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Abstract

The growing complexity of financial planning and analysis (FP&A) requires the integration of diverse data sources to
deliver accurate insights for decision-making. Traditional FP&A systems such as Essbase and SAP BW have long
supported planning, budgeting, and forecasting, yet they often operate in silos, creating reconciliation challenges when
analyzing cohort profitability, customer lifetime value (LTV), customer acquisition cost (CAC), and variance
decomposition. At the same time, the increasing availability of payments data has introduced new opportunities to enrich
financial analytics by linking transaction-level activity with profitability and forecasting frameworks. This review explores
the convergence of FP&A and payments data through integrated data fusion approaches, with a particular focus on Esshase—
SAP BW reconciliation.

The paper highlights three core areas: cohort-based profitability, where data fusion strengthens the accuracy of P&L
analysis; LTV/CAC attribution, where integrated datasets reduce attribution bias across channels; and budget—forecast
variance analysis, where reconciliation improves root-cause identification. By synthesizing insights from existing literature,
the review underscores the transformative potential of data fusion in enhancing FP&A practices. It concludes by outlining
the implications for strategic decision-making and future research directions, emphasizing pathways for industry adoption,
standardization, and the incorporation of advanced technologies such as Al and machine learning.

Keywords: Financial Planning and Analysis (FP&A), Payments Data, Data Fusion. Cohort Profitability and LTV/CAC
Attribution.

l. INTRODUCTION The fusion of FP&A systems with payments data
has emerged as a transformative approach to resolving

» Background of the Study

The growing complexity of financial planning and
analysis (FP&A) has highlighted the need for seamless
integration of diverse data sources, particularly in
organizations that manage large-scale payments and
customer transactions. Traditional FP&A systems, such
as Oracle Essbase, have been widely adopted for
budgeting, forecasting, and performance management
due to their multidimensional analysis capabilities
(White, 2020). However, these systems often operate in
isolation from enterprise data warehouses such as SAP
BW, which store vast amounts of operational and
payments-related data. This fragmentation creates
reconciliation challenges that limit visibility into
profitability at a granular cohort level and complicate
strategic decision-making (Klaus & Winter, 2021).

these issues. By reconciling Essbase and SAP BW data,
organizations can generate more accurate cohort-based
profit and loss (P&L) statements, enabling refined
lifetime value (LTV) and customer acquisition cost
(CAC) attribution (Chaudhry & Singh, 2022).
Furthermore, integrated  datasets enhance the
decomposition of budget—forecast variances, supporting
root-cause analysis and improved forecasting accuracy.
As businesses increasingly rely on customer-centric
financial strategies, data fusion in FP&A is becoming a
critical enabler of sustainable profitability and long-term
growth (Johnson & Becker, 2023).

» Scope and Relevance to FP&A and Payments Data
The scope of this study focuses on reviewing the
integration of financial planning and analysis (FP&A)
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systems with payments data, particularly emphasizing the
reconciliation of Essbase and SAP BW platforms. It
examines how this integration supports three key areas of
financial management: cohort-based profit and loss
(P&L) reporting, lifetime value (LTV) and customer
acquisition cost (CAC) attribution, and budget—forecast
variance decomposition. By concentrating on these
dimensions, the study aims to highlight the benefits of
unified data ecosystems in overcoming fragmented
reporting structures and aligning financial insights with
customer-level activities (Farris, Bendle, Pfeifer, &
Reibstein, 2021). This scope provides a comprehensive
understanding of how organizations can optimize
financial processes by leveraging both structured FP&A
outputs and dynamic operational datasets from payments
systems (Méller & Schmitz, 2022).

The relevance of this review is grounded in the
increasing demand for integrated financial intelligence
within modern enterprises. As organizations navigate
competitive environments and data-driven decision-
making, the fusion of FP&A and payments data becomes
central to unlocking deeper business insights (Becker &
Johnson, 2023). Cohort-based analysis allows firms to
trace profitability patterns across customer segments,
while refined LTV/CAC attribution enhances resource
allocation and marketing efficiency. Similarly, improved
variance decomposition strengthens forecasting reliability
and performance evaluation, enabling proactive
adjustments to strategy (Chaudhry & Singh, 2022). Thus,
this study contributes to the broader discourse on digital
finance transformation by positioning data fusion as a
critical driver of accuracy, transparency, and sustainable
growth in FP&A practices.

