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Data Analysis and Visualization Essay
Part 1
The Hotel Reservation dataset contains information about factors, represented as variables, that affect the average price of a hotel reservation. For instance, the type of room, meal plan that comes with a room, number of weekends for the reservation, and whether a guest is visiting the hotel for the first time or not. Similarly, the booking option represented as the variable market_type indicates whether a booking is done offline, online, through corporate or aviation option. All of these are factors that explain the nature of a hotel reservation. The data is collected for the hotel reservations completed between the years 2017 up until 2022. This paper seeks to establish the main factors that affect the average price of a hotel reservation, focusing on the years between 2017 to 2021. Pivot tables in Microsoft excel were utilized to come up with data tables and later on charts and graphs that explain the changes in the average price of the hotel reservations. The function “=COUNTIF(J:J,year)” was used to give the frequency of the year representation in the hotel reservation the dataset. The output for the same is illustrated in the table 1 below;
Table 1. representation of year frequency in the dataset
	year
	frequency 

	2017
	6100

	2018
	28038

	2019
	177

	2020
	198

	2021
	192

	2022
	1570

	2023
	0

	total 
	36275



The figure 1 below illustrates the annual average price of hotel reservations from the year 2017 to 2021. A graphical representation of the same is illustrated in the area map in the figure below. The mean hotel reservation price was 90.04 for 2017, 106.35 in 2018, 70.96 in 2019, 81.40 in 2020 and 105.33 in 2021. The average hotel reservation price is, apparently, highest in 2018. However, there is need to consider the factors that affect the average hotel reservation price. The analysis of the same is completed and illustrated in the subsequent graphs and tables. 
Table 2. Annual average price of hotel reservations 
	Average of Average price
	 

	Arrival_year
	Total

	2017
	90.0439238

	2018
	106.359883

	2019
	70.96333333

	2020
	81.4

	2021
	105.3333333

	Grand Total
	103.4235391




Figure 1. Annual average price of hotel reservations
Subsequent analysis was conducted to observe whether the number of adults is a significant factor affecting the average price of a hotel reservation. From the data, the number of adults varies from 0 to 4. The chart below illustrates the varying average price of a hotel reservation for the different number of adults for the period between 2017 to 2021. As shown in the line chart in figure 2 below, the average price of the hotel booking is seen to increase from 201 to 2021 regardless of the number of adults. However, it is significantly higher in the year 2018. 




Figure 2. Number of Adults vs Average hotel reservation price





The number of children is also hypothesized to affect the average price of a hotel reservation. The figure below illustrates the analysis for the same. However, the available data in the dataset doesn’t provide information of much use as the number of children isn’t available for all the years, as it isn’t available for 2020 and 2021. 





Figure 3. number of children vs average price

Another factor that might affect the average price of a hotel reservation is the arrival month of the guests into the hotel. The data indicates that the hotel expects guests from January up until December, which is the last month of the year. it is hypothesized that the average price of a hotel booking changes all through the months. The line chart below illustrates this observation. The line chart indicates that the average prices of hotel reservations are generally lower during the first and last quarter of the year. During the two center quarters of the years, the hotel reservation prices are at their peak as indicated in the chart below. 



Figure 4. months vs average price


The average price of hotel reservations is assumed to vary with the number of special requests that a guests might have. The special requests in the dataset vary from none to five. The figure below is an illustration of the varying hotel reservations prices all through the years of the study. According to the first two years, 2017 and 2018, the hotel reservation prices increases with increase in number of special requests. This is noticed with the subtle pattern set in the first two years as illustrated in the column chart below.

Figure 5. number of special requests vs average price





There are five market types that hotel reservations are completed with, these include offline, online, corporate, aviation and complementary. There is a difference in the average price of the booking across all these five market types. This is shown in the table below. 

Table 3. Market type vs Average price
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The information in the table above is represented in the figure below. The average price is noticed to be significantly highest for the online market type and lowest for the complementary market type all through from 2017 to 2021. 

