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Use of Weather Data in Supply Chain Management 

Elín Anna Gísladóttir 

June 2015 

Abstract 

Decision making in the supply chain can be a difficult process. Forecasts are often used to 

predict demand since it is important to maintain the balance between keeping inventory to 

minimal levels and losing consumers due to inventory shortage. Weather inherently affects 

people and their behavior, and thus, weather influences product demand. With new 

technologies and increased knowledge, meteorologists have improved their ability to predict 

the weather, and it is reasonable to try to take advantage of this in decision making in the 

supply chain. A case study was conducted using data from the Icelandic retail company, N1. 

The data were tested for correlation between sales and weather. Then a multiple linear 

regression model was used to make predictions of sale. Estimates of the difference between 

actual sales and predicted sales were examined, as well as replacing weather variables with 

weather events. The process was carefully recorded and set forward as a proposed 

methodology for using multiple linear regression models for predicting sales of products and 

discovering which weather events affect demand. The results showed reasonably accurate 

forecasts, so it was realistic to conclude that it is possible to use weather data to predict 

demand, at least for products with weather driven demand. Being able to identify what kind of 

weather affects sales is important and provides the decision maker with greater knowledge of 

his/her products which leads to the ability to make better informed decisions regarding their 

products. Additional research is needed to test whether or not this method is more viable than 

the forecasting methods currently in use. 

  

Keywords: regression analysis, weather, forecasting, supply chain management, decision 

making, sales 

  



viii 

Notkun veðurupplýsinga við stjórnun aðfangakeðjunnar 

Elín Anna Gísladóttir 

June 2015 

Útdráttur 

Ákvarðanataka á hinum ýmsu stigum í aðfangakeðjunni getur verið flókið viðfangsefni. 

Algengt er að nota spár til að spá fyrir um eftirspurn, því mikilvægt er að hafa sem minnst á 

lager án þess þó að eiga það á hættu að tapa viðskiptavinum vegna vöruskorts. Veður hefur 

áhrif á fólk og hegðun þess sem veldur því að veður hefur áhrif á eftirspurn. Með nýrri tækni 

og bættri þekkingu hefur geta veðurfræðinga til þess að spá fyrir um veðrið aukist og því gæti 

verið skynsamlegt að reyna að nýta þá þekkingu við ákvarðanatöku í aðfangakeðjunni. 

Raundæmi var skoðað þar sem gögn frá íslenska smásölufyrirtækinu, N1, voru notuð. Gögnin 

voru notuð til að greina fylgni milli sölu á vörum og veðurs. Síðan voru línuleg 

aðhvarfsgreiningarlíkön notuð til að spá fyrir um sölu á vörunum. Munurinn á raunsölu og 

spám var skoðaður og var spáskekkjan metin ásamt því hvaða áhrif það hafði að skipta 

veðurbreytum út fyrir veðuratburði. Ferlið var vandlega skráð niður og er það sett fram sem 

aðferðafræði þar sem nota má margþætt línuleg aðhvarfsgreiningarlíkön til að spá fyrir um 

sölu á vörum og bera kennsl á veðuratburði sem hafa áhrif á eftirspurn. Niðurstöðurnar sýndu 

nokkuð góðar spár og leiddi það til þeirrar ályktunar að það sé raunhæft að nota 

veðurupplýsingar til þess að spá fyrir um eftirspurn vara, í það minnsta fyrir vörur með 

veðurháða eftirspurn. Það að geta borið kennsl á hvernig veður hefur áhrif á sölu er mikilvægt 

og veitir þeim sem taka ákvarðanir mikilvæga þekkingu á vörunum sínum. Það leiðir til þess 

að ákvörðunartakinn getur tekið betri og upplýstari ákvarðanir varðandi vörurnar. Frekari 

rannsókna er þörf til að staðfesta hvort þessi aðferð er hagkvæmari en þær sem nú þegar eru í 

notkun. 

 

Lykilorð: aðhvarfsgreining, veður, spár, stjórnun aðfangakeðjunnar, ákvarðanataka, sala 
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1 Introduction 

Weather inherently affects people and their behavior, and thus the demand for products. With 

new technologies and increased knowledge, meteorologists are improving their ability to 

predict the weather, and it is reasonable to try to take advantage of this in order to improve 

business decisions affected by weather. This could improve supply chain management (SCM), 

increase corporate revenues, and increase customer satisfaction by preventing inventory 

shortage. This could also prevent unnecessary costs due to excess inventories, particularly for 

products with short lifetimes.  

The use of weather forecasts to improve SCM does not seem to be commonly used. However, 

businesses are aware that weather affects them and it is becoming more common to protect 

businesses against bad weather conditions. This is done by buying insurances and/or hedging. 

Some industries, like agriculture, use complicated models that calculate expected utility of all 

decisions in order to make the best decision based on forecasted weather conditions. For 

agriculture and many other industries, there has also been a rise in tailored weather forecasts.  

A combination of weather data, historical sales/production data and knowledge of the decision 

maker could be the key to make better decisions in the SCM. By using that approach, this 

thesis will focus on the retailer part of the supply chain and analyses of products with weather 

driven demand. Quantitative methods and statistics will be used to present a procedure that 

can be used to identify correlations between sales and weather factors and utilise these 

correlations to make predictions. The procedure is developed by analysing real data provided 

by three retail outlets.  

The first chapter explains the background of the thesis and presents related literature. It also 

states the problem, the research questions, limitations, and aims and objectives of the thesis. 

Finally, it gives an outline for the remainder of the thesis.  

1.1 Background 

There are companies that have started using weather information to improve their businesses 

and in some cases, meteorologists are becoming important employees in retail and service 

companies [1], like at FedEx [2]. The ability to forecast the future makes decision making 

easier, and in many cases, the use of weather forecasts is thought to be the best way to obtain 

competitive advantage, especially in markets with high competition [3], responsive supply 

chain [4], and high sensitivity and uncertainty caused by weather. 
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Even though demand for some products and services is sensitive to weather it can be very 

difficult to convince decision makers to use weather forecasts, due to their uncertainty. This 

difficulty may be because the user does not fully understand weather data [5] and it is hard for 

the potential end-user to recognise the actual value in using weather forecasts [6], [7], [8]. It is 

not sufficient to only provide weather forecasts, no matter how precise they are, since the end-

user must know how to utilise them.  

Fortunately, weather awareness is spreading, and many have written about companies 

increasingly protecting themselves against bad weather influence [1], [2], [9], [10], [11]. This 

is done by hedging and/or buying insurance, precautions both Coca-Cola and Heineken have 

taken [12]. Due to this growing awareness, the demand for weather consultant companies is 

increasing. Using weather as an excuse for lower sales or unplanned outcomes is no longer 

valid. With improved technology and increased knowledge, it is possible to react to weather 

and weather forecasts and use that information for improved decision making. It provides 

opportunities [5] for deployment in areas such as operations research and management 

science and could in fact be used for improvements in the whole supply chain. 

1.2 Meteorology in the Business World 

Weather plays a big role in consumer behaviour [13]. Seasonal trends are common, and when 

forecasting demand, seasonality can be taken into account. It is not common to account for 

situations were weather takes control of consumer behaviour. For example, sudden rain can 

change a person’s decision from having a garden party to going to a restaurant for dinner. 

Even more uncommon is to consider extreme weather events that physically prevent people 

from buying or using products or services. These factors do have an effect on the companies 

providing those products and services.  

The use of weather forecasts is not always the same among different industries, and people do 

not have the same opinion regarding how they should be used or what their benefits are. 

Regnier [5] did a study on existing research and practices where weather forecasts were used 

in decision making; she believes that in order to be able to utilise forecasts more efficiently, 

meteorologists must stop looking at weather forecasts as a description of nature and instead 

start using statistics and take uncertainty into account. This supports others’ arguments, that 

there is a gap between those who make forecasts and those who want to utilise forecasts in 

their businesses [6], [7], [11], and that that gap might be closed by them working together.  
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Commercial weather services specialise in forecasts that are designed for use in business and 

decision making. Over the years, some government services have started to do this as well [5], 

such as the National Weather Service in the U.S.A. The commercial weather service industry 

is growing, and the number of listed services increased from 289 in 2004 [5] to 394 in 2014 in 

the U.S.A. [14]. These companies see profit prospective in providing and specialising in 

weather services tailored for companies across various sectors.  

This rise in demand for tailored weather forecasts can be explained by the fact that companies 

selling products with weather driven demand often see a chance to gain competitive 

advantage by learning how to use weather forecasts beneficially. The first step in utilising 

weather forecasts is to find out what weather factors affect sales and how sales are affected. 

Researchers [15] have shown that it is often more than one factor that explains how weather is 

experienced: it is a combination of sunlight, precipitation, humidity, and wind, etc. 

The most beneficial type of weather forecast depends on what the forecast will be used for, 

and what information is required. Factors such as appropriate scale, lead time and accuracy 

[7] are important and can vary between industries. To be able to use weather forecasts to 

improve decision making and performance of the supply chain, multidisciplinary knowledge 

is required from various fields. Due to that, it can be difficult for the user to know where to 

look for information or how to use it. 

1.2.1 Uncertainty  

When using weather forecasts, it is important to recognise the uncertainty involved. This 

cannot be overlooked since it is the key to understanding what effect it has on end-users 

receiving information which is not 100% certain. Risk analysis is a good tool to manage 

decisions so the decisions become consistent with the uncertainty and decision makers’ 

tolerance of risk [7]. The risk in this context is the possibility to suffer severe losses because 

of some weather event [11]. Severe losses can occur because of flooding, drought, severe 

storms, freeze, etc. In the U.S.A. there is a database [16] that keeps records of severe weather 

events and the costs associated. 

People continuously make decisions regarding things they do not know the results or 

repercussions beforehand. There is no method or formula that can explain how people will 

assess uncertainty or how they will react to it; however, it has been shown that the format of 

the information does matter, both concerning communication [7], [9] and visualisation [17]. 

This means that the source that the user receives the information from and how it is 
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represented does matter. Navad-Greenberg et al. [17] did for example test different 

visualisations of weather forecasts in order to understand people’s reasoning with uncertainty 

information and they concluded that a combination of an uncertainty chart with a box plot 

display might be the optimal approach.  

For decisions in SCM, it might be most useful to provide probability distribution along with 

the weather forecast. It would give the possibility to calculate expected utility of all decisions. 

This does however, in reality, require advanced models that can get very large if considering 

all possibilities. These advanced models are used in some industries and a significant part of 

the literature on the use of weather forecasts, refers to this kind of modelling [5], [7], [9], [18]. 

1.2.2 The End-User 

To be able to utilise weather forecasts in the business world, the end-user does not only have 

to understand the nature of weather forecasts and the effects, but also be motivated to 

effectively use the forecast [7]. The user has to get the right forecast, at the right time and in a 

format that he or she can apply to improve his or her decisions [7].  

The relevant format of weather forecasts, e.g. whether or not to provide probabilities, provide 

only best or worst case scenarios, or even provide no information about uncertainty [9], can 

be hard to figure out since needs are different across industries and problem settings. 

Understanding these differences is useful and some authors have pointed out that this can be 

closely linked to how valuable the use of weather information is [7], [8], [18]. The user 

processes information both emotionally and rationally [9], and as such there is no guarantee of 

their reaction. The use of weather data has to be formalised in well-defined processes so that 

the end-user can evaluate different decision options in an objective manner. 

It is arguable that an end-user, with no knowledge of meteorology, is incapable of utilising the 

weather forecast. This can be solved by giving the end-user an opportunity to receive weather 

information in a format that he or she is already familiar with and trusts. After all, it cannot be 

overlooked that the end-user has the most knowledge of their business and might be the only 

one capable of making correct decisions after receiving weather information.  

How the end-user reacts and uses weather information is not the focus of decision analysis 

[18] nor the focus of this thesis. The focus of this thesis is set to find out how weather data 

can be utilised and how decisions can be made using those forecasts. Many other factors can 

affect the supply chain and decisions made on the way from the supplier to a consumer. Using 

weather forecasts is a potential step towards improving this process.  
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1.2.3 Iceland 

With improved technology in weather forecasting, meteorologists at the Icelandic 

Meteorological Office are writing over 40.000 weather forecasts each year [19]. With 

improved technological information it is becoming easier for Icelanders to access weather 

forecasts relevant to them; many foreign weather institutes conduct global forecasts for large 

parts of the world, including Iceland.  

In Iceland, there are a few others, aside from the Icelandic Meteorological Office, operating 

within this field. Belgingur [20], an institute for meteorological research, are issuing weather 

forecasts for Iceland and are leaders in dynamic downscaling. The Icelandic Road and Coastal 

Administration [21], The National Power Company of Iceland (Landsvirkjun) [22], Reykjavik 

Energy (Orkuveitan) [23] and the Icelandic Transport Authority (Samgöngustofa) [24] all 

have automatic weather stations, collecting a wide range of data. Additionally, certain 

townships in Iceland also collect weather information specific to their area. 

The commercial weather service market in Iceland is very small. The Icelandic company 

Theyr.tv [25] provides weather forecasts for paying customers globally, as well as 

Veðurvaktin ehf. [26]. Both of those companies have been largely inactive over the last few 

years, as seen in outdated news updates [26].  

1.2.4 The Use of Weather Data in Different Industries 

The agricultural industry has the most research and knowledge of using weather information. 

Models that evaluate appropriate events and responses [7], [18] have been used for decades 

and the industry has gained a lot of knowledge over the years. As seen from studies in the 

agricultural sector, it is obvious how important it is to combine the following factors: weather 

data, human knowledge of the decision makers, and historical sales/production data. The 

problem is often assessed like Katz et al. did in their research [18], where the decision 

problem is structured and then decision maker’s utilities of consequences are determined. 

Probabilities of an event occurring are calculated, individual actions and comparisons are 

evaluated, and finally the value of information to the decision maker are estimated. This is a 

long process, which can include various situations using both new and historical data [27], 

which is what makes the process dynamic [18]. 

The electrical industry has increasing their use of weather forecasts in the past years [5]. The 

reason for this increase is due to improvements in weather forecasting [3], especially in short 

term forecasts. This is a highly weather sensitive industry, therefore they try to use weather 
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forecasts to make decision outcomes as good as possible. This usage of weather forecasts 

might also be due to increased competition in this business [3] because as mentioned earlier, 

utilising forecasts can give businesses competitive advantage.  

A study from 2006 [28] tried to find methods to forecast how many patients would visit a 

hospital emergency room, in order to staff shifts more efficiently. In a case like this, staffing 

can be matter of life and death. It is very important to have the right number of staff working 

at all times to ensure every patient receives the care and attention he or she needs, but it is 

also very costly to have too many staff working, so the balance is crucial.  

Opportunities for business improvements are endless across the board. The utilisation of 

weather information and weather forecasts can be used for multiple purposes: to staff shifts 

[5], in marketing, to decide when to evacuate areas because of hurricanes and floods [9], to 

evaluate how much inventory to produce, in corporate planning and budgeting [6], in social 

media online marketing, to decide what season to sell certain products, for promotion of 

merchandise in store, and so on. People should be open minded and understand that this might 

be the future approach to gain competitive advantage in all stages of the supply chain.  

1.3 Weather Information in the Supply Chain 

The focus in management is on running businesses in such way that unexpected and 

unnecessary costs are minimised. When focusing on cost control, it is important to have the 

best available data, since lack of right information can adversely affect decision making. 

Information is essential across the supply chain; if one link is broken, companies can suffer 

damages that might put their viability in limbo.  

Weather information can be essential in this context. Due to constant weather changes, 

businesses often have to change decisions they have made, which can lead to effects on their 

sales and earnings. The result of a weather event can be shift in timing of purchase or that the 

consumer completely changes or cancels the purchase. Either way, the weather information 

should be considered by those who make decisions in the supply chain.  

1.3.1 Supply Chain 

Logistics are the concept of managing procurement, movement and storage of materials, parts 

and finished inventory [29] with the objective to fulfil demand in the most profitable way. A 

development of this concept is SCM. The main difference between those concepts is the 

scope. The scope in SCM is the whole process of sourcing the components or material 
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needed, producing the product, distributing and selling the product and how related 

companies and people interact in that process.  

Part of the SCM concept is inventory management. Companies need to be aware of what they 

have in stock, where and when they have to use it and what the end product returns. Having 

too much in stock or too little can be expensive. To avoid this, it is important to focus on time, 

stock requirements and keep exact records of the stock [30]. Demand and supply in the supply 

chain is dynamic [31], and it can be challenging to try to meet all demand. Using weather 

forecasts to help determine future demand could lead to improved stock levels and 

availability. 

The supply chain can take many forms but a common setup [31] is shown in Figure 1. 

Figure 1: Simple supply chain. 

Information, material, decision and financial flow connect participants in both directions and 

businesses are learning that partnerships lead to more efficient supply chain [31]. Using 

demand forecasts is important in logistics and SCM since the use of forecasts helps 

companies to reach their goals in a more efficient way. Use of weather data for demand 

forecasting is possible and could be important in all stages of the supply chain. It does not 

matter if it is the farmer planting corn or the retailer serving the consumer - all of these must 

make decisions regarding demand and supply.  

1.3.2 Timescale 

To assess and understand the impacts of being able to predict the weather, it is necessary to 

use historical data [7], [27]. Historical data includes no uncertainty and states only facts. As 

such, historical data are useful for developing methods that may be used to exploit weather 

forecasts. During this process, it is important to be aware of different timescales concerning 

lead time in the supply chain and weather forecasts.  

