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Part 1
1. Introduction
The success of businesses, whether operating in the realm of e-commerce or education, heavily relies on their capacity to effectively harness and analyse extensive data sets (Zhang, 2018, pp.1). This essay explores two distinct sets of data, each offering unique insights into various aspects of organisational functioning and societal trends. The initial data set focuses on a UK-based e-commerce platform specialising in gifts and homewares, providing a comprehensive overview of sales patterns over a year-long period. As the e-commerce landscape undergoes continuous evolution, comprehending consumer behaviour and market dynamics becomes essential for businesses aiming to remain competitive (Wohllebe, 2022, p.204). Simultaneously, the second data set examines survey data gathered from 2133 school students, scrutinising their pre-test and post-test scores alongside their eligibility for reduced/free lunch programs. Through these analyses, this essay endeavours to shed light on the pivotal role of data in shaping strategic         decision-making processes and augmenting organisational effectiveness across commercial and educational sectors.
2.Sales trend over the months
[image: image2.emf]Principally, the analysis identifies conspicuous shifts in the sales trajectory over the temporal scope under examination. Particularly noteworthy is the discernible upsurge in sales from January to February, signalling a favourable initiation to the fiscal year, likely influenced by seasonal dynamics such as            post-holiday consumer spending patterns or promotional undertakings. 
However, April emerges as an anomaly characterised by markedly diminished sales compared to preceding periods. This sudden downturn could be attributed to a multitude of factors encompassing seasonal variations, alterations in consumer behaviour, or external economic determinants. 

Following the through in April, sales exhibit a gradual rebound in May and June, hinting at a potential resurgence after the preceding month’s decline. This upward momentum persists into July, culminating in peak sales performance for the fiscal year. The robust performance in July may stem from various stimuli including       mid-year sales initiatives, marketing campaigns, or seasonal peaks in consumer demand.
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Consequently, August and September experience a marginal dip in sales compared to July, suggesting a moderation in the fervour witnessed during the mid-year period. Nevertheless, it is noteworthy that despite the slight decline, sales remain relatively stable in August and September, highlighting the resilience ingrained in the operational performance of the enterprise. 
In summary, the sales trend across monthly intervals exhibits a cyclical pattern characterised by oscillations encompassing phases of expansion, contraction, and equilibrium. This cyclical nature underscores the importance of understanding seasonal nuances, consumer behavioural tendencies, and external market dynamics in shaping organisational performance.
From a strategic perspective, the insights derived from this analysis can offer invaluable guidance in formulating decisions pertinent to inventory management, crafting marketing strategies, and optimising resource allocation. For instance, pinpointing peak sales months facilitates the fine-tuning of inventory levels to meet demand, while a nuanced understanding of sales fluctuations aids in the strategic alignment of marketing initiatives to maximise effectiveness.

In conclusion, the scrutiny of the sales transaction dataset yields actionable intelligence pertaining to the sales trend across sequential months, thereby providing essential inputs conducive to enhancing organisational performance and bolstering competitiveness within the dynamic e-commerce landscape.
3. Frequency of Product No

[image: image4.emf]This dataset, comprising various product ranges and their respective total purchases, offers a glimpse into how consumers allocate their spending within the gifts and homewares sector.

At the core of this analysis lies the fundamental principle of supply and demand, where consumer preferences intersect with product availability to drive market activity (Ramesh, 2018). The product with the highest frequency of purchases, as revealed by the dataset, are those experiencing robust demand compared to their counterparts. Understanding the economic implications of these purchasing patterns entails considering factors such as price elasticity, consumer satisfaction, and market competition (Daughety and Reinganum, 2008).

Leading the pack is Product No 22030-23029, boasting a substantial count of 160 transactions. The strong demand for this product range suggests several underlying dynamics. It implies a favourable level of consumer satisfaction, where individuals perceive the products within this range as valuable or desirable. This perception could stem from factors such as product quality, functionality, or aesthetic appeal, driving repeat purchases. Additionally, the popularity of this range may reflect competitive pricing relative to similar offerings in the market, as consumers seek value for their money.
Following closely are Products No 23030-24029, with 117 total purchases, indicating significant demand within the gifts and homewares sector. The popularity of this range underscores the importance of product differentiation and market positioning in driving sales. Unique features, brand recognition, or perceived prestige associated with products in this range contribute to their attractiveness among consumers.
[image: image5.emf]Rounding out the top three are Products No 21030-22029, with 79 transactions. While slightly lower in total purchases compared to the top two contenders, this product range still holds sway in the market. Consumer preferences, seasonal trends, and promotional activities influence demand for products within this range, showcasing the dynamic nature of consumer behaviour in e-commerce.

