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Data Mining and Data Analytics 
[bookmark: _Toc87053892]	Part 1	
[bookmark: _Hlk85973346]Raw data pre-processing is usually the initial step in data visualisation. Preprocessing involves handling missing values, data formatting, handling outliers, value normalisation, and categorisation (Wang, Li, and Perrizo, 2015). The excel software is one of the essential tools in data pre-processing, analysis, and visualisation, as well as one of the widely used tools in data mining (Jamsa, 2021). The ready availability of Excel in personal computers and Macintosh computers makes it a popular tool for data mining and data analysis (Garcia, Luengo, and Herrera, 2015). It also has a clear layout, extensive help facilities, and a range of inbuilt statistical functions to summarise and derive insight from data faster (McFedries, 2013). Excel also consists of comprehensive analytical tools like charts, graphs, and pivot tables that allow faster data summary and analysis. The following report examines the suitability of Excel in data mining and data analysis. Specifically, the report employs Excel pivot tables and bar graphs to summarise, analyse and visualise the Superstore's sales and profit data from 2009 and 2012. The objective of the analysis is to locate the declining trend in the Superstore’s annual sales and profits using bar charts between 2009 and 2012. 
[bookmark: _Toc87053893]Application of Pivot Table in Analysis of Superstore's Profit and Sales 
A pivot table is a capability provided in excel that allows users to group data, identify relationships, and format data for reporting purposes (Jamsa, 2021). It is a tool used to summarise, sort, reorganise,  group, and conduct other analyses such as counting, totalling, and averaging data in excel. The pivot tables are vital in data analysis because they allow users to transform columns into rows and rows into columns, and apply advanced calculations. The pivot table is employed to sort, reorganise, count, and total the Superstore's sales and profits. The procedure of using a pivot table to pre-process and visualise the Superstore's sales and profits is shown below.  
Procedure:
The procedure of using a pivot table to organise, summarise, and visualise the superstore sales and profits are shown below. 
1. Open the data in excel 
2. Select Insert in the menu
3. Select pivot table
[image: ]
4. In the displayed create the pivot table window, select the data range to be analysed or use the default data range/ table filled in. In this case, the Superstore's sales range A2:U8401 is already filled. In the ‘choose’ where the pivot table is to be placed, select the new worksheet as shown in the window below.  
[image: ]
5. Click OK, and excel would create an empty pivot table  
6. In the PivotTable Fields pane, select year and drag it to the row section. Additionally, select sales and drag it to the value section. 
[image: ]
7. The pivot table would be displayed showing the total sales and profits per year as shown below.  
[image: ]
The table above displays the sum of sales and profit during each year. It also covers the total quarterly profits and sales and total monthly sales and profits for each quarter. 
8. By clicking the plus sign before each year, the quarterly sales and profits can be displayed below.  
[image: ]
9. The data can also be classified into total monthly sales and profits for analysis by clicking the plus sign before each quarter. 
10. Visualisation of the sales and profit data involves selecting a bar chart under the insert option in the menu. The bar chart would display the sales and profits separately. The created chart can then be formatted for a title, size, and colour titles. The bar chart of Superstores annual sales is shown in Fig.1 below. 

Fig. 1. Superstore's yearly total sales from 2009 to 2012
[bookmark: _Hlk81229057][bookmark: _GoBack]As shown in Fig.1, Superstores experienced an annual decline in total sales between 2009 and 2012. The firm total sales declined from 4,209,896.846 in 2009 to 3,715,671.953 in 2012. During the period, Superstores recorded the lowest total sales of 3,429,944.981 in 2011. 

Fig.2. Quarterly total sales between 2009 and 2012
[bookmark: _Hlk81229214]Superstores quarterly total sales from 2009 to 2012 are shown in Fig.2. As illustrated in Fig.2, the firm recorded the largest sales in the first quarter of 2009 and the lowest sales in the second quarter of 2011. Superstores total quarterly sales declined in 2009 from  1,260,505 in Q1 to 1,026,422 in Q4. However, the firm's total quarterly sales increased in 2010 from 825,530 in Q1 to 1,012,243 in Q4. The increase in sales was also witnessed in 2011. Superstores total quarterly sales rose from 843,994 in Q1 to 1,002,307 in Q4 in 2011. The firm total quarterly sales of 2012 displayed a similar trend to 2009 quarterly sales. Superstores experienced a fall in total quarterly sales from 969,332 in Q1 to 954,340 in Q4v in 2012. Despite the fluctuation in annual and quarterly sales, overall Superstores sales declined during the period. The trend analysis can also assess Superstores profits, as shown in Fig.3 and 4. 

