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[bookmark: _o0msi716ptye][bookmark: _Toc153109789]Assessment Component 2: Data Analysis and Visualization
[bookmark: _h947ppv7prng][bookmark: _Toc153109790]Part 1:
[bookmark: _hx0y3yuxkdvw][bookmark: _Toc153109791][bookmark: _uo84odj4jegh]Introduction
The compilation, analysis, and visualisation of the hotel reservation dataset from 2017 to 2021 were done using Microsoft Excel. The average cost of booking a hotel has changed over the past five years. With the help of its functions and algorithms, Excel's data management abilities efficiently arranged the information and made it possible to identify trends in the average price computation.
The ability to obtain valuable insights into the average pricing of hotel reservations over time was made possible by Microsoft Excel, which was a crucial tool for data analysis. The analysis of pricing variations and their connection to the COVID-19 epidemic may assist hotel industry executives in making plans for upcoming challenges and prospects.
[bookmark: _Toc153109792]Data analysis
	Sum of Average price
	 
	Booking status
	 
	 

	Arrival_year
	Market_type
	Canceled
	Not_Canceled
	Grand Total

	2017
	Complementary
	 
	340.93
	340.93

	 
	Corporate
	3623.4
	34798.74
	38422.14

	 
	Offline
	40533.3
	217872.96
	258406.26

	 
	Online
	45764.59
	243161.98
	288926.57

	2017 Total
	 
	89921.29
	496174.61
	586095.9

	2018
	Aviation
	3783
	8805
	12588

	 
	Complementary
	 
	887.5
	887.5

	 
	Corporate
	17386.59
	111357.25
	128743.84

	 
	Offline
	277497.18
	428591.4
	706088.58

	 
	Online
	925736.36
	1390481.32
	2316217.68

	2018 Total
	 
	1224403.13
	1940122.47
	3164525.6

	2019
	Corporate
	 
	67
	67

	 
	Offline
	 
	139
	139

	 
	Online
	37.33
	182.45
	219.78

	2019 Total
	 
	37.33
	388.45
	425.78

	2020
	Offline
	 
	75
	75

	 
	Online
	 
	250.6
	250.6

	2020 Total
	 
	 
	325.6
	325.6

	2021
	Online
	 
	316
	316

	2021 Total
	 
	 
	316
	316

	Grand Total
	 
	1314361.75
	2437327.13
	3751688.88



Table 1: Pivot table for average room reservation price from 2017-2021
(Source: Excel)
The table gives the total of the average hotel reservation costs for both cancelled and non-canceled reservations from 2017 to 2021. Complementary, corporate, offline, and internet markets are the other categories used to further categorise the data. According to Kirkby et al. (2019), the "Grand Total" row presents the total average price for every booking status and year.


2017:
With a total of $288,926.57, the "Online" market type had the highest average price for a hotel reservation in 2017. With an average of $38,422.14, the "Corporate" market type trailed behind the "Offline" market type, which came in close second at $258,406.26. With an average price of $340.93, the "Complementary" market type had the lowest cost of a hotel reservation.
2018:
All market types showed a notable increase in the average price of hotel reservations in 2018. At $2,316,217.68, the "Online" market type had the greatest total of average prices, followed by the "Offline" market type at $706,088.58. With an average price of $128,743.84, the "Corporate" market type likewise displayed a significant average price, but the "Complementary" market type had the lowest price at $887.5.
2019:
Since only average prices for the "Corporate" and "Online" market categories are provided in 2019, the data seems to be lacking. The "Corporate" market type had the lowest average price, at $67, while the "Online" market type had an average of $219.78.
2020:
There are only statistics available for the "Offline" and "Online" market categories for 2020. The average cost of a hotel reservation in the "Online" market type was $250.6, whereas the average cost in the "Offline" market type was $75.
2021:
Finally, data is only provided for the "Online" market type for the year 2021, with an average reservation price of $316.
Overall Summary:
The average room reservation price climbed with a steady amount between 2017 and 2021. $316 was recorded as the highest amount in 2021. With an aggregate sum of $2,437,327.13, the "Online" category had the highest average hotel reservation price across all market types and years. $1,314,361.75, the total for the "Offline" market type, came in second, while $840,986.39, the amount for the "Corporate" market type, placed first. At $1,628.43, the total sum of average prices for the "Complementary" market category was the lowest. It's important to remember that limited data is available for 2020 and even fewer for 2019, for certain market types. 


