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I. INTRODUCTION 
 

The contemporary Banking, Financial Services, and 

Insur-ance (BFSI) industry is fundamentally anchored 

in data. Rapid digitization, mobile banking 

applications, online investment portals, and 

algorithmic insurance underwriting have collec-

tively accelerated the volume, velocity, and variety of 

data ingested by financial institutions [2]. Within this 

domain, tracking and optimizing sales performance 

is essential for maintaining market share, maximizing 

revenue, and ensuring sustainable growth. 

 

Despite the abundance of generated data, many 

financial entities struggle with structural information 

fragmentation. Sales performance metrics are 

frequently locked within dis-parate functional 

systems: retail banking targets reside in core ledger  

 

systems, wealth management portfolios exist in 

external database instances, and field insurance 

agent perfor-mance tracking is isolated inside 

localized spreadsheets or legacy CRM applications 

[12]. This operational fragmentation introduces 

substantial delay in corporate reporting, increases 

human error margins during manual data 

consolidation, and limits visibility into critical cross-

selling pipelines. 

 

To bridge these structural gaps, contemporary 

organiza-tions leverage Business Intelligence (BI) 

infrastructures and advanced interactive data 

visualization techniques. Data vi-sualization 

transforms dense, multidimensional transactional 

records into intuitive visual representations, enabling 

human operators to rapidly spot hidden market 
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trends, behavioral anomalies, and operational 

inefficiencies. 

 

This research paper addresses these structural 

inefficiencies by presenting a novel hybrid 

architectural framework termed Hybrid Extract-

Transform-Load Banking Data Model (HETL-BDM). 

Rather than deploying basic out-of-the-box 

analytical structures, the primary contribution of this 

work lies in de-signing an optimized semantic 

aggregation model engineered explicitly to navigate 

cross-selling friction across banking and insurance 

line-of-business (LOB) layers. Utilizing Power BI 

Desktop as the execution environment, this 

framework couples query-folding mechanisms with 

optimized VertiPaq column store partitions to 

process multi-million-row corporate schemas under 

tight operational resource constraints. 

 

II. LITERATURE REVIEW 
 

The optimization of enterprise analytical portals for 

data-heavy corporate decision environments 

represents a critical area of exploration in 

contemporary computer science litera-ture [5]. 

Traditional reporting methods often fail under 

massive scale because standard relational database 

management struc-tures cannot scale column 

aggregation calculations without experiencing 

severe query bottlenecks. Modern research high-

lights that enterprise business intelligence 

applications require optimized semantic layers to 

isolate intensive analytical query loads from live 

operational transaction processing backends. 

Financial infrastructures, in particular, face unique 

processing bottlenecks due to the structural diversity 

of banking, lend-ing, and insurance data models, 

where processing disjointed data streams 

concurrently frequently causes severe query-parsing 

lockouts. Resolving these backend data 

orchestration limitations requires a paradigm shift 

away from traditional, row-oriented compute layers 

toward vectorized, in-memory column-store 

architectures that optimize data compression and 

scan speeds. 

 

In high-velocity markets like the financial services 

domain, data visualization acts as the decisive 

interface through which human users consume 

complex analytics [9]. Enterprise per-formance 

management dashboards require careful cognitive 

structuring; layouts that pack dense matrices without 

consid-ering the visual information-seeking 

hierarchy introduce de-cision paralysis. Human-

computer interaction research shows that applying 

structured formatting techniques—such as asym-

metric grid alignments, spatial color-blocking 

schemas, and typographic scaling rules—

substantially lowers cognitive load during extended 

tracking sessions. Modern literature reveals that 

interactive tracking frameworks—permitting deep 

opera-tional drill-downs from regional aggregates 

down to localized branch parameters—substantially 

improve tactical response velocity over static, 

spreadsheet-driven reporting platforms [4]. This 

interactive transparency enables line managers to 

instantly identify cross-selling anomalies and 

pipeline leakage without waiting for manual batch 

compilations from core information technology 

teams. 

 

Recent literature from 2022 to 2025 emphasizes 

technical integration conflicts and compliance 

barriers within the finan-cial services ecosystem [6]. 

Analytical systems engineered for the banking and 

insurance sectors face strict regulatory bound-ary 

constraints regarding access control and database 

isolation. In-memory data engines must enforce data 

protection compli-ance directly within their storage 

structures, using mechanisms like dynamic hashing 

and context-aware filtering to secure cus-tomer 

fields before rendering visualizations [10]. 

