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Before the analysis of the data pre-processing needs to be done. The first step was to explore the presence of missing data. No missing data was observed in the given data set. 
Further we found that the information in the given data was from the year 2017 to 2022. There were 1570 observations for 2022. Since the exploration of the trend was to be done from 2017 to 2021, hence the data was filtered so as to provide information from 2017 to 2021. 
	Count of Arrival_year


	Arrival_year
	Total

	2017
	6100

	2018
	28038

	2019
	177

	2020
	198

	2021
	192

	2022
	1570

	Grand Total
	36275

	
	



To study the trend in average price a pivot table can be used. The variable arrival year needs to be placed in rows and the average price is placed in values section. Further, the value field settings for average price are changed to average from sum. 
Table 1: Trend in Average Price
	Average of Average price
	 

	Arrival_year
	Total

	2017
	90.0

	2018
	106.4

	2019
	71.0

	2020
	81.4

	2021
	105.3

	Grand Total
	103.4



From the above table we find that there has been yearly variation in average price. During 2017 the price was low. From the table it can be observed that there was an increase in price in 2018. However, post 2018, there was a fall in average prices in 2019. Further, there was an increasing trend in average price from 2019 to 2021. 

The above chart shows the trend in average price during the period of 2017 – 2021. 
Table 2: Trend in Average Price by Market Type
	Arrival_year
	Aviation
	Complementary
	Corporate
	Offline
	Online
	Grand Total

	2017
	
	2.5
	77.2
	88.4
	98.0
	90.0

	2018
	100.7
	3.5
	84.8
	92.9
	114.3
	106.4

	2019
	
	
	67.0
	69.5
	73.3
	71.0

	2020
	
	
	
	75.0
	83.5
	81.4

	2021
	
	
	
	
	105.3
	105.3

	Grand Total
	100.7
	3.1
	82.9
	91.6
	112.3
	103.4



The above table shows the trend in average price by market type. The pivot table function in Excel has been used to segregate the average price by market type. From the above table we find that there are five market types in the given information. To create the table the year is placed in rows and market type is placed in column of the pivot table. Further, the average price is placed in values. The value is changed to average to relate the trend in average price in market price. 
From the above table it can be observed that customers from aviation market were present in 2018 only. Thus, it is difficult to tell conclude the trend for in average price for the aviation market. 
Customers from the corporate market had their hotel bookings during the period of 2017 to 2019. The average price in 2017 was 77.2 while in 2018 it was 84.8. During the year 2019 the average price was 67.0. Thus, it can be observed that from2017 to 2019 there was an initial increase and subsequent decrease in average price.
The information for offline booking is present during the period of 2017 to 2020. From the values it can be seen that there is a cyclic trend in the average price for offline booking in the Hotel. The average price during 2017 was 88.4. In 2018, the average price increased to 92.9, only to fall again in 2019 to 69.5. However, in 2020, the average price increased to 75.0.
Information on average booking price for the period of 2017 to 2021 is present in online booking market. For the online booking market also, we find that the average price follows a cyclic trend. From 2017 to 2018 there was an increase in average price. However, in the online booking market the average price (73.3) was least in 2019. since 2019 there has been an upward trend in the average price. 

The above chart shows the trend of average price based on market type. Since, there in only one value of aviation type, hence the trend line in the chart is not visible. From the chart the increase and decrease in average price in visible. 
Table 3: Relation of average price to meals 
	Average of Average price
	Meals Included

	 

	Arrival_year
	Meal
	No Meal
	Grand Total

	2017
	89.76
	95.33
	90.05

	2018
	108.64
	94.97
	106.45

	2019
	103.45
	92.09
	101.78

	2020
	107.85
	94.05
	105.34

	2021
	101.66
	98.50
	101.23

	Grand Total
	104.91
	94.99
	103.51



In the above table we explore the trend in average price to presence of meals. In order to segregate the dataset based on meals and no meals an IF function was used. 
=IF(F2="Not Selected", "No Meal", "Meal")
Thus, we explore the trend in average price based on meals included in the package. from the above table it can be observed that the average room price with meal in 2017 was 89.76 which was lower than without meal (95.33). However, since 2018 till 2021, the average price of a room with meal is higher than without meal.

