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Abstract

At Infineon, every day, a large number of tickets are submitted through a specific platform and
then handled by a specific team, manually and based entirely on previous experience with histor-
ical tickets. Tickets can be related to project rollouts (e.g. oneSAP), releases/applications go-live
(monthly), change requests (tunings), feature bug fixes (issues/problems), and operational inci-
dents, among others. Tickets are then ordered by priority and available resources and then handled
by the specific team that attends to the requests. Although this process works, it is not effective
in a way that human decisions do not always represent the best decision and can be biased. To
identify which resources should be available to support the resolution of tickets, avoiding major
impacts and incidents, as well as to take proactive actions and prioritize in the best possible way,
this Master Thesis focuses on obtaining a Time Series Forecasting model capable of predicting and
forecasting the volume of the tickets and their types, especially for project rollouts, as well as to
recognize patterns and trends (e.g., end of the fiscal year or holiday season). Several Time Series
Forecasting models were described as the result of the state-of-the-art research made, being then
used and compared, with Lasso and Ridge Regression achieving the best results in well-known
metrics. To visualize the conclusions obtained from the best-performed models, a visual interface
(dashboard) displays the results. This solution should support the team that handles the tickets in
the resolution of them, having a major impact in terms of performance, efficiency, and planning.
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Albert Einstein



Contents

Abstract
Acknowledgements
Abbreviations

1 Introduction

1.1 Motivation . . . . . . . . o o e e e e e e e e e e
1.2 Objectives . . . . . . o v e e e
1.3 Structure . . . . . . . e e

2 Time Series Forecasting

2.1 Time Series . . . . . . ... e e
2.2 Time Series Forecasting . . . . . . . . . . ... .
2.3 Time Series Forecasting Models and Techniques . . . . . .. ... ... .....
23.1 LassoRegression . . . . . . ... ... ... .

2.3.2 RidgeRegression . . . . . . . . .. ...

233 ARIMA . . . e

234 SARIMAX . . . . e

2.3.5 Attificial Neural Networks . . . . . . ... ... ... ... ... ....

23.6 LSTM . . . . . . e

237 LSTMX . . . o e

23.8 DeepAR. . . . .

239 Prophet . . . . . ..
23.10 Summary . ...
2.3.11 Other Techniques . . . . . . . . . . .. . .. ..

2.4 Data Preparation in Time Series Forecasting . . . . . .. ... ... ... ....
2.4.1 Machine learning supervised analysis for enhancing incident management
PIOCESS © . o v v e e e e e e e e e e e e e e e

2.4.2 Effective feature pre-processing for time series forecasting . . . . . . . .

3 Scope and Preliminary Work

3.1 Technology Decision Matrix . . . .. ... ... ... ... ... ... ....

4 Data
4.1 DataUnderstanding . . . . . . . . . . ...
4.1.1 Incidents . . . . .. ... ... ...
4.1.2 Tasks . . . . .
42 DataPreparation . . . . . . . . . . ...

v

ii

N = =

~N OB W W

14
15
16
18
21
23
24

24
25

27
27



CONTENTS

4.2.1 Dataselectionandcleaning . . . ... ... ... ... ..., .
4272 Dataconstruction . . . . . . . . ... e e e e
4.2.3 Data integration and formatting . . . . . .. ... ... ...
43 DataVisualization . . . . . . . . . . ...
5 Models
5.1 Trainandtestdatasets . . . . . . . . . . . . . e
5.2 LassoRegression . . . . . . .. .. ... ...
5.3 RidgeRegression . . . . . . . ... e
54 ARIMA . . . e
5.5 SARIMAX . . . . e
5.6 RNN . . . . e
57 LSTM . . e
5.8 LSTMX . . . . e e
5.9 DeepAR . . . . e
5.10 Prophet . . . . . . e
6 Evaluation
6.1 Historical Evaluation . . . . . . ... ... .. ... ... . ... . ... ...,
6.1.1 LassoRegression . . . . . . .. ... ... o
6.1.2 RidgeRegression . . . . . . .. ... ...
6.1.3 ARIMA . . . . . e
6.1.4 SARIMAX . . . . . . e
6.1.5 RNN . . .
6.1.6 LSTM . . . . . . . . e
6.1.7 LSTMX . . . . . e
6.1.8 DeepAR. . . . . . .
6.1.9 Prophet . . . . . . ...
6.2 Bestmodels . . . . . . . ... e
6.3 Live Evaluation . . . . . . .. . . . .. .. ...
6.3.1 FutureDataSets . ... ... ... .. . .. ...
6.3.2 Analysisoftheresults . . .. ... ... ... ... ... ... .. ...
7 Conclusions and Future Work
7.1 Satisfactionofgoals. . . . . . ... ... ... ...
7.2 Futurework . . . . . . .. e
7.2.1 Academic futurework . . . . .. .. ... ... ...
7.22 Company futurework . . . . .. ... Lo Lo
References
A Preliminary Work
Al WorkPlan . . . . . . .
A.2 CommunicationPlan . . . .. .. ... ... ... . L L oL
A3 RiskManagement . . . . . . . ... L oL
B Evaluation

38
40
41
43

48
48
49
51
53
54
56
59
61
62
71

74
74
75
76
76
77
78
78
79
79
80
81
82
82
83

85
85
86
86
86

87

93
93
94
94

96



List of Figures

2.1
2.2
2.3
24
2.5
2.6

3.1
3.2
33

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13

4.14
4.15
4.16
4.17

Al

Example of a Perceptron. [61] . . . . . . . . . .. ... ... 11
ANN and Feedforward Network. . . . . .. . ... ... ... ... ... ..., 11
Direct and Indirect Feedback Network. . . . . . . . ... ... ... ... .... 12
Lateral and Complete Feedback Network. . . . . . .. ... ... .. ...... 13
LSTM architecture. Source: [3]. . . . . . . . . . . . . . .. e 15
DeepAR architecture for training (left) and prediction (right) stages. . . . . . . . 18
Average score by topic and technology for the Database. . . . . ... ... ... 29
Average score by topic and technology forthe AL . . . . . . ... ... .. ... 29
Average score by topic and technology for the Dashboard. . . . . . .. ... .. 30
Incidents distribution peryear. . . . . . . . . .. ... 33
Incidents distribution in 2020. . . . . . ... ..o oL 34
Incidents distribution in 2021. . . . . .. ... oL oL 34
Incidents distribution in 2022. . . . . . ... oL oL Lo 35
Incidents distribution per source. . . . . . . . ... ..o 35
Tasks distribution peryear. . . . . . . . . . . . ... 36
Tasks distribution in 2020. . . . . . . . ... 37
Tasks distribution in 2021. . . . . . . . ... oL 37
Tasks distribution in 2022. . . . . . .. ..o 38
Tasks distribution pertype. . . . . . . . . . . ... 38
Drop-downs to select the prediction interval for the incidents and tasks. . . . . . 44
Example of the dashboard with the prediction for the next seven days. . . . . . . 44
Example of a window that appears on mouse click on a stacked bar in the tasks

prediction graphic. . . . . . . . . ... 45
Set of options available for each graphic. . . . . . . . ... ... o000 46
Hide (top) vs. Show (bottom) option for the graphic’s caption. . . . . ... . .. 46
Maximum Zoom In (top) vs. Maximum Zoom Out (bottom) option for the graphics. 47
Graphic seen in full-screenmode. . . . . . . ... ... oL L. 47
Gantt diagram for this Master Thesis. . . . . . .. ... ... ... ... .... 93

vi



List of Tables

2.1
2.2
2.3

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9
6.10
6.11
6.12
6.13
6.14
6.15
6.16
6.17
6.18
6.19
6.20
6.21
6.22
6.23
6.24

A.l
A2

B.1
B.2
B.3
B4
B.5
B.6
B.7

Summary of the Regression Models. . . . . .. ... ... .. ... .......
Summary of the Neural Networks models. . . . . . ... ... ... .......
Summary of the Advanced Models. . . . .. ... ... ... ..... . ....

Best results obtained for the Lasso Regression model on the Tasks data set.

Best results obtained for the Lasso Regression model on the Incidents data set. . .
Best results obtained for the Ridge Regression model on the Tasks data set.

Best results obtained for the Ridge Regression model on the Incidents data set.
Best results obtained for the ARIMA model on the Tasks dataset. . . ... ...
Best results obtained for the ARIMA model on the Incidents data set. . . . . . .
Best results obtained for the SARIMAX model on the Tasks dataset. . . . . . . .
Best results obtained for the SARIMAX model on the Incidents data set. . . . . .
Best results obtained for the RNN model on the Tasks dataset. . . . . ... ...
Best results obtained for the RNN model on the Incidents dataset. . . . . . . ..
Best results obtained for the LSTM model on the Tasks dataset. . . . ... ...
Best results obtained for the LSTM model on the Incidents dataset. . . . . . . .
Best results obtained for the LSTMX model on the Tasks dataset. . . ... ...
Best results obtained for the LSTMX model on the Incidents dataset. . . . . . .
Best results obtained for the DeepAR model on the Tasks dataset. . . ... ...
Best results obtained for the DeepAR model on the Incidents dataset. . . . . . .
Best results obtained for the Prophet model on the Tasks dataset. . . . . .. . ..
Best results obtained for the Prophet model on the Incidents data set. . . . . . . .
Best-performing models for the Tasks dataset. . . . . ... ... ... ......
Best-performing models for the Incidents dataset. . . . . . . ... ... .. ...
"Live Evaluation" for the Tasks data set for the prediction interval of 7 days. . . .
"Live Evaluation" for the Tasks data set for the prediction interval of 30 days.
"Live Evaluation" for the Incidents data set for the prediction interval of 7 days. .
"Live Evaluation" for the Incidents data set for the prediction interval of 30 days.

Communicationplan. . . . . . . . . . . . ...
Risk management. . . . . . . . . . ... L

Results obtained for the Lasso Regression model on the Tasks data set. . . . . . .
Results obtained for the Lasso Regression model on the Incidents data set. . . . .
Results obtained for the Ridge Regression model on the Tasks dataset. . . . . . .
Results obtained for the Ridge Regression model on the Incidents data set. . . . .
Results obtained for the ARIMA model on the Tasks dataset. . . . . . ... ...
Results obtained for the ARIMA model on the Incidents dataset. . . . . . .. ..
Results obtained for the SARIMAX model on the Tasks dataset. . . . . .. ...

vii



LIST OF TABLES viii

B.8 Results obtained for the SARIMAX model on the Incidents dataset. . . . . . . . 103
B.9 Results obtained for the RNN model on the Tasks dataset. . .. ... ... ... 104
B.10 Results obtained for the RNN model on the Incidents dataset. . . ... ... .. 105
B.11 Results obtained for the LSTM model on the Tasks dataset.. . . . .. ... ... 106
B.12 Results obtained for the LSTM model on the Incidents dataset. . . . . . ... .. 107
B.13 Results obtained for the LSTMX model on the Tasks dataset. . . . . . ... ... 108
B.14 Results obtained for the LSTMX model on the Incidents dataset. . . . . . . . .. 109
B.15 Results obtained for the DeepAR model on the Tasks dataset. . . ... ... .. 109
B.16 Results obtained for the DeepAR model on the Incidents dataset. . . . . . . . .. 110
B.17 Results obtained for the Prophet model on the Tasks dataset. . . . ... ... .. 110

B.18 Results obtained for the Prophet model on the Incidents dataset. . . . . .. . .. 111



Listings

4.1 JSON example for the incidents. . . . . . . . . .. ... ... ... ... .... 45
4.2 JSONexample forthetasks. . . . . . . ... ... ... ... ... . 45

ix



Abbreviations and Symbols

Al Artificial intelligence

AMP Automatic mixed precision

ANN Artificial neural network

API Application programming interface
AR Autoregressive

ARIMA Autoregressive integrated moving average
ARIMAX  Autoregressive integrated moving average with exogenous variables
ARMA Autoregressive moving average
CNN Convolutional neural network
CPU Central processing unit

DNN Deep neural network

FC Fully-connected

GPU Graphics processing unit

HICP Hybrid infineon cloud platform
HPU Hydraulic power unit

HTML HyperText markup language

ID Identifier

IPU Intelligence processing unit

IT Information technology

JSON JavaScript object notation

LLM Large language models

LSTM Long short-term memory

LSTMX Long short-term memory with exogenous variables
MA Moving average

MAE Mean absolute error

MAP Maximum a posteriori

MAPE Mean absolute percentage error
MCMC Markov chain monte carlo

ML Machine learning

MSE Mean squared error

MVC Model-view-controller

NLP Natural language processing

NN Neural network

REGEX Regular expression

RMSE Root mean squared error

RNN Recurrent neural network

RSS Residual sum of squares

SARIMA Seasonal autoregressive integrated moving average



ABBREVIATIONS AND SYMBOLS

SARIMAX Seasonal autoregressive integrated moving average with exogenous variables
SNN Simulated neural network

SQL structured query language
SVM Support vector machine
TPU Tensor processing unit

Ul User interface

XLA Accelerated linear algebra

XML Extensible markup language



Chapter 1

Introduction

1.1 Motivation

At Infineon, every day, a large amount of SAP [47] tickets are submitted through a specific
platform. Tickets are either incidents or tasks and can refer to project rollouts (e.g., oneSAP),
releases/applications go-live (monthly), change requests (tunings), feature bug fixes (issues/prob-
lems), and operational incidents, among others. Tickets are handled by a specific team (SAP
Basis), who manually orders them by priority and available resources (technical and human re-
sources) and based entirely on previous experience with historical tickets.

The handling process is not effective since human decisions are not always the best and can
be biased [14]. The decisions rely on identifying which resources should be available to support
the resolution of tickets, avoiding major impacts and incidents, as well as taking proactive actions

and prioritizing in the best possible way.

1.2 Objectives

This Master Thesis focuses on the creation of an Al model capable of predicting and forecast-
ing the volume of the tickets and their types (only applicable to tasks since incidents do not have
an associated type), especially for project rollouts, as well as to recognize patterns and trends (e.g.,
end of the fiscal year or holiday season).

The Al model is the best performing one among a set of models that are trained using historical
tickets and tuned using hyperparameter optimization, with the training being repeated frequently
to improve the models’ accuracy and keep them up-to-date.

Each model is trained and used for forecasting tickets for each of the desired prediction inter-
vals (7, 30, 60, 90, 365 days). Common known metrics are used to assess models’ accuracy.

A dashboard is also available to display the results obtained from the built model. The dash-
board is composed of two main parts. One refers to the prediction of the overall number of inci-

dents, and another to the prediction of the overall number of tasks, with its distribution per type.
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The user can select the prediction horizon and visually adapt the graphics to better analyze the
predictions.

For the specific case of predictions for the next 365 days, it’s also expected to have a visual
clue on the possible existing patterns and trends.

This solution supports the team that handles the tickets in the resolution of them, having a

major impact in terms of performance, efficiency, and planning.

1.3 Structure

This document is structured as follows: Chapter 2 includes state-of-the-art research about
Time Series, its forecasting techniques, methods, and models, and Data Preparation in Time Series
Forecasting. Each model is analyzed in depth in this Chapter, and some examples of their usage
are presented.

Chapter 3 describes the problem and the preliminary work made during the preparation of this
Master Thesis.

Then, in Chapter 4, the Data Understanding and Data Preparation processes are described in
detail, in what constitutes two of the most important steps in a Time Series Forecasting project
like this Master Thesis. This chapter also describes the process behind the creation of the visual
interface to display the predictions obtained, as well as the dashboard components and functional-
ity.

This chapter is followed by Chapter 5, in which the concrete implementations of all the models
used in the project are presented and justified.

Afterward, the results of the models obtained with known metrics are analyzed in depth in
Chapter 6, which includes two approaches (Historical and Live Evaluation) and a new method to
split the train and test data.

Last but not least, Chapter 7 contains the conclusions for this Master Thesis, including the

satisfaction of goals and future work.



Chapter 2
Time Series Forecasting

In this chapter, an introduction and analysis is presented to the state-of-the-art for Time Series
Forecasting. The chapter is divided into several parts, with the first one being the analysis of the
Time Series concept, followed by the most commonly used forecasting techniques, methods, and
models, as well as the Data Preparation stage specially designed for problems similar to the one
developed under this Master Thesis.

To search for the above-mentioned topics and related work, both Scopus [12], an abstract and
citation database, and Elicit [41], an Al-powered research assistant that uses LLM, were used.

Mendeley [11] was used to collect all the documents that were read and analyzed and manage
the corresponding references.

The literature about the above-mentioned topics and the related work search was done after

identifying the following information needs:
* "time series"
 '""time series forecasting"
¢ “time series forecasting” AND “ticket”
* “time series forecasting” AND ‘“amount''
* “ticket analysis” OR “incident analysis”
* “machine learning” AND ‘ticket management”

The selection criteria were based on the number of citations, relevance, and similarity of the

retrieved documents.

2.1 Time Series

The definition of Time Series, according to the Cambridge Business English Dictionary [10],
is "a list of numbers relating to a particular activity, which is recorded at regular periods of time

and then studied. Time series are typically used to study, for example, sales, orders, income, etc."
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In the same direction, the Encyclopedia of Biometrics [1] defines Time Series as "a sequence
of data points, measured typically at successive times, spaced at (often uniform) time intervals."

According to Margherita Gerolimetto, in the paper titled "Introduction to time series analy-
sis" [18], time series are "any (finite or infinite) sequence of observations indexed by an ordered
set ("time’)."

In the same paper, a distinction is made between continuous and discrete Time Series. The
first are those where the observations can be obtained at any point in time. The second refers to all
whose observation can only be obtained in a limited set of time values.

For the discrete Time Series, there is also a distinction between the levels and flow types.
While the levels are Time Series registered instantaneously, flows are cumulated Time Series over
a time interval.

In a nutshell, Time Series is a list of data points whose occurrence is time-dependent, with the
interval of time between successive data points being equal most of the time.

An example of a Time Series that everyone had contact with was the daily cases of COVID-19.
In this case, the data points were the number of infections, which were associated with the day on
which the same number was registered.

In the scope of this Master Thesis, the Time Series, as analyzed in depth in Chapter 4, is a list
of data points, each representing a ticket and its characteristics, with the time component being the
day in which each ticket was submitted. The Time Series used in this Master Thesis is a discrete

and levels-type one.

2.2 Time Series Forecasting

A common usage of a Time Series is to forecast future occurrences of similar data points that
make up the Time Series.

As mentioned in the Encyclopedia of Biometrics [1], "learning on time series data attempts to
understand the relationship between data and time, e.g., making forecasts. The order of the data
points along the time axis is an important factor to be considered in the learning methods."

This means that models are used to understand and extract the relationship between data and
time, but also that, for the purpose of this forecasting, the data points must be ordered chronolog-
ically so that, in case there are any patterns and/or relations, these can be extracted and used to
predict similar occurrences in the future. However, while this is a mandatory step for traditional
models, new ones are tolerant of the non-ordering of the data by date, with some requiring that the
data is not chronologically ordered at all, as explained later in this Master Thesis.

According to the paper "Introduction to time series analysis" [18], Time Series Forecasting

has two main objectives:

1. Develop models for describing the behavior of individual or multiple time series.

2. Propose a methodology for specifying, estimating, and validating (assessing) an appropriate

model for specific data.
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In the same paper, multiple Time Series Forecasting problems are described. For this Master

Thesis, the problem that is being addressed is forecasting within a time interval.

2.3 Time Series Forecasting Models and Techniques

As mentioned before, in order to forecast future occurrences of a Time Series, several models
can be used.

In this section, a theoretical explanation is provided for each of the selected models used in
the scope of this Master Thesis. Each of the subsections is dedicated to a model, containing its
presentation and the references to related selected documents. Each document is summarized and

compared against the goals of this Master Thesis.

2.3.1 Lasso Regression

In 1996, Robert Tibshirani coined the Lasso Regression term [75], whose origin goes back to
the geophysics area in which this kind of regression was first introduced.

The Lasso Regression stands for Least Absolute Shrinkage and Selection Operator and is a
popular regularization technique used in ML projects for prediction and feature selection tasks. It
is characterized by being a model that achieves high accuracy with simplicity and a lower number
of parameters. It is also a model that achieves good results for high-dimensional data sets (i.e., a
high number of features).

It is based on the basic linear regression formula, where y is the dependent variable (target)
and x1, x2, ..., X, are the independent variables. The 8 values are the coefficients to be predicted,

and the € is the error.

y:Bo—i-ﬁ]x] +ﬁ2xz+...+ﬁpxp+8

The additional penalty introduced by Lasso Regression is obtained with the L1 regularization,
which sums the absolute values of the coefficients to be predicted and multiplies the sum by a

regularization parameter (A) that controls the level of regularization applied to the model.

L1 =Ax(|Bol +1Bil+1B2| + ... +[By])

The practical usage of the L1 regularization technique is that it shrinks some coefficients to
zero when A is high enough, automatically doing the feature selection task. Thus, it is crucial to
define the tuning parameter (1) correctly.

When equal to 0, the tuning parameter makes the Lasso Regression a Linear Regression, and
when close to infinity, it eliminates more features. Increasing the tuning parameter means an
increase in bias, while a decrease reflects a variance increase.

On the theoretical side, L1 regularization is used to avoid over-fitting the data.

The objective of the Lasso Regression is to find the coefficient values that minimize the L1
regularization term and, at the same time, minimize the sum of the squared difference between the

observed values and the predictions (RSS).
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RSS =Y (yi— Bo— X7 Bjxi))

In a nutshell, Lasso Regression tries to minimize RSS + L1.

To find the best coefficient values, it is common practice to use an optimization algorithm such
as the Coordinate Descent in parallel, which updates each coefficient iteratively while keeping the
remaining unchanged.

An automated k-fold cross-validation approach is also a common practice [42]. In this ap-
proach, the data set is divided randomly into k sub-samples of the same size, using k-1 of those
for the model construction and the remaining one for validation purposes. This procedure is made
k times, obtaining k number of A and selecting the best one to be used in the model.

While Lasso Regression has some advantages, it also has some disadvantages, like the lower
accuracy and loss of information when in a data set there are multiple variables with some correla-
tion between them. In the presence of correlated variables, Lasso Regression retains one of them

and shrinks the coefficients of the others to zero.

2.3.2 Ridge Regression

In 1970, in a paper entitled "Ridge Regression: Biased Estimation for Nonorthogonal Prob-
lems" [21], Arthur Hoerl and Robert Kennard introduced the Ridge Regression model, which is
similar to the Lasso Regression.

Both take as starting point the Linear Regression, but while Lasso uses the L1 regularization
technique, the Ridge Regression uses the L2 regularization, which is particularly important when
the data set has multicollinearity.

Multicollinearity in a data set means that at least two independent variables have a correlation,
making it difficult to determine the individual effect of each to determine the dependent variable.
In this specific case, variances are large, and least-squares are unbiased, meaning the difference
between predicted and observed values is significant.

Like Lasso Regression, Ridge Regression also addresses the issue of over-fitting in Linear
Regression, which comes from the fact that variables can be highly correlated and prone to over-
fitting while making the model complex at the same time.

The L2 regularization term is introduced by Ridge Regression as a penalty term to the error
function, which shrinks the coefficients towards zero, thus reducing their magnitudes. While doing

this, the coefficients cannot become too large, which also reduces the complexity of the model.
L2=A%(Bo+Pi+Pa+...+Bp)°

Here, the A is the penalty term, reducing the magnitude of the coefficients with an increase
in its value. It also shrinks the parameters, preventing multicollinearity and reducing the model
complexity.

With the application of the L2 regularization, Ridge Regression achieves a balance between

the importance of individual data points and the capture of underlying patterns in data.
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Ridge Regression is also effective against outliers, despite not being as effective as Lasso
Regression. In Linear Regression, the coefficients can be highly influenced by outliers, while
in Ridge Regression, with the L2 regularization, the coefficients are shrunk, thus reducing the
influence of the outliers.

In the same direction as Lasso Regression, the objective of Ridge Regression is to minimize
RSS + L2.

Usually, Ridge Regression achieves better prediction results and accuracy, but it also has some
disadvantages.

One of the main disadvantages results in the obtained coefficients being biased. As the L2
regularization shrinks the coefficients toward zero, that means that the obtained coefficients only
provide a reduced version of the original magnitude, thus not indicating the relationship between
a feature and the outcome variables.

Another practical disadvantage is that the application of this model to a large data set can
become computationally expensive. It is a model that is hard to optimize, and the interpretation of

the results is also difficult because of the modification made to the coefficients.

2.3.3 ARIMA

ARIMA stands for Autoregressive Integrated Moving Average and is a generalization of the
Autoregressive Moving Average (ARMA) model [38].

ARMA was first introduced in 1951 in a thesis entitled "Hypothesis testing in time series
analysis" [8], of the authorship of Peter Whittle.

ARMA models are used in time series analysis whenever the time series is stationary [64].
Being stationary means that its statistical properties do not depend on time t, and it may be only
stationary with respect to one characteristic and not to another. A stationary time series is far more
easy to predict than a non-stationary time series due to its known statistical properties.

The time series that are used in ARMA models are generated by passing white noise (i.e.,
stationary time series or stationary random process with zero autocorrelation, which means it is an
experiment that produces as output functions of a single continuous variable, which is time, in this
case) through a recursive and a non-recursive linear filter, consecutively. A linear filter is a filter
whose output is a linear function of the input.

This kind of model results from the combination of an autoregressive (AR) model [37] with a
moving average (MA) model [36].

