of information within a single display.
Colour choices affect viewers psychologicaly; colour theory, together with
typography and layout, constitute visual design theory, a central concern in
graphica dashboards.

9.1. Colour Theory in Dashboards

Colour theory in dashboards is. Using the right colours is essentia in
visualization, for both the logical interpretation of categories and values and
improving the appearance of the whole picture. Tableau offers severa colour
options that are closely related to the data type. It is aso possible to edit the
colours or choose specific colour sequences from severa palettes. Colour usage
should follow the best practices discussed below.

The human eye can perceive about 7 or 8 different huesin a picture. Thus, it is
recommended to limit the number of different coloursor huesin avisualization—
for example, less than seven categories if the colours represent categorical
attributes. Colour groups—a set of colours resembling a similar hue—should be
avoided unless there is an intended hierarchy. Colour blindness influences the
understanding of any visualization based on colours. If colour isthe only property
used to distinguish between categories, it is expressed as a big problem.

9.2. Typography and L ayout

After colours, typographical elements represent the second cornerstone of
aesthetics; nevertheless, they can offer more than mere refinement [1,39-41].
Since 95% of dashboards compose text (labels, titles, legends, and so on),
choosing convenient fonts can simplify and guide their understanding. The
choice of lettering is deeply rooted in the personality of every culture. Characters
have evolved through the years and styles, each linked to a different erain time.
A large quantity of typographic services provides suggestions and pairings of
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fonts based on these aspects. Although not directly related to visualization, these
services, if carefully selected, can greatly improve user experience by making
dashboards less intimidating and more pleasant. As an example, a health-care
dashboard using decorative fonts may be considered out of place, yet those very
fonts could be a perfect fit for wedding planners.

Regardless of the neatness of colours and typography, a messy presentation of
objectsruinsthe overall distribution of the dashboard [42-44]. In addition, due to
the higher computational demand of filtered views, the main visualization should
be arranged near the interactive objects to enhance performance. Within Tableau,
a container box helps arrange images, texts, videos, or other boxes in a vertical
or horizontal symmetrically distributed manner. Dimensions and paddings
modify the space occupied by each element, while the appearance of every box
can be stylized with aborder. Smaller font sizes for subtitles and labels guide the
viewer’s attention, optimizing the time dedicated to visualization comprehension.

10. Publishing and Sharing Dashboards

Data visualization is a process that involves transforming data into graphical
forms such as bar charts, pie charts, maps, lines, or dots. The use of these visual
representations is becoming increasingly important because of the vast amounts
of data produced by organizations and systems. Creating charts from these large
sets of data helps present the information in a clear and understandable way.

Tableau is one of theleading data visualization software tools, providing services
across various sectors, including business, healthcare, and education. After
creating visualizations, Tableau offers multiple options for publishing and
sharing the results [45-46]. The visualizations can be published to Tableau
Public, Tableau Server, or Tableau Online, depending on the user's requirements.
Dashboards may also be exported to PDF format, uploaded to Tableau Public for
public web sharing, or saved as images to be shared through email or other
messaging platforms.

10.1. Exporting Options
Publishing and sharing data visualizations is an essential stage of the process.
Tableau provides the following three options. * Tableau Desktop Sessions. A
Tableau Workbook or Tableau Packaged Workbook isaTableau Desktop session
saved to disk. A Tableau Workbook hasthefiletype. twb and a Tableau Packaged
Workbook has thefile type .twbx. Both can be shared with recipients who do not
have Tableau Desktop, but the recipient needs to have Tableau Reader installed
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[18,47-49]. Tableau Reader is afree program that enables arecipient to view any
visualization created in Tableau Desktop and saved in this format. A Tableau
Packaged Workbook has the added advantage of having a local copy of any
external files that were being referenced in the visualization. « Tableau Server or
Tableau Online. A Tableau visualization can be published on Tableau Server or
Tableau Online after signing in, enabling users to view the project in a Web
browser or on a mobile device.

10.2. Sharing on Tableau Server

Once the Tableau Server is set up, existing sites and projects can be utilized or
new ones configured. Publishing from Tableau Desktop requires server
credentials and selecting the destination site and project. There are two options
for integrating dashboards within the server environment:

- Default View: Theinitial dashboard displayed on the Tableau Server - Content
Customization: Allows users to personalize the dashboards to meet their specific
reguirements

Publishing Tableau dashboards enables sharing in both public and private
environments. Tableau Public offers a free service for publishing dashboards
publicly. For privately sharing dashboards, enterprise editions of Tableau provide
Tableau Server and Tableau Online [18,47-49].

Tableau Server and Tableau Online can be considered as the backbone
infrastructure supporting the sharing services of Tableau. Tableau Online is a
cloud-hosted product similar to Tableau Server; however, the product is managed
by Tableau, Inc. Only Tableau Server and Desktop offer full authoring
capabilities. Tableau Reader supports interaction with packaged workbooks,
whether they are uploaded to Tableau Public or saved locally on a user’s system.
If the data sourceis alive query, users can interact with the data just as they can
on Tableau’s desktop application.

11. Best Practices for Dashboard Design

Once it meets the user objectives and is published, a dashboard is finished. Yet
are there any ways to improve the design?

Whether a funnel chart is most suitable should be no longer be at the centre of
the discussion, instead the focus should be on the user perspective. The corporate
logo, a heat map with a blue gradient or another choice because aring chart is
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easier to understand are all nuances of the final design. Other important aspects
are performance and permissions.

11.1. User-Centric Design

Dashboards are designed to communicate insights for arange of users, each with
different expertise, expectations and needs. It can be a challenge to address
everyone’s needs in one dashboard. The first element of good dashboard design
is to understand who the audience is and what they need the information for.
Keep the specific users in mind whenever anew visualisation is designed or the
dashboard modified.

However, there are some elements that will generally improve most dashboards
regardless of the audience. A report by the Nielsen Norman Group on usability
heuristics emphasises that the design should help users recognise, diagnose and
recover from errors [13,42-43]. Users are more likely to make input mistakes
when they are busy or distracted, such as when working in anoisy call centre or
on a crowded shop floor. Consider the environment the dashboard is being used
in and design accordingly.

11.2. Perfor mance Optimization

A slow dashboard will likely frustrate its users, especialy if it cannot deliver the
insights they are looking for in an efficient manner. Therefore, in the process of
designing dashboards, it is important to also consider optimizing the Tableau
workbooks to improve their speed and performance.

There are a lot of factors that can slow down the performance of Tableau
workbooks. Some factors come from dashboards that contain too many visual
components or display a massive amount of data. Creating complex cal culations
and using an excessive number of filtersin the Tableau workbook can also affect
performance. Data models with an excess number of fields that need to be
processed by Tableau can put a big strain on performance as well. The way the
data itself is stored and treated can act as performance bottlenecks, especially
when adataset is not cleaned so that it contains contradictory data records, blank
columns, or unused fields.

12. Case Studies

Expanding in numerous business sectors, data visualization offers clear decisive
solutions for many needs. Effective dashboards can revea both internal and
externa insights. Some examples provide varied Tableau applications.
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Tableau handles dynamic business needs across multiple domains. Operations
managers may examine cost-saving actions, such as staff reductions or material
usage. Typical questions cover contracting, overtime, and supply to assess
impacts on efficiency. Anaysis optimizes workflow and controls potential
budget excess. Customer-service interaction also offers information for rating
responsiveness and reliability. Special projects with defined timelines provide
analyses for end-of-project-ranking of agents and teams [45-46].

The healthcare sector experiences a substantial growth potential. Tableau adapts
to business-understanding queries, such as patient-care level and type, service
delays and waiting times, and contract-management in handling with insurance
companies. Focus can extend toward tick-listing for effective services or action-
planning for patient-condition and outcome while managing long-term patient
records.

The education sector makes good use of Tableau for comparing management
performance. Public-school ratings provide information for facilitating parent
choices for their children. Good performing students indicate competence for
industry or university entrance. Improvement plans can help school-principalsin
achieving better practice and future commitment. Student marks from local
schools to universities provide a clear picture of ranking and performance during
training periods. Finally, awell-prepared Tableau presentation combinesall these
factorsfor aclear analysis.

12.1. Business Analytics

Business dashboards are essential monitoring tools in organizations across
sectors including Finance, Marketing, Production, and Human Resources. These
dashboards rely on real-time data from business information systems such as
Enterprise Resource Planning (ERP) and Business Intelligence (Bl) systems. A
primary advantage of business dashboards is their user-friendly Nature, as they
do not demand any specific technical knowledge from users.

Consider a sales dashboard created with Tableau that provides rea-time
information regarding revenue and product sales across different regions and
cities. Such a dashboard enables executives and staff to access data
corresponding to their positions within the sales hierarchy. By leveraging filters,
user roles can be set to facilitate the prompt retrieval of relevant data. With proper
training on dashboard interaction, users can aso employ parameters and controls
to conduct comparative analyses, such as evaluating actual versus budgeted sales,
examining costs versus revenue, and assessing ratios of actual sales in different
regions.
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12.2. Healthcare Visualization

Tableau facilitates analytical applications in numerous areas within the public
and private sectors. This section demonstrates how a sample health-related
visualization in Tableau was created. The City of Chicago Data Porta contains
datasets for anumber of public sector areasincluding crime, restaurants, licenses,
and health. The Chicago Department of Public Health Hepatitis A, B, and C
Surveillance section provides datasets for people living with Hepatitis A, B, and
C by community area. Three years of data (2012, 2013, and 2014) are available
in separate Excd files. Although Dashboard 3 in the example section takes two
input files, each of the Hepatitis files can be used as a separate input to produce
a meaningful and informative visualization. Although the data currently reflect
fewer public health concerns, other areas with datafor Hepatitisinclude the State
of Delaware, the Centers for Disease Control, and the National Institute of
Health.

12.3. Education Sector Applications

Many education organizations have also benefited from data visualization. An
Anaysis of Education Systems (AES) Visualized on Multiple Tableau
Dashboards accompanied the Globa Innovation Index. The dashboards |ooked
at Brazil, Portugal, and the United Kingdom [4-6]. A teacher-dedicated
dashboard, Be A Data Detective: Exploring the Education Protection Account,
was created to identify where Financial Y ear 2022-2023 Expenditures originated
within the New South Wales Education Protection Account or the global public
funds.

A GPA analysis for a particular school across different departments was used to
find the departments that lend the highest grades, helping recruiters make better
hiring decisions. An interactive map demonstrates the selected enrolment for a
university, showing al HEI Colleges, and an analysis reveals the number of laid-
off teachersin government schools by different districts. Collectively, these cases
reinforce that data visualization can aid al kinds of organizations.

13. Troubleshooting Common | ssues

Tableau is an impressive tool for creating advanced charts, but it is not immune
to bugs and limitations. For instance, it sometimes ignores column names and
inserts its own generic identifiers such as "SUM(AGG(Percent.” Agents may
encounter data connection errors when attempting to link to Salesforce Reports,
Asana, or Jiraboards.
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Another common challenge arises when the desired data shape does not match
Tableau's capabilities. Support staff might be required to clean the data or craft a
SQL statement that prepares it adequately, as Tableau generally necessitates data
to be in a specific format. These shortcomings do not detract from Tableau's
impressive toolset but are important to consider.

13.1. Data Connection Problems

Tableau can connect to many types of datawith little to no preparation required.
The best advice is: in test mode, connect to each data source you intend to use
prior to building the dashboard. This will verify that the data can actually be
connected. It will also allow the discovery of alternative methods for connecting
to the data, if the original method fails.

When attempting to connect to data, a number of problems can be encountered
that prevent a successful connection. These problems are examined here. The
common connection problem is that Tableau is unable to reach the data source.
For example, a data connection was attempted for an Excdl file, but Tableau says
the file cannot be found. The probable cause is the file has been moved or
renamed.

13.2. Visualization Errors

The previous section explored the different types of data-related errors that one
can experience in Tableau. These errors may arise because of data connection
issues or data visualization problems. One common occurrence happens when a
measure is not aggregated. For example, below is a simple stacked bar chart
based on sample Superstore data that reflects the sums of the Sales for each
Category and Segment combination. When attempting to drag the Profit field into
the Label shelf of the Marks card, Tableau will display the "AGGREGATION
REQUIRED" error because, in this case, the pie chart displacement engine in
Tableau requires an aggregated field on the Label shelf. This error can be
resolved by right-clicking on the Profit field in the Label shelf of the Marks card
and choosing the "Measure(Sum)" option. Doing so tells Tableau to aggregate
the field, and the error will be removed.

Another common issueisthe"INVALID FIELD NAME" error, which can occur
if a user manually alters the field names in the data file after connecting to
Tableau. An additional datapreparation step isneeded if field names are changed
in the data source. An error may also occur when thereis afield with an invalid
name. Incorrect field names could be the result of renaming afield in the source
datafile but not in Tableau. Thiserror istypically found in the Rows or Columns
shelves. In the example, the error appears in the Columns shelf because the field
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name is "Category(y)." This error can be resolved by editing the data sources.
The green drop-down arrow at the top left of Tableau'sinterface will enable quick
access to the data source that requires the update.

14. Future Trendsin Data Visualization

Future Trends in Data Visualization:

As data visuaization matures, technological innovations and sociocultural
changes are redefining it. The widespread use of mobile devices and increasingly
casual Internet users suggest that dashboards will need to be accessed on awide
variety of devices, especially smartphones. Visualization designers will need to
consider sizing, mouse versus finger input, and the access environment when
making design decisions [50-51].

The sheer volume of data being collected is also likely to change visualization
design. Incorporating new, rapidly changing data sets such as stock market data
and sensor output will stress current designs and often produce slower
visualizations. In addition, attempts to mine for information in the huge quantity
of historical datawill require building various query interfaces into visualization
systems.

15. Conclusion

Tableau offers straightforward creation of impressive, understandable
visualizations from static data swiftly. Engagement and interrogation of dataare
facilitated through highly interactive dashboards. Users can apply filtering and
highlighting actions, zooming in on areas of interest for better insight. Easy
publishing and sharing functions introduce interactivity and a “wow” factor to
presentations and documents.

Tableau’s power is rooted in these interactive dashboards. Each element
functions as a button, directly linked to one or more other elements. This clicking
or hovering triggers filtering or highlighting across multiple visualizations.
Connecting to alive, constantly updating data source takes a business dashboard
to the next impressive level—allowing assignment-monitor managers to select
dates or clusters and instantly view related key reference and performance data.
Business |eaders can examine past, current, or projected performance and initiate
timely corrective actions before situations escal ate.
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1. Introduction to L ooker

Non-technical users—product managers, marketing analysts, financial analysts,
business owners, and the like—often mock-up dashboards and requests for the
analytics team to use Tableau or Power Bl. Their data exists in a cloud data
warehouse, such as Snowflake, Redshift, or BigQuery. These cloud data
warehouses are becoming primary sources of business intelligence (Bl). Looker
is a third-generation Bl tool designed specifically for these cloud data
warehouses. Looker provides a simple front-end user interface (Ul) for users to
explore and visualize data, enabling self-service analytics. However, what
distinguishes Looker from other cloud Bl engines is its data modelling layer,
known as LookML.

Organizations are adopting a single-cloud data warehouse approach to store data
captured from operational systems, SaaS subscriptions, and employee-generated
content to make business data-driven decisions. Asthe varied nature of the source
systems and business needs does not map clearly to a single normalized data
model, dimensional models are created in the cloud data warehouse [1-3]. A
dimensional model enables faster execution of analytical use cases but can lead
to duplication of data when the sources are not normalized. Continue
deformalizing data in a dimensional model is undesirable because of a large
number of rarely used managersand their impact on metadata and execution time.
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2. Under standing Data M odelling

The term data modelling describes the efforts to create a model of the data in
guestion. Data modelling seeks to define the organization of the data and the
relationships among the elements, aways with a clear definition of the purpose
that the datais required to satisfy.

The importance of these purposes is underlined by the well-known aphorism
“form follows function”. In an enterprise architecture, the “function” is
represented by the defined “business requirements”. There is an entire area of
enterprise  architecture concerned with linking these functions—and,
consequently, defining the data—in terms of business strategi es that the company
wishes to pursue, business processes it needs to run, and business rules it needs
to enforce. In a data science process, the different data must be modeled to meet
the objectives of the planned analytical activities[2]. Other typical examples are
the creation of an integration model that combines the different sources for an
unrestricted and rapid exploration of different types of data or the production of
areport with the intended results of the analysis.

Understanding Data Modeling

Data
Organization

Purpose

DATA
MODELING

Business
Requirements

Relationships

[ In Organizations ]

Fig 1. Understanding data modelling
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3. The Role of Bl in Modern Organizations

Companies across a broad range of industries are trying to harness their data to
answer their most important business questions—questions such as “Who are my
most profitable customers?”” and “Why did sales decline last month?”” Business
intelligence (BI) tools seek to help these organizations discover relevant insights
by simplifying the process of querying, visualizing, and sharing data. Bl
functionalities extend beyond visualizations; they also include the ability to filter
and drill down into an individual visualization or explore related tables. L ooker
offers all these features. Users can interact with visualizations using filters and
drill paths. To explore tables not formally related, they can execute raw SQL
gueries viathe Sgl Runner, an SQL query tool built into Looker.

Almost every data source looks different. Some data sources consist of
denormalized rows and columns, other data sources contain extremely
normalized tables. Similarly, some data sources contain trillions of rows, while
others contain only hundreds. Because of these variations, looker allows the
modeler to write the modelling code that L ooker needs to map to the underlying
data. Looker offers a powerful data modelling language called LookML. Users
write LookML to specify where Looker can locate data, how various tables are
joined, and which fields should be availabl e to business users. When a successful
data model is complete, business users can begin browsing and searching for
individual fields, joining tables, filtering rows, drilling down, and drilling across
without having to learn SQL.

4. Key Featuresof L ooker

Looker is a cloud-native business intelligence (BI) platform with a user-friendly
drag-and-drop interface that enables users to perform data exploration and
visualization easily. It facilitates data discovery using a modern and intuitive
web-based interface while aso supporting ad hoc exploration without requiring
the user to write SQL queries. The tool provides powerful data modelling
capabilities through its proprietary language LookML, allowing users to build
reusable models and define key business metrics. Its compatibility with multiple
big data platforms and integration with Google Sheets, Google Data Studio, and
BigQuery makes it a highly adaptable Bl solution [2,4,5].

Looker alows organizations to create interactive dashboards that support real -
time collaboration across teams, enabling users to share insights and make data-
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driven decisions. The platform's cloud-based architecture ensures that large
datasets can be analysed efficiently within the data warehouse, reducing the need
for data extraction. With robust governance features, Looker offers fine-grained
control over users and groups, aligning with an organization's data security and
compliance protocols. Users can connect to various supported cloud data sources
through the data connections settings in the Looker Admin panel.

4.1. User Interface and Experience

Looker’s web-based interface enables users to create visuaizations and
dashboards without requiring third-party tools, empowering business users to
independently explore dataand gain insights. Analysts can design thelogical data
model using LookML, allowing management to delegate content creation to
everyday users.

Looker places data governance at its core, supporting enterprise-grade user roles
and permissioning for LookML models, dashboards, and individual queries. This
structure ensures consistent and secure data analysis across organizations while
the cloud architecture keeps data close to the hosted warehouses, enhancing
performance and reducing costs [6-8].

4.2. Data Exploration Capabilities

A single unified source of datais established by the data model, which functions
as a semantic layer that translates SQL code into business terms familiar to non-
technical users. Looker’s user interface then allows any end user to explore the
data, modify queries, drill through rows, filter on parameters, construct new
calculations, and visualize the results as bar charts, pie charts, scatter plots, box
plots, and more. These visualizations can then be combined into dashboards and
scheduled to be delivered via email, Slack, or webhook at regular intervals.
Through effective data modelling, organizations can assure the quality and
consistency of their data, accelerate its accessibility to stakeholders, and
empower data exploration for both technical and non-technical users.

Like most Bl tools, Looker is primed for relational databases and enables
connections to amost al relational and non-relational databases, data
warehouses, and data lakes. A semantically consistent data model can be crafted
on top of very large, normalized, and highly relational source tables [9,10]. By
contrast, with native querying, the use of enormous, normalized tables is often
impractical. However, the use of large tables can negatively impact query
performance for a variety of reasons, including complex joins, missing indexes,
scan-based queries, and the sheer size of the data set. For projects involving
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extensive datasets, creating a separate analytical data mart based on a different,
denormalized model layer might be more advantageous.

4.3. Integration with Other Tools

Looker further distinguishes itself through its ability to go beyond standard BI
and integrate with other business tools. Leveraging different options such as
Looker Actionsor different API integrations, users can push information directly
from their Looker environment. They can also take actionslike sending an instant
Slack message to an employee who needs to be aerted or create a new lead for
their sales team. Other integration possibilities include triggering third-party
alerts (PagerDuty, Microsoft Teams) and connecting Looker directly with
visualization tools such as Tableau.

By combining data modelling and business intelligence capabilities, Looker has
created a fully functional platform. It can be used either as a standalone business
intelligence tool, similar to Power Bl, or, for users better served by other analysis
and data visualization tools, as a pure data modelling and enrichment layer,
similar to DBT.

5. Data Modelling Conceptsin L ooker

A data model can be understood as a formal representation of data within a
database, defining the structure and organization of an entire database. Its
primary goal is to establish a straightforward method for retrieval, insertion, and
modification of data. Modelling data is a highly recommendable practice in data
analytics. Looker isaBI tool that differentiatesitself through its integration with
DataModelling. Its primary methodol ogy revolves around data modelling, which
makes it especially suitable for practitioners who favor this approach.

LookML is Looker’s data modelling language, employed to create views and sets
of data. The model code allows definition of dimensions and measures, as well
as establishing relationships between different views. Within a Looker project,
business users have the capability to request updates to the models using a user-
friendly interface, enabling the incorporation of new information as it becomes
available. Data modelling is aso crucial when dealing with large datasets that
necessitate partitioning or sharding. Proper structuring can significantly improve
querying speed and prevent server failures.
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5.1. LookML Overview

Looker is a cloud-based business intelligence platform that provides data
modelling and user-friendly analytics, visualization, and reporting capabilities. It
enables users to explore, analyse, and share real-time business analytics easily.
A key feature of Looker is LookML, Looker's unique data modelling language.
Datamodelling is the foundational step of data science that determines the shape
of your data and, ultimately, the visualizations you create.

LookML is used to create data models that contain information Looker needs to
connect and query the correct data in your data source. LookML names the
columns in your database, identifies relationships between different tables, and
defines calculations for creating sums, averages, and ratios. The development
phase of data modelling involves using LookML to build these models. A
properly developed data model lays the groundwork for an intuitive business
intelligence experience [11-13]. It alows analysts, product managers, and the
broader business to answer questions by exploring rather than simply reporting
and delivers a consistent reporting site where every user views the company’s
data through a single, secure source of truth.

Not all use cases require the same type of datamodel. Complex use cases require
simpler models built upon arobust data platform. Often, data analysts may start
exploring data right after it’s cleaned without taking a step back to establish a
robust foundation that can support their growing needs. This approach may
suffice in the very beginning but it will ultimately result in performance issues
down the road. Normalized data—small tightly connected tables—is great for
operational applications, but it performs terribly for reporting and analytics.
When working with large amounts of data, it’s important to denormalize data for
lookups, dashboarding, and aggregations, creating smaller tables focused on
either aggregations or granular data.

