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[bookmark: _s0ts7rm3h9jc]Part 1: Analysis of Room Reservation Price Trends (2017–2021) Using Microsoft Excel
[bookmark: _6jgscn22l88o]Introduction
This part of the task includes the analysis of the average hotel room price for the period of 2017-2021, data cleaning, and data visualisation using the Microsoft Excel. Excel is widely used in hospitality analytics due to the functions such as PivotTables and lookup formulas that help in summarising and quality assurance (Lindquist and Sulewski, 2024).
[bookmark: _2j3jrhjfepxe]Pre-processing the Dataset Using Microsoft Excel
First of all, it is necessary to cheque the reliability and validity of the data collected: The hotel reservation dataset has the average prices for six years and is linked to various types of rooms. Upon loading the data in the Excel sheet, the first three columns namely; Arrival_year, Room_type_reserved and Average price were validated. An initial cheque showed that there were no missing or non-numeric data, however, further assessments were made to validate the data. In Microsoft Excel, the IF function was applied to the Average price in order to determine the numeric value of it in order to provide the most precise results of the analysis. The function used was =IF(ISNUMBER([@Average price]), [@Average price], "") This function helped to highlight any outliers by returning a blank where the value was non-numeric (Nelson and Nelson, 2016). The year philtre was done using Excel’s AutoFilter where records from the year 2017 to 2021 only were obtained.
To harmonise room type labels, XLOOKUP matched each entry against a master lookup table, standardising category names and detecting inconsistencies. For instance, the formula =XLOOKUP([@Room_type_reserved],LookupArray,ReturnArray,"Not Found")  enabled swift cross-verification of room type nomenclature (Jelen, 2024).
Finally, a structured table was created to support PivotTable generation. Defining the dataset as an Excel Table permitted dynamic range adjustments and facilitated future refreshes, laying a solid foundation for subsequent analysis (Remenyi, Onofrei and English, 2022).
Data structuring included setting up named ranges and preparing the data for Pivot Table analysis. Such pre-processing steps in Excel are critical for error minimization and to enable smooth, automated analysis workflows (Raharjo et al., 2025). Proper pre-processing not only prepares the data but also enhances the validity of subsequent findings.
[bookmark: _ujilrw1q0oaw]Data Analysis
The primary analytical task involved assessing the year-on-year changes in average room reservation prices. Utilising PivotTables, the average room price for each year from 2017 to 2021 was calculated by setting Arrival_year as the row field and Average price as the value field configured to “Average.” [image: ]
The resulting summary revealed a rise from $90.05 in 2017 to $106.45 in 2018, corresponding to an 18.20 percent increase. This peak was followed by a decline to $101.78 in 2019 (–4.39 percent), a recovery to $105.34 in 2020 (+3.49 percent), and a modest drop to $101.23 in 2021 (–3.90 percent).
[image: ]
The 2018 surge aligns with broader growth in business travel prior to the pandemic, while the 2019 downturn suggests market correction (Mariani and Baggio, 2022). Despite the challenges of COVID-19, the 3.49 percent increase in 2020 underscores the hotel’s pricing resilience—potentially reflecting a shift toward higher-value bookings and stringent cancellation policies that preserved rates (Lvov and Komppula, 2024). The subsequent decrease in 2021 may indicate ongoing demand volatility and competitive price adjustments in response to occupancy fluctuations.[image: ]
[image: ]In addition to year-wise averages, the PivotTable was expanded to include room type segmentation. Room_Type 6 consistently commanded the highest rates, averaging $173.54 across five years, whereas Room_Type 7 exhibited extreme volatility with a 515.96 percent year-on-year increase from 2017 to 2018, driven by limited supply and targeted premium positioning. 
[bookmark: _k0ajemjtvkuc]Deeper Insights from the Dataset
Besides simple price movements, other insights about the guests and the market can be gleaned from the dataset. The number of reservations made 60 or more days prior to the cheque-in date increased in 2020 and 2021, so the analysis of lead time shows that the majority of bookings were made far in advance. This shift to longer planning horizons is a sign of a new generation of travellers who prefer security over the open-ended, and this is probably due to changes in health measures (Remenyi et al., 2022).
