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Abstract—Business Intelligence (BI) modernization establishes cloud-driven infrastructures from both employee and enterprise 

perspectives. Cloud automation structures modernize how BI users accelerate their access to integrated data, how integration reflects data 

consumers' changing needs, how cost-efficient BI adoption scales with workloads, and how BI-related risks are managed and reduced. 

Moreover, modernization is not an end goal per se; it supports organizational change and responds to business strategy over time. Key 

objectives include providing reliable business cases that directly link BI modernization with tangible business drivers, outcomes, and benefits, 

examining challenges associated with scaling BI-related investments and risks, and capturing architectural patterns used for BI modernization 

in cloud environments. Rapid and high-volume business changes force organizations to make decisions faster and reflect these decisions in 

their BI systems. Organizations also expect rapid adaptability of BI systems to changing new needs. Manual processes for uploading data 

and integrating BI systems accelerate BI-related investments and risks. Cloud services are frequently seen as a way to reduce these problems. 

However, BI-related investments and risk reduction often scale faster than the use of investment-reducing cloud services. The data pipelines 

connecting the upper BI reporting and analytics environments are often not auto-scalable. The underlying resource provisioning and cost-

efficient measurement of big data analytics pipelines can be poorly structured. Guidelines and automation supporting the prediction of future 

analytics needs are often absent or not documented in these environments. A formal structure is needed to capture these issues in a scalable 

way. 

Keywords—Cloud-Driven Business Intelligence,Enterprise Data Integration,Scalable Analytics Architecture,Decision Support 

Systems,Cloud Data Platforms,Data Warehousing Modernization,Business Intelligence Modernization,Real-Time Data Analytics,Data 

Governance and Integration,Enterprise Decision Intelligence. 

 

1. INTRODUCTION 

BI modernization through cloud services enables 
scalable, cost-efficient enterprise data integration and 
decision support—and not just on a project basis. Adopting 
cloud services in a project-specific manner can yield large‐
scale BI capabilities to meet mission-critical enterprise data 
integration needs. [1] Cloud-based services power-out BI 
workloads and eclipse current infrastructural and operational 
limitations, accelerating time-to-decision and opening 
strategic‐size projects that had previously proven intractable. 

Establishing cloud-based BI capabilities is a multiyear 
undertaking. [2] A description is presented of the 
requirements throughout the lifetime in four independent 
parts: objectives, solution design, governance aspects, and 
scalability considerations. Each part can stand alone, yet the 
collection of all aspects provides the most comprehensive 
shape. The first part identifies the business drivers, outlines 
success measures, and presents estimated returns on 
investment, costs, and risks. [3] Building upon these 
stakeholder objectives, the second part surveys the theoretical 
foundations of BI modernization using cloud services. The 
third part examines the cloud architecture patterns proposed 
to achieve scalable, cost-efficient BI capabilities. 

Table 1. Cloud Architecture Patterns for BI Modernization 

Pattern 
Data Pipeline 

Hosting 

Analytics 

Hosting 

Relative 

Cost 

Lightweight 

IaaS 

IaaS (self-

managed) 
IaaS VMs Low 

Managed 

Pipeline + 

IaaS 

Managed 

PaaS service 
IaaS VMs Medium 

Hybrid 

Multi-

Cloud 

Best-of-breed 

managed 

services 

Fully 

managed, 

integrated 

SCM 

Variable 

(optimized) 

Table 2. Cloud Data Governance Roles 

Role Primary Responsibility 

Data 

Management 

Office 

Owns enterprise-wide governance 

policy, standards, and compliance 

oversight 

Cloud Data 

Steward 

Enforces data quality, access control, 

and metadata accuracy for assigned 

domains 
BI architect 

pranithapotturi@gmail.com 



 

International Journal of Intelligent Systems and Applications in Engineering                    IJISAE, 2023, 11(3s), 387–392 |  388 

 

 

Role Primary Responsibility 

Cloud 

Service 

Provider 

Supplies catalog/metadata 

infrastructure and platform-level 

security controls 

A. Data integration and governance in cloud 
environments 

Cloud-based Business Intelligence modernization 
envisions easy access to fully integrated and governed data 
from multiple sources for integrated and cohesive decision 
support and advanced analytics. [4] Cloud services, and Data 
Pipelines in particular, naturally support these dimensions 
thanks to fast deployment, elastic scaling, and pay-per-use 
cost models. However, end-users expect more than simple 
integration and raw data: they define requirements that stretch 
the capabilities of cloud-based Data Pipelines. [5] Clouds 
allow fast deployment of new pipelines, but strong controls 
are needed to ensure that access is granted to data for which 
the end-users have clear authorization, that is trustworthy, 
and that is kept free from malicious changes. [6] Adequate 
access governance and Data Quality are the key areas to 
address when integrating and governing data from multiple 
cloud services and enterprises. 

