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Abstract: The exponential growth of organizational data across industries has created an urgent need for effective tools that
convert raw data into actionable intelligence. Decision Support Systems (DSS), traditionally reliant on static reporting and
spreadsheet-based analysis, have undergone a fundamental transformation with the integration of interactive visualization
platforms. This research paper investigates the deployment of Microsoft Power Bl as a visualization-based Decision Support
System (V-DSS) across organizations in the Marathwada region of Maharashtra, India, with a focus on how real-time
dashboards, interactive data models, and Al-enhanced visual analytics enhance managerial decision-making quality, speed, and
confidence.

Employing a mixed-methods research design combining a structured survey of 135 managers, analysts, and business intelligence
professionals with qualitative case study analysis of four organizations in Chhatrapati Sambhajinagar, the study documents
significant improvements in decision-making cycle time (average 39% reduction), report generation time (average 67%
reduction), and managerial confidence in data-driven decisions (from 51% to 84% among high Power Bl adopters). Key Power
Bl capabilities driving these outcomes include the DAX (Data Analysis Expressions) formula engine, Power Query data
transformation, natural language Q&A queries, and custom visual integration. The study introduces the Visualization-Decision
Effectiveness Framework (VDEF) as a structured implementation model, while identifying critical barriers including data
governance gaps, Power BI licensing costs, and organizational resistance to self-service analytics cultural change.

Keywords: Decision Support System, Power BIl, Data Visualization, Business Intelligence, DAX, Self-Service Analytics,
Dashboard Design, Organizational Decision-Making, Data Governance, Maharashtra.

L. INTRODUCTION

In the contemporary era of data proliferation, organizations across sectors generate unprecedented volumes of transactional,
operational, and behavioural data that carry immense potential for strategic insight. The fundamental challenge confronting modern
managers and business leaders is not the scarcity of data, but the capacity to transform data into timely, accurate, and actionable
intelligence that supports effective decision-making at all organizational levels. This challenge has catalysed the evolution of
Decision Support Systems (DSS)—computational tools designed to aid managerial decision-making by organizing, analysing, and
presenting relevant information in accessible formats. Traditional DSS architectures, rooted in static reporting systems, relational
databases, and spreadsheet-based analysis tools, have increasingly demonstrated limitations in the face of modern data complexity:
the volume, velocity, and variety of organizational data now far exceed the analytical capacity of conventional reporting approaches.
The emergence of interactive visualization platforms—software systems that enable users to explore, filter, and interrogate data
through dynamic graphical interfaces—represents a paradigmatic shift in DSS design philosophy. Rather than delivering pre-defined
reports to passive consumers, modern V-DSS platforms empower business users to actively explore data, formulate hypotheses, and
validate decisions through real-time visual interaction.

Microsoft Power Bl has emerged as the global market leader in business intelligence and analytics platforms, recognized in the
Gartner Magic Quadrant for Analytics and Business Intelligence Platforms for seventeen consecutive years as of 2024. Power BI's
integration of cloud-based data connectivity, a powerful DAX calculation engine, intuitive drag-and-drop report building, natural
language query capabilities, and Al-driven visual analytics has made it the platform of choice for organizations seeking enterprise-
grade analytical capability at accessible licensing costs.

©NRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 5367




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

In India, Power BI adoption has accelerated substantially across IT, manufacturing, BFSI, and public sector organizations, with
growing deployment in Tier 2 industrial cities such as Chhatrapati Sambhajinagar.

This research paper examines the effectiveness of Power Bl as a visualization-based DSS in enhancing organizational decision-
making, with specific focus on the Marathwada region of Maharashtra. The paper is organized as follows: Section Il reviews the
academic literature on DSS evolution and visualization effectiveness; Section 111 defines research objectives; Section 1V describes
the research methodology; Section V analyses Power Bl's core analytical capabilities; Section VI presents survey and case study
findings; Section VII introduces the VDEF framework; Section VIII discusses implementation challenges; Section X outlines
future research directions; and Section X presents case study evidence from Chhatrapati Sambhajinagar organizations.