5.2. Creating Models

When building Bl dashboards in Looker, a model is always required. Models
connect and associate database tables with each other and underpin the concepts
of Dimensions, Measures, and Filters in the dashboards. In Looker, model files
usually have names ending with the Model.ext pattern.

A model is composed of severa Explores. Each Explore represents a database
table or a set of database views, forming the base table from which service users
can select attributes for filtering and plotting within the Explore itself [2,14-17].
In the user interface, these Explores appear as dropdown menus listing
Dimensions, Measures, Pivots, and Filters. When arequest is executed, L ooker
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combines the selected attributes to construct a valid SQL query. Therefore,
Explores represent grouped labels that enable service users to navigate a set of
related metrics and attributes within a connected graph.

5.3. Defining Dimensions and M easur es

Dimensions and measures are the fundamental building blocks of Looker data
models. Defined in the view file, they specify the Fields that Users can select and
explore through the graphical User interface. These descriptions correspond to
the dimension and measure elements of the LookML syntax (see also section 5.1.
Data Modelling Concepts). The Key Features of Looker section introduces the
semantics of dimensions and measures in simple natural -language terms nested
in the Ul hierarchy, followed by a more detailed syntax for advanced use cases.

Dimensions relate to the adjectives of data, providing categories or “granularity”
in a query. They correspond conceptualy to database columns. Typicaly, a
dimension will display data values taken from a data-column. Such dimensions
fall into two types depending on the source column. If the source data is
categorical, the dimension istermed a Category or Pivot dimension; if the source
data contains dates or times, the dimension acts instead as a Time dimension.
Looker supports diverse Time dimensions, recognizing year, quarter, month,
week, and day of month as formal types. Each of these natively supports a
particular set of time-based visualizations and interactivity in the generated
dashboards [9,18-21]. In addition, one can define what is called a Filter
dimension to provide a means of filtering down a query.

6. Best Practicesfor Data M odelling

BusinessIntelligence (Bl) platformsin the cloud enable organizationsto leverage
advanced analytics for faster, more easily accessible, and better-informed
decision-making. Looker's cloud-based Bl platform is notable for its data
modelling capabilities that create a reusable, scalable, and easily maintainable
data structure enabling self-service, governed Bl [22,23]. Looker addresses
nearly every public cloud analytica data source and delivers an intuitive yet
powerful Ul, embeddable and integrable analytics, a centralized content
management system, and governance control features such as access control and
cost allocation. However, its unique combination of auser-friendly Bl experience
together with a best-practice data model remains the principal user preference.

Data modelling is the process of organizing data into a model that supports
efficient access and provides business meaning. Looker defines its data model
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with dimensions and measures and applies filters and pivots to create queries,
processes the results into business contexts, and presents them with visualization
options. A symmetric and tabular row-column data model—devised back when
storage was the bottleneck—is difficult to either use or maintain in alarge-table
context. Data modelling best practices normalize L ooker's source data primarily
to reduce size, then apply aggregation to optimize the query response time on
large datasets, thereby minimizing complexity and enhancing maintainability.

6.1. Nor malization vs. Denor malization

Advanced datamodel ling techniques such asthe use of derived tablesand various
levels of data aggregation can impose heavy processing burdens on connected
sources. Supporting these advanced modelling techniques requires a data source
that can deliver sub-second response times. Without a sufficiently performant
connected source, the cumbersome consumption experience associated with
inefficient reports reasserts itself. Inefficient reports frustrate a Bl strategy and
diminish trust in the data. Business users arrive at a place where it sometimes
takes less time to prepare the data themselves than to wait for it to be served by
the centralized action center. At other times, analysts feel compelled to curb
natural elements of data exploration when presented with long or erratic report
run times [24-26].

To support advanced modelling techniques and maintain a good level of
performance, two important considerations guide optimal datamodel design. The
first consideration is deciding, on a case-by-case basis, which part of the data
model should be implemented as a LookML view and which part should be
shaped within the connected database via a derived table or persistent derived
table. The second consideration is performance tuning the LookML, which
includestweaking query elements, optimizing aggregates, and turning on caching
features.
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Conceptual, Logical, and
Physical Data Models
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Data Model and data types

Fig 1. Data modelling

6.2. Handling L arge Datasets

Modern organizations collect vast amounts of data. This data needs to be
accessible by business users to help make informed decisions. Data models are
an abstraction between business users and underlying data sources that play an
important role in making data accessible. A data model logically organizes data
elements and standardizes how the data elements relate to one another. It also
defines rules and semantic meaning of the data.

Complex database schemasthat employ normalization and multiplerel ated tables
can be difficult for business users and analysts to work with, especially when the
dataislarge. They also require more experience in writing SQL queries that can
efficiently handle large data.
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7. Connecting L ooker to Data Sour ces

Looker is amodern business intelligence (BI) platform delivered solely through
the cloud. Along with being a full cloud Bl platform, it can fulfill the data
modelling role as well. Conventional Bl platforms require building the Data
Modd first. The designers of Looker can explore the additional Data Modelling
concept of the platform and decide whether or not to include it in the solution.
Data modelling is the act of exploring and then formalizing the requirements for
the structure of some form of datathat is to be stored. The output of the act of
data modelling is a data model. Organizations across all industries rely on
businessintelligence (BI) to deliver greater insights for decision-making [27,28].

Looker has a number of featuresincluding an interface where business users can
perform data discovery and explore large data sets. It a so has connectorsto many
of the key datasource providers, allowing users to access data directly from the
source without staging and transformation. Using Looker, organizations can
ensure that business users are working with governed, production-grade data
without having to rely on business analysts to maintain the data and perform
analysis requests. In addition to these native capabilities, Looker also provides
well-documented extensions and a flexible API for integration and further
customization. It supports standard data sources such as Teradata, BigQuery, and
Amazon Redshift. The data-modelling feature enables modelling operations,
such as the establishment of relationships, joins, dimensions, and measuresin the
data sources.

7.1. Supported Data Sour ces

L ooker enables users to connect to various modern cloud data sources, including
Amazon Redshift, Apache Presto, Apache Hive, Cloudera Impala, Google
BigQuery, Microsoft SQL Server, MySQL, Oracle, and Snowflake. These
featuresfacilitate seamlessintegration with both rel ational databases and external
APIs employed routinely by Looker-powered organizations. The diversity of
supported data sources allows Looker to extend capability well beyond
individuals familiarity with particular applications. The procedure for
establishing a new connection within the administrative user interface is
straightforward: a user with Administrator permissions selects "Connections,"
then "New Connection,” and enters the connection details adhering to the
recommended naming convention [19,29-31]. Following the successful creation
of the connection, it appears on the connections listing page, with the name
serving as a sel ectable option for visualization development.
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7.2. Establishing Connections

Looker supports connections to a variety of cloud data sources that are
compatible with the Java Database Connectivity (JDBC) standard. The Business
Intelligence (BI) administrator is responsible for setting up these connections, a
process that follows the same procedure across different data sources. selecting
the data source, specifying the host location or URL, providing connection
details, and configuring additional connection options as needed. There is no
technical limit on the number of data sources with which Looker can be
connected, provided they use the JDBC standard. Another important
consideration isthe role of data governance in Looker, including the assignment
of user permissions and the prevention of breaches. User authentication can be
delegated to externa Identity Provider (1dP) services such as LDAP, SAML, or
Active Directory (AD). In terms of querying capability, Looker offersthe option
to export SQL query results, visualize data within the interface, or add users to
an organization. LookML models can also be leveraged to build dashboards for
visualizing datainsights.

Looker’s LookML data modelling language plays a key role in parsing data for
exploration and visualization tools. A data model maps the organization’s data
structure into aformat more familiar and accessible to users who want to explore
the data or produce reports. The LookML model file consolidates views and
connections, specifying the connections used as query sources for derived tables
defined within the views and also assigning sets of views to explore. Models
typically define business processes and their related data, while views focus on
business entities that make up those processes. Datamodelling is central to all Bl
platforms because the way datais modeled determines the kinds of questions the
data can answer and the ease with which the data can be explored to address those
guestions. Data modelling establishes the rel ationships among data elements and
structures the data into a form that optimizes query performance and the
effectiveness of data visualizations.

8. Data Governancein L ooker

Looker plays a prominent part in any organization’s data governance program.
Looker enables a “can or cannot” decision on what data the user can see and may
be ableto change or delete. The results provide governance—for example, which
user can view, change or delete datain atable—and the safeguards needed when
the users are finished. Looker supports security, control and compliance in data
analytics.
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Internal security experts decide which interna users have access to data sets
outside the firewall (for example, Amazon Redshift), or which externa clients
can see a subset of the data without access to the entire database. Organizations
store Looker’s user roles in the Looker application database. User roles, which
allow or deny access, stored within Looker, enable smple and flexible user
management. Data governanceis essential when scaling up data analytics; thisis
when an organization uses Looker’s features for user permissions.

8.1. User Permissions and Roles

The management of user permissions constitutes afundamental pillar in ensuring
data governance within Looker. Types of user permissions encompass aspects
related to access and modification of business information, the Looker interface,
and the underlying LookML code [32,33]. These permissions can be assigned
either individually or collectively through roles. Roles serve as containers for
user permission clusters, facilitating efficient user management and enabling fine
control of user-group relations.

Therefore, when designing a Looker instance, it is imperative not only to
delineate the business logic and requirements of each dashboard, but aso to
establish the user architecture, taking into account the necessary rules and
security requirements. While Looker allows the creation of permission sets, the
process is often laborious and time-consuming, especially during later
maintenance. Consequently, it is advisable to define permissions thoroughly at
the outset. Ensuring a correct interface configuration is essential for seamless
user identification and access to data either in the development environment or
the production platform.

8.2. Data Security Measures

L ooker supports arobust data governance strategy, making it smpleto align data
access rules with organizational hierarchy. This ensures individuals can only
access and query datathat is relevant to their role and permitted jurisdiction.

Looker users, groups, and content al require assigned roles granting specific
permissions such as viewing, editing, deleting, and downloading data. Roles help
guarantee that users can only access data and content pertinent to their tasks.
Pick-and-choose permissions grant access at various levels, including content,
content features, administration, authentication, system activity, and user
attributes.
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9. Visualizing Data with L ooker

Looker is acloud-based business intelligence (BI) platform with an emphasis on
data-modelling. Data modelling is the process of structuring data in a reusable
way that is easy to explore and use. Modern business intelligence is powered by
the flow of data into companies of al kinds. Access to data in a quickly
explorable format enables faster and more-informed decision-making, allowing
companies to remain competitive. Looker combines its emphasis on data
modelling with a user-friendly interface that helps business users visualize data,
explore relationships, and identify trends.

Looker supports a wide range of data sources, including the most popular data
warehouses and data lakes. Looker’s capabilities are by no means limited to
visuaization [34-36]. LookML—the language that Looker uses for its data
modelling—supports derived tables, the aggregation of data, and model
optimization. It also serves as the basis for Looker’s fine-grained datagovernance
capabilities.

9.1. Creating Dashboards

While Looker is designed to facilitate data exploration and analytics for every
business user, it aso provides powerful dashboarding capabilities that allow
analysts to create polished Bl dashboards for all users and stakeholders. Looker
dashboards support World server orchestrated scheduled reports and provide
extensive features for drill downs and support for dynamically hiding filters
based on other filter values.

Activating the Explore section and querying the data offers unlimited
possibilities, once a user gets comfortable with dashboarding in Looker. The
guery results can be pinned to the dashboard. The user can drill down from either
the raw SQL-level, or the different aggregation levels, back to the overall data
set. Each page takes seconds to generate, since the only SQL actually handled by
Looker isoneissued by the end user to view the data. Scheduled without database
support, the workload simply residesin Looker.

9.2. Using Visualizations Effectively

Business intelligence enables users at al levels of an organization to examine
data and uncover new business opportunities. Data is loaded into a visual
interface that allowsit to be sliced, diced, sorted, grouped, filtered, and searched.
Users can employ data visualization techniques such as conditional formatting
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with colour, highlighting with shapes or text, or graphing as bars, lines, scatter
plots, heat maps, etc. Combined, these features help products such as Looker
become especialy desirable in modern organizations.

Since there are so many ways to present data, the first hurdle is deciding how to
visualize information most effectively. Below are dashboard examples for the
book Superstore that come with Looker, al of which use the data from table 6.1
(lookml_shopify_orders). The dashboards support different types of users with
different business goals; tactical, customer/market, trends, finance, and
management. For the best understanding, view the dashboards in the Looker
application [37-40].

10. Advanced Data M odelling Techniques

Derived Table LookML allows the definition of derived tables, which are ssimply
tables created by a SQL query. A derived table cannot be referenced by another
derived table, and the derived table will have dimensions and measures defined
for it. An example of aderived table is the creation of a subset of rows, such as
those created by filtering conditions on dates, or the calculation of statistics on
groups of rows, such as averages or ranks. The derived table is generated upon
running aquery using the model in which it is contained.

Although aderived tableis created from atable or tablesin a connected database,
it is not stored there; rather, the results are cached in the Looker application
database [41-43]. This means that a database connection that allows writing is
required in order to use derived tables. The increased database resources needed
to generate derived tables upon execution mean that they should be used only
where data cannot be modeled adequately using the other dimensional and
measure modelling options.

10.1. Using Derived Tables

An important feature of LookML is using SQL to define derived tables. Similar
to database views, these derived tables use SQL queries to define content. But
they differ from viewsin two ways:

* Derived tables are not persistent in the database—they are not stored as views.
Rather, their SQL queries are pushed to the database dynamically at runtime. °
The SQL query can reference any view in your data model, including derived
tables, which alowsfor very complex logic to be wrapped in simple and readable
business definitions.
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L ooker supports two types of derived tables:

* Persistent Derived Tables (PDTs) are SQL query results materialized in the
database as actual tables. Their definition is the associated SQL query. Looker
automatically creates and maintains the PDTs using the SQL query provided. °
Ephemeral Derived Tables are SQL queries embedded within a larger SQL
statement. Instead of materializing the results of the SQL query in a new table,
their logic is expanded directly into the SQL statement of the derived
table/dimension/measure that references the derived table.

Derived tables are useful for incorporating complex join or aggregation logic into
models, as well as performing data transformations that are generally better
suited to be made outside the database.

10.2. Implementing Aggregations

Keep the user interface responsive when exploring large datasets by
implementing aggregation tables. . Aggregation tables alow the user to drill
down into the details, with each level deeper returning more granular data. This
approach is analogous to sketches and drill-downs in MicroStrategy, roll-upsin
Tableau, and aggregation tablesin BigQuery [28,44-47].

The process begins by identifying the most common use cases and defining the
gueries that support those. Looker generates the SQL for those queries, which
can then be fed into a database table, together with the final dimensions required
by that use case. Queries that access data at a greater level of detail are
subsequently configured to use the aggregated table. This can be achieved by
configuring the "sgl_always where" filter that constrains the data to ranges
covered by the aggregated data and by reformulating the LookML structure to
avoid accessing raw-level data. The aggregated-table approach combines the
agility of aninteractive drill-down hierarchy with the speed of ahigh-performing,
aggregated database, thereby creating an integrated and highly functional user
experience.

11. Performance Optimization in L ooker

DataModelling and Performance in Looker The data model drives both the data
and the queries. When looking at performance in Looker, it isimportant to look
at the performance of the data model. For example, a model created with good
normalization principles and small tables will result in very different results than
amodel with denormalized tables. The very nature of the data model dictatesthe
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number of joins in the queries and thus the kind of data in the resulting dataset.
A dimensional model can handle large datasets very well but there is still room
for optimization. Managing datasets with hundreds of millions or even billions
of rows require attention to detail to be able to respond query results in seconds
or milliseconds. Because the ultimate goal isfor the user operating L ooker to use
Explore in an easy way without thinking about the data model or the size of the
L ooker model—it is not user-friendly for Looker users to have limitations when
using Explore—it is important to be able to create a versatile data model that
allows the handling of alarge volume of datawith high performance.

Query Performance Optimization Large datasets, models with many joins, and
gueries with a high level of aggregation tend to degrade query performance. It is
important to optimize the queries to reduce the overall query time for the user's
guery to the database. Looker provides options to optimize query performance
using derived tables, aggregate awareness, and persistent derived tables.
Optimization can be performed at the query level, but some optimization features
will duplicate data in the database and will require additional storage Space.
Thesefeatures have adirect impact on query speed but must be carefully model ed
and planned.

11.1. Query Optimization Strategies

Looker facilitates query optimization through a two-tiered approach. First,
gueries should focus on the minimal amount of data necessary for analysis, a
concept implemented as Aggregate Awareness. Second, running queries only
once minimizes resource utilization, achieved by leveraging Persisted Derived
Tables.

Aggregate Awareness optimizes resource consumption by avoiding querying
volume tables, which can be resource intensive, and directing traffic to
aggregation tables. While the concept is not unique to Looker, the built-in
capabilities offering user-friendliness and flexibility position Looker as an
excellent choice for business intelligence. Persisted Derived Tables ensures
queries are run only once by caching expensive grouping and aggregation
operations, significantly enhancing performance [28,44-47].

11.2. Caching and Persistent Derived Tables

Caching is one of the easiest ways to speed up Looker dashboards; it makes
queries run faster by reusing the SQL generated by previous queries. The
downside is that this only helps when the cards in your dashboard have aready
been queried recently—the cache expires quickly for rapidly changing filters and
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data that is fresh-balanced. To learn more about Looker's caching capabilities,
refer to the relevant resources.

Persistent Derived Tables (PDTs) allow you to schedule and persist expensive,
transformation-heavy queries in the database, rather than regenerating them on
every look except when incremental materialization is used. PDTs persist data
created by Derived Tables and can be configured for scheduled or triggered
rebuilds, serving a similar function as materialized views or indexed views in
database systems [48,49]. Looker executes the SQL for a derived table, persists
the data in a database table, and replaces the downstream SQL with a SELECT
from this cached data table. In some cases, PDTs can be used to extract datafrom
a slow source database, combining and transforming information before loading
it into the production database for fast analysis.

12. Case Studies of Looker | mplementations

Looker is a cloud-based business intelligence (BI) platform that provides an
intuitive interface for business users to create and share reports and dashboards.
It also offers robust modelling features that enable expert users to build
centralized data models, making it popular in the Business Intelligence and Data
Modelling community. Data modelling is a technique used to describe data and
its relationships within any domain of interest. It applies certain data model
constructs and concepts to represent aspects of the real world in away that can
be stored and processed by a computer.

The following case studies highlight how Modern Cloud Bl and Data Modelling
with Looker add unique value compared to other Bl Platforms:

Business Intelligence enables decision-makers to understand how the businessis
performing. It allows them to spot trends and identify strengths and weaknesses.
Consequently, they are able to make informed, data-driven decisions about every
aspect of the business. Looker supports anaysis that covers al functions and
caters to every level of the organization. It provides an easy-to-use exploration
interface, featuring self-service ad hoc analysis and reporting capabilities [3,50-
52]. Native integrations with Google BigQuery, Microsoft SQL Server, IBM
DBZ2, and other data sources facilitate rapid data connection. Importantly, L ooker
supports data modelling to enhance the understanding of relationships within the
data.
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12.1. Success Stories

L ooker enables modern organizations to gain insights quickly through its unique
data modelling layer, interactive and user-friendly front-end, and scalable cloud
connections. The focus on data modelling can be observed by looking at the
companies selected as customer references by the vendor—search for “Looker
customer” to find official customer stories published by the vendor. The data
model layer is one of the key strengths of Looker and is what sets this business
intelligence platform apart from others on the market.

Through the viewpoint of data modelling, it is also interesting to look at
consulting companies that focus on L ooker implementations and examine the use
cases solved together with the lessons learned during different phases of Looker
projects. The topic of lessons learned is important because large business
intelligence implementation projects often struggle with various challenges and
pitfals. Looker is no different, athough the user interface is modern and
intuitive. Businessintelligence project teams still need to address specific success
factors to control the risk of failure or alow adoption level.

12.2. Lessons L ear ned

Looker adapts to different types of companies and industries. Looker’s core
concept is data modelling. Looker is a business intelligence solution adapted to
the environment of each company. The main newsroom is which of the two —
data modelling or looker — is most important; all users have answered the
guestion looker.

Looker analysis centers on Business Intelligence. Looker does data modelling in
a Bl environment; it goes beyond the concept of any data modelling with
dedicated visual functions for the user experience. It links the business
intelligence process and the data modelling process in the industry closely.
Looker should not be limited to looker itself; instead, it has to be considered in
the broader process, including raw data, a data warehouse, looker, dashboards,
and finally the Bl user.

13. Future Trendsin Cloud Bl

L ooker is a cloud-based businessintelligence (Bl) platform that enables usersto
explore, analyse, and share real-time business analytics easily. Looker provides
an intuitive, web-based interface to perform analysis tasks, build and share
reports and dashboards, and schedule and manage data-driven aerts. It aso
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enables organizations to embed interactive visual analytics featuresinto external
applications and provide model-exploration capabilities through the Platform
[53-54]. Like other modern Bl tools that rely on direct access to data stored in
cloud data warehouses, Lakehouses and data lakes, Looker leverages the
scalability and power of modern cloud data warehouses to provide rea-time
analytics. Looker’s approach is distinguished by its seamless integration of data
modelling, which enables it to address complex scenarios that cannot be met by
tools like Google Data Studio. Looker is aso recognized by the analyst
community as one of the most user-friendly Bl tools, creating very positive
experiences for analytics consumers and encouraging data-driven decision-
making across organizations.

Datamodelling is the process of structuring the data stored in a database to meet
users’ needs and enable analytics. A data model defines how data is organized,
related, and accessed through logical constructs that an analytics layer exposesto
users. The goal is to organize the data in a way that makes it easy for users to
discover and analyse information that supports business decision-making. For
business-facing reporting systems, the focus is on the consumption side of BI,
supporting the exploration and visualization of information for actionable
insights and decisions. Organizations can build their own data models or use
external models, such as a data modelling framework provided by a cloud
service. Multi-source data models enable analytics that combine data from
multiple data sources.

Large datasets can be very large, ranging from several terabytes (TB) to petabytes
(PB) of data. The rapidly growing scale and scope of datasets make performance
amajor concern when using cloud Bl toolslike Looker. The selected architecture
of the data warehouse, the quality of data modelling, and the query engine have
amajor role in customizing the performance of cloud Bl tools and addressing
specific analysis requirements.

13.1. Emerging Technologies

Google’s Looker BI platform illustrates the growing importance of data
modelling to Bl vendors and the way they are approaching the field.
Organizations can explore large datasets with the richly featured Looker web
client or embed visualizations in their own web pages and applications.
Visualizations can be shared and scheduled in PDF and Excel files, and the
platform runs on the same Google infrastructure as the BigQuery platform.
However, Looker’s main strengths are its modelling capabilities, and the
unification of data-modelling and visual-interaction features in one product. In
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fact, users focused on data modelling consider Looker to be the best Bl product
on the market today.

Data modelling covers severa important aspects of working with data, outlining
the relationships between fact-hubs, measure-specifications and dimensions,
together with measures and more complex aggregations. Best practices for data
modelling recommend the use of normalized fact and dimension tables, designed
to process only the data required for the investigation, rather than the
conventional denormalized tables used in reporting [55-56]. Quickly responding
to impractically-large datasets by filtering the data often comes at the cost of
sower job completion times or query performance. For this reason, many
organizations look for analytical tools that support data normalization.

