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Data Analysis and Visualization
Introduction
This assessment activity will use information from the previous module to identify and critically analyze current data warehousing, business intelligence, and data mining trends. Predictive analysis software will demonstrate our thorough expertise and methodical comprehension of key ideas and principles. To be exact, we will use Microsoft Excel in Part A and SPSS in Part B. A successful project requires proper data analysis, including extraction, processing, and storage (Martins, 2020). Based on the assessment task, in Part A we will be determining the decline or increase in average price (room reservation price) over the year ranging from 2017 to 2021. In Part B, we will be using pre- and post-test data from a survey of 2133 school children to draw conclusions. The school expects to learn more about the correlations between students' reduced/free lunch eligibility and their gender, pre- and post-test scores, and other demographic variables by doing this research. Similarly, we will analyze the correlations between students' gender, age, and test scores before and after they were eligible for reduced or free lunch.


Part A:
Introduction
In this part of the evaluation, I will provide a description of the procedure that was followed to evaluate the Hotel Reservation dataset using Microsoft Excel. The purpose of the study was to ascertain how much of an average change there would be in the cost of reserving a hotel from 2017 to 2021. A series of actions were carried out in order to accomplish this objective. This consisted of the following:
Data Pre-processing
Before continuing with the study, the dataset was subjected to some kind of pre-processing in order to guarantee that it was error-free and prepared for examination. It should come as no surprise that "cleaning," "transforming," and "integrating" the data are all part of "data pre-processing," which is done in order to get the data suitable for analysis. This makes it very evident that data preprocessing is, in fact, an essential part of data mining and analysis. Improving the overall quality of the dataset is essentially the primary focus of the data pre-processing step. (Alasadi, 2017) Stated unequivocally in the study of Data Preprocessing approaches in Data Mining that Data Pre-processing is one of the most important processes in data mining, and that it is concerned with data preparation and data transformation in order to facilitate knowledge discovery in a more effective manner. Data pre-processing techniques that I used involved;
Removing Duplicates and Irrelevant Columns
Before continuing with the research, I examined the dataset to see whether or not it had any duplicates. According on the data that was provided, there were no instances of duplicates discovered. We did not include some columns in the dataset since we felt they were not relevant. According to the data that was supplied, there was not a single column that was considered to be unnecessary for the analysis that was going to be done.
Handling Missing Values
In order to keep the data's integrity intact, we addressed the issue of missing values as well. The problems with missing values were solved by either excluding some data or filling in blanks in other data. 
Converting Date Columns
In order to conduct an accurate analysis, the date-related columns (Arrival Year, Arrival Month, and Arrival Date) were changed into a format that is suitable for dates.
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Data Analysis
The study of the data consisted of three basic processes, which were the calculation of total nights, the calculation of average reservation price by year (from 2017 to 2021), and finally the calculation of the % change in average room reservation by year.
Calculation of Total Nights
After adding together the numbers in the columns labeled "Weekend Nights" and "Weekday Nights," a new column titled "Total Nights" was produced. This offered a complete method for determining the duration of stay associated with each booking.
Calculation of Average Prices by Year
To facilitate the computation of the typical cost of reserving a room for each of the years 2017 through 2022, a new column has been added to the table. It was decided to make use of the AVERAGEIFS function, with the "Arrival Year" serving as the criteria.
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The data covers industry standard room prices from 2017 through 2022. During the study, these average expenses varied. 2017 hotel rooms averaged $90.05. In 2018, the average price rose significantly to $106.45. 2019 averaged $101.78. By 2020, the average cost rose again to $105.34. In contrast, prices fell in 2021, averaging $101.23. 2022 saw a rise to $101.50. These fluctuations suggest that demand, the economy, and competition affect hotel room prices. To understand these price differences, additional study is needed that takes into consideration bigger contextual elements.
Room bookings averaged $90.05 in 2017. Average price rose to $106.45 in 2018. 18.22% is noteworthy. Price rises indicate a healthy trend. The 2019 average price dropped to $101.78. This drop is 3.50%. In 2020, the mean price rose to $105.34 with a percentage change of -3.90%. The average price dropped to $101.23 in 2021, bucking prior patterns. This 0.26% reduction indicates limited stability. The percentage change data enhances the average price values by revealing nuanced pricing trends throughout the selected time period.