Figure 6. market type vs average price
In conclusion, there are several variables in the dataset that affect the average hotel reservation price. For instance, the average hotel reservation price is noticed to be highest during the third quarter if the year and lowest during the first and the last quarters of the year. Therefore, the calendar month is considered as an important factor that affects the average hotel reservation price. The number of special requests is also concluded as a factor that determines the general price of a hotel reservation as illustrated from the dataset. The graphical presentation shows that hotel reservation prices are directly proportional with the average hotel reservation price. The price is seen to be highest as the number of special requests from a guest in the hotel are seen to increase. The pattern is repeated from 2017 to 2021. Analysis also concludes, although obvious, that the average price of a hotel reservation increases with the number of adults. The hotel might charge higher prices when more adult guests’ book for a reservation than when few book for a reservation with them. Similarly, the market type is a variable that determines the average price of a hotel reservation. From the chart above, it can be noticed that the price is highest for online reservations than for other market types. The pattern is noticed all through the four years, from 2017 to 2021. 







Part 2
The student score dataset contains information about 2133 students and their pretest and posttest scores. The variables in the dataset include the students’ gender, teaching method a student is taken through, and a variable indicating whether a student qualifies for a reduced/free lunch or not. The main purpose of the analysis in this paper is to compare the results of the students based on their gender and based on the Lunch variable. There is need to analyze whether students’ results in the pretest and posttest scores varies between the two groups. The following are the hypothesis of the study;
Part a
Null Hypothesis; there is no significant difference between the test scores of the males and females.
Alternative hypothesis; there is no significant difference between the test scores of the males and females.
Part b
Null Hypothesis; there is no significant difference between the test scores of the students that qualify for reduced/free lunch and those that do not. 
Alternative hypothesis; there is no significant difference between the test scores of the students that qualify for reduced/free lunch and those that do not. 
The tables and graphs, generated using SPSS, offer data visualization of the dataset. There are 2133 observations in the dataset and a number of variables. Of the students 50.5% (1077) are males and 40.5% (1056) are females. 
Table. Gender frequencies 
	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
	



[image: ]

The table and the bar chart below represent the Lunch variable in the dataset. 1215 students (57%) do not qualify for free/Reduced lunch while 918 (43%) qualify for the same. 


Table. Lunch variable frequency

	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
	



[image: ]

The table shows the descriptive statistics of the pretest and posttest variables in the dataset. The average score in the pretest and post-test scores are 54.96 and 67.10 respectively. 
Table. descriptive statistics of the pretest and posttest scores 
	Descriptive Statistics

	
	N
	Minimum
	Maximum
	Mean
	Std. Deviation

	Pretest
	2133
	22
	93
	54.96
	13.563

	Posttest
	2133
	32
	100
	67.10
	13.987

	Valid N (listwise)
	2133
	
	
	
	



The table shows the descriptive statistics of difference in the posttest and pretest scores of the students’ gender in the dataset. 
Table. Mean and median in the pretest and posttest scores according to gender variable

	Report

	Gender
	Pretest
	Posttest

	Female
	Mean
	54.87
	67.00

	
	Std. Deviation
	13.880
	14.139

	
	Median
	55.00
	68.00

	Male
	Mean
	55.04
	67.20

	
	Std. Deviation
	13.251
	13.842

	
	Median
	56.00
	68.00

	Total
	Mean
	54.96
	67.10

	
	Std. Deviation
	13.563
	13.987

	
	Median
	56.00
	68.00



The average score for the male and female students is 55.04 and 54.87 in the pretest and 67.20 and 67.00 in the posttest. The median for the male and female students is 56.00 and 55.00 in the pretest and 68.00 for both in the posttest. 

Table. Mean and median for lunch variable
	Report

	Lunch
	Pretest
	Posttest

	Does not qualify
	Mean
	62.29
	74.38

	
	Median
	62.00
	74.00

	Qualifies for reduced/free lunch
	Mean
	45.25
	57.48

	
	Median
	44.00
	55.00

	Total
	Mean
	54.96
	67.10

	
	Median
	56.00
	68.00



The average score for those that don’t qualify and those that qualify for reduced/free lunch is 62.29 and 45.25 in the pretest and 74.38 and 57.48 in the posttest. On the other hand, the median for those don’t qualify and those that qualify for reduced/free lunch is 62.00 and 44.00 in the pretest and 74.00 and 55.00 in the posttest. 
The ANOVA table below provides a better analysis of the comparison of the means at 0.05 confidence interval. The table below is a result of the analysis based on the gender variable. 