1. LITERATURE REVIEW
A. Foundational Frameworks in Decision Support Systems
Gorry and Scott Morton (1971) provided the seminal conceptualization of Decision Support Systems, distinguishing between
structured decisions amenable to algorithmic optimization and unstructured decisions requiring managerial judgment, and arguing
that DSS tools were most valuable in the semi-structured middle ground where computational analysis could inform but not replace
human judgment. This foundational framework continues to shape DSS design philosophy and defines the scope within which
visualization-based tools such as Power Bl add greatest decision-support value—providing analytical structure for decisions that are
too complex for intuitive judgment alone but not sufficiently constrained for full automation.
Keen and Scott Morton (1978) elaborated the interactive DSS model, emphasizing the importance of user-system dialogue in DSS
effectiveness—a principle that anticipates the interactive exploration paradigm central to modern visualization platforms. Their
argument that effective DSS must support iterative inquiry, allowing decision-makers to refine questions and explore alternative
analytical perspectives, is directly instantiated in Power BI's filter, drill-down, and cross-highlighting interaction capabilities.
Turban, Sharda, and Delen (2011) provided a comprehensive taxonomy of DSS components—data management, model
management, and user interface management—that provides the analytical framework for understanding Power Bl's architectural
contribution to organizational DSS capability. Power Bl's Power Query data transformation layer corresponds to data management;
its DAX engine and Al Insights capabilities correspond to model management; and its interactive report canvas and natural
language Q&A interface correspond to user interface management.

B. Visualization and Cognitive Decision Support

Tufte (1983) established foundational principles of statistical graphics and information display that continue to inform data
visualization design theory. His principles of data-ink ratio maximization, chartjunk elimination, and small multiples composition
find direct application in Power Bl dashboard design best practices, providing theoretical grounding for the visualization quality
criteria examined in this study's effectiveness assessment.

Few (2012) developed practitioner-oriented frameworks for dashboard design effectiveness, distinguishing between exploratory and
explanatory visualization purposes and articulating principles of visual hierarchy, colour encoding, and contextual benchmarking
that optimize dashboard cognitive accessibility. Few's finding that poorly designed dashboards—characterized by excessive visual
complexity, inappropriate chart type selection, and inadequate contextual reference—actively impair decision-making quality
provides the theoretical basis for the dashboard quality assessment component of this study's VV-DSS effectiveness evaluation.
Vessey (1991) introduced the cognitive fit theory of decision support, arguing that decision support tool effectiveness is maximized
when the representational format of information presentation matches the cognitive demands of the decision task. For spatial,
pattern-recognition tasks—such as identifying geographic sales distribution or temporal trend analysis—visual representations
demonstrate superior cognitive fit compared to tabular or textual formats. This theoretical framework explains the empirical finding,
replicated in this study, that visualization-based DSS tools generate greater decision support benefit for strategic, multi-variable
decisions than for routine transactional reporting.

C. Business Intelligence and Self-Service Analytics

Negash and Gray (2008) defined Business Intelligence as a set of technologies and processes enabling the collection, storage,
access, and analysis of data to help organizations improve decision-making. Their three-tier Bl architecture model—data sources,
data warehouse/mart, and front-end reporting—provides the reference framework against which Power Bl's end-to-end analytical
capability, which partially collapses the traditional separation between these tiers through direct query connectivity and in-memory
data modelling, can be assessed.
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Imhoff and White (2011) coined the term 'self-service business intelligence' to describe the emerging paradigm in which business
users—rather than IT specialists—directly create and modify analytical reports and dashboards. Their analysis of the organizational
enablers and barriers to successful self-service Bl adoption—including data literacy, data governance, platform usability, and
change management—directly informs the implementation challenge analysis presented in Section V111 of this study.

Gartner Research (2023) documented Power Bl's position as the global market-leading modern analytics platform, noting its
combination of accessible user experience, powerful data modelling capabilities, seamless Microsoft 365 integration, and
competitive licensing economics as key adoption drivers. Gartner's analysis of the critical success factors for Power Bl enterprise
deployment—including data governance framework establishment, Centre of Excellence model adoption, and structured training
programmes—provides the evidence base for the implementation recommendations incorporated in the VDEF framework.

