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Anomauin

Y me3sax posensnymo n’smupisnesy apximexmypy ananimuunoi cucmemu, sxa oxonnioe ETL-xongeep, pywiti 6iznec-
npasul, AHATIMUYHULL MOOYIb, CUMYTIAMOD CyeHapiie ma eenepamop 36imis. Ilpoananizoearno npodiemamuxy AKocmi
O0aHux, 8iON0BIOHOCII HOPMAMUBHUM BUMO2AM i 3axXucmy iHgopmayii 8 Konmexcmi QiHaAHCO8OI AHANIMUKYU eIeKMPOHHOT
Komepyii.

KurouoBi ciioBa: iHTepHET-TOPriBiIA, (PiHAHCOBI ITOTOKW, aHANITHYHA 3BITHICTH, BHIDIATH 3a 3aMoBleHHsA, KPI,
creHapHe MozemroBanHs, ETL, apxiTekTypa aHaTiTHYIHOI CHCTEMH.

Abstract

A five-layer analytical system architecture is proposed, encompassing an ETL pipeline, business rules engine,
analytical module, scenario simulator, and report generator is described. Issues of data quality, regulatory compliance,
and information security in the context of e-commerce financial analytics are discussed.

Keywords: internet commerce, financial flows, analytical reporting, order payouts, KPI, scenario modelling, ETL,
analytical system architecture.

Introduction

Existing enterprise resource planning (ERP) systems and general-purpose business intelligence (Bl) tools
address a broad range of financial reporting needs but frequently lack the domain-specific logic required for
e-commerce payout management. They support standard accounting workflows but do not provide native
capabilities for modelling payout scenarios, simulating the financial impact of changing partner commission
structures, or generating real-time cash-flow projections tied to order fulfilment events [1].

The gap between general-purpose financial software and the specialised needs of e-commerce operators
has motivated the development of dedicated information-analytical systems focused on order-level financial
flow management. These systems must integrate high-volume transactional data ingestion, configurable
business rules for payout calculation, analytical aggregation engines, and presentation layers suitable for
diverse user roles ranging from operational managers to executive stakeholders [2].

The goal is building the architecture for an analytical reporting system to propose a structured architectural
framework for implementing such reporting systems, and to define the core key performance indicators that
should form the foundation of e-commerce financial dashboards. The analysis draws on current literature in
data warehousing, financial analytics, and software requirements engineering.

1. Proposed Architecture for an Analytical Reporting System
The implementation of a comprehensive analytical reporting system for e-commerce financial flows
requires a multi-layer architecture that cleanly separates data ingestion, business logic, analytical processing,
and presentation concerns. Figure 1 illustrates the proposed five-layer architectural model.

Data Sources N N Data Warehouse
(Platform, ERP, Payment GW) (Centralised Storage)

Business Rules Engine - Analytical Engine PN Scenario Simulator
(Payout Algorithms) (Calculations & Aggregation) (What-1f Modelling)

Executive Dashboard - Report Generator N Integration API
(KPI Visualisation) (PDF / Excel / CSV) (OpenAPI 3.0)

Figure 1. Proposed three-layers architecture of an analytical reporting system for e-commerce financial flows



The data ingestion layer is implemented as an ETL (Extract, Transform, Load) pipeline that collects raw
transactional data from heterogeneous source systems — including the e-commerce platform, ERP, and
payment gateways — and delivers cleansed, normalised records to the central data warehouse. For platforms
processing thousands of orders per hour, incremental micro-batch ETL strategies are preferable to full-load
approaches, as they reduce latency between transaction capture and reporting availability [3].

The business rules engine is a dedicated component that encapsulates the contractual payout logic
applicable to each product category, vendor tier, and fulfilment model. Its explicit separation from the
analytical engine is architecturally significant: it allows business stakeholders to update commission rates,
discount thresholds, and return penalties through a configuration interface without requiring changes to the
analytical code. This separation also enables the scenario simulator to apply alternative rule sets to historical
order data, producing side-by-side comparisons of actual versus hypothetical payout outcomes [4].

