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Sammanfattning 

Apotek Hjärtat vill fortsätta utveckla sin e-handelssida och förbättra upphämtning 
och leverans av ordrar till kund. Click and Collect och Click and Express är två val 
för att hämta upp e-handelsordrar som finns tillgängliga om alla produkter i ordern 
finns i butik. Genom att implementera ett baklager i butiker med populära unika e-
handelsprodukter kommer alla produkter i en order oftare att finnas i butik. 
Baklagret kommer på så vis öka tillgängligheten av Click and Collect och Click and 
Express. Målen är att utföra en förstudie, samt att jämföra och hitta en bra lösning 
att implementera en modell för att uppnå målen.  

Förstudien gick ut på att analysera tidigare arbeten inom matematiska 
statistikmetoder och maskininlärningsmetoder. Den statistiska metoden utfördes 
genom det analytiska verktyget Statistical Package for the Social Sciences (SPSS) och 
Java. Maskininlärningsmetoden utvecklades med hjälp av Python och Scikit-learn 
biblioteket. Maskinlärningsmetoden utfördes genom en regressionsalgoritm som 
användes för att ta fram flera modeller för relationer mellan försäljning av kategorier 
och pollenprognoser.  

Statistiska metoden och maskininlärningsmetoden jämfördes med varandra. Båda 
gav identiska resultat men maskininlärning var mer funktionellt och enklare att 
vidareutveckla och därför valdes den metoden.  

Flera olika modeller lyckades tas fram för en del produktkategorier. De kategorier 
som inte fungerade för modellerna hade orealistiska mängder sålda varor. Dessa 
mängder kunde vara negativa eller extremt höga när okända inputs introducerades. 
Med hjälp av simulationen var det möjligt att uppskatta hur baklagret skulle öka 
tillgängligheten av Click and Collect/Express. 

Maskininlärningsmodellerna skulle behöva mer data, som kommer i framtiden, för 
att ge en mer precis prediktering mellan pollenvärden. Som slutsats är det möjligt 
att använda dem i framtiden för vissa kategorier som allergi och barnmedicin. 

Nyckelord 
e-handel, baklager, statistik, övervakad maskininlärning, linjär regression, Scikit-
learn. 

  



 
 
 
 
 

  



Abstract 

Apotek Hjärtat wants to keep developing their e-commerce website and improve 
retrieval and delivery of orders to customers. Click and Collect and Click and Express 
are two options for retrieving e-commerce orders that are available if all products in 
the order are present in the store. By implementing a back stock in the stores with 
popular e-commercial items, all products of an order will more often be present in 
the store. The back stock will in such a way increase the availability of Click and 
Collect and Click and Express. The goals for the study are to conduct a pilot study, 
compare methods and possible solutions to implement a model to reach the goals.  

The pilot study was made by studying previous works in mathematical statistics 
methods and machine learning methods. The statistical method was accomplished 
through the analytical tool Statistical Package for the Social Sciences (SPSS) and 
Java. The machine learning method was accomplished through Python and the 
Scikit-learn library. The machine learning method was performed by a regression 
algorithm that was used to find relations between category sales and pollen forecasts. 

The statistical and machine learning methods were compared to each other. Both 
gave identical results, but the machine learning method was more functional and 
easier to further develop and consequently was chosen. 

Several models were created for a few selected product categories. The categories 
that did not work for the models had an unrealistic amount of sold products. These 
amounts could be negative or extremely high when unknown inputs were 
introduced. A simulation was made of the back stock to estimate how it would 
increase the availability of Click and Collect/Click and Express. 

The machine learning models could need more data for more accurate predictions. 
A conclusion could be made though that is possible to predict the amount of sold 
products of certain categories such as Allergy and Child Medicine with pollen halt 
taken into account. 

Keywords 
e-commerce, back stock, statistics, supervised machine learning, linear regression, 
Scikit-learn. 
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1  |  INTRODUCTION 
 

1 Introduction 

1.1 Background 
Today, Apotek Hjärtat has multiple pharmacy stores and a website for e-shopping. 
When buying from the e-store there are several options available for retrieving the 
order. If all items in the order are available in a nearby store, options called Click and 
Collect and Click and Express is available which allows the user to pick up the order 
in two hours or have it delivered to their home. A lot of products are exclusively sold 
on the Apotek Hjärtats e-store and are therefore never present in the stores and not 
available for Click and Collect/Express. 

1.2 The Problems to be Assessed 
Apotek Hjärtat wants to create a back stock in the stores that holds a number of e-
store exclusive items. The items in the back stock are not meant for store sales but 
are instead meant to make orders from the e-store with e-commercial items available 
for Click and Collect/Express. The selection of items should be optimized to increase 
the total number of e-store orders where Click and Collect/Express is available as an 
option. A few methods of optimizing the selection would be to implement a method 
using machine learning or to implement an algorithm which statistically analyses the 
order data to select the items that provide an optimal number of items in the back 
stock. It is also interesting to see if outside factors affect the sales of certain categories 
each month such as pollen. 

1.3 Goals 
The goal of the thesis was to develop a solution to optimize the selection of items for 
the back stocks in Apotek Hjärtat stores. A pilot study has been carried out to develop 
a better understanding of the subject, a prototype was implemented and the result 
was analysed and evaluated. 

1.3.1 Pilot Study 

• A literature study will take place regarding previous works in the field. 

• Analyse the current method and analyse its efficiency. 

• Analyse the data provided by Apotek Hjärtat and examine its relevance, 
format and sufficiency as well as which parameters are necessary for the 
machine learning algorithm. 

• Study the possible machine learning algorithms and select the algorithm best 
suited for the task. 

• Study how the selected algorithm should be trained on the data available. 

• Study other possible solutions beside machine learning. 

1.3.2 Implementation 

• Implement different solutions with the data from Apotek Hjärtat. 

• Analyse and compare the advantages and disadvantages of the different 
solutions. 
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1.3.3 Analytics and Evaluation of the Results 

• Analyse and evaluate the result of both algorithms. 

• Recommendations for further development in the field. 

1.4 Delimitations 
The data used for the algorithm will only be selected from a few stores to keep the 
data more consistent. Only one algorithm will be implemented as it is unknown how 
the complexity of the algorithm will affect the time it takes to train it. The 
optimization will not be made for each store or clusters of stores but instead be 
general for all. Only pollen forecasts from birch trees in Stockholm, Sweden will be 
used as an external factor when examining relations to external factors and sales. 
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2 Background and Theory 

This chapter presents the theoretical background of the problem and the proposed 
solution methods. Section 2.1 introduces the use of statistics relevant to the problem. 
Section 2.2 describes statistical analysis and regression. Section 2.3 presents 
machine learning methods and different classification techniques. Lastly 2.4 
introduces previous works related to this thesis. 