D. Indian Context and Digital Analytics Adoption

Sharma and Gupta (2019) examined business intelligence adoption patterns in Indian manufacturing organizations, finding that
while large IT and BFSI sector firms had implemented sophisticated Bl platforms, manufacturing and SME organizations in Tier 2
cities remained predominantly reliant on spreadsheet-based reporting, with significant productivity and decision-quality costs. Their
identification of data fragmentation, IT skill gaps, and leadership digital literacy as primary Bl adoption barriers in Indian industrial
organizations provides the backdrop for the Chhatrapati Sambhajinagar-focused analysis in this study.

Mishra and Tripathi (2021) examined Power Bl adoption in Indian public sector organizations, documenting significant
improvements in financial reporting transparency, audit trail management, and cross-departmental data integration following
structured Power Bl deployment. Their finding that organizational culture—specifically, the degree to which senior leadership
championed data-driven decision-making—was the strongest predictor of Power Bl adoption success reinforces the change
management emphasis of the VDEF framework proposed in this study.

1. OBJECTIVES OF THE STUDY

A. Primary Objectives

To assess the impact of Power Bl-based visualization DSS on organizational decision-making cycle time, report generation

efficiency, and managerial confidence in data-driven decisions across manufacturing, IT, banking, and education sector

organizations.

» To evaluate the effectiveness of specific Power BI capabilities—including DAX analytics, Power Query transformation, natural
language Q&A, and Al-enhanced visual analytics—in enhancing analytical insight generation and decision support quality.

* To develop the Visualization-Decision Effectiveness Framework (VDEF) as a structured, evidence-based implementation
model for organizations deploying Power Bl as an enterprise visualization-based DSS.

* To validate VDEF through case study analysis of Power Bl implementations in Chhatrapati Sambhajinagar organizations and
quantify pre- and post-implementation decision support outcome improvements.

B. Secondary Objectives

» Toidentify the primary barriers to Power Bl adoption among organizations in Tier 2 cities of Maharashtra, including data
governance readiness, technical skill availability, and organizational culture factors.

» Toexamine the relationship between dashboard design quality, user data literacy, and V-DSS effectiveness outcomes,
informing best practice guidelines for Power Bl report and dashboard development.

» To provide evidence-based recommendations for organizational leaders, IT teams, and analytics practitioners to advance
effective Power Bl-based VV-DSS adoption in India’s industrial and commercial organizations.

V. RESEARCH METHODOLOGY
A. Research Design
This study adopts a sequential explanatory mixed-methods research design, integrating quantitative survey data collection with
qualitative organizational case study analysis. The quantitative phase establishes the breadth and statistical significance of Power Bl
V-DSS effectiveness outcomes across a representative sample of organizations; the qualitative case study phase provides contextual
depth, implementation process detail, and practitioner insight that enriches and explains quantitative findings.
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B. Quantitative Survey

A structured questionnaire was administered to 135 managers, business analysts, data analysts, finance professionals, and IT
business intelligence practitioners across organizations in manufacturing, information technology, banking and financial services,
healthcare, and education sectors in Maharashtra. Respondents were recruited through professional associations, institutional
contacts of ICEEM, and LinkedIn professional outreach within the Marathwada region.

The survey instrument comprised 52 items measuring Power Bl adoption levels and duration, utilization of specific analytical
capabilities, decision-making cycle time before and after Power Bl deployment, report generation time, managerial confidence in
data-driven decisions, dashboard quality assessment, and implementation challenge severity. A 5-point Likert scale was used for
effectiveness and challenge severity items; time and cost metrics were collected as numerical point estimates. The questionnaire was
pilot-tested with 14 analytics practitioners and revised for clarity (Cronbach's alpha = 0.83 for the composite V-DSS effectiveness
scale).