» Objectives of the Study

The main objective of this study is to review the
role of data fusion between FP&A systems and payments
data in enhancing financial decision-making and strategic
management. Specifically, it aims to explore how
reconciling Essbase and SAP BW can improve cohort-
based profit and loss analysis, strengthen the accuracy of
lifetime value (LTV) and customer acquisition cost
(CAC) attribution, and provide deeper insights into
budget—forecast variance decomposition. By
consolidating perspectives from existing literature and
industry practices, the study seeks to highlight the
benefits, challenges, and future prospects of integrating
financial and operational datasets for more reliable
forecasting, performance evaluation, and long-term value
creation.

» Structure of the Paper

This paper is organized to provide a
comprehensive review of how the integration of financial
planning and analysis systems with payments data is
reshaping modern financial management. It begins by
establishing the context and relevance of FP&A in
relation to payments data, highlighting the traditional
approaches and their limitations before introducing the
opportunities brought about by enriched transactional
insights. The discussion then progresses to explore the

implications of cohort-based profitability, customer
lifetime value, customer acquisition cost attribution, and
budget—forecast variance analysis, emphasizing how
integrated data environments enhance both accuracy and
transparency. Finally, the review synthesizes key insights
from the literature, reflects on their practical implications
for decision-making in financial and strategic contexts,
and suggests pathways for future adoption and research
to strengthen the alignment of technology with financial
performance goals.

EVOLUTION OF FP&A AND PAYMENTS
DATA INTEGRATION

» Traditional FP&A Systems and Limitations

Traditional financial planning and analysis
(FP&A) systems were primarily designed to support
budgeting, forecasting, and reporting processes through
structured financial models. Tools such as Oracle Esshase
and Hyperion Planning became widely adopted due to
their multidimensional data analysis and scenario
modeling capabilities, allowing finance teams to
consolidate reports and track key performance indicators
(Berg, 2020). These systems provided robust support for
periodic planning cycles and enabled organizations to
standardize financial processes across departments
(Atalor et al., 2019). However, their functionality was
often confined to historical and static datasets, limiting
their ability to adapt to the fast-paced requirements of
modern, data-driven decision-making (Kumar & Bhatia,
2021).

Despite their strengths, traditional FP&A platforms
face several limitations. They often operate in isolation
from enterprise data warehouses and operational systems,
creating challenges in integrating transactional or
payments-related data (Hiebl, 2021). This siloed
architecture hinders real-time analysis, reduces visibility
into customer-level profitability, and restricts the scope
of strategic insights. Furthermore, reliance on manual
reconciliations and rigid data models increases the risk of
errors and inefficiencies, slowing down decision-making
processes (Grant & Parker, 2022). As organizations
increasingly demand agile, customer-focused financial
intelligence, these constraints highlight the necessity of
evolving FP&A systems toward integrated, data-fusion
frameworks.

» Emergence of Payments Data in Financial Analytics
The rise of digital transactions and online
platforms has significantly expanded the scope of data
available to financial analysts. Payments data, once
considered purely operational, is now recognized as a
valuable source of insight into customer behavior,
revenue flows, and market dynamics. With the
proliferation of e-commerce, mobile wallets, and real-
time payment systems, organizations can capture granular
information on transaction frequency, average order
values, and payment preferences as presented in table 1
(Arora & Mehta, 2020). This level of detail provides
finance teams with a deeper understanding of customer
lifecycles and allows for more precise forecasting of
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revenues and cash flows (Deloitte, 2021). As businesses
increasingly operate in data-intensive environments,
payments data has become an essential input for
performance analysis and strategic planning.

Incorporating payments data into financial
analytics also addresses the limitations of traditional
FP&A systems. While older platforms often relied on
static historical figures, transaction-level payments data
enables dynamic, customer-centric perspectives on

profitability and risk (Sharma & Jain, 2022). This
integration enhances the accuracy of key performance
measures such as cohort-based profit and loss (P&L) and
lifetime value (LTV) calculations. Moreover, payments
data provides valuable context for analyzing budget—
forecast variances by linking financial outcomes to
underlying customer and transaction patterns (PwC,
2023). The growing emphasis on digital finance has
therefore positioned payments data as a critical driver of
innovation in FP&A practices.