Fig.3. Superstores total annual profits from 2009 to 2012
As shown in Fig.3, Superstores total annual profits declined from 2009 to 2012. The firm total yearly profits decreased from 434,032 in 2009 to 342,444 in 2012. However, Superstores recorded a slight improvement in total annual profits from 364917.33 in 2010 to 380310.5 in 2011.

Fig.4. Superstores total quarterly profits between 2009 and 2012
Superstores total quarterly profits from 2009 to 2012 is shown in Fig.2. As illustrated in Fig.2, Superstores reported the highest total profits in Q4 of 2011 and the lowest total profits in Q4 of 2012. The firm experienced an increase in total quarterly profits in 2009 from 115,496 in Q1 to 124,079 in Q4. Initially, Superstores total quarterly profits fell from 115,496 in Q1 to 91808.63 in Q2 before rising progressively to Q4. Superstores total quarterly total profits in 2010 increased from 75,498 in Q1 to 105,849 in Q4. The same trend was witnessed in 2011, where the quarterly profits rose from 82,860 in Q1 to 126,108 in Q4. However, Superstores total quarterly profits declined progressive in 2012 from 108,373 in Q1 to 68,505 in Q4. Despite the fluctuation in the total quarterly profits during the period, Superstores total annual profits decreased during the period.
[bookmark: _Toc87053894]Evaluation of Excel as Preprocessing, Analysing and Visualising Data Tool
Excel programme is one of the most used tools in data pre-processing and visualisation. It is a widely used tool in data analysis and visualisation because it is readily available for data analysis (Jamsa, 2021). Currently, personal computers and Macintosh come with an excel spreadsheet with a clear layout, extensive help facilities, and a range of inbuilt statistical functions that allow one to summarise and derive insight from data faster (McFedries, 2013). Excel enables users to re-process data by eliminating missing values and identifying the extreme values (outliers). The elimination of the missing values and outliers ensure the accurate result from the analysis. It also allows users to categorise data and format data into preferred decimal places, all of which contribute to data readability. 
[bookmark: _Hlk81244005]Excel also allows users to analyse a large amount of data with enhanced visualisation and incorporate complex business logic (Shmueli, Patel, and Bruce, 2016). Through the pivot table, excel can summarise a large amount of data and allow users to get insight into the data. The data in the pivot tables can also be visualised through graphs and charts. The visualisation allows users to get more insight into the data. Furthermore, the excel spreadsheet is frequently used as a primary tool for collecting and organising data into rows and columns (McFedries, 2013). The pivot tables also allow users to sort and organise data and transform data into a row to column and column to rows based on information type. As shown in Superstore's case, the Pivot data allows for the sales and profit data organisation into a meaningful and straightforward layout that draws attention to the key values. In this case, the pivot table drew attention to total annual sales and profits and quarterly sales and profits. In addition to organising and summarising data, the pivot table allowed visualisation of the data using bar charts. The graphs and charts allow data analysts to analyse and identify patterns and trends that influence decisions. 
 Excel programme is also a powerful data analysing data. In the case of Superstore, the excel pivot tables allowed a comparison of sales and profit trends from 2009 to 2012. From the pivot tables, it can be noted that Superstore's sales and profits declined over the years. However, an examination of the firm quarterly and monthly data revealed fluctuation sales and profits. For instance, Superstore's monthly and quarterly sales and profits increased/ decreased in certain months and quarters despite the overall annual decrease.  
[bookmark: _Hlk81244059]Currently, a business can use excel spread to analyse a large amount of data, thanks to the latest upgrades in excel spreadsheets (Shmueli et al., 2016). Today, excel provides powerful searching, sorting, and filtering tools that allow businesses to quickly and easily narrow down criteria to help decision-making (McFedries, 2013). When used together with excel tools such as pivot tables, the searching, sorting and filtering tools can enable users to find information quickly in a large amount of data (Shmueli et al., 2016). 
[bookmark: _Hlk85980492][bookmark: _Hlk81243742]Despite its contribution to data pre-processing and visualisation, excel is a limited tool in data analysis because it may not generate more complex visualisations involving maps, geodata, and timeframes (Jamsa, 2021). Implementing automatic functions in excel may also be challenging because there are no automated operations except pivot tables and calculations, which need manual setup ahead of time (Shmueli et al., 2016). The excel programme is also unsuitable for pre-processing and analysing large company and business data because it involves manual twerking of data and macros/formulas. The excel pre-processing and analysis of data require manually setting up formulas, combining and pasting data, and changing cell formats. All these manual operations make excel less desirable for analysing a large volume of data. Excel is also less useful in analysing a company or business data because of its limited scalability and performance (McFedries, 2013). Besides, it is not usually suitable for analysing a large amount of data.
Depending on the data columns, excel performance slows down with the number of rows of data. It begins to slow down when rows of data reach approximately one million rows.  Excel spreadsheet also lacks security gateways and depends on the operating system, network file access rights, and computer security setting. It also relies on inconvenient password-based security (Shmueli et al., 2016). If the passwords are not properly created, they can copy, paste, delete rows and columns in a file, thereby compromising the security and confidentiality of the data in the excel spreadsheet (Kirk et al., 2016).
[bookmark: _Toc87053895]Part 2
[bookmark: _Toc87053896]Smile clinic analyse
The following section is an analysis of Smile clinic customer data. Specifically, it assesses the number of Smile clinic customers who eat rice, female and male customers, and the median and mean age of Smile Clinic customers. It also assesses the mean and median number of participants who eat rice. The objective is to analyse Smile Clinic customers’ data to determine whether they eat rice in their daily meals for a healthy diet.
Descriptive of Data 
[image: ]
[image: ]
[bookmark: _Hlk81220145]Fig.5. A bar graph showing Smile Clinic customer gender
[bookmark: _Hlk81220184]A shown in Table 1 and Fig.5, 50% (50 customers) of Smile Clinic are male, and 50% (50 customers) are female customers. Thus, the total number of customers is 100.  
[image: ]


