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Part 1
Changes in Average Room Reservation Price from 2017 to 2021
Introduction
Understanding customer behavior, interpreting market trends, and regularly monitoring internal performance measures have emerged as basic requirements for the success of every organization in today's dynamic and fiercely competitive business climate. The hotel sector, which faces specific difficulties including the ebb and flow of seasonality, the quick change in customer tastes, and the unpredictability of economic swings, is especially acutely aware of this requirement. Reservations for lodging play a vital role in this complicated industry's revenue-generating machinery. For hotels to protect their profitability and maintain long-term sustainability, it is crucial to have a thorough grasp of pricing dynamics.
This in-depth report's main objective is to examine the subtleties of hotel room rates on average over the course of five crucial years, from 2017 to 2021. This report's main goal is to answer the following question: "How has the hotel's average room reservation price changed over time, and what latent factors might be causing this transformative phenomenon?"
Methodology
Pre-processing of Data
Preparing the data for analysis was the first stage in the study. We used the Moodle-provided Hotel Reservation dataset, which included the variables "Booking ID," "Adults No," "Children No," and "Average Price." The main tool for pre-processing data is Microsoft Excel because of its extensive features for managing and converting data.
Data Importing
The dataset was first imported into Microsoft Excel, making sure that all of the pertinent data points were appropriately loaded. This phase involves checking the dataset for correctness and completeness, paying close attention to the "Arrival_year" and "Average price" columns in particular since these were crucial to the study.
Data Transformation and Cleaning
We performed data transformation and cleansing as a part of the pre-processing of the data. This involves filling in any missing numbers, resolving discrepancies, and structuring the data to make it more analytically ready. We checked, for instance, if dates were formatted correctly and that numerical quantities were consistent.
For year-wise calculations, use pivot tables
We used the Pivot Table function in Microsoft Excel to analyze changes in average hotel reservation fees from 2017 to 2021. Pivot Tables are flexible tools for gathering and summarizing data, which makes them ideal for the needs. We made a pivot table using the 'Average' function, with the row title 'Arrival_year' and the summary value 'Average price'.
Descriptive Statistics
We calculated descriptive statistics, such as mean, median, and standard deviation, in addition to Pivot Tables, to acquire understanding of the distribution and variability of average prices. Beyond the year-wise averages, these statistics provide a more complete view of the data.
Utilizing Excel's functions
Price Classification Using the IF Function
Using the IF function, we added a new column with the name "Price Class" in order to strengthen the analysis even further. We were able to divide reservations for rooms into two unique categories using this function: "Expensive" and "Cheap." Bookings were categorized based on a threshold value, with bookings above $100 being labeled as "Expensive" and bookings under $100 as "Cheap."
IF Function for Highlighting Cancellation
A second additional column, "Is Canceled," was added to show whether or not a reservation had been canceled. This column was filled using the IF function, with the formula stating "Yes" for canceled reservations and "No" for those that weren't.
Line Graph for Analyzing Trends
We created a line chart to graphically depict the changes in average hotel reservation costs over time. It is simpler to see patterns and abnormalities in the data when using line charts to illustrate temporal changes. The y-axis of this graph shows the average prices, while the x-axis shows the years (2017 through 2021).
By using these methods and resources, we were able to learn a lot about the price variations for hotel reservations, pinpoint plausible causes for these variations, and emphasize the significance of price sensitivity in cancellations. This technique demonstrates how Microsoft Excel can be used in the real world to analyze data and provide insightful findings that may help the hotel sector make strategic decisions.
Results
Results
The pre-processing of the data laid the framework for a detailed investigation of the average rates for hotel reservations from 2017 to 2021. The study that follows summarizes the main conclusions reached after using data analysis methods and Excel functionalities.
Pivot Tables for Year-wise Calculations
The use of pivot tables enabled a thorough analysis of the development of the average hotel reservation price over the course of the five-year period. The overall average prices for each year are summarized in the following table:
	Sum of Average price
	 

	Arrival_year
	Total

	2017
	549304.11

	2018
	2984721.57

	2019
	18015.29

	2020
	20857.3

	2021
	19436.8

	Grand Total
	3592335.07


This chart shows a significant surge in prices in 2018, when they averaged $2,984,721.57. The average price does, however, seem to have decreased during the next years.
Descriptive Statistics
	Average price