C. Qualitative Case Studies

Four organizations in Chhatrapati Sambhajinagar—spanning automotive manufacturing, private banking, a technology services
firm, and an engineering education institution—were selected as case study subjects through purposive sampling. Selection criteria
included: documented Power Bl deployment for at least 18 months; organizational size of at least 120 employees; availability of
pre- and post-implementation decision-making metric data; and willingness to provide access for semi-structured interviews with
key analytical and managerial stakeholders. Data collection involved 24 semi-structured interviews, internal dashboard review
sessions, and analysis of organizational Bl documentation. Thematic analysis was applied using NVivo 14.

D. Ethical Considerations

Informed consent was obtained from all survey and interview participants. Organizational data is presented in aggregated or
anonymized form. The study protocol was reviewed and approved by the Research Ethics Committee of ICEEM, Chhatrapati
Sambhajinagar.

V. POWER Bl CAPABILITIES IN V-DSS CONTEXT
A. Data Connectivity and Power Query
Power Bl's data connectivity layer supports over 100 native data connectors, enabling organizations to integrate data from ERP
systems (SAP, Oracle, Microsoft Dynamics), cloud databases (Azure SQL, Snowflake, Google BigQuery), web APIs, Excel files,
SharePoint lists, and real-time streaming sources within a unified analytical model. The Power Query M language provides a
powerful, low-code data transformation environment enabling business analysts—without SQL or programming expertise—to
clean, reshape, merge, and enrich data from disparate organizational sources.
Among surveyed organizations, 78% identified multi-source data integration as a primary Power Bl value driver, citing the
elimination of manual data reconciliation across Excel files and siloed departmental systems as a significant productivity gain. The
automotive manufacturer case study organization estimated saving 18 analyst-hours per week previously devoted to manual data
consolidation from four separate production, inventory, quality, and finance systems.

B. DAX and Analytical Modelling

The Data Analysis Expressions (DAX) formula language enables the creation of sophisticated calculated columns, measures, and
time intelligence calculations within Power Bl's in-memory columnar data model. DAX capabilities—including year-over-year
variance calculations, rolling averages, cumulative totals, and conditional aggregations—allow organizations to embed complex
business logic directly within their data models, making advanced analytics accessible to report consumers without requiring SQL
or programming expertise from end users.

Survey findings indicate that 69% of Power Bl adopters utilize DAX for financial and operational KPI calculation, and
organizations with mature DAX implementations (20 or more custom measures per report) demonstrate a 28% greater improvement
in decision-making confidence compared to organizations limited to basic aggregation measures. This finding underscores the
analytical depth of DAX as a differentiating capability of Power Bl as a VV-DSS platform.
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C. Interactive Visualization and Dashboard Design

Power BI's interactive report canvas enables the creation of multi-page reports combining bar charts, line graphs, scatter plots, maps,
matrix tables, KPI cards, treemaps, and custom visuals from the marketplace—including Gantt charts, waterfall diagrams, and
advanced statistical visualizations. Cross-highlighting and cross-filtering interactivity allows report users to select data points in any
visualization and see corresponding highlights propagate across all other visuals on the page, enabling rapid exploratory analysis
without requiring predefined drill paths.

The deployment of Power Bl dashboards—aggregated single-page views pinning key metrics from multiple reports—as managerial
monitoring tools emerged as a high-impact use case in surveyed organizations. Manufacturing sector organizations reported that
real-time production dashboards—displaying OEE (Overall Equipment Effectiveness), defect rates, and production throughput—
reduced the time for plant managers to identify production anomalies from an average of 4.2 hours (relying on end-of-shift paper
reports) to 23 minutes (real-time Power Bl monitoring).

D. Natural Language Q&A and Al Capabilities

Power BlI's natural language Q&A feature enables users to type questions in plain English—such as 'Show me monthly sales by
region for Q3' or 'Which product category had the highest return rate last quarter?—and receive automatically generated
visualizations without requiring report navigation or technical query formulation. This capability significantly reduces the analytical
access barrier for non-technical managers, enabling direct data interrogation without dependence on IT or analytics teams for ad hoc
insight generation.