13.2. The Future of Data Analytics

In recent years, numerous organizations have established their reporting
infrastructure using Looker. Feedback from users highlights that one of Looker’s
main distinguishing features is its seamless integration of the business
intelligence process with a user-friendly data modelling environment. User
comments reveal a preference for Looker’s data modelling approach over other
platforms.

Analysis of advanced users’ comments centres on how Looker implements the
data modelling process, reflecting deeper engagement with these capabilities.
The discussion aso looks ahead to future changes in business intelligence and
focuses on collection_analytics.com.

14. Conclusion

Business Intelligence is the practice of transforming data into strategic
knowledge and insights that drive better decision-making for the modern
enterprise. Looker is a cloud-based business intelligence (Bl) platform that
enables organizations to derive value from their data and details the important
process of data modelling used by Looker to provide user-friendly Bl. Looker
data models add a semantic layer to mapping the underlying database into user-
facing representations, allowing business users to explore and analyse large
volumes of data while enforcing data governance.

DataModelling isthe formal process of structuring and organizing datato ensure
consistency, accuracy, and efficiency in data management and analysis. Data
modelling provides a functional and technical design for how data is stored,
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linked, accessed, and used. Business Intelligence gathers data from different
systems, transforming it into actionable insights presented through reports and
dashboards. Looker enables model developers to describe the relationships
within their data sets, define business logic, and create reusable structures that
enhance efficiency, scalability, and governance.
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1. Introduction to Qlik

Qlik is a leading platform in data analytics that helps uncover complex
relationships within massive data volumes. Users can connect data sources with
unique relationships and build visualizations—all supported by Qlik’s distinctive
associative model. This model is often used in conjunction with traditional
analytics approaches to find patterns and rel ationships across diverse data sets.

The Qlik datamodel is crucial in supporting flexible, associative anaytics. Data
can be loaded, prepared, transformed, cleansed, and then connected for analysis.
Associative analytics enable the discovery of patterns and relationships
throughout the connected data, yielding more robust advantages than those
attainable with simpler, less-connected models.

2. Under standing Associative Analytics

Data relationships can be extremely complex, spanning numerous tables and
linking elements across seemingly unrelated sets of data. These relationships are
often not obvious [1]. Associative analytics addresses the challenge of
discovering and analyzing thousands of interlinked relationships across vast
amounts of data, discovering patterns that can become actionable insights.
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Qlik speciaizes in associative analytics. Its unique foundational data model was
devel oped to support associative exploration across multiple interconnected data
tables and sources. The Qlik Data Model chapter explores the architecture of the
Qlik data model, its preparation for associative analysis, and the types of
connections between data. Associative Data Model compares and contrasts
Qlik’s approach with other data models and explains why the associative data
model is optimized for uncovering relationships. Creating Visuaizationsin Qlik
describes the best practices for visualizing the relationships with Qlik’s
specialized charts. Finding Relationships in Data focuses on how associative
exploration helpsidentify patternsin data and transform them into insights.

3. The Qlik Data M od€

Qlik's associative data model provides an intuitive, flexible way to explore
complex relationships among many different aspects of an organization's data
Customers can draw on information stored in many different applications and
databases to create new combinations and analyses, limited only by their own
imaginations and the whimsy of the business questions they wish to explore.

This section takes a closer look at how Qlik manages this task. It begins by
examining data loading, transformation, and connections. Then the associative
model is compared with more traditional approaches—both relational and
multidimensional—and the advantages of Qlik's approach are summarized.

3.1. Data L oading and Preparation

Qlik’s data loading and preparation architecture is designed to capitalize on the
strengths of associative analytics. The associative model supports exploration by
showing rel ationships between data, making those relationships easier to see.

To associate data, it is necessary to load the data into a format where it can be
linked with other data sets. Associations in data can be created in two ways:
during the dataload or later as the user exploresthe data[1,2]. Loading data into
Qlik isthefirst step for meaningful insights and associations. Preparing data for
loading requires transforming the datainto a user-friendly format.

3.2. Data Connections

Data connectionsin Qlik's associative model provide the essential links between
different data sources, offering a range of features that facilitate diverse data
connections and the loading of data into Qlik's in-memory database. These
capabilities enabl e users to combine data from multipl e tables, whether smple or
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complex, and transform it by appending, concatenating, or joining. Qlik supports
a variety of customizations and expressions—such as fine-tuning column
formatting, specifying filters, grouping, sorting, ranking, and more—providing
granular control over the loaded data.

An integral aspect of Qlik's platform is its broad support for data connectors,
which include not only the standard Qlik data connectors but also the Qlik Web
Connectors and numerous other third-party solutions [3-5]. This extensive
connectivity ecosystem ensures that organizations can access and integrate data
from a wide spectrum of sources, thereby unlocking the potential for
comprehensive analysis. By enabling the efficient loading and transformation of
data from diverse origins, Qlik's data connections form the foundation for
uncovering relationships and gaining insights within the associative analytics
framework.

4. Associative Model vs. Traditional Models

Many data models can connect data sets, and commonly, traditional models like
hierarchies and star schemas serve businessintelligence needs. However, beyond
the specific techniques of business intelligence, there lies a larger challenge:
methods to search and connect all types of data, such as text, pictures, videos,
and sensor inputs. The limitation of traditional automatic business intelligence
data models is that they only support a predefined set of questions—the basic
ones. Typica questions include: “Where are we?” (viewing a single value or
table), “How did we get here?” (drill-down through ahierarchy related to history-
oriented daily sales), “What happened before?” (loading historical data and
comparing one period to another), and “Why did it happen?” (running the
dashboard through multiple dimensions of products, customers, and region
selections).

Qlik’s Associative model supports data discovery, contrasts all related and
unrelated values of data, and can later allow loading all types of data [6,7]. The
key advantage of this new model is therefore freedom: freedom to explore all
answers—regardless of whether questions were predefined or not. The
Associative model alows the construction of a discovery capability, answering
al questionsin days or weeks, not months or quarters. The differenceisdramatic.
The question, “What happens to our sales if there is a 15 percent discount on
Black Friday in store? Zip code 08723, product category—DVD players, in
comparison to last year?” is detailed and not a basic answer. It requires a very
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specific model, and the results would not be correct in traditional Bl fashion
because the selection of data sets and relationship exploration was not done as
part of theinitial data model design. In contrast, in the Qlik Associative model,
the model is instantly ready.

Fig 1. Associative Model vs. Traditional Models

FILTERING AND ASSOCIATIVE EXPORATION
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Fig 2. Traditional filtering vs. Associative exploration
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4.1. Key Differences

In a relational database, tables ideally contain atomic data, and join fields are
carefully chosen to relate tables. In an associative model, the goal is to preserve
the data relationships and retain the maximum amount of information for
analytical exploration. Relational modelswork well in transactional applications,
but today’s interactive data consumption requires an inverted approach. The
inverted model uses an associative engine that indexes and links all sources and
values. The associative model inverts the traditional approach by loading data
into columns rather than rows and mapping all associated values so that
relationships and patterns within the data can reveal unexpected insights[2,8-10].
The associative model enables improved data accessibility and better query
response.

The flexibility of the associative model allows decision-makers to explore al
information, including data and insights that would be undiscoverable in other
analytics engines. It reveals al the possible relationships within the data,
allowing usersto select any field and value across multiple tables, not just a pre-
defined join or hierarchy. It’s the difference between suggesting queries for users
to make and enabling users to ask any question.

4.2. Advantages of Associative M odel

Data relationships play a vital role in understanding and interacting with a data
set. They help identify patterns, determine trends and outliers, and reduce the
complexity of the data set by connecting it with other data for additional context.
When relationships are missing, creating a compl ete picture becomes achallenge
and may lead to inaccurate or incomplete conclusions.

The most commonly known data model is the relational model, which relies on
gueriesto connect data. For example, the common SEL ECT-From-Where syntax
of SQL retrievesrows from tablesin adatabase by specifying specific conditions.
Instead of relying on queriesto explore data, Qlik provides an associative model
that reveals relationships that onlookers might not have been aware exist. This
model helps answer questions like, "What other information is related to this?”
and "Why may this be behaving this way?'. The associative model directly
addresses the challenge of understanding data relationships by making such
findings readily accessible to the user.
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5. Creating Visualizationsin Qlik

Associative analytics represents amethod for exploring relationships within data
and linking data points based on their business context. The process involves
examining patterns and relationships within data, assisting with business
decisions on the next appropriate course of action. Visualizations derived from
associative analytics can identify hidden opportunities or risks—for example,
determining which customers to target for up-selling or cross-selling, or
uncovering reasons for adverse sales trends in particular regions or stores. Qlik
provides connectors for business data sources, extracts relevant data, and
transforms it to support analysis viaa variety of visualizations.

The Qlik datamodel inherently facilitates associative exploration, alowing users
to discover new insights through its interaction-driven interface. The associative
data model is the key differentiator of Qlik’s Business Intelligence platform when
compared with traditional data models used in Oracle and others. With numerous
visualization options available, careful selection is necessary to uncover patterns
within the data. Qlik’s associative analytics go beyond summarizing business
performance, enabling the addition of predictive analytics through R and Python
integration for forecasting results and outlining next steps. Efficient deployment
of Qlik’s capabilities requires thoughtful design of the user interface and strategic
enhancement of user engagement to ensure that insights are uncovered and acted
upon.

5.1. Types of Visualizations
Qlik’s associative model enables creation of diverse visualizations that help
reveal relationships and answers hidden in data. These include:

- Table. A simple list of rows and columns of information scraped from tables,
calculated on the fly from loading scripts, as one dimension or anaysis
expression against another, or any combination. - List box. A list or drop-down
menu of values from a selected table field, allowing analyses and selections. -
Bar chart. A horizontal or vertical bar chart. Bars represent either one set of
expressions against different values, or different expressions against one vaue. -
Stacked bar chart. A horizontal or vertical bar chart where either al bars are
subdivided into overlapping pieces, or, for vertical bars, abar is subdivided into
overlapping pieces and another bar is placed next to it for comparison. - Line
chart. A line chart showing one or severa analysis expressions over a range of
values in one dimension. - Combo chart. Vertical BARs for one or more
expressions and a LINE chart for one or more expressions against the same
dimensional values. - Pie chart. Pie or doughnut chart comparing values of an
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expression for all values of one dimension. - Scatter plot. A set of points plotted
against two analysis expressions for two axes, with possible bubble sizes and
colours indicating two other expressions. - Map. Represents measures against
geographical dimensions."Associative Model Revealing Relationships' further
explores pattern identification and relationship analysis.

5.2. Best Practicesfor Visualization

Because of the associative model at itscore, all visualizations are linked and Qlik
is able to present these links when the user makes selections. This makes it
unnecessary to follow best practices with visualizations. However, Qlik is often
one of the first data analytics capabilities deployed at a company, so it is
important to follow best practices for visualizations to grab the attention of senior
leaders. Misused visualizations are skipped over, even if they contain critical
information [1,11-12]. Additional can be found in those created by Stephen Few.

Tables are often overlooked since they do not look like typical visualizations,
which are circular or rectangular. The truth is that many deliver greater value to
users than an actual visualization (chart), especially when combined with
gparklines (panels inside a table consisting of a series of marks across a
dimension). With Qlik, al visualizations—tables included—are linked through
the associative model. Tables can be used as a controller to filter selections or to
display detailed data that supports the story told by other featured visualizations.

6. Exploring Data Relationships

Associative analytics enables human linkages among items based on natural
relationships such as cause-effect, sequence, proximity, similarity, mirror-image,
correspondence, and containment. It uses different intelligence quotient (1Q)
levels to identify multiple relationships, delving deeper into the data sources. As
a correlational analytics, it correlates the behavior of an item within a group to
other business aspects, measuring its influence on the related components for
support or explanation. By analyzing relationships, it reveals hidden influencers,
controls, dependency, cooperation, and competition—helping users understand
why an event occurred, what happened, and what can happen.

Determining when and how relationships among data sources have emerged is
essential for contextual evidence as an item moves toward, maintains, or steps
away from a specific state [13-15]. Identifying dependencies by examining the
hierarchy of events through the behavior patterns of connected items allows for
an understanding of mutual interactions that govern overall business behavior.
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These insights offer contextual evaluations of items in abnormal or usua
situations, facilitating the diagnosis and prediction of causality. Relationships
among data sources provide contextual business signals that enhance the
precision of diagnostic and predictive aerts.

6.1. Identifying Patterns

The aim of associative exploration is to understand the relationships in the data.
By using the relationships in the data, some level of pattern recognition becomes
possible. Three primary patterns may be identified—close relations, excluded
relations, and isolated relations.

In this context, close relations refer to values that often occur together and have
many common elements. Excluded relations—sometimes referred to as
"excluded associates'—describe values that are mutually exclusive, never
occurring in the same subset. Isolated relations appear very infrequently or have
only avery limited connection to other data values in the associative analysis.

6.2. Data Relationships and Insights

Associative analytics is an approach to data analysis that considers the full range
of relationships between various data points, elements, and themes within a data
set. Identifying these relationships can reveal a complex array of connections,
patterns, and dependencies in the data, thereby generating valuable insights[16].
These insights might encompass redundancies, overlaps, causal dynamics, roles
and responsibilities, and other interactions. Such broader pivotal questions can
be particularly challenging to address using traditional Bl tools and data models;
in contrast, associative analytics capitalizes on existing linkages within
structured, unified data sets.

The goa of data analysis with Qlik isto empower users to explore associations
in their data—whether mundane or esoteric—ultimately generating insights that
might otherwise remain undiscovered. Achieving this objective hinges on the
foundation of the data model: whether the model preserves rel ationships between
most or al dataelementsin an associative format and allowsusersto interactively
explore these connections in an intuitive, natural, and efficient manner. It then
becomes a question of designing and building appropriate visualizations and
creating conditions that make associative exploration engaging.
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7. Advanced Analytics Features

Advanced analytics capabilities empower usersto perform sophisticated analyses
beyond traditional descriptive processes. These features enable predictive
analytics to discover relationships and make informed forecasts concerning
future demand. Predictive analyticsinvolves dissecting historical datato identify
patterns that suggest future behaviors or trends [16,17]. It turns descriptive
anaysis into forecasting, providing data-driven guidance for addressing
imminent challenges. Faced with volumes of data, predictive analytics facilitates
decision-making by highlighting potential future scenarios.

The analytics features support communication with R and Python, granting
unlimited possibilities for visualizing or analyzing Qlik data Using the
integration with R and Python, Qlik developers, data scientists, and analysts can
create advanced anal ytics and machine-learning functions accessed directly from
Qlik Sense applications. Integrations are facilitated by plug-insthat communicate
with Qlik Engine, responsible for data association and storing the set of
selections.

7.1. Predictive Analytics

The combination of garbage in, garbage out and large amounts of data calls for
devel oping ways to automate the anal ytics process. Automatic detection of trends
and patterns alows starting the analysis from a specific result using reverse
analytics, starting from a goal and uncovering the possible explanations or
causes. The same sort of automation allows detecting anomalies or unusual
behaviors. Moving to forward-looking analysis identifies a possible future and
evaluates its impact by using predictive scenarios.

At thetransition between SIEMENS MindSphere and Qlik Sense, the Momentum
app, the Smart Meter app, the Qlik assisted forecasting, and a flow forecast
together with the Qlik R and Python advanced analytics integration are some
implementations that need to be highlighted as relevant predictive analytics.

7.2. Integration with R and Python

The integration of R and Python into Qlik offers extensive flexibility in
leveraging these popular open-source analytics environments. Thelr vast user
bases, extensive commonality in applications, and comprehensive libraries
enable enterprises to address diverse use cases and employee skill sets within a
common enterprise framework. Selections made through Qlik's associative
analytics interface automatically filter applied operations to restrict their scope
and focus, furnishing a graphical preview display of the analysis results.
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Organizations requiring their predictive analytics component to operate
continuously on a schedule, as opposed to on-demand, can choose the
"Continuous" mode of operation for the predictive analytics through R or Python
[12,18-20]. This option alows scheduling R or Python scripts for regular,
repeated executions with minimal overhead. Utilizing the Qlik engine's task
scheduling mechanism, the scripts can be run several times per hour. The
scheduled execution supports both inline-scored datasets and datasets generated
as new tables or inline tables.

8. User Experience and I nteraction

User Experience and Interaction are fundamental to the Informatics discipline
and every scientific field. Subject/Object relationships and their nuances under
dualist/monist metaphysics are at the core of amost al spiritua and
philosophical schools. Similarly, an entire branch of social science—
psychology—and one of its sub-disciplines—cognitive psychology—study
perception as a relationship between a human and an object. The Industry of
advertising is based on creating Visual Relationships in an icon, logo, or a
commercia [21-23]. Creating visua relationships influences the perceptions of
human viewers, who then associate the product with a specific feeling or idea.
These relationships connect the viewer’s emotion to the image in subconscious,
emotional, and spiritual ways, guiding them towards a goal or desired
action.“The Qlik Data Model” cross-references these preceding statements.

Qlik, as a leading Data and Analytics platform, specializes in Associative
Exploration. This can briefly be described as the creation of Numerical, Logical,
and Visual Relationships between individual Data-pointsin a Data Model, while
forming Data Sets during analysis. These relationships affect the colours of every
chart on a sheet, alowing a user to see associations without changing the
selections. Thus, Qlik users can easily identify Patterns across different Chartsin
a sheet. By exploring Data Relationships, they can extract significant and
actionable Insightsfrom seemingly unordered data. The User Experienceisbased
on these Relationships, which are created both by the Data Model and the
visualizations built on top of it.

8.1. User Interface Design

User interface design involves all of the elementsthat are carefully positioned on
the screen, including the page layout, number and type of visualizations, and
style. Associative Analyticsisajourney of exploration. The highly intuitive Qlik
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associative data model means that the business user will fee comfortable
journeying into the data as far as they wish without fear of ‘breaking’ the structure
[24,25].

Support for Selection Made-Alternate Possible Paths Ask What 1f? Combine
Search with Selection and Hierarchies What 1f-No-What! Cross Highlighting
enables the user to select different data points and discover patterns and
relationships, helping to uncover interesting insights. An easy, intuitive design
keeps users engaged, helping them to focus on drawing conclusions from the
data—as opposed to deciding which filter or selections to make next.

8.2. Enhancing User Engagement

The discovery and creation process in Qlik is centered around associative data
exploration, which engages users in analyzing data relationships. Qlik’s
associative model uncovers business insights users haven’t yet thought to ask for.
Along with the associative data model, advanced analytics capabilities are
embedded right into the user experience, providing opportunities for users to
interact with predictive analytics, R/Python integration, and explanatory analysis
[26-28].

User engagement through data relationships involves identifying and
understanding patterns within data. It also includes user interactions that lead to
exploring and discovering these rel ationships, which yields more knowledge and
generates new questions.

9. Real-World Applications of Qlik

The real world, where data exists in diverse structures and locations and
relationships are far from perfect, is afar cry from "idea conditions.” Yet it is
precisely this messy and hybrid datathat holds so much value. Qlik's Associative
Analytics engine enables businesses to quickly glean insights, combining data
preparation and visualization and empowering users to dig into all their data for
better answers and more decisive action. Two of the best places to start exploring
relationships with Qlik are business intelligence case studies and industry-
specific examples.

Business Intelligence Case Studies

Many companies have turned to Qlik's business intelligence and analytics
software. Consider how these customers uncovered relationships in their data

through Associative Analytics. When a British satellite company wanted to
100



maximize its support efficiency, it found that search wasn't helping engineers
identify the right solution — but an associative Qlik dashboard did. A bakery had
been tracking the right customer data for years— but only when it was combined
in Qlik was the business really able to understand trends. And a snowboarding
producer built a flexible, scalable data model that helped it shift with new
challenges without requiring hours of manual work.

9.1. Case Studiesin Business Intelligence

Business Intelligence (BI) technol ogies play an important rolein converting data
into useful and actionable information and helping organizations make better-
informed business decisions. Different case studies show how Qlik Sense, by its
associative model, business intelligence data visualization, and analytics
functionality and features, can be used in organizations to analyse the
relationships, patterns, and trendsin their data that are crucial for gaining insight
[29-31]. Dataanalyticsis also about rel ationships because many rel ationships can
be hidden in the data, and the development community needs to have the ability
to reveal those hidden relationships. Qlik alows the discovery of relevant
information regardless of where the data comes from. Associative analytics
transforms consumption from passive reading of reports to active interrogating,
relies on ODBC, OLE DB, and other standard connections to ingest data from
most data sources, supports loading and preparation of data, enables the creation
of visualizations, and ensures the model supports exploratory analysis. By
identifying patterns in data, predictive analytics can help users define where a
business is heading and predict future results. Integration with R and Python
enables that kind of predictive analytics.

Other case studies describe how Qlik’s associative model can be used in a
hypothetical market analysis example that involves both internal and external
data. The constraints and limitations that come with Bl identified using Qlik are
also described [3,32,33]. The discussion then turns to how the Bl experience can
beimproved through better user experience design and examining waysto expose
these aspects through the object model to make creating and curating content
easier. Other points discussed include empirical evidence demonstrating the
ability of Qlik—Dby its association skills—to evaluate data in very different
contexts and find rel ationships between any records of the tablesinvolved in the
analytical process. In more sophisticated analyses, these associations are
straightforward blends of diverse data collected or generated on different
occasions. The value of these relationships clearly depends on the origin and
nature of the collected data. Finally, Qlik’s approach to discovery enables a
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business problem to be identified quickly through exploration, leading to more
informed decision-making.

9.2. Industry-Specific Applications

This section provides numerous examples of the use of associative analytics in
different sectors involving very different types of problems and questions.
Together, they illustrate the broad questions that associative exploration can
address and the wide range of real problems it can help organisations solve.

IKEA United Kingdom needed to improveits customer experience while keeping
costs under control. The Manchester Excess Management Group — which
included representatives from the UK Cheshire Fire Service, Valpack, and Waste
Collection companies — faced the challenge of reducing excessive waste
collection levels and organised a pilot project in Cheshire to determine whether
the existing rules were realy necessary. Small-Medium Business (SMB)
software provider Wix and a German customer faced the challenge of
understanding how their users were interacting with their platform. Bush
Heritage Australia, a not-for-profit organisation dedicated to land conservation,
had integrated data from various sources, including GIS, to build an effective
story-telling tool which provides a richer understanding of conservation
management for users and potential donors. McDonald’s used Qlik to improve
sales performance and competitive advantage in a quickly evolving retail
environment. The Public Health Agency of Canada and a Swiss public transport
operator had a shared need to improve operational efficiency, increase services,
and reduce costs.

10. Future Trendsin Analytics

Emerging Technologies Various emerging technologies are shaping the field of
analytics and have the potential to enhance the capabilities of Qlik. Artificial
intelligence (Al) and machine learning algorithms can be used to automatically
generate insights and predictions from Qlik data. Natural language processing
(NLP) enables users to interact with Qlik data using conversationa queries. Big
data technologies facilitate the processing and analysis of large and complex
datasets within Qlik [4,34-36]. Augmented analytics integrates advanced
analytics techniques, such as predictive modelling and natura language
generation, into the analysis process. Cloud computing provides scalable and
flexible infrastructure to support Qlik deployments and enable easy access to
data.
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The Future of Associative Analytics The future of associative analyticsliesin its
ability to enable individuals, both within and outside organizations, to explore
and analyse data quickly and completely. By providing data preparations that
connect relevant data and data visualizations that highlight non-anticipated
relationships and outliers, associative analytics reduce reliance on intuition and
enable deeper data-driven decision-making [37-40]. Qlik is extending its
associ ative anal ytics capabilities through features such as predictive analyticsand
integrations with open-source technologies like R and Python. These
advancements aim to broaden the scope of business intelligence and transform
all decison-making processes by making analytics more accessible and
comprehensive.

