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[bookmark: _Toc237246537]Abstract
Merchandising teams in online fashion retail must decide, every trading week, which products deserve replenishment, markdown, additional visibility or investigation, using evidence that is scattered across separate commercial reporting and digital-analytics platforms. This project addresses that fragmentation by designing, building and evaluating the Merchandising Decision Support System (MDSS), a local, explainable Flask web application that integrates structured business-intelligence (BI) data with Google Analytics 4 (GA4) behavioural data into a single, auditable product-ranking and recommendation workflow. Following a Design Science Research approach, MDSS validates and imports a five-sheet Excel workbook into SQLite, calculates a transparent weighted score for every product from four min-max-normalised signals, conversion rate, popularity, stock level and price, and applies an ordered rule-based decision engine that converts each score into one explainable action with an accountable owner, a confidence level and an indicative exposure value. A Scenario Lab allows users to compare seven fixed merchandising strategies against the same dataset, and a Verification page runs twenty-five deterministic technical checks covering calculation accuracy, ranking sensitivity, rule execution, robustness and database integration. The system was exercised against four synthetic demonstration datasets representing baseline, peak-trading, end-of-season and post-returns trading conditions, and all twenty-five checks passed across all 48 controlled weekly evaluation states. The project demonstrates that a lightweight, single-user prototype built entirely from open-source components can convert fragmented retail data into prioritised, explainable actions without resorting to opaque machine-learning inference. It also identifies limitations that would need to be addressed before commercial deployment, including reliance on synthetic data, prototype thresholds and the absence of live system integration. The report concludes with recommendations for a Version 2 architecture and a critical reflection on the development process.
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[bookmark: _Toc237246538]Chapter 1 - Introduction
[bookmark: _Toc237246539]1.1 Background and Context
Online retail remains a substantial part of UK retail activity. ONS data show that just over a quarter of total retail expenditure in Great Britain was made online in February 2026, with the share reaching 28.2% [1], while the long-run J4MC series shows that the online share has remained structurally above its pre-pandemic level [2]. Behind every storefront, merchandising teams must repeatedly decide which products to replenish, which to mark down, which merit additional visibility, and which require investigation because stock, conversion, returns or margin indicate a problem. The evidence for those decisions is commonly distributed across commercial reporting and web-analytics views: BI data can describe revenue, forecast, stock cover, sell-through and margin, while GA4 data describes sessions, product interaction, purchases and conversion behaviour. MDSS focuses on the practical difficulty of reconciling those evidence types at product level and turning them into a consistent weekly prioritisation process.
Existing dashboarding tools are well suited to describing what happened, but description is not the same as decision support. Hjelle et al. [3] show experimentally that dashboard design can shape decision outcome indirectly by influencing how difficult the task feels and how satisfied users are with the information provided. Phillips-Wren et al. [4] make a related point in bringing business intelligence, analytics and decision-support approaches together: BI and analytics answer what is happening, whereas decision support is concerned with converting that evidence into a defensible course of action. This project is positioned directly in that gap, informed by four years of first-hand experience working across order processing, data analysis and digital trading roles in online fashion retail, where this exact gap between descriptive reporting and actionable, explainable recommendation was encountered repeatedly.
The problem is compounded by the sheer volume and variety of data that a modern online retailer now generates. Akter and Wamba's systematic review of big data analytics in e-commerce [5] observes that retailers increasingly hold rich, high-velocity behavioural data alongside their traditional transactional data, but that realising commercial value from combining the two remains an organisational and technical challenge rather than a solved problem. That observation matches the specific, narrower gap this project addresses: not a lack of data, but a lack of a lightweight, transparent mechanism for fusing two specific, commonly available sources, structured BI extracts and GA4 behavioural exports, into one weekly, product-level decision view that a merchandising team can act on and justify without specialist data-science support.
[bookmark: _Toc237246540]1.2 Problem Statement
Three related problems motivate this project. First, commercial and behavioural evidence for the same product typically live in different systems and different grains, so combining them into one ranked view requires manual, repeated effort. Second, even where a combined view exists, prioritisation is often informal or inconsistent: two people looking at the same data may reach different conclusions about which products matter most this week, and there is no shared, auditable record of why a particular product was flagged. Third, many analytical or predictive retail tools behave as "black boxes": a score or recommendation is produced, but the underlying reasoning is not visible to the merchandiser who must act on it, which undermines trust and makes recommendations difficult to challenge or defend at a trading meeting.
[bookmark: _Toc237246541]1.3 Aim and Objectives
Underpinning these problems is a fourth, cross-cutting concern: trust. A merchandiser who cannot see why a system has flagged a product is unlikely to act on that recommendation with confidence and is more likely to fall back on the informal, inconsistent judgement the system was meant to replace. Any solution to the fragmentation and prioritisation problems above is therefore only useful to the extent that it remains explainable, which is why explainability is treated in this project not as a desirable extra but as a binding design constraint, addressed directly in Chapter 2 and enforced throughout the decision-engine design in Chapter 4.
This project develops and evaluates a local prototype designed to support merchandising decisions that integrates structured BI data with GA4 behavioural data and converts the combined evidence into prioritised, auditable merchandising actions. The following objectives operationalise this aim:
· Integrate fragmented commercial and digital-behaviour data into one controlled analytical model.
· Rank products using a transparent and reproducible weighted score.
· Convert analytical evidence into explainable merchandising actions, each with a rule identifier, owner and confidence level.
· Enable comparison of stable, predefined business strategies against the same uploaded dataset.
· Verify the system's calculations, ranking behaviour, decision rules, database integrity and import safety through an automated, repeatable test suite.
[bookmark: _Toc237246542]1.4 Scope and Boundaries
MDSS is deliberately scoped as a single-user, local prototype rather than a production system. It operates on structured Excel workbooks and synthetic demonstration data rather than live ERP, PIM or GA4 API feeds; it runs on SQLite rather than a concurrent enterprise database; it applies fixed, transparent merchandising strategies rather than a learned or optimisation-based model; and it has no authentication, authorisation or audit trail beyond the transactional safety of the import process. These boundaries were chosen so that the project could concentrate its available time on the explainability and correctness of the decision layer itself, which is the primary academic contribution, rather than on infrastructure that a commercial successor would need but that a final-year prototype does not require to demonstrate its core argument.
[bookmark: _Toc237246543]1.5 Report Structure
Chapter 2 reviews literature on decision support systems, multi-criteria decision making, explainability and retail merchandising problems, and positions MDSS within that literature. Chapter 3 explains how the project applies a Design Science Research approach and identifies the requirements that guided development, data design and technology choices that followed from it. Chapter 4 presents the system architecture, the design and implementation of each module, and the testing strategy embedded in the application itself. Chapter 5 evaluates the system against its objectives using FEDS (Framework for Evaluation in Design Science) [6]. Chapter 6 draws conclusions and sets out recommendations for a commercial successor. Chapter 7 offers a personal, critical reflection on the development process.
