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Abstract 
In this thesis, we develop a decision support system for the amusement park Skara Sommarland. 
The aim is to predict how many visitors will come to the park in order to help the management 
allocate the correct amount of personnel on any given day. In order to achieve this, the widely 
used CRoss-Industry Standard for Data Mining framework was applied to finally build a multiple 
linear regression (MLR) function and an artificial neural network (ANN) model. The data used to 
develop the models were Skara Sommarland’s historical business data and historical weather data 
for the surrounding area. Additionally, a fully functional web application was built which allowed 
the management at Skara Sommarland to use the predictions in their daily operations. The ANN 
outperformed the MLR and managed to achieve about 80% accuracy in predicting the number of 
visitors, reaching the initial data mining goal set by the project group. The conclusion formed by 
this thesis is that an ANN can be used to predict the number of visitors to an amusement park 
similar to Skara Sommarland. The final IT artifact produced can realistically help improve an 
amusement park’s operations by avoiding over- and under-staffing. 
 
Keywords: Artificial Neural Network, ANN, Multiple Linear Regression, MLR, Decision 
Support System, CRISP-DM, Visitor Prediction, Amusement Park. 
 
  



 

List of abbreviations 
 
● AB: “Aktiebolag” - Swedish for incorporated company 
● ANN: Artificial Neural Network 
● API: Application Programming Interface 
● ATL: “Avtalslagen” - the Swedish work act 
● CEO: Chief Executive Officer 
● CFO: Chief Financial Officer 
● CPU: Central Processing Unit 
● CRISP-DM: CRoss Industry Standard Process for Data Mining 
● GDPR: General Data Protection Regulation 
● GUI: Graphical User Interface 
● IT: Information Technology 
● MAE: Mean Absolute Error 
● MLR: Multiple Linear Regression 
● SMA: Sliding Moving Average 
● SMHI: Sweden's Meteorological and Hydrological Institute (SMHI), a Swedish expert 

authority at the Ministry of the Environment and Energy, with the task of producing 
forecasts for weather, wind, water, climate and the environment. 

● SPSS: Statistical Package for the Social Sciences (software)  
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1. Introduction 
The following section gives the reader an introduction to the thesis containing background, motive 
for choice of research, purpose, product characterisation and the thesis delimitations. 

1.1 Background 
Predictions analysis have traditionally been calculated with various statistical methods such as 
linear regression. Linear regression models assume that the dependent variable has a linear 
correlation to the independent variable thus making it possible predict an outcome. When several 
variables are thought to affect the correlation, they can be calculated together creating a multiple 
linear regression. These models are well used predicting anything from adult height of people to 
future sales for companies. 
 
However, as computer processing power becomes cheaper and stronger, the number of 
calculations that CPUS can make increases due to the yearly duplication of transistors per square 
inch (Moore’s 1965). This observation, also well known as Moores´s Law has been accurate for 
many decades (although, during the last years, the pace has subsided). A super computer is no 
longer needed in order to perform complex simulations and analysis. This provides small and 
medium sized companies with an ability to perform advanced calculations in order improve their 
businesses. As a result, machine learning techniques and other types of advanced calculations are 
now an option when predicting results from large data quantities with many variables. 
 
An application of machine learning is artificial neural networks (ANN), which are massively 
parallel, distributed processing systems that are inspired by the human information processing 
system. Artificial neural networks have a natural inclination to save past data (knowledge) and 
after learning it, make it available for use. ANN is a massively connected network of simple 
processing units called neurons (Srivastava et al). These networks have proven useful in 
recognizing complex patterns and relationships and have been successfully applied in inter alias 
weather forecasting (Maqsood et al 2004), stock market analysis (Guresen et al 2011), letter 
recognition (Patil & Shimpi, 2011) and image recognition (Kulkarni 1993). 
 
In this thesis we aspire to investigate the possibility to predict the number of visitors at Skara 
Sommarland by building an ANN as well as a MLR model using the well-known Cross-Industry 
Standard Process for Data Mining (CRISP-DM) framework. Skara Sommarland AB is a company 
which manages and runs one of the biggest amusement parks in Sweden. In the park there are 
rides, a water park, go-kart, restaurants and a camping. The park is open between june and august 
(for an average of 83,1 days per season since 2010). The last three years there has been an average 
of 255,500 visitors per season. The park is open 10:00-17:00 during low season and 10:00-19:00 
during high season (Skara Sommarland AB). 
  
If an accurate number of visitors can be predicted, Skara Sommarland will be able to use the 
predictions generated in order to estimate the number of employees needed since there exists a 
strong correlation between the number of visitors and the number of staff required. Consequently, 
accurate staffing will probably lead to higher customer satisfaction since the risk of understaffing 
will decrease. Further, correct staffing could lower personnel costs due to the reduced risk of 
unnecessary overstaffing. As of now Skara Sommarland use historical business data to predict the 
number of visitors, however this method has been found to be both time consuming for 
management since calculations are made manually and unreliable since estimates do not take 
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enough variables into account. Therefore, Skara Sommarland would like a prediction model that 
can calculate the number of visitors with higher accuracy than their current manual estimates and 
reduce the time spent on making decisions (Nilsson & Lundh 2017). 

1.2 Motive for Choice of Research 
Rob Law wrote an article in 1998 that tried to estimate the percentage of hotel rooms that will be 
booked in Hong Kong using an ANN. Even though there has been other research in the application 
of ANN in the tourism industry (Cuhadar, Cogurcu & Kukrer, 2014), (Sadatiseyedmahalleh, 
Bateni & Bateni, 2016), no article about estimating the number of visitors to an amusement park 
was found during the research for this thesis. As we believe accurate visitor predictions could 
potentially improve revenue for amusement parks, it is interesting to conduct this research, and 
also create a decision support system to accompany the prediction model, so that it can be used in 
the daily operations by the management. 
 
The reason for choosing CRISP-DM as the development framework is that it is used by large 
corporations such as IBM, Daimler-Chrysler and NCR. This framework is also specifically 
targeting data mining, which is the type of work done in this thesis (Chapman, Clinton, Kreber, 
Khabaza, Reinartz, Shearer and Wirth, 2000).  

1.3 Purpose 
The purpose of this thesis is to describe the process in developing a decision support system which 
can be used to display the number of predicted visitors to the amusement park Skara Sommarland. 
The system will predict the number of visitors using either an ANN- or MLR model (depending 
on which model turns out to be more accurate). The framework that the development process 
follows will be CRISP-DM.  
 
Our hypothesis is as follows: 
We think the more advanced ANN will outperform the simpler statistical multiple linear regression 
model since we believe that the ANN will be better adapted to handle large amounts of varying 
data. 

1.4 Product Characterisation 
The final products of this thesis will be two IT-artifacts with decision support functionality that 
can aid with staffing decisions made by the operational management at the amusement park Skara 
Sommarland. The IT-artifact with the highest accuracy in terms of predicting visitors will be 
further developed with an user interface in order to be accessible and easily understood by the 
Skara sommarland management in their daily operations. Finally, a practical example of how 
CRISP-DM can be used to produce such a decision support system will be the resulting thesis. 

1.5 Delimitations 
Although it would be desirable to conduct research with more data mining methods, we have 
limited the scope of this project to include only ANN and MLR in order to make it feasible. Listed 
below are the following delimitations for this thesis: 
 
Further there are many different frameworks other than CRISP-DM to develop data mining 
models, consequently there may be other frameworks that can create models that predict the 
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numbers of visitors with higher accuracy. Nevertheless, the purpose of this thesis is not to find the 
ultimate framework but to create a model that adequately serves the purpose desired by Skara 
Sommarland’s management. 
 
The artifact will only be developed for the circumstances surrounding Skara Sommarland. Thus, 
it cannot be guaranteed that the same model could predict the number of visitors to another 
amusement park. However, the flexibility of ANN and MLR might help in making the final model 
applicable in other parks with some minor adjustments. Also note that although Skara Sommarland 
is considered an amusement park it mainly consists of a water park, resulting in that the final 
product most likely will be adapted to a combination of a water- and amusement park. 
 
Another delimitation of the thesis is the data choices. In order to be able to create the desired IT-
artifacts within the limited project resources, we have limited the data used when developing the 
IT-artifacts. The only data that will be used is business data (acquired from Skara Sommarland), 
time data (in example months and weeks) and weather data. Other data that possibly could have 
improved the results in terms of accuracy will be a part of the discussion in the end of the thesis.  
 
Even though the goal of the knowledge product is a software that will be used by Skara 
Sommarland management, we will not focus on researching the user interface structure of such a 
software. The reason for this is that the main focus of the thesis is to determine the application of 
a ANN and MLR to predict the number of visitors to a theme park, and not how to best present 
these findings in an interface. 
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2. Theory 
In this chapter, the underlying methodology, techniques and key concepts used in this thesis are 
presented. 

2.1 Crisp-DM 
CRoss Industry Standard Process for Data Mining is the main methodology used for development 
of data mining systems. The CRISP-DM process model shows the life cycle for a data mining 
project by showing the phases the project will use as well as the main relationships between them. 
The process model does not show all relationships since dependencies vary between projects. The 
surrounding circle symbolizes the endless nature of a data mining project. Deployment is not the 
final goal for a data mining project, instead data mining is a continuing journey and knowledge 
gained will most certainly inspire new projects as well as optimising and redoing others (Chapman 
et al, 2000). 
 

 
Figure 1. The CRISP-DM reference model 

2.1.1 Business understanding 
Business understanding is the initial stage of CRISP-DM reference model. This stage consists 
mainly of defining a project’s requirements and objectives from a business point of view. 
Requirements are then defined into a data mining problem in order to create a preliminary plan. 
This preliminary plan should give an overview of the project by showing how objectives should 
be tackled (Ibid). 
 
The business understanding phase consists of four generic tasks, each with several outputs. These 
outputs are steps that should be completed upon completing the phase. 

Determine business objectives 
This is the initial task of the business understanding phase. The data analyst needs to understand 
from a business perspective, what the customer wants to accomplish with the project. This is a 
complex task since the customer might have several objectives and constraints that need to be 
balanced properly. The goal is for the analyst to reveal important factors in an early stage that will 
help clarify the scope and influence the project.  
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Outputs: 
● Background - The background should contain information about initial business situation 

at the organisation. 
● Business objectives - Explain the customers main objective as well as other additional 

business-related questions or objectives that the customer might have. This should be done 
from a business perspective.  

● Business success criteria - Describe the success criteria for the project from a business 
perspective. The form of the criteria may vary from vague to specific depending on project 
(Ibid). 

Assess situation 
The assess situation task is an in-depth continuation of the previous business objective task. All 
resources, constraints, assumptions as well as other factors that should be explained in detail in 
order to get a clearer understanding of the scope. 
 
Outputs: 
● Inventory of resources - Do an inventory of all the resources that the project will use. This 

includes staff, data, computer software and computing resources. 
● Requirements, assumptions and constraints - This output should create lists of all the 

requirements, assumptions and constraints of the project.  
● Risks and contingencies - List the possible risks and their contingencies plans in order to 

prevent delays that could be easily avoided.  
● Terminology - Clarify the terminology by compiling a glossary of relevant terms. This task 

may result in the following two outputs: 
○ A glossary with relevant business terminology used to clarify the business 

objective.  
○ A data mining glossary with relevant terminology. 

● Cost and benefits - This output should result in a cost-benefit analysis. The analysis should 
show the benefit of a successful project to the business as well as the costs of the project 
and be as specific as possible (Ibid). 

Determine data mining goals 
State the data mining goal with a technical definition in order to make it concrete for the project 
group.  
 
This task consists of creating a data mining goal in a technical definition.  
 
Outputs: 
● Data mining goals - Should contain the intended result of the project as well as how they 

will lead to the accomplishment of the main business objectives and possibly additional 
business questions or objectives.  

● Data mining success criteria - A technical success criteria from a data mining point of view. 
The key question should be; what needs to be accomplished in order to call the data mining 
project successful (Ibid). 
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Produce project plan 
The project plan task should describe how to reach the data mining goals and success criteria. 
Outputs 
● Project plan - A complete list of the project stages including deadlines, resources, 

inputs/outputs as well as dependencies. Choice of evaluation method and risks should be 
covered. This document should be a so-called living document and should be re-evaluated 
in each phase of the project.  