Furthermore, user adoption studies highlight that 

implementation failures are rarely caused by tool 

deficiencies alone; instead, they are driven by 

complex resistance patterns when managers are 

forced to transition away from familiar legacy 

spreadsheet software. Overcoming these barriers 

requires developers to build zero-latency interfaces 

that preserve the granular data flexibility of cell-

based software while offering the security and 

scaling benefits of enterprise semantic engines. 

 

To circumvent these operational boundaries, 

modern re-search has converged heavily toward 

automated ETL optimiza-tion and cross-platform 
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unified architectures [1]. Multi-tenant cloud systems 

require semantic aggregation layers to prevent 

frontend visualization lag under concurrent queries. 

Similarly, real-time tracking pipelines within retail 

banking applications directly reduce localized 

operational overhead. Furthermore, recent studies 

establish that linking core retail portfolios with 

insurance pipelines significantly increases cross-

selling conversion indexes by exposing demographic 

alignments on-the-fly [11]. Consequently, targeted 

research detailing the engineering of dashboards 

integrating banking, lending, and insurance 

products under a single unified performance visual 

framework remains sparse, a gap that this study 

directly addresses. 

 

III. METHODOLOGY AND SYSTEM 

ARCHITECTURE 
 

Developing a highly scalable corporate analytics 

platform requires an ordered, multistage 

engineering approach. The core methodology of this 

project encompasses four founda-tional segments: 

data harvesting, an intensive transformational 

cleaning layer, transactional data modeling, and 

user-centric visualization mapping. 

 

1. Data Acquisition and Dataset Validation 

For the development and performance 

benchmarking of this system framework, a synthetic, 

highly representative financial dataset comprising 

5,500,000 corporate records spanning Jan-uary 2022 

to December 2025 was constructed. Due to strin-

gent global banking privacy regulations, statutory 

compliance mandates, and proprietary security 

architectures shielding live consumer ledgers, 

utilizing production bank records directly was legally 

restrictive. 

 

To ensure the validity and practical applicability of 

our experimental findings, the synthetic dataset was 

modeled to mathematically replicate real-world 

historical distributions. Transaction frequencies, 

product cross-selling dependencies, seasonal 

volume spikes, and random null-value distributions 

were carefully tuned. The structural integrity of the 

generated data was statistically validated against an 

anonymized com-mercial baseline using Kullback-

Leibler (KL) divergence, en-suring that performance 

evaluation measurements map reliably to actual 

enterprise conditions. 

 

The underlying data lake architecture feeds from 

three core transactional tables: 

 Sales Transactions Table (5.5 × 106 rows): 

Ingests Transaction_ID, Customer_ID, 

Branch_Code, Product_Category, Value_Amount, 

Closing_Agent_ID, and Timestamp. 

 Agent Master  Table  (5.0 × 103  rows): Captures 

institutional human resource allocations, 

mapping Agent_ID, Assigned_Branch, 

Zone_Region, and Monthly_Target_Quota. 

 Customer Demographics Table (8.0 × 

105 rows): Manages customer attributes 

including Customer_ID, Age_Group, 

Income_Bracket, and Risk_Profile_Score. 

 

2. Tool Selection Justification 

To validate the technical stack configuration, Power 

BI was benchmarking against primary industry 

alternatives across enterprise criteria, as outlined in 

Table I. 

 

Power BI was chosen primarily due to its native 

query-folding capabilities, which automatically 

translate Power Query M expressions into optimized 

SQL operations, offload-ing computation to the data 

source backend. Furthermore, its built-in row-level 

security mechanisms allow developers to easily 

enforce complex regulatory compliance rules. 

  

Table 1: Enterprise Business Intelligence Platform 

Evaluation Matrix 

 
  

3. The Advanced ETL Pipeline and Query 

Optimization 

Raw financial transaction files frequently contain 

formatting anomalies and structural inconsistencies 

that can cause visual-ization lag. The HETL-BDM 

framework deploys a highly op-timized ETL pipeline 

governed by three specific performance tuning rules: 

 Query Folding Enforcement: All extraction steps 

(in-cluding type casting and filtering) are 



 Rahul Praful Gaonkar, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

4 

 

 

structured to force absolute query folding back 

to the database tier, prevent-ing the 

transmission of unprocessed data rows across 

the local network interface. 

 Incremental Refresh Constraints: To prevent 

VertiPaq engine resource saturation, the 

transaction processing layer utilizes strict 

incremental refresh policies. Historical data is 

permanently locked in highly compressed, read-

only immutable chunks, while a rolling 5-day 

window processes live intraday micro-batches. 

 Data Compaction and Precision Control: High-

precision floating-point metrics are cast into 

fixed 64-bit precision decimals to eliminate 

floating rounding discrepancies while 

minimizing memory utilization in RAM. 

Alphanumeric IDs are hash-mapped into integer 

keys to maximize VertiPaq run-length encoding 

(RLE) efficiency. 