[bookmark: _Toc237246544]Chapter 2 - Research and Review of Literature
[bookmark: _Toc237246545]2.1 From Dashboards to Decision Support
Power [7] characterises a decision-support system as a computer-based tool that combines data and models to help users analyse problems and reach decisions, with the emphasis placed on supporting the decision process rather than simply presenting information. Phillips-Wren et al. [4] describe the increasingly close relationship between business intelligence, analytics and decision support, while Hjelle et al. [3] show experimentally that dashboard design affects decision quality indirectly through factors such as perceived task complexity and information satisfaction. The implication for MDSS is not that dashboards are ineffective, but that presentation alone is insufficient for this project's goal. The artefact therefore carries integrated evidence through to a ranked, inspectable recommendation while leaving the final commercial judgement with the merchandiser.
[bookmark: _Toc237246546]2.2 Multi-Criteria Decision Making and Weighted Scoring
Ranking products against several differently scaled criteria is a multi-attribute decision-making problem. Hwang and Yoon [8] and Triantaphyllou [9] survey established approaches including Simple Additive Weighting (SAW) and TOPSIS. Kaliszewski and Podkopaev [10] analyse SAW as a transparent metamodel whose result can be decomposed into explicit criterion contributions, which aligns with MDSS's explainability requirement. Vafaei et al. [11] demonstrate that normalisation choice is consequential in multi-criteria analysis and compare alternative techniques. MDSS therefore does not treat min-max normalisation as uniquely correct; it selects it because the [0,1] transformation is easy to inspect and explain, while Chapter 5 evaluates the resulting sensitivity and limitations. Triantaphyllou and Sánchez [12] further establish the importance of sensitivity analysis when rankings depend on criterion weights, directly motivating the Scenario Lab and ranking-sensitivity checks.
TOPSIS was considered as an alternative because it ranks alternatives by distance from ideal and negative-ideal solutions [8], [9]. That approach can represent multi-criteria trade-offs, but its distance calculation is less directly decomposable for a non-technical user than a literal weighted sum. Since this project prioritises inspectability over algorithmic sophistication, SAW was selected as the baseline. This is a design trade-off rather than evidence that SAW is universally superior; a future back-test could compare decision utility and ranking stability across SAW, TOPSIS and alternative normalisation schemes.
[bookmark: _Toc237246547]2.3 Explainability in Decision Support
Gregor and Benbasat [13] provide a foundational treatment of explanation facilities in intelligent systems, distinguishing explanations of what a system concluded from explanations of why and how it reached that conclusion. Lim et al. [14] provide empirical evidence that why and why-not explanations can make context-aware systems easier for users to understand. Savvadelli et al. [15] review rule-based systems as decision-support mechanisms built around predefined rules and structured reasoning. These sources informed the choice to make MDSS recommendations inspectable through rule IDs, evidence and thresholds. They do not establish that MDSS users will necessarily trust or adopt the interface; that question would require naturalistic user evaluation, which remains outside the current prototype evaluation.
[bookmark: _Toc237246548]2.4 Retail Merchandising Decision Problems
Retail-operations research supports treating merchandising as a multi-signal decision problem. Mantrala and Rao [16] develop decision support for fashion-goods order quantities and markdowns; Hübner and Kuhn [17] review integrated assortment, shelf-space and replenishment decision support; Tunuguntla et al. [18] connect sponsored-search demand evidence with replenishment decisions; and Smith and Agrawal [19] model the interaction between markdown pricing and inventory allocation. Mandal, Basu and Saha [20] examine product-return management as a material operational decision in omnichannel retail. MDSS uses these themes to justify including stock, demand, returns and price-related evidence, but the ordering of its rules and the numerical thresholds, including the 20% returns-review threshold, remain explicit prototype policy choices rather than values prescribed by those studies.
Two further sources concern the underlying assortment-planning problem rather than the ranking method itself. Mantrala et al. [21] argue that retail assortment planning involves multiple, interconnected trade-offs and that no single dominant analytical solution exists, a position that supports MDSS's use of a multi-factor weighted model rather than any single metric. Rajaram [22] examines assortment planning specifically in fashion retail and confirms the importance of inventory depth, assortment breadth and historical demand information as decision inputs. Neither source, however, prescribes MDSS's particular 35/20/25/20 weighting of conversion, popularity, stock and price; that balance remains a stated prototype assumption requiring expert or historical validation, and this limitation is made explicit both in the application itself and in Chapter 5 of this report.
[bookmark: _Toc237246549]2.5 Digital Behavioural Analytics in Commerce
Wedel and Kannan [23] describe the opportunities and methodological challenges of analytics in data-rich marketing environments, while Kannan and Li [24] position digital interaction data as an important part of the customer journey. Google's GA4 ecommerce documentation [25], [26] defines the event structures used to capture interactions such as product views, add-to-cart activity and purchases. This supports the decision to integrate behavioural evidence with commercial data rather than treating digital analytics as a separate reporting stream. It does not justify MDSS's exact Balanced weighting: the combined 60% assigned to conversion and popularity is a transparent prototype assumption whose effect is exposed through Scenario Lab and requires retailer-specific calibration before production use.
[bookmark: _Toc237246550]2.6 Data-Processing and Persistence Technology
The technical implementation draws on well-documented, mature open-source technology. The pandas library [27] provides the tabular integration, aggregation and vectorised normalisation that underpin the scoring engine; Flask [28] provides a lightweight, server-rendered web framework appropriate for a single-user prototype; and SQLite [29] provides a portable, serverless, transactionally safe persistence layer that removes the operational overhead of a client-server database while still enforcing referential and value integrity through declared constraints. The suitability of each of these choices for a local, explainable prototype is discussed further in Chapter 3.
[bookmark: _Toc237246551]2.7 Positioning of MDSS
Taken together, the literature identifies four strands that MDSS combines rather than treating independently. MCDM research provides transparent techniques for combining heterogeneous criteria [10], [11]. Sensitivity analysis is particularly important when rankings depend on criterion weights [12]. Explanation research shows why access to reasons can improve intelligibility compared with a bare output [13], [14], while rule-based DSS literature provides a structured design vocabulary for explicit conditions [15]. Retail research shows that merchandising decisions involve interacting assortment, replenishment and markdown considerations [17]. Product returns represent an additional operational decision problem [20]. Digital behavioural evidence provides another input to commercial decision-making [23], [24]. MDSS translates these strands into one design: comparable product signals, a decomposable weighted rank, inspectable rules and an interface that preserves human review.
The contribution is applied, not a claim that the chosen parameters are theoretically optimal. The cited literature does not prescribe min-max scaling for this dataset, the 35/20/25/20 Balanced policy, the 20% returns threshold or the 45/40/15 action-priority formula. Nor does it establish that MDSS will improve user trust or commercial outcomes. Those boundaries shape Chapter 5: the prototype is evaluated for implementation correctness and sensitivity, while calibration, user adoption and realised business value remain future naturalistic evaluation.
The synthesis in Table 2.1 translates the reviewed literature into design implications and, equally importantly, records what the evidence does not establish. This prevents research-informed design choices from being presented as externally validated commercial policy.
	Theme
	Research evidence
	MDSS design implication
	Boundary retained