Table 1 The summary of Emergence of Payments Data in Financial Analytics

Dimension Description

Relevance to FP&A

Examples in Practice

Transactions from credit/debit
cards, digital wallets, and
online gateways

Data Sources

Provides real-time insights into
customer spending and revenue

Visa, MasterCard, PayPal, Stripe,
mobile money platforms
streams

Analytical Rich behavioral and trend data | Enables segmentation, demand Identifying churn risk, seasonal
Value beyond accounting ledgers forecasting, and product-level | sales patterns, and spending clusters
profitability
Integration Can be merged with ERP and Improves reconciliation, Linking transaction-level data with
Potential Bl systems like SAP BW and | variance analysis, and decision- budgeting forecasts and financial
Essbase making accuracy KPls
Strategic Supports customer acquisition, | Enhances LTV/CAC modeling, Using payment flows to refine
Applications retention, and long-term value pricing optimization, and marketing ROI, subscription

measurement

strategic investment

models, and expansion strategies

» The Shift Toward Integrated Data Fusion (Essbase—
SAP BW)

The increasing demand for accurate and timely
financial insights has accelerated the shift toward
integrating FP&A platforms like Essbase with enterprise
data warehouses such as SAP BW Atalo (Atalor et al.,
2022) as shown in figure 1. Traditionally, these systems
operated separately—Essbase focusing on
multidimensional financial modeling and SAP BW
managing large-scale operational and transactional data
(Ajayi et al., 2019). This separation often resulted in
reconciliation gaps, delays, and inconsistencies in
financial reporting (Miller & Hartmann, 2020). As
organizations expand their digital capabilities, the need to
unify financial and payments data has become essential
to ensure consistency in profit and loss (P&L) reporting,
customer metrics, and variance analysis (Kieninger,
2021).

Integrated data fusion between Essbase and SAP
BW enables a single version of financial truth, reducing
manual interventions and improving transparency across
planning cycles. By reconciling multidimensional FP&A
data with granular transaction records, companies gain
richer insights into customer-level profitability and
acquisition costs (Reichmann & Seidenschwarz, 2022).
This integration also enhances budget—forecast variance
decomposition by directly linking financial outcomes to
operational drivers (Atalor et al.,, 2022). As digital
finance matures, the shift to hybrid data ecosystems
positions Essbase-SAP BW reconciliation as a
cornerstone for advanced FP&A practices, supporting
both strategic agility and long-term growth (Loos, Fuchs,
& Hasan, 2023).

< The Shift Toward Integrated Data Fusion (Essbase—-SAP BW) >
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Fig 1 The Diagram Showing the Shift Toward Integrated Data Fusion (Essbase—-SAP BW)




Figure 1 Ilustrates the shift toward integrated data
fusion between Essbase and SAP BW in financial
planning and analysis (FP&A). It begins with traditional
FP&A and data warehousing, where Essbase handles
multidimensional financial modeling and SAP BW
manages operational data, highlighting challenges of
separation such as reconciliation gaps and reporting
delays. The integration of these systems leads to unified
financial and payments data, providing a single version of
truth and enabling enhanced insights by linking financial
outcomes to operational drivers. Strategically, this
integration supports advanced FP&A practices, creates
hybrid data ecosystems, and fosters organizational
growth and agility. Overall, the diagram emphasizes how
bridging transactional and financial systems through
integrated data fusion enhances transparency, accuracy,
and decision-making capabilities in modern financial
operations.

1. COHORT P&L ANALYSIS IN
FINANCIAL PLANNING

» Concept and Importance of Cohort-Based
Profitability
Cohort-based profitability is a financial analysis
approach that groups customers by shared characteristics,
such as acquisition date, product usage, or payment
behavior, to evaluate long-term revenue and cost patterns.

Unlike traditional aggregated reporting, cohort analysis
allows firms to isolate performance trends across distinct
customer segments, providing deeper visibility into
profitability drivers as presented in table 2 (Chen, Huang,
& Wang, 2020). By tracking customer cohorts over time,
organizations can assess retention rates, recurring
revenues, and the true lifetime value (LTV) of different
customer groups. This perspective moves beyond static
averages, offering finance teams a dynamic framework
for understanding how acquisition strategies and product
offerings impact financial outcomes (Nguyen & Simkin,
2021).