[image: ]
[bookmark: _Hlk81220349]Fig.6. A bar graph showing Smile Clinic customer Rice eating 
As indicated in Table 2 and Fig.6, 60 % (60 customers) of Smile Clinic customers eat rice while 40% (40 customers) do not eat rice. 
[image: ]
Fig.7. A histogram showing the age of Smile Clinic customer 
As illustrated in Fig.6, the ages of Smile Clinic customers are normally distributed because the graph is approximately bell-shaped and symmetric about the mean. 
[image: ]
 Table 3 indicates that Smile Clinic customers' mean age is 20.35 years, and the median age is 19 years. However, the mean age of customers who eats rice is 20.55 years, and the median age is 21 years. 
[bookmark: _Toc87053897]K-mean Clustering 
One example of clustering is K-means cluster analysis. The K-mean cluster is a tool that assigns fixed clusters or groups with no known characteristics based on definite variables. 
Using K-means to classify customers 
[bookmark: _Hlk81219727]The K-mean cluster analysis can be used to cluster the Smile clinic customers based on age, gender, and whether they eat rice or not. K-men in the SPSS software can be used to cluster these variables. The K-mean procedure in SPSS is described below: 
1. Open data in SPSS and on the SPSS menu, choose analyse, and then classify in the dropdown menu. Under classify, select K-mean. The procedure is shown in the screenshot below. 
[image: ]
2. The next process is to transfer the variables to be classified in the variables dialogue box, as shown in the screenshot below. 
[image: ]
3. On the display window and under iterate, select the maximum iterations. Usually, the maximum iteration can be the highest possible value. However, in this case, we use ten as the maximum iterations. 
[image: ]
4. On the display window and under save, choose the cluster membership and distance from clusters and then click continue. 
[image: ]
5. Under options, select the initial cluster centres and ANOVA table and then click continue 
[image: ]
6. Finally, click OK to display the results 
[image: ]
Table 4 displays the initial cluster centres. These initial cluster centres are the variable values of the k well-spaced observations. 
[image: ]
The iteration history in Table 5 shows the progress of the clustering process at each step. The table shows that the cluster centre shifted by a larger margin in the early iterations than in late iterations. Table 5 shows that the maximum iteration is three. However, if the algorithm stops because maximum iterations have been reached, there may be a need to raise the maximum iteration value to ensure a stable solution is achieved. For example, if the selected iteration were 2, the solution would not be stable but in a state of flux. 
[image: ]
The ANOVA table (Table 6) shows the variable that had the highest contribution to the clustering solution. Usually, the variable with the largest F values provides the largest separation between clusters. However, a variable with significant F-statistics provides a significant difference between clusters. As shown in Table 6, there is no statistically significant difference in clusters in Rice and Gender variables ( p > .05).
[image: ]
The final cluster centres in Table 7 are computed as the mean for each variable within each final cluster. Thereby, the final cluster shows represent the characteristics of the typical case for each group. For example, the mean age of those in cluster 1 is 17.68, and those in cluster 2 are 23.75. The difference between the mean age of customers in clusters 1 and 2 is statistically significant, as shown in the ANOVA table (Table 6).
[image: ]
Table 8 indicates the number of cases in each cluster. As shown in the table, a large number of cases were assigned to the first cluster. 
Data Mining 
There are various methods of discovering patterns in a data set. These include regression analysis, clustering analysis, classification analysis, anomaly detection, and association rule learning. 
[bookmark: _Toc87053898]Regression analysis 
[bookmark: _Hlk81243938]Regression analysis is used to locate the relationship between two or more variables. Regression analysis is commonly used in modelling and planning to determine the likelihood of a certain variable given another (Birant, 2021). For instance, a business can use regression analysis to determine the price based on other market variables such as consumer demand, competition, and product availability. 
[bookmark: _Toc87053899]Clustering analysis 
Businesses use cluster analysis to group large data based on their similarities. The data grouping ensures the maximum degree of association within a cluster and minimal degree of association outside each group (Larose and Larose, 2015). For example, a business manager can cluster customers based on their demographic characteristics such as age and disposable income.
[bookmark: _Toc87053900]Classification analysis 
Classification analysis categorises data based on their different attributes to help make further conclusions (Birant, 2021). For instance, a firm manager can classify customers’ financial backgrounds as low, medium, or high credit risks. Such classification helps the firm manager to learn more about the customers. In this case, the manager learns which customers are riskers, and which ones are less risky.
[bookmark: _Toc87053901]Outlier/anomaly detection
Outliers' detection is essential because it helps identify patterns that do not match expected behaviour (Shmueli et al., 2020). For example, if a firm sells its products mostly to female customers, and there is a considerable increase in the number of customers during a given month, a business manager would want to identify the reason for the increase in purchases during the month.
[bookmark: _Toc87053902]Association rule learning 
[bookmark: _Hlk81243687]Association learning is an important data mining technique because it assists in determining the relationships between different variables. It also creates hidden patterns in the data (Larose and Larose, 2015). For instance, a firm can locate specific events or attributes that are highly correlated with another event or attribute. For example, a company manager can notice that when clients buy a given product, they also buy another. The manager can use the information to improve "people also bought" sections of the firm online stores.
[bookmark: _Toc87053903]Advantages/Disadvantages of SPSS over Excel 
SPSS is a more effective data management tool than Excel. It has major analytical tools for handling a large volume of data and conducting complicated multivariate analyses that Excel cannot handle. SPSS users can write custom-oriented statistical procedures using SPSS language and syntax, something that cannot be done in Excel. SPSS is also superior to Excel because it offers a wide range of graphs, charts and methods. SPSS is also quicker in data analysis than Excel because it knows the location of the cases and variables. In Excel spreadsheets, users must define the association between variables during analysis manually, which means it is slower than SPSS. Still, SPSS has better output organisation than Excel because outputs are displayed on a separate file from the data. The display of output on a different file ensures no accidental overwriting of information during data analysis, as witnessed in excel. However, unlike Excel, SPSS is not readily available. Excel comes with Microsoft Office and is widely available on most personal computers, while SPSS is a premium product, requiring a subscription before use. Unlike Excel, SPSS does not have real formulas calculating in real-time; it manipulates data as a command rather than a real-time formula. 
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Table 1. Gender

