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ABSTRACT 
 
 
Warranty is a contract between a seller and a buyer. A warranty is also a signal for quality that can be 
utilized both by the seller and the customer. Even though the warranty is mainly something that is 
positive, a warranty also incurs risk to the warranty provider. The warranty cost can range from 2 -
15% of the net sales of a product which means that the warranty cost could potentially affect the 
company a lot. In order to handle such a risk, forecasting is a necessary tool. Forecasting is no exact 
science, and it’s impossible to forecast the exact future value due to uncertainty. Factors such as the 
quality of the product affect the cost of the claims, but unpredictable factors such as fraud, human 
factors and sales delay must also be considered. Forecasting error affects the warranty provider 
because the forecast sets the warranty reserve, which should cover the costs of the warranty claims. 
Overestimations and underestimations of the reserve have negative consequences for the company. 
The purpose of this study is to forecast a warranty reserve using a quantitative approach, in order to 
gain insight in to which model that could be best suited for complex products. The models that have 
been tested originate from causal and time-series methods, where the models tested consider different 
aspects of the data. The primary data used comes from archive data and to determine the forecast 
error, error measurements have been utilized. The time series method exponential smoothing Holt’s-
Winter’s method was the one that performed best considering the error measurements. From the 
models tested, it has been shown that a more complex model does not necessarily mean a more 
accurate result. To be able to decrease the forecasting errors, a model considering unpredictable 
factors such as fraud could be the answer which makes it interesting to investigate.  	
	
Keywords: Warranty reserve, agency theory, time series, causal methods	
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SAMMANFATTNING 
 
Garanti är ett kontrakt mellan en säljare och en köpare. En garanti används också för att signalera 
kvalitet vilket kan vara användbart för både säljaren och kunden. Även då garanti främst är något 
positivt innebär garanti också en risk för den som erbjuder garantier då kostanden att erbjuda garanti 
kan sträcka sig mellan 2–15% av nettoresultatet av försäljningen va en produkt vilket betyder att 
garanti kan påverka företaget mycket. Man använder sig av prognostiseringar för att kunna hantera 
den risken garantin bär med sig. Prognostisering är svårt och det är omöjligt att prognostisera det 
exakta framtida värdet på grund utav osäkerhet. Faktorer så som kvaliteten av produkten påverkar 
antalet och kostnaderna på garantianspråken men oförutsägbara faktorer såsom bedrägeri, mänskliga 
beteenden och fördröjning av försäljning av produkter måste också tas i akt. Prognostiseringsfel 
påverkar den part som erbjuder garantin då prognosen används för att lägga undan monetära medel till 
garantireserven för att täcka garantianspråk. Underestimat och överestimat har negativa konsekvenser 
för företaget. Ändamålet med denna studie är att prognostisera garantireserven med hjälp av 
kvantitativa metoder för att få en inblick i vilka modeller som fungerar bra för en komplex produkt. 
Modeller som har testat kommer från tidsserie metoder och kausala metoder, då de olika metoderna tar 
hänsyn till olika aspekter i data. Primärdata som används kommer från arkivdata och för att kunna 
bestämma felen på de prognoser som gjorts används fel mått. Tidsserie metoden exponential 
smoothing Holt’s-Winter’s var den som gav bäst resultat på fel måtten. Resultatet av modellerna som 
testats visar på att en mer komplex modell inte behöver vara den som ger bäst resultat. För att kunna 
minska på prognostiseringsfelen kan en modell som tar hänsyn till oförutsägbara faktorer så som 
bedrägeri vara lösningen vilket är en intressant sak att undersöka.    
	
Nyckelord: Garantireserv, agentteorin, tidsserie metoder, kausala metoder	
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1 INTRODUCTION 
 
In this chapter, an introduction of the subject and the problem studied are given.  The background is 
described, and the problem is discussed. The purpose of the study is presented as well as the 
delimitations. 
 

1.1 Background  
 
In the world today, companies have to deal with several difficulties such as technologies that change 
fast, strong competitors, global businesses, similar products on the market and well-informed customers. 
All these factors make it harder for all parties involved to take the right decisions according to Murthy 
and Djamaludin (2002). When a buyer is comparing products from different brands, important variables 
for the decision are price, quality and reliability of the product (Murthy and Djamaludin, 2002).	
	
Arkelof (1970) describes that in a market of lemons where the information is asymmetric, meaning that 
the seller has perfect information and the customer has limited information, a good product and a bad 
product would be sold for the same price because the customer cannot distinguish a good product from 
a bad one. This would according to Arkelof (1970), make the customers willing to pay more than what 
a bad product is worth but not as much as what a good product is worth because the product may be 
good or it can be bad. In a market like this, there will only be bad quality products since the 
manufacturers aren't willing to sell a good product for less than its value (Akerlof, 1970). To solve this 
problem manufacturer can offer warranties to give the customer a signal of what quality the product has. 
A warranty gives the product credibility because a company with better quality can offer a better 
warranty than those with poor quality and the reason for this is that poor quality would cost the company 
too much. This means that warranties give the customer security in a market of lemons and when there 
is asymmetric information between the customer and the seller (Akerlof, 1970).	
	
A warranty is a contract between the seller and the customer which starts when the product is being sold 
(Wu, 2012). The warranty describes the quality guaranteed and delivers compensation if the product 
would fail within the warranty requirements (Vintr and Vintr, 2007). Since warranty concerns price, 
quality and reliability it can be the deal breaker for customers when choosing a product (Wu, 2012). The 
guarantee that a warranty gives is important in certain market structures where the product price is high, 
customer experience is low and when the expectations on the service and quality are high which is the 
case in B2B markets. Few studies have been done concerning warranty and the B2B market but it's clear 
that customers in such markets are willing to pay much more for a guaranteed service if something 
would happen to the product they have bought (McColl et al., 2018). In the B2B market, it's also 
important to consider what the warranty is including regarding requirements and the compensation since 
it should reflect an understanding of the consequences of a failure which goes beyond the service cost. 
The warranty has to be created together with customers inputs since it has to be relevant and give value 
to the customer. If the service provider would fail to deliver the promised compensation it could be 
consequences beyond the value of lost money (McColl et al., 2018).	
	
It is important for companies to offer a warranty on its products to be able to compete with competitors 
and to afford this, companies have to put aside money to be able to pay for the cost for the warranty they 
are offering. To do that, they need to predict the warranty costs, which is hard, and they can never reach 
100% accuracy in their predictions. The warranty cost can affect the company and its profit a lot. It is 
therefore very important to have a good estimation of the warranty cost (Wang et al., 2017). A bad 
warranty prediction can lead to underestimation or overestimation of the warranty reserve. 
Overestimating leads to opportunity costs and underestimation would require the use of emergency 
funds (Gurgur, 2011). Because the warranty reserve is meant to cover the cost of product failure, it can 
be seen as a contingent liability. This means that if the company has one 1 dollar of liability, the value 
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of the company is reduced by one dollar (Cohen et al., 2011). However, to further explain what costs 
that can occur when managing a warranty reserve Gurgur (2011) have found three costs which are 
directly connected to warranty reserve and how well the reserve is forecasted.	
	
Gurgur (2011) means that if the reserve gets depleted, the company has to pay interest to obtain the 
emergency reserve in order to fund product failures.  He further explains that if the reserve contains an 
excess balance, the warranty reserve incurs an opportunity cost in form of lost interest. Gurgur (2011) 
also explains the reasons companies want outflow instead of inflow into the fund during the fiscal year. 
According to him, it is because if an inflow occurs during the year, then the warranty expense is higher 
than expected and having a higher warranty expense than expected could mean that the product has 
deteriorated in quality which could lead to customer trust loss. A higher warranty expense can also have 
a negative effect in the capital markets, because the company’s earnings will be reduced, thus only one 
inflow of cash into the warranty fund is desirable according to Gurgur (2011).	

1.2 Problem description  
 
It's important to offer a warranty to the customers to signal the quality of the product and to compete 
with competitors but to offer a warranty isn't easy.  The warranty cost depends on the product reliability 
which for a product with high reliability is low. A product that has no failures and high reliability needs 
much testing which is costly, and the price of the product would be high but with no testing, the product 
would have many claims and high warranty costs which also would lead to a higher product price 
(Huang et al., 2007). Therefore, every company is searching for the best relationship between reliability, 
testing and price of the product that maximizes the profit (DeCroix, 1999).	
	
To determine the reliability of a product the quality needs to be evaluated. But as products in general 
are becoming more complex, the overall quality evaluation becomes a problem. A complex product can 
have over 7000 parts that interact with each other and every part needs to be evaluated (Huang et al., 
2007; Rai and Singh, 2005). Different kinds of failures can occur when a product is in use. Fatal failures, 
intermittent failures, soft failures and manufacturing failures can all have a different impact on the 
warranty costs (Wu, 2011; Rai and Singh, 2004). Warranty claims that are of the type non-fail but 
reported (NFBR) or failed but not reported (FBNR) are claims which are caused by the customer 
behaviour and can affect the cost of warranty in different ways (Wu, 2013). Sales delay is another 
problem that can have big impacts on the performance of the product and the warranty costs since the 
likelihood of claims increases when the sales delay increases, it's therefore important to know when the 
product is sold (Chen et al., 2017; Dorabati et al., 2018). 
	
As mentioned, a warranty is a contract between the seller and the customer (Wu, 2012). But sometimes 
the seller is not the issuer of the warranty. Instead, it is the manufacturer that is the issuer of the warranty. 
This means customers get their product warranty from the manufacturer and not by the seller (Kurvinen 
et al., 2016).  From a warranty standpoint a situation like this can lead to certain problems, because the 
dealer and the manufacturer have different goals with the warranty policy according to Kurvinen et al., 
(2016). From the manufacturer's standpoint, the warranty policy is a necessary evil which they in the 
best of world’s do not want to have but needs in order to compete and vouch for the quality of the 
product. The manufacturers, therefore, want to minimize the use of the warranty to minimize their costs. 
The dealer's goal, on the other hand, is to maximize their profits of the service provided, which can lead 
to exploiting of the warranty policy to get pleased customers and increase profit. A situation where two 
entities work together but with different desired goals is what economists and other scholars call the 
agency problem and originate from the agency theory (Eisenhardt, 1989).	
	
By using historical data to predict the future, companies can plan and set aside funds to the warranty 
reserve. Forecasting overall is hard since they never can reach 100% accuracy. Factors that influence 
the future costs have to be found, in order to be able to explain behaviours and relationships between 
variables (Chopra and Meindl, 2016). The fact that products change over time makes it hard to forecast 
the warranty reserve. What also makes forecasting difficult is fraud which originates from the agency 
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theory, sales delay and different customer behaviours which according to Eisenhardt (1989), Chen et 
al., (2017) and Wu (2013) generate problems. These factors make it harder to estimate the warranty 
costs and thereby the warranty reserve since they do not depend on the physical product. Even though 
the mentioned issues generate problems when forecasting, forecasting the reserves is important (Wang 
et al., 2017). Without forecasting the warranty reserve the company that offers the customer the warranty 
will not know how much monetary means to set aside. Without a warranty forecast the company risk 
having no means to pay for eventual unforeseen product failures. The accuracy of the estimations is also 
important because the company and its profit are affected by overestimating or underestimating of the 
reserve and this is the reason the accuracy of the forecast of the reserve has to be high.	
 
Previous studies approach the forecasting dilemma differently. One can either forecast the warranty 
reserve by estimating how much one batch of products will cost per year, which is the most studied 
approach but there is also a possibility to forecast the warranty reserve by estimating the monthly 
warranty costs (Rai, 2009). According to Chopra and Meindl (2016) is long-term forecast hard and a 
one-year forecast will be more uncertain than a short-term forecast which makes the monthly forecast 
easier to predict with a good result which is important. The monthly approach makes it possible to 
account for seasonality which can originate from weather changes or the number of business days in a 
month which have an impact on claims and thereby the warranty costs (Rai, 2009). When forecasting 
on batches three different approaches have been used, estimating the reserve based on total cost, 
estimating the reserve based on claims and estimating the reserve based on underlying factors (Rai, and 
Singh, 2005; Wang et al., 2017). When forecasting the monthly reserve, claims have been used together 
with some underlying factors (Rai, 2009). The different approaches use different data to calculate the 
warranty reserve and the different data have different advantages. One problem with the warranty data 
is that it can be incomplete and have quality issues since it’s collected from the field which can lead to 
problems in the warranty modelling and analysis (Wu, 2013). 	
	
There is also a lot of different factors that influence the patterns in the warranty data and the performance 
of the product. If all these factors were to be considered, a very complex model would be necessary, 
which is almost impossible to create (Rai and Singh, 2005). According to Rai and Singh (2005) variables 
that should affect the decision when choosing a forecast, model is time, complexity and accuracy. The 
value of information is also an objective that needs to be taken into account when choosing a warranty 
forecast method. The cost of gathering the information needed should be less than the value of the 
information given (Howard’s, 1996). More advanced forecasting techniques that offer more accuracy 
but use information that's non-existent or hard to gather should not be used if an easier forecasting 
technique exists that gives acceptable accuracy (Chambers et al., 1971). 	
 