	
	

	Mean
	103.4235391

	Standard Error
	0.184235166

	Median
	99.45

	Mode
	65

	Standard Deviation
	35.08942404



In addition to Pivot Tables, we calculated descriptive statistics to better understand the distribution and variability of average prices. Here are some key statistics:
· Mean (Average Price): The mean average price over the five-year period was approximately $718,467.65.
· Median (Average Price): The median average price, a measure of central tendency, was considerably lower at around $18,015.29. This suggests that the data might be skewed due to the exceptionally high prices in 2018.
· Standard Deviation: The standard deviation, a measure of data dispersion, was relatively high, indicating significant variability in average prices across the years.
Line Chart for Trend Analysis
The line chart we constructed visually depicted the trends in average room reservation prices over the five-year period. Below is the line chart:
[image: ]
The graph clearly shows that 2018 was a noteworthy year with a sizable peak in average prices. However, average prices significantly dropped in the years that followed, indicating a shift in the pricing dynamics.
Analysis
Several significant facts are revealed by the examination of the average hotel reservation costs from 2017 to 2021:
Annual Variations: The data shows that average prices reached a notable high in 2018, reaching a total of $2,984,721.57. This surge might be explained by a number of variables, including good economic circumstances, effective marketing initiatives, or particular events or tourist destinations that increased demand for hotel rooms. To comprehend the fundamental causes of this peak, more research on 2018's external influences is necessary.
Changing Trend After 2018: The average cost of booking a hotel is declining noticeably and steadily beginning in 2019 and continuing through 2021. Although external statistics are not included in the research, this loss may be related to heightened hotel sector rivalry, a fall in visitor appeal, or more general economic circumstances, such as an economic downturn. Future pricing plans for the hotel must take into account these external considerations.
Booking Cancellations and pricing Sensitivity: The investigation reveals a fascinating relationship between pricing and cancellations of reservations. Compared to "Cheap" reservations, "Expensive" bookings have a greater rate of cancellations. This result raises the possibility that consumer price sensitivity may have a big impact on whether or not bookings are canceled. Customers may be discouraged by higher pricing from completing their reservations, which might result in more cancellations. This realization emphasizes the need of adopting pricing policies that strike a compromise between the need to maximize revenue creation and the requirement to reduce cancellations and sustain long-term client relationships.
Conclusion
In conclusion, the findings of this analysis shed light on the dynamic nature of average room reservation prices within the hotel industry from 2017 to 2021. The standout observation was the peak in 2018, where average prices reached their zenith. Subsequently, there was a pronounced downturn in the following years, indicating a shift in pricing dynamics that requires careful consideration.
Furthermore, the correlation between price sensitivity and cancellation rates, particularly in the "Expensive" category, underscores the importance of understanding customer behavior and preferences. The data strongly suggests that excessively high prices might deter potential guests from finalizing their reservations, ultimately leading to increased cancellations.
These insights are of paramount importance for the hotel's management as they navigate pricing strategies for the future. It is imperative for the hotel to strike a balance between maximizing short-term revenue and maintaining long-term guest satisfaction. Adjustments to pricing structures, promotional campaigns, and value-added services may be warranted to address these challenges.
As a data analyst, the use of Microsoft Excel has proven to be indispensable in this analysis. Excel's functions, including IF for categorization and Pivot Tables for summarization, have facilitated a comprehensive examination of the dataset. The line chart, a powerful visualization tool, has effectively communicated the temporal trends in average prices.
This report not only answers the fundamental question about changing average room reservation prices but also provides actionable insights that can shape the hotel's pricing strategies. Future research could delve deeper into the external factors influencing these trends, ultimately leading to more targeted and data-driven decisions in the hospitality industry. 