On the one hand, an AR model is a model in which each value to be predicted in a time series
depends on the previous one(s). This model assumes that there is a strong correlation between
the previous values and the future ones. In the most simple case, the AR model equation is the

following.

Vi=ctoy1t&
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In the above equation, y; is a variable to be predicted at time t, y,_; is the value on the imme-
diate before time, c is a constant, & is the error, and ¢, is a value between -1 and 1 that represents
the relevance of the previous value in the prediction of the current one.

To generalize the AR equation, one can consider P as the number of previous values to be used

in the calculation of y,. With that, the equation for AR is the following.

vi= (X0 dyii) tet+g

The value for P ranges from 1 to the number of available previous values.

On the other hand, a MA model is a model that takes into account previous errors to predict
future values. This model assumes that there is a strong correlation between the previous errors
and the future values. In the most simple case, the MA model can be defined with the following

equation.
yi=c+01& 1+&

In the above equation, y,, ¢, and & have the same meaning as for the AR equation. &_
represents the error from the previous time (t-1), and 0 is the value that represents the relevance
of that error for the calculation of y;.

Again, like for the AR model, to generalize MA, one can consider Q as the number of previous
errors to be considered in the calculation of y,. That said, the general equation of MA is the

following.
y[ == (ZIQ:] 6181_/) + C+ 8[

Q can take values from 1 to the number of previous values.
By joining the equations of the AR and MA models, in the simple case, it is possible to obtain
the equation for the ARMA model, which is the following.

Vi=Cc+P1y—1+01&_1+&

While the above equation takes into consideration only the last predicted value, which is the
simplest case, the model can be more complex and also consider a variable number of previous
values and errors. Considering the P value from AR and the Q value from MA, ARMA can be
defined as ARMA(P,Q). That said, the general formula for ARMA(P,Q) is the following.

e = (Z1 ive—i) + (ZJQ:I 0j&—j) +ct&

The ARIMA model, contrary to the ARMA model, can also be used with non-stationary time
series [5]. This is only possible due to the differencing that is applied to non-stationary time series,
which converts them into stationary time series, being thus compatible with the ARMA approach.

The integrated component of the ARIMA model extends the ARMA model and is the one
responsible for the differencing. That said, ARIMA is defined as ARIMA(P,D,Q), where P and Q
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have the same meaning as for the ARMA model, and D is the number of times that the difference
is taken until the time series becomes stationary.
Considering By, = y;_1, where B is the Backshift Operator, the first order difference is defined

as

y; =Vt = V1= (1 —B))’t

Thus, the general d-th order difference equation is the following.
y; =(1-B )d)’t

With this, the ARIMA(P,D,Q) model can be generally defined as follows.

v = (X2 0y ) + (ngzl 0j&—j)+c+&

The ARIMA model is known to be computationally expensive and for not have a clear method-
ology to determine the values of P, D, and Q.

The paper [19] published in 2015 by the authors A. Gordiievych and I. Shubin introduces
the usage of ARIMA models to predict the air ticket prices, taking into account extensions that
accommodate preferences such as the number of stops in the itinerary or the specific airline to be
used.

The document lacks important information regarding the setup made to the models used and
the evaluation of them. However, it shows the importance of analyzing the data domain and
its characteristics very carefully, which is the main acknowledgment, alongside the usage of the
classic ARIMA models that performed well for the scope of the project.

The paper [6], published in 2021 by the authors Q. Chi, M. Liu, and B. Yang, also focuses on
the prediction of air ticket prices using an ARIMA model. However, the goal of this work is not to
create a model that can predict future prices but rather to create a model that fits into the existing
data, thus being able to explain the variation and fluctuation of the prices over the years.

Apart from the main acknowledgment that is the usage of an ARIMA model not only to predict
but also to adapt to the historical data, this paper also highlights the importance of the peaks in
the prices, the majority related to vacations and other festivities. This seasonality is taken into

consideration in the SARIMAX model that is presented next.

2.3.4 SARIMAX

SARIMA stands for Seasonal Autoregressive Integrated Moving Average and is an extension
of the ARIMA model, including the seasonal component [4].

The SARIMA model is the result of the combination of the ARIMA model with a seasonal
component that contains the AR and MA components lagged by the frequency of the seasonality
(e.g., hourly - 24, monthly - 12).

That said, the general simple formula of SARIMA can be defined as follows.
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Y, =ARIMA+ Wy, +M&—s = Oy, + 06— +c+&+ 1y, + ME—y,

In the above equation, y;_SI represents the lagged seasonal value (time ¢ — 51, where s is the
seasonality), y; represents the relevance of that value for the calculation of y;, &5, represents
the lagged seasonal error (time 7 — s1), and 7); the relevance of the lagged seasonal error to the
calculation of y;. All the remaining components have the same meaning as in the ARIMA equation.

To generalize the simple equation that defines SARIMA, there is the need to consider three
new parameters, P/, Q’, D’, and s.

P is the number of lagged seasonal values used in the calculation of y; and can take values
from -1 to 1, while Q' is the number of lagged seasonal errors and can take values from -1 to 1 and
D' the number of lagged times that the difference is taken until the time series becomes stationary,
both used in the same calculation and s is the seasonality frequency.

That said, the general formula for SARIMAX(P,D,Q)(P/,Dl,Q/)s is the following.

e = (L 0+ (Z?:l 0j€- ) +c+ &+ (Timt W) + (X2, &)

The SARIMAX is an extension of the SARIMA model to include exogenous variables, i.e.,
external data that adds value to the time series.

In the simple case, the equation for SARIMAX is the following.
Y, = SARIMA + Bix1, = @y, _;+ 0j&_j+ C+ &+ 11Y,_g + ME—s1 + Bixy,

In the above equation, x;, is an exogenous variable on the time t, and f3; is the relevance of this
variable to the calculation of y;.

By generalizing the above equation to include a dynamic number of exogenous variables, the
SARIMAX equation is as follows.

o= (X1 00 ) + (ngzl 0j& ;) +c+ &+ (Thoi Wyy_g) + (ZlQ:I Mi€&—s) + (Xnt1 Buxn,)

In the above equation, m is the number of exogenous variables.

2.3.5 Artificial Neural Networks

Artificial Neural Networks (ANN), also known as Neural Networks (NN) or Simulated Neural
Networks (SNN), are networks of layers with nodes whose structure resemble the human brain,
with the nodes being the artificial representation of neurons [23]. They were first introduced in
1958 by Frank Rosenblatt [44], whose work is based on the one from Warren S. McCulloch and
Walter Pitts (1943) [35], through its simplest form called Perceptron.

A Perceptron is an artificial neuron, or node, with one or more inputs, the corresponding
weights, a bias (also known as threshold), and an output, calculated through the usage of an acti-
vation function that is linear, as represented in figure 2.1.

Each input x; is multiplied by the corresponding weight w;, and the sum of these multiplica-
tions is compared against the threshold. If higher, the node is activated (output set to 1). Oth-
erwise, the node is not activated, and the output is set to 0. The following equation summarizes

these calculations.
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Constant 1

Weighted
Sum

inputs —
Step Function

Figure 2.1: Example of a Perceptron. [61]

Flo) = 1, if (Ywix;)+bias >0

0, otherwise.

In the above equation, f(x) is the activation function that determines the output of the node,
which can be either O (not activated) or 1 (activated), w; is the weight i, and x; is the value i. As it
is easily recognizable, higher weights have more influence on the node’s output.

ANN are networks of nodes, with one input layer that contains one or several nodes, an output
layer with one or several nodes, and one or more hidden layers in the between with several nodes,
as seen in figure 2.2a. Each node is connected to other nodes and has an associated weight and
threshold (also known as bias). The threshold of each node is used to validate the data that is in
the output. If the output value is above the node’s threshold, then the node is activated, and the
data is sent to the next layer of the network. Otherwise, the data is not passed to the network in
the same logic as the one for the Perceptron.

The biggest difference between the Perceptron and a node in an ANN is that, while the Per-
ceptron uses a linear activation function, the node of an ANN uses a sigmoid activation function.

The node’s output, except for the nodes in the output layer, is the input for other nodes. If

those nodes are located just in the following layers, the network is called Feedforward Network.

—
-
—
(a) Example of the architecture of an (b) Example of a Feedforward Net-
ANN with two hidden layers. [9] work. [2]

Figure 2.2: ANN and Feedforward Network.
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(a) Example of a Direct-Feedback- (b) Example of a Indirect-Feedback-
Network. [2] Network. [2]

Figure 2.3: Direct and Indirect Feedback Network.

Feedforward networks were introduced in 1965 in the work of Alexey Grigorevich Ivakhnenko
and Valentin Lapa [13]. Figure 2.2b shows an example of a Feedforward Network.

However, Feedforward Networks are not the only kind of networks. Recurrent Neural Net-
works (RNN) and Convolutional Neural Networks (CNN) are also two types of ANN.

RNNs were first introduced in 1986 by David Rumelhart [34], and they differ from Feedfor-
ward Networks because the nodes of a RNN can also connect its output to the input of nodes in
the same or previous layers, and not just to the following layers.

RNNs are used for NLP and time series forecasting projects since, in these areas, the sequential
relationship that is part of the nature of a RNN is of such importance.

There are four types of RNN:

* Direct-Feedback-Network - the output of a neuron is simultaneously its input (figure 2.3a).

* Indirect-Feedback-Network - the output of a neuron is the input of a neuron in a previous
layer (figure 2.3b).

 Lateral-Feedback-Network - the output of a neuron is the input of a neuron in the same layer
(figure 2.4a).

» Complete-Feedback-Network - the output of a neuron is the input of all the neurons in the
network (figure 2.4b).

Like in every prediction model, the goal of a RNN is to minimize the difference between the
predicted values and the observed ones. To do so, the training of a RNN consists of obtaining the
best weight values in the network that make this difference as little as possible.

The training process of a RNN includes two main steps: forward propagation and backpropa-
gation. In the first one, forward propagation, the input sequence is passed to the network, and the
output is computed every time step, being then compared to the actual output with a loss function
to assess the error. This error is then backpropagated through the network, and the weights are
updated using an optimization algorithm.

RNNs have a set of problems, like the possibility of the backpropagation leading to a small

gradient that can lead to slow or even impossible training. Another problem is that RNNs have
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(a) Example of a Lateral-Feedback- (b) Example of a Complete-
Network. [2] Feedback-Network. [2]

Figure 2.4: Lateral and Complete Feedback Network.

a short-term memory in regards to retaining information from previous layers into the current
neuron.

The first works on CNNs date back to 1980 and 1989, when Kunihiko Fukushima [17] and
Yann LeCun [27], respectively, introduced this type of ANN that is mainly used in classifications
and computer vision tasks because of their better performance with media (audio and image) [22].

These kinds of ANNs have three types of layers:

* Convolutional layer,
* Pooling layer,
* and Fully-connected (FC) layer.

The convolutional layer is the first in a CNN, followed by other convolutional or pooling
layers. The FC layer is always the last in a CNN. The complexity of a CNN increases over its
layers, with the first ones having a lower complexity when compared to the last.

Starting with the convolutional layer, which is the one responsible for the majority of the
computation, this layer contains the input data, a filter, and a feature map. The application of the
filter, which contains weights, to the input data is what gives the name to the layer, as this process
is known as a convolution.

The convolution process produces as output an array with the dot products of the filter and
input, which is the feature map. Once finished, a Rectified Linear Unit (ReLU) transformation is
applied to the feature map, and that introduces non-linearity to the CNN.

The pooling layer, like the convolutional layer, applies a filter to the input, but the differences
are that the filter does not contain weights, and the goal is to reduce the dimension of the input.
This reduction is achieved by using an aggregation function that produces an output array. This
aggregation can be achieved with an average function (average of the input) or with a maximum
function (maximum of the input).

The reduction that is made in this layer has as its main disadvantage the loss of information,
but it also has some known advantages such as complexity reduction, improved efficiency, and

limits the overfitting risk.



Time Series Forecasting 14

Last but not least, the nodes in the FC layer have as input the output of a node of a previous
layer. It is the final layer of a CNN and has as its main goal the classification task based on the
processing made in the previous layers. Softmax is the activation function used in this layer, most
of the time, producing a probability between 0 and 1.

ANNSs are also the basis for Deep Learning Algorithms, which use Deep Neural Networks
(DNN). If a Neural Network has 3 layers (including the input and output layer), it is called ANN.
Otherwise, it is a DNN.

The document [62] published in 2014 by the authors M. Sodanil and P. Chatthong proposes
the usage of an ANN to predict the amount of solid waste in Bangkok.

The ANN is built using a backpropagation algorithm, i.e., a RNN, and the performance vector
is used to evaluate the model. The performance vector is obtained with the actual and predicted
values, the MSE, and a custom correlation.

The optimum number of neurons was chosen by trial and error in both the input and hidden
layers. For the output layer, only one neuron, the prediction for the next time window, was used,
as expected.

The sigmoid function was also used as an activation function in the hidden layer, while the
linear function was the one used in the output layer. Due to the nature of the RNN architecture,
the weights and biases were adjusted dynamically during the training process.

The main acknowledgments of this paper are the usage of a RNN, the fact that the optimal
number of neurons was obtained by trial and error, and the usage of the sigmoid and linear func-

tions in the hidden and output layers, respectively.

23.6 LSTM

LSTM stands for Long Short-Term Memory, and this kind of network was invented by Sepp
Hochreiter and Jiirgen Schmidhuber in 1997 [20].

LSTM networks are a sub-type of Recurrent Neural Networks (RNN), introduced in the pre-
vious section, whose origin is motivated by the resolution of the problems that RNNs have.

The main purpose of a LSTM network is to retain the information from previous layers for as
long as possible in a cell state, also called long-term memory. The information from a previous
layer, which was already taken into account by the RNNS, is stored in the hidden state, representing
the short-term memory.

Every time step, the input of the current neuron, x(z), is also augmented with the previous
hidden state, h(r — 1), and the previous cell state, c¢(z — 1), as it is possible to see in figure 2.5.

Both the input of the current neuron and the previous hidden state pass through a forget gate,
in which this information is multiplied by a value from O to 1 to decide which part of it is relevant
to be stored in the cell state. If this value is O, it means all the information is discarded, and if it
is 1, it means that all the information is kept. Any value in the between results on only part of the
information to be stored in the cell state. The result of this combination of input, hidden state, and

value is then multiplied by the cell state value.
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Figure 2.5: LSTM architecture. Source: [3]

The input gate assesses how important is the input of the current neuron by multiplying it with
the previous hidden state and with the weight matrix from the last execution. The result of this
calculation is then added to the cell state, which becomes the new value to be used in the next
execution.

Last but not least, the output gate calculates from the hidden state the output of the current
execution, using a sigmoid function, multiplying it for the cell state that was previously activated

with the tanh function.

2.3.7 LSTMX

LSTMX networks are for LSTM as SARIMAX is for SARIMA. LSTMX stands for Long
Short-Term Memory with Exogenous variables and is an extension of the LSTM model to include
external data to the time series or any other data used in the model.

The inclusion of exogenous variables in LSTMX networks depends on the architecture se-
lected by the developer and differs from project to project, depending on the special needs of the
data.

In this document [24], published in 2021, the authors K. Imanaka and C. Sakama focus on the
usage of neural networks to predict air ticket demand based on past ticket sales.

There is a strong relation between the goals of this document and the ones of this Master
Thesis, with the main difference being the area on which the data relies.

From the models used and evaluated, the authors concluded that the LSTMX and SARIMAX
models were the best performed, with LSTMX achieving a better RMSE metric result and captur-
ing dynamics in short periods better.

From the modifications made to the original models, two are particularly important. The

separate processing of the time series data and non-time series data in the LSTM block and the
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introduction of the AR component apart from the neural network, which captures the short and
long-term patterns in the time series data.

One of the conclusions of this document was that the month of departure date and the day of
the week are effective in predicting the fluctuation. Another conclusion was that the fluctuation
prediction would be more accurate if longer-term training data of several years were used.

Both conclusions were taken into account for this Master Thesis, with both being handled in

the best way, as described in Chapter 4.

2.3.8 DeepAR

DeepAR is a forecasting method developed by Amazon in 2019 [45] that uses autoregres-
sive recurrent neural networks (RNN), which learn from all the time series that are available in a
specific data domain, instead of the classical algorithms that learn from just one time series at a
time.

This is precisely one of the main advantages of DeepAR compared to other models. Despite
the known differences in magnitudes of related time series, DeepAR can fit them in a single global
module.

Moreover, DeepAR has another set of advantages:

* Once the model captures the seasonality in the time series and the dependencies between

covariates, the amount of feature engineering needed decreases.

* The model produces probabilistic forecasts through Monte Carlo samples. These can thus

be used for the computation of consistent quantile estimates.

* Since the model learns from similar time series, it can generate predictions for new time
series that are similar to the ones that the model was trained with but not necessarily equal,

which means that they can have little to no historical data associated.

* DeepAR does not assume Gaussian Noise but is compatible with numerous alternatives.
This makes it easier for the developer to select the one that fits better the statistical charac-

teristics of the data.
The goal of DeepAR is to model the following conditional distribution.

P(Zit:7|2i1:00—1,Xi1:T)

In the above distribution, zj 4.7 = [Zizy,Zis+1; ---» 27| T€presents the future time series, where
zi 1s the value of a time series i at time ¢ and 1 is the time point from which z;,; is unknown during
prediction; z; 1:4,—1 = [Zi,15 -, Zi 11925 Zi1:50— 1) Tepresents the past time series; and x; ;.7 is the list of
covariates that are assumed to be known for all the time points.

It is also assumed that the model’s distribution (Qe(Zi :7|2i,1:40—1,%i,1:7)) consists of the prod-
uct of likelihood factors, parametrized by the output (4;,) of an autoregressive recurrent neural

network.
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Q0 (Zity:T|Zi140—1,Xi1:7) = H;T:,() Qo0 (Zis|zi1i—1,%i1:1) = H,T:m 1(zig|®(his,0))

In the model’s distribution formula, /(z;;|®(hi;, ®)), [ stands for the likelihood and is a fixed
distribution whose parameters rely on a function (®(h;,,®)) that depends itself on the network’s
output (h; ;) and on the parameters of the model (®).

The likelihood function (/(z|¢)) should match the statistical properties of the data, determining
the "noise model". The parameters (¢), like the mean and variance, of the probability distribution
for the next time point are predicted by the nature of the network. The choice of the likelihood
function is up to the developer, depending on the specificity of the data, but one thing to have in
mind is that the "samples from the distribution can cheaply be obtained, and the log-likelihood

and its gradients wrt. the parameters can be evaluated" [45].
hie = k(hit—1,2i1-1,%i1,0)

In the output equation, k is a function implemented by a multi-layer recurrent neural network
with LSTM cells.

The model is autoregressive since the input of the current observation considers the last time
step (zi;—1) and is recurrent since the previous output of the network (h;,_1) is used as input in the
following time step.

All the past time series information is passed to the future time series by the initial state, i.e.,
hj ,—1, which is the output of an encoder network.

With a data set of multiple time series and the corresponding covariates, the parameters (6) of

the model can be obtained by maximizing the log-likelihood ().

1=Yi=1"Yr=1"10g1(zis|¢(his))

In the above equation, N is the number of available time series, T is the number of time steps,
and the remaining symbols have the same meaning as in the previous equations. Another thing to
have in mind is that since h;; is a deterministic function of the input, all the needed quantities for
the calculations are available and do not need to be inferred. It is also possible to use a stochastic
gradient descent to optimize it.

Having the model parameters (), joint samples (Z; .7 Qo (Zis:7|2i1:4—1,%i.1:7)) can be ob-
tained through ancestral sampling. To do so, the first step is to obtain A; ;1 by calculating h; ; for t
from 1 to 79. Next, for t from 7y to T, Z; ; k(-]q)(fzi,t, 0)) is sampled. Here, ;; = k(hi;—1,%i,-1,%i1,®)
and fzm,l = hjs—1 and Z; ;-1 = zi4,—1. These samples are useful to compute quantiles, for exam-
ple.

Figure 2.6 summarizes the architecture of DeepAR, both for the training and prediction stages.

In the paper “A Temperature Time Series Forecasting Model Based on DeepAR” by the authors
Yanping Lao and Chao Liang [29], the main goal is to forecast the weather for the next 24 hours
with limited numerical data and with the usage of a simplified model.

The model that was built is based on the DeepAR presented before, with some changes. While
DeepAR mainly uses LSTM layers to extract temporal features, the authors decided to stack those
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Figure 2.6: DeepAR architecture for training (left) and prediction (right) stages.

layers and set multiple cells in each layer. Then, an LSTM layer processes input sequences one by
one at each time step, which is not efficient in terms of the training time. To accelerate the process,
the authors went for the usage of stacked temporal convolutional layers and LSTM layers for both
the encoder and decoder.

Another change made to the model was aimed at making it possible to be trained either with
a single-variable input or multi-variable input. For that, the second dimension of the convolution
kernel was adjusted. This adjustment consisted of the usage of LSTM layers to extract high-level
time features, taking as input the output of convolutional layers with which they were stacked.

In terms of data preparation, the authors decided to estimate the missing values using a linear
function in case they were within a time window of 3 hours. For missing values in a time window
higher than 6 hours, the corresponding day was discarded.

The main conclusion is that the developed model and DeepAR perform better than traditional

models, with the developed model achieving better results than DeepAR.

2.3.9 Prophet

Prophet is a forecasting model developer by Facebook with implementations in Python and R.
It was first introduced in 2017 in the paper "Forecasting at scale" [67].

The motivation for the Prophet’s creation relies on the complexity of existing time series fore-
casting models and has as its main goal the democratization and ease of usage of a general time
series forecasting model that can be used in a huge variety of projects. It is also intended that
Prophet can be used by people with little knowledge of time series forecasting, which is, most of
the time, a problem in such kinds of projects due to the lower level of skilled people in the area in
a business context.

Prophet is a decomposable time series model with three main components: trend, seasonality,
and holidays. The general equation for Prophet is the following.

y(t) = g(1) +s(t) +h(t) + &

In the above equation, g(t) is the trend function that models non-periodic changes in the time

series values. s(t) represents the seasonality, and h(t) the effects of holidays, which might be
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as diverse as one can imagine. & is the error of the model, which is assumed to be normally
distributed.

The g(t) component has two implementations, one non-linear (saturating growth) and another
linear (piecewise).

Starting with the non-linear implementation, attending to Facebook’s business, the growth
modeling refers most of the time to the evolution of the number of users. This growth is modeled

using the following logistic growth model.

g(t) = ng(,_m)

In the above equation, C is the carrying capacity (e.g., for Facebook, it is the number of people
with Internet access), k is the growth rate, and m is an offset parameter.

Since C is not a constant, as the carrying capacity may change over time, there is the need to
map its value to a function that is time-dependent, C(t). The same happens for the growth rate (k),
since it depends on a huge variety of factors that make it not constant over time.

To model the changes in the growth rate, consider s; as the point in which the growth rate
changes, where j can take values from 1 to the number of change points. Then, consider & as the
vector of rate adjustments, where 9; is the rate change that occurs in point s;.

With that, the rate at time t is the base rate k plus all the rate changes until that point, which

traduces in the following expression.

k+Y% Jit>s; 5j
A cleaner representation of it can be achieved with a vector a(t) defined as follows.

1, ift>s;
aj(t) = ,
0, otherwise.

Substituting the above vector in the expression above, the rate at time t is

k+a(t)Ts

The offset parameter, m, must also be adjusted with the rate change. The adjustment at the

point of change j can be computed with the following formula.

k4+Y<; 6
Yi=(sj—m—=Y,; %) - k+2;§;5§)

Finally, the logistic growth model equation is the following.

_ C(t)
g(t) T 1texp(=(k+a(t)T 8)(t—(m+a(t)Ty)))

The logistic growth model above is a single type of sigmoid curve but can be extended to other
curves without difficulties.

For the linear implementation, the trend model equation is the following.
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gt) = (k+a®)'8)t+ (m+a(t)"y)

In the above equation, all the components have the same meaning as for the non-linear imple-
mentation, except the ¥; whose value is —s;06; to make the function continuous.
The s(t) component represents the seasonality and is represented by a standard Fourier series

using the following formula.

s(t) = Y1 N(ancos(@) + bnsin(2’;’” )

In the above formula, P is the regular period of the time series (e.g., P=365 for yearly data
or P=7 for weekly data), and N is an integer higher than O and whose value depends on the time
series, being calculated, most of the times, with a hyperparameter optimization technique. a, and
b, are parameters that need to be estimated.

To estimate these parameters (f3), a matrix of seasonality vectors X(t) is constructed.
X (t) = [cos(2ZM), ..., sin(Z2V)]

That said,

An increase in the value of N means that more seasonal patterns can be fitted, although this
might lead to overfitting of the data to the model. According to Prophet’s paper, the values 10 and
3 were the best for N in time series with P =365 and P = 7, respectively.

The third and last component is the holiday effect, h(t). Although there are recurrent holidays
and their impact on time series forecasting cannot be discarded, it is also difficult to model since
most of the holidays are not periodic, with some changing from one year to another.

Prophet supports the addition of custom holidays through a list inputted by the user that can
contain general or country-specific holidays. The inclusion of the holidays in the model is made
with the assumption that the holidays’ effect is independent.

Considering the holiday i, D; is the list of past and future dates for that holiday. The model
adds an indicator function that represents whether time t is during the holiday i. Each holiday is
also assigned with a parameter k;, which represents the change in the forecasting.

