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Determine the decline or increase in average price (room reservation price)
1.	Pivot table
Pivot tables are considered a crucial instrument for data analysis as they enable users to condense intricate data and facilitate its examination within databases and spreadsheets. According to Mihaylova (2011), pivot tables possess a combination of adaptability and a diverse set of robust functionalities that transform intricate data into understandable and meaningful insights. The procedure for generating pivot tables is relatively uncomplicated. Initially, the data is organized into columns, and subsequently, it is classified into distinct categories, creating a novel table. The process of reorganizing the data simplifies complexity and enhances clarity, hence facilitating the comprehension and utilization of the data.
The fundamental strength of pivot tables is their capacity to aggregate data through several methods, such as calculating averages, finding maximum values, computing totals, and determining minimum values. (Bruce, 2020) Individuals can customize their study to achieve specific objectives by recognizing relevant patterns and trends. Moreover, pivot tables exhibit high proficiency in discerning these trends and patterns, facilitating the adoption of data-driven decision-making. Pivot tables facilitate the process of data filtration and sorting, thus aiding in the discovery of latent connections within datasets. (Battle and Heer, 2019)
Pivot tables are widely utilized in various disciplines, including accounting, finance, and research. They provide support to the banking industry through the identification of sales patterns, the creation of budgets, and the evaluation of financial outcomes. Pivot tables are widely recognized as a crucial tool in research, mainly when dealing with extensive and intricate datasets (Välikangas, 2018)
Use of PIVOT Table
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The numerical data provides a comprehensive overview of hotel reservations, encompassing the quantities of confirmed and canceled reservations, the mean expenditure associated with each reservation category, and the annual influx of guests. The final column of the dataset displays the aggregate count of reservations made.
The table arrangement has been deliberately structured to unveil the nuanced aspects inherent in the dataset, hence facilitating comprehension. The distribution of bookings made by adults and children annually is represented in the table by calculating the ratio of the total number of reservations made by each group. Additionally, the chart differentiates between reservations that eventually led to cancellations and those that were not canceled. According to the data, 1,478 children and 22,695 adults were included in the canceled appointments. It is crucial to bear in mind that cancellations were approximately twice the number of non-cancellations. Among the 44,231 canceled adult reservations, a subset of 2,341 reservations was explicitly intended for children.
The mean cost per reservation for canceled reservations was $131.36. In contrast, reservations that were not canceled generated a far higher average price of $2,437.33 per booking. The significant difference in average costs may be attributed to the unpredictable nature of pricing for each reservation, which is influenced by factors such as the booking date, length of stay, and selected meal plans.
A systematic data analysis reveals that the complexity of reservation prices, cancellations, and non-cancellations intensifies the observed oscillations. The differences above exemplify the intricate nature of the dynamic hotel booking process, as it considers multiple factors.
PIVOT table on 2017 reservation
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The above graphic illustrates the categorization of reservations made at the hotel into two distinct categories. The reservations for a single child are listed in the left column, while the reservations for two children are listed in the adjacent column. Notably, the leftmost column of the table displays reservations for parties with a single child, whereas the rightmost column represents reservations for parties with two children. A total of 471,987 bookings exist, with 235,989 reservations allocated for one child and an equal number of 235,989 reservations designated for two children.
The table exclusively presents reservation data about scenarios involving one or two children. It is crucial to note that the dataset does not encompass procedures involving more than two children in reserve or methods involving no children. Conducting thorough research is of utmost importance in examining the attributes of hotel-booking families, considering the constraints imposed by the existing data. This analysis provides comprehensive perspectives, ensuring that pricing strategies meet various family structures' distinct needs while adhering to regulatory mandates.
The LOOKUP formula in Microsoft Excel
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The VLOOKUP formula determines the average price of a specific booking identified by the unique booking ID "INN00001." This formula simplifies locating the corresponding reservation ID within the designated range of the relevant table by considering the specified price range of the table. Within the framework of this particular case study, the fixed price for the reservation associated with the identification code "INN00001" amounts to $65.
Based on the facts supplied, it can be deduced that the money generated from non-canceled reservations exceeds that of canceled reservations. Furthermore, based on the available data, it is evident that reservations unaffected by cancellations exhibit a significantly higher average cost compared to reservations that were designated as canceled (Chen et al., 2023). The observed gap can be explained by a more significant proportion of bookings being honored, leading to a higher mean price for this particular subgroup than subsequently canceled reservations.
According to Adil (2021), the study's results indicate that the dataset contains significant information about hotel reservations, encompassing the generated revenue and the hotel's standard price structure for its clientele. Furthermore, the data underscores the impact of non-canceled reservations on income, as evidenced by the higher average prices compared to canceled reservations. The VLOOKUP method, which enables retrieving the average cost associated with a specific booking ID, is a valuable tool facilitated by the available data. (Abrate, 2021)
Graph Depicting Booking Segmentation by Year, Adults, Children, and Price
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The graph illustrates the mean booking fees and price fluctuations during the specified time frame. It is imperative to acknowledge that the absence of temporal data renders creating a line chart depicting patterns unfeasible. A stacked column bar chart is more suitable for presenting comprehensive booking data, encompassing the quantities of individuals, children, and average prices for canceled and non-canceled reservations.
The chart's X-axis is labeled with the variables representing the number of children, average price, and arrival categories. The Y-axis represents the cumulative value of the specified types comparatively. The graphical depiction of the data serves to emphasize several significant components. Initially, it is evident from the graph that the number of bookings canceled is consistently lower than the number of bookings made. Furthermore, the average cost of canceled bookings is significantly lower than that of unwritten reservations. Due to the intricate and multifaceted nature of the data, opting for a bar graph format, particularly a stacked column bar chart, emerges as the most favorable selection.
In summary, the utilization of visual aids such as graphs improves the understanding of intricate data structures through the effective presentation of patterns and relationships. The deliberate utilization of several chart formats facilitates a comprehensive analysis and enhances comprehension of the nuanced aspects inherent in the material.
PART 2
1. How many students are male and female?
Statistics 
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Gender