There are as mentioned difficulties with forecasting the warranty reserve. But despite that these 
difficulties, forecasting is important for manufacturers that are issuing warranties because of how 
warranty costs vary. A varying warranty cost can affect companies operations and their ability to do 
business. But as there are many forecasting approaches to use, choosing a model which provides 
accurate results is hard. 
 

1.3 Purpose 
 
The purpose of this thesis is to provide more knowledge about warranty reserve forecast when complex 
products are considered. To do so, a comparison between different families of forecasting methods and 
their forecast error will be done, in order to gain insight into what methods could be best suited for 
companies that produce complex products. This study will, therefore, compare a broader spectrum of 
forecasting models than what has been done before using a quantitative approach.  
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1.4 Thesis question 
 
How can the warranty reserve be optimized for complex products?  
 

1.5 Delimitations 
 
Depending on the product and industry the warranty reserve will behave differently. To account for 
these behaviours, the research problem has been studied on one product at one company as an example 
of a complex product. 
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2 THEORY AND RELATED LITERATURE  
 
In this chapter, relevant theory and methods for the study are presented. This to give the reader an 
understanding of the subject. The subject is warranty, why it's needed, why it’s hard to forecast and 
how to estimate the warranty reserves are presented.  
 

2.1 Agency theory  
 
The agency theory is based on studies about risk sharing between groups and that the groups that share 
the risk can have different attitudes towards risk, which can lead to problems. Agency theory is built 
upon this idea but focus more on problems that happen between cooperating parties (Eisenhardt, 1989). 
Agency theory is about cooperating parties where one of the parties acts as a principle and the other as 
an agent. The principle is the one which delegate work and the agent is the one that does the work. When 
these parties do not work towards the same goal problems can occur (Eisenhardt, 1989). To solve this 
problem, the contract theory is used. The problem that most time occurs between parties is a moral-
hazard (Hölmstrom, 1979). This means that the agent increases their own payoff but reduces the surplus 
of the relationship (Kungl. Vetenskapsakademien, 2016). To overcome the moral-hazard problem from 
occurring the principle can offer some sort of compensation to the agent based on performance (Hart 
and Holmström, 1986). Even though a contract can minimize the warranty fraudulent behaviour, the 
fraudulent behaviour is still something which companies and people engage in because of the significant 
financial benefits which can arise from the limited risk of getting caught (Kurvinen et al., 2016). 
 

2.2 Warranty importance 
 
Capturing the customer's attention is the first step in the selling process. But as there are different types 
of customers and there are different ways to capture their attention companies can for example increase 
interest for a product by signalling quality attributes which differentiate the product from other products. 	
	
Attributes that signal quality can according to Olson and Jacoby (1972) be divided into two categories, 
intrinsic and extrinsic attributes. Intrinsic attributes which signal product quality via products functions, 
such as design and performance. If the intrinsic attributes change the whole product changes. Intrinsic 
attributes are often the first thing that a customer sees, but at the time of purchase might not be enough. 
The problem with intrinsic attributes is that some customers are not familiar with the product nor the 
manufacturer at the time of purchase which makes them not utilize the intrinsic attributes to analyse the 
quality of the product (Olson and Jacoby (1972). The information is in this case asymmetric between 
the seller and the customer (Akerlof, 1970). 	
	
When a customer can’t use the intrinsic attributes because of lack of knowledge or information the 
customer feel uncertain. Uncertainty is when something isn't certain, and the outcome is impossible to 
describe (Knight, 1921). Uncertainty derives from when there is a lack of information called substantive 
uncertainty or when the information exists but can't be interpreted called procedural uncertainty (Dosi 
and Egidi, 1991). To handle uncertainty, risk can be used. The difference between uncertainty and risk 
is that uncertainty is an immeasurable risk and risk is measurable uncertainty. The risk can be measured 
with the probability which is the likelihood of the occurrence of an event (Knight, 1921). To consider 
the risks, the customers will instead utilize the extrinsic attributes to ensure them self of the quality of 
the products (Esmaeili et al.2014). According to Shimp and Bearden (1982), extrinsic attributes are not 
part of the physical product, because these attributes are something that conveys the manufacturer’s 
product beliefs to the customer. Giving customers warranties on their product generates a sense of 
quality to the customer (Akerlof, 1970). Extrinsic attributes like the warranty are not only good way to 
convey quality, according to Thomas (2005) warranties can be relatable as a signal for product quality, 
a higher quality product will often get the brand a better reputation. A better brand reputation will lead 
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to a more recognized brand which can lead to higher sales. The extrinsic attributes as the warranty are 
also important in the B2B market where the customers are more willing to pay for guaranteed quality 
and service provided if something would happen because the consequences of a breakdown or a failure 
would cost the customer more than the costs of service (McColl et al., 2018). The extrinsic attributes 
are also important for the customer when a considering buying a complex product because a complex 
product is harder to evaluate than a simpler one (Huang et al., 2007; Rai and Singh, 2005).  
 

2.3 Warranty reserve  
 
The warranty reserves contain the monetary means which are used by the manufacturer to cover 
potential failures on sold products. The reason companies have a warranty reserve is because it is the 
company that is liable for covering the costs during the warranty time period if a warranty claim occurs 
(Wang et al., 2017). 	
	
According to Wang et al. (2017), the warranty cost can range from 2 -15% of the net sales of a product 
which means that warranty cost could potentially affect the company a lot. To know what amount of 
monetary means needed the manufacturer estimates the size of the warranty reserve. The manufacturer 
wants one inflow into the warranty reserve and outflows that adds up to the inflow. This means that the 
warranty reserve is optimized in relation to the warranty costs of claims (Gurgur, 2011). The number of 
claims and cost of them can differ a lot between time periods because of factors such as failures, fraud 
and sales delay. This makes future claims uncertain which makes them harder to forecast (Dosi and 
Egidi, 1991).	
	
Fraud makes forecasting of the warranty reserve hard. How fraud arises is hard to know, but according 
to (Kurvinen et al., 2016) it can depend on how good or bad the relationship is between the warranty 
provider i.e. the manufacturer and the service agent i.e. the service provider. According to Kurvinen et 
al., (2016) there is an inherent conflict of interest between these two parties because the warranty 
provider wants to minimize the warranty cost and the service agent depend on the earnings form the 
repairs which the warranty incurs. The problematic relationship between the warranty provider and the 
service agent can be explained through what is called contract theory (Kungl. Vetenskapsakademien, 
2016). Because this behaviour exists when handling warranty, warranty costs and estimation of warranty 
cost will be difficult. 	
	
An optimized warranty reserve is the goal because underestimations and overestimations have 
consequences. An underestimated reserve forces the manufacturer to pay interest to get access to the 
emergency funds. Customers trust in the manufacturer can also be affected negatively since an 
underestimation of the reserves means more quality issues than accounted for. Negative effects can also 
occur on the capital market since the earnings will be reduced if emergency funds have to be used. An 
overestimation of the warranty reserve can be positive in the way of the overall expectations of the 
company and will, in the end, affect the company's earning positive but the fact that the company will 
have opportunity costs and thereby a loss of interests is a negative consequence that’s not wanted 
(Gurgur, 2011). 
	

2.4 Warranty policy and processes 
 
A warranty policy contains different requirements regarding the time period and what type of 
compensation is given if a failure occurs. The warranty policy can consider one dimensional which is 
based on one variable or it can be two dimensional which is based on two variables. The variables are 
often dependent on age or usage or age and usage. The dimensions describe how long the warranty is 
valid. The policy also describes what kind of repair or replacement will be carried out if the product 
would fail (Manna et al., 2004). A Free replacement warranty (FRW) policy means that the manufacturer 
either has to replace the product or repair the product when a failure occurs and is often used when the 
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product can be repaired. A pro rata policy means that the manufacturer has to replace the product if a 
failure occurs and this policy is often used when the product is not repairable (Wu et al., 2007). 	
	
During the warranty lifetime, a product is going through different stages. The different stages are as 
follows: 	
Assemble date – The product is out of the manufacturing facility and ready to be sold.	
Sales delay – The time between assembly date and sales date.	
Sales date – The date when the product is sold.	
Repair date – The date when a claim is registered. 	
Out of warranty – The date when the warranty period ended. 
	

2.5 Warranty claims 
 
A warranty claim occurs when something is wrong with the product considering reliability and quality. 
The customer seeks up a service agent to get the failure fixed. The service agent reports the warranty 
claim to the manufacturer and asking for compensation for the repair of the failure (Murthy and Jack, 
2017). Warranty data is gathered by the manufacturer during the warranty period of a product when a 
claim occurs.  The data can contain a lot of different valuable information about product quality and 
reliability (Wu, 2012). According to Wu (2013), the warranty data can be used to analysing to detect 
abnormalities, to decide on design modifications, deciding warranty policies and to forecast future 
warranty claims and warranty reserves. There are different factors that can affect the warranty data such 
as sales delay and human factors which can change the data in unexpected ways (Wu, 2013). 	
	
There are different types of failure that can occur during the warranty period. A fatal failure implies that 
the product is not useable, and service is needed to make it work. An intermittent failure is a failure that 
comes and goes and can be hard to repair because it maybe won’t show during the service. To find these 
kinds of failures more testing is needed and that will cost more (Wu, 2011). There can also be warranty 
claims that are of the type non-fail but reported (NFBR) or failed but not reported (FBNR). The non-
failed but reported type of warranty claim emerges when the failure isn't caused by the reliability of the 
product but can come from human factors. These kinds of failures can be due to misuse, accidents and 
damages. The manufacturer cannot know if the non-fail but reported warranty claim was intentionally 
or unintentionally made and can therefore not end the warranty contract. The failed but not reported 
situation arises when a product fails but the warranty isn't claimed, and this situation is common when 
the product is complex and has a long-term warranty contract (Wu, 2011). Warranty claims that's not 
reported also occur and are in most cases interpret as non-failures. (Wang et al., 2018). Another common 
phenomenon in the warranty data is that there are a lot of warranty claims that occur at the beginning of 
the warranty period which is caused by manufacturing faults but also at the end of the warranty period 
which is caused by customer’s delay of soft failures. Soft failures can be failures the customers are not 
noticing or isn't affected of and is repaired in the end of the warranty period (Rai and Singh, 2004).	
	
One other big problem originates from the agency theory. Fraud between the manufacturer and the 
service agent is an example of the agency theory. Murthy and Jack (2017) explain the agency problem 
which can occur if the manufacturing company outsources its warranty services to an external service 
agent. The problem occurs because sometimes the objectives of these two parties aren’t the same. The 
manufacturing company wants to minimize its warranty costs and the external service agent wants to 
maximize the profit. To maximize the profit the external service agent has to defraud the manufacture 
by either overbilling for the work done or by creating claims that don't exist in reality. To detect fraud 
auditing is needed and this because of the asymmetric information between the manufacturer and the 
service agent. It's very costly and time consuming to detect all frauds committed so different methods 
are used to be able to detect them such as random controls, scoring and putting a red flag on typical 
fraudulent characteristics (Dionne et al., 2003).	
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One other problem which can bring unexpected warranty costs is sales delay which is the time between 
the assembly date and the date of the sale. (Dorabati et al., 2018) Sales delay can have big impacts on 
the performance of the product and the warranty since the likelihood of claims increases when the sales 
delay increases because the delay in sale can affect the post-sale reliability (Chen et al., 2017; Dorabati 
et al.,  2018; Akbarov and Wu, 2012). 
	

2.6 Warranty reserve forecast 
 
Forecasting the warranty reserve have in the past literature been made both yearly and monthly (Rai, 
2009). The monthly approach is according to Chopra and Meindl (2016) a better alternative since 
forecasting long term is harder than forecasting short term. A short-term result will be more certain than 
a long-term result (Chopra and Meindl, 2016). 	

There are two types of forecast approaches, a qualitative approach and a quantitative approach. The 
qualitative approach uses expert knowledge or takes customer judgment into account when conducting 
the forecast and the quantitative approach only using historical data to predict the future with statistical 
techniques (Chambers et al., 1971). Wu (2013) states that warranty data can be used when forecasting 
the warranty reserve when performing a quantitative forecast. There are two different kinds of 
quantitative forecast approaches which include different levels of complexity. The two different 
approaches are time series methods and causal methods (Chambers et al., 1971). 
 

2.6.1 Time series methods 
 
Time series method uses historical data in chronological order. Time series method can also take into 
account if there's trend, seasonality or cyclic behaviour in the data which will be clear when the data is 
of chronological order and the patterns will repeat itself (Chambers et al., 1971).	
	
