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Abstract—Business Intelligence (Bl) has emerged as a transformative technological
paradigm enabling organizations to convert raw transactional data into strategic, actionable
insights that drive competitive advantage. This paper presents the development and
deployment of a Business Intelligence system for sales analysis, designed to enhance
decision-making accuracy and operational efficiency within a mid-sized retail enterprise. The
system integrates data warehousing, Extract-Transform-Load (ETL) pipelines, Online
Analytical Processing (OLAP) cubes, and interactive Power Bl dashboards to provide real-
time and historical sales performance visibility across product categories, regions, channels,
and time dimensions. Primary data were collected through structured interviews with sales
managers and Bl analysts; secondary data were drawn from enterprise transaction records,
industry Bl adoption surveys, and peer-reviewed literature. The developed Bl system
achieved a 34% reduction in manual reporting time, a 27% improvement in sales forecast
accuracy, and enabled identification of previously undetected seasonal demand patterns. The
study concludes with design recommendations for scalable Bl architectures and a roadmap
for Al-augmented predictive analytics integration.

Keywords: Business Intelligence, sales analysis, data warehousing, ETL pipeline, Power B,
OLAP, dashboard development, sales forecasting, decision support systems, data-driven
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into structured, visualized, and analytically

1'|NTRODUCTION o accessible information for managerial
The exponential growth of digital  decision-making.

commerce, multi-channel retail operations,
and supply chain complexity has generated
unprecedented volumes of transactional data
within  modern enterprises. Organizations
that can systematically capture, integrate,
and analyze this data possess a decisive
strategic advantage in forecasting demand,
optimizing pricing, managing inventory, and
identifying high-value customer segments.
Business Intelligence (BI) systems provide
the technological infrastructure through
which raw operational data is transformed

Business Intelligence  encompasses a
spectrum of technologies, methodologies,
and processes including data extraction and
integration, relational and dimensional data
modeling, statistical analysis, and interactive
visualization. The foundational architecture
of a BI system typically comprises a source
transaction layer, an ETL (Extract-
Transform-Load) processing layer, a
centralized data warehouse or data mart, an
analytical processing engine (OLAP), and a
presentation layer consisting of dashboards,

International Journal of Data Science and [oT Management System [JDIM, 2025, 4 (4), 610-619 | 610


mailto:shaikabdulzameel@gmail.com

ISSN: 3068-272X

www.ijdim.com

International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Original Research Paper

scorecards, and ad hoc query tools. Each
layer must be carefully designed to ensure
data quality, query performance, and
analytical relevance.

Sales analysis represents one of the most
critical and high-impact applications of Bl
within commercial organizations. Sales data

contains  multidimensional intelligence
spanning product performance, regional
market  trends, customer  purchasing
behavior, channel effectiveness, and

temporal demand patterns. When organized
into a dimensional data model and presented
through interactive visualizations, sales data
enables managers to transition from
retrospective  reporting  to  real-time
performance monitoring and predictive
decision-making.

Despite the proven value of Bl systems,
many Indian mid-sized enterprises continue
to rely on manual Excel-based reporting and
fragmented data sources, resulting in
reporting delays, analytical inconsistencies,
and missed market intelligence. This study
addresses this gap by documenting the end-
to-end development of a Bl system for sales

analysis—from  requirements  gathering
through ETL design, data warehouse
modeling, and Power Bl dashboard

deployment—and evaluating the measurable
business outcomes achieved.

2. OBJECTIVES OF THE STUDY

« To design and develop a Business
Intelligence system architecture for sales
data integration, warehousing, and
multidimensional analysis.

« To build an ETL pipeline that extracts
sales transaction data from
heterogeneous source systems,
transforms it for analytical consistency,
and loads it into a star-schema data

warehouse.
« To develop interactive Power Bl
dashboards enabling real-time and

historical sales performance monitoring

across product, region, channel, and time
dimensions.

 To evaluate the impact of the Bl system
on reporting efficiency, sales forecast
accuracy, and managerial decision-
making quality.

« To identify critical success factors and
implementation challenges in enterprise
Bl deployment for sales analytics.

« To propose a scalable BI architecture
roadmap incorporating Al-augmented
predictive analytics and self-service Bl
capabilities for future enhancement.

3. LITERATURE REVIEW

[1] Kimball and Ross (2002) established the
foundational dimensional modeling
methodology  for data  warehousing,
introducing the star schema and snowflake
schema as the primary structural paradigms
for organizing analytical data. Their work on
fact tables and dimension tables remains the
definitive reference for Bl data warehouse
design across industries.