2.1 Predictions and Estimations 
Two purposes can be constructed from analysing a time series of data. It can be used 
for establishing a model to fit the data and estimate the necessary parameters for the 
model. The second purpose is the use the model for identifying trends and predicting 
future data and events, explains Bosq [1]. According to him, a common approach for 
time series analysis is the BOX-JENKINS method for constructing, identifying and 
prediction of an Autoregressive Integrated Moving Average (ARIMA) model or a 
Seasonal ARIMA model (SARIMA). This method involves data preparation to 
stabilize it such as removal of obvious patterns or trends which generally enables an 
easier modeling of the data. Potential ARIMA models are identified through multiple 
graph analytics of stabilized data and parameters are estimated by finding the 
coefficient values of the model. Just like Bosq, Rojas et al. [2] echoes what he claims 
and adds that the selected model needs to be evaluated to identify if it’s deemed 
insufficient and a new model needs to be selected or if it’s possible to proceed with 
the selected model. Finally, after selecting a model, estimating and evaluating it a 
forecast of the future can be made. The ARIMA (p, d, q) model is popular among 
statistical models for time series forecasting and is expressed according to Bosq [1] 
and Rojas et al. [2] as: 

𝜙𝐵 1 − 𝐵𝑑𝑦𝑡 =  𝜃𝐵𝜀𝑡 (1) 

2.2 Statistical Analysis 
Statistics is the term for collection, organisation and analysis of data. Ali et al. [3] 
explains that a statistical analysis is done by interpreting the data and the report the 
findings and possible connections.  

Ali et al. [3] writes that the data can be in different forms such as qualitative or 
quantitative variables. Qualitative variables are data that have characteristics such 
as eye or hair color while quantitative variables can convey information such as 
height or weight. 

The authors [3] continue explaining that there are two types of quantitative data: 
discrete and continuous data. Discrete data can be numeric such as integers or 
categorical like red or blue while continuous data can exist in any kind of numeric 
value and can be in an infinite range. For example, discrete data can describe number 
of sales in a month while continuous data can describe inflation.  
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2.2.1 Population and Sample 

Population, in the context of statistics is the group of interest, explains Holcomb [4]. 
It could be huge data such as every person in a country or smaller such as clients in 
a store. If a population is huge then it’s possible to only take a smaller part from it, 
called a sample. The population is decided by the researcher and could be large or 
small depending on what their area of interest is. 

2.2.2 Descriptive Statistics 

Holcomb [4] describes descriptive statistics as a way to define relationships between 
variables in data samples or populations. It results in a summary of the data in the 
forms of mean, median and mode in form of numerical calculations or tables and 
graphs. The summarization is especially useful when it summarizes a large amount 
of data because it helps with the management of data and present it in a summary 
table.  

2.2.3 Inferential Statistics 

Inferential statistics, according to Holcomb [4], is the opposite of descriptive and 
only uses a random sample of data taken from a population to define relationships 
and make conclusions about the whole population. This uses more complex 
mathematical solutions to infer and predict. Inferential statistics is not used when 
the whole population is used for analysation. Because inferential statistics does not 
use the whole population, a margin of error is introduced with the result. In general, 
a smaller sample leads to a bigger margin of error. 

2.2.4 Mean, Mode and Median 

There are different ways to calculate and interpret average and the most common 
way is to calculate the mean. The mean is calculated by taking the sum of the scores 
and divide it by the number of scores. 

1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

=
𝑥1 + 𝑥2 + 𝑥3 … + 𝑥𝑖

𝑛
(2) 

In statistics, according to Witte [5], there are two different means to distinguish 
depending on if the whole population or a sample was used for the analysis: 
population mean and sample mean. Population mean is usually denoted as µ and 
sample mean is denoted as x̅ though they are both calculated the same way. 

Mode is the most frequently occuring value that exists in a sample or population. It 
is the most prevalent and typical value. For organised data, getting the mode is quite 
easy but if it’s unorganised then it might take some counting [5]. 

It is possible that there exist more modes or no modes at all in a distribution. A 
distribution that has two modes is called bimodal and multimodal when its more 
than two.  
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Median represents the value right in the middle of a sample or population when its 
ordered from lowest to highest. But if there is no middle value, such as when the total 
number of scores is even then the median is the average of the two middle values.  

2.2.5 Normal Distribution 

In statistics, if someone were to pick a sample randomly from a population a number 
of times the chances are the average of that sample would be close to the average of 
the population, claims Witte [5]. If those averages would be shown on a graph, then 
it would resemble something of a bell where the top of the bell would be the average 
of that population. The bell-shaped curve is called the normal curve and represents 
normal distribution. For a normal curve the value of mean, median and mode are 
typically very close or even the same, see Figure 2.1. 

 

Figure 2.1 Normal distribution. Bell curve for frequency and weight of random sample of men. Data taken from 
UCLA[6]. 

2.2.6 Positive, Negative and no Relationships 

An important aspect of statistical analysis is to find the relationships between the 
variables of the data, explains Witte [5]. The relationship between these variables 
can be classified by three types: positive, negative and none. If the relationship 
between two variables is positive, then it means that when one variable grows the 
other grows as well. This can be identified when high numbers are paired with other 
high numbers of those variables, see Figure 2.2. If the relationship is negative when 
one variable grows then the other variable shrinks. It is typically seen when low 
numbers are paired with high numbers. No relationship is self-describing i.e there 
exists no relationship between the variables, claims Witte [5]. 
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Figure 2.2 Scatterplot of weight vs height for men. Data taken from UCLA [6]. 

2.2.7 Correlation Coefficient r 

The correlation coefficient r is a number between -1.00 and 1.00, independent of unit 
measures and describes two things: the type of relationship between variables and 
how strong or how good the model fits the data. If the number is positive then it is a 
positive relationship and vice versa, writes Witte [5]. Another perspective is the 
correlation coefficient r describes how close the dot of clusters resembles a straight 
line, with -1.00 and +1.00 being perfectly straight. To calculate the correlation 
coefficient r, the following formulas are used: 

𝑆𝑆𝑥 = ∑(𝑋 − �̅�)2 (3) 

𝑆𝑆𝑦 = ∑(𝑌 − �̅�)2  (4) 

𝑆𝑃𝑥𝑦 = ∑(𝑋 − �̅�)(𝑌 − �̅�) (5) 

𝑟 =  
𝑆𝑃𝑥𝑦

√𝑆𝑆𝑥𝑆𝑆𝑦

(6) 

where 𝑆𝑆𝑥 and 𝑆𝑆𝑦 is the sum of the squared deviation of variable x and y and 𝑆𝑃𝑥𝑦 

the product between the deviation of x and y. There is only one part that affects if the 
coefficient is positive or negative and that is 𝑆𝑃𝑥𝑦. Not only does it decide the type of 

relationship it also decides the strength where the size 𝑆𝑃𝑥𝑦 leads to higher value. 