Moving average is a time series model that is used when there is no observed trend or seasonality in 
the data. The model calculates the average of the last periods. The average values are the estimations 
for the future. There are different kinds of moving average methods and the difference between them 
is that they use different weights on the data. The simple moving average use equal weight on the data 
points when forecasting (Chopra and Meindl, 2016). The exponential moving average uses a constant 
which decide the weights dependent on the period used in the calculations and the linear moving 
average model use more weight on more recent data points. According to Rai and Singh (2005), it's 
important to consider the weights on the data since more recent data point explains the future better. 
No previous studies can be found when using moving average to forecast the warranty reserve. But 
simple moving average and exponential moving average have previously been used according to 
Kolkova et al., (2018) to forecast the price of food products. Moving average methods have also 
according to Chopra and Meindl (2016) been used to forecast demand.  
	
Another time series method is exponential smoothing. Indifferent to the moving average models the 
exponential smoothing model can account for is level, trend and seasonality. Simple exponential 
smoothing is a method that can be used when there are no patterns in the data. Simple exponential 
smoothing is one among many exponential smoothing techniques. More advanced iterations of model 
were developed by Winter and Holt (Sobol and Collins, 1993). Holt's exponential smoothing 
recognizes trend in the estimations by giving more weight to certain data. Holt’s-Winter’s exponential 
smoothing method built upon three constants is a good way of forecasting data showing both trend and 
seasonality (Gilliland et al., 2016). Rai (2009) states that seasonal patterns can exist in the warranty 
data which would make the Holt’s- Winter’s method a good choice but Wu (2013) states that if the 
variation in season exists, they can be hard to find due to misleading data. Exponential smoothing is a 
popular forecasting method and it has been in use since the 1950s. There is shortcoming with the 
method, but because the forecasting method produces easily understood and intuitive results, it is still 
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wieldy used in different industries (Hyndman, et al. 2008). Chopra and Meindl (2016) state that 
exponential smoothing methods have been used to forecast demand and Ashuri and Lu (2010) have 
conducted a study to predict the construction cost index. To forecast the index, they use the 
exponential smoothing Holt’s method and exponential smoothing Holt’s-Winters method. To 
determine which model performed best, the use of different error measurements such as MAPE and 
MSE was applied and the forecasts were made with historical data. The study which authors 
conducted showed that exponential smoothing Hotlt’s-Winters method performed best and provided a 
high level of accuracy compared to actual values. But even though the model performed well, the 
result could be better if the method were able to consider jumps in the data. In the study made by 
Kolkova et al., (2018) was also exponential smoothing included when forecasting prices. The accuracy 
of the forecasts made with these methods was measured using error measurement including MAPE. 
The study concluded that, simple moving average was better at predicting some food prices, but 
exponential smoothing was overall the better method for predicting prices. Although the exponential 
smoothing methods have been used widely, there are no previous studies using exponential smoothing 
methods to forecast the warranty reserve.  
 
A more complex time series methods are the different ARIMA models which are introduced by Box 
and Jenkins (1976).  ARIMA models are applicable to a variety of different situation when data is 
presented in the form of a times series. The autoregressive integrated moving average (ARIMA) has 
three components. Autoregressive (AR) is the dependent relationship between observation and some 
number of lagged observations. Integrated (I) makes the time series stationary by using differencing. 
Moving Average (MA) is a model which applies lagged values of the forecast.	There is no general 
ARIMA model which fit all types of data. To determine which model to fits the tested data best, different 
number of AR and MA terms can be added to the model. To understand how many AR and MA terms 
fits the model best, the Akaike information criteria (AIC) value can be used (Challa et al., 2018). The 
AIC value first developed by Hirotsugu Akaike and it is calculated through log-like estimations with the 
number of observation and the number of parameters in the data. If many models are compared, the 
lowest value of AIC value determines the best-fitted model to the data (Challa et al., 2018).	As 
mentioned, ARIMA models are applicable in a variety of different subjects. Akbarov and Wu (2012) 
have used ARIMA modelling to forecast warranty claims. According to Akbarov and Wu (2012), 
ARIMA was used to forecast claims because the ARIMA can handle time-series data.  Forecasting 
exchange rates is also an application for the ARIMA. Eva and Maria (2011), used ARIMA modelling 
to forecast exchange rates and were able to conclude that ARIMA modelling is a good alternative if the 
forecast is short term rather than long-term. Fattah et al., (2018) were able to prove that forecasting 
future demand based on historical data is possible with ARIMA. According to their study, the ARIMA 
could accurately forecast the future demand, which in turn helped to increase the planning performance 
which led to lowered costs. The mentioned examples show that ARIMA modelling can be used on a 
variety of different subject.	
	

2.6.2 Causal methods 
 
A Causal method accounts for the underlying factors and derives variables that have a cause-and-effect 
relationship. One or more independent variables can have an impact on the dependent variable and all 
factors should be considered as an influence on the dependent variable. The information used to perform 
regression isn't necessary internal data as historical data but can be surveys, macroeconomic indicators 
and so on (Chambers et al., 1971). 	
	
Causal methods that explain the relationship between variables is called regression methods. Regression 
is one of the most popular and commonly used statistical method for analysing empirical problems that 
originate from several different topics including economics. Because of the many subjects which can be 
analysed through regression, there are many models to choose from, ranging from linear models to non-
linear models and even neural networks (Marx 2013; Berk, 2008).  The most basic form of regression 
is linear regression (Berk, 2008).  Linear regression is a method which describes how the mean value of 
a variable varies as a linear function on a set of explanatory variables/variable (Fitzmaurice 2016). 
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Simple regression has previously been studied in the warranty reserve field but on extended warranty 
costs by Wasserman (1992). In the study, a simple linear regression was combined with an 
autoregressive approach which created a linear statistical model since simple regression isn't good at 
considering trends but the autoregressive method is.  Another field where simple regression has been 
used is when forecasting the cost of construction projects. Dharwadkar and Arage (2018) compared 
simple regression with neural networks and concluded that simple regression had an accuracy between 
91% to 97% and neural networks had an accuracy between 91% to 98% in the estimations.  
	

2.6.3 Evaluation of forecast 
 
When forecasting it’s important to measure the error of the forecast since the forecast is always 
inaccurate. The future value is based on a systematic component and a random component. The 
systematic component can be described with historical data, but the random component can be events 
which are not accounted for in the historical data. The random component can be measured with the 
help of forecast error estimations (Chopra and Meindl, 2016).  
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3 METHOD 
 
In this chapter, the methodology of the study is presented. The methods used are explained and 
motivated.  
 

3.1 Research process 
 
A researcher process is proposed by Ghauri and Grønhaug (2010) which describes different stages in 
research, see figure 3.1. In this study, the process proposed, and all of its stages have been followed but 
sometimes not in order. As an example, haven’t all the forecasting methods used in the study been 
carried out at the same time. 
 

 
Figure 3.1 The research process proposed by Ghauri and Grønhaug (2010) 

 
The study began with selecting a research topic which was warranty reserve estimation. When the 
research topic was selected a literature review was conducted to define and specify the research problem. 
The background, problem description and theoretical framework were developed from the literature 
review which was conducted from manly peer-reviewed articles but also books. Different topics were 
considered during the literature review such as warranty reserve estimation, warranty claim forecast and 
warranty cost predictions. 	
	
To work with the articles in a structured way the literature was divided into different topics and then 
listed, see table 3.1. The list had categories such as title, year published, the purpose of the article, 
relevant theory, the method used, result of the research and gaps in the literature to get an overview of 
the articles and their content.  
 
 
 
 
 
 
 
 



 

12 

 
Title  Year Purpose Theory Method Result  Gap  

1 
       

.. 
       

n 
       

Table 3.1 Table used to organize the literature review 
 
From the literature review gaps in the research concerning warranty reserves estimation could be found 
which set limitations for what the study could investigate. From the limitations, the research problem 
was defined. 
 

3.2 Research design 
 
The initial thought with this study was to consider improvements to an already existing warranty 
forecasting solution. This generated an idea of how to approach the topic of warranty but did not provide 
a problem which could be defined. This meant the study did not start out with a clearly defined problem 
from the beginning. Even though there was no specified problem to the study, an idea of what the 
problem could be was set. This meant that choosing a research design was problematic at first. Ghauri 
and Grønhaug (2005), describes three research designs, descriptive, causal and exploratory. According 
to Ghauri and Grønhaug (2005), the descriptive design works well when the problem which is studied 
is well structured and well understood. Because our problem was not well understood, the descriptive 
research design did not match this study’s starting point. Causal research design is according to Ghauri 
and Grønhaug (2005) built on the same principle as descriptive, that the research problem should be 
well structured for the beginning. But in causal research, the researcher’s main objective should be to 
find the “cause and effect” relationship within the problem itself. Because there was no structured 
problem from the beginning, causal research design did not fit this study. Exploratory research design 
is on the hand a design when the problem is badly understood, according to Ghauri and Grønhaug 
(2005). Ghauri and Grønhaug (2005) further explain that this type of research considers requires 
research on the go, meaning that more and more information about the initial problem, a proper problem 
formulation might appear as the research progresses. As mentioned at the beginning of this section, this 
study started with a vague problem definition, but by investigating different angles and approaching the 
topic through different theories and literature, a thesis could be constructed. The goal was to test different 
families of model and models that considered different things to be able to find out with the help of 
forecast errors which method that would be the best fit for a complex product. How this study has been 
designed and approached the topic of warranty forecasting match Ghauri and Grønhaug (2005) 
definition of exploratory research design, and therefore that type of research design was chosen for this 
study.  
 
There are two main types of methodology approaches, induction and deduction. Deduction as an 
approach means that understanding and answering a research question using theory. Induction, on the 
other hand, means that general conclusions to the research problem are drawn by using empirical data 
(Ghauri and Grønhaug, 2005).  Because the problem for this thesis was not clear from the beginning the 
study had no clear question from the start. Questions were instead constructed from different theories as 
the thesis has progressed. These questions where answered through different test i.e. analysing data and 
forecasting warranty reserves. Therefore, the approach to the general purpose of this study has been 
inductive. Inductive reasoning does not provide definitive answers to questions, it only offers arguments 
on why certain things happen or are true. But as the study is also built on forecasting models which can 
be explained and answered through theories, a deductive approach has therefore also been considered 
in this study. 
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3.3 Data collection 
 
The data that has been used in this study originates from a company which operates in the automotive 
industry. The data is numerical and contains information about historical warranty claims. The data 
which is used in this study is primary data, and when using primary data, it is important to think about 
how to plan and organize the collection of the data since it can be costly and hard to get access to the 
data. The advantages of primary data are that it’s collected for a specific reason and is more consistent 
with the purpose of the study. The disadvantage is that the data have to be handled carefully because 
otherwise the data can be jeopardized and the reliability disappears (Ghauri and Grønhaug, 2005). The 
primary data collected was archive data.  
 

3.3.1 Archive data 
 
The primary data that have been collected from the company was archive data. The data have been taken 
from a database which holds all the information about historical claims. Warranty claim data consists of 
information about when a product failed and what caused the failure and the cost of it (Wu, 2013). The 
data have been studied to get to know it and to find issues. When this kind of data has been used in the 
research it has been verified with a key user so it would suit our purpose and reflect the past in a good 
way. The data have also been studied to find good reference periods to do the forecast on. The purpose 
of gathering company archive data has been to use it forecasting warranty reserve which according to 
Chambers et al., (1971) is needed when performing quantitative forecasts. For confidentiality reasons 
the archive data is not going to be disclosed in the study and some results in the simple regression have 
been scrambled.  
 

3.3.2 Data Sample  
 
The sample used in this thesis was in the form of time-series data, which meant that data that was used 
had data-points which corresponded to a specific time. Using time series data is beneficial when 
analysing the data for patterns (Chambers et al., 1971). The archive data have been collected at one 
company. The information found in the data sample used in this thesis originates from a much larger set 
of data, which contains a large number of variables, which was not applicable in this thesis. The decision 
to use a smaller dataset which contained those variables need to perform forecasts was therefore made. 
Our dataset contains information about the monthly costs and the monthly number of warranties claims 
and the number of products under warranty of products ageing from 0-12 month manufactured and 
repaired in Europe between, 2014-01 – 2018-12. 
 

3.4 Data analysis 
 
To find and investigate the relationships in the warranty data analysis was needed. To find patterns in 
the data and to be able to understand which type forecast method that was best suited for the data the 
past warranty claims data and past total costs data was analysed. Potential patterns that we looked for 
were trend and seasonality. These components could give clarity and a better understanding of the data. 
The tools used to analyse these behaviours was Excel and SAS Enterprise Guide. 
 

3.4.1 Tools used  
 
SAS Enterprise guide is software with integrated tools for accessing and analysing data (Rodriguez, 
(2011). The program was used because it provided an opportunity to use integrated data analysing and 
modelling tools such as ARIMA. Using a software where functions are already built in saves times, 
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especially in terms of this study, as the program was also used to extract the data sample used in the 
study.	
	
Even though SAS enterprise guide was used, Excel was also utilized to analyse the data. The main 
function that was used was the build in data analysis tool and solver. The data analysis tool makes it 
possible to do regressions and t-tests along with various other statistical tests. The solver helped 
optimizing variables in the different forecast methods. 
	