The lead time is the time between ordering and receiving a product [29]. Lead time is 

important because there is no value in being able to utilise weather forecasts if the product 

cannot be delivered on time. That is the biggest issue [7] to overcome when trying to make 

decisions based on weather forecasts. Improvements in information technology have led to 



8 

reduction in lead times [31] which makes it easier to utilise weather forecast in the supply 

chain.  

Weather forecasts can be released months, weeks, days, hours and minutes in advance. 

Shorter time means more reliable forecasts, and it varies between users what timescale is 

needed. Fortunately this has not led to ignorance of weather forecasts, rather it has led to a 

variety in use of weather forecasts’ timescales, depending on industry requirements and 

application. Airlines, for example, use “nowcasts” [5], which are short-term weather 

forecasts, usually within 30-120 minutes [3]. In agriculture, forecasts for the following 

months are useful [18] but localised weather reports in television are most often 24 to 48 hour 

forecasts.  

Retailers might want a weather forecast one to three days in advance, whereas the farmer 

might want a forecast for the next six months. The purpose of use has to be clear before 

utilising weather forecasts. There is a demand for both long term and short term weather 

forecasts because of different timescales and lead times. This makes it challenging for 

meteorologists to know which markets to target [11]. This may be a contributing factor to the 

increase in commercial weather forecast businesses mentioned earlier. 

1.3.3 Economic Weather Effects  

Since weather impacts so many industries and areas of business, it is obvious that the whole 

economy must be affected in some way. However, some studies show that extreme weather 

events do not matter, since the average sales over the whole year will just average out [8], 

[32]. That means for example if May becomes extremely sunny and sales rise way above the 

normal, there will be less sold in the following “normal” months, causing the sale of the 

whole year to be average and the weather effects non-existent. This is also said to be true 

about the economy as a whole; if one sector loses, another one profits [8]. This is a valid point 

for both of the studies [8], [32]; however, one factor is overlooked in both of the studies. In 

both sources, a year or many years are used as the time frame, whereas they do not know the 

difference between those years and years that weather information had been known 

beforehand and reacted upon.  

There will likely always be some kind of debate about whether weather patterns shift only the 

timing of purchases or if weather changes result in permanent loss [33]. Evidence shows that 

weather does effect countries’ entire economies [8], [33]. These effects can be negative or 

positive and they can affect both demand and supply [8], [11]. Weather effects can increase 
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inflation, unemployment compensation and governmental payments to industries that suffer 

dramatic losses, and those factors have a huge impact on the economy [33]. All those effects 

lead to interest in examine whether those effects and decision making can be changed if dealt 

specifically with weather.   

1.4 Statement of the Problem  

As mentioned above, the supply chain is in many cases sensitive to weather, because weather 

has been shown to affect consumer decision making [13], [34]. At all stages in the supply 

chain (Figure 1) the most important factor is to know the level of demand in order to be able 

to provide the consumer with the correct volume of products, at the right time. The balance 

lies in keeping inventory to minimal levels versus losing consumers due to inventory 

shortages.  

To be able to find the balance in inventory levels, it is important to forecast the level of 

demand. Forecasting, the process of predicting the future, is important since it has direct and 

indirect impact on almost every activity of companies [35]. Most predictions, regardless of 

accuracy, are of great utility to the planner [6], and good forecasts can lower costs, lead to 

competitive advantage and increase consumer satisfaction [35].  

Utilising weather forecasts to improve forecasting the level of demand can be important for 

many industries. The beginning of such utilisation is to understand the relationship between 

weather and sales of products as well as how the sales are affected. This is done by using 

historical weather data.  

Predicting demand is a challenge which people try to overcome, and there are various 

methods used to generate a demand forecast. Sometimes forecasting methods are split into 

qualitative methods and quantitative/statistical methods [36]. Qualitative methods are often 

generated by using expert opinions and surveys to figure out trends and customer behaviour 

[36]. This thesis will focus on quantitative methods and use statistical methods to find 

relationships between variables, and use these relationships to make predictions.  

The focus will be on the retailer part of the supply chain, and on products with weather driven 

demand, which is a numerical representation of the consumer’s need for a product or service 

caused by perceived changes in weather at a special time and location [37]. Retailers are most 

often placed at the end of the supply chain (Figure 2) selling products straight to the 

consumers. Due to their placement in the supply chain, retailers have the best opportunity to 

react to situations that affect the consumers’ behaviour.  
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A case study will be conducted where observations are made using data from three retailers. 

These retailers are shops owned by N1, which is a leading Icelandic retail and service 

company that provides consumers with fuel, supplies, refreshments, etc. [38]. The company 

provided data of eight products that were used to test the methods, see more in chapter 2.1.  

 

Figure 2: The flow of goods to the consumer. 

The use of weather forecasts could potentially improve operations of various businesses 

worldwide. As far as the author knows, this is the first study conducted in Iceland on the use 

of weather data in SCM. There is a demand for it in the Icelandic market and the trigger for 

this thesis came from a company specialising in supply chain planning that constantly gets 

requests from customers to utilise weather information and want this information to be 

incorporated into their systems.  

Being able to utilise weather forecasts could be important for retailers. It could be used to 

improve inventory levels and to be able to respond to fluctuations in demand due to weather 

events and take advantage of them for marketing purposes, i.e. demand generation. This thesis 

can hopefully improve decision making by introducing a method to utilise weather 

information for forecasting. 

1.5 Research Questions 

The focus of the thesis will be to examine how to estimate the relationship between different 

weather factors and demand. Case study will be used to test whether there appears to be a 

correlation between weather and demand for certain products and if so, whether a demand 

forecast can be improved by utilising weather information. A process will be presented and a 

suggestion of use in a real life situations.  

The following questions were developed:  

1. Does weather affect sales on a daily level?  

2. Is it possible to use weather data to predict demand? 

3. Could the use of weather information be potentially useful in decision making in the 

supply chain?  

To be able to answer the questions the following objectives were composed:   
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 Study existing literature on the use of weather forecast to improve logistics in the 

supply chain 

 Develop a multiple regression model using weather data to predict demand  

 Analyse the products chosen for the case study  

 Conduct experiments with real data in order to verify the methods that will be 

developed in the project and try to find out if the methods will improve decision 

making in the management of the supply chain 

 Implement methods for the dataset 

1.6 Limitations 

Testing of proposed methods is limited to the data provided by N1, see chapter 2.1. The data 

included specific product types, not the whole product groups. It could have generated more 

precise results to focus on whole product groups, since the quantity of sold items would have 

been greater.  

The products were selected by inventory management specialist working at N1. However, it 

should be possible to apply the chosen method to all kinds of products, at least products that 

have reasonably short lead times.  

There are also limitations because of the usable weather data. Some issues regarding 

availability of data came up at the beginning of the thesis, resulting in the selection of three 

retail outlets all located in the capital area of Iceland. Using other locations could have 

provided other results. 

Weather forecasts are not 100% certain, even though improvements in meteorology have 

made them better than they were prior. The multiple regression model will always be limited 

to the certainty of the weather forecasts. It should be kept in mind that the model should never 

be used as an absolute truth, but rather as a guideline or an input for decision making.  

There can also be errors in the data from the business systems (ERP systems). The greatest 

error is often due to fluctuations in sales of products, especially products that are usually sold 

in few units, but can under special conditions be sold in multiple amounts compared to the 

average daytime sale. In order to prevent great effects because of those errors it is necessary 

to have long periods of data, because it makes it possible to see the general behaviour. This 

thesis is only based on data covering three years of sales and it might affect the results.  
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1.7 Thesis Outline  

This thesis starts with an introduction and a background discussion, including a literature 

review and the problem statement. In chapter 2, information about the data and methods used 

are provided. Chapter 3 explains the formulation of the models used. Chapter 4, states the 

results of the thesis. Chapter 5, contains some discussions and concerns regarding the thesis, 

future work and the results. The final chapter contains the final conclusion of the thesis. 
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2 Methods 

This chapter is divided into two parts. The first part describes the data collection and the data 

itself. The latter half describes the statistical analysis methods that were used in the thesis, as 

well as the comparison method that were used to verify if the process presented in the thesis is 

of any use to decision makers.  

2.1 Data 

The dataset used in this thesis included weather data and sales data of eight products. The data 

were obtained from two sources; the weather data from a database hosted by the Institute for 

Meteorological Research (Belgingur), and the sales data from a database hosted by AGR 

(Aðgerðagreining ehf.) containing data from the retail and service company, N1. The products 

were: windscreen wipers, cigarettes, soda, popsicles, coals, cake, windscreen washer fluid and 

anti-freeze. Six of them were chosen as products with possible weather driven demand and 

two of them as products not affected by weather. The sales of each product were measured in 

sold units.  

After discussions with an inventory management specialist at N1 and estimates of what 

weather variables might affect the chosen products, it was decided to select four weather types 

to use in the case study. The weather variables used were precipitation, measured in mm, 

temperature, measured in Celsius degrees, cloud cover and sunshine hours, both measured in 

hours. There was only one weather station used, located in Bústaðarvegur in Reykjavík. This 

weather station was reasonably close to all of the retail outlets locations, within less than a 

nine kilometre distance. 

Other data that was considered relevant were also collected, for example information about 

dates of sale, days of the week, dates when the products were sold at a discount, new credit 

periods, seasons, and pay-out dates. Pay-out dates were selected as the first three days in each 

month, the new credit period for the observed data was always the 22
nd

 of each month, and 

seasons were labelled as following: 1.) December to February; 2.) March to May; 3.) June to 

August; 4.) September to November.  

The sample used in this observation covered the period from the 1
st
 of July 2011 to the 30

th
 of 

June 2014. The 1
st
 of July 2011 to the 30

th
 of June 2013 was used as training set for 

developing the method. The following year was used for testing and validation. The sales data 

were obtained from three retail outlets which were all open 24 hours a day, seven days a 
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week, except on the 25
th

 of December and the 1
st
 of January. Those dates were excluded from 

the study.  

After obtaining the data from the databases, it were converted to Excel format. For each day 

of the sample period, average precipitation and temperature were calculated, as well as 

minimum and maximum temperature. Daytime precipitation (precipitation between 09:00 to 

18:00), cloud cover and sunshine hours needed no modifications and were obtained directly 

from the database. The sales data did not need much modifications, except to calculate the 

accumulated sales of each item in the three retail outlets. In one case, sales were below zero, 

which happens if more items were returned than bought, so for this one case the sale was set 

to zero. One product, the coals, did not have a sale history for one of the retail outlets, and 

because of that, the figures used were only an accumulation of sale numbers in the other two 

outlets. For all other products, the total sale numbers were accumulated sales for all three 

retail outlets.  

2.2 Statistical Analysis 

Statistical methods are a powerful tool. Those methods are often used to describe and 

understand variability, meaning that variability is when successive observations of a system 

or phenomenon do not produce exactly the same result [39]. This is exactly the case with 

weather and sale. In this thesis the data were analysed graphically and with statistical 

regression analysis methods, one product at a time.  

2.2.1 Graphical Analysis 

A visual analysis of the data can be helpful for those making decisions, because it can include 

valuable information that provides the decision maker with a powerful tool to improve sale 

tactics and inventory management. It has been stated that graphical analysis should always be 

the first step in regression analysis [40], because sometimes it is more efficient to visually 

analyse the data. For example, scatter plots can be useful to find outliers and discover if the 

relationship between variables is linear or not [40] (Figure 3).  
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Figure 3: Scatter plot can be used to determine the linear relationship. 

Visual analysis, including plots of sales data and weather variables and sales data together, 

were used for discovering outliers, removing if necessary and determining the relationship 

between the variables. If there was not a linear relationship between the variables, 

transformation methods were examined because these methods are used as a means of 

estimating non-linear functional forms [41].  

An example of transformation methods is using a logarithm of the dependent variable or both 

sides of the multiple regression model. This was done because linear regression models 

assume that the relationship between the dependent variable, y, and the independent variables, 

x, is strictly linear [41]. This is very unlikely to be the case in reality and because of that, it is 

a common approach to transform the relationship so it will become linear  [39], [41]. 

Regression models can however be created for both types of relationships.   

Using graphical analysis to predict if a relationship is linear or not can be time consuming 

since it requires a person to look at every single combination of the data. A method of 

calculating correlation coefficients was used in this thesis to calculate the correlation between 

all variables and decide if the relationship was linear or not. 

2.2.2 Correlation 

Correlation is a measurement of the linear relationship between random variables [39], see 

Equation 1. This method was used to determine the relationship between each product and 

each weather variable, in order to have an indicator of the relationship between the weather 

variables and the products (Table 3). The method was also used to analyse the relationship 

between sale of product and other variables considered to be relevant to the sale of the 

product. Tables showing the analysis can be found in Appendix A.  

𝜌𝑋𝑌 =  
𝑐𝑜𝑣(𝑋,𝑌)

√𝑉(𝑋)𝑉(𝑌)
=  

𝜎𝑋𝑌

𝜎𝑋𝜎𝑌
                                                             (1) 
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where X and Y are random variables, 𝜎𝑋𝑌 is the covariance of the random variables, 𝜎𝑋 is the 

standard deviation of X, and 𝜎𝑌is the standard deviation of Y.  

2.2.3 Linear Regression 

The focus in regression analysis is on the dependent variable, represented as y, and some set 

of x other variables that might be useful for predicting the dependent variable [42]. It is 

important that a linear regression model is only strictly valid when its’ dependent variable is a 

continuous variable [41], [43]. A continuous variable is the opposite of categorical variable 

and it should be either interval or ratio variable. Interval and ratio variables are similar; they 

can be measured along a range and they have a numerical value, the ratio variables also have 

added condition; that zero of the measurement indicates that there is none of that variable 

[43].  

The simplest form of regression analysis (Equation 2) includes only one dependent variable 

and one independent variable [39]. The regression coefficients are estimated in order to 

analyse the effects that the independent variables have on the dependent variable. The 

regression coefficients can be interpreted as the change in the mean of Y for a unit change in 

x [39], see more in chapter 2.2.3.2. 

𝑌 =  𝛽0 +  𝛽1𝑥1 +  𝜖                                                          (2) 

where Y is the dependent variable, 𝛽0 is the regression coefficient for the intercept term, 𝛽1 is 

the regression coefficient of variable 𝑥1, 𝑥1 is the independent variable, and 𝜖 is a random 

error term.  

In this thesis, a multiple linear regression analysis was used to define the relationship between 

sales, the dependent variable, and other independent variables. A multiple linear regression is 

called linear because the equation (Equation 3) is a linear function of the unknown regression 

coefficients [39]. The general model in multiple linear regression has one dependent variable 

and k independent variables [39], seen in Equation 3.  

                                             𝑌 =  𝛽0 + 𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑘𝑥𝑘 +  𝜖                                       (3) 

with Y as the dependent variable, 𝛽𝑖, i = 0, 1, …, k, as regression coefficients, 𝑥𝑖, i = 0, 1, …, 

k, as independent variables and 𝜖 as the error term. A measure of correlation coefficients does 

not take into account possible intervening influences of variables other than x and Y [41]; all 

other forces that are not included in the model but may have effect are represented by the term 

ϵ [41]. 
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The multiple linear regression model in Equation 3 can be expressed using a matrix notation 

(Equation 4) [39] and in this thesis, it was more appropriate to do so.  

𝑌 = 𝑥𝛽 +  𝜖                                                                        (4) 

where Y is a vector of the observation (the dependent variable), 𝛽 is a vector of regression 

coefficients and x is a matrix of the independent variables.  

A normal workflow when using linear regression to fit a model to data [44] is shown in 

Figure 4. This workflow is the foundation of the methodology presented in this thesis. More 

detailed process showing the methodology used in the thesis is described in chapter 4.5. 

 

Figure 4: Standard workflow when using linear regression to fit a model to data. 

2.2.3.1 Selection of Independent Variables   

It is important to be sure what information are relevant to the model that is to be established  

[7] because the outputs of the model will contain no more information than what is provided 

by its inputs [45]. Very complicated models, including all possible factors that can impact the 

dependent variable, can be so complex that they are of no use. Also it is a known problem that 

the R
2
,
 
which is often used to assess the fit of a regression model, shows better results for 

every variable added, even though the variable does not add real value to the model [39]. To 

prevent a model from being too complicated, it is important to select and include only the 

most relevant independent variables.  

The first step in creating a fitted model should be to select the independent variables. The 

model should include enough independent variables so that the intended use of the model will 
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be satisfactory, still keeping the number of variables as low as possible [39]. The selection of 

independent variables in this thesis was done separately for each and every product  

(Appendix B). The methods used to decide which variables to include are described below. 

Dummy Variables  

When using a multiple linear regression model, it is likely that the independent variables, x, 

are not measured the same way and even include variables that are not quantitative, for 

example variables that represent gender or variables that represent existence/absence of some 

condition. This is solved by using dummy variables and corresponding vectors of correlation 

coefficients, 𝛽. Dummy variables are binary variables [46] with the value of one if present 

and zero if not, see Equation 5.  