10.1. Emerging Technologies

The combination of Qlik's capability for associative anal ytics with advancements
in predictive analytics makes the Qlik platform especially attractive to business
analysts looking to extract greater insight from their data. While predictive
analytics can often be difficult to implement and require a fair amount of
expertise, Qlik aso provides an intuitive interface that allows analysts to
incorporate predictive methods into their analysis in an uncomplicated way
[4,41,42].

Many predictive methods and anaytics extensions are implemented in the
statistical language, R. Because of this, Qlik supports the advanced analytics
integration of R through a unique mechanism. Qlik can connect to R, execute
predefined scripts at any stage of the analysis process, and utilize the results
within the associative model. Thisis achieved via well-defined functions.

10.2. The Future of Associative Analytics

The core concept underlying associative analytics enables users to introduce a
new approach for discovering unforeseen relationships within the data. Future
analytics technology will continue in the same direction, facilitating broader,
deeper, and more comprehensive exploration of the relationships that are
constantly emerging [43-45]. The greater the breadth and depth of analysis, the
more crucia the need becomes for business anaysts to explore the data
interactively without any limitations that conventional query-based analysis
places on exploration. For the exploration of ever-broader, bigger, and dynamic
data, the model of associative anaytics will become both predominant and
imperative.

Business analysts are aready capable of exploring associations in vast patient
popul ations, association networksin expansive investor cohorts, problemswithin
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sales operations across numerous regions, as well as failures across various
engine models [9,46-48]. This level of performance represents only an
intermediate step in the journey toward continuously-associative analytics.
Future customers will delve into the customer, product, and location dimensions
that constitute ever-larger markets. Business analysts will also explore patterns
and anomalies within broader business networks that incorporate multiple
companies, markets, or industries.

11. Challenges and Limitations

As with any anaytics platform, the adoption of Qlik can present several
challenges and potential limitations, despite the benefits offered through the
associative model and other features. Special attention must be given to common
challenges during deployment, such as data quality and scalability issues.

The enormous power of Qlik’s associative model means that data quality must
be very high for analyses to be meaningful. Many companies still rely to some
extent on spreadsheets, which generally cannot manage the data cleansing and
transformation required for effective analysis. Furthermore, scalability must be
addressed at the outset: athough the technology itself can handle enormous
volumes of data, most businesses have relatively small datasets. Unless the
companies are able to scale their own business, Qlik’s full capabilities may not
be utilized.

11.1. Data Quality I ssues

In the light of the preceding discussions, it is vital to note that the Qlik platform
is designed only for users, not for developers. Both QlikView and Qlik Sense
offer a combination of services, including an engine service for loading and
prepping data [49-50]. However, the actual quality of the data loaded is not
guaranteed. If the data suffers from poor quality, it will inevitably affect the
resulting analysis. As indicated in the chapter “The Qlik Data Model,” data
quality issues can lead to misleading associations and inaccurate conclusions.

Qlik’s data connections facilitate the loading and transformation of information,
yet they do not rectify underlying data defects. While the associative model
within Qlik excels at identifying relationships between data elements, it
inherently cannot compensate for erroneous or inconsistent source data [51,52].
Therefore, robust data governance and cleansing processes remain essential to
ensure the integrity and reliability of analyses performed using Qlik systems.
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11.2. Scalability Concerns

When organizations seek to leverage the benefits of associative analytics, the
practical consideration of scalability must be addressed early in the process [53-
56]. Business needs for conducting sophisticated analyses with Qlik are only
limited by the quality, completeness, and architecture of the underlying data.
However, the promise of drill-down exploratory analytics faces barriers due to
data being stored in a centralized data warehouse or spread across multiple
distributed sources in heterogeneous formats.

In the age of Big Data, the walls of enterprise data warehouses are being torn
down to enable companies to mine diverse data sources for associations and
linkages. Technologies such as columnar databases (e.g., Vertica, Sybase 1Q,
Lotus), in-memory databases, and Hadoop significantly enhance the speed with
which large and disparate data sources can be searched for patterns and
correlations. This real-time capability is a major advantage not only from the
users’ standpoint but also from the business perspective. Early customer trend
detection, predictive analytics, and operations analysis across large volumes of
historical data can now be achieved with timelines that make sense.

12. Best Practicesfor | mplementation

Strategic Planning Certainly it is not the case that the Qlik Associative engineis
new and untested. It was released in 1994, and has been further developed ever
since, as hardware and software have advanced. Like any Analytics or Business
Intelligence (i.e. Bl) project, it isimportant to understand what you are trying to
get out of it [57-59]. The strategic planning associated with it is therefore similar
to the planning for any other BI project, whether you are moving from
spreadsheets, database queries, or dashboards, or from traditional Qlik to Qlik
Sense. An essential aspect of the planning isto be clear about who the consumer
of the analyses will be. For example, will it be executives requiring fingertip
accessto dataof their own, or prepared analyses of corporate data, or aformalized
set of reports, or data scientists seeking to replicate the behaviour of executives
to identify patterns and generate forecasts? In particular, in ashift to self-service
Bl, the Fundamental Insight of Associative Analytics (as introduced in
“Understanding Associative Analytics”) may be beyond the comprehension of
some users or, indeed, may not be necessary. Training and Support The training
that Qlik needs is therefore similar to that needed by any other anaysigmedia
self-service project. That is, it requires not just training in the use of the Qlik
products (Qlik Sense or QlikView), but also training in handling the specific data
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that isused. It is clearly important to understand the dataitself, and how it is used
within the organization. It is equaly important to be aware of the potential
problems with the data, especialy if the data quality is poor or incomplete. By
supporting the user and aigning the implementation with the consumer
requirements and the data needs, the Qlik Associative Engine can provide a new
approach to analytics, enabling users to explore relationships across datasets,
without the need to build hierarchies, hierarchically dependent axes/filters, or
drill-downs and drillthroughs within the charts.

12.1. Strategic Planning

Strategic planning is a key phase in the successful implementation of Qlik. It
requires careful consideration of both business objectives and data needs.
Organizations must identify the questions they want answered and the insights
they seek before working on the technical details. This might mean designing a
streamlined app that uses only the necessary data sources for a particular
department or creating a large-scale application that serves multiple teams. The
aimisto align Qlik deployments with broader business goals and priorities.

Severa factorsinfluence a Qlik implementation plan. The status of existing data
infrastructure and the current use of Bl tools matter because compatible or
complementary solutions can ease integration and reduce training requirements
[6,60-62]. The availability of internal resources and skills affects timelines and
whether outside consultants might be needed. In many cases, selected Qlik
partners offer both strategic advisory services and upfront capabilities
development, ensuring that deployments start on the right footing and align with
governance and security standards.

12.2. Training and Support

Inthe early days of Bl tools and solutions, these generally used complex scripting
and tables in order to connect, relate and associate data from different sources
and different tables. It required trained and expert users having good knowledge
of data and scripting in order to get solid insights with the correct information.
Over the past two decades, data exploration has changed a lot and so have the
needs of an organisation and its users. Qlik is constantly evolving, and with its
innovations, the use of the tool has moved from expert users to regular business
users. The key benefit of the Qlik Associative engine is the ability that it offers
to discover hidden insights by digging through datathe way business usersthink.
Userswant to ask questions and receive answers instantly, without waiting for I'T
[7,60-63].
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Business and Data Analytics (BA/DA) teams can quickly create training notes
and videos explaining the business logic of their Qlik Sense reports and
dashboards beyond the usual descriptive information. For example, the colour-
codes used in charts reflect the selection state, and drill-down and two-way
selections on charts and tables are sometimes not obvious to regular business
users. Intuitive texts and animation can increase the engagement level of any
application.

13. Conclusion

Qlik is among the major platforms in data analytics. Associative analyticsis an
advanced approach that uncovers hidden relationships between data. The Qlik
data model underpins associative exploration by enabling the identification of
patterns within data, revealing complex relationships that deliver enhanced
insights. In contrast to traditional hierarchica or query-based models, the
associative model of data analysis offers users the flexibility to explore data
freely without predefined drill paths or restrictive queries. It connects data from
diverse sources, presenting it in a manner that lucidly displays how individual
data points relate and associate. Visualizing large volumes of data, particularly
when sourced from multiple datasets, often generates considerable complexity.
While visual analytics excels in demonstrating relationships within a single
dataset, it falls short of highlighting insights derived from the interaction of
distinct datasets. Associative analytics bridges this gap by connecting different
data points and answering questions that linear or hierarchical paths cannot.

The conclusion synthesizes the insights drawn from Qlik’s data model and its
association with other areas. Collectively, the presented knowledge provides a
launching point for a deeper understanding of associative anaytics linked to
Qlik. It illuminates the generation of visualizationsin Qlik and demonstrates
Qlik’s capabilities in uncovering patterns, highlighting relationships within
data, and extracting valuable insights. Moreover, it introduces the concepts of
predictive analytics and the integration of R and Python within Qlik.
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1. Introduction

Business intelligence (BI) tools are applications that analyse an organization’s
raw dataand provide reports, summaries, visualizations, and trends to plan future
business activities and enable business managers to make more informed
decisons. An examination of Bl tools also considers pricing, integration
capabilities, scalability, and usability. Aspects such as pricing and usability partly
determine the potential risks and obstacles in Bl tool adoption [1,2]. The
following tabular overview presents a comparison of the most popular Bl
software, classified and rated according to these criteria Enterprise-grade Bl
tools generally support a layered architecture. Integration capabilities include
API integration, data source connectivity, connectivity with third-party software,
and exporting options for the produced visualizations and reports. Scalability
options consider vertical and horizontal scaling, in addition to the choice between
cloud or on-premises systems. The analysis focuses on business-users’ first
contact with aBlI tool and therefore gives precedence to interface design and user
experience; training and support options are addressed as well.

2. Overview of Business I ntelligence Tools

The concept of Business Intelligence (Bl) has existed since the 19th century,
when Richard Miller Devens wrote about the use of business information in the
banking industry. A comprehensive Bl software enables the evaluation of
corporate performance, the comparison of past data, the identification of areas
for improvement, and the detection of new opportunities. It analyses business
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data and presents the insights through reports, dashboards, and visualizations. Bl
tools can be implemented in various settings, from small businessesto enterprises
with diverse needs. However, a single Bl tool may not provide a complete
solution. There are numerous tools available on the market that stand out for
different reasons, and an overview of the main ones can highlight frequently cited
aspects such as pricing, integration, scalability, and usability.

Table 1 presents the Business Intelligence Tools Comparison Matrix, which
compares some of the most popular Bl tools based on pricing, integration,
scalability, and usability criteria. The analysis benefits consultants, developers,
and researchers by offering a clear and comprehensive assessment. Pricing
models include subscription-based, one-time purchase, and freemium options,
each with distinct cost implications [2]. Integration capabilities encompass API
support, compatibility with third-party software, and connections to various data
sources, al of which determine how well a tool adapts to existing business
ecosystems. Scalability examines vertical and horizontal scaling approaches,
along with on-premises and cloud computing solutions that accommodate
growing data volumes and changing infrastructures. Finally, usability addresses
the design and user experience of the interface, as well as the availability of
training and support resources, recognizing their critical rolein user adoption and
effective utilization.

3. Pricing Models

Business Intelligence tools can be divided into various categories according to
the pricing: subscription based, one-time purchase and free/freemium. Equally
important is the examination of integration, scalability, and usability. A tabular
presentation of these four parameters provides a clear overview. The evaluative
remits group the available products by use of student ratings and include those
that fall into the four highest-scoring categories (Forbes, 20214a). Furthermore,
pricing can be evaluated based on afactor analysis of Customers Ease of Use. A
first assessment of the new products can be performed according to these four
criteria for their Business Model Outlook (Business Model Navigator, 2021).
Alignment and integration, scalability, and ease of use are among the most
important factors determining the competitiveness of Business Intelligence
Products (Forbes, 2021b). These factors can be integrated in a Critical Success
Factor framework (CSF). The result is then the BIRSCF framework, which
groups the available products by use of high CPO, CSME, and DAP ratings. The
four Top Business Intelligence Products (BIPRO), namely Salesforce Platform,
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Zoho Analytics, QuickSight, and Board, are considered individually in additional
cluster heat-maps based on CPO, DAP, CSME, Customer Confidence, Customer
Satisfaction, Market Po-pularity, Customers perceive Product Quality, and
Support and Training.

3.1. Subscription-Based Pricing

Subscription-based pricing is a payment model that allows users to gain access
to a product or service for a specific period. Larger software companies like
Salesforce utilize this pricing approach, where customers pay recurring fees to
use the product or service [3-5]. This model enables buyers to spread the cost
over time, making it more manageable. Organizations often choose the
subscription path for cloud-based solutions or software as a service (SaaS), thus
avoiding the need for the additional infrastructure typicaly required with pay-
once models. Subscription SaaS applications are usually managed and hosted
externally (off-premises). However, the recurring nature of subscriptions can be
costly in thelong run.

A common example is Apple’s iCloud subscription. Many iPhone users are
accustomed to purchasing a certain amount of i Cloud storage, which can become
more expensive over time as needs increase. Some tools on the market
incorporate a freemium sales approach, offering limited functionality at no cost
to users. This strategy enables start-ups and small companies to attract larger
audiences, build a user base, and eventually promote a more comprehensive,
subscription-based premium version with enhanced features.

3.2. One-Time Purchase

The One-Time Purchase model involves afixed cost for alifetime license, often
supplemented by an annual fee for continued support and upgrades. Although
thismodel appears straightforward, associated expenses such as maintenance and
additional feature costs can make it less attractive compared to other options.
Nevertheless, many legacy Bl tools offer one-time purchase licenses.

At first glance, the One-Time Purchase category seems appealing because, except
for support and upgrade fees, the bulk of the cost isupfront and easily anticipated.
Organizations can acquire the required features without prolonged periodical
payments, thus achieving fixed and predictabl e costs. However, when comparing
these tools with subscription-based options available at significantly lower
monthly or annual prices—often discounted for initial years—the one-time
model may not deliver substantial savings. Additional charges for expanded
support or unprovided functionalities further increase the final expenditure.
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Performance and integration capabilities within this group aso vary
considerably.

3.3. Freemium Models

The freemium business intelligence (BI) tool model operates on a"free-forever”
basis, generally simple and aimed a small organizations or individual
entrepreneurs. The free plan contains only the minimum features and resources
necessary to use the platform. An upgrade to the paid plan is necessary for
performing advanced operations or increasing the limits of concurrent users,
storage space, connectors, etc. There are usually many work restrictions in the
free version of Bl tools belonging to this group. In Power BI, for example, the
free tier alows creation and management of unlimited reports and dashboards,
but if the user wantsto shareit with any other collaborator, apaid planisrequired.

Finally, the third pricing category analysed is freemium Bl tools, which includes
Bl solutions offering free plans [2,6]. Most have paid plans too, but the free
option hides a clear commercial intention of showing the product while offering
services under certain paid subscription plans. Therefore, they should not be
confused with the open-source pricing model, in which companies only generate
income by offering services like BigDataCloud.

4. Integration Capabilities

API integrations within the integration capabilities of Business Intelligence tools
allow a company to synchronize data with other platforms for comprehensive
analytics. Although most Bl tools provide API access for automation or planned
exports, such integrations involving multiple product databases may become
costly. Other integration aspects include joint creation and editing features, feed-
based collaboration, and connection to other third-party software, such as Slack,
G Suite, Salesforce, Facebook Ads, and Twitter.

Data source compatibility aso forms an important criterion for Bl tool
comparison. Most tools connect to flat files like Excel or CSV, cloud databases
or web services like Google Analytics or Facebook Ads, and on-premises
relational databases such as Microsoft SQL Server, IBM DB2, and Oracle
Database. Scalability options provide prominent decision factors for many users,
encompassing vertical scaling (scaling up) and horizontal scaling (scaling out).
Cloud platforms like Sisense, Qlik, and Looker are dubbed elastic cloud
platforms owing to their ability to scale easily and rapidly [7-9].
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4.1. API Integrations

An Application Programming Interface (API) serves as a software intermediary
that enables distinct applications to communicate and exchange functions or data.
In the context of business intelligence tools, APl integration refers to the
capability of these tools to connect seamlessly with various applications and
systems, thereby enhancing their functionality and usability. This integration
allows businesses to compile, process, and visualize data in a manner that is
coherent with their unique operationa workflows and practices.

Pricing structures vary across business intelligence tools, encompassing a
subscription-based model with monthly or annual fees, one-time purchase
options, or freemium plans offering core features at no cost and premium
functionalities at a price. Integration capabilities span APl connections, third-
party software compatibility, and data source connectivity. Scalability
considerations address the methods of vertical and horizontal scaling and the
choi ce between on-premises and cloud-hosted solutions. Usability factors focus
on the design and experience of the user interface, alongside the availability of
training and support [10]. The accompanying Comparison Matrix presents a
succinct overview of pricing structures, integration features, scalability options,
and usability attributes for key business intelligence tools.

4.2. Third-Party Software Compatibility

Most Bl reporting tools can be integrated with third-party software to meet
specialized business needs. However, not all Bl platforms support other BI tools.
For example, Microsoft Power Bl offers seamless integration with various
Microsoft services and supports certain third-party plugins, whereas Tableau
lacks direct integration with other Bl tools.

Integration with additional software aso influences Bl tool scalability. Vertical
scalability entails adding resources to the current server or systems, while
horizontal scalability involves adding more servers to the existing network.
Depending on whether an organization chooses a cloud or on-premises
deployment, three primary options emerge for scaling Bl tools: scaling inside the
Bl tool, scaling through the cloud platform of the Bl tool, and scaling outside the
Bl tool through direct dependencies. Google Data Studio provides auto-scaling
via the Google Cloud platform, exemplifying scaling enabled by cloud
infrastructure.

4.3. Data Sour ce Connectivity
Business Intelligence tools require integration with a variety of data sources. bi
provides connectors with JSON API, Dynamics, and other sources and is
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compatible with any data source offering Excel Export. Google’s product, Data
Studio, requires data to reside on Google’s platform and does not allow direct
API connections to common Google applications such as Google Ads, Google
Sheets, and Google Big Query [10,11]. Looker Studio does not support open-
source database connections or SQL Server connections. Power Bl offers direct
APl connection with a wide variety of sources but lacks Excel exporting
capabilities, like Google Data Studio. ClickUp also offers API integration but
shares other limitations with Data Studio, including the lack of a spreadsheet
connection and a limited number of third-party connectors.

5. Scalability Options

Scalability remains a pivotal consideration for any business intelligence tool. As
the magnitude of data inflow expands, particularly when complex processing is
required, vertical scaling can bolster the system's capacity by enhancing
hardware components. Alternatively, horizontal scaling distributes the workload
across multiple machines, which in turn communicate effectively among
themselves to manage the load.

Bl tools may operate in cloud environments or as on-premises solutions. Cloud
hosting confers advantages such as reduced maintenance demands and
heightened operational scalability, enabling resources to be provisioned as
needed to accommodate shifts in user demand. Conversely, on-premises hosting
may be preferable when organizations require integration with internal systems,
lean towards custom devel opment, or maintain perceptions favoring local hosting
for security considerations[12-14]. The choice between these model s depends on
unique institutional constraints and requirements.

5.1. Vertical Scalability

Business Intelligence (BI) enables informed, data-driven decision-making that
can fundamentally change the way organizational activities are performed. In
addition to helping smaller companies grow and make important decisions, many
enterprises employ Bl capabilities to sustain their business operations and attain
competitive advantages. Currently, a market analysis of Bl tools according to
pricing, integration, scalability and ease of use is presented. Bl tools differ in the
range of analytics and the cost model of the company that provides them.
Therefore, an overview of popular toolswas conducted, comprising acomparison
matrix outlining the four criteria mentioned, which appear in these tools, other
products on the market and the company s own requirements.
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BI tools can be categorized as reporting, data mining, dashboard development, or
OLAP. Pricing models include subscription-based, one-time purchase, or
freemium. Integration and scalability of selected tools can be evaluated with
respect to API availability, compatibility with third-party software, connection to
different data sources, the ability to verticaly or horizontally scale the tool s
architecture, and availability as cloud or on-premises solutions. Usability is
further determined by user interface and user experience design, aswell as by the
availability of training and support. The resulting comparison matrix presents the
capabilities of these tools relative to the different criteria.

5.2. Horizontal Scalability

Business Intelligence (BI) tools, collectively referred to as business analytics and
reporting tools, have evolved rapidly in recent years. These tools fetch datafrom
various sources, aiding crucial decisions driven by this data. Bl tools have
transformed traditional static reporting into dynamic, interactive presentations
enabling real-time data analysistailored to individual business needs. They come
in various types, including reporting-focused, data discovery and visualization,
embedded and portal Bl, and self-service Bl.

Bl tools can be used by organizations and individuals at different levels. The
price of most business intelligence tools is based on a monthly subscription fee
or a one-time fee. Some also have a freemium model that offers limited
capabilities for free or for a limited time. Pricing varies substantially across Bl
tools, with each designed to meet the needs of specific user categories.

Integration capability refers to the compatibility of the Bl tool with other third-
party software, ranging from data sources to customer relationship management
software or e-mail marketing platforms[3,15-17]. Thisisone of the main aspects
that determine the adaptability of business intelligence tools. API integration is
the preferred method for connecting different services and is offered by virtually
every Bl tool. Scalability capability denotes the ability to manage growing
amounts of work or the capacity to be enlarged to accommodate that growth. It
relates to the saturation of existing resources considering vertical and horizontal
scaling aspects and the flexibility of the Bl tool in terms of cloud or on-premises
capabilities.

Horizontal scalability increases the capacity of an application by connecting
multiple hardware or software entities so that they work as asingle logical unit.
Data can be distributed among multiple servers in distributed computing, or
concurrent processes can be executed across multiple machines in paralé
computing to fulfill high throughput and low latency requirements.
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5.3. Cloud vs On-Premises Solutions

Both extraction and hosting can be handled by the data cloud provider, enabling
small- and medium-sized enterprises to access cloud-based analytic services at a
low cost. The capability offered by a particular cloud implementation varies
significantly in terms of scalability, data sources integration, data storage and
maintenance, system redundancy, functionaly, and many other aspects. The
choice of an on-premises versus cloud server over a client PC depends on the
application requiring protected datastorage, intensive data computation or auser-
friendly graphical interface.

API integration services enable third-party software applications to connect with
an existing system via APl so that these applications can utilize existing datasets
or developed project outcomes [18-20]. APl has been widely adopted by SaaS
and cloud service providers because it increases the operational efficiency within
the system and enhances the services provided to customers. Scalability refersto
the ability of a system to increase or decrease its resources according to current
demands. Vertical scaling describes the process of adding resources—for
example, upgrading RAM or increasing processor speed—without changing the
overall architecture. Horizontal scalability isthe capability to add more machines
to an existing system or replace them when needed. The rapid growth of SaaS
products makes vertical and horizontal scalability more attractive.