Table. ANOVA analysis output table 
	ANOVA Table

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	Pretest * Gender
	Between Groups
	(Combined)
	14.347
	1
	14.347
	.078
	.780

	
	Within Groups
	392183.511
	2131
	184.037
	
	

	
	Total
	392197.857
	2132
	
	
	

	Posttest * Gender
	Between Groups
	(Combined)
	19.869
	1
	19.869
	.102
	.750

	
	Within Groups
	417063.851
	2131
	195.713
	
	

	
	Total
	417083.720
	2132
	
	
	



The significant level from the ANOVA table >0.05, therefore we reject the null hypothesis and accept the alternative hypothesis. Thus, we can conclude that there is no significant difference between the male and female students. The conclusion is applied for both the pretest and posttest. 
The table below is the ANOVA analysis result based on the Lunch variable. 

Table. ANOVA analysis table 
	ANOVA Table

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	Pretest * Lunch
	Between Groups
	(Combined)
	151940.220
	1
	151940.220
	1347.656
	.000

	
	Within Groups
	240257.637
	2131
	112.744
	
	

	
	Total
	392197.857
	2132
	
	
	

	Posttest * Lunch
	Between Groups
	(Combined)
	149335.888
	1
	149335.888
	1188.562
	.000

	
	Within Groups
	267747.832
	2131
	125.644
	
	

	
	Total
	417083.720
	2132
	
	
	



The significance level from the ANOVA results is <0.05 hence we fail to reject the null hypothesis. Therefore, we can conclude that there is indeed a significant difference between the scores of the students in both the posttest and pretest. 
K-Means Clustering
For the clustering of the students, the z scores of the variables pretest and posttest are first obtained. Thereafter, the cluster functionality in analyze tab in SPSS is used to create the clusters. Initially, the iterations are set to 10, but only 6 are used to achieve the final cluster centers. The following is the final cluster centers as completed by SPSS. The table below also shows the number of cases in each of the clusters according to the pretest and posttest scores. The first cluster has 993 students while the second has 1140 students. The bar graph below also illustrates the clusters created. 

	Final Cluster Centers

	
	Cluster

	
	1
	2

	Pretest
	43
	65

	Posttest
	55
	78



The table below indicates that cluster one has 993 students while cluster two has 1140 students. This is according to their scores in the pretest and posttest. 

	Number of Cases in each Cluster

	Cluster
	1
	993.000

	
	2
	1140.000

	Valid
	2133.000

	Missing
	.000



The column chart below illustrates the two clusters created by SPSS. The clusters are grouped in terms of the performance of the students in the pretest and posttest. The data obtained in SPSS output is used to create this cluster bar charts as shown in the figure below. 
[image: ]
Figure. Graphical representation of clusters according to scores in the pretest and posttest 

