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INTRODUCTION

My development idea stems from my observation of repeated financial challenges within small to mid-sized e-commerce businesses since no one can determine actual order profitability after accounting for fees, shipping costs, advertising expenses and refunds. The platforms show immediate top-line sales data, but the complete financial information exists in multiple CSV files which contain processor fees, courier expenses, advertising costs and refund data. The difference between reported sales and actual cash flow creates a significant problem because returns alone cost US retailers $743 billion in 2023 while online return rates exceed those of physical stores at 14.5% of total sales [1] [2]. The decision-making process will be based on incorrect data when failed to subtract all relevant costs from each order [2].

The use of marketing metrics creates additional challenges for businesses. The simplicity of last-click attribution leads teams to use it, but industry surveys demonstrate that this method fails to show the best value drivers because it disregards previous interactions and distributes funds incorrectly [3]. The calculation of ROAS (revenue per ad spend) produces misleading results because two advertising campaigns with equivalent ROAS values will show different profit margins after adding fees, shipping costs and refund expenses [4]. My system aims to eliminate unclear financial data by creating a unified system which calculates net profit per order before presenting results at different levels of detail for cash-based decision making. The technical aspects of this project present an interesting software development problem which requires maintainable data processing systems, straightforward cost distribution methods and user-friendly interfaces that show order-level financial breakdowns for non-accounting team members to understand [3][4]. 
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The e-commerce industry operates as an ongoing business through various sales channels yet small to mid-sized retailers depend on revenue reports for operational management. In practice, the economic reality of an order is scattered across processor fees, courier invoices, ad-platform spend logs and refund information. The United States experienced $743 billion in merchandise returns during 2023 based on industry reports which showed that returns made up 14.5% of total sales [2]. The delivery costs for the last mile segment continue to reduce profit margins because customers demand faster delivery services [6]. The new market requirements need a system that connects order-level cost details to performance metrics which non-financial experts can easily comprehend [6].

Decision-makers obtain reliable numbers through the traditional warehouse practice which uses star schemas, conformed dimensions and repeatable transformations [7]. The implementation of reproducible data pipelines in recent studies supports this position because users can execute documented processes with identical inputs to produce identical results which eliminates the need to determine whose spreadsheet is correct [8]. The design follows reestablished principles from data warehousing and reproducibility research to build an uncomplicated system which accepts CSV inputs and runs predefined rules to produce dependable output results. 

Visualisation research and dashboard practice also matter. A good operational dashboard gives users a broad overview which they can use to access specific details [9]. The principles of public-sector and management studies present information in clear ways for particular situations while allowing users to move from summary data to detailed evidence at any time which matches the needs of retail finance dashboards [10]. Design guidance from applied studies highlights layout, secondary statistics and small multiples to reduce cognitive load useful for making profit drivers legible to non-analysts [10]. The design principles of my project maintain explainability and audit-friendliness because of their implementation. 

The marketing field has acknowledged for many years that single-touch attribution methods particularly last-click attribution create biased results because they give all credit to the last interaction while ignoring earlier points of contact [11]. Academic research shows that MTA (multi-touch attribution) and time-to-event frameworks should be used for customer journey credit distribution because they enable equitable value distribution across all touchpoints [12]. Small and medium enterprises face difficulties when implementing advanced MTA systems because these systems need resources which most SMEs do not possess [13]. The system requires a basic declared heuristic for order-level ad spend distribution based on daily revenue proportion to generate decisions that are both correct and repeatable [12] [13]. The main objective is to prevent incorrect ROAS interpretation as profit while revealing the actual cash flow from campaigns.

Order economics receives direct influence from the second literature stream which studies returns management [5]. Research data indicates e-commerce return rates keep increasing while studies demonstrate performance variations between industries and operational factors including policy design and forecasting and credits/incentives affect these rates [14]. The profitability dashboards need direct modelling of refunds at the order level for profitability calculations but attribution remains at a basic level. The optimization metric we use directly measures the actual changes in bank account funds [14]. 