6. Usability Features

Assessing the usability of a Business Intelligence tool requires analyzing its user
interface, user experience, and the level of training and ongoing support offered
by the vendor [21-23]. The ease of use and availability of learning resources play
acritical rolein determining how quickly users can adopt and proficiently utilize
the tool's capabilities.

Poorly designed user interfaces or alack of customer support may lead to end-
user resistance; the tool risks being labeled a "necessary evil” rather than being
embraced for its reported benefits. Such dissatisfaction can result in an enterprise
investing substantial time and money to implement a tool that ultimately goes
underutilized or unused.

6.1. User Interface Design
Businessintelligence (BI) tool s provide interactive dashboards, visualizationsfor
drilling up/down and using filters, along with self-service reports. Ready
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connections to multiple data sources eliminate the need for code-free ETL—
extract, transform, load—processes. Operations teams must consider usability
when evaluating Bl tools for their organisation. However, usability is difficult to
assess and is often neglected. During the early selection stage, prioritising
usability can lead to higher Bl productivity.

User interface (Ul) and user experience (UX), aong with the availability of
training and technical support, influence the successful implementation of a Bl
tool. Enterprises consider usability to reduce the learning curve. Charting and
reporting functionalities should enable users to efficiently add visual or
informative elements [9,24,25]. The availability of training materias and
technical support increases user engagement and study. Table 1 compares these
characteristics for several Bl tools—DotNetReport, Zoho Reports, Jaspersoft,
Dundas BI, and Salesforce Analytics Cloud.

6.2. User Experience

User experience is received in reports and by the users of the reports from
Business Intelligence Tools. It is supported through the design of the user
interface and the underlying architecture for the user interface. Any complex task
requires training of the employees who will use the Business Intelligence Tools.
Moreover, user experience is facilitated by the availability of training material
and documentation for the tool. Any additional support by experienced BI
consultants raises the user experience of the Bl Tools. However, when query
response takes a relatively long time, the recommendation is to go for an in-
memory implementation for Bl Tools. An improved query response time will
definitely add to user experience. Microsoft Power Bl, Tableau, and Qlik Sense
are leading contenders when it comes to the user experience.

The convenience of a drag-and-drop-based user interface makes the creation of
inventories ssimple, enticing, and a more favorable customer experience. Such a
customized inventory—illustration interface is not only simple to generate and
explore but also adaptabl e across various sectors to enhance the client's business
anaysis. Visudlizations can be created to represent the most regularly used
analysis of the KPIs based on client feedback. Appropriate hues, symbols, and
the font type of the presentation can be modified based on the brand of the client
for greater personalization. Microsoft Power Bl, Tableau, and Qlik Sense offer
versatile interfaces and allow the creation of drag-and-drop-based inventories.

6.3. Training and Support
The volume of support options offered by business intelligence tools can
significantly mitigate potential usability issues. Many vendors provide additional
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training resources such as videos, webinars, and dedicated trainings for new
users, complementing these with professional customer support arrangements
[26-28]. Real support optionsinclude online forums and help centers that answer
common questions. User communities enable users to ask questions and share
insights, while chatbots offer Al-powered assistance. Feedback features allow
users to report issues and suggest ideas, thereby enhancing the support
ecosystem.

Though some sources obtain higher scores for more options, it is important to
remember that the mere availability of a support variant is less critical than its
quality. Professional support services should have short response times and
knowledge levels appropriate for the product’s target audience. Online forums
need to be receptive to a broad spectrum of questions, ranging from simple
gueries for novices to complex challenges of advanced users. Dedicated user
communities should maintain active engagement without devolving into spam.
Pro-active feedback options can lead to actual product-level improvements only
when user contributions are actively considered and integrated.

7. Comparison Matrix

Table 1 presents a selection of popular business intelligence (BI) tools and
compares their pricing, integration with other business systems, scalability
options, and usability [6,29-31]. These features are essential for organizations
wishing to build on current investments, minimize disruptions to business
performance, gain insights from company data, or reduce the total cost of such
systems.

A number of Bl tools have been selected as suitable for comparison of the
foregoing features. Pricing models among software providerstend to follow three
broad categories, namely subscription-based (pay-as-you-go) model, one-time
purchase (perpetua license) model, and freemium model. Due to their wide
applicability, API (Application Programming Interface) integrations have been
selected to represent integration with third-party software, while both vertical and
horizontal scaling capabilities are included in scalability. Pay-as-you-go models
allow companies to pay only for the resources they use and reduce expenses
during periods of low workload demand. In contrast, perpetual licenses usually
cost less over time. The free edition of a freemium service, which typically has
limited features, will often suffice for many use cases yet also support quick
setup.
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7.1. Matrix Overview

Where comparison matrices of Business Intelligence tools generally can be
grouped by many criteria, the most important considerations often include pricing
and licensing models, integration capabilities, scalability options, and overall
usability [32,33]. All of the listed tools come from recognized Bl providers.
Pricing models span subscription-based, onetime purchase, and
freemium/limited-use configurations, which can have significant effects on how
solution costs form for different organizations and usage scenarios.

Products vary in their support for API integration, third-party and in-house
software integration, and in the range and variety of supported data sources,
which influence the need for adaptations and extensions. Support for vertical and
horizontal scaling, as well as the choice between on-premises installations and
cloud solutions, aso matters. Consequently, access paths to a set of established
criteria for the adaptability of Bl Tools are required; these can serve as starting
points for an assessment of appropriate scalability solutions [34-36]. Together
with user interface, User Experience (UX) concepts, in-product training, and
dedicated support options, these aspects heavily shape the user community's
ability and willingness to adapt new BI offerings and utilize their additional
features beyond traditional reporting and hierarchization.

7.2. Criteriafor Comparison

What is a Business Intelligence Tool? Business intelligence (Bl) refers to a
comprehensive set of computerized solutions employed for the systematic
gathering, processing, analysis, and presentation of business information. These
solutions empower businesses to make coherent decisions regarding business
strategy, operations, and marketing. Essentialy, Bl amalgamates data mining,
visualization, OLAP queries, and business performance management (BPM)
[16,37-40]. Severa specialized Bl tools are available in the market to facilitate
intelligent business decisions. The following comparison matrix offers an
overview of these tools, focusing on pricing, integration, scalability, and
usability.

Pricing. Bl tools are typically offered under four pricing models:

- Subscription-based pricing: Customers pay a recurring fee based on the
contract. Costs depend on the number of users, features, and support levels. -
One-time purchase pricing: A single payment grants permanent software
ownership, with a linking service available for integrating with other
applications. - Freemium pricing: The tool’s base version is free, with premium
features accessible for afee.
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Integration. Integration capabilities of Bl dashboards vary considerably. For
instance, both Power Bl and Tableau support API integration, compatibility with
other third-party tools, and connections to diverse data sources. However, only
Power BI includes PowerApps and Microsoft Flow app integration [41-43].

Scalability. Scalability options in Bl tools differ across providers. Cloud-based
services such as Amazon QuickSight and Zoho Analytics offer vertica and
horizontal scaling by leveraging the cloud provider’s infrastructure. Conversely,
Power Bl and Tableau are deployable on either cloud or on-premises servers.

Usability. The design of a tool’s interface and user experience is paramount for
effective business data analysis. Efficient support and training resources further
enable users to harness the BI tool’s full capabilities. The usability of Business
Intelligencetoolsisfundamental to successful dataanaysisin abusiness context.

Business Intelligence Tools Comparison.

7.3. Tool Evaluation

This section highlights a selection of Business Intelligence tools, including Zoho
Analytics, Google Data Studio, Oracle Bl, and datapine, which exemplify the
criteria of pricing, integration, scalability, and usability.

Comparison matrix. The evaluation covers pricing models, levels of integration,
scalability options, and user experience. Pricing analysis considers monthly fees
prescribed by the subscription model or one-off payments inherent in the
perpetual license model. Integration scrutiny interprets APl connections with
third-party software and connectivity with disparate data sources. Scalability is
reviewed through vertica and horizontal approaches and the choice between
cloud-based and on-premises solutions. User-friendlinessis appraised in terms of
the interface, user experience, and the availability of training or support for
onboarding.

8. Case Studies

Business Intelligence (BI) tools represent software packages that gather, store,
anayse and visualise data for the purpose of making business decisions. They
allow organisations to transform data into information and present it in a manner
that is easily understood. Bl tools can support a range of business activities,
including reporting, data sharing, analytical processing and predictive analytics.
Key features include scaability, advanced software integration, wide
connectivity, and rich visual and interactive components.
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Bl tools include Tableau, Microsoft Power BI, Qlik Sense, SAP Business
Objects, MicroStrategy and TIBCO Spotfire, among others. They are deployed
in awide variety of settings. For example, Microsoft Power Bl is used by the
National Business Development Agency of Saint Kitts and Nevis to monitor the
local economy; Tableau by Amazon for online purchases analysis; and Microsoft
Power BI by the University of Portsmouth’s Student Recruitment and Marketing
Data Analytics Team for performance visualisation. Bl tools are also employed
in hedthcare, business, telecommunication, retail, manufacturing, financia
services, government, finance and logistics [44,45].

8.1. Small Business Implementation

Business intelligence (BI) tools are software solutions that allow business users
to collect, record, process, analyse, and visualize data in a way that alows for
improved decision making. They typically use data collected from internal
databases and external sources to help business users analyse the raw data and
discover business performance metrics [22,30,46-48]. Many of the important
pricing, integration, scalability, and usability options for popular Bl tools are
outlined in the following matrix. Pricing options include a subscription model
with monthly rates per user, a one-time license cost, or the availability of afree
version with limited features. Integration refers to the ability of the tools to be
used in an existing Bl infrastructure. This involves two major factors. API
integration, which enables non-data sources to push data to the Bl tool directly,
and the ability of the BI tool to connect with third-party software such as
Salesforce, Google Analytics, or others. Scalability is about whether the tool can
be scaled vertically or horizontally to meet the big data usage needs of an
organization, along with whether the BI tool is offered as a cloud solution or is
hosted on premises. Usability is a qualitative factor for which a user-friendly
interface, a smooth user experience, and the availability of online tutorials and
training are all important considerations. A discussion of the tools and services
offered for small business implementations follows.

8.2. Enterprise Solutions

Business Intelligence (Bl) tools am to convert raw data into meaningful
information for informed decision-making [49-51]. An analytical comparison of
Bl tools pricing, integration, scaability, and usability aspects provides
guidelines for organizations seeking the right Bl solution in today's data-driven
environment.

Severa Bl tools and their key pricing, integration, scalability, and usability
parameters form the basis for further consideration:
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Hi-Per Bl offers subscription-based pricing starting at $160 annually. Its open
APl enables integration with third-party software, supports connection to
multiple data sources, and allows control over user access [52-55]. Scalability is
achieved through a cloud platform that supports both vertical and horizontal
scaling. A user-friendly interface minimizes the learning curve.

YelowFin Bl's service plans cost approximately $50 monthly. An open API
facilitates smooth integration, with connectionsto various data sources. Although
scalability features are not explicitly stated, the tool supports both on-premises
and cloud deployment options. Its intuitive interface enhances the user
experience.

Zoho Analytics follows a freemium model, offering a free plan for up to two
users and scaling up to $495 per month for 50 users. The presence or absence of
open APIs remains unspecified; however, it connects with multiple data sources.
With its SaaS cloud offering, users can adopt tailored plans based on
organizational needs. The tool provides useful training resources and
comprehensive support.

Power Bl Desktop is available free of charge, while the Pro service is priced at
$9.99 per user per month. Open APIs support integration, and connections to
diverse data sources are available. The cloud platform supports both vertical and
horizontal scaling. Microsoft supply extensive training materials and technical
support to facilitate user adoption.

IBM Cognos Analytics operates on a subscription-based model, with licensing
fees determined by users, servers, and the required set of modules. Closed APIs
are currently in place, but the tool supports connections from multiple data
sources. Available for both cloud and on-premises deployment, Cognos offers
comprehensive training resources and support services.

8.3. Industry-Specific Applications

Bl tools support various fields at al company levels. They enhance the
production process in manufacturing, monitor patient flow in heathcare, and
protect assets in international banking.

Small companies use Bl tools to analyse sales trends and customer behaviour
through intuitive dashboards[23,56,57]. Large companiesrely on Bl applications
for trend analysis, rea-time control, and product suitability assessment. For
example, the Deutsche Telekom Group employs an advanced Bl-based planning
and reporting solution across more than 300 business units worldwide.
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O. Future Trendsin Bl Tools

The integration of artificial intelligence (Al) features into Business Intelligence
(BI) tools will likely transform data visualization by streamlining the creation
and enhancing the capabilities of visual elements. Al techniques might be
employed during various stages—from data collection and cleaning to
transformation, modelling, analysis, and visualization—Ieading to afuture where
Bl tools can describe, explain, predict, and prescribe the information presented.
These evolving capabilities will empower users to navigate from summary
dashboards to specific data points intuitively, make informed business decisions
based on the insights provided, and automatically adjust strategies or plans
accordingly.

Futuretrendsin Bl services are expected to encompass a broad range of domains,
including data warehousing and quality, data visualization, predictive analytics,
self-service Bl, and cloud Bl. Combined with the rapid growth of social media
content, the pervasive use of mobile web services, and the popularity of SaaS Bl,
these trends will further reshape the Bl landscape [58-61]. Organizations of
diverse sizes, especially those constrained by resources, will gradually transition
toward cloud Bl services, mirroring the shift already underway for CRM, ERP,
and SCM applications. Ultimately, Al is poised to become an integral component
of all core Bl activities—extending from data warehousing to providing
automated or semi-automated descriptions, explanations, predictions, and
prescription-oriented insights.

9.1. Artificial Intelligence I ntegration

Artificial intelligence (Al) is gaining widespread attention in business
intelligence (BI) and its related technologies. Al isimplemented in various areas
of BI, such as data analysis, data integration, data visualization, security, report
generation, and many others. Numerous software solutions incorporate different
levels of Al features, although the integration capabilities and the degree of Al
functionalities vary significantly across the available options.

Integration of Al within Bl tools can take multiple forms. Dealers, for instance,
may utilize Al to generate recommendations for their clients, such as tailored
financing options that align with the company’s criteria and the customers’
financial situations [62-64]. Correspondingly, clients might interact with Al-
driven solutions through chatbots that summarize the functionalities of new car
models, address inquiries, or propose upgrades. Incorporating Al into Bl thus
offers considerable potential for supporting companiesin avariety of operations,
expanding the capabilities of traditional systems.
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9.2. Predictive Analytics

Based on actual scouted sources, Business Intelligence is an ascending resource
for companies, and when combined with Artificial Intelligence technologies, it
further optimizes business performance and industry growth. Predictive analysis
can be integrated into the Bl system to gain an additional level of insight and
discovery. Predictive analytics forecasts on textual data put a burden on
traditional Bl systems and require the need for artificial intelligence in Bl tools.
Future scopes can capitalize on this area by refining advanced agorithms that
enhance the efficiency of predictions, complemented by detailed data pattern
analysis and rule-based learning.

Business Intelligence tools utilize past and current data to support decision-
making, employing statistical analysis techniques such as descriptive and
predictive analytics. The integration of Al techniques enables the same data to
construct intelligent models of the enterprise's environment through cognitive
services. This combination delivers comprehensive information about the
organization'sinternal and external factors—capabilities that cannot be achieved
by solely dependent Business Intelligence systems. The Bl challenges remain
adherence to privacy and the cost of Al services as it demands expertise in data
science, engineering, and Al technology.

9.3. Enhanced Data Visualization

Data visualization serves as a pivotal function, empowering users to effortlessly
identify valuable patterns, trends, discrepancies, connections, and relationships
buried within complex datasets. It facilitates intuitive data exploration,
comparison, trend analysis, exception detection, and geographica mapping,
which are essential for comprehensive evauations. Effective visualizations
clarify business challenges, enhance decision-making quality, amplify persuasive
power, and boost user engagement. Charting data trends over time establishes
baselines that aid in identifying root causes when deviations occur.

Anideal datavisualization platform integratesinteractive dashboards, responsive
interfaces, and red-time behaviour analysis, all within a unified, visualy
appealing design that adheres to ergonomic principles and organizationa
branding [1,65,66]. Support services—encompassing video tutorials, online
documentation, and training sessions—further streamline user onboarding and
proficiency development. Advanced features such as integrated artificial
intelligence and machine learning, automated reporting, and drag-and-drop
interfaces equip users to craft meaningful visualizations autonomously. Key
platforms delivering these capabilities include Tableau, Zoho Analytics,
Microsoft Power Bl, SAS Visua Analytics, and Google Data Studio.
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10. Challengesin Bl Tool Adoption

Business Intelligence (BI) tools are software applications used for the retrieval,
analysis, transformation, and reporting of data for business intelligence. These
tools aim to allow organizations to make better business decisions by offering
historical, current, and predictive views of business operations. For thisreason, a
comparison and evaluation of various popular Bl tools is proposed, focusing on
their pricing models, integration capabilities, scalability options, and visual-
based usability. A tabular presentation of the comparison reveals that these
aspects are critical parameters for selection and adoption.

While BI tools can offer an organization a competitive advantage, many
companies cannot leverage them because of high costs and other inhibiting
factors. One magjor obstacle relates to cost; many organizations are unable to
afford commercia Bl tools. An alternative is cloud-based or on-demand Bl
services, often called Bl as a service. Another commonly reported cause of
difficulty is data privacy—internet-based information sharing raises privacy and
security concerns that limit the progress of Bl applications. Finally, user
experience-related issues can also pose challenges to user adoption; thus, user
experience studies aim to understand usage patterns and drive future
enhancements.

10.1. Cost Barriers

Business Intelligence (BI) tools are software products that process data and
generate actionable reports for decision support. Widely used in sectors such as
financial services, performance management, sales analysis, and budget
planning, Bl tools enhance a company's decision-making capabilities. The high
cost of advanced Bl tools can be prohibitive for small and medium-sized
enterprises. The costs—with regard to pricing models, integration capabilities,
scalability options, and usability features—affect the wide adoption of Bl tools
and necessitate an overview and comparison of such aspects[1,65,66].

The Pricing Models Pricing constitutes the major part of the total cost of Bl tools
for end-users. The common pricing models adopted by most Bl vendors are
subscription-based, one-time purchase, freemium, and open-source performance.
In the subscription-based model, the user usually rents the software for afixed or
metered fee over a specific period and terminates the license on satisfactory
completion. In the one-time purchase model, the user acquires the license by
paying a fixed price and usually continues the service by paying additional
maintenance costs. The freemium model offers a basic edition for free with
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optional paid features. The open-source model offers free access to source code
and enables modification.

10.2. Data Privacy Concerns

Data privacy relates to safeguarding sensitive data from unauthorized access or
misuse. With increasing risks, organizations are vigilant about their information
and operations. Data privacy laws, such asthe European Union's GDPR, mandate
security measures, potentially influencing Bl tool selection for legal compliance
[67-68]. The Canadian Persona Information Protection and Electronic
Documents Act (PIPEDA) governs customer information confidentiality,
imposing liabilities for breaches. Bl tools must therefore provide encryption and
role-based access control to satisfy these regulations. The costs associated with a
privacy breach, including financial losses, damage to brand reputation, and
adverse impacts on key stakeholders, prompt management to consider privacy
aspects seriously.

To address employee concerns regarding privacy and Bl, educational initiatives,
open data-access policies, pilots, and reward systems have been proposed.
Ensuring a respectful Bl environment that users trust can mitigate fears and
resistance. Practitioners recommend collaborative groups that communicate
effectively and emphasize that Bl should support rather than substitute
employees.

10.3. User Resistance

The challenge of user resistance in the implementation of business intelligence
tools results from a complex mix of factors, including user interface and
experience. Simplicity and intuitiveness of the interface, along with available
tutorials and training sessions, play avital role in accelerating the adoption curve
and increasing the usage rate. More straightforward and more user-friendly tools
make the users first approach less painful, lowering theinitial resistance level of
usersin regular use. Well-designed user interfaces also have the potential to open
up business intelligence to new user groups within the company besides the
actual speciaists.

Generally, the business team members are not interested in standard analytics
tables and charts. They need charts that make their job easier and be used to
getting a clear message without much analysis [69-70]. The concept of instant
insight and storytelling with the help of visual charts or infographics can assistin
successful business intelligence adoption. Continuous training and awareness
about business intelligence tools and techniques help users stay updated.
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11. Conclusion

Many cloud business intelligence integration capabilities, pricing models,
scalability options, and usability features are examined. A Comparison Matrix
further elucidates the distinctions among key tools. Many cloud business
intelligence integration capabilities, pricing models, scalability options, and
usability features are examined. A Comparison Matrix further elucidates the
distinctions among leading tools.

Business intelligence tools provide comprehensive data insights to users and
organisations. They can be implemented on-site or accessed via the web through
a subscription. Features may include ad hoc reporting, dynamic sampling,
multilingual support, schedule organisation, OLAP, spreadsheet integration, and
business performance management. Pricing schemes vary from pre-paid plans,
one-time payments, and unlimited plans a no cost. Subscription services can
address awide array of business requirements for adaptable corporations.
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1. Introduction to Open-Sour ce B

The term “business intelligence,” commonly referred to as BI, comprises the
applications and technologies that support financial and business anaysis and
planning, enabling decision makers to make well-informed decisions. The “open
source” designation indicates that these Bl tools’ underlying programming source
code is freely available (without charge) and modifiable by anyone. In general,
open-source products provide organizations a cost-effective and customizable
method to perform exploratory data analysis; quickly evaluate new tools; support
nonprofit, personal, or academic projects, or contribute enhancements to the
open-source code base that benefit the larger community.

The focus here is on three open-source Bl tools that have consistently been
among the best-rated: Metabase, Apache Superset, and Redash. User rankings
and reviews for these three tools are consolidated on SpotLight, which conducts
an annual review of open-source projects. SpotLight uses its own PeerRank
method to evaluate tools based on a combination of quality and quantity of
ratings, reviews, and comments from the user community. These three projects
consistently place near the top of the ranks for open-source Bl, specificaly as
being interesting for budget-conscious organizations and users, and are therefore
worthy of investigation.
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2. Overview of Business I ntelligence

BusinessIntelligence (Bl) supportsthe process of making informed decisionsand
the infrastructure that supports that process. It enables organizations to gather,
analyse, and transform data into actionable knowledge. Through BI, decision-
makers understand the business environment, past actions, and potential future
scenarios. It also identifies actual or potential problems and opportunities|1,2].
Bl iscritical because of the persistent datagrowth. It reducesthe cost of decisions
and improves the quality of decisions. Bl comprises a set of processes,
methodologies, and technologies that transform raw data into meaningful and
useful information, providing insightful knowledge for strategic decision-
making.

Bl systems provide historical, current, and predictive views of business
operations and often focus on business information management. Data
warehouses, dashboards, reports, data discovery tools, and cloud data services
are types of Bl applications. Bl Technologies include a wide variety of
applications, technologies, and processes. Core technologies encompass data
warehousing, business analytics, business performance management, and user
interfaces encompassing querying, reporting, Online Analytical Processing
(OLAP), datistical analysis, forecasting, and data mining. Bl applications
address activities such as customer profiling, customer support, sales trends,
product profitability, market and competitor analysis, and budgeting and
forecasting.