Data Visualization
The data cleansing, structure exploration, outlier and unusual group detection, trend and cluster identification, local pattern detection, model evaluation, and presentation of findings are all aided by data visualization. Exploratory data analysis and mining rely heavily on data quality checks and the familiarization with data structure and attributes to provide useful insights (Unwin, 2020). This aspect of data analysis is often overlooked in classroom discussions but is crucial in practice.
Line Chart for Trend Analysis
A line chart was generated to visually depict the trend in average room reservation prices over the years. The x-axis represented years, while the y-axis displayed the average prices.

An examination of the connection between the dependent variable (average price) and the independent variable (years 2017-2021) yielded the linear regression equation y = 2.1254x - 4190.2. The variable "y" in this equation stands for the expected yearly mean price in that given year ("x"). For every one percent increase in the calendar year, the average price is expected to rise by 2.1254 percent. When the year is zero, the average price forecast may be inferred from the constant term -4190.2, which represents the y-intercept. However, the data-driven feasibility of this scenario must be carefully considered. The coefficient of determination (R2) is 0.2671, suggesting that 26.71% of the variation in the mean price can be explained by the linear trend over the years. This statistic shows that the linear model using years as predictors accounts for around 26.71% of the variation in average price.
Bar Chart for Yearly Comparison
A bar chart was created to facilitate a comparison of average prices across different years. Each bar represented a year, and the height of the bars depicted the corresponding average price.

Based on the Bar chart above it is evident that average room reservation price was lower in 2017 and higher in 2018. There was a slight decrease in price in 2019 and 2021.
Demonstration of Excel Functions
Several Excel functions were employed to enhance the analysis:
IF Function
The IF function was utilized to categorize bookings based on whether they had children or not. This created an additional column that added clarity to the dataset.
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VLOOKUP Function
The VLOOKUP function was employed to retrieve meal plan costs from an external table, enriching the dataset with additional information.
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Pivot Table
A Pivot Table was created to summarize data by Arrival Year and Room Type, enabling a comprehensive view of data distribution.
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The following table provides a quick snapshot of the overall average rates for various accommodation varieties and visitation years. The following table provides a breakdown of average lodging rates by season and accommodation type. The total in each cell is the average for that year and room type. The grand total row and column offer an overview of the overall average costs across all years and room types. The table clearly displays the average price changes for each accommodation type and year. 

Conclusion
This investigation yielded valuable information pertaining to the patterns seen in the average pricing of hotel reservations over the course of many years. The shown line chart exhibits a sustained increasing trajectory, suggesting the possibility of heightened demand or inflationary influences. The bar chart highlighted the fluctuations in pricing from one year to another. The incorporation of functions and visualizations enhanced the depth of the study and facilitated the process of making well-informed decisions. 


Part B: Analyzing Student Performance and Lunch Qualification
Introduction
In this section, an analysis of the survey dataset that included responses from 2133 school children was carried out, and the results were discussed. The pre-test scores and post-test scores of the children, as well as whether or not they qualified for free lunch, are included in the dataset. Examining the ways in which lunch qualification, gender, and academic success are related to one another is the primary objective of this section. In addition, we explore both the benefits and drawbacks of doing data analysis using Microsoft Excel and SPSS.
Data Analysis
1. Gender Distribution
The analysis began with the examination of the distribution of gender among students. Based on the table below, the sample consisted of 1056 (49.5%) female students and 1077 (50.5%) male students (N = 2133). From the sample distribution, It is clear that there were slightly more male students as compared to female students in the dataset.
	Gender

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Female
	1056
	49.5
	49.5
	49.5

	
	Male
	1077
	50.5
	50.5
	100.0

	
	Total
	2133
	100.0
	100.0
	




2. Lunch Qualification
Looking at the number of student that qualifies and those that do not qualify for reduced/free lunch, the table below clear depicts that, 1215 (57.0%) students do not qualify for the reduced/free lunch while 918 (43.0%) of the students qualifies for the reduced/free lunch (N = 2133). Based on the table, it is evident that most of the students do not qualify for the reduced/free lunch (57.0%).
	Lunch

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Does not qualify
	1215
	57.0
	57.0
	57.0

