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Abstract

The dairy business is vulnerable to supply chain disruptions since
large safety stocks to cover up losses are not always a viable option,
therefore it is crucial to maintain a smooth supply chain to ensure
stable delivery accuracies. Disruptions are unpredictable and hard
to avoid in the supply chain, especially in cases where production
errors cause lost production volume. This thesis proposes the use
of machine learning and statistical modelling together with data
from Arla to predict when a shortage will occur and its duration
to allow proactive decision making to mitigate the consequences of
the disruption. The aim of this thesis is to create one predictive
model for delay and one for duration based on data from multiple
products and explore how the features and methods used can capture
the product specific characteristics in the data and thereupon improve
the models. The model used for evaluating these factors was a random
forest classifier, and permutation feature importance was used to
determine the relevant features for the models. The issue of having
imbalanced data was handled by first grouping the data and then
applying the oversampling method SMOTE. The two models were
trained on different datasets where the duration model was trained on
all disruptions and the delay model was only trained on a subset were
a shortage have occurred. One finding was that applying SMOTE
yielded the best results. The best duration model had an accuracy
of 62% with a precision and recall of 79% and 76% respectively for
the majority class, but very low for the other classes with a combined
average of 21% and 24%. The most important feature for the duration
was the the quotient describing the lost production. The best delay
model had an accuracy of 62% with more accurate predictions over all
classes and an average precision and recall of 59% and 57%. The most
important feature for the delay was how often a product is produced.
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Sammanfattning

Prediktering av foljderna fran storningar i en
forsorjningskedja med anvandning av statistisk
analys och maskininlarning

Mejeribranschen ar sarbar for storningar i forsérjningskedjan
eftersom stora sdkerhetslager for att técka forluster inte alltid
ar ett genomfoérbart alternativ, darfor ar det avgorande att
uppréatthalla en smidig forsorjningskedja for att sédkerstélla stabila
leveransnivaer. Storningar dr oférutsdgbara och svara att undvika
i en forsorjningskedja, sarskilt i de fall dar produktionsfel orsakar
minskad produktionsvolym. Denna uppsats foreslar anvindning av
maskininldrning och statistisk modellering tillsammans med data fran
Arla for att prediktera nér en brist kommer att uppsta i forhallande
till storningen samt bristens varaktighet for att mojliggora proaktiva
beslut som formildrar konsekvenserna av storningen. Malet med
denna uppsats ar att skapa en prediktiv modell for fordrojning
och en for varaktighet baserad pa data fran flera produkter och
undersoka hur de variabler och metoder som anvéndes kan fanga
produktspecifika egenskaper i data och darav forbattra modellen.
Modellen som anviandes for att utvirdera dessa faktorer var en
random forest klassificerare, och permutation feature importance
anvandes for att utvirdera de anvinda variablerna for modellerna.
Obalanserad data hanterades genom att forst gruppera datan och
sedan tillaimpa o6versamplingsmetoden SMOTE. De tva modellerna
tranades pa olika data dar varaktighetsmodellen trinades pa alla
storningar och fordréjningsmodellen endast tranades pa de fall dar
en brist uppstatt. En slutsats var att tillimpning av SMOTE
gav de béasta resultaten. Den basta varaktighetsmodellen hade en
noggrannhet pa 62% med hog precision och recall pa 79% respektive
76% for majoritetsklassen men mycket lag for de andra klasserna
med en genomsnittlig precision och recall pd 21% och 24%. Den
viktigaste variabeln for varaktigheten var kvoten som beskriver den
forlorade produktionen. Den bésta fordrojningsmodellen hade en
noggrannhet pa 62% med stabilare prediktioner 6ver alla klasser och
en genomsnittlig precision och recall pa 59% och 57%. Den viktigaste
variabeln for fordrojningen var hur ofta en produkt produceras.
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Acronyms

Arla Arla Foods AB

Cv Cross Validation

DA Delivery Accuracy

IQR Interquartile Range

SMOTE Synthetic Minority Oversampling Technique
kKNN k-Nearest Neighbour

PF1 Permutation Feature Importance
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Chapter 1

Introduction

This master’s thesis was written at KTH and carried out in collaboration with Arla Foods
AB (Arla). Arla is a global dairy cooperative. Chapter 1 contains information about the
background, purpose, problem formulation etc. and aims to give the reader an extensive
introduction to the thesis.

1.1 Background

Arla is a global dairy cooperative producing more than 6.8 billion kilos of varying dairy
products from its 60 facilities which are sold in 144 countries world wide [2]. In the dairy
business, it is generally difficult to compensate inaccurate demand predictions or supply
chain disruptions with a large safety stock in order to ensure great delivery security
due to the expiration date of the products. Therefore, it is imperative that the supply
chain runs as smooth as possible to maintain stable delivery rates, but when a disruption
occurs it is not uncommon to be followed by a period where the demand is no longer
met, a shortage. Not being able to deliver the ordered amount leads to several unwanted
consequences, one being empty shelves at retail grocery stores, but with insight of when
a shortage will occur and how long of a period it will last, it is possible to take action
and prevent some of them.

One particular disruption in the supply chain is when a production error has occurred
and the produced volume does not meet the desired production volume. Knowledge
of when a production error presents itself and the magnitude of the lost production is
immediate, but the potential ramifications are not. This poses an opportunity to get
ahead of a period of shortage, and if it is possible to predict when it will occur and for
how long it lasts, proactive actions can be taken to decrease its impact. One way to
tackle this prediction is using machine learning and statistical modelling with the usage
of company data, which will be the main focus of this thesis.

Arla strives to maintain a high delivery accuracy but in the event of unpredictable
disruptions in the supply chain, the existing safety stock might not always have the
capability to compensate for the missing products and therefore, Arla is not able to
deliver full capacity to the customers. In the worst case, they are not able to deliver
any goods at all and some customers might end up with empty shelves in their stores. If
customers are left with empty shelves, then the consumers in the store might purchase
products from competitive brands which can result in customer churn.



CHAPTER 1. INTRODUCTION

1.2 Problem

The supply chain for a producing company as Arla is very complex and disruptions can be
caused by various events. One way of investigating the impact of a disruption is to make
a qualitative analysis of the supply chain and for example investigate how decisions are
made and how disruptions in different parts of the supply chain have different impacts.
The result of this qualitative analysis can be used to build a framework on how to
act in the event of a disruption. However, this approach can be time consuming and
investigating each disruption in a qualitative manner may not be completed before the
impact can be seen in the sales. Therefore, a data driven approach which can give
statistically based predictions of the impact instantly in the event of a disruption can be
used to take proactive actions which reduces the impact. There are few examples of data
driven approaches used in a supply chain to predict this kind of events and this thesis
will investigate if such an approach can be implemented to improve the decision making
at Arla.

An underlying assumption caused by the fact that individual products have few usable
data points is that the link between a disruption and a shortage is the same for all
products and can therefore be combined when training a predictive model. A problem
that occurs when combining the data is that each product has different behaviours
regarding sales and production.

1.3 Explanation of Key Concepts

In this section, explanations of some of the most important key concepts which are unique
for this thesis are presented. These are only brief explanations for an initial understanding
and the exact definitions of these concepts will be described in detail later in Chapter
4.

o Disruption: A disruption is defined as a disturbance that occurred during
production which caused the production to not being able to produce the planned
amount of volume. No investigation of the cause of disruption is made, thus, when
referring to a disruption it is a production instance which had a loss in production
volume.

« Shortage: A shortage is a period of time where the demand for a product cannot
be met by the supply. In this thesis, this is when the ordered volume is larger
than the actual delivered volume. The length of a shortage, also referred to as
the duration of the shortage is the number of consecutive days where the ordered
volume is not met by the delivered volume.

o Impact of a disruption: The only impact of a disruption investigated in this
thesis is possible shortages. The impact of a disruption is twofold and defined
separately. The first is the number of days from the disruption until the start
of the shortage, referred to as the delay. The second one is the duration of the
corresponding shortage. A disruption always has a measured impact so if it does
not lead to any shortage, no duration or delay exist and they are set to zero.
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1.4 Purpose

The purpose of this thesis is to improve the decision making at Arla by using a data
driven approach which can be used as support when taking actions to reduce the impact
of a disruption. The purpose is also to give insight in how combined data can be handled
to remove product specificity.