Common Data Mining and Text Mining Methods Used in Contemporary Business

Text mining is designed to creating a sense out of unstructured, creating patterns that can be useful as business intelligence. In this way, the text mining technology is set to restyle the manner in which business can obtain meaning insights from textual data that they have at hand. Some of the most common text mining methods and their applications are highlighted below;
Text summarization- text summarization works by identifying the most important parts of a text; therefore, the entire content is reduced. Therefore, what is left is the most useful parts of the raw texts that can be use and helping reduced the length of the texts to useful details. In business, text summarization can be used to make a text brief for an organization that deals with numerous texts such as those that are found in search engines. For instance, WordNet is used to identify feedback from customers on specific products. Therefore, businesses can understand specific aspects of a product that customers liked or didn’t like (Hu & Liu, 2004)
Clustering- clustering is an algorithm works by grouping documents that are considered to be highly related. In the end, similar documents are pooled together. Businesses find this text mining method useful for process effectiveness and cost reduction as clusters make it easy for them to identify documents that are relevant for their specific industries
Association Rule- this text mining example is set so that it recognizes relationships between different variables (Netzer et al., 2012). in this way, the algorithm identifies entities that are highly correlated. Business can make use of this text mining option to single out what two products are commonly or popularly purchased together by consumers. Thereafter, the discovery can enable them increase sales and improve revenue. 
Categorization- this text mining method works through categorizing a document to specific main theme. The document is considered for placement in a wide variety of topics before settling on one. For example, term frequency identifies a likelihood of a document being placed in a specific theme. Categorization can be useful for businesses thanks to its profiling ability that offers demographic estimations. Businesses can then estimate a user’s profession, age or even gender (Ikeda et a., 2013)
Information retrieval and information extraction- information extraction gathers similar documents considered as useful in specific groups (Ikeda et a., 2013). This process minimizes working with documents that aren’t in any way relevant for use. On the other hand, information extraction follows information retrieval. It works by transform the unstructured document into structured document. This then allows for easy analysis of the document. Businesses can use this text mining process to improve customer experience by using the information extracted to recreate a superior customer experience. 

Data mining, much like text mining, is a useful process that businesses use to create meaningful patterns from specific raw data. The patterns are then used for decision making for the purpose of reducing business cost, improving efficiency at the workplace and eventually increasing revenue. The main types of data mining methods are; 
Outlier analysis; this is a data mining method that identifies data elements that can’t be placed in any of the groups. Businesses explore this method to study specific niches in the market hence reaching out to them to increase their outreach (Han & Kamber, 2000)
Evaluation and deviation analysis; this method works through analysis of time related data elements that form a pattern with time (Bhojani & Bhatt, 2016, Liao et al., 2012). Trends are then created from this particular process. From this, businesses can detect the cause of specific deviations. For instance, change in stock prices can be identified making a stock-broker business ahead of the competition
Prediction- prediction works through using past data to detect patterns (Bhojani & Bhatt, 2016). For instance, a business can mine for patterns in the stock market and use the obtained information to make forecasts about specific stocks of concern
Discrimination; data discrimination is a data mining process that works with discriminant rules. The process works to separate objects as either target class or contrasting class. Businesses can use it to compare traits of a customers who purchase several of their units and those that purchase a few of the same properties (Bhojani & Bhatt, 2016). This creates a better understanding of a business’s clients
Association analysis; this data mining method is useful for identifying sets of products that popularly go along together. A movie business can use it to understand sets of movies that are commonly purchased together (Bhojani & Bhatt, 2016, Jun Lee & Sisau, 2001)

Advantages and Disadvantages of Using SPSS 

	Advantages 
	Disadvantages 

	Integrates various data sources. Importation of different data sources such as excel, sas and stata
	A powerful SPSS is highly expensive especially when one wants to use the commercial editions. Other software come readily installed 

	Provides quality graphs and charts to work with. for instance, the graphics, charts and tables created  
	Requires a lot of tutorials to be able to work with. for instance, it takes long to complete lessons on SPSS

	Requires limited programming skills for example, in comparison to R studio and python 
	Lack useful statistical features contained in packages in software such as R studio

	Contains 3D graphs unlike excel
	




Advantages and Disadvantages of Using Excel
	Advantages 
	Disadvantages 

	Has an easy to work with user interface. Tabs on the excel window allow for easy usage
	Doesn’t provide highly useful statistical features

	Doesn’t require a lot of programming knowledge. Unlike other software like python, matlab,
	Used only for limited data for example the case of the school which had to switch to use of SPSS because of increase in data 

	Easily accessible because it is free. Comes readily installed in Microsoft office 

	Lack useful statistical features contained in packages in software such as R studio. The features in excel are sort of limited 

	Allows for use of useful formulas that are highly practical. Useful formulas like IF, VLOOKUP, XLOOKUP
	Lacks 3D graphs as available in SPSS
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