3.5 Time series methods 
 
The warranty reserve is the aim to forecast in this study and it has been done using different data (Wu, 
2013). The first approach was to forecast total cost with only past actual total costs. The second approach 
was to forecast total cost with total claims combined with cost per claim. To forecast the total claims, 
the past total claims were used. When calculating the cost per claim the total cost was divided with the 
total claims.  
 

𝐶𝑜𝑠𝑡	𝑝𝑒𝑟	𝑐𝑙𝑎𝑖𝑚1 =
𝑇𝑜𝑡𝑎𝑙	𝑐𝑜𝑠𝑡1
𝑇𝑜𝑡𝑎𝑙	𝑐𝑙𝑎𝑖𝑚𝑠1

 

 
Then the cost per claim was forecasted using past cost per claim. To get the forecasted value on the 
warranty reserve the forecasted value of total claims was multiplied with the forecasted value of cost 
per claim.    
 

𝐹56776189	7:;:7<: = 𝐹8=86>	?>6@A; ∗ 𝐹?=;8	C:7	?>6@A 
 

3.5.1 Moving average  
 
Different moving average forecast method exist which considering different weights in the estimations. 
The models have been tested using one, three, six and twelve months past data when forecasting with 
the simple moving average and exponential moving average model and three, six and twelve months 
past data when forecasting with the linear weighted moving average model. The reason for using 
different months is to optimize the model for the best forecast results.  
 

3.5.1.1 Simple moving average  
 
The formula for simple moving average: 
 

𝐹8DE = (𝐴8 +	𝐴8IE + 𝐴8IJ + ⋯+ 𝐴8I1)/𝑛 
 
Where F is the forecasted value, A is the actual value the and n is the number of periods. 
The simple moving average method was calculated with one, three, six and twelve months past data to 
predict the next period. 

3.5.1.2 Exponential moving average  
 
The formula for the exponential moving average used:  
 

𝐹8DE = (𝐴8 − 𝐹8) ∗ 𝛼 + 𝐹8 
 
Where A is the actual value and F is the forecasted value. 𝛼 is a constant calculated as:  
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𝛼 =
2

(𝑇𝑖𝑚𝑒	𝑝𝑒𝑟𝑖𝑜𝑑 + 1)
 

 
The exponential moving average was calculated using three, six and twelve past periods to predict the 
future. 
 

3.5.1.3 Linear weighted moving average 
 
The formula for linear weighted moving average:  
 

𝐹8DE = ((𝐴8 ∗ 𝑛) +⋯+ S𝐴8IE ∗ (𝑛 − 1)T + S𝐴8IJ ∗ (𝑛 − 2)T)/(𝑛 +⋯+ (𝑛 − 1) + (𝑛 − 2)) 
 
 
Where F is the forecasted value, A is the actual value and n is the number of periods used.  
 
The linear weighted moving average model was tested using three, six and twelve months past data to 
predict the future period.  
 

3.5.2 Exponential smoothing 
 
There are different exponential smoothing methods account for different factors such as level, trend and 
seasonality. The models use contains smoothing constants which for the simple moving average is α, 
for the exponential smoothing Holt's method is α and β and for the exponential smoothing Holt’s-
Winter’s method is α, β and γ. To optimize these smoothing constants the solver in excel have been 
used. The optimal smoothing constants used in this thesis is the one minimizing the MSE since Chopra 
and Meindl (2016) states that when no preferences on which error terms to use the best one to use to 
minimize the smoothing constants is MSE. 
 

3.5.2.1 Simple exponential smoothing  
 
The simple exponential smoothing forecast formula: 
 

𝐹8DE = 𝐴8 ∗ 𝛼 + (1 − 𝛼) ∗ 𝐹8 
 
Where A is the actual value, F is the forecasted value and α is the smoothing constant for the level that 
weights observations and estimates (Chopra and Meindl, 2016). 
 

3.5.2.2 Exponential smoothing Holt’s method 
 
The exponential smoothing Holt’s method formulas: 
 

𝐿8 = (𝛼 ∗ 𝐴8) + (1 − 𝛼) ∗ (𝐿8IE + 𝑇8IE) 
 

𝑇8 = 𝛽 ∗ (𝐿8 − 𝐿8IE) + (1 − 𝛽) ∗ 𝑇8IE 
 

𝐹8DE = 𝐿8 + 𝑇8 
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Where L is the level, T is the trend, A is actual value, F is the forecasted value and α and β are smoothing 
constants. α is the smoothing constant for level and β is the smoothing constant for trend. Both of them 
takes numbers between 0 and 1 to weight observations and estimates (Chopra and Meindl, 2016). 
 

3.5.2.3 Exponential smoothing Holt’s-Winter’s 
 
The exponential smoothing Holt's-Winter’s method formulas: 
 

𝐿8 = 𝛼 ∗ V
𝐴8
𝑆8IE

X + (1 − 𝛼) ∗ (𝐿8IE + 𝑇8IE) 

 
𝑇8 = 𝛽 ∗ (𝐿8 − 𝐿8IE) + (1 − 𝛽) ∗ 𝑇8IE 

 

𝑆8DCDE = 𝛾 ∗ V
𝐴8
𝐿8
X + (1 − 𝛾) ∗ 𝑆8IE 

 
𝐹8DE = (𝐿8 + 𝑇8) ∗ 𝑆8IE 

 

Where L is the level, T is the trend, A is actual value, F is the forecasted value and α, β and 𝛾 are 
smoothing constants. α is the smoothing constant for level, β is the smoothing constant for trend and 𝛾  
is the smoothing constant for seasonality. All three of them takes numbers between 0 and 1 to weight 
observations and estimates (Chopra and Meindl, 2016). 
 

3.5.3 ARIMA 
 
The ARIMA model built upon three parameters often denoted as p, d and q. Where p equals the number 
of AR terms, d equals the number of times which data are differenced to be stationary, the stationary of 
the series can be tested via a dickey-fuller test. The last parameter q equals to the number of MA terms 
(Fattah et al., 2018). If the data is stationary from the beginning, differencing is unnecessary. 
 
The ARIMA formula: 
 

𝑦Z𝑡 = 𝜇 + 𝜑1𝑦𝑡 − 1 +⋯+ 𝜑𝑝𝑦𝑡 − 𝑝 − 𝜃1𝑒𝑡 − 1 −⋯𝜃𝑞𝑒𝑡 
 

Where 𝜇	is constant, 𝜑 1 equals AR in lag 1, 𝜃 1 equals the MA coefficient at lag 1. The et-1 equals the 
forecast error form the period t-1. 
 
ARIMA is short for autoregressive integrated moving average and is built upon three terms, which have 
been explained in the beginning of this section The reason for using ARIMA modelling derives from 
the fact that the model approach has been shown to outperform models like simple moving average in 
precision and accuracy, when the data comes in the form of a time-series (Zhang, 2003).  
 
To find the right ARIMA model for our purpose, the optimizing of the model had to be done before the 
model was used to forecast future values. The optimization was conducted by inspecting different parts 
of the model output graphs. The different parts which were inspected were graphs of the ACF and PACF 
values. If the ACF values decline exponentially and the PACF spikes on the first lag, the model receives 
an AR term. On the other hand, if the PACF declines exponentially and the ACF spikes on the first lag 
the model receives an MA term (Qin et al., 2017). If many models are tested, the best-fitted model can 
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be found through comparison between the models AIC values (Qin et al., 2017). The model with the 
lowest AIC value is the best iteration of the model. 
 

3.6 Causal methods 
 
Causal methods are used to discover relations between variables, by seeking out how the cause of one 
variable affects another variable (Pearl et al., 2016). A causal method is used in this study because it is 
believed that is causality between some of the variables tested, for example, it is believed that there is a 
cause-and-effect relationship between the number of products and the total warranty cost.  To take 
advantage of such a relationship a linear regression model has been used. 
 

3.6.1 Simple linear regression 
 
To test the potential relationship between different variables and to forecast future values, a simple 
regression was used. The formula for simple regression: 
 

𝑦 = 𝑎 + 𝑏𝑥 
 
According to Olive (2017), 𝑦 is the response variable which gets predicted and is therefore unknown. 
The x variable is the predictor variable which used to predict the response variable and is a known 
constant. The a and b are unknown constants which need to be estimated to be utilized. 
 

3.7 Validation of the result  
 
The result of the forecasts was compared with the actual value of the same time period. To get 
statistically supported conclusions about the errors, error estimations that were recommended by Chopra 
and Meindl (2016) were used together with a t-test and Pearson correlation coefficient.  
	

3.7.1 P-value 
 
The p-value was used to make conclusions about the significant or the probability. When using the p-
value when deciding on the significant to test a hypothesis the p-value is compared with and level of 
significant. If the p-value is lower than the level of significant the hypothesis is rejected but if the p-
value is higher than the level of significant, the hypothesis is not rejected (Ghauri and Grønhaug, 2005). 
The p-value can be found in a chi-square distribution table or be calculated with Excel or SAS. The p-
value is used when evaluating the significant in the t-test and Pearson correlation coefficient.  
 

3.7.2 T-test 
 
A t-test is an error measurement that has been used in the study. A t-test is suitable to use since it 
measures if the mean between two normal distributed samples is significantly different or not (Ghauri 
and Grønhaug, 2005). The t-value is calculated as:  
 

𝑡 =
∑𝐷

𝑁d

e∑𝐷
J − ((∑𝐷)

J

𝑁 )
(𝑁 − 1) ∗ 𝑁
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Where D is the differences between the two samples, N is the sample size and t is the t-value.  
 
The null hypothesis states that there's a significant difference between the mean of the two samples 
tested. To know if the differences are significant or not the p-values were considered. Considering a 
significant level of 5% the null hypothesis is rejected if the significant value is greater than 5% and not 
rejected for significant value less than 5% (Ghauri and Grønhaug, 2005). In the t-test, the actual value 
was compared with the forecasted value using the different forecasting techniques. The null hypothesis 
should be rejected since its desirable with no significant differences between the actual value and the 
forecasted value.  
 

3.7.3 Pearson correlation coefficient 
 
Pearson correlation coefficient measures the linear relationship and the strength between two variables. 
It shows the covariation between two variables, x and y, which is the joint variation of two measures. 
The coefficient, r can take values between 1 and -1 where 1 indicates that the measurements are perfectly 
related, -1 that they're perfect inverse related and 0 indicate they are unrelated. The correlations 
significant can be tested and if the p-value is less than 5% the correlations are significant (Ghauri and 
Grønhaug, 2005).  
 

𝑟f9 =
∑(𝑥@ − �̅�)(𝑦@ − 𝑦h)

i∑(𝑥@ − �̅�)
J ∑(𝑦@ − 𝑦h)

J
 

 
The person correlations coefficient measures were used in this study when comparing the actual value 
with the forecasted value. A correlation close to 1 is the desired one and should have a significant 
correlation. 
 

3.7.4 Mean square error 
 
The mean square error (MSE) is a measurement to use when measuring the forecast error. 
 

𝑀𝑆𝐸1 =
1
𝑛
l𝐸8J
1

8mE

 

 
𝐸8 = 𝐷8 − 𝐹8 

 
Where D is the actual value, F is the forecasted value and E is the difference between them.  
 
The mean square error square the error which means that big error weights more than smaller once 
(Chopra and Meindl, 2016). Chopra and Meindl (2016) state that the mean square error is suitable to 
use when comparing forecast methods when the cost of large forecasting errors is higher than the gain 
of a very exact forecast. When comparing different forecast models, the smallest value is the one 
conducting the best forecast (Chopra and Meindl, 2016).  
	

3.7.5 Mean absolute deviation 
 

The mean absolute deviation (MAD) is a measurement to use when measuring the forecast error. MAD 
measuring the average of the absolute deviation of all periods (Chopra and Meindl, 2016).  
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𝑀𝐴𝐷1 =
1
𝑛
l𝐴8

1

8mE

 

 
𝐴8 = |𝐸8| 

 
𝐸8 = 𝐷8 − 𝐹8 

 
Where D is the actual value, F is the forecasted value and E is the difference between them.  
 

According to Chopra and Meindl (2016), MAD is good to use when the cost of a forecast error is the 
same as the size of the error. The smallest value is the most desirable. 

 

3.7.6 Mean absolute percentage  
 

The mean absolute percentage error (MAPE) is measured as a percentage and is measuring the average 
absolute error (Chopra and Meindl, 2016).  
 

𝑀𝐴𝑃𝐸1 =
∑ p𝐸8𝐷8

p 1001
8mE

𝑛
 

 
𝐸8 = 𝐷8 − 𝐹8 

 
Where D is the actual value, F is the forecasted value and E is the difference between them.  

Chopra and Meindl (2016) state that the MAPE is a good measurement to use when the forecasted value 
varies significantly from one period to another. It's also a good measure to use when the seasonality is 
significant in the underlying forecast. The smallest value is the most attractive.  

 

3.8 Validity and reliability  
 
Reliability and validity have been considered in this study since the goal of the study are to find a 
warranty reserve estimation that predicts the future reserve. 	
	