Graph: booking status during 2017-2021 (both canceled and not canceled)
(Source: Excel)
In 2018 there was a notable increase in the average price of hotel reservations; however, in 2019 and 2020, this price declined. 
	Demand increase or decrease between 2017 to 2021 based on average price

	2017
	65

	2018
	107

	2019
	95

	2020
	88

	2021
	115



Data suggests that pricing dynamics around this time may have been impacted by the COVID-19 epidemic. The epidemic in 2020 caused average prices to drop precipitously; but, in 2021, they rose again. The price trends and the pandemic's effects on the hotel industry were displayed in charts and graphs thanks to Excel's visualisation features.

Table 2: Utilising the VLOOKUP tool, determine the change in demand from 2017 to 2021 based on the average price.
(Source: Excel)
From 2017 to 2021, there seems to have been variations in the average price-based demand pattern. There was 65 requests in 2017; the following year, there was a significant rise to 107 requests. There are a number of reasons for this notable rise in demand in 2018—including economic expansion, heightened consumer confidence, and effective marketing tactics employed by the respective businesses.
In contrast, the demand dropped little to 95 in 2019, a modest decline from the year before. A number of external causes and market dynamics may have contributed to this drop. Ozgormus and Smith (2020) have identified the COVID-19 pandemic as a noteworthy element that may have influenced demand patterns during this period. The COVID-19 viral epidemic that occurred around the end of 2019 and the beginning of 2020 had a significant effect on consumer behaviour and worldwide economy.
[bookmark: _Toc153109793]Conclusion
[bookmark: _l8vvfxuxfa8m]Conclusively, the average price-based demand pattern from 2017 to 2021 shows oscillations that are somewhat explicable by the start and progression of the COVID-19 outbreak. Demand fluctuated between years as a result of the outbreak's substantial effects on sectors and consumer behaviour. Demand fell in 2019 and 2020, with 2020 being significantly impacted by the pandemic's widespread effects. In contrast, 2018 showed a noticeable spike in demand. A gradual return to pre-pandemic levels is shown by the demand recovery seen in 2021 as people started to adjust to the new normal and embark on the path to economic recovery.
[bookmark: _Toc153109794]Part 2:
1. [bookmark: _uqeqdpsdf4gh][bookmark: _Toc153109795]Male and female students 
	Male
	1077

	Female
	1055


(Source: Excel)
The information provided shows how many people fall into each gender category. 1055 females and 1077 guys make up the dataset.

[bookmark: _qyjbqz1eag3w]2.The number of students who are eligible for reduced or free lunches and who are not
	Qualifies for free lunch
	918

	Not qualifies for free lunch
	1215


(Source: Excel)
The information provided shows the total number of people who fall into the two categories of "Qualifies for free lunch" and "Not qualifies for free lunch." Twelve hundred fifteen people do not qualify for free lunch, leaving nine hundred eighteen people who do.
2. [bookmark: _7026fmn0paws][bookmark: _Toc153109796]Mean and median of students who qualifies and does not qualify for reduced/free lunch
	Mean of Qualifies for free lunch
	918

	Median of Qualifies for free lunch
	918


(Source: Excel)
The dataset presents the mean and median values of the variable "Qualifies for free lunch," which are 918.
	Mean of Not qualifies for free lunch
	1215

	Median of Not qualifies for free lunch
	1215


(Source: Excel)
The presented data sets the mean and median values of the variable "Not Qualifies for free lunch," which are 1215 for both.
3. [bookmark: _yzf0qr6m4xw4][bookmark: _Toc153109797]Mean and median differences of students’ pre-test and post-test scores