Robust Data Governance is indispensable for Business 
Intelligence to ensure proper integration among sources, to 
confirm that Data Quality is acceptable, and to prevent 
unrestrained data availability. [7] Cloud-enabling features 
(e.g. fast setup time, support for multiple data formats and 
sources, elastic scaling) allow protecting against outages, 
performance issues, and capacity shortages. However, classic 
BI requirements for reliable data access and unmitigated Data 
Quality apply to integrated data pipelines and their 
underlying Data Lakes just as much as for on-premises 
systems. [8] Moreover, the catalog services of major cloud 
providers do not provide support for defining cloud-specific 
Governance models; they only support metadata storage and 
information retrieval. [9] Nevertheless, methods and 
techniques for satisfying Governance requirements are 
available. Cloud Services allow setting up analytics and data 
science experiments and workloads building on Data 
Pipelines—especially Automatic Machine Learning systems. 
Nevertheless, stronger Governance is needed to ensure that 
results from data analytics and science are declared credible, 
reliable, and trustworthy. 

Table 3. Key BI Modernization Outcome Metrics 

Metric Definition 
Modernization 

Effect 

ROI 

Return on 

Investment from 

cloud BI adoption 

Increases vs. 

on-premise 

baseline 

TCO 

Total Cost of 

Ownership of BI 

infrastructure 

Decreases via 

elastic, pay-per-

use pricing 

Metric Definition 
Modernization 

Effect 

TTI 
Time to Insight for 

decision support 

Decreases 

through auto-

scaled pipelines 

Risk 

Exposure 

Exposure from 

manual/static 

processes 

Decreases via 

governance and 

automation 

2. Theoretical foundations of cloud-based BI 
and data integration 

Cloud technology and services are transforming business 
intelligence (BI) and data integration, allowing organizations 
to accelerate decision support, gain greater flexibility, and 
scale resources efficiently. [10] These changes can be viewed 
at two levels. First, they provide the infrastructure for faster, 
cheaper, and more flexible data integration, greatly 
simplifying the production and use of transformed data. [11] 
Second, BI tools are being reshaped so that they are 
integrated with the underlying data and collaboration 
resources in the cloud, enabling BI functionality to be driven 
by business applications rather than disconnected, separate 
functions. 

Despite the technical novelty and operational importance 
of these changes, the academic literature presents only a 
limited foundation for understanding their significance. [12] 
Existing knowledge about the benefits of cloud services, data 
integration and governance continues to be valid, but the 
technological developments are so new that it is now possible 
to describe them rigorously, ensuring clarity and 
completeness. [13] The analysis begins with a foundation of 
established models in three important areas: data integration, 
analytics capabilities and cloud service economics. These 
form the lens through which new explanations can then be 
defined and interpreted. 

A. Definitions and scope 

Cloud Business Intelligence (Cloud BI), Business 
Intelligence in the Cloud, Cloud-Based Business Intelligence, 
Cloud-Enabled Business Intelligence, and Business 
Intelligence as a Service express similar ideas. [14] Hybrid 
Business Intelligence (Service) combines on-premise BI 
tools with external Cloud for Applications (C4A) services. 
C4A delivery and cloud offer convenience and agility by 
drastically reducing investment and operational costs, a 
challenge for the traditional Capital Equipment (CE) industry 
with fixed-BI. [15] However, CE providers' exposure to 
sudden demand bursts and sophistication requires insights to 
remain competitive, shifting BI from CE to cloud. 
Nevertheless, the econometric datasets used by C4A, 
although large, need Cloud for Data (C4D) ecosystems for 
true business intelligence. Similarly, supply-response 
datasets, needed for [16] High Supply Change Management, 
involve multiple-modules cloud or on-premise Supply Chain 
Management systems, requiring improvements not explored 
by business applications. 
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Cloud BI modernization supports these improvements, 
making business project conclusions new data, exploited by 
these Business Intelligence (BI), thus becoming more 
accurate and useful. [17] Cloud modernization delivers 
significant Return on Investment (ROI); the overall cost of 
Cloud delivery is smaller than that of an equivalent traditional 
on-premise on-demand solution; Cloud eliminates upfront 
investments and reduces maintenance costs; and an extremely 
high reduction in Time to Insight (TTI) risk and other 
Business Intelligence delivery improvements are obtained. 
Demand auto-scaling data pipelines, dynamic resource 
provisioning, cost-aware architectures, and capacity-
planning processes also assist Cloud delivery. 