There are two types of validity, internal and external. These two types of validity measure if the results 
are true. Internal validity is the question of whether the obtained results are true and relates to cause and 
effect and how different variables affect each other (Ghauri and Grønhaug, 2005).  In quantitative 
research, a measurement is valid if the measurement accurately measures what it aims to measure 
(Coghlan and Brydon-Miller, 2014). This type of validity is of interest when explanatory research is 
considered. The internal validity has been considering through error measurements of the forecasts when 
comparing the forecasted value with the actual value. This will show how good the forecast model 
captures the random component and how accurate it is in its forecasts. 	
	
External validity refers to whether the findings of a study can be generalized, which is important when 
quantitative research is performed. The findings should be able to be used in different environments, in 
different times aspects and for other people (Ghauri and Grønhaug, 2005). This study only considers 
one market and one product and have not been tested to other markets or products. To ensure the external 
validity further tests has to make. Therefore no conclusions about the external validity can be drawn 
since there is no assurance that the forecast models that are tested and recommended in this study will 
provide the same results if tested in another setting.	
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Reliability refers to the consistency of the chosen measurement (Ghauri and Grønhaug, 2005). A way 
of measuring the consistency and thereby the reliability is by doing repeated test. This has assured when 
two test persons have been carrying out the same tests and obtained the same results. 	



 

21 

4 RESULTS 
 
This chapter presents the result of the study. The result of the model's optimization and the result of 
the forecast models tested. 
  

4.1 Simple Moving average 
 
The optimization and the results from two simple moving average forecasts are presented below. The 
first approach considers the total cost to forecast total cost. The second approach considers total claims 
and cost per claim to forecast the total cost.  
 

4.1.1 Forecast of total cost using total cost  
 
Table 4.1 shows the result of the different simple moving average forecasts using a different number of 
months in the estimations. The P two-tail value can be found in table 4.1 which comes from the t-test. 
The null hypothesis states that there's a significant difference between the two samples tested which is 
the forecasted value and the actual value. As mentioned in 3.8.1 the significant is at a 5% level. The 
result of the different forecasts shows that they all reject the null hypothesis. In sections 3.8.2 it's 
described that the significant of person correction constant should be less than 5% which it is when 
using 1, 3 and 6 months past data. In section 3.8.3 it's described that the MSE is sensitive to large forecast 
errors. This means that a smaller value on the MSE corresponds to a smaller forecast error. The forecast 
made on 1 month has smaller MSE than the other forecasts. The MAD is the mean of the data’s absolute 
deviation as described in section 3.8.4 and the smaller the value the smaller the deviation. The forecast 
using 3 months in the estimations is the one with the smallest MAD. In section 3.8.5 the MAPE is 
described as a good measurement when the forecasted value varies significantly from one period to 
another and when the seasonality is significant in the underlying forecast. The smallest value indicated 
smaller errors. The MAPE gave the smallest value when forecasting with 3-months past data.  
 

 
 
Periods 
used in the 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

1 month 0,915 0,683 6,352*10^-8 1,668*10^13 3267495,75 9,50% 

3 months 0,537 0,616 4,12*10^-6 1,784*10^13 3210969,23 9,33% 

6 months  0,3886 0,316 0,037 2,779*10^13 4155486,17 12,20% 

12 months  0,516 0,010 0,952 3,495*10^13 4671801,032 13,80% 

Table 4.1 The result when forecasting the total cost using simple moving average 
	

4.1.2 Forecast of total cost using total claims and cost per claim 
 
Table 4.2 displays the results of combining forecast made of total claims which result is visualised in 
appendix A and cost per claim which results are shown in Appendix A. In table 4.2, the P two-tail value 
can be found from the t-test. The result of the different forecasts shows that they all reject the null 
hypothesis. The significant of Pearson correlation constant should be less than 5% which it is when 
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using 1, 3 and 6 months past data. The forecast using 1 month in the estimations is the one with the 
smallest MSE, MAD and MAPE. 	
	

 
Period used 
in the 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

1 Months 0,915 0,683 6,352*10^-8 1,432*10^13 3098309,51 9,07% 

3 Months 0,53 0,612 4,78*10^-6 1,714*10^13 3130829,37 9,18% 

6 Months 0,366 0,302 0,0463 2,909*10^13 4287135,03 12,60% 

12 Months 0,476 -0,026 0,875 3,671*10^13 4785913 14,15% 

Table 4.2 Result when forecasting total cost combining forecast made on total claims and forecast made 
on cost per claim using simple moving average	

4.2  Linear weighted moving average  
 
The optimization and results from two linear weighted moving average forecasts are presented below. 
The first approach considers the total cost to forecast total cost. The second approach considers total 
claims and cost per claim to forecast the total cost.  
 

4.2.1 Forecast of total cost using total cost 
 
Table 4.3 shows the different linear weighted moving average forecasts using a different number of 
months in the estimations. Table 4.3 visualizes the results when forecasting total cost with total cost 
data. In table 4.3, the P two-tail value from the t-test shows that they all reject the null hypothesis. The 
significant of Pearson correction constant should be less than 5% which is it when using 3 and 6 months 
past data. Using 3 months past data gave the best result in all the error measurements, MSE, MAD and 
MAPE. 	
	

 
Periods 
used in the 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

3 Months 0,533 0,685 1,065*10^-7 1,488*10^13 3022103,22 8,84% 

6 Months 0,429 0,525 0,00025 2,026*10^13 3507051,13 10,28% 

12 Months 0,547 0,259 0,116 2,945*10^13 4322877,884 12,71% 

Table 4.3 Result when forecasting total cost using linear weighted moving average 
 

4.2.2 Forecast of total cost using total claims and cost per claim 
 
Table 4.4 visualizes the different linear weighted moving average forecasts using different number of 
months in the estimations. Table 4.4 shows the results of combining forecast made of total claims which 
result is visualised in appendix A and cost per claim which results is displayed in Appendix A. In table 
4.4 the P two-tail value can be found from the t-test and the result of the different forecasts shows that 
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they all reject the null hypothesis. The significant of Pearson correction constant should be less than 5% 
which it is when using 3 and 6 months past data. Using 3 months past data gave the best result in all the 
error measurements, MSE, MAD and MAPE	
	

Periods used 
in the 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

3 Months 0,526 0,683 1,205*10^-7 1,474*10^13 2980077,28 8,77% 

6 Months 0,407 0,516 0,000332 2,113*10^13 3606377,58 10,58% 

12 Months 0,503 0,231 0,163 3,096*10^13 4437662 13,05% 

Table 4.4 Result when forecasting total cost combining forecast made on total claims and forecast made 
on cost per claim using linear weighted moving average	
	

4.3 Exponential moving average  
 
Below the optimization and result when forecasting total cost with total cost as the first approach and 
with total claims together with cost per claim as the second approach using exponential moving average 
are presented.  
 

4.3.1 Forecast of total cost using total cost 
 

In table 4.5 the different exponential moving average using a different number of months in the 
estimations are shown. Table 4.5 visualizes the results when forecasting total cost with total cost data. 
The P two-tail value can be found from the t-test and shows that all the forecasting methods reject the 
null hypothesis. The significant of Pearson correction constant should be less than 5% which it is when 
using 1, 3 and 6 months past data.  The forecast made on 1 month has smaller MSE than the other 
forecasts. The forecast using 3 months in the estimations is the one with the smallest MAD and MAPE.  
	

Periods 
used in 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

1 Month 0,755 0,728 3,02*10^-9 1,432*10^13 3098309,512 9,07% 

3 Months 0,397 0,673 2,18*10^-7 1,538*10^13 3024164,753 8,88% 

6 Months 0,326 0,503 0,000493 2,05*10^13 4628576,419 10,45% 

12 Months 0,466 0,293 0,0742 2,84*10^13 4187994,607 12,33% 

Table 4.5 Result when forecasting total cost using exponential moving average  
 

4.3.2 Forecast on total cost using total claims and cost per claims 
 
Table 4.6 shows the different exponential moving average using a different number of months in the 
estimations. Table 4.6 shows the results of combining forecast made of total claims which result is 
visualised in appendix A and cost per claim which results is displayed in Appendix A. In table 4.6 the 
P two-tail value can be found which comes from a t-test and the result of the different forecasts shows 
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that they all reject the null hypothesis. The significant of Pearson correlation coefficient should be at a 
5% level which it is when using 1, 3 and 6 months past data. The forecast made on 1 month has smaller 
MSE than the other forecasts. The forecast using 3 months in the estimations is the one with the smallest 
MAD and MAPE. 	
	

Periods 
used in 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

1 Month 0,755 0,728 3,018*10^-9 1,432*10^13 3098309,51 9,07% 

3 Months 0,378 0,669 2,78*10^-7 1,56*10^13 3047827,99 8,95% 

6 Months 0,299 0,488 0,000775 2,106*10^13 3605893,12 10,62% 

12 Months 0,422 0,259 0,116 2,86*10^13 4276547 12,62% 

Table 4.6 Result when forecasting total cost combining forecast made on total claims and forecast made 
on cost per claim using exponential moving average 
 

4.4 Simple exponential smoothing 
 
To optimize the simple exponential smoothing forecast the 𝛼 had to be chosen. This was done by 
minimizing the MSE using the solver function in excel. Table 4.7 is showing the optimized values on 𝛼 
on the forecast made on total cost, total claims and cost per claim.  
 

Models 𝛼 

Simple exponential smoothing - Total cost  0,774 

Simple exponential smoothing - Total claims 0,832 

Simple exponential smoothing - Cost per claim 0,899 

Table 4.7 The optimized 𝛼 value to obtain the smallest MSE possible on the simple exponential 
smoothing forecast 
 
In table 4.8 the different simple exponential smoothing forecasts are shown using different data for the 
estimations. Table 4.8 visualizes the results when forecasting the warranty reserve with total cost data 
and the warranty reserve with total claims and cost per claims which forecasts are displayed in Appendix 
A. In table 4.8 the P two-tail value can be found from the t-test which shows that they all reject the null 
hypothesis. The significant of Pearson correction constant should be less than a 5% level which it is in 
both of the calculations and the null hypothesis is not rejected. The warranty reserve forecasted with 
total cost is performing better in all the error measurements as MSE, MAD and MAPE.  
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Forecast and 
data used 

T-test - 
P two-
tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient 
(sig) 

MSE  MAD MAPE 

Simple 
exponential 
smoothing - 
total cost 

0,653 0,728 4,488*10^-9 1,342*10^13 2941875,281 8,61% 

Simple 
exponential 
smoothing - 
claims 

0,681 0,728 4,6*10^-9 1,369*10^13 2977043,22 8,71% 

Table 4.8 The result of the forecasts on total using simple exponential smoothing 

4.5 Exponential smoothing Holt’s method 
 
To optimize the exponential smoothing Holt’s method the 𝛼 and 𝛽 had to be chosen. This was done by 
minimizing the MSE using the solver function in excel. Table 4.9 shows the optimized values on 𝛼 and 
𝛽 for the forecasts made on total cost, total claims and cost per claim.  
 

Models 𝛼 𝛽 

Exponential smoothing Holt’s - Total cost  0,674 0,811 

Exponential smoothing Holt’s - Total claims 0,776 0,572 

Exponential smoothing Holt’s - Cost per claim 0,794 0,444 

Table 4.9 The optimized 𝛼 and 𝛽 value to obtain the smallest MSE possible on the exponential smoothing 
Holt’s method 
 
Table 4.10 visualize the results when forecasting the warranty reserve using exponential smoothing 
Holt’s method with total cost data as the first approach and with total claims and cost per claims as the 
second approach which forecasts are displayed in Appendix A. The P two-tail value can be found from 
the t-test which shows that both of the approaches reject the null hypothesis. The significant of Pearson 
correction constant should be less than 5% which it is in both of the calculations and the null hypothesis 
is not rejected. The warranty reserve forecasted with total cost is performing better when measuring the 
MSE and MAPE but forecasting the warranty reserve with total claims and cost per claims gave a better 
result when measuring the MAD.  
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Forecast and 
data used 

T-test - 
P two-
tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient 
(sig) 

MSE  MAD MAPE 

Exponential 
smoothing 
Holt’s - total 
cost 

0,693 0,753 1,026*10^-9 2,007*10^13 3685976,961 10,75% 

Exponential 
smoothing 
Holt’s - claims 

0,569 0,753 9,743*10^-10 2,115*10^13 3646053,11 10,57% 

Table 4.10 The result of the forecasts on total using exponential smoothing Holt’s method 
 

4.6 Exponential smoothing Holt’s-Winter’s method  
 
To optimize the exponential smoothing Holt’s-Winter’s method the 𝛼, 𝛽 and 𝛾 had to be chosen. This 
was done by minimizing the MSE using the solver function in excel. Table 4.9 displays the optimized 
values on 𝛼, 𝛽 and 𝛾 for the forecasts made on total cost, total claims and cost per claim.  
 