● Initial assessment of tools and techniques - The end part of the business understanding 
phase should be an initial assessment of the available tools and techniques. These choices 
most likely will influence the entire project and should therefore be carefully selected 
(Ibid). 

2.1.2 Data understanding 
Once there is a clear understanding of the business objectives, the next step is to address data 
understanding. This process consists of defining and elucidating the required data. This phase 
includes gathering initial data and familiarizing with the data. This phase is closely linked to the 
business plan since a clear objective needs some degree of familiarity with the data in order to be 
properly and realistically defined (IBM (A), 2018). The data understanding phase consists of four 
tasks delivering one output each.  

Collect initial data 
Collect the initial data specified in the project resources including data loading if necessary. If data 
has been acquired from several data sources the data could be merged either in this step or in the 
data preparation phase.  
 
Outputs: 
● Initial data collection report - Acquired data sets in list format together with locations and 

collection method. Also, eventual problems and solutions for the acquisition of data should 
be recorded in the report in order to prevent errors from reoccurring (IBM (B), 2018). 

Describe data 
Evaluate the data properties in order to get an overview of the collected data. 
 
Outputs: 
● Data description report - The task should result in a data description report explaining the 

properties of the data such as quantity and data format. Further, evaluate if the collected 
data meets the requirements (IBM (C), 2018). 

Explore data 
In order to determine if the collected data is useful, the data needs to be explored and assessed. 
The data needs to be queried, analyzed, relationships explored, and subcategories need to be 
accessed. In addition, basic statistics are applied in order to determine if the specified data mining 
goals can be achieved with the current data. New discoveries regarding the data might change the 
data description or other reports. This may include using different visualization tools in order to 
explore the data characteristics (Idreos, Papaemmonouil & Chaudhuri, 2015). 
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Outputs: 
● Data exploration report - The report generated by this task should describe the steps taken 

in the data exploration task. This includes the initial findings and hypothesis testing and 
their estimated impact on the project. Also, the report should include adequate diagrams 
and interesting data properties that will need further research (Chapman el al, 2000). 

Verify data quality 
Evaluate the data in terms of quality. This can be done using the six dimensions of data quality 
discussed by and shown in figure below. Key questions to be answered are: are there any errors, 
and if so how commonly occurring are they, and which possible solutions to improve the data 
quality exists. Also, is the data sufficient for the project’s needs. 
 
DAMA (2013) describes data quality as consisting of six dimensions: 
● Accuracy - The degree to which data accurately describes the real-world event or object 

being described. 
● Consistency - The lack of difference, when comparing several representations of a single 

thing against a interpretation. 
● Completeness - The portion of stored data against the potential of fully complete data 
● Timeliness - The degree to which data represent reality from the point in time it is tied to. 
● Validity - Data are valid if it conforms to the correct syntax (format, type, range) of its 

definition. 
● Uniqueness - No one thing will be recorded more than once based upon how that thing is 

identified. 
 
Outputs: 
● Data quality report - A report consisting of potential quality issues with appropriate 

solutions. Preferably in list format (Chapman el al, 2000). 
 

 
Figure 2. Six dimensions of data quality. 

2.1.3 Data Preparation  

Building on the data understanding is the data preparation phase where the data is processed in 
order to be used in the modeling phase. The data is therefore cleaned and prepared as well as 
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selected in form of attributes, tables and records. The main goal of this phase is to create a final 
data set containing the desired data in order for the models to function accurately.  
 
Outputs: 
● data set and data set description - The data set and data set description are outputs produced 

by the data preparation phase. They therefore do not have a task linked to the data 
preparation stage but should still be mentioned since they have a major role in the analysis 
part of the project as well as the modeling phase (Ibid). 

Select data 
When selecting the appropriate data, data mining goals, quality and technical constraints should 
be taken into consideration when selecting the appropriate data. 
 
Outputs: 
● Rationale for data choices - A complete list of the data selected as well as dismissed along 

with justification (Ibid). 

Clean data 
In order to raise the quality of the data to the standard required by the selected data mining 
techniques it needs to be cleaned. This may involve removing incorrect values and replacing 
missing values based on estimates made with modeling techniques. Many alternative ways to clean 
the data exist and may be needed depending on the data quality. 
 
Outputs: 
● Data cleaning report - A report containing steps and choices taken in the data cleaning 

phase in order to meet the requirements raised in the verify data quality task (see 3.2.2). 
Possible effects, both negative and positive, of the data cleaning task should be documented 
in the report (Ibid). 

Construct data 
The construct data task consists of re-coding and transforming current data set as well as the 
development of entirely new data sets.  
 
Outputs: 
● Derived attributes - New attributes created by combining attributes from the current data 

set. Example being total rainfall / time interval (hours) = rainfall per hour. 
● Generate records - Records containing generated data sets from the construct data task as 

well as the process of constructing new records (Ibid). 

Integrate data  
This task consists of combining data from various sources using different methods.    
 
 
Outputs: 
● Merged data - Data regarding the same object, from different tables are joined, resulting in 

all data containing the same properties being stored in one place.  An example could 
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involve grouping or dividing a family's admission to the park into the desired format 
depending on the definition of a visitor (IBM (D), 2018). 

Format data  
This task consists of renaming data as well as other syntactic changes such as changing between 
dot/commas or rounding numbers to fit. These changes might be required depending on choice of 
tools.  
 
Outputs: 
● Formatted data - Data formatted to fit the requirements demanded by the selected tools. 

This may include the steps described in the task above as well as randomising the order of 
data for certain software (SPSS, 2000). 

2.1.4 Modeling 
In the modeling phase several modeling techniques are chosen and applied. Usually the steps are 
done repeatedly with various techniques in order to optimize the results. Different techniques 
require data with unique characteristics, often leading back to the data preparation step in order to 
adapt the current testing of a model (Ibid). 

Select modeling technique  
This phase begins by making the actual selection of the modeling technique that the project will 
use. This may have been done in previous steps. However this step can be more specific regarding 
such details as choice of software version. 
 
Outputs: 
● Modeling technique - State the specific modeling technique used in the project 

documentation. 
● Modeling assumptions - Record any assumptions regarding the model. This could be 

certain conditions about the data that the model is presumed to use, such as not allowing 
missing values or the symbolic class attributes needed (Ibid). 

Generate test design 
To ensure that the model works as designed there first needs to be a way to test the model. 
Therefore a procedure to test the quality along with the validity of the model has to be produced. 
Commonly the data sets are divided into training sets and test sets where the training sets are used 
to train the model and the test sets are used test the functionality. 
 
Outputs: 
● Test design - Document the plan for the conducting of training, testing and evaluating the 

model or models. If test and training sets are to be used it is important to document the 
selection process since the distribution will affect the model (Ibid). 

Build model 
This task is composed of running the actual model and will result in an actual model as well as 
documentation about the parameter as well as their settings and documentation regarding the 
description of the model. 
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Outputs: 
● Parameter settings - Most certainly there is a large quantity of model parameters and they 

need to be calibrated in order to get an optimal result. This process along with the 
underlying reasoning as to how the parameters were calibrated needs to be documented for 
several reasons such as understanding the effects of the model and to be able to do accurate 
evaluation and analysis later.  

● Models - Actual model or models created by the task. 
● Model descriptions - Description of the results generated by the model. Also document the 

explication of the model. Possible problems or difficulties encountered should be noted in 
the documentation (Ibid). 

Assess model 
This task is usually performed by a data mining engineer, if missing, this should be done with a 
person with adequate knowledge regarding the data mining model. Responsible person interprets 
the data mining model in relationship to the data mining success criteria generated in the data 
business understanding phase and according to test design in the previous task. When this has been 
accomplished the technical aspects of the modeling and discovery techniques are assessed. Results 
are delivered to the responsible business analysts and domain experts in order to be further 
discussed in a business context. This task only regards facts linked to the model and not the actual 
interpretation and evaluation of the results, these come later in the following phases. 
 
Outputs: 
● Model assessment - Summarize the findings of this task. Rank the models in relationship 

to each other using their qualities with appropriate measurements.  
● Revised parameter settings - Evaluate the parameters according to the previous output and 

recalibrate them. Repeat the build model phase until an optimal model has been found. 
Document all findings from the assessments and revisions (Ibid). 

 

2.1.5 Evaluation  
After the modeling has been completed the results are analysed from a data analysis point of view. 
If the created model works as designed and can solve the initial business objective the model 
continues the deployment phase. However, if the business objectives are not met the project returns 
to the first phase and the process starts over. 

Evaluate results 
Assess to what point the data mining model solves the initial data mining objective. Look closely 
for deficiencies in the model that may cause business problems. If desired as well as if timeframe 
and budget constraints allow it, testing the model or models on test applications in the actual 
application may be conducted as a last verification. 
 
 
Outputs: 
● Assessment of data mining results with respect to business success criteria - Construct a 

summary of the assessment results in the form of business success criteria. This should 
include a statement concluding if the project has met the defined business objective.  
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● Approved models - After assessment, if completed from the business success criteria, 
select the model or models that meet the condition and label them as approved model or 
models (IBM (E), 2018). 

Review process 
When reaching this task there should preferably be models that meet the business needs. Review 
these models thoroughly as well as the course of development in order to find things that may have 
been overlooked. Also perform an extensive review of the quality assurance with questions such 
as: is the model correctly built; will all the parameters be available in the future; and are parameters 
and information legal in accordance with the new General Data Protection Regulation (GDPR). 
 
Outputs: 
● Review of process - This output should generate a summary of the review process 

including any findings that should be addressed (IBM (F), 2018). 

Determine next steps 
This task takes into consideration all the knowledge gained from the evaluation phase in order to 
determine the next step in the project. Here a decision is made if the project should return to 
previous phases or move on to development. Also take into account budget and timeframe when 
making the decision.  
 
Outputs: 
● List of possible actions - A list of possible actions each with arguments both for and against 

doing them. 
● Decision - A final decision for the next step along with an elaborate motivation of the 

underlying reasons (Chapman el al, 2000). 

2.1.6 Deployment 
Usually the model is not the final part of the project. The end user will often be someone else other 
than the developer or data analyst and visualizing the results might be needed in order for the end 
user to make sense of the information that the model displays. This phase may result in reports 
being created or alternative ways such as a GUI function to be created for the end user. 

Plan deployment  
Using the evaluation results, create a strategy for the deployment of the models. If standard 
procedures are to be used, document these for future use.  
 
Outputs: 
● Deployment plan - A plan for the deployment including a summary of  the deployment 

strategy. Also include a more detailed guide of the steps necessary for the deployment 
(Ibid). 

Plan monitoring and maintenance 
If the results generated are to be used daily within the organisation there will need to be a plan for 
monitoring and maintaining the models in order to increase accuracy of the model or models.These 
plans should take into consideration the chosen type deployment strategy in order to be accurate. 
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Outputs: 
● Monitoring and maintenance plan - A plan consisting of a summary of the strategy for 

maintenance and monitoring along with a step by step plan to make sure it is put into place 
(Ibid). 

Produce final report 
Depending on scope and deployment plan this task will have very different characteristics. It may 
consist of everything between a summary of the project, results and experiences to a complete and 
comprehensive report of the project along with a final presentation for a customer or internal 
managers. 
 
Outputs: 
● Final report - A written report of the project that clarifies the deliverables and results.  
● Final presentation - A possible final presentation to customers or management describing 

the conclusions of the project (IBM (G), 2018). 

Review project 
Finally assess the project. Present the lessons learned; both successes and areas that could be 
improved. 
 
Outputs: 
● Experience documentation - Document the result from the review project task. If 

necessary, document what project members have written specific reports in order to create 
documentation to help with future questions regarding the system (SPSS. 2000). 

2.2 Multiple Linear Regression 
Multiple linear regression is described by the following equation where Y is a dependant variable, 
X is an independent variable, beta 0 is the line intersection on the Y axis, beta 1, 2 ... n is the slope 
and epsilon is a variable describing random errors. 
 