3. Importance of Open Sourcein Bl

Leveraging free and open source software (FOSS) can transform core business
operations in various industries and sectors — both private and public, for-profit
and non-profit, for commercial and non-commercial use [2]. FOSS enables an
organization to evaluate Bl software by downloading it, experimenting with it,
and determining which features are most important — without the risk of
financial loss. Metabase, Apache Superset, and Redash are popular tools within
the Bl software category. Their combined capabilities rival or exceed those of
many proven commercia solutions.

Unlike commercial alternativesthat are devel oped, maintained, and supported by
a company that charges for these services, open source software is created,
updated, supported, and enhanced by a community of users and advocates. A key
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benefit of open source software isthat it istypically licensed in such away that
it can be scrutinized, modified, and leveraged in a commercial product.
Furthermore, organizations that incorporate open source Bl tools can capitalize
on the existing user base to participate in the ongoing development,
troubleshooting, and support. This community-driven approach can help
organizations deploy these Bl tools more effectively.

4. Metabase: An In-Depth Analysis

Metabase is an open-source business intelligence (BI) product. It uses asimple-
to-use and simple-to-install business intelligence environment to pose queries
against a data source and visualize the results as dashboards. The dashboards can
be set up to display refined visualizations that respond to theinitial request made
to the data source. Metabase can be connected to numerous data sources
including MySQL, Amazon Redshift, and SQL ite.

Metabase is supplied with a Docker image. Alternatively, users can download
Javafilesfor amanual installation on Windows, Linux, or Mac. After launching
Metabase through Docker or Java, the application can be accessed at the
http://localhost:3000/ address on the local machine. The initial setup requires
creating an administrator account and connecting Metabase to a data source.
Subsequent access does not require a username or password unless such options
are activated in the Settings [3-5]. The user interface includes an introductory
splash page that suggests governance of data, providing of answers, and
exploration as the primary functions of the platform.

Metabase

Metabase is an open-source business intelligence (Bl) product.
It uses a simple-to-use and simple-to-install business intellig-
ence environment to pose queries against a data source and

visualize the results as dashboards.

[Q Metabase ]

MySQL Amazon SQLite
Redshift
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Figl. Metabase

4.1. Features of M etabase

It is worth first considering the unique features presented Deciding which of the
listed three projects should be discussed first. Metabase has the simplest user
interface and the easiest installation and configuration [2,6]. Asit requiresonly a
simple data source (database) connection, it can be integrated quickly into
existing company infrastructure. Therefore, the analysis starts with Metabase,
followed by Apache Superset and Redash.

Installation and Configuration

Metabase has a deployment archive that can be extracted and launched across
operating systems. If Javaisinstalled, launching the M etabase server is effortless.
Alternatively, the application can be launched using Docker. Conveniently, the
deployment archive is automatically updated to the latest version. Metabase can
also be installed on Windows via its MSI installer, simplifying the database
connections process. Holding the mouse over a configuration option usually
provides additional tips. After the initial configuration, dashboards appear
immediately. Pre-aggregations are present, and the application performswell and
responds rapidly. Although there is no separate test environment, it is possible to
design complex queries and hide them until needed. Upon completing a query, a
user can save it; a dialog then offers options such as embarking on a related
guestion, adjusting alerts, adding items directly to a dashboard, starring, or
sharing.

4.2. Installation and Setup

Metabase installation can be achieved through various methods: Docker images,
command-linejava-jar, AWS Elastic Beanstalk, Heroku, or compiling the source
code [7-9]. The Docker container is available at: [Link] Upon the initia run, the
system prompts the user to configure the Metabase administrator account and
specify the URL for Metabase.

Superset configuration follows comprehensive official documentation (at: [Link]
A database is required for Superset metadata, created in MySQL during these
tests. After setting up the pre-requirements for a virtual environment, the next
step involves installing superset, initidizing the database, creating an
administrator role and account, defining an encryption key, and finally launching
the service. Launching Superset generates logs detailing the URL and login
credentials. Additionally, it is necessary to add the connections to databases
containing the information for exploitation.
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4.3. User Interface and Experience

M etabase boasts a clear, easy-to-use Ul that is mentioned in many user reviews
as one of the main reasons to choose the platform. The navigation menu clearly
lays out the options to ask a question, create dashboards, and browse data,
providing afamiliar structure.The query builder helps users describe the analysis
they want without requiring any knowledge of SQL. If needed, users can switch
to raw SQL queries by toggling the graph and notebook icons at the top of the
interface [10]. The result set can be explored with the visualization switcher
located at the top right of the query result grid. The question builder offers
multiple visualization options for understanding the data: Table, Funnel, Map,
Number, Pie, Line, Area, Bar, and Scatter. Metabase automatically provides
sample data for much of the application interface. For example, the starting page
displays Cards containing sample data, and the main interface includes sample
dashboards and collections. However, relying on sample data can complicate
usability testing.

Apache Superset boasts a modern, polished Ul that complements its extensive
features. Users can create and save charts using asimple or advanced view. Chart
visuals can be used as components on a dashboard, which supports various
layouts and contains tabs and headers [10,11]. Additional tools include a SQL
Lab for running ad hoc queries, a data-exploration interface, and an extensive
machine-learning extension library. The Ul is organized with a sidebar structure
dedicated to each type of component, such as charts, dashboards, and SQL
projects. Security roles and authentication methods offer users the flexibility to
secure the dashboards they create. Superset supports user interface tranglations
in multiple languages. For users keen on the latest Ul and visualization updates,
an ALPHA preview branch is available.

4.4. Data Visualization Capabilities

Visualization is one of the most important features of any Bl or Data Analytics
tool. Metabase provides many optionsto visualize data. Many question types are
available: Table, time series, bar chart, line chart, scatter plot, pie, number, area,
and many more[12-14]. Metabase automatically givesthe most suitable chart for
the answer. Other icon-based visualization options are also available. Metabase
dashboards adjust to the size of the screen it is opened with and users can export
guestions, dashboard data, and dashboard images.

Apache Superset has a variety of visualizations: Line, Area, Bar, Box plot,
Histogram, Pie, Sankey, Data Table, Big Number, Word Cloud, Sunburst,
Heatmap, Treemap, Bullet, Caendar Heatmap, Deck.gl.geo, Deck.gl.arc,
Deck.gl.Hex, Deck.gl.Grid, Deck.gl.Scatter, Deck.gl-Screengrid, and Time-
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series. Users can share dashboards with others and also export the data of the
chart either as CSV or excd [3,15-17]. Data of the visualizations can be
downloaded into CSV/XLS, PNG, and SV G formats. The use of the cross-filter
isviable with charts widgets.

4.5. Community and Support

Having an active community of developers-users-technology evangelists is
essential to the growth of any open source project. The Metabase community is
growing fast. Metabase’s Github site has more than 5,800 stars, on Slack there
are more than 4,300 members, and the growth rate according to StackShare is
100%. Compared with other open source BI tools, Metabase’s community health
score is one of the best. This score depends on values such as StackOverflow
guestions, Discussion forum popularity, Tag popularity, and Slack community
engagement, among others [18-20].

On the other hand, the Apache Superset project has more than 40,000 stars on
Github, and the related Superset Slack channel has more than 14,000 members.
Regarding Redash, there are more than 21,000 stars on Github and over 65,000
Slack members. While Redash was originally part of the AirBnb open source
project family, it is currently being maintained by the Databricks team.

5. Apache Superset: A Comprehensive Review

Apache Superset isapowerful businessintelligence platform capabl e of handling
data at a petabyte scale. Efficient OLAP engine-druid interaction allows many
users to explore billion-row datasets with ease. Its intuitive and interactive
interface enables users to visualize and explore data in various ways. Superset
offers advanced big data visualization capabilities through an easy-to-use
interface without requiring extensive programming knowledge. It supports a
range of complex charts and dashboards and integrates seamlessly with Druid for
real-time data visualization, augmenting Apache Kylin's capabilities.

Superset runs on Python and uses Flask as the web application framework for the
backend [21-23]. The main web server uses Gunicorn, and the SQLAlchemy
library supports all its connectors. Superset supports connections to over 30
databases, including MySQL, PostgreSQL, and Oracle.

Superset not only emits simple queries but also modifies them to suit the
underlying database by implementing features like pivoting and nesting. Its
security model, accessible from a graphical user interface, comprises
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comprehensive authentication and role-based access control capabilities.
Superset supports integration with all major authentication providers, including
OpenID, LDAP, OAuth, Google Auth, Remote User Auth, and Database Auth.
Installing Superset typicaly involves creating a Python virtual environment,
followed by installation via pip or from source.

5.1. Key Features of Apache Super set

Apache Superset (incubating) is a data exploration and visualization platform
designed for modern data teams. Its key features are: easy-to-use no-code
visualization creation; support for interactive dashboards, a visualization-
building explore view; a SQL editor for running ad hoc queries; lightweight
semantic layers for defining metrics; integration with a range of SQL-speaking
data sources; role-based access control; and an extensible architecture [9,24,25].
These features combine to provide an enterprise-ready business intelligence
solution aimed at creating dashboards that are beautiful, powerful, and
interactive.

Superset’s simple yet powerful visual design is achieved through a graphical no-
code interface that empowers any user, regardless of technical expertise or
domain, to uncover hidden insights, regardiess of data source or scale. All
components can be deployed as Docker containers, while the Superset App
Builder tool offers an integrated setup solution that installs and configures all
components automatically [26-28]. Connections with standard SQL databases
and Apache | ceberg tables, aswell asintegration with the Hive Metastore, enable
browsing of table metadata. The Grafana external authentication plugin extends
Superset’s security infrastructure, enhancing its enterprise readiness.

5.2. Installation and Configuration

Installation of Apache Superset is straightforward but diverse, supporting
deployment natively, via Docker container, or through Kubernetes helm chart.
Asalightweight Python Flask app that interfaces with SQLAIchemy, Flask App
Builder, and React, Superset is contained in a single container image [6,29-31].
However, this design also means some memory inefficiencies, such as the
inclusion of a Selenium driver driver to support screenshotting across all
deployments. The following example displays a native installation using Python
3.7+ and the recommended virtual environment. The Docker installation,
documented on the Superset Docs website, is the advised path for newcomers.

The configuration process begins with creating a new Superset user in the
Admin-User menu to avoid relying on a default administrator. Superset supports
various database connectors that easily link backend databases; these are
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managed from the Sources option in the navigation menu. Upon connecting a
source, free-form SQL run against the database can be executed in the SQL Editor
[32,33]. With some supporting metadata, it’s possible to query specific database
tables and their columns to build charts and dashboards. The app’s default
security settings permit end users to share dashboards and charts within Superset.

5.3. Dashboard Creation and M anagement

Dashboards offer a broad view, enabling the visualization of multiple metricsin
a single interface. M etabase therefore enables the creation of graph collections.
As afirst step, users define a set of visualisations. These can then be combined
arbitrarily. They are arranged on a grid layout spanning the width of the screen
in up to 8 segments, while rows are added dynamically [34-36]. The individual
elements can be resized freely by mouse drag. The default size of avisualisation
iS4 x 4 grid cells. These groupings allow the creation of overviews such as total
sales over the past year, sales grouped by region or by individual product.

The completed dashboard will find its way into everyday use — connectivity is
central to this use. Metabase supports the automatic sending of dashboards in
PDF format on arecurring schedule. This ensuresthat recipients are continuously
kept up to date by e-mail. The sharing of live dashboards is supported through
role-based user management. Access to the dashboard can also be provided via
an URL token, making it accessible to anyone [16,37-40]. Public access via
sharing URL is disabled by default, and administrators can override this setting.
The user interface elements described in the Introduction (the sidebar, top bar,
etc.) are omitted. For further embedding, an inline frame code snippet is
provided.

5.4. Security Features

Combined roles and permissions from Metabase are basic. Users can be assigned
groups, and groups can be assigned permissions on dashboards and collections.
A collection is a folder or container for dashboards or questions. Staying with
foldersor containers, Superset has a bit more granularity and refinement. Groups
can be restricted to read-only mode for certain databases and can even be
prevented from executing queriesin SQL Lab on one or more of these databases.

Redash naturally offers a good amount of functionality as well. Readers can
create, save, annotate or favorite queries for data exploration, whereas Editors
can visualize and schedule query results. Admins have full control over users,
groups and data sources.
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5.5. Integration with Other Tools

Open Source Business Intelligence (BI) tools such as Metabase, Apache
Superset, and Redash offer many features of commercial Bl solutions. Crucial
for a holistic Bl environment is their ability to integrate with other applications
for scheduling, reporting, and al erting. Customizable a erts should deliver reports
or trigger messages via users preferred channels [41-43]. Being web-based and
accessible from any internet-connected device, these platforms can be easily
incorporated into prevailing scheduling systems. Offering Application
Programming Interfaces (APIs) enables flexible scheduling through third-party
tools and broadens third-party plugin utilization.

Open Source Bl tools employ symmetrical approaches to send reports and alerts.
Liberator takesits user base astheinitial parameter; they configure their message
preferences and frequency. Fed must decide on message recipients; the tool
supports recipients in scheduling messages. Shared recipients can be maintained
in an address book, enabling configuration of messages on their behalf.
Redispatcher must specify the recipientsfor every message, with no address book
support. Symmetry crosses the fina stage, where the Regional Operator
determines message destination details and timing [44,45]. Empower has a set
community of recipients; individuals designate their channel preferences and
report periods. Messaging preferences lack central knowledge. Once the sender
designs the message and selects the audience, Publisher obtains channel details
from participants and forwards the communication accordingly.

6. Redash: Features and Functionality

Redash isacollaborative—yet free and open source—tool designed to query data
sources, visualize results, and create interactive dashboards. It offers severa
capabilities analogous to Metabase and Apache Superset. Specificaly, the
application can be deployed using Docker containers, Virtual Private Servers, or
through the Amazon Web Services (AWS) Marketplace. Its interactive user
interface provides options to construct, save, and visualize queries, and it also
supports filtering and drill-down features.

Redash supports avariety of data sources and types of queries, and each user can
work with all of their available data sources [22,30,46-48]. The querying process
includes a code editor equipped with tools for writing and testing each query.
Once created, users can save queries and share the resulting visualizations with
other members. Visualizations in Redash are flexible, enabling the creation of
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different charts based on specific needs. Complex dashboards can be organized
by assembling aset of saved queries, thereby providing acomprehensive view of
an entity.

6.1. Core Features of Redash

Redash emerged from the tech community as an open source competitor to paid
businessintelligence (BI) tools. It connects dozens of data sources allowing users
to create queries through a browser-based interface. The results of these queries
can then be shared with others, alowing organizations to make data-driven
decisions. These elementsillustrate the foundational motives behind any modern
Bl platform: democratizing access and visibility to relevant data. Redash has
been devel oped and maintained by a dedicated group of open source contributors
sinceitsinception and was acquired by Databricksin 2020 [49-51].

In addition to creating starting points of new analysis, Redash also provides a
range of ways to view and monitor query results. Charts and graphs—which are
easily created within the interface—can be shared with others as part of a
dashboard, alowing for monitoring trends of the data and helpful visualizations.
Query results can be returned at regular intervals and shared with individuals or
teams by pushing them out into email or Slack. Combined with role-based
permissions, this makes for a particularly flexible alerting system tailored to the
needs of the users and organization.

6.2. Setup and Configuration

Redash offers a hosted service on the official website, allowing usersto sign up
and gain access to many data sources immediately. However, to connect to data
sources not supported by the hosted service or for additional control and
customization, the tool must be self-hosted. Redash iswritten in Python and uses
React. Deployment is relatively straightforward, with an officially supported
Docker Compose configuration that can be used in Docker or Podman to deploy
Redash and all required components. The necessary environment variables can
be set in afile, and additional files such as certificates can be mounted in the
container [52-55]. The port 5000 is exposed and can be used directly or routed
through a Web Server Proxy like Nginx for SSL support and production use.

When the instance is freshly set up, Redash displays a landing page and allows
connections to various supported data sources. Users can write queries either in
the web page using editor shortcuts or through the visual query editor. A wide
variety of visualizations are available, enabling users to create insightful
dashboards and reports. Dashboards are shareable via share links with different
security levels—password-protected, public, or accessible only for logged-in
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users. Dashboards have full support for embedded applications and can be easily
embedded using iframes.

6.3. Querying Data Sour ces
NoSQL databases, athough supported, are not recommended because queries
require manual coding in their respective query languages. Supported NoSQL
databases include Elasticsearch, Google BigQuery, MongoDB, Apache Druid,
Snowflake, Glu, and Apache Pinot.

Query editors make sense only if the queried database is structured and suitable
for creating visual representations [23,56,57]. In nursing business intelligence,
unstructured or complex data can be challenging to extract and analyse, so high-
level visual editors can simplify the selection, filtering, and sorting of structured
data.

6.4. Visualizations and Dashboar ds

Users can sharethelink to adashboard or makeit ahome dashboard, or download
it as a file. For each visualization on the dashboard, users can inspect the
underlying data, change the visualization type, or dive deeper into the query in
the editor [58-61]. The homepage shows a collection of assets, including recently
accessed dashboards, saved queries, and users.

Apache Superset supports role-based access control with native authentication or
any authentication supported by Flask AppBuilder, such as OpenlD, LDAP,
OA.uth, or remote user authentication. Flask AppBuilder also supports granular
control of permissions, roles, and view menus.

6.5. User Collaboration Tools

Logical collaboration and easy sharing of insights and analysis results are
definitely integral components of any Bl tool, so al 3 tools provide such features
[62-64]. Metabase analyses and dashboards can be built via a simple interface
that nontechnical users can understand, making it easier to communicate the final
results through the sharing option. Asaresult, other userswho receive the natural
language questions and dashboards are certainly not required to have access to
the M etabase core product, especially to the data. The view function of Metabase
further alows other analysts or users to explore the query, change the data
aggregations, filter the data, and use it as the source for another question, aslong
as the question creator has granted the permission to do so.

Metabase facilitates team collaboration by sharing data insights through public
and private links, embedding dashboards in public websites, and organizing
dashboard collections. Restricted share links offer precise authorization control
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to ensure secure data distribution. Additionally, Metabase features Slack
integration to enable users to receive real-time aerts on specific metrics and a
subscription functionality to schedule regular email updates. Apache Superset is
also efficient for team collaboration; its charts and dashboards can be set as public
or private and shared with specific users or groups. Organizations can use the
native roles and permissions authentication system or easily integrate Superset
with an existing authentication provider over OpenlD Connect, LDAP, OAuth,
REMOTE_USER, or database. The embedding capabilities enhance data
distribution. Redash provides collaboration by allowing users to create
personalized dashboards with el ementsfrom any query. Users can schedule email
reports for their dashboards and subscribe to Slack notifications for query aerts.

7. Comparative Analysis of Metabase, Apache
Super set, and Redash

An exploration of Metabase, Apache Superset, and Redash reveals that al three
form a popular class of open source business intelligence and analytics software.
Metabase is distinguished by its automated business analytics and dashboarding
support, Apache Superset isamodern data exploration and visualization platform
designed for scalability, and Redash is a lightweight web-based platform for
guerying and visualizing data. Each has a vibrant community and backing from
active companies, with offerings available in SaaS and self-hosted forms.

Thearrival of the age of datahas propelled businessintelligence into the spotlight
[1,65,66]. Organizations collect, store, and process enormous quantities of data
from a multitude of internal and external sources. These large datasets need to be
reduced to actionable information, ideas, and reports, which can then inform
strategic business decisions. To satisfy increasing needs and growing budgets, a
corresponding number of business intelligence solutions have emerged and
continue to evolve. For users who do not want to be locked into proprietary
platforms, Metabase, Apache Superset, and Redash form a powerful cluster of
open-source alternatives.

7.1. Feature Comparison

Metabase, Apache Superset, and Redash represent a subset of open-source

business intelligence tools. Metabase stands out for enabling ad hoc and deep

analysis through a simple interface designed to facilitate exploration by all

business users, offers detailed analysis capabilities beyond its simplicity, and

includes scheduling and sharing of updates. Apache Superset targets professional
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data engineers and data scientists interested in creating comprehensive
dashboards. Redash caters to a wide audience by combining ease of launch,
scalability, stability, and support for diverse visualization types.

The appeal and growing interest in open source Bl stem from the cost-free nature
of the software, the large community of developers refining code and resolving
errors, and the ability to tailor the tool to specific business needs. Metabase,
Apache Superset, and Redash collectively exemplify these characteristics, and
their common features warrant closer examination. Open source business
intelligence, often abbreviated as open source Bl, describes software packages
that analyse and visualize data contained within an organization and are
distributed under an open source licence or released as free software [67-70]. The
term generally excludes open data sources provided by companies and
governments.

7.2. Performance Evaluation

Business intelligence (Bl) enables organizations to collect, store, analyse, and
present data for decision-making. The review eval uates the performance of three
Bl tools—Metabase, Apache Superset, and Redash—using testing tools like
JMeter and browser developer tools to measure response times for various
gueries and dashboards. The tests are conducted in virtualized environments,
analyzing CPU, memory, and network demand.

Performance tests comprise two categories. simple and complex queries executed
via the UX interface, and dashboard loading tests. Although these evaluations
provide useful benchmarks, real -world implementation timestypically depend on
guery complexity, volume, and infrastructure provisioning.

7.3. User Experience Comparison

Business-intelligence tools have come into the spotlight because of their
relevance during the COVID-19 pandemic, when al companies—all
industries—need to use data to guide their decisions and deal with problems
caused by the pandemic [71-73]. Because there are many Business Intelligence
platforms, datausers must select the best platform for their needs. There are many
options such as. Metabase, Apache Superset, and Redash.

Open-source business-intelligence tools allow companies to establish a quicker
business-intelligence process with great visualization. Users must master the
SQL language in order to run one of these features. However, Metabase accepts
answers without SQL language; it can use language-mode functions.
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7.4. Community and Documentation

Quality documentation and a helpful community are critical for any
contemporary open source business intelligence platform, especially for getting
new users quickly up to speed and for overcoming advanced difficulties. Each
platform integrates a broad spectrum of documentation resources, including
detailed user manuals, installation guides, feature tutorials, and troubleshooting
articles. Metabase’s documentation is structured around key concepts and guides
for the most common use cases, and the dedicated " Ask the Community"” forum
provides a productive space for inquiries and discussions. Superset’s
documentation covers ingtallation, feature walkthroughs, architecture,
development, and security. The Superset Google Groups mailing list and the
#superset channel in the Apache Slack workspace enable real-time
communication and support. Redash's documentation includes information on
community edition deployment and configuration, along with guidance for
hosted Redash services. Communication channels encompass a forum, mailing
list, chat platform, and support website, fostering a vibrant user network [35-74-
76]. Despite these provisions, all three communities recognize the value of
additional tutorials, videos, and exampl e queries and dashboards, especially those
contributed by users with domain-specific expertise and well-documented
subqueries.

Between M etabase, Superset, and Redash, the available documentation resources
cover virtually every scenario, and dedicated Slack channels and community
hubs generate rapid responses to challenging queries. Additional contributions of
well-documented queries, dashboards, tutorials, and use case videos would
enhance the knowledge bases and facilitate quicker onboarding and more
effective use. Such additions, particularly those offering domain-specific
expertise and thoroughly explained subqueries, would strengthen these evolving
ecosystems.

