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Executive summary
This report explores how BI, data warehousing, data mining, and predictive analytics can assist the Sosandar plc, a UK based womenswear retailer, in making more informed business decisions. For instance, Sosandar reported revenues of £42.3m in its FY2026; however, its adjusted profit before tax was just £0.4m, meaning that increased sales have not necessarily brought increased profitability to the organisation (Sosandar plc, 2026). The report also examines how a combination of data warehouse, association rule mining, sales prediction, and use of Power BI tools can assist the organisation in managing its inventory as well as monitoring its performance. The implementation of the above will involve a phased process, a careful testing of predictive models and proper data protection measures. The success of these initiatives should be assessed by looking at whether they improve forecast accuracy, product availability, gross margins and overall financial results.
[bookmark: _Toc243714101]1. Introduction
Sosandar plc offers women's wear through its online platform and retail partners' stores as well as its own stores. In its FY2026 Trading Update, the company stated that its revenue increased by 14% and was at £42.3 million, with its gross margin standing at around 64%. Nevertheless, the company had only £0.4 million of adjusted profit before tax, despite 24% growth in sales on its website (Sosandar plc, 2026). That implies that growth in revenue is not necessarily linked to profitability, and proper stock management and decision making are necessary improvements.
The purpose of this report is to analyse how Sosandar can use data collected across all of its sales platforms to forecast demand, optimise the allocation of stock and detect profitable products and customers and by analysing modern BI trends gives recommendations on establishing a specific organisational data warehouse, two data-mining methods, predictive analytics software, data security and management dashboard. These recommendations aim to address gaps in Sosandar’s current capabilities and suggest ways the company could improve.
[bookmark: _Toc243714102]2. Trends in business intelligence, data warehousing and data mining
Business Intelligence (BI) involves collecting, analysing and presenting information to support business decisions. Data warehousing provides a unified source of data for analysis, and data mining can uncover patterns that might not be apparent otherwise. Predictive analytics involves predictive forecasting by applying statistical methods or machine learning to predict future outcomes.

Cloud-based data storage and self-service BI may help make reports accessible without having to support large onsite infrastructure, Sosandar said. Real-time analytics also enable to detect stocks shortages earlier than the monthly reporting. More rapid information access is not necessarily better performance, however. Poor data quality, incorrect key performance indicators (KPIs) and a lack of management understanding can give false conclusions. Implementing AI in the retail sector has significant challenges, yet it holds promise for enhancing retail decision-making (Velásquez-Henao, 2025). In Sosandar's case, he needs to focus on the processes of reliable data and sound decision making rather than investing in more sophisticated analytical tools.

There are two frameworks that might support this approach. Kimball and Ross (2013) describe how data dimensional modelling structures data around the business activities such as sales and inventory transactions. With accurate data, this might be useful for Sosandar to make consistent comparisons of products and sales channels. CRISP-DM is a six-phase process for analysing business problems which includes understanding the problem, preparing data, modelling, deploying and evaluating (Schröer, Kruse and Gómez, 2021, Chapman et al., 2000). Whereas, dimensional modelling is a framework for organizing data for analysis, CRISP-DM is a framework for using dimensional models. Without meaningful questions that are being asked about the business and trustworthy data, neither will make better decisions.

Examples such as retail show the possibilities. With the help of RFID technology, Zara is able to utilize sales and inventory data at the store level to enhance the visibility of stocks (Emilio, 2025). H&M utilizes machine learning and various data sources for store assortment decisions (Best Practice AI, n.d.), and ASOS has enhanced its analytical tools using Microsoft Azure and AI-driven forecasting and merchandising (ASOS plc, 2024).

Sosandar however, should not copy these systems. They can be limited by cloud costs, reliance on suppliers and concerns about data security, as well as the lack of in-house expertise. The real-time processing may also not be needed if the decisions are weekly. Before expanding its investment, Sosandar should first combine all the data available and make sure it is reported consistently, and then determine if forecasting and stock-allocation tools can enhance business performance. (Jamarani et al., 2024)
[bookmark: _Toc243714103]3. Data warehousing applications at Sosandar
A data warehouse might consolidate sales, website metrics, product information, inventory, returns, promotions and supplier deliveries. The ability to have consistent identifiers such as product ID, date, sales channel and store/customer ID (where applicable) would make it easier for Sosandar's management to compare the performance without having to combine separate spreadsheets (see Appendix, Figure A1).