Mathematical Formulas:  

Eq. 1 — Return on Investment:  ROI = (G − C) / C 

where G is the gain (value) delivered by cloud BI modernization 

and C is the total investment cost. 

Eq. 2 — Total Cost of Ownership:  TCO = CapEx + Σ OpEx(t) 

the sum of upfront capital expenditure and recurring operational 

expenditure over the solution's lifetime t. 

Eq. 3 — Elastic Resource Provisioning:  R(t) = R_base + α · D(t) 

provisioned pipeline capacity R at time t scales with a base 

allocation plus a factor α applied to forecast demand D(t). 

Eq. 4 — Time-to-Insight Reduction:  TTI_new = TTI_old · (1 − 

r) 

r is the fractional reduction in time-to-insight achieved by auto-

scaled, governed data pipelines. 

Eq. 5 — Cost Efficiency:  CE = V / (CapEx + OpEx) 

cost efficiency CE is the business value V delivered per unit of 

total cloud BI expenditure. 

3. Business drivers and outcomes of 
modernization 

Modernizing BI solutions in the cloud aligns with 
strategic business objectives. [18] Quantifying the return on 
investment, total cost of ownership, time-to-insight, and risk 
reduction supports management decision-making. Typically 
expressed in monetary value or cost savings, the business 
case outlines undesirable or aspirational performance 
metrics, such as manual data-processing workloads, query-
response times, or IT backlogs, that require remedial 
attention. Meeting commitments, such as compliance with 
service-level agreements and harmonizing disparate security 
and business processes, further motivates action. [19] The 
underlying intuition is that by converting a new technical 
capability or adapting an existing capability to exploit the 
elasticity and cost-effectiveness of the cloud, an organisation 
can deliver new or enhanced capabilities that support 
business goals. 

One of the most powerful characteristics of a well-
designed cloud-based data-management architecture is its 
ability to dynamically auto-scale resources. [20] A properly 
architected implementation can expand data-pipeline 
resources to accommodate surges in demand and shrink them 
when no longer needed. Moreover, by modelling the total 

cost of ownership of the underlying resources, enterprises can 
design, or procure, data pipelines that dynamically provision 
the most cost-effective resources. [21] These characteristics 
apply equally to cloud-based BI solutions as to any other 
data-management architecture. At an analytical level, they 
are embedded in the Economics of Cloud service investments 
model; at an integration-level, Data integration as an on-
demand service; and at a Infrastructure-as-Code model. 

Figure 1. Auto-Scaling vs. Static Provisioning 

 

Illustrates Section 3.A: demand-forecasting-supported auto-scaling 

keeps provisioned capacity close to actual workload, unlike static 

fixed-capacity pipelines. 

Figure 2. Total Cost of Owne

rship Trend 

 

Illustrative five-year TCO comparison reflecting the cost reduction 

described in Section 3 and Section 6 (up to 50% fixed-cost 

reduction). 

A. Scalability and elasticity 

Modernizing BI systems on cloud infrastructure allows 
organizations to auto-scale their data pipelines, dynamically 
provision resources in a cost-aware manner, plan capacity 
depending on forecasting accuracy for demand and 
consumption patterns, both for exchanged data within the 
organization and also for interpreted analytical results. [22] 
Many BI systems have static, fixed-capacity data pipelines 
for loading, processing, storing, and delivering data, each of 
which is managed separately. These fixed-capacity data 
pipelines and logically independent components have been 
expanded to support additional capacity, usually managed 
manually. [23] Traditional static data pipelines lead to wasted 
expenditure on unused resources when demand is low as well 
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as bottlenecks and delayed DBR or Time to Insight, when 
demand exceeds the available capacity. Despite the fact that 
dynamic provisioning of IT compute resources is already 
common practice, the business capability of auto-scaling data 
pipelines for data-in-motion or data-at-rest has been 
neglected. [24] Cloud services that support the automatic 
launching and termination of data pipelines for data-at-rest or 
data-in-motion allow organizations to provide such scaling in 
an agile cost-aware manner. 