The above chart presents the relation of average room price with and without meals. From the bar heights it can be observed the highest price of a room with meal was in 2018 (108.64). In 2019 there was a decline of 5.19 in the average price of room with meal from 2018. However, the average price of a room increased in 2020 to 107.85 from 103.45. Further, there was a decline in average price of a room with meal in 2021. 
For the average price of a room without meal we find that there was a declining trend since 2017 (95.33) till 2019 (92.09). Since, 2019 till 2021 there has been an upward trend in average room prices. 
We have further explored the trend in average room prices based on meal types. The hotel reservation presented three meal types. In order to get the meal types only filter function along with the above created new variable was used. Through the created new variable, the plan with meals was selected. Further, the meal types was placed in columns and year in rows. Thus, the average price based on meal types was evaluated. 
Table 4: Trend in average price by meal type
	Meals Included
	Meal
	
	
	

	
	
	
	
	

	Average of Average price
	Meal_plan 
	 

	Arrival_year
	Meal Plan 1
	Meal Plan 2
	Meal Plan 3
	Grand Total

	2017
	86.9
	100.9
	206.0
	89.8

	2018
	107.2
	124.8
	0.0
	108.6

	2019
	100.7
	126.8
	
	103.4

	2020
	107.3
	110.7
	
	107.8

	2021
	102.0
	98.2
	
	101.7

	Grand Total
	103.7
	115.5
	41.2
	104.9



The above table presents the trend in average price based on the meal types. It can be observed from the above table that the price of meal plan 3 is the highest amongst the three types. Moreover, meal plan 3 was offered in 2017 only. Subsequent to that, the meal plan 3 was not offered. 

The above chart presents the trend in meal plan from 2017 to 2022. From the chart it can be observed that the average price based on meal plan 2 was higher than meal plan 1 from 2017 to 2020. 
In 2017 the average price with meal plan 1 was 86.9 and with meal plan 2 was 100.9. In 2020, the average price with meal plan 1 was 107.3 and with meal plan 2 was 110.7. Hence it can be interpreted that while in 2017, the difference in average price from meal plan 2 to meal plan 1 was 14, in 2020 the difference was 3.4. 
However, in 2021, the average price based on meal plan 2 (98.2) was lower than meal plan 1 (102.0).
We further explore the trend in average price based on cancellation. 
Table 5: Trend in average price by cancellation 
	Average of Average price
	Booking status

	 

	Arrival_year
	Canceled
	Not_Canceled
	Grand Total

	2017
	93.8
	89.4
	90.0

	2018
	112.1
	103.2
	106.5

	2019
	108.9
	98.1
	101.8

	2020
	114.0
	101.0
	105.3

	2021
	102.1
	100.9
	101.2

	Grand Total
	110.7
	100.0
	103.5



The above table explores the relation between average price and cancellation of hotel reservation. 

From the above chart it can be explored that from 2017 to 2021 based on cancelled reservation was higher than no cancelled reservation. Moreover, it can also be observed that the average price for both cancelled and no cancelled follows the same cyclic trend. Thus, the average price was the least in 2017 which increased in 2018. Further, the average price declined in 2019 to increase again in 2020. We also find that the difference in average price was the least in 2021.
Thus, from the above observations it can be interpreted that there has been increase and decrease in average price from 2017 to 2021 based on various factors. There is no one factor which can be found to have influenced the average price. In addition, there is no particular trend in average price of hotel reservation. 