On the same direction as with the seasonality, the matrix of regressors for the holidays, Z(t) is

the following, where L is the number of holidays.
Z(t) - [1 (t D1)7 ey l(t DL)]

With that, the equation of the holidays is the following.
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Since the effects of holidays are usually visualized also in the surrounding days, Prophet con-
siders a time window of days, where is day is treated as a "holiday."
This model has several advantages compared to other well-known time series forecasting mod-

els:

* Flexibility - seasonality can be considered in different periods, giving the opportunity for

the developer to take different conclusions about the trends.

* The model does not require the data to be regularly spaced in time or even account for

missing values, like ARIMA models.
* It fits fast to the data, which allows the developer to test multiple parameter configurations.

» These parameters can be easily understood by the developer, which eases and democratizes

the usage of the model for time series forecasting projects.

Prophet works best with time series that have strong seasonal effects and several seasons of
historical data [68].
The work carried out and described in this paper [76], from the authors Yadwad S, Kumari V,

Lakshmi S, published in 2021, has two main goals:

 Forecast the count of customer trouble tickets for the coming days using structural time

series analysis.

» Use a range of warnings obtained from the historical data several days prior to the failure to
formulate a pattern that can effectively predict what happens to the equipment the following

day.

The main difference between this approach and this Master Thesis is that these authors use
both logs and tickets as data sources, while for the scope of this Master Thesis, only the informa-
tion about tickets is used as data source. Also, the prediction as a result of the work developed
by these authors is limited to the next 9 days, which is significantly lower than the maximum
prediction period of this Master Thesis (up to 365 days).

However, there are a few acknowledgments taken from this document. The authors success-
fully used the Lasso and Ridge regression models, as well as Prophet, which achieved better results
than the frequently used ARIMA models.

2.3.10 Summary

In this section, there is a table for each group of models that summarizes their characteristics,
advantages, and disadvantages.

Lasso and Ridge Regression, ARIMA, and SARIMAX belong to the Regression Models
group. Their main characteristics, advantages, and disadvantages are described in table 2.1.



Time Series Forecasting

22

Model Characteristics Advantages Disadvantages
High accuracy with
simplicity and low
number of parameters
Good with  high- L d
: dimensional data sets | = ©OWer accuracy an
* Basefi on linear re- loss of information
Lasso gression Automatically  does with data sets with
« L1 regularization feature selection strong correlation in
) the features
Avoids data over-
fitting
Effective against out-
liers
Good for data sets
with multicollinearity Biased coefficients
Based on linear re- Avoids data over- Computationally
Rid gression fitting expensive for large
1age data sets
L2 regularization Reduced complexity
Hard to optimize and
Effective against out- to interpret the results
liers
. Computationall
Generalization of the experF: Give y
ARMA model Applies differencing
. . i Does not have a clear
ARIMA Considers  previous thaF makes. any time methodoloey to deter
values and previous series a stationary one . gy
errors mine the values of P,
D, and QO
Captures the seasonal- Same as for ARIMA
Extension of ARIMA ity in a data set
to include seasonality Does not have a clear
SARIMAX and exogenous vari- Allows the time series methodology to deter-
ables to include external in- mine the values of P’,
formation (covariates) D’,and Q’

Table 2.1: Summary of the Regression Models.
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Model Characteristics Advantages Disadvantages
* Captures sequential | ®* Backpropagation can
relationship in a Time lead to a small gra-
Series (RNN) dient or impossible
training (RNN)
* Networks of nodes Good  performance Sh
with weights and | Vilhmedia ONN) | * Shortterm - mermory
ANN thresholds Reduced complexity
Basis for Deep Neural (CNN) i_é);sN)of information
Networks Improved efficiency
(CNN) Does not have a clear
methodology to deter-
OVCr—ﬁtting riSk llm- mine the number Of
ited (CNN) nodes and layers
Based on RNN Solves the short-term More - complex - than
RNN
- he RNN mai memory of RNN
LST™M 1xes the . mat Low performance
problem with long- Captures  long-term .
. . with data sets where
term memory relationships . .
data is not sequential
Same as for LSTM
Extension of LSTM Allows the time series Does not have a clear
LSTMX to include exogenous to include external in- methodology where to
variables formation (covariates) include the exogenous
variables in the net-
work

Table 2.2: Summary of the Neural Networks models.

Then, ANN, LSTM, and LSTMX are in the Neural Networks group. Their main characteris-

tics, advantages, and disadvantages are described in table 2.2.

Lastly, DeepAR and Prophet are in the Advanced Models group. Their main characteristics,

advantages, and disadvantages are described in table 2.3.

2.3.11 Other Techniques

The paper "Improving IT Support by Enhancing Incident Management Process with Multi-
modal Analysis" [33], published in 2019 by the authors A. Mandal, S. Agarwal, N. Malhotra, G.
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Sridhara, A. Ray and D. Swarup, has as a unique goal the demonstration of the advantages and
process of using multi-modal ticket analysis rather than text-based analysis only.

The main difference is the fact the data source used in this approach is composed not only of
text but also of other data formats, such as documents and images.

Although, at the time being, the ticket data used in this Master Thesis does not include any
format other than text, the procedure described in this paper to extract text from screenshots and
enrich the ticket analysis might be interesting and useful in the future.

Another technique that is particularly interesting is the one pointed out in the paper "Ticket
price forecasting based on machine learning" [28]. This document, published in 2017 by the
authors Y. Li, Z. Li, and S. Qin, presents the usage of a combined model that predicts air ticket
prices for nine cities in China.

To predict the price of tickets, the authors use a time series algorithm, while a random forest
algorithm is used to predict the residual error. The error of the combined model is significantly
smaller than the one of the individual models. However, as pointed out by the authors, the running
time is relatively long.

The main acknowledgment is the combination of two models, one of which not being a time

series algorithm, to predict the price of air tickets.

2.4 Data Preparation in Time Series Forecasting

In this section, an analysis is made of the selected documents that represent an important step
in the life cycle of a project like this Master Thesis, which is the Data Preparation. Each section
summarizes each of the analyzed documents, as well as the extracted acknowledgments, which

are properly described.

2.4.1 Machine learning supervised analysis for enhancing incident management
process

In this document [39], published in 2020 by the authors A. Mustapha, S.A. Mostafa, M.H.
Hassan, M.A. Jubair, S.H. Khaleefah, and M.H. Hassan, the goals rely on using machine learn-
ing algorithms to decide which are the best features to use in the prediction related to incident
management.

The ML algorithms used were Trees Decision Stump, Bayes Net, Naive Bayes, Rules One R,
and Rules Zero R.

The main difference between this approach and this Master Thesis is similar to one of the
differences noted in some of the analyzed documents: the authors use logs as data sources instead
of the ticket information.

There is, however, a common topic with this Master Thesis, which is the desire to select the
relevant features among a set of various available.

The main acknowledgment of this document was that the best-performing algorithm for the

above-mentioned task was Bayes Net.
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2.4.2 Effective feature pre-processing for time series forecasting

In this document [77], published in 2006 by the authors J.H. Zhao, Z. Dong, and Z. Xu, it is
shown the importance of feature pre-processing as part of a time series forecasting project.

The data set used is a highly volatile one and contains the electricity prices in Australia.

The simplest form of SVM, Linear Regression, using Vapnik’s e-insensitive loss function, is
used to predict the upcoming prices of electricity in Australia, while the MAPE is the selected
measure to assess both the prediction accuracy and the feature set quality.

For this specific data set and model, the best-performing combination among the 15 techniques
was the wrapper model with genetic search.

The main conclusion of this paper is that "(...) including irrelevant features in the forecasting
model can significantly decrease the forecasting accuracy."

The main acknowledgment is not the best-performing technique but rather the importance of

doing a properly structured and cautious data pre-processing.
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Model

Characteristics

Advantages

Disadvantages

DeepAR

e Amazon model that

uses RNN

Learns from multiple
time series

Once seasonality
and dependencies
are captured, feature
engineering needs
decrease

Produces probabilis-
tic forecasts (Monte
Carlo samples) that
can be used to com-
pute consistent quan-
tile estimates

Can be trained and
used with different
(but still similar) time
series

Does not assume
Gaussian Noise:
allows the selection
of the one that fits
better the statistical
characteristics

Does not have a clear
methodology to de-
cide on the likelihood
function

Complex to under-
stand

Requires a  huge
amount of data to be
trained with

Loses  performance
with the increase of
the prediction interval

Prophet

* Meta model to de-
mocratize and ease
the usage of a time se-
ries forecasting model

Trend variations, sea-
sonality, and holidays
(with time window)

Flexibility (seasonal-
ity considered in dif-
ferent periods)

Data points do not
need to be equally
spaced in time

No need to deal with
missing values

Fits fast to the data

Does not have a clear
methodology to calcu-
late N

Performance de-
creases with time
series with little to
no seasonality effect
and without several
seasons of historical
data

Table 2.3: Summary of the Advanced Models.




Chapter 3

Scope and Preliminary Work

This Master Thesis is essentially divided into two parts, with the second based on the first one,
both contributing to the main goal, which is to support the Infineon team that handles the tickets
in their resolution, i.e., on the preparation of the necessary manpower and software/hardware
resources.

The first part is related to the creation of an Al model capable of outputting two kinds of
time series predictions, one for the volume of tickets (incidents and tasks) and another one for
the volume of tickets per type (only applicable to tasks, since incidents do not have an associated
type). This latter one is especially important for project rollouts.

The time series predictions are aimed for the next 7, 30, 60, 90, or 365 days. For the specific
case of 365 days, it should be possible to recognize patterns and trends that might occur by analyz-
ing the produced graphic. For example, the end of the fiscal year and the holiday season are two
complete opposites in terms of the expected volume of tickets, and both represent a clear pattern
and trend amongst the volume of tickets during a year.

The training of the Al model should be done on a regular basis, with the frequency still being
discussed internally at Infineon, to make sure the accuracy is high and the model is up-to-date.
The training is based on historical tickets, meaning that the volume of data to use on the training
will increase over time.

The second part of this work is related to the creation of a dashboard/visual interface to display
the results obtained from the built model.

The dashboard is composed of two main parts, with each one referring to one of the compo-
nents of the Al model, i.e., one for the prediction of the volume of tickets and another for the

prediction of the volume of tickets and its distribution per type.

3.1 Technology Decision Matrix

Considering the previously described solution and the deliverables for this Master Thesis, a

working plan, a communication plan, and a risk management matrix were elaborated. These plans
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and matrix are described in detail in the appendix A, while the Technology Decision Matrix, which
lead to the selection of the tools to be used, is described next.

The technology decision matrix process started with the definition of the topics in which each
technology was going to be evaluated.

Then, for each topic, a set of questions was raised, each one with an associated weight (from
1 to 10), depending on the relevance of the decision process, and each technology received a score
(from 1 to 5). The technologies were divided into three groups: one for the database tools, another
for the AI model, and another one for the dashboard.

The topics and the questions, with the corresponding weight (inside brackets), were the fol-

lowing:

* Accessibility

Is the access to the tool open to everyone? [10]

How easy is it to obtain access to the tool? [7]

Is there any license/cost to use the tool? [8]

Are there any limitations in terms of usability? [8]
* Security

— Is the tool recommended to deal with/store the type of data used in this project? [10]

— Is there any security guideline available to be used in this tool? [9]
* Ease of use

— Is the tool easy to use / intuitive? [7]

— Is there training available to get familiar with the tool? [6]

Scalability

— Is the tool scalable in terms of the amount of data? [10]

— Does the performance decrease with the amount of data? [9]
* Support

— Is there a team or a responsible for the tool at Infineon? [6]

— What kind of support is available? [6]
* Maturity

— Are there concrete examples of implementation/use cases at Infineon? [5]

— Are there known failures/limitations of the tool? [10]

¢ Documentation
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— Is there enough documentation available regarding the usage of the tool? [8]

— Does the tool offer the possibility to document what is developed? [7]
* Linkage with other tools

— What is the level of support for the integration with other technologies? [10]

The final score for each technology was obtained by summing the multiplications of the score
in each question by the corresponding weight.

The average score by topic for each group and technology can be seen in the figures 3.1, 3.2, 3.3.

Oracle SQL was the selected tool for the database, Jupyter Notebook (HICP) was the selected
tool for the Al-related tasks, and SAPUIS was the selected tool to build the dashboard.

Database Tools Comparison

«=@==COracle SQL  ==@=Microsoft SQL Server

Accessibility

Linkage with other
tools

Documentation

Support

Figure 3.1: Average score by topic and technology for the Database.

Al-related Tools Comparison

=—@=— Google Colab =@=—Jupyter Notebook (HICP)

Red Hat Codeready Workspaces

Accessibility
5

Linkage with other
tools

Documentatio

Maturity Scalability

Support

Figure 3.2: Average score by topic and technology for the Al
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Dashboard Tools Comparison

e=@==SAPUI5  ==@==(Qutsystems FIORI APP
Accessibility
Linkage with other .
ecurity
tools 3
2
1
Documentatio/& 0 Ease of use
Maturity Scalability
Support

Figure 3.3: Average score by topic and technology for the Dashboard.



Chapter 4

Data

In this chapter, the data understanding and data preparation processes are described in detail,
in what constitutes one of the most important parts of a Time Series Forecasting project like the
one from this Master Thesis.

Also in this chapter, the last section presents the Data Visualization component, which was

built to show the predictions obtained.

4.1 Data Understanding

The data understanding process is the first to be made on a Machine Learning project. For this
Master Thesis, the data is divided into two data sets, both referring to tickets.

One of the data sets is constituted with tasks, which are a type of tickets that represent requests
made by Infineon employees. Those requests can be related to the need to be granted a role to
access an SAP system, a change in an SAP system that can only be performed by a group of users,
or the creation of an account for the requester to be able to access some SAP system, to mention a
few cases.

The other data set refers to incidents, which are also a type of tickets that group all the problems
and errors the Infineon employees face, like an authorization error, a system that is failing upon a
specific request, or any other error that happens in an SAP system, to mention some of the possible
cases.

Due to data privacy concerns, there is no possibility of showcasing any data example, neither
for an incident nor for a task.

Both data sets are stored in individual databases, which were available for read-only access
during the development of this Master Thesis.

The data was collected and converted into a Python data frame, one for the tasks and another
for the incidents.

The information that follows is regarding the available data until the 31st of July of 2023. One
must keep in mind that the data increases in volume every day, with new tickets being submitted,
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thus the results and conclusions obtained could be different if the data used was from another time
period.

For the incidents, a total of 33,613 tickets were available, with a dimensionality of 71, which
includes all tickets’ characteristics. For the tasks, a total of 91,443 tickets were available with a
dimensionality of 38.

After the data collection was completed, the next step was to describe and explore the data,
assessing its quality. For that, a couple of graphics were produced in order to better visualize the

data evolution and distribution.

4.1.1 Incidents

To start the data understanding process relative to the incidents, an analysis of the available
features must be made in order to assess what kind of information is available. To ease the analysis,

the related features were grouped by their semantics, obtaining the following four groups:

¢ IDs and other numerical characteristics: SUPPORT GROUP ID, TICKET ID, PROTO-
COL ID, PROTOCOL ID WC, DAY ID CLOSED DATE, DAY ID LAST RESOLVED. These

features denote IDs that are assigned during the submission of the incident by the requester.

* Time-related characteristics: CLOSED DATE, DURATION, END-TO-END RESOLU-
TION TIME, LAST RESOLVED TIME, TICKET AGING, LAST MODIFIED DATE, TICKET
CREATE TIME, SOLVING RATE (24 HOURS), SOLVING RATE (4 DAYS), FIRST STATUS
START TIME, FIRST CLOSED START TIME, COMPLETION DATE, FIRST INVESTIGA-
TION START TIME. These features are automatically created upon the change in the status
of the incident, e.g., the END-TO-END RESOLUTION TIME is set after the incident is
marked as completed and represents the time it took since the submission to the resolution

of the incident.

* Personal features: CUSTOMER DEPARTMENT, COMPANY, CUSTOMER, ORGANIZA-
TION, DIRECT CONTACT COMPANY, DIRECT CONTACT OFFICE, CUSTOMER COM-
PANY, CUSTOMER OFFICE, CREATED BY (NAME), CREATED BY (DEPARTMENT),
CREATED BY (SITE), CREATED BY (REGION), CUSTOMER FIRST NAME, CUSTOMER
LAST NAME, DIRECT CONTACT LAST NAME, DIRECT CONTACT FIRST NAME, DI-
RECT CONTACT DEPARTMENT, IT LINE, REGION, SITE, PERSON DEPARTMENT, OWNER
GROUP, RESOLVED ASSIGNEE, CUSTOMER REQUESTER SITE, CREATED BY, SER-
VICE IT LINE, OWNER. These features are related to the requester and assignee charac-
teristics, including personal information such as the name and contacts, and professional

information such as the department and location.

¢ Incidents intrinsic characteristics: IS WEB TICKET, CREATED VIA XML GATEWAY,
MODEL VERSION, IMPACT, NOTES, OPERATION CATEGORIZATION TIER 1, OPERA-
TION CATEGORIZATION TIER 2, OPERATION CATEGORIZATION TIER 3, PRIORITY,
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PRODUCT CATEGORIZATION TIER 1, PRODUCT CATEGORIZATION TIER 2, PROD-
UCT CATEGORIZATION TIER 3, PRODUCT NAME, SOURCE, SUMMARY, RESOLU-
TION METHOD, TICKET TYPE, URGENCY, IS OPEN, CLOSING STATUS, STATUS, BA-
SIC DATA, FIRST LEVEL CREATED, LAST PRIORITY, FIRST STATUS, FIRST DRAFT
TO REVIEW, FIRST LEVEL. These features characterize each incident on a set of attributes
that differ incidents from each other. Most of these features are related to categorizations of

the incidents and metadata generated upon their submission, as well as free-text fields.

Next, an analysis was made on the number of incidents over time and also on the distribution
of incidents per source and per year.

The first graphic, 4.1, shows the distribution of incidents per year. With a quick analysis of
the graphic, it is possible to conclude that the number of incidents is only relevant since 2018, as
before (in 2016 and 2017), it is residual and not significant. The main conclusion that can be taken
is that the submission of incidents only became a recurrent behavior from Infineon employees
since 2018. Before that, the insignificant number of submitted incidents denotes that either the

submission system or the process was different.
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Figure 4.1: Incidents distribution per year.

Then, the following three graphics, 4.2, 4.3, and 4.4, show the evolution of the number of
incidents in the last three completed years. As it is possible to observe from a quick analysis of
the graphics, there are some recurrent peaks at the beginning of the year, on Easter, on Summer
holidays, and by the end of the year.

The last graphic, 4.5, shows the distribution of incidents per source. Due to data privacy con-

cerns, the sources were masked into a numerical representation. As it is possible to see, there are
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Figure 4.2: Incidents distribution in 2020.
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Figure 4.3: Incidents distribution in 2021.

a few sources with higher representativity (3, 6, and 7), while the others have a residual represen-

tation.

4.1.2 Tasks

The features of the data set with the tasks can be grouped according to a semantics evaluation
similar to the one made for the incidents, resulting in a grouping in the same number and kind as
the one used before.

¢ IDs and other numerical characteristics: DAY ID, TICKET ID, TASK ID, INSTANCE
NUMBER, SEQUENCE, PROTOCOL ID, PROTOCOL ID WC, SUPPORT GROUP ID,



4.1 Data Understanding 35

Incident quantity in 2022
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Figure 4.4: Incidents distribution in 2022.
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Figure 4.5: Incidents distribution per source.

ASSIGNEE LOGIN ID. Again, these features represent unique IDs that are assigned auto-
matically upon the submission of a ticket by the requester.

* Time-related characteristics: ACTIVATE TIME, CLOSED DATE, END-TO-END RESO-
LUTION TIME, CREATE DATE, SCHEDULED END DATE. These features denote time
characteristics that are automatically generated during the different statuses that a ticket

has, from its submission until its resolution.

* Personal features: RESOLVED BY, ASSIGNEE DEPARTMENT, ASSIGNEE REGION, AS-
SIGNEE SITE, CREATED BY, SITE, REGION, IT LINE, ASSIGNEE. As for the incidents,
these features are related to the characteristics of the requester and assignee, including the

name and professional information about both, like the department or location.
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 Tasks intrinsic characteristics: TICKET TYPE, PRIORITY, STATUS (duplicated), STATUS
REASON, SUMMARY, PRODUCT NAME, TASK NAME, IS OPEN, OPERATION CATE-
GORIZATION TIER 1, OPERATION CATEGORIZATION TIER 2, OPERATION CATEGO-
RIZATION TIER 3, PRODUCT CATEGORIZATION TIER 1, PRODUCT CATEGORIZA-
TION TIER 2, PRODUCT CATEGORIZATION TIER 3. These features are metadata and
other information that is either provided by the requester using a set of predefined options

or free-text fields or generated automatically by the ticketing system.

Next, an analysis was made regarding the evolution and distribution of certain task character-
istics over time.

The first graphic, 4.6, shows the distribution of the tasks per year. As one can see by analyzing
the graphic, only from 2018 onwards, like for the incidents, the number of tasks surpassed 6000.
The year 2023 was still ongoing by the time of the analysis, which is the reason why it still had
less than 4,000 tasks submitted. The main conclusion that can be taken is the same as the one

taken for the incidents regarding the usage of the actual ticketing system.
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Figure 4.6: Tasks distribution per year.

The following graphics, 4.7, 4.8, and 4.9, show the distribution of tasks in the last three com-
pleted years. As it is possible to recognize after analyzing the graphics, there is no clear pattern in
the years and from year to year. There are some random peaks and no constant periods in which
the number of tasks remains the same.

The last graphic, 4.10, shows the distribution of the tasks per type in all years. Due to data
privacy concerns, the task types were masked into a numerical representation. As it is possible
to recognize from the graphic, there are no dominant types in terms of representativity, being the

types’ representation mostly balanced, with some types under-represented.
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Figure 4.7: Tasks distribution in 2020.

Task quantity in 2021

70 A

60+

Quantity
w F
Q [=]
=

207

10 4 u
. .
N & x’& »’Q'\ \’Qq o> 8
o o o
0 04 0

o
2,
o
2,
o
2, 1

Date

Figure 4.8: Tasks distribution in 2021.

4.2 Data Preparation

According to the paper "Effective feature pre-processing for time series forecasting" [77], from
the authorship of J.H. Zhao, Z. Dong, and Z. Xu, "feature pre-processing [data preparation] is an
important part of time series forecasting."

The importance of this process resides in the fact that the accuracy of the models will be, in a
way, as high as good as the data they are trained with is.

To obtain a good data set from the original data described in the previous section, some trans-
formations were performed, namely the selection of the data to be used from the one available, the
data cleaning stage, the construction of data to extend the original one, the integration of data and

its formatting, which was the last step before proceeding to the modeling.
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Figure 4.9: Tasks distribution in 2022.
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Figure 4.10: Tasks distribution per type.

In the next sections, each one of these transformations is described in detail, both for the
incidents and for the tasks.

4.2.1 Data selection and cleaning

On the data selection and cleaning, starting with the incidents, the first step was to drop all the
columns that contained either personal or company information. The SITE feature was the only
one kept, as an exception, since it was used later on to obtain information regarding the public

holidays.
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Then, all the columns with IDs that are unique and not relevant were removed, followed by
the removal of semantically irrelevant features. Semantically irrelevant features are all those that
do not relate to the subject of this Master Thesis.

The remaining columns were analyzed in detail to correct missing or incorrect format prob-
lems. Starting with the MODEL VERSION, RESOLUTION METHOD, and TICKET AGING, these
features have an average of 99% of missing values. Thus, the corresponding columns were re-
moved from the data set.

The features LAST RESOLVED TIME, COMPLETION DATE, LAST MODIFIED DATE, and
CLOSED DATE contain the same values, semantically speaking. After an analysis of the number
of missing values, the column CLOSED DATE was the one kept, due to an almost close to 0% of
missing values, removing the other ones from the data set.

In the same direction, the END-TO-END RESOLUTION TIME and DURATION features rep-
resent the same information needs. The END-TO-END RESOLUTION TIME was removed since
it contains a significant number of missing values (8%) compared to the DURATION (0%).

With the TICKET CREATE TIME and DURATION, it is possible to obtain the CLOSED DATE,
meaning that the latter could be removed.

The analysis of the incidents assumes that only the incidents that were successfully closed are
relevant. To achieve this, the incidents were filtered on the IS OPEN feature, only keeping the
ones with a value equal to "NO”’.

The same process was applied to the CLOSING STATUS feature, filtering the entire data set by
the value ’CLOSED?’ in this column and dropping the feature STATUS afterward, since its value is
the same for all the closed incidents.

For the OPERATION CATEGORIZATION TIER 1, OPERATION CATEGORIZATION TIER 2,
and OPERATION CATEGORIZATION TIER 3 features, since the average of missing values was
higher than 90%, the three columns were dropped from the original data set.

After a manual analysis of a representative number of incidents, the SUMMARY and NOTES
features were removed because both contain unstructured and diverse data, including confidential
information such as access credentials and other systems’ critical information. The treatment of
these two features could be made in another project, out of the scope of this Master Thesis, or as
an extension of it, using Natural Language Processing to extract only useful information from it.

The last step for the incidents regarding data selection and cleaning was to remove all the
incidents earlier than 2018 from the data set due to their lower representativity.