𝐷𝑘 =  {
   1           𝑖𝑓 𝑖𝑛 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑘

0                                𝑒𝑙𝑠𝑒
                                                (5) 

Dummy variables with k categories are generally represented by k-1 variables [39]. This is 

important since the dummy variable not included affects the interpretation of the regression 

model, hence the intercept term. The variables not included will be referred to as a baseline of 

the model. When using dummy variables, it is important to include all of the k-1 variables, 

e.g. when using dummy variables for months, it is important to include 11 variables [47], 

even though some of the months do not seem to have an impact on the dependent variable, y.  

Analysing Possible Independent Variables 

Possible independent variables are selected based on what elements would have an effect on 

the dependent variable, y. The selection was based on intuition of the decision maker and the 

knowledge of what affects sale. All variables considered relevant to the model were examined 

carefully to choose the right variables (Appendix B). The correlation coefficient calculated for 

each weather variable was used to determine what weather variable had the most effect on 

sales. The other variables were evaluated using graphical analysis of box plots.  

Variables showing clear variance on the box plots, e.g. Figure 5, were selected to be used in 

the model. Other variables that were not as clearly evaluated using box plots, e.g. Figure 6, 

needed further analysis. For those variables, correlation coefficient, average sales, and 

analysis of outliers, were used to determine if to be used in the model or not.  
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Figure 5: Box plot showing clear variation in sales between months (1 represents January, 2 for February, etc.). 

 

Figure 6: Box plot that does not show clear variation in sales between days.  

Variables that were considered to have an impact on sales were selected for the model, while 

others were left out. This differed between products, see chapter 3.1. After selecting the ones 

affecting the products, the model was tested for collinearity among the independent variables.   

Multicollinearity 

A major problem concerning the use of multiple linear regression models is called 

multicollinearity; this is when dependencies exist between the independent variables. This can 

have serious effects on the estimates of the regression coefficients and on the applicability of the 

estimated model [39]. The presence of dummy variables and the choice of reference category (the 

dummy variable chosen as baseline/intercept term) can cause multicollinearity [46].  

To measure the existence of multicollinearity, a variance inflation factor (VIF), Equation 6, was 

used [39]. The VIF is usually required to be less than ten, but in extreme cases, lower than five [39]. 

𝑉𝐼𝐹(𝛽𝑗) =  
1

(1− 𝑅𝑗
2)

        𝑗 = 1,2, … , 𝑘                                             (6) 
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where 𝑉𝐼𝐹(𝛽𝑗) is the variance inflation factor for 𝛽𝑗, and 𝑅𝑗
2 is the coefficient of multiple 

determination from regressing xj on the other k – 1 independent variables [39]. The stronger 

the linear dependency of xj on the remaining independent variable, the stronger the 

multicollinearity, and the larger value of 𝑅𝑗
2 will be [39]. 

The independent variables selected for the model were tested for multicollinearity. If the VIF 

exceeded five, relevant variables were eliminated from the model based on correlation 

coefficients and a selection of baseline dummy variables.  

2.2.3.2 Executing a Multiple Linear Regression 

When the independent variables had been selected, the model was on the form as shown in 

Equation 4. The relationship was solved by using the method of least squares to estimate 

model parameters. The method of least squares estimates parameters of a system by 

minimising the sum of the squares of the difference between the observed values and the 

fitted or predicted values from the system [39], Equation 7. The calculations are based upon 

minimising Equation 7 by finding the values of 𝛽 (Equation 8) that do so. 

𝐿 =  ∑ 𝜖𝑖
2𝑛

𝑖=1 = 𝜖′𝜖 = (𝑦 − 𝑋𝛽)′(𝑦 − 𝑋𝛽)                                      (7) 

where 𝜖 is the difference of observed value (𝑦) and the fitted value (𝑋𝛽).  

�̂� = (𝑋′𝑋)−1𝑋′𝑦                                                                (8) 

where 𝑋 represents the independent variable and 𝑦 the observed value of the dependent 

variable.  

If a model was linear in the parameters, estimation was based on methods from linear algebra, 

but if it was nonlinear in the parameters, estimation was based on search methods from 

optimisation; both methods focused on minimising the norm of a residual vector [48].  

For each and every product the models were solved using fitlm in Matlab. Fitlm is a function 

that returns a linear model of the dependent variable, fit to the data matrix of independent 

variables [49]. After running this function, residuals were graphically analysed using a 

histogram [39] (Figure 7). Possible outliers, not included in the bell shape representing the 

normality, were removed [44] and the regression was executed again on the adjusted data set. 

Then the performance of the model was estimated.   
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Figure 7: An example of a histogram showing residuals of a multiple regression model, before removing 

possible outliers. 

2.2.3.3 Evaluate the Fitted Models 

After executing the models, it was important to select methods that evaluate how well the 

models were performing. An example of methods are root-mean-squared error (RMSE), mean 

absolute error (MAE), mean absolute percentage error (MAPE), forecast accuracy, R-squared, 

significance and values of the estimated coefficients, graphical analysis, out-of-sample 

validation, qualitative considerations, etc. [39], [50]. There is no valid rule of what methods 

should be used, and for this thesis a combination of RMSE, MAE, graphical analysis, 

coefficient estimate and out-of sample validation were chosen to evaluate the models. Those 

methods were chosen because they appeared often in the literature and there was a need to 

limit it down to few methods. Below is a description of the methods that were selected, and 

other things considered important when estimating the regression models.  

Error Measures for the Training Period 

Standard error of regression (MSE) is the estimated standard deviation of the unexplained 

variation in the dependent variable. The execution process of a regression model, often named 

the fitting of the model, tries to minimise the MSE [50]. The MSE of the regression models is 

comparable in this thesis, because their units are the same and they are fitted to the same 

sample of dependent variables [50]. The RMSE is often used instead of the MSE, it is the 

square root of the mean squared error [47]. The calculations [39], [51] are based on Equation 

9. RMSE was compared between models and used among other things to evaluate what model 

was the best fit for each product.   

𝑅𝑀𝑆𝐸 =  √∑ (𝐴𝑖− 𝐹𝑖)𝑛
𝑖= 1

2

𝐷𝐹
                                                        (9) 
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where A is actual data, F is estimated forecast and DF represents the error degrees of freedom. 

Error degrees of freedom is the number of observations minus the number of coefficients in 

the model, including the intercept [51].  

The MAE was also used in this thesis since it is important for time series forecasting [47], 

[50]. The MAE calculates the mean absolute error of the forecast and the real data, see 

Equation 10.  

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝐹𝑖 − 𝐴𝑖 |

𝑛
𝑖=1                                                   (10) 

where F is the estimated forecast, A is the actual data and n is the number of observations.  

Graphical Analysis 

Graphical analysis is useful to make sure that the error estimates are correct [47]. For this 

thesis, the graphical analysis was used a lot, especially these three types; residual plots, results 

of fitted model against actual data, and residuals plotted against time.  

After fitting a model, residual histograms were evaluated to see if there were nonlinear 

patterns that could not be explained [39], [45]. For the selected best models, a normal 

probability plots were also given since they are often more meaningful than the histograms 

[39]. Results of fitted model plotted against actual data were used to see graphically if the 

model was tracking the data correctly. 

Plots of residual against time were also used to graphically analyse unwanted trends [52]. The 

residuals used are calculated as shown in Equation 11 [39], [53]: 

𝑑𝑖 =  
𝑒𝑖

√𝑀𝑆𝐸 
=  

|𝐹𝑖−𝐴𝑖 |

√𝑀𝑆𝐸
                                                     (11) 

where di is the raw residual, MSE is the mean squared error, F is the forecasted data and A is 

the actual data.  

Values and Significance of the Estimated Coefficients 

The values of the coefficients show the proportional effect the independent variables are 

having on the average value of the dependent variable, other things being equal [50]. The 

values of the coefficients are useful in decision-making, especially when it is possible to 

control some of the independent variables [50]. A clever decision maker could utilise the 

values in theirs and the company’s favour.  

In statistics, great emphasis is put on the significance of the coefficients, meaning that every 

coefficient should have a p-value 0,05 or less to be significant and not “accidentally" 
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significant [39], [50]. This was kept in mind while executing and estimating the regression 

models in this thesis, but not used as a complete truth.  

Out of Sample Validation  

One year of data was separated when developing the method and used for out of sample 

validation. If a regression model is a good model it should have small errors both in the 

training and validation periods, and its validation period, the statistics should be similar to the 

period used when developing the models [50]. The error measurements for the out of sample 

period are especially important because they are the best guide to the models’ ability to 

predict the future [47]. RMSE, MAE and graphical analysis were used to evaluate the results 

of the out of sample validation.  

Overfitting 

Regression models with many independent variables are more likely to overfit the data [50], 

[52]. Overfitting data is when the regression model is describing a random error instead of the 

underlying relationship between the independent and dependent variables [52]. In order to 

prevent this from happening, the independent variables were carefully examined and those 

estimated relevant used, as well as trying to keep the amount of independent variables to a 

minimum. By splitting the data up into training period and validation period and comparing 

error estimates, an indication of overfitting can be detected if the error estimates are a lot 

worse in the validation period. 

R-Squared 

R-squared and adjusted-R-squared are the most used and even considered the most abused 

statistics criteria to evaluate the performance of a regression model [50]. The R-squared is the 

relative amount by which the regression model’s error variance is less than the variance of the 

dependent variable, sometimes called the fraction of the variance explained by the 

independent variables [45]. The adjusted-R-squared is almost the same, it has only been 

adjusted for the number of coefficients in the model relative to the sample size [50]. 

It is hard to know what is a good value for R-squared and it only measures a percentage 

reduction in MSE that the regression model achieves relative to the naïve model 

“Y=constant” [50]. This is not always the best indicator of how well fitted a regression model 

is, since the benchmark is often the average of the data. The data can in some cases be so 

sparsely distributed, resulting the average as a straight line through the data with no 

reasonable fit. This would then be a bad decision to use an R-squared to evaluate the model. 

In this thesis, it will not be used as an evaluation method. 
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2.2.3.4 Events 

When the models had been executed and evaluated, the use of events were considered. Events 

can improve forecasting model by reducing occurrences where past events incorrectly 

influence the forecast of future values. By doing this the effects of events are isolated so it 

will not be found included in the other variables [54]. The use of events were tried in order to 

explore if it would be more appropriate to look at weather as events, see more in chapter 3.4. 

2.2.4 Comparison Method 

In order to be able to state that it is practical to use the proposed method, it was necessary to 

have some basic, naïve method that could be used as a comparison to the results of the fitted 

multiple linear regression models [39], [50]. The selected comparison method is very simple in 

principle; a certain point back in time is selected and used as a forecast of today’s sale [55]. A 

method like that can be called t-1 method, and the simplest explanation would be to say that if 

predicting today’s sale, t, the yesterday’s sale, t-1, would be used as a forecast (Equation 12) . 

𝐹𝑡 =  𝐴𝑡−1                                                                        (12) 

where 𝐹𝑡 is the predicted sales for time t and 𝐴𝑡−1 is the actual sales at time t-1.   

It is obviously not as simple as that to predict the future. For example, if the product is 

seasonal it would be very inaccurate when the seasons are changing. Therefore, in this thesis, 

it was implemented in a way that to predict today’s sale, t, the same date last year, t-1, was 

used as a forecast. The comparison was then made by estimating error, MAE, of both methods 

in training and validation periods [50]. If the method set out in this thesis performed better 

than the baseline forecast, t-1, it is realistic to say that the method of using multiple regression 

models is useful.  
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3 Modelling 

As has been mentioned earlier in this paper, the project proceeds in two parts. Firstly, to 

analyse the products chosen for the thesis and secondly to develop a methodology that could 

be used to identify products with weather driven demand and strategies to take advantage of 

that knowledge. One important factor in achieving both of these goals was to design a 

multiple linear regression model that could most accurately predict sales of the products.  

This chapter will contain a brief explanation of the models used in the thesis, based on the 

methods introduced in Chapter 2. The multiple linear regression models differed between 

products (see chapter 4), but four types of models were used as a baseline. Following is a 

general description of the models tested. 

3.1 Selecting a Model 

For this thesis the author chose to start with seven weather variables; average precipitation, 

average temperature, cloud cover, daytime precipitation, maximum temperature, minimum 

temperature and sunshine hours. Also there were 26 other variables; one for January to 

December, one for time series index, one for Mondays to Sundays, one for each season, one 

for pay-out dates and one for new credit periods. The time series index was eliminated since it 

was only estimating the same effects as the days and months/seasons did. All of the 25 other 

variables were included in order to ensure that the weather effects contained as little effect of 

other factors as possible.  

When selecting the independent variables, it differed between products what variables were 

relevant (Appendix B). All products showed variation for both months and seasons. Those 

variables could not be put together in a regression model because of multicollinearity; they 

were measuring the same thing. Due to that, two different models were formulated, Model 1 

including months, and Model 2 including seasons. The third model, Model 3, had only one 

variable; the weather variable with the highest correlation (Table 3).  

It was also tested whether or not the correlation coefficients calculated in Table 3 could be 

used as a decision making criteria for selecting the weather variables. Model 4 only included 

weather variables showing correlation stronger or equal to 0.1 (positive and negative). The 

multicollinearity caused Model 4 to be split up into seasons and months.  



26 

For some of the products a multicollinearity could not be prevented. For those models it was 

mainly because of the seasons and days or months and days were included together. If that 

problem came up, the model was split up and tested in three ways: with the violated 

multicollinearity condition, only including days, or only including months/seasons.  

The model was formulated and fitted using MATLAB R2014b. It was also used to verify the 

method. 

3.2 Variable Description  

This section describes the variables to be found in the models:  

Dependent variable:  

 Y = Number of sold units 

Independent variables: 

The weather variables, 𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟, are the following:  

 WAR = Average Precipitation 

WAT = Average Temperature 

WC = Clouds Cover 

WDR = Daytime Precipitation 

WMaT = Maximum Temperature 

WMiT = Minimum Temperature 

WS = Sunshine hours 

The variables representing months, 𝑋𝑚𝑜𝑛𝑡ℎ𝑠, are the following:  

 M1-M12 = Dummy variables for January-December 

The variables representing seasons, 𝑋𝑠𝑒𝑎𝑠𝑜𝑛𝑠, are the following:  

 S1-S4 = Dummy variables for season 1 – season 4 

Other variables, 𝑋𝑜𝑡ℎ𝑒𝑟, are the following:  

 D1-D7 = Dummy variables for Monday – Sunday 

 C = Dummy variable for new credit period 

 P = Dummy variable for pay-out dates 
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 T = Dummy variable for discount days 

Coefficients:  

 𝛽0 = The intercept term of the regression model  

𝛽𝑖 = Coefficient for variable i, where 𝑖 = 1, … , 𝑛. The n, is the number of independent 

variables included in the model.  

3.3 Model Description  

Following is a general description of the models that were used for all products. The selection 

of 𝑋𝑜𝑡ℎ𝑒𝑟 and 𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟variables differed between products and so did the baseline term in 

each model, due to multicollinearity.  

3.3.1 Model 1  

𝑦 = 𝛽0 +  𝛽𝑖𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟 + 𝛽𝑖𝑋𝑀𝑜𝑛𝑡ℎ𝑠 + 𝛽𝑖𝑋𝑜𝑡ℎ𝑒𝑟 +  𝜖                           (13) 

3.3.2 Model 2  

𝑦 = 𝛽0 + 𝛽𝑖𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟 +  𝛽𝑖𝑋𝑆𝑒𝑎𝑠𝑜𝑛𝑠 + 𝛽𝑖𝑋𝑜𝑡ℎ𝑒𝑟 +  𝜖                           

(14) 

3.3.3 Model 3  

𝑦 =  𝛽0 +  𝛽1𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟                                                          (15) 

3.3.4 Model 4  

3.3.4.1 Model 4a 

Model 4a is the same as model 1 (Equation 13), except that the selection of 𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟 variables 

might have led to different variables included in the model.   

3.3.4.2 Model 4b 

Model 4b is the same as model 2 (Equation 14), except that the selection of 𝑋𝑤𝑒𝑎𝑡ℎ𝑒𝑟 

variables might have led to different variables included in the model.  

3.4 Use of Events 

Once the best model had been chosen for each product, it was decided to replace the weather 

variables with event variables. Event variables are modelled like dummy variables (Equation 

5). This was done because when weather affects sales of a product it is often a specific 
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weather event that does so, e.g. extremely high/low temperature, first frost, first snow, long 

periods of certain weather, etc.  

To be able to change the weather variables into weather events, all of the weather variables 

were divided into ranges. A variable was assigned to each range and these variables were 

formulated as dummy variables and one range left out as a baseline for the model (see chapter 

2.2.3.1, under “Error! Reference source not found.”). How the variables were divided into 

ranges can be seen in Table 1 and Table 2. 

 

Table 1: Events for maximum temperature (on the left) and average temperature (on the right). 

 

Table 2: Events for sunshine hours (on the left) and average precipitation (on the right). 
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4 Results 

This chapter will cover two main subjects; firstly are the results of analysing the products 

from the case study, and then the results for the proposed methodology. The case study 

included eight products that were tested for correlation between sales and weather. Then a 

multiple linear regression model was used to make predictions of sales. Estimates of the 

difference between actual sales and predicted sales were examined, as well as replacing 

weather variables with weather events. The process was carefully recorded and set forward as 

the proposed methodology for using multiple linear regression models for predicting sales of 

products and discovering weather events that affect the demand. All results are based on the 

methods introduced in chapter 2 and the models introduced in chapter 3.  

4.1 Graphical Analysis of the Products  

First step in analysing the products was to plot the data for all of the products (Appendix C). 