[bookmark: _Toc143706487]Task 2
[bookmark: _Toc143706488]Part 1
[image: A table with numbers and text

Description automatically generated]
The information in the survey pertains to 2133 students. There are 1056 females and 1077 male students in the survey. 
[image: ]
Thus, 50.49% of the students in the survey are females while 49.51% are males. Hence, it can be found from the survey that the percentage of female students are higher than male students. 
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From the 2133 students, 1215 students do not qualify for free lunch. On the other hand, 918 students qualify for free lunch. 
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Thus, it is found that 43.04% of the students qualify for free lunch. On the other hand, 56.96% of the students do not qualify for free lunch. It can be interpreted that the percentage of students eligible for free lunch are less than those who do not qualify for free lunch. 
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The mean for the pre-test and post-test for students who do not qualify for free lunch are 62.29and 74.38 respectively. Similarly, the corresponding median values for pre-test and post-test scores of students who do not qualify are 62 and 74 respectively. 
For students who do not qualify for free lunch the mean and median scores for post-test are higher than pre-test. 
For students who qualify for free lunch the mean values are 45.25 and 57.48 for pre-test and post-test scores. Further, the median values are 44 and 55 for pre-test and post-test scores respectively. 
From the analysis it is found that the post-test scores are higher than the pre-test scores. 
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	Lunch
	Stat
	Pre-test
	Post-test
	Difference

	Does not qualify
	Mean
	62.29
	74.38
	12.09

	
	Median
	62.00
	74.00
	12.00

	Qualifies for reduced/free lunch
	Mean
	45.25
	57.48
	12.23

	
	Median
	44.00
	55.00
	11.00



For students who have do not qualify for free lunch, the difference in mean and median between post-test and pre-test is 12.09 and 12.00 respectively. Similarly, for students who qualify for free lunch, the difference in mean and median between post-test and pre-test is 12.23 and 11.00 respectively. 
Thus, we find that the mean difference between post and pre test scores for those who qualify for free lunch is higher than those who do not qualify for free lunch. On the other hand, the median difference between those who qualify is lower than those who do not qualify. 
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The first step in the creation of clustering analysis is to get the standardised scores. 
Clustering is based on getting the scores with respect to their distance metrics. Thus, extreme values have higher influence on clustering. In order to reduce the influence of higher values clustering is essential. The standardisation process uses the formula: 
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To save the standardised scores the following steps are followed: 
Analysis > Descriptive 
Further the variables pretest and post-test are transferred to the variables section. In addition, “save standardized values” is checked. This provides us with standardized values. 
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The above table presents the descriptive statistics for pre-test and post-test scores. 
The minimum and maximum value of pre-test is 22 and 93 respectively. The mean (sd) for pre-test is 54.96 (13.563). 
The minimum and maximum value of post-test is 32 and 100 respectively. The mean (sd) for post-test is 67.10 (13.987). 
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The above table presents the relation of how the cluster centers have been evolved through iterations. 
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Using two clusters we find that the pre and post test scores for cluster 1 is -0.878 and -0.886 respectively. In cluster 2, the pre and post test scores are 0.764 and 0.772 respectively. 
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The above image presents the data as two clusters. Clearly, we find that the pre-test and post-test scores can be used to segregate the students into tow groups. For cluster 1, the center of pre and post test scores are negative, while for cluster 2, the centers are positive. 
Hence, the dataset can be segregated on the basis of cluster scores. 
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The process through which data sets are analysed in order to gain business intelligence can be termed as data mining. 
The 5 data mining methods are: 
i. Logistic regression – This is the easiest of data mining methods. When we want to find the relation between two or more numerical variables then regression methods are used. In the condition that the impact of various numerical variables needs to be checked on one given variable and the outcome variable is binary then logistic regression is used. 
A logistic regression model can be developed for use in clinical setting in order to present better decision support system. Shipe et al., (2019) presents an evaluation of various models which can be used for lung cancer. The paper explores TREAT model and model developed by Mayo Clinic for better decision analysis. Based on the research it can be seen that missing variables in clinical setting can create issues in making decisions. 
ii. Decision tree- when the independent variables are both categorical as well as numerical then decision tree model is better suited. It is usually depicted as tree like structure and is hierarchical in nature with nodes and branches. In the decision tree the highest point is the root node. From the decision tree branches come out which feed other decision nodes. It is formulated both as classification and regression problems. 
Research by Qawqzeh e al., (2019) proposed a decision tree model for the prediction of cardio-vascular diseases (CVD). For the creation of the model photoplethysmogram data was used for the diagnosis of atherosclerosis. The researchers collected data from 196 participants. Data was collected on the four parameters by the researchers. According to the researchers, decision tree model created had the root node as Age. The root node split the collected data for age below and higher than 20.5 years.  
iii. Random forest – the combination of multiple decision tree to provide a single output is a random forest.
Research by Jackins et al., (2021) explored information related to human diseases. For the classification three different disease was compared. The researchers compared the outcome of the random forest algorithm to naïve bayes. They found that random forest is better at classification of disease based on their symptoms 
iv. Text mining – the process through which unstructured data is converted to structured information in order to provide patterns is text mining. Through text mining text data is explored to provide insights. 
In the services industry, text mining assumes importance since it can be used to evaluate sentiments of the customers. Kumar et al., (2021) collected information on service management literature from scopus database. The researchers explore the information to evaluate the most published topic. In addition, the researchers also undertook text mining to present the number of articles by year. Further, they related text mining to domain of industry. 
v. K-means clustering – This is used to cluster data. Unlabeled data is clustered into groups based on features. 
Alashwal et al., (2019) accessed articles wherein clustering for diagnosis of Alzheimer’s disease.  According to the researchers clustering techniques are useful for finding underlying links in the data for diagnosis of Alzheimer’s disease.
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	Excel
	SPSS