The analytical engine aggregates rule-processed data into the KPI structures required by the reporting layer.
It maintains pre-computed summary tables at multiple granularities (daily, weekly, monthly; by category,
channel, and region) to support the sub-second query response times required by interactive dashboards.
Columnar storage formats, materialised views, and query caching are standard techniques applied at this layer
to achieve the required performance targets [5].

The scenario simulator enables financial analysts to define and execute parametric models against the data
warehouse without affecting production data or calculations. Scenarios are defined by specifying a set of
parameter overrides (e.g., commission rate = 12% instead of 10%) and a target order population (e.g., all
marketplace orders in Q1). The simulator applies the modified rule set to the specified population and returns
projected financial outcomes alongside the actual baseline, supporting evidence-based decision making for
payout policy changes [6].

The report generator and API layer form the system boundary with external consumers. Pre-built report
templates cover the most frequently requested financial reports (periodic settlement statements, payout
reconciliation, GMV by category), while the RESTful API layer, documented according to the OpenAPI 3.0
specification, enables integration with external accounting systems, regulatory reporting platforms, and
executive business intelligence tools [4].

2. Data Quality, Security, and Regulatory Compliance

The reliability of any analytical reporting system is directly contingent on the quality of its input data. In e-
commerce environments, several recurring data quality issues affect financial calculations. Duplicate
transaction records arise from payment gateway retry mechanisms when network timeouts occur during
payment capture; without deduplication, they inflate GMV and payout totals. Misclassified order categories
result from incomplete product taxonomy maintenance and introduce systematic errors in category-level
payout calculations. Currency conversion inconsistencies, which occur when cross-border transactions are
recorded at different exchange rate shapshots, distort period-over-period comparisons in multi-currency
deployments [3].

Addressing these issues requires the implementation of data quality gates within the ETL pipeline.
Deduplication checks based on transaction identifiers, referential integrity validations against master data
catalogs, and currency normalisation to a single reporting currency should be applied as mandatory pre-
processing steps before data enters the analytical layer. Data quality metrics (duplicate rate, classification error
rate, conversion coverage) should themselves be tracked and reported as operational KPIs of the analytical
system [7].

From a security perspective, financial reporting systems require particularly rigorous access control, as they
provide visibility into commercially sensitive information that could be exploited by competitors or misused
internally. Role-based access control (RBAC) should restrict report access according to the principle of least
privilege: operational managers require access to their own category or region data, while platform-wide
financial summaries should be restricted to authorised finance and executive roles [5]. All access events and
data modifications must be recorded in immutable audit logs that can support both internal compliance reviews
and external regulatory examinations.

Regulatory compliance requirements add a further dimension to report system design. Financial records
associated with e-commerce transactions are subject to corporate tax legislation, value-added tax (VAT)
reporting obligations, and, in many jurisdictions, anti-money laundering (AML) monitoring requirements.
Systems that process personal financial data are additionally subject to data protection legislation, such as the
General Data Protection Regulation (GDPR) in the European Union or the Law of Ukraine "On Personal Data



Protection™ in Ukrainian jurisdictions [1; 6]. Compliance with these requirements must be designed into the
architecture from the outset, particularly with regard to data retention periods, right-to-erasure workflows, and
the auditability of financial calculations.

Conclusions

The three-layer architectural model — comprising ETL pipeline, business rules engine, analytical engine,
scenario simulator, and report generator with integration AP1 — provides a replicable blueprint for organisations
building specialised financial reporting capabilities. The explicit separation of the business rules engine from
the analytical processing layer is identified as a key architectural decision that enables non-technical
stakeholders to maintain payout logic without developer intervention and facilitates scenario modelling
without risk to production data integrity.

Future research directions include the integration of real-time streaming analytics for intraday financial
flow monitoring, the application of machine learning anomaly detection to identify irregular payout patterns
indicative of fraud or data quality failures, and the development of standardised data exchange formats to
reduce the integration overhead associated with connecting analytical reporting systems to heterogeneous e-
commerce platform ecosystems.
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