𝑌" = 𝛽0	 + 	𝛽1 × 𝑋1	 + 	𝛽2 × 𝑋2	+. . . +	𝛽𝑛 × 𝑋𝑛 + 	𝜀 
Equation 1. The formula to perform multiple linear regression 

 
For the linear regression model, five assumptions should be made according to Osborne & Waters 
(2002). The first assumption is that the relationship between the dependent variable and the 
independent variables is linear. This can lead to a limitation in the number of independent variables 
that may be used, which may not be in the ANN model. Linearity can be investigated with the 
critical value of Pearson Correlation. In this critical value, the more data sets that are available 
leads to a lower threshold for which correlation that can be seen as linear (Triola, 2015). 
 
The second assumption for the linear regression model is that all variables are normalized. To 
investigate this, histograms and quantile-quantile plots can be used. In the event that any variable 
does not have a sufficiently even probability distribution, some form of transformation should be 
used to normalize the variable. 
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The third assumption is that there is no strong multicollinearity between the independent variables 
used, in example two or more independent variables have a high correlation with each other. This 
assumption will be investigated by obtaining a correlation matrix based on Pearson correlation 
coefficient. In the event that this problem occurs, one of the correlated variables should be 
removed. 
 
The fourth requirement of the model is that there is a low autocorrelation, that is, y (x + 1) is 
independent of y (x). To investigate autocorrelation, a Durbin-Watson test can be performed. 
Investopedia.com (2018) describes this test as follows:  
 

The Durbin Watson statistic is a number that tests for autocorrelation in the residuals from a 
statistical regression analysis. The Durbin-Watson statistic is always between 0 and 4. A 
value of 2 means that there is no autocorrelation in the sample. Values approaching 0 indicate 
positive autocorrelation and values toward 4 indicate negative autocorrelation. 

 
As the fifth criterion, homoscedasticity is mentioned as a fulfilled premise. Homoscedasticity 
means that the residues are about the same throughout the regression line. The opposite of 
homoscedasticity is heteroscedasticity. A practical example of heteroscedasticity can be found at 
Statisticssolutions.com (2018):  
 

A simple bivariate example can help to illustrate heteroscedasticity: Imagine we have data 
on family income and spending on luxury items.  Using bivariate regression, we use family 
income to predict luxury spending.  As expected, there is a strong, positive association 
between income and spending.  Upon examining the residuals we detect a problem – the 
residuals are very small for low values of family income (almost all families with low 
incomes don’t spend much on luxury items) while there is great variation in the size of the 
residuals for wealthier families (some families spend a great deal on luxury items while some 
are more moderate in their luxury spending).  This situation represents heteroscedasticity 
because the size of the error varies across values of the independent variable. 

2.3 Artificial Neural Networks 
An artificial neural network (ANN) is an information-processing paradigm that is inspired by the 
way biological nervous systems, such as the brain, process information. The network consists of 
a large number of highly interconnected processing elements (neurons) working together to solve 
specific problems. ANN’s, like people, learn by example - they cannot be programmed to perform 
a specific task (Nahar, 2012). 

2.3.1 Training an ANN 
A neural network is made up of an input layer, an output layer, and usually one or more hidden 
layers. Each of these layers contains nodes, and these nodes are connected to nodes at adjacent 
layer(s). Each node is a processing unit that contains a weight and a summation function. The 
weights return mathematical values for the relative strength of connections to transfer data from 
one layer to another; whereas a summation function computes the weighted sum of all input 
elements entering a processing unit. 
 
Rob Law (1998) gives the following practical example of how a neural network learns in his article 
“Room Occupancy Forecasting: a Neural Network Approach”: 
 

To determine a person’s credit rating, a financial institution needs information about that 
person’s income level, education background and home ownership status as the essential 
input variables. 
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1. Assign random numbers into the weights.  
2. For every element in the training set (a set of sample observations used to develop the 

pattern or relationship among the observations), calculate output using the summation 
functions embedded in the nodes.  

3. Compare computed output with observed values.  
4. Adjust the weights and repeat steps 2 and 3 if the result from step 3 is not less than a 

threshold value.  
5. Repeat the above steps for other elements in the training set. 

 
Figure 3. An illustration of an artificial neural network. 

2.3.2 Hyperparameters 
In machine learning, a hyperparameter is a parameter whose value is set before the learning process 
begins. By contrast, the values of other parameters are derived via training (Claesen 2015). 
 
Hyperparameters are the variables that define the networks structure, learning capacity and 
complexity. The network cannot learn during the training process which settings will give the best 
result - this is something which has to be defined before the training and will affect the training. 
The selection of hyperparameters affects how much time it will take to test and train the network 
to give good predictions (Claesen 2015). 

Hidden layer 
An important hyper parameter is the hidden layer. This represents the number of layers of neurons 
that exist between the input- and output layer. A rule of thumb for this parameter is that it’s 
generally a good idea to add neurons and layers until the prediction accuracy of the network no 
longer increases (Murata, Yoshizawa & Amar, 1994). 

Dropout 
Dropout is a parameter that helps avoid the problem of "overfitting". That is, the network is 
adapted to the training data and can not be used well on new data which leads to its generalization 
power going down. With dropout, it is actually meant to "close" some neurons in the network. A 
general rule of thumb is to use about 20-50% dropout rate and start testing at 20% and increase 
from there (Mendenhall & Meliler, 2016). 
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Learning Rate 
Another important hyperparameter is "Learning rate". This parameter controls how fast and how 
much the model updates its parameters during the learning phase. A high learning rate speeds up 
learning, but it is not certain that the model will find the best answer. A low learning rate takes 
longer, but will more likely find better settings for the parameters (Murata, Yoshizawa & Amar, 
1994). 

Momentum 
Momentum is another hyperparameter. Based on previous updates of parameters, momentum 
helps to ensure that the next parameter updates take place in line with the history. It thus makes 
sure that updates do not take place randomly but are based on previous choices and results (Ibid). 

Epochs 
The number of epochs used in training the ANN is important for how accurate the network will 
be. Using many epochs can be seen attractive initially but can lead to so-called "overfitting". This 
basically means that networks will be adapted to the training data used and will not deliver good 
predictions on new data. An epoch means that all data is displayed for the network once (Ibid). 

Batch Size  
Batch size is a setting that controls how often the network updates its parameters. If batch size is 
set to 10, then parameters are updated after 10 samples (Ibid). 

Activation Function 
An activation feature is used in networks to introduce nonlinearity. This enables the network to 
learn non-linear prediction limits (for example, classification) (Ibid). 

2.4 Evaluation of Models 
The standard practice of evaluating regression models, which is called holdout (Kohavi 1995), was 
chosen as the generated test design. 
 
A common way of evaluating regression models is by dividing the data into two parts. The 
majority of the data amount, usually 2/3, is used to develop the algorithm and is called "training 
set", the remaining 1/3 is used to test the predictive ability of the model and is usually called the 
"test set". In the litterature, this work is called "holdout" (Kohavi 1995).  
 
A problem with dividing the data set in this way is that valuable training data is lost and it can be 
difficult to get a reliable measure of how good a model is based on a single random subset of 
original data since the measurement value of the model's errors may vary greatly depending on 
what data that ends in which part (the training set or the test set). A more sophisticated way to 
evaluate a model is by using k-Fold-Cross Validation that divides the entire set of data sets into 
training- and test sets, and tests the model with all available data in different steps. The prediction 
measure used (in example mean absolute error) is summed for each run and divided by k (which 
is the total number of runs) to get an average value (Refaeilzadeh, Tang & Liu 2008). 
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Salzberg (1997) describes common problems with the evaluation of results in algorithm 
development. The first problem is that the authors often set the hyperparameters on the same data 
they use to evaluate the algorithm. Secondly, the model rarely is tested on the correct data retrieved 
from nature, and on the other hand, incorrect hypothesis tests are used frequently to compare 
different algorithms. 
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3. Method 
This section will describe the method used in order to generate the results which are presented in 
the following chapter. The framework, which the method is based upon, is the CRoss-Industry 
Standard Process for Data Mining (CRISP-DM). 

3.1 Business Understanding 
The initial idea, to create a decision support system to guide in visitor predictions, was presented 
to the Skara Sommarland management by email. In response to the email, a meeting was booked 
at the 14th of August 2017 with the CEO and CFO of the park. A semi-structured interview was 
held. A semi-structured interview is an type of interview used to gain in-depth knowledge 
possessed by the interviewees. Semi-structured interviews are less strict than structured 
interviews; the interviewees are allowed to speak freely. However, it is more strict than an 
unstructured interview in which no specific predetermined topics are discussed. The primary 
purpose of a semi-structured interview is ‘discovery’ (Oates 2005). During the interview, the 
following talking points were presented: 
 
● How is the number of visitors currently estimated? 
● How could a decision support system like the one proposed help business operations. 
● Which parameters do they expect will have a correlation to the number of visitors to the 

park? 
● What data can Skara Sommarland provide. 
● How can the software be integrated in the daily operations at the park. 

3.1.1 Determine Business Objectives 
Background information was generated and documented with the aid of the informal interview, 
information gathered from Skara Sommarland’s webpage and by reading their annual financial 
reports since 2010. 
 
From the background information and in collaboration with the management, business objectives 
and a business success criteria was agreed upon and documented. 

3.1.2 Assess Situation 
SMHI was contacted to investigate the possibility of acquiring historical weather data from near 
the park. Additionally, requirements and a terminology list were developed based on the 
knowledge gathered from the interview and the preceding research. Finally, costs and benefits 
were calculated with information from Skara Sommarland’s financial reports, the interview, 
official statistics and in accordance with Swedish taxation and employment laws. 
 
When the inventory of resources had been finished, a brainstorming session was performed to 
determine any risks revolving the project. When risks were identified, contingency plans were 
developed to minimize their effect.  

3.1.3 Determine Data Mining Goals 
Based on the business objectives and what results could be found in previous research on the topic 
of prediction analysis (Law 1998), data mining goals and a data mining success criteria was 
decided upon. 
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3.1.4 Produce Project Plan 
A meeting was held to create a project plan and choose technologies and software to be used in 
the project. As a result of this discussion, an initial assessment of tools and techniques was 
concluded. 
 
Different types of project schedules were considered and a decision was made to create a GANTT 
chart based on its based on ease of use and intuitive presentation. 

3.2 Data Understanding 
In the following section the methods used by the project group in order to gain an understanding 
of the data are explained.  

3.2.1 Collect Initial Data 
Business-related data was sent to the project group by Skara Sommarland’s CFO by email in a 
series of Excel files as well as five financial statements in PDF format. Furthermore, the 
management at Skara Sommarland believed that weather and date are important factors in 
predicting the number of visitors (Nilsson & Lundh 2017). Hence, SMHI was contacted and a data 
set containing weather-related measurements (temperature, cloud cover, rainfall, wind strength 
and atmospheric pressure) was sent to the project group through email by a representative of the 
institution. 

3.2.2 Describe Data 
A data description report was produced, describing the data and its properties in detail. Concept 
images giving a helicopter perspective of the data and its categories were included in the report. 

3.2.3 Explore Data 
The data and its relationships with the dependent variable (number of visitors) were explored and 
described using statistical graphs such as scatter plots with linear regression and probability 
density graphs. Furthermore, descriptive statistics such as calculating standard deviation and 
Pearson's correlation were applied on the data. The initial hypothesis regarding the correlation 
between data gathered and visitors was tested. All of the results from the data exploration were 
documented in a data exploration report. 

3.2.4  Verify Data Quality 
To confirm the data quality, the six primary dimensions for data quality assessment (DAMA, 
2013) were applied. Based on these six criteria, issues with the data were discovered and 
appropriate solutions were evaluated and documented in the data quality report. Additionally, due 
to the relatively small data set, Skara Sommarland was contacted and data from three additional 
seasons was acquired. 

3.3 Data Preparation 
The data set and data description, used in data preparation, were derived from the actions taken in 
the previous step, data understanding. 
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3.3.1 Select Data 
Data was selected for the predictions based on the insights gathered from the data exploration and 
with regards to the data quality as assessed in the data quality report. This activity resulted in a list 
of inclusion and exclusion of data to be used. 

3.3.2 Clean Data 
Excerpts of outliers in the data set were investigated by calculating "Mahalanobis distance". This 
measure works by converting continuous variables into a principal one-dimensional component 
that explains the maximum of variance of the individual independent variables. The longer a 
certain data point is from the average of this value, the higher the probability of an outlier 
(Maesschalck, Jouan-Rimbaud & Massart 2000). 
 