	DSS and dashboards
	[4], [3], [7]
	Move from descriptive evidence to an inspectable action queue.
	No user-adoption or decision-uplift claim.

	MCDM and sensitivity
	[8], [11], [12]
	Normalise heterogeneous criteria, combine explicit weights, expose strategy sensitivity.
	No claim that min-max or exact weights are optimal.

	Explainability
	[13], [14]
	Expose rule ID, evidence, threshold and ownership rather than a bare score.
	No empirical claim that MDSS increases trust.

	Retail decisions
	[16], [20], [21], [22]
	Use multiple commercial signals for replenishment, markdown, returns and assortment-related triage.
	Rule order and thresholds are prototype policy assumptions.

	Digital analytics
	[23], [24], [25], [26]
	Integrate product behaviour with commercial evidence.
	Behavioural metrics are signals, not causal measures of demand.
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[bookmark: _Toc237246553]3.1 Design Science Research Approach
This study uses Design Science Research (DSR) because the methodology supports the creation and assessment of an artefact in response to a practical organisational need. Hevner et al. [30] outline seven principles for conducting DSR. Relevant to MDSS are the expectations that the work produces a usable artefact, responds to a problem of practical significance, and is evaluated systematically. These principles are reflected respectively in the MDSS application, the problem defined in Chapter 1, and the evaluation presented in Chapter 5. Peffers et al. [31] provided the structure used to organise the MDSS development process. Their DSRM approach moves from defining the problem and intended outcomes, through artefact creation and demonstration, to evaluation and communication of the completed work.
Table 3.1 indicates how these stages were translated into the practical development phases of MDSS
	DSRM activity
	MDSS project phase

	Identifying the problem and establishing why it matters
	Analysis of the limitation between descriptive BI/GA4 dashboards and actionable merchandising decisions (Chapter 1, 2)

	Definition of objectives
	Five stated objectives, integrated data, transparent scoring, explainable actions, strategy comparison, automated verification

	Design and development
	Iterative build of ingest, excel_import, scoring, decision_engine and evaluation modules, and the Flask/Jinja interface

	Demonstration
	Import and analysis of four synthetic workbooks (baseline, peak trading, end of season, post-returns) through the live application

	Evaluation
	Twenty-five automated checks per weekly state, evaluated within the FEDS framework [6] (Chapter 5)

	Communication
	The Interim Viva, this report, the Final Viva and the Exhibition Poster
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Figure 3.1: Design Science Research Methodology mapped to the MDSS project. Source: author, adapted from Peffers et al. [31].
[bookmark: _Toc237246554]3.2 Requirements Elicitation
Functional requirements were derived primarily from direct professional experience of the weekly merchandising and digital-trading review cycle in online fashion retail, supplemented by the literature reviewed in Chapter 2. The recurring weekly questions, which products need stock urgently, which need a markdown, which have a conversion problem worth investigating, which strategy would change the picture, were translated into the five stated objectives in Chapter 1 and, in turn, into the five application pages described in Chapter 4: Command Centre, Opportunity Queue, Scenario Lab, Verification and Data Workspace. A non-functional requirement of equal importance was that every number the system produces must be traceable to a stated formula or rule, ruling out any component, such as a trained regression or classification model, whose internal reasoning could not be inspected.
Requirements were grouped into four categories: data requirements (the workbook must accept repeatable weekly BI and GA4 extracts through a fixed, documented five-sheet schema), analytical requirements (scores and rankings must be reproducible from the same input and auditable in terms of their component weights), decision requirements (every recommendation must carry an identifiable rule, an owner and a confidence level), and verification requirements (the system must be able to demonstrate its own correctness on demand, rather than relying solely on manual inspection). This last category proved unusually important in practice: because the project was developed and tested by a single person against synthetic data rather than validated by an external client, an internal, automated verification capability (Chapter 4, section 4.8) became the primary mechanism for building and maintaining confidence in the system's correctness throughout an iterative build.









	ID
	Requirement
	Implementation
	Verification / evidence
	Status

	FR-01
	Validate and import a controlled five-sheet workbook
	Data Workspace; excel_import.import_excel()
	INT-04 transactional import; validation feedback
	Met

	FR-02
	Integrate BI and GA4 evidence at product level
	scoring.build_master()
	60-product integrated queue; integration checks
	Met

	FR-03
	Produce transparent, reproducible product rankings
	_normalise_minmax(); score()
	RNK-01 to RNK-06
	Met

	FR-04
	Convert evidence into explainable actions
	classify_action(); build_action_queue()
	ACT-01 to ACT-05; visible rule/evidence/owner
	Met

	FR-05
	Compare fixed merchandising strategies
	Scenario Lab; score() with preset weights
	INT-03 plus observed rank movement
	Met

	NFR-01
	Preserve valid state when an import fails
	Strict validation + atomic SQLite transaction
	INT-04 rollback check
	Met

	NFR-02
	Handle edge and degenerate inputs safely
	Scoring and evaluation guards
	ROB-01 to ROB-04
	Met



Table 3.2 summarises the project requirements, where FR denotes functional requirements and NFR denotes non-functional requirements.
[bookmark: _Toc237246555]3.3 Data Design
The system is built around a fixed, validated five-sheet Excel schema: BI Product, BI Category, GA4 Product, GA4 Pages and GA4 Search. A structured workbook was selected as a pragmatic prototype boundary because it can represent repeatable weekly extracts without introducing the authentication, API and warehouse dependencies of a production integration. Each worksheet maps to a corresponding SQLite analytical table with explicit columns, range checks and composite uniqueness constraints. Import is transactional: every sheet, column, key and value is validated in memory before any mutation occurs, and a single transaction either replaces the analytical source tables or preserves the previous dataset. This design prioritises data integrity because a decision-support system can produce plausible but incorrect recommendations if malformed inputs are silently coerced or partially imported. 
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Figure 3.2 shows the logical data model. BI Product and GA4 Product are combined at application level on product_id for the selected week; this is deliberately not represented as a database foreign key because the GA4 table has a finer region/device grain. The only enforced foreign-key relationship in the persistence model is from stored rankings to their named scenario, while uniqueness constraints prevent duplicate business keys within each source table.
[bookmark: _Toc237246556]3.4 Technology Selection
	Technology
	Reason for selection

	Python
	Readable language with a mature, well-documented data-processing ecosystem

	Flask
	Lightweight framework suited to a focused, server-rendered prototype

	pandas
	Efficient tabular integration, aggregation, cleaning and ranking

	NumPy
	Numeric validation and bounded, vectorised calculations

	SQLite
	Portable, serverless persistence appropriate for a local, single-user prototype