The cancellation rates have risen in 2020, and 37.5% of bookings were cancelled before cheque-in. On the other hand, the cancellations of the 2021 were less than 30 percent indicating that the guests have gained confidence in staying at the hotels and the hotel policies have become more stringent to ensure better revenues for the hotels (Mariani and Baggio, 2022). There were also changes in the occupancy by days of the week: while business travel used to generate higher weekday rates, the occupancy rates for the weekdays and weekends were closer in 2020. This is a diversification of demand as leisure travellers benefited from midweek bookings because of work from home arrangements (Nikolić, 2017).
Room type analysis also supports the concept of strategic differentiation. Room_Type 1 and Room_Type 2 usual categories had only minor variations, while Room_Type 5 and Room_Type 7 which are luxurious categories had large variations that followed promotion strategies and offers that were limited in terms of time. According to the breakdown of market channel, more than 65% of the bookings came from OTAs, which supports the need to establish rate parity policies and channel-specific revenue management (Şentürk, 2012).
Collectively, these insights advise a segmentation approach: maintain stable pricing for core offerings, selectively deploy dynamic pricing for premium suites, and tailor cancellation policies to emerging guest confidence levels. By aligning price strategies with observed booking behaviours, the hotel can optimise yield while nurturing diverse market segments.
[bookmark: _63fnij5oaxn9]Excel Functions Demonstrated
Microsoft Excel provided a versatile toolkit for managing and analyzing the Hotel Reservation dataset. The Pivot Table function was central to summarizing complex datasets quickly. By setting Arrival_year as the Row field and averaging Average price, trends became immediately apparent. Dynamic pivot capabilities allowed rapid recalculations and scenario analyses, fundamental for hotel revenue management (Jelen, 2024).
The IF function enabled data validation, ensuring that all calculations operated on valid numerical entries, preserving the reliability of analytical outputs (Lindquist and Sulewski, 2024). The VLOOKUP and XLOOKUP functions further enhanced data standardization, minimizing human error and speeding up data processing times.
Such functionality highlights Excel’s enduring relevance in both academic and operational settings, allowing non-programmers to perform sophisticated analyses (Raharjo et al., 2025).
[bookmark: _hig48zkhgwbg]Data Visualisation
Effective visualisation transforms numerical findings into intuitive insights, enabling stakeholders to grasp complex trends at a glance. In this analysis, three primary chart types were constructed within Excel’s native charting engine to illustrate year-on-year price dynamics and room-type variability. First, a single-line chart plotted the overall average room price from 2017 through 2021. By applying a smooth marker-and-line style, trend inflection points—most notably the sharp rise in 2018 and the modest decline in 2021—became immediately apparent. Data labels and a clearly annotated axis ensured that non-technical viewers could interpret percentage changes without ambiguity (Alcaraz-Martinez et al., 2024).
[image: ]
The bar-chart view presents the hotel’s average room price for each year from 2017 through 2022. Each blue bar corresponds to a calendar year, showing a sharp rise from $90.05 in 2017 to $106.45 in 2018, followed by moderate fluctuations—dipping to $101.78 in 2019, rebounding to $105.34 in 2020, and settling near $101.50 in 2022. A dashed horizontal line marks the overall mean, facilitating quick comparison across years.
[image: ]
The year-over-year-change chart displays black bars for the percentage shift in average price: a +18.20% jump in 2018, a −4.39% drop in 2019 (as seen in the tooltip), a +3.49% increase in 2020, a −3.90% decline in 2021, and a marginal +0.27% rise in 2022. 
[image: ]Next, a multi-line chart was created to show the trend of each of the individual room types for which each series was assigned a different line pattern and marker. This segmentation highlighted the fact that there was not much fluctuation in the mid-range categories compared to the high fluctuation in luxury suites. To avoid misalignment of the horizontal axis and to maintain consistency in the chart, the horizontal axis was aligned across all the series using the Excel’s ‘Select Data’ option (Jelen, 2024). The legends were placed outside the plot area to utilise more space on the chart and the tooltips were enabled to use during live demonstration.[image: ] Finally, the use of a clustered bar chart was done to show year-on-year percentage changes of a typical Room_Type 1 to show incremental changes that can be compared in categories. These were colour coded with green for the increase and red for the decrease in order to have a quick glance of the performance.
[image: ]
[bookmark: _o044hqcddum5]