Models 𝛼 𝛽 𝛾 

Exponential smoothing Holt’s-Winter’s method - Total cost  0,781 0,002 1,0  

Exponential smoothing Holt’s-Winter’s method - Total claims 0,833 0,525  1,0  

Exponential smoothing Holt’s-Winter’s method - Cost per claim 0,94 0,676 0 

Table 4.11 The optimized 𝛼, 𝛽 and 𝛾 value to obtain the smallest MSE possible on the exponential 
smoothing Holt’s-Winter’s method 
 
In table 4.12 shows the different exponential smoothing Holt’s-Winter’s method forecasting the 
warranty reserve with total cost data as the first approach and total claims and cost per claims as the 
second approach which forecasts are displayed in Appendix A. The P two-tail value from the t-test 
shows that both of the forecasts reject the null hypothesis. The significant of the Pearson correction 
constant should be less than 5% which it is in both of the calculations and the null hypothesis is not 
rejected. The warranty reserve forecasted with total cost is performing better in the MSE error 
measurement but forecasting total cost with total claims and cost per claim gave a better result when 
measuring the MAD and MAPE.   
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Forecast and data 
used 

T-test - 
P two-
tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient 
(sig) 

MSE  MAD MAPE 

Exponential 
smoothing 
Holt’s-Winter’s - 
total cost 

0,23 0,837 3,728*10^-10 1,144*10^13 2824205,078 8,57% 

Exponential 
smoothing 
Holt’s-Winter’s - 
claims 

0,773 0,853 7,873*10^-11 1,357*10^13 2674152,38 8,05% 

Table 4.12 The result of the forecasts on total using exponential smoothing Holt’s method 
 

4.6.1 ARIMA 
 
The ARIMA method was utilized to forecast three different variables, total cost, total claims and cost 
per claim. In order to forecast these variables one by one, three different models had to be generated and 
optimized to fit the data that was utilized. To generate an ARIMA model, the first step is to analyse the 
data for stationarity. To analyse the stationarity of the series an examination of the graph which showed 
the series was done. A stationarity test was also done, by utilizing a “Dickey-fuller test”, see Appendix 
B. If the series had the character of a non-stationary series, differencing to the model had to be added.   
 
The different variables which were forecasted using ARIMA, were all non-stationary when first tested, 
see figure 4.1. Therefore, differencing had to be added to all series in order to generate stationary data. 
 

 
Figure 4.1 Before differencing 

 
After differencing the optimization of the AR and MA terms were made. In order to find the optimal 
number of AR and MA terms, a visual inspection was made, see appendix B. As explained in section 
3.6.3, the ACF and PACF graphs were visually inspected in order to see in which lags the ACF and 
PACF had cut-off points. Where the cut-of-points were located i.e. in which lag, determined how many 
AR or MA terms had to be added. 
 
Because different AR and MA terms were tested in order to optimize the different models for the 
different variables, the AIC – value was utilized as a determining factor for which model that had the 
best fit. The models that had the best fit are presented below, see table 4.13 The table presents one model 
for total cost, which was used to forecast the warranty reserve. The total claim and cost per claim model 
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were used to forecast the warranty reserve by multiplying the values generated form each model. For 
more information about how the model optimization was done see Appendix B. 
 

Model for: AR (p) Integrated (I) MA (q) ARIMA Model 

Total cost 1 1 2 (1,1,2) 

Total claim 1 2 2 (1,2,2) 

Cost per Claim 1 1 1 (1,1,1) 

 
Table 4.13 Model optimization test of ARIMA Total Cost 
 
Table 4.14 shows the different ARIMA models made of total cost and the combining of forecasts made 
of total claims which result is visualised in appendix A and cost per claim which results is displayed in 
Appendix A. In the table 4.14 the P two-tail value can be found which comes from a t-test and shows 
that the null hypothesis is rejected in both of the approaches. The significance of Pearson correction 
constant should be less than 5% in order to reject the null hypothesis which it is. The correlation between 
the forecasted value and the actual value is significant with a 5% level.  The forecast made with total 
cost has smaller MSE than the forecast made with total claims and cost per claim. The forecast based 
on total cost is also the one with the smallest MAD and MAPE. 
 

Forecast and 
data used 

T-test - 
P two-
tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

ARIMA - total 
cost 

0,290 0,718 1,368*10^-8 1,872*10^13 3574624 10,30% 

ARIMA- 
claims & cost 
per claim 

0,353 0,724 8,607*10^-9 2,0174*10^13 3618675 10,44% 

Table 4.14 Result when forecasting total cost using ARIMA  
	

4.7 Simple regression 
 

The goal of generating a forecast based on linear regression was to be able to forecast the total cost. In 
order to generate such a forecast, an independent variable had to be found. The initial thought was to 
test a variable which generated the total cost and therefore, the total claims were tested. The test yielded 
in an adjusted R squared value of 0.6 which indicates that there is a good fit between the variables, see 
table 4.15.  
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Multiple R 0,781408653 

R Square 0.610599482 

Adjusted R Square 0,602314365 

Observations 49 

Beta 26,86 

Std.Error 2,87 
  

Total cost (Y) P-Value 0,031692249 

Total Claims (X) P-Value 3,464*10^-11 

Table 4.15 Test result regression on total cost and Total Claims 
 

It is also possible to see the relationship by examining the graph which shows a linear relationship 
between the total cost and total claims, see figure 4.2. 
 

   

Figure 4.2 Relationship between variables total cost and Total claims 
 

Because total claims are relative to how many products that are under warranty, the total claims have to 
be forecasted in order to forecast the total cost. The decision to also forecasting the total claims based 
on the number of products were therefore made, see table 4.16.  
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Multiple R 0,133923416 

R Square 0,017935481 

Adjusted R Square -0,002959508 

Observations 49 

Beta 0,00031 

Std.Error 0,000307 
  

Total Claims (Y) P- Value 8,34497*10^-8 

Nr of products (X) P- Value 0,358930462 

Table 4.16 Test result regression of Total Claims and number of products 
 
The reason why there should be a relationship between products and claims depends on the fact that 
with no products there can be no claims. To test our hypothesis, a regression was made with total claims 
denoted as total claims as the dependent variable and number of products under warranty denoted as nr 
of products as an independent variable. The test resulted in an R squared value of 0,0179 which indicates 
that no significant relationship between the variables was found, this can also be shown in the graph, 
see figure 4.3. 
 

    

Figure 4.3 Relationship between variable Total Claims and number of products 

The regression results for total cost (dependent) together with total claims (independent) and total claims 
together with nr of products gave different intercept values and slope values. To generate a total cost 
forecast based on the regressions that were made, the first step was to generate a forecast which showed 
the total claims. This forecast was done by using the slope intercepted value from total claims, nr 
products. Using the known number of products and multiplying this value with the slope value and 
adding the intercepted y value yielded in a forecast which showed the total claims. 

Total claims

Nr of Products
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The forecasted total claims values were then multiplied with the slope value from the total cost, total 
claims regression and adding the intercept y value form the same regression.  This resulted in a forecast 
which showed total cost forecasted values.  

 

Table 4.17 visualize the results when forecasting the warranty reserve based on total cost, claims and 
products. The P two-tail value can be found from the t-test and the result of the forecast shows that the 
null hypothesis is rejected. In table 4.17 it's shown that the significant of Pearson correction constant 
isn’t less than 5% which it should be to get a significant correlation and the null hypothesis is rejected.  
 

Forecast and 
data used 

T-test - 
P two-
tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE  MAD MAPE 

Simple 
regression  

0,857 -0,016 0,914364 2,0669*10^13 4244354,38 12,41% 

Table 4.17 Warranty reserve forecast made with Linear Simple regression 
 

4.8 Summary of the result 
 
Tables 4.3, 4.4, 4.5, 4.6, 4.8, 4.10, 4. 12, 4.14 and 4.17 all show the results of forecast methods on the 
warranty reserve. The result is summarised in this chapter and the forecasts with interesting results are 
summarised in table 4.18.  
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Forecast and 
data used	

T-test - 
P two-
tail	

Pearson 
correlation 
coefficient	

Pearson 
correlation 
coefficient (sig) 

MSE	 MAD	 MAPE	

Simple 
exponential 
smoothing - 
total cost	

0,653	 0,728	 4,488*10^-9	 1,342*10^13	 2941875,281	 8,61%	

Exponential 
smoothing 
Holt’s 
method - 
total cost	

0,693	 0,753	 1,026*10^-9	 2,007*10^13	 3685976,961	 10,75%	

Exponential 
smoothing 
Holt’s 
method - 
claims	

0,569	 0,753	 9,743*10^-10	 2,115*10^13	 3646053,11	 10,57%	

Exponential 
smoothing 
Holt’s-
Winter’s - 
total cost	

0,23	 0,837	 3,728*10^-10	 1,144*10^13	 2824205,078	 8,57%	

Exponential 
smoothing 
Holt’s-
Winter’s - 
claims	

0,773	 0,853	 7,873*10^-11	 1,357*10^13	 2674152,38	 8,05%	

Simple 
regression	

0,857	 -0,016	 0,914364	 2,0669*10^13	 4244354,38	 12,41%	

 
Table 4.18 Summary of the result of the forecast methods mentioned in “Summary of result” 
	
In the tables, the P two-tail value from the t-test can be found. The null hypothesis states that there's a 
significant difference between the two samples tested with a significance at the 5 % level. All the 
forecasts tested have a P two-tail value over 5% which indicated that the null hypothesis is rejected and 
that there are no significant differences between the actual value and the forecasted value. 	
	
The significant of the Pearson correlation coefficient is measured at a 5% level. All forecast models 
except the simple regression have a value under 5% which can be seen in table 4.18. This means that 
the correlation between the actual value and the forecasted value is high in all the methods used except 
the simple regression. A value closer to 1 is desired when considering the Pearson correlation 
coefficient. The highest Pearson correlation coefficient is shown in tables 4.18 where the forecast model 
exponential smoothing Holt’s-Winter’s using a combination of total claims and cost per claim has the 
highest value of 0,853, the second biggest value is exponential smoothing Holt’s - Winter’s method 
using total cost with a value of 0,837. The third largest value is 0,753 which were generated of the 
exponential smoothing Holt’s method when using both total cost and a combination of total claims and 
cost per claim. 	
	
The MSE is sensitive to large forecast errors, and this means that a smaller value on the MSE means 
smaller large forecast errors. The lowest MSE value can be found in table 4.18. The forecasts tested 
which obtained the smallest MSE is exponential smoothing Holt’s-Winter’s model using total costs with 
a value of 1,144*10^13, simple exponential smoothing using total cost in the estimations with a value 
of 1,342*10^13 and exponential smoothing Holt’s-Winter’s model using total claims and cost per claim 
in the forecast with a value of 1,357*10^13. 	
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The MAD is the mean of the data’s absolute deviation and the smaller the value the smaller is the 
deviation. The lowest MAD value can be found in table 4.18 and the smallest values can be observed in 
the exponential smoothing Holt’s-Winter’s method using total claims and cost per claim in the forecast 
with a value of 2674152,38, exponential smoothing Holt’s-Winter’s method using total cost in the 
estimations with a value of 2824205,078 and simple exponential smoothing using actual total cost data 
with a value of 2941875,281.	
	
The MAPE is described to be a good measure when the forecasted value varies significantly from one 
period to another and when the seasonality is significant in the underlying forecast. The smallest value 
indicated smaller errors. The lowest MAPE can be found in table 4.18 for the different forecasts tested. 
The forecasts tested with the smallest MAPE are exponential smoothing Holt’s-Winter’s using total 
claims and cost per claim data with an value of 8,05%, exponential smoothing Holt’s-Winter’s using 
actual total cost data with an value of 8,57% and simple exponential smoothing using actual total cost 
data with an value of 8,61%. 
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5 ANALYSIS AND DISCUSSION 
 
This chapter will discuss the result of the study. The result will be analysed, the forecast models tested 
will be evaluated and the consequences of the result will be discussed. 
 

5.1 Analysis of the result   
 
De different error measurements as MSE, MAD and MAPE all measure the forecast error but account 
for different things. The MSE account for more weights on bigger forecast errors in contrary to MAD 
which give the same weights to all errors. The MAPE, on the other hand, is a good measurement when 
seasonality is an underlying factor and when the forecast varies a lot (Chopra and Meindl, 2016). All 
the errors estimations are important to account for and a forecast which performs well on them all is a 
model that understand the warranty data and its behaviours. The exponential smoothing Holt’s-Winter’s 
method using total claims and cost per claim performs best of all the models when considering MAD 
and MAPE values. The exponential smoothing Holt’s-Winter’s method using total cost instead is the 
best when considering the MSE value. These two approaches also having the second and third highest 
Pearson correlation coefficient which indicates that the forecasted value and the actual value are similar 
and have a strong correlation.  
 