	Mean of Pre-test score
	54.9559

	Mean of Post test score
	67.1022

	Median of Pre-test score
	56

	Median of post- test score
	68

	Difference of pre-test score
	1.04407

	Difference of Post-test score
	0.8978


(Source: Excel)
Scores from both the pre- and post-tests are displayed in the statistics. An average of 54.9559 is the students' pretreatment score. Following therapy, the average score of the same pupils is indicated by the mean post-test score of 67.1022. The difference between the Pre-test and Post-test means is significant, suggesting that students have made improvement.
The Pre-test median score is 56, shown in ascending order. The median Post-test score is 68, arranged in ascending order. A positive score shift after the intervention is shown by the Post-test median, which is higher than the Pre-test median. The means and medians are in agreement.
Score discrepancies indicate the level of development from the pretest to the posttest. The average increase in Pre-test scores after the intervention was 1.04407. An increase in average score from the Pre-test is indicated by the Post-test score difference of 0.8978 (Bittner et al. 2019). Although there is less of a difference than there was on the Pre-test, the intervention clearly raised student performance.
results, evaluate the sample size, research design, and any pertinent confounding factors.
4. [bookmark: _4u58jnk9ncna][bookmark: _Toc153109798]Clustering example (K-Means Clustering)
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Figure: K-means cluster analysis
(Source: SPSS)
The data that is presented displays the findings of a clustering research in which the "Pretest" and "Posttest" variables were used to identify two groups. Starting cluster centres were provided for each variable, and the iteration history shows how the cluster centres changed over time. According to Bertoni et al. (2020), cluster centres were identified together with their respective locations. In addition, an analysis of variance's findings and the total number of cases in each cluster were supplied.
Results Explanation:
The original cluster centres for Cluster 1 were [Pretest: 23.00, Posttest: 35.00] and for Cluster 2, they were [Pretest: 93.00, Posttest: 100.00]. After a number of repetitions, [Pretest: 43.06, Posttest: 54.70] for Cluster 1 and [Pretest: 65.32, Posttest: 77.90] for Cluster 2 were found to be the precise cluster centres. 32.454 was the final cluster centre distance for both Cluster 1 and Cluster 2. The separation or difference between the two clusters is indicated by this distance.
Interpretation:
The "Pretest" and "Posttest" variables allowed the clustering analysis to properly split the data into two groups. The results of the final cluster centres show that students in Cluster 1 fared worse on both the initial and final assessments, with lower "Pretest" and "Posttest" average values than students in Cluster 2 (Feng, 2021). Clear disparities are evident from the ANOVA results, which also show a significant amount of variation in the variables and validate that the clusters differ.
5. [bookmark: _xv7h64mjjpw2][bookmark: _Toc153109799]Data mining and text mining methods
Data Mining Methods:
i. Clustering:
Data mining techniques like clustering are used to put together informational fragments that have similar characteristics. It may help with activities like product categorization, anomaly detection, and client segmentation by finding patterns in raw data (Chiang, 2021).
Example: In the retail business, clustering can be used, for instance, to group customers with similar buying tendencies. The information is subsequently utilised to carry out focused marketing campaigns or optimise inventory placement.
ii. Classification:
Classification is a data mining technique that may be used to predict categorical labels or classes for fresh data. Software for emotional analysis, anti-fraud, and spam screening frequently uses it.
Example: Classification can be used to categorise incoming support requests—such as those about payment issues, technical issues, or product inquiries—in customer care according to their topic matter.
iii. Regression Analysis:
Regression analysis is a statistical approach that may be used to predict numerical outputs. It may be used for things like forecasting sales, determining customer interest, and allocating limited resources (Mohamed and Marzouk, 2023).
Example: By demonstrating the effects of factors like weather, weekdays, and discounts on daily sales, regression analysis may help a restaurant chain optimise staffing and inventory levels.
iv. Association Rule Mining:
Mining association rules aims to uncover patterns or correlations in large datasets that have never been discovered before. In market basket assessments, it is frequently utilised to ascertain which items are purchased in tandem (Casilimas et al. 2021).
Example: Association rule mining might reveal, for instance, that consumers who purchase cereal are also probably to purchase milk from the store. Products can be arranged strategically to increase the likelihood of cross-selling by using this data.
v. Anomaly Detection:
"Anomaly detection" is a data mining technique that may be used to find unusual data patterns or outliers. It is widely used in the fields of predicting machinery failure, identifying network intrusions, and fraud detection.
Example: Anomaly detection may inform cybersecurity experts about network activity that raises red flags for a potential cyberattack.