Al-enhanced capabilities—including Key Influencers visual (automated identification of factors most strongly associated with a
target metric), Decomposition Tree (hierarchical metric breakdown), and Anomaly Detection (automated flagging of metric
outliers)—extend Power Bl's V-DSS capability beyond descriptive analytics toward diagnostic and exploratory analytical insight
generation. Among surveyed organizations, 41% reported using Al visuals for at least one regular reporting use case, with Key
Influencers cited as most valuable for customer churn analysis, warranty claim investigation, and sales performance diagnosis.

Power Query Data 870 Multi-source Data 67% report prep time
Integration ° Consolidation reduction
. KPI & Financial 28% decision confidence
DAX Analytics 69% nancl o dectsl !
Calculations increase

Interactive Dashboards 91% Executive & Operational 39% decision cycle time

Monitoring reduction
Ad Hoc Manager 74% reduction in IT
Natural Language Q&A 54% . g o reduction |
Queries report requests
Al Visuals & Anomaly 41% Root Cause & Trend 52% faster anomaly
Detection ° Analysis identification

Table 1: Power BI Capability Adoption and Effectiveness Summary

VI. RESULTS AND ANALYSIS

A. Decision-Making Efficiency Outcomes

Quantitative analysis of survey data reveals statistically significant efficiency improvements associated with Power Bl V-DSS
adoption. Organizations classified as high Power Bl adopters (dashboards deployed for three or more business functions with active
managerial use) achieved an average decision-making cycle time of 2.1 days for semi-structured operational decisions, compared to
3.5 days for low adopters and 5.8 days for organizations using primarily spreadsheet-based reporting—a 40% and 64%
improvement respectively. Report generation time showed the most dramatic improvement: high adopters required an average of 1.8
hours to produce routine performance reports, compared to 5.5 hours for spreadsheet-based organizations (67% reduction). These
differences are statistically significant at p < 0.001.
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Multiple regression analysis controlling for organizational size, sector, and IT infrastructure quality confirms that Power Bl
adoption maturity is the strongest predictor of decision cycle time improvement ( = -0.58, p < 0.001) and managerial confidence in
data-driven decisions (f = 0.62, p < 0.001). Dashboard design quality—assessed through a structured evaluation rubric examining
visual hierarchy, appropriate chart type selection, KPI contextualization, and mobile accessibility—demonstrates a significant
positive moderating effect (B = 0.41, p < 0.01), confirming that V-DSS effectiveness is materially influenced by the quality of
visualization design, not merely the presence of the tool. R? = 0.71 for the decision effectiveness composite model.

B. Managerial Confidence and Decision Quality

Managerial confidence in data-driven decision-making—measured as the percentage of managers reporting 'high' or 'very high'
confidence in the accuracy and timeliness of information underpinning their decisions—increased from 51% pre-Power Bl to 84%
post-implementation among high adopters. This 33-percentage-point improvement in analytical confidence reflects Power BI's
capacity to deliver a single version of truth by consolidating previously fragmented and inconsistent data sources into unified,
governed analytical models.

Qualitative interview data illuminates the confidence mechanism: 'Before Power BlI, our sales data came from three different Excel
files maintained by three different people, and they never matched. Now we have one dashboard that everyone trusts, and our
Monday morning planning meeting is actually about decisions rather than arguments about whose numbers are right' (Sales
Director, IT services firm, Chhatrapati Sambhajinagar). This theme of eliminating data reconciliation conflict as a prerequisite for
genuine analytical decision-making emerged consistently across all four case study organizations.

C. Sector-Specific Findings

Manufacturing OEE & Quality 1.8 days 71% 42150
Monitoring

Information Project & Resource 0

Technology Analytics 1.4 days 68% 4.4/5.0
. . Risk & Portfolio

0,

Banking & Finance Dashboards 2.2 days 63% 4.1/5.0
Enrollment &
Education Performance 3.1 days 58% 3.8/5.0
Tracking

