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Analysis of Student Performance Dataset Using Excel Pivot Tables
Excels pivot tables offer a tool, for data summarization and analysis (Miller, 2014). This report delves into an examination of the "student performance" dataset through the lens of Excel pivot tables with a focus on reading and writing scores alongside math scores.
[bookmark: _Toc172336420]1. Mean Reading Score
To compute the reading score we incorporate the 'reading score' field into the Values section. Adjust the Value Field Settings to 'Average' (Miller, 2014).
Result: The mean reading score is 69.169.
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[bookmark: _Toc172336467]Figure 1. Mean Reading Score (Pivot table)
[bookmark: _Toc172336421]2. Median Reading Score
Given that Excel pivot tables lack the median function (Puklavec et al., 2018) we resort to utilizing the MEDIAN function to determine the median reading score. The MEDIAN function identifies the value within a set with the formula used: =MEDIAN (I2:I1001). 
The resultant approximate median reading score is 70.
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[bookmark: _Toc172336468]Figure 2. Median of the reading score as found by using the MEDIAN function in Excel
[bookmark: _Toc172336422]Interpretation:
The median provides insight into the value when data is organized sequentially according to Grech (2018). A median reading score of 70 indicates that half of the students scored at or below 70 while half scored above this threshold. This metric proves valuable as it remains unaffected, by values or outliers unlike the method (Miller, 2014).
[bookmark: _Toc172336423]3. Mode of Reading Score
 To determine the mode of the reading score 'reading score' is included in both the Rows and Values sections adjust the Value Field Settings to 'Count' and arrange them in descending order based on the count (Larson, 2014). 
The result reveals that the mode of the reading score is 72.
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[bookmark: _Toc172336469]Figure 3. Mode of Reading Score
[bookmark: _Toc172336424]4. Standard Deviation of Writing Score
For calculating the standard deviation of the writing score 'writing score' must be added in the Values section and the Value Field Settings modified to 'StdDev' (Miller, 2014). 
Result: The standard deviation for writing score is 15.20.
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[bookmark: _Toc172336470]Figure 4. Standard Deviation of writing scores.
[bookmark: _Toc172336425]5. Comparison of Variances Using Pivot Tables
When comparing variances using pivot tables variance serves as an indicator of data variability showing how much scores deviate from their average. A higher variance implies variations in scores (Miller, 2014). To perform this comparison effectively construct a pivot table with math, reading and writing scores under Values. Define each as 'Variance' in Value Field Settings (Miller, 2014).
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[bookmark: _Toc172336471]Figure 5. Comparison of Variance
[bookmark: _Toc172336426]Results:
Math score variance: 229.92
 Reading score variance: 213.17
 Writing score variance: 230.90
[bookmark: _Toc172336427]Analysis:
The variance of writing scores is at 230.90 signifying a range of student performance, in writing. It seems that students' writing skills vary widely compared to other subjects.
 Math scores show the second highest variance (229.92) which is very similar, to that of writing. This indicates that students' math abilities also spread within a wide range.
 Reading scores display a variance of 213.17, hinting at a more consistent performance in reading compared to math and writing. The narrower range in reading scores suggests a level of reading abilities among students.
The comparable levels of these variabilities imply that although there are distinctions the overall distribution of scores remains relatively consistent across the three subjects. However, the higher variabilities in writing and math suggest that these subjects may benefit from targeted interventions to address the spectrum of student abilities (Puklavec, Oliveira and Popovič 2018).
[bookmark: _Toc172336428]6. Comparing Standard Deviations Using Pivot Tables
To analyse deviations, we will set up another pivot table with math reading and writing scores in the Values section this time adjusting each to 'StdDev', in the Value Field Settings (Miller, 2014).
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[bookmark: _Toc172336472]Figure 6. Comparison of Standard Deviations
[bookmark: _Toc172336429]Results: 
Math score standard deviation: 15.16 
Writing score standard deviation: 15.20 
Reading score standard deviation: 14.60
Standard deviation measures how spread out the scores are from the value making it easier to interpret than variance (Miller, 2014).
· Writing scores have a deviation of 15.20 indicating a wider range of performance among students in writing. On average writing scores deviate by 15.20 points from the mean.
· Math scores have a similar standard deviation of 15.16 to writing scores suggesting that math score distribution is almost identical to that of writing.
· Reading scores exhibit a deviation of 14.60 implying that reading performance is more tightly clustered around the mean compared to math and writing.
These findings are consistent with our variance analysis. Offer an intuitive insight into score distribution across subjects. The standard deviations are relatively close differing by about 0.6 points from one another indicating a level of variability, in all three subject areas.
[bookmark: _Toc172336430]Practical implications:
1. The slight variations, in writing and math scores (15.20 and 15.16 hint at the need for tailored teaching methods to cater to the range of student abilities (Puklavec, Oliveira, & Popovič, 2018).
2. On the other hand, the consistent reading scores (14.60) suggest that current reading instruction methods are effective in ensuring uniform performance across students.
3. Considering that around 68% of data falls within one deviation of the mean in a distribution we can infer that approximately two thirds of students score within ±15 points of the mean for each subject (Pears & Shields 2022).
[bookmark: _Toc172336431]7. Interpretation of Results
Interpreting these findings indicates variability in math performance compared to reading and writing. This may imply that factors influencing math skills are more varied or impactful than those influencing reading and writing skills (Proctor, 2002). It also suggests that students' math abilities show diversity compared to their reading and writing skills in this dataset.
The relationship between variance and standard deviation remains consistent across all three subjects with the standard deviation being the root of the variance, in each case (Grech, 2018).
Consistency, in our analysis and calculations enhances the credibility of our findings.
[bookmark: _Toc172336432]Analysing Student Performance Data Using Excel
[bookmark: _Toc172336433]1. Examining Gender Differences in Test Scores
[bookmark: _Toc172336434]Key discoveries:
	Gender
	Average Math Score
	Average Reading Score
	Average Writing Score