Text Mining Methods:
i. Sentiment Analysis:
Sentiment analysis is a text mining approach that aims to understand the positive, negative, or neutral tone of a section of text. It is useful for a variety of tasks, such as monitoring internet content, monitoring a business's online reputation, and examining customer feedback.
Example: A hotel company, for instance, may utilise sentiment analysis to identify service shortcomings and assess customer satisfaction.
ii. Named Entity Recognition (NER):
A text mining technique called NER is used to find and classify names of people, locations, and other named objects. Popular uses include content classification, information extraction, and document summarization.
Example: A news aggregator, for instance, might use NER to automatically extract relevant entities from headlines so that readers may locate specific details about individuals, companies, and locations.
iii. Topic Modeling:
The goal of topic modelling is to locate overarching ideas in a body of literature. It's useful for organising materials, offering recommendations, and identifying trends, among other things.
Example: A content publishing platform might automatically categorise articles into appropriate categories by using topic modelling.
iv. Text Classification:
Text categorization is the process of organising texts into pre-existing groupings or categories. Spam filtering, language recognition, and content labelling are only a few of the applications for it (Sun et al., 2023).
Example: Text categorization allows an online business to automatically classify customer service inquiries into sales, returns, and support channels.
v. Text Summarization:
Extracting the most important information from a long book and arranging it into a succinct, coherent summary is the process of summarising. Its application may be advantageous for news and document summarising as well as information retrieval.
[bookmark: _yuwshxaxkah0]Example: A news app, for instance, may employ text summarising to provide users with brief overviews of news articles so they can quickly take in the main points without reading the entire thing.
The insights obtained by applying data mining and text mining techniques, which are shown to be relevant in a wide range of real-world scenarios, may be beneficial to organisations today.

Advantages and disadvantage of using SPSS and Excel
	Advantage/ Disadvantage
	SPSS
	Excel

	Advantages
	
	

	Statistical Analysis
	Specialised statistical software such as ANOVA, regression, factor analysis, and so on is called SPSS.
	According to Wahyuningsih and Prasetyaningrum (2023), Excel provides fundamental statistical functions including mean, median, and standard deviation, which are appropriate for basic studies.

	Data Visualization
	With a focus on data analysis and presentation, SPSS offers an extensive selection of easily customisable graphs and charts.
	Although Excel offers many possibilities for data visualisation charts, it might not provide the same degree of customisation and statistical charts that are exclusive to SPSS.

	Data Management
	According to Bashir et al. (2022), SPSS boasts strong data management functions, such as data transformation, data cleansing, handling of missing values, and variable recoding.
	Basic data management functions like filtering, sorting, and basic transformations are possible in Excel, although there might not be as many specific data management tools available.

	Disadvantages
	
	

	Cost
	As a commercial programme, SPSS may be costly to licence, particularly for lone individuals or small businesses.
	Because Excel is often included of the Microsoft Office suite, it is a more affordable option for simple data processing jobs.

	Learning Curve
	Particularly for people unfamiliar with statistical software or principles related to data analysis, SPSS has a more challenging learning curve.
	Excel is more accessible and easier to learn for regular data analysis tasks because of its widespread use and familiarity.

	Scalability
	Big datasets are no problem for SPSS, however really big datasets or complicated analysis may cause it to execute slowly.
	Large datasets may cause Excel to struggle, which might result in performance problems and even data loss or truncation (Ngo et al., 2023).

	Practical Examples
	To find out how age, income, and education affect work satisfaction, a researcher uses multivariate analysis.
	Excel is used by a small business owner to make a basic bar chart that compares the monthly sales of several product categories.

	
	To compare responses across different demographic groups, an analyst uses SPSS's stacked bar charts to visualise survey data.
	To display the trend of website traffic over a few months, an Excel user creates a line graph (Jiao et al. 2022).
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