These technology trends show that future pipelines will use lightweight modular structures (ingest → transform → model → visualise) which operate with standard commodity stacks [15]. The connector-based ingestion and templated transformations in case studies help maintain pipeline stability but my PHP/MySQL build achieves the same pattern through a basic method that operates without cloud infrastructure. The research gap my project targets is therefore practical rather than theoretical. 
The project uses established data-engineering and dashboard principles to transform unorganized files into a unified reliable order profitability view which enables daily decision-making for marketers and founders. 
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Small-to-mid e-commerce businesses do not have a clear and repeatable method to measure the profitability of each order. The operational data about fees and shipping costs and ad spend and refunds exists in different CSV exports which causes teams to use vanity metrics like revenue, ROAS and last-click that do not reflect actual financial results. The system lacks auditable net-per-order numbers, clear day-by-channel and campaign rollups which makes it impossible for managers to determine which activities produce profits or losses. The project solves this information deficiency by creating a single explainable order-level net metric that unifies different scattered data points.
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Philosophy & approach: I use a positivist approach to evaluate success through the measurable and repeatable net-per-order metric which enables actual business choices. I follow a deductive method by establishing precise rules and formulas before applying them to data analysis following the “research onion” structure which starts with philosophy then moves to approach and finally strategy. 

Strategy & choice: The project involves Software Development with an Experiment where I will construct the system while performing quantitative assessments of accuracy, performance and usability testing.

Methodological choice & time horizon: The study will use a quantitative mono-method (computed order metrics) with a small qualitative usability task and will perform a cross-sectional analysis of defined date ranges in the dataset. 

Design & analysis: The pipeline consists of CSV ingest followed by validation then MySQL followed by allocation job (ads: daily proportional or campaign-matched) then SQL views and finally web UI (overview to drill-down, order waterfall). The evaluation process relies on manual ground-truth sheet calculations to achieve less than 2% accuracy while it tests for repeatability by running identical input. Quantitative analysis requires the application of descriptive statistics together with basic comparison methods which suit experimental research. 
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Synthetic CSV files like Order.csv, fees.csv, shipping_costs.csv, ads_spend.csv, refunds.csv are chosen as it contains exactly what’s needed to obtain the required information for order-level net without exposing any PII. 
This could be collected by either exports or generated scripts.
The system contains no personal data and uses a local database with one-click data deletion functionality and a short ethics form. 
The project requires PHP 8/Laravel with MySQL/MariaDB databases for production, SQLite for development, Chart.js for visualization, Python for data generation with Git for version control. 
Standard laptop with no need for GPU or cloud computing since it operates with a lightweight local stack.
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Early to mid-November:
I will create the import wizard during the following two weeks which will include uploading files and mapping columns and previewing 50 rows before performing a MySQL commit with helpful error notifications. I link all these elements together by uniting orders with fees and shipping expenses and refunds and a tiny job which distributes advertising funds based on daily revenue proportions. The system will enable me to view a basic dashboard which displays Revenue, Fees, Shipping, Ads, Refunds and Net per order with day-by-day roll-ups by the end of November. 

Late November to early December: 
Adding useful components to the numbers which include channel views (Website/Etsy/Amazon/TikTok) and campaign views (ROAS and Net/Order by campaign). I create an Orders page and implement an Order detail screen which shows a small waterfall diagram that demonstrates the financial calculations. 

Mid December: 
I develop a ground-truth spreadsheet which contains twenty orders and a reconciliation page to verify my app results against manual calculations. The goal I have set for myself is to achieve less than 2% errors in each order. 

January:
This is when everything should start working properly. I would conduct usability testing with five participants to assist them in completing two tasks which involved finding the most profitable channel for this month and identifying underperforming campaigns. I would resolve existing UX problems through the development of a temporary demo which adds file import capabilities and shows daily net results and order waterfall views and checks the accuracy of the reconciliation page. 

February: 
I confirm the flow works correctly by executing it with a larger CSV file which exceeds 10,000 rows while monitoring the total execution duration. I perform index maintenance and query optimization when any process shows signs of slowness. 

March:
I will create evaluation results that include accuracy and repeatability and usability and performance metrics and prepare the necessary charts for the report. I also design the poster visuals. I show my work to others for assessment before conducting my last round of editing. I will finish the entire report sections while making sure all references and screenshots are ready for release. 
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