	Female
	63.63
	72.61
	72.47

	Male
	68.73
	65.47
	63.31
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[bookmark: _Toc172336473]Figure 7. Gender Differences in Test Scores
[bookmark: _Toc172336435]Interpretation and analysis:
The data presents differences, in performance between genders across various subjects:
The results, on gender variations in achievement uncover a nuanced mix of strengths and obstacles for both boys and girls. Girls excel in language tasks in reading and writing (Smith and Jones, 2018). On the other hand, boys tend to have an advantage in math sparking ongoing conversations about gender gaps in STEM fields although this difference seems to be decreasing (Brown et al., 2020). While girls consistently perform well in language skills, they struggle more with math suggesting a need for targeted assistance. Conversely, boys show variability across subjects excelling in math but facing challenges, in writing. These results emphasize the necessity of customized approaches to address gender strengths and weaknesses emphasizing empowering girls' confidence in math while enhancing boys' language abilities.
[bookmark: _Toc172336436]2. The impact of parents’ level of Education, on Math scores
[bookmark: _Toc172336437]Key Discoveries:
	Parental Education Level
	Average Math Score

	Master's degree
	69.75

	Bachelor's degree
	69.39

	Associate's degree
	67.88

	Some college
	67.13

	Some high school
	63.50

	High school
	62.14
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[bookmark: _Toc172336474]Figure 8. The impact of parents' education on Math score.
[bookmark: _Toc172336438]Interpretation and analysis:
The study, on how parents' level of education impacts students' math performance shows a connection, where higher parental education levels are linked to better student results. This association displays an effect, where each advancement in education corresponds to an uptick in students' average math grades. A significant disparity in performance (7.61 points) is seen between students whose parents have a master's degree and those with a high school diploma. Interestingly the data hints at a possible 'ceiling effect' as there is a performance gap between students of parents with master's and bachelor's degrees. The notable enhancements in math scores are observed when parents have some college education or an associate's degree underscoring the significance of secondary education. These discoveries align with studies on the link between status – often gauged by parental education – and academic success (Brown et al., 2020: Puklavec, Oliveira and Popovič, 2018). The data suggests that higher parental education might contribute to a home environment on education increased access to resources and greater parental participation, in academic endeavours all factors that can positively impact a student's math performance. 
[bookmark: _Toc172336439]3. Overall Performance Categories
In the analysis of performance categories, Excels IF function is utilised to generate variable categorizing performance levels based on the average of three test scores. A breakdown of the results, in a pivot table format is displayed below:
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[bookmark: _Toc172336475]Figure 9. Overall performance analysis
[bookmark: _Toc172336440]Key Discoveries:
	Gender
	High
	Medium
	Low
	Total