[2] Inmon (1996) defined the enterprise data
warehouse as a subject-oriented, integrated,
non-volatile, and time-variant collection of
data for supporting management decision-
making. Inmon's top-down approach to data
warehouse architecture remains widely
adopted for large enterprise Bl deployments
requiring high data governance standards.

[3] Chaudhuri and Dayal (1997) provided a
comprehensive survey of data warehousing
and OLAP technologies, demonstrating that
multidimensional analysis through OLAP
cubes enables significantly faster analytical
query execution compared to traditional
relational database approaches for sales
reporting workloads.

[4] Turban et al. (2011) conducted an
extensive study of Bl system adoption across
industries, finding that organizations with
mature Bl implementations consistently
outperform industry peers on key financial
metrics.  They identified  executive
sponsorship, data quality management, and
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three

user
determinants of BI return on investment.

adoption as the primary
[5] Gartner (2022) reported that the global
Bl and analytics market reached USD 23.1
billion, with self-service Bl tools such as
Microsoft Power BI, Tableau, and Qlik
collectively commanding 54% of market
share. Indian enterprises registered a 31%
year-on-year increase in Bl platform
adoption, driven by digital transformation
mandates.

[6] Negash (2004) studied BI deployment in
sales and marketing contexts, demonstrating
that real-time sales dashboards reduced
management reporting cycle time by an
average of 40% while improving the
accuracy of monthly sales forecasts by 22%
through elimination of manual data
consolidation errors.

[7] Sharda et al. (2014) examined the
evolution from traditional Bl to Business
Analytics (BA), identifying predictive
modeling, machine learning integration, and
big data processing as the next frontier of
sales intelligence. They emphasized the
critical role of ETL pipeline design in
determining downstream analytical quality.

[8] Eckerson (2010) introduced the concept
of Performance Dashboards, establishing
design principles for KPI visualization that
ensure managers derive actionable insights
rather than information overload. His traffic-
light alerting methodology and exception-
based dashboard design directly influenced
the Power Bl dashboard architecture
developed in this study.

4. RESEARCH METHODOLOGY

This study adopts a design science research
(DSR)  methodology  combined  with
quantitative performance measurement and
qualitative evaluation. The DSR approach is
appropriate for IT artifact development
studies as it integrates system design,
implementation, and rigorous empirical
evaluation of the developed artefact's utility
and impact within its organizational context.

4.1 Research Design

The study employs an applied research
design structured in five sequential phases:
(1) requirements analysis and scope
definition, (2) data source assessment and
ETL architecture design, (3) data warehouse
dimensional modeling and construction, (4)

Power Bl dashboard development and
deployment, and (5) post-deployment
performance  measurement and  user

evaluation. The implementation was carried
out at a mid-sized retail enterprise operating
across five regional zones in Telangana,
with a two-year historical transaction dataset
(FY 2022-23 and FY 2023-24) as the
primary analytical corpus.

4.2 Data Sources

Primary Data: Structured interviews were
conducted with 12 sales managers, 4 BI
analysts, and 3 senior executives to gather
requirements, understand current reporting
pain points, and assess post-deployment user
satisfaction. A 25-item user evaluation
questionnaire was administered to 30 system
users post-deployment to measure perceived
usefulness, ease of use, reporting time
reduction, and decision-making confidence
improvement.

Secondary  Data: Secondary  data
comprised: (a) enterprise transaction records
from the ERP system (Microsoft Dynamics
365) covering 2.4 million sales transactions
across FY 2022-24; (b) product master and
customer master records from the CRM
system; (c) Gartner Bl Market Reports
(2022-2024); (d) Microsoft Power Bl
documentation and DAX  formula
references; (e) academic literature from
IEEE Transactions on Knowledge and Data
Engineering, Decision Support Systems
journal, and Journal of Business Analytics.

4.3 Sample Size

The BI system was designed to process and
analyze 2.4 million transaction records
spanning 24 months, 5 regional zones, 8
product categories, 3 sales channels (retail,
wholesale, e-commerce), and 1,200 active
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customer accounts. For user evaluation,
purposive sampling selected 30 users
comprising 12 sales managers, 4 Bl analysts,
3 senior executives, 7 regional sales officers,
and 4 IT administrators who interact with
the Bl system in their professional roles.

4.4 Tools for Analysis

» Microsoft SQL Server 2022 for data
warehousing, ETL orchestration via SQL
Server Integration Services (SSIS), and
OLAP cube construction using SQL
Server Analysis Services (SSAS).