1.5 Goal

The goal of the thesis is to create a reliable machine learning model that can predict the
impact of a disruption. To achieve this, the goal has been divided into three subgoals.
The first subgoal is to remove product specific characteristics of the data using feature
engineering and re-scaling methods. The second subgoal is to find a method that satisfies
the traits that Arla consider important for their usage of the model. The third and last
subgoal is to test the model with different measures of various features and explain which
features that gives the most reliable model.

1.6 Research Questions

Based on the goals and purpose of the thesis, the research questions are the
following:

o (Can machine learning be used to create a reliable data driven approach to predict
the impact following a disruption?

o Which of the explored features are the most relevant when predicting the impact
following a disruption?

1.7 Methodology

Since there is limited research in this area, the methodology is mainly based on intuition
and conclusions drawn from knowledge of Arla’s business model. No model has previously
been made to predict the impact of a disruption so the focus of this thesis is on
the modeling part. Disruptions are underrepresented in all production instances and
therefore, to obtain enough data for a model, a generalized model for all different products
is intended to be done. The underlying assumption is that all products have the same
behaviour when it comes to the link between the disruption and impact.

Each row of data corresponds to a disruption where its features are based on information
about the disruption and its specific product, the target variables of the data are the
impact, i.e. the duration and the delay to that corresponding disruption.

There is no preexisting mapping between a disruption and its impact so the first problem
to handle is to map a disruption to a shortage which is based on logical assumptions.
When this is done, the next step is to create the data used in the model. The delay
and duration of a shortage is believed to depend on the demand of a product which in
turn is highly dependent on seasonality parameters such as the time of the year, if it is
a certain holiday etc. This thesis will use the existing data for daily sales forecasting of

3
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the demand from Arla and assume that the forecasting captures these product specific
seasonal behaviours. The seasonality features used to capture the behaviour of a product
are therefore neglected and replaced with the demand forecast instead. The thesis will
investigate how additional features such as the forecast can be used in different ways to
best capture the behaviour and give a more accurate model. Each row of data is still
product specific and therefore different methods are used to normalize and describe the
features as quotients which are assumed to be general for all products.

1.8 Delimitations

In order to narrow the scope of the thesis the following delimitations were applied:

o Details of a disruption in terms of where in the supply chain and what type of
disruption it is etc. will not be investigated.

e The sales, delivery and production data are historical and gathered from January
2022 until April 2023.

o The products used in the scope are the 285 ones produced in Linképing factory
since the products in the same production site are assumed to behave similarly in
terms of external factors such as delivery times etc.

1.9 Outline

Chapter 2 presents relevant background literature on how machine learning methods have
been used to predict the time to an event and possible issues regarding those methods.
Chapter 3 presents the relevant theory in order to understand the thesis. Chapter 4
presents the methods used to solve the problem of the thesis. Chapter 5 presents the
results obtained from the analysis and evaluation of the model. In Chapter 6 the general
findings are discussed, conclusions of the findings are drawn and possible future work is
presented.



Chapter 2
Literature Review

In the literature research, no study regarding the application of machine learning methods
to predict the time until a shortage and the duration of a shortage following a disruption
in the production was found. Thus, in order to find a suitable methodology of the thesis,
studies regarding the prediction of time based on an event were reviewed.

Using machine learning models to predict the time of occurrence and the duration of
events based on time series data has been explored in several fields using different types
of models, both as a regression and as a classification task. One application is predicting
days of inpatient length of stay in days based on both categorical and continuous features.
Random forests, an extension of decisions trees that are known for their interpretability,
has been presented and proved successful in both instances, in classification where days
are either grouped up in periods and assigned to a class or each individual day is assigned
its own class [1, 15], and in regression with days as its target [11]. However, in a
classification task there is a common issue of imbalanced data where the distribution
of occurrences of each class in a dataset is unevenly distributed, which can cause many
standard machine learning algorithms to fail in capturing the data characteristics and in
turn result in unfavorable results [8]. One presented solution to this is using SMOTE,
an oversampling technique where synthetic samples of minority classes are created to
balance the dataset.

Other studies investigated the usage of several regression methods to predict the duration
of court cases [13] and the estimated time of arrival of flights [3], both used features that
represented characteristics of the target at some fix starting point for their prediction.
The one method proven most effective was AdaBoost which use sequences of weak
learners (generally decision trees) that iteratively increase weights on to incorrectly
predicted samples in the dataset to improve their prediction in the next iteration. Within
the studies common evaluation metrics for the classification tasks were derived from a
confusion matrix, and for regression tasks the root mean square error was used.

This thesis will investigate machine learning to predict the impact of a disruption in
the production using available features that are found suitable to describe surrounding
influences. It will be conducted as a classification task due to the fact that insights
regarding how well the model performs on a particular length of days or period of days
can be evaluated separately. The model used will be tree based due to being the best
performing in the literature study, namely random forests will be used due to its good
performance in classification tasks.



Chapter 3

Theory

In this chapter, the background theory of the models, methods and other subjects
are presented to cover the relevant theory needed to understand the contents of the
thesis.

3.1 Supervised Machine Learning

In the field of machine learning the problem at hand will belong to one of two categories,
supervised and unsupervised machine learning. Supervised machine learning problems
are formed when each response variable y;, for all observations : = 1,...,n in a dataset,
corresponds to a predictor(s) x;, in contrast to unsupervised learning where the response
variable to its corresponding predictors is unknown. Within supervised machine learning
the main purpose is to predict the response y,i1, . ., for m future observations, and
the type of response can either be quantitative or qualitative which separates into two
branches, regression problems and classification problems respectively. A quantitative
response means that in regression problems the goal is to predict numerical floating or
integer value, whereas a qualitative response means that in classification problems the
goal is to predict one out of a set number K different classes which can be seen as different
categories. If K = 2 the problem is referred to as a binary classification problem, and for
a K > 2 it is known as a multi-class classification problem. Training a supervised model
refers to finding some mapping between the predictors and the response by learning from
known observation in order to predict a response to newly observed predictors [9].

3.2 Decision Trees and Random Forests

A decision tree is a supervised machine learning technique that involve segmenting the
predictor space into simple regions. The name comes from the fact that the segmenting
can be presented as a tree which in turn makes it easy to interpret, however, decision
trees are generally inferior to more advanced models. An extension of decision trees is a
random forest which tend to produce more robust and accurate results, but to grasp the
concept of random forests it is necessary to understand the basics of decision trees.
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3.2.1 Decision Tree

A decision tree is normally visualized as an upside down tree starting from the top at a
root node that through branches and internal nodes connect to leaf nodes at the bottom
of the tree. From the root node, the predictor space is split by each branch binary
into non-overlapping regions where a prediction of a new observation can be made by
assigning the most common class from the training data in that region. Thus, when a
tree is grown, each split is made with the intention of minimizing the fraction of training
observations that are not the most common, known as the classification error rate given
by

E=1- max (Prmk) (3.1)

where P, denotes the proportion of training observations form the kth class in the
mth region. However, growing a tree is done in a top-down greedy fashion called
recursive binary splitting since it is computationally infeasible to consider every region
simultaneously. It is called top-down because it starts at the root, and greedy because it
only considers the best possible split at the current node without considering splits further
down in the tree. Let X = (X7, Xs, ..., X},) be a vector of all predictors in a dataset, then
for each node every predictor X; € X is evaluated regarding to the quality of the split,
and the quality is measured from the nodes the split creates known as child nodes. Even
though the goal is to minimize the classification error rate, it is not sensitive enough
while growing trees. Instead, two other metrics, Gini index and entropy is commonly
used in practice. The Gini index is defined as

G=> Pk (1= Prk) (3.2)

k=1

and can be seen as a measure of the total variance of all K classes in a child node. One
can note that Gini index is a measure of purity in a child node since G will be small if
Pmi s close to either zero or one for all k, i.e. a small Gini index will indicate a child
node is dominated by one class. Furthermore, an average of both child nodes weighted
by the number of observations in each node determines the total purity from the split
and the predictor that yields the lowest weighted Gini index is chosen. The other metric,
entropy is defined as