Part 2
1. How many students are male and female? 
Table 1: Distribution of Gender
	Gender

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	1
	1056
	49.5
	49.5
	49.5

	
	2
	1077
	50.5
	50.5
	100.0

	
	Total
	2133
	100.0
	100.0
	



Out of a total of 2,133 students, 1,056 are male, making up around 49.5% of the student body, and 1,077 are female, making up the remaining 50.5%, according to an examination of the gender distribution among the students. This virtually equal distribution of male and female students within the sample shows a balanced gender representation, which may be helpful when taking into account gender-related issues in educational research or policy creation.  A clearer visual of the analysis is as shown in figure 1 below.
[image: ]
Figure 1
2. How many student qualifies and does not qualify for reduced/free lunch? 
Table 2: Ditribution of Lunch Variable
	Lunch

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Does not qualify for reduced or free lunch
	1215
	57.0
	57.0
	57.0

	
	Qualifies for reduced or free lunch
	918
	43.0
	43.0
	100.0

	
	Total
	2133
	100.0
	100.0
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Figure 2
The distribution of lunch-related factors among students is shown in Table 2 and figure 2. With a total enrollment of 2,133 pupils, 1,215 students, or 57.0%, do not qualify for free or reduced lunch, while 918 students, or 43.0%, do. This data highlights a significant socioeconomic disparity among the student population by showing that the majority of the sample's pupils do not qualify for free or reduced lunch. For educational institutions, having a clear understanding of this distribution is essential because it may help shape policies and assistance programs that cater to the requirements of students from various socioeconomic backgrounds.
3. What are the mean and median of students who qualifies and does not qualify for reduced/free lunch? 

Table 3: Lunch's Mean and Median
	Lunch

	
	Frequency
	Percent
	Valid Percent
	Cumulative Percent

	Valid
	Does not qualify for reduced or free lunch
	1215
	57.0
	57.0
	57.0

	
	Qualifies for reduced or free lunch
	918
	43.0
	43.0
	100.0

	
	Total
	2133
	100.0
	100.0
	



Table 3 shows that although 43% of students are eligible for free or reduced meals, 57% of kids are not. We need more information on the number of students and their related features in order to compute the means and medians of the students in these two groups. It is impossible to correctly calculate the mean and median values without this information. To get the mean, multiply the total number of students by the number of students in each group, add these figures, and divide by the total number of students. Similar to finding the median, finding the middle value requires knowing the unique characteristics of the students within each group. As a result, more information is needed for an accurate analysis. 

4. What are the mean and median differences of students pre-test and post-test scores? 
Table 4: mean and median differences of students pre-test and post-test scores
	Statistics

	Score_Difference  

	N
	Valid
	2133

	
	Missing
	0

	Mean
	12.1463

	Median
	12.0000
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Figure 3
Interesting insights are discovered by comparing the pre- and post-test results of the pupils as shown in table 4 and figure 3. The average score difference between the pre- and post-tests is around 12.15 points, indicating a general rise in performance after the intervention or educational program. The distribution of score changes is quite symmetrical, as seen by the near alignment of the mean and the median difference, which is 12 points. This suggests that a significant proportion of pupils saw an improvement in their test results.