When the products were chosen six of them were to have weather driven demand and two of 

them not. Seasonality could indicate some relationship towards weather. The plots that were 

first analysed revealed that four of the products showed clear signs of seasonality; windscreen 

wipers, soda, windscreen washer fluid and anti-freeze. The popsicles were expected to show 

strong signs of seasonality, but they did not. They showed weak signs. The cake and the 

cigarettes were supposed to be non-seasonal and both of them did not show any seasonal 

trends.  

When plotting the coals (Figure 8) it revealed long periods of no sale. Despite using only data 

for two of the three retail outlets. Over the period from 28
th

 of January 2012 to 24
th

 of May 

2012 was a product shortage and the item not on sale. Due to that it was hard to say if the 

product was seasonal. All other results regarding the coals should be interpreted with caution.  
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Figure 8: Sold units of coals over the training period. 

All products showed sale peaks, and in some cases they were extremely high. This indicated 

that there might be outliers or errors in the data that needed to be removed. However, nothing 

strange was spotted after analysing the sale peaks for all of the products. In almost all cases 

some weather conditions could have been the explanation of high sales and there were no 

obvious signs of errors. Due to that a decision was made to use the data without 

modifications.  

Weather data and sales data were plotted together for each of the products (Appendix C), in 

order to graphically analyse the relationship between sales and weather. Most of the products 

showed some relationship, but analysis of sales of cake and cigarettes did not show any trend 

between the weather variables and the sales.  

Coals, windscreen washer fluid and anti-freeze were the products that visually had the clearest 

correlation with weather. For the coals there were more sales when maximum temperature 

was high, and few or no sales when the temperature was low. This was the reverse for the 

windscreen washer fluid; when the temperature decreased the sales increased and when 

temperature increased the sales decreased. The weather effects were clearest when anti-freeze 

was analysed (Figure 9). When the temperature decreased there was a massive increase in 

sales and when the temperature increased sales became lower. 

Windscreen wipers, soda and popsicles showed correlation with weather, but it was harder to 

identify it visually. The windscreen wipers had a correlation between sunshine hours and 

sales; when sunshine hours were many, the sales were low, and the sales got higher with 

decreased number of sunshine hours. The soda and the popsicles had the same pattern as the 
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sunshine hours; when sunshine hours were many, the sales were high, and when the sunshine 

hours were few, the sales were lower.  

 

Figure 9: A clear sign of negative correlation between sales of anti-freeze and average temperature. 

4.2 Correlation between Products and Independent Variables 

Correlation coefficients showing the strength of the relationship between variables were 

calculated for all products and weather variables (Table 3). Correlation coefficients were also 

calculated for other independent variables selected to be used in the multiple linear regression 

models. All results are shown in Appendix A. Since the correlation coefficients showed some 

linear relationship between all variables, linear transformation methods [39], [41] were not 

used on the data.  

Product 
Average 

Precipitation 
Average 

Temperature 
Clouds 
Cover 

Daytime 
Precipitation 

Maximum 
Temperature  

Minimum 
Temperature 

Sunshine 
Hours 

Windscreen Wipers 0.3140 -0.3287 0.2943 0.2484 -0.3609 -0.2736 -0.4259 

Cigarettes 0.0215 0.2797 -0.0463 0.0133 0.2751 0.2614 0.1526 

Soda -0.1233 0.5434 -0.0873 -0.0937 0.5496 0.5053 0.2780 

Popsicle -0.1231 0.2629 -0.1577 -0.1038 0.2834 0.2201 0.2971 

Coals -0.0551 0.1895 -0.1548 -0.0411 0.1990 0.1710 0.1614 

Cake -0.0670 -0.0560 -0.0647 -0.0343 -0.0416 -0.0774 0.1248 

Windscreen Washer Fluid 0.0342 -0.5877 0.0437 -0.0098 -0.6049 -0.5433 -0.3314 

Anti-freeze 0.0299 -0.5381 -0.0908 -0.0053 -0.5326 -0.5230 -0.1972 

Table 3: Correlation coefficients between each product and each weather variable. Correlation stronger than +/- 

0,5 is printed in bold, showing that the temperature is the weather variable most often affecting sales of a 

product. Also it is clear that soda, windscreen washer fluid and anti-freeze seem to be most affected by weather. 

4.3 Forecast using Multiple Linear Regression Models  

When choosing the independent variables for the regression models, a special caution was 

taken to prevent multicollinearity. All of the variables introduced in chapter 3.1, were 
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screened and the ones that showed relation towards the sales of a product were chosen as 

independent variables for the models (Appendix B). The weather variables were examined, 

and eliminated based on multicollinearity, both independently and in combination with other 

variables. This resulted in different models between products. 

The multiple linear regression models introduced in chapter 3 were used to predict sales, on 

daily levels, for all of the eight products. The regression models were executed in two steps; 

first where all of the training period was included, then without outliers that were removed 

based on graphical analysis of residual histograms. The results from the regression models 

were used to make a forecast for the same period. Theoretically it is possible to forecast a 

negative sale of a product, so when formulating the forecast negative numbers were changed 

to zero.  

To choose a final model for each product, both RMSE and MAE were compared between 

models. A very small reduction in RMSE does not state significant improvements of a model 

[47], so results from graphical analysis were valued as much as the error calculations. 

Coefficient estimates and out-of-sample validation were executed on the final models, as well 

as replacement of weather events instead of the simple weather variables.  

4.3.1 Results for Windscreen Wipers  

The independent variables used in the models for windscreen wipers were average 

precipitation, sunshine hours, months, seasons, days, and pay-out. Models 1, 2 and 3 were 

used but there was no need to use model 4 because it was the same as models 1 and 2. The 

intercept term in model 1 was March and Monday and in Model 2 it was Monday and season 

three. For Model 3, sunshine hours was the only independent variable. The error estimates for 

each model are shown in Table 4.  

  

Table 4: Error estimates of the results of the regression models for windscreen wipers. 

The regression models showed that days and months/seasons had the most impact on sales. If 

weather was not included in the model the forecast did not get the highest and lowest sales. 

For the purpose of inventory management it is important to be able to predict very high sales 

(to prevent inventory shortage) and very low sales (to minimise stock levels), and because of 
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that it was beneficial for this product to take weather into account when trying to forecast 

sales.  

Keeping in mind that there were clear weather effects on this product, the result of model 3 

was no surprise. Even though the model only included one independent variable, sunshine 

hours, it resulted in a reasonable average forecast. After evaluating RMSE, MAE and 

graphical analysis, model 1 was selected to be the best model for the windscreen wipers. The 

results of the regression model can be found in.  

Plot of residuals against time and normal probability plot were analysed and they did not 

show unwan (Appendix D). ted trends (Appendix DThe residuals on the normal probability 

plot did not fall completely on the line as they should, but the reality is never perfect so it was 

kept this way. The forecast itself was tracking seasonality and was reasonable (Figure 10), 

however, it did not get the highest sale peaks and also not predict sudden drops in sales.  

 

Figure 10: Actual sales of windscreen wipers and the forecasted sales using regression model 1. 

All estimated coefficients of the regression model were examined. They revealed that 

September and October had the most effect on sales. Some coefficients were above the 0,05 

significance level, however, those were dummy variables and because of that they could not 

have been left out. The pay-out coefficient was significant when using the whole dataset but 

got above the 0,05 after excluding outliers. A bigger dataset might have given more 

appropriate results for the pay-out variable or it might have been suitable to exclude pay-out 

from the group of independent variables. Since excluding pay-out did not give reasonably 

better error results it was kept in the model.  
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An out-of-sample validation showed even better error estimates for the model (Table 5). This 

indicated that model 1 was a good model for predicting sales of windscreen wipers (Figure 

11) and that it was reasonable to conclude that overfitting did not occur. 

 

Table 5: Error estimates for out-of-sample validation of windscreen wipers. 

 

Figure 11: Actual sales of windscreen wipers and the forecasted sales for the out-of-sample period.  

4.3.1.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for average precipitation and sunshine hours. The weather variables in model 1 were 

replaced with those weather events and AR1 and SH1 used as baseline. The error estimates for 

the model are shown in Table 6 and the results of the regression model can be found in 

Appendix E.  

 

Table 6: Error estimates of the results of regression model 1 with weather events.  

Comparing the results of this model and the model without the events reveals that it did not 

improve the result to replace the weather variables with the weather events. Normal 
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probability plots and plots of residuals against time (Appendix E)  were similar. The forecast 

did not get the highest sales and sudden drops in sales (Figure 12). 

 

Figure 12: Actual sales of windscreen wipers and the forecasted sales using regression model with weather 

events. 

Analyses of coefficients revealed that precipitation over 20 mm per day was the weather 

condition that had most effect on sales. The events for sunshine hours had second most effect 

on sales, showing reductive sales with increased number of sunshine hours. All coefficients 

were significant except some dummy variables that could not have been left out. An out-of-

sample validation showed slightly worse result for this model (Table 7), than the out-of-

sample validation for model 1 without events. Based on all that it was concluded that model 1 

without events was the best model for predicting sales of windscreen wipers.  

 

Table 7: Error estimates for out-of-sample validation of the model with weather events. 

4.3.2 Results for Cigarettes 

The independent variables used in the models for cigarettes were average precipitation, 

average temperature, sunshine hours, months, seasons, days, and pay-out. All of the four 

models were used. The error estimates for each model are shown in Table 8, Table 9, and 

Table 10. 

The baseline in model 1 was June and Sunday, in model 2 it was Sunday and season four and 

in model 4 it was the same as in model 1 and 2. For Model 3 average temperature was the 
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only independent variable. Multicollinearity could not be prevented in all models, because of 

that models 1, 2 and 4a were split up, as described in chapter 3.1.  

 

Table 8: Error estimates of the results of regression model 1 for cigarettes. 

 

Table 9: Error estimates of the results of regression model 2 and 3 for cigarettes. 

 

Table 10: Error estimates of the results of regression model 4 for cigarettes. 

The regression models showed that Fridays and pay-out have the most impact on sales. Also 

there was a strong impact from some of the months, for example March and December. If 

weather was excluded from the models it did only give slightly worse error estimates, which 

indicated that weather did not have great impact on daily sales of cigarettes. Model 3 gave 

error results that were the worst of the models, which supported that the sales of cigarettes 

were not greatly affected by weather. The values of RMSE and MAE suggested that model 1a 

was the best for this product, however that model (and model 2a) violated the 

multicollinearity constraint. After evaluating RMSE, MAE, and graphical analysis model 4c 

was selected to be the best model for predicting the sales of cigarettes. The results of the 

regression model can be found in Appendix D.  

Plot of residuals against time and normal probability plot were analysed and they did not 

show unwanted trends (Appendix D). The residuals on the normal probability plot did not fall 

completely on the line as they should, but it was close and as mentioned before the reality is 

never perfect. The forecast itself was reasonable (Figure 13), however, it was not following 

the highest and lowest sales.  
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Figure 13: Actual sales of cigarettes and the forecasted sales using regression model 4c. 

All estimated coefficients of the regression model were examined. They showed that Friday 

had the most effect on sales but pay-out and Saturday second most influence on sales. The 

model was considered to give an acceptable fit of the data. There were only two coefficients 

above the 0,05 significance level and both were dummy variables that could not have been 

left out.  

An out-of-sample validation showed even better error estimates for the model (Table 11). 

This indicated that model 4c was a good model for predicting sales of cigarettes (Figure 14), 

and that it was reasonable to conclude that overfitting did not occur.  

 

Table 11: Error estimates for out-of-sample validation of cigarettes. 
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Figure 14: Actual sales of cigarettes and the forecasted sales for the out-of-sample period.  

4.3.2.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for average temperature and sunshine hours. The weather variables in model 4c were 

replaced with those weather events and AT3 and SH1 used as baseline. The error estimates for 

the model are shown in Table 12 and the results of the regression model can be found in 

Appendix E. 

 

Table 12: Error estimates of the results of regression model 4c with weather events. 

Comparing the results of this model and the model without the events revealed that it did 

slightly improve the result to replace the weather variables with the weather events. It is 

however that small change that it could have been considered non-significant. Normal 

probability plot and plot of residuals against time (Appendix E  ) were slightly changed, 

fitting the line a little bit better at the right end. The forecast (Figure 15) was very similar as 

before.  
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Figure 15: Actual sales of cigarettes and the forecasted sales using regression model with weather events. 

Analyses of coefficients revealed that days with more than 15 sunshine hours increased the 

sales considerably. Average temperature above 10° and 10-15 sunshine hours were also 

affective. All coefficients were significant except some dummy variables that could not have 

been left out. An out-of-sample validation showed slightly better results (Table 13) than the 

out-of-sample validation for the model without events. It was concluded that model 4c with 

events was the best model for predicting sales of cigarettes.  

 

Table 13: Error estimates for out-of-sample validation of the model with weather events. 

4.3.3 Results for Soda 

The independent variables used in the models for soda were average precipitation, maximum 

temperature, sunshine hours, months, and seasons. Models 1, 2 and 3 were used but there was 

no need to use model 4 because it was the same as models 1 and 2. In model 1 the baseline 

was August and in model 2 it was the third season. For model 3 maximum temperature was 

the only independent variable. The error estimates for each model are shown in Table 14. 

 

Table 14: Error estimates of the results of the regression models for soda. 
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The regression models showed that months/seasons had the most impact on sales. If weather 

was removed, then the forecast completely ignored very high and low sales and only followed 

the seasonal trend. As mentioned before it is important in inventory management to be able to 

predict very high sales and very low sales, and because of that it was clear that for this 

product weather should be taken into account when forecasting sales.  

Keeping in mind that there were clear effects of weather on this product, the result of model 3 

was no surprise. Even though it only included one independent variable, maximum 

temperature, it resulted in an average forecast. The very strong seasonal effects were however 

ignored so it was important for predicting sales of soda to include months/seasons as well as 

weather. After evaluating RMSE, MAE and graphical analysis, model 1 was selected to be the 

best model for predicting sales of soda. The results of the regression model can be found in  

Appendix D. 

Plot of residuals against time and normal probability plot were analysed and they did show 

some unwanted trends (Appendix D). The residuals on the normal probability plot did not fall 

completely on the line as they should and the plot of residual against time had some strange 

pattern in it. The forecast itself was not a good match for July and August (Figure 16). The 

tracking of the peaks and bottoms in sales were worse when outliers were removed from the 

dataset. This results indicated that the model might have been a bad fit, that the data were 

showing unexplained behaviour for the period or that a longer period of data would have been 

needed to get more accurate results.  

  

Figure 16: Actual sales of soda and the forecasted sales using regression model 1. July and August are placed at 

time one-62 and 365-426. 
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The estimated coefficients of the regression model were examined. All of the coefficients, 

except those for the weather variables, had a huge influence on sales. All coefficients were 

below the 0,05 significance level, except the average precipitation. Removing the average 

precipitation did not change the graphical analysis and the changes in error estimates were 

negligible. To be sure if to exclude the variable or not, out of sample validation was 

performed on both of the models; including the average precipitation and without it. It gave 

more viable result to include the average precipitation variable.  

The out-of-sample validation showed a lot better error estimates for the model (Table 15 and 

Figure 17). It should be noticed that the soda was sold at discount over the period of 22
nd

 of 

May to the 19
th

 of June 2014. It might have affected the error results of the validation period.  

 

Table 15: Error estimates for out-of-sample validation of soda. 

 

Figure 17: Actual sales of soda and the forecasted sales for the out-of-sample period. 

4.3.3.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for average precipitation, maximum temperature and sunshine hours. The weather 

variables in model 1 were replaced with those weather events and AR1, MT3, and SH1 used as 

baseline. The error estimates for the model are shown in Table 16 and the results of the 

regression model can be found in  Appendix E. 
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Table 16: Error estimates of the results of regression model 1 with weather events. 

Comparing the results of this model and the model without the events revealed that it gave 

slightly worse result to replace the weather variables with the weather events. Normal 

probability plots and plots of residuals against time (Appendix E) were looking the same, with 

unwanted trends. The forecast (Figure 18) was very similar as before.  

 

Figure 18: Actual sales of soda and the forecasted sales using regression model with weather events. 

Analyses of coefficients revealed that only three of 11 variables representing the weather 

events were below the significance level. The variables that were significant indicated that 

days with high temperature and days with many sunshine hours had the most effect on sales. 

All precipitation variables were non-significant, which was the same as for the model without 

events. It did not give more appropriate results to remove the events for average precipitation, 

and the other non-significant variables were dummy variables that could not have been left 

out. An out-of-sample validation showed slightly better result (Table 17) than the out-of-

sample validation for the model without events. It was concluded that model 1 with events 

was the best model for predicting sales of soda.  

 

Table 17: Error estimates for out-of-sample validation of the model with weather events. 
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Using multiple linear regression model on the data for soda did not give good results for the 

summer months. In the beginning when using graphical analysis (chapter 4.1) a very large 

sale peaks were noticed. They did seem like outliers since the sales went from the maximum 

of 40 sold units per day up to 120-140 units per day. After seeking information from 

inventory management specialist working at N1 there were no records of discounts or any 

other different sale tactics for those days, which lead to the decision of keeping the data this 

way. Those high sale peaks did however make the forecast worse. The data for the out-of-

sample validation did not have as high sale peaks and the forecast was a lot better. This is an 

example of why it is recommended to analyse longer periods of data, i.e. to be sure if those 

high sales are outliers or not. That might have resulted in more suitable regression model that 

would have been more useful.   