The importance of cohort-based profitability in
financial planning lies in its ability to connect customer
behavior directly with P&L outcomes (Ononiwu et al.,
2023). For instance, marketing campaigns may generate
initial revenue spikes, but cohort analysis reveals whether
customers remain profitable in the long term after
acquisition costs are considered (Brown & Roberts,
2022). This approach supports more accurate LTV and
customer acquisition cost (CAC) attribution, enabling
finance leaders to allocate resources effectively and
prioritize high-value segments. Furthermore, cohort
analysis enhances forecasting accuracy by linking future
revenue streams to historical cohort performance, making
it an essential tool for strategic FP&A in competitive,
customer-driven industries (Fitzgerald, 2023).

Table 2 The summary of Concept and Importance of Cohort-Based Profitability

Dimension Description Relevance to FP&A Examples in Practice
Definition Groups of customers segmented Provides structured analysis of Customers acquired in Q1 via
of Cohorts | by shared characteristics such as | revenue and cost drivers over time | digital ads vs. those acquired via
acquisition date, channel, or referral programs
behavior
Profitability Monitors revenue, cost, and Improves visibility into customer Comparing subscription renewals
Tracking margin evolution within each lifetime performance and churn between early adopters and later
cohort dynamics cohorts
Strategic Reveals which acquisition Helps optimize resource Identifying that referral-based
Insights channels or customer types allocation, marketing spend, and | cohorts yield higher LTV than paid
deliver sustainable value retention strategies search cohorts
Forecasting Supports long-term financial Enhances scenario planning, Using historical cohort
Value planning and predictive modeling profitability projections, and performance to project future
capital allocation growth in SaaS or fintech models

» Challenges in Reconciling Cohort Data Across
Systems

Reconciling cohort data across financial and
operational systems presents significant challenges due to
differences in data structures, definitions, and processing
methodologies. FP&A platforms like Essbase are
designed for aggregated financial reporting, while
enterprise data warehouses such as SAP BW manage
highly granular transactional datasets. These structural
differences often lead to inconsistencies when aligning
customer acquisition dates, payment records, or revenue
attribution to cohorts as represented in figure 2 (Ginther,
Rezazade Mehrizi, Huysman, & Feldberg, 2017). In
many cases, manual reconciliation is required, which is
time-consuming and error-prone, reducing the reliability
of cohort profitability reporting (Kiron & Shockley,

2020). Moreover, fragmented system architectures limit
the ability to trace customer-level contributions
seamlessly from transactional data to consolidated
financial statements.

Another challenge lies in the lack of standardized
metrics across systems, particularly when calculating key
measures such as lifetime value (LTV), customer
acquisition cost (CAC), and retention-based profitability.
Variations in data refresh cycles, definitions of “active
customers,” or the timing of cost recognition can produce
discrepancies that hinder meaningful cohort comparisons
(Awan, 2021). Additionally, data governance and
compliance requirements, including privacy regulations,
further complicate the reconciliation process by
restricting how customer-level information can be
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integrated and analyzed across systems (Zwitter &
Gstrein, 2020). These challenges underscore the need for
advanced data fusion frameworks that ensure accuracy,

consistency, and compliance in cohort-based financial
analysis.
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Figure 2 shows the process of data reconciliation in
a data warehouse, highlighting the flow from the input
layer to the final stored data. The input layer consists of
multiple sources, including a CRM system, a payment
system, and an Excel spreadsheet, each providing data
such as customer IDs, transaction IDs, and amounts paid.
For instance, the CRM system records a customer ID of
12345 with a total purchase of $200, the payment system
logs a transaction ID of 12345 with an amount paid of
$200, and the Excel spreadsheet also lists a transaction
ID of 12345 with an amount paid of $200. This data is
then fed into the Data Reconciliation Engine, which
performs two key functions: data matching and data
transformation. Data matching aligns the transaction ID
12345 across all sources to ensure consistency, while data
transformation normalizes formats (e.g., date or currency
conversions) to prepare the data for storage.

The reconciled and transformed data is then
transferred to the data warehouse as cleaned, reconciled
data, retaining the transaction ID 12345 and the
reconciled amount of $200. This process ensures that
discrepancies between different data sources are resolved,
providing a unified and accurate dataset for analysis. The

Fig 2 The picture of Challenges in Reconciling Cohort Data Across Systems (Giinther, et al., 2017).

lower section of the diagram addresses common
challenges in data reconciliation and suggests ways to
overcome them, though specific challenges are not
detailed in the image. The mention of “intone.com"
suggests this may be a resource or provider related to the
process, indicating a potential source for further
information or tools to aid in data reconciliation efforts.