The advantage of this is to simultaneously take into account a large set of variables and find data 
points that are outliers in relation to all independent variables, furthermore this is a measure of 
outliers based on independent variables and not just dependent variables which are easier to find. 
Any day on which there was a concert or special event was removed from the data set. 

3.3.3 Construct Data 
The number of bookings in the camping has been measured using two different methods (one 
method for the period 2010-2015 and another method for 2016). The camping data set also 
describes the number of bookings, for example the number of cabins of a certain type that were 
booked on any given day - and not the number of people staying in that particular cabin. The 
capacity for the biggest cabin is six people (Skara Sommarland AB), but theoretically there could 
be just one person occupying that cabin. According to the data set, there were for example 84 6-
person cabins and 196 cabins with a capacity of four people in 2017. Hence, counting only these 
two types of cabins, a day with 100% coverage could theoretically mean anywhere between 280 - 
1288 visitors in only those two types of accommodations. Because of the ambiguity of how 
camping occupancy has been measured, a decision was made to summarize all the different 
subdivisions into the variable "Accommodation Total". 
 
The “Atmospheric Pressure” variable was created by adding together all the measurements per 
hour from 10:00 - 17:00 (the most common opening hours for the park) and then dividing the result 
by the number of hours counted. Hence, a hourly average of atmospheric pressure during the park’s 
opening hours was calculated. 
 
The ”Wind Strength” variable was created by adding together all the measurements per hour from 
10:00 - 17:00 (the most common opening hours for the park) and then dividing the result by the 
number of hours counted. Hence, a hourly average of wind strength during the park’s opening 
hours was calculated. 
 
The ”Cloud Cover” variable was created by adding together all the measurements per hour from 
10:00 - 17:00 (the most common opening hours for the park) and then dividing the result by the 
number of hours counted. Hence, a hourly average of cloud cover during the park’s opening hours 
was calculated. 
 
Furthermore, a hypothesis was formed that the correlation between cloud cover and visitors might 
be reinforced by the fact that higher cloud cover leads to higher probability of rain and can decrease 
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the air temperature. Hence, the correlation between cloud cover and the number of visitors was 
also calculated for days without rain and days without rain and an air temperature of 19 - 22 °C. 
 
The data for rainfall was received from three different weather stations with different advantages. 
The weather station furthest away was Hällum (35 km west of Skara Sommarland). The advantage 
of Hällum was that it gathered rainfall per hour and hence, the total rainfall for the most common 
opening hours could be calculated. The closer weather stations, Skara (9 km west of the park) and 
Remningstorp (10 km north east of the park) only had data for total rainfall per day. The project 
group formed a hypothesis that it might be better to take weather data from further away to avoid 
mixing together days with a lot of rainfall when the park was closed with days that had a lot of 
rainfall during opening hours. To investigate this hypothesis, a correlation analysis was made 
between the three different weather stations rainfall and the number of visitors. 
 
A hypothesis was formed that the correlation with number of visitors might be stronger if 
compared binary (rain or no rain). A probability graph was created for days with and without rain 
at Hällum. The reason behind choosing Hällum for this variable is that it was the only weather 
station providing hourly rainfall. Rainfall when the park is closed has a smaller impact on park 
visits than rainfall during open hours. Hence, in production, this variable will look at if there is 
rainfall during opening hours. If this is the case, there cannot be a fair comparison if in the training 
set, rain or no rain is looked at during a 24-hour interval while in production, rain or no rain is 
looked at during a seven-hour interval. Because of this, Hällum was chosen as the weather station 
to derive the variable “Rain?”, which is a categorical, binary variable stating if there was rain 
during the park’s opening hours or not. 
 
After completing the exploratory phase with the collected independent variables, three constructed 
variables were also created, which the project group hypothesized could have a positive impact on 
the neural network. These three variables were of the type momentum variables.  
 
“With_Rain” and “Without_Rain” are two constructed variables based on the weather data. The 
idea behind these variables is that a momentum is built up over time when a certain weather holds 
"in itself". That is, if you have a week of constant rain, then a sudden day of sun could mean that 
people in the vicinity of Skara Sommarland want to take advantage of the day and visit the park. 
Possibly several days of sun could have a reverse or decreasing effect on the number of visitors. 
“With_Rain” and “Without_Rain” increases in value as a series of days appears in the data set 
with or without rain. The data used to construct these variables were taken from the weather station 
in Hällum as this was the station of choice for the “Rain?” variable. 
 
SMA (Sliding Moving Average) builds its momentum on a moving average four days backwards, 
thus building its momentum as the number of visitors increases over several days.  

3.3.4 Integrate Data 
All separate data sets were combined into one, larger data set with date as primary key. 

3.3.5 Format Data 
The data was formatted to fit the demands of the modelling techniques decided upon in the project 
plan. Different demands on data format for the different models chosen resulted in two separate 
data sets. In one of the data set, categorical values were transformed into continuous values as 
required. 
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In some of the weather data, dots were replaced with commas as this was required by the modelling 
tools. 

3.4 Modelling 
Below are the steps taken in the modelling phase. 

3.4.1 Select Modelling Technique 
Modelling techniques were selected based on the purpose to develop an ANN and multiple linear 
regression. 

3.4.2 Generate Test Design 
Different standard and best practices were investigated in order to find the most suitable option 
for prediction models. The chosen test design model was used as a foundation for the development 
of training and test data sets as well as the creating quality measurements for accuracy of the 
models.  

3.4.3 Build Model 
The following section describes how the ANN and MLR were built. 

Multiple Linear Regression 
To create the multiple linear regression models, the five assumptions (Osborne & Waters, 2002) 
were addressed. 
 
The first assumption is that the relationship between the dependent and independent variables 
should be linear. This was calculated with the critical value of Pearson correlation. With this 
technique, any variable with a correlation to the dependant variable less than 0,10 was removed 
from the data set (Triola, 2015). 
 
The second assumption is that all variables are normalized. This was investigated using histograms 
and the dependent variable “Visitors” was found to have a long right tail. As a result, a 
transformation of the data set was made to make it more normal. The variable number of visitors 
was squared which led to a more even distribution as can be seen in figure 4. 
 

.
Figure 4. The “Visitors” variable was normalised using square root. 
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The third assumption, that there should be no strong multicollinearity between the independent 
variables, was investigated with a correlation matrix (see Figure 5). 
 

 
Figure 5. Correlation matrix of all the variables that will be used. 

 
The fourth requirement of a multiple linear regression model is low autocorrelation. This was 
investigated with the Durbin-Watson test. The result of such a test can vary between 0-4 where 2 
means no autocorrelation, >2 means negative autocorrelation and <2 means positive 
autocorrelation (Durbin, Watson 1950). 
 
The fifth criteria is that homoscedasticity should be achieved. The homoscedasticity was 
investigated with a so-called "Scale-location plot" where the linear regression estimates were 
plotted on the x-axis and a measure of the residues on the y-axis. 

Artificial Neural Network 
The artificial neural network was developed with the Keras deep learning framework and the 
programming language Python. 
 
To develop the network with optimal settings, the "grid search" method was used. This is a method 
that uses "brute force" to find the optimal combination of hyperparameters (Bergstra & Bengio 
2012). With gird search, a developer can specify a range of evaluation settings. Grid search will 
then run the network a specified number of times with the specified settings and report which 
setting best suits the given problem. 

3.4.4 Assess Model 
To decide which combination of variables in the multiple linear regression model was the best, the 
model with the R value closest to the absolute value one was selected. 
To evaluate and compare the results of the ANN and the best multiple linear regression model, 
mean absolute error (MAE) was calculated. The formula for calculating MAE is described in 
Equation 2 below. Y is all the actual values aggregated and x is all the predicted values aggregated. 
The two models were also assessed in relationship to the data mining goal. 
 

∑ |	𝑦2 − 𝑥2|5
267

𝑛
 

Equation 2. How to calculate the mean absolute error. 
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3.5 Evaluation 
The following steps were taken during the evaluation of the project. 

3.5.1 Evaluate Results 
The model with the lowest MAE was chosen and evaluated against the data mining goal and the 
business success criteria. 
 
In order to calculate if the initial data mining goal of an 80% accuracy in the number of visitors 
predictions, the average number of visitors was divided by the MAE achieved by the ANN and 
MLR. 

3.5.2 Review Process 
All the variables used by the chosen models were evaluated in order to verify that they would be 
available for future use. 
 
Furthermore, the days where the difference between predictions and actual outcomes differed more 
than twice the MAE of respective model, were investigated further to look for relationships. 

3.5.3 Determine Next Steps 
The projects findings were discussed, taking into consideration positive and negative effects of 
continuing the project. After discussing the positive and negative benefits of the different available 
models, a decision was made regarding which model to use. 

3.6 Deployment 
This section describes the steps taken in order to develop the final system and complete the project. 

3.6.1 Plan Deployment 
As agreed with Skara Sommarland’s management (Nilsson & Lundh 2017), plans to develop a 
web interface were made. A deadline for deployment of the model and the associated web interface 
was set. 

3.6.2 Plan Monitoring and Maintenance 
Maintenance tasks were identified in order to keep feeding the model with all necessary future 
data. Furthermore, data validation was planned for the database to make sure that all data inserted 
was correctly.  

3.6.3 Produce Final Report 
A presentation and demonstration of the web interface has been created and a presentation has 
been scheduled for Skara Sommarland. 
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3.6.4 Review Project 
The whole project process was reviewed, experiences and new findings were documented. Finally, 
possible future improvements to the development process, as well as the system, were discussed. 
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4. Results and Discussion 
This section contains the outputs of the activities described in the method as governed by the 
CRISP-DM framework. 

4.1 Business Understanding 
Following are the results and discussion of the business understanding phase. 

4.1.1 Determine Business Objectives 
The outputs of the determine business objectives stage are as follows: 

Background 
As of now, Skara Sommarland lacks the possibility to easily and accurately predict the number of 
visitors at the park. Currently the amusement park uses an excel sheet with previous years visitor 
statistics along with the weather forecast to try to predict how many visitors the park will attract. 
This old-fashioned way of predicting has led to uncertain estimates with varying accuracy.  

Business objectives 
One of the biggest expenses for Skara Sommarland is personnel costs, which amounted to 
22MSEK, or 23% of revenue in 2016 (Skara Sommarland, financial Report, 2016). A big portion 
of the employees in the water park are seasonal workers who work on a schedule, which the Skara 
Sommarland management set continuously based on their estimations of the number of visitors 
that will come to the park (Nilsson & Lundh 2017). Profitability can be most likely be increased 
by more accurate staffing. 

Business success criteria 
The project’s objective is to help Skara Sommarland allocate the correct number of personnel at 
any given date. If they can reduce their cost for employees by using the final product, the project 
will be considered a success.  

4.1.2 Asses situation 
In the following section the results of the assess situation task are presented and discussed. 

Inventory of resources 
The primary resource is referred to as “the project group”, which consists of four information 
system students. Two (the authors) who are students at Uppsala University and another two 
students at University of Skövde. 
 
The resources that have been made available for the project by Skara Sommarland are business 
data and a direct contact with the CEO as well as the CFO to consult with them about which 
variables they think could be important and which functionality they need. 
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Skara Sommarland has provided statistical business data (such as the number of bookings in their 
campsite and number of visitors). SMHI allows historical weather data to be collected through 
API.  

Requirements, assumptions, and constraints 
The requirements that were solicited during the interview with Skara Sommarland amounted to: 
 
● Develop a software capable of predicting the visitors to Skara Sommarland. 
● Create an interface in which the management can easily read the results of the prediction 

software. 
● Implement authentication and a user management interface so that outsiders cannot access 

the interface. 
● Low development and maintenance costs. 
● Create API’s to automate the process of acquiring new data (in example weather data and 

business data) as far as possible. 
● The software should be completed and implemented in the business by the start of the 2018 

season. 
 
The assumptions made for the project are: 
 
● All data gathered from Skara Sommarland are assumed to be correct since they are 

important data to the business (visitors is their key measurement and number of bookings 
in the campsite is saved into their booking system). 

● It’s assumed that the number of different types of accomodations booked in the campsite 
can be added together to one variable, as the number of guests for any type of 
accommodation is about the same. 

● An artificial neural network is assumed to be a good model to predict number of visitors, 
and the accuracy of such a model should be compared to multiple linear regression. 