Cumulative
Frequency Percent  Valid Percent Percent
Valid  Male 50 50.0 50.0 50.0
Female 50 50.0 50.0 100.0
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Table 2. Customer rice eatin,

Cumulative
Frequency Percent  Valid Percent Percent
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Table 3. Mean and Median
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N Valid 100 40
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Table 4. Initial Cluster Centers

Cluster
1 2
Gender 1 2
Age 13 26

Rice 1 0
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Table 5. Iteration History*

Change in Cluster Centers

Tteration 1 2

1 4.489 2.731
2 228 384
3 .000 .000

a. Convergence achieved due to no or small
change in cluster centers. The maximum
absolute coordinate change for any center is
.000. The current iteration is 3. The minimum
distance between initial centers is 13.077.
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Table 6. ANOVA

Cluster Error
Mean Square df Mean Square df F Sig.
Gender 162 1 253 98 641 425
Age 908.286 1 3.535 98 256915 .000
Rice .234 1 243 98 964 329

The F tests should be used only for descriptive purposes because the clusters have
been chosen to maximize the differences among cases in different clusters. The
observed significance levels are not corrected for this and thus cannot be
interpreted as tests of the hypothesis that the cluster means are equal.
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Table 7. Final Cluster Centers

Cluster

Gender 1.46 1.55
Age 17.68 23.75
Rice .64 .55
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Table 8. Number of Cases in each Cluster

Cluster 1 56.000
2 44.000
Valid 100.000

Missing 9.000
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