» Role of Data Fusion in Enhancing Cohort P&L
Insights

Data fusion between FP&A platforms and
enterprise data warehouses plays a critical role in
enhancing the accuracy and depth of cohort-based profit
and loss (P&L) analysis. By  reconciling
multidimensional financial models from Esshase with
detailed transaction-level data stored in SAP BW,
organizations can bridge the gap between aggregate
reporting and granular customer insights. This integration
allows finance teams to track revenue streams,
acquisition costs, and retention patterns with greater
precision across customer cohorts (George, Haas, &
Pentland, 2014). As a result, managers gain visibility into
long-term profitability drivers and can better distinguish
between high-value and low-value customer segments.
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Such enhanced insights are essential for refining pricing
strategies, marketing campaigns, and resource allocation
(ljiga et al., 2022). Beyond accuracy, data fusion also
improves timeliness and transparency in financial
planning. Automated reconciliation across systems
reduces reliance on manual processes, minimizes errors,
and supports near real-time updates to cohort P&L
models (Sun, Strang, & Firmin, 2017). This capability
enables organizations to conduct scenario analyses and
variance decomposition more effectively, linking
customer behaviors to financial outcomes. Moreover,
integrated cohort insights strengthen strategic decision-
making by aligning operational realities with financial
projections, ultimately improving forecast reliability and
organizational agility (Appelbaum, Kogan, Vasarhelyi, &
Yan, 2017).

(AVA LTV/CAC ATTRIBUTION IN
INTEGRATED FP&A SYSTEMS

» Defining LTV and CAC in Payment-Driven Business
Models

Lifetime value (LTV) and customer acquisition

cost (CAC) are two of the most critical metrics for

evaluating profitability and strategic sustainability in

payment-driven business models. LTV refers to the

projected net revenue that a company expects to generate

from a customer over the entire duration of the
relationship, accounting for factors such as transaction
frequency, average order value, and retention rates as
presented in table 3 (Gupta & Lehmann, 2006). CAC, on
the other hand, represents the total expense incurred to
acquire a new customer, including marketing, sales, and
promotional expenditures (Pfeifer, 2018). Together, these
measures provide a comprehensive view of customer-
level profitability and form the foundation for assessing
return on investment in acquisition strategies (Abiodun et
al., 2023).

In payment-centric industries such as e-commerce,
fintech, and subscription-based services, LTV and CAC
are particularly important because customer retention and
recurring transactions are key drivers of growth
(Ononiwu et al., 2023). A favorable LTV-to-CAC ratio
indicates efficient resource utilization and sustainable
expansion, while an unfavorable ratio highlights
inefficiencies in acquisition spending (Fader & Hardie,
2019). FP&A teams increasingly rely on these metrics to
align operational performance with long-term strategic
objectives (ljiga et al., 2021). Integrating payments data
into FP&A systems further refines these calculations,
enabling greater accuracy in profitability forecasting and
resource allocation across cohorts (Dholakia, 2020).

Table 3 Summary of LTV and CAC in Payment-Driven Business Models

Core Metric Key Elements Strategic Importance Practical Illustration
Customer Total projected net revenue froma | Guides pricing, retention policies, Subscription platforms
Lifetime customer over their relationship and profitability analysis measuring average revenue per

Value (LTV) cycle

user (ARPU) over 24 months

Customer All marketing, sales, and Determines efficiency of growth Fintech firm calculating CAC
Acquisition onboarding costs spent to gain a investments and return on based on ad spend and
Cost (CAC) new customer acquisition spend onboarding incentives

LTVICAC Comparison of value generated per Acts as a benchmark for Healthy SaaS benchmark often

Ratio customer vs. cost of acquiring them | sustainable business growth and cited as 3:1 (three times LTV
capital efficiency relative to CAC)

Payments Transaction-level insights into Improves accuracy of LTV/CAC Payment processors analyzing

Data Role customer spending and retention models with real-time financial repeat purchases vs. one-time

behavior

performance data

transactions

» Attribution Complexities Across Channels and
Cohorts

Attribution of customer lifetime value (LTV) and
acquisition costs (CAC) across multiple channels and
cohorts presents persistent challenges for FP&A teams.
In today’s digital ecosystem, customers interact with
firms through diverse touchpoints such as online
advertising, social media, direct sales, and referral
programs making it difficult to assign revenue and costs
accurately to the appropriate channel (Wiesel, Skiera, &
Villanueva, 2011). The problem is compounded when
assessing customer cohorts, as acquisition timing,
channel influence, and retention behavior vary widely
across segments (Court, Elzinga, Mulder, & Vetvik,
2009). Without consistent attribution frameworks,
organizations risk misrepresenting channel effectiveness
and over- or underestimating the profitability of certain
cohorts (ljiga et al., 2021).