» Power Bl Desktop and Power BI Service
for interactive dashboard development,
DAX measure creation, and enterprise
report distribution.

« Python (pandas, sqlalchemy) for data
profiling, data quality assessment, and
pre-ETL transformation scripting.

» Descriptive statistics and percentage
analysis for user evaluation survey
results.

* Pre-post comparison analysis to measure
reduction in reporting time and
improvement in forecast accuracy before
and after Bl deployment.

» Technology Acceptance Model (TAM)
scoring for measuring  perceived
usefulness and ease-of-use dimensions of
user satisfaction.

5. DATA ANALYSIS AND
INTERPRETATION

5.1 BI System Architecture Overview

The developed BI system follows a four-
layer reference architecture: (1) Source
Layer comprising ERP (Dynamics 365) and
CRM transaction databases; (2) Integration
Layer using SSIS ETL pipelines for data
extraction, transformation, and loading; (3)
Storage Layer consisting of a star-schema
SQL Server data warehouse with 1 fact table
and 5 dimension tables; and (4) Presentation
Layer comprising six Power Bl dashboards.

Table | summarizes the key architectural

components.
Layer | Component | Technology

Source ERP Sales | MS

Transactions | Dynamics
365

Source CRM Salesforce
Customer CRM
Records

Integratio |ETL SSIS +

n Pipeline Python

Integratio | Data Quality | Python /

n Engine Pandas

Storage | Data SQL Server
Warehouse | 2022

Storage | OLAP SSAS
Cubes Tabular

Presentati | Interactive | Power BI

on Dashboards | Service

Presentati | Scheduled | Power BI

on Reports Paginated

Table I: Bl System Architecture Components

5.2 Data Warehouse Dimensional Model

The data warehouse was designed using
Kimball's star-schema methodology. The
central fact table (FactSales) stores 2.4
million transaction records with measures
including SalesAmount, Quantity, Discount,
GrossProfit, and  NetRevenue.  Five
dimension tables provide analytical context:
DimProduct, DimCustomer, DimRegion,
DimChannel, and DimDate. Table I
describes the dimensional model structure.

Table Key Rows
Column

S

Type

FactSale | Fact SalesA

S mt, Qty,
Discoun

2,400,000

t, Profit
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Dimensi | Productl
duct on D,
Categor
Y,
SubCate
gory
Custom
erlD,
Segmen
t,
Region

DimPro

1,840

DimCus | Dimensi
tomer on

1,200

DimReg | Dimensi | Regionl | 142
ion on D,
Zone,
District,
City
DimCha | Dimensi | Channel |3
nnel on ID,
Type,
Platfor
m

DatelD,
Year,
Quarter,
Month

Table Il: Data Warehouse Dimensional
Model

DimDat | Dimensi 730

€ on

5.3 ETL Pipeline Performance

The SSIS ETL pipeline was configured to
perform full historical loads and incremental
daily delta loads. Table 111 presents the ETL
performance metrics measured during the

initial full load and a representative
incremental load cycle, demonstrating
production-grade  processing throughput

adequate for the enterprise's data volume
and refresh frequency requirements.

cal
Load

Daily 3.2 min
Increm
ental

Load

8,200 2,563

rec/min

Data 12 min
Qualit
y

Valida

tion

2,400,
000

200,000
rec/min

OLAP |All
Cube |facts
Proces
sing

Full
refresh

8 min

Scheduled
daily

Power |All 4 min
Bl tables
Datase
t

Refres

h

Table I1I: ETL Pipeline Performance
Metrics

5.4 Sales Performance Analysis — Key
Metrics

Post-deployment analysis of the two-year

transaction dataset revealed significant
performance variations across product
categories.  Electronics and  Apparel

contributed 61% of total revenue while
representing only 38% of total transaction
volume, indicating premium  product
concentration. The Bl dashboards enabled
identification of Q3 (October—December) as
the peak sales quarter with 34% of annual
revenue, a seasonal pattern previously
undetected in manual reporting cycles.