If we compare all the models tested can we see that model that performed the worse when considering 
the forecast error measurements is the simple moving average using a period of 12 months and total 
claims and cost per claim as data in the calculations. The MSE was as high as 3,671*10^13 compared 
to the best method exponential smoothing Holt’s-Winter’s method using total cost in the calculations 
that got an MSE at 1,144*10^13. The MAD for the simple moving average for the same 12 months 
estimation was 4785913 compared to 2674152,38 for the exponential smoothing Holt’s-Winter’s 
method using total claims and cost per claim. The MAPE for the simple moving average was 14,15% 
and 8,05% for the exponential smoothing Holt’s-Winter’s method using total claims and cost per claim.  
It’s clear that using fewer periods in the moving average estimations gives us a better result since using 
one or three months always yield in lower forecasting errors. The result also shows that the best moving 
average method was linear weighted moving average using three months and total claims and cost per 
claim in the data when considering MAD and MAPE. When considering the MSE it’s the exponential 
moving average using one month both with claim data and total cost data and the simple moving average 
model using one month with total claim and cost per claim data that gave the lowest values. From this, 
we can see that using months that is close to the one forecasted is crucial for a good result.  
 
When comparing the exponential smoothing methods, it’s clear that the exponential smoothing Holt’s-
Winter’s method is the best one which account for seasonality and trend. But it’s interesting to see that 
the simple exponential smoothing method is performing better than the exponential smoothing Holt’s 
method which accounts for trend. It’s also important to mention that when also considering seasonality 
in the exponential smoothing Holt’s-Winter’s method, the results got much better compared to the result 
obtained when only trend was considered in the exponential smoothing Holt’s- method. The simple 
moving average using the past month's data to account for the level and this is also adding to the 
conclusion that more present time periods is important for the forecast.  
 
The ARIMA model performs like the exponential smoothing Holt’s method and when using moving 
average methods with a six months time period which is not in line with the better methods. The ARIMA 
model has been used before when forecasting the warranty reserve but mostly when yearly forecasts 
have been considered. When considering the monthly forecast the ARIMA didn’t perform well and 
won't help plan and lower the costs as an ARIMA model did in Fattah et al., (2018) study when 
forecasting the demand. The simple regression has a similar result as the moving average methods using 
a 12 months time period which is even worse than the ARIMA. This can be because it doesn’t consider 
trends as Wasserman (1992) stated in his study. Neither the simple regression or the ARIMA is a good 
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fit for a complex product. We can also see that exponential smoothing methods is better since both 
simple exponential smoothing and exponential smoothing Holt’s-Winter’s method perform better than 
most of the moving average methods. In the study made by Kolkova et al., (2018) prices were forecasted 
with moving average and exponential smoothing methods. The result of the study showed that simple 
moving average and the exponential moving average was better at predicting some prices, but 
exponential smoothing was overall the better method for predicting prices which is consistent with the 
result in this study. 
 

5.2 Warranty reserve forecasting methods 
 
The difference between a time series forecast model and a causal forecast model is that the time series 
model considering one variable together with time and trying to find a trend, seasonality or cyclic 
behaviours to be able to forecast the future value. The causal models use relationships between two 
variables to be able to explain the future (Chambers et al., 1971). The time series approach seems to be 
a better approach considering the data used in the study since it was hard to find relationships between 
variables that would explain each other. For example, the relationship between the number of products 
and claims and the fact that more products probably would result in more claims, but this relationship 
only had a bad level of explanation. The reason why such a result may exist because of changing 
quality, fraud or sales delay that makes the data unpredictable. But these factors make it hard for any 
model to forecast the warranty reserve. The time series model gave better results and the best one was 
the exponential smoothing Holt’s-Winter’s method which considering both trend and seasonality. Wu 
(2103) claimed that seasonal patterns could be hard to find when the data was corrupt, but this study is 
consistent with Rai (2009) who states that there are seasonal patterns in the data which is important to 
account for when doing the estimations of the warranty reserve. The study made by Ashuri and Lu 
(2010) on forecasting construction index also concluded that the exponential smoothing Holt’s-
Winter’s method was the better one to use. The similarities between the construction index which 
measure how construction cost varies and the warranty reserve are that both of them contains 
seasonality that is important to account for which makes both of the costs similar in that sense.   
 
Rai and Singh (2005) states when choosing a forecasting method, the variable that should decide on 
what model to use should be time, complexity and accuracy. In the study, different models with different 
complexities were compared. ARIMA is a model more complex to use than an exponential smoothing 
model but performed worse than the exponential smoothing Holt’s - Winter’s method considering both 
total cost and claims. The time spent on the models were also in the ARIMA models disadvantage. The 
theory of time value of money shows that the result the ARIMA model gives isn't worth the effort 
(Howard’s, 1996). 
 
Chopra and Meindl (2016) state that it's harder to do long-term forecasts than short-term forecasts and 
it’s a big difference in doing forecast one month ahead instead of a year. The accuracy of the forecast is 
important, and a monthly forecast is probably giving a more accurate result than a yearly forecast. Doing 
a monthly forecast gives more certainty in the predictions but is still a good time period for a company 
to use. Using a shorter time period in the predictions wouldn’t be useful for the company in its planning 
of the warranty reserve.  
 

5.3 Warranty reserve consequences 
 
From the result, it is possible to note that none of the forecasts had 100% accuracy when tested against 
actual values, which means that the forecasted values are either overestimations or underestimations of 
the reserve. This means that the result in this study would support the conclusions made by Chopra 
and Meindl (2016) which states that forecasting on the systematic component will lead to forecast 
errors and thereby will lead to consequences of overestimation and underestimation. Overestimation 
and underestimation of the reserve is something that companies do not want, as it can affect different 
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parts of a company negatively (Gurgur, 2011). According to Gurgur (2011) will wrongly estimations 
and especially underestimations have an impact on the company’s profit negatively and overestimation 
will have consequences as opportunity cost and there will be less working capital during the fiscal 
year. But if a complex product is considered, an overestimated reserve could serve a blancher for the 
risk and reward which a complex product implies. Underestimations doesn't only affect the company's 
economy, it can also affect the capital market when the funds for dividend or shares instead goes to the 
warranty costs (Gurgur, 2011). An underestimation can also impact the view of the company by its 
customer since an underestimation means more quality issues than expected which makes the 
customer feel uncertain. Customer can also feel uncertain about the company and its capacity to be 
able to fulfil the warranty contract (Gurgur, 2011).  
	
The most accurate forecast was generated when using exponential smoothing Holt’s - Winter’s method 
and claims as data. The mean absolute percentage error (MAPE) for this model was 8.05%, see table 
4.18. The MAPE for this method indicates the accuracy of the model because the value originates from 
the errors found when comparing the actual values with the forecasted values. A MAPE value of 8.05% 
means that the forecast differs from the actual values on average by the same amount. The MAPE value 
at first glance might seem low, but according to Wang et al., (2017) the warranty cost could range 
between 2-15% of net sales and if the net sales are high, then 8.05% average error can be a bad forecast 
A model with a smaller MSE would be a good choice to be able to avoid bigger forecasts errors and in 
the study the forecast model exponential smoothing Holt’s - Winter’s method and total cost as data was 
the one that performed the bests in that error measurement. 	
	
The question of why the estimation is not 100% accurate can be explained by considering the different 
factors of warranty claims and the cost of them.  As stated in the chapter theoretical framework, failures, 
fraud and sales delay all can affect the overall ability to forecast the reserve. Fraud is especially one 
factor which affects the total warranty cost (Kurvinen et al., 2016). Fraud is coherent with agency theory 
(Eisenhardt, 1989), which has been	explained in related work. This theory states that when principal and 
agent work together, but towards different goals, a moral hazard problem occurs. The agent main focus 
is to increase the profit, which is generated from warranty repairs and the principle main focus is to 
provide the least amount of warranty repairs as possible in order to increase their profits.  A situation 
like this will most likely lead to fraudulent behaviour, which makes forecasting the warranty reserve 
difficult as the values are not a representation of the real number of claims. Minimizing fraud will, 
therefore, most likely generate more accurate actual values, which can make forecasts more easily 
predictable, as quality changes will have a more apparent effect, on the number of claims produced. To 
be able to minimize fraud audition is needed which is time-consuming and costly (Dionne et al., 2003). 
The question is if spending the time and money needed to detect all fraud to make the predictions more 
accurate will be worth the effort. According to Wu (2011) is human behaviour is also a factor that affects 
the warranty costs and thereby contributes to the forecast errors since the number of claims which comes 
from human factors are unpredictable. To minimize these kinds of claims that are not reported but should 
be reported and failures that are reported but doesn’t depend on the reliability have to found and 
accounted for.  
	
Another way to minimize the effect of factors such as fraud has on the forecast, a model which can 
account for these factors has to be utilized. But this would mean that a very complex model which also 
would mean costly development of the model (Howard’s, 1996). And then companies have to ask 
themselves, is it worth developing such a model? According to Rai and Singh (2005, what should decide 
the forecast model are time, complexity and accuracy. Because there is no way of knowing if a more 
complex model will generate better accuracy beforehand, it is hard to make the decision on whether it 
is worth developing.	
 
Offering a warranty is necessary to be able to compete with rivals and to signal the quality of a product 
to the customers (Wang et al., 2017). A warranty can also signal extrinsic attributes which are important 
when the product is complex and it can guide customers to buying a product, especially when the 
customers have little or no knowledge about the product (Thomas, 2005). It’s hard for companies to 
evaluate the quality of a complex product and this brings risks. These risk can affect issuing company 
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in how the company operates, and therefore the question arises, what is more costly: Issuing a warranty 
which can lead to consequences of overestimation and underestimation or not issuing a warranty which 
can make the customer choose a rival product since they feel uncertain about the product quality? 
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6 CONCLUSION AND FUTURE WORK 
 
This chapter aims to conclude the study made and propose future work within the research area. 

6.1 Conclusions 
The purpose of this thesis was to forecast a warranty reserve for a complex product using a quantitative 
approach. The goal was then to compare different families of models and their corresponding errors to 
be able to determine which type of model that would suit a company that produces complex products. 
Based on the result and analysis made, below the most important conclusions are presented.         	

The thesis has test different models which have derived from casual method and time series methods. 
Of the models tested the one model that achieved the lowest error measure was the exponential 
smoothing Holt’s-Winter’s method when using both total cost and total claims and cost per claim. This 
model utilizes the trend and seasonality components. The second-best method was the simple 
exponential smoothing which only accounts for the level which is the previous month. Since the 
forecasting errors were higher when using the exponential smoothing Holt’s method which accounts for 
trend we can draw the conclusion that a method considering seasonality and a time period close to the 
time period being forecasted is important. Taking these components into account made the studied 
forecast more accurate compared to not accounting for them. When considering the complexity of the 
models tested in the study, the ARIMA model is the most complex. It’s natural to think that a more 
complex model would give a more accurate result, but that’s not the case in this study. According to our 
result forecast accuracy depend on the type of data used or which factors the model considers. 

Different models consider different factors and as discussed, there are many factors to consider when 
forecasting warranty reserves. This indicates that models that are developed for forecasting warranty 
reserves should consider as many components as possible to become more accurate than those tested in 
this study. To achieve such a forecast, the data used needs to contain more information than just 
historical costs and claims. Information or detection of fraud is a type of information will enable better 
forecasting results. Fraud information will also help warranty providers to make better forecasts but also 
generate stronger relationships with agents and customers. 
 
The thesis question is stated as how can the warranty reserve be optimized for complex products? The 
warranty reserve can be optimized with the forecasting method exponential smoothing Holt’s-Winter’s 
method. The reason why is because the method gives the lowest forecasting errors, which means that 
warranty reserve is as optimized it can be. It is important to understand that the result will vary depending 
on what type of data which is used and what requirement the user has on the forecast. Using total cost 
as data will provide lower MSE value which means that the forecast will contain a smaller amount of 
large estimation faults. But using total claims and cost per claim as data will give the forecast smaller 
MAD and MAPE values, and therefore provide less general errors.  

6.2 Implications 
 
This study provides evidence that when a forecast model is developed for a complex product, the model 
needs to include more than just costs and claims to be able to capture the complexity which surrounds 
the subject of warranty reserve forecasting. Generating forecasts based only on historical costs and 
claims will not provide 100% accurate forecast because future claims cannot be explained though only 
looking at historical claims and cost. This depends on the fact historical claims will only explain how 
the products have performed during a specific time period in the past, and because a complex product 
can regularly receive updates and improvements, the product quality will change which also means that 
the warranty cost will vary.  
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The study also shows proof that warranty data can contain seasonality components when a complex 
product as the one used in this study is considered. It is therefore important that the method which is 
used to forecast the warranty reserve is able to handle such components. Because if the method of choice 
does not provide the ability to consider these components the result of the forecast will not be as accurate 
as it can be. This study also showed that a forecasting method that considers more recent time periods 
is more accurate than a method using older time periods. Therefore, it’s also important when forecasting 
the warranty reserve for a complex product to consider a forecasting method that accounts for more 
recent data.  
 

6.3 Limitations 
 
The limiting factor for this study has been that data used. The main reason for that depends on the fact 
that, fraud and other factors that make the data incorrect or unpredictable, as it can contain faults which 
influence the results of the forecasts. Another limiting factor has been the data which originates from 
one company and contains information about one specific product. This can be a limiting factor as the 
result generated might not be replicable on other complex products than those similar to the product in 
the study.  
 

