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[bookmark: _Toc225964250]1. INTRODUCTION / BACKGROUND TO THE PROPOSED RESEARCH
[bookmark: _Toc225964251]1.1 Working title
Design and Evaluation of an Explainable Merchandising Decision Support System (MDSS) for Data-Driven Product Ranking and Trading Optimization in E-commerce Environments.
[bookmark: _Toc225964252]1.2 Background to the subject area and mini critical literature review
Electronic commerce has become a highly data-intensive business environment in which commercial decisions are increasingly shaped by digital traces rather than intuition alone. Product views, add-to-cart events, purchases, pricing signals and stock levels collectively describe how products perform, yet these signals are often dispersed across analytics platforms, spreadsheets and operational systems. In the United Kingdom, the latest Office for National Statistics releases continue to show that online retail forms a substantial and strategically important part of total retail activity, reinforcing the need for reliable, timely and decision-oriented analytical support in this domain [1][2]
The study sits within decision support systems, Business Intelligence, and e-commerce analytics. Classical DSS literature frames the purpose of such systems as improving managerial judgement through the organized use of data, models and interfaces. Phillips-Wren et al. argue that modern BI&A can be understood as an extension of DSS, where increasing volumes of data are converted into deeper managerial insight rather than remaining as raw operational records [3]. This perspective is important because it clarifies that the challenge is not merely collecting more data but designing systems that make data interpretable and actionable.
This study is informed by design science research, an approach that focuses on developing practical solutions to address real-world challenges in information systems, and assessment of artefacts designed to address specific organisational challenges [4]. Peffers propose a systematic framework for design science research, outlining a sequence of activities that guide the process from recognising a problem through to building, applying and assessing a solution [5]. This makes design science especially appropriate for the present project because the intended contribution is not only explanatory knowledge but a working artefact that can be evaluated against a practical decision problem.
Within e-commerce, the literature has developed strongly around recommendation systems, personalisation and predictive optimisation. While data analytics provides substantial value for performance improvement and customer understanding, the field remains conceptually fragmented [6]. Most research is user-facing, whereas merchandising decisions are manager-facing.
This distinction matters. Recommendation systems are primarily designed to personalize content for individual users, whereas merchandising decisions require the prioritization of products from a commercial perspective. In practice, merchandising teams must balance multiple and sometimes competing signals, such as conversion rate, popularity, stock availability and price positioning. Research from the SIGIR eCom community further suggests that ranking effectiveness in e-commerce depends on aligning ranking objectives with the context and intent behind product discovery, rather than assuming a single universal optimization objective [8]. For merchandising teams, this means that ranking is not simply a technical sorting task; it is a strategic decision problem.
Research on dashboard use highlights the need for more structured decision-support approaches. The way information is presented through dashboards can influence decision-making by simplifying tasks and improving how users interpret and use the information [9]. This is highly relevant to e-commerce, where teams frequently operate under pressure. However, dashboards remain largely descriptive. They expose metrics, but they typically do not combine them into a transparent decision model. In other words, dashboards can support interpretation, yet they still leave prioritization to the user.
Industry documentation reinforces this gap between data availability and decision support. Google’s GA4 ecommerce documentation makes clear that meaningful ecommerce analysis depends on deliberately implemented events such as view_item, add_to_cart and purchase, rather than on automatic collection alone [10] [11]. This implies that analytical outputs are only as useful as the structure and quality of the underlying event data. At the same time, Python and pandas provide a strong technical foundation for cleaning, transforming and analyzing such structured data in a reproducible way [12]. These tools are widely used and appropriate for building lightweight, auditable analytical systems.
The existing literature reveals a critical gap. While data collection and analytical capabilities in e-commerce have advanced significantly [6] [7], there is limited focus on systems that transform product-level performance data into structured, explainable decision outputs. In practice, merchandising decisions remain dependent on fragmented dashboards, manual interpretation and individual expertise, as suggested by research on analytics and ranking limitations [8]. Current e-commerce merchandising processes, therefore, lack a structured and explainable decision-support mechanism capable of integrating multiple product performance signals into consistent and actionable prioritization outputs.
[bookmark: _Toc225964253]1.3 Organizational / industry context
The project is based on digital retail and e-commerce trading analysis. In this environment, merchandising and trading teams monitor indicators such as conversion rate, product engagement, average order value, revenue and stock availability to support decisions on visibility, pricing, replenishment and prioritization. Although many organizations have access to dashboards, their day-to-day commercial decisions are still often shaped by manual interpretation [3] of multiple fragmented data sources rather than by a single structured decision-support mechanism.
The study does not depend on access to a specific live commercial organization; however, it is grounded in realistic industry practice. The proposed artefact reflects the kinds of operational decisions encountered in digital trading teams and is intended to be transferable to comparable e-commerce settings.
[bookmark: _Toc225964254]1.4 Research Aim
To construct a system that translates product performance data into clear and actionable decision outputs for e-commerce trading. That enables structured, data-driven product ranking and supports consistent, transparent decision-making.
[bookmark: _Toc225964255]1.5 Objectives of the study
1. To critically analyze academic, governmental and industry literature on decision support systems, business intelligence, e-commerce analytics and product ranking to identify requirements for an effective merchandising decision-support artefact.
2. To define a structured set of product-level variables, KPI formulas and rule-based decision conditions that can be used to support ranking and merchandising decisions.
3. To design and develop a Python-based MDSS prototype that ingests structured product data and generates ranked outputs, KPI summaries, exception alerts and scenario comparisons.
4. To evaluate the artefact through benchmark testing, robustness checks and scenario-based analysis to assess its analytical correctness, transparency and practical usefulness.