K
D=— Zﬁmk logﬁmk (33)
k=1
where it is clear that since p,x € [0,1] then —p,.xlog Py and D will be small if p,,y.
is close to either zero or one for all k. Thus, similarly to Gini index, entropy will be
small if the mth child node is pure. And the choice of predictor is then chosen by the
weighted average similarly to the case of Gini index. A decision tree which grows without
a stopping criteria runs the risk of high variance and overfitting to the data, this can be
handled by pruning which involves systematic methods to reduce the number of splits in
a tree or by setting a max depth [9].
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3.2.2 Random Forest

An extension of decision trees is a random forest. As mentioned, decision trees run the
risk of high variance which in turn can cause the predictor to generalize bad on new
observations. One solution to lower the variance of a tree based method is by using
bagging which is short for bootstrap aggregating. It is built on the idea of having an
arbitrary number B bootstrap datasets which are drawn with replacement from the
original dataset, then B number of decision tree classifiers are trained for each dataset
and aggregated to one classifier by classifying the response for a new observation as the
most commonly class predicted between all B trees, known as majority vote. However,
one direct issue that arise with using bootstrap samples is that it cause dependencies.
For example, if there exist a strong predictor X; € (Xj, Xy, ..., X,), then it is likely that
it will become the first split in every tree, thus making them highly correlated. The
solution to this is adding randomness where rather than using all p predictors in each
decision tree, a subset m < p predictors are used instead where m is drawn uniformly
from the full set of predictors. Thus there is a non-zero probability of (p —m)/p that the
strong predictor is excluded from a bootstrap sample in training, and this extension of
bootstrap aggregating is known as a random forest. A common choice of the number of
included features is m = /p [9].

3.3 Model Evaluation

Evaluating a model is a an essential step in machine learning in order to both determine
performance in the final stages as well as in the model building. To simulate how well
a model performs on unseen data the full dataset is divided into a training set and a
test set, where the test set represent unseen data points. When building a model, the
training set can be further divided into train and validation sets for model selection
purposes.

3.3.1 Confusion Matrix

In order to compare the performance of different machine learning models it is important
to have evaluation metrics. Within classification tasks, a commonly used representation
from which several metrics can be derived is the confusion matrix. The confusion matrix
consists of the result of the classification compared to its true value for each class, and
from the confusion matrix several useful metrics can be derived. For every class one
determine four categories of the predicted points:

o True Positive (T'P): The model has predicted the class and the actual value of the
point belongs to the class

» True Negative (T'N): The model has predicted another class and the actual value
of the point belongs to another class

o False Positive (F'P): The model has predicted the class but the actual value of the
point belongs to another class

o False Negative (F'N): The model has predicted another class but the actual value
of the point belongs to the class,
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and the number of points in each category is calculated. With these, measures such as
precision and sensitivity can be calculated for each class as

TP
Precision = 7_'P—|——F1P7 (34)
TP
Sensitivity = Recall = m—m (35)

Precision for a class is the percentage of the points the model has predicted to the class
that actually belong to the class, it can be seen as a measure of the accuracy of predicting
that particular class. Sensitivity for a class, also known as recall, is the percentage of
points that belong to the class that were correctly classified, and can be seen as a measure
of the strength the model has at predicting that particular class. Since the measurements
are evaluated for each class, they prove useful for imbalanced datasets where the overall
accuracy can be misleading and fail to capture important insights [10].

3.3.2 Cross-Validation

In the context of training a model, one method used for evaluation is Cross Validation
(CV). It is conducted by having a part of the training data left out from training in
order to validate the model, these types of splits of the training data is then repeated
to create different subsets of the training data for training and validation, and the final
evaluation of the model is given by an average of all trained models results. The process
can be conducted in a number of ways, one of the most common being k-fold CV where
the training data gets randomly divided into k£ equally sized groups called folds, then
k — 1 of the folds are used for training and the remaining fold is used for validation.
It is conducted k times in order to use all combinations of the & folds, and the final
evaluation of the model is the average performance of the &£ models. An extension of
k-fold CV is stratified k-fold CV where the balance of classes is preserved in each fold,
i.e., the ratio of each particular class is approximately the same for all folds to ensure that
there is training and validation data that represents all classes for each of the k£ models.
Stratified k-fold CV is suitable for classification tasks and essential when a dataset is
imbalanced [14].

3.3.3 Boxplot

A boxplot is a graphical representation of a dataset that displays the distribution of the
data and identifies outliers, an example of a boxplot is visualized in Figure 3.3.1. It
is based on the minimum and maximum values, the first and third quartiles, and the
median. The box in the figure represents the Interquartile Range (IQR), which is the
distance between the first and third quartiles. The whiskers extend from the box to the
minimum and maximum values within 1.5 times the IQR of the box. Observations that
fall outside the whiskers can be considered outliers and are visualized as individual points
in the figure [6].
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Interquartile Range

(IQR)
Outliers F—— Outliers
"Minimum" "Maximum"
(Q1 - 1.5*%IQR) Q1 Median Q3 (Q3 + 1.5*IQR)

(25th Percentile) (75th Percentile)

Figure 3.3.1: Representation of a boxplot and its different components [6].

3.3.4 Feature Importance

Feature importance is a concept in machine learning which refers to the process of
determining the relative importance of the different features used in a machine learning
model with regards to the target variable. By identifying which features are most
important, the ones that are not affecting the model performance are redundant and
can be removed to reduce the complexity of the model and make more accurate
predictions.

Permutation feature importance

Permutation Feature Importance (PFI) is a method to calculate the importance of a
feature. The idea is to evaluate the error of the models prediction after permuting the
values of that feature. That is, to shuffle all the rows of data for that feature and train
the model with the permuted dataset. If the new model’s prediction error increased, the
feature is deemed as "important” since the model relied on that feature for the prediction.
On the contrary, a feature is deemed "unimportant” if the prediction error after shuffling
the feature is left unchanged. This indicates that the model ignored that feature for the
prediction. How the algorithm proceeds is presented in Algorithm 1.

Algorithm 1 Permutation feature importance

~

Input: Trained model f , feature matrix X, target vector y, error measure L(y, f).
1. Estimate the original model error eoy = L(y, f(X))
for each feature j € {1,...,p} do
o Generate feature matrix Xpem by permuting feature j in the data X.
« Estimate error epe,, = L(v, f (Xperm)) based on the predictions of the permuted
data.
» (Calculate permutation feature importance as difference F'I; = €perm — €orig
end for
3. Sort features by descending F'I.

The list of FI's is describing the order of features based on importance, the most
important feature have the highest F'I. Negative F'I can occur which simply means
that the model by chance performed better without that feature and therefore affected
the model, thus, the feature is deemed "unimportant”. One downside with PFT is its
weakness for correlation between features in the dataset. The importance can then be
split between correlated features and reduce the effects of the permutation [12].

10
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3.4 SMOTE

If the classes in a dataset are not relatively equally represented it is referred to as being
imbalanced. Omne way of handling this is by using Synthetic Minority Oversampling
Technique (SMOTE) which creates synthetic samples in the feature space close to the
minority class in order to even the distribution between classes in a dataset. A synthetic
sample is created by randomly taking a data point in a minority class and then by
applying k-Nearest Neighbour (KNN), which finds the k closest samples near that point
using euclidean distance, assigning a new sample, randomly, in the feature space on a
line between one of the k samples and the randomly chosen data point with the same
class label as the minority class. The method is reiterated for each minority class until a
desired balance in the data set is achieved [4].

3.5 Feature Engineering

Feature engineering is the process of selecting, transforming, and creating new features
leveraging the raw data to improve the performance of machine learning models. Effective
feature engineering can help to reduce noise and improve accuracy, making it an essential
step in the preparatory work before one can start modeling [5].

3.5.1 Feature Creation

Feature creation is a component of feature engineering that is the process of generating
new features. The new features can involve combining or extracting information of
already existing features. If done well, feature creation can improve the performance
of a machine learning model since the new features might be more explanatory.