[bookmark: _3bk6ifv242rp]Part 2
[bookmark: _kr7v526f0yu6]Data Analysis Report on Student Performance and Lunch Qualification
[bookmark: _ewxkozkxyir2]Introduction
This report analyses a survey of 2,133 students to explore how lunch qualification status relates to gender and to performance on pre-tests and post-tests. By comparing central tendency measures and improvements over time, the school aims to identify equity issues and inform targeted interventions.  Microsoft Excel continues to play a pivotal role in the initial data cleaning, visualization, and descriptive statistical analysis stages, making the transition to SPSS more accessible (Guerrero, Guerrero and Rauscher, 2019).
[bookmark: _99xp07lver7y]Methodology
Initial data cleansing and aggregation were performed in Excel. Pivot tables were used to compute counts by gender and lunch status, while AVERAGE and MEDIAN formulas generated preliminary measures of central tendency (Remenyi, Onofrei and English, 2022). Charts were created following accessibility guidelines to ensure readability for all stakeholders, including users with low vision (Alcaraz-Martinez et al., 2024). 
[bookmark: _14xdwam0o4cg]

[bookmark: _st18ndmkgwwr]Results
Gender and Lunch Qualification
The sample comprised 1,056 male students (49.5%) and 1,077 female students (50.5%), reflecting near gender parity (Table 1). A total of 918 students (43.0%) qualified for reduced or free lunch, whereas 1,215 (57.0%) did not. Within the qualifying cohort, 463 were male (50.4% of qualifiers) and 455 were female (49.6%). Among non-qualifiers, 593 were male (48.8% of non-qualifiers) and 622 were female (51.2%) (Table 2).
Table 1: Gender Distribution
	Gender
	Count
	Percentage

	Male
	1,056
	49.5%

	Female
	1,077
	50.5%


[image: ]Table 2: Lunch Qualification by Gender
	Gender
	Qualifies
	Does Not Qualify
	Total

	Male
	463
	593
	1,056

	Female
	455
	622
	1,077

	Total
	918
	1,215
	2,133


[image: ][image: ]
Performance by Lunch Status
The first major finding is that students who qualify for free/reduced lunch have lower scores on both the pretest and posttest. Students who did not qualify had a mean pretest score of 62.29 and a mean posttest score of 74.38. In contrast, students who qualified had a mean pretest score of 45.25 and a posttest score of 57.48. Median scores reflected the same pattern. Using Excel’s built-in functions such as AVERAGE and MEDIAN (Remenyi, Onofrei, and English, 2022), this disparity was easily identified and visualized.
Table 3: Score Summaries by Lunch Qualification
	Qualification
	Mean Pre-test
	Median Pre-test
	Mean Post-test
	Median Post-test

	Does Not Qualify
	62.29
	62.0
	74.38
	74.0

	Qualifies
	45.25
	44.0
	57.48
	55.0


[image: ]
[image: ]
Improvement from Pre-test to Post-test
The second major finding is that both groups showed similar improvements, with an average gain of approximately 12 points from pretest to posttest. Female students improved by an average of 12.16 points, while male students improved by 12.13 points. The similarity in score improvements suggests that, while starting points differed, the instructional impact was consistent across both socio-economic groups.
Table 4: Pre-test to Post-test Score Improvements
	Metric
	Mean Difference
	Median Difference

	Overall Improvement
	12.15
	12.0

	Male Improvement
	12.13
	12.0

	Female Improvement
	12.16
	12.0


[bookmark: _d8239lafn1fm]
[image: ][image: ]
The third major finding is that the achievement gap persisted from pretest to posttest. Although both groups improved by roughly the same amount, students who qualified for free/reduced lunch continued to score approximately 17 points lower on average than their peers who did not qualify. This suggests that while interventions may be helping all students equally in terms of growth, they are not closing the initial performance gap. This finding underscores the importance of targeted support for students from lower socio-economic backgrounds.
[bookmark: _5xyzb5y2hi6p]

[bookmark: _48a238xm2u84]K-Means Clustering Analysis Using SPSS
The purpose of this analysis was to apply the K-Means Clustering technique using SPSS to group 2,133 school students based on their Pretest and Posttest scores. By clustering the students, the school aimed to identify distinct academic performance groups that could guide interventions and support strategies. The dataset Student_Score.csv was imported into SPSS for this purpose.
[bookmark: _9zslq2clp4ab]Data Preparation
After loading the dataset into SPSS, four variables were available: Gender, Lunch, Pretest, and Posttest. For the clustering analysis, only Pretest and Posttest scores were selected because the objective was to classify students based solely on academic achievement. Both variables were set as Scale (continuous) in the Variable View.[image: ]
[bookmark: _wumi25hfzzs0]Clustering Setup in SPSS
The K-Means Clustering procedure was initiated by navigating to Analyze → Classify → K-Means Cluster in SPSS. In the K-Means dialog box, the variables Pretest and Posttest were moved into the “Variables” section. The Number of Clusters was set to three (3) to group students into three categories: low performers, medium performers, and high performers (See Figure 2).
[image: ]

Under the Options button, selections were made to display the Initial Cluster Centers, ANOVA Table, and to Exclude Cases Listwise to handle missing data properly. These settings ensure a comprehensive clustering output and minimize errors during analysis (See Figure 3).[image: ]
After configuring the settings, the analysis was executed by clicking the OK button.