2.2.8 Regression Analysis 

Hartshorn [7] claims that if there is a relationship between two variables then a 
prediction can be made using this information. By using the description of the 
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relationship between variable x and y in a population it is possible to predict an x 
and y-value that does not exist in the population using a so-called regression line. A 
regression line is a fitted line depending on the variables on the scatterplot, see 
Figure 2.2. He [7] then continues explaining that for a perfect relationship, a 
regression line would go straight through all the dots and if it cannot then it will 
compromise. There are different types of regression lines and one of them is called 
least squared regression line and is done by calculating the least total squared 
predictive error in a plot, see equation 7. 

𝑌′ = 𝑏𝑋 + 𝑎 (7) 

𝑌′ is the predicted value and 𝑋 is the known value in the population. The variable 𝑏 
can be calculated from: 

𝑏 = 𝑟√
𝑆𝑆𝑦

𝑆𝑆𝑥

(8) 

where 𝑟 can be calculated from equation 6, 𝑆𝑆𝑥 and 𝑆𝑆𝑦 from equation 3 and 4, 

respectively. The variable 𝑎 can be solved using the equation 9: 

𝑎 = �̅� −  𝑏�̅� (9) 

where �̅� and �̅� are the sample values for all of  �̅� and �̅�. 

2.2.8.1 Root Mean Squared Error 

Although least squares equation minimizes the predictive error it does not mean it is 
completely gone. Because of the imperfect relationship between the variables, using 
these variables to predict other values will not be perfect and errors will still exist. 
That is why it is important to estimate the errors of future predictions and the smaller 
this estimated error is the better the prediction is [7]. 

The estimation of error, often depicted as 𝑠𝑦|𝑥 or RMSE can be calculated from: 

𝑠𝑦|𝑥 = √
𝑆𝑆𝑦|𝑥

𝑛 − 2
= √

∑(𝑌 − 𝑌′)2

𝑛 − 2
(10) 

where 𝑆𝑆𝑦|𝑥 represents the square of the sum of 𝑌 − 𝑌′, the predictive errors. The 

denominator 𝑛 − 2 represents the loss of two degrees of freedom because a line is 
made by coinciding with two data points. 

2.2.8.2  Coefficient of Determination r2 

The coefficient of determination r2 is the square value of correlation coefficient r. 
While the correlation coefficient determines the linear relationship between two 
variables, r2 determines the how much better the regression line fits the data than a 
simple horizontal line through the mean of the data. The strength can be interpreted 
how close to -1.00 or +1.00 the coefficient is, with +1.00 or -1.00 being a perfect 
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relationship, meaning zero error in the regression analysis. A rule of thumb is that 
anything over 0.8 is a strong relationship while anything under 0.5 is a weak 
relationship. This varies depending on the type of data. As shown in Figure 2.2 the 
correlation coefficient r2 is 0.281 meaning it is a positive relationship but not that 
strong which could imply there are more factors affecting the weight other than 
height, as stated by Witte [5] and Hartshorn [7]. 

2.2.8.3 Expected Value 

Expected value is the value that can be expected when the probability distribution of 
the variable is taken into account, according to Gordon [8]. Gordon explains that 
each possible value of the variable is weighted by the probability. A value with high 
probability gets a high weight and a value with low probability gets a low weight. The 
formula for calculating the expected value is: 

∑ 𝑥𝑖𝑝𝑖

𝑘

𝑖=1

(11) 

where 𝑥𝑖 is the variable taken into account and 𝑝𝑖 is the probability of each variable. 

2.3 Machine Learning 
In his book Introduction to Machine Learning, Alpaydins [9] starts with stating that 
actions generate and consumes data. Data generation can happen when a website 
has been accessed, a product been ordered, or post been written on a blog etc. These 
data can be used by machine learning to predict future events.  

Actions and events may seem random but there are still connections that can be 
figured out. If a person buys bread from the supermarket there is a chance they also 
might buy butter. Alpaydins [9] explains that patterns that are not as obvious as this 
can be discovered with the help of algorithms. An algorithm takes an input and 
transforms it into an output. An example would be classifying spam emails. In this 
case the email is the input and “yes/no” if the email is spam is the output. But the 
question is how does the transformation happen? How can it tell if the email is spam 
or not? 

If the knowledge is lacking then it can be compensated by large amount of data, in 
this case data of normal and spam emails. To create an algorithm that can figure out 
the rules that distinguishes between email and spam email, the data is used to train 
the algorithm which in turn discovers patterns between emails and spam emails.  

Machine learning has been used in a lot of different studies and areas, such as where 
machine learning was used for cancer prediction and prognosis, a study done by 
Kourou et al. [10]. While this might seem like a different kind of topic, the way the 
executions are made is similar. By feeding the algorithm with input such as clinical 
variables and historical parameters, a model can be created to be used to predict 
cancer based on a patient's medical history, tests and even their family's history 
according to their study [10]. 
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2.3.1 Supervised Machine Learning 

The process of supervised learning is described by Hastie et al. [11] as a large set of 
input data and correctly labelled output of said data. By giving input data to a 
classifier with the labelled output, the classifier will learn the correct output over 
time by modifying its algorithm. A property within the system allows the system to 
modify the relationship between inputs and outputs in the algorithm. By modifying 
the relationship, the algorithm can start to match its outputs with the labelled 
outputs to match the factual relationship between the inputs and outputs. This is 
known as learning by example and after the training of the algorithm is done the 
hope is that it could predict the correct label for future unknown input data, a claim 
made by not only Hestie [11] but also Kotsiantis [12] and Pereira and Botvinick [13]. 
A classifier is a function that uses the values of an input to predict what class it 
belongs to, it finds the relationship between the features of the input and the label 
similar to: 

𝑦 = 𝑓(𝑥) (12) 

By running the feature 𝑥 through the classifier 𝑓, the output 𝑦 is given. The idea 
behind the classifier is that if the classifier can correctly identify the relationship, it 
could accurately predict the output of an input it has not seen before. A few 
techniques for classification have been developed for supervised learning based on 
AI and statistics explains Pereira and Botvinick [13]. 