For the tasks, a similar procedure to one of the incidents was made. First, the columns with
unique and irrelevant IDs as well as the ones containing personal information and the ones seman-
tically irrelevant to the scope of this Master Thesis were removed.

Again, the SITE was the only feature to be kept to be able to obtain public holiday information
later on.

The data set was also filtered on the STATUS of each task, with all the entries with a status
different from *CLOSED’ to be discarded. The STATUS REASON was also used to filter all the
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tasks with a value different from *SUCCESS’, removing those. The reason behind this is the same
as the one presented for the incidents.

With the END-TO-END RESOLUTION TIME and CREATE DATE features, it is possible to
obtain the CLOSED DATE one. However, it was the END-TO-END RESOLUTION feature to be
discarded due to its high number of missing values. The same happened for the ACTIVATE TIME
and CREATE DATE features, which are semantically identical, with the first one being removed
due to the significant number of missing values when compared to the latter. At a later stage,
the CLOSED DATE was also removed since the time information it adds to each data point is not
relevant to the scope of the project.

Since the SUMMARY and TASK NAME features contain important information, these could
not be discarded in an initial stage. However, after a comparison between both, the values each one
had were similar. Thus, only the SUMMARY was kept. Later on, for the same reason mentioned
on the removal of the SUMMARY and NOTES features for the incidents, the SUMMARY feature
for the tasks was also removed.

All the tasks prior to 2018 were discarded due to their low representativity.

4.2.2 Data construction

For the PRODUCT CATEGORIZATION TIER 1, PRODUCT CATEGORIZATION TIER 2, and
PRODUCT CATEGORIZATION TIER 3 of the incidents data set, the missing values problem was
overcome by concatenating the values of each feature into a single feature (PRODUCT CATEGO-
RIZATION TIER), dropping then the original columns from the incidents data set. This column
was then converted from its nominal representation to a discrete numerical one.

The SITE feature was used on the same data set to obtain the coordinates (latitude and lon-
gitude) with the GeoPy Python client. Then, with the coordinates, the addresses and the country
codes were obtained, for each entry, getting lastly the information regarding whether or not it was
a public holiday on the days and locations of the submitted incidents.

Moreover, a new feature was created for each incident to denote the day of the week on which
it was submitted. This feature contains values from 1 to 7, where 1 represents Sunday and 7
represents Saturday, with all the values in between representing the remaining weekdays, by order.

In the same direction as what was made for the incidents data set, on the tasks data set, the fea-
tures OPERATION CATEGORIZATION TIER 1, OPERATION CATEGORIZATION TIER 2, and
OPERATION CATEGORIZATION TIER 3 were concatenated into a single feature (OPERATION
CATEGORIZATION TIER), to overcome the missing values problem. The exact same approach
was taken for the PRODUCT CATEGORIZATION TIER I, PRODUCT CATEGORIZATION TIER
2, and PRODUCT CATEGORIZATION TIER 3 features, dropping the original columns that be-
came unnecessary.

After this concatenation of each pair of three columns into one, it was possible to observe

in the data set that there were just a few combinations of the occurrences of the OPERATION
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CATEGORIZATION TIER and PRODUCT CATEGORIZATION TIER values. To reduce the di-
mensionality of the data set and capture the relationship among the features, these columns were
thus concatenated once more into a single column named CATEGORIZATION TIER.

From the SUMMARY feature, before its removal, with the usage of a REGEX expression,
the TASK TYPE was obtained and stored in an individual feature. The SUMMARY field follows
the pattern 'SUMMARY [TASK TYPE]’, which eased the extraction of the TASK TYPE using the
following REGEX expression

"NV

All the tasks without an associated task type were discarded due to the fact the task type is
strictly necessary for the scope of the prediction to be made. The task type was converted from its
nominal representation to a discrete numerical one.

The SITE feature was used to obtain the public holidays, following the same logic as the
one for the incidents. Also, the day of the week was created for each task to denote this extra

information, following the same logic used for the incidents.

4.2.3 Data integration and formatting

On the data integration and formatting, the first thing to do for the incidents was to convert
the features with date and time into date features since the time is not a piece of relevant infor-
mation for the scope of this Master Thesis. Afterward, the entries in the data set were ordered
chronologically, from the oldest incident to the newest.

An assessment was made for the nominal (categorical) columns to check the number of unique
values each contained. A conversion was then made between the original value and a discrete
numerical representation.

After the data processing for the incidents described above was concluded, the data was sep-
arated into two distinct data sets. One data set contains only future covariates, while another one
contains future and past covariates, with both data sets being used later on during the modeling
stage, depending on the characteristics of each model used.

According to the Darts documentation [7], which is a library in Python specifically designed
for Time Series Forecasting, covariates "refer to external data that can be used as inputs to models
to help improve forecasts." Covariates distinguish from the target variable in a way that while the
latter is the one to be forecasted, the first is not predicted at all.

The Darts documentation also enumerates three kinds of covariates:

* Past covariates, which are data only known in the past. For the scope of this Master Thesis,
an example of the past covariates is the ticket type, which is only known for the past entries

and not for the ones being forecasted.

* Future covariates, which are data known from the past to the future. The weekday and

holiday information is an example of future covariates.
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e Static covariates, which are data that are constant over time, like IDs. In this Master Thesis,

static covariates are not used.

The past covariates for the incidents are the DURATION, IMPACT, PRODUCT CATEGO-
RIZATION TIER, PRODUCT NAME, PRIORITY, SOURCE, TICKET TYPE, URGENCY, FIRST
LEVEL, FIRST LEVEL CREATED, CREATED VIA XML GATEWAY, IS WEB TICKET, while the
DATE, WEEKDAY, and HOLIDAYS are the future covariates.

With this information in mind, two data sets were created from the one obtained until this
moment.

One of the data sets, from now on named as past data set, was obtained by grouping the orig-
inal data set by DATE in order to obtain a data set with just one entry per date, choosing then
the mode (PRODUCT CATEGORIZATION TIER, PRODUCT NAME, SOURCE, TICKET TYPE,
FIRST LEVEL, FIRST LEVEL CREATED, WEEKDAY), the mean (DURATION, IMPACT, PRI-
ORITY, URGENCY) or the sum (CREATED VIA XML GATEWAY, IS WEB TICKET, HOLIDAYS)
as the aggregation method.

The future data set was updated to include missing entries, i.e. entries that contain all the
missing combinations of the feature’s values. To do so, and since it was not feasible to do it
otherwise with the technology resources available, some columns were discarded (PRODUCT
NAME, PRODUCT CATEGORIZATION TIER, DURATION, SOURCE, FIRST LEVEL, FIRST
LEVEL CREATED. CREATED VIA XML GATEWAY, IS WEB TICKET). Then, for the date in-
terval of the data set (i.e., for the interval from the oldest incident to the newest), all the missing
combinations of values from the features IMPACT, TICKET TYPE, PRIORITY, and URGENCY
were created and added to the data set as individual entries, for which the weekday and holidays
information was calculated right after.

The data preparation for the incidents resulted in two data sets: the past data set with 1.997 en-
tries and a dimensionality of 16, while the future data set had 547.900 entries and a dimensionality
of 8.

The first thing to do for the tasks data set regarding data integration and formatting was also
the conversion from date and time to time of all the features that contained the time information,
as well as the chronological ordering of the tasks from the oldest to the newest.

The nominal features were also converted into discrete numerical features.

For the task types extracted from the SUMMARY field, a conversion was made from the values
obtained with the regular expression to a smaller set manually defined by the SAP Basis team at
Infineon. Each new task type results in the grouping of previous task types with similar meanings
into a more general group. The total number of task types after this transformation was 18.

After the data processing for the tasks described above was concluded, the data set was di-
vided into two in a similar process to the one made for the incidents. While the future data set
was obtained by copying the data set available at this stage, the past data set was obtained with the
grouping of the data by the pair DATE and TASK TYPE in order to obtain a data set with just one
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entry per date-task type combination, choosing then the mode (CATEGORIZATION TIER, PROD-
UCT NAME, PRIORITY, TICKET TYPE, WEEKDAY) or the sum (HOLIDAYYS) as the aggregation
method.

For the future data set, a similar process to the one carried on for the incidents was put into
practice. The missing combinations of the features TASK TYPE, TICKET TYPE, and PRIORITY
were added to the data set as new entries after removing the features PRODUCT NAME and CAT-
EGORIZATION TIER due to technological limitations. The holidays and weekday information
were calculated and added to these new entries.

For the tasks, the past covariates are the TICKET TYPE, PRIORITY, PRODUCT NAME, CAT-
EGORIZATION TIER, while the future covariates are the DATE, TASK TYPE, WEEKDAY, HOLI-
DAYS.

This process resulted in a future data set with 809.882 entries and a dimensionality of 7, while

the past data set had 13.069 entries and a dimensionality of 9.

4.3 Data Visualization

To visualize the predictions obtained for the incidents and tasks, a dashboard was built. SAP
UI5, which stands for SAP User Interface for HTMLS5, was used for that.

SAP UI5 is a JavaScript framework and Ul library that helps developers create cross-platform
enterprise-ready web applications in an efficient way [48].

Microsoft Visual Studio was used to develop the dashboard, using the SAP Fiori Tool exten-
sion pack [46].

With this pack, the creation of the project structure for the dashboard was eased and made
according to the latest guidelines and recommendations from SAP.

The development using SAP UIS uses the MVC design pattern to separate the data from user
interactions and visual interface. MVC stands for Model-View-Controller, and it is a well-known
design pattern that was introduced in the late 70s by Trygve Reenskaug [43].

The implementation was based on the existing example provided by the official documentation
for stacked columns [49].

Starting with the model component, which is the simplest one, contains the device model,
which is used to identify the device from which the dashboard is being accessed.

The view component contains the code for the visual interface, which is divided into three
main components: the settings box, the incidents graphic, and the tasks graphic.

The settings box contains two drop-downs to select the prediction intervals, one for the in-
cidents and another for the tasks, containing five options each. Each option refers to one of the
supported prediction intervals, i.e., 7, 30, 60, 90, and 365 days, as shown in the figure 4.11.

The options and the handlers to refresh the data in the graphics are defined in the controller
component.

The incidents graphic, which shows the prediction for the selected interval, is a bar chart, with

the x values being the dates and the y values being the quantity predicted for that day.
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Figure 4.11: Drop-downs to select the prediction interval for the incidents and tasks.

The tasks graphic, which also shows the prediction for the selected interval, is a stacked bar
chart, with each bar representing the total quantity of tasks predicted for that specific date and each
sub-bar representing the prediction for the corresponding task type.

The x-axis contains each date from the selected date interval, while the y-axis contains the
predicted quantity per date. The caption for the graphic contains the mapping between the colors
and the task type. The colors are defined automatically, but the different task types are defined in
the controller component.

Figure 4.12 shows an example of the dashboard with the prediction interval for the next seven

days. Due to the confidentiality of the data, some information was masked.

@e ez

Figure 4.12: Example of the dashboard with the prediction for the next seven days.

As it is possible to assess from figure 4.12, for the task prediction, the stacked bars for each
predicted type have a unique color, which can be interpreted using the caption on the right side of
the graphic.

However, although it is possible to see the total quantity predicted for a specific date, the same
does not happen if the user wants to see the quantity for a date but only for a specific task type,
which only appears if the stacked bar is large enough.

To solve this problem, a mouse click on a stacked bar opens a window with the information
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about the quantity predicted for that date and task type, as shown in figure 4.13. Again, due to the

confidentiality of the data, some information was masked.

Tasks (per type) - Prediction for next 365 days

g 25 = Current Selection 2 = Ll
<} 20 =
® = I N —
15 2024-01-18 N —
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Figure 4.13: Example of a window that appears on mouse click on a stacked bar in the tasks
prediction graphic.

Lastly, the controller component contains the initialization and setup of the dashboard with the
data load. The data source is a JSON file for the incidents and another for the tasks. Both files are
generated as the last step in the Jupyter Notebook, with the predictions for the incidents and for
the tasks using the best-performing model for each. Its format differs for the incidents and for the
tasks.

For the incidents, the format is the following:

"DATE": <DATE>,
"QUANTITY": <QUANTITY>

Listing 4.1: JSON example for the incidents.

Both <DATE> and <QUANTITY> are placeholders for the dates and quantities, respectively.

For the tasks, the format is the following:

"DATE": <DATE>,
"TASKTYPE": <TASK_TYPE>,
"QUANTITY": <QUANTITY>

Listing 4.2: JSON example for the tasks.

<DATE>, <TASK_TYPE>, and <QUANTITY> are placeholders for the dates, task types, and
quantities, respectively.
For visualization purposes, each graphic also includes three options, as shown in figure 4.14.

The first one is used to hide/show the caption of the graphic (figure 4.15). The second one (set
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of zoom in, zoom out) is used to zoom into the graphic, thus seeing each bar larger or thinner
(figure 4.16). The third and last one is used to display the graphic in full-screen mode, thus being
able to use the full width and height of the screen to see the graphic’s data (figure 4.17).

(@) a a 2

Figure 4.14: Set of options available for each graphic.

® a a o

Incidents - Prediction for next 365 days

Quantity

0
2023-12-02 2023-12-03 2023-12-04 2023-12-05 2023-12-06 2023-12-07 2023-12-08 2023-12-09 2023-12-10 2023-12-11 2023-12-12 2023-12-13 2023-12-14 2023-12-15 2023-12-16 2023-12-17 2023-12-18 2023-12-19 2023-12-20 2023-12-21 2023-12-22 2023-1

—
Date

® @ a 2

Incidents - Prediction for next 365 days

I Quantity

Quantity

Figure 4.15: Hide (top) vs. Show (bottom) option for the graphic’s caption.

The properties of the dashboard, such as the axis for each graphic, the graphic’s title, and other
characteristics, such as the place where the values are shown (on top of each bar), are also defined
in the controller component.

The controller component also defines the handler function for the time interval drop-down.
On a change of value made by the user, the data is filtered by date to show only the predictions

within the selected time interval. The graphic’s title is also changed to reflect the new selection.
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Chapter 5

Models

With the conclusion of the data understanding and data preparation stages, the next step was
to train and test the models. For that, all the models presented and discussed in Chapter 2 were
used, both for the tasks and incidents.

In the first section, an explanation is made of the preparation of the train and test data sets,
which is common to all the models. Then, in the following sections, each model’s implementation

is explained in detail.

5.1 Train and test data sets

In ML projects, it is common to divide the data set using an 80-20 distribution, where 80% of
the data is used to train the models and the remaining 20% is used to test them.

However, that was not the procedure used for the division of the data set into train and test
data for this Master Thesis.

Considering the five prediction intervals (7, 30, 60, 90, 365 days), an algorithm was applied to
the tasks and incidents data sets, and, for each one, it was applied equally to the past data set and
to the future data set mentioned in Chapter 4.

The algorithm consists of the following:

* For each prediction interval, six training data sets, and one testing data set are generated.

» The testing data set is composed of the data from the original data set whose DATE attribute
is within the time interval between the last prediction interval days and the current date (e.g.,
for the prediction interval equal to 7, the test data set is composed by all the tasks/incidents

from the last seven days, excluding the current day).
* The six training data sets are the following:

1. One with all the data that is not part of the testing data set.
2. One with the last 7 days of the data that is not part of the testing data set.

3. One with the last 30 days of the data that is not part of the testing data set.

48



5.2 Lasso Regression 49

4. One with the last 60 days of the data that is not part of the testing data set.
5. One with the last 90 days of the data that is not part of the testing data set.

6. One with the last 365 days of the data that is not part of the testing data set.

With this, the purpose is to test, for each prediction interval, what is the best data interval
to achieve the best results. This means that each model was trained and tested 30 times for the
incidents data set and another 30 for the tasks data set, using either the past or future data set
depending on the compatibility with the used models.

For most of the models, a hyperparameter optimization technique was used to get the best
parameters since a manual selection of the parameters would require a try-and-repeat procedure
until the best value was found. The details of the applied hyperparameter optimization technique

are described together with each model implementation.

5.2 Lasso Regression

The Lasso implementation from the Python sklearn.linear_model library was used for the
Lasso Regression [53].

This implementation receives a few parameters:

* alpha - float that represents the tuning parameter. This parameter is optional, and the default

value is 1.0.

* fit_intercept - boolean that, once true, calculates the intercept for this model. If set to False,
no intercept will be used in calculations (i.e., data is expected to be centered). This parame-

ter is optional, and the default value is True.

* precompute - boolean or pre-computed Gram matrix to speed up calculations. This param-

eter is optional, and the default value is False.

* copy_X - boolean to define if X should be copied (True) or overwritten (False). This param-

eter is optional, and the default value is True.

* max_iter - maximum number of iterations. This parameter is optional, and the default value
is 1000.

* tol - float that represents the tolerance for the optimization: if the updates are smaller than
tol, the optimization code checks the dual gap for optimality and continues until it is smaller

than fol. This parameter is optional, and the default value is 1e-4.

* warm_start - boolean that, when set to True, reuses the solution of the previous call to fit as
initialization. Otherwise, just erase the previous solution. This parameter is optional, and

the default value is False.



Models 50

* positive - boolean that, when set to True, forces the coefficients to be positive. This param-

eter is optional, and the default value is False.

* random_state - integer that represents the seed of the pseudo-random number generator that
selects a random feature to update. Used when selection equal to ‘random.” When used, it
produces the same output across multiple function calls. This parameter is optional, and the

default value is None.

e selection - "cyclic’ or ‘random’ values. If set to ‘random,” a random coefficient is updated
every iteration rather than looping over features sequentially by default. This (setting to
‘random’) often leads to significantly faster convergence, especially when to/ is higher than

le-4. This parameter is optional, and the default value is ’cyclic.’

All the parameters, except the alpha, were kept with their default value. For the alpha, since
it represents a tuning parameter that must be carefully chosen, as explained in Chapter 2, a hyper-
parameter optimization technique was used with the help of the GridSearchCV function from the
sklearn.model_selection library [51].

According to the official documentation of GridSearchCV, the function receives the following

parameters:

* estimator - instance of the used model, which is an instance of the Lasso implementation

presented before. It is a mandatory parameter.

» param_grid - dictionary with the keys being the model parameters and the values being the

intervals for the corresponding model parameter. It is also a mandatory parameter.

* scoring - defines the score to be used while searching for the best model parameters among

the ones passed. This parameter is optional, and the default value is None.

* n_jobs - number of jobs to run in parallel. This parameter is optional, and the default value

is None.

* refit - if set to True, allows the instance of the GridSearchCV to be callable to make predic-
tions and also to return the best model parameters combination. This parameter is optional,

and the default value is True.

* cv - determines the cross-validation splitting strategy. If the estimator is a classifier and y is
either binary or multi-class, StratifiedKFold [55] is used. In all the other cases, KFold [52]
is used. The splits are the same across multiple function calls. This parameter is optional,

and the default value is None, which means that it uses the 5-fold cross-validation.
* verbose - refers to the quantity of messages. This parameter is optional, and the default is 0.

* pred_dispatch - controls the number of jobs that get dispatched during parallel execution.

This parameter is optional, and the default value is 2 * n_jobs.
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* error_score - value to assign to the score if an error occurs in estimator fitting. This pa-
rameter is optional, and the default value is 'raise’, meaning that any error is raised when it

occurs.

* return_train_score - if True, the cv_results_ attribute will include the training scores. This

parameter is optional, and the default value is False.

In the estimator, as mentioned before, an instance of Lasso without any parameter was passed.
For the param_grid, a dictionary with only one pair key value was used. The key is the alpha
parameter that Lasso receives, and the values range from O to 5 with steps equal to 0.1. For
the scoring parameter, the mean squared error was the selected metric. This metric was selected
because, from the ones available [50], this was one of the used afterward in the evaluation of the
model. All the remaining values were kept as default.

The future data set was the one used, both for the tasks and incidents, since the Lasso Regres-
sion model and its implementation do not support out-of-the-box past covariates.

The best value for the tuning parameter was found, both for the tasks and the incidents. The

results can be seen in Chapter 6.

5.3 Ridge Regression

The Ridge implementation from the Python sklearn.linear_model library was used for the
Ridge Regression [54].

This implementation receives a few parameters:

* alpha - float that multiplies the L2 term. This parameter is optional, and the default value is
1.0.

* fit_intercept - boolean that, once true, calculates the intercept for this model. If set to False,
no intercept will be used in calculations (i.e., data is expected to be centered). This parame-

ter is optional, and the default value is True.

* copy_X - boolean to define if X should be copied (True) or overwritten (False). This param-

eter is optional, and the default value is True.

* max_iter - maximum number of iterations for conjugate gradient solver. This parameter is

optional, and the default value depends on the solver.

* tol - float that determines the precision of the solution by specifying the different conver-
gence criteria depending on the solver. This parameter is optional, and the default value is
le-4.

* solver - solver to use in the computational routines. This parameter accepts the following

values:



Models

2.

52

‘auto’ - chooses the solver automatically depending on the type of data.

’svd’ - stands for Singular Value Decomposition, and it is the most stable solver at the

cost of being slower. X is decomposed to compute the Ridge coefficients.

"cholesky’ - uses the standard scipy.linalg.solve [59] function to obtain a closed-form

solution.

"Isqr’ - uses the dedicated regularized least-squares routine scipy.sparse.linalg.lsqr [57].

It is the fastest and uses an iterative procedure.

’sparse_cg’ - uses the conjugate gradient solver as found in scipy.sparse.linalg.cg [56].
As an iterative algorithm, this solver is more appropriate than "cholesky’ for large-scale

data (possibility to set the parameters fol and max_iter).

’sag’ and ’saga’ - ’sag’ uses a Stochastic Average Gradient descent, and ’saga’ uses
its improved, unbiased version named SAGA. Both methods also use an iterative pro-
cedure and are often faster than other solvers when both the number of samples and

features are large.

"Ibfgs’ - uses L-BFGS-B algorithm implemented in scipy.optimize.minimize [58]. It

can be used only when the parameter positive is set to True.

All solvers except ’svd’ support both dense and sparse data. However, only ’lsqr’, ’sag’,

'sparse_cg’, and ’lbfgs’ support sparse input when the parameter fit_intercept is True. This

parameter is optional, and the default value is ’auto.’

* positive - boolean that, when set to True, forces the coefficients to be positive. In this case,

the only solver that supports it is the 'Ibfgs’. This parameter is optional, and the default

value is False.

* random_state - integer, used only when the solver is ’sag’ or ’saga’, to shuffle the data. This

parameter is optional, and the default value is None.

All the parameters, except the alpha, were kept with their default value. For the alpha, since

it must be carefully chosen as explained in Chapter 2, the same hyperparameter optimization

technique used in Lasso Regression was used.

Regarding the parameters for the GridSearchCV function, the ones used in Lasso Regression

were the same used here, except, of course, for the estimator, which received an empty instance

of the Ridge regression presented before.

In the same direction as in the Lasso Regression, the future data set was the one used to train

and test the model, both for the incidents and for the tasks, since the Ridge Regression model and

its implementation do not support out-of-the-box past covariates.

The best value for alpha was found, both for the tasks and incidents, and the results can be

seen in Chapter 7.
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54 ARIMA

The ARIMA model was implemented with the usage of the ARIMA implementation from the
Python statsmodels library [65].

The implementation receives the following parameters:

* endog - the time series to train the model with. It is a mandatory parameter, and there is no

default value for it.

* exog - an array with the exogenous variables used. It is an optional parameter, and the

default value is None.

* order - the values for the autoregressive, difference, and moving average components, i.e.,
(P,D,Q). D must be an integer, but P and Q can be either an integer or a list of integers. This
parameter is optional, and the default value is (0,0,0).

* seasonal_order - on the same direction as the previous parameter, this one refers to the
seasonal values, with the fourth value being the seasonality. This value can be an integer, and
all the others follow the same logic as for the order parameter. It is an optional parameter,
and its default value is (0,0,0,0).

* trend - either a string or an iterable that defines the deterministic trend. If it is a string, it can
take as values ’n’ (no trend), 'c’ (constant trend), ’I’ (linear trend), and ’ct’ (both trends). If
it is an iterable, it defines a polynomial. It is an optional parameter, and the default value is

"¢’ for models without integration and 'n’ for models with integration.

* enforce_stationarity - boolean that, if set to true, requires the autoregressive parameters to

correspond to a stationary process. It is an optional parameter, and the default value is True.

* enforce_invertibility - boolean that, if set to true, requires the moving average parameters to

correspond to a stationary process. It is an optional parameter, and the default value is True.

e concentrate_scale - boolean that, if set to True, concentrates the scale, i.e., the variance of
the error term, out of the likelihood. By doing so, the number of parameters is reduced in
one. This is only applicable when considering estimation by numerical maximum likeli-

hood. It is an optional parameter, and the default value is False.

* trend_offset - integer that represents the start time offset in which trend values are consid-

ered. It is an optional parameter, and the default value is 1.

* dates - array of dates with time, only used in case the exog and endog parameters do not

include an index. The parameter is optional, and the default value is None.

* freq - string that represents the time series frequency. Only used if the exog and endog
parameters do not include an index. It is an optional parameter, and the default value is

None.
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* missing - string that represents the handling that should be made to missing values. It can
receive the value ‘none’, which is the default, if no checking is done to missing values;
‘drop’, if any observations with missing values are dropped; or ‘raise’, if an error is raised

in case missing values are found. It is an optional parameter.

* validate_specification - boolean whose information is not available in the official documen-

tation. It is an optional parameter, and the default value is True.