	Information in the cells is either numerical or categorical 
	Information in the cells can be both categorical and numerical at the same time. 
Eg. By providing labels the data can be both as numerical and numerical 
In the above dataset gender is stored in SPSS as 1 and 2. They are provided with labels as males and females. 

	Can not perform non-parametric tests 
	Non-parametric tests can be performed 

	Pivot table can be used to segregate the data and derive insights 
	There is no function as pivot table. 

	Use of formulas can get more information and various analysis 
	The use of formulas is restricted 
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Meal	
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Trend in average price based on cancellation 
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Total	
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Average Price




2

image1.jpeg
Gender

Cumulative

Frequency  Percent  ValidPercent  Percent
Valid Female 1086 495 495 495
Male 1077 505 505 1000

Total 233 1000 1000





image2.emf

image3.png
Lunch

Cumulative
Frequency Percent  ValidPercent  Percent

ValidDaes not quality 1215 57.0 57.0 57.0

Qualifies for reducediee 18 430 430 1000

lunch
Total 233 1000 1000





image4.png
Lunch

EDoes not qualify

[ Qualifies for reducedffree
lunch





image5.png
Descriptives

statistc
Lunch Protest  Postiest
Does not qualty Mean 6220 7438

Median 6200 7400
Quallles for reducediiee  Mean 4525 5748

tuneh Median 4400 5500





image6.png
1@ Descriptives X

& School_setting [School_setling]

& School_type [School_type]

& Teaching_method (Teaching_methodl
& Student_No [Student_No]

& Gender (Gender W
& Lunch (Lunch]

[ Save standardized values as variables

(Lok ) (ast ] (Beset (cancel) (1o )





image7.png
Descriptive Statistics

N Minimum | Madmum  Mean  Std.Deviation
Pretest 233 2 93 5498 13563
Postiest 233 £ 100 6710 13.087
Valid N (istwise) 2133





image8.png
1

Iteration History®

Ghange In Cluster Gen
2208 2

070

041

018

017

012

000

no or small change in cluster
centers. The maximum
absolute coordinate change
for any centeris 000, The
curtent teration is 7. The
minimum distance between
initial centers is 7.017.

ters

Hteration 1 2

404
080
038
015
015
010
000

a Convergence achieved dus to




image9.png
Final Cluster Centers

Cluster
1 2
Zscore: Pretest 878 764
Zscore: Postiest -886 m

Gender 1 2




image10.png
Values

Final Cluster Centers

Variables
W Zscore: Pretest
W Zscore: Posttest
W Gender

Cluster 1

Cluster

Cluster 2