● The model will be trained with real weather data and predictions will be made on weather 
forecasts. Hence, an assumption has been made that weather forecasts are sufficiently 
accurate to not ruin predictions. 

● Rain outside the parks open hours are assumed to have a small impact on the number of 
visitors. 

 
The constraints identified after the interview and the succeeding research are as follows: 
 
● Weather forecasts, which were believed by the management to have a great impact, have 

not been possible to acquire due to economical constraints. 
● It has not been possible to get access to Skara Sommarland’s business data by API, and 

hence this must be entered into the system manually. 
● The time frame for this project is narrow, and hence the decision to limit the types of data 

used to build the prediction model to weather data, business data and time data was made. 

Risks and contingencies 
One of the risks identified is that business data has to be entered manually. This opens up for the 
wrong data being entered due to human error. To mitigate this, the manually entered data will be 
validated. For example, the number of bookings to the campsite should not be able to exceed the 
total number of available spots in the campsite. 
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Another thing which might affect the success of the predictions is the global economy. Since none 
of the data gathered are during a recession year, it is not possible to account for that. If a recession 
occurs and proves to drastically reduce the prediction results, data from the recession of 2008 
could be included in the data set and new parameters related to the current economic situation 
introduced. 
 
As a result of the narrow timeframe (see 5.1.2 Constraints), there is a risk that all requested 
functionality might not be in place for the start of the season. To address this, a decision has been 
made to make the interface as simple as possible to ensure that time schedule is followed. 

Terminology 
Business terminology 
● Campsite - a section of Skara Sommarland’s business which rents out accommodation 

nearby the park. The accomodation types are campgrounds (in example tent spots and 
caravan pitches) and cabins. 

● Visitors - anyone who is visiting the park and is not working. 
● The management - the CEO and CFO of Skara Sommarland, whom are the contact persons 

to the project. 
● The software - the prediction model with the associated interface and database. 

 
Data mining terminology 
● Business data - the data that was sent from Skara Sommarland (for example the number of 

visitors on a given day or number of bookings in the campsite). 
● SPSS - software used to perform statistical analysis. 
● data set - the data that will be used. 
● Training set - a partition of the data used to train a regression model. 
● Test set - a partition of the data used to evaluate the performance of the model. 
● Outlier - a data point that does not fit the norm of the data set. In this project, defined by 

calculating Mahalanobis distance. 
● Overfitting - a term describing a condition where a predictive model is adjusted so strongly 

according to the training data used to produce major error forecasts in production. 
Commonly when the model is trained for too little data. 

● Constructed data -  new variables that are derived from one or more already existing 
variables and have been constructed by the project group. 

Costs and benefits 
Costs 
Although the development has been free of charge due to being part of a thesis, and the data is 
collected from the business itself and free sources, costs associated with the time spent by the 
management should be accounted for. These include meetings, replying to our questions and 
gathering business data. Additionally, time will be spent by the management and possibly other 
employees to learn how to use the system. Due to integrity reasons, the exact cost for this will not 
be published. 
 
The cost of deploying the final software and having it up and running in the cloud under a personal 
domain name is estimated to 10 USD per month. 
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Benefits 
Skara Sommarland pay salary in accordance with the collective labor agreements (Skara 
Sommarland, 2016). The agreements vary depending on what category of work one does and how 
old one is. In our example we will use a 20-year-old person working in one of Skara Sommarland’s 
restaurants. This person would be paid 121.63 SEK per hour (Swedish Hotel and Restaurant 
Workers' Union). A typical full-time day in Sweden is eight hours (ATL 5 §). This makes it 
reasonable to assume that a 20-year-old person working in a restaurant at Skara Sommarland 
would be paid 973 SEK per day, which amounts to 1279 SEK per day including general payroll 
tax (Skatteverket 2018). This amount could vary depending on the 20-year-old person’s role in the 
park. For example, if the person is working in a souvenir shop, it would be under another collective 
labor agreement. 
 
The 2017 season stretched from the second of June to the 20th of August, amounting to 79 days 
in total (the park was closed some days in early June). If this project can reduce the number of 
employees needed on any given day by an average of one, the total savings would amount up to 
76,867 SEK. Considering that Skara Sommarland hired 450 people to work for them during the 
2017 season and are hiring a total of 500 people for the 2018 season (Skaraborgs Läns Tidning 
2018), it does not seem unlikely that Skara Sommarland would be able to at least reduce the 
number of employees on any given day by more than one if they can improve their predictions. 

4.1.3 Determine data mining goals 
Below are the outcomes of determining the data mining goals. 

Data mining goals 
The data mining goal is to produce an IT artifact which can accurately predict the number of 
visitors to Skara Sommarland. This would help to accomplish the business objective of lowering 
the cost of employees as well as providing a better customer experience due to avoidance of over- 
and understaffing. 

Data mining success criteria 
The data mining success criteria is an accuracy of 80% (meaning predicting anything between 80-
120 visitors on a day with 100 visitors). The rationale behind this criterion is that this is considered 
an improvement compared to the current estimates produced by Skara Sommarland (Nilsson & 
Lundh 2017). This success criteria also seems reasonable when compared to similar research such 
as a study conducted by Rob Law (1998) in which the percentage of booked hotel rooms in Hong 
Kong were predicted using different regression models. 
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4.1.4 Produce project plan 
Following are the results of the step to produce a project plan. 

Project plan 
The project plan starts from the first of April and does not include the initial meeting with Skara 
Sommarland. It also solely focuses on the technical process of the project and does not include the 
writing of this thesis. 
 

 
Figure 6. GANTT schedule representing the initial project plan. 

 
Research/Technical training represents the time that will be spent on researching and learning 
about the data mining technology that will be used in the project. 

Initial assessment of tools and techniques 
The following tools were used the project: 
Excel, SPSS, Minitab, Visio, PythonAnywhere, Google Cloud and Cloud9. 
 
The following techniques were used in the project: 
R, Python, JavaScript, HTML, CSS, Bootstrap, MySQL, Node.js and Keras (Python library).  
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4.2 Data understanding 
The second stage in CRISP-DM is data understanding. 

4.2.1 Collect initial data 
The collect initial data step produces an initial data collection report which follows below. 
 
The data that Skara Sommarland has provided the project with are: 
● Number of visitors per day since 2010 
● Number of campgrounds and cabins booked in the camping next to the park 
● If there have been special events on a day (for example if an artist was performing in the 

park or if they had invited big groups such as a trade unions). 
 
The project has also acquired historical weather data from the Swedish Meteorological and 
Hydrological Institute (SMHI) about the following daily conditions near Skara Sommarland since 
2010: 
● Rain (millimeter of rain per day and millimeter of rain per hour per day) 
● Cloud cover per hour per day (from 0-100 where 0 is a sky completely free of clouds and 

100 is a sky totally covered in clouds) 
● Temperature (degree Celsius at 06:00 and 18:00) 
● Atmospheric pressure (hectoPascal) 
● Wind strength (meter per second) 

4.2.2 Describe data 
The describe data stage produces a data description report which can be found below. 

Budget and result for number of visitors 
The first Excel file described the budget and result for number of visitors for the years 2010-2017 
and contains data for the months of May-August (which are the months that the park is open). The 
data set contained a total of 586 rows summarized for all the years, including columns with the 
attributes “date”, “budget”, “result”, “special event yes/no”, “accumulated/week”, 
“accumulated/month”, “accumulated/total”. The average number of days the park was open per 
season was 83,1 and the average number of visitors per day was 3656. 

Camping Skara Sommarland 
The second data set that was received from the company contains data about the camping business 
between the years of 2010-2017. In this file, the number of rented objects intended for overnight 
stay was described. 
 
In the data set, there is a division between “camping” and “cabin”. 
 
● During the years of 2016 and 2017 

In the camping division the following attributes exist: “Kabe caravan” (Kabe is a caravan brand), 
“Camper van spot with electricity”, “Camping spot with electricity”, “Camping spot without 
electricity” and “Buss spot 12 meters”. 
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The cabin division had the following attributes: “The large family cabin plus”, “The large family 
cabin”, “The small family cabin” and “Apartment 22 square meters”. 
 
● During the years of 2010 to 2015 

In this period there are different denominations on some of the attributes. 
 
The camping: “Caravan with electricity”, “Camper van”, “Tent spot” and “Bus”. 
 
The cabins: “Cabin 12 square meters”, “The star cabin 16 square meters”, “Cabin 16 square 
meters” and “Apartment 22 square meters”. 
 

 
Figure 7. Concept image of the attributes included in the data set "Camping Skara Sommarland". 

 

Additional information 
The third data set contained partly semi-structured data and partly structured data: 
 
● Big investments made per year (for example a big water slide) 
● The date and type of any concerts 
● The name, date and number of visitors booked to events (in example local high schools 

celebrating the ninth graders graduation or trade unions inviting their members). 
● Marketing costs  
● The price of single tickets, season tickets, go-cart tickets, number of season tickets sold 

and the average number of times a season ticket owner visited the park for the years 2013-
2017. 

Yearly Financial Reports 
Finally, the annual financial reports for Skara Sommarland AB were sent for the years 2013-2016. 
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SMHI Weather Data 
The project received seven different data sets in the form of Excel files from SMHI. The weather 
data was collected at three different locations: 
● Skara (∼9 km west of Skara Sommarland) 
● Remningstorp (∼10 km northeast of Skara Sommarland) 
● Hällum (∼35 km west of Skara Sommarland) 

 
The data received, and the location of their respective weather station were: 
 
● Total rainfall per day in millimeter (Skara) 
● Total rainfall per day in millimeter (Remningstorp) 
● Temperature at 06:00 and 18:00 (Remningstorp) 
● Rainfall per hour per day in millimeter (Hällum) 
● Cloud cover per hour from 0-100% (location: Hällum) 
● Wind strength per hour in meter per second (location: Hällum) 
● Atmospheric pressure in hectoPascal per hour (Hällum) 

4.2.3 Explore data 
The explore data stage generates an explore data report which is as follows. The independent 
variables that has been collected can be divided into three overall groups and one group with 
constructed variables. 
 
● Organization variables: 

Number of bookings in the camping 
 
● Time variables: 

Week day, week number, month and year. 
 
● Weather variables: 

Rainfall, cloud cover, temperature, atmospheric pressure and wind strength. 
 
● Constructed variables: 

With_Rain (days in a row with rain), Without_Rain (days in a row without rain) and SMA 
(sliding moving average, which builds its momentum on a moving average of four days 
backwards, thus building its momentum as the number of visitors increases over several 
days.) 

Organization variables 
The number of bookings in the camping has been measured in two different ways (one way 2010-
2015 and another way from 2016). The camping data set also describes the number of bookings, 
for example the number of cabins of a certain type that was booked at any given day - and not the 
number of people living in that cabin. The capacity for the biggest cabin is six people (Skara 
Sommarland AB), but theoretically there could be just one person occupying that cabin. According 
to the data set, there were for example 84 cabins of the greatest capacity and 196 cabins with a 
capacity of four people in 2017. Hence, counting only these two types of cabins, a day with 100% 
coverage could theoretically mean anywhere between 280 - 1288 visitors in only those two types 
of accommodation. 
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Because of the ambiguity of how camping accommodations has been measured, a decision was 
made to summarize all the different subdivisions into the variable "Accommodation Total". This 
variable proved to have a strong correlation between the number of visitors to the park. With the 
knowledge of total camping units booked, 63% of the variance in number of visitors (figure x) can 
be explained. Every extra unit booked in the camping tends to generate an increase in visitors by 
ten. The correlation between the two variables is 0.79. 
 

 
Figure 8. The number of campsite units booked, and the number of visitors has a strong correlation. 

Time variables 
All time variables were handled as categorical variables with as many levels as unique 
occurrences. 
 
Weekday 
The conclusion was that weekdays have a significant impact on the number of visitors coming to 
the park. In more detailed analysis, it was found that, in particular, Saturday was the most 
distinctive day with a tendency for more visitors than usual, as can be seen in the probability 
function in Figure 9. 
 
A curve in such a graph equips the probabilities of an observation assuming a value as opposed to 
another value. Each curve sums up to 1 or 100% - that is, the space they cover is equal. 
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Figure 9. Probability distribution for the number of visitors on the different weekdays. Saturday stands out as the 

only day that has a peak around 6000 visitors. 
 