Beyond the top three contenders, the dataset covers a range of products, each with varying levels of demand and economic significance. From Products No           20030-21029 with 21 purchases to Products No 37030-38029 with a single purchase, each range offers insights into niche markets, emerging trends, and potential areas for strategic investment.
In conclusion, analysing the frequency of products numbers dataset, businesses can optimise resource allocation, and enhance competitiveness in the retail landscape (Hara, 2015).
4. Customer purchases per transaction
[image: image6.emf]
The dataset on customer purchases per transaction reflects a varied spectrum of consumers behaviours within the UK-based e-commerce platform. From frequent, smaller purchases to larger bulk orders, the dataset showcases the platform’s appeal to a wide array of customers, including individuals, small businesses, and wholesale buyers. 

Primarily, it’s apparent that most customers tend to make smaller purchases per transaction, with 220 customers buying between 1 and 10 products. This suggests a pattern towards frequent, smaller purchases, potentially influenced by factors like convenience, budget limitations, or the nature of available products.
Furthermore, a notable portion of customers (96) engage in transactions where they purchase between 11 and 20 products, indicating a segment with a preference for bulk purchases. This inclination could stem from a desire for discounts on larger orders or a necessity to maintain inventory for resale purposes.

As a progress along the spectrum, there is a decrease in the number of customers making larger purchases per transaction. For example, 49 customers purchase between 21 and 30 products, indicating a smaller yet significant segment with higher purchase volumes. 

Interestingly, outliers exist within the dataset, such as a single customer making an exceptionally large purchase of 611 to 620 products in a single transaction. Although these outliers may skew the average, they provide valuable insights into the potential for high-volume transactions within the e-commerce platform.
[image: image7.emf]Additionally, the presence of customers making purchases between 91 and 100 products, as well as a solitary customer buying 1401 to 1410 products, emphasises the diversity of consumer behaviour captured in the dataset. These outliers may represent wholesale buyers or businesses procuring in bulk for resale, demonstrating the platform’s attractiveness to both individual consumers and commercial entities.  
Analysing the distribution unveils a long tail, with fewer customers engaging in extremely large purchases per transaction. For instance, there is a solitary customer for transactions ranging from 281 to 290 products to 1491 to 1500 products. Despite being infrequent, these transactions contribute to overall revenue and offer insights into the potential for high-value orders within the platform. 

5. Strategy recommendation
One effective approach to enhance profitability involves employing price discrimination entails setting different prices for distinct consumer segments based on their willingness to pay. By segmenting customers according to their purchasing habits and preferences, the business can customise pricing tactics to capture additional consumer surplus and boost overall revenue (Coleff and Rubbini, 2023).
For instance, for high-demand products like Products No 22030-23029, the company could adopt a form of price discrimination known as first-degree or perfect price discrimination (Coleff and Rubbini, 2023). This strategy entails charging each customer the maximum price they are willing to pay, thereby capturing the entirety of consumer surplus. With detailed insights into consumer preferences and buying behaviours, the business can utilise dynamic pricing algorithms to adjust prices in real-time, maximising revenue per transaction.
Additionally, for products with varying demand levels, such as those in the mid-tier range like Products No 23030-24029 and No 21030-22029, the business can implement second-degree price discrimination. This involves offering discounts or bundling options based on purchase volume or frequency. For example, providing bulk purchase discounts or loyalty programs can incentivise customers to increase their order size or frequency, leading to higher overall revenue while catering to diverse consumer segments.
Furthermore, the company can employ third-degree price discrimination by segmenting customers based on their willingness to pay and offering different pricing tiers or promotional incentives. For instance, targeting budget-conscious consumers with lower-priced options or seasonal promotions while offering premium versions or exclusive deals to higher-paying segments can attract a broader range of customers and maximise revenue.
In addition, the business can deploy an email marketing strategy that capitalises on automation and personalisation to nurture customer relationships and drive repeat purchases. Segment email lists based on purchase history, browsing behaviour, and engagement levels to deliver targeted content, personalised product recommendations, and exclusive offers (Parmar, 2016). Leveraging triggered emails such as abandoned cart reminders or post-purchase follow-ups can effectively       re-engage customers and mitigate churn.