4.3.4 Results for Popsicle 

The independent variables used in the models for popsicles were average precipitation, 

sunshine hours, months, seasons, days, and discount days. Models 1, 2 and 3 were used but 

there was no need to use model 4 because it was the same as models 1 and 2. In model 1, 

multicollinearity could not be prevented. The model was split into three models, as described 

in chapter 3.1. The baseline in model 1 was March and Sunday and in model 2 it was Sunday 

and the third season. For model 3 sunshine hours was the only independent variable. The error 

estimates for each model are shown in Table 18 and Table 19. 

 

Table 18: Error estimates of the results of regression model 1 for popsicles. 

 

Table 19: Error estimates of the results of regression models 2, 3 and 4 for popsicles. 

The regression models showed that discount days, months and seasons had the most impact 

on sales. When weather was not included in the model the forecast was not following sale 

peaks and bottoms, only the seasonality. Due to the use in SCM this indicated that weather 

should be included when predicting sales. The result of model 3 supported that by forecasting 
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a reasonable average forecast. After evaluating RMSE, MAE and graphical analysis model 2 

was selected to be the best model for predicting sales of popsicles. The results of the 

regression model can be found in Appendix D. 

Plot of residuals against time and normal probability plot were analysed and they did not 

show unwanted trends (Appendix D). The residuals on the normal probability plot did not fall 

completely on the line as they should, but as mentioned before the reality is never perfect so it 

was kept this way. The forecast itself was a bit of an average forecast, but it fluctuated on 

daily basis like the actual sales (Figure 19). 

 

Figure 19: Actual sales of popsicles and the forecasted sales using regression model 2. 

All estimated coefficients of the regression model were examined. They revealed that season 

one had the most effect on sales and the second most influencer on sales was the variable 

representing discount days. Average precipitation had very low coefficient and since it was 

also above the 0,05 significance level it would have been fair to exclude the variable from the 

model. The exclusion did however not change the selection of model 2 as the best model and 

the error estimates were not significantly changed. Other variables above the 0,05 significance 

levels were dummy variables that could not have been left out. Analyses of the coefficients 

gave no reason to conclude other than the model was fitting reasonably.  

An out-of-sample validation showed even better error estimates for the model (Table 20). 

Since the difference in error estimates was not large and the graphical analysis showed that 

the forecast (Figure 20) was very similar to the forecast for the training period (Figure 19) it 

was concluded that overfitting did not occur. However, it was clear that the model was not 

following the highest peaks and lowest bottoms in sales so it was not the best result from the 

SCM view.  
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Table 20: Error estimates for out-of-sample validation of popsicles. 

 

Figure 20: Actual sales of popsicles and the forecasted sales for the out-of-sample period. 

The popsicles were the only product that had data of being sold at a discount at some point 

over the training period. It was important to see that the multiple regression model showed 

great influence from the independent variable representing the discount days. This is an 

independent variable that can be controlled, and for the SCM science it was good to see that it 

did have affect. Knowing that selling the product at a certain discount did have effect, can be 

useful in decision making and utilised to offer discount at periods when for example sales are 

low.  

4.3.4.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for average precipitation and sunshine hours. The weather variables in model 2 were 

replaced with those weather events and AR1 and SH1 used as baseline. The error estimates for 

the model are shown in Table 21 and the results of the regression model can be found in 

Appendix E. 
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Table 21: Error estimates of the results of regression model 2 with weather events. 

Comparing the results of this model and the model without the weather events revealed that 

the error estimates were nearly the same for both types of models. Normal probability plot 

and plot of residuals against time (Appendix E) were also the same, the line not fitting 

completely but no unwanted trends spotted. The forecast (Figure 21) was also very similar.  

 

Figure 21: Actual sales of popsicles and the forecasted sales using regression model with weather events. 

Analyses of coefficients revealed that only two of seven variables representing the weather 

events were below the significance level. The two that were significant indicated that more 

than ten sunshine hours affects sales, especially sunshine hours over fifteen. All precipitation 

variables were non-significant, which was the same as for the model without events. It did not 

give better result to remove the events for average precipitation, and the other were dummy 

variables that could not have been left out.  

An out-of-sample validation showed very similar results (Table 22) as the out-of-sample 

validation for the model without events. Removing the average precipitation events did not 

improve the model. It was concluded that it did not matter if the weather was formulated as 

events or not, model 2 was the best result either way.   
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Table 22: Error estimates for out-of-sample validation of the model with weather events. 

When weather was removed from the models that were used for predicting sales of popsicles, 

the small fluctuations on daily levels vanished and because of that weather was considered to 

matter when predicting sales. However, when the weather variables were replaced with 

weather events it did not change the prediction. That was surprising and lead to the conclusion 

that even though weather did affect sales it was not the reason for the high and low sales. This 

emphasised that historical data and statistical analysis were not enough to make a good 

multiple linear regression model. It requires knowledge from the people selling the products, 

they might be better at identifying the events or variables that are the most effective for the 

sales of popsicles.  

4.3.5 Results for Coals 

The independent variables used in the models for coals were average precipitation, maximum 

temperature, sunshine hours, months, seasons, and days. All of the four models were used. 

Multicollinearity could not be prevented so models 1, 2 and 4 were split into three models 

each, as described in chapter 3.1. The baseline was June and Sunday in model 1, Sunday and 

season three in model 2, Friday and June in model 4a, Friday in model 4b, June in model 4c, 

Sunday and season two in model 4d, Sunday in model 4e, and season two in model 4f. For 

model 3, maximum temperature was the only independent variable.  

There were some problems with the data for this product. Over the period from the 28
th

 of 

January 2012 to the 24
th

 of May 2012 there was a product shortage and the coals not for sale 

in the outlets. This shortage might have been even longer than that, showing strange period 

from the 3
rd

 of October 2011 to the 24
th

 of May 2012. After analysing the product and 

contacting N1 it was likely that the shortage started in the beginning of October 2011 and 

lasted to the end of May 2012. The period (3.10.2011-24.05.2012) was removed from the data 

(error estimates for the period before removing the data can be seen in Appendix D).  Table 

23, Table 24, Table 25, and Table 26 show the error estimates after removing the dates 

previously mentioned.  
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Table 23: Error estimates of the results of regression model 1 for coals. 

 

Table 24: Error estimates of the results of regression models 2 and 3 for coals. 

 

Table 25: Error estimates of the results of regression model 4 (a-c) for coals. 

 

Table 26: Error estimates of the results of regression model 4 (d-f) for coals. 

The regression models showed that days of the week did have most impact on sales of coals. 

Excluding weather from the models lowered the sale peaks of the forecast, beside that it did 

not have much effect. Due to the use in SCM it would be better to have the weather variables 

included.  

There was a very little difference between most of the models, and graphical analysis were 

similar. Models 4b and 4e were the same model and gave the most reasonable result, based on 

RMSE, MAE and graphical analysis. Figure 22 shows that the forecast was not very good. 

Plot of residuals against time did not show any unwanted trend, but the normal probability 

plot was not good. The results of the regression model can be found in Appendix D. 
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Figure 22: Actual sales of coals and the forecasted sales using regression model 4b. 

All estimated coefficients of the regression model were examined, and for model 4b (without 

outliers), all coefficients were below the 0,05 significance level. The coefficients were low for 

all of the independent variables but the variables for days of the week had considerably higher 

coefficients than the weather variables.  

An out-of-sample validation showed a lot better results (Table 27 and Figure 23) which 

indicated that the model could have been overfitting. This could also have been due to the 

period that was removed and the fact that the training period was eight months shorter for the 

training period, compared to the models for other products. It was concluded that because of 

this strange behaviour this product would be dismissed from the study.  

 

Table 27: Error estimates for out-of-sample validation of coals. 
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Figure 23: Actual sales of coals and the forecasted sales for the out-of-sample period. 

4.3.5.1 Events 

Events were not formulated for this product because as mentioned earlier the data included 

long periods of product shortage.  

4.3.6 Results for Cake 

The independent variables used in the models for cake were average precipitation, minimum 

temperature, sunshine hours, months, seasons, and days. All of the four models were used. 

Multicollinearity could not be prevented, so model 1 had to be split into three models, as 

described in chapter 3.1. For model 3, sunshine hours was the only independent variable. The 

baseline for model 1 was May and Sunday, for model 2 it was Sunday and season three, for 

model 4a it was December and Sunday, and for model 4b it was Sunday and season three. The 

error estimates for each model are shown in Table 28 and Table 29. 

 

Table 28: Error estimates of the results of regression model 1 for cake. 

 

Table 29: Error estimates of the results of regression models 2, 3 and 4 for cake. 
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The regression models showed that days and months/seasons had the most impact on sales. 

When the weather variables were excluded from the model it did not the graphical analysis 

and was not significant in the error estimates. Model 3 did give the worst MAE and graphical 

result, supporting the conclusion that weather was not affecting sales of cake. After evaluating 

RMSE, MAE and graphical analysis, model 4a was selected to be the best model for 

predicting sales of cake. The results of the regression model can be found in   

Appendix D. Plot of residuals against time and normal probability plot were analysed and 

they did not show unwanted trends (Appendix D). The residuals on the normal probability 

plot did not fall completely on the line as they should, but as mentioned earlier, the reality is 

never perfect so it was kept this way. The forecast itself was not very promising, it followed 

some pattern but did not look very good graphically (Figure 24). This might indicate that the 

model should have included other independent variables or that there were some events that 

triggered sale and should because of that have been included.  

 

Figure 24: Actual sales of cake and the forecasted sales using regression model 4a. 

All estimated coefficients of the regression model were examined. They showed that May had 

the most effect on sales but March, April and August second most influence on sales. Many 

coefficients were above the 0,05 significance level. All were dummy variables that could not 

have been left out, except the sunshine hours. Removing that variable did not change much. 

This supported that sales of cake were not affected by weather and also that there might have 

been some other explaining variables that were not included in the model.   

An out-of-sample validation showed slightly worse error estimates for the model (Table 30). 

This indicated that an overfitting did not occur, but the model was still not very good for 

predicting sales of cake (Figure 25). It should be noticed that the cake was sold at discount 
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over the period of 11
th

 of July to 8
th

 of August 2013 and 31
st
 of October to 28

th
 of November 

2013. It might have affected the error results of the validation period. 

 

Table 30: Error estimates for out-of-sample validation of cake. 

 

Figure 25: Actual sales of cake and the forecasted sales for the out-of-sample period. 

4.3.6.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for sunshine hours. The weather variables in model 4a were replaced with those weather 

events and SH1 used as baseline. The error estimates for the model are shown in Table 31 and 

the results of the regression model can be found in  Appendix E. 

 

Table 31: Error estimates of the results of regression model 4a with weather events. 

Comparing the results of this model (Figure 26) and the model without the events revealed 

that it did slightly improve the result to replace the weather variables with the weather events. 

It was, however, that small change that it could be considered non-significant. Normal 

probability plots and plots of residuals against time (Appendix E)were almost the same.  
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Figure 26: Actual sales of cake and the forecasted sales using regression model with weather events. 

Analyses of coefficients revealed that only one of three variables representing the weather 

events were below the significance level. The variable that was significant indicated that there 

were more sales when sunshine hours were between 10 and 15. An out-of-sample validation 

showed slightly better results (Table 32) than the out-of-sample validation for the model 

without events. It was concluded that model 4a with events was the best model for predicting 

sales of cake. However, there were still high and low sales that the model did not predict and 

since changing the simple weather variables to weather events did not improve the model 

more, it is likely that something else did trigger the highest and lowest sales, or that the 

multiple linear regression method is not suitable in this case.   

 

Table 32: Error estimates for out-of-sample validation of the model with weather events. 

4.3.7 Results for Windscreen Washer Fluid 

The independent variables used in the models for windscreen washer fluid were average 

precipitation, maximum temperature, sunshine hours, months, and seasons. All four models 

were used. The baseline in model 1 was August, in model 2 it was season three and in model 

4 it was August and season three. For model 3 maximum temperature was the only 

independent variable. The error estimates for each model are shown in Table 33 and Table 34. 
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Table 33: Error estimates of the results of regression models 1 and 2 for windscreen washer fluid. 

 

Table 34: Error estimates of the results of regression models 3 and 4 for windscreen washer fluid. 

The regression models showed that months/seasons had the most impact on sales. If weather 

was removed, the forecast completely ignored sale peaks and bottoms and only followed a 

seasonal trend. All fluctuations vanished when the weather variables were excluded, so for 

this product weather should be taken into account when predicting sales. After evaluating 

RMSE, MAE and graphical analysis model 4a was selected to be the best model for the 

windscreen washer fluid. The results of the regression model can be found in Appendix D. 

Plot of residuals against time and normal probability plot were analysed and they did show 

unwanted trends (Appendix D).The residuals on the normal probability plots did not fall on 

the line as they should, they had long tails at both ends moving away from the line. The 

forecast itself was tracking seasonality and was even getting close to some of the peaks in sale 

(Figure 27). Due to that there were no changes made on the model.  

 

Figure 27: Plot of actual sales of windscreen washer fluid and the forecasted sales using regression model 4a. 

All estimated coefficients of the regression model were examined. They showed that 

December had the largest effect on sales, but January and April had the second largest 
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influence on sales. Seven coefficients were above the 0,05 significance level, but all of those 

were coefficients of variables that were dummy variables which could not have been left out. 

An out-of-sample validation showed worse error estimates for the model (Table 35). This 

indicated that model 4a might have been overfitting the data. The prediction of sales for the 

out-of-sample period was not very good (Figure 28).  

 

Table 35: Error estimates for out-of-sample validation of windscreen washer fluid. 

 

Figure 28: Actual sales of windscreen washer fluid and the forecasted sales for the out-of-sample period. 

4.3.7.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. The events introduced in chapter 3.4 were 

used for maximum temperature and sunshine hours. The weather variables in model 4a were 

replaced with those weather events and MT3 and SH1 used as baseline. The error estimates for 

the model are shown in Table 36 and the results of the regression model can be found in 

Appendix E.   

 

Table 36: Error estimates of the results of regression model 4a with weather events. 
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Comparing the results of this model and the model without the events revealed that it did 

slightly improve the MAE to replace the weather variables with the weather events, however 

the RMSE got remotely worse. Normal probability plots and plots of residuals against time 

(Appendix E) were almost the same, showing some strange patterns. Graphically it was hard 

to state which one were fitting better. The model without the events (Figure 27) seemed to 

catch the fluctuations better than the model with the events (Figure 29). 

 

Figure 29: Actual sales of windscreen washer fluid and the forecasted sales using regression model with weather 

events. 

Analyses of coefficients revealed that only two of seven variables representing the weather 

events were below the significance level. The variables that were significant indicated that 

there were more sales when the temperature was below 5°, especially when it went below the 

0°. An out-of-sample validation showed worse error estimates for the model (Table 37). This 

indicated that model 4a with weather events might have been overfitting the data. It was 

concluded that model 4a without events was the best model for predicting sales of windscreen 

washer fluid.  

 

Table 37: Error estimates for out-of-sample validation of the model with weather events. 

4.3.8 Results for Anti-freeze 

The independent variables used in the models for anti-freeze were average precipitation, 

average temperature, sunshine hours, months, and seasons. All four models were used. The 

baseline in model 1 was September, in model 2 it was season three and in model 4 it was 
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season three and September. For model 3, average temperature was the only independent 

variable. The error estimates for each model are shown in Table 38 and Table 39. 

 

Table 38: Error estimates of the results of regression models 1, 2 and 3 for anti-freeze. 

 

Table 39: Error estimates of the results of regression model 4 for anti-freeze. 

The regression models showed that months/seasons had the most impact on sales. If weather 

was removed the forecast completely ignored sale peaks and bottoms and only followed the 

seasonal trend. All fluctuations vanished when excluding the weather variables, so it was 

clear that for this product weather should be taken into account when predicting sales. After 

evaluating RMSE, MAE and graphical analysis model 4a was selected to be the best model 

for predicting sales of anti-freeze. The results of the regression model can be found in  

Appendix D. 

Plot of residuals against time and normal probability plot were analysed and they did not 

show unwanted trends (Appendix D).The residuals on the normal probability plot did not fall 

completely on the line as they should, but it was kept this way. The forecast itself was 

tracking seasonality and was reasonable (Figure 30). It did, however, not get the highest peaks 

and sudden drops in sales. This might indicate that the model should have included other 

independent variables or that there were some events that triggered sale and should because of 

that have been included. 
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Figure 30: Actual sales of anti-freeze and the forecasted sales using regression model 4a. 

All estimated coefficients of the regression model were examined. They revealed that April 

and May had the most effect on sales but March and June second most influence on sales. 

Eight coefficients were above the 0,05 significance level, but all except one of those were 

coefficients of dummy variables that could not have been left out. Sunshine hours were above 

the 0,05 and when the regression model was tested without it, there was no sign of change in 

the model. The sunshine hours were not excluded since model 4 was supposed to be testing if 

the weather variables could be selected by their correlation coefficients. However, it would be 

recommended to use a larger dataset to be sure if the variable should be included or not.  

An out-of-sample validation showed worse error estimates for the model (Table 40). This 

indicated that model 4a might have been overfitting the data. The prediction of sales for the 

out-of-sample period was however not that bad (Figure 31).  