Another layer of complexity arises from the
dynamic nature of customer behavior. Customers may
switch channels over time, engage with multiple
platforms simultaneously, or respond to campaigns
indirectly, making linear attribution models insufficient
(Li & Kannan, 2014). This complicates the alignment of
acquisition costs with long-term cohort profitability,
especially in  subscription and transaction-heavy
industries where payments data is highly granular.
Advanced attribution models, including multi-touch and
algorithmic approaches, have been proposed to address
these challenges, but their effectiveness depends heavily
on the integration of reliable cross-channel data and
sophisticated analytical capabilities (Jerath, Fader, &
Hardie, 2019).




Attribution Complexities Across Channels and Cohorts
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Fig 3 The diagram illustration of Attribution Complexities Across Channels and Cohorts

Figure 3 depicts the complexities of attribution
across different channels and customer cohorts, showing
how challenges in measuring marketing and decision
impacts are interconnected. It highlights how attribution
issues stem from a lack of standardized frameworks and
multi-channel touchpoint complexity, leading to cross-
channel influence overlaps. Cohort variability adds to the
challenge with retention behavior variations and
acquisition timing differences, creating channel influence
disparities. These attribution and cohort-related
difficulties directly affect decision-making, where
misrepresented channel effectiveness and profitability
miscalculations emerge. Ultimately, such inaccuracies
create strategic misalignment risks, where organizations
may allocate resources inefficiently or pursue misguided
strategies. The diagram emphasizes the need for robust,
standardized attribution frameworks to minimize risks
and enhance decision-making accuracy across multi-
channel and cohort-based marketing.

» Impact of Data Fusion on Accuracy of LTV/CAC
Calculations

Data fusion the integration of multiple
heterogeneous data sources into a unified analytical
framework significantly improves the precision of
Lifetime Value (LTV) and Customer Acquisition Cost
(CAC) calculations. Traditionally, organizations relied on
siloed datasets from CRM, ERP, or marketing platforms,
leading to inconsistent or incomplete profitability
assessments (Provost & Fawcett, 2013). By fusing
payments data with operational and marketing records,
FP&A teams can capture the full spectrum of customer
interactions, from initial acquisition costs to long-term
revenue contributions (Malthouse & Li, 2017). This
holistic view reduces attribution bias, minimizes blind
spots in cost allocation, and enhances the reliability of
cohort-based profitability measures (Atalor et al., 2023).

Moreover, integrated data fusion facilitates the
adoption of advanced analytics, such as predictive
modeling and machine learning, to forecast LTV more
accurately and optimize CAC across channels. For
instance, payment-level granularity helps distinguish
recurring  customers  from one-time  purchasers,
strengthening forecasts of retention and churn (Nguyen &
Simkin, 2022). Similarly, real-time synchronization of
payment streams with marketing data enables continuous
recalibration of acquisition efficiency, ensuring capital is
allocated to the most profitable channels (Martinez-
Lépez & Casillas, 2013). In this sense, data fusion not
only enhances financial accuracy but also supports
dynamic, evidence-based decision-making in payment-
driven business models.

V. BUDGET-FORECAST VARIANCE
DECOMPOSITION

» Understanding Variance in FP&A Context

Variance analysis is a core component of Financial
Planning and Analysis (FP&A), serving as a diagnostic
tool to evaluate deviations between planned and actual
financial outcomes as represented in figure 4 (Haka,
2021). In this context, variance provides insights into
whether performance gaps arise from revenue shortfalls,
higher-than-expected costs, or structural inefficiencies in
resource allocation (Ononiwu et al., 2023 For FP&A
teams, understanding variance goes beyond simple
arithmetic differences; it involves dissecting drivers such
as volume, price, and operational effectiveness to reveal
the underlying causes of business performance
fluctuations (Drury, 2018). Proper interpretation of these
deviations allows firms to strengthen budgeting
processes, refine forecasting accuracy, and design
corrective strategies that align with long-term objectives
(Imoh et al., 2023).