	
	Qualifies for reduced/free lunch
	918
	43.0
	43.0
	100.0

	
	Total
	2133
	100.0
	100.0
	



3. Mean and Median of Student Scores
We the performed descriptive statistics to analyze the pre-test and post-test scores for students categorized based on their lunch qualification status.
	Statistics

	Lunch
	Pretest
	Posttest

	Does not qualify
	N
	Valid
	1215
	1215

	
	
	Missing
	0
	0

	
	Mean
	62.29
	74.38

	
	Median
	62.00
	74.00

	Qualifies for reduced/free lunch
	N
	Valid
	918
	918

	
	
	Missing
	0
	0

	
	Mean
	45.25
	57.48

	
	Median
	44.00
	55.00



Based on the table above, for the students who do not qualify for the reduced/free lunch, their mean pre-test score was 62.29 (M = 62.00), while the mean post-test score was 74.38 (M = 74.00). On the contrary, the students who qualified for reduced/free lunch, had a mean pre-test score 45.25 (M = 44.00), while the mean post-test score was 57.48 (M = 55.00). These results reveal differences in the average pre-test and post-test scores between the two lunch qualification groups. Students who did not qualify for reduced/free lunch exhibited higher mean scores in both pre-test and post-test assessments compared to students who qualified for reduced/free lunch. The median scores also suggest a similar trend, with students who do not qualify for the reduced/free lunch having higher medians for both pre-test and post-test scores.
4. Mean and Median Differences of Scores
To compute the mean and median differences of the scores, first, we compute the score difference between the pre-test and post-test scores using the compute function in SPSS. We then performed our descriptive analysis to get the mean and the median of the difference of the scores.

	Statistics

	Score_Difference  

	N
	Valid
	2133

	
	Missing
	0

	Mean
	12.1463

	Median
	12.0000



From the results computed as displayed in the table above, the mean difference of the students’ pre-test and post-test score was 12.146 (M = 12.00). These results indicate that, on average, students' scores exhibited an increase of approximately 12.146 points from their pre-test to post-test assessments. The median score difference of 12.00 further supports this finding, suggesting a consistent improvement in scores across the student population.
5. Clustering Analysis - K-Means Clustering
To identify the distinct performance groups on the students’ pre-test and post-test, we therefore performed K-Means Clustering.

	Initial Cluster Centers

	
	Cluster

	
	1
	2
	3
	4

	Pretest
	23
	53
	66
	93

	Posttest
	35
	56
	91
	100



As for the initial cluster centers, this represent the average values of the variables within each cluster at the beginning of the clustering process. The variables examined in this analysis are pre-test and post-test scores. For Cluster 1, the initial center values were 23 for pre-test scores and 35 for post-test scores. Cluster 2 had initial centers of 53 for pre-test scores and 56 for post-test scores. Cluster 3 exhibited initial centers of 66 for pre-test scores and 91 for post-test scores. Lastly, Cluster 4 displayed the highest initial centers, with 93 for pre-test scores and 100 for post-test scores. 

	Iteration Historya

	Iteration
	Change in Cluster Centers

	
	1
	2
	3
	4

	1
	12.774
	6.161
	10.109
	10.338

	2
	4.671
	1.137
	3.683
	4.445

	3
	1.622
	.523
	1.796
	2.477

	4
	.906
	.324
	.872
	1.177

	5
	.185
	.129
	.681
	1.035

	6
	.056
	.135
	.333
	.430

	7
	.056
	.265
	.331
	.351

	8
	.175
	.253
	.212
	.285

	9
	.000
	.117
	.098
	.000

	10
	.000
	.134
	.123
	.035

	a. Iterations stopped because the maximum number of iterations was performed. Iterations failed to converge. The maximum absolute coordinate change for any center is .106. The current iteration is 10. The minimum distance between initial centers is 28.460.



Clearly, the largest change occurred during the initial iteration, with values of 12.774, 6.161, 10.109, and 10.338 for Clusters 1, 2, 3, and 4 respectively. Consequent iterations illustrated decreasing changes, showing the progressive convergence of clusters. It is critical that iterations 9 and 10 uncovered negligible changes, with values approaching for Cluster 1, illustrating convergence. However, clusters 2, 3, and 4 continued to experience minor alterations. Eventually, the clustering process was halted due to the maximum number of iterations being performed. In spite of joining for some clusters, others failed to attain full joining, likely due to the greatest absolute facilitate alter of .106. The least distance between initial centers was 28.460, highlighting the diversity of cluster beginning points.