	HTML, CSS, Jinja
	Low-complexity, accessible, server-rendered presentation

	JavaScript, Chart.js
	Focused browser interaction and lightweight visualisation

	openpyxl
	Reading, validating and generating Excel workbooks


Table 3.3: Technology stack and rationale for selection.
[bookmark: _Toc237246557]3.5 Development Method
Development proceeded iteratively, module by module, broadly following the data pipeline itself: the SQLite schema and connection lifecycle were established first, followed by workbook validation and import, product integration and scoring, the rule-based decision engine, Flask routes and Jinja templates, and finally the verification suite. Tests were extended as calculations and rules matured rather than being postponed until the end of the build. Source control was maintained in a private GitHub repository to preserve a working history and support rollback during iterative development. This incremental sequence reduced the risk of building interface behaviour on top of an unstable analytical core.
[bookmark: _Toc237246558]3.6 Ethical, Data and Sustainability Considerations
MDSS is exercised exclusively against synthetic demonstration workbooks generated for this project; no live customer, order or personally identifiable data is processed by the implemented evaluation. This substantially reduces privacy risk within the prototype boundary, but it does not remove ethical obligations from the design. A future connection to live BI or GA4 feeds would require an appropriate privacy and data-protection assessment, authentication, role-based access, retention controls and audit logging. The decision-support framing is also an ethical control: recommendations remain reviewable and the merchandiser retains final authority rather than the system automatically executing stock or pricing decisions. From a sustainability perspective, the prototype uses a lightweight local Flask/SQLite architecture and does not require permanently hosted cloud services for demonstration; however, no energy or carbon measurement was undertaken. Any production architecture should therefore consider workload efficiency, data-retention policy and hosting choices alongside functional scale.
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[bookmark: _Toc237246560]4.1 System Architecture
MDSS is structured as a linear analytical pipeline, wrapped in a thin Flask presentation layer. A user-uploaded workbook passes through schema and value validation, transactional SQLite import, BI and GA4 product integration, min-max normalisation, weighted product ranking, rule-based action classification and, finally, presentation as a prioritised, explainable action queue. The pipeline is deliberately linear and deterministic between requests: source data, scenario definitions and stored rankings persist in SQLite, but no dashboard result or recommendation is hardcoded, and visible analytical outputs are recalculated from the currently imported dataset.
Table 4.1 sets out the separation of responsibilities between components.
	Component
	Responsibility

	app.py
	Creates the Flask application, coordinates routes and assembles page context

	modules/excel_import.py
	Validates and transactionally imports the five-sheet workbook

	modules/ingest.py
	Creates the SQLite schema and manages connections and database integrity

	modules/scoring.py
	Integrates BI and GA4 data, normalises metrics and calculates deterministic rankings

	modules/decision_engine.py
	Converts scored products into explainable recommended actions and priority bands

	modules/evaluation.py
	Runs the twenty-five automated technical verification checks

	templates/
	Presents results through server-rendered HTML and Jinja
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Figure 4.1: Complete data-to-decision architecture. The separation is deliberate: input validation, persistence, analytical scoring, business interpretation and presentation are isolated so that each stage can be tested and explained independently. Source: author.
[bookmark: _Toc237246561]4.2 Data Import and Validation
modules/excel_import.py enforces the workbook contract described in Chapter 3. Column headings are normalised and checked for duplicates and omissions against a declared schema for each of the five sheets; text fields are cleaned, numeric and integer fields are coerced and range-checked (for example, percentage fields must fall between 0 and 100, and monetary or count fields must be non-negative); trading-week identifiers are validated; and business keys, such as a product ID within a week, are checked for duplication before any row is accepted. If any sheet fails validation, the entire import is rejected and the previously imported dataset is preserved unchanged, which was verified directly by the automated import-rollback check discussed in section 4.8. The application also exposes a blank template workbook (data/MDSS_Template.xlsx) so that a new user can populate a correctly structured file without needing to read the validation code.
[bookmark: _Toc237246562]4.3 Persistence Layer
modules/ingest.py defines five analytical source tables (bi_product, bi_category, ga4_product, ga4_pages and ga4_search) and two derived tables (scenarios and rankings). Source tables apply relevant NOT NULL, CHECK and composite UNIQUE constraints, while rankings constrain rank and score ranges and enforce UNIQUE(scenario, week, product_id). The scenarios table requires unique names, and rankings.scenario references scenarios.name with ON DELETE CASCADE. BI and GA4 source tables are not linked by database foreign keys because their analytical grains differ; product integration is performed explicitly in scoring.build_master(). This provides a database-level integrity boundary beneath the stricter workbook validation without implying relationships that the final schema does not enforce.
[bookmark: _Toc237246563]4.4 Scoring Engine
modules/scoring.py is the mathematical core of MDSS. The build_master function integrates weekly BI product records with aggregated GA4 product behaviour using a left join on product ID, a decision that deliberately retains every merchandising product even when it generated no GA4 sessions, because excluding such products would hide exactly the kind of overstocked, low-demand cases the system exists to surface. Rate-based GA4 metrics such as bounce rate and conversion rate, are recomputed from the underlying totals after aggregation rather than averaged directly across regions and devices, since a simple average would give a low-traffic segment the same influence on the figure as a high-traffic segment.
Each of the four scoring factors, conversion rate, popularity (sessions), stock level and price, is transformed to a common [0, 1] range using min-max normalisation, consistent with the normalisation literature reviewed in Chapter 2 [11]:
normalised(x) = (x - minimum) / (maximum - minimum)
Where every product shares the same value for a given metric, that metric cannot discriminate between products, and each product is instead assigned the neutral midpoint of 0.5, preventing an arbitrary or undefined result. The final weighted score is a simple additive weighted sum of the four normalised factors, following the Simple Additive Weighting method surveyed by Hwang and Yoon [8] and applied as an interpretable metamodel by Kaliszewski and Podkopaev [10]:
score = 0.35 x conversion_norm + 0.25 x popularity_norm + 0.20 x stock_norm + 0.20 x price_norm
These weights are validated before every calculation: they must be finite, non-negative, cover exactly the four recognised components, and sum to 1.0 within floating-point tolerance, so that an invalid or incomplete strategy definition is rejected before it can silently distort a ranking. Products are then sorted by final score in descending order, with product ID used as a stable secondary sort key so that ties are resolved reproducibly rather than arbitrarily, a property confirmed by the determinism check described in section 4.8.
[bookmark: _Toc237246564]4.5 Decision Engine
modules/decision_engine.py converts each scored product into exactly one recommended action, selected by evaluating an ordered hierarchy of business rules and returning the first rule that matches. Returning a single action per product, rather than every rule that happens to fire, was a deliberate usability decision: presenting several competing recommendations for the same product would undermine the clarity the explainability objective is intended to achieve. The rule hierarchy, in evaluation order, is set out in Table 4.2.
	Order
	Rule ID
	Trigger condition (summary)
	Recommended action