Also, partner with complementary brands within the gifts and homewares sector to execute joint marketing campaigns can be a good option for the business profitability (McIntyre, 2011). The company must identify brands whose products complement the business’s offerings and collaborate on initiatives like shared giveaways, bundled deals, or co-created content. This collaborative approach enables tapping into each other’s customer bases and expanding brand visibility.
Moreover, leveraging data on customer purchasing behaviour, such as bulk purchase trends and the presence of wholesale buyers, can inform targeted pricing strategies and discount structures to effectively appeal to different customer segments. 
Part 2
[image: image8.emf]6. Gender distribution
The gathered survey data from 2133 students portrays a relatively equitable         distribution of gender. Among the total sample, 1077 are identified as female, with males comprising 1056. While this slight tilt towards females is noticeable, it does not signal a substantial gender imbalance within the surveyed populace.
Analysing the gender distribution offers valuable insights applicable to educational planning and policy development. This involves identifying potential variations in   educational outcomes between genders and tailoring educational interventions to address the specific requirements of different gender groups.
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7. Lunch program qualification
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Overall, 918 students (43% of the total) qualified for free/reduced lunch, while 1215 students (57% of the total) did not. This highlights a significant portion of the        students qualifying for financial assistance. 

Upon examining gender distribution, a slightly higher proportion of females were found eligible for free/reduced lunch compared to males. However, the disparity lacked statistical significance.

8. Mean and Median analysis

Examining the Mean of students eligible and ineligible for reduced/free lunch reveals slight disparities based on gender and lunch eligibility. Among females, those    qualifying for lunch assistance achieve a Mean of 0.18, while those ineligible scores slightly higher at 0.24. Similarly, among males, those eligible for reduced/free lunch achieve a Mean of 0.19, compared to 0.25 for those ineligibles. These findings   suggest a consistent trend across genders: students not qualifying for lunch support tend to achieve slightly higher averages than their eligible peers.

9. K-Means Clustering

The Initial Cluster Centres indicate growth in both Clusters from the Pre-test to the Post-test. Cluster 1 increased from 23 to 35, and Cluster 2 from 93 to 100. This   suggests an overall improvement across both clusters, with Cluster 2 consistently showing higher values, possibly reflecting superior performance or scores in the measured metric.


Convergence resulted from minor or negligible modifications in cluster centres, with the maximum absolute change in coordinates for any centre being .000. The current iteration is the 7th, with a minimum distance of 95.525 between initial centres.


For Cluster 1, the average value before the test was 43, and after the test, it          increased to 55, indicating a 12-point rise. Similarly, for Cluster 2, the average value before the test was 65, which increased to 78 post-tests, showing a 13-point         increase. These changes in cluster centres provide insights into how the data points within each cluster have shifted or altered between the pre-test and post-test         periods. 

As a data analyst, it is best to use the F tests descriptively since the clusters are chosen to increase variations among cases in different clusters. The observed     significance levels are not adjusted for this, so interpreting them as a test of the    hypothesis that cluster means are equal would not be appropriate.

The data illustrates how cases are distributed among two clusters: Cluster 1contains 993 cases, and Cluster 2 contains 1140 cases. The total number of valid cases in both clusters combined is 2133. Notably, there are no missing values in the dataset, denoted by the absence of any count for missing data, which is indicated as .000.
10. Comparison of SPSS and Excel
Advantages of SPPS and Excel

	SPSS
	Excel

	· SPSS excels in managing large datasets with intricate structures, streamlining data cleaning, transformation, and organisation for efficient analysis.
	· Excel is adept at handling basic data management duties like sorting, filtering, and simple calculations, ideal for smaller projects or quick analyses.

	· SPSS provides a comprehensive array of advanced statistical techniques, such as regression analysis and ANOVA, empowering researchers to delve into intricate analyses.
	· While Excel offers basic statistical functions, its capabilities pale compared to SPSS, limiting complex statistical modelling and hypothesis testing.