[bookmark: _Toc225964256]1.6 Expected outcomes / deliverables
· A documented literature-informed problem definition and system requirements framework.
· A functional Python-based MDSS prototype using Flask, pandas and SQLite.
· A weighted ranking model integrating conversion behaviour, popularity, stock and price positioning.
· Automated KPI summaries, rule-based insight generation and exception alerts.
· Scenario comparison capability for alternative merchandising strategies.
· A final report containing system design, evaluation findings, limitations and recommendations for future development.
[bookmark: _Toc225964257]2. PROJECT DESIGN
[bookmark: _Toc225964258]2.1 Overall design approach
The project adopts a design-and-development approach grounded in design science research. This is appropriate because the central output is a purposeful artefact rather than only a conceptual discussion. Based on established design science approaches, the study follows a structured process that moves from identifying the problem through, to developing and evaluating the proposed solution [4] [5].
The artefact is a prototype Merchandising Decision Support System. Its purpose is to convert structured product-performance data into decision-oriented outputs rather than raw analytics alone. A core design principle is explainability: the system should show not only which products rank highest, but why, by exposing its scoring inputs, KPI formulas and rule-based insight logic. This makes the system suitable for an undergraduate computing project because it is technically meaningful while remaining auditable and defensible in evaluation.
Architecturally, the design uses modular components: a CSV-based data-ingestion layer; a scoring engine for normalization and weighted ranking; a KPI and insight layer for aggregate measures and product-level recommendations; a persistence layer for products, ranking results, market-specific weights and scenarios; and a user-facing web dashboard. The system also supports market-specific configurations and scenario snapshots so that alternative merchandising strategies can be compared without changing the underlying dataset.