 

4. Security, Regulatory Compliance, and 

Governance Architecture 

Operating within the BFSI domain requires strict 

adherence to international security frameworks, 

including GDPR, PCI-DSS, and local RBI regulatory 

directives. The HETL-BDM security architecture 

implements three robust layers of defense. First, for 

data masking and anonymization, all personally 

identifiable information (PII) is removed at the 

ingestion tier. Alphanumeric strings representing 

customer names and account numbers are passed 

through a SHA-256 cryptographic hashing loop 

combined with a dynamic institutional salt value. 

Second, for access control and Row-Level Security 

(RLS), access permissions are managed dynamically 

using the user’s login identity via the user principal 

function. This maps the active user’s corporate 

credentials to their specific node assignments within 

the branch operational hierarchy, ensuring that field 

agents can only view metrics related to their as-

signed branches, while regional heads retain access 

to broader territory aggregates. Third, for database 

monitoring and au-diting, the architecture includes 

automated audit logs within the Power BI Service 

workspace to track query execution 

  

To achieve sub-second visual cross-filtering times 

across the multi-million row dataset, the database 

layout was structured into a classic Star Schema 

configuration, completely eliminat-ing slow, many-

to-many relationship paths. 

 

 
Fig. 1. HETL-BDM Data Model Schema Architecture 

showing the centralized Fact table joined to 

specialized surrounding Dimension profiles via strict 

1:N relations. 

 

6. DAX Performance Tuning and Metrics 

Formulation 

To calculate performance metrics efficiently on large 

datasets, the calculation logic was built entirely 

inside op-timized Data Analysis Expressions (DAX). 

These formulas calculate core performance metrics 

on the fly as users adjust dashboard filters. 

 

Total Revenue Generation: Evaluates cumulative rev-

enue across chosen filtering criteria: 

 

 
 

where TR is the Total Revenue generated within the 

active filtering context, N represents the total 

number of transac-tional items matching the slice 

criteria, and Vi represents the localized currency 

value of the i-th transaction record in 

Fact_Sales[Value_Amount]. The underlying DAX im-

plementation uses an explicit sum iterator rather 

than complex row-by-row loops, allowing the 

formula to execute directly within the rapid storage 

engine layer of the database. 

 

Target Attainment Ratio: Measures the percentage 

of sales quotas met by agents, comparing total 

revenue against targeted baselines: 
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where TA is the target attainment percentage ratio, 

TR is the total revenue computed from (1), and Qj 

represents the individual fixed monthly target quota 

assigned to the j-th agent out of a filtered subset of 

M operational agents within 

Dim_Agents[Monthly_Target_Quota]. To protect the 

user interface from division-by-zero errors when 

evaluating unassigned agents, the calculation is 

wrapped in an optimized error-handling block: 

 

TargetAttainment = DIVIDE([TotalRevenue], 

SUM(Dim_Agents[Monthly_Target_Quota]), 0) 

 

Year-over-Year (YoY) Sales Growth: Tracks direc-

tional sales momentum by contrasting current-

period volumes against identical calendar windows 

from the prior fiscal year: 

 

 
 

where GYoY is the localized Year-over-Year sales 

growth per-centage, TRcurrent represents the 

current period’s cumulative revenue volume, and 

TRprior represents the revenue from the identical 

historical calendar range from the previous fiscal 

year. To minimize storage engine callback 

operations, the index utilizes a pre-calculated time 

intelligence context: 

YoY_Growth = 

VAR TR_Current = [TotalRevenue] 

VAR TR_Prior = CALCULATE([TotalRevenue], 

SAMEPERIODLASTYEAR(Dim_Calendar[Date])) 

RETURN 

DIVIDE(TR_Current - TR_Prior, TR_Prior, 0) 

 

IV. DASHBOARD DESIGN AND 

USABILITY FRAMEWORK 
 

The user interface layout was designed using strict 

human-computer interaction (HCI) principles, 

structured around the visual information-seeking 

mantra: overview first, zoom and filter, then details 

on demand. The visual components are ar-ranged to 

match the natural pattern of human eye movements, 

placing critical strategic high-impact metrics in the 

top-left quadrant of the screen. 

 

 
Fig. 2. System Interface Layout Map showing grid 

structural boundaries designed for the multi-tiered 

deployment modules. 

 

The platform deployment is divided into three 

distinct functional modules: 

 

Executive Performance Overview Layer: Built for C-

suite officers and regional corporate directors. This 

layout provides high-level visibility into institutional 

health by highlighting total revenue, global target 

attainment ratios, and profit margins. It includes 

interactive filtering options categorized by fiscal 

quarter and major lines of business. 