Month 
To investigate the relationship between the months (June, July and August) that the park is open 
and the number of visitors, a probability graph was made for each of the months. 
 
In Figure 10 below it can be seen that the likelihood that a certain day will have somewhere 
between 0-2500 visitors is significantly higher in June than in the other months. The probability 
of finding days with 7500 or more visitors is highest in July, but there are also occurrences in 
August. June also has a lower standard deviation than the other months and the observations are 
more strongly placed around the mean (Figure 10). 
 

 
Figure 10. Probability graph for number of visitors and month. 

 
Year 
With help of the probability graph in Figure 11, it can be read that most years seem to have a 
similar probability distribution. This indicates that the ANN and MLR will likely be reusable in 
the years to come unless there is a drastic difference in visitor numbers from the previous eight 
years. 
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Figure 11. Probability graph for number of visitors and years. 

 
Week number 
Both numbers and variations in the number of visitors are lowest in June and then increase sharply 
in July and reach their highest level in week 30, as can be seen in the box plot in Figure 12.  
 

 
Figure 12. Boxplots for the week numbers that the data set includes. 

Weather variables 
Atmospheric pressure 
In the exploratory phase, the weather variable air pressure has been investigated using simple 
linear regression. This analysis shows a marginal positive relationship. The calculated correlation 
coefficient for the relationship between air pressure and visitors is 0.28. One conclusion that can 
be drawn is that there is only a marginal linear relationship between these two variables. 
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Figure 13. The correlation between visitors and atmospheric pressure is only marginal. 

 
Wind strength 
Among all the weather variables that were included in the exploratory phase, it was found that the 
wind strength was the variable that had the least linear relation to the number of visitors to Skara 
Sommarland. The correlation coefficient was -0.07 and only about 0.3% of the variance in the 
number of visitors could be explained with wind strength. The conclusion that can be drawn from 
this is that the “Wind Strength” variable has no strong correlation in the context of forecasting the 
number of visitors to Skara Sommarland. 
 

 
Figure 14. Correlation analysis of the relationship between the number of visitors and the wind strength. 

 
Cloud cover 
The relationship between the number of visitors and the cloud cover shows a weak negative 
relation. The correlation coefficient of the relationship was calculated to -0.33 and 11% of the 
variance in the number of visitors could be explained by the variable "Cloud Cover" (Figure 15). 
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Figure 15. Correlation analysis of the relationship between the number of visitors and the cloud cover. 

 
Furthermore, a hypothesis was formed that the correlation between cloud cover and visitors might 
be reinforced by the fact that higher cloud cover leads to higher probability of rain and can decrease 
the air temperature. Hence, the correlation between cloud cover and the number of visitors was 
also calculated for days without rain and days without rain and an air temperature of 19 - 22 °C. 
The result showed that when controlling for secondary weather effects, the “Cloud Cover” variable 
had an even weaker correlation with the number of visitors. 
 

data set Correlation coefficient (Visitors ~ Cloud 
cover) 

All data -0.327 

Days without rainfall -0.258 

Days without rainfall and temperature 19-22 °C -0.075 
Table 1. Summary of correlation analysis between cloud cover and number of visitors. 

 
Rainfall 
The data for rainfall was received from three different weather stations with different advantages. 
The weather station furthest away was Hällum (35 km west of Skara Sommarland). The advantage 
of Hällum was that it collected statistics on rainfall per hour and therefore, the total rainfall for the 
most common opening hours could be calculated. The closer weather stations, Skara (9 km west 
of the park) and Remningstorp (10 km north east of the park) only had data for total rainfall per 
day. The project group formed a hypothesis that it might be better to take weather data from further 
away to avoid mixing together days with a lot of rainfall when the park was closed with days that 
had a lot of rainfall during opening hours. To investigate this hypothesis, a correlation analysis 
was made between the three different weather stations rainfall and the number of visitors (see 
Table 2). 
 

 Hällum (10:00-17:00) Remningstorp (all day) Skara (all day) 

 
Rain (mm) 

-0,162 -0,184 -0,204 

Table 2. Summary of correlation analysis between rainfall at different weather stations and number of visitors. 
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As the rainfall at the Skara weather station proved to have the strongest correlation with the number 
of visitors, a linear regression analysis was performed on that data set which showed that there 
was a slight negative relationship between rain in millimeters and the number of visitors (Figure 
16). 
 

 
Figure 16. Slight negative correlation between the amount of rain at the Skara weather station and the number of 

visitors. 
 
Since the majority of observation for rainfall fell under zero millimeters or a relatively low amount 
(below five millimeters), a hypothesis was formed that the correlation might be stronger if a binary 
comparison was made (rain or no rain). A probability graph was created for days with and without 
rain at Hällum. The reason behind choosing Hällum for this variable is that it was the only weather 
station providing hourly rainfall. Rainfall when the park is closed is believed to have a smaller 
impact on park visits than rainfall during open hours (Nilsson & Lundh 2017). Hence, in 
production, this variable will look at if there is rainfall during opening hours. If this is the case, 
there cannot be a fair comparison if in the training set, rain or no rain is looked at during a 24-hour 
interval while in production, rain or no rain is looked at during a seven hour interval. Because of 
this, Hällum was chosen as the weather station to derive the variable “Rain?”, which is a 
categorical, binary variable stating if there was rain during the park’s opening hours or not. 
 
In Figure 17 can be seen that there is a plateau around 2900 visitors for days with rain while the 
plateau for days without rain is around 4300 visitors. The figure also shows that the standard 
deviation is smaller for days with rain. 
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Figure 17. Probability graph for number of visitors and days with and without rain. 

 
Temperature 
Temperature has the strongest impact of all the weather variables on the number of visitors coming 
to the park. Both the temperature measured at 18:00 (Figure 19) and the temperature measured in 
the morning at 06:00 (Figure 18) have a relatively strong correlation with the number of visitors. 
For each 1°C degree increase in temperature, the number of visitors tends to rise between 394-
450. The regression line for the temperature measured in the evening explains 27% of the variance 
in visitor numbers and 20% for the temperature measured in the morning. The correlation between 
visitor and temperature is 0.52 for 18:00 and 0.45 at 06:00. 
 

 
Figure 18. Linear regression plot for number of visitors and the temperature at 06:00 

 



 40 

 
Figure 19. Linear regression plot for number of visitors and the temperature at 18:00 

 
Constructed variables 
Figures 20-22 below show a summary image for the constructed variables With_Rain, 
Without_Rain and SMA. All three independent variables have a linear relationship with the 
dependent variable “Visitors”. Interestingly, the correlation between days in a row without rain 
and visitors is positive and not negative as speculated in section 3.3. 
 

 
Figure 20 Correlation between the number of visitors and days in a row with rain. 
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Figure 21 Correlation between number of visitors and days in a row without rain. 

 

 
Figure 22 Correlation between the number of visitors and SMA. 

4.2.4 Verify data quality 
Below follows the data quality report which is a result of the verify data quality stage. 

Skara Sommarland data 
The data sent by Skara Sommarland were:  

A) Number of visitors, budgeted number of visitors and accumulated number of visitors per 
week/month/total. 

B) Number of bookings in the camping (and the number of bookings in different categories 
such as “Apartment 22 square meters” or “Camping spot with electricity”) 

C) The name, date and number of visitors booked to events (in example local high schools 
celebrating the ninth graders graduation or trade unions inviting their members). 

D) New attractions per year (for example a big water slide) 
E) The date and type of any concerts 
F) Marketing costs 
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G) The price of single tickets, season tickets, go-kart tickets, number of season tickets sold 
and the average number of times a season ticket owner visited the park for the years. 

 
Accuracy 
Likely issues with accuracy were found for A) (visitors to the park) at the following dates: 
2010-05-27 (8 visitors), 2011-06-01 (4 visitors), 2011-06-02 (8 visitors) and 2012-08-30 (4 
visitors). It is not realistic that there would only be four or eight visitors in the park, when apart 
from these dates, the lowest number of visitors is 187 and the average number of visitors is 3656. 
 
Completeness 
D), E), F), G) and H) were missing from the years 2010, 2011 and 2012. 
 
The subcategories in B), camping bookings was missing for the year 2015. Only total number of 
campground and cabin bookings were available for that year. 
 
Consistency 
The subcategories in B), camping bookings have different names in the years 2010-2015 from that 
of 2016 and forward. 
 
The number of visitors during special events, C), was not present in the years 2010-2012. Only 
the name of the event could be read at those years.  
 
Timeliness 
No issues were found with timeliness.  
 
Uniqueness 
No duplicates were found. 
 
Validity 
No issues were found with the validity. 

Weather data 
Weather data was acquired from SMHI in six different Excel files covering: atmospheric pressure 
(Hällum), wind strength (Hällum), temperature at 06:00 and 18:00 (Remningstorp), total rainfall 
per day (Skara and Remningstorp) and rainfall per hour per day (Hällum). 
 
Accuracy 
Atmospheric pressure, wind strength, temperature and rain have the following quality codes: 
 
● G: Checked and approved values. 
● Y: Suspected or aggregated values. Roughly controlled archive data and uncontrolled real-

time data (last 2 hours). 
 
Most of the readings had the ‘G’ quality code, meaning fully reliable data. However, the following 
‘Y’-marked readings were found in the relevant dates and hours: 
 
● Atmospheric pressure: Entire June and July in 2010 as well as 2013-08-05 at 14:00 
● Rainfall (Hällum): Entire 2010, 2011 and 2012 season plus 2016-06-08 at 14:00. 
● Rainfall (Skara): Every reading since 2013 
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● Wind strength: Entire June and July in 2010 as well as 2013-08-05 at 14:00 and 2015-06-
29 at 11:00 

 
Cloud cover have the following quality codes: 
 
● G: Checked and approved values. 
● R: Suspected / erroneous data or data coming from a transducer with a maximum 

measuring height of 3800 m. It misses clouds at higher altitude, which gives an uncertain 
measurement value in general. 

 
Each reading in June and July in 2010 were marked with ‘R’. 
 
Another issue with the accuracy of the weather data is that all readings were performed 9 - 35 km 
from the park. 
 
Completeness 
100% of the dates and hours looked at had data. 
 
Consistency 
All the data were consistent. 
 
Timeliness 
Rain (Skara) and rain (Remningstorp) was measured per day. Rain during the night likely affects 
the number of visitors less than rain during the park’s opening hours and hence the timeliness of 
the rain at those weather stations cannot be guaranteed. 
 
Uniqueness 
No duplicates were found. 
 
Validity 
All the data followed the same format as related data (in example, all rain data was measured in 
millimeters with one decimal of accuracy.  

4.3 Data Preparation 
In the following section the results of the data preparation phase are presented and discussed. 

4.3.1 Select data 
Below follows which data was selected for the final data set and a rationale for why they were 
selected or not. 
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Rationale for inclusion/exclusion 
The data that will be used in the modelling stage are: 
 
Organizational data 
● Number of visitors (dependent variable) 
● Number of bookings in the camping 

 
Date data 
● Day 
● Weekday 
● Week number 
● Month 

 
Weather data 
● Temperature 06:00 (Remningstorp) 
● Temperature 18:00 (Remningstorp) 
● Rain yes or no? (Hällum) 
● Rain millimeters whole day (Skara) 
● Cloud cover (Hällum) 
● Atmospheric pressure (Hällum) 
● Wind strength (Hällum) 

 
Constructed data 
● SMA 
● Days with rain in a row (Hällum) 
● Days without rain in a row (Hällum) 

 
Rationale: all of the above variables have through probability functions or linear regression proven 
to have some correlation with the number of visitors. 
 
Rain yes or no? (Hällum) was chosen because that was the only weather station with data at the 
opening hours only. Even though that weather station is further away than the other two, it made 
more sense to use data from the park’s opening hours as that is what will be used in production. 
 
Days with rain in a row and without rain in a row are variables derived from “Rain yes or no?” 
and hence Hällum was used for those variables as well. 
 
The following data was excluded: 
 
Organizational data 
● All the subcategories for campsites and cabins 

 
Rationale: as described in the ‘Data quality report’, there are different nomenclature of the 
different cabins and campsites between 2010 - 2015 and 2016 - 2017. Also, in the year 2015, only 
data on the total number of campgrounds and cabins can be read. For these reasons, a decision was 
made to aggregate all the subcategories into one variable, “Accommodation Total”. 
 