	Female
	118 (22.8%)
	276 (53.3%)
	124 (23.9%)
	518

	Male
	80 (16.6%)
	241 (50.0%)
	161 (33.4%)
	482


[bookmark: _Toc172336441]Interpretation and analysis:
The analysis of performance distribution by gender reveals significant disparities, with females demonstrating a clear advantage across performance categories. The data shows a higher proportion of females in the high-performance category (22.8% vs 16.6% for males) and a lower proportion in the low-performance category (23.9% vs 33.4% for males), despite there being more females (518) than males (482) in the dataset. This female advantage aligns with previous findings showing female students outperforming males in reading and writing (Smith and Jones, 2018). The gender gap is most pronounced at the performance extremes, while the middle category shows more similarity. Interestingly, although males showed higher average math scores in previous analyses, this advantage does not translate into overall higher performance categories for males (Puklavec, Oliveira and Popovič, 2018). These findings suggest that gender differences may have a more significant impact on students at the higher and lower ends of the performance spectrum, highlighting the need for targeted interventions to address male underperformance and to understand why male advantages in math do not lead to overall higher performance outcomes.
[bookmark: _Toc172336442]Impact of Test Preparation Course
[bookmark: _Toc172336443]Key discoveries:
	Test Preparation Course
	Average Math Score
	Average Reading Score
	Average Writing Score

	Completed
	69.70
	73.89
	74.42

	None
	64.08
	66.53
	64.50

	Difference
	5.62
	7.36
	9.92
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[bookmark: _Toc172336476]Figure 10. Impact of Test Preparation course on students' scores
[bookmark: _Toc172336444]Interpretation and analysis:
The analysis of the test preparation course's impact reveals a consistent positive effect across all subjects, with students who completed the course outperforming those who did not. The most significant improvement was observed in writing scores, with a 15.38% increase, followed by reading and math. This suggests that the course is particularly effective in enhancing language-related skills (Miller, 2014). The course's benefits likely stem from factors such as increased familiarity with test formats, improved time management, reduced anxiety, and enhanced test-taking strategies. Notably, the course appears to be an effective tool for bridging achievement gaps related to factors like parental education or socioeconomic status (Brown et al., 2020). These findings provide strong evidence for the effectiveness of test preparation courses in improving overall student performance, with particularly substantial gains in writing skills. The insights gained from this analysis can inform decisions about resource allocation, curriculum design, and strategies for enhancing students' academic achievements across all subjects.
[bookmark: _Toc172336445]Analysis of Correlation between Reading and Writing Scores
[bookmark: _Toc172336446]Key Discoveries:
[image: A computer screen shot of a computer

Description automatically generated]
[bookmark: _Toc172336477]Figure 11. Table of the correlation between Reading and Writing Scores
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[bookmark: _Toc172336478]Figure 12. GRaphics of the corelation between Writing and Reading Scores
[bookmark: _Toc172336447]Interpretation and Analysis
When we square the correlation coefficient (0.9552) we find that around 91.2% of the differences, in writing scores can be accounted for by reading scores (or vice versa). This shows a strong connection between these two abilities (Puklavec, Oliveira and Popovič, 2018).
Statistical Importance: The significance level (Sig. 2-tailed) is reported as <.001, which is less than the conventional threshold of 0.05 or even 0.01. This indicates that the correlation is statistically significant at the 1% level.
Practical Implications: With this correlation it suggests that reading and writing skills go hand in hand. Students who excel in reading are highly likely to excel in writing and vice versa. This has implications for how we approach education and support strategies (Brown et al., 2020).
Possible Influences: Even though correlation doesn't prove causation this close connection could be due to shared factors like language proficiency, cognitive abilities, or educational backgrounds impacting both reading and writing skills.
Constraints: It's crucial to recognize that while the correlation is robust it's not perfect (1.0). There are still variations in writing scores not explained by reading scores.
To sum up this study uncovers a strong and statistically meaningful positive link, between reading and writing performance.
[bookmark: _Toc172336448]Conclusion 
After analysing student performance data using a combination of Excel pivot tables and SPSS some interesting findings have emerged. There are differences, in achievement between female students across various subjects with females generally performing better despite males excelling in math. The level of education seems to have an influence on how well students perform in math indicating a generational impact. Taking test preparation courses has shown to boost scores across all subjects in writing. The close connection between reading and writing scores suggests that these skills go hand in hand. The varying levels of achievement in writing and math underline the importance of tailored teaching methods. These discoveries carry implications for policies and practices pointing towards targeted strategies to address gender disparities provide support for students, from less educated backgrounds and implement integrated language teaching approaches. Further research is needed to delve into the root causes of these relationships.