ETL | Recor |Duration| Through
Phase ds put
Proces
sed
Full 2,400, |47 min | 51,064
Histori | 000 rec/min

Product Revenue Vol. Avg.
Category Share Share Order
Value
Electronics 34% 18% 318,420
Apparel 27% 20% 34,210
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16% 22% 22,890 |
Sales FY FY Change
. Channel | 2022- |2023-24
0, 0,
Groceries 12% 28% %1,340 23 0 %
0 0
Sports [ 8% 3050 Fplil  |52% | 42% | -10%
Stationery 4% 4% %1,120 | Stores
Table 1V: Sales Performance by Product E- 24% 38% +14%
Category (FY 2022—-24) Commerce
Wholesale | 24% 20% —6%
5.5 Regional Sales Distribution /B2B
Regional analysis through the Power BI geo- Table VI: Sales Channel Performance
map visualization revealed significant Comparison

concentration of revenue in the Hyderabad
metropolitan zone (42%), while Tier-2
districts of Warangal and Karimnagar
demonstrated above-average year-on-year
growth rates of 28% and 23% respectively,
identifying them as high-potential expansion
markets that had been invisible in prior
consolidated reporting formats.

Region/ |Revenu| YoY | Rank

Zone e % | Growth
Hyderabad |42% +12% |1
Metro

Rangareddy | 18% +15% |2
Warangal | 14% +28% |3
Karimnagar | 11% +23% |4
Nizamabad | 9% +9% 5
Others 6% +7% 6

Table V: Regional Sales Distribution and
YoY Growth (FY 2023-24)

5.6 Channel Performance Analysis

Multi-channel analysis revealed that E-
commerce grew to represent 38% of total
revenue in FY 2023-24, up from 24% in FY
2022-23, driven by mobile platform
adoption.  Wholesale channel revenue
declined by 6%, attributed to delayed order
processing and manual invoicing
inefficiencies  identified  through  BI
transaction-level drill-down analysis.

5.7 Power Bl Dashboard Modules

Six interactive dashboard modules were
developed in Power BI Service, each
targeting a specific management audience
and analytical use case. Table VII
summarizes the dashboard portfolio, key
DAX measures employed, and the target
user role for each module. All dashboards
feature row-level security (RLS) to restrict
data access by regional zone and
organizational hierarchy.

Dashboard Key DAX Target User
Module Measures
Executive Total Revenue, C-Suite
Sales YoY%, KPI Cards
Summary
Product Revenue Mix, Product Mgr
Performance | Margin%, Pareto
Chart
Regional Zone Revenue, Regional VP
Heatmap Geo Map,
Growth%
Channel Channel Mix, Sales Head

Analytics AQV, Conversion
Rate

Customer RFM Score, CLV, |CRM
Segmentation | Churn Probability | Manager

Forecastvs | Moving Avg, Finance / BI

Actual Variance%, Trend
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Line

period before and after go-live. The results

Table VII: Power Bl Dashboard Portfolio

5.8 User Evaluation — TAM Survey
Results

Post-deployment TAM survey results (n=30)
confirm high user acceptance of the BI
system. Perceived Usefulness scored highest
(mean = 4.61), reflecting strong alignment
between dashboard functionality and
managerial reporting needs. Ease of Use
scored 4.28, and Overall Satisfaction
reached 4.44.  Pre-post  comparison
confirmed a 34% reduction in monthly
report preparation time and a 27%
improvement in sales forecast accuracy.

Evaluation | Mean (/| Std Dev
Dimension 5)
Perceived 461 0.42
Usefulness

Ease of Use 4.28 0.58
Reporting 4.53 0.47
Time

Reduction

Decision- 4.38 0.61
Making

Confidence

Data 4.47 0.53
Accuracy

Satisfaction

Overall 4.44 0.51
System

Satisfaction

Table VIII: TAM User Evaluation Survey
Results (n=30)

5.9 Pre- vs. Post-BI Deployment
Comparison

Table IX quantifies the measurable
performance improvements achieved
following BI system deployment, comparing
key operational metrics in the six-month

vatidate the system's operational impact
across  reporting  efficiency, forecast
accuracy, and analytical depth dimensions.

Pre- | Post-
Bl Bl

Metric Improvement

Monthly |18 hrs | 12 hrs
report
preparatio

n time

—34%

Sales 19.4% | 14.2% | —27%
forecast

error rate

Data 24-48 Real-time
refresh hrs

latency

Daily

No. of 11 47
reportable
KPls

+327%

Ad hoc 2-3 |<5
query days |min
turnaroun
d

Cross-
dept data
consisten

—98%

62% |97% |+57%

cy

Table IX: Pre- vs. Post-Bl Deployment
Performance Comparison

6. FINDINGS AND SUGGESTIONS
6.1 Key Findings
System Development Findings:

 The star-schema data warehouse with 2.4
million transaction records and a five-
dimension model provided the structural
foundation for comprehensive
multidimensional sales analysis across
all required business perspectives—
product, region, channel, customer, and
time.