 

Product Portfolio & Cross-Selling Matrix: Engineered 

for national product managers and marketing 

strategy leads. This module features interactive 

donut charts and cross-filtering matrices that allow 

users to look deep into sales performance across 

different banking and insurance categories. 

Selecting a specific product line automatically filters 

consumer demographics charts, highlighting oppor-

tunities for cross-selling. 

 

Branch Operations & Agent Leaderboard: Built for 

area operational managers and individual branch 

super-visors. This interface includes an interactive 

geographic map with color-coded bubbles to 

highlight regional per-formance strengths and 

weaknesses. It features drill-down menus that allow 

managers to click a specific city node and 
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immediately view individual agent metrics for that 

local branch. 

 

V. RESULTS AND EXPERIMENTAL 

BENCHMARKING 
 

To verify the performance improvements of the 

HETL-BDM framework, the platform was subjected 

to rigorous technical testing and user validation 

studies. 

 

1. Quantitative Performance and Computation 

Optimization Metrics 

Performance benchmarking was conducted using 

Perfor-mance Analyzer tools to track query speeds 

and visual ren-dering times on the 5.5-million-row 

dataset. The results show significant performance 

gains when compared to traditional, manual 

reporting systems. 

 

Table 2: System Performance Metrics and Query 

Speed Benchmarks 

 
 

The performance data in Table II highlights the 

efficiency of the HETL-BDM framework. Migrating 

from slow table scans to indexed star schema 

connections reduced data ingestion times from a 3-

to-5 day delay down to a 4.2-minute update cycle. 

Optimized DAX calculations eliminated calculation 

bottlenecks, bringing visual rendering response 

times down to 1.15 seconds, well within standard 

enterprise requirements. 

 

2. Empirical Usability Validation Study 

To evaluate the user experience and impact on 

decision-making efficiency, a comprehensive 

usability study was con-ducted with 45 financial 

management professionals. The par-ticipant pool 

included 5 senior executives, 15 regional ad-

ministrators, and 25 branch supervisors. User 

feedback was collected using the standardized 

System Usability Scale (SUS) 

  

model, alongside specialized tracking metrics to 

monitor task completion rates and decision-making 

speed. 

 

 
Fig. 3. Task Completion Latency comparison 

between legacy manual report-ing frameworks and 

the proposed HETL-BDM dashboard architecture 

across distinct user roles. 

 

The dashboard scored an average SUS rating of 86.4, 

plac-ing the user interface in the excellent usability 

category. The integration of centralized visual 

filtering options significantly accelerated tactical 

decision-making speed. Executive users reported 

that identifying underperforming asset divisions 

took an average of 45 seconds using the interactive 

dashboard, compared to over 2 hours when 

analyzing static spreadsheets. Furthermore, the task 

completion rate for locating regional agent 

performance metrics reached 100%, validating the 

plat-form’s efficiency and user-friendly design. 

 

VI. CONCLUSION AND FUTURE SCOPE 
 

This research demonstrates the design and 

deployment of an optimized Sales Performance 

Dashboard engineered to resolve data management 

bottlenecks within the BFSI sector. By migrating from 

static, disconnected legacy reporting systems to an 
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integrated business intelligence architecture, 

financial institutions can eliminate operational 

visibility gaps, automate intensive data preparation 

workflows, and foster a data-driven corporate 

culture. The structural foundation established here 

utilizes an optimized ETL architecture, strong 

relational star schema data modeling, and an 

intuitive UI layout to deliver real-time, actionable 

insights to branch managers and execu-tive 

leadership. 

 

Detailed Future Work and Implementation 

Blueprints 

 

The system framework can be expanded across two 

distinct technical areas: 

  

Predictive Analytics Engine Integration: Future iter-

ations will embed automated machine learning 

mod-els directly into the analytical pipeline using 

integrated Python scripting components. By 

deploying multi-variate time-series forecasting 

frameworks (such as ARIMA and Prophet models), 

the system can transition from tracking historical 

trends to providing predictive sales forecasting and 

customer churn alerts, adjusting forecasts dynami-

cally based on changing macroeconomic indicators 

like interest rates. 

 

Real-Time Streaming Architecture Layer: To support 

intraday fraud tracking and transaction monitoring, 

the database refresh layer can be migrated to a 

continuous streaming pipeline using an Apache 

Kafka infrastructure paired with Azure streaming 

tools. This extension will ingest live transactional 

event streams directly into Power BI’s push-dataset 

endpoints, cutting reporting latency down to sub-

second windows. The primary development 

challenge will involve managing memory utilization 

during simultaneous query reads and data writes 

within the VertiPaq memory engine. 
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