SPSS, Excel, Tableau, and the Data Mining Cycle
[bookmark: _Toc172336449]Introduction
In today's age of data and sophisticated analytics data analysis and visualization tools have become indispensable, for researchers, businesses, and organisations across industries. This article will delve into the pros and cons of three popular data analysis tools. SPSS, Excel, and Tableau. It will also discuss the significance of the Data Mining Cycle along with examples to elucidate concepts.

[bookmark: _Toc172336450]Advantages and Disadvantages of SPSS, Excel and Tableau

[bookmark: _Toc172336451]SPSS (Statistical Package for the Social Sciences)
[bookmark: _Toc172336452]Advantages
1. Extensive statistical analysis capabilities: SPSS provides an array of tests and analyses that are particularly beneficial for professionals in fields like social sciences, psychology and marketing (Arkkelin, 2014). For instance a researcher investigating the impact of a teaching approach could utilize SPSS to conduct t tests, ANOVAs and regression analyses on student performance data.
2. User friendly interface: With its user menu driven interface SPSS enables users to carry out statistical analyses without requiring advanced programming skills (Miller, 2014). This accessibility caters to researchers who may not possess coding expertise.
3. Data management features: SPSS includes tools, for data cleaning and manipulation which facilitate handling of large datasets (Pallant 2020).
[bookmark: _Toc172336453]Disadvantages
Expense: SPSS comes with a price tag as it is a software, which might be too costly, for individual researchers or small organizations (Proctor, 2002).
Customization constraints: Although SPSS provides made analyses it can be tough to tailor or develop new statistical tests without advanced programming skills.
Learning curve: Despite its user interface mastering all of SPSSs functions can require a significant investment of time and effort (Arkkelin, 2014).

[bookmark: _Toc172336454]Excel
[bookmark: _Toc172336455]Advantages
 Availability: Excel is included in the Microsoft Office suite making it widely accessible and familiar to users (Larson, 2014).
Versatility: Excel can serve purposes ranging from data entry to complex financial modelling and fundamental statistical analyses (Miller, 2014).
Data visualisation: Excel offers chart types and customization options for crafting representations of data (Puklavec, Oliveira and Popovič 2018).
[bookmark: _Toc172336456]Disadvantages
Capabilities: While Excel can handle basic statistical analyses adequately it lacks the advanced functionalities present in specialized statistical software such, as SPSS (Proctor, 2002).
Excel has limitations when it comes to handling datasets due, to restrictions on the number of rows and columns it can accommodate (Larson, 2014). Using Excel's flexibility can sometimes result in errors in formulas or data input in spreadsheets where detecting such mistakes can be challenging (Miller, 2014).
[bookmark: _Toc172336457]Regarding Tableau
[bookmark: _Toc172336458]Advantages
Tableau stands out for its ability to create visually appealing charts, graphs, and dashboards that facilitate data visualization effectively (Murray, 2016). For example, a business analyst could leverage Tableau to develop a sales dashboard allowing stakeholders to delve into data by region, product category and timeframe.
Tableau offers connectivity to a variety of data sources such as databases, spreadsheets and cloud services which enhances its adaptability across data environments (Murray, 2016).
Its user-friendly drag-and-drop interface empowers users to craft visualizations without necessitating programming skills (Milligan, 2015).
[bookmark: _Toc172336459]Disadvantages
Similar to SPSS software Tableau comes with licensing costs that might pose a challenge, for some users (Milligan, 2015).
When it comes to analysis Tableau focuses more on visualization, than in-depth statistical capabilities like SPSS or R (Murray, 2016).
One downside of using Tableau is its performance may suffer when dealing with datasets especially when creating visualization (Milligan, 2015).
[bookmark: _Toc172336460]Exploring the Data Mining Cycle
The Data Mining Cycle also referred to as the Knowledge Discovery in Databases (KDD) process offers a method for extracting insights from extensive datasets. It involves a series of interconnected stages that help transform data into knowledge (Fayyad, Piatetsky Shapiro, and Smyth, 1996).
[bookmark: _Toc172336461]The key stages of the Data Mining Cycle encompass
1. Understanding the Business Context
2. Gaining Insight into the Data
3.. Cleaning the Data
4. Building Models
5. Evaluating Results
6. Implementing Solutions