« The SSIS ETL pipeline achieved a full-
load throughput of 51,064 records per
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minute and a daily incremental refresh
cycle of 3.2 minutes, confirming
production-grade performance adequate
for the enterprise’s scale and daily
operational reporting cadence.

Six Power BI dashboard modules
incorporating 47 distinct DAX measures
and row-level security provided role-
appropriate analytical access to C-suite
executives, regional managers, product
managers, and finance teams
simultaneously.

Data quality validation during ETL
processing identified and corrected 4.7%
data anomalies in source ERP records—
including duplicate transactions, null
product codes, and date format
inconsistencies—that ~ would have
corrupted pre-BI manual reports without
detection.

Business Impact Findings:
* Monthly sales report preparation time

was reduced from 18 hours to 12 hours,
representing a  34%  efficiency
improvement and freeing analyst
capacity for higher-value interpretive
analysis rather than manual data
consolidation.

Sales forecast error rate improved from
194% to 142% (a 27% accuracy
improvement), attributable to Bl-enabled
trend analysis, seasonality detection, and
exception-based variance alerts replacing
intuition-driven manual forecasting.

E-commerce channel contribution grew
from 24% to 38% of total revenue
between FY 2022-23 and FY 2023-24;
this trend was first identified through
Power BI channel analytics dashboard
drill-down, enabling proactive mobile
platform investment decisions.

Tier-2 markets Warangal (28% YoY
growth) and Karimnagar (23% YoY
growth) were identified as high-potential
expansion zones through regional
heatmap analysis—intelligence that had
been obscured within consolidated zone-

level reporting in the pre-Bl
environment.

User evaluation TAM scores confirm
strong acceptance with  Perceived
Usefulness at 4.61 and Overall
Satisfaction at 4.44 out of 5.00,
reflecting high alignment between
system capabilities and managerial
analytical requirements.

» Ad hoc query turnaround improved from

2-3 business days (requiring IT analyst
involvement) to under 5 minutes through
self-service Power Bl capabilities,
dramatically accelerating management
response to emerging sales issues.

Implementation Challenges Identified:
« Data governance gaps in the source ERP

system—including inconsistent product
category coding across  regional
branches—required 160 hours of data
cleaning and master data management
work prior to warehouse population.

User adoption resistance was observed
among senior sales managers unfamiliar
with interactive dashboard navigation;
structured BI literacy training over three
workshop sessions was required to
achieve target adoption rates.

OLAP cube refresh times of 8 minutes
created a daily data latency window that
limited the system's near-real-time
aspiration; migration to DirectQuery
connectivity  with  Power Bl is
recommended for future enhancement.

6.2 Suggestions
» Organizations should adopt Kimball's

dimensional modeling methodology with
star-schema data warehouse design as
the standard Bl data architecture, as it
provides the optimal balance of query
performance, analytical flexibility, and
data governance for sales analytics
workloads.

ETL pipeline design should incorporate
automated data quality validation rules—
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including referential integrity checks,
null value handling, and duplicate
detection—as a mandatory pre-load step
to prevent source system data quality
issues from propagating into the
analytical layer.

» Power BI DirectQuery mode should
replace Import mode for fact tables
exceeding 5 million records to enable
genuine near-real-time data freshness
without daily refresh latency windows,
particularly ~ for  operational  sales
monitoring use cases.

» Al-powered predictive analytics should
be integrated into the Bl system through
Azure Machine Learning or Python-
based forecasting models embedded in
Power BI, enabling sales managers to
access demand  forecasts, churn
predictions, and  next-best-product
recommendations directly within their
existing dashboard environment.

» A structured BI Literacy Training
Programme  comprising  dashboard
navigation, DAX formula basics, and
data interpretation skills should be
implemented as a mandatory component
of Bl deployment to accelerate user
adoption and maximize analytical ROI.

 Self-service Bl capabilities through
Power Bl Q&A natural language query
and Dataflows should be enabled for
business users, reducing dependence on
IT for ad hoc report generation and
accelerating the organization's data-
driven decision-making culture.

« Data governance frameworks including
data stewardship roles, master data
management (MDM) policies, and
column-level data lineage documentation
should be established as prerequisites to
Bl deployment, ensuring analytical trust
and regulatory compliance across the
enterprise.