 

Table 40: Error estimates for out-of-sample validation of anti-freeze. 
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Figure 31: Actual sales of anti-freeze and the forecasted sales for the out-of-sample period. 

4.3.8.1 Events 

In order to see if the peaks and sudden drops in sales could be predicted, it was decided to 

replace the weather variables with event variables. For this product it was tested to create 

some other weather events than just the once presented in chapter 3.4. This was done to 

compare if it would be better than just using the events previously used.  

All sales above 15 items per day were analysed and the corresponding weather conditions. 

The highest sale peaks were over long periods of time where the temperature was below 0°. 

The first period with many days of cold lead to sudden rise in sales, and if it lasted very long 

it lead to another rise in sales after some time.  

The events introduced in chapter 3.4 were used for sunshine hours and average temperature. 

Three other events were formulated; first frost, day two (d2) and day eight (d8). First frost 

was defined as frost for three days in a row, where there had not been frost for the past 12 

days before that. Day two was defined as two days showing average temperature below 0° 

and day eight represented eight days below 0°.  

Those variables were used in four combinations based on the model selected as best model for 

anti-freeze (4a). In model A, weather variables were replaced with the event variables for 

sunshine hours and average temperature. In model B, weather variables were replaced with 

first frost, d2 and d8. Model C was a combination of A and B, including all of the events. In 

model D, the weather variables were replaced with event variables for sunshine hours and 

average temperature, as well as the first frost. AT3 and SH1 were selected as baseline in 

models A, C and D. The error estimates for each model are shown in Table 41. 
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Table 41: Error estimates of the results of regression models with weather events for anti-freeze. 

After evaluating RMSE, MAE and graphical analysis model A was selected to be the best 

model for predicting sales of anti-freeze. The results of the regression model can be found in  

Appendix E. Analyses of coefficients revealed that six out of seven variables representing the 

weather events were below the significance level. The coefficients revealed that sales 

increased when temperature got below 0°, especially if the temperature got below -5°.  

The plot of residuals against time and the normal probability plot did not show any unwanted 

trends, and the fit of the line was even better than for the regression model that did not include 

weather events. The model was considered good when values and significance of coefficients 

were examined. Five coefficients exceeded the 0,05 significance level but those were all 

dummy variables that could not have been discarded. The forecast was better when modelling 

weather as events (Figure 32).  

 

Figure 32: Actual sales of anti-freeze and the forecasted sales using regression model with weather events. 

An out-of-sample validation showed better error estimates for the model (Table 42). It was 

concluded that model 4a with events was the best model for predicting sales of anti-freeze. 
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Table 42: Error estimates for out-of-sample validation of the model with weather events. 

4.4 Comparison Method 

To be able to compare the naïve, t-1, method to the multiple linear regression method the data 

were split up into three parts, one year for each. Part one included data for 1
st
 of July 2011 to 

30
th

 of June 2012, part two included data for 1
st
 of July 2012 to 30

th
 of June 2013, and part 

three included data for 1
st
 of July 2013 to 30

th
 of June 2014.  

Mean absolute error (MAE, chapter 2.2.3.3) was used to measure the error between the 

forecasted sales and the actual sales of each product. MAE was calculated for each product, 

using the multiple linear regression model that had been selected to be the best at predicting 

the sales of each product (chapter 4.3). Then the MAE for years 2 and 3 was compared to the 

MAE calculated for the t-1 method. The comparison can be seen in Table 43 - Table 49.  

The coals were eliminated from the comparison, since it was concluded in chapter 4.3.5 that 

the product should be eliminated from the study. The multiple linear regression method was 

for all other products better than the t-1 method. The difference was however not great. Only 

cigarettes and soda showed a lot better MAE when using the multiple linear regression model, 

other products showed smaller difference. Since the multiple linear regression method 

performed better than the t-1 method it was concluded that the multiple linear regression 

models were a useful approach to predict sales of those products.   

 

Table 43: Comparison of MAE for years 2 and 3, for windscreen wipers. 

 

Table 44: Comparison of MAE for years 2 and 3, for cigarettes. 
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Table 45: Comparison of MAE for years 2 and 3, for soda. 

 

Table 46: Comparison of MAE for years 2 and 3, for popsicles. 

 

Table 47: Comparison of MAE for years 2 and 3, for cake. 

 

Table 48: Comparison of MAE for years 2 and 3, for windscreen washer fluid. 

 

Table 49: Comparison of MAE for years 2 and 3, for anti-freeze. 

4.5 The Methodology 

The proposed methodology in this thesis was based on the workflow presented in chapter 

2.2.3. This process is an attempt to present a standard method that can forecast sales and that 

is useful for identifying weather factors that have effect on sales of products. The workflow 

presented in Figure 33 shows the steps of the process; from preparing the data to the use of a 

multiple linear regression model as a forecasting tool for sales. Below the figure the main 

steps are described in details.  
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Figure 33: Standard process for using multiple linear regression as a forecasting tool.  

4.5.1 Preparation of Data 

The first step is to select the dependent variable, i.e. the variable that is supposed to be 

predicted. To be able to proceed it is important to verify that the variable is a continuous 

variable or a ratio variable and that sales and weather data are available. If that is the case, the 

data are prepared.  

Preparing data means collecting the relevant data, make sure data are on the right format, 

locate bugs in data, and calculate what needs to be calculated (for example if average or 

combined variables are needed). Bugs in data can be negative sales, missing sales, errors and 

so on. A decision needs to be taken if to delete, change or keep the data. 

Relevant data is all data of the dependent variable, all weather data, and data for possible 

independent variables. Possible independent variables are all things that can affect the 

dependent variable (the sales of a product in this thesis).  
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4.5.2 Graphical Analysis 

The second step is graphical analysis of the data. At this point it is important to graphically 

analyse if the data includes errors, if some outliers are in the data and if there is a linear 

relationships between the dependent variable and the independent variables.  

If outliers or errors are spotted it is necessary to return to the beginning of the process and 

prepare the data based on the findings. If there is no linear relationship discovered between 

the dependent variable and the independent variables, it is important to try to change the 

relationship by using transformation methods [39], [41]. If the relationship can easily be 

changed by using those transformation methods it might be necessary to return to step one 

and prepare the data based on that. It is not always possible to transform the relationship, but 

if there is some sign of a linear relationship it is possible to proceed.  

At the end of this stage it is important to check if the data are ready to be used and if there are 

some signs of linear relationship. If both of those conditions are fulfilled the next step is to 

examine the correlation numerically.   

4.5.3 Correlation Calculations 

To be able to numerically estimate the linear relationship between variables, a correlation 

calculations are conducted on the dependent variable and all possible independent variables. 

The calculations are based on Equation 1 (chapter 2.2.2).  

If the correlation coefficient is zero (or very close to zero), there is no linear relationship and 

the independent variable can be eliminated. If there are no independent variables showing 

relationship the process should be terminated, since this method would not be appropriate.   

A special care needs to be taken if some of the independent variables are formulated as 

dummy variables (chapter 2.2.3.1). Than there might be variables having very low or zero 

correlation coefficients, however, they cannot be eliminated.  

4.5.4 Selection of Independent Variables 

After calculating the correlation coefficients, the independent variables that will be used in the 

model are selected. The selection process is very important since the outcome of a multiple 

linear regression model depends on the quality of the inputs. The selection begins by listing 

up all the possible variables that have not been eliminated (based on correlation calculations).   
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The correlation coefficients (chapter 4.5.3) should indicate linear relationship. To test that, 

boxplots of all dummy variables are analysed and if they show clear variation between their 

categories they should be included in the model. Variables that are not dummy variables can 

be plotted against the dependent variable and should show linear relationship. Dummy 

variables showing variation and other variables showing linear relationship are included.  

The next step is to test for multicollinearity. When testing for multicollinearity it is important 

to start testing the weather variables. The VIF (Equation 6, chapter 2.2.3) is calculated and 

variables eliminated until the factor is below five. After the weather variables have been 

chosen, they are tested in combination with all the other independent variables. It makes the 

process of selecting baseline (intercept term) a lot less complicated if this is done separately 

on weather variables and then in combination with other variables.  

The VIF that is calculated should be below five. If the VIF is higher, different baselines 

(intercept term) are tested until the preferred value of VIF is found. If the VIF does not get 

below five the combination of independent variables giving the lowest VIF should be selected 

as the final group of independent variables.  

4.5.5 Create a Model  

When the final group of independent variables has been selected it is time to create the model. 

The model should be on the format as shown in Equation 4 (chapter 2.2.3). It is possible to 

make more than one type of model (as done in this thesis, chapter 3), but the explanations for 

the next steps in the process are based on that there is only one model formulated. The rest of 

the process is the same whether it is for one model or many, the only difference is that the 

following steps should be done separately for all of the models.  

When the model is ready it is important to make sure that the multicollinearity condition is 

fulfilled. Model with VIF below five can proceed to the next step (chapter 4.5.6), other 

models need to be split up.  

Split up model  

If a model needs to be split up it should be analysed what variables are the reason for the 

multicollinearity. Those variables should be used to split the model up into two new models 

that separate the variables that caused the multicollinearity (chapter 3). Note that this could be 

a group of variables, if the variables are dummy variables. When the split up has been 

performed both of the models should proceed to the next step in the process.  
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4.5.6 Execute the Model  

In this step the model that was formulated (chapter 4.5.5) is solved using the method of least 

squares (chapter 2.2.3.2).  

4.5.7 Locate and Remove Outliers  

When the model has been solved, outliers are graphically analysed using histograms. Possible 

outliers, not included in the bell shape representing normality, are removed from the data.  

4.5.8 Execute Model without Outliers  

In this step the model (chapter 4.5.5) is executed again, in the same way as before (chapter 

4.5.6), but with new dataset that does not include outliers (chapter 4.5.7).  

4.5.9 Evaluate the Model  

When results from the execution of the model are available it is possible to evaluate the 

model. MAE and RMSE should be calculated (chapter 2.2.3.3), the estimated coefficients 

should be used to make a forecast, and normal probability plot and plot of residuals against 

time should be plotted. The evaluation should be based on the following:  

1. MAE and RMSE should be as low as possible. How low they should be is an option 

that the decision maker has to decide upon. If the models are more than one the best 

one will have the lowest MAE and RMSE. 

2. A forecast, made from the result, for the training period should be plotted on a graph 

with the actual sales. Then it is possible to graphically analyse if the forecast is 

tracking the actual sales reasonably.  

3. Graphical analysis of residual plots are not crucial, but good to verify that the model is 

behaving theoretically right. Those graphs could indicate if there is something wrong 

with the results.  

4. Estimated coefficients are the most valuable evaluation. They will show what 

variables have most effect on sales of a product. Note that significance of a coefficient 

should be below 0,05.  

The final step of the estimation is to conduct an out-of-sample validation. The out of sample 

validation is when the model is used on a set of data that were not included in the training 

period. The validation is performed in the following steps:  

1. Start with the model that was created (chapter 4.5.5) and import new data. 
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2. Execute the model, remove outliers and execute again (chapters 4.5.6 to 4.5.8). 

3. Compare the outcome to the estimated outcome of the training period (chapter 4.5.9). 

The models should have similar statistical results.  

After this it is possible to state if the model is valid or not. If it is valid, the process can move 

on to the next step, and if it is not, the process should be terminated.  

4.5.10 Change to Events  

At this step the model is the same as in chapter 4.5.5. Then the weather variables are removed 

and replaced with weather events (formulated as dummy variables, chapter 2.2.3). The 

following steps are taken:  

1. The model is executed, outliers removed and it is executed again (see chapters 4.5.6 to 

4.5.8) 

2. The result is compared to the result in chapter 4.5.9. The model that is considered 

better is selected to be used as a forecasting tool for this product.  

If both models are considered showing bad results, then the process is terminated. If a best 

model is found, then information about the final model are stored. That information includes 

the coefficients and what factors have the most influence on sales.  

4.5.11 Comparison  

To ensure that the model should be used as a forecasting tool a comparison is conducted. The 

MAE is used to compare the result to the MAE of another method (t-1 method in this thesis, 

but it can be any method that is in use). After the comparison it can be concluded if to use the 

method (and proceed to next step) or not (terminate).  

4.5.12 Use the Model  

The last step is to use the model. Then the estimated coefficients are used to make predictions 

of the future, and the values of the coefficients can be used as information in the decision 

making process.  
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5 Discussion 

This chapter will discuss the information that has been presented in the thesis. It will include 

issues concerning results (for both the case study and the proposed methodology), drawbacks 

of the case study and the thesis, topics from the case study, a discussion of the comparison 

method and the proposed methodology, thoughts about the material, the usability of the 

methodology and future work.  

5.1 Interesting Results 

The results from the case study were in general as expected, i.e. there were not many 

surprising results and the consumer behaviour was as expected. Some interesting facts were 

noticed, for example that popsicles display sales patterns indicating that sales increase during 

the summer time, no matter what the weather is. Cigarettes showed better results than 

expected, such that even though weather does not greatly influence sales, it is possible to use 

a multiple linear regression model to predict the sales of cigarettes. And finally, the results for 

the windscreen wipers show a product that has weather driven demand, but shows lower 

correlation than expected because it is unnecessary to buy new windscreen wipers each and 

every time it rains or snows.  

It is very interesting that model 3, which was a simple linear regression between sales and the 

weather variable showing the strongest correlation, showed in many cases a forecast that is 

reasonably accurate considering that it is only a simple linear regression. Model 3 only 

showed bad results for cigarettes and cake, corresponding to the results that both products did 

not show any trend (when evaluated graphically) between the weather variables and sales. 

The results of model 3 are also consistent with the fact that when the weather variables were 

removed from the models, daily fluctuations vanished.  

By removing the weather variables from the models, it was clear that in the majority of cases, 

weather had an effect on product sales. The same applied for windscreen wipers, soda, 

popsicles, windscreen washer fluid and anti-freeze; if weather was not included in the models, 

the forecasts were weaker at following the highest and lowest sales. For the purpose of 

inventory management (and SCM), it is important to be able to predict very high and very low 

sales – and because of that it is beneficial to take weather into account when trying to forecast 

sales of the products. For windscreen washer fluid and anti-freeze, all fluctuation vanished 

when the weather variables were excluded. This leads to the conclusion that weather does 
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affect sales on daily levels for all of those five products, especially the windscreen washer 

fluid and the anti-freeze. However, cigarettes and cake were not affected.   

Developing multiple linear regression models using weather data to predict demand of the 

products did in general result in reasonably good forecasts, as seen in the figures in chapter 4. For 

all products, model 4 (Table 50) was selected as the best model (except for the coals which were 

dismissed from the study). This is interesting since model 4 included weather variables showing 

correlations stronger or equal to 0,1 (positive and negative). This could indicate possibilities to 

make the proposed methodology more automatic (see more in chapter 5.3). 

Product 
Selected 
model 

same as 
The best 

model 
including 

events 

Windscreen Wipers Model 1 Model 4a Model 4a 
 

Cigarettes Model 4c 
 

Model 4c x 

Soda Model 1 Model 4a Model 4a x 

Popsicle Model 2 Model 4b Model 4b x 

Coals - 
 

- 
 

Cake Model 4a 
 

Model 4a x 

Windscreen Washer Fluid Model 4a 
 

Model 4a 
 

Anti-freeze Model 4a 
 

Model 4a x 

Table 50: Summary of the best models for each product. 

Considering the reasonably accurate forecasts and surprisingly good performance of model 3, 

it is realistic to conclude that it is possible to use weather data to predict demand, at least for 

products which weather affects sales on daily levels.  

Even though most of the models did not show theoretically perfect results, especially when 

looking at plots of residuals and normal probability plots, it is estimated that the proposed 

methodology works. The goal was to see if it was possible to identify a method that could 

improve decision making, not to create a 100% theoretically perfect statistical model. 

Although measures such as R-squared gave “bad” results, it must be kept in mind that the 

reality is never perfect.  

The results showed that it is important to use weather events in order to identify what weather 

conditions have the most effects on sales of each product. Being able to identify such events 

is important in decision making, particularly when considering the use of weather information 

to improve decision making. Only then it will be possible to make decisions based on future 

weather conditions, i.e. whether the weather conditions will increase or reduce sales. 

Therefore, the use of weather information may be useful in decision making in the supply 
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chain, since it could improve the balance of keeping inventory to minimal levels without 

losing consumers due to inventory shortages. 

5.2 Topics from the Case Study 

The case study shows that temperature is the weather variable with the strongest correlation to 

the sale of each of the eight products. Soda, windscreen washer fluid and anti-freeze have the 

strongest correlation with weather. The coals were dismissed from the case study, since there 

was a long period of product shortage. The product shortage was removed from the data but 

then the data period became so short that it was impossible to accept the results as reliable.  

It was rather clear that it is necessary to use long periods of data to get the most accurate 

results from the case study. In this case, only three years were used, two of which were used 

as a training period and one as a validation period. The anti-freeze showed signs of two 

strange sale peaks. There was no data to explain why this was; it is unclear whether it is 

attributable to some kind of correction of sale or whether something special happened on 

those dates. The weather was very cold (conditions that lead to higher sale) both before and 

after those dates, so it is possible that the sale peaks were caused by weather. A longer period 

of data could have demonstrated what was going on.  