3.5.2 Normalization

Normalization is a feature transforming method that scales the values of a feature in
a data set so that its values lies within the interval of zero and one. By using this
method, a feature with a higher range of values will not dominate a feature taking lower
values. There are several methods of normalization and one of them are the min-max
normalization which is done accordingly. Given a sequence of observations X = {z;}
one can normalize an arbitrary value x; belonging to the sequence X as

x; — min(X)

T = max(X) — min(X)’ (36)

where z} is the normalized value [7]. In 3.6, one can see that if x; takes on the largest
value of the sequence X, the quotient is one. Contrary, if x; takes on the smallest value
in the sequence X, the quotient is zero. Thus, the scale indicates how close a value z; is
to the largest respectively smallest value of that sequence.
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3.5.3 Pearson Correlation Coefficient

The Pearson correlation coefficient is a measure of the linear relationship between two
parameters, and one use case is to detect linearity between features in a dataset. The
correlation coefficient between two features X; and X, is calculated as

Yory (x1; — T1) (w2, — T2)
Cor (Xl,Xg) = ! (37)
\/2?21 (z1 — 9?“1)2\/2?:1 (22, — T2)°

where 71, and x2; are the ith value in the dataset of X; and X, respectively, z; and
Zo are their corresponding mean, and n is the number of data points. The coefficient
takes values between -1 and 1 where a value close to 1 indicates high correlation, a value
close to 0 indicates no correlation, and a value close to -1 indicates negative correlation.
The coefficient between all features in a dataset can be visualised using a heat map, also
referred to as a correlation plot, which can be used to identify correlation in a dataset
[9].
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Chapter 4

Method

The project was conducted in an iterative manner since the knowledge of the company
and the data was limited beforehand. More insights were gained as the project proceeded
where new problems and other important aspects were discovered. Using an iterative
approach, the new problems were discussed and solutions were found for those deemed
relevant to the scope of this thesis. The software used to conduct this thesis were
Databricks, SQL and Python including relevant packages for machine learning.

This chapter is divided into three main parts, procurement of data, feature engineering
and modeling. The first part describes how the data was created by mapping a disruption
to its impact and thereby obtain the feature and target variables. The second part
describes how current features was used to transform and create new features which
are to be investigated in this report. The last part presents the model and feature
selection for the considered models and which hyperparameters that were used during
evaluation.

4.1 Defining a Disruption

In this thesis, the disruptions considered are limited to the ones caused at the production
site. A disruption is defined as when a production occurrence has not produced the
desired quantity. Thus, a disruption is strictly limited to only be determined by the
produced quantity versus the desired quantity, and does not consider the details of what
actually caused the disruption. Arla has an accepted production error of +10%, and
since this thesis investigates impacts due to loss in production, the interesting production
instances are the ones with an actual produced volume lower than 90% of the planned
volume. Considering that this is the accepted error set by Arla, it is assumed that all
production with a percentage above 90% are covered by safety stock and should not lead
to any shortage.

4.2 Procurement of Data

When using supervised machine learning methods, the data must consist of feature
variables and target variables. In this case, the feature variables are the ones describing
information about the disruption and the two target variables are the delay and the
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duration of the corresponding shortage. This particular dataset was not available from
beforehand, so databases were combined and assumptions were made to map the feature
variables to their targets.

The scheme of how the data was created is the following:
1. Find days in sales data which do not deliver the ordered quantity.
2. Use assumptions to convert these days into shortages.
3. Find the disruptions in production which have not produced the planned quantity.
4. Use assumptions and rules to map the disruptions to corresponding shortages.

When the data had been created, the additional features used for separation of the
products were added. The databases and the assumptions will be described in this
section, as well as how they were used to create the data.

4.2.1 Sales and Production Data

The sales data consists of ~ 273 000 rows of data representing the total sales on a daily
level for all products. The relevant features of the sales data are the date, the ordered
quantity and the delivered quantity. With this, a quotient of the delivered quantity by
the ordered quantity was calculated for every product and day of sales. Every row with
a quotient below 1 is an instance of where a delivery has not met the ordered quantity.
With the sales filtered on this criterion, the new dataset consists of ~ 33 000 rows of
sales. These were used to determine the shortages which is described in detail in Section
4.2.2.

The production data consists of ~ 23 000 rows of data where each one represents
information about the total production for a specific product on a daily level. The
relevant features of the production data are the date, the planned output quantity
and the actual output quantity. Similarly as for the sales data, a quotient of the
actual output quantity by the planned output quantity was calculated for each day of
production and product. The disruptions could then be obtained by taking all rows
with a production quotient below 90%. The resulting dataset of disruptions was then
reduced to ~ 2800 different production instances. These are the only disruptions that,
by previous assumptions regarding accepted production error, can lead to a shortage,
and how they are linked is described in Section 4.2.3.

4.2.2 Defining Shortage

The theoretical definition of a shortage describes it as a situation where the demand of a
product exceeds the available supply. An example of this situation is presented in Figure
4.2.1, where the undelivered areas take place when the demand has not been met and a
shortage is present. A shortage in this thesis is a period of consecutive days where each
day fails to meet the demand. A shortage can also have a length of one day if there is
just one day of unsatisfied deliveries.

In practice, companies may have an acceptable Delivery Accuracy (DA) of which they
consider anything above it as a successful delivery. The theoretical definition of a shortage
can therefore be less meaningful since it indicates shortages in cases where the company
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is satisfied. A more accurate definition is then to use the acceptable DA as a threshold,
and the consecutive days with deliveries below the threshold defines as shortages, since
the company has not fulfilled their goal. At Arla, the acceptable DA is 98.5% which is
used as a threshold in this thesis.

——- Ordered
—— Delivered
Undelivered

16000 +

14000+

12000 -

10000+

8000 -

Quantity [kg]

6000 -

4000 -

2000 -

1 L L N 1 L '
t t t t
2022-03-02 2022-03-05 2022-03-08 2022-03-11

Date

0 : Ty
2022-02-21 2022-02-24 2022-02-27

Figure 4.2.1: An example of when the delivered quantity does not meet the ordered
quantity. Each area of undelivered products indicates a shortage.

Another criterion set by Arla is that in order for a shortage to be deemed as recovered, it
must achieve acceptable DA for two consecutive deliveries. Therefore, further conditions
must be set to handle the case where shortages achieve acceptable DA for one delivery in
that period. The previous definition would deem the shortage as recovered and split the
actual shortage into two periods, i.e., two separate shortages. Figure 4.2.2 presents an
example of a period with undelivered goods with an acceptable DA present. The updated
definition of a shortage will now consider this period of time as one shortage instead of
two separate ones.

To summarize, a shortage in this thesis is defined as a period of time which starts when the
DA is below the acceptable 98.5% and ends when the DA is recovered for two consecutive
deliveries. In Figure 4.2.3, a period of time is visualised where all modified criteria for
shortage are used. The first shortage has a delivery with acceptable DA for one day
which is taken into consideration. The second shortage is separated from the first one
since it has been enough consecutive deliveries with accepted DA. These two shortages
have now been successfully identified.
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Figure 4.2.2: A shortage with one day of acceptable DA.
——- Ordered
5000+ — Delivered
Shortage 1
Shortage 2
4000
)
=
> 3000 -
2
c
©
3
(e
2000 -
1000 -
1 1 1 1 1 1

1 1
t t
2022-05-07 2022-05-10

Date

|
t
2022-05-04

!
t
2022-05-01

!
t
2022-05-13

Figure 4.2.3: An example of how the finished definition identifies two shortages.

4.2.3 Shortage Mapping

The basic idea behind mapping a shortage to a disruption is to investigate a period of
time ahead of the disruption and check if any shortages start during that period. If a
shortage is found, the production data, i.e., the feature variables for that disruption,
are linked with the delay until the shortage starts and its duration, namely, the target
variables. If no shortage is found in the search period, the delay and duration linked
to that disruption will be set to zero which indicates that the disruption did not cause
any shortage. An instance of a disruption being linked to a shortage constitutes to one
row of data consisting the feature and target variables desired when later implementing
the predictive model. Since different products may not behave similarly, assumptions on
how the shortages are linked to a disruption will define the rules for the mapping.
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Together with Arla, these two main assumptions were made:
« A corresponding shortage cannot occur the same day as a disruption.

o A disruption cannot be linked to a shortage which occurs after the succeeding time
of production.