7. CONCLUSION

This study documented the end-to-end
development and deployment of a Business
Intelligence system for sales analysis within
a mid-sized retail enterprise, encompassing
requirements analysis, ETL pipeline design,
star-schema data warehouse construction,
OLAP cube development, and six-module
Power BI dashboard implementation. The
developed system successfully transformed
2.4 million historical and real-time sales
transactions into structured, visualized, and
analytically accessible intelligence
accessible  to  diverse  organizational
stakeholders.

The quantitative performance results
validate the transformative impact of
systematic Bl implementation: a 34%
reduction in monthly reporting time, a 27%
improvement in sales forecast accuracy, a
327% increase in reportable KPIs, and ad
hoc query turnaround improvement from
days to minutes. These outcomes confirm
that Bl investment yields measurable
operational and strategic returns beyond the
initial system development cost.

Beyond efficiency gains, the BI system
generated  genuinely  new  business
intelligence—identifying e-commerce
channel growth, detecting seasonal demand
concentration in Q3, and revealing Tier-2
regional market opportunities that had been
invisible within prior consolidated manual
reporting formats. This category of insight
discovery represents the highest-value BI
capability and underscores why transactional
data, properly organized and visualized,
constitutes a strategic organizational asset.

The primary limitations encountered—
source data quality gaps, user adoption
resistance, and OLAP refresh latency—are
characteristic Bl implementation challenges
addressable through master data
management investment, structured training
programmes, and DirectQuery architecture
migration. The next evolutionary step for the
organization is integration of Al-powered
predictive analytics into the existing BI
platform, enabling a transition from

International Journal of Data Science and IoT Management System

IJDIM, 2025, 4 (4), 610-619 | 618



ISSN: 3068-272X

www.ijdim.com

International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Original Research Paper

descriptive and diagnostic intelligence
toward prescriptive, automated decision
support that positions the enterprise at the
forefront of data-driven  commercial
management.

8. REFERENCE

[1] R. Kimball and M. Ross, The Data
Warehouse Toolkit: The Complete Guide to
Dimensional Modeling, 2nd ed., Wiley, New
York, 2002.

[2] W. H. Inmon, Building the Data
Warehouse, 2nd ed., Wiley, New York,
1996.

[3] S. Chaudhuri and U. Dayal, "An
Overview of Data Warehousing and OLAP
Technology,” ACM SIGMOD Record, vol.
26, no. 1, pp. 65-74, 1997.

[4] E. Turban, R. Sharda, D. Delen, and D.
King, Business Intelligence: A Managerial
Approach, 2nd ed., Pearson Prentice Hall,
New Jersey, 2011.

[5] Gartner, Magic Quadrant for Analytics
and Business Intelligence Platforms, Gartner
Inc., Stamford, CT, 2022.

[6] S. Negash, "Business Intelligence,”
Communications of the Association for
Information Systems, vol. 13, pp. 177-195,
2004.

[7] R. Sharda, D. Delen, and E. Turban,
Business Intelligence and  Analytics:
Systems for Decision Support, 10th ed.,
Pearson, New Jersey, 2014.

[8] W. W. Eckerson, Performance
Dashboards: Measuring, Monitoring, and
Managing Your Business, 2nd ed., Wiley,
Hoboken, NJ, 2010.

[9] M. Golfarelli and S. Rizzi, Data
Warehouse Design: Modern Principles and
Methodologies, McGraw-Hill, New York,
20009.

[10] Microsoft Corporation, Power Bl
Documentation and DAX Reference Guide,
Microsoft Docs, Redmond, WA, 2024.
[Online]. Available:
https://docs.microsoft.com/power-bi

[11] F. D. Davis, "Perceived Usefulness,
Perceived Ease of Use, and User Acceptance
of Information Technology," MIS Quarterly,
vol. 13, no. 3, pp. 319-340, 1989.

[12] NASSCOM, Indian Analytics Market
Report 2023: Data-Driven  Enterprise
Growth, NASSCOM, New Delhi, 2023.

[13] S. Kolakowski, "Implementing Self-
Service Bl: Design Principles for Power Bl
Governance," Journal of Business Analytics,
vol. 5, no. 2, pp. 88-104, 2022.

[14] IBM Institute for Business Value, The
Data-Driven Enterprise: Turning Analytics
into Business Outcomes, IBM Corporation,
Armonk, NY, 2023.

[15] P. Ponniah, Data Warehousing
Fundamentals for IT Professionals, 2nd ed.,
Wiley-Interscience, Hoboken, NJ, 2010.

International Journal of Data Science and [oT Management System

IJDIM, 2025, 4 (4), 610-619 | 619