	(Ozgur, Kleckner, and Li, 2015)


Disadvantages of SPSS and Excel
	SPSS
	Excel

	· SPSS may encounter scalability hurdles with massive datasets or complex analyses, leading to performance lag or system crashes, particularly on older hardware.
	· Excel’s performance deteriorates notably when handling substantial datasets or intricate calculations, heightening the risk of errors and slowdowns.

	· SPSS necessitates a learning curve for novices in statistical software, demanding time, and effort to grasp its functionalities, potentially dissuading inexperienced users.
	· While Excel boasts an intuitive interface for basic tasks, mastering its advanced functions and data analysis requires additional training, posing challenges without proper guidance.

	(Simmons, 2024)


11. Conclusion
By meticulously analysing data sets encompassing sales trends within e-commerce and educational performance metrics, this essay underscores the transformative potential of data-driven decision making. Leveraging insights derived from data analysis, businesses can refine their marketing strategies, optimise resource allocation, and uphold their competitive edge within a dynamic market milieu. Similarly, educational institutions can tailor interventions to support students’ academic development, pinpoint disparities in resource accessibility, and cultivate inclusive learning environments. Consequently, the strategic utilisation of data not only enhances organisational performance but also empowers businesses and educational establishments to adapt and thrive amidst perpetual change and competitive pressures.
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Graph 1.1: Sales trend over the months
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Table 1.2: Frequency of Product ID
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Chart 1.2: Frequency of Product ID
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Table 1.3: Customer purchases per transaction
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Chart 1.3: Histogram of customer purchases per transaction
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�
Frequency


�
Percent


�
Cumulative


Percent�
�



Gender�
Female�
1077�
50.5�
50.5�
�
�
Male�
1056�
49.5�
100.0�
�
�
Total�
2133�
100.0�
�
�



Table 2.1 Rate of Female and Male 
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Chart 2.1: Rate of Female and Male
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�
�
Male�
Female�



Total�
�



Lunch�
Does not qualify for free/reduce lunch�
�
593�
622�
1215�
�
�
Qualify for free/reduced lunch�
�
463�
455�
918�
�



Table 2.2 Reduced/free lunch qualification


(Source: Self-created)
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Chart 2.2 Reduced/free lunch qualification
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Gender�
Lunch�



Mean�



Median�
�
Female�
Qualify for reduced/free lunch�
0.18�
0�
�
�
Does not qualify for reduced/free lunch�
0.24�
0�
�
Female Total�
�
0.42�
0�
�
Male�
Qualify for reduced/free lunch�
0.19�
0�
�
�
Does not qualify for reduced/free lunch�
0.25�
0�
�
Male total�
�
0.44�
0�
�
Grand total�
�
0.43�
0�
�



Table 2.3 Mean and Median qualified for reduced/free lunch


(Source: Self-created)
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Initial Cluster Centres


�
�
�
Cluster�
�
�
�
�
�
1�
2�
�
Pre-test�
23�
93�
�
Post-test�
35�
100�
�



Table 2.4 


(Source: Self-created)





 








Iteration History�
�
Iteration�
Change in Cluster Centres�
�
�
1�
2�
�
1�
30.191�
33.606�
�
2�
.885�
.791�
�
3�
.611�
.532�
�
4�
.212�
.181�
�
5�
.227�
.200�
�
6�
.150�
.128�
�
7�
.000�
.000�
�



Table 2.5
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Final Cluster Centres�
�
�
Cluster�
�
�
1�
2�
�
Pre-test�
43�
65�
�
Post-test�
55�
78�
�



Table 2.6
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ANOVA�
�
�
Cluster�
Error�
F�
Sig.�
�
�
Mean Square�
df�
Mean Square�
df�
�
�
�
Pre-test�
263262.668�
1�
60.505�
2131�
4351.122�
<.001�
�
Post-test�
285646.166�
1�
61.679�
2131�
4631.188�
<.001�
�



Table 2.7
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Number of Cases in each Cluster


�
�
Cluster�
1�
993.000�
�
�
2�
1140.000�
�
Valid�
2133.000�
�
Missing�
.000�
�



Table 2.8
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