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The data presented in the table indicates that 2,133 individuals were involved in the survey. Upon closer examination, the data presented in the table reveals that 1,056 individuals self-identified as female, accounting for 49.5% of the overall sample. One thousand seventy-seven male individuals were included in the study, or 50.5% of the general participant population.
2. How many students qualify and do not qualify for reduced/free lunch?
Statistics 
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The research endeavor involved a population sample of 2,133 individuals, as indicated by the tabulated data. Based on the data in the table above, it is evident that 1,215 individuals, constituting 57% of the overall sample, still need to satisfy the criteria for qualifying for lunch benefits. Of the participants, 918 persons, including 43% of the model, were identified as eligible for reduced or free lunch benefits.
3. What are the mean and median of students who qualify and do not qualify for reduced/free lunch?
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The table below presents the statistical measures of central tendency for students who meet the free or reduced lunch benefits criteria and those who do not. The table shows the numerical values for the median, mean, and mode. A significant proportion of kids fail to meet the criteria for eligibility for free or reduced lunches, as seen by the mean value of 1.43. The table further emphasizes that the mode and median values are reported as 1.0. This observation substantiates the discovery that many individuals need to meet the criteria for qualifying for reduced or free lunch benefits.
4. What are the mean and median differences of students' pre-test and post-test scores?
[image: ]
Based on the information presented, it is apparent that both the pre-test and post-test variables need to include all the values. Upon careful analysis of the data presented earlier, it becomes evident that the mean value of the pre-test variable is 54.96. In contrast, the mean value of the post-test variable is 67.10. The observed increase in mean scores of 12.1 points suggests a notable improvement after participants finished the examination.
The pre-test exhibits a median score of 56, whereas the post-test demonstrates a median score of 67, as determined by calculating median values. The observed marginal deviation of 12 points in the median values underscores the concept of a sustained enhancement following the experiment's conclusion.
5. Using the dataset Student_Score.csv provided in conjunction with SPSS, give a specific example of Clustering (e.g., K-Means Clustering).
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The data supplied offers a condensed overview of the findings from the cluster analysis conducted on the dataset of 2,133 persons in this study. The data shown above clearly indicates that under the pre-test condition, the initial cluster achieved a score of 23, while the second cluster obtained a score of 93. The collections in the post-test set exhibit scores ranging from 35 to 100.
Upon a comprehensive analysis of the iteration history, one can ascertain pertinent information about the successful attainment of a specific level denoted as 7, along with its related iteration designation. According to the final cluster table, the pre-test and post-test scores for clusters 1 and 2 are 43.95, 65.32, 54.70, and 77.09, respectively. Based on the implications of the data previously supplied, one may assume that students belonging to the first cluster achieved more excellent scores compared to those in cluster 2.
6. Common data mining and text mining methods in contemporary business:
Data Mining Methods
1. Clustering Analysis: Example: Retail Customer Segmentation 
Retailers can employ clustering analysis to divide their consumer population into distinct segments based on their purchasing behaviors. This is achieved through the examination and analysis of customer data. By segmenting clients based on similarities, firms can customize marketing campaigns and promotions to specific groups. For instance, companies may offer tailored discounts to customers with a history of high spending or employ strategies to motivate inactive clients to engage in new transactions. (Sohrabi, 2019)
2. Classification Analysis: Example: Credit Scoring for Loans 
Financial institutions employ categorization analysis to assess the credit risk associated with prospective loan applications. Financial institutions utilize a range of factors, such as individual earnings, employment standing, creditworthiness, and additional variables, to ascertain the level of risk associated with prospective borrowers. This facilitates making well-informed decisions on loan issuance and interest rate determination.
3. Association Rule Mining: Example: Market Basket Analysis
Retailers utilize association rule mining techniques to analyze customer transactional data to find patterns of product combinations commonly purchased together. Consequently, the above data is employed to develop efficacious cross-selling tactics, such as proposing complementary items during online transactions or curating product assortments at brick-and-mortar establishments. (Moradi, 2020)
4. Anomaly Detection: Example: Fraud Detection in Financial Transactions
Banks and other financial organizations employ anomaly detection techniques to identify atypical and potentially fraudulent transactions. Analyzing transaction patterns allows the system to detect atypical activities, such as abnormally large withdrawals or unconventional transactions conducted abroad. This functionality significantly contributes to the ongoing efforts to combat fraudulent activities.
5. Regression Analysis: Example: Real Estate Price Prediction
Real estate firms employ regression analysis to forecast property prices, relying on characteristics such as square footage, number of rooms, location, and amenities. This functionality allows individuals to enhance property listings to attract prospective buyers and provide clients with accurate pricing assessments.
Text Mining Methods:
1. Named Entity Recognition: Example: Social Media Brand Monitoring
Brands utilize named entity recognition to detect references to their brand, products, and services on various social media platforms. This enables corporations to promptly address inquiries, resolve issues, and assess consumer contentment live.
2. Text Classification: Example: Email Filtering and Categorization
Email service providers employ text categorization techniques to distinguish between spam and legitimate communications. The system can categorize emails into distinct groups, such as promotions, social updates, and critical communications, by evaluating email content, subject lines, and sender information. This categorization process ensures that recipients can receive and access relevant messages that are significant to them.
3. Sentiment Analysis: Example: Customer Feedback Analysis
Organizations utilize sentiment analysis to assess customer satisfaction levels and pinpoint specific areas that require improvement based on customer reviews and comments. Hotels can employ this approach to monitor online assessments, classify feedback as favourable, unfavourable, or neutral, and implement remedial measures to improve the tourist experience.
4. Topic Modelling: Example: Content Recommendation Systems
Media platforms and news websites utilize topic-modeling techniques to categorize and organize enormous volumes of content. By discerning significant subjects within articles or blogs, these platforms can furnish users with pertinent content, enhancing user engagement and prolonging user retention.
5. Text Summarization: Example: News Aggregation and Briefing
News aggregators compile news stories from several sources, giving users concise summaries of contemporary events. These systems employ algorithms to extract pertinent information and present it user-friendly, optimizing time efficiency and ensuring users stay abreast of the latest advancements.
In contemporary business settings, using text and data mining technologies is imperative for acquiring valuable insights, making informed decisions, improving customer engagements, and optimizing operational processes.
6. Discuss the advantages and disadvantages of using SPSS and Excel
	Aspect
	Advantages
	Disadvantages