There was also some unexplained behaviour noticed when testing the multiple linear 

regression model on the soda. Over the summer months in the training period, especially July 

and August, sales were extraordinarily high. This resulted in high error estimates and the 

regression model was not able to get to the highest peaks. For the validation period, the sales 

peak was a little lower and that could explain the fact that the error estimates were much 

better for that period. The sale peaks were however not removed because after discussing it 

with N1, there were no promotions or different sale tactics used. However, for at least one of 

the summer periods the producer (Ölgerðin ehf.) did their own marketing campaign which 

could have affected the results. The result for this product is an example of why it is 

recommended to do analyses of longer periods of data in order to be sure that those high sales 

are not outliers.  

Special weather events like the first frost, first summer day, first day of snow, or continuous 

days of frost etc. could be used as weather events instead or with the defined ranges used in 

the thesis. It was only tested with the anti-freeze to implement such events into the models. It 

did however not give better results, since the special weather events rarely happen on the 

same day or even not in the same month, or on the same day of the week. A longer period of 
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data might have given better results, as well as using the knowledge of inventory management 

specialists or someone very familiar with the product. The human knowledge of the person 

making decisions is as important as the usage of historical data.  

The popsicles were the only product that was sold at a discounted rate at some point over the 

training period. It is important to notice that the multiple linear regression model showed that 

the discount influenced sale. This is an independent variable that can be controlled, and for 

the SCM science it was positive to see that it did have an effect. Knowing that selling a 

product with a certain discount is effective could be used in decision making and utilised to 

control demand. It could have been possible to include price as an independent variable, 

because like the discount day variable, it can be controlled. By knowing all the controllable 

variables, it is possible to experiment with the multiple linear regression models and try to 

find out how and when to respond to certain situations, e.g. to prevent negative consequences 

due to weather.    

The multiple linear regression model, as mentioned earlier, showed negative result for the 

cake. This was not a surprise since this product is neither seasonal nor does it have weather 

driven demand. Even though there is clear variation between months and days, the instances 

when consumers decide to buy a cake appears to be random. The cigarettes similarly do not 

have a weather driven demand, but there is stronger correlation between the independent 

variables and sales. It would not be recommended to use a multiple linear regression model 

for a product like the cake, at least not when the data period is as short as it is for this study.  

5.2.1 Comparison Method 

It would have been a smart choice to select a standard forecasting method that N1 was already 

using, and compare the proposed methodology to that method. A comparison of the method in 

use and the one in this thesis could have given more valuable results to the company, and also 

provide information on whether or not it is possible to use the existing method and scale the 

method up or down depending on weather. That idea is, however, ideal for another master’s 

thesis since the current method in use forecasts demand based on monthly levels. Comparison 

would have been difficult since this thesis uses forecasts on daily levels.  

The t-1 method does not handle trends (if there is continuous growth/reduction) and therefore 

would not be adequate as a comparison method for products that showed strong trends. For 

the products in the case study, this was not considered a problem.   
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The decision of choosing to compare the multiple linear regression method to the t-1 method 

was to have statistical criterion on whether the proposed methodology could be useful for 

predicting sale of products. The multiple linear regression method using weather data to 

forecast demand was for all other products better than the t-1 method so it was concluded that 

the multiple linear regression model was a useful approach to predict sale of the products.   

5.3 The Proposed Methodology 

It is important when using the process (chapter 4.5) to include three things; weather data, 

human knowledge of the decision maker and historical sales/production data. That is due to 

the fact that the process, as it is represented in this thesis, requires human decisions 

throughout the process. It is also important that the human knowledge comes from a person 

with an extensive knowledge of the products and that has the ability to identify the things that 

have the most impact on sales. That leads to an easier and more effective selection of 

independent variables.  

The results do show that it should be possible to make the process much more automatic. For 

example even though it was hard to graphically identify correlations between sales and 

weather for products like cigarettes, windscreen wipers, soda and popsicles, it was easier to 

discover it by simply calculating correlation coefficients between sales and all the weather 

variables. 

The correlation coefficient turned out to be quite important since model 4, that only included 

weather variables selected based on the correlation coefficient, was chosen as the best model 

for all of the products. That leads to the conclusion that the graphical analysis of correlation 

could be skipped and selection should be based on the correlation coefficient. The selection of 

independent variables other than the weather variables can also be made more automatic by 

choosing them based on correlation coefficient. In many cases, other graphical analysis can 

also be made more automatic.  

The value +/- 0,1 for the correlation coefficient was selected to be the criteria of selection of 

weather variables in model 4. It was chosen after various tests with the data, but it could 

probably be optimised. It would, however, be recommended to use data over a considerably 

longer time period to get the most reliable results.  
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5.4 Usability of the Methodology 

Results are promising, even though the data period was short and the case study included few 

products. It indicates that it is possible to use this method to predict demand for products that 

have weather driven demand. Despite the fact that the forecasts are not rigorous down to the 

daily level does not mean that there is a problem, because products are often being ordered on 

a weekly basis. In some cases, the results could because of that be more accurate than the 

error estimates indicate.  

The positive nature of the results indicate that they might be used as the first step towards 

utilising weather forecasts with the aim of gaining competitive advantages. It is important to 

note that weather forecasts differ in reliability and as mentioned in the introduction (chapter 

1.3.2), then the forecasts are often less reliable if they are forecasting into the far future. 

Therefore, it is important to bear in mind that if a product has a long lead time, it will be 

harder (and less successful) to use the proposed process. 

The results of the process do not only have to be used to create forecasts. It would be possible 

to identify the weather conditions that greatly affect sales and then simply let the decision 

maker choose how to make use of that information. It would be the simplest to use and it 

would not require constant use of regression models. It would require special focus on what 

variables are baseline/intercept variables and the coefficients that the regression model 

calculates for each variable. This methodology could also be used for marketing, to evaluate 

how much inventory to order, to decide on stock levels, in social media online marketing, for 

deciding when to sell certain products, for promotions of merchandise in store, in staffing 

shifts and so on.  

As mentioned in the introduction, it can be hard for the end-user to adopt the usage of weather 

information because of the uncertainty that is involved. To have the use of weather data 

formalised in well-defined processes helps the end-user to evaluate different decision options 

in an objective manner and simplify the usage of weather information. The literature states 

that there is often considered to be a gap between those who provide weather information and 

those who utilise them. This thesis might be a step towards closing that gap.  

5.5 Future Work 

To be certain that the use of weather information is useful in decision making in the supply 

chain some, further work needs to be done. The most important thing will be to see how it 

works in real life situations to make predictions using weather forecasts instead of historical 
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weather data. The models would still need to be formulated and trained with historical 

weather data, but when looking to the future, weather forecasts would need to be used. It 

needs to be tested how useful it is for the decision making process and whether it improves 

the processes that are already in place.  

Following is a list of potential future work:  

 Do a comparison of the proposed methodology and standard methods that are already 

in use 

 Perform the case study (or similar study) for longer periods of data 

 Make the proposed process more automatic. There are already some opportunities to 

do so, as discussed in chapter 5.3 

 Include more controllable independent variables in the models (for example price, 

advertisement/promotions and discount) and see if that results in a better decision 

making tool. It would be necessary to simulate scenarios to figure out the behaviour of 

the variables and how they can be controlled   

 Use the proposed methodology and measure the impact it has on decision making  

 Use the method with weather forecasts instead of weather data and measure the effects 

it has on sale, inventory management and decision making 
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6 Conclusion 

This thesis has proposed a methodology for using multiple linear regression models for 

discovering weather events that affect demand, and to predict sales of products. By using the 

proposed method, it has shown that the use of weather information is potentially useful in 

decision making in the supply chain. Whether this method is better than another must be 

confirmed by further research and comparison to methods that are already in use.  

Results show that weather did, in the majority of cases, affect the sales of products on a daily 

basis, and excluding weather from the models lead to fluctuations between days vanishing. 

The results showed reasonably accurate forecasts so it is realistic to conclude that it is 

possible to use weather data to predict demand, at least for products in which weather affects 

their sales.  

The use of weather events in the multiple linear regression models made it possible to identify 

specific weather conditions that influence sales. Knowing what weather (e.g. temperature) 

affects sales, and then narrowing it down to a more detailed type of weather (e.g. temperature 

below 0°) provides the decision maker with greater knowledge of his/her products which 

leads to the possibility of making better informed and more effective decisions. The value of 

the proposed methodology lies in being able to identify those weather conditions and how 

they affect sales. This could be the key to making weather data useful in decision making for 

the supply chain.  

Standard forecasting methods do not commonly account for situations where weather takes 

control of consumer behaviour. The proposed process introduced in the thesis could do that, 

by examining sales and weather together. The process is most useful if it combines weather 

data, human knowledge of the decision maker and historical sales/production data. It is very 

important to have the use of weather data formalised in well-defined process, since it helps 

the end-user to evaluate different decision options in an objective manner and make use of 

weather information easier. Whether the weather will result in shift in timing of purchase or 

influences the consumer to completely change or cancel the purchase, this process then gives 

the decision maker the opportunity to react upon situations that occur because of weather.   

The literature review showed that weather does affect the behaviour of consumers, and the 

results of this thesis support that. Businesses around the world are interested in how to utilise 

weather information for their betterment, and many of them use precautions to avoid losses 
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due to bad weather conditions. The interest exists, which gives the opportunity to start 

utilising weather information for our benefits, financially and otherwise. Considering the 

positive results of this thesis, the gap between providers and users of weather information 

might be closed by working systematically towards utilising weather information in decision 

making. This could lead to improvements in the whole supply chain.  
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Appendices 

Appendix A 

Correlation coefficient calculations for all independent variables and products. The table 

showing correlation coefficients for products and weather variables can be found in chapter 

4.2.  

 

Table 51: Correlation coefficients between each product and variables representing the months. 

 

Product Mondays  Tuesdays Wednesdays Thursdays Fridays Saturdays Sundays 

Windscreen Wipers -0.0528 -0.0565 -0.0095 0.0679 0.1016 0.0349 -0.0862 

Cigarettes -0.0978 -0.0876 -0.0392 0.0182 0.3203 0.0921 -0.2055 

Soda -0.0781 -0.0559 -0.0332 0.0027 0.0672 0.0611 0.0399 

Popsicle -0.0220 -0.0680 -0.0664 0.0498 -0.0055 -0.0024 0.1183 

Coals -0.0456 -0.0816 -0.0984 -0.1077 0.2352 0.1071 -0.0086 

Cake -0.0678 0.0040 0.0767 0.1327 0.0618 -0.0733 -0.1258 

Windscreen Washer Fluid -0.0292 -0.0107 -0.0044 0.0446 0.0728 -0.0423 -0.0409 

Anti-freeze 0.0025 0.0283 -0.0319 -0.0177 -0.0154 0.0313 -0.0157 

Table 52: Correlation coefficients between each product and variables representing the days of the week. 

 

Product 
Season 

1 
Season 

2 
Season 

3 
Season 

4 

Windscreen Wipers 0,4764 -0,0795 -0,2471 -0,1442 

Cigarettes -0,1328 -0,1803 0,2523 0,0593 

Soda -0,2549 -0,1540 0,6036 -0,1987 

Popsicle -0,1676 0,0567 0,2352 -0,1268 

Coals -0,0311 -0,1216 0,2505 -0,0985 

Cake -0,1265 0,3006 -0,0662 -0,1099 

Windscreen Washer 

Fluid 
0,5521 -0,1541 -0,3256 -0,0654 

Anti-freeze 0,2814 -0,1447 -0,3294 0,1971 

Table 53: Correlation coefficients between each product and variables representing the seasons. 
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Product 
Pay-
out  

Credit 
cards 

Windscreen Wipers 0.0824 0.0156 

Cigarettes 0.2223 -0.0099 

Soda 0.0455 -0.0060 

Popsicle -0.0181 -0.0505 

Coals 0.0003 0.0138 

Cake -0.0516 0.0200 

Windscreen Washer Fluid 0.0260 -0.0221 

Anti-freeze 0.0224 -0.0371 

Table 54: Correlation coefficients between each product and variables representing the pay-out dates and new 

credit card periods. 
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Appendix B 

This appendix includes the selection of independent variables for each of the eight products. 

The variables that were examined were average precipitation, average temperature, cloud 

cover, daytime precipitation, maximum temperature, minimum temperature and sunshine 

hours. Also there were 26 other variables; one for January to December, one for time series 

index, one for Mondays to Sundays, one for each season, one for pay-out dates and one for 

new credit periods. The time series index was eliminated since it was only estimating the 

same effects as the days and months/seasons did. All of the 25 other variables were included 

in order to ensure that the weather effects contained as little effect of other factors as possible.  

Dummy variables were used for seasons, days of the week, months, discount dates, pay-out, 

new credit periods, as well as for representing weather events.  

Windscreen Wipers 

Table 3 showed that out of the weather variables there was most decisive correlation between 

sunshine hours and sales of windscreen wipers. That indicated that the sunshine hours should 

be included in the model. This product showed considerable correlation between all of the 

weather variables and sales.   

There was a clear variations in sales between months and between days (Figure 34) which 

indicated that those variables might affect the forecast and the model. There was also a 

variation between seasons (Figure 35 to the left) so the seasons were included.  

Pay-out and Credit cards, Figure 35 (right) and Figure 36, had a slight variance. Outliers for 

both variables were closely linked to weather conditions and pay-out had a better correlation 

than new credit period. Fewer outliers for new credit period days indicated that it should be 

eliminated, but the pay-out was considered to be relevant.  

 

Figure 34: Box plots of sold units of windscreen wipers, categorised by months (left) and categorised by days 

(right). 
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Figure 35: Box plots of sold units of windscreen wipers, categorised by seasons (left) and categorised by pay-out 

(right).   

 

Figure 36: Box plot of sold units of a windscreen wipers, categorised by new credit period. 

Cigarettes 

Table 3 showed that out of the weather variables there was most decisive correlation between 

average temperature and sales of cigarettes. That indicates that the average temperature 

should be included in the model. Other weather variables should also be considered.  

There was a clear variations in sales between months (Figure 37) which indicated that months 

might affect the forecast and the model. The variation was clear between days (Figure 37) 

with a noticeable highest correlation on Fridays. There was also a variation between seasons, 

Figure 38. The seasons and days were included. Outliers for all of those variables were hard 

to connect to weather conditions, but it was clear that dates and events were the reason for 

many of the outliers.  

Pay-out (Figure 38) showed variance and should be included in the model. New credit period, 

Figure 39, had a low correlation and seemed to have smaller variance that indicated that it 

should not be included in the model.  
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Figure 37: Box plots of sold units of cigarettes, categorised by months (left) and categorised by days (right). 

 

Figure 38: Box plots of sold units of cigarettes, categorised by seasons (left) and categorised by pay-out (right). 

 

Figure 39: Box plot of sold units of a cigarettes, categorised by new credit period. 

Soda 

Table 3 showed that out of the weather variables there was most decisive correlation between 

maximum temperature and sales of soda. That indicated that the maximum temperature 

should be included in the model. Other weather variables were also considered.  

There was a clear variations in sales between months and between seasons (Figure 40), which 

indicated that those variables might affect the forecast and the model. There was less variation 

between days (Figure 41). The correlation coefficients for all days were also low and there 

were many outliers. Because of that days were considered unappropriated to the model.  
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Pay-out and new credit period (Figure 42) seemed to have low variance. Both variables also 

had low correlation coefficients and considering that and the great amount of outliers those 

variables were not included in the model.  

 

Figure 40: Box plots of sold units of soda, categorised by months (left) and categorised by seasons (right). 

 

Figure 41: Box plot of sold units of soda, categorised by days. 

 

Figure 42: Box plots of sold units of soda, categorised by pay-out (left) and categorised by new credit period 

(right). 

Popsicle 

Table 3 showed that out of the weather variables there was most decisive correlation between 

sunshine hours and sales of popsicles. That indicated that the sunshine hours should be 

included in the model. Other weather variables were also considered.  



89 

There was a variations in sales between months and between days (Figure 43) which indicated 

that those variables might affect the forecast and the model. The same goes for the seasons 

(Figure 44). The correlation coefficients for all of those variables also indicated that seasons 

should be included.  

Pay-out seemed to have less variance (Figure 44) than months and days. The average was 

nearly the same between pay-out days and non-pay-out days and the correlation coefficient 

was low. This variable was considered inappropriate to the model. New credit period (Figure 

45) was similar to the pay-out variable. Low correlation, similar sales on new credit period 

days and other days, lower maximum on new credit period days, and similar box plots, made 

this variable considered inappropriate to the model.  

This product was the only one that had available data for discount days for the training period. 

It had been sold at a discount from the 18
th

 of April 2013 to the 16
th

 of May 2013. The box 

plot (Figure 45) shows variation between discount days and no discount days. Because of the 

variation and a sign of more sales during the discount period this variable will be included in 

the model.  

 

Figure 43: Box plots of sold units of popsicles, categorised by months (left) and categorised by days (right). 

 

Figure 44: Box plots of sold units of popsicles, categorised by seasons (left) and categorised by pay-out (right). 
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Figure 45: Box plots of sold units of popsicles, categorised by new credit period (left), and categorised by 

discount dates (right). 

Coals 

Table 3 showed that out of the weather variables there was most decisive correlation between 

maximum temperature and sales of coals. That indicated that the temperature should be 

included in the model. Cloud cover, sunshine hours and temperature all seemed to have some 

effect.  