8. Use Casesfor Open-Source Bl Tools

Open-source business intelligence (BI) tools enrich operations across industries.
Drivers of adoption include cost control via zero license fees, swift project
initiation and realization, smooth scalability for growing data, high feature parity
with commercia tools, and robust support from enterprise software providers.
M etabase and Redash typify the easy-to-handle category; Apache Superset aligns
with the
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9. Challenges of I mplementing Open Sour ce Bl

The use of open source business intelligence (BI) tools presents significant
advantages for organizations seeking to make effective use of their data. By
closely examining the challenges associated with the implementation and
operation of Metabase, Apache Superset, and Redash, it is possible to obtain a
clear picture of what an organization can expect when opting to deploy one of
these tools in-house. These obstacles encompass a range of factors related to
installation, administration, user roles and permissions, visualizations, geospatial
capabilities, public sharing, embedded analytics, willingess to contribute, and
community support [52,77-79].

Installing an open source tool may appear relatively straightforward to a software
developer, yet many individual s within business units lack the necessary skillsto
complete the process unaided. Satisfying specific business requirements can
prove difficult when organizations are heavily dependent on hosting providers or
managed, trusted partners. An internal open source implementation demands
alignment between the involved community and an organization's environment
and policies. Despite accessibility from afinancial perspective, open sourcetools
require sufficient human resources for upkeep and development. Organizations
that aspire to benefit from the freedom and flexibility of open source software
will ultimately either contribute themselves or pay a company to do so.

10. Future Trendsin Open Sour ce B

Three open source Bl tools—Metabase, Apache Superset, and Redash—have
substantial user communities. Combining the advantages of these and other open
source Bl tools creates checkpoints for commercial products. At the same time,
new ways to broaden their functionalities and refine their experiences shape the
self-service trend of businessintelligence.

Organizational data volume continues to grow, encouraging the integration of
machine learning and Al into the open-source Bl arena. Large data repositories
require new facilities that allow effective analysis on large-scale data at an
affordable cost. Soon, several trends identified in the commercial business-
intelligence landscape will become the hotspots of development in the open
source Bl landscape. The integration of artificial intelligence, the investigation
of organizational data volume, and the promotion of collaboration among users
arethree identified future trends.
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11. Best Practicesfor Choosing a Bl Tool

Business Intelligence (BI) systems revolve around building various types of
reports—simple table reports, pivot tables, graphical reports, and dashboards—
in which the dashboard is at the heart. Starting from a dashboard, other reports
also need to be created. On the other hand, Bl systems need to support seamless
access to multiple data sources, ranging from SQL databases, NoSQL sources,
Google Analytics, Hadoop, Salesforce, Teradata, and other systems, regardless
of data owning organizations, including metrics, transactions, account, customer
behavioural, and product usage data within a company.

A Bl tool must support various ways to build dashboards and reports with
minimal effort, such as lookup operations, filters, grouping, SQL query
generation, writing SQL queries, and importing reports uploaded from Excel.
There are two ways to choose an open source Bl tool: (1) identifying the best
open source Bl tool through a meta-analysis based on online Bl research articles,
regquirements, and evaluation reports of open source Bl tools as reference; or (2)
selecting the best open source Bl tool by considering the unique requirements of
the current Bl system development. The latter approach is discussed in more
detail in relation to three popular open source Bl tools. Metabase, Apache
Superset, and Redash.

12. Case Studies of Successful | mplementations

Open source business intelligence plays an essentia role in growing
organizations and expanding businesses. Dashboarding self-service tools such as
Superset, Metabase, and Redash enable companies across every industry to
deliver insightsin atimely fashion. Metabase is one of the most widely used data
analytics and visualization tools. Metabase offers a powerful yet easy-to-use
interface. It connects with most popular databases and requires zero knowledge
of SQL. Asan open-sourcetool, it supports awide community of usersand offers
a rich ecosystem of product extensions and add-ons. Superset is a modern,
enterprise-ready business intelligence web application. It offers a simple
interface that allows users to explore and visualize their data, quickly creating
and sharing interactive dashboards. It can replace or augment proprietary
business intelligence tools for many people. It offers rich support for visualizing
time series, geospatial charts, and more. Administrators can monitor the
performance of queriesrunning against all the connected data sourcesto optimize
the dashboards and visualize the usage.
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When selecting a businessintelligence and visuali zation tool for an organi zation,
it must provide an excellent selection of visualizations. It has to encompass the
ability to execute raw queries and compose visudizations by seamlessly
connecting with the database [78-80]. It supports a subset of commonly used
databases, connects with custom functions, alows different authentication
mechanisms, and offers advanced sharing or collaboration functions. Once
visualization is complete, fast queries with a CSV report and scheduled alerting
functions are now part of the decision-making processes. Redash is an open-
source web application for querying databases, cresting visualizations, and
sharing dashboards. The easiest way to describe it is a user interface for data
Redash supports native anaytics and data visualization in a similar way to
Tableau or Looker. It is a PoC tool for building internal visualizations and
dashboards. It supports scheduled queries, aquery editor, interactive dashboards,
and many other features.

13. Conclusion

Open source business intelligence tools M etabase, Apache Superset, and Redash
have introduced powerful, flexible capabilities at a fraction of the price of
traditional commercial platforms. They incorporate visual dashboards, charts,
and graphs— elements characteristic of most modern Bl tools. Combining cloud
hosting with open source licensing has supported scalable analytics solutions
serving thousands of users across organizations. Driven by active communities,
these platforms continue to deliver new features, establish advanced scalability,
and attract users wanting straightforward yet robust insights. Providing
accessible Bl tools for a broad audience enables the data-driven culture, ethos,
and rigor that are increasingly important for organizationsin all sectors.

Business intelligence (Bl) altogether represents a large, growing industry of
software vendors, with recent forecasts suggesting add-on services could
compose a $35 billion annual market. Most current tool offerings optimize
presentation by converting query outputs into visual representations designed to
inform management or guide analysis. Business intelligence, aso known as
global performance indicators, includes internal transaction and project
management data as well as external market, industry, or price data. Coherent
presentation of select indicator groups can provide afull view of overall progress
toward strategic objectives. Typicaly, ahandful of key indicators fulfilling these
criteria come to dominate the graphical user interface.
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1. Introduction

Business intelligence (BI) refers to the use of techniques and tools to transform
business data into meaningful information for making effective business
decisions. Bl serves as a bridge between raw data and decision support systems,
with  applications spanning retail, hedthcare, financial  services,
telecommunications, and manufacturing. The rapid growth in data generated by
operational and transactional systems has accelerated the development and
adoption of advanced Bl techniques aimed at efficient data handling and
information extraction. Moreover, in an era characterized by highly competitive
and turbulent market conditions, organizations face significant challenges in
extracting valuable information to provide outstanding products and services.
Business Intelligence emerged to address these challenges, aiding in unlocking
the potentia of organizational data for informed decision-making.

Degpite its relatively recent introduction, Bl has become an important concern
for many businesses. It encompasses virtually al business money and supports
all aspects of internal business processes and functions. The increasing need for
Bl stemsfrom therapid exponential growth toward e-commerce, which generates
a huge amount of data related to products, customers, order labels, payment
processes, and delivery. The tremendous growth rate of unmanaged and
unstructured data—commonly referred to as "dark data’—within corporate
systemsis pushing organizations to leverage the power of Bl and data warehouse
solutions to enhance business analysis and customer relationships.
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2. Overview of Business I ntelligence

Theterm businessintelligence (Bl) most commonly refersto tools and processes
used to gather, provide access to, and analyze data and information about
company operations[1-3]. Thegoal isto support better business decision making.
Any fact-based support for business decision-making can be considered business
intelligence. Companies around the world invest in business intelligence to help
them compete more effectively, better satisfy customers, and boost profitability.
There is no single, precise, and universally accepted definition of business
intelligence, and so the list of processes and applications enabled by Bl varies
from one source to another. However, it is safe to say that Bl was, at least until
recently, largely about managing enterprise information, with a focus on
extracting patterns and trends from large sets of data. Combined with the ability
to efficiently locate information inside an enterprise, the ability to identify past
patterns and trends enables business users to understand and respond faster than
before to changing business conditions.

Theterm businessintelligence appeared again in 1958 in an IBM System Journal
article written by Hans Peter Luhn entitled A Business Intelligence System. In
this article, Luhn described the concept as follows: "Business Intelligence is the
ability to apprehend the interrelationships of presented facts in such away as to
guide action towards a desired goa." In the 1980s, the term was popularized by
Howard Dresner, now CTO at Hyperion Solutions. In 1989, Gartner Group
introduced their report Business Intelligence: Competitors in the Warehouse
Market, describing the various processes and structures involved in helping
companies use information to better manage operations and make decisions.

2.1. Definition and Importance

In 1958, IBM defined business intelligence (BI) as “the ability to apprehend the
interrelationships of presented facts in such a way as to guide action towards a
desired goal.” Over the years, intelligence has been all-encompassing, and
intelligence has been developed for distinction in various areas such as military,
government, meteorology, agriculture, transport, weather forecasting, and crime
prevention. However, this chapter focuses on business intelligence for different
businesses. Business intelligence is considered as a firm asset using data to
understand the market and customer needs and providing the data and
information to the correct person in the organization at the right time and place.

Furthermore, Bl isthe ability to perform the analysis of information that has been
collected for decision making, thereby managing the business effectively. The
application of the correct Bl tools and technigques to various sectors provides
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knowledge that aids the development of the economy. Business intelligence is
disclosed as good quality information management, which is accurate, ssmple,
rapidly accessible, and pertinent [2]. The demand for Bl is constantly growing
throughout the world to support business devel opment and expansion. Therefore,
the actual applications of Bl tools and techniques in retail, healthcare, financial
services, manufacturing, and telecommunication are crucial to understanding the
efficiency of Bl in practica existence as implemented in various other real
commercial sectors.

2.2. History and Evolution

Business intelligence (Bl) deals with connecting the right data with the right
people at the right time to support better decision making and improve business
performance. The term also refers to a specific set of business analysis related
technologies and practices. As businesses have become increasingly competitive
and challenges have grown in all areas, the need to provide decision makers with
the information they need to steer the business becomes even clearer [2,4,5].
Business Intelligence can provide business critical information and enables
organisations to take informed business decisions and compete successfully.

Decision Support isan areawithin Management and Information Sciences, which
is dedicated to supporting business decision making, often using modelling
technology. Decision Support Systems focus on providing support for more
complex decision making and business modelling. The concept of Decision
Support, involved in providing support and intelligent analysis for more complex
processes and modelling lies at the heart of Business Intelligence [6-8]. As the
terminology has evolved and the number of tools increased, therefore, the term
Decision Support changes to Business Intelligence. Business Intelligence is the
art of managing, manipulating and displaying data and information associated
with the data in ways that provides useful business information. Business
Intelligence is not a new concept. Indeed Business Intelligence has been
discussed in academic literature since the 1950s. Howard Dresner of Gartner
popularised the term.”

3. Business I ntelligence Tools and Technologies

Business intelligence (BI) combines data warehousing, analytical processing,
data mining, reporting, and monitoring technologies that help users possess an
intimate knowledge of the customer's experience on one product or service and
gain insights into the particular business process. Modern Bl tools provide
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historical, current, and predictive views of operations. Common functions of Bl
technologies are reporting, online analytical processing, analytics, data mining,
process mining, complex event processing, business performance management,
benchmarking, text mining, predictive analytics, and prescriptive analytics.
These functions can be used in various sectors, including retail, healthcare,
financial services, telecommunications, and manufacturing.

The transformation of data to information always requires both the tools as well
as the appropriate technology. There are three main forms of business
intelligence systems: tools, applications, and practices [9,10]. Systems represent
the various levels of development of all the above, which can be divided into the
results of support, the form of data needed for BI, the technological background
a the data warehouse level, the methods of data collection, and the users
necessary for Bl programs (Dawson, 2016). Business Intelligence in practice is
realized through digital universe growth, the use of operationa information to
support user services, increased flexibility in using information, the growing
importance of Business Intelligence Solutions, new features of applications
supporting decision-making (Intelisale.com, 2017). Basic Business Intelligence
tools include data warehouses, operational data stores, data marts, information
brokers, and metadata.

3.1. Data Warehousing

Data warehousing comprises the first step of a business intelligence solution,
helping consolidate data from various sources and transform it into convenient
formats for analysis. The subsequent stages involve analysing the consolidated
data and visualizing the results. Severa techniques, such as data cleaning, data
consolidation, data integration, data aggregation, and data cataloguing, are
employed during the data warehousing process.

In the retail sector, for example, companies maintain huge customer bases and
frequently require information about customers purchase behaviours and
patterns. Stores that issue credit cards often provide cash discounts to loyal
customers and generate reports based on the number of visits. The warehousing
system can provide reports about different sections of customers, allowing
discount offers to be made accordingly. Besides helping with customer data,
business intelligence in retail store chains can be utilized for inventory
management, sales forecasting, and merchandise scheduling.

3.2. Data Mining Techniques
Data mining, an important component of business intelligence, is the process of
anaysing data from different perspectives and summarising it into useful
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information. Pattern discovery in data mining provides users with useful
information in an undirected manner. It allows users to discover information that
isnot readily evident in the database neither through direct query nor using OLAP
tools. Pattern discovery is aso called knowledge discovery in database,
exploratory data mining and data dredging[11-13]. It is often used to discern
patterns in business such as what customers buy, why customers leave the
banking service etc. Classification assigns items in a collection to target
categories or classes. The goal of classification isto accurately predict the target
class for each case in the data. Prediction strives to construct models for the
future. Clustering is a technique which divides data into meaningful or useful
groups or clusters. Outlier analysis is the mining for data records that do not
comply with the general behaviour or model.

Applications of data mining can be found in almost every aspect of our lives such
as marketing, banking, manufacturing, telecommunications and so on. The
businesses are away's seeking opportunitiesto extract useful knowledge from the
databases for the purpose of decision making, market analysis, predicting trends
and behaviour and cutting costs. Datamining can a so be used for fraud detection,
customer buying behaviour analysis, employee performance analysis, customer
churn analysis.

3.3. Visualization Tools

Visualization Tools business intelligence application is used to present data to
support decision-making. Data visualization tools are not new but the rapid
progress in areas like client-server technology, Object-Oriented development,
OLAP, Mobile & Wireless computing, and the Internet has increased
Visualization Tool capabilities. As aresult, there is a renewed interest in these
tools[2,14-17]. Themain goal of thesetools remains unchanged — facilitate user
understanding and interpretation of information by presenting it in the most
appropriate form—in short, the visualization of information.

Visualization Tools are used to present data to support decision-making. These
tools, athough longstanding, have evolved alongside technological advances
such as client-server computing, object-oriented development, online analytical
processing (OLAP), mobile and wireless computing, and the Internet. These
developments have expanded the capabilities of visualization tools, renewing
interest in their use. Despite these changes, the fundamental objective of
visuadlization tools remains constant: to enhance comprehension and
interpretation by presenting information in its most effective visual form.
Visualization is particularly valuable in representing complex data relationships
and structure, providing intuitive overviews of large-scale data, and supporting
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strategi ¢ decision-making through charitabl e representations of growth and trend
anaysis.
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Fig 1. Visualization Tools

4. Applicationsin Retail Sector

When utilizing business intelligence within retail operations, data mining
techniques can effectively support decision-making processes. Dynamic reports
can assist in areas such as customer behaviour analyses, product and service
response evaluations, benchmarking between sales periods, and sales forecast
estimations [9,18-21]. Additional factors influencing a retailer's success—like
efficient inventory control and management—can also be addressed with the help

of businessintelligence data mining tools.
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The healthcare industry can benefit from businessintelligence tools by analysing
vast quantities of patients data, enabling cost reductions, improved service
guality, and the management of disease outbreaks. Complex reports are crucial
for hospitals and other healthcare institutions as they drill down through clinical
data to discover the root causes of events. Business intelligence focuses on
providing a 360-degree view of patient journey activities in near-real time.
Advanced capabilities might include logistics support and resource alocation
management, as well as additional facets that enable healthcare organizations to
easily analyse historical data and predictive models to discover insights about
patients and diseases.

4.1. Customer Behaviour Analysis

The analysis of the behaviour, desires, and needs of customers, as part of
marketing management, poses a considerabl e challenge for marketing specialists.
Detailed knowledge of consumer needs facilitates the promotion of specific
product categories [22,23]. Market basket analysis support programs answer
ancillary questions, such as: Which products are most often purchased together?
Which customers generaly buy specific products? Which products guarantee
high revenue? Which customers purchase products prone to overstocking? This
relates to, for example, related products (bread and butter), products with
increased risk of overstocking (milk), or the association of overstocking with
other products.

In the context of the retail sector, the analysis of customer behavior is crucial.
Numerous products are mediocre, regardless of their contents for the customer;
if the price is too high, customers evade, and competitors obtain their money.
Consequently, the customer will not demand an excellent product to satisfy their
needs better. The marketing-and business-intelligence departments of retail
organizations support proper relationshipswith customers by analyzing customer
shopping habits. This information guides employees in designing and investing
in effective sales.

4.2. Inventory Management

Inventory management is a business function for maintaining a specified level of
stocks on hand to meet demand of the customers. Managing inventory is a very
critical aspect for companies as the ordered inventory and applied stocks should
be perfect [24-26]. Both over population and under population invasive inventory
mistakes which a company need to be alert. Over population of inventory can
result in large inventory carrying cost which includes maintenance, taxation,
insurance, handling, fear of damage, expiration etc. Stock-out condition leads to

163



scarcity of materials which directly affects the customer response time for
delivery of product.

Inventory is an asset and the flow of inventory affects the representation of
financial status of the company. Inventory turnover is generally calculated to
estimate the number of times the inventory was converted into salesrevenuein a
period. For better analysis of inventory turnover, the estimation should be in
monthly basis rather than yearly basis.

4.3. Sales Forecasting

Sales forecasting enables organizations to predict future demand for their
products and services. This process heavily relies on historical data related to
sales, stock levels, and the outcomes of various promotions and campaigns
[27,28]. Accurate sales predictions are fundamental in formulating business plans
that supply the necessary products and servicesin expected quantities. Moreover,
organizations can precisely estimate product prices to secure higher profits.
Business Intelligence tool s employ Data Mining techniquesto extract meaningful
information that aids in analyzing historical data and, consequently, making
accurate sales forecasts.

Forecasts generated through such methods inform decisions regarding product
pricing, campaign execution, promotion strategies, discount offerings, and
budget planning, all aimed at optimizing salesvolumes. Nearly every governance
and decision-making unit within an organization depends on a dependable sales
forecast to manage financial planning and inventory distribution in an efficient
and profitable manner.

5. Applicationsin Healthcar e Sector

In the healthcare sector, where business intelligence services are consistently on
demand, the primary focusis on anayzing patient-related data. Such analysis not
only enhances patient care but also provides invaluable insights to suppliers and
hospital superintendents. Particularly compelling are Bl tools that can predict
medical conditions and recommend personalized treatments [19,29-31]. Western
hospitals, in the quest for improved patient experiences and effective marketing
research, have increasingly turned to the continent-oriented healthcare system.
Various Bl tools are currently deployed in this arena, including data warehouse
models that feature complementary OL AP components.
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The application of data mining techniques in hedthcare service analysis is
gaining momentum. For example, clinical data mining enables researchers to
formulate hypotheses regarding the causes of specific disease occurrences.
Additionally, data mining methods are valuable for optimizing health services
within hospitals.

5.1. Patient Data Analysis

In a hospital, the patient’s data is analyzed using pattern-extraction techniques.
This analysis takes into account the gender, ethnic origin, and age group of the
patient to predict the regions that have ahigh number of patients with a particular
kind of illness. This information becomes indispensable in making the hospital’s
required arrangements for equipment, beds, staff, and training within that region
[32,33]. Healthcare can be greatly improved through better understanding of
patient requirements. With patient behavioral data, a pharmacy can engage in
effective marketing strategies, while hospitals can talor their services
intelligently for patients, and insurance companies can provide informed plansto
patients.

When analyzing patient data, recommendations can be madein several key areas,
including (i) Medica—predicting the future age group of a patient, suggesting a
healthy diet, personal health analysis, and better treatment; (ii) Organizational—
detecting diseases affecting large numbers of people in a particular area,
suggesting the planning of training programs or awareness camps to avoid the
spread of the disease, and managing inventories of medicines, bed strength, and
other related activities; and (iii) Financial—predictions related to insurance
purchases, offering effective insurance packages, and insurance risk evaluation.
Additionally, these predictions can be employed in the development of new
medicines by the pharmaceutical industry.

5.2. Operationa Efficiency
The operationa efficiency of an organization can be significantly improved
through Business Intelligence techniques. In current competitive scenarios,
organizations are striving hard to curtail wastage, reduce cost, and enhance
productivity [34-36]. The present environment demands that the organizations
react faster in order processing and delivery to reduce thelead time. The decisions
necessary to manage the short cycle time depend a lot on the dynamism in
operational functions and also on the accuracy in demand forecasting. Business
Intelligence tools hel p the organization in adequately addressing the dynamics of
operational functions by extremely analyzing the operational activities and the
relationships with the other functions. The demand forecasting process aso
becomes precise and helps the organizations to be ready always in the supply
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chain to avoid wastage of perishable goods and avoid the inventory pile-up in the
case of durable goods.

5.3. Predictive Analytics in Treatment

The rapid increase in the volume of medica data generated in hospitals—
including computerized case notes, online appointment records, and transactional
and billing data—makes it difficult to provide more effective treatments without
the application of advanced Business Intelligence (Bl) techniques [37-40]. By
applying Bl methods to these complex sources, patients may receive medical care
more quickly and with higher quality.

Predictive analytics uses Bl technologies to detect the movement of people,
whether patients or staff. Associative data mining techniques applied to ad hoc
medical databrochures can revea significant relationships. Feature detection and
tumor analysisare classical Bl techniques applicableto medical imagery. Disease
prediction can be achieved by detecting relevant symptoms quickly. Process
mining applied to hospital resource management is used for bed planning,
emergency assessment, and resource KPIs. Predictive analysis techniques can
also be employed to foresee future disease patterns. This enables timely
preparation for new disease outbreaks and facilitates early preventive measures,
thereby reducing the occurrence.

6. Applicationsin Financial Services

Financial services have been garnering considerabl e attention because of therisks
on both sides of the financial spectrum. Business intelligence drives risk
management functions in banks and financia institutions. An integrated data
warehouse provides arepository for all datarelating to customer transactions and
business performance. This uses a wide range of data mining techniques to
generate information for al decision-makers in distributing capital to the
appropriate areas of business and controls the process by containing and
identifying all types of risksthat afinancial institution faces, including credit risk
and market risk [41-43].

Not all risks are associated with adversity; the bank manager also wants to
understand the current position of the bank in terms of market growth and
customer acquisition in different areas. In the current account opening area, the
bank manager can obtain information from the busi nessintelligence system about
the market in terms of customer acquisition and distribution geography. Another
area affected by risks entering the market is the branch of abank itself, where Bl
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provides a measure of risk associated with the opening of new branch offices.
The financia institution is also interested in predicting the effect of investments
undertaken. Another area where business intelligence is used frequently is in
operational risk. Business intelligence helps the bank manager in throughput
prediction, address verification, ateration verification, and so on.

6.1. Risk Management

Thefinancial services sector greatly benefits from businessintelligence (Bl) asit
serves companies that provide insurance or actively manage money held in
investments such as mutual funds, pensions, and hedge funds. A company that
offers business intelligence consulting services can help achieve operational
efficiencies and facilitate the use of valuable customer information.