The second assumption poses challenges due to the varying production frequencies of
different products, that is, how often production occurs expressed as productions per
day. Additionally, the uncertainty surrounding the timing of upcoming production poses
further difficulties. To address these challenges, the time period ahead of a disruption,
within which a shortage is searched for, is set as the inverse of the product’s production
frequency, which is the average number of days between productions. This assumes that
the upcoming production will be produced similar to previous productions. To obtain
more accurate frequencies, a unique frequency was calculated for each disruption, taking
into account the potential variations in production frequency due to varying demand.
To determine the production frequency for a disruption, the length of the time period
starting from two production instances prior to the disruption and ending at the current
instance was calculated. Since three instances in total were considered in calculating the
length, the frequency was derived by dividing three by the length of that period.

Ordered
—— Delivered

Shortage 1

Shortage 2
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w
o
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o
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1 1 1 1

2022-05-07 2022-05-10 2022-05-13

Date

| .
2022-05-01 2022-05-04

Figure 4.2.4: An example of two shortages and when their corresponding disruption
occurs.

With rules declared on how to search for a shortage, the next step was to set up a
rule on how to select the correct shortage. If more than one shortage is found in the
search period, one must choose between them. Ideally, since the search period should
end at the next time of production, the disruption being investigated is the only one
able to cause those shortages. However, there are other factors in the supply chain
that can cause disturbances that lead to shortages in the same period, regardless of
any disruptions. Therefore a third assumption was made, the shortage with the largest
quantity of undelivered products is to be mapped to the disruption, i.e., a disruption
is assumed to cause larger shortages than other factors. Figure 4.2.4 presents the same
shortages as in Figure 4.2.3 but points out the disruptions present during that period of
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time. In this case, the first disruption is mapped to the first shortage and likewise so for
the second disruption and shortage. Figure 4.2.5 presents an example of how the third
assumption is applied. Here one can see how two shortages are present in the search
period, and in this case the disruption is mapped to the second shortage since the impact
is larger in terms of undelivered quantity.
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Figure 4.2.5: An example of a disruption with two succeeding shortages.

To summarize, from the day of the disruption a search for a shortage is made forward in
time for a period determined by the product’s production frequency. If any shortages are
identified, the disruption is mapped to the shortage with largest quantity of undelivered
products. If no shortage is found, the disruption did not affect the sales and the disruption
is mapped as no shortage.

4.2.4 Additional Features

Once the initial dataset had been formatted as desired, additional features were
incorporated into the dataset. The selection of these features was based on intuitive
understanding of factors that might influence the delay and duration. These features were
later subjected to normalization and feature engineering techniques to be generalized
across different products. As previously mentioned, the demand for various products
is significantly influenced by seasonality, which can be accounted for in the model by
incorporating variables designed to capture seasonal behavior. Rather than introducing
seasonality features and expanding the feature set used in the modeling process, this
thesis adopts a different approach. It leverages the existing data obtained from Arla
for daily demand forecasting, assuming that this data sufficiently captures the seasonal
patterns present in the dataset.

The forecasting was added on a daily basis for a period of seven days both preceding
and following the time of the disruption. This approach aims to capture the product’s
behavior over time in both retrospective and prospective directions. Additionally, the
actual demand for the preceding seven days was included, enabling a comparison between
the forecast and actual demand. This allowed for an assessment of whether the forecast
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accurately predicted higher or lower demand compared to the actual values, which was
assumed to influence the overall impact. Another feature considered to be of relevance
was the current stock level at the end of the day of a disruption. A large stock level has the
potential to compensate for unproduced volumes, thereby mitigating the occurrence of a
shortage. The final additional feature incorporated was the current production frequency
for each specific product as it is presumed that the impact is influenced by the frequency
of production. How the frequency was calculated is described in Section 4.2.3.

4.3 Feature Engineering

Since the collected data is still scaled in terms of each individual product, methods for
generalizing the data was used. The two methods of feature engineering used were feature
creation and feature transformation. How these methods were used will be described in
detail in this section.

4.3.1 Feature Creation

This subsection describes the methods used to create new features from the already
existing ones.

Forecast of demand

The daily forecasting features captures how the demand behaves around a disruption
and is used to investigate how different measures of those features will affect the model’s
prediction of the impact. The forecasting quantity is measured in kg which is product
specific partly due to the fact that different products does not have the same weight, as
well as the possibility that different products sell more than others on average, i.e., a
high demand for one product can be considered low for another. Since the demand back
in time is available, a ratio calculated by dividing the forecast by the demand describes
the accuracy of the forecast. The forecasting accuracy was calculated using the total
demand and forecast quantity of the desired period as

i Fi

Forecast accuracy =
> io Di

where F; and D; is the daily forecast and demand quantity respectively for day ¢ before the
disruption and d is the length of the desired time period in days. Measuring this feature
as a ratio makes it unitless and removes the product specificity of the forecasting features
back in time. The defined accuracy can take on values above one which indicates that
the forecast has predicted more than the actual demand. Since the planned production
volume is based on the forecast they should ideally agree with each other, and if for
example the forecast cause overproduction and a disruption occurs, the loss in produced
quantity might be covered by the overproduction and therefore the actual quantity
produced meets the demand even tough a disruption has occurred.
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Stock level

The closing stock level at the day of a disruption is measured in kg, which with the same
reasoning as for the daily forecasting is product specific. To remove product specificity,
a ratio calculated by dividing the forecast of the demand one day after the disruption
by the stock level the day of the disruption was used. This ratio describes how the next
day’s forecasting stands in relation to that day’s initial stock level. This feature was
calculated since the ratio can indicate whether next day’s forecast of the demand, which
optimally is the same as the unknown actual demand for that day, can be covered by
the current stock. If the stock level can cover the next day’s demand, the disruption will
likely cause a less harmful impact, but if the ratio indicates a relatively small stock level,
the impact might be more severe.

4.3.2 Feature transformation

The daily forecast ahead in time is used to measure if the demand is high or low, and the
quantity of the forecast, as earlier mentioned, is product specific. Since data of the actual
demand is not available for the time after the disruption, the forecast accuracy used in
Section 4.3.1 cannot be used for these features. To deal with this problem, normalization
of these forecasting features for each product scales them into values between zero and
one. The normalization is done by for each specific product select the sequence of all
its forecast data and obtain the minimum and maximum values of the sequence. When
these values are obtained, one can transform all future forecasting features by using the
minimum and maximum values and normalize according to (3.6) presented in Section
3.5.2. The forecasting features are now normalized in relation to all forecasting data and
describes that the demand is higher when the normalized value is closer to one, and lower
when the normalized value is closer to zero.

4.3.3 Final features

The final features from this section that were used for the testing of the models are
presented in Table 4.3.1. Features 1-2 are derived from the production data. Features 3-
5 are the forecasting accuracy for different time periods. Features 7-8 are the normalized
forecasting for different time periods.
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Table 4.3.1: A description of the features investigated in this thesis.

Nr. Variable/Feature Description

1 quotient How much of the planned production
quantity that was actually produced at the
production instance of the disruption.

2 freq The current production frequency,
calculated using the three latest
production instances including the
disruption.

3 stock The forecasting of tomorrows predicted
sales divided by the current stock level.

4 fc 0 The forecasting accuracy for the day of the
disruption calculated using (4.1) where
d=0.

5 fc Bf The forecasting accuracy calculated using

(4.1) where d is the number of days
corresponding to the inverse of that
specific product’s production frequency.

6 fc_B7 The forecasting accuracy one week back in
time calculated using (4.1) where d = 7.

7 fc_Ff The mean value of the k£ upcoming days
for the normalized forecast of the demand
where k is the number of days
corresponding to the inverse of that
specific product’s production frequency.

8 fc_F7 The mean value of the 7 upcoming days
for the normalized forecast of the demand.