	SPSS
	- User-friendly interface simplifies complex statistical analyses.
	- Requires a paid license, limiting accessibility for budget-conscious users.

	
	- Offers comprehensive data manipulation and handling capabilities.
	- Limited programming flexibility compared to languages like Python and R.

	
	- Provides tools for generating detailed reports and presentations.
	

	
	- Suitable for exploratory data analysis and statistics.
	

	Excel
	- Easily used for budgeting, financial planning, and projections.
	- Not ideal for handling large datasets; it becomes slower with more data.

	
	- Effective for project management and tracking tasks.
	- Manual data entry increases the risk of errors and data integrity issues.

	
	- Helpful for inventory management and data organization.
	




Example Analysis
A researcher undertook a study to evaluate the relationship between students' academic performance and the quantity of time they allocate to studying. To achieve this purpose, data about the number of hours dedicated to exploring and the corresponding grades obtained in exams was gathered from a sample of 50 participants.
Using Microsoft Excel for Data Analysis:
1. Initiate by creating two columns for 'Study Hours' and 'Exam Grade.' Enter the data for all 50 participants.
2. Highlight both columns.
3. Navigate to the 'Insert' tab and select an appropriate chart type to visualize the relationship. A scatter plot would be most fitting for this dataset.
4. Adjust chart details, such as the Y-axis label and other position elements, for better representation.
5. The resulting graph will provide a visual insight into the relationship between study hours and exam grades. (Anderson, 2020)
A Guide to Data Analysis Utilising SPSS
1. Open SPSS and initiate a new data file.
2. Transfer the data from Excel to this SPSS file.
3. Once the data is entered, click 'Analyse' in the top menu, navigate to 'Descriptive Statistics' and choose 'Frequencies.'
4. Insert the values of study hours and exam results into the designated box.
5. Generate a report containing descriptive statistics, including Range, Mode, Mean, and other relevant metrics.
6. Conclude the process by selecting 'OK'. (George,2019)

Conclusion
The study demonstrates the essential role of Excel and SPSS in manipulating and visualizing data. The discussion revolved around Excel features, namely VLOOKUP, LOOKUP, and Pivot Table—however, the specific application of these features to the given scenario needed to be adequately elucidated. The research utilized descriptive statistics and a variant of cluster analysis to emphasize the user-friendly interface, data visualization capabilities, and data management functionalities of SPSS. Nevertheless, like Excel, SPSS has certain limitations regarding data management. This study elucidates the merits and demerits of the aforementioned analytical tools.
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