	1
	RETURNS-01
	Returns rate exceeds 20%
	Investigate returns

	2
	STOCK-01
	Cover <= 1.5 weeks, strong sell-through, strong conversion
	Prioritise replenishment

	3
	STOCK-02
	Cover <= 2.5 weeks, moderate-strong sell-through and conversion
	Review replenishment

	4
	STOCK-03
	Cover >= 8 weeks, weak sell-through, meaningful stock units
	Plan markdown or exposure test

	5
	DIGITAL-01
	Low conversion despite high relative traffic
	Diagnose conversion friction

	6
	DIGITAL-02
	Strong conversion with 3-12 weeks cover and sufficient stock
	Increase visibility

	7
	MARGIN-01
	Margin below 35% with positive revenue
	Review margin quality

	8
	MONITOR-00
	No prior rule triggered
	Monitor


Table 4.2: Ordered decision-engine rule hierarchy (thresholds from modules/decision_engine.py).
The ordering encodes an explicit prototype policy rather than a literature-derived optimum. RETURNS-01 is evaluated before stock and visibility rules so that an elevated returns condition is surfaced as its own diagnostic issue; the 20% threshold and first-match precedence remain transparent design assumptions. Every triggered rule returns the action, rule ID, evidence, confidence and owner. The current owner mapping assigns Buying to replenishment actions, Trading to markdown and margin review, Digital Trading to conversion and visibility work, and Trading + Product to returns investigation. Queue priority is calculated as Priority = 100 x (0.45S + 0.40U + 0.15E), where S is product score, U is rule urgency (how quickly the matched condition should be reviewed), and E is evidence strength (how strongly the available signals support it). U and E are deterministic prototype inputs, not probabilities. The result maps to Monitor, Medium, High or Critical. Indicative exposure is a separate heuristic value proxy for relative commercial significance, not a predicted loss or revenue forecast.
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Figure 4.2: Analytical path from four product signals to the explainable opportunity queue. The weighted product score establishes relative analytical attention, while the decision engine and priority model interpret the commercial condition and determine action order. Source: author.
[bookmark: _Toc237246565]4.6 Application Layer and Interface
The Flask application (app.py) exposes five pages, summarised in Table 4.3, each server-rendered through Jinja templates and, where appropriate, visualised with Chart.js in the browser.

	Page
	Route
	Purpose

	Command Centre
	/
	Executive overview of revenue, category health and highest-priority actions

	Opportunity Queue
	/opportunities
	Product-level recommendations, evidence, confidence, owners and rule IDs

	Scenario Lab
	/scenarios
	Comparison of fixed, reproducible merchandising strategies

	Verification
	/evaluate
	Technical checks covering calculations, ranking, rules, robustness and integration

	Data Workspace
	/upload
	Workbook upload and validation feedback


Table 4.3: MDSS application pages and routes.

The Command Centre is assembled by a small set of dedicated helper functions rather than being queried directly from a single large view. _build_action_mix() groups the current action queue by recommended action, excluding routine "Monitor" outcomes, and sums the indicative exposure value for each action type, giving an at-a-glance summary of where commercial attention is concentrated in a given week. _build_category_health() aggregates revenue, forecast, stock value, sell-through and margin by category and calculates a forecast-gap percentage, guarding against division by zero when a category's forecast is nil. _build_revenue_trend() walks up to the eight most recent imported weeks in chronological order to give a simple revenue-versus-forecast trend for the Chart.js line chart on the Command Centre. Separating these concerns keeps app.py itself a thin coordination layer, consistent with the architectural separation set out in Table 4.1 and means each helper can be exercised or reasoned about independently of Flask's request-handling code.
The Scenario Lab operationalises the strategy-comparison objective by offering seven fixed weighting profiles, Balanced, Conversion Focus, Stock Risk, Demand Focus, Peak Trading, End of Season and Margin Protection, each a different combination of the same four weighted components. These presets are seeded automatically by _seed_default_scenarios(), which creates any missing scenario definitions and their associated rankings for the selected week the first time that week is analysed, so a first-time user reaches a populated Scenario Lab without any manual configuration step. Because the weights are fixed rather than learned, a comparison between two strategies against the same uploaded dataset is fully reproducible, which was an explicit design requirement given the project's emphasis on auditability over predictive sophistication. Margin Protection is price/value-heavy because margin is not a direct scoring factor; low-margin conditions are handled by MARGIN-01.
The interface was designed around a short decision journey rather than separate analytical reports. Data Workspace controls the input, Command Centre summarises what requires attention, Opportunity Queue exposes the evidence behind each recommendation, and Scenario Lab allows the ranking assumptions to be challenged. Figure 4.3 shows these four operational stages; the separate Verification page supports technical assurance rather than the merchandising decision journey.
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 Figure 4.3a: Data Workspace and Command Centre, showing validated data input and weekly prioritisation.
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Figure 4.3b: Opportunity Queue and Scenario Lab, showing explainable recommendations and strategy sensitivity.
[bookmark: _Toc237246566]4.7 Reproducibility and Configuration
The analytical core is self-contained once the Python dependencies declared in requirements.txt are installed: SQLite initialises automatically, and no external BI, ERP, PIM or GA4 service is required to analyse a supplied workbook. Runtime settings such as the listening port and development debug mode are controlled through environment configuration, with debug mode disabled by default in the final submission build. The current presentation layer loads Chart.js from a public CDN, so the browser still has an external frontend dependency for charts; a production implementation should package or self-host that dependency. The resulting configuration is appropriate for reproducible local demonstration, but it is not presented as production deployment architecture.
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	Category
	Checks
	Representative examples

	KPI calculation verification
	6
	Total revenue reconciles to the sum of product revenue; revenue-per-session and revenue-per-unit are correctly labelled and calculated; returns percentage matches returned versus sold units

	Ranking sensitivity
	6
	Increasing the weight on conversion or stock does not penalise the product that already leads on that factor; identical inputs always produce identical scores and ranks (determinism); an invalid strategy total is rejected before scoring

	Rule execution verification
	5
	Five controlled rule/action branches are exercised, including returns precedence over an otherwise strong growth signal

	Robustness
	4
	An empty dataset, and zero-session or zero-sold-unit products, are handled as valid states rather than producing NaN or infinite values; non-discriminating factors correctly receive the neutral 0.5 midpoint

	Integration verification
	4
	Required tables, foreign keys and uniqueness constraints exist; the action queue is a complete, ordered output; a saved scenario and ranking can be persisted and reloaded reproducibly; a deliberately invalid import does not corrupt or partially replace existing data


Rather than treating testing as an activity separate from the deliverable, MDSS embeds an automated, twenty-five-check verification suite (modules/evaluation.py) directly into the application, accessible from the Verification page against any imported trading week. The checks are organised into five categories, summarised in Table 4.4.