	Layer
	Core responsibility
	Technology

	Data ingestion
	Validate and import structured product data
	Python / pandas

	Decision logic
	Ranking, KPI calculation and rule-based insights
	Python

	Persistence
	Store products, rankings, weights and scenarios
	SQLite

	Presentation
	Dashboard, comparison page and user interaction
	Flask + HTML/JS



[bookmark: _Toc225964259]2.2 Data collection methods for each objective
Objective 1 – literature analysis: secondary research will be conducted using peer-reviewed journal articles, conference papers, official statistics and authoritative technical documentation. The data gathered at this stage will include DSS concepts [3], design-science guidance, e-commerce analytics frameworks, ranking and personalization literature, and official documentation for ecommerce event measurement and Python tooling [12]. This information is required to justify the study, define the research gap and derive artefact requirements.
Objective 2 – identification of variables and rules: secondary analysis will be used to define the variables, formulas and thresholds used in the artefact. The required data includes product identifiers, brand, category, price, stock, views, add-to-cart counts, purchases and market labels, together with formulas for conversion rate, estimated revenue, average order value and rule-based exception conditions. These variables are needed because the system is designed to model product-level merchandising decisions rather than user-level recommendations.
Objective 3 – artefact development: the prototype will use structured synthetic or anonymized sample data rather than live customer data. This data will be imported through CSV files and stored in a local SQLite database. Synthetic datasets are appropriate because they provide repeatable development conditions, allow controlled edge-case testing and avoid data-protection complications while still representing realistic product-level inputs.
Objective 4 – evaluation: the system will be evaluated using benchmark datasets and scenario-based tests. Data gathered during evaluation will include ranking outputs, KPI values, exception counts, scenario comparison results, and behaviour under edge cases such as missing columns, zero views, empty datasets and single-product markets. This is necessary to assess not only correctness, but also robustness and practical usefulness.
[bookmark: _Toc225964260]2.3 Specialist development methods and techniques
The prototype will be developed primarily in Python. Pandas will be used for data cleaning, type coercion, transformation and tabular analysis [12]. Flask will provide a lightweight web framework for route handling and server-side rendering, while SQLite will provide local relational storage for products, ranking results, market-specific weights and saved scenarios. The implementation is intentionally modest in infrastructure scope so that the academic value rests on system design, analytical correctness and evaluation rather than cloud deployment complexity.
The scoring engine uses min-max normalization to scale selected factors to a comparable 0–1 range, preventing large-magnitude variables such as views or stock from dominating the final score unfairly. A weighted linear model then computes a base score from conversion rate, stock level, popularity and price score. Manual merchandising adjustments are represented through boost and bury controls, allowing business intervention on top of data-driven ranking. This hybrid approach reflects the practical reality that merchandising frequently combines quantitative signals with managerial judgement.
The KPI and insight layer calculates aggregate conversion rate, estimated revenue, average order value and exception counts, then applies transparent rule-based logic to label products for actions such as ‘Boost visibility’, ‘Investigate product’, ‘Restock needed’ and ‘Consider price review’. Scenario comparison allows different strategies to be saved and compared by rank position and score movement, supporting evaluation of alternative merchandising configurations. The user interface renders these outputs in a dashboard designed to reduce interpretation effort and improve decision clarity [9].
Alternative approaches were considered conceptually but not selected for implementation. A pure dashboard approach was rejected because it would expose metrics without embedding prioritization logic. A machine-learning recommender approach was also not chosen because, while potentially powerful, it would reduce explainability, increase data requirements and extend beyond a manageable undergraduate project scope. The chosen rule-based weighted model therefore represents a deliberate trade-off between technical sophistication, transparency and feasibility.
[bookmark: _Toc225964261]2.4 Ethical, legal and sustainability issues
From an ethical and legal perspective, the project is low risk. It does not require human participants, interviews, questionnaires or personal customer data. If any organizationally derived data is used, it will be anonymized and stripped of direct identifiers before use. The project complies with the UWTSD Research Ethics and Integrity Code of Practice [13].

