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Introduction
Processing data is an essential part of working with data, and Excel is a popular choice for many data scientists when it comes to pre-processing, analysing and visualising data. In fact, most data sets would be simply abstract and have no meaning at all if they are not pre-processed. Microsoft Excel is not only powerful but also easy to learn and use for numerous data analysis applications. In this task, the data has been provided for sales in a superstore and this includes details raging from the store’s sales, prices, and profits. Without the analytical capabilities of Excel, this task would not be possible as the data would be incomprehensible and not easy to put into context. The goal of this task is to discuss how we have used Excel to pre-process data with reference to the provided superstore data file. While the primary focus is to analyse the trends in sales, prices, and profits for the business for the four-year period between 2009 and 2012, this task also details the importance of using the software for analysing the data (Fekete et al., 2019).
To begin with, the following is a highlight of the basics of data processing in Excel. Excel is a powerful tool for processing and analyzing data, as well as visualizing it. Pre-processing data with Excel is an essential step before any further analysis or visualization can take place. The first step of pre-processing is data cleaning. This involves checking for any errors or inconsistencies in your data, such as typos, blank cells, and incorrect values. Data cleaning also includes removing duplicate records, missing values, and other erroneous values from the dataset. Excel offers a number of different options for data cleaning, such as using formulas to identify potential errors and using the filter feature to remove unwanted values. In the dataset provided, the cleaning of data involved first settling down for the specific data columns that would be used for the analysis. The dates, prices, profits, and sales columns were selected for analysis (Zhang and Huang, 2013). 
After data cleaning, an analyst wants to explore their data. This involves examining different aspects of the data to get a better understanding of what it contains. Exploring the data can help them determine which variables are most important and can help inform any decisions you make in the future. Excel provides a number of features that make exploring data easy, such as sorting, filtering, and pivoting tables. With the superstore dataset, these were important for getting only the most relevant parts of the dataset for analysis (Zhang and Huang, 2013).
Finally, it is always important that the analyst prepares their information for analysis or visualization. This involves transforming the raw data into something more usable and understandable. For example, it may be necessary to convert categorical variables into numerical values, or join multiple datasets together. Excel has a number of functions and features that can help with this process, such as pivot tables and VLOOKUP. Pre-processing data with Excel is an essential step in any data analysis project. By understanding the basics of pre-processing in Excel, users can make sure their data is ready for whatever tasks lie ahead (McCormick and Salcedo, 2017).
When analysing data in Excel, the first step is to get an understanding of the data. This can be done using some basic visualisations such as histograms, scatter plots, and bar charts. These help to identify any outliers or trends that may exist in the data. It is also helpful to run a few simple descriptive statistics such as mean, median, and standard deviation to get an overall understanding of the distribution of the data. Once patterns and outliers in the data set have identified, analysts can use Excel’s built-in statistical functions to further investigate the data. For example, the ‘CORREL’ function can be used to calculate the Pearson correlation coefficient between two variables. This coefficient is a measure of how closely related two variables are, and can be useful for uncovering relationships between variables (McCormick and Salcedo, 2017).
If one is looking for more advanced statistical analysis, Excel provides tools for hypothesis testing and regression analysis. These tools allow them to test for correlations between variables and create linear regression models to predict outcomes. By combining visualisations with statistical functions, Excel allows you to quickly explore and analyse your data sets. Using the right combination of tools, one can uncover insights and draw meaningful conclusions from your data (Fekete et al., 2019).
The most basic form of visualisation in Excel is the bar chart. A bar chart can be used to compare items, or to plot out categorical data. It is a simple yet effective way to convey data quickly. To create a bar chart in Excel, a user simply selects the data they would like to plot, then go to the Insert tab and select ‘Bar’ from the Chart options. Excel also allows them to create more complex visualisations. For example, you can use the Scatter plot chart to explore the relationships between two variables. In addition, you can use Excel to create a variety of other chart types, such as line charts, pie charts, and bubble charts. No matter what type of visualisation they are creating, Excel gives its users plenty of customisation options that may range from changing the font size, colour scheme, labels and titles, and even add trend lines or annotations. All of these features make Excel an ideal tool for exploring and communicating your data visually (Fekete et al., 2019).
The use of Excel for data visualization usually provides a graphical way of interpreting the data. In this task, the data has been analysed and presented in line charts that plot the trends in the sales, profits, and product prices for the superstore for the period between January 2009 and December 2012. Various elements have been included, such as a trendline, which is a provision by the software to help indicate the general direction in the trends of specific datasets being tracked. This provision has been provided in Figure 1 below (shown in dotted line) and more clearly indicates that the sales were generally declining over the given period. The trendline comes in as a handy element for data interpretation because with it, one does not need to be significantly informed about data analysis in order to interpret the information. 
As such, a user can follow the trendline and instantly understand the larger picture being shown on the chart. Also, since the sales data is not consistent over all the months provided, the trendline helps the user to easily reach a conclusion without having to seek mechanical calculations. The trendline can be used for the three data sets that are the main subject of analysis for this task, but the omission of this element for analysing the profits and product prices can be justified by how close they are to each other and the great differences between them and the total sales made by the company. As such, adding the trendline to both figure 1 and figure 2 below would unnecessarily congest the graphs and make the information confusing and difficult to interpret.