2.3.1.1 Logic Based Classifiers 

Decision trees are used to classify an input by sorting them based on the values of 
the features. Each node in the tree represents a feature and each corresponding 
branch for the node represents the values that the feature can have and the input 
gets sorted as it passes through the tree. If two or more decision trees provide the 
same accuracy for the same kind of tests, the tree with fewer nodes is preferred 
because less decisions have to be made, according to Kotsiantis [12]. 

A decision tree can logically be transformed into a set of rules where each branch 
from a node can be seen as a separate rule. These rules can be represented as a 
disjunctive normal form (DNF) and can be described as: 

(𝑋1 ∧ 𝑋2 ∧. .∧ 𝑋𝑛) ∨ (𝑋𝑛+1 ∧ 𝑋𝑛+2 ∧. .∧ 𝑋2𝑛) ∨. .∨ (𝑋(𝑘−1)𝑛+1 ∧ 𝑋(𝑘−1)𝑛+2 ∧. .∧ 𝑋𝑘𝑛) (13) 

where 𝑘 describes the number of disjunctions, 𝑛 is the number of conjunctions in 
every disjunction. 𝑋𝑛 is defined over the alphabet such as: 

𝑋1, 𝑋2, … , 𝑋𝑗 ∪ ~𝑋1, ~𝑋2, … , ~𝑋𝑗 (14) 

2.3.1.2 Perceptron Based Classifiers 

Perceptron techniques, according to Kotsiantis [12] can be characterised as if 𝑥1 − 𝑥𝑛 
are inputs and 𝑤1 − 𝑤𝑛 are prediction vectors typically in the interval [-1.00, 1.00]. 
The perception algorithm computes the sum of the input as: 
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∑ 𝑥𝑖𝑤𝑖

𝑖

(15) 

If the sum is above an assigned threshold the output is 1, else 0. Normally a 
perceptron algorithm is taught by repeatedly running the same batch of training data 
through it until it finds a correct training vector. The rule is then tested of the test set 
of data. Perceptrons are not able to properly classify instances if they are not linearly 
separable, to try and solve this issue artificial neural networks have been created, 
states Kotsiantis [12]. He continues by stating a neural network is built up by neurons 
in multiple layers, often separated into three classes, input, output and hidden. The 
network is mapped and trained on a set of training data and the connections between 
neurons are fixed and weighted. The general issue with neural network is to 
accurately determine the optimal number of neurons in the hidden layer. Too few 
neurons can lead to poor approximation and too many can lead to overfitting and 
make optimisation more difficult. He [12] finishes by stating the weight of each 
connection starts with a random value and is adjusted during the training to bring 
the current output closer to the desired output, a fact that Hastie [14] also agrees 
with. 

2.3.1.3 Statistical Learning Classifiers 

According to Kotsiantis [12], all statistical algorithms have an underlying probability 
model. As an example of a statistical algorithm he mentions the bayesian network. It 
describes the probability relationships between a set of variables as a graphical 
model via a directed acyclic graph (DAG). The nodes in the structure share a one-to-
one relationship with the features 𝑋, arcs between nodes represents influences 
among features while a lack of arcs represents conditional independencies. Nodes 
are conditionally independent from their non-descendants in a relationship 
represented in Equation 16: 

𝑃(𝑋1|𝑋2, 𝑋3) = 𝑃(𝑋1, 𝑋3) (16) 

Kostiantis [12] explains that 𝑋1 is conditionally independent from 𝑋2 when 𝑋3 is 
present according to the conditionally independence relationship for all given values 
of 𝑋. The type structure in a bayesian network can either be a known or an unknown 
structure, in the known structure an expert will define the structure which is 
assumed to be correct. The parameters are estimated from the data provided to 
create a Conditional Probability Table (CPT) for each node which defines the 
conditional probability distribution given the values of the parent nodes. For the 
unknown structure a possible method is to use a scoring function to fit the network 
to the training data, evaluate it and find the best possible network to the score. An 
advantage with a bayesian classifier is a short computational training time. 

2.3.1.4 Regression 

According to Bishop [15], regression is a form of supervised learning where the aim 
is to predict the value of one or more target variables t given the value of a D-
dimensional vector x of input variables. The polynomial is an example of a linear 
regression model which have a common property of being linear functions of 
adjustable parameters. Bishop [16] further explains that if the desired output is one 
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or more continuous variables the task is called regression. A data set is exploited in 
order to find the underlying function to make predictions for new values. This is a 
difficult task due to having to generalize a finite data set corrupted with noise. A 
polynomial function can be described as: 

𝑦(𝑥, 𝑤) =  𝑤0 + 𝑤1𝑥 +  𝑤2𝑥2+. . +𝑤𝑀𝑥𝑀  =  ∑ 𝑤𝑗𝑥𝑗

𝑀

𝑗=0

(17) 

where the polynomial coefficients are denoted from the vector 𝑤 and 𝑦(𝑥, 𝑤) is a 
nonlinear function of 𝑥 but a linear function of the coefficient 𝑤. The values of the 
coefficients are determined by fitting the polynomial model to the training data. The 
fitting of the model is done by measuring misfit of the function through an error 
model and then minimizing it. Lastly Bishop [15] explains that to make a prediction 
from a new value, generally a predictive distribution model is made to express the 
uncertainty of the value. From the conditional distribution it’s possible to make 
predictions in such a way as to minimize the expected value of a suitable function. 

2.3.2 Reinforcement Learning 

The concept of reinforcement learning (RL) according to Doya [17] and Mnih et al. 
[18] is to allow an agent to explore a simulation through actions and reward it based 
on the state and action of the new state in the simulation. The standard theory for 
RL is defined as Markov decision process (MDP), the action will determine the 
probability of the state transition as P (new state|state, action). The reward 
probability is defined as P (reward|state, action) also known as the Actor-Critic 
method. As the actions may not only affect the reward given, they also determine the 
next state in the simulation, this leads to actions affecting the possible future 
rewards. Likewise, the reward from an action may come from a past series of actions. 
The issue is to determine which action lead to the reward in the series of actions 
taken. The main focus of the agent is to learn which actions maximizes the possible 
reward. 

Another method for RL is known as Q-learning where an action is evaluated at the 
current state by analysing the action value it will yield. All the action values can be 
analysed for a state-action pair through a recursive function and the action that 
maximizes the action value can be selected explains Doya [17]. 