Table 4.4: The 25 automated verification checks, by category (modules/evaluation.py).
Each check is executed defensively: an unexpected exception in one check is caught and reported as a failure for that check alone rather than allowing it to halt the remaining twenty-four. Where independently derived numeric values are reconciled, the verification harness applies its documented one-percent comparison tolerance to reduce false failures from rounding and representation differences. This structure allowed the verification suite to be extended incrementally alongside the scoring and decision-engine modules, providing repeatable regression checks as the prototype evolved.
[bookmark: _Toc237246568]Chapter 5 - Results, Evaluation and Discussion
[bookmark: _Toc237246569]5.1 Evaluation Approach
The system was evaluated using FEDS, a framework for assessing design-science artefacts[6], which distinguishes controlled/artificial evaluation from naturalistic evaluation in the intended organisational setting. The current project deliberately emphasises controlled technical evaluation because its data are synthetic and its purpose is to establish whether the artefact implements the specified data-to-decision process consistently, transparently and safely before any claim of commercial effectiveness is attempted. Four demonstration workbooks represent baseline, end-of-season, peak-trading and post-returns conditions. Each contains twelve weekly states and was processed through the ordinary upload, validation, persistence, scoring and decision workflow rather than through a separate test-only path.
The evaluation therefore asks two different questions and keeps their answers separate. Technical verification asks whether calculations, rankings, rules, persistence and edge handling behave as specified. Commercial validation would ask whether the policy improves real merchandising decisions, revenue, stock efficiency or user performance. The first can be evidenced in the present controlled prototype; the second requires historical outcomes, domain-expert calibration, user testing and a commercial pilot and is not claimed here.
[bookmark: _Toc237246570]5.2 Quantitative Results Across Controlled Trading Conditions
Table 5.1 compares the same selected week (2025-W52) across the four controlled workbooks. The differences are intentionally material: the evaluation is stronger if the system can respond coherently to contrasting trading states rather than only to one favourable dataset. “Actionable” uses the application definition of a non-Monitor action with priority at or above 68; this is distinct from the total number of rule outcomes generated.
	Dataset
	Revenue / vs forecast
	CVR / sell-through
	Stock value
	Actionable / Critical
	Indicative exposure

	Baseline
	£153,250.54 / -1.5%
	7.66% / 31.5%
	£363,550.12
	1 / 0
	£549.84

	End of Season
	£81,241.60 / -22.3%
	2.83% / 10.9%
	£1,149,338.10
	6 / 4
	£12,204.80

	Peak Trading
	£238,261.17 / +10.3%
	16.35% / 44.7%
	£290,733.85
	15 / 2
	£27,164.11

	Post Returns
	£161,743.88 / -14.6%
	6.82% / 27.8%
	£566,117.41
	11 / 0
	£18,710.92


Table 5.1: Quantitative comparison of 2025-W52 across the four controlled demonstration workbooks.
 Source: author’s MDSS evaluation run.

The pattern is consistent with the conditions encoded in the source data. End-of-season stock value rises to approximately £1.15 million while average sell-through falls to 10.9%; fifty products trigger the STOCK-03 markdown/exposure rule, although only six products cross the application’s actionable priority threshold and four reach Critical. The top item is Fendi Kids Seasonal Trousers, which reaches Critical priority 84.8 through STOCK-01 because its very low 0.2-week cover and 84.2% sell-through represent a replenishment exception within a generally overstocked dataset. This matters because the decision engine does not force every product in a scenario into the same narrative: product-level evidence can override the broad trading context.
Peak Trading produces a different profile. Revenue is 10.3% above forecast, average CVR is 16.35%, stock value is the lowest of the four datasets at £290,733.85, and fifteen products are actionable for urgent replenishment, including two Critical cases. The top product, Versace Young Classic Cardigan, reaches priority 85.9 under STOCK-01. Post Returns produces a mixed queue: ten products trigger returns investigation, ten trigger markdown/exposure review, five trigger urgent replenishment and two trigger replenishment review. Eleven products cross the actionable threshold. The result demonstrates that the first-match rule hierarchy can separate different operational problems within the same trading week rather than returning one undifferentiated score.
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(d) Post Returns
Figure 5.1: Command Centre outputs across the four controlled trading datasets, illustrating how different input conditions produce distinct action and priority profiles. Source: author’s MDSS prototype

The baseline workbook provides a concrete traceable example. Revenue is £153,250.54, £2,256.41 below forecast, with zero Critical actions and one Actionable product. Stella McCartney Kids Essential Trousers is elevated to High priority 68.4 with the recommendation “Plan markdown or exposure test” because cover is 12.0 weeks, sell-through is 7.7% and 60 units remain, matching STOCK-03. The £549.84 indicative exposure is a heuristic value proxy used to communicate relative commercial significance; it is not a predicted loss, revenue forecast or probability. Likewise, priority 68.4 means “review this action at this relative urgency” rather than a 68.4% likelihood that the recommendation is commercially correct.

[bookmark: _Toc237246571]5.3 Scenario Sensitivity
Scenario Lab tests a second aspect of the design: whether the ranking responds transparently when the decision policy changes while the underlying data remain fixed. Figure 5.2 compares the Baseline 2025-W52 ranking under Balanced weights (CVR 35%, stock 20%, popularity 25%, price 20%) with Stock Risk (CVR 25%, stock 45%, popularity 15%, price 15%). Positive movement means a product moved closer to rank 1 under the stock-emphasised policy.
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Figure 5.2: Largest product rank movements when the baseline dataset is rescored under the Stock Risk strategy relative to Balanced. Source: author’s MDSS evaluation.
	Product
	Balanced
	Stock Risk
	Interpretation

	Burberry Children Signature Coat
	55 (0.259)
	29 (0.426)
	+26 places; high stock norm 0.783 gains influence despite CVR norm 0.000.

	Stella McCartney Kids Essential Trousers
	23 (0.423)
	4 (0.599)
	+19 places; stock norm 1.000 becomes much more influential.

	Fendi Kids Signature Tee
	6 (0.547)
	21 (0.455)
	-15 places; strong CVR norm 0.813 is offset by stock norm 0.250.


Table 5.2: Selected real rank movements and weighted scores under the Stock Risk scenario.
The movement is analytically useful because it exposes rather than conceals the model’s dependence on weights. Stella McCartney Kids Essential Trousers moves from weighted-product rank 23 to rank 4 when stock receives 45% rather than 20% weight. Under Balanced it is nevertheless already the top actionable recommendation at priority 68.4 because STOCK-03 adds urgency and evidence to the separate action-priority calculation. This is an important result: the weighted ranking answers which products are analytically prominent under a policy, while the rule and priority layers answer why a condition matters and how urgently it should be reviewed. Scenario Lab therefore provides sensitivity analysis, not calibration; it demonstrates model responsiveness but cannot establish which policy is commercially optimal.
[bookmark: _Toc237246572]5.4 Technical Verification Results
The final verification suite contains twenty-five structured checks: six KPI calculation checks, six ranking-sensitivity checks, four integration checks, five rule-execution checks and four robustness checks. To move beyond a single screenshot, the final controlled audit executed the same suite against all twelve imported weeks in each of the four demonstration workbooks. This produced 48 weekly evaluation states and 1,200 individual check executions (48 × 25), with zero FAIL or WARN statuses in that controlled run. The result is stronger evidence of repeatable implementation behaviour than a one-off pass on 2025-W52, while still remaining technical rather than commercial evidence.
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Figure 5.3: Verification interface summarising the 25 automated technical checks and distinguishing technical verification from commercial validation. Source: author’s MDSS prototype.
The checks test different failure modes. KPI checks independently re-derive revenue, average unit revenue, CVR, returns, forecast variance and stock value. Ranking checks verify weight sensitivity, deterministic repeated output, invalid-weight rejection, normalisation bounds and score bounds. Integration checks examine database integrity, full action-queue construction, scenario persistence and transactional import rollback. Controlled synthetic product states exercise the five main action branches, and robustness checks cover empty input, zero denominators, identical factors and missing weeks. A full pass therefore means the final implementation behaved as specified under those tests; it does not mean the recommendations are 100% accurate, profitable or optimal in a live retailer.
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	Objective
	Evidence
	Evaluation

	Integrate commercial and behavioural data
	Validated five-sheet import; build_master() left-merges product evidence; integration checks across controlled data.
	Met at prototype level.