6.4 Future work  
 
For future studies, other models that are more complex such as for example neural networks or models 
that account for factors such as fraud, sales delay that affect the warranty data is also interesting to test 
and to broaden knowledge on warrant reserve forecast.  Since these kinds of models have not been tested 
any conclusions about their performance can’t be made. 
 
Only quantitative forecast approaches have been considered in this study which gave forecast errors. 
The forecast errors are factors that cannot be forecasted with the help of quantitative forecast methods 
and to be able to forecast these factors, qualitative forecast methods should be utilized (Chopra and 
Meindl, 2016). The constant product quality changes which take place among products with high 
complexity combined with other factors such as the number of products under warranty would make 
qualitative forecasting techniques a good complement to the quantitative forecasting techniques. 	
	
The study also needs to be tested in other settings and in other companies to verify external	validity. 
Since this study only considers one company and one product, it can be hard to know how if the results 
will be the same or different if this study was executed in a different setting.   
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APPENDIX A: FORECAST RESULTS ON TOTAL CLAIMS AND 
COST PER CLAIMS	

	

 
Periods used 
in the forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Simple 
moving 
average 1 
Month 

0,876 0,692 3,731*10^-8 1361575,347 907,76 8,96% 

Simple 
moving 
average 3 
Months 

0,721 0,557 4,782*10^-5 1724065,012 1995,2 10,03% 

Simple 
moving 
average 6 
Months 

0,537 0,235 0,125 2613493,191 1325,6742 13,31% 

Simple 
moving 
average 12 
Months 

0,46 0,109 0,515 2664576,287 1365,4583 13,99% 

Table A.1 Result when forecasting total claims using simple moving average	
	

 
Period used in 
the forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson correlation 
coefficient (sig) 

MSE MAD MAPE 

Simple moving 
average 1 Month 

0,863 0,913 5,746*10^-20 18340,1 107,717 3,16% 

Simple moving 
average 3 
Months 

0,579 0,880 7,766*10^-16 26307,1 132,874 3,94% 

Simple moving 
average 6 
Months 

0,648 0,753 5,566*10^-9 50862,1 190,54 5,60% 

Simple moving 
average 12 
Months 

0,742 0,425 0,00869 104482 276,278 8,18% 

Table A.2 Result when forecasting cost per claim using simple moving average 	
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Periods used in 
the forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Linear weighted 
moving average 
3 Months 

0,720 0,642 1,163*10^-6 1398000,074 895,67 8,96% 

Linear weighted 
moving average 
6 Months 

0,591 0,474 0,00117 2003814,657 1134 11,38% 

Linear weighted 
moving average 
12 Months 

0,542 0,246 0,137 2607426,265 1382 13,93% 

Table A.3 Result when forecasting total claims using linear weighted moving average 	
	
 
Periods used in 
the forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient  

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Linear weighted 
moving average 3 
Months 

0,54 0,902 4,756*10^-18 21825,92 119,643 3,55% 

Linear weighted 
moving average 6 
Months 

0,638 0,834 1,957*10^-12 35636,4 156,3318 4,61% 

Linear weighted 
moving average 
12 Months 

0,908 0,652 9,073*10^-6 68769,08 222,3876 6,58% 

Table A.4 Result when forecasting cost per claim using linear weighted moving average 	
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Periods used in 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Exponential 
moving average 1 
Month 

0,889 0,708 1,802*10^-8 1269741,417 876,63 8,63% 

Exponential 
moving average 3 
Months 

0,573 0,629 2,888*10^-6 1417845,268 921,75 9,25% 

Exponential 
moving average 6 
Months 

0,48 0,495 0,000636 1802266,964 1092,2 10,99% 

Exponential 
moving average 
12 Months 

0,564 0,322 0,0488 2416917,213 1330,5 13,42% 

Table A.5 Result when forecasting total claims using exponential moving average 	
	

 
Periods used in 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Exponential 
moving average 1 
Month 

0,624 0,920 2,394*10^-20 18340,07 107,717 3,16% 

Exponential 
moving average 3 
Months 

0,561 0,888 1,801*10^-16 23984,3 124,405 3,67% 

Exponential 
moving average 6 
Months 

0,633 0,789 3,194*10^-10 41813,5 171,003 5,04% 

Exponential 
moving average 12 
Months 

0,979 0,563 0,000282 80355,5 239,621 7,14% 

Table A.6 Result when forecasting cost per claim using exponential moving average 	
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Periods used in 
forecast 

T-test 
P two-
tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Simple 
exponential 
smoothing 

0,837 0,704  2,417*10^-8 1201968  857,467  8,49%  

Exponential 
smoothing Holt’s 
method 

0,735  0,743  2,285*10^-9 1717017,036  1040,002  10,35%  

Exponential 
smoothing Holt’s-
Winter’s method  

0,686  0,821  1,584*10^-9 1658099,487  973,676  9,57%  

Table A.7 Result when forecasting total claims using simple exponential smoothing, exponential 
smoothing Holt’s method and exponential smoothing Holt’s-Winter’s method	
	
 
Periods used in 
forecast 

T-test P 
two-tail 

Pearson 
correlation 
coefficient 

Pearson 
correlation 
coefficient (sig) 

MSE MAD MAPE 

Simple 
exponential 
smoothing 

0,598 0,921  2,072*10^-20 18108,92  105,5914  3,10%  

Exponential 
smoothing Holt’s 
method 

0,299 0,917  1,251*10^-19 23247,63  120,522  3,54%  

Exponential 
smoothing Holt’s-
Winter’s method  

0,891 0,8706  1,070*10^-11 31979,63  136,2497  4,08%  

Table A.8 Result when forecasting cost per claim using simple exponential smoothing, exponential 
smoothing Holt’s method and exponential smoothing Holt’s-Winter’s method	
	
 

P two-
tail 

Pearson 
correlation 

Pearson correlation 
coefficient (sig) 

MSE  MAD MAPE 

ARIMA 
(1,2,2)  

0,442 0,702 3,842*10^-8 1399302,2 943,65 9,30% 

Table A.9 Result when forecasting total cost using ARIMA	
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Cost per 
claim 

P two-
tail 

Pearson 
correlation 

Pearson correlation 
coefficient (sig) 

MSE  MAD MAPE 

ARIMA  
(1,1,1) 

0,726 0,918 2,57*10^-19 24434 124,84 3,65% 

Table A.10 Result when forecasting cost per claim using ARIMA	
	
 

P 
two-
tail 

Pearson 
correlation 

Pearson 
correlation 
coefficient (sig) 

MSE  MAD MAPE 

Regression 
Dependent variable: 
Actual nr of total claims 
Independent variable: 
Actual nr of products 
under warranty 

1 0,134 0,35 2218680 1179,47 11,96% 

Table A.11 Result when forecasting total claims using simple regression	
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APPENDIX B: ARIMA OPTIMIZATION 	
	
B.1 Forecast on total cost 
 
Forecasting the warranty reserve using ARIMA includes a number of tests. The first thing that had to 
be done was to test if the series was stationary or non-stationary. To test if the series was stationary, a 
dickey fuller test was performed. The test was tested using 1 lag and the autoregressive order or (0, 0, 
0). The test gave us a “Tau” single mean value of -2, 92 and “Pr < Tau” 0, 0503, which indicates that 
the series was non-stationary, see table 4.10.	
	

 
Augmented Dickey-Fuller Unit Root Tests 

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Single Mean 0 -15.3225 0.0252 -2.92 0.0503 4.26 0.0825 

 
1 -10.3209 0.1047 -2.02 0.2774 2.15 0.5367 

Table B.1 Dickey-fuller test on total cost	
	
Because the series was non- stationary differencing had to be added to make the series stationary. 
Adding differencing by 1,1 meaning that lag 1 is differenced twice, the Pr< RHO at lag 0 was larger 
than Pr < RHO at lag 1, which indicates that series became stationary, see table 4.11.	
	

 
Augmented Dickey-Fuller Unit Root Tests  

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Single Mean 0 -75.9546 0.0004 -14.89 0.0001 110.86 0.001 

 
1 -122.992 0.0001 -7.72 0.0001 29.83 0.001 

Table B.2 Dickey-fuller test after differencing	
	
Adding differencing 1,1 meaning that lag one became differenced twice, made the ARIMA at this 
stage to an ARIMA (0, 1, 0) model. To decide which order of AR and MA to use, a visual inspection 
of the PACF and ACF graphs was made. The graph the PACF graph indicates a sharp cut-off point, at 
lag 1 which suggested that AR should be added to better explain the AR pattern, see figure 4.1. ACF 
graph showed a strong cut off point in lag 1, which indicates that MA 2, or MA 3 would be beneficial 
to the model in order than enhance the model, see figure 4.1.  To be able to see and notice eventual 
improvements, an inspection of the AIC value was made before adding AR and MA. The AIC Value 
was = 1603.31.	
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Figure B.1 ARIMA (0,1,0)	
	
Adding MA = 2 and AR = 1 to the model generated an AIS value of 1573.50 which compared to 
previous value was an improvement. The model was after these changes ready to be used to forecast 
the total cost. Below the ACF and PACF can be seen, see figure 4.2. 	
	

	
Figure B.2 ARIMA (1,1,2) 
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Models tested: 

AR (p) Integrated (I) MA (q) ARMIA Model AIC –Value 

Total cost #1 0 1 0 (0,1,0) 1603,31 

Total cost #2 1 1 2 (1,1,2) 1573,50 

Table B.3 Comparison optimized ARIMA total cost forecast models	
	
	
B.2 Forecast on total claims 
 
To generate an ARIMA model for the total claims the same process as for the total cost was generated. 
The first step was to conclude if the series were stationary or non-stationary. According to the table 
below the series were non-stationary, therefore differencing had to be added. Table 4.12 explained that 
Pr<Rho single mean is larger at lag 1 then in lag 0, which indicates that series is non-stationary.	
	

 
Augmented Dickey-Fuller Unit Root Tests 

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Single Mean 0 -14.7878 0.0295 -2.85 0.0583 4.07 0.0928 

 
1 -11.737 0.0707 -2.11 0.2425 2.28 0.5049 

Table B.4 Dickey-fuller test on Total Claims	
	
Adding differencing 1, 1 meaning differencing the lag 1 two times yields in a PR<RHO value which is 
smaller in lag 1 than in lag 0 which indicates that the series is stationary. See table 4.13.	
	

 
Augmented Dickey-Fuller Unit Root Tests 

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Single Mean 0 -75.85 0.0004 -14.59 0.0001 106.44 0.001 

 
1 -108.358 0.0001 -7.03 0.0001 24.68 0.001 

Table B.5 Dickey-fuller test of Total Claims with differencing 1,1	
	
According to the ACF and the PACF adding an AR (1) and MA (2) would be beneficial for the model, 
see figure 4,3. The AIC value before adding AR and MA was 835,62.	
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Figure B.3 Trend and correlation of  Total Claims 
  
	
After adding AR 1 and MA 2, the ARIMA model had become an ARIMA (1,2,2) the AIC value went 
down from 835,63 to 803,54, indicating that the model had improved. The model was now defined and 
was ready to be used to forecast total claims. 
 

  AR (p) Integrated (I) MA (q) ARMIA Model AIC –Value 

Total claim #1 0  
1 

0 (0,1,0) 835,62 

Total claim #2 1 2 2 (1,2,2) 803,53 

Table B.6 Comparison optimized ARIMA total claim forecast models	
	
	
B.3 Forecast on cost per claim 
	
To find an ARIMA model which could fit the cost per claim, testing to see if the series was stationary 
had to be made.  The dickey fuller test below indicates that the series was not stationary, see table 
4.14. Plotting the observed graph also showed evidence that the curve had some non-stationary 
pattern, see figure 4.4.	
	



 

55 

Augmented Dickey-Fuller Unit Root Tests  

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Single Mean 0 -4.0481 0.5186 -1.42 0.5632 1.01 0.8138 

 
1 -3.7159 0.5571 -1.46 0.5447 1.12 0.7889 

Table B.7 Dickey-fuller test on cost per claim	
	

	
Figure B.4 Graph of cost per claim with no differencing	
 
Adding differencing 1, 1, meaning the first lag was differenced two times, indicates that ACF cuts off 
directly in lag 1, adding MA 1 could, therefore, increase the performance of the model see figure 4.5. 
PACF shows a negative partial autocorrelation which indicates that AR 1 term should be added. AIC 
value for the ARIMA (0, 1, 0) was 636.62.	
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Figure B.5 AFC and PACF cost per claim after differencing	
	
Adding AR 1 and MA 1 to the ARIMA generated an ARIMA (1, 1, 1), model. The AIC value showed 
a decrease from 636.62 to 614.25 indicating that model had a better fit compared to the previous 
model. The model generated was now used to forecast cost per claim.	
	

  AR 
(p) 

Integrated 
(I) 

MA 
(q) 

ARMIA 
Model 

AIC –
Value 

Total Cost claim 
#1 

0 1 0 (0,1,0) 636,62 

Total Cost claim 
#2 

1 1 1 (1,1,1) 614,25 

Table B.8 Comparison optimized ARIMA total cost per claim forecast models	
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