	Final Cluster Centers

	
	Cluster

	
	1
	2
	3
	4

	Pretest
	37
	50
	62
	76

	Posttest
	49
	62
	75
	89



Cluster 1 exhibited final center values of 37 for pre-test scores and 49 for post-test scores. In Cluster 2, the final centers were 50 for pre-test scores and 62 for post-test scores. Cluster 3 displayed final centers of 62 for pre-test scores and 75 for post-test scores. Cluster 4 showcased the highest final centers, with 76 for pre-test scores and 89 for post-test scores. These final cluster centers offer a refined understanding of the distribution of pre-test and post-test scores within each cluster, aiding in the identification and characterization of distinct performance groups.

	Number of Cases in each Cluster

	Cluster
	1
	508.000

	
	2
	587.000

	
	3
	728.000

	
	4
	310.000

	Valid
	2133.000

	Missing
	.000



The cluster analysis resulted in the formation of four distinct clusters. Cluster 1 contained 508 cases, Cluster 2 included 587 cases, Cluster 3 encompassed 728 cases, and Cluster 4 consisted of 310 cases. In total, there were 2133 valid cases available for analysis, with no missing values present.
6. Common Data Mining and Text Mining Methods
Businesses leverage various data mining and text mining methods for insights and decision-making. (Atanasova, 2010) Explored the applications of Data Mining, Text Mining, and Web Mining in intelligent business systems. Decision Trees are commonly used for customer segmentation (Atanasova, 2010). For instance, a retailer can employ decision trees to classify shoppers based on purchasing behavior, enhancing targeted marketing strategies. Cluster Analysis is another technique for grouping data points (Žunić E. D., 2016). Businesses, like banks, can cluster customers based on financial behaviors for tailored financial solutions (Žunić E. D., 2016).
	Criteria
	Advantages of SPSS
	Disadvantages of SPSS
	Advantages of Excel
	Disadvantages of Excel

	Data Handling
	Ability to handle larger datasets and complex analysis
	Limited capacity for very large datasets
	Suitable for basic data management and analysis
	Limited capabilities for complex analysis

	Statistical Analysis
	Provides a wide range of advanced statistical tests
	Steeper learning curve for beginners
	Basic statistical functions available
	Limited advanced statistical tools

	Visualization
	Offers better options for complex charts and graphs
	May not be as user-friendly for simple visualizations
	Simple charting and graphing tools available
	Limited customization and options for advanced visuals

	Data Mining
	Incorporates built-in data mining and machine learning tools
	May require additional software/plugins for some tasks
	Lacks comprehensive data mining capabilities
	Limited machine learning and data mining functionality

	User Interface
	User-friendly interface for statistical analysis
	Requires a learning curve for in-depth usage
	Familiar interface for basic users
	Not designed specifically for statistical analysis

	Data Cleaning
	Provides tools for data cleaning and transformation
	Might not be as intuitive for certain data cleaning tasks
	Basic data cleaning features available
	Limited tools for complex data cleaning and transformation

	Customization
	Highly customizable for advanced users
	May be overwhelming for novice users
	Limited customization options available
	Customization options may be limited for advanced users

	Cost
	Generally requires a paid license
	Cost-effective or included with Microsoft Office package
	Cost-effective and widely accessible
	Cost can increase with additional advanced features

	Learning Curve
	Intuitive for basic users, manageable for beginners
	Some advanced features may require more learning
	Familiar interface for general users
	Steeper learning curve for advanced data analysis features

	Extensibility
	Supports integration with external data sources
	Some advanced tasks may require additional tools
	Limited integration with external tools
	Not designed for extensive data analysis and modeling

	Practical Examples
	
	
	
	

	Decision Trees
	Analyzing customer segmentation (Viglia, 2021)
	Creating a simple line chart (Monthly revenue trends)
	
	

	Cluster Analysis
	Customer clustering for tailored financial solutions (Žunić E. D., 2016)
	
	
	

	Text Classification
	Sentiment analysis for understanding customer opinions (Zeng, 2022)
	