Figure 3. BI Modernization Project Outcomes 

 

Reflects the reported ~40% investment loss rate for cost-intensive 

BI projects noted in Section 5. 

4. Cloud architecture patterns for BI 
modernization 

Cloud architecture patterns provide the architectural 
scaffolding around modern cloud-based BI solutions. Well-
defined cloud architecture patterns help organizations 
implement efficient, cost-effective cloud-based solutions. 
Major Architectural Principles. [25] A cloud-native 
development approach for cloud-native applications involves 
encapsulating all components – business logic, user interface, 
storage, supporting services – in microservices, functions, 
and containers that are orchestrated by Kubernetes or a 
similar container orchestration engine. [26] Such an 
architecture addresses scalability, portability across clouds, 
infrastructure management through infrastructure-as-code, 
and controlled cost through accurate capacity estimation for 
separate cost centers. 

Modular architecture components help optimize the 
solution architecture as a whole while providing business 
agility. [27] A loosely-coupled microservices architecture 
helps avoid synchronization issues, and independently 
deployable components avoid simultaneous upgrades of the 
entire solution. [28] Cloud-native CRUD (Create-Read-
Update-Delete) applications running in containers built 
around storage adapters enable external storage components, 
such as NoSQL databases and data lakes, to be used 
efficiently. 

Three main architecture patterns are commonly used for 
cloud-based business intelligence and analytics 

modernization. [29] The first is a low-cost, lightweight path 
enabled by using IaaS services to host the entire data pipeline 
and analytical processes. The second adopts a more mature 
analytics approach by implementing the data pipeline using a 
managed service while hosting the analytical processes in 
IaaS VMs. Finally, hybrid architectures mix and match the 
best services offered by various cloud service providers to 
achieve a fully managed analytics solution with integrated 
SCM while keeping costs under control. 

A. Data lakehouse and unified analytics platforms 

Modernized business intelligence architecture patterns 
clearly validate the evolution and replacement of established 
data warehouse and analytics platforms in the cloud. [30] A 
lakehouse architecture concept has emerged from a natural-
integration evolutionary pattern characterized by support for 
both analytics and BI capability demands. An alternative 
architecture delivers BI and analytics on a single data 
platform with storage and compute processing components 
separated, thereby optimizing availability and consumption 
costs. These platforms simplify data management and 
governance by operating on a single source of truth with 
unified metadata, security, and governance enforcement. 
Data pipelines can be dynamically scaled according to 
incoming data flow volumes, workloads can be elastically 
adjusted, and both types of scaling can exploit service 
providers’ auto-scaling capabilities. [31] Using the 
commerce investment Intel Integrated Cloud Data Web 
referred to earlier as a contextual factor, cloud-native data 
pipelines are built along a pull-based pattern that allows cost 
to scale with demand. High availability is achieved through 
usage of multi-region, multi-cloud deployments. The 
combined savings in reduced time-to-insight and business 
risk serve to justify the investment, enabling continuous to 
secure predictive insight. 

Lakehouse architecture is conceptually defined as a 
unified approach to data and analytics that uses the reliability 
and governance of data warehouses and the openness and 
simplicity of data lakes to enable data science and analytics 
on all data–batch, real-time, structured, semi-structured, and 
unstructured–in an organization. [32] The pattern pulls 
together a set of common services and capabilities associated 
with commonly used data-engineering techniques that can 
reliably serve the needs of data engineering, data science, and 
exploratory analytics. The combination of both patterns 
enables BI and analytics to be executed on a single data 
platform with storage and compute-processing components 
separated to optimize availability and consumption costs, and 
with a service that can provide a diverse set of query and 
processing interfaces. 