There was a problem discovered when analysing the boxplots in Figure 46 to Figure 48. It 

looked like most of the time there had been no sales of this product. The sales are mostly in 

June to September and Fridays to Sundays. Pay-out does not seem to have effect on sales and 

neither does the new credit period.  

Figure 49, shows that there is a long period early in the sample that has no sale. This could 

have effect on the model but it is reasonable to try out the regression model including months, 

days, seasons, and maximum temperature.  

 

Figure 46: Box plots of sold units of coals, categorised by months (left) and categorised by days (right). 
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Figure 47: Box plots of sold units of coals, categorised by seasons (left) and categorised by pay-out (right). 

 

Figure 48: Box plot of sold units of coals, categorised by new credit period. 

 

Figure 49: Sales of coals over the time period.  

Cake 

Table 3 showed that out of the weather variables there was most decisive correlation between 

sunshine hours and sales of cake. Other weather variables seemed to have a negligible effect 

on sales. That indicated that the sunshine hours should be included in the model.  

There was a variations in sales between months and between seasons (Figure 50) which 

indicated that those variables might have effect on the forecast and the model. There was less 

variation when sales were categorised by days (Figure 51) but few outliers and more variation 

in correlation coefficient than compared to other products implied that it should be included in 

the model.  
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Pay-out seemed to have less variance (Figure 52) than months and days, the mean was nearly 

the same between pay-out days and non-pay-out days. Low correlation coefficient, few 

outliers, and similar average also supported the decision that this variable was considered 

inappropriate to the model. New credit period (Figure 52) was similar to the pay-out variable, 

considered inappropriate to the model because of low variance, low correlation and lower 

maximum on new credit periods.  

 

Figure 50: Box plots of sold units of cake, categorised by months (left) and categorised by seasons (right). 

 

Figure 51: Box plot of sold units of a cake, categorised by days. 

 

Figure 52: Box plots of sold units of cake, categorised by pay-out (left) and categorised by new credit period 

(right). 

Windscreen Washer Fluid 

Table 3 showed that out of the weather variables there was most decisive correlation between 

maximum temperature and sales of windscreen washer fluid. Temperature and sunshine hours 
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seemed to be the most relevant variables, other variables seemed to have a negligible effect on 

sales. That indicated that the temperature and sunshine hours should be included in the model.  

There was a variations in sales between months and between seasons (Figure 53) which 

indicated that those variables should be included in the model. There were less variation when 

sales were categorised by days (Figure 54). A closer look at the data indicated that outliers 

were due to weather conditions; many days of frost, one of the first frosts of autumn, intense 

rainfall and thawed after many cold days were the main reasons. Due to the small variation, 

many outliers suggesting impacts from weather, and low correlation coefficients, days were 

not included in the model.   

Pay-out seemed to have less variance (Figure 54) than months and seasons. The maximum 

was higher for pay-out days so it might have some impact on the model, but considering more 

outliers for non-pay-out days and the relatively low difference it indicated that there was 

something else that had a lot more influence on the model. Looking closer at the data did not 

show any noticeable higher sales at beginning of each month. Due to all that and a low 

correlation coefficient pay-out was not included in the model.  

New credit period (Figure 55) was similar to the pay-out variable, even less significant to the 

model. That is because the maximum is even lower on new credit period. This variable was 

considered inappropriate to this model.  

 

Figure 53: Box plots of sold units of windscreen washer fluid, categorised by months (left) and categorised by 

seasons (right). 
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Figure 54: Box plots of windscreen washer fluid, categorised by days (left) and categorised by pay-out (right). 

 

Figure 55: Box plot of sold units of windscreen washer fluid, categorised by new credit period. 

Anti-freeze 

Table 3 showed that out of the weather variables there was most decisive correlation between 

temperature and sales of anti-freeze. Other weather variables seemed to have a negligible 

effect on sales. That indicated that the temperature should be included in the model.  

There were variations in sales between months and between seasons (Figure 56) which 

indicated that those variables might have effect on the forecast and the model. There was less 

when sales were categorised by days (Figure 57). Observation showed that outliers were often 

due to weather conditions that would affect sales of anti-freeze, e.g. frost, cold weather for 

many days and so on. Due to small variation, many outliers, and low correlation coefficients, 

days were not included in the model.   

Pay-out seemed to have low correlation to sales of anti-freeze. The variance was very small 

(Figure 57), average for pay-out days and non-pay-out days was almost the same and 

examination of outliers suggested that all of the outliers on pay-out dates were days with very 

cold weather. All of this indicated that pay-out should not be included.  

New credit period (Figure 58) was similar to the pay-out variable, even less significant to the 

model. That was because the correlation coefficient is low, the maximum was slightly lower 
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on new credit period and the box plot indicates little variance between new credit period days 

and others. New credit period was considered inappropriate to the model.  

 

Figure 56: Box plots of sold units of anti-freeze, categorised by months (left) and categorised by seasons (right). 

 

Figure 57: Box plots of sold units of anti-freeze, categorised by days (left) and categorised by pay-out (right). 

 

Figure 58: Box plot of sold units of anti-freeze, categorised by new credit period. 
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Appendix C 

This appendix includes plots of data vs time, histogram of data and scatter plots. Also it 

includes plots of sales versus the weather variable with the highest correlation.  

Windscreen Wipers 

 

Figure 59: Visual representation of the data for windscreen wipers. 

 

Figure 60: Plot of sunshine hours and sales of windscreen wipers. 

Cigarettes 
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Figure 61: Visual representation of the data for cigarettes. 

 

Figure 62: Plot of average temperature and sales of cigarettes. 

Soda 

 

Figure 63: Visual representation of the data for soda. 

 

Figure 64: Plot of maximum temperature and sales of soda. 
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Popsicles 

 

Figure 65: Visual representation of the data for popsicles. 

 

Figure 66: Plot of sunshine hours and sales of popsicles. 

Coals 

 

Figure 67: Visual representation of the data for coals. 
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Figure 68: Plot of maximum temperature and sales of coals. 

Cake 

 

Figure 69: Visual representation of the data for cake. 

 

Figure 70: Plot of minimum temperature and sales of cake. 
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Windscreen Washer Fluid 

 

Figure 71: Visual representation of the data for windscreen washer fluid. 

 

Figure 72: Plot of maximum temperature and sales of windscreen washer fluid. 

Anti-freeze 

 

Figure 73: Visual representation of the data for anti-freeze. 
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Figure 74: Plot of average temperature and sales of anti-freeze. 
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Appendix D 

This appendix shows results of the regression models that were selected as the best model for 

each product.  

Windscreen Wipers  

Regression model 1 for windscreen wipers:  

𝑌 =  𝛽0 + 𝛽1𝑊𝐴𝑅 +  𝛽2𝑊𝑆 + 𝛽3𝑀1 + 𝛽4𝑀2 + 𝛽5𝑀4 + ⋯ + 𝛽13𝑀12 + 𝛽14𝐷2 + ⋯ + 𝛽19𝐷7 + 𝛽20𝑃                          

(16) 

The results: 

 

Figure 75: Result of the regression model, using the whole dataset. 
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Figure 76: Result of the regression model, using dataset without outliers. 

 

Figure 77: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 1 without outliers. 

 

Figure 78: Raw residuals plotted against time. 
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Cigarettes  

Regression model 4c for cigarettes:  

𝑌 =  𝛽0 + 𝛽1𝑊𝐴𝑇 +  𝛽2𝑊𝑆 + 𝛽3𝐷1 + ⋯ + 𝛽8𝐷6 + 𝛽9𝑃 +  𝛽10𝑆1 + ⋯ +  𝛽12𝑆3                (17) 

The results:  

 

Figure 79: Result of the regression model, using the whole dataset. 

 

Figure 80: Result of the regression model, using dataset without outliers. 
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Figure 81: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 4c without outliers. 

 

Figure 82: Raw residuals plotted against time. 

Soda 

Regression model 1 for soda:  

𝑌 =  𝛽0 + 𝛽1𝑊𝐴𝑅 +  𝛽2𝑊𝑀𝑎𝑇 + 𝛽3𝑊𝑆 +  𝛽4𝑀1 + ⋯ + 𝛽10𝑀7 + 𝛽11𝑀9 + ⋯ + 𝛽14𝑀12                  (18) 

The results:  
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Figure 83: Result of the regression model, using the whole dataset. 

 

Figure 84: Result of the regression model, using dataset without outliers. 
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Figure 85: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 1 without outliers. 

 

Figure 86: Raw residuals plotted against time. 

Popsicle 

Regression model 2 for popsicles:  

𝑌 =  𝛽0 + 𝛽1𝑊𝐴𝑅 +  𝛽2𝑊𝑆 + 𝛽3𝐷1 + ⋯ + 𝛽8𝐷6 +  𝛽9𝑆1 + 𝛽10𝑆2 +  𝛽11𝑆4 + 𝛽12𝑇                        (19) 

The results:  
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Figure 87: Result of the regression model, using the whole dataset. 

 

Figure 88: Result of the regression model, using dataset without outliers. 
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Figure 89: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 2 without outliers. 

 

Figure 90: Raw residuals plotted against time. 

Coals 

The error estimates for all of the regression models, before removing the period when there 

was a shortage of coals, can be seen in the following tables:  

 

Table 55: Error estimates of the results of regression model 1 for coals. 

 

Table 56: Error estimates of the results of regression models 2 and 3 for coals. 
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Table 57: Error estimates of the results of regression model 4, including months. 

  

Table 58: Error estimates of the results of regression model 4, including seasons. 

Regression model 4b for coals:  

𝑌 =  𝛽0 + 𝛽1𝑊𝑀𝑎𝑇 + 𝛽2𝑊𝑆 + 𝛽3𝐷1 + ⋯ + 𝛽6𝐷4 + 𝛽7𝐷6 + 𝛽8𝐷7                                                     (20) 

The results:  

 

Figure 91: Result of the regression model, using the whole dataset. 

 

Figure 92: Result of the regression model, using dataset without outliers. 
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Figure 93: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 4b without outliers. 

 

Figure 94: Raw residuals plotted against time. 

Cake 

Regression model 4a for cake:  

𝑌 =  𝛽0 + 𝛽1𝑊𝑆 + 𝛽2𝑀1 + ⋯ + 𝛽12𝑀11 +  𝛽13𝐷1 + ⋯ +  𝛽18𝐷6                                                         (21) 

The results:  
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Figure 95: Result of the regression model, using the whole dataset. 

 

Figure 96: Result of the regression model, using dataset without outliers. 
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Figure 97: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 4a without outliers. 

 

Figure 98: Raw residuals plotted against time. 

Windscreen Washer Fluid 

Regression model 4a for windscreen washer fluid:  

𝑌 =  𝛽0 + 𝛽1𝑊𝑀𝑎𝑇 + 𝛽2𝑊𝑆 +  𝛽3𝑀1 + ⋯ + 𝛽9𝑀7 + 𝛽10𝑀9 + ⋯ + 𝛽13𝑀12                                         (22) 

The results:  
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Figure 99: Result of the regression model, using the whole dataset. 

 

Figure 100: Result of the regression model, using dataset without outliers. 
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Figure 101: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 4a without outliers. 

 

Figure 102: Raw residuals plotted against time. 

Anti-freeze 

Regression model 4a for anti-freeze:  

𝑌 =  𝛽0 + 𝛽1𝑊𝐴𝑇 + 𝛽2𝑊𝑆 + 𝛽3𝑀1 + ⋯ + 𝛽10𝑀8 + 𝛽11𝑀10 + ⋯ + 𝛽13𝑀12                                        (23) 

The results:  
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Figure 103: Result of the regression model, using the whole dataset. 

 

Figure 104: Result of the regression model, using dataset without outliers. 
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Figure 105: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of model 4a without outliers. 

 

Figure 106: Raw residuals plotted against time. 
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Appendix E 

The results from using multiple regression models with weather events.  

Windscreen Wipers 

Regression model 1 with weather events for windscreen wipers:  

𝑌 =  𝛽0 + 𝛽1𝐴𝑅2 + 𝛽2𝐴𝑅3 + 𝛽3𝐴𝑅4 + 𝛽4𝐴𝑅5 +  𝛽5𝑆𝐻4 + 𝛽6𝑆𝐻2 + 𝛽7𝑆𝐻3 +  𝛽8𝑀1 + 𝛽9𝑀2 +

𝛽10𝑀4 … + 𝛽18𝑀12 + 𝛽19𝐷2 + ⋯ + 𝛽24𝐷7 + 𝛽25𝑃                                                                         (24) 

The results:  

 

Figure 107: Result of the regression model with weather events, using the whole dataset. 
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Figure 108: Result of the regression model with weather events, using dataset without outliers. 

 

Figure 109: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 110: Raw residuals plotted against time. 
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Cigarettes 

Regression model 4c with weather events for cigarettes:  

𝑌 =  𝛽0 + 𝛽1𝐴𝑇5 + 𝛽2𝐴𝑇4 + 𝛽3𝐴𝑇2 + 𝛽4𝐴𝑇1 +  𝛽5𝑆𝐻2 + ⋯ + 𝛽7𝑆𝐻4 + 𝛽8𝐷1 + ⋯ +

𝛽13𝐷6 + 𝛽14𝑃 + 𝛽15𝑆1 + ⋯ + 𝛽17𝑆3                                                                                            (25) 

The results:  

 

 

Figure 111: Result of the regression model with weather events, using the whole dataset. 
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Figure 112: Result of the regression model with weather events, using dataset without outliers. 

 

Figure 113: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers.  

 

Figure 114: Raw residuals plotted against time. 

Soda 

Regression model 1 with weather events for soda:  

𝑌 =  𝛽0 + 𝛽1𝐴𝑅2 + ⋯ + 𝛽4𝐴𝑅5 +  𝛽5𝑀𝑇1 + 𝛽6𝑀𝑇2 + 𝛽7𝑀𝑇4 + 𝛽8𝑀𝑇5 + 𝛽9𝑆𝐻2 + ⋯ + 𝛽11𝑆𝐻4 +

 𝛽12𝑀1 + ⋯ + 𝛽18𝑀7 + 𝛽19𝑀9 + ⋯ + 𝛽22𝑀12                                                                                                   (26) 

The results:  
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Figure 115: Result of the regression model with weather events, using the whole dataset. 

 

Figure 116: Result of the regression model with weather events, using dataset without outliers. 
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Figure 117: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 118: Raw residuals plotted against time. 

Popsicle 

Regression model 2 with weather events for popsicles:  

𝑌 =  𝛽0 + 𝛽1𝐴𝑅2 + ⋯ + 𝛽4𝐴𝑅5 +  𝛽5𝑆𝐻2 + ⋯ + 𝛽7𝑆𝐻4 + 𝛽8𝐷1 + ⋯ + 𝛽13𝐷6 +  𝛽14𝑆1 + 𝛽15𝑆2 +

 𝛽16𝑆4 + 𝛽17𝑇                                                                                                                                                    (27) 

The results:  
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Figure 119: Result of the regression model with weather events, using the whole dataset. 

 

Figure 120: Result of the regression model with weather events, using dataset without outliers. 
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Figure 121: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 122: Raw residuals plotted against time. 

Cake 

Regression model 4a with weather events for cake:  

𝑌 =  𝛽0 + 𝛽1𝑆𝐻2 + ⋯ + 𝛽3𝑆𝐻4 + 𝛽4𝑀1 + ⋯ + 𝛽14𝑀11 +  𝛽15𝐷1 + ⋯ +  𝛽20𝐷6                             (28) 

The results:  
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Figure 123: Result of the regression model with weather events, using the whole dataset. 

 

Figure 124: Result of the regression model with weather events, using dataset without outliers. 
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Figure 125: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 126: Raw residuals plotted against time. 

Windscreen Washer Fluid 

Regression model 4a with weather events for windscreen washer fluid:  

𝑌 =  𝛽0 + 𝛽1𝑀𝑇1 + 𝛽2𝑀𝑇2 + 𝛽3𝑀𝑇4 + 𝛽4𝑀𝑇5 + 𝛽5𝑆𝐻2 + ⋯ + 𝛽7𝑆𝐻4 +  𝛽8𝑀1 + ⋯ + 𝛽14𝑀7 +

𝛽15𝑀9 + ⋯ + 𝛽18𝑀12                                                                                                                                                    (29) 

The results:  



128 

 

Figure 127: Result of the regression model with weather events, using the whole dataset. 

 

Figure 128: Result of the regression model with weather events, using dataset without outliers. 
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Figure 129: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 130: Raw residuals plotted against time. 

Anti-freeze 

Regression model A, with events, for anti-freeze:  

𝑌 =  𝛽0 + 𝛽1𝐴𝑇5 + 𝛽2𝐴𝑇4 + 𝛽3𝐴𝑇2 + 𝛽4𝐴𝑇1 + 𝛽5𝑆𝐻4 + 𝛽6𝑆𝐻3 + 𝛽7𝑆𝐻2 +  𝛽8𝑀1 + ⋯ + 𝛽15𝑀8 +

𝛽16𝑀10 + ⋯ + 𝛽18𝑀12                                                                                                                                                  (30) 

The results:  
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Figure 131: Result of the regression model with weather events, using the whole dataset. 

 

Figure 132: Result of the regression model with weather events, using dataset without outliers. 
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Figure 133: Subplot 1 shows histogram of residuals and subplot 2 shows the normal probability plot of residuals, 

both are results of regression model with weather events, without outliers. 

 

Figure 134: Raw residuals plotted against time. 

 