	
	

	Association Rules Mining
	Market basket analysis for product placement strategies (Ersoz, 2019)
	
	
	

	Sentiment Analysis
	Assessing public perception of climate change (Zeng, 2022)
	
	
	


Text Classification is vital for categorizing text documents (Inzalkar, 2015). Sentiment analysis, a form of text classification, aids businesses in understanding customer sentiment. (Zeng, 2022) Exemplified this, showing how businesses can analyze social media to comprehend public perception of climate change.
Association Rules Mining is valuable for discovering relationships in data (Ersoz, 2019). Market basket analysis, a type of association rules mining, benefits retailers. It helps identify products frequently purchased together, facilitating product placement strategies (Ersoz, 2019)
Lastly, Sentiment Analysis gauges sentiment in text (Inzalkar & Sharma, 2015). Businesses employ this to understand opinions. For instance, a smartphone manufacturer can monitor sentiment on social media to assess feedback on their products (Zeng, 2022)
7. SPSS vs. Excel: Advantages and Disadvantages

Conclusion
In conclusion, our research provides new insights into the connections between free and reduced lunch eligibility, gender, and academic success. Students who do not qualify for free or reduced lunch have been shown to do better academically and to make bigger gains over time. Targeted interventions may be more effective when based on accurate assessments of student performance, and the K-Means Clustering analysis does just that. In addition, data mining and text mining methods have shown to be quite helpful in contemporary corporate tactics. Finally, although SPSS is better suited for complex analytics, Excel is more approachable for simple analysis and reporting.
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Cost Formula

65.00 $     =VLOOKUP(F2,F:S,12,FALSE)

106.68 $   =VLOOKUP(F3,F:S,12,FALSE)

65.00 $     =VLOOKUP(F4,F:S,12,FALSE)

65.00 $     =VLOOKUP(F5,F:S,12,FALSE)

106.68 $   =VLOOKUP(F6,F:S,12,FALSE)

115.00 $   =VLOOKUP(F7,F:S,12,FALSE)

65.00 $     =VLOOKUP(F8,F:S,12,FALSE)

65.00 $     =VLOOKUP(F9,F:S,12,FALSE)

65.00 $     =VLOOKUP(F10,F:S,12,FALSE)

65.00 $     =VLOOKUP(F11,F:S,12,FALSE)

106.68 $   =VLOOKUP(F12,F:S,12,FALSE)

65.00 $     =VLOOKUP(F13,F:S,12,FALSE)

106.68 $   =VLOOKUP(F14,F:S,12,FALSE)

65.00 $     =VLOOKUP(F15,F:S,12,FALSE)

65.00 $     =VLOOKUP(F16,F:S,12,FALSE)

115.00 $   =VLOOKUP(F17,F:S,12,FALSE)
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Sum of Average price Arrival_year

Room_type_reserved 2017 2018 2019 2020 2021 2022Grand Total

Room_Type 1 468,121.36 $      2,070,023.87 $   12,303.03 $        15,286.24 $        14,489.96 $        117,963.85 $      2,698,188.31 $  

Room_Type 2 10,731.96 $        47,408.57 $         247.21 $              62.00 $                 95.00 $                 2,246.46 $           60,791.20 $        

Room_Type 3 65.00 $                 450.75 $               - $                     515.75 $              

Room_Type 4 47,673.61 $        668,709.34 $      4,566.71 $           4,446.55 $           3,595.71 $           29,873.36 $        758,865.28 $     

Room_Type 5 1,215.30 $           29,202.79 $         129.88 $              369.33 $              1,872.11 $           32,789.41 $        

Room_Type 6 21,171.63 $        146,554.94 $      683.58 $              513.30 $              681.80 $              6,412.35 $           176,017.60 $     

Room_Type 7 325.25 $              22,371.31 $         214.76 $              419.33 $              205.00 $              985.68 $              24,521.33 $        

Grand Total 549304.11 2984721.57 18015.29 20857.3 19436.8 159353.81 3751688.88
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Year Average Price

Percentage Change in 

Average Price

2017 90.05 $                 18.22%

2018 106.45 $              -4.39%

2019 101.78 $              3.50%

2020 105.34 $              -3.90%

2021 101.23 $              0.26%

2022 101.50 $             