Figure 1: Monthly averages between Jan-2009 and Dec-2012


Figure 2: Annual Averages

Both Figure 1 and Figure 2 above are graphical representation of the entire period. In order to achieve these, the Superstore data was classified into the three columns as necessary, and then using formulas such as SUM, AVERAGE, MAX, and MIN to calculate the mean values was carried out. Effectively, using mean values reduced the entries being analysed from over 7,000 to just 48 for the monthly averages and only for the annual values. This not only eliminated the bulkiness of the data but also made it more straightforward to represent the data in graphical format. Essentially, this also meant that negative values and statistical outliers would not have a significant and adverse impact on the data output. As both graphs above indicate, it was also easier to represent the data for the four years in a way that can be used to compare each year to the next one for decision-making purposes. 
Focusing on the annual periods, the trend indicates that generally, the sales deteriorated from the first year (2009) and although 2012 was the beginning of an upward curve in the graph, it was still lower than the starting value in 2012. The second year (2010) was the worst performing period for the company as it made less sales, the profits were lower, and the product prices were similarly lower. However, it is clear that changes in sales are more noticeable than changes in prices and profits. Also, an increase in sales is followed by a similar change in profits, while the changes in product prices for the most part remained relatively stable. This is to mean that while the prices were not constant throughout the period, they did not change in significant ranges as compared to the other two data sets. That being said, however, an increase in product prices was accompanied by an increase in profits and like the other two columns, the prices were lowest in 2010. 
These trends can also be viewed on a monthly basis for each of the four years as indicated by Figures 3-6 below.


Figure 3: Monthly averages for 2009
From this graph, it is observable that while the profits and prices remained relatively stable below 500, the total sales varied significantly. The year’s highest sales value was recorded towards the end in December, which shows a recovery from a mid-year dip that was started by a sharp decline in sales between April and May, and a slight decline between July and August after an increase in June. Profits show a relative positive correlation with sales in 2009.

Figure 4: Monthly averages for 2010
2010 was a more unstable year for the company with regards to the sales it made and the profits. The product prices remarkably remained almost constant throughout the year whole prices closely mirrored sales in value. Starting from the highest value of the pervious year, the company saw a decline in sales from January to March before it started a pattern of alternating increases and declines for the following months to August when it made a sharp increase to reach its highest value. That then started a decline towards the end of the year.

Figure 5: Monthly averages for 2011
2011 started with a positive trend in sales and profits till march, then a lengthy period of declining sales lasted to June. This was followed by a sustained increase until November when it reached its peak and started declining. The profits and prices remained relatively stable throughout with respect to sales.