The principal objective of Bl is to provide consistent information that supports
risk management in the financial sector and in any business environment. Many
companies still use legacy systems for their business intelligence processes,
which restricts the type of information that can be extracted. These systems
gather information from various lines of business and combine it into a unified
view of the company [28,44-47]. Data for this process is drawn from multiple
sources such as manufacturing, distribution, retail, marketing, and finance. Each
source may reside in a different type of system—for instance, data might
originate from an enterprise resource planning system, enterprise data sources, or
customer information databases. Different systems and user types require
information designed specifically for their needs.

6.2. Fraud Detection

Fraudulent activities in various domains such as banking, credit card services,
health insurance, telecommunication, and the internet make the area of fraud
detection and fraud prevention one of the most crucial requirements. Fraud
detection is the process of identifying whether customers have committed fraud
[48,49]. Fraud detectionisavery difficult task due to the multifaceted and hidden
nature of customer behavior, making explicit assessment challenging with the
help of business knowledge and simple models.

Therefore, data mining methods are employed to detect fraud instead of a
traditional approach that relies upon human expertise. Common fraud detection
techniques are Artificial Neural Network, Support Vector Machine, Genetic
Algorithm, Decision Tree Analysis, Clustering, and Hybrid techniques[3,50-52].
Banking is one of the fastest-growing services worldwide, with every bank trying
to maintain its business information to provide accurate service. However,
malicious attacks on data are seen very frequently. Fraudulent transactions may
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occur due to these malicious attacks. Data mining technigques are used to analyze
the data stored by the banking services to detect fraudulent transactions. Credit
card fraud is an unruly transaction made by any unknown user using a credit card
of thebank. Datalike Customer Name, Transaction, and VisaType are examined.
Data mining techniques are used to detect fraudulent transactions and help in
analyzing the behaviour of the clients of abank.

6.3. Customer Segmentation

The financial services sectors use business intelligence (Bl) to analyze their
customers’ needs and to develop customer value management (CVM) programs.
Customer Segmentation is a type of CVM program, which is essential to any
business [53-57]. Businesses can use Bl on customer segmentation to develop
specific strategies for their key customers, a strategy for developing customer
loyalty and for acquisition of more customers.

Business Intelligence can be applied to an individual customer, either existing
customers or a potential customer. Customer profiling enables financial service
companies to know the characteristics of their product-holders and non-product
holders. Thisinformation can be used for the retention of product-holdersand the
acquisition of non-product holders. Customer behavior analytical shareholders
enables the financial services companies to know customers’ transaction
behavior for aspecific product. Thisinformation can be used to control the fraud
and the unauthorized transactions.

7. Applicationsin Manufacturing

The application of business intelligence (BI) in manufacturing sectors can bring
sensitivity to al levels of decision making in the organizations. Based on the
analysis of manufacturing aspects that need Bl support through the value chain,
the support can be mainly towards supply chain, quality control and production
[58,59]. The application of Bl within the manufacturing industry is aso
supported by many e-Bl vendors such as SAP, Oracle, IBM, MicroStrategy and
Cognos. One example of business intelligence support and operational
monitoring within the manufacturing industry is at Southern Morning Herald Ltd
(SMHL), acompany in the print and publishing propagandaindustry. SMHL uses
Business intelligence for anayzing operational performance by monitoring,
reacting and exploring daily performance within the factory. The userswithin the
production environment can, through the supply chain domain, perform
operational monitoring to ensure that production runs smoothly at all times.
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Production control domain supports the production regarding production
statistics while the quality control domain facilitates the checking of the
production quality of the operation on adaily basis[60,61].

In addition to the support in the supply chain, quality control and production
aspects, business intelligence can also provide some level of predictive analysis.”
Prediction of the possible maintenance failures can reduce cost in operation as
the unscheduled maintenance will not disturb the production schedule. The call
for tenders for preventive, repair and overhaul contracts can be proposed by
taking contents of the possible maintenance prediction. Prediction of product
failure can reduce service volume and reduce maintenance cost through
reengineering the product configuration. Finally, analytical prediction model can
deeply support service center such as management of spare request given the
provided tenders for spare parts. The application of the other business
intelligence aspects in manufacturing is the support through the production
control. Monitoring the production control aspect can lead to reduce delays in
deliveries because it allows better process control and faster response.

7.1. Supply Chain Optimization

The modern business environment is dynamic and chalenging, with
organizations confronted by escalating costs, leaner margins and resources, and
growing customer demands for high-quality products and services at competitive
prices. Supply chain management (SCM) aims to respond effectively to these
pressures by optimizing the sourcing of materials, warehousing, distribution, and
delivery to end customers. This optimization relies heavily on efficient
management of information flows and communication among the major players
in the value chain. The need for systems and technology capable of predicting
potential disruptions and mitigating risks is therefore paramount.

Business intelligence (BI) is particularly suitable in this context due to its data-
driven methodology for improving decision-making and capitalizing on business
opportunities. The entire business process benefits from insights uncovered
through BI [62-64]. These insights facilitate the establishment of reasonable
arrangements between buyers and suppliers, enable the detection of potential
disruptions in the supply chain, and help identify competitive brands that might
influence market dynamics. Additionaly, they provide advanced alerts about
likely future scenarios within the supply chain. "Sleepy stores,” which can have
an adverse impact on the retailer—supplier relationship and affect other business
functions, are aconcern, as are fast-selling stores that could lead to stockouts and
unsatisfied customers. The supply chain process encompasses all related steps
from supplier selection to end-customer delivery. During the sourcing of raw
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materias, the aim is to negotiate prices and delivery timesin away that ensures
material availability at the right time and place, while optimizing costs.

7.2. Quality Control

Thefirst step in analysis is the identification of the key problem: Which laymen
are in the right place but who to the wrong, so also the correct location of
materials in the wrong place it is necessary to discover. Due to the deeps of
management, it is difficult to keep the system correct and more systematically.
The manufacturing sector requires a great volume of resources. If the
management of resources is not accurate, then it may lead to depression of the
industry indeed. The application of Bl tools effectively resolves the problem
mentioned earlier.

Because every industry is supplied with alarge number of raw resources, which
are responsible for the production of the finished product. Resources are
appropriately managed with the help of the business intelligence tools. The
transformation of businessintelligence and advanced information technology can
assure that every customer inquiry turns in more wealth, business, and loyal
relationship with customer [65-67]. Bl has shown intraclass correlation and
average scoring, which leads to the better customer loyalty. Customer loyalty is
achieved by companies through long-term business relations, which are
interoperable and reliable. With the help of BSI, regardless of how the conditions
change overtime, it has been hypothesized that for better resource utilization, an
organization should have enough market orientation.

7.3. Production Efficiency

The quality of businessintelligenceisan essential point for production efficiency
in some cases, since business intelligence can predict major disasters in
production such as quality of the product or defect rate of the product goes outside
of acceptable yield. Business intelligence aso can recognize the causes of
problems. Armstrong World Industries is an example of such applications [68-
70]. Utilizing TIBCO Spotfire, Armstrong creates a knock-out visualization tool
to monitor industrial data and clarify production gaps before beginning new
production, which decreases unexpected factors and defects of products. They
claim that by using thistool, they achieveincrease productivity, yield and quality
with real-time insights.

In case of supply chain management area, business intelligence has been
improving supply chainin terms of cost, delivery, quality and productivity. DHL
Supply Chain and GT Nexus benefits from Spotfire Visual Analytics. These
companies applied TIBCO Spotfire to their portfolio of services and productsin
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order to provide shipment intelligence. It is possible to find production efficiency
thereafter. For example, DHL Supply Chain provides an aert for the unexpected
event, so the whole company can take action at the right moment.

8. Applicationsin Telecommunications

Information technology has led to the convergence of data, voice, and video
services for the telecommunication industry. Modern telecommunication
companies operate in a highly dynamic environment due to changing customer
needs, increasing competition, and rapid technological changes. This dynamism
necessitates adequate information for decision-making and responsive
management. Business Intelligence (Bl) methods are being widely adopted with
the aim of acquiring a competitive advantage or improving the company’s
competitive position.

Customer and revenue growth have been the main areas of focus for many
telecom companies during the past decade. Nevertheless, organizations have
faced many difficultiesin growing revenues through new customers. Companies
fall to strategicaly analyze customers’ characteristics and needs, and pinpoint
which customers are more valuable or at risk [55,71-73]. The telecommunication
marketing managers lack a grounded appreciation of customers’ tastes and
preferences. The development of a customer attrition model, based on company
and market information, is necessary to understand customer preferences and
structure successful retention campaigns. Churn rate analysis in the telecom
sector isvital for identifying customer segments and addressing turnover causes.
Turnover prediction is akey factor in managing customer attrition.

8.1. Churn Prediction

Telecommunications is one of the largest and most competitive industries,
generating and storing a huge amount of data about customers, sales, network
traffic, cost, and maintenance. Anayzing these data to identify hidden
meaningful information can provide agreat advantage to any company, enabling
implementation of efficient marketing plans, well-focused service, and better
customer relationships. Despite this high cost, many customers discontinue the
relationship with the firm once the sales are very low or the service is not
satisfactory. For relatively high profit customers, the firm should especially act
to retain them, as the cost of creating a new customer relationship is 6-7 times
more than the retention cost.
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Customer attrition or churn prediction is one of the most important and
challenging problems, as the company has al the data required for the churn
customer identification, but often failsto predict in time. Many churn prediction
models have been proposed and used. However, the main problem in churn
prediction istheimbalancein the dataset, where survival customersare very high
and churn customers very low. Most techniques, when applied to the whole
dataset, classify all customers as survival, causing misclassification of churn
customers. Therefore, the class imbalance problem becomes an important issue
in churn prediction. Various stages of a churn prediction system—from raw data
to deployment—and the techniques used from data cleaning to model building
are presented in Figure 8.1.

8.2. Network Optimization

Telecommunication companies often find supporting an ever-growing subscriber
base to be a difficult task. Due to the introduction of MVNE (Mobile Virtual
Network Operator) model/the increasing rate of MVNOs, the number of
subscribers increases at an even faster rate than predicted. With alarge database
of subscribers and numerous competitors, it isimperative for companiesto ensure
good customer relations and offer the best services, since in the highly
competitive scenario, theloss of asingle customer can have serious repercussions
on the business [26,74-76]. Business Intelligence (BI) tools offer companies an
insight into operations ranging from network optimization to customer shut
switch prediction and support effective long-term planning.

The advice given by Business Intelligence tools helps the management to take
the necessary action. Take for instance, areport that breaks down support tickets
by package, showing a high number of faults for a particular package. When
business managers see this, they will check the root cause of the problem and
decide if it is worthwhile to continue to offer this package. If many customers
cause a high number of faults and require ongoing support, it neither benefits the
company nor the customer to keep offering the package.

8.3. Customer Service Improvement
Business intelligence supports customer service activities in the telecom sector.
The following are examples of customer care and help desk applications:

An Ad Hoc Query tool enables non-technical users to create ad hoc reports to
answer simple binning or segmentation requests without requiring spreadsheets
and macros, which take time to create and are prone to error. Customer-service
representatives can get a 360-degree view of the customer through a consolidated
view of usage, billing, and call center information. Knowledge-management
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applications facilitate the easier location of call-resolution documents for use
during customer interactions. Additionally, call-dispensation techniques
automate individualized responses to customerswho call; are based on computed
propensity-to-churn scores; and help build call scripts on the portal for customer-
service representatives.

9. Challenges in Implementing Business
Intelligence

Business intelligence (Bl) aims to support better business decisions, helping
organizations to gather, store, access, and analyse data to make more informed
choices. Nevertheless, in practice many countries have been able to use Bl
approachesonly for afew selected segments, lacking an integrated data-capturing
and/or information-flow mechanism [77-79]. Many organizations thus face
challenges in operationalizing the Bl capability. Typically, designing Bl within
a firm involves the following steps. developing an enterprise data warehouse;
developing the sales report at the department level; devel oping the sales forecast
and the market analysis report for the sales and marketing function; developing
the customer analytics report for the marketing function; devel oping the supplier
analyticsreport for the purchasing function; and devel oping aproduct- wise sales
analysis report for the product development function. These challenges typically
fall into the following broad categories.

Moving to Bl without cleaning the legacy business environment leads to poor-
quality data. The focus must be on the core business need and not on the flashy
presentation of Bl. One main feature of a Bl system is to correlate information
from various functions within abusiness organization, but sometimes the floating
information of each single department is conflicting because of isolated
management in each area. Another constraint is the availability of hardware and
software suitable for Bl. Also, thereis alack of business-operations knowledge
in every aspect of the business and the Bl area, which creates a gap between the
business-operations team and the Bl team (business or technical). This makes it
difficult to implement Bl in the business process. Another important factor isthe
expectation mismatch; management has a lack of understanding and clear focus
about Bl's scope and capabilities and considers it to be a mere decorative
information-extraction and information-representation tool.
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9.1. Data Quality Issues

Data quality isakey determinant of the usefulness of adata warehousing project.
Since data warehouse is data originating from many heterogeneous sources,
inconsistencies and redundancies are removed before data is stored in the
warehouse. Data cleansing programs are used for warehousing to ensure the
quality of data. One main problem is that most of the data cleansing processes
are manual, time consuming, and error prone.

Data quality isusually improved by applying standardization techniques such as
extracting city names from a full address for further grouping. The criteria for
measuring data quality include accuracy, completeness, consistency, timeliness,
and conformity [80-83]. Other characteristics of data quality are relevancy,
usability, accessibility, value to cost ratio, and reputation. Inaccurate,
inconsistent, and obsolete data adversely affects business. Ensuring high levels
of data quality will resolve many problems. These problems can be resolved
through improved training methods, data auditing, effective use of data entry
front-end tools, framing effective data quality rules and management, and
improved procedures at data entry points.

9.2. Integration with Legacy Systems

Business Intelligence (BI) systems are required to integrate with other on-line
enterprise software systems such as customer relationship management (CRM),
enterprise resource planning (ERP), and supply chain management (SCM).
Moreover, since many organizations have legacy systems, acritical consideration
with respect to the Bl system is the system must be able to extract, clean, and
transform the operational data housed in legacy databases into a format suitable
for the data warehouse.

The rapid growth of transaction-processing systems over the past 30 years has
resulted in a disconnect in many organizations between the operational data
stores and the decision-support systems. Currently, operational data is often
stored in legacy transaction-processing systems [84-86]. The overhead required
to support the decision-making process of these systems is so great that they
cannot be accessed to support analysis. The result is an expensive paper-based,
turn-around analytical process that provides management with information that
is often too late and outdated. To address this problem, many organizations have
implemented data warehouses. Data warehouses are used to store historical data
used by decision-support systems.
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9.3. User Adoption and Training

Investing significantly in businessintelligence to provide robust capabilities does
not guarantee the anticipated returns. The final success of a business intelligence
system is determined by its ability to engage the targeted business users actively
in exploring and querying the organization's data for awide variety of use cases
and scenarios. Although business intelligence vendors frequently present their
products as "easy to use"—eliminating the need for training—this assertion is
valid only for extremely simplistic environments. Userstypically requiretraining
to familiarize themselves with the environment and solve common business
problems or to replicate information products relevant to their day-to-day work.

Understanding the composition of the end-user population is a main focus when
planning a business intelligence implementation. The population is usualy
segmented into technology-illiterate users, casual Microsoft® Excel® users, and
curious business analysts capable of generating their own complex reports. The
needs of these groups vary: the business analyst uses analysis tools, the casual
user resorts to dashboards, and the technology-illiterate user depends heavily on
predefined canned reports. Depending on their usage levels, selected users may
be required to assist in the training of other new users. Implementation success
depends heavily on establishing a comprehensive training and user certification
program with run-the-business support available through the help desk and a
dedicated website.

10. Future Trendsin Business I ntelligence

Business intelligence (BI) is continuously evolving, driven by breakthroughs in
computer technologies and the rapid growth of information and communication
technologies, all aimed at enhancing the decision-making processes in
organizations. Traditional Bl technologies depend heavily on the availability of
quality, large-volume data collected from different internal information systems.
Many organizations in different sectors have sizable amounts of historical data
that can be used in aBI process, regardless of their nature. However, the value of
such dataremains unexploited if aBl processis not implemented. The area of Bl
systems has experienced significant growth in recent years, a trend expected to
continue. Organizations expect to gather data from many sources, contained
within multiple legacy systems or third-party sources, and still be capable of
making analyses including information from all potential sourcesin a centralized
environment. Thisrapid development of Bl applications enables organizationsto
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makeinformed decisions, resulting in potential cost savings, waste reduction, and
business growth.

The dependency on readily available clean data for Bl has been challenged in
recent years with the emergence of artificial intelligence (Al) techniques in
analytics. Al enables the analysis of new data types such as blogs, images, and
MD (biology) data, which may be sourced from interna or external business
environments[18,87-89]. Additional developmentsin Bl are moving towardsthe
implementation of advanced analytics for anaytical prediction and business
behavior prediction. In due course, Bl analytics will support real-time decision-
making by integrating Bl systems with operational systems. Artificia
intelligence is expected to play avita rolein the future development of business
intelligence systems, ensuring that Bl applications are capable of timely and
accurate market predictions.

10.1. Artificia Intelligence Integration

Artificial Intelligence (Al), which describes machines, intelligent agents, or
intelligence demonstrated by computers, necessitates Business Intelligence (BI)
to interpret, categorize, and act on the information garnered. There are three
primary avenues through which Bl will utilize Al: Al-powered Augmented
Analytics (AA), Al operationalizing into Bl, and the embedding of Al
functionalities within Bl mechanisms.

Augmented Analytics represents the installation of a layer of Al onto data
analytics systems. Analytics refers to the inference of hidden or important
knowledge from data, and when Al is incorporated into Enterprise Knowledge
Investigation systems, Augmented analytics is produced. Al operationalizing
congtitutes the deployment of Al into the business process through Bl
implementations [31,33-35]. As described in UIPath’s enterprise automation
blog, Al operationalizing entails starting with a business inquiry, discerning the
decision points in the business operation that impact the business question,
leveraging Al to arrive at informed decisions, and incorporating those decisions
into the business process for real-time implementation. Al embedding involves
the integration of Al functionality within Bl apps, plugins, and Bl-system
components to enhance and refine those processes.

10.2. Real-Time Data Processing

Real-time data processing is a broad area encompassing data stream processing,
complex event processing, and event stream processing. When applications or
use cases demand the need for real-time analytics, historical data analysis by
businessintelligencetoolsis helpful to the extent that contemplating the possible
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past of the system at any moment of time can provide an indication to the future
of the system.

For instance, credit card fraud detection is one such critical fraud detection
process where real-time analytics tools take precedence. Applications detecting
such unusual behavior in real time can be used to identify specific frauds and
immediately stop the transaction from proceeding. On the contrary, big-data
business intelligence applications are much more suited for analyzing traffic jam
predictions on any area of concern over a broad period of time. Though such
analysisistime sensitive, it is still part of amuch larger analysis.

10.3. Increased Focus on Data Privacy

Just like in many other industries, there are many logged events, browsing and
buying behaviours so increased focus on data privacy is being experienced in the
retail sector aswell [38,62-63]. Business Intelligence technol ogies can accel erate
harmful exposure if deployed without controls and canplay a major role in
harmonising the collection of data andproviding protections to customers.
Consultancy firm Gartner has published a report covering business intelligence
and analytics as the key trend of the shift to an "Immersive Experience’. Gartner
has forecast that by 2018 smart machines will practically govern their own
existence.

11. Case Studies

Business Intelligence (Bl) applications have proliferated across various sectors,
encompassing many different tasks. The main sectors that have been influenced
by the widespread use of BI include retail, hedthcare, financial services,
telecommunications, manufacturing, and other businesses. Increasingly
companies are making use of Bl systems and processes to analyze their data and
gain insights into their business. Accordingly, a wide range of applications,
practical experiences, and case studies have appeared in the Bl literature.

Retail organizations have exploited Bl to analyze customer buying habits and to
improve their ability to manage stocks and sales, while Bl has also been used in
the healthcare sector. The healthcare decision makers have used Bl tools to
analyze patient data and improve the operating dimension within hospitals[3,45-
48]. The Financial Times users have also reported similar problemsrelated to the
use of Bl systems in the financial services industry, while manufacturing is
suggested to be one of the sectors that can benefit most from the use of BI
applications.
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11.1. Retail Success Stories

Business intelligence (BI) is the process of collecting data and extracting useful
information fromit. Several tools for managing information are being devel oped
to fulfill al the requirements of businesses. These tools include data
warehousing, datamining, OLAP, cluster analysis, and visualization tools. Bl has
awide array of applications in all sectors, owing to different organizations vast
stores of information. Bl tools are essential in every sector, with some being
especially strengthened by business intelligence, such as retall,
telecommunications, banking, manufacturing, and hedthcare. Successful
implementation of Bl techniques in one sector should encourage replication of
these techniques in other sectors.

In the retail sector, Bl is used to support various functions, including analysis of
customer behavior and satisfaction, inventory analysis, and store performance.
For example, RetailProis a POS and retail management software that offers sales
reporting and customer profile analysis. Business intelligence solutions help
harness data to develop a clear picture of customer needs and shopping patterns,
enabling retailers to promote products and services strategically to their target
market segments. Bl tools are aso crucial for marketing strategy planning and
forecasting sales and profits.

11.2. Healthcare Innovations

Business intelligence (Bl) refers to the processes, technologies, and tools that
transform unprocessed data into meaningful business information for anaysis
and application in decision making [9,46-48]. Technological advances in
information systems coupled with the rapid expansion in source data have
enabled and required the use of Bl in everyday decision-making processes. Bl
playsan essential part in virtually every commercial enterprise, helping managers
direct human and capital resources.

Novel Bl applications in healthcare can save lives, improve patient outcomes,
increase the quality of care, boost operationa efficiency, and forecast health-
related trends, treatments, and symptoms. The sector poses a particular challenge
for Bl because users typically lag other organizations in terms of 1T adoption
[6,60-62]. The example of ahospital providing clinical services, ambulatory care,
diagnostics, and treatment to serve its patients helpsillustrate the potential of BI.
Quality services at a reasonable cost and improved patient convenience and
satisfaction are some of the key goals of the hospital. Dedicated resources, such
as the management team, must be committed to the Bl initiative to monitor key
performance indicators, including patient wait times, readmission ratios, patients
seen per day, and cost per patient treatment.
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12. Conclusion

Business intelligence (BI) applications in different sectors clearly indicate that
the data warehouse concept is not future-oriented but comes from the business
world. Moreover, the sector-specific operating environment and needs are
spurring new developments in the nature and structure of the data warehouse.
Indeed, the data warehouse concept has endured both the business world’s
concept shifts and young field syndromes, so that new phases of Bl and data
warehouse are being applied. In many countries and sectors, Bl and related data
analysers are used not only for-profit maximization, but also to serve the
community by improving living standards, protecting the environment, and
similar objectives.

Understanding the concept of Bl still involves examining the warehouses in
which we store our information. In this context, making the right investments to
obtain meaningful, fast, and reliable reports that support management decisions
in an environment of global business competition constitutes a strategic decision
for organizations. Additionally, the ability of organizations to consider
devel opmentsin information technol ogy domains such as datawarehousing, data
mining, and knowledge discovery is vita for surviving and expanding business
operations in rapidly changing operating environments.
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