[bookmark: _Toc225964262]2.5 Generalizability, reliability and validity
The project is an applied development study, so generalizability is necessarily limited. The artefact is designed for e-commerce merchandising analysis and would require modification before use in other sectors. Even within retail, the system’s weighting logic, thresholds and variables reflect the chosen dataset structure and use case. Nevertheless, the underlying approach is adaptable: the model can be re-parameterized for other datasets, markets or ranking factors.
Reliability will be addressed through deterministic calculation rules, documented formulas, repeatable test datasets and explicit validation checks. Given the same input data and weights, the system should always return the same ranked outputs and KPI values. This repeatability is essential for a credible decision-support artefact.
Validity will be approached in several ways. Content validity is supported by grounding the variables, formulas and logic in the literature and in official ecommerce measurement guidance [6] [11]. Construct validity is strengthened by defining each metric and rule clearly, including conversion rate, price score, and exception conditions. Internal validity is supported through benchmark checking of formulas and scenario-based tests of expected ranking behaviour. External validity will remain modest because the project is a prototype study using constrained data rather than a live field deployment.
[bookmark: _Toc225964263]2.6 Data analysis and evaluation of results
The evaluation will combine functional verification, benchmark comparison and scenario-based analysis. Correctness testing will compare system-generated calculations with manually verified formulas for weighted ranking, conversion rate, estimated revenue and average order value in order to establish whether the artefact is analytically sound. Robustness testing will assess whether the system handles edge cases safely, including zero views, empty datasets, missing columns, case-insensitive headers and single-product markets. This is important because decision-support tools lose credibility if they fail under realistic imperfect input conditions.
	Success criteria
• KPI calculations are accurate and consistent with manually verified results.
• Rankings respond logically and predictably to changes in weights and adjustments.
• Rule-based insights correctly reflect product-performance conditions.
• Scenario comparison produces clear and interpretable ranking differences.
• The system reduces ambiguity and subjectivity compared with manual metric interpretation.


[bookmark: _Toc225964264]3. RESOURCES & PLANNING
[bookmark: _Toc225964265]3.1 Resources required
	Resource
	Purpose

	Python 3.x
	Core language for data processing, scoring logic and server-side implementation.

	Pandas
	Cleaning, coercion, transformation and tabular analysis of structured datasets.

	Flask
	Lightweight web framework for routes, server-side rendering and JSON endpoints.

	SQLite
	Local relational storage for products, rankings, market weights and scenarios.

	IDE / development environment
	Code development, debugging and version control (e.g. VS Code).

	Spreadsheet software
	Inspection of datasets and manual benchmarking of calculations.

	Academic databases and library access
	Journal articles, conference papers and methodological literature.

	Official documentation
	GA4 ecommerce guidance, pandas documentation 


[bookmark: _Toc225964266]3.2 Project roadmap
The project will be managed across five linked phases, each aligned with the research methodology and deliverables. The roadmap below shows how the study moves from problem framing and literature analysis to artefact development, evaluation and final reporting.
[image: ]
[bookmark: _Toc225964267]3.3 Project planning chart
The study is planned for a twelve-week period. The Gantt chart below provides evidence of project planning and management by showing the timing of each major component, from ethics and literature review through to prototype development, evaluation and writing.
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[bookmark: _Toc225964268]4. CONCLUSION
[bookmark: _Toc225964269]4.1 Summary
This proposal presents an applied computing project centered on the design and evaluation of an explainable Merchandising Decision Support System for e-commerce trading analysis. The literature indicates that online retail remains commercially significant, that decision support remains a valid and relevant information-systems problem, and that there is meaningful scope for more explainable managerial artefacts in e-commerce contexts [1] .
The proposed MDSS responds to that need by combining weighted ranking, KPI generation, exception detection, market-specific comparison and transparent rule-based logic within one prototype. The study is technically feasible, ethically low risk, methodologically grounded in design science, and closely aligned with contemporary digital commerce practice. It therefore offers both a practical artefact and an academically justified contribution to the study of data-driven decision support in e-commerce environments.
More broadly, the study demonstrates how explainable, rule-based decision-support artefacts can complement traditional analytics approaches by transforming data into structured and actionable decision outputs.
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Figure 1. Project roadmap for the MDSS study
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Figure 2. Twelve-week Gantt chart for the MDSS project
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