2.4 Previous Works 
In a previous study by Ian Xiao [19] a method for increasing the rebalancing of bikes 
between dispatchers and field agents was carried out. The goal was to reduce the 
bottleneck that rebalancing creates for transportation services. It was achieved by 
applying a Deep reinforcement learning algorithm on simulations and giving it 
rewards based on the availability of bikes in each stock at every hour. By running 
100,000 simulations and training the algorithm, Xiao [19] could increase the 
availability of bikes when needed in each stock by 350%.  

Mohapatra et al. [20] conducted a study in 2017 where they used 100 years of 
meteorological data to predict rainfall with the help of machine learning. They used 
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the linear regression algorithm with the help of Scikit-learn. Faree, Wang and Li [21] 
used machine learning to determine the grain storage quality under certain 
conditions and they also used linear regression with Scikit-learn. 
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3 Method 

This chapter will summarize the chosen methods of implementation and tools used 
to reach the goals defined in section 1.3. Since there are most likely different ways to 
create various models to predict the backstock, a pilot study was carried out to 
examine previous works to understand their reasoning and choices. Section 3.1 will 
describe the methods used for conducting the pilot study. The data received from 
Apotek Hjärtat had some irrelevant information and attributes. Section 3.2 will 
present the data available from Apotek Hjärtat and how it was processed to be useful 
this thesis. Section 3.3 and 3.4 presents the recommended solutions from the pilot 
study. It will describe the tooling and libraries used to reach the goals of this thesis, 
how they were used, how the interpretation of the result was done and reasonings of 
why some other methods was not used. 

3.1 Pilot Study 
The pilot study was conducted to research methods of prediction and to find suitable 
methods for implementing an algorithm. A study was found by Xiao [19] to build a 
better understanding of the practical aspects of machine learning and a study by 
Mohapatra et al. [20] was used to learn more about linear regression and the tools 
to use it. The current method at Apotek Hjärtat was evaluated through a simulation 
to find how frequently orders are available for Click and Collect/Express later 
described in 4.1 Back stock simulation. However, the data had no field to express if 
the order had Click and Collect/Express selected as the retrieval option. 

The parameters in the data were relevant and sufficient for the algorithms but the 
amount of data was too small to make accurate predictions. Through the literature 
study it was concluded that supervised machine learning was the way to go and by 
analyzing Mohapatra et al. [20] and comparing it to the thesis it was determined that 
regression was the method to use within supervised machine learning.  

To train the selected algorithm is was decided that the data should be divided into 
months and the number of sold products within each category should be bundled 
into one number. By inputting the number for each category with the pollen forecast 
to the previous month the hope was that the regression would find a relation between 
pollen density and sales of some categories.  

3.2 Data Collection 
Two tables of data sets were provided by Apotek Hjärtat.  

Table 3.1 Columns of store items data 

Id UPC Name Category 
 

Table 3.2 Columns of sale order data 

Receipt 

Number 

Product Purchase Amount Item Quantity Postal Code Date 
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Table 3.1 describes the first data table given over several spreadsheets which 
contained items available in 5 stores in different sizes and e-commercial items. The 
data in Table 3.1 describes an item with an ID, UPC (Universal Product Code), name 
and a category. Table 3.2 describes the order purchases, which contained orders 
from 2017 to 2019, the receipt number links together rows of the same order. Product 
references items from Table 3.1, purchase amount is the total cost for the row and an 
item quantity to illustrate the number of items bought. A postal code is available for 
which store the order is addressed to with a date when it was ordered. The goal was 
to find the most frequent items without regard to price and profit for Apotek Hjärtat, 
hence Purchase Amount and Item Quantity was not relevant for the statistical 
analysis or the machine learning method. The Purchase Amount was used for 
filtering out free products before the processing of data. 

3.3 Statistical Methodology 
From a previous work about statistical tools by Ali et al. [3] five softwares and tools 
were recommended:  

• Statistical Package for the Social Sciences (SPSS) by IBM  

• Statistical Analysis System (SAS) – by SAS Institute North Carolina 

• Microsoft Excel by Microsoft 

• Minitab by Minitab Inc 

• Programming Language R by Ross Ihaka and Robert Gentleman 

Out of these five, three were available for free to use by students of KTH: Microsoft 
Excel, SPSS and the programming language R. Licenses for Microsoft Excel and 
SPSS were available from KTH and R is an open source programming language used 
for statistics, according to their own website [22]. Since SAS and Minitab is 
commercial use only, these two options were ruled out. SPSS was chosen because it 
is a more powerful and easier to use tool than Excel because of its interface and 
functions. SPSS was also chosen over R because according to Ungureanu [23] it takes 
time to learn its syntaxes and which packages to download and use. He also states 
while R is more powerful and flexible than SPSS but if it becomes too hard to use it 
is meaningless. SPSS also supports R with a plugin, so anything that can be done in 
R can be done in SPSS, which Dalzell [24] explains. 

3.3.1 SPSS 

SPSS was used to analyse the frequencies of each product. An analysis was first done 
for the whole year to see which products were the most popular ones. This 
information was however misleading since the products could vary heavily 
depending on the month. Instead another analysis was done to separate the sold 
products per month. Later it was recognized that products would be added and 
removed frequently so it was decided that an analysis on the categories would be the 
best solution. 

3.3.2 Back Stock 

A simulation of the back stock was made to make an estimate of how a real back stock 
would increase Click and Collect/Express availability on orders and to estimate 
when it stops being efficient to add more items to the back stock. Java was chosen as 
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a programming language for creating the simulation. Java was chosen as the authors 
had previous experience with the language and no particular feature of other 
programming language was sought after.  

Excel was used to pre-process the data from Table 3.1 and Table 3.2 to sort and 
remove unnecessary columns before it was later processed in Java. Columns like 
UPC, Postal Code, Item Quantity and Purchase Amount were unnecessary for the 
simulation and removed. After several items had been selected, a simulation of a 
back stock was made to analyse how frequently Click and Collect/Express were 
available when e-commercial items were introduced to the store products.  

The simulation was made by reading the data from excel and creating a list of each 
order with a list of products. A list of all the store products were created as well as a 
list representing the back stock. By analysing if all products within an order were 
present in either the list of store products or the list of items in the back stock, the 
program can tell if the order will be available for Click and Collect/Express. By 
comparing the number of orders available for Click and Collect/Express to the total 
number of orders, a frequency of availability can be made, see appendix C. 
Subsequently the simulation was performed with zero items in the back stock to 
determine the frequency of availability of Click and Collect/Express in Apotek 
Hjärtat's current state.  

The simulation of the back stock was done over 30 iterations to determine the 
optimal number of items in the back stock. As the frequency increase less when less 
frequent items are added to the back stock, an optimal number of items could be 
estimated and chosen from the curve. 