In payment-driven business environments, variance
assumes even greater importance because transaction-
level data introduces both opportunities and complexities
in financial analysis. Payments data can highlight
discrepancies in customer behavior, seasonal demand
patterns, or regional adoption of digital channels, all of
which impact profitability (Raj & Sundararajan, 2020).

By integrating payments intelligence into variance
analysis, FP&A professionals can isolate anomalies with
higher precision, ensuring that decisions are informed by
granular financial and behavioral insights (Ihimoyan et
al., 2022). This makes variance not only a measure of
performance but also a strategic tool for improving
forecasting reliability and resource optimization.

People

Fig 4 The picture showing Understanding Variance in FP&A Context (Haka, 2021).

Figure 4 represents the core components of
Financial Planning & Analysis (FP&A) through a central
hub labeled "FP&A," which is connected to four key
elements: People, Process, Data, and Technology. These
elements are depicted as colored circles surrounding the
central FP&A circle, indicating their interdependence and
critical roles in the FP&A framework. The green circle
for "People” signifies the human resources and expertise
involved, such as financial analysts and decision-makers,
who drive the planning and analysis processes. The blue
circle for "Process” highlights the structured
methodologies and workflows that ensure efficient and
consistent financial planning and reporting. The red circle
labeled "Data” emphasizes the importance of accurate
and comprehensive financial data as the foundation for
effective FP&A, providing the raw material for analysis
and forecasting. The purple circle for "Technology"
underscores the role of tools and systems, such as
software and data analytics platforms, that enable
automation, data integration, and advanced modeling.
Together, these four components form a balanced
ecosystem around FP&A, suggesting that successful
financial planning and analysis require the integration of
skilled personnel, defined processes, reliable data, and
supportive technology to achieve optimal outcomes.

» Data Gaps and Inconsistencies in Traditional
Forecasting

Traditional forecasting methods in FP&A often
rely heavily on historical financial statements, aggregated
sales data, and static budgeting models. While these
approaches provide a baseline for planning, they tend to
obscure the granular details necessary for detecting shifts
in customer behavior and emerging risks as presented in
table 4 (Hope & Fraser, 2018). One major gap is the lag
in financial reporting, which limits responsiveness to
real-time market changes. Inconsistencies also arise when
external variables such as macroeconomic shocks,
seasonality, or customer churn are insufficiently
captured, leading to biased projections (Otley, 2020). The
result is a forecasting process that is structurally
backward-looking and vulnerable to error when applied
to dynamic business models driven by digital transactions
(Imoh et al., 2023).

In payment-centric environments, these
deficiencies become even more pronounced. Payment
data, by nature, is high-frequency and multi-dimensional,
yet traditional forecasting systems often lack the capacity
to integrate such detail effectively (Wamba et al., 2019).
This creates gaps between actual transactional realities
and forecasted outcomes, resulting in misaligned cash
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flow estimates, revenue misattribution, and inefficiencies
in resource allocation (Atalor et al., 2023). As businesses
increasingly operate across diverse digital ecosystems,
the reliance on outdated forecasting frameworks

amplifies risks, underscoring the need for advanced data
fusion models that reconcile payment streams with
financial forecasts in real time.

Table 4 Summary of Data Gaps and Inconsistencies in Traditional Forecasting

Issue Description

Impact on FP&A Illustration

Fragmented Financial and operational data Slows down consolidation and Finance team using Excel to
Data Sources | stored across unconnected systems | reduces reliability of forecasts manually merge ERP data with

payment system exports

Timing Delays in data capture and Forecasts fail to reflect real-time | Sales data reported monthly while
Mismatches reporting lead to outdated inputs market or customer dynamics payment settlements occur daily

Inconsistent | Variations in formats, definitions, Creates reconciliation Marketing defines “active
Data or classification across challenges and errors in customer” differently from
Standards departments variance analysis finance
Manual Heavy reliance on spreadsheets Introduces human error, reduces FP&A analyst manually
Adjustments and subjective corrections auditability, and increases correcting revenue entries without
forecast bias system validation