	Rank products transparently and reproducibly
	Explicit min-max factors, validated weights, deterministic tie-break; RNK-01 to RNK-06.
	Met.

	Convert evidence into explainable actions
	Ordered rules expose action, rule ID, evidence, owner and priority; ACT-01 to ACT-05 cover five representative branches.
	Met.

	Compare stable strategies
	Seven fixed presets; real Balanced→Stock Risk rank movements; scenario persistence.
	Met as sensitivity analysis.

	Verify calculations, rules, integrity and import safety
	25 checks × 48 weekly states = 1,200 controlled check executions with zero fail/warn.
	Met technically; not commercial validation.


Table 5.3: Project objectives mapped to implemented and evaluated evidence.
Taken together, the evidence supports the conclusion that all five objectives were achieved within the defined prototype boundary. The qualification matters: the objectives concern a working, explainable and technically verifiable decision-support artefact. They do not establish that the recommended actions maximise revenue, margin or stock efficiency in production, and the report deliberately avoids extending the evidence beyond what the evaluation can support.
[bookmark: _Toc237246574]5.6 Critical Evaluation of Analytical Assumptions
The transparency of MDSS makes its analytical assumptions visible. First, min-max normalisation is relative to the comparison set and can be sensitive to extreme values. A product’s normalised score can therefore change even when its raw value is unchanged if the weekly minimum or maximum changes. Vafaei et al. [11] show that normalisation technique is a consequential modelling choice in MCDM. Min-max was selected for its simple [0,1] interpretation, not because it is universally superior. Production work should compare alternative scaling methods and historically defined benchmarks, especially where outliers are common.
Second, the four factors are useful proxies rather than complete economic constructs. Sessions are interpreted as popularity/exposure, but traffic can be driven by paid media, homepage placement or campaigns rather than underlying preference. Price is a transparent value proxy, not margin or profitability. Remaining stock contributes to broad analytical attention, but more stock is not inherently good or bad: its meaning depends on cover, sell-through, lead time and expected demand. The rule layer adds some of that context, yet a production scoring layer could replace raw stock with deviation from target cover, forecast error, lead-time risk or expected end-of-season residual stock.
Third, the exact Balanced weights, rule thresholds and 45/40/15 action-priority formula are design parameters rather than values prescribed by prior research. Established MCDM literature supports the use of weighted scoring and normalisation [8], [11], while retail research supports modelling merchandising decisions across interacting stock, demand, pricing and assortment considerations [16], [21]. However, these sources do not justify MDSS's specific numerical weights or thresholds. Those values should therefore be treated as transparent prototype assumptions rather than validated business rules. The Scenario Lab strengthens governance by exposing how changes in weights affect rankings, but sensitivity analysis alone does not validate the weights themselves. Before the model could be adopted as retailer-specific policy, its parameters would need to be calibrated through historical back-testing, structured expert input and comparison against realised commercial outcomes.
[bookmark: _Toc237246575]5.7 Technical and Deployment Limitations
The architecture is suitable for a local, single-user dissertation prototype but not an internet-facing multi-user service. SQLite provides a portable serverless store [29], but the current application shares one analytical state and does not implement authentication, authorisation, tenancy, full audit logging, managed backup or production concurrency. The upload path is intentionally replace-and-analyse rather than an append-only warehouse. A commercial successor would require a managed database, per-import lineage, user identity and permission boundaries, secure transport and a controlled deployment process.
Testing also remains bounded. The custom verification harness exercises analytical logic, integration boundaries and common edge states, but it is not a substitute for browser automation, formal accessibility testing, security/penetration testing, load testing or multi-user concurrency testing. The interface loads Chart.js from a public CDN, which adds an external presentation dependency, and the Flask development architecture would need a production WSGI server and managed configuration. These are genuine engineering limitations and prevent the current artefact from being described as deployment ready.
[bookmark: _Toc237246576]5.8 Business Value and Validity Limits
The implemented value proposition is reduction of decision-framing effort: instead of manually reconciling commercial and behavioural views before knowing where to look, the user receives an ordered queue in which the recommendation, evidence, rule, confidence, ownership and priority are visible. The four controlled datasets and the frontend workflow demonstrate that this value proposition exists in the artefact rather than only in backend code. The system also preserves human authority: it recommends investigation or action but does not automatically execute buying, markdown or visibility changes.
External validity remains the principal unresolved limitation. Synthetic data provide controlled, confidential test conditions but cannot reproduce production effects such as promotions, seasonality, lead times, analytics noise, changing assortment or user behaviour. No time-and-motion study, adoption study or commercial pilot was conducted, so no measured time, conversion, profit or stockholding benefit is claimed. Future evaluation should combine historical back-testing, expert calibration, merchandiser user-acceptance testing and a controlled pilot; indicative exposure also requires independent financial calibration.
[bookmark: _Toc237246577]Chapter 6 - Conclusions and Recommendations
[bookmark: _Toc237246578]6.1 Conclusions
This study asked whether fragmented commercial and behavioural retail evidence could be integrated into an explainable decision-support workflow that prioritises product-level merchandising attention without replacing human judgement. Within the defined prototype boundary, the answer is yes. MDSS accepts and validates structured BI and GA4 evidence, preserves it in a controlled SQLite model, creates transparent relative rankings, interprets product conditions through explicit business rules and presents a prioritised queue whose reasoning can be inspected by the user. The artefact therefore moves beyond descriptive reporting by making the path from evidence to suggested action visible and reproducible.
Each objective is supported by implemented evidence. The five-sheet import and build_master() integration satisfy the data-integration objective; min-max normalisation, explicit weights and deterministic tie handling support transparent ranking; the ordered decision engine exposes action, rule ID, evidence, confidence and owner; Scenario Lab demonstrates reproducible sensitivity to different business policies using unchanged data; and the verification suite exercises calculations, ranking, rule execution, database boundaries and import safety. Across four workbooks and twelve weeks per workbook, 1,200 controlled technical check executions completed without FAIL or WARN status in the final audit. This establishes strong internal evidence that the implemented artefact behaves as specified.
The project does not establish commercial optimality. The exact 35/20/25/20 Balanced weights, rule thresholds, 45/40/15 priority formula and indicative-exposure calculation remain transparent prototype assumptions. The sensitivity result is valuable precisely because it demonstrates that rankings change when policy changes. The contribution is therefore applied rather than predictive: a defensible architecture for explainable merchandising triage, supported by controlled technical evidence and an explicit account of what remains unvalidated. That bounded conclusion is more credible than presenting technical test success as proof of commercial performance.