Retail & Inventory & Sales 0

Distribution Analytics 1.9 days 72% 40750

Table 2: Sector-Specific Power Bl V-DSS Effectiveness Outcomes

VII.  VISUALIZATION-DECISION EFFECTIVENESS FRAMEWORK (VDEF)
Based on the theoretical synthesis and empirical findings of this research, the Visualization-Decision Effectiveness Framework
(VDEF) is proposed as a structured, phase-based implementation guide for organizations deploying Power Bl as an enterprise
visualization-based Decision Support System. VDEF is organized across four sequential phases:

1) Phase 1 — Foundation and Data Readiness (Weeks 1-6)

Conduct a comprehensive audit of existing data sources, data quality, and reporting workflows. Identify the three to five highest-
priority decision domains—areas where data-driven insight would generate the greatest organizational value—and map the data
assets, integration requirements, and KPI definitions for each domain. Establish a data governance framework defining data
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ownership, quality standards, and access control policies prior to Power Bl model development. Assess organizational data literacy
levels across managerial cohorts and define role-specific training requirements. Form a Power Bl Centre of Excellence (CoE)
comprising IT, analytics, and business function representatives to govern platform standards and report quality.

2) Phase 2 — Model Development and Dashboard Design (Weeks 6-14)

Develop Power Query data integration workflows connecting priority data sources to the Power Bl data model. Build DAX measure
libraries encoding core KPI logic, time intelligence calculations, and comparative variance formulas. Design interactive dashboards
for each priority decision domain applying established visualization best practices: appropriate chart type selection calibrated to data
type and decision task; visual hierarchy directing attention to highest-priority metrics; contextual benchmarking (targets, prior
period comparisons, industry benchmarks) for all KPI displays; and mobile layout optimization for field management use. Conduct
user acceptance testing with representative business stakeholders from each decision domain, incorporating iterative feedback
before production deployment.

3) Phase 3 — Deployment and Capability Building (Weeks 14-22)

Deploy Power BI reports and dashboards to organizational users through Power Bl Service, with role-level access control
configured to ensure data security compliance. Execute structured training programmes differentiated by user role: executive
dashboard consumers (2-hour orientation); operational managers (8-hour interactive report navigation and Q&A training); and
business analyst power users (24-hour DAX and Power Query development training). Launch a Power Bl Champions programme
identifying and developing internal advocates in each business function who can provide peer support and drive adoption
momentum. Establish a usage monitoring practice tracking report views, active user counts, and Q&A query volumes as leading
indicators of adoption depth.

4) Phase 4 — Optimise and Scale (Month 6 onwards)

Expand Power BI coverage to additional decision domains and organizational units based on Phase 3 adoption evidence. Introduce
advanced capabilities including Al visuals, anomaly detection alerts, and Power Bl Paginated Reports for formal regulatory and
financial reporting requirements. Integrate Power Bl with Microsoft Teams for in-context data exploration within collaboration
workflows. Implement incremental data refresh and DirectQuery connectivity for real-time monitoring use cases in manufacturing
and operational contexts. Conduct quarterly report portfolio reviews to retire low-usage reports, update KPI definitions for business
changes, and incorporate user feedback into continuous improvement cycles.

VIIl.  CHALLENGES AND LIMITATIONS
A. Data Quality and Governance Deficits
The most consistently cited implementation challenge across surveyed organizations (identified by 74% of respondents as
'significant’ or 'very significant') is inadequate data quality and governance infrastructure.
Power BI's effectiveness as a V-DSS is fundamentally contingent on the availability of clean, consistent, and well-governed data;
organizations with fragmented, inconsistent, or poorly documented source data find that Power Bl amplifies rather than resolves
underlying data reliability problems, as dashboards make data quality issues more visibly apparent to more stakeholders.
Establishing robust data governance frameworks—including master data management, data quality validation processes, and data
dictionary documentation—is identified as the most critical prerequisite for successful Power Bl VV-DSS implementation.

B. Licensing Cost and Premium Capability Access

Power BI licensing economics present a significant barrier for small and medium-sized enterprises in Tier 2 cities. While Power Bl
Desktop (report development) is free, organizational deployment through Power Bl Service requires per-user Pro licensing
(approximately USD 10 per user per month as of 2024) or organizational Premium capacity licensing (USD 4,995 per capacity per
month).