» Using Integrated Data for Decomposition and Root-
Cause Analysis

Decomposition analysis in FP&A is essential for
identifying the drivers of budget—forecast variances, such
as revenue shortfalls, unexpected cost escalations, or
margin compression. However, traditional systems often
rely on siloed financial data that fails to capture
transaction-level details or operational linkages (Labro &
Vanhoucke, 2020). This limitation restricts the ability to
perform meaningful root-cause analysis, as financial
outcomes are presented in aggregate rather than being
linked to specific customer cohorts, payment channels, or
product lines (Imoh et al., 2022). Integrated data
environments, by contrast, enable a more granular
decomposition of variances, allowing analysts to
distinguish between structural shifts, such as customer
attrition, and temporary fluctuations, such as seasonality
(Bailey, 2021).

The fusion of payments data with financial metrics
enhances this process by providing real-time visibility
into the underlying behavioral patterns that drive
profitability. For instance, integrating cohort-based
payment histories with cost structures makes it possible
to attribute variances to concrete operational events, such
as a spike in transaction failures or changes in customer
acquisition costs (Tervo, 2022). By leveraging integrated
data, FP&A teams not only improve diagnostic accuracy
but also enhance forward-looking decision-making,
reducing reliance on assumptions and enabling targeted
corrective strategies that are more closely aligned with
business realities.

VI. CONCLUSION AND FUTURE
DIRECTIONS

» Summary of Key Insights from Literature

The reviewed literature highlights a clear
transformation in the way financial planning and analysis
is conducted in today’s data-driven environment.
Traditional FP&A systems, while effective for structured
reporting, often lacked the depth and flexibility to capture
dynamic business realities, particularly in industries

where payments data is central to performance
evaluation. With the emergence of payments data as a
critical analytical asset, organizations have moved toward
integrated data fusion approaches that combine financial
and operational information for more accurate and
actionable insights. A recurring theme across the
literature is the shift from siloed reporting to a more
holistic, cohort-based perspective that allows for precise
profitability analysis and improved tracking of customer-
related metrics such as lifetime value and acquisition
costs. Another consistent finding is the importance of
integrated systems in addressing challenges of data
inconsistencies, attribution complexity, and variance
analysis. Overall, the literature converges on the idea that
FP&A effectiveness is significantly enhanced when
payments data and financial metrics are reconciled within
unified analytical frameworks.

» Implications for FP&A and Strategic Decision-
Making

The integration of payments data into FP&A
practices has significant implications for both operational
efficiency and long-term strategic decision-making. By
fusing financial and transactional data within unified
platforms, FP&A teams can generate more granular and
forward-looking insights that move beyond static
reporting. This enables decision-makers to understand
profitability not only at the company or product level but
also across customer segments, channels, and cohorts.
Such precision supports better resource allocation,
pricing strategies, and investment in growth initiatives.

From a strategic perspective, the availability of
reconciled cohort-based P&L and accurate LTV/CAC
calculations empowers leadership to make informed
choices about scaling markets, optimizing customer
acquisition strategies, and managing risk exposure. It also
enhances the accuracy of budget—forecast variance
decomposition, allowing organizations to identify root
causes of financial deviations more effectively. This
ability to pinpoint drivers of performance provides a
competitive advantage by aligning tactical decisions with
long-term business objectives. Ultimately, the fusion of
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FP&A and payments data represents a shift toward more
agile, data-driven, and strategically aligned financial
management.

» Future Research and Industry Adoption Pathways
Future research in FP&A and payments data
integration should focus on developing frameworks that
standardize reconciliation processes between systems
such as Esshbase and SAP BW, while accommodating
diverse data structures across industries. As payments
ecosystems continue to expand with digital wallets, open
banking, and real-time settlements, future studies could
explore how these evolving data sources reshape
profitability =~ modeling, customer valuation, and
forecasting accuracy. There is also room to investigate
the role of artificial intelligence and machine learning in
automating variance analysis, attribution modeling, and
anomaly detection within integrated FP&A systems.

From an industry adoption perspective,
organizations will need to navigate challenges around
data governance, interoperability, and scalability.
Building trust in fused datasets will require transparent
methodologies and clear accountability between finance
and operations teams. Future pathways also include the
development of industry-wide benchmarks for LTV/CAC
ratios and cohort profitability, driven by standardized
data fusion practices. As adoption matures, companies
that invest early in integrated platforms are likely to gain
an edge in predictive financial planning, scenario
modeling, and strategic agility.
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