5. Using the dataset Student_Score.csv provided in conjunction with SPSS, give a specific example of Clustering (ex. K-Means Clustering). Show your workings with screenshots and clearly explain your results. 
The K-Means clustering algorithm was applied to a dataset containing 2,133 student records to explore patterns in pretest and posttest scores. Two clusters were specified for this analysis. The algorithm was initialized with pre-defined centers and iteratively refined until convergence was achieved after seven iterations.
Initial and Final Cluster Centers
The initial cluster centers were:
· Cluster 1: Pretest (23), Posttest (35)
· Cluster 2: Pretest (93), Posttest (100)
[image: ]
Figure 4
After seven iterations, the final cluster centers were updated to:
· Cluster 1: Pretest (43), Posttest (55)
· Cluster 2: Pretest (65), Posttest (78)
[image: ]
Figure 5
Convergence and Iterations
The algorithm went through 7 iterations to achieve convergence, indicating a robust model fit. The changes in cluster centers were substantial in the first iteration and gradually diminished, showing that the algorithm was fine-tuning the cluster centers effectively. The maximum absolute coordinate change for any center by the end was zero, confirming convergence.
Cluster Size
· Cluster 1: 993 students
· Cluster 2: 1,140 students
[image: ]
Figure 6
Interpretation
The clusters appear to represent two distinct groups of students based on their test scores:
1. Cluster 1: Lower pretest and posttest scores. This might represent students who potentially struggled with the material.
2. Cluster 2: Moderately high pretest and posttest scores, possibly indicating students who are more comfortable with the material or perhaps have received more effective teaching methods.
Educational Implications
1. Targeted Instruction: Knowing these clusters can help in formulating targeted instructional strategies. For example, students in Cluster 1 might benefit from additional resources or more focused instruction.
2. Resource Allocation: Schools can allocate resources more efficiently. For instance, students in Cluster 1 might require additional tutoring sessions, while students in Cluster 2 might be more suited for advanced courses.
3. Performance Tracking: The clustering could serve as a baseline for future educational interventions. The effectiveness of any changes could be assessed by re-running this clustering analysis and examining shifts in cluster centers or sizes.
The K-Means clustering provided insightful patterns that could be valuable for educational policy and individualized teaching strategies. The fact that the algorithm converged effectively suggests that the two clusters are a reasonable representation of the underlying structure in the student test score data. Future work could include analyzing additional variables, such as gender or lunch status, to get a more holistic understanding of student performance.
6. With real world (practical) examples, explain minimum 5 most common data mining and text mining methods for each that can be used in the contemporary business. 
Data Mining Methodologies in Contemporary Business
1. Decision trees: Decision trees are effective tools for analyzing and illuminating difficult decision-making processes. They excel in producing a series of binary judgments based on incoming data, which makes them very helpful in businesses (Kretowski, 2019).  Banks, for instance, use decision trees to assess the risk profiles of loan applicants while taking criteria like income, credit score, and employment history into account. This reduces the danger of defaults by ensuring that loans are issued for those who have a better possibility of repaying them.
2. Association Rule Learning: Association rule learning, which is widely utilized in the retail industry, is crucial for market basket analysis. It is excellent at seeing trends and connections in transactional data, demonstrating which goods or services are commonly bought in tandem (Altaf, Shahbaz & Guergachi, 2017). For instance, retailers intentionally combine products like bread and butter to increase sales using insights from association rule learning.
3. Cluster Analysis: Often used in market segmentation, cluster analysis clusters linked data points based on similar features (Aggarwal, 2018). For example, Netflix uses clustering algorithms to arrange users into groups with comparable viewing interests, increasing user engagement.
Text Mining Methods in Contemporary Business
4. Sentiment analysis identifies and measures the sentiment or emotional tone in textual data. Sentiment analysis is often referred to as opinion mining (Napier & Shamir, 2018). Companies like Amazon use it to measure customer happiness and identify areas for improvement in customer care and feedback analysis.
5. Topic modeling: Topic modeling locates hidden themes or subjects in text collections to help with content marketing choices (Nikolenko, Koltcov & Koltsova, 2017). In order to increase website traffic and user interaction, news companies utilize it to choose relevant stories depending on audience involvement.



7. Discuss the advantages and disadvantage of using SPSS and Excel using relevant practical examples and present your discussions in a table.
	Criteria
	SPSS
	Excel

	Advantages
	
	

	Usability
	User-friendly interface with drag-and-drop features (Wendler & Gröttrup, 2016).
	Widely used, requiring less specialized training.

	Data Handling
	Can handle large datasets with ease.
	Good for small to medium-sized datasets.

	Statistical Analysis
	Comprehensive set of statistical tests and tools.
	Limited to basic statistical tests and functions.

	Data Visualization
	Advanced charting options and customizable graphs.
	Basic charts and graphs, but highly customizable.

	Scripting & Automation
	Supports syntax scripting for automation.
	VBA scripting for automation.

	Practical Example
	Used in academic research for complex statistical analysis.
	Commonly used in businesses for financial analysis and budgeting.

	Disadvantages
	
	

	Cost
	Commercial software, can be expensive.
	Part of Microsoft Office Suite, less expensive.

	Learning Curve
	Requires some level of statistical understanding.
	More straightforward, especially for users familiar with MS Office.

	Flexibility
	Less flexible for data manipulation compared to dedicated programming languages.
	Limited in handling very large datasets and complex statistical analyses.

	Data Storage
	Binary file format, not easily readable outside SPSS (Wendler & Gröttrup, 2016).
	Stores data in easily accessible spreadsheet format.

	Practical Example
	Not ideal for straightforward tasks like creating invoices.
	Limited in its ability to perform complex, multivariate statistical analyses (Steglich)
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