3.4 Machine Learning Methodology 
For the machine learning method, the data provided by Apotek Hjärtat was order 
records from 2017 to 2019. A problem that was encountered was the lack of data of 
e-commercial items. The e-commercial items are relatively new to get sufficient data 
for the machine learning algorithm, two options were available. The first option was 
to fabricate and generate plausible data to train the algorithm, the second option was 
to use orders regardless of e-commercial items or not. 

In both cases, they will need an input (see equation 12) to be able to generate an 
output. Pollen was used as an input to see how it affects the sales. The pollen data, 
see appendix B, were received from Palynologiska laboratoriet, Naturhistoriska 
riksmuseet, Stockholm [25], and was measured from birch trees in Stockholm, 
Sweden. 

3.4.1 Training Data 

The selected approach for the machine learning algorithm was to use order data 
regardless of e-commercial items. This choice was made based on two main reasons; 
the first reason was that instead of observing specific products it’s more valid to 
observe the categories of products instead. The thought behind observing the 
categories is that e-commercial items are relatively new and by observing specific 
items, past data can be insufficient. However, if the most frequent categories is 
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observed for a selected month, the items for the back stock can be selected from e-
commercial items belonging to those categories. This can also be done even if e-
commercial items have not been present in the order data that was observed.  

The second reason was that external factors that affect the sales of categories were of 
interest. Factors such as pollen season and flu season will affect the sales of their 
respective categories. By observing the factors like the pollen forecast with the sales, 
a relation between the two would appear. However, if the data was instead generated, 
the generation had to be biased to certain categories each month otherwise the 
orders would be random. External factors would be needed to take into consideration 
when generating data, but the relations would then be fabricated and inaccurate. 
Using real data and observing the categories was of more use to Apotek Hjärtat 
rather than generating inaccurate data for training.  

3.4.2 Scikit-Learn 

The machine learning library used to analyze and predict is called Scikit-Learn. It 
provides different machine learning algorithms such as classification, regression and 
clustering and is designed to run with Python math libraries such as NumPy and 
SciPy [26]. Another possible library for machine learning that was considered was 
Tensorflow, however similar works like Mohapatra et al. [20] and Faree et al. [21] 
used Scikit-learn for regression algorithms. From this it was decided to use Scikit-
learn as well. 

3.4.3 Model and Expected Value 

Scikit-Learn provides numerous amounts of algorithms to use for machine learning 
but not all of them would work for this specific situation. Considering the 
requirements and what the output would have to look like, the only logical model 
would be the regression model. In this case, the regression model would take a 
number as an input (pollen data) and it would give numerous amounts of numbers 
as output (amount of products for each category). By using old pollen data with old 
order data, if there is a possible relationship between them, then theoretically it will 
be possible to create a model that can predict future sales with pollen data. 

The regression model can vary from simple such as a linear one or a more complex 
such as polynomial one. A linear model, the one that was used by both of Mohapatra 
et al. [20] and Faree et al. [21] and several polynomial models, see 2.3.1.4 was trained 
to see which one would give the most useful model for the data given and for future 
use of prediction. The correlation coefficient and RMSE calculated from the training 
data and the predicted data will be taken into consideration to determine the best 
model. 

After using the data to train five regression models, it was then possible to use the 
models for prediction. To get the expected value for each model, the mean value for 
the pollen was used as input. 
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4 Result 

This chapter will present the result of the thesis. Section 4.1 will present the result of 
the machine learning algorithm. Section 4.2 will present the testing of the models 
and section 4.3 will present expected values. 

4.1 Regression Model for Pollen with Machine Learning 
Five models were tested and fitted to see which one fit the most based on the sales of 
the month and the pollen amount of the previous month. RMSE and r2 were 
calculated to determine the best model, see Table 4.1. The models were fitted on the 
known pollen values, see appendix B, to see how well they would fit unknown pollen 
values. 

 
Table 4.1 RMSE and r2 for the linear and polynomial models. 

Name Model 1 Model 2 Model 3 Model 4 Model 5 

Polynomial 
Degree 1 2 3 4 5 

RMSE 1412.470799 698.805017 616.947196 565.766 580.2309 

r2 

0.101726 0.676019 0.756963 0.808256 0.758204 

 

The pollen forecast was used in relation to several different categories that were 
assumed to have a possible relation between sales and pollen density. The categories 
examined for a relation to the pollen forecasts were allergies, eye, cold medicine, 
face, children, pain & fever and the result is presented in Figure 4.3 and appendix A. 
To create the graphs, sales data was used from the months of May to July and the 
pollen forecast was used from April to June and measured in amount of pollen per 
cubic meter. 

Figure 4.1 Regression of Allergy category sales with relation to the pollen forecast. 
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4.2 Testing the Regression Models 
After these five models were trained on the data, testing was done to see how useful 
they would be for data that they have not seen before. Two different pollen halts were 
used: 0 - 25 000 and 0 - 50 000.  

Figure 4.4 showed a huge growth for Model 5 starting after 20 000. That model was 
removed to get a closer look on the other models because of the scaling of axis. 

Figure 4.4 Prediction for models with poly degree 1 to 5 where the pollen amount per cubic meter is between 0 

to 25 000. 

After the removal of Model 5, other than Model 4 it was still hard to distinguish the 
other models from each other, as seen on Figure 4.5. 

Figure 4.5 Prediction for models with poly degree 1 to 4 where the pollen amount per cubic meter is between 0 

to 25 000. 

After removing Model 4, it became much easier to see the other models. As shown in 
Figure 4.6, Model 2 shows a negative dip towards 0 when the pollen amount gets 
higher. 
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Figure 4.6 Prediction for models with poly degree 1 to 3 where the pollen amount per cubic meter is between 0 

to 25 000. 

Figure 4.7, where the pollen halt is up to 50 000 shows a continuous negative dip for 
Model 2 and a positive growth for Model 3 in Figure 4.12 and Figure 4.14. 

Figure 4.7 Prediction for models with poly degree 1 to 3 where the pollen amount per cubic meter is between 0 

to 50 000. 

Figure 4.8 Prediction for models with poly degree 1 and 3 where the pollen amount per cubic meter is between 

0 to 50 000. 

The rest of the test results for the other categories can be seen in appendix A. 
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4.3 Expected Values 
The expected value for the amount of sold products for each category for each model 
is shown in Table 4.2. The assumption was made that each pollen amount had an 
equal probability. 

Table 4.2 Expected value of sold products for the amount of each category for each model. 