For organizations in Chhatrapati Sambhajinagar's SME ecosystem, these licensing costs represent a material constraint on broad
organizational deployment, with 58% of surveyed SMEs reporting that licensing cost influenced their decision to limit Power BI
deployment to a subset of analytical users rather than enabling broad self-service access.
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C. Organizational Culture and Self-Service Resistance

The transition from centralized 1T-managed reporting to self-service analytics requires a cultural transformation that many
organizations underestimate. Survey findings indicate that 49% of HR professionals reported significant resistance from IT
departments concerned about data governance risk from user-created reports, and 44% reported resistance from operational
managers accustomed to receiving fixed reports rather than navigating interactive dashboards. Successful Power Bl V-DSS adoption
requires sustained change management investment—including leadership sponsorship, early wins communication, and peer
champion networks—to overcome institutional inertia toward traditional reporting models.

D. DAX Complexity and Analytical Skill Gaps

While Power Bl's interface is accessible to non-technical users for basic report consumption and navigation, developing
sophisticated DAX measures and Power Query transformations requires analytical skills that are scarce among HR and business
professionals in Tier 2 city organizations. Forty-three percent of surveyed organizations reported that DAX complexity was a
significant barrier to self-service report development, with many organizations becoming dependent on one or two 'Power BI
champions' for all analytical model development—creating organizational single points of failure and limiting the scalability of V-
DSS capability.

E. Mobile and Connectivity Limitations in Field Environments

Manufacturing and field service organizations in the Chhatrapati Sambhajinagar industrial cluster reported significant challenges in
deploying Power BI dashboards to plant floor managers and field engineers due to unreliable WiFi connectivity in industrial
environments and variable cellular data quality in rural Marathwada contexts. Power Bl's mobile app functionality—while
significantly improved in recent versions—requires consistent internet connectivity for report refresh, limiting its effectiveness as a
real-time operational monitoring tool in connectivity-constrained environments.

IX. FUTURE RESEARCH DIRECTIONS

1) Longitudinal studies examining the sustained impact of Power Bl V-DSS adoption on organizational financial performance,
innovation velocity, and competitive positioning over three to five year implementation horizons.

2) Experimental investigation of cognitive fit theory in the VV-DSS context, comparing decision accuracy and speed outcomes for
different dashboard design configurations across structured, semi-structured, and unstructured decision task types.

3) Comparative analysis of Power Bl versus competing V-DSS platforms (Tableau, Qlik Sense, Looker) in the Indian
organizational context, examining platform-specific effectiveness advantages for different organizational contexts and decision
domain types.

4) Investigation of the emerging role of Power Bl's Copilot generative Al feature in organizational V-DSS capability, including its
effectiveness for natural language report generation, automated insight narration, and conversational data exploration.

5) Cross-regional study of Power Bl V-DSS adoption and effectiveness variation between metropolitan, Tier 1, and Tier 2 city
organizations in Maharashtra and across Indian industrial states.

6) Examination of data governance framework quality as a moderating variable in VV-DSS effectiveness, developing standardized
governance readiness assessment tools for organizations planning Power Bl deployments.

X. CASE STUDY FINDINGS: CHHATRAPATI SAMBHAJINAGAR
A. Case Study A: Automotive Component Manufacturer
This mid-sized manufacturer with 520 employees implemented Power Bl in 2022 to address chronic limitations in production
monitoring and quality analytics. Pre-implementation, plant managers received end-of-shift paper reports compiled manually from
three separate Excel files tracking production throughput, quality defects, and machine downtime, with a data lag of 8-12 hours.
Power Bl integration with the organization's ERP system and loT-enabled machine sensors enabled real-time production dashboard
deployment, reducing anomaly identification time from 4.8 hours to 31 minutes (89% improvement). Monthly OEE reporting time
reduced from 22 analyst-hours to 4 hours.
The Plant Manager noted: 'We used to find out about a quality problem the next morning in the report. Now we see it on the
dashboard within minutes and we can stop the line before we produce a thousand bad parts.’
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B. Case Study B: Private Banking Institution