For the incidents, all the parameters, except the endog and order, were kept with their default
value. The endog was set with the time series, i.e. the date and quantity per date information, and
the order was set with the values defined for it.

For the tasks, the same parameters as for the incidents were used, but the exog was set to be
the task type. This made the implementation of ARIMA, in fact, a sort of an implementation of
ARIMAX since the task type was the exogenous variable used.

The hyperparameter optimization was applied to the order, but since the used ARIMA im-
plementation is not compatible with the GridSearchCV function used for the Ridge and Lasso
Regressions, the hyperparameter optimization was achieved by pre-defining a list with all the
combinations of the values for P, D, and Q.

The values for P and Q were either 1 or 2, while for D were either O or 1. To compare the
model’s performance depending on the parameters, the MAE metric was used.

Unlike the Lasso and Ridge Regression, the past data set was the one used for the incidents
and for the tasks. Since no covariate was used, except the task type, which is considered a future
covariate, it was irrelevant which data set was used. However, the decision to proceed with the past
data set was because it contains fewer data entries as the data is grouped by date (for the incidents)
and by the group data-task type (for the tasks).

The best values for P, D, and Q, as well as the obtained metrics, both for the tasks and for the

incidents, can be seen in Chapter 6.

5.5 SARIMAX

The SARIMAX model was implemented with the usage of the SARIMA implementation from
the same Python library used for the ARIMA implementation, statsmodels [66].

The implementation receives the following parameters:

* endog, exog, order, seasonal_order, trend, enforce_stationarity, enforce_invertibility, con-
centrate_scale, trend_offset, dates, freq, missing, validate_specification - these parameters

are the exact same used in the ARIMA implementation, from the same Python library.

* measurement_error - boolean that, if set to True, assumes that the exogenous variables were

observed with error. This parameter is optional, and the default value is False.
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* time_varying_regression - boolean that, if set to True, assumes that the exogenous variables
coefficients are allowed to vary over time. This parameter is optional, and the default value

is False.

* mle_regression - boolean that, if set to True, makes the model estimate the regression coef-
ficients of the exogenous variables as part of the maximum likelihood estimation or through
the Kalman filter. If the time_varying_regression value is True, this parameter must be set

to False. It is an optional parameter whose default value is True.

» simple_differencing - boolean that represents the usage (True) or not (False) of partially
conditional maximum likelihood estimation. In other words, if the value of this parameter is
set to True before the estimation, the differencing is performed, discarding the initial rows
and resulting in a smaller state-space formulation. If the value of this parameter is set to
False, all the data points can be used in the estimation since the full SARIMAX model is

put in the state-space form. This parameter is optional, and its default value is False.

* hamilton_representation - boolean that, if set to True, makes the model use the Hamilton
representation of an ARMA process. If set to False, the model uses the Harvey representa-

tion. This parameter is optional, and its default value is False.

* use_exact_diffuse - boolean that, if set to True, makes the model use exact diffuse initializa-
tion for non-stationary states. If set to false, instead of the exact diffuse initialization, use an

approximate diffuse initialization. This parameter is optional, and its default value is False.

* **kwargs - this parameter represents any keyword arguments that may be used to provide
default values for state-space matrices or for Kalman filtering options. It is an optional

parameter with no default value associated.

All the parameters, except the endog, exog, order, and seasonal_order, were kept with their
default value. For the endog, the time series, i.e., the dates and the quantities per date, were used.

For the exog, the value differs for the incidents and tasks. For the incidents, it contains the
TICKET TYPE, PRIORITY, IMPACT, URGENCY, WEEKDAY, and HOLIDAYS, which is a mix of
past and future covariates. For the tasks, it contains the TASK TYPE, WEEKDAY, HOLIDAYS,
TICKET TYPE, and PRIORITY, which are also a mix of past and future covariates. The order and
seasonal_order parameters were set with the values defined for them.

On the same logic as the one applied in the ARIMA implementation, since the SARIMAX
implementation used is not compatible with the GridSearchCV function used in the Lasso and
Ridge Regressions implementations, a "manual” hyperparameter optimization technique was used.

Again, the values for the order and seasonal_order resulted in all the possible combinations
between the different values set for P, Q, D, p, q, d, s. For P, Q, p, and q, the possible values were
either 1 or 2. For D and d, the possible values were 0 or 1. Finally, for s, the possible values were

7 (weekly seasonality) or 12 (monthly seasonality).
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To assess which model performed better and compare the different values used for each pa-
rameter, the MAE metric was used.

The future data set, as it was used for the Lasso and Ridge Regressions implementations, was
the selected one, both for the tasks and incidents, to train and test the SARIMAX model.

The best values for P, Q, D, p, q, d, s, as well as the obtained metrics, both for the tasks and
for the incidents, can be seen in Chapter 6.

5.6 RNN

The RNN model was implemented with the usage of some 7ensorFlow Python libraries [69].

Before the definition of the network, the target variable, i.e., the quantity, was reshaped so that
its values would be in the interval from O to 1. The remaining features were also expanded from a
2-dimensional to a 3-dimensional matrix, using the NumPy expand_dims function [40].

For the network itself, the Sequential implementation [73] was used, which receives the fol-

lowing parameters:

* layers - layers of the network. This parameter is optional, and the default value is None.

* name - name of the network. This parameter is optional, and the default value is None.

The name was kept with the default value, but the layers parameter was assigned with two
implementations also from TensorFlow, SimpleRNN [74] and Dense [70].
The SimpleRNN represents the input and the only hidden layer of the network. Its implemen-

tation receives the following parameters:

* units - integer that represents the dimensionality of the output space. It is a mandatory

parameter.

* activation - activation function. This parameter is optional, and its default value is ’tanh’

(i.e., hyperbolic tangent).
* use_bias - if set to True (default), the layer uses a bias vector. This parameter is optional.

* kernel_initializer - initializer for the kernel weights matrix, which is used for the linear trans-

formation of the inputs. This parameter is optional, and its default value is ’glorot_uniform’.

* recurrent_initializer - initializer for the recurrent_kernel weights matrix, which is used for
the linear transformation of the recurrent state. This parameter is optional, and its default

value is ’orthogonal’.

* bias_initializer - initializer for the bias vector. This parameter is optional, and its default

value is ’zeros’.

* kernel_regularizer - regularizer function applied to the kernel weights matrix. This param-

eter is optional, and its default value is None.
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* recurrent_regularizer - regularizer function applied to the recurrent_kernel weights matrix.

This parameter is optional, and its default value is None.

* bias_regularizer - regularizer function applied to the bias vector. This parameter is optional,

and its default value is None.

* activity_regularizer - regularizer function applied to the output of the layer, i.e., its activa-

tion. This parameter is optional, and its default value is None.

* kernel_constraint - constraint function applied to the kernel weights matrix. This parameter

is optional, and its default value is None.

* recurrent_constraint - constraint function applied to the recurrent_kernel weights matrix.

This parameter is optional, and its default value is None.

* bias_constraint - constraint function applied to the bias vector. This parameter is optional,

and its default value is None.

* dropout - float that takes values between 0 and 1, representing the fraction of the units to
drop for the linear transformation of the inputs. This parameter is optional, and its default

value is 0.0.

* recurrent_dropout - float that takes values between 0 and 1, representing the fraction of the
units to drop for the linear transformation of the recurrent state. This parameter is optional,

and its default value is 0.0.

* return_sequences - boolean that, if set to True, makes the layer return the last output in the
output sequence or the full sequence. This parameter is optional, and its default value is

False.

* return_state - boolean that, if set to True, makes the layer return the last state in addition to

the output. This parameter is optional, and its default value is False.

* go_backwards - boolean that, if set to True, processes the input sequence backward and

returns the reversed sequence. This parameter is optional, and its default value is False.

* stateful - boolean that, if set to True, makes the last state for each sample at index i in a
batch to be used as the initial state for the sample of index i in the following batch. This

parameter is optional, and its default value is False.

* unroll - boolean that, if set to True, makes the network be unrolled. Otherwise, a symbolic
loop will be used. Unrolling can speed up a RNN, although it tends to be more memory-
intensive. Unrolling is only suitable for short sequences. This parameter is optional, and its

default value is False.

* **kwargs - this parameter represents any keyword arguments. It is an optional parameter

with no default value associated.
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All the parameters were kept with their default value, except the units, activation and in-
put_shape.

The units were set to either 25 or 50, which was made with a manual hyperparameter opti-
mization technique. The MAE was the selected metric to compare the model’s performance with
the different units values.

The activation was set to ‘relu’, i.e., the rectified linear unit was the selected activation func-
tion. Last but not least, the input_shape was set to a tuple of two elements, the first equal to the
number of features in the training data (7 for the incidents and 6 for the tasks) and the second equal
to 1.

The Dense represents the output layer of the network, and its implementation receives the

following parameters:

* units

* activation

* use_bias

e kernel_initializer

* bias_initializer

* kernel_regularizer
* bias_regularizer

* activity_regularizer
e kernel_constraint
e bias_constraint

o *Ekwargs

All the above parameters have the same meaning and default values as for the SimpleRNN
implementation.

All the values were kept by default, except the units, which was set to 1, representing the
dimensionality of the output of the network, i.e., the target variable value that is forecasted.

The model was compiled with the compile method from TensorFlow [72], which receives the

following parameters:

* optimizer - the optimizer to use. This parameter is optional, and its default value is 'rm-

sprop’.

* Joss - the loss function. This parameter is optional, and its default value is None.
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* metrics - list of metrics to be evaluated by the model during training and testing. This

parameter is optional, and its default value is None.

* loss_weights - list or dictionary specifying scalar coefficients to weight the loss contributions

of different model outputs. This parameter is optional, and its default value is None.

* weighted_metrics - list of metrics to be evaluated and weighted by sample_weight or class_weight

during training and testing. This parameter is optional, and its default value is None.

* run_eagerly - boolean that, if set to True, will make the model’s logic not be wrapped. This

parameter is optional, and its default value is False.

* steps_per_execution - The number of batches to run. This parameter is optional, and its

default value is 1.

e jit_compile - boolean that, if set to True, compile the model training step with XLA. XLA
is an optimizing compiler for machine learning. This parameter is optional, and its default

value is None.

* pss_evaluation_shards - sets the number of shards to split the data set into. This parameter

is optional, and its default value is 0.

* **kwargs - this parameter represents any keyword arguments supported for backward com-

patibility only. It is an optional parameter with no default value associated.

All the default values were kept by default, except for the optimizer and loss parameters. For
the optimizer, Adam was the selected one. Adam optimization is a stochastic gradient descent
method that is based on adaptive estimation of first-order and second-order moments. For the loss,
the MAE was the selected metric.

The model was trained with 10 epochs, a batch size of 32, and a validation split of 0.1, i.e.,
10% of the data was used at each epoch to assess the model’s performance.

Lastly, the target variable values were converted again to the original interval of values instead
of the 0 to 1 interval.

The future data set, as for the Lasso and Ridge Regression and SARIMAX implementations,
was the selected one, both for the tasks and incidents, to train and test the RNN model.

The best values for the nodes and the obtained metrics, both for the tasks and for the incidents,

can be seen in Chapter 6.

5.7 LSTM

For the LSTM implementation, some of the TensorFlow Python libraries used in the RNN

implementation were also used.



Models 60

As for the RNN implementation, the first thing to do in the LSTM implementation was to
reshape the target variable so that its values could be between 0 and 1, as well as to expand the
remaining features from a 2-dimensional to a 3-dimensional matrix.

For the network itself, the Sequential implementation was used, with only the layers parameter
being assigned to two implementations, LSTM [71] and Dense.

The LSTM represents the input and the only hidden layer of the network. Its implementation

receives the following parameters:

* units
* activation

* recurrent_activation - activation function to use for the recurrent step. This parameter is

optional, and its default value is ’sigmoid’.
* use_bias
e kernel_initializer
e recurrent_initializer
e bias_initializer

* unit_forget_bias - boolean that, if set to True (default), If True, adds 1 to the bias of the
forget gate at initialization. If the value of this parameter is True, the bias_initializer will

automatically have 'zeros’ as value. This parameter is optional.
* kernel_regularizer
* recurrent_regularizer
* bias_regularizer
* activity_regularizer
e kernel_constraint
e recurrent_constraint
e bias_constraint
* dropout
e recurrent_dropout
* return_sequences

e return_state
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* go_backwards
e stateful

* time_major - shape format of the inputs and outputs tensors. If the value is True, the inputs
and outputs will be in shape [timesteps, batch, feature]. If the value is False, the same shape

will be [batch, timesteps, feature]. This parameter is optional, and its default value is False.
e unroll
* *¥kwargs

All the parameters without description in the list above have the same meaning and default
values as the ones of the SimpleRNN implementation.

Except for the units, activation, and input_shape parameters, all the others were kept with
their default values. The units parameter, like for the LSTM, was set to either 25 or 50, in what
consisted of the manual hyperparameter optimization applied to the model. The MAE metric was
used to assess the model’s performance and decide the best value for the units.

The activation function was 'relu’, and the input_shape was set to a tuple with two values,
with the first being the number of features in the training data (1 for the incidents and 2 for the
tasks) and the second one the value 1, as for the RNN implementation.

The Dense represents the output layer of the network, and its implementation is the exact same
as the one used for the RNN, i.e., the units parameter was set to 1, and all the other were kept with
their default values.

The model was also compiled with the Adam optimizer and MAE as the loss metric.

The training of the model was made in 10 epochs, with a batch size of 32 and a validation split
of 0.1.

By the end, the target variable was also reconverted to the original scale of values.

For the LSTM implementation, the past data set was used, both for the tasks and for the
incidents, since the training data only contained the DATE, QUANTITY, and TASKTYPE, with this
last one being only applicable to the tasks data set.

The best values for the nodes, as well as the obtained results for the metrics, both for the tasks

and for the incidents, can be seen in Chapter 6.

5.8 LSTMX

The implementation for the LSTMX model was the exact same one used for the LSTM model,
with the only difference being the data set used, both for the tasks and for the incidents.

Instead of the past data set, the future data set was the one used since the model was trained
and tested with all the data available in this data set.

With this, the input_shape parameter of the LSTM implementation was set to a tuple with two
elements, with the first one being the number of features in the training data (7 for the incidents

and 6 for the tasks), and the second one equal to 1.
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The best values for the nodes, as well as the obtained results for the metrics, both for the tasks

and for the incidents, can be seen in Chapter 6.

5.9 DeepAR

The DeepAR model was implemented with the usage of the DeepAR implementation from
the PyTorch Forecasting Python library [15] as an adapted version of the implementation made by
Cory Maklin [32].

For this implementation, the past data set was used, both for the tasks and for the incidents.
However, there was the need to do some pre-processing in order for it to be compatible with the
model’s implementation.

The first thing to do was to shuffle the training data so that it would not be ordered by date, as
recommended in the official documentation of DeepAR [60].

Then, all the columns except the DATE and QUANTITY had to be converted to the String type.

A new column was created, TIME INDEX, which was obtained by getting the minimum DATE
value available in the training data set and calculating the difference between each row’s DATE
value and this minimum.

Then, the data set was converted to a Time Series data set with the usage of the TimeSeries-
DataSet implementation also from the PyTorch Forecasting Python library [16].

This implementation receives the following parameters:

* data — data frame with sequence data, where each row can be identified with time_idx and

the group_ids. This parameter is mandatory and has no default value.

* time_idx — integer column denoting the time index, which is used to determine the sequence

of samples. This parameter is mandatory and has no default value.

* target — column denoting the target or list of columns denoting the target variables. This

parameter is mandatory and has no default value.

* group_ids — list of column names identifying a time series. This parameter is mandatory

and has no default value.

* weight — column name for weights. This parameter is optional, and the default value is

None.

* max_encoder_length — maximum length to encode. This parameter is optional, and the

default value is 30.

* min_encoder_length — minimum allowed length to encode. This parameter is optional, and

the default value is the same as the max_encoder_length.

* min_prediction_idx — minimum time_idx from where to start predictions. This parameter is

optional, and the default value is None.
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* max_prediction_length — maximum prediction/decoder length. This parameter is optional,

and the default value is 1.

* min_prediction_length — minimum prediction/decoder length. This parameter is optional,

and the default value is max_prediction_length.

* static_categoricals — list of categorical variables that do not change over time. This param-

eter is optional, and the default value is an empty list.

* static_reals — list of continuous variables that do not change over time. This parameter is

optional, and the default value is an empty list.

* time_varying_known_categoricals — list of categorical variables that change over time and

are known in the future. This parameter is optional, and the default value is an empty list.

* time_varying_known_reals — list of continuous variables that change over time and are

known in the future. This parameter is optional, and the default value is an empty list.

* time_varying_unknown_categoricals — list of categorical variables that change over time
and are not known in the future. This parameter is optional, and the default value is an

empty list.

* time_varying_unknown_reals — list of continuous variables that change over time and are

not known in the future. This parameter is optional, and the default value is an empty list.

* variable_groups — dictionary mapping a name to a list of columns in the data. The name
should be present in a categorical or real class argument to be able to encode or scale the
columns by group. This will effectively combine categorical variables and is particularly
useful if a categorical variable can have multiple values at the same time. This parameter is

optional, and the default value is an empty dictionary.

* constant_fill_strategy — dictionary of column names with constants to fill in missing values
if there are gaps in the sequence (by default forward fill strategy is used). The values will
be only used if the parameter allow_missing_timesteps is set to True. This parameter is

optional, and the default value is an empty dictionary.

* allow_missing_timesteps — boolean that, if set to True, allows missing time steps, which
are automatically filled up. Missing values refer to gaps in the time_idx parameter. This

parameter is optional, and the default value is False.

* lags — dictionary of variable names mapped to a list of time steps by which the variable
should be lagged. Lags can be useful to indicate seasonality to the models. A lagged
variable has to appear in the time-varying variables. This parameter is optional, and the

default value is an empty dictionary.
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e add_relative_time_idx — boolean that, if set to True, adds a relative time index as a fea-
ture (i.e. for each sampled sequence, the index will range from encoder_length to predic-

tion_length). This parameter is optional, and the default value is False.

* add_target_scales — boolean that, if set to True, adds scales for the target to static real
features (i.e. add the center and scale of the not normalized time series as features). This

parameter is optional, and the default value is False.

* add_encoder_length — boolean or string that indicates whether or not to add decoder length
to a list of static real variables. This parameter is optional, and the default value is ’auto’,
i.e. the value is only True if the value of min_encoder_length is different from the value of

max_encoder_length.

* target_normalizer — transformer that take group_ids, target and time_idx to normalize tar-
gets. It can take the values TorchNormalizer, GroupNormalizer, NaNLabelEncoder, En-
coderNormalizer, None. This parameter is optional, and, by default, an appropriate normal-

izer is chosen automatically.

* categorical_encoders — dictionary of scikit-learn label transformers. This parameter is op-

tional, and, by default, it is set effectively to sklearn’s LabelEncoder() [25].

* scalers — dictionary of scikit-learn scalers. The possible values are EncoderNormalizer,
GroupNormalizer or scikit-learn’s StandarScaler(), RobustScaler(), None. This parameter

is optional, and the default value is the sklearn’s StandardScaler() [26].

* randomize_length — if set to None or False, it will not randomize lengths. If it is a tuple, it
represents the beta distribution concentrations from which probabilities are sampled that are
used to sample new sequence lengths with a binomial distribution. If set to True, defaults to
(0.2, 0.05), i.e. approx. 1/4 of samples around minimum encoder length. This parameter is

optional, and the default value is False.

* predict_mode — boolean that, if set to True, will iterate over each time series once (only
the last provided samples). Effectively, this will choose for each time series identified by
group_ids the last max_prediction_length samples as prediction samples and everything

previous up to max_encoder_length samples as encoder samples.

The data parameter was set with the training data set. The time_idx was set to the column
TIME INDEX, which contains the time index. The farget was set to the column QUANTITY and
the group_ids was set to the columns PRODUCT CATEGORIZATION TIER, PRODUCT NAME,
SOURCE, TICKET TYPE, FIRST LEVEL, FIRST LEVEL CREATED, WEEKDAY, DURATION,
IMPACT, PRIORITY, URGENCY, CREATED VIA XML GATEWAY, IS WEB TICKET, HOLIDAYS
for the incidents, and to the columns CATEGORIZATION TIER, PRODUCT NAME, PRIORITY,
TICKET TYPE, WEEKDAY, HOLIDAYS for the tasks.
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The max_encoder_length was set to the maximum value of the time index. The min_encoder_
length was set to 1. The max_prediction_length was set to the prediction interval.

The static_categoricals were set to the columns PRODUCT CATEGORIZATION TIER, PROD-
UCT NAME, SOURCE, TICKET TYPE, FIRST LEVEL, FIRST LEVEL CREATED, DURATION,
IMPACT, PRIORITY, URGENCY, CREATED VIA XML GATEWAY, IS WEB TICKET for the in-
cidents, and to the columns CATEGORIZATION TIER, PRODUCT NAME, PRIORITY, TICKET
TYPE for the tasks.

The time_varying_known_reals was set to the columns WEEKDAY, HOLIDAYS, both for the
tasks and for the incidents, while the time_varying_unknown_reals was set to the target variable.

Finally, the allow_missing_timesteps parameter was set to True, and all the others were kept
with their default value.

Two recommendations from the official documentation are that the model should be trained
with at least 300 observations in the data set and that large prediction intervals, i.e., greater than
four hundred, make the model slow and less accurate and, thus should be avoided.

Regarding the first recommendation, with the approach made in this Master Thesis, the training
process follows the recommendation for the cases in which the training data set contains all the
data or the data from the last 365 days. For this reason, and for this model only, instead of the 30
training cycles described before, only 10 training cycles were made, both for the tasks and for the
incidents.

In other words, the model was trained only with all the data available or the data from the past
365 days in each of the prediction intervals.

Regarding the second recommendation, it is not a problem since the prediction intervals for
this Master Thesis are not greater than four hundred (the maximum is 365).

According to the same documentation, "the method works with little or no hyperparameter
tuning on a wide variety of data sets." For that reason, there was no hyperparameter optimization
technique applied to this model.

Then, the training and testing data were divided into chunks of data of size 128 each. To have
reproducible results, a seed was set (42).

An instance of DeepAR from the PyTorch Forecasting library was implemented. This instance

receives the following parameters:

* dataset — time series data set. This parameter is mandatory.

e allowed_encoder_known_variable_names — list of known variables that are allowed in the

encoder. This parameter is optional and defaults to all.

* **kwargs — additional arguments such as hyperparameters for model. This parameter is

optional and has no default value.

The allowed_encoder_known_variable_names parameter was kept with the default value, but

the dataset and **kwargs parameters were set with some values.
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For the dataset, the previously created instance of TimeSeriesDataSet was passed. For the

**kwargs, the following parameters were set:

* learning_rate=0.7

* log_interval=10

* log_val_interval=1

e hidden_size=30

* rnn_layers=2

¢ loss=MultivariateNormalDistributionLoss(rank=30)

To train and test the model, a new instance of a Trainer [31] was created. This instance receives

the following parameters:

bl

* accelerator — supports passing different accelerator types ("cpu’, ‘gpu’, ’tpu’, ’ipu’, "hpu’,
‘mps’, "auto’) as well as custom accelerator instances. This parameter is optional, and the

default value is "auto’.

* strategy — supports different training strategies with aliases as well as custom strategies.

This parameter is optional, and the default value is "auto’.

* devices — the devices to use. It can be set to a positive number, a sequence of device indices,
the value -1 to indicate all available devices should be used, or "auto’ for automatic selection

based on the chosen accelerator. This parameter is optional, and the default value is ’auto’.

* num_nodes —number of GPU nodes for distributed training. This parameter is optional, and

the default value is 1.

* precision — double precision, full precision, /6bit mixed precision or bfloat16 mixed preci-
sion. It can be used on CPU, GPU, TPUs, HPUs, or IPUs. This parameter is optional, and

its default value is '32-true’.

* logger — logger (or iterable collection of loggers) for experiment tracking. If set to True, it
uses the default TensorBoardLogger if it is installed, otherwise CSVLogger. If set to False,
it will disable logging. If multiple loggers are provided, local files (checkpoints, profiler
traces, etc.) are saved in the log_dir of the first logger. This parameter is optional, and its

default value is True.

* callbacks — add a callback or list of callbacks. This parameter is optional, and its default

value is None.

* fast_dev_run —runs n if set to n (integer), else 1 if set to True, batch(es) of training, valida-

tion, and test to find any bugs. This parameter is optional, and its default value is False.
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* max_epochs — stop training once this number of epochs is reached. This parameter is op-
tional, and is disabled by default. If both max_epochs and max_steps are not specified, it
defaults to 1000.

* min_epochs — force training for at least these many epochs. This parameter is optional, and
is disabled by default.

* max_steps — stop training after this number of steps. This parameter is optional, and is
disabled by default. If max_steps = -1 and max_epochs = None, it will default to 1000.

* min_steps — force training for at least this number of steps. This parameter is optional, and
is disabled by default.

* max_time — stop training after this amount of time has passed. This parameter is optional,
and is disabled by default.

* [imit_train_batches — how much of training data set to check. This parameter is optional,
and the default value is 1.0.

* [limit_val_batches — how much of validation data set to check. This parameter is optional,
and the default value is 1.0.

* limit_test_batches — how much of test data set to check. This parameter is optional, and the

default value is 1.0.

e limit_predict_batches — how much of prediction data set to check. This parameter is op-

tional, and the default value is 1.0.