The dimensional model might have a Sales fact table containing units sold, revenue, discounts and returns dimensions such as Product, Date, Channel and Location. Sales are a measure of completed transactions, and inventory records availability of stock, so movements of inventory should be recorded separately. Combining these measures could give a misleading picture of performance (Kimball and Ross, 2013; see Appendix, Figure A2).

Three decisions should be supported in the warehouse: identify products with increasing sales, decreasing stocks; compare profitability of different channels after discounts and returns on products; enhance purchasing and stocking decisions based on historical sales, promotions, lead times and stocks. Given that Sosandar reported a 24% rise in own site revenue for the FY2026, the relevance of channel analysis is even more significant. But the profit representation is not necessarily high as the result of higher revenue after fulfilling the cost of returns, marketing expenses and product mix are taken into consideration (Sosandar plc, 2026).

Some fashion retailers have adopted a strategy of using a combination of integrated point-of-sale, e-commerce, and inventory data to gain better visibility of their stock, minimize stockouts and avoid overstocking (Kankaria, 2023). Sosandar was able to move data into a cloud warehouse initially using scheduled interfaces, validate it with automated checks, and provide accurate reports in Power BI. Daily updates are appropriate for routine reporting, and can be combined with role based access and audit trails.

The critical issue is probably more likely to be the data than the technology itself. Consistent product information, returns and historical stock levels may be lost and impact forecasts. Sosandar should designate data owners, align all definitions and harmonise warehouse with financial and inventory. A pilot program with some product categories would provide the company a chance to prove the value of data quality, employee adoption and potential savings for expansion.
[bookmark: _Toc243714104]4. Data mining techniques
Two analytical methods could help Sosandar improve merchandising and stock planning: association-rule mining and regression-based sales forecasting.
Association-rule mining identifies products frequently purchased together. Sosandar could use it to explore whether dresses are commonly bought with particular accessories or whether certain combinations increase order values. Measures of support, confidence and lift help distinguish frequent combinations from meaningful purchasing patterns. Hsieh (2022) discusses market-basket analysis in grocery retail, while Hashad et al. (2024) compare Apriori and FP-Growth algorithms. Both can be implemented using RapidMiner or Python and R libraries. However, product associations do not prove that recommendations will cause additional purchases, and popular products may dominate the results. Sosandar should test recommendations against a control group and measure incremental contribution margin, rather than relying only on clicks or basket size.
Regression-based forecasting could estimate demand using historical sales, prices, discounts, seasonality, product categories and sales channels. However, fashion trends change quickly, making demand difficult to predict (Swaminathan and Venkitasubramony, 2024). Stock outs also conceal actual demand because recorded sales may underestimate what customers would have purchased (Giri and Chen, 2022; Chen et al., 2022). Although deep-learning models have been explored, simpler methods may be more practical initially (Eglite and Birzniece, 2022).
Sosandar should compare regression forecasts with a seasonal-naïve benchmark, using rolling time-based validation, weighted absolute percentage error and forecast bias (Hyndman and Athanasopoulos, 2021; Fildes, Ma and Kolassa, 2022). More complex models should only be adopted if they consistently improve purchasing decisions and business outcomes.
[bookmark: _Toc243714105]5. Predictive analysis tools
Several options are worth of consideration for comparison: Excel, Power BI, IBM SPSS Statistics, Tableau, RapidMiner. Useful for prototyping and small scale analysis, Excel provides familiar spreadsheets and basic forecasting functions. Manually managed files, however, can lead to version control issues and be hard to manage as datasets increase in size. Power BI provides interactive reports, scheduled refresh and integration with Microsoft data services. If Sosandar's systems are compatible, it is the best option for initial reporting. However, dashboard licensing, data modelling and maintenance incurs expenses, and the current Microsoft pricing should be compared for the number of users and desired sharing specifications (Microsoft, n.d.). 