Name Model 1 Model 2 Model 3 Model 4 Model 5 

Polynomial degree 1 2 3 4 5 

Allergy 2021 3739 3909 8958 8999 

Children 8748 14416 15150 26044 32987 

Cold Medicine 2173 3708 3686 3569 6438 

Eye 773 1295 1316 1543 2572 

Face 9871 16321 15991 15604 28383 

Pain and Fever 8533 12205 13153 14294 25199 
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5 Analysis and Discussion 

This chapter will analyse and discuss the result presented in chapter 4. Section 5.1 
discusses the simulated back stock. Section 5.2 will compare the statistical method 
to the machine learning method. Section 5.3 will analyse and discuss the machine 
learning result and lastly 5.4 will discuss social, economics, environment and ethical 
aspects. 

5.1 Examining the Simulated Back Stock 
The rate of orders where Click and Collect/Express is approximately 56% when zero 
e-commercial items were in the back stock. An interesting perspective was if free e-
commerce items were relevant to have in the back stock. From a comparison between 
a back stock that included free items and one that did not, the back stock that 
included free items yielded a 5 percentage point higher frequency in Click and 
Collect/Express at any given point than the back stock that did not. However the 
increase in availability was less than expected and since free products generate no 
profit, they were deemed not relevant. When the simulation was done with 20 items 
the frequency of Click and Collect/Express rose to 65% compared to the 56% without 
a back stock. It is important to note that while 56% of orders have Click and 
Collect/Express available as an option to retrieve the order, the number of orders 
where Click and Collect/Express is chosen as the option is far less. In the future it 
could be useful to analyse what type of products are more likely to be retrieved with 
Click and Collect/Express and choose those kind of items for the back stock. 

The back stock simulation could be improved, in its current state the simulation is 
made as a static back stock. The products in the stock are the same for the whole year 
due to time constraints and the change from year to months and products to 
categories was made after the simulation had been made. 

The list of the most frequent items that the simulation picks items from was made 
from the most frequent items over the whole year. The top selling products for any 
given month will not necessarily be the same as the top selling products for the whole 
year due to seasonal products and other factors. By using a top list for each month 
and having a back stock of interchanging products each month the rate of which 
orders have Click and Collect/Express available can only increase.  

5.2 Statistical Analysis and Machine Learning 
One of the goals was to compare possible solutions to each other in terms of 
advantages and disadvantages. The two solutions were statistical analysis and 
machine learning. 

When these two methods were compared to each other the conclusion was that they 
were almost identical in terms of result. Both statistical analysis with SPSS and 
machine learning with Scikit-Learn uses the same model, linear regression. They 
would both use RMSE, see 2.2.8.1, and r2, see 2.2.8.2, to determine accuracy and 
how well it fits the data.  
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The difference between these two was the setup and the usage of the regression 
models. When working with SPSS, a disadvantage was that the data was always 
needed for prediction while in machine learning it was possible to save the model. 
While it is possible to save the coefficients of the linear regression function from 
SPSS, when new data had to be taken into account then that old function with those 
old coefficients would not be any of use. For the model from machine learning, one 
advantage is that it could be saved and reused to retrain with new data, making it 
much more convenient to use and train with future data and make other changes. 
That’s why the machine learning route was chosen, rather than statistical analysis to 
solve the main problems in 1.2, it is superior in terms of usage when new data is 
introduced. 

5.3 Examining the Regression Models from Machine Learning 
The other goal was to find a good fitting model that could be used for future 
prediction and the way we decided was to try a numerous number of models and 
compare them to each other. The best fitting model, if only taking RMSE and r2 into 
account, seems to be polynomial degree 4, Model 4. The reason why we stopped at 
degree of 5 was because the r2 was getting lower and RMSE was getting higher, which 
means the model fits the data less than the previous one. A high r2 value and low 
RMSE is desired and the degree of Model 4 is a good fit. 

There were two data points standing out in the pollen forecast (see appendix B): the 
one at 6827 (April 2019) and the one at 18807 (May 2018). In all of the categories 
we examined, sales during April 2019 peaked the highest and the sales during May 
2018 were roughly half of that. Because of this and lack of data points between pollen 
amount of 6827 and 18807 the curve for all the categories look very similar. The 
pollen data varied greatly where the lowest was around 50 and the highest around 
18 000 and an average value of 4034.  

A source of error with the model is the huge peak value of 18 000 in May 2018, see 
appendix B. From Figure 4.3 it can be seen that the peak does not greatly increase 
the number of sales that month. The reason behind this might be because the pollen 
season started the month before which made customers stock up and the medicine 
lasts for more than a month. Because it might have lasted more than a month, 
customer did not need to buy as many items from that category in May 2018. Another 
reason why a larger number of pollen won’t indefinitely increase the sales is because 
of dosages. A higher number of pollen will not make customers increase the intake 
beyond the daily recommended dosage. 

Another goal was to analyse the result of the algorithms and that was done by testing 
the models on higher pollen amount such as 25 000, Model 4 and Model 5 showed a 
huge growth, which is natural for a polynomial function but unrealistic if applied to 
predicted sales, see Figure 4.4 and Figure 4.5. This made Model 4 and 5 undesirable 
at high pollen count (>25000). Model 2 showed that the sales goes below zero with 
higher pollen amount, which also seemed unrealistic. Since this data is only sales 
through their e-store, an argument could be made that people would rather buy the 
allergy medicine in the physical stores rather than buy through the e-store and wait 
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for a few days for the medicine to arrive. We only have one data point where the 
pollen was at such a huge amount so this could possibly just be an anomaly.  

Another test was done for pollen amount of 50 000, see Figure 4.7 just to see if there 
would be any change for the Model 2 and it still showed a negative growth while 
Model 3 showed a huge growth starting at roughly 32 000. While the numbers of 
sales seem unrealistic, we believe it will not be a problem since we will never see a 
pollen amount of 32 000 here in Stockholm. The highest amount of pollen recorded 
in Stockholm was in 1993 and that reached roughly 27 000. Pollenrapporten gave us 
data for the last 5 years and only once has it passed 10 000 and that was in May 2018. 

When the models were used to predict the other categories, they gave different 
results, see Figure A.6-A.19. For the categories of cold medicine, eye & face, all 
polynomial models gave a negative amount of sales with higher pollen amount (>10 
000). But for categories of pain & fever and children, it never went negative and 
showed similar behaviour as allergies, which could mean a possible relation between 
pollen and those categories.  

Model 1, the linear regression model that was used on previous studies, see 2.4, was 
not a good model for us. With the low correlation coefficient r2 and high RMSE, see 
Table 4.1, it was simply not useful to use to predict seen and unseen values. Still, 
since it was used on previous studies, we thought it would be useful to compare it to 
our polynomial models since that was one of the goals from the pilot study. 