* overfit_batches — over-fit a fraction of training/validation data (float) or a set number of

batches (integer). This parameter is optional, and the default value is 0.0.

* val_check_interval — how often to check the validation set. If it receives a float in the range
[0.0,1.0], it checks after a fraction of the training epoch. If an integer is passed, it checks
after a fixed number of training batches. This parameter is optional, and the default value is
1.0.

* check_val_every_n_epoch — performs a validation loop every after every N training epochs.
If set to None, validation will be done solely based on the number of training batches,
requiring val_check_interval to be an integer value. This parameter is optional, and the

default value is 1.0.

* num_sanity_val_steps — sanity check runs n validation batches before starting the training

routine. This parameter is optional, and the default value is 2.

* log_every_n_steps — how often to log within steps. This parameter is optional, and the
default value is 50.
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* enable_checkpointing — if set to True, enables check-pointing. It will configure a default
ModelCheckpoint callback if there is no user-defined ModelCheckpoint in callbacks. This

parameter is optional, and the default value is True.

* enable_progress_bar — whether to enable to progress bar by default. This parameter is

optional, and the default value is True.

* enable_model_summary — whether to enable model summarizing by default. This parameter

is optional, and the default value is True.

* accumulate_grad_batches — accumulates gradients over k batches before stepping the opti-

mizer. This parameter is optional, and the default value is 1.

* gradient_clip_val — the value at which to clip gradients. If set to None, disables gradient
clipping. If using Automatic Mixed Precision (AMP), the gradients will be unscaled before.

This parameter is optional, and the default value is None.

* gradient_clip_algorithm — the gradient clipping algorithm to use. If set to 'value’, it will
clip by value. If set to 'norm’, it will clip by norm. This parameter is optional, and the

default value is ‘norm’.

* deterministic — if set to True, sets whether PyTorch operations must use deterministic al-
gorithms. If set to 'warn’, it uses deterministic algorithms whenever possible, throwing
warnings on operations that don’t support deterministic mode. This parameter is optional,

and the default value is False.

e benchmark — the value (True or False) to set torch.backends.cudnn.benchmark to. The value
for torch.backends.cudnn.benchmark set in the current session will be used (False if not
manually set). If deterministic is set to True, this will default to False. This parameter is

optional, and the default value is None.

* inference_mode — whether to use torch.inference_mode() or torch.no_grad() during evalua-

tion (validate/test/predict). This parameter is optional, and the default value is True.

* use_distributed_sampler — whether to wrap the DataLoader’s sampler with torch.utils.data.
DistributedSampler. 1f not specified, this is toggled automatically for strategies that re-
quire it. By default, it will add shuffle=True for the train sampler and shuffle=False for
validation/test/predict samplers. To disable this logic, it can be set as False, and the own
distributed sampler can be added in the dataloader hooks. If True and a distributed sampler
was already added, Lightning will not replace the existing one. For iterable-style data sets,

this is not automatically done. This parameter is optional, and the default value is True.

e profiler — to profile individual steps during training and assist in identifying bottlenecks.

This parameter is optional, and the default value is None.
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* detect_anomaly — Enable anomaly detection for the autograd engine. This parameter is

optional, and the default value is False.

* barebones — Whether to run in ’barebones mode’, where all features that may impact raw
speed are disabled. This is meant for analyzing the Trainer’s overhead and is discouraged
during regular training runs. The following parameters are deactivated: enable_checkpointing,
logger, enable_progress_bar, log_every_n_steps, enable_model_summary, num_sanity_val_
steps, fast_dev_run, detect_anomaly, profiler, log(), log_dict(). This parameter is optional,

and the default value is False.

* plugins — plugins allow modification of core behavior like ddp and amp, and enable custom

lightning plugins. This parameter is optional, and the default value is None.

* sync_batchnorm — synchronize batch norm layers between process groups/whole world.

This parameter is optional, and the default value is False.

* reload_dataloaders_every_n_epochs — set to a non-negative integer to reload dataloaders

every n epochs. This parameter is optional, and the default value is 0.

* default_root_dir — Default path for logs and weights when no logger/ckpt_callback passed.

This parameter is optional, and the default value is os.getcwd().

The max_epochs parameter was set to 10, the enable_model_summary parameter set to True,
and the gradient_clip_val set to 0.1.

For the callbacks parameter, since there is no need to keep the training process in case the
loss in the testing data set is less than 0.0001, an instance of EarlyStopping from the Pytorch
Lightning [30] was passed. This instance receives the following parameters:

* monitor — quantity to be monitored. This parameter is optional, and the default value is

val_loss’.

* min_delta — minimum change in the monitored quantity to qualify as an improvement, i.e.
an absolute change of less than min_delta, will count as no improvement. This parameter is

optional, and the default value is 0.0.

* patience — number of validation epochs with no improvement after which training will be

stopped. This parameter is optional, and the default value is 3.
* verbose — verbosity mode. This parameter is optional, and the default value is False.

* mode — one of ’auto’, 'min’, ‘'max’. In 'min’ mode, training will stop when the quantity
monitored has stopped decreasing; in 'max’ mode it will stop when the quantity monitored
has stopped increasing; in ’auto’ mode, the direction is automatically inferred from the

name of the monitored quantity. This parameter is optional, and the default value is "auto’.
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* strict — whether to crash the training if the monitor is not found in the validation metrics.

This parameter is optional, and the default value is True.

The parameters monitor, min_delta, patience, verbose, and mode were set with the values
’val_loss’, 174, 10, False and 'min’, respectively. The strict parameter was left with the default
value.

The limit_train_batches parameter was set to 50, the enable_checkpointing to True, and the
logger to an instance of TensorBoardLogger, also from the PyTorch Lightning Python library.

This instance receives the following parameters:

* save_dir — the path to the save directory. This parameter is mandatory and has no default

value.

* name — the experiment name. If it is set as an empty string, then no per-experiment sub-

directory is used. This parameter is optional, and the default value is ’lightning_logs’.

* version — the experiment version. If the version is not specified, the logger inspects the save
directory for existing versions and then automatically assigns the next available version. If it
is a string, then it is used as the run-specific sub-directory name. This parameter is optional,

and the default value is None.

* log_graph — adds the computational graph to TensorBoard. This parameter is optional, and

its default value is False.

* default_hp_metric —enables a placeholder metric with key hp_metric when log_hyperparams
is called without a metric (otherwise calls to log_hyperparams without a metric are ignored).

This parameter is optional, and the default value is True.

e prefix — string to put at the beginning of metric keys. This parameter is optional, and the

default value is an empty string.

* sub_dir — sub-directory to group TensorBoard logs. If a sub_dir argument is passed, then
logs are saved in /save_dir/name/version/sub_dir/. This parameter is optional, and the de-

fault value is None, which means that no sub-directory is used.

* **kwargs — additional keyword arguments. This parameter is optional and has no default

value.

All the parameters were kept with their default value, except the save_dir parameter, which
was set to the directory in which the Jupyter Notebook was running.

Finally, the model was trained on the DeepAR instance created, with the training and testing
chunks, obtaining the best model.

The results obtained for the selected metrics, both for the tasks and for the incidents, can be

seen in Chapter 6.
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5.10 Prophet

The Prophet model was implemented with the usage of the Prophet implementation from a

library with the same name as the model [63], which follows the sklearn library model API.

The implementation receives the following parameters, which are all optional:

growth - a string that can take as values ’linear’, ’logistic’, or 'flat’, which are used to specify
a linear, logistic, or flat trend, respectively. This parameter is optional, and the default value

is ’linear’.

changepoints - a list of dates with potential changepoints, which are automatically selected

if they are not specified. This parameter is optional.

n_changepoints - integer that represents the number of potential changepoints to include.
Only used if the changepoints are automatically selected, in which case the n_changepoints
potential changepoints are selected uniformly from the first changepoint_range proportion

of the history. This parameter is optional, and the default value is 25.

changepoint_range - float that represents the percentage of history in which trend change-
points will be estimated. This parameter is optional, and the default value is 0.8 (i.e., 80%)

and is only used if the changepoints list is not specified.

yearly_seasonality - this parameter indicates if the model should fit the yearly seasonality.
It can take the values ’auto’, True, False, or a number of Fourier terms to generate. This

parameter is optional, and the default value is ’auto’.

weekly_seasonality - this parameter goes in the same direction as the previous one but is
used to indicate if the model should fit the weekly seasonality. It can take the same values

as the yearly_seasonality, and the default value is "auto’ too. This parameter is optional.

daily_seasonality - like the last two parameters, this parameter aims to indicate if the model
should fit the daily seasonality. The possible values are the same as the last two, and the

default value is also ’auto’. This parameter is optional.

holidays - is a data frame in Python with the holidays. It should contain a column with the
holiday’s name, a column with the date, and, optionally, a range of days surrounding the
holiday, as well as the specification for the prior scale for that holiday. This parameter is

optional, and the default value is None.

seasonality_mode - represents the seasonality mode, which can either be ’additive’ (default)

or ‘multiplicative’. This parameter is optional.

seasonality_prior_scale - this parameter modules the strength of the seasonality model. It
is a float where larger values allow the model to fit larger seasonal fluctuations, and smaller
values dampen the seasonality. It can also be specified for individual seasonalities. This

parameter is optional, and the default value is 10.0.
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* holidays_prior_scale - this parameter is also a float that modules the strength of the holiday
components model unless overridden in the holidays. This parameter is optional, and the

default value is also 10.0.

* changepoint_prior_scale - this parameter is a float that modules the flexibility of the auto-
matic changepoint selection. For larger values, more changepoints will be allowed, while
the opposite happens for small values. This parameter is optional, and the default value is
0.05.

» mcmc_samples - this integer parameter makes the model do a full Bayesian inference with
the specified number of MCMC samples if the value is greater than 0. If it is 0, the model
will do MAP estimation. This parameter is optional, and the default value is 0.

* interval_width - this parameter is a float that represents the width of the uncertainty inter-
vals provided for the forecast. If the value of mcmc_samples is zero, this will be only the
uncertainty in the trend using the MAP estimate of the extrapolated generative model. If
the value of mcmc_samples is greater than zero, this will be integrated over all model pa-
rameters, which will include uncertainty in seasonality. This parameter is optional, and the

default value is 0.8.

* uncertainty_samples - this parameter is an integer that represents the number of simulated
draws used to estimate uncertainty intervals. If this parameter is set to O or False, it will
disable uncertainty estimation and speed up the calculation. This parameter is optional, and
the default value is 1000.

 stan_backend - finally, this parameter is a String which can take the values defined in the
StanBackendEnum. The default value is "None’, which will try to iterate over all available

backends and find the working one. This parameter is optional.

All the parameters were kept with their default value, unless the holidays parameter, which
was filled with a data frame containing the holidays and corresponding dates for the time interval
of the data set.

The model expects a data set with a ds column and a y column to be trained with. The ds
column should include all the available dates in the format date or date time, while the y should
include the values known for the target variable.

However, more than these columns, in the implementation made for this Master Thesis, some
regressors were also used.

The regressors in Prophet are the exogenous variables (or covariates), which, according to the
model’s specificity, can only be future covariates since they have to be known both at training and
prediction time.

Thus, the future data set was the one used, and all the features other than the date and quantity

were added as regressors.
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No hyperparameter optimization was necessary since no parameter was used other than the
holidays.
The results for each metric, prediction, and training interval, both for the tasks and incidents,

can be seen in Chapter 6.



Chapter 6

Evaluation

To evaluate the performance of the used models, two approaches were used.

The first one, named "Historical Evaluation," refers to the common practice of using historical
data to train and test each model. The division of the data by train and test was already described
in Chapter 5.

The second one, named "Live Evaluation," refers to the usage of the whole data set to train the
best-performing model, forecasting then for the supported time intervals and comparing the pre-
dicted values with the observed ones in the following days. Due to feasibility and time constraints,
for this approach, it was only possible to evaluate the predictions in the time intervals of 7 and 30
days.

The "Live Evaluation" can be seen as a concrete case of the "Historical Evaluation", in which,
for instance, the last 7 or 30 days’ information is forgotten. Then, the remaining data set is used to
train the best-performing model, and the results of the predictions made afterward are compared
against the information that was forgotten in the beginning.

In the first two sections, the "Historical Evaluation" approach is explained, and the obtained
results are presented, followed by the analysis of the best-performing models. Then, in the last
section, the "Live Evaluation" approach is explained, and the results are analyzed.

For simplification purposes, only the best results are presented in this chapter. The complete

results can be seen in the Appendix B.

6.1 Historical Evaluation

For the historical evaluation, the metrics used were the Mean Absolute Error (MAE), the Mean
Squared Error (MSE), the Root Mean Squared Error (RMSE), and the Mean Absolute Percentage
Error (MAPE).

The MAE calculates the average of the absolute difference between the predicted and the
observed values. Its formula is the following

L |pi—ail
n )
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where n is the number of observed/predicted values, p; is the predicted value for time=i, and
a; 1s the actual value for time=i.

The MSE calculates the average of the power to two differences between the actual and pre-
dicted values. Its formula is the following

Y (pi—ai)?
n )
where n, p;, and a; have the same meaning as in the MAE formula.
The RMSE is the root of the MSE, with its formula being the following
Y (pi—ai)?
n )

with n, p;, and a; having naturally the same meaning as for the MAE and MSE.

The MAPE is the average of the absolute percentage of error, with its formula being the fol-
lowing
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with n, p;, and a; having naturally the same meaning as for the MAE, MSE, and RMSE.

As mentioned in Chapter 5, for each model, the training and testing stages were repeated 60
times, 30 for the tasks and 30 for the incidents.

In the following subsections, each model’s results are presented, and the best results for each
type of ticket and the corresponding models’ configuration are highlighted. The selection of the
best result is based on the lowest MAE, which was the selected metric for the hyperparameter
optimization. For simplification purposes, the tables of the best results for each model and data
set do not include all the metrics but only the MAE and MAPE.

6.1.1 Lasso Regression

Starting with the Lasso Regression model and with the Tasks data set, table 6.1 contains the
best results obtained for each forecasting interval. As it is possible to recognize, the best training

interval differs depending on the prediction interval. The best values for alpha are either 0 or 0.01.

TRAIN. INT | PRED. INT | ALPHA | MAE | MAPE
30 7 0 0,098 | 2,068
90 30 0,01 0,093 | 2,348
60 60 0,01 0,092 | 2,148
All 90 0 0,11 | 2,530
7 365 0,01 0,102 | 2,138

Table 6.1: Best results obtained for the Lasso Regression model on the Tasks data set.

For the Incidents data set, table 6.2 contains the best results obtained for each forecasting
interval. Here, the training intervals 30 and All are the best for the prediction intervals of 30, 90,
and 60, 365, respectively. The best alpha values are either 0.01, 0.02, or 0.



TRAIN. INT | PRED. INT | ALPHA | MAE | MAPE
60 7 0,01 0,134 | 1,417
30 30 0,02 0,106 | 1,849
All 60 0 0,136 | 1,863
30 90 0,01 0,125 | 1,560
All 365 0 0,134 | 1,694

Table 6.2: Best results obtained for the Lasso Regression model on the Incidents data set.

6.1.2 Ridge Regression

For the Ridge Regression model and starting with the Tasks data set, table 6.3 contains the best
results obtained for each forecasting interval. As it is possible to recognize from a quick analysis,
the best alpha value is always 0.01, and the training interval of 30 days is the one that gives the

best results for three of the five prediction intervals.

TRAIN. INT | PRED. INT | ALPHA | MAE | MAPE
30 7 0,01 0,098 | 2,068
90 30 0,01 0,098 | 2,483
60 60 0,01 0,097 | 2,257
30 90 0,01 0,099 | 2,279
30 365 0,01 0,106 | 2,225

Table 6.3: Best results obtained for the Ridge Regression model on the Tasks data set.

For the Incidents data set, table 6.4 contains the best results obtained for each forecasting
interval. As it is possible to observe, again, the best value for alpha is 0.01, and both the training

intervals 30 and All perform well for two prediction intervals each.

TRAIN. INT | PRED. INT | ALPHA | MAE | MAPE
7 7 0,01 0,139 | 1,466
30 30 0,01 0,122 | 2,127
All 60 0,01 0,136 | 1,863
30 90 0,01 0,136 | 1,698
All 365 0,01 0,134 | 1,694

Table 6.4: Best results obtained for the Ridge Regression model on the Incidents data set.

6.1.3 ARIMA

For the ARIMA model and starting with the Tasks data set, table 6.5 contains the best results
obtained for each forecasting interval. The best training intervals differ for each prediction interval,
as well as the values for P and D, which range from 1 to 2 and from O to 1, respectively. Only the

best Q value is constant and equal to 1.
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TRAIN. INT | PRED.INT | (P, D, Q) | MAE | MAPE
7 7 1,1,1) | 1,762 | 0,605
7 30 2,1,1) | 1,706 | 0,635
365 60 (1,0,1) | 1,736 | 0,636
30 90 (2,1,1) | 1,446 | 0,631
All 365 (1,1,1) | 1,867 | 0,586

Table 6.5: Best results obtained for the ARIMA model on the Tasks data set.

For the Incidents data set, table 6.6 contains the best results obtained for each forecasting
interval. Here, the best training interval changes quite often with the prediction interval, as well

as the P, D, and Q values, which range from 1 to 2, 0 to 1, and 1 to 2, respectively.

TRAIN. INT | PRED. INT | (P,D,Q) | MAE | MAPE
365 7 (1,0,1) | 12,571 | 0,658
7 30 (1,1,2) | 81 0,495
60 60 2,1,1) | 10,6 0,884
90 90 (1,0,1) | 10,544 | 0,770
365 365 (1,0,2) |9,584 | 0,588

Table 6.6: Best results obtained for the ARIMA model on the Incidents data set.

6.1.4 SARIMAX

For the SARIMAX model and starting with the Tasks data set, table 6.7 contains the best
results obtained for each forecasting interval. Except for the prediction interval of 60 days, all the
others perform best when trained with the whole data set. Also, the best values for P, D, Q, p, d,

q, and s are constant.

TRAIN. INT | PRED. INT | (P, D, Q,p,d,q,s) | MAE | MAPE
All 7 (1,0, 1,1,0, 1, 12) | 1,929 | 0,507
All 30 (1,0, 1, 1,0, 1, 12) | 1,594 | 0,589
90 60 (1,0,1,1,0, 1, 12) | 1,576 | 0,671
All 90 (1,0, 1, 1,0, 1, 12) | 1,485 | 0,638
All 365 (1,0, 1, 1,0, 1, 12) | 1,741 | 0,717

Table 6.7: Best results obtained for the SARIMAX model on the Tasks data set.

For the Incidents data set, table 6.8 contains the best results obtained for each forecasting
interval. As one can observe, while the values for P, D, Q, p, d, q, and s are constant, the same
does not happen for the training intervals, which differ quite a lot depending on the prediction

interval.
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TRAIN. INT | PRED.INT | (P,D,Q,p,d,q,s) | MAE | MAPE
30 7 (1,0,1,1,0,1,12) | 12,286 | 0,557
90 30 (1,0,1,1,0,1,12) | 8,367 | 0,522
60 60 1,0,1,1,0,1,12) | 9,25 0,918
90 90 1,0,1,1,0,1,12) | 9,789 | 0,823
365 365 1,0,1,1,0,1,12) | 8,652 | 0,593

Table 6.8: Best results obtained for the SARIMAX model on the Incidents data set.

6.1.5 RNN

For the RNN model and starting with the Tasks data set, table 6.9 contains the best results
obtained for each forecasting interval. Except for the prediction interval of 30 days, the best

number of nodes is 25. Also, both the training intervals 60 and 90 days are the best-performing

ones.
TRAIN. INT | PRED. INT | NODES | MAE MAPE
90 7 25 82,096 | 2,569
60 30 50 20,629 | 0,570
90 60 25 33,324 | 0,793
60 90 25 89,63 2,144
365 365 25 113,263 | 1,329

Table 6.9: Best results obtained for the RNN model on the Tasks data set.

For the Incidents data set, table 6.10 contains the best results obtained for each forecasting

interval. Unlike the Tasks data set, the best number of nodes differs depending on the prediction

interval. Also, the best training interval is different from all the prediction intervals.

TRAIN. INT | PRED. INT | NODES | MAE | MAPE
All 7 25 1,089 | 11,485
90 30 50 1,956 | 34,231
7 60 25 1,793 | 24,492
60 90 25 1,921 | 24,016
30 365 50 0,255 | 3,227

Table 6.10: Best results obtained for the RNN model on the Incidents data set.

6.1.6 LSTM

For the LSTM model and starting with the Tasks data set, table 6.11 contains the best results
obtained for each forecasting interval. The best number of nodes is always 25, and the whole data
set is the best for training purposes in three out of five prediction intervals.

For the Incidents data set, table 6.12 contains the best results obtained for each forecasting

interval. The best number of nodes is 50 for the shortest three prediction intervals, while for the
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TRAIN. INT | PRED. INT | NODES | MAE | MAPE
365 7 25 18,568 | 0,581
30 30 25 19,434 | 0,537
All 60 25 23,064 | 0,549
All 90 25 23,598 | 0,565
All 365 25 84,813 | 0,995
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Table 6.11: Best results obtained for the LSTM model on the Tasks data set.

remaining is 25. The training interval is quite irregular, with the 90-day interval being the best for
the prediction intervals of 7 and 60 days.

TRAIN. INT | PRED. INT | NODES | MAE MAPE
90 7 50 1522,153 | 0,992
7 30 50 783,127 | 0,776
90 60 50 1733,307 | 0,575
30 90 25 2138,954 | 0,645
365 365 25 2100,745 | 0,636

Table 6.12: Best results obtained for the LSTM model on the Incidents data set.

6.1.7 LSTMX

For the LSTMX model and starting with the Tasks data set, table 6.13 contains the best results
obtained for each forecasting interval. For two prediction intervals, the best number of nodes is 50,
while for the others is 25. The same happens for the training intervals, where the 60-day interval

is the best for two of the five prediction intervals.

TRAIN. INT | PRED. INT | NODES | MAE | MAPE
60 7 25 19,605 | 0,614
365 30 50 20,619 | 0,570
90 60 25 24,948 | 0,594
60 90 25 22,862 | 0,547
30 365 50 50,418 | 0,592

Table 6.13: Best results obtained for the LSTMX model on the Tasks data set.

For the Incidents data set, table 6.14 contains the best results obtained for each forecasting
interval. Except for the prediction interval of 30 days, all the others perform best with 25 nodes.

The training interval is, however, always 90 days.

6.1.8 DeepAR

For the DeepAR model and starting with the Tasks data set, table 6.15 contains the best results
obtained for each forecasting interval. For the shorter prediction intervals, the data from the last

year gives better results, while the whole data set performs better for larger prediction intervals.
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TRAIN. INT | PRED. INT | NODES | MAE MAPE
90 7 25 688,698 | 0,449
90 30 50 595,729 | 0,590
90 60 25 2668,85 | 0,885
90 90 25 1626,501 | 0,491
90 365 25 1816,548 | 0,550

Table 6.14: Best results obtained for the LSTMX model on the Incidents data set.

TRAIN. INT | PRED. INT | MAE | MAPE
365 7 0,479 | 0,162
365 30 0,689 | 0,315
All 60 0,293 | 0,169
All 90 0,256 | 0,089
All 365 5,231 | 1,209

Table 6.15: Best results obtained for the DeepAR model on the Tasks data set.

For the Tasks data set, table 6.16 contains the best results obtained for each forecasting interval.
Unlike the Tasks data set, the best training interval is irregular when compared to the prediction
interval. For the predictions for the next 7, 60, and 90 days, the data from the last year gives better
results, while for the other prediction intervals, the whole data set performs better.

TRAIN. INT | PRED. INT | MAE | MAPE
365 7 2,083 | 0,208
All 30 3,143 | 1,319
365 60 2,202 | 0,563
365 90 2,22 1,117
All 365 11,146 | 1,115

Table 6.16: Best results obtained for the DeepAR model on the Incidents data set.

6.1.9 Prophet

For the Prophet model and starting with the Tasks data set, table 6.17 contains the best results
obtained for each forecasting interval. The best prediction intervals range between 90 and 365

days.

TRAIN. INT | PRED. INT | MAE | MAPE
365 7 1,91 | 0,603
365 30 1,618 | 0,612
90 60 1,569 | 0,622
90 90 1,496 | 0,626
365 365 1,79 | 0,576

Table 6.17: Best results obtained for the Prophet model on the Tasks data set.
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For the Incidents data set, table 6.18 contains the best results obtained for each forecasting

interval. Except for the prediction interval of 365 days, all the others perform best when trained

with the data from the last 365 days.

TRAIN. INT | PRED. INT | MAE | MAPE
365 7 11,882 | 498,047
365 30 9,922 | 194,217
365 60 10,027 | 87,242
365 90 9,65 1089,358
60 365 9,194 | 2,486

Table 6.18: Best results obtained for the Prophet model on the Incidents data set.

6.2 Best models

In this section, for each prediction interval and for the tasks and incidents, the best models and
the corresponding results are presented.

Starting with the Tasks data set, the Lasso Regression model was the best-performing for all the
prediction intervals, except for the prediction interval of 90 days, in which the Ridge Regression
performed better, as it is possible to see in the table 6.19.

The MAPE, if rounded to the nearest integer, is 2, which means that every day, the best-
performing model might have a forecasting error of at most 2%, more or less. For the scope of
this Master Thesis, this is a good result since the preparation and planning that needs to be made

by the SAP Basis team at Infineon is not influenced by this short error margin.