4.4 Data Preprocessing

Data preprocessing is important in order to clean the data and improve the performance
of machine learning models. To detect outliers, the data was graphically represented using
boxplots. Data points with values lying outside 1.5 times the IQR were, as described in
Section 3.3.3, deemed outliers. All relevant points deemed outliers were then investigated
individually and if a data point was considered to be abnormal based on knowledge of
the production and sales, it was removed from the dataset. In Figure 4.4.1, one can
see three examples of how boxplots are used to detect outliers of features. One can
especially see that the box of fc_0 was compressed due to great outliers, which needed
further investigation. This can be due to the daily demand being volatile, hence the
daily forecasting is difficult to predict which causes instances with a higher ratio. One
can then see in the other two boxplots that the ratios covers a smaller range of values,
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hence the forecast is more accurate when being evaluated on a longer time period, and
possibly not as sensitive as on a daily basis.
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Figure 4.4.1: Boxplots for all data of features 1-3 from Table 4.3.1.

When using forecasting features to describe behaviour before and after the event of a
disruption, it is likely that correlation exists between the features. To investigate this, a
correlation plot was used to detect possible correlation between features. The correlation
plot is visualized in Figure 4.4.2. The preprocessing resulted in a dataset containing
1076 rows of data, each for an individual disruption, gathered from a total of 145 unique
products.
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Figure 4.4.2: The correlation between all features in the dataset.
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4.5 Implementation

In the case of multiple target prediction, a common approach is to separate the target
variables and employ individual models for each one. This approach assumes that there
is no significant correlation between the target variables. In the thesis, this was applied
to predict the delay and duration, resulting in the training of two separate models. The
designed implementation require the models to be used sequentially. The first model
is used to predict the duration, if the duration is predicted to be zero, it indicates the
absence of any delay, as no shortage occurs. On the other hand, if the predicted duration
is greater than zero, the second model is used to predict the delay associated with the
shortage. The model responsible for predicting the duration was trained using the entire
dataset, while the second model, which solely predicts the delay if a shortage occurs,
was trained on instances where the duration was greater than zero. To illustrate the
implementation of the two models for predicting the impact of a disruption, a flowchart
is provided in Figure 4.5.1.

Start

Input data

Duration model

Duration > 07 Delay model

No

Impact

No impact (Duration, Delay)

End|

Figure 4.5.1: Flowchart of how the models are used to predict the impact.

4.51 Treatment of Imbalanced Data

Figure 4.5.2 illustrates the distribution of the two datasets used for the delay and the
duration models respectively. The barcharts highlight the imbalanced nature of the
data, particularly in the case of the duration dataset, where instances with zero days
of duration (indicating no shortage) are overrepresented. The imbalanced datasets were
handled using two techniques. The first technique is to group the number of days in the
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dataset into larger classes that instead represents a span of days, which is also done due
to the low sample size that led to some classes having very few data points. The data
was grouped into different classes individually for the delay and duration. The classes
were produced together with Arla where each class represents different levels of severity,
and are presented in Table 4.5.1. After the days had been grouped, the second technique
is to implement SMOTE to create evenly distributed classes.

Instances of duration Instances of delay
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Count
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Days Days

(a) The distribution of values in the duration (b) The distribution of values in the delay
dataset. dataset.

Figure 4.5.2: Barcharts of the datasets used for the two different models.

Table 4.5.1: The classes used for each model.

Duration
Delay

Class Interval in days

Class Interval in days
0 0

1 1
1 1

2 2-3
2 2-3

3 4+
3 4+

(b) The classes after the delay was grouped,
(a) The classes after the duration was 4+ denotes four or more days.

grouped, 4+ denotes four or more days.

4.5.2 Feature Selection

Based on the correlation plot presented in Figure 4.4.2, it is evident that there exists a
strong correlation between the two forecasting features related to prior days, as well as
between the two forecasting features related to upcoming days. Therefore, the models
does not incorporate the correlated features simultaneously and only one feature for
preceding forecasting and one for future forecasting were used concurrently. This resulted
in four combinations of alternating feature setups which are presented in Table 4.5.2.
In the correlation plot, there is no evident correlation observed among the remaining
features and the features in the alternating setups. As a result, all of these features
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were incorporated into the model (considered fixed) and tested in combination with the
four alternating feature setups, thus, eliminating high correlation between features used
in the model. The fixed features were quotient, freq, stock and fc_0 and the four
alternating feature setups are presented in Table 4.5.2. The four combinations of fixed
and alternating features are the feature setups explored in this thesis.

Table 4.5.2: The alternating groups of the feature setup.

Setup nr Features

1 fc_Bf & fc_F7
2 fc_Bf & fc_Ff
3 fc_B7 & fc_Ff
4 fc B7 & fc_F7

4.5.3 Models

In the literature review in Chapter 2, the random forest performed best for similar
kind of predictions. Random forests are simple yet powerful predictors, and having a
small dataset, it was assumed that a less complex model would perform better than
a complex one. Thus, random forests with Gini index criterion was used for the two
models when evaluating the performance of the different feature setups. To find the best
model for evaluating each setup, the random forests used a grid search technique for
hyper parameter tuning. The grid search uses a predetermined set of hyper parameters
where it tests all different combinations. For each combination, a stratified 5-fold CV
was used to train and evaluate that model using 80% of each full dataset. The model
with highest average accuracy is deemed the best model for that particular feature setup.
The parameter values used were:

e« Number of trees: 50, 100, 150, 200, 500
e Maximum Depth: 5, 10, 15, 20

Due to the low sample size of the datasets, which led to some classes having very few
datapoints, the model training for each feature setup was always performed on the
grouped dataset. To investigate whether an oversampling technique would improve the
performance of the models or not, each combination of the feature setups was also trained
using SMOTE on the grouped datasets.

The best model for each feature setup and oversampling method was then evaluated on
an independent test set consisting of the remaining unused 20% of each dataset in terms
of accuracy, recall and precision, which are described in Section 3.3.1. This resulted
in a total of eight different models investigated for the duration and delay respectively.
When the best feature setup and oversampling method was selected for the two models,
feature importance was used to investigate what impact the features had on each model’s
performance. For that, PFI was used which is described in Section 3.3.4.

25



Chapter 5

Results and Analysis

This chapter presents the findings obtained from comparing the various models outlined
in Section 4.5.3. The results consist of tables that describe the optimal models for each
setup, along with their corresponding scores on the test set in terms of accuracy, recall,
and precision. From the grid search, the best performing hyperparameters was obtained
for each feature setup. The validation scores of each fold in the CV process with these
hypereparameters are presented as boxplots together with their test scores. The results
also include barcharts of the datasets obtained before and after applying SMOTE as an
oversampling technique.

5.1 Duration Model

In this section, the results of the duration models and dataset are presented.

5.1.1 Oversampling

The distribution of values in the duration dataset after grouping and applying SMOTE
is presented in Figure 5.1.1.

Instances of duration after grouping Instances of duration after grouping and SMOTE

0 1 2-3 4+ 0 1 2-3 4+
Days Days

(a) The distribution of values in the duration (b) The distribution of values in the duration
dataset after grouping. dataset after grouping and applying SMOTE.

Figure 5.1.1: Barcharts of the duration dataset before and after applying SMOTE.
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5.1.2 Results for Feature Setups

This section presents a comparison between the best models for each feature setup with
and without SMOTE using boxplots and is visualized in Figure 5.1.2.

Fixed for 7 days back Fixed for frequency days back
0.750 == 4= 0.750 == 4=
0.725 0.725 =1 No oversampling
[ SMOTE
0.700 0.700 ¢ Test score
0.675 0.675
> >
1% 1%
© 0.650 © 0.650
3 3
3 3
< 0.625 < 0.625
0.600 @ 0.600
0.575 0.575
0.550 0.550
Frequency days forward 7 days forward Frequency days forward 7 days forward
Features Features

(a) The test and validation accuracy for (b) The test and validation accuracy for
different feature setups when fc_B7 is fixed. different feature setups when fc_Bf is fixed.

Figure 5.1.2: Boxplots of the duration model’s validation and test accuracy. The
accuracies were obtained using no oversampling method and SMOTE.
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No Oversampling

This section presents the test scores of the best duration model for each feature setup
using no oversampling method, the results are presented in Table 5.1.1.