One issue with all of these models is the lack of data used to train. Because of GDPR, 
Apotek Hjärtat could not provide more than 2 years of data, so there were not many 
months available for training the algorithm. Another flaw that this model has is that 
it cannot take other outside factors such as growth of the company into account. At 
the moment we are just looking at the relationship between pollen amount in the 
month before the sales and the amount of sales per month. The company could have 
just simply started selling more because it was getting more dominant. The growth 
of sales could have just happened no matter what the amount of pollen was. Other 
factors that could drive the sales could be promotions or weather conditions.  

The last goal was recommendations for further development in the field. While the 
models are not accurate it does not mean they cannot be in the future. With time 
these models could provide accurate and useful predictions when they have more 
data to train on, especially with higher amount of pollen. These models can have 
other uses besides predicting the back stock, such as if the actual amount of sold 
products does not match with the predicted amount, steps could be taken instantly 
to see what went wrong during that month.  

 

5.4 Sustainable Aspects 
E-commerce is an ever-growing area for a lot of businesses. In order to stay in the 
market and increase the competition it is important for companies to develop their 
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e-store. It is natural to have a wider choice of products since a business’ inventory 
and stock is bigger than their physical store’s capability. 

If optimizing the backstock for each category and item is possible, Apotek Hjärtat 
can get more orders which means more profit. If more orders are made, then that 
means more customers are getting what they want. More buying and selling means 
more taxes to the government which means more money for the improvement of the 
society.  

Other than the economic aspect, there is also the aspect of our nature. Using e-
commerce means less travel which means less exhaust from vehicles in general. 
Having an optimized back stock means that there would be less shipping of products 
from main inventory which leads to less emissions. The customers could also browse 
the e-store to see if the products they need are in stock rather than having to be at 
the store in person. 

With e-commerce it is also possible to make a business that only sells through the 
internet, which means no need for a physical store and only a back stock inventory.  

With e-commerce there is also the need to handle sensitive data such as transaction 
data. One positive aspect with physical stores is that it is possible to just buy using 
‘cash only’ but when using credit cards or other similar payment methods there is a 
need to handle the transaction data correctly. Leaking or mishandling this kind of 
data could lead to heavy fines or other punishments depending on country. There is 
also an ethical issue with data leaks. With data theft, hackers can do a lot of damage 
to the customers with the information they steal. Losing the customers trust is 
something every business wants to avoid. 
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6 Conclusion 

In the end the desired goals were met by implementing a regression machine 
learning algorithm with Scikit-learn. The result has showed a clear increase in sales 
in relation to pollen density to a certain degree for certain categories. Certain models 
fit certain categories better, but this can change when more data is introduced. For 
the category allergy, pain & fever and children, the seemingly best fitting model 
would be Model 3 with a RMSE value of 616.947196 and r2 value of 0.756963. While 
Model 4 had lesser RMSE and higher r2 it gave unrealistic values at certain pollen 
halts. The least fitting model would be Model 1, the model that was used in the 
previous works mentioned.  

The other tested categories gave unrealistic values, such as negative number of sales 
or an incredibly huge amount of sales and such were ruled out on the possibility of a 
relation between pollen and the amount of sales. There could be other factors 
affecting them, such as weather and climate conditions but pollen does not seem to 
be one of them if only taking the data from Apotek Hjärtat into account.  

The result was also examined by a simulation of a back stock to determine the 
increase in availability of Click and Collect/Express. By implementing a back stock 
with 20 of the most frequent items the frequency in availability of Click and 
Collect/Express rose by 9 percentage points. 

6.1 Future Works 
In the future it is desired to create a more accurate model for it to be useful for Apotek 
Hjärtat. To achieve this, the algorithm will need a lot more data for training and to 
identify other important external factors such as temperature and flu season and to 
take them into consideration. It’s important for Apotek Hjärtat not to over stock and 
to achieve this the training of the model would need to take the location of the order 
into consideration. At the moment an assumption is made that all sales are coming 
from one store. Smaller stores would need smaller stocks to prevent overstocking 
and stores located in different parts of the country will need different stocks due to 
temperature difference and other factors. 
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Appendix A Regression Result 

Figure A.1 Regression of Eye category sales with relation to the pollen forecast. 

Figure A.2 Regression of Cold medicine category sales with relation to the pollen forecast. 

Figure A.3 Regression of Face category sales with relation to the pollen forecast. 
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Figure A.4 Regression of Children category sales with relation to the pollen forecast. 

Figure A.5 Regression of Pain & Fever category sales with relation to the pollen forecast. 

Figure A.6 Model 1 to 5 for the category Cold Medicine for pollen halt 0 - 25 000. 
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Figure A.7 Model 1 to 4 for the category Cold Medicine for pollen halt 0 - 25 000. 

Figure A.8 Model 1 to 3 for the category Cold Medicine for pollen halt 0 - 25 000. 

Figure A.9 Model 1 to 5 for the category Eye for pollen halt 0 - 25 000. 
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Figure A.10 Model 1 to 4 for the category Eye for pollen halt 0 - 25 000. 

Figure A.11 Model 1 and 3 for the category Eyefor pollen halt 0 - 50 000. 

Figure A.12 Model 1 to 5 for the category Face for pollen halt 0 - 25 000. 
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Figure A.13 Model 1 to 4 for the category Face for pollen halt 0 - 25 000. 

Figure A.14 Model 1 to 5 for the category Pain and Fever for pollen halt 0 - 25 000. 

Figure A.15 Model 1 to 4 for the category Pain and Fever pollen halt 0 - 25 000. 
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Figure A.16 Model 1 and 3 for the category Pain and Fever pollen halt 0 - 50 000. 

Figure A.17 Model 1 to 5 for the category Children pollen halt 0 - 25 000. 

Figure A.18 Model 1 to 4 for the category Pain and Fever pollen halt 0 - 25 000. 
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Figure A.19 Model 1 to 3 for the category Pain and Fever pollen halt 0 - 25 000. 
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Appendix B Tables 

Table B.1 Birch pollen per cubic meter air in Stockholm. 

 April May June 

2015 1640 1221 63 

2016 889 8967 82 

2017 58 1718 108 

2018 2294 18807 258 

2019 6827 751 0 

 

 

 

 

 

 

 

 

 

 



 
 
 
 

39  |  APPENDIX C CODE 

Appendix C Code 

 

Figure C.1 Code snippet from the back stock simulation 
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