TRAIN. INT | PRED. INT | MAE | MAPE | Model

30 7 0,098 | 2,068 | LASSO
90 30 0,093 | 2,348 | LASSO
60 60 0,092 | 2,148 | LASSO
30 90 0,099 | 2,279 | RIDGE
7 365 0,102 | 2,138 | LASSO

Table 6.19: Best-performing models for the Tasks data set.

For the Incidents data set, the Lasso Regression model was the best-performing for all the
prediction intervals, as it is possible to see in table 6.20.

In the same direction as for the Tasks, if the MAPE is rounded to the nearest integer, its
value ranges from 1 to 2, which means that every day, the best-performing model might have a
forecasting error of at most 1 or 2%, more or less. Again, this is a good result considering the
scope of this Master Thesis.
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TRAIN. INT | PRED. INT | MAE | MAPE | Model

60 7 0,134 | 1,417 | LASSO
30 30 0,106 | 1,849 | LASSO
All 60 0,136 | 1,863 | LASSO
30 90 0,125 | 1,560 | LASSO
All 365 0,134 | 1,694 | LASSO

Table 6.20: Best-performing models for the Incidents data set.

6.3 Live Evaluation

For the "Live Evaluation" approach, the first step consisted of the creation of four data sets,
two for the Tasks and another two for the Incidents, named Future Data Sets, which are presented
in the first sub-section.

The second sub-section contains the analysis of the results obtained in this kind of evaluation

approach.

6.3.1 Future Data Sets

The Future Data Sets consist of data sets with the same or part of the features that the Tasks
and Incidents data set contain but without any value in the QUANTITY columns (target variable)
of each. The dates of each data set are also future dates.

With these Future Data Sets, it is possible to forecast the number of tasks and incidents using
the best-performing model.

Starting with the Tasks, the first data set is the one to be used in all the models that are only
compatible with future covariates. It is obtained by creating all the combinations of dates (consid-
ering the desired prediction interval), unique ticket types, unique task types, and unique priorities.

These combinations are then augmented with the holidays and weekday features. This process
results in a data set with seven columns: DATE, WEEKDAY, HOLIDAYS, TICKET TYPE, TASK
TYPE, PRIORITY, QUANTITY.

The second data set is obtained by generating as many rows as the number of combinations
of days in the prediction interval and unique task types, augmenting them with the weekday and
holidays information.

This last data set contains five columns: DATE, WEEKDAY, HOLIDAYS, TASK TYPE, QUAN-
TITY, and is used in all the models compatible with both past and future covariates.

For the Incidents, a similar process is applied. Starting with the data set that is used in the
models that are compatible with only future covariates, it is generated from the combinations of
the dates in the prediction interval, unique ticket types, unique priorities, unique urgency, and
unique impact.

The resulting data set is then augmented with the inclusion of the holidays and weekday in-
formation. This data set contains the following columns: DATE, WEEKDAY, HOLIDAY, TICKET
TYPE, PRIORITY, URGENCY, IMPACT, QUANTITY.
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Finally, the second data set for the Incidents is obtained by just augmenting the dates for the
prediction interval with the holidays and weekday information, resulting in a data set with four
columns: DATE, WEEKDAY, HOLIDAYS, QUANTITY. This data set is used in all the models
compatible with both past and future covariates.

Note that, both for the Tasks and Incidents data set, the information about the holidays is
obtained using the following procedure:

1. For each row and for each of the observed SITE in the training data set, obtain the informa-
tion regarding whether or not it is a public holiday in any of the locations and, simultane-

ously, in the current day.

2. The HOLIDAYS value will result in the sum of the number of holidays, i.e., the total number
of holidays in all the observed SITE in the current day.

Since the best results were obtained with Lasso and Ridge Regressions, which are both incom-
patible with past covariates, the first data set for the Tasks and for the Incidents was used to make
the predictions for future dates.

Considering that each of the used data sets contains more than one entry for each pair date-task
type (tasks) and date (incidents), after the prediction, the data sets had to be grouped by date-task

type (tasks) and by date (incidents) to compare the forecasted values against the observed ones.

6.3.2 Analysis of the results

Due to feasibility and time constraints, it was only possible to evaluate the predictions made
for the time intervals of 7 and 30 days, i.e. use the data until the 31st of July of 2023 to predict the
next 7 days (from the 1st of August of 2023 to the 7th of August of 2023) and the next 30 days
(from the 1st of August of 2023 to the 30th of August of 2023).

For the prediction intervals mentioned above, considering the results presented before, the
Lasso Regression was the best-performing model both for the Tasks and for the Incidents data set.

Starting with the tasks and with the shortest prediction interval (7 days), table 6.21 shows the
results obtained.

MAE | MSE | RMSE | MAPE
0,935 | 0,874 | 0,935 | 0,93465
Table 6.21: "Live Evaluation" for the Tasks data set for the prediction interval of 7 days.

Still for the tasks, but for the prediction interval of 30 days, table 6.22 shows the results

obtained.

MAE | MSE | RMSE | MAPE
0,953 | 0,908 | 0,953 | 0,95293

Table 6.22: "Live Evaluation" for the Tasks data set for the prediction interval of 30 days.
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For the incidents and for the shortest prediction interval (7 days), table 6.23 shows the results

obtained.

MAE | MSE | RMSE | MAPE
0,987 | 0,984 | 0,992 | 0,97638
Table 6.23: "Live Evaluation" for the Incidents data set for the prediction interval of 7 days.

For the incidents and for the prediction interval of 30 days, table 6.24 shows the results ob-

tained.

MAE | MSE | RMSE | MAPE
0,996 | 1,001 | 1 0,98794
Table 6.24: "Live Evaluation" for the Incidents data set for the prediction interval of 30 days.

In terms of the MAE, the results obtained in the "Live Evaluation" are worse than those ob-
tained in the "Historical Evaluation". However, comparing the MAPE, the results are better.

Rounding the MAPE to the nearest integer, both for the tasks and incidents and both for the
prediction interval of 7 and 30 days, the error is 1%, more or less, which means that the prediction

is accurate considering the scope of This Master Thesis.



Chapter 7

Conclusions and Future Work

In this Chapter, the satisfaction of the goals of this Master Thesis is discussed in the first
section, while the second section contains the future work that was identified, both on the academic
side of the Master Thesis and on the company (Infineon) side, including the next steps that are

already planned.

7.1 Satisfaction of goals

Regarding the goals of this Master Thesis, all of them were successfully met.

Prior to the start of the development, the work and communication plan were elaborated, as
well as the risk management and the technology decision matrix.

Then, the state-of-the-art research was made to Time Series, to its forecasting methodologies
and techniques, as well as to well-known methods, from the traditional and simple to the most
recent and advanced ones. This research also included the analysis of related projects, resulting in
a complete description of the concepts and models.

Moving to the development, the first step was to collect the data and perform an exploratory
analysis to assess both the data quality and its characteristics.

Then, the data preparation, which was one the longest steps in this Master Thesis, took place,
with the complete preparation of the tasks and incidents data sets that included the data selection
and cleaning, the data construction and its integration and formatting.

The resulting data sets were then used to train and test several models, using a distribution of
the data between train and test unusual and not typical in this kind of project, but achieving good
results, which were analyzed in depth.

The best-performing models (Lasso and Ridge Regressions) were then used to forecast tasks
and incidents, feeding the built dashboard that shows the predictions in a user-friendly interface
with some useful actions available to the end-user.

The main goal of this Master Thesis which was to build a system that included both a Time

Series Forecasting model and a Dashboard to visualize the forecasts was achieved with success,
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being now a useful tool to be used by the SAP Basis team at Infineon, supporting it in the process

of handling tickets more effectively and proactively.

7.2 Future work

Regarding the future work, it is divided into two main areas: the academic side and the com-
pany (Infineon) side. Each of the following two sub-sections describes in detail the future work in
these areas.

7.2.1 Academic future work

Starting with the academic future work, the work developed under this Master Thesis can be

improved in the following two topics:

» Extend the usage of the hyperparameter optimization techniques in a way that more param-

eters are tested and evaluated.
* Train and test the data sets with more Time Series Forecasting models and, for the ones
already in use, try different configurations, namely for the Neural Networks.
7.2.2 Company future work

On the company’s future work side, the next steps consist of the following:

* Deploy the developed code in the company’s cloud, making the dashboard accessible to the
SAP Basis team.

» Automate the training and testing cycles on a regular basis so that the forecasts can be made
with the best-performing model, which itself can be different from time to time, depending

on the obtained results.

» Extend this solution to other areas/departments with similar use cases, adapting the system

as needed.
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Appendix A

Preliminary Work

A.1 Work Plan

Considering all the deliverables and important dates of this Master Thesis, a Gantt diagram was
elaborated prior to the start of the work to highlight the main tasks and corresponding duration, as

shown in the figure A.1.

Development Delivery mmmm Presentation . Writting

Figure A.1: Gantt diagram for this Master Thesis.

The data preparation, which includes data collection, data pre-processing, and data transfor-
mation, was the first task of this work, with a planned duration of four weeks. It was then followed
by the planned seven weeks to work on the Al model.

Then, another three weeks were planned to be used on the building of the dashboard, followed
by the overall testing of the AI model and the dashboard, which was planned to took the last two
weeks before the provisional delivery.

The dissertation writing took place during the entire duration of this Master Thesis, finishing
with the final delivery.

The plan suffered some changes during the course of the Master Thesis due to numerous

factors.
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A.2 Communication Plan

For this Master Thesis, considering it was developed within a company environment (Infineon)
and had to follow some well-established stages designed for projects of this kind, a communication
plan was also created. This plan established the periodicity, type, and elements of regular meetings
to be carried out during the entire Master Thesis duration.

The table A.1 shows the three main regular meetings planned. The daily stand-up meeting
was aimed at the discussion of potential issues or delays. The sprint planning took place every two
weeks to plan the next activities to be included in the upcoming sprint. The general update was a

meeting with the FEUP Supervisor, Prof. Luis Paulo Reis, whose main goal was to share progress

and upcoming milestones, being held every 2 or 3 weeks, depending on the needs.

Who Why What When How By Level of
Whom communication
detail
Developer Discuss Daily Daily Webex Scrum Help/Support
(Joao Pires) | potential stand-up meeting Master needed
issues or
delays
Developer Sprint Plan next | Every 2 | Face-to-face | Scrum Task level
(Jodo Pires) | planning activities | weeks meeting Master
+ Project
Owner
Supervisors | Share General Every Zoom Developer | General
(FEUP and | progress and | update 2 or 3 | meeting (Jodo status,
Infineon) upcoming weeks Pires) achievement,
milestones risk and next
steps

Table A.1: Communication plan.

A.3 Risk Management

The risk management was an activity made during the Master Thesis definition and includes
the risks that might have occurred during the development, as well as the corresponding probability
and impact.

The table A.2 presents the list of risks identified, the cause and effect of each one, as well as
the probability of happening and the impact it could have on the overall work.

Both the probability and impact were classified on a scale with three levels: Low, Medium,
and High.



A.3 Risk Management
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Risk Cause Effect Probability Impact
Data quality Data with Al model | Low High
missing predictions
information affected by the
(null  values) | poor quality of
and information | data
not updated
Accuracy of | Incomplete Might lead to | Low Medium
predictions access to data | accuracy of Al
affected by | due to model  being
incomplete data | authorizations low
Model training | Data is updated | Al model is not | Low Low
is slower than | faster than the | always
the data update | time required to | up-to-date,
cycle train the model | which  might
affect the
prediction

Table A.2: Risk management.




Appendix B

Evaluation

TRAIN. INT | PRED. INT | ALPHA | MAE | MSE | RMSE | MAPE
All 7 0 0,112 | 0,037 | 0,193 | 2,356
7 7 0 0,117 | 0,046 | 0,213 | 2,457
30 7 0 0,098 | 0,038 | 0,194 | 2,068
60 7 0 0,101 | 0,037 | 0,193 | 2,132
90 7 0 0,102 | 0,037 | 0,193 | 2,135
365 7 0 0,106 | 0,037 | 0,193 | 2,219
All 30 0 0,107 | 0,033 | 0,181 | 2,709
7 30 0,01 0,168 | 0,047 | 0,216 | 4,259
30 30 0 0,107 | 0,033 | 0,182 | 2,715
60 30 0 0,101 | 0,032 | 0,18 2,552
90 30 0,01 0,093 | 0,032 | 0,18 2,348
365 30 0 0,101 | 0,033 | 0,18 2,556
All 60 0 0,109 | 0,035 | 0,187 | 2,543
7 60 0,01 0,123 | 0,038 | 0,195 | 2,868
30 60 0,01 0,093 | 0,035 | 0,186 | 2,171
60 60 0,01 0,092 | 0,035 | 0,187 | 2,148
90 60 0,01 0,094 | 0,035 | 0,186 | 2,184
365 60 0 0,104 | 0,035 | 0,186 | 2,413
All 90 0 0,11 | 0,035 | 0,188 | 2,530
7 90 0,01 0,437 | 0,278 | 0,527 | 10,036
30 90 0,01 0,091 | 0,037 | 0,192 | 2,086
60 90 0,01 0,094 | 0,035 | 0,187 | 2,161
90 90 0,01 0,096 | 0,035 | 0,187 | 2,208
365 90 0 0,105 | 0,035 | 0,187 | 2,422
All 365 0 0,114 | 0,038 | 0,194 | 2,401
7 365 0,01 0,102 | 0,038 | 0,194 | 2,138
30 365 0,01 0,104 | 0,037 | 0,194 | 2,184
60 365 0,01 0,103 | 0,038 | 0,196 | 2,173
90 365 0 0,111 | 0,038 | 0,195 | 2,333
365 365 0 0,114 | 0,038 | 0,194 | 2,391

Table B.1: Results obtained for the Lasso Regression model on the Tasks data set.
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Evaluation

TRAIN. INT | PRED. INT | ALPHA | MAE | MSE | RMSE | MAPE
All 7 0 0,154 | 0,077 | 0,278 | 1,621
7 7 0 0,139 | 0,08 | 0,282 | 1,465
30 7 0 0,142 | 0,08 | 0,283 | 1,499
60 7 0,01 0,134 | 0,081 | 0,284 | 1,417
90 7 0 0,151 | 0,078 | 0,279 | 1,590
365 7 0 0,161 | 0,077 | 0,277 | 1,697
All 30 0 0,124 | 0,048 | 0,219 | 2,165
7 30 0,01 0,115 | 0,048 | 0,218 | 2,010
30 30 0,02 0,106 | 0,05 | 0,223 | 1,849
60 30 0 0,132 | 0,049 | 0,22 2,312
90 30 0 0,142 | 0,049 | 0,222 | 2,476
365 30 0 0,135 | 0,049 | 0,22 2,359
All 60 0 0,136 | 0,061 | 0,247 | 1,863
7 60 0,02 0,172 | 0,093 | 0,304 | 2,356
30 60 0 0,142 | 0,063 | 0,251 | 1,940
60 60 0 0,159 | 0,062 | 0,25 2,165
90 60 0 0,15 | 0,061 | 0,248 | 2,055
365 60 0 0,146 | 0,061 | 0,248 | 1,998
All 90 0 0,141 | 0,065 | 0,256 | 1,758
7 90 0 0,278 | 0,15 | 0,387 | 3,472
30 90 0,01 0,125 | 0,071 | 0,266 | 1,560
60 90 0 0,136 | 0,067 | 0,258 | 1,702
90 90 0 0,142 | 0,066 | 0,256 | 1,774
365 90 0 0,149 | 0,065 | 0,256 | 1,868
All 365 0 0,134 | 0,063 | 0,251 1,694
7 365 0,01 1,569 | 3,321 | 1,822 | 19,813
30 365 0 0,15 | 0,065 | 0,255 | 1,894
60 365 0 0,153 | 0,062 | 0,249 | 1,932
90 365 0 0,175 | 0,065 | 0,254 | 2,215
365 365 0,01 0,148 | 0,063 | 0,252 | 1,864

Table B.2: Results obtained for the Lasso Regression model on the Incidents data set.



Evaluation

TRAIN. INT | PRED. INT | ALPHA | MAE | MSE | RMSE | MAPE
All 7 0,01 0,112 | 0,037 | 0,193 | 2,356
7 7 0,01 0,102 | 0,039 | 0,198 | 2,153
30 7 0,01 0,098 | 0,038 | 0,194 | 2,068
60 7 0,01 0,101 | 0,037 | 0,193 | 2,132
90 7 0,01 0,102 | 0,037 | 0,193 | 2,134
365 7 0,01 0,106 | 0,037 | 0,193 | 2,219
All 30 0,01 0,107 | 0,033 | 0,181 | 2,709
7 30 0,01 0,192 | 0,055 | 0,234 | 4,871
30 30 0,01 0,107 | 0,033 | 0,182 | 2,715
60 30 0,01 0,101 | 0,032 | 0,18 2,552
90 30 0,01 0,098 | 0,032 | 0,18 2,483
365 30 0,01 0,101 | 0,033 | 0,18 2,556
All 60 0,01 0,109 | 0,035 | 0,187 | 2,543
7 60 0,01 0,17 | 0,049 | 0,221 | 3,954
30 60 0,01 0,099 | 0,035 | 0,186 | 2,301
60 60 0,01 0,097 | 0,035 | 0,186 | 2,257
90 60 0,01 0,099 | 0,035 | 0,186 | 2,305
365 60 0,01 0,104 | 0,035 | 0,186 | 2,413
All 90 0,01 0,11 | 0,035 | 0,188 | 2,530
7 90 0,01 0,52 |0,378 | 0,615 | 11,937
30 90 0,01 0,099 | 0,038 | 0,195 | 2,279
60 90 0,01 0,1 0,035 | 0,187 | 2,285
90 90 0,01 0,102 | 0,035 | 0,187 | 2,336
365 90 0,01 0,105 | 0,035 | 0,187 | 2,422
All 365 0,01 0,114 | 0,038 | 0,194 | 2,401
7 365 0,01 0,908 | 1,088 | 1,043 | 19,103
30 365 0,01 0,106 | 0,038 | 0,196 | 2,225
60 365 0,01 0,109 | 0,039 | 0,197 | 2,302
90 365 0,01 0,111 | 0,038 | 0,195 | 2,333
365 365 0,01 0,114 | 0,038 | 0,194 | 2,391

Table B.3: Results obtained for the Ridge Regression model on the Tasks data set.
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Evaluation

TRAIN. INT | PRED. INT | ALPHA | MAE | MSE | RMSE | MAPE
All 7 0,01 0,154 | 0,077 | 0,278 | 1,621
7 7 0,01 0,139 | 0,079 | 0,282 | 1,466
30 7 0,01 0,142 | 0,08 | 0,283 | 1,499
60 7 0,01 0,142 | 0,08 | 0,282 | 1,501
90 7 0,01 0,151 | 0,078 | 0,279 | 1,590
365 7 0,01 0,161 | 0,077 | 0,277 | 1,697
All 30 0,01 0,124 | 0,048 | 0,219 | 2,165
7 30 0,01 0,132 | 0,048 | 0,219 | 2,315
30 30 0,01 0,122 | 0,05 | 0,223 | 2,127
60 30 0,01 0,132 | 0,049 | 0,22 2,312
90 30 0,01 0,141 | 0,049 | 0,222 | 2,476
365 30 0,01 0,135 | 0,049 | 0,22 2,359
All 60 0,01 0,136 | 0,061 | 0,247 | 1,863
7 60 0,01 0,406 | 0,26 | 0,51 5,541
30 60 0,01 0,142 | 0,063 | 0,251 | 1,939
60 60 0,01 0,159 | 0,062 | 0,25 2,165
90 60 0,01 0,15 | 0,061 | 0,248 | 2,055
365 60 0,01 0,146 | 0,061 | 0,248 | 1,998
All 90 0,01 0,141 | 0,065 | 0,256 | 1,758
7 90 0,01 0,272 | 0,146 | 0,382 | 3,407
30 90 0,01 0,136 | 0,072 | 0,268 | 1,698
60 90 0,01 0,136 | 0,067 | 0,258 | 1,701
90 90 0,01 0,142 | 0,066 | 0,256 | 1,774
365 90 0,01 0,149 | 0,065 | 0,256 | 1,868
All 365 0,01 0,134 | 0,063 | 0,251 | 1,694
7 365 0,01 2,511 | 8,415 | 2,901 | 31,707
30 365 0,01 0,15 | 0,065 | 0,255 | 1,894
60 365 0,01 0,153 | 0,062 | 0,249 | 1,932
90 365 0,01 0,175 | 0,065 | 0,254 | 2,214
365 365 0,01 0,151 | 0,062 | 0,25 1,911

Table B.4: Results obtained for the Ridge Regression model on the Incidents data set.
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TRAIN. INT | PRED. INT | (P,D, Q) | MAE | MSE | RMSE | MAPE
All 7 (1,0,1) | 1,952 | 6,381 | 2,526 | 0,631
7 7 1,1,1) | 1,762 | 7,571 | 2,752 | 0,687
30 7 (2,0,2) | 1,857 | 6,714 | 2,591 | 0,647
60 7 (1,1,2) | 1,905 | 6,333 | 2,517 | 0,629
90 7 (1,1,2) | 1,905 | 6,333 | 2,517 | 0,629
365 7 (1,0,1) | 1,952 | 6,381 | 2,526 | 0,631
All 30 (1,0,1) | 1,718 | 5,153 | 2,27 0,635
7 30 (2,1,1) | 1,706 | 5,118 | 2,262 | 0,633
30 30 (1,0,1) | 1,718 | 5,153 | 2,27 0,635
60 30 (1,0,1) | 1,718 | 5,153 | 2,27 0,635
90 30 (1,0,1) | 1,718 | 5,153 | 2,27 0,635
365 30 (1,0,1) | 1,718 | 5,153 | 2,27 0,635
All 60 (1,0,1) | 1,739 | 5,587 | 2,364 | 0,636
7 60 (1,0,1) | 1,739 | 5,587 | 2,364 | 0,636
30 60 (1,1,1) | 1,739 | 5,587 | 2,364 | 0,636
60 60 (1,0,1) | 1,739 | 5,587 | 2,364 | 0,636
90 60 (1,0,1) | 1,739 | 5,587 | 2,364 | 0,636
365 60 (1,0,1) | 1,736 | 5,579 | 2,362 | 0,636
All 90 (1,0,1) | 1,645 | 4,822 | 2,196 | 0,605
7 90 (1,0,1) | 1,447 | 5,262 | 2,294 | 0,632
30 90 (2,1,1) | 1,446 | 5,26 | 2,294 | 0,632
60 90 (1,1,1) | 1,447 | 5,262 | 2,294 | 0,632
90 90 (1,0,1) | 1,645 | 4,822 | 2,196 | 0,605
365 90 (1,0,1) | 1,645 | 4,822 | 2,196 | 0,605
All 365 (1,1,1) | 1,867 | 7,109 | 2,666 | 0,621
7 365 (1,0,1) | 1,867 | 7,118 | 2,668 | 0,621
30 365 (2,0,2) | 1,867 | 7,118 | 2,668 | 0,621
60 365 (1,0,1) | 1,867 | 7,109 | 2,666 | 0,621
90 365 (1,0,1) | 1,867 | 7,109 | 2,666 | 0,621
365 365 (1,1,1) | 1,867 | 7,109 | 2,666 | 0,621

Table B.5: Results obtained for the ARIMA model on the Tasks data set.
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TRAIN. INT | PRED.INT | (P,D,Q) | MAE | MSE RMSE | MAPE
All 7 1,1,1) | 13 393 19,824 | 0,495
7 7 (2,0,1) | 14,429 | 535 23,13 | 0,577
30 7 (1,0,2) | 15 508,714 | 22,555 | 0,563
60 7 (1,0,2) | 13 392,143 | 19,803 | 0,494
90 7 (1,0,1) | 12,857 | 368,571 | 19,198 | 0,479
365 7 (1,0,1) | 12,571 | 356 18,868 | 0,471
All 30 1,0,1) |9 156,533 | 12,511 | 0,590
7 30 1,1,2) |81 159,567 | 12,632 | 0,595
30 30 1,1,2) | 12,2 222,667 | 14,922 | 0,703
60 30 (1,0,1) | 12,933 | 242,667 | 15,578 | 0,734
90 30 (1,1,2) | 11,1 195,3 13,975 | 0,659
365 30 2,1,2) | 10,867 | 191,333 | 13,832 | 0,652
All 60 (1,0,1) | 10,65 | 496,117 | 22,274 | 0,537
7 60 (2,1,2) | 10,65 | 512,25 | 22,633 | 0,546
30 60 (1,1,2) | 10,933 | 499 22,338 | 0,539
60 60 2,1,1) | 10,6 495,867 | 22,268 | 0,537
90 60 (1,0,2) | 11,45 | 488,117 | 22,093 | 0,533
365 60 1,1,1) | 11,8 489,467 | 22,124 | 0,534
All 90 (1,1,1) | 10,622 | 386,244 | 19,653 | 0,488
7 90 (2,0,1) | 10,789 | 418,456 | 20,456 | 0,507
30 90 (2,0,2) | 10,6 401,156 | 20,029 | 0,497
60 90 (1,0,1) | 10,611 | 386,056 | 19,648 | 0,487
90 90 (1,0,1) | 10,544 | 375,856 | 19,387 | 0,481
365 90 (1,1,2) | 10,633 | 386,722 | 19,665 | 0,488
All 365 (2,1,1) | 9764 | 214,701 | 14,653 | 0,453
7 365 (2,1,1) | 13,452 | 285,452 | 16,895 | 0,522
30 365 (2,0,2) | 10,507 | 220,595 | 14,852 | 0,459
60 365 (1,0,2) | 10,501 | 220,129 | 14,837 | 0,458
90 365 (1,1,1) | 10,181 | 216,4 14,711 | 0,454
365 365 (1,0,2) |9,584 | 225,216 | 15,007 | 0,464