Figure 6: Monthly averages for 2012
The year 2012 was a continuation of 2011 with a decline in the first quarter that was followed by alternating increase and decline in the second and third quarters. The 4th quarter, however, was characterised by a sustained increase in sales, although this was not matched by the profits which were on a downward trend.
Part 2: 
From the data set provided, there were 91 males and 109 females, 91 of whom preferred vanilla flavour ice-cream, while 58 preferred strawberry and 47 preferred chocolate flavoured ice-cream. In order to compute the means and median values, the data was arranged using the “Sort” element basing on the flavour column such that vanilla, chocolate, and strawberry followed each other in that order as they were represented by the values 1, 2, and 3. The median and mean values for chocolate flavour were the respondents indexed at 88 and 88 respectively, while the same values for strawberry flavour were 110 and 103 respectively.
Clustering in SPSS
Clustering refers to a way in SPSS of grouping large datasets into groups or clusters that have defined shared characteristics. SPSS has three different means of clustering which include K-means clustering, which is shown by Figure 7 below, while Figure 8 indicates the Two-step clustering method (Hoyt et al., 2016).
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Figure 7: K-means clustering
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Figure 8: Two-Step Clustering
Explain the most common data mining and text mining methods that can be used in business with real world examples. 
Data mining and text mining are powerful tools used to help businesses make better decisions, and gain valuable insights from large amounts of data. With the vast amount of information now available to businesses, these techniques have become more and more important for helping them make informed decisions (Agarwal, 2013). 
Data mining and text mining are both powerful tools for businesses to gain insights into their operations, customer behavior, and overall performance. By analyzing large amounts of data, companies can draw conclusions and gain valuable insights that can help them improve their products and services, reach new customers, and increase profits.
Data mining is the process of extracting useful information from large sets of raw data. It involves collecting, sorting, analyzing, and interpreting data to identify patterns and trends. The most common methods used in data mining include machine learning algorithms, neural networks, clustering, decision trees, and association rules. These techniques are often used in combination with other analytics tools such as predictive modeling and statistical analysis (Prasdika and Sugiantoro, 2018).
Text mining is a related field that focuses on uncovering meaningful patterns from natural language texts such as emails, webpages, or articles. It involves using natural language processing (NLP) and other text-based analytical methods to identify the relationships between words and phrases. Text mining can be used to generate insights about customer sentiment or uncover hidden topics in a corpus of documents (Agarwal, 2013).
The main goal of data mining and text mining is to identify useful patterns and insights that can be used to improve business operations. For example, a company may use machine learning algorithms to analyze customer data in order to identify buying trends and target marketing campaigns more effectively. Or they might use text mining to analyze customer reviews and social media posts to better understand how customers feel about their products (Prasdika and Sugiantoro, 2018). 
By combining data mining and text mining methods, companies can gain valuable insights that can help them make better decisions and optimize their operations. Real world examples of businesses using these methods include Amazon’s recommendation system, which uses machine learning algorithms to suggest relevant items based on past purchases; Google’s search engine, which uses NLP to understand user queries; and Netflix’s movie recommendation system, which uses clustering algorithms to suggest movies based on a user’s viewing history. 
Text mining is a process of extracting useful information from large amounts of text. It uses natural language processing (NLP) techniques to analyze and interpret the unstructured data that is found in documents, emails, news articles, social media posts, and other digital content. Text mining can be used to uncover valuable insights about customer behaviour, marketing trends, business operations, and more.
Once the data is in its numerical form, it can be analyzed using a variety of methods such as sentiment analysis, topic modeling, named entity recognition, and clustering. These techniques allow us to identify meaningful patterns and correlations in the text data. Finally, the insights that are uncovered can be used to inform business decisions and strategies. Text mining is a powerful tool that can provide valuable insights into customer behaviour, business operations, and more. By understanding the general process of text mining and the various methods available, businesses can gain deeper insights into their data and make better decisions (Prasdika and Sugiantoro, 2018).
Data mining and text mining have become essential tools for businesses of all sizes, as they allow for insights that can be leveraged to improve efficiency, make better decisions, and increase revenue. In this section, we’ll explore some of the most common data mining and text mining methods used in business, along with real world examples of how they can be applied (Han, Pei and Tong, 2022). 
One of the most popular data mining techniques is regression analysis. This method helps to identify relationships between variables, enabling businesses to develop better strategies for predicting customer behavior or creating more effective marketing campaigns. For example, a clothing retailer could use regression analysis to understand the relationship between customer age, gender, and purchasing patterns. 
Another method commonly used in business is cluster analysis. This technique allows businesses to group customers, products, or services according to similarities. For example, an airline may use cluster analysis to create distinct customer segments based on factors such as flight frequency and loyalty program status (Prasdika and Sugiantoro, 2018). 
Text mining is also used in business to extract meaningful information from large amounts of unstructured text. This can be used to analyze customer feedback, social media posts, news articles, emails, and more. For example, a restaurant chain could use text mining to analyze customer reviews on Yelp to identify trends in customer satisfaction and uncover opportunities for improvement.  By leveraging data mining and text mining techniques, businesses can gain valuable insights into customer behavior, market trends, and competitive positioning. By understanding these aspects of their operations, businesses can increase their chances of success and long-term growth (Han, Pei and Tong, 2022).
2.6: Discuss the advantages and disadvantages of using SPSS and Excel using relevant practical examples and present your discussions in a table.
SPSS and Excel are two of the most popular data analysis programs used by businesses. Both have advantages and disadvantages depending on what kind of data analysis you need (Turner et al., 2015). Here is a comparison of how they measure up:
 
	Advantages of SPSS: 
	Disadvantages of SPSS: 

	• Easy to use graphical user interface
• Good statistical and graphical capabilities
• Wide range of statistical procedures available 
• Ability to work with large datasets 
• Compatibility with other programs (Abbott, 2014)
	• Expensive to purchase 
• High learning curve 
• Limited support for more advanced techniques 
• Not well-suited for large amounts of data (Hoyt et al., 2016)


	Advantages of Excel: 

	Disadvantages of Excel:

	• Low cost 
• Intuitive user interface 
• Easy to learn and use 
• Can be used for basic statistical functions 
• Flexible for data manipulation and analysis 
• Can work with large datasets (up to 1 million rows) (Prvan, Reid and Petocz, 2002)

	
• Limited capabilities for more complex analyses 
• Poor graphical capabilities 
• Inability to handle large amounts of data efficiently 
• Inconsistent support for statistical functions across versions (Olabode, Abayomi and Adesanya, 2016).




Depending on the size and complexity of the dataset, either SPSS or Excel may be the better choice for businesses. However, it is important to understand the limitations of each before making a decision. It is also important to remember that no software is perfect and both SPSS and Excel have strengths and weaknesses that need to be taken into account (Olabode, Abayomi and Adesanya, 2016).
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Monthly averages
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2009 monthly averages
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