Table 5.1.1: Test results of the best duration model for different feature setups without

oversampling.

No Oversampling

Model Trees Depth Accuracy Class Precision Recall
. - . 0.75 fc_B7 and fc_Ff
0 0.75 1.0
1 0.0 0.0
2-3 0.0 0.0
4+ 0.0 0.0
5 - . 0.75 fc B7 and fc_F7
0 0.75 1.0
1 0.0 0.0
2-3 0.0 0.0
4+ 0.0 0.0
5 - . 0.75 fc_Bf and fc_Ff
0 0.75 1.0
1 0.0 0.0
2-3 0.0 0.0
4+ 0.0 0.0
A 150 . 075 fc_Bf and fc_F7
0 0.75 1.0
1 0.0 0.0
2-3 0.0 0.0
4+ 0.0 0.0
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SMOTE

This section presents the test scores of the best duration model for each feature setup
using SMOTE, the results are presented in Table 5.1.2.

Table 5.1.2: Test results of the best duration model for different feature setups with
SMOTE.

SMOTE
Model Trees Depth Accuracy Class Precision Recall
5 100 15 0.59 fc_B7 and fc_Ff
0 0.80 0.74
1 0.12 0.12
2-3 0.12 0.15
4+ 0.17 0.27
6 100 15 0.56 fc_B7 and fc_F7
0 0.81 0.74
1 0.09 0.09
2-3 0.12 0.15
4+ 0.15 0.27
7 50 2 0.61 fc_Bf and fc_Ff
0 0.80 0.75
1 0.21 0.21
2-3 0.17 0.20
4+ 0.16 0.27
8 50 20 0.62 fc_Bf and fc_F7
0 0.79 0.76
1 0.16 0.15
2-3 0.30 0.30
4+ 0.17 0.27
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5.1.3 Analysis of Duration Models

Looking at the boxplots for the duration model in Figure 5.1.2 it is clear that regardless
of the combination of features tested, the models without oversampling yield a better
overall accuracy. However, the overall accuracy does not depict the overall performance
of the model which becomes apparent if one were to investigate the results presented in
Table 5.1.1. All models have successfully predicted all points with a duration of 0 days
as explained by 100% recall for the class, although, it is evident that the model is naive
in the sense that it predicts all points as duration 0 and fails to capture any of the other
classes. Given that the purpose of the duration model is to identify shortages following
a disruption, having a model that is unable to give any indications of such an instance
omits the purpose. Instead, examining the models in Table 5.1.2 that were trained
with oversampling, an improvement of the predicting capabilities of the minority class
is palpable for all feature combinations, especially for model 7 and model 8. Comparing
the two, model 7 show higher recall and precision when predicting a 1 day duration, but
model 8 exhibit a higher recall and precision when predicting 2-3 days as well as a slight
increase in precision when predicting a duration longer than 4 days. Since the classes 2-3
and 4+ days are deemed to have more severe consequences than a 1 day shortage, model
8 is chosen to be the one with the best performance.

5.2 Delay Model

In this section, the results of the delay models and dataset are presented.

5.2.1 Oversampling

The distribution of values in the delay dataset after grouping and applying SMOTE is
presented in Figure 5.2.1.

Instances of delay after grouping Instances of delay after grouping and SMOTE

100 100

80 80 4

£ & 5 60
] 8

40 40 4

20 20 4

0 04

1 23 a4+ 1 23 4+
Days Days

(a) The distribution of values in the delay (b) The distribution of values in the delay
dataset after grouping. dataset after grouping and applying SMOTE.

Figure 5.2.1: Barcharts of the delay dataset before and after applying SMOTE.
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5.2.2 Results for Feature Setups

This section presents a comparison between the best models for each feature setup with
and without SMOTE using boxplots and is visualized in Figure 5.2.2.

Fixed for 7 days back Fixed for frequency days back
T [ No oversampling
0.65 0.65 1 SMOTE
'y ¢ Test score
0.60 0.60 .
¢ ¢
> 0.55 > 0.55
1% 1%
e e
3 3
3 3
< 0.50 < 0.50
0.45 0.45
0.40 0.40
Frequency days forward 7 days forward Frequency days forward 7 days forward
Features Features

(a) The test and validation accuracy for (b) The test and validation accuracy for
different feature setups when fc_B7 is fixed. different feature setups when fc_Bf is fixed.

Figure 5.2.2: Boxplots of the delay model’s validation and test accuracy. The accuracies
were obtained using no oversampling method and SMOTE.
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No Oversampling

This section presents the test scores of the best delay model for each feature setup using
no oversampling method, the results are presented in Table 5.2.1.

Table 5.2.1: Test results of the best delay model for different feature setups without

oversampling.

No Oversampling

Model Trees Depth Accuracy Class Precision Recall
1 100 100 0.58 fc B7 and fc_Ff
1 0.63 0.55
2-3 0.67 0.32
4+ 0.54 0.79
2 500 5 0.51 fc_B7 and fc_F7
1 0.50 0.45
2-3 0.38 0.16
4+ 0.54 0.79
3 50 5 057 fc_Bf and fc_Ff
1 0.53 0.45
2-3 0.50 0.37
4+ 0.61 0.79
4 200 5 0.59 fc_Bf and fc_F7
1 0.61 0.50
2-3 0.57 0.42
4+ 0.59 0.79
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SMOTE

This section presents the test scores of the best delay model for each feature setup using
SMOTE, the results are presented in Table 5.2.2

Table 5.2.2: Test results of the best delay model for different feature setups with SMOTE.

SMOTE
Model Trees Depth Accuracy Class Precision Recall
. 50 . 0.62 fc_B7 and fc_Ff
1 0.67 0.45
2-3 0.65 0.58
4+ 0.59 0.79
6 50 . 0.55 fc_B7 and fc_F7
1 0.55 0.50
2-3 0.50 0.37
4+ 0.57 0.71
. 500 . 0.58 fc_Bf and fc_Ff
1 0.57 0.36
2-3 0.45 0.53
4+ 0.67 0.79
< 100 . 0.58 fc_Bf and fc_F7
1 0.59 0.45
2-3 0.42 0.42
4+ 0.67 0.79

5.2.3 Analysis of Delay Models

Looking at the boxplots for the delay model in Figure 5.2.2 it is clear that the results in
Figure 5.2.2b display more densely distributed results. However, the models trained in
Figure 5.2.2a demonstrate instances where a higher accuracy has been achieved. There
are no clear distinctions between oversampling and no oversampling in the boxplots. In
Table 5.2.1, where the test results without oversampling are presented, model 1 and
model 4 show higher accuracy as well as recall and precision on average than model 2
and model 3. Comparing these to the results in Table 5.2.2, where oversampling was
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used in training, there is a clear increase in the ability to predict the minority class of
2-3 days for all feature setups. Furthermore, the model that performs best regarding
accuracy, and on average, precision and recall with oversampling is model 5, which also
outperforms all models without oversampling.

5.3 Feature Importance

This section presents the delay and duration models using the best feature setup from
Section 5.1 and 5.2, and will investigate the importance of the features used in the models.
This was done using the feature importance technique PFI.

5.3.1 Duration Model

The setup for the best duration model is presented in Table 5.3.1. The feature importance
for the best duration model is presented in Figure 5.3.1.

Table 5.3.1: Best feature setup and parameters for the duration model.

Trees Depth Oversampling Features

50 20 SMOTE quotient freq  stock fc 0 fc_ Bf fc_F7

Feature Importance for the duration model

0.06

0.05 -

0.04 1

L 003 -

0.02 1

0.011 .

i
P A S S AR |

Feature

Figure 5.3.1: The PFI for the features in the best duration model.
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5.3.2 Delay Model

The setup for the best delay model is presented in Table 5.3.2. The feature importance
for the best duration model is presented in Figure 5.3.2.

Table 5.3.2: Best feature setup and parameters for the delay model.