Date data 
● Year 
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Rationale: the same year never reoccurs, hence whatever yearly pattern occurred in 2010 does not 
affect 2018. 
 
Weather data 
● Rain in millimeters per day per hour (Hällum) (but the variables ‘Rain?’, ‘With_Rain’ and 

‘Without_Rain’ which were derived from this variable were included) 
● Rain in millimeters per day (Remningstorp) 

 
Rationale: Rain in millimeters proved to have the strongest correlation with the weather station in 
Skara. 

4.3.2 Clean data 
In the data obtained via SMHI services, no action has been required in the form of estimation of 
missing data. 
 
Based on the Mahalanobis distance analysis, 12 outlier rows were detected and deleted from the 
data set. 
 
By removing rows which included a date with a concert or other special event, 16 rows were 
deleted from the data set. 

4.3.3 Construct data 
In the final data set, there are four variables that can be considered to be constructed from the 
original data set. These four are - Accommodation Total, With_Rain, Without_Rain, and SMA. 
 
Accommodation in total 
As described in Section 4.2.4, there was a quality problem with subcategories lacking observations 
or having different names. However, there were summaries that could be used reliably for all the 
years. An assessment was made that the predictions from the network would not really be affected 
in large measure if it was a matter of a person having a cabin or a tent. Consequently, this variable 
was constructed which sums up all visitors to the campsite. 
 
Without_Rain / With_Rain 
These two variables are simple in their design and the rule they base on is simply that if it is raining 
one day, the value of the variable Without_Rain is set to zero and the value of the variable 
With_Rain is increased by one. Should the weather switch to sun the day after, then the value of 
the variable With_Rain returns to zero again and the value of Without_Rain increases 
one by one. 
 
SMA 
This variable is another type of indicator that looks at the moving average of the number of visitors 
in the past four days. The reason behind this is that there are periods in the summer that are stronger 
than others and the sliding moving average (SMA) - the last 4 days - indicate whether it is a 
"strong" or "weak" week seen from the number visitors. Stronger and weaker periods will also be 
captured with variables such as week numbers, but this variable is intended to reinforce the effect 
of a strong week or a weak week. 
 
 



 46 

Air pressure and Wind Source  
These two variables consist of transformed values from existing values. The values for both these 
variables are taken from measurements performed by SMHI. What the project group specifically 
did, however, is to take all measurement points during each day and sum them up and then make 
an average estimate of what air pressure and wind strength were for the day. Both variables are 
thus derived from the majority of measurement points during the day, unlike for example 
temperature where two measuring points from each day are used (morning and evening 
temperature). 
 
Rain 
The exploratory analysis showed that rain measured in millimeters did not have a strong linear 
relationship with the number of visitors. However, an interesting difference could be seen in 
probability density functions for days that had rain and those who had no rainfall (Figure 17). Days 
without rain have a significantly higher probability of getting more than 5000 visitors. This is 
saved as a derived variable where rain is made into a category with two levels: "rain" and "no 
rain". 

4.3.4 Integrate data 
All the data that was going to be included in the final data set was merged together into one, larger 
data set. The rows were joined at the variable “Date”. The dependent variable, which the different 
correlations are calculated against, is “Visitors”. 
 

 Rain_mm Temp_06 Temp_18 Cloud Wind str. Atmos. pressure 

Min 0 6,2 8,8 0 0 992,90 

Max 24 21,6 27,4 100 13,5 1030,30 

Avg. 2,70 14,19 17,31 44,11 3,65 1012,08 

Std. 5,31 2,53 3,30 26,9 2,4 6,3 

Correlation -0,20 0,46 0,53 -0,33 -0,07 0,28 

Table 3. The weather data that was inserted into the final data set. 
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 Visitors 

Min 126 

Max 14005 

Avg. 3652,45 

Std. 2504 

Correlation 1 

Table 4. The unaltered business data that was inserted into the final data set. 
 

 Rain? With_Rain Without_Rain Campsite_Total SMA 

Min 0 0 0 0 4 

Max 1 5 28 845 9700 

Avg. 0,28 0,45 3,69 310,31 3572,00 

Std. 0,45 0,83 5,03 200,35 2157,40 

Correlation -0,30 -0,16 0,22 0,78 0,69 

Table 5. The constructed variables that were inserted into the final data set. 
 

 Weekday Week Month Year 

Min 1 (Monday) 20 5 2010 

Max 7 (Sunday) 33 8 2017 

Avg. 4,10 28,05 6,91 2013,70 

Std. 2,02 3,18 0,78 7,72 

Correlation 0,02 0,41 0,36 -0,07 

Table 6. The date variables that were inserted into the final data set. 

4.3.5 Format data 
The only action the project group needed to do with the data provided by SHMI was to adjust 
decimal characters to decimal points in some cases to handle different forms of readings. Week 
days and months were transformed to numbers (so that in example, Monday turned into 1, Sunday 
to 7 and June to 6). 
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Original value Recoded value Original value 

 
Recoded value 

Weekdays Months 

Monday 1 May 5 

Tuesday 2 June 6 

Wednesday 3 July 7 

Thursday 4 August 8 

Friday 5  

Saturday 6 

Sunday 7 

 
Table 7. How weekdays and months were re-coded. 

4.4 Modeling 
In the section below, the results from the modeling phase are presented as and discussed.  

4.4.1 Select modeling technique 
The basic assumption made for the model is that it should be able to handle continuous data and 
make predictions using regression. The dependent variable will be the number of visitors and a 
number of independent variables that are both continuous and categorical will be used. 
 
The main course is to develop an artificial neural network and multiple linear regression. 
Comparison between these two models is supposed to determine which algorithm is best suited to 
be included in the decision support system to be built for Skara Sommarland. 

4.4.2 Generate test design 
Against the theoretical background, the project group will use the holdout method with 10-fold 
cross-validation to test the models. 
 
The main way of comparing the model’s results will be mean absolute error (MAE). 

4.4.3 Build Model 
Each regression model was developed through the holdout method. The completed models were 
then tested with 10-fold cross validation and it is at this value that hypotest tests were made to 
determine whether there were significant differences. 
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Multiple Linear Regression 
With the critical value of Pearson correlation technique, the variables “Year”, “Week day” and 
“Wind Strength” were found to lack linear correlation and were subsequently removed from the 
data set. 
 
In the correlation matrix, it could be found that the variables “Month” and “Week number” had a 
strong correlation with each other (0,925), and hence the variable of the two that had the weakest 
correlation with the dependent variable “Visitors” was removed; “Month”. 
 
The result of the Durbin-Watson test was 1,535. Since this is near 2 (which means no 
autocorrelation is present), this resulted in a decision that the autocorrelation would not be an issue. 
 
As can be seen in the scale plot (Figure 23) the variance is equivalent along the regression line - 
and hence the homoscedasticity can be considered acceptable. 

 
Figure 23. The scale-location plot shows equivalent variance along the dependent variable. 

 
The multiple regression model was built using forward selection and ran eight times before 
discovering the optimal combination of independent variables. The variables that ended up being 
used with the multiple linear regression are: 
 
● Campsite_Total 
● SMA 
● Cloud cover 
● Week number 
● Rain mm 
● Temperatur 18:00 
● Rain? 

Artificial Neural Network 
The grid search was performed during a relatively long time; it took about a week of grid search 
runs to find the best-performing combination of parameters. 
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The result of the grid search to find the best hyperparameters is shown in table 8 below. 
 

Epoch/batch Optimizer Learning 
Rate/Decay 

Kernel Initializer Activation functions Dropout 
Rate 

Neurons Beta1/Beta2 

2000/15 Adam 0,05/0,05 He_normal Hard_Sigmoid / 
Softplus 

0,1 300 0,89/0,99 

Table 8. Summary of the optimal hyperparameters that were generated with grid search. 
 
The network architecture used had a total of three layers: an input layer, a hidden layer and an 
output layer. All variables selected in section 4.3.1 and their factor levels were used on the network 
and totaled 73 variables used in the final design, the first layer consisted of 300 nodes. The first 
deep layer had 150 nodes of weights and the finished output layer had a node. 

4.4.4 Assess model 
The ANN performed better than the MLR. The ANN had a MAE of 737 and the MLR had a MAE 
of 856. 
 
Below is a representation of one holdout set consisting of 113 random days. In the holdout set, 
both ANN and MLR were used and compared to the actual number of visitors. In this particular 
holdout set, the ANN had a MAE of 845 and the MLR had a MAE of 849. The method of 
evaluating MAE was to use a 10-Fold-Cross Validation (meaning taking the average MAE of 10 
different runs). This means that the graph does not show the same significance in MAE-difference 
between the two models as the final MAE. 
 

 
Figure 24. The result of one holdout set with ANN and MLR against the actual number of visitors. The holdout set 

consists of 113 random days. 
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4.5 Evaluation 
In the following section the results of the evaluation phase are presented and discussed.  

4.5.1 Evaluate results 
The accuracy of the ANN was 79,82% or roughly 80%. This means that the accuracy was almost 
exactly what was aimed for in the data mining goal. The MLR achieved an accuracy of 76,56% 
and hence also almost reached the data mining goal. 
 
As the management believed that they could perform better personnel allocation with 80% 
accuracy, the ANN could be seen to have capability to solve the business problem. 
 
The ANN can be seen as an acceptable and approved model since the datamining goal was reached. 
Meanwhile, the MLR falls short of the data mining goal and therefore the business objective. 

4.5.2 Review process 
All variables chosen by the models will likely be available for future use, either through API 
implementation or manual entry. The reason behind this claim is that data is gathered either from 
Skara Sommarland itself, from SMHI (which is a government-funded institute since more than 50 
years) and derived from time variables. 
 
MLR performed exceptionally bad at days that had zero campers and days in weeks of the high 
season (the MAE was 1905 for days without residents in the campsite and 1186 MAE for days in 
week 30). This could be because the days without any residents in the campsite likely means that 
the campsite is closed. If it is closed, visitors who would have stayed in the campsite if it was open 
could instead stay at nearby hotels. Hence, those visitors will not be taken into account in the MLR 
since they come from nearby hotels and not the campsite. The ANN however, might be able to see 
that zero residents in the campsite is an exception to the otherwise linear relationship between 
visitors and residents in the campsite. 

4.5.3 Determine next steps 
Since the ANN had a better MAE than MLR, and since ANN was the only of the two models that 
could be seen as achieving the data mining goal, a decision was made to continue with the project 
using ANN as the prediction model. 
 
The next step in the project was set to developing an interface in which the management could see 
the predictions produced by the ANN, as per the business goal. 

4.6 Deployment 
Deployment is the final phase of CRISP-DM in which the model was made available for the 
management to use. 

4.6.1 Plan deployment 
In discussion with Skara Sommarland, the project group decided that the most efficient way to 
propagate the the data mining results to the management at the park would be to develop a web 
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interface. The management and any other users they invite should be able to log into the interface 
on a daily basis and see the predicted number of visitors for the days to come. 
 
In addition to seeing the number of visitors, a weather forecast for the coming seven days will be 
implemented in the interface so that the users can quickly get explanatory data for the forecasts 
(since weather data is a big portion of the variables used in the predictions). 
 
Finally, some sort of admin interface should be developed to give the management control over 
who can see the forecasts. 
 
To store current and future data, a SQL database will be developed. The database will first be 
populated with all the data that has been used to model the ANN. Afterwards, an application 
programming interface (API) will be implemented to continuously gather forecast weather data 
from SMHI. A request to be integrated with Skara Sommarland’s booking system was denied and 
hence the data on daily visitors (to derive the SMA variable) and bookings must be entered 
manually on a daily basis. An interface for this activity should be developed. 
 
The SQL database will also hold information about users (login, password and role - 
user/admin/superadmin). 
 
A script will be created to autonomously run the ANN on a daily basis with the data for 1-10 days 
to come and the outputs should be added to the database. 

4.6.2 Plan monitoring and maintenance 
To make sure that data is accurately acquired to the database, a review of weather data should be 
performed every week. Additionally, the result of number of daily visitors must be entered 
manually every day in order to maintain the SMA variable. If, for any reason, Skara Sommarland 
does not provide the project group with the number of daily visitors, the SMA for the previous day 
could be entered as an emergency solution. 
 