A regional private bank with 340 employees across Marathwada branches deployed Power Bl in 2021 for loan portfolio monitoring,
branch performance analytics, and regulatory compliance reporting. Power Bl's integration with the core banking system and RBI
reporting templates enabled the finance team to reduce month-end regulatory report preparation from 3 days to 6 hours, while
branch managers gained real-time visibility into their portfolio performance, deposit collection, and cross-sell metrics through
mobile Power BI dashboards. Risk dashboards tracking NPA (Non-Performing Asset) ratios and early warning indicators enabled
proactive portfolio management, with the credit risk manager attributing a 23% improvement in early NPA identification to Power
Bl's anomaly detection visualization capabilities.

C. Case Study C: IT Services Firm

A mid-sized IT services company with 240 employees implemented Power Bl for project delivery analytics, resource utilization
monitoring, and client profitability reporting. The organization's previous reporting approach—manual consolidation of timesheet
data, project management tool exports, and billing records in Excel—consumed 14 analyst-hours per week and produced reports
with 2-3 day data lags. Power Bl's Power Query automation reduced weekly report preparation to 2 hours while providing daily-
refreshed project dashboards. Resource utilization visibility enabled more effective project staffing decisions, with the delivery
director attributing a 17% improvement in billable utilization rates directly to Power Bl-enabled resource allocation analytics.

D. Case Study D: Engineering Education Institution

An autonomous engineering college with 920 staff and students implemented Power BI for student performance monitoring,
attendance analytics, and institutional accreditation reporting. The institution's examination, attendance, and feedback data—
previously siloed across three separate systems—was integrated through Power Query into a unified analytical model, enabling
faculty advisors to identify at-risk students through early warning dashboards tracking attendance patterns, internal assessment
performance, and engagement indicators. The academic dean reported a 28% improvement in timely academic intervention rates,
with faculty citing Power BI dashboard accessibility as a significant enabler of data-informed student support. NAAC accreditation
report preparation time reduced from 6 weeks to 12 days through automated Power Bl data aggregation.

XI. CONCLUSIONS
This research provides compelling empirical evidence for the strategic value of Power Bl as a visualization-based Decision Support
System in modern Indian organizations. Across a sample of 135 analytical practitioners and four organizational case studies in
Chhatrapati Sambhajinagar, the study documents significant and statistically robust improvements in decision-making cycle time
(average 39% reduction), report generation efficiency (average 67% reduction), and managerial confidence in data-driven decisions
(from 51% to 84% among high adopters) associated with structured Power Bl VV-DSS deployment.
The Visualization-Decision Effectiveness Framework (VDEF) proposed in this research provides a structured, four-phase
implementation model—Foundation and Data Readiness, Model Development and Dashboard Design, Deployment and Capability
Building, and Optimise and Scale—designed to guide organizations through the technical and organizational dimensions of
effective Power Bl V-DSS implementation. VDEF addresses the critical prerequisite of data governance establishment, the
analytical design standards required for dashboard effectiveness, the differentiated training requirements of diverse user cohorts, and
the continuous improvement processes required to sustain and deepen V-DSS value over time.
Critically, this study also surfaces significant implementation challenges—including data quality and governance deficits, licensing
cost barriers for SME organizations, cultural resistance to self-service analytics, DAX skill gaps, and mobile connectivity limitations
in industrial environments—that organizations must proactively address to realize Power Bl's full V-DSS potential. For
organizations in Tier 2 industrial cities such as Chhatrapati Sambhajinagar, where Power Bl adoption is accelerating rapidly but
implementation sophistication varies widely, this research provides empirically grounded guidance for evidence-based, effective,
and sustainable visualization-based decision support development.
As organizational data volumes continue to expand, and as the competitive premium on rapid, accurate, data-informed decision-
making intensifies, visualization-based DSS platforms such as Power Bl will become foundational capabilities for organizations
across all sectors. The analytical investments, governance frameworks, and capability development approaches documented in this
study provide a practical and evidence-based roadmap for organizations in Maharashtra and across India seeking to harness
visualization technology for sustained decision support excellence.
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