Trees Depth Oversampling Features

50 5 SMOTE quotient freq  stock fc 0 fc B7 fc_Ff

Feature Importance for the delay model

0.175 A
0.150 A
0.125 A
_ 0100 +
a
0.075 1
0.050 -
0.000 -
T T T T T T
N A & 3 Q X
< @S é'd. \}Q’o & 4,?

Feature

Figure 5.3.2: The PFT for the features in the best delay model.
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Chapter 6

Discussion and Conclusions

This chapter presents the discussion about the results and other general findings of this
thesis.

6.1 Duration Model

Even though different models were explored in Chapter 5, the best one does not
necessarily produce a satisfactory result. Despite an increased ability to predict the
minority classes with the use of SMOTE in the model training, the best model for
duration still produce too low precision and recall scores to be used as a basis for any type
of proactive action against a shortage period. Arguably, the most important metric when
predicting the duration of a shortage is the precision of predictions with duration larger
than zero. If the model fails to predict that a shortage will occur it simply yields that no
action will be taken against it. However, if the model predicts a longer period of shortage,
and Arla were to take action against it by for example reducing their delivery quantities
to even out the sales and prevent the issue of empty shelves, this could instead lead to
missed sales opportunities and loss of income. Therefore, having high precision in these
predictions is the most important aspect, and as of now the precision of the best model is
simply too low to be used in practice. Thus, the model produced without oversampling,
that only predicts 0 days of shortage, could in fact be the better choice.

Using SMOTE did nonetheless allow the random forest to capture the minority classes
which should be seen as a vast improvement from a modeling stand point. Having a
model that only predicts 0 days is essentially the same as having no model at all. Even
though grouping was performed in order to counter the imbalance of the duration dataset,
it is clear from Figure 5.1.1a that the dataset remained zero heavy. This could explain
why oversampling was imperative, and shows that learning from imbalanced datasets is
a great challenge.

The feature importance for the duration model presented in Figure 5.3.1 shows that
quotient is the most important feature for the model. This goes in line with what was
expected, the main assumption for this thesis was that following a production instance
where not all the planned goods were produced could cause a shortage, and for this
to be deemed the most important feature does in a way confirm this assumption. The
second most important feature according to the PFI was the production frequency freq,
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one reason for this could be that if the relative production frequency is high, there are
more opportunities close in time for the production to catch up on lost production and
vice versa. One thing that stands out is the fact that the forecasting of expected sales
fc_Bf is regarded as the least important. This could be explained by the fact that the
relative high demand, depending on seasonality or the type of product, is already being
accounted for in the planned quantity at each production instance, thereby leaving the
feature redundant. Another reason could be that the normalization step yields a noisy
feature, and as a consequence hardly any information can be extracted from it.

6.2 Delay Model

Looking at the boxplots in Figure 5.2.2, one can see that the spread of the validation
accuracy take on a range of 20% which is rather large and suggest that the model is
unreliable. Using the test score one can see that it is close to the median or above
which can be used as an argument for the model not being overfitted, and thus reliable
in that sense. From the test results in Table 5.2.2 one can see that the best model,
model 5, is good at capturing the group of 44+ with a recall close to 80%, but a lower
precision compared to the other classes. This could be caused by the fact that despite
using oversampling the model remains biased to predicting the majority class. The other
classes show decent results but for class 1, the recall is the lowest of 45%. From this it
follows that the remaining 55% are distributed over the other classes and have thereby
predicted a longer delay than it actually was. This could indicate that there is a chance to
take proactive action against any shortage related consequences when in fact the shortage
begins the very next day. However, from this perspective it could be argued that it is
more important to capture shortages that begin after a longer delay since these allow time
for a counter strategy to be formed and set in motion, thus making it more important to
capture the two classes with longer delays.

Using SMOTE yields the best model for the delay, and even though using no oversampling
technique resulted in some classes having a higher recall and precision, the models using
SMOTE produce a more evenly distributed recall and precision with a higher average over
the different classes which is preferable. Comparing the distribution of the delay before
and after grouping in Figure 4.5.2b and 5.2.1a, it is clear that after using the grouping
technique a much more balanced dataset was achieved. Furthermore, using SMOTE
improved the ability to capture the minority class of 2-3 days of delay which from the
previously stated arguments should be seen as an important class to identify.

Looking at the feature importance in Figure 5.3.2, it is clear that the freq feature is
considered to be the most important to the model. This is highly reasonable considering
that products that are produced more often could be intended to only cover the demand
for a shorter period forward in time with each production instance, and thereby could
a loss in produced goods yield ramifications quicker. From the figure, one can also see
that all other features are about equally important except fc_Bf. This feature have a
negative PFI close to 0 which indicates that it is not improving the model’s performance
and therefore unimportant. This suggest that using the forecasting back in time is not
as relevant as the future forecast which seems plausible. The forecasting back in time
captures whether or not it has been accurate in the period before a disruption, which
likely is more reasonable to indicate if a shortage will occur or not. Due to the delay
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model being trained on data only consisting of disruptions which leads to a shortage,
the information that the forecasting backwards brings can in that sense be deemed as
irrelevant when it is already known that a shortage will occur.

6.3 Future Work

The most relevant development of the current findings would be to improve the
performance of the duration model or in another way successfully predicting if a shortage
will occur or not. One suggestion would be to develop a binary model that either classifies
shortage or no shortage, and focus on high precision for the shortage class. The current
delay model could then be used to give Arla insights and justify decisions based on
statistics.

Arguably, one of the most important aspects of a statistical model is the dataset it is
based upon. The data used in this thesis is limited to 1076 and 274 rows of data for
the duration and the delay model respectively. By increasing the number of data points,
more instances of each class would be added and could decrease the models sensitivity to
outliers and bad data, which arguably is even more important in an unbalanced dataset.
One way to increase the number of data points could be to use all production instances
despite them not causing a shortage, this would however require an alteration in the data
procurement and extend the assumption that shortages are caused by more factors than
just the disruptions currently used, and thus widening the scope. This would most likely
also be subject to the issue of imbalanced data.

Since there is no predefined link between a disruption and a shortage, the data is based on
assumptions which are simplified and could deviate from reality. Another improvement
is to put more extensive work on creating the data to successfully map a shortage to the
right disruption. This could be done through qualitative analyses. The main focus of the
thesis was not on the procurement of the data and therefore there are much room left
for improvement.

The random forest classifier was used based on previous work for similar types of
predictions but the model selection can be very dependent on the data. A further
development could be to examine the performance using the features brought by this
thesis with other models to find better suited ones.

Regarding the features, the ones used are based on intuition and expectations of what
should affect the impact. Since the impact might be correlated to features that are not
intuitively useful, one could increase the additional features with for example information
about the products and examine if it would lead to an improved model.

Using SMOTE increased the performance for both models but they were still best at
capturing the majority class which shows that imbalanced learning is challenging and
using SMOTE does not remove the problem of imbalance. SMOTE is sensitive to noisy
data so further developments could be to make a more thorough analysis of the data or
use other oversampling techniques that might prove to be better suited for this data.

38



CHAPTER 6. DISCUSSION AND CONCLUSIONS

6.4 Conclusions

Looking at the test scores compared to the validation scores from the CV, one can see that
the models are not clearly overfitted on the training data since the test scores were either
close to the median or above. The duration model does not give results stable enough to
presume it being accurate since the precision and recall is too low for the minority classes.
Although, objectively the selected model is better than always assuming no shortage since
the model does in fact predict shortages. Grouping the data resulted in more balanced
datasets for the delay, this reflected on the test results where the improvement after
using SMOTE was not as apparent as for the duration, which after grouping still had an
imbalanced dataset.

The most important features for the duration model is quotient followed by freq and
then stock. The two least important features are fc_Bf and fc_F7, but from the results
of the the PFI those features are still considered important since a change in the model’s
performance is present. The most important feature for the delay model is clearly freq,
and the least important one is fc¢_Bf which should be removed from the model to reduce
complexity. The other features are about equally important according to the results from
the PFI.

Implementing the models to the proposed framework in Figure 4.5.1 would not
successfully meet the required expectations primarily due to the low performance of the
duration model which determines whether there is a shortage or not. If this prediction
is inaccurate, the result of the delay model is insignificant. On the other hand, the delay
model itself can rather successfully predict the delay of a shortage if it is known that it
will occur.
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