Skara Sommarland has agreed to enter bookings in the campsite every day in the interface. This is 
an elementary activity in order to feed the network with data on the campsite (which has proven 
to be one of the variables correlating strongest with the number of visitors). 
 
The initial intended lifespan of the project is the season of 2018, which continues from early june 
until the end of August. After this period, the networks performance will be evaluated, and any 
necessary improvements will be made. 
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4.6.3 Produce final report 
In the final report, the finished system is presented. 

Data management components 
The data management system was comprised of a MySQL database with four tables (Figure 25). 
The table "User_Data" contains usernames in the form of email addresses and passwords required 
to log in to the interface, account type that gives users different rights in the user interface (user, 
admin and superadmin) as well as first and last name. 
 
The Predictions table stores the predictions that the regression model calculates with the date of 
prediction. 
 
The "Training_Data" and "Prediction_Data" tables contain all the data used by the ANN, with the 
difference that "Prediction_Data" does not have a column for number of visitors. Visitors are 
stored in "Training_Data" and are used to train the algorithm as more information is collected, 
thus containing only historical data points. 
 
The "Prediction_Data" table has the same independent variables as the Training_Data table, but 
instead, it stores future weather values (temperature, rainfall in millimeters, rainfall yes/no, air 
pressure and wind speed), and number of bookings on the campsite and derived variables. It is this 
information that is used when the regression model (which is trained on Training_Data) is used to 
predict future visitors. 
 

 
Figure 25. The tables that are created in the system databases. 

The Model Management-Component 
The model management system is the quantitative model that uses data to produce the decision 
support that is then displayed in the user interface. This part consists of the ANN algorithm 
developed in Python (4.4.3). 
 
It is thus from the Predictions table in the database that these numbers are retrieved. Important 
libraries and frameworks used for the code running in the background are Keras, Tensorflow, 
Pandas, Numpy and Sklearn for regression models, Pymysql for data connections, and Datetime 
and Time for managing dates. In order to create the APIs against SMHI data sources, the Request 
and JSON parsing library were used, and for writing server code (if needed), the Flask framework 
was used. 
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Python was chosen as a language for deployment of the Neural Network because it has - or 
supports - some of the most advanced machine learning libraries (Keras, Tensorflow, PyTorch), 
strong support for Pandas, Numpy and Sklearn computing, and the Flask framework to bind 
together model code with server. 
 
This component consists mainly of two files. The second "Training script" that uses historical data 
from the database to develop a trained algorithm stored in the form of a model file; and the 
"Prediction script" that uses the model file as well as future data from the "Prediciton_Data" table 
to estimate future values for the number of visitors (stored in the Predictions table and displayed 
in the interface). 
 
In order for the regression model to be able to evolve and predict automatically, several application 
programming interfaces have been programmed between the system's internal database and SMHI, 
providing a comprehensive data base for weather-related data collection. The organizational 
variables used (number of visitors to the park as dependent variable and number of bookings in 
the campsite as independent variable) are collected in the database by staff at the company via the 
user interface, as they did not have the opportunity to let the project group get direct access to the 
company databases. The database also contains triggers that generate derived variables (“SMA”, 
“Rainfall” and “Rain?) (Figure 26). 
 

 
Figure 26. Data collection and the data’s main use. 

 
There are also a number of supporting files in the system. "Initial_load.py" which empties the 
Training_Data table on tuples and uploads new training data from a CSV file. In the event of an 
error in the database, all training data is saved as a .csv file once a month, thus making a backup 
source. 

User interface 
The interface that was developed to allow users to interact with the decision support system was 
developed with a bootstrap theme as the basis and links between front and database were made 
with the Node.js programming language. 
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The interface consists of five different parts. When the user is browsing the domain referring to 
the system, a login menu appears (see Figure 27) where the user can enter username and password. 
Upon successful login, the user is redirected to "Dashboard", which is the index page. 
 

 
Figure 27. The login page. 

 
The dashboard shows a line chart for the model's forecast for the number of visitors expected to 
come to the park 10 days ahead. At the top of the page there are also weather forecasts for a week 
ahead based on the values retrieved from SMHI (see Figure 28). 
 

 
Figure 28. The dashboard’s upper part. 
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The line chart shows forecasts for 10 days in advance (see Figure 29). The data reported is retrieved 
from the "Predictions" table that stores the values from the regression model running in the script 
"Prediction script". 
 

 
Figure 29. The line graph on the dashboard page. 

 
The "Profile" page contains information about the user account. Here one can change one’s name, 
password and see one’s rights (See Figure 30). 
 

  
Figure 30. The profile page. 
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On the "Users" page, one can add more accounts and assign permissions if one has an admin or 
superadmin account (see Figure 31). 
 

 
Figure 31. Create new user accounts. 

 
Finally, there is a section where one can read about how the decision support system works and 
what algorithm it is based on. There is also an area "Enter data" where there Skara Sommarland 
staff can enter campground bookings for predictions to be made. 
 

 
Figure 32. In the interface, Skara Sommarland may enter data when it becomes available. 
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Finally, below is a schematic view of the components that make up the user interface (see Figure 
33). 
 
 

 
Figure 33. Site Map for the front of the system. 

 

4.6.4 Review project 
During the project different lessons have been learned by the project group. Following are insights 
that could be valuable for future projects.  
● The importance of high quality data from the very start - During the project, many 

unnecessary hours were spent on repeating data cleaning and collection due to incomplete 
data from sources and the demand for more data as a result of new ideas. This could have 
been avoided by planning the data collection process better. 

● Do a thorough initial assessment of tools and techniques. In the middle of the project we 
had to move from our initial cloud platform (PythonAnywhere) to Google Cloud because 
Node.js code could not be hosted on the first platform. This took unnecessary time and 
resources. 

● Another insight gained is the need for a full understanding of the tools and techniques that 
are to be used. During the project, the models have had to be refined due to lack of initial 
knowledge of basic concepts and ideas.  
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5. Concluding Remarks and Future Direction for Research and 
Development 
We wanted to design a decision support system that could make predictions based on regression. 
After studying a number of scientific articles regarding regression models, the hypothesis was that 
an ANN could be a good model which could outperform MLR and be used in the system. A model 
evaluation has been described in section 4.4.4 and this evaluation showed that ANN was the best 
model for the selected area. 

5.1 The Performance of Our Artificial Neural Network 
Our initial hypothesis, that the ANN will outperform the MLR, was found to be correct. The ANN 
falls short of the data mining goal by just 0,18% and because of this small difference, can be 
viewed as reaching the goals. The result is somewhat lower than what was achieved by Law 
(1998), but in that article, a data set comprised by only 23 rows was used in comparison to this 
project’s 562 rows. Furthermore, the evaluation in the study has been done with 10 randomly 
selected rows (which consisted of a sample). In our work, average values of 10-fold cross 
validation have been used, which together contain all data, and this minimizes the risk that special 
divisions between the training and test sets are particularly beneficial (or disadvantageous) for 
regression models. 
 
Against this background, we speculate that the data set used by Law (1998) is far too simple and 
that the models he used may have been overtrained by the limited training set used. 
 
In conclusion, Law (1998) uses independent variables such as "number of visitors" in one year and 
"number of hotels" and "number of hotel rooms". These are variables that could not be used in real 
use of a regression model to predict the number of rented hotel rooms because this data can only 
be collected when the percent rented hotel rooms are already history instead of forecast. 
 
Restrictions in the material produced are that the choice of hyperparameters had a major impact 
on network performance and in order to get the best possible model, grid search has been used. 
However, there is a risk that there may have been better combinations because grid search has 
been run incrementally with a small selection of available parameters, so it would not take too 
long (> 10 hours / run). Furthermore, the project group did not have the resources to complement 
the grid search, which was done by also searching for independent variables and testing all 
combinations of input variables in the network. There is a risk that there were other combinations 
that could have had given better results. 

5.2 Evaluating the Multiple Linear Regression 
Some results generated by the MLR have been questionable. When analysing data from the MLR 
we found that days where the campsite was closed but the park was open had very poor predictions 
(no days without campsite bookings predictions went below the MAE). The campsite being closed 
is infrequent but does after all sometimes happen in the beginning and end of the season. This 
finding has several consequences, first, the MLR model is unreliable when predicting the the actual 
number of visitors when the camping is closed. Second this means that if these days where 
removed when creating the model, the MLR model would most likely perform better. Also, 
removing these results when calculating the MAE would improve the MAE score. To improve the 
MRL model, separate models could be developed to handle abnormalities, thus perhaps making it 
possible to create models that would compare to the ANN in terms of accuracy. Similar patterns 
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where the MLR was found inaccurate were days with high numbers of visitors, likely caused by 
the week numbers data column not being linear since the peak of visitors is in the middle of the 
summer. Possible solutions could be to re-organize the week number data and creating an ordinal 
data column where low season weeks have a low number and vice versa. 

5.3 Future Improvements 
As MLR was found to perform poorly on days without campsite bookings and/or during certain 
weeks (in particular week 29-31 which make up the peak season), it would be interesting to see if 
a better MAE could be achieved by combining different models to predict different days based on 
what the variables are. In example, if the number of campsite bookings for a particular day is zero 
(either because the campsite is closed or because this number have not yet been entered manually 
into the system), the ANN model could be applied. If another day is during low season and has 
campsite bookings, MLR could be applied. 
 
Furthermore, more variables could be used in training the prediction model such as Google trends, 
weather forecasts, season tickets sold and events nearby the park. 
 
Google trends data was collected and a Pearsons correlation analysis was performed which showed 
that the total number of searches for “Skara Sommarland” aggregated 0-13 days before any certain 
day had a correlation of 0,67 to the dependent variable “Visitors”. This idea was born at the very 
end of the project and unfortunately there was not enough time to add the variable to the different 
models (mainly because the ANN would have had to been readjusted with another grid search). 
 
Weather forecasts (in example the rainfall predicted five days ahead) could potentially have a 
strong correlation with visitors who come from far away and have to plan the trip in advance. This 
data is possible to acquire from SMHI, but the institute estimated that it would cost upwards of 
15,000 SEK to acquire and this stopped us from using that data. In the future, however, forecast 
data could possibly be bought and implemented. Since the implementation of the decision support 
system, forecast data is saved into the database to make such an implementation cheaper and easier 
in the future. 
 
The number of season tickets sold could be another interesting variable. From 2013-2017 the 
number of season tickets sold has increased from 4000 to 9500. According to Skara Sommarland, 
the average season ticket holder visits the park 4,6 times and so the number of season tickets sold 
should realistically affect the number of visitors to the park. 
 
Another variable, that could have a strong correlation with the number of visitors to the park, are 
other nearby events. Skara Sommarland is located in Axvall, which is a small municipality and 
when there is a nearby event it is likely that attendees of that event also visit the water park (as it 
is the main attraction in the area). For example, in section 5.2.3, it can be seen that week 30 stands 
out as the week with most visitors on average. This could be because week 30 makes up the 
absolute peak season, but interestingly, there is also a big trotting race happening only about one 
kilometer from Skara Sommarland during that particular week, which attracts around 30,000 
people yearly (Storchampionatet 2018). 
 
An option that could be further investigated may be to handle the data set as a time series and 
estimate the number of visitors with a so-called "time series". Recurrent Neural Network (RNN) 
not only predicts based on independent variables but also uses the change of previous values in 
the dependent variable as part of the deposit data (Lipton, Berkowitz & Elkan 2015; 
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Samarawickrama & Fernando 2017). Finally, it would be interesting to test more prediction 
models such as Random Forest and Polynomial Multiple Linear Regression as well as other well-
known models.  

5.4 Conclusion 
It would be interesting to conduct further research with regards to testing different models and 
inserting more variables into the data set. However, with the backing of this thesis, ANN can be 
considered a good prediction model for this particular scenario. Even though the ANN fell short 
from the data mining goal, it was only by 0,18% and we therefore consider it as a success. We 
believe that the IT artefact produced in this thesis will be able to reach the business goal and allow 
Skara Sommarland to allocate the right amount of personnel more accurately in the future. 
 
Since the data used in this project is mostly generic (weather data and date data), with the exception 
of visitors to the campsite, we believe that this research could be used to develop decision support 
systems to other amusement parks which are similar to Skara Sommarland. 
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