5. Data governance, quality, and security in 
the cloud 

Data governance, quality dimensions, and security 
controls follow appropriate frameworks for cloud 
environments, without detracting from policy enforcement 
requirements and compliance capabilities. Language-based 
and policy-driven methods automate risk mitigation in 
business analytics applications. [33] Enterprise strategy 
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increasingly mandates data-driven decision-making and 
operational scrutiny, leading to massive investments in 
modern Business Intelligence (BI) infrastructure. These cost-
intensive projects often fail, with lost investments hitting 
40%. Growth in cloud-computing offers businesses economic 
yet complicated paths to agility and market adaptability. 
Cloud offers rapid provisioning of IT, allegedly enabling pay-
as-you-use demand prediction. Such perceived elasticity 
generates demand for external cloud services. However, 
customers remain unaware of service-provisioning costs and 
potential lock-in with a provider. 

Cloud environments introduce additional data-integration 
challenges due to the sheer volume of data. A Cloud Data 
Governance Framework introduces new cloud roles for data 
governance, including a data-management office, cloud data 
steward, and cloud service provider. It emphasises dynamic 
development and auditing of cloud services using dynamic 
policy allocation. Dynamic, monitoring-based, language-
oriented enforcement of data-compliance policies is vital for 
securely deploying cloud BI applications. An automated 
method supports a greater level of elasticity than existing 
cloud-scaling methods by allowing cloud resources to be 
allocated more frequently and with more categories, as well 
as de-allocated more automatically. End users pay only for 
actually consumed data. A General Data Protection 
Regulation and Health Insurance Portability and 
Accountability Act-compliant BI architecture in the public 
cloud decreases incident risk and cost. Mobile BI incident 
risk is reduced using dynamic policy allocation and 
monitoring. 

A. Metadata management and lineage 

Metadata management in modern BI architecture uses 
centralized data catalogs to improve data discovery, 
comprehension, and governance. Such catalogs enable 
organizations to create, maintain, and govern unified 
metadata repositories in a one-stop shop for information 
about data assets, technical and business definitions, owners 
and stewards, and data quality and status. Inherent catalog 
features enable companies to deliver accurate data more 
efficiently and with appropriate lineages, classes, tags, 
policies, and quality levels for target consumers. Integration 
into BI tools enables transparency about data sources and an 
end-to-end view of data transformations across pipelines to 
help consumers understand data with confidence. 

Automated lineage tracing detects data flows and 
transformations; analyzes the impact of data changes, 
pipeline updates, or new data consumers or producers; and 
provides a history of the data’s origin, movements, and 
changes over time. A clear understanding of who, what, 
when, and how is essential to remediate quality issues, ensure 
compliance, and establish trust. Organizations should extend 
the impact and lineage analysis across pipelines and services, 
enabling a holistic view of data movements while simplifying 
the maintenance effort. Capturing the provenance of new 
data—especially unstructured data—delivers greater insight 
into data quality. Tool interoperability improves the external 
data preparation experience by linking preferred tools with 
established data repositories through appropriate cataloging, 
lineage, and data-provenance support. 

6. Conclusion 

Cloud-driven Business Intelligence modernization 
supports dynamic forecasting, agile decision-making, and 
innovation. To capitalize on modernization investments, 
organizations must shift focus from optimizing applications 
and services to achieving desired outcomes. Rigorous, 
evidence-based analysis and a formal structure reveal how 
Cloud-Driven BI Modernization enables Scalable Enterprise 
Data Integration and Scalable Decision Support. 

Cloud-driven modernization improves total cost of 
ownership, return on investment, time-to-insight, and risk 
exposure. Different types of Cloud computing-based Services 
can be defined and applied across different industries. The 
Cloud architecture type does not depend on the industry but 
on the specific Services offered (IaaS, PaaS or SaaS) and 
finally its specialized area. The deployment of a platform for 
the Cloud standardization provides for greater application 
efficiency and improved results. Scalable Elasticity in 
Business Intelligence can be obtained through the 
development of dynamic Flow services that allow for 
controlled automatic scaling of the resources available to the 
flow and thus of the time required for flow 
completion.Blockchain-based applications with similar 
knowledge or actor verification performances can be 
developed providing for Data Pipeline control in a Supplier 
Side as well as in a Consumer Side guaranteeing traced 
agreement contracts that avoid frauds or bad behaviour from 
any actor and that guaranteed a certain quality of data from 
the supplying actor. Quantitative analysis can also be used to 
define technology purchase/maintenance times. A modular 
and scalable architecture allows for the BI Operation 
Portability between Clouds cutting the fixed cost up to 50% 
and guaranteeing a fast return time. 
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