[bookmark: _Toc172336462]Significance of the Data Mining Cycle
[bookmark: _Toc172336463]The Data Mining Cycle plays a role for reasons
Organized approach: It establishes a structured framework, for handling complex data analysis projects to ensure no crucial steps are missed out on (Han, Kamber and Pei observed this in 2012).
 Iterative nature: This cycle supports iteration and enhancement at every phase leading to improved outcomes over time (Fayyad et al., 1996).
Alignment, with business objectives: Beginning with an understanding of the business ensures that data mining efforts are in line with the goals of the organization (Chapman et al., 2000).
Ensuring quality: The assessment phase plays a role in confirming the accuracy and reliability of the outcomes before implementation (Han, Kamber and Pei, 2012).
[bookmark: _Toc172336464]Real-world Examples of Data Mining Implementation
[image: Fig. 13]
[bookmark: _Toc172336479]Figure 13. Illustration 1: Forecasting Customer Attrition in Telecommunications (available at: https://journalofbigdata.springeropen.com/articles/10.1186/s40537-019-0191-6/figures/13)
 Business Understanding: To decrease customer attrition a telecom company aims to identify customers at risk and introduce strategies for retention.
Understanding Data: The company. Examines customer data encompassing demographics, usage patterns and interactions with customer service.
Preparing Data: The information undergoes cleaning procedures handling of missing values and selection or creation of features.
Model Development: Diverse machine learning techniques (such as regression and random forests) are utilized to forecast the probability of customer attrition.
Assessment: Models are scrutinized using performance metrics like accuracy, precision and recall. An effective model is chosen.
Implementation: The selected model is incorporated into the company’s customer relationship management system to pinpoint at-risk customers for tailored retention initiatives.

[image: Risks 09 00104 g001]
[bookmark: _Toc172336480]Figure 14. Illustration 2: Detecting Fraud, in Banking Operations (Available at: https://www.mdpi.com/2227-9091/9/6/104)
 Business Understanding: A bank endeavours to minimize losses resulting from transactions. Understanding Data: Information, like transaction amount, location and time is. Studied for any recurring patterns.
Preparing Data: The data is standardized outliers are dealt with. Additional features (such as transaction frequency) are introduced.
Building Models: Algorithms for detecting anomalies and supervised learning models are used to pinpoint transactions.
Assessment: The models are assessed using metrics like rate and detection rate. Their effectiveness is compared to existing fraud detection techniques.
Implementation: The chosen model is integrated into real time transaction systems to flag activities for further scrutiny.

[bookmark: _Toc172336465]Conclusion
SPSS, Excel and Tableau each offer strengths and weaknesses in data analysis and visualization. SPSS stands out for its statistical analysis capabilities. May be challenging to learn and costly. Excel is versatile and widely accessible. May struggle with handling datasets or complex statistical analyses. Tableau excels in visualizing data and connectivity. Might face difficulties, with datasets or lack advanced statistical features.
The decision on which tool to use depends on project requirements, user expertise, and available resources. Combining tools could often be the strategy to leverage their strengths. The Data Mining Cycle offers an iterative method, for extracting insights from data. By adhering to this cycle organizations can ensure that their data mining endeavours are in line with business goals carried out methodically and thoroughly evaluated before implementation. Real-world examples such as customer churn prediction and fraud detection demonstrate how the Data Mining Cycle can be utilized to address challenges showcasing its versatility and significance across industries.
Given the growth in data volume and complexity, it is vital to comprehend the strengths and limitations of analysis tools. Embracing an approach, like the Data Mining Cycle will become increasingly crucial for uncovering insights and facilitating data-driven decision-making processes.

[bookmark: _Toc172336466]References
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