[bookmark: _q18fbowsnfdy]Results
Initial Cluster Centers
The initial cluster centers represent the starting mean values for each cluster before iteration. Based on the output, the clusters initially had the following approximate centers:
· Cluster 1: Pretest 23, Posttest 35
· Cluster 2: Pretest 93, Posttest 100
· Cluster 3: Pretest 54, Posttest 72
These initial centers were randomly selected and used as starting points for further refinement through iterative processes (See Figure 4).
[image: ]
Iteration History
The K-Means algorithm iteratively adjusted cluster memberships. As seen from the iteration history, the movement of cluster centers gradually decreased with each iteration. By the 7th iteration, convergence was achieved, meaning the centers stabilized and no further substantial change occurred. The minimum distance between initial centers was calculated at 48.010, confirming sufficient separation between groups to allow meaningful clustering.
Final Cluster Centers
Upon convergence, the final cluster centers were established as:
· Cluster 1: Pretest 40, Posttest 52

· Cluster 2: Pretest 72, Posttest 85

· Cluster 3: Pretest 57, Posttest 69

These results suggest clear groupings where Cluster 1 contains lower-performing students, Cluster 2 comprises higher-performing students, and Cluster 3 represents medium performers (See Figure 5).
[image: ]ANOVA Results
The ANOVA table produced during clustering provides evidence of significant differences between the clusters. For both Pretest and Posttest scores, the F-statistics were very large:
· Posttest: F = 5134.041
· Pretest: F = 5055.221
Both variables demonstrated p-values < 0.001, confirming statistically significant differences between cluster means. It is important to note, however, that the ANOVA here serves only descriptive purposes, as the clusters were designed to maximize these differences.
Cluster Membership Distribution
The number of cases in each cluster was reported as:
· Cluster 1: 715 students
· Cluster 2: 534 students
· Cluster 3: 884 students
In total, all 2,133 students were successfully classified without missing values (See Figure 5).
Interpretation and Discussion
The K-Means clustering divided the students into three distinct groups reflecting their academic performance levels. Students in Cluster 1 were lower achievers with Pretest and Posttest averages of 40 and 52, respectively. Cluster 2 included the highest achievers, while Cluster 3 represented average performers.
The results allow the school to implement differentiated strategies:
· Cluster 1 students may require remedial interventions and personalized support.
· Cluster 2 students could be encouraged with advanced academic programs.
· Cluster 3 students should receive consistent encouragement to further enhance their performance.
The strong statistical significance reported by ANOVA validates the clustering solution, confirming that Pretest and Posttest scores effectively segment the students.


[bookmark: _90yogtinvtk9]Common Data Mining and Text Mining Methods in Contemporary Business
Data mining in contemporary business leverages statistical and machine-learning algorithms to extract actionable insights from large datasets. Classification, such as decision-tree or support-vector-machine models, is widely used in credit scoring to predict loan defaults and in telecommunications to forecast customer churn rates (Ergün, 2016). Clustering techniques—most commonly K-means—segment retail customers based on purchase histories, enabling targeted promotions and personalized recommendations (Ergün, 2016). Association rule mining, exemplified by the Apriori algorithm, drives market-basket analysis in supermarkets, revealing that customers who buy diapers frequently also purchase baby wipes, which informs shelf placement strategies (Ergün, 2016). Regression analysis, including linear and logistic regression, underpins demand forecasting in supply-chain management, allowing firms to adjust production schedules in anticipation of seasonal sales fluctuations (Ergün, 2016). Anomaly detection, using models such as isolation forests or neural-network autoencoders, flags fraudulent credit-card transactions in real time, safeguarding financial institutions against losses (Zong, Xia and Zhang, 2021).
Text mining methods enable firms to transform unstructured textual information into structured formats for analysis. Tokenization and preprocessing (e.g., stop-word removal, stemming) standardize customer feedback data before deeper analysis (Gaikwad, Chaugule and Patil, 2014). Term-frequency/inverse-document-frequency (TF-IDF) weighting identifies salient terms in online product reviews, helping e-commerce platforms to prioritize feature enhancements (Agrawal and Batra, 2013). Topic modeling, particularly Latent Dirichlet Allocation, uncovers latent themes in social-media discussions, allowing marketing teams to detect emerging consumer trends around new product launches (Sukanya and Biruntha, 2012). Sentiment analysis applies lexicon-based or supervised-learning approaches to classify tweets or comments as positive, negative, or neutral, informing real-time brand-reputation management (Talib et al., 2016). Named-entity recognition extracts mentions of brands, products, and competitors from news articles and press releases, enabling competitive-intelligence units to monitor market positioning and respond to rival initiatives (Zong, Xia and Zhang, 2021).
[bookmark: _ryo3wb6x1m12]Advantages and Disadvantages of Using SPSS and Excel
Table below compares the principal strengths and limitations of SPSS and Excel, drawing on empirical and pedagogical perspectives. 
	Software
	Advantages
	Disadvantages
	Practical Example