[bookmark: _Toc237246579]6.2 Recommendations for a Commercial Successor
· Calibrate scoring weights, rule thresholds and indicative exposure against anonymised historical outcomes and structured merchandising-expert judgement.
· Run user-acceptance testing with practising merchandisers, measuring comprehension, decision consistency, time-to-priority and reasons for overriding recommendations before a controlled pilot.
· Replace manual workbook upload with governed warehouse/ERP/PIM and GA4 integrations that retain import-batch lineage rather than replacing shared analytical state.
· Migrate persistence to a managed multi-user database and add authentication, role-based authorisation, audit logging, backups, retention controls and secure deployment.
· Extend testing with conventional automated unit/integration tooling, browser and accessibility checks, security testing, performance testing and monitored production-style environments.
· Compare alternative normalisation and risk-oriented stock features, including target-cover deviation, lead time and forecast error, while preserving decomposable explanations for every recommendation.
The recommended sequence is deliberately validation-first: historical calibration and user evaluation should precede infrastructure scale. There is little value in making the prototype technically larger before establishing that the policy assumptions and interaction model improve real merchandising work.
[bookmark: _Toc237246580]Chapter 7 - Reflection
The most important learning from this project was that explainability is not mainly a presentation problem; it requires discipline across the data model, calculations and claims. Converting practical experience of commercial and digital trading into software forced me to define what each metric meant, which conditions should trigger attention and what the system should refuse to claim. The final architecture is stronger because those assumptions are visible rather than hidden behind a more sophisticated-looking model.
One concrete example was conversion rate. An earlier approach considered falling back to a BI-derived ratio when GA4 conversion was zero, but that would have mixed different source-system definitions and turned a genuine 'sessions but no GA4 purchase' observation into a non-zero value. The final build therefore preserves zero GA4 conversion as valid evidence and recomputes aggregated rates from underlying totals. This reinforced a broader lesson: in analytical software, semantic correctness matters more than convenient completeness, because a plausible number with the wrong meaning is more dangerous than an explicit zero or missing state.
The import layer produced a similar lesson. A permissive importer would have made demonstrations easier, but silently converting malformed fields or partially replacing tables could produce credible-looking recommendations from corrupted evidence. I therefore moved towards strict, all-or-nothing validation: required schemas, numeric and range checks, duplicate-key checks and a transaction that preserves the existing database if any sheet fails. This increased implementation effort but made the decision-support output more defensible and created a clear integration test for rollback behaviour.
I also learned to separate analytical prominence from operational urgency. Stella McCartney Kids Essential Trousers is rank 23 under Balanced, yet STOCK-03 raises it to High priority 68.4; under Stock Risk its weighted rank rises to 4 as stock gains influence. This clarified why scoring, rule classification and action priority remain distinct layers.
It also made Scenario Lab more meaningful: it challenges assumptions rather than pretending the Balanced policy is objectively correct.
The verification work changed how I interpret software success. A visible 25-of-25 pass initially feels like a complete result, but the final evaluation required a stricter distinction. Running the suite across 48 weekly states produced 1,200 successful technical check executions, which is strong evidence that the implementation behaves consistently under the controlled cases. It is not evidence that the rules maximise profit, that merchandisers will trust the interface, or that the thresholds are commercially optimal. Learning to state that boundary clearly improved both the report and my understanding of responsible analytical practice.
If the project were restarted, I would plan commercial validation earlier. I would define an anonymised historical back-testing dataset and a small expert-evaluation protocol at the same time as the requirements, so that weights and thresholds could be calibrated rather than only exposed as prototype assumptions. I would also introduce conventional automated test tooling and browser-level checks earlier, rather than relying primarily on a custom in-application harness. Those changes would allow technical verification and naturalistic evaluation to develop in parallel instead of leaving the strongest external-validity questions to future work.
Overall, the project strengthened my ability to move between business context, data semantics, software design and evidence-based evaluation. The most useful outcome is not simply the completed Flask application, but the ability to explain each major design choice, its evidence, its tested behaviour and its limits. That combination of implementation and critical qualification is the standard I would carry into future analytical work.
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[bookmark: _Toc237246583]Appendices
[bookmark: _Toc237246584]Appendix A - Repository Structure
MDSS_Final/
|-- app.py
|-- mdss.db
|-- requirements.txt
|-- README.md
|-- modules/
|   |-- __init__.py
|   |-- decision_engine.py
|   |-- evaluation.py
|   |-- excel_import.py
|   |-- ingest.py
|   `-- scoring.py
|-- templates/
|   |-- base.html
|   |-- evaluate.html
|   |-- index.html
|   |-- opportunities.html
|   |-- scenarios.html
|   `-- upload.html
`-- data/
    |-- MDSS_Demo_Data.xlsx
    |-- MDSS_Demo_EndOfSeason.xlsx
    |-- MDSS_Demo_PeakTrading.xlsx
    |-- MDSS_Demo_PostReturns.xlsx
    |-- MDSS_Template.xlsx
    `-- generate_demos.py
[bookmark: _Toc237246585]Appendix B - Workbook Schema Summary
	Sheet
	Purpose

	BI Product
	Product-level revenue, forecast, price, stock, sales, returns, margin and sell-through evidence

	BI Category
	Category and regional commercial summaries

	GA4 Product
	Product-level sessions, purchases, conversion and engagement evidence

	GA4 Pages
	Page-level traffic and behavioural evidence

	GA4 Search
	On-site search volume, zero-result rate and conversion evidence


[bookmark: _Toc237246586]Appendix C - Priority Bands
	Priority score range
	Band

	< 55
	Monitor

	55 <= score < 68
	Medium

	68 <= score < 80
	High

	80 <= score <= 100
	Critical


[bookmark: _Toc237246587]Appendix D - Verification Coverage
	Category
	Checks

	KPI Calculation Verification
	6

	Ranking Sensitivity
	6

	Integration Verification
	4

	Rule Execution Verification
	5

	Robustness
	4

	Total
	25


[bookmark: _Toc237246588]Appendix E - Controlled Evaluation Set
The final controlled audit used four synthetic workbooks (Baseline, End of Season, Peak Trading and Post Returns), each containing 12 trading weeks and 60 product rows per week. The 25-check verification suite was executed for every imported weekly state, producing 48 weekly evaluations and 1,200 individual check executions with zero FAIL or WARN statuses in the final controlled run. These are technical verification results and do not establish commercial accuracy.
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Figure 3.1: Design Science Research Methodology mapped to the MDSS project. Source: author, adapted from Peffers et al. [5].
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Scenario sensitivity: changing the policy changes product priority
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