Table B.6: Results obtained for the ARIMA model on the Incidents data set.
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TRAIN. INT | PRED.INT | (P,D,Q,p,d,q,s) | MAE | MSE RMSE | MAPE
All 7 (1,0,1,1,0,1,12) | 1,929 | 6,833 | 2,614 | 0,638
7 7 (1,0,1,1,0,1,12) | 2,214 | 10,595 | 3,255 | 0,795
30 7 (1,0,1,1,0,1,12) | 1,952 | 7,095 | 2,664 | 0,651
60 7 1,0,1,1,0,1,12) | 1,976 | 7,119 | 2,668 | 0,652
90 7 (1,0,1,1,0,1,12) | 1,952 | 6,905 | 2,628 | 0,642
365 7 (1,0,1,1,0,1,12) | 1,952 | 6,905 | 2,628 | 0,642
All 30 (1,0,1,1,0,1,12) | 1,594 | 5,065 | 2,25 0,589
7 30 (1,0,1,1,0,1,12) | 2,012 | 8,8 2,966 | 0,777
30 30 (1,0,1,1,0,1,12) | 1,671 | 5,165 | 2,273 | 0,595
60 30 (1,0,1,1,0,1,12) | 1,653 | 5,053 | 2,248 | 0,589
90 30 (1,0,1,1,0,1,12) | 1,594 | 5,053 | 2,248 | 0,589
365 30 (1,0,1,1,0,1,12) | 1,594 | 5,041 | 2,245 | 0,588
All 60 (1,0,1,1,0,1,12) | 1,601 | 5,361 | 2,315 | 0,591
7 60 (1,0,1,1,0,1,12) | 1,739 | 5,554 | 2,357 | 0,602
30 60 (1,0,1,1,0,1,12) | 1,647 | 6,038 | 2,457 | 0,628
60 60 (1,0,1,1,0,1,12) | 1,592 | 6,141 | 2,478 | 0,633
90 60 (1,0,1,1,0,1,12) | 1,576 | 5,516 | 2,349 | 0,600
365 60 (1,0,1,1,0,1,12) | 1,641 | 5,266 | 2,295 | 0,586
All 90 (1,0,1,1,0,1,12) | 1,485 | 4,993 | 2,234 | 0,548
7 90 (1,0,1,1,0,1,12) | 2,112 | 9,271 | 3,045 | 0,748
30 90 (1,0,1,1,0,1,12) | 1,879 | 8,007 | 2,83 0,695
60 90 (1,0,1,1,0,1,12) | 1,499 | 4,865 | 2,206 | 0,542
90 90 (1,0,1,1,0,1,12) | 1,578 | 4,654 | 2,157 | 0,530
365 90 1,0,1,1,0,1,12) | 1,572 | 4,624 | 2,15 0,528
All 365 (1,0,1,1,0,1,12) | 1,741 | 7,42 2,724 | 0,583
7 365 (1,0,1,1,0, 1, 12) | 2,306 | 12,321 | 3,51 0,751
30 365 (1,0,1,1,0,1,12) | 1,988 | 9,51 3,084 | 0,660
60 365 (1,0,1,1,0,1,12) | 2,019 | 9,948 | 3,154 | 0,675
90 365 1,0,1,1,0,1,12) | 1,75 | 7,958 | 2,821 | 0,604
365 365 (1,0,1,1,0,1,12) | 1,778 | 7,022 | 2,65 0,567

Table B.7: Results obtained for the SARIMAX model on the Tasks data set.
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TRAIN. INT | PRED.INT | (P,D,Q,p,d,q,s) | MAE | MSE RMSE | MAPE
All 7 (1,0,1,1,0,1,12) | 13,714 | 537,429 | 23,183 | 0,522
7 7 (1,0,1,1,0,1,12) | 20,714 | 705,286 | 26,557 | 0,598
30 7 (1,0,1,1,0,1,12) | 12,286 | 427,429 | 20,674 | 0,465
60 7 (1,0,1,1,0,1,12) | 20,571 | 633,429 | 25,168 | 0,566
90 7 (1,0,1,1,0,1,12) | 15,286 | 456,714 | 21,371 | 0,481
365 7 (1,0,1,1,0,1,12) | 15,571 | 613 24,759 | 0,557
All 30 (1,0,1,1,0,1,12) | 10,3 187,433 13,691 | 0,675
7 30 (1,0,1,1,0,1,12) | 17,667 | 497,733 | 22,31 1,099
30 30 (1,0,1,1,0,1,12) | 15,633 | 360,1 18,976 | 0,935
60 30 (1,0,1,1,0,1,12) | 12,067 | 283,6 16,84 | 0,830
90 30 (1,0,1,1,0,1,12) | 8,367 168,567 12,983 | 0,640
365 30 (1,0,1,1,0,1,12) | 84 161,133 12,694 | 0,626
All 60 (1,0,1,1,0,1,12) | 11,25 | 515,917 | 22,714 | 0,568
7 60 (1,0,1,1,0, 1, 12) | 16,467 | 559,667 | 23,657 | 0,591
30 60 (1,0,1,1,0,1,12) | 11,283 | 491,55 22,171 | 0,554
60 60 (1,0,1,1,0,1,12) | 9,25 521,35 22,833 | 0,571
90 60 (1,0,1,1,0,1,12) | 10,2 512,1 22,63 | 0,566
365 60 (1,0,1,1,0,1,12) | 10,15 | 516,883 | 22,735 | 0,568
All 90 (1,0,1,1,0,1,12) | 9,878 | 422,722 | 20,56 | 0,453
7 90 (1,0,1,1,0,1,12) | 16,878 | 627,033 | 25,041 | 0,552
30 90 (1,0,1,1,0,1,12) | 10,522 | 455,122 | 21,334 | 0,470
60 90 (1,0,1,1,0,1,12) | 9,889 | 4224 20,552 | 0,453
90 90 (1,0,1,1,0,1,12) | 9,789 | 419,344 | 20,478 | 0,452
365 90 (1,0,1,1,0,1,12) | 10,478 | 458,1 21,403 | 0,472
All 365 (1,0,1,1,0,1,12) | 8,94 195,668 13,988 | 0,414
7 365 (1,0,1,1,0,1,12) | 34,951 | 1824,863 | 42,718 | 1,266
30 365 (1,0,1,1,0,1,12) | 11,575 | 262,808 16,211 | 0,480
60 365 (1,0,1,1,0,1,12) | 10,329 | 218,323 14,776 | 0,438
90 365 (1,0,1,1,0,1,12) | 9,803 | 206,734 14,378 | 0,426
365 365 (1,0,1,1,0,1,12) | 8,652 | 217,677 14,754 | 0,437

Table B.8: Results obtained for the SARIMAX model on the Incidents data set.
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TRAIN. INT | PRED. INT | NODES | MAE MSE RMSE MAPE
All 7 25 456,007 | 208631,774 | 456,762 | 14,271
7 7 50 418,367 | 175667,923 | 419,128 | 13,093
30 7 50 191,799 | 37455,305 193,534 | 6,003
60 7 25 250,448 | 63598,774 252,188 | 7,838
90 7 25 82,096 7547,159 86,874 2,569
365 7 25 306,878 | 94917,849 308,087 | 9,604
All 30 50 111,502 | 13382,758 115,684 | 3,082
7 30 50 1323,72 | 1753148,81 | 1324,065 | 36,591
30 30 25 148,762 | 23323,026 152,719 | 4,112
60 30 50 20,629 875,605 29,591 0,570
90 30 25 338,821 116091,71 340,722 | 9,366
365 30 25 75,298 6505,58 80,657 2,081
All 60 50 40,519 2178,897 46,679 0,965
7 60 50 472,592 | 224581,484 | 4739 11,251
30 60 25 744,85 556154,381 | 745,758 | 17,732
60 60 25 37,443 2796,348 52,881 0,891
90 60 25 33,324 1573,133 39,663 0,793
365 60 50 192,801 | 38373,868 195,892 | 4,590
All 90 50 247,172 | 62267,507 249,535 | 5,913
7 90 50 1003,232 | 1008224,245 | 1004,104 | 24,000
30 90 25 106,172 | 12854,116 113,376 | 2,540
60 90 25 89,63 9108,159 95,437 2,144
90 90 25 288,704 | 86003,3 293,263 | 6,906
365 90 25 327,839 | 108771,29 329,805 | 7,843
All 365 50 475,609 | 231063,644 | 480,691 | 5,582
7 365 25 5025,823 | 25266529,31 | 5026,582 | 58,990
30 365 25 1022,777 | 1054466,693 | 1026,872 | 12,005
60 365 50 1881,818 | 3550357,031 | 1884,239 | 22,087
90 365 25 620,884 | 391909,844 | 626,027 | 7,287
365 365 25 113,263 | 15236,1 123,435 | 1,329

Table B.9: Results obtained for the RNN model on the Tasks data set.
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TRAIN. INT | PRED. INT | NODES | MAE | MSE RMSE | MAPE
All 7 25 1,089 | 1,272 1,128 | 11,485
7 7 50 9,835 | 96,819 | 9,84 103,698
30 7 50 29,151 | 849,888 | 29,153 | 307,357
60 7 25 8,174 | 66,904 | 8,18 86,185
90 7 25 8,239 | 67,969 | 8,244 | 86,869
365 7 50 7,369 | 54,395 | 7,375 | 77,700
All 30 25 3,537 | 12,561 | 3,544 | 61,889
7 30 25 3,348 | 11,266 | 3,356 | 58,598
30 30 25 8,836 | 78,13 8,839 | 154,632
60 30 50 7,536 | 56,851 | 7,54 131,886
90 30 50 1,956 | 3,88 1,97 34,231
365 30 25 12,006 | 144,208 | 12,009 | 210,113
All 60 25 5,329 | 28,463 | 5,335 | 72,778
7 60 25 1,793 | 3,284 1,812 | 24,492
30 60 25 11,085 | 122,956 | 11,089 | 151,402
60 60 25 5,403 | 29,255 | 5,409 | 73,786
90 60 50 11,125 | 123,824 | 11,128 | 151,936
365 60 25 7,249 | 52,617 | 7,254 | 99,005
All 90 50 7,424 | 55,191 | 7,429 | 92,822
7 90 25 3,994 | 16,025 | 4,003 | 49,934
30 90 25 6,36 40,52 6,366 | 79,515
60 90 25 1,921 | 3,763 1,94 24,016
90 90 50 12,187 | 148,602 | 12,19 | 152,374
365 90 50 9.3 86,556 | 9,304 | 116,271
All 365 25 4,73 22,451 | 4,738 | 59,743
7 365 50 4,66 21,792 | 4,668 | 58,857
30 365 50 0,255 | 0,138 0,372 | 3,227
60 365 50 6,051 | 36,683 | 6,057 | 76,416
90 365 25 2,959 | 8,831 2,972 | 37,375
365 365 25 9,396 | 88,363 | 9.4 118,668

Table B.10: Results obtained for the RNN model on the Incidents data set.
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TRAIN. INT | PRED. INT | NODES | MAE MSE RMSE MAPE
All 7 25 31,662 1637,442 40,465 0,991
7 7 50 1946,616 | 3789939,564 | 1946,777 | 60,922
30 7 50 22,112 1129,432 33,607 0,692
60 7 25 21,944 1109,686 33,312 0,687
90 7 50 23,121 728,1 26,983 0,724
365 7 25 18,568 827,1 28,759 0,581
All 30 25 51,831 3543,882 59,531 1,433
7 30 50 342,633 | 118235,242 | 343,854 | 9,471
30 30 25 19,434 924,213 30,401 0,537
60 30 50 28,882 1135,669 33,7 0,798
90 30 25 21,7 1232,205 35,103 0,600
365 30 25 20,716 880,087 29,666 0,573
All 60 25 23,064 1349,574 36,737 0,549
7 60 25 29,163 2046,243 45,235 0,694
30 60 50 30,133 2103,259 45,861 0,717
60 60 50 23,791 1225,875 35,012 0,566
90 60 25 24,251 1325,563 36,408 0,577
365 60 25 59,235 4771,672 69,077 1,410
All 90 25 23,598 1093,415 33,067 0,565
7 90 25 184,161 | 34939915 186,922 | 4,406
30 90 50 26,473 1188,085 34,469 0,633
60 90 25 39,386 2612,146 51,109 0,942
90 90 25 40,795 2726,922 52,22 0,976
365 90 25 40,386 2698,297 51,945 0,966
All 365 25 84,813 12761,1 112,965 | 0,995
7 365 50 189,422 | 41572,507 203,893 | 2,223
30 365 50 212,002 | 50368,953 224,43 2,488
60 365 25 105,675 | 16739,003 129,379 | 1,240
90 365 25 118,624 | 19704,101 140,371 1,392
365 365 25 202,652 | 46660,945 216,011 | 2,379

Table B.11: Results obtained for the LSTM model on the Tasks data set.
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TRAIN. INT | PRED. INT | NODES | MAE MSE RMSE MAPE
All 7 25 1540,446 | 3498197,151 | 1870,347 | 1,004
7 7 25 21076,352 | 445338943,8 | 21103,055 | 13,734
30 7 25 11595,367 | 135577015,2 | 11643,754 | 7,556
60 7 25 1523,42 3446031,009 | 1856,349 | 0,993
90 7 50 1522,153 | 3442174,45 | 1855,31 0,992
365 7 25 1761,028 | 4226457,525 | 2055,835 | 1,148
All 30 25 1094,625 | 1873091,721 | 1368,609 | 1,084
7 30 50 783,127 1273871,486 | 1128,659 | 0,776
30 30 50 12306,76 | 152128432 12334,036 | 12,190
60 30 25 1748,893 | 3733652,472 | 1932,266 | 1,732
90 30 50 52423,615 | 2748899541 | 52429,949 | 51,925
365 30 50 812,197 1326925,744 | 1151,923 | 0,804
All 60 25 3000,71 20280977,78 | 4503,441 | 0,996
7 60 25 91918,752 | 8460238409 | 91979,554 | 30,496
30 60 50 5216,787 | 38489019,93 | 6203,952 | 1,731
60 60 50 3762,888 | 25435154,33 | 5043,328 | 1,248
90 60 50 1733,307 | 11280124,08 | 3358,59 0,575
365 60 25 1979,964 | 14733086,35 | 3838,37 0,657
All 90 25 3379,469 | 20008419,1 | 4473,077 | 1,020
7 90 50 10401,151 | 116758785,9 | 10805,498 | 3,139
30 90 25 2138,954 | 12662998,69 | 3558,511 | 0,645
60 90 50 5382,132 | 37551304,73 | 6127,912 | 1,624
90 90 50 24307,909 | 599424435,5 | 24483,146 | 7,335
365 90 25 3304,924 | 19510278,06 | 4417,044 | 0,997
All 365 25 2751,104 | 12526479,83 | 3539,277 | 0,833
7 365 25 28536,878 | 819315921,6 | 28623,695 | 8,644
30 365 50 10754,721 | 119620936,5 | 10937,136 | 3,258
60 365 25 11912,648 | 145904995,3 | 12079,114 | 3,609
90 365 50 9429,27 92804879,2 | 9633,529 | 2,856
365 365 25 2100,745 | 8956621,556 | 2992,762 | 0,636

Table B.12: Results obtained for the LSTM model on the Incidents data set.
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TRAIN. INT | PRED. INT | NODES | MAE MSE RMSE | MAPE
All 7 50 24,098 | 1218,783 | 34911 | 0,754
7 7 25 34,396 | 1938,035 | 44,023 | 1,076
30 7 25 24,942 | 1259,307 | 35,487 | 0,781
60 7 25 19,605 | 650,455 25,504 | 0,614
90 7 25 31,946 | 1660,066 | 40,744 | 1,000
365 7 25 31,061 | 1601,363 | 40,017 | 0,972
All 30 25 34,613 | 2054,27 45,324 | 0,957
7 30 25 82,338 | 7631,955 | 87,361 | 2,276
30 30 25 36,578 | 2918,208 | 54,02 1,011
60 30 25 34 2012,252 | 44,858 | 0,940
90 30 25 33,014 | 3823,676 | 61,836 | 0,913
365 30 50 20,619 | 1087,376 | 32,975 | 0,570
All 60 25 24,962 | 1662,04 40,768 | 0,594
7 60 50 67,696 | 5836,325 | 76,396 | 1,612
30 60 50 214,873 | 47402,884 | 217,722 | 5,115
60 60 25 48,042 | 3569,284 | 59,743 | 1,144
90 60 25 24,948 | 1655,066 | 40,682 | 0,594
365 60 25 42,433 | 3038,41 55,122 | 1,010
All 90 25 55,886 | 4183,011 | 64,676 | 1,337
7 90 25 37,469 | 2575,942 | 50,754 | 0,896
30 90 25 30,276 | 1443,739 | 37,997 | 0,724
60 90 25 22,862 | 1295,208 | 35,989 | 0,547
90 90 25 60,348 | 4684,549 | 68,444 | 1,444
365 90 25 23,457 | 1385,653 | 37,224 | 0,561
All 365 25 73,72 11041,979 | 105,081 | 0,865
7 365 25 99,943 | 15511,722 | 124,546 | 1,173
30 365 50 50,418 | 5845,376 | 76,455 | 0,592
60 365 25 50,673 | 6917,866 | 83,174 | 0,595
90 365 25 83,321 12516,54 | 111,877 | 0,978
365 365 25 119,162 | 19669,728 | 140,249 | 1,399

Table B.13: Results obtained for the LSTMX model on the Tasks data set.
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TRAIN. INT | PRED. INT | NODES | MAE MSE RMSE MAPE
All 7 25 1442,744 | 3206729,301 | 1790,734 | 0,940
7 7 25 1305,324 | 2829817,594 | 1682,206 | 0,851
30 7 50 2197,117 | 5954020,503 | 2440,086 | 1,432
60 7 25 1346,49 2938856,433 | 1714,309 | 0,877
90 7 25 688,698 1203437,725 | 1097,013 | 0,449
365 7 25 1713,151 | 4061192,094 | 2015,24 1,116
All 30 25 968,164 1608653,005 | 1268,327 | 0,959
7 30 25 1061,217 | 1802642,319 | 1342,625 | 1,051
30 30 25 24549,546 | 603349119,7 | 24563,166 | 24,316
60 30 50 5450,14 30378208,52 | 5511,643 | 5,398
90 30 50 595,729 686152,973 | 828,344 0,590
365 30 25 852,764 1398505,964 | 1182,584 | 0,845
All 60 25 2959,459 | 20040084,27 | 4476,615 | 0,982
7 60 50 4989,615 | 36171361,9 | 6014,263 | 1,655
30 60 50 40170,541 | 1624910251 | 40310,176 | 13,327
60 60 25 2671,941 | 18400364,1 | 4289,565 | 0,886
90 60 25 2668,85 18392122,12 | 4288,604 | 0,885
365 60 25 2984,573 | 20184517,66 | 4492718 | 0,990
All 90 25 3320,747 | 19615849,16 | 4428,978 | 1,002
7 90 50 5509,624 | 33804208,68 | 5814,139 | 1,663
30 90 50 3223,078 | 18978878,19 | 4356,475 | 0,973
60 90 50 6746,386 | 54094911,53 | 7354,924 | 2,036
90 90 25 1626,501 | 9357251,834 | 3058,963 | 0,491
365 90 25 3310,516 | 19550442,62 | 4421,588 | 0,999
All 365 25 2930,747 | 13588593,21 | 3686,271 | 0,888
7 365 25 5876,529 | 37801059,43 | 6148,257 | 1,780
30 365 25 9248,364 | 90528788,82 | 9514,662 | 2,802
60 365 50 2819,289 | 12923816,14 | 3594,971 | 0,854
90 365 25 1816,548 | 7453539,44 | 2730,117 | 0,550
365 365 25 3284,608 | 15808100,79 | 3975,94 0,995

Table B.14: Results obtained for the LSTMX model on the Incidents data set.

TRAIN. INT | PRED. INT | MAE MSE RMSE MAPE
365 7 0,479 6,917646363 | 0,503 0,162
All 7 5,783 24,0483856 | 6,105 2,211
365 30 0,689 8,298731457 | 0,728 0,315
All 30 3,143 17,7290764 | 3,186 1,319
All 60 0,293 5,417309646 | 0,335 0,169
365 60 2,202 14,83855198 | 2,248 0,563
All 90 0,256 5,059648585 | 0,283 0,089
365 90 2,22 14,90057214 | 2,331 1,117
All 365 5,231 22,87124833 | 5,323 1,209
365 365 45,36257813 | 198,3366066 | 46,16039063 | 10,48429688

Table B.15: Results obtained for the DeepAR model on the Tasks data set.
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TRAIN. INT | PRED. INT | MAE MSE RMSE MAPE

365 7 2,083 14,434202 2,187 0,208

All 90 3,212 17,92150524 | 3,591 0,321

All 30 4,184 20,45469323 | 4,27 0,418

365 90 4,533188337 | 25,29313777 | 5,068081979 | 0,453036568
365 30 5,905 24,30109668 | 5,908 0,591

All 60 7,915 28,13292733 | 7,922 0,791

All 365 11,146 33,38583532 | 11,39 1,115

365 60 11,17066802 | 39,70481259 | 11,18054732 | 1,116361138
365 365 15,73067161 | 47,1183933 16,07503585 | 1,573631692
All 7 56,919 75,44482222 | 58,605 5,692

Table B.16: Results obtained for the DeepAR model on the Incidents data set.

TRAIN. INT | PRED. INT | MAE | MSE RMSE | MAPE
All 7 1,937 | 6,489 2,547 | 0,626
7 7 3,052 | 16,027 4,003 | 0,986
30 7 2,005 | 6,588 2,567 | 0,648
60 7 1,925 | 6,68 2,585 | 0,622
90 7 1,956 | 6,61 2,571 | 0,632
365 7 1,91 6,621 2,573 | 0,617
All 30 1,655 | 5,04 2,245 | 0,612
7 30 1,863 | 8,389 2,896 | 0,689
30 30 1,754 | 5,397 2,323 | 0,648
60 30 1,708 | 5,165 2,273 | 0,631
90 30 1,626 | 5,057 2,249 | 0,601
365 30 1,618 | 5,023 2,241 | 0,598
All 60 1,689 | 5,471 2,339 | 0,618
7 60 6,446 | 52,768 7,264 | 2,358
30 60 1,632 | 5,881 2,425 | 0,597
60 60 1,574 | 5.8 2,408 | 0,576
90 60 1,569 | 5,737 2,395 | 0,574
365 60 1,637 | 5,433 2,331 | 0,599
All 90 1,64 4,779 2,186 | 0,603
7 90 17,173 | 378,122 | 19,445 | 6,313
30 90 1,549 | 5,747 2,397 | 0,569
60 90 1,536 | 5,717 2,391 | 0,565
90 90 1,496 | 4,886 2,21 0,550
365 90 1,576 | 4,649 2,156 | 0,579
All 365 1,883 | 6,983 2,642 | 0,626
7 365 40,915 | 2194,952 | 46,85 | 13,606
30 365 2,411 11,737 3,426 | 0,802
60 365 2,611 13,121 3,622 | 0,868
90 365 2,079 | 9,79 3,129 | 0,691
365 365 1,79 7,042 2,654 | 0,595

Table B.17: Results obtained for the Prophet model on the Tasks data set.
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TRAIN. INT | PRED. INT | MAE MSE RMSE MAPE
All 7 12,902 431,297 20,768 2,486

7 7 15,732 559,144 23,646 1089,358
30 7 17,165 718,814 26,811 593,048
60 7 18,922 716,263 26,763 194,217
90 7 14,696 548,795 23,426 87,242
365 7 11,882 461,386 21,48 32,882
All 30 14,68 303,457 17,42 3,250

7 30 18,507 414,706 20,364 2315,795
30 30 15,076 389,001 19,723 498,047
60 30 10,367 200,08 14,145 192,568
90 30 14,037 270,964 16,461 88,959
365 30 9,922 177,844 13,336 11,171
All 60 13,892 578,121 24,044 0,962

7 60 93,96 11272,252 106,171 1,212
30 60 14,788 706,166 26,574 0,988
60 60 17,548 653,555 25,565 0,679
90 60 13,423 556,167 23,583 0,919
365 60 10,027 533,357 23,095 0,650
All 90 11,734 419,031 20,47 0,539

7 90 88,831 9832,173 99,157 4,077
30 90 27,582 1173,263 34,253 1,266
60 90 14,386 579,831 24,08 0,660
90 90 10,826 470,82 21,698 0,497
365 90 9,65 420,002 20,494 0,443
All 365 9,695 211,796 14,553 0,449

7 365 1277,069 | 2160247,049 | 1469,778 | 59,206
30 365 17,601 548,278 23,415 0,816
60 365 9,194 239,868 15,488 0,426
90 365 17,176 416,593 20,411 0,796
365 365 17,849 448,942 21,188 0,828

Table B.18: Results obtained for the Prophet model on the Incidents data set.
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