	SPSS
	SPSS provides an extensive suite of advanced statistical procedures (e.g. ANOVA, multivariate regression, factor analysis) via an intuitive point-and-click interface, ensuring reproducibility and reducing syntax errors (Cleff, 2019; Arkkelin, 2014). Its Output Viewer generates publication-ready tables, and its Complex Samples module handles survey weights and stratification (McCormick and Salcedo, 2017).
	Licensing fees can be prohibitive for small organizations, and its reliance on proprietary formats limits integration with open-source big-data platforms. The learning curve for syntax-driven analyses is steep, and verbose output can overwhelm novice users (Opie, 2019; McCormick and Salcedo, 2017).
	Market-research teams employ SPSS to perform repeated-measures ANOVA on longitudinal consumer-satisfaction surveys, adjusting for clustering and weights to derive nationally representative insights (Arkkelin, 2014).

	Excel
	Ubiquitously available, Excel facilitates rapid data entry, pivot-table summarization, and basic charting without specialized training. Its formula language and VBA automation support custom dashboards, and it integrates seamlessly with Microsoft Office workflows (Opie, 2019; Paura and Arhipova, 2012).
	Excel is prone to human error in complex formulas, lacks built-in modules for multilevel or nonlinear modeling, and performance degrades markedly with very large datasets (>1 million rows). It offers limited audit trails for statistical procedures (Buzrul, 2024; Cleff, 2019).
	Finance departments build dynamic cash-flow forecasts using LOOKUP functions, pivot tables, and VBA scripts for monthly budgeting. Marketing analysts prototype A/B-test result charts in Excel before migrating to dedicated analytics platforms (Opie, 2019; Paura and Arhipova, 2012).
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Initial Cluster Centers

Cluster
1 2 3
Posttest 35 100 72
Pretest 23 93 54

Iteration History?

Change in Cluster Centers

Iteration 1 2 3

1 17.050 16.488 4.184
2 4.812 6.260 .968
3 1.368 2.046 .077
4 .305 .962 .341
5 .000 .286 177
6 .000 .044 .027
7 .000 .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 7. The minimum
distance between initial centers is
48.010.
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Final Cluster Centers

Cluster
1 2 3
Posttest 52 85 69
Pretest 40 72 57
ANOVA
Cluster Error
Mean Square df Mean Square df F Sig.
Posttest 172714.210 2 33.641 2130 5134.041 <.001
Pretest 161975.102 2 32.041 2130 5055.221 <.001

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.

Number of Cases in
each Cluster

Cluster 1 715.000
2 534.000
3 884.000
Valid 2133.000
Missing .000
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Arrival_year Average price
2017 90.05
2018 106.45
2019 101.78
2020 105.34
2021 101.23

2022 101.50
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Year

2017
2018
2019
2020
2021

Average Price (£)

90.05
106.45
101.78
105.34
101.23

Formula to Calculate %
Change

18.21
-4.39
3.50
-3.90

% Change

18.20% increase
-4.39% decrease
3.49% increase

-3.90% decrease
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Room_type_reserved 2017 2018 2019 2020 2021 2022
Room_Type 1 88.63 97.82 91.81 98.62 93.48 94.90
Room_Type 2 75.05 91.52 82.40 62.00 95.00 86.40
Room_Type 3 32.50 112.69 0.00
Room_Type 4 92.57 128.60 130.48 123.52 128.42 122.94
Room_Type 5 67.52 126.97 129.88 184.67 133.72
Room_Type 6 165.40 185.28 170.90 171.10 170.45 178.12

Room_Type 7 27.10 166.95 214.76 209.67 102.50 140.81