Similarly, Tableau offers similar interactive visualisation often, the choice between Power BI and Tableau hinges on existing Microsoft or Salesforce tooling, licensing and skills, more than on analytical capability. If the organization requires a dedicated statistical environment, then IBM SPSS Statistics provides well-known statistical modeling. RapidMiner also provides an interface for the visualization of a workflow that allows analysts with a non programming background to use association-rule mining, regression and other techniques. Both SPSS and RapidMiner can, however, require further licenses and expertise and neither is a replacement for a well-managed warehouse and working forecasting process. There are two options: initially explore the data in Excel, then use Power BI (or Tableau, after a brief evaluation process) for controlled reporting and validated statistical or machine-learning model for forecasting in SPSS/ RapidMiner or open source software. Sosandar needs to validate the final toolset with its real commerce, inventory and finance systems.
[bookmark: _Toc243714106]6. Ethical and data security considerations
Sosandar is responsible for ensuring that personal-data-processing is compliant with relevant UK data protection legislation such as the UK GDPR and the Data Protection Act 2018 (as amended). The lawful basis for each processing purpose needs to be set out; Consent is not a general requirement for all the legitimate uses of the data, but there may be additional requirements for marketing and tracking (Information Commissioner's Office, 2026a). Clear privacy information should be given to customers, detailing purposes, data use and retention. The company needs to define the owner of the data and define responsibilities with software providers. Data Protection by Design does not refer to one single point solution, but must be ensured at every stage of the data lifecycle (Information Commissioner's Office, 2026b). 

Role based access control, least privilege, encryption where appropriate, backup, multi-factor authentication and logging are all part of what must go into the controls. Internal risk sources would include the possibility of employees obtaining information from the system and using it for other than its intended purpose. External risks may include phishing, ransomware, and supplier account compromises. Both should be addressed in training, access control, and incident management. Pseudonymisation can minimize exposure when analysing the data, may not make data anonymous. Customer segmentation shall not be based on unjustified discriminatory assumptions and recommendations shall be monitored for unintended effects. Security measures need to be proportionate to the risks and encryption is not enough (Information Commissioner's Office, n.d.).
[bookmark: _Toc243714107]7. Reporting and dashboard solutions
Power BI should offer separate management and operational perspectives, with the same data definitions applied to the governed data. The operational dashboard could prove useful for stock allocation and for identifying any shortages that are developing, providing value to management in near real time, while not requiring continuous streaming for each metric. Profitability and trends could be assessed on a weekly basis by a management dashboard (see Appendix, Figure A4).
The following KPIs are proposed:
Table 1: Proposed KPIs
	KPI
	Management purpose

	Revenue and year-on-year growth
	Track commercial performance

	Gross margin by product and channel
	Identify profitable sales, not just volume

	Stock-out rate
	Highlight availability problems

	Inventory turnover and aged stock
	Identify excess stock and working-capital pressure

	Forecast error and bias
	Test forecasting reliability

	Return rate
	Identify product or fit-related issues

	Average order value and conversion rate
	Assess online sales performance


 
KPIs should have clear definitions, be reportable at regular intervals, have owners and thresholds for investigation. For instance, if the sales increase, but gross margin decreases, discounts, returns and product mix should be analysed before other promotions are authorized. A dashboard isn't a decision-making system itself. Too many measures may confuse managers and too few or too ambiguous may lead them to take inappropriate measures. A small group of KPIs should be piloted by Sosandar, and reported KPIs should be checked against source KPIs and the impact on decisions and time spent on reporting should be measured as Dashboard use increases.
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BI could be used by Sosandar to link the commercial performance to stock availability and profitability. A phased data warehouse would help to provide consistent reporting, association-rule mining would help with opportunities for complementary products, and regression forecasting would help with demand planning. Tableau and RapidMiner are viable options depending on skills and systems, and Power BI is a viable reporting option, depending on integration, licensing and governance considerations. The main suggestion is to implement a pilot project on a small scale, set some data ownership and quality criteria, validate forecasts with simple baselines, and assess financial effects. Expansion to be based on proven margin improvement, availability and inventory efficiency improvements as well as data protection requirements. There is no intent to increase the level of analysis; it is aimed at making better and more accountable decisions.
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Source: Author’s own, created in Microsoft PowerPoint, adapted from Chapman et al. (2000)
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Source: Author’s own, created in Microsoft Power BI using simulated data
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Figure A2. Dimensional (star) schema for sales and inventory
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Figure A3. CRISP-DM applied to Sosandar's demand forecasting
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Sosandar — Weekly Management Dashboard (mock-up)

ILLUSTRATIVE DATA ONLY - not Sosandar's actual figures
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Figure AL Proposed BI architecture for Sosandar ple
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